Phenomenology, Representations and Complexity

Achim G. Hoffmann

Technische Universitat Berlin, Department of Computer Science, FR 5-11
Franklinstr.28/29, W-1000 Berlin 10, Germany, E-mail: achim@cs.{u-berlin.de

Abstract. The paper refutes the general phe-
nomenological argument that knowledge cannot be
completely represented by symbols and, hence, sym-
bolic Al does not work. Moreover, the viewpoint of
algorithmic information theory is introduced for con-
sidering the limitations of artificial intelligence. Based
on the formal considerations of the notion of algorithm
we will come to new conclusions from the phenomeno-
logical critic at the possibility of (symbolic) Al
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1 Introduction

In this paper we consider some fundamental issues
of artificial intelligence. Among these issues will be
problems of formal limitations of Al i.e. discussing
the physical symbol system hypothesis [8]. We will re-
spond to philosophical critics as these of Dreyfus (see
e.g. [1]) or these of Winograd and Flores (see [12]).
These critics are closely connected to the problem of
knowledge representation.

But most importantly, in section 4.3, we will advocate
a new consequence from the phenomenological argu-
ments against Al.

The paper is organized as follows. In the following
section the formal framework for our viewpoint of Al
is given. Section 3 discusses the implications of our
viewpoint to philosophical critics from a phenomeno-
logical point of view. In section 4, the implications
of different philosophical views of the representation
problem are discussed. Section 5 contains the conclu-
sions.

2 Formal Foundations

Traditional approaches to Al are explicitly or implic-
itly based on the claim that the human mind is just
some kind of symbol manipulating entity or at least
can accurately simulated by a such. This claim is
also called the physical symbol system hypothesis [8].
and has been heavily attacked by, e.g. Dreyfus [1]
and Winograd & Flores [12] from a phenomenological
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point of view. We identify the physical symbol sys-
tem hypothesis with the claim that the human mind
can be adequately simulated by an appropriate Turing
machine. In the following we will take a closer look to
the Turing machine in connection with the Invariance
theorem [6] of algorithmic information theory.

2.1 Universal Turing machines

Following the introduction of the Turing machine by
A.M. Turing [10] it has been recognized that there
also exist various kinds of universal Turing machines.
A universal Turing machine U is a Turing machine
that is able to simulate any particular Turing machine
whose Turing machine table is provided on U’s input
tape. Since a universal Turing machine U can exe-
cute arbitrary algorithms, one may wonder how long
the input to U has to be in order that U computes a
particular output string s.

2.2 Algorithmic information theory

The minimal length of an input string to U (program)
to turn U to print an output string s, is measured as
the algorithmic information of s. For technical con-
venience, we consider only finite or infinite binary
strings consisting of ‘0’s and ‘1’s not containing any
blanks or other symbols. The length of a binary en-
coded program p is denoted by |p|.

Definition 1 The length of the shortest program for
constructing s is called its Kolmogorov complexity
K(s).

According to the Invariance Theorem (see e.g. [6])
the particular kind of considered universal Turing ma-
chine U makes only a difference of a certain constant
c¢. Moreover, there are 2" different binary strings of
length n. Since each string requires another program
there are strings s of length n whose Kolmogorov com-
plexity K (s) is at least n. Note: One program pro-
duces exactly one string - there is no input to the pro-
gram. Moreover, most strings of length n have Kol-
mogorov complexity K (s) of n.magnitude



Examples: Strings as 11111111111111°  or
’00000000000° or ’1010101010101010° etc. are simple
strings, since their description by encoding a program
which outputs the string under consideration is short.
Mainly, only the length of the string is required, i.e.
log, (length of string) bits are sufficient. In addition,
an indication whether ‘0’s , ‘1’s or alternating ‘1’s and
‘0’s should be printed is necessary.

In contrast to the strings above, strings like
‘101100100111011001011101010° are more complex,
i.e. require a longer program for getting printed, since
the structure needs a particular description.

2.3 Algorithmic information for
mind

describing the

According to Turing’s paper Computing machinery
and intelligence [11], we assume that for considering
intelligent behavior of agents our considerations can
be restricted to agents which communicate with their
environment through finite strings of symbols from a
finite alphabet.! In other words, we can say that an
agent behaves intelligent, if it shows a certain appro-
priate output to the input supplied toit. Furthermore,
all observable behavior - intelligent or not - is a map-
ping from some finite input to some finite output. It
appears to be no restriction, if it is assumed that the
length of the input to an agent through its lifetime
is finite. However, then there is a finite number of
possible different inputs to such an agent. Thus, the
required I/O-function that models the intelligence of
any particular agent is simply some function from a
finite number of input symbols to a finite number of
output symbols. Hence, there definitely exists some
TM that models intelligent behavior. Furthermore,
this /O function can be encoded as a binary string
$(frnt), €.g. as the encoding of an appropriate TM
table. Therewith fr,: has a certain Kolmogorov com-
plexity K (s(frnt)).

In other words, the goal of Al (at least for the engi-
neering approach) is to develop a physical implemen-
tation of such a function frn:. It is clear that frp:
can be represented, e.g. as a binary string for feed-
ing some universal Turing machine U. Assume the
number of possible binary input symbols n; is upper
bounded by n; < 10*®. The number of output symbols
through the agents lifetime n, may be upper bounded
by n, < 10*°. Then the length |s(frne)| of the binary
encoded function fr,: is upper bounded as follows.

|s(frnt)| < 2(1015) % 1010 ag 10100000000000000

1See the conclusions for remarks on these restrictions.

Certainly |s(frn¢)| is extremely huge. However, the
function frn: has not to be represented explicitly as
a binary string but may be compressed as well as
possible by describing the function as rules for entire
classes of input strings (substrings). The size of the
most compressed form of any representation is lower
bounded by the Kolmogorov complexity K (s(frnt)).
In the following section, the universal Turing ma-
chine together with complexity considerations will be
opposed to phenomenological arguments against the
physical symbol system hypothesis.

3 Phenomenology and Complexity

Arguments which indicate that human intelligence
does not essentially rest on representations, has been
put against the physical symbol system hypothesis by
e.g. Dreyfus [1] or Winograd & Flores [12]. Phe-
nomenology argues that human cognition and under-
standing is basically connected with social interac-
tion. Moreover, the human mind only starts reflecting
about objects and their relations in an outer world
in situations of breakdowns. That is, in situations
where the usual acting cannot proceed as expected.
E.g. only when I cannot open the door, I remind the
door ‘explicitly’ (consciously) in its physical appear-
ance. Moreover, phenomenology argues that human
values and goals, and similarly ontological considera-
tions, are implicitly contained in the way people act
within their environment as well as in the way people
look at the world, i.e. which objects exist for them
in which situation and which properties the objects
have. In contrast to that, one has argued, computers
have to represent ‘values’ and ‘goals’ as well as their
‘view’ of the world explicitly by symbols and there-
with computers cannot behave like humans. Similarly,
Frixione et al. [3] claim that intelligent systems must
have a subsymbolic level of activity.

The implicitness of symbol manipulation

However, let us take a closer look to the Turing ma-
chine model: The way a particular Turing machine T’
works is only implicitly contained in the way 7' ma-
nipulates its symbols on its tape. This way of manip-
ulating symbols is encoded in 7”s Turing table instead
of being represented explicitly by symbols on T"s tape.
However, the Turing table has yet to be interpreted.
And an interpreting agent has to ‘know’, how to inter-
pret such a table. But a correct interpretation - even
an interpretation at all - is only possible with some im-
plicit ‘knowledge’. about the way how to interpret the
symbols that constitute the representation of a Tur-
ing table. Moreover, this implicit ‘knowledge’ is given
in the way a universal Turing machine manipulates



Referential link

Figure 1: The basic idea of representation. Symbols in
the mind represent objects of the world.

the symbols on its tape. Due to the infinite regress
one would encounter, it follows that not all necessary
‘knowledge’ can be represented by symbols.

The complexity of thoughts

When one makes complexity an issue, one recognizes
that the conscious human thought processes appear
of rather limited complexity. Simply because our con-
sciousness can evidently only cover a very limited
number of items simultaneously. As a consequence,
the subconscious processes (i.e. the implicit knowl-
edge) has to be of large complexity in terms of algo-
rithmic information theory. Thus, in fact these sub-
conscious processes bear a great impact on the emerg-
ing conscious thoughts, which has been pointed out
by phenomenology. The universal Turing machine is
- so to say - a minimal kernel (which bears a min-
imal complexity) of ‘implicit knowledge’ from which
we can simulate any ‘implicit knowledge’ of arbitrary
complexity. Due to the large difference in complex-
ity of the universal Turing machine and subconscious
processes, the possible correspondence of the symbol
system and human thoughts is so less obvious.

Moreover, in contrast to the rather convincing ar-
guments of phenomenology the discovery of the uni-
versal Turing machine shows that there exists some
‘universal implicit knowledge’ that allows to represent
arbitrary knowledge explicitly - anyway whether it ap-
pears to be implicit or explicit knowledge.

4 Representations and Complexity

Representation appears to be a central notion in cog-
nitive science as well as in artificial intelligence. For a
very simple version, see Figure 1.

4.1 Representations in the model-theoretic sense

The classical approach considers the real world as a
logical model in which logical expressions may be in-
terpreted. The standard model-theoretic semantics
are given by an interpretation function of the atomic
syntactical symbols of a given language L into a do-
main of individuals 2. The most important point

is, that for each compound syntactical expression its
interpretation in the domain D is defined by rules
that correspond one-to-one to the syntactical rules for
building the compound expressions.

However, this approach shows a convenient way for
building Al systems. Of course, this way is only ap-
plicable in domains where a clear-cut ontology 1is avail-
able and deductive reasoning suffices for the tasks that
are supposed to be accomplished by the system.

Shortcomings

Unfortunately, many important potential Al applica-
tions are of a different nature; at least some induc-
tive or analogical reasoning, nonmonotonic reasoning
or reasoning under uncertainty and vagueness is re-
quired.

For example in inductive reasoning, usually there is
an ambiguity among different hypotheses, when gener-
alizing inferences should be performed. Thus, there is
a need for expressing some preference relation among
competing hypotheses.

As indicated in, e.g. [4] for symbolic approaches and
in [5] for non-symbolic approaches, there is no uni-
form inductive inference procedure, which describes
The human

inductive reasoning behavior contains some complex

human inductive reasoning behavior.

(implicit) preference relation on the competing hy-
potheses.
a finite number of hypotheses can be represented by
symbols, although these symbols do not refer to some
‘natural’ ontological entities, i.e., to the ontological
entities of the domain of inductive reasoning. More-

However, any preference relation among

over, it is quite clear that such a preference relation
contains a large amount of information - otherwise a
uniform inductive inference procedure would exist.
The same problem exists for reasoning under uncer-
tainty: Human reasoning incorporates a lot of interde-
pendencies of subjective probabilities, when probabil-
ity estimates of combined uncertain events are made.
However, the general applicability of this model-
theoretic approach has been rejected by phenomenol-
ogy as well as by the late Wittgenstein [14] himself;
once being a strong advocate of the model-theoretic
idea [13].

4.2 Alternative approaches

Auto-organizative systems

Another rather popular approach today, is the idea
of emphasizing the auto-organizative capacities of bi-
ological systems, e.g. the human mind. Particularly,
Maturana and Varela [7] propell this auto-organizative
tradition exploring the capability of biological systems
to create their own world of experience. In their view,
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Figure 2: The schema of auto-organizative systems. The
auto-organizative system is conceived as completely au-
tonomous. l.e., there is no direct coupling between the
cognitive structures in the system and the world with which
the system interacts. Thus, the ontological entities of the
world are not one-to-onereflected by the cognitive concepts
of the system.

mental representations do not replicate or even cap-
ture information from some external reality, but rather
emerge by means of environmental interactions. Here,
these interactions have just a ‘triggering role’ and not
an ‘instructive’ one. No informative exchange followed
by a similarity or structural matching occurs, but
rather a simple coupling between environmental per-
turbations and the mind’s generation of novel ways of
being. The mind is autonomous and finds alone, in an
infinite repertoire of possible behaviors, the one which
is simply associated with an environmental perturba-
tion. Association does not mean correspondence. No
structural matching is required between an environ-
mental signal and any mental structure. See Figure 2.
Roughly spoken, the semantic of the subject’s repre-
sentation turns out to be committed in a larger degree
to the subject than to the object. First results on the
complexity of possibly acquired mental structures in
auto-organizative systems are obtained in [2]. These
results indicate that simple auto-organizative princi-
ples are rather limited in producing meaningful mental
structures.

Quine’s ontological relativism

The logician and philosopher W.v.O. Quine rejected
the model-theoretic absolute ontology in ‘real world
applications’. He advocates much more a relativistic
viewpoint [9]: ‘To be is to be the value of a variable.
Which means, that ontological entities are determined
by the structure of the language that is used for de-
scribing phenomena in a certain domain. However,
there is always a choice which particular structure of
language is used. The choice depends on the culture
and the conditions of usefulness. Hence, ontology can
change, when the needs of the respective community
change. This is what has been emphasized by phe-
nomenology.

bl

Moreover Quine recognized, that the reference of lin-
guistic expressions cannot be determined by consider-

ing single expressions. It is rather necessary, to con-
sider the use of the entire linguistic framework around
a particular expression in order to determine the ac-
tual meaning of an expression like: ‘It is not allowed
to smoke in the aircraft.” E.g., in order to determine,
what an aicraftis, one has to know what ‘to fly’ means,
etc.

4.3 Consequences for physical symbol systems

Phenomenology as well as the auto-organizative sys-
tems approach as well as Quine’s ontological rela-
tivism indicate that there is yet a significant amount
of auxiliary information necessary for physical symbol
systems in order to behave comparable to the human
mind.

Basically, the choice for setting up a particular ontol-
ogy, respectively the appropriate language in a par-
ticular situation respectively the development of au-
tonomous subjective concepts has to be guided by ad-
ditional information.

If the observation of phenomenology holds, that these
processes appear not to be rule-guided, this merely im-
plies that the required information is of rather large
Kolmogorov complexity. This contrasts the standard
implication, that is drawn from these philosophical ar-
guments, namely that physical symbol systems are not
appropriate for modeling the mind.

The consequence of the objections in this paper is ac-
tually the following:

The additional information has to be encoded in a
rather comprehensive way, in order to allow an expert
or a knowledge engineer to implement the required in-
formation. However, the symbols that can carry the
required information will not refer to the ontological
entities of the respective domains. But these symbols
will rather refer to some abstract entities like certain
preference relations among competing hypotheses for
inductive reasoning. Thus, perhaps the human ex-
pert or at least the knowledge engineer should learn to
think in abstract entities of this kind. If the knowledge
engineer succeeds with that attempt, he/she would
greatly enhance the current scope of knowledge trans-
fer, leading to the implementation of much more ca-
pable physical symbol systems.

Thus phenomenology indicates, that Al should de-
velop appropriate frameworks for encoding the men-
tioned additional information.

5 Conclusions

In this paper, we have considered the notion of algo-
rithmic information within the discussion on the lim-
itations of Al. Instead of arguing qualitatively about



what computers can’t do, we proposed a quantitative
consideration. Thus, the question whether machines
can behave like an intelligent human being should be
replaced by the following question:

Can a given task (that can be accomplished
by an intelligent human) be accomplished
by a machine whose program is at most of
length &k 7 (For some particular k.)

Moreover, the phenomenological critic at the physical
symbol system hypothesis has been rejected in favour
of considering the quantitative aspects of intelligent
systems.

In section 4, we discussed the consequences of vari-
ous critics at the classical representational view. It
turned out, that there is yet a need for encoding a sig-
nificant amount of auxiliary information. The sym-
bolic encoding of this information does not refer to
any ontological entities of the respective domain, but
to abstract entities like preference relations. This fact
indicates the need in artificial intelligence for devel-
oping appropriate frameworks in which the encoding
of such necessary auxiliary information can be done.
Within these frameworks, it should be possible to en-
code the required knowledge comprehensively. More-
over, we can say that phenomenology shows that Al
needs frameworks for encoding the auxiliary informa-
tion for (non-deductive) guiding reasoning processes.
This conclusion contrasts the manyfold claims, that
there is a need for so-called ‘sub-symbolic’ approaches
like neuronal models of computation, which appear
more or less incomprehensible in what will be finally
computed.

Possible limitations of the presented considerations

One may argue that this model is too restrictive since
it does not cover asynchronous or analogue signals.
When we consider systems with analogue receptors
and anlogue effectors we cannot immediately apply
algorithmic information theory. However, we can ob-
serve the following if we distinguish different ways of
behavior: For each particular actual behavior of such
a (possibly self-organizing) system, there has to be a
particluar system design. Hence, we may count the
number of different system behaviors and obtain a
corresponding number of different designs. l.e. we
encounter very similar lines of thought as in algorith-
mic information theory.

Moreover, the assumption that a design of an intelli-
gent system is rather simple implies that all the many
different and more complex designs result in dumb
system behavior !
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