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Uncertainty Quantification for Predictive models
So far we have talked length about

safedecision making control

where safety constraint satisfaction

decision making
get it

But we have also started to see many more tomponents

or models that our decision making depends on

being driven by data

These are all predictivemodels
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let's abstract these model architectures a little bit so

we can unify our discussion In general prediction

problems look something like this

predictor
of x y

prediction

diagnosis if sick healthy

featurereitor future Xing positionsofhuman
health measurement ofE R predhoriz

like temp bloodpressure

Yes.ee eedEgE Eei In
But wait how ectan is the model f about its

prediction These predictive models will interact with

downstream deeeeakngmedlesce.gg a doctor

who looks medial diagnosis a robot planner that

looks the predictions of where the human will move

What we may want is something like a confidence

statement

f x 5 AID P y j x

exc 85 confident that person is sick

Our goal is to know what our

predictive models dnt know



Two Types of uncertainty
we first need to define what is uncertainty

E.EE IIII eii i
uncertainty that is irreducible even if you.itffsEfign
collect more data

only way possibly around it in to one itÉ
ext train NN
to learn decision
boundary classifier
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high aleotori uncertainty in region b c there is fundamental

overlap between the distributions green pts in red redpts ingreen

Suppose the data is linear w GaussianNoise

yn N at bx 02

tthe optimal estimator is linear regressor y arts
As we add more data I and's a b So the

Went.EE nImdddakeIsefhiere is oz the inducible

train iiiiwithsacred loss



2
EP.is I to deal with beause it relates to a

lack of data experience observations

always reduced by collecting more data

region ofhigh

ites
where our
model made
predictions but
has no data X
to be guided
with

If you were to train this model
w different seeds you get slightly
different solutions High epistemic

uncertainty41 no data toguide
our model's predictions

It's important to understand these differences in uncertainty
but in practice it very hard to know the difference

for most of these lectures we will brush this distinction

under the mg a bit and say uncertainty is high
when either type of uncertainty is high



Notation Assumptions

For these leitures we will assume that there is a

fixed unknowner distribution that generates data

y Ply 1 5
features

timelabels

we get to set simple from this dataset our

training data

D xi yin
we fit a model to recover the ground truth distribution

f x plylx PCylx

modeling Paradigms

Broadly there are two modeling schools of thought

Eulsm and Bessie There are many philosophical

debates we could have about these but an intuitive

separation comes from where we model randomness as

coming from



1 FREQUENTIST randomness comes from data samplingdist

What this translates to in terms of learning is MLE

folk Pfixion
insane

argyya log p yilxi.jo

FREQUENTIST IDEAL UQ

IDEALLY under this paradigm if I have a really bigmodel

and really big dataset etc we can quantify uncertainty

by simply looking at the model probabilities

i e assume learning worked really well so

p 51 18 Ply 5 x

here uncertainty quantification appears trivial e g if you
have a classifier p g x d then you can look

at the softmax output layer and read out

pdg
0.9

E.E.IEfiiti I
rang gets

X probabilities

So are we done



Frequentist learning Limitations

In practice as you may have experienced yourself
we on't usually rely on these probabilities directly
ex from Guo et al ICML 2017 on calib of ModernNNs

if sifiate

softmax outputst

piffle is atite naiadiasel tity on

old model is evenly distributed confidence new model has higher

avg.ff.ly matches accuracy accuracy 70017
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2 BAYESIANISMI randomness influenced by prior distribution
over model parameters

Bayesian learning comes from first defining a priordistribution
over model parameters p O which jumpstarts you
learning it can constrain your solutions

to certain

plausible solts You multiply your priorby your
e this is where your model comes in

i o and then you normalize toget a

posterior distribution that has updated now you got some

data note here we alsone Ki yi are

PE.io an

sma

PIND
Normalizingconstant is the hard part about Bayesian learning

it requires you to integrate over all possible alternative params

p o If p yilxi 0 marginallikelihood
C p Xinyi

IPG p yilxi 8 do Sop xi.si o1

WhenO is parameters of NN this is a high D integral

P B
PIB Al PIA

Renal Bayes Rule P A B P A B

P B



Bayesian IDEAL UQ

Assuming you could solve the normalizer then given a

new data point x ̅ you can compute the 1Apr bpig
Peter Entire distiffimgffi.EE iii hnano.atOdependson D

ply x ̅ D Sop 515 07
stisation

youwould use this to makepreds
b 1 all the uncertaintyyour model

has over differentmodels in the posterior are accounted for
Under heart perfect learning use post pred dist as

your ground truth probabilities
p y x ̅ D P y y Ix

You can report confidencejust like before

Bayesian learning Limitations

mostly computational integrating over params hard forNNS
and so computing normalizer or posteriorpred dist is hard


