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• Computer Models make Imprecise statements about real world systems.

• Many uncertainties relevant to the analysis of a Computer Model:

◦ Input Uncertainty

◦ Function Uncertainty

◦ Observational Errors
◦ Model Discrepancy

• The most important of these is the Model Discrepancy which links the

model to the real system, and represents all the deficiencies of the model.

• We treat the Model Discrepancy as Imprecise.

• Main goal is to understand the impact of such an Imprecise assessment on

our ability to learn about the Input Uncertainty.
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• Andromeda Galaxy: closest large galaxy to our own milky way, contains 1
trillion stars.

• Hubble Deep Field: one of the furthest images yet taken. Covers 2

millionths of the sky but contains over 3000 galaxies.

• Cosmologist want to understand the creation and evolution of Galaxies in

the presence of large amounts of Dark Matter.
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• The Galform model attempts to simulate the evolution of approximately 1

million galaxies.

• It has a large number (17) of inputs x and takes a significant time to perform

one evaluation (30 mins).

• It gives several outputs f(x) that can be compared to observational

measurements z of the real Universe.

• We want to identify the set of inputs χ∗ that would give rise to an

‘acceptable’ match between outputs of the model and observed data.

• χ∗ will be sensitive to the assessment of the Imprecise Model Discrepancy.

• Need to analyse in detail the impact of various features of the Imprecise
Model Discrepancy on this set of acceptable inputs χ∗.
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• Due to expert judgements we attempt to History Match Galform over 8 of

the input parameters (while taking into account the possible effects of the
remaining 9).

• The input parameters and their initial ranges are:

vhotdisk: 100 - 550

aReheat: 0.2 - 1.2

alphacool: 0.2 - 1.2
vhotburst: 100 - 550 What values should I choose
epsilonStar: 0.001 - 0.1 to get ’good’ outputs?
stabledisk: 0.65 - 0.95

alphahot: 2 - 3.7

yield: 0.02 - 0.05

• The other 9 parameters are: VCUT, ZCUT, alphastar, tau0mrg, fellip, fburst,

FSMBH, epsilonSMBHEddington and tdisk.
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• We take only 11 outputs to use for the calibration process.

• Outputs chosen to be informative enough to allow us to cut down the

parameter space, but simple enough to be emulated easily.
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• We represent the simulator (Galform) as a function, which maps the input
parameters x to the outputs f(x).

• We use the “Best Input Approach”, where we assume there exists a value

x∗ independent of the function f such that the value of f∗ = f(x∗)
summarises all the information the simulator conveys about the system.

• We then link the real system denoted by y to the simulator by the equation:

y = f∗ + ǫmd,

where we define ǫmd to be the model discrepancy and assume that ǫmd is

independent of f, x∗. (Here, and onwards, all probabilistic statements
relate to the uncertainty judgements of the analyst.)

• Finally, we relate the true system y to the observational data z by,

z = y + ǫobs,

where ǫobs represent the observational errors.
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• The Model Discrepancy ǫmd is distinct from other (easier to understand)

sources of uncertainty: it comes directly from expert assessment regarding
deficiencies of the model.

• The Model Discrepancy is treated as Imprecise to better reflect the views of

the expert.

• Due to the complexity of a Computer Model analysis we employ Bayes

Linear Methods, where (following de Finetti) we treat Expectation as
primitive and only require specification of Expectations, Variances and

Covariances.

• This makes assessment of the Model Discrepancy far easier than in a fully

probabilistic analysis.
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