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[1] Belkin+ (PNAS2019) , [2] Nakkiran+ (ICLR2020)



[.abel Noise

Training 1mage

Original label Training label

Clean
sample

A
-4

dog

dog

Train samples

Noisy
sample

Ei

Add label noise
dog -_— cat



Epoch-wise DD was not observed at 0% label noise
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Epoch-wise DD was not observed at 0% label noise
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Investigate how noisy samples affect epoch-wise DD



Our Approach

* Separate error-rate analysis for clean and noisy samples

- Analyze the effect of noisy samples through
spatio-temporal instability of predictions in the input space



Experiment

model
CNN Slayer
learning rate  0.01
optimizer SGD

dataset
EMNIST Digits 4

with 20% label noise

[4] Cohen+ (IJCNN2017)
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Why does performance on clean samples decrease and then recover?
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Phase II : Overfitting
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Spatial Instability : INST

Prediction variation within set X at time t

FIL(tx) = {1 if f,(0) # f(x—A%)
0 if otherwise

INST.(X, ) = Z Fl.(t, x)
f(x) xeX
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Temporal Instability : INSTy

Prediction variation over time for data point x

Fl,(t, %) = {1 if fy(x) # fre1(2)

0 if otherwise

£(x) INST+(T, x) = FL.(¢t, x)

X

epoch : t
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Spatial Instability : INST

clean clean

O

1 11 111

N\
= 20|
<
N’/
=" 10
A
=
~ .

0.0 \ |

109 10! 102 10°
epoch

clean  noisy

P@W

| 11 111
10° 10! BT 103
epoch

18



Temporal Instability : INSTt
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Discussion

e C(lean/test performance degradation suggests that noisy-sample
fitting causes spatio-temporal fluctuations in the decision
boundary.

o We consider that the stabilization of these fluctuations leads to
the double descent of the error rates on clean/test samples.

Conclusion

We showed that epoch-wise double descent occurs during the
recovery of classification performance on clean samples.
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Temporal Instability : INSTt
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Performance after double descent

When the label noise rate 1s low, the test accuracy after double descent can be
comparable to that before overfitting.
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Nakkiran setting and Our Setting
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Spatial Instability : INST,
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Temporal Instability : INSTy
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[3] Somepalli+ (CVPR 2022)



