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Problem 1, Search (19 points)

Part 1 (11 points)

Thisproblem issimilar to a problem given on the 1999 final, but different in
important details. You are trying to find a path from the state Sto state G in the
following directed graph using various search a gorithms.

You are NOT touseavisited list or expanded list.

The diagram isrepeated on a tear-off page at the end of this examination for your
convenience.
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Make the following assumptions:

e All thelinks are of length 1.

e The heuristic distance estimates (h) from each node to the goal are shown in the
figure next to each node. Each distance estimate is known to be less than or
equal to the true distance.

e None of the search algorithms generate paths with loops.

e The depth-first and breadth-first search agorithms explore branchesin
alphabetical order.

e The search algorithms use a search queue as in the problem sets.

e YouareNOT touseavisited list or expanded list.

Write the sequence of nodes expanded by the specified search methods.

Note: In the searchesyou are asked to perform, inter mediate nodes may appear
mor e than oncein your node sequences.

Show the depth-first expansion sequence (we have started it for you):

S-A-B-C-D-E-F-L-M-N-0-G

Show the A* sequence (we have started it for you). Write above each node in your
expansion sequence the number used by A* to pick the next node to expand. Hint:
wor k out the search tree on a piece of scrap paper. Remember, you are
not to use a visited or expanded list (so no pruning of multiple pathsto
Inter mediate nodes), but you areto use the heuristic estimates of

distance remaining. (Thisisanother way of saying you are to use branch and bound
with heuristic estimates of distance remaining.)

01234568238888838
S-A-B-C-D-E-F-H-F-D-E-L-M-N-0-G

For A*, indicate the final path found...

S-H-F-D-L-M-N-0-G

... anditslength




Part 2 (8 points)

Consider the following directed graph, in which all links are of length one.

0
1
2

Pattern repeates here

98
99

100

Suppose you search with the British Museum algorithm, with no use of any mechanism
to eliminate multiple paths to the same intermediate node, how many nodes are there at
the shallowest level at which the goal node, G isfound. Hint: work out part of the

search tree.

2°! (2*°is close enough)

Given A* search, with dynamic programming, using a heuristic estimate of remaining
path length of 0, how many paths are extended all the way to the goal node, G.

2 (you can only get to G from two intermediate nodes)




Problem 2, Rules (20 Points)

Note that this problem uses some of the same basic concepts as an on-line problem set,
but it is different in important ways.

Imagine that we have arobot that moves around within aroom in which there are a
number of other objects. Each of these objects, and the robot, has some location
characterized by a pair of numbers (x and y on some grid). The robot isalso able to climb
on objects. We describe the state of the world by a set of assertions of the following

types:

(robot at <l ocation>) ;-- this indicates where the robot is.
; note that this is different fromthe
;-- problemset.
(robot on <object >) ;-- also different fromthe problem set.
(<obj ect> at <l ocation>)
(loc <l ocation>)

The(robot at <l ocation>) and(robot on <object>) assertions describe the state
of therobot. The (<obj ect > at <l ocat i on>) assertions describe each object's location.
Thereisaspecia object, f1 oor , with no specified location. The existence of alocationis
indicated by (1 oc <l ocati on>). There are two actions that the robot can perform:

e WALK - Therobot must be on the floor as a precondition for walking and it will
be at the new location afterwards.

e CLIMB - There are two cases. Climbing down from an object: the robot can do
thisat any timethat it is not already on the floor. After the climb-down, the robot
ison the floor. Climbing onto an object: the robot must be on the floor at the same
location as that object. After the climb-up, the robot is on the relevant object.

Sampl e arrangement:
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Here are some rules that we could imagine using to model this situation. These rules are
different in small but important ways from those in the online problem set, in order to
take account of the representation differences pointed out above.

(climb-down

I F

(robot on ?support)

AND- 1 F (not (equal ? ' ?support 'floor))
SAYI NG "CLI MB down to floor"

ADD (robot on floor)

DELETE (robot on ?support))

(wal k

I F

(robot on floor)

(robot at ?old-1oc)

(loc ?new1 oc)

AND-1F (not (equal ? '?old-l1oc '?newloc))
SAYI NG "WALK to " ?new-| oc

ADD (robot at ?new | oc)

DELETE (robot at ?old-1oc))

(end ;-- rule just term nates chai ning when the goal is acconplished
I F

(goal ?g)

b

’d
SAYI NG " St op"
ADD (stop))

Here are some assertions for a simple situation, the one pictured on the previous page.

(loc (9 5))

(loc (3 4))

(loc (5 6))
(robot at (3 4))
(robot on fl oor)
(table at (5 6))
(stool at (3 4))
(1 adder at (3 4))
(goal (on table))



Part 1 (10 points)

A) (6 points) Indicate the results of three cycles of forward chaining, assuming that

e you start with exactly the situation described by the assertions above,

e you havethethree rules given above (end, cl i mb- down, and wal k),

e the system uses aforward chainer that works just like the one you have seen on
problem sets, and in particular, relies on rule order for conflict resolution,

e new assertions are added at the top of the assertion list

Do this by indicating which rule instance fires on each cycle, and by listing the assertions
that hold after the rule has fired. (To save you some writing, we have reproduced the
initial assertion list. Edit the assertions to show what is present after each ruleisfired.)

Ruleinstancethat fires
(Rule name and variable bindings)

Assertion set after therule hasfired.
Crossout the onesthat are not present,
and add in new assertions.

(robot at (9 5))
walk (loc (9 5))
(loc (3 4))
Old-loc=(34) (loc (5 6))
New-loc=(95
%) (robot on floor)
(table at (5 6))
(stool at (3 4))
(l adder at (3 4))
(goal (on table))
(robot at (3 4))
(loc (9 5))
Walk (loc (3 4))
(loc (5 6))
Old-loc=(95) (robot—at—{(34))
New-loc = (34) (robot on floor)
(table at (5 6))
(stool at (3 4))
(1 adder at (3 4))
(goal (on table))
(robot at (9 5))
Walk (loc (9 5))
(loc (3 4))
Old-loc=(34) (loc (5 6))
New-loc = (9 5)

(robot on floor)
(table at (5 6))
(stool at (3 4))
(l adder at (3 4))
(goal (on table))




B) (4 points) The problem set asked you to write a climb-up rule . Here we give you one
and ask youto use it. Theruleis:

(clinmb-up
| F
(robot at ?location)
(?support at ?location)
SAYI NG "CLIMB onto " ?support
ADD (robot on ?support)
DELETE (robot on floor))

Add thisrule at the front of the rule set, and think about happens when forward chaining
with theinitial set of assertions (repeated below). Y ou should discover two bugsin the
climb-up rule. Fix them by writing a better version of the rule, below. (Again to save you
time, we have reproduced the rule and left room for any editing you wish to do oniit.)
Theinitial assertions:

(loc (9 5))
(loc (3 4))
(loc (5 6))
(robot at (3 4))
(robot on fl oor)
(table at (5 6))
(stool at (3 4))
(1 adder at (3 4))
(goal (on table))

Your revised rule:

(climb-up

I F
(robot on fl oor)
(robot at ?location)

(?support at ?location)

AND- I F (not (equal ? ‘' ?support ‘robot))

SAYI NG "CLI MB onto " ?support

ADD (robot on ?support)

DELETE (robot on floor))




Part 2 (10 points)

A set of simple deduction rules, without variables, is given below. You are to use them to
backward chain from the goal, (2).

To simplify the backward chaining, assume there are initially no facts in the database and
that the user replies“YES’ to every question. For example, if we had only the onerule

| F (P)
THEN (R

and backward chained from there, the system would start by asking the user “P?” to
which the user would reply YES, etc.

Assume that the system tries the rulesin the order shown below.

R1

| F (A
(B)

THEN  (2)

7

| F (O
(D)

THEN  (2)

R3

| F (E)

THEN  (2)

R4

| F (F)

THEN (D)

R5

| F (G

THEN  (E)

R6

IF  (H)

THEN  (F)

R7

I F (J)

THEN (A

RS

| F (K)

THEN  (J)



A) (2 points) Indicate the order in which questions are asked by listing their |etters
below. As usual we have given you more than enough room.

.K
.B

SIFNIAINII

B) (2 points) Now draw the entire search tree, backward chaining from (Z), assuming
that all questions are answered NO:

AN— «—>
I — 1n—0O
0 m
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C) (2 points) Ben Bitdiddle comes along and points out that the behavior of our system
could be improved. Rather than the depth-first order traditionally used for backward
chaining, Ben suggests an order you might call “ shortest remaining path.” That order
makes the system seem smarter because it tries shorter paths, i.e., shorter inference
chains, before longer ones.

To implement this, Ben starts out by listing all of the paths from leaf nodes to the goal
for the tree. Show that list of paths for the tree you created in Part B above (as usua
you have more than enough room; we have also given you one of the paths, to
indicate both what we mean and what notation to use):

1l BZ
2. C Z
3. HFDZ
4. GEZ
5. KJA Z
6.

7.

8.

D) (2 points) To implement hisidea, Ben then creates a simple scoring function: the
score for each path isjust its length, with lower scores being preferred to higher
scores (ties are broken by using rule order). Indicate below the order in which
guestions are asked when using Ben' s scoring function to determine the order in
which the search treeis explored. Assume as above that al questions are answered
NO.

A wNE
ATIOO|W

E) (2 points) Having tried out Ben's suggestion, you soon realize something. Select the
single statement that best characterizes Ben's suggested revision.

It always asks more questions than the previous method.

It always asks fewer questions than the previous method.

It always asks questions in an order different from ordinary depth-first ordering.
It never asks questions in an order different from ordinary depth-first ordering.
Itislikely to construct alarger inference tree than ordinary depth-first ordering.
It islikely to construct a smaller inference tree than ordinary depth-first ordering.
None of the above

Sy Ry R
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Problem 3, Constraint Satisfaction (12 Points)

Note -- the Parts of this problem can be doneindependently.
Consider the following constraint graph. Assume each variable has the same domain

Di={A, B, C}. Theonly valid assignmentsto pairs of constrained variables are given in
the table below.

Constraint (Vi-V;) | Valid assignments @ 2
(Vi-Vi)

1-3 A-C B-A

2-4 A-A B-B

34 A-B C-A

2-5 B-A A-C
(3 >—< 4 )

Part 1 (7 points)

A. Do constraint propagation repeated until you achieve arc consistency and show
the legal domain values for each variable after the constraint propagation.

Var | Legal Values
1 AB
2 AB
3 AC
4 AB
5 AC

B. Given only thelist of legal valuesin Part A, what can you say about the number of
possible solutions to this problem. Give either a definite number or a definite range of
numbers (specify both the lower and upper bounds of the range).

0-2°=32

12



Part 2 (5 points)

In what follows, do not assumethat any constraint propagation has been done.
Start from scratch!

Find ONe of the valid solutions for this problem using backtracking with forward
checking (BT-FC). Examine variablesin numerical order and valuesin alphabetical
order. Draw the search tree below; we have started the tree for you. For every nodein
the tree draw only the valid descendants at that point. Each horizontal line indicates the
level of the tree corresponding to the assignment of values of the specified variable.
Number the nodesin thetreein the order in which assignments ar e consider ed.

C
4

Variable 1

A
Variable 2 _/

C
Variable 3

A

|

Variable 4

C
Variable 5 \_/

The answer found is:

A

o b WO N

A
C
A
C

Constraint Valid assignments (V-
(Vi-Vi) Vi)

1-3 A-C B-A
2-4 A-A B-B
34 A-B C-A
2-5 B-A A-C

Repeated for your convenience
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Problem 4, Machine Learning | (18 Points)

Note -- the Parts of this problem can be doneindependently.

Part 1 (4 points)

Y

(0.0)

X

A. Suppose you decide to use the 1-near est-neighbor rule for identification. Pick the
smallest set of points (from the set given above) that would, if used as the 1-
nearest-neighbor training set, give perfect classification of all the points shown.
Circle the chosen points.

B. Draw the decision boundary created if your chosen points are the only pointsin
the training set.

14



Part 2 (6 points)

Notethat this data set isnot identical totheonein Part 1.

Y

1

1 0
0 0 0 1
1
C

1 1 1

(0,0)
a b

X
A. What isthe value of the average disorder for the test shown above? Y ou may
give the result using fractions and logs, but we expect you to simplify it as much
as possible (without using a calcul ator).

3/11* 0+ 8/11* 2* (- 1/2IgY¥s) =8/11

B. Draw (on the figure above) the decision boundaries for acomplete ID tree that
classifiesthe data, starting with the test indicated in part A. Pick further tests
the way the greedy agorithm would — but don’t do all the computations. Label
the specific value used for each test on the figure with a letter (the way we have
labeled a in the figure).

C. Draw the complete tree below (be sure to specify the tests, which branches are yes
branches and which are no branches, and the classes that are the output). Use
tests of theform X < a.

X<a

DA
VAN
/N




Part 3 (8 points)

Y

(0,0)
X
A. Draw the ssimplest neural net architecture (neurons and connections) that should
be able to classify this data set above without training error. Include the
offsetg/thresholds for each unit. Assume that all units are Per ceptron units.
Label each unit with anumber for reference in the next problem.

O —

x
o —
U —

—_—

/

B. How many weights (including offset/threshold weights) does your architecture
have?

13
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C. Draw decision boundaries on the data set figure above for each of the unitsin
your solution to part A whose inputs are X and Y. Label each boundary with the
unit number. Label which side of the boundary is supposed to be 0 and which
side 1.

D. Pick one of the units whose decision boundary you drew in C and give the
approximate weights for the unit. Assume that the origin of the X-Y feature space
is at the lower left of the picture and the sides of the box are of size=1. Note
that, for the unit you have selected, Wx isto be the weight on the X feature, Wy is
to be the weight on the Y feature and Wo isto be the weight on the
offset/threshold.

Unit selected:

Weights:

W0= '1/3

17



Problem 5, Machine Learning Il (17 Points)
Part 1 (5 points)
Please answer briefly.

A. Toclassify thedataset in Part 1 of Problem 4 using an SVM, what type of
kernel should you choose? | Radial basis function

B. Backpropagation is guaranteed to find the globa minimum of the error
assuming one picks a small enough step size and waits long enough.

Trueor False? | False local maxima

C. Why do we initialize the weights of asigmoid neural net to small numbers
rather than large numbers?

To avoid saturating weights

D. What isthe maximum value of the average disorder of atest for an arbitrary
data set with N classes and atotal of M instances?

lgN

E. How can you test whether a particular feature islikely to contribute to the
classification accuracy of a 1-nearest-neighbor classifier?

Cross validate with and without feature in use.

18



Part 2 (6 points)

A. Assuming near est-neighbors, describe (briefly) a situation where normalizing

the datawould be har mful to classification accuracy. Or, indicate why such a

situation could not arise.

Normalization can change nearest neighbor relations, and hence, make
wrong identifications that previously were right.

B. Assuming id-trees, describe (briefly) a situation where normalizing the data

would be har mful to classification accuracy. Or, indicate why such asituation

could not arise.

No such situation because each axis handled independently.

19



Part 3 (6 points)

Check any of the actions/situations that are of ten associated with over fitting for the

indicated learning method. You may check one or_mor e items per learning
method.

A. K nearest neighbors
o Increasing the size of K
(@@ Decreasing thesize of K
o None of the above

B. ID-trees

Here, you are to assume that the ID-tree user has stopped tree growth before all samples
are separated into homogeneous sets at the leaf nodes.

@ Increasing the depth of the tree
o Decreasing the depth of the tree
o Increasing the number of instances at a leaf node (by decreasing depth)
@ Decreasing the number of instances at aleaf node (by increasing depth)
o None of the above

C. Neural nets
@ Increasing the number of units (neurons)
o Decreasing the number of units (neurons)
@ Increasing the number of training cycles
o Decreasing the number of training cycles
o None of the above

D. SVM
Here, you are to study the radial basis kernel below carefully
@ Reducing sigmawhen using the radial basis function kernel

o Increasing sigmawhen using the radial basis function kernel
o None of the above

’HXerHZ

K (Xl, X2) = e?

2

20



Problem 6, Miscellaneous (14 points)

Many of these questions are similar to questions on the second
examination. None are exactly the same.

Circle the single phrase that best completes the following fragments. All multiple votes
will beregjected. Each question isworth one point. No penalty for guessing.

Progressive deepening, also known as iterative deepening, works well for games because:

o oc@co oo

Alpha-beta alows you to go approximately twice as deep in atypical game tree.
The branching factor varies from layer to layer.

Almost none of the nodes in a game tree of a given depth arein the final layer.
The number of nodesin alayer increases exponentially with depth.

All of the above.

None of the above.

Alpha-beta:

coc@ooo

Doubles the speed of minimax.

Halves the speed of minimax.

Ensures that there will be an answer when time runs out.

Takes minimax approximately twice as deep in atypical game tree.
All of the above.

None of the above.

A frame system may be useful because it provides:

a
a
a
a

Property inheritance.

Method inheritance.
Domain-specific slot vocabularies.
Domain-specific slot values.

@ All of the above.

a

None of the above.

A key virtue of the transition-space representation is that it:

@ Focuses on change.

a

000 DO

Can be tranglated to rel ational-database records.

Provides a foundation for semantic transition-tree grammars.
Ensures that all descriptions will satisfy Newtonian mechanics.
All of the above.

None of the above.
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Recognition by Ullman’s aignment method (predicting point locations) requires:

An ability to find corresponding points or sets of points.

Rigid objects (i.e. nothing floppy, such as an article of clothing)
Libraries containing multiple images of each object to be recognized
A mechanism for solving linear equations

All of the above

None of the above

o@oooo

Four points in three images (the model) are sufficient to predict the location of pointsin
afourth image unless:

o Not al the points are visiblein al the model images

o The pointsin the model images are not in proper correspondence

o Thedifferences among the three model images are produced by single-axis
rotation only

o Thedifferences among the three model images are produced by translation along
one axisonly

@© All of the above
o None of the above

The Yip-Sussman method for learning phonological rules:

@© Generalizes seed patterns

o Specialize seed patterns
Specializes and generalizes seed patterns.
Uses A* search to find minimal patterns
All of the above
None of the above

000D

One reason for the success of the Y ip-Sussman method is that:

Thousands of examples are provided

The rules learned are bidirectional

Sparse high-dimensional spaces are involved
Binary spaces are involved

All of the above

None of the above

ooo@o o
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A magjor reason for the success of near-miss learning from samplesis that:

Thousands of examples are provided
The teacher ignores the student’ s state of knowledge
The student is only required to specialize seed examples
The student generates its own near miss samples

a All of the above
@ Noneof the above

0O 00DO

In near-miss learning

Near misses (not examples), cause generalization (not specialization)
The forbid-link heuristic is triggered by examples, not near misses
The drop-link heuristic is triggered by examples, not near misses
The require-link heuristic is triggered by examples, not near misses
All of the above

None of the above

ococo@oo

Learning by explanation:

Generalizes from specific situations

Speeds subsequent reasoning

Can affect what is concluded in practice

Depends fundamentally on appropriate representation
All of the above

None of the above

o@uoooo

Good representations:

Make the right details explicit
Suppressirrelevant details
Expose constraint
Bring helpful descriptive details together
@ Al of the above

o None of the above

a
a
a
a
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The hippocampus of arat:

0O 00DO

Seems to enable akind of practice during sleep

Seems to have something to do with forming long-term memories
Seems to have neurons that are responsive to the rat’s position
Seems to support mechanisms that exhibit a kind of generalization

@ All of the above

a

None of the above

If you lost your hippocampus in high school, you would be:

@ Unableto passa6.034 final

a

0O00DO

Unable to recognize old friends
Unable to walk

Unableto talk

All of the above

None of the above
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Diagram repeated for your convenience.

h=0

h:O @hz?

h=4
ST

h=3 h

S

2 h=1 h=0
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