Neural Networksfor Applicationsin the Arts

Peter M. Todd

Department of Psychology
Jordan Hall, Building 420
Stanford University
Stanford, CA 94305
todd@psych.stanford.edu

NOTE: \flword\fP means word and \fBword\fP means word

I ntroduction

Traditionally, computer applications in the arts have been pretty much like computer applicationsin
any other field: you'd like the computer to create a certain sort of output, so you construct an
algorithm for it to follow step by step which will result in that output. Thisis afine approach when
you know what you're going for and where the production process should be headed at each step,
that is, when you can precisely specify the rules involved in generating the output. Programming a
computer to invert amatrix or control an assembly-line drill-punch is certainly like this, and the
production of avariety of types of art are amenable to this approach aswell. But there aredso a
wide range of instances in which we as artists may not want to, or be able to, specify a set of rules
by which our next computer artwork isto be created. Sometimes it may just be too difficult or
time-intensive to list the intricacies of a particular creative processin afashion definite enough for
acomputer to follow; and other times, we may have no idea how to even go about constructing an
appropriate set of rules (what are the "rules" to follow in creating a Rodin sculpture?). At times
like these, anew approach is needed.

A new approach to computer art applicationsis provided by the rapidly expanding field of neural
networks. Rather than operate in the traditional style of preprogrammed rule-following systems,
neural networks have the power to \fllearn\fP to produce specific types of outputs from specific
inputs, based on examples they are taught. Thus, instead of having to specify \flhow\fP to create a
certain artwork, the artist can instead teach a network \flexamples\fP of the desired output, and
have the network generate new instances in that style. We need not specify the stepsinvolved in
creating a Rodin scul pture--we can just collect instances of the sorts of sculpture we'd like to get
and use those to train anetwork. This sort of thing is the promise of neural network applicationsin
the arts, stated in avery provocative and exaggerated manner. But we are beginning to realize this
promisein limited domains, and the space for further applications and explorations of these
techniques is wide open.

In this paper, | will briefly describe neural networks, some of what they can and can’t do, some of
what they have done already in the arts, primarily music, and some of what they can be applied to
in other areas. | will aso give afew pointers to the literature for further reading and exploration of
these topics; | hope people will be encouraged to pursue al of these avenues and see where their
creativity leads them.



Neural Networks

The standard von Neumann-style computer programming paradigm is based on the concept of a
single powerful central processing unit that performs a sequence of operations on the contents of an
external memory. The neural network computing paradigm, in contrast, is based largely on the
notion of "brain-style computation” (Rumelhart, 1990), in which alarge number of very ssmple
processing units act simultaneously on a distributed pattern of data--hence the common name,
parallel distributed processing (Rumelhart and McClelland, 1986). The analogy here isto the type
of computation done by the vast numbers of simple neuronsin the brains of living creatures.

Thereis avast assortment of mathematical formulations of different neural network types, but for
our purposes we can think about a simple case in which a network consists just of a set of simple
processing units, connected by a set of weighted links. The currency of the network is numerical
values--the units all take in numerical values passed to them on the links from other units, and they
in turn produce a single numeric output value with they pass on their output links to still other units
for further processing. A subset of the units will typically have a special status as input units,
which take some pattern of "information” (represented as a set of numerical values) from the
external world into the network for processing. Similarly, thereisaset of output units, whose final
processed values are taken as the end product of the network’s computation. Along the path of
links inbetween these two sets can be a collection of "hidden" units, which perform the network’s
main work. They transform the input values into successively more "useful” representations on the
way to the final output.

All of the unitsin a network (of the sort we're describing here) do exactly the same thing, summing
up their inputs from other units, and putting that value through a "squashing function” which maps
the unit’s output into arestricted range in anon-linear fashion. This non-linearity allows the
network to make distinct categorizations and judgments about itsinput. Since all of the units act
the same, the only way to get two networks with the same unit setup to act differently isto have
different weights on their links between the units. And the easiest way to set the weights on those
linksisto use alearning method.

Learning is akey feature of neural networks, and a big advantage they have over other
computational frameworks. Learning comes naturally in networks, but is typically ad-hoc, if
possible at al, in rule-based systems. The weights in anetwork are typically learned by atype of
method known as \flgradient descent,\fP in which small adjustments are made to appropriate
(mathematically determined) weights to lessen the network’s performance error. Thiserror isa
measure of how far the network’s actual current performance deviates from its desired
performance--that is, how far the outputs the network is now creating differ from the target outputs
In the examples the network istrying to learn. For instance, if the example we're training the
network on isto sculpt a bust, and its output corresponds to a sculpted automobile, there would be a
large error difference there, and alot of weights would need to be changed in the network. If its
output corresponds instead to a head without eyes, the error, and the necessary wei ght-changed,
would be correspondingly smaller. Tiny adjustments are made to the weights during each step in
training the network, and then the example istried again, to see how far the target from the current
output is now; and then again the weights are changed slightly. After many cycles of this test-and-



adjust, the network’s performance will hopefully have come to match the desired examples closely
enough, and training can stop. After this, the network can be used to create new outputs.

(For more details on the actual implementation and mathematics of all this, presented from the
standpoint of musical applications, see Dolson, 1991; Rumelhart, Hinton, and Williams, 1986,
provide the original complete derivation of a particular popular learning method known as "back
propagation of error"; McClelland and Rumelhart, 1988, provide atutorial introduction to a variety
of neura network approaches and the theory underlying them, and even provide software on
diskettes for running your own simulations on Macs and PC’s; and Trubitt and Todd, 1991, present
theseissuesin alittle more detail but at avery informal level, again for application to music.)

Because of the "massive parallelism™ achieved by many units operating simultaneously on a
distributed pattern of information, small changes in the network will affect its performance rather
little. Removing one unit might not do too much to the network’s performance error, because
several other units also take part in the calculations it performed and can "fill in" for it, so to speak.
In contrast, removing a single line from a standard algorithm can render the entire thing usel ess--
catastrophic failure. A further consequence of this parallel distributed processing is that small
changesin the inputs will result in small changesin the output. This means the network will
generalize to new inputs in reasonable ways--if it sees something new but not too different from a
previously-seen input pattern, it will output something similar to the associated old output pattern.
So if for instance an input of values "1,0,0,1,0,1,1" resulted in an output of a sculpted ram’s head
from a specifically trained network, an input of values "1,0,0,1,0,1,0" instead might result in a
similar output, but with slightly shorter horns. This generalization to new inputsin sensible waysis
the basis of many of the creative applications of neural networks.

So far most of the examples I've used for network art applications have centered on the production
of new output, with little regard for the input end of things. But one of the tasks neural networks
are best suited for is more standard input-output processing, taking a certain input set of values and
transforming it in particular ways to generate the (more-or-less related) output. More specifically,
the inputs and outputs can represent signals of some sort, whether auditory, visual, or otherwise,
and the network can perform some kind of signal processing function, removing noise, rotating an
image, filling in colors, etc. Networks can aso be used in interesting dynamic ways, for instance
by connecting their outputs back to their inputs to create a feedback loop that generates a sequence
of outputs. Asnonlinear dynamic systems of thistype, sequential networks can have attractors and
cyclesthat are useful in avariety of contexts (see Todd, 19914, for amusical application, and
Jordan, 1986, for guiding arm movement). And as adaptive systems that learn to respond in
appropriate ways in changing situations and environments, neural networks have found extensive
use in the control of motion and navigation in robot and other systems. These are the sorts of tasks
networks are particularly suited for, and as we will see, they can be particularly useful in alot of
artistic applications.

There are, though, still several things which the neural network approach is not good for at present.
Networks are very good at learning the low-level details needed to perform a certain input-output
mapping, for instance in learning to produce the next measure of music as output, given the
previous measure as input. They are notoriously poor, however, at picking up the higher-level
structure that organizes the lower-level features, again for instance missing the global movement



away from and back to the tonic in the succession of measuresin a piece of music. In fact, the
higher-level the task in general, the fewer successful applications there have been of neural
networks, where high-level here means things such as language processing as opposed to speech,
image understanding as opposed to processing, motion planning as opposed to production. And
focussing as they do on \flsub-\fPsymbolic processing, distributing meaning across a number of
units and connections, neural networks have not made much inroad as yet into the traditional
symbol-processing arenas of symbolic reasoning, syntax and semantics, expert systems, and rule-
following. But then again, as | described in the introduction, the beauty of the parallel distributed
processing paradigm is that its strengths lie elsewhere.

Applicationsin the Arts

We now turn to the artistic uses of neural networks. Currently, thisis awide-open field;
exploration has just begun in most cases, and we've barely scratched the surface of possibilities.
The ideas below are mostly speculations on what networks \fl could\fP do, the sorts of tasks they
\flcould\fP be applied to in the arts, sometimes based on applications that have already been done
in scientific or engineering domains, and sometimes just based on imaginative speculation. As
such, these ideas are intended to spark people’s imaginations further in the search for innovative
uses of this powerful and flexible new technology.

The main place where neural networks have been put to creative and artistic use so far isin music,
as witnessed by the recent publication of the book, \fiIMusic and Connectionism\fP (Todd and Loy,
1991). Severa applications have been done in this area, ranging from psychological models of
human pitch, chord, and melody perception, to networks for a gorithmic composition and
performance control. Generally speaking, the applications here (and in other fields) can be divided
into two classes. "input” and "output”. Theinput side includes networks for recognition and
understanding of a provided stimulus, for instance speech recognition, or modelling how humans
listen to and process amelody. Such applications are useful for communication from human to
machine, and for artistic analysis (e.g. musicologicaly, historically) of aset of inputs. The output
side includes the production of novel works, applications such as music composition or drawing
generation. "Input" tasks tend to be much more difficult than "output” tasks (compare the state-of-
the-art in speech recognition versus speech production by computers), so most of the network
applications so far have focussed on creation and generation of output, but continuing research has
begun to address this imbalance.

On the "input” side in musical applications, Sano and Jenkins (1991) have modelled human pitch
perception; Bharucha (1991) (and others) have modelled the perception and processing of harmony
and chords; Gjerdingen (1991) has explored networks that understand more complex musical
patterns; and Desain and Honing (1991) have devised a network for looking at the quantization of
musical time and rhythm. Dolson (1991) has also suggested some approaches to musical signal
processing by neural networks, including instrument recognition, generation, and modification. In
thisregard, musical applications of networks have much to gain from the vast literature on
networks for speech processing (primarily recognition--see Lippmann, 1989).



On the "output" side, several network models of music composition have been devised. Todd
(1991a) and Mozer (1991) use essentially the dynamic sequential network approach mentioned
earlier, in which anetwork is trained to map from one time-chunk of a piece of music to the
following time-chunk (e.g. measure N as input should produce measure N+1 as output). The
network’s outputs are then connected back to its inputs for the creation phase, and a \flnew\fP
measure 1 is provided to begin the network down a new dynamic path, creating one measure after
another, and al the while incorporating the sorts of features it learned from its training examples.
In thisway, new pieces that have a sound like Bach or Joplin (or a combination of both!) can be
created, if the network isfirst trained on these composers. But the problems mentioned earlier of
lack of higher-level structure emerge, and these compositions tend to wander, having no clear
direction, and seldom ending up anywherein particular. Approaches for learning and using
hierarchical structure are being devised, and Lewis (19914a) describes one such method, in which
the \flinputs\fP to a network, rather than the weights in the network, are modified during alearning
stage, to produce an input which has a specified form or character. Kohonen et al. (1991) present
still another method of composition, which uses a network-style approach to build up a context-free
grammar that models the music examples it’s trained on.

Networks can aso be used to generate musical performance parameters and instructions, as Sayegh
(1991) demonstrates in his paper on a network method for choosing correct chord fingering for a
simple melody. Many other musical performance applications are possible, from synthesi zer
control to automatic rhythmic accompaniment generators; Todd (1991b) discusses some of these
possibilities along with further ideas for musical applications of neural networks.

Neural networks have been applied to a variety of image-processing tasks, from video image
compression to aspects of computer vision such as image segmentation and object recognition. As
signal processors, networks should find wide application in image enhancement, color adjusting or
altering, edge and line modification, texture processing, etc., all based on learned mappings from
input picturesto desired outputs. As another example, Chen et a. (1990) have developed a
network for choosing a palette of colors (for use on a Macintosh screen) from a small input set of
preferences.

At ahigher level, networks can be used to generate actual drawings. Thetricky part hereis
figuring out how to encode the drawings into a numerical form that the network can work with;
Lewis (1991b) uses spline coefficients to encode simple drawings that are learned by a network
similar to the one he has used for music (1991a). While the results are so far admittedly rather
crude, they point in adirection of great promise. Writing, caligraphy, and the creation of new
fonts is another area networks can profitably tackle. Grebert et a. (1991) have developed a system
which will generate a complete font in a certain style, given just afew lettersin that font to begin
with. Again often the network’s output is questionable, but it does an interesting job of
generaization, to say the least, and enhancements of this technique could yield a bonanza of new
letter and writing styles. (The area of neural network handwriting recognition is also being widely
explored, but again there as for speech, the problems are harder on the input side.)

Besides processing images and drawings in more-or-less strai ghtforward ways, networks could be
used for much more sophisticated manipulations. For example, a network could be trained to take
an image of aface asinput, and produce as output an image of that face now displaying any of



several chosen emotions. smiling, frowning, staring, tongue stuck out, etc. Cottrell and Metcalfe
(1991) and Fleming and Cottrell (1990) have investigated networks for face, gender, and emotion
recognition, and have found that to achieve these tasks, the networks develop internal
representations of the input faces which could be manipulated at the output level to ater those faces
in systematic ways. This opens up the possibilities for awide range of very powerful image

mani pul ation techniques, altering scenes in meaningful ways, putting people and animalsin
different poses, changing the bloom on plants, etc.

From there, it isonly asmall step to the manipulation of \fimoving\fP images, especialy
represented as successions of static frames. Neural networks could straightforwardly be trained to
perform sophisticated tweening between frames in animation, for instance. Sequential networks
could be used to produce the step-by-step movements of objects following some trajectory in space,
while the types of networks just described could adjust the expressions and gait of animated
characters (see de Garis, 1991, for a network that controls the walking of an animated creature).

But even more exciting would be to let neural networks control the actions and behaviors of actors
in avisually-displayed world entirely on their own, without following a preordained animation
script. By imbuing artificial creaturesin avirtual world with the ability to move, sense, eat, fight,
hunt, court, etc. independently, we could create "living paintings" in which we watched a herd of
sheep grazing and moving about on alandscape, or the interactions of two birdsin flight, or the
slow and steady movement of an ant colony across a jungle floor. Researchersin the field of
artificial life (Langton et al., 1992) are beginning to realize some of these goals. The "brain-style
computation” of neural networksis avery natural choice for smulating a creature’s behavioral and
cognitive mechanisms (Miller and Todd, 1990). Ackley and Littman (1992) have developed a
system in which neural network-controlled creatures roam around a two-dimensional world,
looking for food, avoiding obstacles, dodging predators who also hunt them down, and otherwise
acting the way real organisms do; when these interactions are displayed on a computer screenin
real-time, they are very compelling and engaging. Networks could aso be used to control
independent and realistically-behaving simulated "pets’ and other creatures that a human could
actually interact with in avirtual reality system. Here again, obviously, the creative angles are
endless.

Networks can also find interesting use in real-world kinetic applications, for controlling the motion
of robots and vehicles from single arms to self-driving automobiles (Miller, Sutton, and Werbos,
1990). Pomerlau (1991) uses networks to guide the navigation of an autonomous land vehicle
(ALVINN) by visual tracking of aroad surface. Mel (1990) has developed a system (MURPHY)
that controls robot arm motion based on visual input of the arm and goal’s location. Pole-balancing,
in which amovable platform (a cart) is shifted around to keep a pole balanced on it remaining
upright, is another common control problem to which networks have been successfully applied.
Artforms including kinetic scul pture, machine dance, automated music conducting, etc., are fertile
areas for neural network applications.

Finally, as mentioned earlier, neural networks can be used in human-computer interaction, to help
create interactive artworks by following the performance and instructions of human artists, dancers,
conductors, etc. in real time. Preliminary work has been proposed for network processing of
gestural inputs from Powerglove-like input devices, and from Max Mathews' radio drums; virtually



any dynamic input of this sort (even EEG signalsin one application!) is amenable to processing by
aneural network which produces appropriate interpreted commands as its output. With speech and
handwriting recognition capabilities as well, networks may be able to provide unprecedented levels
of communication back and forth between artist and computer.

Conclusions

The current status of neural networksin the artsis one of great promise, but little realization. At
best, networks can presently be used as intelligent composer’s aids in the creation of new pieces of
music, based on learned examples. Thisisavaluable service, and one at which the network, as an
artist’s apprentice, can get better and better asit learns more from the artist. Such a support roleis
probably how neural networks will first appear in applications in other artistic domains as well,
generating small ideas and variations which the human artist can then incorporate or disregard in
the most aesthetic fashion.

There is some debate over whether the neural network approach to art, and in particular music, is
an appropriate one (see Todd and Loy, 1991, section IV). Some argue that the reason computers
have been so valuable in art is precisely that they've allowed us to imagine processes by which wed
like to create artworks, specify avery precise set of rulesto carry out that process, and then
implement those rules to fulfill our imagination. Neural networks, they argue, have eliminated that
ability, and chained us back down to only those artforms and styles that we can collect examples of.
But this argument, of course, isinvalid--if we can create an algorithm to generate new artistic styles
in the traditional manner, then we can use those computer-generated works as further examples on
which to train our networks. Thus networks need not constrain us at all, but rather add yet another
tool into the artist’s toolbox. And it is ultimately the products of those tools that we will judge
artistically, not the tools themselves.

(For more information on a variety of types of neural networks and their applications, see the
yearly proceedings of the Neural Information Processing Systems (NIPS) and International Joint
Conference on Neural Networks (IJCNN) meetings, from which several of the papersin the
references are taken.)
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