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Who is Oliver: ﬁ

+ Head of Machine Learning | (
+ PhD in computational physics

Who is datatonic?

We are a strong team of data scientists, machine
learning experts, software engineers and
mathematicians.

Tdatatonic

Our mission is to provide tailor-made systems to help
your organization get smart actionable insights from
large data volumes.
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Recommender Systems
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Recommender Systems
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Recommender Systems

python $ Q

All Images News Videos Books More Settings Tools

About 65,700,000 results (0.44 seconds)

Welcome to Python.org

https:/iwww.python.org/ ¥
The official home of the Python Programming Language.

Search python.org Q

Windows
Python Releases for Windows, Latest
Python 3 Release ...

Download
Python 3.6.4 - Windows -
Python2orPython3 - Python 3.6.3

Python For Beginners Documentation

BeginnersGuide - Browse the docs online or download a
BeginnersGuide/Download - IDEs - copy of yourown .,
Python Editors

The Python Tutorial
1. Whetting Your Appetite - 5. Data
Structures - 9. Classes - ...

Other Platforms
Download Python for Other Platfcrms.
Python has been ...

Python (programming language) - Wikipedia

https:/len wikipedia.org/wiki/Python_(programming_language) ~

Python is an interpreted high-level programming language for general-purpose programming. Created
by Guido van Rossum and first released in 1991, Python has a design philosophy that emphasizes
code readability, and a syntax that allows programmers to express concepts in fewer lines of code,
notably using ...
History - Features and

y - Syntax and

Python | Codecademy
https:/iwww.codecademy.com/en/tracks/python v
Leam to program in Python, a powerful language used by sites like YouTube and Dropbox.

Leamn Pvthon | Codecademv
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Python <

High-ievel programming language

Python is an P high-level prog g language for general-
purpose programming. Created by Guido van Rossum and first released
in 1991, Python has a design philosophy that emphasizes code ...
Wikipedia

Typing discipline: Duck, dynamic, strong
Designed by: Guido van Rossum

First appeared: 20 February 1991; 26 years age
Preview release: 3.7.0b1 /2018

Stable release: 3.6.4 / 19 December 2017, 49 days ago; 2.7.14/ 16
September 2017; 4 months ago

Filename extensions: py,.pyc,.pyd,.pyo (prior to 3.5),.pyw..pyz (snce
35)

People also search for

ohE

View 15+ more
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Collaborative Filtering - Introduction
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Collaborative Filtering - Introduction

Objective:

a{nin Z [Pe = 905%‘)2 T )\(||$u||2 .3 ||yz-||2)
el Tw,i 18 known

+ Netflix Prize (2009)
+ Solve via SVD (ALS or SGD)
+ Regression problem
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Finding Love with Numbers
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Online Dating Dataset - LibimSeTi1

bibim se li.ce | |[Coyhiedat

640 online, pfihlaseno 123 Zen, 255 mud

MOJE LIBIMSETI | ] | vz LE | FOTKY | LIBIMSETI LIFE | DISKUZE | CHAT | . miss | HRY | Bl viDEO | DALSI

I Piih Nahodny vybér Zen (zménit)
O 2o
s M Wewerca-Cofola1994 kockalenka22 Kissmeassbaby
| (238) (235) (200)

jako obét' domaciho nasili

Velky ndvrat SpiondZnich
roménd

Pro¢ byt na Libimseti

" To nejhordi, co si miZete vzit
- joblibenéjsi zdbavni portal na sebe
il i i Praha-vjchod Plzefisky kraj LitoméTice
= viastni profi, fotoalba y ¥ Mocerni ndbytek do cétského
= unikétni chat a e-mail W pokoic solni ty nejtajndisi sn
« Kiubové akce, soutéZe Nahodny vybér muzl (zménit) vasich ratolesti
= oblibeny server celebrit | Které siovanské Zeny dneska
martinchra Davidek_21 BenSolo jsou nejhez&i?
(24.7) (22.4) (224)

Zménit vzhled

| Libimseticz 4| »
Jak stahnout hudbu z Youtube do
formétu MP3

Praha 5 Vyso&ina Ceské Budsjovice E _+ Originalni korélkové néramic
- Trend, jemuZ neodoldte

5 Vimax: Efektivni a ekonomické
Tfeden! problémi s erekei

Jaké jsou neibezpeéndisi misia

v Evropé pro cestovdnia

S ==, “ Préce z domu - oohoda, &
o PR skyté neofiiemnosti?
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Online Dating Dataset - LibimSeTi1

Gender

20% mr
mwv
T +  http://www.libimseti.cz/
16% + 2005
o 84 + 17,359,346 ratings
é . + 135,359 users
§ + Ratings: 1-10
= 10%
3 o + Female (%): 69
6% | + Male (%): 31
- + Mean(rating): 5.9
- + Std(rating): 3.1
0%
userld profileld | rating gender
Rating (bin)
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Tensorflow: High Level APIs

Dataset: | Dotase ]W

subglass

[

Iterator

|

{ TextLineDataset } [ TFRecordDataset ] [Fixedl.engthRecordDataset

Estimator: [ Estimator ]

calls
(to get in| eline)

] -

[ input_fn } subglass

Pre-made Estimators

([ oomtreacomsrmscus | ETrr—

[ owter | (o | (it | [ newcinter |
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Tensorflow: High Level APIs
Dataset: | Dotase ]w

Iterator ] -

{ TextLineDataset } [ TFRecordDataset ] [FixedLengﬂ\RecordDataset \

subglass [

Estimator: [ o ]\ Easy distributed
s (Cloud ML Engine,

[ input_fn ] subslass Kubeflow)

Pre-made Estimators
Boosted Trees

[ DNNLinearCombinedClassifier J [ DNNLinearCombinedRegressor ] GMM
eans
KM
[ DNNClassifier ] [ DNNRegressor ] [ LinearClassifier ] [ LinearClassifier ] AR Models




Tensorflow: High Level APIs

Feature Columns:

Categorical Dense
Column Column

[ bucketized_column }

categorical_column_with_identity

categorical_column_with_vocabulary file numeric_column
categorical_column_with_vocabulary list indicator_column
categorical_column_with_hash_bucket embedding_column

crossed_column




Dataset API (tf.data)

def input_fn(data_file, num_epochs=None, shuffle=True, batch_size=512, skip_header_lines=1):

def parse_csv(value):
print('Parsing', data_file)
columns = tf.decode_csv(value, record_defaults=CSV_COLUMN_DEFAULTS)
features = dict(zip(COLUMNS, columns))
labels - features.pop(LABEL_COLUMN)
features, labels

dataset = tf.data.TextLineDataset(data_file).skip(skip_header_lines)
shuffle:
dataset = dataset.shuffle(buffer_size-10000)

dataset = dataset.apply(tf.contrib.data.map_and_batch(parse_csv, batch_size, num_parallel_batches=1))
dataset - dataset.cache()

dataset = dataset.repeat(num_epochs)
dataset = dataset.prefetch(1)

iterator = dataset.make_one_shot_iterator()
features, labels iterator.get_next()

features, labels
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MF Model

userid = tf.feature_column.categorical_column_with_hash_bucket("userid", hash_bucket_size=10000)
profileid = tf.feature_column.categorical_column_with_hash_bucket("profileid", hash_bucket_size=10000)
columns [userid, profileid]

mf_feature_columns [tf.feature_column.embedding_column(x, dimension=10) X columns]
mf_bias_columns = [tf.feature_column.embedding_column(x, dimension=1) X columns]

tensors = tf.feature_column.input_layer(features, mf_feature_columns)
biases = tf.feature_column.input_layer(features, mf_bias_columns)

userid, profileid = tf.split(tensors, 2, axis=1)
bias_userid, bias_profileid - tf.split(biases, 2, axis-=1)

tf.device(params|['device']):
model = tf.reduce_sum(tf.multiply(userid, profileid), 1)
model = tf.add(model, tf.squeeze(bias_userid, axis=1))

model = tf.add(model, tf.squeeze(bias_profileid, axis=1))

12_reg = tf.contrib.layers.apply_regularization(
tf.contrib.layers.12_regularizer(params['l12_beta MF'], scope-"12_req"), weights_list-[userid, profileid])

loss = tf.losses.mean_squared_error(labels, model)
loss = tf.add(loss, 12_reg)
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Estimator API (tf.estimator)

eval_metric_ops = {
"rmse":
tf.metrics.root_mean_squared_error(labels, model),
"mae":
tf.metrics.mean_absolute_error(labels, model),

}

train_op = tf.contrib.layers.optimize_loss(
loss=loss, global_step=tf.train.get_global_step(),
learning_rate=0.001, optimizer="'Adam')

model_fn = tf.estimator.EstimatorSpec(mode-mode, predictions-predictions_dict, loss-loss,
eval_metric_ops-eval_metric_ops, train_op=train_op)

model - tf.estimator.Estimator(model_fn-model_fn, params-model_params, config-run_config, model_dir-model_dir)
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Going Deeper - Beyond MF

Neural Collaborative Filtering (He et al.)

= Trainin N\
o

lement-wisée
Product

NeuMF Layer

Concatenation

|

MLP Layer X

MLP Layer 2

4 RelU
MLP Layer 1

\

Concatenation
\
| MF User Vector| | MLLP User Vector | | MFltem Vector ~ MLP Item Vector |
0 0 O n 0| 0| «=s olololoEM O -
User (u) Item (i)
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Going Deeper - Beyond MF

= Trainin N\
o

/ | NeuMF Layer [ \

Concatenation
MLP Layer X
l GMF Layer ’ * RelU
3 ‘
> MLP Layer 2 \
lement-wise | . .
$ Rel , Add user and item (profile)
Product MLP Layer 1 L
R characteristics
\ Concatenation L
\
| MF User Vector | | MILP User Vector | | MFltem Vector ~ MLP Item Vector | [ User Metadata | [ item Metadata
userid age gender itemid genre length
o[o[ofolol - olo[olofa] o] -
User (u) ltem (i) 1225 30-40° | P 44044 | ‘Drama’ | 129




Results - LibimSeTi

MF MLP MF + MLP Research [1]
RMSE 2.137 2.112 2.071 2.077
MAE 1.552 1.541 1.432 1.410

Training details:

+

+ + + +

40 epochs
MLP: 4 layers (256 units pyramid)
Adam optimiser

Results calculated on held out test set (5 rating per user)

No tuning of hyperparameters

[1] Trust-Based Recommendation: an Empirical Analysis, O’'Doherty, Jouili, Van Roy (2008)
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Better/More Data

Typical information
available to Retailers &
CPG companies

Pro-Active
Machine Learning
Model Output
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Single Customer View

Personal Details

Demographics

Rule-Based Segmentation

Purchase History

Online Interactions

Support Interactions

Propensity Scores Dynamic Segmentation Churn Prediction
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Analytics &
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Better Loss functions
Implicit feedback (Hu, Koren, Volinsky 2008):

+
min ) cuilpui — 3o yi)? + A (Z | 4 X |Iyz-||2)
+ Logistic Matrix Factorisation (Johnson, Spotify, 2014):
78
exp(z:y; + Bu + Bi)
G | @i Uiy B} = ?
p( u | u7yl IBZ)IBJ) 1 +exp(xuy;r +/Bu —l—IBl)
+ Use ranking loss (or pairwise loss functions)
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PI‘CCISIOH@k . } ,. Precision@5 =3/5
Of the top k recommendations, how . i
many were relevant (interacted with)? ' J




. 1 1/log,(1+1)

(Normalized) Discounted 2
Cumulative Gain

3/ 1/log,(3+1)

1/log,(4+1)

&

DCG given by formula Zp:
- log, (i + 1) 5

s

B s /g6

DCG = 2246
— = 0.877






Deep Recommender Systems - Advances

Wide & Deep model (Cheng et al., 2016)

Sigmoid 4 Output Units
Rectiied ST Hidden Layers
Linear Units _7
/ '/// ==
yaaa S =
i ‘ f ( 4 Dense Embeddings

/ \
//// 4 / /, [ \\ \',(‘ \ \
// / // “« \‘-, \\‘ \ \\‘. \ /// '/,
‘XXX & 00000 Sparsefeatures @ @

Wide Models Deep Models Wide & Deep Models
| Continuous Features | | Categorical Features |
7 #A;wp ‘ #Engagement User Device Userlr;stalled Impression
Age Installs ‘ sessions Demographics Class App App




Results - Real Client Data

SVD (MF) MF - Implicit Feedback Wide & Deep
model
P@5 0.33 0.51 0.79
NDCG@5 0.18 0.30 0.37

Training details:
+ Feature columns include user demographics to complement the lack of interactions of cold users
100 epochs
Adam optimiser
Results calculated on held out test set (up to 5 ratings per user)
Tuning of the dimension size of the embedding vector of the deep part

+ + + +
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Deep Recommender Systems - Advances

Deep Neural Networks for YouTube Recommendations (Covington, Adams, Sargi, 2016)

user history and context

millions| candidate |hundreds

5 rankin
generation g i
—— .

video
corpus

video
other candidate sources features
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Deep Recommender Systems - Advances

Latent Cross: Making Use of Context in Recurrent Recommender Systems (Alex Beutel,

Paul Covington, Sagar Jain et al., 2018)

*datatonic
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Takeaways

Tensorflow can do more than vision or translation

High level APls make model building and training painless

Custom algorithms and specific loss functions are easily implemented
Deep Recommender systems work well on real data

Embeddings and hidden layers allow for many ways to improve a recommender
system

+ + + + +
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Blog.datatonic.com

facebook.com/datatonic

Thank you.

linkedin.com/company/datatonic

twitter.com/teamdatatonic




