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Abstract

In this study, we examine the effects of
using a game for encouraging the use of
a spoken dialogue system. As a case
study, we developed a word-chain game,
calledShiritori in Japanese, and released
the game as a module in a Japanese An-
droid/iOS app,Onsei-Assist, which is a
Siri-like personal assistant based on a spo-
ken dialogue technology. We analyzed the
log after the release and confirmed that the
game can increase the number of user ut-
terances. Furthermore, we discovered a
positive side effect, in which users who
have played the game tend to begin using
non-game modules. This suggests that just
adding a game module to the system can
improve user engagement with an assistant
agent.

1 Introduction

Making users actively utter queries is important in
a spoken dialogue system since they are generally
not familiar with speaking to a system compared
to typing on a keyboard. There have been several
studies based ongamificationfor addressing this
problem (Jurgens and Navigli, 2014; Gustafson et
al., 2004; Hjalmarsson et al., 2007; Bell et al.,
2005; Rayner et al., 2010; Rayner et al., 2012).
Gamification is a concept of applying game de-
sign thinking to non-game applications, leverag-
ing people’s natural desires for socializing, learn-
ing, mastery, competition, achievement, and so on.
However, it takes much time and effort to gamify
a whole system, i.e., to consider how to design a
game-like framework and combine new and cur-
rent systems.

We therefore explore the possibilities of using
of a game instead of gamifying a whole system.
In other words, we address the question of whether

a small module of an existing dialogue game can
make users actively use the whole system. To
this end, we developed a word-chain game as a
case study and released the game as a module in
the running Android/iOS appOnsei-Assist(Ya-
hoo! JAPAN, 2015), which we describe later. We
analyzed the log of user utterances after its release
and confirmed that our results clearly answer this
question positively.

The following are our main contributions.

• We analyzed vast amounts of dialogue data,
i.e., more than tens of millions of user utter-
ances cumulated via a running app of a spo-
ken dialogue system.

• We discovered that just adding an existing
game module to the system can have a pos-
itive impact on the non-game modules of the
system from a case study of a word-chain
game. This suggests that a game can help
increase user engagement with an assistant
agent.

The remainder of this paper is structured as fol-
lows. In Section 2, we introduce related studies on
gamification for natural language processing sys-
tems. In Section 3, we briefly describe a spoken
dialogue app, Onsei-Assist, whose log was used
throughout our analysis. In Section 4, we explain
how we developed a word-chain game module us-
ing a crowdsourcing service and in Section 5, we
analyze the effects of using the game in Onsei-
Assist. We conclude the paper in Section 6.

2 Related Work

We now briefly describe related studies on gami-
fication for natural language processing systems,
especially for spoken dialogue systems. When a
gamified system is completely a game, the system
is called agame with a purpose (GWAP), or aseri-
ous game. Although a GWAP is sometimes differ-
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entiated from gamification, we do not differentiate
them for simplicity.

There have been many studies involving gamifi-
cation for annotation tasks including anaphora res-
olution (Hladḱa et al., 2009; Poesio et al., 2013),
paraphrasing (Chklovski and Gil, 2005), term as-
sociations (Artignan et al., 2009), and disambigua-
tion (Seemakurty et al., 2010; Venhuizen et al.,
2013). Recent studies (Vannella et al., 2014; Ju-
rgens and Navigli, 2014) showed that designing
linguistic annotation tasks as video games can pro-
duce high-quality annotations compared to text-
based tasks.

There are several GWAPs based on spoken di-
alogue systems. DEAL is a game with a spoken
language interface designed for second language
learners (Hjalmarsson et al., 2007). In the NICE
fairy-tale game system (Gustafson et al., 2004),
users can interact with various animated charac-
ters in a 3D world. This game yields a sponta-
neous child-computer dialogue corpus in Swedish
(Bell et al., 2005). CALL-SLT is an open-source
speech-based translation game designed for learn-
ing and improving fluency, which supports French,
English, Japanese, German, Greek, and Swedish
(Rayner et al., 2010; Rayner et al., 2012).

However, each of these games or gamified sys-
tems was custom-made for a certain purpose, and
to the best of our knowledge, we are the first to
examine the effects of an existing dialogue game
with an entertainment purpose, i.e., word-chain
game, to a non-game system, especially in a spo-
ken dialogue system.

3 Onsei-Assist

We used the log of a Japanese Android/iOS app
of a spoken dialogue system, Onsei-Assist (Ya-
hoo! JAPAN, 2015), throughout this analysis.
Onsei-Assist is a Siri-like personal assistant devel-
oped by Yahoo Japan Corporation, where “Onsei”
means “voice” in Japanese. It produced more than
20 million of utterances within a year of release
on April 2012 via pre-installs to smartphones and
downloads (more than one million) in GooglePlay.

Onsei-Assist was developed based on a client-
server architecture, where the main system con-
sists of four servers: a speech recognition server,
meaning understanding server with natural lan-
guage processing, response generation server, and
speech synthesis server. The processing flow is as
follows. A client, or smartphone, sends voice sig-

nals from a microphone to the speech recognition
server and receives a recognition result of the user
utterance in textual form; consequently, it sends
the text to the meaning understanding server. This
server differentiates the meaning of the utterance
from the text and extracts information of variables
such as named entities (e.g., Tokyo) and numer-
ical expressions (e.g., 2014). It then generates a
response pattern and sends it to the response gen-
eration server, which completes a response text by
obtaining the required information via the API of
several services. It also returns the response text
with its prosody calculated by the speech synthe-
sis server.

Onsei-Assist supports more than 20 services,
each of which are launched by triggers based on
natural sentences such as

• Route search (“From Osaka to Tokyo”,
“When does this train arrive?”),

• Weather information (“Today’s weather”,
“Will it rain tomorrow?”),

• News (“News about the general election”),

• Web/image search (“Search for Tokyo
Tower”),

and so on. In addition to such task-oriented di-
alogue modules, it can have a chat with users
for general queries such as “How old are you?”
and “Hello”. Our system generates a response by
choosing one from a pre-defined sentences based
on a rule-based algorithm and learned model.

Table 1 shows examples of the log of user ut-
terances, each of which is a tuple of five elements,
i.e., (Time Stamp, User ID, Type, User Utterance,
System Response). We obtained the log of more
than 13 million utterances of 489 thousand users
for our analysis.

4 Word-chain Game

First, we explain a word-chain game calledShiri-
tori in Japanese. The principle of the word-chain
game is to say a word based on rotation so that
its head character is the same as the tail character
of the previous word, e.g., (apple, eel, lip, pine,
...). It is a well known speech dialogue game in
Japan since a syllable is basically represented by
a character of a Japanese syllabary, i.e., Hiragana.
The concrete rule used in this analysis is that each
player must say a word based on rotation satisfy-
ing the following four conditions:
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Time Stamp User ID Type User Utterance System Response
2014-8-1 12:34 UserA Weather今日の天気 (Today’s weather) 晴れです (It’s sunny)
2014-8-2 22:22 UserB Chat こんにちは (Hello) こんにちわ (Hello)
2014-8-3 23:00 UserC Chat ありがとう (Thank you) いえいえ (Your welcome)

Table 1: Example of log of user utterances.

1. The head of the word must be the same as the
tail of the previous word.

2. The word must be a noun.

3. The word must not be a word already said in
the game.

4. The tail of the word must not end with “ん
(n)”.

Conditions 2 and 3 prevent the game from being
too long, and condition 4 is set because there is no
word whose head character is “ん (n)” in Japanese.

Next, we explain the development of a word-
chain game module for Onsei-Assist. We used
a crowdsourcing service for obtaining words that
people would usually use in the game because
we worried that unfamiliar words extracted from
Wikipedia and dictionaries could seriously deteri-
orate user satisfaction from a practical standpoint.

The process of collecting words is as follows.
We prepared 1,150 seed words from dozen of em-
ployees in our company by using a simple word-
chain game program developed only for this pur-
pose. We created a crowdsourcing task asking
workers to answer an appropriate word for each
seed word based on the above rule. We repeated
the task three times. Table 2 lists the results of
the task for each repeated stage. Since the crowd-
sourcing service we used does not allow us to
add a rule-check mechanism, we checked whether
the results followed the rule after the task fin-
ished. About 90% of the answers were correct.
Finally we obtained a sufficient amount of words
(6,148) with their frequencies. We extracted the
top 20 words based on frequency for each of the 66
Japanese head characters in the extracted words.
This prevented the game from being too diffi-
cult since the workers rarely answered with words
whose tail character was rare in Japanese. For ex-
ample, the dictionary has only two words for the
character “ぴ (pi)“. Therefore, users can easily
win by aiming for such a tail character.

We developed a word-chain game module for
Onsei-Assist using the above dictionary. Figure 1

Stage #Words #Answers #Errors
1 1,403 3,379 71
2 2,951 9,314 826
3 6,148 25,645 2,285

Table 2: Results of crowdsourcing task for obtain-
ing possible words obeying word-chain game rule.
#Words, #Answers, and #Errors represent num-
ber of distinct words, workers’ answers, and errors
due to breaking of rules, respectively.

Figure 1: Screen shots when playing word-chain
game module. Right and left balloons in each
screen shot represent user and system’s utterances,
respectively.

shows two screen shots when playing the word-
chain game module. In the module, the game starts
by a user’s trigger utterance such as “しりとり
(Word-chain game)”. The system replies with a
response such as “いいですよ。りんご (OK. Ri-
n-go)”, and a user needs to say a word whose head
character is “ご (go)” as the response. If the user
says something that does not follow the rule, the
system replies an error message such as “しりと
りになっていません。(It’s not a chained word)”.
The user can stop the game by using an ending
word such as “ギブアップ (Give up)”.
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Figure 2: Average number of utterances over
new users versus elapsed weeks.Played and
Non-played represent users who had played
and had not played the game on the first day, re-
spectively.

5 Log Analysis

We conducted an analysis based on short- and
long-term effects. For short-term effects, we de-
fine the reply rate of a system responseR as the
rate of the number of replies, which were uttered
in a short period by users who receivedR, per the
number of timesR occurs in the log. The period
was set to 20 minutes. We obtained a reply rate of
more than 90% for every system response in the
word-chain game. This is quite high, considering
the fact that even a question-type system response
“どうしました？ (What’s happening?)” is about
80%. This implies that the game leverages users’
natural desires for competition. In fact, the reply
rates after a user won or failed (especially for say-
ing a word already said) were 90.22% and 95.78%,
respectively. This clearly indicates that users tend
to retry to win after they failed.

For long-term effects, we averaged the number
of utterances in a week over new users. Then
we plotted it against elapsed weeks as shown in
Figure 2, wherePlayed andNon-played rep-
resent users who had played and had not played
the game on the first day, respectively. We re-
gard users who have not used the system over the
last two months as new users to obtain sufficient
data. The table clearly indicates thatPlayed
tended to use the system more frequently than
Non-played . We also examined the difference
between before and after game plays of active
users. Table 3 shows the average number of ut-
terances over game plays of active users in the
week before and after each game. For extract-
ing active users and obtaining a fair evaluation, we

Before After
(a) # of game plays 29,448
(b) # of utterances 724,416 1,491,125
(c) # of game utterances 0 206,940
((b)− (c))/(a) 24.60 43.61

Table 3: Average number of utterances over game
plays of active users week before and after each
game play.

only considered game plays such that a user cor-
responding to each game play had used the sys-
tem at least once and had not played the game for
a week before game play. We found that game
plays increased the average number of utterances
by about 150% (from 24.60 to 43.61) despite the
fact that we excluded utterances about the game.
Note that these results are basically better than
the results on new users in Figure 2 since we fo-
cused on active users. A possible reason is that
users have become more familiar with this assis-
tant agent through playing the game. Thus they
began to use non-game modules more frequently.

6 Conclusion

We examined the effects of using a game for en-
couraging the use of a spoken dialogue system.
We developed a word-chain game, calledShiri-
tori in Japanese, as a case study and released the
game as a module in a running Android/iOS app,
Onsei-Assist, based on a spoken dialogue technol-
ogy. We analyzed the log after the release and
confirmed that the game can increase the number
of user utterances. Furthermore, we discovered
a positive side effect, in which users who have
played the game tend to begin using non-game
modules. This implies that a game can help to
improve user engagement with an assistant agent.
In other words, it is important to consider adding
an entertaining module, such as a game, when de-
veloping a spoken dialogue system, as well as a
useful module such as a route search.

For future research, we will examine other
games such as a word association and quiz games.
Since a game can be regarded as a simplification
of a complex mechanism for natural dialogues,
we hope to obtain generalized knowledge for im-
proving spoken dialogue systems, if we can clarify
which game can effectively improve which mod-
ule in such systems.
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