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Abstract—User mobility characteristics are considered to sig-
nificantly affect the performance and UX of modern IT systems
such as mobile communications, context-aware services, location-
based applications, smart mobility, and so on. Due to privacy
concerns, legal issues, and expensive measurement costs for real
user mobility traces, synthetic mobility traces are widely used
for research and development purposes. Until now, most of
the user mobility synthesis approaches have been categorized
into two major paradigms: stochastic modeling and simulation.
However, they naturally have a limitation in mimicking actual
user movements because it is impossible to capture all temporal,
spatial, and behavioral characteristics that are implicitly melted
in real user mobility. Along with the recent advancements of
deep learning technologies, there have been several challenging
proposals that exploit the power of the deep learning, especially
generative models, in mobility synthesis. This paper reviews and
summarizes recently proposed user mobility synthesis schemes
based on generative adversarial networks that have been one of
the most leading deep learning technologies for the last few years.

Index Terms—user mobility, mobility synthesis, mobility gen-
eration, mobility trace synthesis, mobility trace generation, gen-
erative adversarial networks, GAN

I. INTRODUCTION

Lasting improvements in mobile communications, Internet-
of-Things (IoT) and data-driven technologies have continu-
ously been introduced to information technology (IT) systems,
especially a variety of novel features such as future predic-
tion, context awareness, location-based services, personalized
applications, and ubiquitous access. These features sometimes
exploit user mobility traces as important data for enhancing
the processing performance and the quality of user experience
(UX) [11, [2]. However, it is not trivial to use real user mobility
traces because of privacy concerns and expensive measurement
costs. Therefore, synthetic mobility traces are widely used
instead of real ones in most of research & development (R&D)
processes.

The majority of existing mobility synthesis schemes are
mainly categorized into two approaches: One is a stochastic
modeling approach [3]-[7], and the other is a simulation-
based approach [8]-[12]. The stochastic modeling approach
synthesizes user mobility traces by generating random vari-
ables that follow a set of probability distribution functions
that reflect the characteristics of real user mobility samples
through distribution fitting [2], [13]. The simulation-based ap-
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proach generates mobility traces by simulating user movement
behaviors in various scenarios and environments like vehicles
and road networks.

While the above mobility synthesis schemes have shown
considerable achievements, they still have natural limitations
in capturing all the characteristics of user mobility including
intentions of visits that lead to the movements and causal
relationships between the random variables that comprise the
mobility traces.

Nowadays, deep learning brings new breakthroughs to a
variety of domains such as image processing [14], computer
vision [15], [16], autonomous vehicles [17], unmanned aerial
vehicles (UAV) [18], games [19], [20], and so on. Especially,
generative adversarial network (GAN) is recognized as a new
innovative way for generation and synthesis purposes across
diverse data types including text, image, voice, video, and even
more complicated ones like natural languages [21]-[27].

This trend also appears in user mobility synthesis. Recently,
several studies have been conducted to exploit the GAN as a
new stochastic generator instead of the conventional stochastic
models [28]-[32]. These works show the potential of deep
generative learning-based mobility synthesis schemes. In this
paper, we present a survey on recent research efforts that
exploit the GAN for synthesizing user mobility traces.

The remaining parts of this paper are organized as follows:
In Section II, we briefly review the GAN. Then, we introduce
and summarize the recent research efforts on mobility syn-
thesis based on the GAN in Section III. In Section IV, we
conclude the paper.

II. GENERATIVE ADVERSARIAL NETWORKS: AN
OVERVIEW

GAN is a type of generative machine learning paradigm that
exploits fake-versus-discriminate game between two neural
networks so as to eventually obtain a good quality generation,
in other words, the generated data samples are likely to be
indistinguishable from the real ones. Since its proposal in 2014
[21], the GAN has been extensively explored and shown many
promising results in both the literature and industry.

Fig. 1 depicts the basic concept of a GAN. The concept
adopts the adversarial game process in the training of two
neural networks: the generator G and the discriminator D.
For each iteration of the training process, G generates a
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Fig. 1. Basic concept of a GAN

set of fake data samples G(Z) for the given latent random
variables Z = {2(®, 2D 22 2™ And, D determines
the probability of real data for each sample in X U G(Z),
where X = {z(© M 2@ 20"} For example, if D
produces 0.75 for the given data sample, it means that the
data sample is expected to be real with a probability of 75%
and fake with a probability of 25%. After D determines the
probability for every sample in X U G(Z), G and D change
their weights 6 and 6p by back-propagating some amounts
of the losses' that evaluate how they did well with respect
to their corresponding goals. By iterating this adversarial
fake-versus-discriminate competition, G and D progressively
evolve their weights so as to obtain a much better generation
and discrimination capability. When E[D(G(Z))] is greater
than some threshold, the training finishes, and the generated
data samples are expected to be realistic enough.

The goals of G and D are opposite to each other: The goal
of G is to fool D by generating fake data samples as similar
as possible to the real ones so as to make D incapable of
discriminating between the real and fake ones. In contrast, D
tries to distinguish real and fake data sample as accurately as
possible. Such adversarial goals are expressed as the following
min-max game model:

ménmgx V(D,G) = Expyo,a(a)llog D(X)] +

(D
Emp. () log(1 — D(G(Z)))]
where X (€ X) denotes a real data sample, and Z(€ Z)
denotes a latent random variable used to generate a fake data
sample. X and Z follow the probability density function (pdf)
Pdata(x) and p.(z), respectively.

In Eq. (1), D should likely produce 1 for each
real data sample X to maximize the first component
E X ~pyara(@)[log D(X)], and to produce O for each fake
data input G(Z) to maximize the second component
Ez~p.(x)[log(l — D(G(Z)))]. On the other hand, G should
try to fool D into producing a higher value for each G(Z)
by generating it as similar as possible to X in order to
minimize the second component Ez..,,_.)[log(1-D(G(Z)))].

IThe term loss is also called the error or cost.
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Therefore, the loss functions of G and D are denoted by
Ja(0¢) and Jp(0p), respectively, as

>

m

1

Ip(0p) = — [1og D(z®) + log (1 - D(G(z@)))ﬂ

Jo(06) = - > log (1- DGED)).
- @)

Note that the +/- sign of Jp(0p) is reversed from Eq. (1) to
express the loss for maximization as the loss for minimization.

Since its proposal in [21], GAN has been extensively
explored and improved up to now [25], [26]. Among those
advancements, we list some variants that are discussed in the
next section:

SGAN (Semi-supervised GAN) [33] is a variant of GAN
that provides not only data generation but also regression,
classification, or prediction.

WGAN (Wasserstein GAN) [34] introduces the Wasser-
stein distance as an improved loss function for better
learning stability. It was further improved to WGAN-
GP (WGAN with Gradient Penalty) [35] by adding the
gradient penalty as a regularization term.

DC-GAN (Deep Convolutional GAN) [36] refers to
the GAN that uses deep convolutional neural networks
(CNN) [37] as the internal part of the generator and
discriminator. Compared to using conventional fully-
connected neural networks, the DC-GAN is known to be
much more appropriate to synthesize multi-dimensional
matrix data including image and video.

CGAN (Conditional GAN) [38] takes conditioning inputs
in addition to original input data to generate synthetic data
that follows conditional probability. With the CGAN, we
can synthesize data for much more detailed or specific
scenarios.

RGAN (Recurrent GAN) [39] refers to a GAN that uses
recurrent neural network (RNN) [17] as the internal part
of the generator and discriminator. Compared to using
other neural approximators, RGAN is known to be much
more proper to synthesize sequential or time-series data
like text, language and trajectory.

SeqGAN (Sequential GAN) [40] is designed for synthe-
sizing sequential data, thus, it is a similar variant to the
RGAN. Instead of using sequential neural approximators
like the RNN, it designs the generator as a reinforcement
learning agent [41] that learns a strategic observe-action-
reward process for more similarity in synthetic data.

III. USER MOBILITY SYNTHESIS SCHEMES BASED ON
GAN

To the best of our knowledge, there have been only five
studies on the GAN based mobility synthesis. In this section,
we review each of them from the perspective of how GAN is
used for generating user mobility data.
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Fig. 2. Social GAN: overview

A. Social GAN

Social GAN [28] can be explained as a meter-scale mi-
croscopic mobility trace generator that synthesizes realistic
and socially acceptable walking trajectories of pedestrians.
The term “socially acceptable” means that mobility synthesis
should take into account social norms like yielding right-of-
way or respecting personal space in a crowded place. The
generated trajectories can be used as a-few-seconds-future
predictions for the given input trajectory and as such must
be useful to improve the motion intelligence of self-driving
cars or social robots.

Fig. 2 shows the system overview of Social GAN. In the fig-
ure, the generator GG takes as inputs a set of user mobility trace
samples X = {X1, Xo, ..., X,,} where X; = (x,y!) denotes
the 2-dimensional coordinates of user ¢ from the time steps
t = 1,...,tops. And then, G generates Y = {Yl,%,...,?n}
where f’z = (:ﬁit,y}t) denotes the fake coordinates of user
¢ from the time steps ¢t = tops + 1,...,tpreq. In short, Y
is the fake future mobility predictions for X from t,,s + 1
to tpreq. The discriminator D takes X, Y and Y as inputs
and then, determines D([X;,Y;]) and D([X;,Y;]) for each
user i where Y; = (zf,y})(€ Y = {Y1,Ys,...,Y,,}) denotes
a real user mobility sample of user ¢ from the time steps
t =tops+1, ..., tpreq. In this arrangement, G is likely to fool D
into producing a higher D([X;, Y;]). And, D tries to produce a
higher D([X;, Y;]) and lower D([X;, Y;]). In addition, because
fake mobility traces are used as future trajectory predictions, D
and G also make efforts to predict Y; as accurately as possible
for the given (X;,Y;) pair. Therefore, the loss functions of G
and D include L2 norms that are widely used in supervised
learning for regressions as follows:

JD(GD) = J/D(QD) - E’Uam’etya
JG(GG) = Jé(aG) + [/Uariety

where J},(6p) = —E[log D([X;, Yi]) + log(1 — D([X;, Yi]))]
and J,(0c) = Ellog(1 — D([X4,Yi]))]. And, Lyaricry =
ming ||Y; ff/i(k) ||2 where k is the factor of the fake sampling.
For example, if k& = 3, Lyariety is computed from one real
sample and three fake ones. For the predictive capability
devised by the introduction of L,qriety, Social GAN belongs
to the SGAN mentioned in Section II.

3)
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Fig. 3. Internal part of the generator of the Social GAN

Fig. 3 shows the internal part of G that adopts long short-
term memory (LSTM) [42] to accumulate sequential and
historic patterns of trajectories in the memory matrix. This
makes the Social GAN also belongs to RGAN [39]. For
i €{1,2,...,n}, G processes all X; simultaneously.? For each
coordinate (x!,y!), G produces an embedding vector e! and
encoding vector h!; by applying the following functions:

e; = o}, yjs Wee)
hzi = LSTM(ht_l ef Wencoder)

et )

“4)

where ¢(-) is an embedding function with a rectified linear
unit (ReLLU) [43] non-linearity. W, and W, coder are weight
matrices of ¢(-) and LSTM(-), respectively. Note that all
users in X share the same Wencoder-
After t,y5, G produces Y; = (2, 4;") by repeating recurrent

applications of the following functions:

65 = d)(l'zilv yfil; Wed)

Py =PM(h;, ... kL) )

hfiz = LSTM(’)/(P,“ hgzl)u eﬁ; Wdecoder)

(27, 97) = v(hgy)

where ¢(-) is an embedding function with ReLU non-linearity.
v is an multi-layer perceptron (MLP). W4 and Wyecoger are
weight matrices of ¢(-) and LST M (-), respectively. And, at
t = tops, hly; is initialized as

ct =~ (P, hL; W),

e’
htdl = [Cga Z]

(6)

where v is a MLP with ReLU non-linearity and weights W..
Note that a latent random variable z is used here.

Pooling module (PM) is a pooling function which produces
pooled tensor P; that holds the correlation between the trajec-
tory of user ¢ and those of all other users. Semantically, P;
represents the correlations among trajectories that imply the
social behaviors making people prefer not to interfere in the
paths of others for the sake of social aspects such as manners,
kindness, law, and so on. We illustrate the internal part of PM
in Fig. 4. For more details about the PM, please refer [28].

2F0{ convenience, we drew the computational flow only for the thread of
(X;,Y;) in Fig. 3.
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that the generator does not assume any explicit parametric
Fig. 4. Internal of the pooling module of the Social GAN distribution function for mobility traces. This is an enjoyable

The discriminator D consists of encoders that separately
evaluates D([X;,Y;]) and D([X;,Y;]) for each user i. The
encoders are implemented in the same manner as Eq. (4).

In the experiments in [28], the Social GAN reduced, on
average, 12.86% of the average displacement error (ADE)
and 20.39% of the final displacement error (FDE)?, from
up-to-date LSTM based methods [44], for a set of micro-
scopic human walking trajectories where each trajectory is 12-
consecutive locations for every 0.4s from five datasets which
covers 1536 pedestrians in crowded places at a university, hotel
and stores [45], [46]. Additionally, the experimental results
also show that the Social GAN effectively mimics the human
walking behaviors caused by social norms as follows:

e A person changes her direction or speed to avoid a
collision with another when they look like to collide at
the same time.

When the trajectories of two walkers are merging, they
implicitly negotiate their order in walking. One overtakes
the other in front, and the other follows behind the front
walker to yield the right-of-way.

When a group of persons are walking together, they are
likely to take the same changes in direction and speed
to avoiding collision with other groups, in order to keep
their alignment in the walking.

B. Non-Parametric Trajectory Generator

Ouyang et. al proposed a non-parametric trajectory gen-
erator [29]. It combines WGAN-GP [35], DC-GAN [36],
and location-major mobility conversion to generate synthetic
mobility traces that mimic not only geographically but also
semantically realistic visiting behaviors of humans. The term
“semantically realistic” means that the synthetic mobility data
have similar semantic features (e.g. visiting popularity) to
those of real data. And, the term ‘“non-parametric” means

3ADE is the average L2 distance between the real trajectory and its fake
counterpart over all the predicted time steps, and FDE is the L2 distance
between the final destination of the real trajectory and that of its fake
counterpart. The reduction ratios are computed by comparing the results of
LSTM and SGAN-20VP-20 in Table 1 in [28].
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advantage that saves us from looking for the appropriate para-
metric function for input traces.* In [29], the authors mention
that the non-parametric trajectory generator preserves both of
the aggregate and individual statistics of human trajectories,
such as inter/intra-similarity across trajectories.

We show a system overview of the non-parametric
trajectory generator in Fig. 5. In the figure, T'raj
{(z,9)t,, -, (x,y)r} denotes a set of user mobility trace
samples, where (z,y);, is a visit to location (z,y) at time
t; ¢ = 1,...,T). In [29], the authors insist that Traj is a
time-major representation that is not appropriate for identi-
fying semantic behaviors such as the visit frequency and stay
duration. Therefore, they propose to convert 7raj to the multi-
dimensional matrix M,..,; that is called the location-major
representation. The location-major conversion consists of the
following steps:

o The region of trajectories are discretized into a 2-
dimensional (/N7 X Ny)-grid. By this, some different
locations that are close to each other may be mapped
to a same grid block. So, N; and N, should be set with
a tolerable precision. We still use (z,y) to denote the
discretized grid block for convenience.

Timely consecutive visits to a same block are grouped
into a stay 7¢,.; = {(2,Y)¢,, ..., (x,y)s, }, where t; < t;.
Now, we can get a visit time ¢ and duration d for each
stay 7., where t =t; and d = t; — ;.

M, eq; is constructed as the (N7 X No x K)-matrix by
setting M, = (t,d) for the k-th stay, where k €
{1, ..., K'}. Compared to Traj, My.q is more suitable
to capture and visualize the semantic features of mobility
much more directly. For example, suppose that we plot
a heat-map of d in the 3-dimensional space, where each
axis corresponds to x, y and k, respectively. If we use
a brighter color for a higher value of d, we can easily
identify frequently visited and long-stayed locations.

G generates Mynthesis that is, of course, the location-
major representation. D determines whether if D(M,.q;) or

“In fact, gratefully, all the other works in Section III are also the non-
parametric method. During training, the GAN self-configures its weights as
implicit parameters of the target distribution function.
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D(Msymhesis) is from real mobility trace samples. During the
training, G and D compete with each other in an adversarial
game while improving their fake and discrimination capabil-
ities by performing back-propagation with an improved loss
function as follows:

L=E,

X~pum

synthesis () [D(X))] - EXNPMN,O,I () [D(X)]+
AE% o) [(IV £ D))

)

where pz(xz) is drawn from a convex combination of
PM,eo(®) and par,,. ... (€). This loss variant is re-
ferred to WGAN-GP [35] mentioned in Section II. The
terms E [D(X))] —Ex~p,  (z)[D(X)] and

XPMypthesis (z)
IEXNM(J:)[(HVXD(X)H)Q} are referred to the Wasserstein
distance and gradient penalty, respectively. Eq. (7) is known to
provide more stable gradients than those of Eq. (2). For more
detail, please refer to [29] and [35].

As mentioned earlier, the non-parametric trajectory genera-
tor also belongs to the DC-GAN. The internals of G and D
consist of the CNN [37] that consists of convolution layers.
In each layer, rectangular filters extract sorts of visualized
patterns that are used to recognize and distinguish the visit-
stay matrices converted from different trajectories.

After generation, Mynthesis 1S converted to a set of syn-
thetic mobility trace samples Traj which is the time-major
representation like T'raj. The conversion is the reverse process
of the location-major conversion described above.

In [29], the authors present several experimental results
about the performance of the non-parametric trajectory gener-
ator on the Nokia Lausanne location trajectories dataset [47].
In the results, the non-parametric trajectory generator reduces
70.8%, 72.98%, 75.88% and 82.89% of the Jansen-Shannon
divergence (JSD) of the visiting probability from four existing
methods: first order Markov Chain (MC) [48], time-dependent
MC [49], hidden Markov model (HMM) [50], and LSTM
maximum likelihood estimation (MLE) [51], respectively. This
shows that the non-parametric generator has a much better
geographic similarity than the existing works. In addition, its
generated trajectories have considerable similarity to real ones
in the metrics about the semantic reality such as the fop-N
visited locations and pair-wise semantic distance. For more
detail, please refer to [29] and [52].

real

C. GAN based Location Density Matrix Generator

Because some personal information of a user can be some-
times exposed from the trajectory (e.g. home address, path for
commute), we may use location density matrix as aggregate
mobility data instead of individual trajectory [53]. The location
density matrix is somewhat similar to the location-major
representation explained in Section III-B. Fig. 6 illustrates
a conversion of the location density matrix from a set of
trajectories. In the figure, for example, we can see that block
(2, 2) has a density 4 at time slot ¢3 because 4 users are in
the block at that time slot. Note that one of the trajectories
(purple colored) begins at block (3, 2) at time slot ¢5. For
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Fig. 6. Example of the location density matrix

the given location density matrix, we can mix some statistical
noises to provide a reasonable level of differential privacy
which means that an addition (deletion) of a trajectory to
(from) the input trajectory set does not significantly affect
the resulting location density matrix to make it difficult to
attack for inferring a personal trajectory [53], [54]. However,
this privacy preservation approach has an inherent privacy-
reality trade-off which implies that one should compromise
the reality’ for better privacy and vise versa.

In [30], Yin et. al suggested that the GAN can be exploited
to generate a synthetic location density matrix with a better
privacy-reality trade-off than that of the existing noise mixing
approaches for differential privacy. Considering that the syn-
thetic data from the GAN introduces inherent noise incurred
from the latent parameter Z of the generator GG, they propose
to use the synthetic location density matrix generated from
the GAN based generator as privacy preserving data, instead
of explicitly mixing noise into the real density matrix. In this
approach, the reality increases as the training proceeds because
the training improves the fake capability of G. On the other
hand, the privacy decreases because a higher reality implies a
lower noise. Therefore, one should determine the appropriate
number for the training iteration to balance this privacy-reality
trade-off.

Fig. 7 depicts the system organization of the GAN based
location density matrix generator. In the figure, the discrim-
inator D takes as inputs a set of location density matrices
P = {P,P,,..., Pk} converted from the raw trajectory set
Traj, where Py is the k-th (N x M)-matrix which contains
N blocks, ie., {b1,bo,...,by}, during M time slots, i.e.,
{t1,ta,...,bpr}. The generator G takes as inputs a set of
latent random variable matrix Z = {Z,Zs,...,Zk}, and
then, generates a set of synthetic location density matrices
P = {131,]32, ...,]5K}, where P, is the synthetic (N x M)-
matrix corresponding to P, and Z is the (N x M)-matrix
containing random variables. In the training phase, G and
D repeat playing a competitive fake-verses-discriminate game
process. In each iteration, G synthesizes P from Z,and D

SFor consistency of terminologies throughput this paper, we use the term
“reality” instead of “utility” which is the term originally used in [30].
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tries to determine whether if each P; (¢ PU 15) is from Traj.
For the error back-propagation, em_loss is adopted as

2K 2K

N 1 .
em_loss(Y,Y) = K E E Yi * Yj
i=1 j=1

®)

where Y = {y1,¥2,...,y2x } is the set of the ground truth
decision values determining whether each P; (¢ P U 15) is
real. And, ¥ = {¥1, Y2, ..., Y5k } is the set of the decision
value made by D for P;. Note that [P U P| = 2K from the
definitions of P and P. y; in Eq. (8) is set differently upon
D and G. For D, it is set to 1 only if P; € P. Conversely, for
G, we should set y; to 1 only if P; € P to cheat D.

The internal of D consists of three ReLU layers and a
single sigmoid layer. The first three layers learn distinguishable
features from the input density matrix FP;, and the last one
computes the decision value ;. The internal of G consists of
three ReLU layers and a single identity layer. Considering that
D and G are opponents to each other, the authors reverse the
first three layers in D as the first part of G.

In [30], the author present the experimental results about the
performance of the GAN based location density matrix gener-
ator on two mobility datasets: MoMo mobile APP (MoMo)
[55] and San Francisco cabs (SFC) [56]. In the results, it
succeeds to defend against a trajectory reconstruction attack
[57] with at least 7km of reconstruction error on the MoMo
and SFC dataset, and 2km on SFC dataset. That means a
much higher level of privacy preservation than that of the
existing noise mixing approaches which provide on average
4.32km and lkm of reconstruction error for the MoMo and
SFC dataset, respectively. In addition, the GAN based location
density matrix generator also achieves a much better privacy-
reality trade-off. For example, it reduces at least 66% of the
mean square error (MSE) between real and synthetic density
matrices from the noise mixing methods when we set the target
reconstruction error to 2.8km for the SFC dataset.
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D. trajGANs

trajGANs [31] is a conceptual design for synthesizing
mobility trace samples on road segments and place visit
trajectories. The authors claim that, by adopting GAN, one
can obtain high-quality synthetic user mobility trace samples
that preserve the statistical features of the real samples while
managing the geo-privacy of users.

Fig. 8 shows the system overview of trajGANs. The or-
ganization is almost similar to the non-parametric trajectory
generator presented in Section III-B. In this figure, X denotes
the preprocessed data converted from the real trajectory. And,
the synthetic mobility trace samples are produced by the
decoder from G(Z) that is generated by the generator G.
The loss functions are the same as in Eq. (2). A concern of
the trajGANSs is that they are only conceptual design and not
have been implemented or experimented in studies. In [31],
the authors just present several suggestions and discussions
for the sub-components of trajGANSs as follows:

« Two types of user mobility trace samples are considered:
One is road segment-based traces that present a trajectory
as a sequence of road segments and time stamps, i.e.
(s1,t1) = (s2,t2) — ... = (S, tn), where s; and t;
denote the road segment and time, respectively. The other
type is place-based traces that are denoted as (pi,t1)
— (pa,ta) = ... = (pn,tn), Where p; refers to a place
or point-of-interest (Pol). If raw mobility trace samples
are not in these types, you can convert them into the
considered types by some preprocessing.

o trajGANs may be used for both individual and aggregated
trajectories. When we input the mobility trace samples
from an individual (or group of people), trajGANs will
produce the synthetic mobility samples with similar sta-
tistical features to those of real samples from an individ-
ual (or group).

e LSTM and gated recurrent unit (GRU) [58] would be
the ideal structure for the encoder and decoder to encode
the real trajectory to X or decode G(Z) to the synthetic
trajectory. RNN based embedding also can be adopted to
improve learning performance.

o CGAN [38] may be required to generate synthetic mobil-
ity traces that are conditioned on certain locations such
as residential and commercial areas.
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TABLE I
SUMMARY OF RESEARCHES ON GAN BASED MOBILITY SYNTHESIS

Research | Type of GAN | Purpose and Organization
o Meter-scale microscopic mobility trace generator
o Generates realistic and socially acceptable walking trajectories
Social SGAN [33] . Predic.ts a-few—.second—future trajectory for given ippu? trajectory )
GAN [28] RGAN [39]’ o Organizes the internal of the generator as a combination of MLPs, LSTMs and pooling module
o Organizes the internal of the discriminator as a combination of MLPs and LSTMs
e Adopts the pooling module to capture the human walking behaviors caused by social norms
o Organizes the pooling module by connecting 2-layer MLP and max pooling
Non- e Non-parametric t_rajector}{ generator o ) o
Parametric o generates sypthetlc mobility traces which mimic not only geographically but also semantically realistic visiting
Trajectory WGAN-GP [35], behaviors of humz.u?s _ _ _ ) _ o _
Generator DC-GAN [36] . Conve_rts raw mobility trajectories to location-major rgpresemation that is appropriate for identifying the semantic
[29] behaviors such as the visit frequency and stay duration
o Uses Wasserstein loss function with gradient penalty and CNN in the generator and discriminator networks
Location . Gener.ates a syr.lthetic location density matrix instead of raw mol?ility trgjectorif.:s due to privacy concerns
Density o Exploits noise incurred from Fhe latent parameters to defend against trajectory inference attacks
Matrix WGAN [34] . Adopt§ Wassers.tein. lqss function ) ) ) ) ‘
Generator ¢ Organizes the discriminator by connecting a 4-layer MLP with three ReLU layers and a single sigmoid layer
[30] o Organizes the generators by connecting a 4-layer MLP with three ReLU layers and a single identity layer
o Reverses the first three ReLU layers in the discriminator as the first three ReLU layers of the generator
o GAN based mobility trace synthesizer for road segment and place visit trajectories
o Provides only conceptual design, neither of implementation or experiment
trajGANs CGAN [38] o Suggests using the LSTM and GRU for encoder/decoder structures
[31] o Suggests adopting the RNN embedding to improve learning performance
o Suggest using the CGAN to generate synthetic mobility trace samples conditioned on certain locations such as
residential and commercial areas
o Empirical research that benchmarks the performances of seven generative machine learning models for user
mobility synthesis
Empirical RGAN [39] o Compares 4 types of RNNs (Char-RNN, LSTM, RHN, PSMM), 2 types of GANs (RGAN, SeqGAN) and copula
Evaluation SeqGAN [33’] based approach in terms of the geographic/semantic similarity, statistical similarity, long-range dependency,
[32] privacy and computational efficiency
o Suggests the copula as the most preferred approach for the overall performance
o Suggests the RGAN as the second most preferred approach

E. Empirical Evaluation of Generative Model-based Mobility
Synthesis

Kulkarni et’ al [32] conducted an empirical study that
benchmarked the performances of generative machine learning
models for user mobility synthesis. They evaluated following
seven generative models:

e Char-RNN (Character RNN) [59]

« LSTM

« RHN (Recurrent Highway Network) [60]

e PSMM (Pointer Sentinel Mixture Model) [61]

« RGAN

o SeqGAN®

o Copula [62]
The Char-RNN, LSTM, RHN, and PSMM belong to the
RNN. And, the SeqGAN and RGAN are included in the
GAN. The copula is referred to as a multivariate cumulative
distribution function that describes the dependence between
the random variables of a joint distribution function. For given
data samples from a unknown probability distribution, if we
know its copula, we can generate synthetic samples through an

SWe use the term “SeqGAN” instead of “SGAN” that is the term originally
used in [40] because we already use the term “SGAN” to refer the semi-
supervised GAN.
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inverse transform method [63] without knowing the original
probability distribution. Since it is likely to be easy to estimate
copulas instead of target probability distributions, the copula
may be a competitive approach for synthetic data generation
for complex datasets. The authors adopted kernel-based non-
parametric copulas [62].

The experiments were performed using the Nokia mobile
dataset [64] that includes a set of trajectories, such that, T}, =
((l1,t1), (I2, t2)...(ln, )Y, where [; = (lat;, lon;), 0 < i <mn,
the latitude-longitude coordinate pair, and ¢, the timestamp
such that ¢;,; > ;. The raw trajectories are transformed onto
a uniform grid for dimensionality reduction using the so called
geo-hash technique, thus, translating 7, into a hashed trace
S(t) = {(c1,t1), (c2,t2)...(Cny tn)), Where ¢; is the geo-hash
of the transformed grid block.

On the translated trajectories, each of the seven models
performed its training for about 70 million trace samples
and then, generate synthetic samples. Their performances are
evaluated on the following metrics:

« Distribution of the top-50 visited locations
e Mean maximum discrepancy (MMD) [65]
¢ Mutual information decay [66]

o Attack accuracy
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o Training and synthesize time

Each of the above metrics is used to assess the geo-
graphic/semantic similarity, statistical similarity, long-range
dependency, privacy, and computational efficiency, respec-
tively. The long-range dependency means that, in human
trajectories, the current location is affected by the locations,
not only in the near past, but also in the far past. The attack
accuracy quantifies the robustness against two attacks on the
location privacy: location-sequence attack [49] and member-
ship interference attack [67]. We summarize the experimental
results of [32] as follows:

Char-RNN, RGAN and copulas have the closest fit to the
true distribution for the top-50 visited locations.

Copula achieves the most similar results to those of the
real samples in terms of MMD. SeqGAN and RGAN
produce the second and third most similar results, re-
spectively. Other schemes have much more degraded
similarities.

Copula shows the most similar trends to the true samples
in terms of mutual information decay. RGAN achieves the
second most similar results. The others show considerable
difference from the ground truth.

PSMM and copula are the most robust against the
location-sequence attack and membership inference at-
tack, respectively. Char-RNN and SeqGAN are more
vulnerable to security attacks than others.

Copula requires 6.5s and 0.76s for the training and
synthesis, respectively. Other approaches require from
9000s to 12700s for training, and from 10s to 15s for
synthesis.

The above empirical evaluation suggests the copula as the most
preferred approach for overall performance. RGAN looks like
the second most preferred one.

FE. A Summary of Researches

Table I show a brief summary of researches described in
this section. For each research, we present what is its purpose
and how it is organized. We also give what types of GANs
are adopted.

IV. CONCLUSION

In this paper, we reviewed and summarized recent re-
searches on user mobility synthesis that employ GAN. These
studies show that GAN based mobility synthesis brings to us
(a) the intelligence to capture not only the geographic but
also the semantic characteristics of user mobility, (b) a better
geographic/semantic reality and security and (c) convenience
for non-parametric synthesis. Even with the above promising
aspects and some challenging achievements we have seen in
Section III-A, III-B, III-C and III-D, it looks like much more
research is still required to mature the technical stability and
practicality as shown in Section III-E. In other words, this
research domain seems to be still in the early phase. We expect
to see much more number of creative and innovative researches
in this area.
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