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Uncertainty 

Is all around 
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Three principal uncertainties 

 I write reality ζ(x) as 

   ζ(x) = f(x, θ) + δ(x) 

 Where as usual f(.,.) represents the simulator, x are control 

inputs, θ are calibration parameters and δ(.) is model 

discrepancy 

 The principal uncertainties about reality are 

 Inputs x and θ 

 The simulator output f(.,.) at untried inputs 

 The model discrepancy δ(.) 

 If we want to say anything about reality we must quantify 

all of these uncertainties 
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The right way to quantify uncertainty 

 Probability 
 This is not negotiable  

 No argument 

 Any other measure does not have the right properties 

 But quantifying uncertainty is not easy and is not exact 
 Any statement of probability in the real world is an imprecise 

measurement 

 We have to admit that there is always measurement error 

 There are various ways of describing imprecise probabilities 
 Interval probabilities, Dempster-Shafer etc 

 They are not alternative ways to quantify uncertainty 

 Just ways to express imprecision in probability measurement 

 We can argue about how best to do it 
 And even whether it‟s worth doing 

 But to pretend we can be exact about measurement error is just as 
absurd as to pretend probabilities are exact 

15 September 2011 SAMSI colloquium 5 



Probability is subjective 

 Frequency probability only has meaning for repeatable 

events 

 Almost every uncertainty that is interesting to quantify relates 

to a one-off, non-repeatable instance 

 Parameters, the simulator, the model discrepancy 

 A probability statement about a parameter cannot mean how 

often it will take some value if repeated indefinitely 

 Only subjective probability works 

 Probability is an expression of a person‟s rational degree of 

belief in something based on the evidence available to them 

 Subjective does not imply bias, irrationality, superstition, etc 

 Subjective probability is scientific 
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Probability is conditional 

 Uncertainty changes as we get information 

 All probabilities are conditional on the available information 

 Two uncertain quantities are independent if and only if 

your probability distribution for one does not change 

when you learn something about the other 

 Try always to think of independence this way 

 Things are rarely totally independent 

 When we learn something, our whole uncertainty system is 

likely to change 
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Quantification 

That means numbers 
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Measuring probability 

 Uncertainty and beliefs are in your head 

 The way to quantify them is to think 

 Thinking may involve 
 Directly evaluating probabilities 

 Elicitation 

 Using probability theory 
 To express uncertainties of interest in terms of others that are easier to 

measure (elaboration) 

 Using data 
 Judgements about a model for the data that together with judgements 

about prior knowledge (elicitation) imply a posterior distribution 

 A combination of these 
 Data often do not relate to exactly the uncertain quantity in question 
 Data gaps 

 Elicit or model the link to adapt the posterior that comes from the data 
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Input uncertainties 

 We must quantify 

 Point estimates or ranges are not enough 

 All of the above are relevant for quantifying input 
uncertainty 

 Elicitation is hugely important 

 Also bridging data gaps 

 Distinction between physical and tuning parameters 

 What is the true value of a tuning parameter? 

 Need to define it as giving best fit over some range or 
distribution in x space 

 Changing with new information 

 Calibration! 
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Code uncertainty 

 Simulators are often complex and it is unrealistic to run them 

many thousands of times 

 So there is uncertainty about f(.,.) at any untried input configuration 

 How to quantify that uncertainty? 

 A probability distribution for an uncertain function is necessarily 

very complex, too 

 A stochastic process 

 I use a stationary Gaussian process –  

 Both “Gaussian” and “stationary” are quite innocuous 

 Are there others that I should consider? 

 Note the discussion of validation later 

 Changing with new information 

 Training data – prior to posterior 
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Model discrepancy 

 I talked a lot about this last week! 

 It‟s an essential component of the problem 
 Linking the simulator to reality 

 Another function, therefore quantified as a stochastic process 

 Often uncertainty is high 

 The most challenging area of UQ 
 Needs a lot more research 

 Changing with new information 
 When we observe reality we learn about all the uncertain 

components of the problem 
 Inputs (calibration parameters), outputs, simulator, discrepancy 

 Calibration (learning about calibration parameters) and data 
assimilation (learning about the state in a dynamic model) are 
unrealistic simplifications 
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Validation 

 Uncertainty quantification should be validated 

 If I express 95% probability intervals for a number of 
uncertain things, then 95% of these intervals should turn 
out to contain the true values 

 Neither more not less 

 By making predictions for observables we can check this 

 Confusingly, in the world of expert judgement, this kind of 
validation is called „calibration‟ 

 Unless the quantification of uncertainty is valid, it‟s useless 

 Before we use any UQ system to make important 
predictions, we must validate it  

 As far as possible 
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What can we validate? 

 Our surrogate/emulator for the simulator 

 An emulator quantifies uncertainty about the simulator 

 Any surrogate that doesn‟t do that has no place in UQ 

 We can validate by making additional simulator runs and 

comparing with the emulator‟s probabilistic predictions 

 Any surrogate that can‟t be validated like this has no place in UQ 

 If it fails the validation, then revise the emulator using the 

validation data 

 And any other targeted runs suggested by the validation failure 

 Get new validation runs and try again 

 Validating emulators should be completely routine 

 Otherwise you are not doing UQ 
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What else can we validate? 

 We can‟t directly validate uncertainty quantifications of 
calibration parameters or model discrepancy 

 Because we cannot directly observe them 

 We can observe reality 

 But invariably with observation error 

 We can calibrate the combined UQ of θ, δ(.) and the observation 
error 

 Remember nonidentifiability 

 Note the two-fold use of observations 

 Validate 

 If valid – use observations to refine the UQ system 

 If not valid – use observations to refine the system, but this still 
needs validation 
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Fitness for purpose 

 We can have many different valid uncertainty 
quantifications for the same variables 

 E.g. given a sample, predict new observations using sample 
mean and variance, or use covariate and regression fit 

 If one valid UQ system makes predictions with greater 
precision, then this is better 

 If predictions are sufficiently precise for a given task then 
the UQ is fit for purpose 

 Traditional „validation‟ of computer models mixes up what 
I call validation with fitness for purpose 

 Validation is absolute 

 Fitness for purpose is relative to the task 
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The TUQ Manifesto 

To the barricades! 
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What is TUQ? 

 Total Uncertainty Quantification 

 Or TUQ for short 

 I pronounce it to rhyme with Duke 

 But that won‟t work for Americans, Spanish-speakers etc! 

 It describes a philosophical approach to UQ that is 

characterised by the preceding slides 

 A commitment to doing UQ that way 

 A TUQie is someone who has pledged to  

uphold the principles in the TUQ Manifesto 

 Apologies to the memory of John Wilder Tukey! 
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Total UQ is defined by the following four principles 

1. UQ for any quantity of interest must quantify all 

components of uncertainty 

2. All UQ must be in the form of explicit, quantified 

probability distributions 

3. Any UQ that can be validated against observational data 

must be validated 

4. (provisional wording) UQ methods should seek to achieve 

the greatest possible precision consistent with being 

valid, and within available resources 

The Manifesto 
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Some challenges 

Things worth doing 
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Moving forward on TUQ 

 The SAMSI working groups will be looking at some things 

 Surrogates WG to look at different kinds of surrogate 

 Data assimilation and validation WGs embracing model 
discrepancy 

 Here are a few suggestions which I think will not be 
covered in those WGs 

 Maybe we should have a TUQ working group? ☺ 

 I have an ulterior motive in proposing these 

 I am retired and I don‟t have postdocs or grad students of my 
own 

 So I try to persuade other people‟s postdocs/grad students to 
work on things I think are worthwhile! 
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1. Model discrepancy – simple stats 

 In my talk last week, I asked 

 What do parameters mean in a model that is wrong? 

 I looked at a couple of simple statistical models 

 Poisson sample 

 Simple regression 

 I think there is a nice paper in there, but more work is 

needed 

 More exploration of those or other examples 
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2. Validation diagnostics 

 This is a little-researched area 

 We have some diagnostics built on traditional regression 

diagnostics (looking at residuals) 

 But we need more ideas 

 In particular, what role could scoring rules play? 
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3. DA with GP emulator 

 Methods like the ensemble Kalman filter represent 

uncertainty using samples 

 One reason is the difficulty of propagating uncertainty through 

the simulation model 

 If we have a GP emulator for the simulator, we can do this 

propagation analytically 

 At least for means and variances 

 And then make the Gaussian assumptions that EnKF makes  
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4. Multi-output calibration 

 Most simulators produce multiple outputs 

 We may have observations on several different outputs 

 We want to combine these to get good calibration 

 Issues to be explored 

 For physical parameters we need to model multivariate 

discrepancy (carefully!) 

 For tuning parameters, should we allow different values for 

different outputs? 
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