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(a) Calibration under balanced distribution.

training set classification model validation set calibration model test set

o . . Training set: long-tailed
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(b) Calibration under long-tailed distribution.

We investigate the problem of calibration under long-tailed distribution.
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Calibration:
If the Eq.1 is satisfied, the model is called perfect calibrated

P(; = vyilps =p)=0p Vp € 0,1 (D)
( | ) 0,1] For example, 20% of all predictions with a

confidence score of 80% should be false.

>

A

p; = max softmax(z;) Y; = argmax softmaz(z;)

{1,2,---,C} B
Temperature scaling!!l: Validation set and test set should be in the same distribution.
Not satisfied long-tailed calibration.
T" = arg;nin Ep[L(s(2:/T),y:)] = = =

cccccccccccccccccc

(a) Validation set (b) Test set (c) Temperature scaling

[1] ChuanGuo, GeoffPleiss, YuSun, and Kilian Q Weinberger. On calibration of modern neural networks. In International conference on machine learning 2017
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Importance weight-based method
Source distribution p(x) and target distribution g (x)

S— e

Eq[L(s(2:/T),y:)] q(x:)L(s(2:/T), y;)dx

Zgzgp(wi)ﬁ(S(Zz‘/ T),y:)dz

= ]Ep[’w(wi)ﬁ(s(zi/T)a yz)]

If we know the probability of each sample in the source distribution (long-tailed distribution), and in the target distribution
(balanced distribution), we can achieve long-tailed calibration.

Q: how to acquire the probability under the target distribution?
Our method: Utilize the knowledge from head class to estimate importance weight w(x)
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Five Steps to realize calibration iRl CaEs head class  head class head class  head class head class
stepl: Estimate the feature distribution of each class.
step2: Calculate attentions between head and tail classes.
ke . tanl class ;—il tail class : tail class
d; = Wasserstein(p.(x), px(x)) mstances A , AAA 8 / / )
d R p(x) vy q(x) q*(x)
S. = SO ft max ( _ (& ) (a) Long-tailed distribution (b) Balanced distribution (c) Our estimated distribution
c .
dim(f)
step3: Estimate the calibrated probability function. step5: Learn the temperature with the importance weights.
- _ k ;
he =apet(1-0) 3. sim T* = axg minE,fu* (2:)£(s(z:/T), 1)
head
VE,. =aVE.+(1-— Q) Z sf\/fk
kEAhead
step4: Estimate the importance weight
‘() 1 Yi € Ahead
w*(x;) = . (@)
VT \min(maz (225 m),m2)  vi € Ava
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* CIFAR-10-LT
—  Original CIFAR-10
— CIFAR-10.1
— CIFAR-10.1-C
— CIFAR-F
*  MNIST-LT
—  Original MNIST
— SVHN (a) Training set (b) Validation set S (c3) T;st ;et S
- USPS We constitute the long-tailed training set, validation set and balnced
— Digital-S Test set to verify our method.

. CIFAR-100-LT
—  Original CIFAR-100
*  ImageNet-LT

— Balanced Test set
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CIFAR-10-LT results

Method
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CIFAR-100-LT results
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It Datased Base TS ETS TSR IR  IROvA SBC GPC Ours Model Dataset Method
Base TS ETS TS-IR 1R IROvA SBC GPC Ours
CIFAR-10 2179 1224 1216 11.64 1236 1336  12.13 11.65 9.84
[F=100 CIFAR-10.1 2897 1675 1670 16.65 17.13 17.93 1678 1571 13.86 ResNet-32 CIFAR-100 | 20.38 250 2.10 6.07 9.35 5.92 6.74 327 1.50
Siiﬁ';“'c 33;3 ‘1‘3‘2); ‘l‘ggg ‘l‘ggg ‘l‘ggg ‘l‘ggg ‘gfg ﬁ?g igi’s‘ DenseNet-40 CIFAR-100 | 16.00 3.43 251 557 842 5.76 596 273 237
T 1736 765 B0 835 995 945 755 775 399 VGG-19 CIFAR-100 | 27.86 3.81 236 6.35 10.35 6.66 803 382 1.99
Foso  CIFAR-10.1 2279 1036 1099 11.72 1335 1270 1032 10.82 5.74
CIFAR-10.1-C | 55.52 38.66 39.9 40.16 41.58 40.76 3894 3939 33.09
CIFAR-F 2537 1130 1221 1267 1439 1337 114 1176 6.64
CIFAR-10 839 223 164 203 229 242 249 201 1.00
Felo  CIFAR-10.1 13.80 4.87 425 454 538 523 563 466 3.95
CIFAR-10.1-C | 4831 3277 31.07 3211 3229 3194 3316 3137 2998
CIFAR-F 1973 815 680 842 897 8.3 854 710 597
. MNIST-LT results . ImageNet-LT results
Method Method
IF Dataset
Base TS ETS TS-IR IR IROVA SBC GPC Ours Model Dataset Base TS ETS TSR IR IROVA SBC GPC  Ours
MNIST | 252 127 184 282 284 184 192 176 1.08
Fe100 SVHN 1606 720 11.62 2125 2218 1493 959 1367 6.09 ResNet-50 ImageNet | 10.18 6.72 6.06 10.23 11.15 7.63 9.12 546 345
USPS 1500 952 1225 1325 13.62 1058 10.10 11.44 8.40
Digital-S | 32.10 22.13 27.35 30.13 31.01 2748 2334 2760 20.28
MNIST | 1.12 085 114 153 1.54  1.02 1.01 112 079
[F=so SVHN 232 395 333 1142 1215 263 943 232 453
USPS 11.21 814 1281 11.89 1191 1054 857 1121 8.02
Digital-S | 1522 10.81 17.81 2096 21.81 13.64 1674 15.18 10.34
MNIST | 056 023 021 050 052 023 025 041 036
=10 SVHN 575 676 694 810 451 531 700 531 743
USPS 829 481 460 659 698 476 512 588 455
Digital-S | 13.55 821  8.09 1537 1334 831 7.67 824 137
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Visualization of the attention map

Ablation of the hyper-parameter A
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*  Visualization of the distribution of w(x)
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(a) IF=100 (c) IF=10

e Ablation study of the different transferring strategies

Dataset | Uniform OneHot Ours
CIFAR-10 8.10 7.42 6.97
CIFAR-10.1 11.72 10.91 10.4
CIFAR-10.1-C | 37.09 36.17 35.59
CIFAR-F 991 9.02 8.46
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. Our contribution:

—  We explore the problem of calibration under long-tailed distribution, which has important practical implications but
is rarely studied. We apply the importance weight strategy to enhance the estimation of tail classes for more
accurate calibration.

— We propose an importance weight estimation method by viewing distributions of head classes as prior for
distributions of tail classes. For each tail class, our method estimates its probability density function from the
distribution calibrated by head classes and calculates the importance weight to realize balanced calibration.

— We conduct extensive experiments on the CIFAR-10-LT, CIFAR-100-LT , MNIST- LT, ImageNet-LT datasets and
the results demonstrate the effectiveness of our method.
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