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Abstract
Commodity earbuds are becoming an increasingly promising plat-
form for everyday health and wellness support. Building on their
wearability and ubiquity, we present Earmony, an adaptive auditory
cardio-respiratory biofeedback system that runs on off-the-shelf
earbuds. Using only the built-in in-ear microphone, Earmony un-
obtrusively senses cardio-respiratory signals without requiring
additional sensors. To support simultaneous sensing and audio
playback, we develop a robust detection framework that preserves
signal quality under concurrent audio output. Building on this ca-
pability, we implement a closed-loop system in which auditory
feedback is dynamically modulated by the user’s real-time physio-
logical state rather than following a fixed pace. Specifically, musical
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chords guide breathing and adapt continuously to both breathing
dynamics and heart rate variability (HRV), enabling responsive
and personalized regulation. A user study (𝑁 = 20) shows that
Earmony maintains significantly elevated HRV for longer dura-
tions than static systems, demonstrating the potential of seamless,
earbud-based adaptive biofeedback.
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Figure 1: The closed-loop interaction between physiological detection and adaptive guidance of Earmony. Audio from the
earbuds’ in-ear microphone enables real-time detection of HRV and respiration, modulating musical feedback (F major/C
major chords) to guide the user’s breathing.

1 Introduction
Commodity earbuds have become a staple of modern life, offering a
unique and promising platform for continuous health monitoring [8,
19, 43]. Since earbuds sit close to major vascular pathways and the
upper respiratory tract, earables provide a high signal-to-noise ratio
for detecting physiological data [8, 43, 56]. This proximity makes
them ideal for seamless, always-on sensing and feedback systems.

Beyond raw signal capture, earables are increasingly applied
to physiological monitoring for general wellness [35]. Central to
this is Cardio-Respiratory Coupling (CRC), the natural synchro-
nization between heart and breath rhythms [10, 15]. While high
heart rate variability (HRV) serves as a primary indicator of a ro-
bust autonomic nervous system [16], stress and chronic conditions
frequently disrupt this coupling [23]. To restore this balance, a true
closed-loop system requires integrated cardio-respiratory biofeed-
back, which demands the simultaneous real-time sensing of both
cardiac and respiratory signals. This ensures breathing guidance is
not a fixed metronome, but a responsive intervention dynamically
adapting to the user’s real-time HRV and respiratory rate.

A significant technical barrier to integrated biofeedback is high-
accuracy detection of physiological signals during active audio
playback. This challenge stems from spectral masking, where the
audio obscures subtle physiological vibrations captured by in-ear
microphones. While cardiac signals are concentrated below 50 Hz
and can be easily isolated via low-pass filtering, respiratory signals
(150 Hz to 2000 Hz [25, 36]) overlap significantly with music and
voice [64]. Consequently, while cardiac metrics can be reliably
extracted through low-pass filtering, robust respiratory sensing
requires a dedicated lane. Earmony addresses this by employing
frequency carving to isolate a narrow 100 Hz band (150 Hz - 250 Hz)
within the audio stream. This creates a specialized sensing lane that
allows for the precise detection of breathing without perceptibly
degrading the user’s listening or relaxation experience.

Furthermore, most prior auditory systems treat breathing and
HRV as separate channels, failing to provide a unified, closed-loop

experience that adapts to both metrics. Earmony implements an
adaptive biofeedback mechanism that encodes both HRV state and
respiratory guidance simultaneously through the use of musical
chords. Unlike discrete notes [21, 34, 62], these chords fuse har-
monically related tones into a single auditory object, offering a
rich information stream without added cognitive load. The system
guides respiration through a dynamic amplitude envelope, while
increasing harmonic complexity as a reward for improved HRV.
As relaxation deepens, the audio continuously transitions from a
single root tone to a rich, three-note major chord. This dual-factor
approach ensures guidance continuously adapts to the user’s phys-
iological progress, providing a coherent acoustic reward for an
improved autonomic state.

The effectiveness of Earmony’s integrated approach was val-
idated through a controlled study (𝑁 = 20). We systematically
compared Earmony against only HRV biofeedback, only adaptive
breathing guidance, or a static baseline. Results demonstrated that
participants using Earmony maintained elevated HRV for signifi-
cantly longer than other conditions. This confirms that the synergy
of real-time HRV biofeedback and adaptive breathing guidance is
necessary to prevent recovery decay and support a prolonged state
of physiological balance.

Our primary contributions include:

(1) Robust Sensing During Active Audio Playback: A novel
framework that isolates a narrow 100 Hz band (150–250
Hz) to detect breathing signals without degrading the user’s
perceived relaxation.

(2) Integrated Cardio-Respiratory Auditory Cues: A uni-
fied biofeedback signal that encodes both HRV state and
respiratory guidance into musical chords.

(3) Closed-Loop Auditory Adaptive Biofeedback: Earmony
implements a closed-loop auditory cardio-respiratory de-
sign providing simultaneous HRV and respiratory biofeed-
back alongside adaptive guidance that synchronizes with the
user’s live physiological state.
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Table 1: Comparison of biofeedback systems across feedback type, commodity device, physiological modalities, and guidance
adaptivity.

Systems Feedback Commodity Modality Guidance Single
Type Sensing Feedback RR HRV Adaptivity Device

Breathm [51] Haptic ✗ ✗ ✓ ✗ ✓ ✓

ViBreathe [57] Haptic ✗ ✗ ✓ ✗ ✓ ✓

Blum et al. [4] Visual ✗ ✓ ✗ ✓ ✗ ✗

Michela et al. [37] Visual ✗ ✗ ✓ ✓ ✗ ✗

BioFidget [29] Visual ✗ ✗ ✓ ✓ ✓ ✓

Breeze [48] Visual ✓ ✓ ✓ ✗ ✗ ✓

Breath of Life [7] Visual ✓ ✓ ✓ ✗ ✗ ✗

BreatheBuddy [41] Visual ✓ ✓ ✓ ✗ ✓ ✓

Yu et al. [60] Visual ✓ ✓ ✓ ✓ ✓ ✗

Yu et al. [58] Auditory ✗ ✓ ✗ ✓ ✗ ✗

Idrobo-Avila et al. [21] Auditory ✗ ✓ ✗ ✓ ✗ ✗

Unwind [59] Auditory ✗ ✓ ✗ ✓ ✗ ✗

Ours Auditory ✓ ✓ ✓ ✓ ✓ ✓

2 Related Work
2.1 Cardio-Respiratory Biofeedback
Cardiorespiratory coupling (CRC) represents the vital synchroniza-
tion between cardiac and respiratory rhythms, primarily manifested
through Respiratory Sinus Arrhythmia (RSA) [10, 15]. This natural
fluctuation, where the heart accelerates during inhalation and decel-
erates during exhalation, serves as a critical indicator of autonomic
health and is directly related to emotional regulation, cognitive
performance, and vagal tone [15]. In practice, the robustness of this
coupling is often measured via the root mean square of successive
differences (RMSSD), a metric sensitive to the rapid, breath-induced
changes in heart rate. While high RMSSD indicates a healthy, re-
sponsive system, CRC is frequently disrupted by physiological
stress and chronic conditions such as hypertension. These states
attenuate parasympathetic modulation and increase cardiovascular
strain, ultimately leading to a significant reduction in heart rate
variability [22, 40, 52, 55]. To restore CRC, biofeedback provides
a mechanism that mirrors internal physiological processes back
to the user, enabling conscious regulation of typically involuntary
functions [14, 47]. HRV biofeedback (HRVB) externalizes heart
rate variability, empowering users to regulate their automatic state
through breath [27, 54].

To deliver biofeedback, prior systems have predominantly relied
on visual and haptic modalities. Visual systems project physiolog-
ical states onto screens or tangible interfaces [29, 48, 60], which
effectively guide breathing, but require focal attention, limiting
their use during daily tasks. To reduce visual load, haptic interfaces
like ViBreathe [57] and Breathm [51] provide somatic guidance.
However, they typically require custom-built, non-commodity hard-
ware worn on specific body parts, creating friction for daily usage.

In contrast, auditory feedback presents a compelling and eye-
free alternative [21, 58], which is also widely adopted in various
cognitive regulation practices, including mindfulness and medita-
tion [11, 20]. Since rhythmic auditory cues can provide a consistent
temporal anchor that naturally entrains biological oscillators, au-
ditory feedback enable users to stabilize their breathing and heart
rate through intuitive synchronization [3]. Table 1 highlights that,

although prior work has demonstrated the efficacy of auditory HRV
biofeedback [21, 58, 59], existing systems largely rely on custom
hardware or separate sensing and feedback components, rather
than a single commodity device.

Yu et al. [60] successfully implemented adaptive cardio-respiratory
biofeedback using commodity devices, yet their pipeline separated
sensing (smartwatches and smart rings) from visual feedback (smart-
phones). This separation leaves open the question of how to achieve
closed-loop sensing and biofeedback within a single device, rather
than distributing those roles across multiple wearables. Leveraging
earables for integrated auditory biofeedback highlights a unique
opportunity to explore all-in-one paradigms that could streamline
health interventions and broaden the reach of digital care.

2.2 Commodity Earbuds as Health Entry
Earables are rapidly evolving from audio peripherals into ubiqui-
tous personal health gateways [43], a paradigm shift underscored
by recent integration of hearing tests and heart rate tracking in
Airpods 1. Specifically for HRV biofeedback (HRVB), earbuds offer
an ideal all-in-one platform by unifying continuous sensing and
built-in audio playback.

From a sensing perspective, earables have emerged as a promis-
ing cardio-respiratory platform due to their unique anatomical
positioning [8]. Positioned close to major vascular pathways and
the upper respiratory tract, earables provide a high signal-to-noise
ratio (SNR) for the acquisition of both cardiac and respiratory
rhythms [8, 43, 56]. While dedicated sensors like PPG [13, 45, 50]
and IMU [1, 42, 44] can capture cardio-respiratory metrics, they are
not widely available on commodity earbuds. In contrast, the univer-
sal adoption of Active Noise Cancellation (ANC) hasmade the in-ear
microphone a standard, always-on sensor. Researchers have demon-
strated that in-ear microphones can be used to effectively capture
cardiac and respiratory activities via acoustic signals [12, 30–32],
scaling cardio-respiratory sensing to a much broader range of every-
day commodity earbuds without requiring supplementary sensors.

1Apple Newsroom: Apple introduces AirPods 4 and a hearing health experi-
ence. https://www.apple.com/newsroom/2024/09/apple-introduces-airpods-4-and-a-
hearing-health-experience-with-airpods-pro-2/

https://www.apple.com/newsroom/2024/09/apple-introduces-airpods-4-and-a-hearing-health-experience-with-airpods-pro-2/
https://www.apple.com/newsroom/2024/09/apple-introduces-airpods-4-and-a-hearing-health-experience-with-airpods-pro-2/
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Beyond physiological sensing, earables emerge as an optimal plat-
form for delivering auditory biofeedback. By providing high-fidelity
audio directly into the ear canal, earbuds create an immersive and
private acoustic environment that shields users from external dis-
turbances, which is a critical requirement for effective cognitive
and emotional regulation [61]. Consequently, users already widely
adopt earbuds during practices such as yoga, meditation, and mind-
fulness to consume relaxing soundscapes and breathing instruc-
tions [24, 28].

Despite these advantages of sensing and auditory feedback, re-
alizing an all-in-one system on earables for closed-loop HRVB
introduces a severe technical challenge. The continuous audio play-
back required to guide the user actively masks the incredibly subtle
physiological sounds of respiration and heartbeats within the ear
canal. Consequently, unlocking integrated biofeedback on commod-
ity earbuds demands a robust acoustic pipeline capable of isolating
micro-physiological signals from concurrent audio playback.

2.3 Auditory HRV Biofeedback Systems
Breathing and HRV biofeedback have largely been explored as sepa-
rate modalities, each with distinct auditory cue designs. Prior work
on breathing biofeedback has explored diverse auditory designs
to signal respiratory phases, including breath-like pink noise [53],
synthetic breathing stimuli [34], naturalistic sounds such as wind-
blown leaves [53], andmusicalmappings using harmonic chords [62]
or melodic contours [34] to indicate inhalation and exhalation. Sev-
eral systems layer multiple concurrent cues: pairing musical tones
with synthetic breath sounds [34], or combining musical notes with
pink-noise breath sounds [53]. However, increasing the number
of concurrent auditory cues may elevate cognitive load [53] and
reduce auditory clarity.

Compared to breathing biofeedback, auditory HRV biofeedback
remains relatively underexplored. Yu et al. [58] proposed real-time
auditory displays that mapped HRV to temporal sound variations
and demonstrated training effects comparable to visual biofeed-
back. Idrobo-Avila et al. [21] adopted 24 common harmonic mu-
sical intervals (pairs of notes played simultaneously) to modulate
HRV. Unwind [59] integrated HRV-responsive nature sounds with
a relaxation-oriented soundscape, incorporating wind-like sounds
as implicit breathing guidance. However, none of these systems em-
ployed real-time respiratory sensing, making the breathing support
non-adaptive and precluding true closed-loop guidance.

These gaps point to a key design challenge: modulating breathing
pace adaptively while simultaneously communicating both respira-
tory and cardiac cues, as excessive concurrent auditory signals may
increase cognitive load and undermine intervention effectiveness.

3 Sensing Design
3.1 Frequency Carving
To facilitate the real-time detection of respiratory signals dur-
ing active audio playback, frequency carving is employed to mit-
igate spectral masking. This phenomenon occurs when a high-
amplitude signal, such as music or voice playback, obscures lower-
amplitude physiological signals within the same frequency band.
While cardiac-related acoustic components are concentrated pri-
marily below 50 Hz and remain largely unaffected by standard

audio playback, respiratory acoustic signals occupy a much broader
range [64]. The acoustic signal of breathing captured through an
in-ear microphone typically lies in the range of 150 Hz to 2000
Hz [25, 36], which overlaps substantially with the frequency spec-
trum of most music [64]. Consequently, robust respiratory sensing
requires the use of frequency carving. We select the lower end and
remove frequencies from 150 Hz to 250 Hz from the audio playback,
creating a narrow 100 Hz band from which we can detect breathing
sounds.

To quantitatively evaluate the effectiveness of frequency carv-
ing, we conducted a pilot study with 4 participants (2 females, 2
males, aged 21-23). While maintaining normal breathing, partici-
pants listened to three representative meditative audio tracks under
two conditions: Normal Audio and Audio with Frequencies 150-250
Hz Removed. Condition order was counterbalanced across trials.
With frequency carving, the RR estimation pipeline (detailed in
Section 3.4) achieved MAE = 1.42 br/min and MAPE = 22.11%. With-
out frequency carving, the performance degraded to MAE = 2.52
br/min and MAPE = 30.33%. For the overall study, the heart rate
metrics achieved HRMAE = 8.09 bpm, MAPE = 9.66% with IBI MAE
= 84.52 ms, MAPE = 11.80%. These quantitative results demonstrate
that frequency carving substantially reduces respiration estima-
tion error, enabling reliable respiration sensing during active audio
playback.

3.2 User Experience
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Figure 2: Comparison of subjective relaxation scores between
unprocessed audio and processed audio with 150–250 Hz
frequency carving. Box plots represent the median and IQR.

3.2.1 Study Procedure. To evaluate the subjective impact of fre-
quency carving, we conducted a within-subject study with 12 par-
ticipants (8 females, 4 males, aged 21 - 30). Participants listened to
three representative categories of meditative and breathing exercise
audio: Slow Music, Human Voice, and Nature Sounds. Within each
category, we played two acoustic variants: (A) Normal Audio and
(B) Audio with Frequencies 150-250 Hz Removed. The order of the
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three audio conditions was counterbalanced, with the order of A
and B conditions randomized. Following each audio, participants
rated their perceived state of relaxation on a 7-point Likert scale,
ranging from 1 (Not at all Relaxed) to 7 (Extremely Relaxed). This
study was approved by our Institutional Review Board. Informed
written consent was obtained from participants in the study before
any study procedures began.

3.2.2 Results. To determine if the spectral modification negatively
impacted the perceived relaxation of the participants, a one-sided
Wilcoxon signed-rank test was performed for each audio category.
The analysis compared the unprocessed audio (A) against the pro-
cessed audio (B) under the hypothesis that A>B (i.e., that filtering
would reduce relaxation).

Results did not support the hypothesis that filtering would re-
duce relaxation (p > 0.05 for all three categories), indicating no
statistically significant difference in relaxation scores between un-
processed (A) and processed (B) audio (Figure 2). These findings
suggest that the removal of the 150–250 Hz frequency band does
not significantly diminish the subjective relaxation quality of mind-
fulness audio, supporting the viability of frequency carving.

3.3 Data Collection
To develop and validate Earmony’s cardiac and respiratory sensing
algorithms, we conducted a controlled data collection study.

Participants. We recruited 18 participants (15 females, 3 males,
aged 21–30). This study was approved by our Institutional Review
Board, and informed written consent was obtained from all partici-
pants prior to any study procedures.

Device Setup. Ground-truth cardiac metrics and respiratory
rate were recorded using a VIVALINK ECG patch and an HKH-11C
piezoelectric respiratory belt, respectively. Each participant simul-
taneously wore two earables: a commodity Honor Earbud equipped
with an in-ear microphone, and a reference PPG/IMU earable. To
mitigate potential ear-side effects, half of the participants wore the
in-ear microphone earable on the left ear and the reference device
on the right, with the remaining half wearing them on opposite
sides. All devices were synchronized using a common percussive
tap signal captured across all recording channels.

Procedure. Each session began with a 6-minute resting period
under normal breathing. Participants then completed four coun-
terbalanced sessions, each preceded by a standardized Trier So-
cial Stress Test (TSST) arithmetic task [2] to induce a consistent
stress state prior to intervention. The four sessions comprised:
(1) a 6-minute deep breathing session with no audio content, and
(2–4) three 3-minute audio biofeedback sessions featuring slow mu-
sic, nature sounds, and vocal guidance, respectively. The 6-minute
duration of both the resting and deep breathing sessions ensured
sufficient data for model training, as both were used as training data
for the respiratory sensing algorithm. Except for the vocal guidance
condition, which provided explicit verbal breathing cues, all other
sessions used a visual pacer (an animated expanding-contracting
circle labeled Inhale/Exhale) [38] to ensure participants maintained
the target breathing pace. Each participant was randomly assigned
a fixed breathing rate of 6, 7, 8, or 9 BPM to ensure broad respirator
coverage. Session ordering across the three audio conditions was
counterbalanced using a balanced Latin square, with deep breathing

sessions alternated to yield six total orderings. Participants were
not instructed to restrict their movements during the intervention,
allowing naturally occurring motions such as head tilts, posture
shifts, and breathing adjustments to occur.

3.4 Sensing Algorithm
3.4.1 HRV Detection. To detect cardiac metrics, we first process
the raw audio to a filtered signal and then use peak detection.

Preprocessing. The raw audio signal acquired from the in-ear
microphone is processed to isolate cardiac-related mechanical vi-
brations (Figure 3). Given that the primary cardiac components
captured within the ear canal reside in the low-frequency spectrum
below 50 Hz [6, 64], we first apply a third-order Butterworth band-
pass filter with cutoff frequencies of 8 Hz and 50 Hz. This effectively
suppresses high-frequency ambient noise and low-frequency mo-
tion drift. To better resolve the temporal structure of each heartbeat,
we compute the analytic signal via the Hilbert transform [63]. The
resulting magnitude provides an amplitude envelope that trans-
forms oscillatory vibrations into a unipolar representation, making
individual beats more distinguishable. This envelope is further
smoothed using a low-pass Butterworth filter (3 Hz cutoff) to elimi-
nate minor fluctuations while preserving the underlying heart rate
dynamics necessary for stable peak detection.
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Figure 3: Comparative visualization of (a) raw audio from
the in-ear microphone, (b) the processed audio signal, and
(c) ground truth ECG reference.

Peak Detection. Heartbeat identification is performed using
a template-based matched filtering approach, which enhances ro-
bustness against signal variability. We first identify a set of initial
candidate peaks from a short segment of the smoothed envelope by
applying amplitude prominence and physiological constraints (40
to 180 bpm). A representative heartbeat waveform is then extracted
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around the most prominent candidate to serve as a template of the
user’s unique cardiac-induced vibration morphology. By correlating
this template with the full preprocessed signal, we generate a simi-
larity index that highlights segments matching the learned heart-
beat shape. Final peak locations are extracted from this matched
filter output, using a minimum temporal distance constraint to pre-
vent physiologically implausible detections. These peak locations
define the heartbeat events used to calculate inter-beat intervals
(IBI) for subsequent HRV analysis.

HRV Metrics. To quantify heart rate variability, we compute
two standard time-domain metrics: SDNN and RMSSD. SDNN (Stan-
dard Deviation of Normal-to-Normal intervals) is calculated as the
standard deviation of the IBI series in milliseconds, reflecting the
overall cyclic components of cardiac variability. RMSSD is derived
by taking the square root of the mean of the squared differences
between adjacent IBI values.

The system achieved an overall Mean Absolute Error (MAE) for
SDNN of 37.58±41.53 ms. For RMSSD, the system demonstrated
a higher relative precision with an MAE of 29.14±26.83 ms. We
selected RMSSD as the primary HRV metric for our intervention
logic. This metric is particularly sensitive to high-frequency heart
rate fluctuations and provides a more robust estimate of parasympa-
thetic activity. Based on the experimental results, it also provides a
more stable representation of beat-to-beat changes in the presence
of the acoustic micro-jitter inherent to in-ear heart sound sensing.

Cardiac Signal Quality. The signal quality of this system was
evaluated by computing HR and inter-beat interval IBI estimation
errors. Specifically, MAE and MAPE were calculated using ECG-
derived measurements as ground truth. In addition, performance
was compared against a reference IMU/PPG earbud under the same
conditions using methods to calculate cardiac metrics from Sah et al.
[46] using the PPG signals. Earmony consistently achieved lower
estimation errors than the IMU/PPG earbud across all segments
(Table 2). These results suggest that the in-ear audio signal provides
a stable representation of cardiac activity to support beat-to-beat
analysis.

Table 2: Cardiac metrics estimation accuracy of Earmony
(in-ear microphone) versus a reference PPG/IMU earbud [46],
across three meditation audio conditions: G1 (slow music),
G2 (human voice), and G3 (nature sounds).

Metric Seg. Earmony PPG/IMU Earbud
MAE MAPE(%) MAE MAPE(%)

HR
(bpm)

G1 5.38 6.98 16.09 18.80
G2 2.75 3.98 16.89 20.58
G3 6.79 8.66 13.50 15.34

IBI
(ms)

G1 64.11 8.35 169.23 23.98
G2 37.43 4.31 183.11 25.15
G3 79.91 10.54 137.38 20.01

3.4.2 Respiratory Rate Detection. To estimate respiratory rate (RR)
from in-ear audio, we developed a machine learning pipeline inte-
grated with adaptive signal processing, using a respiratory belt as
ground truth.

Feature Extraction and Model Training. Based on the fre-
quency carving method in Section 3.1 and the user study in Sec-
tion 3.2, breathing-related airflow acoustics are concentrated in

the 150–250 Hz band without perceptibly disrupting user relax-
ation. We therefore bandpass-filtered the 4 kHz in-ear audio to this
range. We extracted 13-dimensional log-mel spectrograms with
100 ms frames and 50 ms hop, then appended first- and second-
order temporal deltas, yielding 39-dimensional feature vectors at
20 frames/s. We selected log-mel over MFCCs based on empirical
comparison on our dataset. Among four candidate classifiers (SGD,
SVC, XGBoost, Random Forest), Random Forest with balanced class
weighting achieved the best generalization and was adopted for all
subsequent experiments.

Figure 4: Respiratory rate estimation pipeline. (a) Log-Mel
spectrogram of the filtered acoustic signal (150–250 Hz). (b)
Breath probability predicted by the classifier (light purple
area) and the smoothed breath envelope (deep indigo line),
with red dots indicating the detected peaks. (c) Ground truth
obtained from the respiratory belt.

From Probability to RR. BreathPro [18] performs end-to-end
multi-class phase classification, using under-nose microphone sig-
nals as ground truth. With belt-based labels, precise inhale/exhale
boundary annotation proved unreliable due to phase offsets in-
troduced by abdominal displacement measurement. Instead, we
treat the per-frame posterior probability as a continuous breath-
likelihood signal. We apply two-stage smoothing: a 3 s moving-
average window to suppress high-frequency noise, followed by
Gaussian filtering (𝜎 = 20 frames) to extract the slow respiratory
envelope. Breath cycles are then located via adaptive peak detection
with a locally normalized threshold, and RR is derived from the me-
dian inter-peak interval. The complete signal processing workflow
and a representative detection result are visualized in Figure 4.
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Table 3: Respiratory rate estimation accuracy of Earmony
(in-ear microphone) versus a reference PPG/IMU earbud (RR
via IMU [1]) across three meditation audio conditions: G1
(slow music), G2 (human voice), and G3 (nature sounds).

Metric Seg. Earmony PPG/IMU Earbud
MAE MAPE(%) MAE MAPE(%)

RR
(br/min)

G1 0.65 9.00 1.52 15.86
G2 0.95 12.41 1.43 16.27
G3 0.87 11.14 2.27 19.51

Evaluation. To evaluate generalization to unseen users, we
validated the pipeline under Leave-One-Subject-Out (LOSO) cross-
validation (𝑁 = 18). The classifier was trained on resting and deep-
breathing segments from 17 participants and tested on the audio-
playback phase of the held-out participant, ensuring no leakage of
subject-specific features or intervention-phase audio during train-
ing. Full per-segment results are reported in Table 3. The pipeline
achieved a mean MAE of 0.82 ± 0.77 breaths/min and MAPE of
10.85 ± 9.32% across all three meditation audio conditions, consis-
tently outperforming the reference PPG/IMU earbud (RR derived
from the IMU channel [1]; mean MAE 1.75 ± 2.46 br/min; MAPE
17.27 ± 14.23%). During live intervention, the same pipeline runs
on a rolling 30 s buffer updated every 5 s, with RR further stabilized
via exponential moving average (EMA) across updates to suppress
between-window variability.

4 Earmony System
4.1 Auditory Biofeedback Design
Earmony delivers biofeedback through real-time auditory cues en-
coding both HRV state and respiratory guidance. Prior biofeedback
work has employed harmonic chords [62] or single notes [34, 58]
as respiratory cues. Unlike discrete single-note sequences, chords
fuse harmonically related tones into a single auditory perceptual
object [33], offering greater richness without added cognitive load.
We therefore adopt chords as our biofeedback carrier. We select
major chords for their association with positive valence and, at
slow tempo, calmness [26]. Voicings are drawn from the middle
register (F4-A4-C5 for inhalation; C4-E4-G4 for exhalation), where
tones in this register are perceived as warm and stable, facilitating
relaxation [9].

Figure 5: Dynamic mapping of HRV progress (𝑙) to chord
complexity. As (𝑙) increases from 0 (Low HRV) to 1 (High
HRV), F major and C major chords gain harmonic richness
through the addition of notes with varying intensity weights.

HRV progress is encoded as chord complexity as 𝑙 , where low
HRV is 𝑙 = 0 and high HRV is 𝑙 = 1 (Figure 5). As the user’s
RMSSD approaches the session target, harmonic voices are progres-
sively layered: starting from the root tone alone, the perfect fifth is
added with amplitude scaled by 𝑙 , and the major third by 𝑙2, such
that only the root tone is audible at low HRV levels, while a full
three-note chord emerges as relaxation deepens. Since chord tones
share integer-ratio frequency relationships, the added voices blend
into a richer perceptual object rather than competing streams [33],
functioning as an acoustic reward for improved autonomic state.

Respiratory guidance is embedded in the chord’s dynamic enve-
lope (Figure 6): an F-major chord modulates with a Gaussian ampli-
tude profile during inhalation, followed by a C-major chord during
exhalation [62], providing intuitive, non-verbal breath-pacing cues.
Chords are rendered with a warm pad timbre to promote relaxation.

Figure 6: Simulated frequency spectrogram of the breath-
pacing audio over two cycles. The primary bands (260–530Hz)
represent chord fundamentals for inhalation (F4–A4–C5) and
exhalation (C4–E4–G4), while higher-frequency components
correspond to the harmonic overtones.

4.2 Dual-Factor Adaptive Biofeedback
Building on real-time HRV (RMSSD) and respiration rate (RR) sens-
ing (Section 3), Earmony implements a dual-factor adaptive biofeed-
back mechanism. After a 20 s calibration phase, the system operates
a closed-loop controller with asynchronous sliding windows at
multiple timescales. The controller prioritizes real-time respiratory
synchronization before applying HRV-driven adaptation, ensuring
stable and non-oscillatory regulation.

4.2.1 Initial Calibration and Parameter Initialization. Since Ear-
mony does not pre-estimate each user’s resonant frequency, the
initial guidance rate must be safely initialized. Thus, Earmony per-
forms a 20 s calibration to synchronize the system with the user’s
spontaneous breathing. By detecting the initial peak-to-peak inter-
vals (𝑇𝑖𝑛𝑖𝑡 ) of the smoothed respiratory probability curve, Earmony
estimates the user’s resting respiration rate during calibration:

𝑅𝑅𝑖𝑛𝑖𝑡 = 60/𝑇𝑖𝑛𝑖𝑡 (1)

To ensure a safe yet effective starting point, the initial guidance rate
𝐺𝑅𝑡𝑎𝑟𝑔𝑒𝑡 is initialized by clipping 𝑅𝑅𝑖𝑛𝑖𝑡 to a conservative range of
8.0–10.0 bpm.
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4.2.2 Hierarchical Adaptive Control Logic. Earmony employs an
asynchronous multi-rate buffer: a 30 s window for respiration rate
with a 5 s update to drive the fast-loop entrainment, and a 48 s
window for HRV with a 2 s update to provide a stable, trend-based
signal for slow-loop optimization.

Fast-loop: Respiration-drivenEntrainment.Respiration serves
as the fast-loop entrainment to enforce synchronization between
the user and the system. For each window 𝑡 , the controller calcu-
lates the entrainment error 𝑒𝑡 between the guidance rate 𝐺𝑅𝑡 and
the user’s actual respiration rate 𝑅𝑅𝑡 :

𝑒𝑡 = |𝑅𝑅𝑡 −𝐺𝑅𝑡 | (2)

A window is considered locally synchronized if 𝑒𝑡 < 2.0 bpm,
denoted by the indicator Sync𝑡 = I(𝑒𝑡 < 2.0). The system defines a
global synchronization state 𝑆𝑠𝑦𝑛𝑐𝑒𝑑 through a majority vote over
the last three estimation cycles (45 s):

𝑆𝑠𝑦𝑛𝑐𝑒𝑑 = I

(
𝑡∑︁

𝑖=𝑡−2
Sync𝑖 ≥ 2

)
(3)

where I(·) is the indicator function. If a significant divergence
occurs (𝑒𝑡 > 2.0 bpm), the controller executes a catch-upmechanism
to adjust 𝐺𝑅 by Δ = 0.5 bpm toward 𝑅𝑅𝑡 , ensuring the guidance
remains reachable.

Slow-loop: HRV-driven Optimization and Gating. HRV acts
as the slow-loop optimization to maximize autonomic engagement.
To mitigate transient noise, we compute an Exponential Moving
Average (EMA) of RMSSD to represent the long-term HRV trend:

𝐻𝑅𝑉𝑒𝑚𝑎 (𝑡) = 𝛼 · 𝑅𝑀𝑆𝑆𝐷𝑡 + (1 − 𝛼) · 𝐻𝑅𝑉𝑒𝑚𝑎 (𝑡 − 1) (4)

where 𝛼 = 0.2. A Sync-first Gating Mechanism ensures that HRV-
driven modulation occurs only when 𝑆𝑠𝑦𝑛𝑐𝑒𝑑 = 1, preventing unsta-
ble updates during poor entrainment.

When gated, the system calculates the physiological deviation
Δ𝐻𝑅𝑉 = 𝑅𝑀𝑆𝑆𝐷𝑡 − 𝐻𝑅𝑉𝑒𝑚𝑎 (𝑡). To promote gradual slowing of
breath, we set asymmetric sensitivity thresholds for decreasing
(𝜃↓ = 0.1 · 𝐻𝑅𝑉𝑒𝑚𝑎) and increasing (𝜃↑ = 0.2 · 𝐻𝑅𝑉𝑒𝑚𝑎) the rate:

𝐺𝑅𝑡+1 =


𝐺𝑅𝑡 − Δ if Δ𝐻𝑅𝑉 > 𝜃↓

𝐺𝑅𝑡 + Δ if Δ𝐻𝑅𝑉 < −𝜃↑
𝐺𝑅𝑡 otherwise

(5)

4.2.3 Dynamic Progression and Termination. To sustain engage-
ment and avoid habituation, Earmony dynamically scales physio-
logical targets as the user progresses, and autonomously fades out
once relaxation is achieved.

Adaptive Goal Scaling. To sustain user engagement, Earmony
employs a ladder mechanism that dynamically scales physiological
goals based on real-time performance.

The system modulates a goal multiplier𝑀𝑡 ∈ [1.0, 1.2], defining
the current target as 𝐻𝑅𝑉𝑡𝑎𝑟𝑔𝑒𝑡 (𝑡) = 𝐻𝑅𝑉𝑏𝑎𝑠𝑒 · 𝑀𝑡 . To ensure the
intervention is appropriately challenging, 𝑀𝑡 increases only when
𝑅𝑀𝑆𝑆𝐷𝑡 ≥ 𝐻𝑅𝑉𝑡𝑎𝑟𝑔𝑒𝑡 . The update step 𝜂 is adaptively scaled by the
user’s “overshoot” to accelerate progression during rapid relaxation:

overshoot =
𝑅𝑀𝑆𝑆𝐷𝑡 − 𝐻𝑅𝑉𝑡𝑎𝑟𝑔𝑒𝑡 (𝑡)

𝐻𝑅𝑉𝑡𝑎𝑟𝑔𝑒𝑡 (𝑡)
(6)

𝜂 = clip(0.05 · overshoot, 0.005, 0.03) (7)

This adaptive scaling accelerates progression under strong phys-
iological responses while maintaining stability through bounded
updates. The progression𝑀𝑡+1 =𝑀𝑡 +𝜂 is then mapped to 𝑙 , which
controls the chord complexity described in Section 4.1.

Fade-out Phase. The system enters a fade-out phase when both
conditions are sustained for at least 20 s: (1) 4.5 ≤ 𝑅𝑅 ≤ 6.5 bpm [49],
and (2)𝑀𝑡 ≥ 1.20. Additionally, a 300 s timeout triggers the same
procedure to bound session duration. Upon triggering, the audio
volume 𝑉 is gradually attenuated at each breathing cycle to grad-
ually withdraw external guidance: 𝑉𝑡+1 =max(0.3,𝑉𝑡 − 0.1). This
facilitates a transition from guided regulation to self-sustained
breathing.

4.3 System Implementation
Earmony runs as a Python application on a host laptop. The com-
modity Honor Earbud streams in-ear microphone audio via Blue-
tooth to the laptop, where the sensing pipeline (Section 3) con-
tinuously estimates RMSSD and RR in real time. These physio-
logical estimates are passed to the dual-factor adaptive controller
(Section 4.2), which computes the current guidance rate and HRV
progress level 𝑙 . The biofeedback audio is then synthesized in real
time using a Python-based audio engine SCAMP, modulating chord
complexity and breath-pacing envelopes as described in Section 4.1,
and rendered through the same earable to close the feedback loop.

5 User Study: Intervention Evaluation
To evaluate Earmony’s effectiveness, we conduct a controlled user
study focusing on physiological recovery following a TSST task. We
systematically compare our closed-loop cardio-respiratory biofeed-
back system against non-adaptive and single-modality baselines to
quantify its impact on HRV recovery.

5.1 Participants
The study included 20 participants (12 females, 8 males), aged 19-33
years (M = 23.20, SD = 3.33). Participants were recruited through
word-of-mouth and snowball sampling. This study was approved
by our Institutional Review Board. Informed written consent was
obtained from participants in the study before any study procedures
began.

5.2 Study Design and Procedure
5.2.1 Study Design. Our system integrates both HRV biofeedback
and adaptive breathing guidance. To separate the two factors and
examine how each contributes to the overall system, we conducted
an ablation study using a 2× 2 factorial design (Table 4). Participants
were randomly assigned to one of the four experimental conditions.

Table 4: Comparison of experimental groups across HRV
biofeedback and guidance adaptivity parameters.

Condition HRV Biofeedback Adaptive Guidance (RR)
Fixed-None ✗ ✗

Fixed-HRV ✓ ✗

Adaptive-RR ✗ ✓

Adaptive-Both ✓ ✓
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• Fixed-None (Baseline): The baseline condition with a fixed
breathing guidance of 6 bpm and no HRV biofeedback. The
chord complexity level is fixed (𝑙 = 0.5).

• Fixed-HRV: This condition has real-time HRV biofeedback,
but has a fixed breathing guidance of 6 bpm.

• Adaptive-RR: This condition has adaptive breathing guid-
ance, but no HRV biofeedback (chord fixed at (𝑙 = 0.5).

• Adaptive-Both: This is the fully-integrated system, Ear-
mony, with adaptive breathing guidance and HRV biofeed-
back.

5.2.2 Study Procedure. Upon arrival, participants were fitted with
the earbuds, followed by a 2-minute recording to establish a rest-
ing HRV baseline. Stress was then induced using the standard-
ized Trier Social Stress Test (TSST) arithmetic task [2]. To ensure
a consistent physiological starting point for the recovery phase
across all participants, the stress induction period concluded only
once the participant’s HRV dropped to 85% of their initial base-
line. Participants then engaged in a 6-minute guided breathing
session corresponding to their randomly assigned experimental
condition. Following the intervention, participants completed three
standardized questionnaires: the User Engagement Scale - Short
Form (UES-SF), specifically the Focused Attention and Reward sub-
scales, to evaluate user experience and engagement quality [39]; the
NASA Task Load Index (NASA-TLX) to assess perceived cognitive
and physical workload [17]; and the System Usability Scale (SUS)
to measure the technical usability of the intervention system [5].
Each questionnaire was scored on a 7-point Likert scale.

5.3 Results
5.3.1 Evaluation Metrics.

• Average ΔHRV Time Series: The temporal progression of
the mean change in HRV across the 6-minute intervention.
Each participant’s data is synchronized at 𝑇 = 0, represent-
ing the specific moment their HRV dropped to 85% of their
resting baseline. By aligning participants to this consistent
physiological state rather than a fixed clock time, this metric
accurately visualizes the dynamic rate of recovery and the
trend of physiological balance for each condition.

• Max ΔHRV: The maximum increase in HRV from the par-
ticipant’s baseline, representing the peak physiological re-
laxation response achieved during intervention.

• Time Above 120% Baseline: This calculates the cumula-
tive duration, in seconds, during which the participant’s
HRV remained significantly elevated above their initial state.
This provides a measure of sustained effectiveness of the
intervention.

• Average ΔHRV: The global mean change in HRV for each
condition during intervention. It provides a measure of each
condition’s overall impact on recovery from stress.

5.3.2 HRV Response Results. We analyze the HRV response results
across all four conditions.

Average ΔHRV Time Series. The Adaptive-Both group ex-
hibited a distinct and sustained upward trajectory throughout the
session, separating from the other conditions within the first 60 sec-
onds (Figure 7). While all groups showed an initial recovery spike in
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Figure 7: Average ΔHRV time series illustrating the physio-
logical recovery trajectory over the 360-second post-stress
window. The solid lines represent the mean, and the shaded
areas represent the ± SEM for each group.

the first minute, participants found it significantly harder to main-
tain a high state of recovery using a static pacer or adaptive pacing
alone. As the session progressed, the Fixed-None and Adaptive-RR
groups trended back toward or below the 𝑇 = 0 baseline after the
initial 100 seconds. Similarly, the Fixed-HRV group showed moder-
ate fluctuations but ultimately failed to sustain the high recovery
levels achieved by the fully integrated system. These time-series
results suggest that while various guidance modes can trigger an
initial relaxation response, the synergy of real-time biofeedback
and adaptive guidance is necessary to prevent recovery decay and
support a prolonged state of physiological balance.

Max ΔHRV. The Adaptive-Both group achieved the highest
HRV increase (M=35.4 ms, SD=22.3 ms), Figure 8. While pairwise
Mann-Whitney U tests did not reveal statistically significant dif-
ferences between the groups for this specific metric, the trend
suggests that the integrated system effectively facilitates reaching
high-magnitude relaxation states.

TimeAbove 120%Baseline. The sustainability of the relaxation
effect wasmeasured by the cumulative time participants maintained
an HRV level significantly above their baseline (Figure 8). The
Adaptive-Both groupmaintained this elevated state for significantly
longer (M=248.0 s, SD=117.4 s) than the Fixed-None control group
(M=68.0 s, SD=94.1 s; p=0.032) and the Adaptive-RR group (M=75.0
s, SD=78.7 s; p=0.032). No significant difference was found between
the Fixed-None and Fixed-HRV (M=79.0 s, SD=90.5 s) conditions.

Average ΔHRV. The Adaptive-Both condition demonstrated
the most substantial impact on physiological recovery (M=15.19 ms,
SD=10.13 ms), Figure 8. This group achieved significantly higher
recovery compared to the Fixed-None control group (M=-2.90 ms,
SD=10.19 ms; p=0.023) and the Adaptive-RR group (M=-1.27 ms,
SD=8.23 ms; p=0.022). The Fixed-HRV group showed a modest
positive trend (M=2.45 ms, SD=7.78 ms). However, the difference
compared to the control was not statistically significant.

5.3.3 Subjective Evaluation: Engagement, Workload, and Usability.
Beyond physiological metrics, user experience was evaluated using
standardized scales for engagement, cognitive load, and usability
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Figure 8: Comparison of HRV metrics across four intervention conditions. Bars plot the mean and standard error of the mean
(SEM). Asterisks denote statistically significant differences between pairs of conditions based on pairwise Mann-Whitney U
tests (a) and (b), independent-samples t-tests (c) (*p < 0.05, **p < 0.01, ***p < 0.001).

(Table 5). Median engagement (UES-SF) was highest in the Fixed-
HRV group (6.0, IQR 5.4–6.6) and lowest for Adaptive-RR (5.4, IQR
4.2–5.4). Perceived workload (NASA-TLX) remained consistently
low across conditions, ranging from 2.33 (IQR 2.33–3.3) (Fixed-HRV)
to 3.0 (IQR 2.5–4.1) (Adaptive-Both), indicating that adaptive pacing
imposed no significant cognitive burden. System usability (SUS)
scores were stable, with Fixed-HRV and Adaptive-RR (4.0) slightly
exceeding Adaptive-Both and Fixed-None (3.8). Ultimately, Mann-
Whitney U tests revealed no statistically significant differences
between groups across any subjective measure.

Table 5: Questionnaire results evaluating user engagement,
workload, and system usability on a 7-point Likert scale.

Scale Group Median IQR

UES-SF

Fixed-None 5.4 5.40 – 5.8
Fixed-HRV 6 5.40 – 6.6
Adaptive-RR 5.4 4.20 – 5.4
Adaptive-Both 5.6 5.40 – 5.8

NASA-TLX

Fixed-None 2.83 2.33 – 3.0
Fixed-HRV 2.33 2.33 – 3.3
Adaptive-RR 2.83 2.17 – 2.8
Adaptive-Both 3 2.50 – 4.1

SUS

Fixed-None 3.8 3.60 – 4.0
Fixed-HRV 4 3.70 – 4.2
Adaptive-RR 4 3.70 – 4.4
Adaptive-Both 3.8 3.70 – 3.9

5.4 Findings
The results demonstrated that the integration of real-time biofeed-
back with adaptive breathing guidance significantly improves the
quality and sustainability of stress recovery. The primary finding
indicates that while several guidance modes can trigger an initial re-
laxation response, only the fully integrated system combining both
HRV biofeedback and adaptive breathing guidance allows partici-
pants to maintain a stable, elevated state of relaxation throughout

the entire intervention. This suggests that the synergy of these two
components is essential for converting a transient physiological
peak into a prolonged period of recovery. A particularly notable
outcome of this study was the system’s ability to deliver these
physiological benefits without significantly higher cognitive de-
mand. Despite the increased technical complexity of the adaptive
algorithms, the subjective user experience remained remarkably
consistent across all experimental groups. The adaptive components
did not significantly increase the perceived workload or reduce en-
gagement and usability relative to simpler baselines. This suggests
that the system successfully offloads the complexity of physiologi-
cal regulation to the adaptive interface, facilitating deeper recovery
without requiring additional user effort.

6 Discussion
6.1 The Significance and Versatility of

Frequency Carving
The implementation of frequency carving represents a pivotal shift
in how commodity earables can be transformed into sophisticated
monitors without the need for specialized sensors like PPG or IMUs.
By isolating a specific narrow 100 Hz band (150-250 Hz), the system
creates a dedicated sensing lane within the audio stream. This
effectively bypasses the traditional trade-off between high-fidelity
audio playback and sensitive physiological signal acquisition.

Since frequency carving is robust enough to maintain signal
accuracy without compromising perceived relaxation, it has imme-
diate and practical applications across a wide variety of mindfulness
and meditation settings. The technique’s success with diverse au-
dio types, including slow music, human voices, and nature sounds,
means it can be seamlessly integrated into existing breathing exer-
cise platforms and guided meditation apps. By removing the need
for users to purchase specialized gear, frequency carving allows any
standard pair of earbuds to become a tool for closed-loop biofeed-
back. This accessibility enables personalized, responsive breathing
guidance in everyday wellness routines, transforming listening into
a tool for physiological regulation.
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6.2 Chord-Based Auditory Biofeedback as a
Design Choice

Prior auditory biofeedback approaches in earables have largely
focused on nature sounds [53, 59], discrete notes [21, 34, 62], or
overlays of music and breathing sounds [34, 53]. These approaches
often struggle to simultaneously convey multiple physiological
signals without increasing perceptual load. Chords address this by
fusing harmonically related tones into a unified auditory object [33],
enabling richer encoding while preserving perceptual coherence.

Design choices within the chord framework were guided by psy-
choacoustic and affective principles. Major chords were selected
for their consistent association with positive valence and calm-
ness [26], and voicings were placed in the middle register where
tones are perceived as warm and stable [9], which also yielded
the highest user comfort ratings in preliminary testing. Beyond
individual parameters, the chord representation uniquely enables
dual encoding of both RR and HRV within a single acoustic signal:
respiratory guidance is conveyed through a Gaussian amplitude en-
velope, while harmonic complexity reflects HRV progression from
a single root tone to a full triad. This design leverages integer-ratio
frequency relationships between chord tones to promote harmonic
blending rather than competition [33], allowing added components
to function as a coherent auditory reward. Together, these proper-
ties position chord-based biofeedback as the acoustic foundation of
the closed-loop adaptive framework.

Importantly, chords represent one implementation choice within
this framework rather than a constraint on the auditory modality.
They were selected for their ability to jointly encode respiratory
guidance and HRV progression within a coherent auditory stream.
However, the underlying sensing and frequency carving pipeline
can be extended to various other auditory forms, enabling person-
alized biofeedback experiences across users and contexts.

6.3 The Synergy of Cardio-Respiratory
Adaptive Biofeedback

The transition from single-modality cues to a dual-factor adaptive
framework addresses a critical gap in traditional biofeedback design:
the inability of static or single-metric systems to sustain long-term
physiological engagement. While single-factor systems typically fo-
cus on either fixed-pace breathing or HRV biofeedback in isolation,
the dual-factor approach recognizes that respiration and cardiac
rhythms are deeply interconnected through cardio-respiratory cou-
pling. By modulating both breathing pace and harmonic complexity
simultaneously, the system creates a more comprehensive feedback
loop that mirrors the body’s natural synchronization.

The necessity of this integrated approach becomes clear when
examining the limitations of adaptive pacing alone. While adjust-
ing respiratory guidance can initiate a relaxation response, the
absence of a secondary reward signal (such as HRV-driven chord
complexity) often leads to a gradual return to original HRV levels.
By layering chord richness as an acoustic reward for improved
autonomic state, the dual-factor model provides the continuous
reinforcement needed to bridge the gap between a brief physiologi-
cal spike and a stable, prolonged period of recovery. This suggests
that breathing guidance provides the anchor, while HRV feedback
provides the incentive for sustained physiological balance.

6.4 Limitations and Future Work
While Earmony provides a robust framework for adaptive biofeed-
back, several limitations offer avenues for future research. First, the
system relies exclusively on musical chords for auditory cues. Fu-
ture studies could explore alternative soundscapes, such as nature
sounds or synthesized white noise for real-time modulation. Addi-
tionally, our evaluation of frequency carving focused on perceived
relaxation rather than a comprehensive assessment of overall lis-
tening quality. While the results suggest that frequency carving did
not significantly reduce perceived relaxation for the tested mind-
fulness audio, further studies are needed to examine its broader
impact on factors such as audio fidelity, preference, and long-term
listening experience. Another consideration involves the environ-
mental conditions under which the system was evaluated. Like
most biofeedback training, our studies were conducted in relatively
quiet, controlled environments but were still subject to realistic
ambient noise of around 35 dB to 55 dB. In practice, louder ambient
noise or significant physical movement could potentially impact
the signal-to-noise ratio of the in-ear microphone, making the de-
tection of subtle cardiac and respiratory signals more challenging.
Assessing these acoustic interference factors remains an important
area for future research. Finally, integrating this closed-loop par-
adigm into broader digital wellness platforms such as attention
regulation, performance training, and digital wellness remains a
key step toward supporting physiological regulation across diverse
contexts.

7 Conclusion
We presented Earmony, an adaptive auditory cardio-respiratory
biofeedback system implemented on commodity earbuds that uti-
lizes only the built-in, in-ear microphone. By introducing frequency
carving, we demonstrated that it is possible to unobtrusively sense
respiratory signals during active audio playback without compro-
mising the user’s perceived relaxation. The results of our user study
indicate that a dual-factor adaptive approach is essential for effec-
tive physiological regulation. While single-modality systems can
trigger initial relaxation, the integration of real-time HRV biofeed-
back with adaptive breathing guidance is necessary to maintain a
sustained state of recovery after stress. Furthermore, this closed-
loop intervention provides these benefits without increasing the
cognitive load of the user. We envision Earmony as a step toward
a future where everyday earables actively support physiological
well-being, unlocking a seamless paradigm for ubiquitous health
monitoring and regulation.
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A Use of Generative AI Tools
For this work, generative AI tools were used in a limited and re-
sponsible manner:

• Text: ChatGPT 5.6 and Gemini 3.6 were used only for gram-
mar checking and language polishing to improve the clarity
and the readability of the manuscript.

• Figures: We used ChatGPT 5.6 for generating part of the
illustrative teaser image in Figure 1 to visually support the
manuscript.

No AI-generated content was used to generate experimental data,
results, or any interpretive content.
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