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Deep Neural Networks
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loss
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Input
Teaching signal

Pros: a powerful tool to represent a 
nonlinear relationship 
Cons: usually requires a large amount of 
high‐quality training data

Learning from limited training data is one of the intrinsic problems in Deep NN!
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Between-class Learning
Learning from Between-class Examples for Deep Sound Recognition

Yuji Tokozume, Yoshitaka Ushiku, Tatsuya Harada
ICLR 2018

Between-class Learning for Image Classification
Yuji Tokozume, Yoshitaka Ushiku, Tatsuya Harada

CVPR 2018

Y. Tokozume

https://github.com/mil-tokyo/bc_learning_sound
https://github.com/mil-tokyo/bc_learning_image



Standard Supervised Learning
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Training Dataset

Dog

Cat
Label

Random Select
& Augment

Bird

Model

Output

Dog 1

Cat 0

Bird 0Input

1. Select one example from training dataset
2. Train the model to output 1 for the corresponding class 

and 0 for the other classes



Between-class (BC) Learning
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1. Select two training examples from different classes

2. Mix those examples with a random ratio

3. Train the model to output the mixing ratio and mixing classes

Proposed method

Training Dataset

Dog

Cat
Label

Random Select
& Augment

Bird

Model
Output

KL Dog 0.7

Cat 0.3

Bird 0Input

On test phase, we input a 
single example into the network.

Generate infinite training data from limited data

Learn more discriminative feature space than standard learning

Merits

0.7

0.3



BC Learning for Sound

 Two training examples
 Random ratio
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sounds

Dog: 1

Cat: 0
Bird: 0

Dog: 0

Cat: 1
Bird: 0

labels

Dog:

Cat: 
Bird: 0

𝐺ଵ, 𝐺ଶ: sound pressure level of 𝒙ଵ, 𝒙ଶ[dB]

A dog and a cat



Results of Sound Recognition
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① Various models

② Various datasets

③ Compatible with 
strong data augmentation

④ Surpass the human level

We can improve recognition performance for any 
sound networks, if we apply the BC learning.



would not be important or even 
have a bad effect if CNNs treat 
input data as waveforms

static component wave component

Proposal 1 (vanilla BC)

Dog 0.5
Cat 0.5Cat 1.0Dog 1.0

BC Learning for Image
Images as waveforms

Proposal 2 (BC+)



Results on CIFAR
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Our preliminary results were presented in 
ILSVRC2017 on July 26, 2017.



Results on ImageNet-1K
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100
epochs

Standard 20.4/5.3 [28]

BC (ours) 19.92/4.91

150
epochs

Standard 20.44/5.25

BC (ours) 19.43/4.80

top-1/top-5 val. error

around 1% gain
in top-1 error

Our preliminary results were presented 
in ILSVRC2017 on July 26, 2017.



How BC Learning Works
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Class A
distribution

Class B
distribution

rA+(1‐r)B
distribution

Small Fisher’s criterion
→ Overlap among distributions
→ Large BC learning loss

Large Fisher’s criterion
→ No overlap among distributions
→ Small BC learning loss

Class A
distribution

Class B
distribution

rA+(1‐r)B
distribution

More discriminativeLess discriminative



How BC Learning Works

Large correlation among classes
→ Mixing class of A and B may 

be classified into class C.
→ Large BC learning loss

A

B

C

Decision 
boundary

rA+(1‐r)B

A

B

C

Decision 
boundary

rA+(1‐r)B

Small correlation among classes
→ Mixing class of A and B is 

not classified into class C.
→ Small BC learning loss

Small correlationLarge correlation

In the classification, the distributions must be 
uncorrelated because the teaching signal is discrete,.



Visualization using PCA
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Standard learning BC learning (ours)

Activations of 
・10-th layer of 11-layers CNN
・trained on CIFAR-10

Distributions are more compact than those from standard learning.
Distributions are spherical.
Larger Fisher’s criterion than that of standard learning

Fisher’s criterion: 1.97Fisher’s criterion: 1.76



Take Home Messages
Learning from limited training data is one of the 

intrinsic problems in deep neural networks.

Between-class learning (BC learning)
A novel learning method for deep neural networks in 

supervised setting
Mix two training examples with a random ratio
Train the model to output the mixing ratio
Simple and easy to implement
Can be introduced independently from previous 

techniques: network architectures, data 
augmentation schemes, optimizers, etc.


