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1 Introduction

Human activity recognition from accelerometric data (e.g., obtained by an iPhone) is gathering a
great deal of attention recently since it can be used for various purposes such as diagnostic and
therapeutic decision making. Standard classification algorithms such as the support vector machines
and logistic regression are useful for building an accurate recognition system, but gathering labeled
training data is often bothersome particularly for new users. Thus, transfer learning from a large
number of existing users is necessary to enhance the usability of activity recognition systems. In this
work, we demonstrate that importance-sampling-based transfer learning highly improves the accu-
racy through real-world human activity recognition experiments. Key ingredients of our method are
covariate shift adaptation for consistent parameter estimation and computationally efficient proba-
bilistic classification for large-scale training and prediction confidence acquisition.

2 Transfer Learning via Covariate Shift Adaptation

Supervised Learning under Covariate Shift: First, let us formulate the supervised learning prob-
lemt. Let {(x!,y")} N, be the training samples whe#€” is a training input point drawn from

a probability density,(x) andy* is a training output value following a conditional probability
densityp* (y|x = =!¥). Let (z'**,y'®) be a test sample wheng® is a test input point following a
probability densityp.(x) andy'® is a test output value following* (y|z = =*¢). Note that the test

sample is not available in the training phase, but will be provided in the test phase.

The goal of supervised learning is to obtain an approximay?(m that minimizes the generalization
error GG (or the expected test error):

G= [[os(F@nnp vlople)da.

whereloss(y, ) is thelossfunction which measures the discrepancy between the true output value
y and its estimatg. A standard method to learn the parameten the modelf(x; 8) would be
empirical risk minimizatiofERM):
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If training and test input points follow the same probability densities, jig(x) = pi.(x), 5ERM
converges to the optimal paramett, where@* = arg min, [G]. However, in many real-world
problems, the assumptign, (x) = p.(x) is often violated. For example, in human activity recog-
nition, distributions of accelerometric data tend to be different depending on users since measure-
ment conditions such as the position and orientation of the sensor are diverse.

Situations where training and test input points follow different probability densitiespg.gr,) #
pre(), but the conditional density*(y|x) of output values given input points is unchanged is

!Effectively, an inputz and an outpuy represent an accelerometer sample and its corresponding activity,
respectivelyp:. () andp. (x) represent the probability densities of a new user (for whom we want to design
a activity recognize) and other exiting users, respectively. See Section 3 for details.



calledcovariate shif{Shimodaira, 2000). Under covariate shift, most of the standard learning tech-

nigues do not work well due to differing distributions. More specificallyryr does not converge

to 6™ if the model f(x; 0) is not correctly specified (i.e., the ‘true’ function is not included in the
model). Since the correctness of the model is not usually guaranteed in real-world problems, the
inconsistency of ERM is critical in practice.

Importance samplings a standard technique to compensate for the difference of densities using
importance weightv*(x) = pie(x)/pi(x) @s
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BrweRM = arg min [N Z w*(zi)loss(f(z; 0), y;“f)]
tr n=1
Nu—o00 arg min [// x)loss(f(x; 0),y)p*(y|x)ptr(m)da:dy} = argmin [G] = 6".
0

This shows that the solution @fportance-weighted ERNIWERM) §IWERM converges to the
optimal solution®* even under covariate shift with misspecified models.

However, the importance weight*(x!") is unknown in practice, and thus we cannot use the impor-
tance weighting technique directly.

Importance Weight Estimation: For importance estimation, we usaconstrained least-squares
importance fitting(uLSIF) (Kanamori et al., 2009). The main idea of uLSIF is to directly estimate
the ratio of two densitieso*(x) = pio(x)/p:(x) Using least-squares fitting without estimating
pu(x) andpi.(x). Here we assume that unlabeled test input samfités} < independently
drawn fromp.(x) are available (i.esemi-supervised learnihg

Let us model the importance*(x) by w(x; ) = ¢(x) ", wherea is a parameter vector and
¢(x) is a basis function vector. We determine the parametess that the following squared error
J is minimized:

J(a) = %/ (w(e: 0 —w*(w))thr(w)da:

1
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By empirical approximation and regularization, we obtain the following optimization problem:

N 1 A
& =argmin |-a' Ha — hla+Za'a ,
o 2 2

where 3a"a (A > 0) is a regularization termH = 4 SN p(xF) ()T, andh =

N%e fj:l (). Then the uLSIF solution can be analytically computedas (H + \I)~!
wherel denotes the identity matrix. Since the importance weight is non-negative by definition, we

modify the solution asi(z) = max(0, ¢(z) " @).

Least-Squares Probabilistic Classifier: In practical human activity recognition, obtainingan-
fidenceof prediction is useful because prediction with low confidence can be rejected. To this end,
kernel logistic regression for estimating the class-posterior probapility|«) is useful. However,
although sophisticated optimization toolboxes of, e.g., (quasi-)Newton methods are readily avail-
able, training a large-scale kernel logistic model is still challenging. Here we propose to use a
probabilistic classifier called thieast-squares probabilistic classifi¢t SPC) (Sugiyama, 2010),
which is a computationally efficient alternative to kernel logistic regression.

The goal of LSPC is to estimate the class-posteridy|x) from training sampleg (", yt)} Ve .
Let us model the class posterior probability(y|z) for classy by p(y|z; 8%¥)) = (x)T0W,
whered¥) is a parameter vector anfl(xx) is a basis function vector. We determine the parameter



6“) so that the following squared errdy, is minimized:

J,(0W) = %/ (p(ylw;O(y)) —p*(y\m))me(w)dw

1
=5 /p(y|w;0(y))2pte(w)dw — /p(y|w;H(y))p*(y|m)pte(w)dw + Const.

By importance-weighted empirical approximation and regularization, we obtain the following opti-
mization problem:
(v)

0" = arg min 1GTQB —q,) 0+ T97o ,
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where 2076 is a regularization term@Q = N%rzf:[gl w* (i)Y (el )y((x) T, and g, =

N%r D onyiiy W (@) (y)). The LSPC solution is given analytically 8y — (Q +~I)"q,.

n

Since the class-posterior probability is non-negative by definition, we modify the solution as follows

(Yamada et al., 2010)(y|z) = max(0,3(x) 8")/Z if Z = $°_ max(0,(2)78") > 0;
otherwisep(y|x) = 1/c wherec denotes the number of classes.

Thanks to the analytic-form solution, LSPC is computationally much more efficient than kernel lo-
gistic regressioh Nevertheless, LSPC was demonstrated to have comparable classification accuracy
to kernel logistic regression (Sugiyama, 2010; Yamada et al., 2010).

Importance-Weighted Cross-Validation: Cross-validation(CV) is a standard model selection
method for choosing the value of tuning parameters such as basis parameters (e.g., the Gaussian
kernel width) and regularization parameterHowever, under covariate shift, ordinary CV is highly
biased due to differing distributions. To cope with this problem, a variant of CV caflpdrtance-
weighted CMIWCV) has been proposed in Sugiyama et al. (2007).

Let us randomly divide the training set in®= {(x, 4% )} into K disjoint non-empty subsets

{Dy}_, of (approximately) the same size. Lﬂ(m) be ; function learned fror®\ Dy (i.e.,
without D). Then thek-fold IWCV estimate of the generalization err@ris given by

K
~ 1 1 * I r r
Grwev = I kz::l D Z w* (z)loss( fi(x™), y""),

¢l (x*,y*") €Dy

where|Dy| is the number of samples in the sub&gt It was proved that IWCV gives an almost
unbiased estimate of the generalization error even under covariate shift (Sugiyama et al., 2007).

3 Experiments

In this section, we investigate the performance of the proposed method in real-world human activity
recognition. We use three-axis accelerometric data collected by iPodTouch availatife/At
alkan.mns.kyutech.ac.jp/web/data.html . In the data collection procedure, subjects
were asked to perform a specific task such as walking, running, and going up the stairs, and its
accelerometric data were recorded by iPodTouch. The duration of each task was arbitrary and the
sampling rate wa80 Hz with small variations.

To extract features from the accelerometric data, each data-stream was segmented in a sliding win-
dow manner with window widtls seconds and sliding stdpsecond. Depending on subjects, the
position and orientation of iPodTouch was arbitrary—held by hand or kept in a pocket or a bag. For
this reason, we decided to take thenorm of the3-dimensional acceleration vector at each time
step, and computed the followirigfeatures from each windownean standard deviationfluctu-

ation of amplitudeaverage energandfrequency-domain entropBao & Intille, 2004; Bharatula

et al., 2005). Note that these features are orientation invariant.

Let us consider a situation where a new user wants to use the activity recognition system. However,
he/she does not want to label their accelerometric data. Thus, there is no labeled sample for the new

2Computing the LSPC solution corresponding to a single Newton step (i.e,. iteratively-weighted least-
squares) of kernel logistic regression.
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Figure 1: Accuracy versus coverage averaged o0arew users and0 trials. There are four two-
class classification problems to recognize walking or running, walking or going stairs up, walking
or going stairs down and walking or standing. The symbobiridicates the fact that the method is
the best or comparable to the best one, determined hiytdstat the significance levél%.

user. On the other hand, a large number of unlabeled samples for the new user as well as a large
number of labeled data for existing users are available.

Let Dulab he sets ofl000 unlabeled accelerometric data of a new user @g..s be the set
labeled accelerometric data foexisting users. Each existing user a8 labeled samples for each
action. We usd00 Gaussian kernels as basis functigisc) for modeling the class-posterior model

p(ylz; 0%)), where Gaussian centers were chosen from the set of unlabeled samipigs The
proposed method (IWLSPC+IWCV+uLSIF, where estimated importance weights were averaged for
each user) is compared with a no-adaptation baseline (LSPC+CV, where data from the existing users
are directly used for training the new user’s classifier).

Figure 1 depicts the prediction accuracies 1600 test samples averaged ovi€)) cases [0 new

users and0 trials per user) with varying coverage values. The coverage is the ratio of test sample
size used for the evaluation. For example, the covetagyandicates thaR0% of test samples with

lower prediction confidence based on the predicted class-posterior probability are not used when
evaluating the accuracy. The graphs show that the proposed method significantly outperforms the
baseline method over the entire coverage. In addition, the accuracy monotonically increases as the
coverage decreases. This implies that the prediction confidence helps us to further improve the
performance of our proposed method.

4 Conclusions

We proposed to use an importance-sampling-based transfer learning technique for coping with the
new user problem in human activity recognition. Experiments with real-world data illustrated the
usefulness of the proposed method. The proposed method is computationally highly efficient and
scalable to massive datasets. We are currently preparing data collected from hundreds of users for a
year, and our future work will apply the proposed method to large-scale knowledge transfer.

This work was supported by the FIRST program.
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