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(Supervised Learning)
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Neural Networks
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A Tragic Loss

The Tesla Team -+ 30 June 2016

We learned yesterday evening that NHTSA is opening a preliminary evaluation into the
performance of Au g a recent fatal crash that occurred in a | S. This is

ver 130 million miles where Autopilo! s activated

the first known fa
Among all vet
a fatality ap,
NHTSA a

worked according to expectations
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there is a fatality every 94 million miles. Worldwide, there is
mately every 60 million miles. It is important to emphasize that the
on is simply a preliminary evaluation to determine whether the system

Following our st

0 rd practice, Tesla informed NHTSA about the incident immediately
after it occurred S

n a divided highway with
>d when a tractor trailer drove across the hi ay perp
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TESLA'S AUTOPILOT WAS
INVOLVED IN ANOTHER
DEADLY CAR CRASH
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TESLA'S LATEST
AUTOPILOT DEATH
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PRIOR CRASH
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Guo et al “On Calibration of Modern Neural Networks” 14
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Senderby et al “MetNet: A Neural Weather Model for Precipitation Forecasting”

Neural Network Forward Pass
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Bayesian Neural Network
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Blundell, Charles, et al. "Weight uncertainty in neural network." ICML2015 17
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Ensembles
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Balaji Lakshminarayanan et al “Simple and Scalable Predictive Uncertainty Estimation using Deep Ensembles” NeurlPS2017 1g
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SWAG (Stochastic Weight Averaging — Gaussian) O/

Stochastic Weight Averaging
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Maddox, Wesley J., et al. "A simple baseline for bayesian uncertainty in deep learning." NeurlPS2019
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Dropout
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Yarin Gal et al “Dropout as a Bayesian Approximation: Representing Model Uncertainty in Deep Learning” ICML2016 20
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Williams, Christopher Kl, and Carl Edward Rasmussen. Gaussian processes for machine learning. MIT press, 2006. 22
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Neural Processes
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Conclusion
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Deep Learning
. =R Moz =2

o o —

- Neural Network=0| 250 W= Z1te| 2=t2d=5 Oldiotdi= = =0| ES

Softmax Calibration
22 Bx|0|AM Neural NetworkS<2 softmax & 2310 25 JEZ £

- Softmax| 30| X &E 1 AHE|7F Y2 0|2 =ESHY| flot :=7F K| Z
9

Bayesian Neural Network
- Neural NetworkE ZEX 2= 0[8l5t7| 23t random?t ensemble 2 47

- Ensemble Z1}E HIE S 2 ZUt=0| Cjet 2&X 05|

Neural Process
- Gaussian Process2t H|==ot gttHo = 2tESX Ol H o

28



Statistical Inference LAB

Optimization and

/i

| BEE Odi7 2+ &8

L O|o]H sid = ?let S

=x

(|

| 21t

=0
D_—

%l
2|

| Sk
1d &2

- Bf'E AR A0 O

=

.S
SALH Eeld

Cl

H

A A}

dlo

[Ho
o
ol
Jjo

<
10

Z0

Kto
ol
51
10
1|
(0]
Ir
e
ol

—r

ud
=N

ol
10
ol
104
KI

IHr

oI
0
ol
70
il

—r

ol

ol
K

110

29

Al

=
L

M
o

=1
o

HOlE 2| MZE = &

F



Thank you
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