INTERSPEECH 2021
30 August — 3 September, 2021, Brno, Czechia

A noise robust method for word-level pronunciation assessment

Binghuai Lin* , Liyuan Wang*

*Smart Platform Product Department, Tencent Technology Co., Ltd, China

{binghuailin, sumerlywang}@tencent.com

Abstract

The common approach for pronunciation evaluation is based
on Goodness of pronunciation (GOP). It has been found that
GOP may perform worse under noise conditions. Traditional
methods compensate pronunciation features to improve the per-
formance of pronunciation assessment in noise situations. This
paper proposed a noise robust model for word-level pronuncia-
tion assessment based on a domain adversarial training (DAT)
method. We treat the pronunciation assessment in the clean and
noise situations as the source and target domains. The network
is optimized by incorporating both the pronunciation assess-
ment and noise domain discrimination. The domain labels are
generated from unsupervised methods to adapt to various noise
situations. We evaluate the model performance based on En-
glish words recorded by Chinese English learners and labeled
by three experts. Experimental results show on average the pro-
posed model outperforms the baseline by 3% in Pearson cor-
relation coefficients (PCC) and 4% in accuracy under different
noise conditions.

Index Terms: noise robust, pronunciation assessment, domain
adversarial, unsupervised method

1. Introduction

For English-as-second language (ESL) Ilearners, many
Computer-Assisted Pronunciation Training (CAPT) systems
are designed to conduct automatic pronunciation assessment
[1].

Features used for automatic pronunciation assessment are
usually extracted from an automatic speech recognizer. The
hidden Markov model (HMM) likelihood, posterior probability,
and pronunciation duration features were proposed for pronun-
ciation assessment in [2]. A variation of the posterior probabil-
ity ratio called the Goodness of Pronunciation (GOP) [3] was
proposed for pronunciation evaluation and error detection, and
it has prevailed in the related studies ever since [4, 5, 6]. GOP
was further optimized based on the deep neural network (DNN)
to improve the accuracy of phoneme mispronunciation detec-
tion [7].

Compared with traditional speech scoring methods by hu-
man raters, automatic pronunciation assessment has proven to
be effective and efficient. However, it’s still of great chal-
lenge for feature extraction utilizing automatic speech recog-
nition (ASR) in the noise environment. It has been found that
the ASR-based speech scoring system is less robust than human
raters when facing low-quality audios, e.g., audios recorded by
low-quality microphones or with different kinds of noises [8].

In this paper, we propose a noise robust model for auto-
matic word-level pronunciation assessment. The network con-
sists of a word pronunciation scoring model and a noise domain
discriminator model. To adapt to various noise situations, we
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generate noise labels by an unsupervised method with the noise-
related input features. As GOP values at different word ratings
are influenced by noise differently, we utilize a separate unsu-
pervised noise label generator for each word rating. We conduct
experiments under different noise conditions to demonstrate the
robustness of the model under different noise conditions, e.g.,
babble noise and white noise at different values of SNR. We
also demonstrate the noise robustness under real noise situa-
tions. The remainder of the paper is organized as follows. In
section 2, we will introduce the related work. In section 3, we
will demonstrate our proposed model. In section 4, the corpus
used in the proposed model is introduced, and the hyperparam-
eters of the proposed network are explained. We will show the
experimental results of the proposed model and discuss the re-
sults in section 5. We will draw the conclusion and future sug-
gestions in section 6.

2. Related work

Many approaches have been proposed to improve noise robust-
ness for ASR or pronunciation assessment. To make ASR ro-
bust to the full range of the real-word noise and other acoustic
distorting conditions, a wide range of noise robust techniques
were analyzed and categorized using five different criteria [9].
Some method proposed a model that maps both clean inputs and
their noisy counterparts onto the same point in the representa-
tion space and proved to be robust [10]. For CAPT systems,
GOP plays an important part in pronunciation assessment and
mispronunciation detection. Some studies have been conducted
to make GOP more robust to noise. Researchers applied a noise
compensation technique, namely Stereo-based Piecewise Lin-
ear Compensation for Environments (SPLICE), and took the
compensated feature sequences as input to the GOP-based as-
sessment system. The experimental results show the improve-
ments in performance in a noisy classroom environment [11].
However, the performance of SPLICE will deteriorate for input
with unknown noise types. The study proposed TGOP (teacher
utterance-based GOP) and GL (GOP-like) scores, namely two
variants of GOP, and revealed that the correlation coefficient
between GOP scores and teacher’s ratings had been improved
under all noise conditions [12]. It usually needs teachers’ utter-
ances corresponding to the learners’ sentences.

DAT learns features by taking into account domain invari-
ance, the label predictor, and the domain classifier [13]. It has
been widely used in many applications. A DNN-based method
for noise robust speech recognition by domain adversarial train-
ing was proposed [14]. An unsupervised feature adaptation us-
ing adversarial multi-task (MTL) training for automatic eval-
uation of children’s speech has been surveyed [15]. DAT was
also utilized to tackle the noise type mismatch problem between
the training and testing conditions in speech enhancement [16].
Different from the traditional DAT methods, we generate do-
main labels by an unsupervised method without human annota-
tions to adapt to various noise situations.
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3. Proposed model

We propose a noise robust method for second language (L2)
learners’ word-level pronunciation assessment. The baseline
model utilizes a neural network with GOP scores and additional
feature representations called phoneme embedding as input fea-
tures. The whole network is optimized by the DAT method,
which combines the word score classification task as the label
predictor and the noise classification task as the domain dis-
criminator. These two tasks share common phoneme features
and are optimized simultaneously. As there are many kinds of
unknown noise, and the annotation is time-consuming, we ob-
tain the noise labels automatically by an unsupervised model
called K-means clustering [17] based on the extracted noise
features depending on different word ratings. The network is
shown in Figure 1.
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Figure 1: Noise robust pronunciation assessment model

3.1. Baseline system for word rating

Our baseline model is based on a neural network. GOP score is
used as the input feature of our proposed network. GOP score
is defined as Eq. (1) [3]:
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where P(p|oP) is the posterior probability of phoneme p given
pronunciation o and @) represents all possible phonemes corre-
sponding to pronunciation o. NF(p) is the pronunciation frames
of phoneme p and P(p) is prior probability of phoneme p. To
calculate GOP, the phonemes of utterances are forced-aligned
first by a Kaldi-based ASR system [18].

To convey acoustic information of individual phonemes, we
employ a distinct numerical representation for each phoneme
which is called phoneme embedding [19]. Combined with GOP
scores as input features, we apply a non-linear transformation
(i.e., phone encoder) on phoneme features with a sigmoid ac-
tivation function. Next, we obtain the word feature representa-
tions through a non-linear transformation based on the averaged
phoneme features (i.e., word encoder). Each word can be clas-
sified into five classes indicating degrees of pronunciation pro-
ficiency of non-native speakers through a fully connected net-
work (FC) based on the word features. The noise prediction
results are generated from an FC layer as well.

The baseline model is optimized with the classification loss
of word pronunciation, which is defined as the cross-entropy be-
tween predicted classification results and word ratings labeled
by human raters.

GOP(p) (O]
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Figure 2: GOP scores of phoneme 'L’ at different SNRs

3.2. Noise label generator

As there are various noises in real situations, we employ an un-
supervised learning model with noise-related features as input
to generate noise domain labels.

We extract some audio features for noise classification. To
calculate the noise features for the learners’ pronunciation, we
align phonemes in a word to obtain the beginning and end-
ing times of each phoneme using a Kaldi-based ASR system
as mentioned in section 3.1. We compute the power features,
which is the transmission rate of energy, for each 10ms frame
with a 10ms window shift. Based on the power and the duration
of each phoneme in the word, we compute multiple features for
noise classification. As SNR is defined as the ratio of signal
power to the noise power, it has been regarded as an important
feature for noise classification. The final features extracted for
noise classification are shown in Table 1.

Table 1: Features for noise classification

AudioAvgPower/ Mean/Max value of
AudioPeakPower power in the audio

SpeechAvgPower/ Mean/MaX Valu.e of

SpeechPeakPower power in the voiced
segment of audio

SilAvgPower/ MeanMaX Value. of

SilPeakPower power in the unvoiced

segment of audio

AvgSnr/ Mean/Max value of
PeakSnr SNR in the audio

To take into account the influence of noise on pronunciation
assessment, we investigate the relationship between noise fea-
tures and GOP scores. We show GOP scores of some phoneme
at different SNRs by adding babble noise to clean audios man-
uvally in Figure 2. The x-axis of the figure shows the sample
indexes, and the y-axis represents GOP scores of one phoneme
at different SNRs. From Figure 2, it is clear that GOP scores of
phoneme °L’ decrease with decreasing SNR values.

As each word rating has GOP values in different ranges and
may be influenced by different kinds of noise to varying de-
grees, we create multiple noise label generators depending on
the word ratings. The purpose of the noise label generator is
to label each word utterance under different word ratings auto-
matically without human annotators. This is done through the
K-means clustering method based on the aforementioned fea-
tures. Specifically, we cluster noise features under word ratings



from 1 to 5, respectively, and obtain five corresponding noise
label generators. A specific noise generator is chosen accord-
ing to word rating labels during training or prediction from the
pronunciation assessment model during inference.

3.3. Training based on DAT

The whole network is trained based on DAT, consisting of a
label predictor for word rating and a domain classifier for noise
classification.

Noise classification and pronunciation assessment share
common features and are optimized simultaneously. The train-
ing loss is defined as Eq. (2):

Ltotal = Lword(QF, Gy) — A X Lnoise(eF, GD) (2)
where 0 is the feature representations in the phone encoder
and word encoder, and 0, and 6p are the parameters of the
word rating predictor and the domain classifier. A is the weight
to balance two tasks. The noise classification loss is defined
as the cross-entropy between predicted noise class and labels
generated from the unsupervised noise generators.
The DAT loss is optimized as Eq. (3) and Eq. (4):

Or, 0, = argmin Liotal
0,0y

3

0p = arg max Liotal
op

“

4. Experimental setup
4.1. Corpus description

The corpus consists of 7, 500 English words read by 720 Chi-
nese speakers with ages evenly distributed from 16 to 20 years
in a clean environment. Each speaker records around 10 words.
The phoneme set used here is based on the Carnegie Mellon
University (CMU) pronouncing dictionary composed of 39 dif-
ferent phonemes [20]. Each word is rated by three experts on a
scale of 1-5 with 1 representing hardly understandable pronun-
ciation and 5 representing native-like pronunciation. Final word
ratings are achieved by a majority vote. The inter-rater labeling
consistency is evaluated at Kappa, which is calculated by av-
eraging any two raters based on 1000 words randomly chosen,
and the final value is 0.63 with the 95% confidence interval
(0.628,0.632) and p-value less than 0.1%, indicating a fairly
good quality of labeling. The final distribution of word ratings
is shown on the left side of Figure 3. We split 7,500 English
words into training and testing data. The training data consist
of 6,300 English words, and the testing data consist of 1,200
English words.

To test the robustness of the proposed model, we add dif-
ferent kinds of noise at SNRs ranging from 0dB to 20dB to the
clean training data. We add babble noise to simulate the situa-
tion when the learners’ voice is corrupted by surrounding stu-
dents’ voice and white noise to simulate the environment of low
recording quality. These are the most common types of noise
observed in CAPT systems [12]. The babble noise is taken
from the Microsoft Scalable Noisy Speech Dataset [21]. To
test the performance of the proposed method in real noisy envi-
ronments, we collect 1000 audios under different noise condi-
tions such as babble and humming noise at less than 10dB SNR
conditions from one online pronunciation learning application,
whose labels are annotated by the same method. The final dis-
tribution of word ratings is shown on the right side of Figure 3.
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4.2. Hyperparameters

The model input includes GOP scores and phoneme embedding.
The phoneme embedding is composed of 39 different phonemes
with a feature dimensionality of 15 based on the CMU pro-
nouncing dictionary. The total number of the feature dimen-
sionality is 16, including 15 for phoneme embedding and 1 for
phoneme GOP. The number of parameters for the non-linear
transformation of phoneme features is 16 x 20, which converts
phoneme features of the dimensionality of 16 to the output di-
mensionality of 20. Based on averaged phoneme representa-
tions of the word, word representations are achieved by another
non-linear transformation, and the number of parameters is 20 X
10. Two FC layers for word pronunciation assessment classifi-
cation and noise classification are implemented with the number
of parameters of 10 x 5 and 10 x 5 x N (noise clusters), in-
dicating transforming features with the dimensionality of 10 to
the word scoring class of 5 and features with the dimensionality
of 10 to the number of noise clusters at each word rating. As
noise labels come from an unsupervised noise label generator,
the number of noise clusters can be tuned to achieve the best
performance. The network performance with different numbers
of noise clusters will be shown in section 5.

5. Results

We evaluate the performance of the word pronunciation assess-
ment by PCC and accuracy. First, we compare the baseline
model with the proposed model with different experimental set-
tings in the clean situation. Then, we analyze the performance
of these models under different noise conditions. Finally, we
conduct some ablation studies to prove the validation of the pro-
posed model.

5.1. Results of comparison

The baseline model is introduced in section 3.1. To take into ac-
count the noise influence directly, we conduct experiments com-
bining GOP and noise features as input of the baseline model as
well. Three experiments are conducted, including the baseline
model (Base), the baseline model combined with noise features
as input (Base + NoiseF), and the proposed model with clus-
ter number of 2, i.e., the baseline model combined with DAT
(Noise DAT). The results based on the clean testing data are
shown in Table 2, indicating that with the DAT method, the per-
formance of the word pronunciation assessment can be slightly
improved in the clean situation.

To test the noise robustness of the proposed model, we also
compare results with the performance of the previous method
SPLICE [11], which compensates for the degradation of GOP
scores under noise situations. Results of the babble noise and
white noise of different SNRs are shown in Table 3 and Table



Table 2: Performance of baselines and the proposed model un-
der clean conditions

Model PCC ACC
Base 72.1 85.3
Base+NoiseF  73.3 85.1
Noise DAT 74.2 86.4
SPLICE [11] 73.1 85.5

Table 3: Performance under conditions with babble noise

0dB | 10dB | 20dB

Base PCC | 53.1 | 626 | 679
ACC | 58.7 | 71.7 | 825

. PCC | 542 | 63.1 | 69.7
Base+NoiseF ACC | 59.1 | 70.1 | 815
) PCC | 55.7 | 65.0 | 70.6
Noise DAT ACC | 62.5 | 739 | 84.3
PCC | 546 | 618 | 67.3

SPLICE [11] ACC | 608 | 74.5 | 83.9

Table 4: Performance under conditions with white noise

0dB | 10dB | 20dB

Base PCC | 448 | 51.1 | 62.7
ACC | 455 | 61.7 | 763

. PCC | 464 | 555 | 64.7
Base+NoiseF ACC | 445 | 63.0 | 759
) PCC | 47.8 | 56.5 | 66.7
Noise DAT ACC | 51.7 | 65.0 | 78.7
PCC | 456 | 53.1 | 645

SPLICE [11] ACC | 509 | 66.0 | 77.5

4. From the results, we can see all three models degrade nearly
5% at least with different kinds of noise addition compared with
the baseline shown in Table 3 and Table 4, indicating a signif-
icant negative impact of noise on the pronunciation assessment
model. The proposed model consistently demonstrates good
performance under different noise conditions. From compari-
son results with the SPLICE method, we can see SPLICE has
comparable results under known noise conditions.

To test the robustness of the proposed model in real noise
situations, we conduct the experiments based on the data with
low SNRs as well. The results are shown in Table 5. From
the results, we can see the experiments with Base+NoiseF and
SPLICE appear to be less robust in real noise situations, which
may result from different noise distributions between the testing
data and the training data. Our proposed model proves to be
more robust in the unknown real noisy environment.

5.2. Ablation study

In our experiments, we use individual noise generators for each
word ratings. We experiment with three different settings in
the babble noise environment to validate our setting: (1) our
proposed model with noise labels depending on word ratings
(Noise DAT+Word rating); (2) our proposed model with noise
labels regardless of word ratings (Noise DAT+No word rating);
(3) our proposed model with true noise labels, which are de-
termined by SNR and noise type (Noise DAT+Human label).
Results are shown in Table 6. From the results, we can see the
setting (Noise DAT+No word rating) can hardly achieve per-
formance improvement over the baseline. With true labels, the
performance is better than the baseline but inferior to our pro-
posed setting.
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Table 5: Performance under conditions with real noise

Model PCC ACC
Base 70.4 62.1
Base+NoiseF  69.2 50.1
Noise DAT 71.4 65.3
SPLICE [11] 70.8 60.1

Table 6: Comparison of methods of generating noise labels in
10dB babble noise

Model PCC ACC
Base 62.6 71.7
Noise DAT+Word rating 65.0 73.9
Noise DAT+No word rating 624  72.5
Noise DAT+Human label 63.1 735

Table 7: Different clusters of Noise DAT (10dB babble noise)

Clusters PCC ACC
2 65.0 73.9
3 632 728
4 62.8 72.3

Table 8: Silhouette values of K-means with different K values

Word ratings
Clusters | 1 2 3 4 5
2 0.32 0.35 0.32 0.33 0.65
3 030 029 024 028 042
4 025 025 025 024 04

As noise labels generated from the noise generator can be
varied by setting different clustering numbers, we conduct sev-
eral experiments with 2, 3, and 4 clusters in the situation with
10dB babble noise. Results are shown in Table 7, indicating
that the word pronunciation assessment task performs best with
a cluster number of 2. The proposed model demonstrates incon-
sistent performance with different numbers of noise clusters. To
analyze the results, we compute silhouette value [15] for the
clustering, where a high value indicates that the object is well
matched to its own cluster and poorly matched to neighboring
clusters. Results are shown in Table 8, indicating good cluster-
ing with the clustering number of 2 and the biggest silhouette
value.

6. Conclusion

In this paper, we propose a noise robust method for word-level
pronunciation assessment. As GOP scores are easily influenced
by noise, we employ a domain adversarial training method,
which is composed of a label generator for word pronuncia-
tion evaluation and a domain discriminator for noise domain
discrimination. For adaptation to various noise situations, la-
bels of noise classification are generated from an unsupervised
model based on the word ratings. Experimental results show the
proposed model performs well in different noisy environments.
In the future, we will investigate different noise-related factors
to further improve the robustness of automatic pronunciation
assessment.
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