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Insight, prediction & diaghostics
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Example — Asia network

Wisit to Asia Smoker
True 102% True B 100.00% +
False [ 3833 % Falze 0.00 %
e L)

Has Tuberculosis )

True | 154 % Has Lung Cancer Has Bronchitis

False [ 9946 % True | 1483 % True | 5802 %

e False | 5517 % False | 1198 %
=] (%]

T_uherculusisur;z_u:;: P(X,e) = Z P(U,e) = Z H P(U;|pa(U;))e

rue ]
Fals= [ 5373 % - - _
fe LIAD o ul\x i
XRay Result
Abnormal | 2009% Dyspnea U = universe of variables
Mormal e 7991% True [ 10000% _ . . ]
I Ealse 000 % X= va!rlables being pret_:hcted
Ols e= evidence on any variables
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Example — Waste network
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Burning Regimen
Stable B | 500 %
Unstable § 15.00 %

[ [ [=] |

02 concentration

Mean -1.85
Variance 0.258
[EA (5 [ |

Light penstrability

Mean 1.48
Variance 0,398
[H [ [ |

Filter state
Intact [ 9500 %
Defect | 5.00 %
(o)
Filter efficiency
Mean -3.25
Variance 0503
O
Dust emission
Mean 3.04
Variance (L5935
(e
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Waste type
Industria [
Household S

Metals in waste
Mean
Variance

Metals emission
Mean

Variance

2857 %
7143 %

-0.214
0211

2.82
0.74




Example — the bat (40,000 links)
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Example — static & temporal

L8 &34 Market Volatility
X1 Bull BRI % [ | Mean 107
8315 Bear [ 70.00°% | Variance 143
a5t L o | _ ==
2987 .
3125
<< Kl ==
2347 435
1 14 27 40 53 86 79 52 105 1205 s ’
X2 Laz
0L
3584
f | 4526
186
11{2]|3
1609 8234
4E -1394
TE 1 14 ZFr 40 53 66 T 52 105
1 14 27 40 53 86 79 52 105 X111 X21
Bl [ & B Sl=lEl=!
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Prediction & uncertainty

* Inputs to a prediction can be missing (null)

 Discrete predictions have an associated probability, e.g.
e {0.2, 0.8}

e Continuous predictions have both a mean and variance, e.g.
* mean =0.2, variance = 2.3

* We can calculate joint probabilities over discrete, continuous or hybrid
* We can calculate the likelihood / log-likelihood
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Prediction (inference)

Basically just probability, but with complex algorithms to perform the
calculations efficiently

* Marginalization
* Sum (discrete), integrate (continuous)
* Summing in margins

* Multiplication
Bayes Theorem
e Exact inference

e Exact subject to numerical rounding
* Usually explicitly or Implicitly operating on trees

* Approximate
* Deterministic
* Non-deterministic
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Latent variables
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Parameter learning

EM algorithm & extensions for missing data

D3 animated visualization available on our website
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Latent variables

Cluster * This is exactly the same as a mixture model (cluster
Clusterl N 36.74 %
Cluster?2 | 3333 % mOdel)
Cluster: N 2993 % .
2 * This model only has X & Y, but most models have much
higher dimensionality
* We can extend other models in the same way, e.g.
Gaussian _ * Mixture of Naive Bayes (no longer Naive)
Mezn 584 * Mixture of time series models
. * Astructured approach to ensemble methods?
hean 3.05
Variance 0.187
L
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Latent variables

e Algorithmically capture underlying mechanisms that haven’t or can’ t
be observed

e | atent variables can be both discrete & continuous
* Can be hierarchical (similar to Deep Belief networks)
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Univariate Gaussian pdf

Gaussian plot
0.8 T
06
T
-2 866 -2.366 -1.866 -1.366 -0.8662
CO2 concentration
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Anomaly detection — log-likelihood

* This can also be calculated for
* Discrete, continuous & hybrid networks
* Networks with latent variables
* Time series networks

* Allows us to perform anomaly detection

* Under the hood, great care has to be taken to avoid underflow
* Especially with temporal networks
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Time series anomaly detection

j S ' J e D3 animated

0 50 100 150 200 250 300 350 time

oS ot g P SN e i visualization

N available on our
4 website

Log-L -20+

-30

0 50 100 150 200 250 300 350 time
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Sample time series data

Plot of 100 case(s)

80 60

* Multiple time series
Instances

e Multivariate (X1, X2)
 Different lengths :

40

20

X

40 L L s s L L L L L L L L L L s s L L L L -20
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Time series, unrolled

X1 (t=0) X1 (t=1) X1 (t=2) X1 (t=3) X1 (t=4)
Mean Mean hean Mean Mean
Variance Variance Variance Variance Variance
X2 (t=0) X2 (t=1) X2 (t=2) X2 (t=3) X2 (t=4)
Mean Mean Mean Mean Mean
Variance Variance Variance Variance Variance

Distributions are shared
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Time series, unrolled —lag 1

X1 (t=0) X1 (t=1) X1 (t=2) X1 (t=3) X1 (t=4)
Mean Mean Mean Mean Mean
Variance Variance Wariance Variance Variance
X2 (t=0) X2 (t=1) X2 (t=2) X2 (t=3) X2 (t=4)
Mean Mean Mean Mean Mean
Variance Variance Variance Variance Variance
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Time series,

X1 (t=1)
Mean
A1 (t=0) Variance
Meaan
Variance
X2 (t=0)
Mean
Variance
X2 (t=1)
hean
Variance
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unrolled —lag 4

X1it=2)
Mean
Variance

X2 (t=2)
Mean
Variance
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X1 (t=3)
Mean
Variance

X2 (t=3)
Mean
Variance

X1 (t=4)
Mean
Variance

X2 (t=4)
Mean
Variance




Dynamic Bayesian network (DBN

<< X1 =
7243
B35
5427
4518
361 . ]
el
1793
8.E52

02311
a 15 31 45 G2 e k] 108 124
| B <

40130 12] |1 104201314

wx M2 ==
3026
583
14
1697
1254
a1s
3.685
07437
5173

Cy=r=]s:
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Equivalent model

4333

3363

2393

14323

4528
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can often automatically
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Cross, auto & partial
correlations




Time series

* \We can mix static & temporal variables in the same Bayesian network
* We can include discrete and/or continuous temporal variables

<< ¥ == Market Volatility
X1l Bull BT % [ | Mean 107
8315 Bear 70,00 % | Variance 143
s&s1 l_ ]S ' ) (S|
<< ¥l ==
-2342 435
1 14 Z7 40 53 66 T3 92 105 25 la ’
X2 Laz
X Fad
3584
: | 526
2796
23
1609 -9234
— 1394
T4 1 14 27 40 53 6 T 92 105
1 14 Z7 40 53 66 T 92 105 X111 X21
B EHE BEHE
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Time series & |latent variables

* We can include static or temporal latent variables
* Discrete or continuous

* In the same way that we used 3 multivariate Gaussians earlier, we can
model mixtures of multivariate time series
* i.e. model different multivariate time series behaviour

* E.g. 2 time series may be correlated in a certain range, and anti-correlated in
another
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Types of time series prediction (t=time)

e P(X1@t=4)
* Returns probabilities for discrete, mean & variance for continuous
e P(X1@t=4, X2 @t=4)
 Joint time series prediction (funnel)
e P(X1@t=2, X1@t=3)
* Across different times
e P(A, X1@t=2)
* Mixed static & temporal

* Log-likelihood of a multivariate time series
* Anomaly detection
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Different types of scalability

Data size Connectivity

(discrete -> exponential)

Big data?

Network size, Inference

Rephil > 1M nodes (distributed)

BAYES SERVER

Data Science London Meetup - November 2014



Data

* Algorithm is agnostic to the distributed platform
* We will look at how it can be used with Apache Spark
 NET Java and therefore derivatives such as Scala
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Apache spark RDD Objects

MLIIb

Streamingl§ (machine
learning) —y
Apache Spark /
rddl. join(rdd2)
.groupBy(...)
M% Cassandra Filter(.)
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Apache Spark

 RDD (Resilient distributed dataset)
* [n memory
* DAG execution engine

e Serialization of variables
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Apache Spark

e Cache & iterate
e Great for machine learning algorithms, including Bayesian networks

* Scala, Java, Python
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Bayes Server Distributed architecture

* On each thread on each worker node, Bayes Server simply calculates
the sufficient statistics
* This often requires an inference algorithm per thread/partition
* This plays nicely with Bayes Server streaming, without any hacking

* Could be on Hadoop + Spark + YARN, Cassandra, a desktop, or next
gen platforms
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Spark integration

* Moving from Hadoop mapReduce to Spark
* Proof of concept took a single afternoon
* Due to agnostic approach & streaming
* RDD.mapPartitions

e Spark serialization
* Use of companion object methods (standard approach)
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Example — distributed learning

Pk

* Some test data. Normally you would lLoad the data from the cluster.

¥ We have hard coded it here to keep the example self contained.

i

@@return An RDD
v
def createRDD = {
sc.parallelize(Seq|
seq{(1.e, 2.3), (2.3 2
Seq( | ), (-3.3, -2.3), (4.15, 1.2), (8.8, 2.2), (4.1, 9.9)),
.8, 2.8), (3.3, 4.1)),
21.3), (4.3, 6.6), (-2.1, 4.5)),
.35, -3.25), (13.44, 12.4), (-1.3, 3.33), (4.2, 2.15), (12.8, 4.25)),
.46, 2.22), (1.37, 3.15), (2.2, 2.25))

Seq( |
Seq( |
Seq( |

(RO Y R Y
%)
=

Seq( |
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Example — distributed learning

val sc = new SparkContext(conf)

,-_
£
I
rt
m
1

S/ hard code some test data. WMNormally you would read data from your c

wval data = createRDD.cache()

£ A network could be Loaded from a file or stream
/4 we create it manually here to keep the example self contained

val network = createNetwork
val parameterlLearningOpticns = new ParameterLearningOptions
/A Bayes Server supports multi-threaded Learning

/4 which we want to turn off as Spark takes care of this

parameterLearning®ptions.setMaximumConcurrency (1)

Y
+
]
—
e
= |
+
rt
™
=
=
=2
e
]

1

\_':J

+
~t
m

kl
%]
-
=]
=
(]

£ parameterlearningOptions. setMaximumIterations(...) // this can be useful

val config = new MemoryMNameValues // we could also use breoadcast variables

val cutput = ParameterLearning.learnDistributed{network, parameterLlearningOptions,
new BayesSparkDistributer[Seq[{Double, Double)}]](
data,
config,
(ctx, iterator) =»> new TimeSeriesEvidenceReader(ctx.getNetwork, iterator)
D]
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Distributed time series prediction

// make some time series predictions into the future

&

val predicticns = Prediction.predict[TimeSeries]|

network,
testData,
5eq(

PredictVariable("X1", Some(PredictTime(5, Absolute))), PredictVariance

PredictVariable("X2", Some(PredictTime(5, Absolute))), PredictVariance

PredictVariable("X1", Some(PredictTime(&6, Absolute))), PredictVariance(

PredictVariable("X2", Some(PredictTime(6, Absolute))), PredictVariance

("X1", Some(PredictTime(5,
("X2", Some(PredictTime(5,

"¥1", Some(PredictTime(&,

("X2", Some(PredictTime(6,

PredictLoglLikelihood() // this value can be used for Time Series anomaly detection

)

(network, iterator) =» new TimeSeriesReader(network, iterator))

predictions.foreach{println)

BAYES SERVER

Copyright © Bayes Server 2006 - 2014

Data Science London Meetup - November 2014

Absolute))),
Absolute)) ),
Absolute) )],
Absolute) )],




Scala

e JVM
* Functional & OO
e Statically typed

e Apache Spark is written in Scala
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Spark streaming

Kafka
Flume <’\z HDFS
HDFS/S3 Sp Qr K Databases
Kinesis Stf (Cq C)min g Dashboards
Twitter

* Great for real time anomaly detection
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GraphX

Hyperlinks PageRank Top 20 Pages

 Machine learning on
Wikinedia e @ @ — table data, queried
7 from Graph

Term-Doc Topic Model
— Graph (LDA) Word Topics
Word| Topic
a0 — L
1
Discussion Community User Community
Table Editor Graph Detection Commumty Topic
Topic|Com.
-_—> — S
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Thank you

* www.bayesserver.com - download, documentation
* www.bayesserver.com/Visualization.aspx

* www.bayesserver.com/bayesspark.aspx
* Apache Spark source code & example

* Professional services

* Training ‘

e Consultancy
* Proof of concepts
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