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ABSTRACT

In this paper, an approach for understanding natural speech by means of two stochastic knowl-
edge bases is presented: Within a given domain, the semantic model generates possible semantic
structures, which are semantic representations close to the word level. Corresponding to such a
semantic structure, the syntactic model generatesword chains using hierarchical Hidden-Markov-
Models. Integrated into a speech understanding system, these stochastic knowledge bases can be
utilized for a’top-down’ -approach.

K eywor ds: speech recognition, language understanding, Hidden-Markov-Model, spoken human-
machine-dialogue

1 MODEL INTEGRATION INTO A 'TOP-DOWN'-RECOGNITION PROCESS

Speech understanding can be interpreted as mapping a sequence of observation vectors O of an ut-
terance [4] toits semantic content, in this paper represented by the semantic structure S. Given the
observation sequence O, the most likely Shas to be found. To pursue this goal, the a-posteriori-
probability P (S|O) has to be maximized. It can be transformed using the Bayes formula:
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We choose to calculate the probabilities P (O|S) and P (S) by using stochastic methods [2] [5]
[6]. Dueto the high variety of S and O the conditional probability P (O|S) can not be estimated
directly from a set of training data. Therefore, additional representation levels are necessary.
Clearly defined is the word level W, which can be used to calculate P (S|O) asfollows:

P(O|W) - P(W|S) - P(S)
P(0)

P(S0) =),

w

)

P (O) isirrelevant to the maximization, sinceit is constant for agiven O. Hence, the search prob-
lem for the most likely semantic content S: can be simplified to:

S = argmax [P(O]9 -P(9] = argrSnaXZ[P(OW\I) -P(W|S) -P(9)] ©)
W

In the case of searching for the most likely combination of S, W and O, the semantic struc-
ture S: can be determined by the Viterbi decoding algorithm [9] and the sumin eq. (3) is substi-
tuted by a maximization:

S = argrsnax mv?/x [P(O|W) -P(W|S) -P(S] = argg1ax mv?/x P(O,W,S %

Assuming statistical independence of P (O|W) , P (W|S) and P (S) , their product represents
the joint probability for a certain pattern at each of the representation levels S, W and O. The pat-
tern for the observation sequence O isfixed, sinceit is given by preprocessing the speech signal
of the utterance. Fig. 1 shows the most import modules necessary for top-down decoding the se-
mantic structure S: of the utterance. Within these modules, additional levels of representation



might be required, for example the phonetic transcription inside the acoustic-phonetic models.
The main tasks of the system’s hierarchy are listed below:

e Semantic Model
Knowledge base for estimation of P (S) , the a-priori probability of the occurrence of the se-
mantic structure S within a particular domain of interest [3].

e Syntactic Model
Knowledge base for estimation of P (W|S) , the conditional probability of the occurrence of
the word chain W given the semantic structure Sof the utterance.

e Acoustic-phonetic Models
Knowledge base for estimation of P (O|W) , the conditional probability of the occurrence of
the observation sequence O given the word chain W [8].
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Figure 1: Hierarchy of a system for extracting the semantic structure of an utterance

2 SEMANTIC STRUCTURE

The semantic content of possible utterances is unlimited. Therefore, it is suitable to have the se-
mantic structure S, which is formed of smaller significant units, called semantic units (abbrevi-
ated semuns), which have limited variety.

2.1 Definition of the semantic structure

The connection of the semuns to a hierarchic tree structure is proposed. A higher level semun
should be specified by alower level semun. As an example, fig. 2 showsthe tree of such aseman-
tic structure Sconsisting of N = 8 semuns. The nodes are the semuns s, . The semun in the highest



level is denoted s, , the others are numerated from 2 to N in an optional manner. The edges form
the connections between these semuns.
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Figure 2: Connection of semunsto the tree of a Semantic Structure S

A certain semun has X direct successors, connected by theedge’ — .’ BEG,’ markstheedgeto
the semun s, in the highest hierarchic level, * TERy " aterminal edge. A terminal node does not
occur. In the upper example, thereis X = 2 for s; and X = 1 for al other semuns (terminal
edges count, t00).

The connections between the semuns can be explained as follows:

Case X = 1: That part of the semantic structure consisting of the semun s,
and its possible predecessorsis described by the semun sn1 andits

s, ———»S _
n "1 possible successors.

Case X = 2:
sq Thesemuns Snp> Sy -+ S, and their possible successors arerelat-
% Sn; ed togqha specified b)_/ the semun s, and describe that p_art of th_e
Sh . semantic structure, which consists of the semun s and its possi-
\ s ble predecessors.

Nx

In the farest sense, a single semun can be seen as an X-place predicate logic relation constant [1].
But the connection of single semuns to the semantic structure differs essentially from the repre-
sentation by predicate logic. However not so exact in the mathematical sense, the semantic struc-
ture offers some important advantages:

The semantic structure is a representation of the semantic content close to the word level.
Sinceevery semun s, in Scorrespondsto one significant word wintheword chain W, itis pos-
sible to design amodel! for calculating P (W|S) without any more representation levels.

Connecting the semuns, there is only one mechanism, namely marking other semuns as so-
called successors. Designing the models for calculating the probabilities P (S) and P (W|S) ,
only that way to connect the semuns must be taken into account. Thisrestriction isabenefit for
designing consistent models.

2.2 Definition of a single semun

A semun contains the semantic information of one significant word. For modelling the semun’s
meaning separated from the set of possible successors, every semun s is represented by its
type t anditsvalue v,:

Thetypet e {7}, ..., 7, ...} laysdownthenumber X of successor-typestn,, ..., tn andre-
stricts the set of possible successor-types. Furthermore, it makes an efficient selection of the
corresponding values.

Thevaluev, e {¢,, ..., 9, ...} showsthe proper meaning of the word w, which corresponds
to the semun s, . Notice that there could be several words with exactly the same meaning, that
the semantic structure S will not change if one of these words are mutated.

For our first investigations, the number X of possible successors was limited to two, i.e. for the
present, there are semunsonly with X = 1 or X = 2.



2.3 Examplesfor understanding

For explaining the last two chapters, the semantic structure Sis formed for two different utter-
ances, each given asaword chain Win German language. In this example, the utterances are com-

mands to control a simple graphic editor for three-dimensional objects on the screen.
W, ="l6sche alle griinen quader’

W, = zeichne bitte zwei kugeln und mache doch den roten kegel klein’

A set of possible types and values must exist to represent the semantic content of all possible ut-
terances within the current domain of interest as semantic structures. The following table lists
some semuns for agraphical editor. The table does not contain all possible semuns, which are nec-
essary for any conceivable utterance. But it elucidates that the semantic content of many utter-

ances can be represented only with afew types and values.

type T, value (pj possible successor-types explanation
comml create, form, logic action command with
delete one successor
comm2 change 1.: form, logic action command with
2.: colour, size, pos, (terminal) two successors
form sphere, cylinder, quant, colour, size, pos, object form
cone, block logic, (terminal)
quant 1,23, .., size, pos, colour, (terminal) object quantity
many, all
size big, small, normal pos, colour, (terminal) object size
pos middle, up, down, colour, (terminal) object position
right, left
colour red, green, blue, (terminal) object colour
yellow
logic and, or 1./2.: form, size, pos, colour, logical operation
comml, comm2
(Both the successors must
be of the same type!)

Table 1: Examplesfor possible types and values for representing utterances to control a graphical editor

With the semuns proposed in tab. 1, the semantic structures S; and S, explaining the semantic

contents of the word chains W, and W,, can be asfollows:

Sy —EC» sz ——> 5= ——> 5= ——> 5= R »
comml.delete  form:block quant:all colour:green
SZ:—} 53: E— 34: B}
comml.create form:sphere  quant:2
S,:  BEGy 5= > Sc= »Sg= —>» S;= —»Sg= IER,
logic:and comm2:change form:cone quant:1  colour:red
Sg= TER
size:small

Figure 3: Semantic structures S; and S, corresponding to the word chains W, and W, .
Every semun s isrepresented through apair of typeand value t :v,, .




For standardisation of the likelihood cal culation described in the following chapters, also the suc-
cessor-type (terminal) has to be included into the set of all existing types {t,, ..., T, ...} . That
type indicates an outgoing edge’ TER,,’ it does not define a semun, it has no value!

Notice that the insignificant words ' bitte’ and ’doch’ of the word chain W, are not represented in
the semantic structure S, .

3 SEMANTIC MODEL AND SEMANTIC GENERATOR

The semantic generator (seefig. 1) hasto generate all possible semantic structures Swith their a
priori-probabilities P (S) which are imaginable within a certain domain of interest.

3.1 Probabilities of the semantic model

The knowledge base used by the semantic generator is the semantic model, which has to be built
of training data (these are many given semantic structures within a certain domain of interest).
However, the variety of S istoo large to estimate P (S) directly from atraining corpus. It isnot
feasible that all possible semantic structures can be seen in the training. The semantic model must
contain a limited number of parameters, which on one hand can be reliably estimated out of the
limited training material and on the other hand alow one to calculate the respective a-priori-
probability P (S) of an unlimited set of semantic structures S. Hence, the estimation of some
first order conditional probabilitiesis proposed:

e The begin probability
Pgeg (T) = P(type= Ti| in highest hierarchic level) (5)
indicates the probability that there is a semun of the type T, in the highest hierarchic level.

e Thevalue probability
pfi((pj) = P (vaue= (pj|type: ;) (6)

indicates the probability that a semun of the type t; hasthe value -
e The succession probability
pt(ti ST e T J = P(succr—typez T T, T ‘type= ri) (7)
i 1 2 X 1 2 X
indicates the probability that a semun of the type T, has X successor-types ’Cil, Tix .

3.2 Calculation of P(S)

The estimation of the a-priori-probability P (S) isexplained with the following part of a seman-
tic structure.
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Figure 4: Part of asemantic structure S

 The begin edge to the semun s, has the begin probability

feec™ Peec (ty) - (8)



e Every node, i.e. every semun s, hasthe value probability
en = ptn (Vn) . (9)

e All edges (also terminal ones), which are leaving a certain semun s, have the succession
probability

f= ptn(tnl, tnx) . (10)

Assuming gtatistical independence of al terms in eqg. (8)-(10), the a-priori-probability P (S) is
the common product of the begin probability fg.; with all succession and value probabilities of
the N semuns within the semantic structure S:

N
P(S =fges [] (&n-fo) (12)
n=1

Although the assumption of statistical independence is not given in practise, the rather simple
model ability justifies the use of eq. (11). P (S) could be specified exactly, if conditional proba
bilities of nM order with n — o instead of first order are used. Indeed, the number of the param-
eters which have to be trained grows exponentially with rising order, which, on one hand would
aggravate the training, on the other hand would produce a too large hypotheses search space
within atop-down semantic recognition.

4 WORD CHAIN GENERATOR AND SYNTACTIC MODEL

Using the syntactic model, the word chain generator has to produce al likely word chains W ex-
pressing a certain semantic structure S. The demands made on the word chain generator are listed
below:

1. Creation of one significant word w per semun s, representing its meaning v,, .
2. Insertion of additional, insignificant words.

3. Timeaignment of al wordsin the word chain.

In our approach, aunique syntactic model A existsfor every possible semantic structure S, con-
strained by the condition:

P(W[Lgy = P(W|9 (12
The syntactic model represents a Hidden-Markov-Model [7], implying the superimposition of
two stochastic processes:
1. Change of states according to a set of transition probabilities.

2. Emission of words from selected states according to emission probabilities.

The probability of acertain state sequence Q, given the model A, isthe product of all transition
probabilitiesalong Q:

P(Q|Ay = 1T gconcerned transition probability) (13)

al state trangitions
along Q



The probability of emitting the word chain W along the state sequence Q is given by

P(W|Q Ay = H (concerned emission probability) . (14)
all stateswith

word emissions
aong Q

If we assume statistical independence of these two stochastic processes, the joint probability
for W and Q issimply the product of the above two terms:

P(W,QJAgy) = P(W|Q, Ay - P(Q|ry (15)

The probability of W (given the model), which is to be calculated, is obtained by summing this
probability over all possible state sequences Q:

P(WjAg = > P(W,QlAy (16)
alQ

An infinite set of likely semantic structuresisin accordance with an infinite set of syntactic mod-
elsaswell. In contrast, the model parameters have to be extracted from alimited amount of train-
ing data (these are word chains describing many semantic structures). To avoid problems caused
by the lack of training data, the syntactic model is constructed from alimited set of smaller units,
in the following called elementary Hidden-Markov-Models (EHMMSs). Starting from the seman-
tic structure as an adeguate representation of the semantic content, it seems reasonable to include
exactly one EHMM for every semun s, . The EHMMs have to be linked with each other, associ-
ated to theedgesin S.

4.1 Parametersof an elementary Hidden-M ar kov-M odel

Asshowninfig. 5, the EHMMs contain three or four states Z, ... Z,, , depending on the number of
successors X (for our first investigations we limit Xe {1, 2} ). The EHMM appears to be afirst
order Hidden-Markov-Model, but it contains some substantial distinctions:

e Thestate Z, emits one insignificant word.

e Thestate Z, emits one significant word, which represents the semantic content of the associ-
ated semun. This state has to be passed accurately one time. More detailed explanations con-
cerning the word emissions can be found in chap. 2.3.

e The states Z, and Z, symbolize the EHMMs associated with the successor semuns (one or
two). These sub-models have to be entered and left accurately one time.

An EHMM is described by the following parameters:
e Transition probabilities:
a;; isthe probability of atransition from state Z; to Z; :
a; = P(next state = Z;| current state = Z;) 17)

Transitionsto the states Z, and Z, represent transitionsto the start point of the concerned sub-
model. Transitions from the states Z, and Z, represent transitions from the end point of the
concerned sub-model.

e Emission probabilities:
b; (w) isthe probability of emitting theword win state Z, or Z,:

b, (w) = P (emittedword = w|current state = Z,), ie {1,2} (18)



EHMM with X =1 sub-model:

Figure 5: Elementary Hidden-Markov-Models with three or four states

To reduce the number of model parametersto be estimated, we assume that all parameters except
the emission probability b, (w) only depend on the type of the associated semun. Hence, the
number of required model parameter setsis equal to the number of sesmuntypes 1, defined for the
semantic structure.

4.2 Linking together variousEHMMs

The construction of the syntactic model A asanetwork of linked EHMMsfollows the definition
of the semantic structure S, which consists of single semuns s . Hence, A4 incorporates accu-
rately one EHMM, for every node (i.e. every semun) inthetree of S. Every edgeinthetreeof S
causes a link of the associated EHMMSs. The successors Sn, and Sn, of the semun s, are inte-
grated into the syntactic model as sub-models EHMMn, und EHMMn,. The states Z, and Z,
serve as dummies for these sub-models.

semantic structure: o syntactic mode!:
EHMM,,

' C) @i e
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.

stellrt erlld

Figure 6: Layout of the syntactic model associated with a given semantic structure



Fig. 6 showsasemun s, with X = 2 successors Sh, and Sn, as adetail of a complete semantic
structure. On theright S|de the associated part of the wntactlc model isillustrated, which consists
of the EHMM, with its sub-models EHMMp, and EHMMp,,.

4.3 Word emissions

e State Z, emits exclusively insignificant words. The emission probability b, (w) only de-
pends on thetype t of the associated semun s, .

o State Z, emits exclusively significant words. The emission probability b, (w) depends both
onthetypet, and onthevalue v, of the associated semun s, .

Fig. 7 gives an example for possible emissions from the states Z, and Z,, given the type
t. = commil (taken from tab. 1):

t, = comml W by(w) t, = comml W b(W)
bitte 0,15 zeichne 0,5
doch 0,1 mache 0,1
vielleicht 0,15 Vv = Create male 0,15
mal 0,5 erzeuge 0,1
ahm 0,1 bringe 0,15

2=1 y=1
l6sche 0,2
v, = delete e_ntferne 0,35
kille 0,15
eliminiere 0,3
=1

Figure 7. Emissions of significant and insignificant words with associated b; (w)
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