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FIGURE 2.3. The likelihood ratio p(x|e)/p(x|w;) for the distributions shown in
Fig. 2.1. If we employ a zero-one or classification loss, our decision boundaries are
determined by the threshold #,. If our loss function penalizes miscategorizing w, as w,
patterns more than the converse, we get the larger threshold 8, and hence R, becomes
smaller. From: Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classifica-
tion. Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 3.1. The top graph shows several training points in one dimension, known or
assumed to be drawn from a Gaussian of a particular variance, but unknown mean.
Four of the infinite number of candidate source distributions are shown in dashed
lines. The middle figure shows the likelihood p(D|#) as a function of the mean. If we
had a very large number of training points, this likelihood would be very narrow. The
value that maximizes the likelihood is marked #; it also maximizes the logarithm of
the likelihood-—that is, the log-likelihood [(#), shown at the bottom. Note that even
though they look similar, the likelihood p(D|#) is shown as a function of # whereas the
conditional density p(x|#) is shown as a function of x. Furthermore, as a function of 4,
the likelihood p(D|#) is not a probability density function and its area has no signifi-
cance. From: Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classification.
Copyright © 2001 by John Wiley & Sons, Inc. D16
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FIGURE 3.2. Bayesian learning of the mean of normal distributions in one and two dimensions. The posterior
distribution estimates are labeled by the number of training samples used in the estimation. From: Richard O.
Duda, Peter E. Hart, and David G. Stork, Pattern Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 4.6. Parzen-window estimates of a bivariate normal density using different window widths and num-
bers of samples. The vertical axes have been scaled to best show the structure in each graph. Note particularly
that the n = oo estimates are the same (and match the true distribution), regardless of window width. From:
Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classification. Copyright © 2001 by John Wiley
& Sons, Inc.

D45



ES#IFE Parzentq i&

0 ParzenBEMARBI—: p(x) = 1,U(a,b) + 2,T(c,d), H
hU(a,b)H(a, b)) BB S 5%, T(c,d)A(c,d)ZI8
=RAEaf.

=1 fr,=0.5 hy=0.2

o ! 2 3 & o ! 2 3 4 o ! 2 3 A

o /\}K A
_ 23 12 3 4

)

D46



S E—ParzenB &

I I
! 2 3 4 1 2 3 4

o
- /\H AH /\H
12 3 4 12 3 4 o 1 2 3 4

o

o

FIGURE4.7. Parzen-window estimates of a bimodal distribution using different window
widths and numbers of samples. Note particularly that the n = oo estimates are the same
(and match the true distribution), regardless of window width. From: Richard O. Duda,
Peter E. Hart, and David G. Stork, Pattern Classification. Copyright © 2001 by John
Wiley & Sons, Inc.

D47



S E—ParzenB &

0 fEParzenBEAT, MTHARIFHEREx, fIFEMETEREZRL
HREZEE, BARASXERMEREELH.

O 1Z TR BCRYF A I8 5 B R SR R RN .

FIGURE 4.8. The decision boundaries in a two-dimensional Parzen-window di-
chotomizer depend on the window width h. At the left a small h leads to boundaries
that are more complicated than for large h on same data set, shown at the right. Appar-
ently, for these data a small h would be appropriate for the upper region, while a large
h would be appropriate for the lower region; no single window width is ideal over-
all. From: Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classification.
Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 4.12. Several k-nearest-neighbor estimates of two unidimensional densities:
a Gaussian and a bimodal distribution. Notice how the finite n estimates can be quite
“spiky.” From: Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classification.
Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 4.13. In two dimensions, the nearest-neighbor algorithm leads to a partition-
ing of the input space into Voronoi cells, each labeled by the category of the training
point it contains. In three dimensions, the cells are three-dimensional, and the decision
boundary resembles the surface of a crystal. From: Richard O. Duda, Peter E. Hart, and
David G. Stork, Pattern Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 4.15. The k-nearest-neighbor query starts at the test point x and grows a spher-
ical region until it encloses k training samples, and it labels the test point by a majority
vote of these samples. In this k = 5 case, the test point x would be labeled the category
of the black points. From: Richard O. Duda, Peter E. Hart, and David G. Stork, Fattern
Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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* Better to talk of (in)dependence other than correlation.

e Most statisticians would agree that causality does tell us something
about dependence.

* But dependence does tell us something about causality too.

Correlation Is
Not Causation
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e Reichenbach’s Common Cause Principle (1956) links causality and
(in)dependence.

It seems that a dependence between events 4 and B indicates
either that 4 causes B, or that B causes A, or that 4 and B have a
common cause.

4

If A and B have a common cause C (only), then conditioning on
C would make A and B independent. In this case, C is said to
‘screen off” the dependence between A and B.
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» Use the Directed Acyclic Graph (DAG) to represent the cause-effect
relations

* Nodes as variables
* Edges as direct causal connections @ @

* If a DAG represents the true causal relationship, then the DAG
encodes all the conditional independence relations in the true
distribution, which can be read off using the d-separation criterion.

DAG links causality with data

|

‘Structural causal model’, the more
symbolic extension to the DAG

/ \

. Build DAG (causal graph) Infer causal effects from
Causal Discovery  from observational data > given DAG (causal graph) Causal Inference
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Causal Graph

* Each causal model M is associated with a direct graph G = (V, &),
where
* Vis the set of nodes represent the variables U UV in M;

* £ is the set of edges determined by the structural equations in M': for X;,
there is an edge pointing from each of its parents Pa; U U; to it.
* Each direct edge represents the potential direct causal relationship.
* Absence of direct edge represents zero direct causal relationship.

* Assuming the acyclicity of causality, G is a directed acyclic graph
(DAG).

 Standard terminology
* parent, child, ancestor, descendent, path, direct path
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A Causal Model and Its Graph

Observed VariablesV = {I,H, W, E} Hidden Variables U = {U,, Uy, Uy, Ug}
U,
Model (M) Graph (G) e
7’
= s
i = fi(w) . 4
1

h = fu(i,uy)
w = fw(h, uy)
e = fE(l, h, W,u[;)

E (Exam Grade)

H (Hour of Study)

W (Working Strategy)

Assume U; and U} are correlated.
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A Markovian Model and Its Graph

With causal sufficiency assumption

Model (M) Graph (G)

i = fi(w) Uy

h= [,

W = I}{W(zhl,t:llzy) H (Hour of Study) E (Exam Grade)

e = fg(i,h,w,ug)

W (Working Strategy)

Assume U;, Uy, Uy, Uy are mutually independent.
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