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Abstract

In the evolution of the mammalian brain the two-sided nature of the neural motor
control and sensory input has been preserved in the architecture of the cerebral matter.
We believe this fundamental two-sided nature of the mammalian brain to hold a very
important clue to the problem-solving capability of the higher mammals. The idea of a
two-hemisphere architecture on the macro-level and modules of neural networks on the
micro-level, with conflicts between the two, as observed in Nature, provides a basis for
the next generation of artificial problem solvers, exemplified by our Janus architecture.
This architecture consists of two halves that can independently process the same data
and generate decisions about a change of the robot’s state. The halves are connected
by simple processing channels through which they can exchange information at various
levels. The brain consists of neural networks at its lowest level, and so is adaptive, but the
two sides process and learn about the environment in subtly different ways. The Janus
architecture is described here in a top-down modular fashion, leading to the presentation
of the model for a simple prototype system, Janus I, which is to be developed through
simulation. Janus T is a first step into “reflective” architectures, whereby the system
internally reflects about the capabilities and reliability of its modules.

1 Motivation

One of the higher-level aims of neural network research is to develop systems that will be able
to perform a wide range of tasks, and survive in a changing and perhaps hostile environment.
Most neural network research to date has been involved in developing low-level models of
network architectures and dynamics, as well as learning algorithms for the same. Each of
the individual networks alone cannot however satisfy all the requirements of an adaptive and
at least partially autonomous system. It has been shown on a number of occasions that the
fundamental scaling properties of such networks make the quest for a scalable general-function
net rather naive [SM90, MP88a, Miih90, TJ88]. What is required to solve large, complicated
tasks is not large, complicated networks but a large number of small network modules, each
of which may be specialized in the performance of a particular aspect of the complicated task,
with perhaps suggestions made by these modules to be combined further up the hierarchy of
the system, in order to produce a measured response.
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The actual details of the mechanism of such a system, and its architecture, is a matter for
investigation, and not all hierarchical structures will necessarily produce desired intelligent
behaviour—indeed this depends very much on the environmental constraints and the network
constraints in the form of the types of functionality available from the modules. The call
for a step in the direction of the development of modular systems has frequently been made
[Sel59, Min85, MP88h, Ede87, Mel88], but up till now most of the emphasis has been on
developing small modular systems specialized as a whole for a particular task domain [Wai89,
NKK90, SNA89, Ebe89] rather than systems capable, merely through a higher-level alteration
in the specification of the architecture or environment interaction, of being used in a wide range
of applications. This call is echoed in this research, with the introduction of a fundamentally
different architecture for the brain of a robot.

2 Introduction to the ideas of Janus

This paper is concerned primarily with a description of the fundamental properties of the
architecture and its prototype, rather than with a justification, be it technical, philosophical
or biological, of its existence or desirability. Indeed, one of the primary goals of this work is
to determine the properties and advantages of such a brain architecture, rather than derive it
from a desired functionality.

In this paper we describe the Janus architecture in a top-down modular fashion, starting
with a general heuristic for a problem-solving brain, based on simple observations of the
two sides of the human brain, leading to a presentation of the specific Janus I model for a
simple prototype system. The choice of the architecture constraints was directly influenced by
simple observations of the top-level structure and behaviour of the human brain [Ecc79, SD85].
However, the similarities end at that level and a great deal of freedom is permitted in lower-
level development, within the framework of the above constraints.

The emphasis at the initial stages should be not so much on exploiting the new architecture
so as to attack more difficult tasks, but rather in developing it in such a way that simple
but non-trivial tasks may be performed using an architecture that can be built upon and be
applied to the harder and more interesting tasks. With the harder tasks the contribution from
the use of two sides of different processing nature may be better assessed.

A Janus brain controls a robot that exists in a changing environment, and that can be affected
by the environment and likewise can affect the environment itself. The robot can possess
various sensory attributes in order to perceive the environment in which it exists. It can be
affected by the environment either directly, through physical contact with stationary barriers
or collisions with moving objects, or indirectly in the thought and learning processes within
the brain. The robot itself can affect (its perception of ) the environment either non-physically
through controlling the sensory inputs or directly through effecting physical alterations in the
environment.

The highest-level description of the Janus architecture is illustrated in figure 1. The sensory
representation of the environment provides the input to the system, and the output from the
system is in the form of motor connection to parts of the robot which can change its or the
environment’s state. At this level we find it expedient too to introduce an input representing
“reinforcement”—an immediate low-level signal which does not require analysis by the brain.
The brain is divided into two halves—left and right. All sensory and reinforcement signals
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Figure 1: Highest-level representation of the Janus architecture.



from the left side of the robot pass directly to the right half of the brain, while those from
the right side of the robot pass directly to the left half of the brain. The left halt of the brain
controls directly the motor outputs controlling the right side of the robot, and similarly the
right half controls the left motor side.

There exist simple connections between the two sides, through which information can be
exchanged. Thus it is possible for both sides to receive sensory information about the whole
environment and robot’s body. Since the sides can both operate independently and process the
same information differently, some mechanism must exist for reconciling two opposing motor
decisions. This also entails use of the connections between the two sides.

Finally, an approximate symmetry is imposed between the halves, with regard to the modular
structure (to be described below) they possess.

In addition to these constraints, an important aspect of the Janus architecture is the difference
in the processing and learning of the data itself on the left and right sides.

3 Difference between left and right processing

There exists a difference in the method of processing information on the two sides of the brain,
but this difference, the partial existence of which forms a formal constraint of the architecture,
may only be visible at an intermediate level of the brain operation.

The same inputs are accessible to both sides of the brain and the data is analysed by modules
of neural networks of which there are an abundance of all types on each side. Thus the same
information is available to each side, but different aspects or global/local representations are
considered by each side. Likewise, in learning about the environment different aspects are
considered, and in such a way two different interpretations of the environment may develop.
Such differences were inspired through observation of the many split-brain experiments [SD85]
and the evidence they provide, in a nutshell, for the greater degree of analytical interpretation
of events on the left side, and more of a non-critical passive acceptance and modelling of the
environment in a synthetical way on the right side. We hope to include such differences in
our model eventually in a general way through imposing greater self-supervision on the left
side [EccT9]. In the initial stages such differences will have to be more specific.

Since the sides can both operate independently and process the same information differently,
a mechanism exists for reconciling two opposing motor decisions, based on a dominance—
recessiveness principle. This also entails use of the connections between the two sides. We
view the concept of conflict between sides as an important ingredient that will later highlight
the desirability of Janus architectures.

Thus, one could in a generalizing way say that the right side models the environment and its
effects through unconscious associations, without trying to rationalize them, while the left side
models the environment through classification and categorization of the properties of objects
and events in a more analytical manner. The opposing processing characteristics on the two
sides create conflicts that will allow a higher level of system behaviour.
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Figure 2: Block-level description of the Janus architecture, showing the three main areas of
the brain, and their interactions.

4 Detailed description of the Janus architecture

The next level down in the description of a Janus system concerns the three processing blocks
on each side. The first is the environment modelling block (EM). Here all the sensory inputs are
received and processed, objects and events are classified, and future states of the environment
can be predicted using past states. Such skills are learnt from observation of the environment
and causes and effects. This block represents the understanding acquired by each side about
the environment.

The next block is concerned with decision making (DM). Input comprises an internally gene-
rated objective or goal (constrained to be the same on both sides), the current state of the
environment and the system (which may be channelled from the last block or transmitted inde-
pendently via a preprocessing mechanism directly from the sensory inputs), and a specification
of the constraints on the system’s capabilities and the hindrances within the environment, or
externally defined rules the system must obey. Output consists of an intention to be fulfilled
by the next block.

The third block is the motor-control centre (MC). It translates intentions from DM into signals
intended to achieve this, that pass out of the brain to the attributes of the system producing
environment interaction via the use of various appendages. Further inputs to this block come
from the attributes themselves, informing the brain of their current state. The overall block-
level description is illustrated in figure 2.

Within each block are a set of modules (of variable complexity—this is a generic name) con-
cerned with different aspects of the functionality of the block. EM might receive data from
visual and tactile senses. The areas in the block concerned with low-level processing of infor-
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Figure 3: Environment modelling (EM) block of the Janus architecture, showing modules and
information transfer between the two sides.

mation of each sensory type each have preprocessing modules to build up the image into sets
of fundamental shapes. From here inputs could be provided to object classification /recognition
modules, which could further supply inputs for the classification of more complex objects com-
posed of sets of the basic objects, as in Pandemonium I [Sel59]. The inputs and outputs of such
modules are not however constrained to follow this specification nor is a module prevented a
priori from receiving input from any other module (although one would in general desire a
downward flow of information). In addition to classifying static objects, this block is equipped
with an appreciation of temporal events. Thus one might also find modules concerned with
detection of motion and then prediction of trajectories followed by objects. In short then, the
modules work together to model the environment using sensory information. At this block
too, the connection between the two sides of the brain allow unprocessed sensory information
to be exchanged, so that both sides might act on the same data. The EM part of the brain is
shown in figure 3.

There are various mechanisms one might envisage for the DM block. The constraints are that
it employ a set of learnable strategies in the analysis of current system/environment/goal
states, and that it evaluate the appropriateness of a suggested decision using knowledge of
the environment in EM, so that it might “look ahead” a certain number of steps, and predict
consequences of its intended actions. DM must also receive information as to the success
or failure of a strategy/series of moves. This can take the form of progress monitoring in
attaining a goal or time spent searching etc. DM should have the capability of changing a
strategy (defined perhaps as a series of sub-goals) before the goal has been attained, if it no
longer is the optimal one (due to changes in the environment etc.). A simple connection must
exist between left and right halves in order that the intentional output is the same on both
sides. To represent such a mechanism we postulate a “Master” that receives the suggestions
from each side and, depending on the current state of dominance of either side (or some other
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Figure 4: Decision making (DM) block of the brain, showing modules and possible interconnec-
tions with EM.

comparison procedure) replies with the intention that must be used and passed on on both
sides. There are also connections between the sides to equalize the goal understood on both
sides, and a connection may also be used to transmit information about the strategies used
and learnt (see below). The decision making blocks are shown in figure 4.

The third block also consists of a series of modules. They are each responsible for effecting the
intention from the DM by moving limbs, firing motors, moving eyes, etc. A typical module
might receive input from DM specifying decision of motion, and the muscle being control-
led informing it of the current situation. There exists a coupling between respective modules
concerned with corresponding attributes on either side of the robot, so that a coordinated
movement may be learnt. Thus a module may be informed of its neighbour’s state and cor-
responding modules may learn to work together to achieve a coordinated movement. In order
to enable learning, general signals denoting the success or failure of a movement are available
from a type of reinforcement mechanism, which may in fact indicate the robot has crashed or
fallen due to incorrect coordination (figure 5).

The modularity of a Janus architecture permits almost independent development of its va-
rious blocks, and modules within the blocks. Modules may be added gradually, to allow more
complex behaviour to arise from each of the blocks, and the system may grow within the
framework and constraints of figure 2.

5 The Janus I brain

Janus I is a first simple exploratory attempt at building a system with a Janus architecture.
Janus I exists in an environment occupied by at least one other object, and which is a two
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Figure 5: Motor control (MC) block of the brain. The modules control different physical
appendages which may affect the environment, and must coordinate on the two sides.

dimensional space. The environment modelling block comprises only visual information, from
which is derived the recognition of simple one dimensional objects and movement. At the
next level a module is involved with learning the motion of such objects. In the DM block
the goal consists of catching a particular object in the least number of steps. There exists
a strategy learning module and a module that evaluates suggestions using look-ahead from
the motion-learning modules above and by generating new imaginary environment states, as
was done in Pandemonium II [Sm188, MKB89]. The decided intention is passed to the MC
block which contains a module (or set of modules [Smi90]) involved with coordinating leg
movements to produce a walking action. Figure 6 shows all these parts together, and their
mutual connections. The blocks are described in more detail below. The task of the robot
is to catch an object in the environment. This object may move and the robot is required
to learn this movement. A further robot capacity is to assess the strategy, working on the
reinforcement it receives about the length of time taken to reach the object. It does this by
storing it together with the classification of the movement of the object in a neural module.
Thus the robot makes decisions and chooses strategies based on past experience, although it
still has the capacity to choose new strategies when the familiar ones do not work. In the first
implementation the strategies are simply the number of look-ahead steps considered by the
robot, in choosing the best next step.

5.1 Object recognition/Motion prediction

The recognition of a one dimensional object may simply be represented as the classification of
its frequency spectrum—which may also be simple, but may vary in amplitude according to
its distance and in general through noise. Thus this module may also be used as a proximity
of goal indicator. Such learning as this can be initiated by any pattern classification type of
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neural network (OR). At this stage the object motion detector may be assumed and is just
indicated in figure 6 by a black-box module MD. Motion predictors (MP) are different on the
two sides of the brain. On the left the motion of an object is analysed, in the same vein as
in Pandemonium II [SmiSS, MKS89]. That is, the last p displacements and changes of angle of

a moving object are associated with the next, (p + l)th, displacement and change of angle,
using a neural pattern associator. On the right the trajectories of objects are learnt through
mimicking, using recurrent net learning [Ghe89, Pea88, WZ88]. Thus motion is not predicted
through analysis of preceeding steps, but rather through continuation of trajectories using
contextual information stored temporally. It may be noted that the right side may well be
better at predicting smooth motion than the left side, which will itself be good at suggesting
alternatives when a motion is irregular. Furthermore, the right side may have more success in
distinguishing motions which may be similar in some parts but not in others.

5.2 Decision making

The system has to make at each step a decision as to which direction it wishes to move in.
The goal is, as stated above, to reach the prey. The constraints on the motion of the system
may be for example that it can only move in smooth curves, rather than in any direction, or,
if it has a variable speed, that it must “go through the gears”. There may also be environment
constraints, such as obstacles or hostile objects. In fact the complexity of this type of problem
may be varied very easily.

Given the constraints and the current state of system /prey in the environment, and preceeding
environment frames, the DM makes a suggestion as to a suitable next move. The actual details
of the decision mechanism is a subject for research, and no specific rules are laid down here,
but in order to get a fundamentally different behaviour with respect to decision making on
left and right sides, it is suggested that strategy formation and learning should differ. On the
left side formation of a strategy involves the piecewise fusion of sub-goals. Each sub-goal is
assessed and according to a reinforcement signal of some kind its worth is revised. The same
goes for the assessment of combinations of sub-goals. Conversely, on the right side a strategy
consists of the consideration just of the goal, and no sub-goals. The worth of the strategy is
judged as a whole and learnt as a whole. It might also be suggested that complete strategies
initially be generated only on the left, and when constructed be learnt on the right (but as a
whole rather than in parts as on the left).

5.3 Learning to walk

Janus I is given two legs and not a set of wheels for a very specific reason. Each side controls a
leg and only through cooperation and coordination of the sides will it be possible for the whole
to move (note this does not mean the sides” autonomy is diminished). The robot is supported
by two legs, and unless the leg movements are coordinated the robot will either loose balance
and fall or even perform a random walk. Thus the robot has to learn not only to produce
leg movements which move it in a particular direction, but also those that are possible. In
walking, one foot is always in contact with the ground, and this leg acts as a pivot. Thus one
cannot walk either with both feet on the ground or with both feet off the ground. Nor is it
stable for both legs to head in different directions.

As a simple starting point, Janus I may have a very basic and highly constrained walking
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Initial state | Stable movements
5] (FLS), (LLS), (RLS), (S,F1), (S,R), (S.LD), (5.5)
(F18) | (SF1). (S.F2). (S.R2)

Table 1: Possible stable leg movements, given a starting position. A number indicates the
length of the stride.

system, so that it might have more chance of getting it right (more complex locomotion
systems may of course be built up easily around such a module, or replacing it). The robot
can always balance on its feet (or pods). Either leg is constrained to move in one of the three
directions left (L) right (R) and forwards (F). Left and right are defined by an angle to the
forward direction, and may also be changed adaptively by future modules. The stable end
positions of a walking motion are both legs together (SS), and one leg one stride ahead of the
other (FS or SF). S indicates standing. After each movement the robot is defined to be facing
in the direction it has just stepped, thus, for example, the end points of a motion involving
turning left with the left leg while the right leg stands still will be (FS). A leg can move a
distance of one or two strides, where a stride is defined as the maximum distance between
two legs (Note: in order to effect speed changes, one may alter the length of the stride using
future modules, for example). A two stride motion allows a leg to change from being behind
the other leg to being in front.

Table 1 shows the only stable leg movements, given the three possible starting positions
(numbers indicate length of movement). It may be useful to allow the robot to turn in any
direction once it is in the state (SS), but we do not consider this here. One can imagine
various levels of complexity/sophistication of such a leg control system. We emphasize here
the desirability of starting off with a simple system that is easily defined and results in tight
constraints on robot motion. Later on one can add sophistication, once the basic principles of
a coordinated motion have been established.

The subtlety of such coordination may be more evident when one considers that not only
is an intention and the present state of both legs necessary for deciding of the motion of
a particular leg, but most important is the decision for the other leg. In figure 7 a simple
adaptive associative net is suggested as a means to learning the above simple coordination. As
inputs each side receives the current state of its own leg and the other leg via the inter-side
channels, and the intention. The outputs consist of one of four possible suggested motions for
both legs. At these outputs a winner-takes-all procedure is initiated for each leg movement
[Mal73, Gro76, RZ85], and at the same time excitatory connections channel the outputs of
the left leg of the left side to the outputs of the left leg of the right side, and similarly for
the right leg outputs. The competition will cease when both sides agree on leg movements.
The correctness of these movements at all of course are learnt by each net separately, not
employing any winner-takes-all process at the outputs during learning.

6 Conclusion

Janus is an attempt at modelling biological brains not at the lowest neuronal level, but at
the module level. The assumption is that complex problem-solving strategies may better arise
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Figure 7: A suggestion for a simple adaptive pattern classification pair of nets to control the
walking motion. A winner-takes-all process proceeds in the feed-forward mode at the outputs
for the leg not directly controlled, in order to reach an agreement between the sides (only one
set of couplings shown).

through harmonizing many conflicting actions and sub-strategies. In Janus the system uses
actively the interaction between more analytical problem solving and more synthetical problem
solving. The system tries to improve continuously using its “reflective” architecture. It is
intended that each important module has associated a monitor module that estimates and
alters the capabilities of the important module.

The Janus implementation and simulation is made possible by a very powerful tool: the object-
oriented modular simulator NN3 [LT90]. Our initial experiments with such systems of neural
modules have been very promising.
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