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Abstract

Deep neural network-based speech enhancement (SE) algo-
rithms often utilize an encoder - dual-path processing module -
decoder architecture. The encoder, consisting of pointwise con-
volutions and a dilated densenet (DDN), maps time-frequency
bins to a higher-dimensional space to better capture signal and
noise characteristics but significantly adds to the computational
complexity. In this work, we propose a computationally effi-
cient modification by replacing the DDN block within the en-
coder with bispectral features, which effectively capture fre-
quency correlations and phase information. We demonstrate the
effectiveness of the method by incorporating it in two SE mod-
els, CMGAN and MP-SENet, and evaluating on two datasets,
DNS-2020 and VoiceBank+DEMAND. Our experiments show
that the proposed modification achieves similar or better perfor-
mance while reducing the multiply-accumulate operations by
23.87% in CMGAN and 17.45% in MP-SENet, demonstrating
its computational efficiency.

Index Terms: Speech Enhancement, Bispectrum, Densenet,
Dual-Path Processing Module

1. Introduction

The objective of speech enhancement (SE) is to improve the
quality and intelligibility of speech that has been degraded by
additive background noise [1]. SE plays a critical role in var-
ious applications, including voice communication, voice as-
sistants, hearing aids, and cochlear implants [2-4]. However,
SE presents significant challenges due to the varying nature of
noise across different environments [5, 6]. With the emergence
of deep neural networks (DNN), substantial advancements have
been made in overcoming these challenges, leading to notable
improvements in SE performance.

DNN based algorithms can be broadly categorized into
time-domain and frequency-domain approaches. Time-domain
methods operate directly on raw samples using an encoder-
separator-decoder architecture. The encoder maps the input
signal to a feature space, the separator estimates a mask, and
the decoder reconstructs the time-domain signal [7-11]. While
these methods learn effective data-driven transformations, they
are often less interpretable and impose high computational de-
mands, as smaller filter and stride sizes are required to achieve
optimal performance. In contrast, frequency-domain algorithms
employ a fixed Fourier transform, estimating either a mask or
the target spectra directly [12—-16]. Although the Fourier trans-
form representations are interpretable, it may not always serve
as the optimal transformation for SE.

Recently, a new approach has gained attention, utilizing
encoder - dual-path processing module (DPPM) - decoder ar-
chitectures operating on fixed Fourier transform representa-

tions [17-21]. In this framework, the encoder is employed to
extract efficient embeddings for each time-frequency bin, while
the DPPM aggregates both temporal and spectral context within
the learned embedding space. The output of the DPPM is fur-
ther processed by the decoder to estimate the short-time Fourier
transform (STFT) representations of clean speech. This method
leverages the strengths of both learned and fixed transforma-
tions, enhancing the overall performance.

Although the encoder - DPPM - decoder based architec-
tures achieve superior enhancement quality, their computational
complexity is also higher, limiting their usage in resource con-
strained applications. Among the other components, the en-
coder, typically consisting of pointwise convolutions and a di-
lated densenet (DDN), contribute significantly to the model’s
overall complexity. Pointwise convolutions project the input
into a higher-dimensional space, while the DDN is responsi-
ble for multi-scale feature learning [22]. This design expands
the receptive field but multiplies computational operations due
to repeated feature reuse. For instance, in CMGAN’s architec-
ture [19], the encoder accounts for 25% of total MACs and 14%
of total parameters, with the DDN alone consuming 97% of the
encoder’s MACs and 95% of its parameters. In this work, we in-
vestigate whether a deterministic transformation can replace the
learnable DDN, which could be replaceable given the DPPM’s
ability to aggregate longer contextual information. In this re-
gard, we propose substituting the DDN with bispectral features,
with the aim of reducing computational complexity while main-
taining performance.

The bispectrum offers three key advantages that motivate
its integration in a DNN framework: (1) it captures phase infor-
mation, unlike conventional second-order spectra, (2) it models
third-order frequency correlations, and (3) it is computationally
efficient compared to the DDN. Moreover, the bispectrum is
zero for symmetric density functions, such as Gaussian noise
processes, and it remains flat for white noise processes with
nonsymmetric density functions [23-25]. Previous works have
taken advantage of these properties to suppress additive Gaus-
sian noise [26-28]. In our approach, we extract bispectral fea-
tures to assist the DNN in leveraging phase information and
higher-order frequency relations. Experimental results show
that replacing the DDN with bispectral features achieves sim-
ilar or better enhancement quality while reducing the overall
computational complexity.

2. Proposed Method

Figure 1(a) shows a typical frequency-domain encoder-DPPM-
decoder architecture. In this section, we provide a detailed ex-
planation of the key components within each module.

As depicted in Figure 1(b), the encoder is composed of
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Figure 1: Overall network architecture

three blocks. A pointwise (1 x 1) convolution block to project
the input feature maps to an intermediate feature space of di-
mension C. It is followed by a dilated densenet (DDN), com-
prising four dilated convolution blocks interconnected through
dense residual connections. Finally, a 1 x 3 strided convolution
block is used to downsample the frequency dimension to F’,
thereby reducing the complexity of subsequent blocks. Each
convolution block comprises a convolution layer, an instance
normalization and a PReL.U activation. The input to the encoder
is formed by concatenating the magnitude, real, and imaginary
components of the STFT representation.

The DPPM employs two distinct stages to effectively cap-
ture temporal and spectral dependencies. In the first stage, the
encoder feature maps are reshaped to X € REBF XTXC and
processed using a sequence processing module. Here, B refers
to batch size, F’ is the reduced frequency dimension, and T is
the total number of frames. The conformer is typically used as a
sequence processing module to effectively capture both global
and local contexts. In the second stage, the output of previous
stage is reshaped to X € RET*F "€ and processed using an-
other conformer module. Multiple DPPM blocks are stacked to
effectively model the temporal and spectral dependencies.

The decoder further processes the feature maps to estimate
the final output. Different network architectures use different
decoder configurations. For example, the CMGAN [19] em-
ploys two independent decoders: a mask decoder and a complex
decoder. The mask decoder is responsible for estimating a mask
on the magnitude, while the complex decoder predicts the resid-
ual real and imaginary components. Each decoder comprises a
DDN module, followed by a sub-pixel convolution to upsample
the frequency dimension back to F'. A final convolution layer
reduces the channel dimensions to 1 for the mask decoder and 2
for the complex decoder. For the mask decoder, the final mask is
generated using a pointwise convolution, followed by a PReLU
activation function. The masked magnitude is combined with
the noisy phase and added to the output of the complex decoder
to generate the final real and imaginary components. Finally, an
inverse STFT (iSTFT) is used to compute time-domain signal
from the estimated real and imaginary components.

The encoder plays an important role in learning efficient
embedding vector. In the following subsection, we conduct an
analysis of the encoder’s feature maps.

2386

A Y o~
(6] O X
X X w
L Ly s BXN
= Freq. e pa
Processing : Decoder iSTFT
Block 1
1
1
1
P
d) Decoder
[¢) [¢)
X x
w w
a fa
% 1x3 Dilated & Sub-
Strided| Densenet Pixel
Conv (DDN) Conv
______________________________ 1
Channel-21 Channel-51

o

Frequency (kHz)
Frequency (kHz)
-

04
Time (sec)

Channel-46

0.6 04 0.6

Time (sec)

Channel-8

Frequency (kHz)
Frequency (kHz)
=

04 06
Time (sec)

0.2

08 04

Time (sec)

0.6

Figure 2: Output feature maps of the CMGAN'’s encoder for a
male utterance (p232_006) from VoiceBank+ DEMAND testset

2.1. Encoder Feature Maps

Figure 2 illustrates some of the output feature maps generated
by the learned CMGAN’s encoder. As shown in the figure, each
feature map learns different characteristics of the speech sig-
nal. For instance, channel-21 captures formant transitions in
the lower-frequency region, where signal-to-noise ratio (SNR)
is higher, while channels-51, and 46 capture formant transitions
at progressively higher frequencies with improved resolution.
On the other hand, channel-8 focuses on lower SNR regions.
Although the encoder learns interpretable feature maps, given
that the DPPM’s ability to effectively capture long-term tem-
poral and spectral context, the longer contextual aggregation is
redundant in the encoder. This observation motivates the re-
placement of the DDN with bispectral features, which can cap-
ture the necessary frequency relations and phase information.
In the following subsection, we discuss the proposed encoder
with bispectral features.

2.2. Encoder with Bispectral Features

The bispectra is defined as the two-dimensional Fourier trans-
form of its third-order cumulant [23]. For a zero mean, station-
ary random process g[n], the third-order cumulant is defined as

csll, m] = E[g[n]g[n + lJg[n + m]]
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Figure 3: Output feature maps of the CMGAN’s encoder with
the bispectral features for a male utterance (p232_006) from
VoiceBank+DEMAND test set

The bispectrum of this process is given by
B(w1,w2) = Z Z cs[l, m]e 7 (wrttwzm)
1 m

The above moment based computation of bispectra is not suit-
able for speech as it is a nonstationary signal. Instead, we
rely on estimating the bispectrum using non-parametric meth-
ods [24]. In particular, the direct bispectrum estimator for a dis-
crete real signal s[n], based on the periodogram is incorporated
for each frame as follows [25,26]

Blt, fi, f2) = S[t. 1] S[t, f2) St f + S (D)
where S[t, f] is the STFT of the signal s[n] defined as
P-1 ionns
St f1= slp+tRuwple 7, f=0,1,...,F -1
p=0

where w(n] is a window of length P and shift R , ¢ and f rep-
resents time and frequency indices, respectively. F' is the DFT
length and let F' denotes the total number of non-redundant fre-
quency bins considering conjugate symmetry. The sample bis-
pectra also, by definition, has redundant regions due to symme-
try [24]. The principal region of bispectrum is bounded by the
triangle f1+ fo < F,0 < fa < fi1. The resulting bispectrum in
this region is a complex quantity with dimension Bl[t, f1, f2] €

i F . . .
CT*F>X3  We concatenate real and imaginary parts resulting

in the final bispectral features B[t, f1, fo] € RT*F*F . we
then replace the DDN in the encoder block with the estimated
bispectral features as shown in Figure 1(c). First, the sample
bispectra is concatenated with magnitude, real, and imaginary
components of STFT and normalized using instance normaliza-
tion. A 1 x 1 convolution reduces the channel dimension from
(F+3) to C, followed by a strided convolution to downsample
the frequency dimension to F’. The output of strided convo-
lution is passed through the subsequent modules as shown in
Figure 1(a).

A subset of the feature maps of the encoder with bispec-
tral features, closely related to the feature maps of the encoder
with DDN, are shown in Figure 3. A clear correspondence be-
tween the feature maps of encoder with DDN and their bispec-
tral counterparts highlights the effectiveness of bispectral fea-
tures in modeling the phase and higher-order frequency rela-
tions and it’s potential to replace the DDN block within the en-
coder.
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3. Experimental Deatails
3.1. Datasets

We train and evaluate our proposed method on two datasets.
The first is the DNS-2020 dataset, which contains a large set
of clean and noise samples collected from various sources [29].
Over 500 hours of clean samples from 2150 speakers are avail-
able with 180 hours of noise clips from 150 classes. For train-
ing, we prepare 500 hours of clean and noisy signal pairs by
mixing a randomly chosen noise clip with clean speech at SNRs
ranging from -5 to 20 dB. All the models are tested on 150 syn-
thetic, non-reverberant, non-blind test pairs from the challenge.

The second dataset is the VoiceBank+DEMAND dataset,
which is a publicly available small-scale dataset [30]. The
dataset contains clean utterances from 28 speakers for train-
ing and 2 speakers for testing, with around 400 utterances of
each speaker from the VoiceBank corpus [31]. Parallel noisy
utterances are synthesized by mixing the clean speech with real
noise recordings from the DEMAND database [32]. For train-
ing, eight types of real noises and two artificially generated
noises — speech-shaped noise and babble noise — are used. Test-
ing employs five unseen real noise types. The noisy utterances
are synthesized at signal-to-noise ratios (SNRs) of 0 dB, 5 dB,
10 dB, and 15 dB for training, and at SNRs of 2.5 dB, 7.5 dB,
12.5 dB, and 17.5 dB for testing. All the utterances are down-
sampled to 16 kHz.

3.2. Network Configuration

We demonstrate the effectiveness of the bispectral features by
incorporating them in two state-of-the-art architectures, CM-
GAN [19] and MP-SENet [20]. While the encoder and DPPM
blocks remain same for both the architectures, the structure of
decoder is changed. CMGAN uses two indepepndent decoders,
a mask decoder and a complex decoder. The mask decoder
estimates a magnitude mask, while the complex decoder pre-
dicts the residual real and imaginary components. On the other
hand, MP-SENet replaces the complex decoder with a phase
decoder to explicitly estimate the phase. In addition to the time-
domain, frequency-domain and metric discriminator based loss
functions used in CMGAN, the MP-SENet uses anti-wrapping
phase loss to accurately estimate the phase.

Power-law compressed STFT magnitude, real, and imagi-
nary parts are used as input to the CMGAN, while magnitude
and phase are used for MP-SENet. The STFT is computed with
25 ms window length and 6.25 ms shift. Both the architectures
incorporate 4 DPPM blocks, and the number of channels C' are
set to 64. Other hyperparameter details can be found in [19] and
[20] for CMGAN and MP-SENet, respectively. The CMGAN
models are trained for 120 epochs on VoiceBank+DEMAND
and 30 epochs on DNS-2020 dataset. The MP-SENet is trained
for 80 epochs on VoiceBank+DEMAND dataset.

3.3. Evaluation Metrics

We evaluate all the models with six commonly used objective
quality and intelligibility measures: perceptual evaluation of
speech quality (PESQ) [33], short-time objective intelligibil-
ity (STOI) [34], three composite measures [35] (CSIG, CBAK,
COVL), and segmental SNR [36]. For all metrics, higher values
correspond to better performance. In addition to the quality and
intelligibility measures, we assess the computational complex-
ity of each model by measuring the number of trainable param-
eters and multiply-accumulate operations (MACs) required to
enhance a one-second noisy signal.



Table 1: Comparison with state-of-the-art methods on VoiceBank+DEMAND testset

Method PESQ | STOI (%) | CSIG | CBAK | COVL | SSNR (dB) | MACs (G) | Parameters (M)
Noisy 1.97 92 3.35 2.44 2.63 1.68 - -

TSTNN [10] 2.96 95 4.33 3.53 3.67 9.70 20.28 0.92
DEMUCS [9] 3.07 95 4.31 3.40 3.63 - 7.72 33.53
MetricGAN+ [14] 3.15 - 4.14 3.16 3.64 - 0.12 1.89
DPT-FSNet [18] 3.33 96 4.58 3.72 4.00 - 46.36 0.88
CMGAN [19] 341 96 4.63 3.94 4.12 11.10 31.67 1.83
MP-SENet [20] 3.60 96 4.81 3.99 4.34 - 42.98 2.26
CMGAN* ! 3.37 96 4.56 3.86 4.06 10.41 31.67 1.83
CMGAN* - w/o DDN 3.35 96 4.60 3.84 4.06 10.32 23.68 1.59
CMGAN* - Bispectra 3.40 96 4.62 3.90 4.11 10.74 24.11 1.60
MP-SENet* 2 3.55 96 4.76 3.96 4.27 10.71 42.98 2.26
MP-SENet* - w/o DDN 3.51 96 4.74 3.94 4.23 10.64 35.05 2.02
MP-SENet* - Bispectra | 3.58 96 4.75 3.99 4.28 11.01 35.48 2.03

* indicate the results reproduced with the official implementations °

4. Results & Analysis

4.1. Evaluation on VoiceBank+DEMAND dataset

Table 1 presents a comparative analysis of the proposed method
and other models trained on the VoiceBank+DEMAND dataset.
Among these models, DEMUCS and TSTNN operate in the
time domain, while the others are frequency-domain models.
The encoder-DPPM-decoder networks in the frequency domain
— DPT-FSNet, CMGAN, and MP-SENet — achieve superior
performance across all quality and intelligibility metrics. No-
tably, CMGAN and MP-SENet attain state-of-the-art perfor-
mance across all metrics but at a significant computational cost.
Within the network architecture, the DDN in the encoder con-
tributes substantially to the model’s overall computational load
due to its four layers of dilated convolutions with dense connec-
tions. Specifically, it accounts for 13.11% of the total parame-
ters and 25.23% of the total MACs in CMGAN. As presented
in Table 1, removing the DDN block from the encoder of CM-
GAN and MP-SENet has significantly reduced the MACs and
parameters. However, this comes at the expense of a signifi-
cant drop in performance across all metrics. In contrast, replac-
ing the DDN with bispectral features has proven to be a more
efficient and effective solution. This modification results in a
model that not only achieves higher scores across all metrics,
but also reduces the computational burden. In CMGAN, replac-
ing the DDN with bispectral features has improved the PESQ to
3.40 and also reduced the MACs and parameters by 23.87% and
12.57%, respectively. Similar improvements in quality metrics
are observed in MP-SENet with 17.45% reduction in MACs
and 10.18% reduction in parameters, demonstrating its effec-
tiveness across different architectures.

4.2. Evaluation on DNS Dataset

Table 2 summarizes the comparison of the proposed method
with the other models trained on DNS-2020 challenge dataset.
Similar to the VoiceBank+DEMAND dataset, the encoder-
DPPM-decoder architectures in frequency-domain — FullSub-
Net, DPT-FSNet, CMGAN - proved to be more effective com-
pared with the other methods. As presented in the Table 2,
Removing the DDN has adversely affected all the performance
measures. In contrast, proposed replacement of DDN with bis-
pectral features has achieved similar performance compared to
its DDN counterpart, demonstrating its applicability across the
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Table 2: Comparison with state-of-the-art methods on DNS-
2020 non-reverb testset

Method PESQ | STOI (%) | SSNR | MACs (G)
Noisy 1.58 92 5.96 -
DEMUCS [9] 2.65 97 13.39 7.72
POCONet [13] 2.75 - - -
FullSubNet [17] 2.89 96 12.14 30.87
DPT-FSNet [18] 3.26 98 - 46.36
CMGAN 3.36 98 14.72 31.67
CMGAN - w/o DDN 3.29 97 14.67 23.68
CMGAN - Bispectra 3.35 98 14.87 24.11

datasets. Source codes for bispectral feature extraction and
its incorporation in CMGAN and MP-SENet will be released
upon publication of this work at https://github.com/
SIPLab—-IITH/BiSpectral-SE/

5. Conclusions

In this work, we have analyzed the role of the DDN block within
the encoder of a frequency-domain encoder-DPPM-decoder ar-
chitectures. The DDN block, through its use of dilated convo-
lutions, aggregates long-range contextual information, while its
dense connections facilitate multi-scale feature learning. How-
ever, given that the DPPM is designed to capture both long-
term temporal and spectral context, the DDN block in the en-
coder becomes less effective. We take advantage of this by
replacing the DDN with bispectral features, which effectively
capture both higher-order frequency relations and phase infor-
mation. We validate the proposed method across two state-of-
the-art architectures (CMGAN and MP-SENet) and two ben-
chamark datasets (VoiceBank+DEMAND and DNS-2020). Our
experimental results demonstrate that incorporating bispectral
features achieves comparable or better performance to DDN-
based models, while significantly reducing computational com-
plexity. In our future work, we aim to exploit the DPPM and
decoder modules to reduce their computations.

"https://github.com/ruizhecao96/CMGAN

’https://github.com/yxlu-0102/MP-SENet

3Note that the reproduced results do not exactly match with
the original paper’s results. This issue has been discussed by
other researchers as well at the corresponding repositories is-
sue tracker, particularly https://github.com/ruizhecao96/
CMGAN/issues/37 and https://github.com/yx1lu-0102/
MP-SENet/issues/15
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