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I. Introduction

Background And Brief Introduction of This Work

In this work we investigate the way an AI program can generate Neo-Plastic pictures by adopting an interactive 
bacterial evolution algorithm.

Within the domain of Artificial Intelligence, “creativity” problems (that require the computer to design some-
thing) are interesting and challenging topics because “creativity” is truly an essential part of “intelligence” and 
is believed to be owned only by human. However, there's no Strong AI that truly owns “creativity”1 has been 
implemented yet, since even humans themselves have not realized the source or principle of their own creativi-
ty. Although having an AI which is as creative as humans to create artworks is not practical now, some weaker2 
programs using “conventional” methods does output meaningful results. In short, these programs do not un-
derstand their creation, instead they just simply iteratively refine their works by a given mathematical model 
or evaluations from human, until the result is good enough. In these programs, often evolutionary algorithms 
are involved.

The evolutionary algorithm is a class of non-linear approximative algorithm that simulates the natural proce-
dure of evolution[14]. The core concept of evolution is natural selection that iteratively eliminates bad individ-
uals and preserves good individuals. As an outcome all individuals within the system tend to be better after 
some generations. Adopting this concept into cyberspace we can solve a class of problems without the necessity 
of understanding the problem (for instance: what's good art?). 

The style we try to simulate is called “Neo-Plasticism”, which is created by Dutch artist Piet Mondrian. Illustra-
tions 1-5 show some of Piet Mondrian's famous composition series. In general, Neo-Plasticism proposed ulti-
mate simplicity and abstraction, by using only straight (horizontal and vertical) lines and rectangular forms. 
The colour palette was reduced to the primary colors red, yellow and blue. Black, white and gray are also 
used.[9]

Since Neo-Plastic artworks mostly contain geometric shapes they can be easily digitalized and analyzed. The 
simplicity of geometric shapes makes it easy to describe mathematically, thus we can implement an algorithm 
that randomly generates Neo-Plastic graphs strictly following the definition of De Stiji3 but does not guarantee 
the quality of graphs generated. Thus our target could be formalized as two steps:

1. Generate Neo-Plastic graphs.
2. Evaluate and refine these graphs to make better graphs.

To achieve step 1 we need a formalized definition of “Neo-Plasticism graph”, and an algorithm built on this def-
inition to generate large number of graphs. Step 2 is where the interactive genetic algorithm gets involved. In 
step 2 we present one or more of the graphs generated in step 1 to the user to receive some “rating”. This “rat-
ing” information is used in refining the graphs. Step 2 is an interactive stage that uses human perception as an 

1 Strong AI hypothesis: that AI are truly intelligent and self-aware. [3]
2 Weak AI hypothesis: that AI just behaves and always behaves intelligent. This allows intelligent AI being imple-

mented by some less-amazing methods such as searching. However according to the rule of Occam's Razor, the 
definition seems redundant.

3 De Stijl is a Dutch artistic movement which purposed Neo-Plasticism. It is also the name of a journal.
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implementation of the fitness function in the GA process. 

Related Work

Much research on computer generating pictures using genetic algorithm has been done.  

Automatic Picture Generation: An attempt to automate generating textures by using a statistical model 
has been successful[1]. Although it is very hard, or impossible to give an explicit and precise mathematical 
model for the concept “aesthetic” (such an attempt would probably lead to determinism), a minor quantitative 
model focusing on one single aspect of “aesthetic” is still capable of functioning as a rating module in the evo-
lution procedure. The model used in the evolutionary image synthesis focused solely on the colour variation of 
the painting.

 The research[13] reveals that colour gradients of many famous artworks conform a normal distribution. It is 
believed that the human response over an artwork is (partially) determined by the visual stimuli that it gives 
on colour. Humans are more attracted to the part where colour shifts and are more comfortable at a certain 
“shifting rate” of colors.  Varieties of famous masterpieces are analyzed and a mathematical model about the 
colour gradient is abstracted. The model consists a group of statistical parameters collected from the samples, 
such as mean and standard divination of the pixels' RGB value. Since masterpieces are considered aesthetic by 
a large population of humans, the model could be used in the fitness function in the evolutionary process to 
generate nice pictures.

The model is quantitative (all it's values are real numbers) and simple enough to be programmed in a fully au-
tomated evolutionary process without intervention of humans, thus the number of elements and generations 
can be massive as long as the computer can cope ([1] uses 50 generations during an experiment). Large num-
ber of solutions and generations are not practical in an interactive scenario since human is easily get exhaust-
ed. 

However, the outputted images are somehow bald, since the model focused solely on colour gradient supports 
no higher level of concepts that has bigger granularity than pixels,  such as architecture or proportion. The gen-
erated pictures are pretty abstract without showing any identifiable figures. However, this approach is very 
successful when the palette is sampled from impressionistic paintings (for instance, artworks from Claude 
Monet), which are heavily focused on the usage of colour to express their themes.

Analysis Over Mondrian's Work: Mondrian's Neo-Plasticism paintings feature visually pleasing images 
with simple geometrical shapes and compositions.  Attempts were made to discover the “rules of aesthetics” 
that lies within.  An experiment[6]  confirmed the existence of the aesthetics of Mondrian's painting that make 
them more than vertical-horizontal lines and colour bricks: “...that the pictures are not random configura-
tions of lines, but instead are optimal aesthetic configurations”[6]. Participators were asked to make a prefer-
ence judgment upon two groups of Mondrian-like paintings: one group being the duplication from original 
pieces and another group being “pseudo Mondrian” which were slightly modified on limited spots from the 
originals. The fact that statistically the participators shown more preference over original ones indicates that 
the composition of elements of Mondrian's painting was carefully considered by Piet Mondrian, although the 
artist himself claimed not to use an explicit rule[7]. 

Although the work [6] did not give any description or conclusion upon the model that lies within, it did pro-
pose a methodology,  that the rules of “Mondrian's painting” -- or the “nature of composition” can be empiri-
cally discovered by experimenting with multiple different compositions originating from Mondrian's work. 
 
Besides the empirical technique that requires human evaluation, there are multiple attempts to retrieve mathe-
matical models by performing quantitative analysis over the geometrical structure of Mondrian's paintings.  It 
is sure that Piet Mondrian himself did not consider math while composing,  so the problem is whether he did it 
subconsciously. Although there is no strict evidence proving that simple “number math”[4] (measuring grids 
and lines of the graph, finding a “golden ratio” or something similar) is a dead end, such attempts did not give 
convincing results so far4. 

4 “Misplaced attempts” as criticized. [8]
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This work does not try to discover the rules of Mondrian's works. The AI program5 that generates Mondrian-
like pictures does not have a “predefined” model of aesthetics for automatic graph quality evaluation. Instead 
the program collects and refines possible parameters of the model according to humans reaction. The method 
is more empirical than mathematical. A genetic algorithm – which gradually builds a solution and are good at 
finding satisfying solutions which are not necessarily globally optimal6 is quite suitable for our problem at 
hand.

The Interactive Genetic Algorithm is widely adopted to solve problems that involve subjective judgment from 
humans. Applications include: music composing that generates melody[10], industry design[11], facial image 
generation by combining partial images of facial photos[12].  It is reasonable to believe that IGA7 is suitable for 
the problems that need human creativity and intuition – which are not yet owned by artificial intelligence. 

5 Darwindrian. The program that implements AI composing of Mondrian-like paintings. 
6 There's no such graph that is “best above all” that everybody agrees on.
7 About (Interactive) Genetic Algorithm and Bacteria Evolution Algorithm: precisely in this work we use BEA to 

solve the problem. BEA is treated as a variation of Genetic Algorithm since both of them share the same proce-
dure with implementation difference on several spots, and “interactive” is a word describing the implementation 
of fitness function for both. See Part II – a genetic algorithm scaffold.

3



4

Illustration 1: Opposition of Lines: 
Red and Yellow

Illustration 3: Composition 
in White and Blue

Illustration 2: Rhytmus

Illustration 5: Composition with Blue

Illustration 6: Early Selected pro-
duction of Darwindrian prototype, 
480 x 480

Illustration 7: Early Selected pro-
duction of Darwindrian 
prototype,480 x 480

Illustration 8: Early Selected pro-
duction of Darwindrian 
prototype,480 x 480

Illustration 4: Composition of Red, Blue 
and Yellow



II. Definitions, Issues and Technical Alternatives

Defining rules of Mondrian-like8 Graphs

As stated by the declaration of De Stijil, only vertical lines and horizontal lines are allowed in the graph. The 
rectangle is also stated as the basic element of Neo-Plasticism, but from a programmatic point of view, rectan-
gles are nothing more than a “byproduct” formed by horizontal and vertical lines. Thus a Mondrian-like graph 
could be deemed as a collection of horizontal and vertical lines, in another word, “line-based”.
However, certain rules must apply on the lines or the produced graph will be totally chaotic.  To clearly define 
these rules following node types are defined9: 

− Nodal point – from which 3 or more lines emanate. Since only vertical and horizontal lines are allowed in 
the graph, a nodal point could emanate 3 or 4 lines.

− Arbitrary point – from which exactly 2 lines emanate.
− Terminal point – from which one line emanate.

And we further define several special cases, just for convenience:

– Cross point – from which 4 lines emanate, which makes the point the center of a cross. This is a special 
case of nodal.

– Online point – from which 2 lines emanate, which form a 180 degree angle. This is a special case of arbi-
trary.

– Right angle point – from which 2 lines emanate, which form a right angle. This is a special case of arbi-
trary. Such point is not allowed.

– Initial point – no line connected to this point as yet.

Examining Mondrian's related artworks it could be revealed that each line in the graph must have both of it's 
ends being nodal or online, or in some very rare cases, have one end being terminal. If we treat the edge of 
canvas being a special set of invisible lines, rule 1 could be given:

– Each line in a Mondrian-like graph, must have one of it's ends being nodal or online, another end being 
terminal, nodal or online.

In part III we introduce an algorithm that utilizes rule 1 to generate random Mondrian-like graphs.

Defining The Problem

Although the word “create” or “design” hints at shaping something from nothing, we can still classify a “cre-
ativity problem” as  simple searching problems (in which the word “search” hints at finding something that al-
ready exists) – it sounds counterintuitive and humiliates intelligence, but from a point of view of AI the follow-
ing terms are quite equivalent:

– Draw a nice picture on a given canvas (for instance: 100 x 100 pixels) or
– Lookup a nice picture among all possible pictures of a given canvas

Principally all possible pictures can be defined: if using 256bit RGB coding for a canvas containing 100 x 100 
pixels, there would be (2563)10000pictures, which is quite a big number but still finite. We can imagine that an AI 
painter composing a painting starting from an empty white canvas. Each time it puts a stroke on the canvas, it 
produces a semi-production of the final masterpiece, and this semi-production can always be found among all  
possible pictures. If we record the whole composing procedure, from the first stroke on the empty canvas to the 
last stroke that finishes the masterpiece, we can have a sorted queue of semi-productions, with the first ele-
ment being the empty canvas and the last element being the finished masterpiece. This queue could be deemed 
as a search path in a solution space with every semi-production being a node of the search path: that the AI is 
not actually composing a painting, it is looking for an existing good solution by going through a search path.

8 We call that graphs generated simulating the style of Piet Mondrian's as “Mondrian-like”, to distinguish from 
Mondrian's original works.

9 Concepts borrowed from [5], which is a topology analysis over Mondrian's painting. 

5



From this point of view, our target “create good Mondrian-like pictures” is quite equivalent to “searching good 
Mondrian-like pictures”. Of course linear algorithms are not practical for problems with such big solution 
spaces, that is why a genetic algorithm is introduced. We define the following terms for the problem: 

Solution space: a set containing all Mondrian-like graphs of a given specification
Solution: a Mondrian-like graph that does not violate rule 1
Target: find a solution in the solution space which is good enough.

And the following genetic-algorithm-specific issue  are involved:

Chromosome Encoding: a chromosome contains all needed information to construct a solution. 
The simplest way to encode the chromosome is not to encode at all – the data structure used to store the solu-
tion is taken directly as the chromosome. However, chromosomes must support genetic actions such as 
crossover and mutation. It must guarantee that after crossover or mutation, the encoding is still valid – that is, 
the derived chromosome must still be able to construct a solution. 
Fitness Value: fitness value is a rating of a chromosome measuring “how good it is”. The simplest form of fit-
ness value can be a single numeric value, but it is far from enough to rate complicated solutions. A fitness value 
could be a data structure containing multiple assessments for different objectives[2].

A Genetic Algorithm Scaffold

Most problems utilizing genetic algorithm has the same structure that merely expresses the procedure of evo-
lution:

#Pseudo-code of evolution
genetic_algorithm:

this_generation = Nil
next_generation = Nil
while true:

if this_generation == Nil:
this_generation = generate_first_gen()

end if
evaluate_all(this_generation)
while next_generation NOT FILLED:

parents = select(this_generation)
offspring = multiply(parents)
mutate(offspring)
#add offspring to the next generation
next_generation <- offspring 

if target_reached?(next_generation):
return result(next_generation)

else:
#next iteration
this_generation = next_generation
next_generation = Nil

end if

However, the functions marked bold are problem dependent. Their meaning and functionality defines as fol-
lows:

generate_first_gen(): At the very beginning the first generations of chromosomes must be generated. 
evaluate_all(): This is a rating phase during which each chromosome is assigned a fitness value. The fitness 
value is calculated by the fitness function which could be a mathematical model, or human, or a combination of 
both.
select(): Choose a pair of parents from the given generation. The most famous algorithm of doing is roulette 
wheel: each chromosome occupies a sector area of a roulette wheel, the size of the area is decided by it's fitness 
value. A chromosome is selected if the ball falls into it's sector area. The chromosome with higher the fitness 
rating has the bigger the sector area, and with better chance to be selected.
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multiply(): a pair of chromosomes exchange part of them and produce their successor chromosome.
This is the main difference between bacterial evolution algorithm and conventional genetic algorithm. Biologi-
cally the multiplication of bacteria is very different from vegetables or mammals. Instead of crossover (X1X2 + 
X3Y4 = X1X3 + X2Y4), bacteria simply duplicate themselves and occasionally absorb DNA from others. 
Part IV discusses the implementation of bacterial behavior of multiplication of our problem.
target_reached?():This function evaluates whether a good enough Mondrian-like graph exists in the given 
generation thus returns it and terminates the algorithm.

III. Digitalization of Mondrian-like painting

Pixel Graph vs Vector Graph

A digital representation of the artwork needs to be strictly defined for a computer program if it intends to pro-
duce such artwork. The most commonly used method digitalizing a painting is to put it into a scanner which 
outputs a pixel-based bitmap. In the bitmap the painting is represented by a n*m matrix in which each element 
is a pixel represented by RGB value. However, since the pixel-based solution is quite of small granularity, com-
plicated statistical methods are required to performed analysis over bitmap or generating them in a reversed 
manner.

However, although a pixel-based solution seems to be the only choose of digitalizing paintings that are very 
complicated in shapes and colors (Illustration 9), it is not efficient at describing Neo-Plastic artworks since 
most pixels are wasted on representing the same attribute (Illustration 10).

We use a vector-based approach for describing Neo-Plastic paintings. Instead of recording data based on pix-
els, the graph is parsed into lines and curves which are represented by a set of vectors. A vector based solution 
is very efficient describing graphs containing mostly geometric shapes and curves – which is a most significant 
feature of Neo-Plasticism. Although quite abstract and simple, the seemingly-random layout and colour of 
rectangles and lines within Neo-plastic paintings shows aesthetics:

Even the most perfect, the most general geometrical form expresses something specific. To destroy this limi-
tation (or individuality) of expression as far as possible is the task of art, and constitutes the essential of all  
style -- Piet Mondrian

The basic element of Mondrian's Neo-Plastic painting is the line. The advantage of using a vector-based ap-
proach rather a than pixel-based approach is significant: instead of describing every pixel on a line, we only 
need to describe the line's end points and it's colour.
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Illustration 9: Academic art - Flaming June - 
Fridrick Lord Leighton. The complexity of colour 
gradient and curves of this Academic-art style 
masterpiece makes it impossible, or very low ef-
ficient, to be described as a collection of vectors.  
Describing pixel by pixel is the only choice.

Illustration 10: Neo-Plasticism - Compo-
sition of Red,Blue And Yellow - Piet 
Mondrian.. If using a pixel-based ap-
proach, there would be a lot of redun-
dant data. For instance, all pixels in the 
big red rectangle has the same RGB 
value.



Random Generation of Mondrian-like graph

By utilizing nodes types defined in part II defining the problem, we can develop an algorithm that generates 
Mondrian-like graphs obeying rule 1. Following steps describes the procedure:

Step 1 (pic step 1): several original points are sampled from a certain distribution (the number of points and 
the distribution are controlled by chromosome, see IV). Original point is a special kind of point from which the 
whole graph is derived.
Step 2 (pic step 2): draw imaginary vertical and horizontal lines across all the original points.
Step 3: A set containing all imaginary lines is a super set of Mondrian-like graphs that originate from these 
original points.  Drawing some of these imaginary lines obeying rule 1 makes a Mondrian-like graph. Each 
original point could emit lines at 4 directions: East, West, North, South. We start to construct the graph by 
emitting one line each time for each point, from left to right. In step 3a, line 1 is the first line drawn on the 
canvas. According to rule 1, it must end at one of the four edge lines since there's no other lines drawn on the 
canvas where it could terminate on; line 1 also can not terminate on the middle of nowhere, because that would 
violate rule 1 for both ends being terminal. Line 2 must also end at edge because it could not intersect with line 
1. So is line 3. Line 4 has the option to end at one of the edge, or end at line 3, latter option is selected. It should 
be noticed that in here line 1 and line 4 forms a right angle which is not acceptable, but soon we will see that 
this angle will be fixed either in step 3 or step 4. This procedure repeats until we have added 2 lines for each 3 
original points, and we back to the leftmost original point ready to draw the 7th line for it. 

In step 3b, line 7 has the following options:

− end at line 6
− end at bottom edge
− end at line 3
− end at right edge
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step 1: Random original points generated 
on a given canvas

step 2: Imaginary lines drawn crossing 
original points



A random procedure made the decision for line 7  to end on line 6, this fixes the right angle formed by line 1 
and 4. But even line 7 does not fix it, the right angle will still be eliminated at step 4.  Also line 8 ends on line 
6, line 9 ends on bottom edge.

Step 4 is a remediation stage that makes sure no right angle points exist in the graph at the end. 

It is not hard to see that if we execute step 3 for 3 times, every original point would have 3 lines connected, 
thus all points are guaranteed to be nodal and step 4 not needed. But this approach would reduce some varia-
tion that the graph can possibly have since it eliminates the presence of online and terminal (which is rare but 
does happen) points. If we execute step 3 for 4 times, all points will be cross, all imaginary lines would be 
drawn and the graph will always become a boring net.

To give more variation to the graph, the execution of step 3 is probability based. Instead of definitely giving a 
line to an original point each time, we assign a probability value of “giving a line”, according to the current type 
of the original point. These probability values are actually controlled by the chromosome, but we give an exam-
ple with explicit values here:

initial point – 100%: a point without any line connected definitely deserve a line to be given
right angle point – 100%: such a point is not allowed and must be eliminated by giving a line
online point – 30%
terminal point – 90%: a terminal point is rare, but does exist in Mondrian's works. So we give a high probabili-
ty that  terminal point will be eliminated by giving a line
cross point – 0%: already had enough
nodal point which has 3 lines – 20%

Step 5: the mission of stage 5 is to fill the rectangles with primary colors. Since the skeleton of the graph is 
line-based and no rectangle is recorded previously, the first target is to search for all the rectangles with the 
graph with some algorithm. It should be noticed that many rectangles are nested. In Mondrian's work (illustra-
tion 1 and 2) it is allowed that a rectangle contained other rectangles filled with colour10.

10 The early prototype program sometimes filled the whole frame with colour since the frame itself is considered a 
(biggest) rectangle. 
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step 3a: Draw lines emit from the original 
point (sequence marked by number)

step 3b: Skeleton complete



IV. Evolution of Mondrian-like graph

Issues of Chromosome Encoding

The first problem to encounter when implementing an evolutionary algorithm is the encoding of the chromo-
some for the solution. 

The simplest way of doing this is to use the data-structure that represents a solution directly as the chromo-
some.  However this approach is applicable only if the solution is “structurally smooth”, because the chromo-
some need to support genetic operations such as mutation or crossover and it must guarantee that after exe-
cuting genetic operations the derived chromosomes must still remain valid. For a chromosome space C:

∀ c1 , c2 , ...cn∈C , genetic−operation c1 , c2 , ... cn∈C

For example, a 2D array P xy  representing a pixel graph containing (x+1)*(y+1) pixels can be used directly as 
a chromosome:

P xy=[p00 p01 p0y

p10 p11 p1y

  
px0 px1 pxy

]
For a crossover operation on solutions A xy ,b xy  at some crossover point uv :

crossover  A xy , Bxy , uv=[
a00 a01 a0y

  
au0 auv bu v1
bu10 bu1 1 bu1 y

  
bx0 bx1 bxy

]
The derived chromosome (or solution) remains valid (still a pixel graph) because each element in the matrix 
has the same meaning. However, this approach is not applicable for scenarios with rules, in which elements in 
the structure have different meanings. Let's consider a simplified solution space of our Mondrian problem, in 
which every solution is a vector graph that:

1. Contains n+1 lines
2. All lines must be either horizontal or vertical

The possible data-structure representing a Mondrian-like graph M n and the rule can be formally defined as 
following:

M n=[m00 m01

m10 m11

 
mn0 mn1

] mn0 ,m n1 is the end points of line n

∀0≤v≤n , mv0 . x=m v1 . x ∨m v0 . y=mv1 . y 

Assume that we have solutions (or chromosomes, in this context they are equivalent) An , Bn . Performing a 
crossover operation on some crossover point u0 :

10



crossover An , Bn ,u0=[
a00 a01

 
au0 bu1

b u1 0 bu11

 
bn0 bn1

]
Then there's no guarantee of holding au0 . x=bu1 . x ∨au0 . y=bu1 . y and the rule is breached. We can see it 
is required that the recombination of genes between/among two or more chromosomes must still form a valid 
chromosome. To avoid derived chromosomes going “out scope”, each gene within the chromosome must be 
“perpendicular” to others so that replacing one would not affect the rest. Encoding a Mondrian-like graph by 
specifying every vertexes in the chromosome is trivial and futile since the successor is highly likely to violate 
rule 1 defined in Part II. Since the bacterial multiplication behavior is even more complex than crossing over, 
the encoding of the chromosome in the Mondrian-like problem must fulfill more strict requirement.

Structure of The Chromosome of Mondrian-like Painting

Convention
Some structures described in this work are represented as array. Such structure would be written with each 
symbol of it's members enumerated within square brackets:

structure=[member0 ,member 1 , ... ,memberN ]

and it's member could be accessed using dot and index value:

structure.membern

assignment operation can be carried out by using “<-”:

sa .member n sb .membern

which replaces the value of left hand side with right hand side.

A formal definition of the chromosome
Assume that ML  is the solution space (a set of all Mondrian-like painting);
 C is the chromosome space: 

C={c | c=[ g0 , g1 , g N ] , solution−of c∈ML , N is constant }
∀ c0 , c1 ,cN∈C ,c=[c0. g0 , c1 . g1 , cN . g N ]⇒ c∈C

Literally, a chromosome assembled from parts taken from other chromosomes is always valid.

Chromosome Rating
Each chromosome is assigned a chromosome value by the fitness function, which identifies it's quality in the 
evolution. The simplest form of a “fitness value” would be a single real value. However, the thing we trying to 
rate here is “art” which is too complicated to be rated by a single value.

We use a multi-objective fitness value to rate the chromosome. Each gene of a chromosome has a value associ-
ated. Formally, for any chromosome c x=[g0 , g1 ,gN ] , and a fitness function Fitness c  , there is a fit-
ness value f x :

f x=Fitness cx =[r0 , r1 , ...r N ] , r n=Rngn
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Where Rngn are a group of rating functions, each of them assigns a rating value r n on gene gn .

With a multi-objective fitness value structure, varieties of evaluations based on different standards could be 
summarized. For example if a Mondrian-like graph is going to be evaluated on “structure”, then three specific 
genes ga , gb , gc are involved in the evaluation because they're the genes that directly control the structure of 
the graph. Then a evaluation function focused on a certain aspect could be given:

Evaluate−structure f = f.r a f.rb f.r c/3

Implementation of Fitness Function Fitness c 

As a utilization of interactive genetic algorithm, human works partially as the fitness function. Part V discuss-
es this issue.

Bacterial Multiplication

Assume that there are chromosomes c0 , c1 and let c0 be the primary chromosome that absorbs some genes 
from c1 and preserves most of it's own. Then we can implement the multiplication function introduced in 
part II - a genetic evolution scaffold:

multiply c0 , c1:
∀0≤n≤N , Rnc0 . gn  Rnc1 . g n ⇒ c0. g nc1. g n
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Illustration 11: bacterial behavior: spawn next generation by combining good genes from others 

Primary chromosome
(absorber)

+ =

successor

Selection

Multiplication
Rectangles represent genes.
Better gene has a deeper color.

current generation

next generation



Illustration 11 shows the stages of the bacterial way of spawning: a chromosome absorbs good gene pieces from 
another one and replace it's own.

V. Human evaluation as part of fitness function using a GUI interface

GUI design and consideration

The GUI is a essential part of implementation of the fitness function. Since there is no convincing mathemati-
cal model that successfully describes the aesthetics of Piet Mondrian's Painting, human intelligence must be in-
troduced in the evaluation stage. The process is shown in Illustration 13.

“Darwindrian” (composition of “Darwin” and “Mondrian”) is a program that composes Neo-plastic paintings 
simulating the works of Piet Mondrian. To generate pictures that not only structurally obeys the definition of 
De Stiji but also visually aesthetic, the program requires evaluation from a human user as input to refine it's fu-
ture work. 

The basic layout of the GUI is quite simple. The right side of the the main window shows a generated graph ei-
ther from the current generation, or from a past generation if user selects previous icon from left. Beneath the 
graph there are radio buttons that ask the user about the opinion about the graph. A “See next” button will col-
lect user's selections and show a graph from the next generation. The left side shows a list of icons, each of 
them representing one generation. The user can click on the icon to review the graph of previous generations 
as well as the rating given. However the rating of previous graphs can be viewed but not changed.  (To be im-
plemented) The “...” button can be used to replace the current graph with another graph from the same genera-
tion. 

Cumulated fitness model (CFM)

Since there is no previously known mathematical model, we wish to construct a fitness model based on user's 
input. The CFM is a list consisting a series of standard genes which acts as criteria rating other genes:

cfm=[gs0 , gs1 , , gsN ]

The standard genes gsn firstly come from some chromosome of the first generation, then are continuously 
refined  by the gene-refine functions which cumulatively change the standard genes towards the current genes 
given:
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Illustration 12: Darwindrian: main window



cfm.gsngene−refinen gn , gsn

Since now we have a standard, it is possible to evaluate other chromosomes (stage 4) in the current generation 
according to the standard genes in CFM. Each gene rating function Rngn can be implemented by compar-
ing the difference between the to-be-rated gene gn and standard gene gsn in CFM.

Expected Effect

In the current version of Darwindrian a graph is rated on two aspects: structure or colour.  Assume that some 
certain genes g1 , g2 of the chromosome controls the structure of the graph and g3 , g4 control colour. As-
sume that chromosome c0 is randomly selected at stage 1 and visualized (stage 2), and user selected that 
they liked “colour” from the GUI on stage 3. Then genes c0 . g3 and c0 . g4 are selected to refine the stan-
dard genes (see Symbol Table):

cfm.gs3 gene−refine 3g3 , gs3
cfm.gs4  gene−refine4 g4 , gs4

The users selection steers the CFM towards his own preference. In  stage 4 (fitness testing), chromosomes that 
are close to user's preference will gain higher fitness values and then have a better chance to pass on their char-
acteristics to the next generation (stage 5). 

Symbol Table

The following table shows a summary of symbols and functions mentioned. The row marked yellow is a possi-
ble example of a gene being represented and evaluated. 

gene Gene rating value Standard gene Gene refinement

gn r n=Rngn gsn gsn gene−refineng n , gsn

g X=x r X=RX x =∣x−x '∣ gs X=x ' gs X  gene−refine0 x , x '  x 'x '−x / 2

Chromosome Cumulated Fitness Model

c=[g 0 , g1 ,g N ] cfm=[gs0 , gs1 , , gsN ]

Fitness value

f = fitness c =[r 0 ,r 1rN ]
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Illustration 13: Darwindrian: evolution procedure

cumulated
fitness model

Human

3. Human: give rating to the graph

current generation

4. Assign each
chromosome 
a fitness value

5. Spawn next generation
then current generation <- next generation

then go step 1

1. randomly select a chromosome
from current generation

Then visualize it over GUI.

2. Human perception of the graph from GUI



VI. Evaluation

An experiment[6] shows that Piet Mondrian's originals are more than random compositions of lines and rect-
angles by revealing the fact that even minor modifications lead to less subjective satisfaction of audiences. In 
this part we discuss alternatives of evaluating “Mondrian-like graphs” which are generated by Darwindrian. 
The method taken in experiment[6] is not suitable for our problems, since this method only shows optimiza-
tion of Mondrian's original works but we need evaluations over pseudo Mondrian's that are generated by AI. 
Further, we also need to prove the effectiveness of the BEA.

The simplest way of evaluation would be having participators giving a rating scale, for example from 1~ 10, 
over final productions. However, the conclusion is not convincing enough even if we obtain a production that 
satisfies most of the audiences.  Sometimes the prototype Darwindrian11 does occasionally give visually pleas-
ing results from a totally random process without BEA involved, but it will not prove the effectiveness or the 
(weak) intelligence of Darwindrian since we can (principally) obtain Shakespeare's poem through another to-
tally random process: having millions of monkeys hopping over millions of typewriters. 

If the evolutionary procedure run by Darwindrian is statistically proved to be functional, it is reasonable to be-
lieve that Darwindrian truly works and provides or will provide visually pleasing Mondrian-like paintings with 
essentials of Neo-Plasticism lying within. Instead of asking preferences over final productions from participa-
tors, we ask a degree of satisfaction for samples taken from each generation of the evolutionary procedure. If 
the value generally increases it identifies the functionality of Darwindrian. 

The evaluation can be hosted on a web site with a web-embedded version of Darwindrian presented. User will 
be asked for a survey automatically after he or she has played with Darwindrian and has gone through a certain 
number of generations. Data is collected and stored in the database for further analysis.

The source code of prototype Darwindrian can be downloaded at:

http://code.google.com/p/darwindrian/

VII. Further Development

Implementation of the Chromosome Structure and Functions

As described in part IV - V, a framework that utilizes the BEA has already been implemented, and certain rules 
for the genes that are yet to be defined have been summarized. In the next stage, concrete data structures for 
each gene and corresponding rating functions (as listed in part V Symbol Table) will be implemented.  Multiple 
possible combinations of gene structures will be experimented to see the overall effect.

Software Development

The program (Darwindrian prototype) needs to be completed in the next stage.  The basic GUI form of Darwin-
drian will not change greatly from the current prototype version, but details may vary. Considerations that will 
shorten the work-load of the user (for instance, mouse clicks needed before getting a good result) will be taken. 

For experiment considerations, a web-page-embedded version of the program should also be constructed so 
that the experiment that requires many participators could be held over Internet. More programming issues 
are expected to arise and to be solved correspondingly.

Experiment

An experiment that verifies the functionality of Darwindrian will be designed (see part VI), including the fol-
lowing aspects:

11 Prototype Darwindrian: early demo version of Darwindrian that generates Mondrian like pictures, with only very 
small amount of genes defined and no BEA involved. 
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GUI design: part of the data that is required to form the evaluation of Darwindrian may request direct input 
from the user. For this situation corresponding GUI components need to be developed. 
The form of experiment: the most possible way would be publishing Darwindrian over Internet and making it 
runnable within the browser, the data is collected automatically in the background. This is the cheapest way to 
collect more samples.
Data processing: an statistical summarization model for the data collected should be advised.
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