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Granulation

m Lump small particles into bigger entities

m Improve handling (storage, transport, safety,...)
m Creation of micro mixtures (segregation, distribution of active
components)

m Desire knowledge about:
m Influences of precursors, process design and conditions on final product
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Aim: Regress for some data points y,,, over input space Z

m Assume
Yobs(2) = y(2) +€ where e~ N(0,7%) (1)

m Underlying y(z) is unknown, so endow with prior distribution :
= 4() ~ GP(u().0*(.))
m mean function pu(z)
m correlation function X(z1, 22)
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m Make observations Y, == y(2) + € at z = (21,...,2,) "
m Want predictions at z

Posterior of y(Z) | Yops:

m y(2) | yops has a multivariate normal distribution with

£ [y(z) | yobs]
= 1(Z) + 0°S(Z, 2) [0°S(2,2) +721] 7" (Yops — 11(2))  (2)

Var (y(z) | yobs)
— 0?%(2,2) — 0'%(Z, 2) [0°S(z,2) + 2] 2(Z,2)T (3)
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Choices of 3(z1, z2):

m Exponential :

dim(2)

X (21, 22) H exp <_¢k |z — sz|¢°) (4)

m Matérn :

1 v 1
1 202|271 — 2 202|271 — 2z
Der.2) = 3 )< L 2”) < (—“; 2”) )

where K is modified Bessel function of 2" kind.
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m X is space of process conditions or covariates

m O is space of unknown parameters of a model
B Z=Xx0
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m Underlying Simulator function 7,(z) :
m 7s(2) ~ GP (us(.), 025,(.,.))
m Underlying Experimental function n.(z) :

m Fix calibrated value of § = 6. (unknown)
L 776(m) = US(xa 00) + 5(1‘)
m §(z) ~ GP (pe(.), 025 (.,.))
B =1 ~GP (,us(., )4 pe(l), 028(.,.) + o22e(., ))
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m Observed Experimental data :
m Have y, := (nc(1),. .., me(20.)) | + €0

m Observed Simulator data :

m Have y, == (ns(z7,67), ... ,ns(:rze,O;';e))T + €
m Full data d := (y.,y/)"
m Observation errors €., €5 for simplicity:

me ~N(0,721) and €5 ~ N(0,721)
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GP Priors

m GP Matérn parameters ¢, ¢s—U[0, dupper]
m GP mean linear parameters f3., Ss—constant prior
m GP variance parameters 02, 02—inverse gamma

m Observation error priors

m 72, T2—inverse gamma

Prior for 0 is given by user

m All unknown values — represent as (6, s, f¢, &)
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m Posterior for (0, s, e, &):

70, B €| d) o {(10. 8. 5. 8) x 7O)r(B)m(BI(E)  (6)

gaussian‘ﬁkelihood prlor
m Integrate out S35 and (. analytically
m Integrating out £ is harder - do this via Wang-Laudau sampling

Do similar for prediction of n.(z) and ns(x, 9).
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Example - simulator function n4(x, 6)

Figure: True ns(z,0)

ps(x,0) ;== — [6(x — 0.15)(x — 0.5)(z — 0.85) — 0.27] [10 cos(4mf) + 0.3] + const
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Posterior density estimate for Theta0 Posterior density estimate for ThetaO
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(a) assuming 72 = 0, 72 unknown, (b) assuming 72 = 0, 72 and §(x)
d(z)=0 unknown

Figure: 6 posterior plots making different assumptions

57 CoMo UNIVERSITY OF
" GROUP Peter L. W. Man and Markus Kraft t¥ CAMBRIDGE



Posterior experimental predictive estimates Posterior experimental predictive estimates
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(a) assuming 72 = 0, 72 unknown, (b) assuming 72 = 0, 72 and ()
5(z)=0 unknown

Figure: y.(z) (+noise) posterior plots making different assumptions
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Posterior density estimate for k_coag Posterior density estimate for k_compact Posterior density estimate for k_break
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(a) kcoag posterior (b) Kcompact posterior (¢) Kkbreak posterior
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(d) Kkpen posterior (e) kreac posterior
Figure: Assuming 72 = 0, 72, §(x) unknown
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