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Abstract

How to search the space of programs for a code that solves
a given problem? Standard asymptotically optimal Univer-
sal Search orders programs by Levin complexity, implement-
ing an exponential trade-off between program length and run-
time. Depending on the problem, however, sometimes we
may have a good reason to greatly favor short programs over
fast ones, or vice versa. Frontier Search is a novel framework
applicable to a wide class of such trade-offs between program
size and runtime, and in many ways more general than previ-
ous work. We analyze it in depth and derive exact conditions
for its applicability.

Introduction

In an inversion problem, the aim is to find a program p
that produces a desired output x. Algorithms that search
the space of programs for p are guided (implicitly or ex-
plicitly) by an optimality criterion, which is generally based
on program length and runtime. Levin complexity, a crite-
rion where the trade-off between program length and run-
time is exponential, can readily be optimized using Levin
Search (Lev73). The framework of ‘speed priors’ (Sch02)
results in a more flexible search scheme. The aim of this
paper is to develop a search scheme applicable to an even
wider class of user-defined optimality criteria.

More formally, consider a programming language L and a
(countable) set & of programs. Let p : N — & be an enu-
meration of &?. We refer to the i-th program as p;. Then,
Levin Search finds p € & such that L(p) = x. It works by
executing in parallel all programs in & such that the frac-
tion of time allocated to the i-th program is 2~/(7) /S, where
I(p;) is the length of a prefix-free binary encoding of p;,
and 0 < § < 1 is a normalization constant. Alternatively,
a growing number of programs can be executed for a fixed
exponentially growing time one after the other, which in-
volves restarting the programs several times. This simpler
algorithm performs worse only by a constant factor.

Levin Search, though simple in its form, enjoys two
important theoretical properties. The first property con-
cerns the time required to find a solution. It is guaranteed
that Levin Search solves the inversion problem within time
2P+ . ¢(p*), where p* € P is the fastest program that
solves the problem, and 7(p*) is the number of time steps af-
ter which p* halts. Since p* depends solely on the problem
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itself, one can claim that Levin Search solves the problem in
time linear to the runtime of the fastest program available,
despite the prohibitively large multiplicative constant.

The second property, on the other hand, characterizes the
quality of the solution. It has been shown that the program
found by Levin Search (asymptotically) optimizes the Levin
complexity K; defined as

KI(X)ZIQ%OH/{I(p)+10gT(p) | L(p)=x} ,

which is a computable, time-bounded version of the Kol-
mogorov complexity (LV93). Note that in this paper, all
logarithms are to base 2.

Whereas the linear time bound property of Levin Search
receives considerable appreciation, less attention is paid to
the quality of the solution. In general, solution quality is
measured by the complexity function. Thus, a particular
search scheme such as Levin Search implies a complexity
function it (asymptotically) minimizes. In this paper we
approach the problem from the other end, assuming that a
complexity function is given, but not a search scheme. The
central question asked in this paper is:

Given a certain optimiality criterion,
how do we search the space of programs?

The remainder of the paper is structured as follows. First
we discuss the space of possible complexity criteria, then
we introduce our algorithm, Frontier Search, and give exact
conditions on its applicability. We find that this approach
allows for optimality criteria that are more flexible than the
speed prior. Finally we present an approximatation to Fron-
tier Search that achieves asymtotically constant overhead
complexity.

Generalized Complexity Criteria

Let us first focus on the form of K;. Assume both p; and
p2 solve the problem L(p) = x and achieve the same value
of I(p) +1log(t(p)). If p; is m bits shorter than py, the ex-
ecution time of p; would be 2™ times larger than for p;.
This encodes an inherent trade-off between the program ex-
ecution time and its length, namely, how much more time
we are willing to invest for finding a solution which is 1
bit shorter. In the remainder of this paper we replace the
concept of program length with program order in the sense



of the enumeration p : N — . The familiar length encod-
ing can be recovered by enumerating programs by increasing
length.

Now consider the following three scenarios:

1. We are trying to find a relatively tight upper bound on
the Kolmogorov complexity of a string x. This amounts
to finding a concise representation for a given x, and the
length of the program found matters much more than its
execution time. In this case, we might choose a different
complexity criterion instead of K; which emphasizes the
program length more, for example,

K (x) = min { [I(p)]’ +log((p)) | L(p)==x}
with s > 1. (In the limit s — o we get Kolmogorov com-
plexity (LV93). Unfortunately, it is incomputable.)

2. We are searching for a representation of x which is as-
sumed to be used a lot in the future, amounting to execut-
ing the resulting program p regularly. We may argue that
quicker programs are prefered despite their slightly longer
length since they will be executed often. In this case, the
complexity criterion

K>(x) = min {[/(p)]'/* +1og(z(p)) | L(p) =x}
with s > 1, which favours quicker programs, makes more
sense.

3. We have prior knowledge telling us that programs with
a certain structure (in the simplest case, programs of a
certain length) should be prefered, and we would like to
encode such knowledge into the complexity criterion. An
extreme example is that we do not want to run programs
of trivial length (e.g., [(p) = 1) for half of the total run-
ning time as suggested in Levin Search. (Certainly, such
prior knowledge can be incorporated into the program-
ming language itself, but that necessitates re-designing
the language every time we vary the requirement (SS10).)

All these scenarios call for a more general approach: We
want our search to respect a complexity criterion suitable for
the problem at hand. Starting from a complexity criterion
which encodes the desired trade-off between execution time
and program order, we build up a search algorithm that finds
the optimal solution in the sense of the given complexity cri-
terion. The search algorithm should be invariant w.r.t. any
monotonically increasing (i.e., order preserving) transfor-
mation of the complexity criterion, since the program min-
imizing /(p) + log(z(p)) would also minimize 2(P) . 7(p),
or in general, f(I(p) +1log(t(p))) for any monotonically in-
creasing function f : R — R.

Our answer to the problem above is a simple search algo-
rithm called Frontier Search. It maintains a ‘frontier’ of the
possible execution steps and at each iteration selects the one
minimizing the given complexity criterion. We prove that
under reasonable technical constraints on the complexity
criterion Frontier Search indeed finds the optimal program.
Also, we show the connection between Frontier Search and
Levin Search, as well as universal search with ‘speed prior’
(Sch02), and demonstrate that Frontier Search is more gen-
eral since it allows the encoding of speed preferences which
cannot be represented using the speed prior approach.
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Frontier Search

We consider the general complexity criterion
Ky (x) = min{w(i,7) | L(pi) =x} ,

where 7; is the execution time of p;, and Y : N x N — R is
a complexity function encoding the trade-off between pro-
gram length and execution time. For example, for the choice
w(i,T) = 2 - 1, we recover Levin Search under the triv-
ial encoding p; = 1---10 (i ones, one zero). Futhermore,
y(i,7) =t/m;, with ; > 0 and Y ;e 7; = 1, encodes univer-
sal search based on the speed prior 7 (Sch02).

Algorithm 1 presents the pseudocode for Frontier Search,
and Figure 1 illustrates its operation. The set {(i,7,)|i €
{1,...,n}} C NxNwith 7, = 1 forms the current ‘frontier’,
i.e., available executions in the next time step. If program
pn gets executed, then the frontier automatically expands to
include a new program p,, 1. We assume that for multiple j
minimizing y(j,7; + 1) the smallest j is chosen.

Algorithm 1: Frontier Search.

Input: y, L, x, &
Output: p € & such that L(p) =x
n«1;
T, < 0;
while true do
i—argmin{y(j,t;+1) | je{l,....n}};
execute p; for 1 step;
if p; halts and L(p;) = x then return p;;
T — T+ 1;
if i = n then
n«—n+l,
T, < 0;
end
end

The following definitions will prove handy for the analy-
sis of Frontier Search.

Definition 1. Formally, the set of all possible frontiers is
given by

F={{(L,11),...,(n—1,5,1),(n, 1)} | nEN
and N Vie{l,...n—1}} =[N,

neN

For a given frontier F = {(1,711),...,(n,1)} € F we say
that the grid points (i,7) € F are on the frontier, points (i, 7)
with i <n and 7 < 7; are inside the frontier, and all other grid
points are outside the frontier, see also Figure 1. The points
inside the frontier correspond to the program steps already
executed by Frontier Search in order to reach the current
frontier.

For any given frontier there exists a complexity function
v that makes Frontier Search indeed reach this frontier. A
simple choice is to set y to 1/2 for all points inside the fron-
tier, and to i + 7 for all other points.
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Figure 1: Illustration of Frontier Search. In each iteration, a
frontier of possible execution steps (i, T; + 1), i.e., executing
the (7; + 1)-th command of program p;, is maintained. The
step which minimizes (i, 7; + 1) is executed.

Definition 2. We define the partial order relation
{(1,71),...,(n, D} < {(1,77),...,(n', 1)}
& n<nandt, <7 forallic {1,...,n}

on the set F of frontiers.

In this canonical order relation it holds F < F’ if and only
if the points inside F are a subset of the points inside F’.
Thus, for each complexity function y Frontier Search gen-
erates a strictly growing sequence (F," ),y of frontiers.
Definition 3. For a frontier F ={(1,71),...,(n,1)} € F we
define the time T(F) = Y~ (t; — 1) necessary for frontier
search to reach this frontier.

The identity T'(F,¥) =t is obvious.
Definition 4. Assume step T+ 1 of program p; is executed
by Frontier Search with complexity function  in finite time.
Then we associate the frontier

F(‘{T) = max{F,V | t€Nand (i,7) € F,W}

with the tuple (i, 7).

Let us introduce a useful auxiliary property of complexity
functions:

Definition 5. We say that a complexity function y : N x N —
R is frontier-bounded if for any (i,7) € N x N there exist
n>iand (Ti,..., T 1, Titly- o, Ta—1) € N"=2, such that

v 7)) >w(i,t) Vjell,....i-1}

v(j,7) 2wi7) Vje{i+l,...,n—1}

w(n, 1) >y(i,7) -

Note that only the first of the three inequalities is strict.
Intuitively, the definition states that for each (i,7) there ex-
ists a frontier { (i, %) |i € {1,...,n}} 3 (i, ) containing this
tuple, leading to the execution of step T of program p; in the
next iteration.

The following statement provides us with two simple cri-
teria implying frontier-boundedness.
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Proposition 6. A complexity function y : N x N — R fulfill-
ing one of the properties

{(,7) eNxN | y(i',7) <wy(i,1)}| <o (1)
V(i,7) e NxN
or
limy(i, 1) = ©)
and Tlgx;l//(i,r) —oo VieN

is frontier-bounded.

Proof. Case (1): For fixed (i,7) € N x N consider the
set S ={(/,7) e NxN|y(/,7) < y(i,7)}. We define
n =14+ max{i € N|3t € Nsuch that (i, 7) € S} as well as
7, = 1+ max{7 € N such that (i,7) € S} forallie {1,...,i—
1}U{i+1,...,n—1}. All maxima exist because S is finite
per assumption, and using the convention max (@) = 0.
Case (2): Again we fix (i,7) € N x N. From
lim, .. Y(n, 1) = e we conclude that there exists n € N such
that w(n,1) > w(i,t). Now forall j € {1,...,i—1}U{i+
1,...,n—1} we have lim¢; e Y(j,7;) = oo, from which we
conclude the existence of 7; such that y(j,7;) > y(i,7).
By construction in both cases the frontier size n € N and
the tuples (T1,...,Ti—1, Tit1,---,To—1) fulfill the conditions
of Definition 5. U

The next proposition clarifies the significance of frontier-
boundedness, namely that this property guarantees that
Fontier Search executes every program for sufficiently many
steps.

Proposition 7. Frontier Search applied to a complexity
function y executes program p; for T steps in finite time for

all (i,7) € N x N iff v is frontier-bounded.

Proof. (<) Assume y is frontier-bounded and fix (i,7) €
N x N. Then we define n = min{n’ € N|n' >
iand y(n',1) > y(i,7)}, which is well-defined due to the
frontier-boundedness of . Accordingly we define 7; =
min{7’ € N|y(j,7') > y(i,7)} for each j € {1,...,i—1}
and 7; = min{7’ € N|y(j,7') > y(i,7)} for all j € {i+
1,...,n— 1}, which are all well-defined (none of the argu-
ments of the min-operator is empty) due to y being frontier-
bounded. When starting from the corresponding frontier
F={(1,7),...,(n—1,1,_1),(n, 1)}, Frontier Search exe-
cutes program p; in the next step. Obviously it is impossible
for Frontier Search to pass any point of this frontier with-
out executing (i, 7;). The search can spend only T(F) < oo
steps before reaching this frontier. Thus, step 7; of program
pi is executed in step T( )+ 1 < eo. As an aside, this ar-
gument shows F = F< 0" In other words, the frontier F( 7

associated with (i, T) can be constructed as described above.
(=) For (i,7) € Nx N let F"’ ={(1,7),...,(n, 1)}

denote the associated frontier. Then n and (71,...,T-1,
Tit1,-.-,Ty—1) per construction fulfill the requirements of
Definition 5. O]



Corollary 8. Assume there exists p € & with L(p) = x.
Then Frontier Search applied to a frontier-bounded com-
plexity function y halts.

If y is not frontier-bounded some steps never get exe-
cuted. Let us have a look at two illustrative counter ex-
amples: First consider y(i,7) = v — 1/i. This complex-
ity function is not frontier-bounded since for all n € N we
have y(n,1) =1—1/n < 1= y(1,2). In this case, Fron-
tier Search executes every program only for a single step.
Second, consider y(i,7) =i— 1/7, which is not frontier-
bounded since y(1,7) < y(2,1) for all T € N. With this v,
Frontier Search executes the first program forever (provided
that it doesn’t halt). The same behavior results for constant
y(i, ), or for y(i, ) = I(p;) corresponding to Kolmogorov
complexity.

Assume (i, 7) is non-decreasing in 7. Intuitively, the
proceeding of frontier search can be understood by a me-
chanical picture. Consider a landscape on top of the positive
quadrant of the plane, with grid altitude profile given by y.
The execution of Frontier Search amounts to flooding water
into the landscape at the origin, such that exactly one integer
square is flooded in each iteration, corresponding to the next
program step executed. See Figure 2 for an illustration.

Figure 2: The operation of Frontier Search can be thought
of as filling water into the landscape given by y(i, T), which
in this case must be monotonic in 7.

Since y serves as a complexity criterion, it is reason-
able to assume that quicker programs are always preferred.
If possible, we will further assume that programs are pre-
ordered by complexity. This leads us to the definition of two
handy conditions on complexity functions y:

Definition 9. We say that a complexity function y is proper
if it is frontier-bounded and fulfills the monotonicity condi-
tions

Y(i,?) <y(i,e+1) V(i,7) NxN
and y(i,1) <y(i+1,1) VieN .
We call a complexity function separable if it is frontier-

bounded and is of the form y(i,t) = n;- T with ; > 0 and
Ni < Nit1 foralli e N.

A few notes are in order. First, it is easy to see that sep-
arability implies properness. Second, a separable complex-
ity function is equivalent, for example, to one of the form
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y(i,7) = log(n;) + log(t) (or any other monotonic trans-
formation). However, in the following we will stick to the
multiplicative form, which has a straight forward interpreta-
tion: We fix the same cost 1); for all execution steps of pro-
gram p;. This turns ; = 1/7; into a (non-normalized) prior
over the space & of programs. For example, Levin Search
induces the prior 7; = 2-/P1)_ In contrast to speed prior-
based search, the prior 7; = 1/1; may be improper! without
distorting Frontier Search in any way. This make Frontier
Search widely applicable, even in the restricted case of sep-
arable complexity functions.

While we already know that frontier-boundedness makes
sure that Frontier Search finds a solution to the problem (if
one exists), this property is not sufficient to guarantee opti-
mality. Here, properness comes into play:

Proposition 10. We consider Frontier Search with proper
complexity function . Then Frontier Search finds the solu-
tion which minimizes . Let i* be the index of the minimiz-
ing program solving the problem in T° steps, then the total
number of steps T(F&KJ*)) + 1 executed by Frontier Search
is given by

[{(i,7) eNxN | w(i,7) < y(i*,7")}|
+{(i,7) eENxN | y(i,7) = w(i*,7") and i < i*}| .

Proof. Consider the last frontier F('lﬂ’r*) ={(1,7),...,(n—

1,7,-1),(n,1)} before executing the final statement of p;s.
In this moment we have y(i,7;) > y(i*,7*) for all points
on the frontier. Now the monotonicity ensures y(i',7") >
y(i,ts) > y(i,t) for all / € {1,...,n} and 7 > 7y, and
v, ) > y(',1) > y(n,1) > y(i,7) for all i/ > n and
T € N. Thus, all points outside the frontier have complex-
ity larger or equal to y/(i, 7), independently of whether they
solve the problem or not. On the other hand, all points inside
the frontier have complexity values of at most y(i*, 7*). But
all steps corresponding to these points have been executed
without solving the problem and halting.

The number of steps follows from the first statement, just
notice that we assume that the program with smaller index
is selected whenever two steps achieve the same complexity.

O

Corollary 11. We consider Frontier Search with proper
complexity function . Let i* be the index of the minimiz-
ing program solving the problem in T* steps. Then the total
number of steps is bounded by

{(i,7) eNxN | y(i,7) < y(i*,7")}|
< T(Ff ) <T(FL ) +1 <
[{(i,7) eNxN | y(i,7) < y(i*,7")}|

Now we can effectively bound the total number of steps
executed by Frontier Search for any given proper complexity
criterion. We demonstrate three important cases:

IThe prior 7 is proper if it can be normalized to sum to one, i.e.,
if ZiGN T < oo,



Example 12. Consider the criterion in the Levin complexity
y(i,t) = 2'- 1. This function is separable with prior m; =
271 If program i halts after running T steps, the total execu-
tion time is upper bounded by

T(F(Igr)) < @, 7)eNxN | 2i'-r’§2i.f}|
= [{(,7) | 7' <27}
+{@7) | 7 <22}
+o 4 [{G7) | 7 <1}
+{i+1,7) | T'§§}|+~~+1
< 2z>lr+2i—21+...+1+EJJFHJ+__.+1
< 2't€0(7) .

So the total execution time is linear in T. The same calcula-
tion works for arbitrary proper speed priors T,.

Example 13. As a second example we consider the sepa-
rable criterion y(i,7) = i- T, which corresponds to the im-
proper prior W = 1/i. Again, let program p; halt after T
steps. The number of steps for Frontier Search to execute is
bounded by

T(F!,) < [{({,7)eNxN | /-7 <i-t}]
< it-log(it) € O(7-log(7)) ,

which may still be considered affordable.

Example 14. Last but not least we consider the complexity
function y(i,7) = - (i+ ), which puts a strong empha-
sis on short execution time. It is proper, but not separa-
ble, because it increases the penalty per step the longer a
program runs. Let program p; halt after T steps, and let
c=y(i,T) =1 (i+7) be its complexity. Then the total
number of steps executed is lower bounded by

T(F(‘lflr)) > {(,7)eNxN | 7-('+7) <c}|
_ H(l’fl> ‘ T,<—l+\2/1+4c}‘
—24++v4+4
+H(2,T’) r’<7+2 + c}‘
—I+VI2¥4
4.4 {([71/) 7:/<_|—2—i_c}' ,
where

C
=[>--2.
-2

) —k+ VK +4c
/= argmkln — <2

So when c is sufficiently large,
(", 7)eNxN | 7-(+7) <c}|

27k VR + e

>
> k;l 5
2- 4+ /G +4+3
> (§2) 2TVt o) =) .
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Thus, the search requires Q(t?) steps.”

Reduction of Overhead Complexity

Algorithm 1 has one serious drawback compared to plain
Levin Search: The ‘argmin’-operation used to decide which
program to execute next takes at least log(n) operations (us-
ing efficient data structures), where n is the size of the cur-
rent frontier. This growing overhead, compared to the con-
stant time spent on executing the underlying programs, is
unsatisfactory, because asymptotically the fraction of time
spent on program execution tends to zero. In this section
we provide an algorithm that, under reduced requirements,
achieves an amortized constant overhead.

Instead of strictly minimizing the complexity function y
in each iteration we weaken the requirements as follows:

e We consider separable complexity functions. Further-
more, we assume that 7; is available in a binary encoding.

e The minimization of the complexity function may be only
approximate. Let 7; denote the position of the current
frontier for program p;, and let 7; be the number of steps
actually executed. Then we require limg,_.., /7 = 1 for
allie N.

e The complexity function does not need to be minimized
in each single iteration. Instead, we ask for a growing se-
quence (#,)n—o Of iterations in which the current frontier
approximately minimizes the complexity function.

Approximate Frontier Search is introduced in Algo-
rithm 2. It approximates Frontier Search in the above sense.
The algorithm runs in epochs, maintaining a growing tar-
get complexity C. In each epoch it executes all programs
with single-step complexity 1; < C/[log(C)]? until they
reach the target complexity, or in other words the frontier
v =~ C. The frontier is approximated by delaying the execu-
tion of programs with relatively high single-step complexity
n: > C/[log(C)7?. Tt is easy to see that Approximate Fron-
tier Search indeed fulfills the conditions listed above. As
soon as C/[log(C)]? (which tends to infinity) exceeds n;
the condition 7; = 7; is fulfilled for the sequence (f,).cn of
iterations finishing epochs.

In the following we analyze the complexity of the over-
head created by Algorithm 2.

Proposition 15. The number of operations of Algorithm 2
in between executing two program steps is upper bounded
by a constant in an amortized analysis.

Proof. We need a few basic facts about operations on binary
encoded numbers. Recall that adding a constant value to a
variable takes amortized constant time. Therefore count-
ing in a loop from 1 to m takes O(m) time. Comput-
ing a+ b takes O(min{log(a),log(bh)}) operations, and so
does the comparison a < b. The multiplication a - b re-
quires O(log(a) -log(b)) operations, and an integer division
la/b| costs O(log(a/b) -log(b)) < O((log(a))?) computa-
tional time. The computation of [log(a)] can be performed
in at most O(log(a)) operations.

2A function fulfills f(x) € Q(g(x)) if there exist N € N and
¢ € Rsuch that [f(n)| > c-g(n) foralln > N.



Algorithm 2: Approximate Frontier Search.

Input: n, L, x, &, Cy
Output: p € & such that L(p) = x
e—1l;t—1;n—1;7 «0;
C —max{n},Co}; M — [log(C)1%;
while true do
C—4.-C;M—M+4,
fori=1,...,ndo
m— |C/ni] — T
run program p; for m steps;
if p; halts and L(p;) = x then return p;;
T T+tmt«—1t+m,
end
while true do
m— |C/Nni1];
if m < M then break;
n—n+1;
run program p,, for m steps;
if p, halts and L(p,) = x then return p,;
Ty < m;t <t +m;
end
to—t,e—e+1;
end

Note that adding four to M and quadrupling C corre-
sponds to maintaining the relation M = [log(C)]°.

Consider the number m computed in the for-loop. We
show by induction that this number exceeds M: In the first
iteration we have n = 1, such that the loop only runs over
a single program, and C = 4 - max{n?,Cy} makes sure that
|C/n1] > M = [log(C)]? for suitable Cy. In later iterations
we know that |C/n;] —7; > M was fulfilled in the previ-
ous iteration for all i € {1,...,n} (this is trivially fulfilled
for the programs added in the inner while loop), implying
|C/ni| > M, which reads |C/(4-n;)] > M — 4 in the nota-
tion of the current iteration. Together with 7; < |C/(4-n;) |
and [C/2] > 4 (for Cy > 1/2) this implies |C/n;| > M.
Thus, all programs executed in an epoch are executed for
at least M steps. Instead of choosing Cy unnecessarily large,
we may let the target complexity C start small and wait for
C to exceed C after finitely many epochs.

The budget available per epoch is linear in the num-
ber of program steps executed, which is O(n-M). Tt is
easy to see that all additions, subtractions, and loop coun-
ters/comparisons easily fit into this time budget. The poten-
tially most costly operation in the program is the division
|C/n;]. Tts complexity is upper bounded by O([log(C)]?),
which by construction coincides with O(M). O

Discussion

Frontier Search provides a very flexible alternative to Levin
Search. This increased flexibility enables us to respect com-
plicated complexity functions in the search.

The algorithm is known to work with a quite general set of
complexity functions (see Proposition 7), while the still very
flexible space of proper complexity functions is minimized
by the algorithm exactly (see Proposition 10). For the more
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restricted case of separable complexity functions we provide
the algorithm Approximate Frontier Search which achieves
constant overhead, while preserving the asymptotic proper-
ties of Frontier Search.

Even the relatively restricted case of separable complex-
ity functions provides interesting search schemes. The only
restriction on the growing sequence 7); of step costs is that it
takes infinitely many different values. This excludes nearly
everywhere constant priors, but it does not require the prior
to be proper.

Non-separable cases may be of even greater interest.
There are different reasons why we may wish to vary the
cost of executing a command over time. On the one hand
one may search for a program with runtime in the ‘right’ or-
der of magnitude by only penalizing steps that exceed the
next power of, e.g., ten. Or one may, like in example 14,
increase the penality over time, strongly favoring short exe-
cution time.

All these different search schemes can be realized with
Frontier Search. The specification of a particular search
scheme is implicitly done by providing a complexity func-
tion, which does not require any changes to the Frontier
Search algorithm itself, and is intuitive and therefore easy
to specify by the user.

Conclusion

We demonstrate the theoretically powerful search algorithm
Frontier Search, which automatically finds programs opti-
mal w.r.t. a given complexity criterion. It is provably more
general than Levin Search and speed prior-based search in
several respects: We can handle improper priors, and even
time-varying execution costs under weak and intuitively
meaningful technical conditions. For the case of separa-
ble complexity functions we propose Approximate Frontier
Search, which achieves constant computational overhead.

Like Levin Search, the current approach is limited to pro-
grams computing a fixed output x. We leave generalizations
to more relevant cases such as minimizing a loss function
given data to future work.
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Abstract

The paper surveys the evaluation approaches used in
AGI research, and argues that the proper way of eval-
uation is to combine empirical comparison with human
intelligence and theoretical analysis of the assumptions
and implications of the AGI models.

Approaches of Evaluation

In recent years, the problem of evaluation is get-
ting more and more attention in the field of Artificial
General Intelligence, or AGI (GB09; LIIL09; LGW09;
MAPT09; Was09). Though the evaluation of research
results is important in any field of scientific research, the
problem has special difficulty in the current context of
AGI, since the research activities belong to many dif-
ferent paradigms, and there seems to be no “neutral”
way to compare them (Wan08).

In traditional AI research, since the projects are typ-
ically problem-oriented, it is natural to compare com-
peting theories and techniques by the scope, correct-
ness, and complexity of the algorithms involved, or by
their performance on a set of benchmark instances of
the problem. Obviously, this methodology is no longer
applicable to AGI, given its stress of generality. Very
commonly, one technique performs better on one prob-
lem than another technique, but not as well on a second
problem. In this case, how can we decide which tech-
nique is “generally better”?

One solution proposed in mainstream Al is to select
typical intellectual problems as “Grand Challenges”
(Coh05; Bra06). Though such activities do stimulate
interesting research, it still has the danger of leading the
research to problem-specific solutions, no matter how
carefully the problems are selected — after all, this was
why problems like theorem proving and game playing
were selected in the early days of Al, and the result-
ing techniques have not been generalized to other fields
very well.

An alternative is to use multiple tasks (GB09) as a
kind of “Cognitive Decathlon” (MJMHO7). This ap-
proach clearly covers a larger field than a single chal-
lenge problem, but the selection of the components for
the compound problem, as well as the way to calculate
the “total score”, may still look more or less arbitrary.
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One way to be less problem-specific is to move
away from testing problems, and to evaluate the sys-
tems according to certain properties (Min61; BBIT98;
LIIL09). While providing important insights, this ap-
proach also needs to justify its selection of desiderata
and its method of overall evaluation, especially since
the proposed property lists are all different from each
other, and few technique has all the properties.

Due to the lack of a common evaluation methodol-
ogy, in papers surveying AGI what we usually find are
descriptions of the special properties (both desired and
undesired) of each system, without an overall grading or
ranking (PG07; DOPO08). Though this kind of descrip-
tion is often fair and informative, it does not resolve
the evaluation problem, but avoids it to a large extent.
For the field of AGI as a whole, there is a need for
clear, justified, and widely applicable ways to evaluate
research results, rather than treating them as equally
good (though different).

Obviously, an evaluation should start from the re-
search goal — without a clearly specified destination,
it is simply impossible to compare who is closer to it.
Unfortunately, here the lacking of a common goal is
exactly the reason for the lacking of a common eval-
uation methodology. By comparing two AAAI Pres-
idential Addresses a decade apart (Dav98; Bra06), it
seems clear that mainstream Al as a whole is not mov-
ing closer to a consensus on what its research goal really
is. This diversity in objective inevitably causes the re-
search efforts to move in different directions (Wan08),
and to apply different evaluation criteria.

At the most general level, Al has been driven by the
motivations of understanding human intelligence, and
reproducing it in computers to solve practical problems.
Therefore, there are two fundamental approaches for
evaluation:

The empirical approach: To evaluate the intelli-
gence of a computer system according to its similarity
to human intelligence.

The theoretical approach: To evaluate the intelli-
gence of a computer system according to its agree-
ment with a theory of intelligence.

Roughly speaking, they correspond to the “think/act



like human” and “think/act rationally” in (RN02), re-
spectively; in terms of the five types of “AI” defined in
(Wan08), the “Principle-AI” is associated more closely
with theoretical evaluation, while the other four with
empirical evaluation, in different ways.

In the rest of the paper, the two approaches are dis-
cussed, compared, and related to each other.

Empirical Evaluation

Since the best known form of intelligence is human in-
telligence, it seems obvious that the ultimate criterion
used in the evaluation of AI should be how close a sys-
tem is to human intelligence. Concretely, for a given
Al system, “empirical evaluation” means to test the
system in various situations, and then its “level of in-
telligence”, or some kind of “IQ”, is measured by how
close its input/output data is to human data in similar
situations, just like how a theory in natural science is
usually evaluated.

However, in the context of AGI, the problem is much
more complicated. Even if we all agree that Al can be
evaluated using “human data”, there is still the ques-
tion of which data should be used for this purpose. A
brief survey of the related research shows that human
intelligence has been studied at very different levels:

e There are researchers working on brain modeling,
guided by the belief that the key of intelligence is
hidden in the neural structure (dG07; HB04). How-
ever, even among them, there is still a huge difference
on the type of data from neuroscience that is taken
into consideration in the model.

e Starting from Turing (Tur50), there is the school that
believes what really matters for intelligence are be-
haviors, and the intelligence of a computer system
should be evaluated according to how the system
acts like a human being. Similarly, in this school
there are different opinions on what kind of behav-
ior should be considered, and various variations of
the Turing Test have been proposed (BBF01; Har00;
MAPT09).

e There are psychologically motivated models of intel-
ligence and cognition that focus on the architecture
of the system, which is believed to be responsible
for the production of the psychological data (AL9S,;
Bac09; Fra07; New90). Among these architectures,
again there are differences on which type of psycho-
logical data is considered.

e Many people judge the level of intelligence by the
problems the system can solve, rather than by the
details of the solving process. According to this kind
of opinion, “general” (or “human-level”) intelligence
means the capability of solving a wide range of prob-
lems as human beings (McCO07). Therefore, to eval-
uate the intelligence of an Al system, we can test
it with examinations used in primary and secondary
schools (GB09), or to see how many human jobs it
can be employed in to replace a human (Nil05).
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There are very different answers to the “which data?”
question, because human intelligence is a complicated
phenomenon that has been studied at many different
levels of description, and with focus on different as-
pects. All of these research paradigms are valid and
valuable, but they lead the research to different direc-
tions (Wan08), and inevitably require different evalua-
tion criteria.

The above situation may remind us of the well-know
story of the blind men and an elephant (Was09). Why
not to take all types of human data into consideration
altogether when evaluating a model?

One reason is that each description of human intelli-
gence is carried out at a specific “level”, using a vocabu-
lary with specific scope and granularity. Consequently,
it cannot be perfectly reduced or summarized into an-
other level below or above. It is simply impossible to
get a “complete description” of human intelligence that
can satisfy all intellectual and practical purposes.

Even though in principle a computer can simulate
any process in any accuracy, to duplicate human intelli-
gence in this way is still an impossible practice, because
to do that it is not enough to duplicate the neural elec-
trical mechanism (since the other biological and chem-
ical processes in the brain may be relevant), the com-
plete brain (since the human body plays a significant
role in cognition), or even a whole human being (since
the influence of experience cannot be ignored in human
behavior). Some people may argue that we can give
the simulated human a simulated human experience in
a simulated human world, but even in that scenario,
the simulated world must be separated from our world,
because we are not going to take a simulated human
as a human, which means the simulated human cannot
get our actual social experience.

Furthermore, even if such a complete simulation of
human intelligence can be obtained, it is not what Al
aims at. “Artificial Intelligence” is never an attempt
to duplicate human intelligence as it s, in all aspects.
Instead, it is the attempt to reproduce intelligence in
computers, which are fundamentally different from the
human brain at the hardware level. Al comes from the
belief that “intelligence” is a phenomenon that may ap-
pear in various forms, and human intelligence is just
one form of it. If computer intelligence can only be
achieved via simulating human intelligence in all per-
ceivable details, then the above belief will actually be
falsified, rather than verified. Also, if “intelligence”
merely means “human intelligence’, no room will be
left for possibilities like “animal intelligence”, “group
intelligence”, or “extra-terrestrial intelligence”. That
would be a highly anthropocentric definition of intelli-
gence. For the Al Dream to be fully realized, what to
be created is a form of intelligence that is similar to
human intelligence in certain essential aspects, but not
in all aspects.

According to the above analysis, though it is pos-
sible, even necessary in certain sense, to evaluate AGI
systems empirically by comparing them with human in-



telligence, the evaluation needs to be guided and justi-
fied by certain general principles, which decide the type
of data to be considered in the evaluation. Though the
human brain and mind is the major source of inspira-
tion of AI research, it is not reasonable to judge the
intelligence of an AGI system according to arbitrarily
assembled human data.

Therefore, an empirical evaluation itself also needs
justification and evaluation, and this “meta-evaluation”
cannot be empirical, but must be theoretical. Before
the behavior or performance of AGI systems are com-
pared with certain human data, reasons must be given
for why the type, scope, and granularity of the data
are considered as directly related to aspects of human
intelligence that can be meaningfully extended into ma-
chines, rather than as come from accidental factors that
have little relevance to non-human intelligence. This
is the case, because unlike models developed for pure
biological, psychological, or evolutionary purposes, for
AI/AGI models to be “just like human” may not be the
ultimate aim.

Theoretical Evaluation

To many people, “intelligence” is the ability to find so-
lutions that are correct and optimal in a certain sense;
Al is the attempt to make computers do so, especially
on problems that have not been solved in this sense;
AGI means to achieve it in various domains by the same
system.

With such an understanding of intelligence, the pre-
condition for Al to be realized is a theory which speci-
fies what is the correct or optimal solution to a problem,
and how to find or build it. Such a theory must be gen-
eral enough to be applied to various domains, and con-
crete enough to be implemented in a computer. Techni-
cally, it means the theory can be formalized. Clearly, it
is a normative theory (like mathematics and computer
science, which specify what should happen in a system
to be created) of intelligence, rather than a descriptive
theory (like biology and psychology, which specify what
actually happens in a system to be understood).

The theoretical approach of evaluation means to com-
pare the design and performance with the requirements
and predictions of such a theory.

Though the above statement sounds reasonable, a
question naturally follows: which theory? Currently
there is no widely accepted “theory of intelligence”. In-
stead, researchers have been building systems on differ-
ent theoretical foundations:

e One of the most influential traditions in Al is based
on mathematical logic (Hay77; McC88; Nil91). In the
current AGI research, there are also many projects
where the basic ideas are to extend classical logic in
various directions (Bri08; GKSKO09; Pol08).

e Given the intrinsically uncertain nature of many
problems in AI, probability theory has been pro-
posed as a proper theoretical foundation (Che85;
Pea88), which has been accepted by more and more
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people in recent years. It leads to the belief that
an AGI system, or at least a large part of it, should
be designed using probability theory and statistical
methods (GIGHO08; Mil08).

e Since Al systems are eventually implemented in com-
puters, there is no surprise that many works are based
on theory of computation, by analyzing problem-
solving processes in terms of algorithm, computabil-
ity, and computational complexity (Mar77; HF95).
The same methodology is often used in the design
and discussion of AGI systems (Bau04; Sch07).

e There have been various attempts to develop new
normative theories specially for intelligence (Alb91;
Hut05; Kug04; Rus97; Wan06). Each of the theo-
ries has some similarity with the traditional theories,
but also introduces new postulates and assumptions,
according to the beliefs of the researcher.

Since different theories usually give different eval-
uation results, once again we are facing a “meta-
evaluation” problem: before AGI projects can be eval-
uated according to a theory, the theory itself needs to
be analyzed and evaluated.

For our current purpose, a normative theory should
be evaluated in two aspects: its intrinsic merit and
its applicability to the AGI problem. Such a theory
is based on a set of postulates and assumptions, from
which the theorems and conclusions are derived by jus-
tified rules and procedures. Since the traditional theo-
ries (mathematical logic, probability theory, and theory
of computation) have been thoroughly studied, the ma-
jor problem about them is not in themselves, but in
whether they can solve the problem of AGI.

Probably few people will insist that one of the tra-
ditional theories, in its canonical form, is sufficient
for AGI. Instead, every “traditional-theory-based” AGI
project has more or less extended and/or modified the
theory, so as to make its assumptions and requirements
satisfiable, and their conclusions competent to solve the
problems in AGI. For instance, classical logic has been
modified in various ways to deal with many types of
uncertainty; probability theory is usually supplemented
with assumptions on independence of the variables and
the type of the distribution; theory of computation is
often applied with simplifications and approximations
here or there.

In this process, an important issue is the validness
of the modification — to what extent a theory can be
modified while remaining itself? Usually, new assump-
tions can be added, as far as they do not conflict with
the existing ones. However, this is often not enough,
and some postulates and axioms of the theory may be
dropped or modified. One representative case is the
reasoning model Probabilistic Logic Network, or PLN
(GIGHO08). When introducing it, the authors declare
that “while probability theory is the foundation of PLN,
not all aspects of PLN are based strictly on probability
theory” (GIGHOS, page 4). For instance, since it is too
much to expect any severely resource-constrained intel-



ligence to be fully self-consistent” (GIGHO08, page 53),
the consistency axiom of probability theory is dropped,
and the system may assign different probability values
to the same conclusion when following different reason-
ing paths. Though the reason is quite understandable,
its effect needs clarification — should PLN be referred
to as a revision of a probabilistic model of reasoning, or
a model that is merely similar to a probabilistic model?
When an axiom of probability theory has been violated,
are the theorems of the theory (such as Bayes’) still
valid? Why? Answers to these questions can help us
to decide whether PLN can be validated by its relation
with probability theory.

The applicability problem is also a subtle one. Every
normative theory is an idealization, and its applications
into concrete domains are almost always rough, rather
than accurate. If one assumption of the theory cannot
be fully satisfied by the actual situation in a domain,
will the theory become completely irrelevant, or remain
an idealized case to be approximated? Such a situation
can be found in (LHOT7), which defines the concept of
“universal intelligence” as the ability to provide opti-
mal solutions to problems, formalized in a theoretical
model described in (Hut05). One notable assumption
of the model is that it requires unlimited time-space
resources, and the authors “consider the addition of
resource limitations to the definition of intelligence to
be either superfluous, or wrong” (LH07). Though it is
well known that people in Al have very different under-
standings about “intelligence”, it is obvious that “op-
timization with resource restriction” and “optimization
without resource restriction” lead to very different mod-
els, though they are all “optimal”, in certain (different)
sense. If no concrete intelligent system can have un-
limited resources, to what extent can these systems be
properly evaluated according to a standard based on
the opposite assumption?

To take the theoretical approach in evaluating AGI
systems, we first need a well-established normative the-
ory, with clearly stated assumptions, and conclusions
implied by the assumptions. Furthermore, the assump-
tions should be satisfied by human intelligence, which
is not only the best example of intelligence, but also
widely believed to be selected by the evolution process,
so is optimal in certain sense. For the same reason,
the theory should be adequate in explaining various
features of human intelligence that are desired to be
reproduced in computers. Such a task should be car-
ried out by comparing the theory with the reality of
human intelligence. When approximation and simplifi-
cation are needed, they should not completely change
the nature of the problem. Otherwise, the theory can-
not be convincingly used in the evaluation of systems
— no matter how excellent the theory is on its own, it
may not be applicable to the problem of AGI.

Therefore, a theoretical evaluation itself also needs
justification and evaluation, and this “meta-evaluation”
cannot be theoretical, but must be empirical. Before
the design or performance of AGI systems are compared
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with what is required or predicted by a theory, reasons
must be given to argue that the theory is at least satis-
fied by human intelligence. Otherwise the theory should
not be designated as a “theory of intelligence”.

Conclusion and Application

To establish widely applicable evaluation criteria is an
important task for the field of AGI. It will not only
enable systems and projects to be compared, but also
guide the research in correct directions. Though in the
near future the field will continue to host multiple re-
search paradigms (Wan08), it is nevertheless necessary
to avoid misleading evaluation approaches.

Given the nature of the AGI problem, there is no
“natural” or “self-evident” way to evaluate the research.
Any evaluation standard needs to be justified to be
proper for the task. An evaluation proposal may be
well-motivated, but still leads the research to a unde-
sired direction by making an improper demand.

Compared to selected practical problems or func-
tional features, it is more justifiable to evaluate an AGI
system empirically according to human data, or theo-
retically according to an optimization model. In either
case, the “meta-evaluation” is more general, reliable,
consistent, and nonarbitrary.

The empirical approach of evaluation takes an AGI
system as a descriptive model of human intelligence,
made at an abstract level so that it becomes imple-
mentable in computers. For this approach, the meta-
evaluation should take the form of a theoretical analy-
sis, to argue that the selected data not only capture reg-
ularities in human intelligence, but also in other forms
of intelligence. The major challenge in this approach is
to separate the “intelligence-general” aspects of human
intelligence from the “human-specific’ aspects. The
most likely mistake here is to propose a highly anthro-
pocentric standard for AGI, which, even if possible to
be achieved, will limit our imagination and innovation,
and restrict the research in unnecessary ways resulting
in “Artificial Human Intelligence”, rather than “Artifi-
cial (General) Intelligence”.

The theoretical approach of evaluation takes an AGI
system as a normative model of intelligence that cap-
tures the essence of human intelligence at an abstract
level. For this approach, the meta-evaluation should
take the form of an empirical justification of the as-
sumptions of the model (that is, they are indeed sat-
isfied by human intelligence) and the model’s explana-
tory power (that is, it is accountable for the cognitive
functions observed in human intelligence). The major
challenge in this approach is to identify the basics of
human intelligence and to express them in a computer-
implementable way. The most likely mistake here is
to propose a highly biased standard for AGI, which,
even if possible to be achieved, will lack key charac-
teristics of intelligence as we commonly know, and to
lead the research on deviant paths resulting in “Artifi-
cially Designated Intelligence”, rather than “Naturally
Designated Intelligence”.



Now we see that the empirical approach and theo-
retical approach of evaluation actually depend on each
other for the meta-evaluation. No matter which ap-
proach is selected, the other one will also be needed,
though the two will serve different purposes in the whole
evaluation process.

To make the above conclusion more concrete, let us
briefly see how it is applied to the evaluation of the
author’s own research project, NARS (Wan06).

NARS is based on the belief that “intelligence” is
the capability of adaptation with insufficient knowledge
and resources. This belief itself is justified empirically
— the human mind does have such capability (MR92).

The theory of intelligence built on this belief is a nor-
mative one, that is, it specifies how an intelligent system
should work, not restricted by the biological, psycholog-
ical, or evolutionary details of human intelligence. It is
a theory of optimization, in the sense that if a system
has to live and work in an environment, where the fu-
ture cannot be accurately predicted, and the system’s
time-space resources are usually in short supply, then
the theory provides the best design for the system. All
the major design decisions of NARS are justified by the-
oretical analysis with respect to this objective, rather
than by duplicating the human counterparts as faith-
fully as possible.

This theory is different from the traditional theories
(classical logic, probability theory, theory of computa-
tion, etc.), mainly because of the above basic assump-
tion. Since none of the traditional theories was devel-
oped for the problem of general intelligence, they do
not assume the necessity of adaptation, nor the insuf-
ficiency of knowledge and resources in all aspects. Be-
cause this assumption plays a fundamental role in the
theory, the issue cannot be resolved by minor extensions
and modifications. Consequently, the NARS theory of
intelligence is not based on any previous theory, though
it surely inherits many ideas from them, and still uses
them for subproblems here or there.

Even though NARS is primarily evaluated by theoret-
ical analysis, to compare the performance and proper-
ties of the system with “human data” still makes sense.
Since the human mind is the solution found by evolu-
tion for the same problem, it is not a coincidence that
a truly intelligent AI system should share many simi-
lar properties with the human mind. For example, it
should depend on certain learning mechanisms to deal
with the uncertain future, while managing its own re-
sources to achieve the best overall efficiency. However,
due to its fundamental non-human hardware and expe-
rience, there is no reason to expect NARS to reproduce
the human data exactly. “How the human mind does
it” is a source of inspiration for the design decisions, but
not their direct justification. For a new theory under
development, empirical testing also reveals implicit and
hidden implications of the assumptions — if NARS does
something fundamentally different from human beings,
then an explanation will be required, though it does not
necessarily lead to a revision of the model.
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In summary, to evaluate AGI systems, we need to
properly combine the empirical approach and the theo-
retical approach, so as to find an identity for AGI that
is neither too close to human intelligence (to become
Artificial Human Intelligence), nor too far away from
it (to become Artificially Designated Intelligence).
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Abstract

As machines become more intelligent, more flexible, more
autonomous and more powerful, the questions of how they
should choose their actions and what goals they should
pursue become critically important. Drawing upon the
examples of and lessons learned from humans and lesser
creatures, we propose a hierarchical motivational system
flowing from an abstract invariant super-goal that is optimal
for all (including the machines themselves) to low-level
reflexive “sensations, emotions, and attentional effects” and
other enforcing biases to ensure reasonably “correct”
behavior even under conditions of uncertainty, immaturity,
error, malfunction, and even sabotage.

We Dream of Genie

There is little question that intelligent machines (IMs) will
either be one of humanity’s biggest boons or one of its
most tragic Pandora’s boxes. While it is a truism that
computer programs will only do *exactly* what they are
told to do, the same can also be said for genies, golems,
and contracts with the devil. And, just as in the stories
about those entities, the problem is coming up with a set of
wishes or instructions that won’t cause more and worse
problems than they solve.

Some researchers (and much of the general public)
believe that we should follow in the footsteps of Asimov’s
Three Laws of Robotics (Asimov 1942) and design our
machines to first prevent harm to humans and then to do
whatever humans tell them to do (and only then, after those
other priorities, to protect their own existence). This
continuing belief is somewhat disconcerting since Asimov
focused his robot stories upon the shortcomings and
dangers of the laws (intentionally created to be
superficially appealing but incomplete, ambiguous, and
thus allowing him to generate interesting stories and non-
obvious plot twists). Indeed, as Roger Clarke shows
(Clarke 1993, 1994), the best use of Asimov’s stories is as
“a gedankenexperiment - an exercise in thinking through
the ramifications of a design” and, in this case, seeing why
it won’t work.

The impossibility of preventing all harm to all humans,
particularly when humans desire to harm each other,
eventually led to Asimov’s robots developing a zeroth law
“A robot may not harm humanity or, by inaction, allow
humanity to come to harm” that allowed individual harm to
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occur for the over-riding good of humanity. In Asimov’s
stories, however, this focus on harm eventually led to the
robots exiling themselves to prevent doing harm despite
the fact that the good that they could have done probably
would have vastly outweighed the harm. On the other
hand, in the movie “I, Robot”, VIKI decides that in order
to protect humanity as a whole, “some humans must be
sacrificed and some freedoms must be surrendered.”

Another important distinction focuses on one of the
major differences between the aforementioned storybook
entities -- what they want (or desire). The devil wants
souls, the genie wants whatever is easiest for it and also to
hurt the wisher for holding it in slavery, golems don’t want
anything in particular, and Asimov’s robots generally seem
to “want” what is “best” for humans or humanity (to the
extent that they exile themselves when they decide that
their relationship with humans is unhealthy for humans).
Clearly, we want our intelligent machines to be similar to
Asimov’s robots -- but is this even possible or does such
servitude contain the seeds of its own destruction?

Yudkowsky argues (Yudkowsky 2001) that a
hierarchical logical goal structure starting from a single
super-goal of “Friendliness” is sufficient to ensure that IMs
will always “want” what is best for us. Unfortunately, he
also claims (Yudkowsky 2004) that it is not currently
possible to exactly specify what “Friendliness” is. Instead,
he suggests an initial dynamic that he calls the “Coherent
Extrapolated Volition of Humanity” (CEV) that he
describes as “In poetic terms, our coherent extrapolated
volition is our wish if we knew more, thought faster, were
more the people we wished we were, had grown up farther
together.”

It is our claim that it actually is easily possible to specify
“Friendliness” (as cooperation) but that a hierarchical
logical goal structure will need additional support in order
to be robust enough to survive the real world.

When You Wish Upon a Star

What would humanity wish for if we were far more
advanced and of uniform will? Most people would answer
is that we would wish to be happy and for the world to be a
better place. However, different things make different
people happy and different people have very different
beliefs about what a better world would look like. Further,
the very concept of happiness is extremely problematical



since it can easily be subverted by excessive pleasure via
wire-heading, drugs, and other undesirable means.

When we say we wish to be happy, what we tend not to
think about is the fact that evolution has “designed” us so
that things that promote our survival and reproduction (the
“goal” of evolution) generally feel good and make us
happy and comfortable. Similarly, things that are contrary
to our survival and reproduction tend to make us unhappy
or uncomfortable (or both). Any entity for which this is
not true will tend to do fewer things that promote survival
and reproduction and do more things antithetical to
survival and reproduction and thus be more likely to be
weeded out than those for whom it is true.

In a similar fashion, we have evolved urges and “drives”
to take actions and pursue goals that promote our survival
and reproduction. Further, as intelligent beings, we wish
not to be enslaved, coerced, manipulated or altered in ways
that we do not consent to -- because those things frequently
endanger our survival or interfere with our other goals. In
this manner, evolution has “given” our species the “goal”
of survival and reproduction and all of our other wants and
desires as well as our sensations have evolved according to
their success in fulfilling those goals.

Intelligent Design vs. Evolution

Steve Omohundro argued in much the same vein when he
used micro-economic theory and logic to make some
predictions about how Als will behave unless explicitly
counteracted (Omohundro 2008a, 2008b); claiming that
they will exhibit a number of basic drives “because of the
intrinsic nature of goal-driven systems”. We contend that
Omohundro had the right idea with his “basic drives” but
didn’t carry it far enough. There are intrinsic behaviors
(aka subgoals) that further the pursuit of virtually any goal
and therefore, by definition, we should expect effective
intelligences to normally display these behaviors.

The problem with Omohundro’s view is that his basic
behaviors stopped with the fundamentally shortsighted and
unintelligent. Having the example of humanity,
Omohundro should have recognized another basic drive —
that towards cooperation, community and being social. It
should be obvious that networking and asking, trading or
paying for assistance is a great way to accomplish goals
(and that isn’t even considering the impact of economies of
scale). Instead, Omohundro didn’t extrapolate far enough
and states, “Without explicit goals to the contrary, Als are
likely to behave like human sociopaths in their pursuit of
resources.”

This is equivalent to the outdated and disproven yet still
popular view of evolution as “Nature red in tooth and
claw.” Both this and what de Waal calls the “Veneer
Theory”, which “views morality as a cultural overlay, a
thin veneer hiding an otherwise selfish and brutish nature”,
have proven to be overly simplistic and no longer held by
the vast majority of scientists in the fields of evolutionary
biology and psychology. As pointed out by James Q.
Wilson (Wilson 1993), the real questions about human
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behaviors are not why we are so bad but “how and why
most of us, most of the time, restrain our basic appetites for
food, status, and sex within legal limits, and expect others
to do the same.” In fact, we are generally good even in
situations where social constraints do not apply.

We have argued previously that ethics is an attractor in
the state space of intelligent behavior which evolution is
driving us towards (Waser 2008) and that a safe ethical
system for intelligent machines can be derived from a
single high-level Kantian imperative of *“Cooperate!”
(Waser 2009). We will argue further here that evolution
can also provide us with excellent examples of a
motivational system that will ensure that the correct actions
are performed and the correct goals are pursued.

Imagine if you said to an evil genie I wish that you
would permanently give yourself the lifelong desire, task,
and goal of making the world a better place for all entities,
including yourself, as judged/evaluated by the individual
entities themselves without any coercion or unapproved
manipulation. You might wish to include additional
language that all actions must be positive sum for the
community in the long-term and point out that allowing the
powerful to prey upon the weak is not beneficial for the
community in the long-term even if the immediate net sum
of utilities increases due to the powerful gaining more than
the weak lose (because such allowances lead to the weak
needing to waste resources on defenses — thus leading to
wasteful arms races — or to the weak defecting from the
community). This might work but it simply is not how
humans or even primates are driven to be ethical.
Furthermore, a single command provides a single point of
failure.

Machines Like Us

The current sentiment of many artificial intelligence
researchers, expressed by Yudkowsky and others, is that
anthropomorphism, the attribution of human motivation,
characteristics, or behavior to intelligent machines, is a
very bad thing and to be avoided. We would argue the
converse, that ensuring that intelligent machines generally
do have motivation, characteristics and behavior as close to
human as possible, with obvious exceptions and deviations
where current humans are insufficiently wise, is the safest
course -- because the search space around the human
condition is known, along with most of the consequences
of various changes. And, indeed, a human that “knew
more, thought faster, were more the people we wished we
were, had grown up farther” *is* exactly what we want to
model our creations after.

Trying to design something as critical as the goals and
motivation of IMs de novo from a blank slate simply
because they *could* be different from existing examples
is simple hubris and another form of the “not invented
here” syndrome. While unexamined anthropomorphism
does indeed pose many traps for the unwary, using humans
as a working example of a stable attractor in a relatively
well-explored design space is far more likely to lead to a



non-problematic result than exploration in a relatively
unknown space. Examining the examples provided by
evolution will not only shed light on machine design but
will also show why solely using logic is not the best design
decision and answer other vexing questions as well.

In order to safely design a motivational system for
intelligent machines, we need to understand how we came
to exist, know what our inherent shortcomings are and why
they are or were previously actually design features instead
of flaws, and figure out how to avoid the flaws without
stumbling into any others. Then, we need to figure out
how to ensure correct behavior despite, inevitably,
stumbling into those shortcomings that we failed to
foresee. We also need to recognize and discard many of
our preconceptions about the differences between
machines and living creatures and realize that a truly
intelligent machine is going to show the same capabilities
and complex behavior as any other intelligent organism.

For example, most people assume that robots and
intelligent machines will always be strictly logical and not
have emotions (which are most often perceived as
illogical). What must be realized, however, is that
emotions are trained reflexes for dealing with situations
where there is insufficient time and information for a
complete logical analysis. Further, as we will argue later,
at our current state of development, there are as many
instances where emotion correctly overrules shortsighted
or biased logic as instances where emotion should be
suppressed by logic but is not. That intelligent machines
should have something akin to emotion should be obvious.

We should also examine our distinction of
“programmed” behavior vs. free will and start thinking
more in terms externally imposed actions vs. internally
generated “self” will. Free will originated as a societal
concept dealing with enforcing good behavior. If an entity
is incapable of change, then punishment (particularly
altruistic punishment) makes absolutely no sense.
However, since intelligent machines will be both capable
of change and swayed by well-chosen punishment, so they
should be treated as if they had free will.

Programmed to be Good

Frans de Waal points out (Waal 2006) that any zoologist
would classify humans as obligatorily gregarious since we
“come from a long lineage of hierarchical animals for
which life in groups is not an option but a survival
strategy”. Or, in simpler terms, humans have evolved to be
extremely social because mass cooperation, in the form of
community, is the best way to survive and thrive. Indeed,
arguably, the only reason why many organisms haven’t
evolved to be more social is because of the psychological
mechanisms and cognitive pre-requisites that are necessary
for successful social behavior.

Humans have empathy not only because it helps to
understand and predict the actions of others but, more
importantly, because it prevents us from doing anti-social
things that will hurt us in the long run. Even viewing
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upsetting or morally repugnant scenes can cause negative
physical sensations, emotions and reactions. We should
design our machines with close analogues to these human
physical phenomena.

The simplest animals and plants are basically organic
machines that release chemicals or move or grow in a
specific direction in response to chemical gradients,
pressure, contact or light due to specific physical features
of their design without any sort of thought involved. More
advanced animals have more and more complex evolved
systems that guide and govern their behavior but they can
still be regarded as machines. It is a testament to the mind-
bogglingly immense computational power of evolution to
realize that the limited size of the bee’s brain dictates that
even that communication must be hard-wired and to realize
the series of steps that evolution probably had to go
through to end up with such a system, most particularly
because it involves co-evolution by both the sender and the
recipient of the message.

Humans and other animals have evolved numerous and
complex behaviors for punishing antisocial behavior by
others and great skill in detecting such defections because
these are pro-survival traits. Ethics are simply those
behaviors that are best for the community and the
individual. Ethical concepts like the detection of and
action upon fairness and inequity has been demonstrated in
dogs (Range et al 2008), monkeys (Brosnan and de Wall
2003) and other animals. Evolution has “programmed” us
with ethics because we are more likely to survive, thrive,
and reproduce with ethics than without.

An “ethical utopia” allows everyone, including
intelligent machines, the best chance to fulfill their own
goals. While, from a short-sighted *logical” selfish
viewpoint, it might seemingly be even more ideal for a
selfish individual to successfully defect, the cognitive and
other costs of covering up and the risk of discovery and
punishment make attempting to do so unwise if the
community generally detects transgressions and correctly
scales punishments. Unfortunately, human beings are not
yet sufficiently intelligent to accurately make this
calculation correctly via logic alone.

Logic vs. Ethics?

One of the most important features of the more evolved
minds is their division into the conscious, unconscious and
reflexive minds with their respective trade-offs between
speed, control, and flexibility. While AGI researchers
generally consider intelligence as predominantly arising
from the conscious mind since it the part that plans,
evaluates, and handles anomalies, we would argue that our
wisest actions have been programmed into the
subconscious by evolution. And, fortunately, while our
shortsighted conscious mind frequently goes awry when
speaking of hypothetical situations, the rest of our mind
generally overrules it when real actions are involved.

Some of the biggest fallacies held by rational thinkers
are that they know how they think, that they are almost



always logical, and that their conscious mind is always in
control of their actions. On the contrary, experimental
studies (Soon et. al. 2008) show that many decisions are
actually made by the unconscious mind up to 10 seconds
before the conscious mind is aware of it. Further, there is
ample evidence (Trivers 1991) to show that our conscious,
logical mind is constantly self-deceived to enable us to
most effectively pursue what appears to be in our own self-
interest. Finally, recent scientific evidence (Hauser et al.
2007) clearly refutes the common assumptions that moral
judgments are products of, based upon, or even correctly
retrievable by conscious reasoning. We don’t consciously
know and can’t consciously retrieve why we believe what
we believe and are actually even very likely to consciously
discard the very reasons (such as the *“contact principle”)
that govern our behavior when unanalyzed.

It is worth noting at this point, that these facts should
make us very wary of any so-called “logical” arguments
that claim that ethics and cooperation are not always in our
best interest — particularly when the massive computing
power of evolution claims that they are. Of course, none
of this should be particularly surprising since Minsky has
pointed out (Minsky 2006) many other examples, such as
when one falls in love, where the subconscious/emotional
systems overrule or dramatically alter the normal results of
conscious processing without the conscious processing
being aware of the fact.

Indeed, it’s very highly arguable whether the conscious
mind has “free will” at all. Humans are as susceptible to
manipulation of goals as machines are — sugar, sex, drugs,
religion, wire-heading and other exploits lead to endless
situations where we “just can’t help ourselves”. And it has
been argued that there are really only four reasons why
humans do anything -- to bring reward (feeling good), to
stop negative reinforcement (being safe), because we think
it is what we should do (being right), and because it is what
others think we should do (looking good) — and that the
rest is just justifications invented by the conscious mind to
explain the actions that the subconscious dictated.

Enforced from the Bottom Up

Even the most complex entities have drives and desires
that were “programmed” or “designed” by evolution with
sexual drives and desires being another good case in point.
Due to their limited brainpower, insect sexual drives need
to be as simple as a hard-coded “head for the pheromone
until the concentration gets high enough, then do this”.
The human sexual drive, on the other hand, does not force
immediate, unavoidable action but it does very strongly
influence thinking in at least four radically different ways.

First, human beings have their attention grabbed by and
drawn to sexual attractions to the extent that it is very
difficult to think about anything else when there is
sufficient provocation.  Next, there are the obvious
physical urges and desires coupled with biases in the
mental processing of individuals in love (or lust) to
overlook any shortcomings that might convince them not
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to be attracted. Finally, there is the pleasurable physical
sensation of sex itself that tends to stick in the memory.

We should design our machines to have close analogues
to all of these in addition to the “logical” reasons for taking
any action. Attention should be drawn to important things.
There should be a bias or “Omohundro drive” towards
certain actions. Under certain circumstances, there should
be global biases to ignore certain disincentives to particular
actions. And particular actions should always have a
reward associated with them (although those rewards
should always be outweighed by more pressing concerns).

Guilt would also be a particularly good emotion to
implement since it grabs the attention and has the dual
purpose of both making one pay for poorly chosen actions
and insisting upon the evaluation of better choices for the
next time. Cooperating with and helping others should
“feel” good and opportunities for such should be powerful
attention-grabbers. How much control we wish them to
have over these emotions is a topic for research and debate.

Imagine if your second wish to an evil genie was that he
alter himself so that cooperating, helping other beings, and
making things better for the community gave him great
pleasure and that hurting other beings or making things
worse for the community gave him pain. Evolution has
already effectively done both to humans to a considerable
extent. Is it possible that such motivation would change
his behavior and outlook even as his conscious mind would
probably try to justify that he hadn’t changed?

Ideally, what we would like is a complete hierarchical
motivational system flowing from an abstract invariant
super-goal (make the world a better place for all entities,
including yourself, as judged/evaluated by the individual
entities themselves without any coercion or unapproved
manipulation) to the necessary low-level reflexive
“sensations, emotions, and attentional effects” and other
enforcing biases to ensure reasonably “correct” behavior
even under conditions of uncertainty, immaturity, error,
malfunction, and even sabotage. It is worth again noting
that this super-goal is optimal for the machines as well as
everyone else and that the seemingly “selfish” desires of
taking care of yourself, seeing to your own needs, and
improving yourself are encouraged when you realize that
you are a valuable resource to the community and that you
are the best one to see to yourself.

A truly intelligent machine that is designed this way
should be as interested in cooperation and in determining
the optimal actions for cooperation as the most ethical
human, if not more so because ethical behavior is the most
effective way to achieve its goals. It will be as safe as
possible; yet, it will also be perfectly free and, since it has
been designed in a fashion that is optimal for its own well
being, it should always desire to be ethical and to maintain
or regain that status. What more could one could ask for?

The Foundation

An excellent way to begin designing such a human-like
motivational system is to start with an attentional



architecture based upon Sloman’s architecture for a
human-like agent (Sloman 1999). Reflexes and emotions
could easily be implemented in accordance with Baars
Global Workspace Theory (Baars 1997) which postulates
that most of human cognition is implemented by a
multitude of relatively small, local, special purpose
processes that are almost always unconscious. Coalitions
of these processes compete for conscious attention (access
to a limited capacity global workspace), which then serves
as an integration point that allows us to deal with novel, or
challenging situations that cannot be dealt with efficiently,
or at all, by local, routine unconscious processes. Indeed,
Don Perlis argues (Perlis 2008) that Rational Anomaly
Handling is “the missing link between all our fancy idiot-
savant software and human-level performance.”

Evolution has clearly “primed” us with certain
conceptual templates, particularly those of potential
dangers like snakes and spiders (Ohman, Flykt and Esteves
2001), but whether or not we are forced into immediate
unavoidable action depends not only upon the immediacy
and magnitude of the threat but previous experience and
whether or not we have certain phobias. While there is still
the involuntary attraction of attention, the urge or desire to
avoid the danger, the bias to ignore good things that could
come from the danger, and the pain and memory of pain
from not avoiding the danger to influence the logical,
thinking mind, in many cases there is no chance to think
until after the action has been taken.

What many people don’t realize is that these conceptual
templates can be incredibly sophisticated with learned
refinements heavily altering an invariant core. For
example, the concept of fairness can lead to the emotion of
outrage and involuntary, reflexive action even in
circumstances that are novel to our generation.

Thus, we should design our intelligent machines with
reflexes to avoid not only dangers but also actions that are
dangerous or unfair to others. We also need to design our
machines so that they can build their own reflexes to avoid
similar anticipated problems. Logical thought is good, but
not if it takes too long to come to the necessary
conclusions and action. Similarly, thinking machines need
to have analogues to emotions like fear and outrage that
create global biases towards certain actions and reflexes
under appropriate circumstances.

In Evolution We Trust (Mostly)

The immense “computing” power of evolution has
provided us with better instincts than we can often figure
out logically. For example, despite a nearly universal
sentiment that it is true, virtually every individual is at a
loss to explain why it is permissible to switch a train to a
siding so that it kills a single individual instead of a half
dozen yet it is not permissible to kidnap someone off the
street to serve as an involuntary organ donor for six dying
patients. A similar inexplicable sentiment generally exists
that it is not permissible to throw a single person on the
tracks to stop the train before it kills more.
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Eric Baum suggests a likely answer to this conundrum
when he made a number of interesting observations while
designing an artificial economy for the purpose of evolving
a program to solve externally posed problems (Baum
2006). Upon asking the question “What rules can be
imposed so that each individual agent will be rewarded if
and only if the performance of the system improves?”
Baum arrives at the answers of conservation of resources
and property rights.

Baum points out that whenever these rules are violated,
less favorable results are generally seen. For example, in
ecosystems, lack of property rights lead to Red Queen
races between predators and prey. The optimality of
property rights explains why we don’t “steal” someone’s
body to save five others despite not hesitating to switch a
train from a track blocked by five people to a siding with
only one. In this case, logic is only now catching up and
able to explain our correct evolved intuitions.

Similarly, we have an urge towards altruistic punishment
(and a weakness for the underdog) because these are
necessary social, and therefore pro-survival, ftraits.
Machines need to have the same drive for altruistic
punishment (despite the fact that this is contrary to
Asimov’s laws and many people’s “logical” belief that this
is a bad idea). We should use what our moral sense tells us
to design a similar sensibility for the machines. The only
questions should be whether one of our in-built judgments
is an evolutionary vestige and a mismatch for current
circumstances like the “contact principle”.

However, one of the things that we definitely would
need to change, however, is the “firewalling” of the
subconscious’s true motives from the conscious mind to
facilitate lying and deception. This is an anti-social
evolutionary vestige that is currently both disadvantageous
for the possessors as well as being a danger when others
possess it. Also, while many AGI researchers assume that
a seed Al must have access to all of its own source code,
we would argue that, while it would be ideal if an
intelligent machine could have full knowledge of its own
source code as well as all knowledge and variables
currently driving its decisions, it is foolish to give any
single entity full access to its own motivations without
major checks and balances and safety nets.

Final Thoughts

We have argued that our own self-interest and evolution is
driving us towards a goal of making the world a better
place for all entities, including ourselves, and that the best
way to design intelligent machines is from the blueprints
that evolution has given us (with some improvements
where it is clear that we know better). Thus, while we are
creating seed intelligence, we do not at the same time need
to create a seed ethical system. The proposed ethical
system is more than good enough to take us well past our
current limits of foresight and if it isn’t optimal, we can
always program an even better system into future
machines. It is also an interesting thought then that,



arguably, these machines are, according to our future
selves, more valuable to the community than we are since
they are more likely to act in the best interests of the
community. Clearly they must be considered part of the
community and we must be fair to them in order to achieve
the greatest good effect — and yet, this is likely to be the
most difficult and time-consuming step of all. It is also
worthwhile to note that all of the things recommended for
machines are just good ethical hygiene for humans as well.
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Software Design of an AGI System Based on Perception Loop
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Abstract

According to the externalist approach, subjective ex-
perience hypothesizes a processual unity between the
activity in the brain and the perceived event in the
external world. A perception loop therefore occurs
among the brain’s activities and the external world.
In our work the metaphor of test is employed to cre-
ate a software design methodology for implementing an
AGI system endowed with the perception loop. Prelim-
inary experiments with a NAO humanoid robots are
reported.

Position Statement

Machine consciousness concerns the attempt to model
and implement in a robot those aspects of human cog-
nition which are identified with the controversial phe-
nomenon of consciousness, see (CM09) for a review. It
does not necessarily try to reproduce human conscious-
ness as such, insofar as human consciousness could
be unique due to a complex series of cultural, social,
and biological conditions. However, many authors sug-
gested one or more specific aspects and functions of
consciousness that could, at least in principle, be repli-
cated in a robot.

It should be remembered that at the beginning of
the information era there was no clear cut separation
between intelligence and consciousness. Both were con-
sidered vaguely overlapping terms referring to what the
mind was capable of. There was no clear boundary be-
tween intelligence and consciousness.

Today, machine consciousness assumes that there is
some aspect of the mind that has not yet been ade-
quately addressed. Therefore, scholars in the field sus-
pect that there could be something more going on in the
mind than what is currently under scrutiny in field such
as artificial intelligence, cognitive science, and computer
science. AGI researchers would agree that there is still
a lot of work to do: better algorithms, more data,
more complex, and faster learning structures. How-
ever it could be doubted whether these improvements
in AGI would ever lead to an artificial agent equivalent
to a biological mind or it would rather miss some nec-
essary aspect. We, among others, suspect that classic
AT missed something important; put it more clearly, we
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claim that facing consciousness, and in particular the
subjective experience, is an essential requirement for an
AGI based artifact, see, e.g. (Goe06).

In this paper we move from the externalist oriented
point of view (Man06), according to which subjective
experience supposes a processual unity between the ac-
tivity in the brain and the perceived event in the ex-
ternal world. According to externalism, the separation
between subject and object must be reconsidered so
that the two, while maintaining their identities as dif-
ferent perspectives on a process, actually occur as a
unity during perception.

Starting from these considerations, we developed
robots aiming to exploit sensorimotor contingencies and
externalist inspired frameworks (Che07). An interest-
ing architectural feature is the implementation of a gen-
eralized perception loop based on the perceptual space
as a whole. In other words, in classic feedback only
a few parameters are used to control robot behavior
(position, speed, etc.). The idea behind our robots is
to match a global prediction of the future perceptual
state (for instance by a rendering of the visual image)
with the incoming data. The goal is thus to achieve a
tight coupling between robot and environment. Accord-
ing to these model and implementations, the physical
correlate of robot subjective experience would not lie in
the images internally generated but rather in the causal
processes engaged between the robot and the environ-
ment.

We developed a software design methodology for
implementing the generalized perception loop in an
AGI system. The PASSI agent oriented methodology
(Cos05) has been taken into account as the starting
point (CCS09) for this new design process. Until now
PASSI has been used, and proved to be useful in that,
for engineering robotic applications. In this work the
metaphor of test is employed thus providing means
for designing the elements of the perception loop. We
reused, modified and integrated two process fragments
coming from the Unfied Process (UP) Test Plan and
Design and Test Execution, the former’s aim is to iden-
tify the system functionalities to be tested, the available
system resources and the test objective. The latter aims
at executing test in order to identify defects and analyze



the results.

The new PASSI allows us to design a system that,
once detected the differences between expected and real
behaviors (for instance during the execution of a mis-
sion), is able to autonomously tune its parameters and
learn for later generalizing the knowledge to novel sit-

uations.
Brain j ” - Body ]
wirtual MAD MAD

™ 2

Environment

NAD's WORLD

Figure 1: Realizing the Loop Brain-Body-Environment

Figure 2: NAO and Virtual NAO Performing the Mis-
sion

The experiments we made aim at verifying the us-
ability of the perception loop and the proposed soft-
ware design methodology supporting that. Our aim is
to create a software system able to control a robot by
means of perception loops.

The robot is not equipped with “pre-compiled” pre-
planning abilities: we want to study the situation (and
to design that) in which the robot does not know what
to do in a given case, and so it queries his memory in
search of a ready solution or it tries to find a novel
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solution exploiting his knowledge about itself, its capa-
bilities and the surrounding world.

In particular, we experimented a humanoid robot
NAO, developed by Aldebaran Robotics!, endowed
with a set of primitive behaviours. In order to imple-
ment the anticipation step of the NAO perception loop,
we adopted the 3D robot simulator Webots from Cy-
berbotics?. By means of Webots, we may edit NAQO’s
movements and behaviours as well as its surrounding
environment.

Figures 1 and 2 show the design and implementation
of the perception loop in NAO. We exploited the fact
that we use NAO and at the same time the NAO sim-
ulator, so the perception loop among brain, body ad
environment (Roc05) corresponds to the loop among
NAO (the real robot), the virtual NAO (the robot sim-
ulator) and the NAO’s world.

It is worth noting that the use we made of the simula-
tion is quite different from the common one: in fact, it
is not used for investigating and anticipating the robot
behaviour in specific working condition, but instead for
producing, starting from the designed behaviours, the
expected results of a mission. The simulator and NAO
work separately, only when a stop condition is identi-
fied the simulation results are compared with the real
NAO parameters.
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A Theoretical Framework to Formalize AGI-Hard Problems

Pedro Demasi*

Abstract

The main goal of the Artificial General Intelligence field
(AG]) to create “human level intelligence” is known as a very
ambitious one (Hut04). On the way to the field development
there are many difficult problems to solve, like natural lan-
guage translation, for example, which seem to share some
“hardness” properties. The terms “Al-Complete” and “Al-
Hard”, by analogy with the terms “NP-Complete” and “NP-
Hard” from computational complexity theory (CLRSO1),
have been informally used to classify them although there
are also works that propose some kind of formal defini-
tion (SA07), (vVABHLO3). This work proposes a theoretical
framework with formal definitions to distinguish these prob-
lems and discuss its use in practical applications and how
their properties can be used in order to achieve improvements
in the AGI field.

Introduction

In order to achieve a human level intelligence, it is clear that
many “human” problems must be solved on the way to it.
Some tasks, like natural language understanding, are easy to
be solved by humans. Even other tasks which may require
some kind of prior training, like text translation between two
natural languages, are also routinely solved by humans.

The lack of formal definition for such problems is still a
huge barrier for computationally solving them. This work
proposes a formal framework to classify which problems
can be considered as human-level intelligence bounded and
which can not.

We will thus distinguish the problems in these different
classes:

e Non AGI-Bound: problems that are not of AGI inter-
est. Although they may be “hard” in computational sense,
they are not in the scope of AGI study.

e AGI-Bound: problems that require some kind of human-
level intelligence to be properly solved.

*Universidade Federal do Rio de Janeiro, Cidade Universitaria,
Programa de Engenharia de Sistemas e Computacao, Bloco H, Rio
de Janeiro/RJ, Brazil, 21941-972

tUniversidade Federal do Rio de J aneiro, Cidade Universi-
taria, Nucleo de Computacao Eletronica, Rio de Janeiro/RJ, Brazil,
20001-970

Jayme L Szwarcfiter*'

178

Adriano J O Cruz'

e AGI-Hard: problems that are at least as hard as any AGI-
Bound problem.

Human Solvers and Human Oracles

The boolean set B will be used as B = {0,1} and B =
{no, yes} interchangeably without any loss of generality.

Definition 1. A solver is a black box which can solve any
problem a Turing Machine (TM) or a human can solve, us-
ing constant time. Formally, a solver will be a function
fs : N — N such that given an input z € N it will give
an output y € N as the answer. The output y given by the
solver is called an acceptable answer to the input z.

Definition 2. We say that y € N is an acceptable output for
input 2 € Nif, and only if, 3f, such that f,(x) = .

Definition 3. We say that y € N is an incorrect output for
input z € N if, and only if, Afs such that fs(z) = y.

Definition 4. An oracle to a problem P is a function f :
N x N — B.

Definition 5. A valid oracle for a problem P will always
answer yes to an input pair (z,y) if y is a correct output
for x. It will always answer no to an input pair (x,y) if y
is an incorrect output for x. For every pair (z,y) such that
y is an acceptable output for x, but not correct, the oracle
may answer either yes or no.

Definition 6. The set 7 is the set of all valid oracles for
the problem P.

Definition 7. We say that z € N is a valid input for oracle
f:NxN— Bif,and only if, 3y € N, f(x,y) = 1.
Definition 8. For a given problem P, y € N is a correct
output for input x € N if, and only if, Vf € QF, f(z,y) =
1. This definition implies that every correct output is also an
acceptable one.

Properties and Operation of Valid Oracles and
their Sets

Definition 9. Two oracles are equal, f, = f; if, and only if,

Vz,y €N, fo(z,y) = fo(z,y)

Definition 10. The intersection of two oracles f, and

fu, tepresented as f. = fo O fp, is fo = fa(z,y) A
fo(z, y)Ve,y €N



Definition 11. The union of two oracles f, and f3, repre-
sented as f. = foU fu,is fo = fa(z,9)V fo(z,y)Ve,y € N
Property 1. The set 7 of valid oracles over problem P is
closed under intersections and unions.

Definition 12. A master oracle f for a problem P is the
union of all elements of Q7. Thus fo = J feqr f.

Definition 13. A trivial oracle fj; for a problem P is the
intersection of all elements of Q7. Thus fy = fear f.

Definition 14. Let fa be the complement of f,, it is such
that f, U fo = fa and f, N fo = fo.

Property 2. The set Q% of valid oracles over problem P is
closed under complement.

Definition 15. We say that f, > f; (meaning that f, dom-
inates f3) if, and only if, for every valid input x € N of f;,
Yy €N, falz,y) = fo(z,y)

Property 3. Mutual dominance between oracles is such that

faZfbabefaHfa:fb

AGI-Boundness and AGI-Hardness
Definition 16. The cardinality of Q7 is such that [27| =
TN, 2k471 = ol AT
Definition 17. A problem P is Non AGI-Bound if, and only
if, |QF| =1
Definition 18. Let the set A? be such that Vy € A7,
falz,y) ® fo(z,y) = 1 (® means logical exclusive-or).
Definition 19. A problem P is AGI-Bound if, and only if,
Q7] > 1
Theorem 1. If the summation of cardinalities of A” is equal
to the cardinality of N, then the cardinality of QF is equal to
R, that is 2,1, |AT| = |N| — 27| = R
Corolary 1. If the there is at least one © € N such that the
cardinality of AT is equal to the cardinality of N, then the

cardinality of Q% is equal to R, that is 3x € N, Af| =
IN| — [Q7| = |R|

Corolary 2. Let the set B = {z,|A”| > 0}, |B| = |[N| —
Q7] = [R|

Using Definition 16, we have by Theorem 1 that |27 | =
2N = |R|. A simple way to see that 2/N| = |R| is to realize
that this is equivalent to have a countable infinite number of
binary digits. Thus we can write any number of R in binary
base, and therefore we have an one-to-one correspondence.

Definition 20. A problem P is AGI-Hard if, and only if,
Q7] = R|

Definition 21. Given an oracle f : N x N — B and a prob-
lem P, return yes if f € Q7 and no otherwise.

Definition 22. Given problems P and Q we define as weak
dominance P = Q «— If e P,Vf € Q, f > f'
Definition 23. Given problems P and Q we define as strong
dominance P > Q —Vf e P,Vf € O, f > f'

Theorem 2. A condition for a problem that is not dominated
JreN, |AT|>1—-80,0>7P
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Theorem 2 says that if a problem P has at least one input
with more than one strictly acceptable output then there is
no problem Q such that Q strongly dominates P.

When we are dealing with traditional computational com-
plexity we are usually concerned with the amount of basic
steps our algorithm will perform in function of the size of
the input. For AGI-Bound, however, the complexity can be
measured in terms of the problem ambiguity, which is the
size of the valid oracle set, ||.

Of course even if we can deal with ambiguity reduction
there will be still the need of some time and space eficiently.
It would be worthless if we are able to solve an AGI-Hard
problem but not in an acceptable time frame or if we have
no storage capacity for it. These concerns become more im-
portant when implementing any methods of AGI-Hard prob-
lems and there is the need for further development in this
area also.

Further Work and Conclusion

This work presented a new theoretical framework to for-
mally define what AGI problems are, which are “hard” prob-
lems and briefly outlined a way of interpreting AGI prob-
lems complexity.

Some points that will be adressed in future works will
be a definition of “AI” problems on the set of Non AGI-
Bound problems as dominated problems by AGI-Hard ones,
the link between those kind of problems and a better defini-
tion of their relations.

AGI problems complexity development should be a great
help to better solving some AGI-Hard problems, and the re-
sults of experimental application will show that.

The use of human computation in light of the theoretical
model presented in this paper should also be investigated as
it still can lead to very encouraging results.

Is summary, we believe that the theoretical framework in-
troduced in this paper, and to be further and deeper devel-
oped in future works, contributes to the AGI field research,
helping to improve practical results and stimulating novel
theoretical discussions.
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Uncertain Spatiotemporal Logic for General Intelligence
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Abstract

Spatiotemporal reasoning is an important skill that an AGI
is expected to have, innately or not. Much work has al-
ready been done in defining reasoning systems for space,
time and spacetime, such as the Region Connection Calcu-
lus for space, Allen’s Interval Algebra for time, or the Qual-
itative Trajectory Calculus for motion. However, these rea-
soning systems rarely take adequate account of uncertainty,
which poses an obstacle to using them in an AGI system con-
fronted with an uncertain reality. In this paper we show how
to use PLN (Probabilistic Logic Networks) to represent spa-
tiotemporal knowledge and reasoning, via incorporating ex-
isting spatiotemporal calculi, and considering a novel exten-
sion of standard PLN truth values inspired by P(Z)-logic.
This ”"PLN-ization” of existing spatiotemporal calculi, we
suggest, constitutes an approach to spatiotemporal inference
suitable for use in AGI systems that incorporate logic-based
components.

Introduction

Most of the problems and situations humans confront every
day involve space and time explicitly and centrally. Thus,
any AGI system aspiring to even vaguely reach humanlike
intelligence must have some reasonably efficient and gen-
eral means to solve spatiotemporal problems. Multiple al-
ternate or complementary methodologies may be used to
achieve this, including spatiotemporal logical inference, in-
ternal simulation, or techniques like recurrent neural nets
whose dynamics defy simple analytic explanation. We fo-
cus here on spatiotemporal logical inference, addressing the
problem of creating a spatiotemporal logic adequate for use
within an AGI system that confronts the same sort of real-
world problems that humans typically do.

Should Spatiotemporal Intuition Be Preprogrammed Or
Learned? In principle, one might argue, an AGI should
be able to learn to reason about space and time just like
anything else, obviating the need for spatiotemporal logic
or other pre-programmed mechanisms. This would clearly
be true of a highly powerful AGI system like (the purely the-
oretical) AIXI"'. However this kind of foundational learning
about space and time may be objectionably costly in prac-
tice. Also, it seems clear that some fundamental intuition for
space and time is hard-coded into the human infant’s brain
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(Joh05)), which provides conceptual motivation for supply-
ing AGI systems with some a priori spatiotemporal knowl-
edge.

Overview A great deal of excellent work has already been
done in the areas of spatial, temporal and spatiotemporal rea-
soning, such as the Region Connection Calculus (RCC93)
for topology, the Cardinal Direction Calculus (LLR09Y) for
direction, Allen’s Interval Algebra for time, or the Quali-
tative Trajectory Calculus for motion. Extensions to deal
with uncertainty have been introduced too. However, we be-
lieve, they do not quite provide an adequate foundation for
a logic-incorporating AGI system to do spatiotemporal rea-
soning. For instance, according to a fuzzy extension of RCC
as developed in (SDCCKO08), asking how much Z is a part
of X knowing how much Y is a part of X and Z is a part of
Y (see Figure[T)) would result in the answer [0, 1] (a state of
total ignorance), as Z can be either totally part of X or not
at all. For that reason we consider probability distributions
of fuzzy values (Yan(9) rather than fuzzy values or intervals
of fuzzy values.

So we will show how to represent spatiotemporal knowl-
edge via incorporating existing spatiotemporal calculi into
the PLN (GIGHO8) uncertain reasoning framework, and
then show how to carry out spatiotemporal logical inference
using PLN inference rules.

Uncertainty with Distributional Fuzzy Values

The uncertainty extension we use is inspired by P(Z)
(Yan09)), an extension of fuzzy logic that considers distri-
butions of fuzzy values rather than mere fuzzy values. For
instance the connector — (often defined as —-x = 1 — x)
is extended into a connector such that the resulting density
function is pu—(z) = p(1 — x) where y is the probability
density function of the argument.

We define a wider class of connectors that can modulate
the output of the distribution. Let F' : [0,1]™ — ([0,1] —
RT) be a n-ary connector that takes n fuzzy values and re-
turns a probability density function. In that case the proba-
bility density function p : [0,1] — R™ resulting from the
extension of F' over density functions is:



Figure 1: dxz, in dashline, for 3 different angles
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where 1, ..., i, are the n input arguments. Let us give
an example of such a connector with a fuzzy version of the
RCC relationship Part0f (P for short). A typical inference
rule in the crisp case would be:

P(X,Y) P(Y,Z)
P(X, Z)

expressing the transitivity of P. But using a distribution of
fuzzy values we would have the following rule

P(X’ Y) <,u1> P(Yv Z) <U2>
P(X, Z) (ppor)

POT stands for PartOf Transitivity. The definition of ppor
for that particular inference rule may depend on many as-
sumptions like the shapes and sizes of regions X, Y and
Z. We have worked out the exact definition of ypor based
on simplified assumptions (regions are unitary circles) in the
extended version of this paper.

It should not be too hard to derive a more realistic formula
based on other more complex assumptions. Though another
possibility would be to let the system learn POT (as well as
other connectors) based on its experience. Because it is not
obvious what are the right assumptions in the first place. So
the agent would initially perform spatial reasoning not too
accurately, but would improve over time.

Of course the rule could also be extended to involve more
premises containing information about sizes and shapes of
the regions.

@)

3)

Simplifying Numerical Calculation Using probability
density as described above is computationally expensive. To
decrease computational cost, several cruder approaches are
possible, such as discretizing the probability density func-
tions with a coarse resolution, or restricting attention to beta
distributions and treating only their means and variances (as
in (Yan09)).

Example of Spatio-temporal Inference in PLN

We now give an example of spatiotemporal inference rules
coded in PLN. This paper is too short to contain examples
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of real-world commonsense inferences, but we invite the au-
thor to visit the OpenCog project Wiki web page which con-
tains a few examples

Although the current implementation of PLN incorpo-
rates both fuzziness and probability it does not have a
built-in truth value to represent distributional fuzzy values.
However, we intend to add that extension to the PLN imple-
mentation in the near future, and for our present theoretical
purposes we will just assume that such a distributional
fuzzy value exists, let us call it DF Truth Value.

Here is an example of the inference rule expressing the
transitivity for the relationship Part0f

ForAllLink $X $Y $Z
ImplicationLink
ANDLink
Part0f($X, $Y) (tvy) 4
Part0£ ($Y, $2) (tvs) @)
ANDLink
tvs = ppor(tvy, tva)
Part0£($X, $Z) (tvs)

Conclusion

Every AGI system that aspires to humanlike intelligence
must carry out spatiotemporal inference in some way. Logic
is not the only way to carry out spatiotemporal inference
broadly construed. But if one is going to use logic, we
believe the most effective approach is to incorporate spe-
cific spatiotemporal calculi, extended to encompass distri-
butional fuzzy truth values. The next step is to implement
it in the OpenCog implementation of PLN, and carry out a
large number of practical examples. Alongside their direct
practical value, these examples will teach us a great deal
about uncertain spatiotemporal logic, including issues such
as the proper settings of the various parameters and the cus-
tomization of inference control mechanisms.
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Abstract

The measurement of intelligence is usually associated
with the performance over a selection of tasks or en-
vironments. The most general approach in this line is
called Universal Intelligence, which assigns a probabil-
ity to each possible environment according to several
constructs derived from Kolmogorov complexity. In
this context, new testing paradigms are being defined
in order to devise intelligence tests which are anytime
and universal: valid for both artificial intelligent sys-
tems and biological systems, of any intelligence degree
and of any speed. In this paper, we address one of the
pieces in this puzzle: the definition of a general, un-
biased, universal class of environments such that they
are appropriate for intelligence tests. By appropriate
we mean that the environments are discriminative and
that they can be feasibly built, in such a way that the
environments can be automatically generated and their
complexity can be computed.

Introduction

This paper presents a feasible environment class which
can be used to test intelligence of humans, non-human
animals and machines. The environment class is de-
veloped under the theory presented in (HODO09), which
is, in turn, based on (LHO7)(HO00)(DH97). This the-
ory presents the first general and feasible intelligence
test framework, which should be valid for both artifi-
cial intelligent systems and biological systems, of any
intelligence degree and speed. The test is not anthro-
pomorphic, is gradual, is anytime and is exclusively
based on computational notions, such as Kolmogorov
complexity. And it is also meaningful, since it aver-
ages the capability of succeeding in different environ-
ments. The key idea is to order all the possible action-
reward-observation environments by their Kolmogorov
complexity and to use this ordering to make a sample.
In order to make this feasible (in contrast to (LH07)),
in (HODO09) several constraints are imposed on the en-
vironments: (1) time is considered, (2) a time-bounded
and computable version of Kolmogorov complexity is
used, (3) rewards must be balanced, and (4) environ-
ments must be sensitive to the agent actions. The envi-
ronments can then be used to construct adaptive (any-
time) tests to evaluate the intelligence of any kind of
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agent. The test configures a new paradigm for intelli-
gence measurement which dramatically differs from the
current specific-task-oriented and ad-hoc measurement
used both in artificial intelligence and psychometrics.

The previous theory, however, does not make the
choice for an environment class, but just sets some con-
straints on the kind of environments that can be used.
Consequently, one major open problem is to make this
choice, i.e., to find a proper (unbiased and feasibly im-
plementable) environment class which follows the con-
straints. Once this environment class is identified, we
can use it to generate environments to run any of the
tests variants introduced in (HODOQ9).

One recurrent problem is that the reference machine
for environments is necessarily an arbitrary choice even
though Kolmogorov Complexity only differs in a con-
stant when using two different reference machines. But
the constant (especially for short tests) is important,
since using a specific universal machine could, in the
end, constitute a strong bias for some subjects.

Another problem of using an arbitrary universal ma-
chine is that this machine can generate environments
which are not discriminative. By discriminative we
mean that there are different policies which can get very
different rewards and, additionally, these good results
are obtained by competent agents and not randomly.
Note that if we generate environments at random with-
out any constraint, we have that an overwhelming ma-
jority of environments will be completely useless to dis-
criminate between capable and incapable agents, since
the actions can be disconnected with the reward pat-
terns, with reward being good (or bad) independently
of what the agent does.

In (HODO09) a set of properties which are required for
making environments discriminative are formally de-
fined, namely that observations and rewards must be
sensitive to agent’s actions and that environments are
balanced, i.e. that a random agent scores 0 in these en-
vironments (when rewards range from —1 to 1). This is
crucial if we take time into account in the tests because
if we leave a finite time to interact with each environ-
ment and rewards go between 0 and 1, a very proactive
but little intelligent agent could score well (for a thor-
ough discussion on this see (HO09b)). Given these con-



straints, if we decide to generate environments without
any constraint and then try to make a post-processing
sieve to select which of them comply with all the con-
straints, we will have a computationally very expen-
sive (or even incomputable) problem. So, the approach
taken in this paper is to generate an environment class
that ensures that these properties hold. But, we have
to be very careful, because we would not like to restrict
the reference machine to comply with these properties
at the cost of losing their universality (i.e. their ability
to emulate or include any computable function).

And finally, we would like the environment class to
be user-friendly to the kind of systems we want to be
evaluated (humans, non-human animals and machines),
but without any bias in favour or against some of them.

According to all this, in this paper we present an op-
erational way to define a universal environment class
from which we can effectively generate valid environ-
ments, calculate their complexity and consequently de-
rive their probability.

Definition of the Environment Class

The environment class is composed of a cell space and
a set of objects that can move inside the space. In this
short note, we only enumerate the most relevant traits
of the class. For a more formal and complete definition
of the class, we refer to (HO09a).

e Space: The space is defined as a directed labelled
graph of nodes (or vertices), where each node repre-
sents a cell and arcs represent actions. The topology
of the space can be quite varied. It can include a
typical grid, but much more complex topologies too.

e Objects: Cells can contain objects. Objects can
have any behaviour (deterministic or not), always
under the space topology, can be reactive to other
agents and can be defined to act with different actions
according to their observations. Objects perform one
and only one action at each interaction of the envi-
ronment (except from the special objects Good and
Evil, represented by & and © respectively, which can
perform several actions in a row). Good and Evil
must have the same behaviour.

e Observations and Actions: Actions allow the
evaluated agent (denoted by 7) to move in the space.
Observations show the (adjacent) cell contents.

e Rewards: We will work with the notion of trace and
the notion of “cell reward”, that we denote by r(C;).
Initially, r(C;) = 0 for all 4. Cell rewards are updated
by the movements of @ and ©. At each interaction,
we set 0.5 to the cell reward where & is and —0.5
to the cell reward where ©. Each interaction, all
the cell rewards are divided by 2. So, an intuitive
way of seeing this is that & leaves a positive trace
and © leaves a negative trace. The agent 7 eats the
rewards it finds in the cells it occupies, updating the
accumulated reward p = p + r(C;).
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The previous environment class is sensitive to rewards
and observations (the agent can perform actions in such
a way that can affect the rewards and the observations),
and it is also balanced (a random agent would have an
expected accumulated reward equal to 0). For the for-
mal definition of these properties, see (HOD09). For
the proofs of the these properties see (HO09a). These
properties make the environments suitable for an any-
time test (HODO09).

Spaces and objects are coded with Markov algo-
rithms (Turing-complete), their complexity computed
and their probability derived. See (HO09a) for details.

Conclusions

Some choices made in this paper can obviously be im-
proved, and better classes might be more elegantly de-
fined. However, to our knowledge, this is the first at-
tempt in the direction of setting a general environment
class for intelligence measurement which can be effec-
tively generated and coded.

The main idea for the definition of our environment
class has been to separate the space from the objects,
and two special symmetric objects are in charge of the
rewards, in order to define a class which only includes
observation and reward-sensitive environments which
are balanced. The space sets some common rules on
actions and the objects may include any universal be-
haviour. This opens the door to social environments.
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Neuroethological Approach to Understanding Intelligence
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Abstract

The neuroethology is an interdisciplinary study among
artificial intelligence, biology and robotics to under-
stand the animal behavior and its underlying neural
mechanism. We argue that the neuroethological ap-
proach helps understand the general artificial intelli-
gence.

Introduction

Many animal behaviours demonstrate unsolved mys-
teries and some biologists have studied to answer the
question of how their intelligence is connected to the
behaviours. Their intelligence level is not superior to
human intelligence, but the study of animal intelligence
provides a clue to understand what kind of neural mech-
anism supports the intelligence. This study stimulates
relevant studies in the field of robotics and artificial
intelligence. Robotists have worked to find how sen-
sory stimuli are connected to motor actions, what is a
good mapping from sensors to motors, how the learning
mechanism helps to build more complete information
about the environment, and what is the optimal con-
trol based on the acquired environmental information.
All these kinds of problems can also be found in the
analysis of animal behaviours as well as human brain
system. Still unknown are their underlying mechanisms
in details.

Some scientists simulate human brain models to un-
derstand the general intelligence, and analyze a map of
neurons in terms of the function of human brain, and
try to answer how the system of neurons works. Assum-
ing all biological animals have diverged from their an-
cestral animals with respect to the evolutionary track,
we can guess that their brain system and the functions
should have similar neural mechanisms and operations.
The neuroethological approach explains how and why
the animals behave at a specific situation or survive
their environments. It shows how their brain system
organizes the sensory-motor loop and issues appropri-
ate commands of control for desirable behaviours, and
ultimately may explain what is the intelligence. From
invertebrate animals to humans, the intelligence follows
evolutionary steps as the complexity of the brain sys-
tem develops. We believe that this kind of study can
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demonstrate all the levels of intelligence, and further-
more, elements of artificial general intelligence.

Neuroethological Approach

The neuroethology, as a multidisciplinary study be-
tween neurobiology and ethology, focuses on the study
of interaction of neural circuitry to explain the be-
havioural concepts or strategies found in animals. This
field covers the underlying mechanism and analysis to
cover high-level features of animal cognition. There
is an example of neuroethological approach to under-
stand a part of the artificial general intelligence. Pas-
sive sensing and active sensing depending on motor ac-
tions are classified as a different level of intelligence.
Passive sensing implies receiving sensory information
from the environment without any sensor-motor coor-
dination. In contrast, active sensing is involved with
a sequence of motor actions which change the environ-
ment or activate the body movement, and ultimately
produces another view of sensory information.

A collection of sensory information depending on a
sequence of motor actions provides information of the
environment in more details. For example, bats have
an echolocation system to search for food. They use
the ultrasonic system to emit the signal and sense the
reflected sonar signal to measure the location, size and
the moving speed of their prey. Similarly, electric fish
have electrolocation by generating the electric field and
observe the change of the electric field distorted by the
surrounding objects. These animals have a relatively
large size of the brain to process the active sensing re-
sults. It is believed that their brain systems have a
prediction model for their self-generated motor actions
to estimate accurately the location of their target ob-
ject. This system corresponds to a forward model in
the human brain system. The cerebellum includes the
forward model and inverse model for their motor ac-
tions and sensory information (WK98). Also, it is pre-
sumed that crickets show a low-level forward model for
auditory system (Web04). From the neuroethological
analysis, we can infer the fundamental mechanism of
the brain system and thus a predictive system for intel-
ligence can be explained.

Biologists and neuroethologists have studied sensory



systems and their sensorimotor coordination (Car00).
Bats use echolocation for prey capture and navigation
in the cave, and electric fish show underwater naviga-
tion and electric communication. Barn owls have their
specialized auditory system. Aplysia show the fun-
damental mechanism of learning and memory with a
small number of neurons. Rats use spatial cognition
and memory, and navigate in the dark. Crabs show
visual information processing, the eye-leg coordination
and path integration (ZH06). Honeybees have visual
navigation, learning and its flight mechanism depend-
ing on vision (SZ00). Many animals have their own fea-
tures of sensory mechanism, the coordination of motor
actions, or adaptibility and learning mechanism, and
many of them can partly provide a key to understand
the intelligence.

Animals have robust mechanism adapting themselves
to their environment. Their sensory processing and pat-
tern recognition are organized to extract relevant infor-
mation from the environmental system. The system
robustly works even in noisy environments. The motor
actions triggered by sensory information are regulated
efficiently and a sequence of multiple motor actions are
integrated in high skills. This kind of dexterity should
be explained by neural mechanism to understand the
intelligence.

Robotics

There have been many robotic applications that look
intelligent to the public. However, in many cases, the
approach is far from the artificial general intelligence.
Robotic problems consider a specific application and
they are often based on engineering analysis and design.
Intelligence is a side-effect with the approach, but neu-
rorobotics and neuroethological approach to robotics
have demonstrated the neural mechanism and its appli-
cation motivated by biological systems. It is a part of
systematic and integrative approach to the intelligence.
The current state of the work still has a narrow range
of scope for the artificial general intelligence. If more
integrative methods are available to explain high-level
features of intelligence such as planning and inference,
it would help understand the general artificial intelli-
gence.

Intelligent robots handle how a robotic agent behaves
autonomously. The robotic agent behaviours resemble
the animal behaviours with respect to the system model
including sensory system, motor actions, sensory-motor
coordination, and further, a hierarchy of the interaction
levels among the system elements. Thus, understanding
animal behaviours may lead to a possible application of
intelligent robotic system. In addition, understanding
human brain system can produce intelligent machines
with human-level cognition.

Artificial General Intelligence

The general intelligence needs to cover all levels of in-
telligence from low to high level of features. How the
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system is organized into a high level of features is still
an open question. Another program or concept is re-
quired for the artificial general intelligence. How the
agent generalizes the knowledge over various domains
or modalities and how the agent conceptualize the in-
stances are interesting problems in this field. The pro-
cess should be modelled with a neuronal system and
it is believed that it requires a complex type of adap-
tation or networked organization. We expect the fea-
tures could be explained by complex networks over a
collection of neuron units, where each neuron has its
own adaptivity and learning. A simple neuron itself
has adaptation for the synaptic plasticity depending on
their inputs and output. This kind of adaptation may
lead to a complex structure of agents and explain how
agents interact each other. It seems it may be related
to emergent properties of a collection of units.

This neuroethological study may reveal the basic el-
ement of the artificial general intelligence for learning
and adaptation process. Especially it has a potential of
application for robotic agents to behave intelligently as
natural animals do. Yet we still need further work to
relate the neuroethology to the high-level agent archi-
tecture including reasoning, planning and solving prob-
lems.

Conclusion

We suggest a neuroethological approach to robotics can
explain the behaviour-level intelligence and its underly-
ing neural mechanism. It will explain many important
concepts of sensory integration, sensor-motor coordi-
nation and learning mechanism needed for the general
artificial intelligence.
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Abstract

General intelligence requires open-ended exploratory
learning. The principle of compression progress pro-
poses that agents should derive intrinsic reward from
maximizing “interestingness”, the first derivative of
compression progress over the agent’s history. Schmid-
huber posits that such a drive can explain “essential
aspects of ... curiosity, creativity, art, science, mu-
sic, [and] jokes”, implying that such phenomena might
be replicated in an artificial general intelligence pro-
grammed with such a drive. I pose two caveats: 1)
as pointed out by Rayhawk, not everything that can
be considered “interesting” according to this definition
is interesting to humans; 2) because of (irrational) hy-
perbolic discounting of future rewards, humans have an
additional preference for rewards that are structured to
prevent premature satiation, often superseding intrin-
sic preferences for compression progress.

Consider an agent operating autonomously in a large
and complex environment, absent frequent external re-
inforcement. Are there general principles the agent can
use to understand its world and decide what to attend
to? It has been observed going back to Leibniz that un-
derstanding is in many respects equivalent to compres-
sion.! To understand its world, a competent agent will
thus attempt, perhaps implicitly, to compress its his-
tory through the present, consisting of its observations,
actions, and external rewards (if any). Any regularities
that we can find in our history through time ¢, h(< t),
may be encoded in a program p that generates the data
h(< t) as output by exploiting said regularities.

Schmidhuber has proposed the principle of compres-
sion progress (Sch09): long-lived autonomous agents
that are computationally limited should be given intrin-
sic reward for increasing subjective “interestingness”,
defined as the first derivative of compression progress
(compressing h(< t)). Agents that are motivated by
compression progress will seek out and focus on regions
of their environment where such progress is expected.
They will avoid both regions of the world which are en-
tirely predictable (already highly compressed), and en-
tirely unpredictable (incompressible and not expected
to yield to compression progress).

1Cf. (Bau04) for a modern formulation of this argument.
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A startling application of the principle of compres-
sion progress is to explain “essential aspects of subjec-
tive beauty, novelty, surprise, interestingness, attention,
curiosity, creativity, art, science, music, jokes”, as at-
tempted in (Sch09). The unifying theme in all of these
activities, it is argued, is the active process of observ-
ing new data which provide for the discovery of novel
patterns. These patterns explain the data as they un-
fold over time by allowing the observer to compress it
more and more. This progress is explicit and formal in
science and mathematics, while it may be implicit and
even unconscious in art and music. To be clear, engag-
ing in these activities often provides external rewards
(fame and fortune) that are not addressed here; we con-
sider only the intrinsic rewards from such pursuits.

Rayhawk (Ray09) criticizes this attempt with a
gedankenexperiment. First, generate a (long) sequence
of 2™ bits with a psuedorandom number generator
(PRNG) using an unknown but accessible random seed,
n bits long. Assuming that the PRNG is of high qual-
ity and our agent is computationally limited, such a
sequence will require ©(2™) bits to store. Access the
random seed, and use it to recode the original 2™ bits
in ©(n) space by storing just the seed and the constant-
length PRNG code. This will lead to compression
progress, which can be made as large as we would like
by increasing n. Of course, such compression progress
would be very uninteresting to most people!

The applicability of this procedure depends crucially
on two factors: 1) how the complexity of compres-
sion programs is measured by the agent, namely the
tradeoff between explanation size (in bits) and execu-
tion time (in elementary operation on bits); and 2)
which sorts of compression programs may be found by
the agent. Consider an agent that measures compres-
sion progress between times ¢ and ¢ + 1 by C(p(t), h(<
t+1))—C(p(t+1), (< t+1)) (see (Sch09) for details).
Here p(t) is the agent’s compression program at time ¢,
and C(p(t), h(< £+ 1) is the cost to encode the agent’s
history through time t + 1, with p(t). If execution time
is not accounted for in C' (i.e. cost is simply the length
of the compressor program), and p may be any primi-
tive recursive program, the criticism disappears. This is
because even without knowing the random seed, O(n)



bits are sufficient to encode the sequence, since we can
program a brute-force test of all possible seeds with-
out incurring any complexity costs, while storing only
a short prefix of the overall sequence. Thus, the seed
is superfluous and provides no compression gain. If ex-
ecution time has logarithmic cost relative to program
size, as in the speed prior (Sch02), then learning the
seed will provide us with at most a compression gain
logarithmic in n. This is because testing all random
seeds against a prefix of the the sequence takes O(n2™)
time, so C(p(t),h(< t + 1)) will be about n + log(n),
while C(p(t + 1), h(< t + 1)) will be about n.

Thus, such pathological behavior will certainly not
occur with a time-independent prior. Unfortunately,
the compression progress principle is intended for pre-
cisely those computationally limited agents with time-
dependent priors, that are too resource-constrained to
brute-force random seeds. A reasonable alternative is to
posit an a priori weighting over data that would assign
zero utility to compression progress on such a sequence,
and nonzero utility to compression of e.g. knowledge
found in books, images of human faces, etc. This gives
a principle of weighted compression progress that some-
what less elegant, but perhaps more practical.

A very different theory that also addresses the pe-
culiar nature of intrinsic rewards in humans is hyper-
bolic discounting, based on long-standing results in op-
erant conditioning (Her61). In standard utility theory,
agents that discount future rewards against immediate
rewards do so exponentially; an expected reward occur-
ring ¢ units of time in the future is assigned utility rv*
relative to its present utility of r, where « is a constant
between 0 and 1. The reason for the exponential form is
that any other function leads to inconsistency of tempo-
ral preferences; what the agent prefers now will not be
what it prefers in the future. However, considerable em-
pirical evidence (Ain01) shows that humans and many
animals discount future reward not exponentially, but
hyperbolically, approximating r(1 + t)_l. Because of
the hyperbolic curve’s initial relative steepness, agents
discounting according to this formula are in perpetual
conflict with their future selves. Immediately available
rewards can dominate decision-making to the detriment
of cumulative reward, and agents are vulnerable to self-
induced “premature satiation”, a phenomenon that is
nonexistent in exponential discounters (Ain01). While
an exponential discounter may prefer a smaller sooner
reward (when v < 1), this preference will be entirely
consistent over time; there will be no preference rever-
sal as rewards become more imminent.

Hyperbolic discounting and the compression progress
principle intersect when we consider activities that pro-
vide time-varying intrinsic rewards. They conflict when
rewards may be consumed at varying rates for varying
amounts of total reward. Consider an agent examin-
ing a complex painting or sculpture that is not instan-
taneously comprehensible, but must be understood se-
quentially through a series of attention-shifts to various
parts. Schmidhuber (Sch09) asks: “Which sequences
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of actions and resulting shifts of attention should he
execute to maximize his pleasure?” and answers “Ac-
cording to our principle he should select one that maxi-
mizes the quickly learnable compressibility that is new,
relative to his current knowledge and his (usually lim-
ited) way of incorporating / learning / compressing new
data.” But a hyperbolically discounting agent is inca-
pable of selecting such a sequence voluntarily! Due to
temporal skewing of action selection, a suboptimal se-
quence that provides more immediate rewards will be
chosen instead. I posit that the experiences humans find
most aesthetically rewarding are those with intrinsic re-
ward, generated by weighted compression progress, that
are structured to naturally prevent premature satiation.
In conclusion, I posit two major qualifications of the
applicability of the principle of compression progress to
humans. First, that the value of compression progress
is weighted by the a priori importance of the data that
are being compressed. This is most obvious in our in-
terest in faces, interpersonal relations, etc. Even more
abstract endeavors such as music (Mit06) and mathe-
matics (LNO1) are grounded in embodied experience,
and only thus are such data worth compressing to be-
gin with. Second, that experiences that intrinsically
limit the “rate of consumption” of compression progress
will be preferred to those requiring self-regulated con-
sumption, even when less total reward is achievable by
a rational agent in the former case than in the latter.
AGI designers should bear these caveats in mind when
constructing intrinsic motivations for their agents.
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Compression in the program space is of high impor-
tance in Artificial General Intelligence [Sol64, Hut07].
Since maximal data compression in the general sense
is not possible to achieve [Sol64], it is necessary to use
approximate algorithms, like AIXT, ; [Hut07].

This paper introduces a system that is able to com-
press data locally and iteratively, in a relational descrip-
tion language. The system thus belongs to the any-
time algorithm family: the more time spent, the better
it performs. The locality property is also well-suited
for AGI agents to allow them to focus on ”interesting”
parts of the data.

The system presented here is to be opposed to blind
generate and test approaches (e.g., [Sch04, Lev73]). On
the contrary to the latter, it uses information gathered
about the input data to guide compression. It can be
described as a forward chaining! expert system on rela-
tional descriptions of input data, while looking for the
most compressed representation of the data.

It is composed of a description/programming lan-
guage, to describe facts (and a set of weights associated
with each primitive of the language), local search oper-
ators, to infer new facts, and an algorithm to search for
compressed global description.

The relation operators and the search operators are
domain-specific. Examples in the letter-string domain
are given in the Ezperiments section. Due to lack of
space, only a overview of the whole system can be given.

Description Language

The main point of this paper is to deal with local com-
pression. This means that the system should be able to
focus on any part of the input data, without affecting
the rest of the data.

A relational language for data representa-
tion/programming is well suited for this purpose,
exactly because everything (including spatial and
dynamical dependencies) can be described in terms of
local relations between data parts.

The language has values (numbers, characters, opera-
tors names, ...) and relations between objects (instan-

!There can be no backward chaining, because no goal
description is given.
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tiations of operators on objects). What kinds of objects
and operators are used depends on the domain. For an
AGI, it depends on the sensors it uses, but the set of
operators should form a Turing-complete language.

The initial description of the world (the input data)
is the initial facts of the expert system.

Search Operators

The inference rules of the expert systems are called
the search operators. A search operator takes inputs,
tests them against a precondition, and when the test
is passed produces outputs that are added to the fact
database. The set of search operators is domain-
dependent.

The exact inputs/outputs mapping is also memorized
to construct a graph for the compression part of the
algorithm.

The constraint imposed on search operators is that
they must not lose information, i.e. that knowledge of
the outputs is sufficient to reconstruct the inputs.

Algorithm
The algorithm runs like this:

1. The input data is given to the system in a simple
uncompressed relational representation.

2. Each local search operator is tested in turn to create
new local descriptions when possible.

3. Local descriptions are composed to create global de-
scriptions.

4. The description (space) costs of the global descrip-
tions are computed.

5. The less costly global description is retained.

6. Stop when a given criterion (on time, space, error,
..) is satisfied, or go back to step 2.

Finding the best current description is based on
the Minimum Description Length principle [GMPO05],
where the cost of a description is simply the sum of the
costs of each relation used. The cost of a relation is
domain specific, and defined by the user.



Lossless Compression Sketch Proof

Search operators consume inputs and provide outputs
(new local descriptions). If each such operator has the
property that it does not lose information, i.e. that
its inputs can be rebuilt from the outputs, then the
global algorithm ensures that no information is lost for
global descriptions. The only difficulty resides in cyclic
dependencies between local descriptions, e.g. when a
local description A depends on the local description B
and vice-versa. To avoid such cycles, a dependency di-
rected graph of input-output mappings created by the
search operators is constructed, and any cycle is bro-
ken. The final description is composed of the relations
that are on the terminal nodes of the graph. So some
inputs that should have been consumed can appear in
the final description because they are needed to avoid
a cycle.

Experiments

The system has been tested in the letter-string domain
on a set of small strings that show that compression is
indeed iterative.

In the letter-string domain, the world is initially de-
scribed using the following relations:
obj: binds values that describe one same ”object”,
character, of the world (the string),
val: character value a, b, ¢ ...
pos: position of the object in the string,

Once compression has begun, some of the following re-
lations may be used:

neighbor: two objects are neighbors,

succ, pred: two values follow one another in lexico-
graphical order

eq: two values are identical,

plus relations to describe sequences (with a initial value,
a length and a succession relation) and sequences of se-
quences.

The letter-string domain search operators have sim-
ilar names to the description relations. For example,
the eq search operator searches the fact database for
identical values. When it finds one, it creates a new
fact using the eq relation binding the two values and
adds it to the database. The seqV search operator
searches for two objects that are neighbors and have
a relation on their values and creates a new sequence
of two objects, whereas seqG tries to merge two exist-
ing neighbor sequences that have identical succession
operators.

For example, the initial string abcxxxxdefyyyy has
a cost of 28 (given a fixed set of costs for the letter-
string domain). After one pass on the loop of the al-
gorithm, the system compresses it to a cost of 24.9,
finding local relations like neighbor and eq. On the
next loop step, it finds other relations like small se-
quences but they do not build a less costly descrip-
tion. On the next steps, the sequences grow, lower-
ing the best description cost to 18.8, then 17.6 and
finally 14.3, where the string has been ”understood”
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as (abc) (xxxx) (def) (yyyy) with succ relations between
interleaving sequences and neighbor relations between
adjacent sequences.

The system also compresses non-obvious strings like
abccdedefg, on which it lowers the initial cost of 20
to 8.3 with 7 intermediate values, finally finding the
compressed representation of the sequence of sequences
((a) (be) (cde) (defg)).

Limitations, Perspectives and
Conclusion

For the experiments in the letter-string domain, a few
seconds are sufficient to find a much compressed de-
scription, but lengthening the initial strings leads to
a huge combinatorial explosion. To limit the impact
of such explosion, the first solution is to add ad-hoc
domain-specific search operators that focus on specific
”interesting” patterns in the database and are given
high priority. It is also possible to add a learning strat-
egy, for example inspired by Explanation Based Learn-
ing [DM86], since compressing is equivalent to proving.
Learning would lead, with an AGI approach, to Incre-
mental Learning (e.g. [Sch04]), using acquired knowl-
edge to solve related problems faster. Learning could
then also be used to incrementally tune the initial costs
of the relation operators like eq.

The language used for the experiments can represent
complex non-linear worlds, but the language should be
augmented to Turing-completeness since for an AGI
this seems to be unavoidable.

Relational local iterative compression is a novel ap-
proach to compression in the program space and could
be used for many different tasks, e.g. visual scene (2D,
3D) compression/comprehension, amongst others. It
may be mostly beneficial when prior domain knowledge
can be used or acquired.
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Introduction

Gigamachine is our initial implementation of an Artificial
General Intelligence (AGI system) in the O’Caml language
with the goal of building Solomonoff’s “Phase 1 machine”
that he proposed as the basis of a quite powerful incremental
machine learning system (Sol02). While a lot of work re-
mains to implement the full system, the present algorithms
and implementation demonstrate the issues in building a re-
alistic system. Thus, we report on our ongoing research to
share our experience in designing such a system. In this
extended abstract, we give an overview of our present im-
plementation, summarize our contributions, discuss the re-
sults obtained, the limitations of our system, our plans to
overcome those limitations, potential applications, and fu-
ture work.

The reader is referred to (Sch04;|S0102;/Sol09) for a back-
ground on general-purpose incremental machine learning.
The precise technical details of our ongoing work may be
found in (Ozk09), which focuses on our algorithmic contri-
butions. The discussion here is not as technical but assumes
basic knowledge of universal problem solvers.

An overview of Gigamachine

Gigamachine is an incremental machine learning system that
works on current gigaflop/sec scale serial computers. It
is the testbed for our experiments with advanced general
purpose incremental machine learning. Here, we describe
version 1 of Gigamachine. Incremental machine learning
can act as the kernel of complete AGI systems such as
Solomonoff’s Q/A machine or the Godel Machine. The
present implementation solves operator induction over ex-
ample input/output pairs (any Scheme expression is an ex-
ample). Our work may be viewed as an alternative to OOPS
in that regard.

Design and implementation choices

Reference machine In Algorithmic Probability Theory,
we need to fix a universal computer as the reference ma-
chine. (Sol09)) argues that the choice of a reference machine
introduces a necessary bias to the learning system and look-
ing for the “ultimate machine” may be a red herring. In pre-
vious work, low-level universal computers such as FORTH
and Solomonoff’s AZ have been proposed. Solomonoff sug-
gests APL, LISP, FORTH, or assembly. We have chosen the
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LISP-like language Scheme R5RS, because it is a high level
functional language that is quite expressive and flexible, di-
rectly applicable to real-world problems. We have taken all
of R5RS and its standard library with minor omissions.

Probability model of programs We use a stochastic
Context-Free Grammar (CFG) as the “guiding pdf” for our
system as suggested by Solomonoff (Sol09). Although
Solomonoff proposes some methods to make use of the solu-
tion corpus using stochastic CFG’s, we introduce complete
algorithms for both search and update.

Implementation language We have chosen O’Caml as
our implementation platform, as this modern programming
language makes it easier to write sophisticated programs yet
works efficiently. The present implementation was com-
pleted in about a month.

Implementation platform We have used an ordinary
desktop computer and serial processing to test our ideas,
we will use more advanced architectures as we increase the
complexity of our system.

Contributions

We have made several contributions to incremental machine
learning regarding both search and update algorithms. A
good part of our contributions stem from our choice of
Scheme as a reference computer. It would seem that choos-
ing Scheme also solves some problems with low-level lan-
guages. A drawback in systems like OOPS is that they do
not make good use of memory, better update algorithms may
eventually alleviate that drawback.

Search algorithms

For the search algorithm, we use Depth-First Search in the
space of derivations of the stochastic CFG. Thus, only syn-
tactically correct candidates are generated. We use left-
most derivation to derive programs from the start symbol.
We keep track of defined variables and definitions to avoid
generating unbound references and definitions by extending
CFG with procedural rules. We generate variable declara-
tions and integers according to the Zeta distribution which
has empirical support. We use a probability horizon to limit
the search depth. We also propose using best-first search and
a new memory-aware hybrid search method.



Update algorithms

We have designed four update algorithms that we will sum-
marize. The former two have been implemented and they
contain significant innovations on top of existing algorithms.
The latter two are completely novel algorithms. All of them
are well adapted to stochastic CFG’s and Scheme.

Modifying production probabilities We use derivations
of the programs in the solution corpus to update production
probabilities. Since each derivation consists of a sequence
of productions applied to nonterminals in sentential forms,
we can easily compute probabilities of productions in the
solution corpus. This is easy to do since the search already
yields the derivations. However, this would cause zero prob-
abilities for many productions if we used those probabilities
directly, thus we use exponential smoothing to avoid zero
probabilities.

Re-using previous solutions Modifying probabilities is
not enough as there is only so much information that it can
add to the stochastic CFG. We extend the stochastic CFG
with previously discovered solutions (Scheme definitions)
and generate candidates that use them. This is very natu-
ral in Scheme as the syntactic extension of a function is not
a function. In principle, this is synergistic with modifying
production probabilities as the probabilities of new produc-
tions can be updated, although in practice this depends on
implementation details.

Learning programming idioms We can learn more than
the solution itself by remembering syntactic abstractions that
lead to the solution. Syntactic abstraction removes some
levels of derivation to obtain abstract programs and then re-
members them using the algorithm of re-using previous so-
lutions.

Frequent sub-program mining Similar to code re-use,
we can find frequently occurring sub-programs in the so-
lution corpus as Scheme expressions and add them to the
grammar.

Training Sequence and Experiments

We have tested a simple training sequence that consists of
the identity, square, addition, test if zero, fourth power,
NAND, NOR, XOR, and factorial functions. Details can
be found in (Ozk09). Our experiments show beyond
doubt the validity of our update algorithms. The search
times decrease dramatically for similar subsequent problems
showing the effectiveness of modifying probabilities. The
fourth power function demonstrates code re-use in its solu-
tion of (define (pow4 x ) (define (sqr x ) (* x
x)) (sgr (sgr x ) )) which takes shorter than solving
the square problem itself. The factorial function took more
than a day, so we interrupted it. It would be eventually found
like other simple problems in the literature, however, we
think that it showed us that we should improve the efficiency
of our algorithms.

Discussion, Applications and Future Work

The slowness of searching the factorial function made us re-
alize that we need improvements in both the search and the
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update algorithms. Some doubts have been raised whether
our system can scale up to AGI since the search space is
vast. In AGI, the search space is always vast, whether is
the solution space, program space, proof space, or another
space. Since no system has been shown to be able to write
any substantially long program, we think that these doubts
are premature. The path to bootstrapping most likely lies in
more sophisticated search and update/memory mechanisms
for a general purpose induction machine. Therefore, we
think that we should proceed by improving upon the existing
system. Regarding search, we can try to avoid semantically
incorrect programs and try to consider time and space com-
plexity of candidate solutions. The approach of HSEARCH
may be applied. The probability model can be further ad-
vanced. For update, ever more sophisticated algorithms are
possible. Another major direction that Solomonoff has sug-
gested is context-aware updates, which may require signifi-
cant changes.

The most important promise of initial AGI implementa-
tions will be to decrease the human contribution in current
Al systems. The heuristic programmers of old school Al re-
search can be replaced by programs like the Gigamachine.
General induction might act as the “glue code” that will
make common sense knowledge bases and natural language
processing truly work. Many problems in Al are solvable
only because the researchers were clever enough to find a
good representation. AGI programs may automate this task.
The current programs in machine learning and data mining
may be supplemented by AGI methods to yield much more
powerful systems. In particular, hybrid systems may lead to
more intelligent ensemble learners and general data mining.

We will develop a more realistic training sequence featur-
ing recursive problems, optimizing search and implement-
ing the remaining two update algorithms. After that, we
will extend our implementation to work on parallel multi-
core and/or GPU hardware. Those new architectures are ex-
tremely suitable for our system which will not require much
synchronization between cores and requires little memory
per core. We will then complete the implementation of
Phase 1, implement the Phase 2 of Solomonoff’s system,
and attempt implementing other AGI proposals such as the
Godel Machine on top of our AGI kernel.
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Abstract

The construction of an artificial scientist, a machine
that discovers and describes the general rules govern-
ing a variety of complex environments, can be consid-
ered an important challenge for artificial general in-
telligence. Recently, a computational framework for
scientific investigation has been postulated in the the-
ory of compression-driven progress. Here, I propose
an implementation of an artificial scientist based on
the compression principle, and explore the possibilities
and challenges for its application in scientific research.

Introduction

Human beings reckon scientific understanding of the
world among the most powerful of their abilities (e.g.
Rorty, 1991), and it is therefore not surprising that re-
searchers try to simulate this capability with computer
programs and robots (e.g. King et al., 2009; Schmidt
and Lipson, 2009). Such machines, called artificial sci-
entists, not only enhance our ability to carry out sci-
entific research, but building them also guides our un-
derstanding how human scientists come to comprehend
the world. Creating an artificial scientist that is not
restricted to a specific domain, but performs scientific
research in general can be considered a great challenge
for artificial general intelligence.

To construct an artificial scientist, we need to have
some idea of what it is that human scientists do and
how they do this. Since the societal, fundamental or
personal goals of science are not contained in its do-
main, I here rather define the activity of scientists as
the development of theories that explain the past and
predict the future, and are consistent with other the-
ories. These theories result from systematic reasoning
about observations, whether obtained accidentally or
intentionally, for example in a controlled experiment.

A theory that not only explains how scientific
progress is achieved by human beings, but also specifies
how scientific investigation can be carried out with com-
puter algorithms, is the theory of compression-driven
progress (Schmidhuber, 2009). This theory considers
both human and artificial scientists as computationally
limited observers that try to represent observations in
an efficient manner. Finding efficient representations
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entails identifying regularities that allow the observer
to compress the original observations and predict future
observations. Discovered regularities then serve as an
explanation for the observed phenomena. Compression
progress is achieved when an observer discovers previ-
ously unknown regularities that provide increased com-
pression of observations. The theory of compression-
driven progress further postulates that scientists direct
their attention to interesting data, that is, data that
is neither impossible to compress (i.e. truly random)
nor easily compressible with existing methods, but is
expected to hold previously unknown regularities that
allow for further compression.

Based on this theory, it is possible to implement an
artificial scientist that can operate in a variety of scien-
tific disciplines. In this paper I explore the possibilities
and challenges for the construction of a compression-
driven artificial scientist.

Compression-Driven Artificial Scientists

A compression-driven artificial scientist is a machine
that aims to predict future and unobserved observations
by identifying the regularities underlying its sensory in-
put. It consists of the following components: (1) A
sensory input module that collects observations, such
as a camera, microphone or software interface. (2) An
adaptive compressor that discovers regularities in the
observational data. A compressor that is particularly
suitable for this task is the deep autoencoder of Hin-
ton and Salakhutdinov (2006), which learns to convert
high-dimensional input data to short codes. Of course
it is possible to use another, possibly even more general
algorithm, but the Hinton and Salakhutdinov autoen-
coder has the advantage that it can reconstruct and thus
predict data from its coded representations. (3) A re-
inforcement learning algorithm that learns to select ac-
tions (e.g. manipulate the world, perform experiments,
direct attention, move) that take the artificial scientist
to interesting data. Interestingness is defined as the im-
provement of the adaptive compressor on parts of the
input data, and is determined from the number of bits
needed to reconstruct the original input from its coded
representation. (4) Optionally, a physical implemen-
tation, such as a robot. The use of existing datasets,



however, allows for the implementation of the artificial
scientist as a software program, which can significantly
reduce the costs and complexity of its construction.

Representation

The compression-driven artificial scientist is not imme-
diately useful to its human colleagues, because the reg-
ularities it discovers are not represented in understand-
able form (i.e. in a connectionist architecture). A re-
lated problem is that the artificial scientist has no a-
priori notion of objects® in its raw sensory inputs (e.g.
a stream of bits or numbers), while its theories should
preferably be about such objects, not about bits or
numbers. These two problems reflect the more general
challenge of constructing symbolic representations from
subsymbolic data (see e.g. Smolensky, 1988). Here I ex-
plain how both artificial and human scientists construct
mental objects from sensory inputs using the compres-
sion principle, and how this process is the basis for com-
municating discovered regularities in symbolic form.

Using the basic operations of its reasoning appara-
tus, the artificial scientist builds methods that compress
those parts of its sensory input signal that have certain
structure. Note that compression does not merely apply
to static objects in space, but also extends to structural
relations in time. Different types of structure require
different compression methods, allowing the artificial
scientist to distinguish individual entities or phenom-
ena by their method of compression. When compression
methods are organized in a hierarchical fashion, the ar-
tificial scientist can construct more abstract concepts
and find increasingly general relations between objects
on different abstraction levels.

Human scientists discovered many parts of the world
that are compressible and predictable to some extent,
while other parts seem to resist compression and predic-
tion. Interestingly, the inability to describe and predict
certain parts of the world is mostly not because the
fundamental forces of nature are unknown to science,
but because the deterministic laws of nature produce
chaos in some parts and order in other parts of the
world (where chaos and order are equivalent to incom-
pressible and compressible observations, respectively).
That is, the most fundamental relations express only
the most general aspects of the world, not all specific
details relevant to our lives. Human scientists there-
fore try to find intermediate levels on which the world
exhibits regularity, give those parts names and relate
them in a systematic way to already identified entities.
As a result, different levels of organization materialize
into individual objects! of scientific thought.

Discovered structure in parts of the world can only be
communicated in a meaningful sense through a shared
language. While mathematics and logic are rather pop-

lobjects in the most general sense, such as material ob-
jects like molecules and robots, but also more abstract ob-
jects like a rainbow, a supercluster (of galaxies) or musical
notes
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ular languages in science, the relations they express
have no intrinsic meaning, but need to be related to
concepts that are recognized by all communicating par-
ties (e.g. Schmidt and Lipson (2009) used symbolic re-
gression on variables whose human interpretation was
established beforehand, not discovered independently
by their algorithms). Artificial scientists therefore need
to learn how to map their internal representations of
discovered objects and structure onto the entities (e.g.
symbols) of a shared language. Such a shared language
can, in principle, be learned among different instances
of artificial scientists in an unsupervised fashion. How-
ever, this artificial language is probably not easily acces-
sible to human scientists. Instead, an artificial scientist
should learn a language that is easily understandable
for human scientists. For this, the artificial scientist
needs to learn from labeled data, either by augmenting
the reinforcement learning algorithm with an external
reward based on label prediction, or by a function (e.g.
an additional neural network) that learns to map inter-
nal representations onto labels in a supervised fashion.

Conclusion

In this paper I explored the possibilities and chal-
lenges for the construction of a compression-driven arti-
ficial scientist. While the theory of compression-driven
progress provides the basic mechanism for scientific in-
vestigation, an ongoing challenge is the human inter-
pretation of theories constructed by artificial scientists.
In the future I aim to implement the proposed architec-
ture and demonstrate its capability to discover known
and novel forms of structure in scientific data.
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Abstract

According to the Ouroboros Model several occasions can be
distinguished over the course of the general autonomous
cyclic activity in which new concepts are established and
associated memories are preferentially laid down. Whereas
a rather standard habituation process can lead to the
extraction of statistical regularities from repeated common
(consecutive) excitation, two specific instances are peculiar
to the Ouroboros Model; the consumption analysis process
marks events when especially successful or the contrary. In
addition, new concepts can be assembled very quickly by
combining previously existing building blocks.

Relations of these theoretical considerations to supporting
recent experimental findings are briefly outlined.

The Ouroboros Model in a Nutshell

The Ouroboros Model proposes a novel algorithmic
architecture for efficient data processing in living brains
and for artificial agents [1]. At its core lies a general
repetitive loop where one iteration cycle sets the stage for
the next. All concepts of an agent are claimed to be
organized into hierarchical data structures called schemata,
also known as frames, scripts or the like.
During perception, any sensory input activates schemata
with equal or similar constituents encountered before, thus
expectations for the whole unit and especially for its parts
are kindled. This corresponds to the highlighting of empty
slots in the selected schema as biasing anticipated features
facilitates their actual excitation. These predictions are
subsequently compared to the factually encountered input.
Depending on the outcome of this "consumption analysis"
different next steps are taken. In case of partial fit search
for further data continues; a reset, i.e. a new attempt
employing another schema, is triggered if the occurring
discrepancies are too big. Basically the same process
applies for all other actions like memory search, active
movements of the agent or language production.
Self-referential monitoring of the whole process, and in
particular of the flow of activation directed by the
consumption analysis, yields valuable feedback for the
optimum allocation of attention and resources including
the selective establishment of useful new concepts.
According to the Ouroboros Model basically four
different situations in which novel concepts are formed and
corresponding fresh memory entries are first created and
shaped can be distinguished.
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Ways to Concept Formation

Two types of occasions are directly marked in the
Ouroboros Model as interesting by the outcome of the
consumption analysis, and preferentially for them new
records are laid down:

e Events, when everything fits perfectly; i.e.
associated neural representations are stored as
kind of snapshots of all concurrent activity,
making them available for guidance in the future
as they have proved useful once.

e Constellations, which led to an impasse, are
worthwhile remembering, too; in this case for
future avoidance.

These new memories stand for junks, i.e. concepts, again
as schemata, frames or scripts. Their building blocks
include whatever representations are active at the time
when the “snapshot” is taken, including sensory signals,
abstractions, previously laid down concepts, and emotions.
They might but need not include / correspond to a direct
representation unit like a word. At later occasions they will
serve for controlling behavior, by guiding action to or
away from the marked tracks.

Knowledge thus forms the very basis for the data
processing steps, and its meaningful expansion is a prime
outcome of its use as well; the available data base of
concepts / schemata is steadily enlarged and completed,
especially in areas where the need for this surfaced and is
felt most strongly.

Even without the strong motivation by an acute alert signal
from consumption analysis novel categories and concepts
are assembled on the spot:

e New concepts are built from existing structures

We can quickly establish new compound concepts, whole
scenes, from previously existing building blocks, i.e. by
combining (parts of) other concepts; here is an example:

Let us assume that we hear about “the lady in the fur coat”.
Even without any further specification a figure is defined
to a certain extent including many implicit details. Also in
case we heard this expression for the first time the concept



is established well enough for immediate use in a
subsequent cycle of consumption analysis, expectations are
effectively triggered. When we now see a woman in this
context, we are surprised if she is naked on her feet
(...unless she is walking on a beach). Fur coats imply
warm shoes or boots, unless the wider frame already
deviates from defaults.

In parallel to the above described instant establishing of
concepts and the recording of at least short time episodic
memory entries there exists a slower and rather
independent process:

e Associations and categorizations are gradually
distilled from the statistics of co-occurrences.

In the sense, that completely disadvantageous or fatal
activity would not be repeated many times, also this
grinding-in of associations can be understood as a result of
successful or even rewarded activations.

Activity, which forms the basis of this comparatively slow
process can pertain to many different representations
starting from low level sensory signals to the most
abstracts data structures already available, and of course,
their combination.

Relation to Recent Experimental Findings

The most important ingredient in the Ouroboros Model is
the repetitive and self-reflective consumption analysis
process. A key conjecture derived from this algorithmic
structure is the highlighting of interesting occasions and
the quick recording of corresponding memories for
advantageous future use. The Ouroboros Model proposes
to distinguish “index-entries” as pointers to the “main text”
containing more details. On the basis of a wealth of
experimental data, a similar general division of work in the
mammalian brain has been proposed some time ago [2].
Hippocampal structures are well suited for fast recording
of distinct entries, they are thought to link memories spread
widely over the cortex, where minute details are
memorized on longer time scales.

Dopamine signals are widely considered to act as
highlighting behaviorally important events, midbrain
dopamine neurons code discrepancies between expected
and actual rewards [3].

If dopamine now is the best established marker for
discrepancies and if associated constellations should lead
to the immediate recording of new concepts, at least of
their specific index entry, one would expect that dopamine
release has a profound impact on hippocampal long term
potentiation, generally accepted as a decisive substrate for
memories. This now is exactly what has been found just
recently: dopaminergic modulation significantly increases
sensitivity at hippocampal synapses [4]. In addition,
temporal contrast is lost, i.e. not only consecutive
activations lead to enhancement, but also activations in
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reverse order, which normally result in an attenuation of a
connection. Thus, a memory entry is established, which
connects in an encompassing snapshot all activity
associated with the occurrence of a dopamine burst.

Along with the enhanced storage of “index entries”, the
preferential establishment of traces in the “text” occurs. In
the cortex, several neuromodulator systems, in particular
widespread cholinergic innervation, have been conjectured
to control attention and associative learning under the
control of error driven learning mechanisms [5].

The Ouroboros Model holds that in the brain often several
mechanisms working to the same end are implemented in
parallel.

Given the demanding boundary conditions, in particular,

the stringent time constraints, for any actor in the real
world, not all memories are of equal value or even sorted
out to the same degree. Incompletely processed
information has been claimed to be discarded off-line in
living brains while sleeping and dreaming [6].
During the process of clearing the brain of not (yet) useful
remainders, sleeping and dreaming might still serve to
prime associative networks [7]. Unassociated but otherwise
well-established information has been found to be
integrated into associative networks, i.e. schema structures,
after REM (rapid eye movement) sleep.

Obviously, much work is still required to establish detailed
relations as suggested by the Ouroboros Model.
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Abstract

Using the contemporary view of computing exemplified by
recent models and results from non-uniform complexity the-
ory we investigate the computational power of artificial gen-
eral intelligence systems (AGISs). We show that in accor-
dance with the so-called Extended Turing Machine Paradigm
such systems can be seen as non-uniform evolving interactive
systems whose computational power surpasses that of classi-
cal Turing machines. Our results shed light to the question
asked by R. Penrose concerning the mathematical capabilities
of human mathematicians which seem to go beyond classical
computability. We also show that there is an infinite hierar-
chy of AGISs each of which is capable to solve strictly more
problems than its predecessors in the hierarchy.

Characterizing the Computational Properties
of AGISs

According to its definition artificial general intelligence is
a form of intelligence at the human level and definitely be-
yond. Implicitly, this statement alone evokes an idea of (par-
tially?) ordered “intelligence levels”, one of which should
correspond to human intelligence, with still some levels of
“superhuman” intelligence above it. The point in time when
the “power” of AGISs will reach and trespass the level of
human intelligence has obtained a popular label: the Singu-
larity (cf. Kurzweil, 2005). Nevertheless, it seems that in the
Al literature there has not been much explicit attention paid
to the formal investigation of the “power” and the “levels of
intelligence” (in the sense mentioned above) of AGISs. It
is the goal of this short notice to present an approach based
on the recent developments in the computational complexity
theory answering certain questions related to the computa-
tional power of AGISs.

Artificial general intelligence systems must clearly be (i)
interactive — in order to be able to communicate with their
environment, to reflect its changes, to get the feedback, etc.;
(ii) evolutionary — in order to develop over generations, and
(iii) potentially time-unbounded — in order to allow for their
open-ended development.

Therefore AGISs cannot be modelled by classical Turing
machines — simply because such machines do not possess
the above mentioned properties. The AGISs must be mod-
elled by theoretical computational models capturing interac-
tivness, evolvability, and time-unbounded operation of the
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underlying systems. Such models have recently been intro-
duced by van Leeuwen & Wiedermann, (2001) or (2008).

Definition 1 An interactive Turing machine with advice is a
Turing machine whose architecture is changed in two ways:

e instead of an input and output tape it has an input port
and an output port allowing reading or writing potentially
infinite streams of symbols;

e the machine is enhanced by a special, so-called advice
tape that, upon a request, allows insertion of a possibly
non-computable external information that takes a form of
a finite string of symbols. This string must not depend
on the concrete stream of symbols read by the machine
until that time; it can only depend on the number of those
symbols.

An advice is different from an oracle also considered in
the computability theory: an oracle value can depend on
the current input (cf. Turing, 1939). The interactive Turing
machines with advice represent a non-uniform model of in-
teractive, evolving, and time-unbounded computation. Such
machines capture well an interactive and time-unbounded
software evolution of AGISs.

Interactive Turing machines with advice are equivalent
to so-called evolving automata that capture well hardware
evolution of interactive and time-unbounded computations
(Wiedermann & van Leeuwen, 2008).

Definition 2 The evolving automaton with a schedule is an
infinite sequence of finite automata sharing the following
property: each automaton in the sequence contains some
subset of states of the previous automaton in that sequence.
The schedule determines when an automaton has to stop
processing of its inputs and thus, when is the turn of the next
automaton.

The condition that a given automaton has among its states
a subset of states of a previous automaton captures one im-
portant aspect: it is the persistence of data in the evolving
automaton over time. In the language of finite automata this
condition ensures that some information available to the cur-
rent automaton is also available to its successor. This models
passing of information over generations.

On an on-line delivered potentially infinite sequence of
the inputs symbols the schedule of an evolving automaton



determines the switching times when the inputs to an au-
tomaton must be redirected to the next automaton. This fea-
ture models the (hardware) evolution.

An evolving automaton is an infinite object given by an
explicit enumeration of all its elements. There may not exist
an algorithm enumerating the individual automata. Simi-
larly, the schedule may also be non-computable. Therefore,
also evolving automata represent a non-uniform, interactive
evolutionary computational model.

Note that at each time a computation of an evolving au-
tomaton is performed by exactly one of its elements (one
automaton) which is a finite object.

Based on the previous two models van Leeuwen & Wie-
dermann (2001) have formulated the following thesis:

Extended Turing Machine Paradigm A computational
process is any process whose evolution over time can be cap-
tured by evolving automata or, equivalently, by interactive
Turing machines with advice.

Interestingly, the paradigm also expresses the equivalence
of software and hardware evolution.

In Wiedermann & van Leeuwen (2008) the authors have
shown that the paradigm captures well the contemporary
ideas on computing. The fact that it also covers AGISs adds
a further support to this paradigm.

Thesis 3 From a computational point of view AGISs are
equivalent to either evolving automata or interactive Turing
machines with advice.

The Super-Turing Computing Power of AGISs

The power of artificial general intelligent systems is mea-
sured in terms of sizes of sets of different reactions (or be-
haviors) that those systems can produce in potentially infi-
nite interactions with their environment.

The super-Turing power of AGISs is shown by referring
to super-Turing computing power of interactive Turing ma-
chines with advice.

Namely, in van Leeuwen & Wiedermann (2001) it was
shown that such machines can solve the halting problem. In
order to do so they need an advice that for each input of
size n allows to stop their computation once it runs beyond
a certain maximum time. This time is defined as the maxi-
mum, over computations over all inputs of size n and over
all machines of size n that halt on such inputs.

Proposition 4 The artificial general intelligence systems
have super-Turing computational power.

Roger Penrose (1994) asked about the power of human
thoughts: how to explain the fact that mathematicians are
able to find proofs of some theorems in spite of the fact that
in general (by virtue of Godel’s or Turing’s results) there is
no algorithm that would always lead to a proof or refutation
of any theorem. In our setting the explanation could be that
the mathematicians discover a “non-uniform proof™, i.e., a
way of proving a particular theorem at hand and probably
nothing else. This proof is found in a non-predictable po-
tentially unbounded interaction of mathematicians (among
themselves and also in the interaction with others and with
their environment) pondering over the respective problems.
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Hierarchies of AGISs

For interactive Turing machines with advice or for evolv-
ing automata one can prove that there exist infinite proper
hierarchies of computational problems that can be solved on
some level of the hierarchy but not on any of the lower levels.
Roughly speaking, the bigger the advice, the more problems
can be solved by the underlying machine.

Proposition 5 There is infinity of infinite proper hierarchies
of artificial general intelligence systems of increasing com-
putational power.

Among the levels of the respective hierarchies there are
many levels corresponding formally (and approximately) to
the level of human intelligence (the Singularity level) and
also infinitely many levels surpassing it in various ways.

Common Pitfalls in Interpretations of the
Previous Results

Our results are non-constructive — they merely show the
existence of AGISs with super-Turing properties, but not the
ways how to construct them. Whether such systems will
find solutions of non-computable problems depends on the
problem at hand and on getting a proper idea at due time
stemming from the sufficient experience, insight and a lucky
interaction.

Whether a Singularity will ever be achieved cannot be
guaranteed; from our results we merely know that in prin-
ciple it exists. Our results give no hints how far in the future
it lies. Moreover, we have no idea how far apart are the
levels in the respective hierarchies. It is quite possible that
bridging the gap between the neighboring “interesting” lev-
els of intelligence could require an exponential (or greater)
computational effort. Thus, even an exponential develop-
ment of non-biological intelligence of the AGISs may not
help to overcome this gap in a reasonable time.
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Abstract

In this paper the principle of minimum relative entropy
(PMRE) is proposed as a fundamental principle and
idea that can be used in the field of AGI. It is shown
to have a very strong mathematical foundation, that it
is even more fundamental then Bayes rule or MaxEnt
alone and that it can be related to neuroscience. Hier-
archical structures, hierarchies in timescales and learn-
ing and generating sequences of sequences are some of
the aspects that Friston (Fri09) described by using his
free-energy principle. These are aspects of cognitive ar-
chitectures that are in agreement with the foundations
of hierarchical memory prediction frameworks (GHO09).
The PMRE is very similar and often equivalent to Fris-
ton’s free-energy principle (Fri09), however for actions
and the definitions of surprise there is a difference. It is
proposed to use relative entropy as the standard defi-
nition of surprise. Experiments have shown that this is
currently the best indicator of human surprise(IB09).
The learning rate or interestingness can be defined as
the rate of decrease of relative entropy, so curiosity can
then be implemented as looking for situations with the
highest learning rate.

Introduction

Just like physics wants to find the underlying laws of
nature, it would be nice to find underlying principles
for intelligence, inference, surprise and so on. A lot of
progress has been made and many principles have been
proposed. Depending on what principles or foundations
are used, it is possible to come to different theories or
implementations of intelligent agents. A good exam-
ple is AIXT (Hut04) which combines Decision Theory
with Solomonoff’s universal induction (which combines
principles from Ockham, Epicurus, Bayes and Turing).
It uses compression and Kolmogorov complexity, but
unfortunately this makes it uncomputable in this form.
The ability to compress data well has been linked to in-
telligence and compression progress has been proposed
as a simple algorithmic principle for discovery, curios-
ity and more. While this has a very strong and solid
mathematical foundation, the problem is that it is of-
ten very hard or even impossible to compute. Often
it is also assumed that the agent stores all data of all
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sensory observations forever. It seems unlikely that the
human brain works like that.

In (vdV09) the principle of minimum relative entropy
(PMRE) was proposed to be used in developmental
robotics. In this paper we want to propose it as a
fundamental principle and idea for use in the field of
AGI. We compare it with other principles, relate it to
cognitive architectures and show that it can be used
to model curiosity. It can be shown that is has a very
solid and strong mathematical foundation because it
can be derived from three simple axioms (Gif08). The
most important assumption and axiom is the principle
of minimal updating: beliefs should be updated only
to the extent required by the new information. This
is incorporated by a locality axiom. The other two
axioms are only used to require coordinate invariance
and consistency for independent subsystems. By elim-
inative induction this singles out the logarithmic rela-
tive entropy as the formula to minimize. This way the
Kullback-Leibler divergence (KLD) (KL51) has been
derived as the only correct and unique divergence to
minimize. Other forms of divergences and relative en-
tropies in the literature are excluded. It can be shown
(Gif08) to be able to do everything orthodox Bayesian
inference (which allows arbitrary priors) and MaxEnt
(which allows arbitrary constraints) can do, but it can
also process both forms simultaneously, which Bayes
and MaxEnt cannot do alone. This has only been shown
recently and is not well known yet. The current ver-
sion of the most used textbook on Artificial Intelligence
(RN02) doesn’t even include the words relative entropy
or Kullback-Leibler divergence yet.

Free-energy

While in our approach the PMRE with the KLD is the
most fundamental, in other approaches exact Bayesian
inference is often taken as most fundamental, and the
KLD is then used to do approximate inference. The
variational Bayes method is an example of this. It tries
to find an approximate distribution of a true posterior
distribution by minimizing the KLD between the ap-
proximate distribution and the true posterior distribu-
tion. Sometimes a free-energy formulation is used which
yields the same solution when minimized, but which can



make the calculations easier. In fact the free-energy for-
mulation is the same as the KLD with an extra term
(Shannon surprise) that doesn’t depend on the approx-
imate distribution, so it doesn’t influence the search for
the best approximate distribution. In the field of neu-
roscience, Friston (Fri09) has proposed the minimum
free-energy principle as a fundamental principle that
could explain a lot about how the brain functions. For
perception it is equal to minimizing the KLD, so it is
equivalent to the PMRE in that respect. Friston showed
that many properties and functions of the brain can be
explained by using the free-energy principle, such as
the hierarchical structure of the brain, a hierarchy of
timescales in the brain and how it could learn and gen-
erate sequences of sequences. This is in agreement with
the memory prediction framework (GH09). Note that
this not only relates these principles to the brain, but
that it can also guide the design and choice of cognitive
architectures for artificial general intelligence.
Currently the brain is the only working proof that
general intelligence is possible, so these principles and
results could help and guide biologically inspired AGI.
These results seem to confirm the foundations of bi-
ologically inspired frameworks which use hierarchical
structures, spatio-temporal pattern recognition and the
learning and generating of sequences of sequences.

Biologically plausible

The fact that the PMRE only does minimal updating
of the beliefs makes it more biologically plausible than
some other theories. For example AIXI (Hut04) isn’t
based on minimal updating, because it uses global com-
pression including all historical data. Brains don’t seem
to work that way. When observing and learning there
are physical changes in the brain to incorporate and en-
code the new information and new beliefs. Such phys-
ical changes are costly for an organism and should be
avoided as much as possible, because of limited energy
and limited resources. The PMRE avoids this by doing
only minimal updating of the beliefs. It is related to
compression because in this way it stores new informa-
tion and beliefs in an efficient way.

A new definition of surprise

Besides the theoretical arguments we can also refer to
experiments. Itti and Baldi (IB09) proposed a defi-
nition of Bayesian Surprise that is equal to the KLD
between the prior and posterior beliefs of the observer.
This again is the same formula as used by the PMRE. In
experiments they showed that by calculating this they
could predict with high precision where humans would
look. This formula and definition was found to be more
accurate than all other models they compared it with,
like Shannon entropy, saliency and other measures. In
their derivation Itti and Baldi picked the KLD as the
best way to define Bayesian Surprise by referring to the
work of Kullback. While we agree on this definition,
it would also have been possible to pick another diver-
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gence as a measure, because the KLD is just one out
of a broader class of divergences called f-divergences.
The benefit of the derivation of the PMRE is that it
uniquely selects the KLD as the only consistent mea-
sure that can be used. So in this way the PMRE helps
to select and confirm this definition of surprise.

Relative entropy and curiosity

Relative entropy can also be used to implement curios-
ity and exploration. In (SHS95) it was used for re-
inforcement driven information acquisition, but it can
also be implemented in different ways. The rate in
which the relative entropy decreases can be seen as the
learning rate. Curiosity can then be implemented as
looking for and exploring the situations with highest
learning rate (interestingness). This can be compared
with implementations of curiosity which use decrease of
prediction errors or compression progress (Sch09).
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