Chapter 1: Bayesian Inference in the Age of Deep Learning
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Chapter 2: Fundamentals of Bayesian Inference
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True distribution

Sample distribution: 1000 samples
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Plot of Bayesian linear regression
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Plot of Bayesian linear regression
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Samples from posterior distribution

=3

X

Sine wave

1.00 A

0.75 1

0.50 4

0.25

0.00 4

—0.25 1

—0.50 4

—0.751

—1.00+4

T T T T T
0.0 2.5 5.0 1.5 10.0 12.5 15.0 17.5 20.0

Samples from posterior distribution with periodic kernel and p=1

-1

-2 4

-3




Samples from posterior distribution with periodic kernel and p=6
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Samples from posterior distribution with periodic kernel: p=6 - 10 observations
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Target function vs GP predictions - 5 observations
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Chapter 3: Fundamentals of Deep Learning
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Input image —> Feature map
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Reliability plot
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Chapter 4: Introducing Bayesian Deep Learning
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Deep Bayesian
Learning inference
Advantages: Advantages:
e  Scales to huge volumes of data e  Well calibrated uncertainty estimates
e  Scales to high dimensional data e  Better generalisation
e Learns compact feature representations e Robust to dataset shift
from complex data e  More robust to adversarial data
Disadvantages: Disadvantages:
e  Poorly calibrated uncertainties, or no e  Typically requires pre-engineered
uncertainties features
e  Performance varies under dataset shift e  Scales poorly to large volumes data

Weak to adversarial attacks e  Scales poorly to high dimensional data
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Gaussian likelihoods with increasing o?
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y
Input value Ideal parameter Predicted output value Target output value Loss
4.8 5.00 (4.8*4.92)=23.616 24.00 0.384
51 4.90 (5.1 *4.92)=25.092 24.99 0.102
4.9 4.80 (4.9*4.92)=24.108 23.52 0.588
4.4 4.8 (4.4*4.92)=21.648 21.12 0.528
5.2 5.1 (5.2 * 4.92) = 25.584 26.52 0.936
Average parameter 4.92 Average loss 0.5076
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Chapter 5: Principled Approaches for Bayesian Deep

Learning
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Chapter 6: Using the Standard Toolbox for Bayesian Deep

Learning
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Chapter 7: Practical Considerations for Bayesian Deep

Learning
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Chapter 8: Applying Bayesian Deep Learning

Original image Shot noise, level 1 Shot noise, level 5
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Starting position Possible action 1

The agent gets closer to the target, so
receives a positive reward.

Possible action 2
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Chapter 9: Next Steps in Bayesian Deep Learning

100 search term
—— bayesian deep learning: (Worldwide)
-~~~ bayesian neural network: (Worldwide)
80 L . .
''''''' variational inference: (Worldwide)
z 601
<
=)
a
8 404
201
0 -
month
100 search term A
—— deep learning: (Worldwide) :\|
aod "7 neural network: (Worldwide) : :
------- deep neural network: (Worldwide) : ||.
11
I "r\
2 60 0 i
= - I ]
o \ AW Mo
3 AV ;o
2 404
20 - -
0 -
y ! y
Dense layers —— {0 [ [
1
——{ I I
- T T
[
Dropout layers ------i
——— (I ]
1

e -

Aggregated output ‘*
[ o |




citations

6000 A

5000 ~

4000

3000 ~

2000 A

1000 +

BBB Ensembles MC Dropout PEP
paper

@® Data point selected for model

= Mean predictions from model



Output
probabilities

( Softmax )

F 3

( Linear )
T

i |
I | |
o [ — N ( Feed forward ) |
! —>( Add & norm ) ! | '
| [ I 17 |
| | | | ( Add & norm )1— |
| ( Feed forward ) | : [ |
: f : I Multi-head ] |
i |
| —P( Add & norm ) | | ¥ a;ten‘non* |
| [ | ' | |
| Multi-head | | |
I attention I : ( Add &I horm )‘_ |
| A [
I T——T I | Masked :
N ——— | multi-head |
. | attention |
Positional 9 |
encoding | 4 2 3 :

Input 6 Positional
embedding + encoding
T [ Output ]

Input embedding

Output
(shifted right)



