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Abstract

In this paper, we try to combine the possibility of symbolic
deductive reasoning with the learning capability of the connec-
tionist models. We introduce several algorithms for learning rela-
tions between concepts and finding paths in a transitive manner
between learned concepts. An application that implements the
proposed model is described and a number of case studies are
presented.
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1 Introduction

Until recently, Artificial Intelligence methods were based on two main
paradigms: symbolic and connectionist. Symbolic methods extended
classic logic and were mainly used for problem solving and reason-
ing, whereas connectionist, sub-symbolic methods were mainly used
for pattern recognition and functional approximation. The former had
the advantage of explicit knowledge representation but learning was
difficult, and the latter had the advantage of learning, but were called
“black-box” models because the representation of knowledge was not
explicit at any time.

Cognitive psychology defines a cognitive system as a physical sys-
tem with two characteristics: representation and processing. For our
model, these two components will be presented in the subsequent para-
graphs. Our model can represent a base for developing the cognitive
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system of a cognitive agent, i.e. an intelligent agent capable of learning,
planning and problem solving.

2 The Model of a Learning Context

Information is not received and encoded in isolation. Every piece of
information is related to other information, close to it spatially, tem-
porally or even semantically. This is the reason why small fragments
of the learning circumstances can trigger the retrieval of the whole
situation [3].

Schemata are hypothetical mental structures for storing generic
councepts, pieces of appropriately categorized information, into mem-
ory. They can be regarded as a sort of framework structure for rep-
resenting knowledge. Schemata are similar in structure to type defini-
tion. A concept type may have at most one definition, but arbitrarily
many schemata. Schemata are thought to store generic, abstract, or
prototypical knowledge, i.e. they encapsulate perceived regularities in
experiences of which there have been many particular instances. Once
formed, they are used to guide further encoding, organization and re-
trieval of information. [2]

We define a learning context as a set of semantically related
schemata that are directly or indirectly linked to each other in the
representation:

LC ={s1 € S|Vsj €8, i#jlink(s;,s;) =1} (1)

where link : s> — {0,1} is defined as follows:

1 if 3 directlink(s;, sj)V
link(s;,sj) = 3 sy, € S, link(s;, sg) - link(sg, sj) = 1); (2)
0 otherwise.

The knowledge base of the agent contains a set of learning contexts:
KB ={LC; | i =T,n} 3)
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where n is the number of learning contexts in the knowledge base.

We define a concept as any element of the natural language that
can have a meaning by itself. From a functional perspective, a concept
can represent an object, an action or an attribute.

The knowledge base is represented as a localized neural network,
in which nodes correspond to concepts. The same concept can appear
in different learning contexts that can give it different interpretations.
Therefore, we differentiate between two types of nodes: simple pro-
cessing nodes and dictionary nodes. A dictionary node is a node that
uniquely corresponds to a natural language concept. A processing node
can be linked both to one dictionary node and to one or more process-
ing node. Processing nodes are used for actual information processing,
while dictionary nodes take over the internal computation results and
act as an interface for external communication.

This distinction is also based on the model of the biological brain,
where special areas exist for language processing [4, 5]. Two very im-
portant areas are the Broca’s area, a region on the inferior posterior
side of the frontal lobe, and the Wernike’s area, situated inside and
around the superior posterior side of the temporal lobe. The Broca’s
area contributes to sentences formulation, and the Wernike’s area is
respousible for language understanding.

Just like in a classic neural network, the nodes are linked by con-
nections with corresponding connection weights. Connections weights
can be either positive (excitatory connections) or negative (inhibitory
connections). The nodes have bipolar sigmoid (hyperbolic tangent)
activation functions, with no bias:

2 1_1—6_5

A T

(4)

3 The Dynamic of Learning
As the agent receives new information, it builds his cognitive structure

by adding or updating the connections between the nodes that corre-
spond to the concepts it has to process. Learning can occur in four
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situations:

3.1

o (Concept learning: When the agent discovers a new concept, it

creates a new dictionary node to hold the concept, and a new
processing node in the current learning context, which is linked
to the former;

Concept definition: When the agent encounters a definition of
a concept, i.e. the object-concept is described by a series of
attribute-concepts, it finds the processing nodes corresponding
to the concepts in the definition and then creates or updates the
connections between the processing node of the object-concept
and the processing nodes of the attribute-concepts;

Problem solving: When the agent must solve a deductive prob-
lem, i.e. finding a path in its knowledge base structure that links
an object-concept to an attribute-concept, it updates the connec-
tions weights on the path (if a path can be found), and creates a
new direct connection between the processing node of the object-
concept and the processing nodes of the attribute-concept. If
a path is found, this new connection is given a positive weight.
Otherwise, it is given a negative weight;

Forgetting: Although learning and forgetting seem antonymic in
common language, we define learning in a more general sense
that refers to the changes in the weights of the memory connec-
tions. Thus, forgetting means decreasing the absolute values of
the connection weights before a new context is learned.

Concept Learning

Suppose C' is the new concept that has been encountered by the agent.
In this case, two nodes are automatically created: a dictionary node
Ng(C)) and a processing node N,,. They are then linked by two unidi-
rectional connections, whose weights are initialized as follows:

weight(Ng(C), Np) = weight(Ny, Ng(C)) = m, (5)
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where 77 is a learning rate.

The two connections are needed because, similar to the case of a
human mind, a mental image can be activated by understanding the
corresponding word or, conversely, a word can be found to describes a
mental image.

An acceptable value we have chosen for 7y is 0.2 (see paragraph
3.5).

3.2 Concept Definition

In this case, the agent discovers a relation between an object-concept
Cop; and a set of attribute-concepts {C!;,,. }. The relation can be posi-
tive or negative, e.g. “George is tall” or “The flower is not red”.

The learning algorithm is:

find the dictionary node Ny(Cppj) associated with Cyy,
find the processing node NN, linked to Ny(Cy; )
for each concept Cyy in {CY,}
begin
find the dictionary node Ny(Cyyr) associated with Cyyy
find the processing node N, linked to Ng(Caty)
if the relation is excitatory then
weight (Npy, Npo) = weight (Npo, Npo) + 12
else // the relation is inhibitory
weight (Npy, Npo) = weight (Npo, Np) — 12
end if
end for

It must be noted that unidirectional connections are made only
form the object-concept to each attribute-concept. The reason for this
is obvious: “A dog is an animal” is true, but “An animal is a dog” is
false, because not every animal is a dog.

We use here another learning rate, 12, which can be initialized with
0.1. If a connection doesn’t exist, it is created and its weight is set to
72 or —12o, according to the polarity of the relation.
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3.3 Problem Solving

In the above-presented framework, we define a deductive problem as the
attempt to find a path in the concept space of the internal knowledge
representation between an object-concept and an attribute-concept.

Our solution was intended to reflect an analogy with the human
memory model. Traditionally, psychology distinguishes between two
types of memory: long term and short term memory [3, 6]. The long-
term memory (LTM) especially stores past information of great im-
portance and usefulness for the life of the individual. The short-term
memory (STM) allows the processing of recent, immediate information,
which has only temporary significance. While short-term memory gives
counsistence and meaning to the moment, long-term memory ensures the
continuity of the entire course of life.

Various experiments showed that those two types of memory differ
not only by their content, but they have different characteristics:

e Capacity: STM has a capacity of 7+ 2 chunks of information;
LTM has an almost unlimited capacity;

o Type of information encoding: in STM there is mainly a verbal
(phonologic) or imagistic encoding (it stores patterns of sounds
or images); in LTM there is a semantic encoding;

e Information maintenance: in STM maintenance is achieved by
continuous repetition; in LTM it is done by elaborative repetition
that forms associations between the existing items;

e Information retrieval: in STM, the retrieval is supposed to be
serial (e.g. remembering an item from a previously presented list
is done by comparing the item to all the other items in the list);
in LTM it is supposed to be parallel (e.g. the use of language).

Recent research in cognitive psychology proposes a unified model,
where STM and LTM are not separate memory structures. The differ-

ence has a functional, not structural nature and mainly results from
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the different levels of activation. STM is caused by the temporary acti-
vation of some parts of LTM. In our model, we also have a short-term
(or working) memory:

STM = {node; € LT M | activation(node;) > 0}. (6)

When the agent must solve a problem, it successively activates dif-
ferent memory nodes, thus forming an activation path form the object-
concept to the attribute-concept.

The path-finding and learning algorithm is:

find the dictionary node Ny(Cppj) associated with Cyy,
find the dictionary node Ny(Cyuy) associated with Clyyy

// activate the dictionary node Ny(Cyy;) associated with
Copj activation(Ng(Copj) = 1)

// activate the dictionary node Ny(Cyyr) associated with
Clttr activation(Nd(CattT) =1

N = Ny(Coj)

solution = not found

while solution is not found and
the set of non-activated nodes is not void
begin
if there exists a direct connection from N to Ny(Cyyur)
then solution = found
break while
end if

// the absolute values of the weights are considered
find the maximum weighted direct connection
from N to a non-activated node Njeut

// activate the node Npe; by applying the activation
function to the netinput

activation(Npeze)=tanh (activation(N) *weight (N, Npext))
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// avoid inhibitory connections
if activation(Nuez) > 0 then

N = Npeaxt
end if

// an inhibitory connection suggest the possibility,
not the certainty, that a path won’t be found
if activation(Nyey) < 0 and
the dictionary node associated with Nyey is Ng(Cour)
then
display warning (‘a path may not be found’) or
break while
end if

end while

find the processing node N, linked to Ng(Cyp,)
find the processing node N,, linked to Ng(Cour)

if solution is found then
for each connection CN on the path from Ng(Cy,)
to Na(Cattr)
weight (CN) = weight (CN) + 13

end for

weight (Npg, Npo) = weight (Npo, Npo) + 12
else

weight (Npg, Npe) = weight (Npo, Npa) = 12
end if

The algorithm shows that the connections on the path from the
object-concept to the attribute-concept are increased every time the
problem is solved. Therefore, the higher a connection weight, the higher
the probability for that connection to be useful for solving the current
problem, too. By analogy with the human mind, when people try to
solve problems, they tend to first apply the methods they used more
often and proved to be successful.
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After a conclusion is drawn, a direct connection is created or up-
dated from the object-concept to the attribute-concept. Once we solved
a problem, we can directly apply the results for future tasks, without
having to solve the same problem over and over again. However, this
may not be easy at first. Until we get used to the result, it may be
easier to use our previous methods, although they take a longer time
to accomplish the task.

To simulate this behavior, we chose a third learning rate, 13 = 0.05.
This can be viewed as a generalization of the Hebbian learning rule [1]
that stated that the change of a connection weight is proportional to the
product of the input and the output of that connection. We simplified
the idea to the extent that a connection weight is increased or decreased
depending on the sign of the product between the activations of the
input and output nodes. Therefore, if we find a path with positive
activations that solves the problem, then all connections on that path
will have their weights increased by the learning rate. Decreasing the
other connections is not necessary, because they are not necessarily
useless. If they didn’t help finding a certain solution, it doesn’t mean
they will not help finding another in the future.

The use of activated nodes forbids infinite loops for circular def-
initions. If, in the reasoning process, the agent reaches a previously
activated node (which is not the solution), it simply ignores it and
goes to the next non-activated node.

3.4 Forgetting

After learning a context, or whenever needed, the absolute values of
the connection weights are decreased by a proportional factor, ny < 1:

for each connection CN
weight (CN) = weight (CN) * ny

end for

There are two reasons for this operation. The first is to avoid
the saturation of the sigmoid function. If the values of the connection
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weights grew unlimitedly, the activation function would produce results
closer and closer to 1 or -1. By keeping the weight in an acceptable
interval, the effects of learning are more precisely differentiated. The
second reason is that by decreasing the old values, new experiences
become more important than past ones. The forgetting factor we used
was 0.8.

3.5 Choosing Learning Rates

Throughout the learning process of our cognitive model, three learning
rates were used:

e 71: the learning rate used to initialize the connection weights
between the dictionary node of a newly encountered concept and
its corresponding processing node;

e 79 the learning rate used to initialize and update the connection
weights between any two nodes in the memory in other situations
than the previous one;

e 7)3: the learning rate used to increase the connection weights on
the path from an object-concept to an attribute-concept when a
deductive problem is solved.

These learning rates must verify the following relation:

2 12 > 13 (7

7y dictates the strength by which the symbol (e.g. word) of a con-
cept is linked to its internal representation. We assumed that this
strength must be greater or at least equal to the strength by which two
internal representations are linked (72), in order to stress the impor-
tance of the linguistic interface with the exterior, i.e. communication
with the user or with other agents. Also, 7o must be greater than 73 to
ensure that a new direct connection between the two terms of a deduc-
tive problem will eventually gain more strength than the path used to
find the solution, so that after a few times the agent is presented the
problem, it should choose the shorter path.
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4 Deductive Reasoning Application

“Deductive Reasoning” application (figure 1) implements the cognitive
model described above. In order to test different cases, we developed
a script language that permits the input of new knowledge and the
statement of deductive problems.

5 peductive Reasoning

File Options Help

.Open script: EADoctoratvricole si prezentariDeductiveReasoning\Programs\MainibimDebugManguage. kbs »~

define HUMAN is RATIONAL ANIMAL

Update mermory

Mew dictionary entry: HUMAN

Mew connection: DictiHURMAN) - NodeQ: 0,200000
Mew connection: Mode0 - Dict(HURMARN): 0,200000
Mew dictionary entry: RATIONAL

Mew connection: DictiRATIOMAL) - Mode1: 0,200000
Mew connection: Model - Dict(RATIONAL): 0,200000
Mew dictionary entry: ANIMAL

Mew connection: Dict{ANIMAL) - Node2: 0,200000
Mew connection: Mode2 - Dict(ANIMAL): 0,200000
Mew connection: Nodel - Model: 0,100000

Mew connection: Nodel - MNode2; 0,100000

End update

define GEORGE is MAN

Update mermory

Mew dictionary entry: GEORGE

Mew connection: Dict{GECORGE] - Node3: 0,200000

Mew connection: Mode3 - Dict(GEORGE): 0,200000

Mew dictionary entry: MAN

Mew connection: DictiMAN) - Moded: 0,200000

Mew connection: Moded - Dict(MAN): 0,200000

Mew connection: Node3 - Noded: 0,100000 v

Figure 1. Deductive Reasoning application.
The allowed syntax of the language is presented below:

<knowledge>:= define <concept> is [not] {< concept >}
<problem>:= find <concept> <concept>
<forgetting>:= forget

<list_all>:= 1list

<list_processing>:= listproc
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Examples of pieces of knowledge are:

define ANIMAL is BEING MOVE SENSE
define ANIMAL is not PLANT

Examples of deductive problems are:

find GEORGE SENSE
find ANIMAL PLANT

Let us consider the following script:

is B C
is not D
is EF
is A F

define
define
define
define
find A F

QU W=

The six pieces of knowledge generate the following graph:

It can be noted that this example contains circular reasoning: A is
defined as C' and vice versa. The reasoning procedure is as follows:

Start reasoning

Activate Dict(A): 1

Activate Dict(F): 1

Activate NodeO: 0.148885

Update connection: Dict(A) - NodeO: 0.350000
Dict(A) already activated: 1.000000

Activate Nodel: 0.007444

Update connection: NodeO - Nodel: 0.150000
Activate Dict(B): 0.001117

Update connection: Nodel - Dict(B): 0.350000
Nodel already activated: 0.007444

Update connection: Nodel - Dict(B): 0.300000
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Processing nodes

0.3 0.3 0.3

D| ionary nodes

S g

S— "

Figure 2. Memory model of circular reasoning.

Update connection: NodeO - Nodel: 0.100000
Activate Node2: 0.007444

Update connection: NodeO - Node2: 0.150000
Activate Dict(C): 0.001117

Update connection: Node2 - Dict(C): 0.350000
Node2 already activated: 0.007444

Update connection: Node2 - Dict(C): 0.300000
NodeO already activated: 0.148885

Activate Nodeb: 0.000372

Update connection: Node2 - Node5: 0.150000
Dict(F) already activated: 1.000000

Path found

New connection: NodeO - Node5: 0.100000
Deactivate working memory nodes
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End reasoning

The agent does not enter a reasoning loop because of its working
memory that contains the activated nodes of its long-term memory.
When an already visited node is encountered, the agent doesn’t activate
it again, but only recognizes the situation: “Node X already activated”.
The goal node is activated from the start. If an activated node is the
solution, it means that a path has been found. Also, one can see that
the connection weights on that path increase.

The following script shows a situation when a path cannot be found:

define A is B
define B is not C
find A C

find A C

The corresponding reasoning procedure is:

Start reasoning

Activate Dict(A): 1

Activate Dict(D): 1

Activate NodeO: 0.099668

Update connection: Dict(A) - NodeO: 0.250000
Dict(A) already activated: 1.000000

Activate Nodel: 0.004983

Update connection: NodeO - Nodel: 0.150000
Activate Dict(B): 0.000748

Update connection: Nodel - Dict(B): 0.350000
Nodel already activated: 0.004983

Update connection: Nodel - Dict(B): 0.300000
Connection: Nodel - Node2: -0.100000

A path may not be found

Update connection: NodeO - Nodel: 0.100000
Update connection: Dict(A) - NodeO: 0.200000
Path not found
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New connection: NodeO - Node2: -0.100000
Deactivate working memory nodes
End reasoning

When the agent finds an inhibitory connection to a processing node
linked to the goal node, it presents a warning: “A path may not be
found”. However, it continues the search because other paths may still
exist. If the query is not very important, or if there is a time limit
for the search, the agent may stop at this point and draw a negative
conclusion. After the search, a direct inhibitory connection is created
between A and C. The memory of the agent after the second search is
presented in figure 3.

Processing nodeg

02

Dictionary nodes

Figure 3. Memory model of negative statements.
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The following script demonstrates the ability to learn of our cogni-
tive model:

define A is B C
define B is D
define D is G H
define C is E F
find A F

forget

find A E

forget

find A H

forget

find A H

forget

define H is I
find A I

list

A simple, more intuitive structure of this knowledge base is pre-
sented in figure 4.

At first, when the agent must find a path from A to F', it visits
the processing nodes corresponding to the following dictionary nodes:
A—B—D—-G—H—-C—E—-F. Because a path can be found (A—C—F),
the connections weights between these nodes are increased. Thus, the
connection weight between the processing nodes corresponding to A
and B becomes smaller than the one corresponding to A and C'. When
the agent is requested to find a path between A and E, the order in
which the nodes are visited changes: A —C — F — E.

The connection weight between the processing nodes corresponding
to A and C is once again increased. When the agent must find the path
between A and H, it first processes the link from A to C. It doesn’t find
a solution that way, so it later returns to B and finds the path to H.
The nodes are activated in this order: A—-C—-E—-F—-B—-D—-G—H.

The second time, the A to B link is still smaller than the link
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(8)—~(o,
(&) B 00
(&

Figure 4. Simplified structure of the knowledge base.

from A to C. So is the newly created link between A and H. The
only difference in the agent response is that G is no longer activated,
because the link between D and H is now greater than the link between
D and G. The activation order becomes: A—C—-E—-F—-B—-D—H.

A new concept [ is introduced and linked to H. A path from A to
I must go through H. But a direct link between A and H has been
created the first time and reinforced the second time, so the activated
nodes are only: A — H — I. This example clearly shows the learning
capability of our cognitive model.

Of course, the knowledge base may contain natural language con-
cepts, too. The following script demonstrates how these concepts are
integrated into the memory of the agent.

define HUMAN is RATIONAL ANIMAL
define GEORGE is MAN

define MAN is MALE HUMAN

define GEORGE is TALL

define ANIMAL is BEING MOVE SENSE
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define ANIMAL is not PLANT
find GEORGE RATIONAL

find GEORGE PLANT

find GEORGE SENSE

The agent can prove that George is rational, that he can sense, but
cannot prove he is a plant. Figure 5 illustrates that even a simple nat-
ural language knowledge base requires a large number of memory nodes.

— .
SN NN
Y (RAT\ON/\L) Canmacy @ }Mov@ @ @ HumAND - (MALE) /MAN) /TALL) (GEORGE)

) N

e o T 07/” 2 /0
2!

Figure 5. Memory model of natural language statements.

5 Conclusions

The model presented above proved successful in using a connectionist
infrastructure for symbolic deductive reasoning, along with acquisition
and integration of new facts into the existing knowledge base. This
model can be used by an intelligent agent for gathering information
about its environment and other agents in order to draw conclusions
related to its tasks. The present model will be completed with the
possibility of inductive reasoning. In this way, this general model can be
the processing engine of a cognitive agent, with learning and planning
capabilities.
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