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' Motivation

[ Deep learning models are trained under the implicit assumption that the training
and test data are drawn from the same distribution.

0 When a deep learning model
encounters an input that differs from
its training data, it may be
overconfident with wrong prediction.

l

Out-of-distribution (OOD) detection
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O The post-hoc methods

v' MSP, ODIN, GradNorm.
v Only take effect at inference phase and are easy to use, but rely on the
performance of the pretrained model.

[0 The training methods

v' MC-dropout, G-ODIN, LogitNorm.
v Require more computational resources.

[ Evidential deep learning

v" Without additional computation.
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Softmax-based neural network Evidential neural network
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O Consider a simple -class classification network |

B | f — ) ) ) c
elief mass 1, 2 . U+Zbk: w>0 by >0
Uncertainty mass . L=1
€k K K

Evidence is a measure of the amount of support collected from
data in favor of a sample to be classified into a certain class.

|

The softmax layer is replaced with an activation layer,
e.g., ReLU, to ascertain non-negative output.
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1 Dirichlet distribution

1 i Oé?:—]_
D(p|a) — B(a) H;‘:l D; for p 6 Sk,
0 otherwise,

K
Sk = {P‘Zizlpiz1and0§p17-~apf< < 1} O — [alg"' ,O{K]

O The Dirichlet strength:
ZK
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nn parameters 0 o 0 Sampling operation is
non-differentiable.

0

0 Sampling involves
randomness, making it
difficult to accurately
measure the obtained

yg ——— loss(yi,pi) <« p;

/\

e shere el O The expected probability
» — | - for the -thsingleton is
- Hpg;f - Zy’iﬂ' log pi; s — pil |2 computed as:
=1 = A 895
=g

https://www.zhihu.com/search?type=contenté&qg=evidential%20deep%20learning
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ci6)=-tog( E ]n ) H i+ Ui ; J
p;i~Dir(ew) | =7 — —log - >
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i 1 Qi — I (a? + Yi )) F(az )
o {155 5 L (Sevew) firer
i1 Blai) i / . \
F( Q; ) (8777
( ( ) K \ log I'(aw +1) ; ’ =—log| &
B a‘l —|_ yz 1 aij j 1 - K a%”
B(at) B(Of?, +y3) i1 \ = ij \ y /
8 G ~/ = kiyy =1 i kiy=1
\ D(p;|ai+y;) /
I B(a; + y;) = yir (log S; — log ait) |, 1

K
= Z yi; (log S; — log a;;)
=1

['(-) is the gamma function
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[ Hope the evidence generation process to collapse under specific conditions, directly
vielding a result with all evidence values set to zero.

K K
u = = :1

SE(e+1) YR (0+1)

a=¢+1=1 — ZKL (Pile ) || D(pi|1))

N N
£©O) =" Li(6) + A Y KL(D(pi|&)||D(p:i|1)) A = min(1,¢/10)
1=1 =1
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KL[D(pi|a;) || D(p:|1)]

— '3 (Zflaﬁ*k‘ - o — v — b =G
_lg( D(K) T, D@ )+Z e = 1)) — (D)

=

['(-) is the gamma function (+) is the digamma function
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[ EDL only captures the evidence which supports single category and rejects others. As
a result, EDL is unable to effectively leverage vague evidence, such as features
supporting a composite set containing multiple categories.

Bl Uncertainty of ID samples in EDL EE3 Uncertainty of ID samples in HEDL

class A class B

[0 The parameters of fully-connected layer in EDL models are facing vanishing gradient
problem when number of category in datasets rises.
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Traditional EDL Hyper-opinion EDL
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0 Opinion or multinomial-opinion

Belief masses 1, », |,

Domain = 1,2, , =—— Opinion‘li
Uncertainty mass

0 Hyper-opinion

Powerset = 1,2 3
] 1’ 27 3’
Hyper-domain = ~ — 12 13 23
l =1 2 3
H . — ’
vaer-{b : R(X) — [0, 1] 1,2, 13, 2%
opinion H
T Z b = L Vague
rER(X) belief masses
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[ For each singleton , sharp belief mass is
by = b ,Vk e X.
[ Allocate vague belief masses to each singleton

by = » a(klx)bl, a(klz) =
x€C(X)

Ak

. VEk € X,Vz € C(X) = R(X)/X

Y seatl

where a(k|x) is relative base rate. When no prior information is available, a(k|z) can be simplified to

1|
a(klr) = —, VkeX Vze (C(X),

|
where |x| is the cardinality of x.
- 12,13,23 L2 = 2/1,2 = = 323 =1
I 1 1
1,2 1,3 23 1=5 12%5

1,3
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0 The belief  and the uncertainty are computed as

H
e KW,,;
bH Pa— i and U = prior

; S = Z emH+KWprior
reR(X)

0 Opinion projection

b = by +b37,Vk € X.

+1
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Proof 1. Consider the neural network forward propagation in EDL

op = Wz + bias, (18)
er = ReLU(oy), (19)
g iy (20)
7
K
£:(©) = 3 iy (w(S:) — $lesy)), (21)
j=1

where bias stands for the bias of the fully-connected layer, z represents the feature extracted by the
neural network. We can write expressions for all partial derivatives as follows:

ﬁok 8(1;,:
=z, —E=1, 22
oW~ 2 dep =
oL = | Uk N~ Uk
T i o T 23
day, (Sz ; E+8)° o ; (i + agt)? e
dey, 0 if op<0
— = = 24
doy, {1 otherwise. Y
Therefore by the chain rule, we can calculatethe the gradient w.r.z. W as:
B.C SE a(l,;; (9'(?!& Ho;f . 3.[: 6(3;,: (25)

AW ~ oy Oer Do OW _ Bay, Oog
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Evidence is a measure of the amount of support collected from
data in favor of a sample to be classified into a certain

[ Activate the features extracted by neural network for ascertaining non-negative
evidence within the hyper-domain.

[ Apply a unit step activation function to the

11 parameters of the fully connected layer, eg.,
Heaviside function
L0
Hig)= 4
0, el se.
—_— —
43 represents the information of

set each belief mass supports.
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[ In practical terms, this projection is executed by applying a linear transformation
to the output of the fully connected layer.

To ensure that proposed HEDL is not associate with similar problem, considering the forward
propagation of HEDL.:

o, = Wz + bias, (26)

er = oxG(W,b"), (27)
|94 r1oT

Q) = € + i{, ; (28)

the gradient w.r.z. W is calculated by chain rule:

@_ﬁ 0L Oay, Oey, Doy,
OW — Oay de, Ooy OW’
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aﬂk L 8&;,3 o
oW~ % Be )
_ Yk o 23
dar, ( *Z 57 2, ~ 2 maga)ﬂ) =

aﬁ 3&;; af}k

where 50~ e aw

are known items that won’t cause vanishing gradient problem. Consider

8& . aOkG(W, bH)
30,% B 8ok

where W, b*? are all detached variables that are irrelevant variables in this partial derivative item,
implying that G'(W, bH) remains constant during the backward process.

oL oL
(DW aiﬁﬁk

= G(W,b"), (30)

——G(W,b")z. 31)
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Figure 2: Framework of HEDL. HEDL framework 1s composed of three integral components. The first
part transfers the extracted features to evidence and models them with in hyper-opinion framework.
Subsequently, the second component projects the hyper-opinion to multinomial-opinion. Ultimately,
the framework optimizes the opinion to attain precise classification and to furnish robust uncertainty
estimations for OOD detection.
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| OOD Datasets | ID data
Method SVHN Textures Place365 Average
‘ FPR95| AUPRT AUROCT | FPR95| AUPRT AUROCT | FPR95|] AUPRT AUROCT | FPR95] AUPRT AUROCT | Acc.T
CIFAR-10

MSP[16] 51.87 78.19 90.88 59.89 01.28 88.72 57.64 70.24 89.03 56.47 79.90 89.54 95.06
ODIN[31] 67.92 42.13 73.32 51.10 82.25 80.70 50.51 50.27 82.55 56.51 58.22 78.86 95.06
openGANI[26] 99.39 33.90 53.56 98.24 61.48 42.22 99.44 19.55 36.58 99.02 38.31 4412 95.06
GradNorm[21] 91.65 78.89 5391 98.09 48.05 52.07 92.46 86.63 60.50 94.07 71.19 55.49 95.06
VIMI[66] 14.41 93.76 97.22 20.78 97.36 96.06 47.52 72.83 90.08 2157 87.98 94 .46 95.06
KNN[61] 3332 02.31 05.13 46.01 05.93 92.77 43.78 80.15 91.82 41.04 89.47 93.23 95.06
DICE[59] 67.78 73.19 86.43 67.48 85.38 80.14 56.06 b, o . 84.43 63.78 72.03 83.66 95.06
RankFeat[58] 64.49 80.33 68.15 59.71 55.39 73.46 43.70 04.66 85.99 55.97 76.79 19.87 95.06
ASH[38] 83.64 89.06 73.46 84.59 72.85 77.45 77.89 94.04 79.89 82.04 85.32 76.93 95.06
SHE[71] 62.74 94.46 86.38 84.60 77.28 81.57 76.36 94 88 82.89 74.57 88.87 83.61 95.06
GENI[38] 28.14 96.37 91.97 40.74 84.71 90.14 47.03 96.67 89.46 38.64 02.58 90.52 95.06
MCDropout[12] | 44.58 85.03 92.67 56.60 91.74 88.83 56.20 67.20 88.43 52.47 81.32 89.98 94.95
G-ODIN[19] 8.42 96.63 08.41 23.32 96.03 9451 39.80 75.49 91.10 23.84 89.39 94.67 94.70
CSI[62] 17.56 97.75 05.18 28.95 82.99 90.71 34.76 96.38 89.56 27.09 92.37 01.82 91.16
MOS[20] 90.85 70.55 51.09 85.56 90.89 52.91 71.74 78.67 74.15 82.71 80.03 59.38 94 .83
VOS[9] 2992 83.73 93.82 3738 92.72 91.26 45.37 63.93 88.73 £ 5 80.13 0127 95.82
LogitNorm[67] 5.30 97.70 98.86 30.94 96.32 94.30 31.17 88.11 94.76 22.47 94.04 95.97 94.30
EDL[54] 11.56 88.60 93.92 19.95 99.07 95.70 19.36 03.15 96.54 16.96 93.61 95.39 95.72
REDI[49] 65.75 29.85 61.30 86.49 71.56 28.06 1257 19.83 51.16 74.87 40.41 46.84 95.80

HEDL(Ours) | 8.43 94.09 96.86 19.15 99.19 96.23 19.08 90.14 95.71 | 1555 94.47 96.27 | 95.66
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| OOD Datasets | ID data
Method SVHN Textures Place365 Average
FPR95] AUPRT AUROCT | FPR95] AUPRT AUROCT | FPR95] AUPRT AUROCT | FPR95] AUPRT AUROCT | Acc.T
CIFAR-100

MSP[16] 83.69 60.76 76.04 83.83 85.24 76.93 81.24 62.39 79.44 8§2.91 69.46 7747 T7.25
ODINI[31] 89.76 52.36 71.08 78.37 86.67 79.39 81.27 60.85 79.83 83.13 66.62 76.77 7725
openGANI[26] 83.96 60.85 78.68 86.31 80.18 73.53 88.37 38.87 70.15 86.21 59.96 74.12 T1.25
GradNorm[21] 69.90 89.45 76.95 92.51 56.77 64.58 95.32 88.78 69.69 85.91 78.33 7041 T7.25
VIM[66] 82.79 72.82 81.20 55.90 92.15 87.41 83.85 56.24 75.76 74.18 73.74 81.46 T1.25
KNN[61] 74.27 71.46 82.21 66.40 89.44 83.81 78.74 57.47 79.10 73.13 12,79 81.71 T1:25
DICE[59] 79.93 65.95 79.97 80.53 85.41 77.70 80.75 62.76 80.18 80.40 7137 79.28 771.25
RankFeat[58] 58.49 83.40 72.14 66.87 5242 69.40 77.42 83.74 63.82 67.59 73.19 68.45 T7.25
ASHI[B] 46.00 92.97 85.60 61.27 68.97 80.72 62.95 91.48 78.76 56.74 84.47 81.69 7725
SHE[71] 59.15 90.85 80.97 1329 60.87 73.64 65.24 90.31 76.30 65.89 80.68 76.97 T2
GENI[38] 5545 90.36 81.41 G6l23 64.52 78.74 56.25 91.90 80.28 57.64 82.26 80.14 T1.25
MCDropout[12] | 71.63 67.44 81.31 80.16 86.01 77.93 79.52 61.34 79.20 TEA] 71.60 79.48 75.83
G-ODIN[ 19] 71.62 79.80 86.13 58.01 93.01 88.35 78.67 55.45 78.15 69.44 76.09 84.21 74.46
CSI[62] 67.21 91.76 80.24 90.51 51.46 62.22 69.41 88.16 70.99 75.71 7413 7115 61.60
MOS[20] 90.58 74.48 59.42 96.32 89.60 46.69 92.64 71.87 60.95 93.18 78.64 55.69 76.98
VOSI[9] 08.62 56.36 68.99 94.54 76.20 68.33 97.81 43.20 68.21 96.99 58.59 68.51 7 7:20
LogitNorm[67] 79.16 Fa] 83.03 87.06 79.08 F1.53 80.20 63.10 79.84 82.14 T2.58 78.13 76.34
EDL[54] 93.05 75.48 81.39 95.48 93.80 71.60 99.30 68.57 7655 95.94 79.28 76.51 71.40
RED[49] 90.09 62.75 76.41 56.01 96.25 85.29 68.11 64.75 84.46 71.40 74.58 82.05 80.36

HEDL(Ours) | 39.56 89.22 93.46 | 61.97 96.85 85.98 | 63.89 81.14 89.32 | 55.14 89.07 89.59 | 80.40
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Table 3: Comparison of OOD detection performance between HEDL and other baselines with Flower-
102 and CUB-200-2011 as ID dataset.

‘ 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[31] 4.36 07.63 98.22 83.75 21.92 89.92 96.22 75.82
VIM[66] 6.34 96.70 97.94 83.75 6.71 97.27 08.26 75.82
GradNorm[21] 5.38 97.11 98.81 83.75 32.08 97.68 95.22 75.82
KNNI[61] 18.45 88.83 95.30 83.75 14.35 88.63 97.40 75.82
DICE[59] 4.64 97.62 98.95 83.75 25.82 88.83 96.00 75.82
RankFeat[58] 96.57 76.62 60.98 83.75 74.68 83.38 71.09 75.82
ASHI[8] 3.16 97.54 08.84 83.75 15.82 92.75 97.07 75.82
SHE[71] 11.69 93.96 97.79 83.75 2294 06.14 96.18 75.82
GEN[38] 5.25 97.55 98.85 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] 36.92 69.88 82.12 24.30 29351 %5.15 93.85 66.74
VOS[9] 30.17 84.52 90.11 78.08 35.98 83.93 89.86 75.92
LogitNorm[67] 41.07 80.34 85.65 77.41 22.69 91.69 93.99 74.84
EDL[54] 100.00  66.95 67.23 66.84 98.03 71.80 13.27 59.87
RED[49] 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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Table 2: Ablation experiment results on Flower-102 and CUB-200-2011. Results show that EDL fails
to extract evidence fully. HEDL without projection can extract comprehensive evidence to distinguish
ID and OOD samples but fails to classify ID categories. HEDL can further assign evidence correctly
and obtain accurate classification.

| Flower-102 | CUB-200-2011

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

Multinomial-opinion Hyper-opinion Opinion-projection | FPR95] AUPRT AUROCT | Acc.t |FPR95] AUPRT AUROCT| Acc.t

- 1486 95.94 07.42 83.75 | 3029 91.18 94.35 75.82
v 100.00  66.95 67.23 66.84 | 98.03  71.80 7527 59.87
v v 11.90 95.83 97.61 81.40 %32 91,57 97.82 52.30
v

v v | 3.98 98.73 99.07 |84.13| 3.82 97.80 98.91 | 74.62
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EDL on Cifar100
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Figure 3: The sum of gradient norms within the
fully-connected layer for each category in CIFAR-
100 throughout the training process.
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EDL HEDL w/o projection HEDL
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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.

EDL HEDL w/o projection HEDL
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0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Uncertainty Uncertainty Uncertainty

(b) CIFAR-100, the overlap between ID and OOD 1s 62%, 45%, and 41% tor EDL, HEDL w/o projection,
and HEDL, respectively.
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EDL HEDL w/o projection HEDL
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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
14 1 @0 In-Distribution 14 1 #0  In-Distribution 14 1 0 In-Distribution
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10 - 10 - 10 -
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0- i i 0- " = i | | | 0- i - | i i |
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Uncertainty Uncertainty Uncertainty

(d) CUB-200-2011, the overlap between ID and OOD 1s 50%, 20%, and 17% for EDL, HEDL w/o
projection, and HEDL, respectively.
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Table 4: Average training time per epoch of EDL and HEDL compared with MSP on different
datasets, + indicates more time, and - indicates less time.

Method | Cifarl0 | Cifar100 | Flower-102 | CUB-200-2011
EDL +3.78% | -1.93% +1.21% +2.14%
HEDL |+1.62% | +1.02% -0.74% +3.57%
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