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Confidence measures could be important in some real scenarios.



' An illustration

The problem modern neural networks: overconfidence.
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confidence is 90% 7
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' Miscalibration

s accuracy is better but not match its confidence.

The ResNet’

Cifar 100

Samples with 80%-85% confidence

ResNet 101,
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How can we measure/visualize miscalibration ?

What makes neural networks miscalibrated ?

How can we correct miscalibration ?
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' The first question Szl

How can we measure/visualize miscalibration ?
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' Measure miscalibration Jedl

0<p(x)<02 02<px)<04 04<p(x)<06 0.6<pkx) <038
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Avg conf: 0.55 0.74 0.86
— Accuracy: 0.50 0.67 0.71
Gap: 2 x0.05 6x0.17 7/ x0.15

15

Expected Calibrated Error (ECE) =0.11




' Expected Calibrated Error (ECE) _beareis| g

» Perfectly calibrated model:
IP’(?=Y | 15:19) =p, Vpel0,1]

» Miscalibration is difference between expected confidence and accuracy (ECE):
g|[p (V=Y 1P =p) -
P

» ECE can be approximated by:

w30

acc(B,,) — conf(B,,) ‘

> Where:

1 A
acc(B, m’ Z 1(9; = v:) conf(B,,) = W Z Di

1€B,, m 1€B,,

Naeini et al. Obtaining well calibrated probabilities using bayesian binning. AAAI, 2015




' Visualize miscalibration
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' The second question Szl

What makes neural networks miscalibrated ?




' Neural network evaluation

2005: neural networks are calibrated.
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2017: neural networks are miscalibrated.
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' Increased network capacity @ AHTHALS

Varying Depth Varying Width

ResNet - CIFAR100 ResNet-14 - CIFAR100
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Fix filters per layer at 60 Fix the depth at 60
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' Batch normalization & Less regularization e

Using Normalization Varying Weight Decay
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NLL Overfitting on CIFAR-100 Negative log likelihood:
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' The third question sl

How can we correct miscalibration ?
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F Temperature scaling
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' Temperature sca]lng Lk ’**|V

» Class prediction: Ui = argmax, Z@("“)

» Confidence score: Pi = max O'SM(Zi)(k) USM(Z'L')( :
k S exp(z”))

> k
» Calibrated confidence: 4i = m/?X osm(zi L (k)

Temperature ‘ ‘ min(NLL) on validation set after training

» Temperature scaling does not affect the model’s accuracy.
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Table 1. ECE (%) (with M = 15 bins) on standard vision and NLP datasets before calibration and with
various calibration methods. The number following a model’s name denotes the network depth.

Dataset Model Uncalibrated Hist. Binning Isotonic  BBQ  Temp. Scaling Vector Scaling Matrix Scaling
Birds ResNet 50 9.19% 4.34% 522%  4.12% 1.85% 3.0% 21.13%
Cars ResNet 50 4.3% 1.74% 429%  1.84% 2.35% 2.37% 10.5%

CIFAR-10 ResNet 110 4.6% 0.58% 0.81%  0.54% 0.83% 0.88% 1.0%
CIFAR-10 ResNet 110 (SD) 4.12% 0.67% 1.11% 0.9% 0.6 % 0.64% 0.72%
CIFAR-10 Wide ResNet 32 4.52% 0.72% 1.08%  0.74% 0.54% 0.6% 0.72%
CIFAR-10 DenseNet 40 3.28% 0.44% 0.61% 0.81% 0.33% 0.41% 0.41%
CIFAR-10 LeNet 5 3.02% 1.56% 1.85%  1.59% 0.93% 1.15% 1.16%
CIFAR-100 ResNet 110 16.53% 2.66% 499%  5.46% 1.26 % 1.32% 25.49%
CIFAR-100 ResNet 110 (SD) 12.67% 2.46% 4.16%  3.58% 0.96% 0.9% 20.09%
CIFAR-100 Wide ResNet 32 15.0% 3.01% 5.85%  5.77% 2.32% 2.57% 24.44%
CIFAR-100 DenseNet 40 10.37% 2.68% 4.51%  3.59% 1.18% 1.09% 21.87%
CIFAR-100 LeNet 5 4.85% 6.48% 235%  3.77% 2.02% 2.09% 13.24%
ImageNet DenseNet 161 6.28% 4.52% 518%  3.51% 1.99% 2.24% -
ImageNet ResNet 152 5.48% 4.36% 4.77%  3.56% 1.86 % 2.23% -

SVHN ResNet 152 (SD) 0.44% 0.14% 0.28%  0.22% 0.17% 0.27% 0.17%

20 News DAN 3 8.02% 3.6% 552%  4.98% 4.11% 4.61% 9.1%

Reuters DAN 3 0.85% 1.75% 1.15%  0.97% 0.91% 0.66 % 1.58%

SST Binary TreeLSTM 6.63% 1.93% 1.65% 2.27% 1.84% 1.84% 1.84%

SST Fine Grained TreeLSTM 6.71% 2.09% 1.65% 2.61% 2.56% 2.98% 2.39%
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Figure 4. Reliability diagrams for CIFAR-100 before (far left) and after calibration (middle left, middle right, far right).
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 Modern neural network tend to be miscalibrated.
* Factors: model capacity, batch normalization, weight decay.

e Simple solution: temperature scaling.
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