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Over the past two years the Ubicomp vision of ambient voice assistants, in the form of smart speakers such as the Amazon
Echo and Google Home, has been integrated into tens of millions of homes. However, the use of these systems over time in
the home has not been studied in depth. We set out to understand exactly what users are doing with these devices over time
through analyzing voice history logs of 65,499 interactions with existing Google Home devices from 88 diverse homes over
an average of 110 days. We found that specific types of commands were made more often at particular times of day and that
commands in some domains increased in length over time as participants tried out new ways to interact with their devices, yet
exploration of new topics was low. Four distinct user groups also emerged based on using the device more or less during the
day vs. in the evening or using particular categories. We conclude by comparing smart speaker use to a similar study of
smartphone use and offer implications for the design of new smart speaker assistants and skills, highlighting specific areas
where both manufacturers and skill providers can focus in this domain.
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1 INTRODUCTION

Smart speakers, such as the Amazon Echo or Google Home, have become popular additions to homes
throughout the world in the past two years. These devices provide a new way for people to interact with
computing systems in their home, by voice, without the need to touch a device. These devices are becoming
pervasive in the United Sates and throughout the world. Amazon has sold over 30 million Echo devices, and

Author’s addresses: Oath, Inc. 701 First Ave. Sunnyvale, CA, USA fbentley@yahoo-inc.com

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for
components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to
post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from Permissions@acm.org.
Copyright © ACM 2018 2474-9567/2018/9 - 91 $15.00

https://doi.org/10.1145/3264901

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 2, No. 3, Article 91. Publication date: September 2018.



91:2 « F.Bentleyetal.

Forrester Research expects that half of American homes will have a smart speaker device by 2022.! Google
claims to be selling a Google Home device every second (a pace of 31.5M/year).?

These devices enable users to issue a broad set of commands on a wide range of topics. In addition to playing
music, users can ask in natural language about the weather, stock market, travel plans, store hours, online
shopping orders, and other general information topics. These devices also provide smart home integration to
control lights, heating systems, and set timers and alarms. Both Amazon and Google add new functionality
periodically as well as support add-on “skills” from third party developers. These skills often involve music
playback, tasks such as ordering rideshare cars, or specific entertainment experiences. As of January 2018, the
top skills in the Amazon ecosystem were Jeopardy, Box of Cats, Jurassic Bark, Twenty Questions, and
Thunderstorm Sounds.? Other skills from more well-known companies include ordering pizzas from Dominos,
getting a ride from Lyft or Uber, and weather forecasts from Accuweather and Weather Bug.

Smart speaker devices represent a vision of pervasive computing initially laid out in research agendas around
Calm Computing [24] and demonstrated in non-functional concept videos such as the Knowledge Navigator [1]
from Apple in 1987. These visions imagined computing retreating into the background and involved people
using more natural interactions such as voice to engage with smart computing services instead of using a
keyboard or touchscreen to interact with a graphical interface. Similar interfaces were actually built in the late
1990s and early 2000s in prototype systems in several research labs. [10, 17] While voice assistants have been a
dream of the HCI, Ubicomp, and Al communities for decades, this new era of smart voice speakers represents
the first-time ambient voice interfaces are readily available in home environments, for millions of people.

While these devices are becoming increasingly popular, especially as their prices are driven down (the Google
Home Mini was available for $19 over the 2017 holidays), little has been studied on how they are used
longitudinally. As this is the first time these types of voice assistants have been integrated into real home
environments for months at a time at a large scale, understanding how and when they are used is critical to
understand both their usefulness and opportunities to create new experiences for future voice assistants. This
moment in time for smart speakers is quite similar to the early years of smartphone availability, where the
Ubicomp and Mobile HCI research communities focused on understanding how real-world users would engage
with technology that they had been studying in the lab and in small deployments for years. Specifically, we had
the following research questions:

1.  What types of commands do people make to their smart speakers (e.g. weather, music playback, smart
home control, etc.) and in what percentages do they use these different features?

2. How are these devices used at different times of day or days of the week? Are there differences in the
categories of commands?

3. How do these types of commands change over time as users become more familiar with these devices?
Do the topics change? Does the length of commands change per topic over time?

4. Are there any differences in use of these devices in different age groups or household sizes?

To answer these questions, we gathered full usage logs of Google Home use from 88 diverse households
located throughout the United States. Importantly, these were all existing Google Home owners who shared their
past usage history with us, so that usage was not affected by being part of a study. These logs provided
timestamps and command strings for a household’s entire history of interaction with their device since the date
of purchase. We analyzed these logs to answer the questions above and will conclude with several implications
for the design of new conversational agents and smart speaker devices.

! https://www.forrester.com/report/Forrester+Data+Smart+Home+Devices+Forecast+2017+To+2022+US/-/E-RES 140374
2 https://www.blog.google/products/assistant/how-google-home-and-google-assistant-helped-you-get-more-done-in-2017/
*https://www.amazon.com/b?node=13727921011

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 2, No. 3, Article 91. Publication date: September 2018.



Understanding the Long-Term Use of Smart Speaker Assistants <« 91:3

2 RELATED WORK

The history of voice interaction in the home did not start with this current generation of smart speakers.
Science fiction shows, such as Star Trek or 2001: A Space Odyssey, popularized the idea of giving voice
commands to a “computer” long before creating such systems was technically feasible. As technology
progressed, a variety of systems have been built over the past twenty years that have enabled a variety of types
of voice interaction and control in home or office environments.

The Intelligent Room project at MIT [7, 10], built in the late 1990s, was an intelligent environment controlled
via voice and gesture. Voice commands could be issued to control lights, play music, move blinds, or ask some
general-purpose questions such as weather. Similar to today’s smart speakers, it used a wake word (in this case
“computer”) at the beginning of each command. This system was fully deployed in the lab, however required a
room full of computers and hundreds of meters of cabling to operate and was never studied in real home
environments over time, serving as more of a technical proving ground than a system integrated into daily life.

The ComHOME project from the Interactive Institute [16] created an apartment with a variety of voice
controls. In this system, voice was mainly used to initiate video calls between apartments. In a similar manner,
the Aware Home project at Georgia Tech created a voice paging system in their smart home environment.
Inhabitants of the home were able to initiate paging within the home by calling out the name of the person that
they wanted to talk to [17]. However, for both of these systems, there was not long-term usage data from a wide
variety of participants given the difficulty of custom-built deployments, so it is unclear how these types of
systems would have been used over months of interaction in a diverse set of homes.

Early criticisms of smart homes and voice assistants (e.g. [4]) stated that they were motivated by what was
technically possible rather than what was desirable. And indeed the interactions with these environments were
quite clunky. Voice recognition technology at the time was relatively poor compared to current levels of
accuracy. As an example, Google has lowered word error rates by 30% in the past few years using tensor-based
systems [11]. And use cases around turning on lights or lowering shades were not seen as useful enough reasons
to add a room or closet full of additional hardware to support always-on listening in a home environment. We
were curious if use of these new smart speakers, given expanded feature sets, minimal cost, and easy setup,
might show higher retention than these earlier deployments.

Before voice interaction came to the homes of consumers, some smart home technology became more readily
available. Many of the features of the Intelligent Room and other research projects from the 1990s were widely
available in DIY Kkits or from professional installers in the early 2010’s. At this time, control was mainly via
wireless remotes or smartphone GUI applications. Brush et al. [5] studied smart home interactions in 2011 and
included photos of some of the physical controls for interacting with smart homes that were used in the wild at
the time. Nowhere in their paper is voice interaction mentioned, as this technology was still not mature enough
just seven years ago. Mennicken and Huang [20] studied the use of smart homes as well, and the differences in
use between the person who set up the technology and the other members of the household, noting potential
conflicts, often around using these clunky remote controls and understanding complex scripts of controls that
were mapped to single buttons.

Voice interactions came into everyday use with mobile applications such as Siri, Google Assistant, and
Cortana. Luger and Sellen [19] explored the use of phone-based smart assistants and found them to be “like a
really bad PA [personal assistant].” They found that users expect a greater amount of functionality than the
agents could provide and were frustrated when assistants could not answer questions that they thought to be
simple. The use of these assistants continued to spread. However, while 98% of iPhone users had tried Siri, 70%
said that they did not use it regularly.*

When these assistants, such as Alexa, moved into the home, a very different interaction could be created. The
placement of devices in a kitchen or living room, combined with the hands-free nature of interaction, harkens
back to earlier work on intelligent rooms and smart homes. Beyond understanding how these devices are used in

* http://www.businessinsider.com/98-of-iphone-users-have-tried-siri-but-most-dont-use-it-regularly-2016-6
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a home setting, we were curious to see if their use resembled the patterns seen with Siri where frequent use was
quite rare for most iPhone owners.

Given the recent release of Google Home and the Amazon Echo, there is little published work exploring how
people are using these devices. Purington et al. [21] analyzed online reviews of the Amazon Echo, finding that
people made an emotional connection to Alexa and that personification of the voice led to increased satisfaction
with the device as shown by ratings given along with the review. Robinson et al. [22] recently explored the use
of smart speakers in a single-time probe in an economically disadvantaged area of India, finding that participants
asked combinations of fact-based, contextual, and opinion-related questions. However they only collected 83
questions throughout the trial of the probe.

Yet, no one has studied the use of these devices over time. Particularly, our research questions that were laid
out in the introduction have not been answered by any of this related work. Understanding use over time, and the
categories of use that users engage with on their smart speakers has large implications for the field of Ubiquitous
Computing. These devices are similar to the introduction of the smartphone in creating mass market adoption of
a concept that originated within our community. Similar to the study of smartphone use, we wanted to
understand how these devices were used throughout the context of a day and over months of deployment in real
home settings. Thus, we set out to conduct our own study to gather usage logs of interactions with a smart
speaker device.

For this study, we were inspired by the work of Bohmer et al. [6] in their large-scale study of mobile
application use that was conducted not long after the use of mobile phone applications became a mainstream
phenomenon. Many of their research questions were similar to ours in understanding use over time and at
various times of day, but in the domain of smartphone apps. Thus we set out to collect as many logs of Google
Home commands as we could from a broad audience of participants so that we could conduct a similar type of
analysis of use in the domain of smart speaker assistants.

3 METHOD

We used Amazon Mechanical Turk to collect full device usage logs from 88 diverse Google Home owners, in
a manner similar to the phonebook data collection study by Bentley et al. [3]. Participants were provided with
detailed instructions on how to access their Google account history on the web, and how to filter this history to
include data from the Google Home device. Participants were given the opportunity to remove any entries that
they did not feel comfortable sharing with the research team.

In addition to uploading their logs, participants were asked a few questions about their device use, including
how long they had owned the device and where the device was located in the home. The survey concluded by
capturing basic demographic information including the composition of their household. Participants were paid
$5 for uploading their logs, and the entire survey took an average of six minutes to complete. Data was collected
in the summer of 2017, less than a year after the launch of the Google Home device, so these participants are
likely early fairly adopters. All data was collected in accordance with our institution’s policies for research with
human subjects and data retention.

Of the participants, 47% were female and ages ranged from 18 to 64. They lived in 27 different states in all
regions of America. All owned a Google Home, and 17% also owned an Amazon Echo device. Previous
research [2] has shown that samples from MTurk using our same screening criteria can be quite reliable in
understanding technology use when compared to large-scale professional market research surveys or usage logs
from large corporations. Dozens of studies over the past three years that have compared these fast survey
platforms to various ground truths (e.g. usage logs at scale) have typically observed findings within 5-7% of the
ground truth. Given the time and expense of collecting thousands of logs, we believe this method gives us a
strong dataset to understand the use of these devices in the wild.

Overall, 31% of the households were comprised of just a single individual, comparing well with national
statistics (27% of Americans live alone according to data from the Census Bureau’). An additional 32% of

3 https://www.census.gov/programs-surveys/cps.html
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participants’ households consisted of two people. Fifteen percent had three people, and another 15% had four.
Only 6% had more than four inhabitants. We will return to household size in the Findings section to explore
how households of different sizes use these devices. Of the participants, 40% were single, 21% in a relationship,
and 32% were married.

The full command history was extracted from the survey responses. In total, we collected 65,499 commands
(an average of 744 commands and 110 days of data per participant). We created a fixed set of nine domains (e.g.
information, music, home automation, etc.), with 66 subdomains (e.g. finance, light control, television) based on
the capabilities of the Google Home device. To create the domains, we took a random sample of 1,000
commands and performed a team-based grounded theory analysis to identify themes in the commands. We
created a two-level hierarchy, which represent the domains and subdomains discussed in the remainder of this
paper. We iterated on the domains until there was agreement from all researchers involved.

Next, we used a group of editors to manually label 20,000 queries in these domains and subdomains. A subset
were labeled by multiple editors with high inter-rater reliability. We then created a feature set of n-grams from
these 20,000 human-labeled commands to train a support vector machine using cross validation. This achieved
an 88% accuracy at the sub-domain level.

In addition, for each user, relative date stamps were calculated to examine behaviors on the n day of owning
the device regardless of purchase date so that we could compare use over time. We also used a MANOVA to
investigate relationships between household sizes and usage patterns and well as found correlations and
behavioral clusters between several domains of use and frequency of use of the device.

4 FINDINGS

We will now explore the data and describe how it answers our research questions in understanding how smart
speaker technology is being used over time in real world homes who have purchased these devices. Starting by
examining use by hour of day and day of week, we will explore the features that are gaining widespread traction
in use in real home environments. We will then explore the types of commands that households are making over
time, how use changes as people use these devices for months, and differences in use based on age/household
composition. Finally, we will explore between-user trends and behavioral clusters of use. Section 5 will then
contextualize these results in comparison to studies of smart phone use and historical functions of voice
assistants as well as offer implications for the design of new smart speaker services.

4.1 Daily Use

In order to understand how these devices are being integrated into people’s homes and lives, it is useful to
begin by looking at overall daily usage. Figure 1 shows that the median household issued 4.1 commands to their
Google Home device per day, over an average of 110 days of data that we collected per household. This usage
was much higher than we expected, given the lower regular use of smart assistants on mobile phones such as
Siri®. This high usage shows how these devices are being integrated into a wide variety of tasks throughout the
day and evening. Looking at the broader distribution, the 25" percentile household issued 2.5 commands per day
and the 75" percentile user issued 17.7. Interestingly, this shows that the vast majority of our Google Home
users were quite frequent users, which is quite different from the rare use of smartphone-based assistants as
discussed above.

Commands were often given to the device in sequence. We applied a standard 10-minute idle time session
boundary [13-15, 23] to segment the data to examine how many commands were used in each interaction with
the device, as described in [18]. While this might segment longer timers or extended audio sessions such as
podcasts into multiple sessions, we find the use of these devices to be more similar to mobile phones than
desktop computers, where shorter session boundaries are more commonly used. Similar to mobile phones, users
are not sitting in front of the device for hours on end to perform a set of tasks, but rather pick up and put down

® http://www.businessinsider.com/98-of-iphone-users-have-tried-siri-but-most-dont-use-it-regularly-2016-6
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(or in this case, speak to) the device as needed in shorter bursts throughout the day. Figure 2 shows a plot of
commands per session. Across all of the households, 39% of all sessions consisted of only a single command
and 60% of all sessions had only one or two commands. Ten percent of sessions were comprised of more than
ten commands, frequently around music playback (skipping songs, adjusting volume, etc.).

Turning to the content of the sessions, almost half (48%) of all sessions only involved a single domain (as
shown in Figure 3). The vast majority of sessions (77%) involved only one or two domains. Of the two-domain
sessions, 35% contained one command about home automation and 34% contained one command about music
(typically starting or stopping).

Next, we were interested in how use of the device within the household varied by hour of day. Figure 4 shows
the volume of commands that our participants made at different hours of the day. All hours in the graph are in
the local time for the device. The basic shape of the graph matches the times when most people are awake. Use
sharply increases from 6-7am, has another increase before lunchtime between 12-1pm, and then has a daily high
spike around 5-6pm when many people return from work. In addition to this high-level pattern, we can see some
clear differences in domains used throughout the day.

Commands Per Day Length of Queries
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Fig. 1: Commands issued per day to Google Home (left) and average length of commands in words (right).
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Fig. 2: A distribution of commands per session across all
interactions with the device. 39% of all sessions

contained only a single command.

Fig. 3: Number of unique domains used within a session.
48% of all sessions only involved a single domain.
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Fig. 4: Overall Google Home use by hour of day.

Table 1: Google Home use for each high-level domain as a percentage of use for each hour of the day. The conditional
formatting colors indicates overall high vs. low usage for a given domain in a given hour so that temporal variations are
easier to see at a glance.

0 1 2 3 4 5 6 7 8 9 10 [ 11 | 12 | 13 [ 14 [ 15| 16 | 17 | 18 | 19 | 20 | 21 | 22 | 23 % of Totall
1.5%)0.9%[0.5%]0.3%0.3%[1.3%|3.4%|3.4%|4.6%5.6%| 5.7%|5.9%|5.1%|5.0%|5.6%|5.6%| 7.8%|8.6%| 7.6 % 6.6 % 6.6 %|5.7%| 5.8%3.0%| °

Music 43%(38%[37%(44%(43%[44%|31%(35%[42%[42%|40%|46%|43%|47%|45%|41%|41%]|38%|37%|36%|41%|32%|34%|32%| 40%

Information|10%|14%|19%|11%|10%|10%|15%|22%|22%|21%]|21%|14%|18%|17%|15%|18%| 18%|16%|18%(20%|13%|17%| 18%(12% 17%

Automation|18%|20%| 9% |10%|10%|13%| 9% | 4% | 5% | 3% | 5% | 5% | 5% | 4% | 5% | 6% | 6% | 9% | 9% [11%(11%[15%|15%(23% 9%

Smalltalk | 9% | 6% | 9% | 5% | 7% | 4% [10%]| 9% | 5% | 6% | 6% | 7% | 8% | 7% | 8% | 8% | 8% | 9% | 7% | 9% | 8% |13%]|12%|10% 8%

Alarm 4% | 9% | 5% |11%| 9% | 9% | 5% | 3% | 4% | 9% | 4% | 9% | 6% | 5% | 9% | 8% | 6% [10%| 8% | 7% | 6% | 4% | 3% | 5% 6%
Weather 5% | 4% |13%]| 4% | 5% | 6% |14%]| 9% |12%]| 9% | 8% | 7% | 6% | 6% | 5% [ 6% | 6% | 6% | 6% | 4% | 4% | 5% | 4% | 5% 6%
Video 4% | 5% | 1% | 5% | 0% | 1% | 0% | 1% | 2% | 2% | 5% | 4% | 4% | 5% | 4% | 4% | 3% | 4% | 4% [ 4% | 6% [ 4% | 3% | 5% 4%
Time 1% | 0% | 2% | 7% | 7% |11%|11%|14%| 7% | 4% | 3% | 4% | 4% | 3% | 3% | 3% | 4% | 4% [ 3% [ 2% [ 2% [ 2% | 2% | 2% 4%
Lists 1% | 1% | 0% | 2% | 0% | 1% | 1% | 1% | 1% | 1% | 4% | 2% | 2% | 3% | 3% | 3% | 3% [ 2% [ 3% [ 2% [ 3% [ 1% | 1% | 2% 2%

Other 6% | 3% | 4% | 2% | 8% | 2% | 4% | 3% | 1% | 2% | 4% [ 2% | 5% [ 4% [ 3% [ 4% | 4% | 3% | 4% | 4% | 6% | 5% | 8% | 5% 4%

Table 1 further breaks down the hourly usage pattern by the domain of the command. Perhaps the most
interesting observation is how the relative percentages of domains stay fairly consistent throughout the day (as
seen by the relative uniformity of colors in each row). As we will discuss in the following section, this is quite
different from patterns observed in smartphone use, where different app categories have larger hourly
differences. However, there are some interesting changes in the percentage of use of some domains throughout
the day. Music playback dominates throughout the day, remaining the most used category. From 9pm to 2am,
home automation rises in use. Turning off lights, adjusting the thermostat, and other nightly routines dominate
this usage. Weather jumps from 6% to 14% at the 6am hour and remains high through the 9am hour, before
falling back below 10% for the rest of the day. Requests for the time are much higher from 3am-9am, likely as
users lay in bed wondering how many hours they have left before they need to get up.

This use matches the rthythm of a person’s day and shows how different domains are more or less relevant at
different hours. When building assistants of any kind, it is important to consider the user’s context and what is
important to them at particular times of the day. This becomes increasingly important as smart speakers add
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screens (such as the Echo Show) and can proactively show relevant information, a point we will return to in the
Discussion.

Turning to Figure 5, we can see the use of these devices by day of the week. Weekend use is significantly
higher than use during the week (t=2.02, p=0.04), with Mondays being the day of least use. This matches with
when people are likely to be at home, and thus able to use the device. Interestingly, the categories of use remain
quite stable throughout the week and weekend as a percent of the total use, showing that there are not specific
use cases that are being more heavily utilized on specific days.

We will return to these findings on temporal use in the Discussion, where we highlight differences between
the use of voice assistants and the use of mobile phone applications in a direct comparison to data from Béhmer
et al.’s [5] exploration of mobile phone app use. Overall, the patterns described above are quite different from
how people are using their mobile phones, and we find many of the differences in sessions lengths, domains per
session, and hourly use to be quite interesting for the design of future voice assistants.

Use by Day of the Week

DayOfWeek Grouped Domains
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Fig. 5: Google Home use by day of the week, broken out by category.
Use on the weekends is significantly higher than use during the week.

4.2 Changing Use over Time

Now, we will turn to look at the use of these devices over time, as a user integrates them into their lives over
weeks and months. As a reminder, we collected an average of 110 days of use from our participants, enabling us
to discover how usage changes as the devices become a fixture in the home and less of a novelty. Figure 6
shows the types of commands that users make over time, and the percentage of total commands from each of
these categories.

Use by category is fairly stable with changes over time being relatively small. We find this interesting as users
seem to quickly settle on what they will use the device for on the first few days and rarely change this use. In the
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first 7 days, Music represents 35% of use, staying fairly steady but declining to 26% of use in the 145-150"
days. We can see that Automation use cases follow the opposite trend, starting at only 3% of commands on day
one, but then growing to 16% of all commands by the 145-150'" days as users connected additional smart
devices. Other domains such as weather and setting alarms stay relatively constant over time, so that overall the
increasing trend of automation and decrease in music account for most of the changes over these five months.

Use of domains over time
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Fig. 6: The types of commands that users make over months of device ownership.

Unique Domains per User Per day
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Fig. 7: Average of unique domains that users queried per day over time.

While the overall domains are fairly static over time, we were interested in the behavior of specific users. Do
they try previously unexplored domains, or are they fairly set with the domains that they begin with? Figure 7
shows that by the third week users are fairly set in the domains that they use, only using the device for
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approximately three different domains, and that increased exploration does not occur. What is most interesting
to us is that these domains are quite different across users with each user settling in on the domains that are most
useful for them. In total, 22 different subdomains were still being used by participants on week 14, yet in that
week only 28% of users had tried a new subdomain and only 4% tried a new top-level domain.

4.3 Specific Commands

We wanted to explore the content of the commands themselves in order to better understand what users were
actually asking about in particular domains as well as how the length of commands changed (or did not change)
over time. Participants uttered a total of 19,376 unique commands out of the total 65,499 commands in the data
set. Table 2 shows the top 20 commands that were made across all usage. In total, these top 20 commands make
up 22.3% of all commands that were uttered.

Table 2: Top 20 commands made to the Google Home across all users and the count of how many times these exact
commands were made.

Command Percent
stop 7.3%
what time is it 2.7%
pause 1.1%
how much time is left 1.1%
pause TV 0.8%
play 0.8%
skip this song 0.8%
volume up 0.8%
tell me a joke 0.8%
what's the temperature 0.8%
resume TV 0.7%
volume down 0.7%
next song 0.6%
next 0.5%
turn on kitchen 0.5%
what's the temperature outside 0.5%
stop TV 0.5%
turn on table 0.5%
turn off kitchen 0.5%
turn off living room 0.4%

We were also interested in understanding the different words that were used for commands in each domain.
We performed TF-IDF on the commands for each domain, with the most distinct words highlighted in Table 3.
Music requests are most uniquely about “play”ing “songs” or “music,” “skip”’ping, and looking for music “by”
an artist. Automation is about “turn”ing on and off devices in the “kitchen” on the “table” or in a “room.” Lists
are most frequently about “shopping” and “add”ing to “lists” for items like “cheese” and “milk.” What is most
interesting about this analysis is the wide diversity of different tasks that these devices are supporting in daily
life — everything from asking for stock prices, performing math such as division, playing video on the TV,
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querying the weather forecast, controlling lights, keeping a grocery list, and playing music. Unlike phone-based
assistants, our participants have found many diverse uses for their smart speakers and use them regularly.

We were interested in exploring if users made longer commands over time, demonstrating an understanding of
more complex requests that they could make to the device, or if commands got simpler over time with users
optimizing what they could say. The right side of Figure 1 shows a boxplot of command lengths. The median
command to the Google Home device was four words long, with 25% of all commands being just two words or
less and 25% of commands being longer than five words in length.

Table 3: TF-IDF analysis of words used in each domain. The most unique ten words in each domain are shown.

Music Automation |Smalltalk Alarm Video Time Weather Information | Lists

play (0.041) turn (0.062) you (0.011) timer (0.073) [tv (0.148) time (0.111) weather (0.039) divided (0.008) |shopping (0.308)
song (0.017)  |kitchen (0.047) [why (0.008) set (0.026) pause (0.068) |what (0.065) what's (0.037) stock (0.008) |list (0.087)
music (0.016) [table (0.034) do (0.007) alarm (0.026) |resume (0.056) |is (0.030) temperature (0.032)|price (0.008)  |add (0.078)
skip (0.010) room (0.031) your (0.007) time (0.021) [rewind (0.040) it (0.030) the (0.020) what's (0.007) |cheese (0.007)
by (0.092) off (0.028) birthday (0.007) | for (0.013) episode (0.016) |in (0.001) forecast (0.015) weather (0.006) | grocery (0.007)
kitchen (0.008) |living (0.025) good (0.007) an (0.012) stop (0.015) california (0.001) [today (0.010) what (0.005) paper (0.006)
pause (0.008) |lights (0.022) thank (0.006) 14 (0.011) play (0.014) what's (0.001) outside (0.009) score (0.004)  |milk (0.005)
the (0.007) lamp (0.020) have (0.005) cancel (0.009) |video (0.009) |zone (0.001) like (0.008) spell (0.004) creamer (0.005)
table (0.006)  |small (0.018) happy (0.005) [longer (0.007) [next (0.006) the (0.001) tomorrow (0.008) |who (0.004) wipes (0.005)
next (0.005) basement (0.016) |what (0.005) how (0.007) [family (0.005) |[times (0.001) what (0.006) who (0.004) towels (0.005)

Query Length Over Time
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Fig. 8: Length of commands made to the Google Home device over time.
The x-axis represents days since the device was first used.

Figure 8 shows command lengths over time. We find it interesting that the average command length does not
change over time. Users are not significantly changing how they interact with the device after the first few days,
which can also be seen above as the categories of use do not change much over time as well. However, when
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focusing in on particular command types, we found that commands for Time/Task management (r*=0.1,
p=0.0001), Info requests (r>=0.05 p=0.0037), and Entertainment (r>=0.085, p=0.0001) get longer over time,
while commands for Small Talk decrease in length (r>=0.05, p=0.003). When looking at the actual utterances,
we can see that for weather (part of Info requests), users start to ask for specific features of the weather, such as
the high temperature for the day, or for weather in other cities as they interact with the device over time.
Entertainment/Music requests start to include asking for specific songs, increasing command length.

When reading individual commands, it is interesting that users frequently change the way that they ask for
specific information. For example, users who have been using the device for months still ask in different ways
for the weather and seem not to settle on a particular “command.” For example, one user asked “What’s the
weather forecast?” “What’s the high temperature for today?”” and “What’s the high going to be for today?” all
within a few days of each other. It seems extremely important that strong language processing is able to extract
meaning from widely diverging commands, as users have a hard time remembering specific syntax that has
worked in the past and speak to assistants with frequent variations in commands, even within the same sessions.
As mentioned above, we saw 19,376 unique commands made to control a much more modest number of device
capabilities.

4.4 Usage Patterns

In addition to the usage across all users discussed above, we wanted to further investigate differences between
users. We began by running bivariate correlations using the proportional usage variables (commands per day,
sessions per day, percent use by time of day, percent use by each domain, percent weekday/weekend use) to
investigate usage trends across our 88 participants. We observed nine significant large correlations (with
absolute values >.350), all significant with p<.001, 2-tailed, with n=88.

We observed three correlations around amount of use. We found strong positive relationships between:

e Commands per day and Number of domains used (r=.590)
e Commands per day and Sessions per day (r=.545)
e Commands per day and Commands per session (r=.378)

The correlations with commands per day reflect patterns of greater overall usage of the tools: the more
commands per day, the greater the number of sessions per day, commands per session and domains involved.
Users who engaged more heavily with the devices each day also explored more domains and had more complex
sessions of use.

We observed two correlations around midday use:

e  Percent Midday and Percent Small Talk (r = -.390)
e Percent Midday and Percent Night (r = -.367)

These correlations suggest that users who use the device more in the middle of the day use it less at night and
vice versa. Further, those that use it midday do not engage in as much small talk. We found a smaller correlation
between percent small talk and percent night (r = .254, p =. 017), suggesting that users who tend to use the
device at night engage in small talk compared to those who use it midday.

In addition, we observed another strong timing-related relationship:

e Percent Evening and Percent Weekend (r = .398)

Thus, usage during evenings and weekends were correlated. Those who heavily used their devices in the
evenings also did so on the weekends, compared to mid-day users who had a more consistent usage level across
different days of the week. These likely represent those who work outside the home, and households where no
one is home during the day. This relates to the correlation in the previous section showing that people who use
the device more mid-day use it less at night.

Lastly, we found positive and inverse relationships related to usage of devices for information.

e  Percent Information and Average Command Length (r =.371)
e Percent Information and Percent Music (r = -.478)
e  Percent Information and Percent Small Talk (r =.387)
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Usage of the assistant for information retrieval was associated to longer commands and more small talk.
Information and music were inversely related with a quite strong correlation, suggesting that users who tend to
use the tools for information don't tend to use it as much for music. This is interesting, as it points to users
having their own particular dominant usage of the device — whether that’s music or information.

4.5 Demographic Differences

We will now explore some demographic differences in use. As our dataset was quite diverse across ages,
income levels, household composition, and gender of the device owner, we were able to break down our
analysis and focus on age or family composition-based differences in the use of smart speaker systems.

Table 4: Age-related differences in Google Home use for the top 20 sub-categories. Values are the average use of that
domain for a participant per day in each age range.

18-24 25-34 35-44 45-54 55-64
music 0.74 1.67 1.24 0.06 0.21
device 0.38 0.62 0.78 0.02 0.16
volume 0.12 0.51 0.47 0.03 0.11
lightcontrol 0.22 0.54 0.02 0.00 0.02
smalltalk 0.59 0.50 0.48 0.05 0.11
alarm 0.34 0.4 0.42 0.01 0.22
weather 0.20 0.38 0.40 0.01 0.15
video 0.04 0.24 0.02 0.01 0.00
time 0.22 0.17 0.13 0.00 0.01
math 0.37 0.15 0.09 0.01 0.02
define 0.08 0.09 0.23 0.00 0.04
games 0.14 0.10 0.20 0.02 0.01
shoppinglist 0.00 0.14 0.08 0.00 0.00
sports 0.06 0.09 0.14 0.01 0.01
local 0.08 0.1 0.09 0.01 0.04
joke 0.02 0.07 0.12 0.00 0.00
animals 0.04 0.12 0.09 0.00 0.01
finance 0.00 0.09 0.01 0.00 0.00
otherautomation 0.19 0.05 0.01 0.00 0.01
notableperson 0.01 0.06 0.12 0.00 0.00

Table 4 shows a breakdown of usage by age of the account holder that set up the device. Here, we are showing
the lower-level categories that were labeled before grouping to the metadomains to better understand the specific
topics that are queried. There are some clear patterns. Adults 25-44 are more likely to change the volume on the
device (t=3.64, p=0.0006), however those 18-24 are much more likely to ask the device for the time, especially
compared to 45-54 year olds (t=2.41, p=0.02). In addition, 18-24 year olds are less likely to listen to music on
the device compared with 25-44 year olds (t=2.34, p=0.04), perhaps because it requires a paid subscription or
they prefer to use other devices for music playback.

Figure 9 and Table 5 show use by household size. Larger households did not use the device significantly more
often than smaller households (1>=0.04, p=0.74), which was surprising to us as we assumed that additional
family members would all try to use it as well. The largest homes, those with 4+ inhabitants, were the least
likely to use a breadth of features from the devices. Specifically, Home Automation features were used much
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less frequently with this group, yet this group used basic functionality such as music playback and information
requests at a similar rate to other groups.

Use of Google Home by Size of Household
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Fig. 9: Use of Google Home by size of household. Note that usage does not increase significantly for larger households.

Table 5: Differences in use by domain for different household sizes

1 2 3 4+

Music 42% | 35% | 40% | 47%

Information | 15% | 16% | 21% | 18%

Automation | 12% | 11% 9% 3%

Alarm 7% 7% 2% 8%
Weather 9% 5% 9% 4%
Smalltalk 7% | 9% 7% | 9%
Time 5% | 2% 7% | 3%
Video 1% 7% 1% 1%
Lists 0% | 3% | 2% | 2%
Other 3% 5% | 2% 5%

We conducted a MANOVA with age and household size as between-subjects factors with proportional use as
dependent variables. Age was not significant and household size was significant with Hotelling’s trace (p=.05).
We observed a relationship between household size and the proportion of commands that were given on
weekdays versus weekends. Larger households (of 3 or more) use the device proportionally more on weekends
compared to smaller households (Mhouseholdsize1= .238, Mhouseholdsize2=.265, Mhousehouldsize3+ = .380; F[2,58] = 4.651,
p=.014). A post-hoc analysis using the LSD method found that the single and pair households differed
significantly from households of 3 or more (p=.03 and p=.02 respectively), but did not differ significantly from
each other.

These demographic differences highlight that these devices are being used different by households of different
compositions. While younger adults are more likely to ask for time, and those 25-44 are most likely to use the
device for music, larger households engaged more on weekends.
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4.6 Behavioral Clusters

Finally, we conducted a K-means cluster analysis with all participants in order to identify behavioral clusters
between participants. We chose a 4-cluster solution in order to highlight maximal differences between users that
remained significant. Clusters converged in 3 iterations. We included 20 outcome variables in the cluster
analysis (As shown in Appendix 1). The cluster centers were significantly differentiated for 7 variables with a
strong statistical trend for an 8th variable. These are included in the table below.

Table 6: Four behavioral clusters emerged across our n=88 participants.
The features used in our final clustering are included in this table.

Super Medium | Light

Users | Explorers [ Users | Users| p
Commands Per Day 30.44 7.48 5.55 2.61 [<.001
Sessions Per Day 5.93 2.38 2.36 2.30 | .001
Commands Per Session 5.40 3.98 2.74 2.42 | .005
Percent of Use at Night 0.20 0.18 0.13 0.29 | .007
Percent of Use on Weekends | 0.30 0.35 0.33 0.23 | .04
Percent of Use on Music 0.18 0.17 0.24 0.29 | .068
Percent of Use on Video 0.05 0.01 0.01 0.01 | .003
Number of Subdomains Used | 51 44 29 12 [<.001

n=8 n=21 n=34 n=25

Super users have the largest total number of commands and sessions per day as well as use the highest number
of domains. Beyond overall higher usage in terms of commands per day and sessions as well as number of
subdomains explored, their most distinguishing thematic feature is that they proportionally issue more
commands for video.

We have two medium usage clusters with a similar number of sessions per day. They differ in their style of
use: Explorers tend to have more commands per session compared to the other medium cluster. In addition, they
explore significantly more subdomains of use, at 44 compared to 29 for the non-explorer medium group. The
Medium group was our largest cluster, with 34 of our 88 participants falling into this cluster, suggesting that this
may be more illustrative of common behavior.

The Light user group use the fewest commands and domains but have other distinguishing characteristics.
Proportionally, they utter more commands at night and fewer over the weekend, compared to all other groups.
We also observed a trend where they use more music related commands. Note that. there were no significant
demographic differences between clusters (p>.1).

Groups differed in expected ways of heavier to lighter use, but also in unexpected ways in terms of domains
of use. The heaviest users used proportionally more video and less music. All groups had higher weekend use
while the lightest group concentrated on night time use. Our medium groups differed in their style of use, where
both groups averaged about the same number of sessions per day but the Explorer group uttered more

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 2, No. 3, Article 91. Publication date: September 2018.



91:16 + F.Bentley etal.

commands per session. This was interesting to us as sessions and commands did not increase linearly. The
Medium group was our largest cluster, suggesting that uttering fewer commands per session is a more common
behavior.

5 DISCUSSION AND LIMITATIONS

This study has explored how people are interacting with smart speaker assistants in their daily lives over
months of ownership. We analyzed the voice history logs of 65,499 interactions with existing Google Home
devices from 88 homes for a period of over 3 months.

We began by quantifying what usage of these devices looks like overall. Participants made 4.1 commands per
day to their devices on average, with 40% of all queries being for Music followed by Information (17%) and
Automation (9%). Weekend use was higher than weekday use and the median user settled on three domains that
they engaged with per week, not exploring new domains as time went on.

We found that specific types of commands were made more often at particular times of day. Over time, we
found that commands in some domains increased in length but that exploration of new topics was low. We
found relatively few demographic differences though we did observe that larger households use the devices
proportionally more on the weekends.

Correlation analysis found a relationship for overall use of the device: the more commands, the more
sessions and the more domains. Different times of day were correlated: evening use was related to weekend use,
but midday use was inversely related to nighttime use. More midday use was related to less small talk and more
information use. The use of information commands increased with longer commands but was associated to less
music use, suggesting those that use the device for information don’t use it for music and vice versa. This
pattern was reflected in the cluster analysis. The heaviest users used proportionally less music compared to the
lighter groups. General use was the strongest variable that shaped the clusters, though some other patterns
emerged. We found four user groups: one heavy group, the “super users”, two medium-use groups that differed
in the number of commands per session, and one lighter group. The super users and those who explored more
domains were similar in that they used on average over 40 subdomains. The lightest users and those who used
shorter commands were similar in that they used less than 30 subdomains but listened to proportionally more
music.

We have learned much more than what we could capture in a single lab setting by looking at the actual
commands that users made in the contexts of their own homes and lives. While this form of data collection
doesn’t replace the need for interviews and more in-depth design research, it gives us insight into longer-term
natural rhythms and patterns that can be used for fitting new experiences into people’s lives.

We also find this method of data collection interesting as a way for any researcher to gain access to usage data
of systems that they do not control. As more companies provide user-accessible databases of stored interaction
history, as is becoming law in some places [12], researchers can start to understand the use of systems in the
wild and at a large enough scale to find statistically significant patterns of use. Anyone in the world with a few
hundred dollars to compensate participants could have executed this study, regardless of their institution. Most
importantly with this method, each user gives their consent for their data to be used for this research, similar to
already prevalent survey or in-person methods of data collection. We believe that methods like this one can help
address some of the ethical issues of data scraping brought up in recent ethics discussions such as the recent
town hall at CSCW [8].

5.1 Comparison to Self-Reported Data
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Around the same time our study was conducted, two nationally representative surveys were conducted, one by
VoiceLab “and one by NPR®. These studies did not collect logs of use, and instead focused on asking
respondents which features they used and at what time of day. We will briefly compare our findings to their
results.

As we saw in Table 1, music accounted for 40% of the use of the device for our participants. This further
quantifies existing research, such as the VoiceLab study that found that “Playing Music and Books™ was the
most “liked” feature of voice assistants. The Smart Audio Report from NPR also explored the use of voice
assistants through a survey asking users to self-report which domains they used at particular times of day. They
found Traffic, Weather, and News all overindexed in the 5-9am hours. We also saw Weather as a more popular
domain in these hours compared to the rest of the day. Traffic and News both fit under our Information domain,
which also sees a spike from 7-10am. Similar to their report, we saw Automation peaking later at night, however
we did not see a rise in alarms at these later hours. Given the self-reported nature of the NPR data, participants
may have forgotten times when they snoozed or set extra alarms in the morning, or due to social desirability did
not want to admit to this morning laziness.

5.2 Comparison to Smartphone Application Use

We now turn to directly comparing our data with findings from Bohmer et al.’s [6] analysis of mobile phone
use. This paper is what inspired our current analysis, as we wanted to understand the smart speaker ecosystem at
a similar time in its growth to where mobile phone apps were at the time of Bohmer’s study. Smart speaker
devices are currently solving many use cases that people have turned to their phones for in the past decade.
These devices can give information about the weather, set alarms and timers, give news updates, answer general
information questions, and provide access to sports scores and finance tickets. Despite the similarities in
functionality provided, there are some striking differences in use in early adopters of these two different types of
devices and how they fit into the routine of a person’s day.

The first key difference is in count of domain invocations in a typical session. When looking at phone use,
Bohmer et al. found that the vast majority of sessions only involved a single app, and that only 5.7% had more
than 3 apps launched. Our analysis points to a longer tail of interactions, with only 39% of interactions
consisting of a single command and 10% having more than ten commands. When looking at specific domains
we observed similar differences. Bohmer et al. found that 68% of mobile phone sessions only involved one app,
where we found that only 48% of sessions with the Google Home were only in a single domain.

Another key difference lies in the use by time of day. While the overall arc of use looks nearly identical, the
variation in types of domains used throughout the day is much less pronounced on the smart speaker systems.
Most categories are fairly stable over time (as seen by the colors staying stable horizontally in Table 1).
However, Bohmer et al. found much more variation in times of use for specific applications, so much so that it
was the title of their paper (“Falling Asleep with Angry Birds, Facebook, and Kindle”). Other than asking for
time and weather in the morning, and doing more with home automation at night, most use of Google Home
stayed within a few percentage points throughout the day.

Similar to Bohmer et al.’s analysis, we found that smart speakers have their “hit” applications. Whereas the
domain accounting for half of all mobile phone use is communication/messaging applications, music (40%) for
smart speakers accounts for the most frequent use of the device.

Our data set is important to the Ubiquitous computing field in that it explores the use of smart speaker systems
over time, in the wild, with no researcher intervention. Similar to the work of Béhmer early on in the
smartphone era, we hope that this can guide future researchers in understanding the rhythms of use of this newly
mass-market technology. Understanding these patterns can help us to build more contextual services in the
future that best adapt to a user’s context.

7 https://s3-us-west-1.amazonaws.com/voicelabs/report/vl-voice-report-exec-summary_final.pdf
8 https://www.nationalpublicmedia.com/wp-content/uploads/2018/01/The-Smart-Audio-Report-from-NPR-and-Edison-Research-Fall-
Winter-2017.pdf
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5.3 Historical Context

We found that many of the most common uses, including music playback, device control, and commands
about weather, mimic original use cases developed in the Intelligent Room [10] and other early home Al
environments from the 1990s. While systems at the time were not practical for broad deployment (requiring a
closet full of computers to run), now the processing capability has been moved to the cloud, allowing for a small
and simple in-home device that millions of people can use. These devices represent the first time that millions of
users are able to experience many of these technologies that were developed in research labs 15 years ago, and
the opportunities to study their adoption and for what purposes they are used is an exciting area of research that
has only recently opened up in the past year as these devices reach consumer price points and ease of setup and
use.

Beyond these original use cases, the existence of smartphones and smart TVs have enabled new types of
interactions, such as managing grocery lists that are mirrored onto the phone and controlling video playback on
internet-connected televisions. One interesting difference between today’s smart speaker devices and the
original Ubicomp systems is that commands given to today’s devices are much more about creating action or
getting an answer right now, instead of the more agent-based approach that was taken in much of the earlier
research. Users are not asking the devices to set up routines or take if-then style interactions but are more often
using these devices as a “voice-based switch” to turn on a light, start or stop a timer, or get weather in a very
transactional way. Instead of asking “always let me know if it will rain in the morning” users simply ask “will it
rain today?” each day when they think it might rain. This shows that there is still much work to do before these
devices truly match the ambitions of the earlier research and much promise in making these devices even more
useful and proactive.

5.4 Limitations

While we are quite happy with the sample of households that we were able to reach in this data collection
study, they are indicative of early adopter users of the device in America. Use in other countries may differ, and
use for the next generation of users coming in with the heavily discounted prices ($19 for Google Home Mini)
of the 2017 holidays may also be different.

We were also not able to ascertain who was using the device for each command, so our analysis was
conducted at the household level. We do know the household makeup, but with our log access we did not
receive the device’s best estimate as to who was speaking. Note that our data was collected before Google
enabled the multi-user mode of the device. We believe it is still quite valuable to understand adoption at the
household level, and it might be interesting future research to also download the audio files of each interaction
so that speaker identification can be performed.

Finally, while the process of saving and uploading logs was relatively straightforward, we received many
empty or invalid submissions to the survey. Some of these users might have been trying to scam us given the
high reward for completing the MTurk HIT, while others might not have been able to follow the instructions that
we provided due to lower technical literacy (we did describe every step and included screenshots, but there were
several steps to bring up, filter, save, and upload the results). Therefore, our sample may tend a little more
towards the more technically proficient users of these devices.

6 IMPLICATIONS FOR DESIGN

In exploring the findings, we have uncovered a number of implications for the design of new smart speaker
assistants. These implications leverage the patterns that we observed in use over time as well as the types of
commands that participants were making.
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6.1 Introducing the User to New Domains

One of the most striking findings to us is that use does not change much over time, and that users in general
settle on only three domains that they use on a weekly basis and do not frequently try new ones. With the rapidly
growing set of third party skills available, there is a large opportunity in teaching users about new capabilities
that might help them. It seems that the periodic emails from Google about new capabilities are not helping users
to successfully discover new commands that they can make. The assistant itself could help users to find new
domains, based on interactions that they make as well as by exploring interactions on other platforms such as
mobile phone apps that they have installed or email receipts. For example, the device could see that a user rides
Lyft, and then mention that a skill from that company is available the next time they ask for directions or local
venue information.

6.2 Opportunities for Timed Multi-Modal Interactions

As new devices come to market that have ambient display screens as well as voice input mechanisms, such as
the Amazon Echo Show, devices will have the ability to anticipate people’s needs and provide relevant
information on an always-visible touchscreen. In our data, we saw that people often turn on music or set timers
of specific lengths at dinner time, or ask for the weather in the morning. We can create systems that show these
options to the user, or even have the information waiting for them at a glance at the right times, without the need
to talk or interrupt others in the household with a response. Users could then choose to refer specifically to the
information on the screen, asking for more information about “that” or other quick access words based on what
is on the screen such as “star the second email.” Much of the previous Ubicomp research on ambient displays
will be useful here in creating these multi-modal interactions.

6.3 Suggesting Related or Shortened Commands

We can also help the user with repetitive tasks by engaging in dialog to name specific actions and to create
shortcuts. For example, a 12-minute timer at dinner could be renamed “pasta timer” allowing for easy setting
later. Lighting combinations can be remembered, such that commands can be simple if the “usual” action is to
occur at that time. For example, “TV time” could replace “Turn on the living room lights, turn off the kitchen
lights, and turn on the television.” This simplification can make interacting with a voice assistant easier, yet also
runs into issues in shared homes of remembering commands that other have made such as those identified by
Mennicken et al. [20]

We find it interesting that there are relatively few commands for topics of structured information. For
example, 1.2% of requests were for sports, 6% were for weather, and 0.9% were for finance. More research is
needed to explore this further and understand if there is a lack of demand for these types of information, if it is
not clear what types of structured data are available to be queried in these domains, or if users just do not know
how to ask the device for these types of information in a way that it can understand.

Finally, it is interesting that users are not making longer commands over time. Conversational assistants can
provide ways for users to learn how to make commands more complex. A sports assistant might offer up tips on
querying specific players or stat types. An email assistant could help users to understand that they could make
longer commands about package tracking, flight status, or personal finance (e.g. “How much have I spent on
Lyft this week?”) instead of sticking to the basic commands that users are currently making. Interaction with
these devices is very one-way right now, with users making specific one-utterance commands. There is a great
opportunity in making interactions more of a dialog, which can also introduce users to more advanced features
of the device in particular domains.

6.4 Supporting Deeper Agent-Based Interactions
A final implication is in supporting deeper agent-based interactions. As mentioned in the discussion, a stark

difference between today’s smart speakers and earlier research projects on voice assistance is the single
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command nature of today’s devices. Whereas previous research focused on creating “smart” assistants that could
learn over time and remember large amounts of context, supporting rule chaining and other complex logic,
today’s devices are typically made to answer one specific question or perform one action at a time, by direct
command.

Future systems can learn and respond to commands such as “tell me if it’s going to rain” or “wake me up early
if traffic is bad” or other types of commands that involve using state or context to act on the user’s behalf. While
this was the vision of many early Ubicomp systems with voice interfaces, these types of agent-style commands
are not currently supported as seen in our data as people ask for specific pieces of information daily (e.g. “will it
rain today?).

7 FUTURE WORK

This work sheds light on the need for future work in this domain. There are several areas that we see as ripe
for next steps. Some are simple extensions to this type of study using other devices and services, while others
build on clear findings from this research to build new systems.

The first, and simplest form of future work, would be to replicate this study in other countries or using other
devices. The use of these devices might differ in varied cultural contexts or in environments with multiple
generations living in a home. Differing expectations of how children use technology in the home may also affect
use.

Beyond studying Google Home devices, it would also be helpful to study the use of other products such as
Amazon’s Alexa devices and compare the different categories of use between devices as well as use over time.
Perhaps one platform leads to better exploration of new categories over time, or perhaps people use different
language to converse with “Alexa” over “Google” due to the personification of the device. These would be
interesting hypotheses for future research to address. Amazon has a similar page with command history that
could be scraped using a similar method to this study.

Another way to study existing use would be to examine use within a household and how different family
members use the device in different ways. Our logs only captured the use at a household level, and it would be
interesting to see if specific family members used the device in different ways. The raw audio files are available
on the command history pages, so this should be possible to identify different speakers in an analysis that also
collects these files.

Going past simply studying existing behaviors, new systems can be created to encourage users to explore
broader ranges of topics or to try new types of commands within a domain. Multiple strategies can be deployed
here including exploring conversational approaches on the device, different types of emails or notifications on
mobile devices, or ways to share commands that were useful with friends or family. Since we observed a fairly
static set of domains over time, helping users to discover features that might be useful for them is increasingly
important. Since voice interfaces do not have visible affordances, increasing user’s mental models of what they
can do is a critical area of future research.

Finally, we have seen that these devices are currently mostly used for music playback. While this was a
feature of many of the early voice assistants in research such as the Intelligent Room [10], these systems had
many more advanced functionalities that current voice assistants lack. Exploring ways that voice assistants can
be more agent-based and proactive is a promising area of future research with these devices. Currently, the vast
majority of commands to the device are single sentence commands, that do not take advantage of existing
context or past actions. Checking the status of timers or stopping music is about as far as current devices go.
Learning music tastes over time, as well as proactively notifying users of specific events, traffic anomalies,
weather conditions, etc. could provide many added benefits for users of these devices.

We hope that this work opens up many future questions for continued research in this exciting domain as
voice assistants become a part of hundreds of millions of households throughout the world and this area of
previous Ubicomp research makes its way into the living rooms, kitchens, and bedrooms with high daily usage.
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& CONCLUSION

Through collecting usage logs from a diverse sample of users, we were able to see how the use of a smart
voice assistant fits into a household’s daily life and how the use of these devices changes over an average of 110
days of use. Through this investigation, we have developed a deeper understanding of how these assistants fit
into the rhythm of a day, the types of commands that people issue as they use the device over weeks and months,
and how these commands change in terms of topic or length as familiarity with the device increases.
Specifically, we have found that users are heavily using these devices compared to phone-based assistants,
issuing a median of 4.1 commands per day that have a median of 4 words, that entertainment and home
automation commands peak in the evening while weather and time requests peak in the early morning hours,
that only 4% of users tried a new domain in week 14, and that a variety of age and household composition
differences occur in use of these devices. Developing this understanding is important as these devices become
more common in our lives and is also important in providing insights for creating new conversational assistants
or skills.

We hope that this work can spark future studies of smart speaker assistants as well as other devices that have a
downloadable interaction history posted online. Specifically, it would be interesting to compare these findings to
the use of Amazon’s Alexa or Apple’s newly-released HomePod or to run a similar study in another year or two
as these devices become more common in people’s homes.

Finally, more qualitative studies of device use can complement this quantitative examination of command logs

to better understand the lived experience of having one of these devices in the home and aspects of use that are
most enjoyable or most frustrating. The quantitative approach that we have used opens many questions for
further research including a deeper investigation of the “smalltalk” commands where users are attempting to talk
to their assistants as if they were people.
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Appendix 1: Usage by Household

User Commands SessionsP CommandsPe PercentM PercentM PercentEv Percent PercentWe AvgComman Percent Percentinfor PercentAuto PercentSm Percent PercentW Percent Percent Percent NumberDo

ID  PerDay erDay rSession orning idDay ening Night  ekend dLength Music  mation mation allTalk Alarm  eather Video Time Lists mains

1 24.28 3.93 6.18 0.20 0.23 042 0.15 0.24 4.57 0.06 0.11 0.28 0.17 0.06 0.04 0.01 0.01 0.00 61
2 1.20 0.31 3.88 0.05 0.05 0.13 0.77 0.05 434 0.08 0.05 0.00 0.12  0.02 0.07 0.00 0.01 0.00 14
3 2.00 0.94 213 0.05 0.51 039 0.05 0.25 4.01 0.25 0.06 0.09 0.00 041 0.02 0.00 0.00 0.00 14
4 3.30 0.67 491 0.13 0.13 0.55 0.20 041 4.90 042 0.23 0.02 0.04 0.00 0.05 0.00 0.01 0.00 41
5 4.50 164 2.74 0.13 0.65 0.11 0.11 0.00 3.63 0.02 0.11 0.30 0.16 0.03 0.10 0.00 0.00 0.02 18
6 12.24 3.80 3.22 0.09 0.29 0.51 0.11 0.28 3,53 0.22 0.15 0.06 0.04 0.12 0.01 0.06 0.00 0.03 46
7 2.14 0.55 3.89 0.07 0.49 032 0.12 0.62 455 0.28 0.27 0.00 0.04 0.03 0.04 0.00 0.02 0.00 35
8 34.21 8.53 4.01 0.15 0.31 0.19 0.34 0.33 3.87 024 0.14 0.02 0.08 0.07 0.04 0.02 0.05 0.00 51
9 18.08 4.81 3.76 0.11 0.20 040 0.28 0.33 4.10 0.05 0.05 0.61 0.08 0.04 0.02 0.01 0.01 0.00 44
10 4.00 1.66 241 0.05 0.19 0.65 0.10 0.46 478 0.39 0.13 0.03 0.02 0.25 0.01 0.02 0.00 0.01 31
11 6.46 0.61 10.63 0.04 0.34 0.51 0.11 0.60 439 0.06 0.38 0.00 0.18 0.00 0.02 0.00 0.00 0.00 43
12 23.83 5.42 4.40 0.06 0.21 042 030 0.29 523 0.07 0.13 0.31 0.03 0.03 0.01 0.10 0.01 0.00 44
13 37.67 4.08 9.23 0.15 0.39 032 0.14 0.39 379 0.29 0.10 0.01 0.07 0.04 0.11 0.01 0.02 0.00 54
14 10.08 431 2.34 0.14 0.14 0.56 0.13 0.38 412 0.05 0.06 0.47 0.05 0.18 0.00 0.00 0.00 0.06 22
15 1.05 0.86 121 0.00 0.43 046 0.11 0.07 328 0383 0.07 0.00 0.07 0.00 0.04 0.00 0.00 0.00 5
16 14.33 4.92 2.92 0.06 041 040 0.13 0.17 349 0.26 0.08 0.44 0.01 0.01 0.01 0.00 0.00 0.00 29
17 2.72 0.51 5.37 0.09 0.30 0.56 0.05 0.32 352 041 0.06 0.03 0.08 0.00 0.01 0.07 0.03 0.00 32
18 1.35 0.91 1.49 0.14 0.36 041 0.09 0.30 4.07 0.14 0.17 0.00 0.03 0.13 0.02 0.00 0.20 0.00 21
19 19.89 4.22 4.71 0.17 0.03 032 048 0.30 412 0.02 0.14 0.01 0.15 0.16 035 0.00 0.01 0.00 19
20 1.08 0.85 1.27 0.08 0.19 0.71 0.00 0.23 6.47 013 0.31 0.00 0.08 0.02 0.00 0.00 0.00 031 17
21 5.67 2.78 2.04 0.12 0.45 033 0.10 0.20 412 0.02 0.22 0.00 0.04 0.10 0.06 0.06 0.04 0.00 20
22 6.06 0.57 10.69 0.42 0.26 0.26 0.05 0.33 3.66 0.06 0.11 0.00 0.05 0.13 0.02 0.01 0.03 0.09 39
23 5.16 2.24 231 0.13 0.42 0.29 0.16 0.28 4.55 0.03 0.23 0.14 0.08 0.09 0.08 0.00 0.02 0.00 52
24 14.21 3.89 3.66 0.20 0.23 031 0.26 0.22 4.16 0.05 0.11 0.38 0.10 0.01 0.05 0.08 0.01 0.00 56
25 9.84 2.64 3.72 0.28 0.21 046 0.05 0.39 463 021 0.20 0.01 0.17 0.04 0.09 0.01 0.01 0.05 46
26 317 1.89 1.68 0.58 0.25 0.12 0.05 0.02 4.39 0.00 0.30 0.00 0.09 0.04 0.09 0.00 0.02 0.25 19
27 192 1.07 1.80 0.33 0.25 0.26 0.16 0.37 3.59 0.30 0.08 0.00 0.09 0.05 0.07 0.02 0.01 0.04 30
28 34.08 6.87 4.96 0.14 0.40 0.37 0.09 0.37 371 0.23 0.04 0.28 0.04 0.08 0.05 0.04 001 0.01 44
29 6.01 2.01 2.99 0.05 0.15 037 043 0.36 4.86 0.03 0.27 0.00 0.16 0.02 0.22 0.01 0.04 0.00 46
30 1.04 0.48 218 0.00 0.08 0.63 0.29 0.13 271 071 0.00 0.00 0.08 0.00 0.00 0.00 0.00 0.00 5
31 17.55 5.33 3.29 0.14 0.42 0.34 0.10 0.29 472 0.22 0.28 0.00 0.02 0.00 0.12 0.00 0.16 0.00 44
32 9.40 3.20 294 0.02 0.30 035 0.33 0.33 4.85 0.06 0.29 0.17 0.18 0.00 0.04 0.01 0.00 0.04 22
33 0.47 0.73 0.64 0.00 0.17 0.72 0.11 0.26 4.06 0.16 0.23 0.00 0.17 0.00 0.06 0.02 0.01 0.00 21
34 5.79 1.29 4.50 0.00 0.05 0.83 0.12 0.65 412 0.19 0.25 0.00 041 0.00 0.04 0.00 0.00 0.00 18
35 2.40 0.61 391 0.03 0.24 0.50 0.23 0.52 485 0.27 0.23 0.02 0.25 0.03 0.08 0.00 0.01 0.01 37
36 2.00 0.76 2.63 0.00 0.07 0.00 0.93 0.24 4.55 0.00 0.50 0.00 0.50 0.00 0.00 0.00 0.00 0.00 6
37 6.45 1.79 3.61 0.27 0.42 021 0.10 0.58 531 0.18 0.39 0.04 0.12 0.00 0.08 0.00 0.00 0.00 34
38 1.20 0.61 197 0.29 0.60 0.11 0.00 0.36 4.68 0.18 0.13 0.02 0.09 0.8 0.12 0.00 0.01 0.00 25
39 38.58 6.48 5.96 0.18 0.43 0.25 0.15 0.24 3.85 031 0.15 0.00 0.04 0.12 0.02 0.01 0.01 0.05 51
40 6.03 192 3.14 0.04 0.52 0.35 0.09 0.35 3.64 035 0.09 0.06 0.06 0.04 0.08 0.00 0.06 0.01 25
41 27.34 6.88 3.97 0.03 0.31 040 0.26 0.26 3.27 0.05 0.08 0.37 0.04 0.01 0.03 0.23 0.00 0.04 52
42 111 0.40 2.78 0.16 0.25 0.26 0.34 0.35 4.08 0.29 0.09 0.00 0.11 0.09 0.10 0.00 0.04 0.01 23
43 6.19 2.33 2.65 0.34 0.11 0.35 0.20 0.33 417 0.12 0.12 0.17 0.09 0.08 0.05 0.01 0.17 0.00 38
44 1.26 117 1.08 0.18 0.39 030 0.13 0.27 461 0.74 0.01 0.05 0.01 0.01 0.01 0.00 0.00 0.00 13
45 5.01 3.39 1.48 0.01 041 049 0.10 0.26 4.78 0.42 0.13 0.01 0.08 0.06 0.04 0.00 0.00 0.16 40
46 3.35 1.70 1.96 0.13 0.20 0.58 0.09 0.51 4.14 037 0.12 0.01 0.04 0.12 0.16 0.00 0.01 0.00 29
47 4.85 3.51 138 0.13 0.21 0.64 0.02 0.15 431 0.52 0.15 0.04 0.05 0.00 0.04 0.01 0.00 0.02 32
48 291 1.01 2.89 0.09 0.22 0.65 0.03 0.52 419 042 0.10 0.06 0.08 0.01 0.02 0.00 0.01 0.00 29
49 4.82 1.42 3.39 0.17 0.07 0.07 0.69 0.28 4.05 0.32 0.20 0.00 0.08 0.04 0.01 0.02 0.04 0.00 19
50 5.58 3.08 1.81 0.36 0.45 0.17 0.02 0.17 543 0.07 041 0.01 021 0.01 0.13 0.00 0.00 0.00 46
51 2.59 1.89 137 0.12 0.22 0.61 0.06 0.40 424 0.5 0.09 0.39 0.09 0.02 0.07 0.01 0.01 0.00 31
52 5.23 154 3.40 0.05 0.56 0.31 0.08 0.27 3.64 048 0.09 0.07 0.07 0.05 0.05 0.00 0.00 0.00 35
53 6.25 1.35 4.64 0.03 0.45 041 0.11 0.46 4.77 0.30 0.20 0.01 0.05 0.03 0.05 0.00 0.01 0.06 44
54 5.69 0.99 5.74 0.00 0.22 0.60 0.18 0.73 5.00 0.15 0.35 0.02 0.10 0.02 0.04 0.05 0.01 0.00 44
55 7.72 2.30 3.36 0.16 0.34 042 0.08 0.34 3.63 0.5 0.13 0.00 0.04 0.23 0.03 0.00 0.00 0.01 28
56 18.00 3.77 4.77 0.12 0.47 029 0.12 0.44 3.62 033 0.05 0.01 0.05 0.1 0.06 0.00 0.01 0.00 34
57 6.33 0.40 15.83 0.00 0.05 043 052 0.00 3.78 0.36 0.05 0.01 0.16 0.00 0.02 0.00 0.00 0.00 14
58 711 4.44 1.60 0.17 0.16 044 0.23 0.39 277 045 0.02 0.20 0.02 0.00 0.09 0.00 0.03 0.00 11
59 2.55 7.78 0.33 0.38 0.25 0.26 0.10 0.28 540 0.09 0.25 0.00 0.19 0.03 0.07 0.00 0.06 0.00 18
60 15.73 4.47 3.52 0.31 0.46 0.13 0.11 0.07 3.63 0.20 0.16 0.00 0.11 0.07 0.06 0.00 0.08 0.00 34
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