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Abstract

Supervised speech enhancement has gained significant progress
from recent advancements in neural networks, especially due to
their ability to non-linearly fit the diverse representations of tar-
get speech, such as waveform or spectrum. However, most of
them continue to face issues with degraded speech and resid-
ual noise in challenging acoustic scenarios. In this paper, to
alleviate the above issues, we propose a residual iterative voice
correction framework to further correct the acoustic structure
of the speech pre-enhanced by existing enhancement solutions.
Concretely, inspired by the chain rule for information, we per-
form multiple corrections in a residual iterative manner to re-
fine the spectral structure details of pre-enhanced speech. Ex-
perimental results on the DNS-Challenge dataset show that our
solution consistently improves 0.3+ PESQ score over baselines,
with only an additional 1.18 M parameters.

Index Terms: Monaural speech enhancement, articulatory
mechanism, deep learning.

1. Introduction

Monaural speech enhancement focuses on extracting the tar-
get speech from the noisy mixture, aiming to improve both
the quality and intelligibility of speech. Traditional speech en-
hancement methods usually rely on mathematical formulas de-
rived from assumptions about the statistical characteristics of
speech and noise, such as spectral subtraction [1], Wiener filter-
ing [2] and subspace-method [3]. Recent data-driven speech
enhancement methods have achieved significant performance
gains by employing neural networks to fit the non-linear map-
ping relationship between the input noisy speech and the tar-
get speech, avoiding the traditional statistical assumptions. The
existing data-driven direct-fitting methods can be categorized
into two streams, namely time-domain and frequency-domain
methods. Time-domain methods [4, 5] aim to model the dis-
tribution of waveform via speech encoding and decoding oper-
ations. In contrast, frequency-domain methods [6-8] work by
separating noisy complex spectrum into either magnitude-phase
or real-imaginary components to minimize the distance to target
speech’s complex spectrum.

Recently, researchers have found that these direct-fitting
methods continue to face difficulties in addressing speech over-
suppression and noise under-suppression [9, 10], which neg-
atively impact hearing perception, especially in challenging
acoustic scenarios. Essentially, the direct-fitting methods lack
explicit modeling of the acoustic structural patterns of speech.
Since the acoustic characteristics inherent in speech lead to cor-
responding spectral features (e.g., comb-like harmonic struc-
ture [11]), they are expected to serve as anchors to help the

* denotes the corresponding author.

model distinguish speech from noise. Some studies [11-14]
have shown that preserving intrinsic acoustic characteristics
of speech (e.g., articulatory and auditory perceptual attributes
[15-18]) can ensure that the enhanced speech remains consis-
tent with human hearing perception. As these acoustic charac-
teristics are closely linked to speech production and auditory
perception of human speech, refining corresponding speech-
specific structural patterns in speech processing can make the
enhanced speech sound more natural as compared to direct-
fitting solutions. Motivated by this fact, we rethink the speech
enhancement task and prompt a research question: Could we
systematically correct the unnatural acoustic structure in en-
hanced speech from existing enhancement solutions to further
align with the hearing perception of target speech?

To answer this research question, we propose a residual it-
erative voice correction framework named VOICOR. Motivated
by the multi-stage speech enhancement strategies [19-21],
we decouple the estimation of the target spectrum into pre-
enhancement and correction components. Building upon any
existing enhancement solution as the pre-enhancement com-
ponent, the correction component is employed to correct the
pre-enhanced speech for hearing perception by leveraging the
acoustic characteristics of speech. Different from the phase re-
pair via spectrum decoupling of multi-stage strategies, in the
correction component, we take the comb-like harmonic struc-
ture generated by vocal tract resonance as the key for acoustic
structure correction. In addition, inspired by the chain rule for
information, we further decouple the correction component into
acoustic structure extractor and multiple correctors in a resid-
ual iterative manner. By doing so, the proposed VOICOR can
recalibrate spectral details by accessing harmonic patterns for
further improving the hearing perception of target speech.

2. Problem Formulation

For supervised learning, the Information Bottleneck principle
suggests that the goal is to efficiently capture and represent the
relevant information in the input variable about the output-label-
variable [22]. Specific to supervised frequency-domain speech
enhancement, the goal is to estimate the complex spectrum S
of the target spectrum S from noisy input X [23]. Based on
the above discussions, we rethink the spectrum estimation and
express it as an incremental convergence process. That is to
say, the estimated spectrum S should contain as much effective
information of the target spectrum S as possible. Therefore, the
desired objective I" can be formulated as maximizing the mutual
information between S and S, shown as,

I =1(5;9) (1)

In terms of the objective in direct-fitting methods, the es-
timated spectrum may not entirely align with the articulatory
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Figure 1: An overview of our VOICOR, which consists of a pre-enhancement module, an acoustic structure extractor, and residual
iterative corrector. VOICOR corrects the acoustic structure of pre-enhanced speech in a residual iterative manner. The block details

are given below the overall framework.

principle of natural human speech, which typically manifests
as the degraded acoustic structure (e.g., incomplete harmonic)
and residual noise in the spectrum. To recalibrate the spectrum,
we decouple the estimation of target spectrum further into pre-
enhancement term S‘p obtained from existing enhancement so-
lutions and acoustic structure correction term § r. The correc-
tion term S + can be utilized to repair the pre-enhanced result
S'p, thereby improving the hearing perception of final output S.
In other words, if we assume there is statistical dependence be-
tween the distributions of S’p and S t, the remaining information
of the target spectrum S that has not been fully captured by the
pre-enhancement term S’p can be supplemented by incorporat-
ing the correction term S . Thus, Eq (1) can be rewritten as,

I'=1(S, 5 5) )

Given the chain rule for mutual information, Eq (2) can be fur-
ther derived via IV sub-items for practical implementation. This
derivation process is represented as,

T = I(Sp; S) + 1(Ss; 515y)
N N N JUN .
=1(Sp; S) + Zi:l I(Sy;581Sp, Spys s Spi_y)

From the above equation, it is clear that existing direct-
fitting speech enhancement solutions primarily focus on opti-
mizing the first term in Eq (3). Unlike the existing direct-fitting
solutions, our solution aims to explore whether it is possible
to correct the unnatural acoustic structures in existing solutions
using additional information from the second term in Eq (3).

3

3. Proposed VOICOR

3.1. Overview

Motivated by the redefinition of speech enhancement in Sec. 2,
we borrow the idea from chain rule and propose a residual iter-
ative voice correction framework called VOICOR, as illustrated
in Fig. 1. Our VOICOR views the voice correction process as
a multi-variate fitting problem, where the non-linear correction
function can be parameterized by the residual iterative corrector
in Fig. 1. In practice, based on decoupling the desired objective
into pre-enhancement term and iterative corrections in Eq (3),
we thus parameterize the final output S and correspondingly
decouple the forward computation F,, (X) as,

N
S=Fu(X) =8+ Ri(AS,

i=1

S;) @

where S,, A, and S +, represent the features respectively pro-
duced by pre-enhancement module (PEM), acoustic structure
extractor (ASE), and i-th corrector R; of residual iterative cor-
rector (RIC), with the special condition that Sy, = 0, as shown
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in Fig. 1. We implement the chain rule in Eq (3) as dual paths
in a residual iterative manner. Dual paths consist of the A-Path
and S-Path, marked in red and green in Eq (4), respectively.

Fig. 1 shows the architecture of the proposed VOICOR. The
input is the noisy complex spectrum computed by Short-Time
Fourier Transform (STFT), denoted as X € RT*2F where T
and 2 - F' denote the number of time frames and frequency bins
(real and imaginary parts). Any spectrum estimation approach
can serve as the PEM, and its result S'p € RT*%T is consid-
ered as a preliminary enhanced output. The modulated feature
A € RT*CXF with the highlighted acoustic structure informa-
tion extracted from X is further utilized by the RIC to perform
structural corrections on S, through the residual iterative man-
ner. ASE and RIC work together as a correction component,
acting on the PEM in a post-processing style.

3.2. Acoustic Structure Extractor

The acoustic structure extractor is designed to extract acous-
tic structural features based on the articulatory mechanism and
conducts dimensionality expansion on the channel dimension
during the processing. Concretely, we stack Conv block, Har-
monic Integration [24], and DPRNN [25] to form ASE. Given
the noisy spectrum X, the Conv block first roughly filters the
input, which consists of a causal 2D convolution (Conv) fol-
lowed by Batch Normalization and PReLU. Then, Harmonic
Integration actively learns to calculate the location of harmonics
in the spectrum, according to a comb-pitch conversation matrix
Q € RYXF with L pitch candidates, as shown in Fig. 1. The
process can be formulated as,

H = softmax(Conv(X32) - Q7) - Q, )
where H € RT*Y*F can be seen as a reorganized representa-
tion of (), which contains the distribution of harmonics. Then,
we can utilize H to highlight the harmonic structure, shown as,

(6)

where ® denotes the element-wise multiplication, and P rep-
resents the feature with the highlighted structure information.
Finally, DPRNN [25] (i.e., DPRNN(-)) is used to further gener-
ate the acoustic structure feature A with articulatory attribute,

@)

P = Conv(Conv(Xin) ® Conv(H)),

A = DPRNN(P)

3.3. Residual Iterative Corrector

The residual iterative corrector is designed to correct the pre-
enhancement term S'p from PEM using the acoustic structural
feature A from ASE. As shown in Fig. 1, the residual iterative
corrector consists of multiple interconnected sub-correctors that



collectively establish a sequential chain configuration. Specif-
ically, we take the i-th corrector R; as an example, given the
extracted acoustic structure feature A and the residual spec-
trum that needs to be corrected after previous (i—1) corrections
S'p - Z;;(l) S 1, the current ¢-th corrector is capable of identi-
fying the harmonic locations through comb-pitch conversation
matrix (), allowing the acoustic structure A to fill in the gaps
within the residual spectrum gp — Z;;E s #; at those specific
harmonic locations. The process can be denoted as,

i—1

P; = HI{BN(Conv(Concat(4, 5, — >~ 5;))),Q}, (8)

§=0
where HI(-), BN(-), and Concat(-) represent the Harmonic
Integration, Batch Normalization, and concatenation, respec-
tively. To strengthen the information interaction between dif-
ferent dimensions (i.e., time, frequency, and channel dimen-
sions), we further employ frequency-channel Recombination
(i.e., FCR(+)) and DPRNN followed by a Conv to adjust the
spectrum again. Thus, the ¢-th correction can be defined as,

S5 = Ri(A4, 5= ;Sfj) = Conv(DPRNN(FCR(P,)))
&)

More details of this processing are shown in Fig. 1.

3.4. Dual Paths in Residual Iterative Manner

As an instantiation of the chain rule in Eq (3), we propose a
residual iterative manner to realize collaborative interaction be-
tween each module in VOICOR. To maximally simulate the
interaction of mutual information in Eq (3), we introduce S-
Path and A-Path as two forward computation paths to imple-
ment the residual iterative manner. As mentioned before, the
S-Path (green line in Fig. 1) is a residual connection [26] es-
tablished between pre-enhancement term S'p and j-th corrector
output S ;> which performs subtraction operation, formulated
as 5'p - Z;;é S ;- The A-Path (red line in Fig. 1) performs ad-
dition operation between Sp and i-th corrector output S t,, for-
mulated as S'p + vazl S 1, By filtering out the corrected spec-
tral feature S 7, from S'p, the S-Path enables each corrector to
progressively focus on the remaining spectral details that PEM
and previous correctors fail to capture. Through the A-Path,
each correction term R; (A, S, — E;;é S f,) is skip-connected
with the S'p to form the final output S of VOICOR, ensuring
direct optimization of each module during the end-to-end train-
ing. In this way, multiple correctors are stacked collectively to
achieve systematic recalibration of the acoustic structure.

3.5. End-to-End Training

The entire framework is trained in an end-to-end manner. To
this end, the integration of the articulatory attribute into the
framework, along with the incorporation of auditory percep-
tual attribute in the loss function, can be viewed as mutually
reinforcing elements. We introduce a combination of time-
domain sample-level SI-SNR [27] and human psychoacoustic
perception-based PMSQE [28] as the overall loss function,

L=Lsi—sNr+ LPMsSQE (10)

4. Experimental Setup

We conduct experiments on the data taken from the 2020 DNS-
Challenge [29], which has 500 hours of clean speech from 2150
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speakers and over 180 hours of noise from 150 classes. We
generate 100 hours of noisy speech for the ablation and gener-
alizability experiments and 300 hours for the final comparison,
respectively. The signal-to-noise ratio (SNR) ranges from -5 dB
to 20 dB. The dataset is partitioned into a training set and a val-
idation set in a 4:1 ratio. For testing audio, the SNR is between
-5 dB and 30 dB, comprising a total of 10 hours of noisy speech.

The 32 ms Hanning window with 25% overlap and 512-
point STFT are used. The channel numbers of ASE and each
corrector are {6,12} and {6,2}, respectively. The kernel size of
convolution in Conv block and Harmonic Integration are (5,2)
and (1,3), respectively. The stride of all convolution is (1,1).
The head numbers of Harmonic Integration and frequency-
channel Recombination are 4, 8, and 1, respectively. Model
training is conducted using PyTorch with the Adam optimizer.
The initial learning rate is set to 0.001, and a 0.75 learning rate
decay will be applied if the validation loss does not decrease for
3 consecutive epochs.

To provide a comprehensive assessment, we employ the
number of the parameters (Para.), perceptual evaluation of
speech quality (PESQ) [30] for speech quality, scale-invariant
signal-to-distortion ratio (SI-SDR) [31] for speech distortion,
and short-time objective intelligibility measure (STOI) [32] for
intelligibility. In the last three metrics, higher values indicate
better performance.

5. Results and Analysis
5.1. Ablation Study

We utilize DPCRN [7] as the PEM (i.e., VOICOR [DPCRN])
for the ablation study. As shown in Table 1, with the number
of correctors N increasing from 1 to 4, objective metrics show
an initial rise followed by a slight decrease in trend. Compared
with the enhanced results utilizing only DPCRN as PEM with-
out correction (i.e., N=0), the proposed framework with 3 cor-
rectors (i.e., N=3) has improved PESQ by 0.187 and SI-SDR
by 0.896 dB. This improvement can validate the effectiveness of
the proposed framework. When IN=4, the slight drop can be at-
tributed to the following reason. Correction is mainly reflected
in the repair of low-energy details of the spectrum. When N=3,
each corrector has already captured the acoustic structure in-
formation to a great extent. Therefore, redundant modification
(i.e., N=4) is detrimental to spectrum reconstruction. It is note-
worthy that different PEMs result in different pre-enhancement
terms, consequently causing variations in the maximum value
of N. Hence, leveraging the post-processing style of our frame-
work, an appropriate number of correctors can be applied to dif-
ferent spectrum estimation methods. Furthermore, we increase
the number of convolutional channels in DPCRN to be com-
parable in parameters with the VOICOR with 3 correctors, de-
noted as PEM (DPCRN large). The experimental result shows
that blindly increasing the parameters of model is not advis-
able. Starting from the underlying articulatory mechanism, rea-
sonable parametric modeling is helpful to achieve better perfor-
mance with fewer additional parameters.

We also compare using only Lgr—snr as the loss func-
tion by removing auditory constraint loss function Lparsqe
(i.e., -AC). One can see that the auditory and articulatory at-
tributes effectively reinforce each other within the established
framework. This is also closely related to the aforementioned
characteristics of human speech. Further removing ASE (i.e., -
ASE) during the correction process results in an obvious drop in
objective metrics. This directly confirms the structural features



extracted by ASE effectively assist in calibrating the spectrum.
In other words, the prerequisite for RIC to make reasonable cor-
rection is that correction should be consistent with articulatory
mechanism.

Table 1: Ablation study on our 10 hours test dataset.

| N | Para. (M) | PESQ SI-SDR(dB) STOI (%)
0 1.64 2771 20.389 94.40
VOICOR [DPCRN] 1 1.97 2.935 21.219 95.02
w/ N correctors 2 2.25 2.941 21.262 95.14
wlo AC 3 2.54 2.958 21.285 95.06
4 2.82 2.909 21.113 94.92
PEM (DPCRN large) | 0 | 295 | 2774 20.380 94.39
VOICOR [DPCRN] | 3 2.54 3.072 21520 95.36
-AC 3 2.54 2.958 21.285 95.06
- ASE 3 247 2.687 19.943 93.96

5.2. Generalizability of VOICOR

Besides DPCRN, we additionally select two spectrum estima-
tion strategies for further exploration, including the baseline
method NSNet [33] from the 2020 DNS challenge and CRN [6].
As shown in Table 2, the generalizability of VOICOR enables it
to better adapt to different PEMs. First, it is not surprising that
CRN achieves greater improvement in objective metrics com-
pared to NSNet. NSNet optimizes only the magnitude and re-
tains the noise phase, while CRN estimates both the real and
imaginary parts to enhance the magnitude and phase responses
of noisy speech. Then, we focus on the improvement in ob-
jective metrics brought by VOICOR after applying the same
number of correctors (N=4). Correcting NSNet (i.e., VOICOR
[NSNet]) has improved PESQ by 0.555, SI-SDR by 3.437 dB
and STOI by 3.50 %, while correcting CRN (i.e., VOICOR
[CRNT]) has improved PESQ by 0.302, SI-SDR by 1.009 dB and
STOI by 0.92 %. This can be attributed to the fact that the un-
optimized noise phase in NSNet, which provides VOICOR with
greater room for improvement. On the other hand, CRN pro-
vides VOICOR with finer correction space by offering a more
stable pre-enhancement term. So in terms of the final upper
bound, one can see that VOICOR [CRN] is higher.

Table 2: Generalizability experiments for different PEMs on our
10 hours test dataset.

Model | Para. (M) | PESQ SI-SDR (dB) STOI (%)
NSNet 279 | 2274 17.023 91.06
VOICOR [NSNet] | 397 | 2829 20460 94.56
CRN 170 | 2732 20295 94.31
VOICOR [CRN] 288 | 3034 21304 95.23

5.3. Visual Analysis

To conduct a more in-depth analysis of the specific implica-
tion of correction, we visualize the output of each module in
VOICOR [CRN] with 4 correctors, as shown in Fig. 2. Despite
the noticeable improvement in the output of PEM, there are still
issues related to noise residue and speech degradation (color-
ful boxes in Fig. 2(c)). Fig. 2(d) shows that VOICOR not only
removes the residual noise in the white box but also enhances
the harmonic structure of speech in the green box, actively cor-
recting the acoustic structure. The output of each corrector not
only presents sparse comb-like details of the spectrum, but also
systematic harmonic patterns in different frequency bands.

5.4. Comparison on Public Test Dataset

Compared to the outstanding solutions on the public test set
of DNS-Challenge 2020, as shown in Table 3, our proposed
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VoICOR using DPCRN as the backbone of PEM achieves com-
petitive performance with minimal model parameters. The su-
periority of the proposed framework over the complex-spectrum
methods (e.g., DCCRN/DCCRN+) is predictable. For the
FullSubNet+ with 8.67 M parameters, VOICOR achieves bet-
ter performance with only 29% of its parameters. For the
HGCN, which only performs harmonic compensation, our so-
lution shows comprehensive improvement in objective metrics.
It is also superior to the approach that combines DNN with a
speech production model (GARNNHS). Moreover, as for mul-
tiple objective metrics, our VOICOR outperforms an advanced
method of hierarchical optimization in the complex spectrum
(GaGNet), with 43% of its parameters.

Table 3: System comparisons on DNS-Challenge 2020 test set

without reverberation. “-” denotes no published result.
Model |Para. (M)|PESQy; PESQyy SI-SDR (dB) STOI (%)
Noisy - 1.58 245 9.07 91.52
DCCRN [8] 3.70 - 3.27 - -
DCCRN+ [34] 3.30 - 3.33 - -
FullSubNet [35] 297 2.78 3.31 17.29 96.11
FullSubNet+ [36] 8.67 2.98 3.50 18.34 96.69
HGCN [11] - 2.88 - 18.14 96.50
CARNNHS [14] - 2.89 3.43 18.80 96.70
GaGNet [19] 5.94 3.17 3.56 18.91 97.13
VoI1CoRr [DPCRN]‘ 2.54 ‘ 3.09 3.61 19.56 97.25

6. Conclusion

In this work, we proposed a universal framework named
VOICOR to correct the acoustic structure of pre-enhanced
speech. From a novel perspective of decoupling mutual infor-
mation, we decomposed the framework into pre-enhancement
and correction components. To recalibrate the sparse spectral
details, we further decoupled the correction component into
acoustic structure extractor and multiple correctors in a resid-
ual iterative manner inspired by the chain rule for information.
Experiments reveal the superior performance of the proposed
light-weight correction method.
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