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SCREEN is a hybrid 

connectionistlsymbolic 

spoken-language processing 

system. It is designed to be 

sufficiently robust to analyze 

real-world spoken language, 

which is unpredictable and full 

of errors. 
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here has been a renewed interest in the interactive processing 
of spoken natural language, which has already proven useful 
for improving interactions between humans and computers and 

for translating dia1ogues.l 
To process spoken language from imeractions between humans or 

between humans and computers, we must take into account the “inter- 
active noise” involved in spontaneous spoken language. Interactive noise 
refers to the interjections, pauses, repetitions, corrections of mistakes, 
false starts, uncommon syntactic or semantic constructions, and so on 
that occur in spontaneous spoken language but not in written language. 

Speech recognizers, which we use to identify spoken words for spoken- 
language processing, cannot perform optimally and often create an addi- 
tional type of noise. They thus may make incorrect word hypotheses and 
produce ungrammatical sentences. To continue processing spoken lan- 
guage despite these problems, spoken-language analysis must be fault-tol- 
erant and robust. 

Traditional and newer symbolic methods have been used for the analy- 
sis ofwritten language. However, more robust methods must be used for 
spoken-language analysis. Previous approaches have combined statisti- 
cal and symbolic  method^.^^^ We examined methods that are hybrids of 
connectionist and symbolic methods because connectionist networks are 
robust for the type of unpredictable input found in spoken language. 

-Earlier work* demonstrated how language processing can be achieved 
in connectionist networks. However, these early models could be used only 
for relatively small tasks, such as prepo,sitional phrase attachment, and 
only in restricted domains, sometimes only with artificially generated sen- 
tences. 

Our SCREEN (Symbolic Connectionist Robust Enterprise for Natural 
Language) system analyzes real-world utterances and can be used for 
relatively large and complex tasks. SCREEN learns a robust flat syntax, 
semantics, and pragmatics representation. (Pragmatics relates to an utter- 
ance’s intention.) The system also deals with uncommon syntactic and 
semantic language irregularities. 

The system is able to produce many utterance hypotheses based on spo- 
ken input and can determine which hypotheses are most likely. SCREEN’S 
ability to analyze spoken language, despite encountering mistakes and 
uncertainties, demonstrates the system’s robustness and potential. 

Because SCREEN is a German spokerclanguage system, the example 
of spoken language that we will analyze will be in German. We will pro- 
vide a literal and, where appropriate, a more easily understood English 
translation of any German words and sentences that we use. 

FUNDAMENTAL PRINCIPLES 
SCREEN lets us examine several key issues, including the use of hybrid 

connectionist learning techniques in a real-world speech/language sys- 
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igure 1. Word graph. SCREEN ident i f ies w h a t  is be ing said in dialogue by processin sequences of word 
ypotheses. The system's speech recognizer rates t h e  l ikel ihood of each hypothesis' accuracy. The word 
ypotheses for a piece of dialogue, a long with t h e  speech recognizer's confidence in the i r  accuracy, can b e  
lustrated with a word graph. Shown is a graph for t h e  phrase "Das wird etwas knapp be i  mir sagen wir 
eker  vierzehn Uhr funfundvierz ig"  ( l i teral  translat ion: That i s  bit short  for me; say w e  rather 14 o'clock 45; 
nproved translat ion: That i s  a bit soon for me; instead let's say 2:45 p.m.). 

:m and the extent to which such techniques can provide 
le necessary robustness. 

earning 
SCREEN uses connectionist learning wherever possi- 

le. Learning techniques reduce the manual acquisition 
f knowledge, increase system portability across domains, 
nd provide additional robustness directly from training 
ata. 

Robustness can be achieved in two primary ways. 

MODULARITY-BASED ROBUSTNESS. SCREEN has mum- 
Ily complementary modules that cooperate to make com- 
ion decisions. An error by one module thus may not 
ifluence the overall decision. A good example would occur 
ihen a speaker says a word incorrectly and corrects the error 

:omputer 

immediately. In this case, the equality of the lexical, syntac- 
tic, and semantic knowledge in different modules would 
help SCREEN decide whether to replace the incorrectly spo- 
ken word with the correctly spoken word that follows. 

SIMILARITY-BASED ROBUSTNESS. SCREEN'S connec- 
tionist networks let the system use graded representations 
to recognize similarities between, for example, slightly dif- 
ferent word accuracies or between slightly different syn- 
tactic or semantic representations. In real-world systems 
like speech/language systems, there are gradual varia- 
tions in the speech input signal, as well as gradual varia- 
tions in syntactic and semantic preferences. For example, 
a system's semantic preference for a word with more than 
one meaning can vary, depending on the context in which 
the word occurs. The gradual representations provided by 
a connectionist system help deal with such ambiguities 
and thus provide robustness. 



Screening understanding 
Connectionist networks can learn a flat text analysis,7 

which is referred to as a scanning understanding. SCREEN 
can learn a flat spoken-language analysis and acquire what 
we call a screening understanding. With a flat analysis, 
SCREEN analyzes spoken language based on semantic, 
syntactic, and pragmatic categories. Because the flat rep- 
resentations are not structured hierarchically, SCREEN 
can learn them more easily. 

WORD HYPOTHESES 
Our domain will be the arrangement of business meet- 

ings between business partners, although our approach 
can be transferred easily to other spoken-language 
domains. The system’s domain-dependent knowledge 
consists of semantic knowledge, which can be learned 
automatically from examples. 

We currentlyworkwith a medium-sized dialogue set that 
includes 184 dialogue turns and 2,355 words. A dialogue 
turn is a continuous sequence of utterances spoken by one 
person involved in a dialogue. Utterances are sequences of 
words that relate one concept within a dialogue turn. 

SCREEN’S input is based on a Hidden Markov Model 
speech recognizer that incrementally provides a list of word 
hypotheses based on the spoken input signal. The speech 
recognizer generates a hypothesis about what each word 
might be and estimates its likelihood. The interface between 
the speech recognizer and the language processing system 
in SCREEN is based on these word hypotheses. 

We illustrate word hypotheses with a word graph, like 
the one shown in Figure 1 for the sentence “Das wird etwas 
knapp bei mir sagenwir liebervierzehn Uhr fiinfundvierzig” 
(literal translation: That is bit short for me; say we rather 

14 o’clock 45; improved translation: That is a bit soon for 
me; instead let’s say 2:45 p.m.). Hypotheses generated by 
a speech recognizer that can recognize many words can 
yield very large word graphs with many connections. 

In a graph, each hypothesis is represented by a word 
and a value representing the speech recognizer’s confi- 
dence in the hypothesis’ accuracy. These hypotheses can 
be connected to form partial sentence hypotheses. 

When trying to recognize a spoken plhrase, the speech 
recognizer can generate several hypotheses for one speech 
signal it has received as input. For instance, in Figure 1, 
after the initial “pause,” the speech reoognizer has com- 
puted different word hypotheses: “ahm” (eh), “oh” (oh), 
“bis” (until), and “das” (that). After the word hypothesis 
“mir” (me) that is marked with an asterisk, the system con- 
siders, with varying confidence levels, that the next word 
could be “noch’ (still), “ auch  (also), “sollen” (should), 
or “sagen” (say). In the process, many inaccurate noisy 
sentence hypotheses are built. 

FLAT REPRESENTATION 
In SCREEN we use flat representations from five knowl- 

edge sources-a basic syntactic and a basic semantic word 
description, an abstract syntactic and an abstract seman- 
tic phrase description, and a dialogue-act description 
(which describes the intent of the utterance). Based on 
this, we analyze spoken language by using syntactic, 
semantic and dialogue-act categories. We assign prefer- 
ences for a basic category to each word, an abstract cate- 
gory to each phrase, and a dialogue act to each utterance. 
A flat representation using these categories, which are 
shown in Table 1, supports robustness and learning within 
a modular hybrid connectionist architecture. The syntac- 

Table 1. SCREEN uses these syntactic, semantic, and dialogue-act categories to analyze spoken words and determine 
how sentence hypotheses should be rated. The abbreviations for each category appear in parentheses and are used 
throughout this article. 

Basic syntax Abstract syntax Basic semantics Abstract semantics, Dialogue act 
Noun (N) Verb group (VG) Select (SEL) Action (ACT) Accept (ACC) 
Adjective (J) Noun group (NG) Suggest (SUG) Auxiliary action (AUX) Query (QUERY) 
Verb (V) Adverbial group (AG) Meet (MEET) Agent (AGENT) Reject (REJ) 
Adverb (A) Prepositional group (PG) Utter (UTTER) Object (OBJ) Request-comment (RE-C) 
Preposition (R) Conjunction group (CG) Is (IS) Recipient (RECIP) Request-suggest (RE-S) 
Conjunction (C) Modus group (MG) Have (HAVE) Instrument (I NSTR) State (STATE) 
Pronoun (U) Special group (SG) Move (MOVE) Manner (MANNER) Suggest (SUG) 
Determiner (D) Interjection group (IG) Auxiliary (AUX) Time-at (TM-AT) Miscellaneous (MISC) 
Numeral (M) Question (QUEST) Time-from (TM-FRM) 
interjection (I) Physical (PHYS) Time-to (TM-TO) 
Participle (P) Animate (ANIM) Location-at (LC-AT) 
Other (0) Abstract (ABS) Location-from (LC-FRM) 
Pause (I) Here (HERE) Location-to (LC-TO) 

Source (SRC) Confirmation (CONF) 
Destination (DEST) Negation (NEG) 
Location (LOC) Question (QUEST) 
Time (TIME) Miscellaneous (MISC) 
Negative evaluation (NO) 
Positive evaluation (YES) 
Unspecific (NIL) 
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tic, semantic, and dialogue-act analysis of the first part of 
our example utterance, “Das ist knapp bei mir,” produces 
the overall analysis shown in Table 2. 

I 

The input to SCREEN is a stream of word hypotheses 
generated by a speech recognizer in response to an utter- 
ance. The output is a stream of syntax, semantics, and dia- 
logue hypotheses that are used to develop various 
utterance hypotheses. 

The processing is done incrementally. Thus, you can use 
analysis results immediately and modules can begin their 
work even before a complete utterance has been processed. 
Incremental and robust processing are also relevant for 
computational spoken-language models, as both exist in 
human interactive language processing. 

Figure 2 provides a brief overview of the SCREEN 
system. SCREEN consists of six main components, each with 
several modules. The components take incoming word 
hypotheses from a speech recognizer and construct 
word hypothesis sequences; determine the more proba- 
ble hypotheses; analyze the hypotheses based on syntax, 

Case frame 
component 

semantics, and dialogue acts; correct “mistakes” made by 
the speaker (such as interjections and pauses); and gen- 
erate most likely interpretations for further processing. 

Figure 3 provides a detailed description of SCREENS 
architecture. The data flow is shown either by arrows 
between modules or by numbers. In some cases, data leav- 
ing a module is represented by an outgoing arrow and a 
number. The data can flow to any module whose incom- 
ing arrow has the same number. Each module has a con- 
nectionist feedforward network, a simple recurrent 
network, or a symbolic representation. 

Dialogue 
component Learned flat syntax, 

Networks 
We have chosen primarily connectionist feedforward 

networks and simple recurrent networks.8 The sequential 
context is learned in the latter. We use supervised learning 
techniques to train these  network^.^ If a module does not 
contain a connectionist network, it uses simple symbolic 
rules for, as an example, a lexical comparison of two words. 

Figure 4 (on page 70) provides a detailed example of a 
simple recurrent network by showing the module for 
abstract syntactic categorization. In this module’s network, 

Table 2. Using the categories in Table 1, SCREEN performs this 
flat analysis of the utterance ”Das ist  knapp bei mir.” 

Utterance Das ist knapp bei mir 
Translated That is short for me 

Abstract syntax NG VG AG PG 
Basic semantics ABS IS NO HERE A N l M  
Abstract semantics OBJ ACT NEG RECIP 
Dialogue act REJ 

Basic syntax D V J  R U 

Output t o  further analysis 

Syntactidsemantic hypotheses - 

I Correction component 1 analysis 

Word hypotheses 

Input from speech recognizer 

Figure 2. Overview of the SCREEN system‘s architecture, including 
the six main components. SCREEN receives incoming word 
hypotheses from a speech recognizer. The components then con- 
struct word hypothesis sequences; determine the more probable 
hypotheses; analyze the hypotheses based on syntax, semantics, 
and dialogue acts; correct “mistakes” made by the speaker (such 
as interjections and pauses); and generate most likely interpreta- 
tions for further processing. 

1 Computer 

there are 13 input units for the basic syntac- 
tic categories, 14 units in the hidden layer 
and the context layer, and eight output units 
for the abstract syntactic categories. 

In Figure 4, SCREEN’S module for 
abstract syntactic categorization is analyz- 
ing “Das wird etwas knapp bei mir,” which 
is part of our example utterance. In the fig- 
ure, the network’s input layer recognizes the 
word “mir” (me) as a pronoun (represented 
by the black circle with “U’ underneath). A 
recurrent flow between the hidden and con- 
text layers provides the context for the 
word. The output layer represents that 
“mir” is part of a prepositional group (rep- 
resented by the black circle with “PG” under- 
neath)-“bei mir” (for me). 

Similarity-based robustness, which lets 
SCREEN process gradual variations in 
speech input signals and in preferences for 
one syntactic or semantic interpretation of 
a word, is realized particularly by modules 
with connectionist networks, such as the 
module for abstract syntactic categoriza- 
tion. Modularity-based robustness is real- 
ized where several modules contribute 
partial evidence of syntactic or semantic 
preferences to another module. For exam- 
ple, the modules that detect the lexical 
equality of two words, syntactic equality of 
basic syntactic categories, and semantic 
equality of basic semantic categories con- 
tribute to the module that detects word 
repetitions and corrections. 

Speech sequence construction 
component 

This component, shown at the bottom of 
Figure 3, receives individual word hypothe- 
ses from a speech recognizer and constructs 



1 
I 

(That  i s  b i t  s h o r t  f o r  me a l s o  s a y )  Cons t ruc ted  word hypotheses  sequences :  
Das wird  etwas knapp b e i  m:tr auch s o l l e n  
(That  i s  b i t  s h o r t  f o r  me a l s o  should)  
Das wird  etwas knapp b e i  m i r  auch sagen 
(That  i s  b i t  s h o r t  for me a l s o  9 t 

Speech sequence construction component 

I 

Figure 3. SCREEN system's architecture. This shows t h e  system's six m a i n  components a n d  t h e  modules 
within each component. Inside each modu le  are n e t w o r k  layers and arrows, which show whether the mod-  

~~ 

Frame 

Dialogue act Suggest 
Type Utter 
Verb-form Sagen (say) 

Slots 

I 

I ... I I  I '.' 
Case frame 
component 

I I  . 

pause, interjection, 
hesitation, unresolved 

Das i s t  etwas knapp b e i  m i r  auch 
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Outpu t  laver 

8 units 

VG PG CG AG M G  SG IG 

14 NG x13 t connections 
14 x 14 Context layer 

2x14 units 

13 x141 connections U 
I n w t  laver 

13 units 

N J V A R C U D M  I P O  I 

Figure 4. Abstract syntactic categorization. SCREEN analyzes the word "mir" as part of i ts  analysis of the 
utterance, "Das wird etwas knapp bei mir." The network uses the input layer to recognize the word "mir" 
(me) as a pronoun (represented by the black circle with "U" underneath), the hidden and context layers to 
provide the context for the word, and the output layer to determine that "mir" is  part of a prepositional 
group (represented by the black circle with "PG" underneath)-"bei mir" (for me). 

possible partial sentence hypotheses. An example is at the 
bottom of Figure 3.  

utterances), for the dialogue-act component, which then 
identifies the type of dialogue acts that should be used in 
the case frame representation. 

Speech evaluation component 
This component contains modules for computing the 

plausibility of word sequences in partial sentence hypothe- 
ses. SCREEN uses syntactic, semantic, and acoustic knowl- 
edge to choose the better partial sentence hypotheses. 

Category component 
In the category component, knowledge about the syn- 

tactic, semantic, and dialogue-act categories in Table 1 is 
learned and generalized, and the beginnings and endings 
of phrases are identified. This component contains several 
modules that use category knowledge to perform a flat 
syntactic and semantic analysis of the words and phrases 
in a sentence hypothesis. 

Correction component 
The correction component contains modules that deal 

explicitly with the errors that occur frequently in spon- 
taneous spoken language, such as interjections, pauses, 
and word and phrase corrections. The modules provide 
an explicit modularity-based robustness. Each connec- 
tionist module also has an implicit similarity-based 
robustness. 

Case frame component 
The case frame component contains a segmentation 

parser for breaking dialogue turns into utterance segments 
and for analyzing segments' constituent parts. 

Dialogue component 
The dialogue component recognizes dialogue acts, 

which represent the purposes of utterances. The case 
frame component's segmentation parser determines the 
utterance boundaries (the beginnings and endings of 

C 

Two examples will demonstrate the principle of incre- 
mental flat robust processing. We will use our example 
utterance, "Das wird etwas knapp bei mir sagen wir lieber 
vierzehn Uhr funfundvierzig." The word hypotheses are 
processed incrementally from left to right. The results at 
various levels of syntax, semantics, and dialogue acts are 
shown in Figures 5 and 6 (see Figure 6 on page 72). 

Partial hypotheses 
Figure 5 shows SCREEN'S state after receiving the first 

1.77 seconds of input for the utterance. The system eval- 
uates incoming words and forms many sentence hypothe- 
ses. SCREEN determines its confidence in each hypothesis' 
accuracy by conducting a semantic, syntactic, and 
dialogue-act analysis of the constituent words in context. 
The sentence hypothesis with the highest overall confi- 
dence level is considered most likely to be correct. 

In Figures 5 and 6, the six black boxes above each word 
in the sentencc hypotheses represent the confidelice 
SCREEN has in its categorization of the word at that point 
in the input process. The lower right box in each case rep- 
resents the system's overall confidence in the word hypoth- 
esis sequence. The other boxes represent the system's 
confidence in the semantic, syntactic, and dialogue-act eval- 
uation of the word hypothesis sequence (see Table 1 for 
abbreviations used in the figures). Larger boxes indicate 
higher confidence levels. The beginning and ending of each 
phrase is marked with a thin blackvertical rectangle. 

The four sentence hypotheses shown were built incre- 
mentally with each incoming word hypothesis. Slight dif- 
ferences in the size of the black boxes indicate that 

Computer 



on line 

single s t e p m  

10 Sentencehypotheses. Time: 1.77s (System)/l.77s (Display) 

A NIL REJ 

ABS OBJ CONF I I bAS (that) WlRD (is) ETWAS (bit) KNAPP (short) BE1 (for) MIR (me) 

I p I 1 " m  ABS OBJ CONF IS ACT CONF 11" NIL MISC CONF U " I  NO NEG CONF I I  HERE LCAT ' CONF 1 ,,I bAS (that) WlRD (is) ETWAS (bit) KNAPP (short) BE1 (for) MIR ("2) 

DAS (that) WlRD (is) ETWAS (bit) KNAPP (short) BE1 (for) MIR ("e) ~ 

I I  NIL NIL CONF 

'I A NIL I R E I  

I I  NIL NIL CONF 

i NIL i 

AUCH (also) 

AUCH (also) 

-I I 
NIL NIL CONF 

AUCH (also) 

I I I  

Basic syntactic disambiguation 7( /---+Abstract syntactic 
categorization 
Dialogue-act 
assignment 
Acoustidsyntactid 
semantic confidence 

Phrase start 

Abstract semantic 
categorization 

Basic semantic disambiguation $ E e P E C l p  k N F  ,# 

Figure 5. Example of SCREEN'S four best sentence hypotheses after receiving the first 1.77 seconds of input 
for the utterance "Das wird etwas knapp bei mir sagen wir lieber vierzehn Uhr funfundvierzig." At  the bot- 
tom, we show in detail the modules SCREEN used to process the word "mir" (me) and place it into seman- 
tic, syntactic, and dialogue-act categories. In Figures 5 and 6, the hypotheses are listed accawding to the 
confidence SCREEN has in their accuracy. The hypothesis with the highest confidence value is  at the top. 

SCREEN has a differeni level of confidence in the accu- 
racy of each sentence hypothesis. The four hypotheses are 
the ones in which SCREEN has the most confidence. They 
are listed according to their confidence values. The 
hypothesis with the highest value is at the top. 

In the small box at the bottom of Figure 5, we see which 
modules produced the representation of one word, "mir" 
(me). As shown, various modules assigned semantic, syn- 
tactic, and dialogue-act categories to each word. 

Final hypotheses 
Figure 6 shows SCREENS state after all word hypothe- 

ses have been processed. The figure demonstrates how 

integration can provide more robustness in interactive 
spoken-language processing systems. SCREEN can process 
slight variations of the confidence values of one knowl- 
edge source in a robust manner. 

Figure 6 shows the second half of each of the four sen- 
tence hypotheses in which SCREEN had the most confi- 
dence. The confidence values for all four were about the 
same. Thc third sentence hypothesis from the top (the one 
whose confidence value was the third highest) correctly 
identifies the sentence that was actually spoken (except 
for the additional "also" that was introduced erroneously 
by the speech recognizer). 

The first two sentence hypotheses have "should where 
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I I I I n n 
I U NG SUG A SG SUG I I ’ ANIM AGENT CONF 

WIR (we) 
’ NIL MISC CONF TIME TM-AT CONF 
LIEBER (rather) VIERZEHN (14) 

TIME TM-AT CONF NIL MlSC CONF 
UHR (o‘clock) FUNFUNDVIERZIG (45) 

I 
n I A SG SUG I M NG SUG 

I I 
NIL MlSC CONF 

(also) 
0 

’ AUX AUX CONF 

SOLLEN (should) 

I 
A SG SUG V VG SUG 

NIL MlSC CONF I UnER ACT CONF 

UCH (also) SAGEN (say) 

I 
V VG SUG I ‘ UTrER ACT CONF 

SAGEN (say) 

N NG SUG 1 M NG SUG . 
I NIL MlSC CONF TIME TM-AT CONF 

LIEBER (rather) VIERZEHN (14) 
TIME TM-AT CONF NIL MlSC CONF 

UHR (o’clock) FUNFUNDVIERZIG (45) 

I I 
’ ANlM AGENT CONF 
WIR (we) 

A SG SUG 

WIR (we) LIEBER (rather) VIERZEHN (14) 

I 
ANlM AGENT CONF 

WIR (we) 
’ NIL MlSC CONF TIME T M ~ A T  CONF 

LIEBER (rather) VIERZEHN (14) 

0 

N NG SUG 1 M NG SUG 

I 
~~ ~~ 

TIME TM-AT CONF NIL MlSC CONF 
UHR (o’clock) FUNFUNDVIERZIG (45) 

n n 
N NG SUG U M N G  SUG 

I 

TIME T M A T  CONF NIL MISC CONF 
UHR (o’clock) FUNFUNDVIERZIG (45) 

Figure 6. All word hypotheses from Figure 1 have been processed. Shown is the second half of each of the 
four sentence hypotheses in which SCREEN had the most confidence. The confidence values for all four 
were about the same. Except for an additional ”also,” the third sentence hypothesis from the top is  the cor- 
rect identification of the actual spoken sentence. 

“say” should appear but are still close to the actual spoken 
sentence. In this case, even additional syntactic and 
semantic knowledge could not correct such errors because 
the two hypotheses form actual sentences. 

The segmentation parser recognizes segments based on 
symbolic rules for the utterance boundaries. For instance, 
conjunctions like “because” would signal the start of new 
segments. A verb occurring for the first time in an utter- 
ance could also indicate the start of a new segment. The 
associated representation of a segment is called a frame. 

Using the knowledge provided by the category compo- 
nent’s underlying flat syntactic and semantic analysis, the 
parser puts a segment’s constituent parts into frame slots, 
which store and represent semantic and dialogue-act 
knowledge about the parts. Table 3 shows the slots used in 
the incremental processing of our example utterances. 

In Table 3, the dialogue-act slot describes the purpose 
of the utterance segment “That is bit short for me” (That 
is a bit soon for me) as a rejection of a proposal, and the 
segment “say we rather 14 o’clock 45” (instead let’s say 
2:45 pm.) as a suggestion of an alternative. 

Computer 

While the segmentation parser has been realized as a 
symbolic program due to its few segmentation rules, the 
dialogue-act assignment has been learned in a simple 
recurrent network.lo 

SYSTE 
We evaluated our system’s flat screening analysis in dif- 

ferent ways, using 184 dialogue turns (containing 2,355 
words) from the domain of business-meeting arrange- 
ments. 

For example, we used 64 dialogue turns to train simple 
recurrent networks on basic and abstract syntactic, basic 
and abstract semantic, and dialogue-act categorization. 
We then tested these networks on 120 new real-world dia- 
logue turns. The accuracylevels were 89 percent for basic 
syntactic analysis, 84 percent for abstract syntactic analy- 
sis, 86 percent for basic semantic analysis, 83 percent for 
abstract semantic analysis, and 79 percent for dialogue- 
act analysis. 

This was quite promising, particularly because we used 
a relatively small training set of dialogue turns containing 
real-word utterances, because we did not select or exclude 
utterances, and because we did not preprocess the utter- 
ances. These connectionist techniques should thus be par- 



Table 3. The segment parser from SCREEN’S case frame component helps identify a piece of dialogue by breaking it 
into segments and fitting the parts of each segment into slots, which store and represent semantic and dialogue-act 
knowledge about the parts. This table shows how the process works for the literal translation of our German example 
phrase, ”That is bit short for me; say we rather 14 o‘clock 45.“ 

~~ ~ 

Frame 1 Frame 2 
Slots Segment 1 Segment 2 Semnent 3 Segment 4 Segment 1 Segment 2 Segment 3 

Dialogue act 

Frame type 

Verb form 

Question 

Auxiliary 

Agent 

Object 

Recipient 

Time-at 

Time-from 

Time-to 

Location-at 

Location-from 

Location-to 

Confirm 

Negation 

Miscellaneous 

Frame input 

Reject? Reject? Reject? 

Utter Utter Utter 

is is 

That That That 

bi t  short 

That That is  That is bit 
short 

Reject Suggest? Suggc?st? Suggest 

Utter Is I s  Is 

i s  say say say 

we we 

That 

for me 

rather 14 o’clock 45 

bi t  short 

That is bit  say 
short for me 

say we say we rather 
14 o’clock 45 

ticularly useful for scaling up and bootstrapping in 
medium domains with a limited number of sentences. 

We have also examined SCREENS performance for the 
domain of interactions at a railway counter, where people 
ask questions about train connections. The accuracy lev- 
els were 93 percent for basic syntactic analysis, 85 percent 
for abstract syntactic analysis, 84 percent for basic seman- 
tic analysis, and 77 percent for abstract semantic analy- 
sis.ll Dialogue-act analysis has not been performed yet for 
this domain. 

WE INTEND TO EXAMINE additional aspects of hybrid 
connectionist language processing. We want to examine 
automatic lexicon construction, in which we could use unsu- 
pervised learning techniques, rather than techniques that 
require manually acquired syntactic and semantic cate- 
gories, to identify word representations from their contexts. 

We also want to investigate to what extent a system 
could use a flat understanding to learn spoken-language 
translation. We cannot expect a flat understanding to pro- 
duce as accurate a translation as a deep, hierarchically 
structured understanding, which would need a lot of addi- 
tional knowledge. However, because spoken language 
input, particularly from a speech recognizer, contains 
many errors, we expect connectionist networks to learn 
more robust spoken-language processing. I 
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