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ABSTRACT

During a long period of time we are combating
over-fitting in the CNN training process with
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which are trained with different label sets. To
the best of our knowledge, DisturblLabel serves
as the first work which adds noises on the /oss
layer. Meanwhile, DisturblLabel cooperates well
with Dropout to provide complementary
regularization functions. Experiments
demonstrate competitive recognition results on
several popular image recognition datasets.
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An illustration of the DisturbLabel algorithm (& = 10%). A mini-batch of 10 training samples is used as the toy
example. Each sample is disturbed with the probability a. A disturbed training sample is marked with a red
frame and the disturbed label is written below the frame. Even if a sample is disturbed, the label may remain
unchanged (e.g., the digit 3 in the 3rd mini-batch).

Implementation details of label disturbation

Each data sample (X,y) is sent into an extra sampling process,
in which a disturbed label vector ¥ = [, ¥, -, ¥ ]!
randomly generated from a Multinoulli (generalized Bernoulli)
distribution P (). Suppose that the sampled integer is ¢, then
we have Yy = 1and y; = 1 forall 7 # C.
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Like in Dropout, adding proper noise in DisturbLabel helps -Dropout: models
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In this paper, we present a novel algorithm
named DisturbLabel, which regularizes CNN by

network training, but introducing too much noise harms.

* Itis generally safe to add relatively small noise (e.g., a = 10%).

ltrained with same
|data and different

O3F - % ........ .......

—6—drop = 0.5, @ = 10% |

o012 k- %51 - ........ ....... _?_dI'Dp == 05, 0 = 20% |

0.205

—6—drop = 0.5, a = 5%
—F—drop = 0.5, a = 10% |

LeNet, no regularization

22.50

15.76

56.72

43.31

LeNet, + Dropout

19.42

14.24

49.08

41.28

. . . L. . -structures 0011} LeNet, + DisturblLabel 20.26| 14.48| 51.83| 41.84
't':;fr?lﬂonig‘é;:r?:‘;':f t':acl‘r’]':;ecft;:fll;:”;:fh MNIST _CIFAR10 I DisturbLabel- N LeNet, + both 19.18| 13.98| 48.72] 40.98
&P ' 5 ‘ e — -  DisturbLabel. BigNet, no regularization| 11.23| 9.29( 39.54| 33.59

training sample is randomly picked up (with
probability ), then assigned a random label. To
the best of our knowledge, this is the first work
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to add noise on the /oss layer.
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DisturbLabel can be considered as a latent way of data augmentation

Given a disturbed data (x,,, ¥,,), its loss
function value is L(X,,, ¥,,). We can
generate an augmented data (X,,, ), SO
that L(X,,,v,) = L(X,,V,), to stylize the
effect of (x,,, V,,) with (X,,,¥,,).

* X, is obtained by iterative backprop;
 See the right figure for some examples.
To further illustrate that DisturbLabel
serves as latent data augmentation, we
perform two experiments:

* Training with few data: only 1% or 10%
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Please refer to our paper for ImageNet results
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DisturbLabel prevents over-fitting in the CNN

training process. It can be explained as two

different ways, i.e., model ensemble and data

augmentation, both of which are performed in

a latent manner.

* Like Dropout, another popular regularization
algorithm, DisturbLabel can be explained as
a latent way of averaging a large number of
models. In Dropout, models are trained with o
the same data and different network
structures; but in DisturbLabel, models are
trained with the same network structure and
different data. Therefore, DisturblLabel can
be used with Dropout.
DisturblLabel can also be explained as data
augmentation (see the figure to the right). It
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DisturbLabel prevents over-fitting

Both Dropout and DisturbLabel slow down the network
training process, but lead to better generalization (smaller
testing error). Therefore, we can conclude that DisturbLabel
prevents over-fitting, like Dropout does.

* The reason lies in model ensemble and data augmentation.
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