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Abstract

Even in absence of external reward, babies and scientidtsthrrs explore their world. Using some
sort of adaptive predictive world model, they improve thediility to answer questions such as: what
happens if | do this or that? They lose interest in both theliptable things and those predicted to
remain unpredictable despite some effort. One can desigousurobots that do the same. The author’s
basic idea for doing so (1990, 1991): a reinforcement legtRL) controller is rewarded for action
sequences that improve the predictor. Here this idea isitegliin the context of recent results on optimal
predictors and optimal RL machines. Several new variante@basic principle are proposed. Finally
it is pointed out how the fine arts can be formally understa®e aonsequence of the principle: given
some subjective observer, great works of art and music giesérvation histories exhibiting more novel,
previously unknown compressibility / regularity / predibility (with respect to the observer’s particular
learning algorithm) than lesser works, thus deepeningliserver’s understanding of the world and what
is possible in it.

1 Introduction

An important goal of the nascent field of developmental rmso{Blank and Meeden, 2005; Blank and
Meeden, 2006; Provost et al., 2006; Kuipers et al., 200&ng&r and Stone, 2006; Schlesinger, 2006;
Oudeyer and Kaplan, 2006; Gold and Scassellati, 2006; @lssal., 2006) is to build adaptive robots that
not only try to achieve externally given rewards but alsddrgliscover, in an unsupervised and experiment-
based fashion, how their external world works, how theietinal or ‘mental’ world works, and how both
worlds interact through the sensor-motor interface. Suqitoeative behavior may actually later help to
solve teacher-given tasks. This paper will review and ektessic principles for building such curious
robots, and relate them to what artists and other creatigptagio.

Consider a learning robotic agent whose single life cosgié$tdiscrete cycles or time steps=
1,2,...,T. Its total lifetimeT" may or may not be known in advance. In what follows,the valuany
time-varying variableg at timet (1 < ¢ < T) will be denoted byQ(¢), the ordered sequence of values
Q(1),...,Q(t) by Q(< t), and the (possibly empty) sequer@él), ..., Q(t — 1) by Q(< ).

At any givent the robot receives a real-valued input vectét) from the environment and executes
a real-valued actiop(¢) which may affect future inputs. At times< T its goal is to maximize future

success outility
T
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wherer(t) is an additional real-valued reward input at time(¢) the ordered tripléx(t), y(t), r(¢)] (hence
h(< t) is the known history up tg), andE,, (- | -) denotes the conditional expectation operator with respect

u(t) =E,

h(< t)] : 1)



to some possibly unknown distributipnfrom a setM of possible distributions. Herk! reflects whatever

is known about the possibly probabilistic reactions of theimnment. For examplel/ may contain all
computable distributions (Solomonoff, 1964; Solomond®78; Li and Vitanyi, 1997; Hutter, 2004). Note
that unlike in most previous work by others (Kaelbling et 4996; Sutton and Barto, 1998), but like
in much of the author’s own previous work (Schmidhuber, E92003), there is just one life, no need
for predefined repeatable trials, no restriction to Markovinterfaces between sensors and environment
(Schmidhuber, 1991d), and the utility function implicithkes into account the expected remaining lifespan
E.(T | h(< t)) and thus the possibility to extend it through appropriatéoas (Schmidhuber, 2003,
2005a, 2005b, 2005c).

Intuitively, to achieve its goal the robot may profit from éogpng its environment and learning about the
consequences of its actions in order to build a predictivédvoodel. Such activity is commonly referred
to ascuriosity. The obtained world model may later speed up or otherwisiéitéae the computation of
action sequences that lead to external rewards.

Recent work has led to the first learning machines that aketsal and optimal in various very general
senses (Hutter, 2004; Schmidhuber, 2005a, 2005b). Suchinesccan in principle find out by themselves
whether curiosity and world model construction are usefulseless in a given environment, and learn to
behave accordingly.

The present paper, however, will assumeriori that world model building is good and should be
done; here we shall not worry about the possibility that i@sity may Kkill the cat.” Towards this end, in
the spirit of the author’s previous work (Schmidhuber, 1891991b, 1997b, 2002a, Storck et. al., 1995),
we split the reward signali(¢) into two scalar real-valued component$t) = g(re,:(t), 7int(t)), where
¢ maps pairs of real values to real values, ey, b) = a + b. Herer.,:(t) denotes traditionaxternal
reward provided by the environment, such as pain (negativand) in response to bumping against a wall,
or pleasure (positive reward) in response to reaching seaeher-given goal state. In the context of the
present paper, however, we are especially interesteg,ift), the internal reward, or intrinsic reward, or
curiosityreward, which is provided whenever an internal predictiegld/model of the robot improves in
some sense. In fact, the initial focus will be on the case(t) = 0 for all valid ¢. The basic principle
remains the one we published before (Schmidhuber, 199P4,h19997b, 2002a, 2004a, Storck et. al.,
1995):

Principle 1 Generate curiosity reward for the adaptive action sele¢tarcontroller) in response to pre-
dictor improvements.

So we conceptually separate the goal (understanding thielfoom the means of achieving the goal.
Once the goal is formally specified in terms of an algorithmdoemputing curiosity rewards, let the con-
troller’s reinforcementlearning (RL) mechanism figure ooy to translate such rewards into world model-
improving action sequences.

What kind of learning algorithm should the predictor usewvH@n one measure the predictor’s im-
provements? Which RL algorithm should the controller use@hat follows, we will first briefly review
previous work, then formalize a rather general framewodc({®n 3) into which we may plug various pre-
dictors (Section 3.1), measures of predictor performa8eet{on 3.2), measures of predictor performance
improvement (Section 3.3), and RL agorithms for the cofegrolSubsequently we defirggtimal curious
behavior, relative to the computational restrictions aheaggiven predictor, and explain how to achieve it
through recent, theoretically optimal, universal RL maelsi. Finally we will use the framework to give
the first formal, technical definition afood artandgood musiaelative to some subjective world model-
building observer (previous explanations in the literatom fine arts and music were informal at best), and
discuss illustrative examples.

2 Previouswork

Our first publications on artificial curiosity (Schmidhup#890, 1991c) described a predictor based on a
recurrent neural network (Werbos, 1988; Williams and Zips894; Robinson and Fallside, 1987; Schmid-
huber, 1992a; Pearlmutter, 1995; Schmidhuber, 2004c)r{irtiple a rather powerful computational de-
vice, even by today’s machine learning standards), prediatputsz(t) andr(t) from the entire history



of previous inputs and actions. The curiosity rewards weopg@rtional to the predictor errors, that is,
it was implicitly and optimistically assumed that the pietdi will indeed improve whenever its error is
high. Follow-up work (Schmidhuber, 1991a, 1991b) pointatitbat this approach may be inappropriate,
especially in probabilistic environmentsne should not focus on the errors of the predictor, but on its
improvements. Otherwise the system will concentrate its search on thogs phthe environment where

it can always get high prediction errors due to noise or ramtiEss, or due to computational limitations of
the predictor. While the neural predictor of the impleméntadescribed in the follow-up work was indeed
computationally less powerful than the previous one (Sdhiber, 1991c), there was a novelty, namely, an
explicit (neural) adaptive model of the predictor’s impeovents. This model essentially learned to predict
the predictor’'s changes. For example, although noise wpsedittable and led to wildly varying target
signals for the predictor, in the long run these signals ditiainange the adaptive predictor parameters
much, and the predictor of predictor changes was able to kbés. A standard RL algorithm (Watkins,
1989; Kaelbling et al., 1996; Sutton and Barto, 1998) waswi#l curiosity reward signals proportional
to the expected long-term predictor changes, and thustiethximize information gain (Fedorov, 1972;
Hwang et al., 1991; MacKay, 1992; Plutowski et al., 1994; ©ok094) within the given limitations.
Additional follow-up work also focused on non-determiiastorlds (Storck et al., 1995).

More recent work (Schmidhuber, 1997b, 2002a) greatly ms®d the computational power of con-
troller and predictor by implementing them as symmetriqgaging modules consisting of self-modifying
probabilistic programs (Schmidhuber et al., 1997a, 199ii)en in a universal programming language
(Godel, 1931; Turing, 1936). The internal storage for temapy computational results of the programs
was viewed as part of the changing environment. Each modulkel suggest experiments in the form of
probabilistic algorithms to be executed, and make configesdictions about their effects by betting on
their outcomes, where thbetting moneyessentially played the role of the intrinsic reward. Theagipg
module could reject or accept the bet in a zero-sum game byngakcontrary prediction. In case of
acceptance, the winner was determined by executing theithligic experiment and checking its outcome;
the money was eventually transferred from the surprise losthe confirmed winner. Both modules tried
to maximize their money using a rather general RL algorithesighed for complex stochastic policies
(Schmidhuber et al., 1997a, 1997h).

All the references above also demonstrated experimernkeitthe presence of curiosity rewargl, (¢)
can speed up the collection externalreward.

Recently several researchers also implemented variargpmoximations of Principle 1. Singh and
Barto and coworkers focused on implementations within ttoa framework of RL (Barto et al., 2004;
Singh et al., 2005), directly using prediction errors asasity rewards. Additional implementations were
presented at the recent 2005 AAAI Spring Symposium on Devental Robotics (Blank and Meeden,
2005).

In what follows, we will formulate a general framework whialows for discussing optimal predictors,
optimal predictor improvements, and optimal RL algorithimisthe controller.

3 General Synchronous Framework for Curiosity Reward

At any timet (1 < t < T), given some predictor or world modgland historyh (< ¢), let C(p, h(< t))
denotep’s performance ofi(< ¢). Several more or less general types of predictor are disduasSection
3.1, various natural performance measures Section 3.2. Lep(t) denote the robot’s current predictor,
ands(t) its current controller, and do:

1. Lets(t) use (parts of) historjt(< ¢) to select and execuigt + 1).

2. Observer(t + 1).

3. Evaluatep(t) on (known parts of) historji(< ¢ + 1), to obtainC(p(t), h(< t 4 1)).
4

. Let the predictor’s learning algorithm use (known pafisig< ¢ + 1) to obtain a hopefully better
predictorp(t + 1).

5. Evaluatep(t + 1) onh(< t + 1), to obtainC(p(t + 1), h(< t + 1)).



6. Generate curiosity reward
rint(t+1) = f[C(p(t + 1), A(< t+ 1)), C(p(t), (<t +1))] )

in response to the predictor’s progress between tingawlt 4+ 1, wheref maps pairs of real values
to real values. Various alternative progress measuresiscassed in Section 3.3; most obvious is
fla,b) =a—0.

7. Letthe controller's RL algorithm usg < ¢+ 1), in particular,;;,,:(t+ 1), and possibly also the new
predictive world modepb(¢ + 1) itself, to obtain a new controllex(t + 1), in line with objective (1).
RL algorithms that are optimal in a certain sense will beused in Section 6.

The framework is labelletésynchronous’as it synchronizes action selection and reward-generation
learning in a fixed step-by-step process. This may be indeméand actually unrealistic for practical
purposes. For such reasons we will later (Section 5) dismussynchronous variant that loosens the strict
coupling between the generation of curiosity reward andrmlystem activities.

3.1 Predictors, World Models, or History Compressors

The complexity of evaluating some predicoon historyh (< ¢) depends on both and its performance
measure’’. Let us first focus on the former. Giveénone of the simplegi will just use a linear mapping to
predictz(t 4+ 1) from z(¢) andy(t + 1); see Section 4.1. More complgxsuch as adaptive recurrent neural
networks (RNN) (Werbos, 1988; Williams and Zipser, 1994bReon and Fallside, 1987; Schmidhuber,
1992a; Pearlmutter, 1995; Hochreiter and Schmidhuber7;198hmidhuber and Bakker, 2003; Schmid-
huber, 2004b; Schmidhuber, 2004c) will use a nonlinear nmgpand possibly the entire histohy(< ¢)

as a basis for the predictions. In fact, the first work on aiéficuriosity (Schmidhuber, 1991c) focused
on online learning RNN of this type. A theoretically optinmkdictor would be Solomonoff’s universal
induction scheme (Solomonoff, 1964; Solomonoff, 1978; hdl &/itanyi, 1997), to be discussed in more
detail in Section 4.2.

Prediction and compression are closely relatedp that correctly predicts many(7), given history
h(< 1), for1 < 7 < t, can be used to encod€< ¢) compactly: Giverp, only the wrongly predicted
z(7) plus information about the corresponding time stege necessary to reconstruct hista< t),
e.g., (Schmidhuber, 1992b). Similarlypahat learns a probability distribution of the possible nexents,
given previous events, can be used to efficiently encodereditsens with high (respectively low) predicted
probability by few (respectively many) bits (Huffman, 19=thmidhuber and Heil, 1996), thus achieving
a compressed history representation.

Generally speaking, we may viemas the essential part of a program that re-complitest). If this
program is short in comparison i< t), thenh(< t) is regular or non-random (Solomonoff, 1964; Kol-
mogorov, 1965; Li and Vitanyi, 1997; Schmidhuber, 200pb¢sumably reflecting essential environmental
laws. Therp may also be highly useful for predicting future, yet unsgén) for = > t.

3.2 Predictor Performance M easures

Given predictomp and timet, a naive predictor performance measare= C, v Will ignore all but the
most recent event:
Chaive(p, (< 1)) =|| pred(p, z(t)) — z(t) ||27 (3

wherepred(p, z(7)) is p’s prediction ofz(7). Similar naive measures ignore all but a few recent ob-
servations in a sliding time window of events. A more compatelly expensive performance measure
re-evaluatep onall external inputs observed so far. The costs of this are limelarassuming consumes
equal amounts of computation time for each single predictio

Colp, h(< 1) =D || pred(p, (7)) — () ||* . (4)



A similar measure that also takes into account predictiémeward would be

Cor(p, H(< 1)) = Culp, (S 1) + D | pred(p,r(r)) — () ||* . (5)

T=1

If the predictor also tries to predict future controllerianos we obtain

Clory(p, 1(< 1) = Car(p, R(< 1) + Y || pred(p, y(r)) —y(r) II*. (6)

T=1

Similar performance measures can be obtained for prediptpredicting a probability distribution of
the next possible observations, given previous obsemn&{i8ection 3.1), by replacing the mean squared
error by statistical similarity measures, such as the KadksLiebler distance between two probability
distributions (Kullback, 1959).

If we view p as a program that compresses histbf¥ ¢) (Section 3.1), then an appropriate perfor-
mance measure would be

Cl(p7 h(g t)) = l(p)a (7)

wherel(p) denotes the length gf, measured in number of bits: the shorterthe more algorithimic
regularity and compressibility and predictability and falmess in the observations so far. The ultimate
limit for Cy(p, h(< t)) would beK™*(h(< t)), a variant of the Kolmogorov complexity &f < ¢), namely,
the length of the shortest program (for the given hardwdraf) ¢omputes an output starting withi< ¢)
(Solomonoff, 1964; Kolmogorov, 1965; Li and Vitanyi, 19%chmidhuber, 2002b).

Clearly, many other similar performance measures are lplesdiater we will focus on the apparently
most sound ones: those that re-evalyate the entire observation history so far. To our knowledgdsu
measures have not yet been used in experimental work.

3.3 Predictor Performance I mprovement Measures

The previous Section 3.2 only discussed measures of poegietformance, but not of performanice-
provementwhich is the essential issue in our curiosity-oriented egnt To repeat the point made in
Section 2:The important thing are the improvements of the predictor, not its errors. The most obvi-
ous f for step 6 of the general framework abovefig, b) = a — b. Our first work (Schmidhuber, 1990,
1991c) as well as more recent work (Barto et al., 2004; Sirtggd.£2005; Blank and Meeden, 2005),
however, essentially usef{a, b) = b, with C = C,,4ve 0f €q. 3, implicitly assuming that high prediction
error automatically implies predictor improvements. locktastic environments this is generally not true,
and even in deterministic environments it is generally na¢ tue to limitations of the predictor and its
learning algorithm. This motivated the follow-up work ($etdhuber, 1991a, 1991b, 1997b, 2002a, 20044,
Storck et. al., 1995) —compare Section 2. However, no ptsvimplementation really used mathemati-
cally justifiable performance measures suclta®r C,,, (Section 3.2). All introduced major simplifying
assumptions, ignoring potentially misleading effects ttuenline parameter changes.

4 Optimal Predictors

Attime ¢ the agent cannot know more about the world thés ¢), the entire history of sensory perceptions
and actions so far. Let us assume for the moment that coniutahe is not an issue. At each time step
we may then use a rather expensive performance measuresagh, g. (5), to compute;,,.(¢) in step

6 of the general framework, usinffa, b) = a — b.

4.1 Optimal Linear Predictors

Let p(t) be theoptimallinear predictor trying to map:(r — 1),y(7) to z(r) for 1 < 7 < ¢ such that
C.(p(t), h(< t)) is minimized, eq. (4). One may find such an optimum using thi-kvewn pseudo-
inverse algorithm (Penrose, 1955). That is, we obtain a-defihed and easily computable curiosity
rewardr;,. (t).



Clearly,r;,:(t) > 0 for all ¢, since the new predictai(¢ + 1) will never perform worse oh(< ¢ + 1)
thanp(¢).

The costs of computing the optima(t) tend to grow polynomially irt. In simulated environments
this is no major problem as we can wait with thepecific update of the environment untilt) has been
computed. Real environments, however, do not wait. Theeeto avoid the computation of an optimal
predictor at every single time step, Section 5 will discuszatural asynchronous variant of the basic
framework.

4.2 Optimal Universal Predictors

Solomonoff'stheoretically optimal universal predictarsd their Bayesian learning algorithms (Solomonoff,
1964; Solomonoff, 1978; Li and Vitanyi, 1997; Hutter, 20@hly assume that the reactions of the envi-
ronment are sampled from an unknown probability distrifiuji contained in a sed/ of all enumerable
distributions—compare text after equation (1). That isegian observation sequenge< t), we only
assume there exists a computer program that can computedbahility of the next possible(t + 1),
giveng(< t). Since we typically do not know this program, we predict gsimmixture distribution

Eat+1)[q(<t)) = Zwim(q(f +1) la(<1)), (8)

a weighted sum oéll distributionsu; € M, ¢ = 1,2,. .., where the sum of the constant weights satisfies
>, w; < 1. Itturns out that this is indeed the best one can possiblindoyery general sense (Solomonoff,
1978; Hutter, 2004). The drawback is that the scheme is ipcable, sincel/ contains infinitely many
distributions.

One can increase the theoretical power of the scheme by aigngmé/ by certain non-enumerable
but limit-computable distributions (Schmidhuber, 2002i) restrict it such that it becomes computable,
e.g., by assuming the world is computed by some unknown hatm@istic computer program sampled
from the Speed Prior (Schmidhuber, 2002c) which assignplowability to environments that are hard to
compute by any method.

4.3 Other Predictors

Many alternative predictors can be defined, more generaltti@linear ones, less general than the univer-
sal ones, yet still optimal in some well-defined sense refigdhe predictor's computational limitations.
For example, given cost functiafi, and RNN predictop(t), it is formally clear what is an optimai(t).
It is less clear how to find it efficiently, though. Giveéni< t), standard RNN algorithms (Werbos, 1988;
Williams and Zipser, 1994; Robinson and Fallside, 1987 nddhuber, 1992a; Pearlmutter, 1995; Hochre-
iter and Schmidhuber, 1997; Schmidhuber, 2004c) are natgteed to find an optimal RNN within rea-
sonable time; they are based on gradient descent metho@sstadlocal optima.

Practical applications will have to take into account sustithtions of existing prediction algorithms.
To facilitate their discussion, we will now introduce an aslgronous variant of the framework in Section
3.

5 General Asynchronous Framework for Curiosity Reward

The synchronougramework of Section 3 may be unnatural for practical imptaetations. For example,
the costs of computing an optimal lineat) (Section 4.1) based on a performance measure su€h as
eq. (4), grow linearly int. For larget, however, it is unrealistic to assume that we can evalu@bewithin

a single time step. To further decouple the predictor'siatidn and learning procedures from those of the
controller, we describe an asynchronous variant of the dévaonk.

Controller: Atanytimet (1 <t < T)do:

1. Lets(t) use (parts of) historjt(< ¢) to select and execuigt + 1).



2. Observer(t + 1).

3. Check if there is non-zero curiosity rewatg. (¢ + 1) provided by the separate, asynchronously
running predictor learning algorithm (see below). If n@ts,.: (¢t + 1) = 0.

4. Let the controller’'s RL algorithm udg(< ¢ + 1) includingr;,,: (¢t + 1) (and possibly also the latest
available predictive world model provided by the predidietow) to obtain a new controlle(t+1),
in line with objective (1).

Predictor: Setp,.,, equal to the initial predictor. Starting at time 1, repeaef@r until interrupted by
deathT”

1. Setpoia = Prew; g€t current time stepand seth g = h(< t).
2. Evaluatep,;q 0N hpq, to obtainC (pera, hoia) (Section 3.2). This may take many time steps.

3. Letthe predictor’s learning algorithm ukg to obtain a hopefully better predictpy,..,. Although
this may take many time steps,.., may not be optimal, due to limitations of the learning altori,
e.g., local maxima.

4. Evaluate,,c,, 0N hyq, to 0btainC (ppew, hoia). This may take many time steps.

5. Get current time step and generate curiosity reward

Tint (T) = f[c(polda hold)a C(pnewa hold)]a (9)
e.g.,f(a,b) = a — b; see Section 3.3.

Clearly, this asynchronuous scheme may cause long tengelegls between controller actions and corre-
sponding curiosity rewards. This may further increase tivelén on the controller’s RL algorithm whose
task is to assign credit to past actions (to inform the cdletr@about beginnings of predictor evaluation
processes etc., we may augment its input by unique repegisTg of such events). Nevertheless, there are
RL algorithms for this purpose which are theoretically ol in various senses, to be discussed next.

6 Optimal Curiosity & Creativity

Our chosen predictor typically will have certain compudatl limitations. In the absence of any external
rewards, we may defingptimal pure curiosity behaviagelative to these limitations: At timethis behavior
selects the action that maximizes

T

Z Tint (7-)

T=t+1

u(t) = E,

h(< t)] . (10)

The resulting task of the controller's RL algorithm may beoanfidable one, even when we are using
very simple predictors and the synchronuous framework ofi@e 3. For example, the optimal linear
predictors (Section 4.1) may make it quite hard for the Rloatgm to compute action sequences that
maximize future expected curiosity reward according teeotiye (10). As the system is revisiting pre-
viously unpredictable parts of the environment, some o$¢hwill tend to become more predictable, that
is, the corresponding curiosity rewards will decrease timee. An optimal RL algorithm must somehow
detect and thepredict this decrease, and act accordingly. Traditional RL alporg (Kaelbling et al.,
1996; Sutton and Barto, 1998), however, do not provide aagrttical guarantee of optimality for such
situations.

This is not to say though that sub-optimal RL methods mayesud ko success in certain applications;
experimental studies might lead to interesting insighigdrticular, it would be desirable to apply simple
traditional RL to (previously untried) sound objective @tions taking the entire history into account, such
asC,,, eq. (5). In what follows, however, we will focus on optimdl Ro address the limits of what is
theoretically possible.



Let us first make the natural assumption that the predictootisuper-complex such as Solomonoff’s,
that is, its output and and,,; (¢t) are computable for all. Is there an optimal RL algorithm for achieving
objective (10)? Indeed, there is, for both the synchronamasasynchronuous framework. Its drawback,
however, is that itself is not computable in finite time. Nekeless, it serves as a reference point for
defining what is achievable at best.

6.1 Optimal But Incomputable Action Selector

At any timet, Hutter’s recent theoretically optimal yet uncomputableadtyorithm Aixi (Hutter, 2004)
uses Solomonoff’s universal prediction scheme (Sectightd.select those action sequences that promise
maximal future reward up to some horizon, typicelly given the current data(< ¢). One may adapt
this to the case of any finite horizdh. That is, in cyclet + 1, Aix1 selects as its next action the first
action of an action sequence maximizifipredicted reward up to the horizon, appropriately gemsnag
eqg. (8). Recent work (Hutter, 2004) demonstrataa’s optimal use of observations as follows. The
Bayes-optimal policy¢ based on the mixturgis self-optimizing in the sense that its average utilityueal
converges asymptotically for gll € M to the optimal value achieved by the (infeasible) Baye $nugt
policy p* which knowsy in advance. The necessary condition thdtadmits self-optimizing policies is
also sufficient. Furthermore? is Pareto-optimal in the sense that there is no other poliding higher
or equal value irall environments € M and a strictly higher value in at least one (Hutter, 2004).

6.2 Computable Selector of Provably Optimal Actions, Given Current System

AIXI needs unlimited computation time. To take the consumed atettipn time into account in a general,
optimal way, we may use the recent Godel machines (Schrh&h@003, 2005a, 2005b, 2005c¢) instead.
Godel machines represent the first class of mathematiaglhyous, general, fully self-referential, self-
improving, optimally efficient problem solvers. In partiay they are applicable to the problem embodied
by objective (10).

The initial softwareS of such a Godel machine contains an initial problem sokver.,, one of Hutter’s
approaches (Hutter, 2004) or some less general, typicabptitmal method (Kaelbling et al., 1996; Sutton
and Barto, 1998). Simultaneously, it contains an asymgtiyi optimal initial proof searcher based on an
online variant of Levin’dJniversal Searcl{Levin, 1973), which is used to run and tgsbof techniques
Proof techniques are programs written in a universal prograng language implemented on the Godel
machine withinS, able to compute proofs concerning the system’s own futerfopmance, based on
an axiomatic system encoded inS. A describes the formaltility function, in our case eq. (10), the
hardware properties, axioms of arithmetic and probaltitigory and string manipulation etc, afdtself,
which is possible without introducing circularity (Schrhigber, 2003).

Inspired by Kurt Godel's celebrated self-referentiainfialas (1931), the Godel machine rewrites any
part of its own code in a computable way through a self-gg¢adraxecutable program as soon asJis-
versal Searclvariant has found a proof that the rewriteusefulaccording to objective (10). According
to the Global Optimality Theorem (Schmidhuber, 2003, 20@885b, 2005c), such a self-rewrite is glob-
ally optimal—no local maximal—since the self-referentialde first had to prove that it is not useful to
continue the proof search for alternative self-rewrites.

If there is no provably useful, globally optimal way of retimg S at all, then humans will not find one
either. But if there is one, theSiitself can find and exploit it. Unlike previousn-self-referential methods
based on hardwired proof searchers (Hutter, 2004), Godehmes not only boast an optimadder of
complexity but can optimally reduce (through self-changes/ slowdowns hidden by th@()-notation,
provided the utility of such speed-ups is provable at all.

6.3 Consequences of Optimal Action Selecton

Now let us apply any optimal RL algorithm to curiosity rewsrd he expected consequences are obvious:
at timet the controller will do the best to select an actigft) that starts an action sequence expected to
create observations yielding maximal expected predictmgess up until expected dedth In particular,
ignoring issues of computation time, it will focus in the bpessible way on things that are currently still



unpredictable but will soon become predictable througlitewidhl learning. It will get bored by things that
are predictable. It will also get bored by things that areentty unpredictable but will apparently remain
unpredictable, given the experience so far, or where this afsnaking them predictable exceed those of
making other things predictable, etc.

Previous work (Schmidhuber, 1991a, 1991b, 1997b, 2002&&05torck et. al., 1995) already dis-
cussed such effects, but not in the context of theoreticgdtimal ways of achieving them.

7 Music and the Fine Arts

Works of art and music do not seem to have an obvious purpasee 8ven classify them as superfluous
(Pinker, 1997). Others try to justify them through theirisbaspects, e.g., (Balter, 2004). Undoubtedly,
however, many derive pleasure and rewards from perceivioiksvof art, such as certain paintings, or
songs. What exactly is the source of these rewards? Do tlflegtreome non-obvious, hidden usefulness
of art? Why do certain observers perceive some artworksiag baperior to others?

While previous attempts at describing what is satisfactstyr music were informal, the frameworks
of Sections 3 and 5 permit the fitgichnical, formabpproach to answering such questions.

Any artificial or human observer must perceive art sequiptand typically also actively, e.g., through
a sequence of attention-shifting eye saccades or camer@manis scanning a sculpture, or internal shifts
of attention that filter and emphasize sounds made by a piavfide surpressing background noise.

Different subjective observers with different sensoryapgi and learning algorithms will prefer dif-
ferent input sequences. Hence any objective theory of vehgwod art must take the subjective observer
as a parameter, to answer questions such as: Which actioersses should he select to maximize his
pleasure? According to our curiosity reward framework fmusthselect one that maximizes the number of
quickly learnable regularities that are new, relative ®dirrent knowledge and his (usually limited) way
of incorporating or learning new data.

7.1 Musc

For example, which song should some given observer setgdtmow? Not the one he just heard ten times
in a row. It became too predictable in the process. But alsah@mnew weird one with the completely
unfamiliar rhythm and tonality. It seems too irregular amehtain too much arbitrariness and subjective
noise. He should try a song that is unfamiliar enough to dorégamewhat unexpected harmonies or
melodies or beats etc., but familiar enough to allow for glyicecognizing the presence of a new learnable
regularity in the sound stream. Sure, this song will getiopdver time, but not yet.

The observer dependence is illustrated by the fact thabri8mrg’s twelve tone music is less popular
than certain Bach tunes, presumably because its algodthimicture is less obvious to many human ob-
servers. Those with a prior education about the basic cés@eq objectives and constraints of twelve
tone music, however, tend to appreciate Schonberg monghiose without such an education.

All of this perfectly fits our frameworks from Section 3 and Bhe current predictor of a given sub-
jective observer tries to compress (compare Section 3slhistory of acoustic and other inputs where
possible. The action selector tries to find actions that aweithe predictor’s performance on the history
so far. The interesting musical and other subsequences@se tith previously unknown yet learnable
types of regularities, because they lead to predictor ingarents. The boring patterns are those that seem
arbitrary or random, or whose structure seems too hard terstahd.

7.2 Visual Arts

Similar statements not only hold for other dynamic art iahg film and dance (relate this to the non-
traditional objective functiod’,,, eq. (6), which takes into account predictions of contraletions), but
also for painting and sculpture, which cause dynamic pateguences due to attention-shifting actions
(Schmidhuber and Huber, 1991) of the observer.

For example, consider Figure 1, due to the author, repriinted the journal.eonardo(Schmidhuber,
1997a). It depicts a butterfly approaching a vase with a flowke image to the left can be specified by



very few bits of information; it can be constructed througheay simple procedure or algorithm based on
fractal circle patterns (Schmidhuber, 1997a). People widetstand this algorithm tend to appreciate the
drawing more than others. They realize how simple it is. Tveard is generated by the discovery of the
simple underlying pattern. This is not an immediate, alkothing, binary process though—the typical

human visual system has a lot of experience with circles,exath without formal explanation tends to

realize that there is something special about this butteAlthough few people are able to immediately

see how the drawing was made, most do notice how the curveshemmfit together and exhibit some sort

of regularity.

Figure 1:Left: Image of a butterfly approaching a vase with a flower, repdrftem Leonardo(Schmid-
huber, 1997a).Right: Explanation of how the image was constructed through a vienple algorithm
exploiting fractal circles (Schmidhuber, 1997a). The feaim a circle; its leftmost point is the center of
another circle of the same size. Wherever two circles of kegjma touch or intersect are centers of two
more circles with equal and half size, respectively. Each of the drawing is a segment of some circle, its
endpoints are where circles touch or intersect. There areldigy circles and many small ones. In general,
the smaller a circle, the more bits are needed to specifytie drawing to the left is simple (compressible)
as it is based on few, rather large circles. Many human ob=mreport that they derive a certain amount
of pleasure from learning about this simplicity.

7.3 ArtistsvsObservers: Any Difference?

So far we have focused on observers of works of art. What gheudrtists? Just as observers get intrinsic
rewards from observing artwork that exhibits new, previpusknown regularities, artists get reward for
making it. The distinction is not clear though. Artists camdbservers and vice versa. Both artists and
observers execute action sequences. The intrinsic miotigaof both are fully compatible with our simple
theoretical framework.

Some artists, however, craegternalreward from other observers, in form of praise, money, ohpot
in addition to theinternal reward that comes from creating a new work of art. Our frant&poowever,
conceptually separates these two types of reward.

7.4 Beauty vsWhat's Interesting

In the 1990s we established a simple theory of subjectivatg¢&chmidhuber, 1997a, 1998): among sev-
eral patterns classified as ‘comparable’ by some given stibgeobserver, the subjectively most beautiful
is the one with the simplest (shortest) description, givenabserver’s particular method for encoding and

memorizing it.
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For example, mathematicians find beauty in a simple prodf wishort description in the formal lan-
guage they are using. Another example of beauty throughlisitypis given by the construction of a
geometrically simple, attractive face (Schmidhuber, 2998

What's beautiful is not necessarily interesting though. eadtiful thing may be interesting (that is,
trigger intrinsic curiosity rewards) only as long as it ism¢hat is, as long as the algorithmic regularity
that makes it simple has not yet been assimilated by the izdagtiserver.

7.5 Summary: Art and Creativity as By-Products of Curiosity Rewards

In the light of the observations above, we postulate thategperception of all kinds of artwork and our
interest therein is just a by-product of a curiosity rewgegherating framework such as the ones of Section 3
or 5. These frameworks are sufficiently formal and precisdlta for their implementation on computers
or developmental robots. The resulting artificial obsesweitl vary in terms of the computational power
of their predictors and learning algorithms. This will irdhce what is good art to them, and what they find
interesting.

In this sense we may indeed say that good observer-depeartideepens the observer’s insights about
this world or possible worlds, connecting previously disgected patterns in an initially surprising way
that eventually becomes known and less interesting.

Is there a way of applying this scheme to the automatic, ioloog¢ation of artwork that typicdluman
observers will appreciate? To do it right would require adyainderstanding of the predictive mechanisms
used by average humans. Popular artists may have acquiliatud@ive understanding thereof, but more
research is necessary to automate the process of creatietyywopular art.

8 Conclusions

There are theoretically optimal ways of improving the petide world model of a robotic agent. They
are based on optimal reinforcement learners maximizingeebeal future reward. The rewards are the
predictor’s improvements on the observation history so Térey encourage the reinforcement learner to
produce action sequences that cause the creation and thimggaf new, previously unknown regularities
in the sensory input stream. Art and creativity can be erpldias by-products of such intrinsic curiosity
rewards.
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