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Abstract
Many headphone users risk irreversible hearing damage dur-
ing high-load listening, yet current protection still relies
on sound-pressure limits. Clinical tests detect damage af-
ter it becomes measurable, leaving the risk-accumulating
process unobserved. The acoustic reflex (AR), an involun-
tary response to high acoustic load, marks when the ear
enters a protective state. AR traces are weak, and existing
measurements require dedicated probes and controlled con-
ditions that are difficult to maintain during everyday au-
dio. We present EarLog, which turns playback, the domi-
nant interference, into an opportunistic probe. EarLog in-
troduces content-conditioned residual sensing to suppress
variations caused by nonstationary content, individual ear
acoustics, and device response. It identifies weak AR through
loudness-dependent changes and localized spectral irregu-
larities in the residual. A resonance-constrained sparse finite
impulse response (FIR) model captures the short-window
response. Dual-microphone observations, mild-distortion re-
covery, and cross-session reference updates keep detection
usable under low signal-to-noise ratio (SNR), fit changes, and
environmental drift. EarLog runs in real time on an embed-
ded controller using a low-cost dual-microphone add-on. We
evaluate it with 81 participants, 16 headphone models, and
more than 400 hours of recordings. EarLog achieves 99.0%
sensitivity and 98.7% specificity on a clinically referenced
benchmark. EarLog records listener-specific AR events dur-
ing everyday listening, providing data for future longitudinal
studies of hearing risk.
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1 Introduction
More than one billion young people are at risk of irreversible
hearing damage from unsafe headphone listening [51]. Cur-
rent protection covers two endpoints: device-side control of
sound pressure level (SPL) and listening exposure [14, 34,
47, 51], and clinical hearing tests that detect damage after
it occurs [21, 26, 36, 37, 49]. Between these endpoints, how
risk accumulates during high-load listening remains a blind
spot in hearing protection.

This blind spot matters because hearing risk varies across
listeners and from moment to moment. Physiological toler-
ance differs widely, and brief high-energy peaks in modern
audio can push the auditory system into overload even when
the volume setting appears safe [9, 18, 40]. The ear signals
these moments through its own protective response. When
the load reaches a listener-specific threshold, the brainstem
contracts the stapedius muscle in the middle ear. This con-
traction stiffens the sound-conduction path and reduces the
acoustic energy transmitted to the cochlea [46, 48]. This in-
voluntary protective response, known as the acoustic reflex
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Figure 1: EarLog overview. EarLog turns everyday play-
back into an in-ear probe and records listener-specific
AR events that remain invisible to device-side volume
rules.

(AR), also leaves a minute perturbation in ear-canal reflec-
tions that a headphone can capture. These activations can
occur even at ordinary listening levels. Recording these AR
activations during everyday listening would allow hearing
protection to track how each ear responds over time.
However, this stable measurement setup is unavailable

during everyday listening on commodity headphones. Clini-
cal systems use a dedicated probe microphone, a fixed probe
tone, a separate elicitor, and a stationary subject. Together,
these controls provide a stable acoustic environment for
measuring small changes in admittance [19, 32, 45]. Every-
day listening provides far less stability and can both trigger
AR and mask its minute trace. Changes driven by its dy-
namic content can be much larger than the reflex trace and
shift as the content evolves. Ear-canal multipath, headphone
frequency response, and fit changes introduce additional
variations at the same scale as AR. Reliable clinical AR labels
are also scarce in this scenario, making it difficult to train an
end-to-end model directly from raw signals.

EarLog turns playback, the dominant interference, into
the probe. It uses the known input to build a no-AR base-
line for the expected in-ear response. EarLog then adapts
the baseline using playback energy in each frequency band,
allowing the estimate to follow changes in content. Because
AR typically lasts 100–200 ms, EarLog estimates the response
within a short window to avoid temporal smearing of this
transient response [2, 23, 38]. EarLog uses ear-canal reso-
nances to constrain the plausible delays of reflected sound. A
sparse finite impulse response (FIR) model then captures the
in-ear response within the short window. With this baseline,
EarLog applies content-conditioned residual sensing. The
measured response is compared with the baseline to sup-
press variations caused by nonstationary content, individ-
ual ear acoustics, and device response. Loudness-dependent
changes and localized spectral irregularities in the residual

serve as evidence of the weak AR trace. Fit changes, mo-
tion, leakage, and measurement saturation can still distort
the residual. EarLog therefore uses dual-microphone obser-
vations to reject unreliable windows, recovers from mild
distortion, and updates the baseline across sessions. These
designs let EarLog record AR events during everyday listen-
ing without interrupting playback, forming a longitudinal
record of each ear’s protective response (Fig. 1).
We implement EarLog as an approximately $5 dual-

microphone add-on. The module follows the inward- and
outward-facing microphone layout of a simplified active-
noise-cancellation (ANC) front end, and the full pipeline
runs in real time on an embedded controller. We evaluate
EarLog with 81 participants, 16 headphone models, and
more than 400 hours of recordings. On a clinically refer-
enced benchmark, EarLog achieves 99.0% sensitivity and
98.7% specificity.

This paper makes three contributions.
A new sensing paradigm for everyday hearing pro-

tection. EarLog moves observation from device output and
episodic hearing screening to AR events during everyday lis-
tening. These event logs provide a process-level record that
could support individualized, long-term hearing-protection
research.
Opportunistic sensing under dynamic playback.

EarLog turns the user’s playback into the probe and intro-
duces content-conditioned residual sensing to separate weak
AR traces from observations shaped jointly by nonstationary
content, individual ear acoustics, and device response. This
formulation makes AR during dynamic playback a measur-
able earable sensing target even though ordinary playback
does not provide per-window AR labels.
A complete sensing system for commodity head-

phones. EarLog combines short-window modeling con-
strained by ear-canal resonance with dual-microphone ob-
servation, recovery from mild distortion, and cross-session
reference updates. These components keep weak AR detec-
tion usable under low SNR, dynamic content, fit changes,
and environmental drift. The system uses low-cost commer-
cial components and is validated across users, headphone
models, everyday behaviors, and cross-day conditions.

2 Related Work
At a broader level, commodity mobile sensing has used vi-
bration and optical responses to infer latent physical states,
including liquid identity and gradual quality changes [27–
30]. In mobile health, pulmonary-function systems have
extended spirometry from clinical instruments to phones
and earphones, using breathing, coughing, and speech to
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reduce testing burden [8, 22, 43, 52–55]. Earphones and hear-
ables have also become important physiological sensing in-
terfaces. Existing systems use in-ear microphones, active-
noise-cancellation (ANC) paths, and repurposed headphone
transducers to sense heart rate, heart sounds, respiration,
and other weak physiological signals [3, 6, 7, 15–17, 44].
Related commodity-device research has expanded to volun-
tary middle-ear activity, ear-condition screening, cochlear
responses, otoacoustic emissions, and tympanometry [10–
13, 33, 41]. Software-defined and interference-aware plat-
forms further support acoustic sensing across devices and
in the presence of competing sound [4, 5]. These studies
establish earphones as practical interfaces for periodic, re-
peatable, or task-elicited physiological sensing. Most closely
related, EarCSI reconstructs user-specific ear-canal chan-
nels from passive broadband audio for fine-grained sensing
of tympanic-membrane changes [31]. EarLog targets weak,
brief, and unpredictable non-periodic events that arise op-
portunistically during arbitrary dynamic playback, where
periodic structure, preset tasks, clear raw observables, and
scalable label collection offer limited help.
Clinical AR measurement, by contrast, detects the reflex

with a dedicated probe microphone, a fixed probe tone, a
separate elicitor, and stable measurement conditions [19, 32,
45]. These conditions disappear during arbitrary playback
on commodity headphones. The next section shows why
clinical AR criteria and direct classification of raw in-ear
signals do not readily transfer to this setting.

3 Problem Formulation
3.1 Why Direct AR Sensing Fails
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Figure 2: The clinical AR criterion does not transfer
to commodity headphones. The contrast between two
passive fixtures crosses the criterion although neither
can generate AR.

Clinical acoustic-reflex tests infer AR from changes in
absolute acoustic admittance [35, 39]. This criterion does
not transfer to commodity headphones. In Fig. 2, the sil-
icone artificial ear and IEC 60318-4 ear simulator cannot
generate AR, yet their response contrast varies with sound
pressure level and crosses the Titan clinical criterion. The
change must therefore come from device response and acous-
tic propagation. Clinical systems avoid this ambiguity with

high-precision instrumentation, a dedicated probe, and fixed
excitation. Commodity headphones lack this stable refer-
ence, so changes in absolute admittance or reflection cannot
provide direct evidence of AR. Appendix A.2 describes the
control setup and contrast calculation.
A fixed threshold calibrated for commodity headphones

also fails because the in-ear response changes with playback
even when AR is absent. As Fig. 3 shows, the Do and Re
notes produce different reflection curves in the same ear
canal under nominally identical conditions. The inward mi-
crophone receives overlapping ear-canal propagation paths
whose contributions depend on the current spectrum and
playback level. A fixed threshold or one-time reference there-
fore becomes stale as the content changes. EarLog needs a
content-conditioned baseline that follows the current play-
back. Appendix A.3 shows how playback content and ear-
canal multipath jointly shape the observation.

3.2 EarLog’s Sensing Core
Dynamic playback shifts the baseline, but it does not erase
the local structure that AR leaves in the response. Figure 4
shows that, in the absence of AR, response changes across
adjacent loudness levels remain relatively smooth. When AR
engages, some bands exhibit localized gain enhancement,
slight shifts in spectral peaks, and irregular gain changes
across adjacent levels. Removing the expected response for
the current content reveals these local deviations that are
otherwise masked by the much stronger playback-driven
response. This observation motivates content-conditioned
residual sensing. EarLog predicts the no-AR response to the
current playback, compares this baseline with the measured
response, and identifies weak AR from loudness-dependent
changes and localized spectral irregularities in the residual.
Sections 4.1 and 4.2 describe the baseline model and residual
features, respectively.
Figure 5 summarizes EarLog’s window-level pipeline.

The system first checks whether the playback and dual-
microphone observations support reliable AR detection.
Windows that fail this check are logged as invalid or overload-
only and excluded from AR detection. For each valid window,
EarLog predicts the no-AR baseline response for the current
playback (Sec. 4.1). When the observation contains mild
clipping or recoverable noise, this baseline also guides sig-
nal repair (Sec. 4.3). EarLog then compares the measured
response with the baseline to form the residual (Sec. 4.1.3)
and examines the residual for loudness-dependent features
and localized spectral irregularities (Sec. 4.2). A lightweight
verifier outputs valid AR or valid no-AR, and the system
records the result. Across sessions, EarLog checks baseline
consistency and updates the reference when fit or environ-
mental conditions shift (Sec. 4.4). The resulting log records



MobiCom ’26, October 26–30, 2026, Austin, TX, USA Huang et al.

1 1.5 2 2.5 3 3.5
Frequency	(kHz)

0.82

0.87

0.92

0.97

R
ef
le
ct
io
n	
C
oe
ffi
ci
en
t L	=	30	mm,	Sound	=	"Re"

L	=	30	mm,	Sound	=	"Do"
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curves for two notes (Do and Re)
in the same ear canal.
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Figure 4: Frequency shifts and nonlinear effects associated with acoustic
reflex.
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AR events during playback together with each window’s
sensing status.

4 EarLog Design
4.1 Predicting the No-AR Baseline
Section 3 shows that the absolute in-ear response alone does
not provide reliable evidence of AR during dynamic playback.
EarLog therefore asks what response the same ear would
produce under the current playback if AR were absent. This
expected response defines the no-AR baseline. Because the
current window may already contain AR, EarLog learns the
no-AR response from low-volume segments and predicts the
baseline for the current playback condition.

4.1.1 Building the Low-Volume Reference. Low-volume play-
back provides the reference needed by EarLog. In this regime,
non-silent audio still excites the in-ear acoustic response,

while the response follows the smooth no-AR pattern illus-
trated in Fig. 4. EarLog therefore builds its per-ear no-AR
reference from non-silent low-volume segments without re-
quiring a clinical WB-ART measurement. Silent blocks pro-
vide an independent negative control, but without excitation,
they cannot be used to identify the acoustic response.
The digital playback samples are known, but the in-ear

observation is not a copy of the source. The headphone
transducer, insertion depth, seal, and ear-canal multipath
transform the sound before the inward-facing microphone
records it. EarLog pairs the known playback with the corre-
sponding inward-microphone response from the same ear
and device configuration. Over a short, low-volume segment,
this input–output relation can be approximated as locally
linear.

A single nominal volume is insufficient for grouping these
calibration segments. Two audio windows with the same
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overall level can distribute their energy across different fre-
quency bands and produce different ear-canal responses.
EarLog therefore computes a playback-energy vector over 𝐵
analysis bands: V = [𝐸1, . . . , 𝐸𝐵], where 𝐸𝑏 is the playback
energy in band 𝑏, and 𝐵 is the number of analysis bands.
Windows with similar V enter the same band-energy bucket.
Each bucket represents a local no-AR operating condition
under similar content and gain, instead of a single reference
intended to cover all playback.
We use 𝑉 to denote the bucket associated with one such

band-energy pattern. Within that bucket, EarLog models
the local no-AR input–output relation with a finite impulse
response (FIR):

𝑦 (𝑉 ) (𝑛) =
𝑀−1∑︁
𝑘=0

ℎ
(𝑉 )
𝑘
𝑥 (𝑛 − 𝑘) + 𝜂 (𝑛).

Here, 𝑥 (𝑛) is the 𝑛-th digital playback sample, 𝑦 (𝑉 ) (𝑛) is
the inward-microphone observation, ℎ (𝑉 )

𝑘
is the 𝑘-th FIR

coefficient for bucket𝑉 ,𝑀 is the FIR length, and 𝜂 (𝑛) is addi-
tive noise. EarLog estimates the bucket-specific coefficients
with the least mean squares (LMS) algorithm. This step iden-
tifies the local no-AR response. AR detection occurs later.
Bucketing reduces content variation, but a short calibration
segment still cannot reliably estimate a generic high-order
FIR with many free coefficients. EarLog next constrains the
tap locations with ear-canal physics.

4.1.2 Resonance-Constrained Sparse FIR Modeling. The re-
sponse model must be estimated within a short window. A
longer window provides more samples for FIR estimation,
but it also spreads a short AR transition across unrelated
content and causes temporal smearing [2, 23, 38]. A generic
high-order FIR therefore has too many free coefficients for
the available window. Ear-canal reflections provide the miss-
ing constraint because their main arrival times occupy a
limited set of propagation delays.

EarLog approximates the ear canal as a quarter-wave res-
onator. Its lowest credible resonance 𝑓0 provides a coarse ef-
fective propagation length 𝐿 ≃ 𝑐/(4𝑓0), where 𝑐 is the speed
of sound. The corresponding one-way delay is 𝑡0 = 𝐿/𝑐 .
EarLog restricts nonzero FIR taps to narrow neighborhoods
around the direct arrival and successive round-trip delays
𝑘𝑖 ≃ 2𝑖𝑡0 𝑓𝑠 , where 𝑓𝑠 is the sampling rate and 𝑖 is the reflec-
tion order. The effective length serves as a structural prior
on tap locations. Constraining the FIR support preserves the
main propagation components while reducing the number
of coefficients that must be estimated in each short window.

Each band-energy bucket maintains its own LMS state. Let
𝑒 (𝑉 ) (𝑛) be the difference between the inward-microphone
sample and the bucket-specific FIR prediction at sample 𝑛.

For a tap index 𝑘 inside the resonance-constrained support
K𝑉 , the online update is

ℎ
(𝑉 )
𝑘

(𝑛 + 1) = ℎ (𝑉 )
𝑘

(𝑛) + 𝜇𝑒 (𝑉 ) (𝑛)𝑥 (𝑛 −𝑘), 𝑘 ∈ K𝑉 , (1)

where 𝜇 is the LMS step size. Buckets update independently,
and coefficients outside K𝑉 remain zero. The support con-
straint therefore limits adaptation to propagation delays sup-
ported by the ear-canal model rather than allowing an un-
constrained filter to absorb the short-window observation.
After sparse FIR identification, a gammatone filterbank

maps the response into the same 𝐵 analysis bands used by the
playback-energy vector. The band-wise baseline parameters
and residual features in Sec. 4.2 use this same frequency rep-
resentation. The shared band structure connects low-volume
calibration, baseline prediction, and residual-based AR detec-
tion without repeatedly converting between incompatible
representations.

4.1.3 Predicting the Baseline for Current Playback. The low-
volume buckets cover only part of the content and energy
states encountered during everyday playback. Once play-
back leaves those states, the measured response may already
contain AR and can no longer serve as its own no-AR refer-
ence. EarLog therefore predicts the baseline for the current
playback from the responses learned during low-volume
calibration.
For each analysis band 𝑏, EarLog represents the bucket

response with a baseline parameter 𝜃𝑏 (𝑉 ). Here, 𝜃𝑏 (𝑉 ) is
the log-magnitude of the identified no-AR transfer response
in band 𝑏 for playback state 𝑉 . EarLog assumes that this pa-
rameter varies smoothly across nearby playback conditions
and fits a low-order model:

𝜃𝑏 (𝑉 ) =
𝑃∑︁

𝑚=0
𝑎𝑏,𝑚𝜙𝑚 (𝑉 ).

Here, 𝜙𝑚 (𝑉 ) is the𝑚-th basis function, 𝑎𝑏,𝑚 is its fitted co-
efficient, and 𝑃 is the model order. This low-order relation
avoids a separate calibration for every content–level com-
bination and limits the variation introduced by the finite
low-volume dataset.
At runtime, EarLog computes the current playback state

𝑉𝑡 and reconstructs the corresponding no-AR baseline
𝐻baseline (𝑓 ,𝑉𝑡 ). Comparing it with the observed in-ear re-
sponse 𝐻obs (𝑓 , 𝑡) yields the log-magnitude residual:

Δ log𝐻 (𝑓 , 𝑡) = log |𝐻obs (𝑓 , 𝑡) | − log |𝐻baseline (𝑓 ,𝑉𝑡 ) |.
This subtraction removes most of the variation explained
by the current playback and the modeled in-ear response.
The residual may still contain baseline mismatch, fit drift,
leakage, noise, or distortion. The next subsection therefore
tests whether the residual shows the loudness dependence
and localized spectral structure associated with AR.
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Removing the physics-constrained no-AR baseline reduces
accuracy from 98.71% to 90.35%, a loss of 8.36 percentage
points (Table 1). The 8.36-point loss confirms the role of base-
line prediction in residual-based AR detection. Appendix C
gives bucketed identification details and runtime construc-
tion, while Appendix E gives the resonance and sparse-tap
derivation.

4.2 Detecting AR from the Residual
Subtracting the no-AR baseline removes most of the response
explained by the current playback, but a nonzero residual
alone is insufficient evidence of AR. Baseline mismatch, fit
drift, cross-band content coupling, and recovery artifacts can
all produce a nonzero residual. The observations in Sec. 3.2
suggest two tests that are more specific to AR. When AR oc-
curs, the residual is expected to become loudness-dependent
in a subset of bands and to exhibit a localized spectral irreg-
ularity rather than a smooth shift across frequency. EarLog
uses three residual cues for these tests. The Loudness Differ-
ential Signature (LDS) measures how the residual changes
with loudness, the partial Loudness Differential Signature
(pLDS) accounts for cross-band contributions before estimat-
ing the local slope, and local spectral roughness describes
whether the remaining change is localized in frequency.

4.2.1 Loudness Differential Signature. The first cue tests
whether the residual varies with playback loudness. Let
𝑟𝑏 (𝑡) denote the residual log response in analysis band 𝑏,
derived from Δ log𝐻 (𝑓 , 𝑡). Let 𝐿𝑠,𝑏 (𝑡) denote the source-side
log loudness in the same band. The Loudness Differential
Signature (LDS) is the local sensitivity

LDS𝑏 =
𝜕𝑟𝑏 (𝑡)
𝜕𝐿𝑠,𝑏 (𝑡)

.

The no-AR baseline already accounts for the ordinary
level-dependent response expected from the current play-
back. Without AR, the residual therefore remains approxi-
mately flat with respect to source-side loudness, and LDS𝑏
stays close to zero. When AR engages, stapedius contraction
changes middle-ear transmission. Near ear-canal resonances,
this transmission change appears as a new local slope in
a subset of bands. LDS measures the loudness-dependent
response that remains after baseline subtraction, without
relying on the absolute response magnitude used by clinical
thresholds.

A slope measured in one band, however, may include vari-
ation from neighboring bands. Dynamic audio excites many
frequencies at once, and harmonics, ear-canal multipath, and
filterbank leakage couple observations across bands. EarLog
therefore accounts for these cross-band contributions before
interpreting the local slope.

4.2.2 Removing Cross-Band Coupling with pLDS. To sepa-
rate the band-local response from cross-band content varia-
tion, let 𝐵 denote the number of analysis bands. For frames
𝑡 = 𝑡1, . . . , 𝑡𝑊 in a short estimation window, EarLog jointly
models the residuals as

r(𝑡) = AL𝑠 (𝑡) + c + 𝝐 (𝑡).
Here, r(𝑡) ∈ R𝐵 is the residual log-response vector, L𝑠 (𝑡) ∈
R𝐵 is the source-side loudness vector, A ∈ R𝐵×𝐵 is the cross-
band coefficient matrix, c is an intercept, and 𝝐 (𝑡) is the
remaining modeling error. Dynamic playback often produces
strongly correlated loudness trajectories across bands, so
EarLog estimates the coefficients with(

Â, ĉ
)
= arg min

A,c

𝑡𝑊∑︁
𝑡=𝑡1

∥r(𝑡) − AL𝑠 (𝑡) − c∥2
2 + 𝜆𝐴∥A∥2

𝐹 , (2)

where 𝜆𝐴 ≥ 0 controls the ridge penalty.
Each entry𝐴𝑖 𝑗 describes how source-side loudness in band

𝑗 contributes to the residual in band 𝑖 . The off-diagonal co-
efficients account for cross-band contributions, while the
diagonal coefficient estimates the band-local loudness-to-
residual relation after conditioning on the other excited
bands, giving pLDS𝑏 = 𝐴𝑏𝑏 . pLDS therefore reduces the
cross-band contamination that makes a single-band LDS sen-
sitive to rich broadband content unrelated to the band-local
AR change. Ridge regularization stabilizes the joint estimate
when source-band loudness trajectories are correlated. Be-
cause the current playback does not reliably excite every
band, EarLog computes pLDS only where playback energy
is sufficient. This support rule prevents leakage, noise, or
numerical instability in weakly excited bands from being
interpreted as a local loudness response.
pLDS estimates the band-local loudness dependence, but

a local slope can still arise from smooth gain drift, mild fit
variation, or baseline extrapolation error. These effects differ
from AR mainly in how they vary across frequency.

4.2.3 Local Spectral Roughness. AR most strongly perturbs
a subset of bands near ear-canal resonances. The residual
can therefore contain localized gain changes, small spectral-
peak shifts, or abrupt differences between adjacent bands,
whereas device gain drift and mild fit changes more often
vary smoothly across frequency. For each window, EarLog
robustly normalizes the residual as

𝑟𝑏 (𝑡) =
𝑟𝑏 (𝑡) − median𝑏′ 𝑟𝑏′ (𝑡)

MAD𝑏′ (r(𝑡)) + 𝜖
, 𝜖 > 0. (3)

The median removes a global offset. The median absolute
deviation (MAD), computed across the 𝐵 bands around that
median, supplies a robust within-window scale; 𝜖 keeps the
normalization defined when the residual is nearly flat. This
centering and scaling prevents a broadband offset or uniform
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gain change from appearing as localized structure. EarLog
then computes

TV(𝑡) =
𝐵−1∑︁
𝑏=1

|𝑟𝑏+1(𝑡) − 𝑟𝑏 (𝑡) | ,

Curv(𝑡) =
𝐵−1∑︁
𝑏=2

|𝑟𝑏+1(𝑡) − 2𝑟𝑏 (𝑡) + 𝑟𝑏−1 (𝑡) | ,

𝐽max (𝑡) = max
1≤𝑏<𝐵

|𝑟𝑏+1(𝑡) − 𝑟𝑏 (𝑡) | .

(4)

The three descriptors capture complementary aspects of the
normalized residual. Total variation accumulates adjacent-
band changes, curvature responds to local changes in spectral
slope, and 𝐽max isolates the strongest adjacent-band disconti-
nuity. Smooth gain or fit drift generally keeps all three small,
whereas a localized AR perturbation can increase them. LDS
and pLDS test whether the residual changes with loudness.
The roughness descriptors test whether that change is con-
centrated in a subset of bands rather than appearing as a
smooth global shift.

4.2.4 Lightweight AR Verifier. Each valid window yields

z(𝑡) =
[
LDS(𝑡)⊤, pLDS(𝑡)⊤, TV(𝑡),
Curv(𝑡), 𝐽max (𝑡)

]⊤
.

(5)

The implementation normalizes z(𝑡) using z-score statis-
tics computed from the training participants. A shrinkage-
regularized linear discriminant analysis (LDA) model learns
w and 𝑏 from the clinical labels and produces

𝑠 (𝑡) = w⊤z(𝑡) + 𝑏,
𝑠 (𝑡) = 𝜆𝑠𝑠 (𝑡 − 1) + (1 − 𝜆𝑠 )𝑠 (𝑡), 𝜆𝑠 ∈ [0, 1). (6)

Covariance shrinkage stabilizes the discriminant under the
available labels. Score smoothing suppresses frame-level jit-
ter; it does not replace the residual evidence in z(𝑡).

The z-score statistics, w, and 𝑏 are learned from the train-
ing participants and remain fixed during online inference.
Runtime processing therefore consists of constructing z(𝑡),
evaluating the linear score, and updating the smoothed score
for eligible windows. This separation prevents the verifier
from adapting its decision boundary to a transient residual
or to the current user’s event history.

A two-threshold hysteresis rule converts 𝑠 (𝑡) into the win-
dow state. EarLog enters the AR state only after the score
stays above the higher threshold for 𝐾+ consecutive valid
windows, and exits only after it stays below the lower thresh-
old for 𝐾− consecutive valid windows. Invalid and overload-
only windows receive no AR decision and do not advance
the AR state or event count, although they remain in the
listening-exposure and signal-quality log. Consecutive valid
windows assigned to the AR state are merged into one event.

The ablation results separate the roles of pLDS and rough-
ness. Replacing the multiband pLDS representation with
single-band LDS reduces accuracy from 98.71% to 86.55%,
a loss of 12.16 percentage points. Removing the roughness
descriptors and roughness-based gating reduces accuracy to
92.20%, a loss of 6.51 percentage points (Table 1). The 12.16-
point loss reflects the value of cross-band decoupling under
dynamic broadband playback. The 6.51-point loss reflects
the additional separation between localized AR structure and
smooth drift.

Appendix B derives the residual relation and records pLDS
window construction, regularization details, training-time
feature normalization, and the hysteresis parameters. The
residual cues above assume that the playback and micro-
phone observations remain physically meaningful. Large
motion, leakage, saturation, and environmental noise can
invalidate that assumption or distort the residual. The next
subsection explains how EarLog rejects unusable windows
and repairs mild artifacts before verification.

4.3 Screening and Repairing In-Ear
Observations

Sections 4.1 and 4.2 assume that the inward-facing micro-
phone still captures a meaningful response to the known
playback under the current headphone fit and ear-canal
condition. Everyday disturbances violate this assumption
in two different ways. Severe leakage, large motion, abrupt
fit changes, and hard saturation can break the playback–
response relation. Mild clipping and localized background
noise corrupt only part of the response. As shown in Fig. 5,
EarLog routes these cases through screening and repair be-
fore computing residual features. Unusable windows are ex-
cluded from the AR-detection path and are logged as invalid
or overload-only. Recoverable windows are repaired using
the current no-AR baseline as a constraint before residual
detection. The repair is deliberately conservative because the
verifier relies on loudness-dependent changes and local spec-
tral roughness. Preprocessing must preserve these patterns
without introducing artifacts that resemble them.

4.3.1 CheckingWindow Validity. EarLog begins by checking
whether the current window can be compared reliably with
its no-AR baseline. Four complementary indicators screen for
different failure modes. The clipped-sample ratio 𝑟clip (𝑡) de-
tects saturation in the microphone or analog front end. The
leakage ratio 𝜆leak (𝑡) compares outer- and inner-microphone
energy to reveal seal loss or abnormal leakage of external
sound. The source-coherence score 𝑐src (𝑡) checks whether
the inward observation still follows the known playback,
exposing large motion or interference unrelated to the play-
back source. The baseline-consistency score𝑚fit (𝑡) checks
whether the current response is consistent with the recent
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no-AR baseline under the present fit. These indicators de-
termine whether the captured playback–response relation
remains interpretable.
A window remains eligible for further processing only

while all four indicators stay within their calibrated ranges.
To prevent rapid switching near a boundary, the gate changes
state only after either a violation or a recovery persists
across consecutive windows. Windows dominated by hard
front-end saturation are logged as overload-only, because the
playback–response relation has been destroyed and cannot
constrain a reconstruction. Other windows that cannot be
interpreted reliably are logged as invalid. Windows in either
state are excluded from AR detection and do not contribute
to the AR event count, although they remain in the listening-
exposure and signal-quality records described in Sec. 6. A
transient baseline inconsistency causes the current window
to be rejected. Persistent inconsistency is handled in Sec. 4.4,
which adapts or refreshes the no-AR reference.

The gate removes observations whose input–output re-
lation has been lost. Only locally corrupted windows that
retain an interpretable playback–response relation are re-
paired. For mild clipping, EarLog uses the current no-AR
baseline to reconstruct the dominant linear response and ap-
plies residual compensation only in bands whose reconstruc-
tion error remains elevated. For background interference,
it suppresses only components with low correlation to the
known playback. Both operations are constrained to preserve
the local structure used by LDS, pLDS, and roughness, and
candidate AR windows never update the repair parameters.
Removing software artifact/interference mitigation reduces
accuracy from 98.71% to 75.90%, a loss of 22.81 percentage
points (Table 1). These mechanisms address short-lived cor-
ruption within individual windows; Sec. 4.4 instead handles
path drift that persists across windows.

4.4 Maintaining the Baseline over Time
The preceding sections handle content variation and tran-
sient observation failures. A slower source of error remains:
drift in the no-AR baseline. Refitting changes insertion depth
and seal, while humidity and prolonged wear gradually alter
the acoustic response between the headphone and the ear. A
stale baseline can then leave a persistent residual offset even
when every window passes the validity checks. EarLog ac-
counts for this drift in the no-AR response model and keeps
the AR verifier unchanged.

4.4.1 Calibration Transfer. Changes in fit, seal, and humid-
ity do not affect all frequency bands independently. Across
paired low-volume no-AR observations, their effects recur as
a small set of band-wise patterns. EarLog extracts the lead-
ing patterns and forms a compact drift basis Ψ. For playback

state 𝑉𝑡 and current fit or environmental condition 𝑢𝑡 , the
adapted baseline parameters are

𝜽 (𝑉𝑡 , 𝑢𝑡 ) = 𝜽 (𝑉𝑡 ) + Ψ𝜶 𝑡 . (7)

Here, 𝜽 (𝑉𝑡 ) is the baseline predicted for the current playback,
the columns of Ψ describe recurring band-wise drift patterns,
and 𝜶 𝑡 gives the current shift in that basis.
Let q𝑡 ∈ R𝐵 be the band-wise average log-transfer obser-

vation from the current valid low-volume support windows,
expressed in the same representation as 𝜽 . LetB be the stored
low-volume baseline buckets, and let PA select the stable
anchor bands. EarLog first matches the current support to a
stored reference:

𝑉𝑡 = arg min
𝑉 ∈B

∥PA [q𝑡 − 𝜽 (𝑉 )] ∥2
2 . (8)

After matching, EarLog estimates the drift coefficients
from the remaining band-wise mismatch:

𝜶̂ 𝑡 = arg min
𝜶



W [
q𝑡 − 𝜽 (𝑉𝑡 ) − Ψ𝜶

]

2
2 + 𝜆𝛼 ∥𝜶 ∥2

2, (9)

where W = I − PA selects the non-anchor bands that carry
most of the drift, and 𝜆𝛼 controls the ridge penalty. The
matched bucket and 𝜶̂ 𝑡 provide the stored reference and
current drift term in Eq. 7; the resulting baseline replaces the
stale reference used by Secs. 4.1.3 and 4.2.

Each transfer is estimated directly against the stored cali-
bration reference. Previous transfer coefficients do not enter
the next objective, so transfer error does not accumulate
recursively across sessions. Several factors may act together,
such as insertion depth, humidity, and seal evolution; their
combined effect remains correctable while its band-wise dis-
placement lies within the learned drift basis. Appendix D
describes paired-difference construction, the drift and anchor
sets, support-window formation, frequency-domain trans-
port, and consistency-triggered refresh.

4.4.2 Consistency Check and Low-Volume Refresh. EarLog
retains a transferred baseline only while it remains consistent
with current low-volume observations. On valid low-volume
support windows, EarLog monitors residual energy and the
low-volume LDS, pLDS, and roughness statistics. A single
mismatch causes the validity gate in Sec. 4.3 to reject the
current window. A mismatch that persists across consecu-
tive windows indicates that the current shift is no longer
explained by the learned drift patterns.
When this occurs, EarLog pauses AR detection and re-

freshes the band-energy buckets and no-AR baseline using
naturally occurring low-volume playback. Listening expo-
sure and signal-quality status continue to be recorded during
the refresh. AR detection resumes after the new baseline
passes the same consistency check.

The seven-day evaluation in Sec. 7.4.3 quantifies how often
this fallback is required and how much low-volume playback
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it consumes. The results show that calibration transfer ab-
sorbs most day-to-day drift and that refresh is needed only
occasionally.

5 Implementation
Figure 6 shows the EarLog hardware and its placement. The
prototype is a 12 mm×9 mm dual-microphone add-on with a
bill-of-materials cost of approximately $5. When mounted in
an in-ear assembly, the add-on sits between the headphone
driver and the ear-canal entrance. Two analog microelec-
tromechanical systems (MEMS) microphones (ICS-40720)
face opposite directions. The inner microphone records the
response shaped by playback, headphone fit, and the ear
canal, supporting no-AR baseline prediction and residual de-
tection. The outer microphone provides the environmental
and leakage reference used by the validity checks in Sec. 4.3.
The two channels are conditioned separately and digitized
as independent 16-bit streams at 48 kHz. To reduce slow
temperature-dependent gain drift in the microphone and
analog front end, EarLog places an NTC thermistor in the
op-amp feedback path. Calibration transfer handles the re-
maining frequency-dependent changes caused by fit and
environment. Appendix G.1 details the circuit.

A fixed-point implementation on the Arduino Portenta H7
runs the complete pipeline at 1.05× real time. Relative to au-
dio playback alone, the EarLog processing and sensing path
adds 16 mW on average. This corresponds to approximately
0.016 Wh for one hour of listening, or about 8% of a rep-
resentative 0.20 Wh earbud battery. Appendix G separates
this incremental overhead from whole-board development-
platform power and reports the fallback-refresh measure-
ment.
The prototype provides the four capabilities required by

EarLog in a uniform form across headphone models: an in-
ward reflection microphone, an outward environmental ref-
erence, synchronized access to playback and microphone
streams, and stable local signal processing. Many active-
noise-cancellation (ANC) headphones already contain com-
parable inward and outward microphones together with on-
board DSP [16]. A product implementation can reuse these
components when synchronized raw access is available. For
headphones without an accessible reference path, the add-
on supplies the same observations and enables controlled
evaluation across the 16 headphone models reported in this
paper.

6 Experimental Setup
Participant-disjoint evaluation. All main results use leave-

one-subject-out (LOSO) evaluation. Every window from one
participant remains in the same split, so the test participant
contributes no window to supervised training. The short

low-volume segment used to build that participant’s no-AR
baseline is an inference-time, per-ear calibration step. All
LDA parameters, feature-normalization statistics, and other
supervised parameters are learned from the remaining par-
ticipants. We report sensitivity, specificity, precision, recall,
F1 score, and area under the precision-recall curve (AUPRC).
Confidence intervals, when reported, use participant-level
bootstrapping rather than window-level resampling (Appen-
dix H.4).

Clinical reference and synchronization. During synchro-
nized trials, the clinical reference neither enters nor stim-
ulates the EarLog ear. Each participant first undergoes a
separate standard examination with an Interacoustics Titan
tympanometer. This examination measures the evaluation
ear’s wideband acoustic-reflex threshold (WB-ART), the low-
est wideband stimulus level at which Titan detects reflex
activation [19, 32]. In our evaluation, the measured WB-ART
is used to schedule clinically verified sub-threshold control
blocks and to stratify the cohort in Sec. 7.1. Its numerical
value is not provided to EarLog’s baseline model or AR veri-
fier.

In subsequent trials, the headphone stimulates the EarLog-
instrumented target ear while Titan monitors time-varying
admittance in the contralateral ear. The acoustic-reflex path-
way is bilateral, so sufficient stimulation of the target ear
can produce a synchronized reflex response in the opposite
ear. The Titan trace therefore supplies an independent time-
resolved reference without contributing to the headphone-
side acoustic observation. The Titan and EarLog signals are
recorded as separate streams and aligned to the stimulus
timeline by cross-correlation. The maximum measured mis-
alignment across participants is 10 ms. The passive Titan-
versus-commodity comparison in Sec. 3.1 is a separate bench
experiment and does not generate participant labels.

Independent reference labels. Reference labels are gener-
ated before any EarLog inference. An independent script
reads only the Titan trace and stimulus timestamps, then
marks intervals as AR-active or AR-inactive. A window is
reference-positive when at least 0.5𝑇win overlaps a Titan-
active interval. A reference-negative window lies within a
Titan-inactive interval, including silent and below-threshold
blocks. The overlap rule associates analysis windows with
the clinical trace; physiological onset latency is not counted
as part of the labeled event duration.

Both silent and non-silent below-threshold blocks provide
reference-negative windows. Baseline identification uses
only the non-silent blocks because input–output estimation
requires a known excitation. No baseline value, residual fea-
ture, or EarLog prediction enters the reference-label script.
The unilateral music-validation trials use the same frozen
classifier, stream alignment, and synchronized contralateral
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(a) Dual-microphone add-on module. (b) In-ear and over-ear deployment geometry.

Figure 6: EarLog hardware and deployment. The 12 mm × 9 mm add-on orients the inner microphone toward the
ear canal and the outer microphone toward the environment; the deployment view shows how it sits inside
representative in-ear and over-ear headphones.

Titan reference. The intervals shown in Fig. 12 follow this
protocol.

Window states, events, and coverage. Evaluation follows the
four runtime states defined in Sec. 4.2.4. Only valid windows
enter the clinical confusion matrix. Consecutive valid-AR
windows within one uninterrupted AR state are merged into
one event, and event rates are normalized by valid listening
time.

The valid-window ratio is the fraction of all recorded win-
dows that pass the validity gate and remain eligible for AR
detection. It measures sensing coverage, not classification
accuracy. Invalid and overload-only windows do not con-
tribute to TP, TN, FP, or FN counts and are never merged
into AR events. They remain in the listening-exposure and
signal-quality logs. Evaluation therefore reports accepted-
window errors together with valid-window coverage when
disturbances cause abstention.

Corpus and metric denominators. The complete corpus con-
tains one evaluation ear from each of 81 participants, spans
16 headphone models, and exceeds 400 hours. It includes
controlled measurements, robustness tests, and ordinary-
listening deployments with wideband noise, piano tones,
instrument timbres, and music excerpts at 50–90 dB SPL.
Clinical accuracy uses the synchronized and valid sub-

set of this corpus. This benchmark contains 145,800 non-
overlapping windows with 𝑇win = 250 ms, corresponding
to 10.1 hours of Titan-synchronized valid time. Only these
valid referenced windows enter sensitivity, specificity, preci-
sion, recall, F1, and AUPRC. The unilateral music validation
is analyzed separately but uses the same frozen classifier
and contralateral Titan reference. Ordinary-listening records
without synchronized Titan observation support standalone
logging analyses and do not enter the clinical accuracy de-
nominator. The study was approved by the institutional re-
view board. Participant statistics, stimulus schedules, device
configurations, and robustness protocols appear in Appen-
dix H.
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Figure 7: EarLog maintains high recognition accuracy
across listener-specific WB-ART levels.

7 Evaluation
7.1 Accuracy Across Listener-Specific

Reflex Thresholds
We first verify that EarLog operates across listeners with
different physiological protection thresholds. All results use
leave-one-subject-out evaluation, so no window from the
test participant contributes to supervised training. We group
the 81 evaluation ears by wideband acoustic-reflex threshold
(WB-ART): ART-1 spans 65–75 dB SPL (𝑛 = 16), ART-2 spans
75–85 dB SPL (𝑛 = 29), and ART-3 is above 85 dB SPL (𝑛 = 36).
Appendix H.1 gives the cohort distribution.

Figure 7 shows consistently high recognition accuracy
across the measured WB-ART range. The clinically refer-
enced benchmark contains 145,800 valid windows, includ-
ing 7,883 true positives, 136,036 true negatives, 1,801 false
positives, and 80 false negatives. These counts yield 99.0%
sensitivity, 98.7% specificity, 81.4% precision, 89.3% F1,
and 98.71% accuracy. The 95% confidence intervals for sen-
sitivity and specificity are ±0.8 percentage points.

The same participant-disjoint model therefore covers ears
with substantially different reflex thresholds. This result
shows that EarLog can log listener-specific AR events across
a broad range of reflex thresholds rather than operating only
within one narrow threshold range. Appendix H.5 provides
the interval-wise and cross-content subgroup results.
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7.2 Label Efficiency of the Residual
Representation

The clinical benchmark establishes detection accuracy, but
it does not show whether a generic classifier could obtain
the same result directly from raw spectra. We therefore
train a support vector machine (SVM), a decision tree, and
a lightweight deep neural network (DNN) under the same
participant-disjoint supervision used by EarLog.
Ordinary playback provides abundant audio, but clini-

cally confirmed AR-positive windows cannot be expanded
in the same way. Repeatedly eliciting positive reflexes is con-
strained by participant safety and ethics. The raw spectral
appearance of the same physiological event also changes
with playback content, ear acoustics, headphone response,
and fit. Under limited supervision, a raw-spectrum model
can therefore rely on content or fit correlations. EarLog first
removes the expected playback and in-ear response, so each
clinical label describes a more focused residual difference.
Figure 8a shows that the median availability of clinically

confirmed positive windows is 62 per evaluation ear. Fig-
ure 8b varies the AR-positive training-label budget andmarks
67 labels as the current operating point.

At the marked EarLog operating point in Fig. 8c, sensitiv-
ity, specificity, precision, F1, and false-positive rate (FPR) are
98.9%, 98.7%, 81.4%, 89.3%, and 1.3%, respectively. Its pooled
AUPRC is 0.807, compared with 0.147 for SVM, 0.085 for the
decision tree, and 0.071 for the DNN. Figure 8d reports the cu-
mulative distribution of per-participant AUPRC. Both views
show that EarLog improves the precision–recall trade-off
and shifts the participant distribution toward higher AUPRC.
The advantage comes from the content-conditioned residual
representation, which makes each clinically confirmed label
more informative.

7.3 Ablation Study
We next verify that the measured accuracy follows from the
coupled sensing design. The first comparison replaces the
sensing formulation or removes the outward reference mi-
crophone. The second removes complete processing blocks
from the residual pipeline.
The energy-only baseline uses short-time in-ear energy

and a fixed threshold. It does not predict the no-AR response
or use LDS, pLDS, and roughness. Figure 9 shows that this
baseline reaches 47% accuracy. The single-microphone vari-
ant retains the inward channel, no-AR baseline, and residual
verifier but removes the outward environmental reference. It
reaches 72% accuracy. Full EarLog reaches 98.71%. The com-
parison shows that the residual formulation handles dynamic
playback, while the outward microphone enables leakage,
environment, and window-validity checks.

Table 1 isolates the internal design blocks. Removing ar-
tifact and interference handling reduces accuracy by 22.81
percentage points, showing the value of validity screening,
clipping recovery, and selective denoising on commodity
hardware. Replacing multiband pLDS with single-band LDS
costs 12.16 percentage points, confirming the role of cross-
band decoupling under broadband playback. Removing the
physics-constrained no-AR baseline costs 8.36 percentage
points, while removing roughness descriptors costs 6.51 per-
centage points. Together, the four ablations isolate content
variation, cross-band coupling, smooth drift, and real-world
interference as distinct error sources.

7.4 Generalization Across Everyday
Conditions

The preceding experiments establish the core detector and
its design dependencies. We further examine whether the
same frozen system continues to operate as the headphone,
playback content, environment, fit, behavior, and recording
day vary. The tests progress from external device and content
variation, to active changes in the fitted acoustic path, and
finally to seven-day reference drift.

7.4.1 Devices, Ambient Noise, and Unseen Content. To verify
hardware and content generalization without retraining, we
keep the wideband-trained classifier fixed. We test 16 head-
phone models and four ambient-noise levels. Appendix H.5
extends the subgroup analysis to piano and instrument play-
back.
Across over-ear, in-ear, and semi-in-ear devices, EarLog

reaches 97.0%, 100.0%, and 94.5% accuracy, respectively, as
shown in Fig. 11. Table 2 shows that accuracy remains 95.15%
at 70 dB ambient noise and changes by only 4.22 percent-
age points across the tested 45–70 dB range. The outward
reference, validity gate, and selective noise mitigation pre-
serve a usable playback–response observation across these
hardware and environmental conditions.

Appendix H.5 combines wideband, piano, and instrument
playback in a noisy environment. Without additional fine-
tuning, accuracy reaches 95.9% for ART-1 ears, ranges from
88.3% to 92.5% across the ART-2 transition range, and reaches
87.7% for ART-3 ears, preserving the cross-threshold pattern
observed in the clinically referenced benchmark.

7.4.2 Refitting and Everyday Behaviors. The preceding tests
preserve the fitted headphone–ear interface. We next deliber-
ately change that interface to verify whether fit and behavior
are incorrectly written into the AR log.
Playback remains 10 dB below each ear’s WB-ART, and

synchronized Titan-inactive intervals define an AR-negative
condition. Every positive output in this experiment is there-
fore a false alarm.
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Figure 8: The residual representation improves label efficiency and participant-disjoint precision–recall perfor-
mance over raw-spectrum classifiers.
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Variant Acc. (%) Change (pp)

Full EarLog 98.71 0.00
Without physics-constrained no-AR baseline 90.35 -8.36
Single-band LDS variant 86.55 -12.16
Without roughness descriptors and gating 92.20 -6.51
Without artifact and interference handling 75.90 -22.81

Table 1: Each processing block addresses a distinct
source of error in the residual pipeline.

Environment Acc. (%)

Quiet dormitory (45 dB) 99.37
Classroom (55 dB) 97.78
Office with talking (65 dB) 96.21
Outdoor road (70 dB) 95.15

Table 2: EarLog retains high
accuracy as ambient noise in-
creases.
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(b) Participant-level reference stability across seven days.

Figure 10: Quality-aware robustness under refitting, everyday behaviors, and cross-day drift.
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Figure 11: EarLog maintains high recognition accuracy
across headphone form factors.

We compare a stale baseline, low-volume refresh alone,
and the full calibration-transfer-plus-refresh pipeline. Fig-
ure 10a reports false-alarm rate among valid windows to-
gether with the valid-window ratio. Reporting both quanti-
ties shows how effectively EarLog controls erroneous events
while retaining sensing coverage.

After re-wearing, a stale baseline produces 20.05% false
alarms. Low-volume refresh reduces this value to 6.89%,
while the full pipeline reaches 1.33% and retains 96.20% of
the recorded windows. Calibration transfer therefore aligns

the new fit while preserving most of the listening period for
sensing.

Walking and speaking retain 74.21% and 77.52% of recorded
windows, with false-alarm rates of 1.60% and 1.19%. During
chewing and smiling, EarLog retains 68.05% and 69.90% of
windows and limits false alarms to 7.22% and 6.39%. The
quality-aware output preserves roughly seven in ten obser-
vations even when facial motion changes both the seal and
canal geometry. Appendix H.6 gives the detailed protocol.

7.4.3 Cross-Day Reference Maintenance. Window-level
screening handles short disturbances. We next ask whether
the same personalized baseline remains useful across days.
Multiple participants repeat the experiment for seven days
with the same evaluation ear and headphone model. We
compare continued reuse of the Day-1 baseline with the full
reference-maintenance pipeline.
With the initial baseline reused unchanged, participant-

level median AUPRC changes from 0.896 on Day 1 to 0.621
on Day 7. Full EarLog starts at 0.897 and reaches 0.857 on
Day 7. Reference maintenance therefore provides a 0.236
AUPRC gain over the stale baseline by the end of the study.
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Figure 12: Titan-confirmed AR-event logs reveal
listener-specific recruitment under the same
device-recommended playback setting.

Calibration transfer accounts for most of the observed
cross-day stability. The median refresh count remains zero
on every day, and the mean ranges from 0.06 to 0.39 triggers
per day. Across days, accumulated low-volume refresh time
ranges from 0.83 to 6.43 s per day. Each triggered refresh lasts
approximately 13.8–16.5 s. The stored reference therefore
remains useful through transfer, and refresh is needed only
occasionally. Appendix H.7 gives the session protocol and
participant-level aggregation.

7.5 What the Event Log Reveals
The previous experiments establish accuracy and robustness.
We finally use EarLog in its intended logging mode to ex-
amine whether ordinary playback produces listener-specific
recruitment patterns. We keep the classifier frozen, play mu-
sic unilaterally through the target headphone, and monitor
the contralateral ear with Titan. This design provides an inde-
pendent clinical reference while leaving the headphone-side
acoustic observation unchanged.
Figure 12 shows one representative evaluation ear from

each WB-ART range. Every red interval is an EarLog detec-
tion that overlaps a synchronized contralateral Titan-active
interval. Confirmed events cluster around transient high-
energy and spectrally intense passages. The same device-
recommended playback setting produces different recruit-
ment densities across listeners. Lower-threshold ears show
denser confirmed intervals, while higher-threshold ears show
sparser recruitment under the same playback regime.

EarLog aggregates these momentary events against valid
listening time and co-reports sensing coverage. The resulting
log describes how each ear recruits protection across con-
tent and sessions, revealing listener-specific patterns that
remain invisible to a common device setting. Section 6 de-
fines the reference-event protocol, and Appendix H gives
the participant, stimulus, and deployment details.

8 Conclusion
This paper presents EarLog, which enables commodity head-
phones to record acoustic-reflex events without interrupting
everyday listening. The challenge is that AR is weak and

short-lived, whereas nonstationary content, individual ear
acoustics, device response, fit, and environmental distur-
bances introduce stronger variations in the in-ear observa-
tion. EarLog turns playback into an opportunistic probe and
uses content-conditioned residual sensing to suppress these
dominant variations. Resonance-constrained short-window
modeling, dual-microphone observations, and cross-session
reference updates allow the system to run in real time on com-
modity hardware. We evaluate EarLog with 81 participants,
16 headphonemodels, andmore than 400 hours of recordings.
EarLog achieves 99.0% sensitivity and 98.7% specificity on a
clinically referenced benchmark and remains usable across
content, headphone models, everyday behaviors, refitting,
and cross-day conditions. The resulting logs also show that
the same audio played at the same nominally safe volume
can produce markedly different AR recruitment patterns
across listeners. These listener-specific recruitment logs can
support long-term risk observation and future personalized
safe-listening strategies.
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A Clinical Background and Illustrative
Content Confounding

A.1 Scope of This Appendix
The argument in Sec. 3 rests on two observations. First, a
commodity in-ear path can capture small reflection changes,
but it does not inherit the stable absolute criterion of a clinical
system. Second, arbitrary playback changes which ear-canal
paths are excited, so the observed reflection changes with
content even when the ear does not. The following sections
explain these two effects. Appendix B then derives the resid-
ual cues used for AR detection.
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A.2 Clinical Acoustic-Admittance
Background

Clinical AR assessment [35, 39] commonly describes the
middle-ear response through acoustic admittance, the recip-
rocal of acoustic impedance:

𝑌 =
1
𝑍
.

With controlled single-frequency stimulation, a low-level
probe tone gives a reference reflection coefficient 𝑅ref . A
higher-level elicited state gives a detection coefficient 𝑅det.
Their acoustic-admittance change is

Δ𝑌 =
1 − 𝑅ref

𝑍1 (1 + 𝑅ref )
− 1 − 𝑅det

𝑍2 (1 + 𝑅det)
,

where 𝑍1 and 𝑍2 are calibrated impedances for the same ear.

Controlled Titan–COTS comparison. The comparison in
Sec. 3.1 uses an Interacoustics Titan clinical system [32, 45]
and a matched COTS path built from wired Samsung EHS64
headphones [42] and an ICS-40720 analog differential-output
MEMSmicrophone. Titan presents a 500 Hz elicitor and mon-
itors a 226 Hz probe tone. The COTS path uses SPL-matched
playback and records the reflected signal under the corre-
sponding stimulus condition.

Figure 2 reports pairwise percentage contrasts relative to
the original playback. The pink curve compares the human
ear with the silicone artificial ear. The blue curve compares
the silicone ear with the IEC 60318-4 ear simulator. The
orange line is the Titan admittance-change criterion, the
green bands are Titan-detected AR ranges, and the dashed
green curve fits the Titan measurements. The experiment
includes five volunteers, a silicone artificial ear [25], and an
IEC 60318-4-compliant ear simulator [24]. This comparison
is separate from the contralateral music-validation protocol
in Sec. 6.

With dedicated probe and elicitor tones and stable instru-
mentation, Titan attributes small changes in reflected sound
power to AR onset. It begins to detect small responses near
65 dB SPL, and the response grows markedly above 75 dB
SPL. The two COTS contrasts also rise overall, but they vary
irregularly with SPL. Neither passive fixture can generate
a physiological AR. Their different geometries and acoustic
impedances can still create a nonzero offset, and that offset
changes with level. The passive-fixture contrast even crosses
the Titan criterion. An absolute value calibrated at one level
therefore cannot serve as a global AR threshold on the COTS
path.

A.3 An Illustrative Multipath-Content
Model under Arbitrary Playback

Absolute reflection criteria face a second problem under arbi-
trary playback. Unlike a clinical probe tone, music is nonsta-
tionary and ranges from sparse tonal passages to broadband
mixtures. Each spectrum excites a different combination of
ear-canal paths. We use a factorized model to show how
temporal overlap and frequency-dependent absorption enter
the observed reflection.
The reverberant field in the canal decays over time. We

denote its envelope by

𝐿𝑝 (𝑡) = 𝐿𝑝0 − 𝛽𝑡/𝑇floor,

where 𝐿𝑝0 is the initial sound-pressure level, 𝛽 controls the
decay rate, and 𝑇floor is the time required to approach the
ambient-noise floor. The envelope 𝑔mix (𝑡) summarizes the
cumulative effect of overlapping reflections.

The canal wall, surrounding tissues, and canal morphology
also shape frequency-dependent absorption and scattering.
We collect these effects in 𝑔abs (𝑓 , 𝑥), where 𝑓 is frequency
and 𝑥 is propagation distance along the canal.

The resulting illustrative effective reflection coefficient is

𝑅eff (𝑓 , 𝑡, 𝑥) = 𝑅ideal (𝑓 ) 𝑔mix (𝑡) 𝑔abs (𝑓 , 𝑥),

where 𝑅ideal (𝑓 ) is the idealized reflection coefficient under
simplified conditions.

This factorization exposes why a fixed reflectance thresh-
old fails. The overlap and absorption terms are weighted
by the current playback spectrum and gain, so the micro-
phone observes a different composite response as the content
changes. EarLog therefore predicts the no-AR response for
the current playback and tests the residual, rather than com-
paring the raw reflection with one absolute reference.

B Residual-Cue Derivations and Online AR
Decision

Section 4.2.2 defines the estimator, and Secs. 4.2.3 and 4.2.4 de-
fine the residual descriptors and online decision. This appen-
dix derives the residual relation and describes pLDS window
construction, regularization details, training-time feature
normalization, and the hysteresis parameters.

B.1 From Middle-Ear Load Change to LDS
AR changes the effective middle-ear load seen from the ear
canal [1, 20, 50]. This change modifies the acoustic boundary
condition and becomes observable through the ear-canal
standing-wave response in a subset of frequency bands.
In analysis band 𝑏, let 𝑆𝑏 (𝑡) denote the short-time root-

mean-square energy of the decoded playback signal and let
𝑅𝑏 (𝑡) denote the corresponding inward-microphone energy.
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We define the source-side log loudness and the band-wise
log transmission ratio as

𝐿𝑠,𝑏 (𝑡) = log𝑆𝑏 (𝑡), 𝜏𝑏 (𝑡) = log𝑅𝑏 (𝑡) − log 𝑆𝑏 (𝑡).
Within a short window, we approximate the headphone

gain in band 𝑏 by𝐺𝑏 . We represent ear-canal reverberation
by𝐻 rev

𝑏
and the additional middle-ear transfer change caused

by AR by𝐻AR
𝑏

. The transmission ratio can then be written as

𝜏𝑏 (𝑡) ≈ log
��𝐺𝑏𝐻

rev
𝑏

(𝑓𝑏, 𝑡)
�� + log

��𝐻AR
𝑏

(𝐿𝑠,𝑏 (𝑡), 𝑡)
�� .

The first term describes the device and ear-canal response
that the no-AR baseline seeks to predict. During AR, we write

𝐻AR
𝑏

(𝐿𝑠,𝑏) = 1 + 𝜀𝑏 (𝐿𝑠,𝑏),
where 𝜀𝑏 denotes the loudness-dependent transfer pertur-
bation associated with the effective middle-ear load change
Δ𝑍𝐿 (𝑓𝑏, 𝐿𝑠,𝑏). Applying the chain rule gives

𝜕𝜏𝑏

𝜕𝐿𝑠,𝑏
≈
𝜕 log |𝐻AR

𝑏
|

𝜕𝑍𝐿

𝜕𝑍𝐿

𝜕𝐿𝑠,𝑏
.

Without AR, the no-AR baseline accounts for the ordinary
level-dependent response and the remaining loudness sen-
sitivity stays close to zero. When AR engages, the effective
load becomes loudness-dependent and the first factor above
can be amplified near ear-canal resonance bands.
The main pipeline computes this quantity after baseline

subtraction. Let 𝜏base
𝑏

(𝑡) denote the predicted no-AR trans-
mission ratio for the same playback condition. The residual
is

𝑟𝑏 (𝑡) = 𝜏𝑏 (𝑡) − 𝜏base
𝑏

(𝑡).
The LDS used in the main text is therefore

LDS𝑏 ≈ 𝜕𝑟𝑏 (𝑡)
𝜕𝐿𝑠,𝑏 (𝑡)

.

This expression links the observed residual slope to the
loudness-dependent middle-ear transfer change while sup-
pressing the dominant device and playback response.

B.2 pLDS Window Construction and
Regularization Details

A single-band LDS can absorb variation transferred from
neighboring bands. For the short estimation window 𝑡 =

𝑡1, . . . , 𝑡𝑊 , EarLog arranges the residual and source-side loud-
ness observations as

r(𝑡) = [𝑟1 (𝑡), . . . , 𝑟𝐵 (𝑡)]⊤,
L𝑠 (𝑡) = [𝐿𝑠,1 (𝑡), . . . , 𝐿𝑠,𝐵 (𝑡)]⊤,

which supply the per-frame observations for the multiband
regression in Eq. 2. Dynamic audio often produces strongly
correlated loudness trajectories across bands, so ordinary
least squares can yield an unstable coefficient matrix. The
ridge term governed by 𝜆𝐴 regularizes that collinearity. The

estimator still relies on the excitation present in the current
window, which is why Sec. 4.2.2 excludes low-energy bands.

B.3 Verifier Training and Hysteresis
Parameters

Equations 5 and 6 define the feature vector and online score.
The z-score mean and variance are computed from the train-
ing participants and then fixed for evaluation. Covariance
shrinkage is applied when fitting the LDA discriminant to
reduce instability under the available labels.
The runtime parameters are the smoothing coefficient

𝜆𝑠 , entry and exit thresholds 𝛾hi and 𝛾lo, and consecutive-
window counts𝐾+ and𝐾− . The two thresholds prevent rapid
switching near the decision boundary, while the consecutive-
window counts require sustained evidence from valid win-
dows. Their state semantics and event aggregation are de-
fined in Sec. 4.2.4.

C Details of FIR Identification and
Volume-Dependent Extrapolation

The three subsections describe bucketed identification, low-
order baseline fitting, and runtime construction used by
Sec. 4.1. The coefficient update itself is defined in Sec. 4.1.2.

C.1 Bucketed LMS Identification
For each band-energy bucket 𝑉 , Sec. 4.1.1 defines a local no-
AR FIR on the tap support selected by Sec. 4.1.2. Equation 1
is the authoritative coefficient update. After convergence,
the supported coefficient vector provides the local no-AR
impulse response h(𝑉 ) used by the bucket-level baseline
model.

C.2 Band-Wise Polynomial Extrapolation
Across Loudness Buckets

The gammatone filterbank maps each bucket-specific re-
sponse into the 𝐵 analysis bands used throughout the main
pipeline. Section 4.1.3 defines the band-wise polynomial
model for 𝜃𝑏 (𝑉 ). Here, 𝑉 is the bucket-level playback con-
dition, and the model coefficients are fitted from the corre-
sponding low-volume calibration buckets. The low-order fit
captures the smooth variation observed across those buckets
and provides a baseline for playback states without an exact
stored match.

C.3 Online Construction of the No-AR
Baseline

For each analysis window, EarLog computes the current play-
back state 𝑉𝑡 , evaluates the band-wise models from Sec. C.2,
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and reconstructs 𝐻baseline (𝑓 ,𝑉𝑡 ). Section 4.1.3 defines the re-
sulting log-magnitude residual. This stage predicts the no-
AR baseline but does not make an AR decision; the residual
is passed to the LDS, pLDS, and roughness calculations in
Sec. 4.2.

D Calibration Transfer and Baseline
Refresh

This appendix expands the calibration-transfer and refresh
mechanisms in Sec. 4.4. The main text defines the anchor-
matching and online transfer objectives. Here, we describe
paired-difference and drift-basis construction, anchor-set
construction, support-window formation, frequency-domain
transport, and the consistency failure that requires a new
low-volume baseline.

D.1 Building the Drift Basis
Let 𝜽 (𝑎)

𝑖
∈ R𝐵 and 𝜽 (𝑏 )

𝑖
∈ R𝐵 denote band-wise no-AR base-

line parameters from the same playback bucket under two fit
or environmental conditions. Both observations come from
valid low-volume windows used to form the no-AR reference.
Their difference is

Δ𝜽 𝑖 = 𝜽 (𝑏 )
𝑖

− 𝜽 (𝑎)
𝑖
.

Stacking 𝑁 paired differences gives

∆ = [Δ𝜽 1, . . . ,Δ𝜽𝑁 ] ∈ R𝐵×𝑁 .

EarLog applies singular value decomposition:

∆ = UΣR⊤.

The leading 𝑟 left singular vectors form the drift basis

Ψ = U[:,1:𝑟 ] ∈ R𝐵×𝑟 .

Its columns capture the dominant band-wise response changes
observed across refitting, seal, humidity, and related non-
thermal conditions.

D.2 Anchor-Band Matching
Bands that are weakly affected by the drift basis provide a
stable reference for matching the current condition. EarLog
defines the anchor set

A =
{
𝑏 ∈ {1, . . . , 𝐵} : ∥Ψ𝑏,:∥2 ≤ 𝜏𝐴

}
,

where Ψ𝑏,: is row 𝑏 of the drift basis. Let PA denote the
diagonal selector that preserves these bands.
The online support set S𝑡 contains the first valid low-

volume support windows available under the current con-
dition. Their band-wise average forms q𝑡 in the same log-
transfer representation as the stored baseline parameters.
Equation 8 matches this support to the stored bucket that
agrees most closely on the anchor bands.

D.3 Online Transfer Estimation
Equation 9 estimates the current drift coefficients after an-
chor matching. At the transfer-function level,

log |𝐻̃baseline (𝑓 ,𝑉𝑡 , 𝑢𝑡 ) | = log |𝐻baseline (𝑓 ,𝑉𝑡 ) |

+
𝑟∑︁
𝑗=1

𝛼𝑡, 𝑗𝜓 𝑗 (𝑓 ),

where𝜓 𝑗 (𝑓 ) is the frequency-domain profile of drift compo-
nent 𝑗 . The residual passed to Sec. 4.2 is

Δ log 𝐻̃ (𝑓 , 𝑡) = log |𝐻obs (𝑓 , 𝑡) | − log |𝐻̃baseline (𝑓 ,𝑉𝑡 , 𝑢𝑡 ) |.

D.4 Consistency Failure and Baseline
Refresh

The transferred baseline is checked on valid low-volume
support windows. EarLog monitors the residual energy and
the low-volume LDS, pLDS, and roughness values produced
by the transported baseline. After a transient failure, the
validity gate in Sec. 4.3 rejects the affectedwindow. Persistent
failure across consecutive support windows suspends AR
detection and triggers a low-volume refresh of the band-
energy buckets and baseline parameters.

Listening exposure and signal-quality status remain active
during refresh. The refreshed baseline must pass the same
consistency test before AR detection resumes. This fallback
covers shifts that are not represented by the learned drift ba-
sis without introducing a second AR classifier or recursively
transporting a previous estimate.

E Ear-Canal Length Estimation and Sparse
FIR Tap Placement

This appendix gives the resonance-based propagation prior
used to select the sparse FIR support in Sec. 4.1.2. We first
obtain a coarse effective length 𝐿 from the standing-wave
condition

2𝜋 𝑓 𝐿/𝑐 = (2𝑛 + 1)𝜋/2,
where 𝑐 is the speed of sound and 𝑛 is a nonnegative integer.
For the fundamental mode,

𝐿 = 𝑐/(4𝑓 ).
In our implementation, 𝐿 is constrained to 15–45 mm. The

lower bound accounts for the shorter effective propagation
distance introduced by headphone insertion relative to the
theoretical 25–45 mm ear-canal range. The upper bound cor-
responds to a minimum candidate resonance frequency of
approximately 1906 Hz.
A single resonance may be shifted by multipath. EarLog

therefore forms a relative-gain curve by dividing the mea-
sured frequency-response magnitude by the source magni-
tude and identifies prominent resonance peaks within the
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allowed frequency range. For a detected resonance 𝑓𝑛 , the
corresponding effective length is

𝐿 =
𝑐

4𝑓𝑛
(2𝑛 + 1).

The resulting one-way propagation delay is 𝑡0 = 𝐿/𝑐 .
EarLog places nonzero FIR taps near the direct arrival and
the round-trip delays

𝑘𝑖 ≈ 2𝑖𝑡0 𝑓𝑠 , 𝑖 = 0, 1, . . . , 𝑁 ,

where 𝑓𝑠 is the sampling rate and 𝑖 indexes successive reflec-
tions. This propagation prior reduces the number of free FIR
coefficients and supports stable response estimation within
the short analysis window.

F Details of Observation Screening
This appendix complements Sec. 4.3 by defining the validity
indicators and window-routing rules. It specifies how win-
dows are assigned to valid, invalid, or overload-only states
and how persistent baseline inconsistency is handed to base-
line maintenance.

F.1 Window Validity and Routing
Let 𝑦raw (𝑛) denote the inward-microphone samples in an
analysis window of length 𝑁 . EarLog identifies samples that
approach the calibrated saturation boundary of the analog
front end:

C =

{
𝑛 ∈ [1, 𝑁 ] :

|𝑦raw (𝑛) | ≥ 𝜂sat

}
,

where𝜂sat is obtained during front-end calibration. The clipped-
sample ratio is

𝑟clip =
|C|
𝑁
.

A calibrated operating range separates hard saturation from
mild clipping. Hard-saturatedwindows are logged as overload-
only; mildly clipped windows retain enough response struc-
ture to remain eligible for the constrained repair path sum-
marized in Sec. 4.3.
The other three indicators examine different parts of the

playback–response relation. The leakage ratio 𝜆leak (𝑡) com-
pares outer- and inner-microphone energy to reveal seal loss
or abnormal external-sound leakage. The source-coherence
score 𝑐src (𝑡) tests whether the inward observation remains
aligned with the known playback. The baseline-consistency
score𝑚fit (𝑡) measures whether the current response remains
compatible with the recent no-AR baseline.

A window remains valid only while all four indicators stay
within their calibrated ranges. The gate changes state after
either a violation or a recovery persists across consecutive
windows, avoiding rapid switching around a boundary. Sat-
urated windows are routed to overload-only; other failures
are routed to invalid. Rejected windows do not update the

Figure 13: Representative headphone models used in
the robustness study.

AR state or event count, but they remain in the listening-
exposure and signal-quality records. Persistent baseline in-
consistency is passed to Sec. 4.4 for baseline adaptation or
refresh.

G Implementation Details
This appendix expands Sec. 5 with the analog front end, ther-
mal compensation, electromagnetic shielding, deployment
geometry, runtime, and power measurements.

G.1 Analog Front End and Thermal
Compensation

The inner and outer ICS-40720 microphones are conditioned
through separate analog paths and digitized on independent
ADC channels. A resistor-capacitor anti-alias filter is fol-
lowed by active high-pass and low-pass stages that confine
the analog response to 50 Hz–20 kHz. Final band limiting
and equalization are performed digitally.

Let𝐺0 (𝑇 ) denote the uncompensatedmicrophone-to-ADC
gain at temperature 𝑇 , and let 𝐶NTC (𝑇 ) denote the gain cor-
rection introduced by the NTC feedback network. The feed-
back topology is selected so that

𝜕𝑇 log𝐶NTC (𝑇 ) ≈ −𝜕𝑇 log𝐺0 (𝑇 ),
𝜕𝑇 log [𝐺0 (𝑇 )𝐶NTC (𝑇 )] ≈ 0

over the calibrated operating range. The analog network re-
moves the dominant first-order thermal gain drift before the
ADC, and digital normalization absorbs the smaller residual
offset.

G.2 Shielding and Deployment
The printed circuit board sits close to the headphone dri-
ver, where it is exposed to low-frequency magnetic fields
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from coil current and high-frequency electromagnetic in-
terference from driver wiring. The circuit is mounted in a
0.5 mm polylactic-acid carrier. An inner 0.5 mm 1J85 permal-
loy shell diverts low-frequency magnetic fields, while an
outer grounded 200 𝜇mcoppermesh attenuates high-frequency
interference.
Figure 6b shows the in-ear and over-ear placement. In

an in-ear assembly, the module lies between the driver and
the canal entrance. In an over-ear assembly, the electron-
ics remain at least 1 cm from the driver magnet to reduce
magnetic coupling to the MEMS front end. Figure 13 shows
representative devices from the robustness study.

G.3 Runtime and Power
The fixed-point implementation runs on an Arduino Portenta
H7 with an STM32H747 processor. The Cortex-M7 core runs
at 480 MHz and the Cortex-M4 core at 240 MHz. The com-
plete pipeline processes the two 48-kHz microphone streams
at 1.05× real time.
The prototype development board draws 0.45 W during

continuous inference and 0.40 Wduring a fallback low-volume
refresh. These values include the general-purposeMCUboard
and its peripheral circuitry. Relative to an audio-only base-
line on the same platform, the EarLog-specific incremental
overhead is 16 mW, corresponding to 0.016 Wh per listening
hour. This is approximately 8% of a representative 0.20 Wh
earbud battery. The whole-board and incremental measure-
ments describe different quantities and should not be com-
pared as product-level power figures. Clock alignment, SPL
matching, and the evaluation platform are summarized in
Appendix H.3.

H Evaluation Details
This appendix provides participant statistics, stimulus sched-
ules, hardware profiling, and the detailed robustness proto-
cols supporting Secs. 6 and 7. Section 6 is the authoritative
description of the contralateral Titan reference, independent
label generation, window states, event aggregation, and met-
ric denominators.

H.1 Participant Statistics and WB-ART
Stratification

The cohort contains 81 participants, with one evaluation ear
from each participant. For subgroup analysis, the evaluation
ears are stratified by WB-ART into ART-1 (65–75 dB, 𝑛 = 16),
ART-2 (75–85 dB, 𝑛 = 29), and ART-3 (above 85 dB, 𝑛 = 36).
Figure 14 shows the cohort distribution.

H.2 Stimulus Schedule, Control Conditions,
and Held-Out Content

The complete corpus spans controlled measurement, robust-
ness testing, and ordinary-listening deployment. A 35-mm
straight tube provides a non-physiological control. Playback
includes broadband white noise over 20 Hz–20 kHz, piano
tones, instrument sounds, and music excerpts at 50–90 dB
SPL. The total recording duration exceeds 400 hours. The
clinically referenced 145,800-window benchmark and unilat-
eral music validation are defined separately in Sec. 6.
The robustness study spans 16 headphone models and

ambient-noise conditions at 45, 55, 65, and 70 dB. These con-
ditions represent a quiet dormitory, classroom discussion,
office conversation, and roadside noise. The headphone set
includes over-ear, in-ear, and semi-in-ear form factors, to-
gether with wired and wireless devices. Figure 13 shows
representative models.
Unless stated otherwise, supervised training uses wide-

band stimuli. Piano notes and instrument timbres are held out
for cross-content evaluation without fine-tuning. The uni-
lateral music experiment keeps the same wideband-trained
classifier fixed and uses the synchronized contralateral Titan
reference defined in Sec. 6.

H.3 Hardware, Clocking, and Deployment
Profiling

Training and offline processing use a computer with an Intel
Core i7-9750H processor and 8 GB RAM. Themodel is trained
in MATLAB R2023b and deployed on the Arduino Portenta
H7. The inner and outer microphone streams are captured
on separate ADC channels with 16-bit resolution at 48 kHz.
The microphone streams are aligned to the digital playback
by cross-correlation, and playback levels are matched to the
clinical setup with a calibrated ear simulator. The fixed-point
implementation runs at 1.05× real time.

H.4 Confidence Intervals
Confidence intervals, when reported, are computed by participant-
level bootstrapping. Window-level resampling is not used
because adjacent windows from the same participant are
correlated.

H.5 Recognition Across WB-ART Groups
Under Cross-Content Playback

Figure 15 complements Sec. 7.1 by combining wideband,
piano, and instrument playback in a noisy environment.
Each evaluation ear is tested repeatedly at 50–90 dB SPL.
Accuracy reaches 0.959 for ART-1 ears around 65–70 dB
WB-ART, ranges from 0.883 to 0.925 in the ART-2 transi-
tion range around 75 dB, and reaches 0.877 for ART-3 ears
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Figure 14: Distribution of evaluation ears across WB-ART values.
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Figure 15: EarLog maintains broad cross-
threshold performance under wideband, pi-
ano, and instrument playback in a noisy
environment.

around 95–100 dB. The broader content set preserves the
cross-threshold operating range established by the clinically
referenced benchmark.

H.6 Refitting and Everyday-Behavior
Protocol

For the refitting benchmark, each participant repeatedly re-
moves and re-wears the same headphone model. After every
re-wear, we record a short low-volume support segment
and then play content at 10 dB below the participant’s WB-
ART. Synchronized Titan-inactive intervals define the AR-
negative reference condition, so every positive EarLog output
is counted as a false alarm.

For the everyday-behavior benchmark, participants walk,
speak, chew, and smile during the same Titan-referenced
below-threshold playback. Figure 10a reports false-alarm
rate among valid windows on the left axis and valid-window
ratio on the right axis. The joint measurement verifies that
EarLog controls erroneous event logging while retaining
sensing coverage. Invalid and overload-only intervals remain
in the exposure and signal-quality records.

H.7 Cross-Day Drift and Reference
Maintenance

The cross-day study follows multiple participants for seven
days. Each participant uses the same evaluation ear and
headphone model throughout the study. Every daily session
contains a prespecified below-WB-ART support segment, a
seated controlled-playback segment, and an above-threshold
block for performance verification.

We compare two policies. The stale-reference policy reuses
the initial baseline throughout the study. The full-system
policy enables the calibration transfer, consistency check,
and low-volume refresh described in Sec. 4.4. Each thin tra-
jectory in Fig. 10b follows one participant under one policy.
The aggregate curves report the participant-level median
and interquartile range.
The refresh analysis records trigger count and accumu-

lated low-volume playback time for every participant and

day. These measurements distinguish the continuous con-
tribution of calibration transfer from the occasional cost of
rebuilding the no-AR baseline.

I Discussion
EarLog establishes a new paradigm for ear-healthmonitoring
by recording AR recruitment during everyday listening over
time. Using EarLog, we also found that listeners with normal
hearing may still show roughly 20–30 AR activations per
hour even when the volume is limited. These event logs may
support future studies of how repeated high-load listening
contributes to hearing damage and provide listener-specific
evidence for long-term risk management.

We did not build EarLog around an end-to-end classifier be-
cause reliable AR labels are scarce. Like many physiological-
sensing problems, repeatedly eliciting AR to collect a large
positive dataset would be difficult to justify under safety and
ethics constraints. Arbitrary dynamic audio also produces
very different signal patterns, making it unrealistic to anno-
tate every type of content window by window. Individual ear
anatomy, headphone response, and fit further change how
the same physiological event appears acoustically. With lim-
ited labels, a model trained directly on raw signals can easily
learn playback content or fit instead of physiology. EarLog
therefore avoids asking the model to learn every source of
variation by itself.

Our experiments cover refitting, walking, speaking, chew-
ing, smiling, ambient noise, and multi-day drift. When in-
terference cannot be explained, EarLog leaves the affected
windows out of the AR event log. More conditions still need
to be evaluated. These disturbances are typically random
and brief, while AR events occur independently and do not
systematically coincide with them. Removing interference
therefore takes priority over retaining every window.

The EarLog prototype recreates the inner- and outer-microphone
arrangement commonly found in active-noise-cancelling
headphones, although its implementation remains different
from an actual ANC signal chain. It still requires synchro-
nized access to playback and microphone data, together with
a stable analog front end. The NTC network compensates for
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temperature-dependent front-end gain and reduces baseline
drift and low-volume refreshes. This component is optional.
Software calibration can handle the same drift, but it requires
additional computation and energy.
Using ultrasound instead of everyday playback as the

probe is also feasible. Ultrasound offers a more stable excita-
tion, but it requires wider-band transducers and acquisition
front ends, an ultrasonic microphone, and software support
for synchronizing the probe signal. These additions increase
power consumption, hardware compatibility requirements,

and the risk of intermodulation distortion, making direct
deployment on ordinary headphones less practical.

EarLog may also extend beyond AR to other ear-health
states and conditions. Voluntary middle-ear muscle activity,
small pressure transients, and slowly changing ear states may
also alter the in-ear response. Distinguishing these processes
will require longer temporal context, binaural evidence, or
clinical information, opening an important direction for fu-
ture work.
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