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Abstract—Multi-resident activity recognition is important to
many applications in smart homes. Existing works in this area
are usually based on supervised classification methods, and can
only recognize the predefined activity classes that are labeled in
the training data. However, in many practical applications, the
activities needed to recognize contain not only the predefined
activities but also the previously unseen activities. In this paper,
we propose a method to solve the problem of multi-resident
activity recognition with the previously unseen activity classes.
Our method utilizes the techniques of multi-task learning and
zero-shot learning. It regards the activity recognition of each
resident as a learning task, and learns all tasks jointly. By utilizing
zero-shot learning techniques, previously unseen activity classes
can be recognized. We conduct extensive experiments on realworld datasets. The experimental results show the effectiveness
of our method.
Index Terms—Activity recognition, multiple residents, smart
homes, unseen activity classes

I. I NTRODUCTION
Smart homes aim to assist and facilitate the living of the
residents through providing context-aware services [1]. To
provide these services, being aware of the residents’ activities
is needed, as many services are based on the activities.
Thus, activity recognition plays an important role in many
applications in smart homes.
To collect information about the activities, various kinds of
devices can be used. One kind of the devices is the cameras,
which have been widely used in the public environments [2].
However, in the home environment, as the privacy of the
residents is important, it is not suitable to use them [2], [3].
Another kind of the devices is the wearable sensors. For these
devices, the residents always need to remember to wear them.
Thus, they can bring inconvenience to the residents [2], [4].
In existing works on smart home activity recognition, the
devices widely used are the ambient sensors deployed at fixed
locations in the house. Examples of these sensors are the
motion sensors fixed on the ceiling, switch sensors attached on
the doors and pressure sensors attached on the seats [5], [6].
As these sensors are deployed at fixed locations in the house,
the residents don’t need to wear them. In addition, they are
considered as less intrusive [7] and more privacy preserving
[8]. Because of these advantages, the ambient sensors obtain
wide adoption in smart homes.

There have been many works on smart home activity recognition based on the ambient sensors [7], [8]. However, these
works mainly focus on the single-resident setting. Under this
setting, there is only one resident in the home environment.
All sensor readings are solely about this resident. However,
in reality, the residents usually do not live alone. In a home
environment, there are usually multiple residents. Activity
recognition with multiple residents is a more practical setting.
Compared with the single-resident setting, activity recognition
under the multi-resident setting is more challenging. Under
this setting, the sensor readings about different residents are
mixed together. In addition, the activities of one resident
may be influenced by the activities of other residents. Due
to these reasons, the number of research works on multiresident activity recognition is much smaller. In recent years,
it obtains increasing interest in the area of smart home activity
recognition and gets some developments [9].
In activity recognition problems, to learn the recognition
model, sufficient labeled training instances are needed. To
get these instances, adequate sensor readings are required
to be collected and labeled. However, during data labeling,
only predefined activities that are of interest are labeled, and
classification model for these predefined activities is learned
with the labeled instances. In many practical applications,
when we use the learned model to recognize activities, not
only the predefined activities, but also some previously unseen
activities are needed to recognize. This phenomenon also
occurs in many applications related to multi-resident activity
recognition. In these cases, as the process of sensor reading
collecting and labeling is costly [10], it is not practical to
recollect sensor readings and retrain a new recognition model.
Methods that both can recognize instances belonging to the
predefined activities and can recognize instances belonging
to the previously unseen activities are needed. Traditional
classification methods, such as SVM and decision tree, can
not achieve this. Because in these methods, for each class to
recognize, labeled training instances belonging to this class
are needed in the model learning phase. As an emerging
learning paradigm, zero-shot learning [11] can be used to
address this problem. Zero-shot learning aims to recognize
instances belonging to the previously unseen classes.
In this paper, we propose to address the problem of multi-

resident activity recognition with the previously unseen activity classes in the smart home environment. This is a problem
of practical value and is also challenging. In this problem,
not only activities coming from multiple residents are needed
to recognize, but also these activities contain the previously
unseen activities. There are existing works on multi-resident
activity recognition [9], but they are not for the case of unseen
activities. On the other hand, existing works on sensor-based
unseen activity recognition generally focus on the setting of
single person [10], [12]. In this paper, we propose a method to
address the problem of multi-resident activity recognition with
unseen activity classes. Based on the problem setting, we refer
to our method as “multi-resident with unseen-activity-class
recognition method (MRUA)”. Our MRUA method is based
on multi-task learning and zero-shot learning techniques. By
regarding the activity recognition of each resident as a task,
all tasks are learned jointly.
The primary contribution we made in this paper is proposing
to tackle the problem of multi-resident activity recognition
with unseen classes through the multi-task learning and zeroshot learning techniques. In this way, we propose a method
MRUA to address this problem. We conduct extensive experiments on real world datasets, and show the effectiveness of
our method.

on one aspect and solve the whole problem. In [2], a CRF
is used to solve the problem of data association and activity
recognition jointly in an iterative manner. In [18], the Cartesian
product of activity labels of different residents are used to
form the combined labels. In this way, they convert the
multi-resident activity recognition problem into a single-label
classification problem, and learn an HMM or a CRF to classify
the combined labels. Besides the works performing activity
recognition for each sensor event, there are works performing
activity recognition based on fixed-length time slices. This is
in accordance with many works in other sensor-based activity
recognition problems [7]. In these works, for a time slice,
they determine the activities of each resident within this time
slice. In [19], incremental decision trees are used for activity
recognition. In [20], an FHMM and a tracking based approach
are used.
In area of multi-resident activity recognition, there are also
works utilizing active learning techniques [21], and works
based on both the wearable and the ambient sensors [22].
Almost all of the existing works are introduced in the situation
of two residents, and are not evaluated in situations of more
than two residents. However, most of the methods in these
works can be extended to situations of more than two residents.

II. R ELATED W ORK

In our problem, as we need to recognize the previously
unseen activities, zero-shot learning methods are needed. Zeroshot learning is a learning paradigm which aims to recognize
the previously unseen classes [11]. In zero-shot learning, the
classes contained in the labeled training data are referred to as
the seen classes; the classes we need to classify in the testing
data are referred to as the unseen classes. The seen and the
unseen classes are disjoint. To be able to recognize instances
belonging to the unseen classes, some semantic information
is involved and it forms a semantic space. Each class in the
seen and the unseen classes is represented as a vector in the
semantic space, and referred to as the class prototype (or
prototype for short) of this class. In existing works, from
different information sources, different semantic spaces can
be involved. Common widely used semantic spaces include
the semantic attribute spaces and the word embedding spaces.
Zero-shot learning is a sub-area of transfer learning [23], in
which the information contained in the seen classes (source
classes) is transferred to the task of classifying instances
belonging to the unseen classes (target classes).
Although existing works on zero-shot learning are mainly
in the area of computer vision [11]. In other areas, there
have also been some works. In the area of sensor-based
activity recognition, there are some works on different zeroshot recognition tasks. In [10], the semantic attributes are
involved for wearable sensor based activity recognition. In
[12], the keywords extracted from the text descriptions of the
activities form the semantic space and are used for ambient
sensor based activity recognition.
The multi-resident activity recognition problem is a multilabel classification problem. In zero-shot learning, there are

In this section, we briefly review related works in two
research areas: multi-resident activity recognition in smart
homes, and zero-shot learning.
A. Multi-Resident Activity Recognition in Smart Homes
Activity recognition in smart homes is an area that has
received much research. However, for the sub-area of multiresident activity recognition, as it is more challenging, there
are fewer related works. In recent years, it obtains increasing
attention. Benmansour et al. give a survey of existing works
in [9]. In this area, some works are based on the wearable
sensors. In [13], [14], wearable sensors are worn on the body
of the subjects, and activity recognition is based on the sensor
readings. In these works, as each sensor is known beforehand
which subject it is worn by, the sensor readings about different
subjects can be separated naturally.
In most of existing works, because of the advantages
introduced in Section I, the ambient sensors are adopted.
These ambient sensors are usually binary sensors [5], [15], the
readings of which are the sensor events denoting activation
information of the sensors. With the readings of the binary
ambient sensors, some works perform activity recognition for
each sensor event. In these works, when a sensor event is
observed, they determine it belongs to which resident and
which activity. Some of these works just focus on one aspect
of the problem: in some works, they just focus on determining
an event belongs to which resident (this is referred to as data
association) [16], [17]; in other works, the data association
is assumed to be known, and they just focus on activity
recognition [3], [4]. In other works, they do not just focus

B. Zero-Shot Learning

some works on multi-label zero-shot learning. In some works
[24], each label is treated separately, and the multi-label
classification problem is converted into a series of binary
classification problems. In other works [25], combinations of
the labels in the seen and the unseen classes are regarded as
the combined labels. The multi-label classification problem is
converted into a single-label classification problem.
III. P ROPOSED M ETHOD
In this section, we introduce our proposed MRUA method.
Following most of existing works, we assume the ambient sensors are used as data collecting devices. For the convenience of
illustration, like in existing works, we introduce our method
in the situation of two residents. Our method can be easily
extended to situations of more than two residents.
A. Problem Statement
In our problem, the activity classes covered by the training
and the testing data are different. From the view of transfer
learning [23], the aim of our method is to transfer the information contained in the training data to the task of testing data
classification. Following the general way in transfer learning,
we refer to the class label space of the training data as the
source label space, and the class label space of the testing
data as the target label space.
In the training phase, we have the sensor readings got from
the ambient sensors deployed in a smart home environment
of two residents. We refer to these two residents as Resident1 and Resident2. The activities of these two residents
are labeled. These labels belong to the source label space
C s = {csi |i = 1, · · · , N s }. In the testing phase, we have
the unlabeled sensor readings also got from these ambient
sensors, and these sensor readings are also about these two
residents. These sensor readings belong to the target label
space C t = {cti |i = 1, · · · , N t }. The source and the target
label spaces are different, i.e., C s 6= C t . The target label space
contains activity classes not in the source label space. With the
labeled sensor readings in the training phase, we aim to learn
a classification model that can classify the unlabeled sensor
readings in the testing phase.
Our problem setting is a little different from the setting
of zero-shot learning. In zero-shot learning, the source and
the target label spaces are disjoint: the source label space
just contains the seen classes; the target label space just
contains the unseen classes. However, in our problem, the
source label space contains the seen classes; the target label
space contains not only the unseen classes but also the seen
classes. This problem setting is more practical in activity
recognition applications. Because in practical applications,
instances of both the seen and the unseen activity classes
can be encountered when the recognition model is used. This
setting is referred to as generalized zero-shot learning [11] in
recent works on zero-shot learning.
B. Data Preprocessing
Feature Extraction. The raw data we have are the sensor
readings. They are time series data. Following the general

way of dealing with the sensor readings [7], we adopt the
sliding window strategy to segment the sensor readings into
time slices with fixed length. The classification is based on
these time slices. As introduced in Section II-A, in existing
works on multi-resident activity recognition, there are also
many works performing the classification based on the sensor
events [2], [18]. However, in our method, like in the works
[19], [20], we choose to perform classification based on the
time slices. This is because, in practical applications, we often
need to get aware of the residents’ activities not necessarily
at the time when there are sensor events occur, but also at the
time when there are no sensor events. After data segmentation,
for each time slice, one feature space instance is extracted.
Label Embedding. The testing data contain unseen activities.
To be able to recognize the different activities in the testing
data, following the general way adopted in zero-shot learning,
we embed the class labels into the semantic space T . For a
class ci in the source or the target label space, it is embedded
into the semantic space, and has a corresponding prototype ti
in this space, i.e., ci → ti .
C. Proposed MRUA Method
After the above data preprocessing steps, in the
training phase, we have N tr labeled training instances
tr(1) tr(2)
tr(1) tr(2) N tr
, yi
} is
{xtr
, yi
}i=1 . Each instance {xtr
i , yi
i , yi
in the feature space X (which is a real number space of
tr(1)
dimension D), i.e., xtr
∈ C s is the activity label
i ∈ X ; yi
tr(2)
of Resident1; yi
∈ C s is the activity label of Resident2.
In the semantic space T (which is a real number space of
s
dimension M ), we have the prototypes {tsi }N
i=1 of the classes
s
s
{csi }N
phase, we
i=1 in the source label space C . In the testing
te
N te
have N unlabeled testing instances {xte
i }i=1 in the feature
space X . In the semantic space T , we have the prototypes
t
t
t Nt
{tti }N
i=1 of the classes {ci }i=1 in the target label space C .
te
For each testing instance xi , we need to predict the activity
te(1)
te(2)
label yi
of Resident1 and the activity label yi
of
Resident2, both of which belong to the target label space C t ,
te(1)
te(2)
i.e., yi
∈ C t and yi
∈ Ct.
In our problem, for each instance xi , there are two corre(1)
(2)
sponding activity labels yi and yi for the two residents
respectively. It is a multi-label classification problem [26].
However, our problem setting is a little different from the
general multi-label classification problem settings. In the general multi-label classification problems, for an instance xi , the
number of related labels is uncertain. The related labels can be
any label in the label space. In our problem, for each instance
(1)
xi , the number of labels is fixed: yi is the label of Resident1
(2)
and is one label from the label space; similarly, yi is the label
of Resident2 and is also one label from the label space.
In view of this, we propose to address this problem from
the view of multi-task learning. Multi-task learning [27] is a
learning paradigm in which there are multiple learning tasks.
By jointly learning these tasks and exploiting the relations
among them, multi-task learning aims to improve the learning
of all these tasks. Under our problem setting, the activity
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Fig. 1: Overall Process of the Proposed MRUA Method.

recognition of each resident can be regarded as a task. Our
goal is the activity recognition for both of the two residents. In
the area of sensor-based activity recognition, there have been
works solving the multi-label classification problems through
multi-task learning. Such as in [28], the problem setting is
single-person activity recognition, in which the person can
perform more than one activities at the same time. The
recognition of each activity is regarded as a task, and all tasks
are learned jointly. However, to the best of our knowledge,
we have not seen works solving the multi-resident activity
recognition problems from the view of multi-task learning,
especially under the setting with unseen classes.
To be able to recognize the classes in the target label
space, we use the zero-shot learning techniques. In many
works on zero-shot learning [11], a compatibility function F
between and feature space instances and the semantic space
prototypes is learned. This function takes an instance xi and a
prototype tj as input, and outputs a score denoting the degree
of compatibility, i.e., F (xi , tj ) : X × T → R. For a testing
instance xte
i , it is classified to the class in the target label space
C t with the highest compatibility score.
The overall process of our MRUA method is shown in
Fig. 1. In our method, activity recognition of each resident is
regarded as a task, and the recognition is achieved through the
compatibility function. For task r(r = 1, 2), the compatibility
function is in form of
Fr (xi , tj ) = δr (xi )T ϕr (tj ).

(1)

In this function, the instance xi and the prototype tj are
projected into a hidden space1 H through the projection
functions δr (·) and ϕr (·) respectively, and their dot product is
used as the compatibility score. The projection function δr (·)
for the instances is in form of
δr (xi ) = ξ(Wrtf φ(W sf xi + bsf ) + btf
r ),

(2)

which consists of functions φ(·) and ξ(·) for two projections.
The first projection is shared by the two recognition tasks.
We refer to this projection as the shared feature projection.
φ(·) is the nonlinear function of this projection. Assume the
1 In our method, to avoid the model to be too complex, we use the same
hidden space for the two tasks.

output of this function is of dimension K. In this function,
W sf ∈ RK×D and bsf ∈ RK are the parameters, and shared
by the two tasks. After that is the second projection. For this
projection, each task has its own projection function. For task
r, we refer to the corresponding projection as task r feature
projection. Assume the hidden space H is of dimension H, in
the nonlinear function ξ(·) of this projection, Wrtf ∈ RH×K
∈ RH are the parameters, and specific for the
and btf
r
recognition task r.
The projection of the prototypes is specific for each task.
For task r, we refer to this projection as task r prototype
projection. The projection function ϕr (·) is in form of
ϕr (tj ) = θ(Wrtp tj + btp
r ),

(3)

in the nonlinear function θ(·) of this projection, Wrtp ∈ RH×M
∈ RH are the parameters, and specific for the
and btp
r
recognition task r.
In our method, the model parts of task1 and task2 are
learned jointly. To learn the whole model of the two residents,
with the training instances and the source label space class
prototypes, we optimize the objective function in form of
tr

s

N
R
N
1 X 1 1 XX
s
`r (xtr
( tr s
min
i , tj )),
R r=1 N N i=1 j=1

(4)

where R = 2 is the number of tasks, `r is the loss of
classifying instance xtr
to class csj (the class of tsj ) for
i
recognition task r. In our method, we use the hinge loss as
the loss function `r , which is in form of
s
tr s
`r (xtr
i , tj ) = max(0, 1 − Irij Fr (xi , tj )),

(5)

where Irij is an indicator function. If for task r, the class of
tr(r)
xtr
) and the class of tsj (i.e., csj ) are the same,
i (i.e., yi
it evaluates to 1; otherwise it evaluates to −1. To learn this
model, we use the stochastic gradient descent based method,
and perform the optimization process to fixed epochs.
In our method, the shared feature projection for the instances is the shared part of the two tasks. For each task r, the
task r feature projection and the task r prototype projection
are the parts specific for this task. This model structure is a
widely used structure in multi-task learning. In this model,

the shared information of the two tasks is captured by the
shared part, and the task specific information is captured by
the task specific parts. From the above illustration we can see,
our method can be easily extended to the situations of more
than two residents. By adding more recognition tasks to the
model, the model can be extended.
IV. E XPERIMENTS
A. Datasets
In the experiment, we use the publicly available ARAS
datasets2 [15]. We choose these datasets because they are
collected in the real world settings, and they are widely
used in existing works [20], [21] on multi-resident activity
recognition. ARAS consist of two datasets collected from two
houses: HouseA and HouseB. In HouseA, 20 binary ambient
sensors are deployed in the house, collecting data of 30 days.
Two male residents live in the house. The sensor readings
and the activity labels of the two residents are recorded per
second. There are 27 different activities labeled. In HouseB,
also 20 binary ambient sensors (but not the same sensors as
in HouseA) are deployed in the house. The duration of data
collection is also 30 days. The residents in this house are a
married couple. The sensor readings and the activity labels of
the two residents are also recorded per second. The same 27
activities as in the HouseA dataset are labeled.
B. Experimental Setup
1) Preprocessing: We preprocess the raw data in the
HouseA and the HouseB datasets following the way adopted
in [20]. Adopting the sliding window strategy, we segment
the sensor readings into fixed-length time slices. The length
of the sliding window is set to be 60 seconds. There are no
overlaps between adjacent time slices. For each time slice, an
instance is extracted from the sensor readings. In each dataset,
as there are 20 sensors, the extracted instance is a vector of
dimension 20, with each dimension corresponding to a sensor.
If the sensor is activated at least once during this time slice,
the corresponding value is set to be 1, otherwise is set to be
0. The label for each resident is set to be the label with the
longest duration in this time slice for each of them.
In these two datasets, there are 27 labeled activity classes.
Following the approaches adopted in [15], [29], we group
similar activities into more general activities, and form 10
activities. In this way to let the activities we dealt with to be
more representative. When deciding these 10 activity classes,
we refer to the way of grouping activities used in [15] and
[29]. In addition, we refer to the taxonomy of activities listed
in [6]. The 10 activities are: other, going out, preparing a meal
(including preparing breakfast, preparing lunch, and preparing
dinner), eating (including having breakfast, having lunch,
having dinner, and having snack), doing cleaning (including
washing dishes, laundry, and cleaning), sleeping/napping, relaxing (including watching TV, using Internet, reading book,
and listening to music), studying, personal hygiene (including
2 https://www.cmpe.boun.edu.tr/aras/

TABLE I: Number of Days Each Activity Occurs∗
A1
A2
B1
B2
Total
Activity
other
30
24
30
25
109
going out
27
30
25
28
110
preparing a meal
30
14
23
1
68
eating
30
26
25
20
101
doing cleaning
30
21
13
0
64
sleeping/napping
30
27
28
25
110
relaxing
30
27
27
26
110
studying
18
2
19
2
41
personal hygiene
30
27
30
27
114
social
30
24
11
10
75
∗ In this table and in the following, we use A1 stands for the Resident1
in HouseA, A2 stands for the Resident2 in HouseA, B1 stands for the
Resident1 in HouseB, and B2 stands for the Resident2 in HouseB.

having shower, toileting, shaving, brushing teeth, and changing
clothes), and social (including talking on the phone, having
conversation, and having guest).
For the semantic space, we use the word embedding space
[30]. This semantic space is based on the widely adopted
word embedding technique in the area of natural language
processing. In the word embedding space, each word or phrase
has a corresponding vector. The vector contains semantic information. It is an efficient way to get the semantic information
about the seen and the unseen classes. In many works on
zero-shot learning [11], word embedding space is used as the
semantic space. In our experiment, the word embedding space
we used is got by running the skip-gram model [30] on the
English Wikipedia dump corpus3 on December 1, 2017. We
use gensim [31] to perform this. The word embedding space
we got is of dimension 100. For activity labels with more than
one words, we use the average of the word embedding vector
of each constituent word.
2) Evaluation Metrics: In smart home activity recognition problems, the distribution of classes is usually imbalanced [3], [7], [20]. During activity recognition, we are
not only interested in activities with large number of instances, but also activities with small number of instances.
In view of this, we adopt the metrics averaged over differ1 PN
T Pi
ent classes: P recision =
, Recall =
N i=1 T Pi + F Pi
1 PN
T Pi
, and their harmonic mean F 1−score =
N i=1 T Pi + F Ni
2 × P recision × Recall
as the evaluation metrics, where N
P recision + Recall
is the number of classes during training or testing, T Pi , F Pi
and F Ni are the number of true positive, false positive and
false negative instances for class i respectively. These metrics
are not influenced by the distribution of classes.
C. Effectiveness Evaluation
1) Evaluation Design: In each dataset, there are instances
from 30 days. We use the instances from Day1 to Day24
as the training instances, and the instances from Day25 to
Day30 as the testing instances. Then we decide the seen and
the unseen activity classes. We perform this based on the
3 https://dumps.wikimedia.org/

occurrence frequencies of the activities. Table I is the statistics
of the number of days in which each activity occurs. From this
table we can see, the total number of occurrence days of the
activities “other”, “going out”, “eating”, “sleeping/napping”,
“relaxing” and “personal hygiene” is much larger than that
of the other four activities (preparing a meal, doing cleaning,
studying and social). This is in accordance with our common
sense. These six activities are the activities that we almost
need to perform every day, and they are more likely to be the
activities of interest during training data labeling. We select
these six as the seen activities. For training instances belonging
to the other four activities, we relabel them as belonging to
the “other” activity. The labels of the testing instances retain
unchanged.
We do this evaluation design with the aim of to be in accordance with the practical applications. In practical applications,
we often collect and label sensor readings of some days, and
learn a classification model with them. In the following days,
we use this model to classify the observed sensor readings.
During data labeling in the training phase, just the predefined
activities that are of interest are labeled, and all other readings
are labeled as “other”. When we use this classification model,
some of the activities we need to recognize may not be within
the predefined activities and we also need to recognize them.
With this evaluation design, for each dataset, we have
34,560 training instances and 8,640 testing instances. In the
training instances, 6 activity classes are labeled; in the testing
instances, 10 activity classes are needed to classify.
2) Implementation Details: The nonlinear functions φ(·),
ξ(·) and θ(·) are implemented by the hyperbolic tangent function. Each prototype in the semantic space is `2 normalized.
Adam [32] is adopted as the optimization method. During
model learning, we set the batch size to be 200, and the
number of training epochs to be 300. The learning rate η is
set to be 0.001. The dimension K of the output of the shared
feature projection and the dimension H of the hidden space
are determined through five-fold cross validation. The method
is implemented using Theano [33]. We learn the classification
model for each dataset separately.
3) Comparison Methods: Existing works on multi-resident
activity recognition are not under the setting in which there are
unseen classes. In addition, existing works on multi-label zeroshot learning are not for sensor-based activity recognition and
existing works on sensor-based zero-shot activity recognition
are for single-person setting. Thus, we do not have explicit
existing methods to compare with. However, there exist some
general approaches in multi-label classification [26], and they
have been implemented in existing works on multi-resident
activity recognition or multi-label zero-shot learning. We
implement these approaches under our problem setting, and
get the following methods. We compare our method with
them. To let the comparison be more persuasive, we use the
implementations similar to our method.
Respective model for each resident (RMER). In this method,
the recognition models are learned for each resident separately.
When learning the recognition model for one resident, in-

TABLE II: Comparison of Different Methods (in %)∗
House and
Precision
Recall
F1-score
Resident
A1
39.57
34.91
37.09
A2
34.83
32.47
33.61
avg A1 & A2
37.20
33.69
35.35
RMER
B1
46.29
45.64
45.96
B2
57.58
48.07
52.40
avg B1 & B2
51.94
46.85
49.18
A1
30.44
22.11
25.61
A2
27.07
13.16
17.71
avg A1 & A2
28.76
17.63
21.66
CPAvg
B1
36.18
33.20
34.62
B2
54.30
48.92
51.47
avg B1 & B2
45.24
41.06
43.05
A1
32.08
30.49
31.27
A2
26.10
22.56
24.20
avg A1 & A2
29.09
26.52
27.73
CPCon
B1
44.54
44.41
44.47
B2
66.90
54.71
60.19
avg B1 & B2
55.72
49.56
52.33
A1
39.36
36.57
37.91
A2
44.55
31.15
36.67
avg A1 & A2
41.96
33.86
37.29
MRUA
B1
45.50
44.62
45.06
B2
67.54
56.80
61.70
avg B1 & B2
56.52
50.71
53.38
A1
52.49
48.20
50.25
MRUA
A2
37.91
34.31
36.02
with all
avg A1 & A2
45.20
41.25
43.14
class
B1
61.96
63.88
62.91
labels
B2
69.40
64.27
66.73
avg B1 & B2
65.68
64.08
64.82
∗ In this table, avg A1 & A2 stands for the average results of A1 and
A2, avg B1 & B2 stands for the average results of B1 and B2. The best
evaluation results among the four methods are shown in bold.
Method

formation about another resident in the training instances is
regarded as noise [20]. This kind of method is widely used in
multi-label classification problems [26], and is referred to as
the overlaid method in [20]. Under our problem setting, we
implement the RMER method using the same implementation
of our method, with the difference that when learn the model
for each resident, just the related one task is involved.
Cartesian product and average prototype method (CPAvg).
In this method, the Cartesian product of the labels of the
two residents are used as the new combined class labels. It
converts the multi-label classification problem into a singlelabel classification problem. This approach is also widely used
in multi-label classification problems. For the prototype of
each combined class, we use the average of the prototypes
of the two corresponding activity classes. We implement the
CPAvg method using the same implementation of our method,
with the difference that just one task is involved for the
classification of the combined classes.
Cartesian product and concatenation prototype method
(CPCon). This method is similar to the CPAvg method. The
difference is that, for each combined class, the prototype is
the concatenation of the prototypes of the two corresponding
activity classes, instead of the average.
4) Results and Analysis: The first four parts of Table II
are the results of these methods. From the results we can see,

D. Further Analysis
1) Results on Each Testing Day: The testing results on each
testing day are shown in Fig. 2. From the figure we can see,
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in general, compared with other three methods, our MRUA
method achieves the best results. Even though a few evaluation
results of our MRUA method is not the best, they are very
close to the best results. Other methods cannot achieve this
performance on all of the evaluation results. The results of
all these four methods are significantly better than the chance
level results of 10%. This illustrates the adopted zero-shot
learning technique is effective under this problem setting, and
the word embedding space is an effective semantic space.
In HouseA, the recognition results of A1 are better than that
of A2 in all of these four methods. We consider this is because,
in HouseA, A1’s duration of in the house is much longer than
that of A2. In the training dataset, for A1, the number of
instances belonging to the activity “going out” (not in the
house) accounts 12.06% of the whole instances; while for
A2, this proportion is 48.47%. Thus, in HouseA, more sensor
readings are about A1 and effective for activity recognition of
A1. In HouseB, in all of these four methods, the recognition
results of B2 are better than that of B1. In the training dataset,
although the going out time of B2 (accounts 55.28% of the
whole instances) is longer than that of B1 (accounts 37.95%),
the number of activities contained in the testing instances of
B2 is only seven, with six among which are the seen classes.
We consider this is the reason that the results of B2 are better
than that of B1.
Among these four methods, the results of the CPAvg method
are the lowest. We consider this is because, in this method,
when forming the prototypes of the combined classes, the
average of the prototypes of the two corresponding activity
classes are used. In this way, information contained in these
two prototypes has lost to some extent. This results in the poor
performance. On the contrast, in the CPCon method, the prototypes of the combined classes are formed by concatenation,
and the information loss is less. Thus, the results are much
better. The results of MRUA and RMER for A1 and B1 are
comparable. However, for A2 and B2, the results of MRUA
are generally better than that of RMER. This shows that, by
utilizing the multi-task learning strategy, our MRUA method
is effective in improving the recognition results of residents
with relatively less effective sensor readings.
To further analyze our method, we also compare it with the
case in which in the training datasets, all of the ten activity
classes are labeled. The results are shown at the bottom of
Table II. From the results we can see, with more labeled
activity classes, all of the recognition results improve a lot.
Except the precision of A2. We consider this decrease is
mainly because the duration of in the house for A2 is much
shorter than that of A1. Thus, even more label information
does not necessarily bring increase of the recognition results.
The results show that, compared with the cases in which there
are no unseen classes during testing, there exists room for
improvement for the cases with the unseen classes.
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Fig. 3: Effect of the Amount of Training Data.

for each house and each resident, the recognition results on
different days vary. These results are in accordance with the
results in [20]. It shows that, the activities of the residents are
complex. In different days, the number of performed activities
is different, and the way of performing activities can also be
different. This results in the differences on the recognition
results on different days. For A2, the recognition results on
Day29 and Day30 are extremely low. This is because, in
these two days, there is only one activity “going out” for this
resident. Classifying some instances to other activity classes
easily causes the decrease of the performance.
2) Effect of the Amount of Training Data: We evaluate the
effect of the amount of training data by varying the number of
days from which to get the training instances. When we use
the training instances of n days, we randomly select n days
from Day1 to Day24 to get the training instances. We repeat
this ten times and report the average results. The results are
shown in Fig. 3. From this figure we can see, the results of A1
and B1 are relatively stable. When the amount of training data
increasing to nine days for A1 and six days for B1, the results
do not change much with the increase of the training data.

These results are in accordance with the results in other smart
home activity recognition problems [7]. However, for A2 and
B2, the results are not so stable. We consider this difference
is because, as stated in Section IV-C4, in these two datasets,
the duration of in the house of A2 and B2 is shorter than that
of A1 and B1. Thus, with the increase of training data, the
effective amount of training instances for A2 and B2 are not
necessarily increased as that of A1 and B1.
V. C ONCLUSION
In this paper, we propose a method to solve the problem of
multi-resident activity recognition with unseen activity classes
in smart homes. It is a challenging problem and can often
be encountered in practical applications. Our method utilizes
the multi-task learning and zero-shot learning techniques, and
addresses the recognition tasks of different residents jointly.
Through extensive experiments, we evaluate the effectiveness
of our method. As future work, we plan to utilize more
sequential information contained in the data to facilitate the
activity recognition. In addition, we plan to explore methods
for more complex situations such as situations in which there
are concurrent activities for each resident.
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