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INERTIAL SENSING OF TONGUE
GESTURES

BACKGROUND

[0001] Gestures can be employed to provide various types
of inputs to a computing device. For example, touch gestures
can provide a wide range of functionality on touchscreen
devices, and techniques such as computer vision can enable
users to employ hand gestures to control a computing
device. However, touch and hand gestures have certain
limitations for applications where the user’s hands are
occupied or for users with certain physical limitations.
While speech recognition and gaze ftracking can be
employed as alternative hands-iree techniques for providing
mput to a computer, these techniques also have certain
limitations.

SUMMARY

[0002] This Summary 1s provided to introduce a selection
of concepts 1 a simplified form that are further described
below 1n the Detailed Description. This Summary 1s not
intended to 1dentily key features or essential features of the
claimed subject matter, nor 1s 1t intended to be used to limait
the scope of the claimed subject matter.

[0003] The description generally relates to techniques for
detecting tongue gestures. One example relates to a method
or technique that can include recerving one or more motion
signals from an inertial sensor. The method or technique can
also 1nclude detecting a tongue gesture based at least on one
or more motion signals and outputting the tongue gesture.

[0004] Another example relates to a method or technique
that can include instructing a user to perform a particular
tongue gesture and measuring one or more motion signals
from an 1nertial sensor while the user performs the particular
tongue gesture. The method or technique can also include
training a machine learning model to detect the particular
tongue gesture using the one or more motion signals and
outputting the trained machine learning model.

[0005] Another example includes a system that can
include an 1nertial measurement unit, a processor, and a
storage medium. The mertial measurement unit can be
configured to provide motion signals. The storage medium
can store instructions which, when executed by the proces-
sor, cause the system to detect a tongue gesture based at least
on the motion signals and control an application based at
least on the tongue gesture.

[0006] The above-listed examples are intended to provide
a quick reference to aid the reader and are not intended to
define the scope of the concepts described herein.

BRIEF DESCRIPTION OF THE DRAWINGS

[0007] The Detailed Description 1s described with refer-
ence to the accompanying figures. In the figures, the left-
most digit(s) of a reference number identifies the figure in
which the reference number first appears. The use of similar
reference numbers in different instances in the description
and the figures may indicate similar or identical 1tems.

[0008] FIG. 1 illustrates an example system, consistent
with some 1mplementations of the present concepts.

[0009] FIGS. 2A-2E illustrate side views ol example
tongue gestures, consistent with some 1mplementations of
the present concepts.
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[0010] FIGS. 3A-3D illustrate frontal views of example
tongue gestures, consistent with some implementations of
the present concepts.

[0011] FIG. 4 illustrates an example tongue gesture appli-
cation scenario, consistent with some implementations of
the disclosed techniques.

[0012] FIG. 5 illustrates an example method or technique
for detecting a tongue gesture, consistent with some 1mple-
mentations of the disclosed techniques.

[0013] FIG. 6 illustrates an example method or technique
for training a model to detect a tongue gesture, consistent
with some 1mplementations of the disclosed techniques.
[0014] FIG. 7 illustrates an example hierarchical model
for tongue gesture recognition, consistent with some 1mple-
mentations of the disclosed techniques.

[0015] FIGS. 8A, 8B, and 9-11 illustrate experimental
results for detecting tongue gestures using the disclosed
techniques.

DETAILED DESCRIPTION

[0016] As noted previously, various techniques such as
touch gestures, hand gestures, speech recogmition, and gaze
tracking have been employed to allow users to provide input
to computing devices. One particular type of computing
device 1s a head-worn display, which can be employed for
vartous augmented or virtual reality applications. Gaze
tracking and speech recognition are particularly well-suited
to use 1 head-worn displays due to the configuration of
various sensors typically found on head-worn displays.
However, speech recognition generally has privacy draw-
backs and tends to work poorly in noisy environments. Gaze
tracking has drawbacks for users with certain motor impair-
ments, and also tends to be relatively slow.

[0017] The disclosed implementations relate to sensing of
tongue gestures as a means for a user to provide input to a
computing device. Tongue gestures have numerous practical
advantages for a wide range of application scenarios,
because they allow users to provide quiet, hands-free input
to a computing device. In addition, certain tongue gestures
can be performed with little or no perceptible external
movement by the user and can be performed by users with
serious physical limitations. However, conventional
approaches for detecting tongue gestures have tended to rely
on relatively invasive sensors, such as mouth-worn retainers
or electromyography sensors.

[0018] The disclosed implementations allow for tongue
gestures to be detected using sensors such as inertial mea-
surement unmts (“IMUs”) provided 1n devices such as head-
worn displays, earbuds, headphones, cochlear implants, etc.
Thus, users can employ tongue gestures to provide mput to
a computing application using these relatively non-obtrusive
sensors. As discussed below, one way to detect a tongue
gesture 1s by using a machine-trained model that learns to
classily motion signals into different tongue gestures.

Machine Learning Overview

[0019] There are various types of machine learning frame-
works that can be trained to perform a given task, such as
detecting a gesture. Support vector machines, decision trees,
and neural networks are just a few examples of machine
learning frameworks that have been used 1n a wide variety
ol applications, such as 1mage processing and natural lan-
guage processing.
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[0020] A support vector machine 1s a model that can be
employed for classification or regression purposes. A sup-
port vector machine maps data items to a feature space,
where hyperplanes are employed to separate the data into
different regions. Each region can correspond to a different
classification. Support vector machines can be trained using
supervised learning to distinguish between data items having
labels representing diflerent classifications. As discussed
below, one way to employ a support vector machine 1s for
binary classification of sensor signals to determine whether
the sensor signals represent a gesture or a non-gesture.

[0021] A decision tree 1s a tree-based model that repre-
sents decision rules using nodes connected by edges. Deci-
sion trees can be employed for classification or regression
and can be trained using supervised learning techniques. For
certain applications, using a single decision tree does not
provide suflicient accuracy. However, multiple decision
trees can be employed in a random {forest to significantly
improve the accuracy of the resulting model. In a random
forest, the collective output of the individual decision trees
1s employed to determine a final output of the random forest.
For instance, in regression problems, the output of each
individual decision tree can be averaged to obtain a final
result. For classification problems, a majority vote technique
can be employed, where the classification selected by the
random {forest 1s the classification selected by the most
decision trees. As discussed below, one way to employ a
decision tree or random forest 1s to classily motion signals
and/or other sensor signals mnto specific gesture classes.

[0022] A neural network 1s another type of machine leamn-
ing model that can be employed for classification or regres-
sion tasks. In a neural network, nodes are connected to one
another via one or more edges. A neural network can include
an iput layer, an output layer, and one or more intermediate
layers. Individual nodes can process their respective inputs
according to a predefined function, and provide an output to
a subsequent layer, or, 1n some cases, a previous layer. The
inputs to a given node can be multiplied by a corresponding
weight value for an edge between the input and the node. In
addition, nodes can have individual bias values that are also
used to produce outputs. Neural networks can also be
employed for binary classification of motion signals or other
signals as gestures vs. non-gestures, and/or to classily
motion signals and/or other sensor signals into specific
gesture classes.

[0023] Various traiming procedures can be applied to learn
the edge weights and/or bias values of a neural network. The
term “internal parameters™ 1s used herein to refer to learn-
able values such as edge weights and bias values that can be
learned by tramning a machine learning model, such as a
neural network. The term “hyperparameters™ 1s used herein
to refer to characteristics of model traiming, such as learning,
rate, batch size, number of training epochs, number of
hidden layers, activation functions, etc.

[0024] A neural network structure can have diflerent lay-
ers that perform different specific functions. For example,
one or more layers of nodes can collectively perform a
specific operation, such as pooling, encoding, decoding,
alignment, prediction, or convolution operations. For the
purposes of this document, the term “layer” refers to a group
of nodes that share inputs and outputs, e.g., to or from
external sources or other layers in the network. The term
“operation” refers to a function that can be performed by one
or more layers of nodes. The term “model structure” refers
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to an overall architecture of a layered model, including the
number of layers, the connectivity of the layers, and the type
of operations performed by individual layers. The term
“neural network structure” refers to the model structure of a
neural network. The term “tramned model” and/or “tuned
model” refers to a model structure together with internal
parameters for the model structure that have been trained or
tuned, e.g., individualized tuning to one or more particular
users. Note that two trained models can share the same
model structure and yet have different values for the internal
parameters, e.g., 1f the two models are trained on different
training data or if there are underlying stochastic processes
in the training process.

Definitions

[0025] For the purposes of this document, the term “ges-
ture” refers to a movement of a human body part that can be
interpreted as a command to control a computer. For
instance, a particular gesture can be mapped to a particular
command, such as enter, select, backspace, etc. A “tongue
gesture™ 1s a gesture that 1s performed by a human user using
at least their tongue, potentially along with other body parts.

[0026] A “signal” 1s a function that varies over time or
space. A “motion signal” 1s a signal that conveys motion,
¢.g., of a human body part such as a tongue. A motion signal
1s one example of a sensor signal, which 1s any signal
produced by a sensor by detecting conditions of an envi-
ronment and outputting data that characterizes those condi-
tions.

[0027] An “application” 1s a computing program, e.g., that
responds to commands from a user. An application can be a
virtual reality application that immerses the user entirely or
almost entirely in a virtual environment. An application can
also be an augmented reality application that presents virtual
content 1n a real-world setting. Other examples of applica-
tions 1nclude productivity applications (e.g., word process-
ing, spreadsheets), video games, digital assistants, telecon-
ferencing applications, email clients, web browsers,
operating systems, Internet of Things (Io'T') applications, etc.

[0028] The term “model” 1s used generally herein to refer
to a range ol processing techniques, and includes models
trained using machine learning as well as hand-coded (e.g.,
heuristic-based) models. For instance, as noted above, a
machine-learning model could be a neural network, a sup-
port vector machine, a decision tree, a random forest, etc.
Models can be employed for various purposes as described
below, such as gesture classification.

Example System

[0029] The present implementations can be performed 1n
various scenarios on various devices. FIG. 1 shows an
example system 100 in which the present implementations
can be employed, as discussed below.

[0030] As shown in FIG. 1, system 100 includes a wear-
able device 110, a client device 120, a client device 130, and
a server 140, connected by one or more network(s) 150.
Note that the client devices can be embodied both as mobile
devices such as smart phones or tablets, as well as stationary
devices such as desktops, server devices, etc. Likewise, the
servers can be implemented using various types of comput-
ing devices. In some cases, any of the devices shown 1n FIG.
1, but particularly the server, can be implemented 1n data
centers, server farms, etc.
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[0031] Certain components of the devices shown 1n FIG.
1 may be referred to herein by parenthetical reference
numbers. For the purposes of the following description, the
parenthetical (1) indicates an occurrence of a given compo-
nent on wearable device 110, (2) imndicates an occurrence of
a given component on client device 120, (3) indicates an
occurrence on client device 130, and (4) indicates an occur-
rence on server 140. Unless 1dentifying a specific instance of
a given component, this document will refer generally to the
components without the parenthetical.

[0032] Generally, the devices 110, 120, 130, and/or 140
may have respective processing resources 101 and storage
resources 102, which are discussed in more detail below.
The devices may also have various modules that function
using the processing and storage resources to perform the
techniques discussed herein. The storage resources can
include both persistent storage resources, such as magnetic
or solid-state drives, and volatile storage, such as one or
more random-access memory devices. In some cases, the
modules are provided as executable instructions that are
stored on persistent storage devices, loaded into the random-
access memory devices, and read from the random-access
memory by the processing resources for execution.

[0033] Wearable device 110 can include from one or more
sensors 111, which provide information about the location
and/or movement of a user of the device (e.g., the user’s
head, eyes, tongue, etc.). The sensors can be internal and/or
external. One specific type of sensor 1s an 1nertial measure-
ment unit (“IMU”) configured to provide acceleration, gyro-
scopic, and/or magnetic measurements. In some cases, an
IMU can be provided in a face gasket 112 of the wearable
device, which can surround display 113. In other cases, the
IMU can be provided in smart headphones, earbuds, a
cochlear implant, or 1 any other location where tongue
movements can be detected. Other types of sensors can
include photoplethysmography (PPG) sensors, electroen-
cephalogram (EEGQG) sensors, position tracking sensors, eye
tracking sensors, etc. Note that some sensors may be pro-
vided separately and are not necessarily components of the
wearable device. For instance, external sensors can commu-
nicate sensor data to the wearable device using wired or
wireless (e.g., Bluetooth) communication links.

[0034] Visual content can be presented on the display 113
of the wearable device 110, and sound can be output using
one or more speakers 114. The wearable device can also
include a training module 115(1), a gesture detector 116, and
a local application 117. The training module can be config-
ured to instruct a user via the display and/or speakers to
perform a particular tongue gesture, record motion signals
from the IMU as well as other sensor signals while the
particular tongue gesture 1s performed, and train a machine
learning model to detect tongue gestures using the particular
tongue gesture as a label for the recorded signals.

[0035] The gesture detector 116 can be configured to
detect tongue gestures based on the signals and output the
detected tongue gestures to the local application. For
instance, the gesture detector can mmput motion signals into
the trained machine learning model and receive an output
from the trained machine learning model identifying a
predicted tongue gesture. The gesture detector can output the
tongue gesture to a local application 117. For instance, the
tongue gesture can select a particular 1tem that the user has
targeted using another input mechanism, such as a mouse,
eye gaze, €tc.
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[0036] In some cases, the wearable device can interact
with remote applications as well. For instance, the user may
use tongue gestures to provide input to a first client appli-
cation 121 on client device 120 and to a second client
application 131 on client device 130 using tongue gestures.
For mstance, the user can control their personal devices such
as phones, tablets, laptops, etc., over a local wireless con-
nection. The user may use tongue gestures to provide input
to server application 141, e.g., over a wide-area network. In
some cases, the server can include a training module 115(4)
that can perform some or all of the training remotely from
the wearable device. Although not illustrated in FIG. 1,
training can also be performed elsewhere 1n the system, e.g.,
on client devices 120 and/or 130. In cases where training 1s
performed remotely, the trained machine learming model can
be commumnicated over network(s) 150 to the wearable
device, which can then execute the trained machine learning
model locally.

Side Views of Example Tongue Gestures

[0037] FIG. 2A 1llustrates an example resting state of a
tongue 202 of a user 204. FIGS. 2B-2E show movements of
the tongue relative to the resting state to perform certain
gestures. F1G. 2B 1llustrates an upper teeth tap gesture where
the tongue moves upward to tap one or more front upper
teeth. FIG. 2C illustrates a curl back gesture where the
tongue moves upward and backward. FIG. 2D illustrates a
mouth floor gesture where the tongue moves downward to
contact the floor of the user’s mouth. FIG. 2E illustrates a
bite gesture where the user bites their tongue.

Frontal Views of Example Tongue Gestures

[0038] FIG. 3A illustrates an example resting state. FIGS.
3B-3D show movements of the tongue relative to the resting
state to perform certain gestures. FIG. 3B illustrates a swing,
tongue sideways gesture where tongue 202 1s moved later-
ally left and right. FIG. 3C illustrates a left cheek gesture
where the tongue moves laterally to the left to contact the
lett cheek of the user 204. FIG. 3D illustrates a right cheek
gesture where the tongue moves laterally to the right to
contact the right cheek of the user 204.

Example Application Scenario

[0039] FIG. 4 illustrates an example application scenario
400 that conveys how various sensing modalities can be
combined to allow users to control an application. Here, user
204 1s shown a virtual keyboard 401 to enter text into a text
entry box 402. The user can scan with their eyes over
individual letters of the virtual keyboard. As the user scans,
gaze tracking using one or more sensors can be employed to
determine which letter the user’s gaze 1s directed, and that
letter can be visually distinguished (e.g., bolded, enlarged,
etc.) to inform the user which letter they have currently
targeted. When the user reaches the letter they wish to enter,
they can perform a specific tongue gesture (e.g., a single
upper teeth tap) to enter that letter. Another gesture (e.g., a
left cheek tap) could be employed to backspace over the
letter that has been entered.

[0040] Note that FIG. 4 1s but one of many example
application scenarios that can be employed. For instance,
other gestures can also be mvolved, e.g., a head shake can
be used instead of a left cheek tap for a backspace. Other
targeting mechanisms such as a mouse or trackpad can be
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employed instead of using eye gaze. In addition, text entry
1s but one of many types of applications that can receive
input from tongue gestures. For instance, video games, tlight
simulators, mapping applications, messaging applications,
and emergency calls can be controlled in whole or 1n part
using tongue gestures as described herein.

[0041] In addition, note that tongue gestures can also be
employed for audio-only applications. Consider a user lis-
tening to music on earbuds. A user could use one tongue
gesture (e.g., a single tap) to pause, another tongue gesture
(c.g., a double-tap) to go to the next track, etc. As another
example, a tongue gesture could be used to interact with a
virtual assistant, such as Cortana, Sir1, Alexa, etc.

Example Gesture Detection Method

[0042] FIG. 5 illustrates an example method 500, consis-
tent with some implementations of the present concepts.
Method 500 can be implemented on many different types of
devices, e.g., by one or more wearable devices, by one or
more cloud servers, by one or more client devices such as
laptops, tablets, or smartphones, or by combinations of one
or more wearable devices, servers, client devices, etc.

[0043] Method 500 begins at block 502, where one or
more motion signals are recerved from an inertial sensor. For
instance, the inertial sensor can include an accelerometer
that provides acceleration signals, and/or gyroscope that
provides rotation signals, and/or a magnetometer or compass
that provides absolute direction signals. In some cases,
signals from other sensors can also be obtained at block 502,
¢.g., PPG signals, EEG signals, position tracking signals,
eye tracking signals, efc.

[0044] Method 500 continues at block 504, where a
tongue gesture 1s detected using the one or more motion
signals, optionally with signals from other sensors. For
instance, one or more motion signals can be mput to a
trained machine learning model, such as a decision tree,
random forest, or neural network, for classification. The
detected tongue gesture can correspond to the classification
predicted by the trained machine learning model.

[0045] Method 500 continues at block 506, where the
tongue gesture 1s output. For instance, the tongue gesture
can be mapped to a specific application command (e.g.,
select, scan, undo, deselect, etc.) and the application com-
mand can be provided to a local or remote application.
[0046] Insome cases, method 500 can be performed partly
or entirecly by gesture detector 116 locally on wearable
device 110. In other cases, part or all of the gesture detection
1s performed by a diflerent computing device. For instance,
any of client device 120, client device 130, and/or server 140
can receive motion sensor signals and/or other signals and
perform gesture detection thereon.

Example Training Method

[0047] FIG. 6 illustrates an example method 600, consis-
tent with some implementations of the present concepts.

Device Modality Location

Muse 2 IMU Behind left ear
EEG 2 across forehead, 2 behind ears
PPG Forehead
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Method 600 can be implemented on many different types of
devices, e.g., by one or more wearable devices, by one or
more cloud servers, by one or more client devices such as
laptops, tablets, or smartphones, or by combinations of one
or more wearable devices, servers, client devices, etc.
[0048] Method 600 begins at block 602, where a user 1s
istructed to perform a particular tongue gesture. For
instance, a display and/or speaker can be used to instruct a
user to perform any of the tongue gestures shown above 1n
FIGS. 2B-2E and 3B-3E.

[0049] Method 600 continues at block 604, where one or
more motion signals from an inertial sensor are measured
while the particular tongue gesture 1s performed. As noted
previously, the inertial sensor can 1include an accelerometer
that provides accelerometer signals, a gyroscope that pro-
vides gyroscopic signals, and/or a magnetometer or compass
that provides magnetic motion signals. In some cases, sig-
nals from other sensors can also be obtained at block 604,
e.g., PPG signals, EEG signals, position tracking signals,
eye tracking signals, efc.

[0050] Method 600 continues at block 606, where a
machine learning model 1s trained to detect the particular
tongue gesture using the one or more motion signals. For
instance, the particular tongue gesture can be used as a label
for supervised learning based on the measured motion
signals. The machine learning model can include one or
more classifiers. An example of a hierarchical machine
learning model with multiple classifiers 1s described below.
Parameters of the machine learning model can be updated
based on whether a prediction of the machine learming
model matches the label.

[0051] Method 600 continues at block 608, where the
trained machine learming model 1s output. For instance, the
trained machine learning model can be output for use by a
local gesture recognition module or sent to another machine
for use by a remote gesture recognition module.

[0052] Insome cases, method 600 can be performed partly
or entirely by training module 115. Note that some 1mple-
mentations can ivolve blocks 602 and 604 being performed
by a local training module on wearable device 110, with
blocks 606 and/or 608 being performed by a remote traiming
module on server 140. In such implementations, the server
can send the trained model back to the wearable device for
use by gesture detector 116.

Experimental Study

[0053] The following describes various experiments that
were conducted and results obtained via the experiments.
The experiments were conducted using two commercially-
available devices, the HP Reverb G2 Omnicept Edition VR
headset and the Muse 2 EEG headband. Both devices can be
worn concurrently by a user by placing the Muse 2’s
forehead sensors slightly above the top of the Reverb G2’s
tace gasket. Data from both devices was synchronized for
subsequent processing. The following table describes sensor
capabilities of each device:

Frequency Details
52 Hz 6-axis, 3 from accelerometer and 3 from gyroscope
256 Hz 5-axis 2 temporal, 2 frontal electrodes and

1 amplified auxiliary channel
64 Hz 3-axis, 3 BB and 1 red LED
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-continued
Device Modality Location Frequency Details
HP Reverb IMD Forehead, middle of face gasket 998 Hz 6-axis, 3 from accelerometer and 3 from gyroscope,
G& Omnicept HP reports 510 Hz instead of 998 Hz
Edition PPO Forehead, middle of face gasket 0.2 Hz No direct access, reported as
Heart Rate and Heart Rate Variability
Eye Tracking Between eyes 1n VR headset 120 Hz 29-ax1s gaze tracking and pupillometry for both eyes
Head Tracking  Calculated from cameras around headset 54 Hz 19-ax1s linear and angular position/velocity/acceleration
accessed through OpenKE
Mouth Camera In front of nose, bottom of headset 90 Hz 400x 100 gray scale pixels from IR camera, not 1n dataset
Cognitive Load Calculated from eve tracking and PPG 1 Hz 1 minute after start, cognitive load and confidence [3]
[0054] During data collection, the user can press the “A” using component analysis 708. For instance, component

button on a Windows Mixed Reality controller to start a
gesture and release 1t to stop the gesture, continuing to the
next gesture. As gestures olten take variable duration to
complete, this allows more accurate boundaries to the ges-
ture while also measuring the duration. If the user believes
they made a mistake, they can instead press the “B” button
to delete and redo the previous gesture.

Gesture Design

[0055] The gestures disclosed herein were selected so that
they could be done with the mouth closed, so that there were
neither auditory nor visual cues to a third-party observer.
The gestures were selected to be usable while also able to be
recognized and distinguished with limited sensing capabili-
ties. All the gestures are silent, contained within the mouth
and use the teeth, cheeks, and palate for haptic feedback.

[0056] In addition to the eight tongue gestures described
above, two control gestures, “Blink” and *“Stick Out
Tongue,” were selected to benchmark performance. The
“Blink” serves as a point ol comparison that can be
employed to verily signal quality and timestamping because
of the large EEG signals and eye tracking measurements
generated by the gesture. Meanwhile, the “Stick Out
Tongue” gesture 1s an open-mouth gesture to make usage
obvious because the eight closed-mouth gestures were
sometimes too discreet to be noticed by the experimenters.

[0057] Sixteen adult participants performed the study fully
in virtual reality using the visual display 1n the Reverb G2.
At the beginning of the trial, participants were prompted as
to which gesture they were to perform. During the trial,
participants performed that gesture repeatedly, marking the
start and end point of each gesture using the “A” button on
the Windows Mixed Reality controller (1.e., button-down,
button-up). Participants repeated the gesture 50 times in
cach trial while a visual-counter was incremented with each
button press. Once they reached 50 gestures performed, the
trial would end. In between batches, participants received a
10 second mandatory rest period to recoup attention. This
created a total of 3000 training examples per participant.

Hierarchical Model

[0058] For gesture recogmition, a hierarchical model 700
as shown 1n FIG. 7 was employed. EEG signals 702 are
processed using component analysis 704, which can include
processing the signals with a finite impulse response (FIR)
filter as well as performing Independent Component Analy-
s1s (ICA) on the filtered EEG signals. Other sensor signals
706 can include IMU signals, PPG si1gnals, position tracking
signals, and/or eye tracking signals, which can be processed

analysis 708 can involve performing Principal Component
Analysis (PCA) separately on data from each of the other
sensors to extract principal components of the sensor data.
[0059] Then, a Support Vector Machine (SVM) 710 can be
employed to perform binary classification using a moving
time window of data output by component analysis 704 and
component analysis 708. The SVM can output either a value
indicating that the moving window contains a gesture or a
non-gesture. If the moving window 1s classified by the SVM
as containing a non-gesture, then the hierarchical model 700
proceeds to rest 712 until the next moving window 1s input.
If the moving window 1s classified by the SVM as containing
a gesture, the gesture can be classified by random forest
classifier 714 to obtain predicted gesture 716. Note that
hierarchical model 700 1s but one example of a model that
can be employed for gesture recognition, as discussed more
below.

[0060] Both the SVM 710 and the random forest classifier
714 can be trained using labeled training data provided by
one or more users. For instance, training examples of signals
from gestures and non-gestures can be obtained and
employed to train the SVM. Parameters of the SVM can be
updated based on whether a prediction of gesture vs. non-
gesture for a given training example matches a correspond-
ing label for that training example. Similarly, examples of
signals of each type of gesture can be obtained and
employed to train the random forest classifier. Parameters of
the SVM can be updated based on whether a prediction of
a particular gesture class for a given tramning example
matches a corresponding label for that training example.

EXPERIMENTAL RESULILS

[0061] FIG. 8A shows samples per gesture vs. accuracy
graph 800, which convey how accurately hierarchical model
700 was able to classily tongue gestures. Graph 800 shows
that accuracy increases sharply up to about 60 samples used
to train the model, at which point the rate at which accuracy
improves begins to decay. FIG. 8B shows a window size vs.
accuracy graph 850, which shows that accuracy was fairly
consistent for windows of 400 milliseconds and above but
decreased below that. Note that shorter windows generally
allow for faster hands-iree interactions.

[0062] FIG. 9 shows accuracy by sensing modality graph
900. The recognition accuracy of certain sensors was tested
individually, showing that the PPG and head tracking could
achieve more than 80% accuracy alone. The Muse IMU at
the back of the ear was also capable of similar performance.
The most effective combinations turned out to be using the
Muse IMU with PPG or simply combining all of the six
sensors used 1n recognition.
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[0063] FIG. 10 shows a user-dependent confusion matrix
1000 and FIG. 11 shows a user-independent confusion
matrix 1100. The user-dependent confusion matrix conveys
the accuracy of gesture detection experiments conducted
using a user-dependent recognition model trained for a
particular user that performed the gestures. The user-inde-
pendent confusion matrix conveys the accuracy of gesture
detection experiments conducted using a user-independent
recognition model trained using data from multiple other
users, but not necessarily the user that performed the gesture
during the experiment.

[0064d] The control gestures for this experiment were
included to provide a baseline of how the model performed
on such standardized gestures. As shown 1n user-dependent
confusion matrix 1000, 94% accuracy was achieved but the
“Swing Tongue Sideways” gesture underperformed with
82% accuracy. For user-independent classification, 81%
accuracy was achieved.

ALTERNATIVE IMPLEMENTATTONS

[0065] While a hierarchical model with a random forest
classifier 1s described above for gesture classification, note
that various other types of models can also be employed
such as Support Vector Machines, Random Forest Classiii-
ers, Multi-Layer Perceptrons and Logistic Regression for the
classifier. Meanwhile, for dimensionality reduction, PCA
and ICA approaches are mentioned above, but note that
other approaches such as Linear Discriminant Analysis
(LDA) can also be employed.

[0066] The IMU and PPG were particularly usetul for
tongue gesture classification 1n the experiments described
above. However, there are still many other sensors that could
be used i head-worn displays to detect tongue gestures.
Acoustic approaches have been eflective 1 sensing mouth
movements in earables, and can also be employed ifor
head-worn displays. As another example, the motion at the
back of the ear captured by the Muse 2 IMU could also
potentially be detected 1in other modalities such as stretch
SEeNsors.

[0067] Note that the IMU behind the ear 1s a low-cost
method of detecting tongue gestures, with a position allow-
ing 1t to be combined with other mouth-sensing approaches
such as an ear EMG sensor or an 1n-ear acoustic sensor. As
a result, an IMU or a combination of these approaches can
be used 1n wearables or smart headphones, and head-worn
devices can be provided with relatively few modifications to
existing hardware. Other approaches could involve using
multiple IMU’s and/or combining an ear IMU with virtual
reality position tracking. Discreet, hands-free tongue ges-
tures could replace touch-based gestures on these devices or
be an alternative configuration for them.

[0068] The disclosed techniques can also be employed for
a wide range ol applications. For instance, the disclosed
implementations are particularly suited for hands-iree con-
trol of computing devices. Consider, for instance, a user
riding a motorcycle and wearing a helmet with an IMU
and/or one or more other sensors. The user could use tongue
gestures to control a digital speedometer on the motorcycle
to switch from metric to Imperial units and back without
removing their hands from the handlebars. As another
example, the user could control a navigation application on
a mobile phone or integrated into a display on the motor-
cycle without removing their hands from the handlebars.
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[0069] As another example, consider a fighter pilot wear-
ing a helmet with an IMU or other sensor. The pilot could
control the fighter jet with their hands on the throttle and
joystick while using tongue gestures to control weapons
systems, navigational systems, countermeasures such as
chafl and flare, etc. The helmet could provide a heads-up
display that allows the pilot to use gaze to select individual
graphical elements for selection using a tongue gesture.
[0070] As another example, consider a deaf person wear-
ing a cochlear implant. In the event of an emergency such as
a car crash, the user could employ tongue gestures to invoke
an emergency signal to call for help. Thus, even if the user
had difliculty using voice communication to call for help, the
user could still access emergency services.

[0071] The disclosed implementations are also particu-
larly suited for use cases where quiet, undetectable gestures
are desirable. Consider a user 1n a concert hall that wishes
to acknowledge a text message received from a Iriend,
without touching their mobile phone and without making
any noise. A tongue gesture could be employed by such a
user to respond to their friend without disrupting the concert
by pulling out their mobile phone or making any noise.
[0072] As another example, consider a biologist that
wishes to avoid detection by a particularly shy species of
amimal. For instance, a biologist studying such an animal
could be able to sit still for long periods of time while 1n the
presence of such an animal while still messages using a
tongue gesture without any facial movement or noise. Thus,
the biologist could observe animals 1n their native habitat
without 1mnadvertently affecting their behavior.

[0073] In addition, other types of data could be employed
to improve the accuracy of tongue gesture recognition. For
instance, context data such as location, time, user profiles, or
other information could be employed. For instance, consider
a user that tends to subconsciously move their tongue when
exercising. For this user, a higher classification threshold
could be employed when the user 1s at the gym than when
in other locations, to avoid false positive gesture detection
when the user 1s madvertently moving their tongue when
exercising at the gym. As another example, if a user 1s at or
nearby a restaurant, a higher classification threshold could
also be employed, to avoid false positive gesture detection
when a user happens to move their tongue shortly after
cating without imtending to invoke a specific gesture. In
other cases, users can be allowed to manually turn off
gesture detection for a period of time, or automated tech-
niques can be employed to turn on/ofl gesture detection
(e.g., when the user 1s speaking).

TECHNICAL EFFECT

[0074] The disclosed techmiques provide for a tongue
gesture 1nterface that does not necessarily involve any
additional sensors beyond those available 1n commercial
head-worn displays. The IMUSs, PPGs and motion tracking
capabilities 1n head-worn displays can provide relatively
accurate tongue gesture classification for a range of different
tongue gestures. Moreover, various combinations of sensors
are provided that may enable tongue gesture interactions 1n
head-worn displays with relatively low cost and ivolving
relatively few hardware modifications.

[0075] In addition, using the disclosed techniques, tongue
gestures can be executed and recognized at 400 ms, less than
gaze and dwell rates for most users. As a consequence, users
percerve relatively low latency and the application being
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controlled 1s highly responsive to the user’s inputs. This can
be helptul for various reasons. For instance, in a word
processing context, the tongue gesture interface can allow a
user to be highly productive, e.g., to produce work product
relatively quickly as compared to alternative gesture tech-
niques. As another example, in a video game context, the
user can have a high-quality gaming experience because the
game responds relatively quickly to a given tongue gesture.
In a music context, the user can control a musical instrument
to produce sounds rhythmically at a rate that 1s enjoyable for
the user.

[0076] Further, the disclosed techniques provide for gaze
& tongue interaction as a hybrid method for hands-free
interaction, in particular for use with head-worn displays. By
combining gaze-based targeting of individual graphical ele-
ments such as virtual keyboard keys with tongue-based
selection of a targeted graphical element, the disclosed
techniques allow for user experiences comparable to those
that mnvolve conventional mput devices such as mice, key-
boards, and/or touch screens.

[0077] In addition, as noted previously, tongue gestures
are quiet, preserve privacy, and can be performed by users
with physical limitations that render other input techniques
difficult or impossible. As a consequence, tongue gestures
are practical for a wide range of application scenarios.
Furthermore, the human tongue 1s a dextrous organ capable
of a wide range of motions, and thus can be employed for a
variety of diflerent gestures that can be readily discerned
using commercially-available hardware.

Device Implementations

[0078] As noted above with respect to FIG. 1, system 100
includes several devices, including a wearable device 110, a
client device 120, a client device 130, and a server 140. As
also noted, not all device implementations can be 1llustrated,
and other device implementations should be apparent to the
skilled artisan from the description above and below.
[0079] The term “device”, “computer,” “computing
device,” “client device,” and or “server device” as used
herein can mean any type of device that has some amount of
hardware processing capability and/or hardware storage/
memory capability. Processing capability can be provided
by one or more hardware processors (e.g., hardware pro-
cessing units/cores) that can execute computer-readable
instructions to provide functionality. Computer-readable
instructions and/or data can be stored on storage, such as
storage/memory and or the datastore. The term “system” as
used herein can refer to a single device, multiple devices,
etc.

[0080] Storage resources can be iternal or external to the
respective devices with which they are associated. The
storage resources can include any one or more volatile or
non-volatile memory, hard dnives, flash storage devices,
and/or optical storage devices (e.g., CDs, DVDs, etc.),
among others. As used herein, the term “computer-readable
medium”™ can include signals. In contrast, the term “com-
puter-readable storage medium” excludes signals. Com-
puter-readable storage media includes “computer-readable
storage devices.” Examples of computer-readable storage
devices include volatile storage media, such as RAM, and
non-volatile storage media, such as hard drives, optical
discs, and flash memory, among others.

[0081] In some cases, the devices are configured with a
general-purpose hardware processor and storage resources.
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In other cases, a device can include a system on a chip
(SOC) type design. In SOC design implementations, func-
tionality provided by the device can be integrated on a single
SOC or multiple coupled SOCs. One or more associated
processors can be configured to coordinate with shared
resources, such as memory, storage, etc., and/or one or more
dedicated resources, such as hardware blocks configured to
perform certain specific functionality. Thus, the term “pro-
cessor,” “hardware processor’ or “hardware processing
unmt” as used herein can also refer to central processing units
(CPUs), graphical processing units (GPUs), neural process-
ing units (NPUs), controllers, microcontrollers, processor
cores, or other types ol processing devices suitable for
implementation both 1 conventional computing architec-
tures as well as SOC designs.

[0082] Alternatively, or in addition, the functionality
described herein can be performed, at least 1n part, by one or
more hardware logic components. For example, and without
limitation, illustrative types of hardware logic components
that can be used include Field-programmable Gate Arrays
(FPGASs), Application-specific Integrated Circuits (ASICs),
Application-specific Standard Products (ASSPs), System-

on-a-chip systems (SOCs), Complex Programmable Logic
Devices (CPLDs), etc.

[0083] In some configurations, any of the modules/code
discussed herein can be implemented in software, hardware,
and/or firmware. In any case, the modules/code can be
provided during manufacture of the device or by an inter-
mediary that prepares the device for sale to the end user. In
other instances, the end user may install these modules/code
later, such as by downloading executable code and 1nstalling
the executable code on the corresponding device.

[0084] Also note that devices generally can have input
and/or output functionality. For example, computing devices
can have various mput mechamsms such as keyboards,
mice, touchpads, voice recognition, gesture recognition
(e.g., using depth cameras such as stereoscopic or time-oi-
flight camera systems, infrared camera systems, RGB cam-
era systems or using accelerometers/gyroscopes, facial rec-
ognition, etc.). Devices can also have various output
mechanisms such as printers, monitors, etc.

[0085] Also note that the devices described herein can
function in a stand-alone or cooperative manner to 1mple-
ment the described techniques. For example, the methods
and functionality described herein can be performed on a
single computing device and/or distributed across multiple
computing devices that communicate over network(s) 150.
Without limitation, network(s) 150 can include one or more
local area networks (LANs), wide area networks (WANSs),
the Internet, and the like.

[0086] Although the subject matter has been described 1n
language specific to structural features and/or methodologi-
cal acts, it 1s to be understood that the subject matter defined
in the appended claims 1s not necessarily limited to the
specific features or acts described above. Rather, the specific
features and acts described above are disclosed as example
forms of implementing the claims and other features and
acts that would be recognized by one skilled in the art are
intended to be within the scope of the claims.

[0087] Various examples are described above. Additional
examples are described below. One example includes a
method comprising receiving one or more motion signals
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from an 1nertial sensor, detecting a tongue gesture based at
least on the one or more motion signals, and outputting the
tongue gesture.

[0088] Another example can include any of the above
and/or below examples where the tongue gesture comprises
one or more taps on one or more front upper teeth by a
tongue of a user.

[0089] Another example can include any of the above
and/or below examples where the tongue gesture comprises
lateral movement of a tongue of a user, the lateral movement
including a tap of a left or right cheek of the user.

[0090] Another example can include any of the above
and/or below examples where the tongue gesture comprises
a swing tongue sideways gesture, a mouth floor tongue
gesture, a curl back tongue gesture, or a tongue bite gesture.

[0091] Another example can include any of the above
and/or below examples where the 1nertial sensor 1s provided
in a virtual or augmented reality headset, earbuds, head-
phones, or a cochlear implant.

[0092] Another example can include any of the above
and/or below examples where the method further comprises
receiving one or more other signals from another sensor,
wherein the detecting the tongue gesture 1s also based on the
one or more other signals received from the another sensor.

[0093] Another example includes a method comprising
istructing a user to perform a particular tongue gesture,
measuring one or more motion signals from an inertial
sensor while the user performs the particular tongue gesture,
training a machine learning model to detect the particular
tongue gesture using the one or more motion signals, and
outputting the trained machine learning model.

[0094] Another example can include any of the above
and/or below examples where the training 1s performed
using supervised learning using the particular tongue gesture
as a label for the one or more motion signals.

[0095] Another example can include any of the above
and/or below examples where the inertial sensor comprises
an accelerometer, a gyroscope, and a magnetometer.

[0096] Another example can include any of the above
and/or below examples where the method further comprises
performing principal component analysis on a moving time
window of the one or more motion signals to extract one or
more principal components and employing the one or more
principal components to perform the supervised learning.

[0097] Another example can include any of the above
and/or below examples where the machine learning model
comprises a random forest that includes multiple decision
trees.

[0098] Another example can include any of the above
and/or below examples where the method further comprises
providing moving windows of the principal components to
individual decision trees of the random forest, determining
a majority vote of the individual decision trees, and updating
parameters ol the random forest based at least on whether
the majority vote matches the particular tongue gesture that
the user was structed to perform.

[0099] Another example can include any of the above
and/or below examples where the method further comprises
performing the training using training data for a plurality of
users and performing individualized tuning of the tramned
machine learning model to at least two other users respon-
sive to performance of the particular tongue gesture by the
at least two other users.
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[0100] Another example 1includes a system comprising an
inertial measurement unit configured to provide motion
signals, a processor, and a computer-recadable storage
medium storing instructions which, when executed by the
processor, cause the system to detect a tongue gesture based
at least on the motion signals and control an application
based at least on the tongue gesture.

[0101] Another example can include any of the above
and/or below examples where the system 1s provided 1n a
virtual or augmented reality headset.

[0102] Another example can include any of the above
and/or below examples where the 1nertial measurement unit
1s provided within a face gasket of the virtual or augmented
reality headset.

[0103] Another example can include any of the above
and/or below examples where the instructions provide a
model configured to recognize the tongue gesture based on
the motion signals.

[0104] Another example can include any of the above
and/or below examples where the instructions, when
executed by the processor, cause the system to display a
plurality of items, scan over the plurality of items in
response to eye gaze tracked by an eye tracking component,
and 1n response to a specific tongue gesture detected while
the eye gaze 1s directed to a particular item, select the
particular item.

[0105] Another example can include any of the above
and/or below examples where the instructions, when
executed by the processor, cause the system to deselect the
particular item responsive to another tongue gesture.

[0106] Another example can include any of the above
and/or below examples where the nertial measurement unit
1s provided in headphones or earbuds.

[0107] Another example can include any of the above
and/or below examples where the application comprises an
audio-only application that does not use a visual display.

1. A method comprising:

recerving one or more motion signals from an inertial
sensor, the one or more motion signals received from
the 1nertial sensor reflecting movement of a tongue of
a user;

inputting the one or more motion signals to a machine
learning model that has been trained to detect one or
more tongue gestures:

recerving, from the machine learning model, an indication
that a particular tongue gesture 1s detected from the one
or more motion signals; and

outputting the particular tongue gesture to control an
application.

2. The method of claim 1, wherein the particular tongue
gesture comprises one or more taps on one or more front
upper teeth by the tongue of the user.

3. The method of claim 1, wherein the particular tongue
gesture comprises lateral movement of the tongue of the
user, the lateral movement including a tap of a left or right
cheek of the user.

4. The method of claim 1, wherein the particular tongue
gesture comprises a swing tongue sideways gesture, a mouth
floor tongue gesture, a curl back tongue gesture, or a tongue

bite gesture.

5. The method of claim 1, wherein the inertial sensor 1s
provided 1n a virtual or augmented reality headset, earbuds,
headphones, or a cochlear implant.
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6. The method of claim 1, further comprising:

receiving one or more other signals from another sensor;
and

inputting the one or more other signals to the machine
learning model, wherein the indication that the particu-
lar tongue gesture has been detected 1s also based on the
one or more other signals received from the another
SeNsor.

7. A method comprising:

istructing a user to perform a particular tongue gesture;

measuring one or more motion signals from an inertial
sensor while the user performs the particular tongue
gesture;

training a machine learning model to detect the particular
tongue gesture using the one or more motion signals;
and

outputting the trained machine learming model.

8. The method of claim 7, wherein the training i1s per-
formed using supervised learning using the particular tongue
gesture as a label for the one or more motion signals.

9. The method of claim 8, wherein the inertial sensor
comprises an accelerometer, a gyroscope, and a magnetoms-
eter.

10. The method of claim 9, turther comprising;:

performing principal component analysis on a moving

time window of the one or more motion signals to
extract one or more principal components and employ-
ing the one or more principal components to perform
the supervised learning.

11. The method of claim 10, wherein the machine learning

model comprises a random forest that includes multiple
decision trees.

12. The method of claim 11, further comprising:

providing moving windows of the principal components
to 1individual decision trees of the random {forest;

determining a majority vote of the individual decision
trees; and

updating parameters of the random forest based at least on
whether the majority vote matches the particular tongue
gesture that the user was nstructed to perform.

13. The method of claim 8, further comprising:

performing the training using training data for a plurality
of users; and
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performing 1individualized tuning of the trained machine
learning model to at least two other users responsive to

performance of the particular tongue gesture by the at
least two other users.

14. A system comprising:

an 1nertial measurement unit configured to provide motion
signals reflecting movement of a tongue of a user;

a processor; and

a computer-readable storage medium storing instructions
which, when executed by the processor, cause the
system to:

input the motion signals reflecting the movement of the
tongue of the user to a machine learning model that has
been trained to detect one or more tongue gestures;

recerve, from the machine learning model, an indication
that a particular tongue gesture 1s detected from the
motion signals; and

output the particular tongue gesture to control an appli-
cation.

15. The system of claim 14, provided in a virtual or

augmented reality headset.
16. The system of claim 15, wherein the inertial measure-
ment unit 1s provided within a face gasket of the virtual or

augmented reality headset.
17. (canceled)

18. The system of claim 14, wherein the instructions,
when executed by the processor, cause the system to:
display a plurality of items;
scan over the plurality of items 1n response to eye gaze
tracked by an eye tracking component; and
in response to the particular tongue gesture being detected
by the machine learning model while the eye gaze 1s
directed to a particular i1tem, select the particular item.
19. The system of claim 18 wherein the instructions, when
executed by the processor, cause the system to:
deselect the particular item responsive to another tongue
gesture.
20. The system of claim 14, wherein the inertial measure-
ment unit 1s provided in headphones or earbuds.
21. The system of claim 14, the application comprising an
audio-only application that does not use a visual display.
22. The system of claim 14, wherein the machine learning
model comprises a random forest that includes multiple
decision trees.
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