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* Question:

Why different types of OOD data have different effects?
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Saw something new,
maybe it's malign data.
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Something is still familiar,
maybe it's benign data.
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* The entanglement of content and style.
* The utilization of benign data and malign data:

Data augmentation improves generalization performance

> benign data

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations
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But, data augmentation cause content damage:

Sohn et al., FixMatch: Simplifying Semi-Supervised Learning with Consistency and Confidence
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 The difficulty of distinguishing benign data and malign data.
* The entanglement of content and style.
* The utilization of benign data and malign data:

So, benign data shall be more carefully produced.

Wu et al., Unsupervised feature learning via nonparametric instance discrimination



PrObIemS O O O O O O O O ® &6 6 0 O ® 6 6 ©

 The difficulty of distinguishing benign data and malign data.
* The entanglement of content and style.
* The utilization of benign data and malign data:

Is malign data totally useless?




PrObIemS O O O O O O O O ® &6 6 0 O ® 6 6 ©

 The difficulty of distinguishing benign data and malign data.
* The entanglement of content and style.
* The utilization of benign data and malign data:

Is malign data totally useless?




PrObIemS O O O O O O O O ® &6 6 0 O ® 6 6 ©

 The difficulty of distinguishing benign data and malign data.
* The entanglement of content and style.
* The utilization of benign data and malign data:

Is malign data totally useless?




PrObIemS O O O O O O O O ® &6 6 0 O ® 6 6 ©

 The difficulty of distinguishing benign data and malign data.
* The entanglement of content and style.
* The utilization of benign data and malign data:

Is malign data totally useless?




PrObIemS O O O O O O O O ® &6 6 0 O ® 6 6 ©

 The difficulty of distinguishing benign data and malign data.
* The entanglement of content and style.
* The utilization of benign data and malign data:

Is malign data totally useless?

AT o




PrObIemS O O O O O O O O ® &6 6 0 O ® 6 6 ©

 The difficulty of distinguishing benign data and malign data.
* The entanglement of content and style.
* The utilization of benign data and malign data:

Is malign data totally useless?

AT o




PrObIemS O O O O O O O O ® &6 6 0 O ® 6 6 ©

 The difficulty of distinguishing benign data and malign data.
* The entanglement of content and style.
* The utilization of benign data and malign data:

Is malign data totally useless?




PrObIemS O O O O O O O O ® &6 6 0 O ® 6 6 ©

 The difficulty of distinguishing benign data and malign data.
* The entanglement of content and style.
* The utilization of benign data and malign data:

Is malign data totally useless?




PrObIemS O O O O O O O O ® &6 6 0 O ® 6 6 ©

 The difficulty of distinguishing benign data and malign data.
* The entanglement of content and style.
* The utilization of benign data and malign data:

So, malign data shall be properly leveraged.
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* Modeling the data generating process:

» Capture content feature using label information;

Q ° » Capture style feature using domain information;

@ P(X,Y,D,C,S) = P(C,S)P(Y,D|C,S)P(X|C,S)
(1)
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 Disentanglement of content and style:

> Breaking unwanted paths: ¢ - D,S > Y

P(C)P(S)P(Y | C)P(D1S)P(XIC,S)
Aps(D 1C)qp (Y 1S)

P(X,Y,D,C,S) =




Solution

e Variational framework:

P(C)PS)P(Y I C)P(DIS)P(XI1C,S)

P(X,Y,D,C,S) =

Qe (D 1 C)qep (Y 1S)

r“@*“
~®

(X,Y,D) ==

—

P

| T
: |
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 Evidence Lower-Bound:

ELBO(x,y,d)=
KL (qe,(c 1X)|p(C)) — KL (qe,(s 1 X)|p(5))

+Ecqq (o [108 49, (¥ | ¢) —logqg (d | ¢).

+E

s~qoy (s [108 4, (d 1 5) —logqe (v | s)
+E(c,s)~gp(c.sin [108 qy(x 1 ¢, 5)]
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* Augmenting content and style:

intervention intervention
® @ ©©
X (X)) %

(3)
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« Augmenting content and style:

(Y10 a4, (D1S)
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« Augmenting content and style:

®» 0 ®» @@ @

qp.(Y1C)

intervention intervention @ e

®  ©©
X @ b qe.(C 1 X)
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qp.(Y1C)

intervention intervention @ 9
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« Augmenting content and style:
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[ ) I - Lce
Augmenting content and style: |

2N ONONNCEOND

q4,(Y1C)

: 4.(D1S)
interventi? %ervention @ @
A |
e @ e 46,(C1X)
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« Augmenting content and style:
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« Augmenting content and style:
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« Augmenting content and style:
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« Augmenting content and style:
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« Augmenting content and style:

®®® 6
w010 IS

? L GCENGE
“r° A R
> @ > 46,(C 1 X)

(3)

malign data X Multi-Step PGD



SOIUtiOn O 00O OOOO OOOOo®e

* Augmenting content and style:
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* Augmenting content and style:
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* Augmenting content and style:
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* Augmenting content and style:
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* Augmenting content and style:
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* Augmenting content and style:
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* Augmenting content and style:
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* Harnessing benign data and malign data:

@
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* Harnessing benign data and malign data:

@
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X Ey,€Ed, << <::>
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« OOD Detection.
» Results:

Table 1: Comparison with typical OOD detections methods. Averaged AUROC (%) with standard deviations
are computed over three independent trails. The best results are highlighted in bold.

OOD dataset LSUN Flowers Caltech
ID dataset

Likelihood
ODIN
Likelihood Ratio
OpenGAN
HOOD

ID dataset

Likelihood
ODIN
Likelihood Ratio
OpenGAN
HOOD
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* OOD Detection.
* Open-Set Semi-Supervised Learning:

0 labeled data - unlabeled data

airplane automobile bird deer frog horse ship

iﬁ:“‘*-iLLNLEE

known classes noveI classes
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« OOD Detection.

* Open-Set Semi-Supervised Learning.
»Results:

Table 2: Comparison with typical Open-set SSL. methods. Averaged test accuracies (%) with standard deviations
are computed over three independent trails. The best results are highlighted in bold.

CIFAR100
100

Training dataset CIFAR10 |
No. of Labeled data 5 100 |

UASD 72.8 75.5
DS3L 74.4
MTCF 79.8
OpenMatch 84.1
T2T 82.7
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* OOD Detection.
* Open-Set Semi-Supervised Learning.
* Open-set Domain Adaptation:

bike bag helmet bottle

0 source data [ target data

known classes novel classes



Experiments

« OOD Detection.
* Open-Set Semi-Supervised Learning.

* Open-set Domain Adaptation.
»Results:

Table 3: Comparison with typical Open-set DA methods. Averaged test accuracies (%) with standard deviations
are computed over three independent trails. The best results are highlighted in bold.

| VisDA
| Synthetic—Real
62.9 £ 1.3

Dataset Office

Domain
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* Analysis:
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* Analysis:
» Ablation Study:

Table 4: Ablation study on necessity of each module.
Application OOD detection Open-Set SSL.  Open-Set DA

w/o disentanglement 84.944+ 1.3 8255+1.1 64.61+0.9

w/o benign OOD data 85.95 + 1.8 83.324+2.0 66.3+2.5
w/o malign OOD data 82.50 2.2 85.40+0.8 71.8+1.2
w/o both augmentations 80.83 £0.8 81.14 £+ 1.2 65.4 4+ 1.2
HOOD 86.12 + 0.6 86.22 + 2.7 72.4+1.6
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* Analysis:
» Ablation Study.
»Parameter Analysis :

Analysis on Augmentation Number

= —

OOD detection

oo =] o
Cn <3 h

oo
=}

~
(=

Test Accuracy (%)

—¥— Open-set SSL
—— Open-set DA

(=N}
(=]

wn
wh

3 4 5
No. of Data Augmentations
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* Analysis:
» Ablation Study.
»Parameter Analysis.
»Visualization:

Original

Negative

£
ird

Positive

| B

cat  airplane
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* Analysis:

Class Prediction Domain Prediction
. 0 1 2 3 4 5 7 9 0 1 2 3
>Ab I atl On Stu dy o 0.02 004 002 001 0 0.02 0 0 025 024 028 023

- 0‘030.01 0.17 0.01 0.09 0 0.21 031 0.23 0.25

0.01 0.02 0.02 0.02 013 J 0.24 0.28 0.27 0.21
0.01 0.03 0.04
0.01 0.01 0.0 0.01 0.01 0.01
0.18 0.03 0.04 M 0.01 0.02 0.03
0.01 0.02 0.02 0.01 0.03 0.03
0.01 0.02 0 0.09 0.04 0.11 -022 02 027 031
0.02 0.01 0.01 004 002 0.03 026 025 0.24 025

0.01 0.02 0.01 0 002 015 0,02 023 025 0.29 023

2

»Parameter Analysis.
»Visualization.
» Disentanglement Study:

0.29 ki 0.19 0.29

3

0.27 0. 0.25 0.25

4

0.3 - 0.25 0.27

5

0.25 0.23 026 0.26

6
Content Input

Content Input

Class Prediction Domain Prediction
2 3 4 5 6 7 8 9 0 1 2 3

o 0.05 0.01 0.02

0.01 Rl )2 0.02

006 011 015 02 006 007 0.09 0.1

0

0.03 015 0.16 0.04 0.09 013 0.12

1
1

0.08 01 012 0.12 I 0.08 01 016

2

0.05 0.03
0.01 0.01 M

1.0

Style Input
Style Input

0.08 0.09 0.17 0.09 0.09 0.07

3
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