Predictive Analytics using Neural
Networks: Applications, Pitfalls and

Beyond

Bratislava, MLMU, 24th January, 2018

Rudradeb Mitra
https://www.linkedin.com/in/mitrar/



Today’s talk (~50-60 mins)

 Whatis Time-series data and Predictive Analytics?

* One case study - How Neural networks can be used for
predicting next purchase

* word2vec
e LLong Short-Term Memory (LSTM)
* Neural networks using Reinforcement Learning

e Other applications and pitfalls



Why??

* Bridge gap between technical Al and practical Al

* You can build your own applications using Neural networks.



Time series data



lime series data

1.8x10°

1.75x10*

1.7x10"

Price (USD)

1.6x10°

1.55x10*

5x10

af”

Dow Jones
—e— Jennifer Lawrence

2014-01

1 |
2014-07 2014-09

Date

| |
2014-03 2014-05

1
2014-11

100

80

60

SUOIUBLW 2Ipa

40

20



Total visitors e
Balal nurmtiar of hiress gach geenl wis mooeing '

Dac 27, 2014 - Jan 27,2015 - Do | Tt~ Mae »
a4 Swrs Feo 5 2011 - Mar 6. 2000 Oev v Tas v LUne v "
P 1N
[¥ Sockewria
v Proced t . ¢ § Mol v v D Phowil v § Pronelt v B halp v ® Pt
PECPLE <K
”
N Explore 1
‘ L)
g [
o rage '\\ 150K .
NodScasons = ’ o - H
I\ J \ - / \ shea . '
a J N | ‘~‘ / | . \ f \ \ - ‘.
S Ao [ 1 /) ;o\ F\\ | & T .
| | II \ f\ / 3 ) \ | \ i 1
" / \ ' \ ) / \ J \ { \ / A
\ | NA O ' / \ \ «
I \ \/ \ A f ¥ | \ | K
| \ = J - \ - ./ 1 Uy o\
| \ Y \ / . . | 1/
\ . [ » A/ | -
-]

.‘\ " 1] ) . l\ ,"’ L 'n‘ . ] / ™. | ~
. 3 3 7 1 1 1 bl e 17 e 19 e 2l e 23 2% 27

- 1 \
] | ) - )
* : "’ ! | A ‘,. " I. X Ore. 28 Dec. 30 Jar Jar. 3 Jan, S an 7 a1 o Jan i
{
. _» /.\ \ | \‘ /| 1
> A~ “ NS e AR AV LA A p -
s (-X /' . - . \ / ~~ \.\,< ',/‘ X - 1\ & Corhrmed accaunt = [ rexed account - Creyved organi 2aton - Iy ted user
\ - -~
— Jasde, Wy /°f 'R' \ S & e\ N ‘x' AN o Vised fean res page - Viewed maln marketin.. - Viewed plans page & Viewwed priong pige
- » . . . L] . 5 . . L » - .
,/.\\ // \\ \.’/ i\\ / / ,/.\, \ . ,////_ 0 ‘.\_’/ - \ '.‘ Viewed projects e ieaed sign up form - Viewed statfing page w isit plars page
o et V— . \r’ . o e \-
-’/ u'-- \I
Feb6 Fetd Fo.% Fo. 13 Mo fb 6 Feotl Fet.20 F. 22 FO.N b Fo M Ma2 M (o] . .
© < - I MY Ted o o ®. 2 © - a v 4 > Les Compare -~ Optiones .
Sanr 1 events Total
Wmdet Totey s T MeDd Us, re0 3 T Tes 1Y e N
Cancend plan Croze plan
1 v MM 0 v NN N a ™ 2 - m i . Mon, Jan 19 Mcn, Jan 3
carfirmad accoun Lreatad accounrt
- - 104% r - 550 . - e - ' Eea ar
Crealed organizaton ited us 15e8 w59 1,336
hored ) v KM% 18 - v BN 23 - 417% «2T 1% < 10095
Pt ) - X 1 v T5% v 0%
Padl.3 -
P v B75% B - v 57.1% 7 -

= 2 R T (X What Is miSSing?

- 100% 1

*
1 poonresv

¢ A



Predictive Analytics



Case study

Predicting next purchase



p° instacart

Groceries Delivered From Local Stores




Neural Networks



Neural Network

Approximation

function

. hidden layer 1 hidden layver 2 hidden layver 3
input laver

-

ﬁ//
|
i\
////

O'f'
X
«0’(
LS
\’ : "s\“é\\{
W
25

)‘\ I 24 T *\‘
WS L Z 7~ \\\
TR SR _,{u,;'.y.-.':\\» 5
ANl

(N

L/
s

) = : '

DRSNS, R = N 2 N AN A
o \\,’f -~y ’_ ; ) Nrahs Tar N .’/'.l \ 7.\\. N Wt s !

NWEK FATET S IO e NSRRI 557 \ S
M A o RN ERR. B~ RSN, Fd Sty N S
'%,o"\§'_‘:-¢r- W LT E R RN O S A N R R S S SN '\\‘ S5
WA AN N P SN ST AT T T i PN T -“ N oot
N NI L E N A2 Sk KA P e b § N \v NS SR

.a\..: =, _,':.‘//“\\.:s‘."“.'lé. a7, ’.".0.4‘#.“.‘- RIIEN S AN PN
oy PN AN KSR NS IO B A IO GO N
N :._ B '@..@ﬂ.&’gﬂ;‘:.‘ﬁ’é :';..:.' 4-‘-:":.:"’5"“"‘".'305’:';‘: ._4_“« T
e o WL 3 ' SR YT AT AT TR T AT AT - PTG
o M S SN AT RS A AZOBER RGN~ EAEE
;-;;:0_,;0;-.;:‘Q‘;::::";v,t‘\\w-:g,';;ﬁog;':j; CRAINCoS  PREPA TR TN P 7 PEAREE
AT MRS -a{dt.': 7 ‘ A e afﬁ’:.-r';."'; ‘ A /‘* E AN

A . V.- . > -,
e 7S -_.;‘.;_.ﬁ.‘, .‘\‘:.d A AT .‘.\‘.‘s;“\.‘.\‘. - O VLV N AN —4 '/ B
T BRSSO ES ERESIN S =_.~..s-.-‘.--‘:r-.' ST 7SR

b
- K
o VAR T g by AR T T g iy M -t
770 K B a"W?"t.’f e ’4'\1‘\‘-.0‘%. GRS ﬁs{\§‘.ﬁ‘§_
S e VAN Ly 4of‘§‘» T .'_"//I;i'.',_' *937‘?.0: A
A N AT AL S BN

& = P S - s l'.'."’
. y ‘4’.’ ":‘\&‘k\\“ ‘:'” D A T W NS =L BT A A TN N NN
) Pl I RN, ) PAELL, REINNINS Ff 2. SN
RN T AN A W N et o a NS AN NN
o ' £7 SN > )
A:_nl',_ ,"\\*\‘ Z. "“A §§ /;‘A-"\a§

. / - "‘ :\. :;;;I \QQ‘ ;‘,’;’/’ ‘\‘““T /

Learning via Back propagation




But how Neural Network can help in predicting?



word2vec- Predicting next word

Input words Hidden Output word
embeddings Layer embedding
How w(t-2)
Are w(t-1) <
S SuM Predicted next word
A > W) Today
L/
You w(t+1) , ’*.,“‘ |
Feeling ww2y ~  word2vec

- Does not understand words or
grammar



Semi supervised learning

Input words
How w(t-2)
Are w(t-1)
You w(t+1)

Feeling 2

A g

Output word
embedding
Hidden
Layer
~
SUM
> w(t)
-

- Input multiplied by hidden input weights
- Hidden input multiplied by hidden output weights
- Converts output to probabilities through softmax

- Error back propagatead



Activation function

weights
inputs

% (W)
activation

functon
X @ net mtput
- net.
SF—— ¥ =2
@ activation

X3 oo

transfer
. . function

Activation Functions

Sigmoid Leaky RelU
N max(0.1x, z)
o(x) = T

Softmax tanh

. . , Maxout
- Multiclass regression tanh(z)

- Extension of sigmoid to multiclass

TﬂﬂX(lUT;T. + by, 7_1_:;:‘;:1". + ba)

RelLU =LY |
max(0, x) {Lc&_l) izg . .



word2vec - Something more interesting?
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Word2vec Word embeddings

O

0] Q C ’
Q
° 1 - Ihl
- © \Ir:/xINmatnx @ WO matrix
X A
okt e Connections oy i
) Connections
[
o [6] G
Ve @
x, | @
Input Layer Hidden Layer
X1W1  X1Wj
X.Wi= XIWi

XvWi XvWn

\

o

ol @] :JF X.WI.WO /
191 . ze\

@y

GY:
O Y

o

Output Layer




§¢

voe @

ceo @ @

@ @

e e ® ® 9 @

® e

W! matrix
VN
Connections

01 03 |
0.77 05

L 0.39 0

Example

, @
4

2
N <]
G C
oy e
.
C
c

@

word X;
N=2 @)
\ O Y2
) WO matrix N
. NxV . @ Y
o Connections 0
/ 00.300.70..0 —
00.2900.550 ... | W

Word embedding Xi = [0.33 ... 0.64 ]

Word embedding = X. W; . Wo



word2vec - 2d space
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wora2vec

Country and Capital Vectors Projected by PCA
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Picture taken from

https.//www.lucypark.kr/courses/2015-ba/text-mining.htm/



word2vec - Predicting next order



p° instacart

Groceries Delivered From Local Stores




Analyzing 3M Instacart Orders

- Prior: ~3.2m orders
- Train:~131k orders

- Test: ~75k orders



Instacart Data

user eval se order_num

order_hour_of_d days_since_prior_ord

product_id it ; ber order_dow ay or
2539329 1 prior 1 2 8 7
2398795 1 prior 2 5 7 15
473747 1 prior 3 7 12 20
22544786 1 prior 4 1 7 21
4215438 1 prior 5 3 15 28
2295261 1 prior 6 2 7 19
2295261 1 prior 7 6 20 20
2550362 1 prior 8 S 14 14
1187899 1 prior 9 2 16 0
2168274 1 prior 10 2 8 30
1501582 1 train 11 1 11 10

Data taken from
https.//tech.instacart.com/3-million-instacart-orders-open-sourced-d40d29ead6f2



Current approach to prediction for instacart

(Product ID)
2539329

2398785

473747

2550368

w(t-2)

w(t-1)

w(t+1)

w(t+2)

\ SUM (Predicted product ID)

» WbH 1187899

word2vec

- Using the semantic association
between orders



Vector space of products

Product3
(////////////) Snacks
Product1 Product4

Product?




word2vec In tensorflow

Training the Model

Training the model is then as simple as using a feed_dict to push data into the placeholders and calling

tf.Session.run with this new data in a loop.

for inputs, labels in generate_batch(...):
feed_dict = {train_inputs: inputs, train_labels: labels}

cur_loss = session.run([optimizer, loss], feed_dict=feed_dict)

See the full example code in tensorflow/examples/tutorials/word2vec/word2vec_basic.py.

Feeding

TensorFlow's feed mechanism lets you inject data into any Tensor in a computation graph. A python computation can

thus feed data directly into the graph.

Supply feed data through the feed_dict argument to a run() or eval() call that initiates computation.

with tf.Session():
input = tf.placeholder(tf.float32)

classifier = ...
print(classifier.eval(feed_dict={input: my_python_preprocessing_fn()}))



Use-case feature for using word2vec

- Repeated patterns of human action



Any other use case?



What is missing?



Sequence of order is important!

Half And Hal! Unra Pasteurized
15 Sweet & Saity Nut Granola Bars Peanut
Pub Mix
Nutri Gran Bars Muth Pack
Trad Mix
Onginal Rice Krspies Treats
Apgiea
Cheez-t Baked Snack Crackers
Dry Roasted Almonds
Zero Calore Cola
Crunchy Ouats 'n Honey Grancla Bars
Original Beef Jerky
Cheaz-t Chaddar Cracker
Popcom
Milk Chocolate Aimonds
0% Greok Strained Yogurt
Extra Fancy Unsalted Mixed Nuts
Pink Lady Apples
with Crspy Aimonds Cereal
Original Almonamik
Clementines
Ha¥ And Ha¥ Cream
French Vanilla Coffes Croamer
Orange & Lemon Flavor Sparkding Frut Beverage
Cirnamon Brown Sugar Breakdast Bisculs

-
o
'

o
'

Percent of Orders by Product

0 2 4 6 8 10 12 14

Hour of Day Ordered

Half Bakad Frozen Yogurt

The Tonight Dough™ lce Cream
Amencone Dream® |ce Cream
Half Bakeo® Ice Cream

Phish Food® Ice Cream

Mik and Cookies |ce Cream
Swclian Pistachio
Chocolate Peanut Butter Cup Gelato
Birthday Cake Light lco Cream
Cherry Garcia Ice Cream
Strawberry lco Cream

Vanilla Bean Light lce Cream
Coflee Ico Cream

Roman Raspberry Sorbetto
Mediterranean Mint Gelato
Caramel Coolie Crunch Gelato
Chocolate Chip Cookie Dough lce Cream
Mint Chip

Coconut Almond Minis Frazen Dessert Bars
Mint Chocolate Chip Ice Cream
Chocolate Peanut Butter Ice Cream

| Vanila Milk Chocolate Almond ice Cream Bars

Sea Sait Coramel Gelato
Vanila Bean lce Cream

Rising Crust Pepperoni Pizza

Popular products purchased earliest in the day (green) and latest in the day (red).

Data taken from
https://tech.instacart.com/3-million-instacart-orders-open-sourced-d40d29ead6f2



Instacart Data

T

oroduct_id usi(ejr evatl_se ordleDr:rrwm order dow order_hour_of d days_since_prior_ord D
2539329 1 prior 1 2 8

2398795 1 prior 2 5 7 15

473747 1 prior 3 7 12 20
22544786 1 prior 4 1 7 01

4215438 1 prior 5 3 15 o8

2295261 1 prior 6 2 7 19

2295261 1 prior 7 6 20 20

2550362 1 prior 8 ) 14 14

1187899 1 prior 9 2 16 0

2168274 1 prior 10 2 8 30

1501582 1 train 11 1 11 10 -

Data taken from
https.//tech.instacart.com/3-million-instacart-orders-open-sourced-d40d29ead6f2
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Vanishing gradient problem
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Long Short Term Memory

Time 1 Time 2 Time 3

time, order_id, other details time, order_id, other details

Neural Network Pointwise Vector

Layer Operation Transfer Concatenats Copy

Picture taken from
http://colah.github.io/posts/2015-08-Understanding-LSTMs/



Long Short Term Memory

&) ®) &)
By
A Al
© ® J

time, order _id, other details

l Cell state

Forget, Update and Output



Activation function

weights

iInputs

X
activation
functon
X, net input
netj o
1P —9%
X activation
3 * > 1
: : Activation Functions
' : Sigmoid | Leaky ReLU )
xn @ o(z) = 1+:e » max(0.1z, 7)
tanh Maxout
LZth(:L') " v max( wlT:L' + 01, u;.:,r T+ by)
RelLU ELU |
max (0, ) {I - z20
) fefF—1) <0 =—oF



Long Short Term Memory cell - Forget gate

Forgetting a past product

What to
forget? Je

O

hi—y
N
Neural Network Pointwise Vector

Picture taken from Layer Operation Transfer
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Concatenate Copy



Long Short Term Memory cell - Input gate

Adding a new future product

What to | Update
' 4 state

Neural Network Pointwise Vector

Picture taken from Layer Operation Transfer
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Concatenate Copy



Long Short Term Memory cell - New internal state

Forgetting Adding
O C

ftT i'ﬁ%
'

Neural Network Pointwise Vector

Picture taken from Layer Operation Transfer
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Concatenate Copy



Long Short Term Memory cell - Output gate

Next product to order

hy T Output

Canh
(4 0

)‘f ]

Neural Network Pointwise Vector

Picture taken from Layer Operation Transfer
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Concatenate Copy



List of future
products

Product 1
selected

N

Next order

Forget Input Output
gate gate gate
Forget an old :hlfﬁ?fi(jh

ow information

In-l- atIOn ImImoulrrrirativl i




Zolando’s approach to Prediction

CONSUMER HISTORY

Product Product Cart

View View Addition

oo
8:23 10:35 10:48 10:49 Time
RNN RNN RNN RNN
Cell " Cell " Cell " Cell e

Picture taken from
https.//jobs.zalando.com/tech/blog/deep-learning-for-understanding-consumer-histories/?gh_src=4n3gxh 1



Future Products

Amazon Knows What You Want Before
You Buy It THE WALLSTREET JOURNAL

Home World US Politics Economy Business Tech Markets Ooinion Arts  Life  Real Estate Q

SHARES

toward savings

4.7k === xeer o @ NI
“~

BUSINESS

Wal-Mart Wants to Know When Your Milk Is
About to Expire

The retailer is thinking about using sensor technologies to trigger automatic delivery or
suggestions for related products to buy, according to a patent application

Q% ¢

By Sarch Nasscuer

May 4, 2017 €:32 p.m. £ Auwwn
- LA - L

Wal-Mart Stores Inc. is thinking about using sensor technologies to




Tensorflow LSTM API

TensorFlow M Yavelor AFlrM .2 Extend Community

APIr.4

tf conib.recuce sice cps python. tf.contrib.rnn.BasicLSTMCel!

*oop3
+ tf contnb.remcte_fused_graph
+ tf contnb.resampler

+ tf conzrib.mmn Class BasicLSTMCell
Overvlaw
AllentionCaMWrapper Inherits Frem: RNNCell
EasicLSTMCel!
EzsicRNNCzll
o Aliases:
Eidirectional Grid LSTMCell
CompiledWrapoer » Class tf.contrib.rnn.BasicLSTMC21l
ConvICLSTMCcll ol P 11. BasicLSTHCeT1
ConvaDLSTMCell &ss tf.nn.rnn _cell.Basicl e
O Defined in tensorflow/python/ops/rnn_cell_impl.py .
ConvLSTMCell
Coupled nputForgetGataLSTM.. See the guide: RNN and Cells (contrib) > Core RNN Cel's for use with TensorFlow's care RNN methods

DevireWrager

. Basic LSTM recurrent network cell.
DropoulWrapper

Embedd rgWiapper The implementatior is based on: htto://arxiv.org/abs/1409.2323.
FusedRNNCell
FusedRNNCellAdapter We add forget_bias (default: 1) to tha biases of the forget gate in order to raduce the scale of forgetting in the beginring

of the training.


http://www.jakob-aungiers.com/articles/a/LSTM-Neural-Network-for-Time-Series-Prediction

Use-case feature for using LSTM

- Repeated patterns of human action
done over longer duration



Any other use case?



What is missing”?



Training Data

e
X
Sorry?

No Data Available




Reinforcement learning

( )
Environment
—
Reward \

Action

—

State




Q-learning

e Reward function for each action in a given state
e (s,a)=R(s,a) + vy * max [Q(next states, all actions)]
e nitial Qis O

e \Value of y is (0,1) depends how much you want future
actions to influence current learning.



5 Finish

D T 8

o | Start :
4 3
o
|\ 0=
State O 1 2 3 4 5

Q(s,a)=R(s,a) + y * max [Q(next states, all actions)] 0 [-1 =1 =1 -1 0 -1
1 |-1 -1 =1 0 =1 100

R= 2 |[-1 -1 -1 0 -1 -1

Ify=0.8 3 -1 0 0 -1 0 -1
24 10 -1 -1 0 =1 100

Q(s,a)=R(s,a) + | s |-1 0 -1 -1 0 100
0.8 * max [Q(next states, actions)] - '

Action

0 1 2 3 4 5
€9 o[ o o o 400 Q]
Q(3,1)=0 + 0.8 [ max(Q(1,3),Q(1,5)) ] = 400 1l o o o 3 o Goo
O=210 0 o0 0 0

30 o 256 0 400
4 1320 0 0 320 0 QOO
Eggmﬂi;ﬁ;&;zg@rg/path—ﬂnding—q—learning—tutorial.htm 5 0 400 0 0 400 <OO




Input Output

layer Hidden layer
Q value

layer

State O

LOSS
=2 (Qtargeti - Q|)

Q Qtargeti=r + Y * max(Q(s',a"))

QOOOOC



Policy Gradient

e Optimizes the policy space so the Neural network directly
models the action space

e More complex problems esp. continuous action space



Input Output

ayer Hidden layer |
layer Probability of action

State O 0

QOOOOC
OOOOOC



Predicting next order
Action Product 5

M M . M

ORORON®

State Product 1 Product 3




initial policy

success rate: 0 %




Use-case feature for using RL

- Hard to get past data



Any other use case?



Implementation

F3 README.md

Tensorflow-Reinforce

A collection of Tersorflow implementations of reinforcement learming models. Made's are evaluated in OpenAl Gym
environmerts. Any contribution/feedback is more than walcome. Disclaimer: These implementations are used for
educaticnal purposes only (i.e., to learn deep RL myself). There is no guarantee tnat the exact models wl work on
any of your particular RL problams without changes.

Environments

This codebase works in both Python 2.7 and 3.5. Tke models ars implemerted in Tensorflow 1.0.

Models
Model Code References
Cross-Entropy Method run_cem_cartpole Cross-entropy method
Tabular Q Learning ri/tabular_g_learner  Sutton and Berto, Chapter 8
Deep Q Network rl/neural_q learner Mnih et al.
Double Deep Q Network rl/neural_g_learner van Hesselt et al.
REINFORCE Policy Gradient rl/og_reinforce Sutton et al.

Actor-critic Policy Gradient rl/og_actor_critic Minh et al.



Other applications?



FInance

CREDIT SCORE CREDIT SCORE




Record a trip

lnsurance

€ Windewsttay, Jine 24

SO0 IS 2000w ol NN e YO ArASNg

behar/our and et 12 1re nec: kval
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Trip feedback

£min pour poskes
752 km i 30 km driven

Community tubkier
3! & trips shared

Parlesl bus nees wweh
1! 6 days complesed

LY CUNFLETED

Sy woosiee

Goals & challenges

O

Mahile Vikings ponts
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Road Vikings
Cinema tickets

aand much mare!

Connect with us.
Get rewards!

clow e Re
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GO TO FACEBDOK PAGE
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Healthcare




Pitfalls?



Trolley problem

Ethical dilemma



Guidelines

ETHICAL LY
ALIGNED DESIGH

A Vision for Prioritizing Human Wellbeing with
Artificial Intelligence and Autonomous Systems

- Al systems should be designed so that they always are
able to show the process which led to their actions
(Government decision-making)



Ethically Aligned design

- How can we assure that Al/AS are accountable?

- How can we ensure that Al/AS are transparent?

- How can we extend the benefits and minimize the risks of

Al/AS technology being misused?



Thank you for listening!
Questions?

Feel free to add me at

https://www.linkedin.com/in/mitrar/



Training

Input: 01 0
Qutput: 0.75

An example

Input layer Hidden layer  Output layer



An example

Training Input layer Hidden layer  Output layer

Input: 010
Output: 0.75

Desired output
0.75

Error: 0.25



An example

Training Input layer Hidden layer  Qutput layer

Input: 010
Output: 0.75




Set up call Set up demo Signed agreement

Email prospect Call prospect Meet prospect

Training LSTM



