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Abstract

all of which only reach adult levels near adolescence [5], [6].
To account for this high acoustic variability, several compensation techniques have been introduced [7, 8, 9, 10, 11], leading to some improvements in recognition accuracy [12, 13, 14].
Nevertheless, adults’ speech recognition tends to benefit from
many of these methods almost twice as much as recognition
of younger speakers [15]. So the question remains, why does
ASR not yield as good results on children’s speech as it does on
adults’.
In addition to increased acoustic variability, it has also been
noted that there is general linguistic variability in children’s
speech which impedes ASR. The constant phonological development that children are undergoing creates disfluencies and
hesitation phenomena in younger speakers, which eventually
recede with age [16]. Phonological acquisition research suggests that there is an underlying representation of the different
speech sounds that needs to be acquired before proper articulation takes place, so during the phoneme acquisition process
many sounds might be omitted, substituted or even assimilated
and until the grammatical mapping of sounds becomes settled,
several distortions of the target adult sound will occur [17].
In summary, for computer recognition of children’s speech
it appears to be useful to distinguish between two potential
sources of error, namely (A) errors that are predictable from
known phonological phenomena associated with language development, in which children mispronounce or alter words in
ways that are characterised by speech experts in terms of specific patterns of phone omission, substitution or assimilation,
and (B) errors due to increased variability in the acoustic correlates of children’s speech.
Type (A) errors are studied in [18] and [19]. In [19] significant differences between phone confusion matrices for American English children’s and adults’ speech are identified using
a statistical test based on the binomial distribution (for example
[20]). For the youngest children in the study (5 and 6 years
old), 38% of phone substitutions that are predictable by developmental factors are shown to occur significantly more frequently in the children’s data than would be predicted from the
adult’s data. In addition, some predictable errors (for example
/th/ → /f /) occur in the children’s speech but are not identified because they also occur sufficiently often for adults. However, the proportion of the total substitution errors in the children’s data that are predictable from these developmental factors is only 7%. The binomial test also indicated that the phone
deletion rate for 34 of the 39 phones is significantly higher in
the children’s data. In fact, deletions account for 35% of the
substitution or deletion errors. At present the extent to which
developmental factors (such as weak syllable deletion or cluster

Automatic speech recognition (ASR) for children’s speech is
more difficult than for adults’ speech. This paper explores two
explanations of this phenomenon, namely (A) that it is due to
predictable phonological effects associated with language acquisition in children, or (B) that it is due to the general increase in acoustic variability that has been observed in children’s speech. Phone recognition experiments are conducted on
hand labelled data for children aged between 5 and 6. A statistical comparison of the resulting confusion matrix with that for
adult speech (TIMIT) shows significant increases in phone substitution rates for children, some of which correspond to established phonological phenomena (type A errors). However these
only account for a small proportion of errors, and those associated with general acoustic variability (type B) appear to account
for the majority. The study also shows significantly more deletion errors in ASR for children’s speech. Overall, the results
suggest that attempts to improve ASR accuracy for children’s
speech by accommodating phonological phenomena associated
with language acquisition, for example by changing the pronunciation dictionary, are unlikely to deliver significant success in
the short term, and that coping with the increased acoustic variability in children’s speech should be the immediate priority.
Index Terms: children’s speech, phonological processes, automatic speech recognition

1. Introduction
Children are significant potential users of speech and language
technology in education. Speech offers children hands-free access to educational software without a need for keyboard skills.
Furthermore, in applications such as interactive pronunciation
tuition [1] and reading tutors [2], automatic speech recognition
(ASR) is not just another way to communicate with a computer
but the key enabling technology. Like computer assisted language learning, these applications make additional demands of
the underlying speech technology, such as the ability to judge
the quality of a child’s pronunciation.
Unfortunately, the performance of an ASR system tested on
a childs speech is typically much poorer than that of a comparable system trained and tested on adults’ speech [3, 4], even
if the children’s ASR system is trained on age matched data.
This can be attributed to the fact that children’s motor skills,
and therefore articulation, are not yet fully developed, therefore
the acoustic properties of their spoken utterances differ from
those of adults. It has indeed been established that with decreasing age there is an increase in both within and between subject
variability of speech duration, frequency and spectral envelope,
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reduction) account for these deletion errors is not known.
The objective of this paper is to apply the statistical significance test used in [19] to understand the causes of the remaining, type (B) substitution errors. The analysis focusses on the
results for 5 to 6 year old children. Combining this analysis with
that presented in [19], the picture that emerges is that, given the
current state-of-the-art in ASR for children’s speech, phonological phenomena associated with language development can only
account for a small proportion (less than 10%) of errors, and the
majority (more than 90%) of errors appear to follow a similar
pattern to those observed in ASR for adults’ speech, but with an
additional random element and with significantly more phone
deletions.
The paper is structured as follows. The data, ASR systems
and statistical tests used in the study are described in section 2.
The results are presented in section 3, which begins with a brief
summary of the ASR accuracy achieved for the children’s data,
and a review of the results from [19] on the extent to which developmental phonological phenomena account for phone substitutions. The remainder of section 3 presents an analysis of
the the significant differences between phone error patterns in
ASR for children’s and adults’ speech that are not attributable
to language development issues.

fold cross-validation experiment was conducted, in which 13
surveys were used for training and the other for testing (survey
3 was not used in the study). Each phone recognition system
had approximately 700 physical states, each associated with a
32 component Gaussian mixture model (GMM). A ‘flat’ phoneloop grammar was used in recognition. The number of GMM
components and word insertion penalty were optimised on survey 14. This system scored an average phone accuracy of 40%
across the 14 surveys.
A similar system was constructed for adult speech using
the TIMIT corpus [22], sampled at 16kHz and using 26 crtitcal
band mel-scale filters, with the TIMIT labels mapped onto the
CMU phone set. The system has 1445 physical states, each associated with an 8 component GMM. Without a grammar this
system scores a phone accuracy of 57% on the full TIMIT test
set. The full test set was used to improve the accuracy of the
probabilities in the phone confusion matrix, which are the parameters of the model of ASR phone errors for adults described
in the next section.
2.3. Statistical analysis of confusion matrices
The goal is to understand the ‘type (B)’ phone errors in computer recognition of children’s speech that are not attributable
to predictable phonological processes associated with language
development. Given the increased acoustic variability in children’s speech observed in [5], an obvious question is whether
these errors effectively occur randomly or according to some
pattern. If there is an underlying pattern, then is it the same as
for ASR phone errors in adults’ speech? This second hypothesis
can be tested using the method described in [19].
If the hypothesis is true, it can be assumed that classification
of a set of K examples of the ith phone φi spoken by a child,
is governed by a multinomial distribution whose parameters are
the N = 40 probabilities pi,1 , pi,2 , ..., pi,N in the ith row of a
reference phone confusion matrix for adults’ speech. The probability p(|φi → φj | = k) that k of the φi s are recognised as φj
follows the corresponding marginal distribution, which is binomial with parameters pi,j and K:

2. Method
The data and speech recognition systems used in the present
study are the same as those in [19].
2.1. Data Set
The data used in the speech recognition experiment was collected from 60 students (10 five year olds, 16 six year olds,
14 seven year olds, 13 eight year olds and 17 nine year
olds) from the state of Pennsylvania, U.S, ranging from prekindergardeners to third graders. The task they participated in
consisted of 15 Surveys of 3 multiple choice questions each,
which were presented to the children on an ipad through interactive animations prompting them to repeat their preferred
choice for each question.
The recordings were made using the built-in ipad microphone in a natural environment and were manually transcribed
at the word and at the phone level according to the CMU 39
phone set. The annotators had no formal training in phonetics
before this task. After removing responses that did not contain
one of the given alternatives, the final set consisted of approximately 2200 phonologically balanced utterances, each extending between one and six words.
The analysis presented in this paper focusses on the results
for 5 and 6 year old children. From a language development
perspective this is not ideal, because children’s language undergoes significant changes between these ages (for example, see
table 2). However, this group was chosen in order to have a
reasonably large sample of young children.
2.2. ASR systems

p(|φi → φj | = k) =

(1)

The notation |φi → φj | denotes the number of occurrences of
the phone substitution φi → φj . It is now possible to decide
whether a particular set of errors in child speech recognition
can be attributed to a random variation of the pattern of errors
observed for adults, or is significantly different. Specifically, k
misclassifications of φi as φj in phone recognition of children’s
speech is judged to be significantly large (i.e. very unlikely to
occur as often in adult phone recognition) if the (cumulative)
probability of k or more misclassifications of φi as φj , based
on the adult reference, is less than 0.05:
P (|φi → φj | ≥ k) = 1 −

Two tied-state triphone HMM-based ASR systems were developed, based on the CMU phone set, using the HTK toolkit [21].
The first, for children’s speech, was trained on data from the
corpus described in section 2.1 with manual phone transcriptions. The speech was down-sampled to 12 kHz and transformed into sequences of 39 dimensional feature vectors, comprising 12 mel frequency cepstral coefficients (MFCCs) plus
C0, augmented with the corresponding ∆ and ∆2 parameters.
Mel-scale conversion used 20 critical band filters. A fourteen-
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K!
pki,j (1 − pi,j )K−k
k!(K − k)!

k−1
X

n=0

p(|φi → φj | = n) ≤ 0.05 (2)

In this case the errors are characteristic of children. Similarly, k
or less misclassifications of φi as φj is significantly small if,
P (|φi → φj | ≤ k) =

k
X

n=0

p(|φi → φj | = n) ≤ 0.05.

(3)

This study uses two candidate reference phone confusion matrices for adults’ speech. The first, T IM IT 0, is the standard
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pi,j →

1 − λi pi,i
pi,j .
1 − pi,i

Cluster
Reducton

Deaffrication

Fricative
Simplification

Y
Y
Y

Y
Y
Y

Y
Y
Y
Y
Y

Y
Y
Y
Y
Y

Y
Y
Y
Y
Y

Gliding

Fronting

Y
Y

Weak Syllable
Deletion

Y

Stopping

Age
Below 3 yrs
3;0 - 3;5
3;6 - 3;11
4;0 - 4;5
4;6 - 4;11
5;0 - 5;5
5;6 - 5;11
6;0 - 6;5

Voicing

Table 2: Phonological Processes Table.

phone confusion matrix for the TIMIT test set, computed using the TIMIT ASR system described in section 2.2 and used in
[19]. The second, T IM IT 1, is a scaled version of T IM IT 0.
In T IM IT 1 each diagonal element pi,i is multiplied by a factor λi so that λi pi,i is equal to the probability of correct recognition of the ith phone observed in children’s speech. The
difference between the original and scaled probability of correct recognition is shared uniformly among the off-diagonal elements:
1 − λi pi,i
pi,j → pi,j +
,
(4)
N −1
This adds an element of randomness to the confusion matrix.
An alternative redistribution of the difference between the
original and scaled probability of correct recognition, in which
each off-diagonal element pi,j is replaced by a scaled version
of itself, was also considered:

Y
Y
Y
Y
Y
Y
Y

Table 3: Numbers of substitutions (k) in K trials that are related to phonological processes (FS = Fricative Simplification)
for 5 - 6 year old children. The highlighted numbers indicate
phone substitution rates that are significantly higher than would
be expected for adult speech.

(5)

In this case the relative values of the off-diagonal adult TIMIT
confusion are preserved. However, the result is very similar to
that obtained with T IM IT 1

3. Results

Substitution
Voicing

3.1. Summary of phone accuracy
Table 1 is a summary of the phone recognition results for the
5-6 year old children.

Stopping

Table 1: Phone recognition results for 5-6 year old children
(numbers of phones in brackets)
Acc.
Corr.
Del.
Subs.
Ins.
33.2% 39.1% (3465) 21% (1874) 40% (3513) 6% (525)
3.2. Errors that are predictable from knowledge of language development (type (A))

Gliding FS Deaffric.

Fronting

For completeness, this section summarises the main results on
type (A) errors from [19]. Table 2, taken from [19] identifies
eight categories of phonological phenomena that affect children’s speech and are therefore candidates to cause ASR phone
errors. A “Y” in the table for a particular age range and phenomenon indicates that the speech of a child of that age is
expected to be affected by that phenomenon. The eight categories are: voicing (“peach” → “beach”), stopping (“sail” →
“tail”), weak syllable deletion (“computer” → “puter”) fronting
(“key” → “tea”), cluster reduction (“spot” → “pot”), deaffrication (“cheese” → “she’s”), fricative simplification (“three” →
“free’) and gliding (“real” → “wheel”).
Table 3 (based on [19]) shows the result of applying the
binomial significance test, using the ‘standard’ TIMIT confusion matrix (T IM IT 0) as the adult reference, to substitutions
in the phone confusion matrix for 5 and 6 year old children that
are predicted from table 2. 38% of the predicted substitutions
occur significantly more often in the children’s data. The highest proportion of significant substitutions (67%) is for stopping,
followed by gliding and fronting (50%), voicing and deaffrication (25%) and fricative simplification (none). Where instances
of very probable substitutions turn out to be insignificant (such
as /th/ → /f /) this is because they are also highly probable in the adult TIMIT data. The total number of substitutions
in table 3 is 231 compared with 3513 in total, indicating that

/p/→/b/
/t/→/d/
/k/→/g/
/s/→/z/
/s/→/t/
/f/→/p/
/jh/→/d/
/v/→/p/
/ch/→/t/
/sh/→/t/
/th/→/p/
/v/→/b/
/dh/→/d/
/k/→/t/
/g/→/d/
/g/→/t/
/sh/→/s/
/ch/→/sh/
/jh/→/zh/
/ch/→/k/
/zh/→/z/
/th/→/f/
/r/→/w/
/r/→/l/
/l/→/w/
/l/→/y/

5-6 yrs
Num. Subs (k) Total trials (K)
12
174
14
345
7
374
55
430
8
439
9
213
4
135
2
127
8
104
1
97
3
77
7
127
6
116
17
374
9
105
1
105
12
97
8
104
2
135
4
104
4
40
9
77
6
345
9
345
14
477
0
477

for this data the proportion of substitutions that are predictable
from known phonological phenomena associated with language
development is just 7%,
3.3. Errors that are not predictable from knowledge of language development (type (B))
The binomial significance test, with T IM IT 0 as the adult reference, was applied to all of the entries in the phone confusion
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Table 5: Phone substitutions that occur significantly more frequently for 5-6 year old children than for adults (k substitutions
from a sample size K)

matrix for the 5 and 6 year old children. Just under 46% of the
1560 entries in the matrix are significantly different from those
for adult speech. Of the 130 substitutions that occur at least 10
times, 70 occur significantly more often and 41 occur significantly less often in the children’s data than would be expected
based on the phone confusion matrix for adults’ speech.
Of the 41 ‘substitutions’ that occur significantly less often
in the children’s data, 31 correspond to diagonal elements of the
confusion matrix (i.e. correct recognition), confirming, as expected, that the number of correct recognitions is significantly
smaller in the confusion matrix for the children’s data. The 10
remaining ‘true’ substitutions are listed in table 4. Subjectively,
these are mostly plausible phone recognition errors. However,
they account for less than 5% of the 3513 substitution errors in
table 1. The 70 substitution errors that occur at least 10 times

Substitution
k
K
/aa/ → /aa/ 164 286
/aa/ → /ah/ 21 286
/ae/ → /ey/ 13 216
/ah/ → /aa/ 42 697
/ah/ → /ae/ 42 697
/ah/ → /ay/ 12 697
/ah/ → /ow/ 24 697
/ah/ → /r/
12 697
/ah/ → /uh/ 11 697
/ao/ → /ae/ 15 79
/eh/ → /ey/ 16 383
/er/ → /ah/ 13 281
/eh/ → /iy/ 16 209
/ih/ → /eh/ 26 435
/ih/ → /ey/ 28 435
/iy/ → /ey/ 16 379
/ow/ → /ah/ 11 214
/ow/ → /l/
21 214
/ow/ → /ow/ 94 214

Table 4: Phone substitutions that occur significantly less frequently for 5-6 year old children than for adults (k substitutions
from a sample size K)
Substitution
/ae/ → /eh/
/er/ → /r/
/d/ → /n/
/n/ → /m/
/l/ → /w/

k
11
17
13
27
14

K
216
286
292
590
477

Substitution
/ah/ → /ih/
/ih/ → /iy/
/t/ → /k/
/z/ → /s/
/r/ → /er/

k
16
15
25
25
12

K
697
435
345
176
345

k
17
18
12
18
55
12
11
14
15
14
30
18
11
15
22
11
28

K
174
430
430
430
430
97
213
477
477
477
477
590
590
590
590
590
126

34 are again deletion errors, which occur significantly more often in the confusion matrix for children’s speech. Of the remaining 34 significant differences, 10 are phone substitutions that
occur significantly less frequently in children’s speech. These
are exactly the same as the substitutions listed in table 4. The remaining 24 phone substitution errors, which occur significantly
more often in the confusion matrix for children’s speech are the
sub-set of highlighted substitutions listed in table 5. In summary, using T IM IT 1 as the reference adult phone confusion
matrix has the intended effect of removing the “correct recognitions” from the list of significant differences between the confusion matrices for children’s and adults’ speech. In addition, by
boosting the off-diagonal probabilities, some of the more ‘plausible’ phone substitutions in the results for children’s speech are
no longer significantly different from those for adults’ speech.

and are significantly more frequent in the phone confusion matrix for children’s speech account for over 50% (2710) of the
substitution and deletion errors in table 1. 67% of these errors
(1823) are due to significant increases in the number of deletion errors for 34 phones, relative to the reference adult phone
confusion matrix. The remaining 36 substitution errors that occur significantly more often than would be predicted from the
adult TIMIT confusion matrix are shown in table 5. Over half
(19) of these involve substitution of a vowel, normally with
another vowel. Some seem intuitively plausible (for example
/ih/ → /eh/), others less so (for example /ih/ → /ey/). In
the cases of the consonants, the substitutions for the fricatives
/s/, /sh/ and /f /, the stop /p/ and the nasal /ng/ seem plausible, while some of the errors for the glide /l/ and nasal /n/
seem bizarre. To summarize, according to the binomial test, the
significant differences between the phone confusion matrices
for children’s and adults’ speech are that in the children’s data
there are significantly fewer correct recognitions, significantly
more deletions, a relatively small number of plausible phone
errors that occur significantly less often in ASR for children’s
speech, and a large number of substitution errors that occur significantly more frequently in children’s speech, of which some
are plausible and others appear to be random.
These observations suggest the modification to the adult
TIMIT confusion matrix referred to as T IM IT 1 in section 2.3.
To obtain T IM IT 1, the diagonal elements of T IM IT 0 are
scaled to be equal to the corresponding elements in the confusion matrix for children’s speech, and the resulting ‘spare’ probability is shared equally among all of the off-diagonal elements.
Applying the binomial test to the phone confusion matrix
for children’s speech using T IM IT 1 as the adult reference,
the percentage of entries that are significantly different from
the adult reference drops to 18%, compared with 46% when
T IM IT 0 is the adult refernce. Focussing on substitutions
that occur at least 10 times, results in 68 significant differences
(compared to 111 when T IM IT 0 is the reference). Of these,

Copyright c 2015 ISCA

Substitution
/p/ → /k/
/s/ → /f /
/s/ → /sh/
/s/ → /th/
/s/ → /z/
/sh/ → /s/
/f / → /s/
/l/ → /aa/
/l/ → /ah/
/l/ → /n/
/l/ → /ow/
/n/ → /eh/
/n/ → /er/
/n/ → /ey/
/n/ → /ng/
/n/ → /t/
/ng/ → /n/

4. Conclusions
This paper presents an analysis of phone substitution errors in
ASR for young (5 and 6 year old) children’s speech. The approach that has been taken is to apply a statistical significance
test based on the binomial distribution to identify patterns of
error in the confusion matrix for children’s speech that are significantly different to those observed for adults’ speech. This is
the same method that was used in [19].
The possible causes of ASR errors are grouped into two
categories. Type (A) errors refer to those that can be predicted
from known phonological processes associated with language
development in young children, while type (B) errors refer to
those that are due to general acoustic variability.
Type (A) errors were studied in [19]. It was shown that
38% of phone errors attributable to phonological phenomena
associated with language development occur significantly more
frequently in ASR for children’s speech that in ASR for adults’
speech. However, given the current state-of-the-art in ASR for
children’s speech, these type (A) errors only account for a small
proportion (less than 10%) of total errors.
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The remainder of the paper focusses on understanding the
causes of the remaining, type (B) substitution errors. The conclusion is that the majority (90%+) of phone substitution errors
that occur in ASR for children’s speech appear to follow a similar pattern to those observed in ASR for adults’ speech, but
with an additional random element and with significantly more
phone deletions. Further work is needed to establish the balance
between these two factors.
The results suggest that, in the short-term, the most significant gains in ASR performance for children’s speech are likely
to result from research that addresses the problem of general
acoustic variability. For example, an obvious approach is to apply DNN-HMM systems [23] to children’s speech, to see if similar gains can be achieved to those that have been reported for
adults’ speech. Interestingly, as the ability of ASR to accommodate the acoustic variability in children’s speech improves,
the relative significance of errors that are attributable to phonological factors associated with language development is likely
to increase.
Finally, a number of points need to be made about the analysis presented in this paper. First, the data set is small, and the
analysis applies to a specific ASR system for children’s speech.
A much larger data set and further work are needed to determine if the conclusions are more generally applicable. In particular, phone deletion and insertion rates in ASR can be traded
using some variant of a “phone insertion penalty”. In the experiments described in this paper, this penalty was chosen to
optimise phone accuracy separately for adults’ and children’s
ASR. If phone deletion rates are generally significantly higher
in ASR for children’s speech, then it is natural to ask if this is
due to predictable phenomena such as week syllable deletion or
cluster reduction.
Finally, the analysis presented in this paper focusses on the
results for 5 and 6 year old children. From a language development perspective this is not ideal, because children’s language
undergoes significant changes between these ages. Hence the
test set is unlikely to be homogeneous.
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