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Where do I work ?
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Gundam Global Challenge

3



Gundam Global Challenge
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Smart Interface
Pain illusion

Peltier Device

Thermal Grill Illusion

Hiroki Kishi

Shota Kato
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Pain illusion

Smart Interface
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Smart Interface

Yoshikazu Murase

Gaze Interface

Shusuke Kobayashi
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Internal Representations of Neural Nets

Linear Problem

Perceptron

inputx output Y

Y = f(X)

Internal representation

inputx output Y

Nonlinear Problem

Y = f(g(X))

Multilayered Perceptron (MLP)
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(Frank Ronsenblatt, 1957)

(Rumelhart, Hinton, Williams, 1986)



Internal Representations of Neural Nets

inputx output Y

(Difficult) Nonlinear Problem

Deep Neural Network (DNN)

Y = f(g1(g2(⋯gn(x))⋯)

abstraction level Low High

Physical features

dog
Concept
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Internal Representations of Neural Nets
Generating Representation

Stacked Autoencoders 

Principal Components Analysis (PCA)

Nonlinear PCA

Important components
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inputx outputx

f(g(X)) ≈ XAutoencoder



Autoencoder 1

Stacked Autoencoders 
Autoencoder 2

xj

x1
x2

xd

Autoencoder M

Tj

T1
T2

TD

output layer

Backprop !

Internal Representations of Neural Nets

Avoiding Vanishing Gradient !

Generating Representation
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 Maximize!

contrastive divergence
 

visible h: hidden

i
j 

p(hj = 1|v) = f(bj +
X

i

viwij) p(vi = 1|h) = f(ai +
X

j

hjwij)

Internal Representations of Neural Nets
Generating Representation

Stacked Restricted Boltzmann Machines

A kind of Factor Analysis
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Internal Representations of Neural Nets
So far so good! So what is the problem?

Comprehensibility!
What representations are good? What are bad?

How can human understand neural networks?

How can knowledge be transfered?
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International Conference on Learning Representation (ICLR)



Comprehensibility
Explainable AI for histopathological diagnosis

your sample is Invasive Ductal Carcinoma (IDC)

”Your image is IDC. However, there is high possibility that it
could be misclassified as non-IDC, because it has medium
similarity with some clusters of the non-IDC samples.”

non-similar non-IDC

low-similarity non-IDC

Patrik Sabol 
TU Kosice, Slovakia

P. Sabol, P. Sincak, P. Hartono, et al. , Explainable Classifier SupporOng Decision-making for 
Colorectal Cancer Diagnosis from Histopathological Images, Journal of Biomedical InformaOcs, 
Vol. 109, 103523 (2020) 

Kana Ogawa

14



- two dimensional hidden layer 
- topologically restricted activation function

P. Hartono, T. Trappenberg, Learning-Regulated Context Relevant Topographical Maps, 
IEEE Trans. on NNLS, Vol.26, No. 10, pp. 2323-2335 (2015).

Restricted Radial Basis Function Net (rRBF)
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Kohonen’s Self-Organizing Map (SOM)

Original Dimension
- preserving the topological order of the data
-    context-irrelevant

Irrelevant to data’s 
context

Kohonen, T. (1982). Self-organized Formation of Topologically Correct Feature 
Maps, Biological Cybernetics Vol. 43, 59-69.

Low Dimension

Internal Representations of Neural Nets
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output

 

 input  

Iouti (t) = V
T
i (t)H(t)
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output of j-th hidden neuron

potential of i-th output neuron

probability density function of predicted output

Restricted Radial Basis Function Net (rRBF)
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Weight Modification

Hidden-Output Weight Modification

Reference Vector Modification

Wj(t+ 1) = Wj(t)� ⌘
@E(t)

@Wj(t)
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Loss Function: Cross Entropy

E(t) = � log p(class = K|X(t))
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(correct class =K)

Vi(t+ 1) = Vi(t)� ⌘
@E(t)

@Vi(t)
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Restricted Radial Basis Function Net (rRBF)
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Learning Process

Regulation signal from the higher layer

@E(t)

@Wj(t)
= ��j(t)�(win, j, t)(X(t)�Wj(t))
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Wj(t+ 1) = Wj(t) + �j(t)�(win, j, t)(X(t)�Wj(t))
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�j(t) = (VKj � Ṽj)e
Ij(t)
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Restricted Radial Basis Function Net (rRBF)

19



 : SOM  Learning

Learning Process

i-th hidden neuron decreases the learning error

i-th hidden neuron increases the learning error

: repulsive SOM 

Wj(t+ 1) = Wj(t) + �j(t)�(win, j, t)(X(t)�Wj(t))
<latexit sha1_base64="CFPE0XBK4uOMQhQybAZTGc1dlR4="></latexit><latexit sha1_base64="CFPE0XBK4uOMQhQybAZTGc1dlR4="></latexit><latexit sha1_base64="CFPE0XBK4uOMQhQybAZTGc1dlR4="></latexit><latexit sha1_base64="+hsVyrm7m6BQFgAiobYF8eL4H8U="></latexit>

Restricted Radial Basis Function Net (rRBF)
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Ritter, H., and Kohonen, T. (1989). Self-Organizing Semantic Maps.  
Biological Cybernetics, 61, 241-254.Simple SOM

contexts 

rRBF (herbivore/carnivore) rRBF (speed) 21

Experiment



0 2 4 6 8 10

0

2

4

6

8

10

Iris Data (dim:4, class:3)

t-SNE SOM

rRBF

Restricted Radial Basis Function Net (rRBF)
Experiment



0 2 4 6 8 10 12 14 16

0

2

4

6

8

10

12

14

16

Bank Credit Data (dim:48, class:2)
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- two dimensional hidden layer 
- topologically restricted   
activation function

P. Hartono, Mixing autoencoder with classifier: conceptual data visualization, IEEE Access, Vol. 
8, pp.105301 -105310 (2020) DOI: 10.1109/ACCESS.2020.2999155

Soft-supervised topological autoencoder(STA)
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https://ieeexplore.ieee.org/document/9105001


 

 

input  

 
cls(X(t))
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teacher signal

 

output of j-th hidden neuron

Odec = f((Vdec)TH)

<latexit sha1_base64="D9CM0e8EJD432oqv/HcJ9QMlyHY="></latexit>

Ocls = f((Vcls)TH)

<latexit sha1_base64="AC+78MXODl+fCzwylFH/gCN0SRI="></latexit>

output

Soft-supervised topological autoencoder(STA)
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Weight Modification

Loss Function:

L =
(1� )

2d

X

k

(Odec
k �Xk)

2 +


2dcls

X

l

(Ocls
l � Tl)

2
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reconstruction error classification error

Soft-supervised topological autoencoder(STA)
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Reference Vectors Modification

@L

@Wj
=

@L

@Odec
k
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@Wj
+
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<latexit sha1_base64="DYMFPlQSlEL3o6Bny6/b/U+UY/8="></latexit>

= �
hid
j Hj(X�Wj)

<latexit sha1_base64="GK6wAkiIRY7Dxgve0XHqChtauIc="></latexit>

�hidj =
1

�2
{(1� )

X

k

�deck vdecjk + 
X

l

�clsl vclsjl }

<latexit sha1_base64="RpQ1NVWgWpPYs2xAVj+sSnsi/5A="></latexit>

positive:   SOM

negative:   repulsive SOM

Soft-supervised topological autoencoder(STA)
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 = 0
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Soft-supervised topological autoencoder(STA)
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SOM t-SNE

dim: 4 
class: 3

Iris

Soft-supervised topological autoencoder(STA)
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 = 0
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SOM t-SNE

MNIST

dim 28 x 28 
class: 10

Soft-supervised topological autoencoder(STA)
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A

B

C

D

Soft-supervised topological autoencoder(STA)
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Data are short: started on January 22
Data are abundant: over 250 countries
Time Differences in outbreak 

time differences

Utilizing Beijing’s time series to train a neural network for predicting Taiwan’s

Pairwise Prediction of COVID-19 patients number
Applications
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Pairwise Prediction of COVID-19 patients number

Problem:  How to find a pair for a target country ?

Applications

P. Hartono, Similarity Maps and Pairwise Prediction for Transmission Dynamics of 
COVID-19 with Neural Networks, Informatics in Medicine Unlocked Vol. 20, 100386 
(2020) 
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Applications
Pairwise Prediction of COVID-19 patients number
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Pairwise Prediction of COVID-19 patients number

Applications
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Pairwise Prediction of COVID-19 patients number

Applications

37



Pairwise Prediction of COVID-19 patients number

Applications
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topological  encoder

decoder

transmission dynamics
transmission dynamics
reconstructed

topological map
visualization

countries matching

LSTM

training
prediction

short-term
prediction

similarity map

Pairwise Prediction of COVID-19 patients number

Applications
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Brazil-Belgium, post 1000 cases

pairwise_error: 3.66%,     single: 7.91%

Pairwise Prediction of COVID-19 patients number

Applications
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NZ-Guangdong, post 300 cases

pairwise_error: 0.74%,     single: 3.72%

Pairwise Prediction of COVID-19 patients number

Applications
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Taiwan-Beijing, post 300 cases

pairwise_error: 0.40%,     single: 1.32%

Pairwise Prediction of COVID-19 patients number

Applications
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Kuwait-Findland, post 300 cases

pairwise_error: 10.70%,     single: 15.48%

Applications
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Transferability and Comprehensibility 
Applications

K. Ogawa, P. Hartono, Infusing prior knowledge into topological representations 
of learning robots, Proc. 27th Int. Symposium on Artificial Life and Robotics, pp. 
347-352 (2022) (Young Author Award). 
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Applications
Transferability and Comprehensibility 

K. Ogawa and P. Hartono, Infusing common-sensical prior knowledge into topological 
representations of learning robots, (under review)
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common-sensical infusion

Non common-sensical infusionRandom infusion

Applications
Transferability and Comprehensibility 
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K. Ogawa and P. Hartono, Infusing common-sensical prior knowledge into topological 
representations of learning robots, (under review)
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Conclusions

Internal Representations define the performance of NN

Understanding Internal Representations ->   Understanding neural networks

Knowing more but constraining:  distributed representation vs topological 
representations

Explanability, Transferability 



Thanks to
Kana Ogawa 
Hiroki Kishi 
Shusuke Kobayashi 

Thomas Trappenberg 
Peter Sincak 
Patrik Sabol
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Comments & questions: 

hartono@ieee.org



Original Dimension

L. van der Maaten, G. Hinton. Visualizing Data using t-SNE, Journal of Machine Learning 
Research, Vol. 9, pp. 2579-2605 (2008).

t-Stochastic Neighborhood Embedding (t-SNE)

i

j

distance: p(i,j)

i

j

distance: q(i,j)

min
X

i

X

j

p(i, j)log
p(i, j)

q(i, j)
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Low Dimension

Kullback-Liebler divergence

Internal Representations of Neural Nets
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