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1. Why Do We Care About Uncertainty?



Case Study |: Self-Driving Cars

Image Depth Prediction Depth Uncertainty
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Bonus |: Multi-Armed Bandits
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“A Modern Bayesian Look at Multi-Armed Bandit”
Scott (2010)






2. Types of Uncertainty



GPR predictions GPR predictions
f(x) = x*sin(x) A f(x) = x"sin(x)
1 95% prediction interval 95% prediction interval
#  Observations #  Observations




Regression Task with No Uncertainty

y =f(X)+ e
Nx1 Nxk Nx1

= argr}leiIIFlL(y,f(X))



Regression with Learned Variance
Y = p(x;) & &~ N(O,az(mi)> V1

f* = arg max { Zf(yz';u(:vz’), 02(%’))}

p,0?



What about model/parameter uncertainty?



Good OI' Linear Regression Model
y=XB+e e~N(0,0°Ik)
B=(X"X)"'X"y




What Exactly Did We Lose?

V(y, —aTB) = 6227 (XTX) e, + 62

Epistemic Aleatoric



Uncertainty?

Aleatoric Epistemic



Consumption

Confidence Intervals for GDP Responses to a Government Spending Shock
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3. Modelling Uncertainty in Modern ML



The Classical Gold Standard - MLE

y ~ p(y|f) — 0 = argmax { logp(ym)}

- 0°log p(y|0) |
000071 0=0




2.1. The Infinitesimal Jackknife for Random Forests. In order to estimate o2 (/g),
we use the infinitesimal jackknife (or non-parametric delta-method) estimator Vi

for bagging introduced by Efron [15]. This estimator can be computed using a par-
ticularly simple formula:

(5) Vis (@5 21, oy Zn) = Covi [T (z; 25, ..., Z), N},

=1




Bayesian Inference

Likelihood: D ~ p(D|0)
Prior: 6 ~ 7(0)
Posterior: 7(0|D) o w(0)p(D|0)



Posterior Computations

Markov Chain Monte Carlo Variational Inference




Case Study I: Monte Carlo Dropout

Dropout Variational Inference
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“Dropout as Bayesian Approximation”
Gal et al. (2015)



Case Study I: Monte Carlo Dropout (Cont.)

(a) Input Image (b) Ground Truth (c) Semantic Segmentation (d) Aleatoric Uncertainty (e) Epistemic Uncertainty

“What Uncertainties Do We Need in BDL for CV?”
Kendall et al. (2017)



Case Study II: Clustering with Dirichlet Processes
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Challenges of Bayesian Inference

1. Computationally intensive:
a. Computational power and memory can be expensive.

b. Challenging real-time computations.

2. Complex computations:
a. High barrier to entry for beginners.

b. Are people willing to trust it?



4. Characterising Model Interpretability



Why Do We Even Care?

e Trust:
—  Without trust, adoption rate will be low.
— Can we legally deploy a black box?

e Causality:
— Are we capturing the real policy effects?
— More understanding equals better “debuggability”.

e External validity:
— Do we introduce feedback loops?

— Real pattern or data leak? “The Mythos of Model Interpretability”
Lipton et al. (2016)
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Case Study Il: Google’s “Racist” Algorithm
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Interpretations matter because we cannot encapsulate
our objectives into a mathematical functions.



How Do We Characterise Interpretability?

e Transparency:
“| can simulate the algorithm in my head.”
— ‘| can break the algorithm down into smaller intuitive pieces.”

e Post-hoc explicability:
— "l can tell you why the model behaved that way.”
— ‘|l know of other instances where the model behaved that way.”

“The Mythos of Model Interpretability”
Lipton et al. (2016)



5. Unboxing the Black Box



Case Study I: LIME

Example #3 of 6

True Class: . Atheism

Algorithm 1
‘Words that A1 considers important: Predicted:

GOD . Atheism

mean| Prediction correct:
anyone] J
this|
Koresh|
through|
Document

From: pauld@verdix.com (Paul Durbin)
Subject: Re: DAVID CORESH IS! GOD!
Nntp-Posting-Host: sarge.hq.verdix.com
Organization: Verdix Corp

Lines: 8

Algorithm 2
‘Words that A2 considers important: Predicted:

Posting| . Atheism

Host] Prediction correct:
Re J
by,
in)
Nntp|
Document

From: pauld@verdix.com (Paul Durbin)
Subject: Re: DAVID CORESH IS! GOD!
Nntp-Posting-Host: sarge.hq.verdix.com
Organization: Verdix Corp

Lines: 8

“Why Should | Trust You?”
Ribeiro et al. (2016)
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Case Study Il Influence Functions

Diagnostic Plots
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Case Study Il Influence Functions

Label: Fish ) _ _ ’ Label: Fish

s

A small
perturbation
to one
training
example:

Can change
multiple test
predictions:

Orig (confidence): ) Dog (97%) Dog (98%) Dog (98%) Dog(99%) ' Dog (98%)
New (confidence): Fish (97%) Fish (93%) Fish (87%) Fish (63%) Fish (52%)

“Understanding Black-box Predictions via Influence Functions”
Koh and Liang (2017)



Conclusion

e Modelling uncertainty and interpretability are extremely valuable:
—  Uncertainties are required to fully inform decisions.
—  Black boxes become blockers in many cases.

e Epistemic uncertainty in modern ML is challenging:
—  Many existing ML methods do not fully account for epistemic uncertainties.
—  Bayesian inference provides a general, principled framework to estimate uncertainty.

e Interpretability is a multi-faceted concept:
— It all boils down to not being able to write our objectives mathematically.
—  We can aim for transparency and post-hoc explicability.
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