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Abstract

Integration of major cognitive capabilities and be-
havioral capabilities is crucial for robots to per-
form harder, general tasks. Several requirements
are raised in this paper: (1) a successful integra-
tion of such capabilities need to start with an ar-
chitecture that is suited for integration, (2) the
development of each individual capability must
be an integral process of overall integration pro-
cess, and (3) the content-level integration process
must be fully automated. The developmental ap-
proach to intelligent robots is presented in this
paper as a way for integrating cognitive and be-
havioral capabilities in an automated way. This
approach is motivated by human cognitive devel-
opment from infant to adult. Central in the ap-
proach is the methodology for sensor-effector-rich
robots to perform general-purpose, autonomous,
incremental learning directly using their sensors
and effectors through interactions with the real-
world environment. In other words, the objective
is to fully automate the learning process, so that
the robots can learn in an automatic mode that is
close to the way animals (and humans) learn. A
comparison between the developmental approach
and other existing approaches is provided.

Introduction

Existing works on robotics research have produced a
rich collection of methods and robotic systems. Some
have demonstrated impressive capabilities. However,
these studies tend to concentrate on a narrowly defined
scenario with a specialized capability.

Requirement of cognition

The capability of a robot to perform harder, general
tasks depends very much on its cognitive and behav-
ioral capabilities. For example, if a robot has only
range sensing capability, it cannot navigate along out-
door walkways of a campus, since range sensors cannot
tell much difference among road and nonroad surfaces,
such as concrete blocks, asphalt, grass, and soil. In
an indoor environment, it is difficult for such a robot
to identify a closed door that it must open and pass
through. A robot with visual and auditory capabilities

will be able to handle more general scenarios and may
interact with its environments, including humans, using
the visual and auditory modalities. Tasks that require
manipulatory behaviors, such as pouring a cup of wa-
ter into another, also require sophisticated coordination
between sensors and effectors.

Four existing approaches

However, integration of advanced sensors and effectors
faces a grim reality: the complexity of the nature of
integration quickly reaches a point that is impractical
to handle by the current existing approaches. These
approaches can be divided into the following four cate-
gories:

1. The world-knowledge-based approaches. The ap-
proaches in the category typically require a prede-
fined problem space or world space. Researchers
in each problem area have been manually develop-
ing knowledge-level theories and methods, and using
them to write programs or build hardware. Then,
they manually “spoon feed” knowledge into the sys-
tems at the programming level (e.g., CART (Moravec
1982), CYC (Lenat 1995) (Lenat, Miller, & Yokoi
1995), lexical database, WordNet (Miller 1995)).
Such an approach may produce a system that ap-
pears to produce some sophisticated results. How-
ever, the limitations of such systems have been recog-
nized (Brooks 1991) (Franklin 1997). Such a method-
ology requires a huge amount of human labor and
it faces a fundamental limit of human labor in ade-
quately modeling and specifying the cognitive process
required by challenging robotic tasks.

2. The behavior-based approaches. Approaches of this

type avoid modeling the world and instead they
model robot behavior. The subsumption architecture
was proposed by Brooks to allow a more sophisticated
behavior layer to be added to the existing primitive
behavior layers (Brooks 1986). Each layer is a fi-
nite state machine, with states defined and named by
the programmer. The programmer is also responsible
to program the state machine in each layer for each
desired behavior. Thus, this approach can be char-
acterized by the terms “manually-modeling-behavior



and hand-coding-behavior”. Aloimonos (Aloimonos
1990) and others also advocated behavior-based ap-
proach for active vision.

3. The evolutionary approaches. This approaches is mo-
tivated by evolution of biological species. The law of
survival of the fittest is used to select advantageous
genotypes which code the structure and/or behavior
of simulated robots (Mataric 1990) (Harvey 1992). So
far, the selection process have been mostly simulated
by computers using a simulated environment, due to
the obvious difficulties in carrying on evolutionary
process with a large number of robots and performing
long time physical evolution. The simulation method
is attractive due to the low cost benefit. Also, it does
not require the programmer to code knowledge or be-
havior rules. However, evolutionary approaches leave
the hard task of intelligent robot design to the pro-
cess of random trials and environment selection. The
computation time required to find such a design and
the cost of real-robot evolution are two fundamental
difficulties the evolutionary approaches face, which
are especially great when high-dimensional percep-
tion and cognition are required, such as vision, speech
and language.

4. The learning approaches. This category includes
all the learning methods, such as supervised learn-
ing and reinforcement learning. Learning approaches
are typically more efficient than the correspond-
ing evolutionary approaches. This is because, with
the former, the learning mechanism of the system
is hand-coded by the programmer, but with the
latter, the mechanism is either absent or has to
emerge from the trial-and-selection process. For
high-dimensional input, learning seems the only vi-
able method. Various learning methods have pro-
duced impressive results for challenging cognition
tasks involving complex modalities, such as visual
recognition (e.g.,(Turk & Pentland 1991) (Swets &
Weng 1996b)), speech recognition (e.g., using HMM
(Rabiner, Wilpon, & Soong 1989) (J. R. Deller,
Proakis, & Hansen 1993)), vision-guided robot ma-
nipulation (e.g., (Hwang, Howden, & Weng 1996))
and vision-guided navigation (e.g.,(Weng & Chen
1996)). However, a huge amount of manual labor
required in training such a system hinders further
scaling up to robotics tasks that are more general, of
larger-size, and harder. A major reason is that the
machine learning process is not automated.

In actuality, a particular system may use a combination
of several approaches. For example, Robot-Soar (Laird
et al. 1991) combines a world-knowledge-based ap-
proach with a learning approach. It requires the human
to feed knowledge about the environment and to define
the problem space. Then, the system learns to perform
predefined tasks.

The developmental approach

This article proposes a new approach: the developmen-
tal approach. It is rooted in human cognitive devel-
opment from infant to adult. The renowned develop-
mental psychologist Jean Piaget (Gruber & Voneche
1977) (Carey 1990) (Carey 1985) divided human cog-
nitive development roughly into four major stages, as
summarized in Table 1. There is no doubt that these

Table 1: Piagetian Stages of Human Cognitive Devel-
opment

| Stage | Ages | Characteristics
Sensorimotor | 0 — 2 Not capable of symbolic
representation

Preoperational | 2 — 6 Egocentric, unable to distin-
guish appearance from reality;
incapable of certain types of log-

ical inference

Concrete 6 — 12 | Capable of the logic of classifi-
operational cation and linear ordering
Formal 12 - Capable of formal, deductive,
operational logic reasoning

four stages have a lot to do with neural development
in the brain. From infant to adult, while each human
individual undergoes physical development to become
taller and stronger, he or she also goes through its cog-
nitive development which is made possible through ex-
tensive interactions between internal changes (e.g., neu-
ral growth) and external environmental changes (e.g.,
the effect of an action).

A central task for the developmental approach is to
realize AA-learning! — an automated learning mode
that is close to the way in which humans (and ani-
mals) learn. Human interaction with the environment
is a dynamic, autonomous, online, incremental, con-
tinuous learning process. Thus, the developmental ap-
proach requires humans to hand-code mechanism of au-
tomated learning, instead of replying on the evolution
process. Since the learning process with A A-learning is
fully automatic, integration of various sensors and ef-
fectors is realized automatically with the developmental
approach.

What is AA-Learning?

An examination of unautomated learning can help the
understanding of AA-learning,.

Unautomated learning

Developing a system using unautomated learning ap-
proach involves two major stages:

'AA-learning is named after automated, animal-like
learning without claiming to be complete. The term “au-
tomated learning” has been used sometimes just to mean
“using computers” where the learning process is not fully
automated.



Content-level programming.

The content-level programming here means the pro-
gramming task for modeling the content or knowl-
edge represented in the information of sensory input,
other than preprocessing such as Fourier transforms.
Modeling visual shape is an example of content-level
programming. The human designers must explicitly
define the content-level mapping between the sen-
sory input and the model. Here are some examples.
For face recognition, one may design 3 neural net-
works, one for each of the three facial parts, eyes, nose
and mouth, respectively, and another for combining
the output of the three neural networks. For speech
recognition, a separate HMM is dedicated to each
word and other HMMs for phrases that use outputs
from the word-level networks. For language under-
standing, a particular syntax model may be designed
for a particular syntax.

Data compilation and training.

Next, humans manually compile sensory data, which
includes creating scenarios, collecting sensory data,
labeling data, segmenting data, ordering data, feed-
ing data, etc. For supervised learning, typically
a class label is assigned to each segmented data
item. Repeated training and testing are typically
conducted before the system can reach the required
level of performance.

This mode of system development can be called unau-
tomated mode in that the learning process requires in-
tensive human intervention, even though computers are
used.

Two major restrictions are direct consequences from
such an unautomated mode of system development —
low quantity and low quality of information fed into the
system. In terms of quantity, the computers are allowed
to observe far less environmental variation, contextual
variation, and content domain variation than they re-
ally need for the tasks that they are assigned for. It
is difficult to conduct extensive system training due to
the large amount of manual labor that is required in
preparing the training data. In terms of quality, these
compiled training data are “dead”. They are very much
disconnected from the environment from which the data
arise. The rich meaning of the live sensory experience is
degenerated into isolated segments, each being tied to
a class label which is meaningless to the system. The
lack of environmental context of manually fed train-
ing segments make it impossible for machines to learn
beyond what is modeled by the content-level program-
ming. Unfortunately, what is modeled by content-level
programming is typically insufficient for the challeng-
ing tasks at hand, due to our human limitation in un-
derstanding and modeling the complex mechanisms of
human cognitive processes.

For example, if we require a robot to interact with
human beings, the robot must be able to recognize a
human face and distinguish it from, e.g., a tree. Recog-
nition of human faces must cope with a wide vari-

ety of variation factors, such as lighting, viewing an-
gle, viewing distance, and facial changes (e.g., expres-
sions, hair styles, eye wears etc). A similar situation
is true in speech recognition (e.g., variation in time
warping, coarticulation, intonation, age, gender, etc)
and language understanding (ambiguity without con-
text, ambiguity without understanding, cultural differ-
ences, language differences). Recognition through a
sensing modality requires experience far beyond that
single sensing modality. For example, Sinha & Poggio’s
Clinton-Gore example (Sinha & Poggio 1996) demon-
strates that recognition of human individual is heavily
influenced by our experience in society?. It is extremely
difficult, if not impossible for human system designers
to adequately model all these factors, to design effective
representation and algorithms to use these models, to
collect sufficient knowledge data for these models, and
to keep these models and knowledge data up to date.

A fundamental way to address these very challenging
issues is to investigate how to automate the training
process for robots. In order words, we need to develop
theory and technology to realize a new mode for ma-
chines to interact with humans and environment and to
learn to communicate with human through their sen-
sors and effectors — a mode that relieves humans from
heavy burden of programming at content-level and al-
lows the systems to intimately interact with its envi-
ronment. We call it AA-learning.

Automated learning

The AA-learning is a mode of automated, general-
purpose learning that is close to the way animals (and
humans) interact with its environment and learn. Some
key points of this type of learning are:

Domain-extensible. Domain-extensible means that
the system is not only applicable to an open num-
ber of problem domains but can also move onto new
problem domains without need for re-programming.
A domain-extandable system like a human can con-
tinuously switching among deferent domains. For ex-
ample, while reading a magazine, a human can switch
among recognizing human faces, recognizing human
genders, recognizing written characters and recogniz-
ing other objects. For a domain-extensible system,
the system designer cannot use a problem-specific ob-
jective function (e.g., in training a robot leg hopper,
the objective is fixed — keeping balance). He can-
not define a specific problem space for programming
either. Existing learning systems that use a general-
purpose learning method typically require the system
designer to map a problem into the program internal
representation (e.g., to map all the possible situations
of a problem into a set of manually defined system
states, such as in Robo-Soar (Laird et al. 1991)).

2The Clinton-Gore example shows that you recognize
these two well-known individuals in a picture even when
their facial areas are made to be identical.



Sensing and actions. The system will learn from the
real-world environment directly using its sensors and
effectors, without requiring humans to serve as a fea-
ture detector or sensory-input-to-symbol converter.
This is in contrast with symbolic methods such as
Soar (Newell 1990) (which works in a symbolic do-
main) and softbots (Terzopoulos, Tu, & Grzeszczuk
1994) (which work only in a simulation world), but
common in the vision, speech and robotics commu-
nity.

Learn autonomously while performing. The sys-
tem learns autonomously, continuously, incremen-
tally, in real-time, while performing. The learning
phase is also the performance phase. Humans are not
in the loop of collecting training data. Humans are a
part of the environment that the system continuously
interacts with.

Combined learning. Reinforcement learning (using
reward and punishment) and supervised learning
(guided actions) are combined. No behavior is hard-
wired (or programmed) in, since such hard-wired be-
havior cannot work well with other behaviors when
the system later learns more sophisticated tasks.
Some basic behaviors that are typically innate in an-
imals, such as moving forward and simple turning,
are taught and memorized through interactive effec-
tor guidance (imposition). This allows the system
to start with some basic simple behaviors which will
facilitate further learning.

Automatic level building. Capabilities for learning
stimulus-response association, reasoning and predic-
tion are automatically built up from low level to
higher levels. This is in contrast with existing
single-level reinforcement learning methods such as
Q-learning (Watkins 1989) and R-learning (Schwartz
1993), manually specifying and building behavior lay-
ers in the subsumption architecture (Brooks 1991),
and human content-level design in level building for
speech recognition (e.g., (Rabiner, Wilpon, & Soong
1989) (J. R. Deller, Proakis, & Hansen 1993)).

Real-time requirement while scaling up.

The system must learn while performing in real-time.
Thus, a super-low time logarithmic time complexity
O(log(n)) is required, where n is the number of cases
that are not only learned but also memorized as nec-
essary. This is a highly challenging task for high-
dimensional sensory inputs, such as visual input, and
large-size problems.

Learning automation does not mean absolutely no
human involvement. In principle, a system with the
AA-learning capability can learn on its own without
human present. However AA-learning typically does
need humans to serve as teachers, as a part of the en-
vironment. An automobile moves automatically, but it
still needs a human to drive it to do something use-
ful. With AA-learning, human teachers the robot by
playing with it on-line, instead of by programming and

knowledge-feeding off-line.

In AA-learning, the learner has three types of chan-
nels to communicate with its environment, sensors, ef-
fectors, and reward receiver. The learner learns au-
tonomously from the environment by sensing the en-
vironment through its sensors and acting on the en-
vironment through its effectors. We define a physical
channel, which include two parts: reward receiver and
action imposer. A physical channel is a special con-
trol channel that the teacher can use to exercise control
over the learner. Human teachers, as a part of the sys-
tem’s environment, affect how the system learns. For
example, the human teachers will show different ob-
ject examples, verbally state the characteristics of the
object and then immediately ask questions about the
characteristics of the object. The human teacher may
encourage the system to act properly using different re-
wards at the right time. Among all the possible values
received from the reward receiver, the learner has dif-
ferent degrees of preference. The action imposer is a
special type of sensory input which has a mandatory
effect on the corresponding effectors. It can be used to
directly enforce the correct action to be executed im-
mediately. Such an imposition of action and delivery
of rewards occur also in human learning. For example,
manipulating a child’s hand to hold a pen when teach-
ing a child how to use a pen. Rewards to a human child
can be food, a good test score etc.

Since what to be learned further must depend on
the current performance, a system that learns au-
tonomously must also perform autonomously at the
same time. This concurrency of learning and perfor-
mance modes is a very fundamental difference between
human learning and the existing conventional machine
learning methods. With a machine that can perform
A A-learning, the following goals become possible:

1. the learning mechanism must be able to deal with the
full generality of the performance environment.

2. the machine is able to improve while performing real
tasks.

3. various tasks can be learned without reprogramming.

A A-learning is a new type of learning for machines, al-
though humans and other animals routinely perform
this type of learning.

The SAIL Project

The current ongoing SAIL (Self-organizing, Au-
tonomous, Incremental Learner) project is a project
that aims at developing theory and methods for AA-
learning, following our developmental approach to in-
telligent robots.

The types of sensor used by SAIL include: visual
(video cameras), auditory (microphones), tactile (arm
overload sensors, collision detection sensors, etc), and
the N-sensor (N stands for “numerical”). An N-sensor
accepts text input. Each letter of an alphabet is coded
into a feature vector in the sensor output space.
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Figure 1: A schematic illustration of the coarse architec-
ture of the presented system SAIL. A circle represents an
attention selector. It is also an actuator. PP: preprocessor.
STA: spatiotemporal associator.

The types of effector used by SAIL include: atten-
tion extractor which extracts a part of the signal vector
and applies some weights to the extracted part, pan-
tilt unit (for video cameras), structured speaker (a low-
level voice synthesizer), robot arm, vertical slider as the
torso, drive base for local motion, and the N-effector,
which converts every feature vector into the correspond-
ing text.

SAIL learns continuously for hours and hours daily
for its cognitive development and sensory-motion re-
finement. It starts to learn as soon as the its power is
turned on. During learning, human teachers guide the
robot to go through training sessions.

The major objective of this article is to discuss the
developmental approach. Due to space limitation, we
can only present a overview of the SAIL system cur-
rently under development.

System Overview

Following the views discussed above, the representation
of SATIL must be independent of the content of the infor-
mation to be processed by the robot. The program-level
representation should not be constrained by, or embed-
ded with, handcrafted knowledge-level world models or
system behaviors®. It is very difficult to manually build
a sufficient set of rules or behaviors that is general and
complete enough to handle the challenging recognition
tasks we have to deal with. Fig. 1 gives a schematic
illustration of the SAIL system architecture. The ar-
chitecture allows any type of sensors and effectors. The
capability to learn from high dimensional sensory space
is crucial for such a general-purpose learner. In the fol-
lowing, we briefly discuss SHOSLIF which is used as a
key component in the spartiotemporal associator (STA)
shown in Fig. 1.

3An example of knowledge-level model is a hand-coded
program section that determines something like: “If there
are two dark areas of a similar size on a horizontal line,
they might be human eyes.” An example of knowledge-
level behavior is a hand-coded program section in a system
that does something like: “if the distance sensed from the
forward sonar is smaller than a certain number, turn away.”

The predecessor: SHOSLIF

SHOSLIF (Weng 1996) (Swets & Weng 1996a) is the
predecessor of SAIL. It is a general approximator for
supervised or unsupervised learning. However, it does
not take time explicitly into account, but SAIL does.
SHOSLIF approximates a high dimensional function
f: X — Y. It incrementally creates a tree from train-
ing samples®. It uses the principal component analysis
(PCA) and linear discriminant analysis (LDA) to recur-
sively build a different feature space for every internal
node of the tree. Each leaf stores the sample z; it rep-
resents. Given any input z, the tree finds the top &
matched leaf nodes. For supervised learning, each leaf
node stores the desired output. The output f(x) is ap-
proximated by a weighted average among the output
vectors of top k leaf nodes.

When search proceeds from the root, the SHOSLIF
tree rejects, at each tree level, a portion of distant
training samples to be examined. It only keeps top-
k candidate nodes to be further explored at each tree
level. The time complexity for finding top &k (constant)
matched leaf nodes is O(log(n)) for a tree with n leaf
nodes. This extremely low time complexity is impor-
tant for satisfying the real-time requirement when n is
large®. SHOSLIF can also learn incrementally by up-
dating the tree. The incremental growing capability of
the SHOSLIF is suited for the incremental nature of
AA-learning in finding the top k matches.

Real-time continuous learning

Fig. 2 is a flow diagram of the SAIL system. Each level
of SAIL is a finite state machine, whose states are cre-
ated automatically. A self-organization scheme is used
to automatically organize, increase, or delete states.
Thus, the set of states change according to the expe-
rience. The computational structure of the finite state
machine can be modeled as a hidden Markov model
(HMM). However, it is more general than HMM due to
its recurrent nature. The details of the SAIL architec-
ture will appear in another occasion.

The recognition capability of SAIL is expected to help
it to realize not only learning-by-trying (reinforcement

4A description of the incremental version (Weng &
Chen 1996) of SHOSLIF can be download from web
http://www.cps.msu.edu/ weng/research/
SHOSLIF-N.html

5To see how low the logarithmic complexity is, suppose
a system whose time complexity is O(logy(n)), regardless of
how big the constant coefficient in the time complexity is. If
this system can complete a system computation cycle in 100
milliseconds (10 Hz refreshing rate) with 1000 stored proto-
types (which is about the speed SHOSLIF has reached), the
same program running on another computer whose speed is
4.7 times faster can run at 10 Hz for a network that has
stored 10™* cases (the absolute number of synapses, or the
total numbers stored, in the human brain)! However, the
actual capability to handle a large number of prototypes,
beyond the currently tried a few thousands, remains to be
examined in the project.



l

—| Grab the current frame |

1

| Update level O |

Add onelevel
Comply

Y

Choose positive action
at the higest level

Figure 2: The flow chart of SAIL.

learning), but also learning by being told (supervised
learning). It is well known that the latter is much
more powerful and efficient that the former. With AA-
learning, the channels through which to convey what is
to be told include (1) the physical channel and (2) un-
derstanding from sensors. The latter capability requires
extended, cumulative training through the correspond-
ing sensing modality. For example, a low-pitch tone
indicates “move towards me” and a high-pitch tone in-
dicates “move farther away”.

Forgetting

A learner that senses sensory input continuously over a
long time must process potentially an infinite amount of
data. Due to a finite memory space, the system cannot
remember all the sensory-effector associations that it
has come across. In fact, it should forget some detail for
generalization. Many sensory-effector associations must
be forgotten. The utilization of association is indicated
by cooccurrence frequency and occurrence internals.
Let us consider a memory element, a node or a link
in STA, which will be used in SAIL for memorizing
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Figure 3: Update of memory trace M through time t.
The solid curve represents an element which is visited often
enough to be kept. The dashed curve indicates an element
that is not visited often enough and thus, it falls below the
threshold T before being visited again.

an association it represents. Each element has a mem-
ory residual (strength) register whose updating curve
is shown in Fig. 3 which resembles what we know
about human memory characteristics (Ashcraft 1994)
(J. L. Martinez & (eds.) 1991).

Each visit to the same element makes the trace to
be reset to 1 and then the curve declines using a next
slower speed. For example, we can define a series of
memory fade factors a1 < a2 < ... < am = 1. o; is
used for an element that has been visited ¢ times, The
memory trace r can be updated by r < ral where ¢
is the number of system cycles (refresh) elapsed since
the last visit to the element. Thus, we do not need
to visit all the elements at every system cycle. When
an element, is visited, its memory trace is updated first
from what remains from the last visit. If the memory
trace falls below the designated threshold, it should be
deleted and so it is marked as to-be-deleted. If what is
deleted is more than a single element (i.e., a subtree),
the deleting process will not delete it right away to avoid
consuming too much CPU time in a real time process.
Instead, it puts the subtree in a garbage buffer which
is to be cleaned when the learner is “sleeping.”

The memory fade factors control the relative speed
of learning and forgetting so that they can keep in pace
while growing the memory with an appropriate speed
over time.

Concluding Remarks

A robot that can perform harder, more general tasks
must be equipped with more powerful and yet more
challenging sensors, such as visual sensors and auditory
sensors. However, these sensors bring hard problems
from three well-known challenging areas: vision, speech
and language. The integration of these three areas is
even more difficult, given the known difficulties in each
of these areas. However, many hard problems that each
area faces cannot be solved within a single area. Inte-
gration may find new ways of addressing these prob-
lems.

The developmental approach proposed here does not
consider integration as a task of integrating a number
of developed modules, since this view of the task makes
integration extremely difficult to handle. Instead, in-



tegration must be conducted during the entire process
of learning. Thus, the architecture for such integrated
learning is the crucial point. In other words, (1) the
architecture must be designed with integration as one
of the primary goals, (2) the integration must start very
early (day 1 of the cognitive development), and (3) the
integration process must be automated, as is the case
with learning itself with the developmental approach.
In fact, integration is a part of learning.

The developmental approach proposed in this paper
does not treat an intelligent robot as a static system
that, once having been built, can be used as is in an
application environment. Such a robot cannot perform
well unless the task is trivial. Learning and adaptation
of a robot in the application environment is an inte-
gral part of intelligence development. The challenge for
continued, cumulative, general purpose learning is how
to make a machine that can learn on its own. This
is a very important new topic for the robotics and AI
community.

The world-knowledge-based approach requires hu-
mans to program at the content level of world-
knowledge. The behavior-based approach requires hu-
mans to program at the content level of behavior. In
some sense, both require to manually fabricate a learned
“brain” for an intelligent robot. On the other extreme,
the evolutionary approaches resort to a process of trial-
and-selection as the major means to search for an artifi-
cial species — intelligent robot. Although various learn-
ing methods are more effective than knowledge-based,
behavior-based and evolutionary approaches, the spe-
cial purpose, domain-extensible, unautomated nature
of these learning methods determines that the resulting
system has only a limited capability in a narrowly de-
fined domain. The proposed developmental approach
lets the automatic learning handle the content-level
world knowledge and behavior. The automatic learning
capability of the robot must be hand-designed, instead
of being searched using a genetic algorithm. Such a de-
sign task seems more tractable than the tasks of other
approaches.
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