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Env Acq Batch || GP | PNEs | MC Drop | Nflows | Nflows Out | Nflows Base
10 1.4340.12 1.39+0.06 1.43+0.1 1.54+0.23 0.48+0.09 0.51+0.17
Hor 25 1.43+0.11 1.44+0.1 1.43+0.08 1.3+0.45 0.31+0.09 0.43+0.11
etero 50 1.41+0.07 1.39+0.07 1.46+0.1 1.39+0.21 0.27+0.08 0.36+0.09
100 1.33+0.06 1.45+0.08 1.44+0.07 0.95+0.33 0.3+0.08 0.38+0.06
10 2.23+0.18 1.49+0.06 1.49+0.03 1.26+0.81 0.74+0.76 0.36+0.07
Bimodal 25 2.02+0.07 1.46+0.05 1.47+0.04 1.21+0.6 0.24+0.04 0.2+0.03
mmoda 50 1.97+0.07 1.5+0.03 1.49+0.02 1.2+0.45 0.22+0.03 0.18+0.03
100 2.3+0.03 1.51+0.05 1.49+0.05 1.07+0.32 0.18+0.02 0.14+0.02
10 7.61+0.21 7.14+0.24 7.93+0.27 8.04+1.07 7.83+1.2 7.67+1.36
Wer Chick 25 7.73+0.17 7.49+0.47 8.02+0.3 8.19+1.03 6.64+0.79 6.25+0.98
et Lhucren 150 7.81+0.12 7.61+0.44 7.95+0.18 8.12+0.78 6.51+0.56 586+092
100 7.71+0.18 7.55+0.46 7.97+0.28 8.06+0.7 6.73+1.06 5.93+1.01
10 24.56+0.21 | 27.29+0.73 | 31.04+0.41 | 26.45+4.61 | 27.62+1.87 | 26.07+2.22
Pondudumno | 23 24.52+0.3 26.43+1.05 | 30.11+029 | 24.86+3.66 | 24.13+1.18 | 23.97+2.16
enautunt-vu - 5 24.68+0.26 | 26.47+1.19 | 29.6+0.26 24444304 | 22864163 | 224514129
100 24.67+0.17 | 26.04+0.94 | 29.0+0.39 23.9+0.93 23.09+1.56 | 21.93+1.17
10 114.840.97 | 122424122 | 125.66+0.98 | 126.87+2.83 | 112.79+1.18 | 114.6+2.14
Hommer-y2 25 113.29+0.62 | 120.3+1.56 | 125.99+0.84 | 123.93+1.84 | 109.31+2.0 | 110.64+1.59
PP 50 112.98+0.71 | 119.82+1.66 | 125.65+0.88 | 122.36+1.36 |-108.59+1.04 |
100 112.27+1.0 | 118.4+1.21 | 12521+1.36 | 119.97+1.91 | 107.74+0.99 | 108.71+1.8
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Env || Acq Batch|| GP | PNEs | MC_drop | Nflows | [Nflows_out | Nflows_base
10 5.02+0.1 | 5.80+0.17 | 5.69+0.17 | 5.57+0.28 |[2.01+0.12 | 2.17+0.1
Hetero 25 5.95+0.06 | 5.91+0.13 | 5.66+0.14 | 4.74+1.57 ||1.93+0.05 | 2.22+0.32
50 5.96+0.04 | 5.88+0.06 | 5.63+0.14 | 5.3+0.63 ||1.92+0.08 | 2.15+0.16
100 5.96+0.04 | 591+0.09 | 5.67+0.13 | 4.18+1.37 ||1.93+0.07 | 2.19+0.18
10 9.19+0.24 | 10.22+0.24 | 10.3+0.27 | 7.69+0.87 ||6.63+0.1 6.61+0.06
Bimodal 25 9.3+0.12 10.12+0.19 | 10.22+0.19 | 9.12+2.13 ||6.62+0.08 | 6.67+0.06
rmoad 50 9.23+0.08 | 10.11+0.14 | 10.19+0.16 | 9.62+2.97 ||6.63+0.11 | 6.64=0.06
100 9.17+0.07 | 10.11+0.13 | 10.15+0.12 | 9.01+1.47 ||6.63+0.04 | 6.72+0.1
10 1.35+0.06 | 1.33+0.09 | 1.3840.08 | 1.32+0.18 ||0.85+0.07 | 0.89+0.09
WorChicken | 23 1.38+0.03 | 1.36+0.07 | 1.39+0.04 | 1.37+0.2 ||0.88+0.12 | 0.96+0.17
50 1.39+0.03 | 1.38+0.09 1.4240.04 | 1.41+0.19 ||0.88+0.09 | 0.89+0.08
100 1.38+0.02 | 1.4+0.08 1.45+0.07 | 1.42+0.21 ||0.9+0.05 0.94+0.07
10 0.57+0.0 | 0.68+0.08 | 1.0+0.06 0.46%0.38 |]0.15+0.1 0.17+0.14
Pondulumo | 23 0.57+0.0 | 0.61+0.02 | 0.84+0.05 | 0.28+0.39 |/0.08+0.04 | 0.09+0.05
50 0.56+0.0 | 0.6+0.04 0.75+0.02 | 0.38+0.44 ||0.05+0.03 | 0.06+0.03
100 0.56+0.0 | 0.6+0.03 0.71+0.01 | 0.2+0.14 [|0.05+0.02 | 0.06+0.04
10 1.81+0.01 | 1.87+0.05 1.86+0.05 1.44+0.76 ||0.48+0.09 | 0.59+0.1
Hommerd 25 1.81+0.0 | 1.86+0.05 1.91+0.1 1.06+0.21 ||0.39+£0.06 | 0.42+0.09
PP 50 1.8140.0 | 1.85+0.03 1.9440.06 | 1.05+0.19 ||0.33+0.03 | 0.36+0.04
100 1.81+0.0 | 1.83+0.01 1.9840.08 | 0.96+0.18 [[0.29+0.02 | 0.31+0.03
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Definitions:
- Regularized feature extractor fy : x — R
- Softmax output predictions: p(y|x)
- GMM density: q(z) = >_, q(z|y = ¢) q(y =
- Dataset (X,Y)

: procedure TRAIN

train NN p(y|fo(x)) with (X,Y)

for each class ¢ with samples x. C X do

e & ] o, To(Xe)

Se ¢ memt (fo(xe) — pe) (fo(xe) — pe)™

IEF ) E R T

v

i BRI B 73
]

mibEE
AREM

2oxe L

end for

end procedure

. function DISENTANGLE_UNCERTAINTY(sample x)

compute feature representation z = fy(x)

YW Lipschitz£)3RBTISIT—1E

c)

compute-density-unfler GMM: ¢(z) = ) |, q(z |

y) a(y) with (2

y) ~ Ny 0y),q(y)

:ﬂ',y

compute softmax entropy: H,|Y |z]

_ _2 P(Y = y|x)logP(Y = y|x)
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‘nrat\

AUROC Tiny-ImageNet (1)

Train Dataset Method Penalty  Aleatoric Uncertainty  Epistemic Uncertainty Accuracy (1) ECE (1) AUROC SVHN (1) AUROC CIFAR-100 (1)
Softmax Softmax Entropy r 94.44 + 0.43 89.39 + 0.06 88.42 4+ 0.05
Energy-based (Liu ct al., 20200) - Softmax Entropy Softmax Density 95-98 £0.02  0.85140.02 94.56 + 0.51 88.89 + 0.07 88.11 + 0.06
DUQ (van Amersfoort et al., 2020) P Kernel Distance Kernel Distance 94.6 +0.16 1.55 +£0.08 93.71 = 0.61 85.92 4+ 0.35 86.83 +=0.12
CIFAR-10 SNGP (Liu et al., 2020a) SN Predictive Entropy Predictive Entropy 04 1+ 009 13 01 940 1.3 91 13 L0158 2907 4019
DDU (ours) SN Softmax Entropy GMM Density 95.97 +0.03 0.85 +0.04 97.86 +0.19 91.34 +0.04 91.07 +=0.05
5-Ensemble .. , Predictive Entropy 97.73 + 0.31 92.13 4+ 0.02 90.06 £ 0.03
(Lakshminarayanan et al., 2017) - Predictive Entropy  \ 1 vial Information 2029 +0.02  0.76 1-0.03 97.18 4+ 0.19 91.33 + 0.03 90.90 + 0.03
Softmax - A Softmax Entropy o . . 77.42 + 0.57 81.53 4+ 0.05
Energy-based (Liu ct al., 20200) - Softmax Entropy Softmax Density 80-26 £0.06  4.62+0.06 78 + 0.63 81.33 + 0.06
CIFAR-100 SNGP (Liu et al., 2020a) SN Predictive Entropy Predictive Entropy 20,00 4+0.11 433 4+ 001 8571 +0.81 7885 4 0,43
DDU (ours) SN Softmax Entropy GMM Density 80.98 +0.06 4.10+0.08 87.53 = 0.62 83.13 +0.06
5-Ensemble - Predictive Entropy . 79.54 + 0.91 82.95 + 0.09
(Lakshminarayanan ct al., 2017) h Predictive Entropy Mutual Information 82.79+0.10 3.3240.09 77.00 & 1.54 82.82 +0.04
1 = ga
DenseNet-121 8B 2R F P RSG5 R ) o
Train Dataset Method Penalty  Aleatoric Uncertainty  Epistemic Uncertainty Test Accuracy (1) Test ECE(]) AUROCSVHN (1) AUROC CIFAR-100 (1) AUROC Tiny-ImageNet (1)
Softmax - Softmax Entropy e e . 94 + 0.44 87.55 4+ 0.11 86.99 +0.12
Energy-based (Liu et al., 2020b) . Softmax Entropy Softmax Density 95.16 4-0.03 110 £0.04 94.07 + 0.54 86.73 %+ 0.15 86.43 & 0.16
DUQ (van Amersfoort et al., 2020) JP Kernel Distance Kernel Distance 95.02 = 0.14 1.08 = 0.08 94.67 + 0.41 87.38 £ 0.21 86.72 +0.14
CIFAR-10 SNGP (Liu et al., 2020a) SN Predictive Entropy Predictive Entropy Q.31 L0901 LOS L 010 Qi s 02 E8.80 L 010 S840 018
DDU (ours) SN Softmax Entropy GMM Density 95.21 +£ 0.03 1.05 +0.03 96.21 +0.31 90.841 + 0.06 89.70 + 0.06
5-Ensemble - Predictive Entropy 95.78 £ 0.11 90.65 + 0.03 89.62 + 0.06
(Lakshminarayanan et al., 2017) - Predictive Bntropy gy iya) Information  _28-18£0.05  LOT=0.07 o5 75 510 90.71 + 0.04 89.34 + 0.06
Softmax - i Softmax Entropy 85.86 1+ 0.42 81.10 4 0.07
Energy-based (Liu et al,, 2020b) - Softmax Entropy Softmax Density 790214008 4.1110.08 87.09 = 0.49 80.84 + 0.08
CIFAR-100 SNGP (Liu et al., 20204) SN Predictive Entropy Predictive Entropy Zolo Lo o e e e
B DDU (ours) SN Softmax Entropy GMM Density 79.15 + 0.07 4.11 +£0.06 &88.44 + 0.55 81.85 +0.11
5-Ensemble i Predictive Entropy . 88.32 + 0.61 81.45+0.12
- Predictive Entropy 81.01 +£0.13 4.81 = 0.05 88.36 + 0.17 21.73 + 0.06

(Lakshminarayanan et al., 2017)
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