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Figure 1. The Categorization of Recommender Systems, Son et al., 2015
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Figure 4. The Algorithm of User-based Collaborative Filtering , Son et al.,2015

[Figure 4] AH&A7]%F @2 BEje] 712491 7gS b glach 234 i m7lo] AA=E, 7o) o)
Ao 29 T AT OhE AR A 7] SAHES SATT 2, FujE ofoldlo] A WSS FHo| H]

AEE 2 HH, BE ARG fAIEES SERE Wl AR M =2 AREARE oL

@ %
SR ol So] 2 ol 02T Aol 71 s AR, ALgAF alk etk fold T, ‘ofolg) 3, ‘ofo]
5

g 55 sk ARgAE b Utk wiets P DE P upA Y dAA, ofol’l 2 GAEN fAE SHES F
3 MElE ARgAF b= et ot 3 o A ofF] FulshA] ok ‘otol’l 82 HFH o= MEsto] 3
o Ao A] =3 skA Fuyth
ME
FHOY O <—— A2Xta AF2R}C AF2R}d OE=1]
Ms |
ool 1 <" AN8xta AH8ZLb Mgt e '
O QM= :
53 :
M3 v
ofo|= 2 < AM8xta A8t c AH8X}d AH8Xte
M A
OlOo|® 3 < MN2Xd AI2%} e Ofo|& AMeH
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< okl syt 2E 7Rk A A AE o= Autoencoder(AE), Multi-layer Perception(MLP), Convolution
Neural Network(CNN), Recurrent Neural Network(RNN), Deep Semantic Similarity Model(DSSM), Restricted
Boltzmann Machine(RBM), Neural Autoregressive Distribution Estimation(NADE), Generative Adversarial
Network(GAN) & B3t Heids 7|Hte® 7i el syt o] 7hedl LEQIFH = [Figure 7]ol|A] K= Hie}
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Figure 8. Euclidean Distance and Cosine Similarity Comparison, WIKI
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Solve. 1 Euclidean Distance and Cosine Similarity
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[Figure 8] g0l Tiiste] 4712 ol 8 [Solve 13} Z& SAFE gto] LhgUth §22)= A2jo] weby Dio]
Qoh 7P MiTHs A& & 4 913 D2g} D3 ghol 270 Ut 2744 $9€ shelok o] EelU o]l
SALS) SAHEE A4S BT ool Dlo] 7V /A LgkaL D3o] D2tk ot B fAksteks Aabh Uk
SUTE A S-34 =R avt a3k gdol9ls]o] A E 4 9K, A RO Sgsitiu ot o g gy,
T1EA] ARgro] B Pythong Els) BobglUtt. [Solve 13 gtol 24yt

In [1]: import numpy as np In [2]:  from numpy import dot
def dist(x,v): #fwc!id distance definition from numpy, linalg import norm
return np.sart (np.sumf (x—y)»=2)) import numpy as np

def cos_simiA, B): #Cosine similarity gefinition

01 = np.array return dot (A, B)/(norm{4)=norm{B))

((3,2,0,2)
02 = np.array({1,2,3,0) Di=np.array([s,2,0,2])
D3 = np.array((2,2,2,2) De=np array([1,2,3,0])
0 =np.array((1,5,0,0)) D3=np array([2, 2 2.2])
Q=np.array([1,5,0,0])
print{dist(D1,Q)) #fue/id distance between 01 & @ print(cos_sim(m, 0)) #Cosine similarity between 01 & &
print(dist(D2,0)) #fus/id distance between 02 & @ print (cos_sim{D2, Q)) #Cosine similarity between 02 & @
print(dist(D3,0)) #fuc/id distance between 03 & & print(cos sin(Ds, 0)) #osine similarity between D3 £ 0
4.123105625617661 (1.6183468424008424
4. 242640687119288 0.5760066601970551
4. 242640687119285 (0.5883484064145521

Code 1. The calculation of Similarity
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Figure 10. The Principle of PCA Process, Matthias Scholz

ChA] Bl PCAE AHE-5o] Data Setd] 7 w2 A4S HA o= dist= PC 13} PC 29] HPxgo= 244<
Subspace® W&l & 4> QItpH o] FhS FJMsto] L EX . Z
e} glolg Al Z4gkE Ff 4719 ME = gEs] AHo| 7HssHA Hol s e 2ol #et /44 (Qualitative) 2
e 97 22T 4 oV He AdUY. o] 27 24U obA = ofg7t o | 4+ Qlsuth I [Figure 10]=
HI O = kA Q153 PCAS] Y& Tefd S|z Z7)jo] 48] SoltEASUH @ A Hoish BEsHA
- HolHES A2 For e ddof st=t| 24kl 7HE U7 HAIE fAIsHHAM @ & Aushe Al S5
Fhol — AR 7t M2 HAA TAsk= B2 3 &, ts34l/d ZAIE aleste] /3= (Principal Component)
718l A= Uncorrelated A @ 11xbg] 37+e] BEES ATl gle ALY 30 — p/lf H4E kW ¥
2 where p > k @ AgHEe= ALEA YHE - BE PH Lo HEHSH(Linear Transform) 7}? where 21l
&)™ (Orthogonal) 9] A& = 3]AHSH(Rotate) and thZ-H (Diagonal, ©)o] AFHS = AA AWM SH(Stretch)s}
Fiz

254 PHEGUTE 1 )32 F7] 95 $A08 Avisolgy,

— C : covariance matrix of x 4] [Figure 11]°]4 Ce x& P29 &
— C = PZPT (P: orthogonal, X: diagonal) AF(Covariance) E P}, ojuf ez

HEWe Col o3t WM AT} 27] A4

A 0 (Square matrix) C& AFHETOZ F-S uff,

€n O] /&= Hi7} E= 00 ofd HEE JLfHE
— P : nxn orthogonal matrix (Figenvector)2}al &a1, o] A4l +e 193
— X : nxn diagonal matrix (Eigenvalue)o|gta St} 183 1-gHE =

— Cei=

+ e : eigenvector of C, direction of variance

« A : eigenvalue, e tSFO Z O] E A
C s SIS0 d EHY & FHE A4 AE Ifgtolgt
1200 Z2hpZ

Figurell. The Formula of PCA, WIKI Fuh o714 Neel @1 (Identity Matrix,

o= A7) Aol o= E)S FelFal 2}
HOZ ¥A A& AelstA (C-ADe=0°] HUT}. ¢ &, LAHE= OHEZF E £ kil AFostal 7] wiiol (C-
1)=00] Eofof s}l 2x2 FHE] ¢ 714 A& ad-dc=0S WEdh= FH A (Determinant) © ZHE] ILHZF Ae} LG
HE & oA HaL o] 9] 9] FHE FE4H FE CE FollotA He dEldunh dAY 22 olsi7t 74
&2 A 2ot AIAIE Sl HAFU

Aol sl ARt oyt ThA] e,
W Cofl thafjA] Cei = AeiE WHE31= 09] of

2021.02 73



Tech & Trend

0| 2) Xoll= 2x}I2!Q| Original Data Space & WM Xi=[-1, -1, 0, 0, 0, 1, 1] Xj=[0, -1, O, 1, -1, 0, 1] =0f|
= 77l19| Data SetO| Q& mf, EAS Z|CHst SX|FHHAM MEZ2 1xF2! Principal Component £2|

Subspace= FYBICHH F, OfFH RS S48 £ AUSNR?

-1 00 0 11 = Using the first PC, X becomes:

'X:[U =i 0 A =i 0 1 N
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Solve. 2 The Eigenvalue Decomposition of PCA

$7]12 Folof itk dd FEA FH CE Fafof FUTh XiXj 34 X19] 7F JR(Xil~Xi7) oA X1 A4 3
& Wt Xjo 7 AR (X1~ X17)°1W Xj AA Fets W ge A2 FelFal F AR i JeBg 7R
= ghol Huth upebA] ALt Hel it Xiek Xjol o] 02 dlAE EAFUTE 1Y 2x7 LI} o] FH| HWAPH
(Transpose) 7x2 FEf9] YHG Folal 72 e FH 84T PH-L 2x2 FE7F H3L 11 342 [Solve. 2914 £7F 4
Utk ofA] o] F&4F FYHES PHRAE FolA L{HS okl IRRE AEEHE 2o gy £ Fioly
7k 22k o] EZAL wheba] 22F WA Al S] ARk 2707 YAl HU T (C-MD)=090] E]o{of shY ad-dc=0S W5}
+ PE 4] (Determinant) = RE 242} \,(=6/7)3F N\,(=2/7)9] Lfgrol Uil ZH2+e] Apile = LY wf et A,
A o e,7F U o714 {32 vlolH ] MEde] AEE 7P & UedlFE AU R UdEH X Sas

7} WSS k) MEE Eojok szt AA a3k p7ll SollA 7HE =& kIS AEE] o220 Aeo] 20157 |
Ut} o] dAol e 23 ol B2 7b =8 A/E 6/78 FEA Ao XS MRS 149 MEATO|AR A
Hgho] Huth. PCAE dlofE A€ (Selection)©] obd FZ (Extraction)©]”] wiizol Lefjz H-lgt
T A(=2/7)8) A{FEE] Sum 8/7(=6/7+2/7)0] E]AL o]FelA A& FHIY] wiol & 2Aate] A
Variance Explained)2 75%{=(6/7)/(6/7+2/7)}7}F BUL} = 2349 A4S 1Yo R Fo|HA U9 ‘E‘}\é’%
3/49HE UER & 4 Utk Seo] HUth AR 2x29] AieiHolet 23 A Ale 7‘4%3
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o5t =1 Scikit-learnS ™

import numpy as np
import numpy, linalg as linalg
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¥_transpose = np.array([[-1,-1,0,0,0,1,1], [0,~1,0,1,~1,0,1]]) 2EYYrT} o] Sklearno &
% = np.transpose(X_transpose)

G et e 4 ElofEle] BAHE 0-17HA] 2ALG 27
H_narm_transpose = np. transpose(X_norm) - - -

b= r}o‘matmu\ {¥_norm_transpose, ¥_norm) 3]‘.1’. T;]'}\] 7}i'—zﬁ‘—8‘ —%‘}\3‘5‘ “/IK“, /K-]]ié-% ?é-F{-
C=1/7=C

D, ¥ =np.linalg.eig(C) 3% O-17FA1 0] =& BAMH] S-S I AR E=
¥_new = np.matmul (¥[:,0], ¥X_norm_transpose) ﬁ-“ 0-1 } ]—J T;] e ]EE - ] T
print{‘'eigen value:#n' D) —

print{‘'eigen vector:#in',Y) :LEH—%% 1 ‘/l\‘ 9}«%‘4‘:} O:“% “5‘01 PCA

print{'Using the first PGi#n',¥_new)

rlr
S
o

print('PC& Variance:#n',¥_new var()) ™ o) o/ o] Aro [ amnE:]
print ('PCA Variance explained:#n', (6/7) /(6/7+2/7)) = é OQ ] 95% ] © ] Hﬂ] LE]-L
eigen value: Python FE &= pca = PCA(n_components
[0.85714286 0.28571429]

eigen vector: - ol&dd sl 0, sl

[[ 0.70710678 -0.70710675) 0.95)2t =t H=t] 95%7+ 4P she

[ 0. 70710678 0.70710678]]

firat PO e obgduynh. EiA EEst wA ook 1
[-0.70710678 -1.41421386 0. 0. 70710678 -0, 70710678 0.70?10678'
1.41421366] 2 ud MA7 1
gl of w2 2d A7} Domain Knowledged]]
0.857142857142857 - 1o
PCA Yariance explained: 94 H Og%k'é‘ ‘5]:-]_'7'" %L]E}
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Code 2. The calculation of Eigenvalue Decomposition

The number of componets needed to explain variance
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Figure 12. The Reasonable Selection of PC Number, Bartosz Mikulski

o e A PG BRI ek, ol Alet Zo] 95%2] U HolelE AT
Aol 9he] Fd 8- Melsior Tk, Wk 80%ut ARsiH S JRelct st
2349 ¥ Zol = A YA PUT

2 SARE el dheted golugkaUh TFAN dY BEPAN 2420 FeE Yol # 4 9
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