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1Out line

1. Som e int roductory statements.

2. Supervised prototype based learning.

3. Relevance determ inat ion.

4. Rule ext ract ion. 

5. Ongoing work.

6. Out look and (hopefully)  t im e for quest ions.



2Current ly m ost relevant  m ot ivat ion

How loud am  I  supposed to talk, in order to be
(acoust ically)  understood by the audience ?

• Size of the room , 
• type and funct ion of the room , 
• are there elderly people,
• is anybody having a nap,
• are there in- or external noise sources,
• what ‘s the num ber of listeners ?

0DQ\ IDFWRUV,  som e of which are m utually dependent .

Are there UXOHV,  e.g.:
„ I f in gym nast ics hall without m icro. then shout ! “

I s there an especially LPSRUWDQW factor ?



3Usage of term s

'LPHQVLRQ:  at t r ibute or feature as a com ponent

in vector representat ion.

3URWRW\SH: a feature vector with a typical set of

features that characterizes a set of

data points belonging to a certain class.

1HW: a t rainable set of free param eters that can

be interpreted as neurons.

Here:  Prototypes com pet ing for processing an 

input st im ulus (Winner-Take-All) ,  and m et r ic.
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Pattern: X =  (x i, y i= 2)

Relevance Learning Vector Quant izat ion

W≠

W=

o

∆wi ∝ ± (x i - wi) standard LVQ.

λi

new: 5elevance factor for dimension i        

∆ λi ∝ | x i - wi| λi ≥ 0  norm alized, λi : =  λi /  | λ| .±

(A)

(C)

d1 (X, W)=    ∑i ( x i – wi) 2
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Drawback of previously presented update:  

Does not  necessarily converge:  equivalent to 

percept ron learning ->  cycles in presence of noise.

I ntuit ion 2 Math

=
>



6I ntuit ion 2 Math



7Overview of LVQ Methods

• LVQ, LVQ2.1, LVQ3 (Kohonen, 1995)

• GLVQ (Sato, Yamada, 1996/ 1998)

• DSLVQ (Pregenzer, 1997)

• RLVQ (Bojer, Hammer, Schunk, Tluk v. Toschanowitz, 2001)

• GRLVQ (Hammer, Villmann, 2001)

• SRNG (Hammer, St r ickert , Villmann, 2002)

5HODWHG :RUN�

• Met r ics that learn relevance (Kaski, Sinkkonen, 2000)



8Dem o Tim e

651*

(a)  10-D art if icial data with 3 classes.

� Data overlap with noise.

" Em pir ical convergence. 

" Dim ension relevances.

(b)  2-D m ult i-m odal problem with 2 classes.

� Crisp clusters.

" I nit ializat ion tolerance. 

" Convergence.



9Dem o (A) :  10-D data

Project ion to first 2 dim ensions



10Dem o (A) :  10-D data

Dim ension relevances

about 1000 cycles

after 5000 cycles

1         2        3         4        5         6         7     8         9         10



11Dem o (B) :  2-D m ult im odal Data



12Applicat ions of relevance determ inat ion

'LPHQVLRQDOLW\ UHGXFWLRQ:

. . .of high dim ensional,  m ult ispect ral satellite data.

'LDJQRVLV:

I m proved vector quant izat ion of piston engin states.

1RQOLQHDU WLPH�VHULHV DQDO\VLV:  

At t ractor reconst ruct ion of water runoff observat ions.



13Rule ext ract ion

Prototypes reduce com plexity of the data, but :

Mental approach to interpretat ion of convex

recept ive fields of a t rained net is not  easy.

->  Sim ilar it y argum ents.

:KDW ZH DOVR�ZDQW:  

Convert obvious features of a t rained net into a

decision t ree.

->  Crisp rules.



14Decision t ree:  Toy exam ple - 2 classes in 1.23D



15Decision t ree:  Toy exam ple - 2 classes in 1.23D



16Decision t ree:  Toy exam ple - 2 classes in 1.23D



17Decision t ree:  Toy exam ple - 2 classes in 1.23D
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19Dem o Tim e 2

%%�WUHH�DOJRULWKP �%DEVL%DXP -�

Java Code by Andreas Recht ien, LNM.

Again:  10-D art ificial data with 3 classes.



20BB Dem o

-I nfinity
- I nfinity

14.7%   Class=  2
0.321

2.1%    Class =  -1
I nfinity

0.276
- I nfinity

16.2%   Class=  1
0.368

14.8%   Class=  0
0.597

2.1%    Class=  2
I nfinity

0.587
- I nfinity

16.2%   Class=  0
0.349

19.0%   Class=  1
0.576

14.8%   Class=  2
I nfinity

I nfinity
BB-Splits and Recept ive Fields

Correct  Labels for BBh= 2:  79.5%

y    x



21The form al BB – algorithm



22BB- t rees related to other work I / I I

Classical decision t ree m ethods:

&$57 (Breim an, Friedm ann, Olshen, Stone, 1983)

&��� (Quinlan, 1993)

&$/� (Müller and Wysotzki,  1997)

Are greedy approaches using devide and conquer

m ethods with inform at ion m easures or stat ist ic

propert ies for the t ree const ruct ion.

%%:  6LPXOWDQHRXV adaptat ion of relevances. 



23BB- t rees related to other work I I / I I

6,*
��800 (Ultsch, 1991)

rule ext ract ion from unsupervised SOM;

post - labelling in a 2D or 3D target m ap. 

%%:  Act ive class separat ion and

no a prior i dim ensionalit y reduct ion.

Literature for feed forward networks, e.g. Duch et  al.



24Mushroom data:  Relevance factors

'HPRQVWUDWLRQ:  Convergence of relevances.

'DWD

Features: 117 unary coded dim ensions.

Classes: Hdible, Soisonous.

Pat terns:  8124.

Classificat ion accuracy:  97.5%  on test  set .
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Mushroom data:  Relevance factors

1. odor =  none, 4. gill- size =  broad, 

2. gill- color =  buff, 5. spore-color =  chocolate, 

3. gill- size =  narrow 6. bruises =  no

Top 6 m ost relevant  features:



26Mushroom data:  Ext racted decision table

BBh= 6 :  97.2 %  on t raining set .

odor =  none = >   m inim um conflict



27Relevance of linguist ic propert ies

Which syllable inform at ion is m ost relevant  for the
predict ion of one of five dim inut ive form s in Dutch ?

�� �$�V���I�$�G���E�D�Q��7

 � � � ���U�H� ���*�#�Q��7

��N�R� ���O�2�P���E�.�Q��7

��K�R� ���Q�,�1���E�$�N��-

Relevance profile

for the 403 unary coded features



28Relevance of linguist ic propert ies

training set (2999)      test  set (950)

SRNG  :   92.6 % ,            92.3 %

BBh= 25  :   95.5 % ,            95.2 %  (117 rules)

TiMBL :                          96.6 %

C4.5    :   97.5 % ,            97.1 %  (71 rules)

&RPSDULVRQ WR�RWKHU PHWKRGV



29BB t ree – todo list

,PSURYLQJ WKH UXOHV

�� 'HFLVLRQ ERXQGDULHV:  ret ( r)ain inter ior node prototypes.

�� 5XOH VLPSOLILFDWLRQ:  hypercube rearrangem ents;  merges.

�� +\EULG�PRGHO:  

I NTERI OR NODES - > character ist ic rules,

logical AND- chains in BB- tree:  sym bolic;

LEAVES- >  different iat ing anologies,

prototype m ajority vote:  subsym bolic.



30Som e prelim inary conclusions

• Vector quant izat ion m ethods have been extended to:

1. stable learning by gradient descent on cost funct ion,

2. adapt ive m et r ic,  m aking dim ension relevances available.

• From trained net , i.e. prototypes and m et r ic, a 

BB – decision t ree, thus, rules can be ext racted.

• Good results for both m ethods;  som et im es data t ransform s

like logar ithm ic or ]- t ransform are necessary.

• Many ideas to st ill im prove the results -



31Work in progress

1.5 t

.. .000010010100010100011
0

St ructured inform at ion

Sequent ial inform at ion

Sequent ial inform at ion using fixed vector lengths



32Sym bolic Sequences:  Context Neural Gas

...aacdeceaadce
0 0 0 0 1

e

1

23

1 23

Context vector containing real valued act ivat ions

e.g. fed into vector quant izer

Act ivat ion update 
according to NG adaptat ion...               .. .winner takes most .

fully connected
network

+  overall act ivat ion decay.



33General fram ework for SOM

+DPPHU��0LFKHOL��6SHUGXWL �������

$�JHQHUDO IUDPHZRUN IRU SURFHVVLQJ VWUXFWXUHG GDWD�

Ongoing work for t ree procesing SOMs.

(Prevents policem en from being squeezed : o)



34The End

That ‘s it for today.

Thanks for at tent ion !

Quest ions??


