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ABSTRACT

This paper explores “natural speech” interfaces in an ubiqui-
tous computing environment, specifically, the invocation of
custom lighting patterns in an “open-plan” workplace. The
workspace contains a large array of individually-dimmable
lights which is very flexible but expensive to configure for
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As with any interface, an interface for controlling the envi-
ronmental state in the home should match the user’s mental
model instead of that of the underlying devices. That is, the
user should only need to specify thameof the environ-
mental state rather than tkenfigurationof each individual
device needed to achieve the desired state. In the home ex-

common tasks. We argue speech is a good solution for thisample, the user should be able to say “set cooking mode” or
task, but there is a challenge in supporting natural interaction “apply dinner mode” rather than specifying the configura-

which is shared with other ubicomp environments: discover-
ing the lighting scene names, light configurations and, map-

tion of the radio, speakers and lights to achieve the cooking
or dinner environmental state.

pings between them. We describe the Simultaneous Naming

And Configuration (SNAC) approach to address this prob-
lem and demonstrate its applicability to our system, lllu-
minac.
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INTRODUCTION

The number of electronic devices that control our environ-
ment is ever increasing. While this trend brings greater flex-
ibility and control over our environment, configuring each
individual device to achieve the desired environmental state

becomes ever more tedious and often burdensome. For ex-
ample, in the home, to prepare the environmental state for

cooking, one might want to turn the radio on and turn it

to the news, turn the volume of the speakers up since the

kitchen will be noisy, and make the kitchen lights bright.
Then, to prepare the environmental state for eating dinner,
one might dim the lights in the dining room, turn on the mp3
player to play a dinner music playlist, turn the volume of the
speakers down, and close the blinds. Controlling all of these

devices—the lights, the radio, the speaker volume, the mp3

player, and the blinds—to achieve a desired environmental
state is quite tedious.
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The challenge in designing such an interface that matches
the user's mental model is not only in discovering tiaenes

for the environmental states, but also discovering the config-
urations of devices necessary to achieve a hamed environ-
mental state.

In other words, we are only given the set of devices that
can be controlled and how to control them, but we do not
know the names of the desired environmental states, the con-
figuration of devices to achieve each environmental state,
nor the mapping from environment names to device config-
urations. We call this issue the name-configuration map-
ping problem. To provide an ideal natural interface, the
users should be able to customize the environment names
and the corresponding configurations of devices. Therefore,
the name-configuration mapping problem cannot be solved
a priori, but must be solved for each individual set of users
and domains.

In addition to matching the user’'s mental model, we want the
interface to be “calm.” That is, the interface in a ubicomp en-
vironment, like environment control, should be almost invis-
ible except during direct (focal) interaction (as advocated by
Weiser [22]). In this context, a speech-based interface seems
like a good option'. With distributed microphone technol-
ogy, the physical interface all but disappears, but jumps flu-
idly to the foreground when the system responds to spoken
input. Furthermore, speech is often considered the most nat-
ural form of human expression, and has the potential to ad-
dress certain accessibility concerns.

Weiser explicitly critiqued speech-based agent interfaces in one
of his well-known papers. However, his specific criticisms related
to many aspects of design that we avoid: agent personality, knowl-
edge, an “identity” you interact with and impart human-like traits
to. By contrast, our use of speech is highly situated, in a shared
context, and in short focal interactions followed by return to invis-
ibility.



Such natural language-based interfaces only exacerbate thi names | commands configurations
name-configuration mapping problem, as it adds a level of el e
uncertainty to the system: either from imprecision in hu- e,
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errors, such as recognizing “set cooking mode” as “set cook et T e .

in low.”

Figure 1. The name-configuration mapping problem for workspace
We believe this theme occurs in many ubicomp environ- lighting control. The dotted lines indicate the concepts that must be
ments. For example, in the workspace the name_configuratioﬁiscovered by the system to provide a natural speech-based interface
: : : - “ . » for workspace lighting control.
mapping problem arises in mapping the “semantic gap” from
a configuration command like “presentation” to control the
lights, projector, and sound devices. In a workspace with
an array of individually controllable lights instead of a bank OVERVIEW OF WORKSPACE LIGHTING CONTROL
of lighting all controlled by one light switch, mapping from  Before we present the SNAC approach to the name-configuratior
a configuration command like “Joe’s lights on” to turn on mapping problem we first introduce the workspace lighting
the lights over Joe’s desk presents the same challenge. Thigontrol domain for which llluminac is designed.
challenge would also be present in mapping a request like
“high priority calls only” to a specific subset of the user's Many large open plan-workspaces have extensive banks of
contacts who are important enough to trigger a ring responselights controlled by just one light switch. Therefore, the
on a mobile device. lighting control is not flexible enough to respond to occu-
pancy or daylighting. Many lights are turned on for just a
In this paper, we look at designing a natural speech interfacefew occupants, and lights next to a window cannot be turned
for workspace lighting control in order to understand and off without turning off the lights away from the window.
fully address the name-configuration mapping problem. In More granular control over the lighting in large workspaces
this case study there are 79 devices (individually controllable could enable a reduction in energy consumption by allowing
lights) and 25 users who have both their own and shared en-unnecessary lights to be turned off.
vironment names and configurations. We make the follow-
ing contributions: Low-cost granular lighting control systems appropriate for
both retrofit and new construction are being developed to
e We identify the distinction (semantic gap) between the enable more flexible lighting control and, as a result, en-
name of a desired environmental state and the configu-ergy savings. One such system developed at the University
ration of devices to achieve that environmental state (the of California at Berkeley Center for the Built Environment
name-configuration mapping problem). The name-con- has been licensed to Adura Technologies [21] and is now
figuration mapping problem in the presence of uncertainty commercially available. Given this type of technology, more
is the key challenge in designing natural speech interfacesflexible lighting control is possible in many workspaces with
for environment and device control. large arrays of light fixtures.

¢ We describe the Simultaneous Naming And Configuration Intelligent systems for controlling workspace lights that adapt
(SNAC) approach to address the name-configuration map-to daylight from windows and occupancy levels are being
ping problem with uncertainty. The key idea is a learning developed using flexible lighting control. At the same time,
system simultaneously trained on two kinds of data pro- there is still a need for user interfaces that allow users to
vided directly by the users’ names of environments and directly control flexible workspace lights and override such
configurations of devices. (SNAC Approach section) intelligent systems when appropriate.

o We identify an appropriate learning algorithm for simul- We propose a speech-based interface for lighting control in
taneous naming and configuration: non-negative matrix shared workspaces, as they are natural and allow for a calm
factorization (NMF). (SNAC Approach Learning Model interface. To do so, users should be able to customize the
section) system to work with names of lighting scenes that are natural

o to them. Based on our experience with llluminac, we found

* We show the applicability of our SNAC approach for nat- that one user says “turn on my lights” to turn on the two

ural speech interfaces for workspace lighting control by |ights over her desk, while another user says “all on” to turn
implementing and deploying a SNAC-based system, lllu- on the four lights around her desk.

minac. With llluminac we see that one or two training

points is often sufficient to produce environmental states As alluded to earlier, to support customized speech com-
with mostly correct configurations, thereby providing good mands for personalized lighting configuration, we must ad-
accuracy with little training. (llluminac section) dress the name-configuration mapping problem in the pres-



ence of uncertainty. Specifically, we need to discover the command. Because the model is trained on commands and
names of lighting scenes, the configurations of lights neededconfigurations specific to the workspace, we expect to be
to create the lighting scenes, and the mapping between theable to perform reasonable lighting actions with less com-
names and configurations. In Figure 1, we depict the name-mand training. For example, when a visitor who has never
configuration mapping problem in the context of workspace provided training input to the system comes into the lab, she
lighting control. On the left, we show names of lighting cantry her command and potentially get reasonable behavior
scenes (i.e., user-defined commands for changing the light-because regular users may have already trained the system
ing scene), while on the right, we show lighting scene con- on similar commands. Of course, if the resulting behavior
figurations. A lighting scene configuration is depicted as is undesired, she can manually change the lighting scene,
a schematic view of our workspace setup with 6 cubicles thereby giving the system another training data point suited
where the black squares show the lights that are turned on.to her.

The lines show the desired mapping from commands to con-
figurations. For example, we need to discover that Chris says
“turn on my lights” to instruct the system to turn on the two
lights above his desk, and Pristine says “all on” to turn on
the four lights above her desk. More precisely, the system
must be made aware of the following:

SNAC APPROACH

As we described above, the challenge in supporting cus-
tomized commands for configuration tasks is not only dis-
covering how users give commands. The challenge is in si-
multaneously discovering (i) the commands natural to the
users, (ii) the configurations naturally used in the domain
and (iii) the mapping between the commands and configura-
tions.

1. The commands “turn on my lights” and “all on”;

2. The configuration with two lights in the top-right cubicle
and the configuration with four lights in the middle-left;
and

3. That the command “turn on my lights” refers to the con- Traditional Approach to Designing Speech Interfaces
figuration with two lights in the top-left cubicle and “all  Discovering the names naturally used by users is a common
on” refers to the configuration with four lights on in the problem in the design of speech interfaces. Speech inter-
middle-left cubicle. face designers commonly use the wizard-of-Oz data collec-
tion technique [6] to gather formative data including sample
Moreover, we would like the system to perform a reasonable utterances which helps inform the design of the speech in-
scene change (i.e., be robust) even with slight variants of terface toward supporting more natural speech input. The
the expected commands. For example, if Pristine says “all wizard-of-Oz data collection technique allows more realis-
on please” instead of “all on”, the system should still turn tic sample usage data to be collected before a prototype of
on the four lights above her desk. This variant is shown in the system is ready. A human (called the wizard) acts as the
Figure 1 as the gray command. speech interface, responding to the user's commands. The
wizard often communicates with the user through a speech
The Simultaneous Naming And Configuration (SNAC) ap- synthesizer to make the user think she is using a working
proach that we propose is targeted to address these chalsystem and invoke more realistic responses.
lenges. To be robust in the presence of human imprecision
or imprecision in the capturing of human input, we use a
learning-based system. To address the name-configuratio

mapping problem i lan he systm on two inds o data £ WEYkspace Tghing cortrol, we not onl need te de,
from the users simultaneously: the commands and the con- ghting '

figurations. While the details of the design and evaluation the configurations of lights that achieve the named lighting

. ; . ; : scene. Thus, in addition to collecting sample utterances from
of llluminac are discussed in the subsequent sections, in the ' . :
d users, we also collect sample configurations.

remainder of this section we sketch how the user interacts
with our system.

Simultaneously Discovering Naming and Configuration

Since the configurations are not knowapriori, a wizard is
To add a command to llluminac, users train the system by not able to accurately respond to a user's commands. In fact,

first recording their command. Then, the user demonstratesIf a wizard is used, the users will alter their commands so

: = . : ; o that the wizard will understand the configurations they are
the desired lighting configuration and identifies herself. The . . . -
novel aspect of our system is that rather than simply stor- referring to. We discovered this effect during an early phase

ing this mapping from command to configuration, we com- gfslijiigr?:r”'?()c 2?121:1?;:, mgq.;ﬁﬁg‘; s;ir;tnrge_ls_zﬁgeisnt?h: \év;\zlzg
bine the recorded speech command and lighting configura- . o ' .
L . - : approach, users train the system directly by demonstrating
tion into a common representation to provide as input for ' . > e i . .

a standard machine learning algorithm. Intuitively, the sys- their configurations in addition to recording their commands.

tem uses the learning algorithm to identify structure across
the space of command-configuration pairs, not just the spac
of commands. Once the user has trained the system on
few examples, the user can say her command into any o
the microphones in the room, and the system changes th
lighting scene by applying the trained model to the user’s

In order to allow for some speech recognition errors, or to
e able to make a reasonable guess at a command from a
faguest to the space, we need an approach that is more for-
egiving than simply programming a fixed mapping between
commands and configurations. In the SNAC approach, a su-
pervised learning algorithm is trained on data provided by



the users. The training data includes both the users’ cus- §
tomized commands and their customized configurations.

This approach also allows an interface to support more nat-
ural interaction through customized commands and configu-
rations in a new workspace or with a new set of users without

having to have a designer do the customization.

SNAC APPROACH LEARNING MODEL
We select a learning algorithm that allows factors to overlap.
This is important in our problem because both configurations
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in the training data. Each data point (a name / configurations

pair) can be explained by an additive combination of the fac- Figure 2. Picture and floor plan of the workspace for which we have

tors. NME is more appropriate than a clustering Iearning al- implemented a natural speech interface for the lighting control. Each of
o . . . the 79 individually-controllable light Il as the eight mi

gorithm such a&-means which would assign a light to one ari Shc;\r,]w:f” vally-controllable lights as well as the elght microphones

cluster, not allowing it to be part of multiple clusters.

Since we need to learn the commands, configurations, andthe workspace, the rest have permanent desks in the adja-
the mapping, we train our model on command-configuration cent room). The workspace has six graded-awareness cubi-
pairs. That is, we train the learning model on two kinds of cles (cubicles with walls of varying heights from full height
data simultaneously: the commands and the light configura-to desk height) that occupy half the room. The other half is
tions. To record a new training point, users provide both the a multi-use space for meetings, presentations, ad-hoc team
command and the configuration — they: meetings or individual work.

1. record their command using a microphone The multi-use space has a presentation screen, a “soft space”

2. demonstrate the lighting scene named by their commandWwith a couch and chairs, and a set of four computers for vis-
by manually changing the lighting scene (using a web- itors to the lab to use. There is also a tool shop in one corner
based graphical user interface). of the room. Figure 2 shows a picture and the floor plan of

the room. The room has 79 individually-controllable com-

By collecting both kinds of data simultaneously, we are col- Ppact fluorescent lights mounted overhead. The intensity of
lecting data about the commands that are natural to users€ach of the lights can be controlled over the network via a
the configurations that naturally occur in the target domain, Web interface. All occupants of the lab have access to the

and the ground truth mapping between the two. web interface (Figure 3). They can access it from their per-
sonal computers, or from one of the public machines.

ILLUMINAC ~ The public machine next to the entrance (labeled“Main pub-

We designed and deployed a SNAC-based natural speech intic machine” in Figure 2) always has the web interface open.

terface for workspace lighting control, llluminac, to show There are eight desk microphones throughout the room to
the applicability of our SNAC approach for workspace light-  ajlow easier access to the lighting control system. There is
ing control. In this section we describe the workspace for gne microphone in each cubicle, one at the desk in the cor-
which llluminac was designed, outline the iterative design ner, and one at the main public machine where the graphical
steps used in the design process, describe the design of thgyterface to the lights is always open in a browser window.

system, describe the evaluation of the system, and presentach microphone has a clearly labeled on/off switch so that
the results from the evaluation. residents may control what is and is not recorded.

Workspace details Iterative Design Steps

llluminac was designed for and is deployed in, a 2300 squareln the design of our natural speech lighting control system
foot open plan shared workspace with about twenty-five reg- we followed an iterative design process beginning with a
ular occupants (nineteen of whom have permanent desks intext based wizard-of-Oz study, followed by a training data
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Figure 3. Web-based graphical user interface used to manually config-
ure the array of lights in the workspace.

collection study and finally a deployment of the live system.

Text Based Wizard-of-Oz Study
We began our design of llluminac with a low-fidelity wizard-

After the low-fidelity wizard-of-Oz study we collected two
weeks of high fidelity training data to design and tune the
learning algorithm for estimating lighting scenes given a spo-
ken command. The study included sixteen participants who
were regular occupants of the space. Each participant was
asked to record a command and demonstrate the desired sys-
tem response as if they were training the system to under-
stand their personalized commands. They were asked to
complete the following three steps each time they wanted
to change the lighting scene:

1. Say their command to change the lighting scene
2. Type their name into the text box on the web page
3. Change the lighting scene with the web interface

We did not tell them when or how to change the lighting
scene in the lab. The participants could use any of the eight
microphones throughout the space to record their command.
Then they used the web interface to demonstrate their de-
sired change in the lighting scene. We followed the data
collection with individual interviews, and asked the partici-
pants to reflect on their lighting control preferences and their
experience with the study.

We collected 120 command/configuration pairs. For each
pair we collected the user’s name, the audio clip of the com-
mand and the intensity values before and after the command.
Each audio clip was transcribed manually as well as with an
automatic speech recognizer. The complete vocabulary in-

of-Oz Study to better understand the ||ght|ng control domain cluded about 350 unigrams and bigrams_
including the kinds of lighting scenes used in the space and

the types of commands used to refer to the lighting scenes
By low-fidelity we mean natural language text input instead

of speech input. Participants were asked to send the wiz-

-This high-fidelity formative training data once again demon-
strated both the configurations and commands are overlap-
ping, validating the selection of NMF as the basis for the

ard (a researcher in the lab) an instant message whenevefearning algorithm. This data directly informed the design

they wanted to change the lighting scene. The wizard would

of the learning algorithm which in turn enabled us to build

change the lighting scene using the web interface based onand deploy the live system.

the participant's message. If the wizard was not available

to change the lighting scene, the participants were asked tosystem Design

type the message they would have sent to the wizard into thej|jyminac has two modes, a training mode where users train
web interface and then change the lighting scene themselveghe system on their personalized lighting configurations and
with the web interface. This way data was still able to be 3 running mode where users can use their personalized com-
collected if the wizard was not at his desk. The GUI inter- mands to Change the ||ght|ng scene. The System isin running
face was similar to the one in Figure 3, but it included a text mode most of the time' ready to process a command and
box for entering the messages. change the lighting scene. To switch to the training mode,

) ) the user uses the “Start Training” button on the web-based
We collected three weeks of data including 230 command / graphical user interface (shown in Figure 3).

configuration pairs from ten participants who were regular

occupants of the space. Training Mode

In the training mode, users complete the following four steps

This study confirmed our hypothesis that the lighting config- 1 544 a training point. Figure 4 shows the four steps.

urations are sometimes overlapping and are not all disjoint

sets of lights. After the formal study concluded, some partic- 1 - Record her command using one of the microphones around
ipants expressed the desire to continue being able to ask the  iha rgom.

wizard to change the lighting scene. But instead of sending2 Correct any recognition errors in the automatic speech

instant messages they wanted to ask the wizard with a spo=" o . ) .
ken command. This provided anecdotal evidence that speech irr?t%??;égon transcript using the web-based graphical user

would be a good fit for lighting control in the space. . L .
3. Demonstrate her desired lighting scene using the web-
based graphical user interface to manually set the lighting

Formative Training Data Collection configuration.
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Figure 4. The four steps users follow in the training mode to train the
system on their personalized command and lighting scene.

4. Verify the command and configuration are correct before
saving the training point.

mand.

Learning Model

The system uses a learning algorithm, namely least-squares
non-negative matrix factorization (NMF) to estimate the new
lighting scene given a command.

NMF has been shown to work well for pure text clustering
as well as image segmentation [10]. In our problem, we have
both text (the commands), as well as an image (the grid of
lights).

As the name suggests, NMF imposes a non-negative con-
straint on the data. The commands are naturally represented
with non-negative values in a term-frequency vector. The
lighting scene is also naturally represented with non-negative
values for the intensity of each light.

The NMF algorithm is fast enough to allow us to retrain the
model between uses. The algorithm runs in 0.89 seconds on
two weeks of training data.

Given the similarity of our data with text and images, the

non-orthogonal factors in our data, and the naturally non-
negative values in our data representation, we selected NMF
to learn which lights should change given a new command

After the user adds a new training point, the system retrains @nd the current lighting scene.

the model on the old training data plus the new data point. It

also adds the command to the speech recognition languagéata Representation
model to increase the recognition accuracy for the commandcommands

the next time it is used. The new model is trained and ready We represent the commands (tagged with the user’s name)
to be used in the running mode in just a few seconds. Evenwith a term-frequency vector. Each word (unigram) or pair
though we are not using an online training algorithm, we can of consecutive words (bigram) that appears in any of the
retrain the model fast enough when we get a new training commands is represented with an entry in the vector, thus
point that users can think of the system as an online training the length of the vector is the number of unique unigrams

system.

Running Mode

In running mode, a user can

use one of her speech com-
mands to change the lighting

scene. To do so the user says
her command into any one

of the microphones around

the room. The system tran-

scribes the command, applies
the trained model to the tran-

script and changes the light-

ing scene according to the es-
timates lighting scene.

Figure 5. An LED next to
each microphone lights up
when the system is process-
ing an audio command to
let users know the system
“heard” them.

If the estimated lighting scene
is incorrect, the user can say
“undo,” “cancel,” or “wrong”

withing three minutes to undo the last lighting scene change.

or bigrams in all of the commands. The value of each entry
in the vector is the number of times the unigram or bigram
appears in the command. We include bigrams to capture
phrases such as “soft space,” “kitchen area,” or “public ma-
chines.”

Lighting Scene

We represent the lighting scene as a vector of intensity val-
ues, one for each light. The intensity values that did not
change when the user demonstrated the new lighting scene
are set to zero to allow the algorithm to learn which lights a
command refers to as well as what intensity to set the lights
to.

The reader may notice the value zero in the intensity vector
could mean a light is not in the set of lights named by the
command, or the command is an “off” command which sets
the intensity values to zero. Instead of overloading the mean-
ing on zeros, we treat “off” commands differently. When in-
terpreting an “off’ command we use the trained model to tell
us which lights to turn off. In contrast, when we interpret an

While the system is transcribing a command, the text “procesgen” command we use the model to tell us which intensity

ing ..." is displayed in the GUI and an LED next to each mi-

values to change and what values to change them to.

crophone lights up (see Figures 3 and 5). This lets the user

know the system “heard” them and is processing the com-

With this special treatment of “off” commands, we can either



leave the off commands out of the training data or “translate”
an off command to an on command by using the difference
in intensity values instead of the intensity values in the final

lighting scene because these values would be zero since it is

an off command. The former requires throwing away some
of the training data and results in users needing to provide
more training points. The latter solution allows us to use all

the training data, we use this solution.

Application of NMF

Our trained model is a set of orthogonal, possibly overlap-
ping factors. To get the factors that describe our training
data, we use NMF to factorize our data into two matrices,
one of which describes the factors in our data.

NMF is an algorithm that finds a positive factorization of the
given matrix [11, 10]:

X ~UV”T

whereX represents the training dafd” represents the fac-
tors in our data, andU tells the strength of each factor in
each of the data points.

Each row inX is a training point (command / configuration
pair). Thus each row vector is comprised of the command
term frequency vector concatenated with the lighting config-
uration vector. The matriX has dimensions: x n where

m is the number of training points in the model amds the
length of the term-frequency vectorg plus the number of
lights (p). The matrixV” has dimensiong x n wherek is

the number of factors. We explain shortly how we chése
in the system. Each row iN” represents one of the factors.
The matrixU has dimensions: x k. Thei*" row in U gives

the coefficients to the additive sum of the factors to describe
thei'" training point.

Selecting k&

A good factorization should explain the data with the small-
est number of factors. We used the formative training data to
calculate the accuracy rate for a large rangé wélues and
select the smallegt among the values df with the highest

Train Model:
Factorize training data (X) into matrices U and V using NMF
X

U Vs

T
|
I ) )
commands |configurations

X

commands Iconfigurations

mxn

Calculate factor coefficients (U
Given a new command (x,q)
Use NMF, holding V ; and x,, constant

T
Xemd Uin Vema
1xq 1xk

kxq

Estimate new lighting scene (X onfiq):

Multiply factor coefficients (U,,,) by factors (V;44,)

Xeconfig U, VT onfig
1xp Ixk

Exp

Figure 6. Given a new command, we use the factors matrix from our
training data and NMF to estimate the new lighting configuration. In
each step, matrices which are given are in black, matrices which we are
calculating are in gray.

vector for the new command and is only one row. We run
NMF on the command term-frequency vector

T

Xemd =~ Upyn X chd

(X¢mq has dimension$ x ¢, u,,, has dimension$ x k),
holdingVZ , constant to get,.,,, which tells us which fac-
tors are present in the new command. We can multiply,

by the contributions component of the factors to get the light-
ing configuration vector:

T

Xconfig = Wrun X Vconﬁg

accuracy rates. Based on a plot of the accuracy as a function

of & we select: to be 32.

Lighting Configuration Estimation

The final step in estimating the new lighting configuration
is to estimate which intensity values to change and what
value to change them to. We use two NMF models to do

To estimate a lighting configuration given a new command, so. To estimate which intensity values to change, we train
we use NMF again to find the factors from our training data 3 model on a data matrix where the values in the configura-
that are present in the new command. Figure 6 depicts howtjon vectors are boolean values that indicate which lights are
to apply the trained model to a new command. As descried part of a lighting configuration. To estimate what intensity
abOVe, our trained model is a matrix which represents the value to set a ||ght tO, we use the Origina| data matrix de-
factors in the training datay”. Each factor has a “com-  gcribed above. When we apply these two models to a new
mand” component, and a “configuration” component. The command, we get two parts of the lighting configuration es-
command components are in the left half\af (co_lumns 1 timate, X confighool N0 X config- Xconfighoo! IS @ VECtOr with
to ¢ in V), the configuration components are in the right yalues between 0 and 1. We perform cross validation on the
half of V?' (columnsg + 1 ton in V). We will call these  formative training data to select a threshold value to convert
matriced’], , andV7 . respectively. the values to boolean values. We change the intensity value
for each light that has a one #¥.,nfgb00: t0 the estimated
intensity value for that light ink.o,54. In other words, we
only change the intensities of the lights involved in the light-
The matrix we need to factorize contains the term-frequency ing scene referred to in the new command.

VT = [Vz;nda Vgonﬁg]



Automatic Speech Recognition Training and Test Data Per Command Type
We are using Carnegie Mellon’s Sphinx 3 speech recognizer

Brian: turn my lights on

[16] to transcribe the commands. Sphinx 3 is a state-of- Jack: my lights on
the-art fully-continuous acoustic model recognizer which is oo alon
open for experimental use. Marcus: turn on my lights

Link: turn on my lights please
Jaime: team design research on

We trained an acoustic model on the ICSI Meeting Cor- Joe: experiment lights on
pus [8] which features all the imperfections of natural speech: Link: turn on all the lights

Chris: south east cubicle lights on

pauses, um’s and ah’s, truncated words, grammar errors, Sen-ink: turn on all of Chris's lights

tence and phrase restarts, etc. It also features a variety of na-  Wendy: cube and gertrude on

Link: turn on the lights over the

tionalities and accents. We feel this acoustic model is abetter  Link: turn on marcus' lights

match for our user base than the publicly available acoustic Joe: Pfeéif:tizﬁgae?;ed;
models (HUB4, WSJ, RM1) which feature artificially clean Chris: window lights off W aining
speech being read from transcripts. Kevin: dim my desk lamp  jmm mesting

o
~

4 6 8 10 12 14 16

Number of Data Points

The language model is trained on the commands from the
training data. The reco_gnlzer r_uns fQSt enO_UQh to trans?”beFigure 7. The number of training and test data points collected for

the commands almost in real-time (it runs in 1.2x real time each group of similar commands. The command group labels are a
on a 3 GHz dual processor machine with 1.5 MB of ram). representative command recorded by the participants.

As described above, we use a status LED to let users know
the system “heard” them while the recognizer is processing

the command. Figure 7 shows the number of data points collected for each

group of similar commands.

Evaluation Study Results and Discussion

To analyze the results we manually assigned each training
and testing point to a group of similar commands. For ex-

ample all of the commands Jack used to refer to the lights
over his desk were put into one group. Figure 7 lists a repre-
sentative command for each group of similar commands.

Study Description

We deployed lluminac with ten of the twenty five regular
occupants of the lab for one week. We started with no train-
ing data and asked the participants to train the system on
their commands again (many of the participants in this study

also participated in previous studies and had already Ioro_The average testing score plateaued between “correct” and
vided training points). Participants were instructed to use the = : 9 ,, 9 P ,
partially correct” when commands were tested with 1, 2

system whenever they wanted to change the lighting scene. e . : .
T)I/”ne first time they use)(/j the system for agparticuI%r cogr’nmand and 3 training points (see Figure 8). We believe these results

they were asked to record a training data point. Subsequen{°U!d be improved by changing the training GUI to alleviate
times they were asked to test their commands, recordinga common confusion about which lights were being saved

more training points if the system did not respond as ex- as a lighting scene. The interface only recorded the inten-

pected Vinen e pariapant esed « new command the 1) LS 01 ange i e g moce, buter
recorded the accuracy of the results on a paper log next to 9 9 y 9

the microphone. They recorded the accuracy of the system{ﬁﬁ}gﬁ '\/vpésbilriz\s/glti;og;g; tt?]g gg'cndgcd?im?s nné) t E;?Vré?d'
response by circling one of the following options: P y 9 Y-

4 3 2 1 0 Although the average score is closer to “partially correct”
than correct, when asked in the post questionnaire “After the
study is over, would you like to continue using the system?”
8 out 10 participants respond¥ds and two respondedaybe
(the options wereres MaybeandNo). One of the partici-
pants who respondadaybesays the microphone was to far
away and he was lazy. Right now each cubicle with three
people shares one microphone, this could be remedied by
giving each user a microphone at their desk, making the mi-
Data Collected crophone convenient to access. The other participant who
We collected 43 training points and 81 test points from ten respondednaybetends to sit in the public area most of the
participants. For each training point we collected the state time where the furniture moves around quite a bit and he
of the lighting scene before and after the training session doesn't often use the same set of lights. In such an open
as well as the command (transcribed using the automaticspace, a location based speech approach would work much
speech recognizer and corrected by the participant). Forbetter, where users could say “lights on here.” Such a loca-
each test point we collected the state of the lighting scenetion based approach can be implemented with distributed ar-
before and after the system changed the lighting scene, theray technology overhead. Such technology would not be de-
command the participant spoke into one of the microphonessirable in the cubicle area for privacy reasons. With overhead
and the participant’s evaluation of the system’s response.microphones, users cannot control what is being recorded,

Correct Partially Some Correct, Nothing  Wrong
Correct Some Wrong Happened

At the end of the study the participants were asked to com-
plete an anonymous web questionnaire about their experi-
ences with the system.



Average Lighting Scene Change Score vs. Training Length to control configurations of devices is novel. Quesada et al.
address the interface challenge in the home machine envi-

S correct 1 ronment [17] with a speech interface for lighting control in
3 4 351 the home, but each light is controlled with individual com-
) partially . . . s
2 correct 3 mands, and the speech interface is designed specifically for
G 25 A the particular set of lights. Mozer et. al. [13] have stud-
£ some correct, 5] ied predictive light automation, which as mentioned above,
{’; some wrong 15 ] could be combined with a speech interface for situations
S _ ' when the predictive light automation does not do a good
E» hr;‘;‘;e'gg : 1 job with the prediction. Juster and Roy use situated speech
05 ¢ and gestures to control a robotic chandelier, Elvis [9]. Their
wrong 0 ‘ ‘ ‘ work focuses on how to move the chandelier arms to achieve
0 1 2 3 a desired lighting scene given input from photo sensors. They
Number of Training Points focus less on the speech interface to the chandelier. It is de-

signed to support a static set of lighting configurations. We
Figure 8. The average test point score as reported by the participants ~ fOCUS is on the speech interface, and supporting customized
versus the training length for the specific type of command when the commands and configurations for each new set of devices
test point was recorded without having to have a designer do the customization.

but with desk microphones, users have the power to turn theMultimodal Interfaces
microphone on their desk off. It is well established that speech and gesture work well to-

gether [12] and many of our users mentioned they would like
When asked “How many training data points would you be to.be able to point at the lights they would like to turn on.
willing to provide to be able to use speech to control the Wilson's work on the XWand [23] demonstrates such a sys-
lights” participants responded with an average of 3.9 (min 2, tem. The user can control different devices by pointing at the
max 5). On average participants recorded 1.9 training pointsdevice and saying a predetermined utterance. The position
per command group during the study. Since the averageOf the wand is determlne'd Wlth the use of at least two cali-
number of training points participants would be willing to  brated cameras and a blinking LED at the end of the wand.
provide is higher than the average number they recorded dur-The speech recognition system uses a simple command and
ing a formal study we believe the performance of the system control style grammar. Wilson acknowledges “while speech

outside a formal study would be similar to the performance Clearly has enough expressive power to make the wanted un-
during the study. necessary, relying on speech alone can be difficult in prac-

tice.” We aim to address this difficulty. Wilson also acknowl-
edges “the acceptance of the XWand or a related device is
RELATED WORK . - Iim?ted by the Iinr’)nitations imposed by the installation and
Below we situate our work in the work related to designing o ipation of the cameras.” The authors address this limita-
”at!”a' speec_h '”te”‘?‘cesv existing smart home ar_1d h_ome ITtion by trying a wand with audio feedback to aid in pointing
projects, multimodal interfaces, and previous applications of ,q\.<"\yithout cameras available to track the position of the
factorization algorithms such as NMF. wand. They find it is possible without the cameras, but the
pointing takes more thought on the part of the user, and re-
Natural Speech Interface Design quires the targets be more widely spaced, which is not the
In speech interfaces where all of the objects that can be re-case in our workspace. Our proposed approach could be
ferred to are knowa priori, the designer can use the wizard- combined with the XWand to develop a multimodal gesture
of-Oz technique [6] to support names for those objects that and speech interface for configuration tasks where the con-
are natural to the users. For example, in the RoomLine [3] figurations are not able to be predetermined and can also be
system, a speech interface which allows users to reserve roorased in cases where the calibration and installation of cam-
over the phone, all of the rooms, the sizes of the room, anderas is not possible.
the equipment available in the rooms is known at the time the
speech interface was designed. Such speech interfaces cagyjications of Matrix Factorization
be grammar-based like many successful commercial systemsy, ‘recent years, alternative factorization methods such as
(BeVocal [15], Tellme [14]), they can be statistical language |e551-squares NMF (Non-negative Matrix Factorization) have
model - based [4], or they can use a combination of both [18]. {o,ng fayor over SVD in cases where patterns are not or-
In our system, we don’t know the objects (configuratians) ,q40nal. This is especially true when the patterns appear
priori, but we still want to be able to support names that are «,on_negatively.” This is indeed the case for both light inten-
natural to the users, we train a model on both the names foriias and for word frequencies in user commands. So NMF

the objects and the objects. seems like a natural candidate for SNAC analysis. Further-
more, NMF has been shown to be superior to SVD for pure
Smart Homes and Home IT text clustering [10], or for image segmentation [10] which is

Controlling lighting and other devices in the home is not similar to our light grouping problem. Barnard et al. match
new, nor is using speech to do so, but we believe using speeclhwvords and pictures [1] using an “aspect” probabilistic model,



which is another type of factor model. Other candidate fac- 7.
tor models include Latent Dirichlet Analysis (LDA) [2] and

GaP [5]. These methods add prior probabilities to the factors
and use likelihood measures (rather than least squares) to fit
the original data. We did not use these methods because: (i)
when there is enough training data, the factor priors have lit-

tle or no effect and (i) least-squares NMF has been shown 8.
to produce better (more independent) factors compared to

KL-divergence (likelihood) fitting methods [10].

CONCLUSION AND FUTURE WORK

This paper introduced an approach to the challenge of si- g
multaneously learning names and the configurations named
in natural speech interfaces for environment and device con-
trol. We demonstrated this challenge and introduced a so-
lution in the domain of workspace lighting control. Our

system allows users to have customized “light switches” for 10.

their lighting scene configurations through the use of natural
language speech commands. The users train the system not
only on their personalized commands but also on the config-
urations their commands refer to.

Results from the live deployment of our natural speech in-
terface for workspace lighting control are promising and we
look forward to seeing how well our approach works in other
workspaces, especially ones where the authors don’t know
all of the occupants. In addition to other workspaces we
would like to evaluate our approach with other devices in the
workspace in addition to lights such as projectors, speakers,
etc, and other ubicomp domains such as home environment
control and mobile device configuration.
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