
The next few slides based on those of Dan Klein and Pieter Abbeel for 
CS188 Intro to AI at UC Berkeley.   

All CS188 materials are available at http://ai.berkeley.edu.



Example: Pacman

Let’s say we discover 
through experience 

that this state is bad:

In naïve q-learning, 
we know nothing 
about this state:

Or even this one!



No generalization



2000 episodes later…



Harder maze, no generalization
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Linear Regression :
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Linear Regression : Supervised learning :
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Feature-Based Representations

▪ Solution: describe a state using a vector of features 
(properties) 
▪ Features are functions from states to real numbers (often 

0/1) that capture important properties of the state 
▪ Example features: 

▪ Distance to closest ghost 
▪ Distance to closest dot 
▪ Number of ghosts 
▪ 1 / (dist to dot)2 
▪ Is Pacman in a tunnel? (0/1) 
▪ …… etc. 
▪ Is it the exact state on this slide? 

▪ Can also describe a q-state (s, a) with features (e.g. action 
moves closer to food)



Example: Q-Pacman



Approximate Q-Learning
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Fourier interaction terms



Fourier Basis Radial Basis Functions
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Fourier Basis Radial Basis Functions
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Perception
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Perception Neural Network

y Y
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Y is Nonlinear in X !
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Nonparametric Methods

K - nearest neighbor
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Nonparametric Methods

kernel Methods
K - nearest neighbor
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Nonparametric Methods

Kernel Methods
K - nearest neighbor

Similarity
"

kernel
"

K ( s
,

S
'

)
•

°

•

°

. . For data set of N States
°

•
On

.

o And query state Sq
°

,

'

'

'

• I do

- -
-

I
• Ilse ) -

- E. klsa.si ) Gfi )
jcsa ) -

- the Gbi )
"

Kemal trick
"

eqinilent to

computing
I in high . d. in space

of features

KNN special case kernel where :

→ Complexity of kernel methods
K ( s

,
s

'

) = Yr
,

if s
'

is a KNN of S

grows with number of data
0 otherwise

points
,

not features



Case-Based Reasoning

▪ Classification from similarity 
▪ Case-based reasoning 
▪ Predict an instance’s label using similar instances 

▪ Nearest-neighbor classification 
▪ 1-NN: copy the label of the most similar data point 
▪ K-NN: vote the k nearest neighbors (need a weighting 

scheme) 
▪ Key issue: how to define similarity 
▪ Trade-offs: Small k gives relevant neighbors, Large k gives 

smoother functions

http://www.cs.cmu.edu/~zhuxj/courseproject/knndemo/KNN.html



Parametric / Non-Parametric

▪ Parametric models: 
▪ Fixed set of parameters 
▪ More data means better settings 

▪ Non-parametric models: 
▪ Complexity of the classifier increases with data 
▪ Better in the limit, often worse in the non-limit 

▪ (K)NN is non-parametric Truth

2 Examples 10 Examples 100 Examples 10000 Examples



Basic Similarity

▪ Many similarities based on feature dot products: 

▪ If features are just the pixels: 

▪ Note: not all similarities are of this form



Kernel methods

▪ Data that is linearly separable works out great for linear decision rules: 

▪ But what are we going to do if the dataset is just too hard?  

▪ How about… mapping data to a higher-dimensional space:

0
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x

x

x

This and next few slides adapted from Ray Mooney, UT



Kernel methods

▪ General idea: the original feature space can always be mapped to some higher-
dimensional feature space where the training set is separable:

Φ:  x → φ(x)



Some Kernels

▪ Kernels implicitly map original vectors to higher dimensional spaces, take the dot 
product there, and hand the result back 

▪ Linear kernel: 

▪ Quadratic kernel: 

▪ RBF: infinite dimensional representation 

▪ Discrete kernels: e.g. string kernels
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Gaussian Process
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Least Squares TD

TD fixed point is: 

Instead, LSTD estimates:




