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What is calibration?

Confidence calibration is the problem of predicting probability estimates representative of the true correctness
likelihood

Predicted probability (confidence): the probability of a data point x having label y as predicted by the classifier
Observed probability (accuracy): the fraction of data points with the correct label assignment
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How to calibrate: Motivation
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Tsung-Yi Lin et al. Focal Loss for Dense Object Detection



How to calibrate: Motivation
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How to calibrate: Focal loss with y-Net

FL(p:) = —(1 — p)” log(py).
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How to calibrate: sECE
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How to calibrate: meta learning

gamma network
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(outer loop) O%O : sECE
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training Set

(inner loop) N N Algorithm 1: Meta optimization with y-Net and s-ECE
baokgbonegnetwo,k Input: f¢ and f” with initialized € and ¢ respectively
representation classifier Output: Optlmlzed 0 and ¢

Data: Training data D;,,;, and validation data D,,;
1 while 0 not converged do
(xt,y%) ~ Dyyrain: Sample a mini-batch of training data
(x¥,y¥?) ~ D,q;: Sample a mini-batch of validation data
Find y = f7(x})
Compute £ (f¢(x),y?!) based on v
Use Vgﬁ,j; to update 0, parameters of f°
Compute auxiliary loss s-ECE(f¢(x}), y?})
Use V 4s-ECE to update ¢, parameters of f7
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How to calibrate: meta learning
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(e 4 J — Algorithm 1: Meta optimization with y-Net and s-ECE
o ﬂ o Input: f¢ and f” with initialized § and ¢ respectively
Fopresentation dasier Output: Optimized 6 and ¢
Data: Training data D;,..;, and validation data D,,;

1 while ¢ not converged do

(xt,y%) ~ Dyyrain: Sample a mini-batch of training data
(x¥,y?) ~ Dyqi: Sample a mini-batch of validation data
Find v = f7(x})

Compute £J (f°(x?t),yt) based on vy

Use V@E,j; to update 6, parameters of f°

Compute auxiliary loss s-ECE(f°(x?), y?)

Use V 4s-ECE to update ¢, parameters of f7
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How to calibrate: meta learning
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Algorithm 1: Meta optimization with y-Net and s-ECE

backbone network Input: f¢ and f” with initialized 6 and ¢ respectively
representation classifier Output: Optimized 0 and ¢
Data: Training data D;,,;, and validation data D,,;

1 while 0 not converged do
(xt,y%) ~ Dyyrain: Sample a mini-batch of training data
(x7,¥7) ~ Dyqi: Sample a mini-batch of validation data

Find v = f7(x})

Compute £ (f¢(xt), y%) based on 7y

Use Vg/l,j; to update 0, parameters of f°
Compute auxiliary loss s-ECE(f°(x?), y?)
Use V 4s-ECE to update ¢, parameters of f7
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How to calibrate: meta learning
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Algorithm 1: Meta optimization with y-Net and s-ECE

Input: f¢ and f” with initialized 6 and ¢ respectively
Output: Optimized € and ¢
Data: Training data D;,..;, and validation data D,,;

while ¢ not converged do

(xt,y%) ~ Dyyrain: Sample a mini-batch of training data
(xY,y?) ~ D,q: Sample a mini-batch of validation data

Find v = f7(x})
Compute £ (f¢(xt), y%) based on 7y
Use Vg/l,{ to uPdate 0, parameters of f¢

Compute auxiliary loss s-ECE(f°(x?), y?)
Use V 4s-ECE to update ¢, parameters of f7




How to calibrate: meta learning

(outer loop)

backbone network

regresentation classifier

gamma network
validation Se] o<8z8>o; -
q .

1

0 9 & Wi A W N

Algorithm 1: Meta optimization with y-Net and s-ECE

Input: f¢ and f” with initialized 6 and ¢ respectively
Output: Optimized € and ¢
Data: Training data D;,..;, and validation data D,,;

while ¢ not converged do

(xt,y%) ~ Dyyrain: Sample a mini-batch of training data
(xY,y?) ~ D,q: Sample a mini-batch of validation data

Find vy = f7(x})
Compute £ (f¢(xt), y%) based on 7y
Use Vell,{ to uPdate 0, parameters of f¢

Compute auxiliary loss s-ECE(f¢(x}), y?})
Use V 4s-ECE to update ¢, parameters of f7




Results

Methods Error NLL ECE MCE ACE Classwise ECE
CIFAR 10
CE 4.812 £ 0.122 0.335 £ 0.01 4.056 + 0.092 33.932 £ 5.433 4.022 £ 0.136 0.848 + 0.023
CE (TS) 4.812 £ 0.122 0.211 £ 0.005 3.083 £ 0.140 26.695 £ 2.959 3.046 £ 0.157  0.656 £ 0.022
Focal 4.874 £ 0.100 0.207 &+ 0.005 3.193 £ 0.104 28.034 £ 5.702 3.174 £ 0.098 0.690 £ 0.018
FLSD 4.916 £ 0.074 0.211 £ 0.005 6.904 £ 0.462 19.246 = 11.071 6.8056 = 0.446 1.465 £ 0.088
LS (0.05) 4.744 £ 0.126 0.232 £ 0.003 2.900 £ 0.085 24.860 £ 8.599 3.985 £ 0.154 0.727 £+ 0.009
LS(0.1) 4.918 £ 0.085 0.266 + 0.004 7.566 £ 0.41 16.033 + 3.783 7.611 £ 0.161 1.637 £ 0.056
Mixup(a=1.0) 4.126 + 0.068 0.273 + 0.033 12.863 = 3.2 20.739 £ 4.205 12.833 + 3.161 2.678 £ 0.615
MMCE 4.808 + 0.082 0.333 + 0.012 4.027 & 0.082 41.647 £ 10.275 4.013 = 0.091 0.845 £+ 0.014
CE-DECE 5.194 £ 0.161 0.301 £ 0.038 4.106 £ 0.402 41.346 £ 13.326 4.088 £ 0.395 0.868 £ 0.074
CE-SECE 5.222 £ 0.168 0.289 + 0.027 4.062 £ 0.241 50.81 £ 21.705 4.049 = 0.251 0.852 £ 0.040
i rd = a4 L ﬂl\l‘ Fat I“ 1 ﬂ‘]m ii iiiz ii ai', Ee oo L ﬂ i3 ﬂml&‘ L nw\ FaY --i P . ]
FL--SECE 5.428 £ 0.144 0.193 £ 0.010 2.138 £+ 0.819 22.725 + 5.766 2.357 + 0.541 0.5566 + 0.1656 I
e
CE 22.570 £ 0.438 0.997 + 0.014 8.380 + 0.336 23.2560 + 2.436 8.347 £ 0.344 0.233 £ 0.006
CE (T8) 22.570 £ 0.438 0.959 + 0.008 5.388 + 0.393 13.454 + 2.377 5.360 £+ 0.315 0.208 £ 0.003
Focal 22,498 x 0.214 0.900 + 0.007 5.044 £ 0.203 12.454 + 0.893 5.015 £ 0.207  0.203 £ 0.004
FLSD 22.656 £ 0.113 0.876 £ 0.005 5.956 + 0.804 14.716 + 1.387 5.9568 £ 0.802 0.241 £ 0.008
LS (0.05) 21.810 = 0.172 1.070 £ 0.011 8108 £ 0.346 20.268 £ 1.536 8.106 = 0.346 0.272 + 0.006
LS(0.1) 22.244 £ 0.155 1.052 £ 0.011 4.754 £+ 0.709 17.228 + 0.923 4.777 £ 0.647  0.239 £ 0.004
Mixup(a=1.0) 21.210 + 0.227 0.917 + 0.017 9.716 £ 0.754 16.01 = 1.336 9.722 £ 0.740 0.315 £+ 0.011
MMCE 22.490 = 0.143 1.021 £ 0.007 8.713 + 0.245 23.565 + 1.141 8.670 £ 0.305 0.238 + 0.004
CE-DECE 23.406 £ 0.323 1.148 + 0.006 7.309 £ 0.245 22565 + 1.446 7.263 £ 0.315 0.241 + 0.002
CE-SECE 23.448 = 0.302 1.153 £ 0.015 T.668 £ 0.330 24.261 + 1.614 7.609 £ 0.295 0.244 £ 0.002
LDl 23212 0 ond Q888 0 nng L8879 . 0440 8977 0 £5) 1838 L 0 a7y 0195 L 000s
FL.-SECE 23.686 £ 0.377 0.877 £+ 0.004 1.940 + 0.365 7.480 + 1.867 1.939 + 0.379 0.192 = 0.006
Tl =
CE 40.110 = 0.110 1.838 £ 0.171 8.059 + 1.296 15.73 £ 1.905 8.006 = 1.282 0.154 £ 0.001
Focal 39.415 £ 0.626 1.896 £ 0.009 7.600 £ 0.309 13.771 + 0.897 7.469 £ 0.301 0.152 £ 0.002
FLSD 39.7056 £ 0.0756 L1904 £ 0.025 14.501 = 1.078 21.528 + 2.116 14501 £ 1.078 0.202 £ 0.006
LS (0.1) 39.395 + 0.306 2,185 £ 0.001 16.777 £ 0.476  29.088 + 1.835 16.901 + 0.460 0.199 £ 0.001
Mixup(a=1.0) 39.890 + 0.271 1.932 £ 0.064 12,133 = 2.069 31.440 £ 0.968 12.028 £ 2.079 0.193 £ 0.009
MMCE 40.310 <+ 0.100 1.826 £+ 0.177 8.206 + 1.219 16.802 + 2.339 8.165 = 1.269 0.149 + 0.001
CE-DECE 41.350 <+ 0.000 2.228 £+ 0.033 10.694 = 0.503 20.888 + 0.430 10.553 £ 0.563 0.160 £ 0.000
CE-SECE 41.005 = 0.1456 2.213 £ 0.058 10.928 = 1.125 21.362 * 2.526 10912 + 1.069 0.157 £ 0.003
> [ [ > P o s W
FL--SECE 40.850 = 0.140 1.829 + 0.005 5.794 + 0.756 11.477 + 1.563 5.848 + 0.751 0.156 &+ 0.005

e Our approach (FL7-SECE)

achieves lower errors across
multiple calibration metrics.
e Our approach (FL7-SECE)

achieves comparable
predictive performance.




For the two production model candidates, which one do you pick?
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Thank you !



