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Abstract
Within the ambit of VoIP (Voice over Internet Pro-

tocol) telecommunications, the complexities introduced
by acoustic transformations merit rigorous analysis. This
research, rooted in the exploration of proprietary sender-
side denoising effects, meticulously evaluates platforms
such as Google Meets and Zoom. The study draws upon
the Deep Noise Suppression (DNS) 2020 dataset, ensur-
ing a structured examination tailored to various denois-
ing settings and receiver interfaces. A methodological
novelty is introduced via Blinder-Oaxaca decomposition,
traditionally an econometric tool, repurposed herein to
analyze acoustic-phonetic perturbations within VoIP sys-
tems. To further ground the implications of these trans-
formations, psychoacoustic metrics, specifically PESQ
and STOI, were used to explain of perceptual quality and
intelligibility. Cumulatively, the insights garnered under-
score the intricate landscape of VoIP-influenced acoustic
dynamics. In addition to the primary findings, a multitude
of metrics are reported, extending the research purview.
Moreover, out-of-domain benchmarking for both time
and time-frequency domain speech enhancement models
is included, thereby enhancing the depth and applicabil-
ity of this inquiry.
github.com/KonanAI/VoIP-DNS-Challenge
Index Terms: VoIP, speech enhancement, denoising,
psychoacoustics, explainable AI, cloud, cellular.

1. Introduction
Voice over Internet Protocol (VoIP) has firmly established
itself as an integral component of various communica-
tion paradigms, spanning corporate discussions to schol-
arly dialogues on global stages [1]. With its widespread
adoption, pertinent issues related to audio fidelity, clar-
ity, and preservation of acoustic nuances across multiple
platforms and settings have arisen [2].

In the sphere of acoustics and speech processing, the
capability of VoIP to maintain speech signal integrity dur-
ing real-time transmissions has been a longstanding con-
cern [3]. While challenges like packet loss, network in-
consistencies, and latency have historically commanded
attention [4], the contemporary integration of proprietary
noise suppression techniques by industry giants necessi-

tates a more intricate examination. Central to this dis-
course is understanding the impact of these advanced de-
noising systems on acoustics and their subsequent influ-
ences on our psychoacoustic assessments [5] [6] [7].

Drawing from the vast reservoir of speech processing
literature, this study establishes these goals:

1. To rigorously assess modern VoIP tools, focusing on
the potential acoustic anomalies arising from incorpo-
rated noise suppression algorithms [8].

2. To clarify discrepancies in audio fidelity and compre-
hension when sound travels across diverse devices,
covering both cloud-based and cellular modalities [9].

3. To identify out-of-domain challenges and limitations
faced by current speech enhancement models [10].

The scientific community’s quest to unravel these dy-
namics extends beyond academic curiosity. Every alter-
ation, subtle or pronounced, carries potential to signif-
icantly influence areas like voice recognition, transcrip-
tion services, and auditory perception across varying sce-
narios [11]. Thus, crafting a robust evaluative frame-
work is not only relevant but crucial for the anticipated
advancement of VoIP systems and their interplay with
speech processing infrastructures [12] [13].

2. Dataset and Experiment Design
The cornerstone of this investigation rests upon the uti-
lization of the Deep Noise Suppression (DNS) 2020
dataset. This dataset, recognized for its robustness within
the domain, encompasses a set of 150 test audio sam-
ples, each with a duration of ten seconds. In addition,
1200 training audio samples are synthesized, each span-
ning thirty seconds [14]. This structured compilation of-
fers both depth and breadth for analysis, reminiscent of
classic controlled experiment design [15].

Our research paradigm is oriented around three in-
dicator variables. The first is the selection of platform,
wherein Google Meets (G = 1) and Zoom (G = 0) have
been chosen. The second pertains to the sender-side de-
noising configuration within these platforms. For the
sake of terminological uniformity across the platforms,
we have streamlined the classifications to ”on” (D = 1)
and ”off” (D = 0) regardless of native platform-specific



Table 1: Regression Of STOI On Acoustic Error With Interactions

X0 X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15 X16 X17 X18 X19 X20 X21 X22 X23 X24 X25
X 1.23 0.01 -0.01 -0.04 0.00 -0.11 -0.03 0.03 -0.02 0.02 -0.01 0.22 0.01 0.02 -0.26 0.03 -0.06 -0.23 0.13 -0.47 -0.01 -0.29 0.52 0.33 -0.05 -0.22
G•X -0.02 0.02 0.05 -0.01 -0.01 -0.01 0.02 0.01 -0.00 -0.00 0.01 -0.02 0.01 0.06 -0.01 0.02 -0.07 0.00 0.01 -0.02 0.03 0.03 0.21 -0.01 -0.02 -0.20
C•X -0.09 -0.00 0.00 0.00 0.00 0.09 -0.00 -0.01 0.01 -0.02 -0.02 -0.05 -0.02 -0.04 0.15 0.01 -0.02 0.06 -0.11 0.46 -0.03 0.16 -0.55 -0.06 -0.03 0.11
D•X 0.08 0.04 -0.08 0.08 0.01 -0.02 -0.02 -0.08 0.01 -0.05 -0.08 0.01 -0.04 -0.04 0.05 0.00 0.05 0.20 0.01 0.33 -0.39 -0.04 -1.00 0.18 0.09 0.71
G•C•X 0.02 -0.03 -0.07 0.02 0.01 0.02 0.01 -0.01 0.01 -0.02 0.01 0.09 0.00 -0.04 -0.04 0.00 0.06 0.04 0.08 -0.02 -0.03 -0.15 -0.31 -0.04 0.08 0.26
G•D•X -0.13 0.02 -0.18 -0.02 0.05 0.04 -0.04 0.05 -0.01 0.01 0.01 -0.02 0.01 -0.06 -0.05 0.00 0.11 0.06 -0.08 -0.14 0.05 0.04 -0.12 -0.08 0.04 0.18
C•D•X -0.12 0.04 0.01 -0.07 0.02 -0.01 -0.04 0.01 -0.01 0.11 0.11 0.18 0.03 0.05 -0.38 0.03 0.01 -0.18 0.02 0.23 0.41 0.03 0.45 -0.30 0.00 -0.84
G•C•D•X 0.13 -0.09 0.20 0.05 -0.06 -0.03 0.11 -0.08 -0.00 -0.04 -0.05 -0.27 0.02 0.12 0.05 0.01 -0.19 0.03 0.00 -0.64 -0.20 0.16 0.46 0.10 -0.11 0.43

0.00 < P ≤ 0.01 0.01 < P ≤ 0.05 0.05 < P ≤ 0.10

Table 2: Blinder–Oaxaca Decomposition of STOI

G C D Endowment Coefficient Interaction Collective
1 0 0 0 -0.366 0.000 0.000 -0.366
G 1 0 0 -0.364 0.062 0.050 -0.252
C 0 1 0 -0.121 0.066 0.057 0.002
D 0 0 1 -0.339 0.018 -0.040 -0.361
G•C 1 1 0 -0.286 0.093 0.074 -0.119
G•D 1 0 1 -0.460 0.043 0.007 -0.409
C•D 0 1 1 -0.245 0.043 0.007 -0.196
G•C•D 1 1 1 -0.386 0.075 0.043 -0.269

designations. The third variable, and arguably of sub-
stantial import, focuses on the receiving interface, either
the platform’s remote cloud recording (C = 1) or the ex-
periment’s physical cellular phone recording (C = 0).

Our procedure involved each audio segment from
the dataset being transmitted using a virtual microphone.
This was interfaced with a NUC10i5FNH computer. This
equipment configuration ensures an optimal connectiv-
ity experience, with transmission data rates surpassing
300Mbps [16]. Synchronously, with the audio’s trans-
mission, a cloud recording was initialized on the respec-
tive platform, with an ensuing session on an A13 5G mo-
bile apparatus via a MixPre6-II audio interface [17] [18].
This methodological schema was steadfastly maintained
across platforms and denoising configurations.

Notwithstanding the rigorous approach, certain in-
herent limitations pervade. The VoIP-DNS-Tiny dataset,
while admirably congruent with the research objectives,
exhibits constraints. These include a certain uniformity
in network configurations, and a lack of variability in
sender-receiver locales and devices. Furthermore, the
dataset, while comprehensive, may be somewhat strained
under rigorous training procedures. An acknowledgment
of these limitations not only reinforces the integrity of
this study but also underscores the avenues for future re-
search aimed at refining our domain robustness.

3. VoIP Determinants Of Psychoacoustics
Within the comprehensive realm of VoIP telecommuni-
cations, we stand at an intersection of traditional under-
standing and the pressing need to delve into the intrica-
cies of acoustic transformations, especially given the con-
temporary sophistication of transmission algorithms [19].

Historically, we have leveraged traditional metrics, which
while robust, may not illuminate the full gamut of sub-
tleties introduced by the modern-day VoIP mechanisms
[3]. Consequently, this exposition directs its focus to-
wards an in-depth assessment employing PESQ [20] and
STOI [21], two metrics bearing significant psychoacous-
tic merit. These particular metrics, when viewed within
the broader constellation of acoustic parameters, allow us
to draw more granulated insights into the modulation pat-
terns of speech signals within VoIP systems.

This investigation diverges from convention by es-
chewing traditional recognition paradigms. Instead, it
casts its net over analytical frameworks, prominently fea-
turing the Blinder–Oaxaca decomposition [22] [23]—a
tool traditionally entrenched in the domain of economet-
rics. This analytical pivot seeks to accentuate the con-
trasts present between target and VoIP-altered acoustics.
This renders a robust, data-backed portrayal of the shifts
that transpire end-to-end over VoIP architectures [24].

3.1. Analytic Methodology

Let YPESQ[20] and YSTOI[21] denote perceptual quality
and intelligibility measures. Predictors {Xi}, where i ∈
[1, 25], are acoustic features. For a detailed and nuanced
reading of each acoustic, please refer to openSMILE. [25]

Table 3: Acoustic Speech Characteristics

Description Description
X0 Intercept (Constant 1) X13 shimmerLocaldB
X1 Loudness X14 HNRdBACF
X2 alphaRatio X15 logRelF0-H1-H2
X3 hammarbergIndex X16 logRelF0-H1-A3
X4 slope0-500 X17 F1frequency
X5 slope500-1500 X18 F1bandwidth
X6 spectralFlux X19 F1amplitudeLogRelF0
X7 mfcc1 X20 F2frequency
X8 mfcc2 X21 F2bandwidth
X9 mfcc3 X22 F2amplitudeLogRelF0
X10 mfcc4 X23 F3frequency
X11 F0semitoneFrom27.5Hz X24 F3bandwidth
X12 jitterLocal X25 F3amplitudeLogRelF0

Each feature refers to a distinct speech characteristic
using L1 norm to evaluate precision. The intercept is de-



Table 4: Regression Of PESQ On Acoustic Error With Interactions

X0 X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15 X16 X17 X18 X19 X20 X21 X22 X23 X24 X25
X 4.73 0.10 0.08 -0.51 0.03 -0.63 -0.06 0.10 -0.13 0.03 -0.13 0.58 0.03 0.30 -1.30 0.29 -0.72 -1.33 1.48 -0.47 0.38 -2.08 2.10 1.89 -0.30 -2.13
G•X 0.24 -0.11 0.27 -0.18 -0.02 -0.13 0.13 -0.11 0.06 -0.07 -0.01 0.09 0.09 0.15 -0.06 0.05 -0.39 0.02 -0.37 -0.41 -0.01 0.60 0.65 0.39 -0.35 -0.43
C•X 0.37 -0.71 0.34 0.13 0.05 0.19 0.47 -0.49 -0.23 -0.25 0.00 0.37 0.02 -0.45 0.30 -0.04 0.15 0.01 -0.82 0.87 -1.29 0.36 -1.71 1.32 -0.19 0.76
D•X 0.46 0.29 -1.31 1.35 0.05 -0.20 -0.21 -0.53 0.27 -0.23 -0.42 0.18 -0.15 -0.14 0.16 0.09 0.19 0.52 -0.48 1.01 -0.69 -0.43 -3.52 0.38 0.44 2.62
G•C•X 0.21 0.50 -0.27 0.10 0.02 0.23 -0.43 -0.16 -0.07 -0.22 -0.05 -0.18 -0.25 -0.10 0.15 0.04 0.59 -0.20 0.02 1.49 0.96 -0.53 -2.07 -0.78 0.10 0.71
G•D•X -0.94 -0.25 0.37 -0.24 -0.01 0.21 0.20 0.43 0.04 0.16 -0.06 -0.75 0.14 -0.14 -0.29 0.01 0.34 0.29 0.49 -1.90 -0.63 0.42 4.23 -0.81 0.36 -2.04
C•D•X -0.23 -0.20 1.24 -1.77 -0.01 0.13 0.06 0.82 -0.47 -0.58 0.42 -0.98 0.18 0.18 0.43 0.05 -0.56 0.61 -0.56 -2.29 0.51 1.60 4.78 -1.52 -0.04 -1.86
G•C•D•X 0.61 0.57 -0.24 0.39 -0.04 -0.80 -0.10 0.17 0.08 -0.44 0.43 0.96 0.18 -0.72 0.14 -0.15 -0.55 -0.46 -0.30 2.91 -0.22 -0.44 -3.07 2.61 -0.72 0.34

0.00 < P ≤ 0.01 0.01 < P ≤ 0.05 0.05 < P ≤ 0.10

Table 5: Blinder–Oaxaca Decomposition of PESQ

G C D Endowment Coefficient Interaction Collective
1 0 0 0 -1.872 0.000 0.000 -1.872
G 1 0 0 -1.800 -0.577 -0.055 -2.432
C 0 1 0 -0.798 -0.827 -0.556 -2.181
D 0 0 1 -1.625 -0.750 -0.402 -2.777
G•C 1 1 0 -1.501 -0.815 -0.354 -2.669
G•D 1 0 1 -2.188 -0.754 -0.273 -3.216
C•D 0 1 1 -1.365 -1.030 -0.641 -3.037
G•C•D 1 1 1 -1.934 -0.969 -0.480 -3.382

fined X0 = 1. We have three binary indicators:
1. G: 1 for Google Meets, otherwise 0 for Zoom.
2. C: 1 for Cloud Recording, otherwise 0 for Phone.
3. D: 1 for Speaker-side Denoising, otherwise 0.
We then formulate the main effects and interactions:

M = {1, G,C,D,G · C,G ·D,C ·D,G · C ·D}. (1)

Given each acoustic feature and interactions associ-
ated with coefficient θi,m where i ∈ [0, 25] and m ∈ M ,
outcomes YPESQ and YSTOI are modeled by:

Y =

25∑
i=0

∑
m∈M

θi,m(m ·Xi) + ϵ (2)

with ϵ indicating the residual variance, encompassing un-
explained variation.

Applying Blinder–Oaxaca decomposition, we unpack
the influence of any interaction I from M , segmenting the
total effect for clarity.[26] We employ the notation:

∆Xi = XiI=1 −XiI=0, (3)

∆θi,m = θi,mI=1 − θi,mI=0. (4)

The Endowment Effect is defined as:

∆XI =
∑
i

∑
m

∆Xiθi,mI=0. (5)

This delineates the variance from inherent differences in
the states of I , analogized as measuring variations due to
signal source alterations.

The Coefficient Effect is expressed as:

∆θI =
∑
i

∑
m

XiI=1∆θi,m. (6)

This elucidates the change in value of certain features de-
pending on I , akin to changes in filter coefficients.

The Interaction Effect is described by:

∆X∆θI =
∑
i

∑
m

∆Xi∆θi,m. (7)

This reveals the compounded impact when both feature
values and their coefficients shift together, mirroring si-
multaneous signal and processing alterations.

Conclusively, the cumulative variation due to I is:

∆YI = ∆XI +∆θI +∆X∆θI . (8)

This breakdown offers a deep understanding of the inter-
play between acoustic features and interactions in diverse
telecommunication environments.

3.2. Decomposition Of STOI On Acoustic Error:

The analysis of the Short-Time Objective Intelligibility
(STOI) metric in relation to acoustic errors reveals fas-
cinating insights. The base effect, which operates as
our benchmark, indicates an endowment effect of -0.366,
with no variations attributed to coefficient or interaction
effects. When examining the Google Meets (G) plat-
form, we witness an improvement, as the collective ef-
fect rises to -0.252 due to the coefficient and interaction
effects. Conversely, the Cloud usage (C) demonstrates a
virtually neutral collective effect, landing at 0.002. In the
case of Speaker-side denoising (D), the collective effect
closely mirrors the base at -0.361. The interaction effects
of Google Meets with Cloud (G C) and Google Meets
with Denoising (G D) exhibit collective effects of -0.119
and -0.409 respectively. The cumulative interaction of
Google Meets, Cloud, and Denoising (G C D) results in
a collective effect of -0.269.

3.3. Decomposition of PESQ On Acoustic Error

Turning our attention to the Perceptual Evaluation of
Speech Quality (PESQ) metric, a profound deviation
from the base effect of -1.872 is evident. The Google
Meets (G) environment, intriguingly, magnifies this to a
steeper -2.432 due to its coefficient effect. Cloud usage
(C) pushes the collective effect to -2.181, primarily driven
by its coefficient and interaction effects. The Speaker-
side denoising (D) effect indicates the most pronounced



Table 6: Comparison between Google Meet and Zoom Platform

Google Meet Zoom
Cloud Recording Cellular Mobile Recording Cloud Recording Cellular Mobile Recording

Sender Denoised Sender Natural Sender Denoised Sender Natural Sender Denoised Sender Natural Sender Denoised Sender Natural
Relay FSNet Demucs Relay FSNet Demucs Relay FSNet Demucs Relay FSNet Demucs Relay FSNet Demucs Relay FSNet Demucs Relay FSNet Demucs Relay FSNet Demucs

composite 0 2.18 -.06 +.56 1.65 +.66 +1.4 2.16 -.58 -.10 1.64 -.43 +.15 2.05 -.07 +.53 1.59 +.50 +1.3 1.63 -.35 +.02 1.25 -.02 +.46
composite 1 2.49 +.01 -.00 2.12 +.56 +.51 2.34 -.12 -.09 1.89 -.01 +.03 2.24 +.06 +.05 1.90 +.53 +.56 2.06 -.17 -.07 1.85 +.01 +.08
composite 2 2.21 -.01 +.28 1.61 +.75 +1.0 2.05 -.45 -.17 1.53 -.34 -.00 1.97 +.00 +.30 1.48 +.62 +1.0 1.61 -.37 -.07 1.29 -.07 +.20
csii 0 0.80 -.00 +.00 0.82 +.04 +.04 0.67 -.01 -.00 0.46 -.02 -.00 0.79 +.00 +.00 0.74 +.04 +.04 0.50 -.03 -.00 0.63 -.06 -.00
csii 1 0.67 +.00 +.00 0.63 +.08 +.09 0.55 -.03 -.01 0.31 -.01 +.00 0.65 +.00 +.01 0.58 +.08 +.09 0.39 -.05 -.01 0.47 -.05 -.01
csii 2 0.45 +.00 +.01 0.30 +.16 +.18 0.34 -.03 -.01 0.09 +.01 +.02 0.38 +.02 +.02 0.27 +.14 +.16 0.17 -.04 -.00 0.19 -.00 +.02
fwSNRseg 11.1 +.00 +.12 9.82 +1.8 +2.2 7.98 -.71 -.14 4.26 +.09 +.67 10.5 +.06 +.18 9.45 +1.9 +2.5 5.63 -.67 +.07 4.80 -.04 +.74
llr 1.59 +.03 -.32 1.64 -.05 -.60 1.44 +.18 -.00 1.51 +.17 -.11 1.52 +.06 -.26 1.58 -.00 -.55 1.52 +.08 -.02 1.71 -.04 -.26
ncm 0.83 -.00 +.00 0.79 +.08 +.09 0.72 -.06 -.02 0.59 -.08 -.01 0.88 +.00 +.01 0.79 +.09 +.10 0.68 -.15 -.03 0.67 -.11 -.01
pesq 2.25 +.02 +.00 1.64 +.79 +.63 1.98 -.28 -.24 1.55 -.15 -.16 1.92 +.07 +.07 1.46 +.68 +.63 1.70 -.35 -.18 1.55 -.16 -.17
SNRseg -0.7 +.08 +.04 -0.7 +1.6 +2.0 -0.2 +.40 +.34 -1.9 +1.0 +1.4 -1.5 +.23 +.25 -1.8 +1.9 +2.4 -1.2 +.34 +.40 -2.4 +1.4 +1.7
stoi 0.92 -.00 +.00 0.89 +.03 +.04 0.88 -.04 -.02 0.75 -.04 -.02 0.91 +.00 +.00 0.86 +.04 +.04 0.81 -.08 -.02 0.80 -.06 -.03
wss 24.6 -.22 +1.2 35.8 -10. -11. 31.3 +1.6 +.28 52.2 +1.6 -3.0 30.9 -1.8 -.88 44.3 -12. -15. 43.9 +4.2 +1.5 53.0 -1.2 -7.2

Negative Change Over Relay Positive Change Over Relay

drop at -2.777, stemming largely from its endowment and
coefficient effects. The dual interactions of Google Meets
with Cloud (G C) and with Denoising (G D) lead to col-
lective effects of -2.669 and -3.216, respectively. Lastly,
the trilateral interaction (G C D) reaches the deepest col-
lective effect of -3.382, encapsulating the intricate dy-
namics of these three parameters in tandem.

In the intricate landscape of VoIP telecommunica-
tions, these findings underscore the necessity to delve
beyond traditional paradigms. Our analytical foray into
the PESQ and STOI metrics unravels the delicate tapestry
of interactions that govern the acoustic fidelity in a VoIP
setup. By deploying the Oaxaca decomposition, a tech-
nique primarily nestled in the precincts of econometrics,
we’ve been able to discern the nuanced contrasts that
arise when speech undergoes VoIP transformations. This
analytical exercise not only bolsters our grasp over these
transformations but also paves the way for future endeav-
ors that seek to refine the acoustic experience in VoIP-
mediated communications.

4. Speech Clarity and Quality Evaluation
In the context of VoIP systems, quantifying speech clar-
ity and audio fidelity is paramount. Our methodical eval-
uation using the pysepm evaluation suite [27] provides
insights into the objective measures indicative of speech
quality and intelligibility in VoIP transmissions [20] [28].
Specific models such as time-domain Demucs [29] and
time-frequency domain FullSubNet (FSNet) [30] exhibit
varying degrees of improvement or degradation, con-
tingent upon the environment. Notably, cloud record-
ings hint at potential enhancements, whereas cellular sce-
narios typically indicate a likely deterioration in perfor-
mance. An intriguing observation is that FullSubNet,
when applied to Google Meets without speaker-side de-
noising, outperforms its counterpart with speaker-side de-

noising. As the results span a spectrum of outcomes,
readers are urged to delve deeper and select metrics that
resonate most with their application’s requirements [31],
informing integration decisions in VoIP deployment.

5. Conclusion

In the rapidly evolving realm of VoIP telecommunica-
tions, there exists an acute need for datasets that can cap-
ture the true essence and challenges of speech dynamics
in this domain. The VoIP-DNS-Tiny dataset introduced
and utilized in this study stands as a significant milestone
in fulfilling this need. While our innovative approach,
leveraging the Oaxaca decomposition technique, demon-
strates one possible methodology to examine the intrica-
cies of VoIP-modulated acoustics, the dataset’s true po-
tential lies in its relevance to IP use cases.

By providing a comprehensive suite of VoIP samples,
complete with variations in denoising settings and re-
ceiver types, our dataset offers an invaluable canvas for
researchers and technologists to rigorously test, refine,
and benchmark their models. The out-of-domain nature
of the set especially underscores the importance of real-
world context in model evaluation. Before deployment in
actual VoIP scenarios, understanding a model’s behavior
on this dataset can serve as a litmus test for its robustness
and reliability.

Looking forward, we encourage the wider academic
and industrial communities to harness this dataset’s po-
tential. Whether it’s to validate existing models or pio-
neer novel methodologies, VoIP-DNS-Tiny promises to
be an instrumental tool. Our future work will diver-
sify broader experimental designs, encompassing varied
network configurations, hardware, and global nuances.
Through collective endeavors, we aspire to catalyze ad-
vancements in VoIP research, paving the way for en-
hanced user experiences worldwide.
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