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/Abstract

Critiquing-based recommender systems aim to elicit more accurate user
preferences from users’ feedback toward recommendations. However,
systems using a graphical user interface (GUI) limit the way that users can
critiqgue the recommendation. With the rise of chatbots in many application
domains, they have been regarded as an ideal platform to build critiquing-

music recommendations, featured with two typical critiquing techniques,
user-initiated critiquing (UC) and system-suggested critiquing (SC). By
conducting a within-subjects (N=45) study with two typical scenarios of
music listening, we compared a system of only having UC with a hybrid
critiquing system that combines SC with UC. Furthermore, we analyzed the
effects of four personal characteristics, musical sophistication (MS), desire
for control (DFC), chatbot experience (CE), and tech savviness (TS), on the
user’s perception and interaction of the recommendation in MusicBot. In
general, compared with UC, SC yields higher perceived diversity and
efficiency in looking for songs; combining UC and SC tends to increase user
engagement. Both MS and DFC positively influence several key user
experience (UX) metrics of MusicBot such as interest matching, perceived
controllability, and intent to provide feedback.

Background

Critiquing-based Recommender Systems

Users could make critiqgues on the recommended items to allow the system
to iteratively update user preference model and provide users with desired
recommendations.

Conversational Interaction

A typical interaction flow of critiquing-based recommender systems.

Step 1: System Step 2: System Step 3: Users make critiques on

elicits user’s presents » the recomemndations.
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- Experience of ChatBots
- Tech savviness

Research Questions

RQ1: Which critiquing setting, UC versus HC, is better suited for controlling
music recommendations?

RQ2: Which personal characteristics (e.g. musical sophistication, desire for
control, chatbot experience, and tech savviness) might influence user’s
perception and interaction of recommendations?
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Recommendation Algorithm
The Spotify APl generates recommendations based on three types of seeds,
l.e., songs, artists, and music genres.

Critiquing-based Algorithm [1]

1. Critigue pattern vector (e.g., {(energy, higher), (danceability, similar)})
2. Association rule mining algorithm (i.e., Apriori algorithm)

3. Multi-attribute utility theory (MAUT)

Q A set of personalized and diversified critiques
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based recommender systems. Therefore, we present MusicBot, a chatbot for
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' y - ~~ Tips for tuning the recommendations by audio

( b ) ~u would like to listen to on the trip. features

Currently the system supports searching by 5
audio features,

Task: look for 5 good songs that fit the current
scenario and your taste.

(a)

| have found some songs for you based
on your preference, but you can also
search for other songs by using the tips
shown on the right side.

Crying Out For Me - Radio Edit
TE T W W

Energy:To tweak recommendation by energy,
you can say "l need more/less energy”, "l need
higher/lower energy".

We recommend this song because you
~ like the songs of middle danceability,
and the song Halo.

Danceability:To tweak recommendation by
danceability, you can say "I need higher/lower
danceability”, "I need to dance", "Play a song
for dancing".

Speechiness:To tweak recommendation by
speechiness, you can say "I need more/less
speech”, "Play a song with less speech"”.

Tempo:To tweak recommendation by tempo,
you can say "l like slow/fast songs", "Play some
fast music”.

Please rate your I_'ked s valence:To tweak recommendation by tempo,

you can say "l feel happy", "feel sad".

Good, please try the next song.
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OK, | recommend this song to you,

because you like the fast songs

Crying Out For ...
Mario

» Tips for tuning the recommendations by music
categories

» Tips for tuning the recommendations by music
languages

think you might like the pop English » Tips for tuning the recommendations by artists
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songs with lower danceability?

User-initiated critiquing

MusicBot Ul

System-suggested critiquing

User Experiments
Online user study (45 participants, Age: 20-30(36), 30-40(6),41-50(1), >

Task: Find 5 songs in two scenarios and give ratings
Procedure: (1)Watch Video Tutorial >
Questionnaire = (@)Warm Up 2> (5)Interact with MusicBot = (6)Post-
Study Questionnaire

Results & Discussion
Subjective Experience RQ1

7.00

UC: User-initiated Critiquing ©

mUC mHC

Significant difference on effort of
looking for songs (Mann-Whitney
U =919.500, p =.02)

* Users positively rated UC and HC °
in most of the UX metrics.

7.00

6.00

(53%)
2.00

in HC.
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0.00

Q2: Easy of use Q4: Diversity

Interaction Behavior

Interaction metrics UC (mean,sd) HC (mean,sd)

#Listened songs™ (10.67, 4.99) (13.13, 6.09)
Rating (stars) (4.05,0.47)  (4.08, 0.44) turns, more completion
Completion tlrpe (rr*linutes) (5.40, 4.19) (6.98, 4.16) t me, more listened son
#Turns(times) (12.29, 8.21) (16.11, 9.35)
#Btn(times)*** (9.18,3.38)  (12.64, 7.07)
#Typing(times) (3.09,4.78)  (3.07, 4.21)
#Voice(times) (1.24,7.90)  (0.71, 2.97)
#Words (2.13,1.92)  (2.28, 1.84)
#Unknown utterances (1.78, 6.46) (0.78, 1.80)
Personal Characteristics RQ2
PC Ql:Interest Q2:Ease of use Q3:Effort Q4:Diversity toQ?nIi'zi:; Q6:Control  Q7:Confidence
CE 0.15 (0.33) 0.14 (0.37) 0.07 (0.66) 0.03 (0.84) -0.03 (0.86) 0.11 (0.46) 0.05 (0.73)
TS -0.01 (0.98) -0.13 (0.40) 0.36 (0.02)* 0.10 (0.51) -0.08 (0.59)  -0.19 (0.21) -0.12 (0.43)
MS  0.40 (0.01)* 0.25 (0.10) -0.22 (0.14) 0.17 (0.26) 0.10 (0.53)  0.31(0.04)* 0.29 (0.05)
DFC 0.23 (0.14) 0.03 (0.84) 0.13 (0.41) 0.24 (0.11) 0.22(0.15)  0.35(0.02)* 0.25 (0.10)
PC Q8:Feedback Q9:Trust Q10:Understand Q11:Difficulty Q12:Expected Q:(?f::::t Q14:Satisfaction
CE 0.06 (0.70) -0.01 (1.00) -0.07 (0.65) 0.02 (0.88) 0.06 (0.69) 0.21 (0.17) 0.10 (0.52)
TS 0.16 (0.29) 0.07 (0.66) -0.12 (0.42) -0.04 (0.77) 0.04 (0.78) -0.12 (0.42) -0.19 (0.10)
MS  0.55(<0.001)***  0.37 (0.01)* 0.09 (0.57) 0.13 (0.38) 0.23(0.14)  0.31(0.04)* 0.22 (0.15)
DFC 0.06 (0.68) 0.16 (0.29) 0.30 (0.04)* 0.38 (0.01)* 0.22 (0.14) 0.28 (0.06) 0.20 (0.19)

DFC(+): Control, easy to understand and use.
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Correlation analysis between personal characteristics and user perception
MS(+): Interest matching, control, trust, intention to give feedback and reuse.
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