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Abstract

Physicist Clint Sprott demonstrated a relationship between aes-
thetic judgments of fractal images and their fractal dimensons [1993].
Scott Draves, aka Spot, a computer scientist and artist, hascreated
a space of images called fractal ames, based on attractorsfdwo-
dimensional iterated function systems. A large community d users
run software that automatically downloads animated fractal ames,
known as “sheep', and displays them as their screen-saver. €husers
may vote electronically for the sheep they like while the sceen-saver
is running. In this report we proceed from Sprott to Spot. The data
show an inverted U-shaped curve in the relationship betweenesthetic
judgments of ames and their fractal dimension, con rming and clar-

ifying earlier reports.



1 Introduction

This is a report on a new study of aesthetic judgments made by arfge
community participating over the internet in a collective at project, the
Electric Sheep, created by Scott Draves. To this system we havepdied
the ideas of Clint Sprott of fractal dimension as an aesthetic easure. Our
study thus combines the Electric Sheep of Draves and the frattaesthetics
of Sprott.

The Electric Sheep home page is available from electricshemg. We
begin by describing the Electric Sheep network, and then ourgect and
results. In short, we nd the aesthetic judgments of an internet ammunity
of about 20,000 people on a set of 6,400 fractal images con rthe earlier
ndings of a unimodal distribution with a peak near dimension 5. We
then review the history of fractal aesthetics to put this workm context, and

conclude.

2 The Electric Sheep Network

Fractal Flames [Draves, 2004] are a generalized and re nechdi of iterated
function system, some examples appear in Figs. 1 and 2. They anceth
Electric Sheep network change over time as new versions areeased. Here
we describe them as they were when the data for this paper werdlected. At
that time in 2004, a ame consisted of two to six nonlinear mappigs in two

dimensions. Each of the nonlinear mappings consists of an a ne 2xmatrix
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composed with a dot product of a parameter vector and a collech of about
20 hand-designed nonlinear basis functions, making for a totphrameter
space of about 160 oating point numbers. A point in this space isalled a
genome.

Whereas traditional iterated function systems are binary imges where
each pixel has either been plotted or not, fractal ames araufi-color images
with brightness and color. The brightness is determined by a t® map based
on the logarithm of the density of the attractor, or number of @rticles, at that
pixel. The color is determined by adding a 3rd coordinate tohke iteration
and looking it up in a palette.

The animation of a sheep comes from rotating the matrix partsfats
genome, hence the animation loops seamlessly. Sheep are 128dsalong,
hence lasting 4-5 seconds during playback.

The Electric Sheep [Draves, 2005] consists of the sheep server arharge
number of clients, which are screen-savers on internet-contest computers
owned by users. When they run, the clients connect to the serves form a
distributed super-computer, which we call the render farm, aitdea pioneered
by SETI@Home [Anderson, 2002].

The server keeps about 40 sheep alive, replacing old sheep widwrones
every fteen minutes or so, as they are completed by the rendéarm. The
sheep are downloaded to the user's client. The client may holddusands of
sheep taking gigabytes of disk space, but the default is only argh space for

100 sheep. If the client's bu er is full, its oldest and lowest r&d sheep are



deleted to make room for the new.

Users see the sheep displayed by their screen-savers, and may vote for
or against a sheep by pressing the up and down arrow keys. The votes a
tallied by the server into a rating for each sheep.

Genomes for new sheep come from three sources: randomness, a igenet

algorithm, and user contributions:

random These genomes have most matrix coe cients lled in with random
numbers from [-1, 1], or to a simple symmetry transformation (fo
example, rotation by 60 degrees). In each mapping, one nordar

coe cient is set to one and the rest to zero.

evolved These were produced by a genetic algorithm with mutation and
cross-over operators. A sheep's chance for reproduction is poojional
to its rating so the most popular sheep reproduce the most. Mutatns
come from adding noise to the parameters in the genome. Crosgiov
is done by combining parts of the genomes of two sheep to formeth

child genome. See Draves [2005] for a detailed explanation.

designed These were contributed by users of Apophysis, a Microsoft Win-
dows GUI-application for designing fractal ames by manipulang the
parameters in the genome in real-time at draft quality. The ratrices
are represented by dragable triangles, and the nonlinear coeents

with ordinary text widgets.



All sheep, from server reset to reset, comprise a ock. In this praje
we have used the database of ock 165, which lived from March thugh
October of 2004. The server maintains records of all sheep ofethock,
along with their peak ratings, that is, the highest rating attaned during the
sheep's lifetime, hereafter simply refered to as the rating. ese databases

are available for download from the sheep server.

3 The Project and Findings

In the spirit of experimental aesthetics pioneered by Clint Sptt, we expected
a correlation between the fractal dimension and the rating dhe sheep. Frac-
tal ames are attractors, or xed points, of two-dimensional functions, with
an independent third dimension displayed via a color palett@nd brightness
determined by density. For simplicity we ignored the color so # dimension
computed here is a real number between zero and two.

Each frame of a sheep animation has a Fractal Dimension, FD. ®his
the correlation dimension, or D2 of Grassberger and Procaccahich we
computed by the algorithm of Sprott [1983]. This works by mesuring corre-
lations between points produced by the iteration, rather tan by analyzing
the resulting image.

The FD of a sheep varies over time, so we de ne the Average Fractal
Dimension or AFD of a sheep to be the average of 20 frames evenlycgzh

(by rotations of 18 degrees) throughout the sheep.



Unfortunately it would take too long to compute the AFD of all the sheep,
so Fig. 3 uses the FD of the rst frame of each sheep. Fortunately FBnd
AFD dier little: Fig. 4 shows the similarity between FD and AFD. We
computed AFD for the 1109 sheep with non-zero rating. Figure 5 slvs a
scatter plot of AFD vs FD, the correlation is 0.92.

The ock 165 database contained records of 6,396 sheep wherecoald
compute the dimension: 2,604 from the genetic algorithm, 28 random,
and 1,194 user-designed. We plot two frequency distributiongtiv these four
categories: on the top in Fig. 3 is the number of sheep of that dansion
(bins are 0.05 wide), on the bottom is the sum total of ratings fosheep of
that dimension.

In short, we nd that sheep of AFD between 1.5 and 1.8 were greatly
favored by users. The average FD of the designed sheep was 1.49 ted
average AFD of all the sheep weighted by rating was 1.53.

Does this distribution result from user preference and evolutn, or simply
a quirk of the algorithm that produces the random genomes? Baagse the
distribution of purely random genomes in the top of Fig. 3 is m&edly
di erent (with a peak at the maximum possible of 2), but the distibution
of hand-designed sheep is very similar, we determine the biasuks from
human preference.

Or perhaps the distribution results from the distribution of the sheep,
rather than a distribution of preference. For example, if uservoted for

sheep randomly, but more sheep of dimension 1.5 were produced, would



also see a peak at 1.5. To account for this we computed theeragerating of
sheep of each dimension (again the bins are 0.05 wide). The résalppear
in Fig. 6. The peak moves from 1.5 to between 1.6 and 1.7. Howeteere
is also a peak at 1.15. It is unknown if this is an anomaly due tdé low
sample size on this end of the graph, or if it represents a consistaesthetic

preference.

4 Fractal Aesthetics

Experimental aesthetics has a long history. For example, Ghdb's father
performed experiments on the aesthetics of musical intervascording to dif-
ferent musical scales, or tunings, published in 1588. Gustav Feehnriounded
the eld in name starting with his investigation of the golden ectangle [1876].
In 1933, George David Birkho , one of the rst American mathemacians of
note, suggested a formula for the complexity of an image, andgposed it as
an aesthetic measure. And in 1938, Rashevsky, the father of mathatical
biology, suggested a connection between aesthetics and nelmgiology (see
Berlyne [1971]). Mandelbrot's work also brought attention @ the relation-
ship of fractal mathematics and dynamical systems to the eld ofesthetics
[Mandelbrot, 1983; Peitgen & Richter, 1996].

Our own basic area of fractal aesthetics began with the work ofliGt
Sprott [1993a,b; 1994; 2003]. This work proposed fractal dansion as a

measure of complexity of a fractal image, and examined its ationship to



aesthetic perception.

The 1994 paper reports a preference peak at dimensiodll 0:43 for 2D
iterated function systems by averaging the dimension of the 7fhages rated
5 on a scale of 1 to 5 by Sprott himself. In our experiment, the anagge AFD
of the 76 highest-rated sheep (with ratings of 25 to 170) was52 0:23, a
remarkable agreement.

Sprott's book [1993] reports a preferred dimension of3D 0:20 for
strange attractors. This work was extended by Aks and Sprott [B5], who
measured aesthetic judgments of 24 subjects to 324 fractal inesg and by
Fred Abraham et al. [2001] and Mitina & Abraham [2003], who meased the
responses of 18 subjects to 16 images and found dimension 1.54peferred
over 0.59, 1.07, and 2.27.

In contrast to the Electric Sheep and this work, Mitina and Abrdam
[2003] used images created as chaotic attractors of a singlerdtted poly-
nomial function in three dimensions, with the third dimension sbwn as a
color. Their correlation dimensions were computed from thesdimensional

data, and thus vary between zero and three.

5 Conclusions

We have con rmed the ndings of Sprott, Aks and Sprott, and Frel Abraham
et al. Our group of experimental subjects, as well as the numbef images

used, is much larger than the earlier studies, however Fig. 6 rams to be



explained. In addition, our research opportunity, the Eleaic Sheep project,
is ongoing, evolving in complexity, and increasing in size. Weave thus the

opportunity to continue posing hypotheses and seeking new retsul
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Figure Captions

Figure 1. Two sheep (fractal ames) chosen by Draves from the sere

saver according to his own aesthetic.

Figure 2. Twelve example sheep. The fractal dimension increadeft to
right from 1.25 to 1.5 to 1.7 to 2.0, and the aesthetic rating icreases top to

bottom from 5 to 10 to 20.

Figure 3. The top graph shows the frequency distributions of ganumber
of sheep (on the vertical axis) against their fractal dimensionof the hori-
zontal). The bottom graph shows the sum of the ratings of sheep vBactal
dimension (FD). The lines are for the three categories of sheegesigned by
users, random de novo, and evolved, i.e. from the genetic alglom, plus

one line for all the sheep combined.

Figure 4. Comparison of Fractal Dimension (FD), sampled at timé),
and Average Fractal Dimension (AFD), computed from 20 evenly spad

samples. These curves are for all sheep combined.

Figure 5. Scatter plot of Fractal Dimension (FD) on the horizontal axis
vs Average Fractal Dimension (AFD) on the vertical, 1109 samplesThe

correlation is 0.92.
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Figure 6. Graph of average rating (left vertical axis) and thesample size
(right vertical axis) against fractal dimension (FD) on the horzontal axis.

The ratings line is omitted where it has less than 100 samples.
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