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There was a man 
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• 4M tweets by geo-active users

• 123K “follows” relationships

• 52K “friends” relationships
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• Find significant locations 

• 90K with 100m granularity
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Evaluation

• Cross-validation over all users

• Train on first 3 weeks, test on the 4th 
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Summary

• Predicting social ties and location
–Large scale
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Future Work

• Unify our two approaches
• Fine-grained modeling 

• General
• Fashion, gossip, epidemics
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unique. We subsequently remove all merged locations that

the user visited fewer than five times and assign a unique

label to each remaining place. These labels are the domains

of u and fi’s. We call such places significant.
The above place indexing yields a total of 89,077 unique

locations, out of which 25,830 were visited at least five times

by at least one user. There were 2,467,149 tweets total

posted from the significant locations in the 4 week model

evaluation period. Table 1 lists summary statistics.

We model each person’s location in 20 minute increments,

since more than 90% of the users tweet with lower frequency.

Therefore, the domain of the time of day random variable

td is {0, . . . , 71} (total of 24/0.3 time intervals in any given

day).

5.2.1 Learning
We explore both supervised and unsupervised learning of

user mobility. In the earlier case, for each user, we train a

DBN on the first three weeks of data with known hidden

location values. In the latter case, the hidden labels are

unknown to the system.

During supervised learning, we find a set of parameters

(discrete probability distributions) θ that maximize the log-

likelihood of the training data. This is achieved by optimiz-

ing the following objective function.

θ� = argmax
θ

log
�
Pr

�
x1:t, y1:t|θ)

�
, (6)

where x1:t and y1:t represent the sequence of observed and

hidden values, respectively, between times 1 and t, and θ�

is the set of optimal model parameters. In our implemen-

tation, we represent probabilities and likelihoods with their

log-counterparts to avoid arithmetic underflow.

For unsupervised learning, we perform expectation-maximi-

zation (EM) [9]. In the E step, the values of the hidden

nodes are inferred using the current DBN parameter values

(initialized randomly). In the subsequent M step, the in-

ferred values of the hidden nodes are in turn used to update

the parameters. This process is repeated until convergence,

at which point the EM algorithm outputs a maximum like-

lihood point estimate of the DBN parameters. The corre-

sponding optimization problem can be written as

θ� = argmax
θ

log

�

y1:t

Pr
�
x1:t, y1:t|θ)

�
, (7)

where we sum over all possible values of hidden nodes y1:t.

Since equation 7 is computationally intractable for sizable

domains, we simplify by optimizing its lower bound instead,

similar to [13].

The random initialization of the EM procedure has a pro-

found influence on the final set of learned parameter values.

As a result, EM is prone to getting “stuck” in a local opti-

mum. To mitigate this problem, we perform deterministic

simulated annealing [29]. The basic idea is to reduce the

undesirable influence of the initial random set of parameters

by “smoothing” the objective function so that it hopefully

has fewer local optima. Mathematically, this is written as

θ�(τ1, . . . , τm) = argmax
θ

τi log
�

y1:t

Pr
�
x1:t, y1:t|θ

� 1
τi . (8)

Here, τ1, . . . , τm is a sequence of parameters, each of which

corresponds to a different amount of smoothing of the origi-

nal objective function (shown in equation 7). The sequence

is often called a temperature schedule in the simulated an-

nealing literature, because equation 8 has analogs to free

energy in physics. Therefore, we start with a relatively high

temperature τ1 and gradually lower it until τm = 1, which

recovers the original objective function.

5.2.2 Inference
At inference time, we are interested in the most likely ex-

planation of the observed data. That is, given a sequence

of locations visited by one’s friends, along with the corre-

sponding time and day type, our model outputs the most

likely sequence of locations one visited over the given time

period.

Flap runs a variant of Viterbi decoding to efficiently calcu-

late the most likely state of the hidden nodes. In our model,

Viterbi decoding is given by

y
�
1:t = argmax

y1:t

log
�
Pr(y1:t|x1:t)

�
, (9)

where Pr(y1:t|x1:t) is conditional probability of a sequence of

hidden states y1:t given a concrete sequence of observations

x1:t between times 1 and t.

In each time slice, we coalesce all observed nodes with

their hidden parent node, and since we have one hidden

node in each time slice, we apply dynamic programming and

achieve polynomial runtimes in a way similar to [17]. Specif-

ically, the time complexity of our inference is O(T |Y |2),
where T is the number of time slices and Y is the set of

possible hidden state values (potential locations).

Therefore, the overall time complexity of learning and in-

ference for any given target user is O(kT |Y |2), where k is

the number of EM iterations (k = 1 for supervised learning).

This renders our model tractable even for very large domains

that evolve over long periods of time with fine granularity.

Next, we turn to our experiments, and analysis of results.

6. EVALUATION

For clarity, we discuss experimental results for each of the

two Flap’s tasks separately.

6.1 Friendship Prediction

We evaluate Flap on friendship prediction using two-fold

cross-validation in which we train on LA and test on NY

data, and vice versa. We average the results over the two

runs. We varied the amount of randomly selected edges

provided to the model at testing time from 0 to 50%.

Flap reconstructs the friendship graph well over a wide

range of conditions—even when given no edges (Figure 4

and Table 2). It far outperforms the baseline model (deci-

sion tree) and the precision/recall breakeven points are com-

parable to those of [28], even though our domain is orders

of magnitude larger and our model is more tractable.

We also compare our model to that of Crandall et al. [7],

summarized in Section 2. Figure 5 shows the results of their

contemporaneous events counting procedure on our Twit-

ter data for various spatial and temporal resolutions. We

see that in our dataset, the relationship between co-location

and friendship is much more complex and non-monotonic

as compared to their Flickr dataset. As a result, the pre-

dictive performance of Crandall et al.’s model on our data

is poor. When probabilistically predicting social ties based

on the number of contemporaneous events, the accuracy is

0.001%, precision 0.008, and recall 0.007 (in the best case,
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unique. We subsequently remove all merged locations that
the user visited fewer than five times and assign a unique
label to each remaining place. These labels are the domains
of u and fi’s. We call such places significant.

The above place indexing yields a total of 89,077 unique
locations, out of which 25,830 were visited at least five times
by at least one user. There were 2,467,149 tweets total
posted from the significant locations in the 4 week model
evaluation period. Table 1 lists summary statistics.

We model each person’s location in 20 minute increments,
since more than 90% of the users tweet with lower frequency.
Therefore, the domain of the time of day random variable
td is {0, . . . , 71} (total of 24/0.3 time intervals in any given
day).

5.2.1 Learning
We explore both supervised and unsupervised learning of

user mobility. In the earlier case, for each user, we train a
DBN on the first three weeks of data with known hidden
location values. In the latter case, the hidden labels are
unknown to the system.

During supervised learning, we find a set of parameters
(discrete probability distributions) θ that maximize the log-
likelihood of the training data. This is achieved by optimiz-
ing the following objective function.
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θ

log
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Pr
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�
, (6)

where x1:t and y1:t represent the sequence of observed and
hidden values, respectively, between times 1 and t, and θ�

is the set of optimal model parameters. In our implemen-
tation, we represent probabilities and likelihoods with their
log-counterparts to avoid arithmetic underflow.

For unsupervised learning, we perform expectation-maximi-
zation (EM) [9]. In the E step, the values of the hidden
nodes are inferred using the current DBN parameter values
(initialized randomly). In the subsequent M step, the in-
ferred values of the hidden nodes are in turn used to update
the parameters. This process is repeated until convergence,
at which point the EM algorithm outputs a maximum like-
lihood point estimate of the DBN parameters. The corre-
sponding optimization problem can be written as
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�
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Pr
�
x1:t, y1:t|θ)

�
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where we sum over all possible values of hidden nodes y1:t.
Since equation 7 is computationally intractable for sizable
domains, we simplify by optimizing its lower bound instead,
similar to [13].
The random initialization of the EM procedure has a pro-

found influence on the final set of learned parameter values.
As a result, EM is prone to getting “stuck” in a local opti-
mum. To mitigate this problem, we perform deterministic
simulated annealing [29]. The basic idea is to reduce the
undesirable influence of the initial random set of parameters
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Here, τ1, . . . , τm is a sequence of parameters, each of which
corresponds to a different amount of smoothing of the origi-
nal objective function (shown in equation 7). The sequence

is often called a temperature schedule in the simulated an-
nealing literature, because equation 8 has analogs to free
energy in physics. Therefore, we start with a relatively high
temperature τ1 and gradually lower it until τm = 1, which
recovers the original objective function.
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x1:t between times 1 and t.
In each time slice, we coalesce all observed nodes with

their hidden parent node, and since we have one hidden
node in each time slice, we apply dynamic programming and
achieve polynomial runtimes in a way similar to [17]. Specif-
ically, the time complexity of our inference is O(T |Y |2),
where T is the number of time slices and Y is the set of
possible hidden state values (potential locations).
Therefore, the overall time complexity of learning and in-

ference for any given target user is O(kT |Y |2), where k is
the number of EM iterations (k = 1 for supervised learning).
This renders our model tractable even for very large domains
that evolve over long periods of time with fine granularity.
Next, we turn to our experiments, and analysis of results.

6. EVALUATION

For clarity, we discuss experimental results for each of the
two Flap’s tasks separately.

6.1 Friendship Prediction

We evaluate Flap on friendship prediction using two-fold
cross-validation in which we train on LA and test on NY
data, and vice versa. We average the results over the two
runs. We varied the amount of randomly selected edges
provided to the model at testing time from 0 to 50%.
Flap reconstructs the friendship graph well over a wide

range of conditions—even when given no edges (Figure 4
and Table 2). It far outperforms the baseline model (deci-
sion tree) and the precision/recall breakeven points are com-
parable to those of [28], even though our domain is orders
of magnitude larger and our model is more tractable.
We also compare our model to that of Crandall et al. [7],

summarized in Section 2. Figure 5 shows the results of their
contemporaneous events counting procedure on our Twit-
ter data for various spatial and temporal resolutions. We
see that in our dataset, the relationship between co-location
and friendship is much more complex and non-monotonic
as compared to their Flickr dataset. As a result, the pre-
dictive performance of Crandall et al.’s model on our data
is poor. When probabilistically predicting social ties based
on the number of contemporaneous events, the accuracy is
0.001%, precision 0.008, and recall 0.007 (in the best case,


