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Summary. Artificial Intelligence (Al) has recently become a real fahscience: the new
millennium brought the first mathematically sound, asyrtipatly optimal, universalprob-
lem solvers, providing a new, rigorous foundation for theviwusly largely heuristic field of
General Al and embedded agents. There also has been ragietgsdn not quite universal
but still rather general angractical artificial recurrent neural networks for learning sequence
processing programs, now yielding state-of-the-art tesnlreal world applications. And the
computing power per Euro is still growing by a factor of 10080 per decade, greatly in-
creasing the feasibility of neural networks in general, akhhave started to yield human-
competitive results in challenging pattern recognitiompetitions. Finally, a recent formal
theory of fun and creativity identifies basic principles ofious and creative machines, laying
foundations for artificial scientists and artists. Here ll Wiiefly review some of the new re-
sults of my lab at IDSIA, and speculate about future develeqis) pointing out that the time
intervals between the most notable events in over 40,00&@39 lifetimes of human his-
tory have sped up exponentially, apparently convergingto within the next few decades. Or
is this impression just a by-product of the way humans ateoo@gemory space to past events?

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

1 Introduction

In 2003 | observed [65, 66] that each major breakthrough mpater science tends
to come roughly twice as fast as the previous one, roughlchivag a century-
based scale: In 1623 the computing age started with the feshamical calculator
by Wilhelm Schickard (followed by machines of Pascal, 16t Leibniz, 1670).
Roughly two centuries later Charles Babbage came up witbaheept of a program-
controlled computer (1834-1840). One century later, dulilienfeld invented the
transistor (late 1920s), and Kurt Godel layed the fourmetdf theoretical computer
science with his work on universal formal languages andithiéd of proof and com-
putation (1931) [20]. His results and Church’s extensitreseof were reformulated
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by Turing in 1936 [96], while Konrad Zuse built the first wonkj program-controlled
computers (1935-1941), using the binary system of Leibh¥0() instead of the
more cumbersome decimal system used by Babbage and mamg. &kel 941 all
the main ingredients of ‘modern’ computer science were &t@l The next 50 years
saw many less radical theoretical advances as well as fastefaster switches—
relays were replaced by tubes by single transistors by nounsdransistors etched on
chips—but arguably this was rather predictable, increalgarbgress without earth-
shaking events. Half a century later, however, Bernersttiggered the most recent
world-changing development by creating the World Wide WeBEBRN (1990).

Extrapolating the trend, we should expect the next radibahge to manifest
itself one quarter of a century after the most recent oné,ishéefore 2020, when
some computers will already match brains in terms of raw agting power, accord-
ing to frequent estimates based on Moore’s law, which suggespeed-up factor
of roughly 100-1000 per decade, give or take a few years.éllremaining series
of faster and faster additional revolutions converge irDamega poin{term coined
by Pierre Teilhard de Chardin, 1916) around 2040, when iddal machines will
already approach the raw computing power of all human bi@nsbined, provided
Moore’s law does not break down? Many of the present readénssaarticle should
still be alive then. Compare Stanislaw Ulam’s concept of ppreachinghistoric
singularity (quote: [100]), popularized by Vernor Vinge &xhnological singularity
[99, 100], as well as subsequent speculations [39, 47].

Will the software and the theoretical advances keep up wgthardware devel-
opment? | am convinced they will. In fact, the new millennibas brought not only
human-competitive performance of artificial neural netediNN) in pattern recog-
nition contests (more on this later), but also fundameraal imsights into the prob-
lem of constructingheoretically optimatational agents or universal Artificial Intel-
ligences (Als), as well as curious & creative machines (noor¢his below). There
also has been rapid progresspractical learning algorithms for agents interacting
with a dynamic environment, autonomously discovering sequence-processing,
problem-solving programs, as opposed to the reactive mgpgirom stationary in-
puts to outputs studied in most traditional machine leayML) research. In what
follows, | will briefly review some of the new results, themae back to the issue of
whether or not history is about to “converge.”

2 Notation

Consider a learning robotic agent with a single life whichsists of discrete cycles
or time steps = 1,2,...,T. Its total lifetimeT" may or may not be known in
advance. In what follows,the value of any time-varying abke ) at timet (1 <
t < T) will be denoted byQ(¢), the ordered sequence of valugél), ..., Q(t) by
Q(<L t), and the (possibly empty) sequer@él),...,Q(t — 1) by Q(< t).

At any givent the robot receives a real-valued input vectt) from the envi-
ronment and executes a real-valued actigh) which may affect future inputs; at
timest < T its goal is to maximize future successutility
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wherer(t) is an additional real-valued reward input at timé(¢) the ordered triple
[x(t),y(t), r(t)] (henceh(< t) is the known history up te), andE,, (- | -) denotes the
conditional expectation operator with respect to someiplyssnknown distribution
u from a setM of possible distributions. Her&/ reflects whatever is known about
the possibly probabilistic reactions of the environment.€xample M may contain
all computable distributions [32, 44, 88]. Note that unlikenost previous work by
others [34, 95], but like in much of the author’'s own previeuwk [72, 81], there
is just one life, no need for predefined repeatable trialgestriction to Markovian
interfaces between sensors and environment [58], and ifitg fitnction implicitly
takes into account the expected remaining lifespal’ | h(< t)) and thus the
possibility to extend it through appropriate actions [68].7

3 Universal But Incomputable Al

Solomonoff’s theoretically optimal universal predictarsd their Bayesian learning
algorithms [32, 44, 88] only assume that the reactions okthéronment are sam-
pled from an unknown probability distributiom contained in a sed/ of all enu-
merable distributions—compare text after equation (1atT$ given an observation
sequence(< t), we only assume there exists a computer program that canutemp
the probability of the next possiblgt + 1), giveng(< t). Since we typically do
not know the program computing we predict the future in a Bayesian framework
by using a mixture distributio§ = )", w;u;, a weighted sum oéll distributions
pi € M,i =1,2,..., where)  w; < 1. It turns out that this is indeed the best
one can possibly do, in a very general sense [32]. The drdwibdbat the scheme
is incomputable, sincé/ contains infinitely many distributions.

One can increase the theoretical power of the scheme by auigpg@/ by cer-
tain non-enumerable but limit-computable distributio@3][ or restrict it such that
it becomes computable, e.g., by assuming the world is cosadut some unknown
but deterministic computer program sampled from the Spegxat 4] which as-
signs low probability to environments that are hard to cotafy any method. Un-
der the Speed Prior the cumulative a priori probability dflata whose computation
through an optimal algorithm requires more thafn) resources ig /n.

Can we use the optimal predictors to build an optimal Al? gdjén the new
millennium it was shown we can. At any tinte the recent theoretically optimal
yet uncomputable RL algorithm 1&1 [32] uses Solomonoff’s universal prediction
scheme to select those action sequences that promise nidnitora reward up to
some horizon, typically2t, given the current data(< t). One may adapt this to
the case of any finite horizofi. That is, in cyclet + 1, AixI selects as its next
action the first action of an action sequence maximizgredicted reward up to
the horizon, appropriately generalizing Solomonoff'suensal prior. Recent work
[32] demonstrated XI's optimal use of observations as follows. The Bayes-odtima
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policy p¢ based on the mixturgis self-optimizing in the sense that its average utility
value converges asymptotically for all € M to the optimal value achieved by
the (infeasible) Bayes-optimal poligy* which knowsy in advance. The necessary
condition thatM admits self-optimizing policies is also sufficient. Furtimere,p®

is Pareto-optimal in the sense that there is no other polieling higher or equal
value inall environments € M and a strictly higher value in at least one [32].

What are the implications? The first decades of attemp#srtificial General
Intelligence (AGl)have been dominated by heuristic approaches [46, 48, 52, 97]
Traditionally many theoretical computer scientists hagarded the field with con-
tempt for its lack of hard theoretical results. Things havarged, however. Although
the universal approach above is practically infeasibletduée incomputability of
Solomonoff’s prior, it does provide, for the first time, a imamatically sound the-
ory of AGI and optimal decision making based on experierdentifying the limits
of both human and artificial intelligence, and providing adgtick for any future
approach to AGI.

Using the Speed Prior mentioned above, one can scale thersaiapproach
down such that it becomes at leasimputablg64]. In what follows | will mention
ways of introducing additional optimality criteria thak&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, thecallyi optimal way [43]
[44, p. 502-505], the recent asymptotically optimal sealdorithm forall well-
defined problems BEARCH[31] uses a hardwired brute force proof searcher which
(justifiably) ignores the costs of proof search. Assumingcidite input/output do-
mainsX/Y C B*, a formal problem specificatiofi : X — Y (say, a functional
description of how integers are decomposed into their pfaoirs), and a particular
x € X (say, an integer to be factorized)sHarRCHorders all proofs of an appropri-
ate axiomatic system by size to find prograpikat for allz € X provably compute
f (=) within time bound,(z). Simultaneously it spends most of its time on executing
the ¢ with the best currently proven time bout(z). Remarkably, SEARCHIs as
fast as thdastestalgorithm that provably computez) for all z € X, save for a
constant factor smaller thant+ e (arbitrary real-valued > 0) and anf-specific but
z-independent additive constant [31].

Practical applications, however, should not ignore paaéipnthuge constants.
This motivates the next section which addresses all kindsptifnality (not just
asymptotic optimality).

5 Optimal Self-Referential General Problem Solver

The recent Godel machines [68, 72, 74] represent the fiasssabf mathematically
rigorous, general, fully self-referential, self-impragi, optimally efficient problem
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solvers. In particular, they are applicable to the problembedied by objective (1),
which obviously is not limited t@symptoticoptimality. Godel machines formalize
I. J. Good’s informal remarks (1965) on dmtelligence explosion through self-
improving super-intelligences.”

The initial softwareS of such a Godel machine contains an initial problem solver,
e.g., one of the approaches above [32] or some less gengralalt sub-optimal
method [34, 95]. Simultaneously, it contains an initialgfreearcher (possibly based
on an online variant dfniversal Searcki3] or theOptimal Ordered Problem Solver
[67]) which is used to run and teptoof techniquesThe latter are programs writ-
ten in a universal programming language implemented on tideGnachine within
S, able to compute proofs concerning the system’s own futeréopmance, based
on an axiomatic system encoded inS. A describes the formailtility function, in
our case eq. (1), the hardware properties, axioms of ariibsw@nd probability the-
ory and string manipulation etc, adtlitself, which is possible without introducing
circularity [68, 72, 74].

Inspired by Kurt Godel's celebrated self-referentialnfialas (1931) [20], the
Godel machine rewrites any part of its own code in a competalay through a
self-generated executable program as soon &nitgersal Searclvariant has found
a proof that the rewrite issefulaccording to objective (1). According to the Global
Optimality Theorem [68, 72, 74], such a self-rewrite is gt optimal—no local
maximal—since the self-referential code first had to prdw 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, th@ritself can find and ex-
ploitit. Unlike non-self-referential methods based on hardwired proof seasdi32]
(Section 4), Godel machines not only boast an optiondér of complexity but can
optimally reduce (through self-changes) any slowdownslérdby the asymptotic
O()-notation, provided the utility of such speed-ups is prdeai all.

To make sure the Godel machine is at leestmptoticallyoptimal even before
the first self-rewrite, we may initialize it by the non-sedfferential butasymptoti-
cally fastest algorithm for all well-defined problerhlssEARCH [31] of Section 4.
Given some problem, the Godel machine may decide to rejla¢¢SEARCH ini-
tialization by a faster method suffering less from largestant overhead, but even if
it doesn't, its performance won't be less than asymptdtiagdtimal.

Implications

The above implies that there already exists the bluepriatidfiiversal Al which will
solve almost all problems almost as quickly as if it alreadgw the best (unknown)
algorithm for solving them, because almost all imaginabtbfems are big enough
to make additive constants negligible. The only motivafmmotquitting computer
science research right now is that many real-world probleraso small and simple
that the ominous constant slowdown (potentially relevarieast before the first
Godel machine self-rewrite) isot negligible.
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6 Recurrent / Deep Neural Networks

Practical implementations of the Godel machine above dgetexist, and probably
will require a thoughtful choice of the initial axioms andetitial proof searcher.
In what follows, however, | will focus on already quite priael, non-optimal and
non-universal, but still rather general searchers in @ogspace, as opposed to the
space of reactive, feedforward input / output mappingsetvistill attracts the bulk
of current ML research.

Recurrent NN (RNN) are NN [4] with feedback connections thi, in prin-
ciple, as powerful as any traditional computer. There is ty gémple way to see
this [55]: a traditional microprocessor may be viewed asrg gparsely connected
RNN consisting of very simple neurons implementing nordm&ND and NAND
gates, etc. Compare [84] for a more complex argument. Hehid¢ &an solve tasks
involving sequences of continually varying inputs. Exaesghclude robot control,
speech recognition, music composition, attentive visém numerous others.

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

Training an RNN by standard methods is similar to trainingedforward NN
(FNN) with many layers, which runs into similar problems]28owever, our recent
deep FNN with special internal architecture overcome tipesblems to the extent
that they are currently winning many international pattecognition contests [6, 8—
11, 78] (see list of won competitions below). None of thisuiegs the traditional
sophisticated computer vision techniques developed teepast six decades or so.
Instead, our biologically rather plausible NN architeetutearn from experience
with millions of training examples. Typically they have nyamon-linear processing
stages like Fukushima’s Neocognitron [15]; we sometimes (ot always) profit
from sparse network connectivity and techniques such aghwsharing & convolu-
tion [3, 40], max-pooling [54], and contrast enhanceméss the one automatically
generated by unsupervisBdedictability Minimizatior{60, 79, 82]. Our NN are now
often outperforming all other methods including the théioedly less general and
less powerful support vector machines (SVM) based on staidearning theory
[98] (which for a long time had the upper hand, at least in ficay. These results
are currently contributing to a secolgur al Networ k ReNNaissance (the first one
happened in the 1980s and early 90s) which might not be gessithout dramatic
advances in computational power per Swiss Franc, obtamggkinew millennium.
In particular, to implement and train our NN, we exploit gn&gs processing units
(GPUs, mini-supercomputers normally used for video gaméxsyh are 100 times
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faster than traditional CPUs, and a million times fastentR&s of two decades ago
when we started this type of research.

1st Ranksof my Lab’s Methodsin International Competitions since 2009:

7. I1SBI 2012 Segmentation Challenge (with superhuman pixeteate) [5].

6. IJCNN 2011 on-site Traffic Sign Recognition Competitiorb@% error rate, the
only method better than humans, who achieved 1.16% on aveBxd place for
1.69%) [10]

5. ICDAR 2011 offline Chinese handwritten character recognitiompetition [11].
4. Online German Traffic Sign Recognition Contest (1st & 2ndkran02% error
rate) [9].

3. ICDAR 2009 Arabic Connected Handwriting Competition (wop dur LSTM
RNN [24, 25], same below).

2. ICDAR 2009 Handwritten Farsi/Arabic Character Recogmittompetition.

1. ICDAR 2009 French Connected Handwriting Competition.

1st Ranksin Important Machine Learning (ML) Benchmarks since 2010:

3. MNIST handwritten digits data set [40] (perhaps the mostdasnML bench-
mark). New records: 0.35% error in 2010 [6], 0.27% in 2011, fi#st human-
competitive performance (0.23%) in 2012 [11].

2. NORB stereo image data set [41]. New records in 2011, 2042,[&1].

1. CIFAR-10 image data set [37]. New records (eventually 11e26dr rate) in 2011,
2012, e.g., [11].

In a certain sens&Reinforcement Learning (RL) [34, 95] is more challenging
than supervised learning as above, since there is no tepohdding desired out-
puts at appropriate time steps. To solve a given problemletming agent itself
must discover useful output sequences in response to trevaltions. The tradi-
tional approach to RL is best embodied by Sutton and Bartdk95]. It makes
strong assumptions about the environment, such as the Masgsumption: the cur-
rent input of the agent tells it all it needs to know about theimnment. Then all
we need to learn is some sort of reactive mapping from statjomputs to out-
puts. This is often unrealistic. A more general approacltpéotially observable en-
vironments directly evolves programs for RNN with interatdtes (no need for the
Markovian assumption), by applying evolutionary algarth[30, 50, 83] to RNN
weight matrices [26, 85, 89, 105]. Recent work brought peegrthrough a focus
on reducing search spaces by co-evolving the comparatwedyl weight vectors of
individual neurons and synapses [21], by Natural Gradiersed Stochastic Search
Strategies [19, 53, 92, 93, 102, 103], and by reducing sesgrabes through weight
matrix compression [36, 61]. Our RL RNN now outperform mammous methods
on benchmarks [21], creating memories of important evemtissalving numerous
tasks unsolvable by classical RL methods. Seveeat paper awardeesulted from
this research, e.g., [18, 92].
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7 Curious & Creative M achines M aximizing Wow-Effects

The main problem in many RL tasks, however, remains the vary external re-
ward. How to learn anything from such limited feedback insggeable time? Over
the past two decades | have pioneer&demal Theory of Curiosity (FTC) and cre-
ativity and exploration, which describes how to providejfrent additionaintrinsic
rewards for active data-creating explorers [56, 57, 62,769,76, 90]. FTC has re-
cently gained a lot of traction (most citations, even of tiiegapers, stem from the
past five years, especially the last two years).

One inspiration of FTC is biological. To solve existentiedblems such as avoid-
ing hunger or thirst, a baby has to learn how the environnesgaonds to its actions.
Even when there is no immediate need to satisfy thirst orrdihét-in primitive
drives, the baby does not run idle. Instead it actively catslnon-random exper-
iments: what sensory feedback do | get if | move my eyes or myefim or my
tongue in particular ways? Being able to predict the effettts actions enable it to
plan control sequences leading to desirable states, sublogeswhere its thirst and
hunger sensors are switched off. But the growing infantkduigets bored by things
it already understands well as well as those it does not steted at all. It searches
for new effects exhibiting some yet unexplained basily learnablaegularities. It
continually acquires more and more complex skills buildingoreviously acquired,
simpler skills. Eventually the baby may become a physicigtating experiments to
discover previously unknown physical laws, or an artisttirgy new eye-opening
artworks, or a comedian delighting audiences with novet§ok

According to FTC [56, 57, 62, 69, 75, 76, 90], the baby’s exgiory behavior
is driven by a very simple algorithmic mechanism that usesdhaximize internal
wow effectsWow effects are sudden reductions in an agent’s estimatteeofom-
plexity of its history of observations and actions. Theseuoclue to the agent’s own
learning progressTo clarify, consider an explorer with two modules: a worldahel
and an actor. The former encodes the agent'’s growing hisfagnsory data (tactile,
auditory, visual, etc), while the latter executes actidra influence and shape that
history. The world model (e.g., an NN or RNN) uses a learniggrithm to encode
the data more efficiently, trying to discoveew regularitiesthat allow for saving
storage space (e.g., synapses) or computation time. Wheessful, the RL actor
receives a reward (theow effect. Maximizing future expected reward, the actor
is motivated to invent behaviors leading to more such regjdrd., to data that the
encoder does not yet know but can easily learn. Wow effestsatso result from
simplifying or speeding up the actor itself [76]. Unlike thee-programmed interest-
ingness measure of EURISKO [42], FTC'’s continually redefindaat’s interesting
based on what's currently easy to learn, in addition to veralteady known.

Since 1990 we have been building explorers based on FTCeTdgents may
be viewed as simple artificial scientists or artists with aimimsic desire to create
experiments for building better models of the world [56, 62, 69, 75, 90], in the
process developing more and more efficient procedures ks g2, 76]. This work
has inspired much recent research; the last few years brdéatghof related work
by others [2, 12, 49, 86], also in the nascent field of develeqal robotics [27,
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38, 49]. FTC generalizeactive learning[1, 13, 91], taking into account: (1) highly
environment-dependent costs of obtaining or creatingusitipndividual data points
but datasequencesf unknown size; (2) arbitrary algorithmic [35, 44, 63, 68) 8r
statistical dependencies in sequences of actions andrgenpats [62, 69]; and (3)
the computational cost of learning new skills [62, 76].

The first curious explorers from the 1990s [56, 62, 90] usednf¥thods that
were sub-optimal for online learning and feow effectewards that vanish as soon
as learning progress stops. More recent, mathematicatiynap creative explor-
ers [69, 75] are based on universal RL methods [32, 64, 70htleanot yet computa-
tionally tractable (Section 3). Recent work has demoretirakploration that is both
optimal and feasible [106] for limited scenarios, but much remains talbae for
challenging, high-dimensional, partially observable M®sr This is driving ongoing
work.

8 IsHistory Converging? Again?

Many predict that within a few decades there will be commitehose raw com-
puting power will surpass the one of a human brain by far (€39, 47]). In the
1980s, an educated guess of this type motivated me to studpwter science and
Al. I have argued above that algorithmic advances are kgapirwith the hardware
development, pointing to new-millennium theoretical gigs on universal problem
solvers and creative machines that are optimal in varioubenaatical senses (thus
makingGeneral Ala real formal science), as well as to practical progressagnam
learning through brain-inspired neural nets.

A single human predicting the future of humankind is like rg# neuron pre-
dicting what its brain will do. Nevertheless, a few thingsdze predicted confi-
dently, such as: tomorrow the sun will shine in the SahararieSo let us put the
Al-oriented developments discussed above in a broadeexprand try to extend
the naive analysis of past computer science breakthronghs iintroduction, which
predicts that computer history will converge in@mega poinbr historic singularity
£2 around2040 [71, 73].

Surprisingly, even if we go back all the way to the beginninfsnodern man
over 40,000 years ago, essential historic developmeras i€hthe subjects of the
major chapters in history books) match a a binary scale mgrékponentially de-
clining temporal intervals, each half the size of the prasione, and even measur-
able in terms of powers of 2 multiplied by a human lifetimeugbly 80 years—
throughout recorded history many individuals have reachedage, although the
average lifetime often was shorter, mostly due to high caildnortality). Using the
value 2 = 2040, associate an error bar of not much more than 10 percent a4t e
date below:

1. 2 — 29 lifetimes: modern humans start colonizing the world fronniéd

2. 2 — 28 lifetimes: bow and arrow invented; hunting revolution

3. 2 — 27 lifetimes: invention of agriculture; first permanent sattlents; begin-
nings of civilization
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12 — 26 lifetimes: first high civilizations (Sumeria, Egypt), arftetmost impor-
tant invention of recorded history, namely, the one that enaatorded history
possible: writing

. 12 — 2° lifetimes: TheAxial Age(the axis around which history turned, accord-

ing to Karl Jaspers), the age of the first large empire (thsi&eione), the only
empire ever to contain almost half humankind. At its fringbe ancient Greeks
invent democracy and lay the foundations of Western scianceart and phi-
losophy, from algorithmic procedures and formal proofsrtatamically perfect
sculptures, harmonic music, sophisticated machines ditedusteam engines,
and organized sports. Major Asian religions founded, Oktdiment written (ba-
sis of Judaism, Christianity, Islam). High civilizatiomsChina, origin of the first
calculation tools, and India, origin of alphabets and the ze

. 2 — 2% lifetimes: bookprint (often called the most important intien of the

past 2000 years) invented in China. Islamic science andreutitart spreading
across large parts of the known world (this has sometimes baléed the most
important development between Antiquity and the age ofalistes)

. 12 — 23 lifetimes: the most dominant empire of the past 2,500 yethes on-

golian empire) includes most of the civilized world. Sooteakards, Chinese
fleets and later also European vessels start exploring thd v@un powder and
guns invented in China. Rennaissance and printing pregm(o#lled the most
influential invention of the past 1000 years) and subsegRefdrmation in Eu-
rope. Begin of the Scientific Revolution

. 12— 22 lifetimes: Age of enlightenment and rational thought in &@ue. Massive

progress in the sciences; first flying machines; start oftidestrial revolution
based on improved steam engines

. 12 — 2 lifetimes: Birth of the modern world in the second indudtrivolution

based on combustion engines, cheap electricity, and mathemistry. Genetic
and evolution theory. Revolutionary modern medicine tigtothe germ theory
of disease. Onset of the unprecedented population expldsicing many other
developments. European colonialism at its short-liveckpea

2 — 1 lifetime: Post-World War Il society and pop culture emergdse world-
wide super-exponential population explosion (mainly duehie Haber-Bosch
process [87]) is at its peak. First commercial computers fastl spacecraft;
DNA structure unveiled

2 — 1/2 lifetime: 3rd industrial revolution (?) through an ememgiworld-
wide digital nervous system based on personal computdiplhmmnes, and the
World Wide Web. A mathematical theory of universal Al emer¢gee sections
above)—uwill this be considered a milestone in the future?

£2 — 1/4 lifetime: This point will be reached in a few years. See idtrotion

2 — 1/8 lifetime: The number of humans will roughly match the numbér
grey matter neurons in a human brain. Will they be digitalbhrected in a
roughly brain-like way (on average 10,000 connections pt, unostly be-
tween neighbors arranged in a two-dimensional sheet)aldeper-brain whose
super-neurons are standard human brains? 100 years afiet'$Spaper on the
limits of proof & computation & Al [20]: will practical variats of Godel ma-
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chines start a runaway evolution of continually self-impng superminds way
beyond human imagination, causing far more unpredictaelutions in the
final decade befor& than during all the millennia before?

14. ..

| feel there is no need to justify a much more cautious outlbpkpessimisti-
cally referring to comparatively recent over-optimistiwdaself-serving predictions
(1960s: “only 10 instead of 100 years needed to build Als”aliew early Al en-
thusiasts in search of funding [77]. Nevertheless, afte@Q® years of civilization
it would not matter much if the? estimate above were off by a few decades. Note
that by cosmic standards the invention of writing over 5088rg ago almost coin-
cided with the emergence of the WWW, and all of civilizatidatary seems like a
sudden flash—one needs to zoom in very closely to resolve ithgendetails of this
ongoing turbulent intelligence explosion spanning jusha millennia.

The following disclosure should help the reader to take ibieabove with a
grain of salt though. | admit being very interested in wisieg the Omega point. |
was born in 1963, and therefore perhaps should not expetetdong past 2040.
This may motivate me to uncover certain historic patteras fih my desires, while
ignoring other patterns that do not.

Others may feel attracted by the same trap, identifying egptal speedups in
sequences of historic paradigm shifts identified by vartda®rians, to back up the
hypothesis tha®Dmega is neare.qg., [39]. The cited historians are all contemporary,
presumably being subject to a similar bias. People of past agght have held quite
different views. For example, possibly some historiandiefitear 1525 felt inclined
to predict a convergence of history around 1540, deriviigdhte from an exponen-
tial speedup of recent breakthroughs such as the printiegspfaround 1444), the
re-discovery of America (48 years later), the Reformat&gain 24 years later—see
the pattern of exponential acceleration?), and other eviiety deemed important
although today they are mostly forgotten. (According to BMIFE magazine's
millennium issue, the three events above were the previdiemium’s most influ-
ential ones.)

Could it be that such lists just reflect the human way of alieggmemory space
to past events [71, 73]? Maybe there is a general rule for hattindividual mem-
ory of single humans and the collective memory of entireeties and their history
books: constant amounts of memory space get allocated tmexyially larger, ad-
jacent time intervals further and further into the past. &mmple, events that hap-
pened between 2 and 4 lifetimes ago get roughly as much mespane as events in
the previous interval of twice the size. Presumably onlya“ienportant” memories
will survive the necessary compression. Maybe that's wigyethas never been a
shortage of prophets predicting that the end is near—theiitapt events according
to one’s own view of the past always seem to accelerate exyiaiig. A similar plau-
sible type of memory decay allocaté%1/n) memory units to all events older than
O(n) unit time intervals. This is reminiscent of a bias governgdiime-reversed
Speed Prior [64] (Section 3).
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