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Temperature Scaling

𝑆 =
exp(𝑓𝑖 𝑥 )

σ𝑗=1
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Temperature Scaling

𝑆ො𝑦 =
exp(𝑓ො𝑦 𝑥 /𝑇)

σ𝑗=1
𝐶 exp(𝑓𝑗 𝑥 /𝑇)

≈
1

𝐶 −
1
𝑇
σ𝑖 𝑓ො𝑦 𝑥 − 𝑓𝑖 𝑥 +

1
2𝑇2

σ𝑖 𝑓ො𝑦 𝑥 − 𝑓𝑖 𝑥
2

𝑈1 𝑥 =
1

𝐶 − 1
෍

𝑖≠ ො𝑦

𝑓ො𝑦 𝑥 − 𝑓𝑖 𝑥 𝑈2 𝑥 =
1

𝐶 − 1
෍

𝑖≠ ො𝑦

𝑓ො𝑦 𝑥 − 𝑓𝑖 𝑥
2

𝑙𝑒𝑡𝑓ො𝑦 𝑥 − 𝑓𝑖 𝑥 = 𝛿, 𝑈2 𝑥 =
1

𝐶 − 1
෍

𝑖≠ ො𝑦

𝛿𝑖 − ҧ𝛿
2
+ ҧ𝛿2
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Temperature Scaling
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𝑖≠ ො𝑦

𝑓ො𝑦 𝑥 − 𝑓𝑖 𝑥 𝑈2 𝑥 =
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𝐶 − 1
෍

𝑖≠ ො𝑦

𝑓ො𝑦 𝑥 − 𝑓𝑖 𝑥
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Input Preprocessing

෤𝑥 = 𝑥 + 𝜖𝑠𝑖𝑔𝑛(𝛻𝑥𝐽 𝜃, 𝑥, 𝑦 )
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Input Preprocessing

෤𝑥 = 𝑥 + 𝜖𝑠𝑖𝑔𝑛(𝛻𝑥𝐽 𝜃, 𝑥, 𝑦 ) ෤𝑥 = 𝑥 − 𝜖𝑠𝑖𝑔𝑛(−𝛻𝑥𝑆 ො𝑦 𝑥 )
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Mahalanobis Distance

공돌이의수학정리노트 -https://angeloyeo.github.io/2022/09/28/Mahalanobis_distance.html
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Mahalanobis Distance

공돌이의수학정리노트 -https://angeloyeo.github.io/2022/09/28/Mahalanobis_distance.html

𝑧 = 𝐴𝑥

X2
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Mahalanobis Distance

공돌이의수학정리노트 -https://angeloyeo.github.io/2022/09/28/Mahalanobis_distance.html

X1

X2

Z1

Z2

𝑧 = 𝐴𝑥 𝑀𝑎ℎ𝑎𝑙𝑎𝑛𝑜𝑏𝑖𝑠 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒

𝑥
𝑧

𝑑𝑀 = 𝑧𝑇𝑧 = 𝐴𝑥 𝑇 𝐴𝑥

= 𝑥𝑇𝐴𝑇𝐴𝑥 = 𝑥𝑇σ−1𝑥

𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒

𝑑𝐸 = 𝑥𝑇𝑥
𝜎

1
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Mahalanobis Distance-Based Confidence Score
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Mahalanobis Distance-Based Confidence Score

Feature space
𝑵(𝝁𝟏, σ) 𝑵(𝝁𝟐, σ)

𝑵(𝝁𝟑, σ)
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Mahalanobis Distance-Based Confidence Score

Feature space
𝑵(𝝁𝟏, σ) 𝑵(𝝁𝟐, σ)

𝑵(𝝁𝟑, σ)

𝑴 𝒙 = 𝐦𝐚𝐱
𝒄

− 𝒇 𝒙 − ෝ𝝁 𝑻σ−𝟏 ( 𝒇 𝒙 − ෝ𝝁 )
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Feature Ensemble

𝑴𝟏 𝒙 = 𝐦𝐚𝐱
𝒄

− 𝒇𝟏 𝒙 − ෝ𝝁𝟏
𝑻σ𝟏

−𝟏( 𝒇𝟏 𝒙 − ෝ𝝁𝟏 )𝒍𝒕𝒉

𝑴𝟐 𝒙 = 𝐦𝐚𝐱
𝒄

− 𝒇𝟐 𝒙 − ෝ𝝁𝟐
𝑻σ𝟐

−𝟏( 𝒇𝟐 𝒙 − ෝ𝝁𝟐 )

𝑴𝒍 𝒙 = 𝐦𝐚𝐱
𝒄

− 𝒇𝒍 𝒙 − ෝ𝝁𝒍
𝑻σ𝒍

−𝟏( 𝒇𝒍 𝒙 − ෝ𝝁𝒍 )

𝑀 𝑥 =෍

𝑙

𝛼𝑙𝑀𝑙
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Input Preprocessing

෤𝑥 = 𝑥 + 𝜖𝑠𝑖𝑔𝑛(𝛻𝑥𝐽 𝜃, 𝑥, 𝑦 )

෤𝑥 = 𝑥 − 𝜖𝑠𝑖𝑔𝑛(−𝛻𝑥𝑆ො𝑦 𝑥 )

෤𝑥 = 𝑥 + 𝜖𝑠𝑖𝑔𝑛(+𝛻𝑥𝑀 𝑥 )
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Experimental Results
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Energy-Based Model

𝑝 𝑦 𝑥 =
𝑒−𝐸(𝑥,𝑦)/𝑇

′𝑦׬ 𝑒
−𝐸(𝑥,𝑦′)/𝑇

=
𝑒−𝐸(𝑥,𝑦)/𝑇

𝑒−𝐸(𝑥)/𝑇

𝑥
𝑦

LeCun, Yann, et al. "A tutorial on energy-based learning." Predicting structured data 1.0 (2006).

𝐸 𝑥 = −𝑇 ∗ log න

𝑦′

𝑒−𝐸(𝑥,𝑦
′)/𝑇
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Energy-Based Model

Energy Function 

LeCun, Yann, et al. "A tutorial on energy-based learning." Predicting structured data 1.0 (2006).
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Classification Model as EBMs

𝑝 𝑦 𝑥 = 𝑆𝑦 𝑥 =
𝑒𝑓𝑦(𝑥)/𝑇

σ𝑗=1
𝐾 e𝑓𝑗 𝑥 /𝑇

𝐸 𝑥, 𝑦 = −𝑓𝑦(𝑥)

𝑝 𝑦 𝑥 =
𝑒−𝐸(𝑥,𝑦)/𝑇

′𝑦׬ 𝑒
−𝐸(𝑥,𝑦′)/𝑇

=
𝑒−𝐸(𝑥,𝑦)/𝑇

𝑒−𝐸(𝑥)/𝑇

𝐸 𝑥 = −𝑇 ∗ log න

𝑦′

𝑒−𝐸(𝑥,𝑦
′)/𝑇

= −𝑇 ∗ log෍

𝑗=1

𝐾

𝑒𝑓𝑗(𝑥)/𝑇

𝑔 𝑥; 𝜏, 𝑓 = ቊ
0 𝑖𝑓 − 𝐸 𝑥; 𝑓 ≤ 𝜏,

1 𝑖𝑓 − 𝐸 𝑥; 𝑓 > 𝜏
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Classification Model as EBMs

L𝑛𝑙𝑙 = − 𝑙𝑜𝑔 𝑝 𝑦 𝑥 = E 𝑥,𝑦 ~𝑃𝑖𝑛 −𝑙𝑜𝑔
𝑒𝑓𝑦(𝑥)/𝑇

σ𝑗=1
𝐾 e𝑓𝑗 𝑥 /𝑇

= E 𝑥,𝑦 ~𝑃𝑖𝑛

1

𝑇
𝐸 𝑥, 𝑦 + 𝑙𝑜𝑔෍

𝑗=1

𝐾

𝑒−𝐸(𝑥,𝑗)/𝑇

정답페어는에너지를낮게

다른페어는에너지를높게
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Softmax Score vs Energy Score

𝑚𝑎𝑥
𝑦

𝑝 𝑦 𝑥 = 𝑚𝑎𝑥
𝑦

𝑒𝑓𝑦(𝑥)

σ𝑖 𝑒
𝑓𝑖 𝑥

=
𝑒𝑓

𝑚𝑎𝑥(𝑥)

σ𝑖 𝑒
𝑓𝑖 𝑥

=
1

σ𝑖 𝑒
𝑓𝑖 𝑥 −𝑓𝑚𝑎𝑥(𝑥)

logmax
𝑦

𝑝(𝑦|𝑥) = 𝐸(𝑥; 𝑓 𝑥 − 𝑓𝑚𝑎𝑥 𝑥 )

= 𝐸 𝑥; 𝑓 + 𝑓𝑚𝑎𝑥(𝑥)

𝐸 𝑥 = log෍

𝑗=1

𝐾

𝑒𝑓𝑗 𝑥 , 𝑤ℎ𝑒𝑟𝑒 𝑇 = 1
𝐵𝑖𝑎𝑠

𝑓𝑜𝑟 𝐼𝑛 − 𝑑𝑖𝑠𝑡 𝑥 𝑓𝑜𝑟 𝐼𝑛 − 𝑑𝑖𝑠𝑡 𝑥
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Softmax Score vs Energy Score
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Energy-bounded Learning for OOD Detection

𝑚𝑖𝑛
𝜃

𝐿𝑜𝑠𝑠 =𝐿𝑛𝑙𝑙 + 𝜆 ∗ 𝐿𝑒𝑛𝑒𝑟𝑔𝑦

𝑤ℎ𝑒𝑟𝑒, 𝐿𝑒𝑛𝑒𝑟𝑔𝑦 = E
𝑥𝑖𝑛,𝑦 ~𝐷𝑖𝑛

𝑡𝑟𝑎𝑖𝑛 max 0, 𝐸 𝑥𝑖𝑛 −𝑚𝑖𝑛
2

+E 𝑥𝑜𝑢𝑡 ~𝐷𝑜𝑢𝑡
𝑡𝑟𝑎𝑖𝑛 max(0,𝑚𝑜𝑢𝑡 − 𝐸 𝑥𝑜𝑢𝑡 )

2
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