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ABSTRACT
The increasing availability of multiple sensory devices on or near
a human body has opened brand new opportunities to leverage
redundant sensory signals for powerful sensing applications. For
instance, personal-scale sensory inferences with motion and audio
signals can be done individually on a smartphone, a smartwatch,
and even an earbud - each offering unique sensor quality, model
accuracy, and runtime behaviour. At execution time, however, it is
incredibly challenging to assess these characteristics to select the
best device for accurate and resource-efficient inferences. To this
end, we look at a quality-aware collaborative sensing system that
actively interplays across multiple devices and respective sensing
models. It dynamically selects the best device as a function of model
accuracy at any given context. We propose two complementary
techniques for the runtime quality assessment. Borrowing princi-
ples from active learning, our first technique runs on three heuristic-
based quality assessment functions that employ confidence, margin
sampling, and entropy of models’ output. Our second technique is
built with a siamese neural network and acts on the premise that
runtime sensing quality can be learned from historical data. Our
evaluation across multiple motion and audio datasets shows that
our techniques provide 12% increase in overall accuracy through
dynamic device selection at the average expense of 13 mW power
on each device as compared to traditional single-device approaches.
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1 INTRODUCTION
For long, mobile sensing research has focused on creating accurate,
robust and multi-modal sensory models for a single device making
it intelligent at understanding us and the world around us [13, 17, 20,
28]. However, with an unprecedented rise of on/near-body devices
- smartphones, wearables, or IoT devices - it is common today to
find ourselves surrounded by multiple sensory devices. Studies
(e.g., [31]) even estimate that by the year 2025, each person will
have 9.3 connected devices. Therefore, we believe that efficient and
accurate sensing in a multi-device environment is a key research
area for the mobile sensing community.

Such multi-device dynamics offer exciting opportunities to lever-
age redundant sensory signals to develop accurate and robust sens-
ing models quantifying richer human contexts continuously and
at scale. This is mainly enabled by the fact that most of these de-
vices share a common set of core sensors such as accelerometer,
gyroscope, and microphone. For example, activity tracking can be
done individually on a smartphone, a smartwatch, and even an
earbud. Similarly, audio sensing can be done by selectively using a
microphone on one of these devices or nearby IoT devices. In both
cases, different devices offer varying sensor quality, model accuracy,
runtime behaviour, and usage dynamics. Moreover, these charac-
teristics change over time due to several factors including device
variability, e.g., hardware and software heterogeneity [15, 34], com-
pute and energy budget, etc. and temporal variability, e.g., device
placement [19], a user’s surrounding situation, etc.

These facets uncover critical system challenges to assess and
compare the characteristics of different devices and to select the
best device for accurate and resource-efficient sensory inferences at
any given context. Naturally, research on quality1-aware sensing in
a multi-device setting has been recently intensified. Several works
in body sensor network have looked at sensor selection, but mostly
taking a static view on average accuracy with resource aware-
ness [6, 7, 10, 45]. Multi-sensory fusion has also been studied exten-
sively to improve model accuracy while addressing system issues,
such as time synchronisation and missing data [23, 25, 37, 41, 42].
These works contributed substantially to advance our understand-
ing of multi-device sensing research. We build on this rich body of

1In this paper, we define quality as expected recognition accuracy of a sensing model
for a given inference task at any point of time.
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Fig. 1: An overview of the collaborative sensing system. We periodi-
cally assess the runtime sensing quality and choose the best device.

literature and investigate a speci�c challenge that lacked adequate
attention from past research, namely:

"Given that inference accuracy of sensing models varies across
devices and over time in multi-device environments, can we select a
device � at runtime �, which is likely to provide the best inference
accuracy in that instance?"If such a dynamic runtime selection
system is developed, we can expect to have two bene�ts: (a) it will
provide higher inference accuracy for a task than using a single
device, (b) it will eliminate the redundant inference computations
from multiple devices, e.g., fusion, thereby providing energy gains.

To this end, for the �rst time, we explore two complementary
techniques for runtime assessment of sensing models and present
a quality-aware collaborative sensing system. The system actively
interplays between multiple devices and respective sensing mod-
els to dynamically select the best device for the recognition task
at hand. Our �rst technique, heuristic-based quality assessment
(HQA), borrows principles of certainties from active learning litera-
ture. We devise three functions operating on calibrated probabilities
of models' output in deriving the quality of the recognition perfor-
mance at runtime and selecting the device accordingly. Our second
technique, learning-based quality assessment (LQA), is built on the
premise that runtime sensing quality can be learned to predict the
best device and corresponding inference path. We devise LQA by
training a Siamese neural network [16]. Grounded on these tech-
niques, we introduce a collaborative and quality-aware execution
planner for model execution, as illustrated in Figure 1.

We evaluate these techniques with two motion and two audio
datasets using three sensing tasks � physical activity, emotion, and
keyword recognition. The results show that our techniques boost
the overall recognition accuracy by 12% on average compared to
single-device baselines. Energy expense of this accuracy gain is
slightly higher, but less than 13 mW on average on each device. In
comparison to voting and fusion baselines which require all the
devices to be used continuously, our techniques show comparable
accuracy, but considerably lower energy overhead � almost in-
versely proportional to the number of devices. We further provide
an in-depth analysis to uncover the pros and cons of our meth-
ods. Finally, we present a well-being monitoring application with a
smartphone, a smartwatch and a smart earbud to show the practical
manifestation of our techniques in multi-device environments.

We �rst position our work against past research. Then, we take a
data-driven view on the challenges of multi-device sensing systems.
Next, we present the technical building blocks of this work, followed
by systematic evaluation. Before concluding the paper, we re�ect
on the limitations and future avenue of this work.

2 RELATED WORK
We review past research on multi-device environments (MDE),
focusing on sensor selection, sensor fusion, and system support.

2.1 Sensor Selection in MDEs
In body sensor networks (BSN), several sensing strategies have been
proposed to recognise human contexts leveraging various on-body
sensors. They have been studied to understand the e�ect of di�erent
characteristics on recognition accuracy, e.g., types, compositions,
and placements of sensors. Grounded on these �ndings, several
context-aware middlewares have been developed for dynamic BSN
environments [6, 7, 10, 14, 45]. Their typical approach has been to
dynamically select the best sensor based on prede�ned parameters,
such as average accuracy, resource usage, and availability.

Although these works provided a foundation for designing exe-
cution strategies in dynamic BSN environments, their consideration
of sensing quality has been limited. For instance, the selection is
mostly made based on the average accuracy acquired during a train-
ing phase, which assumes that the sensing quality, i.e., expected
accuracy, would be same as long as the associated sensors are avail-
able. However, we argue (and o�er data-driven evidence in the next
section) that quality of sensing models is di�erent across devices
and, more importantly, changes over time due to several runtime
factors. This insight demands a revisit of these strategies because
the best performing device dynamically changes even though the
availability of sensor devices does not change. To the best of our
knowledge, our work is the �rst to explore runtime assessment of
sensing models in terms of the sensing accuracy in MDEs.

2.2 Sensor Fusion in MDEs
Deep learning-based fusion techniques [23, 25, 37, 41, 42] have
been proposed to concatenate multiple sensor streams e�ectively
� at an early or late stage � to achieve higher accuracy. Fusing
sensory streams from di�erent devices uncover a number of system
issues, e.g., time synchronisation, missing data, di�erent sampling
rates. As such, several techniques have been studied to make fusion
more robust to these factors. For instance, Yao et al. proposed a
quality-aware deep learning framework that dynamically changes
the contributions of sensor inputs by their sensing quality [42].

Although these works improve model accuracy, they often su�er
from strong assumptions, e.g., all devices should be available and
active for sensing, processing, and transmissions. Besides such
practical infeasibility, these approaches also demand signi�cant
system resources, especially energy. Our work departs from these
approaches and shows that, with carefully designed runtime quality
assessment techniques, we can achieve comparable accuracy to the
sensor fusion, however at a drastically smaller energy expense -
almost inversely proportional to the number of devices.

2.3 System Support for Sensing in MDEs
O�ering adequate system support for building e�cient and accu-
rate sensory applications in MDEs has also gained tremendous
attention. Kang et al. proposed a novel system built on a transla-
tion function that transforms the high-level context queries into
low-level sensor selection strategies, thereby hiding the details of
complex resource management from applications [6, 7]. Kolamunna



�ality-aware Runtime Assessment of Sensing Models in Multi-device Environments SenSys '19, November 10�13, 2019, New York, NY, USA

et al. presented a framework for application function virtualisation
of multi-wearable sensory systems isolating various system-level
operations from application development [11]. Fortino et al. pro-
posed a framework for multi-sensor data fusion supported by an
underlying execution engine that o�ers several useful system-level
capabilities, such as inter-BSN communication, proximity detection,
and service discovery to simplify application development [3]. Our
work contributes to this body of research by o�ering system-level
components, i.e., an execution planner aided by runtime quality
assessment, to accelerate sensory system development in MDEs.

3 RUNTIME SENSING QUALITY DYNAMICS
Multi-device environments o�er exciting opportunities for personal-
scale sensing applications in various aspects. It is evident thatmore
sensing tasks are possible as di�erent devices have di�erent charac-
teristics. For instance, by virtue of di�erent placements, recognising
hand gestures from a smartwatch or head gestures from an earbud
is a possibility today - which was almost impossible when personal
sensory devices were limited to smartphones. Moreover, the mul-
tiplicity also means redundant capabilities, i.e., di�erent devices
can perform the same sensing task. Consider, one of the most dom-
inant human sensing tasks - tracking physical activity. Today, this
can be performed with an inertial measurement unit (IMU) on a
smartphone [30], a smartwatch [2], or even an earbud [18]. Simi-
larly, sound events or human speech can be recognised by using
a microphone on one of these devices or nearby IoT devices (e.g.,
conversational agents and smart cars) at any given context. This
redundancy means, with carefully orchestrated scheduling, sensing
tasks can be supportedlonger by selectively using di�erent devices
at di�erent times. Finally, since each device o�ers di�erent runtime
characteristics and sensing performances, we can achievebetter
recognition accuracy if the best device could be selected for the
task at hand at every inference instance. In this work, we strive to
address thisbetter sensing challenge while optimising system cost.
In what follows, we o�er data-driven evidence that runtime recog-
nition quality of sensing devices greatly varies across devices and
over time, making it incredibly challenging to provide the promised
improved sensing experience in multi-device environments.

3.1 Sensing Quality and Runtime Variability
Forbetter sensing, it is essential to properly assess and compare
sensing quality of available devices. Sensing quality has relation to
several di�erent, but relevant metrics such as inference accuracy,
energy cost, and processing latency and can be de�ned as a com-
bination of those metrics. In this work, we focus on the expected
inference accuracy as a quality metric for two reasons. First, in-
ference accuracy is the primary objective of sensing applications.
Second, there are a number of tools to measure resource-related
quality metrics at runtime, e.g., [24] for energy and [4] for latency,
but runtime accuracy is not studied well yet, and its consideration
as a system component still remains at an early stage.

A key challenge for runtime assessment of sensing quality is
that it is almost infeasible to come up with a universal de�nition of
the quality. There are several factors, spanning over hardware, soft-
ware, system resources, and even users' behavioural characteristics
that constitute and a�ect the sensing quality. More importantly,

(a) Activity recognition (IMU) (b) Keyword detection (mic)
Fig. 2: Variations in inference accuracy over time and across devices.

their impact on quality is di�erent across devices and changes dy-
namically over time. In this work, we focus our attention on this
speci�c characteristic and study two critical contributors to this
runtime variability as described below:

� Device Variability : Di�erent devices have di�erent sensing
quality due to their heterogeneity [15, 34]. While the placement
is a dominant factor, there are several other ones as well, e.g.,
sensor type and sampling rate. Processing and battery capacity
can also be factors as they decide OS behaviour to sensory tasks.

� Time variability : Another important aspect, but not investi-
gated actively yet in the research domain, is the temporal na-
ture of sensing performance. That is, some factors a�ect sensing
quality dynamically, thereby making the sensing quality unpre-
dictable. For example, the activity recognition accuracy of the
smartwatch could suddenly drop while users are typing with a
keyboard in the o�ce or pushing a stroller outside. The accu-
racy of audio sensing from nearby IoT devices could also change
depending on a user's distance from the device.

3.2 Quantifying Runtime Variability
To further crystallise our arguments of runtime variability, we
report a quantitative analysis on the impact of these variabilities on
sensing quality with two sensing tasks, tracking physical activity
and detecting keyword.

Setup: The goal of this study is to assess the degree to which
sensing models' runtime accuracy varies across device over time.
We focus on two widely-used sensing modalities - motion and audio
for human-sensing tasks - human activity recognition (HAR) and
hot keyword detection. For HAR, we use a subset of the Opportunity
dataset [29] augmented with noise (see Ÿ5.1 for details) and a state-
of-the-art deep HAR model [25]. For keyword detection, we collect a
small dataset containing 200 keywords from 10 classes and a widely
used keyword spotting model [40]. To understand the performance
of these models in multi-device settings, we re-purpose some of the
sources of the Opportunity dataset to di�erent wearables based on
their positions (See Table 1 for mapping. Similarly, for audio sensing
task, we have collected the audio streams and trained models on
three di�erent devices, Pixel 3 phone, LG Urbane 2 watch, and a
smart earbud [8]. For each sensing task, we trained and tested three
di�erent sensing models corresponding to three devices, but with
the same architecture, e.g., the sensing model for the smartwatch
is trained and tested with the data from the smartwatch.

Results: To quantify the impact of variability on the accuracy
over time, we measureF1 score at every minute in the test dataset.
The window size for both tasks is set to 1 second. Thus, we compute
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(a) Activity recognition (IMU) (b) Keyword detection (mic)
Fig. 3: Opportunity for quality-aware device selection.

F1 score with 60 inference results every minute. Figure 2 shows
F1 score over time from a representative session, clearly suggest-
ing that F1 score varies across devices and �uctuates over time as
well. More importantly, the best performing device also changes
correspondingly. For example, Figure 2a shows that the shoe de-
vice outperforms the others from 1 to 2 minutes. Then, the best
performing device changes to the watch at 2 minutes, the phone at
6 minutes, and the watch again at 7 minutes. Keyword detection
using a microphone shows similar trend in Figure 2b.

Figure 2 implies that higher performance is achievable if we se-
lect the best device at every inference. To quantify this opportunity,
we measure and compareF1 score by assuming theidealsituation,
i.e., at every inference, we select the device of which corresponding
model provides the correct answer. Figure 3a shows the averageF1
scores of three sensing models and the ideal case for the HAR task.
It suggests that, by selecting the best device,F1 score can increase
by 17% compared to the best performing single device (watch) and
by 23% compared to the average score of three devices. Figure 3b
shows a similar trend of an increase inF1 score by 8% in the ideal
case as compared to the best device (earbud). Such improvement
uncovers brand-new opportunities for quality-aware selection.

With the Opportunity dataset, we further quantify the opportu-
nity in the selection ofmultipledevices, e.g., two or three out of four
available devices. For the study, we extend the entire sensor set to
include �ve devices (See Ÿ5.3.2 for the selected devices) and develop
the fusion models for all possible combinations of the subset of
multiple devices. Then, while increasing the set size from 1 to 5,
we select the best set of the devices of which corresponding fusion
model gives the correct answer; in the case that the size is 1, we use
the sensing model. The results show that theonedevice selection
provides comparable accuracy to the selection of multiple devices.
While F1 score is 96.4% for the selection of one device, the scores
are 96.9%, 97.1%, 97.2%, and 97.3% for the selection of 2, 3, 4, and 5
devices, respectively. Considering that the multiple device selection
incurs signi�cant high energy and additional training cost for the
fusion model, we argue that selecting one device is reasonable.

4 QUALITY-AWARE DEVICE SELECTION
Based on the insights from the motivational studies above, we
propose a collaborative sensing system that o�ersquality-aware
device selectionas a way to improve sensing accuracy in multi-
device environments. Two concrete objectives shaped our design
decisions towards the development of this system:

� Model isolation : The system should not require any changes to
the underlying sensing models which need to be quality-assessed.

� Application isolation : The dynamic selection of devices should
be a black-box for sensing applications, i.e., without requiring
any modi�cations to the applications.

Governed by the design goals, we develop the collaborative sens-
ing system composed of two critical components:Quality Assessor
(Ÿ 4.1) andExecution Planner(Ÿ 4.2). Before detailing these compo-
nents, we stress on the two assumptions that our approach makes.

� First, we assume that, in a multi-device environment, each device
has a pre-trained task-speci�c sensing model deployed on it.

� Second, we assume that there is a host-device which can run
our quality-aware device selectionalgorithm � the host could be
a smartphone or a personal edge device, or can be dynamically
chosen from the multiple sensing devices themselves.

4.1 Runtime Quality Assessment
The primary aim of quality-based device selection is to assess and
compare the sensor data quality from each device at runtime. We
re-emphasise that in this paper, quality is tied to the accuracy of the
sensing task � i.e., givenN sensor streams, the sensor stream which
provides the highest accuracy of the inference task (e.g., HAR) for
a speci�c time is said to have the best quality in our de�nition at
that time. As such, the concept of quality in our work di�ers from
traditional approaches such as signal-to-noise ratio (SNR), which
are used to assess the purity of a signal but are completely agnostic
of the inference task. For example, a speech audio segment with
high background noise might have low SNR, but could represent a
high-quality sample for a noise-detection inference task.

For the remainder of the section, we de�ne the following:

� D: a set of available devices, {Di }, whereDi is i th device,
� M: a set of sensing models, {Mi }, whereMi is a model forDi ,
� Xt : a set of sensor data at timet , {X i

t }, whereX i
t is a segment of

sensor data fromDi at timet

Then, at timet , the quality-based device selection selectsDk at
which Q(Si

t , Mi ) is the highest amongD, whereQ is a quality
function. We now present two methods to de�neQ.

4.1.1 Heuristic-based �ality Assessment (HQA).One way to as-
sess sensing quality, i.e., de�ning Q, is to leverage con�dence values
reported from sensing classi�ers. Typical examples are probabilities
from probabilistic classi�ers such as naive Bayes, probabilities from
a softmax layer in neural networks, and distance to a hyperplane
boundary in SVM. Since con�dence values represent how con�dent
a classi�er is on the inference output from a given input data, we
can interpret them as sensing quality. A probability value repre-
sents the probability of given sensor data being a member of each of
the possible classes. Therefore, we can simply compute the highest
probability outputted by a modelMi and use it as a measure ofQ.

However, it is not straightforward to use con�dence values as
sensing quality. While modern neural networks provide exceptional
accuracy, it is reported that their probabilities are not well calibrated,
especially in multi-class classi�cation [5]. That is, for a given sample,
the relative order of probabilities among classes is accurate to select
the most probable class, but the comparison of probabilities from
di�erent samples or di�erent models could be inaccurate.

Several techniques have been proposed in the machine learning
literature [21, 27, 43, 44] to calibrate the outputs of the classi�ers
and make them resemble the actual probability distribution of the
training data. In this paper, we used Platt scaling [27] for calibrat-
ing our models because of its ease of implementation and good
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performance with neural networks [22]. It performs the calibration
by �tting a logistic regression model on the classi�er output.

As a next step to quantify sensing quality from calibrated proba-
bilities, we adoptuncertainty samplingstrategies proposed in active
learning literature to measure uncertainty of instances, i.e., how
uncertain a given instance is to be labelled. Inspired by uncertainty
sampling, we propose three heuristic methods for certainty-based
quality assessment. We de�ne calibrated probabilities ofX i

t from
Mi asPi

t = {Pi
t ;k } wherePi

t ;k is a probability value ofX i
t for Mi ,

belonging to a classCk andC is a set of classes, {Ck }.

� Highest con�dence: The simplest way is to leverage thehighest
con�dence of each model. That is, the quality function,Q is
de�ned as the con�dence in the most likely label of given sensor
data, i.e.,Q(Si

t , Mi ) =max(Pi
t ).

� Highest margin sampling: The shortcoming of the highest
con�dence is that it disregards the remaining label distribution,
i.e.,Pi

t - {max(Pi
t )}. To handle this, amargin samplinghas been pro-

posed in [32]. It measures the certainty by taking the di�erence
between the probabilities of the two most likely classes. Higher
margin can be considered more con�dent. More speci�cally,Q is
de�ned as the di�erence between the highest and second highest
probability, i.e.,Q(Si

t ,Mi ) =max(Pi
t ) -max2nd (Pi

t ), wheremax2nd
outputs the second maximum value.

� Least entropy: A more general strategy is to leverageentropy
which refers to disorder or uncertainty [33]. Its concept has been
proposed in information theory, but it is also widely used to
measure uncertainty or impurity in machine learning. Here, the
distribution of an instance with lower entropy can be considered
more con�dent.Q is de�ned as 1 /�

Í
k Pi

t ;k logPi
t ;k ; we take a

reciprocal to make the least entropy to be chosen.

In active learning, it is shown that, while all three strategies
show reasonable performance compared to passive learning, the
best strategy is task-speci�c [12]. In our datasets in Ÿ5.1, the highest
margin sampling showed the best performance, thereby being used
as a default quality function in the paper.

4.1.2 Learning-based �ality Assessment (LQA).In contrast to
HQA, we also explorelearning-based quality assessmentwherein we
adopt a data-driven approach to learn thequality functionQ using
deep neural networks (DNNs). We frame the problem of learning
Q as a multi-task learning (MTL) problem [46]. In MTL, multiple
learning tasks are solved simultaneously, while exploiting similari-
ties and di�erences across them. In our case, the individual tasks
assess the quality of each device's sensing stream with respect to the
learning objective. As these tasks share signi�cant commonalities,
we can solve them simultaneously using an MTL framework.

For training a deep neural network to approximate the qual-
ity function, we seek a labelled training datasetp¹X;qº. q is a k-
dimensional vector representing thequality ground truth, where
qk represents the binary quality ground truth forDk . For example,
if there are three devicesD1;D2;D3, thenq = »1;1;0¼means that
D1 andD2 are suitable for the current task, whileD3 is not. If such
a labelled dataset could be obtained, we can use it to train a neural
network using supervised learning approaches.

Generating the quality ground truth: We denote the dataset for
the quality assessment fromK devices asX = {X1;X2:::XK } where

(a) (b)
Fig. 4: (a) Process to generate quality vector and (b) Overview of qual-
ity model training.

Xk (k = 1:::K) denotes the sensor dataset fromDk . Further,Xk
t

denotes the sample at timet in Xk (t = 1:::N) and
 t denotes the
ground truth class for samplet . Note that as all thek sensor streams
are time-synchronised, they all share the same ground truth at any
time t . The training inputXt to the DNN is a k-tuple as follows:

Xt =< X1
t ;X2

t ;X3
t � � � XK

t > (1)

In addition, we need a ground truthquality vectorqt (|qt j = k)
which denotes the quality of each of thek sensor inputs:

qt =< q1
t ;q2

t ;q3
t � � � qK

t > (2)

whereqk
t is a binary variable,qk

t � f 0; 1g.
We explain our methodology of generating thequality vectorqt .

As discussed earlier, we de�nequality as the suitability of a device
to a given sensing task, in that if the sensor dataXk

t from a device
Dk accurately predicts the task-at-hand, thenqk

t = 1. We leverage
pre-trained device-speci�c sensing modelsMk : X ! y, which
predict the outputy given the sensor dataX from deviceDk . As
shown in Figure 4a, at each stept (t = 1::::N), we apply the models
Mk to the the dataXk

t to generate predictionsyk
t . Each prediction

yk
t is then compared with the ground truth class at stept : 
 t and a

quality outputqk
i is generated as follows:

qk
t = 1¹yk

t = 
 t º (3)

In other words, if the prediction from deviceDk matches the
ground truth at stept , we say that the data from this device has
good quality and setqk

t as 1. Finally, as shown in Figure 4b we use
(Xt , qt ) as the labelled training samples to train the quality model.

Network architecture: We use a Siamese neural network architec-
ture to train the model for the quality function; we call it thequality
model. As shown in Figure 5, a Siamese neural network consists of
two or more sub-networks (or towers), all of which share the same
weights. Each tower receives sensor dataXt from a di�erent device
and extracts higher-order features, e.g., by using convolution and
pooling layers. These feature vectors are then compared against
each other by the subsequent layers of the network to assess the
quality ordering across devices.

Our choice of using Siamese neural networks is motivated by
two factors. a)Input similarity: As the input sensor data from mul-
tiple devices is of the same kind (e.g., time-aligned accelerometer
data), we can use weight-sharing identical sub-networks to extract
higher-order features and compare them. Similar approaches have
been used in the image comparison literature [16] b) Memory opti-
misation:By sharing the weights across multiple sub-networks, we
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Fig. 5: Siamese neural network architecture. The feature extraction
sub-networks CN Nk share the same weights w.

can signi�cantly reduce the size of the quality model, thus making
it more feasible to run on devices with limited runtime memory.

Implementation: We implement our Siamese neural network
shown in Figure 5 inKeras. The model consists ofk weight-sharing
CNN towers (one for each of thek devices). The inputs to the towers
(Xt ) are raw or lightly-processed sensor data depending on the sens-
ing task. For the HAR task, we input the raw IMU data to the device-
speci�c towers. For the audio tasks, we extract log-spectrograms
features and provide them as input to di�erent towers. The input
data is then processed by the CNN sub-networks to extract higher-
order features. We use three 2D convolution and pooling layers for
feature extraction, followed by a GlobalAveragePooling layer. The
outputs of each tower are concatenated and compared using two
fully-connected layers. As the individual tasks in our MTL model
have binary outputs (`0' or `1'), we usesigmoidactivation in the last
layer of the network andbinary cross-entropyas the loss function.
The network is trained using theAdamoptimiser.

4.1.3 Merits and Demerits.The two assessment methods have their
merits and demerits and can be used selectively or in a collaborative
way depending on the conditions. Here, we discuss their prereq-
uisite and (de)merits. We provide a systematic evaluation of two
methods across multiple motion and audio datasets in Ÿ5.1.

HQA: Compared to LQA, the biggest bene�t of HQA is that it
does not require additional data, e.g., for training aquality model.
Also, it can easily adapt to changes in device availability, e.g., when
a new device is added, or a device is temporarily unavailable, be-
cause the HQA function is computed individually. However, the
HQA has limitations from the perspective of sensing models. First,
the models need to provide con�dence values as output, e.g., an
output of the softmax layer in DNN, rather than a select label. Sec-
ond, the con�dence values need to be carefully calibrated with
a large validation dataset, which is unusual for the conventional
development of sensing models.

LQA: Di�erent from HQA, LQA takes a data-driven approach,
and thus its performance can enhance if a large dataset is available;
note that the dataset required for training the quality model is not
necessarily to be the same dataset used for training the sensing
model. It is also possible to personalise the quality model using
online learning. On the downside, when a new device is added to
the ecosystem, the quality model needs to be learned again, thereby
incurring an additional cost for computing and data. We discuss
the potential solutions to address those limitations in Ÿ6.

4.2 Execution Planner
The execution planner is an essential component for the execution
engine of runtime quality assessment. It uses the assessment output

to dynamically orchestrate model execution across devices over
time, as illustrated in Figure 1. It works as follows:

� STEP 1:At any given instance, it collects sensor data from all
devices for a speci�c period (assessment window).

� STEP 2:Using either raw sensor data or processed features, it
estimates the sensing quality of the available devices, applying
runtime quality assessment functions (HQA or LQA) and chooses
the device with the best quality for the underlying inference task.
The selected device is used for the nextk seconds (referred to as
theexecution window) for computing inferences. In the meantime,
all the remaining devices are deactivated.

� STEP 3:After each execution duty cycle (assessment window +
execution window), it re-runs the process of assessing the sensing
quality and selecting the best device.

In Ÿ 5.3.1, we illustrate how di�erent assessment windows and
execution duty cycle values a�ect the performance of our system.

The execution planner runs on a smartphone in the current
implementation, but can move dynamically depending on the device
availability, e.g., moving from a phone to a watch if the phone
becomes unavailable. We leave its implementation for future work.

5 EVALUATION
5.1 Experimental Setup

Sensing tasks: We focus our experiments on two widely-used
sensing modalities,motionandaudio, and representative sensing
tasks for them. For motion sensing, we selecthuman activity recog-
nition (HAR), which is performed over motion data captured from
an Inertial Measurement Unit (IMU). For audio sensing, we choose
keyword spottingandemotion recognition; their respective goals are
to detect the presence of a keyword and the emotion of a speaking
person in a given speech segment. These sensing tasks are suitable
for multi-device environments because most of personal and IoT
sensory devices are equipped with IMUs and microphones.

Datasets: To evaluate the performance of our approach in the
HAR task, we use two public datasets which contain IMU data from
multiple wearable devices: the Opportunity activity recognition
dataset [29] and the RealWorld (HAR) dataset [35].

TheOpportunity datasetconsists of data collected from 4 partic-
ipants performing naturalistic activities in a sensor-rich environ-
ment. While performing the activities, multiple IMUs are placed
on a participant's body at di�erent locations such as arms, back,
and feet. Each IMU consists of 3-axis accelerometer and 3-axis gy-
roscope, sampled at 30Hz. Each participant performed 6 sessions: 5
runs of activity of daily living (ADL) where they performed daily ac-
tivities with no constraints, and 1 drill session where they repeated
20 times a set of 17 activities. The ADL runs are characterised by
larger variability. In our analysis, we used three devices on a hip, a
left lower arm, and a right shoe by default and target to detect the
mode of locomotion:stand, walk, sit andlie. In total, for all users
and all recordings the dataset consists in 3653 modes of locomotion
instances of variable duration (between ~0.2 and ~280 seconds).

TheRealWorld datasetincludes IMU data (3-axis accelerometer
and 3-axis gyroscope) recorded from 15 participants performing 7
activities: climbing stairs down and up, jumping, lying, standing,
sitting, running/jogging, and walking. The duration of each activity
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