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Abstract
In recent years, deep neural networks (DNNs) were studied as
an alternative to traditional acoustic echo cancellation (AEC)
algorithms. The proposed models achieved remarkable perfor-
mance for the separate tasks of AEC and residual echo sup-
pression (RES). A promising network topology is a fully con-
volutional recurrent network (FCRN) structure, which has al-
ready proven its performance on both noise suppression and
AEC tasks, individually. However, the combination of AEC,
postfiltering, and noise suppression to a single network typi-
cally leads to a noticeable decline in the quality of the near-end
speech component due to the lack of a separate loss for echo es-
timation. In this paper, we propose a two-stage model (Y2-Net)
which consists of two FCRNs, each with two inputs and one
output (Y-Net). The first stage (AEC) yields an echo estimate,
which—as a novelty for a DNN AEC model—is further used by
the second stage to perform RES and noise suppression. While
the subjective listening test of the Interspeech 2021 AEC Chal-
lenge mostly yielded results close to the baseline, the proposed
method scored an average improvement of 0.46 points over the
baseline on the blind testset in double-talk on the instrumental
metric DECMOS, provided by the challenge organizers.
Index Terms: acoustic echo cancellation, echo suppression,
convolutional LSTM, convolutional neural network

1. Introduction
Acoustic echoes arise if a speech communication system’s mi-
crophone picks up again the echo that was just played by the
system’s loudspeaker in so-called handsfree mode. If not sup-
pressed, the far-end (FE) speaker is forced to listen to his or her
own echo, which considerably lowers the quality of the con-
versation. Accordingly, acoustic echo cancellation (AEC) is a
widely researched topic.

The traditional approach to AEC is based on the applica-
tion of adaptive filters [1, 2, 3] to estimate the impulse response
(IR) of the loudspeaker-enclosure-microphone (LEM) system.
Based on the IR, an echo estimate can be computed and sub-
tracted from the microphone signal. While the normalized least
mean squared (NLMS) algorithm [4] and Kalman filters [5, 6, 7]
are likely the most prominent solutions, various adaptive fil-
ter approaches were continuously improved. Typically a subse-
quent postfilter is used to suppress residual echo further [8, 9].

The use of deep neural networks (DNNs) for AEC was pro-
posed just recently, first in the form of residual echo suppression
(RES) postfilters (PFs) [10, 11]. Newer approaches combine
AEC with RES and noise suppression in a single DNN [12, 13],
treating the echo suppression task as a source separation prob-
lem. However, while the reported echo suppression was impres-
sive, it was accompanied by a noticeable decline in the quality
of the resulting near-end (NE) speech component. This obser-
vation was confirmed in our previous work [14], in which it was

shown that it is the better choice to have a separate AEC DNN
to estimate the echo.

Based on these findings we propose a two-stage model in
which the first Y-Net (AEC DNN) receives the loudspeaker and
microphone signals, estimating an echo, while the second Y-Net
(PF DNN) receives the microphone signal after echo subtrac-
tion and, as a further novelty, the echo estimate output of the
first Y-Net, instead of the loudspeaker signal. As the fully con-
volutional recurrent network (FCRN) structure has proven its
strong performance in coded speech enhancement [15], in noise
suppression [16, 17], including a second-ranked Interspeech
2020 Deep Noise Suppression Challenge proposal [18], and in
AEC [14], we adapt this topology for our Y-Net.

The remainder of this paper is structured as follows: In Sec-
tion 2, an overview of the two-stage network structure and its in-
dividual stages is given. The training and experimental setup is
described in Section 3. In Section 4, the experimental results of
our model are discussed and compared to the AEC Challenge’s
baseline approach. Section 5 provides conclusions.

2. System Overview and Proposed Model
The speech enhancement in this paper is completely performed
by DNNs. The proposed model is based on the findings of [17]
and [14], in which it was already shown that FCRN models per-
form well separately on AEC and noise suppression. However,
it was also found that training a single network for the com-
bined task of AEC and noise suppression leads to significant NE
speech distortions. As a result, we propose a two-stage model
(Y2-Net) in which the tasks of AEC and noise suppression are
performed by consecutive network stages (Y-Nets).

The proposed Y2-Net model structure for our training
setup is depicted in Figure 1. The input signals are the
loudspeaker reference signal x(n) and the microphone signal
y(n) = s(n) + d(n) + n(n) with NE speech s(n), noise n(n),
and echo d(n), and n being the sample index. For synthetic
datasets, d(n) can be computed by applying an LEM model to
the reference signal x(n), simulating the effects of loudspeaker
distortions and near-end room characteristics.

Our Y2-Net operates entirely in the DFT domain at a sam-
pling rate of 16 kHz. After applying a 1st order high-pass on
both x(n) and y(n) to eliminate time-varying biases [19], the
signals are divided into frames of NT = 424 samples with a
frame shift of 50% and subject to a square root Hann window-
ing. The frames are zero-padded so that a K = 512-point DFT
can be applied. The resulting frequency domain representations
X`(k) and Y`(k) with frame index ` and frequency bin index
k ∈ K = {0, 1, ...,K−1} are fed into the first stage of the
model (Y-Net AEC). This stage is trained to provide an echo es-
timate D̂`(k). Unlike other DNN AEC systems (e.g., [12, 13]),
but just as classical hands-free systems and also our recent AEC
DNN work [14], D̂`(k) is then subtracted from Y`(k) to obtain
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Figure 1: Proposed Y2-Net model (light blue), comprising
AEC and PF, embedded into the synthetic training setup (green
parts). Details of the Y-Net structure are displayed in Fig. 2.

the intermediate enhanced signal E`(k). Subsequently, the sec-
ond model stage (Y-Net PF) performs RES and noise suppres-
sion by computing a complex mask M`(k) based on the inputs
E`(k) and D̂`(k)—a concept so far only known for RES after
traditional AEC filters [11]. We follow the second-ranked non-
real-time approach of the Interspeech 2020 Deep Noise Sup-
pression Challenge (with a real-time capable model) [18] by
employing mask amplitude compression and multiplying its re-
sult with E`(k) according to

Ŝ`(k) = E`(k) · tanh(|M`(k)|) · M`(k)

|M`(k)| , (1)

and transform Ŝ`(k) back into the time-domain by applying a
512-point IDFT. The resulting frames are cut back to NT sam-
ples before applying another square root Hann window and re-
constructing the final estimated output signal ŝ(n) by overlap-
add (OLA). The challenge rules require an algorithmic latency
defined as T1 = T + Ts ≤ 40 ms. Our model yields a frame
length of T = 26.5 ms and a frame shift of Ts = 13.25 ms,
resulting in T1 = 39.75 ms ≤ 40 ms.

The topology of the Y-Net FCRN is depicted in Fig-
ure 2. The feature dimensions of each layer are denoted as
feature axis × time axis × number of feature maps. The kernel
size is N × 1 with N = 24 in feature direction and 1 in time
direction. Determining the number of filter kernels throughout
the network layers, we choose F = 70.

The Y-Net FCRN uses an encoder-decoder structure with
two generic inputs U`(k) and V`(k) and one output W`(k)
(hence the name Y-Net). The encoder features four convolu-
tional layers. Every other layer is configured with a stride of 2
in the feature axis (marked as /2), thereby halving the feature
axis each time. The first two layers use F kernels, while the last
two layers use 2F kernels. The decoder is designed inversely to
the encoder, using strides on deconvolutional layers [20] to re-
store the original feature axis length. All convolutional and de-
convolutional layers use a leaky ReLU activation function [21].
The bottleneck between encoder and decoder consists of a con-
volutional LSTM [22, 17] layer with F kernels, a tanh() activa-
tion function, and the ”hard sigmoid” recurrent activation func-
tion as defined by TensorFlow2 [23]. Two skip connections
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Figure 2: Proposed Y-Net FCRN structure (here with EF) used
for each stage of the proposed Y2-Net model (see Figure 1) with
DFT-domain inputs U`(k) and V`(k), and output W`(k).

are employed. The convolutional output layer after the decoder
block yields W`(k) and uses C kernels and a linear activation.

Although the specific input and output features for each
stage are selected individually, both stages’ inputs and outputs
consist of spectral frequency bins. These bins are divided into
two channels each (C = 2), containing their real and imaginary
components. By concatenation along the channel axis, 2C = 4
real-valued input channels are obtained. To preserve the feature
axis size M , it must be chosen to be dividable by 4. With a
512-point DFT yielding 257 non-redundant spectral frequency
bins, the frequency dimension is set to M = 260 and channels
are zero-padded accordingly.

Note that we investigate the Y-Net AEC either having iden-
tical early fusion (EF) as shown in Figure 2, dubbing the
model as Y2-Net EF/EF, or an AEC variant called late fu-
sion (LF), where separate encoder paths are used for the inputs
U`(k) = X`(k) and V`(k) = Y`(k). Each encoder path of LF
models has the same layers and parameters as the single path of
EF, and both paths are concatenated just before the ConvLSTM
block. The skip connections then originate from the encoder of
Y`(k). The corresponding entire model with EF-type PF (Fig.
2) is labeled Y2-Net LF/EF. The effects of EF and LF are inves-
tigated in more detail in [14]. As a Y-Net with LF has consider-
ably more parameters to train than with EF, we choose F = 60
for the Y-Net AEC of Y2-Net LF/EF.

3. Experimental Setup
3.1. Dataset

The model is trained with synthetic files from the database
provided by Microsoft for the Interspeech 2021 AEC Chal-
lenge [24], in the following labeled as Dsyn. The audio files
were created with varying conditions, including single-talk,
double-talk, both NE and FE noise, as well as simulated non-
linear loudspeaker distortions. The dataset consists of 10,000
audio samples of 10 s length each. All speaker audio was taken
from the LibriVox project [25] by picking a 10 s audio sam-

4764



ple of a randomly selected speaker for the FE signal. The
NE signal is then chosen from a different speaker and contains
3 s-7 s of audio padded to the length of the FE signal. The IRs
for the FE echoes are generated using Microsoft’s Project
Triton [26] technology with reverberation times T60 between
0.2 s and 1.2 s. For 80% of the files the FE signal is also subject
to one of various nonlinear functions before applying the IR to
simulate loudspeaker distortions. A more in-depth description
can be found in [27]. A number of 500 files of Dsyn were cre-
ated with unseen speakers and IRs, and are used as preliminary
synthetic testset Dtest,pre

syn for instrumental measurements. The
remaining files are split into 8,000 files (Dtrain

syn ) for training and
1,500 for validation between epochs (Dval

syn).
For each audio sample, the dataset contains the noisy mi-

crophone signal y(n) and the reference signal x(n), as well
as the speech components for NE speech s(n) and echo d(n)
at the microphone. The NE noise n(n) in the provided data is
only present during the duration of NE speech, which we find as
not representative for real scenarios. Therefore, we augmented
the dataset with custom noise by adding an additional NE noise
component randomly taken from the database provided by Mi-
crosoft for the Interspeech 2021 Deep Noise Suppression Chal-
lenge [28] with an SNR between 0 dB and 40 dB. As NE speech
and FE echo were not altered, the SER of audio files inDsyn lies
between -10 dB and 10 dB as originally designed by the dataset
creators. The FE noise also remains unchanged.

Furthermore, the performance of the network is evaluated
on two real test datasets, both being provided by the challenge
organizers. The preliminary real testset Dtest,pre

real and the final
blind test set Dtest

real each consist of 800 real-world recordings
comprising double-talk, FE single-talk, or NE single-talk.

3.2. Training Targets and Loss Computation

The stages of the model are trained with different targets ac-
cording to the assigned task. The Y-Net AEC computes an
echo estimate D̂`(k), which is then subtracted from the micro-
phone signal to yield an enhanced intermediate signal E`(k).
The Y-Net PF, in turn, provides a complex mask M`(k), which
is applied toE`(k) according to (1), yielding the final estimated
enhanced signal Ŝ`(k). The training is conducted using a stan-
dard MSE loss, which is computed for the individual network
stages as

JAEC
` =

1

K

∑
k∈K

∣∣D̂`(k)−D`(k)
∣∣2 (2)

JPF
` =

1

K

∑
k∈K

∣∣Ŝ`(k)− S`(k)
∣∣2. (3)

The network is trained in two steps: First, the Y-Net AEC
is pretrained separately using its individual loss (2) on Dtrain

syn .
Then, both Y-Net AEC and Y-Net PF are jointly trained on
Dtrain

syn with the pretrained weights for the Y-Net AEC and a
weighted loss function

J` = αJAEC
` + (1− α)JPF

` (4)

with α = 0.25. This combined loss for both stages ensures
that the AEC performance of the first stage is tuned to yield a
residual echo characteristic which can be efficiently suppressed
by the Y-Net PF. Note that (4) is a fundamental difference of our
work to earlier source separation methods for AEC [12, 13], as
we strongly suggest an intermediate echo estimate D̂`(k) being
used in losses (2) and (4).

3.3. Training Parameters

During all stages of the training, the Adam optimizer [29] is
used in its standard parameter configuration. The batch size is
set to 16 and the backpropagation-through-time [30] (BPTT)
unrolling sequence length per batch is set to 50 frames. The
initial learning rate is set to 5·10−3. For every 3 epochs without
loss improvement on Dval

syn, the learning rate is multiplied with
a factor of 0.6. The training is stopped after 100 epochs, if the
validation loss does not improve for 10 consecutive epochs, or
if the learning rate drops below 5 · 10−4.

4. Results and Discussion
We use three metrics to measure the performance on our pre-
liminary synthetic testset Dtest,pre

syn . Some of these metrics re-
quire individual enhanced signal components for NE speech
s̃(n), echo d̃(n), and noise ñ(n), which are derived from the
enhanced signal ŝ(n) = s̃(n) + d̃(n) + ñ(n) and from s(n),
d(n), and n(n), using the black-box signal separation approach
according to ITU-T Recommendation P.1110 [31], with more
details in [32, 33, 34]. All metrics using components obtained
by this approach are marked with an index BB.

The quality of the NE speech component is evaluated
on the wideband PESQ MOS LQO [35, 36]. The echo
reduction is measured by the echo return loss enhance-
ment ERLE(n) = 10 · log

(
d2(n)/d̃2(n)

)
[dB]. After apply-

ing a first order IIR smoothing filter with factor 0.99, the final
ERLE value is computed as an average over the entire dataset.
The noise reduction performance of a model is measured as
the SNR difference between the signals y(n) and ŝ(n) in [dB]
and is defined as ∆SNR = 10 · log10

(∑
n s̃

2(n)/
∑

n ñ
2(n)

)
−10·log10

(∑
n s

2(n)/
∑

n n
2(n)

)
with sample index n span-

ning the entire utterance. To give a clear overview of the mod-
els’ performance, the tests are conducted under several condi-
tions. The four center columns of Table 1 marked as full mix-
ture provide results for the preliminary testset Dtest,pre

syn . PESQ
scores are evaluated on the full processed audio file ŝ(n) but
also on s̃(n), the latter labeled as PESQBB. The three metrics
in the columns to the right of the full mixture columns repre-
sent special conditions under which only the specified signal
component is used as microphone signal y(n). These con-
ditions observe the models’ performance beyond double-talk
scenarios: How well does the model handle echo or noise if
no NE speech is present? And can it pass through clean NE
speech without distortions? This metric setup in turn also re-
quires to set x(n) = 0 (unless y(n) = d(n)) as no echo is
present in this case. For these metrics the respective enhanced
signal component is equal to the entire enhanced signal, so no
black-box approach is needed to compute them. For ∆SNR
under the condition of y(n) = n(n), ∆SNR is simplified to
∆SNR = 10 log10

(∑
n n

2(n)/
∑

n ñ
2(n)

)
.

The challenge organizers conducted a subjective evalua-
tion of our models on the final test dataset Dtest

real based on the
ITU-T P.808 framework [37]. Four scenarios were evaluated:
FE single-talk ”echo DMOS” test (P.831 [38]), NE single-talk
”MOS” test (P.808), double-talk ”echo DMOS” test (P.831),
and double-talk ”other degradation DMOS” test (P.831). For
double-talk, the ”echo DMOS” test will be labeled as ”FE” in
Tables 2 and 3, describing the echo annoyance. The ”other
degradation DMOS” test is dubbed as ”NE”, describing qual-
ity of NE speech. More details can be found in [27].

The challenge organizers also provided an instrumental
measurement algorithm DECMOS, which yields MOS values
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Table 1: Instrumental ratings on the preliminary synthetic testset Dtest,pre
syn , and real-time factor (RTF). Y-Net AEC does not perform

noise suppression and is therefore separated from the other models. Best results per table segment are marked in bold, second-best
results are underlined. Our model proposed for the Interspeech 2021 AEC Challenge is marked in bold.

Input (microphone) signals: full mixture y(n) d(n) n(n) s(n)

Method: / Metric: PESQ ERLEBB ∆SNRBB PESQBB ERLE ∆SNR PESQ RTF

Y-Net AEC (EF), pretraining 2.14 15.86 2.77 3.74 26.36 0.86 4.51 0.42
Y-Net AEC (EF), joint training 2.16 15.10 2.78 3.73 24.20 0.85 4.48 0.42

Baseline 1.95 27.57 5.31 3.31 45.34 1.11 4.61 0.05
Y2-Net (EF/EF) (E, X) 2.46 32.17 10.31 3.09 52.19 26.04 4.44 0.95
Y2-Net (EF/EF) (E, D̂) 2.40 31.55 10.28 3.12 51.98 29.27 4.35 0.95
Y2-Net (LF/EF) (E, X) 2.46 31.72 10.69 3.21 52.45 28.58 4.31 0.96
Y2-Net (LF/EF) (E, D̂) 2.47 32.13 10.60 3.12 52.35 29.10 4.30 0.96
Y-Net (EF), loss (3) only (as [13]) 2.40 27.50 10.62 3.11 38.77 28.83 4.09 0.97

Table 2: Instrumental DECMOS ratings on the preliminary real
testset Dtest,pre

real .

single-talk double-talk

Method FE NE FE NE total

Baseline 3.63 3.64 3.01 2.78 3.27
Y2-Net (EF/EF) (E, X) 3.65 3.55 3.59 3.13 3.48
Y2-Net (EF/EF) (E, D̂) 3.52 3.58 3.54 3.19 3.46
Y2-Net (LF/EF) (E, X) 3.66 3.63 3.52 3.14 3.49
Y2-Net (LF/EF) (E, D̂) 3.66 3.63 3.61 3.21 3.53

that are claimed to be highly correlated to those of the described
subjective listening tests. This is important for the evaluation of
our proposed models, as our other instrumental metrics cannot
be applied to real datasets because the separate signal compo-
nents s(n), d(n) and n(n) are not available.

Table 1 shows the results of our proposed model on the pre-
liminary synthetic testset Dtest,pre

syn . In the first segment of the
table, we report our AEC Y-Net (EF) after pre-training, and af-
ter joint training, confirming that joint training hardly compro-
mises echo reduction performance at the output of the first Y-
Net AEC. In the second table segment, our Y2-Net models are
tested with two variants of Y-Net PF inputs: the common ap-
proach of using intermediate output and reference signal (E, X),
and the new approach using intermediate output and estimated
echo (E, D̂) as depicted in Figure 1. It can be seen that our Y2-
Net model outperforms the challenge baseline significantly in
terms of ERLE, SNR and full mixture PESQ. The baseline can
score better values for PESQBB due to not performing noise re-
duction. As the LF/EF Y2-Net with (E, D̂) shows four 1st and
2nd ranks among the Y2-Net variants, and s(n)-only PESQ met-
rics of≥ 4.30 points hardly yield audible differences, we select
this model as our proposed model (marked in bold). To empha-
size the advantage of a two-stage approach, the performance of
a single-stage Y-Net, which employs enhanced signal estima-
tion by AEC and noise suppression in one step (similar to [13]),
is shown in the last line. The number of feature maps F is set to
100 for this model to achieve a complexity comparable to our
Y2-Net approaches. We observe that our Y2-Net with interme-
diate echo estimation not only allows for a considerably better
echo suppression, but also delivers better overall PESQ.

Table 1 also reports real-time factors (RTFs), which repre-
sent the relative computing time of a time frame compared to
the frame shift. Values below 1.0 imply that the inference with

Table 3: Subjective ratings according to ITU-T P.808 and ob-
jective ratings (DECMOS) on the (blind) real testset Dtest

real .

single-talk double-talk

Metric Method FE NE FE NE

subj Baseline 3.82 4.18 4.04 3.45
subj Y2-Net (LF/EF) (E, D̂) 3.73 4.16 3.72 3.53

obj Baseline 3.48 3.72 3.02 2.78
obj Y2-Net (LF/EF) (E, D̂) 3.49 3.76 3.55 3.18

this model can be performed in real-time. The RTF was mea-
sured on an Intel i7-10510U quad-core CPU at 1.8 GHz.
All RTFs are below 1.0, therefore the models comply with the
challenge rules for the real-time track.

Table 2 shows the results of the proposed model on the pre-
liminary real testset Dtest,pre

real for the DECMOS metric. Our
Y2-Net models perform better than the baseline, with especially
notable improvements in the double-talk scenario. Among the
tested variants, the Y2-Net (LF/LE) (E, D̂) maintains the best
performance in total and was therefore selected as final model.

As reported in Table 2, we find that both blind real testset
Dtest

real single-talk conditions in DECMOS metrics and subjec-
tive listening MOS yield similar results for baseline and Y2-Net
(LF/LE) (E, D̂) in Table 3 as well. For double-talk FE, the
strong DECMOS score is in line with Table 2. In contrast,
the subjective challenge test results show an unexpected higher
score of the baseline, while the NE double-talk condition again
shows higher scores for our proposed Y2-Net, subjective and
objective. Note that our model shows 0.46 DECMOS points
improvement over the baseline in double-talk. Our informal lis-
tening supports the DECMOS metric in all conditions.

5. Conclusions
In this work we present a novel Y2-Net, a two-stage fully convo-
lutional recurrent network model for acoustic echo cancellation
and noise suppression, with an echo estimate as output of the
first stage. As a further novelty for DNN AEC, we propose to
use the estimated echo signal of the first stage as part of the sec-
ond stage’s input, as well as a joint training for both stages still
including the intermediate echo estimate loss term. Compared
to the baseline approach, the model significantly increases per-
formance during double-talk by an average of 0.46 MOS points
in the DECMOS metric.
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