A framework for learning








· Learning – System improves its performance at a given task without being reprogrammed.

· Connectionist systems aim to model the brain, symbolic AI systems aim to model the mind.

A taxonomy for learning
Concepts:

·                   Description (or rule) language

Represent input examples              represent rules

· training set of examples.
· Test set of examples
Perspectives under which Machine learning can be viewed.

· Optimization

· Concept formation (conceptual clustering)

· Pattern recognition.

· Scientific discovery.

· Generate + test.

Classification

Domain: general purpose  Vs  Specific


Does system apply to a variety of application areas or is it specialized to one field?

General  -- ID3

Specific – Dextral

· Induction method: 
1. Incremental  Vs  one-shot learning


UNINEM
       CN2 

Does system maintain a best so far set of rules which is amended as new examples arrive or it looks at whole training set before forming rules?

2. Subsumption – based Vs non-hierarchic

LEX 


    Genetic Algorithms

3. Deterministic Vs non-deterministic


 BACON. 4 

BEAGLE


Does system always give same results for some data or is there a random element in its rule generation?

· Critic

1. Logical evaluation  Vs  quantitative evaluation.


Perception

EURISKO

Does system classify trials only as success or failure, or does it measure the distance from the correct answer according to a metric?

· Representation
1. Unary features  Vs structural predicates
Assistant

Winston’s program

2. Humanly intelligible  Vs  black box.


    Induce

Boltzmann machine

3. Fixed  Vs  extensible language


  AQ11

  CYRANO

Can system extend its vocabulary by defining new concepts and functions?

Machine Learning



Direct Instruction
Induction
Analogical Learning 
 Explanation Based 

(Knowledge






Learning 

Acquisition 

Bottleneck)


Inductive Learning


Decision or
      Evolutionary  
Connectionist Approach 
 Conceptual Classification
      Approach

   (neural nets)

              Clustering 

Trees                 (BEAGLE – Forsyth)


(CLUSTER/2 -

(ID3- Quinlan)






Michalski) 




TEMPERATURE
SPOTS
AGE 

DIAGNOSIS

Yes
yes

7

measles

No
yes

1

not measles

Yes
yes

8

measles

Yes
no

2

not measles

No
no

21

not measles

No
yes

38

not measles

Yes
no

24

not measles

Yes
yes

7

measles

Yes
yes

8

measles

Yes
yes

4

measles

Rule set 1: If spots and temperature THEN measles ELSE not measles.


Or

Rule set 2: IF 3< AGE < = 9 THEN measles ELSE not measles.

Quality of output rue set depends on quality of input and which attributes are selected to represent it.

Example:
Subject 

Result

A
B
C
D

30
65
79
50
Refer

40
32
62
50
Refer

65
70
66
86
Distinction

30
32
30
50
Fail

40
42
56
60
Pass

50
60
77
74
Pass

25
32
30
50
Fail

72
64
75
75
Distinction

38
40
45
42
Pass

Inductive system can give:

Rule set: IF A > 58 THEN Distinction


   IF (A <= 58 and C <= 37) THEN Fail


   IF (A <= 58) and (C > 37) and ( 46 < D <= 55) THEN Refer ELSE Pass.

Actual examination rules:

Pass subject grade is 40;

A marginal Fail is a mark > 34 but < 40;

Distinction if all subjects passed with average > = 70.

Pass awarded if all subjects passed; or if ( at most 2 marginal Fails.

Referral allowed if ( at most 2 fails;

Fails if ( more than 2 failures.

If use following data representation, we get closer to actual rules using induction.

NUMBER OF PASSES
NUMBER OF MARGINAL FAILS
AVERAGE MARK
RESULT

3
0
56
Refer

3
0
46
Refer

.
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.
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.
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INDUCTIVE SYSTEMS


ID3 (quinlan, 1983) 


Generate rules using

PLA (Probabilistic 

Uses information theory 

evolutionary approach

learning algorithm)

(Shannon, 1948)


BEAGLE(Forsyth, 1981)
Reduct-PLA (Ziarko-

Commercial : Expert- Ease

AQ11 (Michalski, 1978)
wong, 1987) Produce



Extran 7

[top- down ; from general
forest of decision 



Super Expert

to specific ]


trees with certainty 






INDUCE (Michalski, 1981) 
factors.






[from specific to general 

rules]

CONCEPTUAL CLUSTERING



ATTRIBUTE

DOMAIN



Color


{blue, green, red}


Size


{large, medium, small}


Shape


{sphere, block, wedge}

CONCEPT  (  set of attribute – value set of pairs.

An object is a concept where the value set of each attribute is a singleton.

Example:  { (Color, {blue, red}), (size, {large}), (shape, {sphere,block})}


     { (Color, {blue}), (size, {large}), (shape, {sphere})) object

Definitions:

1. Concept Ci is more general than concept Cj iff all variable value sets of Cj are proper subsets of the value sets of Ci.
2. Concept Ci is a maximally specific concept of an object set, iff Ci is a generalization of the object set, and there is no other generalization of object set less general than Ci.

3. A concept C is a discriminant  concept of an object set ) with respect to another object set Q iff all objects of O are members of C and no member of Q is a member of C.

4. Concept C is maximally general discriminant concept of an object set O with respect to set Q iff C is discriminant concept of O with respect to Q and there does not ( discriminent concept of O with respect to Q which is more general than C.

Consider Object set:

{[color, {blue}], [size,{large}], [shape, {sphere}]}

{[color, {blue}], [size,{medium}], [shape, {sphere}]}

{[color, {blue}], [size,{small}], [shape, {block}]}

Generalizations:

{[color, {blue}], [size,{large, medium, small}], [shape, {sphere, block}]}

or

{[color, {blue}], [size,{large, medium, small}], [shape, {sphere, block, wedge}]}

i.e. {[color, {blue}], [shape, {sphere, block}]} (Maximally specific concept)

or

{[color, {blue}]}

“more general than” is a partial order on concepts.

Examples:

Object Class 1

{[color, {blue}], [size,{large }], [shape, {sphere }]}

Object class 2

{[color, {red}], [size,{large }], [shape, {block }]}

{[color, {red}], [size,{large }], [shape, {wedge}]}

maximally general discriminant objects: of class 1 with respect to 2;

{ [color, {blue, green}]}

or

{[shape, {sphere}]}

maximally general discriminant objects of class 2 with respect to class 1:

{[color, {red, green}]}

or

{[shape, {block, wedge}]}

CLUSTER / 2
Given object set, user supplied K constructs an optimal K- partition over the object set. 

1. Construct a # of initial clusterings, each with K clusters. Clustering may posses overlapping clusters.

2. Make each initial clustering disjoint and identify concepts for each clustering.

3. Evaluate quality of each clustering, select a “best” initial clustering.

4. Continue the search for an optimal clustering by “modifying” the best initial clustering.

Object set

Select K seeds objects at random 





(cluster centers)

Seed1
seed2




seed K



  D11,D12,……,D1n1 D21,D22,….,D2n2   …………




C11,C12,…..     ,C1n1 C21,C22,… ..C2n2
Results: # of possible clusterings of form:

                C1i1,C1i2,…..     ,Ckik
But clusterings may possess overlapping clusters, with respect to non-seed objects, which have to be made disjoint.
· Make a clustering disjoint:

· Remove objects in more than one cluster, place them in “exceptions list”. Derive maximally specific concepts for the now disjoint clusters.

· Add objects in exception list back into clustering one at a time b by:

Create K different versions of clustering and incorporate the exceptional object into a different cluster (of which ( K in number) of each version.

      Each K versions, pick “best” clustering.

· Repeat ( competing clustering.

· When done a # of competing partitions have been generated. Evaluate these partitions, select “best”.

· Select one seed object from each cluster of “best” partition and repeat above steps to these seeds for a user defined # of iterations.

· To measure clustering quality.

· Fit = ratio of # of observed objects in clustering over # of all theoretically possible objects.
· Simplicity = total # of variables used in each component.
· Disjointness = (between two concepts) = is a function of # of variables in the 2 concepts whose values do not intersect.  The inter- cluster difference of set of concepts is the sum of disjointness of all pairs of concepts in set.
User chooses minimal value for each criterion and their rank in importance.

Example:



Variables 

Domains


Body Covering

hair, feathers, cornfied skin, moist skin.

Heat Chambers

4, imperfect 4, 3

Body Temp. 

regulated, unregulated

Fertilization

internal, external.

Object Set:





            Body Cov.     Heart ch.      Body Temp.     Fertilization

Objects     mammal
hair

4

regul.

internal



Bird

feathers
4

regul.

Internal



Reptile

corn. Skin
imp.4

unregul.
Internal



Amphibian-1
moist skin
3

unregul.
Internal



Amphibian-2
moist skin
3

unregul.
External

Construct optimal 2- partition in one iteration

Inter-cluster difference used to evaluate clustering quality.

· Pick seeds: mammal, reptile


Body Cov.
Heart

Body

Fertilization


Seed 1 

{ hair}

{4}

{reg}

{internal}


Seed 2 

{corn. skin}
{imp.4}
{unreg}
{internal}

· Derive maximally- general discriminant concepts ( seed to discriminate “mammal” “reptile”

Seed 1 concepts



Seed 2 concepts

{[Body Cover, {hair, feathers, moist skin}]}
{[Body Cover, {corn.skin, feathers, moist skin}]}


{[Heart chambers, {4, 3}]}


{[Heart Chambers, { imp.4, 3}]}

{[Body Temp., {reg}]}


{[Body Temp., {unreg.}]}

( 9 ways to combine these maximum general discriminant concepts, to get 9 clusterings.

CLUSTER / 2 tries to make each clustering disjoint.

For example: consider the clustering implied by pairing:

{[Heart chambers, {4,3}]}  
and 
{[Heart Chambers, {imp.4, 3}]}




     contains




contains

{mammal, bird, amphibian-1, amphibian – 2}
{reptile, amphibian–1, amphibian–2}

· Remove amphibian – 2, 1 and place on exceptions list.

· Derive max. specific concepts for disjoint clusters.


Cluster 1 {mammal, bird}



Cluster 2 {reptile }

{[Body Cover,  {hair, feathers}]},

{[Body Cover,  {corn. skin}]},

[Heart cham., {4} ],



[Heart chambers, {imp.4 }],

[Body Temp., {regulated }],


[Body Temp., {unregul.}],

[Fertilization, {internal}]}


[Fertilization, {internal}]}


add amphibian 1 back to cluster 1 and generate a maximally specific concept for new cluster (cluster 2 unchanged)





or

add amphibian 1 to cluster 2 (Cluster 1 not changed) after adding amphibian 1


to first cluster: Clustering A


   
 to second cluster : Clustering B

{[Body Cover,  {hair, feathers, moist skin}]},
{[Body Cover,  {hair, feathers}]},

[Heart cham., {4,3} ],


  

[Heart chambers, {4 }],

[Body Temp., {regulated, unregul. }],

[Body Temp., {regul.}],

[Fertilization, {internal}]}


            [Fertilization, {internal}]}

{[Body Cover,  {corn. Skin}]},
{[Body Cover,  {corn. Skin, moist skin}]},

[Heart ch., {imp. 4}],




[Heart ch., {imp. 4,3}],

[Body Temp., {unregulated }],


[Body Temp., {unregul.}],

[Fertilization, {internal}]}


            [Fertilization, {internal}]}

· Evaluate clusters.

If simplicity = criterion => clustering A best (Body temp. drops)

If inter-cluster difference = criterion => clustering B best.

· Remove amphibian – 2 from exceptions list, add to clustering B, repeat as for amphibian – 1 to give clustering.

{Mammal, bird, reptile, amphibian – 1, amphibian – 2}


{[Body Cover,  {hair, feathers}]},

{[Body Cover,  {corn. Skin, moist skin}]},

[Heart cham., {4} ],



[Heart chambers, {imp.4, 3 }],

[Body Temp., {regulated }],


[Body Temp., {unregul.}],

[Fertilization, {internal}]}


[Fertilization, {internal, external}]}


{mammal, bird}



{reptile, amphibian –1, amphibian –2}

BACON

Heuristics for discovering laws:

1. If value of a term T is C in all objects there infer the law: T s always C.

2. If two terms Y and X are linearly related, then X=aY+b.

Heuristics for forming new terms:

1. If term X rises whenever Y rises THEN define the term X/Y

2. IF X rises whenever Y falls THEN define the term X * Y.

Example:







D =>P   D => D/P

D/P => D2/P






So
 So,


So consider

Planet 
  Distance(D)
Period (P)
D/P
D*D/P = D2/P

D/P* D2/P= D3/P2
Mercury
0.387
2.889

0.134

0.0518


0.0069

Venus

0.724
7.39246
0.0979

0.0709


0.0069

Earth

1.0
12.0

0.0833

0.0833


0.0069

  .

..
..

..

..


..

  .

..
..

..

..


..

  .

..
..

..

..


..

Kepler’s law: D3 = P2 * 0.0069

Learning Automaton





· Through probabilistic trial – and – error response process they learn to choose or adapt to a behavior which produces best response.

· Example: LA used to learn best temperature control setting for your office.

50
55
60
65
70
75
80
85
90
95
100



     1/10     1/10






      1/10

Initial 

Derive maximally general discriminant concepts for each seed class with respect to all other seed classes.





Concepts Dli imply object classes Cli
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Critic
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