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ABSTRACT esize their phonetic and orthographic transcriptions, and poten-

This paper discusses our three-stage approach to a flexible \}Ié”l-”y incorporate them without additional training.

cabulary speech understanding system, which can detect out-&@ur foremost objective is to devise a framework where phonetic
vocabulary (OOV) words, and hypothesize their phonetic and osequences of unknown words that have never occurred in train-
thographic transcriptions. In the first stage, we introduce thimg can be supported by linguistic models, and to accomplish
column-bigram finite-state transducer (FST) which, while embedhis without compromising in-vocabulary recognition accuracy or
ding ANGIE sublexical models, also supports previously unseenausing an explosion in the search space. In light of this, the un-
data from unknown words. Secondly, theaGIE models utilize  derlying philosophy behind our first stage is to use only low-level
grapheme information, providing tighter linguistic constraint adinguistic constraints that are shared within all general English
well as instantaneous sound-to-letter capability during recogniocabulary, and to delay the application of domain-specific lex-
tion. Thirdly, the syllable-level lexical units of the first stage areical knowledge until the second stage, after much of the search
automatically derived via an iterative procedure to optimize perspace has already been pruned. In principle, such an initial stage
formance. The second-stage recognizer empdmGIE to output  could encompass a simple phone or syllable recognizer. Butin or-
a word network which is parsed byiNA, our natural language der to boost performance, we have, through novel means, embed-
(NL) processor, in stage three. Experiments wittugI TERim-  ded additional knowledge sources that do not require an explicit
plementation of this system are described in [1]. domain-dependent word lexicon.

1. INTRODUCTION In the first stage, our FST-based recognizer now utilizes a new

) method for generating an FST which better encapsulates the hi-
In the future, we foresee conversational systems capable of sUge --hical probabilistic models ofnGIE. Called thecolumn-

porting flexible vocabularies, that is, unknown words are automa[)-igram method, the resultant FST can assign non-zero probabil-
ically detected at the spoken input, and corresponding acoustigag for previously unobserved phonetic sequences. Secondly,
phonological and linguistic properties are inferred. From thesgye introduce the notion of simultaneously modeling grapheme
the system would hypothesize letter spellings, and in this Wayyng pronunciation information withiaNGIE via spelling-based
the lexicon is dynamically extended with new words Spoken a3,oneme-level units. With annNGIE grammar converted to an
recognition time. At present, state-of-the-art systems have linkgicient FST representation, a recognizer can potentially derive
ited capabilities in coping with unknown words. In fact, as quoteqter spellings directly during recognition upon encountering un-
in [5], test sentences containing OOV words can suffer a five-folghqyn words. The third feature of the first stage is the ability to
degradation in recognition performance. One challenge is 0 Nggytimally exploit syllable-level constraints together with spelling
row this large performance gap. information by automatically generating a morph-based lexicon.
Previously, we envisioned two-stage architecture where the We will describe a procedure which begins with a column-bigram
front-end consisted of a domain-independent recognizer, and tHi$T, and iteratively builds novel syllable-sized units by concate-
was interfaced via a subword network to a back-end which incopating grapheme-related sequences.

porated constraints from higher-order knowledge sources, su@articularly novel aspect of this design is the integration of low-
as NL, tailored for the specific domain. In [2], we implementedg, | |inguistic knowledge to promote tighter constraint. These
a preliminary system where the first stage only utilizes syllables (1) implicit word substructure constraints captured by the
level linguistic info_rmation, CombiningNe_lE _[4], the sublexical column-bigramanGlie FST (2) grapheme information embodied
model, together with a morglirigram. This first stage produces spelling-based units and (3) morph-level trigram constraints.
a phonetic network which guides the search in stage two. Thergrore importantly, because we are not tied to a fixed lexicon, the
after, TINA [3], our NL module, andanGIE models are tightly 6rnhs and word substructure information stem from training our
integrated within a single search, to produce final sentence hyammar on novel automatically-derived units. The algorithm
potheses. Here, we extend the previous architecture with soMigeq to build these units aims to encapsulate information more
novel enhancements inthreestage implementation. These areefficiently by creating alternative word and morph units.

designed to enable the system to detect unknown words, hypoth- )
- — ) ) During the second stage, OOV words are allowed at restricted
1This material is based upon work supported by the National Science Found

tion under Grant No. IRI-9618731. fScations, and theNGIE parse mechanism is used to guide pho-

2Morphs are syllable units with distinct spellings augmented with positionaN€tic hypotheses during the searchN&E may also be used to
markers.




word word lowed. Fundamentally, this was at variance with Ahes1E parse
stressed root  suff stressed root mechanism which can generalize models across words with com-
onset| nuc+ | plural || onset| nuc+ | coda mon substructures. These considerations have motivated us to
d! ey+ s p! [ || ey+ S develop the column-bigram FST.
d ey z P! 2 S In the column-bigram method, an entir’lGIE parse tree is

viewed in a tabular format (Figure 1) which depicts a sequence

Figure 1: Tabular schematic OANGIE parse trees for words ©Of columns. Eacleolumndenotes the parse tree nodes along a
“days” and“place” Each entry in the table depicts a tree nodediven path from the root node to the terminal nodeiGAe parse
The rows represent from the bottom up, phonetic, phonemics, syf€€ probabilities can then be decomposed into probabilities from

|labification and morpho|ogy. “1" denotes onset position and “prone column to anothel’, proceeding left to I’Ight The probablllty
marks lexical stress. of a column, given the previous, is computed by summing com-

ponent probabilities that depend on nodes from the left context.
These are (1) trigram bottom-up probabilities: the probability of a
propose spellings. The third stage involves usimga to parse column node given its left sibling node and its child node, and (2)
and re-score word graphs, computed from the second stage. Tttig advancement probability: the probability for advancing to the
method also computes a meaning representation for further praext phone terminal given the left-context column. Consequently,
cessing in the dialog system. the probability generated, when we proceed from one column to

In the next sections, we elaborate on details of our first stage, aHbe nexF, can be seen as a bigram probab_lllty for adl‘?"er_“ 90|_
how the component FSTs are assembled together. Steps inclyg8" PaIrs, and conseque_ntly our column-bigram FST is similar
generating FSTs using the column-bigram method, incorporatirfa structure to a general bigram model FST.
spelling information within amNGIE grammar, and iterating the During the training phase, thenGiE grammar and its probabil-
automatic procedure for generating novel lexical units. We thefties are initially trained up. Then, all uniqueNGiE columns
examine the roles of the second and the third stages. This systéwith distinct tree nodes), that have occurred in training data, are
has been implemented in theriTERdomain, and evaluated with enumerated. For all adjacent column pairs that are observed, col-
test sentences containing unknown city names. Details and resuli;sin bigram probabilities are computed by summing the above-
are reported in [1]. mentioned component probabilities, and recorded. When con-
structing the FST, every unique node corresponds with a unique
2. STAGE ONE RECOGNIZER ANGIE column. For a particular column, the outgoing arcs of that
As in [2], the first stage is an FST-based recognizer that usé®de represent transitions to other columns, and the bigram prob-
context-dependent diphone acoustic models and proposes nogéllities reside on the arc weights. In our design, we choose to
morph units. Although the actual novel morphs are hypothesize@Mit phoneme units of the pre-terminal tree layer, given phone
as outputs, they are subsequently decomposed into their phondggminals as input labels. Also at a morph boundary, we emit the
constituents in an optimized lattice so that the later stages are fBerph clas$of the left column. This provides additional higher-
confined to the set of morphs proposed in the initial stage. Defifevel or long-distance linguistic information about the left column
ing all language search constraints is a single FST that maps tAkthe output which may be beneficial at a later stage.

context-dependent units to sequences of morph units. This F§T this scheme, a consideration has been to reproduce as much
is computeda priori via the compositionC' o P o L o i, where ot the parse mechanism’s flexibility as possible while keeping the
C tre_lnsduces (;ontext-depend_ent to context_—mdependent l#belsgjze of the search space, as determined by the FST size, manage-
applies sublexical modeling via anGIE-derived FSTL maps  gple, Thus, restricting the FST to recording only the column pairs
phoneme baseforms to lexical units afids a trigram model. In hat are observed in training serves to omit a portioAEIE’s
Section 2.1, we elucidate the column-bigram FST which mapsyopapility designated by its over-generalizing ability. We believe
phones to phonemes witNGIE probabilities. The phoneme set {hat in most cases, this space yields low probability estimates,
has been redesigned to be the spelling-enriched letter-phonemgg.ayse those column pairs in question did not occur in train-
described in Section 2.2. Both theiGIE grammar and the tri- jng  This effectively limits the number of arcs in the resulting
gram are trained on the novel units that are generated in an alges T However from our preliminary investigation of the design,
rithm detailed in Section 2.3. many novel morph transitions may be disallowed due to lack of
2.1. THE COLUMN-BIGRAM EST training observations. Therefore as a measure to overcome this
and control any sparse data problems that would prevail at morph
Introduced in [4],ANGIE is a sublexical model that combines boundaries, we have implemented a simple back-off or smoothing
a trainable probabilistic framework with a hand-written contextimechanism.
free grammar. It pr Qdupes a parse tree which captures phonetiﬁ\sback-oﬁ node corresponding with every morph class is con-
phonemlc_s, sylla_blflcatlon and mo_rphology. In [2], we Converteqstructed At any morph-final column, the probability of transi-
ANGIE’s hierarchical models to a single flattened FST represent?- N T
) . I e - .. Tioning to a back-off node from a colun®; is computed as fol-
tion, enabling us to utilize its probabilities within the recognition
search. However, the algorithm relied on memorizing training
data instances, and assigning pre-computed probabilities on the
FST arc weights. Hence, allowable paths in the FST were lim- ) 3 ) _
ited to entire phonetic sequences that had been instantiated in teere P(C;|C;) is the probability assigned to colun@ given
training data, and moreover, previously unseen phone SEQUENCEeSEexamples of morph classes include prefix, inflexional suffix, stressed root,
belonging to unknown words or rare pronunciations were disaknd so forth.

P(Backoff|Ci) =1— Y P(C;|C:) (1)

J




its left context columrC;. In practice, this is estimated by sum- of emitting phonemes, the FST emits letter-phoneme sequences.
ming the total probability of arcs exiting a column nodg§, and And so phone sequences can be mapped to spelling hypotheses
assigning the remaining probability space to the transition tadirectly by a single FST with a likelihood score that reflects the
wards the back-off node. This space is a direct consequence afmbination of pronunciation and letter-to-sound modeling. This
allocating probability towards unseen data by #eGIE parse is particularly desirable for novel letter-phoneme sequences be-
mechanism. Then, the probability estimate for exiting the backenging to unknown words, during recognition. Moreover, in ex-
off node is computed as the maximum likelihood estimate for thpanding the functionality of the pre-terminal layer of the parse
probability of the next column given by left morph class contexttree, we have enriched the probability models with greater con-
égxtual information, thereby imposing tighter constraints. This

mpared with our previ r h lumn bigram r L o ) )
Compared with our previous strategy, the column bigram captu may deliver improved recognition performance in the first stage.

a larger portion of theaNGIE probability space by replicating
some of the parse mechanism’s ability to generalize through shat-
ing models of common substructures. In fact, while thesie ai"?" AUTOMATIC LEXICAL GENERATION
grammar is trained from a fi_xed two_—tiered Iex?con containingA mentioned earlier, the system composes the column-bigram
yvords and morphs, the res_ultln_g_FST is not confined to these, bIL—@TP (built from the spelling grammar) with an intermediate
instead only captures an implicit knowledge of word substrucl-exical EST L before combining with a trigram FST. The
tures. Novel paths through the FST which license previously ur]r'ole of the intermediate FST is to map the Ietter-ph'onemes to
seen sequences are possible because the algorithm only obse

rves . . .
. ) . € larger-sized units of the trigram. The resultant FST should
adjacent column pairs rather than entire sequences of phones. For ¥~ . s D ) ; . .
S . L P .combine tight linguistic constraint in conjunction with flexibility
example in Figure 1, by observing in training the words “days

and “place,” the FST now contains a path for the unobserved worta support OOV sequences. In the past, lexical units n the first
“ " . : stage are morphs. With the more cumbersome spelwgIe
plays,” because the relevant adjacent column pairs have all beén

observed in the two training words. Even more morph transitiongrammar’ we are faced with cancerns for the FST size that would

can be supported when the back-off mechanism is included, aHHpaCt computational efficiency. Our remedy here is to design a

. . - new set of lexical units which is automatically derived and op-
this ameliorates further sparse data problems. In addition, un-_. - .
. : timizes on the probability models. Ideally, this would lead to
like our previous method, the output symbols are at the phoneme o .

. . Smaller FSTs and an optimized set of morph-level units where
level, rather than morphs from a fixed lexicon. Hence, concate-

- - Sparse data problems are minimized while tight constraints are
nating novel phoneme sequence outputs yields new morphs. maintained

2.2. SPELLING-BASED UNITS The core idea relies on the fundamental insight that, in the first
stage, the morph units are not required to directly correspond with
We are driven to incorporate grapheme information in the firsh single syllabification of the word lexicon of the second stage; in
stage for two reasons. First by equipping models with spellinfact, we are not tied to any fixed lexicon specific to our domain.
knowledge, we could directly deduce spellings from phonetic hyThe reason for this is that the second stage uploads a phonetic net-
potheses at unknown words. Spellings can be accessed withitork from the first. Therefore, we are required simply to improve
the recognizer models, and this obviates the need for a separateonetic accuracy, whereas the actual underlying morph or word
sound-to-letter module. Secondly, we may exploit spelling inforhypotheses are only relevant in the second stage. We posit that
mation as another form of low-level domain-independent linguiseur chances for producing correct phonetic sequences for both
tic constraint that can be used in our first-stage recognizer. known and unknown data may improve upon re-optimizing lexi-
cal space. And our optimized lexical organization should enable

With the availability of ANGIE’s hierarchy and an efficient FST L )
ANGIE to capture sublexical information more compactly.

representation for it, we propose to encode grapheme inform
tion within the grammar. In the past, for sound-to-letter/letterUsing the same forced aligned training data, the procedure is an it-
to-sound applications, letter units were used in lieu of phonesrative algorithm which hinges on the following properties of our
at the terminal layer imNGIE. Here, our approach is to em- column-bigram FST: (1) by concatenating the output labels, we
body spelling knowledge within the phoneme pre-terminal layecan hypothesize the spelling underlying the word of a phonetic
of the ANGIE grammar. This is done by replacing the phonemeequence and the respective morph boundary locations, and (2)
set of the pre-terminal layer by an expanded sé&tibér-phoneme given any phonetic sequence, multiple paths exist within the FST,
units. We conceive of units that codify spelling and pronunciatioemitting distinct and novel letter-phoneme sequences with proba-
information simultaneously; that is, the letter-phoneme to phonkilities. In fact, within a sentence, even for phonetic sequences of
layer of anANGIE parse tree has the dual purpose of modelindgknown words, the highest scoring output sequence may not be the
both phonological processes and letter-to-sound/sound-to-lettene asserted in the originaNGI1E morph lexicon. This suggests
conversion. The inventory of letter-phonemes is constructed Iiat an alternative set of morph-level units may yield better results
annotating letter units with markers designed empirically to sigby way of higher probabilities and thus reduced perplexity num-
nify phonemic pronunciation, stress and so on. For example, theers. With each iteration of our algorithm, a new morph and word
letter-phonemae |+ represents a long stressed vowel spelled as dexicon is proposed. The morphs are a concatenation of the novel
“a” and pronounced as the /ey/ phone. From the letter-phonentetter-phoneme sequences that were discovered by finding high-
baseform of a word, one can deduce both its spelling and phonest scoring paths in the FST, and the words are constructed from
mic sequence. More examples and greater detail can be foutite morphs, using a simple set of concatenation rules. The morph
in [1] where this has been implemented in the°ITERdOmain. and word lexicons are used to train up a nemGIe grammar for

The major benefit of this novelty is that the newGie grammar the next teration.

is conveniently converted to a column-bigram FST where, insteabhe iterative procedure is set out in the following steps:



1. Initialization: Begin with an initial set of rules that incorpo- this constraint, and phone sequences will be proposed whenever
rate letter-phoneme units. an ANGIE parse succeeds. In the case where a novel phonetic
. . . sequence is hypothesized, the associated probability score is re-
2. Train grammar Use Fhe_ forced al_lgned set of orthographlctumed with an OOV flag. A hypothesized spelling may also be
and phonetic transcriptions to train aNGIE grammar. accessed fromNGIE, if the letter-phoneme grammar is used.

3. FST Generation Use the forced alignments and trained 4. STAGE THREE: TINA Parsing

ANGIE grammar to generate a column-bigram FST.
In the final stage, thév-best output of the second stage is con-

4. Search For the phonetic sequence of each training uttergerted into a word network via an algorithm that computes good-
ance, search for the highest scoring path through the columRess scores computed from ranking hypotheses by their frequen-
bigram FST, and output a corresponding letter-phoneme Sgfes in the list. A viterbi search with beam pruning sweeps the
quence along with morph class labels at morph boundariessetwork, applyingrina parsing and finding the highest scoring

5. Construct morphs For each morph, infer the spelling by sentence accordi_ng to theNA score combined with the good-
concatenating the letter-phoneme sequence, after removifgSS SCores. WA Is spgmally trained to support unknown W_ords
contextual markers. The morph class is also deduced. =) der speuf_lc categorles_such as proper names. A meaning rep-
example, the letter-phoneme sequentieay+, can be con- resentation is obtained directly during this stage and will be of

catenated to form a stressed morghy+. If the morph has further use for the dialog system.
not been previously encountered, add it to the lexicon. 5. CONCLUSIONS

6. Construct words Construct the underlying “word” by con- This paper has described our three-stage speech understanding
catenating morph sequences using some simple rules. Eagfstem capable of dynamically extensible vocabulary. The most
word must contain only one stressed morph, and wor@ovel contribution is the design of our first stage which relies
boundaries are inserted whenever permissible according é&xclusively on low-level knowledge such that previously unseen
ANGIE. If the word has not been previously encounteredphonetic sequences belonging to new words can be recognized.
add it to the lexicon. Our objective has been to dually maximize flexibility and con-

straint. This has entailed combining sublexical models, embed-

7.Go to step 2 Upon completion of the new lexicons, be- ded with grapheme information together with syllable-level cos-

gin with a new grammar and orthographic transcriptions foEraints in an FST paradigm. In particular these linguistic models

training data that are derived from the new word Iechon'are based on automatically generated novel units which are guar-
Return to Step 2.

anteed to improve probability likelihoods. Application of word-

vel constraints are delayed until stage two where AReIE

The above procedure has been implemented successfully in IIp]egrse mechanism can detect unknown word occurrences and hy-

with a red_uctlon in pOth perplexny_ and_the FST size. Afte_r Sev'pothesize their phone and spelling sequences. NL constraints are
eral iterations, the final morph lexicon is used for generating th

lexical EST. A furth . bil | ﬁnposed in the third stage on a compact network, containing hy-
exica - Aturther step to Increase ability to SUpport NOVel $€, i asag of known and unknown words. Encouraging results re-

quences is to decompose all stressed roots into their respectiyga in [1] point to the potential of this design for a future sys-
onsets and rhymes. In doing this, the number of unique lexic m that not only copes with unknown words but adopts them

units will be greatly reduced, and the trigram model will now belmmediately, enlarging the recognizer vocabulary each time.
based on a set gfub-morphsa collection of unstressed morphs

combined with onsets and rhymes of stressed morphs. On the one 6. ACKNOWLEDGEMENT
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