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Introduction

In the ﬁeld of computer Aided Language Learning (CALL), automatic scoring systems have been
developed to provide immediate corrective feedback
on L2 speech. Neural networks are widely used in
these systems assessing L2 speech proﬁciency, pronunciation and so on [1, 2]. Recently, many teachers
claim that the goal of speech training is intelligible
enough pronunciation, not native-like pronunciation
[3, 4, 5], because it is true that some types of foreign
accents do not aﬀect their speech intelligibility and
are easily accepted by listeners. However, only few
works focus on the automatic assessment on speech
intelligibility [6]. This is because it is admitted that
there is no ideal method to measure and annotate
L2 intelligibility [5]. So, lack of corpus of L2 speech
with its intelligibility annotation hinders the development of automatic assessment on intelligibility.
In applied linguistics, intelligibility is deﬁned as
correctness of actual understanding [3, 7]. The most
frequently-used method to measure L2 speech intelligibility is to ask listeners to transcribe learners’
read-aloud speech and then compare listeners’ transcripts and learners’ read-aloud scripts. The ratio of
correctly transcribed words is calculated and used as
intelligibility score [8].
To be speciﬁc, the drawbacks using this method to
calculate annotation for L2 speech is considered as
the following. First, transcription of an utterance always takes a longer time that that utterance. Since
repeated listening is not allowed for transcription,
only short and simple sentences can be used. Second, transcription is always done in word unit. It is
diﬃcult to calculate intelligibility score in smaller
units (phoneme or frame). Third, transcriptionbased measurement observes post-listening behaviors, but we considered that it is more valid to
observe while-listening behaviours for intelligibility
measurement. Here, intelligibility measured based
on while-listening behaviour observation is denoted
as instantaneous intelligibility [5].
In our previous studies [9, 10, 11], a low-cost, easy,
online method was proposed to annotate L2 speech
instantaneous intelligibility. This method is applied
in this paper. Then, we report our ﬁrst attempt of
automatic prediction of instantaneous intelligibility
based on the annotation.

2

Sequential intelligibility annotation using reverse shadowing

The reverse form of shadowing was proposed in
[9], where (native) listeners were asked to shadow
L2 utterances. It then becomes possible to annotate perceived intelligibility based on the analysis of
reverse shadowing utterances. [12].
In [10], listeners were asked to script-shadow an
L2 utterance after shadowing it. Script shadowing
∗

Fig. 1: Shadowing and script-shadowing
can be considered as reading-aloud of the script temporally synchronized with the given L2 utterance
while viewing the script (prompt) of the L2 utterance. It gives us the best performance of shadowing.
Dynamic Time Warping (DTW) distance between
the two shadowing utterances is calculated as sequential annotation of instantaneous intelligibility,
shown in Figure 1.
Based on the method above, instantaneous intelligibility annotation is performed in frame, phoneme
and word unit in [11], shown as Figure 2. A DNNbased ASR (Automatic Speech Recognition) front
end was trained using the WSJ-KALDI [13] receipt
to convert learner utterances into Phoneme-based
PosteriorGrams (PPG). Forced alignment on the
script shadowing is used to determine the boundaries for every phoneme or word. Then, frame-unit
DTW (fDTW), phoneme-unit DTW (pDTW), or
word-unit DTW (wDTW) are calculated as average of the PPG-based DTW local distances for each
frame, phoneme, or word on the DTW path, respectively. By making use of these measurements, instantaneous intelligibility of L2 speech is annotated
in phoneme and word units. Thus, automatic prediction can be conducted in both units.

3

Corpus collection [14]

3.1 L2 speech
Japanese university students in a global communication faculty were asked to read aloud their original passages and record their voices on computers as course assignment. The topics of their passages cover a wide range such as recent social issues
and students’ campus life. About 8700 utterances
with its scripts were collected. To make a corpus
of L2 speech suitable for shadowing, the following
processing or selection were conducted. 1) Utterances were segmented into short ones which last for
25 to 30 seconds. 2) Noise level of each utterance
was quantiﬁed and those utterances with no obvious
background noise were selected. 3) The pauses between words which lasted more than 2 seconds were
trimmed into 2 seconds. 4) Utterances with uncommon words and also unknown to the ASR language
model, were discarded. While other frequently used
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Fig. 2: DTW scores in three diﬀerent units of a speech segment “not correct”
words(e.g. YouTube) were added to ASR language
model. 5) Text-based clustering was conducted on
the utterances and utterances were randomly picked
up from each cluster to make sure that the content
and topics of the utterances are diﬀerent. Finally,
the L2 speech stimuli is composed of 753 L2 utterances. Each utterance lasts for about 25 to 30 seconds, with no obvious background noise, long pauses
and unknown words.
3.2 Shadowing and annotation
Three shadowers were recruited for the experiment. The L1 of Shadower 1 is Japanese but she has
lived in English speaking country for years. Shadowers 2 and 3 are native English speakers. Shadower 2
can understand Japanese at intermediate level while
Shadower 3 cannot at all. So all the shadowers are
highly proﬁcient English speakers but with diﬀerent
proﬁciencies in Japanese.
Before recording, shadowers’ ability to shadow
was tested by asking them to shadow 6 audio from
Grade 2 Eiken Listening Test1 . It is conﬁrmed that
the 3 shadowers were able to shadow smoothly. For
recording, they were asked to shadow learners’ utterances and script-shadow them. They were asked
to record their utterances on a prepared website.
In this paper, 462 pairs of shadowing and scriptshadowing utterances recorded by Shadower 1 were
used in the experiment. They were used to calculate
sequential annotation for the 462 learner utterances.
The sequential annotation was calculated as wDTW
and pDTW score for each word and phoneme in
every utterance. For the 462 utterances, there are
23,842 words and 84,962 phonemes in total.
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Prediction of intelligibility in sequence

4.1

Classiﬁcation of intelligible and unintelligible units
In this paper, we deﬁned the problem of automatic
prediction of L2 speech instantaneous intelligibility
as binary classiﬁcation whether a given unit is intelligible or unintelligible. The DTW score ranges from
0 to 8, where we deﬁned the threshold of intelligibility as the score of 2. This is because when manually
checking shadowing utterances, if the shadower fail
to shadow a word, the corresponding wDTW score
is larger than 2. Therefore, word and phoneme units
whose scores are larger than 2 are deﬁned as as “unintelligible” and those units whose scores are less
than 2 are deﬁned as “intelligible”.
1 https://www.eiken.or.jp/

Table 1: Number of word units in the original corpus
and in the selected corpus
class
intelligible
unintelligible

threshold
≤2
>2

#original
21,447
2,395

#selected
2,156
2,178

Table 2: Number of phoneme units in the original
corpus and in the selected corpus
class
intelligible
unintelligible

threshold
≤2
>2

#original
75,197
9,765

#selected
9,349
9,396

However, as shown in Table 1 and Table 2, only
about 10% of the units are unintelligible so the original corpus is imbalanced, which causes low classiﬁcation performance on the minority class. Here, we
simply under-sample the data of intelligible units to
make a balanced corpus, where the ratio of intelligible units and unintelligible units is about 1:1.
4.2 Features
4.2.1 Acoustic features
The features used for classiﬁcation is shown in
Table 3. As mentioned in Section 2, an ASR frontend is used to convert learner utterances to their
PPGs. The number of phoneme classes is 3,386,
which is considered too large as a feature. Ward’s
method [15] is applied here to cluster 3,386 classes
to 200 classes. The Bhattacharyya distance between
any two classes is calculated and clustering is made
based on the distance matrix. Then, the clustered
PPG within a word or a phoneme is averaged.
For phoneme unit classiﬁcation, position of the
phoneme in a word counted from the front is also
encoded. For example, a feature with value “1” indicates that this phoneme is the ﬁrst one in a word.
We consider that the listener’s unfamiliarity of
learner speech is one of the factors which lead to perceived unintelligibly of learner speech. Shadowers in
the experiment have been living in North American
English (NAE) speaking countries for years so we
supposed that their most familiar English is NAE.
Amazon Polly2 for NAE is used here to synthesize
native English based on the read-aloud scripts of
learners’ speech. The diﬀerence between learners’
speech and native speech is quantiﬁed as DTW distances from three dimensions, PPG, pitch pattern
and root mean square energy(rmse) pattern. Note
that the distances are calculated for each word or
phoneme unit.
2 https://aws.amazon.com/polly/

Table 3: Features for classiﬁcation
features of a unit
acoustic features
average clustered posteriorgram within a word or a phoneme
phoneme position in a word counted from the front(only for phoneme unit)
posteriorgram DTW distance between learner utterance and Amazon Polly
pitch pattern DTW distance between learner utterance and Amazon Polly
rmse pattern dtw distance between learner utterance and Amazon Polly
text features
Bert embedding
grammar error label
part of speech
dependency parsing
morphology
total

4.2.2 Text features
Bert embedding [16] is used here to encode the
semantic content of learners’ read-aloud script. It is
a powerful model and frequently used in automatic
speech scoring. Considering that sub-words are used
in Bert, the word sequence from the beginning of the
sentence to the current word is provided to a tool
called Sentence Transformer [17] model to generate
Bert embeddings.
Grammar error label is a binary digit which indicates whether the word in its sentence is grammatically correct or not. A Python-based tool called
Gramformer3 is used to make grammar corrections
on given sentences. By comparing original sentences
and corrected sentences, those words not modiﬁed
are labeled as grammatically correct, and vice verse.
In [18], Part-Of-Speech (POS), syntactic dependency labels (DEP) and morphology (Morph.) information of words are used to detect grammatical
errors made by machine translation systems. Inspired by that, in [2], concatenation of one-hot vectors representing the three kinds of information is
used to predict speech scores from the dimension of
language use. Correlation of automatically scores
with reference scores is about 0.67, which shows the
eﬀectiveness of this representation. The similar onehot vector representation and the tool to extract features, spaCy4 , is used here. In our corpus, 15, 45
and 35 labels are used for POS, DEP and Morph.,
respectively.
4.3 Models
For a given speech sequence in word or phoneme
unit, three models with three diﬀerent length of window size are tested for intelligibility classiﬁcation,
shown in Figure 3. For the model with its window
size of 1, the features of the current unit are used as
the input to a multiple layer perceptron (MLP). For
the model with its window size of 3, features in last 2
time steps and the current time step are used as the
input to a bidirectional LSTM (BDLSTM) model.
For the model with its window size of 5, features in
last 2 time steps, current time step and next 2 time
steps are used as the input to a BDLSTM model.

3 https://github.com/PrithivirajDamodaran/Gramformer
4 https://spacy.io

dimension
200
1
1
1
1
384
1
15
45
35
word unit: 683
phoneme unit: 684

Fig. 3: Three classiﬁcation models with three window sizes of 1,3 and 5
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Experiments and results

5.1 Experimental setup
As shown in Figure 1 and Figure 2, there are
4,334 word units and 18,745 phoneme units in the
corpus. The corpus is split into training set and testing set where the ratio is 8 to 2. The number of data
in each set is shown in Table 4. MLP and LSTM
models are implemented using the Keras5 toolkit.
The MLP model has two hidden layers with 100 and
50 neurons, and an output layer with 1 output. A
batch size of 64 samples is used in each epoch and 30
epochs are used for training. The BDLSTM model
has a single BDLSTM hidden layer, followed by a
fully connected layer with 100 neurons and then an
output layer for binary classiﬁcation. To avoid overﬁtting, dropout rate of 0.5 is employed. A batch size
of 64 samples is used in each epoch and 60 epochs
are used for training.

5 https://keras.io/

Table 4: Number of data in training set and testing
set for word and phoneme unit classiﬁcation
train
test

word
3,467
867

phoneme
14,996
3,749

Table 5: Precisions, recalls and F1-scores of word
unit classiﬁcation
class
intelligible
unintelligible

window size
1
3
5
1
3
5

P
0.711
0.724
0.734
0.631
0.628
0.645

R
0.624
0.604
0.632
0.717
0.744
0.744

F1
0.664
0.659
0.679
0.671
0.681
0.691

Table 6: Precisions, recalls and F1-scores of
phoneme unit classiﬁcation
class
intelligible
unintelligible

window size
1
3
5
1
3
5

P
0.744
0.733
0.755
0.694
0.723
0.725

R
0.639
0.700
0.690
0.788
0.755
0.784

F1
0.688
0.716
0.721
0.738
0.739
0.753

5.2 Results
The classiﬁcation performance on testing set is
shown in Table 5 and Table 6, where precision (P),
regression (R) and F1-scores are presented here for
three models in word and phoneme units. For both
word unit and phoneme unit classiﬁcation, as the
window size increases, higher performances were observed. This indicates that the context information
have inﬂuence on intelligibility classiﬁcation. Also,
phoneme classiﬁcation achieved better performance
than word classiﬁcation. This is because the data
size of phoneme classiﬁcation is about 5 times of
the data size of word classiﬁcation. The precision
of unintelligible phoneme prediction achieves 0.725,
which is promising. However, evaluation of its performance on complete L2 speech sequence and its
pedagogical eﬀectiveness still needed to be carried
out in the future. One of our future work is to
conduct frame-unit intelligibility classiﬁcation. In
this case, more data can be used so better performance is expected. Besides, as shown in Table 1
and Table 2, the intelligible data is under-sample
to only %10 in order to make a balanced data. To
some extent, simple under sampling of the major
class is an eﬀective way since the classiﬁcation performances of both intelligible unit and unintelligible
unit are similar. Further, we will reform the problem as regression (prediction) problem and examine
the performance of automatic prediction.
5.3 Conclusions
Based on the method of annotating instantaneous
intelligibility of L2 speech using reverse shadowing,
a corpus of L2 speech with its sequential annotation was built. By making use of this corpus, binary
classiﬁcation of whether a word or phoneme unit is
intelligible or not was conducted. Three diﬀerent
models were tested. As result, phoneme unit classi-

ﬁcation model which used the context information
from the past to the future achieved the best performance. In the future, frame unit classiﬁcation and
other methods to evaluate the classiﬁcation performance will be carried out. We’re also interested in
modeling Shadowers 2 and 3, who have diﬀerent language backgrounds from that of Shadower 1.

Reference
[1] J. Tao, S. Ghaﬀarzadegan and S. Chen,“Exploring deep
learning architectures for automatically grading nonnative spontaneous speech, ” in Proc. ICASSP, pp.
6140–6144, 2016.
[2] Y. Qian, P. Lange, and P. Evanini, “Neural approaches
to automated speech scoring of monologue and dialogue
responses,” in Proc. ICASSP, pp. 8112-8116, 2019.
[3] M. J. Munro and T. M. Derwing, “Foreign accent, comprehensibility, and intelligibility in the speech of second
language learners, ” Language Learning, vol. 45, no. 1,
pp. 73-97, 1995.
[4] T. M. Derwing and M. J. Munro, Pronunciation
fundamentals:Evidence-based perspectives for L2 teaching and research. John Benjamins Publishing, 2015.
[5] M. J. Munro and T. M. Derwing, “Foreign accent, comprehensibility and intelligibility, redux, ” Journal of Second Language Pronunciation, vol. 6, no.3, pp.283-309,
2020.
[6] T. Pongkittiphan, N. Minematsu, T. Makino and K.
Hirose, “Automatic detection of the words that will become unintelligible through Japanese accented pronunciation of English”, Speech and Language Technology
in Education, 2013.
[7] T. M. Derwing and M. J. Munro, “Accent, intelligibility,
and comprehensibility: Evidence from four lls,”, Studies
in Second Language Acquisition, pp. 1-16, 1997.
[8] R. I. Thomson, “Measurement of accentedness, intelligibility, and comprehensibility,” Assessment in Second
Language Pronunciation, pp.11-29, 2017.
[9] Y. Inoue, S. Kabashima, D. Saito, N. Minematsu,
K. Kanamura,and Y. Yamauchi, “A study of objective measurement of comprehensibility through native
speakers shadowing of learners’ utterances,” in Proc.
INTERSPEECH, 2018, pp. 1651–1655.
[10] Z. Lin, R. Takashima, D. Saito, N. Minematsu, and N.
Nakanishi,“Shadowability annotation with ﬁne granularity on L2 utterances and its improvement with native
listeners’ script-shadowing,” in Proc. INTERSPEECH,
2020.
[11] C. Zhu, R. Hakoda, D. Saito, N. Minematsu and N.
Nakanishi, “Multi-granularity analysis of online intelligibility of L2 speech based on reverse shadowing,”in
Proc. Spring Meeting of Acoustical Society of Japan,
3-2-17, 2021.
[12] T. Trisitichoke, S. Ando, Y. Inoue, D. Saito, and N.
Minematsu,“Inﬂuence of content variations on smoothness of native speakers’ reverse shadowing,” in Proc.
ICPhS, 2019.
[13] D. Povey, A. Ghoshal, G. Boulianne et al., “The kaldi
speech recognition toolkit,” in Proc. ASRU, 2011.
[14] 峯松信明, 朱伝博, 椢原卓弥, 箱田崚, 齋藤大輔, 中西のり
こ,“L2 音声を対象とした瞬時的了解度計測のためのシャドー
イング音声コーパスの構築”, 秋季音講論, 1-3-15，2021.（発
表予定）
[15] Ward Jr, H. Joe, “Hierarchical grouping to optimize an
objective function,” Journal of the American statistical
association, pp. 236-244, 1963.
[16] J. Devlin, M. W. Chang, K. Lee and K. Toutanova,
“Bert: Pre-training of deep bidirectional transformers
for language understanding”, 2018.
[17] N. Reimers and I. Gurevych, “Sentence-bert: Sentence
embeddings using siamese bert-networks,” in Proc.
Conference on Empirical Methods in Natural Language
Processing 2019, 2019.
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