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Existing Recommendation

Systems
NETFLIX

I)Net flix
2)Amazon
3)Youtube
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User Watches Movie

Similar Movies Found
based on genre,
director & actors
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Recommended




Machine Learning
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Typesof
algorithms

K-HaMbJMXKUIUNX CYyCifiB

HevpoHHI Mepexi
MeToa 3 BUKOPHUCTAHHAM

baKTOpH3alli€E0 MAaTPHUIlb
I'padoBi Mmogeni
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input layer output layer input layer output layer

hidden layer hidden layer 1 hidden layer 2 hidden layer 3
'Non-deep" feedforward Deep neural network
neural network
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Puc. 1. IIpuHUIHN QaKkTOpH3aLii MarpHIill peHTHHI 1B



3aBAsKH 6araTbOM BJIACTHUBOCTSM rpadiB MU MOXKeEMO JIETKO

Gr a p h BUMpIillyBaTHU 6araTo TUIIIB NIpPp0o6JieM 3 peKOMeHJalliIMHU 3a

nonomororwo GNN.




CyTh IOTO M €TOJA JOBOJI OPOCTO «BIH 3HAXOAUTH K- HAMOIMKYl TOYKH
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Compare
algorithms

" PekomMmeH a1 inHI
. CUCTEMHU 3 HevipoHHI _ _
Kpurepii HaMOJIMXKYHNX _ ['padoBi Mogei
. BUKOPUCTAHHAM Mepexi
cycigiB (KNN)
PO3KJIaJaHHA MaTPUIlb
[IpocToTa peaJisariii Ta
_ [IpocTo Cepenuda CkJyiaiHO CkJyiaiHO
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Mydataset
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MeToau BU3HAYEHHS CXOXXOCT1 I Knn

DEuclidean distance
2)Manhattan distance
3)Minkowski Distance
4)Hamming Distance
5)Cosine similarity



Smilarity
metric
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Euclidean distance C
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Practical
part

Most 3ajmada: po3pOOHUTH JBAa OCHOBHHUX THIIM PEKOM €JalMHUX
cucteM (content based, collaboratory based) BuxkopucToByIOUH

amropuTM K HaWOmMDKYMX CycimiB Ta MOAIOHICTH 32 KOCHHYCOM .
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1)google colaboratory
2)Jupiter notebook
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What have ldone?

lLcontent-based filtering using cosine similarity

l.lanalything dataset
1.2Vectorization of information about movies

1.3cosine similarity
l.4content-based filtering

2.collaboratory-based filtering using knn

2.lanalything dataset
2.2iImplementing knn algorithm

3.creating a web application



content-based I
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Analyt hing dat aset

Content-based filtering using cosine similarity

movie_id
0 19995
1 285
2 206647
3 49026
4 49529

title

Avatar

Pirates of
the

Caribbean:

At World's
End

Spectre

The Dark
Knight
Rises

John Carter

overview genres
[in, the, [Action,
22nd,
Adventure,
century,, a,
paraplegic Fantasy,
Ty ScienceFiction]
[Captain,
Barbols-; Sr?g;’ [Adventure,
believed, Fantasy, Action]
to, be, d...
[A, cryptic,
Message, [Action,
from,
Bond's Adventure,
' Crime]
past,
send...
[Following,
the, death, [Action, Crime,
of, District, Drama, Thriller]
Attorney...
[John,
Cage;;;’ Action,
a Adventure,

WweaanryS -

keywords

[cultureclash,
future,
spacewalr,
spacecolony, ...

[ocean,
drugabuse,
exoficisland,
eastindiatrad...

[spY,
basedonnovel,

secretagent,
sequel, mié, ...

[dccomics,
crimefighter,
terrorist,
secretiden...

[basedonnovel,

mars,
meaedallinn

cast

[SamWorthington,

ZoeSaldana,

SigourneyWeaver]

[JohnnyDepp,
OrlandoBloom,
Keiraknightley]

[DanielCraig,
ChristophWaltz,
LéaSeydoux]

[ChristianBale,
MichaelCaine,
GaryOldman]

[TaylorKitsch,
LynnCollins,

crew

[JamesCameron]

[GoreVerbinski]

[SamMendes]

[ChristopherMNolan]

[AndrewStanton]

tags

[In, the,
22nd,
century,, a,
paraplegic,
Marin...

[Captain,
Barbossa,,
long,
believed,
to, be, d...

[A, cryptic,
message,
from,
Bond's,
past,
send...

[Following,
the, death,
of, District,
Attorney...

[John,
Carter, is,

a, war-
\VWiEAS



Analyt hing dat aset

Content-based filtering using cosine similarity

Top Genres

Drama

Comedy 1723

Thriller etk

Action

Romance 895

792

Adventure

Crime

538

science Fiction



Analyt hing dat aset

Content-based filtering using cosine similarity
Iop keyworas

324

woman director

independent film

duringcreditsstinger

based on novel

murder

aftercreditsstinger

violence

dystopia




Analyt hing dat aset

Content-based filtering using cosine similarity
Top Actors

Robert De Niro

Bruce Willis

Samuel L. Jackson

Matt Damon

Nicolas Cage

Johnny Depp

Brad Pitt

Denzel Washington




Analyt hing dat aset

Content-based filtering using cosine similarity

Top Directors

Steven Spielberg

Woody Allen

Clint Eastwood

Martin Scorsese

Spike Lee

Robert Rodriguez

Ridley Scott

Steven Soderbergh




Vectorization of information about movies

Content-based filtering using cosine similarity

Dsplit the data intotokens
2)represent data as vectors



Vectorization of information -
about movies the
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"and’,
‘protecting’,
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Cosine similarity

Content-based filtering using cosine similarity



Cosine similarity

Content-based filtering using cosine similarity

Similar Unrelated  Opposite
4 8 A /'B B




Cosine similarity

Content-based filtering using cosine similarity

array([1.
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Content-basedfiltering recommend ( Tangled")

Content-based filtering using cosine similarity

Out of Intferno
recommend( 'Spider-Man 2") The Princess and the Frog

Home on the Range
Animals United

Toy Story 3

Spider-Man 3
Spider-Man
The Amazing Spider-Man recommend( ' Toy Story’)
Iron Man 2
superman Toy Story 2

Toy Story 3

The Adventures of Elmo 1n Grouchland

Should've Been Romeo
Harry Potter and the Philosopher’s Stone



collaboratory-based

filtering using kKnn
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analyzing dataset

collaboratory-based filtering using knn

movield

title

genres

userid movield rating timestamp
1 4.0 964982703
3 4.0 964981247
6 4.0 964982224
47 5.0 964983815
50 5.0 964982931
70 3.0 9649582400
101 5.0 964980868
110 4.0 964982176
191 2.0 964984041
157 2.0 964984100

4051

4238

2349

2356

6197

6786

8636

22722

28105

Horrors of
Spider Island
(Ein Toter
Hing im Netz)
(1960)

Along Came
a Spider
(2001)

Spider-Man
(2002)

Gilant Spider
Invasion, The
(1975)

Spider (2002)
Kiss of the
Spider

Woman
(1985)

spider-Man 2
(2004)
spider-Man 3
(2007)
Spiderwick
Chronicles,
The (2008)

Horror|Sci-Fi

Action|Crime|Mystery| Thriller

Action|Adventure|Sci-Fi| Thriller

Horror|Sci-Fi

Drama|Mystery

Drama

Action|Adventure|Sci-Fi|IMAX

Action|Adventure|Sci-Fi| Thriller|IMAX

Adventure|Children|DramalFantasy|IMAX



analyzing dataset

collaboratory-based filtering using knn

ICTh

Kinbk

40000 -

35000 -

30000 -

25000 -

20000 -

15000 -

10000 -

5000 -

Po3noAin penTuHris

PENTUHI




analyzing dataset

collaboratory-based filtering using knn KIiNbKICTb PEUTUHTIB Ha KOPUCTYBaYa

350 -

300 -

2350 A

200 -

150 A

KinbKICTb KOPUCTYBauIB

100 -

50 -

0 500 1000 1500 2000 2500
KINbKICTb PENTUHIIB



analyzing dataset

collaboratory-based filtering using knn KinbKiCTb PEATUHTIB Ha diNbM

8000 -

7000 A

6000 -

5000 -~

4000 A

KiNnbKICTb iNbMIB

3000 -

2000 -

1000 -

0 [ r

0 50 100 150 200 250 300
KiNbKICTb PEATUHIIB



DiNnbMK 3 HaWbINbLIOK KINBKICTIO peRTHUHTIB

schindler's List (1993)

Terminator 2: Judgment Day (1991)

Braveheart (1995)

Jurassic Park (1993)

= Star Wars: Episode IV - A New Hope (1977)
3

E Matrix, The (1999)

Silence of the Lambs, The (1991)

Pulp Fiction (1994)

Shawshank Redemption, The (1994)

Forrest Gump (1994)

] 20000 40000 60000 80000 100000
3aranbHa KinbKICTh PEATHHIIB



@ineMK 3 HaRKpaLWWMKU peRTUHIr aMu

Siam Sunset (1999)

Who Killed Chea Vichea? (2010)

Eva (2011)

Lesson Faust (1994)

E Thin Line Between Love and Hate, A (1996)
E Red Sorghum (Hong gao liang) (1987)
Love and Pigeons (1985)

Cosmic Scrat-tastrophe (2015)

True Stories (1986)

Gena the Crocodile (1969)

0 1 2 3 4 5
CepeaHiiA peATHHr



DiNEMK 3 HAAMEHLWWMWA PEATHHIAMMI

Rust and Bone {De rouille et d'os) (2012)
The Emaoji Mavie (2017)

The Butterfly Effect 3: Revelations (2009)
Follow Me, Boys! (1966)

The Beast of Hollow Mountain (1956)

Dead of Night {1945)

Mana Bamford: The Special Special Special! (2012)
Haunted House 2, A (2014)

Midmight Chronicles (2009)

Baby Boy (2001)

0.0

0.1

0.2 0.3
CepeaHin peATUHT

0.4

0.5




Smilarity
metric

]

Cosine similarity

Euclidean distance

between (x1,y1) and(x, ¥2) = /(1 — x2)% + (y1 — y2)? |

Cos B =

a-b

lall- ||5|




Ranking Evaluation

collaboratory-based filtering using knn

Metric

Hit Ratio [@ 1©:

| U.'{% i ]

HR =
|UHH]

where |U;{;_,_| is the number of users for which the correct answer is included in the top L recom-
mendation list, |Uui| is the total number of users in the test dataset.



Implementing knn
collaboratory- bafed fllteng using knn

9.0 Lt

movie features df matrix = csr_matrix(movie features df.values)

from scipy. SPEPSéil

from sklearn.neighbors import NearestNeighbors

model knn = NearestNeighbors(metric = "euclidean’, algorithm = "brute’)
model knn.fit(movie features df matrix)

. NearestNeighbors EBKJIi'[L()Ba Bi'[[CTaHI:)

NearestNelghbors(algorithm="brute’, metric="euclidean’)

Hit Ratio @ 1@: ©.66



Implementing knn

collaboratory-balsed filtterjng using knn

algorithm

. from scipy.sparse import csr_matrix

movie features df matrix = csr_matrix(movie features df.values)

from sklearn.neighbors import NearestNeighbors

model knn = NearestNeighbors(metric = "cosine’, algorithm = ‘brute’)
model knn.fit(movie features df matrix)

v NearestNeighbors

KocuHyc nofibHOCTI

NearestNeighbors(algorithm="brute’, metric="cosine")

Hit Ratio @ 10: ©.91



Recommendations for Toy Story (1995):

. Toy Story 2 (1999),simularity 1s 57% with distance of ©.427398681648625:

Jurassic Park (1993),simularity 1s 56% with distance of ©.4343631863594055:

Independence Day (a.k.a. ID4) (1996),simularity is 56% with distance of ©.435738205909729:

. Star Wars: Eplsode IV - A New Hope (1977),simularity 1is 55#% with distance of ©.4426117539485823:
Forrest Gump (1994),simularity 1s 54% with distance of ©.45298398597717285:

0 3 I = W R L I

Recommendations for Spider-Man 2 (2084):

. Spider-Man (2002),simularity 1s 73% with distance of ©.26784181594848633:

: X2: X-Men United (2003),simularity is 70% with distance of ©.29243040084838867:

. Incredibles, The (2084),simularity i1s 64% with distance of ©.3562275767326355:

. X-Men: The Last Stand (2006),simularity i1s 62% with distance of ©.3754291534423828:

. Pirates ot the Caribbean: The Curse of the Black Pearl (2003),simularity 1s 60% with distance of ©.3916928172111511:
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Apollo 13 (1995)

Babe (1995)
Clerks (1994)

Client, The (1994)
Desperado (1995)
PekomeHaaull ANA KOpUCTyBa4a

: Star Wars: Episode VI - Return of the Jedi (1983), with the distance ©.32925695180892944:
Back to the Future Part II (1989), with the distance ©.3434367775917053:
: Star Wars: Episode V - The Empire Strikes Back (1980), with the distance ©.3456980586051941:

Raiders of the Lost Ark (Indiana Jones and the Raiders of the Lost Ark) (1981), with the distance ©.35584235191345215
Back to the Future Part III (1990), with the distance 0.3617665767669678:
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Movies Recomendation System Using Machine Movies Recomendation System Using Machine
Learning Learning

Type or select a movie to get recomendation Type or select a movie to get recomendation

Harry Potter and the Half-Blood Prince g Spider-Man 3 e
| Show recommendation | Show recommendation
Harry Potter amm Harry Potter am Harry Potter am Harry Potter am Harry Potter am ider-Man 2 spider-Ma The Amazing Spir The Amazing Spi+ Arachnophobia

Frac "_f'" e d = 1
L P - PR 2
:

ST R

ARACHNOPHORA

Type or select a movie to get recomendation Despicable Me 2
Titanic e
Show recommendation
| 5h e endatic |

Minions Despicable Me

The Notebook Under the Same | Ghost Ship The Bounty Pirates of the

ilhallenke

%
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Thankyou!

I f% foryourattention ?f
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