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Contributions

e New parametric calibration method:

Derived from Gaussian distribution Derived from Beta distribution

Platt scaling('! Beta calibration(?!

Derived from Dirichlet distribution

Dirichlet calibration

(+ constrained variants)

Matrix scalingt®!

(+ vector scaling, temperature scaling)

e New regularization method for matrix scaling (and for Dirichlet calibration):

ODIR - Off-Diagonal and Intercept Regularisation

® Multi-class classifier evaluation:

Confidence-calibrated
Classwise-calibrated
Multiclass-calibrated

Confidence-reliability diagram

Confidence-ECE
Classwise-reliability diagrams

Classwise-ECE
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Making classifiers more trustworthy
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Making classifiers more trustworthy

a classifier with 60% accuracy

on a set of instances %
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Making classifiers more trustworthy

a classifier with 60% accuracy

on a set of instances % if the classifier reports class probabilities

A

P = (p\lap\Qa I 7]3/6)

0.0 0.2 0.4 0.6 0.8 1.0
Confidence
o & % University of o . The . <
il UNIVERSITY oF TARTU & VOf Y et rose e T re
" BRiSTOL  Jueswiisica @ nstire 0 b




Making classifiers more trustworthy

a classifier with 60% accuracy

on a set of instances if the classifier reports class probabilities

f) — (ﬁlap\Qa I 7]316')

then we get instance-specific
confidence = max(p)
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Trustworthy if confidence-calibrated
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Trustworthy if confidence-calibrated
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Trustworthy if confidence-calibrated
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Trustworthy if confidence-calibrated
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Trustworthy if confidence-calibrated
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Trustworthy if confidence-calibrated
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Trustworthy if confidence-calibrated

Y = argmax p(X) | maxp(X) = 0.9
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Trustworthy if confidence-calibrated
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Trustworthy if confidence-calibrated

P(Y = argmaxp(X) | maxp(X) =0.9) =0.9

Confidence-calibrated:

P(Y = argmax p(X) | max p(X)

UNIVERSITY or TARTU

1.0- -
W

0.8-
o)=c
50.6- e
o
3 4
o e
2 0.4- 7
//,
///
0.2- 7
7/
/7
//
//
0.0"/ ' ' 0 i '
0.0 0.2 0.4 0.6 0.8 1.0
Confidence

E
N
E
&
2.
<
o)
=}

BRISTOL ESTATISTICA Institute

The
,,,,,,,,,,,,,,,,,,,,,,,,,,,, @[ﬁ]@ Alan Turing

Ur)




Deep nets are usually over-confident

Confidence-calibrated:
P(Y = argmax p(X) | max p(X)
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Experimental setup:

CIFAR-10
ResNet Wide 32

Accuracy:
Overall: 94%
At 90% confidence: 58%
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Deep nets are usually over-confident

Confidence-calibrated:
P(Y = argmax p(X) | max p(X)
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CIFAR-10
ResNet Wide 32

Accuracy:
Overall: 94%
At 90% confidence: 58%
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Example: uncalibrated predictions

(a) Conf-reliability (Uncal.)

1.0- ) o (R O Experimental setup:
ap (conf- =0. _
. . Il Observed accuracy CIFAR 10_
Confidence-calibrated: 0.8- ResNet Wide 32
P(Y = argmaxp(X) | maxp(X) =¢) =c¢ A
ccuracy:
>
006 Overall: 94%
5 At 90% confidence: 58%
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Example: after calibration with temperature scaling

(b) Conf-reliability (Temp.Scal.)

1.0 e S oy, s Experimental setup:
ap (conf- =0.
. . Il Observed accuracy CIFAR-1O_
Confidence-calibrated: 0.8- ResNet Wide 32
P(Y = argmaxp(X) | maxp(X) =¢) =c¢ A
ccuracy:
>
o 0.6 - Overall: 94%
§ At 90% confidence: 58%
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Accuracy after Temp.Scal:
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0.2 At 90% confidence: 88%
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Example: after calibration with temperature scaling

(Oc) Class 2 reliability (Temp.Scal.) _
1.0~ < Experimental setup:

[ Gap (class-2-ECE=0.0098) y
B Observed frequency , CIFAR-10

Confidence-calibrated: 0.8- ResNet Wide 32
P(Y = argmaxp(X) | maxp(X) =¢) =c¢
> Accuracy:
Classwise-calibrated: S e Overall: 94%
o = At 90% confidence: 58%
PY =i|pi(X)=c)=c 804_
- Accuracy after Temp.Scal:
Overall: 94%
0.2 At 90% confidence: 88%
At 90% class 2 prob: 76%
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Confidence-calibrated: 08-
P(Y = argmaxp(X) | maxp(X) =¢) =c¢
>
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Classwise-calibrated: o
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Example: after calibration with Dirichlet calibration

(ldo)_ Class 2 reliability (Dirichlet Cal.)

[ Gap (class-2-ECE=0.0033)
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Accuracy:
Overall: 94%
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Accuracy after Temp.Scal:

Overall: 94%
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How to calibrate a multi-class classifier?

logits class probabilities
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Temperature scaling

frozen logits scaled logits class probabilities
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Parameters: t € R

C. Guo, G. Pleiss, Y. Sun, and K. Q. Weinberger. On Calibration of Modern Neural Networks. ICML 2017
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Vector scaling

frozen logits scaled logits class probabilities
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Parameters: (w,b) € R¥T*

C. Guo, G. Pleiss, Y. Sun, and K. Q. Weinberger. On Calibration of Modern Neural Networks. ICML 2017
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Matrix scaling

frozen logits scaled logits class probabilities
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Parameters: (W, b) € RF>*k+#

C. Guo, G. Pleiss, Y. Sun, and K. Q. Weinberger. On Calibration of Modern Neural Networks. ICML 2017
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Dirichlet calibration can calibrate any classifiers

class probabilities
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Parametric calibration methods

Derived from Gaussian distribution Derived from Beta distribution

Platt scaling!'! Beta calibration!?

(+ constrained variants)

[1] J. Platt. Probabilities for SV machines. In Advances in Large Margin Classifiers, pages 61—74, MIT Press, 2000.
[2] M. Kull, T. Silva Filho, P. Flach. Beta calibration: a well-founded and easily implemented improvement on logistic calibration for binary classifiers. AISTATS 2017
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Parametric calibration methods

Derived from Gaussian distribution Derived from Beta distribution

Platt scaling!'! Beta calibration!?

(+ constrained variants)

Derived from Dirichlet distribution

Dirichlet calibration

(+ constrained variants)

[1] J. Platt. Probabilities for SV machines. In Advances in Large Margin Classifiers, pages 61—74, MIT Press, 2000.
[2] M. Kull, T. Silva Filho, P. Flach. Beta calibration: a well-founded and easily implemented improvement on logistic calibration for binary classifiers. AISTATS 2017
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Parametric calibration methods

Derived from Gaussian distribution Derived from Beta distribution

Platt scaling!'! Beta calibration!?

(+ constrained variants)

Derived from Dirichlet distribution

Matrix scalingl3!  Dirichlet calibration

(+ vector scaling, temperature scaling) (+ constrained variants)

[1] J. Platt. Probabilities for SV machines. In Advances in Large Margin Classifiers, pages 61—74, MIT Press, 2000.

[2] M. Kull, T. Silva Filho, P. Flach. Beta calibration: a well-founded and easily implemented improvement on logistic calibration for binary classifiers. AISTATS 2017
[3] C. Guo, G. Pleiss, Y. Sun, and K. Q. Weinberger. On Calibration of Modern Neural Networks. ICML 2017
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Dirichlet calibration
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Parameters: (W, b) € RF*F+k
Regularisation:
o« L2
* ODIR (Off-Diagonal and Intercept Regularisation)
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)

n_samples n_features n_classes

. dataset
Non-neural experiments e
balance-scale 625 4 3
car 1728 6 4
cleveland 297 13 5
dermatology 358 34 6
o 10 . glass 214 9 6
21 datasets x 11 classifiers = 231 settings iis 150 1 3
landsat-satellite 6435 36 6
libras-movement 360 90 15
Ave ra ge ra n k ek (p-value = 3.06e-148, #D = 229) mfeat-karhunen 2000 64 10
1 2 3 4 5 6 7 8 o mfeat-morphological 2000 6 10
L . . . . - - ! mfeat-zernike 2000 47 10
byl optdigits 5620 64 10
0) Classwise-ECE = page-blocks 5473 10 5
DirODIR. ——— FreqB pendigits 10992 16 10
Vle;f - - mi:B segment 2310 19 7
Beta TempS shuttle 101500 9 7
pir,2 — | vehicle 846 18 4
cD (p-value = 1.58e-103, # D = 229) vowel 990 10 11
e e s e 1 s s waveform-5000 5000 40 3
S S P S S yeast 1484 8 10
O Log-loss , THT , 5-fold 3-fold
Dirz'lr;é E:;a; 5 times cross-validation cross-validation
Beta Isot
VecS TempS 1/5 test 1/5 test calibrator
widthg ————— |
CcD (p-value = 8.41e-43, #D = 229)
P
1 2 3 4 5 6 7 8 9 Original 1/3 train calibrator
o Errorrate I Dataset
T L1 4/5 train 2/3 train classifier
DIrODR —— | L Uncal and
Isot Temp$S validate calibrator
DirL2 FreqB
Beta WidthB
VecS The
7 . .
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Which classifiers are calibrated?
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Which classifiers are calibrated?
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Deep Neural Networks Experiments: Settings

- 3 datasets: CIFAR-10, CIFAR-100, SVHN
- 11 convolutional NNs + 3 pretrained
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Neural experiments

e Datasets: CIFAR-10, CIFAR-100, SVHN
® 11 CNNs trained asin Guo et al + 3 pretrained

Classwise-ECE Log-loss
general-purpose calibrators calibrators using logits general-purpose calibrators calibrators using logits
Uncal | TempS Dir-L2 Dir-ODIR ‘ VecS IMS-ODIR' Uncal | TempS Dir-L2 Dir-ODIR | VecS IMS-ODIR'
cl0_convnet 0.104¢ | 0.0444  0.043; 0.0455 0.043, 0.0445 0.3916 | 0.195; 0.1974 0.1959 0.1975 0.1963
c10-densenet40 0.114¢ | 0.0405 0.0344 0.0374 0.0364 0.0373 0.428¢ | 0.2255 0.2207 0.2244 0.2233 0.2229
c10leneth 0.198¢ | 0.1715 0.052; 0.0594 0.0572 0.0593 0.823¢ | 0.8005  0.744, 0.7445 0.747,4 0.743,
¢10_resnet110 0.098s | 0.0435 0.032, 0.0394 0.0375 0.0364 0.358¢ | 0.2095 0.203, 0.2053 0.2064 0.204,
¢10_resnet110_-SD 0.0866 | 0.0314 0.0315 0.0293 0.027, 0.027, 0.303¢ | 0.1785  0.1774 0.1763 0.1755 0.175,
cl0_resnet_wide32 0.095¢ | 0.048;  0.0323 0.0294 0.0324 0.029, 0.382¢ | 0.1915  0.1854 0.1824 0.1833 0.182;
¢c100_convnet 0.424¢ | 0.2277  0.4025 0.2403 0.2414 0.2404 1.641¢ | 0.942; 1.189; 0.9614 0.9644 0.9613
c100_densenet40 0.470¢ | 0.1875,  0.3305 0.1864 0.1893 0.1914 2.017¢ | 1.0574 1.2535 1.0594 1.0583 1.051,
c100_lenetb 0.473¢ | 0.3855  0.2194 0.2135 0.203, 0.2145 2.784¢ | 2.6505 2.5954 2.4904 2.5163 2.487,
¢100_resnet110 0.416¢4 | 0.2013  0.3595 0.1864 0.194, 0.2034 1.694¢ | 1.0923 1.2125 1.0964 1.089, 1.074,
¢100_resnet110_SD 0.375¢ | 0.2034  0.3735 0.1893 0.1704 0.1862 1.353¢ | 0.9423 1.1985 0.9454 0.923; 0.927,
c100_resnet_wide32 0.420¢ | 0.1864  0.3335 0.1802 0.1714 0.1803 1.802¢ | 0.9453 1.0875 0.9534 0.937, 0.933;
SVHN _convnet 0.159¢ | 0.0384  0.0435 0.0264 0.025; 0.0275 0.2056 | 0.1515  0.1423 0.138, 0.144, 0.138;
SVHN resnet152_SD | 0.019, | 0.018;  0.0224 0.0203 0.021 0.0214 0.085¢ | 0.079; 0.0855 0.0804 0.0814 0.081
Average rank | 571 | 371 3.79 2.79 60 | 35 379 2.93
& S The
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Conclusion

1. Dirichlet calibration: New parametric general-purpose multiclass calibration method
a. Natural extension of two-class Beta calibration
b. Easy to implement with multinomial logistic regression on log-transformed
class probabilities
2. Best or tied best performance with 21 datasets x 11 classifiers

3. Advances state-of-the-art on Neural Networks by introducing ODIR regularisation
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