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Abstract
Hypernasality is an abnormal resonance in human speech pro-
duction, especially in patients with craniofacial anomalies such
as cleft palate. In clinical application, hypernasality estima-
tion is crucial in cleft palate diagnosis, as its results determine
the subsequent surgery and additional speech therapy. There-
fore, designing an automatic hypernasality assessment method
will facilitate speech-language pathologists to make precise di-
agnoses. Existing methods for hypernasality estimation only
conduct acoustic analysis based on low-resource cleft palate
dataset, by using statistical or neural network-based features.
In this paper, we propose a novel approach that uses auto-
matic speech recognition model to improve hypernasality es-
timation. Specifically, we first pre-train an encoder-decoder
framework in an automatic speech recognition (ASR) objec-
tive by using speech-to-text dataset, and then fine-tune ASR en-
coder on the cleft palate dataset for hypernasality estimation.
Benefiting from such design, our model for hypernasality esti-
mation can enjoy the advantages of ASR model: 1) compared
with low-resource cleft palate dataset, the ASR task usually in-
cludes large-scale speech data in the general domain, which
enables better model generalization; 2) the text annotations in
ASR dataset guide model to extract better acoustic features. Ex-
perimental results on two cleft palate datasets demonstrate that
our method achieves superior performance compared with pre-
vious approaches.
Index Terms: Cleft Palate, Hypernasality, Automatic Speech
Recognition.

1. Introduction
Cleft lip and palate (CLP) [1], is the most common congenital
deformity in the oral and maxillofacial region, with the inci-
dence of 1.4 in 1000 live births in human. In CLP patients,
they usually have inability to pronounce the normal sound due
to the incomplete closure of their soft palate (i.e., velopharyn-
geal dysfunction), and thus results in the production of hyper-
nasality [2, 3]. To treat this illness, CLP palates are usually
required to conduct a series of palate surgery and subsequent
speech therapy. Therefore, how to estimate the CLP severity is
a critical element to determine the final treatment for patients.

Hypernasality is regarded as one of the primary symptoms
in cleft palate and it is usually characterized as excessive nasal
resonance in pronouciation. As a result, the CLP patients with
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hypernasality cannot pronounce vowel and consonant as clear
as normal people. Therefore, to a certain degree, the severity of
hypernasality reflects the degree of the opening and closing of
a velopharyngeal passageway between the oral cavity and nasal
cavity. How to estimate the severity of hypernasality has been
considered as an important metric to evaluate the outcome of
primary cleft palate repair, and to determine the need for the
further treatment, such as pharyngoplasty and speech therapy.
In clinical examinations, hypernasality rating is usually evalu-
ated by speech-language pathologists (SLPs). However, avail-
ability of expert SLPs is usually limited, and the diversity of
intra-rater and inter-rater reliablities will also affect the result
of subjective hypernasality evaluation. Accordingly, some sci-
entists attempted to investigate the possibility of detecting hy-
pernasality by using machines or instruments. For example, na-
someter [4] is a widely used instrument to measure nasalance
with a rating of 0-100. Nevertheless, these instrumental meth-
ods do not demonstrate high correlation with clinical perception
of hypernasality and these instruments also require experienced
clinicians to operate [5].

Recently, machine learning based automatic hypernasality
estimation has drawn enormous attention. Existing methods
are mainly based on speech signal processing as cleft palate
speech exhibits abnormal nasal resonance in the spectrum fea-
tures. The training pipeline of machine learning based methods
is to first extract acoustic features, like Mel-frequency cepstral
coefficients (MFCC) or filter banks, and then perform classifica-
tion using support vector machine and Gaussian mixture mod-
els. For example, [6] applied voice intonation features, MFCC
and Teager energy operator to detect hypernasality. [7] investi-
gated the effect of energy shifts to the low-frequency bands to
estimate hypernasality. [8] introduced a single frequency filter
bank based long-term average spectral for hypernasality esti-
mation. [9] analyzed multiple different acoustic features for au-
tomatic identification of hypernasality. [10, 11] also designed
some novel acoustic features to better extract hypernasality-
related semantics. These works mainly focused on extracting
or designing advanced acoustic features for hypernasal speech
detection. Inspired by the success of deep neural network in
speech processing tasks, some works [12, 13, 14, 15] also tried
to use recurrent neural network, convolutional network or atten-
tion model to detect hypernasality in an end-to-end manner.

Although significant progresses have been achieved in eval-
uating hypernasality, there still remain a few limitations in the
current systems. First, existing systems for hypernasality es-
timation only leverage cleft palate datasets. However, differ-
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ent from common speech processing tasks, cleft palate datasets
are usually extremely difficult to collect, due to privacy and its
annotations that require expert SLPs labeling. In other words,
CLP datasets are usually in a low-resource scenario, which re-
sults in a poor generalization for model capacity. Secondly, pre-
vious work [16, 17] have analyzed that hypernasality has obvi-
ously abnormal area in acoustic space (e.g., vowel or conso-
nant), especially in the spectrum dimension [13]. Thus, it can
be concluded that learning high quality acoustic features is ben-
eficial for predicting hypernasality. However, existing systems
(especially neural network based models) for hypernasality es-
timation only build the connection between the CLP speech and
its hypernasality rating, without modeling acoustic features ex-
plicitly or implicitly. How to address the above two items for
hypernasality estimation is the target of our paper.

Different from CLP datasets, many speech processing tasks
in general domain usually have rich resource. Specifically, au-
tomatic speech recognition (ASR) [18] is one of the most rep-
resentative tasks in speech processing. The objective of ASR is
to recognize the content of the input speech and return its cor-
responding text. By leveraging additional text annotations, the
model is able to understand the content of speech semantic (e.g.,
vowel or consonant) and extract high quality representations for
acoustic features. In addition, many ASR datasets [19, 20] usu-
ally have enormous speech data (e.g., Librispeech [19] includes
960 hrs data), and do not suffer from the low-resource issue.
Considering these characteristics of ASR task, we have raised
a hypothesis: is it possible to improve hypernasality estimation
by leveraging the advantages of the ASR objective.

As aforementioned, hypernasality derives abnormal expres-
sions in the acoustic space (e.g., vowel and consonant). The
existing advanced methods for hypernasality estimation are
mainly using neural network [12, 13, 14, 15]. But all of them
just simply stacked multiple neural network layers over the
acoustic features (like MFCCs) to conduct classification, and
cannot enable model to further extract better acoustic seman-
tics since these methods only focused on learning hypernasality-
related features and ignored to understand acoustic semantics.
However, it is worthy to note that ASR models can naturally
extract high-quality representations of acoustic features (espe-
cially in identifying vowel and consonant), since large-scale text
annotations encourage model to thoroughly understand the con-
tent of acoustic features (e.g., for text “am” and its phonation
/@m/, the model needs to identify vowel /@/ and consonant /m/,
and then returns the answer). Inspired by success of transfer
learning in other tasks [21, 22], we deem that using ASR model
for initialization is beneficial for estimating hypernasality.

Therefore, in this paper, we introduce a novel approach
to leverage ASR model for hypernasality estimation from the
perspective of transfer learning. Specifically, we first pre-train
an encoder-decoder framework by using the ASR objective on
large-scale ASR corpus, and then apply the pre-trained ASR
encoder to conduct hypernasality estimation on CLP corpus.
Such design can take advantages of ASR model in learning
hypernasality-related semantics: 1) ASR tasks usually includes
enormous audio data that enables model to obtain a better gen-
eralization; 2) Benefiting from text annotations, the neural net-
work based encoder with ASR objective is able to extract better
phonetic representations for hypernasality estimation. Experi-
mental results on two different CLP datasets also indicate that
our model with ASR initialization is superior to the base model
without using initialization.

Encoder DecoderASR database

CP database Encoder Classifier

initialization

Figure 1: The training pipeline of our approach. The first row is
using ASR dataset for model training, and then use ASR-trained
encoder for an initialization to conduct hypernasality assess-
ment on cleft palate dataset.

2. Method
2.1. ASR Formulation

Automatic speech recognition (ASR) is to identify the content
of human voices and then return the corresponding text. Assum-
ing ASR corpus as (S, T ), where S and T correspond to au-
dios and the corresponding language descriptions, respectively.
For audio data, they are first processed as a sequence of acous-
tic features (e.g., Mel filter-bank features) at the frame level,
and then feed into the model. Generally, we adopt an encoder-
decoder framework [23] to handle ASR task where the decoder
is formulated as an auto-regressive manner, and the parameters
are defined as θ = {θenc, θdec}. The objective of ASR sys-
tem is to predict the most possible corresponding text from the
given speech as argmaxP (T |S). The objective function is
optimized by maximum likelihood estimation as:

LASR = −
(S,T )∑

(s,t)

|t|∑

i=1

logP (ti|t<i, s; θenc, θdec), (1)

where (s, t) is a paired speech and text, t<i means tokens before
position i and {θenc, θdec} represent the parameters of encoder
and decoder, and P (ti|t<i, s; θenc, θdec) is to predict the i-th
token in the text sequence based on previous position and the
given speech. Therefore, by optimizing the Eqn. 1, we can ob-
tain a well-trained ASR model in the general domain, and its
encoder can extract deep representations from acoustic features
so that the decoder is able to predict the corresponding text ac-
curately.

2.2. Hypernasality Estimation Formulation

The target of hypernasality estimation is to evaluate the level of
hypernasality from the speech of CLP patients. More specif-
ically, by adopting different evaluation criteria, hypernasality
estimation can be subdivided as hypernasality detection and hy-
pernasality assessment. The former is to detect whether the cleft
palate speech includes hypernasality or not, which can be sim-
plified as a binary classification task. The latter is to predict
the hypernasality rating of the corresponding cleft palate speech
to determine the hypernasality severity, which is a more chal-
lenging multi-class classification task. In this paper, the rating
of hypernasality severity is formulated as a range of 0−3 (0-
normal, 1-mild, 2-moderate, 3-severe), each of which represents
one class in the multi-class classification task.

The CLP corpus can be denoted as a 2-tuple (X ,Y), where
X and Y represent the datasets of CLP speech and the corre-
sponding hypernasality rating, respectively. For CLP speech,
we adopt the same preprocessing step to obtain the similar
acoustic features (i.e., Mel filter-bank feature), like ASR task, to
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Rating # NMCPC # CNH

Normal 25 239
Mild 11 190
Moderate 14 509
Severe 16 108

Table 1: Statistics of NMCPC and CNH cleft palate datasets. “
# NMCPC” and “# CNH” column represent the patient number
of each hypernasality severity.

guarantee the consistency. To conduct hypernasality estimation,
we employ an encoder network with a classifier layer, where the
parameters are defined as θ̃ = {θ̃enc, θ̃cls}. Therefore, the ob-
jective of hypernasality estimation is formulated as following:

LCLS = −
(X ,Y)∑

(x,y)

logP (y|x; θ̃enc, θ̃cls), (2)

where θ̃enc and θ̃cls represent the parameters of the encoder and
classifier respectively. The classifier is a linear layer to scale the
dimension of the encoder outputs as the number of categories
|C|, with a connected softmax function to predict probability.
|C| is respectively set as 2 and 4 for hypernasality detection
and hypernasality assessment.

2.3. Transfer Learning

As mentioned above, with the help of large-scale speech data
and the labeled text, the ASR encoder can be viewed as a pow-
erful acoustic feature extractor. Consequently, we deem that the
encoder with ASR training is better for hypernasality estimation
due to its ability in learning high quality acoustic representa-
tion. To fulfill this target, we require the architecture of encoder
used in the ASR task and hypernasality estimation to be com-
pletely identical, and same as the input acoustic features (Mel
filter-bank). More specifically, we first train an encoder-decoder
framework in an ASR objective, and then conduct hypernasality
estimation task based on ASR encoder. Therefore, the objective
function of our method is as follows:

LCLS = −
(X ,Y)∑

(x,y)

logP (y|x; θenc, θ̃cls),

where θenc is the parameters of ASR encoder in Eqn. 1. Fig-
ure 1 also presents a simple description about our training
pipeline.

3. Experiments
3.1. CLP dataset

3.1.1. NMCPC-CLP

NMCPC-CLP is a dataset collected by New Mexico Cleft Palate
Center [8], which is mainly composed of English speakers with
cleft palate. This dataset includes 41 CLP patients and we sam-
ple 25 normal speakers as the control group. The average age
of NMCPC-CLP is 9.2±3.3 years. Each patient is required to
record a random subset of sentences from the candidate sen-
tences. Based on the sampled audios, each patient will be as-
signed a score from 0 to 3 (0 stands normal and 3 means severe).
For hypernasality detection, the patients with hypernasality are
defined as who has a score between 1 and 3. Refer to Table 1
for more details about the NMCPC-CLP dataset.

ASR CLS

CNN
stride 2, 2
kernel width 5, 5
channel 1024

Transformer

layer 12
hidden size 512
filter size 2048
dropout 0.1
heads 8

Optimization
batch 256 32
learning rate 2e-3 2e-4
Epoch 100 30

Table 2: Hyper-parameters of experimental setup. The “ASR”
and “CLS” column means the setting of automatic speech
recognition, and hypernasality estimation.

3.1.2. CNH-CLP

CNH-CLP is a dataset collected by a Chinese hospital, which
includes cleft palate patients with a range from children to
adults. All patients in CNH-CLP dataset are Chinese speakers.
The procedure of audio collection for each patient is similar as
NMCPC-CLP dataset. Table 1 introduces the detailed informa-
tion about the CNH dataset.

3.2. ASR Datasets

3.2.1. Librispeech

Librispeech [19] is a large-scale speech recognition dataset in
English domain. Librispeech includes 960 hrs speech data,
sampled at 16,000 Hz with the corresponding text for train-
ing. During the ASR training, we select dev-clean/dev-other
as the development set. We use Librispeech to train an ASR
model, and then apply it to NMCPC-CLP dataset since these
two datasets are both in English domain.

3.2.2. Aishell

Aishell-1 [20] is a widely used speech recognition dataset in
Chinese domain. Aishell-1 dataset includes 150/10 hrs audios
for the training/dev set. Each audio is sampled at 16,000 Hz,
with the corresponding text. We use Aishell-1 for ASR training
and then use it for CNH-CLP dataset as these two tasks belong
to the same language.

3.3. Setup

For audio inputs, we first resample audios at 16,000 Hz and then
extract 80-channel log mel filter-bank features (25 ms window
size and 10 ms shift) for all ASR datasets and CLP datasets. We
choose Fairseq-S2T [24] as the development toolkit. For ASR
task, the encoder is composed of two convolutional layers for
sub-sampling and a stack of transformer layers [25], and the de-
coder is a stack of transformer layers with cross-attention mod-
ules. During the ASR training stage, we use SpecAugment [26]
for data augmentation. We adopt Adam [27] as the default opti-
mizer. The detailed hyperparameters are reported in Table 2. In
addition, to reduce variance, we use five-fold cross-validation to
measure our classification accuracy. All evaluations are tested
at the speaker level.
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4. Results
4.1. Hypernasality Estimation Accuracy

We adopt the precision as the metric to evaluate the perfor-
mance of our model in hypernasality assessment. The results
are shown in Table 3. Our baseline is the base model without
using ASR encoder. We also list some baselines [8], which use
statistical features for reference. From Table 3, we have the
following observations: 1) when configured with ASR encoder,
our method can outperform the baseline method by a large mar-
gin, including hypernasality detection and assessment, in both
NMCPC and CNH cleft palate datasets; 2) compared with the
statistical methods, our method also achieves significant im-
provement, especially in hypernasality detection. These im-
provements also demonstrate the effectiveness of our method.
Besides, our method is capable of generality and can be applied
to any neural networks used in previous works [10, 12].

NMCPC CNH
Method HD HA HD HA

Baseline 90.1 ± 0.3 77.8 ± 0.6 93.1 ± 0.3 73.1 ± 0.3
+ ASR 93.4 ± 0.2 83.6 ± 0.2 96.5 ± 0.2 79.8 ± 0.5

MFCC [8] 84.07 62.64 88.1 ± 0.2 69.1 ± 0.1
CQCC [8] 84.07 70.05 - -
SFFB [8] 89.00 82.10 - -

Table 3: Results of hypernasality estimation on NMCPC and
CNH cleft palate datasets. The “+ ASR” row means using ASR
encoder. “HD” and “HA” represent hypernasality detection
and hypernasality assessment respectively.

4.2. Analysis

Figure 2: Confusion matrix of our method for hypernasality
classification on CNH dataset.

4.2.1. Confusion Matrix

To demonstrate the generalization of our model in predicting
hypernasality, we also visualize the confusion matrix of our
model by using ASR encoder in hypernasality classification,
and the results are shown in Figure 2. From Figure 2, we ob-
serve that our model is significant in predicting each label, espe-
cially in normal, mild and moderate patients. Considering that
CNH is an unbalanced dataset (moderate and severe patients oc-
cupy 50% and 10% respectively), the accuracy of our model in

predicting severe cases is still acceptable. Overall, these results
indicate that our model can obtain better generalization perfor-
mance and avoid overfitting effectively.

4.2.2. Visualization

To better explain the advantages of our methods in identifying
acoustic features, we also visualize the hidden unit of encoder
output. More specifically, we assume the output of encoder as
h ∈ RL×D , where L and D represent the frame length and the
hidden size, respectively. Therefore, we first calculate the aver-
age value of h, and then use its absolute value as the activated
value of i-th frame (i.e., 1

D
|∑D

j=1 hi,j |). The result and its cor-
responding mel spectrum are shown in Figure 3. We can find
that the outputs of our model is more sensitive to acoustic fea-
tures and demonstrate higher activated value, while the model
without using ASR is too smooth to distinguish the semantic
of acoustic features. This phenomenon also validates our hy-
pothesis that ASR model can indeed help to extract high quality
acoustic features.

Figure 3: Comparisons between our method and baseline with-
out using ASR in the activated value of encoder output.

5. Conclusion
In this paper, we introduce a simple and effective approach to
improve hypernasality estimation from the perspective of using
ASR model. More specifically, we note that existing neural net-
work based methods only stack multiple neural network layers
for classification, and cannot extract high quality representation
for acoustic features, which is useful for hypernasality estima-
tion. To address this deficiency, we propose to fine tune the
encoder, which is pre-trained with the ASR objective, for hy-
pernasality estimation. Such design allows our model to enjoy
the benefits of ASR model from two aspects: 1) ASR corpus
usually includes more audio data, which enables better general-
ization; 2) the labeling text of ASR corpus guides model to bet-
ter extract acoustic features. Experimental results on two cleft
palate datasets also demonstrate the effective of our methods in
hypernasality assessment. In the future, we expect to focus on
two research directions: 1) is it possible to utilize more pow-
erful pre-trained speech models (like wav2vec [28]) to conduct
hypernasality estimation in cleft palate speech; 2) traditional
methods for hypernasality estimation usually designed some ad-
vanced statistical acoustic features, and thus we want to explore
the potential of combining neural network based features and
statistical features to better estimate hypernasality.
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