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“Labelling quality influences detection performance”
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"By manually adding noise to well known
datasets, we study the effect of erroneous
labels and propose a technique to mitigate
them”
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Three networks used
MNIST-CNN, CIFAR-CNN, ResNet32/50
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The Idea: Iterative Label Improvement — ILI
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Some Results

0.90 K
~
> N AL Y
o 0-857 ~ ‘\ \« ~
- \:-. 2 K
3 ’ \ \ 4 \\
1.0 Y 0.80 \ RS AR
(W] b * S N ‘
9 c \ O
3 ° S 0.75 i R
- ._8 ' —i&~ confidence 9 = 0.3 \\\\\&
3 0.6 © =¥ confidence 9 = 0.5 W \
s B 0.707 —« confidence 9 = 0.7 W
n © i —
80.4) == noisy baseline +o ‘: > 0.65 —o ;?;i:dence 9 =09
- —o— LI h\ c \
D ~e- LI 50 iter N ¢ ® — -+ label accuracy %
002 o opiL A O 0.60° —e- nNoisy Baseline +o *
= fplLl X =&~ reweight
00 label accuracy i 0.55. ‘ —\ | .‘
00 02 04 06 08 10 0.0 0.2 0.4 0.6 0.8
Noise ratio Noise ratio

ILI with MNIST-CNN on noisy MNIST data with random error ILI with ResNet32 on noisy CIFAR10 data with random error,

vs. “learning to reweight”
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BACKUP




Different versions of ILI introduced

Algorithm 2 opILI with initILI
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Results — different models & datasets
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(a) CIFAR-CNN on noisy (b) MNIST-CNN on noisy (c) CIFAR-CNN on noisy (d) MNIST-CNN on noisy

MNIST data with random error. MNIST data with random error. MNIST data with bias error. MNIST data with bias error.
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The effect of data augmentation
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Figure 5. Comparison of different versions of our ILI algorithm on
CIFAR10 data, using a ResNet32, with erroneous labels (randomly

distributed). As a reference we compare to “learning to reweight
(Ren et al., 2018). Without data augmentation both methods fail to

improve the accuracy significantly.

1 1 Chassis Systems Control | Christian Haase-Schiitz | 2021-01-13

0.90 \
=~ X tlt
20.85 '\\1‘1-3‘}5*\
":‘ ~ &> S
O \ RS-
o 0.80 . SO R
© \ S
S 0.75 3 N RN
E . —i~ confidence @ = 0.3 \‘;\\;
© =% confidence 8§ = 0.5 W
= 0.70) —« confidence 9 = 0.7 W
g confidence 8 = 0.9
= 0.65] —e piain \
8 —+ label accuracy \
O 0.60| —e- Noisy Baseline +o \*
& reweight \
055650 02 04 06 08
Noise ratio

Figure 6. Comparison of different versions of our ILI algorithm on
CIFAR10 data, using a ResNet32, with erroneous labels (randomly
distributed) vs. “learning to reweight”. With data augmentation
our method outperforms “learning to reweight” for most noise
fractions.
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ResNet32, Noise fraction 0.1
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