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Summary. Artificial Intelligence (AI) has recently become a real formal science: the new
millennium brought the first mathematically sound, asymptotically optimal, universalprob-
lem solvers, providing a new, rigorous foundation for the previously largely heuristic field of
General AI and embedded agents. There also has been rapid progress in not quite universal
but still rather general andpracticalartificial recurrent neural networks for learning sequence-
processing programs, now yielding state-of-the-art results in real world applications. And the
computing power per Euro is still growing by a factor of 100-1000 per decade, greatly in-
creasing the feasibility of neural networks in general, which have started to yield human-
competitive results in challenging pattern recognition competitions. Finally, a recent formal
theory of fun and creativity identifies basic principles of curious and creative machines, laying
foundations for artificial scientists and artists. Here I will briefly review some of the new re-
sults of my lab at IDSIA, and speculate about future developments, pointing out that the time
intervals between the most notable events in over 40,000 years or29 lifetimes of human his-
tory have sped up exponentially, apparently converging to zero within the next few decades. Or
is this impression just a by-product of the way humans allocate memory space to past events?

Note: this is the 2012 update of a 2007 publication [73]. Compare also the 2006
celebration of 75 years of AI [71].

1 Introduction

In 2003 I observed [65, 66] that each major breakthrough in computer science tends
to come roughly twice as fast as the previous one, roughly matching a century-
based scale: In 1623 the computing age started with the first mechanical calculator
by Wilhelm Schickard (followed by machines of Pascal, 1640,and Leibniz, 1670).
Roughly two centuries later Charles Babbage came up with theconcept of a program-
controlled computer (1834-1840). One century later, Julius Lilienfeld invented the
transistor (late 1920s), and Kurt Gödel layed the foundations of theoretical computer
science with his work on universal formal languages and the limits of proof and com-
putation (1931) [20]. His results and Church’s extensions thereof were reformulated
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by Turing in 1936 [96], while Konrad Zuse built the first working program-controlled
computers (1935-1941), using the binary system of Leibniz (1701) instead of the
more cumbersome decimal system used by Babbage and many others. By 1941 all
the main ingredients of ‘modern’ computer science were in place. The next 50 years
saw many less radical theoretical advances as well as fasterand faster switches—
relays were replaced by tubes by single transistors by numerous transistors etched on
chips—but arguably this was rather predictable, incremental progress without earth-
shaking events. Half a century later, however, Berners-Leetriggered the most recent
world-changing development by creating the World Wide Web at CERN (1990).

Extrapolating the trend, we should expect the next radical change to manifest
itself one quarter of a century after the most recent one, that is, before 2020, when
some computers will already match brains in terms of raw computing power, accord-
ing to frequent estimates based on Moore’s law, which suggests a speed-up factor
of roughly 100-1000 per decade, give or take a few years. Willthe remaining series
of faster and faster additional revolutions converge in anOmega point(term coined
by Pierre Teilhard de Chardin, 1916) around 2040, when individual machines will
already approach the raw computing power of all human brainscombined, provided
Moore’s law does not break down? Many of the present readers of this article should
still be alive then. Compare Stanislaw Ulam’s concept of an approachinghistoric
singularity(quote: [100]), popularized by Vernor Vinge astechnological singularity
[99, 100], as well as subsequent speculations [39, 47].

Will the software and the theoretical advances keep up with the hardware devel-
opment? I am convinced they will. In fact, the new millenniumhas brought not only
human-competitive performance of artificial neural networks (NN) in pattern recog-
nition contests (more on this later), but also fundamental new insights into the prob-
lem of constructingtheoretically optimalrational agents or universal Artificial Intel-
ligences (AIs), as well as curious & creative machines (moreon this below). There
also has been rapid progress inpractical learning algorithms for agents interacting
with a dynamic environment, autonomously discovering truesequence-processing,
problem-solving programs, as opposed to the reactive mappings from stationary in-
puts to outputs studied in most traditional machine learning (ML) research. In what
follows, I will briefly review some of the new results, then come back to the issue of
whether or not history is about to “converge.”

2 Notation

Consider a learning robotic agent with a single life which consists of discrete cycles
or time stepst = 1, 2, . . . , T . Its total lifetimeT may or may not be known in
advance. In what follows,the value of any time-varying variableQ at time t (1 ≤
t ≤ T ) will be denoted byQ(t), the ordered sequence of valuesQ(1), . . . , Q(t) by
Q(≤ t), and the (possibly empty) sequenceQ(1), . . . , Q(t − 1) by Q(< t).

At any givent the robot receives a real-valued input vectorx(t) from the envi-
ronment and executes a real-valued actiony(t) which may affect future inputs; at
timest < T its goal is to maximize future success orutility
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wherer(t) is an additional real-valued reward input at timet, h(t) the ordered triple
[x(t), y(t), r(t)] (henceh(≤ t) is the known history up tot), andEµ(· | ·) denotes the
conditional expectation operator with respect to some possibly unknown distribution
µ from a setM of possible distributions. HereM reflects whatever is known about
the possibly probabilistic reactions of the environment. For example,M may contain
all computable distributions [32, 44, 88]. Note that unlikein most previous work by
others [34, 95], but like in much of the author’s own previouswork [72, 81], there
is just one life, no need for predefined repeatable trials, norestriction to Markovian
interfaces between sensors and environment [58], and the utility function implicitly
takes into account the expected remaining lifespanEµ(T | h(≤ t)) and thus the
possibility to extend it through appropriate actions [68, 72].

3 Universal But Incomputable AI

Solomonoff’s theoretically optimal universal predictorsand their Bayesian learning
algorithms [32, 44, 88] only assume that the reactions of theenvironment are sam-
pled from an unknown probability distributionµ contained in a setM of all enu-
merable distributions—compare text after equation (1). That is, given an observation
sequenceq(≤ t), we only assume there exists a computer program that can compute
the probability of the next possibleq(t + 1), given q(≤ t). Since we typically do
not know the program computingµ, we predict the future in a Bayesian framework
by using a mixture distributionξ =

∑

i wiµi, a weighted sum ofall distributions
µi ∈ M, i = 1, 2, . . ., where

∑

i wi ≤ 1. It turns out that this is indeed the best
one can possibly do, in a very general sense [32]. The drawback is that the scheme
is incomputable, sinceM contains infinitely many distributions.

One can increase the theoretical power of the scheme by augmentingM by cer-
tain non-enumerable but limit-computable distributions [63], or restrict it such that
it becomes computable, e.g., by assuming the world is computed by some unknown
but deterministic computer program sampled from the Speed Prior [64] which as-
signs low probability to environments that are hard to compute by any method. Un-
der the Speed Prior the cumulative a priori probability of all data whose computation
through an optimal algorithm requires more thanO(n) resources is1/n.

Can we use the optimal predictors to build an optimal AI? Indeed, in the new
millennium it was shown we can. At any timet, the recent theoretically optimal
yet uncomputable RL algorithm AIXI [32] uses Solomonoff’s universal prediction
scheme to select those action sequences that promise maximal future reward up to
some horizon, typically2t, given the current datah(≤ t). One may adapt this to
the case of any finite horizonT . That is, in cyclet + 1, A IXI selects as its next
action the first action of an action sequence maximizingξ-predicted reward up to
the horizon, appropriately generalizing Solomonoff’s universal prior. Recent work
[32] demonstrated AIXI ’s optimal use of observations as follows. The Bayes-optimal
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policypξ based on the mixtureξ is self-optimizing in the sense that its average utility
value converges asymptotically for allµ ∈ M to the optimal value achieved by
the (infeasible) Bayes-optimal policypµ which knowsµ in advance. The necessary
condition thatM admits self-optimizing policies is also sufficient. Furthermore,pξ

is Pareto-optimal in the sense that there is no other policy yielding higher or equal
value inall environmentsν ∈ M and a strictly higher value in at least one [32].

What are the implications? The first decades of attempts atArtificial General
Intelligence (AGI)have been dominated by heuristic approaches [46, 48, 52, 97].
Traditionally many theoretical computer scientists have regarded the field with con-
tempt for its lack of hard theoretical results. Things have changed, however. Although
the universal approach above is practically infeasible dueto the incomputability of
Solomonoff’s prior, it does provide, for the first time, a mathematically sound the-
ory of AGI and optimal decision making based on experience, identifying the limits
of both human and artificial intelligence, and providing a yardstick for any future
approach to AGI.

Using the Speed Prior mentioned above, one can scale the universal approach
down such that it becomes at leastcomputable[64]. In what follows I will mention
ways of introducing additional optimality criteria that take into account the compu-
tational costs of prediction and decision making.

4 Asymptotically Optimal General Problem Solver

To take computation time into account in a general, theoretically optimal way [43]
[44, p. 502-505], the recent asymptotically optimal searchalgorithm forall well-
defined problems HSEARCH [31] uses a hardwired brute force proof searcher which
(justifiably) ignores the costs of proof search. Assuming discrete input/output do-
mainsX/Y ⊂ B∗, a formal problem specificationf : X → Y (say, a functional
description of how integers are decomposed into their primefactors), and a particular
x ∈ X (say, an integer to be factorized), HSEARCHorders all proofs of an appropri-
ate axiomatic system by size to find programsq that for allz ∈ X provably compute
f(z) within time boundtq(z). Simultaneously it spends most of its time on executing
theq with the best currently proven time boundtq(x). Remarkably, HSEARCH is as
fast as thefastestalgorithm that provably computesf(z) for all z ∈ X , save for a
constant factor smaller than1 + ǫ (arbitrary real-valuedǫ > 0) and anf -specific but
x-independent additive constant [31].

Practical applications, however, should not ignore potentially huge constants.
This motivates the next section which addresses all kinds ofoptimality (not just
asymptotic optimality).

5 Optimal Self-Referential General Problem Solver

The recent Gödel machines [68, 72, 74] represent the first class of mathematically
rigorous, general, fully self-referential, self-improving, optimally efficient problem



New Millennium AI and the Convergence of History: Update of 2012 5

solvers. In particular, they are applicable to the problem embodied by objective (1),
which obviously is not limited toasymptoticoptimality. Gödel machines formalize
I. J. Good’s informal remarks (1965) on an“intelligence explosion through self-
improving super-intelligences.”

The initial softwareS of such a Gödel machine contains an initial problem solver,
e.g., one of the approaches above [32] or some less general, typical sub-optimal
method [34, 95]. Simultaneously, it contains an initial proof searcher (possibly based
on an online variant ofUniversal Search[43] or theOptimal Ordered Problem Solver
[67]) which is used to run and testproof techniques. The latter are programs writ-
ten in a universal programming language implemented on the Gödel machine within
S, able to compute proofs concerning the system’s own future performance, based
on an axiomatic systemA encoded inS. A describes the formalutility function, in
our case eq. (1), the hardware properties, axioms of arithmetics and probability the-
ory and string manipulation etc, andS itself, which is possible without introducing
circularity [68, 72, 74].

Inspired by Kurt Gödel’s celebrated self-referential formulas (1931) [20], the
Gödel machine rewrites any part of its own code in a computable way through a
self-generated executable program as soon as itsUniversal Searchvariant has found
a proof that the rewrite isusefulaccording to objective (1). According to the Global
Optimality Theorem [68, 72, 74], such a self-rewrite is globally optimal—no local
maxima!—since the self-referential code 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 rewriting S at all, then
humans will not find one either. But if there is one, thenS itself can find and ex-
ploit it. Unlike non-self-referential methods based on hardwired proof searchers [32]
(Section 4), Gödel machines not only boast an optimalorder of complexity but can
optimally reduce (through self-changes) any slowdowns hidden by the asymptotic
O()-notation, provided the utility of such speed-ups is provable at all.

To make sure the Gödel machine is at leastasymptoticallyoptimal even before
the first self-rewrite, we may initialize it by the non-self-referential butasymptoti-
cally fastest algorithm for all well-defined problemsHSEARCH [31] of Section 4.
Given some problem, the Gödel machine may decide to replaceits HSEARCH ini-
tialization by a faster method suffering less from large constant overhead, but even if
it doesn’t, its performance won’t be less than asymptotically optimal.

Implications

The above implies that there already exists the blueprint ofa Universal AI which will
solve almost all problems almost as quickly as if it already knew the best (unknown)
algorithm for solving them, because almost all imaginable problems are big enough
to make additive constants negligible. The only motivationfor notquitting computer
science research right now is that many real-world problemsare so small and simple
that the ominous constant slowdown (potentially relevant at least before the first
Gödel machine self-rewrite) isnotnegligible.
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6 Recurrent / Deep Neural Networks

Practical implementations of the Gödel machine above do not yet exist, and probably
will require a thoughtful choice of the initial axioms and the initial proof searcher.
In what follows, however, I will focus on already quite practical, non-optimal and
non-universal, but still rather general searchers in program space, as opposed to the
space of reactive, feedforward input / output mappings, which still attracts the bulk
of current ML research.

Recurrent NN (RNN) are NN [4] with feedback connections thatare, in prin-
ciple, as powerful as any traditional computer. There is a very simple way to see
this [55]: a traditional microprocessor may be viewed as a very sparsely connected
RNN consisting of very simple neurons implementing nonlinear AND and NAND
gates, etc. Compare [84] for a more complex argument. Hence RNN can solve tasks
involving sequences of continually varying inputs. Examples include robot control,
speech recognition, music composition, attentive vision,and numerous others.

Supervised RNN can be trained by gradient descent and other methods [33, 45,
51, 59, 101, 104]. Recent work has successfully applied Hessian-free optimization to
RNN [94], using tricks such as special damping functions andstopping criteria, mini-
batches for curvature calculation, and others. Our own RNN overcome fundamental
problems of previous RNN [28], outperforming them in many applications [16, 17,
22–25, 29, 80]. While RNN used to betoy problem methods in the 1990s, ours
have recently started to outperform all other methods inchallenging real world
applications [14, 23–25, 78, 80]. Recently, our CTC-trained [22] mulitdimensional
[25] RNN won three Connected Handwriting Recognition Competitions at ICDAR
2009 (see list of won competitions below).

Training an RNN by standard methods is similar to training a feedforward NN
(FNN) with many layers, which runs into similar problems [28]. However, our recent
deep FNN with special internal architecture overcome theseproblems to the extent
that they are currently winning many international patternrecognition contests [6, 8–
11, 78] (see list of won competitions below). None of this requires the traditional
sophisticated computer vision techniques developed over the past six decades or so.
Instead, our biologically rather plausible NN architectures learn from experience
with millions of training examples. Typically they have many non-linear processing
stages like Fukushima’s Neocognitron [15]; we sometimes (but not always) profit
from sparse network connectivity and techniques such as weight sharing & convolu-
tion [3, 40], max-pooling [54], and contrast enhancement like the one automatically
generated by unsupervisedPredictability Minimization[60, 79, 82]. Our NN are now
often outperforming all other methods including the theoretically less general and
less powerful support vector machines (SVM) based on statistical learning theory
[98] (which for a long time had the upper hand, at least in practice). These results
are currently contributing to a secondNeural Network ReNNaissance (the first one
happened in the 1980s and early 90s) which might not be possible without dramatic
advances in computational power per Swiss Franc, obtained in the new millennium.
In particular, to implement and train our NN, we exploit graphics processing units
(GPUs, mini-supercomputers normally used for video games)which are 100 times
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faster than traditional CPUs, and a million times faster than PCs of two decades ago
when we started this type of research.

1st Ranks of my Lab’s Methods in International Competitions since 2009:
7. ISBI 2012 Segmentation Challenge (with superhuman pixel error rate) [5].
6. IJCNN 2011 on-site Traffic Sign Recognition Competition (0.56% error rate, the
only method better than humans, who achieved 1.16% on average; 3rd place for
1.69%) [10]
5. ICDAR 2011 offline Chinese handwritten character recognition competition [11].
4. Online German Traffic Sign Recognition Contest (1st & 2nd rank; 1.02% error
rate) [9].
3. ICDAR 2009 Arabic Connected Handwriting Competition (won by our LSTM
RNN [24, 25], same below).
2. ICDAR 2009 Handwritten Farsi/Arabic Character Recognition Competition.
1. ICDAR 2009 French Connected Handwriting Competition.

1st Ranks in Important Machine Learning (ML) Benchmarks since 2010:
3. MNIST handwritten digits data set [40] (perhaps the most famous ML bench-
mark). New records: 0.35% error in 2010 [6], 0.27% in 2011 [7], first human-
competitive performance (0.23%) in 2012 [11].
2. NORB stereo image data set [41]. New records in 2011, 2012, e.g., [11].
1. CIFAR-10 image data set [37]. New records (eventually 11.2%error rate) in 2011,
2012, e.g., [11].

In a certain sense,Reinforcement Learning (RL) [34, 95] is more challenging
than supervised learning as above, since there is no teacherproviding desired out-
puts at appropriate time steps. To solve a given problem, thelearning agent itself
must discover useful output sequences in response to the observations. The tradi-
tional approach to RL is best embodied by Sutton and Barto’s book [95]. It makes
strong assumptions about the environment, such as the Markov assumption: the cur-
rent input of the agent tells it all it needs to know about the environment. Then all
we need to learn is some sort of reactive mapping from stationary inputs to out-
puts. This is often unrealistic. A more general approach forpartially observable en-
vironments directly evolves programs for RNN with internalstates (no need for the
Markovian assumption), by applying evolutionary algorithms [30, 50, 83] to RNN
weight matrices [26, 85, 89, 105]. Recent work brought progress through a focus
on reducing search spaces by co-evolving the comparativelysmall weight vectors of
individual neurons and synapses [21], by Natural Gradient-based Stochastic Search
Strategies [19, 53, 92, 93, 102, 103], and by reducing searchspaces through weight
matrix compression [36, 61]. Our RL RNN now outperform many previous methods
on benchmarks [21], creating memories of important events and solving numerous
tasks unsolvable by classical RL methods. Severalbest paper awardsresulted from
this research, e.g., [18, 92].
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7 Curious & Creative Machines Maximizing Wow-Effects

The main problem in many RL tasks, however, remains the very rare external re-
ward. How to learn anything from such limited feedback in reasonable time? Over
the past two decades I have pioneered aFormal Theory of Curiosity (FTC) and cre-
ativity and exploration, which describes how to provide frequent additionalintrinsic
rewards for active data-creating explorers [56, 57, 62, 69,75, 76, 90]. FTC has re-
cently gained a lot of traction (most citations, even of the old papers, stem from the
past five years, especially the last two years).

One inspiration of FTC is biological. To solve existential problems such as avoid-
ing hunger or thirst, a baby has to learn how the environment responds to its actions.
Even when there is no immediate need to satisfy thirst or other built-in primitive
drives, the baby does not run idle. Instead it actively conducts non-random exper-
iments: what sensory feedback do I get if I move my eyes or my fingers or my
tongue in particular ways? Being able to predict the effectsof its actions enable it to
plan control sequences leading to desirable states, such asthose where its thirst and
hunger sensors are switched off. But the growing infant quickly gets bored by things
it already understands well as well as those it does not understand at all. It searches
for new effects exhibiting some yet unexplained buteasily learnableregularities. It
continually acquires more and more complex skills buildingon previously acquired,
simpler skills. Eventually the baby may become a physicist,creating experiments to
discover previously unknown physical laws, or an artist creating new eye-opening
artworks, or a comedian delighting audiences with novel jokes.

According to FTC [56, 57, 62, 69, 75, 76, 90], the baby’s exploratory behavior
is driven by a very simple algorithmic mechanism that uses RLto maximize internal
wow effects. Wow effects are sudden reductions in an agent’s estimate ofthe com-
plexity of its history of observations and actions. These occur due to the agent’s own
learning progress. To clarify, consider an explorer with two modules: a world model
and an actor. The former encodes the agent’s growing historyof sensory data (tactile,
auditory, visual, etc), while the latter executes actions that influence and shape that
history. The world model (e.g., an NN or RNN) uses a learning algorithm to encode
the data more efficiently, trying to discovernew regularitiesthat allow for saving
storage space (e.g., synapses) or computation time. When successful, the RL actor
receives a reward (thewow effect). Maximizing future expected reward, the actor
is motivated to invent behaviors leading to more such rewards; i.e., to data that the
encoder does not yet know but can easily learn. Wow effects can also result from
simplifying or speeding up the actor itself [76]. Unlike thepre-programmed interest-
ingness measure of EURISKO [42], FTC’s continually redefines what’s interesting
based on what’s currently easy to learn, in addition to what’s already known.

Since 1990 we have been building explorers based on FTC. These agents may
be viewed as simple artificial scientists or artists with an intrinsic desire to create
experiments for building better models of the world [56, 57,62, 69, 75, 90], in the
process developing more and more efficient procedures or skills [62, 76]. This work
has inspired much recent research; the last few years brought lots of related work
by others [2, 12, 49, 86], also in the nascent field of developmental robotics [27,
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38, 49]. FTC generalizesactive learning[1, 13, 91], taking into account: (1) highly
environment-dependent costs of obtaining or creating not just individual data points
but datasequencesof unknown size; (2) arbitrary algorithmic [35, 44, 63, 64, 88] or
statistical dependencies in sequences of actions and sensory inputs [62, 69]; and (3)
the computational cost of learning new skills [62, 76].

The first curious explorers from the 1990s [56, 62, 90] used RLmethods that
were sub-optimal for online learning and forwow effectrewards that vanish as soon
as learning progress stops. More recent, mathematically optimal, creative explor-
ers [69, 75] are based on universal RL methods [32, 64, 70] that are not yet computa-
tionally tractable (Section 3). Recent work has demonstrated exploration that is both
optimal and feasible [106] for limited scenarios, but much remains to bedone for
challenging, high-dimensional, partially observable worlds. This is driving ongoing
work.

8 Is History Converging? Again?

Many predict that within a few decades there will be computers whose raw com-
puting power will surpass the one of a human brain by far (e.g., [39, 47]). In the
1980s, an educated guess of this type motivated me to study computer science and
AI. I have argued above that algorithmic advances are keeping up with the hardware
development, pointing to new-millennium theoretical insights on universal problem
solvers and creative machines that are optimal in various mathematical senses (thus
makingGeneral AIa real formal science), as well as to practical progress in program
learning through brain-inspired neural nets.

A single human predicting the future of humankind is like a single neuron pre-
dicting what its brain will do. Nevertheless, a few things can be predicted confi-
dently, such as: tomorrow the sun will shine in the Sahara desert. So let us put the
AI-oriented developments discussed above in a broader context, and try to extend
the naive analysis of past computer science breakthroughs in the introduction, which
predicts that computer history will converge in anOmega pointor historic singularity
Ω around2040 [71, 73].

Surprisingly, even if we go back all the way to the beginningsof modern man
over 40,000 years ago, essential historic developments (that is, the subjects of the
major chapters in history books) match a a binary scale marking exponentially de-
clining temporal intervals, each half the size of the previous one, and even measur-
able in terms of powers of 2 multiplied by a human lifetime (roughly 80 years—
throughout recorded history many individuals have reachedthis age, although the
average lifetime often was shorter, mostly due to high children mortality). Using the
valueΩ = 2040, associate an error bar of not much more than 10 percent with each
date below:

1. Ω − 29 lifetimes: modern humans start colonizing the world from Africa
2. Ω − 28 lifetimes: bow and arrow invented; hunting revolution
3. Ω − 27 lifetimes: invention of agriculture; first permanent settlements; begin-

nings of civilization
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4. Ω − 26 lifetimes: first high civilizations (Sumeria, Egypt), and the most impor-
tant invention of recorded history, namely, the one that made recorded history
possible: writing

5. Ω − 25 lifetimes: TheAxial Age(the axis around which history turned, accord-
ing to Karl Jaspers), the age of the first large empire (the Persian one), the only
empire ever to contain almost half humankind. At its fringes, the ancient Greeks
invent democracy and lay the foundations of Western scienceand art and phi-
losophy, from algorithmic procedures and formal proofs to anatomically perfect
sculptures, harmonic music, sophisticated machines including steam engines,
and organized sports. Major Asian religions founded, Old Testament written (ba-
sis of Judaism, Christianity, Islam). High civilizations in China, origin of the first
calculation tools, and India, origin of alphabets and the zero.

6. Ω − 24 lifetimes: bookprint (often called the most important invention of the
past 2000 years) invented in China. Islamic science and culture start spreading
across large parts of the known world (this has sometimes been called the most
important development between Antiquity and the age of discoveries)

7. Ω − 23 lifetimes: the most dominant empire of the past 2,500 years (the Mon-
golian empire) includes most of the civilized world. Soon afterwards, Chinese
fleets and later also European vessels start exploring the world. Gun powder and
guns invented in China. Rennaissance and printing press (often called the most
influential invention of the past 1000 years) and subsequentReformation in Eu-
rope. Begin of the Scientific Revolution

8. Ω−22 lifetimes: Age of enlightenment and rational thought in Europe. Massive
progress in the sciences; first flying machines; start of the industrial revolution
based on improved steam engines

9. Ω − 2 lifetimes: Birth of the modern world in the second industrial revolution
based on combustion engines, cheap electricity, and modernchemistry. Genetic
and evolution theory. Revolutionary modern medicine through the germ theory
of disease. Onset of the unprecedented population explosion driving many other
developments. European colonialism at its short-lived peak

10. Ω − 1 lifetime: Post-World War II society and pop culture emerges. The world-
wide super-exponential population explosion (mainly due to the Haber-Bosch
process [87]) is at its peak. First commercial computers andfirst spacecraft;
DNA structure unveiled

11. Ω − 1/2 lifetime: 3rd industrial revolution (?) through an emerging world-
wide digital nervous system based on personal computers, cell phones, and the
World Wide Web. A mathematical theory of universal AI emerges (see sections
above)—will this be considered a milestone in the future?

12. Ω − 1/4 lifetime: This point will be reached in a few years. See introduction
13. Ω − 1/8 lifetime: The number of humans will roughly match the numberof

grey matter neurons in a human brain. Will they be digitally connected in a
roughly brain-like way (on average 10,000 connections per unit, mostly be-
tween neighbors arranged in a two-dimensional sheet), likea super-brain whose
super-neurons are standard human brains? 100 years after G¨odel’s paper on the
limits of proof & computation & AI [20]: will practical variants of Gödel ma-
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chines start a runaway evolution of continually self-improving superminds way
beyond human imagination, causing far more unpredictable revolutions in the
final decade beforeΩ than during all the millennia before?

14. ...

I feel there is no need to justify a much more cautious outlookby pessimisti-
cally referring to comparatively recent over-optimistic and self-serving predictions
(1960s: “only 10 instead of 100 years needed to build AIs”) bya few early AI en-
thusiasts in search of funding [77]. Nevertheless, after 10,000 years of civilization
it would not matter much if theΩ estimate above were off by a few decades. Note
that by cosmic standards the invention of writing over 5000 years ago almost coin-
cided with the emergence of the WWW, and all of civilization history seems like a
sudden flash—one needs to zoom in very closely to resolve the minute details of this
ongoing turbulent intelligence explosion spanning just a few millennia.

The following disclosure should help the reader to take the list above with a
grain of salt though. I admit being very interested in witnessing the Omega point. I
was born in 1963, and therefore perhaps should not expect to live long past 2040.
This may motivate me to uncover certain historic patterns that fit my desires, while
ignoring other patterns that do not.

Others may feel attracted by the same trap, identifying exponential speedups in
sequences of historic paradigm shifts identified by varioushistorians, to back up the
hypothesis thatOmega is near, e.g., [39]. The cited historians are all contemporary,
presumably being subject to a similar bias. People of past ages might have held quite
different views. For example, possibly some historians of the year 1525 felt inclined
to predict a convergence of history around 1540, deriving this date from an exponen-
tial speedup of recent breakthroughs such as the printing press (around 1444), the
re-discovery of America (48 years later), the Reformation (again 24 years later—see
the pattern of exponential acceleration?), and other events they deemed important
although today they are mostly forgotten. (According to TIME LIFE magazine’s
millennium issue, the three events above were the previous millennium’s most influ-
ential ones.)

Could it be that such lists just reflect the human way of allocating memory space
to past events [71, 73]? Maybe there is a general rule for boththe individual mem-
ory of single humans and the collective memory of entire societies and their history
books: constant amounts of memory space get allocated to exponentially larger, ad-
jacent time intervals further and further into the past. Forexample, events that hap-
pened between 2 and 4 lifetimes ago get roughly as much memoryspace as events in
the previous interval of twice the size. Presumably only a few “important” memories
will survive the necessary compression. Maybe that’s why there has never been a
shortage of prophets predicting that the end is near—the important events according
to one’s own view of the past always seem to accelerate exponentially. A similar plau-
sible type of memory decay allocatesO(1/n) memory units to all events older than
O(n) unit time intervals. This is reminiscent of a bias governed by a time-reversed
Speed Prior [64] (Section 3).
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[45] W. Maass, T. Natschläger, and H. Markram. A fresh look at real-time computation in

generic recurrent neural circuits. Technical report, Institute for Theoretical Computer
Science, TU Graz, 2002.

[46] T. Mitchell. Machine Learning. McGraw Hill, 1997.
[47] H. Moravec.Robot. Wiley Interscience, 1999.
[48] A. Newell and H. Simon. GPS, a program that simulates human thought. In E. Feigen-

baum and J. Feldman, editors,Computers and Thought, pages 279–293. McGraw-Hill,
New York, 1963.

[49] P.-Y. Oudeyer, A. Baranes, and F. Kaplan. Intrinsically motivated learning of real world
sensorimotor skills with developmental constraints. In G.Baldassarre and M. Mirolli,
editors,Intrinsically Motivated Learning in Natural and ArtificialSystems. Springer,
2012. In press.

[50] I. Rechenberg. Evolutionsstrategie - Optimierung technischer Systeme nach Prinzip-
ien der biologischen Evolution. Dissertation, 1971. Published 1973 by Fromman-
Holzboog.

[51] A. J. Robinson and F. Fallside. The utility driven dynamic error propagation network.
Technical Report CUED/F-INFENG/TR.1, Cambridge University Engineering Depart-
ment, 1987.

[52] P. S. Rosenbloom, J. E. Laird, and A. Newell.The SOAR Papers. MIT Press, 1993.
[53] T. Schaul, J. Bayer, D. Wierstra, Yi Sun, M. Felder, F. Sehnke, T. Rückstieß, and

J. Schmidhuber. PyBrain.Journal of Machine Learning Research, 11:743–746, 2010.
[54] D. Scherer, A. Müller, and S. Behnke. Evaluation of pooling operations in convolutional

architectures for object recognition. InInternational Conference on Artificial Neural
Networks, 2010.

[55] J. Schmidhuber. Dynamische neuronale Netze und das fundamentale raumzeitliche
Lernproblem. Dissertation, Institut für Informatik, Technische Universität München,
1990.

[56] J. Schmidhuber. Curious model-building control systems. InProceedings of the In-
ternational Joint Conference on Neural Networks, Singapore, volume 2, pages 1458–
1463. IEEE press, 1991.

[57] J. Schmidhuber. A possibility for implementing curiosity and boredom in model-
building neural controllers. In J. A. Meyer and S. W. Wilson,editors,Proc. of the
International Conference on Simulation of Adaptive Behavior: From Animals to Ani-
mats, pages 222–227. MIT Press/Bradford Books, 1991.



New Millennium AI and the Convergence of History: Update of 2012 15

[58] J. Schmidhuber. Reinforcement learning in Markovian and non-Markovian environ-
ments. In D. S. Lippman, J. E. Moody, and D. S. Touretzky, editors,Advances in Neural
Information Processing Systems 3 (NIPS 3), pages 500–506. Morgan Kaufmann, 1991.

[59] J. Schmidhuber. A fixed size storageO(n3) time complexity learning algorithm for
fully recurrent continually running networks.Neural Computation, 4(2):243–248,
1992.

[60] J. Schmidhuber. Learning factorial codes by predictability minimization. Neural Com-
putation, 4(6):863–879, 1992.

[61] J. Schmidhuber. Discovering neural nets with low Kolmogorov complexity and high
generalization capability.Neural Networks, 10(5):857–873, 1997.

[62] J. Schmidhuber. Artificial curiosity based on discovering novel algorithmic predictabil-
ity through coevolution. In P. Angeline, Z. Michalewicz, M.Schoenauer, X. Yao, and
Z. Zalzala, editors,Congress on Evolutionary Computation, pages 1612–1618. IEEE
Press, 1999.

[63] J. Schmidhuber. Hierarchies of generalized Kolmogorov complexities and nonenumer-
able universal measures computable in the limit.International Journal of Foundations
of Computer Science, 13(4):587–612, 2002.

[64] J. Schmidhuber. The Speed Prior: a new simplicity measure yielding near-optimal
computable predictions. In J. Kivinen and R. H. Sloan, editors,Proceedings of the 15th
Annual Conference on Computational Learning Theory (COLT 2002), Lecture Notes
in Artificial Intelligence, pages 216–228. Springer, Sydney, Australia, 2002.

[65] J. Schmidhuber. Exponential speed-up of computer history’s defining moments, 2003.
http://www.idsia.ch/˜juergen/computerhistory.html.

[66] J. Schmidhuber. The new AI: General & sound & relevant for physics. Technical
Report TR IDSIA-04-03, Version 1.0, arXiv:cs.AI/0302012 v1, February 2003.

[67] J. Schmidhuber. Optimal ordered problem solver.Machine Learning, 54:211–254,
2004.

[68] J. Schmidhuber. Completely self-referential optimalreinforcement learners. In
W. Duch, J. Kacprzyk, E. Oja, and S. Zadrozny, editors,Artificial Neural Networks:
Biological Inspirations - ICANN 2005, LNCS 3697, pages 223–233. Springer-Verlag
Berlin Heidelberg, 2005. Plenary talk.

[69] J. Schmidhuber. Developmental robotics, optimal artificial curiosity, creativity, music,
and the fine arts.Connection Science, 18(2):173–187, 2006.
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2009.



16 Jürgen Schmidhuber

[75] J. Schmidhuber. Formal theory of creativity, fun, and intrinsic motivation (1990-2010).
IEEE Transactions on Autonomous Mental Development, 2(3):230–247, 2010.

[76] J. Schmidhuber. POWERPLAY : Training an Increasingly General Problem Solver by
Continually Searching for the Simplest Still Unsolvable Problem. Technical Report
arXiv:1112.5309v1 [cs.AI], 2011.

[77] J. Schmidhuber. Philosophers & futurists, catch up! Response to the singularity.Jour-
nal of Consciousness Studies, 19(1-2):173–182, 2012.

[78] J. Schmidhuber, D. Ciresan, U. Meier, J. Masci, and A. Graves. On fast deep nets
for AGI vision. In Proc. Fourth Conference on Artificial General Intelligence(AGI),
Google, Mountain View, CA, 2011.

[79] J. Schmidhuber, M. Eldracher, and B. Foltin. Semilinear predictability minimization
produces well-known feature detectors.Neural Computation, 8(4):773–786, 1996.

[80] J. Schmidhuber, D. Wierstra, M. Gagliolo, and F. J. Gomez. Training recurrent net-
works by EVOLINO.Neural Computation, 19(3):757–779, 2007.

[81] J. Schmidhuber, J. Zhao, and N. Schraudolph. Reinforcement learning with self-
modifying policies. In S. Thrun and L. Pratt, editors,Learning to learn, pages 293–309.
Kluwer, 1997.

[82] N. N. Schraudolph, M. Eldracher, and J. Schmidhuber. Processing images by
semi-linear predictability minimization.Network: Computation in Neural Systems,
10(2):133–169, 1999.

[83] H. P. Schwefel. Numerische Optimierung von Computer-Modellen. Dissertation, 1974.
Published 1977 by Birkhäuser, Basel.
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