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GP experiments in optimising Triangle.c

Population Diversity, Information 
Theory and Genetic Improvement



What happens if we add diversity into the fitness function?



triangle.c

The software engineering triangle benchmark takes 
three inputs and returns one of four integer values 
representing the type of the triangle: scalene, 
isosceles, equilateral or not a triangle

https://github.com/wblangdon/triangle/blob/master/jss/triangle.c
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Table 1. Faster triangle.c

Representation: C code converted to XML by srcml. Variable length linear sequence of
XML mutations. Mutated XML converted to C code and compiled.

Fitness cases: 14 test cases, each 3 sides of triangle and expected classification. Test
suite designed to cover original C code.
Test suite weighting to favour important outputs: scalene and equilat-
eral (one test each) weight 81, isosceles (three tests) weight 27, not a
triangle (nine tests) weight 1, (Section 3).

Selection: Fitness is the sum of the number of instructions taken by each test
multiplied by its weighting

fitness =
P14

i=1
X86 instructions for test i⇥ weight i

If mutant fails to compile, fails at run time, exceeds 2 second time out
or gives wrong answer on any test its fitness is so bad it will never have
children.
1st fitness based rank selection and 2nd contribution to population
diversity, see Figure 1 and Section 2.2.

Population: Panmictic, non-elitist, generational, size 1, 2, 5, 10 · · · 1000.
initial pop Every triangle.c is mutated exactly once. All compile and run (page 6

item 2.). Initial fitness 7929–12578 (most as unmutated code 9069).
Parameters
Magpie: Python version 3.10.1, GGC version 10.2.1, compiler options -O3

-DNDEBUG. Magpie defaults except [search] warmup=1. XML edits:
StmtReplacement StmtInsertion StmtDeletion ComparisonOperator-
Setting ArithmeticOperatorSetting NumericSetting RelativeNumeric-
Setting StmtMoving

GP : 50% subtree XML crossover, 50% subtree XML mutation (Section 4.1).
100 generations. No size limit.

approximation ⇥ to estimating population diversity does as well as the quadratic
approach inspired by Feldt et al.’s Test Set Diameter O(n2) [21] + and it is
considerably faster (Section 6.6). Except for some runs with a population of only
one or two, all runs make progress. If we concentrate on runs with a population
of 20 or more, the median speed up is 16%.

6.2 Evolution of Performance

The performance of the three types of selection with various population sizes
are summarised in Figures 2 and 3. Figure 3 plots the evolution of the fastest
(weighted) triangle.c program in the population at each generation for a typical
run at each population size. Typically each run does not converge and the pop-
ulations contain a range of fitness values. As expected performance depends on
population size, with larger populations doing better. Runs with a population
containing a single program (which will have been created by crossover) typically
make no progress (shown by a horizontal line at the top of Figure 3).

In the absence of elitism (Section 2.2 above), even though the best in the
population is guaranteed to be part of the breeding population, they have no
guarantee that they will be selected from it for either way of making genetic
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Fig. 1. Incorporating Cohen and Vitani’s Normalised Compression Distance
on Multisets (NCDm) [36] O(n2) into genetic algorithms. The GA population
can contain duplicates (hence multiset rather than set). Each generation the
GA selects from the current and previous generation the best (pink) and those
of the average fitness individuals (hatched) which make the population most
diverse (i.e. hardest to compress).

are available and these o↵er trade o↵s between accuracy and e�ciency. Com-
monly used is Cilibrasi and Vitanyi’s compression based approximation, the Nor-
malised Compression Distance (NCD) [38,25]. At the other end of the e�ciency
scale is the well known but more approximate Levenshtein distance [39,40,41],
also satisfying the metric space axioms, and in the middle is dictionary based
compression which can be e�cient and produce a tight upper Kolmogorov Com-
plexity bound for a known, finite population.

We exploit a variant of NCD known as NCDm, or NCD for multi-sets, that
produces a single diversity measure or “diameter” for a multi-set, such as an
EC population [21,36]. In addition, we err on the side of e�cacy rather than
e�ciency, using Cohen and Vitanyi’s suggested quadratic-in-population-size ap-
proximation for NCDm as well as a linear one of our own invention. When im-
proving the execution speed of the triangle program, we find that these diversity



But what is the compression about?What is NCD for multisets?

K (x |y): The conditional Kolmogorov complexity

The conditional Kolmogorov complexity of a string of symbols, x ,
given another string, y , is the length of the shortest program that
outputs x , given y as input.

K (x)
4
= K (x |✏). Not computable.

ID: The Information Distance

For two strings x and y ,

ID(x , y) = max{K (x |y),K (y |x)}

Universal and Generic

Robert Feldt, Simon Poulding, David Clark and Shin Yoo Test Set Diameter

Vitanyi



NID: The Normalised Information Distance

For two strings x and y ,

NID(x , y) =
max{K (x |y),K (y |x)}

max{K (x),K (y)}

Enables comparisons between strings of di↵erent lengths

NCD: The Normalised Compression Distance

For two strings x and y ,

NCD(x , y) =
C (xy)�min{C (x),C (y)}

max{C (x),C (y)}

Computable approximation using compressors such as 7zip, Bzip

Robert Feldt, Simon Poulding, David Clark and Shin Yoo Test Set Diameter

Cilibrasi 
and 
Vitanyi



Extension to Multi-Sets

Extension to Multisets

Cohen and Vitanyi. Normalised compression distance of
multistep with applications. 2012.

NCD: The Normalised Compression Distance for multisets

For a multiset X ,

NCD1(X ) =
C (X )�minx2X{C (x)}

maxx2X{C (X \ {x})}
(1)

NCD(X ) = max

⇢
NCD1(X ),max

Y⇢X
{NCD(Y )}

�
(2)

Time complexity O(2|X |)

Robert Feldt, Simon Poulding, David Clark and Shin Yoo Test Set Diameter

Cohen 
and 
Vitanyi

Population 
Diameter
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Approximate NCD for Multisets (NCDm)

Approximate NCD for multisets

The algorithm starts from the multiset Y0 = X = {x1, x2, . . . , xn},
and proceeds as:

1 Find index i that maximizes C (Yk \ {xi}).

2 Let Yk+1 = Yk \ xi .

3 Repeat from step 1 until the subset contains only two strings.

4 Calculate NCD(X ) as: max0kn�2{NCD1(Yk)}.

Time complexity O|X |
2)

Robert Feldt, Simon Poulding, David Clark and Shin Yoo Test Set Diameter



We compare three approximations

• NCDm (quadratic in the population size) 

• A linear approximation that simply removes strings based on smallest size in each step 

• Random selection of victims 

The number of programs of average 
fitness is 10% of population on 

average 
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2. To create the initial GP population Magpie is run many times to create one
random mutant at a time. We reject mutants which do not compile, give
runtime errors or fail one or more fitness test. We keep doing this until we
have enough credible mutants to fill the initial population (mutant triangle.c
mean size 1320.1 ± 41.8 bytes).

3. As our GP is running, Magpie facilities are used to compile, run, test and
calculate fitness of each mutant.

4.1 GP Operations: Mutation and Two Point Crossover

The basic Magpie representation is like linear genetic programming [51,52] and
consists of a text based list of genes. Therefore it is easy to extract and insert
individual genes from and into Magpie genomes.

Mutation: a parent, selected uniformly at random from the breeding popu-
lation, is copied and the copy mutated by selecting uniformly at random one
gene within it and replacing it with one taken at random from the 2535 possible
di↵erent XML mutations (see item 1 in previous section).

With crossover: two parents are chosen uniformly at random from the breed-
ing population. The first is copied. Two random cut points are chosen uniformly
in the copy and in the second parent. The middle part (i.e. between the cut
points) of the copy is replaced by genes copied from the middle of the second
parent [53, Fig. 2].

Note mutation does not change the number of genes whereas crossover can
but on average neither changes the genome’s length.

5 Experiments

The GP/Magpie system was run 10 times on populations of 1, 2, 5, 20, 50, 100.
Also there were a few runs of 200, 500 and 1000. For each we tried three types
of selection (Figure 1 Section 2.2): based on Feldt et al.’s NCDm O(n2) [21],
our linear O(n) approximation to NCDm and finally breaking ties of average
fitness at random. The GP representation, fitness and parameters are given in
Table 1. The fastest triangle.c mutant on test cases may be found any time up
to generation 100.

6 Results

6.1 Speedup

Figure 2 shows the performance of the best in run for all ten repeated runs. As
expected there is variation between runs but typically the population needs to
contain at least 20 mutated programs for the search to do well. Indeed, although
we did a few runs with larger populations (200, 500 and 1000) there seems to
be no advantage in increasing it above 100. There is little di↵erence between
the three selection algorithms (plotted with +, ⇥ or 2). Note the new linear
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Fig. 2. Fastest triangle.c mutant found in ten runs by generation 100 with
pop size 1, 2, 5, · · · up to 1000 (only 1 run 200–1000). Select best from current
and previous generations to be parents. (One linear ⇥ run with population 1 got
stuck at fitness 11 170.) Small horizontal noise added to spread data. Section 6.1.

changes. And even if selected, their children will be either mutated or created by
crossover. Either of which may give a child with worse (or indeed better) fitness.
Thus although a downward trend can be seen in Figure 3, fitness does not usually
improve monotonically. Indeed, since we are hoping for diverse populations we
should not be disappointed that evolution does not lock into the “best seen so
far” fitness value.

6.3 Evolution of Population Diversity

Figure 4 shows the average evolution of information contents of the population
in ten runs with a population of 100 for the three selection schemes and Figure 5
presents a summary by selection scheme and population size (note log scales).

Typically only about 10% of the population have average fitness (where in-
formation content is used to break ties, Section 2.2). Suggesting, in contrast to
typical tournament selection [3, Sect. 2.3], selecting the best of the current and
previous generations with 100% (50% crossover + 50% mutation) genetic modi-
fication avoids too high a selection pressure and does not drive the population to
converge on a single fitness value [54] and instead our GP retains diverse fitness.

As with Figure 2, Figure 5 presents a summary of all the runs for each
selection type and population size. As typically the population’s information
content does not tend to rise to a maximum at the end of the run but often falls

Fastest triangle.c mutant found in ten runs by generation 100 with
pop size 1, 2, 5,· · · up to 1000 (only 1 run 200–1000). Select best from current
and previous generations to be parents. (One linear × run with population 1 got
stuck at fitness 11 170.) Small horizontal noise added to spread data.

Median improvement 16%

Speed up
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Fig. 3. Evolution of best fitness in typical run using linear O(n) complexity se-
lection. GI populations from 1 to 1000. Runs with O(n2) and without complexity
selection are similar. (Same run colours as Figure 2.) See Section 6.2.
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Fig. 4. Evolution of median population diameter for ten runs with the three
selection schemes. GI populations of 100. The error bars give the interquartile
spread across ten runs. Note change in colour scheme.
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Fig. 5. Average compressed population of triangle.c mutants (see Section 6.3)
in ten runs up to generation 100 with populations 1, 2, 5, · · · up to 1000 (only
1 run 200–1000). Small horizontal noise added to spread data.

towards the end, Figure 5 gives the average information content across each run.
As expected, Figure 5 shows the higher performing larger populations contain
more information than the smaller populations of triangle.c mutants. Whilst,
in terms of population information content, our linear O(n) ⇥ approximation
behaves as Cohen and Vitani’s O(n2) NCDm [36] +. Although the fitness only
approach 2 gives on average less compressible populations (p = 4 10�17 two-
sided non-parametric Mann-Whitney U test), across the 73 runs of each type
the median di↵erence is only 13%.

The size of the triangle.c mutants (phenotype) is determined by the muta-
tions applied (genotype). On average both information based selection schemes
increase the C source code by about 10% (to 1430 bytes) while with fitness only
selection there is more bloat (24%, 1617 bytes). gzip is very good at compressing
the populations. For example with populations 1, 2, 5 and 10, it compresses the
whole population into less than half the space of the original program. Even with
the larger populations (e.g. 100) gzip gives average compression ratios of 46–74.

6.4 Evolution of Genome Size

To illustrate the evolution of the number of genes, Figure 6 shows the growth of
the average genome size for ten runs with a population of 100 triangle.c programs.
It plots 10 runs with O(n2) (solid lines), 10 runs with our linear information based
selection (dashed lines) and 10 runs with fitness only selection, where fitness ties

Average compressed population of triangle.c mutants in ten runs 
up to generation 100 with populations 1, 2, 5,· · · up to 1000 (only
1 run 200–1000). Small horizontal noise added to spread data

Mean 
population 
diameter
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Fig. 9. Example Magpie changes to triangle.c which reduces its (weighted)
instruction count from 9069 to 7544 (17% improvement). Pink code removed,
green inserted. (Initially 1300 bytes, mutant 1438 bytes.) See Section 7.

3.6GHz Intel i7-4790 desktop. Naturally the O(n2) algorithm [36] scales badly
with population size and in the worst case the time to select the parents with
the largest population (1000) reaches almost two hours.

7 Discussion: Example Small High Fitness Mutant

Figure 9 shows a high scoring Magpie mutation as a C source code patch. The
example is from run 6 with a population of 50 using O(n2) selection (we have
deliberately chosen a small example to make explaining it easier). The mutated
triangle.c is now larger (and so more di�cult to compress). It was discovered
in generation 15. As the run continued, evolution found similar mutations with
identical scores containing the same genes (some repeated) plus others giving a
still larger C source code. The Magpie genome for this mutation contains two

Example Magpie changes 
to triangle.c which 
reduces its (weighted)
instruction count from 
9069 to 7544 (17% 
improvement). Pink code 
removed, green inserted. 
(Initially 1300 bytes, 
mutant 1438 bytes.)

Example



Conclusions

• Hard to assess effect from including NCDm as part of the fitness 

• Not much difference between (1) fitness only, (2) quadratic and (3) linear versions

PTO



• NCDm works best on loooooooooooooooooooooooooooooooooooooooong strings 

• Dictionary based compression works better on short strings (maybe chose wrong 
compression method?). See Shoco (from Meta). 

• Very ambitious would be to replace fixed population size with fixed population diameter size 
— at least for the initial, expansive/exploratory phase of GI/GP 

• NCDm algorithm could be used alongside fitness in fitness landscapes with many plateaus

thank you for listening


