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What make us human?
When completion challenges human mobility knowledge
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What make us human?
We think
Language skills, imagination, intelligence, mind-reading, creativity, big brain…

“Humans have a unique ability to understand the beliefs of another person (Credit: Thinkstock)”

We feel
Morality, foresight, forethoughts, compassion, blushing, kindness…

"Our open-ended ability to imagine and reflect on different situations, and 
our deep-seated drive to link our scenario-building minds together. (Credit: Suddendorf)“

We behave
Habits, culture, emotions, storytellers, ability to control and alter our environment…

"We take advantage of others' experiences, reflections and 
imaginings to prudently guide our own behaviour. (Credit: Suddendorf)”

ThoughtCo.: “What makes us human”
TEDx Talks: “Clues about the evolution of our extraordinary minds”. Thomas Suddendorf
BBC: “The traits that make human beings unique”
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Pervasive connectivity makes our real life and 
virtual activities seamlessly merged together 

Concert, 90s Concert 2017
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New opportunity

Digital datasets are now mirroring human dynamics and interests 

1. Enforces the understanding of human behavior 

2. And consequently, the understanding of where, for what, and when 
services or resources are needed 



“…mobility and migration have always been an instrinsic part of 

human development.” by De Hass, Hein, 2009.
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Deciphering mobility properties
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Recurrence and time periodicity of visited locations 

Frequent travels to a limited number of places 

Population trip distance distribution follows a truncated power law 

Confinement of movement  
Movements within a geographical distance bounded by the radio of 
gyration  
Long distances beyond this radio are rare 

Marta Gonzalez et al. 2008
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People from 8 cities in 3 continents, appearing in 3 
data sources 

Tendency to follow the “path of least resistance” or 
“desire lines” 

Repetitiveness and Confinement of movement

Eduardo Mucceli et al. 2016
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Recurrence and time periodicity of visited locations 

Frequent travels to a limited number of places 

High theoretical predictability of human mobility (upper bound: 93%) 

Thanks to frequent travels to a limited number of places 

Chaoming Song et al. 2010
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Uniqueness of individual trajectories 

4 random locations identify 1 user among 1.5 million, 95% of time 

Yves-Alexandre de Montjoye et al. 2013
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Call Detail Record (CDR) datasets: Beast or Beauty

Used in most of human mobility studies 

Large-scale and long-term mobility datasets 

Large populations, large geographic regions, long periods of time 
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BUT, sparse in space and irregularly 
distributed in time 

Call Detail Record (CDR) datasets: Beast or Beauty

Outcome: incomplete and imprecise 
trajectories
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Studies focus on few highly active individuals only 

• User filtering is common : e.g., 0.45% in Song 2010 (out of 10 million) 

• Waste a vast population with substantial mobility information  

• Keep only very active-in-communication users 

Partial reconstruction that leaves gaps in user mobility  

• Potential biases due to missing locations are difficult to assess 

• Spatiotemporal Interpolation, which are ineffective

Call Detail Record (CDR) datasets: Beast or Beauty
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Time discretisation, i.e., increase time resolution 

time8am 11am 2pm

most seen 
cell location

Call Detail Record (CDR) datasets: Beast or Beauty
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How we mitigate sparsity and 
irregularities?

• G. Chen, A. C. Viana, M. Fiore, C. Sarraute. Individual Trajectory Reconstruction from Mobile  
Network Data. HAL TR-0495, INRIA Saclay. June 2019. (under submission)
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Trajectory reconstruction

Estimating a complete trajectory  

Context-enhanced Trajectory Reconstruction (CTR) 

Allows completing all missing trajectory data with good accuracy 

Leverages human mobility features

original 
trajectory

reconstructed 
trajectory



1. Overnight invariance 

2. Regularity of movement: in space and time 

3. Pattern of long static phases with fast movements in between 

Tendency to spend a substantial amount of time at a few fixed locations  

Transitions among these locations are instead fairly rapid

�19

Context-enhanced Trajectory Reconstruction - CTR
completeness=0.3



Nighttime reconstruction 

• Most frequent location [10pm,9am] 

• Home if in 80% of positions (over many days) 

if location is unknown in [10pm,9am]: complete with home location
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CTR - Full trajectory reconstruction

time10pm 3am 9am

most seen (80% of time) cell location = home tag

…
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Tensor Factorization (TF) 

Exploit redundancies to recover missing data 

It treats each dimension and each single data equally 

BUT does not account for contextual specificities 

BUT human mobility patterns exhibit non-uniform 
importance of dimensions and values

CTR - Full trajectory reconstruction
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Customized Tensor Factorization 

1) Reducing the diversity of locations at a same hour across days - repetitive patterns 

2) Favouring similarity of locations in consecutive time intervals  

Chen et al. Page 12 of 23

Days in a week

Weeks
in T

Intervals of
duration ⌧
in a day

One-day
sub-trajectory

Figure 5 Example of the location tensor of a user X . A trajectory LT is represented as daily and
weekly combinations of one-day sub-trajectories.

The location tensor X = {Xi,j,k} = {xi,j}Nw⇥Nd

2 RNw⇥Nd⇥N⌧ is then the

matrix of one-day sub-trajectories for all Nw weeks in the observation period T .

The location tensor is partially filled with the original incomplete trajectory from

mobile phone data, as well as with the inferred overnight locations as per Section 5.1.

At this stage, the location tensor includes information for time slots in ⌦ [ ⌦H .

However, the tensor is still relatively sparse, as the set ⌦C of time intervals where

locations are missing is still large. In our reference dataset, the location tensors have

an average density of 0.x (where 1 denotes a complete tensor) when first generated.

In order to complete the location tensor of an individual, we employ tensor fac-

torization, which decomposes the tensor into hyper-parameters and then uses them

to infer missing values. Factorization has proven very e↵ective in recovering highly

incomplete structural data in other contexts [22, 23]. Formally, we formulate an

equivalent tensor factorization (TF) problem as follows. First, we perform a canon-

ical polyadic decomposition (CPD) [24] of the tensor X 2 RNw⇥Nd⇥N⌧ into three

N -rank metrics A 2 RNw⇥N , B 2 RNd⇥N , and C 2 RN⌧ ⇥N . In the CPD, each value

Xi,j,k in the tensor is approximated as Xi,j,k =
P

N

�=1 Ai,�Bj,�Ck,�. For simplicity,

we employ the concise CPD notation X = JA,B,CK. The TF problem is then

arg min
A,B,C

X

(i,j,k)2⌦[⌦H

(Xi,j,k � JA,B,CK
i,j,k

)2 + �(kAk2
F

+ kBk2
F

+ kCk2
F
), (2)

where � is a penalty parameter to avoid overfitting [24] and k · kF is the Frobenius

norm. The solution to the problem in (2) is an estimation of the complete tensor

X̂ = JÂ, B̂, ĈK, which thus recovers the missing locations in ⌦C .

In fact, (2) is a standard TF problem, which does not account for contextual

specificities which can improve the solution. Specifically, the formulation in (2)

treats each dimension and each single value of the tensor equally, while human

mobility patterns exhibit non-uniform importance of dimensions and values. Indeed,

(i) daily periodicities tend to be stronger than weekly ones [3], and (ii) consecutive

time slots, hence nearby values in a same one-day sub-trajectory vector, show strong

correlation in terms of locations of the user [17]. In the light of these considerations,

we customize the TF problem for location inference, by introducing two additional

elements in the optimization problem in (2).

CTR - Full trajectory reconstruction
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CTR - Validation
Ground-truth Internet 

session CDR   
(1,4k users, 2 weeks)

Fraction of completeness

Sampling following CDR 
incomplete distributions 

(1,8 million users, 90 days)
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Figure 8 Cell displacement of locations inferred via CTR with respect to the actual ones, versus
the completeness of the original trajectory. Candlesticks highlight the mean (light blue), median
(dark blue), 25th and 75th percentiles (box), and 10th and 90th percentiles (errorbars). The
horizontal line (red) highlights a one-cell displacement.

completeness ranging from 0.01 to 0.5, which allows testing CTR trajectory recon-

structions in a wide diversity of settings.

6.3 Quality of CTR trajectory reconstruction

We run CTR on the incomplete CDR-like data, and assess the quality of the recon-

structed trajectories against the complete ground-truth locations. The performance

metric we adopt is cell displacement, which expresses the MAE used in (1) in terms

of mobile network cells, as

�(L̂T , LT ) =
1

|LT | � |L⌦|
X

i2T \⌦

kli, l̂ik
rj

. (6)

We recall that k·k denotes the geographic distance between the two location param-

eters, and rj is the cellular radius of the tower j to which the user is associated at

time step i, i.e., for which li = cj . Expression (6) implies that the cell displacement

is computed only based on locations that are missing in the original data (i.e., for

time instants in T \⌦), and known user positions do not a↵ect it. Unlike MAE, cell

displacement compensates for the very diverse density (hence radius) that cellular

towers tend to have in di↵erent regions of a large geographic area, and provides a

relative measure that is comparable across all locations.

The validation results are summarized in Figure 8, where the cell displacement

measured in the trajectories reconstructed by CTR is shown against the completeness

of the input CDR-like data. The candlesticks report the mean and median cell

displacement, as well as the 10th, 25th, 75th, and 90th percentiles. The horizontal

line highlights a cell displacement of 1: below this value, the estimation error is

aligned with the spatial precision of the mobile phone data.

The most important remark is that the median cell displacement is always between

1 and 2, which denotes a substantial accuracy in the reconstructed trajectories: even

under completeness levels as low as 1%, estimated locations are typically placed in

a cell that is immediately adjacent to the correct one, or one cell further. More

complete original trajectories provide CTR with added information to fill gaps in

error close to 
correct cell

1        median cell displacement         2, 
even when 0.1% completeness
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CTR - Validation
Ground-truth Internet 
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completeness ranging from 0.01 to 0.5, which allows testing CTR trajectory recon-

structions in a wide diversity of settings.

6.3 Quality of CTR trajectory reconstruction

We run CTR on the incomplete CDR-like data, and assess the quality of the recon-

structed trajectories against the complete ground-truth locations. The performance

metric we adopt is cell displacement, which expresses the MAE used in (1) in terms

of mobile network cells, as

�(L̂T , LT ) =
1

|LT | � |L⌦|
X

i2T \⌦

kli, l̂ik
rj

. (6)

We recall that k·k denotes the geographic distance between the two location param-

eters, and rj is the cellular radius of the tower j to which the user is associated at

time step i, i.e., for which li = cj . Expression (6) implies that the cell displacement

is computed only based on locations that are missing in the original data (i.e., for

time instants in T \⌦), and known user positions do not a↵ect it. Unlike MAE, cell

displacement compensates for the very diverse density (hence radius) that cellular

towers tend to have in di↵erent regions of a large geographic area, and provides a

relative measure that is comparable across all locations.

The validation results are summarized in Figure 8, where the cell displacement

measured in the trajectories reconstructed by CTR is shown against the completeness

of the input CDR-like data. The candlesticks report the mean and median cell

displacement, as well as the 10th, 25th, 75th, and 90th percentiles. The horizontal

line highlights a cell displacement of 1: below this value, the estimation error is

aligned with the spatial precision of the mobile phone data.

The most important remark is that the median cell displacement is always between

1 and 2, which denotes a substantial accuracy in the reconstructed trajectories: even

under completeness levels as low as 1%, estimated locations are typically placed in

a cell that is immediately adjacent to the correct one, or one cell further. More

complete original trajectories provide CTR with added information to fill gaps in

error close to 
correct cell

1        median cell displacement         2, 
even when 0.1% completeness

Acceptable for metropolitan analysis : displacement in nearby 
neighbourhood 

Excellent for regional- or national- scale analysis of population 
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Conditions: 

• about 8000 users, i.e., 0.45% out of 10 million users - high filtering  

• low completeness : > 0.2, at least 0.5 calls/hour

Revisiting Song et al. 2010’s results
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Revisiting Song’s predictability

Filtering favours individuals 
who are very active from a 

mobile communication and 
with higher mobility         

i.e., users that are more 
difficult to anticipate

Shifted to the right 
with a much reduced 
variance around the 

peak, at 94%

Larger population accounts 
for the vast majority of fairly 
static users, and reveals that 

people’s movements are 
easier to anticipate  
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Conditions: 

• 1.5 million users 

• very low completeness : a user only has approximately 19 unique locations 
observed in a month from 4 200 cell towers 

Revisiting De Montjoye et al. 2013’s results
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Revisiting uniqueness in the crowd results

Sparsity brings fake 
uniqueness and hides 

diverse patterns of 
mobility 

  

Completeness brings 
many similar users 

trajectories, what limit 
uniqueness
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Habits or regularity of behaviors

Tell a lot about you and are the basis for prediction accuracy 

Translates in regularity, repetitiveness and patterns (sequences of events) 

Time matters, sometimes more than location 

Contextual specificities bring new directions to behavior understanding 
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… and more

If mobility is concerned, carefully select the data source 

E.g. short-term mobility and granular datasets (GPS data) vs long-term mobility 
and sparse datasets (CDR data) 

Don’t neglect data preliminaries process 

Carefully reduce temporal/spatial resolutions 

Completion is often required 

Literature limitations bring back very interesting research questions 

The basic laws governing daily human mobility remains still limited!!! 
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Merci beaucoup!

You are Human Beings! 
 So think as one while leveraging behaviors!
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Revisiting Gonzalez Nature 2008’s results

Conditions:
• 1.67% out of 6 million users  - high filtering
• very low completeness : < 1 location per user per day
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Aggregated movement

Individual movements

Follow truncated power laws

Different cut-
off value

Sparsity risks to substantially 
overestimate the region within 
which the Levy flight behavior  

of human mobility occurs, 
especially for users who travel 

long distances

The truncated power-law 
behavior found by Gonzalez 

et al. is confirmed

400km to 
175km

Chen et al. Page 19 of 24

is the radius of gyration[1], and F (x) is a function such that F (x) ⇠ x�↵ for

x < 1 and F (x) rapidly decreases for x > 1. This expression indicates that human

movements resemble a Lévy flight that follows a power-law P (�r) ⇠ �r�↵ within

a geographical region bounded by rg; long displacements beyond such region are

instead increasingly rare.

These key insights are obtained from a random sample of 1.67% of the total 6

million users, and the trajectories of the selected users are largely incomplete, with

less than one location per user and per day recorded on average. We run the same

analysis on the seamless trajectories of 1.7 million users, and show in Figure 9 how

considering complete movement data of a full user population a↵ects the results.

We make the following considerations.

• As a preliminary result in their analysis, Gonzalez et al. find that the travel

distances and radiuses of gyration aggregated over the whole user population

follow truncated power laws (x+x0)��e�x/k. We confirm that this is also the

case under complete trajectory data, as shown in the top plots of Figure 9.

The exponent values are also consistent, as Gonzalez et al. find ��r
= 1.77

and �rg
= 1.65, whereas ��r

= 1.78 and �rg
= 1.68 from our complete

trajectory data. However, we remark a sensible di↵erence in the cuto↵ values.

Travel distances can be sensibly higher in complete data; also, krg
is at 400

km in [3], which is not far from the 340 km from our original (i.e., incomplete)

CDR-based trajectories, but is reduced in the complete data, where the cuto↵

occurs instead at 175 km. Our conclusion is that CDR data sparsity risks to

both underestimate long trips, and overestimate the region within which the

Lévy flight behavior of human mobility occurs.

• Concerning individual movements, we are able to reproduce the truncated

power-law behavior found by Gonzalez et al. with both our sparse CDR-based

trajectories and the complete ones reconstructed via CTR. This is illustrated

in the bottom plots of Figure 9. In the original work, the authors find an

exponent ↵ ⇡ 1.2, and we estimate the ↵ parameter at 1.8 and 1.4 for original

and complete trajectories. These exponent are qualitatively consistent, since

they all are in the (1, 3) range that characterizes Lévy walks [28].

• We ascribe the quantitative di↵erences with respect to [3] to the inherent

specificity of each dataset. Although we also use locations from voice calls

as in [3], the data refer to very di↵erent cultural and economic settings (i.e.,

a European country and a South Americal one) and geographical span (our

country covers a territory that is four times wider than the largest country in

Europe)..

Overall, our results corroborate the findings in [3], and show that the resulting

conclusions hold also with seamless trajectory data from larger populations.

7.2 Uniqueness of individual trajectories

The work by De Montjoye et al. [5], published in Nature Scientific Reports in 2013,

is the first to raise significant concerns on the privacy of users whose communication

[1]The radius of gyration is a scalar metric assessing the overall mobility of a user.

For a trajectory LT , it is computed as rg =
q

1
|T |

P
i2T kli, lCk2, where lC = 1

|T |
P

i2T li

is the center of mass of all the locations in LT .
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