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Recommendation in Everyday Life

enn Amazon.com: Why is this recommended for you?

_ys_qtk_general_recs |

([2 EEEEEEEE nios:/ www.amazon.

amazon.com

Recommended for You

Body by Science
Our Price: $9.99

Used & new from $9.99

See all buying options
B you pur h d

The Black Swan: Second Edition: The

e Impact of the Highly Improbable: With a
new section: "On Robustness and

Fragility"” (Kindle Edition)

Rate this item
AvA A A A
ARAgagAgAgAs
|Townit
__| Not interested

Ay A A A
X O
This was a gift

Don't use for
recommendations

Help | Close window

NETELIX

Watch
Instantly
Home. Genres > New Arivals StarzPlay Instanty to your TV Help

You recently watched: National Geographic: Guns, Germs a

Seeall

wRRRT

Critically-acclaimed Foreign Dramas

Let the Right One In

Based on your interest In...
e WY

Ka

Seeall >

Nowhere In Africa
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Recommendation in Everyday Life "

H =L A0 A2 524 NETFELIX

o Netflix : O E|= Y3}0| 2/37F =X O ZEHE]| HHAH
o Google News : 38% 0| At| 3|7} ZKI0f o5 LAl Google
News -
o Amazon : TO{O| 35% 7} THO 2 EHE| 24l /
2 AH|XfO| BHT| 872 YAHBIO B 7|32 ¥ :
o | |' | (o H = & O|'0:| H | |E = ama;oncom

o Netflix Prize (~2009)
NetflixOj A =25t B A2 &,

=
He =+ As AS

« News Articles, Tags, Online Mates, Restaurants

« Courses in e-Learning, Movies, Books, Various Goods

« Research Papers, Citations ..

. 2ENOo= 2y Afo|o| HAYH Ol BAZ Ttef

A (U
S

ot

>

® KAIST Applied Algorithm Lab e5



Kinds of Recommendation System'@ﬂ'

« Content-based
o AEX B2 oE2 WES 0|8
o Natural Language Processing, Information Retrieval & £0f2| 7|HZ AlE
o 0| S8, )
AFEX7) Hot 'ALO|EH 'S HQICHH

d S x71 510] AIFO|E EH'of| CHot AT (heroes,
adventure, ..) & 1 S

of =M -

« Collaborative Filtering
o ArEXtel "It Y= 0|8
o User-based : H|==3t Af
[tem-based : H|==5}t &t Ct
o QA HEE =HS= M 0|2, Matrix Factorization 7|2 Al
o 0& =H,
ArEX B= ALt

A2 X} AQF B
AEXE BO|A &

o

)2| B7tS offla,
17tE StQiCtH
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TE-IDF KAIST

* TF-IDF : Term Frequency — Inverse Document Frequency
« Content-based T 20| A AFRSH 4= Q= H T
+ =ME TN BHOE LIEFLYAXL

-1

© LYOAL 2RI ST £ Sl 2
o =A2] Z0|, A+EE|l= T, .

X
[

= H|E

1}%

I

« =M HOIHE LatE BAHC = LIEILY D AT}
o R AHBSHS HE: HEf WA
o HE HA|o| BHE 9,
DictionaryS Zt| (RS 2MS 20| 8 04 ABEE FHOIE +7)
o WEQ| 2 Wote W oY

« CIO{O| =X & - Binary Representation, £t 5% =l
« Mutual Information, Entropy, Information Gain, ..
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TF-IDF KAISY

0 word count

Grand Master Turing once dreamed that he was a machine.
When he awoke he exclaimed:

‘I don't know whether I am Turing dreaming that I am a machine, or a
III

machine dreaming that I am Turing!
- The Tao of Programming, 2.3

Doc 1
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TF-IDF KAISY

Keyword-based Vector Space Model with basic TF-IDF weighting

e D= {dl,dz,..},T: {tl,tz, } d; = {le,sz,..}
« TF — IDF(ty d;) = TF(t;, d; ) x log—
o N=7%H ZM 7=

n = 0f ¢, 7t HO =

fk,j
( , ]) maxzfz,j
frj = &M d; | BHOf t, % 8l
max, f,; = &M d; 0| Z7t& B0

o LS |

o

TF—-IDF(ty d;
© Wy, = (k, ])

— weight Zt0| [0,1] ALO[Of| QX|3IEZE
\/Zm TF-IDF(tg d;)"
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KAIST

« TF-IDF Weighting &4
o Bt A QLM O3] ¥ SEBIE Ctojs M SESIE TR £ (TF)
o MNHL=E EF CHO{& X5 SdSt= T ELH SQ5HA ‘42t (IDF)
o e BEMIIZ EMELC H =82 (Normalization)

2H —

- 0|2} €2 HE= S,
= 2N At0j2l BAF HEE SHY 4 AUt
o sim(d;, d;) = Lic Wiei X Wi

”'M;’

similarity = cos(fl) =
I 4||||B|| \/121(74)2 tzl (B,)?
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« Hooray! O|X| Content-based &} Hi

9
o Y3} ALIO|ETH A = {032 0.12, ..}, HHETH &A@ = |
52 7to| SAEE M0 B2t $2S FH

— - O

¢ QAMHES FH AlAED Walor W 4 g A
« Collaborative Filtering 9A| SAFE S 12{3tCt

o Ot ZIEHat QA M 0f 7|8tst Collaborative Filtering A7
o MEXE 202, B M[7F2H o8 O] of
uclidean Distance, Pearson Correlation
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. KAIST
Similarity Measures

# A dictionary of movie critics and their ratings of a small
# set of movies

° E O E A—II critics={'Lisa Rose': {'lady in the Water': 2.5, 'Snakes on a Plane': 3.5,
A 'Just My Luck': 3.0, 'Superman Returns': 3.5, 'You, Me and Dupree': 2.5,
'The Night Listener': 3.0},
—_ — ] [ ' + ", ' LI
0 %19_'_ Jé:)i 7|_ EE Gene Seymour': {'lady in the Water': 3.0, 'Snakes on a Plane': 3.5,

'Just My Luck': 1.5, 'Superman Returns': 5.0, 'The Night Listener': 3.0,
'You, Me and Dupree': 3.5},
'Michael Phillips': {'Lady in the Water': 2.5, 'Snakes on a Plame': 3.0,
'Superman Returns': 3.5, 'The Night Listener': 4.0},
o N 'Claudia Puig': {'Snakes on a Plane': 3.5, 'Just My Luck': 3.0,
. EUC| Idean Dlstance 'The Night Listener': 4.5, 'Superman Returns': 4.0,

'You, Me and Dupree': 2.5},

| 'Mick LaSalle': {'Lady in the Water': 3.0, 'Snakes on a Plane': 4.0,
O Snakes on a Plane J_l- "Just My Luck': 2.0, 'Superman Returns': 3.0, 'The Night Listener': 3.0,
= 1 re) "You, Me and Dupree': 2.0},
YOU/ Me and Dupree = O 7|— L|- 'Jack Matthews': {'lady in the Water': 3.0, 'Snakes on a Plane': 4.0,
=} o X|S 20 =1 X=X "The Night Listener': 3.0, 'Superman Returns': 5.0, 'You, Me and Dupree': 3.5}
Argf 7h20| 0| Hl==ot AE 27 g e ), 1o P :

'Toby"': {'Snakes on a Plane':4.5,'You, Me and Dupree':1.0, 'Superman Returns':4.0}}

Snakes Snakes
5 5
Toby Toby

4 LaSalle Matthews 4 LaSalle Matthews
Rose Seymour Rose Seymour
Puig Puig

3 3

2 2

1 1

1 2 3 r 5 Dupree 1 2 3 r 5 Dupree
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Similarity Measures

e Pearson Correlation Coefficient

o DEO RH5E HME.

#f Add up all the preferences
suml=sum([prefs[p1][it] for it in si])
5um2=sum([gre+s[g2][i‘c] for it in si]) cov(X,Y)  E[(X — px)(Y — py)]

Pxy = - = -
# Sum up the sguares XUY XUy
sumiSg=sum( [pow(prefs[p1][it],2} for it in si]}

sumzsg=sun( [pow(prefs[p2][it],2) for it in si]}

# Sum up the products
pSun=sum([prefs[p1][it]*prefs{pz][it] for it in si]}

it Calculate Pearson score
num=p5Sum-{ sum1*sumz/n)

den=sqrt{{sumiSq-pow{suml,2)/n)*(sum25q-pow(sum2,2}/n}) :1:1(}{1' - X)(K - }7)

if den==0: return o N r= - - —
\/Z‘I—l(Xt - X)Z\/ZE—I{K - Y)E

r=humfden

return r

:> r _ LTy —nTy Ny Tl — 3T ) Ui |
S TR T o B N T
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milar; KAIST
Similarity Measures

e« Pearson Correlation Coefficient

o &= BEZIAto|e] Bt = 2HEH.

Gene Seymour Lisa Rose
5 Superman 5
4 4 .
M Snakes Snakes, .-=" 54;:31 man
- L
Sty 3 o

3 oo™ WightListener Nighy isenst

: Dupree __oo=*" Lady
2 2 i

Just My Luck
1 1

Jack Matthewrs
1 2 3 3 5 Midk Lasalle 1 2 3 a 5

8

o Euclidean DistanceO| A=, & WE2719| ATFE H|==S}IX|Bt SIZ0| MAHOZ

Mo M42 FE A AOHYI| ofECt

o O] 540f = Jaccard Index, Manhattan Distance S J(A,B) = Hﬂ B|
C}FSH Similarity Metric Z=X| | AU B

di(p,q) = [lp—ali =) |pi — al,
i=1
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. Sy KAIST
Matrix Factorization ——

« LC}A| Bt Hooray! Collaborative Filtering 2| Rl 2| & L ULCH
o ALEXIEQ| BIt Y S 0| 85t0], AR ALEXIE &FOFHCE.
22 AE0]| ofsh B7F LHSFO[ H[=ot & AMEZ, H|=xoh F|et
o

o
7t ofgfl, o{= BHZO| OfRl HX| 2 X|OF HOo| =EL S22 S
AR L.

122 &2 YR
Ch A FEH Sl = 25l (Matrix Factorization)

A
oz 4

-> Ot
1ok A
1A rg
o)

 Singular Value Decomposition

X U S VT
= a In U11 - U1y 511 0 P11 .- UVin
21 T22 0
U U . v v
Toml Trmn ml e mr Spr rl . . N
m X n rTrXr
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Matrix Factorization

il
o X

H} EH
od
=USv’

. XXTo| NQHESS T3,
2 r

KAIST

H
D70 2 =AM0| M2t AdZ[HMEE A= E=Ct (Column Vector)
O|=HA Tl e=HZ Orthonormal == HFE Z40| U

© FARSHA XTXOf THSH] f{o] b o| =k A0l V

- Ut Vel S0| Ot N Rgf2 e 24 &l=dl,
O D/ ME22 Foto 2 = MU= CHZHo !|X|A[Z] Z40] S

- SIX|2tOo|HBto 2= A of HE ert
cho12F A0 Lt O & &40 2.
o Lo WO 5F o, 0| EME Eiots W
o O|lf EME LIEHH = StLIO| ME{ = QA AT TF-IDF,
ool gl § RASH SdEE SOl &2
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KAIST

Matrix Factorization

« Latent Semantic Analysis
o XXT = gives the correlation between the terms over the documents
XTX = gives the correlation between the documents over the terms

X o E VT y
{dy) (d,) ‘
| l
Fi1 -+« Tinm
L0 T 1] [ Wy ]
() — oo = (= | |u] ... |u N E ] . :
0 ... ap [ ¥y ]
Im_l Ty
o IR0 2 £MIIZ DQHES LIASITH= 24
=07l ClO[EI S 7he & RsfUs aME Lhstote 2

o ES MM 1IRHYEHE FotA| EF11 20 {2 kel ARHEHE Fe
M= AHE2 FAISHIEE 0[OF|

- HOJe ZEot=0 B2 =50 &[X| H= = 7
c ArEs S/USEM B0 HHE of #od, L O[= XA,
Hltoh A O B|==otA| CHE 4 O T2
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Matrix Factorization

« Latent Semantic Analysis

Documents
"1
i
~ ! “
Terms| A = U X\ VT — []k : Xk
hl I @ rmema=
XN mxr XTI X sk ks
A - U D Vi U Dy

o =oflEl U VAZE=2 O, EME ECF = FoHAH &
AL HOE RAALE, RAF =M E S 5 UL

o Az AUV &2 Ao AES ZA

o ANEE 7w M= M 245 2
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Matrix Factorization

« Matrix Factorization in Collaborative Filtering

o Utility Matrix Ab

S
\’
a b e¢ d e f g
AR A4 5 5 1 3
B 3 04 3 1 2 1
C |2 1? 4 5
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. -y KAIST
Matrix Factorization —

« Matrix Factorization in Collaborative Filtering

o Toy Example
g 0|2 7|&0| 2ot SE 5=t

Movies d

Movies

Users
oy
0

Users
C
Q

<

=l 1 2 8 10
24 10 7 8
O A 8 9 9
N 5 9
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. Ly KAIST
Matrix Factorization

« Matrix Factorization in Collaborative Filtering

o Toy Example
matR = {{1., 2., &., 10.},

{10., 1., 8., 3.},

C>$7MH1%Q% 6., 9., 9., 2.},
O| 85l = SVDE ¢, 4., 5., 9., 1.}}

{matlU, matD, mat¥V} = SingularValueDecomposition[matR, 2]
o CIA|USYV 522
=

Ao AE S AR 21t

—

{matll ff MatrixForm, matD ff MatrixForm, mat¥ ff MatrixForm}

f-0.399611 0.7e066 f-0.4676876 -0, 528657
{ -0.544757 -0.397447 [ 26.1407 0. ] -0.460246 -0.3454587 }
-0.554105 -0.418556 7 a. 10,1655 )7 | -0.647224 0.178271
L —0.4586332  0.297057 \ —0.3583013 0.753192

matly . matD . Transpose [matyf]

[{0.797566, 2.1131, 5.13944, 9.57724},
(6.79574, 7.96201, 5.49642, 2.482351,
[9.02346, §.14925, §.61632, 2. 415541,
[4,34916, 4.79879, §.76652, 7.2072511
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. Ly KAIST
Matrix Factorization

« Matrix Factorization in Collaborative Filtering
o Toy Example

o T 74| Xt 2 HO|EE EH
o S| EHECE RAMIS B Lietd

(=

Cosine distance between two vectors:

InfEe= {matUser = matU.matD} [/ MatrizxForm In[1]:= CosineDistance[{a, b, ¢}, {X, ¥, 2}]
Ot [56 ] Aitvtgtri Farm= L exi+byv+cz
f_10.4461 7.73246 Cout[1]= f - - 2 . B " "
14,2403 -4.04023 W Abs[a]l® + Abs[b]® + Rbale]® v 2bs[x]® + Abs[y]® + Rba[z]®

-14. 4347 -4,25432
L =12.713  3.01972

in[57]:= CosineDistance [Hormalize[matR[[2]]], Hormalize[matR[[3]]1]1]

outfs)= 0.0219707

infig]:= CosineDistance [Hormalize[matUser[[2]]], Hormalize[matUser[[3]1]1]1]

out[sg;= 0.0000425412
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Matrix Factorization

KAIST

« Matrix Factorization in Collaborative Filtering
o Toy Example - AtEX2= HiETHE F0te7)}? O E|0|E FOH 77

In[i77]= matR = [{1. B 10 },
{1a. I.n ,.n ‘};
[&., 9., 9., 2. 1,
[4., 5., 9., 7.}1:
U o B4 5 Y
In[175}= matR[[2, 2]] = matR[[2, 4]] = {10 +8) 7 2:

In[175):= matR // MatrixForm

Owrt[ 179} MatriccF orm=

fl. 2. 8. 10.:*
0. 9 B. 9
8. 9. 8. 2.

4, 5. 9. -

BEAEFHAS Y

In[180]= matMean = {{1,1, 1, 1} » Mean[matR[[1]]],
{1,1,1,1} » Mean[mwatR[[2]]],
{1,1,1,1} » Hean[watR[[3]]],
{1,1,1,1} » Mean[watR[[4]]]}:

In[181]= 18t5D = { StandardDeviation[matR[[1]]1],

StandardNetriation ImatRIT27111

® KAIST Applied Algorithm Lab

Z - Score® Normalization

In[152):= matStd = { (matR[[1]] - matMean([[1]]) / 1stSD[[1]],
(matR[[2]] - matMean[[2]]) / 1stSD[[2]],
(matR[[3]] - matMean[[3]]) / 1=tSD[[3]],
(matR[[4]] - matMean[[4]]) / 1stSD[[4]] }:

In[E3= {matl, matD, matVl = SingularValueDecomposition[matsitd, 2];

In[14;:= {matl /f MatrixForm, matD // MatrixForm, math [/ MatrixForm]
¢ 0.576409 0.285215 (-0.852018 0.1
I { -0.52098 0.439333 ['2.84451 a. ‘l -0.312929 -0.2
uiliea= -0.229438 -0.82483 " L 0. 1.93989 /" | 0.557928 -0.5
. 0.5562469 -0.212327/ v 0.407013  0.71
In[iz8;:= matTemp = matl . matD . Transpose [math] ;
In[128]:= ( matApprox - natMean + (matTemp » 1=tSD) ) // MatrixForm

Ot [ 185) MatrcForm=
(0.815867 2,24R03 7.89111 10.04%
9.87324 4 9 1?0?5-? 92504’9 0309?.
7.77973 §.28872 2.86974 2.0%5%81
., 3.72804 5.36834 2.83912 7.06644)

=W o

0H>|
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mot

b 74 7‘|-‘|:|.!{
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Comparison and Conclusion

e Content-based

o Pros

© ChE MEXtS| SELE 7t LHHO| ERSHA| Bt

« M=z =7t 2 &= (Or% E7HE X

o Cons

 Collaborative Filtering

o Pros

© HMHO SYSS 13, BCF LY W o] XM Th5 (Cross-genre)
« SVD 52| Dimensionality Reduction 7|

o Cons
« OF% HItE|X|
« HI} LHHO| F=H|

gloorst X542 5

CE2rc T 1=

» Gray Sheep. ®7}7
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. . KAIST
Comparison and Conclusion

e Conclusion

o =KX A|AHIO| ZQMo| Yz Hsl|7t1 QIC}
. mSTOl M Al U A7t 222 9|
. HIRLA 2o &E0| A

o AA F 7tX| B YRO
« Content-based
o & 290 oJE
o M2 X722 FH IS5t
 Collaborative Filtering
o O] Al2to| Wyl HEE 38

o Ctefet HRof =W 7=, B2

2 AR ER

=X

o =T F 7HX| YRS 2ot Hybrid Z4 = S+
o wAHS, HA 24 & 1ol E2 S

£ =O0f0ME &1 Jts
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