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Abstract
We introduce a novel approach to decoding in speech recog-

nition (termed attention-shift decoding) that attempts to mimic
aspects of human speech recognition responsible for robustness
in processing conversational speech. Our approach is a radi-
cal departure from traditional decoding algorithms for speech
recognition. We propose a method to first identify reliable re-
gions of the speech signal and then use these to help decode
the unreliable regions, thus conditioning on potentially non-
consecutive portions of the signal. We test this approach in a
second-pass rescoring framework and compare it to standard
second-pass rescoring. On a conversational telephone speech
recognition task (EARS RT-03 CTS evaluation), our approach
shows an improvement of 2.6% absolute when using oracle in-
formation for detecting the reliable regions, and 0.4% absolute
when detecting the reliable regions automatically.

Index Terms: speech decoding, speech recognition

1. Introduction
Conversational speech is notorious for extreme pronunciation
variability, caused by e.g. articulatory reduction and coarticu-
lation. Not surprisingly, context plays a key role for process-
ing conversational speech. Classic studies of speech intelligi-
bility [1] have shown that words excised from running speech
are often unintelligible unless they are heard in context. In
our own informal listening experiments on conversational tele-
phone speech corpora (Switchboard and Fisher), we found that
even isolated segments as long as five consecutive words were
sometimes impossible for human listeners to identify unless
the entire utterance was available as context. The notion that
humans use wide-ranging cues during speech processing, in-
cluding those occurring later than the current word, is corrob-
orated by clinical studies. E.g. [2] studied aphasia or stroke
patients that had difficulties in distinguishing similar-sounding
words in everyday conversational speech (much like speech
recognizers!) but showed excellent performance in isolated-
word discrimination. It was found that their sentence pro-
cessing difficulties resulted from an impairment in phonolog-
ical short-term memory, i.e., a stored buffer (1-2 seconds long)
of partial phonological analysis. It seems that healthy listen-
ers use this buffer to re-evaluate earlier input during on-line
sentence-processing in order to resolve lexical ambiguities. In
other words, humans seem to focus on prominent, acoustically
salient regions of the signal first and then fill in or re-evaluate
the “holes” using contextual information in combination with
stored partial phonological information.

The current decoding paradigm in speech recognition does
not make use of such strategies. In a standard HMM-based
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system, speech is decoded by finding the assignment h∗
1:T that

maximizes p(h1:T , ō1:T ), where h1:T is a sequence of T state
values, and ō1:T is a sequence of T observation vectors. The
HMM factorization properties allow us to perform this maxi-
mization efficiently using dynamic programming, which typi-
cally consists of running a left-to-right pass over the data fol-
lowed by a right-to-left pass (we refer specifically to the pop-
ular synchronous decoding paradigm). Since the state space is
enormous for large-vocabulary ASR system, pruning is neces-
sary during (at least) the first pass, but such pruning schemes
are ignorant of the current reliability of the speech signal – i.e.,
this approach is likely to prune away too few hypotheses during
a reliable region, when much more aggressive pruning could
be utilized. Similarly, it might prune away too many hypothe-
ses during unreliable regions at which time it is important to
maintain a wide diversity of hypotheses. It is true that sys-
tems typically make use of multiple recognition passes. Even
so, significant benefits still could be achieved if a system, when
it is making such pruning decisions, was informed about regions
nearby in time where the speech was known to be reliably (if not
perfectly) recognized.

Drawing on these insights into human and machine speech
processing, we propose a different strategy: initial word hy-
potheses should be produced on the basis of the most reliable
parts or islands of the speech signals. Further recognition pro-
cessing will then work inwards from these non-consecutive re-
gions and fill in the intermediate parts or gaps using more spe-
cialized models and a variety of information sources. Similar
“island-based” approaches have been proposed in other fields
(e.g. parsing or handwriting recognition) and were pursued in
a rule-based fashion in the early days of ASR but have never
been integrated into a state-of-the-art statistical framework. We
are pursuing a long-term project to develop a viable island-
based statistical decoding framework for ASR; in this paper,
we present a pilot study to test the promise of this approach.
To this end, in this paper we implement island-based rescor-
ing whereby first-pass lattices obtained from a standard large-
vocabulary ASR system are rescored using island/gap informa-
tion.

2. Attention Shift Decoding
The attention-shift decoding approach focuses first on the most
reliable portions of the speech signal. While the “reliable” por-
tion of speech might be relative to a given speech recognizer,
our approach acknowledges this fact by defining the reliable
portion of speech with respect to a given recognition system.
While this might seem similar to the general idea of boosting
[3], our approach is quite different. In attention-shift decoding,
the hypotheses obtained for these regions are used in combina-
tion with evidence from the remaining, less reliable, regions to
generate word hypotheses for the latter (see Figure 1). Thus,
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Figure 1: Attention-Shift Decoding

there is no initial either left-to-right or right-to-left pass dur-
ing which uninformed pruning must be performed. Instead, the
final sentence hypothesis iteratively evolves by combining ev-
idence from potentially nonconsecutive portions of the speech
signal. The Hearsay speech recognition system [4] was an early
speech recognition system based on a similar idea; however, it
was rule-based and did not make use of state-of-the-art statisti-
cal and machine learning frameworks. The basic idea of using
reliable regions of a signal to determine unreliable portions of a
signal has also been used in other areas, such as parsing [5] and
handwriting recognition [6]. The present work is part of a long-
term project designed to explore the concept of non-consecutive
“island-based” decoding in combination with a rigorous statis-
tical framework.

A first-pass decoding framework for this approach is cur-
rently under development. In this paper, we test its basic
premises in second-pass rescoring. In standard rescoring, scores
in the original lattice are replaced with new scores (or new
scores are added); the best path is then determined from the
weighted combination of all scores. Instead of a lattice, an N-
best list or confusion network representation can be used. In
our framework, we use information about the correct vs. in-
correct word hypotheses in the 1-best output to constrain the
search space, pruning away the hypotheses competing with cor-
rect words and leaving the competing hypotheses for incorrect
words intact. Only the latter are thus influenced by the new
scores. To easily identify competing hypotheses, the lattices
are first converted into a confusion network [7] - this collapses
similar hypotheses (e.g. those with identical word labels and
slightly different time stamps) into a single one and displays
alternative hypotheses for the same time interval. In determin-
ing correct vs. incorrect regions (islands vs. gaps) we run two
different experiments: one that uses oracle information, in or-
der to determine the maximum potential improvement from our
method, and one that uses the output of an automatic gap vs. is-
land classifier. At this point, hard decisions (correct/incorrect)
are used rather than the classification score; at a later point, we
will investigate the use of soft version of this.

3. Island vs. Gap Classification
The problem of island vs. gap classification is similar (though
not identical) to the problem of word confidence estimation in
speech. The higher the confidence of a word in the lattice, the
more likely it is part of an island segment and vice-versa. How-
ever, one important difference between word confidence esti-
mation and our task is that we are more concerned about the

accuracy with which gap regions are identified. The reason is
that our method relies quite heavily on correctly-identified is-
land regions for rescoring the gap regions – thus, if a wrong
word is used as an island, then the gap region will be rescored
based on wrong or unreliable information. Our classifiers are
therefore tuned to achieve high accuracy on gaps.

Word confidence estimation is a well-investigated problem
in speech recognition. Typical approaches use a collection of
word features, including features of adjacent words, and then
apply a statistical classifier to map each feature vector to a word
confidence score. Features based on the acoustic model, the
language model, the decoding process and word semantics have
been proposed. Classifiers investigated include linear discrim-
inant analysis followed by linear thresholds, Bayes classifiers,
neural networks, SVMs, boosted classifiers etc. [8] summarizes
most of the research related to word confidence estimation.
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Figure 2: Confusion network showing the island and gap re-
gions

3.1. Features

The feature set we use has been derived by augmenting some
of the more popular feature sets for confidence estimation with
phone-based, acoustic-prosodic and linguistic features. Fig. 2
shows a typical confusion network. The words in each “slot”
(ensemble of arcs between the same two nodes) of the confu-
sion network are ranked according to the normalized posterior
score, and the top-ranking words from each slot form the 1-best
sentence hypothesis. The figure also shows the island and gap
regions that have been identified by aligning the 1-best hypoth-
esis from the confusion network with the reference hypothesis,
which is an example of the oracle experiment described later.
The following basic features are obtained for the top word in the
each slot of the confusion network: normalized posterior proba-
bility, acoustic score, language model (LM) score, word length
in number of phones, word duration in seconds, the number of
competing word hypotheses in the slot, the difference in poste-
rior probability between the first-best and second-best hypothe-
ses in the slot, and the entropy of the probability distribution
over all words in the slot.

We also used phone-based features, viz. distance scores (pe-
nalizing dissimilar phones) for neighbouring phones and edit
distance for phone strings of competing hypotheses. The for-
mer is obtained from phonetic considerations of similarity of
place and manner of articulation; the latter is the standard Lev-
enshtein distance. In particular, we use phone distance left: The

1494



phone distance between the last phone of the top word in the
slot to the left and the first phone of the top word in the current
slot. phone distance right: The phone distance between the last
phone of the top word in the current slot and the first phone of
the top word in the slot to the right. top-two phone edit distance:
edit distance in terms of phones between the top word in the slot
and the second word in the slot.

In addition, we used acoustic-prosodic features. Features
based on energy and F0 have been used in many applications
like pitch accent detection, prominence detection etc. (e.g. [9]).
Research on the perception and detection of prosody has shown
that acoustic features based on F0, duration, and intensity are
all indicators of prosodic prominence. Prominent words are of-
ten likely to be recognized correctly, making these features po-
tentially helpful for island-gap classification. Each utterance is
mean-variance normalized and then the acoustic signal between
the start and end times of each word is used for extracting the
features. The start and end times for the words are obtained
from the information in the confusion network. The features
extracted are: normalized energy, maximum F0, minimum F0,
average F0, slope of the F0 curve, and F0 excursion, i.e. log of
the ratio of maximum F0 over minimum F0.

The final group of features is linguistically motivated and
includes: function/content word: A binary feature (1 if the word
is a function word and 0 if it is a content word). The motiva-
tion for this feature is that content words are more likely to be
recognized correctly than function words (unless it is an out of
vocabulary word). POS tags: A standard POS tagger (maxEnt
tagger [10]) trained on the Switchboard data set was used to tag
the top hypothesis in the confusion network. An indicator fea-
ture vector which is 1 for the POS tag of the word, while the
other possible POS tags are 0, is used to represent this feature.

3.2. Classifiers

We tried three of the most common classifiers used in word con-
fidence estimation namely boosted decision trees, SVMs and
neural nets. Boosting has become a widespread technique for
improving weak learners (see [3]). The weak learner we have
used in here is a simple decision tree with three nodes. The de-
cision tree uses one feature for classification at each node. We
experimented with different tree configurations and found that
a tree with three nodes performed the best when compared to
a decision stump or higher number of nodes. The SVM clas-
sifier we used is a linear SVM using SVMLin [11], which is
well-suited for classification problems involving a large num-
ber of examples and features.(We could not use other kernels
because of the size of the data set). The neural net classifier
was implemented using Quicknet. The input layer had 78 units,
hidden layer 30 units and 2 output units. Softmax was used as
the activation function.

4. Data and Experiments
The experiments reported here were performed on conversa-
tional telephone speech (Switchboard and Fisher data). The
development and test sets are those used for the EARS RT-03
CTS evaluation. We use lattices provided by SRI. Lattices were
generated by one of the 3 final decoding passes in the SRI CTS
system, using cross-word triphone PLP acoustic models and a
multiword 3-gram SuperARV language model. The resulting
lattices were then rescored with a 4-gram SuperARV LM and
pronunciation scores, which are all recorded in the lattices. The
dev set lattices are used for training our island-gap classifiers

and optimizing language model scaling factors; the eval set lat-
tices are used for testing. There are 36 speakers and 72 conver-
sations each in the dev set and eval sets, with 2930 segments in
the dev set and 2910 segments in the eval set.

For obtaining the confusion networks of these lattices, as
well as rescoring them, SRI’s lattice-tool was used. The lan-
guage model used for rescoring these confusion networks is
a 4-gram backoff LM, trained using about 20M words from
Fisher data set, 3M words from Switchboard and about 102M
words from Fisher-related web-data [12] and modified Kneser-
Ney smoothing. The vocabulary was chosen as the 64,000 most
frequent words in the trainig data. The LM had a perplexity of
65.27 on the dev set references. Table 1 shows the result of stan-
dard LM rescoring of the confusion networks, i.e. the original
language model scores were replaced with the new LM scores,
which were then used in combination with the posterior scores
to choose the 1-best hypothesis. The LM weight was reopti-
mized on the dev set. Island-Gap information was not used.
Note that there is no improvement in the word error rate (WER)
on the dev set, and only 0.1% improvement on the eval set. This
may be because the original lattice contains LM scores from a
language model that is already highly optimized and includes
not just n-gram but also grammar information.

WER Dev set Eval set

Baseline 27.1 25.1
Rescoring 27.1 25.0

Table 1: Result of standard rescoring of confusion networks us-
ing the 4-gram LM.

4.1. Oracle rescoring experiments

We first conducted oracle experiments, using perfect informa-
tion about islands and gaps. The 1-best hypothesis from the
confusion networks are aligned with the reference transcripts;
those words that do not match the reference are marked as
‘gaps’ while correct words are marked as ‘islands’. For the
words in the 1-best hypothesis that belong to the island region,
only the top word in the corresponding slot of the confusion
network is retained while the rest of the alternate hypotheses
for that slot are eliminated. Each island-gap-island segment is
treated as a separate confusion network and is rescored using
the LM. The 1-best from this confusion network is obtained by
using a combination of the new LM score and the normalized
posterior score, both weighted with scaling factors optimized
(using grid search) on the dev set.

WER Dev set Eval set

Baseline 27.1 25.1
Attention-shift decoding 24.3 22.5

Table 2: Oracle results for attention-shift decoding.

Table 2 shows the oracle results. We see that even though
the LM did not give any improvement in standard rescoring,
there is a significant improvement of 2.8% on the dev set and
2.6% on the eval set by using the oracle information. This
shows that given very good knowledge about the gap and is-
land regions in the confusion network, we can achieve signif-
icant improvements in recognition performance. To study the
extent of the influence the island region has on the gap region,
we experimented with different gap lengths, in each case fixing
the island portion to be 1 word long on either side. Fig 3 shows
the improvement in WER for different gap lengths. We see that
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Figure 3: WER improvement vs gap length.

the improvement is largest for a gap of 1 word and falls off ex-
ponentially as the gap length increases. It was also observed
that most of the words that were corrected were function words.
Beyond a gap length of 4, there is no improvement, probably
due to the limit of the n-gram model to order 4. Higher-order
LMs were tried but did not show any additional improvement.

4.2. Island-Gap classification experiments

Classifier Class 0 Class 1 Overall
accuracy accuracy accuracy

Boosting 59.21% 82.54% 62.59%
SVM 55.09% 82.33% 59.64%

neural-net 60.85% 80.58% 63.47%

Table 3: Classification results. Class 0 = correct words, Class
1 = incorrect words.

For training the island-gap classifiers, the confusion net-
works of the dev set were used, while for testing those of the
eval set were used. The 1-best hypotheses from the confu-
sion networks of the dev set were aligned with the references
to identify correct and incorrect words (which correspond to
the two classes on which the binary classifier is trained). The
data set was balanced such that both classes were represented
with approximately equal priors. The features with a very large
dynamic range such as the LM score, acoustic score, F0 fea-
tures, etc. were normalized across all samples; moreover the
feature vector for each sample was normalized. Table 3 shows
the classification results of the three classifiers. All three classi-
fiers have roughly the same performance, with the boosted de-
cision tree having the best accuracy on the gap words (incorrect
words). Some of the features that were chosen during the boost-
ing iterations were: posterior score, posterior score difference,
number of alternative word hypotheses per slot, LM score, seg-
ment entropy, number of phones, F0 excursion and energy.

4.3. Non-oracle experiments

WER Dev set Eval set

Baseline 27.1 25.1
Attention-shift decoding 26.7 24.7

Table 4: Non-oracle rescoring results.

For the non-oracle experiments we use automatically de-
tected island-gap regions. The dev set data is used to train clas-
sifiers as described in section 3 to identify island and gap re-

gions. Rescoring then proceeds in the same manner as in the or-
acle case. Table 4 shows the results from the non-oracle experi-
ments. The improvement in WER on both the dev and eval sets
is 0.4% absolute which is considerable given the fact these lat-
tices have already been through 2 rescoring passes using more
complex knowledge sources than just a 4-gram LM. However,
the improvement is not as much as we see in the oracle case,
which is mainly due to the fact that the classifier is not as accu-
rate in identifying the island-gap regions as desired.

5. Conclusions
We have described an algorithm that makes use of reliabil-
ity/unreliability labels for second-pass rescoring and have
shown that our method performs significantly better than stan-
dard rescoring methods if oracle information is used. Beyond
this proof-of-concept experiment, we have used automatically
obtained labels and demonstrate a small improvement, although
not as large as that obtained in the oracle case. Our future work
will concentrate on improving island vs. gap detection (e.g. by
using parse-based features) and on integrating this approach
into first-pass decoding.
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