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PAPER

Kiite Cafe: A Web Service Enabling Users to Listen to the Same
Song at the Same Moment While Reacting to the Song∗

Kosetsu TSUKUDA†a), Keisuke ISHIDA†b), Masahiro HAMASAKI†c), Nonmembers,
and Masataka GOTO†d), Fellow

SUMMARY This paper describes a public web service called Kiite
Cafe that lets users get together virtually to listen to music. When users
listen to music on Kiite Cafe, their experiences are enhanced by two ar-
chitectures: (i) visualization of each user’s reactions, and (ii) selection of
songs from users’ favorite songs. These architectures enable users to feel
social connection with others and the joy of introducing others to their fa-
vorite songs as if they were together listening to music in person. In ad-
dition, the architectures provide three user experiences: (1) motivation to
react to played songs, (2) the opportunity to listen to a diverse range of
songs, and (3) the opportunity to contribute as a curator. By analyzing the
behavior logs of 2,399 Kiite Cafe users over a year, we quantitatively show
that these user experiences can generate various effects (e.g., users react to
a more diverse range of songs on Kiite Cafe than when listening alone).
We also discuss how our proposed architectures can enrich music listening
experiences with others.
key words: music recommendation, web service, user behavior analysis

1. Introduction

Unlike listening to music alone, listening to music with oth-
ers adds the qualities of feeling social connection and letting
others listen to one’s favorite songs. For example, the former
quality occurs when attending a live concert and sharing the
experience with other audience members [2], [3], while the
latter quality occurs when people introduce others to their
favorite songs [4]–[6].

These qualities become hard to enjoy when various so-
cial situations or geographic remoteness make it difficult to
get together in person and listen to music with others. In-
stead of attending a live concert, people can listen to the
same music at the same time via TV, radio, or live stream-
ing on the web. However, such media provide a poor alter-
native, because the first quality of social connection requires
audiences to get together in the same place so that they can
see each other’s reactions to the music. Similarly, instead
of directly introducing others to favorite songs, people can
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post URL links (e.g., to YouTube videos of songs) to social
networking services (SNSs) such as Twitter and Facebook.
However, even if many SNS users react to a song post (e.g.,
with a “thumbs up”), there is no guarantee that they actually
listened to the song and liked it. Rather, the second quality
of sharing a favorite song with others requires knowing that
people who react actually listened to the song.

In light of the above, we propose a web service called
Kiite Cafe∗∗,∗∗∗, which enables people to get together virtu-
ally to listen to music without losing the above qualities. Ki-
ite Cafe is characterized by the following two architectures:
(i) when users listen to songs on Kiite Cafe, each user’s re-
actions are visualized; and (ii) songs played on Kiite Cafe
are selected from users’ favorite songs. To facilitate an in-
tuitive understanding of the user experiences provided by
these architectures, we give the following example.

Suppose that Emily is a Kiite Cafe user. One day, she
logs in to Kiite Cafe and finds that 39 users are logged in.
Each user is identified by his/her own icon. The users, in-
cluding Emily, can simultaneously listen to the same song,
which is automatically selected and played. Even if the
played song has a different mood from songs that Emily
usually listens to, if she likes it, she can add it to her list of
favorite songs (i.e., her favorites list). Because she has en-
countered a new favorite song, she feels happy to listen to a
diverse range of songs. Moreover, when the currently played
song is added to her favorites list, architecture (i) visualizes
her reaction by displaying a heart symbol on her icon. Be-
cause other users’ reactions are also visualized, she can see
their reactions to feel social connection. After a short time,
one of Emily’s favorite songs is played when it is automati-
cally selected by architecture (ii). While her favorite song is
playing, she is pleased to notice that a heart symbol is dis-
played on another user’s icon. Then, other users also react
to the song, and eventually the heart symbol is displayed on
eight users’ icons. Architecture (i) thus enables Emily to see
the moments when other users start liking one of her favorite
songs. This experience, in which she contributes as a cura-
tor∗∗∗∗, makes her feel happy and want other users to listen
to another of her favorite songs. Thus, Emily looks forward
to another favorite song being played; until then, she stays
on Kiite Cafe and enjoys other users’ favorite songs.

∗∗“Kiite” means “Listen” in Japanese.
∗∗∗https://cafe.kiite.jp
∗∗∗∗In this paper, we use the word “curator” for a person who

introduces or shares a song in a way that adds value.
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Fig. 1 Structure of this paper.

Our contributions in this work, as illustrated in Fig. 1,
can be summarized as follows.

• We propose two architectures for enabling people to
simultaneously listen to the same music online while
achieving the qualities of social connection and the joy
of introducing other people to favorite songs (Fig. 1-(a)
and (b)).
• We implemented and released a web service, called Ki-

ite Cafe, that applies these architectures.
• We describe three user experiences in which users (1)

are motivated to react to songs, (2) can listen to a di-
verse range of songs, and (3) can contribute as cura-
tors; we also discuss the effects of these experiences
on users as a result of the two proposed architectures
(Fig. 1-(c), (d), and (e)).
• By analyzing logs of user behavior on Kiite Cafe, we

show that the architectures do provide the above ef-
fects. Specifically, users (1) react to songs more ac-
tively as the number of users on Kiite Cafe increases,
(2) react to a more diverse range of songs on Kiite Cafe
than when they listen to songs alone, and (3) stay on
Kiite Cafe longer when they contribute more as cura-
tors (Fig. 1-(f), (g), and (h)).

2. Overview of Kiite Cafe

Kiite Cafe is implemented as a novel function on Kiite†,
which is an existing web service for exploring and discov-
ering music. Any Kiite user can use Kiite Cafe. Below, we
introduce the Kiite functions that are related to Kiite Cafe
and then give an overview of Kiite Cafe.

2.1 Kiite

Song data on Kiite are routinely collected from Nico Nico
Douga††, which is one of the most popular video sharing
services in Japan. On Nico Nico Douga, it is quite pop-
ular for both amateur and professional musicians to upload

†https://kiite.jp
††https://www.nicovideo.jp

songs created with singing voice synthesizer software called
VOCALOID [7]. As of the end of December 2022, more
than 410,000 songs can be played back on Kiite. When a
Kiite user listens to a song, its video clip is played on Kiite
by an embedded video player†††.

Kiite enables users to effectively find favorite songs
by providing novel functions such as exploration of songs
based on their impressions and continuous listening to only
the choruses of multiple songs. A registered user can set
her own icon image, add songs to her favorites list, create
playlists, listen to other users’ playlists, and so on.

2.2 Kiite Cafe

Figure 2 shows an overview of Kiite Cafe. When a user
logs in, her icon is displayed at a random position in a two-
dimensional space that also displays other logged-in users.
All of the users listen to the same song played in a video
player ( A© in the figure) at the same time. As mentioned
in Sect. 1, Kiite Cafe has two architectures, for visualizing
users’ reactions and selecting songs to play from users’ fa-
vorite songs. In the rest of this section, we describe the de-
tails of each architecture.

2.2.1 Architecture (i): User Reaction Visualization
(Fig. 1-(a))

We visualize the following four kinds of reactions so that
users can see each other’s reactions to a played song.

Favorite. When a user likes a played song, she can
add it to her favorites list by clicking the “favorite” button
B©. When the button is clicked, a heart symbol with an ani-
mation effect is displayed at the top right of the user’s icon
while the song is playing ( C©). This enables users to quickly
see how many users like a song. When the user had already
added the played song to her favorites list, the heart symbol
is displayed without the effect.

Comment. When a comment is entered in a text box
D© and the “comment balloon” button E© is clicked, a com-
ment balloon is displayed above the user’s icon for 90 sec-
onds ( F©). The user can also manually delete her comment
by clicking the “delete” button G©. Users can thus use this
function to express their impressions of a played song or
have simple communication with each other.

Rotation. A user can rotate her icon by clicking the
“rotation” button H©. The icon then rotates clockwise at a
uniform rate until the played song ends. The user can also
manually stop the rotation by clicking the “rotation” button
again. Users can use this function to express feelings like a
sense of excitement. However, note that Kiite Cafe does not
provide any guidance on when users should use this func-
tion, because we want them to use it as they please.

Move. By clicking an arbitrary position in the two-
dimensional space, a user can move her icon to the clicked
position. The icon is animated to move to the position in

†††On Nico Nico Douga, all songs are uploaded as music videos.
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Fig. 2 Screenshot of Kiite Cafe.

a straight line at a uniform rate. Kiite Cafe does not dis-
play any meaning for the quadrants and axes in the two-
dimensional space. Instead, as with the Rotation function,
we leave the usage of the Move function to users.

2.2.2 Architecture (ii): Song Selection from Users’ Fa-
vorite Songs (Fig. 1-(b))

Let U denote a set of users who are logged in to Kiite Cafe.
For each user u, we define S u as the set of songs included in
u’s favorites list or playlists. A played song is selected from⋃

u∈U S u. The automatic song selection process is invoked
before the end of the currently played song, and it consists
of the following two steps: (1) selection of a user, and (2)
selection of a song from the user’s favorite songs.

In the first step, if there are biases toward certain se-
lected users, then the selected songs may also be biased.
Moreover, some users may become frustrated if their fa-
vorite songs are not selected at all. To avoid such biases
and satisfy every user, we developed an algorithm that can
randomly but fairly select users and thus diversify the played
songs. Suppose that user u is selected in the first step, such
that every user has an equal chance to be selected. When
song s ∈ S u is randomly selected in the second step, the rea-
son for its selection is displayed, e.g., “This song is in u’s
playlist” (first row of I© in Fig. 2). If s is also among other
users’ favorite songs, that information is displayed (second
and later rows of I©) so that those users can notice that one
of their favorite songs is being played. Moreover, a user can
set one of her playlists as a “highly recommended list” by
clicking a button J©. When the selected user sets a list as

“highly recommended,” a song in that list is randomly but
preferentially selected in the second step. By setting such a
list, a user can specify the songs that she wants other users
to listen to.

Note that the implemented selection algorithm de-
scribed above for our service is just an example, and other
algorithms can be used as long as they balance the fairness
and randomness of selecting both users and songs. That
is, the algorithm itself is not an essential part of this paper.
Rather, the essential parts are the two proposed architectures
and the new music listening experiences that they provide
(see Sect. 3).

In addition, we created a bot account K© that is always
logged in. The bot periodically creates playlists according
to a daily/weekly popularity ranking of VOCALOID songs
on Nico Nico Douga. The bot is treated as one of the users,
and songs in its playlists can also be selected by the song
selection process. This gives a user a chance to listen to the
latest popular songs and find new favorite songs even when
no other human users are logged in. Note that the bot does
not show any reactions to played songs.

3. User Experiences and Effects

As mentioned in Sect. 1, the proposed Kiite Cafe architec-
tures add two qualities: social connection, and the joy of
introducing others to favorite songs. In addition, the archi-
tectures provide three kinds of user experiences. This sec-
tion describes those experiences and their effects on users.
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3.1 Motivation to React to Songs (Fig. 1-(c))

Although many studies have been conducted on enabling
users to listen to music together, most of them have fo-
cused on visualizing the song selection process or proposing
methods for that process [8]–[12]. A system that can show
a summary of listeners’ feedback on a song (total numbers
of likes and dislikes) has been proposed [13]; however, little
attention has been paid to visualizing each user’s reactions.
In contrast, Kiite Cafe visualizes users’ reactions via their
icons, as described in Sect. 2.2.1. By sharing all the users’
reactions with each other, Kiite Cafe motivates them to re-
act to the currently played song. Accordingly, we expect
that, the more people get together on Kiite Cafe, the more
meaningful it will be to show their reactions, and the more
actively they will react to songs. In the long term, this would
enable users to develop the habit of actively listening to mu-
sic and enrich their listening experiences [14].

3.2 Diversification of Song Listening (Fig. 1-(d))

Many studies have sought to play songs that match the mu-
sical preferences of as many users as possible [8], [10], [15].
In the short term, this approach may be able to increase
users’ satisfaction. In the long term, however, as is known
from the negative effects of a filter bubble [16], [17], this ap-
proach could narrow users’ musical interests. On the other
hand, because Kiite Cafe plays a diverse range of songs se-
lected from various users’ favorite songs, it enables users to
find not only songs that match their preferences well but also
unexpected or serendipitous songs [18] that do not match
their usual preferences. In other words, we expect that a
user will react to a more diverse range of songs on Kiite
Cafe than when she listens alone. In the long term, this ex-
perience would expand the user’s horizons.

Of course, it may happen that some songs played on
Kiite Cafe do not match a user’s musical preferences, and
the user may not like them even after listening to them.
However, by diversifying the selected songs, it is unlikely
that only songs the user does not like are played all the time.
This motivates users to look forward to what song will be
played next, even if a song that does not match their prefer-
ences is played.

3.3 Contribution as Curators (Fig. 1-(e))

According to architecture (ii), suppose that a song in user
u’s playlist is selected and played on Kiite Cafe. Because
of architecture (i), u can see the moment when other users
start liking or show interest in that song (e.g., u can see when
other users add the song to their favorites list or rotate their
icon). For other users, u effectively plays a role as a curator.
That is, the two architectures enable every user to naturally
contribute as a curator. We expect that when a user expe-
riences the joy of contributing as a curator, she will look

forward to the curation opportunity when another of her fa-
vorite songs is played and thus increase her dwell time on
Kiite Cafe. Acting as a curator has been reported to increase
music listening activity (e.g., listening to more songs and
making playlists for curation) [19]. Therefore, in the long
term, this experience would promote users’ daily music lis-
tening activity.

4. Experiment

We officially launched the Kiite Cafe service on August 5,
2020. In this section, we evaluate the three expected ef-
fects discussed in the previous section. To this end, we an-
alyzed user behavior logs for the period between August
5, 2020 and August 4, 2021. The number of unique users
who logged in during this period was 2,399. The Favorite,
Comment, Rotation, and Move reactions were used 49,425,
14,094, 109,054, and 74,304 times, respectively.

4.1 Frequency of User Reactions (Fig. 1-(f))

As a result of users sharing their reactions with each other
on Kiite Cafe, we expect that they will be more motivated
to react as the number of users increases (Sect. 3.1). To ver-
ify this effect, we evaluated the following research question:
Does a user react to a played song more frequently as the
number of users on Kiite Cafe increases? (RQ1)

4.1.1 Settings

We considered the four kinds of reactions: R =

{Favorite,Comment,Rotation,Move}. First, for each played
song, we obtained Us, the set of users except the bot who
were on Kiite Cafe when song s started playing. According
to the number of users (i.e., |Us|), we categorized songs into
four classes (C1: 1 ≤ |Us| ≤ 5; C2: 6 ≤ |Us| ≤ 10; C3:
11 ≤ |Us| ≤ 15; C4: 16 ≤ |Us|). To answer RQ1, for each
reaction, we compared the average proportion of users who
reacted to a song among the classes.

More formally, let S Ci denote a list of songs in Ci (1 ≤
i ≤ 4)†. Given song s ∈ S Ci and reaction r ∈ R, let Ur

s
denote the set of users who gave r as a reaction to s. Then,
the proportion of such users is given by ratio(s, r) = |Ur

s |
|Us | .

Finally, the average proportion over S Ci was computed as
follows.

avgratio(S Ci , r) =
1
|S Ci |

∑

s∈S Ci

ratio(s, r). (1)

4.1.2 Results

Figure 3 shows the results. For visibility, avgratio(S Ci , r)
was normalized by avgratio(S C1 , r) for each reaction. All
of the reaction proportions monotonically increased as the
number of users increased; thus, the answer to RQ1 is

†Because the same song can be played multiple times on Kiite
Cafe, the same song can appear multiple times in S Ci .



1910
IEICE TRANS. INF. & SYST., VOL.E106–D, NO.11 NOVEMBER 2023

Fig. 3 Relation between the number of users on Kiite Cafe and the nor-
malized reaction proportion.

Fig. 4 Characteristic usages of “Rotation,” “Move,” and “Comment.”

“Yes.” Because the Favorite function was obviously used
to add a song to a user’s favorites list, we discuss how the
users used the other three functions, as illustrated in Fig. 4.

Regarding the Rotation function, although Kiite Cafe
does not explain its purpose, we searched Kiite Cafe users’
tweets on Twitter† and found that a number of users used this
function to express their feelings of excitement. As a result
of this usage spreading, a new expression “I can rotate with
this song” emerged on Kiite Cafe. We expect this expression
to spread in music culture in the future (Fig. 4-(a)).

Next, by analyzing tweets about the Move function, we
found that it was used mainly for two purposes. First, users
moved their icons as if they were dancing. Second, users re-
garded the top left (or the top) of the two-dimensional space
(i.e., near the video player) as the front row at a live concert
venue, and they moved there when their favorite songs were
played (Fig. 4-(b)). It is interesting that such a culture was
created by the users and spread among them.

Regarding the Comment function, although the aver-
age length of the played songs was 234 seconds, 9.91% of
comments were posted within the first 15 seconds of a song.
In such comments, users often expressed the joy of hav-
ing their favorite songs played (e.g., “Come ooooon!” and
“Yeeeees!”). This was similar to the phenomenon at live
concerts in which the audience gets excited when a favorite
song starts (Fig. 4-(c)). In summary, as the number of users
increased, they were more likely to express their excitement
and behave as if they were attending a live concert.

Unlike the Favorite and Comment functions, the Rota-
tion and Move functions allow users to express their impres-

†We assumed that Twitter users who tweeted about the function
were Kiite Cafe users.

sions for songs more casually. Since the Favorite function
adds a song to the favorites list, users may not use its func-
tion unless they really like the song being played. Although
the Comment function is versatile, users may find it burden-
some to enter text. In fact, as described at the beginning
of Sect. 4, while the Favorite and Comment functions were
used 49,425 and 14,094 times, respectively, the Rotation and
Move functions were used as many as 109,054 and 74,304
times, respectively.

4.2 Diversity of Reacted Songs (Fig. 1-(g))

Because Kiite Cafe enables users to listen to songs that do
not always match their musical preferences, we expect that
they will react to a more diverse range of songs (Sect. 3.2).
To verify this effect, we evaluated the following research
question: Does a user react to a more diverse range of songs
on Kiite Cafe as compared to her musical preferences before
she started using the service? (RQ2)

4.2.1 Settings

Let tu denote the time when user u initially logged in to Ki-
ite Cafe. We assumed that songs added to u’s favorites list
before tu (i.e., before using Kiite Cafe), denoted by S org

u , rep-
resented u’s original musical preferences. These songs were
collected on the original Kiite service, which was launched
on August 30, 2019, as described in Sect. 2.1. Moreover, we
assumed that songs for which u gave reaction r, denoted by
S r

u, represented u’s musical preferences in terms of r after
starting to use Kiite Cafe. To answer RQ2, we compared
the diversity of S r

u with that of S org
u for each reaction.

Formally, the diversity was computed as the intra-list
diversity [20]. In the case of S org

u ,

div(S org
u ) =

∑
si∈S org

u

∑
s j∈S org

u \{si}dist(si, s j)

|S org
u |(|S org

u | − 1)
, (2)

where dist(si, s j) is the Euclidean distance between the
audio-based feature vectors [21] of si and s j. Those vectors
were one of the state-of-the-art features, though arbitrary
suitable audio-based features could also be used. For each
reaction r, to appropriately measure users’ musical prefer-
ences, we considered only users who had more than nine
songs in both S org

u and S r
u
††. Let Ur denote the set of such

users. Then, given r, the average diversities of S org
u and S r

u
were computed as follows:

avgdiv(S org
u ) =

1
|Ur |
∑

u∈Ur

div(S org
u ), (3)

avgdiv(S r
u) =

1
|Ur |
∑

u∈Ur

div(S r
u). (4)

††Because we released a beta version of Kiite Cafe on May 1,
2020, users who logged in to Kiite Cafe for the first time between
May 1, 2020 and August 4, 2020 were not included in this analysis.
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Fig. 5 Relations between the proportion of users who gave reactions (x-axis) and the normalized
dwell time (y-axis).

Table 1 Diversity of musical preferences.

Reaction r |Ur | avgdiv(S org
u ) avgdiv(S r

u) p-value
Favorite 157 10.509 10.994 1.14 × 10−8

Comment 69 10.454 10.954 2.05 × 10−3

Rotation 143 10.519 10.895 1.16 × 10−6

Move 131 10.454 11.059 2.75 × 10−9

4.2.2 Results

Table 1 lists the results. A paired t-test was conducted un-
der the assumption that the distribution of diversity scores
before and after starting to use Kiite Cafe follows a normal
distribution for each. We found that, for all reactions, the
diversity of songs producing reactions statistically signifi-
cantly increased in comparison to the diversity of favorite
songs before a user started to use Kiite Cafe; thus, the an-
swer to RQ2 is “Yes.” These results indicate that Kiite Cafe
is also useful as a service for users to find songs that are
different from their daily musical preferences.

Furthermore, to be sure that this increase in diversity
was not due to an increase in the diversity of VOCALOID
songs uploaded during the same period, we similarly com-
pared the diversities using only VOCALOID songs prior to
the release of Kiite Cafe on August 5, 2020. The results
showed the same trend as in Table 1, with a statistically sig-
nificant increase in the diversity for all the four kinds of re-
actions.

4.3 Dwell Time (Fig. 1-(h))

Because Kiite Cafe enables users to experience the joy of
contributing as curators, we expect that they will stay longer
as their contributions increase (Sect. 3.3). To verify this, we
evaluated the following research question: Does a user stay
on Kiite Cafe for a longer time as the proportion of users
who react to her favorite songs increases? (RQ3)

4.3.1 Settings

We define user u’s session on Kiite Cafe as the duration be-
tween u’s login and logout times. In u’s kth session, suppose
that three of u’s favorite songs were played, and that 0%,
40%, and 16% of users gave reaction r to those songs. Fol-
lowing the assumption that the maximum percentage (in this

case, 40%) influenced u’s dwell time, we categorized the
maximum value of ratio(s, r), as defined in Sect. 4.1.1, into
four classes (G1: ratio(s, r) = 0; G2: 0 < ratio(s, r) ≤ 0.25;
G3: 0.25 < ratio(s, r) ≤ 0.5; G4: 0.5 < ratio(s, r)). How-
ever, for a proportion of 0.4, eight reacting users among 20
users would have a higher impact on u than two reacting
users among five users. Therefore, we also considered the
classes of |Us| (i.e., Ci) as defined in Sect. 4.1.1. That is,
to answer RQ3, given a class of the number of users, we
compared the average session lengths between the reaction
proportion classes for each reaction.

Formally, let Du and S G j denote a list of u’s sessions
and a list of songs in G j (1 ≤ j ≤ 4), respectively. Tu,k ∈ Du

represents a list of songs from u’s favorite songs (S u) that
were played in the kth session. For that session, we selected
the song smax

u,k,r ∈ Tu,k that had the highest proportion of users
who gave reaction r (i.e., smax

u,k,r = arg max
s∈Tu,k

ratio(s, r)). Given

Ci and G j, we define the set of smax
u,k,r belonging to S Ci and

S G j in all users’ sessions as S i, j,r = {smax
u,k,r | u ∈ U ∧ 1 ≤ k ≤

|Du| ∧ smax
u,k,r ∈ Tu,k ∧ smax

u,k,r ∈ S Ci ∧ smax
u,k,r ∈ S G j }. Let len(u, k)

denote the length in seconds of u’s kth session. Then, the
average session length was computed as

avglen(S i, j,r) =
1
|S i, j,r |

∑

smax
u,k,r∈S i, j,r

len(u, k). (5)

4.3.2 Results

Figure 5 shows the results; for visibility, avglen(S i, j,r) was
normalized by avglen(S i,1,r) for each reaction. For the Fa-
vorite, Rotation, and Move functions, we can see that the
dwell time tended to increase as the proportion of users who
gave that reaction increased. In these graphs, the line for
the class of 1-5 users (C1) is located at the lowest position
among the four classes (C1 - C4). These results indicate that
not only the proportion of users who gave a reaction but also
the absolute number of such users influenced the dwell time.
On the other hand, because the frequency of comments was
lower than the frequencies of the other reactions, no clear
tendency was observed for the Comment function when the
number of users was 6-10 (C2) or 11-15 (C3). The signif-
icantly reduced dwell time for “0.5-” section of 6-10 (C2)
appears to be an outlier, but this is because there were only
three corresponding session data. Because the dwell time
monotonically increased when the number of users was 1-5
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(C1) or at least 16 (C4), the Comment function could also po-
tentially have a positive effect. Detailed analysis with more
user behavior logs will be required to verify this effect, and
we leave that for a future work. In summary, the answer to
RQ3 is “Yes” for Favorite, Rotation, and Move.

5. Discussion

In Sect. 3, we described the user experiences provided by
Kiite Cafe and the effects of those experiences. We believe
that Kiite Cafe has even more potential to diversify and en-
rich users’ music listening experiences. In this section, to
demonstrate that potential, we discuss four themes.

5.1 Application Examples for Online Events

Kiite Cafe has been used for several online events. During
an event, instead of using architecture (ii) to select the songs
to play, the participants listened to a designated playlist to-
gether while communicating with each other via architec-
ture (i). The events are classified into the following three
categories, depending on the originator.

The first category is events initiated by the organizers
of VOCALOID-related events. Thus far, these events have
been held in the form of collaborations with VOCALOID-
related events such as “Creators Market Online”†, “Tsuna-
garu Mirai”††, “Tamesareru Mirai”†††, and “VOCALOID
DJ STATION”††††. At an event related to “Creators Market
Online” on August 29, 2020, for example, a famous cre-
ator of VOCALOID songs made a special playlist that con-
sisted of songs that the creator liked or had created. During
the one-hour event, as many as 140 Kiite Cafe users en-
joyed simultaneously listening to the songs in the playlist,
and they used the reaction functions of Kiite Cafe to com-
municate with the creator in real time. For another event
related to “Tamesareru Mirai” on February 11, 2021, on
their web page, a questionnaire was conducted on favorite
VOCALOID songs related to winter or snow. During the
90-minute event, 77 users enjoyed listening to songs in a
playlist created according to the questionnaire answers.

The second category is events initiated by the users of
Kiite Cafe. Since March 19, 2021, a link “Anniversary event
wanted” has been displayed on Kiite Cafe. The link brings
up a form for a user to enter information about the user’s
desired event, such as the name of the singing voice synthe-
sizer character, the type of anniversary event, and the event
date. The event to be held is determined from these user
proposals by considering the number of proposals, sched-
ule, feasibility, and so on. A playlist to be played during
a character’s event is created according to certain statistics
such as the number of favorites of each song by the character
on Kiite Cafe. Events such as the “Kasane Teto anniversary
event” on April 1, 2021 and the “GUMI anniversary event”

†https://karent.jp/creatorsmarket
††http://tsunagarumirai.com/2020
†††https://twipla.jp/events/472240
††††https://vdds-official.tumblr.com

on June 26, 2021 were held, and many users participated.
These dates were the characters’ birthdays, and each event
took place around midnight (23:30 to 0:15). At the stroke of
midnight, many users posted celebratory comments such as
“Happy Birthday!” while enjoying the music.

The third category is events initiated by the manage-
ment team of Kiite Cafe. For these events, the playlists were
created in the same way as in the second category. For ex-
ample, on March 9, 2021, the “Hatsune Miku anniversary
event” was held as a token of “Miku”†††††. On August 31,
2021, the “Hatsune Miku birthday event” was held and was
enjoyed by as many as 285 users.

Although it has become difficult for people to get to-
gether in person and communicate with each other and
with creators because of the COVID-19 pandemic, we have
demonstrated a new style of online music events through
these examples. Moreover, even after the pandemic’s reso-
lution, we believe that this kind of online event will be valu-
able for users who cannot easily attend physical events for
reasons such as geographic remoteness.

5.2 Additional Service Functions

Although all users on Kiite Cafe get together in one online
space, it would be interesting to provide additional spaces
for different purposes in the future: we could call the main
space and additional spaces the “main cafe” and “branches,”
respectively. For example, for a branch on the theme of
“time,” we could put a higher priority on songs related to
time (e.g., playing night-related songs at night) by analyz-
ing song lyrics if they are available in the song selection
process.

We could also consider a function that allows any user
to conduct a questionnaire by displaying possible responses
in each quadrant of the two-dimensional space. For ex-
ample, a user might ask “Who would you like to listen to
the played song with?” and assign responses of “family,”
“lover,” “friend,” and “other” to the quadrants. Other users
could answer this question by moving their icons. This func-
tion would provide a good opportunity to see how other
users perceive a song.

5.3 Trustworthiness of Kiite Cafe

With the recent spread of artificial intelligence (AI) technol-
ogy, the concept of “trustworthy AI” has become increas-
ingly important to foster “trust” that is essential for the ac-
ceptance of AI technology in society [22]–[24]. The con-
cepts of Kiite Cafe can also contribute to the realization of
trustworthy AI as follows. First, because songs played on
Kiite Cafe depend on users’ favorite songs, they are diverse

†††††In Japanese, 3 and 9 can be pronounced as “mi” and “ku,” re-
spectively. On March 9, 2021, 140 Kiite Cafe users were enjoying
the event at the same time, and two years later, on March 9, 2023,
754 users were enjoying the event at the same time, indicating the
growing popularity of this service.
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Fig. 6 Comparison between an SNS and Kiite Cafe.

and are less likely to be biased (e.g., bias such as songs cre-
ated by a particular creator are frequently played). More-
over, as we described in Sect. 2.2.2, our algorithm fairly
selects users. Therefore, fairness in terms of both played
songs and selected users is realized on Kiite Cafe. Sec-
ond, a user could keep track of the recommended songs
on Kiite Cafe and verify that the fairness of the songs be-
ing selected is truly satisfied. Therefore, Kiite Cafe realizes
transparency in that an external observer can verify the rec-
ommendation operation. Third, explainability is guaranteed
because the reasons why a played song was selected are dis-
played to users as we explained in Sect. 2.2.2 and Fig. 2 I©.

5.4 Reusable Insights

The reusable insights of the work can be summarized as fol-
lows.

• Through the experiments, we verified that the two ar-
chitectures are effective in promoting users’ music lis-
tening activity. These architectures can be helpful for
other researchers and companies to develop interfaces
that enable users to listen to music together.
• The examples of successful online events showed that

the architectures can offer new ways to enjoy music
with other people even in situations where it is difficult
for people to physically get together in the same place.
We thus opened up a new research theme to support
interactions among creators, audiences, and music.
• We clarified the value of visualizing the moment when

a user starts liking a song. In contrast to traditional
curation on an SNS, the Kiite Cafe approach guaran-
tees that users who liked a user’s favorite song actually
listened to it, as shown in Fig. 6. This insight could
also be beneficial in designing other music listening
systems or services.

6. Related Work

6.1 Music Listening Systems for Group of Users

Music listening systems for a single user were reviewed by
Goto and Dannenberg [25] and by Knees et al. [26]. In con-
trast, systems for a group of users can be classified into two
types. The first type aims to enable users to listen to mu-
sic at the same time. Most studies on this type assume that

users get together in person at a public space such as a fit-
ness center [8], a party [11], a bar [10], or a room [9]. In
MusicFX [8] and Flytrap [9], the system reads users’ musi-
cal preferences from each user’s device, and songs stored
in the system are played by taking those preferences into
account. In contrast, in Jukola [10], PartyVote [11], and We-
Play [13], users nominate songs to be played, like a juke-
box. In the second type of group listening system, users
share songs with other users. Sharing music with others is
an important activity to expand listeners’ horizons [5]. Stud-
ies on this type do not assume that users listen to a song at
the same time. Push!Music [5] and tunA [4] are mobile mu-
sic players that let users share songs via Wi-Fi with others
who are nearby. The user studies on those systems showed
that users are comfortable sharing their favorite songs with
others whether they are friends or strangers. It has also been
reported that users share songs mainly because they want to
recommend songs that others would like, disseminate their
favorite songs, talk about shared songs with others, and so
on.

Some applications designed for listening to music to-
gether have also been released (e.g., Group Session by Spo-
tify [27] and JQBX [28]). In these applications, any user can
let other users listen to her favorite songs by acting like a DJ.
Users can also communicate with each other via a text chat
system while listening to songs.

Our study is different from the above studies and ser-
vices in that we introduce the two architectures for reaction
visualization and song selection from users’ favorite songs.
In most of the above cases, because users’ reactions are not
visualized or are visualized only when chatting with text
messages, it is difficult for users to feel social connection
with each other. On the other hand, because the first ar-
chitecture on Kiite Cafe visualizes four kinds of reactions,
users can more strongly feel that they are enjoying music
with others. In addition, existing systems require users to
actively nominate or share songs or act like a DJ, but some
users may hesitate to do that, especially if there is a large
audience. In contrast, the second architecture on Kiite Cafe
enables a user’s favorite songs to be automatically played.
This lets any user share her favorite songs with other users
and see the moments when they start liking those songs.

6.2 Group Recommendation Algorithms

Various song recommendation methods for a single user
have been proposed [29]–[36]. One of the biggest differ-
ences between the methods for a single user and those for a
group of users is that the latter methods need to take multi-
ple users’ preferences into account. A general approach is to
aggregate each user’s preferences by, for example, merging
recommendation results generated for each user according
to voting strategies [15], [37]. However, such an approach
cannot always reflect minority preferences.

To solve this problem, a concept of fairness has re-
cently been introduced into group recommendation algo-
rithms [38]–[42]. The basic idea of fairness is that a list of
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items recommended to a group is fair when each user in
the group can find at least one item in the list that she finds
satisfying. In the context of music recommendation, exist-
ing studies have only considered the fairness for users as
audiences. On the other hand, Kiite Cafe achieves fairness
for users as both curators and audience members because of
the second architecture, in which each user’s favorite songs
are fairly selected and played as described in Sect. 2.2.2. In
particular, the “highly recommended list” plays an impor-
tant role in achieving fairness for users as curators. When a
user’s favorite and/or recommended song can be listened to
with other users, the user is satisfied from both the audience
and curator viewpoints.

7. Conclusion

In this paper, we described Kiite Cafe, a web service that
enables users to communicate while listening to the same
music online. Kiite Cafe is characterized by two proposed
architectures for visualizing each user’s reactions and se-
lecting played songs from users’ favorite songs. Our ex-
perimental results quantitatively showed three effects of the
proposed architectures. Since VOCALOID songs are al-
ready diverse and the proposed architectures are not limited
to VOCALOID songs, we expect them to be effective for a
wide variety of music. We believe that these architectures
are also useful for different types of music interfaces, in-
cluding a three-dimensional interface in which user avatars
can listen to the same music in a virtual reality (VR) venue.
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