Chapter 1:

Getting Started

p(Y1X)=p(X|Y).p(Y)/p(X

p(Y1X)=p(Y.X)/p(X

X=X s
— i min
)”,- -
'\mu.\' - xmin
X
y,' - i mm (h /) /
xmu.\ - ‘Cmm

N-1
./'(x|w)=w0+z,\‘,.w,. I(x|w)= 1

i=1 | + eif el

L(x|w)= NZlog(lnLe"" ‘)

n=0



N 5
1+e}u X
Workflow Dataflow
I £ . |
1
1Pre- |C———> @ @ ¢ ) ! ) 1
processing Deployment r ! g i
pre-processing | crU Byt
afeatwes |~ = @OE Seoeo
extraction Actor T~
|
v ¥ '
3. Training |:E:- ] L [ I _-:'-': I _ [ |
ey L Ny qa—
| |
¥
4 Validation |C————— > (. [ [ )
N
|
—— K-means Clustering
—— Clustering —| S;I:tctra.l Qlustenngl
—— Hierarchical Clustering
Unsupervised ] L Expectation-Maximization (EM)
Leaming
Dimension Principal Component Analysis (PCA)

Reduction

—_

Linear Discriminant Analysis (LDA)



_ (Generative

Supervised |
Leamning |

Reinforcement |

Leaming

— Markov Process (MDF)
Sequence—— Hidden Markov Model (HMM)
J '— Markov Random Fields

— Naive Baves (NB)
Random _| 1 atent Dirichlet Allocation
| Belief Network

Linear Regression

Cnntinunus—E . .
Logstc Regression

L Discriminative — Neural Networks (ANN)

L Support Vector Machine (SVM)
. I Maximum Entropy

Discrete — .
— Decision Trees

— Conditional Random Fields (CRF)

| Random Forests

Model _I: [terative Value
Based Iterative Policy

—  Markov .
ALRoy Temporal Q-leaming

Difference SARSA

Leaming Classifiers
Ru].ES XCS

 Evolution =|: Ontim Stochastic Gradient
mizer — : :
P E Genetic Algorithm




40%

{2437
20%
2001
0%
-20% 15.01
1001
7 B volums
281.6M
140.8M
MWHM‘L“ s A L..u.
FM AM J J] ASONDIIFMAMJ J A SONTD
A0%
12437
20%
20.00
- } 4
1 1
1 |
-20% [ . : 15.00
1 ’ | 1
| 1 | |
| 1 | |
L } [ |
W O Vaolumes i i * *
* 254.9M
127.4AM

FM AM J 1 A SONDIIFMAM I J A 50 NID



CSCO 2012-13: Model features

Normalized session Volume

00 01 02 032 04 05 06 07 08 09 10

Normalized session volatility

CSCO 2012-13: Training label

MNormalized stock price

Trading sessions



0000 bbbaas
hAAS S ol o o 2

66050 00a
VVVVVVIYVYVY

000008
D & & 8 4

S0 00 b biba
h A B & b & 4

1.

10119 -1S0D

Iterations

0.03 ¥ rate= 0.05|

0.01 & ate=

|+ rate



Chapter 2: Data Pipelines
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Chapter 3: Data Pre-processing
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Chapter 4: Unsupervised Learning
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Chapter 5: Dimension Reduction
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Chapter 6: Naive Bayes Classifiers
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Chapter 7: Sequential Data Models
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Chapter 8: Monte Carlo Inference
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Chapter 9: Regression and Regularization
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Chapter 10: Multilayer Perceptron
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Chapter 11: Deep Learning
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Chapter 12: Kernel Models and SVM
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Chapter 13: Evolutionary Computing
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Chapter 14: Multiarmed Bandits
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Chapter 15: Reinforcement Learning
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Chapter 16: Parallelism in Scala and Akka

Spark Partitioner, Accumulator: org.apache.spark
Broadcast: org.apache.spark.broadcast
Resilient datasets: org.apache.spark.rdd.
Data frame: org.apache.spark.sql.
Caching, Shuffling: org.apache.spark.
Listeners: org.apache.spark.scheduler.
Serialization.: org.apache.spark.serializer

LNE T Actors, Supervisors: akka.actors.
Remote actors: akka.remote

Type actors: akka.actors.

Mailbox management: akka.mailbox.
Clusters: akka.cluster.

Dispatchers: akka.dispatch

Events management: akka.event.
Routing, Broadcast: akka.routing
Persistency: akka.persistence.

Scheduler: scala.actors.scheduler
Concurrency: scala.concurrent
Par. collections: scala.collection.parallel

*

Threads, executors: java.util.concurrent.
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map and reduce methods execution time on
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Execution
map and filter methods execution time on ParArray relative to Array

time ratio .
and HashMap relative to ParHashMap on 8 core CPU (-Xmx8G)
1.0 H
0.9 ‘-,‘\ 1 ====ParArray.map |
L N | N Bt ParHashMap.map
0.8 [ .l 1 [
5 ParArray.filter
0.7 ) -
. ‘.}\ ParHashMap.filter
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.main Master

| Start > I ___ msg: Activate (id, partition)

: msg: Completed (id, results)
reducer

I:l context.stop(self)

_"

IDFI'|>

context.stop(self)

Execution o . ) )
time ratio Execution time of the Discrete Fourier transform using
Akka master-workers relative to the single threaded version
1.7
Single host
8 core CPU -Xmx 16G
1.2 1,000,000 data points
0.7
0.2
1 2 3 4 5 6 7 8 9 10 11 12
Number of worker actors
main TFuture Future Future
Start —ota [DbiVec] || [DblVec]
partition
transform

Await.result

reduce

DFT.|>
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TFuture
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Await.result

aggregate

Future Future
[DblVec] || [DblVec]
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«—— onSuccess
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Chapter 17: Apache Spark MLIib

Applications

MLlib GraphX saL Streaming

Spark core / 3™ party utilities

Akka framework

Scala standard library

Cluster managers (Yarn, Mesos)

HDFS/FS
JVM
Operating system
Spark Driver Data nodes
1. parallelize
Data
2. transform {mapper)

3. action

Data |«
{reducer)

4. computation

5. parallelize

Data

6. broadcast

Variable

7. action

¥ ¥
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|
2 5 2 1 Ll ]
Messages Worker/slave
broadcast > ||
Master P Executor
" Task 1
; Request mk Task 2
. iresources | (Cluster | 4| cache
_______________________ manager E__________l__-_— HDFS readp{write
Executors’ Evaluate load and
references availability of executors

Using Spark's default log4j profile: org/apache/spark/log4j-defaults.properties

Setting default log lewvel to "WARN".

To adjust logging level use sc.setLoglLevel(newlLevel).

16/12/13 15:21:40 WARN NativeCodeloader: Unable to load native-hadoop library for your platform. ..
16/12/13 15:21:41 WARN SparkContext: Use an existing SparkContext, some configuration may not take
Spark context Web UI available at http://10.1.2.194:4040

Spark context available as 'sc' (master = local[*], app id = local-148167130@908).

Spark session available as 'spark’.

Welcome to

S SN wversion 2.0.1

e o

Using Scala version 2.11.8 (Java HotSpot(TM) 64-Bit Server VM, Java 1.8.0_66)
Type in expressions to have them evaluated.
Type :help for more information.

scala> |:|

Average execution time of MLIib K-means

Milliseconds i ] ]
relative to the number of trading sessions

4000

3000

230 590 1380 1840 2300 2760
Mumber of trading sessions(training set)



fea?{’l‘e

Source

Extraction Indexing |>| Encoding

Extraction 4= Indexing > Encoding

Features

vector

Assembler Training

[

Validation

Extraction +={ Indexing | Encoding

date: string (nullable = true)

asset: string (nullable = true)
region: integer (nullable = true)
agent: string (nullable = true)
dateIndex: double (nullable = true)
assetIndex: double (nullable = true)
regionIndex: double (nullable = true)
agentIndex: double (nullable = true)
dateVector: vector (nullable = true)
assetVector: vector (nullable = true)
regionVector: vector (nullable = true)
agentVector: vector (nullable = true)
features: vector (nullable = true)
rawPrediction: vector (nullable = true)
probability: vector (nullable = true)
prediction: double (nullable = true)

| date| asset|region|agent|

|07/05/2014|300ec90b| 27| aa5|
|08/03/2014 | 23c9ab02 | 7| ae8|




datelndex|assetIndex|regionIndex|agentIndex|

4.0| 4.0| 19.0| 6.0]
3.0| 1.0] 13.0| 2.0]
t + } .1
dateVector| assetVector| regionVector| agentVector| features |

(16, [4],[1.0]) | (14, [4],[1.0])|(20, [19],[1.0]) (15, [6], [1.0])](65, [4,20,49,56],... |
(16, [3], [1.0]) | (14, [1],[1.0])|(2e, [13],[1.0])|(15,[2], [1.0])|(65,[3,17,43,52],... ]|
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partition

execT‘ < - pdfs_broadcast

partition

data: RDD[{Double, Double)]
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Appendix A: Basic Concepts

ITransform J.._Xt .

A A Vector[Array[T]] A
. model | del
Classifier " ClassifierMode
1 |
1 ? ? 1
| | config 1| expected 1+ 1+
...] ClassifierConfig DblVec Attributel | | Attribute2
o o0
ox, Ox,
J(f)=| ;
P . Y
| Ox, ox, |
&S of |
ox? Ox,0x,
H(f)=| s
o' f o' f
| Ox,0x, ox. |

f(x,y)=x*y+e” J(f)= [2xy,x2 —e""] H(f) :{
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2x e’
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f(x,y) = x* + y’subject x—y =2

%=2x+l,%=2y—/l,a—£-=x—y—2
Ox oy oy
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{5 Relative Strength Index (RSI)
. Overbought

0.8

0.6 +
0.4 *

RSI
--=--12-day moving average
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