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Introduction
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Introduction
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e Deep ensemble
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Deep Ensembles

e Problem setup

¢ NN iid 2 TAE CIOEIM D = (xp, yu)Voy I
° yER ’yE{l’...’K}

+ Input feature x7} FOIX|21, 20|Z0f it SHEX 0 2 po(y|)E 2B

e High-level summary

1. Properscoring rule2 82 7|&0 2 AE

2. Adversarial Training= AR5t 0| 22 HESE

MAIN LAB | MACHINE INTELLIGENCE AND NETWORKING LAB



Deep Ensembles

e Proper scoring rules

« scoring rule2 0= S=2t4d 28 =80= &=

« Proper scoring rules= & 0| =l 2t& 210 CHsl| & =2 7|t i 22 = U EE HAHE =2 Fe

Scoring rule function = S(pg, (¥, x)) Proper scoring rule : S(pg, q) < S(q,q) &2 THE A
« SETFME yIx ol Chist o= 22X pg(y|x)2l 2X - Expected scoring rule = S(pg,q) = [ q(y,x) S(pg, (v, x))dydx

* (with equality if and only if pg(y|x) = q(¥|x) )

« L(6) = —S(pg,q) = Z|22}5F NN o5
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Deep Ensembles

e Training criterion

D@ IONIpe(Y1X) = B |log ] >0
+ Maximizing likelihood : S(pe, (y1x)) = logqe (¥1x) = Eq[logq(Y|X)] — Eq[logps(Y1X) 2 0

Eqllogq(Y[X)] = E4[logpe (Y|X)

* Gibbsinequality. Dy (P .1 _>0
e (PlIQ) = ZP o8 E,[q(Y1X)loga(YIX)] = Eq [q(Y|X)logpe (Y|X)

* S(9,q) = Egunqy1x)logpe(ylx) < Egnq(yIx)logq(ylx)

Regression(NLL) Classification(Brier score)

loga§(x) (v — ue(®)’ k15 (s — Klx)?
—logpe(ynlxn) = > + 202 (x) + constant. k=1( k=y —Po(y = k|x))
0
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Deep Ensembles

e Negative Log Likelihood
Outpt{t unit Variance unit
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Deep Ensembles

e Adversarial training

 Adversarial training2 E¢lj 0| 22X 2 HESI S = US
» Fast Gradient Sign Method(FGSM)Z X|A|

- HESRIOt &8 B7ME 2580l 2 YYo= I MZ2 23 oK 44

x' = x + esign(V,£(0,x,y))

* Adversarial training &9

“Yield Sign’”

Authentic Adversarial Adversarial
Input Perturbation Input
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Deep Ensembles

e Ensemble
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Deep Ensembles

e Ensemble

« DR IISKZ HEEH Y= 22 Model 1

« MO H|SE M 2E2| mixtureE Edl| 0|S 2 A=

Model 2

uo

O-Z(x) =M1 Zm(ffzem(x) + :uzgm(x))_ :uz*(x)

1O = MY g, (1)

Model M
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Deep Ensembles

Algorithm 1 Pseudocode of the training procedure for our method

1: > Let each neural network parametrize a distribution over the outputs, i.e. pg(y|x). Use a proper
scoring rule as the training criterion ((0,x,y). Recommended default values are M = 5 and
e = 1% of the input range of the corresponding dimension (e.g 2.55 if input range is [0,255]).

2: Initialize 61,05, ..., 0, randomly

3: form=1:Mdo > train networks independently in parallel

4: Sample data point n,,, randomly for each net > single n,, for clarity, minibatch in practice

5:  Generate adversarial example using X, =x,, +e€sign(Vy, (0. %X, Yn,.))

6: Minimize £(0,,,. X, s Yn,,) + (0. X, . Yn, ) WLt 0, > adversarial training (optional)

1. properscoringrules 82 7|Z2Z AR

2. ZtUIERIZ ofEt0jE &0t

3. MIS|HESZES gt > 2 HET= SYUHOR WA At Y
a. HHEHSHA 2t HES/3 H|O|EAl 1=
b. HCHA Of|x| 4

C. LossE %X|A3} S E Of2t0|E otE
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e Evaluation metrics and experimental setup

NLL

loga§(x) , (v - 1o ()’
2 204 (x)

—logpg Ynlxyn) = + constant.

Brier score

K
K1) @imy = Po(y = K[))?

- Regressiont Classification2 5 NLLE At28}0] 0| S84l S T}
« Classification0|X]= 272 accuracy®} brier scoreE A4t

* Regression0j|A= =712 RMSEE 2|4t

@) SEJONG UNIVERSITY MAIN LAB | MACHINE INTELLIGENCE AND NETWORKING LAB



e Toy datasets 224 =H
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e Ensemble ¥ Adversarial training

. MNISTQ| Z2 MLPE 0]

18

16 |

1.4

1.2

1.0

0

@8 SEJONG UNIVERSITY

Classification Error 0.14 NLL
Ensemble Ensemble
Ensemble + R 0.12 Ensemble + R
Ensemble + AT Ensemble + AT
MC dropout 0.10 MC dropout
0.08
0.06
0.04
0.02
5 10 15 0 5 10

Number of nets

(a) MNIST dataset using 3-layer MLP
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(b) SVHN using VGG-style convnet
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e Accuracy as a function of confidence

v ply = kix) : &3 x0f| Cislf HEQII0F 2 SeiA kol £ =&
v Confidence : max,p(y = k | x)

v Accuracy : Confidence > 7 QI M2t ZEZI (0 <7 < 1)

« Unknown class2} known classE 25 HAE
*  MC-dropout2 =2 22|20 2 H2teE HY

« Deepensemblel| F2 OS2 HHEE EHSE
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Conclusion

< Ol= S2ad EetE flet UEotL = o HIH|O[X[2F S&49 A2t
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v S HEQIT o0 Cisst 917 J|r

L)
(@] [
v' De-correlation

v’ Stacking(¥d= 7t

of
>t
2
o

v’ Distillation(2& T3}

v Implicit Ensemble

@) SEJONG UNIVERSITY MAIN LAB | MACHINE INTELLIGENCE AND NETWORKING LAB



AL

EJONG UNIVERSITY MAIN LAB | MACHINE INTELLIGENCE AND NETWORKING LAB



	슬라이드 1: Simple and scalable predictive  uncertainty estimation using deep ensembles
	슬라이드 2: 발표자 소개
	슬라이드 3: 목차
	슬라이드 4: Introduction
	슬라이드 5: Introduction
	슬라이드 6: Introduction
	슬라이드 7: Introduction 
	슬라이드 8: Introduction 
	슬라이드 9: Deep Ensembles
	슬라이드 10: Deep Ensembles
	슬라이드 11: Deep Ensembles
	슬라이드 12: Deep Ensembles
	슬라이드 13: Deep Ensembles
	슬라이드 14: Deep Ensembles
	슬라이드 15: Deep Ensembles
	슬라이드 16: Deep Ensembles
	슬라이드 17: Experiment
	슬라이드 18: Experiment
	슬라이드 19: Experiment
	슬라이드 20: Experiment
	슬라이드 21: Experiment
	슬라이드 22: Conclusion 
	슬라이드 23: 감사합니다

