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Abstract

This paper focuses on an error-corrective method through
reranking of hypotheses in speech recognition. Some recent
work investigated corrective models that can be used to rescore
hypotheses so that a hypothesis with a smaller error rate has
a higher score. Discriminative training such as perceptron al-
gorithm can be used to estimate such corrective models. In
discriminative training, how to choose competitors is an impor-
tant factor because the model parameters are estimated from the
difference between the reference (or oracle hypothesis) and the
competitors. In this paper, we investigate the way how to choose
effective competitors for training corrective models. Particu-
larly we focus on word error rate (WER) of each hypothesis
and show that a higher WER hypothesis rather than the best-
scored one works effectively as a competitor. In addition, we
show that using only one competitor with the highest WER in
an N-best list is very effective to generate accurate and compact
corrective models in experiments with the Corpus of Sponta-
neous Japanese (CSJ).

1. Introduction
As the performance of automatic transcription by speech recog-
nition has increased, a type of downstream processing using the
transcripts as inputs becomes important for various speech ap-
plications. Examples of such downstream processing include
correction of remaining recognition errors in the transcripts, ex-
traction of linguistic and semantic information from the tran-
scripts, etc. Discriminative training approaches such as the per-
ceptron algorithm [1], adaboosting [2] and minimum sample
risk [3] are widely used there. This paper focuses on the correc-
tion of errors as such a type of downstream processing.

Some previous studies have reported the effect of reranking
approach on the correction of speech recognition results. Each
hypothesis in a word N-best list or a word lattice of the speech
recognition is rescored so that the score of a hypothesis with the
lowest word error rate (WER) becomes larger than the score of
the others.

A corrective method based on N-gram count features has
been proposed recently [4, 5]. The hypotheses are reranked by
rescoring each hypothesis with the summation of weighted N-
gram counts extracted from the hypothesis. The weights are
estimated through the discriminative training. N-grams from
the lowest-WER hypothesis, which is called the ’oracle’ hy-
pothesis, are given large weights, whereas N-grams from the
other hypotheses competing against the oracle are given small
weights. Thus the reranking process works so as to discriminate
the oracle and competing hypotheses, and the resultant rerank-
ing model can plays as an error-corrective model.

To build an error-corrective model, we generate N-best lists
or word lattices from the whole training data, and then utilize
the huge amount of hypotheses for the parameter estimation.
As a result, a undue large corrective model is often generated
after considerable computation. Hence it is important to limit
the hypotheses to only ones which are effective for generating
accurate and compact models. Our aim in this paper is to inves-
tigate how to find such hypotheses from each N-best list.

Through discriminative training, the corrective model ac-
quires error patterns from the difference between the oracle and
competing hypotheses. It is preferable that many error patterns
are obtained, which could appear in recognizing unseen speech.

In [4, 5], the perceptron algorithm is used to discriminate
the oracle hypothesis and the tentative recognition result, i.e.
the best scored hypothesis after rescoring with the corrective
model at each iteration step in training. Since the best scored
hypothesis becomes similar to the oracle hypothesis through the
iteration steps, the corrective model is trained so as to discrimi-
nate the similar hypothesis from the oracle hypothesis. Even in
the first iteration, only hypotheses similar to the oracle tend to
be selected as competitors because hypotheses with high speech
recognition score relatively have low WER, i.e. similar to the
oracle. This is not necessarily suitable for correction of various
errors in recognizing unseen speech.

In this paper, we study on the use of WER of each hypoth-
esis rather than the score given to the hypothesis by a recog-
nizer for choosing effective competitors. By choosing hypothe-
ses with a higher WER, in particular, it is expected that acquired
patterns of errors in competitors become more various.

Based on this idea, we modified the training method of
corrective model using the perceptron algorithm so that it uses
higher-WER hypotheses as competitors. In experiments using
the Corpus of Spontaneous Japanese (CSJ) [6], it is shown that
a higher-WER hypothesis rather than the best-scored one works
effectively as a competitor in the perceptron algorithm. In ad-
dition, we show that the use of only a single competitor with
the highest-WER in the N-best list is more effective to generate
accurate and compact models.

This paper is organized as follows: in section 2, we ex-
plain the error correction procedure based on the reranking of
speech recognition results and the parameter estimation method
that employs the perceptron algorithm. In section 3, we explain
our modification of the training procedure. Section 4 provides
experimental results to find out the relation between the perfor-
mance of the corrective models and WER of the sequences used
for the training. Section 5 contains the discussion and describes
future work. Section 6 concludes the paper.
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2. Corrective Model with Perceptron
Given speech data indexed by k, we denote the hypotheses of
speech recognition for the k-th data as Hypsk and the n-th hy-
pothesis as wk,n. The recognition score of wk,n is denoted as
logPk,n. Hypsk is generally assumed to be an N-best list or
word lattice.

The corrective model reranks the hypotheses based on lin-
ear interpolation,

w
∗
k = argmax

wk,n∈Hypsk
{λlogPk,n + ffi(wk,n) · ¸}. (1)

The recognition score is compensated by an inner product
of an N-gram count vector ffi(wk,n) and a weight vector ¸. λ
is a parameter for adjusting the scaling between the recognition
score and the score of the corrective model.

We can use different discriminative training methods to es-
timate parameter ¸. Here, we explain the perceptron algorithm
depicted in Figure 1. T is the upper limit of the iterations and
K is the total number of training data sets. woracle

k indicates
the oracle hypothesis. In this training procedure, w∗

k is selected
as the best hypothesis after reranking under certain ¸, then the
two sequences, namely w∗

k and woracle
k , are discriminated. The

update of ¸ is based on the N-gram counts.
The averaged parameter ¸ave =

P
t,k ¸t

k/KT performs
accurately in the actual analysis for test sets. ¸t

k is the parame-
ter ¸ after processing the k-th training data in the t-th iteration.

1:Set ¸ = [0, · · ·, 0]′
2:For t = 1, · · ·, T #iteration

3: For k = 1, · · ·,K #data set

4: w∗
k = argmax

wk,n∈Hypsk
{λlogPk,n + ffi(wk,n) · ¸}

5: ¸ = ¸ + ffi(woracle
k )− ffi(w∗

k)

Figure 1: Perceptron algorithm.

3. Modification of the Perceptron
Algorithm

We describe two ideas to modify the perceptron algorithm so
that higher-WER hypotheses are used as competitors and the
model size becomes small.

In section 1, we have mentioned that choosing the com-
petitor by the recognition score is not necessarily suitable for
the collection of various errors in recognizing unseen speech.
One idea to cancel the effect of the score is to set λ = 0,
where we assume the competitor is randomly selected when
there are equivalent competitors with the same score. Espe-
cially when λ = 0 and ¸ has many zero components, i.e. early
steps of training, it is randomly selected from all the hypothe-
ses in Hypsk. By canceling the recognition score, competitors
including more errors can be selected. For that matter, more er-
roneous competitors might be obtained if we set λ < 0. How-
ever, λ needs to be set as a positive constant in the correction
of speech recognition for test sets because the recognition score
is the most important factor. For disambiguation, we denote
λ for training by λtrain and that for testing by λtest, respec-
tively. In other words, our first idea is to introduce λtrain≤0
and λtest>0.

On the other hand, although more error patterns will be ac-
quired by setting λtrain≤0, it will increase the number of pa-
rameters of the corrective model, where the number of parame-
ters means the number of non-zero components in ¸. The sec-
ond idea is to restrict Hypsk to higher-WER hypotheses for the
generation of a compact model.

Now an n-best list is reranked in ascending order of
WER and this order is denoted by a superscript index as
w1

k,w2
k, . . . ,wn

k ; specifically w1
k = woracle

k and wn
k is the

highest-WER hypothesis in the N-best list. We denote the sub-
set of the n-best {wi

k : i = 1, x≤i≤y} as Hypsk(x, y).
This is the subset including the oracle hypothesis of each utter-
ance. Specifically, Hypsk(2, n) consists of all the hypotheses
in the n-best and Hypsk(n, n) consists of only the oracle and
the highest-WER hypothesis, that is {w1

k,wn
k}. By replacing

Hypsk with Hypsk(x, y) in Figure 1, the WER-based competi-
tor restriction is introduced in the algorithm.

4. Experiments
CSJ includes many lecture speech data and their transcriptions.
To generate speech recognition hypotheses, we prepared an
acoustic model (AM) and two language models (LM). The AM
is MCE trained tri-phone HMM with 5, 000 states-32 Gaussians
and each LM is a back-off tri-gram model with Kneser-Ney
smoothing. We used the speech recognition system SOLON,
which has been developed at NTT Communication Science
Labs, to generate the word N-best lists. It is a decoder based on
a weighted finite state transducer and it can provide an efficient
fast search by using a fast on-the-fly composition algorithm [7].

4.1. Data set

We first divided 2, 692 lecture data into four groups as shown in
Table 1. In addition, for the three groups that we would generate
N-best lists, we divided each lecture into utterances.

Table 1: Data size.
lectures utterances

train1 300 56, 622
train2 2, 372 -
test1 10 1, 293
test2 10 1, 156

train1 is a data set for training corrective models. train2 is
a data set to make a LM. This LM is used to generate an N-
best list for each utterance of train1. To generate N-best lists
for test1 and test2, we made another LM using both train1 and
train2. The vocabulary size was 100, 808.

We generated word 100-best lists for train1 and used them
to train corrective models given different (x, y) and λtrain. The
number of training iterations T was set at 10 for all experiments.
For test1 and test2, we generated and reranked the 100-best list
of each utterance.

4.2. Investigation of effective hypothesis for generating ac-
curate model

Figures 2 and 3 depict the WERs for test1 and test2, respec-
tively. ’before reranking’ denotes the WER of the hypothesis
with the top recognition score before applying the corrective
model. ’baseline’ denotes the results where the corrective mod-
els are trained using all the hypotheses in the 100-best list and
are used on the constraint λtest = λtrain. The others denote
the WERs, when each 100-best list is reranked by using the
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Figure 2: WER for test1 after reranking using the model trained
under Hypsk(x, 100).
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Figure 3: WER for test2 after reranking using the model trained
under Hypsk(x, 100).

corrective model trained given λtrain = 0 and the hypothesis
subset Hypsk(x, 100), keeping y = 100.

The models trained under λtrain = 0 can efficiently reduce
word errors, while the effect of baseline is very small in our
experimental environment. The model trained under λtrain =
0 and Hypsk(90, 100) gives the minimum WERs, 18.9% and
16.5% for test1 and test2, respectively.

The important result is that training using
Hypsk(100, 100) = {w1

k,w100
k }, which constitutes of

only two sequences, can generate an accurate corrective model.
The amount of word error reduction is largely independent of
x. The model trained given a small value of x, that is where
low-WER hypotheses can be used to update ¸, does not lead to
any additional word error reduction and furthermore becomes
sensitive to λtest

On the other hand, to confirm the influence of high-WER
hypotheses on a performance improvement, we trained some
corrective models under different values of y while maintaining
x = 2 and λtrain was 0. Figures 4 and 5 depict the WERs for
test1 and test2. The larger the value of y becomes, the more er-
rors are reduced. This means that an accurate corrective model
can be constructed by training using high-WER hypotheses.

Note the WERs are 12.4% for test1 and 11.0% for test2
if the oracle hypothesis is correctly extracted from each 100-
best list. The corrective model using N-gram counts has a small
effect on improvement of speech recognition result.

4.3. Effect of the recognition score in training

Different values of λtrain were used to make models using all
the hypotheses in the 100-best list, that is Hypsk(2, 100). Fig-
ures 6 and 7 show the WERs for test1 and test2. The optimiza-
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Figure 4: WER for test1 after reranking using the model trained
under Hypsk(2, y).
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Figure 5: WER for test2 after reranking using the model trained
under Hypsk(2, y).

tion of λtest (> 0) was done for each model so as to give the
minimum WER.

The effect of the corrective model changes greatly around
λtrain = 0. Training under λtrain < 0, which is discriminative
training using hypotheses with low recognition score, can lead
to the generation of an accurate corrective model. Normally
λtrain is set at a value greater than 0. However, we obtained the
result showing the superiority of a model trained intentionally
using hypotheses with low speech recognition scores.

This result can be explained by linking it to the WER. Fig-
ure 8 shows the relationship with the WER and the order of the
recognition score in the N-best list of train1. WER is high when
the order is low. We can recognize the low order hypotheses
as high-WER hypotheses. Since discriminative training using
high-WER hypotheses can generate an accurate model as shown
in the previous experiment, a model trained using hypotheses
with low-recognition-scores can provide a greater error reduc-
tion than a model trained using high-scoring hypotheses.

We compared two corrective models to show which is
better as a criterion to make an accurate model between
WER and speech recognition score. One is trained using
Hypsk(100, 100), that is solely the oracle and the highest WER
hypothesis. This model is trained given λtrain = 0. The other
is trained using the oracle and the hypothesis that has the lowest
recognition score in the N-best list. For both, λtest was set at
the value that gave minimum WER for the test sets. In the latter
case, λtrain also was decided in the same manner. The WERs
for test1 and test2 after using the models to rerank the N-best
lists were 19.0% and 16.6% in the former case, and 19.2% and
16.7% in the latter case, respectively. Training based on the
WER is better than that based on the speech recognition score,
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Figure 6: λtrain and WER for test1.
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Figure 7: λtrain and WER for test2.
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Figure 8: Order of recognition hypotheses
and WER for train1.

for the generation of an accurate corrective model.

4.4. Model parameter size

Finally, we compare the number of parameters that have a value
other than 0. This parameter is the averaged parameter ¸ave.
Table 2 shows the relationships between the number of param-
eters and the WER. We were able to construct an accurate and
compact corrective model by training using Hypsk(100, 100),
which is just the oracle and the highest-WER hypothesis. In
comparison with such a compact model, ones trained given all
the hypotheses and a certain small λtrain became extremely
large without significant improvements.

Table 2: Model size and WERs.
λtrain Hypsk(x, y) # of parameters WER WER

test1 test2

0 (100, 100) 448, 338 19.0 16.6
0 (90, 100) 742, 640 18.9 16.5

−0.05 (2, 100) 1, 024, 573 18.9 16.6
0 (2, 100) 980, 652 19.0 16.7

0.05 (2, 100) 895, 885 19.2 16.9
0.5 (2, 100) 753, 388 19.6 17.3

5. Discussion and Future Work
For the correction of speech recognized text by reranking based
on N-gram counts, it is intuitive that the model should be trained
to give low weights to the N-gram features from the hypothesis
whose recognition score is higher than the score of the oracle
hypothesis. This is because it is a direct approach reflecting the
idea of the reranking. However, we obtained a result that the
training to give low weights to the features from the high-WER
hypothesis was better than an approach that took the speech
recognition score into consideration. It was possible to gen-
erate an accurate model without giving weights to the N-gram
features from the hypothesis that has higher recognition score
than that of the oracle hypothesis.

We also obtained a result that the effect of the discrimina-
tion from low-WER hypotheses was very small. We attribute
this result to low discrimination ability of N-gram features. The
WER of the oracle hypotheses in test sets is much smaller than
the WER after employing a corrective model based on N-gram
counts. To reduce the word errors further, we need to discrim-
inate the oracle from similar word sequences robustly for test
sets. We believe there is a need for more efficient features than
N-grams.

On the other hand, we used the 100-best list in our experi-
ments. We need to undertake a study to determine whether we

can obtain the same results with a word lattice, which includes
word sequences with higher WERs. In addition, we need to con-
firm that the results in this paper are robust for different tasks.
The discrimination of the oracle and the hypotheses with higher
recognition scores than the oracle might work effectively in a
corpus where the same sentences occur many times in both the
training and test data.

6. Conclusion
We focused on a method for correcting speech recognition re-
sults that is achieved by reranking hypotheses based on N-gram
counts. The discrimination of the oracle and the high-WER hy-
potheses can work efficiently for the reduction of word errors.
And we were able to construct a small and accurate corrective
model by limiting the sequences used for the training. In this
case, it suggests that the selection of hypotheses based on the
WER can be more effective for the generation of an accurate
model than selection based on the speech recognition score.
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