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RHIC
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Relativistic Heavy Ion Collider
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Beam Permit System
Abort kicker

module Permit module

RHIC peak stored energy 72 MJ Bearm abort .
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* Receives subsystems’ health inputs $ o'clock 4 o'clock
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Impacts reliability and availability of RHIC
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Objective

Estimate Reliability characteristics of BPS - Draw best possible inference
Reliability Information Sources

Monte Carlo model ': Profound view

Basic component failures -, Structural bottlenecks

Exponential - MIL HDBK' '/, Manufacturer’s data v

Historical failure data (15 years): Bird’s eye view

Real survival characteristics

HOW TO CONSIDER BOTH?
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Bayesian Paradigm

Integration of information from multiple sources

Updating current knowledge when new information r\is acquired
|

[l
[
|

1 z—u)? | |

\

Thomas Bayes

Frequentist Approach Bayesian Approach
Event probability: limit of Keeps updating probability
its long term occurrence rate Parameters are random
Parameters constant- u, o variables - u, o
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Bayesian Paradigm

Bayes theorem: Continuous form

New -
Unknown recorded leehhood
parameter of a data function
distribution
N Prior
_ L(0|x) x w(6) distribution
m(0]x) =
f(x) \
0~N(v, w?)
: Marginal
.Pos.terlc.)r distribution hyperparameters
distribution
of x
(0]x) < L(O]|x) X m(O) Foundation of Bayesian analysis
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Source 1: Monte Carlo model

Exponential ' survival distribution of components

Simulates system behavior - top distribution may be different

STEP 1 STEP 2
1.0€-04 Distribution Parameter Point estimate AIC* BIC**
< 3.0E-05 Exponential Scale - A 8.831e-5 3141125.52 3141136.15
0505 Shape - a 1
) 0.0E+00 1.0E+09 2.0E+09 3.0E+09 4.0E+09 Welbull Scale - A 8829@'5 3141 12747 314:1 148.72
|terations Shape -X 100046
Gamma Scale - A 8.84e-5 3141127.44 3141148.66

. Shape - a 1.00106
Check - Non homogenous Poisson process

Check — Distribution with goodness-of-fit
A for 107 hours — no trending

*Akaike Information Criterion
*Bayesian Information Criterion
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Source 2: Historical faillure data

BPS hardware failure data for 15 years

16 data points for the time between failures owing to high reliability of BPS

Check - Distribution of historical data with goodness-of-fit

Distribution Parameter Point estimate AIC* BIC**

Exponential Scale - A 1.20E-04 322.9 323.7
Shape — a 1

Weibull Scale - A 0.000171 317.6 319.1
Shape - a 0.627457

Gamma Scale - A 6.03E-05 318.1 319.7
Shape - a 0.503074

Lognormal Scale - A 7.7676 319.0 320.5
Shape - a 1.99141
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Bayesian reliability model

Posterior
o Tradeoff between Prior and Data distribution

¢ Tradeoff level: depends on relative strength, can be

changed by altering hyperparameters

Conjugate prior: Yields a posterior of the same form as

the data distribution Bayesian — Weibull

(Scale and shape unknown)

Model choice :

Data - Weibull
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Prior — Exponential
(Weibull with shape 1)

BROOKHFIVEN

NATIONAL LABORATORY



Shape= «

Data Distribution Weibull: £ m) = ante™™ - J0 D

Likelihood Density
Likelihood Density

Magnitude

0.5
Eta 0 o0 Alpha ik
. . . — _ a _ _ ~
Likelihood function: L(a,nlx) = [[¥anx¥ le 1% a =0.62751 = 1.2904 a,1 ~ [0,00)
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Conjugate Prior Distribution

Prior Density

Magnitude

Eta 0 0

Alpha

Joint prior distribution for a, n p(a,n) < e nf~le=mk
Hyperparameter =3

q\\\‘ Stony Brook University ICALEPCS 2015

Prior Density

5

45

4

3.5

3

& 25
2

15

1

0.5
0
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
Alpha
a=1,n1n=0.7741 a,n~ [0,00)
BROOKHIAVEN

NATIONAL LABORATORY



Hyperparameter choice

0.025

0.02

Magnitude

=
o
—_—

0.005

Prior Density for Eta

Prior density for Alpha

0.015

a = 1.000

Magnitude
=
o]
L

n = 0.7741
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Hyperparameter =3
n=0.7741,a = 1.000
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Posterior parameter samples

2

Posterior kernel: Contains all the information of a and 2
' 3 WWW%WMMWMMM
pla,nlx) o akn'+B1([Tkx,)* eCnZaf-a=np) "o 05 : 5 : 25
iterations % 10*
4 T T T T
Proposal density o
Ly % bl i R
! ! 1 (a__ n_> | | | IW
q(a,n |a,n)=%e “ DD 0.5 1 15 2 25
iterations % 10*
Metropolis Hastings Algorithm o | | zzzz | Unimodal |
b . P(“I»U’)/CI(“’»U’W»U) 2000 | 1
a((a,n),(a,n)) = mm{l, — @ 1500 |
(G, (@m) p(a,m/q(a,nla’, 1) : 2
< 1000 |
1000 ]
Posterior parameters 500 |
o a=0.6327
o 1=12225 0 ° 1 ) )
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Posterior Disfribution Prior: & = 10000, = 07741

Data: @ = 0.6275,7 = 1.2904

Posterior density

x 107
2

Magnitude
Eta

0.5
= o Alpha | Alpha

Posterior: a = 0.6327, 1= 1.2225
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DiSCUSSiO N Prior: @ = 1.0000,7 = 0.7741

Data: @ = 0.6275,7 = 1.2904

CDF for Beta =3 CDF for Beta =15

LL- L
o : 0 _
E @
L':E Prior E Prior
Data i Data i
Posterior Posterior
D i 1 1 1 1
5 0 1 2 3 4 5
Time (yrs) Time (yrs)
Hyperparameter 3=3 Hyperparameter 3=15
a=0.6327 a =0.6404
n=1.2225 n=1.1249
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Conclusion

Bayesian analysis furnishes the most informed inference for BPS

Emphasize the importance of both the information sources
MC Model - Fine failure characteristics
Historical data - Real survival behavior

Advocate the value of =3
High confidencein the actual machine failure data
Mild influence of the MC modelresults

Ability to regulate the influence of either information sources
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Why<e

DID THE SUN JUST EXPLODE?
(IT'S NIGHT, S0 WERE NOT SURE.)
EH&ERTFE GONE NOVA
THEN, TROWS TWO DICE. |F THEY FREQUENTIST STATISTICIAN: BAYESIAN STATISTIOAN:
BOTH COME UP SiX, IT UES TO US. THE PROBABILITY OF TRIS RESULT
OTHERWISE, 1T TELLS THE TRUFH. HAPPENING BY CHANCE 15 3;=0027 BET YOU $50
LET's TRY. GNCE p<0.05 T. CONCLUDE IT HASNT.
DETECTOR! HAS THE. THAT THE SUN HRS EXPLODED.
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Questionse

ommundsen

“Is this needed for a
Bayesian analysis?”
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