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Introduction to
Recommender System



What is a recommender
system?
A recommender system recommends items to

users to optimize a utility composed of one or
more objectives

Reference: RecSys 2016: Tutorial on Lessons Learned from Building Real-life Recommender Systems



ecSys Example 1:
ouTube Up next

iTSTRASH | Ligtel ZH|o|X[&
H|ZHstA 2
BiZl E5|o|X|? X+
Wix.com
oAb PN b

BUMP OF CHICKEN'7”Y 77,
BUMP OF CHICKEN

Z3|4= 1285843]

3 HME2 - BUMP OF
CHICKEN"EA(z4>7=H.
YouTube

24/7 lofi hip hop radio - beats to
study/chill/relax

College Music
7248 NE 5

[&Azt AER|Y 5]

BUMP OF CHICKEN &L 23R8
f BUMP OF CHICKEN

E =3|+ 388113

> Pl o) 0:31/509

BUMP OF CHICKEN"E &Iz >7=H,
Z3|47,637,8013]

BUMP OF CHICKEN

O== anot h



RecSys Example 2:
YouTube Recommended

Recommended

TOP 50 EPIC DODGES | gy e ZENE 2|EX - ep.6: 1HO| S2S(MINO)YCHZ HA Top 5
o}7|e| &2 11d o{LC|77kK| 2l _
League ofiLegends Montage Olchap m7|el £2 A OfETXIIZE HipHop Place/ OtOF=0{ 21 A 7|

Synotik 809K views * 1 month ago tvN 251K views * 3 months ago
546K views * 1 month ago 450K views * 4 years ago

WORLD

LR |
Al 4 of g
X2 BYSMSE 6:22
Theodore Roosevelt vs C Q- Q3T E A|L4|OIE!: ZEHE NZ EP2 AL A 1 FoteH gHE 25HAL O]
Winston Churchill. Epic Rap... “L b Eb U EEEEE
ERB BLIZZARDKOREA CaHsa MypalukuH #oi| wi2{EH= 2to|=
24M views * 1 year ago 562K views * 2 weeks ago 318K views * 8 months ago 863K views * 1 year ago

SHOW MORE



RecSys Example 3:

Linkedln Personalized Feed

Sanghyuk Chun

ML/A| Researcher in NAVER
CLAIR (Clova Al Research)

158

Who's viewed your profile

“ Share an article, photo, video or idea

< 4 Write an article> < Images > < X Video )

You'll no longer see this update in your feed

Mourad Touzani

Add to your feed

o
1] ”é Machine Learning

_rost [N
[q Deep Learning
il 5

Sort by: Top ¥ ‘

Amazon

Company e Internet

View all recommendations

+ Follow

+ Follow

+ Follow




RecSys Example 4:
Amazon item recommendation

Statistical Methods for Recommender Systems 1st Edition

by Deepak K. Agarwal (Author), Bee-Chung Chen (Author)

) 00 ¢ ik dhd

Statistical Methods for

Recommender Systems

DEEPAK K. AGARWAL
BEE-CHUNG CHEN

ISBN-13: 978-1107036079

ISBN-10: 1107036070
Why is ISBN important? ~

Have one to sell?

Add to List

3 customer reviews

Look inside ¥ .
Kindle 0o Hardcover  Other Sellers
$43.24 $36.99 - $42.59 See all 2 versions
() Buy used $36.99
(o) Buy new
In Stock.

swsom Frequently bought together

This item st
within 23 h
Total price: $165.25
P Add all three to Cart
Recommender
Systems Add all three to List
More Buying i These items are shipped from and sold by different sellers. Show details

26 New from $4.
Sell on Amazon

Recommender Systems: The Textbook by Charu C. Aggarwal Hardcover $43.90

share M B} @

prime student
o Recommender Systems: An Introduction by Dietmar Jannach Hardcover $78.76

Customers who bought this item also bought

%

Recommender
Recommender
Ao ltrodoctio SySlCIﬂS

Systems

Recommender Systems: Recommender Systems: An  Deep Learning (Adaptive

The Textbook Introduction Computation and Machine
» Charu C. Aggarwal Dietmar Jannach Learning)
WRWRR 8 WY 10 » lan Goodfellow
Hardcover Hardcover ﬁﬁ?ﬁ?ﬁﬁ( 160
$43.90 prime $78.76 ~prime Hardcover
$38.29

This item: Statistical Methods for Recommender Systems by Deepak K. Agarwal Hardcover $42.59

OREILLY"

Designing
Data-Intensive
Applications

Martin Kleppmann

Designing Data-Intensive
Applications: The Big Ideas
Behind Reliable,...

» Martin Kleppmann

WY 98
in MySQL

Guides

Paperback
$31.18 vprime

5| PATTERN RECOGNITION [
; so MACHINE LEARNING [
¥ CHRISTOPHER M. BISHOP §
& g o (?I.‘ ats

Pattern Recognition and
Machine Learning
(Information Science...

» Christopher M. Bishop

ORI 153
Hardcover
$58.95 /prime

Deep Learning with
Python
» Francois Chollet

RR R 52
A N:EEEEIEN in Speech &

Audio Processing
Paperback
$31.50 vprime

Data Mining, Inference, and Prediction

Page 1 of 14

The Elements of Statistical

Learning: Data Mining,
Inference, and...

Trevor Hastie

W WY 153

Hardcover

$61.62

prime



RecSys Example 5:
Spotify Discover

-
Q Search ¥ Sophia Ciocca v

MADE FOR SOPHIA

Discover Weekly

Your weekly mixtape of fresh music. Enjoy new discoveries and deep cuts chosen

just for you. Updated every Monday, so save your favourites!
Discover Made for Sophia Ciocca by Spotify - 30 songs, 2 hr 3 min
Weekly

PLAY

Download .
TITLE ARTIST 5

To Hugo Clogs The Creatures In Th...
Little Worlds Mandolin Orange Such Jubilee

Quiet Voices Mike Vass In the Wake of Neil ...
Sometimes Goldmund Sometimes

Sileo Rhian Sheehan Stories From Elsewh..
Hollow Home Rd Brolly Hollow Home Rd
Marigold Mother Falcon You Knew

Things Happen Dawes All Your Favorite Ba...

Sliding Down Edgar Meyer, Mike ... The Best of Edgar M..

n
i
+
+
+
T
T
n
n
i

Celeste Pete Kuzma Equilibrium

https://medium.com/s/story/spotifys-discover-weekly-how-machine-learning-finds-your-new-music-19a41ab76efe



https://medium.com/s/story/spotifys-discover-weekly-how-machine-learning-finds-your-new-music-19a41ab76efe

RecSys Example 6:
Netflix Recommendation

House of Cards NETELIX
k. TV-MA 1 Seasol 54 i
Sharks gliding ominously beneatl e surface ; P ! 4 ~1

http://www.shalomeir.com/2014/11/netflix-prize-1/



http://www.shalomeir.com/2014/11/netflix-prize-1/

Amazon: 35% of the purchases are from recommendation
Alibaba: up to 20% growth of conversion rate from
personalized landing pages (during Chinese shopping
festival)

YouTube: 70% of the watching is from recommendation

Netflix: 75% of what people are watching on Netflix comes
from recommendations + Employing a recommender system
enables Netflix to save around $1 billion each year

https://tryolabs.com/blog/introduction-to-recommender-systems/



https://tryolabs.com/blog/introduction-to-recommender-systems/

Traditional Methods

-CF/CB
- Netflix Problem




Traditional Recommendations

Collaborative Filtering (CF)

% 1 2 3 4
G 1 3 4




https://en.wikipedia.org/wiki/Collaborative filtering#/media/File:Collaborative_filtering.qgif



https://en.wikipedia.org/wiki/Collaborative_filtering#/media/File:Collaborative_filtering.gif

https://en.wikipedia.org/wiki/Collaborative filtering#/media/File:Collaborative_filtering.qgif



https://en.wikipedia.org/wiki/Collaborative_filtering#/media/File:Collaborative_filtering.gif

Traditional Recommendations

Contents Based Filtering (CB)

BUMP OF
CHICKEN"Hello,world!'.LIVE...

BUMP OF CHICKEN

3|4 144813] - 23 H

BUMP OF CHICKEN feat.
HATSUNE MIKU'ray.

BUMP OF CHICKEN ¢

Z238|4= 12950t8] « 43 H

RecSys 2016: Tutorial on
Lessons Learned from...

ACM RecSys

32188 - 14 A



Data for Recommendation

User History Content data

(rating, view, purchase, ...)

(metadata, raw data, ...

title: XXX
1 2 3 4 1 contents: XXX
thumb: XXX
cateogory: -
E 3 4 6
g 11| 4 || 5



O BO BO

EOREOREO

..................................................

T 1 1
""" 2 1
""" 3 01 1
4 11
—
""" 6 1

:

Graph Form

Matrix Form



Traditional CF methods

- Low Rank Matrix Factorization

Item
W X Y Z W X Y Z
A 45 20 Ali.20.8 1.5 1.2 1.0 0.8
. B 40 3.5 Bli40.0 1.7 0.6 1.1 0.4
gc ........................................................................................... = C ............................. 'x
2 5.0 2.0 1.5 1.0
D 3.5 4.0 1.0 D|1.208
User Item

Rating Matrix Matrix Matrix



Brief Overview of
Matrix Factorization

. A 2 a
min rui — Tui)” S.t. rank(R) = k.
in Y (rui = ) (&

U,1ER

min >~ (rui = pu- 6)° + a3 + llail1):

U, 1ER

gnyri Z Cui (Pui — :Egyz)Q + A (zu: H:IJUHQ + Z \ysz)



More readings

- [ALS + implicit feedback] Hu, Yifan, Yehuda Koren, and Chris Volinsky. "Collaborative
filtering for implicit feedback datasets." Data Mining, 2008. ICDM'08. Eighth IEEE International
Conference on. leee, 2008.

- [Overview paper] Koren, Yehuda, Robert Bell, and Chris Volinsky. "Matrix factorization
techniques for recommender systems." Computer 8 (2009): 30-37.

- [PMF] Mnih, Andriy, and Ruslan R. Salakhutdinov. "Probabilistic matrix
factorization." Advances in neural information processing systems. 2008.

- [Logistic MF] Johnson, Christopher C. "Logistic matrix factorization for implicit feedback
data." Advances in Neural Information Processing Systems 27 (2014).

- [BPR-MF] Gantner, Zeno, et al. "Personalized ranking for non-uniformly sampled
items." Proceedings of KDD Cup 2011. 2012.

- [AutoEncoder] Wang, Hao, Naiyan Wang, and Dit-Yan Yeung. "Collaborative deep learning
for recommender systems." Proceedings of the 21th ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining. ACM, 2015.



Recommendation using
features

ltem-to-Item recommendation

- return "most K-similar items" to the query item

Personalized recommendation

- return items observed by "most K-similar users”
to the query user



Limitation of CF

- Cold start: There needs to be enough other
users already in the system to find a match.
New items need to get enough ratings.

- Popularity bias: Hard to recommend items to
someone with unique tastes. Tends to
recommend popular items (items from the talil
do not get so much data)

https://www.slideshare.net/xamat/recommender-systems-machine-learning-summer-school-2014-cmu



https://www.slideshare.net/xamat/recommender-systems-machine-learning-summer-school-2014-cmu

CF vs. CB

—U— (Content

* Content-based 754 —+— Collaborative
recommendation with —O— (ollaboration via Content
Bayesian classifier 0d oo T T

 Collaborative is
standard using
Pearson correlation

- D""‘G — -—0
. . 60 -
e Collaboration via _ /
5

Precision

content uses the
content-based user 0 0 s - )5

prOf”eS Restaurants in Common

55

Averaged on 44 users

Precision computed in top 3 recommendations

N E T F L I x Xavier Amatriain — July 2014 — Recommender Systems

https://www.slideshare.net/xamat/recommender-systems-machine-learning-summer-school-2014-cmu



https://www.slideshare.net/xamat/recommender-systems-machine-learning-summer-school-2014-cmu

Ensemble methods

Hybridization Method Description
Weighted Outputs from several techniques (in the form of

scores or votes) are combined with different
degrees of importance to offer final
recommendations

Switching Depending on situation, the system changes from
one technique to another

Mixed Recommendations from several techniques are
presented at the same time

Feature combination Features from different recommendation sources
are combined as input to a single technique

Cascade The output from one technique is used as input of
another that refines the result

Feature augmentation The output from one technique is used as input
features to another

Meta-level The model learned by one recommender is used
as input to another

N E T F L I x Xavier Amatriain — July 2014 — Recommender Systems

https://www.slideshare.net/xamat/recommender-systems-machine-learning-summer-school-2014-cmu



https://www.slideshare.net/xamat/recommender-systems-machine-learning-summer-school-2014-cmu

Netflix Prize

2006.10 ~ 2009.07

Improve by 10% RMSE = $ 1M!
(Winner Takes ALL!)

Baseline algorithm (Cinematch): 0.9525

\/ ) 2 (1 T
,JEX




Winners of Netflix Prize

Grand Prize: team "BellKor’s Pragmatic Chaos"

- 2007 Winner: team "BellKor" (Bell & Koren)
(improved by 8.26%)

- 2008 Winner: team "BellKor in Chaos"
(Union of team BellKor and team Big Chaos)
(improved by 9.44%))



Winners of Netflix Prize

- Final Winner: "BellKor's Pragramatic Chaos"
(Union of team BellKor, team Big Chaos and
Pragmatic Theory)

(improved by 10.06%)

For achieving 10% improvement,
it takes about 3 years!



Rank Team Name Best Test Score % Improvement Best Submit Time

Grand Prize - RMSE = 0.8567 - Winning Team: BellKor's Pragmatic Chaos

1 | BellKor's Pragmatic Chaos 5 0.8567 ; 10.06 ' 2009-07-26
2 | TheEnsemble | 0.8567 | | 2009-07-26[18:38:22
3 ' Grand Prize Team | 0.8582 | 9.90  2009-07-10 21:24:40
4 ' Opera Solutions and Vandelay United 0.8588 | 9.84  2009-07-10 01:12:31
5 ' Vandelay Industries ! | 0.8591 | 9.81 ~ 2009-07-10 00:32:20
6 . PragmaticTheory | 0.8594 | 9.77  2009-06-24 12:06:56
7 ' BellKor in BigChaos | 0.8601 | 9.70 . 2009-05-13 08:14:09
8 | Dace 5 0.8612 ; 9.59 | 2009-07-24 17:18:43
9 | Feeds2 5 0.8622 ; 9.48 " 2009-07-12 13:11:51
10 | BigChaos 5 0.8623 ; 9.47 | 2009-04-07 12:33:59
11 . Opera Solutions | 0.8623 | 9.47 . 2009-07-24 00:34:07
12 | BellKor 5 0.8624 ; 9.46 " 2009-07-26 17:19:11

"That 20 minutes was worth a million dollar”
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Recap: Cinematch (0.9525)
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Millions of parameters

Koren, Yehuda, Robert Bell, and Chris Volinsky. "Matrix factorization techniques for recommender systems." Computer 8 (2009): 30-37.



Evaluation of
Recommender System

Offline evaluation
- RMSE / MAE, ...
- precision / recall / AUC, ...

- ranking metrics: NDCG, MAP, MRR, ...

Not directly related to real world user behaviors



Evaluation of
Recommender System

Online evaluation
- CTR (Click-Through-Ratio)
- Cost per action, cost per click, ....

-PV/UV /...

'Expensive' A/B test is required (also it is noisy)



® Teros

1 1boon

# Brusch

B Camann

7 CamBlogs

& Cso.mfrcystapman
BCamWovie
®rvPor

® Kakao TV

A tdron

2 Kakao\ec

& KakaoPuge

£ MecaDa.m

Z Moc2Dam-PRAMC
(£ Caum-Cartdagazne
ine

® KakaoTal«

O W e

kakao

Overall

e oy s | (D

—

1boon $#3 Click / Cir &

aN-Irtiww

X

R

A

F .

A

-

’\ [ll

JINANU

W Toex-CTR © Temad LXK

Brunch 2848 Click / Cir &

A

'

ﬂrﬂlllhﬂh

li

aANe)te

hcaskm & ~

-
oY
-a %
~an
-0
Fan
~a v
-0
-0
oo

© Ko Corp.

https://www.slideshare.net/kimkwangseop/toros-python-framework-for-recommender-system



https://www.slideshare.net/kimkwangseop/toros-python-framework-for-recommender-system

Toros Admin " hcaskm & ~

& Dasrboara ‘ 2% Share
i Snatiatcs
* Toros Query: O $28 Y02 - Beginner's Luck max ~ 3750854
© Ready, Get Set, Go! - Colorid Express sisis = 1088813 Youtatm &M
¥ "bhoon
/Z Brureh
M CoumAng L ow
© DA XNE (vnth SYTR) - HOIEH0|M HIGH-FIVE) S515~ 4514628 Youtube w4
7 CamBiogs § o
-0
& Coumfropdopmda k'
' / 0%
B Caumovie O 100HAR - Flavor ¥E7 39 1661206 Youtube 34 ' aia
[ 3 \ / -
: | ~
GMO v _r
2 Meion O #Oix AME JAIbum Var) - ZHEWER MUY 290050 Yout.tm oM U xeomiime
B akaoNusic
& KakaoPoge
' © UB . Ute omaols DAYBREAK) 2660855 Yout.oa 34 L aw
(# MeckaDaum Ufe . »
.- I -3 N
Z MockeDaum-PAMC drx ¥y /B los
» n.' - o ‘
L Caum-CarMagazine -
© FE F8{W - Just Pop 0100 @8 04 GIX0TS Youtube 344 '
iTe / =
| 0"
& Kakao Talx j Lo
\ " A
O W s

T Ko Cop.

https://www.slideshare.net/kimkwangseop/toros-python-framework-for-recommender-system



https://www.slideshare.net/kimkwangseop/toros-python-framework-for-recommender-system

*® Tores

¥ "hoon

# Bruseh

B ComAng

# CaumBiog+

& Cos.mfrcysapman
B Ca.mWovie

® rvPor

® Kakao 1V

2 Meton

2 Kakao\ek

& KakaoPuge

(# MocaDaum

(Z MedaDaum-PRVC
# Caum-CarMagazine
ime

® KakaoTalx

O W » s

kakao

CTR& CTR: up to 5~6x

oM 4
ELE
-
o -

P,od'o |

O‘N‘YP."J ’

OM <

no:l«uu AR AUM  DBCTE M NI ORCEM TR ONCENTI XNCEENTN XNCEDMM  JOROET e
WCemmfeol B TootenT W Torm f W Toron (D

Impression L

A

.’. Au" . »
.

-

IR RWM DERBIE ESUNW AR NWS KA NWS ZRRUN UM SRUNY XN an
WG et I Took bonCr 1 Toem Che! [ Tomn OB

s A WD { ' b
o] S v 1Pt P R VN L L WL W VW Vian™ US4 N

He@-ooenm

Lo st A L

hcaskm & ~

MOl A

Ko Comp,

Sl

A%

’
f
J

o/|

https://www.slideshare.net/kimkwangseop/toros-python-framework-for-recommender-system



https://www.slideshare.net/kimkwangseop/toros-python-framework-for-recommender-system

More Novel Methods

Learning to Rank

Explore / Exploit

Session Based Recommendation
Deep Learning



It's the RANKING, stupid

\)» T yru

y Breaking
Bad

(/vii/'ﬁkﬂs

Niche titles
N ETFLIX High average ratings... by those who would watch it
Xavier Amatriain — July 2014 — Recommender Systems

https://www.slideshare.net/xamat/recommender-systems-machine-learning-summer-school-2014-cmu
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Lessons from RMSE

Rating (explicit feedback) is noisy than
preference (implicit feedback) in many cases

Ranking by rating is not best ranking



Ranking improvement over baseline
0.00% 50.00% 100.00% 150.00% 200.00% 250.00%

Popularity

+ All Features

+ Parameter Tuning

N E T F L I X Xavier Amatriain — July 2014 — Recommender Systems

https://www.slideshare.net/xamat/recommender-systems-machine-learning-summer-school-2014-cmu
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Learning to rank

Learning to rank is the machine learning
problem to optimize 'ranking' from ranked data

Generally, training data is partially observed!

By constructing ranking model directly, one can
reconstruct ranking of the unobserved data



Learning to rank (pairwise)

Data: pairwise observation (preference)

Example model: Bradley—Terry (BTL) model

A < B

P(Z>])_ Al > | C




Example algorithm for BTL model:
Rank Centrality

Build graph from pairwise data as the following

# | selected / (# i selected + # j selected)

drjaxA?’J ifi#£7,
= T D Ain 1T E=17

# i selected / (# i selected + # j selected)

Negahban, Sahand, Sewoong Oh, and Devavrat Shah. "Rank centrality: Ranking from pairwise comparisons.
Operations Research 65.1 (2016): 266-287.



Rank Centrality

Algorithm: random walk on the graph until
converged (Markov chain, similar to PageRank)

=> stationary distribution equals to rank!
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Rank Centrality

Algorithm: random walk on the graph until
converged (Markov chain, similar to PageRank)

=> stationary distribution equals to rank!
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Example:

StarCraft + Rank Centrality
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Jea-Dong Lee
Teak-Yong Kim
Byoung-Goo Song
Myeong-Hoon Jeong
Bo-Sung Yeom
Yong-Tae Yoon
Jae-Ho Lee
Sang-Moon Shin
Myeoung-Woon Kim



Metric for Ranking

NDCG (Normalized Discounted Cumulative Gain)
Mean Average Precision (MAP)

Mean Reciprocal Rank (MRR)

The measurements are NOT differentiable



Models for learning to rank

Pointwise Models

estimate ranking by computing score for each
example then sorting by the score (based on
regression or classification)

data: (i, |, relevance score)

- Logistic regression, PRank, MCRank ...



Models for learning to rank

Pairwise Models

constructing pairwise rank model by minimizing
inversions in the given pairs (the problem is
transformed into a binary classification)

data: (i, j, preference)

- RankNet, SVMRank, AdaRank,
LambdaMART...



Models for learning to rank

Listwise Models

Directly (non-differential) optimizing rank metric
such as NDCG, MAP

Could be solved by genetic algorithm, simulated
annealing, relaxation ...



Learning to rank

Directly optimize ranking in offline

Even though learning to rank optimize ranking, it
still does not optimize 'profit' (CTR) directly



More Novel Methods

Learning to Rank

Explore / Exploit

Session Based Recommendation
Deep Learning



Multi-armed Bandit Problem

[
G
I )5

- K arms with unknown reward distributions

- Maximize reward (or minimize regret) over time T

- Each time, a policy select a single arm and receive reward



Example: Bernoulli bandit

Reward: O 509% 30% 80%
Reward: 1 50% 70% 20%

Select: AABBBBBCABBB..

Reward: 101001101111 ..



Exploration vs. Exploitation

Exploration: Since we have no information of
each arm, we have to ‘explore’ unknown arms

repeatedly

. Play the best arm (empirically) to
get large reward

Trade off between exploration and



Algorithm (Epsilon greedy)

with probability 1 - e, Play best arm

with probability e, Play a random arm

After enough large exploration, epsilon greedy
play randomly with probability epsilon



Algorithm (UCB)

UCB (Upper Confidence Bound)

1 = arg max u; + B

. _ 2Int
(UCB 1) z—argmljaxx,+w/ —



Algorithm (Thompson
Sampling)

Algorithm 2 Thompson sampling for the Bernoulli bandit

Require: «, 3 prior parameters of a Beta distribution
S; =0, F; =0, Vi.{Success and failure counters }
fort=1,....T do

for:=1,..., K do
Draw 6; according to Beta(.S; + «, F; + ().

end for
Draw arm 7 = arg max; 6; and observe reward r
if r = 1 then
S; =5;+1
else
F,=F,+1
end if
end for

Chapelle, Olivier, and Lihong Li. "An empirical evaluation of thompson sampling." Advances in
neural information processing systems. 2011.



Bandit in Recommender System

Oracle CTR

5%

.

2%

Question:
Which item should we serve to users?
1% How can we find such items 'online'?



Bandit in Recommender System

Think each item as the arm of the bandit

Than, 1S and
reward distribution is equal to CTR

Now, we can find the item with best CTR while
dealing with explore / exploit trade-off!



Limitation of MAB In real world

Stochastic bandit assumes the following

- Each time, bandit only choose single arm
(i.e., observe only single item)

- Immediately feedback (most of cases, users don't
click item directly)

- Number of arms are finite and fixed
(in real world, there is a 'life-cycle' of item
+ new item appears frequently)



Limitation of MAB In real world

Stochastic bandit assumes the following

- (cont) arm is stationary (there is 'positional
bias' and CTR of each item is affected by
co-recommend items)



Modified MAB for RecSys

'I
Multi-play Bandit!

(sorted by expected CTR, displayed items)
+ discounted penalty for lower rank item

Arms: candidates for
recommendation (by CF, CB, learning
to rank, ...)



IMP-TS (improved MP- TS)

Algorithm 1 Multiple-play Thompson sampling (MP-TS) 1400 M MpTS

for binary rewards 1200 H +—s  IMP-TS
Input: # of arms K, # of selection L ® 1000 (| *— MP-KL-UCB 1
for:=1,2,..., K do g oot~ IMP-KL-UCB .

A, B;=1,1 £ 600 |

end for 400 1
t <1 200 . |
fort=1,2,...,T do . BT R T N TERT

For K-1 items,

: t: round
fore=1,2,..., Kdo instead of sampling from Beta,
et SOrted by empirical mean O
I(t) = top-L arms ranked by 6;(t). i Lower Bound
for i € I(t) do W0 == MP-TS
if X;(t) = 1 then 2 "= BCMPTS
Ai — Az + 1 _9_
else
end if
end for
end for

Komiyama, Junpei, Junya Honda, and Hiroshi Nakagawa. "Optimal regret analysis of thompson sampling in stochastic multi-
armed bandit problem with multiple plays." ICML 2015



Personalization using MAB

Note that MAB requires MANY experiments until
converge to near optimal

Theorem 1. (Regret upper bound of MP-TS) For any suffi-
ciently small e; > 0,e2 > 0, the regret of MP-TS is upper-
bounded as

(1 + 61)A?;,L 10gT)

E[Reg(T)] < | ( d(phiy 1)

One bandit for one person = random reco.



Semi-personalization using
MAB

. One bandit for one user
i cluster
| = better than random

{ Questions)
= How to clustering?
= Still not fully 'personalized’




Contextual Bandit

Featured Entertainment | Sports | Life

McNair's final hours
revealed

STORY:
d th®4at L r'stalleged killer

as losing control. » Details

« UConn murder victim mourned
@, Find Steve McNair murder case

StF 1<:Nuir‘s final hours g W:F dozens of 'shooting
redealddl st ight

Ci 2?wford stays fierce E\ At 4 big moment, star
in 4Dl mini J| pla 't around

» More: Featured | Buzz

o™

Figure 1: A snapshot of the “Featured” tab in the Today Mod-
ule on Yahoo! Front Page. By default, the article at F1 position
is highlighted at the story position.

For each time, contextual vector xia is observed
(related to both user and item)

Li, Lihong, et al. "A contextual-bandit approach to personalized news article recommendation." Proceedings of the 19th
international conference on World wide web. ACM, 2010.



Contextual Bandit (LinUCB)

) [Tt a‘xt a] — Ly ae*

- at time t, user u; observes arm a with context vector
Xta

- context vector xta summarizes information of both
the user ut and arm a

- 0ais a learning parameter for each arms

- Note: if x Is constant, it is exactly same as stochastic
bandit



Contextual Bandit (LinUCB)

How to UCB?

- Exploit only' select maximum expectation
sk
Tl Tea) = Ty a‘9

- UCB: consider variance

atd_f arg max (Xzaéa + a\/xZaAglxt,a> AadffDTDa + 1.

a€E Ay

Theorem 4.1 Suppose the rewards ry o are independent random variables with means E[ry o] =

:c;fae*, let € = \/% In % and Ay = D, Dy + 14 then with probability 1 — §/T, we have

|:Bza9At — xza9*| <(e+1) :I:ZaAt_lzvt,a



Contextual Bandit (LinUCB)

Problem: how to choose context vector x?

Recall: a context vector x summaries both arm a
(article) and user u

Short Answer: Run user clustering using article-
related feature make context vector (6-
dimensional vector), i.e., we have to run
clustering as number of articles



LinUCB: Context (details)

- Atrticle feature: 83D categorical feature
- URL categories: tens of classes
- editor categories: tens of topics tagged by human
- User feature 1193D categorical feature
- Demographic categories: 2 gender * 5 age band
- Geographic features: about 200 locations

- Behavioral categories: about 1000 binary categories that
summarize the user consumption history within Yahoo



LinUCB: Context (details)

- To dimension reduction, project user feature onto
article categories and then cluster users

- First, fit bilinear logistic regression ¢« W ¢
to CTR using user/article feature

- Project user feature to article feature by ~ vu = ¢, W
- Run k-means onto  Yuwith k=5

- Final 6D user feature Xx:
cluster indicator 5D + constant 1



More readings

- [Survey] Burtini, Giuseppe, Jason Loeppky, and Ramon Lawrence. "A
survey of online experiment design with the stochastic multi-armed
bandit." arXiv preprint arXiv:1510.00757 (2015).

- [Empirical Study] Chapelle, Olivier, and Lihong Li. "An empirical
evaluation of thompson sampling." Advances in neural information
processing systems. 2011.

- [Advanced contextual bandit for recommendation] Vanchinathan,
Hastagiri P., et al. "Explore-exploit in top-n recommender systems via
gaussian processes." Proceedings of the 8th ACM Conference on
Recommender systems. ACM, 2014.

- [Book] Agarwal, Deepak K., and Bee Chung-Chen. "Statistical
methods for recommender systems." (2016).



More Novel Methods

Learning to Rank

Explore / Exploit

Session Based Recommendation
Deep Learning



Define 'Session’

% 1 2 3

e 3 4 6




Why session based?

Subsequent sessions of the same user should
be handled independently

Favorites of users could be changed by time
Maybe session contains "context" information

(Practically) session data could be handled in
'Incremental’ way while matrix data couldn't



Session-based recommendations
with recurrent neural networks

Output: scores on items in a nutshell: Next-item prediction

1

GRU layer Gy
GRU |ayer P —
GRU layer

Embedding layer .......

1

Input: actual item, 1-of-N coding

Hidasi, Balazs, et al. "Session-based recommendations with recurrent neural networks." ICLR 2016



Personalizing Session-based
Recommendations with Hierarchical
Recurrent Neural Networks

. session-level session
pr ed/ct/on ’ ! 1,3 ’4 representation initialization

1 0
—>

input

item id

.-
.-
.-
.-

K user representation

propagation

user-level
representation

O 0000)

O
-

O
N

Quadrana, Massimo, et al. "Personalizing session-based recommendations with hierarchical recurrent neura
networks." Proceedings of the Eleventh ACM Conference on Recommender Systems. ACM, 2017.



Neural Attentive Session-based
Recommendation

Attention Signal

Ranking Scores

W 0 W

Cf item,
I I R @ item,
i @, emb, : (%) 7 » =
e e T o o T e s sl = m < 3 =3 item;,
m 2 T = .
Global encoder ,3_'3, emb ., s > >{item,
| | i emb , | :§> g .g item;
1 = H
[ hl1 )—)[ h; H h, ]——) % emb
o s
§ -
Lr— B W emb,, , item,,

Local encoder Iltem embeddings

1 J | ]
Encoder Decoder

Figure 4: The graphical model of NARM, where the session feature c; is represented by the concatenation of vectors cf and c%

(as computed in equation (5) and (6)). Note that h% and hlt play different roles, while they have the same values. The last hidden

state of the global encoder h% plays a role to encode the entire input clicks while the last hidden state of the local encoder h%
is used to compute attention weights with the previous hidden states.

Li, Jing, et al. "Neural attentive session-based recommendation." Proceedings of the 2017 ACM on
Conference on Information and Knowledge Management. ACM, 2017.
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Deep Learning



Deep learning for CB
(without user history)

Similarity measure using pre-trained deep
models (VGG, ResNet, ....)

Any deep model could be used for measuring
'similarity’ of the given items



https://www.researchgate.net/figure/t-SNE-visualization-of-clothing-items-visual-features-embedding-Distinctive-classes-of figb 322355346

t-SNE visualization of clothing items' visual features embedding. Distinctive classes of
objects, e.g. those that share visual similarities are clustered around the same region of
the space.


https://www.researchgate.net/figure/t-SNE-visualization-of-clothing-items-visual-features-embedding-Distinctive-classes-of_fig5_322355346

Deep content-based
music recommendation
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http://benanne.github.io/2014/08/05/spotify-cnns.html
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Collaborative Deep Metric Learning

For Video Understanding

‘ = @

Image feature
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Pooling
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(a) Feature extraction. From sampled frames and low-
level audio signals, we extract video and audio features
with pre-trained models.

(b) Two possible variants of embedding network f. Video and audio features are combined,
either from the beginning (early fusion; left) or with element-wise multiplication after two separate
towers for each of them (late fusion; right).

Target: triplet loss (positive: co-watch, co-clicked, ...)

Lee, Joonseok, et al. "Collaborative Deep Metric Learning for Video Understanding." (2018).



Could embed users into
feature space using their
watching history

3| 2] s max = ) cos(f(xq). fxo)

veV-0Q 7c0

max maxcos(f(xq). f(xo).

Lee, Joonseok, et al. "Collaborative Deep Metric Learning for Video Understanding." (2018).
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Figure 5: Cold-start recommendation performance with dif-
ferent number of training data points per user, in NDCG

(left) and MAP (right). We see that our CDML is relatively
stronger for colder start cases.
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Figure 6: YouTube-8M video classification training curve
comparing different features. Adding CDML features im-
proves classification accuracy, by bringing the complimen-
tary user behavior information to the content information.

Lee, Joonseok, et al. "Collaborative Deep Metric Learning for Video Understanding." (2018).



More readings

- Cheng, Heng-Tze, et al. "Wide & deep learning for
recommender systems." Proceedings of the 1st Workshop on
Deep Learning for Recommender Systems. ACM, 2016.

- Covington, Paul, Jay Adams, and Emre Sargin. "Deep neural
networks for youtube recommendations." Proceedings of the
10th ACM Conference on Recommender Systems. ACM,
2016.



Real World RecSys




Recommendation System
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Figure 2: Overview of the recommender system.

Cheng, Heng-Tze, et al. "Wide & deep learning for recommender systems." Proceedings of the
1st Workshop on Deep Learning for Recommender Systems. ACM, 2016.
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Network Layers Top-1error Top-5error Speed(ms) Citation
AlexNet 8 42.90 19.80 1456 [1]
Inception-V1 22 - 10.07 3914 [2]
VGG-16 16 27.00 8.80 128.62  [3]
VGG-19 19 27.30 9.00 147.32 [3]
ResNet-18 18 30.43 10.76 31.54 [4]
ResNet-34 34 26.73 8.74 51.59 [4]
ResNet-50 50 24.01 7.02 103.58 [4]
ResNet-101 101 22.44 6.21 166.44  [4]
ResNet-152 152 22.16 6.16 217.91  [4]
ResNet-200 200 21.66 5.79 296.51 [5]

https://github.com/jcjohnson/cnn-benchmarks
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As YouTube receives more than 90 PB of videos data every
year

It has more than 7 billion videos available out of 5 billion
videos watched every day by more than 30 million users

It will take more than 199771 Year to watch all videos available
on YouTube.

All data are stored at the Google modular Data center located
at different locations.

https://www.quora.com/How-many-videos-are-on-YouTube-2017-1
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Technical difficulty: Scalability

Real-world RecSys should be able to handle
super super many queries (5B queries per day)

Real-world RecSys could compute similarity
over all-items (over 7B videos), even KNN takes
hopelessly long time

.- Query Retrieva Database
, 0O(100) items I i
: Ranking Model
i 3
| L eeeeee

Figure 2: Overview of the recommender system.



KNN

import time
import numpy as np

dim = 100
N = 10000000 # 10M

topk = 10

X = np.random.random(dim)
D = np.random.random( (N, dim))

# assume that x and D are normalized
t = time.time()

print (-np.argsort(D.dot(x))[:topk])
print(time.time() - t)

[-6106596 -5824451 -5924596 -6692504 -1097690 -1103777 -2550588 -6209227
-1983432 -893117]
6.813840866088867



How can we make faster KNN?

complexity of Naive method: O(d2N)

Easy way: reduce d or N (d -> 20, 10, filtering N)
Other ways:

- use data structure (tree, graph)

- quantization + indexing
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Priority Queue for ensuring "K"
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Feature quantization + indexing




VQ (vector quantization)
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More readings

- [Graph based ANN] Malkov, Yu A., and Dmitry A. Yashunin.
"Efficient and robust approximate nearest neighbor search

using Hierarchical Navigable Small World graphs." arXiv
preprint arXiv:1603.09320(2016).

- [end-to-end deep quantization method] Jeong, Yeonwoo,
and Hyun Oh Song. "Efficient end-to-end learning for
guantizable representations." ICML 2018



Dealing with streaming data

timestamp, user, item, referer

08-25 12:00, A, item1, -

08-25 12:10, A, item2, item1
08-25 12:11, A, itema3, item?2
08-25 12:11, B, item2, -
08-25 12:12, A, item4, item3
08-25 12:13, B, item1, item?2

User history storage



Dealing with streaming data

-
= V Model storage
T, =
- Feature extraction via
m - > various models
_ (e.9. CF, CB, ....)
—~
m j V\ %7 Data storage
New items —

Feature storage



Incremental learning issue
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Incremental learning issue
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Recalculate features for all data
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How to serve?

A i /
, 1]
[ \
v
)

1. Compute user /item feature | / ]
2. Choose A/B bucket N, Vi0del storage |
3. |\ — ;’,

results from various
models

4. Mix all of them up into
single list

5. Re-ranking using ranking

A algorithm

Get recommendation : V\’

Be updated frequently!
- incremental model learning (batch)
- dealing with NEW item / user (online)

Serve recommendations to users



Computation issue

Inference using Machine learning models
sometimes suffers from high computation cost

Possible solutions

- Caching & Indexing (i.e., save all
recommendations to databases)

- Use more light and fast models
(not 'deep’ model)
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