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ABSTRACT

Conversations in shared spaces often cause inter-group in-
terference, which distracts the participants. While noise-
canceling headphones mitigate this, they remain costly and
uncomfortable for ubiquitous adoption. We present AMasker,
a novel system that can mitigate the interfering speech
without specialized hardware. AMasker operates on the in-
sight that the distraction caused by interfering speech stems
from its intelligibility, which can be suppressed by adding a
delicately designed masking sound, thereby avoiding com-
plex cancellation. Combining advanced sound masking and
speech separation technologies, AMasker can selectively
mask interfering speech while enhancing target speech. We
implement a prototype on smartphones and evaluate it across
diverse conditions. Results show that, in both objective and
subjective evaluations, AMasker consistently outperforms
baselines in reducing interfering intelligibility while improv-
ing target clarity in real time on general audio devices.

1 INTRODUCTION

Verbal conversations frequently occur in places such as open-
plan offices, cafeterias, seminar rooms, and even vehicles.
Due to space limitations, conversation groups may coexist in
a single space, leading adjacent groups to interfere with each
other. Such interference pervades the shared environment,
diverting participants’ attention and impeding their ability
to concentrate on their own conversations. Indeed, back-
ground speech has been a primary source of dissatisfaction
for workers, which negatively affects employee well-being,
job satisfaction, and work performance [1-3].

Existing works [4, 5] offer a potential solution by extract-
ing the target speech from the mixture and replaying it to the
user. Meanwhile, the interfering speech is suppressed using
the Active Noise Cancellation (ANC) technique, which gen-
erates an anti-noise signal that is the exact "opposite" of the
interfering signal, thereby canceling it out. Yet, one problem
underlying ANC is that propagation of the anti-noise sig-
nal in the environment may introduce unpredictable signal
distortion and delay. Even cm-level propagation delays can
cause misalignment between the interfering signal and the
anti-noise (see Fig. 2 (a)), which fails the noise cancellation
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Flgure 1: Bubbles of mtelhglblhty created by AMasker
with general audio devices.

process [6, 7]. So, existing ANC techniques typically require
the user to wear a specialized headphone, which plays an
anti-noise signal in the user’s ear to minimize uncertainty
in the signal’s propagation delay and distortion.

However, the reliance on noise-canceling headphones se-
verely limits the ubiquitous adoption of ANC-based meth-
ods. First, the cost barrier limits the widespread adoption
of noise-canceling headphones - the market penetration of
ANC headphones is less than 3% in 2024 and is expected to
be under 12% even by 2034 [8, 9]. Furthermore, prolonged
headphone use can be uncomfortable and inconvenient, po-
tentially leading to allergic contact dermatitis (ACD) from
skin contact with sensitizers in headphone materials [10, 11].

We explore the following question: Could we mitigate the
interference of undesired speech without relying on a head-
phone? For example, can we use users’ personal devices (e.g.,
smartphones) or existing infrastructure (e.g., in-vehicle au-
dio systems) to mitigate inter-group interference in shared
spaces? We achieve this based on an observation: the dis-
traction from background noise is more determined by its
intelligibility, rather than its loudness [12, 13]. Existing stud-
ies [14] show that compared with random noise (e.g., wind,
rain), intelligible speech is more likely to distract individu-
als’ attention. Therefore, improving employees’ performance
does not require fully canceling the distracting speech; re-
ducing its intelligibility is also a promising solution.

Sound masking is a viable method for intelligibility sup-
pression [15-17]. It is derived from a well-known psychoa-
coustic phenomenon - masking effect. Specifically, due to
the characteristics of the human auditory system, the per-
ception of speech will be reduced by the presence of another
louder masking sound that is played in close temporal prox-
imity [18]. Generally, the more the spectrum of the masking
sound overlaps the masked speech, the more effective the
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Figure 2: Contrasting (a) precise waveform cancella-
tion (ANC) with (b) coarse-grained spectral masking,
motivating (c) AMasker’s selective masking design.

masking becomes [19]. Numerous studies reveal that non-
intelligible masking sounds (such as pink/white noise) can
significantly mitigate the interference of intelligible speech
and improve work efficiency even when their sound pressure
levels are higher than those of intelligible speech [20]. This
phenomenon happens in everyday life. For example, a whis-
pering speech that is noticeably distracting in a quiet library
will become imperceptible during heavy rainfall. However,
although commercial sound masking systems are gaining in-
creasing market share [21-23], they commonly employ fixed
masking sounds to broadly reduce the intelligibility of all
speech in the environment, including the target speech that
the user is trying to focus on. We need a selective sound
masking method to mask only the undesired speech with
minimal negative impact on the target speech.

In this paper, we propose AMasker, a novel system that
introduces Active Intelligibility Control (AIC), a simple yet
effective technique that generates highly customized mask-
ing sounds to achieve the desired selective masking. Our
key insight is that, due to the difference in speech contents
and the speakers’ voice patterns, the target speech and the
interfering speech exhibit substantial asynchrony in both
temporal waveforms and spectral characteristics. Given that
sound masking depends critically on spectral alignment be-
tween the masking signal and the masked speech, AMasker
achieves selective sound masking by generating the masking
sound that aligns specifically with the interfering speech.
Compared with ANC, AMasker’s selective sound masking
imposes less stringent hardware requirements, as its effec-
tiveness relies solely on coarse-grained spectral alignment
between the masking sound and the interfering speech (see
Sec. 5 for details), rather than on precise waveform-level
matching. As illustrated in Fig. 2 (b), the masking perfor-
mance remains robust even when the masking sound suffers
a dm-level propagation delay and distortion (see Sec. 3.3).
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Fig. 2 (c) illustrates the basic idea to design AMasker,
which leverages collaboration among users’ audio devices
(e.g., their smartphones) to create bubbles of intelligibility as
illustrated in Fig. 1 — a mutually masked environment — for
conversation groups. The bubbles simultaneously eliminate
distractions and improve the intelligibility of target speech.
To achieve this, AMasker first extracts the target speech and
the interference speech from the mixture. Then it generates
an intelligibility control signal, which is a superposition of
the separated target speech for target enhancement and a
masking sound delicately designed based on the interference
speech for interference suppression. Note that the target
speech is extracted at the speaker’s device and relayed wire-
lessly to the listeners’ devices since the speaker’s device
captures the speech with a higher SNR. While the interfering
speech is extracted at the listener’s device to obtain a signal
that is closer to what the listener actually hears. AMasker is
a software-only ubiquitous system, which can be deployed
on any general device with a speaker and microphone. Three
challenges arise in implementing AMasker.

Challenge 1: Suppressing intelligibility of interfering
speech while keeping low loudness.

An effective masking sound should satisfy two require-
ments: while suppressing the intelligibility of interfering
speech, its own intensity should remain below a certain
threshold (85 dBA) to minimize the harm to the user’s au-
ditory system. One naive solution is to align the masking
sound’s spectrum closely with the interference spectrum and
set its volume slightly higher than that of the interference.
However, this makes the spectrum of the masking sound
too similar to that of the interfering speech, leading to "in-
telligibility leakage", that is, the masking sound "emulates”
the intelligibility of interfering speech, making the masking
sound itself intelligible.

We address the above issue with a spectral geometric re-
shaping method. This method generates masking sound that
preserves the coarse-grained spectral trends of the interfer-
ence while deliberately smearing the intelligibility-critical
fine-grained details of the sound wave.

Challenge 2: Target speech separation in multi-speaker
scenarios.

Since perfect time-frequency misalignment between the
target and interfering speech is unattainable, the masking
sound will inevitably suppress the target to some extent.
To counteract this, AMasker first extracts the target speech
from the mixture and replays it to the listener. However,
most existing target speech separation methods are limited
to separating speech of a single, fixed speaker, making them
unsuitable for dynamic multi-speaker scenarios. These ap-
proaches typically require prior knowledge of the target
speaker’s voiceprint—represented as a speaker embedding
extracted from a quiet, second-scale voice recording. Yet,
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in multi-speaker environments, the speaker switches fre-
quently among participants. It is difficult to obtain all the
speakers’ embeddings in advance.

To address this problem, we propose a continual voiceprint
extraction method that eliminates dedicated enrollment by
automatically extracting embeddings from clean speech ac-
quired during users’ daily interactions with personal devices
(e.g., smartphones). During conversations, users’ voiceprints
are shared via the local network to build a voiceprint table
on each user’s smartphone. We then propose a collaboration-
based speaker identification technology that combines an
identification model with spatial cues (i.e., TDoA) to deter-
mine the active speaker robustly in real time.

Challenge 3: Interfering speech separation without the
information of voiceprint.

To generate masking sounds, we need to further isolate
the interfering speech from the mixed signal. Intuitively, one
could obtain the interfering signal by subtracting the target
speech from the mixed signal. However, the extracted tar-
get speech, although it retains intelligibility, its waveform
will inevitably undergo distortion. So, subtracting the target
speech from the mixed signal corrupts the estimated interfer-
ing speech. Directly extracting the interfering signal is also
challenging, because the interfering signal typically consists
of speech from multiple speakers. It is nontrivial for current
speech separation methods to restore overlapping speech
from multiple speakers, without their voiceprints.

We address the above challenge with a dual-decoder speech
separation architecture which treats the interfering speeches
as a whole and extracts the target and non-target speech
simultaneously from the mixture. By leveraging the target
speaker’s voiceprint to delineate the feature boundary be-
tween the target and non-target speeches, the model is able
to reconstruct the non-target portion with improved fidelity.

We prototype AMasker and conduct comprehensive exper-
iments in real scenarios, including crowded public places and
an in-vehicle environment. The results show that AMasker
reduces the target word error rate by more than 4x com-
pared with baselines lacking target enhancement capabili-
ties, while reducing the intelligibility of interfering speech
by 75.8% relative to baselines without interference suppres-
sion capabilities. Subjective evaluations further demonstrate
that AMasker effectively helps users direct their attention
to the target speaker, achieving the highest scores among
headphone-free baselines. It also meets real-time require-
ments, with a processing delay below 50% of the maximum
latency tolerance. We summarize our contributions as:

e We propose the first system that leverages the intelligibility
suppression to mitigate distracting background speech,
without relying on headphones.
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Figure 3: Power spectrum and Bark spectrum.

o We design a selective sound masking method that selec-
tively reduces the intelligibility of interference to mitigate
distracting speech, while enhancing the target speech.

o We present a working prototype of AMasker and validate
its effectiveness in extensive real-world scenarios.

2 RELATED WORK

Headphone-based selective hearing. Recent efforts in
headphone-based selective hearing have shown promising
results, enabling users to focus on a target speaker amid inter-
fering speech. For instance, [4] proposed a “look once to hear”
approach, using visual input to guide target speech hearing
in noisy environments. Their system relies on ANC to sup-
press interference, necessitating specialized ANC-capable
headphones. Similarly, [5] introduced the concept of “sound
bubbles” for hearable devices, leveraging ANC to create lo-
calized listening zones around the user. While effective, these
methods share a common requirement: head-worn hardware
with integrated ANC. In contrast, AMasker achieves selec-
tive hearing without requiring any worn device, offering a
more flexible and accessible solution.

Sound masking systems. Sound masking has attracted
considerable attention and recognition in academia [12, 13,
19, 24] and has been successfully deployed in numerous real-
world office environments (e.g., renowned companies such as
Knight Ridder [25] and Cisco [26]), receiving highly positive
evaluations for its noise-suppression performance. However,
most existing approaches rely on stationary masking sig-
nals—ranging from conventional broadband noise to natural
sounds [27-29]—which indiscriminately mask all speech. In
contrast, AMasker introduces advanced speech separation
and adaptive masking-sound generation, enabling selective
sound masking and striking an optimal balance between
interference suppression and target-speech enhancement.

3 BACKGROUND AND INTUITION

3.1 Sound masking effect

The masking effect is a psychoacoustic principle where the
perception of one sound (the "maskee") is reduced by an-
other louder sound (the "masker"). This originates from
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Figure 4: Analysis of Bark spectrum variations across
different conditions.

the cochlea’s frequency-resolving mechanism. When two
sounds are close in frequency, they excite overlapping re-
gions on the basilar membrane, suppressing the neural re-
sponse to the weaker "maskee". Moreover, the auditory sys-
tem acts as a set of bandpass filters whose bandwidth—the
critical band—reflects the cochlea’s frequency resolution [30].
Sounds within the same critical band are processed as a single
entity, making them hard to resolve individually. Harnessing
this principle, sound masking sends a controlled masking
sound ! to reduce the intelligibility of interfering speech.

3.2 Bark spectrum
AMasker generates the most effective masking sound by
analyzing the Bark spectrum of the interfering speech. A
Bark spectrum is a spectral representation of an acoustic sig-
nal. Compared with other spectral representations (e.g., Mel
spectrum), the Bark spectrum utilizes a frequency scale that
more closely matches human auditory perception [31, 32].
Specifically, the Bark spectrum divides the audible frequency
range (roughly 20 Hz to 20 kHz) into 24 critical bands, within
which sounds are processed together by the auditory system.
The power of each critical band i can be calculated as:
bh(i)
B(i)= ), Pl M
k=bl(i)

where bl(i) and bh(i) are the lower and upper frequency
boundaries of i-th critical band, and P[k] is the power of
k-th frequency bin. Fig. 3 shows an example Bark spectrum
and corresponding power spectrum. The critical bands are
unevenly spaced on the linear frequency scale, with band-
width increasing with frequency because human auditory
resolution is coarser at higher frequencies.

3.3 Feasibility study
The Bark spectrum reflects how the human auditory sys-
tem perceives sound across critical bands. In this section, we

'We use "masking sound" to represent "masker" for better understanding.
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examine speech perception from the Bark-spectrum perspec-
tive across speakers/content, over time, and across spatial
positions. We demonstrate key properties of the speech Bark
spectrum that validate the feasibility of selective sound mask-
ing and guide AMasker’s deployment.

Property 1: Bark-spectrum characteristics of speech vary
substantially across speakers and phonetic contents.

We verify this property via a comparative analysis on the
TIMIT dataset [33] (which provides detailed annotations of
speakers and speech content). We compute Pearson corre-
lations between Bark spectra of 500 pairs of 12-ms frames
under four conditions: i) same speaker & content, pairing
temporally adjacent frames within the same phoneme from
the same speaker; ii) same content & different speakers, pair-
ing the same phoneme across different speakers; iii) same
speaker & different content, pairing different phonemes from
the same speaker; iv) different speakers & different content,
pairing different phonemes from different speakers.

Fig. 4 (a) shows the CDF of the Pearson correlation coeffi-
cient between Bark spectrum pairs obtained under different
conditions. As shown, the Bark spectrum of speech varies
dramatically across speakers and speech content.

Property 2: Bark-spectrum characteristics of speech exhibit
rapid temporal variation.

We examined this by selecting 100 speech segments (10s
each), dividing them into 12-ms frames, and computing Pear-
son correlations between Bark spectra of frames separated
by varying time intervals.

Fig. 4 (b) shows how this correlation changes with the
time interval. The Bark spectra of two frames decorrelate
fast even within a single phoneme (~ 100 ms [34]).

Property 3: Bark-spectrum characteristics of speech exhibit
limited variation under channel effects

Because a user’s smartphone and ears are spatially sepa-
rated, interfering speech reaches them via different acoustic
channels. Consequently, the interfering speech perceived by
the listener may differ spectrally from what is captured at
the device, potentially limiting the effectiveness of masking
sounds generated from the device’s microphone.

To investigate whether this positional discrepancy induces
noticeable differences at Bark scale, as shown in Fig. 4 (c-1),
we conducted experiments in a 1mX1m central area of the
room shown in Fig. 12 (a). A speaker is placed 1 m from the
area, and two microphones (Mic A and Mic B) record its out-
put. Mic A is fixed at the center while Mic B was moved across
different positions. A 1-minute speech clip is played and
recorded by both microphones, and then the Bark spectrum
of the received signals is computed. Fig. 4 (c-2) visualizes the
correlation between the two microphones’ Bark spectra for
various Mic B positions. The Bark correlation remains above
0.8 when the inter-microphone distance is less than 0.5 m.
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Figure 5: Overview of AMasker.

This indicates that, despite multipath effects in indoor envi-
ronments, the human auditory system’s limited frequency
resolution—particularly at high frequencies—results in mini-
mal perceptual impact from such channel-induced spectral
variations. Sec. 7 further confirms that channel effects do not
significantly degrade masking performance.

Insights. Our Bark spectrum analysis yields three key
conclusions for system design: i) human speech contains
sufficient spectral diversity for auditory distinction, mak-
ing it feasible to generate masking sound that selectively
masks a specific speech; ii) masking sounds must adapt in
real time to the time-varying spectral characteristics of in-
terfering speech; and iii) it’s feasible to achieve selective
sound masking at positions away from the listener’s ear in a
wearable-free manner.

4 SYSTEM OVERVIEW
AMasker realizes active intelligibility control by selectively
reducing the intelligibility of interfering speech and enhanc-
ing that of the target speech. Fig. 5 summarizes the system
architecture, which consists of three core components and op-
erates in three stages. In the first stage, user embeddings are
collected during daily smartphone interactions (e.g., phone
calls), where the system records voiceprint features. Before
a conversation begins, participants exchange embeddings to
construct a shared embedding table. During the conversation,
devices collaboratively identify the current speaker, retrieve
the corresponding voiceprint from the table, and the speaker
separation module extracts the target and interfering speech.
The system then generates a masking sound to suppress the
interference and replays the target speech to enhance it.
Next, we describe how to generate effective masking sounds
from extracted speeches (see Sec. 5), followed by the speech
separation method supporting this process (see Sec. 6).

5 MASKING SOUND GENERATION

The objective of sound masking is to suppress the intelli-
gibility of interfering speech, as evaluated by the Speech
Intelligibility Index (SII). SII is an index ranging from 0 to 1
that quantifies the intelligibility of an interfering sound Sy
in the presence of a masking sound M. A smaller SII indi-
cates lower intelligibility. SII reflects a weighted sum of the
energy gap between M and Sy in each critical band. It can be
calculated as defined in the ANSI S3.5-1997 standard [35] as:
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Figure 6: Impact of masking threshold’s alignment.

SII = Z I; - max (0, min (1,
i

where I; is an empirically defined importance coefficient of
the i-th critical band, which reflects human auditory sen-
sitivity to that band [35]. We have } I; = 1. By is the Bark
spectrum of the interfering speech. D(By,) is an empirically
defined mapping that transforms the masking sound’s Bark
spectrum (By) into a perceptually refined energy level that
describes its masking capability. A larger By yields a higher
D(By), indicating better masking performance (and thus a
smaller SII). Eq. (2) tells that when D(By) exceeds the in-
terfering speech energy by 15 dB across all critical bands,
the interfering speech becomes totally unintelligible (with
SII = 0). Studies also show that interfering speech with SII
higher than 0.2 can cause distraction [36].

As indicated in Eq. 2, continuously increasing masking
sound energy can ultimately reduce SII below a satisfactory
threshold. However, excessive masking sound (e.g., above
85 dBA) can damage the human auditory system [37]. More-
over, although the target and interfering speech have quite
different spectral characteristics, they cannot be completely
isolated in either the time or frequency domain. Without
loudness control, the masking sound will inevitably reduce
the target speech intelligibility. So, we should also minimize
the masker-to-signal ratio (MSR) of the masking sound:
Sum(P (M)) 3
Sum(P (7)) ) ®
where P(M) and P(S;) are the power spectra of masking
sound and interfering speech, respectively. An effective mask-
ing sound should suppress interfering speech intelligibility
(i.e., SII below 0.2) with minimal loudness (i.e., MSR below
20 dB, given that human speech is typically 55-65 dBA [38]).

The ideal masking sound. An interfering speech is
well masked when its Bark spectrum is under the masking

B — DIB((?M) + 15)) (2)

MSR (M, S;) = 101og 10 (
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Figure 7: Comparison of spectro-temporal structures
across different processing window lengths.

threshold of a masking sound [39, 40], which is a Bark-
scaled energy level across critical bands below which the
interfering speech becomes unperceived. Existing studies
have developed the forward calculation from a masking
sound’s power spectrum to its masking threshold [41, 42].
To maximize masking efficiency, the ideal strategy is to align
the masking sound’s spectrum so that its masking thresh-
old precisely covers the interfering speech’s Bark spectrum.
Fig. 6 illustrates this concept: a well-aligned masking sound
achieves effective intelligibility suppression (SII=0.09) while
maintaining a low loudness (MSR=9.74 dB). Thus, to obtain
the ideal masking sound M*, we can treat the interfering
speech’s Bark spectrum as the masking threshold and solve
the inverse problem. The details are shown in Appendix A.

5.1 Intelligibility leakage problem

One critical flaw of the above method is that, when aligning
the Bark spectrum of the masking sound closely with that
of the interference, the spectral envelopes of the two sounds
are too similar, leading to the "intelligibility leakage" issue:
the masking sound emulates the content of the interfering
speech, making the masking sound itself intelligible.

An effective method to address the intelligibility leakage
problem is adding randomness to the phase of M*. Specifi-
cally, speech content is encoded by spectro-temporal cues across
narrow frequency bands [43-46], arising from two joint com-
ponents: i) the temporal envelope in each band, whose modu-
lations govern articulatory patterns such as syllable rhythm
and segmentation; and ii) the spectral envelope, which speci-
fies the energy distribution across bands and characterizes
phonetic content, including vowel and consonant identity.
So, although M* is highly correlated with interfering speech
in the frequency domain, the phase randomization severely
scrambles the time-domain signal within each frequency
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Table 1: WER of different masking sounds.

Type M* M* M* M* M* M
Lyin (ms) 12 32 64 128 256 12

WER 0.041 | 0.043 | 0.136 | 0.844 | 0.959 | 0.979
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Figure 8: Impact of temporal delay on masking.

band, smearing temporal envelope fluctuations and destroy-
ing intelligibility. Fig. 7 (a) shows the temporal envelopes of
M* in specific critical bands (920-1480 Hz), with their phase
scrambled within 256-ms windows. We can see that temporal
envelopes of M* are severely blurred compared to those of
the interfering speech, preventing intelligibility leakage.
However, the above phase scrambling method is effec-
tive only when the processing window length (L,,;p,) is suffi-
ciently long. This is because when we use a short L,,;,, the
limited scrambling range is insufficient to smear the rapid
rhythmic changes (e.g, the sharp peaks and valleys in tem-
poral envelopes), preserving the intelligibility-critical cues.
Figs. 7 (b)-(d) show temporal envelopes of the ideal mask-
ing sound M* generated by different L,,;,. As expected, M*
generated with a shorter L.,;, is more correlated with the in-
terfering speech. Since the Word Error Rate (WER) of speech
achieved by an Automatic Speech Recognition (ASR) model
is widely accepted to assess the intelligibility [47, 48], we
further use the SOTA model Whisper-large-v3 [49] to eval-
uate the intelligibility of M* generated with different L,,;,.
The results in Table 1 indicate that L,,;, should be at least
128 ms to keep M* unintelligible (i.e., WER > 0.5 [50]).
However, under real-time constraints, a short processing
window is necessary as longer windows introduce higher
latency, causing temporal asynchrony between the masking
sound and interfering speech and thus unacceptable perfor-
mance degradation. To quantify this impact, we generated
masking sounds for 40 speakers from the LibriSpeech dataset,
applied varying temporal delays, and computed the SII of the
masked speech (using the method introduced in Sec. 5). As
shown in Fig. 8, while the tolerance is considerably higher
than the ps-level alignment required for ANC [51], the mask-
ing sound delay should not exceed 32 ms to maintain SII
below the 0.2 threshold. Based on the results in Sec. 7.6, we
set the processing window length L,,;, to 12 ms, yielding an
average processing latency of 9.52 ms.
5.2 Spectral geometric reshaping
To solve the intelligibility leakage problem, beyond time-
domain approaches (i.e., phase randomization) incompatible
with real-time processing, we can also operate in the fre-
quency domain by fine-tuning the Bark spectrum of the
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ideal masking sound B}, making its masking threshold fully
cover the spectrum of interfering speech, while reducing its
spectral similarity with the interference. However, such a
multi-objective optimization problem is traditionally difficult
because i) it depends on iteration-based methods (i.e., gradi-
ent descent), incurring catastrophic computational overhead,;
ii) it requires a guiding metric, while for real-time processing,
no metric can evaluate ms-level audio’s intelligibility.

Insight. The inherent spectral structure of speech in the
Bark domain reveals a simple geometric transformation that
bypasses complex optimization while achieving all objec-
tives simultaneously. Specifically, we observe that although
the speech Bark spectrum varies with speech content, its
shape exhibits a special "pyramid-like" pattern. As shown in
Fig. 9 (a), the speech Bark spectrum is split into two parts
at the critical band with maximum energy, denoted as Cys.
The Bark bins on both sides exhibit a monotonic trend. To
further test this observation’s reliability, we leverage Spear-
man’s rho test [52] to examine the monotonicity of Bark
bins split by Cys across the LibriSpeech dataset. Given a se-
quence of Bark bins, this test returns a p-value representing
the statistical significance of monotonicity, with p < 0.05
confirming it. Fig. 9 (b) shows that the p-values of nearly
90% testing samples are lower than 0.05. This reveals that
with only two linear fittings, we can smear the intelligibility-
critical fine-grained details in the spectral envelope while
still preserving promising masking efficiency by maintaining
similar coarse-grained spectral trends.

Adaptive Bark reshaping. We reshape B}, based on the
"pyramid-like" pattern of the interfering speech. Specifically,
after specifying Cys as a boundary point, we fit lines to the
Bark bins on both sides with the least squares method (LSM).
The combination of these two lines, which intersects at Cyy,
constitutes the new Bark spectrum B’ , as shown in Fig. 9 (a).
We further scale the Bark spectrum Bj, to make its loudness
equal to that of the original one (i.e., B},). Then the new Bark
spectrum B}, could further be leveraged to reconstruct the
new power spectrum P¥(M) and the masking sound M*.

Result. With the same setting as others in Fig. 8, the im-
pact of temporal asynchrony on M* is also demonstrated
in the figure. We can see that SIT measurements of M* are
comparable to those of M*. Furthermore, the WER results in
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Figure 10: The collaborative identification scheme.

Table 1 show that M* is more unintelligible than M* gener-
ated with a 256-ms phase randomization window.

6 SPEECH SEPARATION

Real-time speech separation that accurately extracts both
target and interfering components from a mixture is essential
for selective sound masking. This hinges on two key steps:
first, obtaining a reliable target speaker embedding, and sec-
ond, performing online separation of target and non-target
speech conditioned on that embedding [53].

Embedding acquisition. AMasker employs a lightweight
embedding model suitable for resource-constrained devices
[4], taking a 5-second voice sample as input. User recordings
are obtained in two ways: (i) users proactively provide a
sample, and (ii) with proper permissions, AMasker runs as
a background service on personal devices, collecting high-
quality speech during everyday interactions such as phone
calls. When a conversation begins, participants’ devices ex-
change embeddings to form a shared table, ensuring reliable
target-speaker identification even in multi-party settings.

Spatially distributed speech separation. To improve
separation performance, we leverage the distinct spatial con-
figuration of users’ mobile devices. Concretely, target speech
is extracted on the speaker’s device, which is physically
closer to the speaker and thus captures the target speech
with higher SNR [54]. The separated target speech is then
relayed to all listeners via the local network. Interfering
speech separation is handled on each listener’s device, as the
received interfering signal better reflects what the listener
actually hears, enabling more precise masking.

In this section, we first introduce the speaker identification
method to select the correct embedding as a prerequisite for
speech separation, then present a dual-decoder architecture
that accurately extracts both target and interfering speech.

6.1 Robust speaker identification

A straightforward speaker identification approach would
require each device in the group to individually verify all
group members’ identities to locate the active speaker, in-
curring significant computational overhead and latency. To
avoid this, as shown in Fig. 10, AMasker adopts a collabora-
tive identification scheme, where each device only determines
whether its user is speaking, and broadcasts a status message
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yu, € {0,1} (0 for silence, 1 for speaking). Upon receiving
messages from other in-group devices, each device selects the
appropriate speaker embedding for subsequent processing.
Speaker identification with hybrid cues. Speaker iden-
tification must operate on sub-second speech windows to
avoid speaker mixing, yet such brief segments contain lim-
ited speaker-specific information for reliable identification.
AMasker addresses this challenge with a hybrid identifi-
cation design fusing two complementary cues: i) speaker-
specific voice characteristics via a DNN-based identification
module, which takes a user’s embedding and a short audio
segment to determine whether the segment contains that
user’s speech; ii) spatial evidence from time-difference-of-
arrival (TDoA) via the ubiquitous dual-microphone setup.
These two modalities are naturally complementary: the DNN
module captures voice characteristics that remain effective
under mobility, whereas TDoA offers stable spatial evidence
when user—device positions remain approximately constant.
To fully exploit this synergy, we propose a quality-adaptive
fusion method. For each detected speech window, AMasker
computes the fused speaking score for its user U; as:

U;
Ti(t) — 7/

Si() = a(®)fs(0) + (1 - (1) (

)

where 7;(t) € [0,1] is the model’s confidence, 7;(?) is the
current TDoA estimate, and Tg i is the user’s TDoA label,
initialized from high-confidence windows at the conversa-
tion’s start and dynamically updated upon detecting spatial
offsets at runtime. ¢ is the TDoA matching score, positive
when the measured TDoA aligns with the stored label and
negative otherwise. The weight a(t) adapts to TDoA quality,
jointly evaluated from the cross-correlation peak sharpness
and temporal stability of TDoA estimates across recent win-
dows. High-quality TDoA measurements yield a small a(t),
letting spatial cues dominate the speaking score, whereas
the DNN model assumes primary responsibility under mo-
bility or low-SNR conditions. For robustness, yg, is set to 1
only when S;(t) exceeds a threshold for three consecutive
windows. Empirically, the window length and hop size are
500 ms and 25 ms, respectively.

Handling overlapped in-group speakers. In natural
conversations, speaker overlap may occasionally occur, caus-
ing multiple devices to broadcast yy, = 1. Since AMasker
replays extracted speech to listeners, replaying multiple over-
lapping speeches contradicts the goal of directing attention
to a target speaker. AMasker therefore adopts a speaker-
continuity policy: upon overlap, the system retains the turn-
initiating speaker as the target and treats subsequent over-
lapping speech as interference. This aligns with the well-
established turn-taking structure of human conversation,
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Figure 11: (a) Example of error propagation (SNR=0
dB); (b) The dual-decoder architecture.

where most overlaps are transient (lasting only a few hun-
dred milliseconds [55]) and do not immediately alter the
current dominant speaker [56].

6.2 Accurate interfering speech separation
To obtain the interfering speech for masking sound gener-
ation, a naive method is to first separate the target speech
using the target speaker’s embedding, then subtract it from
the mixture to obtain the interfering speech. However, this
method relies heavily on accurate reconstruction of the tar-
get speech at the listener, which is difficult for separation
models available on resource-limited devices under low SNR
conditions [57]. As illustrated in Fig. 11 (a), when operating
with low SNR, even a SoTA model [4] may incorrectly iden-
tify portions of interfering speech as target speech, resulting
in the reconstructed target speech containing portions of the
interfering signal (Fig. 11 (a-2)). This causes error propagation,
where missing components in the reconstructed interference
(Fig. 11 (a-4)) yield an ineffective masking sound.

Dual-decoder architecture. To solve this problem, we
design a model architecture that explicitly separates both tar-
get and interfering speech with only the target embedding.
This, on the one hand, avoids the error propagation that
occurs in the subtraction-based method; on the other hand,
it improves the separation quality for both the target and in-
terfering speech. Specifically, this design explicitly enforces
the model to disentangle interfering speech from the tar-
get speaker’s representation space, thereby associating the
target embedding only with the target speech features, pre-
venting the accidental inclusion of interfering patterns. As
shown in Fig. 11 (b), we adopt the widely accepted encoder-
separator-decoder framework [58]. The audio encoder and
the embedding encoder first transform the mixture speech
and the target embedding into latent representations as Hy,;y
and H,,p. Then, the separator extracts the estimated target
and interfering representations, H; and H;, from H,,;x, condi-
tioned on H,p,p. The decoder further reconstructs the target
and interfering speech based on H; and H;.
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Training. To further enhance the model’s feature disen-
tanglement ability, alongside the standard SNR loss [59], we
adopt a contrastive learning loss L.; [60] to maximize the sim-
ilarity between the latent features of the target speech and
its ground truth, while minimizing the similarity between
the target and interfering features. The final loss is:

L =P -SNR(s;,5) + fo - SNR(bp, by) + B3 - La (5)

where §; and s; are the estimated target speech and its ground
truth. b ; and by are the Bark spectrum of estimated interfer-
ing speech and its ground truth. Since masking only requires
Bark signals, we constrain interference reconstruction to
the Bark domain, simplifying internal feature mapping and
improving quality. S, 2, and S5 are adjusted by an adaptive
scaling method [61].

Handling cross-device interference. In real-world sce-
narios, speech undergoes both channel-induced distortion
and interference from other masking sounds. To ensure that
AMasker remains robust to these effects, we explicitly simu-
late these effects during training by convolving speech with
diverse Room Impulse Responses (RIRs) and adding unintelli-
gible noise (e.g., white noise and synthetic masking sounds).
This augmentation steers the model to extract only intel-
ligible components and prevents it from mistaking nearby
devices’ masking sounds as interference. This avoids the
positive feedback loop in which devices continuously raise
their masking-sound levels in response to each other.

Conference XXX, XXX, XXX

7 EVALUATION

7.1 Implementation

In this paper, we primarily prototype AMasker using com-
mercial smartphones from mainstream brands, including
Honor, Google Pixel, Samsung, Xiaomi, Redmi, and iQOO.
The signal is sampled at 48 kHz for accurate TDoA estimation
and downsampled to 16 kHz for other tasks to reduce over-
head. After the target speech is extracted, it will be amplified
to maintain a 3 dB gain over the generated masking sound,
then sent to the listener. We implement the collaboration
network over Wi-Fi, using UDP for real-time transmission.

7.2 Experimental methodology

7.2.1  Experiment settings. We perform both objective and
subjective evaluations. For objective evaluation, we replace
humans with dummy counterparts consisting of commercial
speakers and microphones, as shown in Fig. 12 (a), enabling
reproducible, real-world synthesized conversations and pre-
cise metric computation. Each dummy participant is paired
with a smartphone. As shown in Fig. 12 (a), conversations are
conducted across three predefined scenes within a basic en-
vironment, with interference levels progressively increasing
from Scene 1 to 3. Fig. 12 (b) shows five unseen environ-
ments used for test: typical workplaces (Env. 1 & 2), crowded
public places (Env. 3 & 4), and an in-vehicle setting (Env. 5).
For Env. 5, we customized an audio system with commer-
cial microphones and speakers as the existing infrastructure.
For subjective evaluation, approved by our IRB, 12 volun-
teers (7 males and 5 females) are invited to form groups and
participate in conversations, as shown in Fig. 14 (a).

7.2.2  Conversation synthesis. We synthesized 100 random-
content conversations from the LibriSpeech dataset, assign-
ing each participant random voice characteristics. Each con-
versation lasts 3-5 minutes, with each speaking turn lasting
5-15 seconds. To better simulate natural speech overlap [55],
we insert random 100-400 ms overlaps at turn boundaries
and mid-turn intrusions 300-500 ms—which cumulatively
account for 5% of the total conversation duration.

7.2.3  Metrics. Comprehensive metrics are adopted as:

i) Word Error Rate (WER): We calculate the ASR WER of the
target speech in the same way as in Sec. 5.1. WER below 0.1
is considered acceptable for human understanding [62, 63].

ii) Speech Intelligibility Index (SII): We calculate SII as in-
troduced in Sec. 5. Note that SII should stay below 0.2.

iii) Masker-to-Speech Ratio (MSR). We calculate MSR as
introduced in Sec. 5, and it should be lower than 20 dB.

For subjective evaluation, we collect mean opinion score
(MOS) from volunteers to evaluate the ability of regulating
listener’s attention towards target speaker. Volunteers rate
performance by answering the following questions:

i) Interference suppression MOS (IS-MOS): How intelligible
is the interfering speech? 1- Always intelligible, 2 - Sometimes
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man perception.

intelligible, 3 - Perceptible, but little intelligible, 4 - Sometimes
perceptible, 5 - Not perceptible;

ii) Overall MOS: 1f the goal is to focus on the target speaker
without distraction, how was your overall experience? I -
Bad, 2 - Poor, 3 - Fair, 4 - Good, 5 - Excellent.

7.3 Overall performance

Here, we introduce an evaluation framework for intelligibil-
ity control capability and demonstrate that, even without
ANC, AMasker outperforms baselines in enhancing listeners’
attention to the target speech. The baselines are:

i) No processing: There is no specific method to suppress
interference or enhance target speech.

ii) Target speech extraction with ANC (TSE-ANC) %: For
objective evaluation, we evaluate the target speech alone
without interference, to simulate optimal noise-cancelling
performance. For the subjective evaluation, we have volun-
teers wear AirPods Pro 3 and communicate via phone.

iii) Target speech extraction (TSE-only): This method per-
forms target speech extraction in the same way as AMasker,
but only plays the extracted target speech amplified to 10 dB
above interfering speech, without interference suppression.

iv) Fixed masker: This method broadcasts a fixed pink
noise signal whose overall energy is 10 dB higher than the
environmental sounds.

“Note that TSE-ANC shares the same technical paradigm with current
selective hearing works as introduced in Sec. 2.
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Comparison of target enhancement. For each method,
we test under different conversational scenes in Fig. 12 (a).
Target WER results appear in Fig. 13 (a). For unprocessed
speech, the target WER exceeds 0.35 across all scenarios, as
both the target and interfering speech are intelligible, leading
ASR to misinterpret interfering speech. This is analogous
to human distraction by irrelevant information, impairing
their comprehension of target information. For TSE-ANC,
since interference is entirely eliminated, the average target
WER drops below 0.03. However, ANC relies on headphones,
limiting practical availability. With fixed masking sound,
target WER exceeds 0.65, indicating the need for selective
sound masking and active target enhancement. AMasker
achieves an average target WER of 0.0754, comparable to TSE-
only (0.0703), representing over a 4-fold reduction compared
to the unprocessed condition.

Although TSE-only and AMasker achieve similar target
WERs, this does not render sound masking unnecessary.
Low ASR WER does not mean that interfering speech is non-
distracting to human listeners. This is because ASR models
focus on the highest-SNR component without being drawn to
intelligible interference, whereas human attention is easily
captured by intelligible competing speech [64, 65]. Thus,
merely evaluating target WER is insufficient; interference
SII must also be measured to truthfully reflect performance.

Comparison of interference suppression. Figs. 13 (b) &
(c) compare interference suppression of baseline methods via
SII/MSR of interfering speech. The SII of the "No processing"
method (0.7286 on average) and "TSE-only" method (0.5247
on average) far exceeds the 0.2 threshold, indicating a lack
of intelligibility suppression capability. The "Fixed masker"
method exhibits unstable performance, with many samples
at SII> 0.2 and MSR either excessively high or excessively low.
This is because a fixed masker cannot adapt to the temporal
and spectral variations of interference, causing insufficient
masking in certain regions. AMasker is the only method
keeping SII below 0.2 (0.1270 on average, 75.8% lower than
the "TSE-only" method), with an average MSR of 9.41 dB.

Subjective evaluation. To evaluate actual user experi-
ence, we invite volunteers to conduct conversations using
different methods in Scene 3. 12 volunteers are randomly
assigned to six two-person groups. For each method, two
trials cover all participants. In each 10-minute trial, three
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groups hold concurrent conversations simultaneously. After-
ward, each volunteer rates MOS as introduced in Sec. 7.2.3.
Results appear in Fig. 14 (b) ~ (c). The TSE-only method has
an average Interference Suppression MOS (IS-MOS) of 1.67,
indicating most volunteers find interfering speech intelli-
gible and distracting. In contrast, our method achieves an
average IS-MOS of 3.44 and an average Overall MOS of 3.78,
demonstrating noticeable improvement in both interference
suppression and overall user experience. It validates the sig-
nificance of selective sound masking. Note that the “Fixed
masker” achieves similar IS-MOS to our method but lower
Overall MOS as it also suppresses target speech.

Remarks on potential perceptual artifacts. It is worth
noting that although the replayed and original target speech
coexist for a listener, no volunteer reported perceptual distur-
bances or artifacts. This is because the total relay latency of
target speech falls well below the 50 ms threshold of the Prece-
dence Effect [66], a well-established psychoacoustic principle
whereby two copies of the same sound arriving in close suc-
cession are perceptually fused into a single auditory event.

Environmental generalization. During training, data
augmentation improves the model’s robustness to variations
in acoustic propagation, allowing AMasker to generalize
well to the unseen basic environment shown in Fig. 12 (a).
To further validate AMasker’s generalization across different
environments, we conducted experiments in 5 additional
environments under the setting of Scene 2, as introduced in
Sec. 7.2. The results in Fig. 15 show that the performance
in Env. 1-5 is consistent with that in Sec. 7.3. Across all
environments, the target speech WER stays below 0.08, while
the SI and MSR remain below 0.2 and 13 dB, respectively.

7.4 Impact of spatial parameters

In this section, we evaluate AMasker under different spatial
parameters shown in Fig. 16. All experiments are conducted
in the primary environment shown in Fig. 12 (a), where we
vary one parameter at a time while fixing the others to their
Scene 2 defaults. Both groups follow the same setting, and
all listeners are evaluated.

7.4.1 Target-listener distance. AMasker is robust to SNR
variations at the listener caused by different target-listener
distances, due to the active target enhancement strategy. To
validate this, we vary this distance and test AMasker. As
shown in Fig. 17, when the target-listener distance increases

0
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Figure 16: Spatial pa- Figure 17: Impact of target-listener distance.
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Figure 20: Impact of non-intelligible noise.

from 1 m to 2.5 m, all the metrics remain stable and within
an acceptable range. Notably, the WER of the target speech
consistently stays below 0.08.

7.4.2  Interference-listener distance. We further test AMasker
across distances between the interfering speaker and the lis-
tener. With a selective sound masking mechanism, AMasker
can well reduce the undesired intelligibility without hurting
the target intelligibility. We varied this distance from 1 m
to 2.5 m, and the results in Fig. 18 show that AMasker still
maintains stable performance with SII lower than 0.2, MSR
lower than 15 dB, and WER lower than 0.1.

7.4.3  Relative position between smartphone and listener. In
practice, users may casually place smartphones around them.
The spatial offset between the smartphone and the user, on
the one hand, slightly affects the SNR of target speech; on
the other hand, as observed in Fig. 4 (c-2), it causes negligible
spectral changes in the Bark scale, minimally affecting the
masking efficacy. In this experiment, we vary both the orien-
tation and distance between the smartphone and the listener,
and test AMasker. The results in Fig. 19 validate AMasker’s
robustness under different relative positions, with WER, SII,
and MSR remaining below the acceptable threshold.

7.5 Impact of practical factors

This section evaluates AMasker’s performance under dif-
ferent practical factors. The environment and conversation
setup are the same as Sec. 7.4.
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7.5.1 Non-intelligible noise. AMasker targets scenarios where
intelligible speech is the primary interference, while we also
test it under different types and energy levels of unintelligi-
ble noise. Specifically, we played noise through a commercial
speaker and, by calibrating with a sound pressure level me-
ter, created different gaps between Ex (unintelligible noise
energy) and Ej (interfering speech energy) at the listener.
The results in Fig. 20 show that: i) When Ey is lower than
or comparable to E;, AMasker remains unaffected. This is
because, on the one hand, the SNR of target speech at the tar-
get speaker’s smartphone remains high; on the other hand,
the separation model can distinguish the intelligible inter-
fering speech from the mixture and generate the specified
masking sound. ii) When Ey is significantly higher than E;
(e.g., by 10 dB), noticeable performance degradation occurs,
with the average WER of the target speech rising to 0.1587.
This is because the high Ey heavily reduces the input SNR of
the target speech. Besides, SII is smaller since unintelligible
noise also acts as a masking sound in masking performance
assessment. Nevertheless, we believe such cases are rarely
encountered in real-world scenarios.

7.5.2  Mobility of users and devices. In this experiment, we
evaluate the performance of AMasker under different levels
of mobility, including: i) Static, where participants and de-
vices remain still; ii) Moderate, where we shake the dummy
participant to simulate common movements of the human
head (e.g., nodding), and move the device 50 cm away from
the original place every 30 seconds; iii) Intensive, where
we move both the participant and the device continuously
within a 50 cm radius circle. The results in Fig. 21 (a)-(b) show
that occasional device movement does not impair AMasker’s
performance, because when the identification model remains
highly confident while the TDoA estimate is unstable, the
TDoA label will be automatically updated within a few hun-
dred milliseconds. However, under intensive mobility, the
WER of the target speech exceeds 0.1, as highly volatile TDoA
measurements force speaker identification to rely entirely
on the lightweight DNN model, reducing accuracy below
90% (Fig. 21(c)). This causes portions of the target speech to
be misclassified as interfering speech and masked.

7.6 Time and power consumption

We further evaluate the time and power consumption of
AMasker’s key modules on two representative smartphones:
the Honor Magic 6 with Snapdragon 8 Gen 3 SoC and the
iQOO0 8 Pro with Snapdragon 888 SoC. We tested two types
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Table 2: Overhead of AMasker’s AI models.

Input Latenc Memor
Model Type (nEs) (ms) Y usage (M)]’S)

Iden (Magic 6) online | 500 7.06 £ 0.50 74.21
Iden (IQOO 8 Pro) | online | 500 11.18 £ 0.58 60.55
Sep (Magic 6) online 12 8.56 + 0.63 56.53
Sep (IQOO 8 Pro) | online 12 13.82 + 0.74 49.69
Emb (Magic 6) offline | 5000 | 3465.71 + 158.95 963.11
Emb (IQOO 8 Pro) | offline | 5000 | 4778.83 + 177.19 954.18
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Figure 22: Overall processing latency of real-time tasks.
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of modules: those requiring real-time online execution (e.g.,
speaker identification and speech separation) and those that
can run offline (e.g., user embedding acquisition). For each
module type, we executed it 100 times, and Table 2 lists its
average latency and peak memory usage.

Online modules. The results in Table 2 demonstrate that
both online AI models maintain ms-level latency even in a
mid-range smartphone. Moreover, their combined memory
usage is only ~130 MB and ~110 MB on Magic 6 and iQOO
8 Pro, respectively, which is acceptable given that current
smartphones typically have more than 6 GB of RAM [67].
We then measure the overall processing latency for both
the masking pipeline (speech separation and masking sound
generation) and the identification pipeline. As shown in Fig.
22, the masking pipeline incurs average latencies of 9.52 ms
and 15.18 ms on the Magic 6 and iQOO 8 Pro, respectively.
Given the 32-ms total latency limit observed in Fig. 8, which
leaves a 20-ms processing budget for the 12-ms window, our
method consumes only 47.6% and 75.9% of this tolerance on
the two devices, respectively. Furthermore, the identification
pipeline has a maximum latency of only 18.03 ms on IQOO
8 Pro when processing a 500-ms window, ensuring rapid
response to speaker transitions with a small hopping length.

Offline module. As shown in Table 2, the DNN-based
user embedding acquisition module, which is not subject
to real-time constraints, achieves an average latency of less
than 4800 ms on both Magic 6 and iQOO 8 Pro, while re-
quiring less than 1 GB of memory on each device. Note that
the embedding module is only used for one-time voiceprint
extraction. Once extracted, the voiceprint is reused across
conversations and not recomputed repeatedly.

Power consumption. AMasker’s whole-device power
consumption, measured by Android’s BatteryManager APIs,
is 3.6 W and 3.3 W on Magic 6 and iQOO 8 Pro, respectively,
both enabling>5 h of runtime on a 5000 mAh battery.
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8 CONCLUSION

We present AMasker to enable Active Intelligibility Control
(AIC) that leverages psychoacoustic insights: distraction pri-
marily stems from speech intelligibility. AMasker employs
a selective sound-masking workflow to enhance target in-
telligibility and precisely suppress interfering intelligibility.
We implement a prototype and show its efficacy through
extensive experiments.
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Figure 23: Estimation error of flatness coefficient.

APPENDIX
A Derivation of the ideal masking sound.

Problem formulation. Given a masking sound M, the mask-
ing threshold THys can be estimated as:

THy = (M) = (By * Vs — O (am)) * V! (6)

Here, By is the Bark spectrum of masking sound, and Vs
is the spreading coefficient of the masking sound, which is
a pre-defined vector that emulates how the critical bands
of the masking sound interact with each other when the
masking effect occurs [42]. O(ay) is the offset between THy,
and By after spreading effect, which is determined by a
flatness coefficient (@) € [0,1]) of the masking sound’s
power spectrum (P(M)) as:

Oi((ZM) = (9 + i)OCM +5.5 (7)

where ays can be calculated when P(M) is known as defined
in [41]. Note that a more uniform energy distribution in
P(M) leads to a smaller s and a correspondingly smaller
O;(ap), thereby reducing the required loudness of the mask-
ing sound when the masking threshold is known.

Given the interfering speech’s Bark spectrum By, to achieve
acceptable masking performance with minimal energy, an
intuitive approach to obtain the ideal masking sound M™ is to
treat By as the target masking threshold and solve the inverse
problem ¢/~ !(B) to infer the power spectrum of M*, denoted
as P*(M). However, solving 1/~!(By) is challenging when the
masking sound’s power spectrum is unknown, since aj, is
unknown and more than one ideal power spectrum P*(M)
could lead to the same ideal Bark spectrum B}, according to
the Eq. 1, making the inversion an ill-posed problem.

Solving the ill-posed inverse problem. We solve the
above problem based on the observation that the range of
the flatness coefficient is finite and the ideal Bark spectrum
B}, can be derived when the optimal flatness coefficient a),
is determined. Specifically, by specifying a random flatness
coefficient a},;, we could inversely calculate the correspond-
ing Bark spectrum candidate B},. After that, we can guess a
power spectrum candidate P’ (M) by uniformly distributing
the power of each critical band in B}, across all frequency

Conference XXX, XXX, XXX

bins within that band. This uniform distribution is specif-
ically designed to flatten the power spectrum as much as
possible, thereby minimizing the offset O;(aar). Then, with
existing equations, P’(M)’s corresponding flatness coefli-
cient aj’\j[ can be calculated. Since a;\/r is a random guess,
error may exist between @), and a};. Apparently, a3, could
be determined when the error |a;, — a};| is minimized. As
shown in Fig. 23, the error of randomly guessed coefficients
exhibits clear convex properties with only one global opti-
mum when traversing 0‘1,\4 from 0 to 1. Thus, we determine
ay, by solving the objective function as:
o' =argmin |y, — ay; (8)
a
We adopt a binary search toMacquire a3, withan O(log(N))
time complexity. The step of a}, is set as 0.01 by default. With
the inversion method mentioned above, P* (M) is determined
after obtaining a;,, and subsequently M* is determined by
combining P*(M) and random phases.
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