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1. Concept Learning 
 
1.1. Definitions 

• Concept: A boolean-valued function over a set of input 
instances (each comprising input attributes). 

• Hypothesis Space (𝐻): Each hypothesis ℎ ∈ 𝐻 (ℎ: 𝑋 →
{0,1}) is represented by a conjunction of constraints on 
input attributes.  

o Each constraint can be a specific value, 
don’t care (?), or no value allowed (∅). 

o An input instance 𝑥 ∈ 𝑋 satisfies a 
hypothesis ℎ ∈ 𝐻 if and only if ℎ(𝑥) = 1. In 
other words, ℎ classifies 𝑥 as a +ve example. 

• Concept Learning: Given an unknown target concept 
𝑐: 𝑋 → {0,1} and noise-free training examples 𝐷: +ve 
and -ve examples of the target concept, determine a 
hypothesis ℎ ∈ 𝐻 that is consistent with 𝐷. 

o A hypothesis ℎ is consistent with a set of 
training examples 𝐷 if and only if ℎ(𝑥) = 𝑐(𝑥) 
for all 〈𝑥, 𝑐(𝑥)〉 ∈ 𝐷. 

o ℎ is consistent with 𝐷 if and only if every +ve 
training instance satisfies ℎ and every -ve 
training instance does not satisfy ℎ. 

• Inductive Learning Assumption: Any hypothesis found 
to approximate the targe function well over a 
sufficiently large set of training examples will also 
approximate the target function well over other 
unobserved examples. 

• Version Space (𝑉𝑆!,#): The version space (𝑉𝑆!,#) w.r.t. 
hypothesis space 𝐻 and training examples 𝐷, is the 
subset of hypotheses from 𝐻 consistent with 𝐷: 

𝑉𝑆!,# = {ℎ ∈ 𝐻	|	ℎ	is	consistent	with	𝐷} 
o If 𝑐 ∈ 𝐻, then a large enough 𝐷 can reduce 

𝑉𝑆!,# to {𝑐}. 
o If 𝐷 is insufficient, then 𝑉𝑆!,# represents the 

uncertainty of what the target concept is. 
o The general boundary 𝐺 of 𝑉𝑆!,# is the set of 

maximally general members of 𝐻 consistent 
with 𝐷. 

o The specific boundary 𝑆 of 𝑉𝑆!,# is the set of 
maximally specific members of 𝐻 consistent 
with 𝐷. 

o Version Space Representation Theorem 
(VSRT): 

																																					𝑉𝑆!,# = {ℎ ∈ 𝐻	|	∃𝑠 ∈ 𝑆	∃𝑔 ∈ 𝐺, 𝑔 ≥$ ℎ ≥$ 𝑠} 
o An input instance 𝑥 satisfies every 

hypothesis in 𝑉𝑆!,# if and only if 𝑥 satisfies 
every member of 𝑆. 

o An input instance 𝑥 satisfies none of the 
hypotheses in 𝑉𝑆!,# if and only if 𝑥 satisfies 
none of the members of 𝐺. 

 
1.2. Properties of Hypotheses 

• ℎ% is more general than or equal to ℎ& (ℎ% ≥$ ℎ&) if and 
only if any input instance 𝑥 that satisfies ℎ& also 
satisfies ℎ%: 

∀𝑥 ∈ 𝑋, (ℎ&(𝑥) = 1) → (ℎ%(𝑥) = 1) 
o ≥$ relation defines a partial order (reflexive, 

antisymmetric and transitive). 
o ℎ% is more general than ℎ& if and only if 

ℎ% ≥$ ℎ& and ℎ& ≱$ ℎ%. 
o ℎ% is more specific than ℎ& if and only if ℎ& is 

more general than ℎ%. 
• Two hypotheses are syntactically distinct if any one of 

their attributes (specific values, ?, ∅) are different. 
• Two hypotheses are semantically distinct if any one of 

their attributes (specific values, ?) are different. 
Specially, all hypotheses containing ∅ are semantically 
identical. 

 
1.3. Find-S Algorithm 
 

1. Initialise ℎ to most specific hypothesis in 𝐻 
2. For each positive training instance 𝑥: 
        For each attribute constraint 𝑎' in ℎ: 
            If 𝑥 satisfies 𝑎' in ℎ: 
                Do nothing 
            Else: 
                Replace 𝑎' by the next more general constraint that                              
d              is satisfied by 𝑥 
3. Output hypothesis ℎ 

 
• General idea: Start with most specific hypothesis. 

Whenever it wrongly classifies a +ve training example 
as -ve, minimally generalize it to satisfy the input 
instance. 

• Correctness: Suppose that 𝑐 ∈ 𝐻. Then, ℎ( is 
consistent with 𝐷 = {〈𝑥&, 𝑐(𝑥&)〉}&)*,+,…,(. 

• Limitations: 
o Cannot tell whether Find-S has learnt target 

concept. 
o Cannot tell when training examples are 

inconsistent (contain error or noise). 
o Picks a maximally specific ℎ. 
o Depending on 𝐻, there might be many 

maximally specific ℎ. 
 
1.4. List-Then-Eliminate Algorithm 
 

1. 𝑉𝑒𝑟𝑠𝑖𝑜𝑛𝑆𝑝𝑎𝑐𝑒 ← a list containing every hypothesis in 𝐻 
2. For each training example 〈𝑥, 𝑐(𝑥)〉: 

        Remove from 𝑉𝑒𝑟𝑠𝑖𝑜𝑛𝑆𝑝𝑎𝑐𝑒 any hypothesis ℎ for which 
aaaaℎ(𝑥) ≠ 𝑐(𝑥) 
3. Output the list of hypotheses in 𝑉𝑒𝑟𝑠𝑖𝑜𝑛𝑆𝑝𝑎𝑐𝑒 

 
• General idea: Start with all hypotheses in 𝐻. Then 

eliminate any hypothesis found inconsistent with any 
training example. 

• Limitations: 
o Prohibitively expensive to exhaustively 

enumerate all hypotheses in finite 𝐻. 
 
1.5. Candidate-Elimination Algorithm 
 

1. 𝐺 ← maximally general hypotheses in 𝐻 
2. 𝑆 ← maximally specific hypotheses in 𝐻 
3. For each training example 𝑑: 
        If 𝑑 is a +ve example: 
            Remove from 𝐺 any hypothesis inconsistent with 𝑑 
            For each 𝑠 ∈ 𝑆 not consistent with 𝑑: 
                Remove 𝑠 from 𝑆 
                Add to 𝑆 all minimal generalisations ℎ of 𝑠 such that 
aaaaaaaaaaa ℎ is consistent with 𝑑 and some member of 𝐺 is 
aaaaaaaaaaaamore general than or equal to ℎ 
                Remove from 𝑆 any hypothesis that is more general 
aaaaaaaaaaaathan another hypothesis in 𝑆 
        If 𝑑 is a -ve example: 
            Remove from 𝑆 any hypothesis inconsistent with 𝑑 
            For each 𝑔 ∈ 𝐺 not consistent with 𝑑: 
                Remove 𝑔 from 𝐺 
                Add to 𝐺 all minimal specialisations ℎ of 𝑔 such that 
aaaaaaaaaaaaℎ is consistent with 𝑑 and some member of 𝑆 is 
aaaaaaaaaaaamore specific than or equal to ℎ 
                Remove from 𝐺 any hypothesis that is more 
aaaaaaaaaaaaspecific than another hypothesis in 𝐺 

 
• Limitations: 

o 𝑆 and 𝐺 may reduce to ∅ with error/noise in 
training data. 

o 𝑆 and 𝐺 may reduce to ∅ with insufficiently 
expressive hypothesis representation 
(biased hypothesis space where 𝑐 ∉ 𝐻). 

• Active learner should query input instance that 
satisfies exactly half of hypotheses in version space, 
so that version space reduces by half with each 
training example and requires at least Ulog+X𝑉𝑆!,#XY 
examples to find target concept 𝑐. 

• Inductive Bias: 𝐵 = {𝑐 ∈ 𝐻} 
 
 
2. Decision Tree 
 
2.1. Decision Tree Algorithm 
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• Number of distinct binary decision trees with 𝑚 
Boolean attributes: 2+! 

function 𝐿𝐸𝐴𝑅𝑁(𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠, 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠, 𝑝𝑎𝑟𝑒𝑛𝑡_𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠): 
if 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠 is empty then return 

𝑃𝐿𝑈𝑅𝐴𝐿𝐼𝑇𝑌_𝑉𝐴𝐿𝑈𝐸(𝑝𝑎𝑟𝑒𝑛𝑡_𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠) 
else if all 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠 have the same classification then 

return the classification 
else if 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠 is empty then return 

𝑃𝐿𝑈𝑅𝐴𝐿𝐼𝑇𝑌_𝑉𝐴𝐿𝑈𝐸(𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠) 
else: 
    𝐴 ← 𝑎𝑟𝑔𝑚𝑎𝑥-∈-//0'12/34Imporance(𝑎, 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠) 
    𝑡𝑟𝑒𝑒 ← a new decision tree with root test 𝐴 
    for each value 𝑣& of 𝐴 do: 
        𝑒𝑥𝑠 ← {𝑒: 𝑒 ∈ 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠	and	𝑒. 𝐴 = 𝑣&} 
        𝑠𝑢𝑏𝑡𝑟𝑒𝑒 ← Learn(𝑒𝑥𝑠, 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠 − 𝐴, 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠) 
        add a branch to 𝑡𝑟𝑒𝑒 with label (𝐴 = 𝑣&) and subtree 

𝑠𝑢𝑏𝑡𝑟𝑒𝑒 
    return 𝑡𝑟𝑒𝑒 

 
2.2. Entropy and Information Gain 

• Entropy: Entropy measures uncertainty of 𝑐 ∈
{𝑐*, … , 𝑐&}: 

𝐻(𝑐) = 𝐸(log+ 𝑃(𝑐')) = −w𝑃(𝑐') log+ 𝑃(𝑐')
&

')*

 

o Entropy of Boolean function that is true with 
probability 𝑞: 

𝐵(𝑞) = −𝑞 log+ 𝑞 − (1 − 𝑞) log+(1 − 𝑞) 
o Entropy of target concept 𝑐 with a training 

set containing 𝑝 +ve examples and 𝑛 -ve 
examples: 

𝐻(𝑐) = 𝐵 y
𝑝

𝑝 + 𝑛{ = −
𝑝

𝑝 + 𝑛 log+
𝑝

𝑝 + 𝑛
−

𝑛
𝑝 + 𝑛 log+

𝑛
𝑝 + 𝑛 

For example,  
if 𝑝 = 𝑛 ≠ 0, 𝐻(𝑐) = 1 (maximum uncertainty) 
if 𝑝 = 0, 𝑛 ≠ 0, 𝐻(𝑐) = 0 (no uncertainty) 

 
• Information Gain: Expected reduction in entropy from 

the attribute test on 𝐴: 
𝐺𝑎𝑖𝑛(𝑐, 𝐴) = 𝐵 y

𝑝
𝑝 + 𝑛{ − 𝐻(𝑐|𝐴) 

o Expected remaining entropy after testing 𝐴: 

𝐻(𝑐|𝐴) = 𝐸 |𝐵 y
𝑝'

𝑝' + 𝑛'
{} =w

𝑝' + 𝑛'
𝑝 + 𝑛 𝐵 y

𝑝'
𝑝' + 𝑛'

{
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o Continuous-valued attributes: Partition into a 
discrete set of intervals. 

o Attributes with many values: Use 𝐺𝑎𝑖𝑛𝑅𝑎𝑡𝑖𝑜: 

𝐺𝑎𝑖𝑛𝑅𝑎𝑡𝑖𝑜(𝐶, 𝐴) =
𝐺𝑎𝑖𝑛(𝐶, 𝐴)

𝑆𝑝𝑙𝑖𝑡𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛(𝐶, 𝐴) 

𝑆𝑝𝑙𝑖𝑡𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛(𝐶, 𝐴) = −w
|𝐸'|
|𝐸| log+

|𝐸'|
|𝐸|

5

')*

 

where 𝐸' is the subsets of 𝐸 divided by 𝐴. 
o Attributes with differing costs: Use 

𝐺𝑎𝑖𝑛+(𝐶, 𝐴)
𝐶𝑜𝑠𝑡(𝐴)  

26-'((8,9) − 1
(𝐶𝑜𝑠𝑡(𝐴) + 1); 

where 𝑤 ∈ [0,1] denotes importance of cost. 
o Attributes with missing values: 

§ Assign most common value 
§ Assign most common value with 

same value of target concept 
§ Assign probability 𝑝' to each 

possible values 
• Inductive Bias of Decision Tree Learning: 

(a) Shorter trees are preferred. 
(b) Trees that place high information gain attributes 
close to the root are preferred. 

o Occam’s Razor: Prefer shortest/simplest 
hypothesis that fits the data. 

§ Short hypothesis unlikely to be 
coincidence 

§ Many ways to define small set of 
hypotheses 

§ Can be obtained using different 
hypothesis representations 

 
2.4. Overfitting 

• Hypothesis ℎ ∈ 𝐻 overfits the set 𝐷 of training 
examples if and only if 

∃ℎ< ∈ 𝐻\{ℎ}	s. t.	 
(𝑒𝑟𝑟𝑜𝑟#(ℎ) < 𝑒𝑟𝑟𝑜𝑟#(ℎ<)) ∧ (𝑒𝑟𝑟𝑜𝑟#"(ℎ) > 𝑒𝑟𝑟𝑜𝑟#"(ℎ

<)) 
where 𝑒𝑟𝑟𝑜𝑟#(ℎ) and 𝑒𝑟𝑟𝑜𝑟#"(ℎ) denotes errors of ℎ 
over 𝐷 and set 𝐷= of examples corresponding to 
instance space 𝑋. 

• How to select best decision tree? 
o Measure performance over training data. 
o Measure performance over a separate 

validation data set. 
o Minimise 

𝑠𝑖𝑧𝑒(𝑡𝑟𝑒𝑒)	&	𝑠𝑖𝑧𝑒(𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠(𝑡𝑟𝑒𝑒)) 
• Avoiding overfitting: 

o Stop growing decision tree when expanding 
a node is not statistically significant. 

o Allow decision tree to grow and overfit the 
data, then post-prune it. 

• Pruning: 
o Reduced-Error Pruning 

 
Partition data into training and validation 
sets 
Do until further pruning is harmful: 
1. Evaluate impact on validation set of 
pruning each possible node 

2. Greedily remove the one that most 
improves validation set accuracy 

 
o Rule Post-Pruning 

 
1. Convert learning decision tree to an 
equivalent set of rules 
2. Prune each rule by removing any 
precondition that improves its estimated 
accuracy 
3. Sort pruned rules by estimated 
accuracy into desired sequence for use 
when classifying unobserved input 
instances 

 
 
3. Neural Network 
 
3.1. Perceptron Training Rule 

• Perceptron Unit: 
𝑜(𝑥*, … , 𝑥() = { 1−1

, if	𝑤> + 𝑤*𝑥* +⋯+ 𝑤(𝑥( > 0
, otherwise																																					 

𝑤> + 𝑤*𝑥* +⋯+ 𝑤(𝑥( can also be written as 𝒘 ⋅ 𝒙. 
• Perception Training Rule: Initialise 𝒘 randomly, apply 

perception training rule to every training example, and 
iterate through all training examples till 𝒘 is consistent: 

𝑤' ← 𝑤' + Δ𝑤' , Δ𝑤' = 𝜂(𝑡 − 𝑜)𝑥' 
for 𝑖 = 0,1,2, … , 𝑛 where 

o 𝑡 = 𝑐(𝒙) is the target output; 
o 𝑜 = 𝑜(𝒙) is the perceptron output; 
o 𝜂 is some small +ve constant called learning 

rate. 
It is guaranteed to converge if training examples are 
linearly separable and 𝜂 is sufficiently small. 
 

3.2. Linear Unit Training Rule with Gradient Descent 
• Loss function: 𝐿#(𝒘) =

*
+
∑ (𝑡5 − 𝑜5)+5∈#  

• Training rule: Initialise 𝒘 randomly, and then 
repeatedly updating it in the direction of steepest 
descent: 

𝒘 ← 𝒘 + 𝚫𝒘,			𝚫𝒘 = −𝜂∇𝐿#(𝒘) 
o Gradient: ∇𝐿#(𝒘) = �?@#

?;$
, ?@#
?;%

, … , ?@#
?;&

� 
 

1. Initialise each 𝑤' to some small random value 
2. Until termination condition is met, do: 

2.1. Initialise each Δ𝑤' to zero 
2.2. For each 𝑑 ∈ 𝐷, do: 
    2.2.1. Input instance 𝒙5 to linear unit and compute 𝑜 
    2.2.2. For each linear unit weright 𝑤', do 

Δ𝑤' ← Δ𝑤' + 𝜂(𝑡 − 𝑜)𝑥'5 
2.3. For each linear unit weight 𝑤', do 

𝑤' ← 𝑤' + Δ𝑤' 
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