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“ Hyper-opinion Evidential Learning(under review)

Subjective Logic

Subjective Logic (SL) is a theory of uncertain reasoning based on probability theory
and belief theory in a domain X, which represents the set of exclusive possible states
of a variable situation, such as class labels. It introduces the concepts of belief mass .
singleton

sets

composite
sets

and uncertainty mass to describe the degree of belief and uncertainty about an event.

K
For example: U+ Z by =1
k=1

And the projected probability distribution derived from the opinion in SL corresponds to the expected probability
distribution derived from a Dirichlet distribution as:
w = (b,u,a) < Dir (P |a)

And a can be calculated through the evidence outputted by neural network. Therefore the neural network becomes
uncertainty-aware.
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Existing methods apply multinomial-opinion in SL, which only
contains the belief mass for singletons and ignore the belief mass
for composite sets that contain multiple singletons.

We apply hyper-opinion in SL. It allows us to consider both
belief mass assigned to singletons and composite sets.

EDL on Cifar100
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A Accuracy (Gradient Vanishing Points)

® Accuracy (Others)

Gradient Norm Sum

~—+— sum of belief

—&— uncertainty

In addition, the parameters of fully-connected layer in
EDL models are facing vanishing gradient problem
when number of category in datasets rises

Hyper-opinion Evidential Deep Learning (HEDL)

projects hyper-opinion

to multinomial-opinion,

mitigating the vanishing gradient problem, while
preserving computational efficiency.
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Data feature extractor
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Our method models the evidence in hyper-domain R(X) with hyper-opinion, which provides a belief mass b
R(X) representing the belief degree of set x. Along with a” and u, the three compose a hyper-opinion:

b R(X) — [0,1]

ut Yy b =1

TCR(X)
wi = (bHﬂL, aH) + DirH (P ‘EIH)

We build Dirichlet hyper distribution on the features the neural network extracted.
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| 00D Datasets | IDdata | 00D Datasets | 1D data

Method SVHN Textures Place365 Average SVHN Textures Place365 Average
FPROS] AUPRT AUROCT | FPROS| AUPRT AUROCT | FPROS| AUPRT AUROCT | FPR9S] AUPRT AUROCT | Acet | FPROS]L AUPRT AUROCT | FPROS| AUPRT AUROCT | FPROS| AUPRT AUROCT | FPR9S] AUPRT AUROCT | Acct

CIFAR-10 CIFAR-100
MEP[16] 51.87 7819 O0.88 5089 01.28 BR.72 57.64 70.24 ®0.03 56.47 T9.90 #0954 95.06 8369 60.76 T76.04 B3B3 8524 7693 §1.24 6239 T79.44 8291 6046 7747 77.25
ODIN[29] 67.92 4213 7332 5110 8225 £0.70 50.51 5027 %255 56.51 5822 TH.86 95.06 8976 3236 T71.08 78.37 86,67 7039 %127 6085 783 83.13 Bh.62 76.77 77.25
openGAN[24] 9930 3300 5356 U824 6148 4222 9944 1955 36.58 9902 3831 4412 95,06 8396 6085 78,68 8631 8018 73.53 88.37 3887 7015 8621 5996 74.12 77.25
GradNorm[21] | 91.65 7889 5391 UR.00 4805 5207 0246 8663 60,50 9407 7119 5549 95,06 6900 5945 76.95 9251 5677 64.58 9532 8878 69.69 8591 7833 7041 77.25
VIM[60] 1441 9376 97.22 2078 9736 96.06 4752 7283 90.08 2757 8798 94 46 95.06 8279 7282 81.20 5590 9215 8741 8385 5624 75.76 T4I8 T34 8146 77.25
KNN[55] 3332 0231 95.13 46.01 9503 9277 4378 805 91.82 4104 8947 93.23 95.06 7427 7146 %221 66,40  RO44 8381 7874 5747 79.10 7313 7279 81.71 71.25
DICE[53] 6778 7319 8643 6748 8538 80.14 606 57.52 8443 6378 7203 83.66 95,06 7993 6595 79.97 8053 8541 77.70 8075 6276 80.18 8040 7137 79.28 77.25
RankFeat[52] 6449 8033 68.15 5071 5539 7346 4370 9466 §5.99 5597 7679 75.87 95.06 5840 8340 72.14 66.87 5242 69.40 7742 8374 63.82 6759 7319 68.45 77.25
ASH[8] 83p4 89.06 73.46 8459 T2.85 7745 TT89 9404 T9.89 8204 8532 76.93 95.06 4600 9297 85.60 61.27 6897 80.72 6295 9148 78.76 5674 R4.47 #1.69 77.25
SHE[64] 6274 9446 86,38 8460 7728 81.57 76,36 9488 82,89 7457  BRAT 8361 95.06 5915 0085 80.97 7320 08T 73.64 6524 90.31 76.30 6380 BO6R 76.97 77.25
GEN[32] 2814 9637 91.97 4074 B4TI 90.14 4703 96,67 89.46 3864 9258 90.52 95.06 5545 9036 £1.41 61.23 6452 7874 5625 91.90 80.28 5764 8226 80.14 77.25
MCDropout[12] | 4458  85.03 0267 S6.60 9174 88.83 5620 6720 8843 5247 8132 80,08 04,95 7163 6744 %1.31 8016 8601 7793 7952 61.34 79.20 7701 TLED 7948 75.83
G-ODIN[19] 8.42 96.63 98.41 23.32 96.03 94,51 39.80 75.49 91.10 2384 #9.39 94.67 94.70 71.62 7980 86,13 55.01 03,01 88.35 TRGT 55.45 78.15 69.44 T6.09 £84.21 74.46
CSI[56] 17.56  97.75 95,18 2895 8299 90.71 3476 9638 89,56 2709 9237 91.82 91.16 6721 9176 80.24 9051 5146 62.22 6941 8816 70.99 7571 7713 71.15 61.60
MOS[20] 9085  T0.55 5109 8356 0089 5291 7174 TR6T 74.15 8271 80.03 59.3% 94.83 90.58 7448 5042 U632 BO6D 46.69 9264 7187 60.95 9318 TH64 5569 76.98
VOS[9] 20092 8373 0382 3738 0272 91.26 4537 6303 §8.73 3755 8013 91.27 95,82 0862 5636 68,94 4454 7620 68.33 9781 4320 6821 06,99 5859 68.51 77.20
LogitNorm[61] | 530  97.70 9886 3094 9632 94.30 3117 8811 94.76 2247 04 9597 94.30 79.06 7557 83.03 87.06  TO.08 71.53 B0D.20 6300 7984 8214 7258 78.13 76.34
EDL[48] 11.56  88.60 93.92 1995 0907 95.70 1936 9315 96.54 1696 9361 9539 95.72 0305 7548 81.39 09548 9380 71.60 9930  68.57 76.55 09504  TO28 76.51 71.40
RED[43] 6575 2985 61.30 8649 7156 28.06 7237 1983 51.16 7487 4041 46.84 95.80 9008 6275 76.41 S6.01 9625 85.29 68.11 6475 84.46 7140 7458 82,05 80.36
HEDL(Ours) | 843 04 09 96.86 | 19.15  99.19 9623 | 1908  90.14 9571 | 1555 9447 9627 | 9566 | 39.56 89.22 9id6 | 6197  96.85 8598 | 6389 8114 89.32 | 5514 89407 89.59 | 80.40
| Flower-102 | CUB-200-2011

| Average OOD performance |ID data| Average OOD performance |ID data

Multinomial-opinion Hyper-opinion Dpinion-pmjection|FPR95¢ AUPRT AUROCT| Ace. T |FPR951. AUPRT AUROCT| Acc.T

- - 1486  95.94 97.42 8375 | 3029 91.18 04.35 75.82
- - 100.00  66.95 67.23 660.84 | 98.03  71.80 75.27 59.87
11.90  95.83 97.61 81.40 9.32 91.57 97.82 52.30

NI ENENY
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v v 3.98 98.73 99.07 | 84.13 | 3.82 97.80 98.91 74.62
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Flower-102

CUB-200-2011

Method

‘ Average OOD performance ‘ ID data | Average OOD performance | ID data

| FPR95| AUPRt AUROCt | Acc.t | FPR95) AUPRt AUROCt | Acc.t

MSP[16] 14.86 95.94 97.42 83.75 30.29 91.18 94.35 75.82
ODINI[29] 4.36 97.63 98.22 83.75 21.92 89.92 96.22 75.82
VIM[60] 6.34 96.70 97.94 83.75 6.71 97.27 98.26 75.82
GradNorm([21] 5.38 97.11 08.81 83.75 32.08 97.68 95.22 75.82
KNNI55] 18.45 88.83 95.30 83.75 14.35 88.63 97.40 75.82
DICE[53] 4.64 97.62 98.95 83.75 25.82 88.83 96.00 75.82
RankFeat[52] 96.57 76.62 60.98 83.75 74.68 83.38 71.09 75.82
ASHI8] 5.16 97.54 08.84 83.75 15.82 92.75 97.07 75.82
SHE[64] 11.69 93.96 97.79 83.75 22.94 96.14 96.18 75.82
GEN[32] 525 97.55 08.85 83.75 15.88 92.74 97.06 75.82
MCDropout[12] | 14.77 96.22 97.41 83.98 42.46 87.08 91.76 75.83
G-ODIN[19] 56.92 69.88 82.12 24.30 29.51 85.13 93.85 66.74
VOS[9] 39.17 84.52 90.11 78.08 35.98 83.93 89.86 75.92
LogitNorm[61] 41.07 80.34 85.65 77.41 22.69 91.69 95.99 74.84
EDL[48] 100.00  66.95 67.23 66.84 98.03 71.80 75.27 59.87
RED([43] 95.87 80.10 76.45 84.63 36.01 94.58 94.89 76.30
HEDL(Ours) ‘ 3.98 98.73 99.07 84.13 | 3.82 97.80 98.91 | 74.62
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(a) CIFAR-10, the overlap between ID and OOD is 20%, 23%, and 18% for EDL, HEDL w/o projection,
and HEDL, respectively.
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(b) CIFAR-100, the overlap between ID and OOD is 62%, 45%, and 41% for EDL, HEDL w/o projection,
and HEDL, respectively.
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(c) Flower-102, the overlap between ID and OOD is 71%, 26%, and 29% for EDL, HEDL w/o projection,
and HEDL, respectively.

EDL HEDL w/o projection HEDL
u g W in-Distribution b W in-Distribution b W in-Distribution
12 - Out-of-Distribution 12 - Out-of-Distribution 12 - Out-of-Distribution
10 10 19
£ -y g
§ 8- T OB~ L
g g g
LAY LAY LIS
4 - a
7- . 7- z1
[ U e T T y o- ¥ U T U U - U . T T U U
an oz a4 o6 a8 i an oz a4 o6 a8 10 an oz a4 o6 o8 0
Uncertainty Uncertainty Uneertainty

(d) CUB-200-2011, the overlap between ID and OOD is 50%, 20%, and 17% for EDL, HEDL w/o
projection, and HEDL., respectively.
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