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Motivation

* Weakly Supervised Learning
= Original task: WSTAL (Weakly Supervised Temporal Action Localization)

- Label: Classes in the given video
- Task: To classify & localize actions

= Small proportion taken by actions
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= Start, end time stamps are subjective and inconsistent
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What is EDL?

e Motivation

Model

e Probabilisic Model
-G AR E= 7Y 7|2
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Reality

Probabilistic learning

Data Target Prediction

r— Yy — Ely]

(images, audio, (label, class, Point estimate
)

signal, ...)




What is EDL?

* Uncertainty

Probabilistic learning

Data Target Prediction

r— Yy — E[y]

(images, audio, (label, class, .
signal, ...) ) Uncertainty

e Likelihood vs. Confidence

The output likelihoods will be unreliable if the input is unlike anything during training

p(“cat”) = 0.15

2 "\ p(“dog”) = 0.85

Y p(teat”) +p(*dog”) =1 S
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What is EDL?

e Mainly from “Deep Evidential Regression” (NeurIPS 2020)

- Ml &H0ll= 274X 2] uncertainty 7t QICH 7HY

- Epistemic 1 N
- Aleatoric min J(w); J(w)= — Z Li(w)
e Modeling uncertainties w N i—1

- RegressionOf| A 2| £t setting
- Uncertainty Of| CHSF0] O HE & F=X[ @I 3!
- MLE approach

- Negative log likelihood loss function= minimizing St
- Epistemic uncertainty Of| CHSH A O] fH HE & F=X| Qi1

Ot
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(ys — p)*
202

1
Li(w) = —log p(y;| i, 02) =3 log(27r02) -+
0
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Preliminaries

o Statistics

» Dirichlet distribution

- Conjugate priors
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Dirichlet distribution

» Definition: Multivariate probability distribution, parameterized by a vector of
positive-real value parameters &« = (a4, ..., )

- Higher value of «;, the greater “weight” of X;

* What does this distribution models?

a, = 1,“2 = 10,“3 =5
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Dirichlet Distribution

* Modeling
(@A a; =a; =a3 =10
-(b)a; =a, = a3 =0.2
- a < 1: Pushes x; towards extremes

- a > 1 : Attracts x; toward central value
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Conjugate Prior

e Definition: Likelihood@} Prior2 7%t Posterior2| & 7} Priorl| 2 i @
Z Ot X| A St= Priorg XA

Likelihood
Pcsterior% /Cluss prior probability

\ P(x/c) * P(c)
P(c/x) =

N N———
P(X) I;gdld;ncep) e

P(clx) =P(x /c)* P(x,Ic)* ...P(x Ic) * P(c)/P(x)

. ChEX QI A

= Binomial likelihood + Beta prior = Beta posterior

= Poisson likelihood + Gamma prior = Gamma posterior
= Normal likelihood + Inv-Gamma prior = Inv-Gamma posterior
 Why use conjugate prior?

- Prior@} likelihood7} €= algebraic form= Z=CFH, posteriorE & Al +
st
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Conjugate Prior

. Conjugate PriorE O[3l M pE modelO| & HSHH, Categorical likelihood 2F
= O| &, y& Dirichlet distribution2| EHE LA & = UL}

Sampling from an evidential distribution yields individual new distributions over the data

0.5
p= (0.5
0.0

1.0
yed{l,--- K} p|:(|.(|

0.0

y ~ Categorical(p)

- 0.33

Class Likelihood Distribution p= (033

Labels function parameters 0.33
(probabilities)

p ~ Dirichlet(cx)

0.1
p= 107
0.2

Distribution Evidential Mod
parameters Prior parameters

Je= 2 ov=(h 5 5]
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Learning the Evidential Distribution

* Subjective opinion
-w = (b,u,a)
- b: belief mass
" Pr = by + aru
—a, =2
ap = X
- a, i base rate 2 uncertainty Off @THE 2| weightE F=X|0f Lt HE

- pi= Dirichlet distribution (9)& L FELCED 748

- Evidence2} Dirichlet strength a = Al 1o)dt &2 ZHAE L=t

K K
a —1

0, otherwise,

a=e+alW (10)
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Learning the Evidential Distribution
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o & 2|5l™ Dirichlet evidence= Of2|Qt 20| Ea2

=
€k
b —
‘ ° (4)
) . —1
K Lrpr(y,e;0) dp;
[] u = —
S
a=e+all (10)
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What is Open Set Recognition?

* Modeling the world with 4 categories

Side-information

Known Unknown
Known KKC KUC
(Known Known (Known
To Model Classes) Unknown
* Open set recognition scenario Classes)
. . Unknown UKC uucC
- UUGCs appear 1n testing (Unknown (Unknown
. . Known Classes) | Unknown
- How will model deal with UUC? Classes)
- Models should be able to “reject”
@®
%) @® ®
06® Class 1 8@ Class 1 8s0 Class 1
P
uuc 76 uucC 76 Class 2 uuc 76 Class 2
®®®@ @®®®
(0]0] ® (0]0) : g)
@ ?:
@@@@ g% uues 5\é 09, ®
/80 o cd]
uuc 75 ) pen Space ® @
00 @® o
%00 ° ® @® 0®
Class 3 Class 4 Class 3 Class 4 Class 3 *Class 4

(a) Distribution of the original data set.
lem.
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(b) Traditional recognition/classification prob-

(c) Open set recognition/classification prob-
lem.

LAB




What is Open Set Recognition

* Openness
= Definition

_0=1 — |2xlcrrl (in [1])

|[Cral+|CTE|

- TR: Training classes, TA: Target classes, TE: Testing classes

- Relationship in most works

Face Open Set

- TA: classes to be recognized Multi-class Classification . e oi0n Diffseian Recognition

» Modified definition

_N* — . 2 X |CTR| . @

Closed | I 1 1 Open
T 1 | I ~
Training and Claimed One class, Multiple known
testing samples identity, everything else classes, many
come from possibility for  in the world is unknown
known classes impostors negative classes

2t - g
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Forumulation of OSR

¢ Formulation open space
= Open space risk B fo/ f(x)dz
- M| spaceOl| M 2| " Ef 1t open space Ol A 2| ‘S &2 H Bl Js f(z)dx

Open space + positive

= Open set recognition problem training examples

- Open space risk2} empirical risk& Z|22}5tH= function f& &&= A

arg min{Ro(f) + A B(/(V))}

SOGANG UNIVERSITY 16
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Main Paper

* “Evidential Deep Learning for Open Set Action Recognition™
- ICCV 2021 (oral)

- Dealing action recognition + open set + evidence deep learning

e Motivation

= Real-world scenario most of human action are out of distribution from training data

¢ Contribution

- Uncertainty evaluation= & 2} open set action recognition
- Overconfident prediction, static bias = X E oH &
- EUC (Evidential Uncertainty Calibration)
- CED (Contrastive Evidence Debiasing)

- = == 0| A X 2tot DEAR 2 0| SOTA action recognition2| &= boost

SOGANG UNIVERSITY 17
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EUC

» Evidential uncertainty calibration

- Problem: NLL(negative log-likelihood)< over-fit7| &g =l

- AVUE MaximizeSt=A 2 S HE SSA|ZIC}
~AURICE %|CHst HA LI E &2 &t

-

- Uncertainty 2t accuracy AtO| 2| consistency S SH&
nac + nu
AvU =
nac +nav +nic +nru
(a) &
‘ A\ A ‘ (b)
(l'=[(:|:10=](_.)~ ,12] a= [18 12 12] a= [10 10 10] a= [12 12 1.2] (C)
(a) AC (b) AU ©1IC () 1U (d
Levc = — At Z pi log(1 — ;)
i€{gi=yi}
—(1=X) Z (1 — p;) log(u;)
|’:€{§Iﬁéyi}
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When match, accuracy = 1, uncertainty = 0
Else, accuracy = 0, uncertainty = 1
A¢rannealing fator
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CED

» Contastive evidence debiasing

- Problem: Static bias
- Scene bias
;= Basketball dunk = Basketball court
- Object bias
;= Playing piano > Piano

- Human bias

:': Brushing hair, Military marching

= Model recognition based to the background of the water and sky = When those are
gone?!

- Mimetics dataset (by Naver Labs Europe)
:': 713 video clips from Youtube

;= Subset of 50 classes from Kinetics400 dataset

2l g4 k- R
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CED (Cont.)

* How to solve “evidence debiasing”

(x) )&

video v, "
ﬁ"l #

(%)

H

- _”( backbone #

repll te

e HSIC

L(Of,br)

oh 3 ¢h

1R N1
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= Lepr(y,e;0f,¢5) +

| — unbiased
— biased
===* min HSIC
~===* max HSIC

A " HSIC(f, h; 6;)
he

Q={hsp(X), han(x)}

>

Lepr(y,en;0n, dn)

- A

HSIC(f, h; 6,)

}

heQ

20

HSICH (U, V) =

m(m-— S

L [w(077) + R - 110V

HSIC*v¥2(f, h) = 0
iff h and f is independent

f to be independent of the biased feature h

To avoid the biased feature h to predict arbitrary evidence
h is similar enough to f

-

VIS



2

Model Architecture (DEAR)

* Proposed DEAR Method
- 7|Z9] AR backbone= AtE
- ENN headOf| A] & evidence S T+

- X EH 2 = 2t uncertainty(u)= 7FXA| L unknown= reject

AR backbone ENN head Uncertainty

2l g4 k- R
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Experiments

e Dataset
« UCF-101, HMDB-51, MiT-v2

UCF-101 13,320 2012 S sub-
categories
HMDB-51 6,766 51 2011
MiT-v2 30,500 305 2019 Categories are
from WordNet

« Models are trained on UCF-101
- UCF-1012| class”} closed set= 2| 0|
- Openness & 2= A i71l 2| new class7F LI X| datasetOf| Al 22| 41 EH

woudkan
SOGANG UNIVERSITY 22
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Experiments

e Evaluation Protocol
= Closed set accuracy (for K-class classification)

= Open set accuracy
-2 classes (known, unknown)
;= Open Set area under ROC curve
- (K+1) classes (known k classes and unknown class)

;' Open maF1(macro-F1 score)

S W) . 7O

Open maF1 = SIS @

ﬂ B THEE R
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Experiments

e Comparison with SOTA models

Table 1: Comparison with state-of-the-art methods. Models are trained on the closed set UCF-101 [55] and tested on two different open
sets where the samples of unknown class are from HMDB-51 [31] and MiT-v2 [39], respectively. For Open maF1 scores, both the mean
and standard deviation of 10 random trials of unknown class selection are reported. Closed set accuracy is for reference only.

UCF-101 [55) + HMDB-51 31] UCF-101 [55] + MiT-v2 [39] | Closed Set Accuracy (%)
el OSAR Methods o maF1 (%) Open Set AUC (%) | Open maF1 (%) Open Set AUC (%)| (For reference only)
OpenMax [5] | 67.85+0.12 7434 6622 % 0.16 7176 56.60
MC Dropout | 71.13 % 0.15 75.07 68.11 + 0.20 79.14 94.11
. BNNSVI[27] | 7157 +0.17 74.66 68.65 + 0.21 79.50 93.89
SoftMax 73.19 £ 0.17 75.68 68.84 +0.23 79.94 94.11
RPL [10] 71.48 £ 0.15 75.20 68.11 + 0.20 79.16 94.26
DEAR (ours) | 77.24 +0.18 77.08 69.98 + 0.23 81.54 93.89
OpenMax 5] | 74.17 £0.17 77.07 71.81 + 0.20 83.05 65.48
MC Dropout | 71.52 +0.18 73.85 6532+ 025 78.35 95.06
Tsmps  |[BNNSVIET) | 69114016 73.42 64.28 +0.23 7739 9471
SoftMax 78.27 + 0.20 77.99 7168 + 027 82.38 95.03
RPL [10] 69.34 +0.17 73.62 63.92 + 025 7728 95.59
DEAR (ours) | 84.69 +0.20 78.65 70.15 + 0.30 83.92 94.48
OpenMax 5] | 73.57 £0.10 78.76 72.48 £ 0.12 80.62 62.09
MC Dropout | 70.55 +0.14 75.41 67.53 £ 0.17 78.49 96.75
[BNNSVI[27] | 69.19+0.13 74.78 65.22 + 021 7739 96.43
SlowFast [14]
SoftMax 78.04 + 0.16 79.16 74.42 £ 0.22 82.88 96.70
RPL[10] 6832 +0.13 74.23 66.33 £ 0.17 77.42 96.93
DEAR (ours) | 85.48 +0.19 82.94 77.28 + 0.26 86.99 96.48
OpenMax [5] | 65.27 +0.09 74.12 64.80 £ 0.10 76.26 5324
MC Dropout | 68.45 +0.12 74.13 65.77 £ 0.17 7176 95.43
Ten[  |BNNSVIET) | 6381011 72.68 61.40 + 0.15 7532 94.61
SoftMax 76.23 + 0.14 77.97 70.82 + 0.21 8135 9551
RPL[10] 7031 +0.13 7532 6621 + 021 7821 95.48
DEAR (ours) | 8179 +0.15 79.23 7118 + 023 81.80 96.30

A snzuta
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Experiments

* Open maF1 scores

- Dear’| O{IH Bt openess | A =

It E2 4= 20| bt T

[o2]

o
[e2]
o

i
a

~

a

Open maF1 (%)
~
o

Open maF1 (%)
~
o

(2}

o
[2}
o

—— DEAR (full) — RPL MC Dropout —— DEAR (full) —RPL MC Dropout
——SoftMax  —— BNN SVI —— OpenMax ——SoftMax  —— BNN SVI —— OpenMax

0 2 4 6 8 10 0 5 10 15 20 25 30 35
Openness (%) Openness (%)

(2]

o
(2]
o

(a) HMDB-51 as Unknown (b) MiT-v2 as Unknown
Figure 6: Open macro-F1 scores against varying Openness.
The maximum openness is determined by the number of unknown
classes, i.e., in w?, i="51 for HMDB-51 and i =305 for MiT-v2.

» Ablation study

Table 2: Ablation studies. Based on TPN [62] model, HMDB-

o 51 [31] is used as the unknown. Best results are shown in bold.
- TPN2 AR B2 2 AIE
Lruc | CED | Joint Train | Open maFl (%) | OS-AUC (%)
o
- HMDB-512 unknownl & A& x x ¥ 7495 + 0.18 77.12
v X v 75.88 = 0.16 77.49
CTeiafle StAS o
Joint= CED <& & 2|0 v ¥ x 81.18 + 0.15 79.02
v v v 81.79 = 0.15 79.23
AR S
SOGANG UNIVERSITY 25
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Table 4: Accuracy (%) on Biased and Unbiased dataset.

EXp eriments Methods Biased (Kinetics) | Unbiased (Mimetics)
top-1 top-5 top-1 top-5
DEAR (w/o CED) | 91.18 99.30 26.56 69.53
° Representaﬁon Debiasing DEAR (full) 91.18  99.54 | 3438 75.00

- TSM model & & &

- Kinetics @} Mimetics dataset= O|-& S A

Kinetics
(Biased)

debiasing 21 2+0I

DEAR (w/o CED)

Mimetics

Playing Volleyball (X)
DEAR (full) Playing Piano (v')

Writing (V')

Opening Bottle (X)

Shooting Soccer Goal (X)
Golf Driving (v')
p

(Unbiased)
DEAR (w/o CED) Golf Driving (, : Golf Drivin Opnin Bottle
« O]t class& 0| SRS R
- Shootball (unknown) = Archery 5 .
ATCHETYi=======- -~ stigot_ball
« Pullup (unknown) = BoxingPunchingBag 20 BoxingPunchingBag------¢-)pullup
%) - i
& 3 GoIfSwing:--@fIic flac
HA O E X =L o . |
- =42 Sl ‘background scenel| FE= £ 40 ;
O [ [ S . . i
O] F=ChEf= A& =9l (static bias) £ :
5 PullUps! paur
g -_P'ushupq::::: push
80 N |
100 ——— . S—
0 20 40 60 80 100 120 140

UCF-101 (known) + HMDB-51 (unknown)

2l g4 k- R
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Application on our research?
« Weakly supervised”| OFl Fully supervised & 20| A, open set training 7S

e Un(Weakly)supervised setting2| 4 closed set &t5 AHA| = O & 7| W =0
OFA 2 X &0 o= U=

A

e Evidential Deep Learning?| 40| Z=¢, NLLE o|&3st”| =0 &

y
O™k H2t & & 4= ground truth labelO| E 2 SFCF D A 2t

» Fully-supervised temporal action localization task 0| A] = Z- &3l & =

Of K| 7} QUCkL iz

L
—

£9

» -»
Bozasa . VDS



* From Youtube comments of the ° T

au thor ’ S leC ture a t MIT I;th;s p;:sible:ir time series analysis?

- ©2 13717

. = Se [ e baLbs
deteCtlon =) O" = O 7 |-6 Definitely!! Evidential layers can be placed at the end of an LSTM (for example)

to model the uncertainty at each timestep (for many-to-many problems) or at the
final timestep (for many-to-one problems).

b1 &P g2

0 Troy 878 ®
@Alexander Amini so basically | transform my tiempo series to a supervised
learning problem (x,y) to run this algorithm?

o P uE

(3] 71 F(+TE)
Exactly, for any supervised problem (e.g., trained with MSE loss for regression or
cross entropy for classification) it should be a simple drop-in replacement to use
evidential layer/loss instead. If you don't have a supervised learning problem, you
can also obtain uncertainty estimates using sampling based techniques and ...
XIM|8] ©7|

- Time series analysisOl| A| 2| anomaly-

b1 &P e

o Troy 87H%

@Alexander Amini And the return of this algorithm is the mean, variance as well
as the prediction of my time series, right?

b1 &P HE

2l g4 k- R s
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Application on other fields

Applications of evidential learning

Monocular Depth Estimation LiDAR Object Classification

mm ¥

RGB input Predicted depth

Predicted uncertainty

% TN 8k >
A : VDS

ANG UNIVERSITY ’
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