Simple and Scalable Predictive Uncertainty
Estimation using Deep Ensembles
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Abstract
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Background

A. Bayesian and DL
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Background

A. Bayesian and DL
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Background

B. Calibration on ML
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Background

B. Calibration on ML

LeNet (1998) ResNet (2016)
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Background

C. Adversarial Training

@ FGSM : X = x + esign(V,1(0,x,y))

cost

@ VAT : Ax = argmaxpKL(p(y[x)|lp(y]x + Ax))

....... Task decision boundary $2 Training points for class 1 -
Model decision boundary @ Training points for class 2 Adversarial

$8 Test point for class 1 @ Test point for class 2 'mage

” Adversarial example for class 1 @ Adversarial example for class 2 o

Step 1: Generate the adversarial image
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Step 2: Minimize the KL divergence



Deep Ensemble

A. Proper scoring rules
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Deep Ensemble

B. Adversarial training
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Deep Ensemble

C. Ensembles

Parallel Ensemble (i.e. random forest)

@ For input
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@ For output

Classification : Majority voting Regression : Averaging



Deep Ensemble

D. Algorithms

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
€ = 1% of the input range of the corresponding dimension (e.g 2.55 if input range is [0,255]).

2: Initialize 64, 0o, ..., 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,,,, + €sign(Vx, (0m,Xn,,, Yn,.))

6: Minimize £(0,,, X, Yn,.) + (0, X, Yp,. ) WEL O, > adversarial training (optional)

= Ensembles as a uniformly-weighted model
@ For classification @ For Regression
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Experiment

A. Setup and toy example

@ Experimental setup

k
BS =K ™'Y (ti —py = k|x"))
k=1
(where, t, =1if k=y*,and 0 0.w.)

Batch_size 100
Optimizer Adam
Ir 0.1

= Default torch weights
= ¢=0.01, FGSM

@ Toy Example
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y = x° + € ,where e ~ N(0, 3?)

@ 5 networks trained using MSE @ NLL using single network
® @+Adversarial Training @ NLL+Ensemble 5 networks

. Scoring rule NLL O| uncertainty prediction0j] &gt
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Experiment

B. Regression and Classification

1.8

1.6

1.4

1.2

1.0

Datasets RMSE NLL
PBP MC-dropout Deep Ensembles PBP MC-dropout Deep Ensembles
Boston housing 3.01 £0.18 2.97 +0.85 3.28 = 1.00 257009 246 +0.25 2.41 £+ 0.25
Concrete 5.67 - 0.09 5.23 1+ 0.53 6.03 £+ 0.58 3.16 = 0.02 3.04 +0.09 3.06 = 0.18
Energy 1.80 £ 0.05 1.66 = 0.19 2.09 £ 0.29 2.04 +£0.02 1.99 + 0.09 1.38 £+ 0.22
Kin8nm 0.10 £ 0.00 0.10 £+ 0.00 0.09 + 0.00 -0.90 £ 0.01 -0.95 +0.03 -1.20 = 0.02
Naval propulsion plant | 0.01 = 0.00 0.01 £ 0.00 0.00 & 0.00 -3.73 £ 0.01 -3.80 £ 0.05 -5.63 = 0.05
Power plant 412 +0.03 4.02 +0.18 4.11 + 0.17 284 +0.01 2.80 +0.05 2.79 + 0.04
Protein 473 +£0.01 4.36 = 0.04 4.71 + 0.06 2.97 +0.00 2.89 +£0.01 2.83 +0.02
Wine 0.64 = 0.01 0.62 £+ 0.04 0.64 + 0.04 097 +0.01 093 + 0.06 0.94 + 0.12
Yacht 1.02 £ 0.05 1.11 +0.38 1.58 + 0.48 1.63 £ 0.02 1.55 £ 0.12 1.18 +£ 0.21
Year Prediction MSD 8.88 = NA 8.85 £ NA 8.89 = NA 3.60 £ NA 3.59 £ NA 3.35 £ NA
Classification Error 0,14 MLL 00030 Brier Score 14 Classification Error 0.50 MLL 0.016 Brier Score
Ensemble Ensemble 0.0028 | Ensemble — Ensemble — Ensemble — Ensemble
Ensemble + R 0.12 Ensemble + R ’ Ensemble + R 12| Ensemble + R 0.45 Ensemble + R 0.014 Ensemble + R
Ensemble + AT Ensemble + AT | 0.002& Ensemble + AT | — Ensemble + AT — Ensemble + AT — Ensemble + AT
MC dr.':_'l_:“:.'”t 0.10 MC dropout 0.0024 MC dropout 10 | MC dropout 0.40 MC dropout 0.012 MC dropout
. 0.08 0.0022 s 035 0.010
0.0020 0.30
0.06 s 001 B 02 0.008
0.04 0.0016 4 - 3 .20 0.006
5 10 15 002, 5 10 15 000, 5 10 15 ED < 0 9-15D < 0 D-DD"‘D < 0

Number of nets Number of nets Number of nets

(a) MINIST dataset using 3-layer MLP

Number of nets Number of nets

(b) SVHN using VGG-style convnet
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Experiment

C. Uncertainty evaluation
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Experiment

D. Accuracy as a function of

confidence

M | Top-1 error | Top-5 error | NLL | Brier Score
Yo Yo x1073
1 22.166 6.129 0.959 0.317
2 20.462 5.274 0.867 0.294
3 19.709 4.955 0.836 0.286
] 19.334 4.723 0.818 0.282
5 19.104 4.637 0.809 0.280
6 18.986 4.532 0.803 0.278
7 18.860 4.485 0.797 0.277
8 18.771 4.430 0.794 0.276
9 18.728 4.373 0.791 0.276
10 18.675 4.364 0.789 0.275
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