CSCI6506— Genetic Algorithms and Programming

Evolution of Machine Language Iteration using Linearly
structured GP

Motivation

=  Providedired synthesis of reaursion from non-reaursive instruction set;
o0 Explicit suppat intheinstruction set for: “do-until,” “while,” “ for,” etc.,
isnat provided;
0 Any recursion reeds to appea as a hatural consequence of the seach for

solutions.

Register Machine

= Consider abasic register machinein which the ‘madhine’ is completely defined
by threesets of attributes,
0 Externa State—‘m’ registers,
o0 Internal State — spedal purposeregisters{PC, flag};
0 Sequenceof ‘n’ instructions,
= Such aregister macine will be simulated (but may also be diredly implemented
in terms of the hast macdhine instruction set [1]).
Externa ‘register’ state
= R=<Ry, ...,Rn-1>
= |npu, ouput and any intermediate results are expressed through this construct.
Internal State
=  PC - program couner — addressfor next instruction;
=  Flag—result of the last comparison operation,
o {<,>==1010
0 where [0 denctes the undefined initia state.
Instruction St
= Any program consists of a sequenceof ‘n’ legal instructions,
0 I =<l ..., lh1>

o Thus,
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« PCO{O,...,n=-1}
= if PC>n—1then program terminates.
0 Contentsof the instruction set is naturally problem spedfic
=  Figure 2 [2] denctesthe basic instruction set, heredter the virtual
register machine-M or VRM-M,;
= From theinstruction set of Figure 2 [2] it foll ows that the number of syntadicdly
distinct instructions for register machine VRM-M(m, n) is given by,
o S(nm=3m+4m+4(n+1)+1
= Thetotal number of syntadic programs, as oppased to just oneinstance, is
therefore,
o S, m"
Seledion Operator
= Asper TreeStructured GP, generational, tournament or steady state tournament
seledion are dl applicable.
Search Operators
=  Consider,
0 2-paint crosover —given two parent instruction sequences, |, 1,
exchange mde sub-sequences of ‘I’ instructions (all programs remain of
fixed length, n).
a) Locdaeinstruction,index p;, from instruction sequencel;.
b) Choose subsequencelength, |, suchthat pi<pi+1<n.
c) Locaeinstruction,index pj, in instruction sequencel;.
d) Exchangel conseautiveinstructions between p; andp; in | and |
respedively.
Note — al seledions are stochastic.
Mutation
= Randamly seled an instruction and REPLACE with a (uniformly) randamly
generated instruction;
0 Randamly creaetype;
o Randamly fill i n operands as required by the instruction type.
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Evaluation
=  VRM-M(m, n) takes an,
o Initial instruction sequence, |;
o Initial register assgnment, R;

0 Apriori computational limit, maximum of k instructions may be exeauted.

=  Andmapsthisto the,
o Final register state, R’;
o Fina PCvaue;
= Or,
o ¢:(I,R k> (R,PC)
= Let,
o0 PC=nif PC<k;

Task 1 — Evolving generic solution to multiplication [2]

= Arithmetic operators limited to addition alore.
= Le,
o (i,]) denote atraining caset,

0 wheret=1ix]

o OrT={(i,)) |01, 0j 0N}
Raw fitnessof training case t takes the form,
0 Fy() =R —ij|+[PC—n|
0 Where'PC’ isthe @ove ajusted PC value.

Compose the training set from the finite set of natural numbers, N

= Total Fitness
o F()=3%wrFg ()
Experiment
= R=<0,i,j,0, ..., 1>
Registers (m) 4 Instructions (n) 8
P(xover) 25% Max Inst. Exe (k) 100
Popuationsize 1024 Num. Trials 2,000

Malcolm I. Heywood




CSCI6506— Genetic Algorithms and Programming

Experiment | Experiment Il
P(mutate) 0% P(mutate) 0.1%
28 solutions 2.2x10° 60 solutions 6.8x10°
evaluations/ evaluations/
solution solution

= S(n,m)"=3.5x 10"
» Randam walk of 10° VRM-M(4, 8) programs prodices,
0 104solutions, or 9.5x10° evaluations per solution.
Discusson
=GP solves problem by processng lessprograms than randam walk.

= Not clea whether GP anymore dficient in total computational overhead.

Task 2 — Evolving generic solution to integer sequences [3]

= Wider set of (integer) problems,

0 Square=s=x

0 Cube=s=x

o Fadoria =s=if (x=0) then 1elsefadorial(x — 1)

o0 Fiboraca =s=if (x=0 o 1) then 1else Fiboraca(x — 2) + Fibonaca(x —

1)
= Wider set of dternative seach agorithms
0 Exhaustive Iterative Hill Climbing (EIHC)

=  Methoddogy

e Conduwt an exhaustive seach o al 1-point program
changes and gredlily accept the best as the next move.

= Method
a) Randam generation d ‘n’ instructions for program ‘p’;
b) Exeaute Program and compuite fitness
c) FordliOp

i. for al Instructions [J Instruction Set
[1] Replacep; with Instruction # p;;
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[2] Exeaute Program and compute fitness
d) p* =max{ f(p) } over steps (b) to (c)
e) IFp* #p THEN p=p* andreturnto (c);
f) ELSE IF f(p) # f*(p) THEN return to (a).
0 Hybrid Seach
= Asper GP except oneindvidual at ead generation creaed by,
a) Seed indvidual | from popuation;
b) Apply EIHCtocredel’;
¢) Updatethe popdationl ~ I’ ;
o0 Randam Seach
= Asbefore,
* Randamly crede ‘n’ instructions;
» Evaluate andreaord fitness
Instruction St
= Augment previous instruction set, defining VRM-§m, n), Figure 2 [3],
0 Full set of arithmetic operators.
0 Negation operator;
o ‘Stdou’
= explicitly forward register values for outpLt;
=  Appendidentified register content to ouput stream ‘stdou’;
=  Number of syntadicdly distinct instructions for register machine VRM-Sm, n) is
given by,
o S(nm=6m+6m+4(n+1)+1

= Thetotal number of syntadic programs, as oppcsed to just oneinstance, is

therefore,
o S(n, m"=10*for n, mof 12.
Evaluation
o ¢:(lI,R K - (Sdou)
=  Fitness

0 Let sdenote the sequencefunction, cefined over a sequenceof P terms,

0 Raw fithess
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* Fs(l)=Jio....p-y | V(i) —s(i)| Cecde(i)
o where V(i) istheith term from stdou; S(i) is the sequencevalue & index i;
and scde(i) isascding function for ead element of the sequence,

= scde()) — Sna IF (i) = 0; ELSE Smax / (i)

Experiment
Registers (m) 12 Instructions (n) 12
Popuationsize 256 P(xover) 25%

Stop Criteria 10 solutions or 5 x 10" evaluations

= Tablel[3] summarize performance
0 Hybid algorithm produces best performance;
o0 GPaonefalsonFibomaca sequenceentirely;
o Hill climber awaysfinds some solutions;
0 ‘Randam’ FAILStofind ANY solutionsin al but smplest problem.
= All Solutions are exad.
=  Comments onsolutionsfound,Figure 3[3],
o Fadoria and Fiboraca
= Follow the reaursive definition, retaining sub-results in registers
R4 and R5.
0 Square and Cube
= Expand bnomial theorem and reaursively compute answer;
o0 Multiplicaionrarely employed.
Discusson
= Reaursive solutions always employed,;
= Direded seach methods only located solutions;

= Instructions st does not diredly suppat reaursive operations.

Task 3 — Generic Solution to Binary Problem [4]
=  General solutionto the parity problem sought, independent of word length.

= Alsoinvestigate the significance of,
0 Crosver —substitute mutation o conseautive instructions;

0 Lexicographic fitnessfunction— prioriti sed ranking of multi ple objedives.
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= Previous work onthe parity problem,
0 Solutionfixed to size of the terminal set (say ‘b’ bits)
=  Problem solution orly goodfor parity < b.
0 ADF with treebased GP
= Solutionstill fixed size, but k relatively large (11)
= Aot of apriori information recessary for ADF definition.
Genetic Search
= Seledion Operator
0 (q-tournament seledion.
0 Eadh parent chosen through a tournament between g individuals.
0 Lexicographic fitness
=  Multipletiers, one per criterion.
= |F (multiple individuals given same fitnessunder tier 1 (most
significant criterion))
= THEN (apply tier 2 criterion to resolve tie)

o Tier #1—corrednessof program | ontest caset.
= F'(l) = |R; —answer(t)]
» F()=Sior R - i.e. lower values are best.

o Tier #2— program termination ontest caset.

.+ _ O if | stopswithin k instructions
= R()=0 .
0 0 otherwise
» Fy()sSior Fy(1)  ; i.e higher values are best.

= Seach Operator
0 2-point crossover
0 Single point mutation
0 HeallessChicken Crossover (Maao mutation)
= Most crosover resultsin children performing worse than or
equivalent to the parents, so why bother?
= Maao Mutation operator defined,

» Generate 2 sequences of | randam instructions,
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* Over writeinstructionsin parents|; and | at p;, p; <n—1;
= |.e nahingistransferred from both parentsto child.
Problem Definition
= There ae aninfinite set of parity problems which defined in terms of a natural
number, b, in which the set of training cases, B, consists of 2° exemplars.
= The‘answer’ for training caset isthe number of true assgnmentsin t.
= Individualsrecave,
0 t—atest case asabit string of b bits.
0 b—number of bits (5in this case).
= For ead of the 2° training cases input registers are initiali sed,
o R=<t,bO0,..., 0->
Instruction St
= Branch instructions
0 Include mondtional ched;
0 Now perform atest against zero;
0 Bitwiseinstructions suppated;

= SHL, SHR — produce NOP if result negative or overflow.
Evaluation

=  Parameters

Popuation Size 81X Max. Instr. Exe. (k) 100
Registers (m) 10 Instructions (n) 20
GA-XO P(xover) 25% GA-HC P(xover) 25%
P(SPmutation) 0.1%

0 StopCriteria
» Max Evauation o 1 x 10'° or 10 solutions;

= Solutionimplies terminating program and corred answer on all 2°
training patterns.
» Results—Tablel1[4]

o Randam seach produced 1 solution;

0 Micro-mutation significantly better than alternative schemes.
= Solution Codes— Figure 2 [4].
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o TypeA
= Courts number of bits st ininpu bit string;
=  Time Complexity [1 MSB set;
=  Spedfic example shownis gedficto ‘b’ odd
o TypeB
= Subtradion and AND successvely removes LSB set.
=  Time Complexity [J number of set hits;
= Represent 34 d 40 solutions
o TypeC
=  Appeasto be arare solution.
= Not sure of the pradicdity as based on dvision.
Discussion
= Novel solutionfound, b not computationally efficient.
o0 How might computational efficiency be encouraged?
= Seach clealy nealsto be direded as oppased to randam in order to identify
solutions.

= Doestheladk of crossover rule out buil ding blocks?
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