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Generating Temporal Contact Graphs Using
Random Walkers

Anton-David Almasan , Sergey Shvydun , Ingo Scholtes , and Piet Van Mieghem , Fellow, IEEE

Abstract—We study human mobility networks through time-
series of contacts between individuals. Our proposed Random
Walkers Induced temporal Graph (RWIG) model generates tem-
poral graph sequences based on independent random walkers that
traverse an underlying graph in discrete time steps. Co-location
of walkers at a given node and time defines an individual-level
contact. RWIG is shown to be a realistic model for temporal human
contact graphs, which may place RWIG on a same footing as
the Erdos–Renyi (ER) and Barabasi–Albert (BA) models for fixed
graphs. Moreover, RWIG is analytically feasible: we derive closed
form solutions for the probability distribution of contact graphs.

Index Terms—Temporal networks, generative models, network
dynamics, Markov process, random walks.

I. INTRODUCTION

IN THE past years, the study of temporal graphs has received
a surge of interest, e.g. to model how time-varying human

contact patterns impact epidemics like COVID-19 [1], [2], [3].
Empirical studies of real-world contact patterns have identified
several characteristics of temporal graphs that can influence
dynamical processes.

A first line of research has focused on the question how the
temporal distribution of interactions affects the evolution of dy-
namical processes in temporal graphs. Studies on the influence of
non-Poissonian and bursty node activity patterns [4], [5], [6], [7]
or long-lasting or concurrent interactions [8], [9] have shown that
real contact patterns can both slow down or speed up spreading
processes compared to a static graph, where all links are always
active.

A second line of research has addressed the question how
the temporal ordering of interactions influences dynamical pro-
cesses such as diffusion or epidemic spreading. In a nutshell,
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for two temporal contacts occurring between Alice and Bob at
time t and between Bob and Carol at time t′, a virus can only
spread from Alice via Bob to Carol if the contact between Alice
and Bob occurs before the contact between Bob and Carol, i.e.
iff t<t′. If the temporal ordering of contacts is reversed, no
time-respecting path exists between Alice and Carol due to the
directedness of the arrow of time. Empirical studies on social,
biological, and technical systems [10], [11], [12] have shown that
the causal topology of temporal graphs, i.e. who can influence
whom via time-respecting paths, is more complex than what we
expect from their static, time-aggregated counterparts, leading
to non-trivial effects such as a speed up or slow down of diffusion
processes compared to (randomized) temporal graphs, that lack
correlations in the temporal ordering of interactions [13], [14],
[15], [16], [17], [18].

Several temporal graph modelling and learning approaches
have been proposed that account for some of the complex
characteristics of empirical contact patterns [19], [20], [21],
[22], [23], [24]. Recently, a system theoretical approach to-
wards emulating temporal graphs is presented in [25]. Var-
ious approaches to model human mobility, which could ex-
plain some of the temporal characteristics of human contact
patterns, are discussed in [26], [27], [28], [29]. Beside epi-
demic spreading, a better understanding of temporal mecha-
nisms can also facilitate the design, management and control
of mobile opportunistic networks [30] or human mobility in
public transportation networks [31]. However, we still lack
simple generative models for temporal graphs that (i) are able
to reproduce realistic contact patterns, (ii) facilitate analytic
treatment and (iii) shed light on potential mechanisms that
shape both the topological and temporal dimension of temporal
graphs.

Addressing this research gap, we propose the Random Walkers
Induced temporal Graph (RWIG) model, which uses multiple
random walkers on a finite graph as a generative model for
temporal contact networks. Any realization of a discrete-time
Markov process on N states can be represented by a random
walk on the corresponding Markov graph with N nodes (states),
where a link between two states i and j is characterised, i.e.
both directed and weighted, by the transition probability pij .
The RWIG model considers a collection of M random walk-
ers that simultaneously traverse the Markov graph in discrete
timesteps according to the N×N Markov transition probability
matrix P with elements equal to the transition probabilities pij .
Hence, each walker executes a realization of the same Markov
process or, equivalently, each walker’s trajectory is driven by
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Fig. 1. Contact graph generation using RWIG: (a) A collection M = {w1, w2, w3, w4, w5} of random walkers simultaneously traverse the Markov graph.
The Markov states (shaded) are nodes and the directed links are the transition probabilities. (b) At each discrete time step k ∈ {1, . . . ,K}, the contact graph Gk

between walkers is formed. RWIG generates a link in the contact graph Gk between each pair of walkers found in the same Markov state at discrete time k.

the Markov process. Thus, we assume in RWIG that the Markov
process generates human mobility trajectories over a set of
places (states). Next to the Markov graph, at discrete time k, the
contact graphGk withM nodes is generated, in which the nodes
represent the random walkers. The main assumption of RWIG is
that links in the contact graph Gk are created between walkers
which visit the same state in the Markov graph at discrete time
k. Fig. 1 exemplifies M = 5 random walkers, who traverse a
Markov graph with N = 8 states (shaded) in discrete-time steps
according to the transition probabilities pij . The probabilities pij
are depicted in Fig. 1(a) on the links between Markov states. The
observation window has lengthK as displayed on the horizontal
axis and four discrete time steps are shown. In Fig. 1(b), RWIG
generates the contact graph of the 5 walkers at each timestep by
creating links between all walkers found in the same state in the
Markov graph. For instance, at time k + 2 walkers w3, w4, w5,
which were in different states at time k + 1, move to the same
state and, consequently, form a fully connected subgraph (or
clique) of size 3. Conversely, walkers w1, w2 move to different
Markov states and thus become isolated nodes in the contact
graph Gk+2.

A physical interpretation of RWIG is a collection of individu-
als moving through space. The underlying graph with adjacency
matrix A represents a city map, with nodes as various locations
(e.g. restaurants, workplaces, homes, public transport stations,
etc) and links as physical paths between locations. The random
walkers represent individuals and the transition probabilities pij
assume that all individuals behave the same.

We can regard the probabilities pij , which together form an
N×N transition probability matrix P , as a common policy,
which all individuals follow. The transition probability matrix
P can generally take the form of any function f(A) of the

adjacency matrix A which results in a stochastic matrix [35].
An example in which the probabilities of jumping from a state i
to any other adjacent state j are all equal is P = Δ−1A, where
Δ is the diagonal matrix of the degree vector of the underlying
graph with adjacency matrix A.

As a common policy is restrictive and often unrealistic (e.g.
a kindergartener would visit different locations than an office
worker), we consider that each random walker wr can have a
different policy, or transition probability matrix Pr. All policies,
however, still reflect the same underlying graph topology (e.g.
city map). Consequently, if there is no link between two states i
and j in the adjacency matrixA, then all policies must have a zero
probability for state transitions between nodes i and j (i.e. aij =
0 implies that (Pr)ij = 0, for all integers i, j ∈ {1, . . ., N}).

Although the properties of random walks have been ex-
tensively studied, the dynamics of multiple random walks on
a graph still represents an active research area. Riascos and
Sanders [32] study multiple non-interactive random walkers on
a graph and analyse the mean encounter times of walkers. A
similar model is proposed to generate contacts between indi-
viduals in [33], which are then used to study the evolution of
epidemics. Masuda et al. [34] present a detailed study of the
theory and applications of random walks. To the best of our
knowledge, RWIG is the first model which leverages multiple
random walks to generate temporal graphs. Our contribution can
be summarised:
� We propose the RWIG model based on random walkers for

generating temporal contact networks.
� We provide an analytical formula for the probability distri-

bution of the contact graphs, which are produced by RWIG
given the transition matrices {Pr}Mr=1 and the initial states
of all walkers.
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Fig. 2. Contact graphs as partitions: (a) Each contact graph is formed by the union of disconnected cliques (i.e. fully connected graphs), where an isolated node is
considered as a clique of size 1. (b) The notion of a clique is abstracted to a subset of pairwise connected walkers. Walkers that belong to different cliques represent
elements of disjoint subsets. Each contact graph is represented by disjoint subsets of the walker set M = {w1, w2, w3, w4, w5}, i.e. a partition where the cells
(i.e. subsets) of the partition indicate the cliques.

� We demonstrate how RWIG is able to generate contact
graphs that resemble real temporal networks.

The paper is organised as follows. In Section II, we describe
the state space and topological structure of contact graphs.
Section III provides an analytical formula for the probability
distribution of the contact graph formed by a set of walkers,
conditioned on the walkers’ initial states and policies. Section IV
discusses RWIG in the steady state. To motivate the applicability
of RWIG, Section V offers simulation results illustrating the
wide variety of contact graphs produced by RWIG and compares
the RWIG generated sequences with empirical data. Finally,
we introduce the notation to the reader in Appendix A and
mathematical definitions are deferred to Appendix B.

II. RANDOM WALKERS INDUCED TEMPORAL GRAPH (RWIG)

A. Formulation of RWIG

We consider an undirected unweighted graph with N nodes
and L links that is represented by an N×N adjacency matrix A,
which is the underlying graph. A Markov graph that emulates a
random walk on that graph has the N×N probability transition
matrix P . For instance, the transition probability matrix P =
Δ−1A, whereΔ = (d1, d2, . . ., dN ) and di is the degree of node
i, describes a Markov graph [35, p. 108-110] in which there is an
equal probability to reach neighbouring states. On that Markov
graph, M random walkers, independently of each other, jump
from one state to another state per discrete time k, starting from
k = 0 until some finite time k = K, according to the N×N
probability transition matrix P . The trajectory of each random
walkerwj∈{w1, . . ., wM} across the states of the Markov graph
can be regarded as one realization of the Markov process [36],
that starts in the state described by the 1×N vector sj [0].

B. State Space of RWIG

The fundamental assumption of RWIG is that any pair of
walkers that meets at time k in the same Markov state is con-
nected in the contact graph Gk. In other words, if q walkers
reside in the same state in the Markov graph at discrete time

k, they form a fully connected subgraph, i.e. clique of size q in
the contact graph Gk. Consequently, the graph Gk consists of
the union of disconnected cliques and Gk is only connected and
equal to a complete graphKM if allM walkers meet in the same
state. The induced structure describes the contact graph through
pairwise disjoint subsets of walkers, which is exemplified in
Fig. 2.

The union of the walker subsets in the node set of
contact graph Gk equals the complete walker set M =
{w1, w2, . . ., wM}. Since the subsets are pairwise disjoint, each
possible contact graph generated by RWIG is equivalent to a
partition on the walker set M, whose number of cells is equal to
the number of disconnected cliques. Thus, we refer to partitions
on the walker set M and contact graphs interchangeably. Addi-
tionally, we also refer to m-partitions on the walker set M and
m-clique contact graphs (i.e. a contact graph with m cliques)
interchangeably.

To count the number of possible contact graphs, consider an
m-clique contact graph Gk at some time k, which is equivalent
to an m-partition πm on the walker set M. In the contact
graph, M walkers occupy m different states, where m ≤ M .
Additionally, the number of occupied states m is upper bounded
by the total number of states N in the Markov graph. Therefore,
the number of states occupied by walkersm is upper bounded by
min(N,M). The total number of contact graphs |Gk| is obtained
by summing the number of all possible m-partitions

|Gk| =
min(N,M)∑

m=0

S(m)
M , (1)

where S(m)
M are the Stirling numbers of the second kind [37].

If the number of walkers does not exceed the number of walker
states (i.e. M ≤ N ), m is upper bounded by min(N,M) = M .
Therefore, the total number of partitions on the walker set M
and consequently, the total number of contact graphs is |Gk| =∑M

m=0 S(m)
M = BM , where BM is the M -th Bell number. The

Bell numbers are explained in Appendix B. Table I illustrates
a few examples of the number of contact graphs for various
combinations of walker count M and number of Markov states
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TABLE I
EXAMPLES OF CONTACT GRAPH STATE SPACE CARDINALITY WITH RESPECT

TO M WALKERS AND N STATES

N , where the regime M ≤ N is shaded. For instance, if M = 5
and N = 3, the total number of contact graphs is 41 as there are
25 ways for 5 walkers to occupy 3 states and form a 3-clique
graph, 15 ways to occupy 2 states (Gk is a 2-clique graph) and
only 1 way to be in the same state (Gk is a complete graph).

Therefore, if the number of walkers does not exceed the num-
ber of states M ≤ N , the number of contact graphs formed by
M random walkers is equal to the Bell numberBM . Otherwise, if
M > N , then we omit m-partitions on the walker set M where
m > N because walkers cannot be found in more cliques than
there are Markov states.

C. Contact Graph Probability: Examples

After the enumeration of contact graphs in Section II-B,
we now seek to find the probability distribution of the con-
tact graphs Gk, conditioned on the initial state vector sj [0] of
walker wj and Markov transition matrices Pj for each walker
wj ∈ {w1, w2, . . . , wM}.

A contact graph realisation with m cliques is denoted as
g = {A1,A2, . . .,Am}, whereAi for all i ∈ {1, 2, . . .,m}, rep-
resent the cliques formed at a discrete time step. Due to the
equivalence between contact graphs and partitions on the walker
set M shown in Fig. 2, the cliques Ai are functionally subsets
of walkers found to be in the same state in the Markov graph at
a given time.

We also introduce the set of initial conditions for all walkers:
sM[0] = {sj [0]}Mj=1, as well as the set of N×N transition
probability matrices for all walkers PM = {Pj}Mj=1.

1) Introductory Example: The simplest contact graph exam-
ple is the complete graph Gk = {M}, where all walkers are
found in the same Markov state at discrete time k.

The random variable Xj [k] denotes the state in the Markov
graph of walker wj at discrete time k and Pr[Xj [k] = i] is the
probability that walker wj is in state i in the Markov graph at
discrete time k. The i-th element of the probability state vector
sj [k] for walker wj at time k is then (sj [k])i = Pr[Xj [k] = i].
Only if all M walkers are in the same state at discrete time
k, a complete graph KM is formed. The probability that all
M walkers are in state i equals

∏M
j=1 Pr[Xj [k] = i], because

all random walkers move independently of each other in the
Markov graph. Summing the probabilities that all walkers are in
state i over all states i ∈ {1, 2, . . ., N} results in the probability

that a complete graph Gk = {M}≡KM is created at discrete
time k:

Pr[Gk = {M}] =
N∑
i=1

M∏
j=1

Pr[Xj [k] = i] =

N∑
i=1

M∏
j=1

(sj [k])e
T
i ,

where ei is the all-zero row vector with 1 at i-th position [36].
Introducing the Hadamard product [35] of the walkers’ state
probability vectors s1[k] ◦ . . . ◦ sM [k] =

⊙M
j=1 sj [k]:

Pr[Gk = {M}] =
N∑
i=1

M∏
j=1

(sj [k])e
T
i =

N∑
i=1

⎛
⎝ M⊙

j=1

sj [k]

⎞
⎠ eTi .

Finally, introducing the all-ones vector u = [1, . . . , 1] yields:

Pr[Gk = {M}] =
⎛
⎝ M⊙

j=1

sj [k]

⎞
⎠uT =

M⊙
j=1

(
sj [0]P

k
j

)
uT ,

(2)

where we have used the k-step Markov transition probability
formula [36]: sj [k] = sj [0]P

k
j .

Equation (2) expresses the probability that the M walkers
are in the same state in the Markov graph at discrete time k.
Since M is just an example of any M size walker set, (2) is
also directly applicable to any walker subset Ai ⊆ M, where
i ∈ {1, 2, . . .,m}. We thus define σAi

[k] as the probability that
walkers of a subset Ai ⊆ M are in the same state at discrete
time k:

σAi
[k] =

⊙
wj∈Ai

(
sj [0]P

k
j

)
uT . (3)

The implementation of (3) is provided in Appendix C (Algo-
rithm 1). The definition of σAi

[k] in (3) constitutes the basis of
our further analysis, because (3) forms a compact and analyt-
ically tractable formula relating contact graph probabilities to
the transition probability matrices and initial conditions.

Equation (2) calculates the probability that all walkers are in
the same state, which is equivalent to the probability of the 1-
clique contact graph or the complete graph KM . To offer insight
into the probability of contact graphs with more than one clique,
we first calculate the probabilities of the 2-clique and 3-clique
contact graphs. We then state and prove in Section III our main
theorem for the probability of a general m-clique contact graph.

2) 2-Clique Contact Graph: Let g be a 2-clique contact
graph realisation g = {A1,A2}. We consider that the walkers
in cliques A1 and A2 are in Markov states i and j respec-
tively. Summing over all states i, j where i �= j, the probability
Pr[Gk = g] is:

Pr[Gk = g] =
N∑
i=1

N∑
j=1
j �=i

( ∏
wu∈A1

su[k]e
T
i

)( ∏
wv∈A2

sv[k]e
T
j

)

=

N∑
i=1

( ∏
wu∈A1

su[k]e
T
i

)
N∑
j=1
j �=i

( ∏
wv∈A2

sv[k]e
T
j

)
.

(4)
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We rewrite the second sum-product term as:

N∑
j=1
j �=i

∏
wv∈A2

sv[k]e
T
j =

N∑
j=1

( ∏
wv∈A2

sv[k]e
T
j

)
−
∏

wv∈A2

sv[k]e
T
i .

Introducing the definition of σA[k] in (3) yields:

N∑
j=1
j �=i

∏
wv∈A2

sv[k]e
T
j =

⊙
wv∈A2

(
sv[0]P

k
v

)
uT −

∏
wv∈A2

sv[k]e
T
i

= σA2
[k]−

∏
wv∈A2

sv[k]e
T
i . (5)

Substituting (5) into (4):

Pr[Gk = g] = σA2
[k]

N∑
i=1

( ∏
wu∈A1

su[k]e
T
i

)

−
N∑
i=1

( ∏
wu∈A1

su[k]e
T
i

∏
wv∈A2

sv[k]e
T
i

)
.

Since A1 and A2 are complements w.r.t. the walker set M, then
A1 ∪ A2 = M and thus:∏

wu∈A1

su[k]e
T
i

∏
wv∈A2

sv[k]e
T
i =

∏
wu∈M

su[k]e
T
i .

Finally, by (2) and (3):

Pr[Gk = g] = σA2
[k]

N∑
i=1

∏
wu∈A1

su[k]e
T
i −

N∑
i=1

∏
wu∈M

su[k]e
T
i

= σA1
[k]σA2

[k]− σM[k]. (6)

The intuition behind (6) is the inclusion-exclusion princi-
ple [36, p. 10-12], where the probability of 2 cliques is equal to
the probability that walkers from the subsetsA1 andA2 are each
found in the same states minus (hence, excluding) the probability
that all walkers are in the same state.

3) 3-Clique Contact Graph: Let g be a 3-clique contact graph
realisation g = {A1,A2,A3}. We consider that the walkers in
clique A1 are in Markov state i1, the walkers in clique A2 are in
Markov state i2 and that the walkers in clique A3 are in Markov
state i3. Summing over all states i1, i2, i3 where i1 �= i2 �= i3,
the probability of the realisation g is:

Pr[Gk = g] =
N∑

i1=1

N∑
i2=1

i2/∈{i1}

N∑
i3=1

i3/∈{i1,i2}

3∏
j=1

∏
wu∈Aj

su[k]e
T
ij
. (7)

Expanding (7) is possible by observing that the probability
Pr[Gk = g] is equal to the product of clique probabilities minus
the probability of any contact graph obtained by amassing
cliques (e.g. A1∪A2 or A1∪A2∪A3). In other words, the event
that walkers from each of the cliques A1, A2, A3 are found
in the same state, which has probability σA1

[k]σA2
[k]σA3

[k],
encompasses the 3 events: walkers occupy the same state, walk-
ers occupy two different states, walkers occupy three different

states. The probability of a contact graph with three cliques
g = {A1, A2, A3} is

Pr[Gk = g] = σA1
[k]σA2

[k]σA3
[k]− Pr[Gk = {M}]

− Pr[Gk = {A1 ∪ A2,A3}]
− Pr[Gk = {A1 ∪ A3,A2}]
− Pr[Gk = {A2 ∪ A3,A1}].

Denoting amassed cliques as Ai ∪ Aj = Aij :

Pr[Gk = g] = σA1
[k]σA2

[k]σA3
[k]− Pr[Gk = {M}]

− Pr[Gk = {A12,A3}]
− Pr[Gk = {A13,A2}]
− Pr[Gk = {A23,A1}]. (8)

The sigma notation in (3) extends to amassed cliques as
σAi1,i2,...,im

[k] = σAi1
∪Ai2

∪...∪Aim
[k] and yields:

Pr[Gk = g] = σA1
[k]σA2

[k]σA3
[k]− σM[k]

− (σA12
[k]σA3

[k]−σM[k])

− (σA13
[k]σA2

[k]−σM[k])

− (σA23
[k]σA1

[k]−σM[k])

= σA1
[k]σA2

[k]σA3
[k]−σA12

[k]σA3
[k]

−σA13
[k]σA2

[k]−σA23
[k]σA1

[k] + 2σM[k]. (9)

The probability of a 4-clique contact graph is provided in
Appendix F.

III. CONTACT GRAPH PROBABILITY DISTRIBUTION

Let g be anym-clique contact graph: g = {A1,A2, . . . ,Am}.
Equations (4) and (7) can be extended to compute the probability
of an m-clique contact graph.

Theorem 1: The probability of an m-clique contact graph
g = {A1,A2, . . .,Am} at discrete time k is

Pr[Gk = g] =

N∑
i1=1

N∑
i2=1

i2 �∈{i1}

. . .

N∑
im=1

im �∈{il}m−1
l=1

m∏
j=1

∏
wu∈Aj

(su[k])ij .

(10)

Proof: The probability that M walkers form a contact graph
g = {A1, . . .,Am} at discrete time k in m states i1, . . ., im,
where |{i1, . . ., im}| = m, is equal to

∏m
j=1(

∏
wu∈Aj

(su[k])ij ).
Summing over all different m states {ij}mj=1 yields the proba-
bility of the realisation g. �

Theorem 1 offers the probability of an m-clique contact
graph from a combinatorial perspective. However, (10) requires
to consider N !

(N−m)! combinations of states where M walkers
may form cliques A1, . . . ,Am, which lead to a combinatorial
explosion for a large number of states N . Therefore, we derive
a closed form for Pr[Gk = g].
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Fig. 3. Process of creating amassed clique contact graphs.

A. Amassed Clique Contact Graphs

We offer a formal definition of amassed clique graphs in-
troduced in Section II-C3, and subsequently illustrate how the
process of amassing cliques allows us to formulate our main
theorem and expand (10).

Equation (8) offers insight into the recursive nature of contact
graphs probabilities and partitions: amassed clique graphs are a
result of partitioning the contact graph Gk and taking the union
of walkers.

Example 1: By taking a 2-partition π2 = {C1, C2} = {{A1,
A2}, {A3}} on the realisation g = {A1,A2,A3} and taking the
union of cliques A1 ∪ A2 = A12, we obtain the amassed-clique
contact graph g(π2) = {A12,A3}. Schematically, the genera-
tion of amassed clique contact graphs is shown in Fig. 3.

We call g(π) the contact graph associated with partition π on
g. Naturally, the singleton partition π3 = {{A1}, {A2}, {A3}}
has associated contact graph g(π3) = g = {A1,A2,A3}. The
rationale behind contact graphs generated by amassing
cliques holds for any m-clique contact graph realisation g =
{A1,A2, . . .,Am}, thus generalising (8) to:

Pr[Gk = g] =

m∏
k=1

σAk
−
∑
π∈P∗

g

Pr[Gk = g(π)], (11)

where Pg is the set of all possible partitions on g and P∗
g =

Pg\{{A1}, {A2}, . . ., {Am}} excludes the singleton partition
πm.

We emphasize the distinction between partitions on a walker
set and partitions on a contact graph. Recall from Section II-B the
equivalence relationship between contact graphs and partitions
on the walkers set M. Similarly, amassed clique graphs are
a special class of contact graphs, which are obtained through
partitioning cliques. We denote the difference by the symbol
C for the cells of a partition on cliques and by A for the cells
of a partition on the walker set M. The caveat is illustrated in
Fig. 3 of Example 1, where the cells of the 2-partition π2 are:
C1 = {A1,A2}, C2 = {A3} and will be used in the proof of our
main theorem.

B. Main Theorem

In (11), each m-clique graph realisation g = {A1, . . .,Am}
probability depends on its associated sigma product∏m

l=1 σAl
[k], which allows us to reduce (11) to a closed form

that depends only on sigma terms. Additionally, Pr[Gk = g]
also depends on the probability of graphs associated with all
partitions on g. Thus, we are motivated to reduce (11) to a

closed form:

Pr[Gk = g] =
∑
π∈Pg

βm(π)
∏

A∈g(π)
σA[k], (12)

whereA is a clique in the amassed clique graph g(π) (associated
with partition π on g), βm(π) ∈ Z is the number of sigma
product terms associated with contact graph g(π) and subscript
m is the number of cliques in g. We call (12) the sigma expansion
of (11) for contact graph g. We now state our main theorem:

Theorem 2: The probability of an m-clique contact graph
g = {A1,A2, . . .,Am} at discrete time k is

Pr[Gk = g] =
∑
π∈Pg

(∏
C∈π

(−1)|C|−1(|C|−1)!

) ∏
A∈g(π)

σA[k],

(13)

where |C| denotes the number of cliques A in cell C of partition
π on g = {A1,A2, . . .,Am}.

Our proof of Theorem 2 stems directly from Lemmas 1 and 2,
presented below.

Lemma 1: Let π1 = {M} be the 1-partition on the walker set
M. The number βm(π1) of sigma product terms σM[k] in the
sigma expansion formula (12) for the probability of an m-clique
contact graph depends only on the number of cliques m as

βm(π1) = (−1)(m−1)(m− 1)! (14)

Lemma 2: Let g be a m-clique contact graph. Let πq =
{C1, . . ., Cq} be a q-partition on g, with q < m. Let the cardinal-
ity of each cell Ci be ci. Let the number of sigma product terms∏q

i=1 σCi [k] in the sigma expansion formula of g be βm(πq).
Then

βm(πq) =

q∏
i=1

(−1)ci−1(ci − 1)! (15)

Lemma 1 offers a formula for the weight βm(π1) of the sigma
product σM[k] (associated with the trivial partition π1 = {M},
i.e. the complete graph KM ). We build Lemma 2 from Lemma 1
as a generalisation from the trivial partition to any q-partition πq

on the walker setM. More precisely, we find the weight βm(πq)
of the sigma product associated with any q-partition on g, where
q < m. The proofs of Lemmas 1 and 2 are provided in Appendix
E.

The proof of Theorem 2 is immediate by applying Lemma 2
to all partitions on g.

Theorem 1 considers all possible combinations of walker
states in order to calculate the probability distribution of a
contact graph Gk which involves performing redundant, re-
peated operations. The adoption of a clique-centric view and
the computation of the probability of cliques via Hadamard
products leads to a more efficient calculation of the probability
of a contact graph realisation. Therefore, Theorem 2 offers a
considerable advantage in terms of the runtime. Furthermore,
because different realisations in the contact graph sample space
of Gk may use the same clique probability (i.e. sigma product),
we can precompute all sigma products to further speed up the
calculation of the probability distribution ofGk. Both Theorem 1
and 2 thus attest the elegant mathematical tractability of the
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Fig. 4. Most probable 4 realisations of the contact graph G∞ formed by 4
walkers.

RWIG model. To compare time complexities, we record the
execution time of calculating the probability distribution of
RWIG graphs using both (10) and (13) and present the results in
Appendix D. The pseudocode for (13) in Theorem 2 is provided
in Appendix C (Algorithm RWIG-pmf). 1

IV. STEADY-STATE CONTACT GRAPHS

We assume that the sameN ×N Markov transition matrixP ,
which is common for all walkers, possesses a steady-state dis-
tribution s̃, obeying s̃ = s̃P . Then, the steady-state probability
vector of each walker w ∈ M reduces to

lim
k→∞

sw[k] = s̃. (16)

For a cliqueA of size |A| = q and recalling the k-step Markov
transition probability sj [k] = sj [0]P

k, taking the limit in (3)
as k → ∞ and invoking the existence of a steady-state in (16)
yields

lim
k→∞

σA[k] = lim
k→∞

⊙
wj∈A

(
sj [0]P

k
j

)
uT

=

⎛
⎝⊙

wj∈A
s̃

⎞
⎠uT =

N∑
i=1

(s̃i)
q. (17)

The combinatorial nature of Theorem 2 does not permit an an-
alytical simplification of (13) in the steady state. However, (17)
illustrates that cliques of the same size have the same probability,
because all walkers have the same steady-state distribution s̃.
Therefore, the probability of a steady-state contact graph does
not depend on the labelling of walkers inside cliques, but rather
only on clique sizes and the steady-state vector s̃.

Example 2: Let M = 4 walkers be in the steady-state s̃ =
[0.1 0.1 0.1 0.7]T . Using Theorem 2, we calculate the probability
distribution of the steady-state contact graph G∞ formed by the
walkers. In Fig. 4 , we plot the most probable 4 realisations
and illustrate that the second, third and fourth most probable
realisations have equal probabilities and the same topologies.

Consequently, allm-clique steady-state contact graphs, which
have the same m clique sizes, have equal probability and we are
thus motivated to study the probability of unlabelled steady-state
contact graphs.

1The code is available at: https://github.com/DavidAlmasan/rwig

A. Unlabelled Contact Graphs

Consider a steady-state m-clique contact graph realisation
g∞ = {A1, . . .,Am} with clique sizes |A1| = q1, ..., |Am| =
qm. Additionally, denote by Q = {q1, . . ., qm} a set of m posi-
tive integers which sum to M , i.e.

∑m
i=1 qi = M .

We seek the number γ(Q) of different steady-state m-clique
contact graph realisations with M walkers where the set formed
by clique sizes of each realisation is equal to the set Q. The
number γ is equal to the solution to the combinatorial problem
of counting how many ways there are to arrange M identical
objects into m bins with sizes {q1, . . ., qm}. If we denote by cj
the number of cliques of size j i.e. cj = |{i ∈ {1, . . .,m}:qi =
j}|, for all 1 ≤ j ≤ M , the solution to the problem is, by [38,
equation (13.3)],

γ(Q) =
M !∏m

i=1 qi!
∏M

j=1 cj !
. (18)

Any realisation g with equal clique size set has the same
structure. Hence, removing the node labels of any contact graphs
with clique size set Q results in the unlabelled graph gu which is
equivalent to the set Q. We consider unlabelled contact graphs
when all walkers are found in the same steady-state because, as
discussed in the beginning of Section IV, all realisations with
equal clique size set have equal probability.

Unlabelled contact graphs allow us to scale RWIG to higher
walker counts M by reducing the contact graph state space. For
instance, Table I shows that the total number of contact graphs for
M = 9 walkers and N = 10 states is 21,147. However, the total
number of unlabelled contact graphs for M = 9 and N = 10
is only 30, which is the number of partitions of the positive
integer M = 9 into a multiset of positive integers, such that the
elements sum toM . Hence, as we increase the number of walkers
M considerably above the number of states N in the Markov
graph, we avoid the combinatorial Bell numbers explosion of the
contact graph state space by omitting fine grained information
on the walkers’ clique assignment (i.e. which walker belongs to
which clique) and allow for practical analysis of the clique sizes
distribution.

Consider any labelled contact graph realisation g which re-
sults in an unlabelled graph gu. Then the probability of an
unlabelled graph gu is defined by Lemma 3.

Lemma 3: The probability of a steady-state unlabelled m-
clique contact graph gu with clique sizes Q = {q1, . . ., qm} and
M walkers is

Pr[Gu
∞ = gu] = γ(Q) Pr[G∞ = g], (19)

where γ(Q) is defined by (18), g = {A1, . . .,Am} is a contact
graph realisation obtained by any labelling of the nodes in the
unlabelled realisation gu with distinct labels from the walker set
M and

Pr[G∞=g] =
∑
π∈Pg

(∏
C∈π

(−1)|C|−1(|C|−1)!

) ∏
A∈g(π)

(
N∑
i=1

s̃
|A|
i

)

(20)
with all walkers traverse the same Markov graph with N states
and steady-state vector s̃.
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Fig. 5. Probability density of the unlabelled contact graph Gu∞ formed by 4
walkers.

Example 3: Let M = 4 walkers be in the steady-state s̃ =
[0.1 0.1 0.1 0.7]T . Using Lemma 3, we calculate the probability
distribution of the steady-state unlabelled contact graph Gu

∞
formed by the walkers and plot it in Fig. 5 .

B. A Combinatorial Computation of the Steady-State Graph

Another way to compute the probability of a steady-state
unlabelled m-clique contact graph, where each walker has the
same2 steady-state vector s̃, can be obtained from Theorem 1.
For a labelled contact graph g = {A1, . . .,Am}, the probability
of realisation g becomes

Pr[G∞ = g] = lim
k→∞

Pr[Gk = g] =

=

N∑
i1=1

N∑
i2=1

i2 �∈{i1}

. . .

N∑
im=1

im �∈{i1,...,im−1}

m∏
j=1

s̃
qj
ij
. (21)

where the clique sizes qi = |Ai|, for all 1 ≤ j ≤ m, form the
clique size setQ = {q1, . . ., qm}. The number of labelled graphs
with clique size set Q is given by (18), and thus the probability
of an unlabelled steady-state contact graph gu with clique size
set Q is

Pr[Gu
∞=gu]=

M !
∑N

i1=1

∑N
i2=1

i2 �∈{i1}
. . .
∑N

im=1
im �∈{il}m−1

l=1

∏m
j=1 s̃

qj
ij∏m

i=1 qi!
∏M

j=1 cj !
.

(22)

where cj is the number of cliques of size j, for all 1 ≤ j ≤ M .

V. EMPIRICAL ANALYSIS

The assumption of RWIG, that all walkers found in the same
Markov state at discrete-time k are connected in the contact
graph, implies that the contact graph Gk is formed by the union
of disconnected cliques. In this section, we analyse various
empirical temporal networks to validate our assumption and we
demonstrate that RWIG is able to reproduce contact graphs with
similar topological properties.

A. Datasets

We inspect a series of empirical datasets collected through the
SocioPatterns sensing platform (http://www.sociopatterns.org).
Génois and Barrat [39] study how co-location graphs can be used

2If not all walker’s probabilities are the same, then we must again compute
all possible partitions as in Theorem 2.

Fig. 6. Clique size distribution (top) and clique count distribution (bottom)
for three co-location datasets.

as a proxy for face-to-face contacts. Similar to our fundamental
assumption in RWIG, individuals are considered connected in
a co-location graph if they are found to be in the same spatial
location. Consequently, the co-location datasets are snapshots
at discrete time steps of graphs. Our analysis of the datasets
released in [39] found that all co-location samples consist of
unions of disconnected cliques, in complete accord with the
topology of the contact graphs generated by RWIG.

We study the clique size distribution and the clique count
distribution in co-location graphs. The clique size distribution
is defined as the probability of observing a clique of a certain
size and offers insight into possible patterns of typical clique
sizes. The clique count quantifies the connectivity of the contact
graph. Fig. 6 depicts the clique size and count distributions
for three co-location datasets from [39]: InVS15 (219 nodes),
LyonSchool (242 nodes) and Thiers13 (328 nodes). For the
clique size distribution, we only consider cliques formed of at
least two individuals.

As shown in Fig. 6, most cliques for all datasets are small
in size and consist mainly of two nodes. However, the clique
count distribution indicates that some datasets exhibit stronger
connectivity. For instance, the co-location graphs in LyonSchool
have on average fewer cliques than the graphs in InVS15 while
having a larger number of nodes. Hence, there is a comparably
higher propensity for larger clique sizes in the graphs from
LyonSchool, which is supported by Fig. 6. Overall, there is
significant variability in the structure of co-location graphs.

Finally, we investigate the impact of the number of Markov
states N and the walkers’ Markov transition probability ma-
trices Pr on the accuracy of modelling empirical contact
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TABLE II
STEADY-STATE VECTORS

Fig. 7. Clique size distribution (top) and clique count distribution (bottom)
for unlabelled steady-state contact graphs.

graph distributions using RWIG. An ablation study is found in
Appendix G.

B. Simulations of Steady-State Contact Graphs

We now show how RWIG is able to generate both sparse
and dense contact graphs with minimal parameter tuning. As
the unlabelled steady-state contact graph distribution Pr[Gu]
depends only on the steady-state distribution s̃, we compute
the clique size and clique count distributions for a range of
different steady-state distributions. We consider M = 10 walk-
ers and a Markov graph with N = 15 states which admits a
steady-state vector s̃. We consider three different steady-state
vectors (see Table II). The first two steady-state vectors s̃ =
[s1 s2 . . . sN ]T have equal probability s1 = s2 = . . . = sN−1

for the the first N−1 states while the probability sN of state
N takes values sN > s1 and sN 
 s1. We also consider the
steady-state vector with the last three elements equal to each
other s̃ = [ 1

1200 . . . 1
1200 0.32 0.32 0.32], which we call the

Multimodal steady-state vector.
Fig. 7 illustrates the clique size and clique count distributions

for M = 10 walkers on a N = 15 state Markov graph. We
overlay a smooth Kernel Density Estimate (KDE) line plot on
top of the histograms for better visualisation.

VI. CONCLUSION

We present RWIG, a temporal contact graph model generated
by independent random walkers on a Markov graph. A random
walk on a Markov graph is a realisation of a Markov process,
which is specified in discrete time by a transition probability
matrix Pr and an initial condition sr[0] for each walker wr. By
choosing the matricesPr as well the vectors sr[0], any collection
of discrete-time Markov processes can generate a corresponding
temporal contact graph sequence consisting of disjoint cliques,
which makes RWIG general.

We derive the probability distribution (Theorem 2) of the
RWIG contact graphs under the assumption of known initial
walker states and transition probabilities in the Markov graph.
In Section V, we show that many real temporal network datasets
consist of disconnected cliques, in complete accord with the
graph configurations implied by the co-location principle of
RWIG. We further demonstrate that RWIG is capable of pro-
ducing diverse contact graphs including graphs with many small
cliques (e.g. sN = 0.33) or few large cliques (e.g. sN = 0.96).
Moreover, we illustrate how clique size variety is already im-
posed by only tuning the steady-state vector s̃.

In general, the accuracy of RWIG depends on the number of
states N in the Markov graph. Hence, we perform an ablation
study in Appendix G to illustrate the trade-off between model
complexity and accuracy. When all walkers follow the same
Markov transition probability matrix P , RWIG’s accuracy in
generating realistic contact graph distributions increases with the
number of Markov statesN . However, the additional complexity
of different Markov policies is enough to instill RWIG with su-
perior modelling performance. RWIG perfectly reproduces (i.e.
with zero average error) the empirical contact graph distributions
from the LyonSchool dataset even when the Markov graphs have
only a few states (Appendix G, Fig. 9).

The analytical tractability of the model, along with the capa-
bility to create a wide variety of contact graphs, renders RWIG
a promising basis for temporal graphs generative modelling.

VII. FURTHER WORK

We will explore extensions to the RWIG model:
First, we plan to address the inverse problem, that consists of

finding the class of transition probability matrices P that gener-
ates a given K-length sequence of contact graphs G1, . . ., GK .
While statistical methods such as maximum likelihood esti-
mation lie at the heart of the problem, the complexity of the
parameter search space and scarcity of similarity measures for
temporal graphs make this task non-trivial.

Second, given that a link in Gk occurs, what is the probability
that that link still exists at time l > k in Gl? Alternatively, can
RWIG’s transition probability matrix be tuned to generate a
“link burst” (i.e. the existence of a link over multiple time slots).
Many other questions or assumptions made in the temporal graph
community may be addressed from the “process point of view”
of RWIG.

Third, motivated by the importance of higher-order correla-
tions in time-respecting paths [20], [24], can RWIG be used to
analytically calculate the probability of time-respecting paths of
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length k? The answer would not only unravel which mechanisms
(in terms of the underlying Markov graph and the transition
probability matrixP ) can lead to temporal graphs, whose causal
topology –i.e. which nodes can indirectly influence each other
via time-respecting paths– differs from that of the corresponding
static graph, but it would also shed light on the question why
many human contact patterns exhibit second-order correlations,
which has been shown to strongly influence the dynamics of
diffusion and epidemic spreading [13], [14].

Finally, we outline that RWIG fundamentally represents a
framework for analysing the co-occurence in time and sample
space of any set of possibly different stochastic processes. It
would be fruitful to examine the applicability of RWIG to
temporal graphs which are not inspired by human mobility. For
example, if we consider the action space of reinforcement learn-
ing agents, RWIG could model the co-occurence in space and
time of the same action taken by agents which follow possibly
different policies. RWIG would thus be able to offer insight into
how different agent policies converge towards optimal actions.

REFERENCES

[1] K. Y. Yap and Q.-L. Xie, “Personalizing symptom monitoring and contact
tracing efforts through a COVID-19 Web-App,” Infect. Dis. Poverty, vol. 9,
2020, Art. no. 93.

[2] G. Cencetti et al., “Digital proximity tracing on empirical contact networks
for pandemic control,” Nat. Commun., vol. 12, 2021, Art. no. 1655.

[3] World Health Organization, “Digital tools for COVID-19 contact tracing,”
Geneva, Switzerland, 2020. [Online]. Available: https://who.int/publica-
tions/i/item/WHO-2019-nCoV-Contact_Tracing-Tools_Annex-2020.1

[4] J. L. Iribarren and E. Moro, “Impact of human activity patterns on the
dynamics of information diffusion,” Phys. Rev. Lett., vol. 103, 2009,
Art. no. 038702.

[5] M. Karsai et al., “Small but slow world: How network topology and
burstiness slow down spreading,” Phys. Rev. EStat., Nonlinear, Soft Matter
Phys., vol. 83, 2013, Art. no. 025102.

[6] P. Takaguchi, “Bursty communication patterns facilitate spreading in a
threshold-based epidemic dynamics,” PLoS One, vol. 8, no. 7, pp. 1–5,
2013.

[7] J.I. Perotti, H.-H. Jo, P. Holme, and J. Saramäki, “Temporal network
sparsity and the slowing down of spreading,” 2014, arXiv:1411.5553.

[8] N. Masuda, K. Klemm, and V. Eguíluz, “Temporal networks: Slowing
down diffusion by long lasting interactions,” Phys. Rev. Lett., vol. 111,
2013, Art. no. 188701.

[9] M. Morris and M. Kretzschmar, “Concurrent partnerships and transmis-
sion dynamics in networks,” Soc. Netw., vol. 17, no. 3, pp. 299–318, 1995.

[10] H. H. K. Lentz, T. Selhorst, and I. M. Sokolov, “Unfolding accessibility
provides a macroscopic approach to temporal networks,” Phys. Rev. Lett.,
vol. 110, 2013, Art. no. 118701.

[11] R. K. Pan and J. Saramäki, “Path lengths, correlations, and centrality in
temporal networks,” Phys. Rev. E, vol. 84, 2011, Art. no. 016105.

[12] P. Holme and J. Saramäki, “Temporal networks,” Phys. Rep., vol. 519,
no. 3, pp. 97–125, 2012.

[13] R. Pfitzner, I. Scholtes, A. Garas, C. J. Tessone, and F. Schweitzer, “Be-
tweenness preference: Quantifying correlations in the topological dynam-
ics of temporal networks,” Phys. Rev. Lett., vol. 110, 2013, Art. no. 198701.

[14] I. Scholtes, N. Wider, R. Pfitzner, A. Garas, C. J. Tessone, and F.
Schweitzer, “Causality-driven slow-down and speed-up of diffusion
in non-Markovian temporal networks,” Nat. Commun., vol. 5, 2014,
Art. no. 5024.

[15] M. Rosvall, A.V. Esquivel, A. Lancichinetti, J. D. West, and R. Lambiotte,
“Memory in network flows and its effects on spreading dynamics and
community detection,” Nat. Commun., vol. 5, 2014, Art. no. 4630.

[16] H. H. K. Lentz et al., “Disease spread through animal movements: A
static and temporal network analysis of pig trade in Germany,” PLoS One,
vol. 11, no. 5, 2016, Art. no. e0155196.

[17] J. Peng et al., “Signal propagation in complex networks,” Phys. Rep.,
vol. 1017, pp. 1–96, 2023, doi: 10.1016/j.physrep.2023.03.005.

[18] D. Hou, C. Gao, Z. Wang, X. Li, and X. Li, “Random full-order-coverage
based rapid source localization with limited observations for large-scale
networks,” IEEE Trans. Netw. Sci. Eng., vol. 11, no. 5, pp. 4213–4226,
Sep./Oct. 2024, doi: 10.1109/TNSE.2024.3406394.

[19] F. Bois and G. Gayraud, “Probabilistic generation of random networks
taking into account information on motifs occurrence,” J. Comput. Biol.,
vol. 22, no. 1, pp. 25–36, 2015.

[20] I. Scholtes, “When is a network a network? Multi-order graphical model se-
lection in pathways and temporal networks,” in Proc. 23rd ACM SIGKDD
Int. Conf. Knowl. Discov. Data Mining, 2017, vol. 17, pp. 1037–1046.

[21] D. Zhou, L. Zheng, J. Han, and J. He, “A data-driven graph generative
model for temporal interaction networks,” in Proc. 26th ACM SIGKDD
Int. Conf. Knowl. Discov. Data Mining, 2020, pp. 401–411.

[22] G. Zeno, L. Fond, and T. Neville, “DYMOND: Dynamic motif-nodes
network generative model,” in Proc. Web Conf., 2021, pp. 718–729.

[23] A. Longa, G. Cencetti, S. Lehmann, A. Passerini, and B. Lepri, “Generating
fine-grained surrogate temporal networks,” Commun. Phys., vol. 7, 2024,
Art. no. 22.

[24] R. Lambiotte, M. Rosvall, and I. Scholtes, “From networks to opti-
mal higher-order models of complex systems,” Nat. Phys., vol. 15,
pp. 313–320, 2019.

[25] S. Shvydun and V. P. Mieghem, “System identification for temporal
networks,” IEEE Trans. Netw. Sci. Eng., vol. 11, no. 2, pp. 1885–1895,
Mar./Apr. 2024.

[26] H. Barbosa et al., “Human mobility: Models and applications,” Phys. Rep.,
vol. 734, pp. 1–74, 2018.

[27] B. Chang et al., “Markov modulated process to model human mobility,”
Stud. Comput. Intell., vol. 1072, pp. 607–618, 2022.

[28] A. Panisson, A. Barrat, C. Cattuto, V. W. den Broeck, W. G. Ruffo, and R.
Schifanella, “On the dynamics of human proximity for data diffusion in
ad-hoc networks,” Ad Hoc Netw., vol. 10, no. 8, pp. 1532–1543, 2012.

[29] G. Mauro, M. Luca, A. Longa, B. Lepri, and L. Pappalardo, “Generating
mobility networks with generative adversarial networks,” EPJ Data Sci.,
vol. 11, 2022, Art. no. 58.

[30] X. Kui, A. Samanta, X. Zhu, S. Zhang, Y. Li, and P. Hui, “Energy-
aware temporal reachability graphs for time-varying mobile opportunistic
networks,” IEEE Trans. Veh. Technol., vol. 67, no. 10, pp. 9831–9844,
Oct. 2018.

[31] N. Huynh and J. Barthelemy, “A comparative study of topological analysis
and temporal network analysis of a public transport system,” Int. J. Transp.
Sci. Technol., vol. 11, no. 2, pp. 392–405, 2022.

[32] A. P. Riascos and D. P. Sanders, “Mean encounter times for multiple ran-
dom walkers on networks,” Phys. Rev. E, vol. 103, 2021, Art. no. 042312.

[33] M. Bestehorn, A. Riascos, T. Michelitsch, and B. Collet, “A Markovian
random walk model of epidemic spreading,” Continuum Mech. Thermo-
dyn., vol. 33, pp. 1207–1221, 2021.

[34] N. Masuda, M. Porter, and R. Lambiotte, “Random walks and diffusion
on networks,” Phys. Rep., vol. 716, pp. 1–58, 2017.

[35] V. P. Mieghem, Graph Spectra for Complex Networks. 2nd ed., Cambridge,
U.K.: Cambridge Univ. Press, 2023.

[36] V. P. Mieghem, Performance Analysis of Complex Networks and Systems.
Cambridge, U.K.: Cambridge Univ. Press, 2014.

[37] M. Abramowitz and I. A. Stegun, Handbook of Mathematical Functions.
New York, NY, USA: Dover Publications, 1968.

[38] V. Lint, J. H., and R. M. Wilson, A Course in Combinatorics, 2nd ed.
Cambridge, U.K.: Cambridge Univ. Press, 2001.

[39] M. Génois and A. Barrat, “Can co-location be used as a proxy for face-to-
face contacts?,” EPJ Data Sci., vol. 7, no. 11, pp. 1–18, 2018.

Anton-David Almasan received the Master of En-
gineering degree from the University of Cambridge,
Cambridge, U.K., with specialisation in information
and computer engineering. Since 2024, he has been
working toward the Ph.D. degree with the Delft Uni-
versity of Technology, Delft, The Netherlands. Before
joining Delft, he was an AI Consultant with Deepsea
Technologies and a Data Scientist with Thales U.K.
His research interests mainly include machine learn-
ing, network science, and stochastic processes.

Authorized licensed use limited to: TU Delft Library. Downloaded on May 09,2025 at 07:21:44 UTC from IEEE Xplore.  Restrictions apply. 

https://who.int/publications/i/item/WHO-2019-nCoV-Contact_Tracing-Tools_Annex-2020.1
https://who.int/publications/i/item/WHO-2019-nCoV-Contact_Tracing-Tools_Annex-2020.1
https://dx.doi.org/10.1016/j.physrep.2023.03.005
https://dx.doi.org/10.1109/TNSE.2024.3406394


ALMASAN et al.: GENERATING TEMPORAL CONTACT GRAPHS USING RANDOM WALKERS 1659

Sergey Shvydun received the master’s degree (with
distinction) in business informatics and the Ph.D.
degree in applied mathematics (cum laude) from HSE
University, Moscow, Russia, in 2014 and 2020, re-
spectively. He was an Associate Professor with the
HSE University and as a Senior Research Fellow with
the Institute of Control Sciences, Russian Academy
of Science, Moscow. Since 2023, he has been a
Postdoctoral Researcher with the Delft University of
Technology, Delft, The Netherlands. He is the author
of more than 30 papers in peer-reviewed journals and

edited volumes and one book on centrality in networks. His research interests
mainly include network science, machine learning, operations research, and
social choice theory.

Ingo Scholtes received the Diploma (with Distinc-
tion) and the Doctorate degree in computer science
(summa cum laude) from the University of Trier,
Trier, Germany, in 2005 and 2011, respectively. From
2011 to 2018, he was a Postdoctoral Researcher and
Lecturer with the Chair of Systems Design, ETH
Zürich, Zürich, Switzerland. From 2019 to 2021, he
was a Professor of data analytics with the University
of Wuppertal, Wuppertal, Germany, and was also with
the University of Zurich from 2018 to 2024. In 2021,
he was a Chaired Professor with the University of

Würzburg. He is currently a Professor of machine learning for complex networks
with the Center for Artificial Intelligence and Data Science (CAIDAS), Univer-
sity of Würzburg, Würzburg, Germany, and SNF Professor of data analytics with
the Department of Informatics (IfI), University of Zurich, Zurich, Switzerland.
He is the author of more than 80 papers in peer-reviewed conference proceedings
and interdisciplinary journals. Apart from methodological contributions with
the interface between network science and machine learning, his research
interests mainly include network science, modelling and analysis of temporal
networks, applications of machine learning to complex networks, applications
of (temporal) graph learning in collaborative software engineering, single cell
biology, and astrophysics. He is also the Vice-Spokesperson with the Center for
Artificial Intelligence and Data Science (CAIDAS) and Founding Co-Chair with
the topical section Computational Social Science, German Informatics Society
(GI e.V.). He was on the Editorial Board of Advances in Complex Systems and
is an Associate Editor for EPJ Data Science. In 2014, he was the recipient
of the Junior-Fellowship from the German Informatics Society (GI e.V.) and
SNSF-Professorship from the Swiss National Science Foundation in 2018.

Piet Van Mieghem (Fellow, IEEE) received the mas-
ter’s and Ph.D. degrees in electrical engineering from
the K.U. Leuven, Leuven, Belgium, in 1987 and 1991,
respectively. He is currently a Professor with the Delft
University of Technology, Delft, The Netherlands,
and has been the Chairman with Section Network
Architectures and Services (NAS) since 1998. He is
the author of four books which include Performance
Analysis of Communications Networks and Systems,
Data Communications Networking, Graph Spectra
for Complex Networks, and Performance Analysis of

Complex Networks and Systems. From 1987 to 1991, he was with Interuniversity
Micro Electronic Center (IMEC). From 1993 to 1998, he was a Member with
Alcatel Corporate Research Center, Antwerp, Belgium. From 1992 to 1993,
he was a Visiting Scientist with the Massachusetts Institute of Technology,
Cambridge, MA, USA, Visiting Professor with the University of California,
Los Angeles, Los Angeles, CA, USA, in 2005, and was also with Cornell
University, Ithaca, NY, USA, in 2009, Stanford University, Stanford, CA, USA,
in 2015, and Princeton University, Princeton, NJ, USA, in 2022. He is also on the
Editorial Board of the OUP Journal of Complex Networks. He was the recipient
of the Advanced ERC Grant 2020 for ViSiON, Virus Spread in Networks. From
2005 to 2006, he was member of the Editorial Board of Computer Networks,
IEEE/ACM TRANSACTIONS ON NETWORKING from 2008 to 2012, Journal of
Discrete Mathematics from 2012 to 2014, and Computer Communications from
2012 to 2015. He is also on a Board Member with the Netherlands Platform of
Complex Systems, a Steering Committee Member with Dutch Network Science
Society, External Faculty Member with the Institute for Advanced Study (IAS),
University of Amsterdam, Amsterdam, The Netherlands.

Authorized licensed use limited to: TU Delft Library. Downloaded on May 09,2025 at 07:21:44 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


