Walk the Talk

Analyzing the relation between implicit and
explicit feedback for preference elicitation

Denis Parra, University of Pittsburgh

Dr. Xavier Amatriain, Telefonica R&D

UMAP 2G11: Girona, Spain July 2011



7/12/2011 Parra, Amatriain "Walk the Talk"



Presenter
Presentation Notes
Let me introduce Philosoraptor…


Outline

Introduction (motivation)

The survey on last.fm users

— What did we crawl, what did we ask, sampling
strategy, results

General analysis of the results
Regression Analysis

Discussion, ongoing work and (some)
conclusions


Presenter
Presentation Notes
First, I will an introduction of our main motivation to work on this particular problem
Then I will talk about the survey we did on last.fm users 
I will present a general analysis of the results and how it lead us to a regression analysis
To finalize the presentation with a discussion, (some conclusions) and ongoing work
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Presenter
Presentation Notes
Let me introduce Philosoraptor…


Introduction (1/2)

Most of recommender system approaches rely on
explicit information of the users, but...

Explicit feedback: scarce (people are not especially
eager to rate or to provide personal info)

Implicit feedback: Is less scarce, but (Hu et al., 2008)

There’s no negative feedback ... and if you watch a TV program just
once or twice?

Noisy ... but explicit feedback is also noisy
(Amatriain et al., 2009)

Preference & Confidence ... we aim to map the L.F. to
preference (our main goal)

Lack of evaluation metrics ... if we can map L.F. and E.F., we can

have a comparable evaluation



Presenter
Presentation Notes
- Our main motivation is the deal with the fact that the largest amount of recommender systems approaches rely on explicit information such as ratings, or metadata of users and items, but
Although most recsys rely on explicit data, we face the situation that explicit feedback is scarcer than implicit feedback.
-  Hu, Koren in 2008 on the paper “Implicit feedback for Recommender Systems”, which is one of the few works in this area, defined some characteristics of implicit data that make difficult to work with it.

http://www2.research.att.com/~yifanhu/PUB/cf.pdf
http://www.nuriaoliver.com/RecSys/LikeIt_umap09.pdf

Introduction (2/2)

e |sit possible to map implicit behavior to explicit
preference (ratings)?

e Which variables better account for the amount of
times a user listens to online albums?

e OUR APPROACH: Study with Last.fm users
— Part |: demographics and online music consumption

— Part Il: Rating 100 albums collected from their last.fm
user profile


Presenter
Presentation Notes
Based on the characteristics described in the previous slides our questions were:
Is it possible to map implicit behavior to explicit preference  - ref (Celma, PhD Thesis 2008) attempted doing it using different distributions
If we assume it is possible: which variables better account for the amount of times a user listens to online albums?
We narrow the problem to the domain of music because is a common interest with Xavier and due to his previous attempt with Baltrunas.
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2.1 Demographic/Consumption Data

e Gender

e Age

e Country

 Hours per week spent on internet | ]

 Hours per week listening to music online | ]

e Number of concerts per year | ]

e Do you read specialized music blogs or magazines? | ]
Do you have experience evaluating music online? | ]

e How frequently do you buy physical music records? | ]
e How frequently do you buy music online? | ]

Do you prefer listening to single tracks, whole albums or either
way? [ ]


Presenter
Presentation Notes
Change description to the right side and change color


2.2 Albums listened to in last.fm

| & "gotan project” by dalpas... % | [+] Gmail - Inbox - denisparr.. /| [ sleixooo's Charts - Users ...

<« C | ® www.lastfm/user/aleixooo/charts?subtype=albums

% B @

3 Pitt resource ] PAWS (] TID - academics [CJ Network Science (CJ Prog (3 Blogs () misc web apps (1 Entert (] CHile (0 AH (3 Conferences (CJ Ariadna (J Pittcity (J legal (0 Personal [0 web20 (3 fulbright & conicyt * [ Other bookmarks

I.Qst.fm Music Radio Events Charts Community B erogin

Come work with us! Last.fm is hiring »

¢ English | Help

m

Albums they listened to during last: | Google
7days, 3months, 6months, year, -
overall For each album in the list we

Library "X Charts obtained: # user plays (in each

Charts ow albumsE| | or browse by weekly snapshots perIOd), # Of gIObaI IIStenerS and # Of
Events Last7 days| Last3months Last6months Last12months Overall g I O b a I p I ayS
Friends

1 Radiohead — The King of Limbs
Neighbours 2 Nick Cave & The Bad Seeds — The Boatman's Call
Groups 3 Nick Cave & The Bad Seeds — The Best Of (Disc 1)

4 Radiohead — Kid A
Joumal l 5 Nick Cave and the Bad Seeds — Murder Ballads l
Tags 6 Nick Cave & The Bad Seeds — The Lyre Of Orpheus

7 Radiohead —In Rainbows

8 Nick Cave and the Bad Seeds — The Boatman's Call

9 Life's Decay — Eklaasera

10 Nick Cave and the Bad Seeds — The Lyre of Orpheus o
‘

[T
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Presenter
Presentation Notes
Make the point more clear


)
\J

2.3 Survey Part |

 Foritem (album) sampling, we accounted for

— Implicit Feedback (IF): playcount for a user on a given album.
Changed to scale [1-3], 3 means being more listened to.

— Global Popularity (GP): global playcount for all users on a given
album [1-3]. Changed to scale [1-3], 3 means being more listened
to.

— Recentness (R) : time elapsed since user played a given album.
Changed to scale [1-3], 3 means being listened to more recently.

GPf1 {11111 (1|1}1(2 2120121212122 313131333333
I 11222333111 (22023331 (1122|2333
R| 12131 12/3 123|123 1 23 \12)/3 12131 2]|3]1]|23
% |8,4/6/6,8|5,5|4|5,5(3,7|2,5(4,6(6.4(3,5(4,2|3,8|2|3,3|2|1|2,2|5.,8(3|4|3.3(1,6(2,6]1.6|1|2

Table 1. Distribution of items in different bins. GP: global popularity, IF: implicit
Lird
A

feedback, R: recentness, #: number of items in the bin, % : percentage of items in the
bin.


Presenter
Presentation Notes
Sampling strategy – 100 albums were rated by each users


2.4 Survey Screenshots

e Requirements: 18 y.o0., scrobblings > 5000

[+] Grail - Last week to f

irvrry for Uses Study

25 (I TID () Pittreslst [ Entet () CHile Craiglist [~ RedSoc [T AH (7] trips () Seminars (] Conferences [7] resesrch Customnize Lin

Survey about music taste - Telefonica I+D

Part [: 11 questons about demographics, muse experence and consumpton.

A) User Consent

Before starting the survey, please tell us if you accept the L&

T have read the terms and conditions of this study and T accept voluntarily to particpate on it T
also acknowledge that I am 18 years old or older.

B) Demographics

1. Gender
2. Age ‘Your age must be a number
2 I,al between 18 and 99.

3. Current Country

C) Media Consumption behavior

1. How many hours per week do you use the internet?
2. How many hours per week do you listen to music?
3. How many concerts do you usually attend per year?

4. How frequently do you read specialized blogs or

s e~ sarty. 1 wewwals.pritedulmobil., [+ Gl + Lot week tofions., | 3R Survey for User Stusdy 15 Party Ik lbems to rate
et
Blogs [ miscwebapps [0 TID [ Patrealst [ Evtert (T CHide [ Crasghist () RedSoe T AH [ tips ] Serninars [ Conferernces resemch [ Custars

Gold

Artist/Band

Tracks (up to 12)

Need more info? | Click hare for additional information abaut this album
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Presenter
Presentation Notes
Image on the left is the screenshot of the 1st part of the survey (demographics and consumption information) the image on the right is a sample of one of the 100 albums that each user had to rate from 0 to 5


2.5 Survey Part | — Results (1/2)

151 users started

127 users
completed

114 after filtering
outliers

Users from 23 countries

25 users from Spain, 15
from USA, 16 from UK

80% spent 20 or more
hours per week on the

internet

50% listened to over 20
hours per week of music

9% did not attend music

concerts

30% went to 11 or more
concerts per year



Presenter
Presentation Notes
Re-do slides
# Users: 151 users started, 127 completed, 114 after filtering outliers.
82% were male and 18% were female. 
From 23 different countries, main were Spain (25 users), U.S. (15 users), and UK (16 users).
80% used 20 or more hours per week of internet. 50% of users listening to music for over 20 hours per week.
9% did not attend music concerts. 30% went to 11 or more concerts a year.



2.5 Survey Part | — Results (2/2)

35% read sometimes 20% read them every
music magazines or blogs |week

50% never or seldom rated music online

45% bought between 1 18% did not buy any
and 10 records per year

35% never bought music | 8% bought music online at
online least once per month

14% preferred listening to |45% preferred listening to
single tracks albums, “40% either way



Presenter
Presentation Notes
35% said that they only read music magazines or blogs sometimes, but 20% did it every week.
50% of our subjects admitted rating music online never or seldom.
45% of our subjects said they bought 1 to 10 physical records a year. However, a non-negligible 18% said they did not buy any.
35% of our subjects report never buying music online, 8% say they do it once per month or more.
14% preferred to listen to single tracks while over 45% preferred listening to full albums. The other ~40% reported listening to music either way.
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3.6 General Analysis - Assumptions

 We “expect” strong positive correlation
between ratings and implicit feedback

e We “expect” some level of positive
correlation between ratings and recentness

e We (don’t?) expect a significant relation
between ratings and global popularity
e On demographic data: Just listening to track

or album shows a significant effect (using
ANOVA) F(2, 62) =3.949, p =0.024


Presenter
Presentation Notes
For the sake of time I am not showing the plots and numbers that support our assumptions, but after doing a first analysis on the data we expect:
Strong correlation between ratings and implicit feedback
Some correlation between ratings and recentness
We (don’t?) expect a significant relation between ratings and global popularity 


So far so good

ratings with those variables?



M2:

implicit . .
rediacka 4 Regression Analysis
recentness Ep Y
Model 1: ry, = B0 + 51 -t fu < 2 LA
:VI: . ‘ — Model 2: rj, = o + 1 - J}Lw + fQ “TCiu M3: implicit
.n elr:af:t lon o Model 3: Fiu = 5]0 -+ .fl . f“f‘g‘.u_ + -?)Q * T €y T+ .f3 . (h”z <7 feedbaCk,
Implici = Model 4: r;, = So + 51+ 1 fiu + B2 - T€iu + 03 0 fiu * TCiu recentness,
feedback &
global
recentness .
nnnul:\rrty
Mode]| R? F-value p-value B 31 32 33
I [[0.125 [F(1,10120) = 1146 [< 2.2 - 10—16|2.726|0.499] - _
2 110.1358[|F(2,10019) = 794.8| < 2.2 - 107 % |2.491]0.484|0.133| -
3 |[0.1362||F(3,10018) = 531.8| < 2.2- 10 '% |2.435/0.486|0.134|0.0285
4 [|0.1368[|F'(3,10018) = 534.7| < 2.2- 10~'%|2.677]0.379/0.038| 0.053
Table 1. Regression Results. R?, F-value, and p-value for the 5 models.
* [ncluding Recentness increases R2 in more than 10% [ 1 -> 2]
* |ncluding GP increases R2, not much compared to RE + IF [ 1 -> 3]
 Not Including GP, but including interaction between IF and RE

improves the variance of the DV explained by the regression model.

[2->4]



4.1 Regression Analysis

Model RMSE1 RMSE2
User average 1.5308 1.1051
M1: Implicit feedback 1.4206 1.0402
M2: Implicit feedback + recentness 1.4136 1.034

M3: Implicit feedback + recentness + global popularity 1.4130 1.0338
M4: Interaction of Implicit feedback * recentness 1.4127 1.0332

e \We tested conclusions of regression analysis
by predicting the score, checking RMSE in 10-
fold cross validation.

e Results of regression analysis are supported.


Presenter
Presentation Notes
Replace equations by words (if: implicit feedback, Re: recentness, gp: global popularity) 


4.2 Regression Analysis — Track or Album

Model Tracks Tracks/ Albums
Albums

User average 1.1833 1.1501 1.1306

M1: Implicit feedback 1.0417 1.0579 1.0257

M2: Implicit feedback + recentness 1.0383 1.0512  1.0169

M3: Implicit feedback + recentness + global 1.0386 1.0507 1.0159

popularity

M4: Interaction of Implicit feedback * recentness  1.0384 1.049 1.0159

* Including this variable that seemed to have an
effect in the general analysis, helped to
iImprove accuracy of the model
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5. Ongoing Work

e |ncorporate the nested nature of the ratings: they
are not independent, so our regression will
consider the user as a random factor to group
ratings by user (mixed model)

e Ratings are not continuous by nature: we will use
logistic regression (back up slide for further
discussion)

e Using raw data (with some transformations) as
the value of some predictors (implicit feedback
and global popularity)



6. Conclusions

e Using a linear model, Implicit feedback and
recentness can help to predict explicit
feedback (in the form of ratings)

e Global popularity doesn’t show a significant
improvement in the prediction task

e Our model can help to relate implicit and
explicit feedback, helping to evaluate and
compare explicit and implicit recommender
systems.



THANKS

* For spending your time listening to this talk ©
e Questions?

Denis Parra

www.sis.pitt.edu/~dparra/
dap89@pitt.edu
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Graphics comparing % of ratings given
variables
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Discussion: Evaluating with RMSE

* Discussion after working on this paper: Should
we continue using RMSE? IS NOT THE SAME
MISPREDICTING a rating 2 by 3 than a rating 4
by 5 0.35

=. . . T T T ¥ :-_{H_.I:H:}"-
2 0= R | (NG

(3.2} (4.3)(2,7)(5,4)(4,2)(3,1)(4.1}(5.2]) (5,3}
lype of inconsistency (grouped by runs)




Comparison with Study of Duncan
Watts

e ...on evolution of artificial markets, where Watts
concludes that people is actually influenced by
popularity of items

e ... butthat are important differences with that
study:
— Watts study was trying to assess music quality, we

asked users to avoid judging quality: just if they liked it
or not.

— In Watts study subjects were presented NEW songs
that they HAD TO LISTEN TO in order to judge their
quality.



3.1 Distribution of ratings

lastfm U id
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Fig. 5. Distribution of ratings given different values of overall popularity
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Tracks How do you |§t'5aﬁ to music
Fig. 6. Effect of listening style on percentage of ratings.



Presenter
Presentation Notes
In the previous plots we were analyzing the data assuming the people behave similarly independent of sex, country of origin or age (variables measured in the first part of the survey)
By performance a multiway ANOVA analysis on the average rating of each user as a function of the variables of the first part of the survey, we found that the only variable that was signficant in explaining the variance of the dependent variable (the average rating of each user)  was “track or CD”
F(2, 62) = 3.949, p = 0.024


3 General Analysis

Initial assumption: Rating and IF (# playcount)
must be strongly correlated.

L Implicit
1 = : Feedback

Fig. 2. Relation between implicit feedback and explicit ratings
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