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Abstract—Personalized activity recognition usually has the problem of highly biased activity patterns among different tasks/persons.

Traditional methods face problems on dealing with those conflicted activity patterns. We try to effectively model the activity patterns

among different persons via casting this personalized activity recognition problem as a multitask learning issue. We propose a novel

online multitask learning method for large-scale personalized activity recognition. In contrast with existing work of multitask learning

that assumes fixed task relationships, our method can automatically discover task relationships from real-world data. Convergence

analysis shows reasonable convergence properties of the proposed method. Experiments on two different activity data sets

demonstrate that the proposed method significantly outperforms existing methods in activity recognition.

Index Terms—Multitask learning, online learning, human activity recognition, conditional random fields, data mining

Ç

1 INTRODUCTION

ACCELERATION sensor-based activity recognition is useful
in practical applications [1], [2], [3], [4]. For example, in

medical programmes, researchers hope to track lifestyle-
related diseases. The traditional way of tracking, which
requires manual operations, is ineffective both in time and
accuracy. In sensor-based activity recognition, an acceler-
ometer is employed (e.g., attached on the wrist of people) to
automatically capture the acceleration signals in the daily
life of counselees/patients, and the corresponding cate-
gories of activities can be automatically identified.

Although there was a considerable literature on activity

recognition, most of the prior work discussed activity

recognition in predefined limited environments [1], [2], [3].

It is unclear whether the previous methods can perform

well in real-life environments. For example, most of the

prior work assumed the beginning and ending time(s) of

each activity are known beforehand, and the constructed

recognition system only need to perform simple classifica-

tions of activities [1], [2], [3]. However, this is not the case

for real-life activity sequences, where different activities are

continuous in a sequence. For example, people may first

walk, then take a taxi, then take an elevator, and the

boundaries of the activities are unknown beforehand. An

example of real-life activities with continuous sensor signals

is shown in Fig. 1.

More importantly, to the best of our knowledge, there is
no previous work that systematically studied personalized
activity recognition. Because of the difficulty of collecting
training data for activity recognition, most of the prior
work simply merge all personal data for training. We will
show in our experiments that simply merging the personal
data for training an activity recognizer will result in quite
weak performance. Due to the fact that different persons
usually have very different activity patterns, it is natural to
construct one personalized model for each person. How-
ever, the new problem is the data sparseness of persona-
lized activity recognition, because usually each person
only has very limited amount of labeled training data.

To deal with the first problem of continuous activities,
we propose structured classification methods for contin-
uous activity recognition. To deal with the second problem
of personalized learning, we apply the idea of multitask
learning where each task corresponds to a specific person in
activity recognition. We will propose an online multitask
learning method for personalized and continuous activity
recognition. The major motivation for using online training
algorithm is to speed up the training. Since multitask
learning is computationally expensive, it is important to
speed up the training with online algorithms. We will show
the proposed method is fast and scalable on large-scale
data, which involves massive number of persons. We will
also show reasonable convergence properties of the
proposed method. Finally, we will perform experiments
on two different data sets to demonstrate the superiority of
the proposed method over existing methods.

This journal paper is substantially different compared
with the previous work [5]. First, the methodology is
different. The proposed method is more efficient than the
method in [5], by using accelerated multitask learning
based on task-similarity approximations and probabilistic
sampling. Second, the convergence analysis on the pro-
posed method is new. Third, the methodology and
experiments on dealing with completely new tasks in the
test stage is new. Fourth, the experiments on the Bao04 data
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set are new. There are also many other differences on the
methods, analysis, experiments, and presentation.

2 RELATED WORK AND MOTIVATIONS

First, we will introduce related work on activity recognition
[1], [2], [3], [6], [7], [8]. Then, we will review multitask
learning and highlight the novelties of this work. After that,
we will briefly review conditional random fields (CRFs) and
online training, which are related to our work.

2.1 Activity Recognition

Most of the prior work on activity recognition treated the
task as a single-label classification problem [1], [2], [3]. Given
a sequence of sensor signals, the activity recognition system
predicts a single label (representing a type of activity) for the
whole sequence. Ravi et al. [3] used decision trees (DTs),
support vector machines (SVMs) and K-nearest neighbors
(KNNs) models for classification. Bao and Intille [1] and
Pärkkä et al. [2] used decision trees for classification. A few
other works treated the task as a structured classification
problem. Huynh et al. [4] tried to discover latent activity
patterns by using a Bayesian latent topic model (Bayesian
LTM). Hodges et al. [9] presented a work in activity
monitoring for assisting the people with cognitive impair-
ments. Most recently, Sun et al. [6] used CRFs and latent
conditional random fields for activity recognition.

To our knowledge, there is only very limited work on the
study of personalized activity recognition. A major reason is
that most of the previous studies contain only a few
participants. The limited number of participants is inade-
quate for a reliable study of personalized activity recogni-
tion. For example, in [3], the data were collected from two

persons. In [4], the data were collected from only one

person. In [2], the data were collected from 16 persons.

Because of the difficulty of collecting training data, most of

the prior work simply merge all personalized data for

training. Personalized activity recognition and how to solve

data sparseness in personalized activity recognition were

not adequately studied. Table 1 summarizes prior work on

activity recognition.

2.2 Multitask Learning

Multitask learning has been the focus of much interest in

machine learning societies over the last decade. Tradi-

tional multitask learning methods include: sharing hidden

nodes in neural networks [10], [11]; feature augmentation

among interactive tasks [12]; producing a common prior in

hierarchical Bayesian models [13], [14]; sharing parameters

or common structures on the learning or predictor space

[15], [16]; multitask feature selection [17]; a convex

formulation that learns the similarities between tasks

[18]; and matrix regularization-based methods [19], [20],

among others.
Recent development of multitask learning is online

multitask learning, started from [21]. Dekel et al. [21]

assume that the tasks are related by a global loss function

and the goal is to reduce the overall loss via online

algorithm. With a similar but somewhat different motiva-

tion, Bartlett et al. [22] and [23] studied alternate formula-

tions of online multitask learning under traditional expert

advice models. This is a formulation to exploit low-

dimensional common representations [24], [25]. Online

multitask learning is also considered via reducing mistake

bounds [26].
Our multitask learning proposal will be substantially

different from the existing work of online multitask

learning. While Yang et al. [17] focused on multitask

feature selection and Agarwal et al. [23] focused on online

matrix regularization, our proposal relates to neither feature

selection nor matrix regularization. We will propose a

tighter combination of online learning and multitask

learning, with a new objective function and a novel training

method. In addition, compared to the existing work of

online multitask learning, a significant novelty of our

method is that this method can adaptively learn task

relationships (i.e., task similarities) from data, rather than

using prior knowledge for defining a fixed task-relationship

matrix, as presented in [26].

2552 IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 25, NO. 11, NOVEMBER 2013

Fig. 1. An example of real-life continuous activities draw from our
data, in which the corresponding 3D acceleration signals are collected
from attached sensors. In this figure, “g” is the magnitude of
acceleration of gravity.

TABLE 1
Summarizing Prior Accelerometer-Based Activity Recognition Studies



2.3 Conditional Random Fields

Conditional random fields are very popular models for
structured classification [27]. Assuming a feature function
that maps a pair of observation sequence xx and label
sequence yy to a global feature vector ff , the probability of a
label sequence yy conditioned on the observation sequence xx
is modeled as follows [27]:

P ðyy j xx;wwÞ ¼
exp

�
ww>ffðyy; xxÞ

�
P
8yy0 exp

�
ww>ffðyy0; xxÞ

� ; ð1Þ

where ww is a parameter vector.
Following the traditional setting on CRFs [28], the global

feature vector is a summation of the local feature vectors on
each observation node. The local feature vectors are defined
based on the activity recognition problem, which include
node features based on a single label and transition features
based on label transitions. The node features and transition
features are then mapped into a feature vector. After that,
the global feature vector is summed over the local vectors of
features.

Typically, computing
P
8yy0 exp½ww>ffðyy0; xxÞ� could be com-

putationally intractable. This summation can be computed
using dynamic programming techniques [27]. To make the
dynamic programming techniques applicable, the depen-
dencies of labels are chosen to obey the Markov property.
This has a computational complexity of OðNKMÞ. N is the
length of the sequence; K is the dimension of the label set;
M is the length of the Markov order used by local features.

Given a training set consisting of n labeled sequences,
ðxxi; yyiÞ, for i ¼ 1 . . .n, parameter estimation is performed by
maximizing the objective function

LðwwÞ ¼
Xn
i¼1

logP ðyyi j xxi; wwÞ �RðwwÞ: ð2Þ

The first term of this equation represents a conditional log-
likelihood of a training data. The second term is a regularizer
for reducing overfitting. We employed an L2 prior,
RðwwÞ ¼ kwwk

2

2�2 . In what follows, we denote the conditional
log likelihood of each sample, logP ðyyijxxi; wwÞ, as ‘ði; wwÞ. The
final objective function is as follows:

LðwwÞ ¼
Xn
i¼1

‘ði; wwÞ � kwwk
2

2�2
: ð3Þ

2.4 Stochastic Gradient Descent (SGD)

There are two major approaches for training a log-linear
model: batch training and online training. Batch training
methods include, for example, steepest gradient descent,
conjugate gradient descent (CG), and limited-memory BFGS
(LBFGS) [29]. In such training methods, gradients are
computed by using all training instances. Therefore,
typically, the weight update process is quite slow.

To speed up the training, people turn to online training
methods. A representative online training method is the
stochastic gradient descent [30], [31]. The SGD uses a small
randomly drawn subset of the training samples to approx-
imate the gradient of the objective function given by (3). In
this way, one can update the model parameters much more
frequently and speed up the convergence. Suppose Ŝ is a

randomly drawn subset of the full training set S, the
stochastic objective function is then given by

Lstochðww; ŜÞ ¼
X
i2S

‘ði; wwÞ � jŜjjSj
kwwk2

2�2
:

The extreme case is a batch size of 1, and it gives the
maximum frequency of updates, which we adopt in this
work. In this case, jŜj ¼ 1 and jSj ¼ n (suppose the full
training set contains n samples). In this case, we have

Lstochðww; ŜÞ ¼ ‘ði; wwÞ �
1

n

kwwk2

2�2
; ð4Þ

where Ŝ ¼ fig. The model parameters are updated in such
a way:

wwkþ1 ¼ wwk þ �krwwkLstochðww; ŜÞ; ð5Þ

where k is the update counter, �k is the learning rate.
A typical convergent choice of learning rate can be found
in [32]:

�k ¼
�0

1þ k=N ;

where �0 and N are two constants. This scheduling
guarantees ultimate convergence [30], [31].

3 A NEW MULTITASK LEARNING FRAMEWORK

In this section, we introduce the multitask learning frame-
work. For every positive integer q, we define N q ¼
f1; . . . ; qg. Let T be the number of tasks (number of persons
in activity recognition) which we want to simultaneously
learn. For each task t 2 N T , there are n data examples
fðxxt;i; yyt;iÞ : i 2 N ng available. The signals are encoded in a
text file using a sequence of numbers to indicate the timing
and strength of the three-axis signals.

In practice, the number of examples per task may vary
but we have kept it constant for denotational simplicity. We
use DD to denote the n� T matrix whose tth column is given
by the vector ddt of data examples. In other words, ddt consists
of data samples of the t0th person. For example, if the
multitask learning contains 10 persons, there will be 10 data
sample vectors, dd1; dd2; . . . ; dd10. Putting together the 10 data
sample vectors will lead to the n� 10 matrix DD.

3.1 Model

Our goal is to learn the vectors ww1; . . . ; wwT from the data DD.
For denotational simplicity, we assume that each of the
weight vectors is of the same size f (feature dimension),
and corresponds to the same ordering of features. We use
WW to denote the f � T matrix whose tth column is given by
the vector wwt. For example, if the multitask learning
contains 10 persons, then there will be 10 weight vectors,
ww1; ww2; . . . ; ww10, corresponding to the 10 persons, respec-
tively. Putting together the 10 weight vectors will lead to
the f � 10 matrix WW .

We learn WW by maximizing the objective function

ObjðWW;DDÞ ¼4 LikelihoodðWW;DDÞ �RðWWÞ; ð6Þ
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where LikelihoodðWW;DDÞ is the cumulative likelihood on the

tasks, namely,

LikelihoodðWW;DDÞ ¼
X
t2N T

Lðwwt;DDÞ; ð7Þ

and Lðwwt;DDÞ is defined as follows:

Lðwwt;DDÞ ¼4
X
t02N T

�
�t;t0Lðwwt; ddt0 Þ

�
: ð8Þ

�t;t0 is a real-valued task similarity between two tasks, with

�t;t0 ¼ �t0;t (symmetric). Intuitively, a task similarity �t;t0

measures the similarity between the tth task and the t0th

task. For example, in activity recognition, �t;t0 estimates the

similarity of the activity patterns between the person t and

the person t0. Lðwwt; ddt0 Þ is defined as follows:

Lðwwt; ddt0 Þ ¼
4 X

i2N n

logP ðyyt0;i j xxt0;i; wwtÞ

¼
X
i2N n

‘t0 ði; wwtÞ;
ð9Þ

where P ð�Þ is a prescribed probability function. In this

paper, we use the CRF probability function, (1). The

second step is just a simplified denotation by defining

‘t0 ði; wwtÞ ¼
4

logP ðyyt0;i j xxt0;i; wwtÞ.
Finally, RðWWÞ is a regularization term for dealing with

overfitting. In this paper, we simply use L2 regularization:

RðWWÞ ¼
X
t2N T

kwwtk2

2�2
t

: ð10Þ

To summarize, our multitask learning objective function

is as follows:

ObjðWW;DDÞ ¼
X

t;t02N T

�t;t0
X
i2N n

‘t0 ði; wwtÞ
" #

�
X
t2N T

kwwtk2

2�2
t

:

To simplify denotation, we introduce a T � T matrix AA,

such that AAt;t0 ¼
4
�t;t0 . We also introduce a T � T functional

matrix ��, such that ��t;t0 ¼4 Lðwwt; ddt0 Þ. Then, the objective

function can be compactly expressed as follows:

ObjðWW;DDÞ ¼ trðAA��>Þ �
X
t2N T

kwwtk2

2�2
t

; ð11Þ

where tr means trace. In the following content, we will

first discuss a simple case that the task-similarity matrix AA

is fixed. After that, we will focus on the case that AA

is unknown.

3.2 Learning with Fixed Task Similarities

The original problem of multitask learning essentially

consists of two subproblems: learning weight vectors (based

on fixed task similarities) and learning task similarities. The

problem of learning weight vectors based on fixed task

similarities should be studied because this is a crucial

subproblem of the original problem. With fixed task

similarities, the optimization problem is as follows:

WW � ¼ argmax
WW

"
trðAA���>Þ �

X
t2N T

kwwtk2

2�2
t

#
: ð12Þ

It is clear to see that we can independently optimize wwt and
wwt0 when t 6¼ t0. In other words, we can independently
optimize each column of WW , and therefore derive the
optimal weight matrix WW �. For wwt (i.e., the t0th column of
WW ), its optimal form is

ww�t ¼ argmax
wwt

 ðwwt;DDÞ; ð13Þ

where  ðwwt;DDÞ has the form as follows:

 ðwwt;DDÞ ¼
X
t02N T

�
��t;t0Lðwwt; ddt0 Þ

�
� kwwtk

2

2�2
t

: ð14Þ

This optimization problem is a cost-sensitive optimization
problem. We present a cost-sensitive online training
algorithm, called online multitask learning with fixed task
similarities (OMT-F), for this optimization. The OMT-F
algorithm is shown in Fig. 2. In the OMT-F learning
algorithm, the update term ggt is derived by weighted
sampling over different tasks. The weighted sampling is
based on fixed task similarities, AA�. The update term ggt has
a form as follows:

ggt ¼
X
t02N T

�
���t;t0rwwt‘t0 ðit0 ; wwtÞ

�
� 1

n
rwwt

kwwtk2

2�2
t

; ð15Þ

where ���t;t0 ¼ AA�t;t0 and it0 indexes a random sample selected
from ddt0 . Then, the expectation (over distribution of data) of
the update term is as follows:

EðggtÞ ¼
X
t02N T

(
���t;t0

�
1

n
rwwtLðwwt; ddt0 Þ

�)
� 1

n
rwwt

kwwtk2

2�2
t

¼ 1

n

( X
t02N T

�
���t;t0rwwtLðwwt; ddt0 Þ

�
�rwwt

kwwtk2

2�2
t

)

¼ 1

n
rwwt ðwwt;DDÞ:

3.2.1 Convergence Analysis

The possible convergence result for stochastic learning is the
“almost sure convergence”: to prove that the stochastic
algorithm converges toward the solution with probability 1
[30]. To prove the weight matrix WW produced by algorithm
OMT-F converges to the maximum WW � of (11), we need
to guarantee the convexity of the loss function (i.e.,
�ObjðWW;DDÞ). Since �Lðwwt; ddt0 Þ is convex for every valid t

and t0, the most simple way to make sure the convexity of the
loss function is to bound the task similarities. If the task-
similarity matrix AA is a nonnegative real-valued matrix (i.e.,
AAt;t0 � 0 for 8t; 8t0), the loss functions �ObjðWW;DDÞ and
� ðwwt;DDÞ are guaranteed to be convex.

If a stochastic update is convergent, it means that
either the gradients or the learning rates vanish near the
optimum [33]. According to [33], it is reasonable to
assume that the variance of the stochastic gradient does
not grow faster than the norm of the real gradient itself.
Also, it is reasonable to assume that kggtk2 behaves

2554 IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 25, NO. 11, NOVEMBER 2013



quadratically within the final convergence region. Both

assumptions can be expressed as follows:

EEðkggtk2Þ � aþ bkwwt � ww�t k
2; ð16Þ

where a � 0 and b � 0. Based on the assumptions, the

convergence theorem has been given [33]: Two conditions on

the learning rate are sufficient conditions for the almost sure

convergence of the stochastic learning to optimum. The two

conditions on the learning rate are as follows [33]:X
�k ¼ 1 and

X
�2
k <1: ð17Þ

With those preparations, there is the convergence result

for the OMT-F:

Theorem 1. Given the assumption that AA is a nonnegative real-
valued matrix, and the assumptions of (16) and (17), the

parameters WW produced by the OMT-F online learning
algorithm are “almost surely convergent” toward the max-
imum WW � of (11).

The proof can be derived by extending the proof of [33].

3.3 Learning with Unknown Task Similarities

For many practical applications, the task similarities are

hidden variables that are unknown. To solve this problem,

we present a heuristic learning algorithm to learn the task

similarities and optimize model weights in an alternative

optimization manner. In this case, the learning problem

includes not only model weights, but also the hidden

task similarities.
Our alternative learning algorithm with unknown task

similarities, called OMT-U, is presented in the middle of

Fig. 2. In the OMT-U learning, the OMT-F algorithm is

SUN ET AL.: LARGE-SCALE PERSONALIZED HUMAN ACTIVITY RECOGNITION USING ONLINE MULTITASK LEARNING 2555
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employed as a subroutine. In the beginning of the OMT-U,
model weights WW and task similarities AA are initialized by a
diagonal matrix with 1 on diagonal entries and 0 on other
entries. WW is then optimized to ŴW by using the OMT-F
algorithm, based on the fixed AA. Then, in an alternative
way, AA is updated based on the optimized weights ŴW . After
that, WW are optimized again based on updated (and fixed)
task similarities. This iterative process continues until
empirical convergence of AA and WW .

In updating task similarities AA based on WW , a natural
idea is to estimate a task similarity �t;t0 based on the
similarity between weight vectors, wwt and wwt. The similarity
between weight vectors can be calculated by using kernels,
including the popular Gaussian RBF and polynomial
kernels. We can define Gaussian RBF kernel to estimate
similarity between two tasks:

�t;t0 ¼4
1

C
exp �kwwt � wwt

0 k2

2�2

 !
; ð18Þ

where C is a real-valued constant for tuning the magnitude
of task similarities. Intuitively, a big C will result in “weak
multitasking” and a small C will make “strong multi-
tasking.” � is used to control the variance of a Gaussian RBF
function. Alternatively, we can use polynomial kernel
(normalized and homogeneous) to estimate similarities
between tasks:

�t;t0 ¼4
1

C

hwwt; wwt0 id

kwwtkd � kwwt0 kd
; ð19Þ

where hwwt; wwt0 i means inner product between the two
vectors (i.e., ww>t wwt0 ); d is the degree of the polynomial
kernel; kwwtkd � kwwt0 kd is the normalizer; C is a real-value
constant for controlling the magnitude of task similarities.
Actually, the normalized polynomial kernel is natural and
easy to understand. For example, when d ¼ 1, the normal-
ized kernel has exactly the form 1

C cos �, where � is the angle
between wwt and wwt0 in the euclidean space.

3.4 Accelerated OMT Learning

3.4.1 Approximation on Task Similarities

The OMT learning algorithm can be further accelerated
using approximate update of the task similarities, AA. The
naive OMT-U learning algorithm waits for the conver-
gence of the model weights WW (in the OMT-F step) before
updating the task similarities AA. In practice, we can
update task similarities AA before the convergence of the
model weights WW , and no longer use the alternative style
optimization. For example, we can update task similarities
AA after running only m passes of the OMT-F algorithm
with diagonal matrix A (OMT-F with diagonal A equals to
the SGD training with single-task setting). This can avoid
the repeated update of the task similarities. This can bring
a much faster training speed of the OMT method. In
practice, our experiments demonstrate that even set m ¼ 1
can produce good approximation on the true task
similarities.

3.4.2 Probabilistic Sampling

In addition, we accelerate the training speed of the OMT
method via probabilistic sampling over the related tasks.

For example, suppose we use a probabilistic sampling factor
of 1=q. Suppose Tasks A and B have a task similarity of �. In
training the weights of Task A, we can sample the training
instances in Task B with the probability of 1=q and enlarge
the gradient update factor to q�, instead of using all training
instances of Task B with the gradient update factor of �. In
the original case, the gradient update factor of � is just from
the task similarity. By using probabilistic sampling accel-
erations, the training speed will be accelerated because only
a small portion of the training instances of Task B are used
for computing gradients. It can be proved that the
probabilistic sampling is a theoretically sound approxima-
tion, because the expectation of the gradient will not be
changed in an asymptotic point of view and the asymptotic
convergence analysis will still be sound.

Accelerated OMT learning is simply called OMT in this
paper. The detailed accelerated OMT learning is presented
in the bottom of Fig. 2. We will adopt this accelerated
version of the OMT learning for experiments. In the
experiment section, we will compare the (accelerated)
OMT method with a variety of strong baseline methods.

3.4.3 Convergence Analysis

We will show in experiments that the polynomial kernel
works better than the Gaussian RBF kernel. Hence, we will
more focus on the polynomial kernel in this study. Since the
polynomial kernel may make the loss function nonconvex,
the convergence analysis is more difficult. We will show
reasonable convergence properties by using polynomial
kernels. Instead of showing that the model weights WW
converges, we show the loss function�ObjðWW;DDÞ converges.

The convergence results rely on the following assump-
tions following [30], in addition to the assumptions of
(16) and (17): First, the loss function �ObjðWW;DDÞ is three
times differentiable with continuous derivatives. The loss
function has a lower bound that is nonnegative. Second,
when the norm of the weights wwt is larger than a value
D, �wwtrwwt ðwwt;DDÞ is bounded:

inf
ww2
t >D
�wwtrwwt ðwwt;DDÞ > 0: ð20Þ

Third, when the norm of the weights wwt is smaller than E
with E > D, the norm of the update term is bounded:

sup
ww2
t <E

kggtk � K: ð21Þ

With those preparations, there is the following result for
general online optimization with potentially nonconvex
objective function:

Theorem 2. Suppose the task similarities are updated by using
the polynomial kernels, (19), and we have the assumptions of
(16), (17), (20), and (21). For the OMT online learning
algorithm, the loss function �ObjðWW;DDÞ converges almost
surely to �ObjðWW;DDÞ1, and its gradient �rWWObjðWW;DDÞ
converges almost surely to 00.

The proof can be derived by extending the proof of [30]
(stochastic learning on nonconvex objective functions). In
other words, for the nonconvex loss functions, the algo-
rithm will converge to extremal points of loss functions.
Extremal points include local optimums.
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We have shown reasonable convergence properties of
polynomial kernels. On the other hand, although the
Gaussian RBF kernel works worse on empirical experi-
ments, it has a theoretical advantage that 0 � �t;t0 � 1

C , and
therefore, AA will always be a nonnegative matrix. In this
case, convergence analysis is simpler, and Theorem 1 can
be applied. The loss function is convex, and the OMT-F
step guarantees to find global optimum of the loss
function. A good thing is that our multitask learning
framework can flexibly choosing polynomial kernel or
Gaussian RBF kernel.

4 EXPERIMENTS ON ALKAN DATA

We use the ALKAN data set [34] for experiments. This data
set contains about 4� 106 samples in temporal sequences.
We extracted the personalized data sets of 20 individuals
from the ALKAN data. The data were collected by iPod/
iPhone accelerometers with the sampling frequency of 20 Hz.
A sample contains four values: time stamp and triaxial
signals. For example, {539.266(s), 0.091(g), �0.145(g),
�1.051(g)}, in which “g” is the acceleration of gravity. There
are activity labels including “walking/running,” “on elevator/
escalator,” “taking car/bus/train,” “standing/sitting/discussing,”
and so on.

Following [6], we randomly selected 85 percent of
samples for training, 5 percent samples for development
data, and the rest 10 percent samples for testing. Following
[6], the evaluation metric is sample-window accuracy (the
number of correctly predicted sample-windows divided by
the total number of sample-windows). Other evaluation
metrics, like precision and recall, tend to be misleading in
this task, because an activity segment is typically long, and
small difference on the boundaries of segments can cause
very different precision and recall. On the other hand, the
accuracy metric is more reliable in this scenario.

4.1 Feature Engineering

Following prior work in activity recognition [1], [2], [3], [4],
we use acceleration features, mean features, standard
deviation, energy, and correlation features. The features
are listed in Table 2. Following previous work [1], [2],
window-based features (mean, energy, deviation, etc.) are
extracted by using a window size of 128. We use exactly the
same feature set for all systems. Taking Fig. 1, for example,
the first window consists of the first signal sample until the
128th signal sample, and mean features and standard

deviation will be extracted from this window of signals
samples. Since the sampling frequency is 20 Hz, each signal
sample will be 1/20 second. Then, the second window
consists of the 129th signal sample until the 256th signal
sample, and features will be extracted in this window. This
process goes on in a similar way.

We denote the window index as i. The mean feature is
simply the averaged signal strength in a window:

mi ¼
Pjwj

k¼1 sk
jwj ;

where s1; s2; . . . are the signal magnitudes in a window. The
energy feature is defined as follows:

ei ¼
Pjwj

k¼1 s
2
k

jwj :

The deviation feature is defined as follows:

di ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPjwj
k¼1ðsk �miÞ2

jwj

s
;

where the mi is the mean value defined before. The
correlation feature is defined as follows:

c1;2;i ¼
covariance1;2;i

d1;id2;i
;

where d1;i and d2;i are the deviation values on the i0th
window of the axis-1 and the axis-2, respectively. The
covariance1;2;i is the covariance value between the i0th
windows of the axis-1 and the axis-2. We defined correla-
tion feature between other axis pairs in the same manner.

4.2 Experimental Setting

Baselines are adopted to make a comparison with the OMT
method, including the SGD-Single training for each single
person (using only this person’s data for training), and the
SGD-Merge training (merging all the training data of
different persons to train a unified model).

In preliminary experiments, we find using � ¼ 1 and d ¼
1 worked well for Gaussian RBF and polynomial kernels.
Therefore, we set � ¼ 1 for Gaussian RBF kernel and d ¼ 1
for polynomial kernel. For the hyperparameter C, we test
C ¼ 3;5;10;20, and choose the optimal one. We will show
detailed values of C in experimental results. The OMT,
SGD-Single, and SGD-Merge methods use the same setting
of decaying learning rate. Experiments were performed on a
computer with Intel(R) Xeon(R) 2.40-GHz CPU.

4.3 Results and Discussion

To study multitask learning with different scales, we
perform experiments on 5-person, 10-person, and 20-person
data in an incremental way. The experimental results are
listed in Table 3. Since the proposed method and SGD
baselines are randomized algorithms, we also show the
standard deviations (std) over three repeated experiments.
Due to the fact that continuous activity recognition requires
activity recognition and boundary disambiguation at the
same time, it is expected to be much more difficult than
prior work on noncontinuous recognition. As we can see,
the OMT method significantly outperformed baseline
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TABLE 2
Features Used in the Activity Recognition Task

A� B means a Cartesian product between two sets; i represents the
window index; yi and yi�1yi represent CRF label and label-transition.
Since the single-axis based features on the three axes are extracted in
the same way, for simplicity, we only describe the features on one axis.
For multiaxis-based features, we use 1, 2, and 3 to index/represent the
three axes.



training methods. On 5-person data, the OMT method

outperformed all of the other methods with at least

1.12 percent in terms of accuracy. Also, the advantages

are 3.81 and 4.02 percent in 10-person and 20-person cases.

In all of the data sets, the superiority of the OMT method is

significant over other methods. Moreover, from the incre-

mental experiments, we can see that the OMT method

scaled well with increased number of tasks. With the

increase of the number of tasks, the superiority of the OMT

method is more significant over the baseline methods. We

did not observe prior reports of multitask learning on equal
or more than 20 tasks.

Note that the overall accuracies of 5-person, 10-person,
and 20-person data sets are not directly comparable to each
other, simply because the data sets are different. For
example, the 20-person data set contains the newly added
15 persons (compared with the 5-person data set), and the
newly added 15 persons may have more noisy data.
Nevertheless, the personal accuracies for specific persons
are comparable among different scales.

4.3.1 Overall and Personal Curves

In Fig. 3, we show the accuracy curves by varying the
number of training passes. Not only overall curves, but also
personal ones are shown. From the overall curves, we can
clearly see the superiority of the OMT method over other
methods in different scales. We can see the personal curves
are very diversified, and simply merging their data for
unified SGD training is frustrating: The SGD-Merge method
gave low accuracies and slow convergence speed. As can be
seen, the OMT method is an ideal solution for this
diversified situation.

The baseline methods had poor performance mainly
because they cannot properly take use of the data from
other tasks. The SGD-Single had poor performance because
its own training data for each task are very limited, and
the training data from other tasks cannot be employed. The
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TABLE 3
Results on the ALKAN Data of 5 Persons,

10 Persons, and 20 Persons

OMT is the proposed method. SGD-Single is the personalized SGD
training; SGD-Merge is the nonpersonalized SGD training: All the
personal training data are merged for training.

Fig. 3. Overall accuracies (averaged accuracies over all persons) and personal accuracies. (Top) Curves of 5 persons. (Middle) Curves on the 10-
person data. (Bottom) Curves on the 20-person data. (First column) Overall curves. (Second column) Personal curves of the OMT method. (Third
column) Personal curves of the SGD-Single. (Fourth column) Personal curves of the SGD-Merge.



inadequate training data led to poorly trained model
parameters. For another baseline, SGD-Merge, it employed
the data from other tasks, but it still had poor or even worse
performance. The main reason was that the SGD-Merge
cannot address the confliction from the biased data of other
tasks. This can be observed from the severe fluctuations on
accuracy curves of SGD-Merge. The severe fluctuations on
accuracy curves reflected the conflictions among the
training data.

The OMT method had improved performance because
it can take use of the training data from other tasks and at
the same time address the conflictions from the biased
data of other tasks. As can be seen, the OMT method has
higher accuracy than the SGD-Single because the OMT
can take use of the additional data from other tasks. In
addition, the OMT method has much smoother accuracy
curves than the SGD-Merge because it can address the
conflictions from the biased data of other tasks.

Hidden Markov models (HMM) are popular in many
existing applications. In Fig. 4 (left), we also show the results
based on hidden Markov models. In the plot, HMM
represents the discriminatively trained hidden Markov
model [35]. The HMM model is trained by the averaged
perceptron algorithm presented in [35]. The SVM-HMM
represents the SVMHMM model1 [36]. The SVM-HMM
trains discriminative hidden Markov models using the
SVM formulation. For both the HMM and the SVM-HMM
models, there are five hidden states. As we can see from

the figure, the proposed method consistently outperformed

the HMM and SVM-HMM methods in all of the data sets.
In Fig. 4 (right), we compare the proposed method with the

existing work in [5] in terms of training speed. The training

speed is evaluated by time per pass, i.e., the wall-clock time

used in each training iteration. As we can see, the proposed

method is substantially more efficient compared with the

existing work in [5]. In the # ¼ 20 data, the proposed method

is about four times faster than the method in [5].

4.3.2 Varying C, Task Similarities, Training Size

In Fig. 5 (left), we make comparisons between polynomial
and Gaussian RBF kernels and show overall accuracy curves
by tuning the hyperparameter C of the kernels. As we can
see, the RBF kernel worked better than the polynomial
kernel on this data set. For both of the RBF and polynomial
kernels, the setting of C ¼ 10 worked the best.

Since the task similarities are unknown in this task, it will
be interesting to check the learned task similarities based on
the OMT method. In Fig. 5 (middle), we show the
distribution of the task similarities on the 5-person data.
The distribution is over the task pairs. Hence, the distribu-
tion is in a 3D space and the distribution of task similarities

is symmetric. In addition, we observed that all task
similarities were nonnegative.

In Fig. 5 (right), we show experimental results by varying
the size of the training data. As we can see, the proposed
method consistently outperformed baselines on different
sizes of the training data.
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1. http://www.cs.cornell.edu/people/tj/svm_light/svm_hmm.html.

Fig. 4. (Left) Comparing the proposed method with HMM and SVM-HMM methods. (Right) Comparing the proposed method with the multitask
learning method in [5].

Fig. 5. (Left) Overall accuracy curves by tuning C. (Middle) OMT task similarities. The value on ði; jÞ corresponds to �i;j. (Right) Accuracies by
varying the size of the training data. For simplicity, the figures are based on # ¼ 5.



4.4 Discussion: Completely New Tasks

As a multitask learning method, following previous studies
on multitask learning, our current setting is based on the
assumption that the tasks in the test stage are not
completely new. This means that a task has some data for
training and some data for testing. This is a common
setting in most of the previous studies on multitask
learning. Here, we also consider a more difficult scenario
that a task in the test stage is unobserved at all in the
training stage. This scenario is more complicated and prior
work on this topic is limited.

Suppose we have i tasks in the multitask training stage,
ðxx1; yy1; ww1Þ; ðxx2; yy2; ww2Þ; . . . ; ðxxi; yyi; wwiÞ, where xxi is the vector
of observation sequences of the i0th task, yyi is the vector of
gold-standard label sequences of the i0th task, and wwi is the
trained weight vector. Suppose xx is the vector of observa-
tion sequences of a completely new task in the test stage
that was unobserved in the training stage. Now, we need to
calculate the yy in the test stage.

Our solution is simple. The system calculates the task-
similarity between the new task and the existing tasks in the
training stage, and the most similar task in the training
stage is picked to classify the new task in the test stage. First,
the system calculates the similarities, s1; s2; . . . ; si, between
the observation vector xx and the observation vectors
xx1; xx2; . . . ; xxi in the training stage. The derivation of si is
based on the cosine similarity between two vectors:

si ¼
h�fðxxiÞ; �fðxxÞi
k�fðxxiÞk � k�fðxxÞk

;

where �fðxxÞ means the averaged feature vector of the
observations xx. Then, the system computes the voted model
weight vector ww ¼

Pi
1ðsiwwiÞ, and uses ww to classify the new

task. We call this method as OMT with similarity-based
decoding (OMT-SBD).

We performed experiments to evaluate this simple
method. We randomly selected the data of 10 persons
among the 20 persons for training, and the remaining
10 persons for testing. The data of the 10 persons in the
testing stage are unobserved in the training stage. Our
OMT-SBD method achieved the averaged accuracy of
49.23 percent (accuracy per task: 35.52, 37.24, 69.32, 62.84,
40.03, 56.58, 69.82, 55.60, 41.94, 23.35 percent). The baseline
was the traditional method with merged training, which
trained one unified weight vector for all testing data.
The baseline method achieved the averaged accuracy of
46.96 percent (accuracy per task: 34.87, 35.17, 72.85, 55.29,
46.18, 44.91, 82.95, 44.59, 35.27, 17.54 percent). As we can
see, the OMT-SBD method was more accurate than the
baseline method in dealing with new tasks unobserved in
training.

5 EXPERIMENTS ON BAO04 DATA

To justify the proposed method, we perform experiments on
another well-known data set: the Bao04 activity recognition
data set [1].2 The Bao04 data are very different from the

ALKAN data. While the ALKAN data used one triaxial
sensor, the Bao04 data used five biaxial sensors (attached on
four limb positions plus right hip) to collect accelerations,
with 10 acceleration signals overall. The data contain 2:6�
106 samples in total. The acceleration signals were sampled
at 76.25 Hz, which is more frequent than the 20 Hz sampling
in ALKAN data.

The Bao04 data were collected from 20 persons. In [1],
the activity recognition is studied in a noncontinuous
manner. To conduct continuous activity recognition, we
reformat the original data into continuous activity se-
quences via segmenting and connecting activities.

5.1 Features and Experimental Settings

We use similar features from the previous experiment. The
single-axis-based features are exactly the same to the
previous experiment, as listed in Table 2. The multiaxis
features are defined on the five axis pairs from the five
biaxial sensors. Hence, there are five correlation features.
Each correlation feature is defined in the same way as the
ALKAN experiment. This feature set is also similar to the
prior work [1] on this data set. Like the previous experiment,
four baselines are adopted to make comparisons. Experi-
mental settings are similar to the previous task on ALKAN
data set. We avoid the redundant descriptions here.

5.2 Results and Discussion

The experimental results are listed in Table 4. Since the
Bao04 data used five biaxial sensors to collect accelerations,
the acceleration information is richer than the ALKAN data
(which only used one triaxial sensor). As a result, the
accuracies in this data are much higher than those in the
ALKAN data. As we can see, the OMT method also achieved
better accuracy than those baseline methods. Significance
tests showed the OMT method is significantly better
than other methods on both of the 10-person and 20-person
data sets.

In Fig. 6, we show the curves of accuracies on varying
the number of training passes. Compared with the ALKAN
data, personal curves are less diversified in the Bao04 data.
Nevertheless, similar to the ALKAN data, the OMT
method performed more accurate than the SGD-Merge
and SGD-Single.

In Fig. 7 (left), we show the learned task similarities
among personal data pairs of the Bao04 data. As we can see,
the task similarities were symmetric and highly diversified.
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2. Data available at: http://architecture.mit.edu/house_n/data/
Accelerometer/BaoIntilleData04.htm.

TABLE 4
Results on the Bao04 Data of 5 Persons,

10 Persons, and 20 Persons



Different task pairs have different task-similarity values.
Similar to the ALKAN data, we observed that all task
similarities were nonnegative.

In Fig. 7 (right), we show the results based on hidden
Markov models, including discriminative HMM and SVM-
HMM. As we can see, the proposed method consistently
outperformed the HMM and SVM-HMM methods in all of
the Bao04 data sets.

6 CONCLUSIONS AND FUTURE WORK

In this paper, we studied personalized continuous activity
recognition by using a new online multitask learning

method. The proposed training method is fast and scalable

for multitask learning with massive data in action recogni-

tion. Experiments on two different data sets demonstrated

that the proposed method considerably outperformed

existing baselines in activity recognition, and with fast

training speed as well as sound scalability. We also learned

interesting task similarities between tasks. The proposed

method is a general technique, and it can be easily applied

to other tasks. As future work, we plan to apply this method

to other data mining tasks. We also plan to test some speech

recognition methods (e.g., [37]) to activity recognition.
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Fig. 7. (Left) OMT task similarities on Bao04 data. (Right) Comparing the proposed method with HMM and SVM-HMM methods.

Fig. 6. Overall and personal accuracy curves on Bao04 data (20 persons). (First) Overall accuracies of different methods. (Second) Personal curves

of the OMT method. (Third) Personal curves of SGD-Single. (Fourth) Personal curves of SGD-Merge.
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