Recommendation
Algorithms

Lecturer: Dr. Bo Yuan

E-mail: yuanb@sz.tsinghua.edu.cn




Overview

GOQSIC  collaborative filtering

TF-IDF
Vector Space Model
Latent Semantic Analysis

PageRank

Collaborative Filtering

Web Images Maps Shopping Patents More ~ Search tools

About 1,570,000 results (0.27 seconds)

Collaborative filtering - Wikipedia, the free encyclopedia mo re re I eva nt
en.wikipediz.org/wiki/Collaborative_filtering ~

Collaborative filtering (CF) is a technique used by some recommender systems.

Collaborative filtering has two senses, a narrow one and a more general one.

Introduction - Methodology - Types - Application on social web

Amazon.com recommendations item-to-item collaborative filtering ...
ieeexplore.ieee. org/iel5/4236/26323/01167344 pdf

by G Linden - 2003 - Cited by 2167 - Related arlicles

Item-to-Item Collaborative Filtering. Recommendation algonthms are best known for
their use on e-commerce Web sites, 1 where they use input about a cus-.

PP Collaborative Filtering: A Tutorial - Carnegie Mellon University
www._cs.cmu.edu/~wcohen/collab-filtering-tutorial ppt ~

Collaborative Filtering: A Tutorial. William W. Cohen. Center for Automated Leaming
and Discovery. Carnegie Mellon University. Everyday Examples of ...

1roF] Collaborative Filtering with Temporal Dynamics
sydney_edu.au/engineering/it’~josiah/lemma/kdd-fp074-koren. pdfi ~

by ¥ Koren - 2008 - Cited by 411 - Related articles

Jun 28, 2009 - Accordingly, we revamp two leading collaborative filtering ...
Algorithms. Keywords collaborative filtering, recommender systems, concept drift.

o] Learning Collaborative Filtering and Its Application to People to ...
Www.cse._unsw.edu au/~wobcke/papers/learning-to-rank.pdf ~

by X Cai - Cited by 12 - Related articles

of items or people becomes essential. Approaches to recommender systems can be
categorised as content-based or collaborative filtering (CF) methods.

GraphlLab - Collaborative filtering
graphlab.org/toolkits/collaborative-filtering/ ~ I eSS re I eva nt

The collaborative filtering toolkit provides tools to identify patterns of user interests
and make targeted recommendations. Most of the algorithms take the rating ...
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Information Overload
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Recommendation Systems

% A system that predicts a user’s rating or preference to an item.
Help people discover interesting or informative stuff that they wouldn't

have thought to search for.

= One of the most influential applications of data mining.

<+ Content-Based Filtering

Focuses on the characteristics of items.

Recommends items similar to those that a user liked in the past.

% Collaborative Filtering

Predicts what users will like based on their similarity to other users.

= Similar to asking the opinions of friends.

Does not rely on machine analysable contents.

PANDORA amazoncom

internet radio

5

movielens
helping you find the right mowvies
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Junk Advertisement
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! Targeted Advertisement
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Mobile Advertisement Platform
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Music Recommendation

Keywords

Preference
Popularity Ranking
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Tf-idf

Given a collection of documents and a query word, how relevant is

a document to the word?

Some words appear more frequently than others.

Term Frequency (TF)

= Raw frequency

= tf(t,d) = -

Yk Nkd

Inverse Document Frequency (IDF)

. D
= idf(t,D) = log|{de|D:1|:ed}|

Tf-idf
= tf-idf (t, d, D) = tf(t, d)xidf(t, D)
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Tf-idf

< Multiple query words

Score(q, d) = z tf — idf(t,d, D)

teq

Doc 1 Doc 2 Doc 3 Doc 4

the 20 10 15 8
best 0 1 0 2
car 3 5 0 0

Term-Document Matrix

12




Vector Space Model

< An algebraic model for representing text documents as vectors.

p — (Wl,p, WZ,p, e o0 9 t,p)

< Cosine Similarity
P-q

sim(p,q) =cos(0) =

pl-1q]




Vector Space Model

% Synonymy
= Different words, same meaning
= Car, Vehicle, Automobile
= Small cosine values - unrelated
= Poor recall

% Polysemy

= One word, different meanings Y
= Apple Computer vs. Apple Juice 6
= Large cosine values - related

= Poor precision

O/

% Let’s work in @ more informative space.
= Merge dimensions with similar meanings.
= Singular Value Decomposition

! | 14_



Latent Semantic Analysis

X =TSD"

X . mxn, T:mxr; S:rxr; D:nxr; r=rank(X)

XX =(TSD"YTSD")" =T(SS)HT",
T is the eigenvectors of XX (dot products of terms)

Rows of 7.5: Coordinates of terms

X' X =(TSD") (TSD")=D(S'S)D',
D is the eigenvectors of X* X (dot products of documents)

Rows of DS Coordinates of documents
15




Latent Semantic Analysis

Technical Memo Example

Titles:

cl: Human machine inferface tor Lab ABC computer applications
c2: A survey of user opinion of computer system response time

c3: The EPS user interface management system

c4: System and human system engineering testing of £PS

c5: Relation of user-perceived response time to error measurement

ml: The generation of random, binary, unordered trees

m2: The intersection graph of paths 1n frees

m3: Graph minors IV: Widths of #rees and well-quasi-ordering
m4: Graph minors: A survey

16
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Items in 2D Space

Terms
2 T T T T
graph
O
1.5F
tree
minor O
1 L
survey
O
0.5}
time  response
O
user
O 0
computer
| 0
O interface
EPS O
system
ys O human
O
_05 | | | |
2.5 2 -1.5 -1 -0.5
21




Documents in 2D Space

Documents
2 T T T
M3
+
1.5}
M4 n
+
n M2
0.5F C2 I
M1
C5
0
O
C1
O
C3
-0.5¢
O
C4
-1 | | |
25 1.5 -1 0.5
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Document Cosine Similarity

0 0.9142 1. 0000 0. 99458 0. 5799 -0, 1852 -0. 1678 -0, 1800 -0.0117
0.9142 0 0.91686 0. 85581 0. 9970 0. 2259 0. 2483 0. 2537 0. 3945
1. 0000 0.9166 ] 0.98942 0. 85827 -0, 17493 -0. 1817 -0, 1541 -0. 0057
0.994%8 0. 86581 0.9942 ] 0. 58268 -0, 25845 -0, 2673 -0, 2599 -0. 1137
0. 85799 0. 9970 0. 8827 0. 8268 1] 0. 3040 0.3210 0. 3282 0. 4848

-0, 1552 0. 2259 -0, 17493 -0, 2845 0. 3040 0 0. 9993 0. 9997 0. 9848

-0. 16786 0.2483 -0, 1817 -0, 2673 0.3210 0. 99938 ] 1. 0000 0. 987

—-0. 1600 0. 2537 -0. 1541 -0, 25849 0. 3282 0. 9947 1.0000 ] 0. 95849

-0.0117 0. 3945 -0, 00&Y -0, 1137 0. 4645 0. 9548 0. 9878 0. 9859 1]
Transformed

1] 0. 2367 2887 0. 2357 0 0 ] ] 0
0. 2357 0 L4082 0. 3333 0.7orl 0 ] ] 0. 2357
0. 2887 0.4082 ] 0.6124 0. 2887 0 ] ] 0
0. 2357 0. 3333 A124 ] 0 0 ] ] 0

1] 0.7071 2887 ] 0 0 ] ] 0

1] 0 ] ] 0 0 0.7071 0.57r4d 0

1] 0 ] ] 0 0.7071 ] 0.8165 0.4082

1] 0 ] ] 0 0.577d 0.81658 ] 0. 86667

1] 0. 2367 ] ] 0 0 0.4082 0. 86667 0

Original
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! Query

Query =" human response"

g =[1,0,0,0,0,1,0,0,0,0,0,0]"
g=S,"'T,'q=[-0.1456,-0.0024]"
q' S =[-0.4864,-0.0060]

C M
I I

[ | [
0, 9=09 0, 9756 0, 9820 0, 9554 0, 9556 0, 0097 0, 0276 0, 0353

Cosine Similarity to Current Documents
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! Linked Documents

Pageank
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PageRank

Given a set of hyperlinked documents, how to evaluate the relative

importance of each document?

A hyperlink to a page counts as a vote of support.

= The importance of vote from a page depends on its own PageRank and the

number of outbound links.

The PageRank of a page is determined by the number and PageRank

metric of all pages that link to it.

The outbound links of a page do not affect its PageRank value.

= Difficult to manipulate inbound links.

A key factor determining a page’s ranking in the search results of Google.

27




! PageRank

A B
PR(A) = PR(B) + PR(C) N PR(D)
2 1 3
PR(p;)
PR(P)) =
- ? m;pi} L(py)
p— PR(P;t + 1) :%er z szipj.:)t)
p;jEM(pi) Pj

q d: damping factor (0.85) 28




! PageRank

R(t+1) = dMR(t) +%1

R(t)= PR(p,;t) PR(pi;O):% d =0.85

1/L(p.), ifj links to i
Ml.jz{ (p,), 1t lnks to [=ones(N,1)

0, otherwise

R:dMR+%l, for t — o

R:([—dM)—lﬂl
N
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Monetary Success

Stanford University received 1.8 million shares for allowing Google Inc.
to use this technique.

= Sergey Brin: US$ 37 billion (2016)
= Larry Page: US$ 38 billion (2016)

Made totally US$ 336 million in return by 2005.
= Within two years after Google’s IPO Google Inc

NASDAQ: GOOG - 27/11 4:00 pm ET
= Around US$ 187 per share

= How about if the shares are sold today? 1 !063-1 14470 (0.44%)

Current Endowment: US$ 22 billion

One of the largest single academic licensing transactions

= Cloning Technology: US$ 225 million in royalties

30
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Collaborative Filtering

% Core Idea:

= People get the best recommendation from others with similar tastes. e *—zj

< Workflow:
= Creates a rating or purchase matrix.
= Finds similar people by matching their ratings.
= Recommends items that similar people rate highly.

< Memory-Based CF
= User-Based vs. ltem-Based

%+ Model-Based CF

< Things to know:
= Gray Sheep
= Shilling Attack
= Cold Start




! User-Based CF

I I I3
4 ¢ 5
1 2 1
3 2
4 4

2 1 3

Saepltui — Ty ) lrws — )

Wuv = > >
\/Zief (Tu,i —Tu) \/Ziel (rv,i —7y)

ZMEU(TH,I' — ?u) * Wa,u

g
- ‘ Wa,u ‘

33




! User-Based CF

Il Iz 13 I4
U, 4 ¢ 3 5
U, 4 2 1
Us 3 2 4
U, 4 4
Us 2 | 3 5
PI,Z - Fl . Zu (T-u,z - ru) : Wl,u
Zu | wl,u [
. (r22 — T2)wia + (rag — Fa) wia + (rsp — 75)wis
|wia| + [wial| + |wis]
(2-25)(-1)+(4—-4)0+(1 - 3.33)0.756
= 4.67 +
1+0+0.756
' = 385
34
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Item-Based CF

W . ZMEU (ru,i _n)(ru,] _r])
i —\2 —\2
\/ZueU (r”‘si N ’/;) \/ZueU (r”aj B rj)

U: Users that have rated both / and j.

Wi Ta

P _ ]E[

3
jel

I: All items that have been rated by User a.

Wl,_]
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Item-Based CF

—_ 1 —_
I)a,i:ra+|U| MEU(ru,i_ru)

U: Users that have rated i.

U: Users that have rated both / and j.

— P 1

= m e (dev, , +r, ;)

I: Items that the user has rated and have dev values.
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! Item-Based CF

Customer Item 1 Item 2 Item 3
John 5 3 2
Mark 3 4 Didn't rate it
Lucy Didn't rate it 2 5

P = 2+5 N 5-25+3-4 495
> 2 2
2-1 3
dev,, = EN 0.5 dev, ; = T 3
|
I B 25(0'5+2+3+5) =5.25
2x2.5+1x8
Lucy,1 — 71 =4.33 Slope One H
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Model-Based CF

Class Label
L L I; 1y

U, 4 ¢ 5 ?
o U, 1 2 1
Q
£ U, :: 4
<

Ik 2 1 3 5

Training Samples

JjEclassSet

class = arg max P(class;) 1_[ P(X, = x,|class;)
(0]
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Model-Based CF

I b I Iy
U; 4 ¢ 5 5
U, 4 2 1
Us; 3 2 4
U, 4 4
Us 2 1 3 2

class = arg max P(C])P(Uz = 2|C])P(U4 = 4|C])P(U5 = 1]¢;)
cj€{1,2,3,4,5)

= argmax {0,0,0,0.0031,0.0019} = 4
cj€{1,2,3,4,5)

___ | P(5)PU, =2|5PU, = 4|5)P(Us = 1|5) P(4)P(U, = 2|14)P(U, = 4|4)P(Us = 1]4)
2 0+1 0+1 0+1_00019 1 0+1 1+1X0+1_00031
=3%2%¥5° 245 2%5 " =3%745° 145 1+5 "
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Model-Based CF

U, Like Dislike  Dislike Like
U, Dislike Dislike Dislike
Us Like Like Like
Class Label Like Dislike Like Like ?
L L L I I
U, like 1 0 0 0 1
U, dislike 0 1 1 0 0
U, like 0 0 0 0 0
U, dislike 1 0 0 1 1
Us like 0 1 1 0 1
U, dislike 0 0 0 0 0 .
Class Label Like Dislike Like Like ?
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Netflix Prize

< A public company providing DVD-rental service

% Target:
= To predict whether someone will enjoy a movie based on how much they liked
or disliked other movies.
= To improve the score of its own Cinematch by 10%
= RMSE (Root Mean Squared Error)

% Training Set:
= <user, movie, date of grade, grade>
= 480,189 users, 17,770 movies, 100,480,507 ratings

Best Test % Best Submit

Rank Team Name 4
Score Improvement Time

1 . BellKor's Pragmatic Chaos § 0.8567 § 10.06 . 2009-07-26 18:18:28

2 | The Ensemble 0.8567 10.06 . 2009-07-26 18:38:22

42




Jobs You May Be Interested In beta

Principal Development... x
Microsol  |jicrosoft - Beiiing, CH

ORCA Business Development X

CHIML IATCRNEFIRG Dir’E[:tDr
NorCap China Internzhips - Beijing

Michasl Page Director - Shenzhen X

e, Michasl Page China - Shenzhen

Fesdback | Ses more »

Get hired faster with Job Seeker Premium

- Sponsored by Tencent Inc.

Groups You May Like

a0 Memetic Algorithms
Ligi
% 7. € Join - Professional Group

raar B Artificial Intelligence in
i “Ivﬁ"ﬂ- Healthcare and Life Sciences
{AIHLS)

&3 Join - Prefessional Group

@ HAIS Series of Conferences
« & Join - Conference Group

Feedback | See more »
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Reality Mining

Average Weekly Entropy

Media Lab Staff

Professor

Sloan Incoming Students

Media Lab Senior Grads

Media Lab Incoming Grads

B3se station (BTS) ?

Media Lab Freshmen

T T T

Rumglzone

Friends Merwork

@ ,Jif"’ e,

J e A A O /“l o ,’{*-Jo
Ugpad g Y0
%_ j": II| \_' u /‘f

= L] S ’
& _?_I *_h Il:?j_‘_—‘-" A ik ] L
l‘ L A 4N *‘ﬁ‘r w0 b O
Pl iy e

@ 4D A A
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Reality Mining

Friend vs. Acquaintance

L__m

g 10 15 20 24
Sun hon Tue YWi'ed Thr Fri Sat
FRIEHD

5 10 15 20 24
Sun [ Haly| Tue YWied Thr Fri Sat
ACQUAINTANCE
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Finally...a man
is listening.
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Open Questions

% Customers are analyzed based solely on purchasing records.
= More dimensions are to be added.

= Justimage how to recommend something to your friend ...

% People have different personalities.

= Different strategies may be required.

= Selling insurance: Emotional vs. Mature

% People buy things for different reasons.
= Impulse Buying vs. Planned Buying

= Time Variant
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Reading Materials
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Architecture for Collaborative Filtering of Netnews”, in Proceedings of the ACM
Conference on Computer Supported Cooperative Work, pp. 175-186, 1994.

< D. Billsus and M. Pazzani, “Learning Collaborative Information Filters”, in
Proceedings of the 15th International Conference on Machine Learning, pp. 46-54,
1998.

< B. Sarwar, G. Karypis, J. Konstan, and J. Riedl, “"Item-Based Collaborative Filtering
Recommendation Algorithms”, in Proceedings of the 10th international Conference
on World Wide Web, pp. 285-295, 2001.

% X. Su and T. Khoshgoftaar, “"A Survey of Collaborative Filtering Techniques”,
Advances in Artificial Intelligence, Article ID: 421425, 2009.
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