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Figure 1: SonicSieve enables directional speech extraction on smartphones using a lightweight, passive acoustic microstructure. 
(Left) Our system leverages the distinct spatial cues created by the 3D-printed microstructure with a real-time neural network 
to intelligently amplify speech from target directions while attenuating others. (Right) Our design attaches to the in-line 
microphone of low-cost earphones which can be plugged into a smartphone. The system records sound mixtures from the in-line 
and top microphone which are used by the neural network to generalize across diferent sound sources and environments. 

Abstract 
Imagine placing your smartphone on a table in a noisy restaurant 
and clearly capturing the voices of friends seated around you, or 
recording a lecturer’s voice with clarity in a reverberant auditorium. 
We introduce SonicSieve, the frst intelligent directional speech 
extraction system for smartphones using a bio-inspired acoustic 
microstructure. Our passive design embeds directional cues onto 
incoming speech without any additional electronics. It attaches to 
the in-line mic of low-cost wired earphones which can be attached 
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to smartphones. We present an end-to-end neural network that 
processes the raw audio mixtures in real-time on mobile devices. 
Our results show that SonicSieve achieves a signal quality improve-
ment of 5.0 dB when focusing on a 30° angular region. Additionally, 
the performance of our system based on only two microphones 
exceeds that of conventional 5-microphone arrays. 

CCS Concepts 
• Human-centered computing → Sound-based input / out-
put; Ubiquitous and mobile computing systems and tools; • 
Computing methodologies → Machine learning. 
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1 INTRODUCTION 
In this paper, we ask the question: Can we enable directional speech 
extraction on smartphones? A positive answer can enable smart-
phones to intelligently amplify target speakers and suppress un-
wanted interference. Imagine having a meeting in a noisy restaurant, 
and you only want to capture the speech of colleagues at your table 
for clear meeting notes and to remotely stream to other colleagues 
back at the ofce (Fig. 1). Or imagine being a student in a classroom 
and you want to record the sound of the lecturer without needing 
a wearable microphone or a dedicated setup. 

While rich prior work [11, 22, 28, 37, 44, 48, 55, 56, 61, 67] on 
intelligent sensing for audio and speech using spatial information 
exist, they usually rely on arrays of microphones and estimate spa-
tial cues of sounds by analyzing diferences in arrival time and 
sound intensity across the microphones. Although microphone 
arrays have proliferated across various computing devices from 
smart speakers and smart glasses to AR/VR headsets, smartphones 
often contain only two microphones and remain largely unaware 
of the spatial richness of sound. Additionally, smartphones do not 
natively support external microphone arrays. While directional mi-
crophones exist, they only flter sound from a single, fxed direction, 
and don’t provide multi-directional separation. 

We present SonicSieve, the frst intelligent directional speech 
extraction system on smartphones that uses a bio-inspired acoustic 
microstructure to embed distinct directional cues into incoming 
speech sounds from diferent angles. The design of the acoustic 
microstructure is inspired by directional hearing mechanisms found 
in nature. While human ears function like a two-microphone array, 
they are able to achieve directional hearing by leveraging spatial 
cues from the interaction of sound with the structure of the head 
and pinna [8]. Perhaps closest to SonicSieve in prior art is Owlet [19], 
a lightweight, miniature 3D-printed cylinder patterned with coded 
holes to encode spatial information into the signals arriving from 
diferent directions, enabling Direction-of-Arrival (DoA) estimation 
for a single sound source. Inspired by Owlet, SonicSieve address a 
real-world user-centered challenge: going beyond localizing where 
a sound signal originates, SonicSieve tackles directional speech 
extraction that determines what to extract from an acoustic mixture 
in a noisy multi-speaker environment. 

To this end, we co-design both novel hardware and software solu-
tions for SonicSieve. First, we optimize the dimensions and the coded 
pattern of the microstructure specifcally for speech frequencies. 
We then create a practical design that attaches the microstructure 
to the in-line microphone of low-cost wired earbuds, which can be 
plugged into a smartphone. The system captures audio mixtures 
using both the in-line microphone and the smartphone’s co-located 
built-in top microphone, which serves as a reference (Fig. 1) and en-
ables the system to function reliably across diverse sound sources. 
Second, we develop an end-to-end neural network that runs in 

real-time on the smartphone, processing the audio from both mi-
crophones to interpret the rich spatial cues and separate the speech 
from the target directions. We also design a smartphone user inter-
face that lets users divide the surrounding space into a semicircular 
region with six 30° sectors. Users can select one or multiple sectors 
simultaneously, enabling functionality in multi-speaker scenarios 
(Fig. 16) such as transcribing presentations with multiple speakers 
or conducting remote meetings in noisy environments like a park. 

We build our end-to-end system on a smartphone with a low-cost 
wired earphone and a 3D-printed microstructure. This prototype 
therefore targets smartphones that can physically connect to a 
wired earphone and currently relies on an app-guided alignment 
procedure between the microstructure and the phone’s top micro-
phone. We revisit these design trade-ofs in our discussion section. 
Our results are as follows: 
• Our system achieves a 5.0 dB Scale-Invariant Signal-to-Distortion 
Ratio (SI-SDR) improvement when focusing on a 30° sector for 
directional speech extraction, which signifcantly outperforms 
the baseline system without microstructure. 

• Our system demonstrates generalizable performance across 9 
locations in 3 rooms. 

• Our average model inference time to process an 8 ms audio chunk 
is 7.12 ms and 4.46 ms on the Motorola Edge and Google Pixel 7 
respectively, demonstrating real-time processing capability. 

• Our user study with 20 participants rating 720 audio clips in total 
shows our system achieve a higher mean opinion score than a 
system based on a 5-channel microphone array. 
We will open source our microstructure design, code, and datasets, 

which can democratize directional speech extraction capabilities 
and make it available to the public. 

2 RELATED WORK 
To the best of our knowledge, no prior work has explored the use 
of acoustic microstructures to enable directional speech extrac-
tion on smartphones. Below we describe work related to acoustic 
microstructures, spatial sensing, and AI-enabled acoustic systems. 
Acoustic sensing using microstructures. Acoustic microstruc-
tures have been designed for a variety of applications, including 
spatial sensing [6, 19], sound absorption [5, 17], acoustic flter-
ing [32], and biometric identifcation [66]. Owlet [19] designed 
a 3D-printed microstructure that embedded directional cues into 
incoming sounds, enabling direction-of-arrival (DoA) estimation 
and sound localization. SPiDR [6] extended this design by using 
microstructures to project and capture spatially coded signals to 
generate depth maps of nearby objects. EarCase [34] adapted mi-
crostructures for smartphones, embedding them into a custom case 
for DoA estimation. However, its design required a new custom case 
for each device, limiting its ability to scale across multiple phone 
models and microphone layouts. In addition, case-based designs fx 
the relative placement between the microphones, which can make 
it harder to optimize for close microphone spacing that improves 
robustness across environments. Our work difers in two key ways. 
First, our microstructure is designed for low-cost wired earphones, 
and is compatible with diferent smartphones. This form factor 
allows the in-line microphone to be positioned close to the phone’s 
built-in microphone, which empirically improves reliability under 
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Reference Mics Single 
device 

Directional 
speech extraction 

Smartphone 
compatible 

Real-world 
evaluation 

Real-time 

Conventional mic array 4–8+ ✓ ✓ ✗ N/A N/A 
Dia (2014) [46] 2–8 ✗ ✗ ✓ ✓ ✗ 
Owlet (2021) [19] 2 ✓ ✗ ✗ ✓ ✓ 
DSENet (2023) [28] 3 ✓ ✓ ✓ ✗ ✓ 
EarCase (2023) [34] 2 ✓ ✗ ✓ ✓ DNS 
Pandey et al. (2024) [37] 8 ✓ ✓ ✗ ✗ ✓ 
SonicSieve (ours) 2 ✓ ✓ ✓ ✓ ✓ 

Table 1: Comparison of SonicSieve with related systems. SonicSieve enables directional speech extraction across six 30◦ sectors 
on smartphones in real-time, with evaluation in real-world environments. (DNS = did not specify) 

changing room acoustics (Sec. 3.3). Second, our work is focused on 
directional speech extraction by leveraging spatial cues to selec-
tively amplify and suppress speech based on their direction. This 
enables a broader set of spatial audio interactions beyond what is 
achievable through DoA alone. 
Directional speech extraction. Directional speech extraction is 
the task of isolating speech from a spatial region that is fxed or 
adjustable [37]. Prior work [37] explicitly relies on DoA information 
derived from 8-channel microphone arrays, and does not focus on 
smartphones. Related approaches [28, 67] explore two- or three-
microphone confgurations found on some smartphones. However, 
the spatial cues provided by these confgurations are fundamentally 
limited by both the small number of microphones and their subopti-
mal placement for spatial sensing tasks. In contrast to these works, 
we present an acoustic microstructure design which is optimized to 
enhance the diversity of spatial cues for speech signals. Our system 
does not require explicit DoA estimation, instead it takes the raw 
audio mixture as input, and uses an end-to-end network to implic-
itly infer spatial and acoustic cues, enabling real-time directional 
speech extraction on smartphones. 
Beamforming using statistical algorithms. Traditional beam-
forming techniques are typically based on statistical algorithms, 
including non-adaptive approaches such as Bartlett (delay-and-
sum) and superdirective beamformers, as well as adaptive methods 
like minimum-variant distortionless-response (MVDR), and linearly 
constrained minimum variance (LCMV). However, these algorithms 
are designed for conventional microphone arrays with fxed ge-
ometries, and do not account for the complex direction-dependent 
transformations introduced by acoustic microstructures. As a result, 
they cannot be directly applied to microstructure-enabled systems 
like ours, where spatial cues arise not only from microphone place-
ment but also from the physical design of the structure. Moreover, 
statistical beamformers are limited to capturing spatial cues, and 
lack the ability to model acoustic cues as neural beamformers do. 
Neural beamformers. Prior work on neural beamformers have 
leveraged LSTM networks [12, 21], but are non-causal and are 
intended to support full-length audio inputs. Subsequent works [25, 
41] introduced causal models that support online processing, but are 
not real-time. More recent work [53, 54] has focused on designing 
causal real-time neural beamformers focused on directional hearing 
for AR headsets, smart glasses, and custom headphones equipped 
with four or more microphones that provide spatial cues. In contrast, 
we present a real-time neural network that can process the spatial 

and acoustic cues of audio that has been fltered by a microstructure, 
and use this for the task of directional speech extraction. 
AI-enabled spatial-aware audio processing. These systems 
have focused on speech enhancement [10, 39], sound localiza-
tion [36, 45, 71], sound classifcation [58, 70, 73, 74] and speech sep-
aration [26, 59]. Recent works have leveraged spatial information 
to enable new capabilities on smart devices. Cone of Silence [26] 
extracts speech from multiple target speakers at diferent locations. 
ReZero [22] extracts all sounds within a user-defned spatial re-
gion—angular, spherical, or conical. However, most of these systems 
either require large microphone arrays with at least six elements, 
or are not designed for causal, real-time use. ClearBuds [10] and 
Sound Bubble [11] achieve causal, real-time performance using 
wearable devices. ClearBuds leverages wireless earbuds [9] for real-
time speech enhancement in telephony, while Sound Bubble isolates 
audio within a defned radius. However, these systems are designed 
to enhance the wearer’s hearing in human-human communication. 
In contrast, our work targets smartphone-based directional speech 
extraction for general audio recording and streaming applications, 
such as meeting transcription and voice assistants. Smartphones 
are well-suited for ad-hoc application scenarios as they are mobile 
devices that people carry throughout the day. 
Spatial sensing on smartphones. Prior work has focused on es-
timating DoA [29, 49, 75], and beamforming [20] on smartphones 
using statistical algorithms and neural networks. However, the per-
formance of these systems is fundamentally limited by the number 
of microphones. Ad hoc microphone arrays composed of smart-
phones have also been proposed for spatial sensing [46]. These 
systems emulate larger arrays by synchronizing multiple devices. 
However, they rely on complex synchronization protocols such as 
aligning smartphone CPU clocks using WiFi beacon timestamps, 
synchronizing audio I/O clocks through a backend server, or using 
time-of-arrival techniques [33, 40], which can make deployment in 
real-world scenarios challenging. 

3 SONIC SIEVE 
This section outlines the technical approach of SonicSieve. Our goal 
is to let users pick a direction on a phone interface and have the 
phone amplify that speaker in real time, using a low-cost add-on 
rather than specialized microphone arrays. We start with a high-
level overview of how our system uses an acoustic microstructure 
for directional speech extraction. Then, we will detail the techniques 
for optimizing this microstructure, integrating it with a smartphone, 
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Figure 2: Efect of microstructure on incoming sound sig-
nals across diferent angles of arrival. The microstructure 
introduces larger variations in the frequency response �� (� )
across diferent angles, providing enhanced spatial cues that 
can be leveraged for directional speech extraction. 

using a neural network to extract speech in real-time, and real-
world dataset collections. 

3.1 System Overview 
Traditional directional speech extraction relies on microphone ar-
rays that use beamforming to isolate sound from specifc directions. 
These arrays are common in dedicated devices (e.g., smart speakers), 
but are less accessible on everyday smartphones due to hardware 
constraints. These systems work by analyzing timing and amplitude 
diferences across multiple microphones—when sound arrives from 
a particular direction � , each microphone in the array receives the 
signal at slightly diferent times and intensities due to their spatial 
arrangement. The system can be modeled as: 

x(� , �) = a(� , � )�� (� , �) + u(� , �) (1) 
where a(� , � ) encodes the directional information based on known 
geometric delays between microphone channels, and u(� , �) rep-
resents interference and noise. Intuitively, a(� , � ) describes how a 
sound from direction � “shows up” across microphones, enabling 
spatial fltering. Beamforming algorithms then apply spatial flter-
ing to enhance signals from the target direction while suppressing 
others. 

While various beamforming techniques work reliably for direc-
tional audio enhancement [2, 3], they typically requires a micro-
phone array with multiple channels (usually 4-8) to handle the 
spatial ambiguity [15, 18] and achieve satisfactory performance, 
which does not exist on smartphones. 

Instead of encoding the spatial information through microphone 
array geometry, SonicSieve leverages a passive acoustic microstruc-
ture that directly embeds direction-dependent spatial cues into the 
signal. Such a design is inspired by nature’s directional hearing 
system. For example, humans can localize and separated sound 
efectively with just two ears, which is due to the geometry of the 
head and ears creating distinctive refecting and scattering efects 
that vary with sound angle [50, 65]. Similarly, owls achieve excep-
tional sound localization through asymmetric ear structures [13]. 
In practice, our microstructure acts like an acoustic lens placed over 

f

Holes

Tubes and 

Resonators

f

f

Mθ1(f)

f

Mθ2(f)

Mθ3(f)
Microstructure

Figure 3: Acoustic microstructure: principle of operation. 
The structural elements of the microstructure (holes, tubes, 
and resonators) form a complex multipath environment that 
creates variations to incoming acoustic signals based on their 
direction of arrival. 

a microphone: it reshapes incoming sound diferently depending 
on where it comes from (Fig. 3). 

Specifcally, our acoustic microstructure applies a direction-specifc 
flter �� (� ) to a sound source arriving at the microstructure from a 
relative angle � and propagating through the internal structure. We 
present an example in Fig. 2 of the direction-specifc flter �� (� )
at four diferent angles without and with the microstructure. The 
microstructure introduces substantially greater variation across 
diferent directions of arrival—without it, the signals look almost 
identical across angles; with it, each angle leaves a more distinctive 
spectral signature that a model can learn to exploit. 

The received signal at the microphone inside the microstructure 
can be denoted as: 

� (� , �) = �� (� )� (� , �) + � (� , �) (2) 

However, with only single-channel audio, we can not reliably 
isolate the spatial flter �� (� ) in real-world settings. The chal-
lenge is that diferent sound sources have diferent intrinsic spectra, 
and room refections further modify the signal. With one channel, 
the model cannot distinguish whether a spectral pattern comes 
from the microstructure’s directional fltering, the source itself, 
or the room. A single-mic system might work for fxed sources 
in controlled environments, but cannot generalize across diverse 
real-world conditions. 

Thus, we incorporate a secondary reference microphone placed 
outside the microstructure. This reference gives the model a “be-
fore/after” view: one channel is shaped by the microstructure, and 
one is not. The reference microphone records the unmodifed sound 
as: 

��� � (� , �) = � ′ (� , �) + ��� � (� , �) (3) 
We note that the received signal at the reference microphone 

from the target source � ′ (� , �) difers slightly from the one at the 
inside microphone � (� , �), since the two microphones are not posi-
tioned at the exact same location, such that the arriving signals are 
propagated through slightly diferent environmental refections. To 
minimize this mismatch and enable robust estimation of spatial cues 
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Figure 4: Efect of microstructure material (without holes) 
on acoustic attenuation. The resin material efectively atten-
uates sound and ensures that it primarily travels through 
the microstructure’s holes, rather than its walls. 

across diferent environments, we position the two microphones as 
close as practically feasible. 

Finally, we develop a deep neural network that processes the 
two-channel input to extract directional speech from the desired 
direction. Specifcally, our directional speech extraction network ℎ 
estimates the target speech from the selected directions � : � � 

�̂� (� , �) = ℎ � (� , �), ��� � (� , �), � (4) 

In other words, given the two recordings and the user-selected 
sector(s), the network outputs only the speech coming from those 
directions. 

To summarize, our system has four main components, which we 
describe below and present the details in the following sections: 
• Acoustic microstructure optimized for speech. We present a com-
pact acoustic microstructure that encodes spatial cues into the 
signal detectable by microphones. Building on prior microstruc-
ture work [19], we further optimize the design specifcally for 
spatial diversity at speech frequencies. 

• Integration of acoustic microstructure to smartphones. We present 
our design that can attach the acoustic structure to the in-line 
microphone of low-cost wired earbuds, which can be plugged 
into smartphones. This approach ofers two key benefts: the in-
line mic can be positioned close to the built-in mic to minimize 
signal diferences, and the design can potentially be generalized 
to diferent smartphone models. 

• Real-time directional speech extraction network. While conven-
tional beamformers work with known array geometries, they 
cannot handle the complex propagation patterns created by mi-
crostructures. We design a real-time neural network that learns 
the spatial and acoustic cues from our microstructure to ex-
tract speech from multiple selected directions simultaneously, 
enabling multi-speaker transcription for interviews and group 
discussions. 

• Real-world dataset. Acoustic and spatial cues signatures learned in 
one environment may not generalize well to others, as variations 
in acoustic properties, such as reverberation [64], can distort the 
spatial cues encoded by the microstructure. To enable robust per-
formance across diferent environments, we construct a diverse 
training dataset that captures the variability encountered in real-
world acoustic environments. This dataset is designed to enable 

Figure 5: Efect of microstructure diameter on spatial di-
versity. The microstructure with a larger diameter (20 mm) 
provides an overall higher spatial diversity across the speech 
frequencies. 

generalization across diferent spaces, speaker confgurations, 
and background noise conditions. 

3.2 Speech-aware acoustic microstructure 
We build upon Owlet’s microstructure design [19] which consists 
of a hollowed-out cylinder that encases a microphone. The design 
incorporates three key structural elements: surface holes that act 
as virtual sound sources, capillary tubes with varying lengths that 
modify sound wave propagation, and Helmholtz resonators that 
selectively amplify diferent frequency bands. Together, these ele-
ments create unique acoustic signatures for sounds arriving from 
diferent angles. As visualized in Fig. 3, when sound arrives from 
angle � , the microstructure applies a direction-specifc flter �� (� ). 
This directional fngerprint enables our system to distinguish be-
tween sounds from diferent locations. 

In this section, we present our approach to optimize the acoustic 
microstructure and detail the key design factors that impact the 
overall system performance below: 
Material Selection for Acoustic Attenuation. Our material se-
lection aims to maximize sound attenuation, ensuring audio travels 
through the designed holes rather than leaking through the walls. 
We tested three confgurations using a 1–8 kHz chirp at 70 dBA (nor-
mal conversation level): no microstructure, silicone microstructure, 
and resin microstructure. 

As shown in Fig. 4, the resin microstructure achieves 33 dB 
average sound reduction across tested frequencies, signifcantly 
outperforming silicone (17 dB reduction). This superior attenuation 
ensures sound primarily difracts through the holes as intended, 
making resin our material of choice. 
Spatial Diversity Optimization. To optimize performance for di-
rectional speech extraction, we maximize spatial diversity—the 
variation in how the structure responds to speech from difer-
ent directions. Mathematically, we seek to maximize the variance 
V� [|�� (� ) |], ensuring speech signals from diferent angles pro-
duce maximally diferent frequency responses. Speech signals are 
wideband acoustic signals with frequency components mainly un-
der 8 kHz, and the components that are most critical for intelligi-
bility are in 1-4 kHz [30]. We conduct experiments using wideband 
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Figure 6: A comparison of spatial diversity across diferent microstructure designs of varied diameter and hole number. Spatial 
diversity is computed across angles in a semicircle. 

audio under 8 kHz in a constrained environment (anechoic cham-
ber) on diferent microstructure designs. 

To measure spatial diversity, we record speech signals from 0° 
to 180° at 1° resolution using speakers and microphones inside and 
outside the microstructure. Since the measurements are taken in 
an anechoic chamber, we can assume the environmental refec-
tions and background noise are negligible (i.e. � ′ (� , �) = � (� , �) and 
� (� , �) = 0). From Eq. 2 and Eq. 3, the spatial diversity can then be 
calculated by: " # 

|� (� ) | 
V� [|�� (� ) |] = V� (5)|��� � (� ) | 

where � (� ) and ��� � (� ) are signals from the internal and reference 
microphones. Based on the measurement setup, we optimize the 
following two key factors to improve the spatial diversity. 
• Microstructure Diameter. Fig. 5 shows that Owlet’s original 15 mm 
design achieves spatial diversity mainly at 7–8 kHz, with poor 
performance below 7 kHz, which can be potentially problematic 
for speech signals. Based on the principle that microstructure 
size correlates with resonating wavelengths, we conduct mea-
surements on larger diameters. Both 18 mm and 20 mm diameters 
show improved diversity below 8 kHz, with 20 mm providing a 
better performance across speech frequencies. 
We further visualize spatial diversity across diferent angles by 
calculating the pairwise spectral distance (i.e. ��1 (� ) − ��2 (� ) 2) 
for the microstructure with diameters of 10 mm, 15 mm, and 
20 mm. As shown in Fig. 6 (a-d), the microstructure with a higher 
diameter achieves higher spatial diversity across a wider range 
of angles. We use 20 mm as our fnal design. We note that we did 
not further increase the diameter as a larger microstructure may 
obstruct the smartphone screen and hinder usability. 
. 

• Number of Surface Holes. As we observed in Fig. 6(d), the spa-
tial diversity across the angles is not evenly distributed—angles 
> 60° show lower diversity than 0–60°. To address this, we fur-
ther optimized the surface hole pattern. We empirically fnd that, 
too few holes limit directional sensitivity (sounds from non-hole 
directions get attenuated), while too many holes eliminate spa-
tial diversity entirely. Thus, we selectively reduce the original 
ten-hole design to six holes by removing four holes in the 60– 
180° range. Fig. 6(e) demonstrates that this six-hole confguration 

Top Mic

Inline Mic

a b

c

Figure 7: Illustration of the process to integrate acoustic mi-
crostructure to the smartphone. (a) UI on the smartphone 
app instructs the user to place the microstructure in the 
proper location. (b) Place the inline microphone of a wired 
earphone on the bottom holder of the microstructure. (c) The 
top part housing the optimized microstructure is attached to 
the holder using tiny screws. Proper alignment is achieved 
with the built-in top microphone of the smartphone. 

outperforms the ten-hole design in overall spatial diversity. There-
fore, our fnal design uses a 20 mm diameter cylinder with six 
strategically placed surface holes. 

3.3 Integration of acoustic microstructure to 
smartphones 

Microstructure Fabrication. We implement our optimized mi-
crostructure design using computer-aided design and 3D printing. 
The microstructure geometry is modeled in Rhino 81 and fabricated 
using stereolithography 3D printing. We use ELEGOO Standard 
Photopolymer Grey Resin2 printed on a Formlabs Form 3 printer3, 
followed by post-processing with Form Wash for cleaning and 
Form Cure for curing. This fabrication process ensures precise 

1https://www.rhino3d.com/
2https://us.elegoo.com/products/elegoo-standard-resin 
3https://formlabs.com/3d-printers/form-3/ 







https://3https://formlabs.com/3d-printers/form-3
https://2https://us.elegoo.com/products/elegoo-standard-resin
https://1https://www.rhino3d.com
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Figure 8: Efect of separation between earphone’s in-line mic 
and phone’s top mic on spectral variation. We compute the 
ratio of the signals at the two microphones (������ (� )) and 
estimate the variation across environments (lower is better). 
The variations are lower when the mics are closely spaced. 

hole dimensions and smooth internal surfaces critical for acoustic 
performance. 
Assembly Design. Our integration approach attaches the mi-
crostructure to the in-line microphone of standard wired earphones, 
enabling compatibility with any smartphone equipped with an au-
dio jack. As illustrated in Fig. 7, the system consists of two main 
components: a bottom holder that secures the earphone’s in-line mi-
crophone, and a top housing containing the optimized microstruc-
ture. The smartphone app guides users through proper placement, 
ensuring correct alignment between the microstructure and the 
device’s built-in top microphone. 

The fnal assembly process involves three steps: (1) position-
ing the earphone’s in-line microphone in the bottom holder, (2) 
attaching the microstructure housing to the holder using precision-
ftted connections, and (3) aligning the complete assembly with 
the smartphone’s top microphone. A silicone washer at the inter-
face between components minimizes acoustic leakage and ensures 
consistent positioning. 
Design Benefts. This integration approach ofers two key advan-
tages over device-specifc solutions. First, it enables close micro-
phone spacing—our design positions the in-line microphone within 
1 cm of the smartphone’s built-in microphone, which is critical 
for minimizing environmental variation efects as established in 
Section 3.1. Second, the design generalizes across diferent smart-
phone models since it relies on standard audio jacks and commonly 
positioned top microphones rather than custom cases for specifc 
devices. 
Microphone Separation Validation. To validate the importance 
of close microphone spacing, we empirically measure how sep-
aration distance afects signal consistency across environments. 
Specifcally, we measure the signal ratio of two microphones with-
out attaching the microstructure, defned by: 

� (� ) � (� )
������ (� ) = = (6)

��� � (� ) ��� � (� ) 

where � (� ) and ��� � (� ) are signals from the inline and reference 
microphones. 

We conducted experiments across 160 locations in 4 diferent 
environments, measuring the magnitude of ������ (� ) at separa-
tion distances of 1 cm, 8 cm, and 16 cm. Fig. 8 demonstrates that 

amplitude variation increases dramatically with microphone sepa-
ration. At 1 cm separation, variations remain below 2.2 dB across 
all frequencies, while at 16 cm separation, variations exceed 6 dB at 
higher frequencies. This validates our design requirement for close 
microphone positioning and confrms that our 1 cm separation dis-
tance minimizes environmental artifacts that could interfere with 
directional cue extraction. 

3.4 Directional speech extraction network 
As described in Section 3.1, our microstructure encodes direction-
specifc spatial cues into the recorded audio signal. However, real-
world acoustic environments contain multiple sound sources, envi-
ronmental refections, and noise that complicate the extraction of 
these spatial cues. We develop a deep neural network that processes 
the two-channel recordings (from the microstructure and reference 
microphones) to perform directional speech separation in real-time. 

Our network design adapts a state-of-the-art real-time sound 
separation architecture TF-GridNet [11, 59] for angular-based direc-
tional speech extraction. The system processes short audio chunks 
(8 ms) to enable real-time applications such as live audio streaming 
and meeting transcription on smartphones. 
Pre-processing Module. Our system processes 2-channel audio 
input x = [�1, �2]� ∈ R2×� , where �1 and �2 correspond to the 
reference microphone and microstructure microphone signals re-
spectively, with � representing the audio sample length. To accom-
modate model lookahead requirements, we apply zero padding to 
create x ∈ R2×(� +� ) , where � is the lookahead sample count. 

We implement a learnable Short-Time Fourier Transform (STFT) 
encoder with sufciently large window size to enhance model stabil-
ity across diferent reverberation environments [14]. After applying 
the STFT encoder with discrete Fourier transform length � and step 

(� +� −�)
size � , each microphone channel � produces �� [� , �] ∈ R� × 

� , 
where � represents the number of frequency bins. 
Feature Extraction. The core challenge in our approach is ex-
tracting the spatial cues embedded by the microstructure while 
remaining robust to environmental variations and multiple sound 
sources. While we cannot directly recover the microstructure’s 
direction-specifc flter �� (� ) due to its entanglement with un-
known source signals and environmental efects, we can compute 
inter-channel diference features that preserve the essential direc-
tional information. 

We extract interchannel phase diferences (IPD) and interchannel 
level diferences (ILD)—well-established spatial cues in binaural 
hearing research [7, 22]: 

IPD[� , �] = ∠�2 [� , �] − ∠�1 [� , �]
ILD[� , �] = 20 log {|�2 [� , �] |/|�1 [� , �] |} 

(7) 

The IPD captures phase relationships between the two microphones, 
which encode timing diferences created by the microstructure’s 
directional fltering. The ILD captures magnitude diferences that 
refect the microstructure’s direction-dependent attenuation and 
amplifcation patterns. Together, these features encode the spatial 
signatures that enable directional discrimination. 

To facilitate neural network processing, we convert the circular 
IPD values into continuous representations using trigonometric 
functions: 
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Figure 9: Real-time directional speech extraction network architecture. (a) Audio from the reference mic and the microstructure 
mic is converted to a spectrogram, ILD/IPD features are extracted, and directional separation is performed based on a user-
selected spatial sector. The transformed spectrogram is then converted back to the time domain. (b) The angle encoder converts 
the selected sector into a normalized embedding for conditioning the separation blocks. (c) Separation blocks use this angle-
conditioned embedding to apply directional masking on the spectrogram. 

�� ������ [� , �] = {cos(IPD[� , �]), sin(IPD[� , �]), ILD[� , �]} (8) 

We normalize each feature across frequency bands to ensure con-
sistent scaling and improve training stability. For ILD, per-frequency 
normalization to zero mean and unit variance reduces the impact 
of frequency-dependent variations inherent in the microstructure 
design. The cosine and sine IPD components receive similar normal-
ization to balance their infuence across frequencies where phase 
relationships have varying reliability. 

The complete feature set combines the real and imaginary STFT 
components from both microphone channels (4 channels) with 
our three spatial features, yielding 7 feature channels total. A 2D 
convolutional block encodes these into the representation � ∈ 

(� +� −�)
R� ×� × 

� , where � is the expanded feature dimension. 
Angle Encoder. We represent user directional selections through a 
6-sector encoding system. Selected sectors receive value 1 in a one-
hot vector, while adjacent sectors receive 0.25 to provide smooth 
spatial context. This vector undergoes embedding refnement, fully 
connected transformations, and reshaping to create directional em-
beddings � (x) matching our feature dimensions. After LayerNorm, 
these embeddings condition the separation blocks through Feature-
wise Linear Modulation (FiLM). 
Real-time Separation Blocks. Our processing pipeline consists 
of � sequential LSTM-based blocks optimized for real-time per-
formance. Each block applies LayerNorm and PReLU activation, 
followed by convolutional downsampling to reduce computational 

cost for the bidirectional LSTM. After frequency-domain processing, 
deconvolution with skip connections restores original dimensions. 

A causal LSTM with fully connected layer processes temporal 
relationships while maintaining real-time constraints. The FiLM 
layer integrates directional information by modulating features 
according to � (x): 

′ ���� = � ⊙ Conv1D(� (x)) + Conv1D(� (x)) (9) 

where � ′ represents processed features and ⊙ denotes element-wise 
multiplication. 

The fnal output undergoes transposed convolution and inverse 
STFT to produce time-domain audio. For continuous processing, 
we output � samples for playback while retaining � samples for 
subsequent chunk processing, enabling seamless real-time opera-
tion. 

3.5 Real-world dataset 
Motivation and Overview. Acoustic microstructures encode spa-
tial cues through complex interactions between incoming sound 
waves and their geometric features. However, these spatial sig-
natures can be signifcantly altered by environmental acoustic 
properties such as reverberation, room geometry, and background 
noise [64]. A model trained solely on clean, simulated data may fail 
to generalize across the diverse acoustic environments encountered 
in real-world deployments. 

To address this challenge, we construct a comprehensive real-
world dataset that captures the acoustic variability our system will 
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Figure 10: Real-world evaluation setup. (a–e) Five diferent test environments used for evaluating our system. The room 
dimensions are as follows (in meters): length × width × height. (a) Room A, 6.1 × 4.6 × 3.7; (b) Room B, 4.9 × 3.6 × 3.5; (c) Room 
C, 6.1 × 4.6 × 3.7; (d) Room D, 7.0 × 4.9 × 2.7; (e) Room E, 11.5 × 9.1 × 2.9. In each room we play sound samples from an external 
speaker (model name: JBL Flip 5), and record it with multiple devices on our data capture rig. 

encounter in practice. Rather than relying on synthetic room im-
pulse responses or simulated acoustics, we physically deploy our 
hardware in multiple real environments and record actual speech 
playback. This approach ensures our training data refects the true 
complexity of how our microstructure interacts with real acoustic 
spaces, including refections, ambient noise, and other environmen-
tal factors that synthetic approaches may not accurately model. 

Our data collection process involves fve distinct rooms with 
varying acoustic properties, multiple speaker-receiver confgura-
tions, and systematic coverage of all directional sectors. This method-
ology produces a diverse dataset that enables robust performance 
across diferent meeting rooms, conference spaces, and classrooms. 
Data Sources. We use speech content from the VCTK [51] and 
LibriTTS [72] datasets, which provide high-quality recordings of 
human speech from multiple speakers. All audio clips are resam-
pled to 24 kHz to balance audio quality with real-time processing 
requirements on mobile devices. 
Collection Setup and Procedure. Our data collection setup con-
sists of a JBL Flip 5 speaker4 for audio playback and a receiver rig 
equipped with both a MiniDSP microphone array5 and our Son-
icSieve system (Motorola Edge smartphone with microstructure). 
The receiver rig includes six LED lasers that divide the surrounding 
space into 30° sectors, enabling precise speaker placement. 

We systematically collect data across fve diferent rooms (meet-
ing rooms, conference rooms, and classrooms) as shown in Fig. 10. 
For each room, we place the receiver rig at 3 randomly selected 
positions. At each receiver position, we place the speaker at 5 dif-
ferent locations distributed across all 6 directional sectors. For each 
speaker-receiver confguration, we play 6 random 5-second speech 
clips, resulting in 2,700 individual recordings (6 clips × 6 sectors × 
5 speaker positions × 3 receiver positions × 5 rooms). 
Mixture Generation and Dataset Statistics. To create training 
data for diferent directional extraction scenarios, we generate syn-
thetic mixtures in software by combining recordings from diferent 
sectors. We create three types of mixtures: single-target (6 possible 
sector selections), two-target (15 combinations), and three-target 
(20 combinations) scenarios. 

For each room and receiver position, this produces 1,200 single-
target mixtures, 900 two-target mixtures, and 900 three-target mix-
tures. We control the Signal-to-Noise Ratio (SNR) between target 

4https://www.jbl.com/bluetooth-speakers/JBL+FLIP+5-.html 
5https://www.minidsp.com/products/usb-audio-interface/uma-8-microphone-array 

and interfering sectors within -5 to 5 dB by scaling the audio appro-
priately. The ground truth for each mixture is the clean combination 
of target sector signals as recorded by the reference microphone. 

Our complete dataset comprises 45,000 mixtures across 5 rooms. 
We employ leave-one-room-out validation [63] to ensure general-
ization, reserving one room’s data (9,000 mixtures) for testing while 
using the remaining rooms for training. We additionally reserve 
1,200 samples from the training data for validation. 
Training Methodology. We process audio in 8 ms chunks (192 
samples at 24 kHz) with 4 ms lookahead for real-time performance. 
The STFT uses a window size of 288 samples with 192-sample 
shifts, and we apply 96-sample zero padding at signal boundaries. 
We optimize using a Scale-Invariant Signal-to-Distortion Ratio (SI-
SDR) loss from the Asteroid package [38]: 

(
�∥ŝ − s∥1 no speakers in target area h iLSI-SDR = ·s∥2 (10)∥� −10 log otherwise ∥� ·s−ŝ ∥2 

where s is the target clean sound, ŝ is the network output, � = 50 is 
ŝ� sa weighting factor, and � = provides scale invariance. ∥s∥2 

We train for 150 epochs using the Adam optimizer [27]. The 
learning rate starts at 5 × 10−4, increases to 5 × 10−3 over 10 
epochs, remains constant for 20 epochs, then decays by 0.95 every 
2 epochs. We apply data augmentation (Time Shift, Time Stretch, 
Frequency Mask, and Gain Perturbation) with 30% probability for 
each method [62]. 

4 RESULTS 

4.1 Model results 
For our evaluation, we began by using the real-world datasets 
(Fig. 10) collected in rooms B-E for training and validation, while 
testing on data from room A. We further present cross-room eval-
uation results at the end of the section. In all our evaluations, we 
use data from the in-line mic version of our system. 
System performance across diferent sectors. We measured 
the SI-SDR across each of the six sectors in two conditions: before 
applying the acoustic microstructure and after applying it, with 
only a single sector selected in both cases. As shown in Fig. 11a, 
applying the microstructure consistently achieve higher SI-SDR 
improvement (SI-SDRi) across all sectors (range: 3.6–6.8 dB; mean: 
4.5 dB). Interestingly, we found that performance varies across 

https://5https://www.minidsp.com/products/usb-audio-interface/uma-8-microphone-array
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Figure 11: Overall System performance. (a) Efect of selected sector index on SI-SDR improvement. (b) SI-SDR improvement 
as a function of the number of simultaneously selected sectors. (c) Input vs. output SI-SDR of our model across all samples, 
grouped by 1-sector, 2-sector, and 3-sector selections. Points above the dashed line indicate cases where SI-SDR improved. 

sectors due to the non-uniform distribution of holes in the mi-
crostructure. Specifcally, sector 1 and 6 achieve an SI-SDRi of ∼ 
6-7 dB, while sector 4 and 5 achieve around ∼ 4 dB. This variation is 
consistent with the characterization of the microstructure’s spatial 
diversity for diferent angles as shown in Fig. 6, which shows that 
sectors 1 and 6 correspond to angles with higher spatial diversity, 
while sectors 3 to 5 exhibit reduced diversity. This characteristic 
can be leveraged in real-world use where users can rotate the device 
such that the target speaker is contained by sector 1 or 6 to achieve 
better directional fltering performance. 
Efect of number of selected sectors. As our model is designed to 
support simultaneous selection of up to three sectors, we conducted 
a comprehensive evaluation of system performance across all pos-
sible sector combinations. This includes evaluating all individual 
sector (1-sector selection), all possible pairs of sectors (2-sector 
combinations), and all possible triplets of sectors (3-sector combi-
nations). Each confguration was evaluated both with and with-
out the acoustic microstructure. Our results in Fig. 11b reveal two 
key trends. First, the microstructure-enabled system consistently 
outperforms the baseline without the microstructure, regardless 
of selected number. When a single sector is selected, our system 
achieves a SI-SDRi of 5.0 dB, compared to 2.3 dB for the baseline. 
With two sectors selected, performance drops slightly to 4.2 dB, but 
still maintaining an advantage over the baseline of 1.9 dB. When 
three sectors are selected, the SI-SDRi with the microstructure is 
3.9 dB which is greater than the baseline’s 1.7 dB. The second trend 
is that SI-SDRi decreases as the number of selected sectors increases 
for both systems. This is expected as extracting speech from multi-
ple directions becomes more challenging when the spatial geometry 
of the selected region becomes more complex. 

Fig. 11c shows the relationship between the input SI-SDR of the 
speech samples in our dataset and the output SI-SDR after process-
ing with our model when 1, 2, or 3 sectors are selected. The diagonal 
dashed line represents zero improvement, where the output SI-SDR 
equals the input. Points above this line indicate enhanced speech 
quality after processing. As evident from the fgure, the vast major-
ity of our test samples (86.6%) demonstrate positive enhancement, 
with output SI-SDR values consistently higher than their original 
values. Notably, the one-sector selection confguration (represented 

Figure 12: Comparison of SI-SDR improvement across micro-
phone arrays of varying sizes versus our SonicSieve system. 

by red dots) shows the fewest samples (9.9%) falling below the zero-
improvement line compared to two- and three-sector selections 
(15.2% and 16.3%, respectively), confrming our earlier observation 
that the task becomes more challenging as the number of selected 
sectors increases. 
Comparison against microphone array and traditional beam-
forming. We compared the end-to-end performance of SonicSieve 
against a conventional microphone array (UMA-8 USB mic ar-
ray V2.0) as a baseline. Our network design is adapted from TF-
GridNet [59], a state-of-the-art real-time sound separation architec-
ture that supports arbitrary numbers of input channels, enabling 
fair comparison across diferent microphone confgurations. For 
this baseline, we used 2 to 6 channels from the array and trained 
separate neural networks for each confguration. All baseline mod-
els were trained on the same dataset with the same architecture 
as SonicSieve, except for minor modifcations to accommodate the 
varying number of input channels. 

Fig.12 shows the SI-SDRi, computed as the diference in SI-SDR 
between the sound mixture at the reference microphone and the 
enhanced speech output from the model. As the number of micro-
phone channels increases from 2 to 6, SI-SDRi improves from 2.1 dB 
to 5.1 dB, due to the increased spatial diversity. SonicSieve achieves 
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Figure 13: Stratifed analysis by system variables. (a) Average SI-SDR improvement across the 3 rooms (Room A, B, C) in our 
dataset, computed from 3 random locations (location 0, 1, 2) per room. Results are categorized by scenarios with 1 or 2 target 
speakers and averaged over 3000 samples per location. (b) Average SI-SDR improvement with diferent smartphone thickness. 
The experiment is conducted at the B-0 location with three prototypes. 

an SI-SDRi of 4.4 dB, outperforming the 5-microphone confgura-
tion (4.1 dB), and approaching the performance of the 6-microphone 
confguration (5.1 dB). Notably, the 2-microphone neural baseline 
achieves only 2.1 dB SI-SDRi, demonstrating that SonicSieve’s 4.4 dB 
improvement stems from the microstructure’s ability to fundamen-
tally enrich spatial cues beyond what microphone spacing alone 
provides. 

We also evaluated the classical MVDR (Minimum Variance Dis-
tortionless Response) beamforming algorithm on the microphone 
array dataset. MVDR was confgured to beamform toward the cen-
ter of each selected sector (e.g., 15° for sector 1 spanning 0° to 30°). 
However, MVDR achieved less than 2 dB SI-SDRi even when using 
all 6 microphone channels. This poor performance stems from sev-
eral fundamental limitations: (1) the coarse 30° sector resolution 
cannot provide the precise direction-of-arrival information that 
MVDR requires for efective spatial fltering, (2) MVDR’s linear 
formulation struggles to handle complex multipath propagation 
and reverberation, which difuse the spatial cues, (3) MVDR cannot 
efectively separate speech from environmental noise when they 
originate from similar directions, as it relies solely on spatial cues 
rather than the richer acoustic signatures that neural models can 
exploit. 
Generalization across real-world environments. The previ-
ous results were developed using datasets from Rooms B–E and 
evaluated in Room A. To further evaluate generalizability of Son-
icSieve across environments, we conducted leave-one-room-out 
cross-validation for Rooms B and C. Rooms D and E were excluded 
from this analysis due to data collection inconsistencies in the 
data collection procedure (with portions of data missing). Fig. 13a 
presents the SI-SDRi performance across various device locations in 
diferent rooms, with each label indicating the test room (A, B, or C) 
and device position (0, 1, or 2) within that room. For single-speaker 
scenarios (blue bars), our system achieves consistent performance 
across all test conditions, with SI-SDRi values ranging from 3.9 to 
5.7 dB. The highest performance is observed at location A-2 (5.7 dB), 
while the lowest occurs at C-1 (3.9 dB). Similarly, for two-speaker 

scenarios (red hatched bars), our system maintains stable perfor-
mance across all environments, with SI-SDRi values between 3.3 
and 4.8 dB. The highest performance is observed at location A-2 
(4.8 dB), while the lowest occurs at C-2 (3.3 dB). 
Impact of smartphone thickness. We evaluated how smartphone 
thickness afects system performance since our system is designed 
to generalize to diferent smartphone geometries. Using our de-
fault prototype with the Motorola Edge 2024 (10 mm thickness), 
we modeled the efects of thicker devices by adding foam tape 
between the phone screen and microstructure to simulate 12 mm 
and 14 mm thickness. Fig. 13b shows that SonicSieve maintains 
robust performance across this thickness range. For single-speaker 
scenarios, SI-SDRi decreases slightly from 4.84 dB at 10 mm to 
4.79 dB at 12 mm and 4.43 dB at 14 mm. Similarly, for two-speaker 
scenarios, performance drops from 3.77 dB at 10 mm to 3.65 dB at 
12 mm and 3.21 dB at 14 mm. While thicker devices show modest 
performance reduction, the degradation is relatively small (less 
than 0.6 dB across the tested range). Since most of-the-shelf smart-
phones have thickness between 8–12 mm, our system demonstrates 
good compatibility with existing device form factors. 
Efect of sector resolution. Although our model is mainly trained 
in 6 sector cases (30 degree resolution), we conducted evaluation 
on how the resolution afects model performance. We compared 
performance between 6 sectors and 9 sectors using simulation 
in Pyroomacoustics [43]. With one speaker in the target sectors, 
SonicSieve achieves 7.4 dB improvement in the 9 sector case and 
7.9 dB improvement in the 6 sector case. With two speakers in 
the target sectors, SonicSieve achieves 5.0 dB improvement in the 
9 sector case and 5.6 dB improvement in the 6 sector case. This 
demonstrates that even with more sectors and a more challenging 
task, SonicSieve still achieves good performance. 
Model Latency. We evaluated the latency of our directional sound 
extraction neural network on a variety of diferent smartphones 
models: Samsung Galaxy S21, Google Pixel 7, and Motorola Edge 
2024. To do this, we exported our PyTorch model to an ONNX 
model that could be run on these mobile devices. We used an audio 
chunk size of 8 ms, which we used in our main evaluations. We 
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Figure 14: User study measuring listening experience via mean opinion scores: (a) audibility of interfering speakers and 
background noise, (b) overall listening quality, (c) overall listening quality across the audio samples collected in diferent rooms 

ran the model for 1000 iterations and obtained mean and standard 
deviation latencies ranging from 4.5 ± 0.2 to 7.2 ± 0.2 ms across the 
phone models which is less than the 8 ms requirements needed for 
real-time execution. 

4.2 Subjective user evaluation of audio quality 
While objective metrics like SI-SDR provide valuable quantitative 
assessment, they cannot fully capture the perceptual quality of 
speech enhancement systems in real-world scenarios. To evaluate 
the actual listening experience, we conduct a user study to com-
plement our objective measurements. This study was approved by 
our Institutional Review Board (STUDY2025_00000146). All studies 
complied with relevant ethical regulations. 

We randomly select 25 generated audio samples from our test set 
collected from three diferent rooms (Room A-C). The selected audio 
contains one target speech and 1-2 interfering sources (undesired 
speech or other sound). Each sample is processed by three systems: 
the 2-channel microphone array (baseline), 5-channel microphone 
array, and our proposed SonicSieve. 44 participants in total (31 males 
and 13 females) with an average age of 25 years were recruited for 
the listening test. The evaluation protocol consisted of three steps: 
(1) listening to the noisy audio mixture, (2) listening to the clean 
target speaker audio as reference, and (3) listening to the three 
processed outputs presented in random order to avoid position 
bias. Participants were asked to rate each processed audio sample 
on two criteria using 5-point scales. We note that two separate 
questions [42] are used to decouple the assessment of noise removal 
from the preservation of target speech quality, as aggressive noise 
suppression can often introduce undesirable artifacts that a single 
question would fail to capture. 

(1) Noise Suppression Performance: How intrusive/noticeable 
were the interfering speakers and background noises? (1 – Very 
intrusive to 5 – Not noticeable) 

(2) Overall Experience: If the goal is to focus on the target speaker, 
how was your overall experience?" (1 – Very intrusive to 5 – 
Not noticeable) 

As shown in Fig. 14, both SonicSieve and the 5-channel micro-
phone array signifcantly outperform the 2-channel microphone 
baseline in subjective evaluations. Across the 25 samples drawn 
from three rooms, for noise suppression performance (Fig. 14a), 
SonicSieve achieved a Mean Opinion Score (MOS) of 3.25 ± 1.20, 
compared to the 5-microphone array’s 3.46 ± 1.24 and the 2-channel 

baseline’s 2.48 ± 1.17. For overall listening experience (Fig. 14c), 
SonicSieve achieved 3.39 ± 1.20, comparable to the 5-microphone 
array (3.35 ± 1.19) and higher than the 2-channel baseline (2.52 ± 
1.13). Fig. 14(c) further breaks down overall experience by room, 
showing consistent gains over the 2-channel baseline across Room 
A–C, with SonicSieve remaining comparable to the 5-channel array 
in each environment. 

4.3 User Interface Evaluation 

Target A Target B

User

Interface

Figure 15: User interface evaluation setup for directional 
speech extraction, where the participants are asked to select 
one or both speakers on the smartphone UI with diferent 
confgurations in diferent environments. 

While our objective metrics demonstrate technical performance, 
understanding how users interact with directional selection in real-
world scenarios is critical for practical deployment. We conduct a 
user study evaluating the usability of our interface across diferent 
sector resolution confgurations, examining both selection accu-
racy and user confdence when targeting speakers in multi-person 
environments. 

We recruit 10 participants to evaluate two confgurations: our 
default 6-sector design (30° resolution) and a 9-sector design (20° 
resolution). As shown in Fig. 15, participants were positioned in 
three conference rooms with two experimenters as target speak-
ers. For each confguration, participants completed three tasks: 
selecting target A, target B, and both targets simultaneously. Exper-
imenter positions remained consistent across confgurations while 
task order was randomized to minimize learning efects. 
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Table 2: Comparison of system performance and usability across diferent sector resolutions 

Confg Resolution Preference Accuracy Confdence (Single) Confdence (Multiple) 

6 Sectors 30° 0.96 0.90 0.82 1.00 
9 Sectors 20° 0.88 0.87 0.70 0.86 

Participants were instructed to select single or multiple sectors 
they believed necessary to capture the target speaker(s). We evalu-
ated interface usability through three metrics: (1) Selection Accuracy, 
measured as the probability that selected sectors correctly included 
the target speakers. (2) User Confdence, assessed on a 5-point scale 
(5=very confdent, 1=not confdent at all) for both single and multi-
ple speaker selections. (3) Overall Preference, rated on a 5-point scale 
(5=strongly prefer to use, 1=strongly disprefer to use) comparing 
the two confgurations. 

Table 2 presents our results by normalizing the scores and ac-
curacy to 0–1. The results reveal that the 6-sector confguration 
consistently outperforms the 9-sector design across all metrics, 
achieving higher selection accuracy (0.90 vs. 0.87), stronger user 
preference (0.96 vs. 0.88), and greater confdence for both single-
sector (0.82 vs. 0.70) and multiple-sector (1.00 vs. 0.86) scenarios. 
These fndings suggest that fner angular resolution does not nec-
essarily improve usability—instead, the increased cognitive load of 
managing more sectors can reduce both accuracy and confdence. 

We observed two key factors driving this preference. First, the 
coarser 6-sector resolution provides sufcient spatial granularity for 
typical meeting and lecture scenarios where speakers are distributed 
around a table or room, while remaining simple enough for rapid 
selection without requiring precise angular estimation. Second, 
participants reported that the 9-sector interface felt "overwhelming" 
and made them second-guess their selections, particularly when 
attempting to capture multiple speakers. The perfect confdence 
score (1.00) for multiple-sector selection with 6 sectors suggests that 
users found it intuitive to select adjacent sectors to create broader 
capture regions when needed. 

These results validate our design choice of 6 sectors as providing 
an efective balance between spatial resolution and interaction 
simplicity. For future work, adaptive interfaces that automatically 
adjust sector granularity based on speaker density could potentially 
combine the benefts of both approaches. 

5 LIMITATIONS AND DISCUSSION 
Dual-microphone design rationale. SonicSieve requires two 
closely spaced microphones for robust directional speech extrac-
tion. While the microstructure embeds direction-dependent spec-
tral cues into incoming sound, these cues become entangled with 
the source’s intrinsic spectrum and environmental refections in 
single-channel recordings. A dual-microphone design provides a 
"before/after" comparison—one channel shaped by the microstruc-
ture, one unmodifed—that allows the neural network to factor out 
source/room diferences and isolate the directional signature. Our 
choice of an in-line microphone as the second channel ofers two 
key advantages: (1) It can be positioned very close to the phone’s 
built-in top microphone (within 1 cm in our prototype), which our 
ablations (Fig. 8) show is critical for cross-environment robustness; 

(2) It is device-agnostic and can work with smartphones that have 
a standard audio jack or USB-C port. 
Smartphone generalizability. Our system design prioritizes com-
patibility across diferent smartphone models through several key 
considerations: 

• Microphone layout adaptation. Our smartphone application adapts 
to diferent device confgurations by providing model-specifc 
placement instructions. The UI guides users to position the mi-
crostructure optimally based on their device’s microphone loca-
tions, ensuring proper alignment between the in-line microphone 
and the smartphone’s top microphone (Fig. 7). 

• Generalization across smartphone thicknesses. Our evaluation across 
devices ranging from 10 to 14 mm in thickness (Fig. 13b) shows 
robust performance with only modest degradation for thicker 
smartphones. These results indicate that the system can general-
ize across diferent form factors. 

• Generalization across microphone frequency responses. To enable 
generalization across diferent smartphones microphones, device-
specifc calibration can be performed by measuring the frequency 
response of the built-in and in-line microphones, and deriving 
equalization weights to normalize for their efects. This can allow 
our system to robustly perform directional speech extraction 
across a range of devices. A complementary approach is the 
use of established data-driven approaches such as training on 
diverse device recordings [4, 31] and targeted data augmentation 
techniques [35, 68] which may enable zero-shot generalization 
without calibration for unseen devices. 

Pathways to device-native integration. While our current proto-
type uses a microstructure attached to an external wired earphones, 
the same core concept can be integrated directly into devices with 
two closely located microphones. Several integration pathways are 
feasible: (1) Smartphones with a top and a rear microphone near 
the camera (e.g., Google Pixel 7) often have <2 cm spacing. A mi-
crostructure could be embedded near the rear mic while using the 
top mic as reference (Fig. 16a). (2) Standalone voice recorders with 
dual front-facing microphones could house the microstructure in a 
compact form factor (Fig. 16b). (3) Future smartphone designs could 
incorporate a miniaturized microstructure as part of the device 
chassis, with one microphone inside the structure and one outside. 
Source separation within a sector. Our system currently per-
forms spatial fltering along predefned directional sectors and pro-
duces a mixture of all sounds it. This can be undesirable when 
multiple speakers are close to each other and fall within the same 
sector. Future extensions of this work could address this limitation 
in two ways: (1) A low-latency speech separation framework [23, 
24, 69] can be applied after directional speech extraction, using 
permutation-invariant training to separate multiple speakers. (2) 
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Figure 16: Applications of SonicSieve. (a–d) Our system can be physically connected to various computing devices with a 
microphone jack including smartphones, handheld digital voice recorders, tablets, and laptops. (e–h) SonicSieve can be used 
in various application scenarios including (e) Transcribing a presentation with speaker attribution. (f) Conducting a remote 
meeting by a noisy park. (g) Recording a podcast without specialized soundproof booths. (h) Interacting with an AI voice 
assistant in a noisy restaurant. 

More fne-grained separation can be performed in the spatial do-
main by building on techniques for region-customizable sound 
extraction [22] to spatially isolate the target speaker. 
Speaker mobility. Our current system is designed primarily for 
scenarios where the speaker remains relatively stationary such as 
in meetings. If the speaker moves, the user is expected to manu-
ally update the target sector. However, this is not a fundamental 
limitation of our neural network approach. Future extensions of 
the model could be explicitly trained to estimate the direction of 
arrival (DoA) for multiple speakers [16, 57, 60], and enable dynamic 
conditioning of the directional speech extraction network. 
Audio playback. While our current system is focused on speech 
transcription and remote streaming, our model’s processing latency 
is low enough for real-time, on-device playback of the extracted 
audio to users. With a smartphone-native design (Fig. 16a), play-
back can be achieved using noise-canceling headphones, similar 
to prior AI-enabled acoustic systems [11, 52], which leverage both 
passive and active noise cancellation to suppress ambient sounds 
and deliver clear playback of the extracted sounds. 

A limitation of the current in-line microphone setup is the close 
proximity of the mic to the earphones, resulting in insufcient wire 
length to comfortably reach a user’s ears when the smartphone is 
placed on a table. This can be addressed in two ways. First, a cus-
tom but low-cost headphone could be designed with the in-line mic 
positioned farther from the speakers, allowing the phone to remain 
on a surface while maintaining sufcient wire length. Alternatively, 
wireless headphones could be used for playback by integrating 
the acoustic microstructure onto one of the outward-facing mi-
crophones typically used for noise cancellation. This approach is 
likely possible as modern headphones often include dual outward-
facing microphones for noise cancellation, and low-power GPUs 
are becoming integrated into wearable devices [1, 47]. 
Human-centered interaction and deployment considerations. 
While our user study (Sec. 4.2 and 4.3) demonstrates the system 

performance and UI usability in controlled settings, broader human-
centered aspects require deeper investigation. Real-world conversa-
tional dynamics, including natural turn-taking, situational aware-
ness of non-target speakers, and adaptation to speaker movement, 
present challenges beyond spatial selection. Accessibility consid-
erations, such as how users with hearing challenges interact with 
directional audio interfaces, require dedicated study. Similarly, lon-
gitudinal in-the-wild deployment across diverse acoustic environ-
ments would reveal how interaction patterns evolve over time. 
Our current work establishes the technical foundation and demon-
strates basic usability. These human-centered dimensions represent 
valuable directions for future research toward broader real-world 
adoption. 
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