
COMP3608 ï Introduction to Artificial Intelligence  (Advanced)  Edmund Tse 2008 

 

 

Page 1 of 32  
 

Introduction to Artificial Intelligence  

Table of Contents  
General ................................................................................................................................................................................... 3 

Introduction ............................................................................................................................................................................ 3 

What is AI? .......................................................................................................................................................................... 3 

A brief history ..................................................................................................................................................................... 4 

Intelligent Agents .................................................................................................................................................................... 4 

Agents ................................................................................................................................................................................. 4 

Intelligent (rational) agents (IA) .......................................................................................................................................... 4 

Environments ...................................................................................................................................................................... 4 

Agent types ......................................................................................................................................................................... 5 

Problem Solving and Search ................................................................................................................................................... 5 

Problem solving and search ................................................................................................................................................ 5 

Search strategies ................................................................................................................................................................. 5 

Uninformed (blind) search strategies ................................................................................................................................. 6 

Informed (Heuristic Search) ................................................................................................................................................ 6 

Best-first search .............................................................................................................................................................. 7 

Admissible heuristics ...................................................................................................................................................... 7 

Local search algorithms .................................................................................................................................................. 8 

Game Playing ........................................................................................................................................................................ 10 

Games ............................................................................................................................................................................... 10 

Minimax ............................................................................................................................................................................ 10 

Alpha-Beta Pruning ........................................................................................................................................................... 11 

Games of Imperfect Information ...................................................................................................................................... 11 

Games of Chance .............................................................................................................................................................. 11 

Machine Learning ................................................................................................................................................................. 12 

Introduction to machine learning ..................................................................................................................................... 12 

K-nearest neighbour ......................................................................................................................................................... 13 

Inferring rudimentary rules (1R algorithm) ...................................................................................................................... 14 

Evaluating and comparing classifiers ................................................................................................................................ 14 

Statistical based learning (Naïve Bayes) ........................................................................................................................... 16 

Decision Trees ................................................................................................................................................................... 17 

Neural Networks (NN) .......................................................................................................................................................... 21 

Introduction to neural networks ...................................................................................................................................... 21 

Perceptrons ....................................................................................................................................................................... 21 

tŜǊŎŜǇǘǊƻƴΩǎ ƴŜǳǊƻƴ model .......................................................................................................................................... 21 

LƴǾŜǎǘƛƎŀǘƛƻƴ ƻŦ ǇŜǊŎŜǇǘǊƻƴΩǎ ōƻǳƴŘŀǊƛŜǎ .................................................................................................................... 21 

tŜǊŎŜǇǘǊƻƴΩǎ ƭŜŀǊƴƛƴƎ ǊǳƭŜ ............................................................................................................................................ 22 

Capabilities and limitations ........................................................................................................................................... 22 

Backpropagation Algorithm .................................................................................................................................................. 23 

Backpropagation ............................................................................................................................................................... 23 

Backpropagation algorithm .............................................................................................................................................. 24 

Heuristic modification of backpropagations..................................................................................................................... 25 



COMP3608 ï Introduction to Artificial Intelligence  (Advanced)  Edmund Tse 2008 

 

 

Page 2 of 32  
 

Limitations and capabilities .............................................................................................................................................. 25 

Support Vector Machines ..................................................................................................................................................... 26 

Maximum margin hyperplane .......................................................................................................................................... 26 

Soft margin........................................................................................................................................................................ 27 

Nonlinear SVM .................................................................................................................................................................. 27 

Ensembles of Classifiers ........................................................................................................................................................ 28 

Manipulating training data ς Bagging and Boosting ......................................................................................................... 28 

Manipulating the attributes.............................................................................................................................................. 29 

Manipulating the learning algorithm ................................................................................................................................ 29 

Stacking ............................................................................................................................................................................. 29 

Clustering .............................................................................................................................................................................. 29 

Partitional clustering ......................................................................................................................................................... 30 

Hierarchical clustering ...................................................................................................................................................... 31 

 



COMP3608 ï Introduction to Artificial Intelligence  (Advanced)  Edmund Tse 2008 

 

 

Page 3 of 32  
 

General 
¶ Lecturer 

o Irena Koprinska 

o SIT 450 

o irena@it.usyd.edu.au 

o Consultation time: Tuesdays 1200h-1300h 

¶ Assessment 

o 9% Weekly homework exercises (can be done in pairs, 3 weeks of 3 marks each chosen at random) 

o 31% Assignments (due on Friday 5pm) 

Á 16% Assignment 1 (Week 3 ς Week 6) 

Á 15% Assignment 2 (Week 8 ς Week 11) 

o 60% Final Exam 

Introduction  

What is AI? 
¶ Thinking or acting rationally or like humans 

¶ The Turing test ς for intelligence 

o Alan Turing (1950) 

o Alternative to long and controversial list of qualifications for intelligence 

o Pass if the human cannot tell the difference between computer and human written responses. 

o Requires capabilities: 

Á Natural language processing (NLP) ς to communicate in English 

Á Knowledge representation ς store what it knows 

Á Automated reasoning ς draw conclusions 

Á Machine learning ς find patterns and adapt to situations 

¶ Total Turing test 

o Pass objects in addition to textual input 

o Requires capabilities: 

Á Computer vision 

Á Robotics 

¶ Cognitive Science 

o Study of how humans think 

o ²ƛǘƘ ŀ ǘƘŜƻǊȅΣ ǿŜ Ŏŀƴ ǿǊƛǘŜ ŀ άǘƘƛƴƪƛƴƎέ ǇǊƻƎǊŀƳ 

o Goal: to use logic to build intelligent systems 

Á Take a description of problem in logic notation 

Á Find solution (if exists) using correct inference 

o Problems: 

Á Difficult to represent informal (even uncertain) knowledge in formal notation 

Á Limited time and memory 

¶ Rationality ς doing the right thing 

o Maximise goal achievement 

o Too high computational demand 

¶ Strong and Weak AI (Philosophy) 
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o Weak AI simulates intelligence 

o Strong AI has real conscience 

A brief history  
¶ 1940-50: McCulloch, Pitt ς artificial neurons 

 
¶ 1957: Newell, Simon ς General Problem Solver 

o Proves theorems, geometric problems, play chess 

¶ 1958: McCarthy ς Lisp 

¶ 1967: Evans ς Analogy program to solve geometric IQ problems 

¶ 1970s: Expert systems 

Intelligent Agents  

Agents 

¶ Agent ς perceives environment through sensors and acts upon it through actuators. 

¶ Perception ς signal from environment 

¶ Percept sequence ς what the agent perceived so far 

¶ = Architecture + Program 

¶ Architecture 

o General computer or specialised hardware 

o Runs the program 

o Facilitates: sensors Ą program; and program actions Ą effectors 

¶ Program: maps percepts to actions and internal state update 

¶ Simplest agents ς a lookup table 

o Built-in table contains all possible percept sequences 

o Reads actions directly from lookup table 

o Problem: data set is too large to store 

Intelligent (rational) agents (IA)  
¶ Rational ς achieve goals given beliefs 

¶ Selects an action that maximises their performance measure based on the evidence provided by their percept 

sequence and built-in knowledge. 

¶ 4 Components of IA design (PEAS) 

o Performance measure 

o Environment 

o Actuators and Sensors 

Environments  
¶ Environment determines the complexity and interface of the agent 
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¶ Fully/Partially observable (accessible) 

¶ Deterministic / Stochastic (random) 

¶ Episodic / Sequential 

¶ Static / Semi-Dynamic (performance score changes with time) / Dynamic (changes while agent operates) 

¶ Discrete / Continuous ς states, percepts and actions 

Agent types 
¶ Simple reflex agents ς applies a condition-action rule 

o Does not keep track of the world 

¶ Reflex agents with state 

o Knows how the world evolves, and how its actions affect the world 

¶ Goal-based agents 

o Able to reason over goals and states 

¶ Utility-based agents 

o Utility function ς maps a state to a real number 

o Used to decide trade-off between conflicting goals 

¶ All of above can be turned into learning agents 

o Learning element ς improvement in performance 

o Critic ς ƎƛǾŜǎ ŦŜŜŘōŀŎƪ ƻƴ ŀƎŜƴǘΩǎ ǇŜǊŦƻǊƳŀƴŎŜ based on fixed standard 

o Performance element ς agent program 

o Problem generator ς suggests actions that will lead to new and informative experience 

Problem Solving and Search  

Problem solving and search  
¶ Problem solving tasks can often be formulated as a search 

o Goal: to get from initial condition to a goal state through partial solution states 

o Operators: transitions 

o Costs: quality of transition 

o Solution: a path from the initial state to a goal state 

o State space: all states reachable from initial state by operators 

¶ Abstraction ς Formulating problems 

o Simplify the problem by removing unnecessary details 

¶ Searching the state space for solutions 

o Search tree (graph) generated by initial state and operators 

o Tree search ς nodes, expanded nodes, fringe nodes 

o Expand first fringe node and place children into fringe 

¶ State vs Nodes 

o State ς representation of physical configuration; has no structure 

o Node ς data structure representing the search tree 

Search strategies 
¶ Strategy ς defines order of node expansion from fringe 

¶ Evaluation criteria 

o Completeness 
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o Optimality 

o Time and space complexity 

Á Branching factor b 

Á Depth of least cost solution d 

Á Maximum depth of state space m όŎŀƴ ōŜ қύ 

Á Uninformed (blind) or informed (heuristic) search 

Uninformed (blind) search strategies  
¶ Breadth first search 

o Expands shallowest unexpanded node 

o Complete 

o Optimal only if uniform path costs 

o Exponential time O(bd) 

o Exponential space O(bd), keeps every node in memory 

¶ Uniform cost search 

o Expands the least-cost unexpanded node 

o Complete 

o Optimal 

o Time: number of nodes with path cost g Җ Ŏƻǎǘ ƻŦ ƻǇǘƛƳŀƭ ǎƻƭǳǘƛƻƴ hόbd) 

o Space: number of nodes with path cost g Җ Ŏƻǎǘ ƻŦ ƻǇǘƛƳŀƭ ǎƻƭǳǘƛƻƴ hόbd) 

¶ Depth first search 

o Expands the deepest unexpanded node 

o Not complete only for infinite-depth spaces 

o Not optimal 

o Exponential time O(bm), m » d 

o Linear space O(bm) 

¶ Depth-limited search 

o DFS with limited depth limit l 

o Complete only in finite spaces 

o Not optimal 

o Time O(bl) 

o Space O(bl) 

¶ Iterative deepening search 

o Steps depth limit from 0 to inifinity with depth-limited search 

o Wasteful overhead in multiple expansion is usually small 

o Preferred method of searching a large space 

o Complete 

o Optimal only if uniform path costs 

o Time O(bd) 

o Space O(bd) 

Informed (Heuristic Search)  
¶ Search strategy ς defined by the order of node expansion 

o Uninformed search selects the order of node expansion systematically 

o Informed search uses problem-specific knowledge to select the order of node expansion 

¶ Incorporating knowledge in informed search 
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o As an evaluation function for each node 

o Expand the most desirable unexpanded node ς άbest-first searchέ 

Best-first search  

¶ Greedy Search (GS) 

o Heuristic h(n) for each node = estimated cost from current node n to a goal; h(goal) = 0 

o Expands the node with the smallest h, minimising cost to a goal. 

o Complete in finite spaces 

o Not optimal 

o Time O(bm), but a good heuristic can improve dramatically 

o Space O(bm) 

¶ A* Search 

o Combines UCS and GS, minimizing cost so far g(n) and estimated cost to goal h(n); 

o Evaluation function f(n) = g(n) + h(n) 

Á f(n) ς estimated total cost of path through n to goal 

Á g(n) ς cost so far to reach n 

Á h(n) ς estimated cost from n to goal 

o Complete, unless there are infinitely many nodes with f Җ f(G) 

o Optimal 

o Exponential time in relative error in h* length of solution 

o Exponential space 

o Searching 

Á Tree-search ς discards repeated nodes 

¶ If heuristic is admissible, then it is complete but not optimal 

¶ If heuristic is consistent, there is no need to reopen closed nodes 

o Enforced monotonicity ς LŦ ǇŀǊŜƴǘΩǎ f Ҕ ŎƘƛƭŘΩǎ f, then sŜǘ ŎƘƛƭŘΩǎ f Ґ ǇŀǊŜƴǘΩǎ f 

o  Does not guarantee optimality since nodes with less f may have been expanded 

Á Graph-search ς expands closed nodes again 

¶ If heuristic is admissible, then it is complete and optimal 

o Repeated states 

Á May be possible to avoid repeated states based on different representation of problem 

o Special cases 

o UCS is A* with h(n) = 0; BFS is UCS with f(n) =depth(n): 

   

Admissible heuristics  

¶ Heuristic is admissible if for every node n, h(nύ Җ h*(n), where h*(n) is the true cost 

¶ Admissible = optimistic; always underestimating the true cost 

¶ Theorem: If h is admissible, then A* search is complete and optimal. Proof: 

o Given G = optimal goal state; G2 = sub-optimal goal state; h is admissible 

o To prove that G2 cannot be selected from the fringe for expansion 
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o Let n be an unexpanded node in the fringe such that n is on the optimal path to G. 

o Compare f(G2) and f(G) 

1. f(G2) = g(G2) + h(G2) = g(G2) since G2 is a goal, h(G2) = 0 

2. f(G) = g(G) + h(G) = g(G)  likewise 

3. g(G2) > g(G)   since G2 is suboptimal 

4. So f(G2) > f(G)   Sub (1), (2) into (3) 

5. f(n) = g(n) + h(n)  by definition 

6. h(nύ Җ h*(n)   since h is admissible 

7. So f(nύ Җ g(n) + h*(n)  (5), (6) 

8. g(n) + h*(n) = g(G)  path cost from start to G via n 

9. f(G) = g(G) + h(G) = g(G)  since G is goal, h(G) = 0 

10. f(nύ Җ g(G) = f(G)  (7), (8), (9) 

11. f(nύ Җ f(G) < f(G2)  (10), (4) 

12. f(n) < f(G2)  hence all n will be expanded before G2 

¶ Dominance 

o Heuristic h2 dominates h1 if for all n, h2(nύ җ h1(n) 

o Dominant heuristics give a better estimate of the true cost to G 

o Dominant heuristics expands fewer nodes using A* search 

¶ Inventing admissible heuristics 

o Derived from exact solution cost of a relaxed version of the problem 

o Relaxed = have fewer restrictions 

o Theorem: the cost of optimal solution to relaxed problem is an admissible heuristic for the original one 

Á Optimal solution in original problem is also a solution to the relaxed problem 

Á So must be at least as expensive as optimal solution in the relaxed solution 

¶ Consistent (Monotonic) heuristic 

o Heuristic h is consistent (monotonic) if for all pairs in the search graph, the triangle inequality is 

satisfied: h(niύ Җ Ŏƻǎǘόni,nj) + h(ni) 

 
o Along any path, our estimate of the remaining cost to the goal cannot decrease by more than arc cost 

o Theorem 1: If h(n) is consistent, then the cost is non-decreasing along any path; f(njύ җ f(ni) 

o Theorem 2: If cost is non-decreasing, then h(n) is consistent. 

o Theorem: If h is admissible and consistent, then A* is optimally efficient among all optimal search 

algorithm 

o Consistent Ą Admissible, but admissible does not imply consistency 

o Consistent Ą first path to any node popped off fringe is optimal 

Local search algorithms  

¶ State optimisation problem instead of path finding problem 
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¶ Hill-climbing 

 
o Tries to reach a local maximum or minimum 

o AKA Iterative improvement algorithm 

o Only keeps a single state in memory 

o Not very clever; can get stuck in local max/min 

o Uses very little memory, finds solutions in large spaces 

o Techniques to escape local optima 

Á Random walk on plateau ς no change in objective function v 

Á Ridges/gullies ς combination of 2 moves in a macro move / look ahead 

¶ Beam search 

o Similar to hill-climbing, but keeps track of k states instead of 1 

o Can use A* with beam search: keeps k best nodes or nodes within ʁ worse than best node 

¶ Simulated annealing 

o Similar to hill-climbing, but selects a random successor 

o Better successors have a higher probability of being chosen 

o Repeat until a predefined number of iterations reached 

¶ Genetic algorithms 

o Each state is called an άƛƴŘƛǾƛŘǳŀƭέ; coded as a string 

o Evaluation function f(nύ ƛǎ ŎŀƭƭŜŘ άŦƛǘƴŜǎǎ ǎŎƻǊŜέ; higher is better 

o Start with k randomly generated individuals, find the optimal state 

o Successors produced by selection, crossover or mutation 

o Always a fixed άǇƻǇǳƭŀǘƛƻƴέ ς number of states. 

o Repeat until an individual is fit enough or reached maximum number of iterations 

o Easy to implement, success depends on encoding 

o Combines uphill tendency with random exploration and information exchange between parallel threads 
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Game Playing 

Games 
¶ More like the real world than toy search problems ς optimality unfeasible, unpredictability 

¶ Easy to represent as search problems, with clear criteria for success 

¶ Characteristics 

o Deterministic or has chance element 

o Perfect or imperfect information 

o Discrete or continuous values in states and operators 

o Zero-sum (adversarial) or non-zero-sum. 

¶ Playing a game 

o 2 player, take turns, no chance element, perfect information, deterministic actions, zero-sum 

o One way: 

Á Consider all legal moves, compute new positions from each move, then evaluate 

Á Make the best move then wait for opponent 

Á Problems: representing the board, generating all legal next moves, evaluating a position 

o Game playing as search 

Á State ς board configuration 

Á Initial state ς board configuration + whose turn 

Á Terminal state ς configuration when game is over 

Á Operators ς legal moves 

Á Utility (payoff/evaluation) function ς numeric value for game outcome (1 win, 0 draw, -1 loss) 

Á Game tree ς represents all possible game scenarios 

o Game playing as normal search 

Á Greedy search ς finds the move leading to the best possible outcome, ignoring the other player 

Minimax  

¶ Perfect play for 2-player, deterministic, perfect information game 

¶ Assumes worst-case scenario ς opponent plays optimally 

¶ Player MAX ς tries to maximise evaluation function 

¶ Player MIN ς tries to minimise evaluation function 

¶ Algorithm 

o Generate game tree 

Á {ǘŀǊǘ ƴƻŘŜ ƛǎ a!·Ωǎ ǘǳǊƴΣ ǘƘŜƴ ǘƘŜ ƴŜȄǘ ƭŜǾŜƭ ƛǎ aLbΩǎ ǘǳǊƴ ŀƴŘ ǎƻ ƻƴ 

Á a!· ǘŀƪŜǎ ǘƘŜ ƳŀȄ ƻŦ ŎƘƛƭŘǊŜƴΩǎ ǾŀƭǳŜǎ ŀǎ ǎǳŎŎŜǎǎƻǊΣ aLb ǘŀƪŜǎ Ƴƛƴ ǾŀƭǳŜ 

Á Expand to terminal states or look-ahead depth 

o Evaluate utility at terminal states (leaf nodes) 

o Start at leaf going up, recursively compute minimax value of each node 

o Minimax values gradually propagate upwards as DFS proceeds 

o Space complexity ς O(bd) as in DFS 

o Time complexity ς O(bd) as in DFS 

o Complete if tree is finite, and optimal 

o Solution to time complexity ς depth-limited minimax search; alpha-beta pruning 

¶ LŦ aLb ŘƻŜǎƴΩǘ Ǉƭŀȅ ƻǇǘƛƳŀƭƭȅΣ a!· ǿƛƭƭ Řƻ ŜǾŜƴ ōŜǘǘŜǊ 
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Alpha -Beta Pruning  
¶ Not all nodes are worth exploring ς ignore branches that ǿƻƴΩǘ ōŜ ŎƘƻǎŜƴ ŀƴȅǿŀȅ ς άtǊǳƴŜ ǘƘŜ ǘǊŜŜέ 

¶ Returns the same move as minimax 

¶ While doing DFS, keep 2 bounds: 

o ʰ Ґ ōŜǎǘ ǾŀƭǳŜ ŦƻǊ a!· ǎƻ ŦŀǊ ŀƭƻƴƎ ǘƘŜ ǇŀǘƘ όƛƴƛǘΦ ¢ƻ -Њ) 

o ʲ Ґ ōŜǎǘ ǾŀƭǳŜ ŦƻǊ aLb ǎƻ ŦŀǊ ŀƭƻƴƎ ǘƘŜ ǇŀǘƘ όƛƴƛǘΦ ¢ƻ ҌЊ) 

¶ If ŀ a!· ƴƻŘŜ ŜȄŎŜŜŘǎ ʲΣ ǇǊǳƴŜ ƛǘ since MIN will not allow MAX to take the move 

¶ LŦ ŀ aLb ƴƻŘŜ ƛǎ ōŜƭƻǿ ʰΣ ǇǊǳƴŜ ƛǘ since MAX can make a better move 

Games of Imperfect Information  
¶ Minimax and alpha-beta require too many evaluations 

o Minimax needs the generation of the full game tree 

o Alpha-beta needs at least some parts of the game tree to maximum depth 

o Both algorithms may be impractical within a reasonable time 

¶ Idea: cut off search earlier, and evaluate non-terminal nodes using a heuristic evaluation function 

o Expands for a fixed depth 

o Turns non-terminal nodes to terminal nodes 

¶ Evaluation function 

o Goodness of game configuration 

o Estimates the winning chances 

o !Ŏǘǳŀƭ ƴǳƳŜǊƛŎ ǾŀƭǳŜǎ ŘƻƴΩǘ ƳŀǘǘŜǊ ς behaviour preserved under any monotonic transformation of eval 

¶ Horizon effect 

o Sudden change (damage) just outside search window 

o Eval functions should only be applied to quiescent positions (unlikely to change extremely) 

o Otherwise perform secondary search on interesting nodes to make sure there is no hidden pitfall 

 
¶ Other refinements 

o Iterative deepening search ς until time is up; returns best solution so far 

o Book moves ς pre-computed sequences 

o Heuristic pruning ς plausibility of moves, reduce branching factor 

o Alternative to minimax ς risking a bad move may lead to better state 

Games of Chance 
¶ Cannot construct a standard game tree due to uncertainty 

¶ Expectiminimax ς gives perfect play 

¶ A version of alpha-beta pruning possible, but only if leaf values are bounded 

¶ Time complexity: O(bmnm), n = distinct dice rolls 

¶ Evaluation functions should be carefully constructed ς exact values do matter 

o Evaluation functions needs to be a positive linear transformation of the probability of winning from a 

position 

¶ Add chance nodes 
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o Weighted average of expectiminimax values resulting from all possible dice rolls 

  

Machine Learning  

Introduction to machine learning  

¶ What is learning 

o An improvement (more efficiently or effectively) in behaviour as a result of experience. 

o Ties learning to performance rather than knowledge 

o Learn from: 

Á Examples 

Á Domain knowledge 

Á User feedback 

¶ What is machine learning (ML)? 

o Learn: 

Á Rules (condition Ą action) 

Á Properties 

Á Utility function 

Á Cause and effects 

o Feedback types 

Á Supervised - correct answers given 

Á Unsupervised ς no correct answers 

Á Reinforcement ς reward/punishment 

¶ Classification of ML methods 

o Supervised ML 

Á Learn a function (classifier, model) which encapsulates the information in examples 

Á 2 types: 

¶ Classification ς categorical 

¶ Regression ς numeric 

Á Examples: 1R, k-NN, DTs, NB, Neural Networks, SVM 

o Reinforcement ML 

Á Each example has a score (grade) instead of correct output 
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o Unsupervised ML 

Á Group (cluster) input examples into a finite number of classes 

Á Search for regularities 

Á Examples: k-means, nearest neighbour 

o Associative (rules) ML 

Á Finds relationships among data 

Á Market-basket analysis ς find combination of items that typically occur together 

Á Sequential analysis ς find frequent sequences in data 

K-nearest neighbour  
¶ Algorithm 

o ά[ŀȊȅέ ς when input is given, only stores it but does not processing 

o Remember all training data 

o When asked a question: 

Á Find the nearest training data example 

Á Return the answer associated with it 

o Nearest in terms of a distance measure 

Á Euclidian distance (most common) ( ) ( ) ( ) ( )22

22

2

11 ..., nn bababaBAD -++-+-=  

Á Manhattan (city block) distance nn bababaBAD -++-+-= ...),( 2211  

Á Minkowski distance (generalises Euclidian and Manhattan) 

 ( )qq

nn

qq
bababaBAD

1

2211 ...),( -++-+-=  

Á Need to normalise attribute values between 0 and 1 

¶ Time and space requirements 

o Training ς constant time (no processing required) 

o Classification ς m training, dimensionality n Ą O(mn) memory and time 

o Impractical for large data 

¶ Handling missing values and nominal attributes 

o Treat missing value to be maximally different from any other value 

¶ Curse of dimensionality (>6) 

o Most examples are far from each other, and close to boundaries 

o Solution: feature selection to reduce dimensionality 

¶ 1-NN decision boundary 

o Each example in training data has an associated Voronoi region 

o A hypothesis is represented by the edges in the Voronoi space that separates the 2 classes 

¶ Variations 

o Weighted nearest neighbour ς closer neighbours should count more 

Á Slower algorithm 

¶ Discussion 

o Simple 

o Requires efficient indexing 

o Dimensionality problem 

o High variability of decision boundary depending on composition of training data and # of neighbours k 

o Finds only local model, and so sensitive to noise 
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Inferring rudimentary rules (1R algorithm)  
¶ Algorithm 

o άм-wǳƭŜέ όмwύ ŀƭƎƻǊƛǘƘƳ ς generates 1 rule that tests the value of 1 single attribute 

o Also called 1-level decision tree or decision stump 

o Selects the best attribute 

Á Generate the 1R for each attribute 

Á Evaluate them on the training data 

Á Choose one with least errors 

o Components 

Á Model ς rule testing 1 attribute 

Á Preference (score function) ς number of misclassifications on training data 

Á Search method ς evaluate all attributes 

¶ Dealing with missing values and numerical attributes 

o Possibly treat missing values as another attribute value άƳƛǎǎƛƴƎέ 

o Numeric attributes 

Á Sort training examples 

Á Place breakpoints whenever class changes, halfway between values 

Á Take class for each partition and discretise numerical attribute 

o But generates too many intervals, highly branching, noise sensitive, inaccurate 

Á Overfitting ς Error on training set is very small, but error is high on new data 

Á Simple solution: impose a minimum number of examples of majority class 

¶ Discussion 

o Easy, simple, cheap 

o Good performance compared to complex decision trees 

o Used as baseline 

o Simple algorithms tend to work very well since the underlying structure is often rudimentary 

Evaluating and comparing classifiers  
¶ Goal: a classifier that generalises well on new data unseen during training 

¶ Empirical evaluation 

o Holdout procedure ς a simple way to evaluate the performance of a classifier 

Á {Ǉƭƛǘ Řŀǘŀ ƛƴǘƻ н ƛƴŘŜǇŜƴŘŜƴǘ ǎŜǘǎΥ ǘǊŀƛƴƛƴƎ όǳǎǳŀƭƭȅ ѿύΣ ǘŜǎǘόǳǎǳŀƭƭȅ Ѻύ 

Á Use training data to build classifier 

Á Use test data to evaluate how good the classifier is 

o Measures: error rate and accuracy 

Á Accuracy ς success rate, proportion of correctly classified examples 

Á Error ς complimentary to accuracy, proportion of incorrectly classified examples 

Á Accuracy on training data is overly optimistic, not a good indicator 

Á Accuracy on test data is the performance measure used 

o Training and testing 

Á Test data must not be used to create classifier 

Á Proper procedure: use training, validation and test set 

¶ Validation set used to tune parameters built using training set  

o Stratification 

Á Solves problem where certain classes are missing in training set 

Á Ensures that each class is represented approximately equally in both data sets 
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o Repeated holdout method 

Á Makes holdout more reliable by repeating process with different sub-samples 

Á Repeats using a random selection for each iteration 

Á Accuracy then averaged over all iterations 

o Cross-validation 

Á Ensures test sets do not overlap 

Á S-fold cross-validation 

¶ Split data into S subsets of equal size 

¶ Build classifier S times, reserving one segment each time for testing 

¶ Accuracy is averaged over all classifiers 

 
Á Better used with stratification 

Á 10-fold cross-validation is a standard method 

Á Splitting and stratification does not need to be exact 

Á Repeated stratified cross-validation is even better  

o Leave-one-out cross-validation 

Á N-fold cross validation, maximising N to be the number of examples in the data set 

Á Advantage: greatest possible amount of data used for training, deterministic method 

Á Disadvantage: high computation cost, useful only for small data set 

¶ Comparing classifiers ς t-paired significance test 

o Calculate the differences di between the results from the classifiers 

o Calculate the variance of the difference. If k is sufficient large, di is normally distributed 
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o Calculate confidence interval Z = Řɏ ± t(1 ς h )(k ς 1)̀
2 

o Difference is not significant if interval contains 0. 

¶ Other performance measures and cost-sensitive evaluation 

o Confusion matrix 

Á Rows ς number of examples from each class 

Á Columns ς classified as this class 

Á Correctly classified examples go into the diagonal of the matrix 

Á Can represent accuracy 

o 2 class prediction 

Á  
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Á Precision 
fptp

tp
P

+
=  

Á Recall  
fntp

tp
R

+
=  

Á F1 measure 
RP

PR
F

+
=

2
1  

o Cost-sensitive evaluation 

Á Misclassification may have different cost 

Á E.g. treat blocking non-spam email as higher cost 

Statistical based learning (Naïve Bayes)  
¶ Bayes theorem 

o Given a hypothesis H and evidence E for this hypothesis, then the probability of H given E is 

( )
( )()
()EP

HPHEP
EHP

|
| =  

¶ Use this to predict the class of a new example 

o Estimate P(E|H), P(H) and P(E) from the training data 

o 5ƻƴΩǘ ƴŜŜŘ ǘƻ ŎŀƭŎǳƭŀǘŜ tό9ύ ǎƛƴŎŜ ƛǘ cancels with the other hypothesis when comparing 

¶ Assumptions 

o All attributes are equally important 

o All attributes are conditionally independent of each other, given the class 

o Unrealistic ς hence called Naïve Bayes 

¶ Problem 

o Any attributes with zero probabilities sets the final probability to zero 

o Use Laplace estimator (correction) to calculate probability for these attributes 

o Adds 1 to the numerator and k to denominator, where k is the number values for that attribute 

o M-estimate ς generalised Laplace correction 

Á Adds small constant m to each denominator and mpi to each numerator 

Á pi is the prior probability of i values of attribute 

Á Advantage of using prior probabilities ς completely rigorous 

Á Disadvantage ς computationally expensive to make that estimate 

¶ Missing values ς just omit from frequency counts 

¶ Numeric attributes 

o Assume values have normal (Gaussian) probability distribution, use probability density function 

o PDF for distribution with mean ˃ and standard deviation ̀: ()
( )
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¶ Computational complexity ς O(pk), p = number of training examples, k-valued attributes 

¶ Advantages 

o Simple, clear semantics 

o Requires 1 scan of training data 

o Good performance, robust to isolated noise 

¶ Disadvantages 

o Correlated attributes reduce power of NB 

o Minor restriction when assuming normal distribution of numeric attributes 
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Decision Trees  
¶ DT ς a tree-structured plan for testing the values of a set of attributes in order to predict the output 

¶ DT example 

o Each internal node tests an attribute 

o Each branch corresponds to an attribute value 

o Each leaf node assigns a class 

¶ Constructing DTs 

o Top-down in recursive divide-and-conquer 

o Attribute is selected for root node, and branches for each possible value 

o Instances are then split into subsets (one for each branch from node) 

o Procedure repeated recursively, using only instances that reach that branch 

o Stop when all instances have same class Ą becomes a leaf node 

o If all examples have the same attribute values but different classes (noise), choose majority class 

o If subset is empty, creatŜ ŀ ƭŜŀŦ ƴƻŘŜ ǿƛǘƘ ƳŀƧƻǊƛǘȅ Ŏƭŀǎǎ ƻŦ ǇŀǊŜƴǘΩǎ ǎǳōǎŜǘ 

¶ Expressiveness of DTs 

o DT can be expressed as a set of mutually exclusive rules 

o Each rule is a conjunction of tests (rule = path in tree) 

o Rules are connected with disjunction 

o DT = disjunction of conjunctions 

o DTs can represent any Boolean function 

o DTs can express any function of the input attributes 

Á .ǳǘ ŜȄǇƭƛŎƛǘƭȅ ŜƴŎƻŘƛƴƎ ǘǊŀƛƴƛƴƎ Řŀǘŀ ƛƴ ƭƻƻƪǳǇ ǘŀōƭŜ ŘƻŜǎƴΩǘ ƎŜƴŜǊŀƭƛǎŜ ǿŜƭƭ 

Á Prefer more compact DTs 

¶ Finding the best attribute to split on 

o ! ƳŜŀǎǳǊŜ ƻŦ ΨǇǳǊƛǘȅΩ ƻŦ ŜŀŎƘ ƴƻŘŜ ǿƛǘƘ ƻƴƭȅ ƻƴŜ Ŏƭŀǎǎ ς no need for further split 

¶ Entropy (information content) 

o Measures the homogeneity of a set of examples 

o Characterises the impurity / disorder / randomness of a collection wrt their classification 

o Entropy of a set S () ä-=
i

ii PPSH 2log  

Á Pi ς proportion of examples that belong to class i 

Á Have log20 = 0 

o The smaller the entropy, the greater the purity of the set 

o Log base 2 gives the information in number of bits 

o For binary classification:  

o Entropy is 0 when there is no disorder; maximum when equal number of possible values 

¶ Information theory 

o Shannon and Weaver (1949) 
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o Given a set of possible answer (messages) M, and probability of occurrence P(mi), the expected 

information content (entropy) of the answer is: 

 ( ) ( ) ( ) ( )MmPmPMH
i

ii entropylog2 =-=ä  

o Entropy = amount of surprise of the receiver 

Á The less the receiver knows, the more informative the answer is 

o Entropy = the minimum number of bits per symbol on average needed to transmit a stream of symbols 

¶ Information gain 

o Use entropy to define a measure of effectiveness of an attribute in classifying the training data 

o Information gain is the expected reduction in entropy caused by partitioning the set using that attribute 

o Information gain = entropy of set of examples S associated with parent node less the entropy after S is 

partitioned by the attribute 

o The larger the difference, the higher the information gain 

o Definition of Gain(S|A) ς expected reduction in entropy caused by partitioning S using attribute A 

( ) () ( )( ) () ( )ää
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¶ DT learning as search 

o Use information gain as an evaluation function in the search 

¶ Overfitting 

o Minimise error on training set Ą ŘƻŜǎƴΩǘ ƎŜƴŜǊŀƭƛǎŜ ǿŜƭƭ ƻƴ ƴŜǿ Řŀǘŀ 

o DTs grow each branch of the tree deeply enough to perfectly classify the training examples 

o Overfitting due to noise in the data, or data set too small. 

 
¶ Tree pruning 

o Pre-pruning ς stop growing the tree earlier, before it classifies training data perfectly 

o Post-pruning ς allow DT to overfit, and then prune it back. 

Á More successful in practice 

Á Tree pruning by sub-tree replacement 

¶ Replaces a node with a leaf having the most common label of its data set 

¶ Compare accuracy of new tree with old tree on validation set 
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¶ Continue pruning until a maximum accuracy is reached with validation set 

 

 
Á Tree pruning by sub-tree raising 

¶ Re-ŎƭŀǎǎƛŦƛŜǎ ŜȄŀƳǇƭŜǎ ŀǘ ƴƻŘŜ п ŀƴŘ р ƛƴǘƻ мΣ н ŀƴŘ о ǘƻ ƎŜǘ мΩΣ нΩ ŀƴŘ оΩΦ 

 
¶ More time-consuming than sub-tree replacement 

Á Rule pruning by first converting the DT into a set of rules 

¶ Creates a rule for each path from the root to a leaf 

¶ Prune each rule by removing any pre-conditions that result in greater accuracy 

¶ Higher flexibility; prunes branches rather than entire tree 

¶ Does not need to work from the bottom of the tree upwards as with tree pruning 

¶ Rules are easier to read than trees 
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o Estimate error rate using a validation set, to know when to stop pruning 

o Having a validation set means less data is available for training 

¶ Dealing with numeric attributes 

o Discretise by restricting to binary split 

o Can offer many split points unlike nominal attributes 

o Splitting 

Á Sort examples by the numeric attribute 

Á Split point midway between where adjacent examples differ in target classification 

Á Evaluate all split points (using gain or otherwise) to choose the best 

o Problem: highly branching attributes will be selected, but can result in overfitting 

Á Solution: use gain ratio 

Á Takes the number and size of branches into account when choosing an attribute 

Á Penalises highly-branching attributes by incorporating split information 

Á ( ) ä
=

-=
c
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ii
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S
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S
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2log|  

Á Which is the entropy of S wrt the values of A 

Á ( )
( )

( )ASmtionSplitInfor

ASGain
ASGainRatio

|
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| =  

Á But gain ratio may overcompensate, because split information is much lower than others 

Á Standard fix for this is to only consider attributes with greater Gain than average 

¶ Dealing with missing attributes 

o Treat missing values as another possible value ς assumes the absence of a value is significant 

o Ignore all instances ς easy, but loses information 

o Set missing attributes to the most common value among training examples 

o Set missing attributes to the most common value among training examples with the same class 

o Or assign a probability for each possible value of the attribute 

¶ Handling attributes with different costs 

o Prefer DTs that use low-cost attributes where possible 

o One approach is to replace Gain with 

Á Tan & Schlimmer (90) 
( )
()ACost

ASGain |2

 

Á Nunez (88) 
( )

()( )w
ASGain

ACost 1

12 |

+

-
, w between 0 and 1 determines cost importance 

¶ Summary 

o Structure: tree 

o Grow using hill-climb search and training data set 

o Prune using greedy search and validation set 

o Very popular ML technique, easy to implement 

o Efficient 

Á Builds tree in O(mnlogn), n instances and m attributes 

Á Prunes tree with sub-tree replacement in O(n) 

Á Prunes tree with subtree lifting in O(n(logn)2) 
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Neural Networks  (NN) 

Introduction to neural networks  
¶ AI neurons are simple abstractions of real neurons 

¶ Artificial neural networks ς not as much power as human brain but can be trained to perform classification 

¶ Brain performs tasks such as pattern recognition, perception and motor control much faster than computers 

¶ The brain is slower than computers, but makes up for it with a large number of neurons and interconnections 

¶ Artificial neural network 

o Many simple neurons / units / nodes linked by connections 

o Each neuron receives weighted inputs, and produces an output 

o Learns from examples based on a learning rule. 

¶ A neuron 

  
o Bias b is a fixed input constant, but can be trained. 

Perceptrons  

¶ A supervised NN that uses the step transfer function: ()
í
ì
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xfy  

¶ Output is the weighted sum of inputs, subject to the step transfer function 

¶ Forms a linear decision boundary 

0ÅÒÃÅÐÔÒÏÎȭÓ ÎÅÕÒÏÎ ÍÏÄÅÌ 

¶ Applies a weight to each of its inputs , sums it with an additional bias weight, then apply a hard limit function 

  

)ÎÖÅÓÔÉÇÁÔÉÏÎ ÏÆ ÐÅÒÃÅÐÔÒÏÎȭÓ ÂÏÕÎÄÁÒÉÅÓ 

¶ Decision boundary is always orthogonal to the weight w 

¶ w always point towards the region where neuron output is 1 






















