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Abstract. This paper presents a design framework for artificial general intelli-
gence (AGI). The approach is guided by a simple question: if we encounter an
intelligent system, what could we observe? The answer is based on the idea that
intelligence emerges from simple goal-driven interactive adaptability, and the pro-
cess leads to emerging properties underlying complex behaviors of any intelligent
systems. These properties in turn serves as design criteria for the construction of
anetwork architecture of AGI which is proposed here for further investigations in
future studies.
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1 Emerging Properties of Intelligence

What could we learn about intelligence? Simon [1] approached this question by intro-
ducing the concept of interface to study intelligent systems. It is essentially a collection
of properties emerging out of the system’s behaviors seeking to achieve specific goals.
These properties in turn impose limits on what the system could or could not do. Using
the interface, an observer could predict how the system behaves when facing specific
events without knowing details of its internal reasoning processes.

Minsky [2] proposed another goal-based framework focusing instead on constructing
internal processes underlying an intelligent system’s behaviors. In this framework, the
system’s intelligence relies on a set of resources that could be combined in various
ways to create processes corresponding to different behaviors. A central concept is
resource management which deals with how resources, diverse in their representation
and capability, are acquired, evaluated, allocated, combined, and used. The system’s
intelligence could then be observed through these administrative operations.

In this section, these concepts are integrated into a simple computational model to
explore the idea that intelligence is closely connected to computational complexity cre-
ated by the process of continuous managing resources to achieve goals. By looking at the
interface of this process, the model discusses three emerging properties of intelligence:
cognitive redundancy, cognitive complexity, and administrative behaviors.
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1.1 Cognitive Redundancy and Complexity

The computational model views an intelligent system’s behaviors as goal-driven pro-
cesses that use resources to achieve goals when encountering specific events. These
processes are represented by the following structure.

fe > g—r} (D)

where e is an event situation which describes an event, g is a goal situation that describes
the goals the system wants to achieve given e, and r is a resource situation describing
resources the system uses to achieve goals. — is an operator that maps one type of
operator to another type of operator. The detailed construct of e, g, r, and — can be
ignored here since the abstraction is sufficient for the purpose of this paper. In other
words, we only look at the situations’ interfaces. Essentially (1.1.1) says that when an
event happens, the system decides whether it should set goals or not. Given a set of goals,
it proceeds to figure out the resources needed and how they could be used together to
achieve the goals.

What could the tiny structure in (1.1.1) tells us about intelligence? The most obvious
thing is that it describes an ideal situation in which we always know precisely what
goals to set and what resources to use. But the picture is less clear when we have a
circumstance in which event, goal, and resource situations interact to create complexity.
Consider the following three scenarios.

{{e > e1} > {fe > e1}. {e = ea}, {e1 —> ea}}} 2)
{{g = &1} =% {lg = g1} {g = g2} {g = &3}}) 3)

{{r>rtr>r->"{n—>nLir>nhin->nhLin->nll} &

The structure in (2) could be described in the following process. First, the event
situation e first encountered by the system leads to another event situatione;. This in
turn leads to a new event space created in the system’s memory to store configurations in
the form {¢ — e1}. The system now learns that there are more possible configurations of
the event space, a realization represented by the structure on the right of (2). The updating
process is represented by the operator — ¢ constructed as a term-rewriting operation on
hyper graphs [3—5]. Similar scenarios could be observed for the goal space in (3) and
the resource space in (4). The structure in (1) now expands into:

{e. =} = {s. =%} = {r. ="} (5)

with {e, =¢}, {g, =%}, and {r, ="} representing (2), (3), and (4) correspondingly.

The system’s ability to update event, goal, and resource spaces creates a cognitive
redundancy that imposes a limit on how flexible the system could be in term of creating
connections and switching between configurations to adapt to changes. Figure 1 (left
panel) visualizes the event space as a hyper graph, showing how diverse it has become
just after 6 updates from the initial configuration in (2). This leads to an increase in
cognitive redundancy observed in the rapid raise in the number of edge counts (Fig. 1,
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right panel). From this perspective, the concept of cognitive redundancy could explain
why models based on artificial neural networks, while performing well in some specific
tasks, often failed or perform poorly in tasks found simple by humans [6]. The reason
is that these models have rather low cognitive redundancy since their architectures are
essentially extensions of (1) which has only one updating path.
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Fig. 1. Left panel: the hypergraph of the event space after 6 updates from the simple initial
configuration {¢ — e;}. Right panel: an increase in cognitive redundancy as showed by a rapid
increase in the number of edge count.

Cognitive redundancy, however, comes with a cost. With a space of many possible
updating paths, the system must essentially perform a combinatorial task to select the
desired path to act upon. Besides, the combinatorial space is much larger than that
created by the hypergraph’s edges since the graph does not reflect possible updating
paths, instead it simply merges them into a reduced form. As a result, searching for
a right combination of resources situations requires exploration of all possible path
absent of effective administrative operations (Fig. 2, left panel). This combinatorial
challenge leads to cognitive complexity, which corresponds to an exponential increase
in the number of possible updating paths created by simple updating rules (Fig. 2, right
panel). Cognitive redundancy and cognitive complexity are thus emerging properties
that impose constraints on the system’s ability to find paths to its goals.

1.2 Administrative Behaviors

What should the system do when facing cognitive complexity? A likely response is to
seek for a balance between redundancy and complexity to achieve desired goals. This
implies that there should be a mechanism to achieve this balance, which is essentially
an administrative task. The most obvious thing for the system to do is to impose a set of
constraints on the scope of the updating process. For example, it could impose limits on
the number of updating steps or the type and scope of resource situation. Alternatively,
it could simply restrict its attention to specific event, goal, and resource situations. For
example, an organization could create an identity, focus on specific goals and work
within specified budget plans to manage complexity [7].

The multipath evolution of the system hints at a more elaborate mechanism involving
two phases. First, it could adopt a kind of analogical reasoning that could rapidly identify
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Fig. 2. Left panel: the multipath evolution of the resource space with each possible path pointing
to a hyper graph having an increasing number of edges. Right panel: an increase in cognitive
complexity in the event, goal, and resource spaces as reflected in the exponential increase in the
number of edge counts in the multipath evolution.

equivalent combinatorial paths. Minsky [2] suggested that this type of analogy is used
in human intelligence, but the general mechanism is unknown. That said, in a multipath
system, analogical reasoning could be viewed as performing an operation similar to
the Knuth-Bendix completion algorithm that seeks to reduce two updating paths to the
same structure (Fig. 3) [5, 8]. Another possibility is the deployment of special type of
resources that are essentially computational systems specializing in doing combinatorial
tasks quickly. These resources thus help reduce the search space to a more manageable
structure. An example is the use of a hybrid physical-biological computation network to
perform massive parallel computing tasks [9].

In the second phase, the system performs domain specific credit assignment opera-
tions which are essentially weight assignment tasks. An intelligent system is thus likely
to have a memory of different credit assignment methods corresponding to different
configuration of event, goal, and resource situations [2]. And this implies acquisition of
a large memory of decision processes made by diverse intelligent systems.

Fig. 3. Left panel: Knuth-Bendix completion rules for the event space. Middle panel: Knuth-
Bendix completion rules for the goal space. Right panel: Knuth-Bendix completion rules for the
resource space.
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The model proposed here is far from a complete and accurate description of intel-
ligence at an abstract level. It presents a computational way to investigate properties
of intelligence that has novel architectural implications. The hypergraph structure with
dynamic updating rules enables us to model intelligence at a level sufficiently abstract to
accommodate different problem domains. Through the model, we discovered two impor-
tant concepts, cognitive redundancy and cognitive complexity, and this in turn leads to the
emergence of administrative behaviors as key mechanisms underlying the evolution of
intelligence. Using these constructs as design criteria, the next section presents a design
framework called network of mind (NoM) to demonstrate how complex intelligent sys-
tems could emerge from the simple task of dealing with redundancy and complexity
during the search for paths to their goals.

2 The Architecture of NoM

Several conceptual constructs are used in NoM to represent three ideas. First, intelligence
is simply considered as a process in which a system learns how to achieve goals by trying
to be resourceful given specific circumstances. Being resourceful here means having
the ability to combine and switch among different ways of doing things. Second, the
learning process arises not only from internal capability but also external interaction with
other systems. Finally, intelligence processes are implemented in a network structure
that makes difference between layers of representation of knowledge rather superfluous
while enabling massive parallel operations to deal with cognitive complexity in a fashion
inspired by Nicolau et al. [9].

2.1 Key Constructs

Imagine a world in which things exist in construct called entities. Each entity is associated
with a finite collection of interfaces through which it interacts with other entities. The
interaction process takes place when an interface receives some input and sends out
output. The interaction is feasible when the output sent out by one entity are accepted as
input for at least another entity. Input and output could themselves be entities. Entities
that do not have an interface are called uncertainties.

Entity = {{interface — {input, outpur}}}| (6)

Some entities send out their output through the interface without having definite
receiving destinations, while others deliberately send output to specific targets with the
expectation of getting something back. An entity behaving like the latter are called an
agent. Its interaction with other entities is called a probing process in which the agent
uses a set of entities called models to extract information from the other entities through
their interfaces. A model’s output could be used as another entity’s input, and the entity’s
output another model’s input. A model, however, only works through a single interface,
and an agent could use different models to probe the same interface of an entity. The
agent also needs to update its models when no longer relevant or less effective.

Model = {interface — {input, output}} @)
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Each agent only pays attention to certain entities called entities of interest (EOI).
The probing models thus play a dual role. First, they serve as a tool for the agent to
discover an EOI’s interfaces. Second, they are used as learning mechanisms that enable
the agent to extract properties associated with the EOIs in a probing process. A property
is essentially the result of a transformation of a probing process’ output into constructs
that remain invariant to the agent. From time to time an interface’s output could be
used as properties without further transformation. Different models learn about different
properties of the same EOL

When the agent wants to make changes to its EOI’s properties, it needs to use some
models to interact with the EOI’s interfaces. This is called an affecting process in which
the employed models and interfaces could be the same or different from the probing
process’ models and interfaces. When performing an affecting process, the agent may
need to use several models at the same time to alter properties that could not be handled
by a single model.

In this situation, the agent must perform a composition operation on the existing
models to build a new model that could affect its EOI. Essentially, this process determines
whether and how certain models could be combined to affect the EOI’s properties.
The composition operation consists of a parallel operator, a sequence operator!, and a
difference operator that work on multiple levels of model composition. The parallel and
sequence operators work on finding ways to combine the models, while the difference
operator checks how well the composition process has worked so far.

The agent could own some models and entities while having access to other models
and entities through transactions made with other agents. To make this possible, the agent
must have currency and suitable transaction models. Within the context of the society
proposed here, it is assumed that transaction costs are zero. As a result, agents could gain
access to each other’s models, making the ownership cost of the models equal to zero
unless they are unavailable when being requested. That said, adding transaction costs to
the society would put more constraint on learning and make intelligence more dynamical
as some agents will create better models and acquire more currency from selling their
use to other agents. This would eventually lead to competition in building better probing
models, creating diversity in the agents’ probing capability. It is not unreasonable to
think of a society where some agents develop models to attract other agents’ attention.
Whatever the situation, each agent uses an administrative process to check whether a
model is available, how long it could be used for, how much it would cost, how to carry
out a transaction, and how it could be accessed by the agent.

The operators act as an internal interface through which the agent learns over time,
in a process called composition search to find out how to compose models to affect
its EOIs’ properties. Since it is possible that there could be more than one way to
compose the models to achieve the result, this creating cognitive redundancy in the
search process. This redundancy, however, requires the agent to deal with cognitive
complexity arising from the task of finding the right model composition amongst many
scenarios, especially with increasing number of models. As a result, complexity makes
the composition search’s solution at most a local optimum, thus leading to a diversity in

I Additional operators such as initialization, copying, merging, and terminating could be added
to the operation when needed for complex situations.
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the composition search’s results even when the same search strategy is used. From time
to time, the composition operation requires not only internal models, but also external
ones acquired through transactions with other entities. The agent is said to be resourceful
if it knows how to switch among different approaches to constructing the composition
search.

The probing process could be represented by the following incidence matrix.

e; e,
P1 X11 X1
Pk XK1 Xki

Fig. 4. The probing incidence matrix.

Essentially, each agent’s probing process could be represented as a weighted hyper-
graph with it probing models’ interfaces p; as vertices and its EOI e; as hyperedges
(Fig. 4). The properties generated by the probing process are represented by the variable
x which changes over time as the agent adjusts his models and the entities’ interfaces
are updated. x;;, the weight of the vertex p; is essentially a list of properties of entities e;
learned by the agent through model p;. In this context, an entity is a hyperedge consisting
of weighted vertices that are essentially models used by the agent to construct its repre-
sentation of the entity. The incidence matrix is thus a random matrix with distribution
of its elements capturing the agent’s probing process over time.

The agent recognizes an event when there are anticipated changes in its EOIs’ prop-
erty measures. Events could occur internally when the agent adjusts its probing process,
causing changes in its assessment of the entities’ properties. Events also occur exter-
nally when causes of changes come from without. The agent has a goal when it seeks to
achieve specific property measures for its EOIs, and goals arise when the agent reacts
to changes caused by events.

Intelligence arises when the agent tries to be resourceful in reaching specific goals
that are set when it wants to interact with current EOI or new entities it never encountered
before. The agent starts with an initial set of goals and proceeds to adjust them over time
through two mechanisms. First, it reflects on how certain goals were achieved easily
while others were more difficult to realize. Second, it learns how appropriate its goals
are through communications with other agents.

Usually, the effecting process requires the composition operation as there could be
many models involved in the probing process. This operation could be captured in the
following incidence matrix (Fig. 5).
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e; e
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ay Vi1 Vit

Fig. 5. The affecting incidence matrix.

The matrix’s structure is like that of the probing process, but unlike x, y only takes
the value of 1 or 0, indicating whether an affecting model g; is used in the probing
operation or not. Like the probing incidence matrix, the affecting matrix only indicates
which models were used in the probing process while revealing little as to how the
affecting process happened. This could be addressed by the introduction of a diagram
wiring scheme and a composition matrix to represent the composition operation (Figs. 6
and 7).

c
my
m3 me
m;
my ms my

Fig. 6. A composition operation represented as a simple wiring diagram that consists of a parallel
operator and a sequence operator working on 7 models. The box represents the model and the
wiring the models’ input and output. The relationship between the models in this composition
operation could be captured by the hypergraph ¢ for two reasons. First, all models would be used
in the operation. Second, they could be combined in more than one way to achieve the same result.
In this example, the hypergraph also consists of two directed graphs. This simple structure could
be expanded to include other data operations such as initialization, termination, copying, merging,
and feedback.

Theoretically, this operation could potentially be analyzed by using codesign theory
and the concept of compact closed categories that essentially deals with composition
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my my
my Y11 Yu
my Yk1 Ykt

Fig. 7. A matrix representing to complement the composition hypergraph. In this matrix, m
represents the models used in the composition operations, and y takes value of 1, O or nothing.
When y;; = 1, it implies the model m; is composed sequentially with m; in this order. When
Yii = yij = 0, it implies m; and m; are working in parallel in the same or different wiring
operations. When y;; has no value, it indicates there is no composition operation working directly
on both models.

possibilities [10]. One crucial requirement for this approach to work is that the mod-
els’ input and output must form preorders that enable the use of enriched categories.
Intelligence, however, seems to be able to deal with things that do not seem to have this
structure. A workaround would be equipping the agent with a mechanism to transform
their models’ inputs and outputs into preorders, thus enabling us to analyze the com-
position process more rigorously. Formally, this could be represented by the following
proposition:

> (C,E,1) =P(€) & (C, I, ®)iscompactclosed (8)

Essentially, (8) states that as soon as the composition operation >« finds a combi-
nation of models C that generate desired properties P of some EOIs £ under the con-
straint /, it could be concluded that this process be equivalent to making the symmetric
monoidal category (C, I, ®) a compacted closed category. What this proposition implies
is that while evolution of intelligence may not be expressed in any precise mathematical
formalism, the results of the evolution could be.

This proposition, however, says little about the dynamics of the composition search
over time, especially when the agent must perform several operations at once to deal
with different EOIs. This issue could be addressed by analyzing the evolution within
the framework of hypergraph categories which represent the process as a set of (C, I, ®)
nested within and connected to each other via a Frobenius structure [11]. Representing
the composition process in the language of hypergraphs and categories would enable
appropriate use of algorithms such as the Knuth-Bendix completion rules while dealing
with increasing cognitive complexity.

2.2 Learning and Intelligence

Initially, each agent is endowed with a set of EOIs a set of models to probe and affect
the EOIs. To better organize knowledge as the number of EOIs increase over time,
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during the probing process, the agents seek to construct relationships between entities
by transforming the hypergraph’s incidence matrix into the following adjacency matrix
(Fig. 8).

ey e,
€1 1 T
e, 1 Ty

Fig. 8. The entity relationship matrix.

The value of r;; is derived from the properties generated by the probing results of two
entities e; and ¢; by all models available to the agent (Fig. 4).  is thus a multi-dimensional
variable representing what the agents could learn about connections among the EOIs.
For example, one value of r;; tells the agent whether two people e; and e; come from
the same family while another value capture their roles in the family. Looking at these
values, the agents could build a family structure that consists of e; and ¢;. In another
example, it could learn that both e; and e; are cities belonging to a larger entity e; which
is a state or a country.

In general, the agents could construct three kinds of relationship based on the mea-
sures captured in the adjacency matrix. The first type enables the agent to group entities
into categories according to similarity in their interfaces. In other words, if two entities
response to the probing by a similar set of models, they would belong to the same cate-
gory. The second type looks at relationship within a category in more details by linking
together entities that share similar properties. The third type enables the agent to build
invariant structural relations that could be applied to different entities, regardless whether
they belong to the same category or not, and this could be achieved via exploiting rela-
tions among properties. For instance, the agents, by looking at specific properties of e;
and e; through the probing process, could build a structure to describe their relationship
as family members (husband, wife, daughter, dog etc.). they could reuse this structure
when encountering a similar context when probing other EOIs, a behavior that has been
observed in experiments with mouse brain [12]. While the agents could build structures
of relationships among his EOISs, the capability to do so varies as each agent has different
probing models with different quality.

Having the capability to find connections and build structural relationships among
EOIs, the agents only pay attention to entities likely connected to his current EOIL. By
doing this, it could learn to anticipate and response quickly and systematically to events.
Suppose that there is an event affecting properties of an entity e;, and the agents know
that by using its knowledge of relationships among EOIL, e; and ¢, will also be affected.
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With this anticipation, they could know how to prepare response to changes in not only
e; but also e; and ey.

Even though the agents pay attention to entities related to its EOI, their attention
level differs from each other. Some agents care more about specific properties of itself.
Other agents start with several interests but over time become slack, while a few keeps
increasing their learning capability. That said, when the agents encounter a new entity,
they would use all available models to probe it. Results generated by the probing process
would give the agents three choices. The first choice is to add the entity to its list of EOIs
if there is a hint of a relationship between the entity and some of the existing EOIs. The
second option is for the agent to broadcast the encounter to other agents through the
administrator. In case some other agents have the right model to deal with the entity,
the agent could proceed to make a transaction, if needed. The third choice is to simply
ignore it.

When it comes to the composition operation, the agents follow four principles. First,
the EOI’s input and properties must form or could be transformed into preorders as this
enables the agent to establish some sort of hierarchical relationships among the input
and the properties. These relationships would in turn enable the composition operation
to learn roughly but quickly which combination of inputs or properties will likely be
feasible. Second, they do not optimize but only seek heuristically to find approximately
right solutions when facing complexity, such as creating changes in an EOI’s properties
that are within an acceptable limit. This is to avoid the trouble of having to deal with
cognitive complexity and to also utilize what the agents know about input, properties
and emerging structures learned from reflection.

Third, the agents operate on the model interfaces rather than the actual model con-
structs. In other words, the agents, assuming that they have full knowledge of the com-
position search’s behaviors, perform simulations of the operation instead trying to use
the actual models all the time. By doing this, the agents would avoid the issue caused by
unavailability of some models while still operating within a margin of safety. Finally, the
composition search could benefit from transactions among the agents, especially when
there is a competition among them with the introduction of currency.

To sum up, in the society just constructed, the agents start learning by using available
models to probe their EOI through their interfaces. The probing process generates prop-
erties associated with the EOI, and these properties enable them to acquire knowledge
of the world around them. But probing is not sufficient as they also want to change the
properties, and when no existing model could be used, the agents perform a composition
operation to create new models from what he has. This composition operation in turn
requires an administrative operation to handle communication and transaction involved
in model acquisition.

Properties and changes in their measures give rise to events and goals which in turn
create a demand for intelligence. In addition, properties enable the agents to build rela-
tionships among entities, thus enabling them to learn about these entities not just through
knowing individual properties but also through understanding their structural relations.
As a result, they understand and respond to events with more complex dynamics. The
goal setting capability is thus enhanced accordingly, with intelligence pushed to a new
level. In the long term, what matters most to the development of intelligence is the
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administrative capability to effectively deal with composition search under increasing
transaction costs and cognitive complexity.

It is thus sensible to say that one agent is more intelligent than another if the former
performs the probing process, the composition search and the administrative function
faster and more effectively than the latter does. To achieve these results, the agents use
three mechanisms. The first mechanism is a series of snapshots of the learning process he
creates when at least one of the following four situations happens. First, the agents create
new affecting models through the composition operation. Second, the agents add new
entities to his list of EOIs. third, there are changes in the existing entities’ properties, and
the changes are so significant that they lead to different structure relationships between
the entities. Finally, the agents may take a series of snapshots to learn about property
relationship which informs whether there is a connection between properties of a specific
entity, thus pointing to implications that may benefit the composition operation on the
probing models.

The snapshots are essentially entities which would collectively form the agents’
memories which could be stored in and retrieved from the following structure. From
time to time, an agent could share some of their snapshots to other agents, leading
to message exchange, reevaluation of learning capability, and transactions when the
snapshots contain models that the other agents need to work on existing and new entities.

l
{el(rlt N {pmt’xmt’ cpmt’ amt’ymt’ Camt}}izl’ (9)
where
- ,.mit mt 7] B mt mt 7]
X1 Xk i1t Pk
pr=Apr = e e = (10)
mt mt mt mt
L X1~ Xk L Py~ Py I
[~ ,mt mt ] B mt mt ]
Yir oY cayp - cay
amlz{al{ll"'.’a;ﬂl‘}’yml: ,ca’mz (11)
mt mt mt mt
LYir Y Leapy -+ cay

Essentially, an agent m’s snapshot ¢ is alistin which element i describes an association
between the entity e; and the corresponding probing models (p), property matrix (x),
composition matrix for the probing models (cp), affecting models (a), affecting matrix
(y), and composition matrix (ca) used by m in the probing and affecting process. The
snapshots are a rough representation of what happened in the past since the agent only
records them in certain situations, thus making a trade-off between perfect memory and
computational complexity.

The second mechanism is credit assignment which essentially ranks composition
searches by reflecting on past snapshots. When probing a new EOI, the agents would
favor probing models and composition solutions that have higher credit assignment. One
simple strategy is to extract and give higher credit to models that remain invariant in
the probing and composition operations over the reflection period. If these models turn
out to be effective, they will in turn reinforce their credit ranking. This circle will allow
the agents to reduce search time and avoid unnecessary computational complexity when
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probing new EOIs or performing composition operation. The strategy, however, may put
them in a difficult situation when they overuse the credit assignment without considering
the context applied to. Regardless of the strategy used, the credit assignment essentially
deals with estimating the following probability

P (C,E, 1, PE))| v (C*, EX, 1%, P(EY))), (12)

where * denotes a degree of similarity between elements of other composition
operations and that of the current operation.

The third mechanism is parallel processing of the probing operation, the administra-
tive function and the credit assignment process. The idea is rather simple. Doing things
in parallel, if the outcomes could be combined in the right way, would speed up the
computational process significantly, especially when the number of tasks increases. Per-
forming the composition search concurrently, however, may be more difficult unless the
agents have enough redundancy in its architecture to support the operation. The reason
is that as some models are used during one instance of composition search, they will not
be available for use in another instance unless the agents have some copies ready for the
operation. This architecture issue is discussed in the next section.

2.3 Network Structure

Having developed the constructs for the learning process and the mechanisms to cre-
ate memories that enable agents to be more intelligent, they need a place to store the
constructs and operate the mechanisms. What would the architecture of such place look
like? The first feature of the architecture would be a network-like structure, since the
learning process relies on connections between the probing, affecting and administra-
tive operations. Organizing these operations around networks would enable them to be
carried out in parallel efficiently.

The second feature would be a separation of the architecture into two parts in term of
operational speed and complexity. The first part consists of computing nodes focusing
on coordinating probing, affecting and administrative tasks in parallel. The nodes do not
carry out the operations but perform a supervision role instead. This part also contains
nodes linked to the actual models used in the operation. They serve as a temporary
memory that keeps information about the EOIs and model interfaces. This enables the
supervisory functions to work on these models and entities at rapid pace and, when
possible, in parallel fashion.

This process works with the principle that knowing what comes in and what comes
out through the interface would be reasonably enough to make judgements as to whether
the probing, affecting and administrating operations would work or not. Besides, the
nodes always make the interface available when needed by these operations, while
actual models may not. Doing so, the agent is sacrificing uncertainty in access and
slow precision offered by operations on actual models for high availability and rapid
approximation delivered by implementation on the interfaces.

The second part is where snapshots and the actual models’ constructs are kept. The
purpose of keeping these entities in a separate place is twofold. First, it will over time
require more and more permanent memory capacity and putting these in the first part
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of the architecture will create a server constraint temporal memory needed for crucial
operations. Second, working directly on the models and wait for actual results is much
slower than working on their interfaces with the presumption that the interfaces would
do what the actual models would do, especially when many models get involved in the
operations. Finally, it is less computationally complex to have a verification on actual
model at the end of an operation rather than at each step in the process. That said, some
models that are used frequently and have simple constructs could still be kept in the
first part, especially those serving as elementary constructs upon which other models
are built.

Next, what languages do the operations use to communicate and coordinate? For
the first part of the architecture, it must be simple enough to enable the operations
to be carried out rapidly in parallel without causing computational overhead. A binary
language appears to be a sensible solution since the elements of this language are just bits.
And the rules for this language should be based on basic logical and bitwise operations.
Thus, at the center of the architecture are binary networks that perform the probing,
affecting, and administrating operations. Recent developments in studies of binary neural
networks pint to the potential of this computational model [13]. The next challenge is to
construct appropriate coding for the network. One could imagine watching such networks
at work when some nodes become active, they represent models that are being used in
the operations. And when they become active together, they are used in a composition
search, and we could say that when they fire together, they wire together. These nodes
are not models that perform complicated computations, instead they serve as an interface
to those models.

For the constructs stored in the second part, they could be represented in any lan-
guages that satisfy three criteria. First, the language must have an interface to the binary
language used by the first part, thus enabling communications between the actual models
and the representative interfaces. Second, the language must support execution of paral-
lel operations on the constructs initiated by the binary network. Especially, it must enable
parallel operations to be carried out without causing unnecessary computational over-
head. Finally, it must has a common interface to enable the agents to exchange messages
and make transaction with each other, and these tasks could be performed in a parallel
implementation made possible by development of mature and robust message-based
concurrent programming language such as Erlang [14].

Knowing how these constructs should be implemented and what performance would
be expected from such implementation would allow validation of the architecture pre-
sented here. What this paper hopes to accomplish is to present new conceptual elements
as core design artifacts of intelligence. Being a proposal of new ideas, the paper has not
addressed issues such as how credit assignments evolve and how the agents deal with
cognitive complexity during the composition search process over time. We believe that
the best avenue to seek answers for these questions is in actual implementation of the
architecture, and this our goal in the next endeavor.

3 Conclusion

This paper approached the study of intelligence from a network computation perspective
based on abstract structures that could be applied to different contexts rather than just
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specific tasks. These structures were constructed by observing emerging properties of
intelligence that essentially deals with cognitive redundancy and complexity. Using the
concept of agents, the study is also concerned with social aspect of intelligence. As a
result, agents would be expected to exhibit administrative behaviors sooner or later in
the evolution of its intelligence as they learn how to deal with cognitive redundancy and
complexity effectively. From a design perspective, the basis to support these behaviors
is a network architecture amenable to structural analysis based on network theories and
hypergraph categories. Key conceptual constructs of this architecture were developed
and discussed with the purpose of creating a sound basis for further investigations in
future studies.
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