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Abstract—This paper introduces a novel multi-stage speech en-
hancement (SE) algorithm that leverages cascaded signal-to-noise
ratio (SNR) domain shifts to improve enhancement performance.
The proposed method decomposes the SE task into multiple
stages, where each stage’s output SNR is optimized for the next
stage’s input. By training models on distinct SNR domains and
using post-processing fusion, the approach effectively elevates low
SNR inputs to higher, more optimal SNR domains. Experiments
on CHIiME-4 and DNS2020 datasets demonstrate significant
improvements in objective intelligibility and perceptual quality,
showcasing the effectiveness of SNR domain shifts in multi-stage
enhancement. This work provides new insights into designing
efficient multi-stage SE models.

I. INTRODUCTION

Speech enhancement (SE) [1] algorithms aim to remove
background noise from noisy audio while minimizing any
degradation to the naturalness of the clean speech. Due to
limitations such as the model’s representation capability and
differences between simulation and real-world environment,
current speech enhancement still faces significant challenges in
practical applications [2]. Multi-stage enhancement has been
proven effective in improving the performance of enhance-
ment models compared to single-stage enhancement by many
researchers.

Some multi-stage enhancement algorithms can be sum-
marized as an enhancement-restoration paradigm. Lu et al.
incorporated a spectrogram refinement network at the end
of a standard speech enhancement model [3]. Hao et al.
decomposed the enhancement task into a two-stage structure
where the first stage removes time-frequency bins heavily
contaminated by noise in the speech spectrum, and the second
stage repairs the spectrum holes left after removal of the
first stage [4]. The design of these multi-stage enhancements
benefits from the increase in model size and joint training with
multiple objectives, achieving certain performance improve-
ments [3]-[6]. However, these methods lack an analysis of
the effectiveness of the multi-stage strategies designed, which
weakens the credibility of the generalization of the proposed
methods.

Another part of multi-stage enhancement strategies involves
breaking down the enhancement task into a step-by-step ap-
proximation process based on certain rules. Progressive Learn-
ing (PL) methods transform the direct mapping from noisy
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speech to clean speech into multiple stages. The signal-to-noise
ratio (SNR) increases progressively by guiding hidden layers
to explicitly learn intermediate targets [7]-[9]. As the internal
structure of the enhancement model becomes more complex,
the transformation for PL framework becomes increasingly
difficult, requiring fine-tuning of the SNR improvement targets
for the internal hidden layers. Unlike PL frameworks, diffusion
models define the noise addition process as a step-by-step
diffusion transformation of clean input data into an isotropic
Gaussian distribution [10], [11]. The denoising process is the
reverse, where the model gradually restores the clean input data
by predicting and removing the noise introduced at each step
of the diffusion process [12]. The current obstacle of diffusion
models lies in the slow inference speed due to the need for
multiple reverse diffusion steps [13].

Inspired by the array of existing multi-stage speech enhance-
ment methods, we propose a new principle-based foundation
and analytical framework. We use speech pairs containing
clean speech and noise sources to simulate a set of same-source
but progressively increasing SNR test groups. By analyzing the
mean gain of metrics such as perceptual evaluation of speech
quality (PESQ) [14] and short-time objective intelligibility
(STOI) [15] before and after enhancement, it is concluded
that enhancement models have a preference for input SNR
when improving objective perceptual quality. This character-
istic provides a theoretical basis and design guidance for the
development of multi-stage enhancement models.

Besides, based on the identified pattern of speech enhance-
ment when facing inputs with different SNR levels mentioned
above, we preliminarily propose a general paradigm for multi-
stage enhancement. A multi-stage speech enhancement frame-
work with cascaded SNR domain shifts is introduced, leverag-
ing the tendency of enhancement models towards intermediate
SNR input domains. Firstly, we propose using post-processing
fusion to gradually increase the input speech SNR between
sub-enhancement models in multi-stage enhancement. Through
comparative experiments, we have verified that post-processing
fusion can to some extent achieve the migration of the input
SNR domain. Secondly, based on the characteristics of input
SNR domain shifts, we adjust the training SNR domains (TSD)
of the sub-enhancement models. Specifically, the training SNR
domains of the sub-enhancement models are designed to have
a sliding upward relationship. And we expand the union of
the TSD of the sub-enhancement models to cover the shifted
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Fig. 1. The framework of the proposed multi-stage speech enhancement with cascaded SNR domain shifts algorithm

input SNR domain. Then, we segment the expanded training
SNR domain to obtain N narrow TSD enhancement models
to improve the performance of the enhancement models at
corresponding SNRs in the cascaded enhancement process.
We have validated the effectiveness of our method on the
CHiME-4 dataset and demonstrated that our approach does
not rely on an increase in model parameters. We also demon-
strate the advantages of our proposed method for lightweight
speech enhancement on the DNS-2020 synthetic dataset, which
highlights the generalizability of our proposed method.

II. PROPOSED METHODS
A. Problem Description

Given the noisy input audio, speech enhancement aims to
extract the target speech. Consider the x is a time-domain noisy
speech corrupted by additive noise, which can be defined as:

X=s4+n (D)

where s is the target speech, n is the background noise
[16]. Since the signals involved in this paper are all time-
domain signals, the time-domain indices ¢ are omitted for
simplification.

B. Post-processing Fusion and Input SNR Domain Shifts

Given that enhancement models tend to perform better on
inputs with intermediate SNRs, it would be advantageous to
shift input signals with initially low SNRs to relatively higher
SNR domains. Post-processing fusion is proposed to achieve
this.

x' =ay+(1-a)x )

y is the clean speech prediction from SE models, and x is the
original noisy input. By using a scalar « to adjust the weights,
x’ can be viewed as a new input at a shifted SNR domain.

C. Multi-stage Speech Enhancement with Cascaded SNR Do-
main Shifts (CSDS)

We further propose a general multi-stage speech enhance-
ment with cascaded SNR domain shifts algorithm based on the
post-processing fusion operation. Fig. 1 illustrates the training
and inference processes.

During the training phase, we expand and segment the train-
ing SNR domain to obtain N sets of progressively shifted TSD
partitioning schemes. Subsequently, we obtained N groups
of simulated datasets from the same noise and clean speech
pairs, with a gradually increasing SNR domain. Then we
train N corresponding SE models based on these partitions
individually. The CSDS algorithm shifts the input SNR domain
through post-processing fusion. Therefore, the TSD during the
training process is the union of the input SNR domain and
the shifted input SNR domain, unlike conventional training
simulations where the TSD is the same as the input SNR
domain. Although it is necessary to expand the training SNR
domain from the perspective of the input SNR domain shifts,
Hao et al. observed that expanding the training SNR domain
can lead to a decline in the performance of SE models [17].
We further divide the expanded TSD into N segments to avoid
the negative impact of TSD expansion. Neighboring CSDS
maintain a certain degree of overlap to mitigate the issue of
decreased enhancement performance at the edges of the TSD.

During the inference phase, the CSDS strategy shifts the
SNR domain through K — 1 repeats of cascaded enhancement
and post-processing fusion, followed by a final enhancement
to achieve a clean prediction. Additionally, model selection
ensures that the chosen model in the cascaded inference pro-
cess is optimal for the given SNR input. The enhancement and
post-processing fusion process at the 4., order is as follows:

Vi =Fo(xii1), i=12... K 3)
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X =a;y;i+(1—a)x9, i=1,2,...,. K—-1 (4

X;, ¥; is the input and output of the 4;; order enhancement.
In the post-processing fusion process, the prior enhancement
model output y; is mixed with the original noisy input xg.
The scalar group {aq,ag,...,a—1} controls the process of
the input SNR domain shifts. The model selection process
requires an SNR estimator to get the SNR of the input for each
order of enhancement. Based on this estimate, the appropriate
enhancement model F;, is identified, corresponding to the
TSD whose center is closest to the estimated SNR.

In addition to the general CSDS algorithm presented above,
there are special cases where the model selection step can
be omitted. When K = 2, N = 1, only one enhancement
model is trained and its TSD covers both the input SNR range
and the expanded SNR range. In this scenario, the model
selection step and the SNR estimation module shown in Fig.
1 are not required. When K = 2, N = 2, the TSD of one
enhancement model can be set to the input SNR domain, while
the TSD of the other model is set to the shifted SNR domain
corresponding to the input SNR domain. The advantage of
this approach is that during the inference process, both the
original input xo and x; after post-processing fusion have fixed
optimal enhancement models. Therefore, both model selection
and SNR estimation can be omitted.

D. Loss Function

The loss function of model training employ a combination
of time-domain mean absolute error (MAE) and frequency-
domain multi-resolution STFT (MR-STFT) loss [18]:

Liae = ||y - S’Hl &)

o~ ISiy) = Si@)le 1, Sily)
Lonesite = ; Soe T wleg gy ©
L= (1 - )\)‘Cmae + )\‘Cmr—stft (7)

y and y is the target clean speech and enhanced speech. ||||r
and ||||; represent the Frobenius and L; norms. S;(y) and N
represent the magnitude of the linear-scale spectrogram of y
with different STFT hyperparameters and number of elements
in the magnitude. The parameter A\ is used to balance the
weights of different loss components.

III. EXPERIMENTS
A. Datasets

We use two datasets to evaluate our proposed strategy. Both
the datasets are sampled at 16kHz. The first one is the CHiME-
4 dataset [19], [20]. Clean speech derived from the WSJO
corpus is corrupted with CHiME-4 background noise to build
a 30-hour training dataset. Simulated test sets are used to
evaluate the effectiveness of our methods.

The second dataset is the DNS-2020 challenge database
[21], [22]. It features more than 500 hours of clean speech and
over 180 hours of noise. We generated 500 hours of clean and
noisy speech pairs as the training set. For objective evaluation,
we use the official synthetic test set without reverb.

TABLE I
ABLATION STUDY OF CSDS ALGORITHM ON CHIME-4 SYNTHETIC TEST

SETS.
K N PESQ STOI(%)
Unprocessed - 1.98 82.12
CRN - - 278 91.82
CRN-CSDS 2 1 2.86 92.42
CRN-CSDS 2 2 2.92 92.64
CRN-CSDS 3 2 291 92.60
CRN-CSDS 2 3 2.96 92.67
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Fig. 2. Demonstration of input SNR domain shifts.

B. Implementation Details

CRN [23] is employed in ablation experiments conducted
on the CHIME-4 dataset. Further comparison is conducted
based on DeepFilterNet [24] at the DNS2020 dataset with other
SOTA results. The CRN and DeepFilterNet configurations are
the same as in the original papers. As for the SNR estimator
in the model selection process, a similar approach to that
proposed in DCCRN+ [25] is adopted, replacing the decoder of
the DCCRN model with a single-layer LSTM, 1D convolution,
and sigmoid to estimate frame-level SNR, ultimately averaging
the results to predict the SNR of the input speech. The MR-
STFT loss uses multi-resolution parameters with hop sizes of
{50, 120, 240}, window lengths of {240, 600, 1200}, and FFT
bins of {512, 1024, 2048}. Joint loss weights A are set to 0.5.
As for the training process, the learning rate is initialized as
0.001, and the Adam optimizer is used [26]. The overlap of
neighboring TSDs mentioned in subsection II-C is set to 2dB.

C. Results and Analysis

Ablation results of the CSDS strategy: We conducted
ablation experiments based on CRN on the CHiME-4 dataset.
Table I presents the ablation results of the CSDS strategy.
“Unprocessed” refers to the perceptual scores of input noisy
speech. “CRN” represents the results of the baseline CRN
model. “~-CSDS” indicates using the CSDS strategy. “K” and
“N” are the order and stage of the CSDS strategy. The
improvement in objective metrics brought by speech enhance-
ment is measured by PESQ and STOI, which respectively
reflect the perceptual quality and intelligibility of speech.

It can be observed that compared to the baseline “CRN”
model, the use of the CSDS strategy can effectively improve
the SE performance. The improvement of “CRN-CSDS” with
K = 2,N =1 compared to “CRN” demonstrates the effect
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of input SNR domain shifts, and the improvement of “CRN-
CSDS” with K = 2, N = 2 compared to “CRN-CSDS” with
K = 2,N = 1 reflects the benefits of TSD segmentation.
When K exceeds 2, the performance of the CSDS strategy
begins to decline, indicating that the effectiveness of the CSDS
strategy lies in shifting the input SNR to an appropriate
domain through post-processing fusion, rather than increasing
computational complexity through cascading inference. When
N exceeds 2, the performance improvement starts to diminish.
This is because the benefits of TSD segmentation mainly lie in
mitigating the interference caused by the coexistence of high
SNR and low SNR training data on the enhancement model,
and the marginal benefits of adding segmentation are limited.

SNR domain shifts: We investigated the role and mecha-
nism of SNR domain shifts in the CSDS algorithm, starting
from a special case of second-order repetition enhancement
with K = 2 and N = 1. In this case, there are only two
enhancement steps in total. The noisy input X is enhanced for
the first time to obtain the prediction ¥y;. Then, post-processing
fusion is performed with «; as the weighting coefficient,
followed by another enhancement to obtain the final prediction
output yo. We first trained a CRN enhancement model, with
the TSD settings configured as discussed in Section II-C,
set to the union of the input SNR range (-5 to 10 dB) and
the approximate shifted SNR range (0 to 20dB). Then, we
utilized the simulation test set to obtain seven test sets with
SNR levels increasing evenly from -5 dB to 10 dB, with each
test set synthesized from the same source. This allowed us to
evaluate the enhancement performance of the first and second
enhancement stages, as well as determine the average optimal
selection for the average alpha value considering different SNR
inputs. The experimental results are shown in Fig. 2.

Assume G(x71, X() represents the APESQ of noisy audio x;
over xg corresponding to the same clean target. G; and G5 in
the left subplot of Fig. 2 are abbreviations of G(§1,xo) and
G(¥2,x1), which represents the PESQ gain of the first-order
and second-order enhancement model. We have additionally
included a test set for the first-order enhancement input with
SNR levels ranging from 10 dB to 25 dB to demonstrate
the enhancement model’s performance on inputs with varying
SNR levels, which we display with a green dashed line. Since
this test set falls outside the SNR range used for training the
enhancement model, we do not display the corresponding part
in G5. APESQ in the right subplot of Fig. 2 is the average
PESQ gain G(§1,¥0), which can be regarded as the benefit
brought by adding the second-order enhancement.

G shows an inverted U-shape, which demonstrates the
enhancement model’s preference for inputs with intermediate
SNR levels. The performance measured by STOI shares a
similar trend. The curve of G5 follows the same trend as
(1, indicating that the enhancement response to the second-
order input is similar to the original noisy speech input. As
a7 decreases, G2 approaches (1. This is because a smaller
a1 means a higher proportion of the original noisy signal in
the second-order enhancement input, making the performance

TABLE I
PERFORMANCE ON DNS2020 NO-REVERB TEST SETS.

#par.(M) MACS(G/s) PESQ STOI(%)

Unprocessed - - 2.16 91.52
FullSubNet 5.60 - 3.31 96.11
DCCRN 3.70 14.36 3.27 -
GaGNet 5.94 1.63 356 97.13
CleanUNet 46.07 - 355 97.70
DeepFilterNet 1.80 0.35 349 9735
-CSDS (K=2,N=1)  1.80 0.70 354 9752
-CSDS (K=2,N=2)  3.60 0.70 3.66 97.83
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Fig. 3. Demonstration of TSD expansion.

of G2 closer to that of G;. Post-processing fusion should
balance the improvement in the input SNR domain and the
additional enhancement distortion caused by the fusion. The
optimal ¢ is around 0.8 as shown in the right subplot of Fig. 2.
Due to the enhancement model’s preference for intermediate
SNR, the higher the «;, the closer the low SNR test data
gets to the intermediate SNR domain. However, when oy
approaches 1, the distortion components of the signal become
more significant compared to the original signal components,
resulting in a decrease in signal quality after the second
enhancement. Fig. 2 demonstrated that post-processing fusion
can achieve the shifts of the input SNR domain, thereby
allowing the subsequent enhancement model to achieve better
noise reduction effects.

TSD expansion: Based on the SNR domain shift mechanism
in CSDS, we illustrate the importance of TSD expansion and
segmentation through comparative experiments as shown in
Fig. 3. The test dataset is the CHiME-4 simulation test set with
an SNR range of -5 to 10 dB. Two subplots correspond to the
PESQ gain of the CSDS (K = 2, N = 1) system (without
and with TSD expansion) relative to the CRN baseline with
different SNR inputs, denoted as “0dB”, “5dB” and “10dB”.

The horizontal axis represents the parameter «; used in
post-processing fusion after the first-order enhancement, while
the vertical axis shows the PESQ gain of the CRN-CSDS
system relative to the CRN baseline. The TSD of CSDS SE
model in the left subplot equals the input SNR domain (-
5 to 10dB). Due to SNR domain shifts, the second-order
enhancement input obtained through post-processing fusion
gradually exceeds the TSD of the enhancement model, leading
to performance degradation. Therefore, it can be observed that
the PESQ gain peak of the CSDS enhancement system in the
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left figure gradually decreases as the input SNR increases.
By expanding the TSD to cover the input SNR domain and
the shifted SNR domain, as shown in the right figure, the
performance degradation issue at second-order inference is
significantly alleviated. However, the expansion of the TSD
reduces the enhancement performance of the model in the
input SNR domain. It can be observed that the peak of the
curve corresponding to the “OdB” input in the right figure
has decreased compared to the left subplot. This explains why
we incorporated the segmentation of the TSD into the CSDS
algorithm.

Comparison of the CSDS algorithm and other SOTA
methods: We test our CSDS strategy based on Deep-FilterNet
on DNS2020 datasets. Results presented in Table II are
compared with FullSubNet [27], DCCRN [28], GaGNet [29]
and CleanUNet [30]. It is evident that the CSDS strategy
can significantly enhance the performance of DeepFilterNet,
achieving notable improvements in objective metrics such as
PESQ and STOI. This demonstrates the generalizability of our
proposed CSDS strategy. Comparisons with other baselines
highlight the effectiveness of our proposed CSDS algorithm.

IV. CONCLUSIONS

In this paper, we introduce a novel multi-stage enhance-
ment algorithm. Drawing on the observation that enhancement
models tend to favor inputs with intermediate SNR levels,
we propose a method to achieve input SNR domain shifts
through post-processing fusion and further improving enhance-
ment performance by expanding and segmenting the TSD.
Based on the DNS-2020 datasets, we have demonstrated the
effectiveness of our proposed algorithm. Through ablation and
comparative experiments conducted on the CHiME-4 dataset,
we have verified the mechanism of input SNR domain shifts
within the CSDS algorithm. These analyses may offer new
ideas for the design of subsequent multi-level enhancement
networks. For instance, future research can be conducted on
how to reduce distortion during input SNR domain shifts and
whether other multi-stage enhancement algorithms, such as
diffusion models, follow similar principles in terms of input
SNR domain shifts.
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