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Abstract
We propose a novel confidence measure based on the marginal-
ization of jointly estimated error cause probabilities. Con-
ventional confidence measures directly score the reliability of
recognition results. In contrast, our method first calculates joint
confidence and error cause probabilities and then sums them
with respect to the error cause patterns to obtain the marginal
confidence probability. We show experimentally that, the confi-
dence estimation accuracy obtained with the proposed method
is significantly improved compared with that obtained with the
conventional confidence measure.
Index Terms: speech recognition, confidence measure, cause
of error, joint estimation, marginalization

1. Introduction
Recently, speech recognition systems that assume the general
public as the users, e.g. voice search applications [1, 2], have
been actively developed. However, so far, most people are unfa-
miliar with these systems and they do not know well the proper
way to use the systems. In this situation, confidence estimation
[3, 4] that scores the reliability of recognition results has be-
come more important function for speech recognition engines.

We think that, as well as realizing further improvements
in confidence estimation accuracy, we need additional extended
functions for speech recognition engines if we are to develop
speech recognition systems that are more familiar to the gen-
eral public. And as the first step in extending the functions of
speech recognition engines, we have proposed a method for es-
timating the confidence of recognition results while jointly esti-
mating the causes of recognition errors that affect the reliability
of recognition results (e.g. out-of-vocabulary (OOV) words and
noisy environments) using a discriminative model, and showed
its potential experimentally [5, 6]. Error cause estimation will
allow users to employ speech recognition systems properly.

Recently proposed confidence measures that show good
performance, e.g. [4], receive many features related to the de-
coded word and score the reliability of it by using discrimina-
tive models, e.g. a maximum entropy model (MaxEnt) [7] and
a conditional random fields (CRF) [8]. Our joint confidence
and error cause estimation method is also based on this frame-
work. The confidence of the decoded word is naturally affected
by error causes [3, 4]. And the joint estimation method directly
captures the co-occurrence of the correctly/incorrectly decoded
word and the nonexistence/existence of error causes. Thus we
expected that our method could improve the confidence estima-
tion accuracy with the help of the error cause estimation. How-
ever, in our previous experiments [6], its confidence estimation
accuracy was no better than that obtained with the conventional
confidence measure.

In this paper, we modify the confidence estimation pro-
cedure in our joint estimation method so that the confidence
is computed via marginalization of joint confidence and er-
ror cause probabilities over the error cause patterns, and show

its significantly improved confidence estimation accuracy in
speech recognition experiments.

2. Proposed methods
In this section, we describe our joint and separate confidence
and error cause estimation methods [5, 6]. We modify the confi-
dence estimation procedure in the joint estimation method with
marginalization. The separate estimation method involves the
conventional confidence measure as a component.

2.1. Joint estimation method

Our joint confidence and error cause estimation method is based
on a CRF [8]. In the following, xi denotes an input observation
vector and yi denotes an output label vector corresponding to
xi. In addition, X = x1,x2, . . . ,xL(X) denotes a sequence of
xi of length L(X), and Y = y1,y2, . . . ,yL(X) denotes a se-
quence of yi corresponding to X . We can obtain a conditional
probability p(Y |X) by using a CRF as follows:

p(Y |X) =
1

Z(X)
exp

0
@L(X)X

i=1

KX
k=1

λkfk(xi,yi)

1
A , (1)

where λk is the weight of the k-th feature function fk(xi,yi),
K is the number of feature functions, and Z(X) is a normal-
ization term. The set of weights {λk}Kk=1 is estimated by a
quasi-Newton method and a forward-backward algorithm using
a large number N of (X,Y ) pairs, i.e. {(Xn,Y n)}Nn=1 as the
training data.

With the proposed method, as with conventional confi-
dence measures [3, 4], we define xi as a set of features that
are related to a word wi in a decoded word sequence W =
w1, w2, . . . , wL(X). Features related to a decoded word are,
for example, the frame normalized acoustic likelihood, the av-
erage phoneme duration, the linguistic prior probability, and the
posterior probability. These features are obtained by the main
speech recognition process and certain additional processes.

The definition of yi is the key feature of the proposed
method. We define yi as a D-dimensional joint confidence
and error cause vector yi = (y0,i, y1,i, . . . , yD−1,i)

� in which
each element yd,i (d = 0, 1, . . . , D − 1) takes a binary digit
0 or 1. The first element y0,i denotes the binary confidence
of the decoded word wi, i.e. wi is correct (y0,i = 0) or
incorrect (y0,i = 1). The remaining D − 1 elements con-
stitute an error cause vector ye,i = (y1,i, y1,i, . . . , yD−1,i)

�

(i.e. yi = (y0,i,ye,i
�)�) that represents the D − 1 error

cause types of interest and their combinations. An element yd,i
(d = 1, 2, . . . , D − 1) in ye,i denotes that an error cause does
not exist (yd,i = 0) or exists (yd,i = 1). For example, if we
define y1,i as an element that is related to OOV words, y1,i = 0
denotes that wi is an in-vocabulary (IV) word and y1,i = 1
denotes that the uttered word is OOV. Conventional confidence
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measures [3, 4] estimate only the reliability of the decoded word
(i.e. the value of y0,i). In contrast, based on the above definition
of yi, the proposed method can jointly estimate the confidence
of the decoded word and its error causes.

As a result, a joint confidence and error cause sequence
is obtained as Ŷ = argmaxY p(Y |X) with the conditional
probability p(Ŷ |X). The confidence of the decoded word is
naturally affected by error causes [3, 4]. Therefore, this joint
estimation is a reasonable method since it directly models co-
occurrence of the correctly/incorrectly decoded word and the
nonexistence/existence of error causes. Hereafter, we refer to
this method as “JNT”. A graphical representation of its estima-
tion procedure is shown on the left in Fig. 1.

Ŷ can be decomposed into a confidence and D − 1 error
cause sequences Ŷ = (Ŷ 0, Ŷ 1, . . . , Ŷ D−1)

�. In our pre-
vious experiments [5, 6], we simply extracted the confidence
sequence Ŷ 0 from Ŷ with the approximated conditional prob-
ability p(Ŷ 0|X)�p(Ŷ |X). However, with this procedure, the
confidence estimation accuracy was no better than that obtained
with the conventional confidence measure [6].

To improve the confidence sequence estimation accuracy,
we have to obtain the exact confidence sequence probability
rather than its approximated value. To this end, we calculate
the marginal confidence sequence probability pm(Y 0|X) by
summing the joint probabilities of the binary confidence y0,i
and error cause vector ye,i with respect to ye,i word by word
as follows:

pm(Y 0|X) =

L(X)Y
i=1

X
ye,i

p(yi|X) =

L(X)Y
i=1

X
ye,i

p(y0,i,ye,i|X),

(2)
where p(yi|X) (= p(y0,i,ye,i|X)) is the joint confidence and
error cause probability for the decoded word wi given an in-
put observation vector sequence X . From Eq. (2), we can ob-
tain the confidence sequence as Ỹ 0 = argmaxY 0

pm(Y 0|X)

with the conditional probability pm(Ỹ 0|X). We can employ
the same marginalization procedure to obtain each error cause
sequence as shown on the left in Fig. 1.

In JNT, the number of classes of yi to be discriminated
word by word is 2D (this value can be reduced by taking ac-
count of the fact that OOV word utterances can never be cor-
rectly decoded). Therefore, when D is large, the classification
problem becomes difficult, and so, the estimation accuracy of
Ŷ might degrade.
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Figure 1: Graphical representations of proposed methods.

2.2. Separate estimation method

To alleviate the classification problem in JNT, we have proposed
a separate estimation method [6]. With this method, we esti-
mate a confidence and D − 1 error cause sequences separately
with each of the D-CRFs that provide the following conditional
probability:

p(Y d|X) =
1

Zd(X)
exp

0
@L(X)X

i=1

KdX
k=1

λd,kfd,k(xi, yd,i)

1
A ,

(3)
for d = 0, 1, . . . , D − 1, where {λd,k, fd,k(xi, yd,i), Kd,
Zd(X)} have the same meanings as those in Eq. (1). Then,
a confidence and D − 1 error cause sequences are obtained as
Ŷ d = argmaxY d

p(Y d|X) with the conditional probabili-
ties p(Ŷ d|X) (d = 0, 1, . . . , D − 1). Hereafter, we refer to
this separate estimation method as “SEP”. A graphical repre-
sentation of its estimation procedure is shown on the right in
Fig. 1.

With SEP, each CRF solves the two-class discrimination
problem word by word and this is easier than the multi-class
discrimination problem solved by a CRF in JNT. Therefore, we
can expect to obtain each sequence Ŷ d (d = 0, 1, . . . , D − 1)
accurately. The confidence sequence Y 0 estimation procedure
in SEP is equivalent to recently proposed confidence measures,
e.g. [4], which are based on discriminative models using many
features of the decoded word.

3. Experiments
We assumed a simple speech recognition task that “recognizes
an isolated-word uttered by a male in a clean environment”, and
evaluated the two proposed methods described in Section 2 with
respect to the confidence and each error cause estimation accu-
racies, respectively. All the experiments were performed with
our speech recognition platform SOLON [9].

3.1. Simplifications

For the isolated-word speech recognition task, since L(x) = 1,
we shrunk X and Y in Eqs. (1) and (2) to x and y (indices i
are also omitted) and obtain:

p(y|x) = 1

Z(x)
exp

 
KX

k=1

λkfk(x,y)

!
, (4)

pm(y0|x) =
X
ye

p(y|x) =
X
ye

p(y0,ye|x). (5)

Equation (4) is the conditional probability of JNT provided by
a MaxEnt [7]. Applying the same shrinking procedure to Eq.
(3), we can obtain the MaxEnt-based conditional probability for
SEP. These simplifications do not undermine the generalities of
the proposed methods.

3.2. Definition and meanings of y

We focused on three error causes; OOV word utterances, use
by a female (gender mismatch) and use in a noisy environment.
Accordingly, the four elements (y0, y1, y2, y3) in y are defined
as shown in Table 1. In our previous experiments [5, 6], we re-
stricted the experimental condition by assuming that “there was
no more than one error cause at a time”. In this paper, we lifted
this restriction and considered the experimental condition that
“there could be multiple error causes at a time”. Thus, possi-
ble class indices taken by y (CID(y)) and their corresponding
meanings are defined as shown in Table 2. As shown in Table
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Table 1: Definition of the four elements in y.
yd Meaning when yd = 0 Meaning when yd = 1

y0 The decoded word is correct. The decoded word is incorrect.
y1 The uttered word is in vocabulary (IV). The uttered word is OOV.
y2 The system is used by a male. The system is used by a female (gender mismatch).
y3 The system is used in a clean environment. The system is used in a noisy environment.

Table 2: Possible class indices taken by y (CID(y) given by bit operations) and their corresponding meanings.
y0 y1 y2 y3 CID(y) Meaning of y

0 0 0 0 0 There is no error cause of interest, and the decoded word is correct.
0 0 0 1 1 The system is used in a noisy environment, however the decoded word is correct.
0 0 1 0 2 The system is used by a female, however the decoded word is correct.
0 0 1 1 3 The system is used by a female in a noisy environment, however the decoded word is correct.
1 0 0 0 8 There is no error cause of interest, however the decoded word is incorrect.
1 0 0 1 9 The system is used in a noisy environment, therefore the decoded word is incorrect.
1 0 1 0 10 The system is used by a female, therefore the decoded word is incorrect.
1 0 1 1 11 The system is used by a female in a noisy environment, therefore the decoded word is incorrect.
1 1 0 0 12 An OOV word is uttered, therefore the decoded word is incorrect.
1 1 0 1 13 An OOV word is uttered in a noisy environment, therefore the decoded word is incorrect.
1 1 1 0 14 An OOV word is uttered by a female, therefore the decoded word is incorrect.
1 1 1 1 15 An OOV word is uttered by a female in a noisy environment, therefore the decoded word is incorrect.

2, the decoded word could be correct even if the system is used
by females and/or in noisy environments, i.e. CID(y) = 1, 2, 3
are possible. However, it is obvious that the decoded words
can never be correct if OOV word utterances are input, i.e.
CID(y) = 4, 5, 6, 7 are impossible. The case CID(y) = 8 plays
an important role. Here we focus on only three error causes.
However, by defining CID(y) = 8, we can cover all other error
causes, such as utterance volumes that are too large or too small
or utterance speeds that are too fast or too slow, since we can
paraphrase CID(y) = 8 as “there may be some error causes that
are not focused on, therefore the decoded word is incorrect”.

3.3. Data and experimental procedure

We prepared isolated-word speech data consisting of eight sub-
sets for the MaxEnt training and eight subsets for the evaluation
as shown in Table 3. These data subsets correspond to the com-
binations in the nonexistence/existence of the three error causes
of interest (i.e. yd = 0/1 for d = 1, 2, 3). The OOV words,
speakers, and the noise conditions of the evaluation data are dif-
ferent from those of the training data. Some speakers uttered in
the multiple subsets.

Figure 2 shows the experimental procedure. We prepared
a hidden Markov model (HMM)-based male clean acoustic
model, four Gaussian mixture models (GMMs); a male clean
GMM, a male noisy GMM, a female clean GMM and a female
noisy GMM, and a 3830 word dictionary 〈3〉. In the following,
we explain the JNT procedure, which is essentially the same as
the SEP procedure.

Using the HMM, four GMMs and the 3830 word dictio-
nary 〈3〉 we performed speech recognition and (x,y) pair col-
lection 〈4〉 for the eight subsets of the MaxEnt training data
〈1〉, and obtained the decoded words and pairs consisting of the
input feature vector x and the reference joint confidence and
error cause vector y; {(xn,yn)}55632n=1 〈5〉. We defined x as
an 18-dimension feature vector comprising the frame normal-
ized HMM/GMM likelihoods, the average phoneme duration,
the posterior probability, and so on. For the MaxEnt, we defined
K = 1080 feature functions (for the SEP MaxEnts, Kd = 180
for d = 0, 1, 2, 3) 〈6〉. We used these feature functions 〈6〉 and
the pair data 〈5〉 to estimate 〈7〉 the set of weights {λk}1080k=1 of
the MaxEnt 〈8〉.

In the evaluation, we again used the HMM, four GMMs
and the 3830 word dictionary 〈3〉 to perform speech recog-

nition and x collection 〈9〉 for the eight subsets of the eval-
uation data 〈2〉 and obtained the decoded words and the in-
put feature vector set {xr}18612r=1 〈10〉. The speech recognition
rate for each of the evaluation data subsets and that averaged
over all subsets are shown on the right in Table 3. Then us-
ing {xr}18612r=1 〈10〉, we obtained the corresponding joint con-
fidence and error cause vector set with the conditional prob-
abilities {yr, p(yr|xr)}18612r=1 〈12〉 by the discrimination pro-
cesses 〈11〉 of the MaxEnt 〈8〉 defined by Eq. (4). Apply-
ing the marginalization procedure 〈13〉 defined by Eq. (5) to
each of {yr, p(yr|xr)}18612r=1 〈12〉, we obtained the estima-
tion result sets of the confidence and each error cause with the
marginal conditional probabilities {yd,r, pm(yd,r|xr)}18612r=1

Table 3: MaxEnt training data and evaluation data (#spks = #
of speakers, #utts = # of utterances, RR = recognition rate [%]).

Combination of the Training Evaluation
three error causes #spks #utts #spks #utts RR

IV male clean 50 4799 25 2400 95.58
IV male noisy 50 4799 25 2400 63.29
IV female clean 50 4860 25 2416 63.20
IV female noisy 50 4860 25 2416 28.02
OOV male clean 55 9079 27 2243 0.00
OOV male noisy 55 9079 27 2243 0.00
OOV female clean 55 9078 27 2247 0.00
OOV female noisy 55 9078 27 2247 0.00

Total 210 55632 104 18612 32.33
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Figure 2: Experimental procedure (yellow components repre-
sent the MaxEnt training procedure, and green components rep-
resent the evaluation procedure).
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Figure 3: ROC curves for (a) confidence (correct/incorrect), (b) IV/OOV, (c) gender (male/female), and (d) clean/noisy environment
estimation accuracies with JNT and SEP. EERs are also shown.

(d = 0, 1, 2, 3) 〈14〉. Finally, from these estimation result
sets we measured 〈15〉 the confidence ỹ0 and each error cause
ỹd (d = 1, 2, 3) estimation accuracies 〈16〉, respectively (in
the SEP procedure, we repeated all the steps until 〈12〉 de-
scribed above to obtain the confidence ŷ0 and each error cause
ŷd (d = 1, 2, 3) estimation results, respectively, and measured
the accuracy for each of them).

3.4. Experimental results

Figure 3 shows the receiver operator characteristics (ROC)
curves for the confidence and each of the three error cause esti-
mation accuracies obtained with JNT and SEP. Equal error rates
(EERs) are also shown. These ROC curves are plotted by vary-
ing the acceptance/rejection threshold continuously from 0.0 to
1.0 and comparing it with the conditional probabilities attached
to the estimation results.

As shown in Fig. 3 (a), the confidence estimation accuracy
obtained with JNT is higher than that obtained with SEP, which
is, as described in Section 2.2, equivalent to recently proposed
confidence measures, e.g. [4]. The EER reduction from SEP
(23.85%) to JNT (22.32%) is statistically significant at the 1%
level. Similar results are obtained for the IV/OOV estimation as
shown in Fig. 3 (b). The EER reduction from SEP (24.72%) to
JNT (22.96%) is again statistically significant at the 1% level.
As described in Section 3.2, the correlation between confidence
and OOV word utterances is very strong since OOV word ut-
terances can never be correctly decoded. JNT directly mod-
els this correlation and mutually enhances its confidence and
IV/OOV estimation performance. As a result, with JNT, we can
obtain the improved confidence and IV/OOV estimation accu-
racies compared with those obtained with SEP as shown in Fig.
3 (a) and (b).

From Fig. 3 (d), we can confirm that the clean/noisy envi-
ronment estimation is very easy under this experimental condi-
tion, and the accuracies obtained with the two methods are very
high. Also in this case, JNT outperforms SEP in the EERs. The
EER reduction from SEP (2.94%) to JNT (2.51%) is statisti-
cally significant at the 5% level. Utterances in noisy environ-
ments also degrade speech recognition performance. However,
in contrast to OOV word utterances, they could be correctly de-
coded. In other words, the correlation between confidence and
utterances in noisy environments is weak compared with that
between confidence and OOV word utterances. As a result, the
accuracy improvement in the clean/noisy environment estima-
tion is smaller than that in the IV/OOV estimation.

In contrast to the other three estimation results, as shown
in Fig. 3 (c), the gender estimation accuracies obtained with
JNT and SEP are almost the same. The difference between
their EERs is not statistically significant even at the 20%

level. As shown in Table 3, the recognition rates for the fe-
male (mismatched gender) utterances are almost the same with
those for the utterances in noisy environments (the recognition
rates for the evaluation data subsets (IV, male, noisy), (IV, fe-
male, clean) and (IV, female, noisy) are 63.29%, 63.20% and
28.02%, respectively). Therefore, we can expect the accuracy
improvement in the gender estimation comparable to that in the
clean/noisy environment estimation. However, we cannot ob-
tain it. One reason of this result may be attributable to the gen-
der identification performance by the GMMs shown in Fig. 2.

4. Conclusion and future work
We proposed a novel confidence measure based on the
marginalization of jointly estimated error cause probabilities,
and showed its good confidence estimation performance in the
speech recognition experiments. To obtain further improve-
ments in the confidence and each error cause estimation accu-
racies, we are planning to use more efficient features, e.g. those
improve both the confidence estimation and OOV detection ac-
curacies proposed in [10]. We are also planning to evaluate our
methods in continuous speech recognition experiments.
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