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Abstract. This paper describes a general architec-
ture SCAN for hybrid symbolic connectionist process-
ing of natural language phrases. SCAN’s architecture
shows how learned connectionist domain-dependent
semantic representations can be combined with en-
coded symbolic syntactic representations. Within this
general architecture we focus on a connectionist model
for semantic classification based on a scanning under-
standing of phrases. We specify strategies at the top-
most theory level and we show how these strategies
are realized in a recurrent connectionist plausibility
network at the underlying representation level. In
particular, this model demonstrates that a recurrent
connectionist network can learn a semantic memory
model for phrase classification based on a scanning
understanding.

1 Introduction

In the past the debate about the use of symbolic ver-
sus tionist rep ations has shown strong ar-
guments for both perspectives, From a strictly sym-
bolic perspective, connectionist representations just
take the role of implementing symbolic processes at
a lower level, and connectionist implementations do
not lead to new fundamental results for cognitive sci-
ence and artificial intelligence (e.g., [8]). On the other
hand, from a strictly connectionist perspective, con-
nectionist representations are most appropriate for
cognitive science and artificial intelligence, and sym-
bolic interpretations only emerge from connectionist
representations at a higher level (e.g., [7]).

However there is recent evidence that it is advanta-
geous to combine symbolic and connectionist process-
ing [2]. So far different hybrid models have been pro-
posed for sentence analysis and for inferencing (e.g.,
{4] [5] [12]). In this paper we will describe a hybrid
architecture for a scanning understanding of phrases
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which is based on Marr’s general framework for ar-
tificial intelligence models [6]. In particular, we will
focus on a model for learning a semantic classification
of phrases as they occur in real-world book titles. Typ-
ical phrases are for instance: “Learning to use the spss
batch system”, “Investigation of copper and nickel af-
ter high-energy implantation of helium atoms”.

We will describe plausibility judgements, reading
strategies, and different constraints at the computa-
tional theory level and their realization in a recurrent
plausibility network at the representation level. We
will examine the learning and generalization in plau-
sibility networks and we will analyze the learned in-
ternal representation of classified phrases with respect
to uncertain class assignment, lexical ambiguity, and
context learning.

2 Overview of SCAN - A Hybrid Ar-
chitecture for a Scanning Under-
standing of Phrases

In contrast to an in-depth understanding, a scanning
understanding focuses on most important syntactic
and semantic properties of words and phrases. SCAN
is a hybrid architecture for a scanning understanding
of phrases [15] and figure 1 shows the general architec-
ture organized at the levels of computational theory
and representation based on Mart’s general framework
for artificial intelligence models [6]. At the theory level
of SCAN’s architecture, the goals and concepts of a
task are specified based on plausibility judgements,
reading strategies, and different constraints. At the
representation level various symbolic and connection-
ist representations can be combined. While symbolic
representations in SCAN are used for encoding primar-
ily domain-independent knowledge, connectionist rep-
resentations are used for learning domain-dependent
semantic knowledge.
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Figure 1: Overview of SCAN

In previous work we examined this hybrid architec-
ture for structural disambiguation tasks [13] [14]. In
this paper we focus on the task of learning a semantic
classification of unrestricted phrases. In particular, we

rate on the plausibility computation for seman-
tic class assignment and the learning of a semantic rep-
resentation of phrases during semantic classification.

3 Strategies for Semantic Classifica-
tion at the Theory Level

There has been evidence that plausibility judgements
are important for semantic memory models. For in-
stance, it has been argued that uncertain fuzzy plau-
sibility judgements are more appropriate for semantic
memory models than propositional matches of purely
symbolic processes [9). In general, a concept represen-
tation based on plausibility is preferred to a definition
of a set of necessary and sufficient discrete symbolic
Pproperties.

Furthermore, specific tasks influence reading strate-
gies. For instance, in a detailed study it has been
shown that reading for immediate recall requires rel-
atively more structural processing while reading for
comprehension requires more semantic processing {1].
This provides support for different structure-oriented
and semantics-oriented modules for an architecture for
a scanning understanding of phrases.

Last, various syntactic, semantic, and contextual
constraints influence semantic classification. For in-
stance, syntactic constraints in its most simple form
can emphasize the significance of nouns versus other

more domain-independent syntactic categories (e.g.,
prepositions, determiners) which provide less signifi-
cant knowledge for semantic classification.

Other important constraints for semantic classifica-
tion are supplied by the sequential context in a phrase.
Only the context in a phrase allows a lezical disam-
biguation of different contextual senses of the same
word. Therefore, the p ding inc tal context
should be used to constrain the interpretation of a
current word. Furthermore, the sequential context is
also important for making incremental predictions for
class assignments which may be modified later when
more context has been seen.

4 Plausibility Networks for Semantic
Classification at the Representation
Level

In order to learn and represent classifications of title
phrases we used recurrent connectionist plausibility
networks. The general design of a recurrent plausi-
bility network is shown in figure 2. A feedforward
network with n + 1 layers Ly to L. is extended with
recurrent layers at each hidden layer L; to Ln—;. Each
arrow in figure 2 describes a fully connected z : y re-
lationship between z units of one layer and y units of
the connected layer.

l L

Output layer

Hidden layers

b

Figure 2: General structure of a recurrent plausibility
network

The recurrent layers can exist for different preceding
time steps t—1 to ¢ — tyas Where max is the maximum
preceding time step at that layer. These'recurrent lay-
ers realize distributed delays of previous states of the
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network at different time steps and enable the network
to represent preceding context. This general recurrent
plausibility network extends the concept of simple re-
current networks [3] and time delay networks [11] by
introducing unrestricted distributed delays at diffec-
ent layers. By representing previous iniernal states
in additional recurrent layers it is possible to use the
backpropagation learning rule for training [10).

4.1 Experiments for Semantic Classification

Our semantics-oriented strategies for classifying unre-
stricted book titles are based on a plausibility view of
concept tepresentation. One main point of the plau-
sibility view is that a concept is not described with
necessary and sufficient properties but based on prap-
erties which are plausible. According to this plausi-
bility view single words, relationships between words,
class membership of phrases can be learned and repre-
sented based on continuous values rather than discrete
symbols. For the task of learning a semantic classifica-
tion we used unrestricted classified title phrases from
a University library and we represented each word in
a title with a significance vector (cicz2 -+ - cn}) where c,
represents a certain class dimension. A signifi

were presented sequentially one by one to the input
layer of the plausibility network. The input layer had
10 units, one for each class dimension of a significance
vector. The output layer had 10 units for specifying
the desired class of a title phrase. A network with 10
hidden units showed the best performance on training
and test set. This network was trained for 200 epochs
with the complete training set with a learning rate of
0.000001. This small training rate prevented the net-
work from changing the weights too fast for this rela-
tively big number of phrases. Then we increased the
learning rate to 0.00001 in order to speed up learning
and trained the network for another 200 epochs. The
summarized performance of the network is illustrated
in table 1.

Evaluation Error rate Error rate
after each for recurrent | for average
plausibility significance
network vectors
training word 16.4% 19.4%
test word 18.3% 51.5%
training title 2.4% 18.0%
test title 5.5% 22.2%

/
value v(w, ¢;} is computed for cach class dimension as
the frequency of occurrences of word w in class ¢, (the
class frequency) divided by the frequency of occur-
rences of word w in the corpus (the corpus frequency).

Frequency of word w in class ¢

Frequency of word w in class c;
1€{1,n}

v(w, e;) =

These significance vectors were computed based on
a corpus of 30206 words from 10 classes of a real-world
library classification. The occurring classes were: the-
ology /religion (TR), history/politics (HP), law (LA),
mathematics (MA), chemistry (CH), computer science
(C8S), electrical engineering (EE), materials/geology
(MG), art/architecture (AA), and music (MU). Bach
title was represented with its sequence of semantic and
plausible significance vectors for its words.

For our classification exeriments we designed a plan-
sibility network with three layers and one distributed
delay at the second layer. This particular plausibil-
ity network is similar to a simple recurrent network
[3} but uses plausible significance vectors for a classi-
fication task rather than artificially generated vector
representations for a prediction task. In our experi-
ments for learning and generalizing a semantic classifi-
cation we used 2000 unrestricted titles from 10 classes,
1000 title phrases for training and 1000 different titles
with different representations for testing the general-
ization behavior. The significance vectors of a title
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Table 1: Semantic classification of unrestricted phrases

The first column shows the results for the recur-
rent plausibility network. As a comparison the second
column shows the results for a classification based on
the average of the significance vectors of a title. A
class assignment is considered correct if the single out-
put unit of the desired class is activated. We can see
that for training and test set, the recurrent plausibil-
ity network performs better than the average signif-
icance vector representation because the plausibility
network contains knowledge about the actual sequence
and context in a title. Furthermore, the error rates
for the plausibility network are lower at the end of a
complete phrase: only 2.4% of the training titles and
5.5% of the unknown test titles could not be classified
correctly, in other words 97.6% of the 1000 training
titles and 94.5% of the 1000 unknown test titles were
classified correctly.

In a second set of experiments we tested the influ-
ence of a simple syntactic heuristic for a reduction to
most significant content words. We eliminated words
that belonged to the syntactic categories of preposi-
tions (e.g., “of”), conjunctions (e.g., “and”), personal
pronous (e.g., “his”), or determiners (e.g., “the”) if
the word occurred four times or more. Then, we per-
formed the same training and testing with the reduced



titles using the same parameters and architecture as
for the complete titles.

Evaluation Error rate Error rate
after each for recurrent | for average
plausibility | significance
network vectors
training word 9.5% 25.1%
test word 13.6% 30.4%
reduced training title 1.9% 18.0%
reduced test title 5.7% 25.7%

Table 2: Semantic classification of unrestricted phrases
without insignificant words

Similar as for the complete titles, table 2 shows that
the plausibility network performed betier than the
classification based on the average significance vector
since the learned preceding context improved classifi-
cation performance. The elimination of insignificant
words led to a slight improvement on the training set
(error rate 1.9% versus 2.4%) but a slight deterio-
ration on the test set (5.7% versus 5.5%). The re-
duction to significant content words makes training
easier because there are less words with ambiguous
class assignments. On the other hand, complete ti-
tles show a slightly better generalization performance
due to more ambiguous insignificant words. In gen-
eral, the percentages of the classification performance
with and without insignificant words are rather close
(both about 98% correct for training and 94% correct
for generalizing to completely new phrases).

4.2 Analysis of Constraints in Learned Internal
Representation

After training we examined the dynamics of the hid-
den layer as the learned internal representation of the
plausibility network. Figure 3 shows titles with their
internal representation of the hidden units and their
incremental class assignment. The internal represen-
tation which contains the dynamics of incremental
class assignment for phrases is distributed over collec-
tions of hidden units, and single units can contribute
to different class assignments. For instance, in co-
operation with other units the first hidden unit can
participate in the class assignment to the AA class
(examples 1 and 3), to the CH class (4) and to the
MG class (6).

Example Hidden Units Title Assigned
Plausible
12345678910 Class
AA
AA
AA
n AA
AA
cs
AA% CS
2) AA*,CS
cs
HP*
AA
» AA
CH
CH
cH
9 CH
cH
CH
Functional cs
program cs
5 cs
cs
cs
-
-
6) y MG
MG
MG
.
cs*
D CS*, MA™
- MU
[ MA®, MU

Figure 3: Internal representation of unrestricted phrases

Focusing on the individual titles, the first example
has the correct class assignment for AA right from the
beginning since “construction” is significant for the
AA class. The second title is initially assigned to the
CS class but after “computer architecture” two classes
are assigned, CS correctly but AA incorrectly (marked
with the sign “*”), Only the word “organization” pro-
vides more evidence for the final correct class assign-
ment CS. The third title is another example for initial
incorrect ezpectations for class assignment which have
to be modified later when more specific knowledge is
available. Here, “French” provides weak support for
the HP class which is later modified to the correct AA
class.

Uncertain class assignments (marked with “-”) oc-
cur if no output unit is active. The last two examples
in figure 3 illustrate that the plausibility network may
initially be uncertain about a class assignment. This
can be seen in the low values of the hidden layer as
well as in the low values for the output units, for in-
stance for “Principles of...”. This start of a title is
not yet significant enough for a class assignment. Qur
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last example in figure 3 shows one of the very few
titles with an incorrect final class assignment due to
the insignificant preceding context (“a guide to”) and
two competing significant subsequent words (“musical
analysis™ ).

Finally, the first three examples show the incre-
mental internal representation and class assignment
for three titles which contain the word “architecture”.
Similarly, the fourth to seventh title all contain the
word “analysis®. Nevertheless different classes are as-
signed even at the same word, for instance in the first
three examples for the word “architecture”. The pre-
ceding context allows for a lezical disambiguation be-
tween different forms of “architecture”: construction
architecture, computer architecture, iron architecture.
This demonstrates that the plausibility networks learn
to represent the preceding contest. Without a differ-
ent internal representation of the preceding context,
different classes could not be assigned for the same
word.

5 Conclusion

We have outlined a general hybrid architecture SCAN
for a scanning understanding of phrases which com-
bines symbolic and connectionist processing. Within
the framework of this hybrid architecture we have an-
alyzed a model for semantic classification of phrases.
From a perspective of connectionist models, recurrent
plausibility networks extend concepts from simple re-
current networks and time delay networks and they
can be embedded into a bigger hybrid architecture.
From a natural language perspective, difficult prob-
lems for classification, like uncertain class assignment,
correction of initial misclassification, context represen-
tation, and lexical disambiguation can be learned and
generalized from a real-world corpus. We conclude
that connectionist plausibility networks can learn and
represent a semantic memory model for semantic clas-
sification within a hybrid symbolic connectionist ar-
chitecture for a scanning understanding of phrases.
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