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ABSTRACT
Modeling human activity has a wide range of applications, including
customized service for mobile users and resource management for
mobile communications. Predicting future activities and places is a
challenging task, as the activity pattern shows both regularity and
randomness simultaneously. Time information such as time-of-day
or day-of-week can partially explain this regularity. Furthermore,
current activity and place may depend strongly on the activity and
place history far back into the past. To capture this long-range
temporal dependency, we used Long Short-Term Memory (LSTM)
network, a state-of-the-art sequential model. Instead of predicting a
future state of the immediate next step, we proposed multi-step look-
ahead predictions to evaluate how far we could accurately predict
future states up to 6 hours. Experiments on large-scale American
Time Use Survey dataset showed that our model outperforms pre-
vious approaches, including Markov-based models, consistently
achieving 0.3-7% relative improvement. We divided subjects into
four groups by employment status, and we showed qualitatively that
daily activity patterns are different among groups, and quantitatively
that group-specific training is essential to accurately predict the
future activity of individuals.
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1. INTRODUCTION
Analysis of human activity patterns has garnered a lot of attention

since the advent of localization capabilities through global position-
ing systems. Recent developments in sensing technology and smart
devices offer diverse types of mobility data accessible to a wide
range of fields [47, 28, 29]. Human activity pattern can be further
studied by employing mobility data from GPS trajectories [48, 27],
cellular towers [13], location check-ins [4, 40], and WiFi signals [39,
43]. A deeper understanding is especially vital in order to solve
anticipatory resource management problems such as monitoring

public emergency, intelligent urban planning, and preventing the
spread of diseases. Therefore, it is important to examine potential
problems associated with predictability of human activity patterns
and methods applied to prediction models.

Predicting daily human activities is challenging, because they
have regularity and randomness in the pattern. Time information
is important for predicting future activity and place. For example,
regular workday schedules are likely to be explained by the circadian
rhythm. Certain activities, however, such as working out in a gym
and eating in a restaurant, can happen semi-regularly but not on
the same time everyday. The variability of semi-regular patterns is
affected by the past sequences of activity and place up to when a
certain activity occurs. Therefore, prediction models should be able
to take long ranges of past observations to make predictions.

In the last few years, a number of studies such as the standard
Markov model and Hidden Markov model [26, 24, 7, 2] have pro-
posed probabilistic models for predicting daily places. While the
Markov model is popular for modeling temporal sequences, it should
increase the order of model to capture long-term dependency in the
sequences. In practice, the Markov model is limited to use small
number of order, since parameter space exponentially increases as
the number of order grows. Therefore, using the Markov model
leads to difficulty in learning extremely long ranges of dependencies
in activity patterns.

In this paper, we used Long Short-Term Memory (LSTM) [17], a
special type of Recurrent Neural Network (RNN) to build human
activity predictors and verify long-term dependencies in the activity
patterns. Compared to the other temporal models, the LSTM net-
work can contain very long ranges of temporal dependencies of data,
which is known to be one of the greatest methodological advantages
of this model. With its memory cells that store past information,
LSTM is capable of capturing a long range of past sequences over
a long period of activity patterns. Recently, LSTM has produced
state-of-the-art results in many domains including automatic speech
recognition [14] and handwriting recognition [15]. A previous study
has employed a RNN approach to predict fine-level actions of ac-
tivity using a wearable sensory dataset [34] (refer to Section 2 for
more details). Using LSTM network, we proposed and evaluated
multi-step many hours later of future prediction. In the performance
of prediction, shorter time intervals between consecutive time steps
can artificially generate arbitrary results, because activity patterns
do not change frequently. To avoid this problem, we evaluated the
performance of multi-step look-ahead predictions up to 6 hours,
observing how far we could accurately predict future state of the
subjects with no respect to the size of time intervals between two
consecutive units in the sequence. Due to the randomness in human
activity patterns, multi-step look-ahead prediction is a challenging
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task. Rather than other studies that made immediate time step pre-
dictions, the task in our study is more difficult as we addressed
many hours of multi-step look-ahead predictions. A more detailed
explanation of the arbitrary problem is described in Section 4.2.

There are several public mobility datasets available, but a majority
of the real mobility datasets consists of pre-defined labels which are
somewhat ambiguous. For example, the exact meanings of some
user-defined place labels such as attractions and cultural places are
difficult to recognize. Also, the number of labels is insufficient to
precisely identify the semantic information of locations. Human
mobility datasets used in [9, 7] are limited only to place information,
and the frequency of place labels is dominant in specific places such
as home and workplace. Moreover, there are only limited number
of subjects in datasets in [9] and [7], which respectively is only 80
and 10. These numbers are insufficient to analyse various types
of human activity patterns. Consequently, we used a large-scale
American Time Use Survey (ATUS) dataset in our experiments,
as it has been collected from a large number of heterogeneous
populations with their demographic information [33]. Furthermore,
the ATUS dataset consists of not only place information but also
activity information that is densely categorized to help understand
more detailed dependencies between places and activities in daily
activity patterns.

In a recent study, which reported that individuals’ human mobility
patterns are independent of travel distances [42], they found that
individuals’ mobility patterns have a 93% predictability. This pre-
dictability was measured by the entropy of individual’s trajectories
across 50,000 cellphone users, which is highly predictable. As each
activity pattern can be clearly distinguishable from others accord-
ing to the demographic information, we analysed the differences
of daily activity patterns and predictability of future activity and
place by dividing activity traces of 6,765 subjects into four different
groups in terms of their current employment status1. We compared
four groups in terms of daily activity patterns and visualization
of frequency of places and activities using t-distributed stochastic
neighbor embedding (t-SNE) technique [25]. In addition, we con-
ducted cross-prediction tasks in order to examine the compatibility
between the four different groups.

Experiments have showed that every group has its unique activity
patterns, and group-specific training is essential in order to accu-
rately predict the future activity of individuals. Furthermore, the
performance of prediction accuracy and the activity pattern of each
group are highly correlated to each other in a way that as groups
with more regular activity pattern result in higher prediction accu-
racy. LSTM networks consistently outperformed the Markov-based
models by a margin of 0.3-7% relative improvement on multi-step
look-ahead prediction. These results suggest that the LSTM net-
works have strength in capturing long-term dependencies of one’s
historical trajectories. The main contributions of our work are:

• We built human activity prediction models and comprehen-
sively compared traditional and state-of-the-art temporal mod-
els to validate long-term dependency on daily human activity
traces.

• We proposed and evaluated multi-step look-ahead predictions
to resolve the problem of predicting immediate next time step

1Due to the unbalance in heterogeneous populations in the sizable
ATUS dataset which includes a total of 49,666 subjects, we randomly
and uniformly selected 1,945 students with job, 2,000 non-students
with job, 820 students without job and 2,000 non-students without
job.

along with arbitrary rescaled time intervals between consecu-
tive samples.

• We investigated the differences in activity patterns among
groups with various qualitative and quantitative analyses using
a large-scale daily human activity dataset.

2. RELATED WORK

Location prediction.
The location predictors that have been studied so far can be cat-

egorized into two large groups based on whether the prediction
models are trained with a single subject separately or multiple sub-
jects collectively. The temporal prediction models applied in most
of the individual mobility models recognize the mobility pattern of
a single subject’s past trajectories in advance to predicting the future
locations. In [39] the author proposed a prediction technique based
on nonlinear time series analysis to extract important locations that
subjects spent most of their time. They estimated the time of the
future visits and expected residence time in predicted locations for
single subjects. Monreale et. al [27] attempted to train a decision
tree, called T-pattern Tree, to find the best matching pattern and
to predict the next locations. Many studies have built individual
location predictors based on the Markov chain model [26, 24, 7, 2,
10, 43]. Using GPS trajectories data, [2, 26] clustered GPS data
derived from an extended period of time into significant locations,
and incorporated those classified locations into a prediction model.
Song et al. [43] evaluated the next cell prediction using mobility
patterns of more than 6,000 users on Dartmouth’s campus Wi-Fi
network. In their experiments, the median of prediction accuracy
of second-order Markov predictor was shown to be about 72% for
users with long sequences. In another study where the travel patterns
of 500,000 individuals in Cote d’Ivoire were used, Markov-based
models performed a prediction accuracy of 87% for stationary tra-
jectories and 95% for non-stationary trajectories [24], which means
individual mobility pattern is highly predictable. Gambs et al. [10]
developed n-Mobility Markov Chain (n-MMC) to look at the n
previous visited locations. The proposed model, n-MMC can be
considered as a regular nth-order Markov model. For a specific user,
[31] analyses the spatio-temporal patterns of a owner of devices over
his/her movements and forecasts future Wi-Fi connectivity using the
second-order Markov model. As many results related to the Markov
model indicated previously, low-order Markov predictors outper-
formed high-order Markov models in predicting the immediate state
of the next time step [43, 10]. In our experiments, the prediction
accuracy of low-order Markov models was measured as baselines
of our work, and we compared it with prediction accuracy obtained
from LSTM networks for the purpose of verifying the assumptions
we formulated of capturing long-range temporal dependency.

Collective mobility models, as opposed to individual models, are
learned with multiple subjects to predict an individual’s future lo-
cations [38, 6, 32, 46]. These models assume that different people
can have a tendency to follow similar mobility patterns with others.
Under this hypothesis, [38, 6, 32] utilized the users’ social relation-
ships and incorporated it into the model of human mobility. Sadilek
et al. [38] built a scalable probabilistic model of human mobility in
a dynamic Bayesian network, inferring social ties with considering
patterns in friendship information for predicting future locations.
Furthermore, Cho et al. [6] built Periodic and Social Mobility Model
with a mixture of Gaussians, and they found that compared to the
long-distance travel, a short-ranged travel is periodic in terms of
both spatial and temporal features and not influenced by the social
network structure. By combining all users’ features in supervised



learning model based on linear regression, [32] addressed the prob-
lem of predicting the next location a mobile user will visit.

The most closely related works to ours are those that predict phys-
ical location using neural network architectures and their variants for
time-series domains. To solve the problem of next place prediction,
[9] considered the problem as a classification task. They learned
mobility predictors using feedforward artificial neural networks to
predict the next location. However, their model has not taken into
account the sequential model on this type of time-series prediction
problem. Given start point associated metadata such as date, time,
and client information of taxi trajectory, [8] used multi-layer percep-
tron (MLP), bidirectional recurrent neural networks and memory
networks to predict the destination of a taxi. Their best model was
used by bidirectional recurrent neural networks that encode the pre-
fix, and several embeddings are employed to encode the metadata
and destination clusters for generating the output.

Activity recognition.
Previous research on activity recognition have used various classi-

fiers including Fuzzy Logic, Neural Network, Naive Bayes, Bayesian
Network, Nearest Neighbor, Decision tree, Support Vector Ma-
chines, boosting and bagging (refer to [22]). More recently, con-
tinuous recognition of activity was posed as a sequence labeling
problem [41, 45], using temporal models such as Hidden Markov
Model [36], Conditional Random Field (CRF) [21], and structured
Large-Margin classifiers [1]. The continuous nature of daily ac-
tivities makes the temporal models potentially more appropriate
for handling noisy multisensory streams and labels from smart-
phones. In [16], the author compared the performance of various
classifiers that represent temporal vs. non-temporal approaches
and generative vs. discriminative approaches, and the feasibility of
automatic annotation of unconstrained daily activities was demon-
strated. By exploiting convolutional neural networks (CNNs) [23]
and LSTM recurrent units, [34] studied the activity recognition
problem with wearable sensor data. The combination of CNNs and
LSTMs architecture gave rise to capturing temporal dependencies
on features extracted by convolutional operations. While they used
a fine-grained sub-second level of sensory dataset, in this study we
used a larger unit of temporal daily activity traces to predict long
periods of future activities up to 6 hours.

3. BACKGROUND

3.1 Markov Model with Time Information
A Markov model is a subclass of Bayesian networks known as a

primitive dynamic Bayesian networks, which are simply Bayesian
networks to model time-series type of data. A first-order Markov
model assumes that the label state of a sequence is conditionally
independent of other label states given the state of the preceding
sequence. The observed feature at a sequence is conditionally in-
dependent of other observations given the state of the sequence.
And the probability distribution of one state is only dependent on
the preceding state. In Figure 1, each state L1:T indicates a se-
quence of state and O1:T is a sequence of corresponding absolute
time information. Hereafter, we denote the state Lt as the label
state of activities or places. The joint probability of the state of
sequence is composed of two probabilities: initial probability of the
state P(L1 = l1|O1 = o1)P(O1 = o1), and probability of transition
P(Lt = lt |Lt−1 = lt−1,Ot = ot). The joint probability of a Markov
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Figure 1: Graphical representation of Markov model with time
information

model under these assumptions is

L(p) = P(L1 = l1|O1 = o1)P(O1 = o1)
T

∏
t=2

P(Lt = lt |Lt−1 = lt−1,Ot = ot)

(1)
The transition probability of Markov model is trained from maxi-
mum likelihood estimation given the state of sequence.

logL(p) = logP(L1 = l1|O1 = o1)P(O1 = o1)+ ∑
i, j,k

ni jklogpi jk (2)

where pi jk is a probability of transition pi jk = P(Lt = j|Lt−1 =
i,Ot = k) and ni jk is a total count of transitions from i to j given a
k. By taking the derivative and setting the Equation 2 to zero, we
obtain following equation,

∂ logL(p)
∂ pi jk

=
ni jk

pi jk
= 0 (3)

However, when we solve Equation 3, all pi jk should be ∞. To
prevent arbitrarily changing the probability of transition, the method
of Lagrange multipliers [19] is used, which allows to optimize
differentiable likelihood function with a given constraint as ∀i,k,
∑

j
pi jk = 1.

pi jk =
ni jk

∑
j

ni jk
(4)

Accordingly, the transition probability, pi jk, the parameter of Markov
model is learned from Equation 4, dividing transition counts of state
i followed by state j given an input k over total transition counts
coming out from state i with k. While we are estimating the tran-
sition parameter by counting the frequency of each transitions, the
problem of overfitting can be occurred if the number of observations
is insufficient compared to the dimension of transition parameter. A
certain transition probability becomes zero when the observation
has not been previously seen in the finite training set. Consequently,
the Markov model leads to numerical errors as unseen transitions
increase. If the log-likelihood equals to zero, then it is impossible
to compute log-likelihood because the result is likely to converge
towards −∞. To prevent this numerical errors, we used the Dirich-
let prior [44] that enables Markov model to improve numerical
probability and reduce numerical errors through assuming the prior
distribution with respect to the transition parameter. By doing this,
the point estimation problem is changed into the posterior prob-
ability estimation problem. We employed a Laplace smoothing
method [30], assigning the non-zero probabilities to the unseen ob-
servations so that it allows Markov model to become more accurate
in estimating the probability of the states.

3.2 Long Short-Term Memory
Traditional RNN was developed as a neural network structure for

sequential processing tasks such as speech recognition and language
modeling. RNN has cyclic path of synaptic connections in which



feeding the activations from previous time steps as input to the
network to determine for the current input [18]. However, [17]
showed that RNNs trained with a variant of back-propagation or
other gradient-based methods can cause vanishing or exploding
gradients problem when the input sequence is very long, since the
gradients propagate down through a large number of layers for every
timestep in the recurrent structure.

In the mid-90s, Long Short-Term Memory networks, a special
type of RNN, was orginally introduced by [17] as a solution to
the vanishing gradient problem. LSTM networks are capable of
learning long-term dependencies by incorporating memory cell that
makes the network to forget or add information about previous
hidden states in current cell state. Recently, variants of LSTM
networks have been developed according to the particular objective
of sequential tasks. We used one of the LSTM variant, augmented
by "peephole connections" that is known as better at exploiting
the long-range dependencies and nonlinear periodic patterns in the
sequence than conventional LSTM networks [12]. A single LSTM
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Figure 2: A single memory block of Long Short-Term Memory

memory block is shown in Figure 2. The LSTM memory block in
the hidden layer contains memory cells, cell state ct at time t. The
idea behind of memory cell is to control and protect the error back
flow by multiplicative gating units. Each memory block consists
of sigmoidal gates: input gate it , forget gate ft , output gate ot ,
and memory cell ct . Given an input sequence, x =< x1, ...,xT >, an
LSTM networks update sequence of hidden vector h=< h1, ...,hT >
and cell state vector c =< c1, ...,cT > to generate output vector
sequence by iteratively calculating the following equations, where
W is weight vectors and t = 1, ...,T :

it = σ(Wxixt +Whiht−1 +Wcict−1 +bi)

ft = σ(Wx f xt +Wh f ht−1 +Wc f ct−1 +b f )

ct = ftct−1 + itϕ(Wxcxt +Whcht−1 +bc)

ot = σ(Wxoxt +Whoht−1 +Wcoct +bo)

ht = otϕ(ct)

Essentially, the four gates in an LSTM unit take an input xt and the
previous hidden state ht−1 at each time step t. Additionally, an input
gate and forget gate receive an output of previous cell state ct−1. The
input gate manages the flow of input activations into the memory
cell, and the forget gate scales the internal state of the memory cell
by the self-recurrent connection called "Constant Error Carousel"
(CEC) of memory cell [11]. The output gate controls the flow of
memory cell activations into the hidden state. The memory cell unit
ct at time step t is computed by summing up the previous cell state
ct−1, which is modulated by ft and the internal state, modulated by
it . The internal state of memory block is computed by passing the
modulation of input xt through the hyperbolic tangent non-linearity

function, where ϕ(x) = tanh(x) squashes the input x into the range
of [−1, 1]. Since both it and ft are associated with logistic sigmoid
non-linearity function σ(x), which squashes real-valued input x
to lie within the range of [0, 1], allowing memory cell unit ct to
adaptively control which previous information to kept or which
new information to write in the current memory cell. The output
of hidden state at time step t can be obtained by multiplying the
output gate ot and the activation of memory cell state ϕ(ct). For the
multi-layer LSTM networks, the output from hidden state in n−1
hidden layer at time step t is used as the input of n hidden layer at
same time step t. Given the hidden state ht from the top of hidden
layer in the network, the final output Lt is computed by applying
sigmoid activation function to ht .

4. METHODOLOGY

4.1 LSTM Predictor
For LSTM prediction networks, the model takes an input vector

xt at every time step t, and outputs an output vector Lt . Each output
vector has information for the likelihood of different states. The
number of hidden layers and that of hidden units in each hidden
layer is determined through a number of experiments with different
settings. We used ‘one-hot’encoding to convert discrete data into
vector representation. For example, if we assume that class l is
an actual target value at time step t, size of L target vector targett
composed of a single one value for l-th index and all the remainders
zero.

… 
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Figure 3: LSTM architecture

Since the LSTM networks are continuous model, a softmax ac-
tivation function such that the real-valued outputs always sum to
1, is adopted at the output layer to convert the continuous type
of output into discrete class of output. Given an output vector
Lt = σ(WhLht + bL) at time step t, a softmax activation function
parameterizes each output vector Lt into multinomial distribution,
P(Lt = l|xt) where l is a certain class among the output classes.
Given by the softmax function, predictive distribution at time step t
is:

P(Lt = l|xt) =
eLt (l)

L

∑
l=1

eLt (l)
(5)

The model therefore outputs the state label of activity or place that
has a higher likelihood among the state labels. After the model
completes forward pass, the backward pass computes error signals
for all weights. The objective function used in our model is the
cross-entropy cost function [37], since our task can be considered as
a multi-class classification problem. The cross-entropy cost function



over a sequence can be calculated as:

−
L

∑
l=1

P(targett = l)logP(Lt = l|xt) (6)

The network was trained with stochastic gradient descent-based opti-
mization algorithm, truncated backpropagation through time (BPTT)
and customized version of real time recurrent learning (RTRL) [18].

4.2 Multi-step look-ahead prediction
To predict future states, some previous studies have exploited

Markov model using a dataset with short data sampling rates be-
tween two consecutive samples. When this type of dataset with an
arbitrary size of time interval is used to track the subjects’ transitions,
the probability of next sample staying at the same state compared to
one second earlier will be about 99%, as the time interval between
two consecutive samples reduces. Intuitively, it is clear that smaller
time units used in temporal models definitely lead to higher predic-
tion accuracy, since people do not change their activity suddenly.
For instance, people regularly stay and spend most of their time in
usual places, such as home and workplace, during the day. Conse-
quently, actual prediction performance and time intervals between
two consecutive samples are closely correlated. This indicates that,
for time-series prediction, arbitrary scaled datasets are erroneous.

To avoid artificially generated results from arbitrary scaled datasets,
we trained separate multi-step look-ahead prediction models for
each look-ahead time in minutes and hours from 15 minutes up
to 6 hour. Multi-step look-ahead prediction model enables us to
examine how far we could accurately predict future state of the
subjects’ regardless of the size of time intervals between two con-
secutive units. The task of our study is similar to those in several
studies on multi-step-ahead prediction with various algorithms [35,
3, 5]. These studies also have built prediction models to investigate
the effectiveness of predicting multi-steps, other than a single step,
ahead of current state. Our approach differs from previous works
in that we employed LSTM networks, the state-of-the-art temporal
model to capture long ranges of dependency over the sequence. To
define our task more concretely, multi-step look-ahead prediction is
defined as:
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Figure 4: Multi-step look-ahead prediction

Multi-step look-ahead prediction: Given a sequence of state L1:T
along with a sequence of regularly assigned absolute time informa-
tion O1:T , predict a state Lt+n after n-steps at time step t.

Markov model with time information is specified by the probabil-
ity of transition P(Lt+n = lt+n|Lt = lt ,Ot+n = ot+n) that models the
probability of observing n-step ahead of state Lt+n given a current
state Lt and a n-step ahead of time information Ot+n. The only

difference between a standard Markov model and the Markov model
with time information we used for multi-step look-ahead prediction
is that, our Markov model does not require to compute the sum of
products of transition probabilities by multiplying transition prob-
ability matrix by itself. We trained the Markov model separately
according to the number of look-ahead time, from 15 minutes up
to 6 hour. With the trained parameter of transition probability, a
predicted n-step ahead of state is derived from:

L̂t+n = argmax
l

P(Lt+n = l|Lt = lt ,Ot+n = ot+n) (7)

Using Equation 7, we take out the probabilities over all transition
probabilities conditioned on a current state Lt and a n-step ahead of
time information Ot+n, for independently predicting n-step ahead
of state Lt+n at time step t. The index number with the largest
probability across all transition probabilities indicates the predicted
label of n-step future state. The main idea behind the prediction
scheme is to compare the predicted n-step future state and ground-
truth n-step future state. Prediction accuracy is measured by dividing
the number of correct predictions by the number of predictions.
When the model predicts n-step ahead of the current state, the
number of predictions is T −n, where T is the total length of a given
sequence.

In LSTM prediction networks, a target vector targett is set to n-
step ahead of an input vector xt+n at each time step t, i.e. target1:T−n =
x1+n:T . As with the Markov model, we trained the LSTM predictor
independently according to the number of look-ahead time. With the
trained prediction network, the accuracy of n-step look-ahead pre-
diction at time step t is calculated by comparing correctness between
l-th index of target vector targett and the index number that has the
largest probability under an output vector P(Lt |xt) parameterised by
softmax activation function.

5. EXPERIMENTS AND RESULTS

5.1 American Time Use Survey
The ATUS dataset is accessible every year on the U.S. Census

Bureau of Labor Statistics website [33]. The survey is conducted
entirely by telephone, and subjects are asked to recall their daily
activities and trips of the previous day. ATUS measures the amount
of time people spend traveling to various semantic places such
as home, workplace, restaurants, and stores. Each sample also
provides various types of activity information, such as personal care,
household activities, and socializing. In addition, the actual time
information with regard to the arrival time from a previous activity
and place, is contained in each sample. Activity traces are collected
24 hours of continuous recordings, and all traces start from 4:00 am
for all subjects.

5.2 Data Preprocessing
We discarded subjects with a total daily duration of less than 17

hours because a duration less than 17 hours is not considered to
fully represent the daily activity pattern. We were able to finally
select 6,765 subjects among 49,666 subjects generated from 2008
to 2015, with balancing proportion of heterogeneous populations
by current employment status. Each subject was divided into four
groups: student with job, student without job, non-student with job,
and non-student without job. Table 1 describes statistics for the
four groups on which we used in our experiments. The subjects
sampled from even years are combined to use as a training set, and
the subjects obtained from odd years are used as a test set to conduct
cross-validation evaluations.



Table 1: ATUS dataset Statistics

Student
with job

Non-student
with job

Student
without job

Non-student
without job

Training set 1,010 1,000 418 1,000
Test set 935 1,000 402 1,000

Total subjects 1,945 2,000 820 2,000

Table 2: Details of 16 place categories and 18 activity categories

Common Place Categories
Label Description

p1 Respondent’s home or yard
p2 Respondent’s workplace
p3 Someone else’s home
p4 Restaurant or bar
p5 Place of worship
p6 Grocery store
p7 Other store/mall
p8 School
p9 Outdoors away from home
p10 Library
p11 Other place
p12 Transportation-related
p13 Bank
p14 Gym/health club
p15 Post office
p16 Unspecified place

Common Activity Categories
Label Description

a1 Personal care
a2 Household activities
a3 Caring for and helping household members
a4 Caring for and helping nonhousehold members
a5 Working and work-related activities
a6 Educational activities
a7 Consumer goods purchases
a8 Professional and personal care services
a9 Household services

a10 Government services
a11 Eating and drinking
a12 Socializing, relaxing and leisure
a13 Sports, exercise, and recreation
a14 Organizational, civic, and religious activities
a15 Volunteering
a16 Telephone calls, mail, and e-mail
a17 Unknown activities
a18 Travel-related activities

Labeling places / activities and time information.
The primary motivation of discretization is to convert the provided

activity and place features, and actual time information into the
finite states so as to use discrete type of data in our model. In the
original ATUS dataset, each sample contains two main features:
pre-defined identification code for visited activities and places, and
actual time information. As shown in Table 2, places and activities
are categorized into 16 and 18 labels, respectively. Furthermore, we
selected the top-20 place-activity pair labels, indicating the top-20
jointly occurred place and activity labels, to integrate categorized
place and activity labels. The top-20 place-activity pair labels are
sorted in descending order of frequency of co-occurrence as shown
in Table 3. In order to discretize the continuous set of actual time
information, we first categorized time information into two main
classes: weekday and weekend. Afterwards, we subdivided time
information into 8 discrete times of day, i.e. time information is
discretized into the total of 16 different classes, and each class
indicates the departure time at the current state in 3 hours. For
LSTM model, instead of directly transforming the discretized time
information into ‘one-hot’encoding vector, we converted actual time
information into continuous vector representation with probability
distribution over every hour of the day from 00:00 to 23:59. This
lets the LSTM network to be able to train with more precise time
information compared to discretized time information with the same
number of time bins.

Rescaling in time.
In the original ATUS dataset, it is easy to identify a transition

between current and next state but difficult to identify how long
subject stays at each state. If we transform the dataset through
rescaling it in terms of even time interval, a time spent on a state can
be measured by counting the number of the same states appeared
consecutively. Since the original dataset was not sampled on even
time interval, we should preprocess dataset so that the samples in the
dataset are displayed on even time interval. Figure 5 shows the one-
dimensional grid data structure which is divided by the units with
even time interval 15 minutes, and the samples are preprocessed
on that structure. The value of start point of this structure is a time
stamp of the first sample in the dataset, and this first sample is
assigned to it. The rest of the samples in dataset are assigned on the

Table 3: Details of top-20 place–activity pair labels

Top-20 Place-Activity pair Categories

Label Description
Place Activity

pa1 p16 Unspecified place a1 Personal care
pa2 p1 Respondent’s home or yard a12 Socializing, relaxing and leisure
pa3 p2 Respondent’s workplace a5 Working and work-related activities
pa4 p1 Respondent’s home or yard a2 Household activities
pa5 p12 Transportation-related a18 Travel-related activities
pa6 p1 Respondent’s home or yard a11 Eating and drinking
pa7 p1 Respondent’s home or yard a3 Caring for and helping household
pa8 p8 School a6 Educational activities
pa9 p1 Respondent’s home or yard a6 Educational activities

pa10 p1 Respondent’s home or yard a5 Working and work-related activities
pa11 p3 Someone else’s home a12 Socializing, relaxing and leisure
pa12 p4 Restaurant or bar a11 Eating and drinking
pa13 p7 Other store/mall a7 Consumer goods purchases
pa14 p11 Other place a12 Socializing, relaxing and leisure
pa15 p1 Respondent’s home or yard a18 Travel-related activities
pa16 p2 Respondent’s workplace a11 Eating and drinking
pa17 p1 Respondent’s home or yard a16 Telephone calls, mail, and e-mail
pa18 p6 Grocery store a7 Consumer goods purchases
pa19 p11 Other place a8 Professional and personal care
pa20 p11 Other place a6 Educational activities
pa21 None of the above

end point of each unit of the structure based on their time stamps.
As explained in Figure 6, there are two rules for assigning each
sample on the structure in Figure 5.

• Rule 1: Inside a unit, if any time stamp of sample is not
located on it, sample with smallest time stamp later than the
end point of corresponding unit is assigned on its end point.

• Rule 2: If a time stamp of a sample is located inside a unit,
we investigate majority of a time stamp measured by time-
difference from closer one between the previous time stamp
and the start point of the unit to its time stamp, then assign a
sample with the largest majority to the end point of the unit.

time 

1 time unit 

15 minute 

Figure 5: Data structure where samples of our dataset will be as-
signed

end point 
a 

end point 
a b c 

majority 
of a 

majority 
of b 

majority 
of c 

(a) (b) 

time time 

Figure 6: The end point of a unit we are considering for assigning
a sample is marked as dotted arrow. Characters a, b, and c are
samples with corresponding time stamps. (a) A case where Rule 1
is assigned. Sample a is assigned to the end point by Rule 1. (b) A
case where Rule 2 is assigned. Sample with the largest majority will
be assigned to the end point of the unit by Rule 2.

For the portion from the most recent time stamp inside the unit to
its end point as like the most right majority one in (b) of Figure
6, it will be the majority of a sample whose time stamp passes
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Figure 7: Frequency of each label according to the four groups and three label types
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Figure 8: t-SNE results of three label types

and is close to the end point. By applying Rule 1 and Rule 2, we
obtained preprocessed dataset in which the time interval between
two consecutive samples are even as 15 minutes. In general, the
subject has a tendency to stay in a one place for a long time (e.g.
sleeping at home, working at workplace, etc.). Accordingly, there is
no occasion to set a short time interval between samples. An unit
with 15 minutes interval is sufficient for preprocessing the dataset.
In addition, varying the size of time interval of an unit does not
impact on our evaluation, since we evaluated prediction accuracy
of the future state by looking at absolute look-ahead of time in
minutes and hours. When the time interval between two samples
get shorter, the length of sequence will be increased, and that would
only increases the running time of our evaluations.

5.3 Models Compared
We built Markov-based and LSTM predictors to comprehensively

compare performance of traditional and state-of-the-art temporal
models upon the multi-step look-ahead prediction. The predictors
are mainly separated under two categories according to whether it
incorporates time information or not. Eight predictors we used in
our experiments are as follows:

• LST M+T I: LSTM with time information
• LST M: LSTM without time information
• MM2 +T I: 2nd-order Markov model with time information
• MM2: 2nd-order Markov model without time information
• MM1 +T I: 1st-order Markov model with time information
• MM1: 1st-order Markov model without time information
• MM0 +T I: frequency based model with time information
• MM0: frequency based model without time information

Baseline - Frequency based.
Chance level accuracy is selected as one of the baseline models

which we refer to as 0-th order Markov model, MM0. In spite of
this baseline seems very simple, it is a very strong baseline, because
some activities and/or places are dominant in a daily life pattern
(e.g. home and workplace) as illustrated in Figure 7. As far as the
uniqueness of daily human activity pattern of four different groups is
concerned, this baseline is capable of identifying the most likely ac-
tivity and/or place for a specific group. It is measured by ratio of the
number of most frequented activity and/or place to the total number
of predictions. In addition, MM0 +T I, a frequency based predictor
with time information, predicts multi-step ahead of activity and/or
place with the probability distribution over corresponding discrete
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Figure 9: Probability of time-based daily activity in four groups. X-axis is the time in 3 hours and y-axis is the 21 top-20 place–activity pair
labels. Colorbar on the right side indicates probability.

time information. MM0 + T I is trained by counting the number
of occurrences for each place label in terms of the corresponding
class of time information, and then normalized by the number of
occurrences for each class of time information separately. Finally,
MM0 +T I picks out future activity and/or place which has a highest
probability at a specific look-ahead time.

L̂t+n = argmax
l

P(Lt+n = l|Ot+n = ot+n) (8)

In testing stage, using an Equation 8, MM0 +T I forecasts the n-
step ahead of activity and/or place by simply extracting a target of
activity and/or place Lt+n which has a maximum probability with
corresponding time information Ot+n at time step t.

5.4 Result 1 – Patterns of daily activities and
places

Daily activity patterns of each subject are purely dependent on
their current employment status. To qualitatively analyse the dif-
ferences of daily activity patterns among the four groups using
unlableled data, a total frequency of labels over all groups in the
dataset, we applied t-distributed stochastic neighbor embedding (t-
SNE), unsupervised machine learning technique. Figure 7 shows
the frequency of each label for all groups in three different types of
label. t-SNE is a non-linear dimensionality reduction technique for
embedding high-dimensional dataset into two-dimensional spaces to
visualize a grouped scatter plot [25]. Our initial embedding spaces
each have 21 dimensions. As shown in Figure 8, the four groups are
markedly different in their daily activity patterns. Especially, the
histograms are distinctly clustered by job status. Even though the
subjects had fewer students than non-students, the student groups
were uniquely divided against non-student groups. According to
the visual patterns, in order to predict a specific subject’s future
activities and places, it is crucial to separately build each group’s
predictor.

The uniqueness of daily activity patterns among the four groups
can also be explained by visualizing the probability of time-based
daily activity patterns. As shown in Figure 9, we can easily capture
that each group has their unique daily activity pattern. The subjects
tend to behave and move differently according to whether they are
currently a student or not. Moreover, subjects usually follow regular
activity patterns in terms of job status. Based on the observations
from daily activity patterns in the student groups, they spent their
day time at school for educational activities. In case of the students
who have a job, the activity patterns are somewhat unusual compared
to students without job. By contrast, the group of non-students with
job spent most of their time in major places, such as workplace
and home, and rhythmically traveling back and forth between those
major places. We observed that daily activity patterns of non-student
groups are relatively more consistent compared to student groups

in terms of the top-20 place-activity pair labels. In this respect,
it is completely inconsistent to predict future activity and place
of specific subjects from different groups collaboratively. Such a
collaborative prediction might adversely affect the prediction of
specific subjects’ performances. Thus, to examine the predictability
of future activity and place for a subject in a particular group, the
predictors should have to be separately trained by each group and
unaffected by other groups.

5.5 Result 2 – Multi-step look-ahead predic-
tion

With the preprocessed dataset, each groups’ dataset is subdivided
into the number of subjects as multiple sub-sequences, and thereby
each sub-sequence indicates sequential activity or place traces of a
single subject. The two-fold cross-validation technique [20] is used
to measure average prediction accuracy for each group. Performance
is measured by leave-one-held out years-out cross-validation. All
prediction models are trained with sub-sequences from even years,
and the remaining sub-sequences from odd years are used as a test
set, and vice versa. The results of two evaluations are then averaged
to estimate prediction accuracy for each group.

In LSTM predictors, the model complexity, such as setting the
number of hidden layers and that of memory units, was determined
by a number of experiments with various settings. We conducted
experiments on 12 different network configurations, which are 1,
2 and 3 hidden layers, and 5, 10, 15 and 20 units for each hidden
layer, and finally chose the combination of 1 hidden layer with
20 memory units based on the performance. Furthermore, during
training, weight updating was set to stop at 500 epochs or when
the model did not obtain the lowest testing error within consecutive
200 epochs. The momentum and learning rate were set to 0.9 and
0.00003, respectively.

Recall that prediction accuracy is defined as the number of cor-
rect predictions divided by the number of predictions. Figure 10
illustrates the performance of eight predictors, and the evaluations
are individually performed for each group in three different types of
labels. The highest prediction accuracy among the groups can differ
due to the regularity in their activity pattern. It is seen that daily
activity patterns of student groups are relatively irregular compared
to non-student groups. As a result of this, average prediction accu-
racy of student groups shows to be relatively lower than non-student
groups.

Another important fact is that the predictors which incorporated
time information produced higher accuracy than the predictors with-
out considering time information. The absolute time information
indeed aided to improve performance for all predictors. It is interest-
ing to see that the LST M is not necessarily worse than LST M+T I.
The memory cell in LST M predictor has a capability for memorizing
previous observations by counting steps from the initial to current.
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Figure 10: Average multi-step look-ahead prediction accuracy of eight prediction models in three different label types

This makes the network able to internally learn long-term dependen-
cies when the data dependency is present given a sequence. Another
possible reason is that every sub-sequence included in training and
test sets starts with the same time information as 4:00 am. The
strength of using time information was not fully being utilized in
this setting. Overall, the result implies that absolute time informa-
tion is an important feature for recognizing semi-regular patterns in
daily activities.

We also found that people tend to travel and behave according to
their regularly schedule within an hour. The performances among
all predictors are almost the same for within an hour look-ahead
prediction. As the look-ahead time increases up to 6 hours, the
differences of performance among predictors become larger. An-
other plain fact is that as the look-ahead time increases, prediction
accuracy of most predictors’ deceases. In most case, prediction ac-
curacy of 6 hour look-ahead prediction converges to both frequency
based predictor MM0 and MM0 +T I. It seems to be a common
observation. This observation indicates that, it is a challenging
problem to predict future activities and places far away from the
current time. In terms of prediction accuracy among all predictors,
LST M + T I has a noticeable improvement compared to the best
performed Markov-based predictor MM1 +T I, and the degree of
falling on its curve is relatively small over other predictors. Overall,
LST M+T I consistently performed 0.3-7% better relative improve-
ment than MM1+T I. From this result, in order to accurately predict
future activity and place, we are likely to assume that the predic-
tors capture long-term dependencies of past observations. However,
MM1 is an insufficient model to consider long-term dependencies
since it can only captures short-term dependencies, between two
states. Accordingly, Markov-based predictors require to increase the
order of its model because high-order Markov model uses more past
observations for estimating the current state. However, as shown in

Figure 10, MM1 +T I performed almost the same as MM2 +T I at
every look-ahead time. Although MM2 +T I is more precise than
MM1 +T I in terms of using more information during training, high-
order Markov model has a limitation of high dimensional parameter
space. For example, having k different states, the Markov model
requires extremely large kn+1 dimensions to explicitly estimate the
next state with n past observations. If the length of sequence is
relatively small compared to the models’ dimensional spaces, the
high-dimensional spaces can negatively affect the performance of
Markov model, since the model complexity will be exponentially
increased. Without abundant datasets, the high-order Markov model
raises the problem of overfitting due to its large parameter space.

The predictors using place label show the highest prediction accu-
racy among the three types of labels. This is because daily activity
patterns are simple when we only consider location information. If
we use activity labels for the same sequence, the activity pattern will
be relatively dispersed. Also, the number of place labels is less than
activity labels and top-20 place-activity pair labels. Hence, it is rela-
tively easy to predict future places compared to future activities and
top-20 pair labels. Different from the labels with only using places
and activities, the top-20 place-activity pair label is very detailed in
the aspect of context. It is seen that although it appears dispersed
patterns because of the largest number of labels, it performed similar
to the predictors that only used activity labels.

In order to analyse the effectiveness of a LSTM predictor, we com-
puted the conditional probability of correctly predicted true labels
given the number of true labels based on the aggregated confusion
matrices from 15 minutes to 6 hour look-ahead predictions. In Fig-
ure 11, diagonal terms indicate recall for each label. Overall, the
predictor has a tendency to predict labels that have high frequency.
Since we sorted the place-activity pair labels in high-frequency or-
der, the predictor was also trained with a large number of labels such
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Figure 11: Probability of correctly predicted true labels in four groups. X-axis is predicted 21 top-20 place–activity pair labels and y-axis is
true 21 top-20 place–activity pair labels. Colorbar on the right side indicates probability.

Table 4: Prediction accuracy of cross-prediction among four groups. 1-hour look-ahead prediction task and top-20 place–activity pair label are
used with LST M+T I predictor. Boldface indicates the best result in cross-prediction for each group.

Test set
Student with job Non-student with job Student without job Non-student without job

Training set

Student with job 0.6114 0.5981 0.5544 0.5657
Non-student with job 0.5535 0.6408 0.4401 0.5681
Student without job 0.5341 0.5550 0.5662 0.5527

Non-student without job 0.2354 0.2552 0.3360 0.5881

as pa1, pa2 and pa3, which have higher prior probability. Hence,
the weights of prediction naturally appear to be congregated in the
left side of matrices. Diagonal terms were much more highlighted
than off-diagonal terms due to their higher prediction accuracy. For
example, recalls for the educational activities related labels such
as pa8 and pa9 in the students group were highlighted, implying
that activity patterns are different from non-student groups. How-
ever, traveling and eating-related labels, pa5 and pa16, had higher
recall on off-diagonal term compared to diagonal term. Even if we
used the trained prediction network with a specific group, it was a
challenging task to predict specific activities such as traveling and
eating-related activities.

5.6 Result 3 – Cross-Prediction among differ-
ent groups

The aim of the cross-prediction task was to quantitatively analyse
how the activity patterns of other groups can affect the predictability
of activities in a specific group. Different from the experiments
above, LSTM predictor was trained on sub-sequences of a certain
group and measured prediction accuracy with sub-sequences from a
different group. As we have seen daily activity patterns for different
groups, each group has their unique activity pattern. Intuitively, the
performances of cross-prediction deeply depend on how different
the activity patterns are between training and test sets. If there exists
a significant difference, the performance of cross-prediction will be
down. As results in Table 4 show, the group-specific predictions
outperformed the cross-predictions that use training and test sets
from different groups. To conclude, it is the group-specific training
that has the capacity to capture regular activity patterns latent in a
specific group.

6. CONCLUSION
In this paper, we studied predictability of daily human activities

using large-scale ATUS dataset. Compared to the dataset used in pre-
vious studies, this dataset contains a large number of subjects from
heterogeneous populations with individuals’ detailed demographic
information, and both activity and place information. We proposed
and evaluated multi-step look-ahead prediction up to 6 hours. The
main findings of our experiments are as follows. LSTM-based pre-
dictors constantly produced better performances than Markov-based

predictors for every look-ahead time up to 6 hours. Due to the prob-
lem of overfitting, increased Markov-based model complexity led
to difficulty in model learning and inference. Unlike the Markov-
based model, the LSTM network, the non-parametric model, has an
advantage to efficiently capture long-term temporal dependencies of
regularity in daily human activity patterns. Additionally, we divided
subjects in ATUS dataset into four groups based on their current em-
ployment status to identify the differences of daily activity patterns
among different groups. According to the experiments, the activity
patterns of each group are unique, in terms of analysing differences
of daily activity patterns and visualization of frequency of places
and activities using t-SNE technique. Quantitatively, we evaluated
cross-prediction tasks to examine the compatibility of four groups
and the importance of group-specific training.
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