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Abstract
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Civil and Environmental Engineering

Household survey collection efforts provide immense value in the fields of transportation and
urban planning, where public agencies, private companies, and researchers alike use the data to
draw conclusions on populations. However, even the most well-funded surveying agencies rely
on sampling methods to estimate the nature of the true population, and microdata from public
censuses is frequently aggregated, or limited in volume and detail to protect the privacy of
respondents. With growing emphasis on microsimulation to predict population behavior in
response to emerging transportation technologies such as electric/autonomous vehicles, or new
micromobility and ridesharing services, population synthesis provides a means to scale this
socioeconomic microdata into synthetic populations representing much larger areas. Despite
their accuracy and widespread adoption, traditional synthesis algorithms for reweighting

microdata samples scale poorly with the number of variables and geographic regions being



modeled, and can suffer from non-convergence when smaller sample sizes are used. Several
generative models have been proposed to address these shortcomings, but lack key features such
as sub-region modeling, and the ability to simultaneously generate both individuals and
households. This work proposes a new approach to generating synthetic populations consisting
of both individual and household-level variables, that uses a Conditional Variational
Autoencoder (CVAE) to learn a distribution of latent variables in the general population, and use
them to generate new samples. The accuracy and computational efficiency of this approach are
benchmarked against a state of the art open source population synthesizer. In addition, the CVAE
model is tested under increasingly minimal training data to determine its ability to generate
realistic populations from smaller surveys. Findings indicate that the CVAE model creates more
accurate populations, using less time than the traditional synthesizer under small to medium
dimensional datasets (4-16 variables). The CVAE also performs well with relatively small
(n=100) training data samples, but tends to overfit at lower sample sizes, despite adding

additional regularization to the model.
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1. Introduction
1.1 Motivation

The interconnected and global scale of our transportation networks creates immense
multipliers for inefficiencies, and seemingly small decisions or influences can create
disproportionate impacts on the environment and the welfare of the population. As new and at
times unprecedented technologies (e.g. electric and autonomous vehicles, micromobility and
ridesharing services) are introduced in various transportation networks, it can be difficult to
anticipate their impacts at the system-wide level, without first understanding how they are
perceived and valued by individuals and households on a smaller scale. This often necessitates
detailed surveys and observations of user behavior at the individual level, followed by
microsimulation models to estimate how a particular service or parameter might alter the
transportation equilibrium in a given location. Modern advancements in computational power
have provided the ability to run these models at both widespread and unprecedentedly
disaggregate levels. However, they require highly dimensional input, thus creating an increased
demand for depth and quantity of individual and household-level socioeconomic survey data.
Tasked with overseeing the development and maintenance of transportation networks, municipal
planning organizations (MPOs), departments of transportation (DOTs), academic researchers,
and other public agencies must constantly work with limited resources to acquire detailed
information about the population of the modeling region in a cost effective way. One method of
accomplishing this is through representative sampling and reweighting of household surveys to
create datasets that are representative of the true population. Current methods for this population

synthesis process are limited in that they require increasingly large sample sizes as the number of



modeled variables increases, and scale poorly with the number of variables and regions being

modeled.

1.2 Outline of Research

This work begins with a discussion of the origins and significant developments of
algorithms used for population synthesis. This includes an examination of the Iterative
Proportional Fitting (IPF) algorithm, and its original application to population synthesis.
Shortcomings and improvements to the IPF algorithm are summarized; most importantly the
introduction of the Iterative Proportional Updating (IPU) algorithm, which allows for the joint
fitting of household and individual characteristics in population synthesis. Then, some of the
still-existing problems with IPF/IPU based population synthesis algorithms are discussed, along
with the area of open research currently addressing them. Last, the review addresses emerging
research in the relatively new field of generative population synthesis, in which predictive
techniques are used to generate new samples outside of the original dataset. These methods are
capable of creating a truly synthetic population, in which the original microdata samples are not
simply reweighted. The general goal of these methods is to seek a new method of population
synthesis that is computationally efficient for highly dimensional populations, without sacrificing
the accuracy of traditional methods. However, they are still relatively novel, and thus have some
shortcomings relative to traditional synthesis, which are also discussed.

In addition to a review of traditional and contemporary population synthesis methods, the
fundamental contribution of this work is the development and benchmarking of a new generative
population synthesis model, that builds off of previous work using a Variational Autoencoder

(VAE) to learn, then sample from, latent variables in a set of socioeconomic microdata. The



model proposed and tested here utilizes a hierarchy containing both a household-generating
VAE, and an individual-generating Conditional-VAE (CVAE) to generate a complete population
that is representative at both the individual and household level. In the context of traditional
synthesizers, this is similar to the functionality provided by the IPU algorithm. Last, its ability to
generate an accurate population under increasingly sparse training data is tested. This work
concludes with a discussion of what were found to be the benefits and drawbacks of this new
form of population synthesis, its most practical use-cases, and the most beneficial avenues for

future research.

2. Literature Review
2.1 Traditional Population Synthesis
2.1.1 The Need for Population Synthesis

To predict trends in regional transportation, MPOs often utilize travel demand models
that require geospatial socioeconomic data from household travel surveys such as the American
Community Survey (ACS). Due to the financial and time infeasibility of collecting data from
every individual member of a population, these agencies rely on carefully chosen sampling
methods, which in practice allow representative estimates of statistical properties of the
population to be ascertained. Thus, when collecting household survey data, important
consideration must be given to developing a sampling frame, and corresponding sampling
method that collect data which is representative of the population being studied. To these ends,
many sampling approaches have been studied and evaluated in the context of transportation
planning: the simplest and most common of which are simple random sampling and stratified

random sampling (Richardson et al., n.d.). Regardless of the sampling method and frames



chosen, the result of this process is a set of microdata containing socioeconomic and
demographic characteristics of the sampled population.

To use the data collected from these household surveys in microsimulation models, the
disaggregate microdata must be scaled to represent the complete population, the process of
which is called population synthesis. This is accomplished using estimated marginal count data
for key variables (e.g. income brackets, mode splits) in the population to generate a complete
synthetic population for the base year in which the data was collected, and subsequently expand
that population according to forecasted marginal counts of the same key variables in future years
(Ortuzar & Willumsen, 2011). Once expanded, the representative set of microdata for current
and future years can be used in activity-based forecasting, or other microsimulation models to
determine how travel demand in different regions, and among specific populations, might change
over time or in response to new modes. This process is phrased as “...generating an artificial
population by expanding the disaggregate sample data to mirror known aggregate distributions of
household and person variables of interest” (Orttizar & Willumsen, 2011). In short, population
synthesis is a method by which sampled survey data can be expanded to fully represent the larger

population from which it was drawn.

2.1.2 Iterative Proportional Fitting Algorithm

The term “Population Synthesis” was first coined by (Beckman et al., 1996) to describe
their method for expanding the public-use microdata often published as the result of household
surveys to represent an entire population. In it, they utilize the Iterative Proportional Fitting (IPF)
algorithm which was first proposed as a generalizable means to weight a contingency table of

observations to achieve specific marginal counts (Deming & Stephan, 1940). In the algorithm,



least squares is used to calculate the difference between the marginal counts of variables in the
contingency table, and a set of known true values. Then, an iterative procedure is used to weight
and reweight individual cells such that this sum of least squares across the marginal counts of
each variable are minimized. Beckman et al. (1996) proposed using this algorithm to weight
households from the ACS such that the distribution of key “control variables” in the sampled
data are matched to the overall marginal distributions provided by an original survey. For
example, a survey might collect binned age and income demographics from a population. If only
one of these is set as a control variable, its marginal counts will be used to determine weights for
both age and income in the synthetic population. There is no limit to the number of control
variables which may be used (however this may become computationally intractable), but there
must be at least one control variable to use IPF. In this way, control variables will be near-
perfectly matched so long as the IPF algorithm converges. Then, households are sampled
according to the final weights such that the synthetic population is representative of the true
population as described by the marginal count data. Many other variables (which are not
included as control variables) may be included in the synthetic population by weighting them
according to the weights calculated on the control variables. This procedure was tested by
comparing marginal and joint distributions of control and non-control variables in an IPF-
generated population, to the naive approach of simple random sampling of individuals from the
survey microdata. They observed that the marginal distributions of control variables were met
exactly, while other variables and the joint distributions of variables within the synthetic
population were favorable. Specifically, they validated the approach on non-control variables by
comparing the count of households generated belonging to each household size with those in the

true population. Their results are reported in a figure, but the count differs by an average of 7.8



households across each class. This particular synthesis was performed in a single region (Tarrant
County, Texas). This algorithm formed the baseline method on which incremental improvements
in population synthesis have been made, and remains a core component of most synthesizers.

The adaptation of the IPF algorithm which Beckman et al. (1996) used for their
population synthesis relies primarily on an m-way contingency table, in which (m) is the number
of classes of all demographic control variables chosen to represent the population. Each cell in
the table is calculated as the count of individuals in the study sample corresponding to a single
set of joint characteristics of each variable, divided by the total number of observations in the
table. Each value in the table thus represents the proportion of the full population which contains
a specific combination of characteristics. The second component of the IPF algorithm is a set of
marginal counts (T), which describe the total number of individuals in the true population
belonging to each class (k) of a given control variable (j). At each iteration of the IPF process,
the proportion in each of the cells corresponding to a given marginal is recalculated according to
Equation 1. Equation 1 is repeated for each dimension in the m-way contingency table (i.e. for
three variables, each a control variable with desired marginal counts, each cell will receive three
updates per iteration of the IPF algorithm).

Prewik = Poidjk * (Terue jk/Torajx) (1)

This step is then repeated until the cumulative difference between P-old and P-new across the
full table is small, indicating convergence. One consideration of this method is that all
demographic input variables must be in categorical form, whether by their nature or through
binning in the case of continuous variables. In practice, care must be taken to ensure that bin
ranges provided in the marginal counts are precisely the same as those in the microdata. Once the

algorithm has converged, the final proportion provided in each cell indicates a weight by which



each set of microdata samples corresponding to that cell should be scaled when generating the
synthetic population.

Overall, the IPF algorithm provides an extremely accurate means to determine the
optimal weights for each input sample, such that every marginal count is met, and the
proportions for each cell in the contingency table for the final population are as close as possible
to the original sample (IRELAND & KULLBACK, 1968). To accommodate multiple population
regions, an additional, identical fitting step can be added to the IPF procedure, which re-balances
the weights in each cell according to marginal counts for each variable at each regional level
(Beckman et al., 1996). Due to its reliance on reweighting the table of demographics, the
complexity of the IPF algorithm scales multiplicatively with the total number of cells in the

contingency table, as well as with the number of variables being modeled.

2.1.3 Improvements to the IPF Algorithm for Population Synthesis

There are many population synthesizers which have built off the work of Beckman et al.
(1996) through incremental improvements to the synthesis procedure; by adding and replacing
steps to either improve the accuracy of the synthetic population, or improving practical
functionality of the synthesizer. For example, one paper proposed a two-stage IPF procedure
which incorporates additional housing data in a second IPF process, and thus improved its
accuracy in recreating the true population (Zhu & Ferreira, 2014). Another incorporated an
optimization approach to fitting household weights, which uses multiple metrics to ensure that
the synthetic population correctly finds the set of weights corresponding closest to the true
population, rather than a set of weights satisfying a local minimum (Zhuge et al., 2017). Other

work modified the procedure to allow for marginal counts that are specified at multiple



geographic levels, providing a valuable resource for cases where marginal statistics provided by
household surveys are provided at different levels of aggregation (Auld et al., 2009).

Possibly the most noteworthy improvement to the basic IPF algorithm was the
development of the Iterative Proportional Updating (IPU) procedure which outlined additional
steps to ensure that marginal distributions for both individual and household-level variables were
met in the synthetic population (Ye et al., 2009). This solved one limitation of the IPF algorithm,
which was previously limited to either generating weights for individuals or households, but not
both simultaneously. For some household surveys, individuals are provided with household
identifiers allowing them to be grouped, which then allows them to be weighted according to a
shared household weight, but does not guarantee that the overall demographics of individual
characteristics of the population will be accurate. The [PU algorithm improved the accuracy of
the model while removing the need for heuristic methods of joining individuals to households.
Later, other work also identified the issue of joint household and individual synthesis, and
lamented the additional computational complexity of the IPU algorithm (Pritchard & Miller,
2012). They proposed a synthesizer that uses a sparse list to store the contingency table in a
compressed manner, along with a novel technique to fit this table on the marginal count data,
immensely improving its computational efficiency. Last, many researchers including Ye et al.
(2009) have identified the value in providing a generalizable version of their synthesizer as open
source software (PopGen, n.d.). As synthesizers have improved, there have been numerous
efforts at creating a fully generalizable software package capable of population synthesis for any
region and population. A thorough review of the strengths and weaknesses of various open-

source population synthesizers has been documented as well (Miiller & Axhausen, 2010).



One notable branch of synthesizers have replaced the IPF/IPU algorithm for finding
household weights with a combinatorial optimization approach (Abraham et al., 2012; Bar-Gera
et al, n.d.; Lee & Fu, 2011). This method formulates the reweighting process as an optimization
problem which can be solved with gradient descent methods. This new approach was
demonstrated to be fast and accurate when generating a synthetic population of 33.9 million
individuals (Abraham et al., 2012). Additionally, one work tested combinatorial optimization
methods against IPF directly, and concluded that while both methods produced statistically
accurate representations of the true population, the optimization methods were overall more
accurate given similar input data (Ryan et al., 2009). These tests were performed in the relatively
low dimensional case (3 variables), and the authors recommend additional testing to verify
whether their findings hold for more realistically detailed synthetic populations (8-10 variables).
Because optimization based models provide a more generalizable means to meet marginal totals
specified at multiple geographic regions, with joint individual/household demographics, without
sacrificing accuracy, they have attracted more open source implementations capable of
generating populations for any combination of variables and sub-regions. One modern
implementation of this combinatorial optimization approach utilizes an entropy maximization
objective function, and is programmed in the ActivtySim open source microsimulation
framework (ActivitySim — ActivitySim 0.9.7 Documentation, n.d.; Paul et al., 2018). Their
implementation of optimization-based population synthesis is perhaps the most robust open
source population synthesizer available to date. It is capable of handling simultaneous household
and individual balancing, multiple geographies, and performs reasonably well when generating

large populations (~3 million individuals). It also has robust documentation and has been adapted



for professional use (Population Synthesizer Development — PopulationSim, n.d.). This model is

used as the benchmark for the proposed generative methods in this work.

2.1.4 Issues with IPF/IPU Population Synthesis

There are several weaknesses of the unmodified IPF/IPU algorithm. The first is the issue
of “sampling zeros” in which certain joint combinations of variables in the true population are
not captured in the sampled data (Choupani & Mamdoohi, 2016; Mohri & Roark, 2005). Thus,
these algorithms fail to converge when they are unable to weight sampled households in a way
that meets the marginal control counts. Several approaches to addressing this issue using IPF
have been identified by prior research (Guo & Bhat, 2007). First, the algorithm can simply be
terminated after a specified number of iterations, which will produce a synthetic population
which is as accurate as possible, but fails to meet the marginal control variable counts.
Alternatively, the zero-cells can be given a small value such as 0.1, which will allow for
convergence but introduce bias in the synthetic population. Last, the joint distribution of
population variables can be specified at a more aggregate resolution, in the hopes that there will
be a less sparse contingency table generated from the microdata, and all control variable counts
will be able to be met. Although each of these methods allows for the algorithm to converge,
they do not address the underlying problem; any marginal total that does not have supporting
microdata will not be represented in the final synthetic population. As the number of modeled
variables increases, or the quantity of microdata available decreases, this issue will become more
prominent.

Another weakness of IPF/IPU based synthesis is its relatively slow computation time as

the number of regions and dimensionality of the population increase (Borysov et al., 2019;
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Moreno & Moeckel, 2018). Despite improvements in computational power, IPF/IPU and
combinatorial optimization approaches scale poorly, and sacrifices must be made in the level of
detail present in the synthetic population. In IPF synthesis, the poor scaling is due to the
contingency table which must be fit to each sample and marginal total. This problem is
multiplicative in IPU synthesis, wherein the algorithm requires multiple steps to fit both
household and individual characteristics. Research on combinatorial optimization solutions is
somewhat mixed, with some work showing that these approaches increase the overall
computation time (Ryan et al., 2009), while others find them both faster and more efficient than
IPF/IPU (Abraham et al., 2012; Lee & Fu, 2011). Ultimately, to create significant improvements
on the computational efficiency of algorithms for population synthesis, new techniques must be

developed which do not rely on reweighting individual samples.

2.2 Generative Population Synthesis
2.2.1 Prior Generative Models

“Generative” statistical models utilize all of the variables available in a set of data to
model their joint probability distribution, and use it to make probabilistic predictions based on
known information for a set of observations (Jebara, 2004). This is in contrast to discriminative
models, which instead focus on learning conditional probabilities to make predictions based on
predefined relationships between input variables, and the desired classification scheme (Jebara,
2004). These terms are somewhat loosely defined, and most models exist somewhere on a
spectrum between the two. An example of a truly generative model would be a Bayesian
network, in which the joint distribution of variables in a dataset are modeled as a directed graph

structure, where information on one or more variables informs the statistical likelihood of others.
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On the other hand, a Support Vector Machine would be discriminative, in the sense that it
models a decision boundary based on input variables that allows it to directly classify new data
points. The subtle difference between the two is that one learns the complete variable-space and
makes the most likely prediction based on known inputs, while the other learns a heuristic
method for making predictions based on specific combinations of inputs. In population synthesis,
reweighting models (IPF/IPU/Combinatorial Optimization) as discussed previously would be
closer to discriminative in that they do not directly learn the joint distribution of input variables
to generate a new population. Rather, conditional on the set of input microdata and marginal
counts, they use either the IPF algorithm or a gradient descent method to find a set of weights for
the existing samples that produces the marginal counts desired. A generative population
synthesizer, on the other hand, might examine a set of individual microdata and learn to model
the joint distribution of socioeconomic variables in them, then draw new individuals
probabilistically from that distribution.

Several generative model structures have already been tested to develop synthetic
populations. These approaches can accomplish similar results to reweighting methods without
using marginal counts, but they are less developed, and in most cases missing key features of
population synthesizers such as modeling multiple regions or performing joint
individual/household synthesis. Furthermore, they can introduce the issue of “structural zeros" in
which new individuals are generated who have joint combinations of characteristics that are not
present in the true population. One generative synthesis approach is the aforementioned Bayesian
network, which models the joint distribution of socioeconomic variables as a probabilistic graph
network (Joubert & de Waal, 2020; Sun & Erath, 2015). This model frames population synthesis

as an effort to maintain the joint distribution of socioeconomic variables, rather than the marginal
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totals, in practice generating a population with the relationships between variables in the data
based on their probabilistic combinations. Others have taken advantage of the ability of
generative models to create new individuals with combinations of socioeconomic variables that
are rare in the sampled population; directly addressing the problem of “sampling zeros" while
still retaining IPF for the synthesis (Garrido et al., 2019). Another generative approach uses
Markov Chain Monte Carlo (MCMC) simulation (Farooq et al., 2013). This method also
emphasizes reconstruction of the joint distribution by generating individuals from the
distribution of sampled data using a Gibbs sampling method. Both of these methods were found
to have computational efficiency advantages over the traditional IPF algorithm, given that
neither requires fitting of the contingency table, which scales poorly with the number of
variables included in the population. Last, there has been work using the Variational
Autoencoder (VAE) model, which was first proposed as a scalable, unsupervised means to learn
distributions of latent variables in a dataset (Kingma & Welling, 2014), and has most frequently
been applied to tasks related to image generation using a convolutional architecture (Cai et al.,
2019; Razavi et al., 2019). It has since been adapted for population synthesis in one paper by
using socioeconomic data as inputs (Borysov et al., 2019).

Generative models have the potential to address one of the primary shortcomings of
traditional population synthesis which is sampling zeros. One of the benefits of generative
models is that they do not directly reweight the sampled population, instead drawing new
individuals based on learned properties of the sampled data. This allows them to draw
individuals who are statistically representative of the population being studied, and may exist in
the marginal totals for the true population, but have joint characteristics that are not present in

the survey microdata. This would most likely include individuals from smaller, traditionally
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under-sampled groups. From the lens of socioeconomic data, this might include people with
disabilities, racial minorities, or commuters with uncommon work schedules. These groups are
frequently underserved by existing transportation networks, and generative models could provide
a means to better understand their commuting behavior, and plan accordingly. Generative models
also have the potential to address the poor scalability of traditional synthesizers as the number of
modeled variables increases. Due to the fact that they are trained using various methods, and
their training time can be dependent on hyperparameters and training methods used, it is
somewhat difficult to say definitively whether generative models are faster than reweighting
methods. However, many of the aforementioned works have benchmarked generative techniques
and empirically found them to be faster than traditional synthesis (Farooq et al., 2013; Pritchard
& Miller, 2012; Sun & Erath, 2015). Last, it is worth mentioning that in the absence of sampling
zeros, [PF/IPU synthesizers will always converge on a solution. Generative and combinatorial
optimization based methods rely on gradient descent algorithms to search for minima and are not
guaranteed to converge on the global solution.

Although there are several approaches to using generative models for population
synthesis, this work focuses on implementing and improving the VAE. Prior work has found
VAEs to scale more effectively than other generative approaches, and to create more accurate
synthetic populations in cases with more than a handful of input variables (Borysov et al., 2019).
The VAE model is also relatively easy to implement and train using open source deep learning
libraries, which can aid with consistency between implementations by different works, and
findings more practically useful for replication (Team, n.d.). Last and most importantly, VAEs
are a topic of open research in image generation from which there have been many findings

which may be useful for applications in population synthesis. For example, this work proposes
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and tests a CVAE hierarchical model to incorporate household characteristics when generating
individuals; this model was originally proposed for different purposes by the same author as the
original VAE (Kingma et al., 2014). The remainder of this section discusses some of the basic

use-cases for VAEs in these other fields, and how they are relatable to population synthesis.

2.2.2 VAEs and Image Generation

VAE models have proven exceptionally successful in the field of image recognition and
generation (Cai et al., 2019; Higgins et al., 2016). They are a strong candidate for population
synthesis because the nature of the tasks that they have been successful at in image generation
(expand a sample while maintaining the relationships between features in the sample), are similar
to the task of a population synthesizer. The fundamental concept relies on using unsupervised
learning to determine latent variables present in the training data, and sample from these latent
variables to generate new data (Kingma & Welling, 2014). A more complete outline of the exact
VAE structure and generation process is described in Section 3.1. Because they can incorporate
many different types of artificial neural network (ANN) architectures, VAEs are also easily
adaptable to different contexts and datasets. Simultaneously, because the ANN architecture is
constrained to the encoder/decoder/latent variable relationships defined in the VAE, the results
they produce are more interpretable than those of a typical ANN.

In the context of image generation, VAEs are typically designed with a convolutional
architecture, in which a kernel is used to look over windowed sets of neighboring pixel values
and learn relationships between pixels (O’Shea & Nash, 2015). They are capable of learning how

distinct features in the pixel data such as individual pixel darkness, lines, and other shapes form
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latent variables such as skin color or gender. Notably, the latent space is continuous, meaning

that each latent variable will exist on a spectrum (Figure 1).

Figure 1: Latent variables visualized by a VAE in an image generation context (Uncovering and
Mitigating Algorithmic Bias through Learned Latent Structure | Proceedings of the 2019
AAAI/ACM Conference on Al, Ethics, and Society, n.d.).

A great deal of research has been performed on developing new methods to force the latent
structure in VAEs to represent certain variables (Burgess et al., 2018; Chen et al., 2019; Higgins
et al., 2016). In image recognition, one benefit of this has been that it allows for generating
images of individual faces with under-sampled features, and using them to de-bias facial
recognition models based on limited datasets (Bao et al., 2017; Uncovering and Mitigating
Algorithmic Bias through Learned Latent Structure | Proceedings of the 2019 AAAI/ACM
Conference on Al Ethics, and Society, n.d.). In the context of population synthesis, this could
both be seen as a solution to the sampling zeros problem, as well as an opportunity to generate

more data from under-sampled population groups for use in microsimulation. Another method
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used to encourage specific structure in the latent space of a VAE by its original creator is the
Conditional-VAE (CVAE) model (Kingma et al., 2014). This model incorporates additional
“conditional” variables into the VAE during training and generation, allowing the user to provide
information on what type of sample should be generated (e.g. training the CVAE on a set of
animal pictures, while supplying the type of the animal as a conditional variable, then generating
new images of a specific animal by imputing that type of animal as the conditional variable
repeatedly).

One issue for VAEs in image generation is that the use of the continuous latent spectrum
creates ‘“noise” in the generated images which is not present in the training data (i.e. the issue of
structural zeros where samples are generated that do not exist in the true population). One
method of addressing this has been the introduction of generative adversarial networks (GANs)
which use an entirely different, less interpretable structure than the VAE, but can produce higher
quality images (Creswell et al., 2018; Goodfellow et al., 2014). GANSs are typically used in place
of VAEs where sharp images are desired, but require careful tuning and copious amounts of
training data. In a population synthesis context, GANs have yet to be researched, but may
provide additional accuracy to the synthetic population at the cost of training time and overall

model simplicity.

2.2.3 VAE/CVAEs in Population Synthesis and Transportation Modeling

Ultimately, comparisons between VAE models used for image generation and population
synthesis are abstract, due to their respective input data and applications being somewhat
conceptually far apart. In the field of transportation, VAEs have been relatively unexplored as a

method of combining behavioral and socioeconomic variables, or increasing under-sampled
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groups in socioeconomic survey data. The most notable study examined the feasibility of the
algorithm, but did not validate their synthetic population against population data outside of the
training data, or otherwise put it to use in travel demand modeling (Borysov et al., 2019).
Furthermore, only the most basic VAE structure was used, and more complex generative models
such as the CVAE, GANs or Recurrent Neural Networks (RNNs) could be utilized to
accommodate individuals and households, yield more accurate results, or to incorporate time
series data such as housing market shifts respectively.

This prior work did benchmark several of the aforementioned generative models
(Bayesian Network, Gibbs Sampler) against a VAE-based population synthesizer, and found it to
be the most computationally efficient model, with overall similar results in terms of accuracy
between the models. As dimensionality of the synthetic population was increased, the VAE
began to perform better than other methods (~20 variables) eventually outperforming them in all
but univariate distributions (the Gibbs sampler performed best for low-dimensional synthesis
with 0-4 variables, and the Bayesian network for mid-dimensional synthesis with 4-21 variables).
Unfortunately, traditional IPF/IPU and combinatorial optimization approaches were not tested.
Separately, additional work has been performed using a CVAE model to develop a large, cross-
sectional dataset of different socioeconomic archetypes, by imputing fixed conditional variables
(Borysov & Rich, 2020). Specifically, conditional variables indicating psychosocial preferences
(willingness to change behavior), were input to the CVAE, and it was used to generate a large
dataset from which the cross-section of individual characteristics in each conditional group could
be examined. Although it is not discussed in the paper, CVAE models may provide a convenient
method to expand samples from small, or traditionally under-sampled populations in household

survey data.
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VAE:s and other generative population synthesis methods are still in a nascent state
relative to traditional population synthesis. Despite the benefits of these models, they lack key
features such as the ability to easily model multiple sub-regions, or forecast future populations
for use in activity based modeling. One primary benefit of traditional methods is that they are
capable of generating joint synthetic populations of individuals and households, by incorporating
them into the balancing process when using the IPU algorithm. However, current generative
models do not incorporate the joint individual-household structure of most household surveys
into their synthesized populations (Fabrice Yaméogo et al., 2021; Fournier et al., 2021). In this
work, the primary contribution is a generative VAE model which is capable of synthesizing
simultaneous household and individual data, that does not rely on heuristics or post-synthesis
grouping to place individuals in representative households. To accomplish this, a model using
the CVAE structure is proposed to generate individuals conditional on a set of synthesized
household variables. This model is then tested against state of the art combinatorial optimization-
based population synthesis methods. An overview of the model and its detailed specification is

discussed further in Section 3.1.

2.2.4 Potential Use of VAE/CVAEs to Synthesize from a Small Microdata Samples

VAE:s, and other generative models use different methods to learn the joint probability
distribution of input variables, to generate new individuals from those variable relationships.
This is to say that because generative models do not rely on reweighting the existing microdata
samples, they are able to generate individuals who are “out of sample” and thus they are not
susceptible to the sampling zeros problem. This trait may be particularly useful in cases where

only a small amount of microdata is available. On a sparse dataset, it is highly likely if not
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certain that traditional synthesis methods will not be able to converge, given their reliance on
reweighting the sampled data to meet the marginal counts. This issue is multiplicative if the
sample is highly dimensional, because it creates a contingency table with many zero-cells, which
may either lead to the sampling zeros problem (in which a marginal count cannot be met because
there are no samples for it) or overweighted samples (in which a small number of samples for a
rare subset of the population are inflated to represent a much larger group). VAEs in particular
have performed exceedingly well on highly dimensional population synthesis, when trained with
a relatively large dataset. In the case of a small microdata sample with many socioeconomic
variables, they are untested.

Ifa VAE is able to learn relationships between input variables well enough to generate an
accurate latent space based on sparse training data, sampling from the VAE may allow the
reconstruction of a much larger dataset than the original input, with statistically representative
combinations of the input variables. Given the proclivity of machine learning approaches to
overfitting the training dataset, there is some concern that when using a smaller input dataset it
may be difficult to generalize the model to an entire population. The question of how to create
models that generalize on small datasets is an open area of research (Olson et al., 2018).
However, the unique structure of the VAE model with its latent space sampling lends itself well
to natural regularization (and even over-regularization (Takahashi et al., 2019)), which provides
some amount of resistance to overfitting (O’Malley et al., 2019; Shen et al., 2020). Other studies
have found VAEs useful in augmenting or drawing latent variables from small datasets
(Chadebec & Allassonniére, 2021; Mannam & Kazemi, 2020; Wang et al., 2020). In the realm of
population synthesis, this could make VAE models a valuable research tool for examining the

effects of new variables not typically sampled in household surveys, that must be expanded to
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regional or national levels for microsimulation. This has potential to be particularly useful in
situations where a relatively small, but rich dataset is available (e.g. a psychometric survey of
individual preferences related to travel behavior), but must be scaled up for simulation on a
macroeconomic (e.g. a national choice model) scale. To determine the extent to which the CVAE
model is capable of this, its ability to generate a population similar to the complete testing

dataset, under increasingly sparse training data, is tested and documented in Section 4.2.

3. Methodology
3.1 VAE/CVAE Model Structure

The general VAE structure is shown below in Figure 2. It consists of an encoder neural
network attached to a sampling layer of latent distributions, which feeds into a mirrored decoder.
During training, the encoder attempts to learn a transformation of the input variables into a set of
latent distributions, represented by a set of means (1) and variances (o). Using Equation 2, a
sample (Z) for each latent variable (D) is then drawn from the distributions, and provided as the

input to the decoder, which during training aims to reconstruct the original input variables.

Zp = uyptopOe€ € = N(0,1) (2)

In this way, the model is essentially learning to perform compression and decompression of the
input data by mapping it to a continuous, compressed latent space. Ideally, this is done without
losing information in the original sample, so that it can be reconstructed as close to the original
as possible by the decoder. To accomplish this, two loss terms are used to form the objective

function on which the model is trained. The first is the reconstruction loss (Equation 2) which
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quantifies the difference between the input vector (t) and the generated output from the decoder
(s) for each class of a given variable (k) across (n) classes, using the categorical cross-entropy
equation. Prior to this, the softmax function is used to normalize the output from the decoder into
a set of probabilities for each class (j) of a given variable (i). Then, the categorical cross-entropy
is summed across each variable (k) for the total number of variables in the synthetic population
(m). Equation 3 thus shows the loss calculation for a single reconstructed individual against the
input values from the training data.

Reconstruction Loss = — YL, Yt tilog(softmax(s);), softmax(s); = = =5 )
j=1

When using the VAE for population synthesis, mixed continuous and categorical
socioeconomic variables might be desired to represent a household or individual, and thus the
reconstruction loss might require separate calculations to account for each of these variable
types. Because categorical cross-entropy is not intended to analyze continuous variables, a
separate loss function must be incorporated for continuous variables in addition to the categorical
cross-entropy term for the categorical variables. During initial testing of the model, a separate
mean squared error term was used to determine reconstruction loss for continuous variables. This
also required balancing the continuous and categorical reconstruction loss terms; introducing
additional hyperparameters in the model. While developing this model, much worse performance
was observed in the reconstruction when using a mean squared error term to quantify the loss for
continuous variables, something which was also observed in previous work (Borysov et al.,
2019). Instead, continuous variables were binned into quantiles, which allowed for the

categorical cross-entropy loss term to be used across all reconstructed variables.
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KLD Loss = —%Z?:l(l + log(oy) — i — o) “4)

The second loss term used is the Kullback-Leibler Divergence (KLD), which is used to
quantify the difference between two probability distributions. In this case, the distribution of
each latent variable is compared to a normal distribution, which trains the model to create a
normally distributed latent space. This aids the model in drawing new samples of these variables
during the synthesis process. When applied to a normal distribution, the KLD loss term for (D)

latent variables can be written as Equation 4 shown above.

Binning + One-Hot

Encoding for . Latent Reconstructed
Ny 9 Input Variables Encoder ANN Sample Z Decoder ANN .
Continuous Distributions Variables
Variables
$0-10,000 $0-10,000
§10,000% lu 3 0 510,000+
0 vehicles Z1 0 vehicle
Household
Income (Bin}
Housshold
1 vehicle
I 1 vehicles
oo w, o
o Number of
Nurmber of E 2+ Vehicles
Vehicles ellcies Z2 vehicles
0 persons Softmax Number of
Number of U, (o) Hipsmns Across Parsons
Parsons Classes
for All
1 person /\ 23 1 person Variables

2 persons 2 persons

3+

-
persons. 3

parsons

One-Hot Encoding for
Categorical Variables

Figure 2: Variational Autoencoder structure used for synthesis of socioeconomic variables. Three
input variables (1 continuous, 2 categorical) and 3 latent variables are shown.

Once the VAE has been trained, it can be used to generate new, statistically
representative samples from the original dataset. To generate new samples using this model, a set

of random normal samples (one for each latent variable) are fed into the decoder. In the context
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of population synthesis, this means that a generated individual will have a random normal set of
latent traits as dictated by the learned latent variables. The assumption here, is that during
training the KLD loss term forces each latent variable in the model to follow its own
independent, univariate normal distribution. If the model has been trained correctly, this will
ensure that over many samples being drawn, an accurate reconstruction of the original population
will be made. If the model has not learned to normalize the latent variables, it will produce
strange combinations of traits. If the model has learned to normalize the latent variables, but not
reconstruct the data, it will tend to produce samples from the mean value in the training data. The
balance between these outcomes is achieved with a weight on the KLD loss term which was
tuned using a grid search optimization. This phenomenon is documented in Section 4.3, and the
model training process is documented in Section 3.2.

One shortcoming of the VAE model is that it cannot easily synthesize the individuals
comprising a household without the use of additional heuristics. The IPF/IPU algorithms
accomplish this by weighting samples directly from the input data, which for most household
surveys includes identifiers joining individuals to their households. To address this problem
while maintaining the benefits of generative models, a dual-VAE/CVAE model structure is
proposed that first generates a population of synthetic households, then incorporates the variables
from those households into the synthesis process for individuals. This structure is summarized in

Figure 3 below.
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Figure 3: Individuals are generated for each synthetic household by passing household variables
alongside latent samples to the decoder. During training, the Individual CVAE is fed both
household and individual variables, to enable the decoder to learn the relationship between them.
This model requires separate training of the Household (VAE), and Individual (CVAE) models,
then combination of their outputs during synthesis. This means that when an individual is
generated from the distribution of latent variables in the Individual CVAE, their final attributes
are conditional on the characteristics of the household they are being generated to fill. This
reduces the need of combining individuals into households post-synthesis, for which most
existing methods are ad hoc (Ye et al., 2009). Importantly, this structure necessitates a training
dataset in which individuals are already matched to households, as both person and household

level characteristics are used to train the Individual CVAE. Fortunately, this is common in most

household surveys such as the public use microdata samples (PUMS) provided by the ACS.
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This contribution is novel in that there is currently no established generative method for
synthesizing both households and their comprising individuals, and it is valuable in that this is a
core component of modern population synthesizers, and highly informative in the realm of
transportation modeling. The primary benefit of using a CVAE over a VAE is to add a level of
control over what types of samples are drawn during the generation process. In population
synthesis, this allows samples to be generated from the Individual CVAE which are conditional
on a set of household variables previously generated by the Household VAE. Currently, in
population synthesis for transportation modeling, this added control has only been leveraged to
generate large, cross-sectional datasets of synthetic individuals belonging to certain sub-

populations (Borysov & Rich, 2020).

3.2 Model Development

The process of designing neural network architectures and selecting hyperparameters
varies widely based on the domain and task at hand. For this work, a relatively basic model was
selected. To optimize the hyperparameters, a grid search optimization was performed. Prior work
informed the range of values to test, and ultimately there were some small variations from
previous VAE models (shown in Table 1). This is not surprising, given that the prior focus was
on testing computational efficiency across generative models, and involved a much higher
dimensional space, which was stated to be computationally infeasible for IPF based synthesis

(Borysov et al., 2019).

Table 1: List of Hyperparameters Tested During Grid Search Optimization

Model Number Number Number Number Batch Beta Gradient Node
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of Layers | of Nodes | of Latent | of Size Descent Activatio
Variables | Training Algorith ns
Epochs m
CVAE 1,2,3 8,16,32, 12,3,4,6, | 1000 64, 128, .01, .05, Adam Tanh
64 8 256,512, | .1,1
1024
(Borysov | 1,2,3 25,50, 5,10, 25 100 64 .01, .05, RMSProp | Tanh
etal., 100 1,5, 1,
2019) 10, 100

In the lower dimensional case tested here, the number of latent variables was reduced
accordingly (so as to maintain the bottleneck structure of the compression to latent space).
Additionally, better results were found using the Adam optimization algorithm which separates
learning rates for each parameter (Kingma & Ba, 2017). For node activations in both the encoder
and decoder, the Tanh function was used. The output layer of the decoder uses a softmax
function which normalizes the output to a probability across each output class. Given the dual
VAE (household) and CVAE (individual) architecture, separate grid searches were performed for
each half of the model.

To quantify the accuracy of a synthetic population across model runs, a metric is needed
to compare the distributions of socioeconomic variables of the generated population to that of a
separate testing dataset. Standardized Root Mean Squared Error (SRMSE) was used to evaluate
the similarity of marginal and joint distributions of each population generated from a set of
hyperparameters to the PUMS data. Previous research has also used the Standardized Root Mean
Squared Error metric for this purpose (Borysov et al., 2019; Hu et al., 2018; Pritchard & Miller,
2012). The calculation for this metric is shown in Equation 5 below. Continuous variables are
binned, and bin frequencies () are calculated across each bin for continuous variables, and

across each class for categorical variables. This is repeated for the bivariate distributions of each
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possible combination of variables. The root mean squared error between the distribution of
variables in the true population (1) and the synthetic population (7t) is then calculated by
comparing the frequencies of each univariate and bivariate bin, and finally standardized by the

mean frequency per bin of the true population.

R 5 @-m/Ny
SRMSE(R®, 1) = ¥——«—

Y T/Np ®)

This approach to quantifying the accuracy of the synthetic joint distribution is similar to the least
squares approach used in the original IPF algorithm (Deming & Stephan, 1940). One potential
weakness is that it relies on Euclidean distance between two observations, and thus will penalize
more heavily cells with common population traits that likely contain larger overall magnitudes,
relative to less common traits which will be smaller and more likely to carry small differences
between the original and synthetic populations. On one hand, this ensures that the metric
effectively captures the largest portion of a given population. On the other hand, it might under-
penalize models that are less accurate on niche subsets of the target population. An alternative
metric that might mitigate this to some degree would be Standardized Mean Absolute Error
(SMAE), which would simply calculate the mean difference between synthetic and true
population frequencies across each bin. This would have a linear penalty increase with the
magnitude of the bin, with the downside being that it may decrease the overall performance of
the model.

Each combination of hyperparameters was ranked according to 1) SRMSE of the

univariate distribution 2) SRMSE of the bivariate distribution and 3) training + generation time

28



for the synthetic population. Figure 4 displays an example comparison of the hyperparameter sets
which scored highest in these three metrics for the CVAE model, while Table 2 shows a

summary of the final selected hyperparameters for both the VAE and CVAE models.
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Figure 4: Results of the grid search optimization for models with 2 layers, hyperparameters are
listed as [Batch Size, Epochs, Latent Dimensions, Nodes per Layer, Beta]. Some models are
significantly faster than others, with little sacrifice to SRMSE. In general, the individual model
takes much longer to train due to more input variables and higher dimensionality of the latent
space.

The results of the grid search were relatively consistent for most models with a tradeoff between
model complexity (more nodes, higher number of latent dimensions) and training time. Because

the number of epochs were fixed, the batch size played a large role in training time for the

model. During each epoch, the model splits the training data randomly into batches and
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propagates each batch through the network to estimate the current gradient, then takes a step.
Each iteration through the complete training data is a single epoch. Using smaller batch sizes
slows down the training and creates more steps, but can help the model find a better solution.
The CVAE model in Figure 4 which was most efficient used 8 latent variables to minimize the
amount of compression in the model, thus accomplishing a low SRMSE, while using a relatively
small number of nodes and large batch size to keep its training time low. The Beta
hyperparameter controls the weight of the KLLD loss during training, and can play a
disproportionately large role in the accuracy of the model. The results of varying Beta are

discussed in Section 4.3.

Table 2: Selected Hyperparameters for VAE/CVAE Models

Numbe | Number Number Number Batch Beta Gradient | Node
rof of Nodes | of Latent | of Size Descent Activatio
Layers Variables | Training Algorith | ns
Epochs m
VAE 2 16, 16 4 1000 1024 0.1 Adam Tanh
(Household
)
CVAE 2 16, 16 8 1000 1024 .05 Adam Tanh
(Person)

3.3 Data Sources

The primary dataset used as the microdata inputs for both the CVAE and traditional
synthesizers is drawn from the 2017 Public Use Microdata Samples (PUMS) data provided by
the American Community Survey (ACS). These samples contain anonymized responses to the
census with socioeconomic and demographic characteristics included, and individual records can

be joined into households based on shared IDs. To protect the privacy of respondents, location
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data is not provided for individuals. Rather, they are aggregated to Public Use Microdata Areas

(PUMASs) which are designed by the ACS to be drawn along census tract lines and contain

approximately 100,000 individuals each. For each PUMA, 5% of the census responses are

available in the PUMS. This means that for a given PUMA, there are approximately 5,000

responses available in the data. In this study, microdata is limited to samples collected from

Washington state. For the traditional synthesis, marginal count data is also required for control

variables at each geographic level specified. In this case, only a single geographic level is tested

(Washington state). The marginal count data was drawn from several socioeconomic tables in the

ACS. All data was downloaded at the census tract level, then aggregated to a single region.

Additionally, a “geographic crosswalk™ is required when using IPF based population

synthesizers, which maps microdata areas to the regions at which marginal counts are provided.

In this case, since only a single region is synthesized, this file simply maps each PUMA to a

single shared region.

In all testing cases, several variables from the PUMS were used as both control variables

in the traditional population synthesis, and input training variables in the VAE/CVAE. A mix of

continuous and categorical variables were drawn from both household and person-level datasets,

so as to test the ability of the generative model to recreate complete households rather than pure

individuals which would otherwise be grouped heuristically. The variables used in this analysis

and their code in the PUMS are listed in Table 3 below:

Table 3: Variables taken from PUMS

Variable Type Continuous Variables (binned) Categorical Variables
Household e Household Income e Number of Persons (NP)
(HINCP) e Number of Vehicles
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(VEH)
e Number of Building Units

(BLD)
e Internet Access
(ACCESS)
Person e Personal Income (PINCP) e Gender (SEX)
e Age (AGEP) e School Completed
e Commute Time (JWMNP) (SCHL)

e  Marital Status (MAR)

e Work Sector (COW)

e Ambulatory Difficulty
(DPHY)

e Vision Difficulty (DEYE)

e  Cognitive Difficulty
(DREM)

e Primary Race Code
(RACIP)

3.4 Testing Details

To examine the efficacy of the VAE/CVAE generative model against traditional
synthesis methods, benchmarks of accuracy and speed against the Popsim open-source
population synthesizer were tested. Additionally, to determine whether generative synthesis
methods could be used to recreate a rich dataset from sparsely sampled individuals, synthesis
was performed on increasingly sparse training data and degradation to the accuracy of the
generated population examined. The results of these analyses are summarized in Sections 4.1.1
and 4.1.2 respectively. The software used in this study to benchmark traditional synthesizers is a
modern, open source, combinatorial optimization-based population synthesizer called Popsim,
which was built to be part of the ActivitySim microsimulation framework (ActivitySim —
ActivitySim 0.9.7 Documentation, n.d.; Paul et al., 2018). Popsim is a synthesizer capable of
matching both household and individual control variables at multiple geographic levels. For the
purposes of this study, only one overarching geographic region is used. This limits the

complexity of the analysis, and again reveals one shortcoming of generative synthesis methods:
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they cannot easily account for multiple geographies without using separate models and datasets
for each region. In future work, conditional variables could be added which are representative of
a given region (e.g. the median household income, or the count of households containing three
individuals). This would allow the CVAE to generate a new individual who is conditional on
both characteristics of the household, as well as characteristics of a particular region. Because the
model is trained directly on the socioeconomic relationships in the microdata, the most
disaggregate area of analysis this would allow is the area at which the microdata samples were

collected. In this case, that would be the PUMA-level.

4. Results
4.1 CVAE Performance Benchmarking

To first analyze whether the CVAE model was worth pursuing, accuracy comparisons
using SRMSE are drawn between the CVAE and Popsim models. This is intended to provide
insight as to whether the CVAE generative model is even capable of matching the performance
of a traditional synthesizer when it comes to creating an accurate synthetic population. Once a
comparison of accuracy has been determined, it is contextualized against the primary purported
benefit of generative models, which is their scalability as the number of modeled variables
increases. Previous research has compared the accuracy and scalability of generative models
against one another, but has not directly benchmarked VAEs against traditional synthesis. The
results may indicate whether there is a tradeoff to using generative models (e.g. the model scales
better with the number of modeled variables, but sacrifices accuracy in the synthetic population),
or if it provides any benefits at all (i.e. whether there are any accuracy or scalability benefits to

speak of).
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4.1.1 Accuracy of the Marginal and Joint Distributions

After training the CVAE and PopSim models on the complete PUMS dataset for
Washington state (~150,000 individuals) and generating a test synthetic population consisting of
100,000 individuals, SRMSE was calculated for both synthetic populations (Figure 5). The
results indicate that the CVAE outperforms the traditional population synthesizer in this metric,
with a 7.1% reduction in univariate SRMSE, and 2.3% reduction in bivariate SRMSE. It is worth
noting that the minimum value for SRMSE is zero, which would indicate a perfect match

between cell frequencies in the synthetic and target populations.

SRMSE for Synthetic State of WA with 16 Variables
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Figure 5: SRMSE comparison of CVAE, PopSim, and sampled PUMS data.

Although SRMSE provides a summary of the accuracy of the generated population, it is still
useful to compare the univariate distributions of each variable in the synthetic population as a

check against their overall accuracy. Figure 6 shows the empirical cumulative distributions of
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each variable in the synthetic populations generated by the CVAE and traditional synthesizer, as

well as the original distribution from the PUMS data.
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Figure 6: Empirical cumulative distribution of all input variables in the PUMS data, and
synthetic populations generated by PopSim and the CVAE model.

In most cases, both the CVAE and PopSim perform reasonably well at reconstructing the

distributions found in the original PUMS data. In some binary variables where one category is

35



much less likely than the other (e.g. DPHY, DEYE, DREM) the CVAE performs poorly; it tends
to always assume the more common option. This could be the result of undertraining, or lack of
complexity in the model, since information can be lost during the compression process. PopSim
is also less accurate on these variables, although it performs better than the CVAE. In a few other
multi-class cases (e.g. MAR, BLD, NP) the CVAE is more accurate, while for at least one
(RACIP) it fails to reconstruct the distribution. It is difficult to say what drives this accuracy;
however, in all cases both methods are capable of reconstructing the overall shape of the

univariate distributions.

4.1.2 Computational Efficiency

One of the potential benefits of generative synthesis methods is their computational
efficiency relative to traditional IPF synthesizers. As the synthetic population increases in
dimensionality, the benefits of this efficiency become more pronounced. Beyond a certain point,
it is infeasible to use IPF for generating a synthetic population, however combinatorial
optimization methods may have potential to help. Time to convergence is dependent on both the
number of regions, and dimensionality of the population being generated. Prior research has
compared the efficiency of different generative models in the extremely high-dimensional (50+
variables) case (Borysov et al., 2019). However, there may be situations where it is desirable to
rapidly generate populations in the low- to mid-level dimensional cases, where both generative
and traditional synthesis are viable. This overlapping region is compared by using the CVAE and
PopSim models to generate a synthetic population for the state of Washington (~3 million
households). The PopSim synthesizer (along with most modern IPF/IPU synthesizers) is capable

of generating a population composed of multiple geographical sub-regions, but for the sake of
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fair comparison it is only used at the state level. This is because IPF/IPU based synthesizers scale
with the number of regions being modeled, and thus their computational performance would be
diminished relative to the CVAE, which is currently limited to generating populations at a single
geographic region. The results of this time trial are shown in Figure 7 below:

Training Time Results for Washington State Synthetic Population
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Figure 7: Training times under an increasing number of input variables for traditional synthesizer
(convergence) and combined VAE/CVAE models (1000 epochs).

The CVAE model outperformed the traditional synthesizer by essentially maintaining a
static training time regardless of the number of input variables. There is a small amount of
random variation in training times between runs of the CVAE, and these fluctuations outweigh
any of the effects of increasing the input variables on this scale. The traditional synthesizer, on
the other hand, increases convergence time logarithmically with the number of training variables.

Overall, the Popsim synthesizer performs quite well, and the VAE/CVAE even better.
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4.2 CVAE Under Sparse Training Data

One of the untested potential benefits of generative models is in generating synthetic
populations when only sparse microdata samples are available, as in theory they can learn the
joint distribution of input variables, and generate new, representative individuals who are out-of-
sample. This is something that traditional synthesizers struggle with, because in any case where a
marginal count cannot be met using the sampled data, issues with non-convergence arise. This
becomes more and more likely as the quantity of microdata decreases, or the number of modeled
variables increases. With the exception of public agency administered household surveys, it is
unrealistic to recreate a population from 100,000 samples. In research or smaller scale
applications it is more likely that 1000, 100, or even only a handful of samples might be
collected. To determine whether the CVAE model is capable of accurately expanding these
samples into a reconstructed population, tests were performed on decreasing amounts of training
data randomly sampled from the PUMS data. Each time, a synthetic population of 100,000
individuals was generated after training, and compared to a separate random sample of 100,000
individuals from the PUMS data. The accuracy of the reconstructed synthetic population was

once again quantified using univariate and bivariate SRMSE (Figure 8).
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Figure 8: Univariate and Bivariate SRMSE of synthetic population generated by CVAE under
decreasing training data.
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Both univariate and bivariate SRMSE were found to improve rapidly as the quantity of training

data increased until approximately 100 training samples were used; after which diminishing

returns set in. The univariate distributions of all variables in the synthetic populations, as well as

the PUMS data are shown below in Figure 9. In most cases, the CVAE is effective in
reconstructing the population. The exception to this are the populations generated on 1 and 10
training samples, which are (unsurprisingly) far off. These distributions provide context to the
rapid increase in reconstruction accuracy in Figure 8 as 1-100 samples are used, and the
subsequent diminishing returns of adding more training samples. Most distributions track the

PUMS data well with some amount of random variation around the true distribution.
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Figure 9: Distribution of each input variable in the synthetic population generated by the CVAE
under decreasing training data.

While training on these smaller datasets, one trend that arose was the failure of the CVAE

to avoid overfitting. Figure 10 provides a summary of the evidence for this, across three model

runs for 10, 100, and 1000 samples respectively. In this figure, each line indicates one of the loss

terms across the 1000 training epochs, with the red line indicating validation loss. The validation
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loss is calculated periodically during the training process by inputting a set of “holdout” test data
to the model and calculating the loss terms against it. As the model learns from the training data,
all loss terms would be expected to decrease. When the model begins to overfit on the training
data, the Reconstruction and KLD losses would be expected to decrease, while the validation
loss begins to increase. This indicates that the model is improving its loss on the training data
through adjustments that do not generalize to other (non-training) data points. This is evidenced
in Figure 10, where the validation curve begins to trend upwards later and later as more training
data is introduced. This is because with a small amount of training data, the complexity of the
dataset is low enough that it is easier for the model to fit each individual sample than learn the
complex relationship between the input variables. Also known as the bias-variance tradeoff; the
model is essentially learning to fit the noise of each individual point in the training data, rather
than a generalizable relationship between the points. In the context of the VAE, the model can
predict exact values by mapping to latent variables which have near-zero variance, thus allowing
it to output specific values during training. This of course makes it generalize poorly, as during
the generation process random normal samples are fed into a decoder expecting precise inputs.
At approximately 1000 samples, overfitting may still occur on the training data, but it no longer

negatively affects the validation loss.
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Figure 10: When training using smaller datasets, the model begins to overfit despite the natural
regularization. Training losses for 10, 100, and 1000 samples are shown above.

VAE:s in general are fairly resistant to overfitting due to the random sampling performed
in the sampling layer, which causes the same input into the encoder to produce slightly different
output values across different runs. This makes it more difficult for the model to fit precisely to
the variance in the training data, because there will be some element of unpredictable, additional
variance added by the random sampling. That being said, the aforementioned issue of a sampling
layer which produces latent distributions with a variance of zero can sidestep this regularization.
This is seen in the case where the drastically reduced quantity of training data allows the model
to accomplish extremely low reconstruction loss by learning noise in the training dataset. To help
prevent this, early stopping (~200 epochs) and L1 regularization were used in the CVAE when
training on the smallest datasets. In addition, batch sizes for the model were decreased
proportionally to the number of training samples being used, so as to not train on a larger batch
size than the number of training samples. Overall, as shown in Figure 9, as few as 10 samples
can be used to generate a reasonably accurate picture of the true population. Variables that suffer
most in the synthesis are binary variables with relatively low occurrence rates, for which the
CVAE tends to assume the most common class. This is likely due to undertraining the model. To
explain further; there are two possible outcomes for these variables, with one outcome having
extremely high likelihood (99.9%) in both the true population and in the training data. In terms
of reconstruction loss, it is quite simple for the model to find a local minimum by always
assuming the more common outcome, but difficult to find the global minimum by predicting the
rare cases of these variables. This is likely exasperated by the fact that these particular variables

represent traits that are not strongly dependent on the other socioeconomic variables in the

42



analysis (e.g. physical, hearing, and cognitive disability), and thus when compressed to latent
space are the first information lost in the compression process. If the model were trained longer,
and on a larger dataset that contains more examples of individuals with the rare outcome for
these variables, it might perform better at synthesizing them. Although not tested for this purpose
here, CVAESs have been used to address this issue in other fields by generating a wide range of
new training samples for rare input data to de-bias facial recognition software (Uncovering and
Mitigating Algorithmic Bias through Learned Latent Structure | Proceedings of the 2019

AAAI/ACM Conference on Al, Ethics, and Society, n.d.).

4.3 Effect of Beta on the Latent Space and Synthetic Population

One additional phenomenon observed during the CVAE model development process was
the effect of the Beta (KLD loss weight) hyperparameter on the distribution of latent variables,
and accuracy of the generated synthetic population. During model development and testing this
term was found to have a significant effect on the accuracy of the generative model, something
which has also been observed in the image recognition space (Higgins et al., 2016). Because this
phenomenon is undocumented in generative synthesis, and minimally documented in the general
VAE literature, it creates a potential pitfall for anyone attempting to recreate these results. Thus,
a discussion of the effects of altering Beta on the synthetic population and latent space is
included here.

The Beta hyperparameter is used as a multiplier for the KLD loss term, shown in

Equation 6 for the total loss on a single training data sample below:

Total Loss = — XL, Xit4 tilog(softmax(s);) + B * —%2&1(1 +log(oy) — w® —0p) (6)
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In this case, a single training sample represents either a single individual, or a single household
sent through the VAE/CVAE model and compared to its reconstruction. The first term is the
reconstruction loss (Equation 3), and the second term is the KLLD loss (Equation 4). The KLD
loss is multiplied by the Beta hyperparameter. The Beta hyperparameter thus exerts “pressure”
on the model during the training process to construct latent distributions which approximate a
normal distribution as closely as possible, according to the Kullback-Leibler Divergence. When
the Beta hyperparameter is high, the KLD loss term will have a larger impact on the gradient,
and the model will favor learning network weights which minimize this loss at a cost to
reconstruction loss. This means that during training the model will prefer to maintain normal
latent variables, even if they make the reconstructed socioeconomic outputs less accurate to the
inputs. In this work, the latent variables remain “entangled” in that they are not trained to
represent independent factors in the dataset (e.g. those shown in Figure 1). The original
proposition for the Beta hyperparameter specified a set of “disentangled” or conditionally
independent data generative factors (z) which were kept close to known prior distributions using
the loss in Equation 6, which is the KLD loss for the real (p) and estimated (q) latent

distributions.

B * KLD(qoz|x)[|pe(2) (6)

Below, the results of training and generating synthetic populations using two extreme
values of Beta are shown. Figure 11 shows the distribution of the sampled Z values gathered

from feeding a holdout test set through the encoder, after training the model on the training data
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(i.e. it shows the values of the test data mapped to the latent space). This allows the visualization
of the latent distributions, which are otherwise assumed normal by the encoder and are described
as only a mean and variance. In the case where Beta is high, the latent variables take a well-
formed normal distribution, as would be expected if the KLD loss was weighted higher during

training. In the case where Beta is low, the latent variables become poorly-formed distributions,

with many spikes and little coherence.
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Figure 11: Distribution of three latent variables given a Beta of 5.0 (a) and .0005 (b). In one case,
the model achieves normal latent distributions, in the other, they are skewed.
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Of course, if the latent distributions are well-formed, it might seem that the variables in
the synthetic population will be accurate, but this is not the case as shown in the distributions of
variables in the synthetic population produced from the Household VAE with a high Beta value,

as shown in Figure 12 below:
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Figure 12: Due to the overly high Beta value, the model has not effectively learned to reconstruct
the input distributions, instead focusing on the latent variables. More often than not, it tends to
predict the average class for a given variable.
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In this case, the Beta chosen is too high, and the model does not effectively learn to reconstruct
the input variables. It emphasizes normally distributed latent variables at a cost to the
reconstruction accuracy. When the synthetic population is drawn from normally distributed latent
variables, they accurately represent the model’s learned structure, but they produce meaningless
results. A balance must be struck between achieving a KLD loss that pushes the model to form
normally distributed latent variables, while still mapping those variables to accurate outputs at
the decoder. Similarly poor results (although slightly more realistic) are generated from the
model trained with an extremely low Beta value. In a sense, this model is overfitting the latent
space: It has learned to effectively map the input data to latent distributions that are not
necessarily normal, then sample those distributions to create precise reconstructions of the
training data. However, when random normal samples are fed into the decoder in the process of
generating new households, the model cannot generalize and produces the incorrect distributions

shown below in Figure 13:
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Figure 13: Although the model has somewhat learned to reconstruct the input data, the latent
variables are not normally distributed, so treating them as normal and sampling from them leads
to outputs with skewed distributions.

Ultimately, a balance must be struck between forcing the latent space to be normally distributed
and allowing the model to learn accurate reconstructions. The originally proposed structure for
VAEs did not include a weight on the KL.D loss, and so essentially used a value of 1.0. In the

image data space, the large impact of this hyperparameter on both the quality of the output, and

stability of training has since been identified, making it fundamental to the VAE model (Higgins
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et al., 2016). In this work, the grid search optimization found a value of .05 to 0.1 was found to
accomplish the best SRMSE results for both the household and individual models. Other work
has successfully incorporated Beta as a trainable model parameter, allowing the model to
optimize its own weights for reconstruction and KLD losses (Asperti & Trentin, 2020). Although
more complex to implement, using this method to determine Beta may have the potential to
increase the accuracy of the CVAE model further than a simple grid search. In general, the best
approach found as a result of this research is to maximize the KLD loss term, up until the point at
which the generated data begins to suffer. This achieves the most normally distributed latent
space possible, without sacrificing the model’s generalizability. This trains the decoder to
correctly interpret random normal samples (that are drawn separately from the model during the

synthesis process to represent the latent variables).

5. Discussion
5.1 Advantages of the CVAE

The primary advantage of using a VAE/CVAE, or any other generative model in place of
traditional population synthesis methods, is in its ability to rapidly scale the dimensionality of the
population. In this analysis, it was found that regardless of the number of control variables, the
CVAE outperformed the population synthesizer in terms of synthesis time. In general, the
training time for the CVAE model was tied to hyperparameters of the model (e.g. number of
training epochs, batch size, etc.) whereas the training time for the traditional population
synthesizer was tied to the number of control variables. On one hand, it is possible to overcome
this with the traditional synthesizer by using a larger number of input variables than control

variables, and using the weights determined by the smaller number of control variables to scale
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all of the variables. However, this is not necessarily a direct comparison to the CVAE, given that
the CVAE will always incorporate all of the input variables (i.e. every variable in the CVAE
model is always a control variable). While it might seem that these scalability benefits come at a
cost to accuracy, the results of this work found the CVAE to be more accurate in reconstructing
the target population than the Popsim model, as measured by the SRMSE. This test was
performed by generating a synthetic population consisting of 100,000 individuals, and
comparing it to a random sample of 100,000 individuals from the PUMS data for Washington
state. A more accurate synthetic population should provide better estimates of the behavior of the
population being studied. This result indicates that the CVAE model may be able to compete
with traditional synthesizers in the future, despite currently lacking some of the features (e.g.
geographic sub-regions, modeling future-year populations) of these more established models.
Also, the CVAE model is capable of generating new, out-of-sample individuals, which
are still representative of the target population. Because the KLLD loss term enforces normally
distributed, continuous latent variables, the random samples drawn from this space do not
directly represent an individual in the training sample. This is in contrast to traditional
synthesizers, which reweight samples from the microdata to represent a larger population. The
primary benefit of this is to avoid the sampling zeros problem, in which the microdata does not
contain individuals belonging to certain niche groups with rare combinations of input variables,
and therefore cannot represent those groups in the final sample. In traditional synthesis, this has
the potential to leave out individuals with disabilities, uncommon work schedules, and any other
population minority. This is particularly true when working with small, highly dimensional
microdata samples. When using a generative synthesizer, any combination of input variables is

possible, as sampling from the learned continuous latent space can lead to samples that are
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statistically representative, yet not found anywhere in the original sample. This may contribute to
the findings which showed the CVAEs ability to accurately reconstruct the target population
under sparse training data: By learning the probabilistic relationships between the input
variables, it was able to extrapolate those relationships to individuals which exist in the true

population, but were not found in the training data.

5.2 Disadvantages of the CVAE

There are also a few disadvantages of the CVAE model. First, it is not guaranteed to
match the marginal distributions of control variables perfectly. The accuracy of the model when
generating new populations is dependent on how effectively it has been trained, and how well it
is able to compress the input variables to latent space without losing information (i.e. how
lossless is the compression). The random sampling of latent variables aids the generative model
in preventing overfitting, however, in this analysis overfitting was still found to be an issue when
using smaller training datasets (~40 samples or less). This could be due to simply not having
enough information in such a small sample to fully understand the relationships between the
input variables, or it could be a failure of the model and addressed through careful regularization
techniques and additional hyperparameter tuning. Regardless of these concerns, the model was
tested empirically against a traditional synthesizer, and outperformed it in terms of SRMSE.

There is also the issue of the CVAE requiring two models (two training cycles, two grid
searches, etc.) to generate complete households with individuals. On one hand, this adds burden
to the training and hyperparameter selection process. On the other, this did not cause any undue
issues during this work, as the only real difference between the two are changes in the number of

input and output variables fed to/from the encoder and decoder. This is analogous to the
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additional rebalancing step introduced by the IPU algorithm over IPF synthesis. While there is a
cost to balancing at both the household and individual levels, the benefit is a more realistic
population that is grouped together in statistically representative households, similar to most
household survey microdata. Ultimately, when performing population synthesis, one must weigh
whether this information is useful in the final population, and whether the cost of additional
model complexity and training time is worthwhile.

Last, the fundamental flaw of the CVAE and other generative models is that they do not
currently have a way to match individuals to specific regions or geographic areas within the
sample. Most if not all traditional synthesizers are capable of generating weights such that the
marginal control variable counts are met at multiple geographic levels (e.g. state, census tract,
and block group levels). However, this does require marginal count data for every control
variable at each geographic level being modeled. One possible solution to this issue is to include
that marginal regional data as conditional variables in the CVAE in the same way that the
household variables have been used here. This would provide the CVAE with information about
the distribution of certain variables in each given geography while generating new individuals.
Alternatively, heuristic methods may be devised to split up the population among constituent
geographies after it has been generated. Although possible, it is unlikely to be worthwhile to
train separate models for each geographic region for more disaggregated regions. There is a time
efficiency benefit to training with the CVAE over traditional synthesis, but the findings of this
work suggest it would be quickly outweighed by the training costs unless only a handful of

geographies were included.
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6. Conclusions
6.1 Summary

The CVAE performs well where small datasets must be expanded to represent a full
population. It can especially be useful when this sample is highly dimensional, and rapid-testing
is desired due to the computational efficiency relative to traditional synthesizers. Given that the
CVAE and other generative methods also require no additional data about the population
(whereas traditional synthesizers require painstakingly organized marginal counts) it seems
particularly practical in academic or other low-resource, rapid-prototyping applications. In
testing, the CVAE scaled more effectively with the dimensionality of the synthetic population
than the traditional synthesizer (26% improvement in time using 16 input variables), and was
more accurate in both univariate (7.1% improvement) and bivariate (2.3% improvement)
SRMSE.

These advantages may not hold in the case where an unrepresentative sample is used as
input microdata for the model. In the case where representative marginal counts are available,
traditional synthesis methods will be able to scale the unrepresentative microdata appropriately
to match the true population, while the CVAE model will fail. The reason that the CVAE fails is
because it relies on learning the probabilistic relationships between the input variables. If the
sample contains biased relationships, the model will learn biased relationships. In the case where
marginal counts are unavailable, and the distribution of variables in the true population cannot be
estimated other than through the microdata, then the previously stated advantages and
disadvantages of each model hold. An example scenario where the CVAE might be useful would
be for a dataset consisting of detailed behavioral characteristics of a small number of individuals

that must be scaled to assess regional adoption of a new transportation mode. There is unlikely to
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be marginal count data available for such non-census related variables, so neither method will
recreate the true distribution perfectly. Essentially, the traditional synthesizer will perform the
same as resampling the microdata. However, the CVAE will be able to iterate faster, and
generate new samples based on the relationships it learns between the surveyed variables (which
for behavioral variables may also be highly dependent and thus benefit from a compressed latent
representation). While the marginal statistics of the synthetic population in this case may end up
skewed, there will be no issues with convergence, and a more diverse set of individuals will be
generated, as it will not consist of a small number of reweighted samples.

Despite some advantages, it is unlikely that generative synthesis will replace traditional
population synthesizers as the synthesis tool of choice for household surveys performed by
public agencies or other large organizations. Not only are the computational efficiency
advantages negligible when the model is only run once every few years, but these agencies must
nearly always apply the synthesizer at multiple sub-regions, for which there is currently no
practical approach when using generative methods. One approach to this may be to incorporate
additional conditional variables into the CVAE model, which would provide information on the
marginal totals for each sub-region. Given that the CVAE was found to scale well with increased
input dimensions, this approach would be unlikely to affect its computational efficiency
advantage (as opposed to building separate models for each sub-region). If the marginal count
data (or even median values) for specific variables of interest were available at sub-region levels,
these could be implemented into the CVAE model during training and generation as conditional
variables. Thus, any individual generated from the CVAE synthesizer would be conditional on
both a set of household-related characteristics, as well as region-related characteristics. This has

the potential to address the primary missing feature of VAE/CVAE population synthesizers.
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6.2 Contributions of this Research

This work contributes to generative population synthesis literature by proposing and
testing a method of using the CVAE model to generate synthetic populations which contain
representative households consisting of individuals in a computationally efficient way. This is
analogous to the IPU algorithm which improved upon traditional IPF methods in population
synthesis by incorporating a rebalancing step to ensure that both household and individual
marginal totals were met. In this case, a VAE/CVAE structure is proposed which first generates
households, then incorporates their variables as conditional inputs to the CVAE which
reconstructs the population of individuals.

Additionally, the proposed CVAE model was tested against a state of the art
implementation of a traditional population synthesizer. Tests on convergence and training times,
as well as SRMSE were performed to quantify the advantages and disadvantages of either model
in generating a synthetic population. Previous work has examined generative and traditional
synthesis separately for low and high dimensional populations, but did not address the
overlapping area where either model may be valid. During testing, it became apparent that the
CVAE had potential to perform well as a synthesizer for small, highly dimensional training

datasets.

6.3 Opportunities for Future Work
Perhaps the most immediate value in using the CVAE for practical population synthesis
tasks would be to develop and test a method of incorporating regional control variables such that

geographic subregions can be modeled. Currently, the CVAE can only generate synthetic
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populations from which the training data was sampled, and multiple models and training sets
would be needed for multiple geographies. Alternatively, a geographic ID variable such as zip
code or census tract could be incorporated into the dataset itself, and the model trained to predict
where each individual is based. In this work the PUMS data was used, which does not contain a
geographic identifier lower than the PUMA, which is relatively aggregate. Overall, incorporating
a way to model multiple geographies would allow a generative model to more closely replace the
tasks performed by traditional synthesizers.

Additional generative models may also be explored. In the realm of generative modeling,
VAE:s are relatively dated compared to newer models such as Generative Adversarial Networks
(GANs) and Recurrent Neural Networks (RNNs). The former has essentially surpassed the
ability of VAEs in the field of image generation; they are frequently able to create new images
that are indistinguishable from real ones to the human eye. Applied to population synthesis, a
GAN model may achieve higher SRMSE accuracy, and more realistic households (e.g. ones
where all individual incomes add exactly to the household income). On the other hand, RNNs are
typically applied to time series data, and could be used to generate predictions given a previous
sequence of states. In population synthesis, RNNs could then provide an opportunity to generate
trip chains for synthetic individuals, or socioeconomic population shifts over time for an entire
region, potentially allowing for the prediction of travel demand, and locations of regional growth

centers, among other useful tasks.
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