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Sports

EXERCISE & FITNESS

RNN + Bandit

+20%
Click through



https://towardsdatascience.com/solving-the-multi-armed-bandit-problem-b72de40db97c
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Dashboard

Amazon Personalize

Dataset groups

personalens-dataset-group
Dashboard

Datasets

Event trackers

Solutions and recipes

Campaigns

Amazon Personalize Dataset groups

Dashboard

Overview

o) 1=

e

Upload datasets

Datasets are required to create solutions,
which are then used to generate
recommendations.

View datasets

personalens-dataset-group

Dashboard

=3

Install event ingestion SDK

The event ingestion SDK allows you to track
user events in your application and feed
them to your solutions.

View APIs

&5
EF| >

Create solutions

Solutions help you generate
recommendations. They consist of custom
models trained on your datasets along with
the underlying infrastructure required to
generate recommendations.

View solutions

Create solution

®_:

® ®|®

Launch campaigns

Campaigns allow your application to get
recommendations from your solution. They
also provide you with analytics on the
solution’s usage.

View campaigns
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3 C|O|E{A: in S3, CSV =

= Users
v AHEXHO|| CHel HEFH|O|H NS
v A MeE T =ME J|EF HE )o1st A|AHI| 22 7}

= |tems

v ItemQ| H|EIH|O|H A&

v 7t4, sKu(dE Mo 2| thel) 7Y, ML OF, S
= |nteractions

v User2t Item 7H2| QI M HHE XS

or
rot

Schema Name @ Dataset Type Required Fields Reserved Keywords

User USERS USER_ID

Item ITEMS ITEM_ID

Interactions INTERACTIONS USER_ID EVENT_TYPE
ITEM_ID EVENT_VALUE
TIMESTAMP

0f: Interaction Schema

"type record",
"name": "Interactions”,
"namespace": "com.amazonaws.personalize.schema",

"fields": [

{ "type": "USER_ID",
lltypell "Stl’ing"

I}

{ "type": "ITEM_ID",
"type": "string"

I}

{ "type": "EVENT_TYPE",
"type": "string "

I}

{ "type": "EVENT_VALUE",
"type": "string"

I}

{ "type": "TIMESTAMP",
"type": Illongll

}

1

"version": "1.0"

}
Schemas in Amazon Personalize are defined in the Avro format.

For more information, see Apache Avro.
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Recording Events

= Amazon Personalize O|HIE £Z! SDKE 0| 25}0{ O|HI E {|0|E{ &

1. O|HIE 7|E& 2%} event-ingestion code T=H|

2. A& 7tset O E:

L—

Click, Search, AddToCart, RemoveFromCart,
Checkout, Like, Comment, Rating,
Play, Pause, Resume

3. MH OfEZz2[# 0[S 0|85t O|HMIE HO|HE =&
4%, OHIE =85 MHSO|M X[&HStEE L35} 0f
* AMA|ZF Kinesis 2E 2l O|HIE X{2|2 AWS Lambda &t 713
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User Item
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Real-time data
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https://docs.aws.amazon.com/personalize/latest/dg/recording-events.html

= &5 M (Solution)
7

v DHOIA =M ATE HBoH7| lof EB0]Y HS AK DA By 7|y B

« S8 HIZL A 24t Ao 78 HEct 2= MSot7| 2o 22 = Hst ER

v’ CreateSolution APl S Eof A A

= AT (Recipe)

v FH RE MMA| AME K= €11 2|F (Hyperparameters, Feature transformation 2 2h)

v HEOQI Y MIE CHYSHA XM|S: DeepFM, FEFNN, HRNN(HRNN-Metadata, HRNN-ColdStart), Popularity-Count,
PersonalizeReranking, SIMS

v &12[F X5 & (AutoML), SHO|H IO H £ M3 (HPO) 7|5 &€& 7=

v Sagemakers E-EotH ArEAT Fo| YMI|Z EG0|d 7ts

o|0|

o

* Feature transformation: 2 A| /2 HO|HE 22 Ef0|H0f| MESIEE ™St = XY



DeepFM*

(Deep Factorization Machines)

FFNN*

(Feed-Forward Neural Network)

HRNN*

(Hierarchical Recurrent Neural Network)

PersonalizeReranking

Popularity-baseline

SIMS

UHt™ Ol 8= 2 MO|&= feed-forward neural network. 2t user-item 2IE{2M 0|23

Zgtez =N =52 44

ALEXL ASO[ AlZHO| et A5 Halsl= E2 AMg F=H.

- HRNN-coldstart: 4!+ OfO|& F=7}7} offg O
Qo™ o [Iff Mgt

- HRNN-metadata: == Zc|E|2| HEIHO|HE ArE &+ A= 87 HEHO|H 7} Gl
A0 @M O £8. 9tH Efo]d A|ZHO] ZO{E £ Qf

AMEX 4240 A =g orolE el =%/ FelE 0|85t
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2= 01 YA ,

H RN N (Hierarchical Recurrent Neural Network)

= 35 871 2t

Ratings RMSE on MovielLens - 20MMinteractions Ratings RMSE on NEtﬂ.IX - 98MM interactions
- 173K users - 500K users
- 131K items - 18K items
0.933 0.954
0.916
0.928 0.925 0.922
0.91
0.871
0.857
I 0.846 0.856
Rolling ~ FM[2012] I-AutoRec RNN HRNN Rolling T-SVD  PMF [2008] RRN [2017] DeepRec HRNN
Average [2015] INEELE [2009] [2017]

Sources:


https://openreview.net/pdf?id=ByzxsrrkJ4
https://arxiv.org/pdf/1706.04148.pdf
https://papers.nips.cc/paper/3208-probabilistic-matrix-factorization.pdf
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oSS HIS
oo =2 C O
v Amazon Personalizee= 222 &2 7|2 &2
RIElol M5 HII KBS HHSI0] SAE ANE DCG@K 3a =H ADH0| 43 DCGE A
H3e [DBEsmEe (320 BIX Ll B3 Ol WYL E 2 %S 7H7)
Cumulative Gain)
NPCG@K O| 40l =X ZMERH & = U= A 7I5 2FHE 7|ELE
(Normalized|Discaunted Hish o, B ofo|g 22l0] H 21 7HEXS BBt At
Cumulative Gain)
/& Tweet Recommendation with Graph Co-Ranking ( ) AP@K DE 73 O|-O|';:é19_| —t—-cr)'| =3 TOp-K O|-O|';3§9_| rga_ Mol

I (PACKT) (Average Precision)


https://www.slideshare.net/yoshinarifujinuma/tweet-recommendation-with-graph-coranking
https://www.oreilly.com/library/view/c-machine-learning/9781788996402/

e Mmp

FMS HZSHY ZHE| @l (campaign)= 47
H|O|E Hh4

/AUTO : S2M0| H[0|E © TjOtCh 74E 2|4l {HO| £2MO2 XHE BT} KIS &
O

LS = I_:| d
v MANUAL : UpdateCampalgnE =(cal)oiM M olS =2 = HHO|E jjof o =
ZFM O Z SolutionVersionArn = A&

e —

= status/ ACTIVEE HAE & ZHH| 9l &Y AL 7ts (DescribeCampaign & X)
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https://docs.aws.amazon.com/ko_kr/personalize/latest/dg/working-with-predefined-recipes.html
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https://aws.amazon.com/personalize/customers/
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https://docs.aws.amazon.com/ko_kr/personalize/latest/dg/working-with-predefined-recipes.html
https://aws.amazon.com/ko/blogs/korea/now-available-batch-recommendations-in-amazon-personalize/
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https://docs.aws.amazon.com/ko_kr/personalize/latest/dg/working-with-predefined-recipes.html
https://aws.amazon.com/ko/about-aws/whats-new/2019/12/amazon-personalize-supports-contextual-recommendations/

SO M 2™ Z=A[1(2020.01. 22)

= Amazon Personalize is live in Seoul Region (ap-northeast-2)

irce Groups -~ 1AM EC2 83 CloudFormation Cloud9 EKS CloudWatch * A\

Machine Learning

Amazon Personalize New dataset group
Rea l- ti m e pe rSO n a I-i Zati O n a n d A dataset group contains the datasets, event ingestion
recommendation service.

Real time personalization and recommendation, based on the same technology used at Amazon.com. No

machine learning experience required.

Seoul

w


https://docs.aws.amazon.com/ko_kr/personalize/latest/dg/working-with-predefined-recipes.html
https://aws.amazon.com/ko/blogs/korea/amazon-personalize-seoul-region/
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- Amazon Personalize samples:

« Personalens HOL;

« AWS Seoul Summit Session:

= Online demo

v' Building a movie recommendation engine using Amazon Personalize:

v Live demo:


https://aws.amazon.com/ko/personalize
https://docs.aws.amazon.com/ko_kr/personalize/latest/dg/what-is-personalize.html
https://github.com/aws-samples/amazon-personalize-samples
https://github.com/chrisking/personalens
https://www.youtube.com/watch?v=c_bC_4nPCLw&t=2594s
https://ai-services.go-aws.com/50_personalize.html
https://www.personalisevideorecs.info/recommend/
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https://aws.amazon.com/ko/training/learning-paths/machine-learning/
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