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Abstract

Automatic pronunciation assessment is commonly developed to
evaluate pronunciation quality of second language (L2) learn-
ers. Traditional methods for automatic pronunciation assess-
ment normally utilize speech features such as Goodness of pro-
nunciation (GOP), which may not provide sufficient informa-
tion for the pronunciation proficiency assessment [1]. In this
paper, we propose a transfer learning method for automatic pro-
nunciation assessment. We directly utilize the deep features
from the acoustic model instead of traditional features such as
GOP, and transfer the acoustic knowledge from ASR to a spe-
cific scoring module. The scoring module is designed to con-
sider the relationship among different granularities in an utter-
ance based on an attention mechanism. Only this module is
updated for faster transfer and adaptation of various pronuncia-
tion assessment tasks. Experimental results based on the dataset
recorded by Chinese English-as-second-language (ESL) learn-
ers and the Speechocean762 1 dataset demonstrate that the pro-
posed method outperforms the traditional GOP-based baselines
in Pearson correlation coefficient (PCC) and yields parameter-
efficient transfer for different pronunciation assessment tasks.
Index Terms: Pronunciation assessment, transfer learning,
scoring module, pre-train, fine-tune

1. Introduction
Non-native speakers are heavily influenced by their native
tongue (L1) when learning the target language (L2). The typical
approach to tackle this problem in computer-assisted language
learning is through Computer-Assisted Pronunciation Training
(CAPT). A system for CAPT can provide overall assessment of
pronunciation for language learners.

The common feature used for automatic pronunciation as-
sessment is GOP, which is defined as the posterior probabil-
ity of the uttered phoneme given the corresponding acoustic
segment [3]. GOP was first computed using Gaussian mix-
ture model-hidden Markov model (GMM-HMM)-based acous-
tic models [3], and it has prevailed in the related studies ever
since [4, 5, 6]. With the development of deep neural network
(DNN), it has been demonstrated that DNN-HMM-based ASR
can reduce word error rate (WER) significantly compared with
GMM-HMM models [7]. As a result, GOP was further opti-
mized based on the DNN-HMM-based acoustic model to im-
prove the performance of Computer-Aided Language Learning
(CALL) [8][9]. It has been found there are many limitations
in the current DNN-HMM-based GOP computation. As DNN-
HMM-based formulations didn’t consider transition probabili-
ties, previous work combined HMM state transition probabili-
ties (STPs) with the sub-phonemic (senone) posterior to com-
pute GOP scores [10]. Two major limitations were pointed out

1 https://www.openslr.org/101/

in GOP computation and two factors called the transition fac-
tor and the duration factor were introduced to get context-aware
GOP scores [11].

Based on GOP scores extracted from ASR, many tasks
such as automatic pronunciation assessment and mispronunci-
ation detection are conducted. Phone-specific GOP thresholds
were predefined to determine the pronunciation error, and it was
proved to agree with human scores well [3][11]. Some pre-
vious work created a classifier to determine the mispronunci-
ation automatically, and it achieved high accuracy in detect-
ing pronunciation errors [12][13]. Pronunciation scoring at
the word or sentence level is obtained by averaging the phone
level GOP scores, and it achieved high correlation with the ex-
pert ratings [8][10]. A multi-granularity scoring network based
on GOP scores was proposed to obtain pronunciation scores
at the phone, word, and sentence levels simultaneously [14].
Some other methods were proposed to update acoustic model
and phone GOP parameters simultaneously to ensure objec-
tive improvement by maximum F1-score discriminative crite-
rion (MFC) training [15][13]. These methods for pronuncia-
tion assessment or mispronunciation detection depend heavily
on GOP scores extracted from the ASR systems.

Pronunciation assessment based on the acoustic model can
also be treated as a problem of domain adaptation. Optimiza-
tion of the acoustic model is a task from the source domain,
while pronunciation assessment is in the target domain. Do-
main adaptation can be solved by transfer learning, which refers
to extracting knowledge from the source domain and applying
the knowledge to the target domain [16]. The typical way to
conduct transfer learning is fine-tuning the model trained on the
source task using data from the target domain [17]. Also, it has
been found the strictness of labeling varies in different pronun-
ciation tasks [3]. Thus, a fast adaptation to various pronuncia-
tion assessment tasks is necessary.

In this paper, we propose a transfer learning method for au-
tomatic pronunciation assessment. Different from traditional
GOP-based methods, we directly utilize the deep features of the
acoustic model and transfer the acoustic knowledge for pronun-
ciation assessment. A scoring module following the acoustic
model of ASR is designed to evaluate the proficiency of the
whole utterance considering the relationship among phonemes,
words, and sentences based on the attention mechanism. The
network training is composed of three stages. First, the DNN-
HMM-based acoustic model is pre-trained in a normal ASR
training procedure to obtain deep audio features. Second, deep
features from the acoustic model are fed into the scoring mod-
ule to conduct a second-stage pre-training based on low-quality
scoring data, which is necessary for better adaptation for pro-
nunciation assessment. Finally, the network is fine-tuned with a
small amount of task-specific pronunciation assessment data for
efficient adaptation to various tasks. Experimental results based
on the dataset recorded by Chinese ESL learners and Spee-
chocean762 dataset [2] show the superiority of the proposed

* equal contribution

Copyright © 2021 ISCA

INTERSPEECH 2021

30 August – 3 September, 2021, Brno, Czechia

http://dx.doi.org/10.21437/Interspeech.2021-9314438



network to the traditional GOP-based methods and the effi-
ciency of transfer learning for various pronunciation assessment
tasks. In section 2, we will introduce the proposed method. The
experiments are conducted in section 3. We will draw the con-
clusion and future suggestions in section 4.

2. Proposed method
We propose a transfer learning method for automatic pronunci-
ation assessment based on the deep features of the ASR acous-
tic model without intermediate feature computation. Figure
1 shows the comparison between the traditional GOP-based
methods and our proposed method. The whole network is
shown in Figure 2, and the detailed scoring module is shown in
Figure 3 . The network consists of two parts: the DNN-HMM-
based acoustic model and the attention-based scoring module.
The acoustic model comes from a pre-trained ASR model to
extract acoustic features for pronunciation assessment. The
attention-based scoring module is used to model the relation-
ship among frames, phonemes, words, and sentences as well as
to score the utterance.

2.1. DNN-HMM-based acoustic model

The acoustic model of DNN-HMM-based ASR has multiple
layers between input and output. It takes acoustic features as
input and outputs the posterior probability of the senone given
observation with acoustic frames associated defined as Eq. (1)
[18][19], where pj is the output class probability, xj is jth out-
put before the SoftMax layer, k is an index over all classes, ot
is the observation vector, and st is the senone state at time t. It
is optimized by cross-entropy, whose frame-level labels are ob-
tained based on forced alignment using a GMM-HMM system.
The posterior probability of the senone can be converted back
into the HMM’s emission likelihood defined as Eq. (2) [20].

P (st|ot) = pj =
exj∑
k e

xk
(1)

P (ot|st) =
P (st|ot)× P (ot)

P (st)
(2)

2.2. Scoring module for pronunciation assessment

The scoring module takes the deep features from the acoustic
model and the alignment information from the pre-trained ASR
as input to score the utterances as shown in Figure 3. As an ut-
terance is composed of multiple words, phonemes, and frames,
we exploit the intrinsic relationship among them based on a hi-
erarchical network. Given the alignment information, we can
obtain the acoustic representations for each phoneme by av-
eraging the deep features of the corresponding frames in the
phoneme. As each phone type in the phone set shows distinct
characteristics [3], we employ independent numerical represen-
tations for each phoneme, which is called phoneme embedding.
We sum the phoneme embedding to the phoneme-level acous-
tic representations to obtain the final phoneme representations.
As different phonemes in an utterance may make different con-
tributions to the final scores, we assign different weights to
phonemes in an utterance. Specifically, we apply the multi-head
self-attention mechanism to the phoneme-level features, which
has prevailed in the natural language processing (NLP) appli-
cations [21]. The self-attention mechanism is used for com-
puting the representation of a sequence by paying different at-
tention to different positions in the sequence. We use the self-
attention mechanism to calculate the weighted representations
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Figure 3: The detailed scoring module

for each phone in a word, and then obtain the corresponding
word representations by averaging these phone representations
followed by a nonlinear transformation. Similarly, we consider
different words in an utterance contribute differently to the ut-
terance score [22]. The self-attention mechanism is applied to
the word-level representations as well. Finally, we calculate the
utterance-level representations by averaging the weighted word
representations in an utterance. Based on the utterance-level
representations, we apply a non-linear transformation followed
by a sigmoid activation function to obtain a score ranging from
0 to 1.

2.3. Training scheme

We conduct a three-stage training scheme for the whole net-
work. First, the DNN-HMM-based acoustic model is pre-
trained in a standard training procedure of the ASR system
before outputting deep features to the scoring module. Sec-
ond, to better adapt the network to assessment tasks as well
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as facilitate faster transfer to various tasks, we further pre-train
the network utilizing a significant amount of synthetic scoring
data. The scores are generated from a simple GOP-based scor-
ing model, which may be of low-quality. We experiment with
both frozen and unfrozen weights of the acoustic model in this
training stage. Finally, based on the transferred network, we
update the scoring module with a small amount of high-quality
data labeled by human experts. The last two training stages are
both optimized by a mean square error loss between the pre-
dicted scores p and their corresponding gold-standard scores y
defined as Eq. (3), where i denotes ith utterance and n means
the number of utterances.

Lscore =
1

n

n∑
i=1

(pi − yi)
2 (3)

3. Experiments
3.1. Corpus

The corpus consists of data for ASR training and pronunciation
scoring. The ASR training data includes the 960-hour native
LibriSpeech corpus [23], and the 1000-hour non-native corpus
recorded by Chinese teenagers with age evenly distributed from
16 to 20 years. The male and female speakers are distributed
evenly as well. The pronunciation scoring data include the syn-
thetic data for the second-stage pre-training and human-labelled
data for fine-tuning. The synthetic data consists of 50, 000 of
the recorded Chinese teenagers’ utterances and the correspond-
ing scores generated from a GOP-based regressor.

For the last-stage fine-tuning, we utilize two different
human-labelled datasets to demonstrate the efficiency and ef-
fectiveness of fast adaptation of the proposed scoring module.
The first dataset consists of 11, 000 English utterances read by
1, 000 Chinese speakers with ages evenly distributed from 16 to
20 years. The average number of words in the sentences is 13.
Three experts rated sentence pronunciation on a scale of 1-5,
with 1 representing hardly understandable pronunciation and 5
representing native-like pronunciation. The averaged inter-rater
correlation at the sentence level, calculated by Pearson correla-
tion coefficient (PCC) between scores of one rater and average
scores of the other two, is 0.78. By averaging scores from three
experts, we obtain continuous sentence scores ranging from 1
to 5. The whole dataset is divided into 10, 000 sentences for
training and 1, 000 for testing. The score distribution of the
test set is shown in Figure 4. The x-axis represents the average
scores of human raters, and the y-axis represents the number of
occurrences within the corresponding score range. The second
dataset comes from a public dataset called Speechocean762. It
is recorded by 250 non-native speakers, where half of the speak-
ers are children. It consists of 5, 000 English sentences with
multi-granularity labeling - each phoneme, words, and sentence
is labeled, and with an overall score assigned to each sentence.
Half of the dataset is used for training while the other half is
used for testing. We scale the scores to the range of 0 and 1.

3.2. Experimental setup

The DNN-HMM-based acoustic model consists of a time de-
lay neural network with layers number of 11 [24]. We utilize
deep features of the acoustic model as the input for the scor-
ing module. The deep features and phoneme embedding have
a dimensionality of 256 and 32, respectively. Non-linear trans-
formation with 256 × 32 parameters has been applied to the
deep features before being added to the phoneme embedding.
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Figure 4: The distribution of human-labelled scores

The head number of the self-attention modules at the phone and
word levels is 4. The parameters of phone-level, word-level
and sentence-level non-linear transformation have dimension-
ality of 32×32, 32×32, and 32×1, respectively. Three layers
with layer normalization (LayerNorm) are added to the frame,
phone, and sentence layers, respectively, for faster convergence
[25]. The number of parameters is shown in Table 1, indicating
the scoring module has only 0.2% of parameters compared with
the acoustic model.

Table 1: Parameters of the network

Model Parameters

Acoustic model 8165047
scoring module 20289

3.3. Comparative study

We evaluate the proposed method by calculating PCC of the
sentence scoring. Three experimental settings are presented to
demonstrate its effectiveness: (1) comparison with GOP-based
baselines for pronunciation assessment; (2) performance with
different settings of pre-training and fine-tuning; (3) ablation
studies about the rationality of the proposed scoring structure.
The human-labelled datasets introduced in 3.3.3 are denoted as
L2 set and Speechocean762 set, respectively.

3.3.1. Comparison with GOP-based baselines

We conduct two experiments in this part: (1) comparison with
the previous state of the art GOP-based methods; (2) compari-
son to our proposed scoring module with the traditional or im-
proved GOP as input instead of the deep features.

First, we compare our method with two traditional base-
lines, including a neural network (NN)-based model and Gra-
dient Boosting Tree (GBT)-based model with phone-level GOP
scores as input. The GOP score is derived from the previous
work [3]. The NN-based model consists of two Bidirectional
Long Short-Term Memory (BLSTM) layers followed by a mul-
tilayer perceptron (MLP) layer with the standard sigmoid acti-
vation function (2BLSTM + MLP) [26]. The first BLSTM layer
takes the phone GOP as well as the phoneme embeddings as in-
put. The outputs of the last hidden units are concatenated as
input for the next BLSTM layer. The MLP layer is then applied
over the concatenated representations from the second BLSTM

4440



to obtain the sentence score. Features for the GBT-based model
include the average GOP score of each phoneme, the average
position of each phoneme in a sentence, which is the beginning
(1), middle (2), ending position (3) in a word as well as the
position representing a single-phoneme word (4), and the total
number of phoneme in a sentence. Results of the comparison
are shown in Table 2.

Table 2: Comparison between the GOP-based baselines and
ours

Model L2 set Speechocean762 set

GOP (2BLSTM+MLP) [26] 0.83 0.67
GOP (GBT) 0.80 0.65
Ours 0.86 0.72

From the results, we can see the GBT-based method is in-
ferior to the BLSTM-based method by nearly 2% in PCC, indi-
cating it is beneficial utilizing a complex neural network-based
structure. Our proposed method outperforms the GOP-based
baselines in PCC by 4% at least, indicating our results correlate
better with human scores.

Second, we compare our method to the same scoring mod-
ule with GOP as input instead. We replace the deep features
from the acoustic model with the traditional GOP scores [3] or
an improved GOP considering STPs (STPs GOP) [10]. The re-
sults in Table 3 demonstrate the superiority of taking the deep
features as input compared with GOP scores.

Table 3: Comparison with different inputs for the proposed
scoring module

Model L2 set Speechocean762 set

GOP [3] 0.81 0.64
STPs GOP[10] 0.84 0.66
Ours 0.86 0.72

3.3.2. Performance with different settings of the second-stage
pre-training and fine-tuning

We do not experiment with changing the first-stage pre-training
of the acoustic model. However, we do experiment with variants
of the second pre-training stage for transferring acoustic knowl-
edge from the acoustic model and with the fine-tuning stage
for adaptation to different pronunciation assessment tasks. The
experiments are conducted with the following settings: train-
ing the scoring module with the frozen or unfrozen weights of
the acoustic model, respectively, and fine-tuning and not fine-
tuning the scoring module when conducting new tasks. The
results are shown in Table 4 and 5.

From the results, we can see the experimental setting with
frozen acoustic model and fine-tuning achieves the best perfor-
mance with a PCC of 0.86 for L2 testing set and 0.72 for the
Speechocean762 set. The necessity of the second-stage pre-
training is clear when compared with the results without pre-
training. During the second stage, freezing the acoustic model
performs better than the unfrozen one by 3% in PCC based on
these two datasets. Moreover, the process of fine-tuning can
further improve the performance for specific assessment tasks.
Given a particular task, only 0.2% of parameters need to be
fine-tuned and thus it proves to be parameter-efficient.

Table 4: Performance of different settings of the second-stage
pre-training and fine-tuning based on L2 set

Pre-train Fine-tune Training Testing
frozen frozen 0.87 0.86

unfrozen unfrozen 0.87 0.84
unfrozen frozen 0.84 0.83
unfrozen – – 0.80

– frozen 0.80 0.81

Table 5: Performance of different settings of the second-stage
pre-training and fine-tuning based on the Speechocean762 set

Pre-train Fine-tune Training Testing
frozen frozen 0.82 0.72

unfrozen unfrozen 0.84 0.71
unfrozen frozen 0.80 0.69
unfrozen – – 0.65

– frozen 0.80 0.68

3.3.3. Ablation studies for the scoring module

The scoring module takes deep features at the frame level as in-
put and outputs scores at the utterance level. The self-attention
mechanism exploits the relationship among phones, words, and
sentences. We conduct experiments to replace the self-attention
module with a simple averaging module, where word and sen-
tence representations are obtained by averaging phone and word
representations. The results are shown in Table 6. From the re-
sults, we can see that the self-attention-based scoring correlates
better with the human raters than simply averaging the informa-
tion based on the sentence structure.

Table 6: Models with and without self-attention modules

Model L2 set Speechocean762 set

Without self-attention 0.84 0.69
With self-attention 0.86 0.72

4. Conclusion

In this paper, we propose a transfer learning method for au-
tomatic pronunciation assessment. Instead of relying on com-
plex and approximate feature computation, such as GOP scores,
we directly utilize the deep features from the acoustic model.
A scoring module followed by deep features is designed to
model the human scoring based on the self-attention mecha-
nism. For efficient adaptation to different pronunciation as-
sessment tasks, we conduct a second-stage pre-training with a
significant amount of synthetic scoring data, and fine-tune the
scoring module with a small amount of task-specific scoring
data. Results based on the datasets of Chinese ESL learners
and Speechocean762 show the proposed method outperforms
the traditional GOP-based baselines. In the future, we will fo-
cus on combining mispronunciation detection with the proposed
scoring method to obtain more detailed pronunciation feedback
for L2 learners.
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