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Maximum likelihood (MaxLik)

éML = arggmaxl_[ p(yilx;, 6) @

l
O, = argmin— ) 10gp(yilx, 6)
i

p(ylx,D) = p(y|x, éML)

x:data
|

NN
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e.g. p(¥|x, Oy ) ~N (u(x), o (x))

47

CPD ply|x,a=2.92,b=-1.73)

y (from -40 to 40) in 30 bins

x (from -5 to 5) in 30 bins
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Maximum a-posteriori (MAP)

CPD p(y|x,a=1.62,b=-1.73)

Omap = Argmax 1—[ p(ilx;, 6)p(6) 035

R ; 0.30

Omap =argmin — Z((log p(ilx;, 0) +logp(8)) £ o

i w .
R ’g: 0.20
p(y|x,D) = p(y|x, Opap) 5 /

$ . 0.15
£

MAP converges towards MLE if we have enough £ 0.10
data -
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0.00

X (from -5 to 5) in 30 bins
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Sidebar:

L2 regularisation == gausian prior

p(0)~N(0,02)

92
p(6) =

e 202

2mo?
1 2 1 o2
logp(0) = —Elog(Zna ) — W@

PyTorch implementation of 12 regularisation: syc;gnt dgecay?

dlogp(6) 6
00 o2
= Sweight_decay — ; or Sweight_decay o2 #batch
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Aleatoric vs epistemic uncertainty

simulated data

1 — mean
0 5 lID l|5 2|0 . 2'5% FlrE'l:
X === 07 25% prec.
Aleatoric uncertainty. Aleatoric + epistemic uncertainty.
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Baysian neural networks (BNNs)

Baysian model averaging (BMA)
p(ylx,D) = fp(ylx, 6) - p(6|D)do

p(D18)p(6)
Jp(D|6)p(6)do

p(6|D) =
0.09 " + 0.001 '. + .= /
r(ylx,D)
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Monte Carlo integration
Hackers CPD p(y|x)

p(ylx,D) = | p(ylx,0) - p(8|D)d6 0.30
B

= Ep@010yp(y|x, 0) § 0.25
£

N = 0.20
1 -

[Ep(9|D)P(3’|x» ) ~ N 2 p(ylx, 6;) S} 0.15
6;~p(8|D) Q

é i 0.10
o

“i 0.05

0.00

X (from -5 to 5) in 30 bins
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BNNs properties

- Improved performance
- BNNSs can capture epistemic uncertainty

Hochschule Konstanz

Average NLL (per test point)
N
~J
=]

—— Bayes
MaxLike

0 20 40 60 80 100
Number of Training Points
Prediction performance of ML vs BNNs. The plot
visualizes the NLL of a linear model in a regression
task.
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Sampling approaches

N

pOleD) = [pOles) p@IDIE =5 > pOIk6)

6,~p(6ID)
6;~p(6|D)

« Approximate p(6|D) with samples.

« MCMC Sampling Methods:

Gibbs

HMC (works in high dimensional space)

Metropolis Hastings

RWM

 Does not require to compute [ p(D|68)p(8)d6
« Exact given enough computational time
» Does not work with large parameters
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Markov chain Monte Carlo (MCMC)

N
1
pOlnD) = [ POl 0) - OIS <5 D prIx6)

6;~p(6ID)
0;~p(6|D)

» Markov chain: History doesn‘t matter
* Metropolis Algorithm

1.

a bk w0 N

Hochschule Konstanz

Start with an initial state 6,
Choose a random proposal 6, (e.g 6,~N (65, 1))

P(D|9p)P(9p))

Move to new proposeal with probability min (1, 2(D189)p(85)
S S

Report 6
Repeat step 2-4 until markov chain converge
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Variational inference

P10 = [ pOlx0) - p(OIDIA ~ [ p(r1x,0) - s (0)de — aen
p(6:1]D)
p(6|D) ~ q;(0) =

« Aim: approximate a complicated posterior p(6|D)

with a simpler one q;(0). e
» A defines the variational parameter —
« Sampling from variational distribution is then

straight forward —
« Challenge: Tune A until variational distribution is as

close as possible to the real posterior distribution — \‘

0 100 200 300 400 500

61
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Variational inference

p(@|D) = q,(0)
* Replace weights with a variational distribution
« E.g. Every weight is Gausian = q;(0) = N(u, o)
* A=(o0)
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Variational inference optimization
Minimize reverse KL-divergence
KL[q:(O)|Ip(81D)] = [ 42(6) log 5755 o

4

A" = argmin{KL[q,(8)|Ip(6)] — Eg~q,[logp(D|6)]}
KL Averaged NLL

* Solve A* with SGD
* Approximate Eq_4,[logp(D|6)] with a single sample each SGD step

ss_ki
ssssss

https://www.youtube.com/watch?v=MC 5Ne3Dj6q
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https://www.youtube.com/watch?v=MC_5Ne3Dj6g

Reparameterization trick
(2013, Kingma and Welling)

loss
i

How to propagate the gradient through
sampling? :

N(Ma, Ua) = Ug T Oq " €,
E~N(O,1)

(Ha ) (0a )
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4 b‘\‘ [ ) \ ‘/ ’\‘
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Difference between forward and

backward KL
(©)

Blue lines represents the bimodal distribution and the red contours represents the approximated single Gaussian
distribution. The left figure shows the result from the forward KL and the other two visualizes the results from the
backward KL-divergence. Figure is taken from Bishop (2006).
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MC-Dropout

(Gal et al., 2016)

Use Dropout during training and inference

p(ylx,D) = f p(ylx,0) -p(8ID)dd a o o o o o o e

\

/
[/// ><\‘/ A /

~ f p(ylx,0) - qs(0)do \\{\ .,'»_.\
. SR s
1 g DS
<70, P01 0 e d
t=1 .
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DeepEnsembles

(Lakshminarayanan et al., 2017)

Kaggle wisdom: several models are better
M
1
p(ylx, D) = jp(ylx,e) -p(8|D)do = MZ p(ylx, 0;)
i=1

* Initialize M models independently
« Train each model independent
« Training with adversarial examples (not necessary)
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SWAG

(Maddox et al., 2019)

Extension of Stochastic Weight Averaging (SWA) (Izmailov et al., 2018)
Use Gaussian distribution for weights

Algorithm:

* Pretrain model

* Retrain model and compute statistics after each epoch:
«  SWA =>» compute g4
*  SWAG = compute 8, 2444 OF 0, 10w —rank

M
1 _
pOr1xD) = [ pr1x,0) - p(OIDIAO = 2> PO 6D, Gi~N(E,)
i=1

MultiSWAG: Combine SWAG with DeepEnsembles (Wilson et al., (2020))
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Property of SWA - SWAG

SWA argue that they generalize better
Test error (%) Test error (%) Train loss

‘ =50 ¥ > 08832

30 50 0.8832
10 Wsep 10

35 97 [ 35.11 0.4301

= 0.2206

&2 2gag | 2752

23.65 01131

238 ! 2167 0.06024
I
0 21.24 0 - - = = 20.67 1] 0.03422
och 125
20.64 2015 0.02142
I [ I
19.95 10.62 0.00003

—-10 40 -5 0 5 10 15 20 25

Cross entropy loss of train and test loss. Figure taken from Izmailov et al., (2018)
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Is SWAG Bayesian?

(Maddox et al., 2019)

* Use aregularisation as a prior
» Assumes that SGD steps evoke the posterior distribution!?
» Discusse in one of the upcoming journal clubs
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Evaluate the uncertainty BNNs

M
1
p(y|x,D) = jp(ylx,e) -p(0|D)do ~ MZ p(ylx, 6;)

In Regression:

. 1 1 2
»  Variance —¥iL; p(ylx, 6;)% — (— LipWlx, 91))

M
* Quantiles
In Classification:
* Entropy H = -2 p(ylx, 6;)log X p(ylx, 6;)

» BALD [y, 0lx, D] = Hlylx, D] — Eo_, g D)[H[y, x,0]] (Houlsby et al., 2011)
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Regression SWAG vs Mc-Dropout

SWAG

35

3.0

25

20

15

10

0.5

0.0

—0.5

-15 10

Hochschule Konstanz

15

-15

-10

Mc-Dropout

5 10

12.11.2020

15

22127



Comparison

=== DeepEnsemble

. = SWAG_diag
| 5 == SWAG_low_rank
Regression
4
«  MultiSWAG. N
*  Current research question: Which BNNs provide
useful in-between uncertainty? (Farquhar et al. 2020) :
Title Mean from each prediction
® ® train data ¢ ® train data :
® unlabeled data ® ® unlabeled data
3
1
2
1
0
0o L
[
‘only_diag": False
K972 1 41
‘ratio_cov_diag": 0.5
-15 -10 =5 0 5 10 15 -15 -10 =5 0 5 10 15 -15 -10 -5 0 5 10 15
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MNIST Classification

query_strategy
-  BEntropy

~— Random

- BBald

- BVarRatio
model

— Swag
=== McDropout

200 400 600 800 1000
nb_samples

AL performance of McDropout with BALD acquisition function
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Summarize

« BMAis the core of BNNs p(y|x,D) = [ p(y|x,0) - p(68|D)d6

« Model diversity is more important than modelling exact posteriors (Wilson et
al., 2020)

* VI stuck in one mode?! (Wilson et al., 2020) (Stefan MA)

« SWAG performance depends heavily on hyper-parameters

«  SWAG does not model epistemic uncertainty well
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Thanks

For your attention

Most of the figures are taken from the Book ,Duerr, Oliver, Sick, Beate,
Murina, Elvis. Probabilistic Deep Learning: With Python, Keras and

TensorFlow Probability. Manning Publications 2020”.
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