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To enhance the speech clarity in earable voice interaction scenarios, dual-microphone speech enhancement (SE) techniques
with collaboration of in-ear and out-ear microphones have garnered significant attention from the research community.
Nevertheless, existing dual-microphone SE techniques are established on a strong assumption: high-quality in-ear speech
(auxiliary modality) could provide efficient complementary information to the target airborne speech (primary modality), which
decreases the adaptation in the real world. In our work, we explore a key observation that air pressure imbalance caused by ear
canal deformation (ECD) adversely affects the in-ear auxiliary modality, subsequently leading to a significant degradation in
speech enhancement performance. To address the bottleneck issue of poor auxiliary modality, we design an efficient quality-
aware speech enhancement solution, named QuaSE, which efficiently and dynamically fuses complementary information from
in-ear and out-ear microphones by assessing the quality variations of the in-ear speech. Additionally, based on the analysis of
spectral distortion induced by ECD, a training strategy including quality-aware data selection and content-aware augmentation
is designed to improve the generalization capability of QuaSE. Extensive experiments demonstrate that QuaSE outperforms
state-of-the-art techniques by 9.35%, 4.55%, 17.68%, and 12.89% in terms of PESQ, STOI, SI-SDR, and SegSNR. Moreover, we
also validate that the proposed quality-aware fusion strategy can be modularly integrated into other sensing tasks, improving
the fusion performance.
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1 INTRODUCTION
Voice interaction is increasingly prevalent on earable devices, providing intuitive, hands-free control while
enhancing user convenience and accessibility [37]. Consequently, speech enhancement (SE) technology designed
for earables has emerged to ensure clear and intelligible speech input, particularly in noisy environments.
Compared with single-channel SE techniques, multi-modality/channel SE techniques have demonstrated excellent
performance, including IMU-audio [21], ultrasound-audio [13, 14, 49], and RF-audio [28].

Among them, dual-microphone SE techniques [19, 30] with the collaboration of in-ear and out-ear microphones
have become one of the alternatives with wide availability and high universality. Narrow-bandwidth bone-
conducted speech captured by in-ear microphones (referred to as in-ear speech) is less susceptible to ambient
noise due to special characteristics of the channel, which can provide complementary information to noisy-
susceptible airborne speech. This fusion significantly improves the intelligibility and quality of airborne speech
in noisy conditions. However, most existing studies have been predicated on a strong assumption that in-ear
speech exhibits a highly stable correlation with airborne speech. In our work, a key observation is identified: the
cross-channel correlation between in-ear and airborne speech may be severely degraded in practical scenarios,
directly limiting the applicability of prior techniques.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that
copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first
page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy
otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from
permissions@acm.org.
© 2025 Association for Computing Machinery.
XXXX-XXXX/2025/10-ART $15.00
https://doi.org/10.1145/nnnnnnn.nnnnnnn

, Vol. 1, No. 1, Article . Publication date: October 2025.

https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn


2 • Anon.

Key Observation. During the pronunciation process, articulatory gestures cause deformation of the ear
canal by stretching or compressing facial muscles and soft tissues around the ear canal. Ear canal deformation
(ECD) changes the air pressure in the sealed cavity formed by the earphone and the eardrum. Such ECD-
induced pressure fluctuations alter the in-ear microphone’s diaphragm response, compromising the fidelity of
microphone recordings. In our in-depth investigation, we observed that ECD-induced pressure fluctuations
introduce significant distortions into captured in-ear speech (see Sec. 3.3), significantly degrading the cross-
channel correlation between in-ear and airborne speech. This observation underscores a critical limitation of
existing speech enhancement techniques based on in-ear speech fusion. In dual-microphone speech enhancement
tasks, the degradation of in-ear speech quality significantly undermines overall fusion performance, a phenomenon
commonly referred to as modality imbalance [50].

Extensive research [3, 31, 38] has been conducted to characterize speech quality using objective or subjective
metrics, such as Perceptual Evaluation of Speech Quality (PESQ) and Mean Opinion Score (MOS). However,
these quality metrics mainly assess the global perceptual quality of speech and are inadequate for evaluating the
integrity of detailed structural components within the signal. Thus, these quality metrics are difficult to guide
the effective fusion of airborne speech with low-quality in-ear speech. In recent years, dynamic multi-modality
fusion frameworks towards low-quality data have been widely studied [46, 50, 51]. Nevertheless, most of them
mainly focus on the fusion of images, videos, or text in the classification tasks. Therefore, an urgent issue arises:
“How to dynamically fuse in-ear speech for effective and robust airborne speech enhancement?"

To bridge this gap, several challenges need to be urgently addressed. (i) Fine-grained assessment of time–frequency
distortion of in-ear speech without matching references. In practice, airborne speech corresponding to in-ear
speech is often corrupted by external interference, making it unreliable as a reference for distortion assessment.
Consequently, in the absence of prior knowledge, quantitatively evaluating the time–frequency distortion of
in-ear speech remains highly challenging. (ii) Effective and dynamic fusion of airborne speech with quality-varying
in-ear speech. The fluctuating quality of the in-ear modality can introduce imbalance and even degrade overall
enhancement performance. Moreover, these unpredictable quality variations pose a significant challenge for
designing adaptive fusion mechanisms. (iii) Real-time and generalized speech enhancement across individuals and
scenarios. Individual differences (like ear canal anatomy and pronunciation habits) and scenario diversity (like
noise characteristics) lead to substantial variability in signal patterns, while real-time response imposes stringent
constraints on computational complexity, especially for IoT devices.

Thus, we propose QuaSE, an effective and robust dual-microphone airborne speech enhancement solution by
addressing the low-quality in-ear speech. QuaSE integrates quality variations of in-ear speech into dynamic fusion
to mitigate the negative impact of low-quality in-ear speech. First, we investigate and analyze the ECD-induced
speech distortion phenomenon from the hardware aspect and explore its non-negligible negative impact on
the speech enhancement task. Building on that, we propose a lightweight self-supervised quality assessment
framework incorporating a data quality selection strategy to generate quality indicators that can represent
the time-frequency structure distortion of in-ear speech. In particular, we introduce a spectral peak-to-valley
matching algorithm that quantifies a reliable quality metric to perform quality-aware data selection. Then, we
ingeniously transform quality indicators to high-level embeddings, which can serve as a middleware and capture
inherent correlation to guide the dynamic fusion of cross-modality complementary features. Subsequently, we
carefully design a computationally efficient deep learning framework integrating the above modules to achieve
effective airborne speech enhancement. Additionally, a content-aware low-quality data augmentation approach
that applies adaptive time masking on time-frequency structures is designed to improve the generalization.

Through extensive experiments with 32 participants in daily interaction scenarios, we validate that QuaSE out-
performs the state-of-the-art baselines by 9.35%, 4.55%, 17.68%, and 12.89% in terms of PESQ, STOI, SI-SDR, and
SegSNR, respectively. With the contributions of the designed quality-aware adaptation (QA) module, SI-SDR
and SegSNR can be improved by up to 11.76% and 10.31%. The QA module can also serve as an intermediate
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component to improve the performance of existing solutions. Lastly, we believe that our solution can provide
valuable insights into multi-modal sensing tasks with the presence of low-quality modalities.

2 RELATEDWORK
2.1 Multi-modal Speech Enhancement for Earables
Since earable devices have emerged as a unique voice input side, it is necessary to develop effective speech
enhancement technology for earables to improve the quality of speech. Conventional single-modal speech
enhancement (SE) technology [11, 25, 47] takes advantage of distribution differences between clean speech and
noise to denoise. Nowadays, multi-modal SE technologies have demonstrated superior performance compared to
conventional single-modal SE technologies. In general, multi-modal SE technologies augment the audio modality
by leveraging a complementary modality that is less sensitive to noise, such as ultrasounds [13, 41, 49] and RF
signals [28, 29, 33]. However, these solutions either require active operation by the user or rely on dedicated RF
modules to complete the speech enhancement process, making them not suitable for earable devices.
Nowadays, specifically for earables, various multimodal speech enhancement solutions have been proposed.

For example, He et al. [21] leverage motion sensors on earphones to capture bone-conducted sound vibrations
for speech enhancement. However, to maintain excellent performance, such technology usually requires high-
samplingmotion sensors that are unavailable on earables, to recover speech’s high-frequency components. Duan et
al. [14] leverage ultrasonic leakage from earables to sense articulatory gestures. However, such technology requires
spacers to be attached to the ear pads and requires earables to support the boom microphone structure, which is
not suitable for special types of earables like wireless earables and in-ear earables.
As the number of microphones on earables increases, multi-channel speech enhancement technologies have

been studied [7]. Most importantly, the in-ear audio modality has been explored as an effective and ubiquitous
complementary modality for speech enhancement [19, 30], since it can be captured by low-cost microphones
embedded inside of earables. However, existing solutions are based on the high-quality in-ear audio modality
to enhance the airborne audio modality. In the real world, the quality of in-ear auxiliary modality cannot be
guaranteed due to air pressure variations induced by ear canal deformation. Thus, our work aims to enable
effective airborne speech enhancement with low-quality in-ear modality.

2.2 In-ear Acoustic Sensing on Earables
Since various acoustic sensors have been widely equipped on earables, in-ear audio modality has empowered
sensing capability of earables [37]. promote the application of earables in various scenarios including health
care [4, 17, 23], user authentication [16, 18, 24, 54], and human-computer interaction (HCI) [27, 40, 53]. Recently,
ear canal deformation (ECD) measurements with earables have attracted widespread research attention. Since
ECD can be influenced by various activities, accurate ECD measurements can help recognize human activities
including tongue-jaw movements [5], articulatory gestures [26, 43], facial expression [1, 52], and vital signs [42].
Furthermore, some significant solutions [15, 44] have explored ECD-based biometric technologies for secure user
authentication. In our work, we explore the negative impact of ear canal deformation on in-ear audio modality,
thereby designing the corresponding methodology to empower the sensing capability of in-ear complementary
modality.

3 MOTIVATION AND PRELIMINARY
3.1 Motivation: Speech Enhancement with In-ear and Out-ear Microphones
Nowadays, earphones have become a novel speech interaction or voice input platform. A key issue is how to
ensure speech intelligibility in noisy environments. Since most earphones are equipped with not only out-ear
microphones but also in-ear microphones that can capture the sound transmitted into the ear canal through
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(a) Articulatory gestures. (b) Ear canal deformation. (c) Air pressure variations.

Fig. 1. Articulatory gestures cause geometrical deformation of the ear canal, which in turn causes air
pressure variations inside the ear canal.

bone conduction, dual-microphone-based speech enhancement techniques that leverage in-ear and out-ear
microphones have been widely studied [19, 22, 30]. Due to the particularity of the channel, prior literature has
explored that in-ear speech is non-susceptible to ambient noise, making it an ideal auxiliary modality to improve
the intelligibility of airborne speech. However, existing techniques are studied based on the following assumption:
• There is a high correlation between the auxiliary modality (i.e., in-ear speech) and the target modality (i.e.,
airborne speech), which ensures that the auxiliary modality can offer complementary information to the target
modality.

This strong assumption, however, may not be met in real-world scenarios. Based on our practical observations in
Sec. 3.3, we find that in-ear speech will experience severe interference, correspondingly decreasing the correlation
between airborne speech. Existing dual-microphone-based speech enhancement techniques [19, 22, 30] ignore
such negative impact of low-quality in-ear auxiliary modality on the target modality, making it difficult to ensure
their robustness and effectiveness in real scenarios.

3.2 Air Pressure Variations Induced By ECD
3.2.1 Ear canal deformation (ECD) induced by articulatory gestures. The ear canal, also known as the
external auditory canal, is a tubular structure that extends from the outer ear (pinna) to the tympanic membrane
(eardrum). Soft tissues surrounding the ear canal are situated between the mandible and the mastoid and are
highly deformable. As shown in Fig. 1(a), during the pronunciation process, speech organs (such as the mandible,
lips, tongue, jaw, and velum) cause facial muscles to stretch or compress. These articulatory gestures may activate
movements of the mandible and facial muscles and pull the soft tissues around the ear canal to move, changing
the shape of the ear canal, i.e., ear canal deformation (ECD) [10, 12], as shown in Fig. 1(b). In general, the ear
canal model can be discretized into 11 cross sections [12]. The morphological parameters of each cross section
(including diameter, circumference, area, curvature, and angulation) contribute to ear canal deformation. In
addition to articulatory gestures, head movements, insertion depth of the earphones, etc., can also cause slight
ear canal deformation [2]. In our work, we mainly address the impact of ECD induced by articulatory gestures.

3.2.2 Air pressure variations inside the ear canal. As shown in Fig. 1(c), we can observe that the sealed
space is created when the earphone fully seals the ear canal. In this fully sealed cavity, the ear canal deformation
alters the available volume for the air inside. According to basic principles of fluid mechanics, when the space
volume decreases because the ear canal walls press inward, the air molecules are forced closer together, resulting
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Fig. 2. A basic workflow illustration of the electret condenser microphone and MEMS microphone. When the ear
canals are fully sealed by earphones, audio signals captured by in-ear microphones are distorted by ECD-induced
air pressure variations.

in an increase in air pressure. Conversely, if the space volume increases slightly, the air pressure may drop.
Therefore, when the user is speaking, ear canal deformation induced by articulatory gestures will alter the air
pressure in the ear canals. For instance, Ando et al. [2] have explored the feasibility of leveraging air pressure in
ear canals for face-related movement recognition.

3.3 Understanding the Phenomenon of In-Ear Modality Distortion
3.3.1 BasicworkflowofMicrophoneChips. Commonmicrophone types on earphones are Electret Condenser
Microphones (ECM) and Micro Electro Mechanical Systems (MEMS) microphones [48]. Regardless of the type of
microphone, the basic principle is to convert sound waves into digital signals. Sound waves consist of a series of
air pressure variations. A microphone diaphragm responds to sound pressure variations, causing its displacement
relative to the back plate, as shown in Fig. 2. The transducer component in the microphone translates mechanical
movements to analog electrical signals. Then, digital audio signals are output after being processed by the signal
amplifier, low-pass filter (LPF), and analog-to-digital conversion (ADC) circuit.

3.3.2 In-ear speech signal distortion induced by pressure imbalance. As introduced in Sec. 3.2, articulatory
gestures cause ear canal deformation (ECD). The deformation alters the air pressure within the ear canal, often
creating a constant (or slowly varying) pressure difference across the diaphragm. As shown in Fig. 2, in the
sealed ear canal, the pressure imbalance caused by ear canal deformation counteracts or “clamps” the intended
oscillatory forces of the incoming sound waves and inhibits the movement of the diaphragm. According to the
prior literature [35], the relationship between the diaphragm movement 𝑑𝑑 (𝑡) and the transducer output voltage
𝑢 (𝑡) can be expressed as follows:

𝑢 (𝑡) = 𝑆𝑒 ∗ (𝑑𝑑 (𝑡) − 𝑑0 (𝑡)) (1)

where 𝑆𝑒 and 𝑑0 (𝑡) represent the electronic sensitivity and the initial displacement of the microphone package,
respectively. Based on Eq. 1, the output voltage signal 𝑢 (𝑡) depends on the displacement difference between 𝑑𝑑 (𝑡)
and 𝑑0 (𝑡). When the ear canal deforms and causes changes in the air pressure inside the ear canal, the relative
movement of the diaphragm caused by the sound waves will be restricted. Such a phenomenon may cause the
microphone sensor to encounter a stuck-at-low fault, where the output audio signal remains permanently biased
at a low level. Under this condition, the sensor fails to respond to acoustic pressure variations, resulting in a
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(a) Speech in the non-fully sealed ear canal. (b) Speech in the fully sealed ear canal.

Fig. 3. In-ear speech recording in the two cases: (a) non-fully sealed ear canal and (b) fully sealed ear canal.
Notably, airborne speech is also recorded as the reference signal during the process of in-ear speech recording.

Fig. 4. Correlation analysis
of in-ear channel and air-
borne channel.

(a) Δ PESQ (b) Δ SegSNR (c) Δ SI-SDR

Fig. 5. Negative impact of low-quality auxiliary modality (i.e., in-ear speech)
on the dual-microphone-based speech enhancement task.

constant low-level output. Such a malfunction prevents effective sound acquisition and severely compromises
the integrity of the recorded in-ear audio signals.

3.3.3 Negative impact analysis in the speech enhancement task. We designed a proof-of-concept hardware
prototype to validate the impact of ECD-induced air pressure variations on in-ear speech quality. Notably, we
embedded two AS-B6027AL30-RC electret microphone chips [32] inside the earphones. Then, we required a
participant to wear earphones in the following cases:
• Case 1: the eartips of earphones fit tightly into the ear canal (insertion depth is about 15 mm, referred to as
the fully sealed ear canal)
• Case 2: the eartips of earphones did not fit tightly into the ear canal (insertion depth is about 8 mm, referred
to as the non-fully sealed ear canal).

During the process of in-ear speech recording, we also used recorded airborne speech as the reference to explore
the impact of ECD-induced air pressure variations on in-ear speech. In the non-fully sealed ear canal, airborne
speech and in-ear speech are shown in Fig. 3(a). We can observe that in-ear speech aligns with airborne speech,
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Fig. 6. QuaSE consists of three modules: modality quality assessment, modality quality improvement, and dual-
channel speech enhancement.
and the temporal and spectral structures of in-ear speech are fully preserved. For example, the spectrogram of
high-quality in-ear speech displays rich and well-defined frequency components. On the contrary, as shown in the
white box of Fig. 3(b), low-quality in-ear speech recorded in the fully sealed ear canal is severely distorted, losing
temporal and spectral information compared with reference speech. That is because the in-ear microphone’s
stuck-at-low fault causes the microphone output to remain at the “0" level.
The correlation between airborne speech and high-quality in-ear speech is about 30 times greater than the

correlation between airborne speech and low-quality in-ear speech, as shown in Fig. 4, indicating that ECD-
induced air pressure variations severely decrease the correlation between in-ear speech and airborne speech.
Furthermore, we explore the negative impact of low-quality in-ear speech on the airborne speech enhancement
task. Since Earspeech designed by Han et al. [19] is the state-of-the-art dual-channel-based speech enhancement
solution, we reproduce it as our baseline model to conduct the negative impact of low-quality in-ear speech. As
shown in Fig. 5, we can clearly observe that low-quality in-ear speech (Case 2) decreases the fusion performance
in terms of PESQ, SegSNR, and SI-SDR. For instance, with the assistance of high-quality in-ear speech, the fusing
performance could bring 0.960, 8.229, and 10.719 improvements on PESQ, SegSNR, and SI-SDR, respectively.
However, the fusing performance with low-quality in-ear speech only yields 0.623, 5.172, and 7.835 improvements
on PESQ, SegSNR, and SI-SDR, respectively. These experimental results indicate that ECD-induced air pressure
variations not only degrade the quality of in-ear speech but also affect the fusion performance.

Insight. Although prior solutions have validated the effectiveness of in-ear speech as an auxiliary modality in
airborne speech enhancement, they are all based on the assumption that in-ear speech is of high quality. From
the above observation and analysis, we can recognize that ear canal deformation induced by articulatory gestures
degrades the quality of in-ear speech by altering the air pressure in the ear canal. Subsequently, the low-quality
in-ear auxiliary modality decreases the fusing performance. Therefore, how to ensure the effectiveness and
robustness of dual-microphone-based speech enhancement with low-quality in-ear speech is an issue that cannot
be ignored.

4 SYSTEM OVERVIEW
To mitigate the negative impact of low-quality in-ear auxiliary modality, we design a deep-learning-based efficient
speech enhancement framework that can adaptively assess the contributions of auxiliary modality to the target
modality. Fig. 6 demonstrates the technical workflow of QuaSE.
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Fig. 7. Model structure of the multi-scale feature extraction.

♦ Multi-scale Deep Feature Extraction (§5.1): The dual-channel speech collected by in-ear and out-ear
microphones is pre-processed and then transformed into time-frequency (T-F) representations. A dual-channel
multi-scale audio encoder module consisting of two symmetric audio encoders is designed to capture multi-scale
feature representations, achieving a balance between receptive field expansion and detail preservation.
♦ Quality-aware Adaptation (§5.2): Considering the in-ear modality quality’s uncertainty, a self-supervised

data-level quality assessment module and a quality embedding generation module are designed to quantify the
contribution of the auxiliary modality. Subsequently, a quality-aware cross fusion module combines weighted
in-ear feature representations and out-ear feature representations to capture complementary information.
♦ Dual-channel Speech Enhancement (§5.3): The fused feature representations are fed into the airborne

speech reconstruction module and then transformed to T-domain speech signals. It should be noted that the in-ear
speech reconstruction module is added to eliminate the problem of modality imbalance, so it only participates
in the training process. Additionally, we design a customized multi-dimensional loss function to optimize the
model, significantly enhancing its learning capabilities.
♦Data Selection and Augmentation (§6): To ensure the generalization and robustness of QuaSE, we construct

a large-scale synthetic dataset for pre-training. Based on the cross-channel correlation between airborne and
in-ear speech, a data selection strategy is designed to identify the modality quality. Then, based on the spectral
characteristics of low-quality in-ear speech, a content-aware data augmentation strategy is designed to expand
the scale of the dataset.

5 DESIGN OF QUASE
5.1 Multi-scale Audio Encoder
Because the in-ear microphone also captures motion-induced and heartbeat-induced body sounds, we need to
perform the pre-processing operations on the in-ear audio signals. To do this, we apply a high-pass filter with a
cut-off frequency of 100 Hz is leveraged to remove the low-frequency components of in-ear and out-ear audio
signals. Then, to maintain computational efficiency, we also downsample the two-channel audio signals to 16
kHz. After that, in-ear speech samples and airborne speech samples are transformed into Time-Frequency (T-F)
representations via the short-time Fourier transform (STFT).

Taking into account the uncertainty of speech quality, we propose a multi-scale audio encoder model to capture
fine-grained features. In addition, the in-ear audio encoder and the out-ear audio encoder are designed to have the
same structure to ensure the consistency of extracted in-ear and airborne features. Fig. 7 demonstrates the detailed
model structure of the multi-scale audio encoder. At the core, the network is composed of multiple ConvBlocks
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Fig. 8. Self-supervised in-ear speech quality assessment network.

arranged sequentially, interleaved with Frequency Transformation Blocks (FTBs) [47]. Each ConvBlock follows
a hierarchical design. An initial 3×3 dilated convolution (dilation = 2) is applied to expand the receptive field,
followed by a split operation that distributes features into three parallel branches. These branches apply 3×3
convolutions with different dilation rates (1, 2, and 3), enabling the block to capture spatial information at multiple
scales. The outputs of the branches are then concatenated and fused through a final 3×3 dilated convolution
(dilation = 2), producing enriched feature maps that integrate local and contextual information.

5.2 Quality-aware Adaptation
5.2.1 Data-level Quality Self-assessment. As shown in Fig. 3, we can observe that the low-frequency compo-
nents (≤1000 Hz) of the in-ear speech are significantly enhanced, but the spectral structure is still similar to that
of airborne speech. That is because the occlusion effect increases the acoustic impedance inside the ear canal,
correspondingly enhancing the gain of low-frequency components and attenuating the gain of high-frequency
components [6]. Intuitively, we can identify the in-ear speech quality based on the similarity of the low-frequency
spectral structure between in-ear speech and airborne speech. Unfortunately, ambient noise interferes with
airborne speech in the real world, making it difficult to obtain clean airborne speech for reference. Therefore, an
acute issue arises: how to accurately characterize in-ear speech quality in the frequency domain without reference
speech?

To solve the above issue, we carefully design a self-supervised in-ear speech quality assessment network with
an autoencoder backbone structure. Fig. 8 presents the workflow of the quality assessment network. In order
to preserve key information and keep computational efficiency, we adopt fully-connected convolutional layers
without down-sampling operations to construct the encoder module. Each convolutional layer is configured with
a kernel size of 5×5, a stride of 1, and no padding. The decoder module consists of stacked deconvolutional layers
that are symmetrically structured in relation to the convolutional layers of the encoder module. To preserve more
structural details in the output of deconvolutional layers, shortcut connection operations are applied to map the
convolutional and corresponding deconvolutional layers [8].

In the model training process, we use high-quality in-ear spectrograms to train the network. The high-quality
data selection strategy is introduced in Sec. 6.1. The encoder module is responsible for compressing the input high-
quality in-ear spectrogram 𝑆𝑇×𝐹𝑖𝑛 into the high-level feature map 𝐹𝐶×𝑇×𝐹𝑖𝑚 . Then, the decoder module reconstructs
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Fig. 9. The workflow of quality embedding generation.

Fig. 10. The process of in-ear feature map weighting and the detailed structure of the quality embedding
generation module.

it back into the spectrogram. The entire training process is in unsupervised way. Constrained by the MSE loss
function 𝐿𝑚𝑠𝑒 , the feature extraction network can achieve accurate reconstruction of the input spectrogram. In
the feature extraction process, only high-quality in-ear spectrograms can be reconstructed with minimal error.
Low-quality in-ear spectrograms cannot be accurately reconstructed because their spectral structures have been
distorted by ECD-induced air pressure variations. Therefore, we calculate the mean absolute error between the
input 𝑆𝑇×𝐹𝑖𝑛 and output 𝑆𝑇×𝐹𝑜𝑢𝑡 as quality metrics.

5.2.2 Quality Embedding Generation. If the quality matrix is directly fed into the subsequent modules, the
entire network may struggle to converge. Thus, we design a quality embedding generation module that consists
of a frequency squeeze block, a quality learning block, and an unsqueeze block. Fig. 9 demonstrates the workflow
of quality embedding generation. For a given quality matrix 𝑄𝑚 ∈ R1×𝐹×𝑇 , if we perform element-by-element
calculations, it will incur high computational overhead and storage pressure. As analyzed in Sec. 3.3, we can find
that if the signal is distorted at a certain time 𝑇 , then the frequency components 𝐹 = {𝑓1, 𝑓2, ...𝑓𝑛}of the signal at
that time will suffer from frequency-independent severe attenuation. Since such attenuation mainly results from
the abnormal signal acquisition of the hardware, the attenuation coefficients in different frequency bands are
considered to be the same.

Based on this key observation and signal distortion characteristics, we adopt squeeze and unsqueeze operations
to improve computing efficiency. Specifically, for a given input quality matrix 𝑄𝑚 ∈ R1×𝐹×𝑇 , we leverage a
convolutional layer with a kernel size of 1×1 followed by frequency-dimensional global average pooling (GAP)
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to squeeze along the frequency dimension:

𝑈𝑠𝑞𝑢 ( 𝑗) =
1
𝑛

𝑛∑︁
𝑖=1

𝑄𝑚 (𝑖, 𝑗) (2)

𝑈 ∈ R1×1×𝑇 represents the squeezed quality matrix. In this way, the complex matrix operations are transformed
into efficient vector operations, improving computing efficiency by 𝐹 times. Subsequently, a quality learning
block is designed to fully leverage the information aggregated in the above squeeze operation. To achieve this
objective, two fully-connected layers with ReLU (𝜓 ) and Sigmoid (𝜎) functions are combined, which can learn
the underlying nonlinear relationship. It is worth noting that the first fully connected layer reduces the input
dimension to 1/2 of the original, balancing the model complexity and learning capability. Through the mapping
of the Sigmoid activation function, the value of each element will be in the range of 0-1, representing the weight
of quality. The output of the quality learning block can be expressed as follows:

𝑈𝑙 = 𝜎 (𝑊2 𝜓 (𝑊1𝑈𝑠𝑞𝑢)) (3)

where𝑊1 and𝑊2 represent the weights of two fully-connected layers. Then, a frequency and channel unsqueeze
block is added to expand the scale of the feature map along the frequency dimension and the channel dimension,
respectively. Finally, the input quality matrix𝑄𝑚 ∈ R1×𝐹×𝑇 is transformed to the quality embeddings𝑄𝑒 ∈ R𝐶×𝐹×𝑇

that can be directly multiplied by the in-ear audio feature maps. The detailed quality embedding generation
module structure and the process of in-ear feature map weighting are demonstrated in Fig. 10.

5.2.3 Feature-level Cross Fusion. After the processing of the multi-scale audio encoder, the input in-ear
speech spectrogram (𝑆𝑇×𝐹𝑖𝑒 ) and the airborne speech spectrogram (𝑆𝑇×𝐹𝑎𝑖𝑟 ) are transformed into feature maps
𝐹𝐶×𝑇×𝐹𝑖𝑒 and 𝐹𝐶×𝑇×𝐹𝑎𝑖𝑟 , respectively. The quality embedding 𝑄𝐶×𝑇×𝐹

𝑒 is multiplied by 𝐹𝐶×𝑇×𝐹𝑖𝑒 . Then, the weighted
in-ear feature map 𝑄𝐶×𝑇×𝐹

𝑒 ∗ 𝐹𝐶×𝑇×𝐹𝑖𝑒 and the airborne feature map 𝐹𝐶×𝑇×𝐹𝑎𝑖𝑟 are concatenated along the channel
dimension. To avoid information loss, we do not perform downsampling operations on these feature maps, which
brings challenges to real-time and effective feature fusion. Therefore, a lightweight attention mechanism, i.e.,
Convolutional Block Attention Module (CBAM) [45], is performed on 𝐶𝑎𝑡 (𝑄𝐶×𝑇×𝐹

𝑒 ∗ 𝐹𝐶×𝑇×𝐹𝑖𝑒 , 𝐹𝐶×𝑇×𝐹𝑎𝑖𝑟 ), which
can sequentially apply channel and spatial attention to refine feature representations, enabling the network to
focus on informative regions while suppressing irrelevant features.

5.3 Speech Enhancement Decoder
In the dual-channel fusion-based speech enhancement module, the output of the in-ear audio encoder (i.e.,
𝐹𝐶×𝑇×𝐹𝑖𝑒 ) and the fused feature map (i.e., 𝐹 2×𝐶×𝑇×𝐹

𝑓 𝑒𝑠𝑒
) are fed into the in-ear speech reconstruction model and the

airborne speech reconstruction model, respectively.

5.3.1 Airborne Speech Reconstruction. In the airborne speech reconstruction model, the fused feature map
𝐹 2×𝐶×𝑇×𝐹
𝑓 𝑒𝑠𝑒

is reconstructed to clean airborne speech signals. The core components consist of three 3×3 dilated
convolution (dilation = 2) blocks with 72, 48, 24 filters. Each convolution block is followed by batch normalization
and the ReLU function. In addition, skip connections are leveraged to directly transfer feature maps from the
encoder to the corresponding decoder layers, which helps preserve fine-grained time-frequency details. The
final convolution block applies a 3×3 dilated convolution (dilation = 2) layer, batch normalization, and a sigmoid
activation function to generate a single-channel spectrogram mask, i.e., 𝑀𝑎𝑠𝑘𝑇×𝐹𝑎𝑖𝑟 . The final output airborne
speech is generated by 𝑠𝑎𝑖𝑟 = iSTFT(𝑀𝑎𝑠𝑘𝑇×𝐹𝑎𝑖𝑟 ∗ 𝑆𝑇×𝐹𝑎𝑖𝑟 ).

5.3.2 In-ear Speech Reconstruction. Inspired by prior literature [19], we also add an auxiliary in-ear speech
reconstruction module to force the model not to forget in-ear branch information during learning. Specifically, it
consists of five 3×3 dilated convolution (dilation = 2) blocks with 72, 48, 24, 12, and 1 filters. Each convolution
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(a) Airborne speech (b) In-ear speech

Fig. 11. Spectrogram comparison between airborne speech and in-ear speech.

block is followed by batch normalization and the ReLU function. Lastly, a reconstructed in-ear spectrogram 𝑆𝑇×𝐹𝑖𝑒

will be output. It is worth noting that the in-ear speech reconstruction model only participates in the training
process and will be frozen during the inference process.

5.3.3 Customized Loss Function. The customized loss function consists of three components: in-ear time-
frequency domain loss, airborne time-frequency domain loss, and airborne time domain loss, which are defined
as follows:

L𝑡
𝑎𝑖𝑟 =

����𝑠𝑎𝑖𝑟 − 𝑠𝑐𝑎𝑖𝑟 ����2 (4)

L𝑡 𝑓

𝑎𝑖𝑟
=
����𝑆𝑎𝑖𝑟 − 𝑆𝑐𝑎𝑖𝑟 ����2 (5)

L𝑡 𝑓

𝑖𝑒
=
����𝑆𝑖𝑒 − 𝑆𝑖𝑒 ����2 (6)

where 𝑠𝑐𝑎𝑖𝑟 and 𝑆
𝑐
𝑎𝑖𝑟 represent the clean airborne speech signals and the corresponding spectrogram. 𝑆𝑎𝑖𝑟 represent

the reconstructed airborne speech spectrogram, denoted by 𝑆𝑎𝑖𝑟 =𝑀𝑎𝑠𝑘𝑇×𝐹𝑎𝑖𝑟 ∗ 𝑆𝑇×𝐹𝑎𝑖𝑟 .

6 DATA SELECTION AND AUGMENTATION
Since the quality of in-ear modality varies, we need to design a training strategy including high-quality data
selection, masking-based data augmentation, and noise mixing to effectively complete the training process of the
designed deep learning model.

6.1 High-quality Data Selection Strategy
The training dataset comprises multiple pairs of airborne and in-ear speech samples. To train the self-supervised
quality assessment model, it is essential to select high-quality in-ear speech samples together with their corre-
sponding airborne speech samples. However, the lack of ground-truth high-quality references for in-ear speech
poses a major challenge for quality evaluation. To address this issue, we propose an automatic strategy to identify
the quality of the in-ear speech

Since in-ear speech and airborne speech are audio signals transmitted along different channels from the same
sound source, there is a cross-channel correlation between in-ear speech and airborne speech [19, 20]. Based on
the electro-acoustic (EA) model proposed in [6], the cross-channel correlation along the frequency domain can
be expressed as follows: (referring to [19] for the detailed derivation)

𝐹𝑡 𝑓 =
𝑆𝑖𝑒 (𝑓 )
𝑆𝑎𝑖𝑟 (𝑓 )

=
𝐹𝑂𝐸 (𝑓 ) ∗ 𝐻𝑏𝑜𝑛𝑒 (𝑓 )

𝐻𝑎𝑖𝑟

(7)
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Fig. 12. Peak-valleymatching in high-quality data selection. (a) The FFT spectrumenvelop of airborne speech;(b)
The FFT spectrum envelop of high-quality in-ear speech;(c) Peaks and valleys matching using DTW.

Fig. 13. Peak-valley matching in low-quality data selection. (a) The FFT spectrum envelop of airborne speech;
(b) The FFT spectrum envelope of low-quality in-ear speech; (c) Peaks and valleys matching using DTW.

where 𝐻𝑎𝑖𝑟 and 𝐻𝑏𝑜𝑛𝑒 are frequency-dependent gains of air conduction and bone conduction, respectively. As
shown in Fig. 11, we can observe that the low-frequency components (≤1000 Hz) of the in-ear speech are
significantly enhanced, but the spectral structure (like fundamental frequency and its corresponding harmonics)
is still similar to that of airborne speech. Thus, we design a spectral peak-to-valley matching algorithm to identify
the in-ear speech quality based on the similarity of the low-frequency structure between in-ear speech and
airborne speech.
Because the high-frequency components of in-ear speech are severely attenuated, we mainly focus on the

contribution of low-frequency components. Thereby, we use a bandpass filter with passband frequencies of 100
Hz and 1000 Hz to preserve the low-frequency components of in-ear speech and airborne speech. Then, we split
the input speech sample into multiple clips using a sliding window with a length of 100 ms and a step of 50 ms.
At each audio clip, the Fast Fourier Transform (FFT) is applied to extract the magnitude spectrum:

𝑀 (𝑚,𝜔)) = 𝑎𝑏𝑠 (
∫ ∞

−∞
𝑥 (𝑡)𝑤 (𝑡 −𝑚𝑇 ) 𝑒− 𝑗𝜔𝑡 𝑑𝑡) (8)

where 𝑚 and 𝜔 represent the indexes in the time domain and frequency domain, respectively. To eliminate
the interference of residual noise, we adopt a Gaussian smoothing and Z-score normalization to extract the
magnitude spectrum envelope of each frame, denoted by 𝐸𝑛𝑣 (𝑚,𝜔). Then, we start to find the peaks and valleys
of the spectrum envelope based on local extrema detection. Considering the characteristics of the spectrum
envelope, the minimum difference between two adjacent peaks or valleys is set to 0.1*𝑁 , where 𝑁 is the length
of the spectrum envelope. In addition, a minimum prominence parameter is set to 0.1*std(𝐸𝑛𝑣 (𝑚,𝜔)) to keep
robustness under drifting baselines. After processing, the peak values and valley values of the airborne spectrum
envelope and the in-ear spectrum envelope are denoted by 𝑃𝑎𝑖𝑟 ,𝑉𝑎𝑖𝑟 , 𝑃𝑖𝑒 ,𝑉𝑖𝑒 , and the peak locations and valley
locations are correspondingly denoted by 𝐿𝑃𝑎𝑖𝑟 , 𝐿

𝑉
𝑎𝑖𝑟

, 𝐿𝑃𝑖𝑒 , 𝐿
𝑉
𝑖𝑒
. Based on the timing, ordering, and rhythm of peaks

and valleys, we quantify similarity by greedy matching and DTW alignment.
♦ Greedy matching. For the given peak locations and valley locations, we design a greedy matching approach

to calculate the matching rate and the matching error, which is given by Alg. 1. As for high-quality in-ear speech
and corresponding airborne speech, the peaks and valleys of the spectral envelope should appear at approximately
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the same locations. Yet, the peak and valley locations of the low-quality in-ear spectral envelope mismatch with
those of the airborne spectral envelope, as shown in Fig. 12 and Fig. 13.

Algorithm 1: Peak/Valley Greedy Matching
Input: 𝐿𝑜𝑐𝑖𝑒 , 𝐿𝑜𝑐𝑎𝑖𝑟 : the peak locations of the in-ear spectrum envelope and the airborne spectrum envelope. 𝜏 :

matching tolerance.
Output: 𝑅: the peak-to-peak matching rate. 𝐸𝑟𝑟 : the absolute error of matched peak locations.

1 𝑁𝑚𝑎𝑡𝑐ℎ = 0, 𝐸𝑟𝑟 = 0 ;
2 for 𝑖 ← 1 to len(𝐿𝑜𝑐𝑖𝑒 ) and 𝑗 ← 1 to len(𝐿𝑜𝑐𝑎𝑖𝑟 ) do
3 𝑑 = 𝐿𝑜𝑐𝑖𝑒 (𝑖) − 𝐿𝑜𝑐𝑎𝑖𝑟 ( 𝑗);
4 if abs(𝑑) ≤ 𝜏 then
5 𝑁𝑚𝑎𝑡𝑐ℎ = 𝑁𝑚𝑎𝑡𝑐ℎ + 1 ;
6 𝐸𝑟𝑟 = 𝐸𝑟𝑟 + abs(𝑑) 𝑖 = 𝑖 + 1, 𝑗 = 𝑗 + 1 ;
7 end
8 else if 𝑑 < 0 then
9 𝑖 = 𝑖 + 1 ;

10 end
11 else
12 𝑗 = 𝑗 + 1;
13 end
14 end
15 𝑅 =

𝑁𝑚𝑎𝑡𝑐ℎ

(max(len(𝐿𝑜𝑐𝑖𝑒 ),len(𝐿𝑜𝑐𝑎𝑖𝑟 ) ) ;
16 𝐸𝑟𝑟 = 𝐸𝑟𝑟/𝑁𝑚𝑎𝑡𝑐ℎ ;

♦ First-order difference DTW alignment. Then, we calculate the interval sequences of adjacent peaks (or
valleys) and align them with DTW (Dynamic Time Warping), which can represent the rhythm of peaks and
valleys. For the peak locations of the in-ear spectrum envelope and the airborne spectrum envelope, the DTW
alignment algorithm is given by Alg. 2.

Algorithm 2: First-order Difference Alignment
Input: 𝐿𝑜𝑐𝑖𝑒 , 𝐿𝑜𝑐𝑎𝑖𝑟 : the peak locations of the in-ear spectrum envelope and the airborne spectrum envelope.
Output: 𝐷 : normalized DTW distance.

1 𝐷 = 0 ;
2 Δ𝑖𝑒 = diff(𝐿𝑜𝑐𝑖𝑒 ), Δ𝑎𝑖𝑟 = diff(𝐿𝑜𝑐𝑎𝑖𝑟 ) ;// First-order difference calculation.

3 [D, 𝑦𝑖𝑒 , 𝑦𝑎𝑖𝑟 ] = dtw(Δ𝑖𝑒 ,Δ𝑎𝑖𝑟 ); // 𝑦𝑖𝑒 and 𝑦𝑎𝑖𝑟 represent the alignment indexs of 𝐿𝑜𝑐𝑖𝑒 and 𝐿𝑜𝑐𝑎𝑖𝑟.

4 𝐷 = 1
1+ 𝐷

𝑙𝑒𝑛 (𝑦𝑖𝑒 )
; // Mapping 𝐷 into [0, 1];

♦ Similarity Score Calculation. Then, we calculate the similarity score by combining the weighted matching
rates and first-order difference distances. If the similarity score is larger than the threshold 𝜉 , the in-ear audio
clip is considered to be of high quality. The complete algorithm flow is shown in Alg. 3. Fig. 12 represents peak
and valley matching results of the high-quality in-ear speech and corresponding airborne speech. However, as
shown in Fig. 13, peaks and valleys of low-quality in-ear speech cannot be accurately matched with those of
airborne speech, resulting in large errors.
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Algorithm 3: High-quality Data Selection Strategy
Input: 𝑠𝑖𝑒 and 𝑠𝑎𝑖𝑟 : input in-ear and airborne speech signals.
Output: 𝑄𝑚 : the quality metrics of 𝑠𝑖𝑒 , where 1 represents the high quality and 0 represents the low quality.

1 Splitting 𝑠𝑖𝑒 and 𝑠𝑎𝑖𝑟 into multiple audio clips 𝑥𝑖=1,...,𝑀
𝑖𝑒

and 𝑥𝑖=1,...,𝑀
𝑎𝑖𝑟

;
2 for 𝑖 ← 1 to𝑀 do
3 𝐹𝑖𝑒 (𝜔) = FFT(𝑥𝑖𝑖𝑒 , 𝑓𝑠 ), 𝐹𝑎𝑖𝑟 (𝜔) = FFT(𝑥𝑖𝑎𝑖𝑟 , 𝑓𝑠 ); // 100 Hz ≤ 𝜔 ≤ 1000 Hz.

4 𝐸𝑛𝑣𝑖𝑒 = norm(smooth(𝑀𝑖𝑒 )); // Extracting the magnitude spectrum envelope.

5 𝐸𝑛𝑣𝑎𝑖𝑟 = norm(smooth(𝑀𝑎𝑖𝑟 ));
6 [𝑃𝑖𝑒 , 𝐿𝑃𝑖𝑒 ] = findPeaks(𝐸𝑛𝑣𝑖𝑒 ,Θ) ;
7 [𝑉𝑖𝑒 , 𝐿𝑉𝑖𝑒 ] = findPeaks((−1) ∗ 𝐸𝑛𝑣𝑖𝑒 ,Θ) ;
8 [𝑃𝑎𝑖𝑟 , 𝐿𝑃𝑎𝑖𝑟 ] = findPeaks(𝐸𝑛𝑣𝑎𝑖𝑟 ,Θ) ;
9 [𝑉𝑎𝑖𝑟 , 𝐿𝑉𝑎𝑖𝑟 ] = findPeaks((−1) ∗ 𝐸𝑛𝑣𝑎𝑖𝑟 ,Θ) ;

10 [𝑅𝑝𝑘 , 𝐸𝑟𝑟𝑝𝑘 ] = greedyMatching(𝐿𝑃𝑖𝑒 , 𝐿𝑉𝑎𝑖𝑟 , 𝜏); // see Alg. 1.

11 [𝑅𝑣𝑙 , 𝐸𝑟𝑟𝑣𝑙 ] = greedyMatching(𝑉 𝑃
𝑖𝑒 ,𝑉

𝑉
𝑎𝑖𝑟

, 𝜏) ;
12 [𝐷𝑝𝑘 ] = dtwDistance(𝐿𝑃𝑖𝑒 , 𝐿𝑉𝑎𝑖𝑟 ); // see Alg. 2.

13 [𝐷𝑣𝑙 ] = dtwDistance(𝑉 𝑃
𝑖𝑒 ,𝑉

𝑉
𝑎𝑖𝑟
) ;

14 𝑆𝑐𝑜𝑟𝑒 (𝑖) = 𝛼1 ∗ 𝑅𝑝𝑘 + 𝛼2 ∗ 𝑅𝑣𝑙 + 𝛼3 ∗
(𝐷𝑝𝑘+𝐷𝑣𝑙 )

2 - 𝛼4*
𝐸𝑟𝑟𝑝𝑘+𝐸𝑟𝑟𝑣𝑙

2 ;
15 𝑆𝑐𝑜𝑟𝑒 (𝑖) =max(0,min(1, 𝑆𝑐𝑜𝑟𝑒 (𝑖))); // Mapping to [0,1].

16 end
17 if avg(𝑆𝑐𝑜𝑟𝑒) ≤ 𝜉 then
18 𝑄𝑚 = 0; // Low quality.

19 end
20 else
21 𝑄𝑚 = 1; // High quality.

22 end

6.2 Content-aware Low-quality Data Augmentation
Data augmentation approaches can expand the scale of the dataset, thereby improving the robustness and
generalization. Different from prior solutions [19, 20] that focus on the augmentation of high-quality speech, our
work needs to expand the scale of low-quality in-ear speech. This work additionally designs a highly interpretable
masking-based data augmentation approach, as shown in Fig. 14.
As introduced in Sec. 3.3, in-ear air pressure variations induced by ear canal deformation (ECD) suppress

the movements of the microphone diaphragm, thus affecting the sound capture. From the perspective of the
spectrogram, it looks like adding masks to cover the original information. First, we leverage a Gaussian Mixture
Model (GMM) to generate high-quality in-ear speech from the existing large airborne speech corpus, similar
to a prior solution [19]. Then, we add random masks to the synthesized in-ear speech to generate low-quality
in-ear speech. Since the ECD-induced air pressure imbalance only interferes frequency component at a certain
moment, we perform the time masking on the in-ear spectrogram. Unlike prior methods that apply random
masks, we introduce content-aware adaptive time masking, where mask locations are conditioned on the spectral
energy distribution. The in-ear speech spectrogram is denoted by 𝑆 (𝑇, 𝐹 ), where 𝑇 and 𝐹 represent the time and
frequency bins, respectively. For the𝑚-th time bin, the probability of being masked is defined as:

𝑃𝑚 =

∑𝐹
𝑓 =𝑓0

𝑆 (𝑚, 𝑓 )∑𝑇
𝑡=𝑡0

∑𝐹
𝑓 =𝑓0

𝑆 (𝑡, 𝑓 )
(9)
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Fig. 14. Workflow of the low-quality data augmentation.

Finally, airborne speech samples combined with their synthesized high-quality in-ear samples constitute the
high-quality pre-training dataset, whereas pairing with synthesized low-quality in-ear samples constitutes the
low-quality pre-training dataset.

7 EXPERIMENTAL SETUP
7.1 Dataset Description
7.1.1 Clean Dual-channel Dataset. In the real-world quiet environments, we collect dual-channel speech
from 32 participants using three types of earphones that are equipped with in-ear and out-ear microphones, as
shown in Fig. 15. Among these participants, 27 are native Chinese speakers and 5 are native English speakers.
Each participant is required to wear earphones and read the English material for approximately 20 to 30 minutes.
To facilitate subsequent signal processing, all speech signals are split into multiple 5-second clips. If the signal
length is less than 5 seconds, it will be automatically padded with 0. In total, a real-world dual-channel speech
dataset including about 2800 pairs of airborne speech samples and in-ear speech samples is constructed.

7.1.2 High-quality Dual-channel Dataset. As introduced in Sec. 5.2.1, a high-quality dual-channel dataset
including high-quality in-ear speech and corresponding airborne speech needs to be constructed to train the
self-supervised quality assessment model. Based on the design in Sec. 6.1, we need to select high-quality in-ear
speech from the clean dual-channel dataset. Specifically, based on the empirical analysis, the similarity score
threshold (i.e., 𝜉) is set to 0.5. 𝛼1, 𝛼2, 𝛼3, and 𝛼4 in Alg. 3 are set to 0.4, 0.4, 0.1, and 0.1, respectively.

7.1.3 Noisy Dual-channel Dataset. To construct the noisy dual-channel dataset, we need to add noise to the
clean dual-speech dataset. We adopt the same noise addition strategy as in the prior literature [19]. Considering
the complexity of noise in the real world, ambient noise [36], competing speaker noise [34], and music noise [39]
are chosen to be added into the clean speech. Lastly, the SNR of noisy speech ranges from -5 dB to 10 dB, which
can cover most noisy scenarios.

7.1.4 Synthetic Dual-channel Dataset. As introduced in Sec. 6.2, a data augmentation strategy is designed to
expand the scale of high-quality and low-quality datasets. Therefore, an existing airborne speech corpus (i.e.,
LibriSpeech [34]) is leveraged to generate high-quality in-ear speech and low-quality in-ear speech, simultaneously.
In total, we construct a synthetic dual-channel dataset that includes about 8000 pairs of airborne speech and
in-ear speech.
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Fig. 15. Hardware implementation.

7.2 Model Training
We implement the proposed model using the PyTorch framework. The complete model training process is
conducted on a server that is equipped with 144 Intel(R) Xeon(R) Platinum 8352V@2.10GHz CPUs and 3 NVIDIA
RTX A6000 GPUs. During the training process, the noisy airborne speech signals and corresponding in-ear speech
signals are fed into the model, and the clean airborne speech signals serve as the ground truth for computing the
loss. First, we use the high-quality dual-channel dataset to train the quality self-assessment model. After that, the
model parameters are frozen. Then, the synthetic dual-channel dataset is used to pre-train the entire model of
QuaSE. Afterwards, we fine-tune the pre-trained model with the noisy dual-channel dataset with a maximum
epoch of 32 and a batch size of 12.

7.3 Evaluation Metrics
We divide all participants into eight groups and adopt leave-one-group-out cross-validation for evaluation. In our
study, we use four widely used objective metrics to comprehensively evaluate the quality and intelligibility of
reconstructed speech:
• PESQ. The Perceptual Evaluation of Speech Quality compares the perceptual characteristics of reconstructed
and reference signals, producing a score from -0.5 to 4.5. A higher PESQ value reflects better perceived
naturalness and overall speech quality.
• STOI . The Short-Time Objective Intelligibility estimates how much of the linguistic content in the speech
can be understood by a human listener. Its score ranges from 0 to 1, with larger values indicating clearer
and more intelligible speech.
• SI-SDR. The Scale-Invariant Signal-to-Distortion Ratio evaluates the level of distortion between recon-
structed speech and reference speech while being invariant to overall amplitude scaling. Higher values
suggest that the reconstructed signal is acoustically closer to the original reference speech.
• SegSNR. The Segmental Signal-to-Noise Ratio computes the average SNR across short overlapping frames.
Larger values correspond to stronger noise suppression while retaining speech components.

8 EVALUATION ANALYSIS
8.1 Baseline Comparison
To evaluate the overall performance of our solution, we conduct a baseline comparison with several solutions,
including Phasen [47], Inter-Subnet [9], and EarSpeech [19]. Among them, Phasen and Inter-Subnet are typical
single modality-based speech enhancement solutions. EarSpeech is the state-of-the-art dual-microphone speech
enhancement solutions that incorporate in-ear and out-ear microphones. Tab. 1 summarizes speech enhancement
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Table 1. Overall performance in different noise conditions with cross-validation. EN, MN, and SN represent
environmental noise, music noise, and speech noise, respectively.

PESQ STOI SI-SDR (dB) SegSNR (dB)
Method EN MN SN Avg EN MN SN Avg EN MN SN Avg EN MN SN Avg

Noisy Speech 2.62 2.26 2.31 2.45 0.85 0.78 0.77 0.81 5.03 4.91 5.03 5.00 6.52 1.98 8.92 5.93
Phasen 3.21 3.10 3.01 3.11 0.84 0.81 0.80 0.82 10.85 10.13 8.46 9.81 10.97 10.17 9.51 10.22

Inter-Subnet 3.35 3.14 3.09 3.19 0.85 0.82 0.81 0.83 11.07 10.72 9.46 10.41 11.02 10.65 10.39 10.69
EarSpeech 3.27 3.13 2.89 3.10 0.88 0.87 0.87 0.88 12.47 12.03 11.48 11.99 12.76 10.58 11.59 11.64
QuaSE 3.58 3.43 3.17 3.39 0.93 0.91 0.91 0.92 15.24 12.98 13.04 14.11 13.47 12.53 13.43 13.14

EarSpeech w/ QA 3.37 3.26 3.19 3.27 0.91 0.88 0.86 0.88 13.75 13.46 12.98 13.40 13.55 12.73 12.24 12.84
QuaSE w/o QA 3.19 3.06 3.01 3.09 0.87 0.85 0.85 0.86 14.20 12.05 12.03 13.11 12.34 11.93 11.47 11.91

metrics under different noise conditions, where EN, MN, and SN represent environmental noise, music noise,
and speech noise, respectively. QuaSE consistently outperforms existing baselines across all reported metrics.
Specifically, QuaSE achieves 9.35%, 4.55%, 17.68%, and 12.89% improvements over the best-performing baseline
in PESQ, STOI, SI-SDR, and SegSNR, respectively. Compared with EarSpeech, the significant improvement of
QuaSE mainly lies in its capability to address the negative impact of low-quality in-ear speech on the airborne
speech enhancement by dynamically fusing the complementary information based on quality variations. For
some user groups, QuaSE and EarSpeech demonstrate a comparable performance. That is because the deep
learning model in EarSpeech may also exhibit a generalization capability towards low-quality in-ear speech when
the training dataset involves low-quality in-ear speech.

8.2 Quality-aware Adaptation Effectiveness
The primary novelty of our solution is the quality-aware adaptation of cross-modal fusion. Next, we evaluate the
effectiveness of the quality-aware adaptation (QA) module designed in Sec. 5.2. As shown in Tab. 1, with the
assistance of the QA module, the enhancement performance of QuaSE can be improved by 9.71%, 6.98%, 7.62%,
and 10.33% in terms of PESQ, STOI, SI-SDR, and SegSNR, respectively. In addition, we also try to integrate the
QA module into EarSpeech to explore its feasibility as an auxiliary component to improve performance. From the
comparison in Tab. 1, PESQ, SI-SDR, and SegSNR are improved by up to 5.48%, 11.76%, and 10.31%, respectively,
revealing the effective gains of the QA module. The performance improvements of EarSpeech indicate that the QA
module can also be used as an intermediate component to facilitate the effectiveness of multi-modality sensing
tasks.

8.3 Data Augmentation Effectiveness
Next, we assess the effectiveness of data augmentation (Sec. 6.2) in terms of generalization across unseen sentences
and unseen languages.

8.3.1 Generalization Across Unseen Sentence. First, we additionally collect dual-channel speech of previ-
ously unseen sentences to evaluate the generalization capability of QuaSE. As shown in Fig. 16, the proposed data
augmentation strategy consistently improves performance across multiple metrics (PESQ, STOI, and SI-SDR),
demonstrating enhanced robustness to lexical and syntactic variations. For instance, compared with the baseline,
QuaSE with data augmentation achieves relative gains of about 10% in terms of SI-SDR. These results confirm
that augmentation not only prevents overfitting to sentence-specific acoustic patterns but also strengthens the
capability to generalize to diverse sentence structures encountered in real-world scenarios.

, Vol. 1, No. 1, Article . Publication date: October 2025.



Exploring and Addressing Poor Auxiliary Modality in Earable Dual-microphone Speech Enhancement • 19

Fig. 16. Generalization among unseen sentences.

Fig. 17. Generalization among different languages.

8.3.2 Generalization Across Unseen Language. Next, we further investigate cross-language generalization
by evaluating performance on languages that are not included during training. In our work, we select the
Mandarin language, which has phonetic or tonal deviations from English. As illustrated in Fig. 17, QuaSE data
augmentation scheme maintains competitive performance even under substantial phonetic and tonal mismatches.
This demonstrates that the augmentation strategy facilitates learning language-agnostic acoustic cues, thereby
enabling the system to operate effectively in cross-language deployment scenarios without requiring language-
specific retraining.

8.3.3 Generalization Across User Group. The leave-one-group-out cross-validation is adopted for the evalu-
ation. It ensures that all speech samples of users in the test dataset have not appeared in the training dataset
before. Fig. 18 demonstrates the enhancement performance of QuaSE across different user groups. The slight
differences of PESQ and SI-SDR between various user groups indicate that QuaSE also shows a great generaliza-
tion capability among user groups. That is because the synthetic dual-channel dataset has included 60 speakers,
making QuaSE learn user-independent features for speech enhancement.

8.4 Impact of Earphone Type
Different types of earphones may result in different degrees of seal in the ear canal, which directly brings
different degrees of in-ear speech distortion. Thus, for the three earphone types, we assess the performance
of QuaSE across different earphone types. As shown in Fig. 19, performance variations are observed due to
differences in acoustic sealing, microphone placement, and resonance characteristics. However, compared with
the baseline, QuaSE still shows outperforming performance. For the Earphone-2 type, EarSpeech and QuaSE show
only a slight performance difference. This is because the earplugs of Earphone-2 do not form a closed space with
the ear canal, so the air pressure inside the ear canal and the air pressure outside the ear canal remain balanced,
which will not cause severe speech distortion. As for Earphone-1 and Earphone-3, we can observe that QuaSE can
effectively deal with the issue of ECD-induced in-ear speech distortion.
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(a) Airborne speech (b) In-ear speech

Fig. 18. Enhancement performance across user groups.
Fig. 19. Impact of earphone type.

Fig. 20. WER of real-world scenarios. Fig. 21. MOS of real-world scenarios.

8.5 Real-world Study
Objective Measuring. In three typical voice interaction scenarios, a real-world study is conducted to assess the
robustness of QuaSE. Specifically, three typical voice interaction scenarios include an office room with the noise
level of 57.43 dB, a canteen with the noise level of 63.76 dB, and the outside street with the noise level of 75.12 dB.
Since the noisy speech collected in the real scenarios cannot be accurately measured by objective evaluation
metrics such as SNR and SDR, we use the Word Error Rate (WER) to quantify the enhancement performance of
QuaSE. The enhanced airborne speech is converted into text withWhisper Transcription GPT – AI Audio Converter.
As shown in Fig. 20, QuaSE reduces the WER across all three scenarios. In the more challenging canteen scenario
with strong overlapping competitive speech, QuaSE still achieves a significant relative reduction of 35% in WER,
demonstrating robustness against multi-speaker interference. Similarly, in the outdoor street scenario with
dynamic noise sources such as traffic, QuaSE still lowers the WER by 30%, confirming its adaptability to highly
non-stationary noise conditions. Since the Whisper Transcription GPT model is trained to be robust to ambient
noise, several noisy speech samples can also be correctly identified.
Subjective Measuring. Next, we recruit 10 volunteers to rate the enhanced speech samples using the Mean

Opinion Score (MOS) rating 0-5. A higher MOS reflects improved intelligibility and listening comfort, signifying
that the enhancement method produces speech closer to natural human perception. The results are shown in
Fig. 21, indicating that QuaSE has made great progress in both subjective and objective evaluation.

, Vol. 1, No. 1, Article . Publication date: October 2025.



Exploring and Addressing Poor Auxiliary Modality in Earable Dual-microphone Speech Enhancement • 21

Table 2. Averaged run-time latency of 5-second speech clip on different platforms.

GPU Platform CPU Platform

Quality Adaptation 0.221 (± 0.172 s) 3.276 (± 0.081 s)
Encoder & Decoder 0.008 (± 0.017 s) 1.230 (± 0.071 s)
Overall Pipeline 0.217 (± 0.269 s) 3.974 (± 0.117 s)

8.6 Latency Evaluation
To assess the efficiency of the proposedmodel in practical deployment, we conduct inference latencymeasurements
under different hardware platforms. Because the designed hardware prototype does not have computing capability,
we leverage a client-server computing mode to measure inference latency, i.e., measurement of the time from the
end of earphone recording to the completion of speech enhancement. We input the 5-second airborne speech clip
and the corresponding in-ear speech clip into QuaSE, repeat the calculation 200 times, and calculate the average
latency. As summarized in Tab. 2, the average latency of the quality-aware adaptation module (Sec. 5.2) is higher
than other modules regardless of CPU or GPU platforms. That is because it involves complex matrix operations to
generate quality embeddings, as introduced in Sec. 5.2.2. After computational optimization, the inference latency
of QuaSE only achieves 3.97 s with a real-time factor of 0.79 (< 1.00) even on the CPU platform. These results
confirm that QuaSE meets real-time requirements, which is essential for latency-sensitive applications such as
voice calls.

9 CONCLUSION
In our work, we identify that ear canal deformation induces air pressure fluctuations, degrading in-ear speech
quality and limiting existing methods. To address that, we present QuaSE, a quality-aware dual-microphone
speech enhancement framework that can dynamically fuse quality-varying in-ear speech and noisy airborne
speech. Extensive experiments demonstrate that our work significantly improves the robustness and effectiveness
of speech enhancement performance in real-world scenarios and provides meaningful guidance for future studies.
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