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Abstract

The Putonghua Proficiency Test (Putonghua Shuiping Ceshi,
PSC) is a valid form of speaking test in China. The proposi-
tional speaking section in PSC focuses on the speakers’ ability
to express ideas fluently and accurately without textual refer-
ence. However, unlike the other sections of the PSC, the propo-
sitional speaking section is still scored manually. Aiming at
the problem of inefficiency, high cost, and subjectivity of man-
ual scoring in the propositional speaking section, a multimodal
method is proposed based on textual and acoustic modalities
for automatic speech fluency evaluation. First, different neural
networks are used to extract unimodal features. Then, cross-
modal attention is applied to achieve multimodal fusion. Fi-
nally, fluency evaluation results are obtained by applying self-
attention to reinforce the information with high contribution.
The accuracy of the proposed method for automatic speech flu-
ency evaluation is 81.67% on the self-built dataset. It shows
that the textual and acoustic features used in this paper provide
complementary information to improve the accuracy of fluency
evaluation. And the fused features can be effectively applied to
automatic speech fluency evaluation tasks.

Index Terms: Putonghua Shuiping Ceshi, automatic speech
evaluation, multimodal, propositional speaking

1. Introduction

Speech fluency is a vital evaluation criterion of the Putonghua
Proficiency Test (Putonghua Shuiping Ceshi, PSC), which re-
flects the speakers’ oral expression ability. As an open-ended
question, the propositional speaking section requires speakers
to complete an impromptu presentation within a set time limit
[1]. The propositional speaking section focuses on the speakers’
ability to express ideas fluently and accurately. There are sev-
eral criteria for evaluating propositional speaking. Accuracy in
both pronunciation and grammar is regarded as the most com-
mon criterion in PSC. In contrast, the evaluation of speech flu-
ency is more subjective. Factors affecting fluency in proposi-
tional speaking include speaking rate, articulation rate, average
length of pause, phonation time ratio, repetition, correction, etc
[2]. Due to the diversity of the evaluation criteria, manual scor-
ing is still used. However, differences between evaluators lead
to significant gaps in manual evaluations. And the manual scor-
ing of propositional speaking is limited by cost, time, and space.

In this paper, we provide a new perspective for automatic
speech fluency evaluation. Specifically, a 29.83-hour dataset is
firstly constructed to address the problem of scarce resources for
PSC propositional speaking section. Then, textual and acous-
tic features that influence the evaluation of speech fluency are
explored. By analyzing the different expressions of fluency in
textual and acoustic features, we propose a multimodal method
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that combines acoustic features with textual features through
cross-modal attention to achieve audio-text fusion. Finally, we
conduct experiments on the PSC propositional speaking dataset
and compare the results with other models to prove the effec-
tiveness of the proposed method. Experiments show that the
accuracy of the proposed method is 81.67% on the self-built
dataset.

2. Related work

Several scholars have researched automatic speech fluency eval-
uation. Early approaches to automatic speech fluency evalu-
ation were based on acoustic features extraction and fluency
scorer construction. Many studies used features such as speak-
ing rate and pause frequency as input, then used simple ma-
chine learning models to build automatic evaluation models and
trained linear regression or feedforward neural network mod-
els to fit manually annotated fluency scores. A statistical ap-
proach was presented based on the n-gram model to evaluate
sentence fluency on a Chinese corpus in 2003 [3]. A logistic
regression model was used by Bhat to score fluency on eight
signal features and obtained a manual correlation coefficient of
0.6 [4]. Authors in [5] used seven regression models, such as
Random Forest (RF) and Multi-Layer Perceptron (MLP), for
automatic scoring experiments. Multiple linear regression [6]
and ordinal regression neural networks [7] were used to pre-
dict the experts’ mean fluency ratings in second language ac-
quisition. Molholt [8] proposed a hybrid approach to evaluate
spoken fluency by combining three metrics with the Support
Vector Machine (SVM). Deng conducted a series of SVM clas-
sification experiments on a Japanese spontaneous speech cor-
pus [9]. In addition, Deng evaluated speech fluency through
Long-Short Term Memory (LSTM) on the same dataset [10].
Zhang proposed to use Bi-directional Long Short Term Mem-
ory (BLSTM) to capture better dynamic changes in phone-level
fluency features [11]. In recent years, prosodic features have
been used in fluency evaluation tasks. Authors in [12] com-
bined novel prosodic and lexical features to compute the fluency
score. Sammit presented an automated prosody classification
for oral reading fluency with quadratic kappa loss and atten-
tive X-Vectors [13]. Yang proposed a method for predicting the
prosodic word and prosodic phrase boundaries to improve the
Mandarin spoken fluency of international students [14].

In summary, most of the above methods treated the fluency
evaluation as a classification or regression task and used deep
learning methods to achieve satisfactory results. Few studies
combined fluency with semantic, grammatical, and other text-
related content for a comprehensive evaluation. In this work,
we get inspiration from speech recognition and speech emotion
classification models to learn useful features from the raw data.
Inspired by Yoon [15], we use text data and audio signals si-



multaneously to obtain more useful information for automatic

speech fluency evaluation.
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Figure 1: The architecture of the model

3. Method

The architecture of the model is shown in Figure 1. The whole
model consists of an acoustic encoder, a textual encoder, and
a multimodal fusion network. The measured data consists of
textual and acoustic modalities, which are 2D tensors denoted
by X;€RT**% and X,€ RT*% where T}, and d,,, represent
sequence length and feature vector size of modality. For the rest
of the paper, t and a represent textual and acoustic modalities,
respectively. We encode all sequences from different modalities
to guarantee a better fusion outcome.

3.1. Textual encoder

First, pre-trained Chinese BERT-base word embeddings are
used to obtain word vectors from the text. Specifically, the
head embedding of the last layer encoded by Bert [16] is used.
We denote the text sequences as X ={xo, Z1, ..., Tn+1}. Then,
Gated Recurrent Unit (GRU) is applied to capture the contex-
tual timing information.

Ty X dy

X, =GRU(X:) € R )

Where X represents the text sequences obtained from the
end-state of the GRU.
3.2. Acoustic encoder

The acoustic encoder is used to obtain sequential and statistical
information from the acoustic modality by integrating data from

the Mel Frequency Cepstral Coefficient (MFCC) and prosodic
features.

A fully connected network is used to process prosodic se-
quences. For MFCC sequences, we first use a layer of the fully
connected network to process MFCC features, after which we
input the processed features to the transformer coding layer to
obtain more useful MFCC sequences:

N TpXdp
X, =W,X,+b, € R o

T Xdm

Xm = Transformer(WpmXm + bm) € R

Where W is the weight vectors, and b is the bias. X, refers
to the final stages of the MFCC output. Then the MFCC feature
vector X, is concatenated with another prosodic feature vector,
X p. to generate a more informative vector representation of the
signal.

Xo = Concat(Xp, Xom) 3)

Where X, represents the fused acoustic feature vector.

3.3. Multimodal fusion network

In this paper, we construct a Transformer [17] based sequence
encoding and use the ideas in [18, 19, 20] to encode multiple
cross-modal attention blocks. Then self-attention is applied to
reinforce the information from the raw and processed features.

First, we add the positional embedding (PE) with temporal
information to X, and X;.

Zy = X + PE(T,,d) @
Zo = Xo + PE(Tx,,d)

Then, textual and acoustic modalities are used as exam-
ples to introduce cross-modal attention in detail. Each attention
module requires three inputs, Query (Q), Key (K), and Value
(V). We define the three inputs as follows:

Qi = X:Wo,
Ka = XaWKa (5)
Vo = XoWo,

Where Wiq, k. v, € R"{ta:a} ¥ {kk.k} is weight. In the
following, we use the example for passing acoustic (a) modality
to textual (t) modality, which is denoted by “a — t”. And the
fused attention output vector Y from a to t can be represented
as follows:

Y, =CM

ot (Xt Xa)

QKL
Vi,

X Wo, Wik XT

Vg
The audio-to-text and text-to-audio features obtained

through cross-modal attention to fuse different modalities are
as follows:

= softmaz(

Wa )

= softmaz( ) Xawy,

2= CM, . (Za, 21) -
Zi = CM,.,, (21, Z)
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The self-attention is a variation of the attention mechanism,
which relies less on external information and is better at cap-
turing the internal relevance of data [21]. In this paper, we put
the textual feature vector X, the acoustic feature vector Xa,
the enhanced textual feature vector Z: and the enhanced acous-
tic feature vector Z;' through the self-attention to reinforce the
information, in order to obtain:

Z=Xo+ X+ 2L+ 7¢ ®)

Finally, the fluency level is obtained by a layer of the fully
connected network. Where W and b denote the weight vector
and bias, respectively. And doy: is the output dimensions of
fluency levels.

Fluency =WZ +be Rdout ©)

4. Experiments
4.1. Dataset

We evaluate our model on the self-built PSC propositional
speaking dataset. The dataset consists of 600 acoustic files from
205 speakers, including actual and simulated exam data. For all
files, speakers must choose one of two topics and speak freely
for three minutes.

We make the textual annotations and manual scoring an-
notations for each audio. As there is no reference text for the
PSC propositional speaking section, Praat is used to proofread
the audio and text files. The manual scoring annotations of the
dataset are evaluated in seven dimensions according to the PSC
propositional speaking scoring criteria. The main focus of this
paper is fluency, which uses a five-point system with three lev-
els, as shown in Table 1.

Table 1: Definition of fluency levels

Fluency Expression

levels

levell Natural and coherent speech.

level2 Coherent speech in general, poor oral expres-
sion (a performance of recitation).

level3 The speech is incoherent, with many pauses,

repetition, and stammering.

Three qualified and experienced evaluators are invited to
score our data. The correlation coefficients for the three eval-
uators’ overall scoring of the propositional speaking data are
88.20%, 88.60%, and 83.59%. The average correlation coeffi-
cient on fluency is 78.87%. It shows that the evaluators’ scor-
ing results can be used as labels for the training model. Table 2
shows the statistical results for the dataset.

4.2. Feature Extraction

First, each audio is split into several segments. Then MFCC and
prosodic features are extracted as fluency features from these
segments. The 39-dimensional MFCC feature vector extracted
in this paper is set to have a frame size of 25 ms at a rate of 10
ms with the Hamming function. The prosodic features are com-
posed of 120 features, which include the FO frequency (FO0),
the Short Term Energy (STE), the Zero-Crossing Rate (ZCR),
Sound Pressure Level (SPL), etc. The MFCC and prosodic
features mentioned above are obtained using the OpenSMILE
toolkit [22] and librosa [23].

Table 2: Dataset statistics table

Data information Results
Total duration of speech (hours) 29.83
Total number of sentences 8682
Average duration of words each sentence (seconds)  11.53
Total number of words 303274
Total unique words 3143
Maximum words in a sentence 150
Minimum words in a sentence 1
Average words in a sentence 36
Ratio of actual exam data to simulated exam data 1:5
Degree of fluency ratio 1:1:1
4.3. Setup

Our model is implemented using PyTorch [24]. During train-
ing, we train each model with a batch size of 8 for 20 epochs
and monitor its performance on the validation set. The mean
square error (MSE) loss is applied to train the network using
the Adam optimizer, with a learning rate of 1e-3. The input di-
mensions of the text, MFCC, and prosodic features are 768, 39,
and 120, respectively. The two-layers GRUs with hidden layer
dimensions are set to 128, 32. The fully connected network
hidden layer dimension is set to 32. The dimension and number
of heads in cross-modal attention are set to 16 and 8. All our
experiments are conducted on NVIDIA TESLA V100 GPU.

4.4. Results and analysis

In this section, we first conduct comparative experiments on
the unimodal models. Then, we explore features from differ-
ent modalities that influence the fluency evaluation. Finally, we
compare our model with other multimodal models and design
an ablation study to evaluate the impact of different inputs and
the use of modules. The mean absolute error (MAE), accuracy
(Acc), F1 score (F1), and Pearson correlation (Corr) are used in
experiments to evaluate model performance.

4.4.1. Unimodal Comparison Results

The performances of textual and acoustic features in speech flu-
ency evaluation are verified under unimodal conditions. As
shown in Table 3, Multinomial Naive Bayes (MNB), Logis-
tic Regression (LR), SVM, and MLP are used to obtain uni-
modal comparison results. The experimental results show that
the prosodic features are particularly well represented in fluency
evaluation. And we note that textual features are informative in
this paper. Then, we extract several prosodic features and an-
alyze their performances at different levels of fluency. The re-
sults are shown in Figures 2, 3. Additionally, XGBoost [25] is
used to rank all prosodic features. In Figure 4, we see that FO
and STE make significant contributions to the study of fluency.

levell kvel k

Figure 2: FO at different levels of fluency
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Table 3: Comparison of unimodal with different models

Feature Models Acc(%) F1(%) Corr(%)

Text MNB 62.50 59.30 64.38
LR 65.00 63.84 72.10
SVM 64.17 64.36 74.60
MLP 62.50 63.53 67.85

MFCC MNB 52.50 52.27 32.20
LR 51.67 51.71 38.56

SVM 42.50 42.45 36.24
MLP 47.50 40.77 34.18
Prosody MNB 51.67 50.10 26.45

LR 74.17 73.87 72.69
SVM 70.83 70.77 77.06
MLP 75.83 75.61 80.77

Figure 3: STE at different levels of fluency
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Figure 4: Top 15 prosodic features that affect fluency

4.4.2. Multimodal Comparison Results

The classical multimodal encoders [15] mentioned in Session 2
are used as the comparison models for this experiment, which
include the Audio Recurrent Encoder (ARE), the Text Recur-
rent Encoder (TRE), the Multimodal Dual Recurrent Encoder
(MDRE), and the Multimodal Dual Recurrent Encoder with At-
tention (MDREA). In addition, our modal is compared with the
existing state-of-the-art baselines for multimodal analysis. The
Later Fusion DNN (LF-DNN) first learns unimodal features and
then concatenates these features before classification. The Ten-
sor Fusion Network (TFN) [26] calculates a multi-dimensional
tensor to capture unimodal and bimodal interactions. The Low-
rank Multimodal Fusion (LMF) [27] performs effective multi-
modal fusion by using modality-specific low-rank factors. The
Multimodal Transformer (MULT) [18] uses the cross-modal
transformer to fuse different modalities. The comparative re-
sults are shown in Table 4. From these results, we find that our
proposed model surpasses other models in most of the evalua-
tions.

Table 4: The results of different modals on PSC propositional
speaking dataset

Models Ace(%) F1(%) Corr(%) MAE
ARE 63.33 62.60 73.00 0.48
TRE 64.17 63.22 73.86 0.45
MDRE 68.33 67.48 80.03 0.43

MDREA 65.00 65.01 75.86 0.44
LF-DNN 72.50 72.05 79.21 0.42

TFN 70.83 70.35 79.92 0.42
LMF 73.33 72.76 81.41 0.39
MULT 80.83 81.11 84.05 0.30
Ours 81.67 81.66 85.51 0.34

4.4.3. Ablation study

The ablation study of model performance with varying modali-
ties combination is shown in Table 5. The first three rows are the
results with only one feature. The next three rows summarize
the results from the combination of different features. The fol-
lowing two rows evaluate the influence of the feature extraction
and self-attention mechanism. Through ablation study, we ob-
serve that combining textual and acoustic features significantly
can improve the model’s performance.

Table 5: Ablation study on the proposed modal

Description Ace(%)  F1(%) Corr(%)
Text only 63.33 62.54 70.61
MFCC only 75.00 74.71 82.44
Prosody only 38.33 43.69 43.35
MFCC+Text 76.67 76.03 85.91
Prosody+Text 65.83 64.88 74.53
MFCC+prosody 73.33 72.92 81.70
w/o Transformer&GRU 76.67 76.09 81.98
w/o Self-Attention 75.00 75.08 84.02
Ours 81.67 81.66 85.51

5. Conclusions

Speech fluency is one of the critical evaluation criteria for PSC.
However, little work has been done to achieve automatic speech
fluency evaluation. This paper introduces a multimodal method
based on textual and acoustic modalities for automatic speech
fluency evaluation. Our research contributions are as follows:
First, a 29.83-hour dataset of PSC propositional speaking is
constructed. Then, some features that influence the evaluation
of speech fluency are explored. Finally, fluency evaluation re-
sults are obtained using cross-modal attention and self-attention
to achieve multimodal fusion and information reinforcement.
Experiments demonstrate that the fused features used in this
paper provide complementary information to improve the accu-
racy of fluency evaluation. Future work will focus on improving
the accuracy of automatic speech fluency evaluation.
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