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' Background: Why do we need model calibration?

The ResNet’s accuracy is better but not match its confidence.

ResNet 101, Cifar 100

Accuracy 70%

confidence

-85%
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' Background: Why do we need model calibration?

The problem modern neural networks: overconfidence.

— - e -—

What happens if the
_ confidence is 90% ? 4

Uncertainty calibration is important for many safety-critical applications




F Background: What kind of model is well calibrated? ool

Intuitive explanation:
* Its average prediction confidence should reflect its actual accuracy.

Input Pred. Conf. Input Pred. Conf.

T » CAT T0% Tg » CAT T0% #¢
T » DOG 7T0% ¢ T7 » CAT 7T0% o
Ty > CAT 0% « r's » DOB T0% XK
T4 > CAT T0% o Ty > CAT T0% o
Ty » DOG T0% o BT » DOG T0% &

Formally:

* A perfect classifier satisfies: P (f’ =¥ | P= p) =p, Vpel0,1]

| B

m
n

acc(B,,) — conf(B,,)

M
Evaluation metric: ECE = Z

m=1




J Background: Expected Calibrated Error (ECE) ez gy

0<p(x) <02 02<p(x)<04 04<p(x)<0.6 0.6<p(x)<0.8

Avg conf: 0.55 0.74 0.86
— Accuracy: 0.50 0.67 0.71
Gap: 2 x0.05 6x0.17 7x0.15

15

Expected Calibrated Error (ECE) =0.11

B
ECE = Z B acc(B,,) — conf(B,,)
n




' Background: Post-hoc calibration strategy Jbrnriis| Qg

Temperature Scaling(TS):

. eXp (53/7')
p=max —
i€[K] >~ exp (d;/T)
In practice,

* find the temperature that yields the best ECE on a validation set,
e then apply this temperature to the softmax layer.

Motivation: Most of existing work investigates mixup for calibration without the
consideration of post-calibration, which is unfair.



[ Does mixup really help calibration?
[ If it does net, what leads to the failure?

0 How can we mitigate the pitfall of mixup on calibration?
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Table 1. Comparison between mixup and ERM in terms of uncalibrated ECE, calibrated ECE and the optimal ECE. A/¥ indicates that
mixup outperforms/underperforms the vanilla ERM. The values reported in each entry are the results of different backbones: ResNet-18,

' Does mixup really help calibration?

ResNet-50, ResNet-110 and ResNet-152.

Datasets Metrics ERM mixup (@=0.1) mixup (=10.5) mixup (v =1.0)
ECE 2.15 2.67 243 256 | 396 1.89A246 1.38aA 11.2 948 B8.04 9.37 148 13.7 138 129
SVHN Calibrated ECE | 0.50 0.87 0.75 090 | 0.99v 1.03v 1.08v 1.05v 1.23v1.21v128v12lvy 1.12v1.18v 1.14v 1.04v¥
Optimal ECE | 0.24 0.56 045 0.58 | 0.75v0.74v 0.85v0.68v 1.12v095v095v0.88v  1.04v 0.98v 0.88v 0.78¥
ECE 333 399 378 347 | 257A2.22A255A2.53A 6.87 623 6.55 6.20 121 1l W 112
CIFAR-10  |Calibrated ECE| 0.65 0.79 0.83 0.65| 1.04¥ 1.07v 1.08v 1.12v  1.15v 1.15v095v 1.05v 0.94v0.91v0.83 0.76¥
Optimal ECE | 0.59 0.63 0.61 0.52| 097v098v 1.01v1.01¥y 097v 1.03v0.88v0.88Yy 0.85v0.80v0.71¥0.65¥
ECE 109 125 119 11.7| 2434 6.63A 5954 5.59A 10.84 3.8943.9143.854 13.0 7.4447.504 7.554A
CIFAR-100 |Calibrated ECE|2.56 241 2.64 242 | 1.76 1.87 1.37 1.67 1.22 2.63v321v257v 1.25 2.66V3.02v 3.52vV
Optimal ECE [ 245 229 244 231| 1.60 159 123 145 098 2.46v3.04v239y 1.09 2.54v2.85v3.38v
ECE 23.2 20.5 20.7 21.6| 857A7.51A9.76A 10.4A 3.9843.9242.16A3.294A 6.854 7.444 4984 5934
Tiny-ImageNet |Calibrated ECE| 1.33 1.23 1.36 1.33| 132 1.28v155v2.08v 133 146v1.52v1.82v 1.49v1.65v2.26V2.00¥
Optimal ECE | 1.14 100 1.16 1.16 | 1.02 1.05v1.40v193y 108 121v123v1.60vy 1.20v1.30v1.91v1.69v
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' Does mixup really help calibration? Bl

- = ERM —&— Mixup — = ERM (Calibrated) —&— Mixup (Calibrated)

10-1

e The best a varies across datasets;
* thereis alarge margin between
uncalibrated and calibrated ECE.

ECE

20 31 22 21 24 25 26 (x10°9)

(b) CIFAR-10

v’ There exists a dilemma between
accuracy and calibration in using
mixup when considering training

and post-calibration as a unified
(¢c) CIFAR-100 (d) Tiny-ImageNet SySte m.

ECE

20 21 22 23 3% 25 2B (y10-7

Figure 1. The comparison of mixup with different choices of .
The experiments are conducted with ResNet110.
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' Why mixup fails on calibration? Bl

Remark 1. [}] Let \ ~ Beta[;‘l] (a, @) and j ~ Uniform
([n]) be two random variables with o« > 0, n > 0 and let

A = Ex\A. The mixed sample (x;,y;) as in Equaton (1) for
any i € [n] can be reformulated as:

T; = T+ AMzi—Z) + A=Az +(1=N)z; — (1-N)7, )
Ui = §+AYi—7) + A=Nyi+ (1=N)y;— (1=-N)7,
Data Trans?-;:rmﬂtion 2ty Random Pertq:rbatinn &)

where I, are the mean of inputs and labels of all train-
ing samples, and the perturbation terms satisfy Ey jei =
]E,\J E? =

The authors conjecture that the label transformation part of the second
Equation in (2) leads to the failure on calibration.
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' Why mixup fails on calibration? £ | _

Table 2. The inputs and targets used by 4 ablated variants.

Variants Inputs Targets One-hot?
Mixup-DT {2+ \(zi—2)} {7+ My —9)} X
Mixup-TO {z;} {Ayi+(1-N)y;} X
Mixup-SC |{Az;+(1—A)z;lyi =y; } {vi} v
Mixup-10 {Az;+(1-X)z;} {yi} v
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' Why mixup fails on calibration? SEsE G

B Mixup-DT B Mixup-TO s Mixup-SC =l Mixup-10
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(e) SVHN (f) CIFAR-10 (2) CIFAR-100 (h) Tiny-ImageNet

Figure 2. The top row shows the comparison of Calibrated ECE between four ablated variants of mixup, where the variants with blue
color use the transformed labels while the variants with green color use the original one-hot labels. The bottom row shows the comparison
of average confidence between four ablated variants.

Confidence penalty hurts calibration
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' Why mixup fails on calibration? KLl

s Mixup == ERM = Mixup-SC == Mixup-1O

97 g7 82 55
a0 50
96 96 :
78 45
> o 3 76 g
9 M 95 Il M 40
. e | . -
3 2 3 3 s
Yoo U Yo 5
I < s < 30
93 a3
] 25
92 ResMetlE  ResNet52 ResNetllO ReshNetl52 92 AResMetlE  ResMWet50 ResNet1l0 BeshMetl52 66 ResMNetl8 ResNetS0 ResMetlld ResMetls2 20 ResNetl8  Heshet50 ResMetll0 ResMetlS2
(a) SVHN (b) CIFAR-10 (c) CIFAR-100 (d) Tiny-lmageNet

Figure 3. The predictive accuracy of Mixup-10, Mixup-SC by comparing with that of vanilla mixup and ERM. The detailed results could
be found in Table 4 and Table 5.

Trivial confidence promotion hurts accuracy
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' Mitigating the pitfall of mixup. £ | _

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 A\| # Xy € (0,1), as is

551 = AN ZTq + (1 — )\1)335?

. 3
L9 = )\2.’]3,_,1_ + (1 = )\2);13,5.} ( )
we can decouple these two samples in outputs space:
g = 1381 = (@)1 = M)/(1 = o)
“ A —A(1—=A1)/(L—=Ag) @)

5 f(x1) = f(T2) A2/ M
ST = Ryl =M s




' Mitigating the pitfall of mixup.

# Sampling Al and A2 for mixup
11 = np.random.beta(alpha, alpha)

11
12
12

]

11 =
11
42
12 =
# Mixing

mixed inputsl = 11 * inputs_a + (1 - 11) * inputs_b
mixed_inputs2 = 12 * inputs_a + (1 - 12) * inputs_b

max(1l1l, 1 - 11)
np.random.beta(alpha, alpha)
min(12, 1 - 12)
while constraint == True and abs(ll - 12) < margin:

np.random.beta(alpha, alpha)
max(1l1, 1 - 11)
np.random.beta(alpha, alpha)
min(12, 1 - 12)

inputs by Equation (3)

# Forward Propagation
mixed outputsl = model(mixed_ inputsl)
mixed outputs2 = model(mixed inputs2)

- - s &
.
B ERERALY |
Nanjing University of Aeronautics and Astronautics

# Decoupling outputs by Equation (4)

outputs_a

= (mixed outputsl - (1 - 11) / (1 - 12) * mixed outputs2) / (11 - 12 * (1 - 11) / (1 - 12))
outputs_b = (mixed_outputs2 - 12 / 11 * mixed_outputsl) / (1 - 12 - (1 - 11) * 12 / 11)

# Calculating Softmax Cross-Entropy Lloss
lossl = criterion(outputs_a, targets_a)
loss2 = criterion(outputs b, targets b)

loss = @.

5 * lossl + 6.5 * loss2

# Updating model's weights
optimizer.zero_grad()
loss.backward()
optimizer.step()
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' Mitigating the pitfall of mixup. Rl

[0,1,0,0,0] [0,1,0,0,0]

/ model ) :
addis ng. _DE':Q“%. LLF;}[[! yﬂ) + L{j}b!}rf}_]

¥ model

[0,0.6,0,0.4,0]
Mixing model )—*@ @

L(P,7)

(a) Mixup (b) MIT-L

T B | La,Ya) + L(Fn, 1)
e B _/7 e

®

[0,0,0,1,0]

(c) MIT-A

Figure A. (a), (b) and (c) show the pipelines of vanilla mixup, our MIT-LL and MIT-A respectively, where where loss function L is the
widely used softmax cross-entropy loss. For MIT-A, we simply apply the mix-then-decouple process in every block of ResNets. It should
be noted that this process can also be applied in each latent layer.
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' Mitigating the pitfall of mixup. Riseasail

Table 5. The overall comparative results in terms of the predictive accuracy. The number in each bracket indicates the ranking across all
methods. The orange/blue color indicates that a method outperforms/underperforms ERM in average. The boldface and underline denote
the best and the second best results of each row. The marker + means the backbone is pretrained.

Mixup Mixup Mixup Mixup  Mixup Mixup  Mixup MIT-A MIT-L. MIT-A

Backbones | ERM | "y ©5 o) | ©T) (0) | SO (0) (AX>3) (AX>3)

ResNetl8 |95.4(5)| 955(4) 94.8(7) 94.5(8) | 95.6(3) 96.0(1) | 94.3(9) 93.5¢10)| 95.0(6) 93.2(11) 95.7(2)
ResNet50 |96.0(4)| 96.0(3) 95.8(5) 95.5(8) | 95.5(7) 957(6) | 95.3(9) 94.9(10)| 96.2(2) 943 (11) 96.2 (1)

SVHN ResNetl 10 |96.0 (5)| 96.1 (4) 96.3(3) 95.8(7) | 95.6(8) 959(6) | 954(9) 953(10)| 96.5(2) 95.0(11) 96.7 (1)
ResNetl52 [96.2(5)| 96.6(2) 964 (4) 96.2(6) | 95.6(8) 959(7) | 95.5(9) 955(10)| 96.5(3) 94.9(11) 96.7 (1)
Avg. gain — +0.01 —-0.10 -0.40 -032 -0.06 -098 -1.12 +0.14 —1.55 +041

ResNetl8 [94.5(9)| 95.1(6) 95.7(3) 958(2) | 939(11) 945(8) | 944(10) 94.7(7) | 955(4) 95.2(5) 959(1)
ResNet50 |94.4(9)| 95.3(7) 95.8(3) 96.0(1) | 93.1(11) 942(10)| 94.5(8) 95.3(6) | 95.8(4) 95.7(5) 96.0(2)
CIFAR-10 ResNetl10 |94.7 (9) | 95.7(6) 96.3(1) 96.2(2) | 93.7(11) 943 (10)| 95.1(8) 954(7) | 96.1(4) 96.0(5) 96.1(3)
ResNetl52 |95.1(8)| 95.8(7) 96.4(2) 96.7(1) | 93.9(11) 94.8(10)| 95.0(9) 95.8(6) | 96.3(4) 96.2(5) 96.4(3)
Avg. pain — + (.78 =136  + 1.53 — .01 —0.2] + (.08 + .64 + 127 # 112 + 1.41

ResNetl8 |74.4(8)| 75.3(7) 76.8(2) T77.2(1) | 724 (11) 76.4(4) | 72.6(9) 72.5(10)| 76.2(5) 75.9(6) 76.6(3)
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) | 78.3(1) 76.6(5) 77.7(4)
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) | 78.7(4 77.9(5) 79.1(3)
ResNetl52 [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 — +2.01 +3.79 +3.55 -3.92  +1.50 —1.12 +0.18 +3.14  +224 +338

ResNetl8 | 46.1(9)| 46.6(7) 47.4(5) 47.8(4) | 36.5(11) 47.1(6) | 43.0(10) 46.6(8) | 49.5(1) 485(3) 493(2)
ResNet50 | 493 (7)| 49.5(6) 50.0(5) 504(4) | 37.5(11) 49.0(8) | 464 (10) 488(9) | 51.4(2) 51.0(3) 51.8(1)
ResNetl10 |48.5(3) | 43.6(7) 42.7(9) 426(10)| 35.6(11) 44.6(4) | 43.9(6) 43.5(8) | 48.6(2) 44.4(5) 50.8(1)
Tiny-ImageNet | ResNetl52 |47.3(2) | 44.7(5) 423(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) 54.7(1) | 49.7(10) 50.5(9) | 54.5(3) 5444 54.7(2)
ResNet1521 | 62.4 (6)| 63.2(2) 63.7(1) 63.0(3) | 49.6(11) 62.6(4) | 58.8(10) 59.9(9) | 61.9(7) 62.5(5) 61.6(8)

Avg. gain — -101 —-LI8 -0.87 115 -0.60 370 —-3.04 +0.81 -041 +1.83
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Table 4. The overall comparative results in terms of calibrated ECE. The number in each bracket indicates the ranking across all methods.
The orance/blue color indicates that a method outperforms/underperforms ERM in average. The boldface and underline denote the best
and the second best results of each row. The marker 1 means the backbone is pretrained.

Mixup  Mixup  Mixup Mixup  Mixup Mixup  Mixup MIT-A MIT-L. MIT-A

Packwney [ EM | oy @9 am (DT)  (TO) (SC)  (10) (AX>1) (Ax>d)

ResNet18 |0.50(2)| 099(7) 1.23(11) L12(10}| L.O1(8)y 1.05(9) | 0.50(3) 0.61(5) | 0.47(1) 0.65(6) 0.53(4)
ResNet50 |0.87(6)| 1.03(7) 121(9) LIB(8) |[155(11) 1.39(10)| 0594 050(2) | 0.49(1) 0.52(3) 0.66(5)
SVHN ResNetl10 | 0.75(6) | 1.O8(7) L28(9) LI14(8) [139(10) 143(11)| 050(2) 0.60(4) | 0.48(1) 053(3) 070(5)
ResNet152 | 0.90(6) | 1.05(8) 121(9) 1.04(7) |[1.28(10) 1.37(1l)| 057(2) 0.65(4) | 0.61(3) 053(1) 0.67(5)
Avg. gain — +028 +047 +0.36 +0.55 +0.355 =021 —0.16 -0.24 —019 -0.11

ResNetl8 |0.65(6)| 1.04(8) 1.15(9) 094(T) |L.70(11) 145(10)| 0.62(4) 061(3) | 0.56(1) 0.59(2) 0.62(5)

ResNet50 |0.79(6)| 1.07(8) 1.15(9) 091(7) |1.81(11) 1.64(10)| 065(4) 046(1) | 0.63(3) 059(2) 0.68(5)
CIFAR-10 ResNetl10 [ 0.83(7)| 1.08(9) 095(8) 0.83(6) |1.352(10) 1.56(11)| 0.54(3) 0.50(1) | 0.52(2) 054(4) 0.78(5
ResNet152 |0.65(4)| 1.12(9) 1.05(8) 076(7) |1.55(11) 142(10)| 0.67(5) 048(1) | 057(3) 0.50(2) 0.67(6)

Avg. gain — +034 +034 +0.13 +091 +0.78 0.1 =021 -0.15 -0.17 -0.04
ResNetl8 12.56(9)| 1.76(5) 1.22(1) 1.25(2) |5.24(11) 3.33(10)| 2.00(7) L187(6) | 1.44(3) 2.18(8) 1.75(4)
ResNet50 |241(7)| 1.87(2) 2.63(8) 2.66(%) |486(11) 4.55(10)| 1.8B2(1) 2.10(5) | 1.90(3) 2.15(6) 1.97(4)
CIFAR-100 | ResNetl10 |[2.64(7)| 1.37(1) 3.21(9) 3.02(8) [4.70(11) 445(10)| L.76(2) 1.93(3) | 1.98(4) 2.25(6) 2.00(5)
ResNetl152 | 242 (6) | 1.67(2) 2.57(8) 3.52(9) |4.19(11) 397(10)| Le5(1) 198(4) | L.71(3) 247(7T) 2.17(3)
Avg. gain — -0.84 -0.10 +0.10 +2.24 +1.56 069 —0.53 -0.74 -024 -053

ResNetl8 | 1.33(4)| 1.32(2) 133(3) 1.49(8) | 2.22(11) 1L55(10)| L38(5) 130(1) | 147(7) L54(9) L41(6)
ResNet30 | 1.23(3)| 1.28(4) l46(6) 1.65(9) | 2.08(11) 1.83(10)| 1.539(8) 1.58(7) | LI8(1) L23(2) L1.36(5)
ResNetll0 | 1.36 (4) | 1.55(8) 1.52(7) 2.26(11)| 2.14(10) 1L.28(1) | 1.92(9) 149(6) | 1.35(3) 1.29(2) L.39(5)
Tiny-ImageNet | ResNet152 | 1.33 (3)| 2.08(10) 1.82(7) 2.00(8) | 1.81(6) 2.06(9) | 146(5) 2.19(11)| L43(4) 117(1) 1.30(2)
ResNet187 |1.12(2)| 143(5) 122(3) 1.31(4) | 2.83(11) 1.90(10)| 1.58(7) 1.72(8) | 1L.36(6) 1.79(9) L11(1)
ResNet1527 | 1.96 (6) | 1.57(4) 275(9) 2.74(8) | 4.83(10) 6.60(11)| L19(1) 1.68(5) | 1.37(3) 2.58(7) 1.26(2)
Avg, gain — +0.14  +029 +0.5] +1.26 +1.14 +0.13  +0.27 0.00 +021 —0.08
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= = Mixup (ResNetl8, a=1.0) == Mixup (ResNetll0, a=1.0) —=— MIT-A (ResNet18) —=— MIT-A (ResNetl10)
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Figure C. The results of MIT-A on Calibrated ECE and Accuracy with different o on ResNet18 and ResNet110.
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