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Abstract—This paper presents the time-conditioned approach
in dynamic programming search for large-vocabulary continuousspeech recognition. The following topics are presented: the baseline
algorithm, a time-synchronous beam search version, a comparison
with the word-conditioned approach, a comparison with stack decoding. The approach has been successfully tested on the NAB task
using a vocabulary of 64 000 words.
Index Terms—Beam search, dynamic programming, large vocabulary speech recognition, one-pass DP search, search organization, time-conditioned DP search.

I. INTRODUCTION

D

URING the last decade, dynamic programming (DP)
search has found widespread use in many systems for
large-vocabulary continuous-speech recognition (LVCSR).
In virtually all these cases, the search space is based on a
tree-structured pronunciation lexicon and is structured in a
so-called word-conditioned fashion. This means that during DP
search, a separate set of tree-internal hypotheses is formed and
evaluated for each word history, which is defined by the type of
the language model (LM), e.g., for a bigram LM, we distinguish
the hypotheses according to the single predecessor word; for
a trigram LM, we distinguish the hypotheses according to the
two predecessor words.
In this paper, we present a different approach to the use of DP
in the context of a tree-structured pronunciation lexicon. This
approach is referred to as time-conditioned because the key concept is to distinguish the hypotheses according to the end time
of the immediate predecessor word hypothesis. The novel contributions of this paper are as follows:
• starting from the Bayes decision rule for speech recognition in the maximum approximation, we derive the baseline algorithm for time-conditioned DP search;
• using a tree-structured pronunciation lexicon, we present
the evaluation of the DP recurrence equations in the form
of a one-pass time-synchronous left-to-right strategy;
• for practical use in large-vocabulary recognition, we show
how pruning can be applied and an efficient implementation can be obtained;
• to analyze the characteristic properties of the time-conditioned DP approach, we present a detailed comparison
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with the word-conditioned DP approach; in addition, we
show how the time-conditioned concept leads from a
single-best sentence to a word graph in a natural way;
• as an alternative to DP search, stack decoding is used in
some systems. We show that the time-conditioned DP approach bears a certain resemblance to stack decoding;
• we report on systematic recognition experiments for the
64 000-word NAB task and give a detailed experimental
comparison of the time-conditioned DP approach with the
word-conditioned approach.
Before presenting these details of the time-conditioned DP
approach in the following sections, we first review the specification of the search problem in large-vocabulary continuousspeech recognition.
II. SPECIFICATION OF THE SEARCH PROBLEM
The acoustic models are given in terms of hidden Markov
models (HMMs) [2], [4] representing either context dependent
or independent phoneme units. For a hypothesized word se, we imagine a super HMM that is
quence
obtained by concatenating the corresponding phoneme HMMs
using a pronunciation lexicon. At phoneme and word boundaries, we have to allow for transitions that link the terminal states
of any predecessor HMM to the initial states of any successor
HMM. Thus, we can compute the joint probability of observing
of acoustic input vectors and the
the sequence
through this super HMM:
state sequence

where
denotes the product of the transition
. The decomand emission probabilities for the super HMM
position has been formulated in such a way that we can distinguish two components of the following approach:
• reference models with the emission probability distribufor the acoustic states, e.g. after state tying
tions
using decision trees or some other method;
depending on a
• transition probabilities
: this implies a huge finite
word sequence hypothesis
network of states (super HMM) that has to be considered
.
for each word sequence hypothesis
,
Denoting the language model (LM) probability by
the Bayes decision rule results in the following optimization
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problem:

Here, we have made use of the so-called maximum approximation. Instead of summing over all paths, we consider only the
most probable path. Note that for the maximum approximation
to work, we need only the assumption that the resulting optimal
word sequences are the same, not necessarily that the maximum
provides a good approximation to the sum.
In this maximum approximation, the search space can be described as a huge network through which the best path has to be
found. The search has to be performed at two levels: at the state
). As we will see, as a result
level ( ) and at the word level (
of the maximum approximation, it will be possible to recombine
hypotheses at both levels efficiently by DP. Thus the combinatorial explosion of the number of search hypotheses can be limited, which is one of the most important characteristics of DP. At
the same time, the search hypotheses are constructed and evaluated in a strictly left-to-right time-synchronous fashion. This
property allows an efficient pruning strategy to eliminate unlikely search hypotheses, which is usually referred to as beam
search.

Fig. 1. Illustration of decomposition.

By using these definitions, we can isolate the probability contributions of a particular word hypothesis with respect to both the
LM and the acoustic model (see Fig. 1)

To extend the word sequence hypothesis
by one more
word , we have to optimize over the unknown word boundary

(1)
where we have incorporated the conditional LM probability
. By definition, we have then for the overall
recognition score

III. TIME-CONDITIONED APPROACH IN DP SEARCH
Most DP search strategies for LVCSR can be called a
word-conditioned strategy because the hypotheses are condiand
tioned on the predecessor words for bigram LM’s
for trigram LM’s
(see
predecessor word pairs
Section IV). Another approach is to structure the search space
by using the end time of the predecessor word or equivalently
the start time of the successor word. This concept has already
been used in other contexts, namely connected digit recognition
[25] and word lattice generation [16]. Without a time-synchronous evaluation, this concept has certain similarities to
search as we will discuss in Section V.
stack decoding or
A. Principle
To describe the time-conditioned approach and to arrive at the
DP formulation, we define the following quantities:

So far, we have not constrained the LM in any way, and no recombination of hypotheses is possible. This, however, is dif. Here it is sufficient for
ferent for an -gram LM
only if their
each time to distinguish partial word sequences
predecessor words
are different. Therefore, we
final
define

joint probability of observing the acoustic
and a word sequence
vectors
sequence
and
time
with
Thus, we have the DP recursion for the quantities

conditional probability that word
produces the acoustic vectors

(2)
The computation of the word scores
ered next.

joint probability of observing the acoustic
and a word sequence
vectors
with end time

will be consid-

B. Time-Synchronous One-Pass Organization
efficiently, we will use a
To compute the scores
prefix tree for the pronunciation lexicon and organize all evalu-
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where we have used the symbol
to denote the terminal state
of word . In this definition, we have already taken into account
that the optimization over the state sequence can be done in
two steps, namely for the first part and the second part
of the state sequence. The justification is that we can always
into two parts:
decompose such a path to

We have used the notation

Fig. 2.

Example of a tree-organized pronunciation lexicon (lexical prefix tree).

to express the scores of tree-internal hypotheses that start at time
, but have not yet reached a terminal state so that no word
to
index is available for them. Before moving from time
time , we have to allow for a word boundary hypothesis. To this
purpose, we start up a separate copy of the lexical prefix tree for
each start time hypothesis

where the fictitious state
for initialization and
isting hypothesis at time

if
if
(for the root of the tree) is used
is defined to be the best ex-

Note that there are only hypotheses
for
tree interior, we have the usual DP recursion:

Fig. 3.

Structure of a phoneme model and search space.

ation steps in a left-to-right time-synchronous strategy. An example of such a lexical prefix tree is shown in Fig. 2. We will
often simply refer to it as a tree. Each phoneme arc of this lexical prefix tree stands for a HMM. The HMM used in this paper
has a tripartite structure with a total of six states. Fig. 3 shows
such an HMM along its time—state trellis or network.
For notational convenience, throughout the paper, we will always consider the state index of an arc rather than the arc itself and assume that the lexical structure is fully captured by
the transition probabilities of the super HMM representing the
lexical tree. To formulate the DP approach, we introduce the following quantity to denote tree-internal search hypotheses with
respect to the start time [17]:

overall score of the best partial
(state, word)-sequence that at time ends
in state of the lexical tree with start time

. In the

Here, the symbol
denotes the product of emission
and transition probabilities of the HMM as before. Back pointers
as used in the word-conditioned search method are not needed
since each tree copy is directly conditioned on its start time .
When a path hypothesis has reached a terminal state with word
, i. e., when we have a hypothesis
, we can
label
compute the acoustic word score

By inserting this equation into (2), we obtain the DP recursion

(3)
The recombinations captured by this equation are illustrated in
at time , we collect
Fig. 4. For each word end hypothesis
,
all possible start times with associated scores
and for each start time hypothesis , there is a separate list of
with scores
.
predecessor hypotheses
The algorithm described is most efficient in connection with
the time-synchronous beam search concept. Then considering
, we can ask how many different start times
all index pairs
might be present in the set of state hypotheses
. As
can be expected and will be confirmed by the experimental results, this number is 30–50, which is roughly the order of the
average duration of a word.
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pected [15], [18], but it is not evident how to incorporate such
a LM look-ahead into the time-conditioned approach in an efficient way.
As in word-conditioned approach, there are three different
types of pruning during the search that are performed every time
frame [27].
• Acoustic pruning is the pruning operation that is typically
meant by beam search. To incorporate the look-ahead LM
probabilities
into the acoustic pruning, we modify the
and define
scores

Fig. 4. Word boundary optimization in the time-conditioned one-pass
approach.

We summarize the characteristic features of DP [5] as they are
encountered here as in many discrete optimization problems:
• optimization criterion can be decomposed such that the
cost of each edge in the network under consideration depends only on the identity of the edge and nothing else;
• carrying out the DP recursion amounts to filling in tables
in a recursive way. In the case considered here, the tables
at the word level and
to be filled are the scores
at the state level.
the score

At time , we compare each hypothesis
with
the best hypothesis at that time. We prune a hypothesis
with score
if

where the threshold
is used to control the number
of surviving state hypotheses.
• Language model pruning is applied only to word end
with scores
hypotheses, i. e. hypotheses
. A word end hypothesis
is
removed if

C. Beam Search and LM Look-Ahead
For large vocabulary speech recognition, the search method
described cannot be used without somehow limiting the possible search space. As an example, we estimate the size of the
search space for the 64 000-word WSJ system (see experimental
10-ms frames:
results) and a sentence of
trees

arcs/tree
HMM states

HMM states/arc

Therefore, in full search, there is this number of HMM states
for which the DP recursions have to be evaluated every 10-ms
time frame of the input signal. In contrast with this astronomic
number, experimental tests will show that, by using the beam
search method, this number can be reduced to less than an average of 50 000 HMM states per time frame without loss in performance. The principal concept of beam search is to retain only
for further evaluation
the most promising hypotheses
at each time frame ; the other hypotheses are removed [11].
The efficiency of the pruning method is improved by
including the LM probabilities as early as possible into the
pruning process. This operation, referred to as LM look-ahead,
works as follows [1], [15], [18], [27]. Considering a state
in the lexical tree, we know that the extensions of this state
hypothesis cannot produce all words of the vocabulary, but
. Thus to take
only a certain subset, which we denote by
this effect into account, we compute the probability of the most
likely word that can be generated for each state

where we have use the unigram LM
. By using a bigram
or trigram LM, a better focusing of the beam search can be ex-

where
is the so-called language model pruning
threshold. In other words, this pruning operation refers
to the bookkeeping lists used for word end hypotheses
rather than the tree-internal hypotheses
. Its goal is to reduce the memory and CPU cost
of performing the LM recombinations as required by (3).
• Histogram pruning limits the number of surviving state
to a maximum number
. If the
hypotheses
, only the best
number of active states is larger than
hypotheses are retained and the other hypotheses
are removed. This pruning method is also called histogram
pruning because we use a histogram over the scores of the
active states [27].
Of these three pruning operations, the acoustic pruning is by
far the most important one.
D. Implementation
To fully exploit the advantages of beam search, a dynamic
construction of the search space is necessary as in the implementations of other DP beam search variants [12], [13]. The
implementation is based on an array organization so that a direct and thus efficient access to all active search hypotheses for
states, arcs and trees is possible. Using these type of organization, the search space is created dynamically during the recognition process. The operations of the time-conditioned search
algorithm are summarized in Table I. There are two levels: the
acoustic level at which the tree-internal hypotheses are evaluated and the word level at which the LM recombination is performed. Note that for simplification purposes it is tacitly assumed that all operations apply to active hypotheses only, i. e.
hypotheses surviving in the beam search concept.
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TABLE I
TIME-CONDITIONED LEXICAL TREE SEARCH ALGORITHM
-GRAM LM

m

FOR AN

been reached. In contrast, the scores
are only cached,
i. e. this information is typically needed only for the immediate
subsequent frames, say 100 frames.
E. Across-Word Phoneme Models

Unlike the word-conditioned method, back pointers [13]
with the score
are not needed since the hypotheses
are conditioned directly on the start times . However,
the time-conditioned approach results in a more complex LM
recombination. Before the LM recombination itself, we first
for each time and for
collect all possible start times of
and calculate the acoustic score
each word end hypothesis
. Second, we perform the LM recombination. Here
we have to use the partial word sequence hypotheses
with scores
. For each previous time frame , these
hypotheses must have been cached for later re-use.
The computationally most expensive step in the LM recombination is the access to the LM probabilities. Therefore, we
re-organize the evaluation in such a way that the number of LM
accesses is a minimum. We perform the optimization over the
word boundary first without LM probabilities. To this puprose,
we introduce the auxiliary function

In the preceding paragraphs, we have described the timeconditioned lexical tree search in the context of word-internal
phoneme models. We will now extend the search strategy to
across-word phoneme models. To simplify the presentation, we
confine ourselves to across-word triphone contexts.
For each word boundary hypothesis along with the corresponding word pair, we have to allow for all possible
across-word triphone contexts. To this purpose, the lexical
prefix tree is modified in the following way. For each word
end hypothesis, we have to introduce fan-out arcs of the last
phoneme in the lexical tree so that there is a separate fan-out arc
for each possible across-word successor phoneme. Similarly,
each first-generation phoneme of the lexical tree is replaced
by a set of fan-in arcs depending on the possible across-word
predecessor phonemes. Strictly speaking, as a result of these
fan-in arcs for word start hypotheses, we do not have a single
prefix tree any more, but a set of lexical subtrees so that there is
a separate subtree for each across-word predecessor phoneme.
The modifications considered so far refer only to the static
situation, i.e. the organization of the lexical prefix tree. When
applying this lexical structure in search, we have to distinguish
the hypotheses according to the across-word contexts. This
must be made depenmeans that the state hypotheses
dent on the possible across-word precedecessor phonemes and
must be made dependent
the word end hypotheses
on the across-word successor phonemes. When performing DP
recombination at the word level, we have to take into account
that each word pair hypothesis implies a unique across-word
phoneme context. In the rest of the paper, we will only consider
the case of word-internal phoneme models.
IV. COMPARISON WITH WORD-CONDITIONED SEARCH
A. Review: Word-Conditioned Approach in DP Search
We review the word-conditioned approach for a general -gram LM. Stretching notation, we use the symbol
to denote tree-internal search hypotheses for time
and state of the lexical tree with respect to predecessor word
sequence

and rewrite (3) as

To obtain a fast access to the hypotheses
, we use
hashing.
In Table I, we distinguish between storing and caching. At
-gram
, the best
each time frame and for each word
and best word boundary
predecessor word
must be stored to recover the recognized word sequence; this
information must be preserved until the end of the sentence has

overall score of the best partial (state, word)sequence that at time ends in state
of the lexical tree for predecessor words
At potential word boundaries, we have the DP recursion

(4)
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course, the unknown boundary is obtained by maximization.
Using this decomposition, we have for any state

with the probability of the best path through the lexical tree that
starts at time and reaches state at time

In the word or tree interior, we have the usual DP recursion for
time alignment

The operations of the word-conditioned search method are summarized in Table II. Comparing it with the time-conditioned
variant as shown in Table I, we can see that the optimization over
the word boundaries is fully incorporated into the time alignment, i.e. the handling of the tree-internal hypotheses. In this
and
table, we make use of the quantities
which, in the context of this table, the reader may regard as
pure auxiliary ones. However, in the next subsection, we will
introshow that they are identical with the quantities
duced for the time-conditioned method.

Thus we have the identity, which is to be interpreted as mathematical identity, not as recurrence equation

This identity summarizes the link between the word-condi, and
tioned search approach, i.e. the hypotheses
the time-conditioned search approach, i.e. the hypotheses
. This identity can be applied to word boundary
hypotheses by setting

Thus, we have

B. Equivalence of Time-Conditioned and Word-Conditioned
Search
We will show the equivalence of time-conditioned and wordconditioned search. Although formally the two search variants
must be equivalent by construction, it is instructive to see exactly how the equivalence can be established. We will consider
the equivalence for a general -gram LM. The two search approaches are compared in Fig. 5. For a fixed time , this figure
shows the set of active state hypotheses along with the associated paths for both the time-conditioned (on the left) and the
word-conditioned approach (on the right). For each of the two
approaches, there are several copies of state hypotheses; for
the sake of simplicity, we have shown only three copies. For
the time-conditioned approach, there are three start times
with associated lists of predecessor word sequences
. For the word-conditioned approach, there are three preeach of which again has
decessor histories
).
various word boundaries ( end times of
In principle, the equivalence between the two search apwith a
proaches is obtained as follows. For a hypothesis
, we know that the best path
predecessor word sequence
at some time , where, of
must have passed the state

In the light of the above considerations, we can compare
the computational effort for time-conditioned and word-conditioned search strategies: considering tree-internal hypotheses,
we can see that one more optimization step is needed to get
from time-conditioned search hypotheses to word-conditioned
search hypotheses. Therefore, in summary, there are conflicting
expectations as follows.
• The word-conditioned hypotheses seem to be more condensed since we have already got rid of the word boundary
information which is not directly relevant for the ultimate
task of speech recognition.
• The number of time-conditioned tree hypotheses might be
smaller because the number of possible start times
is always smaller than the number of possible
word histories in the word-conditioned search. The total
number of possible time-conditioned tree copies is much
smaller than in the word-conditioned variant. To be more
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Fig. 5. Comparison of time-conditioned and word-conditioned search.

specific, we have to make some assumptions about the
maximum duration of a sentence. As a worst case independent of the recognition task, we consider a sentence of
sec
10-ms time frames and a
length
words
trigram LM for

In particular, for larger vocabularies and more complex
language models, this advantage might become even
larger for the time-conditioned approach.
Ultimately, the answer to these conflicting views can only be
given by the experimental test. Table III summarizes the main
differences between both search variants.
C. Time-Conditioned Approach and Word Graphs
The time-conditioned DP approach leads in a straightforward
way to word graphs. First, we recapitulate the problem of word
graph construction.
Hypothesizing a word and its end time, how can we find a
limited number of “most likely” predecessor words? This task is
difficult since the start time of each word may very well depend
on the predecessor word under consideration, which results in
an interdependence of start times and predecessor words.
Considering the success of the one-pass beam search strategy,
what we want to achieve conceptually, is to keep track of word
sequence hypotheses whose scores are very close to the locally
optimal hypothesis, but that do not survive due to the recombination process. The basic idea is to represent all these word sequences by a word graph, in which each edge represents a word

TABLE III
COMPARISON OF THE CHARACTERISTIC FEATURES BETWEEN THE
TIME-CONDITIONED (TC) AND THE WORD-CONDITIONED (WC)
SEARCH METHOD

hypothesis. Each word sequence contained in the word graph
should be close (in terms of scoring) to the single best sentence
produced by the one-pass algorithm.
To construct a word graph, we introduce an explicit definition
between the word hypothesis
of the word boundary
ending at time and the predecessor sequence hypothesis

It should be emphasized that the LM probability
does not affect the optimal word boundary according to (1) and
is therefore omitted in the definition of the word boundary func. The crucial assumption now is that the depention
can be confined to the
dence of the word boundary
. The justification is that the other words
final word pair
have virtually no effect on the position of the word boundary
and
[26]. In general, this boundary,
between words
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i.e., the start time of word
as given by time alignment, will
: if the prededepend on the immediate predecessor word
is sufficiently long, all time alignment paths
cessor word
are recombined before they reach the final state of the predecessor word. In formulae, we express this word pair approximation by the equation
const

or

i.e., the word boundary between words
and
does not
. Under the assumption
depend on the predecessor words
of this word pair approximation, it turns out that only a small
modification in the bookkeeping of the word-conditioned tree
search is needed [19]: when hypothesizing a word boundary as
expressed by (4), the algorithm must keep track of the score
of every word pair
to generate a
word graph rather than only the best predecessor word for each
.
successor word
V. COMPARISON WITH STACK DECODING AND

SEARCH

In this section, we will present and discuss the similarities between the time-conditioned DP search and the so-called stack
search. Like DP, stack decoding [3] was aldecoding or
ready considered and used right after the introduction for HMM
in acoustic modeling. As we will show, the time-conditioned
variant of DP has some aspects bearing interesting analogies to
stack decoding.
Over time, both stack decoding and DP went through several
developments. For the following comparison, we consider primarily the variant of stack decoding as described in [8], [21],
and [23]. In particular, we primarily use the implementation in
[23] as reference for our comparison. First, we reformulate the
main characteristics of this variant of stack decoding in the terminology and notation of this paper as follows.
• The recognition is performed in the maximum approximation.
and the as• The partial word sequence hypotheses
play the central role in the forsociated scores
mulation of stack decoding. For each end time , a separate priority queue or so-called stack is used to rank the
partial word sequence hypotheses . The full set of these
priority queues is referred to as multistack.
• Strictly speaking, the concept of stack decoding requires
a conservative estimate of the probability score (of both
the acoustic model and the LM) for extending an arbifrom time
trary partial word sequence hypothesis
to the end of the speech signal. However, this is difficult
without looking ahead of time to the end of the speech
signal. Therefore, an approximation is applied: rather than
are normallooking ahead of time, the scores
and
ized with respect to the best score
these normalized scores are then used to rank the partial
.
word sequence hypotheses
• The key operation in stack decoding is the selection of
the most promising partial word sequence hypothesis
, its extension by one word
and the maintenance (reordering, updating) of the relevant priority
queues. In particular the just extended partial word
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sequence hypothesis
with end time has to be
included in this operation. In the spirit of the multi-stack
concept, the shortest partial word hypotheses, i.e., those
with shortest end time , are extended first. In [23],
the extension is carried out using a lexical prefix tree
for the pronunciation lexicon. The tree-internal state
hypotheses are computed in a beam-like DP fashion.
When a word-end state is reached, the LM probability
is incorporated into the score and the relevant priority
queues are updated.
• There are certain pruning steps [8], [22], [24] to limit the
number of word sequence hypotheses. In [8], a so-called
fast match is used to produce of short list of word candidates so that the acoustic matching, i.e., the computation
, needs to be carried out only for
of the score
this set of words and not the whole vocabulary.
• In the case of an -gram LM, the same LM recombination
as in DP is performed to keep the number of potential word
sequence hypotheses as small as possible.
Ignoring details, we can see that, in both stack decoding and
time-conditioned DP search, two levels of hypotheses are defined and used: the level of partial word sequence hypotheses
and the level of acoustic word hypotheses
.
The main differences between the two approaches are related to
the way in which the hypotheses are built up over the time axis
as follows.
• In the time-conditioned DP search presented here, all
operations are carried out in a strictly time-synchronous
fashion; this applies to the scores at both the state level
and the word level
. According to the
concept of DP, the strategy is to look backward and
compute the best predecessor hypothesis. There is never
any sorting or explicit backtracking along the time axis.
• In stack decoding, the key concept is to look forward, i.e.
to ask which of the partial word sequences is the most
promising one and to extend that. As a result, some sorting
or ranking of the partial word sequence hypotheses is required, and the extension of the best partial word sequence
hypothesis with time is performed separately for each
end time . By definition, this operation is time-asynchronous. Nevertheless, as reported in the variant [23], for
each end time , we may compute the extension for all
successor words (or some subset) in a time-synchronous
way; in particular, a tree-structured lexicon of the vocabulary in connection with a beam search fashion can be used.
Then the remaining difference to the time-conditioned DP
search is that here both the extension of partial word sequence hypotheses and the extension of tree-internal state
hypotheses are carried out in a strictly left-to-right timesynchronous fashion.
VI. EXPERIMENTAL RESULTS
A. Database and Definition of the Search Effort
To test the time-conditioned approach and to compare it with
the word-conditioned approach, recognition experiments were
carried out on the ARPA North American Business (NAB’94)
H1 development corpus [10]. The test set comprises ten female
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TABLE IV
SEARCH EFFORT AND WORD ERROR RATES FOR THE TIME-CONDITIONED
SEARCH METHOD ON THE NAB’94 H1 DEVELOPMENT CORPUS
FOR A 64 000-WORD VOCABULARY

and ten male speakers resulting in 310 sentences with 7387
spoken words. In all recognition tests, a 69 969-word vocabulary including 5234 pronunciation variants was used. The lexical prefix tree consists of 205 682 phoneme arcs where each arc
corresponds to a six-state HMM as shown in Fig. 3. To allow
intraphrase silence, a special arc with a one-state HMM is assigned to the root of the tree. Thirty-nine of the spoken words
) were not part of the vocabulary. A language model
(
and
for
with a test set perplexity of
the bigram and for the trigram case, respectively was applied
[28].
The training of the emission probability distributions was performed on WSJ 0 and WSJ 1 training corpora. In this task, context dependent phoneme models (triphones, diphones, monophones) were used sharing 4699 emission probability distributions [7]. For this experiment we used about 270 000 Laplacian
mixture densities (with a single pooled vector of absolute deviations) for each gender.
To give a quantitative measurement of the search effort, we
report the following quantities in addition to the word error rate
(WER):
• The average size of the acoustic search space is defined as
the average number of state hypotheses, arc hypotheses,
tree hypotheses and word end hypotheses per time frame
after pruning. In the tables of the experimental results,
these numbers will be referred to simply as states, arcs,
trees, and words.
• The average effort of the LM recombination is measured
as the average number of comparisons per time frame that
have to be performed in the LM recombination as specified by (2) and (4) for the time-conditioned and word-conditioned approach, respectively.
The averaging is always performed over time frames of all
test sentences. The LM pruning threshold was kept fixed for all
recognition experiments. In the experiments, the most important
parameter to be varied was the acoustic pruning threshold.
B. Results for Time-Conditioned Search
In a first series of experiments, we measured the search effort
and the word error rate for the time-conditioned search method.

The recognition results are shown in Table IV for a bigram LM
and a trigram LM. In both cases, the table reports the size of
the search space and the word error rate (WER[%]) as a funcwhich is defined as a scale factor times the logation of
. The threshold
rithm of the acoustic pruning threshold
was increased from 80 in steps of ten up to 130; in these exstates per
periments, a maximum number of
time frame was used. In addition, in order to check for potential
and
search errors, a recognition experiment with
was performed.
Looking at the numbers of the acoustic search effort, we can
see that the results are very similar for both the bigram LM and
the trigram LM. For both types of LM, there is a saturation
effect for the word error rate: beyond 36 000 state hypotheses
), the word error rate goes down only by 0.1% ab(
solute, even if the number of states is increased to 150 000. What
is remarkable for both type of LM is that the average number of
tree hypotheses varies only between 30–50. In other words, the
average time span of a state hypothesis, i. e. the average differof a tree-internal hypothesis
, covers only
ence
30–50 time frame which seems to reflect the average word duration.
As to the computational effort for the LM recombination,
there is a clear difference between bigram and trigram LM as
can be expected: the number of comparisons is higher for the
trigram LM, namely by a factor of two. To illustrate the meaning
of such a number, we analyzed in more detail the recognition exfor the trigram LM. Here the number
periment with
of comparisons in the LM recombination of (3) averaged over
all time frames is 46 429 and can be broken down as follows.
. How• There are 731 word end hypotheses
(not shown in
ever, there are only 133 distinct words
the table) so that each word has about 5.6 different start
time hypotheses .
• Since, for all 731 word end hypotheses, there is a total of
46 429 comparisons, we can compute the average number
in the lists
of predecessor hypotheses
(with
for the trigram LM):
.
As we will see in the following comparison, the effort in the
LM recombination is an important difference between the timeconditioned and the word-conditioned search variants.
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TABLE V
SEARCH EFFORT AND WORD ERROR RATES FOR THE WORD-CONDITIONED
SEARCH METHOD ON THE NAB’94 H1 DEVELOPMENT CORPUS
FOR A 64 000-WORD VOCABULARY

C. Comparison with Results for Word-Conditioned Search
A second series of recognition experiments was run to test the
word-conditioned search method and compare it with the timeconditioned search method. The experiments were carried out
in the same way as before. The results, i.e., the search effort and
the word error rate, are shown in Table V, again as a function of
. As in the time-conditioned
the acoustic pruning threshold
search variant, there are three similar pruning operations; for
more details, see [19].
The overall results of Table V are similar to those of Table IV.
First of all, the best word error rates are the same as in the
time-conditioned method: 13.8% for the bigram LM and 11.9%
for the trigram LM. In addition, the acoustic search effort
is roughly comparable in both cases although the word-conditioned method tends to require a somewhat smaller effort,
typically by 10%–20%. What is different from the time-conditioned method is the result that the acoustic search effort goes
up by a factor of 1.3–1.5 when switching from the bigram LM
to the trigram LM. Of course, this effect can be expected due
to the structuring of the search space. Furthermore, for higher
numbers of state hypotheses, the number of tree hypotheses
tends to increase significantly more for the word-conditioned
method than for the time-conditioned method.
As can be expected, the most important difference between
the two search variants is the computational effort for the LM
recombination. For the word-conditioned search variant, the
number of comparisons in the LM recombination of (4) is
identical to the number of word end hypotheses. In general,
this effort is drastically smaller than the corresponding effort in
the time-conditioned method.
In addition, to further analyze the results with respect to the
effect of potential search errors, we compared the results sentence by sentence for a bigram LM experiment with a word error
rate of 13.9% and a trigram experiment with a word error rate of
11.9%. In each of theses cases, we selected the recognition test
with the smallest search effort. For each sentence, we checked
whether the time-conditioned method produced an identical, a
better or a worse score in comparison with the word-conditioned
method. The results are summarized in Table VI. The table reports also the associated word errors. By looking at the com-

TABLE VI
COMPARISON OF THE TIME-CONDITIONED (TC) AND THE WORD-CONDITIONED
(WC)SEARCH METHOD (NAB’94 H1 DEVELOPMENT SET: 310
SENTENCES = 7387 WORDS)

parison of the sentence scores as reported in the table, a small
advantage in favor of the time-conditioned method can be seen.
The time-conditioned search seems to produce more sentences
with better scores. Nevertheless, this does not seem to pay off in
terms of word errors: a significant difference in the total number
of word errors cannot be observed.
D. CPU Time Measurements
Finally, we run a third series of experiments to produce a detailed breakdown of the computational cost for the two search
methods. These measurements were performed on an ALPHA
5000 PC (SpecInt’95: 15.4) using a subset of the NAB’94 H1
development corpus. This subset contains every first sentence
of each speaker. Table VII shows the recognition cost measured
by the real time factor (RTF) for each of the four major operations: acoustic likelihood calculation, acoustic search, LM
recombination and LM access. In addition, the average search
space and the word error rate are given. It can be observed that
there is no significant difference in the overall CPU time for
both methods. Due to the increased effort for LM recombination
and LM access, the overall real-time factor is somewhat higher
for the time-conditioned method than for the word-conditioned
method: it goes up from 25.5 to 26.5 for the bigram LM and
from 28.2 to 29.1 for the trigram LM. These recognition experiments indicate that both search methods are suitable for large
vocabulary recognition and are roughly comparable in terms of
search efficiency.
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TABLE VII
BREAKDOWN OF THE SEARCH COST FOR BOTH SEARCH VARIANTS (SUBSET OF
THE NAB’94 H1 DEVELOPMENT CORPUS: TEN FEMALE AND TEN MALE
SPEAKER; 20 SENTENCES = 519 SPOKEN WORDS = 211:24 sec; ALPHA
5000 PROCESSOR WITH 15.4 SPECINT’95)

For both search variants, the lion’s share of the computational
effort is required for the calculation of the acoustic likelihoods.
This calculation can be speeded up by a factor of about eight
using a preselection method as proposed in [6], [20]. An acceleration of the pure acoustic search can be achieved by using a
bigram LM rather than a unigram LM in the look-ahead in the
word-conditioned method [15], [18]. However, for the time-conditioned search variant, it is not evident how to efficiently apply
a bigram LM in the look-ahead. Therefore, in this paper, only
the unigram LM look-ahead has been used.
VII. SUMMARY
This paper has presented the time-conditioned DP search
method for large-vocabulary continuous-speech recognition. In
terms of efficiency and recognition accuracy, the recognition
experiments performed on the NAB’94 64 000-word task have
demonstrated that this search variant is competitive with the
widely-used word-conditioned search variant.
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