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Abstract
In this paper, we provide description of our submitted systems
to the ASVSpoof2021 Challenge logical access attack and au-
dio deep fake tasks. The challenge provides a difficult set of trial
speech samples that have been degraded through severe post-
processing, including VoIP network transmission or compres-
sion. In order to detect the spoof attacks under such adversaries,
we have trained multiple systems on a training set augmented
with various audio codecs. We built neural countermeasure sys-
tems employing residual neural networks and time delay neural
networks. Furthermore, in order to analyze and employ the
distributive pattern of the frame-level representations for de-
tecting the spoof attacks, we adopted a higher order statistics
pooling (HOSP) method for extracting the utterance-level em-
bedding, which have been proven to improve the performance
on the ASVSpoof2019 trial set. To exploit the complementary
information learned by different model architectures, we have
employed activation ensemble and fused the scores from dif-
ferent systems to obtain the final decision score for spoof de-
tection. The results show that using codec augmentation, ac-
tivation ensemble and HOSP technique can help the system to
be more robust against trials with adversarial conditions, and
further improvement could be made by performing score-level
fusion among different systems.

1. Introduction
The main objective of spoof detection system for automatic
speaker verification (ASV) is to detect the artifacts created from
the spoof attack generation (e.g., voice conversion, speech syn-
thesis). To build a reliable spoof detection system, many at-
tempts were made to exploit the techniques which have shown
stable performance in the speaker recognition task. Classi-
cally, the standard Gaussian Mixture Model (GMM) classifier
in combination with frame-level acoustic [1–7] or deep fea-
tures [8] was the most widely adopted spoofing detection ap-
proach [1, 2, 9, 10]. But the recent trends in voice anti-spoofing
is to employ deep learning architectures in an end-to-end fash-
ion on the top of raw signal/hand-crafted features to discrimi-
nate between bonafide and spoof speech signals [9,11–18]. Fre-
quency masking based on-the-fly data augmentation with the
ResNet network using large margin cosine loss (LMCL) was in-
troduced in [15]. In [11], one-class softmax loss with ResNet18
architecture was proposed. Feature genuinization based light
CNN system was presented in [14]. In order to improve the
generalization of anti-spoofing systems to unseen test data, sev-
eral variants of softmax loss were also adopted [11, 15]. Trans-
fer learning approach with a ResNet has also been explored for
spoofing detection task [12].

The ASVSpoof Challenge provides a standard benchmark
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for evaluating spoof detection systems on various difficult con-
ditions. Especially in the logical access (LA) and deep fake
(DF) track of the ASVSpoof2021 challenge, which consists of
spoof attacks generated from speech synthesis or voice conver-
sion systems, the following problems should be considered:

• Unlike the previous ASVSpoof challenges, no in-domain
data is provided for training the spoof detection systems
in the ASVSpoof2021 challenge.

• The speech samples in the evaluation set are heavily de-
graded from various post-processes. For example, the
LA trials include telephony compressions such as the
codecs used in VoIP transmission, while the DF trials
include general audio compression.

In order to solve these problems, we experimented with sev-
eral spoof detection systems, including GMM-based antispoof-
ing models and neural network-based spoof detection models.
To let the systems detect the spoof artifacts under severe con-
ditions, our systems were trained with training data augmented
with various codecs and compression algorithms. Moreover,
we have also experimented with higher-order statistics pooling
(HOSP) technique to fully take the distributive attributes of the
input speech into account for detecting the spoof attacks. Fur-
thermore, to exploit the complementarity of different architec-
tures in terms of spoof detection, we have performed activation
ensemble technique and weighted score-level fusion to obtain
the final scores. Our final submissions have ranked 5th in DF
and 11th in LA track of the ASVspoof2021 evaluation phase.

2. Dataset
For training and validating the experimented systems, the
ASVspoof 2019 challenge dataset was used, and the evalu-
ation was done on the ASVspoof 2021 challenge evaluation
set, which provides a common framework with a standard cor-
pus for conducting and evaluating spoofing detection research
on logical access (LA) and audio deep fake (DF) tasks. The
LA and DF datasets include bonafide and spoof speech sig-
nals generated using various state-of-the-art voice conversion
and speech synthesis algorithms. Moreover, the LA evaluation
set in the ASVspoof 2021 challenge includes trials transmitted
across VoIP networks that use various codecs including a-law
and G.722 codecs. On the other hand, the DF evaluation set in-
cludes trials processed through general audio compression, in-
cluding mp3 or m4a. A summary of the ASVspoof2019 LA
corpus used for training in terms of training (Train) and devel-
opment (Dev) partitions and number of recordings is presented
in Table 3. For more details about the corpus, the interested
readers are referred to [19].

For comparing the performance of different systems, the
official evaluation metrics of ASVspoof2021 challenge, equal
error rate (EER) and minimum tandem detection cost function
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(min-tDCF) [20], were used. For the LA evaluation, the min-
tDCF score was presented, which uses the ASV scores provided
by the challenge organizer. For the DF evaluation, only the EER
was presented as the DF scenario assumes that there is no ASV
system. The lower the values of EER and min-tDCF the better
performance is attained.

3. System description
3.1. Acoustic features

In our submitted systems, we have extracted 4 types of hand-
crafted acoustic features, which have shown good performances
in previous researches on anti-spoofing, and used them as input:

• Product spectral cepstral coefficient (PSCC): the PSCC
feature is extracted from the product spectrum, which is
the product of the speech power spectrum and the group
delay [8].

• Linear frequency cepstral coefficient (LFCC): the LFCC
is extracted from the magnitude spectra, which is fol-
lowed by a linear scale filterbank [2].

• DCT-DFTspec: the DCT-DFTspec is extracted similarly
to LFCC, but instead of applying linear scale filterbank,
the DCT-DFTspec directly uses the log-compressed
magnitude spectra [21].

• Log-linear filterbank energy (LLFB): the LLFB is ex-
tracted in the same pipeline to the LFCC, but no discrete
cosine transformation (DCT) operation is applied.

For all systems, the delta and delta-delta of the features are com-
puted and concatenated with the original features.

3.2. Codec augmentation

In order to compensate the variability caused by the codecs
and transmission channel in the evaluation trials, we have aug-
mented the training data using various open-source codecs.
More specifically we have used 2 sets of codecs:

• CODEC set #1: 22 codecs from the ffmpeg [22] library,
including various configurations of mp3, mp2, m4a, m4r,
opus, ogg, mov compressions, and GSM.

• CODEC set #2: 10 codecs from the opencore-amr [23]
library, including PCM µ-law, PCM a-law, speex, ilbc,
G.729, GSM, G.722, AMR, and AMR-WB. For the VoIP
codecs (i.e., speex, ilbc, G.729, G.722), packet loss was
simulated with a packet loss rate randomly selected be-
tween 0 - 5%.

3.3. Neural anti-spoofing systems

In our submitted neural spoof detection systems, we adopted the
following architectures, which have shown competitive perfor-
mance in the speaker verification task:

• TDNN: the time-delay neural network (TDNN) system
is composed of 5 dilated 1D-Conv layers. [24].

• SE-ResNet-18: the squeeze-and-excitation residual
network-18 (SE-ResNet-18) system is an 18 layers deep
convolutional network composed of 4 residual blocks
[25], where a squeeze-and-excitation (SE) block [26] is
applied at the end of each residual block. Moreover, the
rectified linear unit (ReLU) was used for all activations
in the network.

Table 1: The weight configuration of each layer in the SE-
ResNet-18 antispoofing system. In this table, L is the length
of the input LFCC sequence.

Layer SE-ResNet-18 Output
Input - 1 ×60× L

2D-Conv 9× 9, 16, stride(3, 1) 16 ×18× L

ResBlock




2D-Conv 3× 3, 64
2D-Conv 3× 3, 64

FC 64× 4
FC 4× 64


× 2, stride1 64 ×18× L

ResBlock




2D-Conv 3× 3, 128
2D-Conv 3× 3, 128

FC 128× 8
FC 8× 128


× 2, stride2 128 ×9× L

2

ResBlock




2D-Conv 3× 3, 256
2D-Conv 3× 3, 256

FC 256× 16
FC 16× 256


× 2, stride2 256 ×5× L

4

ResBlock




2D-Conv 3× 3, 512
2D-Conv 3× 3, 512

FC 512× 32
FC 32× 512


× 2, stride2 512 ×3× L

8

2D-Conv 3 ×3, 256, stride1 256 ×1× L
8

Pooling attentive statistics pooling 512
FC 512 ×256 256

Softmax 256 ×2 2

Table 2: TDNN architecture used in this work. In this table, L
and n indicates the length of the input sequence and the number
of statistics combined in statistics pooling layer, respectively. If
all four (i.e., mean, standard deviation, skewness, and kurtosis)
statistics are used then n = 4.

Layer Input Dimension Output dimension Dilation
Conv1d+ReLU 60 × L 512 × L 1
Conv1d+ReLU 512 × L 512 × L 2
Conv1d+ReLU 512 × L 512 × L 3
Conv1d+ReLU 512 × L 512 × L 1
Conv1d+ReLU 512 × L 512 × L 1

Statistics Pooling 512 × L 2048 (with n = 4) -
Linear+ReLU 2048 256 -
Linear+ReLU 256 256 -

Softmax 256 2 -

Figure 1: General architecture of the SE-ResNet-based neural
spoof detection system.
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• SE-ResNet-18-ens5: the SE-ResNet-18-ens5 system
uses 2 activation functions (i.e., exponential LU [27], at-
tention ReLU [28]) via activation ensemble [29] on the
first and last layers.

• SE-ResNet-18-ens6: the SE-ResNet-18-ens5 system
uses 5 activation functions (i.e., ReLU, leakyReLU [30],
exponential LU, parametric ReLU [31], attention ReLU)
via activation ensemble [29] on the first and last layers.

To aggregate the frame-level output of the frame-level net-
works (e.g., TDNN, SE-ResNet), an attention pooling layer is
incorporated where the weighted statistics (e.g., mean, stan-
dard deviation) are pooled together across the temporal dimen-
sion [9,11,15,16,18] to obtain an utterance-level representation.
The pooled statistics are then fed into a neural classifier, which
consists of a fully-connected layer and a 2-dimensional soft-
max layer, where each softmax node represents the bona fide
and spoofing classes, respectively. The general architecture of
the SE-ResNet-based neural system is depicted in Fig. 1.

The activation ensemble technique in SE-ResNet-18-ens5
and SE-ResNet-18-ens6 uses multiple activation functions and
pools their outputs via summation:

fens(xi) =
J∑

j=1

fj(xi), (1)

where fj is an activation and J is the number of unique activa-
tion functions used.

3.3.1. Higher Order Statistics (HOS)

In the pooling layer, usually the mean (1st-order) and standard
deviation (2nd-order) are computed and concatenated with each
other. In addition to the mean and standard deviation, we have
also experimented with higher-order statistics (HOS), namely
the 3rd- and 4th-order moments which are also known as skew-
ness and kurtosis, respectively. Given frame-level features of
the final convolutional layer hd as depicted in Table 2, the mean
µ, standard deviation σ, skewness s, and kurtosis k can be com-
puted as:

µ =
1

D

D∑

d=1

hd (2)

σ =
1

D

D∑

d=1

(hd − µ)2 (3)

s =
1

D

D∑

d=1

(hd − µ)3 (4)

k =
1

D

D∑

d=1

(hd − µ)4 (5)

where D represents the number of frames in the input features.
The skewness measures the lack of symmetry in the data dis-
tribution while the kurtosis is actually the measure of outliers
present in the distribution. When all four different statistics de-
scribed above are pooled together the output of pooling layer
can be formulated as:

v = [µ, σ, s, k] (6)

As described in our preliminary research [32], using HOS
for pooling can improve the spoof detection performance by
providing the system with detailed information on the distri-
bution of the frame-level representation.

Table 3: Summary of ASVspoof2019 logical Access (LA) cor-
pora in terms of training (Train) and development (Dev) parti-
tions and number of recordings.

#Speakers #Recordings

Bona fide Spoof

Training partition 20 2,580 22,800
Development partition 20 2,548 22,296

Table 4: The experimental results of the PSCC-GMM sys-
tems with different codecs used for augmentation on the
ASVSpoof2021 Logical Access (LA) and Deep Fake (DF)
Evaluation sets.

Training set LA min-tDCF DF EER [%]

clean 0.8373 26.96
mix1 0.7017 24.47
mix2 0.6891 27.17

3.3.2. One-class softmax function

The neural systems were trained via one-class softmax objec-
tive, which can be formulated as [11]:

LOCS = − 1

N

N∑

i=1

log(1 + eu(myi
−Ŵ0ω̂i)(−1)yi ) (7)

where u is the scale factor, ωi ∈ RD and yi ∈ {0, 1} are
the D-dimensional embedding vector and label of the ith sam-
ple respectively. N is the mini-batch size and myi defines the
compactness margin for class label yi. The larger is the mar-
gin, the more compact the embeddings will be. Note that only
one weight vector W0 is used for the target class embeddings,
hence the name one-class softmax. Both Ŵ0 and ω̂i are nor-
malizations of W0 and ωi respectively.

3.4. Gaussian mixture model (GMM) systems

In our submitted GMM-based systems, we train two 512-
component diagonal covariance GMMs, each for bona fide
speech and spoof attack samples within the training set. Once
the training is done, for each test feature x, the log-likelihood
ratio (LLR) is computed for the two hypotheses as:

LLR = log (N(x|Θbonafide)− log (N(x|Θspoof ), (8)

where Θbonafide and Θspoof are the GMM parameters for the
bona fide and spoof hypothesis, respectively. The GMM-based
systems were implemented using Kaldi toolkit [33].

4. Results
In this section, we present various experimental results from
the evaluation phase portion of the ASVSpoof2021 LA and DF
trial sets. All systems in this section were submitted during the
evaluation and post-evaluation phases.

4.1. Effect of the augmented codecs

In this experiment, we compared systems trained with different
sets of codecs to validate the effect of codec augmentation on
LA and DF tasks. Table 4 shows the performance of the PSCC-
GMM systems trained with the following training sets:
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Table 5: The experimental results of the GMM systems with
different input features on the ASVSpoof2021 Logical Access
(LA) and Deep Fake (DF) Evaluation sets.

Feature LA min-tDCF DF EER [%]

DCT-DFTspec 0.6092 23.86
PSCC 0.6127 24.82

Score average 0.5892 23.55

• mix1: the original training set with the training set aug-
mented using all the 22 codecs from the CODEC set #1,
which includes mp3, mp2, m4a compressions.

• mix2: the original training set with the training set aug-
mented using all the 10 codecs from the CODEC set #2,
which includes a-law, µ-law, GSM and G.722.

As shown in the results in Table 4, it can be observed that the
DF evaluation, where the trials are compressed through various
codecs, benefited greatly from the CODEC set #1 augmenta-
tion. On the other hand, the LA evaluation, where the trials
have gone through VoIP networks that use codecs such as a-
law or G.722, has shown better performance when using the
CODEC set #2 augmentation. From these results, it is obvious
that using a matching codec with the trial condition for aug-
menting the training set can highly improve the performance of
the spoof detection system.

4.2. Comparison between different acoustic features

In this experiment, we compared the GMM systems trained with
different acoustic features. More specifically, we evaluated the
GMM systems trained with PSCC and DCT-DFTspec features.
From Table 5, we can observe that in both LA and DF evalua-
tions, the DCT-DFTspec performs slightly better than the PSCC
features. However, when averaging the scores obtained from
different features, the performance was enhanced in both tasks.
Especially in the LA evaluation, the averaged score achieved
a relative improvement of 3.28% over the DCT-DFCspec, in
terms of min-tDCF. From this result, we can safely assume that
the information contained in different acoustic features (i.e.,
DCT-DFTspec and PSCC) are complementary.

4.3. Comparison between fused systems

In light of our previous results, we have performed weighted
score-level fusion to exploit the complementarity among dif-
ferent acoustic features, codec augmentations, and system
architectures. Our individual systems were trained on the
ASVspoof2019 training set and development set augmented
with a subset of CODEC set 1 and 2, which are as follows:

• 4-mix: 101,520 utterances (4 times the total number of
the original training utterances) randomly sampled from
mix1.

• s-mix: dataset augmented using only a selected 5
codecs (i.e., AAC, ALAC, GSM, µ-law, a-law) from the
CODEC set #1.

• 4-all: 101,520 utterances randomly sampled from mix1
and mix2.

Table 6 and 7 describes the baseline systems provided by the
ASVSpoof2021 organizers and our individual systems used for
score-level fusion. Note that System 1 is the averaged score
of 7 GMM systems, which are described in Table 8. Among

the submitted individual systems, the SE-ResNet with activa-
tion ensemble scheme achieved the best performance. Espe-
cially in LA, System #5 was the best performing system, while
System #6 was the best performing system in DF.

The score-level fusion was done by training a binary clas-
sifier that takes the concatenated scores from each individual
system as input and outputs the decision score. The following
classifiers were used for score-level fusion:

• Logistic regression: the fusion weights are learned us-
ing logistic regression on the development set scores and
then applied to the evaluation scores.

• Support vector machine (SVM): a linear SVM with
squared hinge loss function, where the regularized pa-
rameter was set to 0.1.

• Multi-layer perceptron (MLP): an MLP with five 100-
dimensional hidden layers, trained with 0.0001 learning
rate and L2 penalty of 0.005.

• Decision tree: a decision tree classifier with maximum
depth of 6.

• Random forest: a random forest classifier with maxi-
mum depth of 9 and 256 trees.

The classifiers were trained via Scikit-learn toolkit on the scores
generated from the ASVspoof2019 development set and val-
idated using the ASVspoof2019 set augmented with CODEC
set 1. The ASVSpoof2021 evaluation performance of the best
performing combinations on the validation set of each fusion
methods are reported in Table 9 and 10. As shown in the results,
score-level fusion generally improved the performance with a
large margin in both LA and DF. Especially the logistic regres-
sion method showed the best performance in both tasks, achiev-
ing a relative improvement of 15.05% in terms of EER over the
best performing individual system in the DF track. From this,
we could safely assume that there exists a complementarity be-
tween the information learned by different systems regarding
the spoof detection task. However, not all score-level fusions
improved the performance, as can be seen from the decision
tree fusion in DF evaluation set. This may be due to the no-
ticeable domain difference between the ASVspoof2019 logical
access data and the ASVspoof2021 deep fake evaluation set.

Unlike the ASVspoof2019 logical access data, the
ASVspoof2021 deep fake data is processed through various
compression operations. Therefore if the classifier is overfitted
to the scores generated from the ASVspoof2019 logical access
data, it may fail to perform well on the ASVspoof2021 deep
fake evaluation.

5. Conclusion
In this paper, we described our submitted systems on the logi-
cal access (LA) and deep fake (DF) track of the ASVspoof2021
challenge. The ASVspoof2021 Challenge LA and DF tasks
provide trials that have been degraded through severe post-
processing, including VoIP network transmission and codec
compression. Moreover, this challenge does not provide any
in-domain data for training the systems. To overcome these
problems, we experimented with several spoof detection sys-
tems trained with datasets augmented with various codecs and
compression algorithms. Moreover, we have trained systems
with activation ensemble and higher-order statistics pooling in
order to consider multiple aspects of the spectral features for
spoof detection. Our experimental results showed that there is
a noticeable performance difference between systems trained
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Table 6: The experimental results of the baseline systems provided by the organizers and the individual systems used for score-level
fusion on the ASVSpoof2021 Logical Access (LA) Evaluation set.

Architecture Input feature Training portion Augmentation min-tDCF

Baseline #1 GMM CQCC Training set - 0.4974
Baseline #2 GMM LFCC Training set - 0.5758
Baseline #3 LCNN LFCC Training set - 0.3445
Baseline #4 RawNet2 Raw audio Training set - 0.4257
System #1 GMM PSCC, DCT-DFTspec Training set + Development set mix1, 4-mix, 4-all 0.6034
System #2 SE-ResNet-18 LFCC Training set 4-mix 0.3429
System #3 SE-ResNet-18 LFCC Training set s-mix 0.3672
System #4 SE-ResNet-18-ens6 LFCC Training set 4-all 0.3567
System #5 SE-ResNet-18-ens5 LFCC Training set 4-all 0.3129
System #6 SE-ResNet-18-ens5 LFCC Training set 4-mix 0.3214
System #7 TDNN-HOSP LFCC Training set 4-all 0.3803
System #8 TDNN PSCC Training set mix1 0.4718
System #9 TDNN LLFB Training set mix1 0.4867

Table 7: The experimental results of the baseline systems provided by the organizers and the individual systems used for score-level
fusion on the ASVSpoof2021 Deep Fake (DF) Evaluation set.

Architecture Input feature Training portion Augmentation EER [%]

Baseline #1 GMM CQCC Training set - 25.56
Baseline #2 GMM LFCC Training set - 25.25
Baseline #3 LCNN LFCC Training set - 23.48
Baseline #4 RawNet2 Raw audio Training set - 22.38
System #1 GMM PSCC, DCT-DFTspec Training set + Development set mix1, 4-mix, 4-all 23.26
System #2 SE-ResNet-18 LFCC Training set 4-mix 30.71
System #3 SE-ResNet-18 LFCC Training set s-mix 26.91
System #4 SE-ResNet-18-ens6 LFCC Training set 4-all 24.10
System #5 SE-ResNet-18-ens5 LFCC Training set 4-all 27.59
System #6 SE-ResNet-18-ens5 LFCC Training set 4-mix 23.13
System #7 TDNN-HOSP LFCC Training set 4-all 23.44
System #8 TDNN PSCC Training set mix1 26.36
System #9 TDNN LLFB Training set mix1 26.93

Table 8: The configuration for the individual GMMs used for
System #1.

Input feature Training portion Augmentation

GMM #1 PSCC Training set mix
GMM #2 PSCC Training set 4-mix
GMM #3 PSCC Training set s-mix
GMM #4 PSCC Training set 4-all
GMM #5 PSCC Training set + Development set mix1 + mix2
GMM #6 DCT-DFTspec Training set mix1
GMM #7 DCT-DFTspec Training set + Development set mix1 + mix2

with datasets augmented with different types of codecs. More-
over, our results suggested that there exists a complementarity
between the information contained in different acoustic features
and detection system architectures. In light of this, the best per-
formance was achieved by performing score-level fusion among
multiple systems trained with different acoustic features and
codec augmentations.

In our future studies, we will focus on training the fu-
sion weights using more sophisticated methods to better exploit
the complementary information among different spoof detec-
tion systems. Moreover, we will thoroughly analyze the effect
of codec compression and transmission on the spoof detection
performance and develop a spoof detection robust to such ad-
versaries.
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