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‣ Random variables: 

‣ Prior Box distribution:  

‣ Conditional probabilities of Fruit given Box 

‣ Marginal Fruit distributions: 

p(F = a) =                                                 

p(F = o) =     

2

Example: Fruit in Boxes

12 1. INTRODUCTION

give us some important insights into the concepts we have introduced in the con-
text of polynomial curve fitting and will allow us to extend these to more complex
situations.

1.2. Probability Theory

A key concept in the field of pattern recognition is that of uncertainty. It arises both
through noise on measurements, as well as through the finite size of data sets. Prob-
ability theory provides a consistent framework for the quantification and manipula-
tion of uncertainty and forms one of the central foundations for pattern recognition.
When combined with decision theory, discussed in Section 1.5, it allows us to make
optimal predictions given all the information available to us, even though that infor-
mation may be incomplete or ambiguous.

We will introduce the basic concepts of probability theory by considering a sim-
ple example. Imagine we have two boxes, one red and one blue, and in the red box
we have 2 apples and 6 oranges, and in the blue box we have 3 apples and 1 orange.
This is illustrated in Figure 1.9. Now suppose we randomly pick one of the boxes
and from that box we randomly select an item of fruit, and having observed which
sort of fruit it is we replace it in the box from which it came. We could imagine
repeating this process many times. Let us suppose that in so doing we pick the red
box 40% of the time and we pick the blue box 60% of the time, and that when we
remove an item of fruit from a box we are equally likely to select any of the pieces
of fruit in the box.

In this example, the identity of the box that will be chosen is a random variable,
which we shall denote by B. This random variable can take one of two possible
values, namely r (corresponding to the red box) or b (corresponding to the blue
box). Similarly, the identity of the fruit is also a random variable and will be denoted
by F . It can take either of the values a (for apple) or o (for orange).

To begin with, we shall define the probability of an event to be the fraction
of times that event occurs out of the total number of trials, in the limit that the total
number of trials goes to infinity. Thus the probability of selecting the red box is 4/10

Figure 1.9 We use a simple example of two
coloured boxes each containing fruit
(apples shown in green and or-
anges shown in orange) to intro-
duce the basic ideas of probability.
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‣ Prior: p( B = r ) = 4/10   &    p( B = b ) = 6/10 

‣ Marginal: p( F=a ) = 11/20   & p( F = o) = 9/20  

‣ Posterior probability of Box color given observed fruit 

‣ prior probability of red box:  

‣ After observing an orange the probability of observing a red box 
is now larger than observing a blue box!
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Example: Fruit in Boxes

We use a simple example of two
coloured boxes each containing fruit
(apples shown in green and or-
anges shown in orange) to intro-

Figure: coloured boxes containing 
apples and oranges (Bishop 1.9)

p(B = r|F = o) =

p(B = r) = 4/10

-

PCF.io/B--rJ.PB-rSPCF--o3=E.Fz#F--I =3 took

L PCBar IF:o)



Machine Learning 1

Two random variables X and Y are independent iff measuring X 
gives no information on Y, and vice versa. 

‣ Formally: X and Y are called independent if 

                                                        for all  

‣ Equivalent to  

‣ Example: 
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Independent Random Variables

x 2 X , y 2 Y

p(x|y) =
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