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ABSTRACT

As smart speakers become increasingly integrated into everyday home life, there is growing interest in
leveraging these speakers to proactively deliver personalized proactive services. To enhance user experience
and engagement of proactive services, a key challenge is identifying opportune moments, user contexts when
users are mostly interruptible to engage in proactive services. Researchers have identified such moments by
exploring interruptibility across various user contexts (in which contexts users are more interruptible), and
several datasets have been released with interruptibility labels. However, no publicly available dataset has
focused specifically on interruptibility within home environments. To fill this gap, we present INPROSH, a dataset
collected from 26 participants over a three-week in-the-wild field study. Participants used proactive services via
smart speakers in their home. INPROSH comprises 2,830 cases, each annotated with interruptibility labels and
enriched with contextual information, including temporal, spatial, and behavioral contexts, as well as surrounding
image and sound recordings near the smart speakers. We believe INPROSH will support deeper understanding
and more accurate detection of interruptibility in home environments.

Background and Summary

Proactive services delivered by smart speakers in home environments have recently gained significant
popularity®2. In contrast to reactive services that are delivered upon explicit user requests, proactive services
deliver personalized services without such requests. Thereby proactive services enhance the overall user experience
and satisfaction. For example, when traffic congestion is expected, to ensure the user departs on time, a proactive
service can be delivered proactively to notify the user to depart earlier than scheduled®. Smart speakers are
particularly well suited to delivering these proactive services in home environments, because they are typically
installed in accessible locations that facilitate user interaction*”. Furthermore, since these devices are based on
auditory-verbal interactions, their proactive interactions do not interfere with household chores, which are often
visual-manual tasks (e.g., cooking, cleaning, or doing laundry)8°.

Proactive services can enhance user experience and satisfaction. However, such services can negatively
impact both when the services were delivered at an inopportune moment, in which users are unavailable (or
uninterruptible) to engage with the services'®!l. Specifically, providing proactive services at inopportune
moments can cause stress and discomfort, contribute to increased human error'?13, and prolong task completion
times't. For example, delivering a proactive service while a user is engaged in a conversation with others (e.g.,
talking on the phone or in a meeting) could disturb their conversation and reduce communication effectiveness.

To identify opportune moments, researchers have investigated and measured interruptibility across various
user contexts (i.e., in which contexts whether users are more available or interruptible). For the investigations,
several open datasets have been released. Such datasets include interruptibility labels (e.g., interruptible or
uninterruptible) and user contexts at the time of measuring interruptibility. As shown in Table 1, 2, prior open
datasets have primarily focused on smartphone and driving environments. For example, Pielot et al. release a
dataset for investigating interruptibility of smartphone users toward proactive notifications of smartphones®*.
Their dataset contains interruptibility data and user contexts at the time of measuring interruptibility. The user
contexts include temporal contexts (e.g., notification time), spatial contexts (e.g., work, home, other), and
behavioral contexts (e.g., outdoor user activity). Another dataset, INAGT dataset focuses on interruptibility of driver
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toward proactive agents on the infotainment system in driving environments® and provides interruptibility data

(i.e., drivers’ responses to questions asking whether it is good time to talk with), and contextual data (e.g., car
GPS, driving behaviors, etc.).

While prior open datasets are useful to identify opportune moments or to examine interruptibility across

different user contexts toward proactive services in smartphone or vehicular environments, they are not directly
applicable to identifying



opportune moments in home environments. This is because their contextual data do not include details on
domestic contexts (e.g., home activities, such as cooking, cleaning, taking a nap, or doing laundry, etc.; fine-grained
user location at home, such as bedroom or living room, etc.).

In this paper, we introduce INPROSH?¢, a multimodal dataset designed to support the identification of
opportune moments for proactive services in smart home environments. Specifically, our dataset includes
interruptibility labels (i.e., interruptible or uninterruptible to engage in proactive long- or short-interaction with
smart speakers) and user contextual data at the time of measuring interruptibility. The contextual data includes
(1) temporal contexts (e.g., service delivering and interaction time), (2) spatial contexts (e.g., participants’ location
within home), (3) behavioral contexts (e.g., user activity). For the data collection, we conducted a three-week in-
the-wild field study with 26 participants. The participants interacted with an English-language learning proactive
service via smart speakers in their homes. To the best of our knowledge, INPROSH?¢ is the first publicly available
interruptibility dataset that focuses on user interruptibility and contexts in domestic or home environments. We
anticipate that this dataset will be a valuable resource for future research on identifying opportune moments for
proactive services in smart-home environments.

Methods

Ethics Approval

The research procedure was reviewed and approved by the Institutional Review Board of Kangwon National
University (KWNUIRB-2021-08-007). We explained to participants about the background, purpose, and
procedures of the data collection, and the potential privacy risks associated with identifiable data, including image
and audio recordings. After the explanation, we obtained written consent for the use and sharing of their
identifiable data for research purposes. In addition, during the data collection, participants deleted any images
they did not want to share with others using the image deleter app (for the details, see Section Add-on Device
and Application).

Data Collection
To collect contextual data, we implemented a proactive service, SpeechMaster, in commercial smart speakers (i.e.,
Google Nest Mini) and developed a speaker add-on device and applications (i.e. triggering app, image deleter

app).

SpeechMaster: proactive conversational microlearning service

SpeechMaster is a proactive, conversational microlearning service for smart speakers. It is designed to improve
English pronunciation through speech shadowing techniques'’°. As illustrated in Figure 1, the process of
SpeechMaster consists of four steps: (1) activity inquiry, (2) availability inquiry, (3) speech shadowing, and (4)
continue-to-next inquiry. At any step, the user may say “Stop” to immediately terminate the current session. The
following describes each step in detail:

« Activity inquiry: This step collects contextual information about the user’s current activity before initiating
the proactive service (i.e., SpeechMaster). SpeechMaster begins the interaction with the prompt: “Hi, what
are you doing now?” This serves both to gather user activity context and to provide an auditory cue that
initiates the conversation®.

Availability inquiry: This step determines whether the user is available (or interruptible) to engage in a
speech shadowing practice session. SpeechMaster asks: “Would you like to practice your pronunciation?
Please answer yes orno.” A “No” response ends the session, while a “Yes” response advances to the Speech
shadowing step.

Speech shadowing: In this step, SpeechMaster delivers an English sentence aloud and prompts the user to
repeat it (e.g., “Repeat after me. <Sentence>"). Upon repetition, the system analyzes pronunciation
accuracy and provides feedback, such as a numerical score (0-100). The process then continues with the
next sentence (e.g., “Next sentence. Repeat after me. <Sentence>").

Continue-to-next inquiry: This step is designed to collect information on how long the user has participated
in the service and whether they wish to continue. Beginning 3 minutes after the interaction starts, and every
2 minutes thereafter (i.e., at 3, 5, 7, and 9 minutes), SpeechMaster asks: “Would you like to continue? Please



answer yesorno.” A“Yes” response resumes the Speech shadowing step. A “No” response ends the session.
If the session reaches the maximum duration of 10 minutes, SpeechMaster announces: “You have reached
the maximum time for now. See you next time,” and concludes the session.

Add-on Device and Application

To enable commercial smart speakers to deliver proactive services, capture rich contextual data, and safeguard

participant privacy, we developed an add-on device, a triggering app, and an image deleter app. Detailed
descriptions of each are provided below.



« Add-on device: As shown in Figure 2, the device attaches directly to the smart speaker. It consists of a 3D-
printed circular frame, an amplifier, and an external 3W speaker, all connected to a smartphone. The device
delivers prerecorded voice commands to the speaker’s microphone, from the triggering app installed on the
smartphone, and the speaker is activated by listening to the voice commands.

« Triggering app: The triggering app triggers SpeechMaster by delivering prerecorded commands to the smart
speaker via the add-on device. To deliver successfully, it dynamically adjusts the volume of voice
commands based on the ambient noise levels measured two minutes before delivering proactive service.
Furthermore, it captures surrounding visual contextual data by taking images and sound recordings (e.g.,
human voice and ambient noise) at one-second intervals for two minutes before delivering proactive
service. To avoid triggering the service when the user is not at home, the app scans nearby MAC addresses
of WiFi signals around the smartphone. This allows the app to detect the user’s smartphone, and thus infer
the user’s presence at home.

» Image deleter app: Although participants consented in advance to the release of their image data for
research purposes, they might still not want to share certain images. To address this, we developed the
image deleter app, which enabled participants to review and selectively remove such images before data
release. The image deleter app displayed captured images in a grid layout, allowing users to browse, select,
and delete any images.

Contextual Data Collection

SpeechMaster was triggered at random intervals of 30 to 90 minutes (on average, every 60 minutes) within
participant-defined operating hours (e.g., 09:00-24:00) while the participant was at home. The operating hours
were configured separately for weekdays and weekends to accommodate each participant’s daily patterns (e.g.,
waking and sleeping times). Each time SpeechMaster was triggered, the triggering app collected sound and image
data at one-second intervals for two minutes prior to the proactive service delivery, as described above. After the
three-week study, participants reviewed the collected images using the image deleter app and removed any images
they did not wish to share.

Recruitment

For our data collection, we recruited 26 participants from local communities. As SpeechMaster is a conversational
microlearning application designed to help improve English pronunciation, we selected participants aligned with
this objective to ensure SpeechMaster would serve as a useful and personalized tool for them. For participants
selection, we considered two key eligibility criteria: (1) interest in improving their English pronunciation skills,
and (2) spending more than four hours per day at home (excluding sleep) on at least five days per week. The
participants received approximately 80 US dollars for their participations. The average age of the participants was
23.5 years (SD =9.28, range = 18-59 years), and 10 participants (38.5%) were female.

Procedure of data collection

Before data collection, participants visited the laboratory to sign informed consent forms and receive experiment
kits. To ensure a smooth data collection process, participants underwent an orientation session detailing the
procedure of installing experiment kits. Next, data were collected over three weeks through an in-the-wild field
study. During this period, six researchers periodically reviewed participant response data to monitor
completeness and consistency.

During data collection, participants responded with detailed contextual information to the provided
contextual inquiries, including the Activity inquiries (for the details, see Section SpeechMaster). Responses to
the Activity inquiries detailed their current activity (e.g., what they were doing), location (e.g., specific room and
position or space within the house), method (e.g., whether tools were involved), presence of others (if anyone),
and rationale (e.g., “I was watching a movie on my laptop at my desk”).

If a participant provided incomplete responses (e.g., failing to mention watching a movie while eating) or did
not respond to contextual inquiries, additional responses were collected via instant messaging once a day. For
incomplete responses, participants were prompted to clarify their activities at the time. For non-responses,
participants were asked to explain why they had not responded. Consistent with prior research, we provided
recall cues to facilitate participants’ memory, including response timestamps, sound recordings, and text-based
responses®.

Throughout the data collection period, the six researchers annotated activities on each delivered service by



cross-examining the participants’ SpeechMaster responses, daily supplementary reports, images, and audio
recordings. After the data collection, five researchers then analyzed and categorized the annotated activities into
12 distinct categories, as detailed in ActivityCat-egories.pdf included in our dataset. Specifically, each researcher
initially developed a codebook independently, and they collaboratively refined the codebook through continuous
discussion and iterative review until full agreement was reached on the final codebook. Then, based on this
codebook, each researcher independently categorized the annotated activities, and they refined the
categorizations through the same collaborative process. Instances where participants described multiple activities
in



asingle response were categorized into multiple relevant categories. For example, if a participant reported, “I was
eating dinner while watching YouTube on [my] laptop at [my] desk,” the activity was classified under both the
‘eating’ and ‘using media’ categories.

Data Records

The INPROSH dataset?® is available upon application and signing of a Data Usage Agreement (DUA) for research
purposes in the online Zenodo repository. In the following sections, we present detailed descriptions of our dataset,
including Userlnfo.csv, ServiceSession.csv, Interruptibility.csv and UserContexts.csv. All data were formatted as
Comma-Separated Values (CSV) and Portable Document Format (PDF), images in Joint Photographic Experts
Group (JPG) format, and sound in Third Generation Partnership Project (3GP) format. Figure 3 presents an
overview of our dataset.

User Information
UserlInfo.csv contains demographic information of participants, including participant-specific data collection
settings (i.e., the type of their house and the installed position of smart speakers).

* uid: unique identifier of each participant.

« age: numerical variable indicating international age of each participant at the time of the experiment.

* gender: categorical variable indicating each participant’s gender: (1) ‘M’ or (2) ‘F’, corresponding to male
and female, respectively.

» homeType: categorical variable indicating the type of residence: ‘more-than-two-bedroom house’, ‘two-
bedroom house’, and ‘one-bedroom house’.

speakerLocation: categorical variable indicating the room where the smart speaker was installed: ‘Bed
Room’ or ‘Study / Working Room’.

speakerPosition: categorical variable indicating the smart speaker’s placement within the room: ‘Desk’ or ‘Bed’.

Service Session Data
ServiceSession.csv contains service session information, such as the service session delivery time.
* uid: unique identifier of each participant. This column matches with the uid in UserInfo.csv.
« sid: a unique identifier of each service session.
» weekOfExperiment: integer variable indicating the week within the data-collection period, ranging from 1 to 3.

dayOfWeek: categorical variable indicating the day of the week: ‘Mon’, ‘Tue’, ‘Wed’, ‘Thu’, ‘Fri’, ‘Sat’, or
‘Sun’.

startTime: time-of-day variable indicating when each service session started, recorded in 24-hour format as
HH:mm:ss.sss.

activitylnquiry: continuous variable indicating the elapsed time from startTime to the onset of Activity inquiry
step, recorded in seconds-milliseconds format as ss.sss. This value is empty if the participant did not respond
to this step.

availabilitylnquiry: continuous variable indicating the elapsed time from startTime to the onset of Availability
inquiry step, recorded in seconds-milliseconds format as ss.sss. This value is empty (1) if the participant did
not respond to this step or

(2) if service session terminated before this step began.

speechShadowingl: continuous variable indicating the elapsed time from startTime to the onset of Speech
shadowing step, recorded in seconds-milliseconds format as ss.sss. This value is empty (1) if the participant
did not respond to this step or

(2) if the service session terminated before this step began.

continue-to-nextinquiryl: continuous variable indicating the elapsed time from startTime to the onset of
Continue-to-next inquiry 1 step, recorded in seconds-milliseconds format as ss.sss. This value is empty (1) if



the participant did not respond to this step or (2) if the service session terminated before this step began.

« speechShadowing2: continuous variable indicating the elapsed time from startTime to the onset of Speech
shadowing step, recorded in seconds-milliseconds format as ss.sss. This value is empty (1) if the participant
did not respond to this step or
(2) if the service session terminated before this step began.

« continue-to-nextlnquiry2: continuous variable indicating the elapsed time from startTime to the onset of
Continue-to-next inquiry 2 step, recorded in seconds-milliseconds format as ss.sss. This value is empty (1) if
the participant did not respond to this step or (2) if the service session terminated before this step began.



« speechShadowing3: continuous variable indicating the elapsed time from startTime to the onset of Speech
shadowing step, recorded in seconds-milliseconds format as ss.sss. This value is empty (1) if the participant
did not respond to this step or
(2) if the service session terminated before this step began.

« continue-to-nextlnquiry3: continuous variable indicating the elapsed time from startTime to the onset of
Continue-to-next inquiry 3 step, recorded in seconds-milliseconds format as ss.sss. This value is empty (1) if
the participant did not respond to this step or (2) if the service session terminated before this step began.

« speechShadowing4: continuous variable indicating the elapsed time from startTime to the onset of Speech
shadowing step, recorded in seconds-milliseconds format as ss.sss. This value is empty (1) if the participant
did not respond to this step or
(2) if the service session terminated before this step began.

« continue-to-nextlnquiry4: continuous variable indicating the elapsed time from startTime to the onset of
Continue-to-next inquiry 4 step, recorded in seconds-milliseconds format as ss.sss. This value is empty (1) if
the participant did not respond to this step or (2) if the service session terminated before this step began.

« speechShadowing5: continuous variable indicating the elapsed time from startTime to the onset of Speech
shadowing step, recorded in seconds-milliseconds format as ss.sss. This value is empty (1) if the participant
did not respond to this step or
(2) if the service session terminated before this step began.

« endTime: continuous variable indicating the elapsed time from startTime to the end of the proactive service,
recorded as seconds-milliseconds format as ss.sss.

» endType: categorical variable indicating how and at which step the service session terminated. Possible
values are ‘max’ and codes of the form ‘<step name> <end type>’ (e.g., ‘continue-to-nextlnquiryl no’).
‘max’ indicates that the service reached the maximum duration of 10 minutes and terminated automatically.
Codes of the form ‘<step name>_<end type>’ indicate that the service stopped during <step name> step due
to <end type>. Specifically, <step name> includes Activity inquiry, Availability inquiry, Speech shadowing
1-5, and Continue-to-next inquiry 1-4. In addition, <end type> includes no (the participant answered “No.”),
stop (the participant answered “Stop.”), no-response (the participant did not respond to at that step and a
session terminated automatically).

Interruptibility Data

Interruptibility.csv contains interruptibility information (i.e., whether participants were available or interruptible) for
each proac-tive service session. The interruptibility value is binary (interruptible or uninterruptible). Two distinct
interruptibility labels are provided to reflect different interaction lengths: SHORT_INTERACTION and
LONG_INTERACTION. SHORT_INTERACTION represents interruptibility for short interactions (i.e., less than one
minute service). This label is particularly useful for identifying opportune moments to deliver proactive services that
involve no more than two conversational turns (i.e., a single-turn interaction in which the smart speaker issues one
prompt and receives one response without further follow-up)?°. LONG_INTERACTION represents interruptibility
for extended interactions (i.e., longer than three minutes). This label is well suited for identifying opportune
moments to deliver proactive services that require more than two conversational turns (i.e., multi-turn interactions
comprising a sequence of related prompts and responses)®°. Figure 4 illustrates examples of these two interaction

types.

* uid: unique identifier of each participant. This column matches with the uid in UserInfo.csv.

« sid: a unique identifier of each proactive service session. This column matches with the sid in ServiceSession.csv.

+ SHORT_INTERACTION_interruptibility: ~ binary  variable indicating interruptibility for the
SHORT_INTERACTION: ‘Interruptible’ or ‘Uninterruptible’. It takes the value ‘Interruptible’ if the
participant interacts with proactive services (e.g., responding at the Activity inquiry step).

* LONG_INTERACTION interruptibility: ~ binary  variable indicating interruptibility = for the
LONG_INTERACTION. It takes the value ‘Interruptible’ if the participant interacts with the proactive service
for more than three minutes.



User Context Data
UserContexts.csv contains information about user context information before proactive service delivery. The

user contexts include behavioral context (i.e., user activities) and spatial contexts (i.e., user location and position.
see Figure 5).

* uid: unique identifier of each participant. This column matches with the uid in UserInfo.csv.

« sid: a unique identifier of each service session. This column matches with the sid in ServiceSession.csv.

* activityl: categorical variable indicating each participant’s primary activity before proactive service
delivery. Possible values correspond to the categories listed in ActivityCategories.pdf.



activity2: categorical variable indicating each participant’s secondary activity (i.e., simultaneously engaged in
with activityl; e.g., eating while using media). Possible values correspond to the categories listed in
ActivityCategories.pdf and an empty value. An empty value denotes that no secondary activity was
performed.

userLocation; categorical variable indicating the room in which each participant was located within the home:
‘Bed Room’, ‘Living Room’, ‘Rest Room’, ‘Study / Working Room’, ‘Other Bed Room’, ‘Laundry Room’,
‘Kitchen’, ‘Dress Room’, ‘Mud Room’, or ‘Balcony’.

» roomType: categorical variable indicating the type of each room within the home: ‘Bed Room’, ‘Living
Room’, ‘Rest Room’, ‘Study / Working Room’, or ‘Other Room’.

userPosition: categorical variable indicating each participant’s position within speakerLocation (i.e., the
room where the smart speaker was installed): ‘Bed’, ‘Desk’, ‘Other Position’, or empty. An empty value
denotes that the participant was not in the speakerLocation.

ActivityCategories.pdf contains information about 12 activity categories and detailed descriptions for each activity.

The multimodal data, consisting of surrounding images and sound recordings, are provided as separate
participant-level archive files (uid1.zip—uid27.zip). These data were collected during the two minutes until each
proactive service began. As illustrated in Figure 3, the data are organized hierarchically: each top-level uid
directory contains sid subdirectories. Each sid subdirectory includes (1) a sound recording file
(sound_recording.3gp) and (2) an images subdirectory containing 120 images captured at one-second intervals.
For privacy reasons, six image sets were removed (uid5: sid581; uid15: sid1629, sid1639, sid1644, sid1685,
sid1723) because participants chose not to share content containing sensitive information.

Technical Validation

Machine Learning Analysis

To ensure that our dataset is technically convincing, we built and evaluated machine learning models to predict
users’ interruptibility (i.e., whether the users are available or interruptible to engage with) toward proactive
services in either SHORT_INTERACTION or LONG_INTERACTION (see Section Interruptibility Data). To
build and evaluate the machine learning models, we first preprocessed our data, then extracted features. These
features were used to build and evaluate various machine learning algorithms. For the evaluation, we considered
5-fold cross-validation and leave-one-subject-out (LOSO) cross validation. The pipeline of our machine learning
analysis is illustrated in Figure 6. Detailed procedures are described in the following sections.

Preprocessing and Feature Extraction

We first preprocessed our contextual data (i.e., UserInfo.csv, UserContexts.csv and ServiceSession.csv). From
these data, we extracted the following types of features to capture relationships between interruptibility and
various types of user contexts: temporal features (i.e., startTime and dayOfWeek), spatial features (i.e., homeType,
roomType, userPosition, speakerLocation, and speakerPosition), and behavioral features (i.e., activityl and
activity?2).

For the temporal features, we utilized a cyclical encoding method for both starTime and dayOfWeek to capture
their cyclical pattern®'. Each feature was transformed into two continuous variables (sine and cosine), ranging
from -1 to 1. For the spatial features, in addition to the variables listed above, we calculated a proximity feature
representing the distance between the user and the smart speaker based on roomType, userPosition,
speakerLocation, and speakerPosition. This feature is an ordinal variable ranging from 0 to 2; higher values
indicate a closer distance. For example, if the user and the speaker are in different rooms, the proximity is 0. If
they are in the same room but in different positions, the proximity is 1. If they are in the same room and the same
position, the proximity is 2.

For the behavioral features, since users could be engaged in multiple activities at the same time, we applied
one-hot encoding to represent each activity independently in a binary format, enabling the machine learning models
to recognize them as independent categorical features??. For example, if the user was engaged in one activity,
‘Hygiene’, when the proactive service was provided, the corresponding activity feature ‘act Hygiene’ is marked
as 1, and all other activity features are marked as 0. Similarly, if the user was engaged in two activities, such as
‘Eating’ and ‘Using a Media’ at the same time, the corresponding features ‘act Eating’ and ‘act Using a Media’



are marked as 1, and all other activity features are marked as 0.

For class, we considered two types of interruptibility classes: SHORT_INTERACTION and
LONG_INTERACTION. For each class type, we build separate models. Each class predicts interruptibility toward
proactive services with different interaction lengths. Models associated with SHORT_INTERACTION can be used
to identify opportune moments to deliver proactive services that involve no more than two conversational turns.
Other models associated with LONG_INTERACTION can be used for identifying opportune moments to deliver
proactive services that require more than two conversational turns.



Model Training and Evaluation

For the machine learning algorithms, we considered Random Forest?®, Gradient Boosting?*, XGBoost®,
LightGBM?, CatBoost?’, and Support Vector Machine (SVM)%. Random Forest, Gradient Boosting, XGBoost,
LightGBM, and CatBoost are tree-based ensemble learning methods capable of handling non-linear relationships
between features. They have been widely considered in prior studies on prediction of users” willingness to
engage®® 3, SVM was included due to its robustness in handling both linear and non-linear relationships. For a
baseline model, similar to prior studies®?3, we trained a dummy classifier that always predicts the majority class,
and compared performances with our machine learning models.

In real-world deployment scenarios, deployed models are often not trained on data from the actual users of the
system. For example, when a model is deployed on Google Nest Mini speakers, it is unlikely that the training data
includes usage data from those specific end users. To account for this gap and better assess generalizability, we
also considered LOSO cross-validation (CV), in addition to 5-fold CV. LOSO CV evaluates performance on
entirely unseen users by partitioning the dataset into folds such that each fold contains all samples from a single
participant. In each iteration, one fold was used as the test set while the remaining folds served as the training set,
and this process was repeated until every participant’s data had been used once for testing. For 5-fold CV, the
dataset was randomly divided into five equal-sized folds. Across five iterations, one fold was held out for testing
and the remaining four were used for training. To mitigate class imbalance within the training data, we applied
the Synthetic Minority Over-sampling Technique®* in every iteration of both CVs.

Model Evaluation

Model evaluation results are shown in Table 3. For performance metrics, accuracy and macro F1-score were used.
In both short interaction and long interaction prediction, all models outperformed the baseline. For
SHORT_INTERACTION, LightGBM showed the highest performance under LOSO CV, with an accuracy of
0.809 and Random Forest with the highest F1-score of 0.727. Similarly, in 5-fold CV, Random Forest led
with an accuracy of 0.814 and an Fl-score of 0.777, highlighting the effectiveness of both boosting-based
models and ensemble-based models for SHORT INTERACTION prediction. For LONG_INTERACTION,
CatBoost obtained the highest accuracy of 0.695 and F1-score of 0.630 in LOSO CV. Under 5-fold CV, SVM
outperformed others, achieving the highest accuracy of 0.682 and achieved the highest F1-score with 0.680. These
results underscore the robust and consistent performance of CatBoost as a boosting-based model and SVM as a
strong standalone model for LONG_INTERACTION prediction.

Usage Notes

The INPROSH dataset!® is available upon application and signing of a Data Usage Agreement (DUA) for research
purposes in the online Zenodo repository.

Potential Applications

Our dataset is designed to support researchers in identifying and analyzing opportune moments to engage in
proactive services in home environments. To achieve this, our dataset provides interruptibility labels with user
context information at the time of measuring the interruptibility. The user context information includes
behavioral context, temporal context, spatial context, and surrounding image and sound recordings. While prior
studies have typically attempted to identify opportune moments for short interactions (e.g., less than 1 minute
services)>®3, our dataset provides up to ten minutes of interaction time, making it well-suited for investigating
longer proactive services. Researchers using our dataset can redefine the LONG_INTERACTION threshold to fit
their needs (e.g., 5min, 7min, 9min).

Beyond the primary intent of our dataset, we anticipate its applicability in broader research areas. First, the
dataset can be leveraged to detect opportune moments for household appliances (e.g., TV, refrigerator,
microwave, etc.) other than smart speakers, in order to facilitate proactive interactions between users and
household appliances. For example, Sarkar et al. proposed a smart refrigerator with proactive inventory
management that proactively interacts with users and informs users about food status, expiry dates, and spoilage
risks®¢. Our dataset can be used to build machine learning models to detect opportune moments for interactions
between users and such household appliances, enabling more context-aware and timely proactive services.

Next, our dataset includes image data at one-second intervals for two minutes before providing a proactive
service, along with user activities at the time of image capture. This dataset can be utilized for research on human-
object interaction (HOI) detection. HOI detection is a computer vision task that aims to identify people, objects,



and their specific interactions (e.g., holding, riding) in images or videos®’. Each two-minute sample in our dataset
comprises (1) a sequence of images that serve as visual features, (2) user activity labels that provide ground-truth
annotations.

Furthermore, our dataset includes surrounding sound data (i.e., human voice and ambient noise) at the time of
image capture. This sound data can enrich the input modality, in addition to image data. This makes our dataset
more valuable for training multimodal models to understand complex HOIs, ultimately improving detection
performance. For example, a model can be



trained to detect whether a user is ‘studying’ or ‘using media’ by recognizing visual cues (e.g., a person sitting at
a desk with a laptop) and auditory cues (e.g., typing sounds and laptop speaker sounds). Therefore, this dataset
facilitates the development of robust multimodal models for accurate HOI detection.

Limitations

Our dataset excludes data during nocturnal periods, as proactive services were not delivered while participants
were asleep. However, given the low interruptibility observed during daytime naps, this omission may not
compromise the dataset’s overall utility. Furthermore, the dataset is confined to a single proactive service
(microlearning), which precludes analysis of how service type influences opportune moments. Instead, our
dataset is suitable for capturing the impact of context by excluding those of service type.

Data availability

The INPROSH dataset?® is available upon application and signing of a Data Usage Agreement (DUA) in the
online Zenodo repository at https://doi.org/10.5281/zenodo.20487071 for research purposes.

Code availability

The Jupyter Notebook, including our technical validation process, is available at https://github.com/HAI-lab-
KNU/INPROSH-SupplementaryCodes. The SpeechMaster source code is available for download at
https://github.com/HAI-lab-KNU/SpeechMaster.
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Figures & Tables

Table 1. Comparison of data collection setting between INPROSH and prior datasets.

Dataset Participant (M/F)  Target Device (Environment) Interruption modality
INPROSH (Ours)?* 26 (16/10) Smart speaker (at home) auditory-verbal

Pielot et al. (2017)% 337 (159/178) Smartphone (not specified) visual-manual

INAGT (2021)% 61 (37/23) Infotainment system (in-car) auditory-verbal

TD2D (2025)% 50 (25/25) Infotainment system (in-car) auditory-verbal

K-EmoPhone (2023)%2 77 (53/24) Smartphone, wearable device (not specified)  visual-manual
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Table 2. Comparison of data between INPROSH and prior datasets. PPG = photoplethysmography, HR =
heart rate, EDA = electrodermal activity.

Dataset Data Types
Interruptibility Temporal Context Spatial Context Behavioral Context
Physiological
Indoor user Outdoor user Indoor(in-car) user ~ Outdoor user
location location activity activity
INPROSH interruptibility service start time, place information indoor activity (e.g.,
(Ours)*® (e.g., interruptible,  service end time, (e.g., bedroom), laundry, studying),
uninterruptible) etc. position information surrounding images
(e.g., desk) and sound recordings
Pielotetal. interruptibility service start time, place information outdoor activity
(2017)% (e.g., distracted, service end time (e.g., work, home) (e.g., on bycicle,
non-distacted) in vehicle)
INAGT interruptibility service start time, place information in-car activity (e.g., PPG, HR,
(2021)* (e.g, interruptible,  etc. (GPS coordinates) steering wheel angle), EDA, etc.
uninterruptible, driver videos
No response)
TD2D interruptibility adversarial in-car activity (e.g., HR, pupil
(2025)% (e.g., takeover scenario duration, texting, audiobook diameter,
success or failure) ~ critical event listening) EDA, etc.
occurrence time
K-EmoPhone interruptibility service start time, place information outdoor activity  HR, skin
(2023)% (e.g., disturbance service end time, (GPS coordinates) (e.g., onbycicle, temperature,
on a 7-point etc. in vehicle), etc. EDA, etc.
Likert scale)
Table 3. Machine learning model performance.
LOSO CV 5-fold CV
Model Shortinteraction Longlnteraction ShortInteraction Longlnteraction
Accuracy F1 Accuracy F1 Accuracy F1 Accuracy F1
Random Forest 0.808 0.727 0.664 0.620 0.814 0.777 0.656 0.654
Gradient Boosting 0.800 0.706 0.682 0.622 0.796 0.744 0.673 0.669
XGBoost 0.808 0.716 0.685 0.622 0.803 0.761 0.668 0.663
LightGBM 0.809 0.722 0.688 0.623 0.805 0.764 0.664 0.659
CatBoost 0.806 0.720 0.695 0.630 0.809 0.769 0.676 0.671
Support Vector Machine 0.807 0.725 0.682 0.626 0.811 0.773 0.682 0.680
Baseline 0.493 0.448 0.512 0.479 0.515 0.476 0.504 0.503
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Figure 1. Procedure of the SpeechMaster (microlearning proactive service).



Figure 2. Components of SpeechMaster: a smart speaker (e.g., Google Nest Mini) and a speaker add-on
device.



INPROSH

UserInfo.csv

* User's demographic information and user-specific spatial context during the data collection
period (i.e., uid, age, gender, homeType, speakerLocation, and speakerPosition).

ServiceSession.csv

* Service session including temporal data (i.e., uid, sid, weekOfExperiment, dayOfWeek,
startTime, activityInquiry, availabilityInquiry, speechShadowing1~5,
continue-to-nextInquiry1~4, endTime, and endType).

Interruptibility.csv

« Interruptibility data for each service session (i.e., uid, sid,
SHORT_INTERACTION interruptibility, and LONG_INTERACTION_interruptibility).

UserContexts.csv

\/

* Behavioral data and spatial data (i.e., uid, sid, activity1, activity2, userLocation, roomType,
and userPosition).

ActivityCategories.pdf

« Twelve activity categories and their descriptions (e.g., Eating, House chores, Hygiene).

Multimodal Dataset

sound_recording.3pg

uid3.zip sid3

3-0C
0-000

Figure 3. Overview of our dataset.
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Figure 4. Examples of Single-turn and Multi-turn interactions.
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Figure 5. An example of the spatial configuration of the user and the smart speaker within a home. In this scenario,
the user is located in the Living Room, whereas the smart speaker is located in the Bed Room, positioned on the

bed.
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Figure 6. Machine learning pipeline. The pipeline illustrates preprocessing and feature extraction followed by
model training and cross-validation. The section labeled “Model Training and Cross-Validation” in the figure



specifically shows the procedure of LOSO CV. For simplicity, the five-fold CV process is not separately
illustrated.



