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Abstract
Echo cancellation plays a crucial role in modern speech appli-
cations. Numerous deep-learning models have been developed
for the echo cancellation task and achieved great progress by
incorporating additional features; however, the majority of these
models overlook the characteristics of different features and
simply merge them along the channel dimension. In this paper,
we proposed a multi-scale asymmetric dual-path convolution
recurrent network (MSA-DPCRN) consisting of two asymmetric
encoding paths to extract spectrum and relevant features from the
input reference and microphone signals. Moreover, we propose a
frequency-wise attentional feature fusion (AFF) method to fuse
the two features while maintaining the original dynamic range.
The experiments validate the effectiveness of each component
in MSA-DPCRN and indicate that our model outperforms the
AEC challenge baseline in terms of the Echo-MOS metrics.
Index Terms: Speech enhancement, acoustic echo cancellation,
attention network, complex network

1. Introduction
Acoustic echo cancellation (AEC) continues to be a significant
challenge in various applications, such as hands-free telephones,
audio/video conference systems, and hearing aids. The presence
of echo in speech poses difficulties in addressing automatic
speech recognition, affective computing, and other acoustic post-
processing tasks [1, 2].

In deep learning-based AEC methods, echo cancellation is
treated as a speech separation task using a convolution recurrent
network (CRN) [3] that combines convolution and recurrent lay-
ers to capture both local and temporal dependencies in the audio
signals. Many of these AEC models utilize a symmetric encoder
that can be achieved by either concatenating different features
along the channel dimension or encoding input features with two
consistent paths [4, 5]. Spectrum features of microphone and
reference speech are concatenated as an input in [6, 7, 8, 9, 10].
Besides the spectrum features, outputs of a linear acoustic echo
canceller (LAEC) are introduced to the input in [11] to provide
adaptive features, and in [12] to help the model identify which
time-frequency bin (T-F) regions have been suppressed. Vari-
ous combinations of microphone, reference, and LAEC outputs
have been investigated in [13, 14] to determine the optimal in-
put features for improving performance. These models aim to
enhance the input representation by incorporating additional
features along the channel dimension.

Despite the advancements made by these models, directly
using the same convolution layer for all input features, regardless
of their context, can be a bottleneck. Considering that the echo
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can be regarded as a delayed, scaled, nonlinear version [15, 16]
of the reference signal, estimating the echo signal requires incor-
porating information from previous frames. However, incorpo-
rating historical frames in the microphone signal can decrease
the spectrum resolution of the current frame. Although there are
some research progresses [17, 18] achieved in the field of delay
estimation, there are still some challenges in accurately estimat-
ing delays. Concerning the distinct characteristics of various
features, inconsistent encoding paths are required.

In this paper, we introduce a multi-scale asymmetric dual-
path convolution recurrent network (MSA-DPCRN) with atten-
tional feature fusion for echo cancellation. The encoder of the
MSA-DPCRN model consists of a spectrum feature extraction
path (SFP) and a relevant feature extraction path (RFP), which
operates on different temporal scales and handles asymmetric
inputs. Inspired by the work [19], we propose a frequency-wise
attentional feature fusion (AFF) block to aggregate the features
with inconsistent temporal scales. Considering the distinct spec-
trum distributions between echo and microphone signals, the
AFF block is designed to generate fusion weights for selecting
features from the outputs of SFP and RFP. The primary contribu-
tions of our work can be encapsulated as follows:

(i) A multi-scale asymmetric encoding architecture. The en-
coding block comprises two distinct paths: SFP and RFP.
The SFP is dedicated to extracting spectrogram features
from the microphone signal, while the RFP concentrates on
extracting relevant features from both the microphone and
reference signals. To prioritize the current frame informa-
tion and minimize interference from previous frames, we
establish skip connections between the SFP and decoder,
transmitting only the microphone spectrum information.

(ii) An attentional feature fusion block. The AFF is based on
the element-wise feature fusion (EAF) approach, which
effectively combines and aggregates multi-scale spectrum
features. In contrast to EAF methods that treat features
from different sources equally, the AFF method introduces
a soft selection mechanism that assigns adaptive frequency-
wise weights to the features. Additionally, with the adap-
tive attentional weights, the AFF method overcomes the
limitation that EAF would widen the range of feature val-
ues and disperse feature distribution. Therefore, the AFF
block can provide additional flexibility in dealing with
inconsistent temporal scale spectrum and relevant features.

(iii) Context selective long skip connections. We transmit only
the microphone spectrum information, unlike a CRN-based
AEC backbone network that sends all encoded results to
the decoder. We believe that introducing historical frame
information during the decoding stage can interfere with
the masking estimation.

Interspeech 2024
1-5 September 2024, Kos, Greece

162 10.21437/Interspeech.2024-1355



iSTFT

M
u
lt

i-
S

ca
le

 A
sy

m
m

et
ir

c 

E
n
co

d
er ...

cached framescurrent frame

...

cached frames

shift out


kernel

(b) Cached-Complex Conv2d

Attentional Feature Fusion 

Cached-Complex 

Conv2d
Complex Conv2d

InstanceNorm+PReLU InstanceNorm+PReLU

Transposed Gated Complex 

Conv2d

N N

FT-LSTM FT-LSTM

N Bi-directional 

LSTM
FC

BF T C 
reshape

BF T C 
reshape

B C T F  
reshape

Causal LSTMFC

BT F C 
reshape

B C T F  
reshape

B C T F  
reshape

(e) FT-LSTM block

F
u
si

o
n

M
ak

si
n
g

 E
st

im
at

o
r 

an
d
 D

ec
o
d
er

(c) Attentional Feature Fusion

P
W

C
o
n
v

L
ay

er
 N

o
rm

P
W

C
o
n
v

P
R

eL
U

A
v
er

ag
eP

o
o
l

B F T C  

reshape

Global

Local
Sigmoid

B C T F  

reshapeA
F

F
_
B

L
K

A
F

F
_
B

L
K

1B F T  

reshape

1B T F  

RFP

SFP

(d) AFF_BLK

SFP RFP

T
ra

n
sp

o
se

d
 

C
o
m

p
le

x
 

C
o
n
v
2
d

T
ra

n
sp

o
se

d
 

C
o
m

p
le

x
 

C
o
n
v
2
d

SigmoidT
ra

n
sp

o
se

d
 

C
o
m

p
le

x
 

C
o
n
v
2
d

T
ra

n
sp

o
se

d
 

C
o
m

p
le

x
 

C
o
n
v
2
d

Sigmoid

(f) Transposed Gated Complex Conv2d

Real Imag 

S
k
ip

 C
o
n
n
ec

ti
o
n
s

y x

2B T F  

re
fe

re
n
ce

 

sp
ee

ch

m
ic

ro
p
h
o
n
e 

sp
ee

ch GCC_PHAT

4B T F  

2B T F  
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Figure 1: (a) Overall architecture of our proposed MSA-DPCRN model. (b)-(f) Details of each block used in MSA-DPCRN.

2. Problem formulation
In the AEC system, the far-end reference signal x(n) is played by
a loudspeaker, involving nonlinear distortions. The echo signal
d(n) = x(n − ∆) ∗ h(n) is generated when the microphone
picks the delayed reference signal where the delay ∆ is caused
by the transmission path denoted as h. Besides the echo signal,
the microphone also picks the near-end speech s(n) and noise
v(n); therefore, microphone signal y(n) can be expressed as:

y(n) = d(n) + s(n) + v(n). (1)

The goal of the AEC system is to remove the echo d(n) and
noise v(n) from the microphone signal y(n) without distorting
the target, obtaining the clean near-end speech s(n).

3. Proposed method
In this section, we will describe the details of the proposed
methods. The input reference and microphone signals are first
aligned using the Generalized Cross-Correlation with Phase
Transform (GCC-PHAT) algorithm [20]. Figure 1 illustrates the
overall architecture of the MSA-DPCRN model which consists
of a multi-scale asymmetric encoder, a feature fusion block, and
masking estimating and applying blocks.

3.1. Multi-scale asymmetric encoder

To alleviate the feature encoding problems arising from the con-
sistent temporal scales across different input features, we pro-
pose a multi-scale asymmetric dual-path encoder, a simple yet
effective scheme to extract features across different fields.

Assuming at time t, the SFP takes the microphone spectrum
feature Y(t) = [Y (t, k)] ∈ R2×1×F , k ∈ [0, . . . , F − 1] as
input, where F is the number of the frequency dimension after
STFT, primarily focusing on the spectrum context within the
current frame. The RFP is employed to extract relevant features
within the last L frames between the microphone [Y(t − L +
1), . . . ,Y(t)] ∈ R2×L×F and reference signals [X(t − L +
1), . . . ,X(t)] ∈ R2×L×F by cached convolution. The working
flow of a frame-to-frame cached convolution layer is shown in
Figure 1(b). This layer maintains a buffer to cache the features
of the last L frames. Both the SFP and RFP encoding paths are
4-layer stacked complex convolution blocks [21] and the first
block can be expressed as:

Ri=0(t) = δ

(
B
([

X(t− L+ 1), . . . ,X(t)
Y(t− L+ 1), . . . ,Y(t)

]
∗ Φi

))
,

Si=0(t) = δ (B (Y(t) ∗Θi)) , (2)

where Si(t),Ri(t) ∈ RC×1×F ′
indicates the i-th layer output

of SFP and RFP encoding paths, respectively. Except for the
first layer i = 0, the subsequent layer takes the output of the
previous layer as its input. The δ denotes the PReLU activation
and the B is the instance normalization that normalizes along
the channel and frequency dimensions. The ∗ denotes the con-
volution operation, and the kernel of i-th layer is denoted as
Θi ∈ R1×m,Φi ∈ RL×l, in which the m, l refer to the filter
width along the frequency dimension, for SFP and RFP encod-
ing path, respectively. By setting the kernel height of SFP and
RFP to 1 and L, we can achieve intra-frame convolution and
inter-frame convolution, respectively.
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From the design, it can be observed that the intra-frame
convolution lets the output features of the SFP contain more
fine spectrum details. On the contrary, the inter-frame cached
convolution filters spectrum features across multiple frames,
containing more global features in RFP output. As the value of
L increases, the RFP includes more historical frames, leading
to a higher presence of global feature components and a lower
resolution of local details.

3.2. Attentional feature fusion

To fuse features with varying scales and distinct spectrum con-
texts and maintain the original dynamic range of the features, we
propose a frequency-wise AFF block of which the architecture
is shown in Figures 1(c) and (d).

Given T frames spectrum features of SFP and RFP denoted
as S,R ∈ RC×T×F ′

with C channels and F ′ down-sampled
frequency bins, we first integrated and reshaped the two features
using the EAF method, and obtained the intermediate feature
represented as Z = reshape(S+R) ∈ RF ′×T×C . The inter-
mediate feature will be sent into two point-wise convolution
(PWConv) blocks, denoted as global context extractor M(·; θ)
and local context extractor M(·;ϕ), to learn the fusion weight
that combines the multi-scale features. The PWConv blocks can
be computed as:

M(·; θ/ϕ) = PWConv(δ(B′(PWConv(·; θ1/ϕ1))); θ2/ϕ2), (3)

where the δ and B′ represent the PReLU activation and Layer
Normalization, respectively. The global context extractor takes
the average frequency features across all channels, also known as
sub-bands, as input and condenses the context of each frequency
into a scalar value. This scale value is a coarse representation
of features across different scales and sub-bands. We utilize
the local context extractor to extract detailed representations for
every frequency component of each channel. At last, the atten-
tion weights W ∈ RC×T×F ′

for each frequency component are
computed as:

W = reshape(σ(M(G(Z); θ)⊕M(Z;ϕ))), (4)

where G(Z) = 1
C

∑C
i=1 Z[..., i] ∈ RF ′×T×1 denotes the av-

erage pool operation across the channel dimension for each
frequency. The ⊕ means the broadcasting addition. With the
soft attention weights, the refined features Z′ ∈ RC×T×F ′

are
selected from the input features of SFP S and RFP R:

Z′ = W ⊙R+ (I−W)⊙ S, (5)

where ⊙ denotes an element-wise multiply.

3.3. Masking estimating and applying blocks

In our model, the real and imaginary parts of fused features are
fed into the dual-stacked FT-LSTM [22] blocks, respectively,
followed by an encoder to estimate the masking. As Figure 1(e)
shows, the FT-LSTM block is composed of a bi-directional
LSTM (F-LSTM) followed by a causal LSTM (T-LSTM). The
decoders in the MSA-DPCRN model are built upon the transpose
gated conv2d block shown in Figure 1(f). We apply the estimated
masking Mr,i to the input microphone spectrum Yr,i using the
DCCRN-C [21] methods:

Ŷ = (Yr ∗Mr − Yi ∗Mi) + j(Yr ∗Mr + Yi ∗Mi), (6)

where the subscripts r, i represent the real and imaginary parts
of the component, respectively. Ŷ is the estimated spectrum of
near-end speech.

3.4. Training targets and loss function

MSA-DPCRN is a masking-based model as many previous stud-
ies [23, 24] demonstrate that masking-based models outperform
the mapping-base models. We introduced a multi-resolution
STFT loss [25] over the spectrogram magnitudes to optimize the
MSA-DPCRN model. Given the clean near-end speech y and
the estimated speech ŷ of the MSA-DPCRN model, an STFT
loss can be computed as:

Lstft(y, ŷ) = 0.5× (Lsc(y, ŷ) + Lmag(y, ŷ)),

Lsc(y, ŷ) =
∥|STFT(y)| − |STFT(ŷ)|∥F

∥|STFT(y)|∥F
,

Lmag(y, ŷ) =
1

T
∥ log |STFT(y)| − log |STFT(ŷ)|∥1, (7)

where the ∥ ·∥F and ∥ ·∥1 represent the Frobenius and L1 norms,
respectively. The final multi-resolution loss function is an aver-
age of three STFT losses with frame sizes ∈ {1024, 512, 256}
and corresponding hop lengths ∈ {512, 256, 128}.

4. Experiments
4.1. Datasets

We utilize the AEC Challenge [26] and the DNS Challenge [27]
wide-band datasets to construct our training dataset. To ob-
tain ground truth labels, we only utilize the far-end single-talk
(FE) samples from the AEC Challenge including 20 h of real
recordings and 27 h of synthesized samples. The DNS Challenge
dataset consists of 544 h of speech samples and 181 h of noise
samples. We generated a training dataset comprising 100 h of
double-talk (DT) and 30 h of near-end single-talk (NE) scenarios.
Each sample in the dataset has a duration of 10 s.

We generated noisy speech with a probability of 0.3 when
creating the NE samples. The signal-to-noise ratio (SNR) is
chosen from a uniform distribution ranging from 10 dB to 30 dB.
To ensure the effectiveness, we discard the samples with an
activation ratio lower than 0.6 or an average energy below -
30 dB. To generate the DT samples, we randomly pick reference
and corresponding echo signals from the AEC Challenge dataset.
Then, synthesized the selected echo with the NE speech using
a randomly selected signal-to-echo ratio (SER) from a uniform
distribution ranging from -15 dB to 18 dB.

To test the performance and generalization ability of mod-
els, we conducted experiments on three datasets, including two
blind test datasets provided by the AEC Challenge, as well
as a synthetic dataset recorded and synthesized by ourselves.
We randomly select samples from the test-clean subset of the
LibriSpeech corpus [28] and play these audios to capture the
corresponding echo signals under the FE scenario. Next, we
synthesized DT test samples with specific SERs ranging from
-10 dB to 10 dB with an increment of 5 dB. Each SER includes
1 h of speech. The model inference code, scripts used to synthe-
size samples, and our recorded samples will be made publicly
on https://github.com/deepnetni/msa-dpcrn.

4.2. Compared models and ablation study

We consider: AEC Challenge wide-band baseline model [26],
which concatenates the log power spectrum of the reference and
microphone signal as inputs. Next, DTLN-AEC [4], a model
using two symmetric encoding dual paths. Then, -w-skip-rel,
-w-fusion-EAF, and -w/o-SFP variants. The -w-skip-rel model
is similar to MSA-DPCRN but builds skip connections between
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Table 1: Subjective ratings of ITU-T P.831 on the two wide-band blind real test sets, ICASSP∗ and Interspeech†, of the AEC Challenge
computed by AECMOS. Other-MOS means more ratings related to other degradations. The best score of each item is shown in boldface.
All the models are real-time causal models. ‡ denotes the model we proposed.

Models # Params / Units Flops
Echo-MOS∗ Other-MOS∗ Echo-MOS† Other-MOS†

clean noisy clean noisy DT FE NE DT FE NE

Baseline [26] 1.3 M — 4.569 4.336 4.435 4.287 4.698 4.337 4.997 2.4 4.999 4.199
DTLN-AEC [4] 1.8 M — 4.44 4.265 4.246 4.189 4.597 4.008 4.998 2.058 4.999 4.006

DPCRN-refine 4.243 M 4.571 G 4.616 4.471 4.334 4.226 4.687 4.279 4.998 1.7 4.999 4.061
MSA-DPCRN‡ 1.048 M 4.585 G 4.631 4.511 4.401 4.312 4.738 4.388 4.998 1.823 4.999 3.928

-w-skip-rel 1.048 M 4.585 G 4.616 4.481 4.397 4.238 4.685 4.316 4.998 1.883 4.999 4.075
-w-fusion-EAF 1.03 M 4.519 G 4.624 4.505 4.409 4.361 4.711 4.312 4.997 2.03 4.999 4.181
-w/o-SFP 0.97 M 4.312 G 4.625 4.497 4.358 4.291 4.731 4.311 4.998 2.004 4.999 4.061

Table 2: Ablation on the simulated test set with PESQ, STOI,
and SI-SNR objective metrics at different SERs.

Models Metric -10 dB -5 dB 0 dB 5 dB 10 dB

Unprocessed

PESQ

1.115 1.152 1.244 1.389 1.625
MSA-DPCRN‡ 2.116 2.569 3.018 3.387 3.702

-w-skip-rel 2.028 2.449 2.897 3.274 3.617
-w-fusion-EAF 2.067 2.512 2.966 3.332 3.655
-w/o-SFP 1.9 2.351 2.83 3.236 3.589

Unprocessed

STOI

0.576 0.667 0.760 0.838 0.896
MSA-DPCRN‡ 0.906 0.936 0.959 0.972 0.978

-w-skip-rel 0.899 0.931 0.956 0.971 0.977
-w-fusion-EAF 0.903 0.934 0.958 0.972 0.978
-w/o-SFP 0.888 0.925 0.953 0.969 0.976

Unprocessed

SI-SNR

-9.986 -4.997 0.008 5.011 10.009
MSA-DPCRN‡ 8.434 10.923 13.777 16.589 19.493

-w-skip-rel 8.124 10.597 13.489 16.334 19.3
-w-fusion-EAF 8.4 10.849 13.743 16.528 19.442
-w/o-SFP 8.078 10.627 13.562 16.398 19.365

the RFP and decoder layers. The -w-fusion-EAF model replaces
the AFF fusion block in MSA-DPCRN with EAF methods. The
-w/o-SFP model eliminates the SFP path and introduces skip con-
nections between the RFP and decoder layers. Finally, DPCRN-
refine, employing the refinement fusion [10] to -w/o-SFP model.
We utilize the AECMOS [29] model to compute the metrics
since blind test sets don’t contain a ground truth sample. For the
simulated test set, we select perceptual evaluation of speech qual-
ity (PESQ) [30], short-time objective intelligibility (STOI) [31],
and scale-invariant SNR (SI-SNR) [32] as objective metrics.

4.3. Parameters setup

The frame and hop length are set to 32 ms and 16 ms, respectively.
We employ the Adam optimizer with a learning rate of 5e−4

decayed by 0.8 every 20 epochs. The kernel size of the stacked
four-layer complex convolutions in SFP and RFP is set to (1, 5)
and (3, 5), respectively, with channels ∈ {16, 32, 64, 128} and
corresponding strides ∈ {2, 2, 1, 1}. The hidden size of the FT-
LSTM is set to 128. The MSA-DPCRN and its ablation variants
are trained for 30 epochs using a batch size of 4.

5. Experimental results and discussion
As demonstrated in Table 1, our proposed model, MSA-DPCRN,
outperforms all compared methods in terms of the Echo-MOS
metric, and our pre-RNN fusion AFF outperforms the post-RNN
fusion refinement method compared with the DPCRN-refine
model. The average Echo-MOS in the ICASSP test set increased
from 4.453 to 4.571, and in the Interspeech test set, it improved

from 4.677 to 4.708 compared to the baseline model. However,
the models we trained did not perform as well as the baseline
model when considering the Other-MOS metric related to degra-
dations about noise, distortions, cut-outs, etc. The Other-MOS
decreased from 4.361 and 3.866 to 4.357 and 3.583, respectively.
This discrepancy could be attributed to the mismatch data distri-
butions between the training dataset and the Interspeech test set,
as all models with various architectures that we trained perform
worse on the Interspeech test set compared to the baseline model;
however, their performance on the ICASSP test set is extremely
close with only 0.04 decrement. Additionally, our synthesized
script does not specifically focus on these tasks. We generated
noisy data with a probability of 0.3 and SNR∈ [10, 30] dB, mean-
ing the majority of the training dataset consists of clean speech,
and even the noisy samples are not in adverse conditions.

The ablation study results are shown in Table 2. The perfor-
mance metrics show an increasing trend as SER increases from
-10 dB to 10 dB. Moreover, the performance of the MSA-DPCRN
model > -w-fusion-EAF > -w-skip-rel > -w/o-SFP across all
the evaluated metrics, which is consistent with our expectations.
Specifically, the -w-fusion-EAF model outperforms the -w/o-
SFP model with an average increment of 0.125 in PESQ, 0.007
in STOI, and 0.186 in SI-SNR, which demonstrates that using an
asymmetric dual encoding path is beneficial for improving the
model’s performance. The AFF method further improves the per-
formance in all metrics when comparing the MSA-DPCRN and
-w-fusion-EAF models, particularly in terms of PESQ. The aver-
age PESQ improved by 1.79% increasing from 2.906 to 2.958.
Additionally, the MSA-DPCRN outperforms the -w-skip-rel
model indicating that passing the microphone spectrum feature
through skip connections is more effective than relevant features.
The inference time of each frame of the proposed MSA-DPCRN
model is 2 ms using the i9-13900KF processor.

6. Conclusion

In this study, we proposed an MSA-DPCRN AEC model. This
model utilizes two distinct encoding paths, SFP and RFP, to
extract spectrum and relevant features that have varying temporal
scales considering their characteristic properties. Additionally,
we proposed a frequency-wise AFF block to merge the two
features while preserving the dynamic range. The experiments
show that both two methods improve the model’s capability to
eliminate echo, and our model outperforms the AEC Challenge
baseline model in terms of the Echo-MOS. In future work, we
will explore whether our method is suitable for inputting other
features and explore more cascade schemes.
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