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Example — Asia network

Visit to Asia Smoker
True | 102% True B 10000% W
False | 9898 % False 0.00 %

o LI

Has Tuberculosis

True | 154 % Has Lung Cancer Has Bronchitis
False | 9846 % True | 1463 % True | ©£8.02 %
= False [ &5-17 % False | 1193 %
' o o

Tuberculosis or Cancer
True ] 1622 %
False | E3-78%

L
XRay Result X
Abnormal § 20,09 % Dyspnea
Mormal Ml TO91% True [ 10000% +F
£ False 0.00 %%

L=
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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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Insight, prediction & diaghostics

st Prediction / Diagnostics
inference / reasoning
( N\ ( N\ ( )
—  Automated — Superwseld or — Troubleshooting
unsupervised
& J & J & J
( I ( N\ ( )
|| |aree patterns | Anomaly | Value of
gep detection information
& J & J & J
( ) ( N\ ( )
Anomalous . . .
— —  Time series — Decision support
patterns
|\ J |\ J |\ J
( )
—  Multivariate
|\ J
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Probability notation

* P(A)

* P(A|B) — Conditional probability (probability of A given B)
* P(A,B) — Joint probability (probability of A and B)

* P(Head | Tail)

 variables on the left are referred to as head, and variables on the right are
referred to as tail

* P(A,B) = P(A[B)P(B) = P(B|A)P(A) =
* P(A[B)=P(B|A)P(A)/ P(B)
* This is Bayes theorem
e Used during inference
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e E.g. P(Raining, Windy)

e Sumsto 1l
False 0.64 0.16
True 0.1 0.1
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Sum

P(Raining, Windy) False 0.64 0.16 0.8

True 0.1 0.1 0.2

P(Raining)

0.8 0.2

For discrete variables we sum, whereas for continuous variables we integrate
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Marginalization — multiple variables

B C D A = True A = False

C A = True A = False
0.0822 0.2898

0.0178 0.6102
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Multiplication

B C D A = True A = False

True 0.0822 0.2898

False 0.0178 0.6102
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Instantiation — (evidence)

B C D) A =True | A = False

B=False
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Joint probability — Bayesian network

* If we multiply all the distributions of a Bayesian network together, we
get the joint distribution over all variables

* What can we do with the joint?

* Any evidence e is information we know (e.g. D=True)

=Y P(U,e)=> []P(Uilpa(U;))e

UL X U\X i

U = universe of variables
X = variables being predicted
e= evidence on any variables

BP\YES SERUER
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Distributive law

ifAg X, AeY, then Z Ox Oy = Ox Z Dy
A A

This simply means that if we want to marginalize out the variable A we
can perform the calculations on the subset of distributions that contain
A

¢ is a probability distribution over the variables in the subscript
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Consider calculating P(A|D=True)

-
#
m — &
-

| 329 rue ] 32 . !
sise [l | [7ose % False [l | ss72% False 0.00 %
o (] [ [=] H| [0 Ol

False B °001 %

P(Ale) < Y P(A)P(B|A)P(C|B)P(D|C)ep

B.C.D
‘ Distributive law

P(Ale) x P(A ZPBA ZPC| )Y P(D|C)ep
D
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Elimination order

* The order in which marginalization is performed is called an elimination order.
* Many different possible orders
* NP hard

* A number of algorithms exist to determine orderings that work well in practise
» E.g. pick the variable(s) that result in the smallest distribution to be marginalized at each step
* Multiple variables can be eliminated at each step.

P(Ale) ZP (B|A) ZP{CE}ZP{DIC)E”
D
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Junction trees

* What if we want to predict all variables, not just A?

* We could use the previous procedure known as Variable Elimination
multiple times.

* Or we can use a junction tree (join tree)
* Simply the tree formed by eliminating all variables in the same way as before
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Asia network

Visit to Asia (A)
True L00%

False [ 59.00 %
=

Has Tuberculosis (T)
True | 104 %

False [ 5996 %
(]

XRay Result (X)
Abnormal | 1103 %

Normal [ 5857 %
o
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Has Lung Cancer (L)

Fals= [ ¥4.50 %

False | 9352 %

Smoker (5)
True M 5000%

False | 5000 %
e

Has Bronchitis (B)

50 % True N 45.00 %
False | G5500%

[e o

Tuberculosis or Cancer (O)

: P(U) =

Dyspnea (D)
True | 2 4360%
False |l 5540%

The London Big-O Meetup - March 2015

Distribution

F

P(A)
P(T|A)
P(S)
P(L|S)
P(B|S)
P(O|T. L)
X P(X|0)
D | P(D|O,B)

1 ,-I-h.D1
tijt.'"*k-f':"‘.']n-l‘a%

.
o

P(B

P(A)P(S)P(T|A)P(L|S)x
SYP(O|T, L)(X|0)P(D|B.0)




Elimination

A — Visit to Asia

S = Smoker

T — Tuberculosis

L - Lung cancer

B — Bronchitis

O — Tuberculosis or Lung Cancer
X = X-ray result

D - Dyspnea

Domain graph after elimination of A
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Elimination

Domain graph after elimination of A Domain graph after elimination of T
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Elimination

Domain graph after elimination of T’ .
srap Domain graph after elimination of X
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Elimination

Domain graph after elimination of )

Domain graph after elimination of X
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Elimination

-

Domain graph after climination of The complete elimination order is...
{A}, {T}, {X}, {D}, {S}, {L,B,0}

7.: Domain graph after elimination of S. The dotted line is a re-
quired fill-in.
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Junction trees
>LBoO // \ <

O B,O L,B L,0
= = w o0 l f l !
PAI0) PDIO. B) POIT.L)  Xa  p(§) P(B|S)P(L|S)
T
. P(A) P(T|A)
Collect computations 1 \

Clique T
Sepset

o _ S —p Collect
* Collect towards the root {L,B,0} — similar to variable elimination

* Distribute from the root {L,B,0} back to the leaves — allows us to
calculate all marginals— P(A), P(X), P(B), P(L) etc...
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Relevance — Bayes ball algorithm

Visit to
True

Smoker

True

Fals Fals

Has Tuberculosis

Has Lun Has Bronchitis

True
Fal True
False False

True

Tuberculosis or Cancer

True B 100.00% «

False 0.00 %
. 0
XRay Result Y
Abnormal [ 3800 % Dyspnea
Marmal | 2.00 % True
e Fals
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Dynamic Bayesian networks
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< W =w

7243

8273

4333

3363

2333

1433

4528

5173

X1 X2
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Unrolling

X {t=0)

X [t=2)

X (t=4)
X1 (t=0) X1 (t=2) X1 (t=4)
Iean 232 W Mean 75 W Mean 126 «
Variance 0 \ariance \ariance a
X2 (t=0) X {t=1) X2 (t=2) X2 (t=4)
Mean 205 v X1 (t=1) Mean 152 X (t=3) Mean 125
Variance 0 Mean 593 W Variance 0 X1(t=3) Variance 0 [
Hl [@] [ ! . - Hl (@] [ kean 285 W ] [a] &
Variance 0 .
Variance 0
X2 [t=1) X2 (t=3)
Mean T Mean 135 v
(02 D_ Variance 0
£ [w] [D

e[S

We could unroll, and use standard methods
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Distributions that understand time

P(X1[t], X2[t] | X1[t-1], X2[t-1])

X1[t] K2[t]
y PSR 3.076214646583... |-1.58979124120...
Covariance (XL[t]) 4.142028922619... |-1.63113437658...
Covariance (X2[t]) 1.63113437658... |2.023002098810...
Weight (XL[t-1]) 0.995368300968... | -0.00816950459...
Weight (X2[t-1]) 0.026861977953... |0.942548514504..,

Note that X1 appears in the same distribution twice, but at different times
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Different types of scalability

Data size Connectivity

(discrete -> exponential)

Big data?

Network size, Inference

Rephil > 1M nodes (distributed)
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Apache spark RDD Objects

MLIIb

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

BAYES SERVER
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Apache Spark

 RDD (Resilient distributed dataset)

e Can be in memory

* Code automatically converted to DAG execution engine
* Serialization of variables
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Distributed architecture

1. Distribute Bayesian network to worker nodes

2. Calculate the sufficient statistics per partition
* This often requires an inference algorithm per thread/partition

3. Aggregate the sufficient statistics (reduce)
4. Update the Bayesian network based on the new statistics

5. Return to 1 until convergence
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Distributed parameter learning

2 stats > stats 2 stats 2 stats

> stats D stats D stats ) stats
> stats Y stats Y stats 2 stats
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Y stats ) stats > stats ) stats

stats
> stats 3 stats 3 stats 2 stats 2

Iterate Distribute new model New model from stats
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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)
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