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"I'm completely operational 
and all my circuits are 
functioning perfectly."
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Two sides of the same coin

Adapation:
behavior WILL change,
more gradually, over time

Nondeterminacy:
behavior MAY change, 
the next time you run it
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In short…

• General principles to certify a wide range of different learners
• Ten (ish) commandments to assess different learning strategies…

– Decision tree learners       
– Simulated annealing
– Neural nets
– Genetic algorithms
– Model trees 
– Regression trees
– Linear regression
– “ROC learners”  
– “Treatment learners”  
– Fuzzy logic,
– Bayesian
– Inductive logic programming
– …

• What does all this say to a M/S audience?
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AI & complexity

“I feel much 
better now!”



B5: V&V&AI page 5

IV&V Facility
Research Heaven,

West Virginia

Complex problems 
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AI = always handling 
the hard problems

• Time-sharing operating systems, 
• Automatic garbage collection, 
• Distributed processing,
• Automatic programming, 
• Agent systems, 
• Reflective programming 
• Object-oriented programming
• Etc
• “AI is what we can’t do yet”
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Complex problems need
complex solutions

– Increasing dependence on autonomous software
– AI: adaptive controllers

The 
Europa
satellite. 
Too 
remote 
for 
effective 
ground 
control

1999: the Remote Agent software -
Artificial Intelligence controlling a
spacecraft for the first time
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Second generation 
shuttle

• Vehicle Health 
Management 
system (VHMS)

• Active model-
based diagnosis 
agents 

• Real time advice 

• Detect and 
diagnosis faults 
during (e.g.) 
launch and flight
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Nondeterminism

"Dave...My mind is 
going...I can feel it..."
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Nondeterminism

• OUT = function( IN  )
• Deterministic:

– Same IN yields same OUT
• Nondeterministic

– Same IN
– Different OUTs

• Traditional view:
– “Nondeterminism is the enemy of reliability”

• Here:
– nondeterminacy can be a powerful & useful tool; 
– can enable solutions that are otherwise impossible; 
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BTW, we use nondeterminism
all the time

Advantages of  
multiprogramming [Turn86]

12
min

18 
min

Mean 
response

12
jobs/hr

6
jobs/hr

Through
put

15 
min

30 
min

Elapsed

67%33%Printer
67%33%Disk

67%33%Memory
33%17%CPU

Multi-
program

-ming

Uni-
program-

ming
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Nondeterministic vs
complete search (I)

HT4: Complete search:
• If conflict, fork one world
• For each possibility

HT0: 
Nondeterminis
tic search:

• If conflict, toss 
a coin and 
ignore all 
options but 
one.

• Sometimes, 
reset and start 
all over  

Huh?HT0 finds 98% of what HT4
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Nondeterministic vs
complete search (II)

6 scheduling problems  [Crawford & Baker 94]

for TRIES := 1 to MAX-TRIES
{set all vars to unassigned;

loop { if everything assigned
then return assignments;
else pick any var v at random;

set v's value at random;
forwardChainFrom(v);
if contradiction
then exit loop;
fi

fi
}} 

return failure

%    secs %  secs retries
A    90   225.4   100   10       7
B  100   104.8   100   13     15
C    70     79.2   100   11     13
D  100     90.6   100   21     45
E    80     66.3   100   19      52
F  100     81.6   100   68    252 

ISAMPTABLEAU

Huh?
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The phase transition effect

Easily 
unsolvable, 

quick 
to run out 
of options

Slow to 
work out 
which is 

which

• NP-hard 
problems
– theoretically 

intractable
• In practice, 

– usually not
• Random 

search:
– As good as 

anything else
– (Outside the 

phase 
transition 
zone)

– But quick to 
give up 

– Doesn’t get 
trapped

Easily 
solvable, 
quick to 

solve
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Worried about 
nondeterminism?

• Fear:
– Output more variant if nondeterminism
– If wild invariance, then

• What can be guaranteed about the system’s performance?
• Blunder into some unsafe mode of operation?

• Empirically:
– Nondeterministic output can be quickly sampled

• The narrow funnel effect 
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The narrow funnel effect

• What happens all over: 
– Controlled by a small critical region.

• If narrow funnels, then
– Possibilities reduces to just the funnel space
– Most maybes (mostly) mean the same thing

• Note: don’t have to search for funnels
– They’ll find you

• Implication:
– Can summarize & control nondeterminism
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The TAR2 
treatment learner

hours on 
courseIf funnel, then a small number 

of variables control the rest

Seek a  few“powerful” attribute 
ranges:

• More frequent in good  
than bad

• Weighted by “distance”good to  bad
• Normalized by total count
• Summed for all good/bad class pairs

A “treatment”= combinations of 
“powerful” attributes.

outlook temp humidity wind

sunny, 85, 86, false,      none (21=$2)
sunny, 80, 90, true,        none
sunny, 72, 95, false,      none

rain, 65, 70, true,        none
rain, 71, 96, true,        none
rain, 70, 96, false,       some (22=$4)
rain, 68, 80, false,  some 
rain, 75, 80, false, some

sunny,      69, 70, false, lots    (23=$8) 
sunny,      75, 70, true, lots 

overcast, 83, 88, false, lots
overcast, 64, 65, true, lots
overcast, 72, 90, true, lots
overcast, 81, 75, false, lots
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Treatments 
for golf

0

1

2

3

4

none some lots

If outlook=overcast, 
Then lots of golf 

4/(4)= 100%

If humidity=90..97 
Then lots of  golf 

1/(4)= 25%

0

1

2

3

none some lots
0
1
2
3
4
5
6

none some lots

If no change, 
Then lots of golf 

6/(6+3+5)= 43%

Least change:
pick a vacation
location with
overcast weather

Least monitor:
watch the 
humidity- alert if 
rising over 90%
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TAR2: taming
nondeterminacy

%sum(X,  Y, Z).
sum(+, +, +).
sum(-, -, -).
sum(0, 0, 0).

sum(+, 0, +).
sum(-, 0, -).

sum(0, +, +).
sum(0, -, -).

sum(+, -, Any).
sum(-, +, Any).

%switch(State,Volts,Amps)
switch(on,       0,     Any).
switch(off,      Any,   0).

%blub(Mode,Light,Volts,Amps)
bulb(blown,dark, Any, 0).
bulb(ok,     light, +,  +).
bulb(ok,    light, -,  -).
bulb(ok,    dark, 0,  0).

+ if X >0
X’=      - if X < 0

0 if X= 0{
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A nondeterministic
circuit :-

go  :- tell('circ.data'), go1, told.
go1 :- functor(X,circuit,9), forall(X, example(X)). 
example(circuit(Sw1,Sw2,Sw3,B1,B2,B3,L1,L2,L3)) :-

classification(B1,B2,B3,Class),
format('~a,~a,~a,~a,~a,~a,~a~n',

[Sw1,Sw2,Sw3,L1,L2,L3,Class]).

%classification(B1, B2, B3,Class)
% needs 2 our of three bulbs working
classification( ok, ok, B3,   good):- !.
classification( ok, B2, ok,   good):- !.
classification( B1, ok, ok,   good):- !.
classification( B1, B2, B3,   bad).
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An even worse 
nondeterministic circuit



B5: V&V&AI page 22

IV&V Facility
Research Heaven,

West Virginia

Go to 
management,
can we revisit
those
warranties?

Run 1: 
(35,000 

solutions)

Learn 1:

Run 2:
if Sw2c=off 

then 3264 
solutions

Learn 2:

Run 2:
if Sw2c=off

and Sw1c=on
then 648

solutions

Learn 3:

Can’t close 
Sw3c  (warranty 
issues)

No budget 
for expensive
hardware

IV&V Facility
Research Heaven,

West Virginia
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A fluke?  What about
more complex models?

iterative TAR2

repeat
find most important constraints
re-simulate with those constraints

until happy

iterative TAR2

repeat
find most important constraints
re-simulate with those constraints

until happy

299 = 1030 options299 = 1030 options

• variance reduced
• mean improves

• do 16 things
• don’t do 14 things
• ignore 66 things

• variance reduced
• mean improves

• do 16 things
• don’t do 14 things
• ignore 66 things
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A fluke?  What about
quantitative models?

Populat ion 0
To  14

deaths 15 to 44

init ial populat ion 0 to 14

Populat ion 15
To  44

deaths

maturat ion
64 to  65

init ial populat ion 15 to  44

Populat ion 45
To 64

reproduct ive
lifetime

population
equilibrium time

init ial populat ion 54 to  64

Populat ion 65
Plus

<T ime>

<total fert ility>

init ial populat ion 65 plus

maturat ion
44 to  45

mortality 0 to 14

mortality 15 to 44

births maturat ion
14 to  15

deaths 0 to 14 deaths 45 to 64

deaths 65 plus

mortality 45 to 64

mortality 65 plusmortality 45 to 64
table

life expectancy

mortality 15 to 44
table

life expectancy normal

mortality 0 to 14
table

mortality 65 plus
table

lifetime mult iplier
from crowding lifetime mult iplier

from food

lifetime mult iplier
from health services lifetime mult iplier from

persistent  pollut ion
lifetime mult iplier from

persistent  pollut ion table

<persisten t pollut ion index>

crowding mult iplier
from indust ry

fract ion of
population urban

fract ion of populat ion urban table

<population>

crowding mult iplier from
indust ry table

<indust rial output  per capita>

lifetime mult iplier from
health services 1

lifetime mult iplier from
health services 2

<T ime>

<food per capita>

lifetime mult iplier from food table

<subsistence food per capita>

effect ive
health

services per
capita

lifetime mult iplier from
health services 1 table

health services
per capita

health services
impact  delay

health services per capita table <serv ice output  per cap ita>

lifetime mult iplier from
health services 2 table

labor fo rce
labor fo rce

participat ion fraction

population

Limits to growth,
Beyond the limits to 
growth

Jay Forrester et.al.
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Commandments

AIVV #1: 
if faced with

nondeterministic 
system, seek and

control just
the funnels

AIVV #2: 
don’t hunt the funnel:

just sim and the funnel
will find you
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“Daisy, Daisy, give me 
your answer true”

Adaptive systems
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Q: Why use adaptive systems?
A: Because we can!

• In the 21st century, 
learning is easy

• 41++  learners in a box

• Open source 
(JAVA)

• Free!

• Well docu-
mented
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Decision tree learning:
FAST!

• Given examples with a mix of classes
• Find a “Description” 

– Which, if applied…
– …Makes parts of the mix more uniform

If circle2, then “-”

If circle1, then “+”

--+-

+

--+-

--+-
-----

-- -----

+
+++++

---

-- - ++

X

Z 

--

++ + +

2

1
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Recursive search

• Diversity=0
– all examples in 1 class

• Diversity = maximum
– all classes equally represented

• Best “splitter”:
– decreases diversity the most.

• Repeat, recursively, 
– to find more complex descriptions

• Many measures of diversity in the literature
– Simpson diversity index: biologists
– 1- repeatRate: cryptographers
– Gini index: econometricians: as used in CART 

[Breiman84]
– Entropy: information theorists: as used in C4.5 

[Quinlan92]

--+-

+

--+-

--+-
-----

-- -----

+
+++++

---

-- - ++

X

Z 

--

++ + +

32

1

If circle2, 
Then If circle3

then “+”
else   “-”
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Example
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When is enough
data enough?

Not all decision trees are 
small, law of diminishing 

returns

Not all decision trees are 
small, law of diminishing 

returns

Increasing insight is 
increasingly 
complicated

Increasing insight is 
increasingly 
complicated

More data means better, 
but more complicated, 

theories

More data means better, 
but more complicated, 

theories
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Commandment

AIVV #3: 
assess adaptation

by how much
data is available
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6.7 <= RM < 9.8 And
12.6 <= Ptratio < 15.9

BEST ACTION
0.6 <= NOX < 1.9 and
17.16 <= LSTAT < 39

WORST ACTIONBASELINE
500 examples  of 
bad--, bad, ok, good 

C4.5: learns 
detailed 

descriptions 
of different 

class

C4.5: learns 
detailed 

descriptions 
of different 

class

bad

poor

ok

goodTAR2:  smallest description of 
different between classes

TAR2:  smallest description of 
different between classes

C4.5 vs
TAR2

Note: differences are shorter than descriptionsNote: differences are shorter than descriptions
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Commandment

AIVV #4: 
assess adaptation

by the 
“readability”
of the output
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Case study: 99 proposed actions 
for deep space satellite design

require2

require3 require5
+ +

--

action2
--

--

fault2--

--

--

action1, action2, action3,  …    Cost,    Benefit
1 Y              Y             N,        …      23200,  250
2         N              N             Y ,       …     11400,  150
…..     …             …            …        …      …         …

action1, action2, action3,  …    Cost,    Benefit
1 Y              Y             N,        …      23200,  250
2         N              N             Y ,       …     11400,  150
…..     …             …            …        …      …         …

Require
(overall)

require4
+

+

action1299 = 1030 options299 = 1030 options

fault1

fault3
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Deep space satellite design (II)

Each row is one 
project plan

action1, action2, action3,  …   Cost,    Benefit
1 Y              Y             N,        …   23200,  250
2           N              N             Y ,       …   11400,  150
…..       …             …            …        …   …         …

Learnt:
• Do 16
• Don’t do 14
• Ignore 66 options (recall the funnel)

Learnt:
• Do 16
• Don’t do 14
• Ignore 66 options (recall the funnel)

Each dot  is one 
randomly generated

project plan
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Commandment

AIVV #5: 
assess adaptation

by the  cost
of the learnt

theory
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Simulated annealing:
yet another learner 

• Perfect = all atoms lined up on crystal lattice sites, no defects.
• Perfect = this is the lowest energy “state” for this set of atoms. 

Q: How to reach the “low energy state”?
A:  “anneal” the material:

• get it very hot: 
• gives atoms energy 

to move around.
• cool it  very slowly; 

• gently restricts range of motion 
• till everything  freezes into a low energy configuration. 
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The Metropolis algorithm

WHILE (T>0) DO
temp perturb(best)
delta cost(temp) - cost(best)
IF delta < 0
THEN best temp
ELSE IF random(0,1) < exp(-delta/kT)

THEN best temp
FI

FI
T T - ∆t

DONE
RETURN best
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TAR wars 
tar2 benefits

50
100
150
200
250
300
350

sa benefits

50
100
150
200
250
300
350

tar2 costs

200000

400000

600000

800000

1000000

sa costs

200000

400000

600000

800000

1000000

SA:
– Run SA for decreasing 

temperatures (20000 runs)
– Collect mean, sd cost benefits for each 5000 

runs
TAR2

– Constraints {}
– 5 times repeat: 

• Examples run 10000 times
• Model        model + constraints
• Rx                tar2(examples)
• Constraints constraints + Rx

– End

variance:
Tar2 < SA

variance:
Tar2 < SA

convergence
Tar2 > sa

convergence
Tar2 > sa

Finally:
sa > tar2 (a bit)

Finally:
sa > tar2 (a bit)

TAR2 had access 
to 50K, not

20K, runs
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K.I.S.S.

• If funnels, then simpler may often suffice
• Holte, 1983

– C4.5: combines N attributes
– OneR: combines N=1

0.00

5.00

10.00

15.00

20.00

25.00

30.00

35.00

0 5 10 15 20

differences, SORTED

cl
as

si
fic

at
io

n 
er

ro
r d

iff
er

en
ce

14/16 examples: 
classification error < 1%0

OneR:
Petallength

< 2.45   -> Iris-setosa
< 4.75   -> Iris-versicolor
>= 4.75   -> Iris-virginica

OneR:
Petallength

< 2.45   -> Iris-setosa
< 4.75   -> Iris-versicolor
>= 4.75   -> Iris-virginica

C4.5:
petalwidth <= 0.6: Iris-setosa)
petalwidth > 0.6
| petalwidth <= 1.7
| | petallength <= 4.9: Iris-versicolor
| | petallength > 4.9
| | | petalwidth <= 1.5: Iris-virginica
| | | petalwidth > 1.5: Iris-versicolor
| petalwidth > 1.7: Iris-virginica

C4.5:
petalwidth <= 0.6: Iris-setosa)
petalwidth > 0.6
| petalwidth <= 1.7
| | petallength <= 4.9: Iris-versicolor
| | petallength > 4.9
| | | petalwidth <= 1.5: Iris-virginica
| | | petalwidth > 1.5: Iris-versicolor
| petalwidth > 1.7: Iris-virginica
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Commandments

AIVV #4: How 
much data? AIVV #7: K.I.S.S.

some complexity is
illusionary. If X works,

try X/10.

AIVV #6:  
convergence 

rates
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NN Training and the
Testing Process

1. Feed a vector to the NN as inputy*w3

2. Calculate Effort and adjust weights

3. Repeat steps 1 and 2 for all vectors

Size Cmplx. Vocab. Effort
133 11 23 135
142 8 17 122

: : : :
9664 35 59 377

} Looping through all vectors = 1 Epoch

Size Cmplx. Vocab. Effort
133 11 23 135
142 8 17 122

: : : :
9664 35 59 377

Testing the NN: Freeze the NN weights and loop 
through NN with an independent data set.
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Inside a learner:
neural nets

Alpha = Learning Rate = 
Rate of Descent

Momentum =    Ability to get 
out of local minima

Problem when
Alpha is large

Cross-section
of Error Curve
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Genetic Algorithms (GA)

1
0
1
1
1
0
1

1
0
0
1
1
1
1

0
0
0
1
0
0
1

1
1
1
1
1
0
1

0
1
1
0
1
0
0

0
1
0
1
0
0

Current Population

1
0
1
1
1
0
1

1
0
0
1
1
1
1

0
0
0
1
0
0
1

1
1
1
1
1
0
1

0
1
1
0
1
0
0

1
0
1
0
1
0
0

1. Initialize Population

New Population
2. Evaluate Fitness

1
0
1
1
1
0
1

0
0
0
1
0
0
1

1
1
1
1
1
0
1

0
1
1
0
1
0
0

0
1
0
1
0
0

0
0
0
1
0
0
1

3. 
Elitism

1
0
1
1
1
0
1

1
1
1
1
1
0
1

4. Select
Parents
1
0
0
1
1
1
1

1
0
1
0
1
0
0

1
0
0
1
1
1
1

1
0
1
0
1
0
0

5. Cross
over

1
0
0
1
1
0
0

1
0
1
0
1
1
1

6. 
Mutate

1
0
0

1
1
1

0

0

1
0
0
1
0
0
0

1
0
1
0
1
1
0
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Genetic Programming

(3 + X) / (Z - Y) (X MOD Y) * (X + 4) / 2

3 X Z Y X

MOD

x 4

+Y

((X + 4)+X) / (Z - Y) (X MOD Y) * 3 / 2

N e w    E x p r e s s i o n s

/ *

+ - /

2
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Case study: software effort
prediction [Burgess01]

Least squares reqression vs neural networks vs GAs

Converge consistently:
• NN > GP

Accuracy:
• GP > NN

Readability:
• NN=0;  
• GP builds big theories using all

available knowledge chunks
Ease of configuration:

• LSR= easy!
• NN = much expertise needed
• GA = some expertise needed
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Commandments

AIVV #3: how much data?
AIVV #4: readability

AIVV #6:  convergence rates
AIVV #7: Accuracy

AIVV #8: 
Accuracy

AIVV #9:
configuration 

costs
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The confusion matrix

a    b    c    d <-- classified as
3404 68    9 0      a = negative

0  177 17 0      b = compensated_hypothyroid
0    7 88 0      c = primary_hypothyroid
2 0    0    0 d = secondary_hypothyroid

• Should the off-diagonal be zero?
• No!

– Over-fitting
– Issue is not how well we do on the PAST
– Issue is the future

• How well does it do UNSEEN data
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10-way cross 
validation (xval)

• Don’t test on the training set
– Save some data for testing

• For datasets with class frequency distribution F
– Divide into (e.g.) 10 buckets, preserving F
– For I = 1 to 10, 

• Remove bucket I
• Train on all other nine buckets
• Test on bucket I

• Final worth = average of xval worth
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Commandment

AIVV #10: external validity:
how well does the theory 
work of new examples? 
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Some cross-val results with TAR2

% budget saved raw expr1 expr2 expr3 expr4 expr5 expr6 expr7 expr8 expr9 expr10
 0 to 5 23 23
6 to 7 15 15
 8 to 9 17 17

 10 to 11 17 17
  12 to 13 13 13
  14 to 19 14 80 80 65 14 79 73 75 71 64 71
20 to 31 1 20 20 35 1 21 27 25 29 36 29

training examples 90000 90000 90000 90000 90000 90000 90000 90000 90000 90000 90000
test examples 10000 10000 10000 10000 10000 10000 10000 10000 10000 10000 10000

selected examples n/a 66 5 54 10000 76 60 63 58 53 69
ivv=early x x n/a x x x x x x

rework saved=39 - 52% x x x n/a x x x x x x
leakage requirements

 to design = 4..6 x n/a

0

10

20
30

40

50

60
70

80

90

raw expr1 expr2 expr3 expr4 expr5 expr6 expr7 expr8 expr9 expr10

    c0to5 %
    c6to7 %
    c8to9 %
  c10to11 %
  c12to13 %
  c14to19 %
  c20to31 %
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ROC curves:
receiver operator curves

DCDetector = 1
BADetector = 0

Truth=1Truth=0 • Accuracy  = (A+D)/(A+B+C+D)
• False alarm = PF = C/(A+C)
• Got it right   = PD = D/(B+D)
• D= distance to “north west”

You’d like to be here

Don’t waste my 
time unless 
you are sure

The only way to be make no mistakes is to make no decisions

Its ok to waste  time on false  alarms
e.g. exploring each  alarm is cheap
e.g. any error  is a disaster

PF=PD= you may  as well toss a coin

D
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Commandment

AIVV #5’ : 
assess adaptation

by the  “cost”
of the learnt theory

(measured via
ROC) 
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Mccabe

v(G): cyclomatic complexity
= # path(ish)s = edges-nodes+2

m = # one entry/one exit sub-graphs

ev(G): essential complexity 
= v(G) – m

iv(G): design complexity
(reflects complexity 

of calls to other modules)

Mccabe: paths between “words”
Twisted paths error

Halstead: programmers read code.
Too many “words” error



B5: V&V&AI page 56

IV&V Facility
Research Heaven,

West Virginia

Halstead

e.g. 2+2+3
N1 = 3
N2 = 2
µ1 = 2
µ2 = 2
µ1’ = 2(ish)
µ2’ = #input parameters

µ1
µ2
N1N2

µ = µ1+ µ2
N  = length = N1+N2
V  = volume = N*log2(µ)
V’ = (2+ µ2’)*log2(2+ µ2’)
L   = level = V’/V
D  = difficulty = 1/L
L’ = 1/D
E  = effort = V/L’
T  = time = E/18

The Halstead premise:

Comprehension = f(symbols)



B5: V&V&AI page 57

IV&V Facility
Research Heaven,

West Virginia

35 minutes to 
do the following

• prim(halstead)= uniq_op, uniq_operand, total_op, total_opnd

• other(halstead)=prim(halstead)+I

• all(halstead)=N,V,L,D,I,E,B,T,prim(halstead)

• prim(mccabe)= v(g), ev(g), iv(g) 

• prim(all)= prim(mccabe)+prim(halstead)+LOC

• nearly(all)=all(halstead) + prim(mccabe)

• all=nearly(all) + LOC
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Simple linear regression
& regression trees
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Model trees

Piecewise linear approximation of a  function

0
20
40
60
80

100
120
140
160

1 11 21 31 41 51 61 71 81 91 101 111 121

observations (sorted by the x value)

y

x*10
y
lm1
lm2
lm3
lm4

x <= 2.5 : LM1  
x >  2.5 : 
| x <= 7.5 : 
| | x <= 4.5 : LM2  
| | x >  4.5 : LM3  
| x >  7.5 : LM4  

LM1:  y = 1.74 + 27.2x
LM2:  y = 163 - 24.7x
LM3:  y = -85.6 + 24.5x
LM4:  y = 276 - 27.6x

Average correlation, seen on 10-way xval = 0.8899

Pi: predicted
Ai: actual
X : mean

N : observations

1 if perfectly correlated
-1 if perfectly negatively correlated 

1 if perfectly correlated
-1 if perfectly negatively correlated Correlation= =
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Correlation co-efficient (average 
over a 10-way correlation)

0.570.62(x)0.64(ix)0.61(viii)modelTree
0.440.450.450.46regressionTree
-0.36-0.36-0.360.67(vii)simpleLinearTegression

allnearly(all)all(halstead)other(halstead)

0.61(v)0.65(iv)0.71(ii)modelTree

0.50.380.49regressionTree

0.66(vi)0.65(iii)0.68(i)simpleLinearRegression

prim(halstead)prim(mccabe)prim(all)
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Comparisons

i. (LSR) Error Rate = 0.091 + 0.057v(G) - 0.0969ev(G) - 0.0496iv(G) -
0.00416LOC  - 0.00214Uniq_Op + 0.00138Uniq_Opnd + 
0.00305Total_Op + 0.0162Total_Opnd - 0.0155Branch Count

ii. (MT) Error Rate = 0.0646 - 0.106ev(G) + 0.0171Total_Opnd

iii. (LSR) Error Rate = 0.0216 + 0.0954v(G) - 0.109ev(G) + 0.0598iv(G)

iii. (TYPO) Error Rate = 0.0216 + 0.0954v(G) + 0.109ev(G) + 0.0598iv(G)

vi. (LSR) Error Rate = 0.00892 - 0.00432Uniq_Op + 0.0147Uniq_Opnd -
0.01Total_Op + 0.0225Total_Opnd

vii. (LSR) Error Rate = -0.128 + 0.0147I + 0.011Uniq_Op -
0.0243Uniq_Opnd - 0.0111Total_Op+ 0.0282Total_Opnd

• If (X)>=1 then yes else no

0.830.850.8250.80.830.830.82(a+d)/(a+b+c+d)accuracy

0.410.430.30.660.40.40.36d/(B+d)pd

0.060.40.040.170.060.060.063c/(a+c)pf

(vii)(vi)(iv)(iii-ish)(iii)(ii)(i)

pd

pf
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ROCKY: an ROC-aware learner-
brutal, effective, very dumb, kinda slow

temp={}
for A in attribute names do

for n=1 to N buckets do
for OP in [>=, <] do
a=b=c=d=totals=0
for x = 1 to |EG| do

detected = test(eg[x,A],OP,T[A,n])
truth    = test(eg[x,truth], >, 0)
totals   += eg[x,sum] if detected
a++ if not detected  and not truth
b++ if not detected  and truth
c++ if dectected and not truth
d++ if detected  and truth

done
pf  = c/(c+a)
pd  = d/(d+b)
acc =(a+d)/(a+b+c+d)
d   = distance (1,0) to <pf,pd>
temp += <A,n,OP,pf,pd,d,total,acc>

done
done

done
sort temp on user criteria
return temp[1]

• Examples= numeric attribute values
• Each example has  “truth” and “sum”

– For example software function metrics
– Truth: defects found in this module?
– Sum: lines of code of this metric

• For A in attributes names
– Generate N percentile buckets
– Each bucket holds 

1/N-th of A’s values
– T[A,n]= a bucket’s lower bound 

• Exhaustive test of all T[A,n] values 
on the examples
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Preference criteria

DCDetector = 1
BADetector = 0

Truth=1Truth=0 • Accuracy=Acc  = (A+D)/(A+B+C+D)
• False alarm = PF = C/(A+C)
• Got it right   = PD = D/(B+D)
• D : distance to north-west
• Total: % of “sum” selected by detector

D

• Std
– Min D, Max Pd, min pf

• Rushed(X)
– Std and total < X

• Accuracy
– Max Acc, min pf

• Nervous(X)
– pd > (X), then std

• Laxy
– Pf < X, then std

• etc

Different
preference 
criteria?

Different 
conclusions!
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And the winner is…

• std = 
– Min D, Max Pf, min pd
– a

• rushed(X) = 
– Std and total <= X
– FYI: std= rushed(1)
– b,c,d

• accuracy = 
– Max Acc, min pf
– e

a,b c
d

e

=5
=9
=3

=4

prob(detect)

prob(failure)
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ROCKY2

a,b c
d

e

=5
=9
=3

=4

|Uniq_Op >= 17| =1

prob(detect)

prob(failure)
|(0.00892 

- 0.00432Uniq_Op 
+ 0.0147Uniq_Opnd
- 0.01Total_Op 

-+ 0.0225Total_Opnd) >= 1 | =4
ROCKY: 

• single attributes
ROCKY2 :

• combinations of attributes
If ROCKY >= ROCKY2

• merits of learning complex theories?
Must try on many data sets
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Commandments

AIVV #11: 
different

evaluation 
criteria

yield different
theories

AIVV #9:
K.I.S.S.
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Summary

“I'm sorry, Dave. I'm 
afraid I can't do that.” 
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With AI, the 
V&V task changes

• The device you test Tuesday may behave differently on Wednesday
– Why?

• Nondeterminacy
• Adaptability

• Weakest conclusion:
– Methods for evaluating version X of the system must be automatic

• So can be auto-configured and reapplied to version X+1
– Q: How?
– A: The ten commandments (1 to 3)

• Strongest conclusion:
– Stop certifying the device!
– Instead, certify the learning process that automatically improves the device
– Q: How?
– A: The ten commandments (4 to 10)
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Ten (ish) 
commandments 

I. If faced with nondeterministic  system, thou 
shalt seek and control just the funnels

II. Don’t hunt the funnel: just sim and the 
funnel will find you

III. Thou shalt assess adaptation by how much 
data is available

IV. Thou shalt assess adaptation by the  
“readability” of the output

V. Thou shalt assess learners by 
a. the  cost of the learnt theory
b. Ditto, but use ROCs

VI. Thou shalt assess learners by their 
convergence rates
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Ten (ish) 
commandments 

VII. Thou shalt keep it simple, stupid.

VIII. Thou shalt access learners by their 
accuracy

IX. Thou shalt assess learners by their  
configuration costs

X. Thou shalt assess the learnt theory by its  
external validity on new examples

XI. Thou shalt acknowledge that different 
evaluation  criteria yield different  theories
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Rules for V&V of 
adaptive systems

• This commandments apply to…
– Decision tree learners       
– Simulated annealing
– Neural nets
– Genetic algorithms
– Treatment learners
– Model trees 
– Regression trees
– Linear regression
– Fuzzy logic,
– Bayesian
– Inductive logic programming
– …

• i.e. there exist general principles to certify a wide range of 
different learners
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The end

"This mission is too 
important for me to allow 
you to jeopardize it."
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Supplemental
Material
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Declarative & 
model-based 
systems
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More models 
are coming

• Commercial Products
– Esterel Studio and SCADE Studio from Esterel 

Technologies
– Simulink and Stateflow from Mathworks Inc.
– etc

Traditional approach:
• High-level view not the 
implementation
• Manual translation from 
(e.g.) design   
diagrams to code

Model-based 
approach
• High-level view = the system
• High level model executes
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Preece’s syntactic 
anomalies

• Rules: 
– rule1 

if      L1  and L2 and … 
then R1 and R2 and …

• Subsumption
– rule1: L1 and L2 and L3
– rule2: L1 and L2

• Cirularity
– rule1 if a=1 then b=1
– rule2 if b=1 then c=0
– rule3 if c=0 then a=1

• Missing rule
– a=0, b=0, c=1

• Redundancy, duplicate, conflict, unusable,…
• Note: anomaly <> error

– Tools find anomalies
– Humans review anomalies to find true errors
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AIVV #1: 
exploit uniform

structures 
of model
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Smith & Feather: 
model-based review

Old style V&V:
• have to 

manually 
assess each 
test output

Model-based 
V&V:
• can (partially) 

automate  test 
output 
assessment

• requires a 
constraint 
language for 
the inputs
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AIVV #2: 
auto-generate test oracles

from model 
constraints
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AI: executable, 
early in  
lifecycle
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Match, Select, Act

• if  L1  and L2 and … 
then R1 and R2 and …

• MATCH: 
– find the rules with conditions satisfied by the

current contents of working memory;
• SELECT: 

– pick one rule from the MATCHed set using a conflict resolution strategy;
• ACT: 

– perform the action of 
the picked rule.

• REPEAT 
– Till nothing matches

Triggers Triggers 

Working
memory

Working
memory rulesrules

changeschanges

Insightful for cognitive psychology:

• Replicate certain expert  +   
erroneous  expert behavior. 

• Experts don’t waste space in working 
memory with spurious goals
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Frame = slots with 
facets and demons

cylinder = object +
[height=

[range      = number(new value) and new value > 0
,help       = print("Height must be a positive number")
,if_needed = ask
,if_removed = remove volume from me
,cache      = yes
]

,radius=
[range      = number(new value) and new value > 0
,help       = print("Radius must be a positive number")
,if_needed = ask
,if_removed = remove cross_section from me
,cache      = yes
]

,cross_section=
[if_needed = pi * radius of me ^ 2
,if_removed = remove volume from me
,cache      = yes
]

,volume=
[if_needed = cross_section of me

* height of me
,cache      = yes]].

“Rules” for frames:

Match: 
– frames with 

some 
satisfied 
slots

Select: 
– frames with 

most 
satisfied 
slots or 

– which has 
worked well 
in the past 

Fire a frame 
– i.e. accept it

“Rules” for frames:

Match: 
– frames with 

some 
satisfied 
slots

Select: 
– frames with 

most 
satisfied 
slots or 

– which has 
worked well 
in the past 

Fire a frame 
– i.e. accept it
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Benefits

• Fast to build high-productivity programming 
environments,
– powerful maintenance environments

OPS5, CLIPS, ART, SOAR (learning)

• Pragmatic software engineering benefits
– Not   analysis   design   code   test
– But RUDE: Run Understand Debug Edit
– RUDE systems: MYCIN, XCON (early)

• Rapid training of business users
– write their own rule bases

AIVV #11 get
Feedback  early

In lifecycle

AIVV #12: user-level
languages (greater 

user ownership)
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Drawbacks

• The model is the documentation
– So nothing else is the documentation

• Traditional SE skills less relevant 
– So lets through away the software engineers

• Quick to get things running
– Quick to run into trouble

• The RUDE assumption
– Rules independent chunks of knowledge
– Can be easily changed

• In practice
– Patterns of rule interactions
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AI: and 
knowledge-
level systems
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The knowledge level

• Above the level of mere 
rules/frames/etc

– Repeated meta-level patterns of 
inference

– The glue that ties together many 
rules/frames

• Intelligence=
– The search for appropriate 

operators…
– …   converts current state to a  

goal state
– Domain-specific knowledge in 

used to select the operators

• Principle of rationality
– an intelligent agent selects 

operators….
– … which its knowledge base says
– will lead to some of its goals.

• Software engineering tools 
at the knowledge level

– libraries of operators 
– operator selector methods
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Meta-level 
patterns in rules

if the infection is meningitis and
the type of infection is bacterial and
the patient has undergone surgery and
the patient has under gone  neurosurgery and

the neurosurgery-time was < 2 months ago and
the patient got a ventricular-urethral-shunt

then infection = e.coli(.8)  
or klebsiella(.75)

subtype(meningitis,         bacteriaMenigitis).
subtype(bacteriaMenigitis, eColi).
subtype(bacteriaMenigitis, klebsiella).

subsumes(surgery,              neurosurgery).
subsumes(neurosurgery,         recent-neurosurgery).
subsumes(recent-neurosurgery,  ventricular-urethral-shunt).

causal(bacterialMeningitis, exposure).
circumstantial(bacterialMeningitis, neurosurgery).
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KL-Modeling,
example (II)

subType/2    subsumes/2
causal/2     circumstantial/2

procedure exploreAndRefine(Hypothesis)   {
explore super-types before sub-types }

procedure findOut(Hypothesis) {
if a Hypothesis is subsumed by other findings 

which are not present in this case
then Hypothesis.certainty = -1 }

procedure testHypothesis(Hypothesis) {
test causal connections before 
circumstantial connections}

if the patient got a ventricular-urethral-shunt
then infection = e.coli(.8)  or klebsiella(.75)

176 MYCIN domain rules 
• 80% reduce to one condition
• All uncontrolled backtracking removed
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Knowledge-level V&V

• In a domain uses operators  X
• Customize the knowledge editor, just for X

– Augment editors with generators
• Fill in the details around the operators

– Identify patterns of editing of X
• Use “transaction managers” to ensure X is edited properly 

• E.g. the SALT rule editor
– Operators = “propose-and-revise” (PR)
– In one application: (2130/3062 ≈ 70%) auto-generated.

• E.g. the EXPECT
transaction 
manager

AIVV #13:  exploit
high-level structures 

in a domain
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Many maybes mean 
mostly the same thing

{a.b,c,…,n} = 
14 things we 
aren’t sure of:

214 =16384 
options

Note the 
conflicts

in(2) e not(f) g h goal(2)

in(3) i f    j not(h) goal(3)

in(1) a b c d goal(1)

k l m n goal(4)

Conflicts require 
resolutions:

• if unsure then 
debate

• if no clear winners 
the nondeterminism

The funnel rule:
• First, explore the 

funnel conflicts

• Second, most of the 
other options will be   
irrelevant 

in(2) e not(f) g h goal(2)

in(3) i f    j not(h) goal(3)

Assuming in(2)
and in(3).

Ignore the goals 
we can’t reach

Ignore the 
conflicts 
dependent on 
other conflicts

Now, 2 options

not(f) goal(2)

f    goal(3)



B5: V&V&AI page 91

IV&V Facility
Research Heaven,

West Virginia

Lets just run along a little 
with nondeterminism

Dr Thick + Dr Thin
usability performance

flexibility

flexible work
patterns

maintainability

sharing of
information

task
switching

++++

++++

-- --

future
growth

++

++

++

--

World 1: assume flexibility=up
usability=down

flexibility=up

flexible work
patterns=up

sharing of
information=down

task
switching=up

++++

++

-- --

future
growth=up

++
++

++

World 2: assume flexibility=down
usability=down performance=up

performance=up

flexibility=down

task
switching=upsharing of

information=down

flexible work
patterns=down

++

++
++

Dr Thin Dr Thick
usability performance

flexibility

flexible
work

patterns
maintainability

sharing of
information

task
switching

usability

flexibility

performance
maintainability

task
switching

sharing of
information

future
growth

++++

++++

++

++

++

-- --

--
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Procedural 
knowledge

• Procedural knowledge
– “C”, “Pascal”, “Fortran”
– Knowledge of “how”  
– E.g. precise ordering require to complete some task.

you have a kind of ``X'' disease if symptoms can be 
found for any sub-type of that disease.

if ((record.disease(X)==found) &&
(diseases = record.disease(X).subtypes)
) { for(disease in diseases) {

for(symptom in disease.symptoms) {
for (observation in observations) {

if symptom == observation {
printf(

"You have %s which is a type of %s!\n",
disease,X);

return 1 }}}}}
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Declarative 
knowledge

• Declarative knowledge (used in model-based systems)
– knowledge of “what”
– facts and relationships within  a domain.
– Ordering is inferred at runtime, can be easily adapted

you have a kind of ``X'' disease if symptoms can be 
found for any sub-type of that disease.

subtype(bacterial,   measles).
subtype(bacterial,   gastro).
subtype(injury,      carAccident).

symptom(measles,     temperature).
symptom(measles,     spots).
symptom(gastro,      temperature).
symptom(gastro,      dehydration).
symptom(carAccident, wounds).

evidence(   X,SubType,Evidence) :-
subtype(X,SubType),
symptom(X,       Evidence),
observation(     Evidence).

differentialDiagnosis(X, Old, Since, New,If):-
evidence(X,          Old, Since),
evidence(X,          New, Since),  
% Old and New share some evidence
evidence(X,          New, If),
not evidence(X,      Old, If). 
% New has some evidence not seen in Old
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a                      b                         c             d                              e        

0.1

0.68

0.37

0.86

0.39

loBlank>=2

rushed(0.1)

0.2

0.81

0.19

0.80

0.27

Uniq_Op >= 17

std=rushed(1)

Ev(g)  >= 5Uniq_op>=12Uniq_Op >=17Detector

0.530.120.2Total

0.860.730.81Acc

0.040.300.19Pf

0.440.840.80Pd

0.560.330.27D

accuracyrushed(0.15)rushed(0.20)
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