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Morris Sensitivity Analysis
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What about Surrogates
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rojection Predictive
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Full model (All parameters)
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Juho Piironen, Aki Vehtari
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Full model (All parameters) Reduced model (parameters sub-set)
Train a GP

A % @ projected

Not only for sensitivity analysis, but to train the model for available inputs at
training time but absent or expensive to collect at production phase of the model.
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Projection Predictive

Full model (All parameters) Reduced model (parameters sub-set)

Heuristic Search
. Out of 30 parameters, there
Project are 593,775 6 different

ﬂ ] 9 IJPUjEEtEd possible combinations....

Train a GP

Not only for sensitivity analysis, but to train the model for available inputs at
training time but absent or expensive to collect at production phase of the model.

But how many posstble combinations of reduceol sets? @

PROJECTION PREDICTIVE MODEL SELECTION FOR GAUSSIAN PROCESSES
Juho Piironen, Aki Vehtari
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PROJECTION PREDICTIVE MODEL SELECTION FOR GAUSSIAN PROCESSES
Juho Piironen, Aki Vehtari

- O projected

production phase

ndel (parameters sub-set)

Heuristic Search

Out of 30 parameters, there
are 593,775 6 different
possible combinations....

Powerful Technigues

44




Automatic Relevance Determination (ARD)

1 D {T'd
k.‘iﬁ—ﬂi"‘d{]{i? I;) = H_?EIF( - E Z — :

Squared Exponential Kernel

.
.
.
.
.
.
.
.
.
o
.
.
o
.
.
.
.
.
.
.
.
.
.
.
o
.
.
.
.

=1

.
.
.
.
.
.
.
.
.
.
.
.
.
.
‘e
.
.
.
.
.
g
0
0
0
0
g
g
g
g
g
.
.,

A

atent variables

Powerful Techniques

45




Squared Exponen

ntial Kernel

.
.
.
.
.
.
.
.
.
o
.
.
o
.
.
.
.
.
.
.
.
.
.
.
o
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.
.
‘e
.
.
.
.
.
g
0
0
0
0
g
g
g
g
g
.
0,

Very computationally cheap

Powerful Techniques

46



Squared Exponen

ntial Kernel

.
.
.
.
.
.
.
.
.
o
.
.
o
.
.
.
.
.
.
.
.
.
.
.
o
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.
.
‘e
.
.
.
.
.
g
0
0
0
0
g
g
g
g
g
.
0,

Very computationally cheap
It is usually used

Powerful Techniques

47



Squared Exponential Kernel

El

.
.
.
.
.
.
.
.
.
o
.
.
o
.
.
.
.
.
.
.
.
.
.
.
o
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.
.
‘e
.
.
.
.
.
g
0
0
0
0
g
g
g
g
g
.
0,

Very computationally cheap
It is usually used
It is waorking

Powerful Techniques

48



.
.
.
.
.
.
.
.
.
o
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.
‘e
.
.
.
.
.
.
g
g
0
0
0
g
g
g
g
g
.
'.

Very computationally cheap

D - w It is usually used
e It is working *

Powerful Techniques

49



Automatic Relevance Determination (ARD) data
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Kullback-Leibler Divergence as a Measure of

Predictive Relevance

d(p|lq) = V2Dku(p|| q)

Variable selection for Gaussian processes via sensitivity analysis of the posterior predictive distribution
Topi Paananen, Juho Piironen, Michael Riis Andersen, Aki Vehtari
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[ase Study

y =12z + 20x9 — 1323 + 12224 — 4475 + 0.01xg — 7727 — 3328 + 9029 — 102219 + 11297 + 44290 + 11219 — 66214

+ 8215 — 0.001z16 + 0.052;7 — 0.8715 + 145719 — 22799 + 1329
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p<y*|x(i) + Aj,y

~

(4)

v lx@y v |x?+0,y
L —
0.01

For each input parameter j, and training point, i
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P, A) = d(p(y.|xD, y)|Ip(y.x? + A;,y) Rank the parameters
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Surrogate models guided Exploitation . e Sensitivity analysis guided Exploration
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