! U Sensors, = 5 &
l xample:z3
PARAMETERS U

Audio Recommendation
in the Sound Neural Network

AutomML &H A

%\
= CA@ SHE O| TLAY XA S
=

N 20.11.24




Introduction

Typical Filter Types in Recommendation

® Collaborative Filtering ® Content Based Filtering
*  Memory-based * Term Frequency — Inverse Document Frequency
* User-based
*  ltem-based ® Hybrid Recommender Systems
« IANQ FALE « Demographic Filtering
+ Oz gAE * Knowledge Based Filtering

* Model-based
* Matrix Factorization
* Clustering

* Bayesian Network
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Collaborative Filtering

* Memory-based Filtering

e User-based

F AR HOHE RARY YEE MY

A& 7|Z=22 ottt O] M, & AEXt Zhe| fFMEE = HEH 2o RAIRR Fo|g 4 UL

rr

T HEH 7to| RAL=E F517] oA Chetol 2o At E £ U=0 ti7i= ZA |ALE, Tjo{E |FALEYE O[ & & CH
.. . A-B n_.A;B;
Slmllarlty = cosO = = 2i=1 4B ,where 4; and B; are components of vector A and B respectively
A I[1IB |l n 2 |yn 2
Xi=147 JXi=1Bj

IR FARO M= FAOCHe] ZHAX QI HIt deS HISHX| RetCh= THEO| AT
ZuEU(Ru,i - Ru) (Ru,j - Ru)

S yer(Rui — Ru)? Jzueucku,j — Ry)?

<moj& QALE>

similarity =

* Jtem-based

OtO| 7[HtE @fd AREAL 7[EHat 02 FAte IS AXIX|2, of7| M= oto|MSofl thet FAL=S Al Motct

—
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Collaborative Filtering

ot= User-based Item-based
sy A= 0| Hixet XSS 22 A&, nt7{ o ofo|® 7|4t ofo|R Nt Mz Qe =2 CHE
e = 3g we iz =a otolal
A B C D A B C D
User 1 (@) (@) (@] User 1 (@) (@) (@]
User 2 (@] User 2 (@) (@] (@)
A H User 3 ? (@) (@) ? User 3 (@] ?
= O
User 1, 3 { & JAt — User 30|A A, D =H Item At C At =5 — A RO o)A C =X
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Collaborative Filtering
o FTAAIC S AL

.

= = 11 &
F 5SS HH o FA BES AACCE BRI
T A-B ', A;B;
Slmllarlty = cosO = = ,where A; and B; are components of vector A and B respectively, —1 < cos8 < 1
llA B Il n 2 |yn 2
Yi-=1A47 |Zi=1Bj

Ex) vector A5, 5, 5,5, 5), vector B(1, 1, 1, 1, 1)
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Collaborative Filtering

+ OO0 RFAL

0ok

Cov(AB) _ _ E(A-pp)(B-pp) %.(A-4)(B-B)
0408 VE(A—pg)?\E(B—pg)? T VX (A-A)2%/%(B-B)?

8 857t UE R7L 28 8% wAtR0 S 3 OlXl= 898 LXIot7| /o &2tA w5 AtETHTY.
AF

similarity = pyp = =cos(A—AB—B),-1<p,p=1

DE (g, pg) T
BEEEDTA,B) Y

A B C D E F Avg. A-A4 B-B ¢c-C D-D E-E F-

=

sim(1,2)=0.67
User 1 4 3 4 1 3.00 1 0 1 0 0 -2 sim(1,3)=0.25
User 2 4 1 2 2 1 2.00 2 1 0 0 0 1 sim(1,4)=-0.39
User3 4 3 1 267 133 0 0 033 167 0 sim(1,5)=0
User 4 1 4 2 4 275  -175 125  -075 0 1.25 0
User 5 1 3 1 3 2 2.00 -1 0 1 -1 1 0

User 11} 7}ZF QAL 7F 52 User 22t 35 HIENO 2 User 10| Item DE 0OtLt £0t&X| 00| 7ts ol TICt.
JFEX|Z D{SHA HAFSHE, User 2 = 28 * 0.67, User 3 = 38 * 0.25

(2%0.67)+(3 0.25) _
0.67+0.25 o
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Collaborative Filtering

* Model-based Filtering

il

Data Mining, Machine Learning &€ 112|&& A2 User-Item matrix2 2 E Modelg at&510 S50 X|HEK|X|

2 g0 Cigh AAEXISl SES HISeiC

—

—_

IS

Bayesian Networks, Clustering Models, Singular Value Decomposition & Ctfot 211 2|F0| =X et}

Dimensionality Reduction MethodE E£3|| Low-Dimensional Space0f A| Robustness2} AccuracyE H 2tSIC}

A A data-centered
coordinate system Dimensionality reduction Dimensionality reduction
®3 PC2 .« v, PC2
) . :‘a ---.: = Be ) .' ¥ Je * . :. . ic_l PC1
S Mean
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Collaborative Filtering

e Matrix Factorization

User-Item MatrixO| A OFZl " 7}x|X| &2 dl 372 oftH Zx| 2 Ql(Latent Factor)O| QICt1 7}ESHC}
Item Rating Patterns2 8. E{ st&517| Qo &= 7o MAtel dHo| 5o = 5|t (Dimensional Reduction)

ol S EM=Z 57 Usere| O e M= gt= Bl 520 20 FHSHCt

¢ Dimensional Reduction?| A&
=25 Ql= Features MY =+ ULt - SHE 2
sij Aa} Al Zt2to)| 80|35t — O|si = S7}

HIOIE{E X2|stn XEot7| €Lt - B&k: 57t
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Collaborative Filtering

* Eigenvalue Decomposition

17k (Eigenvalues) — SOiL =0 =& S =X[0f CHSE &

Nx N ZgHZ A0 CHSHO] 37 AR WH 2= LIEFE o= UL,

A=PDP™' = (Wyvz, )3, o o o @uvzvn)T A d®El v 40 SHESHE DR HE
A, 0 0
0
0 A,

YU S etz A Lh2 EO0|5HA BHEXECL Ex) A7 = PD1OPT!
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Collaborative Filtering

e Singular Value Decomposition(SVD)

User-Item©| A [O|E{E 22 Mzt 5l0] U 9V 2 22|3stC}

M = ULV~ jD

b | FSH 24 M = U E V
M2 m*n 37|9| ZlAtZta & mxn mxm mxh hxh

i FOIT m*m 3 7(9f X el A (K2l +) 1
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Us MMTE 0|73t 29}
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VEM'ME DR 2o 2ojT n*n37|o| AnHH ;

FUHZ| A = Z A7 G Za 22 =42+ A o
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Collaborative Filtering

* Principal Component Analysis(PCA)

HiolE{e| 2=0f CHet =X 2| Feature(FE &) Z&S 7| #let LHo|Ct.

« Algorithm
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C(X)= i Var(X;) Cov(Xy,X5)
Cov(X,,Xy) Var(X,)

Cov(Xy, X,) Cov(Xy,Xy)

o '
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* e
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Collaborative Filtering

Clustering

0Tl Hojg=2| 548

o

mlo

a2{of Hlolg HTHS Gelst HIo[E] FHTHe| tHEES &= Unsupervised LearningO|Ct.
Z}+ ClusterQ| Cij & Z}OF EHoIs| XMA| H|0|E{e] EAMS motst

Hierarchical Clustering

7}EF 7172 Cluster7l|2| HIB ™o 2 ZASHSICL(7177H2E Centroid®| Euclidean Distance2 M 9O|=IC})

K B 5 Dendrogram

= B ==

A B C D E F
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Collaborative Filtering

* K-means Clustering

Zf 1742 Lt O3 Centroid§ #1 CentroidE 7|E2 2 743 CHA| L1 HE AF0| 1S BF CHA|

CentroidE #0}7}= uhAl

« Algorithm

Cil O] E{ A0j Al KZH2| CentroidsE 2|2 K| SHCL. kg 1% 2| A Centroid 7he] B2 2|7t ©f 0|AF BO| A2A8HK| &

rir
ox
Ho
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Z} HO|HE2 71E 7Ht2 Centroid7} £t A0 otCt

ot

ChE| ANLE HIEf O 2 CentroidsE X 7|3}stC}

Centroids7} 3 A HHSIX| %S U7X BrESHC}.
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Collaborative Filtering

e Bayesian Network

B A| AR REHZS H|estI|EZE S8 ZAHE S22 HHSH= Probabilitistic Graphical ModelO|C}.

ZHS &E PAB) - B7t &Y M, A7t e 28, g &8 P(AB) - A2t B7} SA0] Lojd 25

=2 | =

P(A|B) = P(AB) / P(B)

P(X) = P(X1)P(X,)P(X3)P(X4| X1, X, X3)P(X5| X1, X3)P(Xe | X4)P(X; | X4 X5)
AuttSHH, P(X) = [I§=1 P(xklpay) paexol8a =9 Fgo|ck

Hiok

0x
0

213 E50| Cycleg YASHX| %2 Directed Acyclic Graph(DAG)O|C}.
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Collaborative Filtering

e Bayesian Network

THC 7 HRACHH B S =E27

R A —

SPRINKLER RAIN

o oo D !
F 0.4 0.6 0.2 0.8

T 0.01 | 099

p(G=T,R=T)

GRASS WET PR=TIG=T) =",

SPRINKLER RAIN| T F

_ ZSE{T,F} P(G=T,S,R=T)
09 01 Ysre(r,F} P(G=T,S.R)

b I B 2 B

- T o~ M
o«
(e
<
N

. _*0.01*0.2=0.00198TTT)+(O.8*0.99*0.2=0.1584TFT)
- 0.00198771+0.28877Fr+0.1584TFrT+0TFF

~ 35.77%
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Collaborative Filtering

* Memory-based vs. Model-based

Memory-based Model-based

=1 PN 5 ) Al K| Dataset2 Ct 22 Model2 Q13l| Datasetl| A 7|
7t 02 AMEE 2EHOZ ME Jts

s £ | s £x 1

Overfitting 1 Overfitting |

HO|E Z=7}5t7| +| = (Flexibility) AlZtat 2|27 B0l AR E7| IZ0f H|OJEE 7t

517| 0f2{ 2 (Inflexibility)
0|=0| 2= GIO|EE Ar2%H(Prediction Quality |) 2= GIO|EE ARSI 7| IR0 Hetsh of &l
ZF AX| 2% 4= QIC}(Prediction Quality 1)
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Collaborative Filtering

e XFX
o O

. C}x
L=

« Cold Start - A|AHIO| 253}7| 2|8fA= User-Item InteractionsOj Cljst S &2t ™AHE T} Q/0{Of SHLC}.
« First rater - |22 User/Item& F7t2 [ 7|&2| InteractionsZ} 17| Uj 20| Prior HEHE 7}X|10 QX| QEC}.

« Sparsity - Bl User/Ratings Matrixl{ 20| Se¢ct Ol0|EHZ S 017 AEXE & 7| 8 EC}.

[ [ =]
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Content-based Filtering

Term Frequency — Inverse Document Frequency(TF-IDF)
Term Frequency(=ZA0|A O CHO{7F HOLt Xt5 SESH=71

Inverse Document Frequency (1 CtO{7} CHE EMYME Rt SESH=7)
Inverse DFQI O| 7= CHE EMUIME XFE S5t THo{2tH 227} HO{X|7| mjFO|Cf.

BO0{0f M The, That Z2 THO{S2 O{C|oLt SEoH7| [HE0] Stop WordZ [TH= X 2|SHCt.

8 Top N

User profile Recommendations

= R dati 091
3 ecommendation .

/ - Module Pl 087

_ = P3 0.82
Author Bocktitls | Subjact Related Py
| terms ! Brtiches =5

Recommendations based on
Contents used in past similar contents
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Content-based Filtering

 TF-IDF ﬁl
N
Wxy = tfxy * 108(@

=M Y O A= THof X

tf = frequency of X in'Y

df = number of documents containing X
N = total number of documents

e Algorithm
1) MY L2fl M= Item E2| TEof CHell LHES &4
2) At EXte| M E LIEILY= User Profile A4d
3) Item 1} User ProfileAlO|Q] QAIEE A4t
4) User7| M= gt CHE ItemE Of| F (0|}, CHE UsersQ| H|O|EH{ & QoFX| ¥ =Lt)
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Content-based Filtering

e Example 1

Tom plays soccer.(Doc 1)
Tom loves soccer and baseball. (Doc 2)
Baseball is his hobby and his job. (Doc 3)

1 1 1

Doc 1
Doc 2 1 1 1 1 1
Doc 3 1 1 1 2 1 1

Doc 1 Log(3/2) Log(3/1) Log(3/2)

=0.18 =0.48 =0.18
Doc 2 0.18 0.18 0.48 0.18 0.18
Doc 3 0.18 0.18 0.48 0.48 0.48 0.48
e el G
Doc 1 0.18 0.48 0.18
Doc 2 0.18 0.18 0.48 0.18 0.18
Doc 3 0.18 0.18 0.48 0.96 0.48 0.48
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Content-based Filtering

e Example 2
‘loT and analytics’ S HAS| A 2 =2| & Corpus= 107672t 7 SHH

Article 1 0

Article 2 24 59 2 1 0
Article 3 40 115 8 10 19
Article 4 4 28 5 0 1
Article 5 8 48 4 3 4
Article 6 17 49 8 0 5

DF 5000 50000 10000 500000 7000
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Content-based Filtering

O] L7 HX|= 2 X5t 25 07| M= 1+ log(tf) = A Lottt

Analytics Cloud Length of
vector

Article 1 2.380 1.301 1.301 3.800 <—\/2 3222 +2.380% + 02 + 1.3012 + 1.3012 = 3.800
= 1 + log 21
= 2.322

Article 2 2.380 2.770 1.301 1 0 4.004

Article 3 2.602 3.060 1.903 2 2.278 5.380

Article 4 1.602 2.447 1.698 0 1 3.527

Article 5 1.903 2.681 1.602 1.477 1.602 4.257

Article 6 2.230 2.690 1.903 0 1.698 4.326

IDF 2.301 1.301 2 0.301 2.154

7t Atz S8t THof 'smart’Q| IDF 210[ 7+ R2 2 = olg o= AL
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Content-based Filtering

Analytics Cloud Sum of
Normalized
Lengths

Article 1 % — 0611 0.626 0 0.342 0.342 1
Article 2 0.594 0.691 0.324 0.249 0 1
Article 3 0.483 0.568 0.353 0.371 0.423 1
Article 4 0.454 0.693 0.481 0 0.283 1
Article 5 0.447 0.629 0.376 0.346 0.376 1
Article 6 0.515 0.621 0.439 0 0.392 1

2 d=2 YHE MY HME 2to] RAbdS 2780Y| fls HH 2Ho| 24t =& A Lhetrt.

Article Vector Cosine Values

Cos(A1,A2) 0.880 -« 0.611*0.594+0.626*0.691+0*0.324+0.342*0.249+0.342*0 = 0.880
IDFZLS F2E7| 20| SALZS SHY Tojs Hrec
Cos(A2,A3) 0.886 . e es

Cos(A1,A3) 0.922
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Content-based Filtering

e XX
o O

User-Item InteractionsS =445t= A0| OtL|2} HHX XM S 2457 20 Z=2 M| 271 B HASCL

Collaborative Filtering2] 2X| & 2l Cold Start7} giC}.

. C}x
L= 3

* AREAHAZEBCD ZHE|Z|0ff 24O QAT EHEE[H O 2|of FHE|na|2| Ofo|H 2 FHMGIX|

MZ=2 MEXS2 7IE2] 7t G7] =0 Explicit 2= EX| &
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Hybrid Recommender Systems

e Collaborative Filtering
* Content-Based Filtering

 Demographic Filtering

ALEXS| QIS A H HE (Profile)§ 7|2z FHS XN SotC}

FHE HE2 O Y| AFRXES| HIIES RO ZM CHE AR EAESH Y2 Qs AHEO{H 5 Lt
 Knowledge-based Filtering

AEXe| =22t R (Needs)0f| Clist FES 7|z oF XFS M Qretct

S

ro

H&E S0 ALgAte 215 EotLl 3FA7|= X0 tigt =31t 7|5 XM S =

Jm
oot
rot
0
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Hybrid Recommender Systems
Collaborative
Filtering
~
ont.ent-.Based
Filtering ) w J

—’{ Combiner (Recommendatio

8

)
Demographic
Filtering

J

Knowledge-Based
Filtering

e
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Hybrid Recommender Systems

e XFX
o O

+ A7} Userd| e CBFZ EAglo] 8210, S23 HlO|E{7} el o CF2 40| Hed g &otrt. ->Cold
Start Problem o &

« Sparsity Problem, Loss of Information, Knowledge Acquisition Bottleneckdt Z2 EZX|™ S S5 = ULt
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