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Abstract

This paper describes techniques for designing appropriate hybrid connectionist architectures in real world
language environments. We argue that for dealing with arbitrary real world corpora we can identify the
underlying constraints for a task but the integration and interaction of these constraints cannot be predicted
in general for arbitrary unrestricted language bases. Therefore flexible automatic learning and incremental
parallel integration of various constraints are particularly important for scaling up in real world environments.
As a particular example we will focus on a hybrid connectionist architecture for semantic case assignment
to support automatic learning and incremental parallel constraint integration.

1 Introduction

In the past there have been a few attempts to represent semantic case assignment in restricted domains
using connectionist networks [2] [4]. However, it has not been examined (1) to what extent such monolithic
network architectures could scale up in a real world environment of language processing and (2) to what
extent such models could interact with other modules.

Our underlying motivation is that a semantic case for a certain word should depend on the general distribution
of words and semantic cases in a corpus. For instance, for the city “Hamburg” the TO or FROM case is
much more significant than the INSTRUMENT case. For the word “with” the INSTRUMENT case is more
significant than the case TO or FROM. We will call the impact of this distribution of certain words for
certain cases the “case semantics constraint”.

Both, content words (e.g. nouns like “Hamburg”) and function words (e.g. prepositions like “with”) can
be significant and their distribution across various cases should contribute to semantic case assignment.
For instance, consider the phrases “in a computer” and “with a computer”. If we simply rely on the
case plausibility of individual words the word “computer” might have a preference for INSTRUMENT if it
occurred more often in this case role. However, in spite of a possible general preference for INSTRUMENT

the phrase “in the computer” would rather belong to the AT case due to the context of the preposition “in”.
We will call this sequential preceding influence “case context constraint”.

While content nouns are usually at the end of a phrase group, function words are at the beginning of a phrase
group. For instance, if we assume that content words are a primary source for correct case assignments, one
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simple constraint would be to emphasize the nouns at the right phrase group boundaries as in “a ticket from
Hamburg for a senior”. Here “ticket”, “Hamburg”, and “senior” represent the right boundaries of the phrase
groups “a ticket”, “from Hamburg”, and “for a senior” respectively. This syntactic additional knowledge
might further improve case assignment. We will call this constraint “case syntax constraint”.

In order to test a modular organization of knowledge sources in accordance with the interactive incremental
and parallel processing of this knowledge we designed a modular hybrid connectionist architecture. This
architecture is regarded as a test bed for the interactions in even more complex architectures. The goal
of building such a hybrid connectionist architecture was (1) to explore a single connectionist network for
semantic case assignment, (2) to compare this monolithic connectionist network with a modular hybrid
connectionist architecture for the same task, and (3) to examine the incremental interactions of a syntactic
and a semantic module for assigning semantic cases to phrases.

2 Towards a parallel incremental modular architecture

2.1 Training and testing using a real world corpus

Natural language phrases occur particularly often in book titles. Therefore we took advantage of a large
number of real world phrases from a library corpus which also had been used for a different domain filtering
task [5]. For examining the learning of different constraints for case assignment in phrases we used a
corpus of 795 phrases covering areas like mathematics, music, chemistry, theology, art, computer science,
history /politics, materials, electrical engineering and law. Then, each word was represented as a vector of 10
real values where the 10 components represented the normalized plausibility based on the relative occurrence
of the basic cases for the specific word in the corpus (e.g., (0.1 0.050.0500.200 0.2 0.4 0)). The basic cases
were Head-start, Patient, Instrument, Modifier, At-location, At-value, To-location, To-value, From-location,
and From-value. To each word of a phrase a more abstract case was associated:

HEAD-START Properties

PATIENT (Properties) of a computer

INSTRUMENT (Solutions) with a computer

MODIFIER (Solutions with a computer) for children
AT in the airport, in 1993

TO to Hamburg, to December 1993

FROM from Hamburg, from December 1993

The basis corpus was divided into a training corpus and a test corpus. 277 of the 795 phrases were taken
as a training set. From the remaining 518 phrases we only accepted the 132 phrases for the test set whose
representations were different from the training phrases in order to put a very strong restriction on the
evaluation of the generalization results (this test set restriction is harder than the real world!).

2.2 Representing case semantics constraint and case context constraint

During our subsequent description of architectures we will test different variations of the recurrent plau-
sibility networks (see figure 1 a). Recurrent plausibility networks [6] contain feedforward networks and
simple recurrent networks with the backpropagation learning rule [3] as special cases and generalize the
backpropagation learning rule to an arbitrary fixed number of recurrent connections.

Here we summarize briefly the general properties of recurrent plausibility networks [6]. Let L;(¢) denote
the set of indices of the dth layer at time ¢ with ¢ € {0,---,n}, Lo(t) = Inputlayer(t), and L,(t) =
Outputlayer(t). Then, the input to a unit j is given as:
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Figure 1: General plausibility network (a) and two special networks H8C1C2 (b) and H8C1 (¢)

netj(t) =Y Z wijyi(t — 2) (1)

for 2 € {0, -, 1}, t, is the maximum time step of context layers for L, unit j € L, and # > 0. Furthermore,
w;; 1s the weight from unit ¢ to unit j, y;(¢) is the current computed output value of unit ¢ at time ¢. Finally
let d,; denote the desired output value of a unit at the output layer, é;(¢) the computed error at hidden
unit k, function f is a semilinear function, that is, the function f is non-decreasing and differentiable, and
CLy_1(t —z) = Ly(t — z — 1). Then, the update rule for a general recurrent plausibility network can be
specified as:

(dj(1) = y; (1) fi(netj () wi(t)  ifi€ Lna(l),5 € La(t)

Awi]' = . 9
w (Zk: k(1) wik) fi(net;(t)) vi(t) otherwise (2)

yi(t) if i€ Lo_1(t)
yi(t—1)  ifi€ CLy_y(t—1)

it —ty) i€ CLy_y(t—ty)

This learning rule for plausibility networks applies to hidden layers that can have an arbitrary but fixed
number of distributed recurrent connections. This way, the internal dynamic states of a plausibility network
over time can be used to introduce incremental context and sequentiality in a general manner. In this paper
we will examine plausibility networks for case assignment. We first represented the case semantics constraint
in a recurrent plausibility network which has the task to associate cases to words of a phrase. That is, input
to the network is a plausible significance vector for the word representation as described above and output is
a vector for 7 abstract cases. Only the one unit of the output vector which represents the particular abstract



case 1s set to 1, all other units are set to 0. The task of this network is to associate abstract cases to word
representations. Recurrent connections should enable the network to integrate the preceding context of a
phrase in order to make a case assignment. Figure 1 b and ¢ show two of the various possible architectures
which were examined using learning rates between 0.1 to 0.000001 of the backpropagation learning rule.
Several other architectures with more context were used as well.

Using just the two constraints, the performance of two representative network architectures with 8 hidden
units for the learning rate 0.1 was 81.0% for training and 63.7% for testing a H8C1 network and 82.2% for
training and 60.4% for testing H8C1C2. In this corpus the content nouns are far more significant for case
role assignment than function words. Therefore, the assignments at function words get somewhat disturbed
by strong preceding assignments of content words and content words get disturbed by weakening influence
of preceding function words?.

2.3 Balancing context with the case syntactic constraint

The use of additional syntactic knowledge is motivated by an analysis of the current performance with respect
to basic syntactic categories. For each word in a phrase we determined basic syntactic categories and abstract
syntactic categories in order to examine sources for remaining errors. The performance is weak for the start
of a group (preposition 69.7%, conjunction 73.0%) compared to the end (noun 83.3%). This examination
further supported the integration of a learning syntactic module which emphasized the importance of right
group borders rather than left group borders.

We determined the syntactic representation of a word as a normalized plausibility vector of 7 units where
each unit represented the occurrence significances across the corpus. The basic syntactic categories were
noun, determiner, adjective, adverb, verb, conjunction, preposition. Then for each word we associated the
abstract syntactic categories for the word as the output representation. The abstract syntactic categories
were: noun group, verb group, genitive group, prepositional group, conjunctional group. Then different
architectures and parameters were tested and a recurrent plausibility network HEC1 trained for 3000 epochs
with a learning rate of 0.01 was used as the best syntactic network. The overall performance for the same
phrases as for the semantic module was 96.6% on the syntactic training set and 92.9% on the test set. The
syntactic network is now used as a filter in order to identify these right phrase boundaries.

2.4 Coupling syntactic and semantic networks

Both networks work incrementally and independently generating case hypotheses and abstract syntactic
hypotheses for each word. At the beginning of a phrase group both syntactic and semantic hypotheses might
still be wrong. However, particularly towards the end of abstract syntactic groups these hypotheses will
be much better. The syntactic module runs one word ahead of the semantic module in order to provide
the knowledge about a subsequent group boundary. If the syntactic module signals that the next word for
the semantic module will be the start of a new phrase group we have identified a right phrase group and
an appropriate point where the semantic case hypothesis is particularly reliable. This control knowledge is
realized in a symbolic control module (see figure 2).

The influence of having a additional syntactic hypotheses about phrase boundaries was tested based on many
different semantic recurrent plausibility networks. In all analyzed network architectures the addition of a
module for syntactic hypotheses for phrase boundaries compared favorably to a monolithic architecture. For
instance, the H8C1 network improved from 81.0% to 83.9% and a H8C1C2C3 network from 80.0% to 83.1%

by adding syntactic to the semantic and contextual constraints.

20f course this result does not suggest to use non-recurrent networks since they can not represent context in
general and for arbitrary other corpora.
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Figure 2: Modular system architecture for learning semantic case assignment

Below we show examples of the incremental generation of semantic and syntactic hypotheses for the cases
and the syntactic phrase boundaries as well as the finally assigned case. As we can see incorrect semantic
hypotheses occur particularly at the left start of phrase groups so that the emphasis of the right end of
phrase groups using the syntactic hypotheses can filter out initial errors.

Words of Semantic Syntactic Assigned
Phrase Hypothesis Hypothesis | Case

Extremes HEAD-START <- HEAD-START
and HEAD-START

related HEAD-START

properties HEAD-START <- HEAD-START
of PATIENT

random PATIENT

sequences PATIENT <- PATIENT

and *HEAD-START

processes PATIENT <- PATIENT
Supercharging | HEAD-START

C PATIENT <- PATIENT
with *PATIENT

assembly *HEADSTART

language INSTRUMENT <- INSTRUMENT




3 Summary and conclusions

We have described a hybrid architecture for assigning cases to phrases. Assigning semantic cases to parts of
phrases is an important problem since semantic cases are needed for a semantic interpretation of phrases and
since isolated phrases occur very frequently across various domains. In contrary to many previous symbolic
approaches for assigning cases in sentences we have examined the learning of case roles based on connectionist
networks. From a viewpoint of connectionist architectures we have shown that a modular architecture based
on additional syntactic hypotheses performed better than a monolithic architecture based on only semantic
and contextual hypotheses although case assignment is basically a semantic process. The clear formulation
of the constraints and the performance evaluation of the different classes of architectures allowed to improve
the overall performance. The best learned performance with recurrent plausibility networks was 83.9%. We
have not identified a clear comparative learning system in the literature. The closest learning case role
system reaches 67% using a more complex architecture for a more complex sentence analyzing problem [1].

We have introduced a three step technique: (1) Training semantic recurrent plausibility networks with
case semantics constraint and case context constraint. (2) Analysis of the influence of function words
versus contents words. (3) Balancing this influence with an additional training using a syntactic recurrent
plausibility network. This technique can be used independently of the particular underlying semantic and
structural categories and independently of the used corpus. Such general and learning techniques should be
particularly useful for providing robust parsing results in real world environments and for interacting with
faulty text or speech bases.
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