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Abstract

Recent studies indicate the effectiveness of deep learning (DL)
based methods for acoustic echo cancellation (AEC) in back-
ground noise and nonlinear distortion scenarios. However, con-
tent and speaker variations degrade the performance of such
DL-based AEC models. In this study, we propose a AEC
model that takes phonetic and speaker identities features as aux-
iliary inputs, and present a complex dual-path convolutional
transformer network (DPCTNet). Given an input signal, the
phonetic and speaker identities features extracted by the con-
trastive predictive coding network that is a self-supervised pre-
training model, and the complex spectrum generated by short
time Fourier transform are treated as the spectrum pattern inputs
for DPCTNet. In addition, the DPCTNet applies an encoder-
decoder architecture improved by inserting a dual-path trans-
former to effectively model the extracted inputs in a single
frame and the dependence between consecutive frames. Com-
parative experimental results showed that the performance of
AEC can be improved by explicitly considering phonetic and
speaker identities features.

Index Terms: acoustic echo cancellation, complex network,
contrastive predictive coding, speaker and phonetic character-
istics, dual-path transformer

1. Introduction

Acoustic echo arises in a full-duplex voice communication sys-
tem when a near-end microphone picks up audio signals from a
near-end loudspeaker and sends it back to a far-end participant
such that the far-end user receives a modified version of his/her
voice. AEC aims to remove the echo from the microphone sig-
nal while leaving the near-end speech least distorted.

The traditional AEC methods model the acoustic echo path
as a long linear adaptive filter then subtract the echo signal from
the microphone observation [1]. The acoustic echo and the far-
end speech are assumed to be a linear relartionship in the tradi-
tional AEC methods. However, nonlinear distortions exist and
are caused by electronic devices such as amplifiers and loud-
speakers. To overcome this difficulty, several nonlinear models
such as the Volterra model [2], the Hammerstein model [3], and
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functional link adaptive filters [4] have been utilized. Although
these traditional methods are fast and lightweight, their perfor-
mance and robustness are not reliable in a complex acoustic en-
vironment.

Recently, deep learning (DL) has gained much attention for
their capacity to model complicated nonlinear relationships and
they have been successfully applied to various speech signal
processing tasks such as speech enhancement, speech separa-
tion, and AEC. DL-based AEC can be formulated as a super-
vised speech separation problem [5], which separates the echo
signal and the near-end signal so that only the latter is trans-
mitted to the far end. And then several AEC methods based
on speech enhancement/separation network have been proposed
[6]. For example, Zhang et al. [7] propose a causal system
based on convolutional recurrent network to estimate the real
and imaginary spectrograms of near-end speech from the micro-
phone signal and far-end signal. Westhausen et al. [8] apply the
dual-signal transformation LSTM network (DTLN) to the task
of real-time AEC by feeding the far-end signal as additional
information. Kim et al. [9] propose an attention Wave-U-Net
for the AEC, which includes an auxiliary encoder to extract the
features of the far-end speech.

Recent studies [10, 11] in speech enhancement have shown
significant benefit of using a deep complex network that handles
magnitude and phase simultaneously because accurate phase
spectrum estimation can achieve considerable improvements
in both objective and subjective speech quality [12]. Based
on deep complex network, Qiu et al. [13] proposed a self-
supervised learning based phone-fortified method for speech
enhancement. They explicitly import phonetic characteristics
into a deep complex network to improve speech representation
learning and speech enhancement performance. In fact, the se-
lective listening ability of humans is considered to make effec-
tive use of not only phonetic features but also speaker identity
features. Moreover, it also has been proven that the performance
of speech separation can be improved by explicitly considering
phonetic features and/or speaker identities [14].

To take advantage of phonetic and speaker identities fea-
tures, we propose a novel AEC method, which imports phonetic
and speaker identities features into a modified deep complex
network explicitly. In this study, we adopt contrastive predictive
coding (CPC) network which is a self-supervised pre-training
model and has achieved promising performance in phone and
speaker classification [15] for phonetic and speaker identities
features extraction. To import features obtained from CPC, we
present a feature fusion network to fuse them with the origi-
nal frequency spectrum features. Moreover, we present a com-
plex dual-path convolutional transformer network (DPCTNet)
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Figure 1: (a) Proposed speaker- and phone-aware DPCTNet model with various options for the feature fusion position. Time frequency
attention module (TFAM) is described in detail in section 3.2. Early fusion is indicated by removing the red dotted line and adding the
blue and red solid lines. Middle fusion is indicated by removing the green dotted line and adding the blue and green solid lines. (b)
Diagram of the DPTNet module. “f”, “t” and “c” represent frequency, time and channel axis, respectively (c)Structure of transformer

in DPTNet

by applying a dual-path transformer module to deep complex
network. The dual-path transformer module splits input se-
quence features into smaller chunks and iteratively processes
these chunks through intra-chunk and inter-chunk transformer.

The rest of this paper is organized as follows: In section
2, the problem of the AEC is briefly define. Then the model
architecture is presented in Section 3. Section 4 is the dataset
and experimental settings. Section 5 demonstrates the results
and analysis, and a conclusion is shown in Section 6.

2. Problem formulation

The microphone signal y(n) is a mixture of echo d(n), near-end
speech s(n), and background noise v(n):

y(n) = d(n) + s(n) +v(n) @
where n is sample index, d(n) is obtained by a linear or non-
linear transform of the far-end signal x(n). Provided that z(n)
and y(n) are known, the task of AEC is to estimate near-end sig-
nal §(n). A time delay compensation module [16] based on the
generalized cross-correlation phase transform method is used to
align the microphone and far-end signal. Our overall model can
be formulized as:

M:ﬁp (XT7Y"5X’L'7YL‘7)’ZSP7?SP) (2)
where f and ¢ denotes DPCTNet and its network parameters,
X and Y denote z(n) and y(n) after STFT respectively, r and
¢ represent real and imaginary parts of complex spectrogram,
Xsp and Yy, denote x(n) and y(n) after CPC respectively, M
is the estimated complex ratio mask (CRM) [17], which can be
defined as:
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3. Proposed algorithm

In our design, the proposed speaker- and phone-aware DPCT-
Net consists of a CPC network to extract representations that
contain phonetic and speaker identities information and a com-
plex dual-path convolutional transformer network which is
encoder-decoder structure to learn and reconstruct near-end
speech. The entire speaker- and phone-aware DPCTNet archi-
tecture is shown in Fig.1(a).

3.1. Contrastive predictive coding

To obtain representations with phonetic features and speaker
identities, we employ a pre-trained CPC model provided in the
s3prl open source toolkit [18, 19]. CPC discriminates the corre-
lated positive samples from negative samples with contrastive
InfoNCE loss, which maximizes the mutual information be-
tween raw data and representations [15]. In the CPC model,
the input sequence is mapped to a sequence of latent represen-
tations z; by a non-linear encoder. Then all z<; are summarized
into the latent space by an autoregressive model and produces
a context latent representation c;. Finally, a probabilistic con-
trastive loss is used in CPC to induce the latent space to capture
information that is maximally useful to predict future samples.
Either of z; and ¢; could be used as representation for down-
stream tasks. In this paper, we explore the effects of using z;
and c; respectively on echo cancellation tasks. The latent rep-
resentation c; contains extra context from the past, which might
be useful in temporal correlations modeling.

In addition, we also explore two positions to import the rep-
resentation of CPC as shown in Fig 1(a). One is the early fusion
where the representation of CPC is converted into the same di-
mension with the output of short-time Fourier transform (STFT)
by a ConvlD layer and then fused with the output of STFT
through a simple feature fusion network. The proposed feature
fusion network consists of a Conv2D layer followed by PRelu
activation and batch normalization. The other is middle fusion
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Figure 2: Diagram of the proposed time frequency attention
module (TFAM).

where the representation of CPC is projected and fused with the
output of the complex encoder.

3.2. Dual-path convolution transformer network

DPCTNet consists of a complex encoder, a dual-path trans-
former, a complex decoder, and a time frequency attention mod-
ule (TFAM) as the add-skip connections between encoder and
decoder. The complex encoder (decoder) consists of multi-
ple (transposed) convolutional layers, batch normalization, and
PReLU activation. We integrate DPTNet between encoder and
decoder, as depicted in Fig.1(b). Different from the original
DPTNet in time domain, the frames in STFT is regarded as the
chunks for DPTNet processing. Instead of learning the depen-
dence in the time domain, the intra-chunk transformers are ap-
plied to model the spectral patterns in a single frame. The struc-
ture of transformer in DPTNet is shown in Fig.1(c), in which the
feed forward networks are composed of a RNN layer, ReLU ac-
tivation and a linear layer. Bidirectional long short-term mem-
ory (BiLSTM) is used in the feed forward networks of intra-
chunk transformer, which will not influence the causality of the
whole system. While LSTM is used in the inter-chunk trans-
former to avoid involving in future information.

There are skip connections between the encoder and the
decoder. Inspired by the channel attention modules in com-
puter version [20], we propose a time frequency attention mod-
ule (TFAM) embedded into the skip connections to automati-
cally suppress unimportant regions and emphasize the impor-
tant features as shown in Fig.2. Given an intermediate input
F € RT*C*F TFAM infers a 1D time attention weight M €
RT>*1*1 and a 2D frequnecy attention weight My € RT X1,
The overall attention process can be formulized as:

F' =M (F)®F

4
F// _ Mf (F/) ® F/ ( )

where ® denotes element-wise multiplication.
M (F) = LSTM(AvgPool(F)) )

+ LSTM(MaxPool(F)))

where o denotes sigmoid activation function. The two LSTMs

mentioned above share the same weight for both inputs.
M (F) = o (! ([Avg Pool(F); MaxPool(F)]))  (6)

where f denotes convolution layer and 1 x 1 is the kernel size.

3.3. Training objectives

We explore two cost functions. One is SI-SNR [21]:

Starget = (< 57 s> 5)/”8”%
€noise =8—5s H H2 (@)
SI-SNR  :=101log 10 ( T H;)

€noise 113
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where s and § are the clean and estimated time-domain wave-
form, respectively. < , >denotes the dot product between
two vectors and ||.||2 is L2 norm. The other cost function
is stretched-SI-SNR [22](S-SI-SNR) which outperforms to SI-
SNR especially in the case of low SNR in speech enhancement.:

1+ cosf

S-SI-SNR = IOIng(m

) ®)

where 6 represents the angle between s and §.

4. Experimental setup
4.1. Dataset

Our model is trained with 9500 synthetic files from the database
provided by Microsoft for the ICASSP 2022 AEC Challenge
[23]. Besides, we also trained and evaluated the model us-
ing on-the-fly data generation. For online data generation, we
first prepare four types of signals: near-end speech, background
noise, far-end signal and corresponding echo signal. For near-
end speech s(n), there are 10,000 near-end speech utterances in
the 2022 official synthetic dataset and we select the first 500 ut-
terances as the test set which is unseen in training. The rest
9,500 utterances, together with 10,000 utterances from 2021
ICASSP AEC-challenge synthetic dataset are used for training.
For background noise v(n), we randomly select 5000 pieces of
noise audio from the DNS [24] dataset for training and 1000
pieces of noise audio for testing. For far-end signal x(n) and
echo signal d(n), the first 500 sentences of the 2022 official
synthetic dataset are used as the test set, and the rest 9,500
utterances for training. In addition, we also use the real far-
end single-talk utterances provided by the 2021 and 2022 AEC-
challenge, which covers a variety of recording devices and sig-
nal time delay.

During training, there is a 50% chance that the data di-
rectly comes from the 2022 official synthetic dataset and a 50%
chance that it is generated online. During online generation, we
randomly select the near-end speech s(n), background noise
v(n), far-end signal z(n) and echo signal d(n) prepared be-
fore training and combine these four signals together to get mi-
crophone signal. There is 50% probability to set echo signal
d(n) as zeros to simulate the situation of near-end single-talk,
in which the far-end signal may be noise or speech with 50%
and 50% probability, respectively. And the noise signal v(n) in
the near-end is set to 0 with 50% probability.

4.2. Evaluation metrics

The following four metrics are used to evaluate our model and
state-of-the-art competitors. All metrics are better if higher.

* PESQ: Perceptual evaluation of speech quality (from
—0.5t0 4.5) [25].

* STOL: Short-time objective intelligibility measure (from
0to 1) [26].

* AECMOS: A speech quality assessment metric for echo
impairment (from 1 to 5) to evaluate call quality degrada-
tions in two separate categories: echo and degradations
from other sources [27], which are dubbed respectively
by "EMOS” and "DMOS” in Tables 2.

¢ ERLE: Echo return loss enhancement for far-end single-
talk periods [28], which is defined as:

ERLE = 10log,,, {Z v'(n)/ §2(n):| )

n



Table 1: Echo cancellation performance. DT: doubletalk, ST: single-talk, NE: near-end, FE: far-end. PESQ and STOI are used for
DT and ST-NE scenarios and ERLE used for ST-FE scenario. Signal-to-noise ratio(SNR) is randomly picked up from [5, 20]dB, signal-
to-echo ratio (SER) is set to -5, 5, and 15dB in DT scenario. Speaker identities and phonetic features (sp), early fusion (E), original

microphone signal (Orig)

DT ST_NE ST_FE

Method SER(in dB) -5 5 15 00 0
Loss PESQ STOI PESQ STOI PESQ STOI PESQ STOI ERLE

Orig - 0.815 0.713 1381 0.847 1.875 0907 2.255 0914 -
Baseline-22 [23] MSE 1.413 0.814 1.823 0.875 2.069 0902 2222 0913 36.185
DPCTNet SI-SNR 1312 0.840 1.898 0903 2205 0926 2346 0919 34935
DPCTNet,, SI-SNR 1.531 0.854 2050 0913 2368 0934 2475 0930 42014
DPCTNet S-SI-SNR 1.471 0.851 2.030 0912 2332 0932 2542 0927 46.681
DPCTNets), S-SI-SNR 1.517 0.859 2033 0918 2353 0937 2553 0932 45.650
DPCTNet,,(E) S-SI-SNR 1.379  0.833 1940 0904 2298 0929 2525 0932 36.381
DPCTNetgp(2:)  S-SI-SNR 1.528 0.858 2.061 0914 2358 0935 2.534 0932 42421
DPCTNetsp(ct)  S-SI-SNR 1.573 0.861 2118 0918 2421 0936 2.582 0.932 44.015

4.3. Implementation details

All audio signals are resampled to 16kHz. Chunk size of our
training data is set to 10s. The proposed model uses STFT to
extract the spectrum from each utterance. A Hamming window
with 512 bins and overlap interval of 256 bins are used. Our
model is trained with the Adam optimizer with an initial learn-
ing rate of le-4. For complex encoder, the channel number of
the convolutional layers is [32,64,128,256,256,256]. The ker-
nel size and the stride are respectively set to (5,2) and (2,1) in
frequency and time dimension. The complex decoder is sym-
metric with the encoder, except that its kernel size is (5,1). We
use masks for self-attention and set the LSTM to unidirectional
in inter-transformers to avoid involving future information. The
hidden LSTM units are 128 in DPCTNet. The whole parameters
of DPCTNet are 4.6M, after adding the feature fusion module
the whole parameters are 5.7M. Some of the processed audio
clips can be found in this page'.

5. Results and analysis

As shown in Tablel, we compare our model with a recurrent
neural network that consists of 2 GRU layers with 322 hidden
units which is from 2022 AEC Challenge baseline (Baseline-
22) [23] under various SER conditions. Our model outperforms
the baseline in all conditions. In addition, we conduct several
ablation experiments: (I) DPCTNet consists of a complex en-
coder, a dual-path transformer, a complex decoder, and TFAM
as the add-skip connections between encoder and decoder. (II)
DPCTNet,, is formed by DPCTNet plus speaker identities and
phonetic features(sp) which is either z; or c; or the sum of them.
(IIT) DPCTNet;,(E) means adding representation in early fu-
sion manner, otherwise in middle fusion manner.

First, the results show that using negative S-SI-SNR as loss
function outperforms SI-SNR with respect to all metric scores,
which indicates that similiar to speech enhancement S-SI-SNR
achieve better training effect in our model. Second, we studied
the impact of whether and where to import phonetic and speaker
identities features. DPCTNets;, exceeds DPCTNet in all cases,
which implies that the phonetic and speaker identities features
have a great potential in improving AEC performance. Then,
we investigate two candidate positions for representations fu-
sion as shown in Fig 1(a): middle fusion and early fusion. The

Uhttps://captain2xxx-coder.github.io/
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result shows that middle fusion outperforms early fusion, which
implies the position to fuse the representations of CPC is an im-
portant factor to improve AEC performance. Finally, the effect
of representations obtained from different layers of CPC is ex-
plored for AEC tasks. As we can see, compared to z; whose
receptive field might not contain enough information to capture
phonetic content, the model fused with ¢; that includes extra
context from the past achieve better performance in all scenes,
which reveals additional context may be helpful to AEC.

Table 2: DMOS and EMOS scores for the 2021 INTERSPEECH
blind test set.

Method NE FE DT DT
DMOS EMOS DMOS EMOS
baseline-21 [29] 3.72 348 3.02 2.78
Y2-Net [30] 3.76 3.49 3.55 3.18
CDEC [31] 3.75 4.28 3.37 3.78
Two-stage AEC [32] 3.71 4.23 3.00 3.90
DPCTNet,p(ct) 3.79 3.92 3.68 4.28

Table 2 demonstrates that our model produces state-of-the-
art results in terms of AECMOS by comparing against four re-
cent proposed methods that show advantageous performance in
the Interspeech 2021 AEC Challenge. Results for competing
methods are taken from the corresponding papers. Although
the competing results are for reference only, our proposed ap-
proach outperforms state-of-the-art results on the blind test of
INTERSPEECH 2021 AEC Challenge.

6. Conclusions

In this paper, we propose a novel speaker- and phone-aware
dual-path convolutional transformer network (DPCTNet) for
acoustic echo cancellation. In the proposed approach, the
phonetic features and speaker identities are imported into the
DPCTNet model via a self-supervised learning based CPC
model to improve acoustic echo cancellation performance. The
DPCTNet applies an encoder-decoder architecture improved by
inserting a dual-path transformer for effectively learning repre-
sentations. Experimental results show that the performance of
AEC can be improved by explicitly considering phonetic and
speaker identities features.
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