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ABSTRACT

We describe new developments in SRI’s lattice-based pssiye
search strategy. These developments include the impletiemof
a new bigram lattice algorithm, lattice optimization tejues, and
expansion of bigram lattices to trigram lattices. The negrdoin
lattice generation algorithm is based on generation of track en-
tries using a word-dependent N-best list decoding paskwet
by lattice generation from the backtrace entries. We pieseml-
gorithm to reduce the size of the bigram lattices while nairihg
all valid paths. This algorithm is shown to reduce the siz¢hef
lattice by about 50%, allowing easier processing in lateges such
as expansion to trigram lattices. We describe two algosttorex-
pand bigram lattices to trigram lattices. The first is a coemal
method, while the secondis a novel approach that resultsnpact
trigram lattices that were found to be a factor of six smathem
lattices created with the conventional approach. Decoditiythe
new trigram lattices gave a 5% improvement in word error este
compared to our previous search strategy which used tridgfsis
to rescore N-best lists.

1. Introduction
Progressive search techniques have previously been mo@ssa

method of applying complex knowledge sources in decodimg fo

automatic speech recognition (ASR) [3]. The basic idea igs®
simple knowledge sources, such as non-crossword acoustielm
and bigram LMs to generate a lattice of possible hypothedeslat-

tices are then progressively decoded with more complex ledye

sources such as crossword acoustic models or trigram LMs.

In search strategies we have previously used, such as im¢@},

crossword acoustic models and bigram LMs were used to createan be narrowed in later-stage processing [3].

word bigram lattices. Adapted acoustic models were thed tse
produce N-best lists from these lattices. Finally, more plem
knowledge sources such as crossword acoustic models grahtri
LMs were used to rescore N-best lists.

Trigram LMs are an extremely powerful knowledge source,@ard
hence be more effective if used to decode lattices rather tha
best lists as in our previous strategy. Our previous bigrattice

algorithm generated a subset of the full bigram LM that cimetc
the most likely hypothesesfor the sentence being decodaaeter,

since the subset could also contain the LM backoff node, stiaxoy
word in the lattice could be hypothesized at each word ersd/ting

in a very large number of possible hypotheses, slow reciognind
making expansion to trigram lattices difficult.

To correct this problem, we implemented a new bigram lattie
gorithm based on a word-dependent N-best decoding paskd8] t
creates backtrace entries which are then processed te eréstice

of hypotheses. This results in true lattices that do notaiarthe
backoff node, and have a finite number of paths or hypothé§es.
implemented two algorithms to expand the bigram latticegdoam
lattices. The first one is a conventional algorithm that taga new
node for every trigram context present in the bigram lattidéne
second is a novel algorithm that exploits the fact that magyam
probabilities are computed using the bigram backoff, arehtes
compacttrigram lattices that were found to be a factor ofgsialler
than the conventionalalgorithm. Since the size of the bigedtices
affects the size of the expanded trigram lattices, we algeldped a
bigram lattice reduction algorithm, which was found to gattices
which were a factor of two smaller.

Section 2 describes an algorithm that generates bigraicelativith
good quality to serve as a base for trigram expansion. Se8tio
presents a lattice compaction algorithm that tries to redattice
sizes while maintaining all the original hypotheses in tattides.
Section 4 gives two algorithms that expand bigram lattiogggram
lattices. Hub4-related experiments and results are ginethése
sections to show the effectiveness of the new algorithmgaallyi
Section 6 summarizes our work.

2. New Bigram Lattice Generation
Algorithm

The primary goal of designing a new bigram lattice genenadib
gorithm is to generate simple bigram lattices with low taterror
rates for easy trigram expansion.

Our previous bigram word lattice algorithm intended to agtra
subset of the full LM for an input utterance, so that the dearc
Unfortuyaits
implementation was too simplistic in that the LM backoff eoglas
retained in the lattice, causing almost any word in thedatto

be hypothesized at each word end, making recognition slaw. |
also prevented compact expansion to trigram lattices, usecthe
connectivity of the backoff node to almost all the other rooea
lattice results in Q¢?) trigram contexts, where is the number of
words in the lattice.

Our new bigram lattice generation algorithm is based on thelw
dependent N-best algorithm [8], and is similar to [4, 5]. Tdie
gorithm assumes that the starting time for a word dependi@n t
preceding word but not on any word before that. Thus, a sépara
word hypothesis is propagated for each possible predecessd.
When the word ends, the score of each word ending hypotHesis a
with the previous word is recorded in a backtrace array. Tést b
hypothesisis propagated along with the current word label.

To generate a lattice, we process the backtrace array ttechas



Lattices Rescor- | Male | Male | Male | Subset
ing LM FO F1 FX Total
Old bigram | trigram | 14.1 | 35.1 | 60.1 | 335
New bigram| trigram | 139 | 345 | 59.1 | 329
Old bigram | fourgram| 13.5 | 345 | 59.2 | 32.8
New bigram | fourgram | 13.5 | 34.3 | 58.6 | 32.6

Table 1: Comparison of results of the previous and new bigram

lattice algorithms.

gether words that have the same name and ending time in ttehsea
Each such cluster corresponds to a node in the lattice. vt
corresponding to clustet starts the word corresponding to cluster
B in the search, then nodé is connected to nod#8 in the lattice.

In the lattice generated, neither time information nor atigunfor-
mation is preserved. Either type of information is easy twver.
However, removing it makes the lattices smaller, and thsgeeto
expand to trigram lattices. Thus, in our approach, lattaegust as
constrained language models for the subsequent recagpiiss.

To generate small lattices, it is necessary to control thaipg
beam-width during the search. A single pass search couldée. u
However, we must then use a conservatively large beam-vaisith
only partial hypotheses scores will be compared at eactefrarhis
results in large lattices. In a forward-backward searchcare use
significantly lower pruning beam-widths in the backwardrebaas
the entire hypothesis score can be computed at every fraimgthe
scores from the forward search. Controlling the backwaunthiog
threshold allows the generation of lattices that are srmalligh for
processing, and that have low enough error rate.

We have experimented with various forward-backward prginin
thresholds to optimize the search for the Hub4 task. Befweval-
uation, we conducted a set of experiments that used 1800fb20
ward/backward pruning thresholds for the old lattices a8@01700
forward/backward pruning thresholds for new bigram latiicPrun-
ing thresholds specify the allowed difference between taig
hypothesis score and the current best score, measuredteidgy,”
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Figure 1: Average lattice sizes (number of transitions) katiite
error rates as a function of forward-backward beam widthchEa

or 35 109, 001 Of the hypothesis probability. We used a smaller datapoint corresponds to a pair of forward/backward payittinesh-

backward pruning threshold for the new algorithm becaus&-ba
ward pruning thresholds above 700 resulted in bigram &stibhat
were too large for trigram expansion. Backward pruningghodds
smaller than 700 were also generated but they produced nigtcérh
lattice error rates, and we only used them as a backoff vaue f
isolated cases where the 700 threshold produced too laéce |
Table 1 gives the recognition results on FO, F1, and FX cadifor
the male speakers of the 1996 Hub4 development set, usivigpse
and new lattice generation algorithms to generate bigrétioda and
rescoring them with lastyear's Hub4/SWBD/NABN 48K vocamyl
trigram and fourgram LMs described in [10]. The acoustic gled
used for recognition are last year's adapted models destiib[6].

From the first two rows, we can see that the new algorithm gibesit
a 1.8% relative improvement over the old algorithm when oest
with a trigram LM. However, this improvement did not carryeoto

olds. The first graph shows result for condition FO, the sdcore
for condition F1 (note the scales differ).

lattices for recognition as compared to the previous bigedtites.

After the evaluation, further work was done on finding optipran-
ing thresholds for generating bigram lattices. Figure Iwghthe
dependence of average lattice size and lattice error rateearhoice
of pruning parameters, for conditions FO and F1 in the 19964-tle-
velopmentdata. Based on these experiments, we selectél 260
as the forward/backward pruning thresholds to get anottexfdi-
gram lattices using the new bigram lattice generation &lyor
When a resulting bigram lattice was too big for trigram exgian,
we subsequently used 1500/1200 and 1500/900 as back-o#sjal

a fourgram LM rescoring. The last two rows in the table show nosimilar to what we did during the evaluation. As shown in Fegl,

significant difference between the previous bigram lagtiaad the
new bigram lattices when rescored with a fourgram LM. Howgeve
we observed an order of magnitude speedup by using the neaniig

the new pruning thresholds reduced bigram lattice erresrater the
old setting at 1800/700, by about 5% for FO, and by about 35% fo
F1. The attendant increase in lattice size was partiallypmrmated



by the lattice reduction algorithm decribed next.

3. Lattice Reduction

For very noisy speech, the bigram lattices generated inottveafd-
backward recognition pass are quite large and therefofieudifto
expand. The usual way to obtain smaller bigram latticeshfisrtype
of data is to tighten the backward pruning threshold. As altes
the lattice word error rates increase. Here, we exploretamaltive
way to make the resulting lattices smaller.
bine identical (sub)paths in the lattices so that the redohdodes
and transitions are removed. Similar research has beeneego
the computer science literature [1], where standard alyos for
minimizing deterministic finite state automata are givenor&ire-
cently, algorithms for minimization of weighted transdrcevere
also developed [2, 9]. These approaches differ from oursversl
aspects. First, we are dealing with word lattices, a duabsgnta-
tion of finite state automata, where nodes are states ansitioas
are labeled with words. Second, and more important, oucéatt
are nondeterministic and there is no requirement that theltneg
lattices be deterministic. Third, we need a fast algoritorprbcess
our lattices. With these differences in mind, we designeiinple
reduction algorithm that greatly reduce redundancy in attickes.

The key observation underlying our algorithm is that if twamles in

The idea is to-com

FO F1 Subset

Total
Before Reduction| 12641 | 45033 | 30083
After Reduction 6777 | 23892 | 15993

Table 2: Bigram lattice sizes before and after reduction.

is encoded in the lattice and used in the subsequent resmiicog
pass. We note that for simplicity and concreteness, ouudon
here is focussed on trigram lattices, but that the algosttescribed
generalize to N-gram models of higher order.

To place trigram probabilities on the lattice transitions mwust cre-
ate a unique two-word context for each transition. For eXamp
Figure 2, a node labeledand its transitiongc, d) and(c, e) are
duplicated to guarantee the uniqueness of the trigram xtnfier
placingp(d|bc) andp(elbc) on the transitiongc, d) and(c, e), re-
spectively. When a central node with lakehas two predecessor
nodes labeled with the same wardonly one additional node and its
corresponding outgoing transitions need to be duplicatsghown
in Figure 3.

the lattice have the same word label and the same set of srces The conventional trigram expansion algorithm, presenteiv
(or predecessor) nodes, they can be merged without chatiyging works by duplicating nodes and transitions in the mannecatdd

language of the lattice, where the language of a lattice finele as
the set of all the word strings starting at the initial nodd anding

throughout the lattice.

at the final node. Depending on whether we are merging node§°nventionallattice expansion algorithm:

according to their predecessor node set or their succesdeset, we
can have either forward or backward reduction algorithmaltille
iterations can also be performed. For simplicity, we onlgatie
the backward reduction algorithm; the forward one is synicedt

Backward Reduction Algorithm:  Let S, (n) andS;, (n) be the
set of successor nodes and the set of predecessor nodesof,nod
respectively. Letvord(n) denote the word name of a lattice nade

e For each lattice noda in reverse topological order (starting
with the final node):

— for each pair of predecessor nodég) of noden:

* If word(i) = word(j) and Sout (1) = Sout(J),
then merge nodesandy

e For each node of the lattice, in topological order:

— For each predecessor nodef »:

+ for each successor nodeof «:

- if a nodej with word(n) was already created
for trigram context(word(i), word(n)) and
word(k), connect nodeéto nodey.

- otherwise, create nodg and label it with
word(n), connectnodéto nodej and nodg
to nodek, putp(word(k)|word(i)word(n))
on transition(y, k)

— remove node and all its incoming and outgoing transi-
tions

While this algorithm correctly implements trigram prohidigis in

Experiments were conducted with one iteration of the bacéwa the lattice, it does so at a considerable increase in latiie On our
reduction algorithm, on the FO and F1 portions of the 19964Hub Hub4 development set, the number of lattice transitionseimsed
developmentset. Using 1600/1200as the forward-backwardmy  about 10-fold using the conventional approach. We theeedewrel-
thresholds, the algorithm reduced lattice sizes by abo@t,585  oped an alternative expansion algorithm that takes adgamitithe
shown in Table 2. However, using an unadapted version of thisackoff structure of the N-gram model. For most trigram lzange
year's acoustic model [7], we observed no statisticallyniicant
difference in recognition accuracy between original anduced
lattices (Table 3).

FO F1 Subset

. . . Total

4. Algorithms foI[Etigpansmn to Trigram Before Reduction 18611 37251 2906
attces After Reduction | 18.79 | 37.25| 29.05

One of the main purposes of this work is to use trigram LMs at an
early stage. The central component is the algorithm thaamde
a bigram lattice to a trigram lattice, i.e., a lattice whasasitions
contain the trigram probabilities. Thus, more context infation

Table 3: 1-bestword error rates using bigram lattice bedakafter
reduction.
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Figure 2: Conventional expansion of a bigram lattice to gram
lattice when all incoming nodes have different labels. Figure 3: Conventional expansion of a bigram lattice to gram
lattice when some incoming nodes have a same label.

models, the number of trigrams is much smaller than the nuotbe

a d
all possible trigrams. If we can share the bigram backofiplvts
for trigram contexts, then we need to duplicate only enougtes c
to uniquely represent the explicit trigram probabilitiaghe lattice. b
The idea underlying the algorithm is to factor backed-aram e
probabilitiesp(w;2|w;w;i4+1) into the backoff weighbo(w;wit1)
and the bigram probability(w;.2|w;+1), and to multiply the back- f

off weight onto the weight of thew;, w; 1) transition, while keeping
only the bigram estimate on thi&; 1, wi42). Thus, no node dupli-
cation is required. Since backoff weights and probabdlitembine
multiplicatively, the total score along a path fram throughw; ;1 to where only (a ¢ d) has an explicit trigram probability
w;+2) Will include the correct trigram probability( w; 12| w;wi41).

c
Figure 4 illustrates the compact expansion idea given thexetis
only one explicit trigram probability(d|ac). Notice that only one a d
node labeled and its incoming transition from the node labeled
and outgoing transition to the node labeledre createdp(d|ac)
is placed on the transition from the newly created node tontide
labeledd. The weight on transition from the node labeletb the b
newly created node was copied from the weight on the tramditom
the node labeled to the original node labeled After the explicit e
trigrams are processed, the outgoing transitions from tiginal f

node labeled are weighted with their corresponding bigram prob-
abilities p(d|c) andp(e|c). Furthermore, bigram backoff weights

bo(a, c), bo(b, ¢), andbo( f, c) are multiplied onto the corresponding

incoming transitions of the original node labeled

(a) Bigram lattice before expansion given a trigram LM

(b) Trigram expansion using algorithm 2.

A potential problem for the compact algorithm is that evende-  Figure 4: Compact expansion of a bigram lattice to a trigraitice.



plicit trigram probabilities, the lattice retains a patfingsthe backoff
transitions, which might have a higher weight than the axttreggram
transition and therefore be preferred during search. Famgie, in
Figure 4(b), there are two paths labeledc, d), and during search
the incorrect lower path will be chosemifd|ac) < p(d|c) * bo(ac).
Our solution to this problem is to preprocess the trigram biitm-
inate all trigram probabilities that are lower than the esponding
(improper) backoff estimate, and to renormalize the LM. &xp
ments show that in practice, this only eliminates a smatitioa of
trigrams. As shown below, there is no significant differebeeveen
lattices containing improper transitions and those crefitam the
pruned LM.

Compact lattice expansion algorithm: Let weight(i, 5) be the
aggregate probability on transiti@ ;).

For each node in the lattice in topological order:

¢ for each predecessornodef n:

— for each successor nodef n:

« If there is an explicit trigram probability for
(word(i), word(n), word(k)),
- if a nodej with word(n) was already created
for trigram context(word(i), word(n)) and
word(k), connect node to nodej

- otherwise, create nodg, label it with
word(n), connect node: to node j and
nodej to nodek, and setweight(j, k) =
p(word(k)|word(i)word(n))

* otherwise, mark transitiong, ») and(n, k)
— if transition (i,n) is not marked, remove(i,n);
otherwise, setweight(i,n) = weight(i,n) =*
bo(word(7), word(n))

e for each end successor nokef n:

— if transition(n, k) is not marked, removén, k);
— otherwise, seteight(n, k) = p(word(k)|word(n))

¢ if no incoming transitions are marked, remove nadand all
its incoming and outgoing transitions.

5. Lattice Expansion Experiments

Experiments were conducted before and after the 1997 Hudidaeyv
tion. Because oftime constraints, we could only test theentional
expansion algorithm before the evaluation. Trigram lattizere ob-
tained from bigram lattices using 1800/700 as the forwardkivard
pruning thresholds and the backoff procedure describeddtih 2.

Male | Male | Male | Subset

FO F1 FX Total
Old bigram lat. 141 ] 351 | 60.1 | 335
N-best rescoring
New bigramlat. | 13.9 | 345 | 59.1 | 329
N-best rescoring
New bigramlat. | 13.5 | 33.1 | 57.9 | 31.9
Tri lat. expansion

Table 4: Improvement with new lattice algorithms.

improvement with the new lattice generation algorithm apttdy
than a 3% improvement with the expanded trigram lattices.

After the 1997 Hub4 evaluations, we conducted further eérpants
with trigram lattice expansion using the reduced bigratickes de-
scribed in Section 3. As we noted before, these lattices sraadier
lattice error rate than the bigram lattices we used for tladuations.
We expanded the reduced bigram lattices using both the oenve
tional and compact trigram lattice expansion algorithms.was
found that the compact expansion algorithm was ten timeterfas
than the conventional algorithm. Further, Table 5 showsthesize

of the trigram lattices from the compact expansion algarith only

a about a sixth of those from the conventional expansiorrittgo.

Recognition experiments were carried out using the coimweait
and compact trigram lattices using this year's unadaptedstic
models [7]. Table 6 shows that there is no difference in parémce
between the conventional and compact trigram lattices. dvew
as we noted before, the compact lattices can be generatéthes
faster than the conventional lattices, and are also sixstismealler.
As shown in the last row of Table 6, there is no significanedéhce
for compact trigram expansion between using the origingtam
LM versus one pruned to eliminate trigrams that lead to imprty
weighted transitions.

Finally, we compared recognition performance using theveon
tional trigram lattices generated using the bigram lastiobeed for
the 1997 evaluations, and the post-evaluation bigrancésttiRecall
the difference between these lattices is the forward-bactkpruning
thresholds used, with the result that the post evaluatitinda had a
lower lattice error rate. Again we used this year's unadaat@ustic
models [7]. Yet, as shown in Table 7, there was no significaahge
in performance with these differently pruned lattices.

6. Summary
We have reported recent improvements of lattice-basedisézch-

Recognition on male FO, F1, and FX conditions of the 1996 Hub4niques in our Hub4 system. Results show that a new bigrarodatt

development data with last year's adapted acoustic mo@gisds
performed on these trigram lattices through conventioxadasion.

Contrastive results are given in Table 4. The first row shdwes t
results when using the old lattice generation algorithmdoegate
bigram lattices, generating N-bestlists from these lastiand rescor-
ing the N-best hypotheses with a trigram LM. The second reegi
results using the new lattice generation algorithm insteagnerate
bigram lattices. The last row shows the results of 1-besigmrition
on conventionally trigram lattices, expanded from bigraatiides
obtained with the new lattice generation algorithm. We s&e38&6

Expansion FO F1 sub-total
Algorithm Total
Conventional| 123107 | 488738| 319985
Compact 29113 | 76396 | 54573

Table 5:
tions.

Trigram lattice sizes in terms of average numberaofsi-



5. J. Odell. The Use of Context in Large Vocabulary Speech

Expansion FO F1 | Subset Recognition Ph.D. thesis, Cambridge University Engineering
Algorithm Total Department, Cambridge, U.K., 1995.

Conventional 14.77] 32.02| 24.36 6. A. Sankar, L. Heck, and A. Stolcke. Acoustic modeling far t
Compact 14.68 | 32.32 | 24.49 SRIHub4 partitioned evaluation continuous speech retiogni
Compact(pruned LM)| 14.68 | 32.31| 24.48 system. IrProceedings DARPA Speech Recognition Workshop

pp. 127-132, Chantilly, VA, 1997.

- . . 7. A. Sankar, F. Weng, Z. Rivlin, A. Stolcke, and R. R. Gadde.

Table 6: 1-best recognition word error rates of trigramidatt ex- The development of SRI's 1997 Broadcast News transcription

panded with different algorithms. system. IrProceedings DARPA Broadcast News Transcription
and Understanding Workshppansdowne, VA, 1998.

. . . ) . . 8. R. Schwartz and S. Austin. A comparison of several approx-
generation algorithm, together with the expansion ofamgtattices, imate algorithms for finding multipleX -BEST) sentence hy-

results in about 5% improvement over our previous approétit o potheses. lProc. ICASSPvol. 1, pp. 701-704, Toronto, 1991.
gram rescoring N-best lists from the previous bigram lattidJsing

trigram lattices alone results in abouta 3% improvement migram
rescoring of N-best from bigram lattices. A significant sthae of
recognition with the new lattices was also observed, enghis to

9. N. Strom. Automatic Continuous Speech Recognition with
Rapid Speaker Adaptation for Human/Machine Interaction
Ph.D. thesis, KTH, Stockholm, 1997.

develop algorithms more efficiently. 10. F. Weng, A. Stolcke, and A. Sankar. Hub4 language moglelin
using domain interpolation and data clusteringPtaceedings

In addition to these experiments, we have been working ciowsr DARPA Speech Recognition Worksham 147-151, Chantilly,

pruning techniques to achieve smaller and higher-quaditiices. VA, 1997.

We optimized the global pruning by controlling forward-kaard
search beam-widths, and we developed a lattice reductimmitiim
to reduce lattice sizes about 50% while maintaining all thigiwal
paths. Furthermore, we developed a new trigram lattice resipa
algorithm, which speeds up expansion by a factor of ten apeosal
with the conventional algorithm, and also results in a factosix
reduction in trigram lattice size.
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