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Abstract

Low-end earphones are widely spread due to their affordability, but
their limited speaker hardware often leads to poor music playback
quality. This raises a key question: Can we compensate for hardware
limitations to enhance the listening experience without modifying
the device? Existing EQ-based approaches attempt this, but they
rely on frequency response curves (FRCs) measured under ideal
conditions, which fail to capture real-world distortions such as
harmonic and intermodulation effects.

To address this, we propose Cheap2Chic, a two-stage, speaker-
aware framework that improves music playback quality on low-end
earphones using deep learning. In stage one, Cheap2Chic trains a
speaker characterization model to capture the playback properties
of the target earphone. In stage two, it introduces a digital audio
enhancement model, prepended before the frozen speaker characteri-
zation model, that learns to adapt the input audio to compensate for
hardware-induced distortions. To reduce the data collection burden
required for accurate speaker characterization, Cheap2Chic also
incorporates a data synthesis module. We built a prototype and
collected a dataset to evaluate Cheap2Chic under diverse real-world
conditions. Results show that Cheap2Chic significantly improves
perceived music quality both objectively and subjectively, while
remaining efficient on mobile devices.
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1 Introduction

Earphones have become the primary audio interface for modern
digital experiences, supporting both immersive media playback (e.g.,
music delivery) and real-time communication (e.g., phone calls and
online learning). In addition to the external form factor, such as
over-head [16], in-ear [1], ear-clip [11], different earphones also
distinguish themselves in their internal audio hardware, particularly
in the quality of the speaker. This disparity is particularly noticeable
during music listening, where premium earphones offer accurate
frequency reproduction and rich timbre, while low-end models
often suffer from weak bass, recessed midrange, or harsh treble.
These limitations stem primarily from cost-driven design trade-offs,
such as inferior speaker drivers, simplified amplification circuits,
and poorly-designed acoustic enclosures.

Despite their degraded audio performance, low-end earphones
remain one of the most widely distributed classes of audio devices.
For instance, they are often provided as disposable in-flight ear-
phones by airlines and serve as a practical, affordable option for
lower-income populations. According to a Futuresource report [9],
global earphone shipments reached 566 million units annually by
2024, with sub-USD 50 models accounting for 46% of the market
[7]. This proportion is expected to be even higher in low-income
regions. However, while affordable, these devices often fail to de-
liver satisfactory audio quality, particularly for music playback.
Additionally, prolonged exposure to distorted or unbalanced audio
may induce increased listening effort and contribute to long-term
auditory strain or damage [26]. This raises a natural question: Can
we find an effective and practical way to compensate for the hardware
limits of low-end earphones and enhance the listening experience?

Addressing this requires two critical steps: (1) understanding
the audio characteristics of the low-end speaker, and (2) based
on that, designing a compensation scheme to modify the original
digital audio, such that the resulting playback through the low-
end speaker better preserves the intended audio quality. Existing
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approaches for compensating speaker deficiencies primarily rely on
equalization (EQ) [54]. It leverages the frequency response curve
(FRC) as the speaker’s characteristic, and adjusts the energy of
different frequency bands in the digital audio signal to improve the
perceived audio quality during playback. EQ methods generally fall
into two categories. Graphic EQ [27, 43, 49] uses fixed frequency
bands with sliders to boost or cut each band, offering simplicity
at the cost of precision. In contrast, parametric EQ [19, 44, 45]
provides fine-grained control over each band’s frequency range and
gain, enabling more precise audio tuning. More recently, automated
systems such as AutoEQ [3] attempt to match a device’s FRC to
a target response (e.g., the Harman curve [41]) by optimizing a
sequence of parametric filters.

However, EQ inherently has limitations in both key steps. First,
FRC offers only a coarse, steady-state characterization of a device’s
behavior and fails to fully capture the true nature of the speaker.
Specifically, FRC is typically measured using swept sine waves (i.e.,
one frequency at a time) under controlled conditions, which cannot
capture behaviors such as harmonic distortion and intermodulation
that arise when multiple frequency components are present, as in
music playback. We elaborate on these limitations with experiments
in Section 2.3. Second, EQ-based methods typically operate on a
limited number of frequency bands (e.g., 10 or 16), offering only
coarse granularity in adjusting the digital audio to compensate
for speaker deficiencies. Furthermore, by relying solely on linear
gain adjustments across bands, EQ fails to account for nonlinear
distortion, transient smearing, and other time-varying artifacts
present in continuous music streams.

To address these limitations, we propose Cheap2Chic, a speaker-
aware framework designed to enhance music playback quality on
low-end earphones. First (Stage 1), to accurately and comprehen-
sively capture speaker characteristics, we propose a deep learning-
based method that models the playback properties of low-end speak-
ers by fitting a neural network (Section 3.2) in a data-driven manner.
Trained on real-world data collected from commercial earphones,
the model (denoted as speaker characterization model) effectively
learns both steady-state and dynamic properties of the hardware. To
reduce the burden of collecting large training data, we also develop
a data synthesis module that combines coarse-grained hardware
information extracted from the FRC using a vision-language model
(VLM), with a small amount of real device data to generate high-
quality synthetic training samples (Section 3.4).

Second (Stage 2), to effectively compensate for low-end hard-
ware, we propose refining the digital audio using a deep neural
network so that the modified signal delivers improved audio quality
when replayed through the target low-end speaker (Section 3.3).
Specifically, we freeze the speaker characterization model trained
in Stage 1 simulating the low-end hardware properties, and ap-
pend it to another model (denoted as digital audio enhancement
model). By training this cascaded architecture end-to-end from raw
digital audio to high-quality recordings captured from high-end
earphones, the digital audio enhancement model learns to adapt
the input signal to better suit the low-end hardware for producing
high-quality audio. Notably, the speaker characterization model is
used only during training to guide learning and only the digital
audio enhancement model is required during inference.
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Fig. 1: A typical five-step workflow for low-end earphone users to
use Cheap2Chic to enhance audio quality.

To evaluate Cheap2Chic, we first developed a prototype and
collected an audio dataset spanning a variety of music genres using
eight commercial earphones across different price points. We then
conducted comprehensive experiments to assess the impact of vari-
ous factors in practical settings, using both objective and subjective
evaluation metrics. Results show that Cheap2Chic significantly
enhances the perceived audio quality of low-end earphones and op-
erates efficiently on mobile devices. It requires no extra hardware or
sensors on the earphones, and any existing earphones can be used
without modification, as all computation runs on the companion
smartphone. Overall, this paper makes the following contributions:
e We proposed Cheap2Chic, a novel framework that enhances

music delivery quality on low-end earphones. Cheap2Chic in-

novates with (1) a deep learning-based approach for speaker
characterization and (2) a cascaded architecture that learns effec-
tive compensation strategies to address speaker deficiencies.

o We designed a data synthesis module that accurately simulates
earphone recordings by leveraging coarse-grained FRC data. This
approach innovatively treats the FRC as an image and extracts
features using a vision-language model (VLM).

e We built a prototype and collected a dataset of playback record-
ings from eight commercial earphones across ten music genres
(totaling 40 hours). We plan to release this dataset publicly to fa-
cilitate and encourage broader research on earphone audio quality.

o We conducted extensive experiments to evaluate the effectiveness
and system overhead of Cheap2Chic under various real-world
factors.

2 Background and Motivation

2.1 Application Scenario

Figure 1 illustrates the envisioned user experience of Cheap2Chic
through a typical five-step usage flow. Alice, who regularly listens
to music using a pair of low-end earphones, aims to enhance her
listening experience with the Cheap2Chic mobile app. She begins
by (1) connecting her low-end earphones to the mobile phone and
performing a one-time device registration by uploading a small
amount of sample data to the Cheap2Chic mobile app. (2) The
app uses the sample data to build a device-specific profile (i.e., the
speaker characterization model). (3) Alice can then select a preferred
sound profile as the target of the enhancement in the app. For
example, she may choose the profile of a high-end earphone model
that features strong bass. (4) The app prepares personalized audio
enhancement to match the sound profile of the selected device
through a brief one-time training phase. (5) Once the training is
completed (i.e., obtaining the digital audio enhancement model),
Alice can play music directly through the Cheap2Chic mobile app
and enjoy a significantly improved audio experience (e.g. stronger
bass and other enhancements) tailored to her device. The entire
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Fig. 2: Spectrograms of (a) the original digital audio, the recording
from (b) a low-end earphone, and (c) a high-end earphone.
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Fig. 3: (a) FRC comparison of a high-end (Sennheiser IE 300) and a low-
end (Fransun E20) earphone; FRCs of Fransun E20 measured under

(b) different input audio types and (c) different playback volumes.

process is fast, intuitive, and requires no technical expertise, offering
perceptual upgrades without any hardware changes.

2.2 Low-end vs. High-end Earphones

A key distinction between low-end and high-end earphones lies in
the capability of the playback component, namely the speaker [51].
To illustrate this gap, we play the same music clip with a Fransun
E20 earphone (low-end, 5 USD) and a Sennheiser IE 300 earphone
(high-end, 220 USD), using the prototype described in Section 4.1.
Figure 2 presents the spectrograms of (a) the original digital sig-
nal, (b) the recording from the Fransun E20 earphone, and (c) the
recording from the Sennheiser IE 300 earphone. It is evident that
the Sennheiser IE 300 earphone produces a recording that closely
matches the spectral profile of the original digital audio, while the
output from the Fransun E20 low-end earphone shows significant
spectral deviation. In particular, the lower red box highlights a
marked reduction in energy below 2 kHz, indicating weaker bass
reproduction. The upper red box shows that the high-frequency
harmonics are attenuated and smeared, revealing a loss of harmonic
detail and potential phase distortion.

To further explain these differences, we examine the frequency
response curves (FRCs) of the two earphones in Figure 3(a). The low-
end earphone exhibits a pronounced dip in the sub-2 kHz range,
leading to substantial energy loss in the low-to-mid frequency
band. This range is where music typically carries the most energy,
so its suppression is likely to degrade the perceived audio quality.
In contrast, the high-end earphone maintains the overall spectral
structure, preserving harmonic clarity and producing playback that
more faithfully reflects the original signal.

2.3 Limitations of FRC

The FRC is a standard acoustic characterization that describes how a
playback device amplifies or attenuates different frequency compo-
nents. It is typically measured using single-tone sine sweep inputs
played at fixed sound pressure levels [6]. The recorded signal is
then analyzed to compute the gain across frequencies, resulting in
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Fig. 4: System overview of Cheap2Chic. The Low-end Speaker Char-
acterization stage maps raw audio to low-end recordings via Model
1, aided by synthesized data. The Digital Audio Enhancement stage
then transforms raw audio into enhanced audio, supervised by high-
end recordings through the frozen Model 1.

a device-specific response curve under controlled conditions. How-
ever, based on experimental results from the low-end Fransun E20
earphone in Figure 3(b) and 3(c), we observe that FRCs measured
under such controlled conditions fail to accurately capture playback
behavior in more realistic scenarios, such as when the input audio
contains complex mixtures of frequency components or is played
at varying volume levels.

Specifically, when the digital audio includes multiple tones (e.g.,
in multi-tone signals or music), these components interact with
each other during playback, introducing harmonic distortion' and
intermodulation distortion?[33, 48]. Additionally, when playing
tones at different volumes, the speaker exhibits distinct forms of
non-linear behavior [23] . At high volumes, excessive diaphragm ex-
cursion leads to distortion due to overdrive?, while at low volumes,
insufficient driving force results in weak low-frequency output and
nonlinear attenuation of low frequencies4. As a result, the effective
frequency response in these conditions deviates from the standard
FRC commonly reported in device datasheets, as illustrated in Fig-
ure 3 (b) and (c). This discrepancy suggests that traditional EQ-based
approaches, which rely on standard FRCs, may yield suboptimal
audio enhancement performance in real-world use.

3 System Design

3.1 Overview

Cheap2Chic is a two-stage framework that enhances the perceived
playback quality on low-end earphones through deep learning. As
shown in Figure 4, Cheap2Chic comprises three key components.

In Stage 1, Cheap2Chic characterizes the playback behavior
of the low-end earphone by training a deep neural network on
its recordings (Section 3.2). The resulting speaker characterization
model (denoted as Model 1) effectively captures various playback

'Harmonic distortion introduces energy at integer multiples of the input frequency.
%Intermodulation distortion generates additional frequency components at the sums
and differences of input frequencies.

3At higher volumes, stronger magnetic forces may push the diaphragm beyond its
linear range, resulting in increased harmonic and intermodulation distortion.

4At lower volumes, the driving force may be insufficient to overcome the resistance of
the diaphragm, resulting in attenuation, particularly in low-frequency components.
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Fig. 5: The Base Model used in Cheap2Chic, which is a dual-branch
hybrid architecture adapted from Demucs v4, consists of a time-
domain U-Net and a frequency-domain U-Net connected via a cross-

domain transformer.
characteristics of the target device, such as frequency response,

harmonic distortion, intermodulation distortion, and etc. However,
training a reliable and accurate speaker characterization model re-
quires extensive recordings from the target device. To mitigate the
burden of data collection, Cheap2Chic further incorporates a data
synthesis module that generates synthetic audio recordings closely
resembling real recordings from the low-end device (Section 3.4).

In Stage 2, Cheap2Chic introduces a digital audio enhancement
model (denoted as Model 2), which is prepended before the frozen
Model 1. This cascaded architecture is trained end-to-end using
high-quality recordings as supervision. Through this process, the
enhancement model learns to adapt the input digital audio such
that, when played through the low-end earphone, the output closely
matches the high-quality reference (Section 3.3). The knowledge
embedded in Model 2 serves as a transformation strategy that com-
pensates for the hardware limitations of the low-end speaker. No-
tably, while Model 1 is essential during training in Stage 2 to guide
learning, only Model 2 is needed during actual deployment to mod-
ify the digital audio before streaming to the low-end speaker.

3.2 Low-end Speaker Characterization

The low-end speaker characterization phase (Stage 1) aims to cap-
ture the distortion characteristics of low-end earphones by learning
how these devices alter clean digital audio signals. Specifically, the
model aims to internalize the playback-related properties of the
device that affect the signal. To achieve this, we propose training
a neural network (i.e., speaker characterization model) that maps
clean digital audio inputs to the corresponding low-end recordings
captured after playback through the target devices.

Specifically, the speaker characterization model adopts a dual-
branch hybrid architecture, combining both time domain and fre-
quency domain modeling, adapted from Demucs v4 [46], as il-
lustrated in Figure 5. This design aims to capture the complex
distortion characteristics and temporal-spectral dependencies of
low-end earphones. Each branch uses a U-Net as the base model
to learn detailed signal representations in its respective domain.
The time-domain branch operates directly on raw waveforms us-
ing a five-layer encoder-decoder structure. The frequency-domain
branch first converts the waveform into a spectrogram via Short-
Time Fourier Transform (STFT) with a 4096-point FFT, window
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Fig. 6: Spectrograms of (a) the true low-end recording, and the outputs
of (b) our speaker characterization model.

size of 4096, and hop size of 1024. This spectrogram is then pro-
cessed through the U-Net architecture and reconstructed back to
a waveform using inverse STFT (iSTFT), before merging with the
time-domain output. Additionally, a Cross-Domain Transformer
Encoder is applied to both branches in the latent space to facilitate
effective feature fusion and capture cross-domain dependencies,
improving the model’s ability to represent complex distortions.
Eventually, the reconstructed waveforms from both branches are
merged via waveform-level summation to produce the final outputs,
which have the same shape as the input waveforms.

Notably, since the original Demucs v4 is designed for music
source separation with multiple output streams, we adapt it to our
task by modifying the last convolutional layer in both branches.
Specifically, we reduce the out-channel dimension from multiple
sources (i.e., 4) to 1, resulting in a single audio waveform. This
modification simplifies the model for our single-target mapping
scenario and removes unnecessary outputs. Additionally, by adapt-
ing the model to output a single target branch, we also streamline
the alignment between time and frequency representations, en-
abling more direct and effective cross-domain attention compared
to the original multi-source setting.

To validate whether the speaker characterization model effec-
tively captures the complex characteristics of low-end speakers, we
examine the spectrograms of the true low-end recording and the
outputs of our speaker characterization model. As shown in Figure 6,
the spectrum produced by our model (b) closely matches the true
low-end recording (a) across both low- and high-frequency regions.
The reconstructed spectrogram preserves bass energy, harmonic
structures, and fine spectral details, suggesting the effectiveness of
the proposed learning-based hardware characterization strategy.

3.3 Digital Audio Enhancement

The objective of this stage is to train a digital audio enhancement
model that modifies a clean digital input such that, after playback
on a target low-end device, the perceived audio approximates the
high-fidelity output of a reference high-end device. To achieve this,
we adopt a cascaded architecture as shown in Figure 4: we first
learn an enhancement mapping from the original digital audio to
its adapted version, and then simulate the playback quality of low-
end earphones by passing the adapted audio through the speaker
characterization model trained in Stage 1. Specifically, only the
enhancement model is trained in this phase, while the Stage 1
speaker characterization model is kept frozen to simulate the fixed
distortion characteristics of the low-end device.

We reuse the same dual-branch hybrid architecture for the en-
hancement model to ensure structural compatibility with the speaker
simulator and maintain stable, consistent learning across stages.
The enhancement model takes a digital audio input and generates
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an intermediate enhanced signal, which is then passed through
the frozen simulator to produce a simulated playback. The model
is trained by minimizing the perceptual discrepancy between this
simulated output and the reference high-end recording, which is
obtained by playing the same input through a high-end earphone
and recording it using the same setup as in Stage 1. This supervi-
sion encourages the enhancement model to learn a pre-distortion
function that offsets the degradation introduced by the hardware.

While the entire cascaded model is trained end-to-end to opti-
mize the simulated output, i.e., the enhanced audio passed through
the frozen speaker characterization model, to match the quality of
high-end playback, only the enhancement model will be used during
deployment. The speaker simulator serves solely as a training-time
proxy to model device-specific distortions, allowing the enhance-
ment model to learn how to pre-compensate for playback artifacts
without requiring the real device.

Once training is complete, the system requires no further calibra-
tion or adaptation. At inference time, any clean digital waveform
can be passed through the digital audio enhancement model alone to
produce an audio signal optimized for playback on low-end devices.

3.4 Data Synthesis Module

3.4.1 Motivation. Different from traditional EQ-based methods,
Cheap2Chic adopts a learning-based approach to model the play-
back characteristics of low-end earphones (Section 3.2). Due to its
data-driven nature, this approach typically requires a substantial
amount of training data to achieve comprehensive and accurate
modeling. To assess the data requirements, we train the speaker
characterization model using varying amounts of audio data and
evaluate the resulting audio quality improvements using two met-
rics: Log-Spectral Distance (LSD) and Scale-Invariant Signal-to-
Distortion Ratio (SI-SDR), as defined in Section 5.3. As shown in
Figure 7, performance improves with increasing training data, and
approximately 170 minutes of audio is required to train a reliable
model. However, collecting nearly 3 hours of recordings for every
new low-end device places a significant burden on users, thereby
limiting the practicality of Cheap2Chic for real-world deployment.

3.4.2  Solution overview. To address this challenge, and with the
potential to reduce real data dependency, Cheap2Chic introduces a
data synthesis module that can transform input digital audio into
synthetic recordings mimicking actual recordings from a specific
low-end speaker. As the synthesis must be device-specific, the core
insight of Cheap2Chic is to leverage the coarse cues provided by the
device’s FRC to guide the generation process. Figure 8 illustrates the
overall pipeline of the synthesis module. First, Cheap2Chic innova-
tively employs a Vision-Language Model (VLM) to extract coarse
embeddings from the FRC. These embeddings are then processed by
a Feature-wise Linear Modulation (FiLM) block to derive two con-
ditioning factors. Secondly, the generation model takes the digital
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information from the FRC graph using VLM, and (b) synthetic data
generation with FiLM-based conditioning.

audio as input and uses the FILM outputs as conditions to guide the
synthesis of device-specific recordings. This model is trained with
supervision from real recordings of the earphones corresponding
to the given FRCs. Once the model is trained or further fine-tuned
when necessary, we can generate synthetic data corresponding to

the conditioning FRC. Next, we describe the detailed process.
3.4.3 Visualizing FRC and extracting coarse information using VLM.

While FRC fails to capture complex and fine-grained properties
such as harmonics and intermodulation of the playback device (as
discussed in Section 2.3), it still provides coarse-grained information
about how an earphone shapes audio across frequencies. There-
fore, we propose to incorporate FRC as a high-level, device-specific
feature to guide the synthesis process. To do so, we first need to
extract meaningful and representative information from the FRC.
This task aligns naturally with the capabilities of Large Language
Models (LLMs), which can reason over structured patterns and in-
fer relationships that conventional numerical methods often miss.
However, since the FRC is basically a high-dimensional numeri-
cal array representing frequency-dependent scaling factors, LLMs
struggle to interpret them effectively such as extracting meaning-
ful patterns like trends, resonance peaks, or correlations between
different frequency ranges.

Inspired by how human audio experts interpret FRCs, typically
by visualizing them as line graphs, we convert each FRC into a line-
graph image that preserves its overall shape and makes key patterns
more interpretable. The X- and Y-axis scales further provide con-
text for understanding frequency and gain variations. To capture
these perceptually relevant cues beyond raw numerical features,
we employ a vision-language model (VLM; Llama-3.2-11B-Vision-
Instruct [13]), which can reason over structured visual inputs and
extract compact embeddings that better describe device-specific
characteristics.

Specifically, after plotting the FRC graph with labeled X and
Y axes and appropriate scales, we introduce a prompt to further
guide the model’s reasoning: "You are an audio expert. Your job is
to reason and analyze the given frequency response of an earphone
device.". As the VLM’s output is spatial and high-dimensional (mul-
tiple token-level embeddings), we apply an average pooling layer
to aggregate tokens and form a compact 4096-dimensional embed-
ding that captures coarse device-level characteristics. Following
that, the embedding is injected into the generation model via the
FiLM [42] module, which consists of two dense layers to produce
learnable shift and scale parameters. These parameters serve as
conditioning inputs for the subsequent data generation module
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training stage. Compared to using the full 4096-dimensional em-
bedding directly, the scale and shift parameters offer a lightweight
and more interpretable way to modulate the spectrogram (e.g., am-
plifies/suppresses and supplements features), enabling simple yet
efficient adaptation to different device characteristics.
3.4.4 Synthetic data generation with FiLM-based conditioning. Us-
ing the FRC-derived shift and scale parameters as conditioning
signals, we build a data generator that takes digital audio input, con-
ditioned on these device-specific factors, to generate low-end device
recordings. We adopt the same base model structure (Figure 5) as in
Stage 1 and Stage 2 because they all share the similar audio-to-audio
transformation task. Specifically, the shift and scale parameters ex-
tracted from the FILM layers are used to modulate the frequency
branch, affecting the spectrogram after the STFT and normalization
layers. This approach is motivated by the fact that the VLM-derived
FRC embeddings primarily capture coarse spectral characteristics,
making them better suited to guide frequency-domain represen-
tations rather than time-domain features. The cross-modulation
module can still integrate information from both frequency and
time branches to produce device-specific recordings. This model
is trained using real pairs of digital audio and their corresponding
recordings from various devices, conditioned by their paired FRCs.
3.4.5 Model fine-tuning for unseen devices. The data generator
described above can already synthesize high-quality data for low-
end devices seen during training. However, its generalizability to
unseen devices depends heavily on the diversity of the device train-
ing set. With a sufficiently diverse pretraining pool, the generator
could better generalize from frequency response curves, laying
the groundwork for eliminating real data altogether. In practice,
collecting recordings from a large and varied set of earphones (e.g.,
100 or 1000 models) is highly challenging. To address this limita-
tion, we adopt a two-stage data generation approach: a pretraining
phase, where a general data generation pipeline is learned using all
available recordings from a limited range of devices, followed by a
fine-tuning phase, in which the model is adapted using recordings
from the target low-end device to achieve high-quality synthesis.
In our experiment, the pretraining phase is conducted on a
dataset encompassing all devices listed in Table 1, excluding the
target device, i.e., 7 devices. The fine-tuning phase for a target
device is performed using a small set of real recordings (e.g., 30
minutes) to develop a device-specific generation model that better
captures its unique playback characteristics. After fine-tuning, this
model synthesizes additional training data from external digital
audio corpora. The synthetic data is then combined with the limited
real recordings to train the low-end speaker characterization model.
This could significantly reduce the user burden by 82% (from 170
minutes to 30 minutes), making Cheap2Chic more practical and
scalable for real-world applications, as motivated in 3.4.1.

4 Prototyping and Data Collection
4.1 Prototype

As Cheap2Chic aims to enhance the perceived music quality on low-
end earphones, it is essential to train the models using recordings
that reflect how audio is perceived by human ears. To this end, we
developed a customized prototype, as illustrated in Figure 9. We
employ an artificial ear model [10], which conforms to the IEC-711
standard and is typically used for earphone testing, to simulate
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Fig. 9: Illustration of the prototype and recording setup. (a) Front
view of the artificial ear with an anatomically shaped pinna. (b) Side
view showing the molded ear canal and microphone at the eardrum
position. (c) Full setup including the tested earphone, artificial ear,
and Bela Mini board for synchronized playback and recording.
Table 1: Summary of selected commercial earphones for dataset col-
lection and performance evaluation.

Label Model Type Price
IE-L1  Fransun E20 [8] In-ear 5 USD
[E-L2  JBL C100SI [12] In-ear  15USD
IE-H1 Aurvana Air [2] In-ear 200 USD
IE-H2 Sennbheiser IE 300 [15] In-ear 220 USD

OE-L1 Mezone P2961 [14]
OE-L2 Zihnic Foldable [17] Over-ear 20 USD

OE-H1 Sony WH-1000XM5 [16] Over-ear 300 USD
OE-H2 Beyerdynamic DT700 PRO X [5] Over-ear 320 USD

Over-ear 7 USD

human ears. It consists of an anatomically shaped pinna, a molded
ear canal that replicates acoustic reflections, and a calibrated micro-
phone positioned at the location of the tympanic membrane. For
in-ear earphones, we insert them into the ear canal until a stable
seal is achieved, while over-ear earphones are placed to fully cover
the pinna, mimicking typical usage. Both playback and recording
are managed by a Bela Mini development board [4] to ensure syn-
chronization. Specifically, the external earphone receives digital
audio via a 3.5 mm jack, and the microphone output captured at the
tympanic membrane is streamed back to the board through a sepa-
rate 3.5 mm jack. Recordings are sampled at 44.1 kHz with 16-bit
resolution and saved in lossless WAV format for downstream analy-
sis. Our prototype setup offers a more accurate reflection of human
auditory perception than free-field microphone recordings, while
also providing greater stability and eliminating inter-individual
variability compared to collecting with real human subjects.

4.2 Dataset Collection

Using the prototype, we collected a dataset comprising diverse
music genres recorded through various earphone models to evaluate
the performance of Cheap2Chic.

Earphone Models: To cover a broad range of usage scenarios, we
selected eight commercial earphone models, including both in-ear
(IE) and over-ear (OE) types. For each type, we chose two low-end
models (L1 and L2), priced below 20 USD, and two high-end models
(H1 and H2), priced above 200 USD. The low-end models serve
as the target devices whose perceived audio quality Cheap2Chic
aims to enhance, while the high-end models act as references for
the high-quality audio experience users desire. For example, if the
owner of a Franrun E20 seeks audio quality comparable to that of
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the Sennheiser IE 300, then Franrun E20 and Sennheiser IE 300 are
treated as the low-end and high-end models, respectively, during
the development of the models described in Section 3. Table 1
summarizes the selected earphones.

Source Music Corpus: To record music with the selected ear-
phones, we used the GTZAN dataset [53], a widely adopted bench-
mark corpus in music information retrieval. Its broad genre cover-
age enables us to evaluate how earphones respond to a wide range
of frequency content and musical styles. We utilized all 10 musical
genre35 included in the GTZAN dataset. For each genre, we selected
60 audio clips, each 30 seconds long. All clips were converted to
mono, uncompressed WAV format at 44.1 kHz for playback.

Dataset Recording: During playback, we positioned the right
earphone over the artificial ear and routed audio clips exclusively
through the right channel (muting the left channel to eliminate
crosstalk). All recordings were conducted in a quiet indoor environ-
ment to minimize external noise. In total, we recorded 8 (earphones)
X 10 (genres) X 60 (clips) X 0.5 minutes = 2,400 minutes (or 40 hours)
of music data that reflect realistic human auditory perception. We
plan to release this dataset to the community to facilitate broader
research on earphone audio quality.

5 Experiment setup
5.1 Device Pair Selection

As different users may own different types of low-end devices and
seek to enhance the perceived quality to match various high-end
earphones, we evaluate Cheap2Chic using diverse earphone combi-
nations listed in Table 1. Specifically, we used eight representative
device pairs, each mapping a low-end source device to a high-end
reference device. These include in-ear earphone pairs: (IE-L1—IE-
H1), (IE-L2—IE-H1), (IE-L1—IE-H2), (IE-L2—IE-H2); and over-ear
headphone pairs: (OE-L1—OE-H1), (OE-L2—OE-H1), (OE-L1—OE-
H2), (OE-L2—OE-H2). Unless otherwise specified, evaluation re-
sults are averaged across all eight pairs.

5.2 Data Preprocessing and Model Training

Data preprocessing: We segment the audio clips using a sliding
window approach, with each sample being 5 seconds long with a
stride of 0.5 seconds. Eventually, in our two-stage pipeline (default),
the final dataset comprises 21,276 training, 5,319 validation, and
2,995 testing digital-playback audio pairs. It is worth noting that
in our default setting, the low-end speaker characterization stage
utilizes both synthesis and real data. Specifically, 18,912 (training)
and 4,137 (validation) pairs among the total are generated by the
data generation module. Meanwhile, all real data in the digital audio
enhancement stage is used because it is supposed that high-quality
earphones are predefined in the test-time deployment and a large
corpus of recordings are available.

Model Training: We train the models using the AdamW optimizer
with a learning rate of 5 X 107>, weight decay of 0.01, and param-
eters f; = 0.9, B, = 0.98, and € = 1 x 107°. The low-end speaker
characterization stage is trained for 20 epochs with a batch size
of 16, while the digital audio enhancement stage is trained for 10
epochs with a batch size of 8. Both stages optimize mean squared
error (MSE) loss. Early stopping is applied based on the validation

5The 10 genres are: blues, classical, country, disco, hip-hop, jazz, metal, pop, reggae,
and rock.
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loss to prevent overfitting. All experiments are conducted using
two NVIDIA A100 GPUs, each with 40 GB of memory.
5.3 Evaluation Metrics

To quantitatively evaluate the performance of Cheap2Chic, we
adopt four complementary metrics that capture waveform fidelity,
perceptual quality, and spectral similarity. All metrics use the record-
ings from high-end playback in the respective pair as the reference.

SI-SDR: The Scale-Invariant Signal-to-Distortion Ratio measures
the waveform reconstruction quality while remaining invariant to
amplitude scaling. Higher values indicate better performance.

PEAQ [50]: Perceptual Evaluation of Audio Quality is a stan-
dardized metric that estimates subjective audio quality, with scores
ranging from 1 (very annoying) to 5 (imperceptible). Higher scores
indicate better perceived fidelity.

LSD [24]: Log-Spectral Distance measures the average Euclidean
distance between the log-magnitude spectrograms of the reference
and test signals. Lower values indicate better spectral alignment.

FAD [31]: Fréchet Audio Distance quantifies perceptual similar-
ity between two sets of audio in an embedding space derived from
a deep learning model (e.g., VGGish). Lower FAD values indicate
greater similarity in timbre and texture.

5.4 Baselines

We benchmark the performance of Cheap2Chic against both tra-
ditional EQ-based methods and recent deep learning approaches.
Notably, existing deep learning methods do not account for hard-
ware characteristics; therefore, for a fair comparison, we integrate
their network architectures into Cheap2Chic ’s two-stage pipeline
and train them under the same data conditions as Cheap2Chic, i.e.,
using 30 minutes of real data and 150 minutes of synthetic data.

AutoEQ [3]: AutoEQ is a representative earphone equalization
method that designs a 16-band Finite Impulse Response (FIR) filter
using biquad peaking equalizers to match the frequency response
of a source (low-end) device to that of a reference (high-end) device.

DeFTAN-II [34]: This is a single-branch, multi-channel speech
enhancement model that integrates CNNs and Transformers. It par-
titions feature maps into locally emphasized and original subgroups
and processes them using a dual-path feedforward network.

HS-TasNet [55]: This model is designed for music source separa-
tion using a hybrid framework comprising a waveform branch and
a spectrogram branch. It also incorporates stacked LSTM blocks in
the latent space to capture the long-range temporal dependencies.
6 Performance Evaluation

By default, for each low-end device, Cheap2Chic requires 30 min-
utes of real recordings to fine-tune the data synthesis model. This
model then generates 150 minutes of synthetic data, which, to-
gether with the original 30 minutes of real data, is used to train and
validate the speaker characterization model. Afterwards, the digital
audio enhancement model is developed using all the 180 minutes of
data from a high-end device as high-quality audio can be provided
with the Cheap2Chic service provider without user involvement.
To evaluate the actual perceived performance of Cheap2Chic, we
follow a three-step procedure: (1) select additional digital audio files
spanning various genres from the GTZAN corpus (i.e., previously
unseen during model development), (2) process them using the
trained digital audio enhancement model to obtain the modified
digital signals (i.e., inference), (3) replay the modified signals through



SenSys 26, May 11-14, 2026, Saint Malo, France

Table 2: Performance across different baselines and variants.

System SI-SDRT PEAQT LSD| FAD]|
Low-end Playback 0.05 243 7.41 1.40
AutoEQ [3] 9.75 3.03 6.60 078
DeFTAN-II [34] 16.18 3.22 471 0.64
HS-TasNet [55] 17.20 3.68 4.49 0.43
Limited-RealData 16.64 3.35 4.52 0.41
Full-RealData 20.74 4.04 2.66 0.11
Cheap2Chic 20.56 3.91 2.93 0.14

the low-end devices, and record the output using the same setup
described in Section 4. All evaluation results are derived from this
newly collected test set, which consists of 5 minutes of recording
per genre for each device pair, totaling 10 hours of evaluation data.

6.1 Overall Performance

In addition to the baselines presented in Section 5.4, we also com-
pare Cheap2Chic against several of its variants. Specifically, Low-
end Playback refers to the original recordings from the low-end ear-

phones without any enhancement, i.e., without applying Cheap2Chic.

Limited-RealData denotes the case where only 30 minutes of real
data are used to train the speaker characterization model, whereas
Full-RealData represents the scenario where the full 180 minutes of
real data from the low-end device are used for training.

Table 2 presents the average results across eight device pairs.
The reported metrics reflect relative differences between low-end
and high-end playback, lower scores indicate perceptual gaps rather
than the low-end baseline being unlistenable. We can observe that:
(1) Low-end Playback yields the poorest performance across all
metrics, highlighting the low quality of the original audio and the
necessity of Cheap2Chic. (2) Limited-RealData significantly im-
proves performance over Low-end Playback, despite requiring only
30 minutes of device-specific data, demonstrating the effectiveness
of the two-stage pipeline in Cheap2Chic. (3) Full-RealData further
enhances performance, as the increased amount of real data allows
for more accurate and comprehensive hardware characterization of
the low-end earphone. (4) Cheap2Chic achieves performance that is
only marginally lower than Full-RealData, indicating that the data
synthesis module is capable of generating high-quality recordings.
Together, the Limited-RealData and Full-RealData variants illustrate
how synthesized data influence performance, reflecting the role of
the data synthesis module and serving as an implicit ablation study.

When compared with the three baselines, Cheap2Chic consis-
tently achieves superior performance. Specifically, AutoEQ, which
applies a fixed set of filters to align the frequency response of the
low-end device with that of a high-end target, fails to capture and
compensate for the nuanced characteristics of low-end hardware.
As a result, it performs worse than learning-based approaches. Al-
though both HS-TasNet and DeFTAN-II adopt the same two-stage
pipeline as Cheap2Chic, they still underperform. This is because
Cheap2Chic jointly extracts time-domain and frequency-domain
features and leverages a cross-attention mechanism to enable more
effective representation learning.

To provide a visual illustration of Cheap2Chic’s effectiveness,
Figure 10 presents spectrograms from (a) the Low-end Playback,
(b) the target high-quality playback, and (c) the playback enhanced
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Fig. 10: Spectrograms of (a) the low-end playback, (b) the target high-
quality playback, and (c) the playback enhanced by Cheap2Chic.

Table 3: Performance comparison between Low-end Playback and
Cheap2Chic across device pairs.

Device Pair System SI-SDR T PEAQ T LSD | FAD |
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by Cheap2Chic, using the (IE-L1—IE-H2) device pair. It is evident
that, by modifying the digital audio, the low-end earphone is able
to reproduce high-quality playback closely resembling that of the
high-end reference, thereby improving the perceived audio quality.

6.2 Impact of Different Device Pairs
To assess whether Cheap2Chic consistently enhances playback
quality across different device combinations, we evaluate its perfor-
mance on a diverse set of low-end to high-end pairs. In addition to
the intra-type pairs described in Section 5.1, we include cross-type
cases where the low-end and high-end devices differ in form factor,
such as in-ear to over-ear, or vice versa. These cross-type settings
enable us to evaluate the generalizability of Cheap2Chic across
distinct device architectures and to investigate whether physical
differences between device types affect the fidelity of enhancement.
Table 3 summarizes performance across 12 device pairs. For
each pair, we compare Cheap2Chic with Low-end Playback. Across
all device pairs, Cheap2Chic consistently improves playback qual-
ity over the low-end baseline. This improvement holds even for
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Fig. 11: Performance comparison across ten GTZAN genres and one
unseen genre.

extremely low-cost models, for example, the $5 in-ear earphone (IE-
L1) achieves SI-SDR gains exceeding 20 dB when paired with high-
end targets. Both in-ear and over-ear categories benefit similarly,
suggesting that Cheap2Chic effectively compensates for a wide
range of hardware degradation profiles. However, performance on
cross-type pairs is less uniform: enhancing over-ear playback to
match in-ear targets yields strong results, while mapping from in-
ear to over-ear is more challenging. This asymmetry likely arises
from fundamental physical differences: compact in-ear devices are
inherently limited in reproducing the expansive soundstage and
broadband dynamics of over-ear headphones, due to constraints in
speaker size and acoustic enclosure design [18]. Nevertheless, the
gains in SI-SDR still exceed 16 dB.

6.3 Impact of Different Genres

In real-world scenarios, users listen to a wide variety of music
genres that are characterized by distinct spectral and temporal
properties. To evaluate how Cheap2Chic performs across such di-
verse content, we analyze its enhancement results over the ten
music genres included in our collected corpus, as well as an unseen
genre. As shown in Figure 11, all genres exhibit clear improvements
over the Low-end Playback baseline, indicating that the system
consistently enhances playback quality regardless of content.

Among them, genres such as Pop, Metal, and Hip-Hop show the
most significant gains. These styles typically feature strong rhyth-
mic structures, concentrated spectral energy, and regular patterns,
which make them easier for the system to model and enhance. In
contrast, Classical, Jazz, and Country display slightly smaller im-
provements, likely due to their soft dynamics, broader dynamic
ranges, and more intricate spectral structures, which are more prone
to distortion on low-end devices and harder to recover.

6.4 Impact of Music Playback Volume

Earphone users could listen to music at varying playback volumes
depending on their environment, which may influence perceived
sound quality. To evaluate the impact of playback volume, we con-
ducted an experiment using the (IE-L1—IE-H2) device pair. Specif-
ically, we applied a model trained at medium volume to enhance
a set of digital audio signals, which were then played on IE-L1 at
three common loudness levels [32]: low (65-75 dB), medium (75-85
dB), and high (85-95 dB). Each playback was compared against the
reference recording from IE-H2 at the corresponding volume level.

SenSys '26, May 11-14, 2026, Saint Malo, France

Table 4: Performance of Cheap2Chic across playback volume levels.

SISDRT PEAQT LSD| FAD|

Volume Level

Low (65-75 dB) 22.29 3.90 3.01 0.23
Medium (75-85 dB) 22.32 4.05 3.00 0.18
High (85-95 dB) 18.71 3.57 3.19 0.33

As shown in Table 4, Cheap2Chic still performs well across all
tested volume levels. However, we observe that it achieves the best
results when the playback volume matches the training condition,
yielding the lowest spectral distortion and highest waveform fidelity.
At lower volumes, performance degrades slightly, likely due to lim-
ited diaphragm excursion, which reduces signal energy and masks
subtle spectral details. At higher volumes, the degradation is more
pronounced across all metrics, which might be caused by exces-
sive voltage driving the speaker beyond its linear operating range,
thereby increasing harmonic distortion. Currently, Cheap2Chic
does not incorporate volume variation; pretraining with clips across
multiple loudness ranges or conditioning the model on volume-
dependent features could further improve robustness.

6.5 Potential Improvement with Data Synthesis

As demonstrated in Section 6.1, the proposed data synthesis mod-
ule is capable of generating high-quality synthetic recordings that
accurately reflect the hardware characteristics of the target de-
vice, thereby reducing the user’s data collection burden. This natu-
rally raises an important question: as a data-driven approach, can
Cheap2Chic’s performance be further improved by generating more
synthetic data for model training?

To explore this, we select the (IE-L1—IE-H2) device pair and
augment the 30 minutes® of real data with varying amounts of
synthetic data (ranging from 0 to 330 minutes) for training the
speaker characterization model. As shown in Table 5, Cheap2Chic’s
performance improves steadily across all metrics as more synthetic
data is added, eventually surpassing its default setting (30 min + 150
min). Notably, when using 220 minutes (or more) of synthetic data
alongside 30 minutes of real data, Cheap2Chic even outperforms
the Full-RealData setting, which uses 180 minutes of real record-
ings. When no real data were used for fine-tuning, performance
degraded sharply, highlighting the pretrained model’s limitation
and the need for real data. However, adding excessive synthetic
data increases training cost and reduces the relative contribution of
real data, leading to diminishing reward. To verify the generality of
this trend, we also evaluated another device pair (OE-L1—OE-H2)
and observed a consistent pattern of gradual improvement followed
by saturation. These results demonstrate that the data synthesis
module produces high-quality samples and offers flexible scalability
for model training, effectively serving as an ablation study that re-
veals how the balance between real and synthesized data influences
overall performance.

6.6 Impact of Bluetooth Transmission

Some of the earphone models selected for data collection (Table 1)
support both wired (via 3.5mm connection) and wireless (via Blue-
tooth) audio streaming. In the main evaluation, we used wired con-
nections for all devices to ensure fair and consistent comparison.

%30 and 180 minutes mark the lower and upper bounds of effective real-data usage,
since performance drops sharply below 30 minutes and saturates beyond 180 minutes.
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Table 5: Impact of synthetic data volume.

Configuration

(Real + Synthetic) SI-SDRT PEAQT 1SD| FAD|

30 min + 0 min 18.22 3.49 5.37 0.64
30 min + 30 min 19.66 3.78 4.48 0.39
30 min + 90 min 21.98 3.92 3.57 0.23
30 min + 150 min

. 22.32 4.05 3.00 0.18
(Cheap2Chic)
30 min + 210 min 22.66 4.07 2.74 0.14
30 min + 330 min 22.94 4.11 2.62 0.12
180 min + 0 min 22.40 404 266 015

(Full-RealData)

Table 6: Impact of wired and wireless audio streaming.

Configuration SI-SDRT PEAQT LSD| FAD|
Low-end Playback (Wired) -0.58 2.74 7.68 1.39
Cheap2Chic (Bluetooth) 19.41 3.77 1.95 0.17
Cheap2Chic (Wired) 20.93 4.08 1.78 0.08

However, since Bluetooth transmission is known to introduce issues
such as packet loss [52], we conducted an additional experiment to
assess whether Cheap2Chic’s performance is affected under wire-
less conditions. Specifically, we evaluated the (OE-L1—OE-H1) pair,
where OE-L1 (Mezone P2961) supports both playback modes. After
developing the corresponding enhancement models, we played the
same modified digital audio through OE-L1 using both the 3.5mm
wired connection and Bluetooth, and recorded the outputs. These
recordings were then compared to the high-end reference playback
from OE-H1. To account for latency differences between wired and
wireless channels, we aligned all recordings using cross-correlation.

As shown in Table 6, Cheap2Chic consistently improves per-
ceived audio quality over the Low-end Playback baseline in both
wired and Bluetooth playback modes. While Bluetooth playback
exhibited a slight performance drop compared to the wired version,
the degradation was minimal. This may be attributed to compres-
sion artifacts introduced during Bluetooth transmission, particu-
larly affecting high-frequency content. However, since our enhance-
ment primarily focuses on the mid- and low-frequency ranges, the
overall impact on effectiveness remains marginal.

6.7 Subjective Evaluation

As the primary goal of Cheap2Chic is to enhance low-end earphone
users’ listening experiences, we conducted a subjective listening
test to directly evaluate perceived audio quality from the listener’s
perspective. To this end, we designed a two-part evaluation pro-
cedure and recruited 10 participants (6 male and 4 female, with
an average age of 28) who regularly listen to music, 4 of whom
also had formal training in playing musical instruments. All evalu-
ations were carried out in a quiet indoor environment using four
representative device pairs: (IE-L1—IE-H1), (IE-L1—IE-H2), (OE-
L1—OE-H1), and (OE-L1—OE-H2). The evaluation was approved
by the Institutional Review Board (IRB) of the authors’ institution
and consists of two parts:

Part 1 (MOS Rating). For each device pair, participants listened to
three 10-second music clips under three playback conditions: the
original low-end playback, the version enhanced by Cheap2Chic,
and the high-end reference. Each clip was long enough to allow
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Fig. 12: (a) MOS averaged across all device pairs and participants. (b)
MOS for the individual device pair.

reliable quality judgments while avoiding listener fatigue. The play-
back order was randomized, and participants could replay clips as
needed. After listening, they rated the overall sound quality of each
version immediately using a 5-point Mean Opinion Score (MOS)
scale [29], where 5 = Excellent, 4 = Good, 3 = Fair, 2 = Poor, 1 = Bad.
Part 2 (Post-experiment Interview). After completing the listening
tasks, participants were interviewed to share their subjective im-
pressions of the enhanced audio and their perceived effectiveness
of Cheap2Chic. This qualitative feedback aims to provide additional
insights beyond the numerical ratings, helping us better understand
how users perceived the improvements in listening scenarios.

Figure 12 presents the results of our subjective study, with (a)
showing overall scores and (b) detailing results for individual de-
vice pairs. These results indicate that (1) Cheap2Chic consistently
improves perceived audio quality over the original low-end play-
back, raising average MOS from below 3 (Fair) to nearly 4 (Good),
demonstrating the effectiveness of Cheap2Chic; (2) although high-
end devices still receive higher ratings compared to Cheap2Chic,
this is expected for two main reasons: (i) it is impossible to fully
compensate for the inherent hardware limitations of low-end de-
vices using a software solution, and (ii) factors such as the shape,
layout, and materials of the earphone design also influence per-
ceived audio quality, areas where high-end devices naturally have
an advantage; and (3) the improvement is consistent across different
high-end targets, regardless of whether the devices are in-ear or
over-ear. Moreover, the subjective scores may also reflect percep-
tual bias: participants were aware that they were wearing budget
earphones during experiment, which could subconsciously lead
them to assign slightly lower ratings even when the perceived qual-
ity was close to that of high-end playback. To let readers experience
the perceptual improvements, we released an online demo page
(https://contributor21.github.io/Cheap2Chic/) showcasing two de-
vice pairs across five music genres. All samples were recorded after
playback through the respective earphones, where each column rep-
resents the low-end playback, the Cheap2Chic-enhanced version,
and the high-end reference.

Seven participants explicitly described the improvement as sig-
nificant compared to the original low-end version, indicating a
strong preference for the enhanced playback. Across the inter-
views, several recurring keywords emerged, including stronger bass,
less harsh treble, and clearer instrumentals, reflecting that partici-
pants perceived enhancements across diverse audio dimensions.
Also, the majority of the participants found Cheap2Chic to be an
interesting and novel solution for enhancing audio perception. In
addition to general impressions, some participants offered more
nuanced, genre-specific observations. For example, Participant 4,
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who had received formal musical training, found the enhanced bass
particularly satisfying in pop music but considered it slightly over-
powering in classical tracks where subtler dynamics are preferred.
Meanwhile, Participant 8, an audio equipment enthusiast, remarked
that although high-end earphones typically offer better fidelity, the
perceptual gap was less pronounced in country music, suggesting
a reduced gap between Cheap2Chic and high-end devices.

6.8 System Performance

Since music playback on earphones is typically streamed from
companion smartphones, we envision Cheap2Chic being deployed
as a mobile application to deliver the enhancement service. The
digital audio enhancement (i.e., model inference) can be performed
either in the cloud or directly on the mobile device. For the latter,
it is essential to assess whether Cheap2Chic can operate in real
time while maintaining acceptable energy efficiency. To this end,
we deployed our enhancement model on a Xiaomi 13 smartphone’,
featuring a Snapdragon 8 processor and a 4500 mAh battery.

To assess runtime efficiency, we continuously fed 5-second audio
segments into the enhancement model and measured inference
latency over 1,000 runs. The system achieved an average latency of
1.83 seconds per segment, demonstrating that Cheap2Chic supports
real-time enhancements®. We further evaluated sustained resource
usage by running the system continuously for one hour, during
which a new segment was enhanced every five seconds to simulate
realistic playback behavior. The measurement shows that battery
consumption increased from 2% per hour (with audio playback
only) to 8% per hour with enhancement enabled, corresponding
to an average current draw of approximately 280 mA. The model
maintained an average CPU utilization of 24% and a mean memory
usage of 410 MB, reflecting a stable and moderate computational
demand. These results suggest that Cheap2Chic can be feasibly
deployed on smartphones and can operate continuously without
imposing excessive battery drain or processor load.

7 Related Work

In the music domain, existing efforts to enhance the perceived lis-
tening experience can be broadly categorized based on whether
the hardware characteristics of the playback device are taken into
account. The first category, primarily EQ-based enhancement meth-
ods, leverages FRC to model device characteristics and applies filters
to align the output with a target response, thereby improving play-
back quality. The second category, including approaches such as
music coloring and stylization, focuses on achieving specific per-
ceptual effects or styles (e.g., karaoke-style) by altering the digital
audio directly, without considering the playback device’s properties.
In the following sections, we review each category in detail.

7.1 EQ-Based Enhancement Methods

Traditional EQ techniques can be categorized into three types. The
first type is graphic equalizers [27, 43, 49], which divide the fre-
quency spectrum into fixed bands and allow manual, user-controlled
gain adjustments. This method offers an intuitive but relatively
coarse level of control. The second group is parametric equalizers

Xiaomi 13 was originally released as a flagship model, and now retails for approx-
imately 200 USD, making it a reasonable proxy for current mid-range devices. The
cloud-based inference could be an alternative for resource-constrained smartphones.
8Here, real-time refers to buffered or locally stored music, where inference completes
faster than the playback window. For latency-critical use cases such as live streaming,
shorter windows and a redesigned processing pipeline would be required.
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[19, 44, 45], which provide finer control over parameters such as
center frequency, bandwidth, and gain for each band, enabling more
precise tonal shaping. The third category consists of automated
systems like AutoEQ [3], which automatically optimize a sequence
of filters to match a playback device’s FRC to a perceptual target,
such as the Harman curve [39, 41]. Despite their differences, all
these approaches rely on static FRCs measured under controlled
conditions, which often fail to reflect the complex and variable
playback behavior encountered in real-world playback scenarios.
Moreover, the use of limited, overlapping filters constrains their
ability to approximate detailed or content-dependent responses.

While still relying on FRCs and filter-based architectures, recent
learning-based EQ frameworks aim to enhance response fitting and
enable dynamic control. Martinez and Reiss [38] proposed a convo-
lutional neural network (CNN) that selects among multiple filter
types (e.g., shelving, peaking) to better match a target response.
More recently, CONEgNet [28] introduced a content-aware system
that adjusts filter parameters over time based on the evolving char-
acteristics of the input audio. Additionally, adaptive EQ systems
[21, 36] incorporate microphone feedback during playback to up-
date filter gains and settings in real time, allowing the system to
adapt to both the listener and the listening environment. While
these approaches offer increased flexibility and automation, they
remain within the traditional filter-based paradigm, focusing on
aspects such as parameter selection [38], temporal adaptation [28],
and improved target curve fitting [21, 36].

In contrast, rather than adjusting filters to fit a target response
curve, Cheap2Chic uses neural networks to learn both device be-
havior and the corresponding waveform compensation, enabling
end-to-end transformation grounded in real playback recordings
rather than idealized targets.

7.2 Music Transformation

The music transformation literature can be further divided into two
groups. The first group operates on symbolic-level representations,
such as MIDI or note sequences. For example, MIDI-VAE [20] em-
ploys a variational autoencoder to perform conditional transforma-
tions over instrumentation and dynamics in multitrack sequences.
Similarly, Nakamura et al. [40] propose an unsupervised melody
conversion method by clustering pitch and rhythm patterns. These
models primarily focus on the compositional structure of music
and do not address audio signal fidelity or the realism of playback.

The second group performs timbre or style conversion directly
at the audio level. Lu et al.[37] leverage learned timbre embeddings
within a GAN-based framework to enable flexible one-to-many
genre or instrument conversions. Groove2Groove[22] facilitates
rhythmic style transfer for drum patterns using symbolic one-shot
inputs. More recently, Li et al. [35] proposed a diffusion-based model
that enables open-set music stylization from arbitrary reference
recordings through mel-spectrogram inversion and style injection.
While varying in scope and methodology, these works share a
common goal: reshaping musical perception through neural models
trained with unpaired or loosely supervised data.

While these works also employ deep models to modify digital
audio, our approach differs in two key aspects. First, we explicitly
model device-specific characteristics rather than assuming device-
independent playback. Second, we optimize against real recorded
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Table 7: Comparison of enhancement performance under linear and
logarithmic FRC scales for VLM reasoning.

FRC Scale SI-SDRT PEAQT LSD| FAD |

Linear 22.32 4.05 3.00 0.18
Logarithm 21.58 3.97 2.89 0.22

playback, ensuring that enhancements reflect actual listening out-
comes rather than digital-domain alignment with abstract targets.

8 Discussion

1. Extending to Speech-oriented Scenarios Our current work
focuses on music playback, as music is particularly sensitive to
playback quality due to its rich spectral structure, wide dynamic
range, and timbral complexity. However, earphones are also widely
used for real-time communication scenarios such as phone calls
and online learning, where playback quality can also affect the user
experience. Extending our approach to speech-based applications
is a promising direction for future work. However, unlike music,
speech signals exhibit distinct properties: they are more temporally
sparse, occupy narrower frequency bands, and are highly sensitive
to latency. Consequently, optimization objectives in speech scenar-
ios may shift toward intelligibility, low delay, and conversational
clarity, rather than timbral richness or genre fidelity.

2. Toward Zero-Shot Adaptation While the proposed data
synthesis module significantly reduces the user-side data collection
burden by 82% through a pretrained generator, Cheap2Chic still
requires about 30 minutes of real recordings to fine-tune the data
generation model for each new device (Section 3.4.5), which may
pose a practical burden. In practice, however, the same adapted
model can be shared among all users of the same device model,
avoiding repeated data collection. Moreover, with a broader and
more diverse pretraining pool (e.g., around 100 devices), the gen-
erator may generalize better and even remove the need for this
30-minute data requirement, enabling zero-shot adaptation. In such
cases, the model can synthesize plausible training data for unseen
devices directly from their frequency response curves, without re-
quiring any additional real recordings. This becomes especially
feasible when the target device exhibits similar response character-
istics to those observed during training, paving the way for future
systems that can adapt to new devices with zero user burden.

3. Impact of FRC Visualization Scale When visualizing FRC
line graphs, the frequency axis (X-axis) can be displayed using ei-
ther a linear scale (e.g., [0, 1K, 2K, 3K, ...]) or a logarithmic scale
(e.g., [0, 10, 100, 1K, ...]). These scaling choices introduce variations
in frequency resolution across the spectrum: a logarithmic scale
provides higher resolution at lower frequencies but reduced res-
olution at higher frequencies. Cheap2Chic uses a linear scale by
default; however, we also conduct experiments using a logarithmic
scale to examine its impact. As shown in Table 7, both linear and
logarithmic scales achieve strong performance across all metrics,
suggesting that the frequency scaling has minimal effect on the
model’s understanding. This is likely because both the curve and
the corresponding axis labels are included in the image, enabling
the VLM to correctly associate portions of the curve with specific
frequency bands, thereby mitigating the effect of the scale used. Nev-
ertheless, the logarithmic scale shows slightly lower performance,
possibly due to its reduced resolution in the higher frequency range.

Changshuo Hu, Hung Manh Pham, Ting Dang, Jiannan Li, Rajesh Balan, and Dong Ma

4. Stereo Music and Spatial Effect Most commercial music
is produced in stereo and inherently encodes spatial information,
including instrument placement, stereo width, and directional cues
[30]. However, Cheap2Chic currently operates only on mono audio.
A naive extension to stereo by enhancing the left and right channels
independently may unintentionally amplify subtle inter-channel
differences, disrupting the original stereo image and causing per-
ceptual imbalance. As a result, users may lose important spatial
cues during playback and experience reduced immersion or realism.
To address this, future work could explore joint channel model-
ing to preserve inter-channel phase and amplitude relationships,
incorporate the spatial coherence loss during training, or utilize
Head-Related Transfer Function-aware [30] embeddings to main-
tain perceptual alignment. During evaluation, spatial quality should
also be considered with binaural recordings or user studies.

5. User-specific Audio Perception Our prototype leverages a
standardized ear simulator for playback recording, which ensures
a consistent audio capture setup for fair performance compari-
son. However, individual differences in ear anatomy and auditory
sensitivity can still slightly influence perceived audio quality. For
example, variations in ear canal and pinna geometry may affect
the frequency response and acoustic coupling [25]. Additionally,
users may place different perceptual emphasis on certain frequency
bands due to biological and experiential factors [47]. As a result, the
generic enhancement model in Cheap2Chic may not equally satisfy
all listeners, and it would be possible to further optimize individ-
ual performance by incorporating user-specific profiles, such as
audiogram-based calibration, to achieve personalized enhancement.

6. Genre-aware Optimizations As shown in Figure 11, our
enhancement performance exhibits slight variation across musi-
cal genres. This reflects genre-specific acoustic challenges, such
as dense high-frequency content or rapid transients, that compli-
cate accurate simulation and compensation. Additionally, these
genre effects also interact with device-specific characteristics. For
instance, we observe that while genres like Metal and Hip-Hop tend
to yield lower scores overall, certain device pairs still perform well
on them. This suggests that a uniform enhancement strategy may
not generalize effectively across all musical types. Future systems
could address this limitation by incorporating genre awareness,
for instance, by deriving a genre embedding from the input audio
and using it to condition the enhancement model at inference time,
thereby enabling dynamic adaptation to genre-specific features.

9 Conclusion

In this work, we present Cheap2Chic, a two-stage audio enhance-
ment framework that improves the perceived playback quality of
low-end earphones. By modeling device-specific degradations with
neural networks and learning a transformation to pre-compensate
the digital audio, Cheap2Chic brings low-end playback experience
closer to that of high-end models without requiring hardware mod-
ifications. Cheap2Chic also introduces a novel data generator that
synthesizes training recordings, significantly reducing the data
collection burden for users. Evaluations across diverse devices,
genres, volumes, and transmission conditions confirm its effective-
ness, even with limited real-world data for fine-tuning. Overall,
Cheap2Chic provides a practical methodology toward democratiz-
ing high-quality audio experiences on affordable earphones.
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