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Why Bayesian deep learning

* AlexNet: 60M parameters

* VGG: | 38M parameters

* GoogleNet: = 5M-23M parameters
* ResNet50: 25M parameters

* ResNetlOl: 44M parameters

* DenseNet|90: 40M parameters

* Used to learn at most | M data points.
- Overfitting

- Over confident predictions



Why Bayesian deep learning

* Over-confidence (Goodfellow et al. 2015)
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* “Deep nets easily fit random labels.” (Zhang et al. 2017)
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Why Bayesian deep learning
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* To calibrate the predictions’ confidence

* To avoid overfitting

* Dropout...



Dropout
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Dropout

* Bernoulli Dropout (Krishevsky et al. 2012)

- multiplying a neuron with a Bernoulli random variable

* Gaussian Dropout (Srivastava et al. 2014)

- multiplying a neuron with a Gaussian random variable ~ N (1, 1)

* Variational Dropout (Kingma et al. 2015, Blundell et al. 2015)

- Learn by a Gaussian perturbation of the weights ~ N (w, o)

* MC Dropout (Gal and Ghahramani 2015)
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Why Bayesian deep learning

* Over-confidence (Goodfellow et al. 2015)
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* “Deep nets easily fit random labels.” (Zhang et al. 2017)
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Approximated posterior
* Bayesian perspective p(y|r,S) ~ [ q(w|S)p(y|z,w,S)dw

q - approximated posterior

Model In-dis. Out-dis. Train loss Trainacc. Testloss Testacc. Trainent. Testent.
Softmax (0.1) CIFAR-10 SVHN 3.78 0.123 3.86 0.115 1.51 1.54
Softmax (0.3) CIFAR-10 SVHN 3.55 0.112 3.60 0.106 1.51 1.52

MC (0.1) CIFAR-10 SVHN 3.79 0.123 3.87 0.115 1.50 1.53
MC (0.3) CIFAR-10 SVHN 3.55 0.112 3.60 0.105 1.51 1.52
VARDO (0.1) CIFAR-10 SVHN 2.47 0.112 2.49 0.099 2.15 2.16
VARDO (0.3) CIFAR-10 SVHN 3.45 0.091 3.54 0.094 1.71 1.75

softmax: high loss & low entropy = over confidence

variational dropout : low loss & high entropy = calibrated confidence



Why Bayesian deep learning

* Over-confidence (Goodfellow et al. 2015)
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* “Deep nets easily fit random labels.” (Zhang et al. 2017)
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PAC-Bayesian bounds

generalization train error test error

1 « ﬂ
Gs(w) — E Zp(y”&‘xww) - 4”(CE,y)ND logp(y\x,w)
1=1

* Bayesian perspective p(y|z,S) = /q(w|S)p(y\x,w,S)

1 ™m
g Gs (w)] ~ log p(ylz, §) — — ;bgp(yim S)

q - approximated posterior



PAC-Bayesian bounds

* PAC-Bayesian generalization bound (Donsker 1975,
Shawe-Taylor and Williamson 1997, McAllester 1999)

log Ky~p,5~Dm [GAGS(w)] + K L(q||qo)

Cwng|Gs(w)] <

q - approximated posterior

do - prior

* Proof sketch:
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and taking the logarithm of both sides...
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PAC-Bayesian bounds

* PAC-Bayesian generalization bound (Donsker 1975,
Shawe-Taylor and Williamson 1997, McAllester 1999)

log

ﬂwwp,SNDm [GAGS(w)] T KL(Q| |QO)

Cwng|Gs(w)] <

A

q - approximated posterior

do - prior

* “Deep nets easily fit random labels.” ?!?

Model Train loss Trainacc. Testloss Test acc. KL
MNIST
VARDO w/o KL 0.04 0.986 13.77 0.11 54447932
VARDO w KL 2.32 0.112 2.31 0.12 5558

Fashion-MINIST

VARDO w/o KL 0.01 0.997 12.97 0.09 28423410
VARDO w KL 2.31 0.124 2.31 0.13 261

Dziugaite & Roy 2017, Molchanov et al.2017



PAC-Bayesian bounds

log

learner learning
complexity complexity

twmp,SmDm [GAGS(w)] T KL(C_]‘ |C]o)

Cwng|Gs(w)] <

A

q - approximated posterior

do - prior

* | earning complexity determined by the training data

* Learner complexity determined by the architecture



PAC-Bayesian bounds

log
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learner learning
complexity complexity

twmp,SmDm [GAGS(w)] T KL(C]‘ |C]0)

A

q - approximated posterior

do - prior

* | earner complexity is determined by gradients flow
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PAC-Bayesian bounds

* | earner complexity is determined by gradients flow
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PAC-Bayesian bounds

* shallow vs. deep

2 s log p(y|z;w)
S22 B e |1V log plylzsw) | [y <2500 da|

4‘|
JquO

MNIST CIFARIO

Linear 66.23 2983.87
2 layers | .48 1.00
3 layers .02 1.00
4 layers .00 1.00

5 layers .00 1.00
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Bayesian deep learning

* Discriminative learning

- approximated posterior: confidence measures

- PAC-Bayesian bound: learner & learning complexity

* Generative learning

- discrete variational auto-encoders
- Gumbel-max perturbation models
- structured latent spaces

- semi supervised setting

* Reinforcement learning

- approximated posterior: confidence measures

- PAC-Bayesian bound: learner & learning complexity

17



Generative Learning

e Discrete variational auto-encoders




Variational Auto-Encoders

* Reznde et al. 2014, Kingma and Welling, 2014

generated image & ~ py(z|2)

representation =z

Input image «



Variational Auto-Encoders

log 1+ <E.. log
og <E,,, log
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- K L(qs(21)|[po(2))

generated image & ~ py(z|2)

representation z ~ ¢y (2|7)

Input image



Variational Auto-Encoders
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Variational Auto-Encoders

1 1
log < [E,q, log - K L(gy(2]2)||pe(2
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po(alz) = /@

4y (2|z) = e
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Variational Auto-Encoders
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* Learning using gradient descent
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Variational Auto-Encoders
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* | earning using gradient descent

Vg

DY log pg(x|z) = 432NQ¢V¢(51:, 2)0(z, z)

- the gradient V¢ (x, z) is stretched by 6(x, z) - high variance

- reducing the variance using Gumbel perturbations
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Discrete variational auto encoders
gp(2]x) = )

* Theorem: (Fisher 1928, Gumbel 1953, McFadden 1973)

Let v(z) be i.i.d. with Gumbel distribution with zero mean
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Discrete variational auto encoders

qs(2|7) = e?1*?)

* Theorem: (Fisher 1928, Gumbel 1953, McFadden 1973)

Let v(z) be i.i.d. with Gumbel distribution with zero mean

___—t+c

G(t) = Ply(z) <t] =e”*

045 - (3aussian
- == Gumbel




Discrete variational auto encoders

qs(2|7) = e?1*?)

* Theorem: (Fisher 1928, Gumbel 1953, McFadden 1973)

Let v(z) be i.i.d. with Gumbel distribution with zero mean

then

e?(@:2) P.., 27 = 2]

27 = argmax{(, 2) +1(2))]
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Discrete variational auto encoders

* Gumbel perturbation models

247 = argmax{6(z, 2) +7(2))]

4:ZNQ¢ log pg (:U‘Z) — 437“’9[6)(377 ZQH_W)]

* But argmax derivative is not informative

Z¢+7

> ¢
28



Discrete variational auto encoders

* Gumbel perturbation models

247 = argmax{6(z, 2) +7(2))]

4:z:rvng log pPo ('CU ‘ Z) —

Ly~ g 0(z, qujw)]

* Gumbel-Softmax (Maddison et al. 2016, Jang et al. 201 6)
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Direct optimization

* Theorem

Vo
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Direct optimization

* Theorem

VoE, [0(z,2%17)] = lim

* Proof sketch

G(w, €) = E,[max{ed(x

z

1

ol

e—0 €

%)

o(x, 2; w)

000G (w,0) = Vo, E, [0(x, 2217

1

0.0,G(w,0) = lim — (£, |V, o(x,

e—0 €

0w 0.G(w, €) = 0.0, G(w, ¢€)
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Bias

0.000020 -
0.000015 A
0.000010 -
0.000005 A
0.000000 -
—0.000005 A

—0.000010 -

* Blue: Gumbel-Max perturbation model

Bias/Variance tradeoff

bias

— direct
GSM

\\\’\’M

0.2

04 0.6 0.8 10
epsilon / tau

0.005 -

0.004 A

0.003 -

std

0.002 -

0.001

0.000 H

variance
- direct
GSM
\
0.‘2 0414 0.'6 0.'8 1,'0
epsilon / tau

* Yellow: Gumbel-Softmax approximation
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Evaluating discrete VAEs

MNIST
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Structured VAEs




Structured VAEs
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Semi-supervised VAEs
[0z, 22T+ )

(x,2)ES1

L [0(z,2°T)] + > K L(qy(2]2)]|pe(2))
r€ES

flez3sda07 8
6 1 43 549075
el 23949575
b /23847573
6\ 2329449027208
e \23¥49 075
b | ALs49 5678
unsupervised semisupervised
MNIST Fashion-MNIST
accuracy bound accuracy bound
#labels | direct | GSM | direct | GSM | direct | GSM direct GSM
50 92.6% | 84.7% | 90.24 | 91.23 | 63.3% | 61.2% | 129.66 | 129.813
100 95.4% | 88.4% | 90.93 | 90.64 | 67.2% | 64.2% | 130.822 | 129.054
300 96.4% | 91.7% | 90.39 | 90.01 | 70.0% | 69.3% | 130.653 | 130.371
600 96.7% | 92.3% | 90.78 | 89.77 | 72.1% | 71.6% | 130.81 | 129.973
1200 | 96.8% | 92.7% | 90.45 | 90.37, | 73.7% | 73.2% | 130.921 | 130.063




Bayesian deep learning

* Discriminative learning

- approximated posterior: confidence measures

- PAC-Bayesian bound: learner & learning complexity

* Generative learning

- discrete variational auto-encoders
- Gumbel-max perturbation models
- structured latent spaces

- semi supervised setting

* Reinforcement learning

- approximated posterior: confidence measures

- PAC-Bayesian bound: learner & learning complexity
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Reinforcement learning

by Eaby Al Game Y.V,




Reinforcement learning

Envzronment

\ '%Ward
Interpreter
% =l

Agent

Action
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Reinforcement learning

a; ~ 7mo(- | s¢) for t € {0,...,T — 1}

CL‘S HTF@ at|8(ao At — 1))

T, Sev1 ~ P(oy - | ag, s¢) for t € {0,..., T — 1}

T—1

pg(a,s,r) — H 7T9(at ‘ St)p(rtast—l-l | St,CLt)

t=0
T'—1

ba,s,repg Z”’“t = Espr [R(a#"t, 9)]
=0
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A* sampling

* Theorem: (Luce 1957, Maddison et al. 2014)

Let v(z) be i.i.d. with Gumbel distribution with zero mean

___—t+c

G(t) = Ply(z) <t] =e™*

then

ma[0(z,2) + (2]}
297 = arg mgx{gb(x, 2)+v(2)}

are conditionally independent
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Direct optimization for policy gradient

* A* sample of trajectories

A A ag=1 /‘ iao={2-3) ag=1 /‘ ;%42-3}
OO0 o)
a=012/ \a=3 actt) \a=3

@ 0@ ) (@) o O

(a) State-reward tree (b)) Gumbels for trajectories  (¢) Gumbels for regions  (d) Returns for regions

\/9 ‘gSNP,F [R(alog H9+F, S)} —

1
~Espr [Volog(asMe !+ 1 §) — Vylogy(a't ot | S)] .
€

* Prioritizing trajectories with high perturbed reward
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Reward
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Direct optimization for policy gradient

* Over the mini grid environment
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Risk Sensitivity

* The gradient computation

1

~Es~pr [V@ log Hg(alog Hotl'tek | S) — Vylog H@(alog Ho+I | S)] .
€

is realized from the inference function

N 1 ]
G(@, 6) — {'SNP — 10g ( 4:aNH9(-|S) [exp(eR(a, S))])

| €

* This function encapsulates the risk/reward tradeoft:

€

L5 Pantly(15) [B(a: )] + SBswpvaran,(.s) (R(a, 5))] + O(€)

* positive ¢ — risk seeking, negative ¢ — risk avoiding
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Risk Sensitivity

deep sea treasure
(Nguyen 2018)
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Bayesian deep learning

* Discriminative learning

- approximated posterior: confidence measures

- PAC-Bayesian bound: learner & learning complexity

* Generative learning

- discrete variational auto-encoders
- Gumbel-max perturbation models
- structured latent spaces

- semi supervised setting

* Reinforcement learning

- approximated posterior: confidence measures

- PAC-Bayesian bound: learner & learning complexity
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