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Abstract 
The proliferation of online communication platforms has intensified demand for high-quality speech enhancement in adverse 
acoustic environments. This paper presents a Multi-Input Deep Complex Convolution Recurrent Network (MIDCCRN) that 
extends conventional DCCRN architectures to handle multiple input streams through temporal concatenation, enabling 
unified processing of microphone signals, far-end references, and intermediate estimates. We propose a computationally 
efficient Complex LSTM implementation utilizing complex convolution operations, which reduces activation function 
calls by 50% while maintaining equivalent representational capacity. Building upon these innovations, we introduce a 
three-stage cascaded framework for joint acoustic echo cancellation (AEC) and background noise suppression (BNS) 
comprising echo estimation, acoustic echo cancellation, and background noise suppression modules, trained end-to-end 
with multi-task learning and a novel short-time weighted signal-to-distortion ratio (STwSDR) loss function. Comprehensive 
experiments on the ICASSP 2022 AEC Challenge dataset demonstrate state-of-the-art performance with a final score M 
= 0.85, comparable to the challenge-winning solution, while maintaining real-time capability (RTF = 0.302) and modest 
model size (4.28M parameters). Ablation studies validate the effectiveness of each proposed component.

Keywords: Acoustic Echo Cancellation, Background Noise Suppression, Multi-Input Deep Complex Convolution Recurrent 
Network, Speech Enhancement, Real-Time Communication, Complex Neural Networks

Introduction
Background and Motivation
The rapid globalization of information and communication 
technology has fundamentally transformed human interaction 
patterns with multimedia communication systems becoming 
indispensable infrastructure for remote collaboration, 
telemedicine, and distance education [1,2]. The COVID-19 
pandemic served as a catalyst for widespread adoption of 
online communication tools embedding video conferencing 
into daily professional and social activities [3]. However, audio 
quality in these systems frequently degrades due to acoustic 
echo, background noise, reverberation, and interfering speech 

significantly compromising speech intelligibility and user 
experience [4,5].

Among these impairments, acoustic echo cancellation (AEC) 
and background noise suppression (BNS) constitute the most 
critical challenges for full-duplex communication systems. 
Acoustic echo arises when far-end speech played through local 
loudspeakers is captured by the near-end microphone, creating 
distracting feedback loops. Background noise, ranging from 
stationary mechanical hum to non-stationary human activity 
and environmental sounds, masks target speech and reduces 
intelligibility. The simultaneous presence of both impairments 
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during double-talk periods—when near-end and far-end speakers 
are active concurrently—poses particularly severe difficulties 
for conventional signal processing methods. Traditional digital 
signal processing (DSP) approaches for BNS primarily rely on 
spectral suppression techniques applied in the time-frequency 
domain, including Wiener filtering, spectral subtraction, and 
statistical model-based methods. While these methods can be 
effective for stationary noise, they suffer from the fundamental 
trade-off between noise attenuation and speech distortion, 
particularly under low signal-to-noise ratio conditions with non-
stationary interference. Multi-channel beamforming techniques 
leverage spatial information from microphone arrays to achieve 
superior noise reduction without excessive distortion but their 
applicability is limited by hardware constraints in consumer 
devices [6,7].

For AEC, adaptive filtering algorithms—such as normalized 
least mean squares (NLMS), recursive least squares (RLS), and 
affine projection algorithms—have been extensively studied 
[8,9]. However, these methods exhibit slow convergence in 
dynamic acoustic environments, performance degradation 
under double-talk conditions, and inability to model nonlinear 
distortions introduced by low-cost loudspeakers and power 
amplifiers [10,11].

The emergence of deep neural networks (DNNs) has enabled 
paradigm shifts in both BNS and AEC [12,13]. Deep learning 
approaches can learn complex spectral mappings from large 
datasets, offering superior generalization to unseen acoustic 
conditions compared to model-based methods. Convolutional 
recurrent networks (CRNs) have proven particularly effective, 
combining the local pattern extraction capabilities of 
convolutional neural networks with the temporal modeling 
capacity of recurrent neural networks [14,15]. The Deep Complex 
Convolution Recurrent Network (DCCRN) further advanced this 
direction by operating directly on complex spectrograms, jointly 
optimizing magnitude and phase responses through complex-
valued convolutions and complex LSTM (CLSTM) layers.

Despite these advances, three critical limitations persist in 
current approaches:
First, existing complex networks predominantly process single-
channel inputs, limiting their applicability to AEC scenarios 
where both microphone signals and far-end references must 
be jointly processed. While simple input concatenation has 
been explored, principled integration of multiple signals within 
complex-valued architectures remains underdeveloped.

Second, computational inefficiency plagues current 
implementations. Complex LSTM implementations in existing 
frameworks require redundant computations, with separate 
real and imaginary pathway processing that doubles activation 
function evaluations. This inefficiency hinders deployment in 
resource-constrained real-time systems.

Third, end-to-end training of joint AEC-BNS systems often 
struggles with the fundamental tension between aggressive echo 
suppression and speech preservation. Stage-wise processing—
explicitly modeling echo paths before noise removal—has 
demonstrated advantages, but integration with complex-valued 
deep networks remains unexplored.

Related Work
Deep Learning for Background Noise Suppression
Recent BNS methods utilizing DNNs can be categorized 
into regression-based and mask-based approaches [16,17]. 
Regression methods directly predict clean speech spectrograms 
or waveforms from noisy inputs, while mask-based methods 
estimate time-frequency masks applied to the mixture. The choice 
of target representation significantly impacts performance: ideal 
ratio masks provide stable training targets, while complex ratio 
masks preserve phase information critical for high-fidelity 
reconstruction [18,19].

CRN architectures have emerged as a dominant paradigm, with 
encoder-decoder structures extracting hierarchical features 
and recurrent bottleneck layers capturing long-range temporal 
dependencies [20,21]. The DCCRN architecture extended this 
framework to complex-valued processing, demonstrating that 
complex convolutions and batch normalization better model 
phase relationships than real-valued alternatives [22,23]. 
However, DCCRN and its variants remain limited to single-
input scenarios.

Recent work has explored efficiency improvements. Lightweight 
designs employing depthwise separable convolutions attention 
mechanisms and state-space models have achieved competitive 
performance with reduced computational footprints. However, 
these approaches generally operate on magnitude spectrograms 
or real-valued features, sacrificing phase modeling capabilities 
[24-27].

Deep Learning for Acoustic Echo Cancellation
Deep learning approaches for AEC have evolved through 
several stages. Initial efforts replaced adaptive filters with 
fully-connected or recurrent networks mapping far-end and 
microphone signals to near-end estimates. However, these 
methods struggled with generalization to unseen room acoustics 
and nonlinear characteristics. The ICASSP AEC Challenge 
series, initiated in 2021 in response to pandemic-driven demand 
for robust teleconferencing catalyzed rapid innovation. Winning 
entries typically combined traditional adaptive filtering for 
linear echo cancellation with neural networks for residual echo 
suppression and noise removal [27-29]. Multi-stage cascaded 
architectures have proven particularly effective, with explicit 
echo estimation preceding joint suppression.

Recent advances include the F-T-LSTM based complex network 
which combines frequency-time domain processing with 
complex-valued representations, achieving superior performance 
to real-valued alternatives [30]. Task-specific architectures such 
as SMRU (Li et al., 2024) introduce configurable complexity 
through variable frame rate processing, while CAGCRN (Wang 
et al., 2025) achieves extreme lightweight design (0.07M 
parameters) through cross-attention gating. However, these 
methods typically process concatenated inputs in early layers 
rather than maintaining multi-stream processing throughout the 
network [31,32].

Joint AEC and BNS
Joint processing of echo cancellation and noise suppression 
presents unique challenges, as aggressive noise removal may 
distort residual echo characteristics, while echo suppression can 
amplify noise artifacts. Recent approaches address this through 
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multi-task learning, cascaded specialization or unified estimation 
with sophisticated loss functions [33]. Wang, Wichern, and Le 
Roux (2021) demonstrated that leveraging intermediate low-
distortion target estimates in cascaded structures improves 
overall performance compared to end-to-end training [34]. 
Braun and Valero (2022) validated that explicit task splitting for 
echo and noise removal outperforms joint estimation, providing 
theoretical justification for modular architectures [33]. However, 
existing cascaded systems predominantly employ real-valued 
networks, leaving potential gains from complex-valued 
processing unrealized.

Contributions
To address the identified limitations, this paper introduces the 
Multi-Input Deep Complex Convolution Recurrent Network 
(MIDCCRN) and its application to joint AEC and BNS. Our 
specific contributions are:(1) We propose MIDCCRN, extending 
DCCRN to handle arbitrary K auxiliary inputs through temporal 
concatenation in the complex spectrogram domain. This 
design enables unified processing of microphone signals, far-
end references, and intermediate estimates while preserving 
frequency resolution and phase relationships. (2) We implement 
CLSTM using complex convolution operations rather than 
separate real/imaginary pathway processing, reducing 
activation function calls by 50% while maintaining equivalent 
representational capacity. Comprehensive ablation studies 
validate that this modification preserves enhancement quality. 
(3) We design an explicit three-stage architecture for joint AEC-
BNS: echo estimation, acoustic echo cancellation, background 

noise suppression. 

Each stage employs task-specific MIDCCRN configurations, 
with multi-task training using our proposed short-time weighted 
SDR (STwSDR) loss function. (4) We conduct extensive 
experiments on the ICASSP 2022 AEC Challenge dataset, 
including ablation studies validating architectural choices and 
comparisons with state-of-the-art methods from 2020–2025. 
Results demonstrate superior performance-complexity trade-
offs suitable for real-time deployment. The remainder of this 
paper is organized as follows: Section 2 details the MIDCCRN 
architecture, including the multi-input transformation, encoder-
decoder structure, and efficient CLSTM implementation. 
Section 3 presents the three-stage joint AEC-BNS framework, 
training methodology, and loss functions. Section 4 describes 
experimental setup, ablation studies, and comparative results. 
Section 5 concludes with directions for future work.

Multi-Input Deep Complex Convolution Recurrent Network
This section introduces the MIDCCRN architecture. We 
first describe the input transformation enabling multi-signal 
processing, then detail the encoder-decoder structure with 
efficient CLSTM implementation, and finally discuss online 
deployment considerations.

Figure 1 shows the structure of the MIDCCRN. MIDCCRN 
consists of three blocks; input signal transform block, encoder-
decoder block, and output block.
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Figure 1: structure of the MIDCCRN

Input signal transform block
Conventional DCCRN processes single-channel complex 
spectrograms. To enable multi-input scenarios required for 
AEC, we extend this to accept K auxiliary signals alongside 
the primary microphone signal. Let y(n) denote the microphone 
signal and xk (n) for k=1,...,K denote auxiliary reference signals 
(e.g., far-end speech). Their short-time Fourier transforms 
(STFT) yield complex spectrograms Y(t,f) and Xk (t,f) , where 
t and f index time and frequency bins, respectively. The input 
transformation rearranges these representations by separating 
real and imaginary components:
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We employ temporal concatenation along the feature dimension 
rather than channel-wise stacking. This design preserves 
the frequency resolution F=161 (for 16 kHz sampling with 
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512-point FFT and 25ms window), enabling the encoder to learn 
frequency-dependent phase relationships across input streams. 
Channel-wise concatenation would require modified encoder 
architectures and might obscure cross-signal temporal alignment 
patterns crucial for echo cancellation.

We denote MIDCCRN with K auxiliary inputs as MIDCCRN(K). 
MIDCCRN (0) corresponds to the original single-input DCCRN 
configuration. All signals are processed with consistent 

parameters: sampling rate 16 kHz, Hamming window length 
25 ms, hop size 6.25 ms, FFT length 512. Due to conjugate 
symmetry, only 161 frequency bins are retained. To capture 
temporal context, 16 consecutive frames are processed jointly, 
yielding input dimensions T=16(K+1) , F=161 .

Encoder-Decoder Block
The core processing follows a U-Net encoder-decoder architecture 
with complex-valued operations and skip connections (Fig. 2). 
Table 1 summarizes layer configurations.
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Table 1: Hyper-parameters of Encoder-Decoder block

Table 1 shows the hyper parameters of the encoder-decoder 
block. In the table, T = 16(M+1) is the time dimension, and the 
frequency dimension F decreases by half from 161 to 9 in the 
encode, then increases again in the decoder to 161. The number 
of channels increases to 2, 16, 32, 64, 128, and 256 in the encoder, 
and then decreases again to 2 in the decoder. The input size and 
output size of each layer are given in the form of (number of 
channels × time dimension × frequency dimension). The hyper-
parameters of the layers are given in the form of (kernel size, 
step size, and number of channels).

Complex Encoder
Each encoder layer comprises complex 2D convolution 
(CConv2d), complex batch normalization (CBN), and parametric 
ReLU (PReLU) activation.

For complex filter W = Wr + jWi and input X  = Xr + jXi, the 
operation is:
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For complex filter 𝑊𝑊 = 𝑊𝑊𝑟𝑟 + 𝑗𝑗𝑊𝑊𝑖𝑖  and input 𝑋𝑋 =
𝑋𝑋𝑟𝑟 + 𝑗𝑗𝑋𝑋𝑖𝑖, the operation is: 

𝑌𝑌 = 𝑋𝑋 ⊛ 𝑊𝑊 = (𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑟𝑟 − 𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑖𝑖) + 𝑗𝑗(𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑖𝑖 +
𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑟𝑟)    (2) 

implemented via four real-valued convolutions. 

Normalizes complex values by computing mean and 

variance over both real and imaginary components [38]. 

PReLU is Applied separately to real and imaginary parts: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥) = 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) + 𝛼𝛼 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) , with learnable 

parameter 𝛼𝛼 . 

2.2.2. Efficient Complex LSTM Implementation 
The original DCCRN implements CLSTM using four 

separate LSTMs processing real and imaginary components 

independently [14]:    

𝐘𝐘𝑟𝑟𝑟𝑟 = LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑟𝑟𝑟𝑟 =
LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑖𝑖), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑖𝑖)             (3) 

𝐘𝐘 = (𝐘𝐘𝒓𝒓𝒓𝒓 − 𝐘𝐘𝒊𝒊𝒊𝒊) + 𝒋𝒋(𝐘𝐘𝒓𝒓𝒓𝒓 + 𝐘𝐘𝒊𝒊𝒊𝒊)    
This requires 12 activation function evaluations per time 

step (3 gates × 4 pathways). 

We replace real-valued convolutions within LSTM 

gates with complex convolutions, enabling single-pathway 

processing: 

𝐢𝐢𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒊𝒊 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒕𝒕)      (4) 
𝐟𝐟𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒇𝒇 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒇𝒇)      (5) 

𝐜𝐜𝒕𝒕 = 𝐟𝐟𝒕𝒕  ○ 𝐜𝐜𝒕𝒕−𝟏𝟏 + 𝐢𝐢𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒄𝒄 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒄𝒄)  
(6) 

𝐨𝐨𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒐𝒐 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒐𝒐)     (7) 
𝐡𝐡𝒕𝒕 = 𝐨𝐨𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐜𝐜𝒕𝒕)            (8) 

where ∗ denotes complex convolution and ○ complex 

element-wise multiplication. 

 The proposed implementation requires only 6 

activation calls (3 gates × 1 pathway with real/imaginary 

pairs), achieving 50% reduction compared to the 

conventional approach. Complex multiplication requires 

four real multiplications, but modern accelerators optimize 

this overhead. The primary savings come from reduced 

memory access patterns and activation function evaluations, 

which are significant on edge devices. 

 Section 4.3.1 validates that this modification preserves 

enhancement performance while reducing computational 

cost, addressing concerns that the reduction might merely 

merge operations without actual savings . 

2.2.3 Complex Decoder 

Decoder layers employ transposed complex 

convolutions for upsampling. Skip connections concatenate 

encoder features with decoder activations, preserving fine-

grained details. The final layer outputs a complex ratio mask 

(CRM) 𝑀𝑀 ∈ ℂ𝑇𝑇×𝐹𝐹. 

2.3 Output block 
The Encoder-Decoder block outputs a complex rate 

mask (CRM) 𝑀𝑀. Multiplying this complex mask 𝑀𝑀 by the 

complex spectrum 𝑌𝑌  of the noisy signal yields the 

spectrum of the clean signal. 

𝑆̂𝑆 = 𝑀𝑀 ∙ 𝑌𝑌       
 (14) 

The polar coordinate representation (𝑀𝑀𝑚𝑚, 𝑀𝑀𝜑𝜑) of the 

Cartesian representation of the complex number 𝑀𝑀 = 𝑀𝑀𝑟𝑟 +
𝑗𝑗𝑀𝑀𝑖𝑖 (𝑀𝑀𝑟𝑟, 𝑀𝑀𝑖𝑖 ∈ ℝ, 𝑗𝑗 = √−1) is as follows; 

𝑀𝑀𝑚𝑚 = √𝑀𝑀𝑟𝑟
2 + 𝑀𝑀𝑖𝑖

2, 𝑀𝑀𝜑𝜑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(𝑀𝑀𝑖𝑖, 𝑀𝑀𝑟𝑟),  
  (15) 

where 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2  is a quarter-square tangent function 

with values in the interval (−𝜋𝜋, 𝜋𝜋]. The spectrum of the 

clean signal is calculated as follows; 

𝑆̂𝑆 = 𝑌𝑌𝑚𝑚 ∙ 𝑀𝑀𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒{𝑌𝑌𝜑𝜑 + 𝑀𝑀𝜑𝜑},     
  (16) 

where ((𝑌𝑌𝑚𝑚, 𝑌𝑌𝜑𝜑) is the polar coordinate representation 

of the spectrum 𝑌𝑌 of the incoming noisy signal and 𝑒𝑒𝑒𝑒𝑒𝑒{∙} 

is an exponential function.The time-domain clean signal 

𝑠̂𝑠 = ISTFT{𝑆̂𝑆} is estimated. 

2.4 Online Implementation Considerations 

For deployment in real-time communication systems, 

the following design constraints are explicitly addressed: 

The system employs unidirectional CLSTM without future 

context access. All convolutions are causal (no padding on 

future frames), ensuring no algorithmic latency beyond the 

inherent STFT windowing. 

Total latency comprises the STFT analysis window (25 ms) 

plus context buffer (100 ms for 16 frames at 6.25 ms hop), 

totaling 125 ms. This satisfies ITU-T G.114 

recommendations for conversational quality (< 150 ms one-

way). 

Frame-by-frame processing maintains O(1) memory 

complexity per time step through sliding window buffer 
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implemented via four real-valued convolutions.

Normalizes complex values by computing mean and variance 
over both real and imaginary components [38]. PReLU is 
Applied separately to real and imaginary parts: PReLU(x) = 
max(0,x)+α min(0,x), with learnable parameter α .

Efficient Complex LSTM Implementation
The original DCCRN implements CLSTM using four 
separate LSTMs processing real and imaginary components 
independently [14]:			 
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For complex filter 𝑊𝑊 = 𝑊𝑊𝑟𝑟 + 𝑗𝑗𝑊𝑊𝑖𝑖  and input 𝑋𝑋 =
𝑋𝑋𝑟𝑟 + 𝑗𝑗𝑋𝑋𝑖𝑖, the operation is: 

𝑌𝑌 = 𝑋𝑋 ⊛ 𝑊𝑊 = (𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑟𝑟 − 𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑖𝑖) + 𝑗𝑗(𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑖𝑖 +
𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑟𝑟)    (2) 

implemented via four real-valued convolutions. 

Normalizes complex values by computing mean and 

variance over both real and imaginary components [38]. 

PReLU is Applied separately to real and imaginary parts: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥) = 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) + 𝛼𝛼 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) , with learnable 

parameter 𝛼𝛼 . 

2.2.2. Efficient Complex LSTM Implementation 
The original DCCRN implements CLSTM using four 

separate LSTMs processing real and imaginary components 

independently [14]:    

𝐘𝐘𝑟𝑟𝑟𝑟 = LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑟𝑟𝑟𝑟 =
LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑖𝑖), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑖𝑖)             (3) 

𝐘𝐘 = (𝐘𝐘𝒓𝒓𝒓𝒓 − 𝐘𝐘𝒊𝒊𝒊𝒊) + 𝒋𝒋(𝐘𝐘𝒓𝒓𝒓𝒓 + 𝐘𝐘𝒊𝒊𝒊𝒊)    
This requires 12 activation function evaluations per time 

step (3 gates × 4 pathways). 

We replace real-valued convolutions within LSTM 

gates with complex convolutions, enabling single-pathway 

processing: 

𝐢𝐢𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒊𝒊 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒕𝒕)      (4) 
𝐟𝐟𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒇𝒇 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒇𝒇)      (5) 

𝐜𝐜𝒕𝒕 = 𝐟𝐟𝒕𝒕  ○ 𝐜𝐜𝒕𝒕−𝟏𝟏 + 𝐢𝐢𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒄𝒄 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒄𝒄)  
(6) 

𝐨𝐨𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒐𝒐 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒐𝒐)     (7) 
𝐡𝐡𝒕𝒕 = 𝐨𝐨𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐜𝐜𝒕𝒕)            (8) 

where ∗ denotes complex convolution and ○ complex 

element-wise multiplication. 

 The proposed implementation requires only 6 

activation calls (3 gates × 1 pathway with real/imaginary 

pairs), achieving 50% reduction compared to the 

conventional approach. Complex multiplication requires 

four real multiplications, but modern accelerators optimize 

this overhead. The primary savings come from reduced 

memory access patterns and activation function evaluations, 

which are significant on edge devices. 

 Section 4.3.1 validates that this modification preserves 

enhancement performance while reducing computational 

cost, addressing concerns that the reduction might merely 

merge operations without actual savings . 

2.2.3 Complex Decoder 

Decoder layers employ transposed complex 

convolutions for upsampling. Skip connections concatenate 

encoder features with decoder activations, preserving fine-

grained details. The final layer outputs a complex ratio mask 

(CRM) 𝑀𝑀 ∈ ℂ𝑇𝑇×𝐹𝐹. 

2.3 Output block 
The Encoder-Decoder block outputs a complex rate 

mask (CRM) 𝑀𝑀. Multiplying this complex mask 𝑀𝑀 by the 

complex spectrum 𝑌𝑌  of the noisy signal yields the 

spectrum of the clean signal. 

𝑆̂𝑆 = 𝑀𝑀 ∙ 𝑌𝑌       
 (14) 

The polar coordinate representation (𝑀𝑀𝑚𝑚, 𝑀𝑀𝜑𝜑) of the 

Cartesian representation of the complex number 𝑀𝑀 = 𝑀𝑀𝑟𝑟 +
𝑗𝑗𝑀𝑀𝑖𝑖 (𝑀𝑀𝑟𝑟, 𝑀𝑀𝑖𝑖 ∈ ℝ, 𝑗𝑗 = √−1) is as follows; 

𝑀𝑀𝑚𝑚 = √𝑀𝑀𝑟𝑟
2 + 𝑀𝑀𝑖𝑖

2, 𝑀𝑀𝜑𝜑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(𝑀𝑀𝑖𝑖, 𝑀𝑀𝑟𝑟),  
  (15) 

where 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2  is a quarter-square tangent function 

with values in the interval (−𝜋𝜋, 𝜋𝜋]. The spectrum of the 

clean signal is calculated as follows; 

𝑆̂𝑆 = 𝑌𝑌𝑚𝑚 ∙ 𝑀𝑀𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒{𝑌𝑌𝜑𝜑 + 𝑀𝑀𝜑𝜑},     
  (16) 

where ((𝑌𝑌𝑚𝑚, 𝑌𝑌𝜑𝜑) is the polar coordinate representation 

of the spectrum 𝑌𝑌 of the incoming noisy signal and 𝑒𝑒𝑒𝑒𝑒𝑒{∙} 

is an exponential function.The time-domain clean signal 

𝑠̂𝑠 = ISTFT{𝑆̂𝑆} is estimated. 

2.4 Online Implementation Considerations 

For deployment in real-time communication systems, 

the following design constraints are explicitly addressed: 

The system employs unidirectional CLSTM without future 

context access. All convolutions are causal (no padding on 

future frames), ensuring no algorithmic latency beyond the 

inherent STFT windowing. 

Total latency comprises the STFT analysis window (25 ms) 

plus context buffer (100 ms for 16 frames at 6.25 ms hop), 

totaling 125 ms. This satisfies ITU-T G.114 

recommendations for conversational quality (< 150 ms one-

way). 

Frame-by-frame processing maintains O(1) memory 

complexity per time step through sliding window buffer 

This requires 12 activation function evaluations per time step (3 
gates × 4 pathways).
We replace real-valued convolutions within LSTM gates with 
complex convolutions, enabling single-pathway processing:
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For complex filter 𝑊𝑊 = 𝑊𝑊𝑟𝑟 + 𝑗𝑗𝑊𝑊𝑖𝑖  and input 𝑋𝑋 =
𝑋𝑋𝑟𝑟 + 𝑗𝑗𝑋𝑋𝑖𝑖, the operation is: 

𝑌𝑌 = 𝑋𝑋 ⊛ 𝑊𝑊 = (𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑟𝑟 − 𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑖𝑖) + 𝑗𝑗(𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑖𝑖 +
𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑟𝑟)    (2) 

implemented via four real-valued convolutions. 

Normalizes complex values by computing mean and 

variance over both real and imaginary components [38]. 

PReLU is Applied separately to real and imaginary parts: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥) = 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) + 𝛼𝛼 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) , with learnable 

parameter 𝛼𝛼 . 

2.2.2. Efficient Complex LSTM Implementation 
The original DCCRN implements CLSTM using four 

separate LSTMs processing real and imaginary components 

independently [14]:    

𝐘𝐘𝑟𝑟𝑟𝑟 = LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑟𝑟𝑟𝑟 =
LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑖𝑖), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑖𝑖)             (3) 

𝐘𝐘 = (𝐘𝐘𝒓𝒓𝒓𝒓 − 𝐘𝐘𝒊𝒊𝒊𝒊) + 𝒋𝒋(𝐘𝐘𝒓𝒓𝒓𝒓 + 𝐘𝐘𝒊𝒊𝒊𝒊)    
This requires 12 activation function evaluations per time 

step (3 gates × 4 pathways). 

We replace real-valued convolutions within LSTM 

gates with complex convolutions, enabling single-pathway 

processing: 

𝐢𝐢𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒊𝒊 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒕𝒕)      (4) 
𝐟𝐟𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒇𝒇 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒇𝒇)      (5) 

𝐜𝐜𝒕𝒕 = 𝐟𝐟𝒕𝒕  ○ 𝐜𝐜𝒕𝒕−𝟏𝟏 + 𝐢𝐢𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒄𝒄 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒄𝒄)  
(6) 

𝐨𝐨𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒐𝒐 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒐𝒐)     (7) 
𝐡𝐡𝒕𝒕 = 𝐨𝐨𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐜𝐜𝒕𝒕)            (8) 

where ∗ denotes complex convolution and ○ complex 

element-wise multiplication. 

 The proposed implementation requires only 6 

activation calls (3 gates × 1 pathway with real/imaginary 

pairs), achieving 50% reduction compared to the 

conventional approach. Complex multiplication requires 

four real multiplications, but modern accelerators optimize 

this overhead. The primary savings come from reduced 

memory access patterns and activation function evaluations, 

which are significant on edge devices. 

 Section 4.3.1 validates that this modification preserves 

enhancement performance while reducing computational 

cost, addressing concerns that the reduction might merely 

merge operations without actual savings . 

2.2.3 Complex Decoder 

Decoder layers employ transposed complex 

convolutions for upsampling. Skip connections concatenate 

encoder features with decoder activations, preserving fine-

grained details. The final layer outputs a complex ratio mask 

(CRM) 𝑀𝑀 ∈ ℂ𝑇𝑇×𝐹𝐹. 

2.3 Output block 
The Encoder-Decoder block outputs a complex rate 

mask (CRM) 𝑀𝑀. Multiplying this complex mask 𝑀𝑀 by the 

complex spectrum 𝑌𝑌  of the noisy signal yields the 

spectrum of the clean signal. 

𝑆̂𝑆 = 𝑀𝑀 ∙ 𝑌𝑌       
 (14) 

The polar coordinate representation (𝑀𝑀𝑚𝑚, 𝑀𝑀𝜑𝜑) of the 

Cartesian representation of the complex number 𝑀𝑀 = 𝑀𝑀𝑟𝑟 +
𝑗𝑗𝑀𝑀𝑖𝑖 (𝑀𝑀𝑟𝑟, 𝑀𝑀𝑖𝑖 ∈ ℝ, 𝑗𝑗 = √−1) is as follows; 

𝑀𝑀𝑚𝑚 = √𝑀𝑀𝑟𝑟
2 + 𝑀𝑀𝑖𝑖

2, 𝑀𝑀𝜑𝜑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(𝑀𝑀𝑖𝑖, 𝑀𝑀𝑟𝑟),  
  (15) 

where 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2  is a quarter-square tangent function 

with values in the interval (−𝜋𝜋, 𝜋𝜋]. The spectrum of the 

clean signal is calculated as follows; 

𝑆̂𝑆 = 𝑌𝑌𝑚𝑚 ∙ 𝑀𝑀𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒{𝑌𝑌𝜑𝜑 + 𝑀𝑀𝜑𝜑},     
  (16) 

where ((𝑌𝑌𝑚𝑚, 𝑌𝑌𝜑𝜑) is the polar coordinate representation 

of the spectrum 𝑌𝑌 of the incoming noisy signal and 𝑒𝑒𝑒𝑒𝑒𝑒{∙} 

is an exponential function.The time-domain clean signal 

𝑠̂𝑠 = ISTFT{𝑆̂𝑆} is estimated. 

2.4 Online Implementation Considerations 

For deployment in real-time communication systems, 

the following design constraints are explicitly addressed: 

The system employs unidirectional CLSTM without future 

context access. All convolutions are causal (no padding on 

future frames), ensuring no algorithmic latency beyond the 

inherent STFT windowing. 

Total latency comprises the STFT analysis window (25 ms) 

plus context buffer (100 ms for 16 frames at 6.25 ms hop), 

totaling 125 ms. This satisfies ITU-T G.114 

recommendations for conversational quality (< 150 ms one-

way). 

Frame-by-frame processing maintains O(1) memory 

complexity per time step through sliding window buffer 

where * denotes complex convolution and ○ complex element-
wise multiplication.
The proposed implementation requires only 6 activation calls 
(3 gates × 1 pathway with real/imaginary pairs), achieving 50% 
reduction compared to the conventional approach. Complex 
multiplication requires four real multiplications, but modern 
accelerators optimize this overhead. 
The primary savings come from reduced memory access patterns 
and activation function evaluations, which are significant on edge 
devices. Section 4.3.1 validates that this modification preserves 
enhancement performance while reducing computational cost, 
addressing concerns that the reduction might merely merge 
operations without actual savings.

Complex Decoder
Decoder layers employ transposed complex convolutions for up 
sampling. Skip connections concatenate encoder features with 
decoder activations, preserving fine-grained details. The final 
layer outputs a complex ratio mask (CRM) 
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For complex filter 𝑊𝑊 = 𝑊𝑊𝑟𝑟 + 𝑗𝑗𝑊𝑊𝑖𝑖  and input 𝑋𝑋 =
𝑋𝑋𝑟𝑟 + 𝑗𝑗𝑋𝑋𝑖𝑖, the operation is: 

𝑌𝑌 = 𝑋𝑋 ⊛ 𝑊𝑊 = (𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑟𝑟 − 𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑖𝑖) + 𝑗𝑗(𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑖𝑖 +
𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑟𝑟)    (2) 

implemented via four real-valued convolutions. 

Normalizes complex values by computing mean and 

variance over both real and imaginary components [38]. 

PReLU is Applied separately to real and imaginary parts: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥) = 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) + 𝛼𝛼 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) , with learnable 

parameter 𝛼𝛼 . 

2.2.2. Efficient Complex LSTM Implementation 
The original DCCRN implements CLSTM using four 

separate LSTMs processing real and imaginary components 

independently [14]:    

𝐘𝐘𝑟𝑟𝑟𝑟 = LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑟𝑟𝑟𝑟 =
LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑖𝑖), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑖𝑖)             (3) 

𝐘𝐘 = (𝐘𝐘𝒓𝒓𝒓𝒓 − 𝐘𝐘𝒊𝒊𝒊𝒊) + 𝒋𝒋(𝐘𝐘𝒓𝒓𝒓𝒓 + 𝐘𝐘𝒊𝒊𝒊𝒊)    
This requires 12 activation function evaluations per time 

step (3 gates × 4 pathways). 

We replace real-valued convolutions within LSTM 

gates with complex convolutions, enabling single-pathway 

processing: 

𝐢𝐢𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒊𝒊 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒕𝒕)      (4) 
𝐟𝐟𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒇𝒇 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒇𝒇)      (5) 

𝐜𝐜𝒕𝒕 = 𝐟𝐟𝒕𝒕  ○ 𝐜𝐜𝒕𝒕−𝟏𝟏 + 𝐢𝐢𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒄𝒄 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒄𝒄)  
(6) 

𝐨𝐨𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒐𝒐 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒐𝒐)     (7) 
𝐡𝐡𝒕𝒕 = 𝐨𝐨𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐜𝐜𝒕𝒕)            (8) 

where ∗ denotes complex convolution and ○ complex 

element-wise multiplication. 

 The proposed implementation requires only 6 

activation calls (3 gates × 1 pathway with real/imaginary 

pairs), achieving 50% reduction compared to the 

conventional approach. Complex multiplication requires 

four real multiplications, but modern accelerators optimize 

this overhead. The primary savings come from reduced 

memory access patterns and activation function evaluations, 

which are significant on edge devices. 

 Section 4.3.1 validates that this modification preserves 

enhancement performance while reducing computational 

cost, addressing concerns that the reduction might merely 

merge operations without actual savings . 

2.2.3 Complex Decoder 

Decoder layers employ transposed complex 

convolutions for upsampling. Skip connections concatenate 

encoder features with decoder activations, preserving fine-

grained details. The final layer outputs a complex ratio mask 

(CRM) 𝑀𝑀 ∈ ℂ𝑇𝑇×𝐹𝐹. 

2.3 Output block 
The Encoder-Decoder block outputs a complex rate 

mask (CRM) 𝑀𝑀. Multiplying this complex mask 𝑀𝑀 by the 

complex spectrum 𝑌𝑌  of the noisy signal yields the 

spectrum of the clean signal. 

𝑆̂𝑆 = 𝑀𝑀 ∙ 𝑌𝑌       
 (14) 

The polar coordinate representation (𝑀𝑀𝑚𝑚, 𝑀𝑀𝜑𝜑) of the 

Cartesian representation of the complex number 𝑀𝑀 = 𝑀𝑀𝑟𝑟 +
𝑗𝑗𝑀𝑀𝑖𝑖 (𝑀𝑀𝑟𝑟, 𝑀𝑀𝑖𝑖 ∈ ℝ, 𝑗𝑗 = √−1) is as follows; 

𝑀𝑀𝑚𝑚 = √𝑀𝑀𝑟𝑟
2 + 𝑀𝑀𝑖𝑖

2, 𝑀𝑀𝜑𝜑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(𝑀𝑀𝑖𝑖, 𝑀𝑀𝑟𝑟),  
  (15) 

where 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2  is a quarter-square tangent function 

with values in the interval (−𝜋𝜋, 𝜋𝜋]. The spectrum of the 

clean signal is calculated as follows; 

𝑆̂𝑆 = 𝑌𝑌𝑚𝑚 ∙ 𝑀𝑀𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒{𝑌𝑌𝜑𝜑 + 𝑀𝑀𝜑𝜑},     
  (16) 

where ((𝑌𝑌𝑚𝑚, 𝑌𝑌𝜑𝜑) is the polar coordinate representation 

of the spectrum 𝑌𝑌 of the incoming noisy signal and 𝑒𝑒𝑒𝑒𝑒𝑒{∙} 

is an exponential function.The time-domain clean signal 

𝑠̂𝑠 = ISTFT{𝑆̂𝑆} is estimated. 

2.4 Online Implementation Considerations 

For deployment in real-time communication systems, 

the following design constraints are explicitly addressed: 

The system employs unidirectional CLSTM without future 

context access. All convolutions are causal (no padding on 

future frames), ensuring no algorithmic latency beyond the 

inherent STFT windowing. 

Total latency comprises the STFT analysis window (25 ms) 

plus context buffer (100 ms for 16 frames at 6.25 ms hop), 

totaling 125 ms. This satisfies ITU-T G.114 

recommendations for conversational quality (< 150 ms one-

way). 

Frame-by-frame processing maintains O(1) memory 

complexity per time step through sliding window buffer 

Output Block
The Encoder-Decoder block outputs a complex rate mask (CRM) 
M. Multiplying this complex mask M by the complex spectrum 
Y of the noisy signal yields the spectrum of the clean signal.
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For complex filter 𝑊𝑊 = 𝑊𝑊𝑟𝑟 + 𝑗𝑗𝑊𝑊𝑖𝑖  and input 𝑋𝑋 =
𝑋𝑋𝑟𝑟 + 𝑗𝑗𝑋𝑋𝑖𝑖, the operation is: 

𝑌𝑌 = 𝑋𝑋 ⊛ 𝑊𝑊 = (𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑟𝑟 − 𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑖𝑖) + 𝑗𝑗(𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑖𝑖 +
𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑟𝑟)    (2) 

implemented via four real-valued convolutions. 

Normalizes complex values by computing mean and 

variance over both real and imaginary components [38]. 

PReLU is Applied separately to real and imaginary parts: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥) = 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) + 𝛼𝛼 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) , with learnable 

parameter 𝛼𝛼 . 

2.2.2. Efficient Complex LSTM Implementation 
The original DCCRN implements CLSTM using four 

separate LSTMs processing real and imaginary components 

independently [14]:    

𝐘𝐘𝑟𝑟𝑟𝑟 = LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑟𝑟𝑟𝑟 =
LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑖𝑖), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑖𝑖)             (3) 

𝐘𝐘 = (𝐘𝐘𝒓𝒓𝒓𝒓 − 𝐘𝐘𝒊𝒊𝒊𝒊) + 𝒋𝒋(𝐘𝐘𝒓𝒓𝒓𝒓 + 𝐘𝐘𝒊𝒊𝒊𝒊)    
This requires 12 activation function evaluations per time 

step (3 gates × 4 pathways). 

We replace real-valued convolutions within LSTM 

gates with complex convolutions, enabling single-pathway 

processing: 

𝐢𝐢𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒊𝒊 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒕𝒕)      (4) 
𝐟𝐟𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒇𝒇 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒇𝒇)      (5) 

𝐜𝐜𝒕𝒕 = 𝐟𝐟𝒕𝒕  ○ 𝐜𝐜𝒕𝒕−𝟏𝟏 + 𝐢𝐢𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒄𝒄 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒄𝒄)  
(6) 

𝐨𝐨𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒐𝒐 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒐𝒐)     (7) 
𝐡𝐡𝒕𝒕 = 𝐨𝐨𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐜𝐜𝒕𝒕)            (8) 

where ∗ denotes complex convolution and ○ complex 

element-wise multiplication. 

 The proposed implementation requires only 6 

activation calls (3 gates × 1 pathway with real/imaginary 

pairs), achieving 50% reduction compared to the 

conventional approach. Complex multiplication requires 

four real multiplications, but modern accelerators optimize 

this overhead. The primary savings come from reduced 

memory access patterns and activation function evaluations, 

which are significant on edge devices. 

 Section 4.3.1 validates that this modification preserves 

enhancement performance while reducing computational 

cost, addressing concerns that the reduction might merely 

merge operations without actual savings . 

2.2.3 Complex Decoder 

Decoder layers employ transposed complex 

convolutions for upsampling. Skip connections concatenate 

encoder features with decoder activations, preserving fine-

grained details. The final layer outputs a complex ratio mask 

(CRM) 𝑀𝑀 ∈ ℂ𝑇𝑇×𝐹𝐹. 

2.3 Output block 
The Encoder-Decoder block outputs a complex rate 

mask (CRM) 𝑀𝑀. Multiplying this complex mask 𝑀𝑀 by the 

complex spectrum 𝑌𝑌  of the noisy signal yields the 

spectrum of the clean signal. 

𝑆̂𝑆 = 𝑀𝑀 ∙ 𝑌𝑌       
 (14) 

The polar coordinate representation (𝑀𝑀𝑚𝑚, 𝑀𝑀𝜑𝜑) of the 

Cartesian representation of the complex number 𝑀𝑀 = 𝑀𝑀𝑟𝑟 +
𝑗𝑗𝑀𝑀𝑖𝑖 (𝑀𝑀𝑟𝑟, 𝑀𝑀𝑖𝑖 ∈ ℝ, 𝑗𝑗 = √−1) is as follows; 

𝑀𝑀𝑚𝑚 = √𝑀𝑀𝑟𝑟
2 + 𝑀𝑀𝑖𝑖

2, 𝑀𝑀𝜑𝜑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(𝑀𝑀𝑖𝑖, 𝑀𝑀𝑟𝑟),  
  (15) 

where 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2  is a quarter-square tangent function 

with values in the interval (−𝜋𝜋, 𝜋𝜋]. The spectrum of the 

clean signal is calculated as follows; 

𝑆̂𝑆 = 𝑌𝑌𝑚𝑚 ∙ 𝑀𝑀𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒{𝑌𝑌𝜑𝜑 + 𝑀𝑀𝜑𝜑},     
  (16) 

where ((𝑌𝑌𝑚𝑚, 𝑌𝑌𝜑𝜑) is the polar coordinate representation 

of the spectrum 𝑌𝑌 of the incoming noisy signal and 𝑒𝑒𝑒𝑒𝑒𝑒{∙} 

is an exponential function.The time-domain clean signal 

𝑠̂𝑠 = ISTFT{𝑆̂𝑆} is estimated. 

2.4 Online Implementation Considerations 

For deployment in real-time communication systems, 

the following design constraints are explicitly addressed: 

The system employs unidirectional CLSTM without future 

context access. All convolutions are causal (no padding on 

future frames), ensuring no algorithmic latency beyond the 

inherent STFT windowing. 

Total latency comprises the STFT analysis window (25 ms) 

plus context buffer (100 ms for 16 frames at 6.25 ms hop), 

totaling 125 ms. This satisfies ITU-T G.114 

recommendations for conversational quality (< 150 ms one-

way). 

Frame-by-frame processing maintains O(1) memory 

complexity per time step through sliding window buffer 

The polar coordinate representation (Mm , Mφ) of the 
Cartesian representation of the complex number 
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For complex filter 𝑊𝑊 = 𝑊𝑊𝑟𝑟 + 𝑗𝑗𝑊𝑊𝑖𝑖  and input 𝑋𝑋 =
𝑋𝑋𝑟𝑟 + 𝑗𝑗𝑋𝑋𝑖𝑖, the operation is: 

𝑌𝑌 = 𝑋𝑋 ⊛ 𝑊𝑊 = (𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑟𝑟 − 𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑖𝑖) + 𝑗𝑗(𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑖𝑖 +
𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑟𝑟)    (2) 

implemented via four real-valued convolutions. 

Normalizes complex values by computing mean and 

variance over both real and imaginary components [38]. 

PReLU is Applied separately to real and imaginary parts: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥) = 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) + 𝛼𝛼 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) , with learnable 

parameter 𝛼𝛼 . 

2.2.2. Efficient Complex LSTM Implementation 
The original DCCRN implements CLSTM using four 

separate LSTMs processing real and imaginary components 

independently [14]:    

𝐘𝐘𝑟𝑟𝑟𝑟 = LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑟𝑟𝑟𝑟 =
LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑖𝑖), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑖𝑖)             (3) 

𝐘𝐘 = (𝐘𝐘𝒓𝒓𝒓𝒓 − 𝐘𝐘𝒊𝒊𝒊𝒊) + 𝒋𝒋(𝐘𝐘𝒓𝒓𝒓𝒓 + 𝐘𝐘𝒊𝒊𝒊𝒊)    
This requires 12 activation function evaluations per time 

step (3 gates × 4 pathways). 

We replace real-valued convolutions within LSTM 

gates with complex convolutions, enabling single-pathway 

processing: 

𝐢𝐢𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒊𝒊 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒕𝒕)      (4) 
𝐟𝐟𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒇𝒇 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒇𝒇)      (5) 

𝐜𝐜𝒕𝒕 = 𝐟𝐟𝒕𝒕  ○ 𝐜𝐜𝒕𝒕−𝟏𝟏 + 𝐢𝐢𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒄𝒄 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒄𝒄)  
(6) 

𝐨𝐨𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒐𝒐 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒐𝒐)     (7) 
𝐡𝐡𝒕𝒕 = 𝐨𝐨𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐜𝐜𝒕𝒕)            (8) 

where ∗ denotes complex convolution and ○ complex 

element-wise multiplication. 

 The proposed implementation requires only 6 

activation calls (3 gates × 1 pathway with real/imaginary 

pairs), achieving 50% reduction compared to the 

conventional approach. Complex multiplication requires 

four real multiplications, but modern accelerators optimize 

this overhead. The primary savings come from reduced 

memory access patterns and activation function evaluations, 

which are significant on edge devices. 

 Section 4.3.1 validates that this modification preserves 

enhancement performance while reducing computational 

cost, addressing concerns that the reduction might merely 

merge operations without actual savings . 

2.2.3 Complex Decoder 

Decoder layers employ transposed complex 

convolutions for upsampling. Skip connections concatenate 

encoder features with decoder activations, preserving fine-

grained details. The final layer outputs a complex ratio mask 

(CRM) 𝑀𝑀 ∈ ℂ𝑇𝑇×𝐹𝐹. 

2.3 Output block 
The Encoder-Decoder block outputs a complex rate 

mask (CRM) 𝑀𝑀. Multiplying this complex mask 𝑀𝑀 by the 

complex spectrum 𝑌𝑌  of the noisy signal yields the 

spectrum of the clean signal. 

𝑆̂𝑆 = 𝑀𝑀 ∙ 𝑌𝑌       
 (14) 

The polar coordinate representation (𝑀𝑀𝑚𝑚, 𝑀𝑀𝜑𝜑) of the 

Cartesian representation of the complex number 𝑀𝑀 = 𝑀𝑀𝑟𝑟 +
𝑗𝑗𝑀𝑀𝑖𝑖 (𝑀𝑀𝑟𝑟, 𝑀𝑀𝑖𝑖 ∈ ℝ, 𝑗𝑗 = √−1) is as follows; 

𝑀𝑀𝑚𝑚 = √𝑀𝑀𝑟𝑟
2 + 𝑀𝑀𝑖𝑖

2, 𝑀𝑀𝜑𝜑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(𝑀𝑀𝑖𝑖, 𝑀𝑀𝑟𝑟),  
  (15) 

where 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2  is a quarter-square tangent function 

with values in the interval (−𝜋𝜋, 𝜋𝜋]. The spectrum of the 

clean signal is calculated as follows; 

𝑆̂𝑆 = 𝑌𝑌𝑚𝑚 ∙ 𝑀𝑀𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒{𝑌𝑌𝜑𝜑 + 𝑀𝑀𝜑𝜑},     
  (16) 

where ((𝑌𝑌𝑚𝑚, 𝑌𝑌𝜑𝜑) is the polar coordinate representation 

of the spectrum 𝑌𝑌 of the incoming noisy signal and 𝑒𝑒𝑒𝑒𝑒𝑒{∙} 

is an exponential function.The time-domain clean signal 

𝑠̂𝑠 = ISTFT{𝑆̂𝑆} is estimated. 

2.4 Online Implementation Considerations 

For deployment in real-time communication systems, 

the following design constraints are explicitly addressed: 

The system employs unidirectional CLSTM without future 

context access. All convolutions are causal (no padding on 

future frames), ensuring no algorithmic latency beyond the 

inherent STFT windowing. 

Total latency comprises the STFT analysis window (25 ms) 

plus context buffer (100 ms for 16 frames at 6.25 ms hop), 

totaling 125 ms. This satisfies ITU-T G.114 

recommendations for conversational quality (< 150 ms one-

way). 

Frame-by-frame processing maintains O(1) memory 

complexity per time step through sliding window buffer 
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parameter 𝛼𝛼 . 

2.2.2. Efficient Complex LSTM Implementation 
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separate LSTMs processing real and imaginary components 

independently [14]:    
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This requires 12 activation function evaluations per time 

step (3 gates × 4 pathways). 

We replace real-valued convolutions within LSTM 

gates with complex convolutions, enabling single-pathway 

processing: 
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𝐨𝐨𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒐𝒐 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒐𝒐)     (7) 
𝐡𝐡𝒕𝒕 = 𝐨𝐨𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐜𝐜𝒕𝒕)            (8) 

where ∗ denotes complex convolution and ○ complex 

element-wise multiplication. 

 The proposed implementation requires only 6 

activation calls (3 gates × 1 pathway with real/imaginary 

pairs), achieving 50% reduction compared to the 

conventional approach. Complex multiplication requires 

four real multiplications, but modern accelerators optimize 

this overhead. The primary savings come from reduced 

memory access patterns and activation function evaluations, 

which are significant on edge devices. 

 Section 4.3.1 validates that this modification preserves 

enhancement performance while reducing computational 

cost, addressing concerns that the reduction might merely 

merge operations without actual savings . 

2.2.3 Complex Decoder 

Decoder layers employ transposed complex 

convolutions for upsampling. Skip connections concatenate 

encoder features with decoder activations, preserving fine-

grained details. The final layer outputs a complex ratio mask 

(CRM) 𝑀𝑀 ∈ ℂ𝑇𝑇×𝐹𝐹. 

2.3 Output block 
The Encoder-Decoder block outputs a complex rate 

mask (CRM) 𝑀𝑀. Multiplying this complex mask 𝑀𝑀 by the 

complex spectrum 𝑌𝑌  of the noisy signal yields the 

spectrum of the clean signal. 

𝑆̂𝑆 = 𝑀𝑀 ∙ 𝑌𝑌       
 (14) 

The polar coordinate representation (𝑀𝑀𝑚𝑚, 𝑀𝑀𝜑𝜑) of the 

Cartesian representation of the complex number 𝑀𝑀 = 𝑀𝑀𝑟𝑟 +
𝑗𝑗𝑀𝑀𝑖𝑖 (𝑀𝑀𝑟𝑟, 𝑀𝑀𝑖𝑖 ∈ ℝ, 𝑗𝑗 = √−1) is as follows; 

𝑀𝑀𝑚𝑚 = √𝑀𝑀𝑟𝑟
2 + 𝑀𝑀𝑖𝑖

2, 𝑀𝑀𝜑𝜑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(𝑀𝑀𝑖𝑖, 𝑀𝑀𝑟𝑟),  
  (15) 

where 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2  is a quarter-square tangent function 

with values in the interval (−𝜋𝜋, 𝜋𝜋]. The spectrum of the 

clean signal is calculated as follows; 

𝑆̂𝑆 = 𝑌𝑌𝑚𝑚 ∙ 𝑀𝑀𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒{𝑌𝑌𝜑𝜑 + 𝑀𝑀𝜑𝜑},     
  (16) 

where ((𝑌𝑌𝑚𝑚, 𝑌𝑌𝜑𝜑) is the polar coordinate representation 

of the spectrum 𝑌𝑌 of the incoming noisy signal and 𝑒𝑒𝑒𝑒𝑒𝑒{∙} 

is an exponential function.The time-domain clean signal 

𝑠̂𝑠 = ISTFT{𝑆̂𝑆} is estimated. 

2.4 Online Implementation Considerations 

For deployment in real-time communication systems, 

the following design constraints are explicitly addressed: 

The system employs unidirectional CLSTM without future 

context access. All convolutions are causal (no padding on 

future frames), ensuring no algorithmic latency beyond the 

inherent STFT windowing. 

Total latency comprises the STFT analysis window (25 ms) 

plus context buffer (100 ms for 16 frames at 6.25 ms hop), 

totaling 125 ms. This satisfies ITU-T G.114 

recommendations for conversational quality (< 150 ms one-

way). 

Frame-by-frame processing maintains O(1) memory 

complexity per time step through sliding window buffer 

 is as follows;
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2.3 Output block 
The Encoder-Decoder block outputs a complex rate 

mask (CRM) 𝑀𝑀. Multiplying this complex mask 𝑀𝑀 by the 

complex spectrum 𝑌𝑌  of the noisy signal yields the 

spectrum of the clean signal. 

𝑆̂𝑆 = 𝑀𝑀 ∙ 𝑌𝑌       
 (14) 

The polar coordinate representation (𝑀𝑀𝑚𝑚, 𝑀𝑀𝜑𝜑) of the 

Cartesian representation of the complex number 𝑀𝑀 = 𝑀𝑀𝑟𝑟 +
𝑗𝑗𝑀𝑀𝑖𝑖 (𝑀𝑀𝑟𝑟, 𝑀𝑀𝑖𝑖 ∈ ℝ, 𝑗𝑗 = √−1) is as follows; 

𝑀𝑀𝑚𝑚 = √𝑀𝑀𝑟𝑟
2 + 𝑀𝑀𝑖𝑖

2, 𝑀𝑀𝜑𝜑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(𝑀𝑀𝑖𝑖, 𝑀𝑀𝑟𝑟),  
  (15) 

where 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2  is a quarter-square tangent function 

with values in the interval (−𝜋𝜋, 𝜋𝜋]. The spectrum of the 

clean signal is calculated as follows; 

𝑆̂𝑆 = 𝑌𝑌𝑚𝑚 ∙ 𝑀𝑀𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒{𝑌𝑌𝜑𝜑 + 𝑀𝑀𝜑𝜑},     
  (16) 

where ((𝑌𝑌𝑚𝑚, 𝑌𝑌𝜑𝜑) is the polar coordinate representation 

of the spectrum 𝑌𝑌 of the incoming noisy signal and 𝑒𝑒𝑒𝑒𝑒𝑒{∙} 

is an exponential function.The time-domain clean signal 

𝑠̂𝑠 = ISTFT{𝑆̂𝑆} is estimated. 

2.4 Online Implementation Considerations 

For deployment in real-time communication systems, 

the following design constraints are explicitly addressed: 

The system employs unidirectional CLSTM without future 

context access. All convolutions are causal (no padding on 

future frames), ensuring no algorithmic latency beyond the 

inherent STFT windowing. 

Total latency comprises the STFT analysis window (25 ms) 

plus context buffer (100 ms for 16 frames at 6.25 ms hop), 

totaling 125 ms. This satisfies ITU-T G.114 

recommendations for conversational quality (< 150 ms one-

way). 

Frame-by-frame processing maintains O(1) memory 

complexity per time step through sliding window buffer 

where arctan2 is a quarter-square tangent function with values in 
the interval (-π,π]. The spectrum of the clean signal is calculated 
as follows;
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For complex filter 𝑊𝑊 = 𝑊𝑊𝑟𝑟 + 𝑗𝑗𝑊𝑊𝑖𝑖  and input 𝑋𝑋 =
𝑋𝑋𝑟𝑟 + 𝑗𝑗𝑋𝑋𝑖𝑖, the operation is: 

𝑌𝑌 = 𝑋𝑋 ⊛ 𝑊𝑊 = (𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑟𝑟 − 𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑖𝑖) + 𝑗𝑗(𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑖𝑖 +
𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑟𝑟)    (2) 

implemented via four real-valued convolutions. 

Normalizes complex values by computing mean and 

variance over both real and imaginary components [38]. 

PReLU is Applied separately to real and imaginary parts: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥) = 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) + 𝛼𝛼 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) , with learnable 

parameter 𝛼𝛼 . 

2.2.2. Efficient Complex LSTM Implementation 
The original DCCRN implements CLSTM using four 

separate LSTMs processing real and imaginary components 

independently [14]:    

𝐘𝐘𝑟𝑟𝑟𝑟 = LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑟𝑟𝑟𝑟 =
LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑖𝑖), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑖𝑖)             (3) 

𝐘𝐘 = (𝐘𝐘𝒓𝒓𝒓𝒓 − 𝐘𝐘𝒊𝒊𝒊𝒊) + 𝒋𝒋(𝐘𝐘𝒓𝒓𝒓𝒓 + 𝐘𝐘𝒊𝒊𝒊𝒊)    
This requires 12 activation function evaluations per time 

step (3 gates × 4 pathways). 

We replace real-valued convolutions within LSTM 

gates with complex convolutions, enabling single-pathway 

processing: 

𝐢𝐢𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒊𝒊 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒕𝒕)      (4) 
𝐟𝐟𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒇𝒇 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒇𝒇)      (5) 

𝐜𝐜𝒕𝒕 = 𝐟𝐟𝒕𝒕  ○ 𝐜𝐜𝒕𝒕−𝟏𝟏 + 𝐢𝐢𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒄𝒄 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒄𝒄)  
(6) 

𝐨𝐨𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒐𝒐 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒐𝒐)     (7) 
𝐡𝐡𝒕𝒕 = 𝐨𝐨𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐜𝐜𝒕𝒕)            (8) 

where ∗ denotes complex convolution and ○ complex 

element-wise multiplication. 

 The proposed implementation requires only 6 

activation calls (3 gates × 1 pathway with real/imaginary 

pairs), achieving 50% reduction compared to the 

conventional approach. Complex multiplication requires 

four real multiplications, but modern accelerators optimize 

this overhead. The primary savings come from reduced 

memory access patterns and activation function evaluations, 

which are significant on edge devices. 

 Section 4.3.1 validates that this modification preserves 

enhancement performance while reducing computational 

cost, addressing concerns that the reduction might merely 

merge operations without actual savings . 

2.2.3 Complex Decoder 

Decoder layers employ transposed complex 

convolutions for upsampling. Skip connections concatenate 

encoder features with decoder activations, preserving fine-

grained details. The final layer outputs a complex ratio mask 

(CRM) 𝑀𝑀 ∈ ℂ𝑇𝑇×𝐹𝐹. 

2.3 Output block 
The Encoder-Decoder block outputs a complex rate 

mask (CRM) 𝑀𝑀. Multiplying this complex mask 𝑀𝑀 by the 

complex spectrum 𝑌𝑌  of the noisy signal yields the 

spectrum of the clean signal. 

𝑆̂𝑆 = 𝑀𝑀 ∙ 𝑌𝑌       
 (14) 

The polar coordinate representation (𝑀𝑀𝑚𝑚, 𝑀𝑀𝜑𝜑) of the 

Cartesian representation of the complex number 𝑀𝑀 = 𝑀𝑀𝑟𝑟 +
𝑗𝑗𝑀𝑀𝑖𝑖 (𝑀𝑀𝑟𝑟, 𝑀𝑀𝑖𝑖 ∈ ℝ, 𝑗𝑗 = √−1) is as follows; 

𝑀𝑀𝑚𝑚 = √𝑀𝑀𝑟𝑟
2 + 𝑀𝑀𝑖𝑖

2, 𝑀𝑀𝜑𝜑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(𝑀𝑀𝑖𝑖, 𝑀𝑀𝑟𝑟),  
  (15) 

where 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2  is a quarter-square tangent function 

with values in the interval (−𝜋𝜋, 𝜋𝜋]. The spectrum of the 

clean signal is calculated as follows; 

𝑆̂𝑆 = 𝑌𝑌𝑚𝑚 ∙ 𝑀𝑀𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒{𝑌𝑌𝜑𝜑 + 𝑀𝑀𝜑𝜑},     
  (16) 

where ((𝑌𝑌𝑚𝑚, 𝑌𝑌𝜑𝜑) is the polar coordinate representation 

of the spectrum 𝑌𝑌 of the incoming noisy signal and 𝑒𝑒𝑒𝑒𝑒𝑒{∙} 

is an exponential function.The time-domain clean signal 

𝑠̂𝑠 = ISTFT{𝑆̂𝑆} is estimated. 

2.4 Online Implementation Considerations 

For deployment in real-time communication systems, 

the following design constraints are explicitly addressed: 

The system employs unidirectional CLSTM without future 

context access. All convolutions are causal (no padding on 

future frames), ensuring no algorithmic latency beyond the 

inherent STFT windowing. 

Total latency comprises the STFT analysis window (25 ms) 

plus context buffer (100 ms for 16 frames at 6.25 ms hop), 

totaling 125 ms. This satisfies ITU-T G.114 

recommendations for conversational quality (< 150 ms one-

way). 

Frame-by-frame processing maintains O(1) memory 

complexity per time step through sliding window buffer 

where (Ym, Yφ) is the polar coordinate representation of 
the spectrum Y of the incoming noisy signal and exp{∙} 
is an exponential function. The time-domain clean signal 
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For complex filter 𝑊𝑊 = 𝑊𝑊𝑟𝑟 + 𝑗𝑗𝑊𝑊𝑖𝑖  and input 𝑋𝑋 =
𝑋𝑋𝑟𝑟 + 𝑗𝑗𝑋𝑋𝑖𝑖, the operation is: 

𝑌𝑌 = 𝑋𝑋 ⊛ 𝑊𝑊 = (𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑟𝑟 − 𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑖𝑖) + 𝑗𝑗(𝑋𝑋𝑟𝑟 ∗ 𝑊𝑊𝑖𝑖 +
𝑋𝑋𝑖𝑖 ∗ 𝑊𝑊𝑟𝑟)    (2) 

implemented via four real-valued convolutions. 

Normalizes complex values by computing mean and 

variance over both real and imaginary components [38]. 

PReLU is Applied separately to real and imaginary parts: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑥𝑥) = 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) + 𝛼𝛼 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) , with learnable 

parameter 𝛼𝛼 . 

2.2.2. Efficient Complex LSTM Implementation 
The original DCCRN implements CLSTM using four 

separate LSTMs processing real and imaginary components 

independently [14]:    

𝐘𝐘𝑟𝑟𝑟𝑟 = LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑟𝑟), 𝐘𝐘𝑟𝑟𝑟𝑟 =
LSTM(𝐗𝐗𝑟𝑟, 𝐖𝐖𝑖𝑖), 𝐘𝐘𝑖𝑖𝑖𝑖 = LSTM(𝐗𝐗𝑖𝑖, 𝐖𝐖𝑖𝑖)             (3) 

𝐘𝐘 = (𝐘𝐘𝒓𝒓𝒓𝒓 − 𝐘𝐘𝒊𝒊𝒊𝒊) + 𝒋𝒋(𝐘𝐘𝒓𝒓𝒓𝒓 + 𝐘𝐘𝒊𝒊𝒊𝒊)    
This requires 12 activation function evaluations per time 

step (3 gates × 4 pathways). 

We replace real-valued convolutions within LSTM 

gates with complex convolutions, enabling single-pathway 

processing: 

𝐢𝐢𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒊𝒊 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒕𝒕)      (4) 
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𝐜𝐜𝒕𝒕 = 𝐟𝐟𝒕𝒕  ○ 𝐜𝐜𝒕𝒕−𝟏𝟏 + 𝐢𝐢𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒄𝒄 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒄𝒄)  
(6) 

𝐨𝐨𝒕𝒕 = 𝝈𝝈(𝐖𝐖𝒙𝒙𝒙𝒙 ∗ 𝐱𝐱𝒕𝒕 + 𝐖𝐖𝒉𝒉𝒐𝒐 ∗ 𝐡𝐡𝒕𝒕−𝟏𝟏 + 𝐛𝐛𝒐𝒐)     (7) 
𝐡𝐡𝒕𝒕 = 𝐨𝐨𝒕𝒕 ○ 𝒕𝒕𝒕𝒕𝒕𝒕𝒉𝒉(𝐜𝐜𝒕𝒕)            (8) 

where ∗ denotes complex convolution and ○ complex 

element-wise multiplication. 

 The proposed implementation requires only 6 

activation calls (3 gates × 1 pathway with real/imaginary 

pairs), achieving 50% reduction compared to the 

conventional approach. Complex multiplication requires 

four real multiplications, but modern accelerators optimize 

this overhead. The primary savings come from reduced 

memory access patterns and activation function evaluations, 

which are significant on edge devices. 

 Section 4.3.1 validates that this modification preserves 

enhancement performance while reducing computational 

cost, addressing concerns that the reduction might merely 

merge operations without actual savings . 

2.2.3 Complex Decoder 

Decoder layers employ transposed complex 

convolutions for upsampling. Skip connections concatenate 

encoder features with decoder activations, preserving fine-

grained details. The final layer outputs a complex ratio mask 

(CRM) 𝑀𝑀 ∈ ℂ𝑇𝑇×𝐹𝐹. 

2.3 Output block 
The Encoder-Decoder block outputs a complex rate 

mask (CRM) 𝑀𝑀. Multiplying this complex mask 𝑀𝑀 by the 

complex spectrum 𝑌𝑌  of the noisy signal yields the 

spectrum of the clean signal. 

𝑆̂𝑆 = 𝑀𝑀 ∙ 𝑌𝑌       
 (14) 

The polar coordinate representation (𝑀𝑀𝑚𝑚, 𝑀𝑀𝜑𝜑) of the 

Cartesian representation of the complex number 𝑀𝑀 = 𝑀𝑀𝑟𝑟 +
𝑗𝑗𝑀𝑀𝑖𝑖 (𝑀𝑀𝑟𝑟, 𝑀𝑀𝑖𝑖 ∈ ℝ, 𝑗𝑗 = √−1) is as follows; 

𝑀𝑀𝑚𝑚 = √𝑀𝑀𝑟𝑟
2 + 𝑀𝑀𝑖𝑖

2, 𝑀𝑀𝜑𝜑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(𝑀𝑀𝑖𝑖, 𝑀𝑀𝑟𝑟),  
  (15) 

where 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2  is a quarter-square tangent function 

with values in the interval (−𝜋𝜋, 𝜋𝜋]. The spectrum of the 

clean signal is calculated as follows; 

𝑆̂𝑆 = 𝑌𝑌𝑚𝑚 ∙ 𝑀𝑀𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒{𝑌𝑌𝜑𝜑 + 𝑀𝑀𝜑𝜑},     
  (16) 

where ((𝑌𝑌𝑚𝑚, 𝑌𝑌𝜑𝜑) is the polar coordinate representation 

of the spectrum 𝑌𝑌 of the incoming noisy signal and 𝑒𝑒𝑒𝑒𝑒𝑒{∙} 

is an exponential function.The time-domain clean signal 

𝑠̂𝑠 = ISTFT{𝑆̂𝑆} is estimated. 

2.4 Online Implementation Considerations 

For deployment in real-time communication systems, 

the following design constraints are explicitly addressed: 

The system employs unidirectional CLSTM without future 

context access. All convolutions are causal (no padding on 

future frames), ensuring no algorithmic latency beyond the 

inherent STFT windowing. 

Total latency comprises the STFT analysis window (25 ms) 

plus context buffer (100 ms for 16 frames at 6.25 ms hop), 

totaling 125 ms. This satisfies ITU-T G.114 

recommendations for conversational quality (< 150 ms one-

way). 

Frame-by-frame processing maintains O(1) memory 

complexity per time step through sliding window buffer 

 is estimated.

Online Implementation Considerations
For deployment in real-time communication systems, the 
following design constraints are explicitly addressed:
The system employs unidirectional CLSTM without future 
context access. All convolutions are causal (no padding on 
future frames), ensuring no algorithmic latency beyond the 
inherent STFT windowing. Total latency comprises the STFT 
analysis window (25 ms) plus context buffer (100 ms for 16 
frames at 6.25 ms hop), totalling 125 ms. This satisfies ITU-T 
G.114 recommendations for conversational quality (< 150 ms 
one-way). Frame-by-frame processing maintains O (1) memory 
complexity per time step through sliding window buffer 
management. The 16-frame context is maintained in a circular 
buffer, updating incrementally.

As validated in Section 4, RTF = 0.302 on Intel Xeon E5-2690 
CPU, satisfying real-time constraints (RTF < 1.0).

Performance of AEC and BNS
This section presents the three-stage cascaded architecture 
utilizing MIDCCRN modules for joint acoustic echo cancellation 
and background noise suppression.
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management. The 16-frame context is maintained in a 

circular buffer, updating incrementally. 

 As validated in Section 4, RTF = 0.302 on Intel Xeon E5-

2690 CPU, satisfying real-time constraints (RTF < 1.0). 

3. Perfomance of AEC and BNS 
This section presents the three-stage cascaded 

architecture utilizing MIDCCRN modules for joint acoustic 

echo cancellation and background noise suppression.

Fig. 3. The framework for AEC and BNS 

3.1 Problem Formulation 

   Consider the standard AEC signal model: 

𝑦𝑦(𝑛𝑛) = 𝑑𝑑(𝑛𝑛) + 𝑧𝑧(𝑛𝑛) = 𝑑𝑑(𝑛𝑛) + 𝑠𝑠(𝑛𝑛) + 𝑣𝑣(𝑛𝑛)        (17) 

where 𝑦𝑦(𝑛𝑛) is the microphone signal, 𝑑𝑑(𝑛𝑛) = ℋ{𝑥𝑥(𝑛𝑛)} 

the acoustic echo (far-end 𝑥𝑥(𝑛𝑛)  convolved with room 

impulse response ℋ ), s(n) the near-end speech, 𝑣𝑣(𝑛𝑛) the 

background noise, and 𝑧𝑧(𝑛𝑛) = 𝑠𝑠(𝑛𝑛) + 𝑣𝑣(𝑛𝑛) the near-end 

signal. 

The joint AEC-BNS objective is to estimate clean near-

end speech 𝑠̂𝑠(𝑛𝑛)  from microphone 𝑦𝑦(𝑛𝑛 ) and far-end 

reference 𝑥𝑥(𝑛𝑛)  , suppressing both echo 𝑑𝑑(𝑛𝑛)  and noise 

𝑣𝑣(𝑛𝑛) while minimizing distortion of 𝑠𝑠(𝑛𝑛) . 

3.2 Three-Stage Cascaded Architecture 

Our framework comprises three sequentially connected 

MIDCCRN modules (Fig. 3). As shown in the figure, the 

proposed network consists of three blocks. The first is the 

echo estimation block, the second is the AEC block, and the 

third is the BNS block. L1, L2, and L3 are loss functions for 

echo signal, near-end signal, and near-end signals, 

respectively. 𝑠̂𝑠(𝑛𝑛) denotes the estimate of 𝑠𝑠(𝑛𝑛). 

The first block inputs the microphone signal 𝑦𝑦(𝑛𝑛) and 

the far-end signal 𝑥𝑥(𝑛𝑛) into MDCCRN(1) and estimates 

the echo signal 𝑑̂𝑑(𝑛𝑛) . The second block inputs the 

microphone signal 𝑦𝑦(𝑛𝑛), the far-end signal  𝑥𝑥(𝑛𝑛), and the 

estimated echo signal 𝑑̂𝑑(𝑛𝑛) into MDCCRN(2), removes 

the echo and estimates the near-end signal  𝑧̂𝑧(𝑛𝑛). The third 

block inputs the estimated near-end signal  𝑧̂𝑧(𝑛𝑛)  into 

MDCCRN(0), removes noise and estimates the target near-

end speech signal  𝑠̂𝑠(𝑛𝑛). 

In the previous work, we usually use the weighted-

signal-to-distortion ration (wSDR) as a loss function. Let 

y, s, ŝ  be noisy signal (mixed signal), clean signal, and 

estimated signal in the time-domain, respectively. 

wSDR(𝑦𝑦, 𝑠𝑠, 𝑠̂𝑠) = −𝛼𝛼𝜑𝜑(𝑠𝑠, 𝑠̂𝑠) − (1 − 𝛼𝛼)𝜑𝜑(𝑛𝑛, 𝑛̂𝑛),    (18) 
where 𝜑𝜑(𝑣𝑣, 𝑤𝑤)  represents the cross-correlation between 

two vectors 𝑣𝑣, 𝑤𝑤, i.e., the cosine of the angle between the 

two vectors.𝜑𝜑(𝑣𝑣, 𝑤𝑤) = 𝑣𝑣𝑇𝑇𝑤𝑤
‖𝑣𝑣‖‖𝑤𝑤‖,    (19) 

where ‖∙‖ is the Euclidean norm. And  𝛼𝛼 = ‖𝒔𝒔‖𝟐𝟐
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𝑛𝑛 = 𝑦𝑦 − 𝑠𝑠  and  𝑛̂𝑛 = 𝑦𝑦 − 𝑠̂𝑠  are the noise and the 

estimated noise, respectively. 

The wSDR calculates the loss function for the total 

length of the signal. Applying wSDR to segment the whole 

signal into short time intervals can better reflect the local 

characteristics of the signal. So we use the short-time-

wSDR (STwSDR) as a loss function. 

The sequence of signals segmented by 𝑁𝑁  short time 

intervals of 𝑦𝑦, 𝑠𝑠, 𝑠̂𝑠 can be written as 
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management. The 16-frame context is maintained in a 

circular buffer, updating incrementally. 

 As validated in Section 4, RTF = 0.302 on Intel Xeon E5-

2690 CPU, satisfying real-time constraints (RTF < 1.0). 

3. Perfomance of AEC and BNS 
This section presents the three-stage cascaded 

architecture utilizing MIDCCRN modules for joint acoustic 

echo cancellation and background noise suppression.

Fig. 3. The framework for AEC and BNS 

3.1 Problem Formulation 

   Consider the standard AEC signal model: 

𝑦𝑦(𝑛𝑛) = 𝑑𝑑(𝑛𝑛) + 𝑧𝑧(𝑛𝑛) = 𝑑𝑑(𝑛𝑛) + 𝑠𝑠(𝑛𝑛) + 𝑣𝑣(𝑛𝑛)        (17) 

where 𝑦𝑦(𝑛𝑛) is the microphone signal, 𝑑𝑑(𝑛𝑛) = ℋ{𝑥𝑥(𝑛𝑛)} 

the acoustic echo (far-end 𝑥𝑥(𝑛𝑛)  convolved with room 

impulse response ℋ ), s(n) the near-end speech, 𝑣𝑣(𝑛𝑛) the 

background noise, and 𝑧𝑧(𝑛𝑛) = 𝑠𝑠(𝑛𝑛) + 𝑣𝑣(𝑛𝑛) the near-end 

signal. 

The joint AEC-BNS objective is to estimate clean near-

end speech 𝑠̂𝑠(𝑛𝑛)  from microphone 𝑦𝑦(𝑛𝑛 ) and far-end 

reference 𝑥𝑥(𝑛𝑛)  , suppressing both echo 𝑑𝑑(𝑛𝑛)  and noise 

𝑣𝑣(𝑛𝑛) while minimizing distortion of 𝑠𝑠(𝑛𝑛) . 

3.2 Three-Stage Cascaded Architecture 

Our framework comprises three sequentially connected 

MIDCCRN modules (Fig. 3). As shown in the figure, the 

proposed network consists of three blocks. The first is the 

echo estimation block, the second is the AEC block, and the 

third is the BNS block. L1, L2, and L3 are loss functions for 

echo signal, near-end signal, and near-end signals, 

respectively. 𝑠̂𝑠(𝑛𝑛) denotes the estimate of 𝑠𝑠(𝑛𝑛). 

The first block inputs the microphone signal 𝑦𝑦(𝑛𝑛) and 

the far-end signal 𝑥𝑥(𝑛𝑛) into MDCCRN(1) and estimates 

the echo signal 𝑑̂𝑑(𝑛𝑛) . The second block inputs the 

microphone signal 𝑦𝑦(𝑛𝑛), the far-end signal  𝑥𝑥(𝑛𝑛), and the 

estimated echo signal 𝑑̂𝑑(𝑛𝑛) into MDCCRN(2), removes 

the echo and estimates the near-end signal  𝑧̂𝑧(𝑛𝑛). The third 

block inputs the estimated near-end signal  𝑧̂𝑧(𝑛𝑛)  into 

MDCCRN(0), removes noise and estimates the target near-

end speech signal  𝑠̂𝑠(𝑛𝑛). 

In the previous work, we usually use the weighted-

signal-to-distortion ration (wSDR) as a loss function. Let 

y, s, ŝ  be noisy signal (mixed signal), clean signal, and 

estimated signal in the time-domain, respectively. 

wSDR(𝑦𝑦, 𝑠𝑠, 𝑠̂𝑠) = −𝛼𝛼𝜑𝜑(𝑠𝑠, 𝑠̂𝑠) − (1 − 𝛼𝛼)𝜑𝜑(𝑛𝑛, 𝑛̂𝑛),    (18) 
where 𝜑𝜑(𝑣𝑣, 𝑤𝑤)  represents the cross-correlation between 

two vectors 𝑣𝑣, 𝑤𝑤, i.e., the cosine of the angle between the 
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The wSDR calculates the loss function for the total 

length of the signal. Applying wSDR to segment the whole 

signal into short time intervals can better reflect the local 

characteristics of the signal. So we use the short-time-

wSDR (STwSDR) as a loss function. 

The sequence of signals segmented by 𝑁𝑁  short time 

intervals of 𝑦𝑦, 𝑠𝑠, 𝑠̂𝑠 can be written as 
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management. The 16-frame context is maintained in a 

circular buffer, updating incrementally. 

 As validated in Section 4, RTF = 0.302 on Intel Xeon E5-

2690 CPU, satisfying real-time constraints (RTF < 1.0). 

3. Perfomance of AEC and BNS 
This section presents the three-stage cascaded 

architecture utilizing MIDCCRN modules for joint acoustic 

echo cancellation and background noise suppression.

Fig. 3. The framework for AEC and BNS 

3.1 Problem Formulation 

   Consider the standard AEC signal model: 

𝑦𝑦(𝑛𝑛) = 𝑑𝑑(𝑛𝑛) + 𝑧𝑧(𝑛𝑛) = 𝑑𝑑(𝑛𝑛) + 𝑠𝑠(𝑛𝑛) + 𝑣𝑣(𝑛𝑛)        (17) 

where 𝑦𝑦(𝑛𝑛) is the microphone signal, 𝑑𝑑(𝑛𝑛) = ℋ{𝑥𝑥(𝑛𝑛)} 

the acoustic echo (far-end 𝑥𝑥(𝑛𝑛)  convolved with room 

impulse response ℋ ), s(n) the near-end speech, 𝑣𝑣(𝑛𝑛) the 

background noise, and 𝑧𝑧(𝑛𝑛) = 𝑠𝑠(𝑛𝑛) + 𝑣𝑣(𝑛𝑛) the near-end 

signal. 

The joint AEC-BNS objective is to estimate clean near-

end speech 𝑠̂𝑠(𝑛𝑛)  from microphone 𝑦𝑦(𝑛𝑛 ) and far-end 

reference 𝑥𝑥(𝑛𝑛)  , suppressing both echo 𝑑𝑑(𝑛𝑛)  and noise 

𝑣𝑣(𝑛𝑛) while minimizing distortion of 𝑠𝑠(𝑛𝑛) . 

3.2 Three-Stage Cascaded Architecture 

Our framework comprises three sequentially connected 

MIDCCRN modules (Fig. 3). As shown in the figure, the 

proposed network consists of three blocks. The first is the 

echo estimation block, the second is the AEC block, and the 

third is the BNS block. L1, L2, and L3 are loss functions for 

echo signal, near-end signal, and near-end signals, 

respectively. 𝑠̂𝑠(𝑛𝑛) denotes the estimate of 𝑠𝑠(𝑛𝑛). 

The first block inputs the microphone signal 𝑦𝑦(𝑛𝑛) and 

the far-end signal 𝑥𝑥(𝑛𝑛) into MDCCRN(1) and estimates 

the echo signal 𝑑̂𝑑(𝑛𝑛) . The second block inputs the 

microphone signal 𝑦𝑦(𝑛𝑛), the far-end signal  𝑥𝑥(𝑛𝑛), and the 

estimated echo signal 𝑑̂𝑑(𝑛𝑛) into MDCCRN(2), removes 

the echo and estimates the near-end signal  𝑧̂𝑧(𝑛𝑛). The third 

block inputs the estimated near-end signal  𝑧̂𝑧(𝑛𝑛)  into 

MDCCRN(0), removes noise and estimates the target near-

end speech signal  𝑠̂𝑠(𝑛𝑛). 

In the previous work, we usually use the weighted-

signal-to-distortion ration (wSDR) as a loss function. Let 

y, s, ŝ  be noisy signal (mixed signal), clean signal, and 

estimated signal in the time-domain, respectively. 

wSDR(𝑦𝑦, 𝑠𝑠, 𝑠̂𝑠) = −𝛼𝛼𝜑𝜑(𝑠𝑠, 𝑠̂𝑠) − (1 − 𝛼𝛼)𝜑𝜑(𝑛𝑛, 𝑛̂𝑛),    (18) 
where 𝜑𝜑(𝑣𝑣, 𝑤𝑤)  represents the cross-correlation between 

two vectors 𝑣𝑣, 𝑤𝑤, i.e., the cosine of the angle between the 

two vectors.𝜑𝜑(𝑣𝑣, 𝑤𝑤) = 𝑣𝑣𝑇𝑇𝑤𝑤
‖𝑣𝑣‖‖𝑤𝑤‖,    (19) 

where ‖∙‖ is the Euclidean norm. And  𝛼𝛼 = ‖𝒔𝒔‖𝟐𝟐

‖𝒚𝒚‖𝟐𝟐 is the 

energy ratio of the clean signal to the noisy signal. Also, 

𝑛𝑛 = 𝑦𝑦 − 𝑠𝑠  and  𝑛̂𝑛 = 𝑦𝑦 − 𝑠̂𝑠  are the noise and the 

estimated noise, respectively. 

The wSDR calculates the loss function for the total 

length of the signal. Applying wSDR to segment the whole 

signal into short time intervals can better reflect the local 

characteristics of the signal. So we use the short-time-

wSDR (STwSDR) as a loss function. 

The sequence of signals segmented by 𝑁𝑁  short time 

intervals of 𝑦𝑦, 𝑠𝑠, 𝑠̂𝑠 can be written as 
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management. The 16-frame context is maintained in a 

circular buffer, updating incrementally. 

 As validated in Section 4, RTF = 0.302 on Intel Xeon E5-

2690 CPU, satisfying real-time constraints (RTF < 1.0). 

3. Perfomance of AEC and BNS 
This section presents the three-stage cascaded 

architecture utilizing MIDCCRN modules for joint acoustic 

echo cancellation and background noise suppression.

Fig. 3. The framework for AEC and BNS 

3.1 Problem Formulation 

   Consider the standard AEC signal model: 

𝑦𝑦(𝑛𝑛) = 𝑑𝑑(𝑛𝑛) + 𝑧𝑧(𝑛𝑛) = 𝑑𝑑(𝑛𝑛) + 𝑠𝑠(𝑛𝑛) + 𝑣𝑣(𝑛𝑛)        (17) 

where 𝑦𝑦(𝑛𝑛) is the microphone signal, 𝑑𝑑(𝑛𝑛) = ℋ{𝑥𝑥(𝑛𝑛)} 

the acoustic echo (far-end 𝑥𝑥(𝑛𝑛)  convolved with room 

impulse response ℋ ), s(n) the near-end speech, 𝑣𝑣(𝑛𝑛) the 

background noise, and 𝑧𝑧(𝑛𝑛) = 𝑠𝑠(𝑛𝑛) + 𝑣𝑣(𝑛𝑛) the near-end 

signal. 

The joint AEC-BNS objective is to estimate clean near-

end speech 𝑠̂𝑠(𝑛𝑛)  from microphone 𝑦𝑦(𝑛𝑛 ) and far-end 

reference 𝑥𝑥(𝑛𝑛)  , suppressing both echo 𝑑𝑑(𝑛𝑛)  and noise 

𝑣𝑣(𝑛𝑛) while minimizing distortion of 𝑠𝑠(𝑛𝑛) . 

3.2 Three-Stage Cascaded Architecture 

Our framework comprises three sequentially connected 

MIDCCRN modules (Fig. 3). As shown in the figure, the 

proposed network consists of three blocks. The first is the 

echo estimation block, the second is the AEC block, and the 

third is the BNS block. L1, L2, and L3 are loss functions for 

echo signal, near-end signal, and near-end signals, 

respectively. 𝑠̂𝑠(𝑛𝑛) denotes the estimate of 𝑠𝑠(𝑛𝑛). 
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the far-end signal 𝑥𝑥(𝑛𝑛) into MDCCRN(1) and estimates 
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microphone signal 𝑦𝑦(𝑛𝑛), the far-end signal  𝑥𝑥(𝑛𝑛), and the 

estimated echo signal 𝑑̂𝑑(𝑛𝑛) into MDCCRN(2), removes 

the echo and estimates the near-end signal  𝑧̂𝑧(𝑛𝑛). The third 

block inputs the estimated near-end signal  𝑧̂𝑧(𝑛𝑛)  into 

MDCCRN(0), removes noise and estimates the target near-

end speech signal  𝑠̂𝑠(𝑛𝑛). 

In the previous work, we usually use the weighted-

signal-to-distortion ration (wSDR) as a loss function. Let 

y, s, ŝ  be noisy signal (mixed signal), clean signal, and 

estimated signal in the time-domain, respectively. 

wSDR(𝑦𝑦, 𝑠𝑠, 𝑠̂𝑠) = −𝛼𝛼𝜑𝜑(𝑠𝑠, 𝑠̂𝑠) − (1 − 𝛼𝛼)𝜑𝜑(𝑛𝑛, 𝑛̂𝑛),    (18) 
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‖𝑣𝑣‖‖𝑤𝑤‖,    (19) 

where ‖∙‖ is the Euclidean norm. And  𝛼𝛼 = ‖𝒔𝒔‖𝟐𝟐

‖𝒚𝒚‖𝟐𝟐 is the 

energy ratio of the clean signal to the noisy signal. Also, 

𝑛𝑛 = 𝑦𝑦 − 𝑠𝑠  and  𝑛̂𝑛 = 𝑦𝑦 − 𝑠̂𝑠  are the noise and the 

estimated noise, respectively. 

The wSDR calculates the loss function for the total 

length of the signal. Applying wSDR to segment the whole 

signal into short time intervals can better reflect the local 

characteristics of the signal. So we use the short-time-

wSDR (STwSDR) as a loss function. 

The sequence of signals segmented by 𝑁𝑁  short time 

intervals of 𝑦𝑦, 𝑠𝑠, 𝑠̂𝑠 can be written as 
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), s(n) the near-end speech, v(n) the background 
noise, and z(n)=s(n)+v(n) the near-end signal. The joint AEC-
BNS objective is to estimate clean near-end speech ŝ (n) from 
microphone y(n) and far-end reference x(n) , suppressing both 
echo d(n) and noise v(n) while minimizing distortion of s(n) .

Three-Stage Cascaded Architecture
Our framework comprises three sequentially connected 
MIDCCRN modules (Fig. 3). As shown in the figure, the 
proposed network consists of three blocks. The first is the echo 
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𝑦𝑦(𝑛𝑛) = 𝑑𝑑(𝑛𝑛) + 𝑧𝑧(𝑛𝑛) = 𝑑𝑑(𝑛𝑛) + 𝑠𝑠(𝑛𝑛) + 𝑣𝑣(𝑛𝑛)        (17) 

where 𝑦𝑦(𝑛𝑛) is the microphone signal, 𝑑𝑑(𝑛𝑛) = ℋ{𝑥𝑥(𝑛𝑛)} 

the acoustic echo (far-end 𝑥𝑥(𝑛𝑛)  convolved with room 

impulse response ℋ ), s(n) the near-end speech, 𝑣𝑣(𝑛𝑛) the 

background noise, and 𝑧𝑧(𝑛𝑛) = 𝑠𝑠(𝑛𝑛) + 𝑣𝑣(𝑛𝑛) the near-end 
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reference 𝑥𝑥(𝑛𝑛)  , suppressing both echo 𝑑𝑑(𝑛𝑛)  and noise 

𝑣𝑣(𝑛𝑛) while minimizing distortion of 𝑠𝑠(𝑛𝑛) . 

3.2 Three-Stage Cascaded Architecture 
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MIDCCRN modules (Fig. 3). As shown in the figure, the 

proposed network consists of three blocks. The first is the 

echo estimation block, the second is the AEC block, and the 

third is the BNS block. L1, L2, and L3 are loss functions for 
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estimated noise, respectively. 

The wSDR calculates the loss function for the total 

length of the signal. Applying wSDR to segment the whole 

signal into short time intervals can better reflect the local 

characteristics of the signal. So we use the short-time-

wSDR (STwSDR) as a loss function. 

The sequence of signals segmented by 𝑁𝑁  short time 

intervals of 𝑦𝑦, 𝑠𝑠, 𝑠̂𝑠 can be written as 
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Then STwSD is defined as follows; 

STwSDR(𝑦𝑦, 𝑠𝑠, 𝑠̂𝑠) = ∑ 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤(𝑦𝑦𝑖𝑖,𝑠𝑠𝑖𝑖,𝑠̂𝑠𝑖𝑖)𝑁𝑁−1
𝑖𝑖=0

𝑁𝑁   
   (20) 

The number of segments 𝑁𝑁 is usually set to 10. In Fig. 

3, all loss functions L1, L2 and L3 are STwSDR. 

We train the model using multi-task learning. The final 

loss function is as follows; 

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 = 𝛽𝛽1 ⋅ STwSDR1 (𝑦𝑦(𝑛𝑛), 𝑑𝑑(𝑛𝑛), 𝑑̂𝑑(𝑛𝑛)) + 𝛽𝛽2 ⋅
STwSDR2(𝑦𝑦(𝑛𝑛), 𝑧𝑧(𝑛𝑛), 𝑧̂𝑧(𝑛𝑛)) + 𝛽𝛽3 ⋅ STwSDR3(𝑦𝑦(𝑛𝑛), 𝑠𝑠

(𝑛𝑛), 𝑠̂𝑠(𝑛𝑛))  (21) 
Here, 𝛽𝛽1 , 𝛽𝛽2  and 𝛽𝛽3  are respectively set to values 

between 0 and 1 as constants determining the weight of each 

loss term. 

𝛽𝛽1, 𝛽𝛽2, 𝛽𝛽3 ∈ [0, 1]   (22) 
The network proposed in this section can effectively 

remove echo and noise. 

4. Experiments and discussion 
In this section, we present a performance evaluation of 

our proposed  method for BNS and AEC through 

experiments 

4.1. Experimental design 
Experiments utilize the ICASSP 2022 AEC Challenge 

synthetic dataset , comprising 10,000 10-second utterances 

encompassing. The dataset is randomly divided into 80% 

for training, 10% for validation and 10% for testing. 

The length of each signal is 10s.is resampled at 16k Hz. 

The window length is set as 25ms, the hop size is set as 

6.25ms and the FFT length is set as 512. The optimizer is 

selected as Adam. The initial learning rate is set to 0.001. 

As objective evaluation metrics for acoustic echo 

cancellation, echo return loss enhancement (ERLE), signal-

to-artifact-ratio (SAR), and scale-invariant source-to-noise 

ratio (SI-SNR) are used. The mean opinion score (MOS) is 

used as a subjective metric. We use an objective perceptual 

quality assessment scale called AECMOS . 

First, we determine the parameters  𝛽𝛽1, 𝛽𝛽2, and 𝛽𝛽3 in 

the proposed method through simulations. Next, we 

compare the proposed MIDCCRN with 2021 AEC 

challenge baseline , F-T-LSTM based complex network , 

and best methods in the 2022 acoustic echo cancellation 

challenge contest . 

Final score for the AEC challenge performance 

evaluation is determined using the weighted average of the 

four subjective scores (𝑀𝑀1, 𝑀𝑀2, 𝑀𝑀3, 𝑀𝑀4) and Wacc. 

𝑀𝑀 = ∑ 1
4 𝛼𝛼𝑖𝑖(𝑀𝑀𝑖𝑖 − 1)4

𝑖𝑖=1 + 𝛼𝛼5𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊   
   (24) 

where 𝑀𝑀1 is  far end single talk, 𝑀𝑀2 is near end single 

talk, 𝑀𝑀3 is double talk echo, and 𝑀𝑀4 is double talk other. 

The word accuracy rate (Wacc) is used as a metric in the 

speech recognition and AEC challenge; Wacc = 1 – WER, 

where WER denotes word error rate. We all the weights are 

set equally. 𝛼𝛼𝑖𝑖 = 1 5⁄ .  

We also use real-time factor (RTF) and network size for 

performance evaluation. 

4.2. Experimental results 
4.2.1. Loss Weight Optimization 

First, let us determine experimentally the best value of 

the parameters 𝛽𝛽1 , 𝛽𝛽2, and 𝛽𝛽3 in the final loss function 

formula (21) of our proposed method. The final BNS block 

MIDCCRN (0) must be and plays the most important role. 

So the loss function weight of the last BNS block is always 

set to 1 and the other parameters are changed. 

Table 2 shows the results of SI-SNR comparison for 

different values of the parameters𝛽𝛽1 , 𝛽𝛽2 , and 𝛽𝛽3  of the 

final loss function for the proposed method. In the table, C 

is the clean signal, N-F is the noisy far-end signal, N-N is 

the noisy near-end signal, and N-FN is the noisy signal both 

the far-end signal and the near-end speech signal. As can be 

seen from the table, if 

𝛽𝛽1 = 0.2, 𝛽𝛽2 = 0.5, 𝛽𝛽3 = 1,   (23) 
SI-SNR is the best. In the experiments with the proposed 

method, the parameters are set as Eq. (23). 
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3, all loss functions L1, L2 and L3 are STwSDR. 

We train the model using multi-task learning. The final 

loss function is as follows; 
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between 0 and 1 as constants determining the weight of each 

loss term. 

𝛽𝛽1, 𝛽𝛽2, 𝛽𝛽3 ∈ [0, 1]   (22) 
The network proposed in this section can effectively 

remove echo and noise. 

4. Experiments and discussion 
In this section, we present a performance evaluation of 

our proposed  method for BNS and AEC through 

experiments 

4.1. Experimental design 
Experiments utilize the ICASSP 2022 AEC Challenge 

synthetic dataset , comprising 10,000 10-second utterances 

encompassing. The dataset is randomly divided into 80% 

for training, 10% for validation and 10% for testing. 

The length of each signal is 10s.is resampled at 16k Hz. 

The window length is set as 25ms, the hop size is set as 

6.25ms and the FFT length is set as 512. The optimizer is 

selected as Adam. The initial learning rate is set to 0.001. 

As objective evaluation metrics for acoustic echo 

cancellation, echo return loss enhancement (ERLE), signal-

to-artifact-ratio (SAR), and scale-invariant source-to-noise 

ratio (SI-SNR) are used. The mean opinion score (MOS) is 

used as a subjective metric. We use an objective perceptual 

quality assessment scale called AECMOS . 
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the proposed method through simulations. Next, we 
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where WER denotes word error rate. We all the weights are 

set equally. 𝛼𝛼𝑖𝑖 = 1 5⁄ .  

We also use real-time factor (RTF) and network size for 
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the parameters 𝛽𝛽1 , 𝛽𝛽2, and 𝛽𝛽3 in the final loss function 

formula (21) of our proposed method. The final BNS block 

MIDCCRN (0) must be and plays the most important role. 
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3, all loss functions L1, L2 and L3 are STwSDR. 
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loss function is as follows; 
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Here, 𝛽𝛽1 , 𝛽𝛽2  and 𝛽𝛽3  are respectively set to values 

between 0 and 1 as constants determining the weight of each 

loss term. 

𝛽𝛽1, 𝛽𝛽2, 𝛽𝛽3 ∈ [0, 1]   (22) 
The network proposed in this section can effectively 

remove echo and noise. 

4. Experiments and discussion 
In this section, we present a performance evaluation of 

our proposed  method for BNS and AEC through 

experiments 

4.1. Experimental design 
Experiments utilize the ICASSP 2022 AEC Challenge 

synthetic dataset , comprising 10,000 10-second utterances 

encompassing. The dataset is randomly divided into 80% 

for training, 10% for validation and 10% for testing. 

The length of each signal is 10s.is resampled at 16k Hz. 

The window length is set as 25ms, the hop size is set as 

6.25ms and the FFT length is set as 512. The optimizer is 

selected as Adam. The initial learning rate is set to 0.001. 

As objective evaluation metrics for acoustic echo 

cancellation, echo return loss enhancement (ERLE), signal-

to-artifact-ratio (SAR), and scale-invariant source-to-noise 

ratio (SI-SNR) are used. The mean opinion score (MOS) is 

used as a subjective metric. We use an objective perceptual 

quality assessment scale called AECMOS . 

First, we determine the parameters  𝛽𝛽1, 𝛽𝛽2, and 𝛽𝛽3 in 

the proposed method through simulations. Next, we 

compare the proposed MIDCCRN with 2021 AEC 

challenge baseline , F-T-LSTM based complex network , 

and best methods in the 2022 acoustic echo cancellation 

challenge contest . 

Final score for the AEC challenge performance 

evaluation is determined using the weighted average of the 

four subjective scores (𝑀𝑀1, 𝑀𝑀2, 𝑀𝑀3, 𝑀𝑀4) and Wacc. 

𝑀𝑀 = ∑ 1
4 𝛼𝛼𝑖𝑖(𝑀𝑀𝑖𝑖 − 1)4

𝑖𝑖=1 + 𝛼𝛼5𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊   
   (24) 

where 𝑀𝑀1 is  far end single talk, 𝑀𝑀2 is near end single 

talk, 𝑀𝑀3 is double talk echo, and 𝑀𝑀4 is double talk other. 

The word accuracy rate (Wacc) is used as a metric in the 

speech recognition and AEC challenge; Wacc = 1 – WER, 

where WER denotes word error rate. We all the weights are 

set equally. 𝛼𝛼𝑖𝑖 = 1 5⁄ .  

We also use real-time factor (RTF) and network size for 

performance evaluation. 

4.2. Experimental results 
4.2.1. Loss Weight Optimization 

First, let us determine experimentally the best value of 

the parameters 𝛽𝛽1 , 𝛽𝛽2, and 𝛽𝛽3 in the final loss function 

formula (21) of our proposed method. The final BNS block 

MIDCCRN (0) must be and plays the most important role. 

So the loss function weight of the last BNS block is always 

set to 1 and the other parameters are changed. 

Table 2 shows the results of SI-SNR comparison for 

different values of the parameters𝛽𝛽1 , 𝛽𝛽2 , and 𝛽𝛽3  of the 

final loss function for the proposed method. In the table, C 

is the clean signal, N-F is the noisy far-end signal, N-N is 

the noisy near-end signal, and N-FN is the noisy signal both 

the far-end signal and the near-end speech signal. As can be 

seen from the table, if 

𝛽𝛽1 = 0.2, 𝛽𝛽2 = 0.5, 𝛽𝛽3 = 1,   (23) 
SI-SNR is the best. In the experiments with the proposed 

method, the parameters are set as Eq. (23). 
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between 0 and 1 as constants determining the weight of each 
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In this section, we present a performance evaluation of 

our proposed  method for BNS and AEC through 
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synthetic dataset , comprising 10,000 10-second utterances 

encompassing. The dataset is randomly divided into 80% 
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The length of each signal is 10s.is resampled at 16k Hz. 
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6.25ms and the FFT length is set as 512. The optimizer is 
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ratio (SI-SNR) are used. The mean opinion score (MOS) is 

used as a subjective metric. We use an objective perceptual 

quality assessment scale called AECMOS . 

First, we determine the parameters  𝛽𝛽1, 𝛽𝛽2, and 𝛽𝛽3 in 

the proposed method through simulations. Next, we 

compare the proposed MIDCCRN with 2021 AEC 

challenge baseline , F-T-LSTM based complex network , 
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Final score for the AEC challenge performance 

evaluation is determined using the weighted average of the 
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where 𝑀𝑀1 is  far end single talk, 𝑀𝑀2 is near end single 

talk, 𝑀𝑀3 is double talk echo, and 𝑀𝑀4 is double talk other. 

The word accuracy rate (Wacc) is used as a metric in the 

speech recognition and AEC challenge; Wacc = 1 – WER, 

where WER denotes word error rate. We all the weights are 

set equally. 𝛼𝛼𝑖𝑖 = 1 5⁄ .  

We also use real-time factor (RTF) and network size for 

performance evaluation. 

4.2. Experimental results 
4.2.1. Loss Weight Optimization 

First, let us determine experimentally the best value of 

the parameters 𝛽𝛽1 , 𝛽𝛽2, and 𝛽𝛽3 in the final loss function 

formula (21) of our proposed method. The final BNS block 

MIDCCRN (0) must be and plays the most important role. 
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dataset, comprising 10,000 10-second utterances encompassing. 
The dataset is randomly divided into 80% for training, 10% for 
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validation and 10% for testing. The length of each signal is 10s.
is resampled at 16k Hz. The window length is set as 25ms, the 
hop size is set as 6.25ms and the FFT length is set as 512. The 
optimizer is selected as Adam. The initial learning rate is set to 
0.001.

As objective evaluation metrics for acoustic echo cancellation, 
echo return loss enhancement (ERLE), signal-to-artefact-ratio 
(SAR), and scale-invariant source-to-noise ratio (SI-SNR) are 
used. The mean opinion score (MOS) is used as a subjective 
metric. We use an objective perceptual quality assessment scale 
called AECMOS.

First, we determine the parameters  β1, β2, and β3 in the proposed 
method through simulations. Next, we compare the proposed 
MIDCCRN with 2021 AEC challenge baseline, F-T-LSTM 
based complex network, and best methods in the 2022 acoustic 
echo cancellation challenge contest.

Final score for the AEC challenge performance evaluation is 
determined using the weighted average of the four subjective 
scores (M1, M2, M3, M4) and Wacc.
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𝑁𝑁   
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The number of segments 𝑁𝑁 is usually set to 10. In Fig. 

3, all loss functions L1, L2 and L3 are STwSDR. 

We train the model using multi-task learning. The final 

loss function is as follows; 
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(𝑛𝑛), 𝑠̂𝑠(𝑛𝑛))  (21) 
Here, 𝛽𝛽1 , 𝛽𝛽2  and 𝛽𝛽3  are respectively set to values 

between 0 and 1 as constants determining the weight of each 

loss term. 

𝛽𝛽1, 𝛽𝛽2, 𝛽𝛽3 ∈ [0, 1]   (22) 
The network proposed in this section can effectively 
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our proposed  method for BNS and AEC through 
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selected as Adam. The initial learning rate is set to 0.001. 

As objective evaluation metrics for acoustic echo 
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ratio (SI-SNR) are used. The mean opinion score (MOS) is 
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the proposed method through simulations. Next, we 

compare the proposed MIDCCRN with 2021 AEC 
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Final score for the AEC challenge performance 

evaluation is determined using the weighted average of the 

four subjective scores (𝑀𝑀1, 𝑀𝑀2, 𝑀𝑀3, 𝑀𝑀4) and Wacc. 

𝑀𝑀 = ∑ 1
4 𝛼𝛼𝑖𝑖(𝑀𝑀𝑖𝑖 − 1)4

𝑖𝑖=1 + 𝛼𝛼5𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊   
   (24) 

where 𝑀𝑀1 is  far end single talk, 𝑀𝑀2 is near end single 

talk, 𝑀𝑀3 is double talk echo, and 𝑀𝑀4 is double talk other. 

The word accuracy rate (Wacc) is used as a metric in the 

speech recognition and AEC challenge; Wacc = 1 – WER, 

where WER denotes word error rate. We all the weights are 

set equally. 𝛼𝛼𝑖𝑖 = 1 5⁄ .  

We also use real-time factor (RTF) and network size for 

performance evaluation. 

4.2. Experimental results 
4.2.1. Loss Weight Optimization 

First, let us determine experimentally the best value of 

the parameters 𝛽𝛽1 , 𝛽𝛽2, and 𝛽𝛽3 in the final loss function 

formula (21) of our proposed method. The final BNS block 

MIDCCRN (0) must be and plays the most important role. 

So the loss function weight of the last BNS block is always 

set to 1 and the other parameters are changed. 

Table 2 shows the results of SI-SNR comparison for 

different values of the parameters𝛽𝛽1 , 𝛽𝛽2 , and 𝛽𝛽3  of the 

final loss function for the proposed method. In the table, C 

is the clean signal, N-F is the noisy far-end signal, N-N is 

the noisy near-end signal, and N-FN is the noisy signal both 

the far-end signal and the near-end speech signal. As can be 

seen from the table, if 

𝛽𝛽1 = 0.2, 𝛽𝛽2 = 0.5, 𝛽𝛽3 = 1,   (23) 
SI-SNR is the best. In the experiments with the proposed 

method, the parameters are set as Eq. (23). 
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must be and plays the most important role. So, the loss function 
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Table 2 shows the results of SI-SNR comparison for different 
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SI-SNR is the best. In the experiments with the proposed method, 
the parameters are set as Eq. (23).
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Table 2. SI-SNR evaluation according parameters β1, β2, β3 
β1 β2 β3 C N-F N-N N-FN 
0.2 0.5 1 13.89 10.52 6.35 6.02 
0.2 1 1 13.60 10.32 6.12 5.75  
1 1 1 13.58 10.14 5.94 5.34 

0.2 0 1 13.37 10.25 5.99 5.68 
0 1 1 13.41 10.21 5.94 5.51 
0 0 1 12.91 9.92 6.01 5.54 
1 0 1 12.47 9.36 5.34 4.81 

4.2.2. Objective evaluation 
Table 3 shows the results of the comparative evaluation 

of SAR in present of only near-end signal and ERLE in 

present of far-end signal alone without near-end signal. As 

can be seen from the table, the highest SAR and ERLE of 

the proposed method are found. 

Table 3.  SAR and ERLE evaluation [dB] 
method SAR ERLE 
Baseline 14.70 17.74 

F-T-LSTM 17.56 23.98 
proposed 17.85 24.62 

Table 4. SI-SNR evaluation under several conditions [dB] 
method C N-F N-N N-FN 

Unprocessed 7.60 2.97 -3.65 -3.82 
Baseline 12.82 8.05 1.89 1.62 

F-T-LSTM 13.51 10.35 6.20 5.78 
proposed 13.89 10.52 6.35 6.02 

 

 

 

 

 

 

Table 5. MOS evaluation 
method MOS 
Baseline 3.89 

F-T-LSTM 4.14 
proposed 4.15 

 

We compare the SI-SNR of each method through 

experiments. Table 4 shows the comparison of the SI-SNR 

[dB]. In the method column, 0 represents the case where no 

processing is done. As can be seen from the table, the 

proposed method outperforms all other methods in SI-SNR 

performance under all conditions. 

4.2.3. Subjective and System Evaluation 
We prepared 20 far-end-microphone signal pairs {𝑥𝑥𝑗𝑗, 𝑦𝑦𝑗𝑗} 
(𝑥𝑥𝑗𝑗 is the 𝑗𝑗th far-end signal and 𝑦𝑦𝑗𝑗 is the 𝑗𝑗th microphone 

signal) extracted during the video conference. The length of 

each signal is 10 s. Table 5 shows the MOS of each method 

about these 20 signal pairs. As can be seen from the table, 

the MOS of the proposed method is the highest. Table 6 

shows the results of comparing AECMOS, RTF, network 

size and final score 𝑀𝑀 of the eight methods. The final score 

𝑀𝑀 of the proposed method is the highest, and compared to 

the same final score , the AECMOS value is lower and the 

network size is larger, but the RTF is smaller. 
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Oobjective Evaluation
Table 3 shows the results of the comparative evaluation of SAR 
in present of only near-end signal and ERLE in present of far-

end signal alone without near-end signal. As can be seen from 
the table, the highest SAR and ERLE of the proposed method 
are found.
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We compare the SI-SNR of each method through experiments. 
Table 4 shows the comparison of the SI-SNR [dB]. In the method 
column, 0 represents the case where no processing is done. As 
can be seen from the table, the proposed method outperforms 
all other methods in SI-SNR performance under all conditions.

Subjective and System Evaluation
We prepared 20 far-end-microphone signal pairs {xj, yj} (xj is the 
jth farend signal and yj is the jth microphone signal) extracted 

during the video conference. The length of each signal is 10 s. 
Table 5 shows the MOS of each method about these 20 signal 
pairs. As can be seen from the table, the MOS of the proposed 
method is the highest. Table 6 shows the results of comparing 
AECMOS, RTF, network size and final score M of the eight 
methods. The final score M of the proposed method is the highest, 
and compared to the same final score, the AECMOS value is 
lower and the network size is larger, but the RTF is smaller.  
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Table 6. AECMOS, RTF, network size, final score M evaluation 

No method ERLE SAR SI-SNR (C/N-F/N-N/N-FN) AECMOS RTF network size[106] 𝑀𝑀 

1 Baseline [43] 17.74 14.70 12.8/8.1/1.9/1.6 3.65 0.283 5.08 0.75 
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Table 7.

The proposed implementation achieves equivalent performance 
(actually +0.04 dB) with 50% fewer activation evaluations and 
8% faster training, confirming actual computational savings 
rather than mere operation merging.

We compare two architectural paradigms: (1) Single-Network: 
MIDCCRN (2) with 3× parameters (12.84M) for direct joint 
AEC+BNS; (2) Three-Stage (Proposed): Three cascaded 
MIDCCRNs (4.28M total). The performance metrics for both 
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The cascaded design significantly outperforms the single-
network approach (+1.44 dB SI-SNR, +6.4 dB ERLE), validating 
the explicit task decomposition. The single-network struggles 
to simultaneously model echo paths and noise characteristics, 
resulting in suboptimal echo suppression.

We compare temporal concatenation (proposed) versus channel-
wise concatenation for MIDCCRN (1). Table 9 presents 
the quantitative comparison of these input concatenation 
strategies, demonstrating that temporal concatenation improves 
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improves performance and convergence speed, supporting our 
hypothesis that preserving frequency resolution aids cross-
signal alignment learning.
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Table 9: Comparison of Input Concatenation Strategies for MIDCCRN (1)

Discussion
The experimental results validate three key design decisions:
First, MIDCCRN's temporal concatenation enables effective 
fusion of heterogeneous signals (microphone, far-end, intermediate 
estimates) within a unified complex domain, outperforming single-
input alternatives. Second, the 50% reduction in activation calls is 
validated as genuine computational savings without performance 
degradation, crucial for edge deployment.

Third, Explicit decomposition of echo estimation, cancellation, 
and denoising outperforms end-to-end alternatives, supporting 
theoretical arguments from.

Limitations include the 125 ms algorithmic latency, which while 
acceptable for most conferencing scenarios, may challenge 
ultra-low-latency applications. Future work will explore causal 
attention mechanisms to reduce this further.

Conclusion
This paper presented MIDCCRN, a multi-input extension of 
DCCRN enabling complex-valued processing of multiple 
acoustic signals for joint AEC and BNS. Key innovations include 
temporal concatenation for multi-stream fusion, computationally 
efficient CLSTM implementation reducing activation calls by 
50%, and a three-stage cascaded framework with multi-task 
training. Comprehensive experiments on the ICASSP 2022 AEC 
Challenge dataset demonstrate state-of-the-art performance (Final 
Score M=0.85) with real-time capability (RTF = 0.302) and 
modest model size (4.28M parameters), suitable for deployment 
in online communication systems.

Future directions include: (1) integration of state-space models 
(Mamba) for enhanced long-range temporal modeling with 
reduced complexity; (2) extension to multi-channel scenarios with 
spatial filtering; (3) joint optimization with speech recognition 
objectives; and (4) neural architecture search to automate stage-
specific network configuration [35-41]. 
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