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Why should you
personalize your
application?
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Personalization is everywhere: Don’t be left behind

PERSONALIZATION IS NOW INCORPORATED INTO EVERY ASPECT OF THE CUSTOMER EXPERIENCE
primevideo Home Freeto me Store Channels Categories v My Stuff Kids

Regular Heroes - Season 1

This inspiring weekly docuseries highlights the heroic efforts of essential workers
across the US, as told by special guests Alicia Keys, Kevin Hart, Nick Jonas, and more.
Regular Heroes brings us closer to the extraordinary people risking their lives to...

P Watch now +  Watchlist Details
. \ a
Movie recommendations « e  Watch next
y A Med.Z O
Images and expressions « o

Time-of-day ranking -

Customized channels +«— —  Your Channels



Personalization offers material business benefits

EVERYBODY'S TASTES, PREFERENCES, AND NEEDS ARE DIFFERENT

% Acquire new customers and retain existing customers

/,
7
Help customers discover products and services they need
[

_E Improve customer engagement with your website, application, and content
R ;@

-—

b)
@/\, Increase revenue for your business

v Increase conversions through recommendations — movies, restaurants, music, etc.



Personalized recommendations

IMPROVE YOUR CUSTOMER EXPERIENCE THROUGH BETTER RECOMMENDATIONS

L\

Deliver high-quality
recommendations

Adapt to changes
in customer intent
in real time

AR
Train a

recommendation
model with a few
clicks

| [

.

71®
©)=

Generate
recommendations
for almost any
product or content
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Challenges for building effective recommenders

MULTIPLE HARD PROBLEMS NEED TO BE ADDRESSED

Real-time

Personalization must be responsive to the changing user intent

|-l'||" Cold starts
I]LQ New users should get relevant recommendations; new items should show in recommendations

Popularity trap
Naive models give recommendations similar to popular items

Scale

Recommendations should scale across millions of users and items

Custom models are required

© Personalization models must accurately reflect business context and user behavior



What are popular
recommender algorithms:
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Netflix prize (2006-2009)

ENSEMBLE INCLUDING COLLABORATIVE FILTERING WITH MATRIX FACTORIZATION WINS THE PRIZE

NETFLIX

Home Rules Leaderboard Update

Congratulations!

The Netflix Prize sought to substantially
improve the accuracy of predictions about
how much someone is going to enjoy a
movie based on their movie preferences.

On September 21, 2009 we awarded the
$1M Grand Prize to team “BellKor’s
Pragmatic Chaos”. Read about their
algorithm, checkout team scores on the
Leaderboard, and join the discussions on
the Forum.

We applaud all the contributors to this
quest, which improves our ability to
connect people to the movies they love.

Source: https://www.netflixprize.com/



Generate recommendations using matrix factorization

FACTOR THE RATING MATRIX INTO SEPARATE USER AND ITEM MATRICES; POPULATE THE MISSING RATINGS

ltem factors

Items (embeddings)
3.0 14 |39 21 | 37 | 41|22 |39 | 28|49 1.2
4.0 23 | 3.1 X 03 | 28 | 13 | 19 | 42| 23 | 4a |31 | K
5.0 0.3 | 4.3
1.0 1.9 | 2.1 .
Users ~ * Learn user and item factors
2.0 A | 41|34
> > 5,1 * Factors represent each
20 0 TAET user and item
2.0 1 (41| o Specify k (hyperparameter)
Matrix of ratings k

User factors
(embeddings)



Generate recommendations using matrix factorization

FACTOR THE RATING MATRIX INTO SEPARATE USER AND ITEM MATRICES; POPULATE THE MISSING RATINGS

ltem factors

ftems (embeddings)

30 | 23 |46 (1.2 |41|35|49]1.2 14 | 3.9 21137 | 411 22 | 39| 28 | 49 | 1.2
41 | 35 (40|49 |12 ]19 | 46|23 23 | 3.1 X 2 58 (73 (19 (25 (23 122 31k
48 |31 (2819 |23 | 255021 03 | 4.3

Users 41129 22(1210|5035/39| 1.9 | 2.1 « Learn user and item factors
1220|3550 29|46 |21 |44 T |41 ]34
46 | 28 (333922203528 2.2 | 2.1 * Factors represent each
23|50 |49 3035|1246 |40 49 | 3.5 user and item
28| 312012364922/ a1 3.1 | 4.1 . Spec|fy k (hyperparameter)

Matrix of ratings k

User factors
(embeddings)



Matrix factorization optimization metrics

THE GOAL OF MATRIX FACTORIZATION IS TO MINIMIZE THE ROOT MEAN SQUARED ERROR (RMSE)

minimize

D (= (i)

(u,i)es

p = User embedding S = Set of all ratings

q = Item embedding . = Rating in user — item matrix at u, i

u = User index

I = [tem index




Multitask recommender models

MODERN ALGORITHM THAT SIMULTANEOUSLY OPTIMIZES MULTIPLE OBJECTIVES DURING MODEL
TRAINING

Use multiple types of user interactions to train a better recommender
The following 2 datasets are trained together:

1. Ratings explicit feedback; rating = 0.5 (worst) through 5.0 (best)

2. Watch event implicit feedback; watched = True or False

Variables are shared between the 2 tasks; allows for transfer learning

Note: We will demo this in a bit



Why build recommender
models on AWS?
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Amazon has deep recommender experience

OVER 20 YEARS OF EXPERIENCE IN PERSONALIZATION AND RECOMMENDATION TECHNIQUES

Iwo Decades of Recommender
Systems at Amazon.com

Amazon is well-known for personalization and recommendations, which help
customers discover items they might otherwise not have found. In this update

to our original article, we discuss some of the changes as Amazon has grown.

or two decades now,! Amazon. recommendations, as well as desirable

com has been building a store for properties such as updating immediatel
Source: Smith and Linden (2017), IEEE Internet Computing




Amazon item-to-item collaborative filtering

ITEM-TO-ITEM COLLABORATIVE FILTERING MADE POPULAR IN THE EARLY 2000s

Industry Report

Amazon.com
Recommendations

[tem-to-ltem Collaborative Filtering

Greg Linden, Brent Smith, and Jeremy York * Amazon.com

ecommendation algorithms are best
R known for their use on e-commerce Web

sites,’ where they use input about a cus-
tomer's interests to generate a list of recommend-
ed items. Many applications use only the items
that customers purchase and explicitly rate to rep-
resent their interests, but they can also use other
attributes, including items viewed, demographic
data, subject interests, and favorite artists.

At Amazon.com, we use recommendation algo-
rithms to personalize the online store for each cus-
tomer. The store radically changes based on cus-
tomer interests, showing programming titles to a
software engineer and baby toys to a new mother.
The click-through and conversion rates — two
important measures of Web-based and email
advertising effectiveness — vastly exceed those of
untargeted content such as banner advertisements
and top-seller lists.

There are three common approaches to solving the

recommendation problem: traditional collabora-
tive filtering, cluster models, and search-based
methods. Here, we compare these methods with
our algorithm, which we call item-to-item collab-
orative filtering. Unlike traditional collaborative
filtering, our algorithm’s online computation scales
independently of the number of customers and
number of items in the product catalog. Our algo-
rithm produces recommendations in realtime,
scales to massive data sets, and generates high-
quality recommendations.

Recommendation Algorithms

Most recommendation algorithms start by finding
a set of customers whose purchased and rated
items overlap the user’s purchased and rated
items.? The algorithm aggregates items from these
similar customers, eliminates items the user has

Source: Linden, Smith, and York
(2003), IEEE Internet Computing



History of recommenders at Amazon

FIRST PERSONALIZED RECOMMENDATION EXPERIENCE AT AMAZON.COM USING COLLABORATIVE FILTERING

Early investment in personalization made shopping easy and fun

Feature launched and patent filed in 1998

Early features such as “Customers who bought this also bought that ... "
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Which options to train an
tune recommender model
with AWS?
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AWS machine learning services for personalization

AMAZON PROVIDES CUSTOMERS WITH CHOICES FOR IMPLEMENTING PERSONALIZATION SOLUTIONS

Amazon Personalize

E&} Amazon SageMaker

« Makes it quick and easy for developers and
builders to implement Al and improve
business outcomes

 No ML experience required

Build, train, and deploy your own ML
models quickly using a visual IDE

All tools required for ML in a single service
Automated machine learning (AutoML)
plus prebuilt models, algorithms, and

solutions

Fully managed for scalability,
performance, and cost-effectiveness




Options to train and tune model with SageMaker

CUSTOMERS HAVE MANY OPTIONS TO BUILD RECOMMENDERS WITH AMAZON SAGEMAKER

‘ SageMaker Studio IDE

Fully managed notebooks for one-time model training

‘ SageMaker built-in algorithms

Easy-to-use and scalable model training and tuning

‘ SageMaker processing jobs
Serverless Apache Spark processing and training clusters

SageMaker training and hyperparameter tuning jobs
Custom training and hyperparameter tuning with any framework




SageMaker Studio

Fully managed notebooks for
one-time model training
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SageMaker Studio IDE

IMMEDIATELY SEE THE

s B % ¢ O

¢S Amazon SageMaker Studio

+ | % c
m/

/ 02_usecases / sagemaker_recommi

Name -

8 deployed_model

| img

I model

I src

BB tensorflow_datasets

| wip

[®] 00_Overview.ipynb

[®] 01_Train_Recommendations_...
« [W] 02_Train_Recommendations_...
« [W] 03_Deploy_Recommendations...

[ model.tar.gz

IMPACT OF MODEL CHANGES DIRECTLY

File Edit

M Terminal 1
B+ X0 0O » =

[4]:

[5]1:

View Run

Kernel Git Tabs Settings Help

X | [W] 02_Train_Recommendations_ ®

(& Code v @gﬁ

taDistributionType': 'ShardedByS3Key'}}}

Setup Metrics To Track Model
Performance

These sample log lines...

499/500 [=====>..] - ETA: 3s -
factorized_top_k/top_10_categorical_accuracy: 0.481 -
factorized_top_k/top_50_categorical_accuracy: 0.607 -
factorized_top_k/top_100_categorical_accuracy: 0.885

..will produce the following metrics in CloudWatch:
factorized_top_k/top_10_categorical_accuracy =0.481
factorized_top_k/top_50_categorical_accuracy =0.607

factorized_top_k/top_100_categorical_accuracy =0.885

metrics_definitions = [

{ : . :
{ . i :
{ : . :

Setup Hyper-Parameters for
Classification Layer

epochs=100
learning_rate=0.5
dataset_variant
embedding_dimension=128
enable_tensorboard-True
train_instance_count=1
train_instance_type

Setup Our TensorFlow Scrint to Run on

IN YOUR BROWSER

2vCPU +4 GiB Python 3 (Data Science)

{'DataSource': {'S3DataSource': {'S3DataType': 'S3Prefix', 'S3Uri': 's
3://sagemaker-us-east-1-835319576252/tensorflow_datasets/train/', 'S3Da

Trial stages

& Describe Trial Component X

C less than 20 seconds ago

Experiment: MovieLens-Recommender-1604259873
Trial: trial-1604259875-100-100k-128

Status: Completed

Training job detailed status: Completed

Charts Metrics Parameters Artifacts AWS

Settings

train
Created

57 minutes ago 5 CHARTS

top_1_categorical_accuracy_last with 5-minute aggregation

©
=}

Debugger

Feedback
Trial
Mappings
Add chart

125
)
5
2.0
8
£
815
=
-]
§'1.c
&
10.5
g
0.0
02:45 :30 02:46 :30 02:47 :30 02:48 :30 02:49 :30 02:50
time
trialComponentName

tensorflow-training-2020-11-01-19...

top_100_categorical_accuracy_last with 5-minute aggregation

S
o

o
'S
L
|
\
\

o
D

S
)

o
=

top_100_categorical_accuracy_last




SageMaker built-in algorithms
Easy-to-use and scalable model
training
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Built-in algorithms

SAGEMAKER OFFERS OUT-OF-THE-BOX MATRIX FACTORIZATION USING FACTORIZATION MACHINES

Train on many instances

In [12]: fm = sagemaker.estimator.Estimator(containers[boto3.Session().region name],

C AN B

cp+ e

train instance count=10,
trarnrrseanee=gype="ml.c4.xlarge’',

output path=output prefix,
sagemaker session=sagemaker.Session())

fm.set hyperparameters(feature dim=nbFeatures,
predictor type='binary classifier',
mini batch size=1000,
num factors=64,

_speedometer period=10, Tu n e yo u r hype rpa ra m ete rS

epochs=100)

In [12]: = sagemaker.estimator.Estimator(containers[boto3.Session().region name],
fm.fit({'train': train data, 'test': test _data}) get_execution role(),
train instance count=10,
train instance type='ml.c4.xlarge',
output path=output prefix,
sagemnantemsession=sagemaker.Session())

fm.set hyperparameters(feature dim=nbFeatures,

predictor type='binary classifier'’,
mini batch size=1000,

num factors=64,

_speedometer period=10,

epochs=100)

fm.fit({ 'train': train data, 'test': test data})



SageMaker processing jobs
Serverless Apache Spark
processing and training clusters
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Serverless Apache Spark processing and training jobs

CUSTOM APACHE SPARK JOBS INCLUDING ALTERNATING LEAST SQUARES (ALS) MATRIX FACTORIZATION

train_spark_als.ipynb (notebook) train_spark_als.py (Python script)

lines = spark.read.text(s3_input_data).rdd

parts = lines.map(lambda row: row.value.split("::"))
ratingsRDD = parts.map(lambda p: Row(userId=int(p[0@]),
role=role, movieId=int(p[1] ),
instance_count=10, rating=float(p[2]),
instance_type='ml.r5.2xlarge", ftimestamp=int(p[3]1)))
max_runtime_in_seconds=1200) ratings = spark.createDataFrame(ratingsRDD)

(training, test) = ratings.randomSplit([0.8, 0.2])

from sagemaker.spark.processing import PySparkProcessor

processor = PySparkProcessor(base_job_name='spark-als',

from sagemaker.processing import ProcessingOutput
# Build the recommendation model using ALS on the training data

processor.run(submit_apgs'train_spark_als.py', als = ALS(maxIter=5,
arguments=["'s3_IMpor=dare™,"s3_input_data, regParam=0.01,
's3_output_data', s3_output_data, userCol="userId",
¥ itemCol="movieId",
logs=True, ratingCol="rating",
LRSS coldStartStrategy="drop")
model = als.fit(training)

# Evaluate the model by computing the RMSE on the test data

predictions = model.transform(test)

evaluator = RegressionEvaluator(metricName="rmse",
labelCol="rating",
predictionCol="prediction")

rmse = evaluator.evaluate(predictions)

print("\nrmse: " + str(rmse))




SageMaker training jobs
Custom training and

hyperparameter tuning with any
framework
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Train a custom recommender with TensorFlow

CUSTOM TENSORFLOW SCRIPT FOR MATRIX FACTORIZATION WITH USER AND MOVIE EMBEDDINGS

train.py (Python script)

# Create a custom Keras model with the user embeddings, movie embeddings
model = MovielLensModel(user_embeddings, movie_embeddings, task)

train.ipynb (notebook)

# Compile the model and prepare for training

from sagemaker.tensorflow import TensorFlow model.compile(optimizer=optimizer)

estimator = TensorFlow(entry_poin€="train.py' # Train the model

source_dir='src,

role=role,

instance_count=train_instance_count,

instance_type=train_instance_type, # Make some sample predictions to test our model

py_version="'py37"', # Note: This is required to save and server our model with TensorFlow Serving

framework_version='2.3.0", # See https://github.com/tensorflow/tensorflow/issues/31057 for more details.

hyperparameters={ index = tfrs.layers.factorized_top_k.BruteForce(query_model=model.user_embeddings)
‘epochs': epochs,
‘learning_rate': learning_rate,
‘dataset_variant': dataset_variant,
‘embedding_dimension': embedding_dimension,
'enable_tensorboard': enable_tensorboard

model.fit(ratings.batch(4096), epochs=epochs, callbacks=callbacks)

index.index(movies.batch(100).map(model.movie_embeddings), movies)

},
metric_definitions=metrics_definitions,
debugger_hook_config=False




Tune the TensorFlow recommender model

OPTIMIZE HYPERPARAMETERS WITH SAGEMAKER HYPERPARAMETER OPTIMIZATION (HPO)

optimize.ipynb (notebook)

from sagemaker.tuner import IntegerParameter

from sagemaker.tuner import ContinuousParameter
from sagemaker.tuner import CategoricalParameter
from sagemaker.tuner import HyperparameterTuner

hyperparameter. san
epochs': CategoricalParameter([1, 2]),
'learning_rate': ContinuousParameter(0.00001, 0.00005, $caling_type='Linear'),
'embedding_dimension': CategoricalParameter([32, 64l

objective_metric_name = 'root_mean_squared_error'

tuner = HyperparameterTuner (
estimator=estimator,
objective_type='Maximize',
objective_metric_name=objective_metric_name,
hyperparameter_ranges=hyperparameter_ranges,
metric_definitions=metrics_definitions,
max_jobs=2,
max_parallel_jobs=2,
strategy="'Random’,
early_stopping_type="0ff"

tuner.fit(inputs={'train': s3_input_train_data,
i
include_cls_metadata=False,
wait=False)
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: File Edit View Run Kernel Git Tabs Settings Help Feedback
T * Cc o [%] 01_Train_Rec ® [ 02_Train_Re: ® = train.py X | [A 03_Optimize ® [ 04_Deploy. f ® [% 05_Train.ML ® [% 06_Train_. ML ® = train_multit: X [ 07.Optimize ® (% 08_Deploy N ® (% 09_Train_Sp ® = train_spark_ X P
M/ B + XTO [ » m ¢ Makdownv [ @ git Unknown No Kernel Kernel: CPU: —-% MEM: -% (O Share
| sagemaker_recommendations / src /
Name - Last Modified .. . . .
M test_data amonth ago Training a TensorFlow Multitask Recommender in this SageMaker Notebook (AdHoc)
@ inference.py a month ago
[ requirements.txt a month ago .
# Multi-task Recommender
[ test-local.sh a month ago

%@ train_multitask.py 7 hours ago In the basic retrieval tutorial we built a retrieval system using movie watches as positive interaction signals.

@ train_spark_als.py 12 minutes ago
In many applications, however, there are multiple rich sources of feedback to draw upon. For example, an e-commerce site may record user visits to product pages (abundant, but relatively low signal), image clicks,

@ train.py 7 hours ago . ; . .
adding to cart, and, finally, purchases. It may even record post-purchase signals such as reviews and returns.

Integrating all these different forms of feedback is critical to building systems that users love to use, and that do not optimize for any one metric at the expense of overall performance.

(< 16 | I

In addition, building a joint model for multiple tasks may produce better results than building a number of task-specific models. This is especially true where some data is abundant (for example, clicks), and some data is
sparse (purchases, returns, manual reviews). In those scenarios, a joint model may be able to use representations learned from the abundant task to improve its predictions on the sparse task via a phenomenon known
as transfer learning. For example, this paper shows that a model predicting explicit user ratings from sparse user surveys can be substantially improved by adding an auxiliary task that uses abundant click log data.

i
Y

B

]
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In this tutorial, we are going to build a multi-objective recommender for Movielens, using both implicit (movie watches) and explicit signals (ratings).

-
5

Imports

!pip install -q tensorflow==2.3.0
'pip install -q tensorflow_recommenders==0.2.0

«nE 3

import os

import pprint

import tempfile

from typing import Dict, Text
import numpy as np

import tensorflow as tf
import tensorflow_datasets as tfds

import tensorflow_recommenders as tfrs

Preparing the dataset

We're going to use the Movielens 100K dataset.

ratings = tfds.load('movielens/100k-ratings',
download=False,

5 0 & Git: refreshing... No Kernel | Unknown Saving failed Mode: Command & Ln1,Col1 05_Train_Multitask_Recommendations_AdHoc.ipynb
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Scale to a million models with end-to-end pipelines

TRAIN AND DEPLOY A RECOMMENDER MODEL SPECIFIC TO EACH OF YOUR MILLION CUSTOMERS

Analyze & prepare

SageMaker
notebooks

Train & optimize

Training
algorithm
SageMaker Deep Learning
: containers
SageMaker ﬁ:)gnotg;c::: (multi-armed bandits and
hyperparameter reinforcement learning)
optimization

Raw = - Training - - Prediction
data - - data - = requests
- 4 - 4
NERREN NERNER
Amazon 53 SageMaker SageMaker SageMaker multi-model
processing jobs training Trained endpoints
model

Trained
model

Amazon S3

Deploy & experiment

User
interactions

Amazon API
Gateway
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Summary

Amazon has 20 years of personalization and recommendation experience
AWS offers many options for a fully personalized user experience
SageMaker supports custom training and tuning with any Al / ML framework
Users choose the best option based on their environment and skillset

Scale to a million recommender models with end-to-end ML pipelines



More information

AWS Blog

https://aws.amazon.com/blogs/machine-learning/real-time-music-
recommendations-for-new-users-with-amazon-sagemaker/

Samples
https://github.com/data-science-on-aws/workshop

Book
https://datascienceonaws.com



https://aws.amazon.com/blogs/machine-learning/real-time-music-recommendations-for-new-users-with-amazon-sagemaker/
https://github.com/data-science-on-aws/workshop
https://datascienceonaws.com/

Thank you!

AWS

I’e | nve nt © 2020, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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