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Instance Based Learning Algorithms
Concepts In Common

• Concept Description
• Similarity Function 
• Classification Function
• Concept Description Adder
• Concept Description Remover



Instance Based Learning Algorithms
IBL #1

CD ⇐  0
for each x ∈  training set do

for each y ∈  CD
sim[y] ⇐  similarity(x,y)
ymax ⇐  some y ∈  CD with maximal sim[y]
if class(x) = class(ymax)
then classification ⇐  correct
else classification ⇐  incorrect
CD ⇐  CD ∪  {x}



Instance Based Learning Algorithms
IBL #2

CD ⇐  0
for each x ∈  training set do

for each y ∈  CD
sim[y] ⇐  similarity(x,y)
ymax ⇐  some y ∈  CD with maximal sim[y]
if class(x) = class(ymax)
then classification ⇐  correct
else

classification ⇐  incorrect
CD ⇐  CD ∪  {x}



Instance Based Learning Algorithms
IBL #3

C D  ⇐  0
fo r  e a c h  x  ∈  t r a in in g  se t  d o

fo r  e a c h  y  ∈  C D  d o
s im [ y ]  ⇐  s im ila r ity(x ,y)
if ∃ { y ∈  C D  | a c c e p ta b le (y)}
th e n  y m a x ⇐  so m e  a c c e p ta b le  y  ∈  C D  w ith  m a x im a l s im [ y ]
e lse

i ⇐  a  ra n d o m ly se le c t e d  v a lu e  in  { 1 , |C D |}
ym a x ⇐  so m e  y ∈  C D  th a t  is  t h e  i- th  m o s t  s im ila r  in s ta n c e  to  x

if c la ss (x )  =  c la ss(y m a x)
th e n  c la ss ific a t io n  ⇐  c o r re c t
e lse

c la ss ific a t io n  ⇐  in c o r re c t
C D  ⇐  C D  ∪  { x }

fo r  e a c h  y  ∈  C D  d o
if s im [ y ]  > =  s im (y m a x)
th e n

u p d a te  y’s  c la ss ific a t io n  re c o rd
if y’s  re c o rd  is  s ig n ific a n t ly p o o r
th e n  C D  ⇐  C  -  { y}



Instance Based Learning Algorithms
Domain Of Instance Sets



Deviations Of This Implementation From 
The Original Algorithms

• numerical values vs. digit images
• initial concept description 
• IBL3 classification value



Instance Based Learning Algorithms
Graphical Results

IBL Algorithm #1
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IBL Algorithms #2
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Instance Based Learning Algorithms
Graphical Results (cont.)

IBL Algorithm #3
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Instance Based Learning Algorithms
Graphical Results (cont.)

IBL Algorithm #2
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Instance Based Learning Algorithms
Graphical Results (cont.)

IBL Algorithm #1
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IBL Algorithm #2
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Instance Based Learning Algorithms
Graphical Results (cont.)

IBL Algorithm #3
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Conclusion

• memorizing something vs. generalization of it

• perform even worse than neural networks 

• may be used as the last chance

• domain of expertise must be suitable to memorize


