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Abstract—Understanding human behaviour is a central task
in intelligent environments. Understanding what the user does
and how she does it allows to build more reactive and smart
environments. In this paper we present a new approach to interactivity behaviour modelling. This approach is based on the use
of multi-scale convolutional neural networks to detect n-grams in
action sequences and a novel method of applying soft attention
mechanisms at embedding level. The proposed architecture
improves our previous architecture based on recurrent networks,
obtaining better result predicting the users’ actions.
Index Terms—behaviour modelling, convolutional neural network, soft attention, embeddings, intelligent environments

we have worked on creating single-user activity recognition
algorithms for home environments [6] [7] [8], but in the case
of City4Age, we have created algorithms that use a higher
level of abstraction to model the user behaviour based on their
actions and activities.
In this paper, we present an improved version of our
inter-activity behaviour modelling algorithm. As previously
deﬁned in [29], the inter-activity behaviour describes how the
user chains different activities (e.g. on Mondays after having
breakfast, the user leaves the house to go to work, but in
the weekends she goes to the main room), while the intraactivity behaviour describes how a single activity is performed
by a user at different times (e.g., while the user is preparing
dinner, sometimes she may gather all the ingredients before
starting, while on other occasions, the user may take them
as they are needed). The improved algorithm uses multiscale convolutional neural networks (CNN) to detect the ngrams present in the input action sequences and predict the
next action of the user. We also present a novel method of
applying attention for sequence modelling. Instead of applying
the inferred attention levels to the hidden states of the recurrent
encoder, we apply them to the action embeddings, feeding
those adjusted action embeddings to the multi-scale CNNs.
Our evaluation shows that this approach can provide better
results in the tested scenarios.

I. I NTRODUCTION
City4Age [1] is a H2020 research and innovation project
with the aim of enabling age-friendly cities. The project aims
to create an innovative framework of ICT tools and services
that can be deployed by European cities in order to enhance
the early detection of risk related to frailty and MCI, as well as
to provide personalized interventions that can help the elderly
population to improve their daily life by promoting positive
behaviour changes [2] [3]. The project has deployed an IoT
infrastructure in several european cities [4], with the idea
that SmartCities can collect personal data about their citizens’
behaviours enhanced through the use of technologies in an
unobtrusive and affordable way [5].
City4Age does not offer a single and invariable solution for
SmartCities, providing instead a ﬂexible framework composed
by multiple methodologies and software/hardware modules
that solve speciﬁc problems. This way, each city can select
the pieces of the framework that fulﬁl better their own requirements and needs, creating their customized solution. As part of
the tools created for the framework, we have developed a series
of algorithms for activity recognition and behaviour modelling.
The analysis of the users’ behaviour is one of the central
elements of the City4Age project. The recognized activities
and the behaviour variations are then used to ascertain the
frailty and MCI risks levels of the users. Once the risk has been
detected, users receive meaningful and timely interventions
in order to help them improve their behaviour. In the past,
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II. R ELATED

WORK

There are two main monitoring approaches for automatic
human behaviour and activity evaluation, namely, visionand sensor-based monitoring. For a review of vision-based
approaches, [9] can be consulted. When approaching human
behaviour and activity recognition in intelligent environments,
sensor-based monitoring approaches are the most widely used
solutions [10], as vision-based ones tend to generate privacy
concerns among the users [11]. Sensor-based approaches are
based on the use of emerging sensor network technologies
for behaviour and activity monitoring. The generated sensor
data from sensor-based monitoring are mainly time series of
state changes and/or various parameter values that are usually
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Multi-scale CNNs having been used by several authors for
NLP related tasks. [26] studies the use of multi-scale CNNs
for sentence classiﬁcation, using the convolutional operation
as we do to identify the n-grams present in the sentence. [28]
analyses in-depth the multi-scale CNN architecture proposed
in [26] to study the inﬂuence of the different factors and hyperparameters in the accuracy of the architecture. [27] makes use
of multi-scale CNNs in order to match medical questions and
answers in Chinese.

processed through data fusion, probabilistic or statistical analysis methods and formal knowledge technologies for activity
recognition. There are two main approaches for sensor-based
behaviour and activity recognition in the literature: data- and
knowledge-driven approaches.
User behaviour in intelligent environments builds on user
activities to describe the conduct of the user. Modelling user
behaviour entails an abstraction layer over activity recognition. Behaviour models describe how speciﬁc users perform
activities and what activities comprise their daily living. User
behaviour prediction is an important task in intelligent environments. It allows us to anticipate user needs and to detect
variations in behaviour that can be related to health risks. In
the Mavhome project [12], the authors created algorithms to
predict the users’ mobility patterns and their device usage.
Their algorithms, based mainly on sequence matching, compression and Markov models [13], allowed the intelligent environments to adapt to the user needs. Other authors have used
prediction methods to recognize the user activities in smart
environments [14]. An analysis of the importance of prediction
in intelligent environments can be found in [15]. Prediction has
also been used in intelligent environments for the control of
artiﬁcial illumination [16] using neuro-fuzzy systems or for the
control of climate parameters on the basis of user behaviour
[17]. A more in-depth analysis of the use of user behaviour
prediction for comfort management in intelligent environments
can be found in [18]. As explained in the following section,
we identify two types of behaviours: intra-activity behaviour
(which describes how the user performs activities) and interactivity behaviour (which describes the actions and activity
sequences that compose the user’s daily life). To model and
predict the inter-activity behaviour, we use action sequences,
as this allows us to have a ﬁne-grained description of the
user conduct while abstracting the model from speciﬁc sensor
technology.
To be able to work with a more ﬂexible representation of the
information in the intelligent environments, we map the raw
sensor data to actions like proposed by Chen et al. [19]. Other
authors have shown that actions are a good approach to model
behaviours [20] [21]. Using actions to model behaviours has
also been tackled in the domain of plan and goal recognition.
Hoey et al. [22] use the same deﬁnition of actions (short
and conscious muscular movements) to analyse the handwashing process of patients with dementia. In their case, the
mapping is done from a video to a set of actions. Krüger et
al. [23] use actions to model activities using computational
state-space models. In their case, the mapping is done from
inertial measurements to actions, and the actions are grouped
in different classes. Although different types of sensors (video
by Hoey et al., inertial measurements by Krüger et al., and
binary sensors in our evaluation) and mapping methods are
used, the same concept is present, working on the action-space
instead of the sensor-space. In our approach we use semantic
embeddings to represent the actions. Embeddings have been
used successfully in recent years in very varied tasks, such as
knowledge path extraction [24] or sentiment analysis [25].

III. B EHAVIOUR MODELLING NETWORK
To create a probabilistic model for behaviour prediction,
we used a deep neural network architecture (see Figure 2).
This model shares some characteristics with our previous
approach [29] to user behaviour modelling. It also works on
the action-space instead of the sensor-space, mapping speciﬁc
sensor readings to user actions. The action-based approach was
initially proposed in [19] and has the advantage of reducing
the hypothesis space, as different sensor types may detect the
same action. The proposed system is speciﬁcally tailored to
detect inter-activity behaviour, as deﬁned in [29](see Figure
1). The new approach presented in this paper offers two
improvements over the previous one. First, instead of using
recurrent neural networks (RNN) to model the sequence, we
use multi-scale CNNs to identify the relevant n-grams in
the sequence, validating that it improves the previous results.
Secondly, we propose a novel way to apply attention: instead
of applying attention to the encoder’s hidden states as usual
[32] [33] [34], we apply it to the action embeddings to
identify the most relevant actions in the sequence. Those two
contributions allowed us to signiﬁcantly improve the results
of our previous behaviour modelling system.
The behaviour modelling network is divided in four main
sections:
• The input module, which takes the sequence of user
actions as input and transforms it to a sequence of action
embeddings. It is composed by the input layer and the
embedding matrix in Figure 2.
• The attention mechanism, which evaluates the sequence
to identify the most important actions in it and weights the
action embeddings according to the action importance. It
is composed by the Gated Recurrent Unit (GRU) encoder,
the hyperbolic tangent (tanh) fully connected layer and
the softmax fully connected layer in Figure 2. The result
of the attention is applied to the output of the embedding
matrix.
• The multi-scale convolutional feature extractor, which
takes the adjusted action embeddings and detects different
length n-grams, extracting the most relevant features of
the sequence. It is composed by the CNNs and the 1max pool layers. There are several of these convolution
operations done in parallel, depending on the n-grams
that the model wants to identify in the actions.
• The prediction module, which takes the identiﬁed features
and predicts the probability that each individual action
has to follow the input sequence. It is composed by two
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Fig. 1. User behaviour model as deﬁned in [29]. The behaviour modelling network presented in the paper models the inter-activity behaviour.

Rectiﬁed Linear Unit (ReLU) fully connected layers and
a ﬁnal softmax fully connected layer in Figure 2.
A. The input module and the attention mechanism
The input module works similarly to the one used in [29].
The behaviour modelling network receives the user actions as
one-hot-encodings and converts them to semantic embeddings.
As validated in [29], using a more rich representation of the
actions (i.e. the semantic embeddings) provides better results
while predicting the user’s next actions. In our model, we use
the Word2Vec algorithm proposed by Mikolov et al. [30] to
calculate the embeddings, a widely used embedding model
inspired originally by the neural network language model
developed by Bengio et al. [31]
Given a sequence of actions Sact = [a1 , a2 , ..., ala ],
where la is the sequence length and ai ∈ da indicates
the action vector of the ith action in the sequence, we
let Context(ai ) = [ai−n , . . . , ai−1 , ai+1 , . . . , ai+n ] be the
context of ai , where 2n is the length of the context window.
We let p(ai |Context(ai )) be the probability of ai to be in
the ith position of the sequence. The target of the model used
to create the embeddings is to optimize the log maximum
likelihood estimation (logMLE):

log p(ai |Context(ai ))
(1)
La (M LE) =
ai ∈Sact

In our model, we use the Word2Vec implementation in
Gensim to calculate the embedding values for each action in
the dataset. Gensim1 is one of the most popular Python vectorspace modelling libraries. We represent each action with a
vector of 50 ﬂoat values. Instead of providing the values
directly to our model, we have included an embedding matrix
layer as the input to the model. In this layer, we store the
procedural information on how to transform an action ID to
its embedding. Adding this layer allows us to train it with the
rest of the model and, in this way, ﬁne-tune the embedding
values to the current task, improving the general accuracy of
the model [29].

Fig. 2. Behaviour modelling network architecture. The input layer and the
embedding matrix form the input module. The GRU encoder, tanh fully
connected and softmax fully connected layers form the attention mechanism.
The convolution and 1-max pool layers form the multi-scale convolutional
feature extractor. Finally the two ReLU fully connected and the ﬁnal softmax
fully connected layers form the prediction module. The number of convolution
layers can very depending on the speciﬁc task.

1 https://radimrehurek.com/gensim/
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a ﬁxed length: Aeadj = {ae1 , ..., aelc }. The dimensionality
of the action vectors is represented by dae and each element
being a real number, aei ∈ dae . After calculating the adjusted
action embedding vectors, each action sequence is a matrix
Aeadj ∈ lae ×dae . Taking the sequence of adjusted action
embeddings, the convolution can be represented as:

After calculating the semantic embeddings we apply a soft
attention mechanism to identify those actions that are more
relevant to predict the next user action. This approach is
similar to how the attention mechanism is applied in natural
language processing to identify the most important words in
a sentence [32] [33] [34], but with a variation regarding the
network component to where the attention is applied. Instead
of applying the attention to the hidden states generated by the
encoder, we apply it to the calculated semantic embeddings.
This new approach to applying attention has resulted in better
results when predicting user actions, as explained in Section
IV.
Action sequences Sact are composed by actions at with
t ∈ [1, T ]. Taking a sequence with actions at , t ∈ [1, T ], it
is fed to the input module to obtain the semantic embeddings
of those actions, using an embedding matrix Ae calculated
previously with the Word2Vec algorithm. We use a GRU layer
[35] like [34] to encode the sequence of action embeddings.
This encoder extracts the contextual information of each action
in the sequence, with the GRU layer reading the sequence from
a1 to aT . The GRU has a number of units of 128.
xt = Ae at
−−−→
ht = GRU (xt )

Oj = f (Wj ◦ [ae1 , ..., aelae −s+1 ] + b)

Oj ∈ lae −s+1 is the result of the convolution. Wj ∈ l×d
and b are the parameters that are being trained. f () is the
activation function for the convolution, which in our case
is a ReLU activation [36]. Finally, W ◦ Aeadj represents
the element-wise multiplication of the elements. Being the
number of ﬁlter maps do , the output of the convolution is
O = [O1 , ..., Odo ] ∈ (lae −s+1)×do . In our model we use
200 ﬁlters for each convolution layer and different kernel
sizes depending on the target n-grams: nsize × dae . After each
convolution we apply a 1-max pooling layer [37], which ﬁlters
the extracted features by selecting the maximum value of each
ﬁlter to reduce the dimensionality. We ﬁnally concatenate the
results of each parallel 1-max pooling layer and ﬂatten them
in order to fed it to the prediction module.
The prediction module takes the extracted features and uses
them to predict the user’s next action. It is composed by three
fully connected layers. The ﬁrst two layers (fre ) use ReLU
activations(and have a unit size of 512), in order to model the
abstract representation of the next action.

(2)

The attention mechanism takes the GRU hidden states ht
as input and outputs a vector of weights αt ∈ [0, 1] with
the importance of each action at . To do this, ﬁrst a fully
connected layer with a unit size of 128 is used to get the
hidden representation ut of ht :
ut = tanh(Wa ht + ba )

fre = relu(W X + b)

(4)

IV. VALIDATION
A. Experimental setup

Other authors use this weight vector to calculate a weighted
sum of the hidden states of the encoder ht . In our case, we used
those weights to estimate the relative importance of each action
embedding xt for the prediction task, obtaining the attention
adjusted embedding vectors Aeadj (5). As discussed in Section
IV, this approach provides better results in the analyzed cases:
Aeadj = αt xt

(7)

The ﬁnal fully connected layer uses a softmax activation
(see (4)) to predict the probabilities of the next action. This
layer has a unit size equal to the number of distinct actions
that are modelled in the system. It provides a vector with the
probability of each action being the next one that the user is
going to execute.

(3)

With ut calculated, a softmax function is used to compute
the normalized importance weights (αt ) of each action:
exp(u
t ua )
αt = 
u )
exp(u
t a
t

(6)

To evaluate the proposed model, we used the dataset2 published by Kasteren et al. [39]. This dataset has been selected
because it is widely used in the activity recognition and intelligent environments literature. This allows other researchers
working in both areas to better compare the results of this paper with their own work. The dataset is the result of monitoring
a 26-year old man in a three-room apartment where 14 binary
sensors were installed. Those sensors were installed in locations such as doors, cupboards, refrigerator, freezer or toilet.
Sensor data for 28 days was collected for a total of 2120 sensor
events and 245 activity instances. The annotated activities
were: ’LeaveHouse’, ’UseToilet’, ’TakeShower’, ’GoToBed’,
’PrepareBreakfast’, ’PrepareDinner’ and ’GetDrink’. In this
speciﬁc case the sensors were mapped one to one to actions,
resulting in the following set of actions: ’UseDishwasher’,

(5)

B. The multi-scale convolutional feature extractor and the
prediction module
After obtaining the adjusted embedding vectors Aeadj in (5),
we use a multi-scale CNN architecture as feature extractor.
This architecture is composed by several parallel CNNs (see
Figure 2). Each of these networks perform a 1D convolution,
each one with a different kernel size, in order to identify the
different action n-grams in the sequence. The sequences are
represented by adjusted action embedding sequences, having

2 https://sites.google.com/site/tim0306/datasets
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’OpenPansCupboard’, ’ToiletFlush’, ’UseHallBedroomDoor’,
’OpenPlatesCupboard’, ’OpenCupsCupboard’, ’OpenFridge’,
’UseMicrowave’, ’UseHallBathroomDoor’, ’UseWashingmachine’, ’UseHallToiletDoor’, ’OpenFreezer’, ’OpenGroceriesCupboard’ and ’UseFrontdoor’.
For the training process, the dataset was split into a training
set (80% of the dataset) and a validation set (20% of the
dataset) of continuous days. These sets are composed by the
raw sensor data provided by Kasteren et al. In order to make
the training process more streamlined, we apply the sensor
to action mappings off-line. This allows us to train the deep
neural model faster while still having the raw sensor data as
the input. To do the training we use n actions as the input
(as described in the sequence length experiments) to predict
the next action (see subsection IV-B for a description on how
accuracy is evaluated). That is, the training examples are the
sequences of actions and the label is the next action that follows that sequence, being a supervised learning problem. The
proposed architectures have been implemented using Keras3
and executed using TensorFlow4 as the back-end. Each of the
experiments has been trained for 1000 epochs, with a batch
size of 128, using Categorical Cross Entropy as the loss function and Adam [38] as the optimizer. After the 1000 epochs
we selected the best model using the validation accuracy as the
ﬁtness metric. The action embeddings were calculated using
the full training set extracted from the Kasteren dataset and
using the word2vec [30] algorithm and the embedding layer
was conﬁgured as trainable.
To validate the results of the system, we performed the
following experiments (a summary of the experiments can be
found in Table I):
•
•

•

•

•

multi-scale CNNs. We have included this experiment for
completeness’ sake.
The complete architecture proposed in this paper, with
the novel approach of applying the attention to the
embedding values. In these experiments we have varied
the size of the GRU and tanh activated fully connected
layers, using the embedding size 50 in M5 and 128 in
M6. Whenever the attention layer is used in the rest of
the experiments, the size of the GRU and tanh activated
fully connected layers is also 128.
TABLE I
E XPERIMENT CONFIGURATION SUMMARY

ID
A3, S2 & S3
M1
M2
M3
M4
M5
M6

Description
Previous approach.
See [29] for a description of the conﬁgurations.
Multi-scale CNN without attention.
N-gram lenghts: 2,3,4 & 5.
Multi-scale CNN without attention.
N-gram lenghts: 3,4 & 5.
Input module + attention mechanism + prediction module.
Without multi-scale CNNs.
Complete architecture.
Attention applied to the recurrent hidden states.
Proposed architecture.
Attention layer’s size: 50.
Proposed architecture.
Attention layer’s size: 128.

B. Metrics
To validate the predicting capabilities of the proposed model
we have evaluated its performance using the top-k accuracy.
The top-k (acc at k) accuracy is a standard metric in different
prediction and modelling tasks, and is deﬁned as:

The best results of our previous approach [29] using
RNNs (A3, S2 and S3).
An architecture using only multi-scale CNNs without any
attention mechanism. In these experiments we varied the
length of the n-grams that were detected by the CNNs,
using n-grams with length 2,3,4 and 5 in M1 and 3,4 and
5 in M2. Other variations of n-gram size have been tested,
but the obtained results were not competitive enough to
be included.
An architecture using only the input module, attention
mechanism and prediction module (without the multiscale convolutional feature extractor). In this case the
attention mechanism is applied as usually to the hidden
states of the GRU encoder instead of the embeddings
(M3). This is the traditional approach using attention for
sequence modelling.
The complete architecture, but using the traditional approach of applying attention to the hidden states of the
GRU encoder. We then feed those values to the multiscale CNNs (M4). Take into account that the traditional
approach is the one used in M3, without using the

acc at k =

N
1 
b[ai ∈ Cik ]
N i=1

(8)

Where ai is the expected action and Cik is the set of the
top k predicted actions. b[.] → {0, 1} represents the scoring
function, when the condition in the ﬁrst part is true, the
function value is 1, otherwise, the value is 0. In our case,
if the ground-truth action is in the set of k predicted actions,
the function value is 1. To evaluate our models we provide the
accuracy for k values of 1, 2, 3, 4 and 5.
C. Results and discussion
Table II shows the results of the performed experiments. As
can be seen, the proposed architecture (M5 and M6) improves
the results obtained with our previous approach using RNNs
(A3, S2 and S3), except for a single prediction, where the
results are tied. Having the attention layers’ size tied to the
embeddings’ size (M5) does not improve the results when
comparing it to an arbitrary size (M6). Embedding level soft
attention (M5 and M6) considerably improves the performance
of multi-scale CNNs (M1 and M2). When comparing our approach to applying attention at embedding level and combining

3 https://github.com/fchollet/keras
4 https://www.tensorﬂow.org/
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combining it with multi-scale CNNs. Instead of adjusting the
recurrent encoder’s hidden states with the calculated attention
percentages, we use them to adjust the embedding vectors
that are fed to the multi-scale CNNs. As validated with
the performed experiments using a widely-used dataset in
intelligent environments, our new approach provided better
results than both using multi-scale CNNs without attention
or using the traditional approach to attention.
As future work we would like to tackle two problems. First
we would like to include temporal information to obtain better
predictions. Intuitively, the actions that the users perform during different periods of the day should be more distinguishable
(e.g. preparing breakfast versus preparing dinner, or taking
usually a shower during the morning versus taking it before
going to bed). We expect that including the temporal information in the model will lead to improved results. Secondly we
would like to improve the model by including better internal
representations both of the inputs and the predictions. We
plan to do this by using the action embedding vectors as a
prediction target. We expect that the improved representation
will offer better result by improving the expressiveness of the
network.

it with multi-scale CNNs, we can see that it offers better results
for behaviour modelling against the traditional approach of
applying it to the hidden states of the recurrent encoder (M3).
M4 shows that combining the traditional approach with multiscale CNNs is not a viable option, producing the worst results.
TABLE II
E XPERIMENT RESULTS : ACCURACY FOR DIFFERENT NUMBER OF
PREDICTIONS

ID
A3
S2
S3
M1
M2
M3
M4
M5
M6

acc at 1
0.4744
0.4255
0.4658
0.4358
0.4230
0.4487
0.3931
0.4744
0.47

acc at 2
0.6282
0.6255
0.6452
0.6324
0.6068
0.6452
0.5726
0.6624
0.6538

acc at 3
0.7179
0.7021
0.7264
0.7264
0.7094
0.7307
0.6837
0.735
0.7436

acc at 4
0.7905
0.8085
0.7948
0.7905
0.7692
0.7905
0.7649
0.8034
0.8162

acc at 5
0.8589
0.8382
0.8504
0.8418
0.8333
0.8632
0.8076
0.8589
0.8632

Regarding the better results using multi-scale CNNs than
RNNs for behaviour modelling, we expect them to be related
on how the multi-scale CNNs model the relations between
the actions. With the multi-scale CNNs we are able to model
relations between groups of actions of different lengths (in
our speciﬁc case, n-grams with lengths of 2, 3, 4 and 5). This
allows the model to be more ﬂexible and to model different
types of relations between the actions, while the RNNs would
converge into an speciﬁc relation type. We also suspect that
the relevant relations to predict the next action have a short
duration, not allowing the RNNs to take advantage of the long
term memory and the longer sequences. This also can explain
why our novel way to applying attention offers better results
in the studied cases. Being the n-grams the focal point for
the predictions, it is important for the multi-scale CNNs to
receive the action vectors as input. By applying the attention
to the GRU Encoder hidden states ht and feeding them to the
multi-scale CNNs, all individual action information is lost and
no n-grams can be identiﬁed. In the other hand, adjusting the
action vectors xt with the calculated importance weights αt
allows to maintain the individual action information while also
using the attention mechanism.
We believe that the results presented in this paper validate
our approach of combining the use of multi-scale CNNs with
attention mechanisms in order to model the user behaviour.
It also validates our novel approach to applying the attention
mechanisms to the embedding vectors instead of the hidden
states of the recurrent encoder.
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