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SUMMARY interior is:

In this paper, we present two efficient look-ahead prunirgn-te Quv(t,s) = max {q(ze,sl0) Qu(t—1,0)},

nigues in beam search for large vocabulary continuous Bpeec 7

recognition. Both techniques, the language model loola@he Whereg(z+, s|o) is the product of transition and emission probabil-
and the phoneme look-ahead, are incorporated into the wofides of the underlying 6-state Hidden Markov Model. At therdl
conditioned search algorithm using a bigram language maail level, we have to find the best predecessor word for each werd h
a lexical prefix tree [5]. The paper present the following elov pothesis. For this purpose, we define:

contributions:
H(w;t) = max {p(wlv) - Qu(t,5u)} ,

) whereS,, denotes a terminal state of the lexical tree for wardlo
e We describe a method for language model (LM) look-aheadtart up new words, we have to initialigs, (¢, s) as:

pruning which is similar to [1, 9]. We show special technigiue

to reduce the memory and computational requirements. These Qv(t—1,00 = H(vit—1),
techniques are based on a compressed LM look-ahead tree. TR _ . S
compute the LM look-ahead tree probabilites in an efficient’ €€ the fictitious state = 0 is used to initialize a tree.

way, we present a backward dynamic programming SCheme’l’he standard pruning approach consists of three stepstargiard

e We present a phoneme look-ahead pruning technique to iReam pruning or so-called acoustic pruning, language made-
crease the efficiency of the acoustic pruning. In particuer  ing and histogram pruning, that are performed eveiyms time
refine the acoustic pruning strategy byl-aand 2-phoneme frame as described in [8].

look-ahead, respectively.
P Y The efficiency of this standard pruning approach can be iagaro

» We report results for both look-ahead pruning methods on thgy using the so-called look-ahead techniques, which argepted
the 20,000-word North American Business (NAB'94) task. in the following and are novel in the context of word condital

e As a result, the combination of bigram look-ahead and 1iré€ search.
phoneme look-ahead reduces the search space by a factor of

10 without loss in recognition accuracy in comparison with the 2. LANGUAGE MODEL LOOK-AHEAD

baseline search using a unigram language model look-ahe

as described in [2]. The computational costs can be reduciﬂe basic idea of this pruning method is _to in_corporate thguage

by a factor of5 on a SGI workstation (Indy R4400). model (LM) kn_ov_vledge_ as early as pc_;s&ble Into the searcbeso
[9, 1, 7, 8]. This is achieved by factoring the language mpdeb-
abilities over the nodes of the lexical tree. For a bigranglege

1. BASELINE SEARCH METHOD model, the factored LM probability, (s) for states and predeces-

sor wordv is defined as:
The so-called word conditioned tree search algorithm isedas

on a strictly time-synchronous left-to—right dynamic paygming m(s) = max )P(w|U) ;

search method combined with a tree-organized pronunnieia- e

con [5, 6, 2]. When using a bigram language model, we intreducvhereW(s) is the set of words that can be reached from tree state
a separate copy of the lexical tree for each predecessoravofd  s. The termp(w|v) denotes the conditional bigram probabilities.
formulate the dynamic programming approach, we introdbee t Strictly speaking, we use the tree nodes rather than thesstéthe
following quantity [6]: Q. (¢, s) := score of the best path up to Hidden Markov models that are associated with each node.- How
time ¢ that ends in state of the lexical tree for predecessor word ever, each initial state of a phoneme arc can be identifiedl it

v. The dynamic programming recursion @, (¢, s) in the word associated tree node.



After the LM look-ahead tree factorization, i.e. computing(s), the nextAt time frames [5]. This probability estimate is then
each node (or phoneme arc) of a lexical tree copy corresgoriie  incorporated into the acoustic pruning strategy. To foateithe
maximum bigram probability over all words that are reachdfdm  phoneme look-ahead pruning criterion for= 1 phoneme, we in-
this specific node with predecessor ward Thus, we incorporate troduce the quantityz 4 (Sy;t,t + At) describing the probability
the factored LM probabilities, (s) into the dynamic programming that the phonemé ending in state5,, produces the acoustic vectors

recursion across phoneme boundaries: Tt41,---, Te+At. The calculation of the so-called look-ahead score
qra(Sy;t,t + At) can be expressed by the dynamic programming
my(s) S
Qu(t,s) = G max { q(z¢, s|lo) - Qu.(t —1,0) } recursion:
Tl S o
wheres is the parent node of. For state transitions not involving qra(Sy;t,t + At) =

phoneme boundaries, we have to use the same equation abeléscr
in Sectionl. To compute the start-up scofé(w, t), we have the
dynamic programming equation:

H(w;t) := max {Qv(t,Sw) } -

e { max{(d.4(Sys £, ) 7} max{da(o; byt + A1) |
where the auxiliary quantityz 4 (s; ¢, 7) is defined as:

Gra(s;t,7) = max{gra(o;t,7 —1)-q(z-,s|o)}.
Strictly speaking, this equation has to be modified when thedw 7
end represented by the steffg is associated with word interior ~ The termqg(z, s|o)} describes the product of emission and tran-
node of the tree. This happens if a word is at the same timefix presition probabilities of the underlying HMM. Thus, any arhiily
of another word. As a result of this LM look-ahead, we can use guccessor phonemg of predecessor phonengein the lexical tree
tighter pruning threshold in the acoustic pruning as thegaition  with predecessor word will be activated if:
experiments will show.
Qu(t,8s) - qra(Sy;t,t + At) > fra-Qral(t),
When computing all entries of the table (s) beforehand, we
have to keep a huge table in main memory. In our recognwherefr 4 is the so-called phoneme look-ahead pruning threshold
tion experiments, the lexical tree consists66f000 phoneme arcs and
which are made up from an inventory 4688 context dependent
phoneme models for th) 000-word NAB task. Therefore, about @ra(t) = I(Isl?f)({ Qu(t,9)} - mdflx{ qra(Sy;t,t+At)} .
20000 - 63 000 LM factored probabilities would have to be stored. ’
Since the size of this table is prohibitive, we use a differgm-  In the case of the-phoneme look-ahead the equation of the pruning
proach. The main idea is to calculate the LM factored prdliegsi  criterion is more complicated, since we have to take intmant
on demand, i.e. only for those tree copies for which actigtedty- the factored LM probability across the phoneme boundarhiwit
potheses exist. To reduce the memory and computationgltbést the phoneme look-ahead.

approach of on-demand calculation is further refined by tamdil
steps which we describe in detail: However, we use context dependent (CD) phoneme models than

) ) context independent (Cl) phoneme models in the detailettlsea
o Compression of the lexical tree: To reduce the memory re- process, Therefore, the calculation of the phoneme lo@eeh
quirements, we first generate a compressed LM look-aheggopalility estimate must be done in an efficient way. We cedu

tree by eliminating those arcs of the lexical tree that oriyeh  the computational effort of the phoneme look-ahead by tHevie
one successor arc. The construction of this compressed trggy approximations:

can be performed in a pre-processing step. A further reduc-
tion of the memory cost can be achieved without significant e Instead of CD-phoneme models, we use Cl-phoneme models,
loss in the recognition accuracy if we only consider the first say40 — 50, in the phoneme look-ahead;

3-4 arc generations of the lexical tree. e We simplify the structure of the underlying Hidden Markov

e Factorization of the LM look-ahead tree: The LM look-ahead Model by collapsing the 6-state standard HMM into a 1-state
tree probabilities are computed only for those tree copiat t HMM;
are hypothesized during the search process. To compute thes
look-ahead probabilities efficiently on demand, we use &bac
ward dynamic programming scheme. We initialize the leaves
of the LM look-ahead tree with the bigram language model e The calculation of the phoneme look-ahead is performed/ever
probabilities, e.gp(w|v). Then the LM factored probabilities second time frame.
are propagated backwards from the tree leaves to the tree roo

For each node, the successor node with maximum look-ahead 4. EXPERIMENTAL RESULTS

probability is selected.

e We reduce the number of laplacian mixture densities used in
the phoneme look-ahead.

The experimental analysis of both look-ahead techniques per-
3. PHONEME LOOK-AHEAD formed on the North American Business (NAB, Nov.'94) H1 de-
velopment corpus. The test set conta#i® sentences withr 387
The main idea of th&-phoneme look-ahead is to estimate the probspoken words. In the experiments, we use) 800-word vocab-
ability of the k phonemes which are based on the observations eoflary and a bigram language model with a test set perplefity o



Table 1: Effect of the LM look-ahead antiphoneme look-ahead on the search effort and recognitguitsefor the NAB’94 H1 develop-
ment set (20 speakers, 310 sentences, 7387 spoken wonalgausigram language modePf,; = 198.4).

type of LM type of phoneme LM look-ahead tree search space WER[%] real-time
look-ahead look-ahead generations  arcs  tregsstates arcs treep factor
unigram (baseline 17 63155 1| 16960 4641 32 16.4 95.7
(PPyni = 996.6) 9443 2599 22 16.8 76.6
bigram 3 12002 300| 3277 924 13 16.5 45.7
(PPy; = 198.4) 4 18625 300{ 3263 922 13 16.5 45.9
17 29270 300 3312 935 13 16.5 46.5
1-state HMM 2013 483 12 16.6 25.8
6-state HMM 1579 378 12 16.6 19.7

PP,; = 198.4. 199 of the spoken words were not part of the vocab- 5.

ulary. The corresponding lexical tree of t2@000-word vocabulary
consists 063 155 phoneme arcs which are distributed o¥&rarc
generations. The training of the emission probability riisttions

was carried out on the WSJ0 and WSJ 1 training data as ded;cribee_

in [4].

Table 1 shows the results for various language model andgphen

look-ahead types. The pruning parameter were adjusted -as de

scribed in [9]. In an initial experiment, we performed tesith a
unigram LM look-ahead described in [8]. Comparing theseltes
with the results of the bigram LM look-ahead for differentmu
bers of arc generations of the LM look-ahead tree, namelyaB4
17 (which is the full LM look-ahead tree), we see that the cear
space can be reduced by a factorsofvithout significant loss in
the recognition accuracy. Finally, we tested the combamatif bi-

gram LM look-ahead antl-phoneme look-ahead as shown in Table

1. The combination of both look-ahead pruning methods é&urte-
duces the search effort by a factorofUsing this result, the search
required19.7 times real time on a SGI workstation (Indy R4400)
instead of a real-time factor 66.7.

In the full paper, we will present recognition results f@-phoneme
look-ahead.
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