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TRAINING DATA COLLECTION DURING DATA COLLECTION-UNPOSED
SESSIONS

BACKGROUND

[0001] Machine learning models are a type of artificial intelligence
model by which a machine (e.g., a computing device or system) can
adaptively learn over time. A machine learning model can be employed to
classify presented data with labels, and a supervised such machine learning
model is trained with pre-labeled training data. The training data may be
divided into two sets. The model is trained on the labeled data of one set, and

then tested on the other set to assess the model's accuracy.

BRIEF DESCRIPTION OF THE DRAWINGS

[0002] FIG. 1 is a diagram of example machine learning model training
data collection during data collection-unposed sessions corresponding to a
videoconference.

[0003] FIG. 2 is a diagram of an example process by which machine
learning model training data can be collected during a data collection-unposed
session and subsequently used and refined.

[0004] FIG. 3 is a diagram of an example of how machine learning
model training data collected during a data collection-unposed session can be
refined.

[0005] FIG. 4 is a diagram of another example of how machine learning
model training data collected during a data collection-unposed session can

be refined.
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[0006] FIG. 5 is a diagram of example machine learning model training
data collection during a data collection-unposed session corresponding to
user interaction with a graphical user interface (GUI) environment.

[0007] FIG. 6 is a diagram of example machine learning model training
data collection during a data collection-unposed session corresponding to
user interaction with an extended reality (XR) environment.

[0008] FIG. 7 is a diagram of an example computer-readable data
storage medium.

[0009] FIG. 8 is a diagram of an example computing system.

DETAILED DESCRIPTION

[0010] As noted in the background, a machine learning model can be
employed to classify data into labeled categories. For example, a video clip
or segment of a person can be labeled to classify user sentiment, such as the
evinced mood or emotion of the person in the video. For a longer video
recording of the person, the machine learning model can classify changes in
user sentiment as they unfold during the recording.

[0011] As also noted in the background, a supervised machine learning
model is trained with pre-labeled training data. For example, a machine
learning model that classifies the user sentiment of people appearing within
video data may be trained using video segments of different people that have
been pre-labeled with their user sentiment. The diversity, depth, and sheer
amount of the training data can affect the accuracy of the machine learning
model.

[0012] Acquiring sufficient training data, in quantity and quality, can be

difficult. In the case of user sentiment classification, for instance, training data
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may be acquired by having users watch previously recorded video clips and
assess the user sentiment of the people within the clips. This acquisition
technique is laborious and costly because it entails having users watch and
label large quantities of video data. That is, the subjects of the video data do
not themselves specify their user sentiment.

[0013] Another type of training data for user sentiment classification is
posed videos of actors who have been instructed to act out an individual
emotion (like fear or disgust). No after-the-fact assessment or labeling of user
assessment by users other than the subjects of the video data occurs.
However, this technique can be problematic because the user sentiments are
posed and forced as opposed to unfolding naturally.

[0014] That is, the scenario in which the training data is being collected
is staged and may not represent natural expressions of sentiment as evinced
in real life. For instance, a person who is instructed to “look happy” may
assume a pose that differs markedly from unposed and unstaged expressions
of happiness. Further, there may be significant variation in the expression of
sentiment across cultures, age, and gender, limiting the value of posed data
for model training.

[0015] Techniques described herein provide for collection of training
data for supervised (as well as unsupervised) machine learning models that
ameliorate these difficulties. While a data collection-unposed session is
occurring, the user appearing within the session is periodically requested to
specify labels associated with his or her current user state. The session is not
data collection-unposed in that it is not staged for the purposes of collecting

machine learning model training data. While the user him or herself is
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periodically requested to specify the labels, the session itself is not prompted
and does not occur for the purposes of collecting the training data.

[0016] For example, a user may participate in a videoconference in
which a video stream of the user is recorded and shared with other
participants in the conference. The user may periodically be requested to
specify labels associated with the current user sentiment the user is
experiencing, evincing, or expressing. The user is not prompted to evince a
specific user sentiment, in other words, but rather is periodically requested to
specify what his or her current extemporaneous user sentiment is. The user
sentiment is thus not forced, staged, or posed.

[0017] Moreover, it is the user him or herself who is specifying what his
or her user sentiment is, contemporaneously with when the user is evincing
the sentiment, as opposed a different person who attempts after the fact to
specify or label the user's sentiment. Because large numbers of
videoconferences occur all the time, a large amount of machine learning
model training data can be collected without having to request any given user
to specify user sentiment labels too often. The videoconferences themselves
are conducted for other purposes, unrelated to machine learning model
training data collection, but are leveraged to also for training data collection.
[0018] FIG. 1 shows example machine learning training data collection
in the context of a videoconference. A video stream 104 of each of three
users 102 participating in the videoconference in the example is captured at a
corresponding client computing device and transmitted to client computing
devices of the other users 102 for display. Each video stream 104 is also

transmitted to another computing device, which records the video stream 104
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as a corresponding data collection-unposed session 106. Each session 106
is thus an audiovisual session of a corresponding user 102, and is more
specifically a videoconference session of a corresponding user 102. There
are, therefore, three audiovisual or videoconference sessions 106 in the
example of FIG. 1.

[0019] While each session 106 is occurring, the session 106 (i.e., the
corresponding video stream 104) is recorded. Also while each session 106 is
occurring, the user 102 of that session 106 (i.e., appearing in the
corresponding video stream 104) is periodically requested at different times to
specify labels 108 associated with his or her current user state in the session
106. The user state may be user sentiment. The users 102 may be
periodically requested at different times, and the number of times each user
102 is prompted to specify current user state labels 108 may likewise differ.
[0020] For example, a user 102 may be presented with a list of labels
corresponding to different user states from which the user 102 is requested to
specify or select the label 108 that is most indicative of his or her current user

” o

state. As to user sentiment, the labels may be “happy,” “angry,” “bored,”
“annoyed,” and so on. The user may have the option to not respond to the
request. For instance, when a user is periodically prompted to specify his or
her current user state, the list of labels may be displayed on the screen of the
user’s client computing device, and if the user does not select any label within
a specified length of time the list may be removed from display.

[0021] The specified user state labels 108 are thus responsively

received and recorded, along with the different times during their

corresponding sessions 106 at which the labels 108 were requested and
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specified. The recorded sessions 106 and the user-specified labels 108 are
collected as training data for a machine learning model that classifies user
state via the labels. Inthe example of FIG. 1, for instance, a machine learning
model can be trained from the collected training data for subsequent
application to other video streams, such as other videoconferences, to
indicate current user sentiment of the people appearing in those streams.
[0022] FIG. 2 shows an example process 200 by which machine
learning data can be collected during a data collection-unposed session and
subsequently used and refined. The process 200 can be performed by one or
multiple computing devices, which can be communicatively connected to one
another and/or to a client computing device at which the data collection-
unposed session of a user is occurring, such as over a network. The process
200 can be implemented as program code stored on a non-transitory
computer-readable data storage medium and executed by the computing
device or devices performing the process 200.

[0023] While a data collection-unposed session 202 is occurring, a
computing device 200 performing the process 200 can receive and record
(204) the session 202 as part of machine learning model training data 206
that is being collected. The computing device can periodically prompt (208)
the user of the session 202 at different times to specify labels 210 associated
with the user’'s current user state in the session 202. The computing device
can also record (212) the received user state labels 210, along with the
different times at which the labels were requested and specified, as part of the

machine learning model training data 206.
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[0024] A computing device performing the process 200 may also
extract (214) metadata 216 regarding the data collection-unposed session
202. The metadata 216 may indicate technical information such as
information regarding how the session 202 is being captured at the client
computing device of the user, how the session 202 is being recorded at the
computing device performing the process 200, the format of the data file of
the recorded session 202, and so on. The metadata 216 may include other,
non-technical information regarding the session 202 as well, such as the date,
time, and location of the session 202, the identity of the user of the session
202, and so on. The computing device can also record (218) the metadata
216 as part of the machine learning training data 206.

[0025] A computing device performing the process 200 can perform
machine learning model training (220) using the collected machine learning
training data 206, which results in a trained machine learning model 222.
That is, the machine learning model 222 is trained using the recorded data
collection-unposed session 202 and the recorded user-specified labels 210
associated with user state during the session 202. The machine learning
model 222 is a model that classifies user state via labels, and can be used to
label other sessions as they occur or after they have been recorded.

[0026] A computing device performing the process 200 can therefore
classify user state of the same or different user of a different session 224 by
applying (226) the trained machine learning model 222 to the session 224.
That is, the machine learning model 222 is used to classify user state via
labels. The machine learning model 222 receives the session 224 as input

and outputs labels 228 associated with the user state. The machine learning
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model 222 may provide one or multiple labels 228 that classifies user state
over the entirety of the session 224, or may provide one or multiple labels 228
that classify user state at different times during the session 224.

[0027] A computing device performing the process 200 may also
perform different types of post-processing on the collected machine learning
model training data 206 to refine the training data 206. The computing device
may apply (230) the trained machine learning model 222 against the session
202 for which user-specified labels 210 have been received and recorded.
The machine learning model 222 receives the session 202 as input and
outputs model-predicted labels 232 corresponding to the user-specified labels
210. That is, for each different time during the session 202 at which the user
specified labels 210, there are corresponding labels 232 generated by the
model 222. The model-predicted labels 232 may be the same as or different
than the user-specified labels 210.

[0028] A computing device performing the process 200 may thus
request that the user confirm and correct (234) the user-specified labels 210
on the basis of the model-predicted labels 232. For each different time for
which the labels 232 differ from corresponding labels 210, the user may be
prompted to confirm that the user-specified labels 210 are correct, or to
correct the user-specified labels 210 (e.g., instead select the model-predicted
labels 232 as being more accurate of user sentiment). The user that is
requested to perform the confirmation or correction can be the same user that
previously specified the labels 210. The corrected labels 236 are recorded
(212) to update the machine learning model training data 206, and the model

222 can be retrained (220).
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[0029] As another example of post-processing of the collected machine
learning model training data 206, a computing device performing the process
200 may divide (238) the recorded session 202 into session segments 240 in
correspondence with the different times during the session 202 at which the
user specified the labels 210. For instance, for each different time during the
session 202 at which the user specified the labels 210, the computing device
may define a corresponding session segment 240 starting at that time and
ending a specified length of time later. In another implementation, the trained
machine learning model 222 may instead indicate the starting and ending
times of each session segment 240.

[0030] A computing device performing the process 200 may thus
request that the user confirm and correct (242) the temporal boundaries of the
session segments 240 to which the user-specified labels 210 apply.
Specifically, for each different time during the session 202 at which the user
specified the labels 210, the user may be prompted to confirm or correct the
temporal boundaries of a corresponding session segment 240. The user may
adjust the starting and/or ending times of the session segment 240 backwards
or forwards so that the segment 240 begins and ends when the user actually
began and ceased evincing a corresponding user state. The resulting
corrected session segments 244 can be recorded (246) along with the labels
210 for usage as the machine learning model training data 206.

[0031] FIG. 3 shows an example of how collected machine learning
model training data can be refined, such as in part 234 of FIG. 2. During a
data collection-unposed session 300, a user was prompted at time 302 to

provide a user-specified label 304U reflecting the user’s current user state at
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the time 302. The resultantly trained machine learning model generated a
corresponding model-predicted label 304P for the time 302. After the session
300 has been recorded, therefore, the user can be prompted to confirm or
correct the user-specified label 304U, such as if the label 304U differs from
the model-predicted label 304P. Both user state labels 304P may be
displayed to the user during the confirmation and correction process.

[0032] FIG. 4 shows another example of how collected machine
learning model training data can be refined, such as in part 242 of FIG. 2.
During a data collection-unposed session 400, a session segment 402 of the
session 400 may have an initially specified start time 404S corresponding to
the time at which the user was prompted for a user-specified label 406
associated with the user’'s current user state. The session segment 402 may
have an initially specified end time 404E that may correspond to a predefined
length of time after the start time 404S. After the session 300 has been
recorded, the user can thus be prompted to confirm and correct the temporal
boundaries of the segment 402 to which the label 406 applies. The user may
adjust the start and end times 404S and 404E to more accurately reflect when
the user evinced the user state associated with the label 406.

[0033] FIG. 5 shows example machine learning data collection in the
context of a scenario 500 in which a user is interacting with a graphical user
interface (GUI) environment 502 of a client computing device. For example,
the GUI environment 502 may be the displayed GUI desktop, and may include
windows and other GUI objects with which the user can interact. A stream
504 of the GUI environment 502 is captured at the client computing device

and a corresponding stream 506 of the user’s face is captured by a camera as

10
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the user interacts with the GUI environment 502. The streams 504 and 506
are transmitted to another computing device, which records them as a data
collection-unposed computing session 508, specifically a GUI computing
session.

[0034] While the session 508 is occurring, the user interacting with the
GUI environment 502 is periodically requested at different times to specify
labels 510 associated with his or her current user state in the session 508.
The user state may be user eye gaze as to which of the different GUI objects
of the GUI environment 502 the user’'s gaze is currently directed (viz., which
GUI object the user is currently looking at). The specified user state labels
510 are responsively received and recorded, along with the different times
during the session 508 at which the labels 510 were requested.

[0035] The recorded session 508 and the user-specified labels 510 are
therefore collected as training data for a machine learning model that
classifies user state via the labels. In the example of FIG. 5, for instance, a
machine learning model can be trained from the collected training data for
subsequent application to other computing sessions, such as computing
sessions made up of desktop and face streams. The machine learning model
can thus be used to determine the object in the desktop (or other) stream at
which the user is currently directing his or her gaze, per the user’s face in the
face stream.

[0036] FIG. 6 shows example machine learning data collection in the
context of a scenario 600 in which a user is wearing extended reality (XR)
goggles or glasses to interact with an XR environment. For example, the XR

environment may be an augmented reality (AR) environment in which the user
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is interacting with physical, real-world objects, such that the goggles or
glasses display information regarding the objects to augment the user’s reality.
As another example, the XR environment may be a virtual reality (VR)
environment in which the user is interacting with virtual objects displayed by
the goggles or glasses to immerse the user within a virtual reality.

[0037] A stream 604 of the XR environment 602 — including the real-
world or virtual objects of the environment 602 — is captured at the goggles or
glasses as the user interacts with the XR environment 602. A corresponding
stream 606 of the user’s eyes is likewise captured by the goggles or glasses
as the user interacts with the XR environment 602. The streams 604 and 606
are transmitted by a client computing device to a computing device that
records the streams 604 and 606 as a data collection-unposed computing
session, specifically an XR computing session 608.

[0038] While the session 608 is occurring, the user interacting with the
XR environment 602 is periodically requested at different times to specify
labels 610 associated with his or her current user state in the session 608.
The user state may be user eye gaze as to which of the different real-world or
virtual objects of the XR environment 602 the user’s gaze is currently directed
(viz., which object the user is currently looking at). The specified user state
labels 610 are responsively received and recorded, along with the different
times during the session 608 at which the labels 610 were requested.

[0039] The recorded session 608 and the user-specified labels 610 are
therefore collected as training data for a machine learning model that
classifies user state via the labels. In the example of FIG. 6, for instance, a

machine learning model can be trained from the collected training data for
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subsequent application to other computing sessions, such as computing
sessions made up of XR and eye streams. The machine learning model can
thus be used to determine the object in the XR (or other) stream at which the
user is currently directing his or her gaze, per the user’s eyes in the eye
stream.

[0040] FIG. 7 shows an example non-transitory computer-readable
data storage medium 700 storing program code 702 executable by a
processor to perform processing. The processing includes, while a data
collection-unposed session is occurring, recording the session and
periodically requesting at different times that a user specify labels associated
with current user state in the session (704). The processing includes
responsively receiving the user-specified labels from the user and recording
the labels along with the different times during the session at which the labels
were periodically requested and specified (706). The session and the labels
are collected as training data for a machine learning model that classifies user
state via the labels.

[0041] FIG. 8 shows an example computing system 800. The
computing system 800 may be implemented as one or multiple computing
devices. The computing system 800 includes network hardware to
communicatively connect to client devices of users that participate in data
collection-unposed sessions. For example, each session may be an
audiovisual session like a videoconference session per FIG. 1. As other
examples, each session may be a computing session like a GUI computing

session per FIG. 5 or an XR computing session per FIG. 6.
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[0042] The computing system 800 includes a storage device 804, such
as a hard disk drive or a solid-state drive (SSD), to store machine learning
model training data 806. The computing system 800 includes a processor
808 and a memory 810 that stores program code 812 executable by the
processor 808. The program code 812 is executable by the processor 808 to
periodically prompt during the data collection-unposed sessions the users
participating in the sessions to specify labels associated with current user
state (814). The program code 812 is executable by the processor 808 to
record the sessions and the labels along with times at which the labels were
specified within the sessions to collect the machine learning model training
data 806 (816).

[0043] Techniques have been described for collecting training data for
machine learning models. The training data is collected during occurrence of
a session that is unposed, unstaged, and unprompted for data collection
purposes. Therefore, the training data includes labels associated with current
user state specified by the user of the session. Because the user him or
herself contemporaneously specifies his or her current user state without
being prompted to pose or stage any particular user state, the collected

machine learning model training data can result in a more accurate model.
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We claim:
1. A non-transitory computer-readable data storage medium storing

program code executable by a processor to perform processing comprising:

while a data collection-unposed session is occurring, recording the
session and periodically requesting at different times that a user specify labels
associated with current user state in the session; and

responsively receiving the user-specified labels from the user and
recording the labels along with the different times during the session at which
the labels were periodically requested and specified,

wherein the data collection-unposed session and the user-specified
labels are collected as training data for a machine learning model that

classifies user state via the labels.

2. The non-transitory computer-readable data storage medium of claim 1,
wherein the session is data collection-unposed in that the session is not

staged to collect the training data for the machine learning model.

3. The non-transitory computer-readable data storage medium of claim 1,
wherein the session is data collection-unposed in that while the user is
periodically prompted to specify the labels associated with the current user
state in the session, the session itself is unprompted for machine learning

model training data collection purposes.

4. The non-transitory computer-readable data storage medium of claim 1,

wherein the processing further comprises:

15
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training the machine learning model using the recorded data collection-

unposed session and the recorded user-specified labels.

. The non-transitory computer-readable data storage medium of claim 4,
wherein the processing further comprises:
using the trained machine learning model to classify the user state via

the labels during a different session.

6. The non-transitory computer-readable data storage medium of claim 1,
wherein the processing further comprises:

applying the machine learning model to the collection-unposed session
to generate model-predicted labels for the different times during the session;

for each different time for which the model-predicted labels differ from
the user-specified labels, request the user to confirm or correct the user-
specified labels; and

training the machine learning model based on the confirmed or
corrected user-specified labels to improve accuracy of the model in classifying

the user state.

7. The non-transitory computer-readable data storage medium of claim 1,
wherein the processing further comprises:

for each different time at which the labels were periodically requested
and specified, request that the user confirm or correct temporal boundaries of

a corresponding session segment within the session to which the labels apply.
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8. The non-transitory computer-readable data storage medium of claim 1,
wherein the processing further comprises:

extracting and recording metadata regarding the data collection-
unposed session,

wherein the training data for the machine learning includes the

metadata in addition to the session and the user-specified labels.

9. The non-transitory computer-readable data storage medium of claim 1,
wherein the processing further comprises:

dividing the recorded session into session segments in
correspondence with the different times during the session at which the user
specified the labels associated with the current user state,

wherein the session segments along with the user-specified labels to
which the session segments correspond are used as the training data for the

machine learning model.

10.  The non-transitory computer-readable data storage medium of claim 1,
wherein the data collection-unposed session comprises an audiovisual
session of the user,

wherein the user state comprises user sentiment during the session.

11.  The non-transitory computer-readable data storage medium of claim 10,
wherein the audiovisual session is one of a plurality of videoconference

sessions of a plurality of videoconference participants including the user.

17
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12.  The non-transitory computer-readable data storage medium of claim 1,
wherein the data collection-unposed session comprises a computing session
in which the user is interacting with different objects,

and wherein the user state comprises user eye gaze in relation to the

different objects during the session.

13.  The non-transitory computer-readable data storage medium of claim 12,
wherein the computing session comprises a graphical user interface (GUI)
computing session in which the user is interacting with different GUI objects of
a GUI environment,

and wherein the user state comprises the user eye gaze as to which of

the different GUI objects the user eye gaze is currently directed.

14.  The non-transitory computer-readable data storage medium of claim 12,
wherein the computing session comprises an extended-reality (XR) computing
session in which the user is interacting with different virtual or real-world
objects within an XR environment,

and wherein the user state comprises the user eye gaze as which of
the different virtual or real-world objects the user eye gaze is currently

directed.

15. A computing system comprising:

network hardware to communicatively connect to a plurality of client
devices of users that participate in data collection-unposed sessions;

a storage device to store machine learning model training data;

a processor; and
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a memory storing program code executable by the processor to:
periodically prompt during the data collection-unposed sessions
that the users participating in the sessions specify labels associated with
current user state; and
record the sessions and the user-specified labels along with
times at which the labels were specified within the sessions to collect the

machine learning model training data.
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