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Re-thinking Digital Audio via Unlimited Sensing:
Theory, Algorithms, and Hardware Validation

Ruiming Guo, Yuliang Zhu and Ayush Bhandari

Abstract—The Shannon-Nyquist principle underpins main-
stream digital audio, relying on equidistant sampling and uniform
quantization. This architecture fundamentally limits dynamic
range and digital precision, leading to irreversible clipping when
signals exceed the converter’s input range and to quantization
noise that caps effective resolution—constraining downstream
algorithms and machine listening. We introduce Unlimited Sens-
ing Framework-based Audio (USF-Audio), an acquisition-centric
framework that jointly redesigns the analog front-end and recov-
ery algorithms to overcome these bottlenecks at the analog—digital
interface. USF-Audio employs structured non-linear acquisition
via analog-domain folding (modulo wrapping) prior to digitiza-
tion, replacing saturation with bounded measurements that pre-
serve low-amplitude detail while capturing high dynamic range
(HDR) signals within a fixed input range. USF-Audio reframes
quantization noise as the digital representation of audio, enabling
mathematical recovery to reconstruct the original waveform with
high fidelity. This paradigm resolves the long-standing problem of
audio declipping and yields clear improvements in effective reso-
lution under a fixed bit budget. We establish theoretical recovery
guarantees for quantized, folded measurements; develop scalable
and robust algorithms suitable for audio-scale data; and im-
plement a complete hardware acquisition pipeline. Experiments
on 14 real-world datasets—including speech, music, biomedical
sounds, animal vocalizations, and historical recordings, and a 52-
participant subjective listening study—showcase consistent gains
in dynamic range, effective number of bits, and perceptual quality
over conventional ADC pipelines and state-of-the-art declipping
methods. These results suggest that fundamental limitations in
digital audio stem from the acquisition model itself, and that
principled redesign of sensing can open new pathways for audio
acquisition and processing beyond what is achievable through
post-hoc processing alone.

Index Terms—Audio signal processing, declipping, quantiza-
tion, non-linear acquisition, sparsity and unlimited sensing.

I. INTRODUCTION
A. Digital Audio is Mature Above the Acquisition Layer

OUND and audio carry rich information about human

communication, emotion, spatial geometry, and environ-
mental context. Beyond speech and music, acoustic signals
often encode cues that are inaccessible to other sensing modal-
ities, making audio indispensable in applications ranging from
immersive media and healthcare monitoring to bioacoustics
and scientific instrumentation. The digitization of sound has
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Fig. 1: Digitization via pulse—code modulation (PCM) [2] and its fundamental
limitations. (a) Sampling or time quantization preserves information under
the Shannon—Nyquist criterion, whereas amplitude quantization introduces
irreversible loss manifested as quantization noise. (b) Signals exceeding the
admissible range incur additional loss through saturation or clipping. Unlike
PCM, which is prone to clipping and imposes a trade-off between dynamic
range and resolution, this paper capitalizes on the Unlimited Sensing Frame-
work (USF). The USF-Audio pipeline digitizes analog-domain quantization
noise via novel hardware which eliminates clipping and enables algorithmic
recovery with both high dynamic range and high digital resolution (see Fig. 6).

therefore played a foundational role in modern signal process-
ing, enabling scalable storage, transmission, and algorithmic
analysis. From a systems perspective, contemporary audio
technology can be viewed as a layered Audio Processing Stack
(APS) in Table I, spanning physical acoustics, analog front-
end conversion, digital representation, core signal processing,
contextual inference, semantic understanding, and application-
level integration. Over several decades, this layered architec-
ture has supported remarkable innovation above the acquisition
layer [1], including advances in time—frequency analysis, spa-
tial audio, perceptual coding, and learning-based inference. In
contrast, the principles governing how acoustic signals enter
the digital domain have remained largely unchanged.

B. Fundamental Limits at the Analog—Digital Interface

The analog—digital interface, typically implemented via
pulse—code modulation (PCM) [2]-[5] and its variants [6]—
[8], forms the entry point from the physical to the digital do-
main. This process combines uniform sampling with amplitude
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TABLE I: Functional Audio Processing Stack (Reference Architecture).

Layer Attribute Primary Role
Physical Acoustics ~ Governs sound
SOUND FIELD & generation and
ENVIRONMENT propagation
Analog Front-End &  Converts acoustic
2 Digital Conversion pressure to digital
SENSORS & CIRcUITRY  Signals
3 Digital Representation  Defines digital audio

SIGNALS & TRANSFORMs  representation
Core Signal Processing
4 ENHANCEMENT &
SEPARATION

Improves and
manipulates audio
signals

Infers acoustic
geometry and
environment

Scene & Spatial Context
5
GEOMETRY & ENVIRONMENT

Semantic & Content
6 Understanding
MEANING & IDENTITY

Extracts meaning and
identity from audio

Delivers audio

7 Application & Interaction
functionality to users

DELIVERY TO USERS

Key Functions

Sound radiation, propagation, reflection, absorption,
reverberation; loudspeaker-room interaction; listening
environments

Analog-Digital Interface

Microphone transduction, pre-amplification, analog
filtering, clocking & sync., analog-to-digital conversion /
ADC (sampling & quantization)

PCM or 1-bit samples; analysis/synthesis transforms
(STFT, filter banks, wavelets, dictionaries); parametric
and learned representations

Reconstruction « Restoration « Noise suppression
Dereverberation * Echo cancellation
Source separation * Beamforming « Spatial filtering

Acoustic scene analysis, source localization & tracking,
room modeling/simulation, spatial coherence analysis

Speech recognition, speaker identification & diarization,
MIR, audio event detection

Streaming & VolP, AR/VR spatial audio rendering,
object-based playback, personalization, hearing devices

Standards / Frameworks

ISO 3382 (Room Acoustics), ITU-R
BS. 1116 (Listening Tests)

IEC 61672 (Microphones), AES17
(Digital Audio Measurements)

ITU-T G. 711 (PCM), MPEG-1/2
Audio, MPEG-4 AAC/HE-AAC,
MPEG-H 3D

ITU-T G. 168/G. 169 (Echo Control),
IWAENC, REVERB Challenge, SiSEC

ACE Challenge (Room Acoustics),
DCASE (Scene/Event Analysis),
Ambisonics & array reference formats

MPEG-7 (ISO/IEC 15938),
LibriSpeech, WSJ, CHIME, MIR
benchmarks

RTP/RTCP, WebRTC, MPEG-D SAQC,
MPEG-H Immersive Audio

quantization (Fig. 1), a paradigm originating in early years
of telecommunication [2]-[5] and formalized by Shannon’s
theory [9]. While PCM-based analog-to-digital converters
(ADCs) are robust and widely adopted, they impose intrinsic
limitations at digitization. Two bottlenecks are fundamental:
L1] Limited Dynamic Range [10]. Any ADC admits only
a bounded input range. Signals exceeding this range incur
saturation or clipping (Fig. 1(b)), leading to irreversible infor-
mation loss; this has been a longstanding problem [11]-[13].
L2] Range-Resolution Trade-off. For a fixed bit budget or
power envelope, dynamic range (DR) and digital resolution
(DRes) cannot be simultaneously maximized. Expanding the
DR coarsens quantization (Fig. 1(a)), while increasing resolu-
tion narrows the DR and exacerbates clipping (Fig. 1(b)).
These limitations originate at acquisition (Layer 2, Table
I) and propagate through all subsequent processing stages or
layers. No matter how sophisticated downstream algorithms
may be, they operate on data whose information content has
already been capped. Increasing bit-depth as a solution is
impractical due to power and hardware constraints [14].

C. Algorithmic Remedies: Overview and Limits

Clipping and coarse quantization have spurred decades
of algorithmic research; declipping, dequantization, dithering,
noise shaping, and learning-based restoration. Moreover, these
two issues—clipping and coarse quantization—are typically
addressed independently, despite their coupled impact on dy-
namic range and resolution. Below is a brief overview.

A High Dynamic Range (HDR) Audio and Declipping. Al-
gorithmic declipping was introduced for speech in the early
1990s by Abel & Smith [11]. Three decades later, compre-
hensive surveys by Zaviska et al. [12] and Gaultier et al.
[13] emphasize that, despite sustained progress, declipping re-
mains a persistent and fundamentally limited problem. Beyond
perceptual enhancement, clipping critically impacts domains
such as healthcare monitoring [15] and audio forensics [16],

[17], where high-amplitude transients carry essential informa-
tion. Complementary hardware strategies include synchronized
ADCs with offset gains [18], HDR-inspired fusion techniques
[19], [20], and automatic gain control [21].
1 High Digital Resolution (HDRes). Resolution enhancement
via dithering was suggested by Jayant & Rabiner [22] and
Vanderkooy & Lipshitz [23], [24] and remains widely used
alongside noise shaping and oversampling [8]. Applications
including healthcare [25], biodiversity monitoring [26], [27],
and extra-terrestrial missions [28] routinely require 16—24 bits,
highlighting the enduring need for HDRes acquisition.
Despite the advances, these methods assume a fixed ac-
quisition model. Once amplitude information is lost during
digitization, recovery is fundamentally limited. This creates
a paradox: algorithmic complexity grows, yet improvements
are marginal because sensing constrains the digital data.
This raises a foundational question: are current limitations
algorithmic—or rooted in how we sense audio in the first place?

D. Reframing Quantization Noise as the Signal

Shannon or PCM-style systems treat quantization noise
(QN) [3] (see Fig. 1) as an undesirable artifact, discarding the
fractional or modulo part during digitization'. Recent insights
challenge this view [30]-[32]: quantization can be interpreted
as a structured decomposition, where the fractional/modulo
part encodes information about the signal’s integer part. Under
smoothness priors, this “noise” becomes the signal. Realizing
this potential requires moving beyond linear acquisition and
introducing controlled non-linearities at the sensing stage as
well as developing algorithms that can facilitate reconstruction
by stably inverting the non-linearity.

The Unlimited Sensing Framework (USF) [30]-[32] for-
malizes this idea by replacing saturation with analog-domain

'Note that QN, the fractional part, and the modulo operation are math-
ematically equivalent [29]. Conceptually, we distinguish them as follows:
the fractional part or modulo representation is interpreted in the continuous
domain, whereas after sampling, this interpretation manifests as QN.



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

(a) Hardware Pipeline
USF-Audio with Modulo ADC

(b) Algorithmic Reconstruction

of man Moon him the
landing  on and safely  Earth
a | the returning to

Microphone

[Dataset Kennedy] John F. Kennedy’s “Man on the Moon” Speech ¢ 25 May 1961

range space |5

single . in will  impressive or for
l space this be to | more the exploration
No project  period more| mankind important long | of
L A | 3

Amplitude (a.u.)

&

Sampling)

Output Q&. / (Shannon-Nyquist 0 2

ICS-40180 (TDK) (d) Inset from (c)

Analog MEMS Mic
Microphone 5
Input

PCM
Samples

Folded

[Dataset Kennedy] John F. Kennedy’s
“Man on the Moon” Speech

High Dynamic Range

Measurements |

Time (sec)

(c) Inset from (b)

Algorithmic
Recovery

Algorithmic
Recovery

-5

Fig. 2: USF-Audio digitization and recovery. (a) Hardware for generating folded audio. (b) Digital measurements for the Kennedy dataset with speech annotations:
conventional PCM (Shannon—-Nyquist), folded samples, and reconstruction via USF-ARA. Under the same 6-bit budget, USF-Audio achieves substantial gains—
noise floor improvement (= 12 dB), dynamic range (9.50%), and resolution of 0.0175 V compared to 0.1188 V for PCM. (c)—(d) Insets from (b) at different
time resolutions, illustrating USF-Audio samples. The legend is shown in (d). Audio playback is available here: [«¢p>»»B] https://bit.ly/USFAudio.

folding (Fig. 1). Instead of capturing the full range directly, the
signal is folded and redistributed into a bounded interval (akin
to folding a spaghetti to fit on a fork), ensuring measurements
remain within the ADC’s range®. Subsequently, algorithms
recover the HDR signal from folded samples [30]-[37].

Mathematically, folded samples preserve the original sig-
nal under Shannon-Nyquist conditions, breaking the classical
range—resolution trade-off: HDR signals can be acquired with
low bit-depths while maintaining HDRes. Details on folding
and distinction from related discrete methods (e.g. phase
unwrapping and modulo PCM) can be found in [31].

For a conventional ADC (hereafter ADC) with B bits, the
well-known “6-dB per bit rule” applies [3]; the signal-to-
quantization-noise ratio (SQNR) is SQNRp o 201og;,(25)
6.02B dB. In USF [38], however, the SQNR improves as

SQNRy 5 = SQNRp + 201log;, (max g (t)|/A)

~
~

(1

where {g(t), A} is the input signal and folding threshold (see
(2)), and the boost is attributed to the input signal’s DR.
This gain in SQNR leads to increased DRes and enables
new capabilities in diverse application areas. The advantages
of USF have been validated across multiple modalities e.g.
tomography [39], radar [40], communications [38], imaging
[41] and sub-Nyquist sampling [42], [43], demonstrating sig-
nificant gains in DR and DRes. Alternative HDR acquisition
techniques are still confined by the 6-dB per bit rule; their
qualitative comparison is provided in the Appendix.

Motivation and Vision. Eliminating clipping at acquisition
(L1) and overcoming the range-resolution constraint (L2)
would enable simultanecous HDR and HDRes under fixed
bit budgets. This shift has far-reaching implications for dig-
ital representation and downstream processing (Layers 3 and
beyond, of the APS). Yet, most literature—including recent

2A hardware demo of live folding: https:/youtu.be/JuZg80gUr8M.

surveys [1]—assumes a fixed acquisition layer, leaving per-
formance capped by data quality. Revisiting audio from an
acquisition-first perspective through hardware—algorithm co-
design potentially opens fundamentally new sensing regimes.

Challenges and Prior Work in USF. While prior USF works
establish theoretical, algorithmic, and hardware ingredients,
they do not yet make it possible to realize a practical end-
to-end audio pipeline. In particular, three capabilities remain
unresolved. i) Audio-specific theory. Starting with [30], exist-
ing USF theory does not yet provide a recovery guarantee
in terms of dynamic-range expansion (DRX?), sampling rate,
and bit-depth (B). Such a result is important because, for
audio acquisition, it determines when oversampling can be
traded effectively against B and DRX. ii) Practical large-scale
recovery. Existing USF recovery methods are not designed
for hardware audio pipelines and voluminous audio streams.
Time-domain methods in [30], [31], [34], [44] rely on ideal
folding; the Fourier-domain method [32] and its variants [45]
assume periodic boundary conditions. A recent approach [46]
uses time-frequency domain recovery but relies on the folding-
instant information for reconstruction from ideal folds. iii)
Audio-band hardware realization. Prior single-channel MADC
(modulo ADC) hardware were developed primarily as labo-
ratory prototypes to verify the USF concept [32], [47]-[49],
but they do not directly constitute an audio acquisition front-
end. Audio-band sensing requires higher bandwidth, robust
operation with microphone hardware, and tight integration
with the recovery algorithm. Supporting signals up to 20 kHz
together with substantial DRX therefore necessitates a new
hardware realization rather than a direct reuse of earlier
prototypes. These unresolved challenges directly motivate the
contributions of this paper.

3Dynamic-range expansion (DRX) is defined as DRX = gl /A
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Contributions. This paper introduces USF-Audio (see Fig. 2),
a principled redesign of digital audio based on the USF. We
organize our contributions around a single principle: analog-
domain folding enables simultaneous gains in dynamic range
(DR) and digital resolution (DRes) under a fixed bit budget.
Acquisition-Theoretic Characterization: We develop
a recovery theory for the new digital audio representation,
expressed directly in acquisition parameters. In particular, we
derive a quantitative bit—sampling law linking DR expansion,
bit-depth, and sampling rate; establish a tighter oversampling
condition removing the legacy 2e factor [31]; and derive an
audio-centric refinement based on spectral moments, yielding
less conservative sampling conditions for spectrally concen-
trated signals. New Recovery Algorithm: We introduce
a new frame-wise recovery algorithm for hardware-acquired
folded audio. Our approach uses DCT-domain (discrete cosine
transform) separation to suppress spectral leakage via finite-
frame energy compaction, enabling scalable and robust residue
estimation under quantization, noise, and non-ideal folding.
End-to-End Hardware Realization: We implement a
complete USF-Audio pipeline integrating a microphone front-
end with a modulo ADC. The system is designed for audio-
band signals and operates under practical constraints, including
finite bandwidth, noise, and non-ideal analog folding.
Multi-Level Experimental Validation: We validate USF-
Audio across theory, hardware, and perception. Experiments
confirm the predicted bit-sampling gains, demonstrate con-
sistent improvements in DR, SINAD (signal-to-noise-and-
distortion ratio), and ENOB (effective number of bits) under
identical nominal bit-depth, and show objective and perceptual
quality gains across 14 real-world recordings, including a 52-
participant listening study.

Discussion and Positioning. USF-Audio is a well-positioned,
holistic framework that unifies sensing and recovery at the
acquisition level (see Layer 2, Table I). Folding before digitiza-
tion ensures backward compatibility with PCM [30], [32] and
its variants, [34]-[37], [50], while enabling HDR and HDRes
to coexist under fixed bit budgets. Unlike declipping methods
that attempt to recover lost information, USF-Audio prevents
loss by design, preserving resolution through amplitude redis-
tribution rather than stochastic techniques such as dithering
or noise shaping. Hardware validation and experiments across
diverse audio classes confirm that these gains stem from
acquisition-level innovation, not content-specific assumptions.

E. Scope and Organization of this Paper

This paper focuses on end-to-end audio digitization under
HDR conditions, emphasizing hardware—algorithm co-design.
Our scope centers on acquisition-driven innovation encom-
passing not only the 1) sensing hardware, but also 2) the
digital representations, and 3) signal processing that follow.
We examine a] how non-linear analog folding reshapes the
sensing pipeline, b] how folded measurements can be pro-
cessed directly or reconstructed computationally, and c¢] how
these principles translate into practical audio-scale hardware
and systems. The goal is not to propose new perceptual mod-
els, codecs, or content-specific priors, but to re-examine the

digital audio front-end and its implications, and demonstrate
that HDR and HDRes can be achieved simultaneously in a
backward-compatible fashion.

The paper is organized as follows. Section II formalizes
the USF-Audio acquisition model and contrasts it with con-
ventional PCM-based front-ends, highlighting the implications
of analog-domain folding for DR and resolution. Section III
presents signal recovery under quantization with theoretical
guarantees. Section IV develops a recovery method tailored
to folded audio measurements. Section V presents experi-
mental validation across a wide range of audio applications,
demonstrating robustness, generality, and consistency with the
theoretical claims. Finally, we conclude in Section VI with
broader implications for the field. The notation section is
provided in the Appendix.

II. USF-AUDIO ACQUISITION MODEL

As shown in Fig. 2, the USF-Audio acquisition comprises:
i) a microphone converting the acoustic waveform into an
electrical signal g, and ii) innovative modulo ADCs (MADC)
that fold the analog waveform before digitization [32], [48].

For an input g > 1, decompose g = |g] + [g], where
|-] € Z and 0 < [] < 1 denote the integer and fractional
parts, respectively. Conventional schemes—PCM, compressed
sensing, and XA [51] or noise shaping—encode in terms
of |g], which grows with [|g||;,_, discarding [g]. This ap-
proximation is reasonable but introduces non-linear distortions
such as clipping and coarse quantization [12]. USF exploits
smoothness (e.g. bandlimited and spline classes) to recover the
integer part from the fractional part. Thus, USF-Audio digitizes
[g(t)] = g(t)—1g(t)], via modulo ADCs (MADC)—the analog
counterpart of QN [52]. Note that [g] is a bounded signal,
I[g]l] < 1. Allocating B bits to [0, 1) yields higher resolution
than spreading them across [min(g), max(g)].

Problem Formulation. Let g € B "L, denote a continuous-
time, finite-energy bandlimited signal with maximum angular
frequency ). This signal is processed by the MADC, which
applies a centered modulo non-linearity before digitization:

. 9 lﬂ_l)
/%A.gHQA([QA—&-? 5) A >0, )

where A is a design parameter and .#)(-) folds g > X into
the interval [—\, \], ensuring bounded amplitude. The folded
signal y(t) = #\(g(t)) is sampled, i.e., y[n] = A\ (g(nT)),
with sampling step 7" > 0. Akin to Shannon-Nyquist criterion,
the following sampling theorem guarantees recovery.

Theorem 1 ( [30], [31]). Let g € Bo N Ly and y[n] =
M\(g(nT)). Then, T < (2e)~1 is a sufficient condition for
recovery of g(t) from y[n] (up to an unknown constant).

A B-bits MADC quantizes y(t) resulting in,

valn) & 2,0 Wlnl), 2,0 (V=20 | L +1]. @)

B#_I.AsBﬁoo,yq%y.

where nf =3
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Objectives. Given folded samples {y,[n]}necry*, our goals
are to: 1) derive sampling conditions guaranteeing recovery,
and 2) efficiently recover g[n] > A from y,[n].

III. RECOVERY GUARANTEE FOR USF-AUDIO

Theoretical Performance Bounds. Since [g¢(¢)] = g(t) —
lg(t)], in view of the modulo folding with threshold X [30],
M—1

gg(M)=) eml(t—Tm) @

where M denotes the folding count of g, 1 (-) is the indicator
function, and {c,, € 2A\Z, 7, € T7Z} parameterize the residue
€4. When working with quantized samples (3), we can write,

ygll =yl +qnl, ld, <=5 ©)
where ¢ denotes QN (bounded by 7y By, Combining (4) and (5),
Yq [n] =gn] — Eg [n] +qn]. (6)

In the ideal case, B — oo = y, — y, inversion [30], [31] of
the modulo non-linearity is facilitated by non-linear filtering
of smooth g from non-smooth ¢,. Let A" g[n] denote the h-
th order finite difference of g. Then, T' < 1/ (2Qe) guarantees
that for some h € Z,, AMg[n] < X and .Z\(AMy) =
AMg. The USF algorithm in [31] then recovers g[n] from
A(h)g[n] by estimating 4. In USF-Audio, B is finite, so the
interaction among { B, T, DRX} becomes central. Unlike ideal
USF [30], quantization creates a basic tension: oversampling
makes A" g shrink, while differencing amplifies A q Re-
covery is therefore possible only if, ‘A(h) H o
|A™g [n]]| o <5 2. Accordingly, we seek a tighter oversam-
pling than 7" < 1 / (2Q¢) and, simultaneously, the minimum
bit-depth B required to support a prescribed dynamic-range
expansion DRX. The next theorem formalizes this result.

Theorem 2. Letg € BaNLy and ygn] = 2,5 (A1 (g(nT)))
with n¥ = 57~ and B € Z. Then g [n] can be recovered
from y,[n] with error bounded by 77>\ (up to a global offset),

MAN(g) =g — g,

\ 29

viz. min,ez (|9 [n] — g [n] + 2797l < 0%, provided that
T< 25, a>0 der |9l
X a0 e Lo
DRX = 7
{B > log, (144 ¥/2DRX) ) @

Proof. We have y, = g — ¢4 + q (6), where £, € 2)\Z and
lall,., < n%. The key step is the contraction estimates.

Signal Contraction. We begin by tightening Theorem 1,
showing that T < 1/Q suffices (ideal) recovery. By the
fundamental theorem of calculus,

(n+1)T
AWgln] = g((n +1)T) — g(nT) = / Ay

L (n+1)T
— |[AVgal| < [ gl du < Tl ®

4N denotes the number of samples.

5The oversampling factor (OF) is characterized as OF = &= > 72,

QT

and therefore |AMg[n H
Bernstein’s inequality [31] gives 9eglly,_.
bining this with the previous bound yields

& ®sta],_

< T|0glly, - Since g € Baq,
< 29l Com-

<T09ln., < QT 9l

We use this as the induction seed to extend the results to
€

arbitrary h € Z,. To this end, define fo(¢) Lt g(t) and
the recurrence relation fj, (%) = frho1(t+T) — fr1(t), so
that AMg[n] = fh(nT). Applying the same to f,_1 yields
IIA h>g Hz = [Ifn(nT)ll,, < QT [|[A"=Dg[n]|,

W glnl|l, < (QT)" gy,
e [R] — fam],_<}

This explicit induction is precisely what removes the legacy
2e-factor from the oversampling bound in Theorem 1.

. By choosrng

N

nlfl,. <

2h77/1\3. With T < (2°Q)~ 1, we have 2/ < 2 ¥/2DRX, and this

gives the lower-bound on B (bit-depth condition),

.. <3
5"

€g € 2)0Z,

B > log, (1+4Y2DRX) = || g[n)
Hence ||A()g + A(H)qHZ < ), and since A
=///k(A(H)yq) = =///>\(A(H)(9 —&g+4q) =

Thus AU (g + ¢) is known exactly, and thus so is Af)e,.

A g4 AU

Recovery via Residue Estimation. Finally, given A(f)¢
it remains to recover £4. To this end, we recall the method
devised in [31]. Since ,4[n] € 2\Z, repeated anti-differencing
yields S2(AMe ) n] = AP=De, [n] + 2Xy,n + 2\ y,—1 with
Yh,Yh—1 € Z. Define ky, 5 = S2(AMe )[1] - S2(AMe )1+
J] and given e, = g—y, one gets [rp 7 + 2AynJ| < 4|9l
Hence, if J > [8]g|l,_ /A], then 7, = 2, (ng’J) is
uniquely determined. Recovering {75, }L, recursively yields
€g Up to 2A\Z, and therefore g = y, + €4 = g + q up to 2A\Z.
Consequently,

—gln] + 292l < llaflll,, <u%. O

As o — 07, the sufficient condition becomes 7" < 1 /2
while B = O(1/a) reflects unquantized case. Theorem 2 gives
the generic acquisition law. Its sampling condition is certified
using the worst-case bandwidth €2, and is therefore universal
but conservative. For audio, this is often pessimistic, since
spectral energy is typically concentrated well below (2. This

motivates the introduction of an order-h spectral moment.

min ||g[n)

Definition 1. Ler g € Bq N Ly with its Fourier transform g.
The order-h spectral moment (h € Z7) is defined as

1

Q ) j~ - r
def f—sz |W‘2} 9 (w)|2dw - _ ||9(h)HL2 "
Qetr,p, = S Re— — (17 1L,
a1 (@) dw lgllL,

)

Qe serves as an effective bandwidth for g(h); for instance,
let g(t) = 1% exp (—t?/ (202)), we have [g(w)]* =

o
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exp (—o?w?) yielding Qe = A 73l (h+ %) /o, where
I(z) = [,St*"'e " dt is the Gamma function. In particular,
Qesr1 = NoTE In contrast to the worst-case support edge (2,
the descriptor Qe p, is signal-adaptive and therefore better
matched to audio structure. As a result, it yields a sharper
sampling condition whenever the audio spectrum is sufficiently
concentrated. For instance, speech and heart sounds yield
Qeogr.1/€ in the range 1072 to 1072, indicating sizable savings
in the sampling rates (see Table I, Supplementary Material).
Theorem 3 (Audio Centric Recovery Guarantee). Let g €
Ba N Ly and y,[n] = an (A (g(nT))) with n2 = ﬁ
and B € Zi. Then gln] can be recovered from y4[n]

with error bounded by nf (up to a global offset), viz.
minyez [|g [n] — g [n] +29All, < nf, provided that

1
T < max ( ) 10
heHs \ Qeff i 2\/%”9”@ 1o

Hp = {heLy:h<|log,(Z5L)|}.

Proof. As before, repeated use of the fundamental theorem
of calculus gives ||A(h)g[n]||e < Th ||8thg(t)HL . Since
Ol'g € Bq, the Bernstein—Nikol’skii inequality yields

e < V2 kg,

Further, by Parseval’s theorem and Definition 1,

|07 g(t

2 I ~ 2
lotatlz, = 5= [ Wl E)P do = 03 o012,

hence [|0]'g(t)||, = ngf 119y, - Therefore,

Th ([Qeffh) lg(t ||L2

By the sampling condition, there exists an admissible h such
that ||A h) gn || < A/2. Further, exactly as in Theorem 2,

||A(h)q || < Zhn/\ < A/2, since h < Llogz (2 _1”.
Thus ||A(h)g + A(h)qH < A Since AW, [n] € 2)Z,
modular commutativity gives My (AP y ) = AW g4 AP g,
The remainder of the proof, namely residue estimation, anti-
differencing, and the final error bound, is identical to Theorem
2. Thus min,ez [|g[n] — g [n] +29All,_ < n%. O

For a fixed order h, denote by {Tr(nza)x(h),Tr(nng(h)} the
maximum admissible sampling steps from Theorem 2 and
Theorem 3, respectively6. Then, the relaxation factor is

I,

|a®st]]_<
loo

T&i&(h)( 0 ) 7 9.,
T (h)  \efin Q gl

Thus, Theorem 3 is less restrictive on sampling rate whenever

l9lle o
(/" < VBT
spectrum is concentrated (Qeff n < ) and the peak-to-energy
ratio is moderate-to-large.

The gain is strongest when the

Remarks. The key consequences of Theorem 2 are as follows.
Oversampling lowers the bit budget. For fixed DRX,
increasing OF reduces the minimum admissible bit-depth. For

— /T 1 h.
Qett,n h 2||9||L2

2
6Tr<na)x(h) = Q(W)l/h and ,Tmax

instance, if DRX = |[|g||, /A = 16, then a = {1,2} gives
By = {7.01,4.56} bits, so doubling the oversampling factor
lowers the required resolution by 2.45 bits. By contrast, a
conventional ADC would require B = log, (DRX) + B, thus
costing an additional 4 bits for the same DR/DRes target.
Few bits can support large DR. Rearranging the bit
condition in Theorem 2 gives

Bi «
o, 1 (22-1)
A 2 4

Since OF > 72%, increasing oversampling yields an expo-
nential gain in the achievable DR at fixed B. In particular,
whenever B > log, 9 ~ 3.17, USF-Audio supports substantial
HDR expansion with very few bits.

Accuracy improvement by 20 log;, (DRX) dB. Under
the standard uniform-quantization model [5],

(n%)”
30F
with n? = ||gll_ /(2% — 1) and n} — n§. Thus, USF-Audio
improves recovery accuracy by 20log;, (DRX) dB relative to
conventional quantization at the same nominal bit-depth. For
example, a 15-fold DRX yields a 23 dB gain, consistent with
the numerical and hardware results in Section V. Related decay
laws have also been reported under additional side informa-
tion, e.g. known folding instants [53]; such assumptions are

not used in Theorem 3.

Oversampling is only needed at acquisition. In Theorem
3, oversampling enables recovery at the front-end. After recov-
ery, standard operations such as decimation can be applied to
return to conventional audio (PCM) rates, e.g. 44—192 kHz.

DRX =

(1)

MSE,. 5 = — |MSE, 5 = (DRX) >MSEz| (12)

IV. ROBUST, SCALABLE AUDIO RECOVERY ALGORITHM

Section III provides a reconstruction method with theoret-
ical guarantees. At its core, the approach relies on the on-
grid assumption ¢, [n] € 2AZ, which may not hold exactly in
practice due to hardware imperfections. Such model mismatch
can degrade recovery accuracy and impact perceived audio
quality under USF-Audio. Key practical challenges include:

[ Measurement Noise. Noise arises in the acquisition chain,
entailing (i) thermal electronic noise (approximately Gaus-
sian) and (ii) quantization noise as in Section III.

(d Hardware Imperfections. Analog folding can be non-
ideal, yielding €4 [n] ¢ 2A\Z. This introduces errors in the
non-linear filtering and propagates through recovery.

(1 Data Volume. Audio sampled at 44-192 kHz yields
million-scale datasets (N ~ 105), imposing stringent scala-
bility and stability requirements on the recovery algorithm.

These challenges motivate USF-ARA (robust USF-Audio algo-

rithm), enabling practical, high-performance audio sensing. A

fully detailed derivation of the USF-ARA is provided in the

Supplementary Material that accompanies this paper.

Overview of the Solution. Let {y,. [2]})-;) denote the
noisy, folded data. To handle large-scale audio, we adopt a
frame-wise processing strategy: partition the sequence into
short segments, {y/ , [n Jye€le N, L} is the frame length

nEHN ’

and count. Within each segment, we recover 5 , leveraging
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Fig. 3: Visual breakdown of USF-ARA using the dataset Kennedy for illustration. (a) The USF-Audio measurements contain N = 3.37 X 106 samples. (b)
We partition the USF-Audio measurements qu’w into frames of size Ny = 500 samples and apply finite differences, revealing a “smooth” + “sparse” mixture
model. (c) Applying the DCT to the waveform in (b) shows that audio sequences g' are concentrated in the lower-indexed DCT coefficients (grey ink),
while the residue (sparse components) appears in higher-index coefficients (index 60 onwards). Since spikes in the time domain map to cosines in the DCT
domain, spike locations can be retrieved via frequency estimation. (d) From step (c), the residue is reconstructed using spike parameters and an anti-difference
operation. (e) Adding the recovered residue to the USF-Audio measurements yields the input signal.

its sparsity for robustness against measurement distortions. outliers induced by w'. Problem (16) has been extensively
Concatenating the recovered residues yields €4, after which studied, yielding robust, high-precision estimators [42]. We
we reconstruct the audio signal via g < Y., +€4 (see Fig. 3). next detail the residue estimation procedure.

Similar to (6), the noisy measurements can be written s Robust Residue Estimation. Accurate recovery hinges on ro-

l _ ! 1 l l . o .
Yq,w [n] = 9 [n].—s g [n]+q [n]—|—w [n], Whe're w m(')dels'rpea- bust per-frame residue estimation, as errors accumulate during
surement distortions (thermal noise and folding non-idealities).  frame concatenation. To this end. we adopt a model-fitting

Because the compound I.IOiSG ¢+ complicat.es TECOVery, We  i5roach [43]: the out-of-band DCT component {@\l [ k]}%’g—?’
adopt a transform-domain approach that sparsifies g’ and en- -

ables direct residue extraction via spectral partitioning. Unlike . N 1_1Al i Q(g;’vl) Qe Py
the DFT (Discrete Fourier Transform) used in [32], we employ il = Z v [k+ K] &y = G(eL )’ GE Py
the DCT (Discrete Cosine Transform) for its superior energy k=0 M (17)
compaction under ﬁnite—%ength truncation. Let y' = AMy! where €7 = /"% and the roots of G (z) uniquely determine
and denote its DCT by y [k], defined by, the folding time stamps 7,,,. With this ratio-structure model,
= Ny—2 problem (16) can be equivalently reformulated as,
Jk =" "y [nleos [y (n+ 3) k| k€ ln, 1, . o,
(13) N S I (. Qe Py
and we use the same convention for {y/, ,,¢',¢},¢',w'}. In (Q.C} - qw Gy )| W Ge Py
the DCT domain, we can derive that, =0 Ni—1 ll '
R N ~ where f!  [i] = 7 [+ K] €k (18)
i K =g k- K+ K+ k], kely,_s (4) Faalll =2y Ty B+ KT EN]

-—q,w . . .
To tackle the non-convexity of (18), we use an iterative

where: 1) Ql [k] ~ 0 for k > K (compact DCT sup- linearization and solve the weighted least-squares surrogate,
port), ii) Elg [k] is a sum of 2M sinusoids spread across the ‘ Niel| gl (e ) _

DCT band since €, is a sum of M spikes in time domain with {Q[J. H]} — min g [116(Ex,) — Q(EN,)
ggln] = Zi\n/[;ol ¢m0 [n — nyy), and iii) /Q\l and @' are noise. Gl Q6 =5 Gl (&x,)

2

19)

This support separation allows direct access to Elq from @l
- =—q

in the out-of-band region k € [, N, — 2], w  which provides an accurate solution provided that GVl ~ G.

After jnax iterations, we retain the iterate that achieves the
@l y [k] = _gq k] _|_Zjl (k] + o [k], ke[K,N,—2]. (15) minimum MSE in (18).
- ) T o Here, we provide the algorithmic implementation for solv-
Recovering the residue thus reduces to frequency estimation,  jng (19): the polynomials {Q( €4,), G(€X,,)} can be written in

Ny—2 M1 Uer i |2 vector-matrix form as,

{ci,m} =

i AL “ m TN -1 16 , 1 . 1
min k:ZK y%w[ ]Jrzmzo Cm,1€ ( ) [Q(&\h)] :V?\ldlqu [G(le)] o VN1w+1g (20)

where {c;,n;} is the vector form of ¢,,; and n,,;, respec- where q € CMu and g c CMu+1 are the coefficients of Q
tively, parametrizing both the generalized residue and sparse and G, respectively. Having known the estimate gl’! at j+1-th
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Algorithm 1 USF-Audio Recovery Algorithm: USF-ARA

Input: Noisy folded measurements {1, ., [n]}2_ .
s el =0.
2 for | =110 L do
Compute {y wlk }}% 2 via (13).

3

4:  Estimate Ml via (25).

5 for : = 1 to i« doO

6: Random Initialize gl*!.

7 for j =1 to jmax do

8 Compute {f.,, [i ]}j\f via (17).

9: Construct {G[J] QU} via (22).

10: Estimate {Q[j“], GU+11 by solving (23).
11: end for

12:  end for

13:  Select {Q, G} that minimizes the MSE in (18).
—1

l
14:  Compute {cp i, M, l} “’ via (24).
N, 1
15:  Recover {g, [n] ngo Wlth {em.i, m, l}
16:  Concatenate £, via g, = [,/ !5 4]
17: end for T

18: Reconstruct 4 from g, via anti-difference operation.
19: Recover g via g < Yg.u + €4-
Output: The recovered audio signal g.

iteration, the minimization in (19) is written as,

{qV ™, g™} = argmin, . |GVlg — QUlq|7, (@D
Gl ¢ Vi x (M, +1) 204 QUl e CN1x M,
where,
Gl — DRMV%LH, QY = RUIVY
D = 7(fl,), RY = (2 (Vi el @)

We use the linear constraint gMgl® = 1 to ensure the unique-
ness of the solution to (21), where g!? is the initialization seed
of our USF-ARA algorithm. As a result, (19) can be posed as,

, S.t. zgz =1

qli+1]
{g[j+1]} = argmln HA

_ , | 0]
AUl =[Gl — QM}, Z— Ej 20 = {g }

0 (23)

which is a convex problem and can be solved efficiently.
With {Q, G} known, the generalized residue parameters can
be retrieved by finding the roots of G(z),

_le;, lQ(zm l)

G(Zm,l) = O CMJ - (1 Zml )8 G(Z)‘ v, 1 7 . (24)
m € Iyt i = 2, (%)

To address the potential discontinuities arising from signal
segmentation, we leverage two key strategies, i) DCT and
ii) sparse representation of the residue (18). This mitigates
the boundary issue when recovering residue in each frame.
The recovery precision and algorithm run-time can be further
improved by employing windowing methods, such as overlap-
add and cross-fading (see Section V-F).

Model Order Estimation. The model order M! can be
estimated from the out-of-band DCT sequence {7’ [k:]}%‘ﬁ2
using information-theoretic criteria. A simple subspace-based
alternative is to form the Toeplitz matrix from {7’ [lc]}gf2
and estimate M, as its numerical rank. However, this requires
performing L singular value decompositions of matrices of
size | N1/2] x [ N1/2]. In typical audio settings, that translates
to roughly 2000 matrix factorizations, which burdens real-
time sensing. To this end, in this paper, we employ a simple
criterion by evaluating the sample variation of yl w’

1lu = [Mgy[, My

—{net, | g, 0| >} @)

where ¢ is the tolerance reflecting noise level’.

Error Mitigation Strategy. With quantization, Theorem 2
guarantees stable reconstruction of g, which is corroborated
numerically in Section V-A. To improve the robustness, we
leverage two strategies, i) enforcing the on-grid constraint on
spike locations through (24), and ii) mildly overestimating the
model order M! by setting ¢ = 0.5\. The latter expands the
feasible solution space, thereby providing greater resilience to
measurement noise and distortion. Experimental results sug-
gest that the USF-Audio recovery is robust against perturbations
in e. This resilience is due to the fact that measurement dis-
tortion is primarily driven by non-ideal folding—manifesting
as sparse outliers—while the thermal noise floor of the MADC
remains negligible, as evident in Section V-B. The algorithmic
procedure is summarized in Fig. 3 and Algorithm 13,

V. EXPERIMENTAL VALIDATION AND BENCHMARKING

Overview. The goal of this section is to validate USF-Audio
as a practical acquisition pipeline and to assess the perfor-
mance gains predicted by Theorem 2, namely improvements
in effective resolution (Remark 1), DRX (Remark 2), and mea-
surement precision (Remark 3). These gains are of practical
interest because, in conventional ADCs, DR and DRes remain
tightly coupled, so that the usable precision of the acquisition
chain is often lower than the nominal quantization bit-depth.
This motivates the use of the effective number of bits (ENOB,
see [14] and Section V-B) as a practical resolution metric.

Our evaluation is organized in three stages. We begin with
theorem-level validation in Section V-A, where computational
experiments verify the trends predicted by Theorem 2 (at dif-
ferent bit-depths). We then turn to acquisition-level hardware
(HW) validation in Section V-B, where controlled experiments
quantify the ENOB, SINAD, and noise-floor gains of USF-
Audio relative to conventional ADCs under the same nominal
bit budget. Building on these results, we evaluate application-
level performance on real audio in Section V-C and Section
V-D, showing robustness in severe clipping regimes together
with marked objective and perceptual quality improvements.
Finally, Section V-F examines the computational scalability of
the proposed frame-wise pipeline on large-scale datasets.

7We use € = 0.5\ in this paper, which empirically works well in practice.
8We use imax = 3 and Jmax = 15 in this paper.
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Fig. 4: Hardware evaluation on dynamic range and the effective number of bits. Controlled experiments with single-frequency audio input are performed to
demonstrate the significant improvement in signal DR, SINAD, and noise floor, compared to the conventional audio sensing pipeline.

Newly Acquired Hardware Corpus. This work presents, to
our knowledge, the first experimental study acquiring a diverse
corpus of real-world audio end-to-end using a HW modulo
ADC [32], [48]. All datasets are captured via the USF-Audio
front-end, not by digitally folding or clipping conventional
ADC outputs—ensuring reported gains reflect true acquisition-
level performance under real analog non-idealities. Initial
demos, audio playback and datasets are available at
https://alumni.media.mit.edu/~ayush/USFAudio.

Acquisition Pipeline. The setup is shown in Fig. 2. Using
off-the-shelf components, we design a novel modulo ADC,
MADC (also see [32], [48]), the analog front-end of USF-Audio.
A MEMS microphone SPH8878LR5H-1° captures Beoplay P2
speaker!® output and feeds the analog signal to both a MADC
(USF-Audio measurements) and conventional ADC (reference),
under the identical nominal quantization bit budget. Unless
stated otherwise, signals are sampled at 250 kHz with 6 bits per
sample!! on the PicoScope 346D oscilloscope. The reference
ADC input range is 6.5 V, while USF-Audio measurements
lie in [0, 1] V. For digital audio datasets (BLS and DIGI in Table
IIT), high-precision ground truth (= 32 bits) are available; for
the HW data, we use the reference as a proxy to the ground
truth, as it records the same analog output of the microphone
as USF-Audio measurements.

Evaluation Metrics. (1) ADC dynamic range (DR) is defined
as DR = 2010g(gmax/noise floor) where gmax = |||y, _- (2)
Reconstruction accuracy is quantified by RMSE (root mean-
squared error) against the (i) high-precision ground truth for
BLS and DIGI audio datasets (see Table III) and (ii) reference
for the rest datasets. (3) We classify an audio frame recovery
g' of g' as a failure case if max, |g'[n] —g'[n]] > 2,
indicating the issue of extra/missing folds in unfolding. (4)
Accordlngly, the frame-wise RMSE is calculated as RMSE; =
\/Z "3 [n] — ¢'[n]|?/N,. (5) The performance of MADGC
and conventlonal ADC is quantitatively assessed in terms of

9Manufacturer Details: Syntiant Corp, Irvine, California.
10Manufacturer Details: Bang & Olufsen A/S, Struer, Midtjylland.
1 Each sample is uniformly quantized into £ levels, with bit-depth log, £.
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Fig. 5: Relative MSE versus quantization bit-depth. We evaluate the relative
MSE normalized by the baseline MSE obtained from the ADC at varying
bit-depth and oversampling factor (OF). Across all assessed scenarios, USF-
Audio consistently delivers a 102-to-103-fold performance gain in MSE, which
effectively validates the OF-MSE law derived in Theorem 2.

SINAD (signal-to-noise-and-distortion ratio), ENOB (effective
number of bits), THD+N (total harmonic distortion plus noise).
(6) The performance statistics of USF-Audio method is char-
acterized by (i) ratio of failure frames, (ii) 95th percentile
of RMSE; and (iii) worst case recovery max; RMSE;. (7)
The algorithm run-time is evaluated on a 2020 MacBook Pro
(8-core CPU, 8GB RAM). Datasets, sources, run-time, no. of
failure frames, high-percentile error metrics, and experimental
configurations are summarized in Tables II—VI.

A. Oversampling—-MSE Scaling: Constant-Factor Gain

Theorem 2 and (12) show that USF-Audio outperforms ADCs
as MSE, 5 ()\/gmax)2 MSEg. To verify this result, we
conduct the following numerical experiments: a random audio
signal is generated with maximal frequency of 10 kHz, which
is sampled with OF (oversampling factor) linearly spanning
from 7 to 12 and DRX from 10 to 38-fold. Using the
identical bit budget (3-16 bits), we evaluate relative MSE, i.e.,
MSE) 5/MSEp, after rectangular low-pass filtering (cut-off
frequency of 10 kHz), as a function of bit-depth (B) and OF.
This normalization underpins bit-scaling pattern of USF-Audio,
exposing the excess error induced by folding and recovery.
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TABLE II: Comparative Experiments: Parameters and Performance Metrics.

Frequency RMSE
(Hz) 9]l o DR (dB) SINAD (dB) ENOB THD+N (%) (x10-2)
ADC USF-Audio ADC USF-Audio ADC USF-Audio ADC USF-Audio
Controlled Experiment
200 523 39.67 58.06 29.18 4342 455 692 348 0.67 7.04
400 523 3922 5798 3288 4506 517 719 227 0.56 7.09
600 523 39.01 57.86 33.18 47.16 522 754 219 044 7.25
800 523 3933 5772 3405 4326 536 689 198 0.69 7.44
1000 523 39.36 5794 3394 4379 534 698 201 0.65 7.53
Speaker Experiment
200 5.17 40.01 5852 29.10 4243 454 676 351 0.76 6.94
400 5.17 4042 5745 3273 4478 514 715 231 058 6.89
600 5.37 39.66 5743 3356 4648 528 743 210 0.51 7.16
800 5.17 3945 5693 34.16 43.12 538 687 196 0.70 7.38
1000  5.37 39.96 57.92 3356 45.12 528 720 210 0281 7.23

As predicted by (12), USF-Audio theoretically outperforms
ADC with MSE gain ranging from 100- to 1444-fold, consis-
tently matching the [102,10%]-fold MSE reduction, as shown
in Fig. 5. These numerical experiments directly validate the
performance bounds derived in Theorem 2 and (12), offering
a quantitative support for the resolution and noise-floor gains
observed in previous subsections.

B. Effective Number of Bits (ENOB): Resolution Advantage

A defining feature of USF-Audio lies in resolution enhance-
ment at acquisition level (Layer 2, Table I), which redistributes
amplitude information in the analog domain via modulo
folding and reveals fine-scale signal structure even under
low quantization bit-depth. In contrast, post-hoc enhancement
approaches, such as dithering [22]-[24], noise shaping and
oversampling [8], operate at processing level (Layer 4, Table
I) and rely on signal priors [54], [55], where irreversible
information loss has already occurred at acquisition front-end.
To quantify this resolution enhancement, we resort to ENOB!'2,

Experimental Design. To isolate the source of resolution gain,
we design two complementary HW experiments:

1) Controlled Experiments. Single-tone generated by a wave-
form generator, sampled directly by a MADC, bypassing
the microphone. This isolates the acquisition pipeline and
eliminates acoustic and transducer non-idealities.

2) Speaker-microphone Experiments. Single-tone signals are
played through a loudspeaker and recorded using a micro-
phone followed by the MADC, capturing realistic analog
distortions and front-end non-idealities.

In each case, 5 tones ranging from 200 to 1000 Hz are tested
with N = 8918, Ny = 500 and A = 0.47. In parallel, an ADC
with the same nominal bit-depth (6 bits) records reference
measurements. Under this setting, the corresponding DRes
of the ADC and USF-Audio are 0.20 and 0.02, respectively.
Experimental parameters are summarized in Table II.
Beyond MSE, we report the signal-to-noise-and-distortion
ratio (SINAD), defined as the ratio of signal power to the
combined noise and distortion power. ENOB is computed as

12 A5 non-idealities such as quantization noise, distortion, and limited DR
reduce the number of usable bits, the nominal resolution of an ADC does
not fully characterize the digital precision, motivating the use of ENOB as a
practical metric of system resolution [14].

10
TABLE III: USF-Audio Dataset for Audio Declipping Experiments.
- Time
Dataset Description and Source (sec)
Numerical Experiments
BLS-1 o ) o 0.03
BLS-2 Bandlimited signal realization generated by 0.08
low-pass filtering a white Gaussian noise signal. :
BLS-3 0.16
DIGI-1 12
DIGI-2 Music from the musician 12
DIGI-3 Yuri Korzunov (32-bit,192 kHz) 12
DIGI-4 * https://samplerateconverter.com/free-audio-downloads 12
DIGI-5 12
Hardware Experiments
MPA .
Waveform Lab Experiment 0.05
Fiir Elise (or Bagatelle No. 25 in A minor) by Ludwig van
Fir Elise Beethoven, performed live on piano by Marnie Laird. 0.05
https://youtu.be/2fcX2dWmR6g
Canon- g Aeo . .
Gromov-c  Mixed Audio: Canon + Gromov interview 9
AWM-C Song Always With Me from the movie Spirited Away 10
(2001) - https:/lyoutu.be/tBSthP5LTZU
i 2 Same as above but with signal clipping
If-Kipling-3 https://youtu.be/sqOgyNfHI1U L2
if-Twm-c ~ Poem: If Tomorrow Starts without Me read by Tom 1
O’Bedlam - https:/lyoutu.be/8YMJclvpUlc
Heart- Apex Area S4 and Mid-Systolic Murmur from Heart 9
MM2 Sound & Murmur Library « https://shorturl.at/h6kF|

ENOB = (SINAD — 1.76)/6.02 [14] and is used to quantify
resolution improvement over the ADCs. Results in Table II
and Fig. 4 demonstrate that USF-Audio achieves considerable
improvement, at least'3:

Dynamic Range =~ SINAD ENOB
18 dB 14 dB 1.5 bits
Fig. 4 (a) Fig. 4 (b) Fig. 4 (c)

The ENOB gains do not arise from dithering, noise shaping,
or stochastic averaging; instead, they reflect advantages rooted
in acquisition-induced structure capture. This confirms the
acquisition-level principle of USF-Audio; resolution can be
reliably enhanced without increasing bit budget. This property
underpins the subsequent advantages in real-audio recovery,
perceptual quality, and clipping avoidance.

C. Eliminating Saturation as a Failure Mode

Declipping is a longstanding challenge that has driven
extensive algorithmic research [12], [13], [56], [57], which
aim to recover from clipped data using signal models, sparsity
priors, or perceptual heuristics. Despite these advances, SOTA
methods exhibit a well-documented performance ceiling under
severe clipping [12], [13]. From the APS perspective (Table
I), this limitation is structural rather than algorithmic: clipping
is inherently non-invertible, and once saturation occurs, the
information needed for recovery is lost. Conversely, USF-Audio
eliminates clipping by injecting analog-domain folding prior
to digitization, ensuring the recovery problem remains well-
posed in HDR conditions. To highlight this distinction, we
design two experiments focused on the clipping regime and

13These gains persist in the presence of microphone distortion and analog
non-idealities, indicating that the observed resolution improvement is not an
artifact of controlled laboratory conditions.
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TABLE IV: Audio Declipping: Datasets, Experimental Parameters, and Performance Metrics. RMSE statistics are reported for the recovered USF-Audio signal.

No. Failure Frames

Dataset llgll o Digital Resolution Noise Floor (dB) Acip N Input SDR (dB) ASDR (dB) RMSE Statistics Run Time o Frames
ADC USF-Audio ADC USF-Audio Mean 95th Percentile max; (sec)
(x1072) (x1072) (x1071)

BLS-1 10.20 6.23 x 1075 6.10 x 10~° -23.45 -52.11 0.51 20040 0.95 106.09 1.80 x 10~% 1.78 x 10~% 1.86 x 10~* 1 0/40

BLS-2 10.58 6.41 x 107° 6.10 x 10 -17.75 -47.68 0.53 50040 1.17 10428 1.85x 1073 1.85x 1073 1.92 x 10~* 1 0/100
BLS-3 10.17 6.16 x 107° 6.10 x 107° -24.01 -44.91 0.51 100040 1.24 103.84 1.78 x 1073 1.76 x 1073 1.87 x 1074 1 0/200
DIGI-1 10.00 5.96 x 1073 5.96 x 107% 1547  -6.46  0.50 2304000 1.86 159.89  1.72x 107% 1.73x 107¢ 1.86 x 1077 3 0/4608
DIGI-2 10.00 5.96 x 107 5.96 x 1078 1540  9.53  0.50 2304000 1.70 160.88  1.72x 107% 1.67 x 107% 1.84 x 107 3 0/4608
DIGI-3 10.00 5.96 x 1078 5.96 x 10=% 14.72  -1.47  0.50 2304000 2.10 159.00 1.72x 1075 1.75x 107% 1.83 x 107 3 0/4608
DIGI-4 10.00 5.96 x 1078 5.96 x 1073 13.08  -9.64  0.50 2304000 2.31 158.14  1.72x107% 1.70x 1075 1.86 x 1077 3 0/4608
DIGI-5 10.00 5.96 x 1078 5.96 x 107% -1.70  -7.45  0.50 2304000 221 15800 1.72x107% 1.72x 107¢ 1.96 x 1077 3 0/4608
Fiir Elise 4.13 0.01 0.01 9.09 -042 108 15615 5.17 32.17 430 2.17 3.75 5 0/31

MPA Waveform 3.11 0.01 0.01 1546  0.14 079 31240 5.94 35.29 2.02 2.09 0.61 5 0/62

If-Kipling-3 532 4.80 x 1073 4.80 x 1073 41.60 1641  0.53 2908453 4.70 27.16 3.42 3.25 4.61 193 0/5816
If-TWM-C 6.63 0.03 0.02 4145 2339 0.70 2833230 2.61 33.16 327 391 1.92 422 0/5666
Heart-MM2 6.10 0.01 0.01 4020 13.14  0.73 2015435 2.56 35.68 2.99 291 0.79 64 0/4030
MixCannon-Gromov-C  4.36 0.03 0.02 39.16 2347 0.66 2318684 436 27.28 3.59 3.72 3.09 159 0/4637
AWM-C 6.73 0.03 0.02 4097 23.18  0.70 2506310 2.08 32.12 3.52 3.04 2.02 790 0/5012
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(c) Insets at Different Time Resolutions show High Digital Resolution in USF-Audio
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Fig. 6: USF-Audio fundamentally avoids audio clipping while simultaneously offering higher digital resolution. (a) Quantitative comparison of declipping
methods quantified in terms of signal-to-distortion ratio (SDR) (see [12]). State-of-the-art declipping methods [12], [13] show their restriction to a 20 dB
ceiling. For extreme clipping scenarios (input SDR: 1 to 3 dB), the improvement is at best 11 dB. By contrast, numerical experiments, based on the USF-Audio
framework with different digital resolutions, consistently delivers at least a 30 dB improvement. Hardware experiments with 6 datasets with ~ 6 bit resolution
confirm our findings with numerical experiments. (b) High Dynamic Range (HDR) recovery via USF-Audio. In this experiment, we specifically use heart
murmurs (mid-systolic murmur); such waveforms are naturally HDR [15]. With || gHLoo = 6 and A = 0.5, we demonstrate HDR recovery. (c) Insets from (b)
at different time resolutions to provide a visual sense improvement in digital resolution from 0.1977 (6 bit, conventional case) to 0.0051 (7.5 bit, USF-Audio).

compare against SOTA declipping algorithms, using the best
reported SDR values among all methods from [12], [58], [59].

Exp-1: Numerical experiments (HDR stress test). We
conduct two sets of numerical experiments: (a) Bandlimited
signals (BLS in Table III with 192 kHz sampling rate) are
generated by low-pass filtering white Gaussian noise and
sampled using the same 14 bits for MADC and conventional
ADC; (b) Digital audios (DIGI in Table III with 32 bits and
192 kHz sampling rate) are re-sampled using the identical
24 bits for both MADC and conventional ADC. In all cases,
{Ny,A\} = {500,0.5} and reference signals are artificially
clipped at threshold A, (see Table IV) to emulate con-
ventional saturation. In contrast to Section V-D, reference
samples maintain higher digital resolution due to limited DR
region [—Aclip, Aciip]. The performance metrics such as RMSE
and ASDR are computed based on the known high-precision
ground truth. This enables a direct comparison with SOTA
declipping methods [12], [59] under identical input conditions.

Exp-2: Hardware experiments (real-world acquisition).
Audio signals are played through a Beoplay P2 loudspeaker

and acquired using the MADC with A 0.5. Simultane-
ously, two conventional ADC channels of identical nominal
quantization budget (6 bits) but different input ranges are
recorded: (i) a HDR ADC serving as proxy ground truth,
and (ii) a low-dynamic-range ADC producing clipped data.
Experiments include speech, music, instruments, bioacoustics,
and mixed content data digitized via the MADC. We quantify
the performance using the signal-to-distortion ratio (SDR),
following established declipping benchmarks [12]. Experimen-
tal configurations and datasets are summarized in Table III.
Results in Table IV and Fig. 6 show:

Numerical Experiments. Under extreme clipping conditions
(input SDR = 0.95-2.31 dB), USF-Audio achieves an average
recovery performance of ASDR = {104.74,159.18} dB for
{BLS,DIGI} datasets, near machine precision (see Table
IV). This corroborates exact recovery when USF feasibility
conditions are satisfied and directly validates the theoretical
guarantees underlying the USF-Audio (see Theorem 2). By
contrast, SOTA declipping methods exhibit a performance
ceiling even at higher bit-depths.
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TABLE V: Hardware USF-Audio Corpus.

- Time
Dataset Description and Source (sec)
Hardware Experiments
AWM Song Always With Me from the movie Spirited Away 10
(Music) (2001) - https://lyoutu.be/tBSthP5LTZU
Canon Pachelbel's Canon in D major by Marnie Laird and 13
(Music) Patrick Laird « https://youtu.be/Ptk_1Dc2iPY
Jazz Jazz piece “Take Five” by Dave Brubeck 12
(Music) * https://www.youtube.com/watch?v=vmDDOFXSgAs
%tiﬁgvars Star Wars Theme Song (1977) « htips://bitly/4sUZTHg 8
Kennedy President Kennedy's Man on the Moon Speech 14
(Speech) —May 1961 - https://youtu.be/GhgVZLrxiu0
Gromov Science Lives — Interview of Mikhail Gromov 12
(Speech) * https://youtu.be/pzZW6GYrdFDg
@smania  Tasmania by David Attenborough « hitps:/bitly/4dwhZuw 6
Ketterle Wolfgang Ketterle's Nobel Laureate Lecture (2001) at 7
(Speech) MIT - https://youtu.be/NoO7XKVmZC8
If-Kipling-1  If by Rudyard Kipling — Read by Sir Michael Caine * 8
(Speech) https://youtu.be/sqOgyNfHI1U
If-Kipling-2  If by Rudyard Kipling — Read by Sir Michael Caine * 7
(Speech) https:/lyoutu.be/sqOgyNfHI1U
If-Kipling-3 ~ Same as above but with signal clipping 12
(Speech) * https://youtu.be/sqOgyNfHI1U
f-TWM If Tomorrow Starts without Me read by Tom O’Bedlam * 11
(Speech) https://youtu.be/8YMJclvpUlc
Whale Audiovisual recording of Humpback Whales Singing * 11
(Biosounds) https:/lyoutu.be/UOkcvGPHsgk
Heart-MM Apex Area S3 Gallop from Heart Sound & Murmur Library 9

(Heart sound)

« https://shorturl.at/h6kF|

Hardware Experiments. Across all real-world datasets, the
end-to-end USF-Audio pipeline achieves an average perfor-
mance of ASDR = 31.84 dB using only 6 bits quantiza-
tion. Under identical clipping conditions, SOTA declipping
methods'* saturate at approximately a 12 dB improvement
even with 14 bits resolution. USF-Audio therefore maintains a
consistent ~ 20 dB advantage over SOTA declipping methods
under severe clipping scenarios (Fig. 6, Table III). Time- and
frequency-domain visualizations in Fig. 6 further reveal that
USF-Audio prevents saturation entirely, while preserving fine-
scale temporal and spectral structure that is irreversibly lost in
conventional measurements due to clipping or low-resolution.

Instead of interpreting these results as superior algorithmic
declipping, they actually demonstrate a categorical difference
in acquisition philosophy. Declipping algorithms attempt in-
version after a non-invertible operation; USF-Audio enforces
invertibility by design, ensuring that amplitude information
is never destroyed. Consequently, the dramatic SDR gains
observed here are not attributed to improved reconstruction
heuristics, but to the removal of clipping itself. In this sense,
declipping performance serves as a secondary evidence of a
deeper system-level principle: altering acquisition leads to the
removal of declipping problems.

D. Objective Audio Quality Assessment

USF-Audio translates to audio quality improvements without
content-specific tuning, enabling stable, large-scale recovery of
real-world audio under dense folding and HW non-idealities.

Experimental Design. We evaluate USF-Audio on 14 HW
datasets spanning speech, music, human, animal sounds, and

“When comparing with SOTA declipping methods, we pick the best
reported ASDR for a given SDR among all methods surveyed in [12], [59].
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Fig. 7: We perform a frame-wise evaluation of Objective Difference Grade
(ODG), a perceptual metric of audio quality, specified by the International
Telecommunication Union (ITU). We consider experiments with six differ-
ent USF-Audio datasets covering different audio genres: Speech (Kennedy,
Ketterle and Gromov), Music (Jazz, Canon) and Oceanic Sounds (Whale),
respectively. Our reconstruction achieves an average ODG value of —0.4966
which implies that the perceptual difference between ground truth and
reconstruction would be “imperceptible” to the human ear.

instruments (Table V), newly acquired using the MADC with
A = 1/2. Audio durations range from 6-14 s, resulting in up
to 10% samples, intentionally stressing long-duration recovery
and dense folding. Reconstruction is performed using the
frame-wise algorithm (Ngz = 500) USF-ARA in Algorithm 1.
An ADC pipeline of identical bit budget serves as reference.

Reconstruction accuracy is assessed via RMSE and noise-
floor measurements. Objective audio quality is evaluated using
the PEAQ metric (ITU-R BS.1387 1999), reported as Objective
Difference Grade (ODG) [12]. ODG is evaluated frame-wise to
expose potential temporal instability or local degradation. The
histogram of frame-wise processing time is shown in Fig. 9.

Across all datasets, see Table VI, USF-Audio yields: 1) an
average 12-fold DRX, 2) an average 18 dB improvement
in noise floor, and 3) an average 11-fold boost in digital
resolution. Frame-wise ODG evaluation over representative
datasets yields an average score of —0.4966, lying between
imperceptible and perceptible but not annoying and is closer
to the former (Fig. 7). Time-frequency representations in Fig. 8
(a5) and Fig. 8 (bs) further underpin preservation of fine
spectral structure that is suppressed in ADC measurements
(Fig. 8 (ag) and Fig. 8 (b3)). Across all tested corpora, the
average reconstruction RMSE is at the order of 1072 (see
Table VI), demonstrating the scalability and robustness of USF-
Audio, despite the presence of dense folding, voluminous data,
and HW non-idealities.

E. Perceptual Evaluation and Audio Survey

Study Objective and Scale. We conduct a controlled listening
study to test whether USF-Audio improves perceived audio
quality under dynamic-range-limited sensing, while remaining
perceptually transparent when such limitations are absent.
The study includes 52 participants, 10 audio excerpts, and 3
listening conditions: conventional audio (C-Audio), USF-Audio,
and clipped audio (CLIP). Each participant evaluated every
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TABLE VI: Audio Recovery Benchmarking: Datasets, Parameters, and Performance Metrics. RMSE statistics are reported for the recovered USF-Audio signal.

No. Failure Frames

Dataset DRX Digital Resolution Noise Floor (dB) Bit Depth Dynamic Range (dB) RMSE Statistics Run Time No. Frames
nP/ng ADC  USF-Audio ADC USF-Audo ADC USF-Audio ADC  USF-Audio Mean  95th Percentile  max; (sec)
(x1072) (x1072) (x1071)
Kennedy 9.50 0.12 0.02 37.82 25.78 6.09 5.83 42.05 54.43 5.05 3.19 4.09 170 0/6758
Ketterle 6.60 0.08 0.02 3291 21.19 6.23 5.75 40.89 52.37 2.07 1.22 1.87 31 0/3457
Gromov 1478 020 0.02 41.79 23.56 6.02 6.02 41.35 59.41 3.88 3.17 3.10 402 0/5935
Whale 1477 020 0.02 41.62 23.85 6.13 6.04 41.36 59.08 4.11 2.75 3.65 525 0/5705
Jazz 1259 020 0.02 41.73 23.14 5.70 6.02 40.09 58.65 3.25 3.56 2.59 317 0/6013
Cannon 1486  0.20 0.02 41.97 23.84 6.13 6.02 4147 59.46 3.68 3.06 4.64 489 0/6313
If-Kipling-2 1461 020 0.02 39.28 20.53 6.11 6.02 41.39 59.97 3.48 2.70 3.21 159 0/3436
If-Kipling-1 ~ 10.19 020 0.02 39.93 20.47 5.58 5.98 38.39 57.71 2.87 2.59 2.94 98 0/4116
StarWars 14.61  0.20 0.02 40.01 23.80 6.11 6.04 41.22 57.41 6.72 3.13 4.66 700 0/3918
Tasmania 1349 020 0.02 38.98 20.33 5.98 6.04 40.64 59.14 3.96 342 3.44 187 0/3173
If-Kipling 1135 020 4.80 x 1073  41.60 16.41 5.75 7.70 39.13 64.34 3.42 3.25 4.61 189 0/5816
Heart-MM 7.95 0.14 0.02 38.21 21.38 5.70 5.73 38.15 54.83 2.17 1.97 0.52 73 0/4298
If-TWM 13.88  0.20 0.02 41.45 23.39 591 5.75 40.96 58.97 3.27 391 1.92 422 0/5666
AWM 1433 0.20 0.02 40.97 23.18 6.07 5.78 41.19 58.90 3.52 3.04 2.02 784 0/5012
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Fig. 8: Demonstration of audio recovery from N o 109 USF-Audio measurements on 2 of the 14 different datasets. (a) Dataset Jazz (musical piece), (b)
Dataset If-TWM (combination of vocal and musical contents). Compared to the conventional Shannon-Nyquist framework, we show significant improvement
in the noise floor (at least 18 dB), signal dynamic range (approximately 13-fold), and digital resolution of 0.1971 volts (best case) for conventional case while
0.0156 volts with USF-Audio, using the same 6 bit budget. Finer audio details and features are clearly visible in the Short-Time Fourier Transform (STFT)
representation shown in (a5) and (b5), respectively. Initial demos and datasets are available at https://alumni.media.mit.edu/~ayush/USFAudio.
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Fig. 9: Histogram of frame-wise processing time of audio corpus (a)
Ketterle, (b) Heart-MM and (c) AWM reported in Table VI. The algorithm
run-time primarily depends on DRX. Under moderate DRX = 6.60, the
median run-time per frame is 0.003 sec for (a) Ketterle; while in the more
challenging scenarios (DRX = {7.95,14.33} for (b) and (c)), more modulo-
foldings occur, and finding unknown parameters {c;,n;} in (16) requires
longer processing time (median: {0.008,0.02} sec per frame for (b), (c)).

clip under all conditions, yielding 520 complete participant—
clip observations in a balanced within-subject design.

ACR-MOS Protocol and Rationale. Perceptual quality is as-
sessed using the ITU-T P.800 Absolute Category Rating (ACR)
protocol: listeners rate each stimulus independently rather than
against a reference. Raw web-interface scores s; . € [0, 100]
are mapped to the standard five-point ACR scale via y; 1, . =
14-43:ke and the Mean Opinion Score (MOS) is the average

100 °
of the converted scores y; .. € [1,5] across participants. We

use ACR-MOS rather than MUSHRA because the study asks
an absolute acquisition-quality question—how good does each
signal sound on its own after sensing and reconstruction—
rather than a reference-based discrimination question. This
is particularly important in the low-bit HW regime, where
saturation and wrap-around artifacts do not admit a single
perceptually valid reference.

Statistical Analysis and Interpretation. The primary analysis
is conducted at the participant level within the HW regime,
where each participant contributes one mean score per con-
dition averaged over the 5 hardware clips, avoiding pseudo-
replication across clips. Pairwise comparisons use two-sided
Wilcoxon signed-rank tests with Holm correction, and effect
sizes are reported using paired d, and rank-biserial correlation.
As shown in Fig. 10 and summarized in Table VII, USF-
Audio yields a clear perceptual improvement over conventional
audio in the 6-bit HW regime, where dynamic range is the
limiting factor (AMOSuw = +0.592, d, = 1.5275). Equally
importantly, in the high-bit DIGI control, conventional audio
is given an 8-bit numerical advantage: C-Audio is represented
at 32 bits, whereas USF-Audio is represented at 24 bits. Despite
this advantage for the conventional baseline, the two are
statistically indistinguishable (AMOSpig1 = +0.011, p =


https://alumni.media.mit.edu/~ayush/USFAudio
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TABLE VII: Descriptive statistics (MOS) for HW and DIGI regimes. Values
are computed over all complete participant—clip observations.

Dataset  Condition Mean SD 95% CI (Lo) 95% CI (Hi)
C-AuDIO 3.2155  0.8006 3.1178 3.3133

HW USF-Aubpio 3.8078 0.8693 3.7017 3.9140
CLIP 1.6166 0.5954 1.5439 1.6893
C-AuDIO 4.1508 0.6533 4.0710 4.2306

DIGI USF-Aubpio  4.1618  0.6490 4.0826 4.2411
CLIP 1.4735 0.5621 1.4049 1.5422

0.7489). Thus, USF-Audio improves perceptual quality pre-
cisely when conventional acquisition is dynamic-range limited,
and remains transparent even against a higher-bit conventional
reference when the acquisition regime is already perceptually
high fidelity. A complete description of the listening protocol,
dataset, and statistical analysis (including per-clip results and
robustness checks) is provided in the Supplementary Material.

FE Algorithm Run-Time Analysis

Algorithm run time is mainly governed by DRX, folding
non-idealities, and data volume. When folds are ideal, as in
the BLS and DIGI datasets, our method recovers million-scale
audio signals within a few seconds; see Table IV.

For real-world folded audio, hardware imperfections intro-
duce non-ideal folds, i.e., £4 [n] ¢ 2)\Z, increasing the number
of unknowns and hence recovery time. This trend is illus-
trated by the frame-wise run-time histograms for Ketterle
({DRX, N} = {6.60,1.73 x 10°}) and AWM ({DRX,N} =
{14.33,2.50x 10°}): higher DR produces more non-ideal folds
per frame and longer processing time; see Fig. 9 and Table VI.

Future work will improve audio recovery speed through
both hardware and algorithmic advances: reducing non-ideal
folds via improved folding-front-end design, lowering la-
tency through embedded or chip-level implementation, and
accelerating frame-wise recovery using optimized windowing
and compact transforms such as Discrete Prolate Spheroidal
Sequences for more efficient sparse recovery in (16).

VI. CONCLUSIONS AND LOOKING AHEAD

This work positions the Unlimited Sensing Framework
(USF) as a fundamental shift in addressing limitations in
Audio Signal Processing. Rather than treating clipping, coarse
quantization, and restricted dynamic range as distortions to
be corrected post-digitization, USF-Audio reframes them as
avoidable artifacts of the acquisition model. By redesigning the
sensing stage through controlled non-linear acquisition, USF-
Audio demonstrates that information loss at the analog—digital
interface is not inevitable.

Within USF-Audio, what is traditionally regarded as quan-
tization noise is shown to carry recoverable structure when
digitized deliberately. This perspective expands the notion of
audio representation: information need not be confined to
linear samples but can be encoded through controlled folding
in the analog domain. Consequently, the long-standing trade-
off between high dynamic range and high digital resolu-
tion—often considered fundamental—is revealed as a conse-
quence of acquisition rather than a physical limit.

USF-Audio
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Fig. 10: ACR-MOS distributions for the listening study across (a) hardware
(HW) and (b) high-bit digital (DIGI) regimes. Each violin shows the distribu-
tion of participant ratings (1-5 scale) for a given clip and condition: USF-Audio
(red), conventional audio (yellow), and clipped audio (blue). Mean MOS is
marked by “e” while “[0” is used for 95% confidence interval. In the HW
setting (6 bits), USF-Audio consistently shifts the MOS distribution upward
relative to conventional audio, demonstrating improved perceptual quality
under dynamic-range-limited acquisition. In the DIGI setting, conventional
audio is given an explicit 8-bit advantage (32-bit vs. 24-bit for USF-Audio),
yet the two distributions are nearly indistinguishable across all clips, indicating
that USF-Audio remains perceptually transparent even against a higher-bit
baseline. Clipped audio serves as a degraded anchor. Detailed statistical
analysis, including Wilcoxon tests with Holm correction and effect sizes, is
provided in the Supplementary Material.

Experimental results confirm that USF-Audio’s benefits
arise at the acquisition level and are largely content-agnostic.
Consistent gains across speech, music, biomedical sounds, an-
imal vocalizations, and historical recordings indicate that im-
provements do not rely on narrow signal priors or application-
specific assumptions. Furthermore, demonstrated stability at
audio scale establishes USF-Audio as not only a theoretical
construct but an engineering-viable sensing approach.

Looking Ahead. More broadly, USF-Audio stresses the im-
portance of hardware—algorithm co-design in audio signal
processing. As downstream processing and learning algorithms
advance, the quality and structure of data at the sensing stage
increasingly determine achievable performance. By elevating
acquisition from a fixed constraint to an active design di-
mension, USF-Audio opens new pathways for audio systems
that preserve information by design rather than compensating
for its loss. We anticipate that USF-Audio will open up new
capabilities at Layer 3 and beyond within the APS (Table I).

Direct applications span audio and speech processing,
acoustic scene analysis, bioacoustics, and medical acoustics. In
this context—and in light of the rapid rise of Al and machine
learning—a timely question emerges: is the prevailing digital
audio representation optimal for machine perception? This
question is meaningful because machine-perception systems
do not access the acoustic scene directly; rather, they operate
on the representation produced at acquisition. In USF-Audio,
clipping is avoided and the classical DR-DRes trade-off is
alleviated under a fixed bit budget, thereby preserving more
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information for Layer 3 and beyond within the APS. This is
also qualitatively reflected in the STFT visualizations in Fig. 8,
where Fig. 8 (a5) versus Fig. 8 (a3), and Fig. 8 (bs) versus
Fig. 8 (bs), reveal finer preserved spectral structure under USF-
Audio. Beyond such qualitative evidence, early classification
results [60] suggest that folded representation can improve
downstream inference. Together, these observations motivate
acquisition redesign as a promising direction for future ma-
chine listening, although a dedicated downstream benchmark
is beyond the scope of the present work.

APPENDIX

Notation. Let Z,R and C denote integers, real, and com-
plex numbers, respectively. We use Iy = {0,--- ,N —
1},N € Z% to denote the set of N contiguous integers.
Continuous functions and discrete sequences are written as
g(t),t € R and g|[n], respectively. The dynamic range
(DR) of a signal g (t) is defined as max; g (t) — ming g ().
Vectors and matrices are written in bold lowercase and up-
percase fonts, e.g. g = [g[1] g[N]T € RV and
G = [gnm) 5 € RN*M The L, (R) space equipped with
the p-norm is the standard Lebesgue space; L., denotes the
space of bounded functions. Spaces associated with sequences
are written as (. The max-norm (L.,) of a function is
defined as, |lgll, . = inf{co > 0 : |g(t)] < co}; for
sequences, we use, [g|, = max, |g[n]|. The Ly-norm

lglle, = /[ lg () dt while
for sequences, we have, | g|| ‘ ZnN:—01 g [n”2 The

vector space of polynomials with complex coefficients and
degrees no Kgreater than K is denoted by Py, for instance,
Q(z) = Y_1_, hxz" € Pk. Function derivative is denoted by
Og (t) while for sequences, the finite-difference is denoted
by (Ag)[n] = g[n + 1] — g[n]. The Fourier Transform of
g € Ly is defined by g(w) = [; g (t) e 7'dt. The Discrete
Fourier Transform (DFT) of a sequence g € ¢; is denoted by
glm] = 2070 g[n] e 7% Let VA denote the N x M Van-
dermonde matrix V4! = [ J’%,'m]nmeeﬂ]i”,fx = eI, Diagonal
matrices are denoted by Zk (h) with [Zk (h)], , = [h], o, -
The quantization operator is defined as 2, (g) = 2\ {%J
where |g] = sup{k €Z|k <g} is the floor function.
The mean squared error (MSE) between x,y € RN s
defined as E(x,y) ¥ L3N |z[n] —y[n][>. Given B
bits quantization, the digital resolution for an input signal
g(t) € Lo is defined as, 2n7 = 2|\g[l,_/ (2% —1). With
folding threshold A, we define Dynamic Range Expansion of
g as, DRX = nl/n? = |gll,_ /A We quantify clipping
severity using the input signal-to-distortion ratio (SDR) [12],

SDR (g, geiip) = 201logy, %, where gjip denotes clipped

version of g with threshold Agip 15 Restoration accuracy is
measured by, ASDR (g, gaip) = SDR (g, ) — SDR (g, gaip) >

where g is the reconstruction of g.

of a function is defined as,

Comparison with Alternative Hardware Solutions. Alterna-
tive HDR front-end strategies, such as dual-gain or multi-range

15Smaller Aclip leads to more severely clipped measurements; empirically
speaking, Acip < 0.1||g|ly,  results in an approximately 1-3 dB SDR,
suggesting over 50% samples are clipped [12].

ADC:s [19], [21], limiter/headroom approaches [61], and AGC
(automatic gain control)-based systems [21], improve robust-
ness to overload by either adding hardware paths or modifying
the signal prior to quantization. Dual-gain architectures require
multiple gain paths, calibration, and fusion; limiter/headroom
methods suppress peaks at the cost of altered dynamics; and
AGC avoids saturation through time-varying gain control, but
modifies the signal itself, and in doing so may distort or ob-
scure semantically important cues [62], [63]. Fundamentally,
in all such cases, the “6-dB per bit rule” [3] remains a digital
bottleneck. By contrast, USF-Audio changes the acquisition
itself via a single-channel analog-domain folding, yielding a
new digital representation. Its advantage is thus structural:
rather than managing the signal so that a linear ADC does
not clip, USF-Audio relieves the quantizer from representing
the full input DR, enabling simultaneous gains in DRX and
effective resolution under the same nominal bit budget.
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