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Training Confidence-Calibrated Classifiers for Detecting Out-of-Distribution Samples (2018, ICLR)
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Training Confidence-Calibrated Classifiers for Detecting Out-of-Distribution Samples (2018, ICLR)
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Training Confidence-Calibrated Classifiers for Detecting Out-of-Distribution Samples (2018, ICLR)
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- Method 1

Training Confidence-Calibrated Classifiers for Detecting Out-of-Distribution Samples (2018, ICLR)

Classification TNR AUROC Detection AUPR AUPR
In-dist Out-of-dist accuracy at TPR 95% accuracy in out
Cross entropy loss / Confidence loss
CIFAR-10 (seen) 47.4/99.9 62.6/99.9 78.6/99.9 71.6/999 91.2/994
TinylmageNet (unseen) 490/100.0 64.6/1000 796/100.0 72.7/100.0 91.6/99.4
SVHN LSUN (unseen) 93.82/94.23 40371000 61.8/100.0 78.2/100.0 71.1/100.0 90.8/99.4
Gaussian (unseen) 56.1/100.0 72.0/100.0 834/100.0 77.2/100.0 928/994
SVHN (seen) 13.7/99.8 46.6/99.9 66.6/99.8 61.4/999 735/99.8
TinylmageNet (unseen) 13.6/99 39.6/31.8 62.6/58.6 58.3/553 71.0/66.1
CIFAR-10 LSUN (unseen) 80.14780.56  140/105 407/348 632/602 58.7/564 7T15/68.0
Gaussian (unseen) 28/3.3 10.2/14.1 50.0/50.0 48.1/494 399/47.0
10 @ SVHN 10 (]
(in) SVHN (i
09| @ CIFAR-10 (out / unseen) 0.9 ] mFAR-I;gmuuseen;
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- Method 1

Training Confidence-Calibrated Classifiers for Detecting Out-of-Distribution Samples (2018, ICLR)
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Figure 3: The generated samples from original GAN (a)/(c) and proposed GAN (b)/(d). In (a)/(b),
the grey area is the 2D histogram of training in-distribution samples drawn from a mixture of two
Gaussian distributions and red points indicate generated samples by GANS.
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- Method 2

Deep Anomaly Detection with Outlier Exposure (2019, ICLR)

3 OUTLIER EXPOSURE

We consider the task of deciding whether or not a sample is from a learned distribution called Dj.
Samples from D, are called “in-distribution.” and otherwise are said to be “out-of-distribution”
(OOD) or samples from Dyy. In real applications, it may be difficult to know the distribution
of outliers one will encounter in advance. Thus, we consider the realistic setting where D,y is
unknown. Given a parametrized OOD detector and an Outlier Exposure (OE) dataset DOF, disjoint
from DEY. we train the model to discover signals and learn heuristics to detect whether a query is

out *

sampled from Dy, or I}DDUI[:. We find that these heuristics generalize to unseen distributions D,,.

Deep parametrized anomaly detectors typically leverage learned representations from an auxiliary
task. such as classification or density estimation. Given a model f and the original learning objective
L, we can thus formalize Outlier Exposure as minimizing the objective

E{I,y}w'ﬂin [f’{f(iﬁ)* y} + AEI“MT’E{#[‘CDH{f{T;}? f{l‘), y)]]

over the parameters of f. In cases where labeled data is not available, then y can be ignored.
Outlier Exposure can be applied with many types of data and original tasks. Hence, the specific
formulation of Log is a design choice, and depends on the task at hand and the OOD detector
used. For example, when using the maximum softmax probability baseline detector (Hendrycks &
Gimpel, 2017), we set Log to the cross-entropy from f(z') to the uniform distribution (Lee et al.,
2018). When the original objective L is density estimation and labels are not available, we set Log
to a margin ranking loss on the log probabilities f(z') and f(z).
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- Method 2

Deep Anomaly Detection with Outlier Exposure (2019, ICLR)
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- Method 2

Deep Anomaly Detection with Outlier Exposure (2019, ICLR)
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- Method 2

Deep Anomaly Detection with Outlier Exposure (2019, ICLR)

FPROS | AUROC T AUPR 1
Din MSP +OE MSP +0OE MSP +OE
SVHN 6.3 0.1 98.0 100.0 91.1 99.9
CIFAR-10 34.9 9.5 89.3 97.8 59.2 90.5
CIFAR-100 62.7 38.5 73.1 87.9 30.1 58.2
Tiny ImageNet 66.3 4.0 64.9 92.2 27.2 79.3
Places365 63.5 28.2 66.5 90.6 33.1 71.0

Table [: Out-of-distribution image detection for the maximum softmax probability (MSP) baseline
detector and the MSP detector after fine-tuning with Outlier Exposure (OE). Results are percentages

and also an average of 10 runs. Expanded results are in Appendix A.
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- Method 2

Deep Anomaly Detection with Outlier Exposure (2019, ICLR)

FPRYS | AUROC * AUPR 1
D., MSP +GAN +OE | MSP +GAN +OE | MSP +GAN +OE
CIFAR-10 323 373 11.8 | 88.1 89.6 972 | 51.1 59.0 885
CIFAR-100 | 66.6 662 490 | 672 693 779 | 274 330 447

Table 4: Comparison among the maximum softmax probability (MSP), MSP + GAN, and MSP +
GAN + OE OOD detectors. The same network architecture 1s used for all three detectors. All results

are percentages and averaged across all
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Energy-based Out-of-Distribution Detection
(2020, NeurlPS)
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Jl Method 3

Energy-based Out-of-Distribution Detection (2010, NeurlPS)
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Jl Method 3

Energy-based Out-of-Distribution Detection (2010, NeurlPS)
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Jl Method 3

Energy-based Out-of-Distribution Detection (2010, NeurlPS)
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Jl Method 3

Energy-based Out-of-Distribution Detection (2010, NeurlPS)

FPRYS AUROC AUPR In-dist
Dit Method Test Error
) ) t !
Softmax score I]E[I 51.04 90.90 97.92 5.16
Energy score (ours) 33.01 91.88 07.83 5.16
ODIN '?4 35.71 91.09 07.62 5.16
W Romet) M'lha]als 3708 9327 98.49 5.16
’ DE 8.53 98.30 09.63 5.32
Enerqy fine-tuning (ours) 332 08.92 99.75 4.87
Softmax score [13 80.41 75.53 03.93 24.04
Energy icore (ours) 73.60 79.56 04.87 24.04
CIFAR-100 DDIN 74.64 77.43 04.23 24.04
(WideResNet) M'lha]ano bis 54.04 84.12 05.88 24.04
DE 58.10 85.19 06.40 24.30
Enerqy fine-tuning (ours) 47.55 88.46 97.10 24 .58
SN feigm]
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Jl Method 3

Energy-based Out-of-Distribution Detection (2010, NeurlPS)
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CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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- Method 4

CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
% Self-supervised Contrastive Leaming
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CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
% Self-supervised Contrastive Leaming
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CSl: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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- Method 4

CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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- Method 4

CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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- Method 4

CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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- Method 4

CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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- Method 4

CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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- Method 4

CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)

«% Distribution shifting transformation= &7 | {{sH Ha =l O|0|X|QF 7H 7P ID iZ0| LS OODnessE Al 4t

A .
(a) Original  (b) Cutout (c) Sobel (d) Noise (e) Blur (f) Perm (g) Rotate
Figure 1: Visualization of the original image and the considered shifting transformations.

Table 4: OOD-ness (%), i.e., the AUROC between in-distribution vs. transformed samples under the
vanilla SImCLR (see Section 2.2), of various transformations. The vanilla SImCLR is trained on
one-class CIFAR-10 under ResNet-18. Each column denotes the applied transformation.

Cutout Sobel Noise Blur Perm Rotate
OOD-ness 79.5 69.2 744 760 83.8 85.2
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CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)

Of

» E3 HAISS M52 O

I

FAEA|Z 17| 2181 transformation dassificastion tasks =7+

0

OODIemg;weg'rdes Negative sample
(58
Contrastive Head 2
Anchor
D > ContrastingTask
S Negative sample
> oz
S1 & '

D —> <& ClassificationTask

Classification Head So S1 -+ Sp_q So S1 - Sk

__LI.E:IEHEFE .{.. Data Mining

%%/ KOREA UNIVERSITY Quality Analytics




- Method 4

CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)
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- Method 4

CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)

Table 3: Test accuracy (%), ECE (%), and AUROC (%) of confidence-calibrated classifiers trained
on labeled (a) CIFAR-10 and (b) ImageNet-30. The reported results are averaged over five trials for
CIFAR-10 and one trial for ImageNet-30. Subscripts denote standard deviation, and bold denote the
best results. CSI-ens denotes the ensembled prediction, i.e., 4 times slower (as we use rotation).

(a) Labeled CIFAR-10

CIFARID —
Train method Testacc. ECE  SVHN LSUN ImageNet LSUN (FIX) ImageNet (FIX) CIFAR100 Interp.
Cross Entropy 93.0+02 6.44102 88.6+09 90.7+0s 88.3106 87.5+03 87.4+03 85.8+03 T75.4+07
SupCLR [30]  93.8x01 5.56x01 97.3+01 92.8+05 91.4+12 91.6+15 90.5+05 88.6+02 75.7+01
CSI (ours) 94.8+01 4.40+01 96.5+02 96.3+05 96.2+04 92.1+05 92.4+00 90.5+01  T78.5+0.2
CSlI-ens (ours) 96.1+01 3.50+01 97.9+00 97.7+04 97.6+03 03.5+04 04.0+0.1 92.2+01  80.1+03

(b) Labeled ImageNet-30

ImageNet-30 —
Train method  Testacc. ECE CUB-200 Dogs Pets Flowers Food-101 Places-365 Caltech-256 DTD

Cross Entropy 943 5.08 88.0 96.7 95.0 89.7 79.8 90.5 90.6 90.1
SupCLR [30] 96.9 3.12 86.3 95.6 942 922 81.2 89.7 90.2 92.1
CSI (ours) 97.0 2.61 93.4 97.7 969 96.0 8§7.0 92.5 91.9 93.7
CSl-ens (ours) 97.8 2.19 94.6 98.3 974 96.2 88.9 94.0 93.2 97.4
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CSI: Novelty Detection via Contrastive Learning on Distributionally Shifted Instances (2020, NeurlPS)

(a) Add transformations (b) Remove transformations
Base | Cutout Sobel Noise Blur Perm Rotate | Crop lJitter Gray
27 9 +Align 84.3 85.0 85.5 88.0 73.1 76.5 -Align 557 788 784
’ +Shift 88.5 88.3 89.3 89.2 90.7 94.3 +Shift - - 88.3

Table 6: OOD-ness (%) and AUROC (%)
on DTD, where Textile is used for OOD.
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(a) OOD-ness (b) AUROC
Rot. Noise Base CSI(R) CSI(N)
50.6 75.7 70.3 65.9 80.1
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- Conclusions

Post-hoc Approach facdl

Mahala Energy Grad

Baseline ODIN :
nobis Score Norm

MOOD Vim

%

2017 2018 2019 2020 2021 2022
Confidence Outlier Energy cs
Loss + GAN Exposure Score

25| O0D Lf|o]E] &

Outlier Exposure Approach

7}t o0oD H|O|E 2

__LI.E:IEHE;E ..:.. Data Mining

5/ KOREA UNIVERSITY Quality Analytics




o 1) E:l [-H t_;lpm ..:.. Data Mining

5/ KOREA UNIVERSITY Quality Analytics




	슬라이드 1
	슬라이드 2: 발표자 소개
	슬라이드 3: 목차
	슬라이드 4: Overview
	슬라이드 5: Overview
	슬라이드 6: Overview
	슬라이드 7: Overview
	슬라이드 8: Overview
	슬라이드 9: Overview
	슬라이드 10: Overview
	슬라이드 11: 과제 진행 목표
	슬라이드 12: Method 1
	슬라이드 13: Method 1
	슬라이드 14: Method 1
	슬라이드 15: Method 1
	슬라이드 16: Method 1
	슬라이드 17: Method 1
	슬라이드 18: Method 1
	슬라이드 19: Method 1
	슬라이드 20: Method 1
	슬라이드 21: 과제 진행 목표
	슬라이드 22: Method 2
	슬라이드 23: Method 2
	슬라이드 24: Method 2
	슬라이드 25: Method 2
	슬라이드 26: Method 2
	슬라이드 27: 과제 진행 목표
	슬라이드 28: Method 3
	슬라이드 29: Method 3
	슬라이드 30: Method 3
	슬라이드 31: Method 3
	슬라이드 32: Method 3
	슬라이드 33: 과제 진행 목표
	슬라이드 34: Method 4
	슬라이드 35: Method 4
	슬라이드 36: Method 4
	슬라이드 37: Method 4
	슬라이드 38: Method 4
	슬라이드 39: Method 4
	슬라이드 40: Method 4
	슬라이드 41: Method 4
	슬라이드 42: Method 4
	슬라이드 43: Method 4
	슬라이드 44: Method 4
	슬라이드 45: Method 4
	슬라이드 46: Method 4
	슬라이드 47: Method 4
	슬라이드 48: Method 4
	슬라이드 49: Method 4
	슬라이드 50: Method 4
	슬라이드 51: Method 4
	슬라이드 52: Conclusions
	슬라이드 53

