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Abstract

Minimum Bayes-Risk (MBR) speech recognizers have been shown to yield improvements over the
conventional maximum a-posteriori probability (MAP) decoders through N-best list rescoring and A*
search over word lattices. We present a Segmental Minimum Bayes-Risk decoding (SMBR) framework
that simplifies the implementation of MBR recognizers through the segmentation of the N-best lists or
lattices over which the recognition is to be performed. This paper presents lattice cutting procedures
that underly SMBR decoding. Two of these procedures are based on a risk minimization criterion while
a third one is guided by word-level confidence scores. In conjunction with SMBR decoding, these
lattice segmentation procedures give consistent improvements in recognition word error rate (WER)
on the Switchboard corpus. We also discuss an application of risk-based lattice cutting to multiple-
system SMBR decoding and show that it is related to other system combination techniques such as
ROVER. This strategy combines lattices produced from multiple ASR systems and is found to give
WER improvements in a Switchboard evaluation system.

Index Terms

Minimum Bayes-Risk Decoding, Segmental Minimum Bayes-Risk Decoding, Lattice Cutting,
extended-ROVER, ASR System Combination

I. INTRODUCTION

In ASR, an acoustic observation sequence A = a1, as, ..., ar IS to be mapped to a word string
W = wy, wa, ..., wxn, Where w; are words belonging to a vocabulary V.

We assume that a language W is known; it is a subset of the set of all word strings over V. This
language specifies the word strings that could have produced any acoustic data seen by the ASR
system. We further assume that the ASR classifier selects its hypothesis from a set W, of word
strings. This set, called the hypothesis space of the classifier, would usually be a subset of the
language. The ASR classifier can then be described as the functional mapping 6(A4) : A — W,.

Let {(W, W) be a real valued loss function that describes the cost incurred when an utterance
W belonging to language W is mistranscribed as W' € W,. An example loss function, the
one that we focus on in this paper, is Levenshtein distance [1] that measures the minimum
string edit distance (word error rate) between W and W’. This loss function is defined as the
minimum number of substitutions, insertions and deletions needed to transform one word string

into another.
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Suppose the true distribution P(W, A) of speech and language is known. It would then be

possible to measure the performance of a classifier § as
R(6(A)) = Epuw,a)[l(W;(A))]. (1)

This is the expected loss when §(A) is used as the classification rule for data generated under
P(W, A). Givena loss function and a distribution, the classification rule that minimizes R(6(A))
is given by [2]

0r(A) = argmin Y I(W,W')P(W|A). )
W'eEWh wew

We note that while the sum in Equation 2 is carried out over the entire language of the recognizer,
only those word strings with non zero conditional probability P (1 |A) contribute to the sum.
Let W, denote the subset of VW such that

W, ={W € W|P(W|A) > 0}. (3)
Equation 2 can now be re-written as

0r(A) = argmin Y I(W,W')P(W|A). (4)
WEWn e,

We shall refer to the sum » ., .., [(W,W')P(W|A) in Equation 4 as conditional risk and
classifier given by this equation as the Minimum Bayes-Risk (MBR) classifier.

The set W, serves as the evidence for the MBR classifier using which it selects the hypoth-
esis. Therefore, we shall refer to W, as the evidence space for the acoustic observations A.
The distribution P (17| A) describes the evidence space and shall be referred to as the evidence
distribution.

Our treatment so far assumes that the true distribution over the evidence is available, however

this is not the case in practice. This distribution is obtained by applying Bayes rule
P(W[A) = P(W)P(A|W)/P(A), (5)

where the component distributions are approximated by models. As is commonly done, P(WV)
is approximated as the language model and P(A|WW) is obtained from a hidden Markov model

acoustic likelihoods.
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Il. SEGMENTAL MINIMUM BAYES-RISk DECODING

For most practical ASR tasks, the spaces W, and W, are large and the minimum Bayes-risk
recognizer of Equation 4 faces computational problems. Previous work has focused on effi-
cient search procedures to implement Equation 4. Here we discuss an alternate set of strategies
that segment hypothesis and evidence spaces of the MBR recognizer. The segmentation trans-
forms the original search problem into a series of search problems, which due to their smaller
sizes, can be more easily solved. These strategies are collectively referred to as segmental MBR
recognition [3].

For rigor, we introduce a segmentation rule R(W) which divides strings in the language W
into N segments of zero or more words each. We denote the 5t segment of W as R{(WW). In

this way, we impose a segmentation of the space W into segment sets W' - W? ... W/ where
W ={W':W' =RW),W e W}

R, when applied to W,, generates N evidence segment sets W?.i = 1,2, ..., N. We now define

the marginal probability of any word string W € W

PWA= >  PWI4 (6)
W!'eEWe: R (W )=W
The application of the segmentation rule to the hypothesis space yields hypothesis segment sets
Wi. The concatenation of the sets Wi,i = 1,2,..., N yields a search space W; that is the
cross-product of the hypothesis segment sets Wi i = 1,2,..., N. Concatenating the sets may
introduce new hypotheses since suffixes can be appended to prefixes in ways that were not
permitted in the original space. However no hypotheses are lost through the concatenation. It is
our goal to search over this larger space and, by considering more hypotheses, possibly achieve
improved performance.
We now discuss the inclusion of the segmentation rule into MBR decoding. We begin by
making the strong assumption that the loss function between any pair of evidence and hypothesis
strings W € W,, W' € W, distributes over the segmentation, i.e.

(W, W') =) I(R(W), R(W")). (7)

=1
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Under this assumption, we can now state the following proposition [4].
Proposition. An utterance level MBR recognizer given by

§(A) =W = argmin Y (W, W')P(W|A) (8)

! *
w'ewy WeEW,

can be implemented as a concatenation
W=w"w?...w", (9)

where

W' =argmin » I(W,W)P,(W|A), i=1,2,..,N (10)
W'EW, peyyi
This proposition defines the Segmental MBR (SMBR) decoder. Equation 10 follows by substi-
tuting Equation 7 into Equation 8.
A special case of segmental MBR recognition is particularly useful in practice. It arises when
the strings in the hypothesis and evidence segment sets are restricted to length one or zero, i.e.
individual words or the NULL word. We also assume that there is a 0/1 loss function on the

segment sets

, Oifw=w'
lw,w'") = (11)
1 otherwise.

Under these conditions the segmental MBR recognizer of Equation 10 become
Wi = argmax P(w'|A). (12)
w'eWy
Equation 12 is the maximum a-posteriori decision over each hypothesis segment set. In each
segment set the posterior probability of all the words are first computed based on the evidence
space, and the word with the highest posterior probability is selected. We call this procedure
segmental MBR voting. This simplification has been utilized in several recently developed N-
best list and lattice based hypothesis selection procedures to improve the recognition word error
rate [5], [6], [7].
This summarizes the relationship between SMBR decoding, MAP decoding and segmental
MBR voting. From Equation 8, if no lattice cutting had been done, MBR decoding under the 0/1

loss function would lead to the standard MAP rule: W = argmaxyy ¢y, P(W'[A). Introducing
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hypothesis space segmentation transforms the standard MAP rule to segmental MBR voting as
in Equation 12.

For a given loss function, evidence space and hypothesis space, it may not be possible to
find a segmentation rule such that Equation 7 is satisfied for any pair of hypothesis and evi-
dence strings. However, given any segmentation rule, we can specify an associated induced loss

function defined as

LW, W') = Z I(RY(W), R{(W")). (13)

From the discussion of Proposition 1, we see that the segmental MBR recognizer is equivalent to
an utterance level MBR recognizer under the loss function /;. Therefore, the overall performance
of the SMBR recognizer under a desired loss function [ will depend on how well [; approximates
l.

For ASR, we are particularly interested in the Levenshtein loss function. Here, a segmenta-
tion of the hypothesis and evidence spaces will rule out some string alignments between word
sequences. Therefore, under a given segmentation rule, the alignments permitted between any
two word strings from W, and W, might not include the optimal alignment needed to achieve
the Levenshtein distance. Therefore, the choice of a given segmentation involves a trade-off
between two types of errors: search errors from MBR decoding on large segment sets and the
errors in approximating the loss function due to the segmentation.

The Segmental MBR framework does not provide actual hypothesis and evidence space seg-
mentation rules; it only specifies the constraints that these rules must obey. The construction
of segment sets therefore remains a design problem to be addressed in an application specific
manner. In the following sections we present procedures to construct the segment sets from

recognition lattice and N-best lists under the Levenshtein loss function.

I11. SMBR LATTICE SEGMENTATION

A recognition lattice is essentially a compact representation for very large N-best lists and
their likelihoods. Formally, it is a directed acyclic graph, or an acyclic weighted finite state
acceptor (WFSA) [8] W = (Q, A, g5, F, T) with a finite set of states (nodes) @, a set of transition
labels A, an initial state ¢, € @, the set of final states F' C ), and a finite set of transitions 7. The

set A is the vocabulary of the recognizer. A transition belonging to 7 is given by ¢t = (p, ¢, w, s)
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where p € @ is the starting state of this transition, ¢ € @ is the ending state, w € A is a word,
and s is a real number that represents a ‘cost’ of this transition. s is often computed as the sum
of the negative log acoustic and language model scores on the transition. Some of the transitions
in the WFST may carry the empty string w = ¢; these are termed e transitions. A complete path
through the WFSA is a sequence of transitions given by 7' = {(px, gk, wk, sk) }5—; such that
P1 = ¢s, Piv1 = ¢;, and g, € F. The word string associated with 7" is w?. For this word string we
can obtain the joint acoustic and language model log-likelihood as log P (w, A) = — Y| sk.
In this paper the finite state operations are performed using the AT&T Finite State Toolkit [9].
It is conceptually possible to enumerate all lattice paths and explicitly compute the MBR
hypothesis according to Equation 4 [10]. However, for most large vocabulary ASR systems it
is computationally intractable to do so. Goel et. al. [11] described an A* search algorithm that
utilizes the lattice structure to search for the MBR word string. Building on that approach, we
present lattice node based segmentation procedures in which each segment maintains a compact

lattice structure.

A. Lattice Segmentation using Node Sets

The ASR word lattices are directed and typically acyclic, therefore they impose a partial
ordering on the lattice nodes. We say n, < ns if either n; = ny or there is at least one path
connecting nodes n; and ns in the lattice and n, precedes n, on this path.

Let (Ng, N,) be an ordered pair of lattice node sets such that
P1. For all nodes n € Q, there is at least one node n’ € N, such thatn < n’ orn’ < n.

P2. Forall nodesn € Q, there is at least one node n’ € N, suchthatn < n' orn' < n.

P3. Foranyn € N, there isno node n’ € N, such thatn < n'.

Properties P1 and P2 essentially state that all lattice paths from lattice start to lattice end pass
through at least one node of N, and one node of V.. Property P3 says that nodes of N, on any
lattice path precede nodes of N, on that path. An example of N, and N, is depicted in the top
panel of Figure 1.

Each lattice path can now be uniquely segmented into three parts by finding its first node that
belongs to N, and its first node that belongs to V.. The portion of the path from ¢, to the first

node belonging to N, is the first segment; from the first node belonging to IV, to the first node
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Fig. 1. Cutting a lattice based on node sets Vs and N, (top). The lattice segment bounded by these sets is shown in the bottom
panel by solid line paths.

belonging to NV, is the second segment; and from the first node belonging to N, to a node in F
is the third segment.

Segmentation of each lattice path, based on node sets {q¢;}, Ns, Ne, F', defines a segmentation
rules R to divide the entire lattice into three parts. In general, a rule for segmenting the lattice
into n + 1 segments is defined by a sequence of lattice node sets {¢;}, N1, Ns, ..., N,,, F such
that all ordered pairs (N;, N;11), ¢ = 1,...,n — 1 obey P1-P3. The 4** lattice segment, W, is
specified by the node sets N;_; and ;. We shall say it is bounded on the left by N;_; and on the
right by V;. An example lattice segment bounded by N, and N, is shown in the bottom panel
of Figure 1. We call such node based lattice segmentation lattice cutting and the lattice cutting
node sets as cut sets.

We note that lattice cutting yields segment sets W; that are more constrained than those that
could be obtained by explicitly enumerating all lattice paths and segmenting them. This is due
to the sharing of nodes between lattice paths. However, a useful property of lattice cutting is
that each segment retains the compact lattice format. This allows for efficient implementation
of MBR search on each lattice segment.

We now show that for Levenshtein loss function, fewer lattice segments necessarily result in
a better approximation by the induced loss to the actual loss. Suppose we have a collection of

cut sets C = {N;}E, where Ny = ¢, and N = F. This collection identifies a segmentation
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rule such that the induced loss between W, W’ € W under the segmentation is lo(W, W') =
YL W, W),
Suppose we discard a cut set N; from C to form C" = C' — {N/;}. This defines a new induced

loss function

R
o (W,W = > IWi, W)+ 1(W; - Wi, W) - W) ,)
i=1 jit] itj+1

By the definition of the Levenshtein distance (Appendix in [11])

LWy - Wy, Wi W) < UW5, W)+ L(Wijia, Wig).

J

Hence lo/ (W, W') < Ic(W,W’). Therefore, if we segment the lattice along fewer cut sets,
we obtain successively better approximation to the Levenshtein distance. However as the sizes
of the lattice segments increase, SMBR decoding on the resulting segment sets will inevitably
encounter more search errors. Our goal is therefore to choose a set C' that will yield a “good”
cutting procedure. Such a cutting procedure produces small segments that still provide a good
approximation of the overall loss.

In the following two subsections we describe heuristic procedures to identify good cut sets.

B. Cut Set Selection Based on Total Risk

Our first lattice cutting procedure is motivated by the observation that under an ideal segmen-
tation the conditional risk of each hypothesis word string is unchanged after segmentation [12].
The conditional risk after the segmentation is computed under the marginal distribution of Equa-
tion 6. Consequently the total conditional risk of all lattice hypotheses

Rr= Y Y I(W,W')P(W|A) (14)
w'ew Wew
would also be unchanged under this segmentation. For convenience we shall drop ’conditional’
and refer to R as total risk.

We assume that the posterior probability of the most likely lattice word string dominates the

total risk computation. That is

Rrw~ ) (W, W')P(W|A) (15)

w'ew
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where TV denotes the most likely word string in the lattice

W = argmax P(W|A), (16)
Wew

and W = @X. Our goal, then, is to find a segmentation rule so that under the ML approximation

to the total risk, the following holds

POVIA) 32 107, W) = POVIA) 37 3107, W), (17)

w'ew wW'ew i=1

Clearly if the rule segments ¥ and each W’ € W into K substrings so that
(W, W) = LW, W), (18)

then Equation 17 holds. In the following we describe how such a rule can be derived by first
producing a simultaneous alignment of all word strings in W against W and then identifying cut
sets in that lattice.

1) Lattice to Word String Alignment via Finite State Composition: Consider the weighted
lattice of Figure 2. We obtain an unweighted acceptor W, from this lattice by zeroing the scores
on all lattice transitions. We also represent the one-best word string W = @ as an unweighted
finite state acceptor whose transitions are given as t = {p, ¢, v} where v = wy.k; this labeling
keeps track of both the words and their position in W.

To compute the Levenshtein distance, the possible single-symbol edit operations (insertion,
deletion, substitution) and their costs can be readily represented by a simple weighted transducer
T [13]. T is constructed to respect the position of words in 1 (See Figure 3). Furthermore, we
can reduce the size of this transducer by including only transductions that map words on the
transitions of W, to the words in the best path 7.

We can now obtain all possible alignments between W € W, and W by the weighted finite
state composition

A=WooT oW (19)

Constructed in this way, every path in A specifies a word sequence W € W and a sequence of
string-edit operations that transform W to W. In its entirety, .A specifies all possible string-edit

operations that transform all word strings in W to W (See Figure 4).
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write/284

O O

right/292

Fig. 2. A sample word lattice. The MAP hypothesis is shown in bold.

write:write.1/0

Fig. 3. The string-edit transducer T for the lattice in Figure 2. Each transition in T has the format z : y/c, which indicates that
the input label is z, output label is y, and the cost of mapping = to y is c.

A has transitions ¢t = (p, ¢, a, s) where a denotes an input-output symbol pair (w,v). There
are three types of transitions: (1) w # € and v = ;.7 which indicates a substitution of word
w by word @;; (2) w # € and v = ¢ indicates that word w is an insertion; (3) w = ¢ and
v = ;.1 sShows a deletion with respect to w;. The costs s on the transitions of A arise from the
composition in Equation 19.

2) Compact Representation of String Alignments: We now wish to extract from A the Lev-
enshtein alignment between every path W e W and W. This can be done in two steps. We first
perform a sequence of operations that transforms A into a weighted acceptor A’. A’ contains all
the alignments links in A4, but represented in simplified form as an acceptor. We next use a vari-

ant of dynamic programming algorithm on the acceptor A’ to extract the Levenshtein alignment
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right : € /1

write : € /1

oh : writel /1
right 1 € /1

€: writel /1

right : write.1/1 Tight 1 g /1
oh:e /1 € writel /1
write : € /1 ight: € /1
€: writel /1

€ writel /1

write: write.1/0

Fig. 4. The transducer A for the lattice in Figure 2.

between T and every word string that was originally in W.
The transformation of A into A’ is as follows.
1) Project alignment information onto the input labels of A, as follows :
« Sort the nodes of A topologically and insert them in a queue S. Associate with each
node ¢ an integer V'(¢). A value of V'(¢) = 7 would indicate that all partial lattice
paths ending at state ¢ have been aligned with respect to @w: ™. Set V(¢,) = 0.
« While S is non-empty
a) p < head(S). DEQUEUE(S).
b) For all transitions ¢t = (p, q, a, s) leaving p, perform one of the following:
i) Substitution: If a = (w,v) has w # €, v = W;.4, set a = (w.i,v) and
V(g) =i+ 1.
ii) Deletion: If a = (w,v) hasw = eand v = w;.i, set V(¢) =i + 1.
iii) Insertion: If a = (w,v) hasw # eand v = ¢, setw = w..V (p) and
Vig) =Vi(p).
2) Convert the resulting transducer from Step 1 into an acceptor by projecting onto the input
labels.

3) For the weighted automaton generated in Step 2, generate an equivalent weighted

automaton without e-transitions.
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These three operations transform A into a weighted acceptor A’ that contains the cost of all
alignments between all lattice word strings and the best path (See Figure 5). We now relate the
properties of the lattice WV and the finite state machines .4 and .A’. By construction, correspond-
ing to any W € W where W = w7, there exist paths T € A4 such that

1. T = {(pk, qx, ok, Sk) } 1y, m > n, a, = (Wi, vg) Where wi* = @7 if €’s in w]* are removed

and v* = w{* if €’s in v} are removed. Y}, s is total cost of the alignment specified
by T.
sy is the cost of a transition on 7T". Furthermore, for each 7' € A there is a corresponding 7”7 € A’
that specifies the identical alignment. That is,

2. T' = {(p, @, vy, 5),) oy Where Cost(T) = >\ s, = >y s; = Cost(T") is the string

edit distance between wX and w? along the alignment specified by 7 and 77, and v;™ = w?
if each vj, is stripped of its -i and e subscripts.

s}, IS the cost of a transition on 7".

right ¢ . 0/2

right . 0/1 O

write. 0/0

ohg . 112

right ¢ . 1/1

writeg . 1/2

Fig. 5. The acceptor A’ for the lattice in Figure 2.

3) Optimal Computation of Lattice to Word String Alignment: We now discuss a procedure to
extract the optimal alignment between paths W e W and W. We first note that if A’ contained
the alignment of only one word string W against 1¥, we could find the desired optimal alignment
through a standard dynamic programming procedure [14], [15], [16] that traverses the nodes

of A’ in topologically sorted order and retains backpointers to the optimal partial paths to all
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nodes. However, since A’ contains alignments of multiple strings against 1, we need to extend
the dynamic programming procedure to keep track of the identity of word strings leading into
nodes. This is described in the following procedure.

1) Sort the nodes of A’ in reverse topological order (i.e. lattice final nodes first) and insert
them in a queue S. For each node ¢ € S, let b,(y) denote the minimum cost of all paths
that lead from node ¢ to the lattice end node and carry the word string y. Let a,(y) be the
immediate successor node of ¢ on the path that achieves b,(y).

2) For each final node f of A’, set bs(e) = 0.

3) While S is non-empty

a) p < head(S). DEQUEUE(S).

b) Let 7" denote the set of lattice transitions ¢ = (p, ¢, v, s) leaving state p. v is either
w.i or v = we.i. Let'Y denote the set of unique word strings on the paths starting
from state p. The word string y = (w - z) starts with the word w and has a suffix z.

c) Foreachy(=w-z2) €Y,

i) Compute:

t= argmin s+ by(2)
teT:t has word label w

Denote £ = (p, ¢, 0, 3).
i) bp(y) =5+ b4(2)- ap(y) = ¢
Step 3 prunes all transitions leaving p that are not needed for any optimal alignment pass-
ing through p.

4) The procedure terminates upon reaching the start node ¢, of A’. The optimal alignment
cost of each complete path y can be readily obtained from b,, (), and the complete align-
ment can be obtained by following the backtrace pointers stored in a,(y) arrays.

4) An Efficient Algorithm for Lattice to Word String Alignment: The alignment procedure
described in the previous section involves the computation of the cost b,(y) for each state p in
A'. This cost is computed for all unique word strings y leaving state ¢q. Therefore, it involves
enumerating all the word sub-strings in the word lattice W. While this is definitely impossible
for most word lattices of interest, this description does clearly present the inherent complexity of
the lattice to string alignment problem. In practice, we do not retain the cost b, (y) for all word

sequences leaving p. For each state p, we approximate b,(y) as b,(y) ~ b, = min, b,(y) Vy in
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Step 3(c)ii. We now present the procedure that results from this approximation.

1) Sort the nodes of A’ in reverse topological order (i.e. lattice final nodes first) and insert
them in a queue S. For each node ¢ € S, let b, denote the minimum cost of all paths that
lead from node ¢ to the lattice end node.

2) For each final node f of A’, setb; = 0.

3) While S is non-empty

a) p <+ head(S). DEQUEUE(S).

b) Let T" denote the set of lattice transitions ¢ = (p, ¢, v, s) leaving state p. v is either
w.i or v = we.i. Let U denote the set of unique words on the transitions starting from
state p.

c) Initialize T = {}.

d) Foreachw € U,

i) Compute:

t= argmin s+b
teT:t has word label w

Denote ¢ = (p, 4, v, 3).
i) T« 1.
e) Compute:

b, = min § + b;
fet

f) Prune transitionst € T and t ¢ T.

4) The procedure terminates upon reaching the start node ¢, of A’

As a result of the simplification, the information maintained by the a, (w) and the b,(w) arrays
can be stored with the lattice structure of A’. This is therefore a pruning procedure of A’ and we
call the resulting acceptor A. For the example A’ of Figure 5, A is shown in Figure 6.

The transitions of A have the form ¢ = (p,q,v,s). Either (a) v = w.i that indicates the word
w has aligned with w; (substitution) or (b) v = w..7 indicates that word w occurs as an insertion
before ;. We can insert e-transitions whenever the partial path ending on state ¢ has aligned
with 1%¢ and the partial path ending on ¢', a successor node of ¢ has aligned with @ 2. This will

allow for deletions.
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right . 0/1

O

write.0/0
Fig. 6. The acceptor A for the lattice in Figure 5.

We note that the acceptors W and .4 have identical word sequences, therefore, we can get the
acoustic and language model scores for .4 by composing it with W.

5) Risk Based Lattice Cutting: Referring back to Section I11-A, we introduce lattice seg-
mentation as the process of identifying lattice cut sets to satisfy property P1-P3. The process of
generating A identifies a correspondence between each word in W and paths in A. Each word
w; in W is aligned with a collection of arcs in [A. These arcs either fall on distinct paths (e.g.
hello.0 in Figure 7) or form connected subpaths (e.g. well..0 - 0.0 in Figure 7). For each word
w;, we define the lattice cut node set A; as the terminal nodes of all the subpaths that align with
;. This defines K cut sets if there are K" words in 7. We also define N as {gs}.

In this way we use the alignment information provided in .A to define the lattice cut sets that
segment the lattice into K sublattices. We call this procedure Risk-Based Lattice Cutting (RLC).
This procedure ensures that every lattice path passes through exactly one node from each lattice
node cut set. A determinized version of the lattice from Figure 1 and its acceptor .4 are shown
in the top and bottom panels of Figure 7. The bottom panel also displays the cuts obtained along
the node sets.

The segmentation procedure, modulo the errors introduced by the approximate procedure used
to generate A, is optimal with respect to the MAP word hypothesis. Every path W' € A has a
corresponding path {px, qx, we, sx }2_, in A such that (W, W') = 3K 1(W,, W!) = S3i, 5.
In this way, the costs in A agree with the loss function desired in Risk-based lattice cutting
(RLC).

6) Periodic Risk Based Lattice Cutting: The alignment obtained in Section I11-B.1 is ensured
to be optimal only relative to the MAP path. It is not guaranteed that {(W, W') = I;(W, W") for

W # W. Following the discussion in Section I11-A, we note that if we segment the lattice along
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hello/0.Z now/0.7

O————
now/0,
well/0.9

how/0.9

well/0.9

Isent_end.6/0

A:nd.e/o

hello.0/0

Fig. 7. (top) A word lattice W and (bottom) its acceptor .A showing the Levenshtein alignment between W € W and W
(shown as the path in bold). The bottom panel shows the segmentation along the 6 nodesets obtained by the risk-based lattice

cutting procedure.

fewer cut sets, we obtain better approximations to the Levenshtein loss function. However, this
leads to larger lattice segments and therefore greater search errors in MBR decoding.

One solution that attempts to balance the trade-off between search errors and errors in approx-
imating the loss function is to segment the lattice by choosing node sets V; at equal intervals
or periods. A period of £ specifies the cut sets Ny, Ny.1, Nogy1 and so on. Therefore the set
C = {¢s, N1, Ng+1, -, Nnk+1, F'} Where n is the largest integer so that periodic cuts can be
found. We call this procedure periodic risk-based lattice cutting (PLC). If the loss function ap-
proximation obtained by cutting W into K segment sets is good, the cutting period & tends to be
smaller and vice-versa. The choice of the cutting period is found experimentally to reduce the
word error rate on a development set. We note that the RLC procedure is identical to the PLC
procedure with period 1. Figure 8 shows the sub-lattices obtained by periodic risk-based lattice

cutting on the lattice from Figure 7.

C. Cut Set Selection Based on Word Confidence

Our next procedure to identify good lattice cutting node sets uses word level confidence

scores [17]. In this procedure word boundary times are used to derive alignment between sen-
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Fig. 8. Lattice segments obtained by periodic risk-based lattice cutting on the lattice from Figure 7 (Period = 2).

tence hypotheses that avoids computing the alignment corresponding to the exact Levenshtein
distance [18]. As before, we begin by identifying the MAP lattice path. We compute the confi-
dence score of the 5 link lattice link [ on that path as follows:

1) Compute the lattice forward-backward probability of 7 [17].

2) Identify other lattice links that have a time overlap of at least 50% with {. Among these

links, keep only those that have the same word label as |.

3) Compute the lattice forward-backward probabilities of all these links. Add their probabil-

ities to that of / to obtain the confidence score for I.
Next, high confidence links on the MAP path are identified by comparing each link’s confidence
score to a global threshold. Consecutive high confidence links identify high confidence lattice
regions, and lattice cut node sets are derived as follows.

1) For each stretch of consecutive high confidence links along the MAP path, identify the

leftmost and the rightmost links, denoted / and r, respectively.

2) Find all those lattice links that have a time overlap of more than 50% with [. The start

nodes of these links form the left boundary node set of a lattice cut.

3) Find all those lattice links that have a time overlap of more than 50% with . The end

nodes of these links form the right boundary node set of the lattice cut.

4) Add nodes to the left and right boundary node sets to ensure that properties P1 and P2 are

met.

We note that in contrast to risk-based lattice cutting, this procedure allows a lattice path to pass
through more than one node of a given node set. The top panel of Figure 9 depicts confidence
based cutting of the lattice of Figure 1.

We now introduce the notion of “pinching” in a lattice segment. If the largest value of the

marginal probability (Equation 6) in a lattice segment is above a threshold, we collapse the
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lattice segment to the MAP path W; belonging to the segment. The bottom panel of Figure 1
shows the pinched version of the middle cut; the high confidence region can be represented by a

single word sequence.

Fig. 9. Segmenting the lattice from Figure 1 into regions of low and high confidence based on word confidence scores.

D. SMBR Decoding of a Lattice Segment

To generate SMBR hypothesis from a lattice segment (Equation 10) we require P;(W|A)
for each word string in that segment. Since our lattice cutting node set selection procedures
described above may yield multiple start nodes which may be successive nodes on some path
through W;, care must be taken in computing P;(17/|A). It is found by summing over all paths
through W along which W is the longest subsequence in W, i.e. as the sum over all these paths
whose longest subpath in W; is W. In the following we describe a modified lattice forward-
backward procedure that respects this restriction and yields the desired marginal probability.

Let W be a complete path in the lattice and let 1V, be a prefix of W. We use L;(W,) to
denote the joint log-likelihood of observing 17, and the acoustic segment that corresponds to
W,. L;(W,) can be obtained by summing the log acoustic and language model scores present
on the lattice links that correspond to W,,. Similarly, for a suffix W, of W, we use L,(Wj) to de-
note the joint log-likelihood of observing W, together with its corresponding acoustic segment,
conditioned on the starting node of WW,. P(A) can be computed as e’s (),

Let E"(W') denote the first node of an arbitrary lattice path segment W'. Let E/(W') denote
the last node of W', and let E(WW') be the set of all lattice nodes through which W' passes,
including E*(W') and E/(W"). Let W; be a path in a lattice segment W; bounded by node sets
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N, and N,. Letn; = EMW,) and n, = EY(W;). We first define a lattice forward probability of
n1, Fi(n1), which is the sum of partial path probabilities of all partial lattice paths ending at n;.
That is,

F(m)= ) M0 (20)
Wp:Ef(Wp)Z'ru
However, paths that pass through any node of N, before they reach n; would contribute a

segment longer than W; to this cut. We exclude their probability by defining a restricted forward

probability of n4, restricted by the node set Vy, as

Fy(m; N,) = > el s (W), (21)
W, : Ef(W,)=m
E(Wy) NNy = {1}
We also define lattice backward probability of the final node of W, using the backward log-
likelihood L, (W), as

Bnp)= ) el (22)
We:EM(Wg)=ny
We have stated earlier (Section I11-A) that each lattice path can be segmented into three parts

by finding its first node belonging to N, and its first node belonging to N,.. As a result there is
no path in the sub-lattice that contains two nodes in V.. We therefore do not need to define a
restricted backward probability analogous to the restricted forward probability.

Using the restricted forward probability of n, and lattice backward probability of n,, the

marginal probability of W; can be computed as

P (WilA) = Fi(n1; No) P(Wi, A(Wi) | ) Bi(na), (23)

L
P(A)
where A(W;) denotes the acoustic segment corresponding to W;.

We note that if the node set NV, is such that no lattice path passes through two nodes of N, the
restricted forward probability of ny, F;(n1; Ns), will be identical to its lattice forward probability
F,(n1). In this case, the marginal probability of W; will be obtained by summing over all lattice
paths that pass through W;. This is the well known lattice forward-backward probability of
Wi [19].

Having obtained P;(W|A), the SMBR hypothesis can be computed using the A* search pro-
cedure described by Goel et. al. [11]. Alternatively, an N-best list can be generated from each

segment and N-best rescoring procedure of Stolcke et. al. [10] can be used.
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IV. SMBR N-BEST LIST SEGMENTATION

An N-best list is an enumeration of N most likely word strings given an acoustic observation;
it can be generated from a lattice as word strings with N highest log likelihood values. An N-best
list can itself be considered as a special “linear” lattice where each node, except the start and end
nodes, has exactly one incoming and one outgoing transition. An example N-best list derived

from the lattice of Figure 7 is displayed as a linear lattice in Figure 10.

hello/1.6

hello/1.6

hello/1.6

hello/1.6

hello/1.6

well/2.3

Fig. 10. An N-best List from the lattice in Figure 7.

For SMBR rescoring of an N-best list we can apply the lattice cutting methods described
in Sections I11-C and 111-B. Alternatively, we could use the ROVER [5] procedure which was
originally proposed by Fiscus [5] to combine MAP hypotheses from multiple ASR systems,
and later extended to N-best lists [20]. ROVER is similar to total risk based cutting of N-best
lists with the most significant difference being that the total risk based lattice cutting allows for
multiple consecutive words in each segment set (Figure 7); in contrast, ROVER Yyields at most
one consecutive word in a segment set.

An alternative N-best list SMBR rescoring procedure that generalizes both ROVER and total
risk based lattice cutting is a procedure termed e-ROVER, as described here. We first define a
process of joining two consecutive segment sets. In joining two segment sets we replace those
two sets by one expanded set that contains all the paths from the original pair of sets. This is
illustrated in Figure 11.

The e-ROVER procedure for constructing SMBR evidence and hypothesis spaces can be de-
scribed as follows [3].

1) Segment N-best lists, as in ROVER, so that each segment contains at most one consecutive

word [5].
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Fig. 11. Joining two segment sets.

2) Determine the posterior probability of words in segment sets, according to Equations 6
and 12.
3) “Pinch” segment sets in which the largest value of the posterior probability is above a
pinching threshold. Join all adjacent unpinched segment sets.
The procedure of pinching and expanding the segment sets is shown in Figure 12. Hypotheses

in e-ROVER are formed sequentially according to Equations 9 and 10.

AFTERALL  INULL

OH WE WE'RE

INULL

PINCH PINCH

OH @ WE WE'RE @ AFTERALL INULL

INULL

WE WE'RE AFTERALL
OH

’ \ ’ AFTER \
WELL HERE

INULL

WE'RE WE'RE AFTERALL ALL

Fig. 12. e-ROVER WTN construction.

That e-ROVER generalizes total risk based lattice cutting is evident by observing that the
segment sets in e-ROVER contain hypotheses which were not present in the original N-best
lists. Furthermore, we note that the hypothesis and evidence spaces in e-ROVER are identical
to those in ROVER. However, the loss function in e-ROVER provides a better approximation
to the word error rate due to the improved segmentation. Since they are both instantiations of
Equation 9, e-ROVER directly extends ROVER and would be reasonably expected to yield a

lower word error rate.

V. APPLICATIONS TO ASR SYSTEM COMBINATION

In addition to its role in simplifying MBR decoding, the segmental MBR decoding framework

has applications to ASR system combination. These techniques involve combining either word
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lattices or N-best lists produced by several ASR systems.

Let Wk k& = 1,2,...,J be recognition lattices or N-best lists from .J ASR systems. Let
P*(W|A) be the evidence distribution of the k" system over W*. A common evidence space
can be obtained by taking a union or intersection of these K lattices or N-best lists. The evidence

distribution over this space can be derived by taking the arithmetic mean
P(W|A) = Z PE(W | A),

or a geometric mean
P(W4) =[] Ptw|4)]7
k

of the J evidence distributions.

In the case of N-best lists, the SMBR recognition can be carried out over the N-best list
generated above. The SMBR decoding procedures that can be applied on this space include
ROVER [5] and e-ROVER as described in section 1V,

Combination of lattices from multiple systems is not as straightforward. One possible scheme
is described in the following.

1) Select the hypothesis with the overall highest posterior probability among the MAP hy-

potheses from the J systems. This is obtained as

~

k = argmax P*(W*|A) (24)
k=1.2,...,]
W= Wk (25)

2) Segment each lattice with respect to T using the periodic risk-based lattice-cutting proce-

dure (Section I11-B) into N sections. This gives us N x J sub-lattices given by W} k =

2,....J,1=1,2,..., N. We note that 7 need not be present in all of the .J lattices since

the procedure described in Section 111-B can be used to align the lattice to any word string.

3) For each section [ = 1,2,..., N, we now create new segment-sets by combining the .J

corresponding sub-lattices WF, k = 1,2,...,.J. We have considered two combination
schemes:

a) We perform a weighted finite-state intersection [8] of the corresponding sub-lattices.

This is equivalent to multiplying the posterior probability of hypotheses in the indi-
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vidual sub-lattices.

Forl=1,2,..,.N (26)
W = n_ WF (27)

J
PW|4) = [[[PEWIA)) VW e, (28)

k=1

b) We perform a weighted finite state union of the corresponding sub-lattices followed
by a weighted finite state determinization under the (4, x) semiring [8]. This is

equivalent to adding the posterior probability of hypotheses in the individual sub-

lattices.
Forl=1,2,...,N (29)
W, = UK W (30)
J
1 k
P(W|4) = 5 kz_:lpl (W]A) VW € W,. (31)

4) Finally, we perform SMBR decoding (Equations 10 and 9 in Section I1) on the sub-lattices
W, obtained by the above combination schemes.

A schematic of multi-system SMBR decoding using three sets of lattices is shown in Figure 13.

VI. SMBR DECODING EXPERIMENTS

All our SMBR decoding experiments were carried out on large vocabulary ASR tasks. We
first present results of the risk and confidence based lattice cutting procedures described in Sec-
tion 111. We then present experiments with multiple system combination using the N-best list
based e-ROVER procedure described in Section IV and the lattice based system combination

scheme presented in Section V.

A. SMBR Recognition with Lattices

Our lattice cutting procedures were tested on the Switchboard-2 portion of the 1998 Hub5
evaluation set (SWB2) and Switchboard-1 portion of the 2000 Hub5 evaluation set (SWB1).

For both these test sets an initial set of one-best hypotheses were generated using the AT&T
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MAPWORD HYPOTHESIS

SYSTEM 1

SYSTEM 2

SYSTEM 3

ADD ORMULTIPLY
POSTERIOR PROBABILITIES
OF PATHSIN
CORRESPONDING
SUBLATTICES

MBR DECODING ON EACH SUBLATTICE

Fig. 13. Multiple-system SMBR Decoding via Lattice Combination.

large vocabulary decoder [8]. HTK [21] cross-word triphone acoustic models, trained on VTN-
warped data, with a pruned version of SRI 33K trigram word language model [20] were used.
The one-best hypotheses were then used to train MLLR transforms, with two regression classes,
for speaker adaptive training (SAT) version of the acoustic models. These models were used to
generate an initial set of lattices under the language model mentioned above. These lattices were
rescored using the unpruned version of SRI 33K trigram language model and then again using
SAT acoustic models with unsupervised MLLR on the test set. Details of the system are given
in JHU 2001 LVCSR Hub5 system description [22].

Lattices were segmented using the three procedures described in this article: risk based lattice
cutting (Section 111-B.5), periodic risk based lattice cutting (Section 111-B.6), and confidence
based lattice cutting (Section I11-C). Once a lattice segmentation was obtained, the follow-
ing procedures were investigated to compute the SMBR hypothesis. An A* search over each
segment [11] attempts an exact, if heavily pruned, implementation of the MBR decoder. Alter-
natively, an N-best list was generated from each segment and then rescored using the min-risk
procedure [10], [11]. As a third approach, the e-ROVER procedure of Section IV was applied.
In the latter two techniques, N-best lists of size 250 were used. For confidence based lattice

cutting, a confidence threshold of 0.9 was used in all cases.
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Fig. 14. Performance of Periodic Lattice Cutting with different cutting periods for A* SMBR decoding on the SWB2 held out
set.

For periodic risk based lattice cutting, the optimal segmentation period was determined on
two held out sets, one corresponding to each test set. Cutting periods of 1 through 14 were
tried and for each segmentation the SMBR hypothesis was generated using one of A*, N-best
list rescoring, or e-ROVER procedures. Figure 14 presents the word error rate of the A* SMBR
decoding on the held out set corresponding to the SWB2 test set. As can be seen, the optimal
cutting period is 6 on this set. N-best rescoring and e-ROVER also achieved their optimal per-
formance at period 6 on this data set. On the held out set corresponding to the SWB1 test set, the
optimal cutting period was found to be 4 under all three hypothesis generation procedures. This
suggests that optimal lattice cutting period is relatively insensitive to the hypothesis generation
method but should be tuned to the task to which periodic lattice cutting is applied.

Table | presents a comparison of different lattice segmentation and hypothesis generation
procedures. PLC was performed with a cutting period of 6 (on both test sets, even though 4 was
found to be optimal for SWB1).

We note that all SMBR procedures yielded a gain over the MAP baseline for both test sets. In
addition, PLC and confidence based lattice segmentation consistently further improved the word
error rate over the no segmentation case, which advocates the use of SMBR procedures over
MBR decoding without segmentation. Among the various hypothesis generation procedures,
PLC with period 6 was found to have the best performance. In all cases, e-ROVER performance

was the best, although with period 6, e-ROVER is ahead only by a small margin.
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Decoder WER(%)
SWB2 | SWB1

MAP (baseline) 41.1 26.0

SMBR Decoding

Segmentation Strategy | MBR Decoding Strategy

No Segmentation A* search 40.4 25.5
e-ROVER 40.5 25.7
N-best rescoring 40.4 25.6
RLC A* search 41.0 25.9
(Period 1) e-ROVER 40.5 25.7
N-best rescoring 41.0 25.9
PLC A* search 40.0 25.4
(Period 6) e-ROVER 39.9 25.3
N-best rescoring 40.1 25.4
Confidence based e-ROVER 40.0 25.2
N-best rescoring 40.2 25.4

TABLE |

SMBR LATTICE RESCORING PERFORMANCE.

B. System Combination Results

1) N-best List Combination: The experiments involving combination of N-best lists from
multiple systems were performed on a multi-lingual language independent acoustic modeling
task [23]. This task consisted of combining recognition outputs in Czech language from three
systems : a triphone system trained on one hour of Czech voice of America (Cz-VOA) database
(Sysl); a triphone system trained on 72 hrs. of English and then adapted to one hour of Czech
(Sys2); and Sys1 output rescored with Sys2 models. The test set consisted of 748 held out
utterances from the Cz-VOA broadcast [24]. 250 hypotheses were taken from each system
along with their distributions restricted to these 250-best lists. The baselines (MAP hypotheses)
in these systems had error rates of 29.42%, 35.24%, and 29.22%, respectively.

We created a single N-best list of up to 750 hypotheses by merging (via union operations
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as described in Section V) the 250-best lists from the 3 systems. On this merged list, N-best
ROVER yields an absolute improvement of 3.28% over the 29.22% baseline. Its comparison
with e-ROVER is shown in Figure 15. The top panel in this figure shows the fraction of the
pinched sets as a function of the pinching threshold. A threshold of 0.0 pinches all the sets,
equivalent to N-best ROVER, while any threshold above 1.0 results in no pinching at all. We
note that a segment set is pinched when largest value of posterior probability in the set is greater
than or equal to the pinching threshold. Since regions of high confidence have segments which
have a posterior probability of 1.0, these segments are pinched even at a threshold of 1.0. As
the pinching threshold increases (i.e. for fewer pinched sets) the number of hypotheses in the
expanded sets grows so large that MBR rescoring becomes infeasible without heavy pruning.
For pinching thresholds greater than 1.0 we are effectively performing MBR rescoring with the
large hypothesis space obtained by full expansion of all segment sets (Figure 11). By contrast,
the original MBR decoding has only the unexpanded N-best list as its hypothesis space. This
points out the need to achieve a proper balance between size of the hypothesis space versus the
computational complexity of the MBR search.

The bottom panel in Figure 15 shows the effect of pinching threshold on the word error per-
formance of e-ROVER. We note that performance under all thresholds is better than the perfor-
mance of N-best ROVER. The threshold of 1.0 yields the best performance of 0.56% absolute
improvement over N-best ROVER and hence a total of 3.84% absolute over the baseline error
rate of 29.22%. We see a degradation in performance for thresholds larger than 1.0, owing to
the pruning of the expanded sets.

2) Lattice Combination: Our experiments with combining lattices from multiple systems and
their SMBR decoding were carried out on the development set of the LVCSR RT-02 evaluation.
A description of the acoustic and language models used is given in the JHU LVCSR RT-02
system description [25]. In this system, MMI acoustic models were used to generate an initial
set of lattices under the SRI 33K trigram language model [20]. These lattices were then rescored
with DLLT acoustic models and DSAT acoustic models [26] to yield two other sets of lattices.
These three sets of lattices were then used for system combination as described in Section V.

The performance of the lattice combination experiments is reported in Table Il. In these ex-

periments, we use a cutting period of 6 for the periodic risk-based lattice cutting. We tested these
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Fig. 15. Fraction of pinched segment sets and word error rate performance of e-ROVER as a function of pinching threshold.
The rightmost point in the top panel shows that fraction of pinched sets is 0 when pinching threshold exceeds 1.0. The WER in
this condition is given in the rightmost point of the lower panel.

procedures on the Switchboardl portion of the 2000 Hub5 evaluation set (SWB1), Switchboard2
portion of the 1998 Hub5 evaluation set (SWB2) and the Switchboard-Cellular development set
released in 2000 (SWB2C). The Table Il is organized as follows. We first report the perfor-
mance of the MAP hypothesis from each system. We next give results by a simple system
combination technique (Lattice-Intersect) that intersects the three lattices and obtains the MAP
hypothesis from the resulting lattice [8]. We also report results by the ROVER system combi-
nation scheme [5] on the MAP hypotheses from the three systems. We then finally present the
results by the two multi-system SMBR decoding schemes (Union-SMBR and Intersect-SMBR)
presented in Section V. The e-ROVER procedure was used to compute the MBR hypothesis in
both these schemes.

We observe that the multiple system SMBR decoding via either the union or intersection
scheme is better than 1) intersecting lattices and obtaining the MAP hypothesis or 2) performing
a ROVER on the MAP hypotheses from the three systems. Furthermore, we note that adding
posteriors of the paths in the sub-lattices (Union-SMBR) turns out to be better than multiplying
them (Intersect-SMBR).

VII. CONCLUSIONS

We have presented the Segmental Minimum Bayes-Risk Decoding framework for Automatic

Speech recognition. This framework allows us to decompose an utterance level Minimum
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Decoding Strategy WER(%)
SWB1 | SWB2 | SWB2C

MAP
Sys 1 (MMIE) 245 | 392 | 396
Sys 2 (DLLT) 240 | 387 | 388
Sys 3 (DSAT) 245 | 393 | 395

Lattice-Intersect 24.0 38.4 38.7

1-best ROVER 23.8 38.1 38.2

SMBR Decoding

Intersect - SMBR 23.5 37.8 38.0
Union- SMBR 23.3 37.8 37.8

TABLE 11

EXPERIMENTS: MULTIPLE-SYSTEM SMBR DECODING VIA LATTICE COMBINATION.

Bayes-Risk Recognizer into a sequence of smaller sub-utterance recognizers. Therefore, a
large search problem is decomposed into a sequence of simpler, independent search problems.
Though the utterance level MBR decoder is implemented as a sequence of MBR decoders on
hypothesis and evidence space segments, the acoustic data is not segmented at all. The marginal
probability of a word string within a segment set is computed based on acoustic and language
model scores that span the entire utterance ; these might have a much greater span than any string
in the segment set. In addition, there is no assumption of linguistic independence between word
strings belonging to adjacent segments. This is not the case when the entire conversation level
decoder is simplified to decoders at the utterance level; by contrast, in that case we do segment
acoustic data and assume acoustic and linguistic independence between utterances.

We have described several procedures for segmenting word lattices into sub-lattices for SMBR
decoding. The confidence based lattice cutting relies on word-level confidences and time-marks
in a lattice to perform segmentation; while total and periodic risk based lattice cutting strategies
attempt to find segments that preserve the total Bayes-risk of all word strings in the lattice. These

procedures identify node sets that can be used to segment the lattice. However, we have shown
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that the selection of cut sets must be made considering both SMBR search errors and errors due
to poor approximation of the loss function. We introduced periodic risk based lattice cutting as
a cut set selection procedure that finds a balance between these two types of modeling errors.
Lattice cutting, in conjunction with SMBR decoding gives consistent improvements as the final
stage of an LVCSR evaluation system. In addition, the risk based cutting procedure has been
shown to form the basis for novel discriminative training procedures [27]. We note that the two
cutting procedures give similar WER performance although the risk based cutting procedure is
more suited to system combination since it does not rely on word boundary times which can
easily vary across multiple systems.

We have discussed how popular ASR system combination techniques such as ROVER and
N-best ROVER are instances of SMBR recognition. In the SMBR framework, we presented the
extended-ROVER technique that improves upon N-best ROVER by better approximating the
WER and improving performance on a language independent acoustic modeling task.

Finally, we showed how the risk-based lattice segmentation can be applied to multiple system
SMBR decoding on lattices produced by several ASR systems. We presented two schemes to
merge posteriors of word strings in sub-lattices and then performing SMBR decoding. The
system combination scheme performs better than the output produced by a MAP decoder on
each of the individual lattices or on a intersection of the lattices. These techniques are effective
in combining results from different systems, as is particularly apparent from the multilingual
system combination experiments.

SMBR recognition has been shown to be a useful framework for automatic speech recogni-
tion. It transforms the overall MBR recognition problem into a sequence of smaller, independent
decisions that are easier to solve than the original problem. As a modeling technique, it allows
us to focus in on individual recognition errors during the search process. We have also shown
how SMBR can be used to describe and enhance ASR system combination procedures. SMBR

is a powerful framework for the development and description of novel ASR decoding strategies.
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