Homatok A

«I"padiyHi MaTepiayiv aTecTalliHOT pOOOTH
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IHpukiaja pekoMeHaalil, CTBOPEHOI cepBicOM

«Spotify»

Playlists Made Just For You

DI#MOND
DAY>

Al types of playlists.

=1 g )
L EH ) T




Ipukiaja pekoMeHnjaaiii, CTBOPEHOI cepBicoM
«Netflix»

F|
*t: LE i - / NEW ERFISODE

TS

Because you watched Flint Town

.

DT

TELE OF 000

a5
g

LIFE BELOW ZERO fi . .

NEW EFPISODES

TV Dramas

| -

L &5 pMERICAN o |
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LrocTpanisa MeToxy KOPUCTYBAY-KOPUCTYBaY

positive interactions neutral interactions . negative interactions
— User we want to make a recommendation We can then recommend the most popular
for is represented by its row in the matrix... items among the K nearest neighbours
[ User-item kn
5 h N knn
interaction: ‘
El matri S ... and we search the K nearest neighbours
c X of this user in the matrix
.- I . )
knn
— .s

m items
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user mp

We identify the prefered item of user
we want to make recommendation for.

LrocTpaniss MeToay NpoaAyKT-IPOAYKT

prefered item

¥

I/

User-item
interactions
matrix

user wp

prefered item

¥

User-item
interactions
matrix

The prefered item is represented
by its column in the matrix.

We can search and recommend the K
nearest items to this “prefered item”
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LirocTpanisi nopiBHAHHSA Po0OTH METOIB

'HIi'
NN
'lII'
I
'

i
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Bizyagizauisa npouecy ¢paxkropusamii

:| | latent dimensions

@ User-item Reconstructed .
o) . . . N Reconstruction
1] interactions n interactions . n
] . - error matrix
c matrix matrix
| 1 - | E— 1 ]
m items | m
The user-item interations matrix is ... the dot product of a user matrix and ... plus some
assumed to be equal to... a transposed item matrix... reconstruction error
Po3pob. Pociuuyx J].O.
Mepesip. Imaneynosa 3.A.
H. KoHmp. Imaneynosa 3.A.
ITMm-18-1 Jlucm 6
3ameepo. [ pebennik I.B. CcT Jlucmis 19
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Bizyadgizauisa merogy SVD

T
2k Vi
= k
A Uy
k x k kxm
nxm
nxk
Po3pob. Pociuuyx J].O.
lepesip. Imaneynosa 3.A.
H. KoHmp. Imaneynosa 3.A.
ITMm-18-1 Jlucm 7
3ameepo. I'pebennix I.B. CT Jlucmie 19
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Lmrocrpauist podoru anropurmy SLOPE ONE

=z =N
{ | 1.5 User A ]
{ 2 ? UmrB]

[tem | [tem ]
— —/  1=2+(15-1)=25
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Use-Case giarpaMa st KJII€EHTCbKOI0 104ATKY

ra

s

Authorized user ”

H\
Get recommendations
Unauthnﬁd user
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3arajbHa LIIOCTPaLis apXITEKTYPH CUCTEMH

RECDD‘ID‘IEDUEF
D - o Backend API — @ et
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Create RDD

\

N

Lineage .

Ipuxkaax poooru RDD

k.

l > Transformation

RDD P —

v

Action

\ 4
Result




80

LmrocTpanist po3nogisienass RDD na mapumii

, Partition 1
) zprmrereneanneas p. Partition 2

" Partition 3
Partition 4

Po3pob. Pociuuyx J1.0. Po3pobKa pekomeHOayiliHoi cucmemu
Iepesip. Imanzynosa 3.A. 3 po3nodineHo 0bpobKor OaHUX Ha
H. Konmp. Imanzynoea 3.A. ocHosi Memoda KonabopamusHoi

pinempayii

ITMm-18-1 Jlucm 12

3ameepo. [ pebennix I.B. CcT Jlucmie 19
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3araabHa apxitekrypa Apache Spark

Worker Node

Master Node

Cache
Driver Program
Spark Cluster
Context Manager
Worker Node

Cache
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CTBOpEHHSI HA0OPIB JaHMX JJIS TECTYBAHHSA TA
nepeBipKu

trainData, validationData, testData = userArtistData.randomSplit([4, 4, 2], 13)

print trainData.take(3)
print validationData.take(3)
print testData.take(3)

print trainData.count()
print validationData.count ()
print testData.count()

#Caching and creating ratings object

trainData = trainData.map(lambda 1: Rating(*1)).cache()
validationData = validationData.map(lambda 1: Rating(*1)).cache()
testData = testData.map(lambda 1: Rating(*1)).cache()
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Ipukiaajg CTPYKTYPH CTBOPEHOI0 HA0OOPY TaHUX

Ta 3arajibHa KUIBKICTh €JIeMeHTIB y Ha0opi

[(1059637, 1000049, 1), (1059637, 1000056, 1), (1059637, 1000113, 5)]
[(1059637, 1000010, 238), (1059637, 1000062, 11), (1059637, 1000112, 423)]
[(1059637, 1000094, 1), (1059637, 1000130, 19129), (1059637, 1000139, 4)]

19817
19633
10031
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MeToa OIHKHM AKOCTI MOaeJTi

from pyspark.mllib.recommendation import ALS, MatrixFactorizationModel, Rating
from collections import defaultdict

#model evaluatzon funciion
def modelEval(model, dataset):
global trainData
global allArtists

#Getting nonTraindrtists for each user
userArtists = defaultdict(list)

for data in trainData.collect():
userArtists([datal0]] .append(datal1])

cvlist = []

for key in userArtists.keys():
userArtists(key] = list(set(allArtists) - set(userArtists[key]))
for artist in userArtists([key]:
cvList.append((key, artist))

#Creating user,nonlraindriists RDD
cvData = sc.parallelize(chist)

userOriginal = dataset.map(lambda x:(x.user, (x.product, x.rating))).groupByKey().collect()

#prediction on the user, nonTraindrtists RDD
predictions = model.predictAll(cvData)

userPredictions = predictions.map(lambda x:(x.user, (x.product, x.rating))).groupByKey().co

original = {}
predictions = {}

Po3pob. Pocitiuyx /. O.
Mepesip. Imaneynosa 3.A.
H. KoHmp. Imaneynosa 3.A.
ITlm-18-1 Jlucm 16
3ameepo. [ 'pebennix IB. CT Jlucmis 19
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Pe3yjqbTaT OIHOK MoOJeJIeH JJIsl 3HAaYeHb «rank»

rank_list = [2, 10, 20]

for rank in ramnk_list:
model = ALS.trainImplicit(trainData, rank, seed=345)
modelEval (model,validationData)

The model score for rank 2 is 0.0909391661474
The model score for rank 10 is 0.0957125879247
The model score for rank 20 is 0.09047041725
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Ipukiaja cTBOPEHHSI peKOMeHAauil AJIs J0BiJIbHO
00pPaHOro KOPUCTYBA4A

ratings = bestModel.recommendProducts (1059637, 5)

import re
artist_data = artistData.collect()

artist_names_dict = {}

for line in artist_data:
pattern = re.match( r’(\d+) (\s+)(.*)’, line)
artist_names_dict [str(pattern.group(1))] = pattern.group(3)

for i in range(0,5):
if str(ratings[i].product) in artist_canonical_dict:
artist_id = artist_canonical_dict[str(ratings[i].product)]
print "Artist " + str(i) + ": " + str(artist_names_dict[str(artist_id)])
else:
print "Artist " + str(i) + ": " + str(artist_names_dict[str(ratings([i].product)])
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PexomeHaauis 1 00paHOro KOpUCTyBa4a

Artist
Artist
Artist
Artisy
Artist

= W N = O

: Brand New

: Taking Back Sunday
: Evanescence

: Elliott Smith

: blink-182
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