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Background

Real-world Applications of Calibration

Autonomous driving Smart healthcare

Uncertainty Calibration is important for Safety-aware Scenarios



Background

Intuitive explanation:

The average confidence reflects models’s accuracy

Input Pred. Conf. Input Pred. Conf.

Ty ——» CAT 0% & e —» CAT 70% ¥
T » DOG 70% & Ty ——» CAT 7T0% &
x3 » CAT 0% <« rg — DOG 7T0% ¥
T4 > CAT 0% «f Tg — CAT 0% o
Ts » DOG 0% < T10 » DOG 70% &
Formally:

A perfect classifier satisfies: P(ij = ylp = p) = p
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Background

Intuitive explanation:

The average confidence reflects models’s accuracy

Input Pred. Conf. Input Pred. Conf.
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Background

Solve the calibration issue: Post-hoc Calibration

raw outputs
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Background

Solve the calibration issue: Post-hoc Calibration
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Background

Temperature Scaling

Model trained on training set  Find the best T in validation set

Temperature Scaling (TS) achieves surprising performance
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Mixup for Calibration: Does It Really Work?

[1] On Mixup Training: Improved Calibration and Predictive Uncertainty for Deep Neural
Networks, NeurlPS 2020

They empirically find that DNNs trained with mixup are significantly better calibrated.

[2] When and How Mixup Improves Calibration, ICML 2022

They theoretically prove that Mixup improves calibration in high-dimensional settings.

[3] Combining Ensembles and Data Augmentation Can Harm Your Calibration, /CLR 2021

Mixup may hurt calibration in some cases!
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[1] On Mixup Training: Improved Calibration and Predictive Uncertainty for Deep Neural

Networks, NeurlPS 2020

They empirically find that DNNs trained with mixup are significantly better calibrated.

[2] When and How Mixup Improves Calibration, ICML 2022

They theoretically prove that Mixup improves calibration in high-dimensional settings.

[3] Combining Ensembles and Data Augmentation Can Harm Your Calibration, /CLR 2021

Mixup may hurt calibration in some cases!
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([4] Pitfalls of in-domain uncertainty estimation and ensembling in deep learning, ICLR 2019

Comparison without post-hoc calibration might be not fair.

Does mixup really improve Calibration?
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Mixup for Calibration: Does It Really Work?

P; =
2 k=1

qr

Temperature Scaling (TS)

Datasets Metrics ERM mixup (=0.1) mixup (a=0.5) mixup (a=1.0)

ECE 2.15 2.67 243 256 | 396 1.894246 1.38A 11.2 948 8.04 937 148 13.7 13.8 129
SVHN Calibrated ECE | 0.50 0.87 0.75 090 | 0.99v 1.03¥ 1.08¥ 1.05v¥ 1.23v1.21v 1.28v 1.21v 1.12v 1.18v 1.14v 1.04v
Optimal ECE | 0.24 0.56 045 0.58 | 0.75v0.74v 0.85v 0.68Y¥ 1.12v 0.95v 0.95v 0.88v 1.04v 0.98v 0.88v 0.78Y

ECE 333 3.99 3.78 347 | 2.57A222A255A42.534 6.87 625 6.55 6.20 12.1 11.5 105 11.2
CIFAR-10 Calibrated ECE | 0.65 0.79 0.83 0.65| 1.04v 1.07v 1.08v 1.12¥ 1.15v 1.15v0.95v 1.05v  0.94v0.91v0.83 0.76V
Optimal ECE | 0.59 0.63 0.61 0.52| 097v098v 1.01v1.01v 097v1.03v0.88v0.88Yy (0.85v0.80v0.71v0.65v
ECE 109 125 119 11.7| 2.43A6.63A5.9545.59A 10.84 3.8943.9143.854A 13.0 7.4447.50A7.55A
CIFAR-100 [Calibrated ECE| 2.56 2.41 2.64 242 1.76 1.87 1.37 1.67 1.22 2.63v3.21v2.57v 1.25 2.66v3.02v 3.52v
Optimal ECE | 245 229 244 231 | 1.60 159 123 145 0.98 2.46Vv 3.04v 2.39v 1.09 2.54v2.85v 3.38vy
ECE 23.2 20.5 20.7 21.6 | 8.57A75149.76A 1044 398A439242.16A3.294 6.85A 744449845934
Tiny-ImageNet | Calibrated ECE| 1.33 1.23 1.36 1.33| 1.32 1.28v 1.55v2.08¥ 1.33 1.46V 1.52v 1.82V 1.49v 1.65v 2.26V¥ 2.00v
Optimal ECE | 1.14 1.00 1.16 1.16 | 1.02 1.05v 1.40v 1.93v 1.08 1.21v 1.23v 1.60v 1.20v 1.30v 1.91v 1.69v




Mixup for Calibration: Does It Really Work?

Y

qr

P = —=p Temperature Scaling (TS)
3.

Datasets Metrics | ERM | mixup (a=0.1) mixup (a=0.5) mixup (o= 1.0)
ECE | 2.15 2.67 243 256 | 3.96 1.89A2.46 138A4 112 948 8.04 937 148 13.7 138 129
SVHN
ECE | 3.33 3.99 3.78 3.47| 2.5742.2242.5542.534 687 625 655 620 121 11.5 105 11.2
CIFAR-10
ECE 1109 125 119 11.7| 2.4346.63A5.9545.594  10.843.8943.9143.854  13.0 7.4447.50A7.554
CIFAR-100
ECE | 232 205 207 21.6| 8.5747.5149.76A 1044 3.9843.9242.16A3.294  6.85A 7.444 4984 5934
Tiny-ImageNet

Without TS



Mixup for Calibration: Does It Really Work?
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Temperature Scaling (TS)

Datasets Metrics ERM mixup (=0.1) mixup (a=0.5) mixup (a=1.0)
SVHN Calibrated ECE | 0.50 0.87 0.75 090 | 0.99v 1.03¥ 1.08¥ 1.05v¥ 1.23v1.21v 1.28v 1.21v 1.12v 1.18v 1.14v 1.04v
Optimal ECE | 0.24 0.56 045 0.58 | 0.75v0.74v 0.85v 0.68Y¥ 1.12v 0.95v 0.95v 0.88v 1.04v 0.98v 0.88v 0.78Y
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Optimal ECE | 0.59 0.63 0.61 0.52| 097v098v 1.01v1.01v 097v1.03v0.88v0.88Yy (0.85v0.80v0.71v0.65v
CIFAR-100 [Calibrated ECE| 2.56 2.41 2.64 242 1.76 1.87 1.37 1.67 1.22 2.63v3.21v2.57v 1.25 2.66v3.02v 3.52v
Optimal ECE | 245 229 244 231 | 1.60 159 123 145 0.98 2.46Vv 3.04v 2.39v 1.09 2.54v2.85v 3.38vy
Tiny-ImageNet | Calibrated ECE| 1.33 1.23 1.36 1.33| 1.32 1.28v 1.55v2.08¥ 1.33 1.46V 1.52v 1.82V 1.49v 1.65v 2.26V¥ 2.00v
Optimal ECE | 1.14 1.00 1.16 1.16 | 1.02 1.05v 1.40v 1.93v 1.08 1.21v 1.23v 1.60v 1.20v 1.30v 1.91v 1.69v
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Mixup for Calibration: Does It Really Work?

Remark 1. [}] Let A\ ~ Betar, ,1(a,a) and 7 ~ Uniform M
S g\ hipatid 3 v T Mixup
( (n]) be two random variables with o > 0, n > 0 and let
A = E\A. The mixed sample (z;,vy;) as in Equaton (1) for
any i € [n| can be reformulated as:

T; = T+Mxi—Z) + A=A)zi+(1-N)z;— (1-N)Z,

Ui =+ A yi—7) + A=Nyi+ (1-N)y; —(1-X)

N - N
B oo & &

@ Data Augmentation

<8\

\

Data Transformation =’ ,y! Random Perturbation €7 ,¢”

where T, are the mean of inputs and labels of all train-

ing samples, and the perturbation terms satisfy Ey jef = La be' SmOOth I ng

IE)\J‘(.';/ = (.

Label smoothing hurts post-hoc calibration! [4]

[3] On mixup regularization, JMLR 2022
[4] Rethinking Calibration of Deep Neural Networks: Do Not Be Afraid of Overconfidence, NeurlPS 2021
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How to Fix Mixup’s Issue?

Avoiding label smoothing, but remaining data augmentation
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Il(ﬁh 7) D
[0,0,0,1,0]
(a) Mixup

Data augmentation Label smoothing
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How to Fix Mixup’s Issue?

Avoiding label smoothing, but remaining data augmentation

Data augmentation
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How to Fix Mixup’s Issue?

Avoiding label smoothing, but remaining data augmentation

Remark 2. Recall the basic idea of mixup: linear inter-
polations of feature vectors should lead to linear interpo-
lations of the output space. Based on this assumption, by
mixing two samples twice with \; # Ay € (0,1), as is

A model

Decoupling

model

il

Ty =Mz + (1= Ap)a,
.’;2 = \oZq + (l — /\2)1,‘1).

3)

. (b) MIT-L
we can decouple these two samples in outputs space:
N N Labelsmeoothing
5 = 1) = f(@2)(1 — X)/(1 — A9) Decoupling
. A= A2(1—=A)/(1 = A2)

5, = 4 @) = f@2)da/M 4)
( 1—/\2—(1_/\1)/\2//\1.
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Experiments

_ Mixup Mixup Mixup Mixup  Mixup Mixup Mixup MIT-A MIT-L. MIT-A
Backbones | ERM | "1y 05 a0 | on o) | o a0 (Ax>1) (Ax>1)
ResMetl8 [0.50(2)| 099(7) 123(11) L12(100| 101 (8)  LO5(2) | 0.50(3) 061(5) | 047(1) 065(6) 0.53(4)
ResNet50 08706} L03(7) 1.21(9 LI18(8) |L55(11) 1.39(10)( 0594} 050(2) | 049(1) 052(3) 0.66(5)
SVHN ResMetl10 |0.75(6)| LOB(7) 1.28(9) 1.14(8) [L39(10) 1.43(11)| 050(2) 060(4) | 0A48(1) 053 (3) 0.70(5)
ResMet152 |0.90(6) [ 1.05(8) 1.20(9) 1.04(7) [1.28(00) 1.37(11)] 057(2) 065(4) | 0.61(3) 053(1) 0.67(5)
Avg. gain — +028 +047 +036 +0.55 +0.55 021 0.16 0.24 0.19 0.11
ResMNetl® |[0.65(6) L04(8) 1159 0594(T) |L70(11) 1450100 0624y 061(3) | 056(1) 0.59(2) 0.62(5)
ResNet50  [0.79(6)| 1.07(8) 1.15(9) 091(7) |L81(11) 1640100 0.65(4) 046(1) | 063(3) 059(2) 0.68(5)
CIFAR-10 | ResMNetl10 |0.83(7) 1.0£(9) 095(8) 083 (6) [1.52(10) 1.56(11)| 0.54(3) 050(1) | 0.52(2) 054(4) 0785
ResMNetl52 |0.65(4)| LI12(9) 1.05(8) 076(7) [L55(11) 1420100 0.67(5) 048(1) | 057(3) 050(2) 0.67(6)
ECE i Avg. gain — +034 +034 +013 +091 +0.78 0.11 0.21 | 0.15 0.17 (.04
ResNetl8 |256(9)| 1.76(5) L22{(1) 1.25(2) |5.24(11) 333(100| 2.00(7) 1.87(6) | 1.44(3) 2188} 1.75(4)
ResNet50 24107y L.87(2) 2.63(8) 2.66(9 |486(11) 455(10)( LB2(1)} 2.1045) | 19003} 2.15(6) 1.97(4)
CIFAR-100 | ResNetl10 |264(7)| L37(1) 321(9) 3.02(8) [470(11) 445(10)] L76(2) 1.93(3) | 1.98(4) 2.25(6) 2.00(5)
ResMet152 | 242 (6) | 1.67(2) 2.57 (8) 3.52(9) [4.019(11) 3.97(10)| L65(1) 1.98(4) | LT1(3) 247(7) 2.17(5)
Avg. gain — 0.84 010 +0.10 +224  +1.56 0.69 0.53 0.74 0.24 0.53
ResMetl® | 133043 1.32(2) 1.33(3) 149(8) | 222(11) 1L55(10)| 1.38(5) 1.30(1) | 147071 L154(9) L1.41i6)
ResNet30 |1.23(3)| 1.28(4) 146(6) 1.65(9) | 2.08(11) LB3I(10)| 1.59(8) 1.58(7) | L18(1) 123(2) 1.36(3)
ResNetl10 | 1.36(4)| 155(8) 152(7) 226(11) | 2.14(10) 1.28(1) | 1.92(9) 149(6) | 135(3) 1.29(2) 1.39(5)
Tiny-ImageNet | ResNet152 | 1.33(3)| 208(10) 1.82(7) 2.00(8) LEL(G) 2.0609) 146 (5 209011y 14304 L17(1) 1.30(2)
ResNet18' | 1.12(2)| 1.43(5) 1.22(3) 131(4) | 283(11) 1.90(10)| 1.58(7) 1.72(8) | 1.56(6) 1.79(9) L11(1)
ResNet1527 | 1.96(6)| 1.57(4) 2.75(9) 2.74(8) | 4.83(10) 6.60(11)| L19(1) 168(5) | 1.37(3) 258(7) 1.26(2)
Avg. gain — +0.14 +029 +0.51 +1.26 +1.14 +0.13 +027 | 0.00 +0.21 0.08




Experiments

_ Mixup Mixup Mixup Mixup  Mixup Mixup Mixup MIT-A MIT-L. MIT-A
Backbones | ERM L "1y 05 ao | on o) | so a0 (Ax>1) (Ax>1)
ResMet18 [050(2)0 099(7) 123(11) L12(10) JL.01(8)  1L05(2) | 0.50(3) 061(5) | 047(1) 065(6) 0.53(4)
ResNet50 08760 1.03(7) 1.21(9 LI18(8) JL55(11) 1.39(10)( 0594} 050(2) | 049(1) 052(3) 0.66(5)
SVHN ResMetl10 |0.75(6)f 1.08(7) 1.28(9) 1.14(8) JL39(10) 1.43(11)| 050(2) 060(4) | 0A48(1) 053(3) 0.70(5)
ResMet152 | 000 (6)f 1.05(8) 1.20(9) 1.04(7) JL28(00) 1.37(11)| 057(2) 065(4) | 0.61(3) 053(1) 0.67(5)
Avg. gain — +028 +047 +036 +0.55 +0.55 0.1 (L16 .24 19 (L11
ResMNetl® 065061 1.04(8) 11509 054(7) JL70(11) 1450100 0624y 061(3) | O56(1) 0.59(2) 0.62(5)
ResNet50 (079 (6 1.07(8) 1.15(9) 091(7) JLE1(11) 1640100 0.65(4) 046(1) | 063(3) 059(2) 0.68(5)
CIFAR-10 | ResNetl10 |D83(7)f 1.08(9) 095(8) 083 (6) J152(10)0 1.56(11)] 0.54(3) 050(1) | 052(2) 054(4) 0.T8(5)
ResMNetl52 | 065 (4 L12(9) 1.05(8) 076(7) JLAS5(11) 1420100 0.67(5) 048(1) | 057(3) 050(2) 0.67(6)
ECE i Avg. gain — +034 +034 +013 +091 +0.78 0.11 0.21 | 0.15 0.17 (.04
ResNetl8 |256(9f 1.76(5) L22{(1) 1.25(2) [5.24(11) 3.33(100| 2.00(7) 1.87(6) | 1.44(3) 2188} 1.75(4)
ResNet50 (241071 1.87(2) 2.63(8) 2.66(9 [486(11) 455(10)( LB2(1)} Z2.1045) | 19003y 2.15(6) 1.97(4)
CIFAR-100 | ResNetl10 |2.64(T)) 1L37(1) 321(9) 3.02(8) J4.70(11) 445(10)| L76(2) 1.93(3) | 198 (4) 2.25(6) 2.00(5)
ResMet152 | 242 (6)f 1.67(2) 2.57 (8) 3.52(9) Q4.19(11) 3.97(10)| L65(1) 1.98(4) | LT1(3) 247(7) 2.17(5)
Avg. gain — 0.84 010 +0.10 +224  +1.56 0.69 0.53 0.74 0.24 0.53
ResMNetl® | 13304 1.32(2) 1.33(3) 149(8) § 2.22(11) 1L55(100| 1L.38(5) 1.30(1) | 147071 L154(9) 1.41i6)
ResNet30 | 1.23¢3)] 1.28(4) 146(6) 1.65(9) [ 2.08(11) LB3(10)| 1.59(8) 1.58(7) | L18(1) 123(2) 1.36(35)
ResNetl10 | 136 (4)f 155(8) 152(7) 226(11)§ 2.14(10) 1.28(1) | 1.92(9) 149(6) | 135(3) 1.29(2) 1.39(5)
Tiny-ImageNet | ResNet152 | 133 (3] 208 (10) 1.82(7) 2.00(8) LEL(G) 2.0609) 146 (5 209011y 14304 L17(1) 1.30(2)
ResNet18' | 1.12()] 1.43(5) 122(3) 131(4) | 283(11) 1.90(10)| 1.58(7) 1.72(8) | 1.56(6) 1.79(9) L11(1)
ResNet1527 | 1.96 (6)] 1.57(4) 2.75(9) 2.74(8) | 4.83(10) 6.60(11)| L19(1) 168(5) | 1.37(3) 258(7) 1.26(2)
Avg. gain — +0.14 +029 +0.51 +1.26 +1.14 +0.13 +027 | 0.00 +0.21 0.08




Experiments

WithLS  Without LS
A
_ Mixup Mixup Mixup Mixup  Mixup Mixup Mixup MIT-A MIT-L. MIT-A
Backbones | ERM) 01y 05 a0 | on a0 | so a0 (AN=3) (AX=1)

ResMet18 [0.50(2)| 099(7) 123(11) L12(100| 101 (8)  L05(2) J 0.50(3) 0615 ) 047 (1) 065(6) 0.53(4)
ResNet50 |0.87(6)] 1.03(7) 1219 LI8(R) [1.55(11) 139010 0.59(4) 050(2)f 0.49(1) 0352(3) 0.66(3)
SVHN Resetl10 |0.75(6) 1.08(7) 1.28(9) 1.14(8) |1.39(10) 1.43(11)f 0350(2) 060(4) ) 048(1) 053(3) 0.70(5)
ResMet152 |0.90(6) [ 1.05(8) 1.20(9) 1.04(7) [1.28(00) 1370113 0.57(2) 065(4) | 0.61(3) 053(1) 0.67(5)

Avg. gain — +028 +047 +036 +0.55 +0.55 0.1 (L16 I .24 19 (L11
ResNetl® [065(6)] 104 (8) 11509 094(7) [1.70(11) 145010 0.62(4) 0613 ) 0.56(1) 059(2) 0.62(3)
ResNet50 [0.79(6)| 1.07(8) 1.15(9) 091(7) |L81(11) 1.64(100Q 0.65(4) 046(1) )| 0.63(3) 059(2) 0.68(5)
CIFAR-10 | ResNetll0 |0.83(7)| 1.08(9) 095(8) 083 (6) |152(10)0 1.56(11)) 0.54(3) 050(1) Q| 052(2) 054(4) 0.T8(5)
Resietl52 (065 (4)| 1.12(9) 1.05(8) 076(7) |1.55(11) 1.42(10)§ 0.67(5) 048(1)§ 057(3) 050(2) 0.67(6)

ECE i Avg.gain | — | +034 +034 +013 +091  +0.78 011 -021 | -015 -017 -0
ResNetl8 |256(9)| 1.76(5) L22{(1) 1.25(2) |5.24(11) 333(10[ 2.00(7) 1E7(6) | 1.44(3) 218(8) 175(4)
ResNet50 |[241(7)] 1.87(2) 263(8) 2.66(9) [486(11) 455(10)) LE2(1) 2.1045) | 1.90(3) 2.15(6) 1.97(4)
CIFAR-100 | ResNetl10 | 2.64(7)| L3T(1) 321(9) 3.02(8) [470(11) 445(100f L76(2) 193(3) )| 198 (4) 2.25(6) 2.00(5)
ResMet152 | 242(6) | 1.67(2) 2.57 (8) 3.52(9) [4.019(11) 397100 ] L65(1) 1984 1.71(3) 247(7) 2.17(5)

Avg. gain — 0.84 010 +0.10 +224  +1.56 0.69 0.53 I 0.74 0.24 0.53
ResNetl® |1.33(4)] 1.32(2) 133(3) 149(8) | 222(11) L5510 1.38(5) L30(1) Q| 1.47(T) 1549 1.41(6)
ResNet30 |1.23(3)| 1.28(4) 146(6) 1.65(9) | 2.08(11) LEI ([ 1.59(8) 1.58(T)f 1.18(1) 123(2) 1.36(35)
ResMNetl10 | 1.36(4)| 1.55(8) 1.52(7) 226(11)| 2.14(10)0 L28(1) § 1.92(9) L149(6)§ 1.35(3) 1.29(2) 1.39(5)
Tiny-ImageNet | ResNet152 | 1.33(3)| 208(10) 1.82(7) 2.00(8) LEL(G) 2.0609) L46(5) 2.19(11 1434y 117(1) 1.30(2)
ResNet18' |1.12(2)| 1.43(5) 122(3) 131(4) | 283(11) 1.90(10) | 1.58(7) 1.72¢8) | 1.56(6) 1.79(9) L11(1)
ResNet1527 | 1.96(6)| 1.57(4) 2.75(9) 2.74(8) | 4.83(10) 6.60(11) ) L.19(1) 168(5) | 1.37(3) 258(7) 1.26(2)

Avg. gain — +0.14 +029 +0.51 +1.26 +1.14 +0.13 +027 | 0.00 +0.21 0.08




Experiments

Mixu Mixu Mixu Mixu, Mixu Mixu Mixu MIT-A MIT-LL. MIT-A
Backbones | ERM | V" Tl o) | on  aoy | 6O o) (AX>1) (Ax>1)
ResNetl® (050023 099(7) 123011) 1124100 | 101 (8) L0509 [ 050(3) O061(5) | 047(1) 065(6) 0534
ResMet30 [0ET (61| 1.03(7) 1.21(% 1188 |155(11) 1390100 0.59(4) 050(2) §f 0.49(1) 0.52(3) 0.66(5)
SVHN ResMNetl10 |0.75(6)| 1.08(7) 1.28(9) 1.14(8) [1.39410) 1.43(11)| 0350(2) 0.60(4) §| 048 (1) 0.353(3) 0.70(5)
ResMetl52 |0906)| 1.05(8) 1.21(9 104(7) |128(100 1.37(11)| 057(2) 0654 § 061(3) 053(1) 0.67(5)
Avg. gain — +028 +047 +036 +055 +0355 0.21 0.16 0.24 (.19 0.11
ResMetl® [065(6) 1.04(8) 1.15(9 0947y |1L.70(11) 1450100 0.62(4) O61(3) ) 056(1) 059(2) 0.62(5)
ResNet50 [0.79(6)] 1.07(8) 11509 091(7) [1.81(11) Le4(10)| 0.65(4) 046(1) ff 063 (3) 059(2) 0.68(5)
CIFAR-10 | ResNetll0 |0.83(7)| 1.08(9) 095(8) 083 (6) |1.52(10) 1.56(11)] 0.54(3) 050(1) Jf 0.52(2) 0.54(4) 0.78(5)
ResMNetl52 |0.65(4)| 1.12(9) 1.05(8) 076(7) [1.55(11) 1.42(10)| 0.67(5) 048(1) | 057(3) 0350(2) 0.67(6)
ECE ¢ Avg. gain — +034 +034 +0.13 + (.91 + (.78 0.11 0.21 (.15 0.17 (.04
ResNetl® |256(9)] 1.76(5) 122(1) 1.25(2) [5.24(11) 333(10)| 2.00(7) L187q6) | 1.44(3) 2.18(8) L75(4)
ResMet30 (241071 1.87(2) 263 (8) 2.66(9) |[486(11) 455(10)( 1LB2(1) 2.1045) ff 190033 2.15(6) 1.974)
CIFAR-100 | ResNetl10 |2.64(7)| 1L37(1) 321(% 302(8) [470(11) 445(10)| L76(2) 1.93(3)f 1.98(4) 2.25(6) 2.00(3)
ResMetl32 |242(6) 1.67(2) 2.57(8) 3.52(9) [4.19(11) 397(10)| L65(1) 1984 1.71(3) 247(7) 2.17(5)
Avg. gain —_ (.54 010 +0.10 +224  +1.56 069 (.53 (174 .24 (.53
ResNetl® | 1.33(4)| 1.32(2) 133(3) 149(8) | 2.22(11) 1550100 138(5 130(1) | 14707y L154(9) L41(6)
ResNet50 [ 1.23(3)| 1.28(4) 146(6) 165(9) | 208(11) 183100 1.59(8) 158(7)f L18(1) 1.23(2) 1.36(5)
ResMNetl10 | 1.36(4)| 1.55(8) 1527y 226(11) | 2.04(10) 1.28(1) | 1.92(9) 149¢6) | 1.35(3) 1.29(2) 1.39(35)
Tiny-ImageNet | ResMNetl52 | 1.33(3)| 208 (10) 1.82(7) 2.00(8) | 1.81(6) 20609 [ 1L46(5) 2.19(11 143 (4) 117q1) 1.30(2)
ResNet18' | 1.12(2)| 1.43(5) 122(3) 131(4) | 283(11) 1.90(10)| 1.58(7) 1.72¢8) | 1.56(6) 1.79(9) LI11(1)
ResNet152" | 1.96(6)| 1.57(4) 2.75(9) 2.74(8) | 4.83(10) 6.60(11)| L19(1) L68(5) J 1.37(3) 258(7) 1.26(2)
Avg. gain — +0.14 +029 +051 +1.26 +1.14 +0.13 +027 000 +021 0.08




Experiments

Without LS
ﬁ
Mixup Mixup Mixup Mixup  Mixup Mixup  Mixup MIT-A MIT-L MIT-A
Backbones | ERM | “o1y 05y 0 | ®n @0 | o o) Ax>1) arxs1)

ResNet18 [95.4(5)| 955(4) 94.8(7) 94.5(8) | 956(3) 96.0(1) | 943(9) 935 (10
ResNet50 [96.0(4)| 96.0(3) 958(5) 955(8) | 955(7) 95.7(6) | 95.3(9) 94.9 (10
SVHN ResNet110 [96.0 (5)| 96.1(4) 96.3(3) 95.8(7) | 956(8) 959(6) | 954(9) 953 (10
ResNet152 |96.2(5)| 96.6(2) 96.4(4) 96.2(6) | 956(8) 95.9(7) | 95.5(9) 95.5(10
Avg.gain | — | +011 -010 -040 | -032 -006 | -078 -1.12

95.0 (6) 93.2(11) 95.7(2)
96.2(2) 94.3(11) 96.2(1)
96.5(2) 95.0(11) 96.7 (1)
96.5(3) 94.9(11) 96.7 (1)
+0.14 -155 +041

ResNetl8 [94.5(9)| 95.1(6) 95.7(3) 958(2) | 93.9(11) 94.5(8) | 94.4 (10) 94.7 (7)
ResNet50 |94.4(9)| 953 (7) 95.8(3) 96.0 (1) | 93.1(11) 942 (10 94.5(8) 95.3(6)
CIFAR-10 | ResNet110 |94.7(9)| 95.7(6) 96.3(1) 96.2(2) | 93.7(11) 94.3 (10| 95.1(8) 95.4(7)
ResNet152 |95.1(8)| 95.8(7) 96.4(2) 96.7 (1) | 93.9(11) 94.8 (10} 95.0(9) 95.8(6)

AccuracyT Avg.gain | — | +078 +136 +153 | -101 -021 | +008 +0.64

95.5(4) 952(5) 95.9(1)
95.8(4) 95.7(5) 96.0(2)
96.1 (4) 96.0(5) 96.1(3)
96.3 (4) 96.2(5) 96.4(3)
+127  +1.12  +141

ResNetl8 |74.4 (8)| 75.3(7) 76.8(2) 77.2(1) | 72.4(11) 76.4(4) | 72.6(9) 72.5 (10
ResNet50 [73.9(9)| 76.4(6) 78.3(2) 77.8(3) | 68.2(11) 75.1(7) | 72.9(10) 74.5(8)
CIFAR-100 | ResNetl10 |76.1 (9)| 77.9(6) 80.1(1) 79.3(2) | 70.9(11) 77.3(7) | 74.6 (10) 76.7 (8)
ResNet152 {753 (9)| 78.2(6) 79.7(2) 79.6(3) | 72.5(11) 76.9(7) | 75.1(10) 76.7 (8)
Avg. gain — | +201 +379 +355 -392  +1.50 -1.12  +0.18

76.2(5) 75.9(6) 76.6(3)
783(1) 76.6(5) 77.7(4)
787(4) 77.9(5) 79.1(3)
79.1(4) 78.2(5) 79.8(1)
+3.14  +224 +338

ResNetl8 |46.1(9)| 46.6(7) 47.4(5) 478 @) | 36.5(11) 47.1(6) | 43.0 (10) 46.6(8)
ResNet50 |49.3 (7)| 49.5(6) 50.0(5) 504 4) | 37.5(11) 49.0(8) | 46.4 (10) 48.8 (9)
ResNet110 |48.5 (3) | 43.6(7) 42.7(9) 42.6(10)| 35.6(11) 44.6(4) | 43.9(6) 43.5(8)
Tiny-ImageNet | ResNetl52 |47.3 (2)| 44.7(5) 42.3(9) 44.6(6) | 345(11) 455 | 43.0(8) 39.7(10
ResNet18T |53.6(6)| 53.5(8) 54.0(5) 53.5(7) | 44.1(11) 547 (1) | 49.7 (10) 50.5 (9)
ResNet1527 | 62.4 (6) | 63.2(2) 63.7(1) 63.0(3) | 49.6(11) 62.6(4) | 58.8(10) 59.9 (9)
Avg. gain | — 101 -1.18 -087 ~115 -060 | -370 -3.04

49.5(1) 48.5(3) 493(2)
514(2) 51.0(3) 5L8(1)
48.6(2) 444(5) 50.8(1)
46.1(3) 438(7) 50.0(1)
54.5(3) 544(4) 547(2)
619(7) 62.5(5) 61.6(8)
+081 -041 +183




Experiments

Mixup Mixup Mixu Mixup Mixu Mixup Mixu MIT-A MIT-L. MIT-A
Backbones | ERM (0.1 ;P {D.S)p (1.0)p {DT)P (TOJP {SC}P [IO)p (Ax>1) axsi
ResNetl8 |954(5)| 95.5(4) 94.8(7) 94.5(8) | 95.6(3) 96.0(1) | 943 (9) 93.5(10f| 95.0(6) 93.2(11) 957 (2)
ResNet50 |96.0 (4)| 96.0(3) 958(5) 955(8) | 955(7) 95.7(6) | 953(9) 949 (10]| 96.2(2) 943(11) 96.2 (1)
SVHN ResNet110 [96.0(5)| 96.1(4) 96.3(3) 95.8(7) | 956(8) 95.9(6) | 954(9) 953 (10f| 96.5(2) 95.0(11) 96.7 (1)
ResNetl152 (96.2(5)| 96.6(2) 96.4(4) 96.2(6) | 95.6(8) 959(7) | 95.5(9) 95.5(10f| 96.5(3) 94.9(11) 96.7 (1)
Avg. gain — | +0.11 -0.10 -040 -032 -0.06 -0.78 =112 +0.14 -1.55 +041
ResNet18 [945(9)| 95.1(6) 957(3) 95.8(2) | 93.9(11) 94.5(8) | 944 (10) 947 (| 955(4) 95.2(5) 95.9(1)
ResNet50 |94.4(9)| 953 (7) 95.8(3) 96.0 (1) | 93.1(11) 94.2(10)| 94.5(8) 95.3(6)f| 95.8(4) 957(5) 96.0(2)
CIFAR-10 ResNetl110 |94.7 (9) | 95.7(6) 96.3(1) 96.2(2) | 93.7(11) 943 (10)| 95.1(8) 954 (N 96.1(4) 96.0(5) 96.1(3)
ResNetl152 (951 (8)| 95.8(7) 96.4(2) 96.7 (1) | 93.9(11) 94.8(10)| 95.0(9) 958(6)f| 96.3(4 96.2(5) 96.4(3)
Accu racy T Avg.gain | — | +078 +136 +153 | —1.01 -021 | +008 +064 || +127 +112 +141
ResNet18 [74.4(8)| 753(7) 76.8(2) 77.2(1) | 72.4(11) 76.4(4) | 726(9) 72.5(10}| 76.2(5) 75.9(6) 76.6(3)
ResNet50 [73.9(9)| 764 (6) 783(2) 77.8(3) | 68.2(11) 75.1(7) | 729(10) 745 783 (1) 76.6(5) 77.7(4)
CIFAR-100 | ResNetl10 [76.1(9)| 77.9(6) 80.1(1) 79.3(2) | 709(11) 77.3(7) | 74.6(10) 76.7 (8)f| 78.7(4) 77.9(5) 79.1(3)
ResNet152 |753(9)| 782(6) 79.7(2) 79.6(3) | 72.5(11) 76.9(7) | 75.1(10) 76.7 (8)}| 79.1(4) 782(5) 79.8(1)
Avg. gain — | +201 +379 +355 -392 +1.50 -1.12 +0.18 +3.14 +224 +338
ResNet18 [46.1(9)| 46.6(7) 47.4(5) 47.8(4) | 36.5(11) 47.1(6) | 43.0(10) 46.6(3)]| 49.5(1) 485(3) 49.3(2)
ResNet50 (493 (7)| 49.5(6) 50.0(5) 504 (4) | 37.5(11) 49.0(8) | 46.4(10) 488 (9| 51.4(2) 51.0(3) 5L8(1)
ResNet110 |48.5 (3) | 43.6(7) 42.7(9) 42.6(10)| 35.6(11) 44.6(4) | 43.9(6) 43.5®)[| 48.6(2) 44.4(5) 50.8(1)
Tiny-ImageNet | ResNetl52 |47.3 (2) | 44.7(5) 42.3(9) 44.6(6) | 345(11) 455(4) | 43.0(8) 39.7(10)| 46.1(3) 43.8(7) 50.0(1)
ResNet18T |53.6(6) | 53.5(8) 54.0(5) 53.5(7) | 44.1(11) 547 (1) | 49.7(10) 50.5(9)| 54.5(3) 544 (4) 54.7(2)
ResNet152F |62.4 (6) | 63.2(2) 63.7(1) 63.0(3) | 49.6(11) 62.6(4) | 58.8 (10) 599 (M| 61.9(7) 62.5(5) 61.6(8)
Avg. gain | — -101 -1.18 -0.87 115 -060 | -370 -3.04 +081 -041 +183




Thanks!

See details in our paper~ ©

Deng-Bao Wang
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