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Abstract
This system description report describes Chung-Ang University and Korea University (CAU KU) team’s model participating in the Spoofing-Aware Speaker Verification (SASV)
2022 Challenge. To create a spoofing-aware speaker verification model, we designed the integrated model that ensembles
multiple CM systems and one ASV system (ECAPA-TDNN
with log-melspectrogram feature). For the CM systems, we used
ResMax with CQT feature and AASIST with raw audio feature.
Our integrated model achieved 5.0% SASV-EER performance.
Index Terms: spoofing-aware speaker verification, spoofing attack detection, deep learning

1. Introduction
This system description paper describes Chung-Ang University and Korea University (CAU KU) team’s participation in the
Spoofing-Aware Speaker Verification (SASV) 2022 Challenge.
Despite the fact that the present ASV (automated speaker verification) technology is continually evolving, it does not account
for spoofing attacks. As a result, it’s susceptible to spoofing attacks like speech synthesis and voice conversion, and its performance suffers as a result. The goal of the SASV competition is
to create a system that can tackle the difficulties.
We created an SASV system by utilizing embeddings from
both the CM and ASV systems. For the CM system building, we
used ResMax [1], LCNN [2, 3], AASIST [4], and OFD (with no
splits) [5] models. We experimented with changing the baseline
ECAPA-TDNN [6] model by adding min and max statistics to
the attentive statistics pooling layer for the ASV system. We
also tried using both the ASVspoof 2019 LA dataset and Voxceleb1 for training the ECAPA-TDNN model. For the best system, we used ResMax and AASIST models for CM systems,
and we used ECAPA-TDNN model for the ASV system. We
integrated embeddings of those CM and ASV systems for the
final model. Our integrated system achieved SASV-EER of 5.0
%, SV-EER of 9.0 %, and SPF-EER of 0.3 %.

2. Methodology
We used the ResMax [1] and AASIST [4] models as CM systems and the ECAPA-TDNN model [6], a baseline model, as
the ASV system. The embeddings from ResMax, AASIST, and
ECAPA-TDNN models were used to train an integrated model
for the final prediction.

2.1. Feature processing for ResMax, LCNN and OFD models
We utilized CQT feature extracted using the librosa software
[7] for ResMax, LCNN, and OFD models. For the CQT feature extraction, we set minimum frequency as 5, the number of
frequency bins as 100, and filter scale factor as 1.
2.2. Data augmentation for ResMax and LCNN models
As data augmentation for ResMax and LCNN models, Mixup
[8] and Frequency Feature Masking (FFM) [5] were used.
Mixup’s beta distribution parameter was set at 0.7, while FFM
solely employed high-frequency masking.
2.3. CM system 1 : ResMax model
ResMax [1] is a lightweight spoofing detection system that
combined the notions of skip connection (from ResNet [9]) and
max feature map (from Light CNN [2, 3]). We used the same
model used for ASVspoof2019 LA scenario.
2.4. CM system 2 : AAIST
AASIST [4] is an anti-spoofing system using integrated spectrotemporal graph attention networks. AASIST is a baseline model
for the competition, and it uses the raw audio feature. We considered using the AASIST baseline model and embeddings.
2.5. CM system 3 : LCNN
The LCNN model has proven useful in ASVspoof 2017, 2019,
and 2021 competitions [10, 3, 11, 12, 13, 14]. We used a deeper
LCNN model by adding a few more layers to the Light CNN-9
model [2]. Light CNN-9 model repeats five convolution layers
and four network-in-network (NIN) layers [2]. We proposed a
model which iterates six convolution layers and 5 NIN layers
using 32, 48, 64, 32, 32, and 32 convolution filters and 32, 48,
64, 64, and 32 NIN filters. As in the previous model, the kernel
size of the first convolution layer is set to 5, and the remaining convolution layers are set to 3. Except for the first and third
convolution layers, batch normalizations are followed. All NIN
layers are followed by batch normalization layer. Instead of using a fully connected layer defined in the Light CNN-9 model
[2], we used the global average pooling layer, batch normalization, and Dropout layer with a probability of 0.5.
2.6. CM system 4 : OFD
OFD model is the Overlapped Frequency-Distributed (OFD)
model [5]. The model architecture described in Kwak et al.
(2022) [5]. The core difference is that we used OFD with no
split.

2.7. ASV system: ECAPA-TDNN model

3.2. Experimental result

2.7.1. Feature processing for ECAPA-TDNN model

For the CM system building, we used ResMax, LCNN, AASIST, and OFD (with no splits) models. We experimented with
changing the baseline ECAPA-TDNN model by adding min and
max statistics to the attentive statistics pooling layer for the
ASV system. We also tried using both the ASVspoof 2019 LA
dataset and Voxceleb1 for training the ECAPA-TDNN model.
Table 1 describe the performances of several systems. All models used ECAPA-TDNN baseline model as an ASV system. The
‘M1’ system used ResMax as a CM model, the ‘M2’ system
used ResMax and AASIST as CM models, the ’M3’ system
used ResMax, AASIST and OFD as CM models,,the ’M4’ system used ResMax, AASIST and LCNN as CM models, the ’M5’
system used ResMax, AASIST, OFD and LCNN as CM models

The log-melspectrogram produced in 80 dimensions of the mel
bin size extracted with the torchaudio module is a feature of
the ECAPA-TDNN model. Log-melspectrogram features were
extracted with a sample rate of 16000 after the preemphasis.
The input segment is 2 seconds long, the window is 25 milliseconds long, and the hopping length is 10 milliseconds long.
After that, SpecAugment was used to conduct frequency and
temporal masking. Masking was applied arbitrarily in the time
and frequency domains, ranging from 0 to 10 frames in the time
domain and 0 to 8 frames in the frequency domain.
2.7.2. Data augmentation for ECAPA-TDNN model
The ECAPA-TDNN baseline was trained with the VoxCeleb2
dataset, and was trained by applying data augmentation with
the RIR and MUSAN datasets.
2.7.3. ECAPA-TDNN model
The structure of the ECAPA-TDNN [6] extends the x-vector
[15] architecture. It has a speaker encoder with a 3-layer bottleneck structure, including Res2Net and SE (Squeeze-andExcitation) block. The 1D dilated convolution is applied to each
bottleneck The size of the SE block channel is 1024. After passing through the 3-layer bottleneck, the global mean and standard
deviation calculated through attentive statistics pooling are reflected in the channel-dependent frame attention. Finally, after
concatenating the statistic reflecting the attention and weight
passing through the bottleneck, it passes through the fully connected layer. The size of the output speaker embedding dimension is 192.
2.8. Integrated model
For each utterance sample, 64-, 32, 128, and 160-dimensional
embeddings were extracted from the CM systems, ResMax,
LCNN, OFD, and AASIST. On the other hand, 192-dimensional
embedding was extracted from the ASV system, the ECAPATDNN model. In addition, the ASV system yielded 192dimensional enrollment ASV embeddings for the speaker
model. Concatenating all those embeddings and learning a total
of 10 epochs for four layers of DNN yielded the outcome of the
integrated model. The optimizer was Adam, the learning rate
was 0.0001, and the learning rate scheduler’s weight decay was
set to 0.001.

3. Experiments
3.1. Experimental setup
VoxCeleb 1 and 2 data [16, 17] were prepared for learning
ECAPA-TDNN, as well as RIR (reverb) and MUSAN (babble, noise) data sets [18, 19] for data augmentation. Pytorch
was used for the entire training of the ECAPA-TDNN system.
ASVspoof 2019 LA training and development data were utilized to learn ResMax. Librosa was used for data extraction,
and TensorFlow and Keras were utilized for mixup augmentation, FFM augmentation, and the entire model training. PytorchLightning was used for the integrated SASV system.

Table 1: EERs on evaluation set
Models

SASV-EER

SV-EER

SPF-EER

M1
M2
M3
M4
M5

0.06778
0.04959
0.06593
0.05735
0.06313

0.12123
0.09044
0.12301
0.09914
0.11390

0.01077
0.00293
0.00304
0.00316
0.00241

Among all experimental models, M2 model performed the
best.

4. Conclusions
In order for ASV to be utilized practically, defense against
spoofing is vitally important, and this SASV competition focuses on the construction of such a system. Our CAU KU team
created an integrated model by utilizing ResMax and AASIST
to extract the embeddings of the CM systems, and ECAPATDNN to extract the embeddings of the ASV system. Our proposed system achieved SASV-EER of 5.0%.
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