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ABSTRACT 

In spoofing detection, it is important to capture the attributes 
related to spoofing attacks from a speech signal. A speech 
signal has various information such as the speaker, phrase, and 
environment. When the time sequence of the speech signal is 
flipped (i.e., time reversal and an additional circular shift), 

phase spectrum is changed although magnitude spectrum is not 
changed. It has the effect of data augmentation showing 
additional attributes in phase spectrum which are not included 
in magnitude spectrum. We assume that those additional 
attributes in phase spectrum of time-flipped speeches are 
related to unseen intraclass conditions. Motivated by our 
assumption, we propose a method of using the phase spectrum 
based features from both the original and time-flipped speech 
signals together. If our assumption stands good, it has the effect 

of reducing intraclass variances because the previously unseen 
attributes in magnitude spectrum can be considered in phase 
spectrum. The additional attributes in phase spectrum are 
helpful to build more robust spoofing detection systems. The 
experimental results on ASVspoof 2019 logical and physical 
access scenarios exhibit significant performance improvements 
for both scenarios compared to that of the baseline. 

1. INTRODUCTION 

Automatic speaker verification (ASV) has been widely used as 
a biometric method because of its convenience: it requires only 
a voice for verification, and has shown remarkable verification 
performance. As the popularity of ASV has increased, the 
reliability of ASV has also become important. Reliability 
means the ability to distinguish whether a given speech is bona 
fide speech (i.e., spoken by a human) or spoofed speech (i.e., 
generated by spoofing attacks). There are some kinds of 

spoofing attacks that can be detected in practice: text-to-speech 
(TTS) synthesis, voice conversion (VC), and replay attack. 
ASV systems with low reliability cannot be used for 
verification even if they show high verification performance. 
However, ASV is vulnerable to various spoofing attacks [1, 2]. 
Therefore, spoofing detection techniques are required for the 
reliability of ASV. 

In recent years, ASV spoofing and countermeasures 

(ASVspoof) challenges have been organized periodically to 
develop spoofing detection techniques [3, 4, 5]. In particular, 
ASVspoof 2019 [5], which is the latest challenge on spoofing 
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and countermeasures for ASV, covers all the spoofing attacks 
mentioned above. This challenge includes two scenarios: 
logical access (LA) and physical access (PA). The LA scenario 
covers spoofing attacks generated by TTS and VC. The PA 

scenario covers a replay attack. Many studies have shown 
remarkable performance on the LA and/or PA scenarios of 
ASVspoof 2019. 

In common to both scenarios, most studies have focused on 
analyzing the frequency response of speech signals in various 
ways. The spectra of speech signals include various attributes 
related to the conditions under which the signal was produced, 
including the speaker, phrase, background noise, and so on. If 

the speech was generated by a spoofing attack, it would also 
include the attributes generated through the spoofing attack. For 
example, the speeches generated by TTS or VC do not have the 
proper dynamic information of bona fide speeches [6], and 
there is no phase information of bona fide speeches [7]. The 
speeches generated by replay attacks have the attributes of the 
devices used for the replay attack, such as playback and/or 
recording device(s). Moreover, the attributes related to 

spoofing attacks are in the entire frequency domain. Therefore, 
for spoofing detection, it is important to adequately capture the 
attributes related to spoofing attacks in speeches. 

When the time sequence of a speech signal is flipped, it 
sounds different from the original signal. It can be seen that 
many attributes included in the signal are distorted, resulting in 
the change of their identity. For example, compared to the 
original signal, the time-flipped speech signal sounds like an 

arbitrary phrase is being spoken in an unknown language. This 
means that the attributes of the phrase and language are 
distorted, resulting in a change in the identities of the original 
phrase and language. Similar to other attributes, the attributes 
related to spoofing attacks may also be distorted if the time 
sequence of the signal is flipped. We assume that it has the 
effect of generating the speeches of unseen intraclass conditions 
(e.g., phrase and language) for each class (i.e., bona fide and 
spoof). Motivated by this assumption, we propose a method of 

using both the original and time-flipped speech signals together 
for ASV spoofing detection, which is expected to build more 
robust spoofing detection systems against the changes in the 
intraclass variance. We expect that the performance of the 
spoofing detection system is improved if the assumption holds. 

The remainder of this paper is organized as follows. Section 
2 outlines preliminaries related to our research. Section 3 
introduces the proposed method and the ways to utilize it. 
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Section 4 describes the experiments and their results. Finally, 
Section 5 concludes the paper. 

2. PRELIMINARIES 

2.1. Spectrum-based acoustic features 

Most of the features used for spoofing detection, such as the log 
power spectrum, constant Q cepstral coefficients (CQCC) [6], 
and linear frequency cepstral coefficients (LFCC) [8], are also 
derived from the magnitude spectrum. In particular, the CQCC 
and LFCC are used in the baseline systems of ASVspoof 2019. 
The magnitude spectrum-based features have shown 
remarkable performance in various ways. However, these 

features do not have information contained in the phase 
spectrum. 

The phase spectrum gives high spectral resolution not 
contained in the magnitude spectrum [9]. It has been found that 
the phase spectrum-based features are effective for spoofing 
detection [10, 11, 12]. For our experiments, we used group 
delay [13] as a phase spectrum-based feature, which has shown 
a significant effect on spoofing detection [14, 15, 16]. Let 𝑥(𝑛) 
be a sequence of speech signals corresponding to one frame. 
The group delay is defined as the negative gradient of the 

unwrapped phase spectrum 𝛩(𝜔) of 𝑥(𝑛) with respect to the 

frequency 𝜔, as follows: 
 

𝜏(𝜔) = −
𝑑(𝛩(𝜔))

𝑑𝜔
.                               (1) 

 

In many cases, the group delay function is directly computed as 
follows, like Eq. (5) in [13]: 
 

𝜏(𝜔) =
𝑋𝑅(𝜔)𝑌𝑅(𝜔) + 𝑌𝐼(𝜔)𝑋𝐼(𝜔)

|𝑋(𝜔)|2
                (2) 

 
where 𝑋(𝜔)  and 𝑌(𝜔)  are the spectra of 𝑥(𝑛)  and 𝑛𝑥(𝑛) , 

respectively, and the subscripts 𝑅  and 𝐼  denote the real and 

imaginary parts of the spectrum, respectively. In this paper, 
however, we computed the group delay function by 

approximating the gradient using numerical differentiation 
[17]. Second-order central differences were used in the interior 
points, and first-order forward/backward differences were used 
at the boundaries as follows: 
 

𝑑𝛩

𝑑𝜔
|
𝜔=𝜔𝑖

≈

{
  
 

  
 
𝛩(𝜔𝑖+1) − 𝛩(𝜔𝑖)

𝜔𝑖+1 −𝜔𝑖
                         𝑖 = 0

𝛩(𝜔𝑖+1) − 𝛩(𝜔𝑖−1)

𝜔𝑖+1 − 𝜔𝑖−1
    1 ≤ 𝑖 ≤ 𝐷 − 2

𝛩(𝜔𝑖) − 𝛩(𝜔𝑖−1)

𝜔𝑖 −𝜔𝑖−1
                𝑖 = 𝐷 − 1

   (3) 

 
where 𝜔𝑖  is the 𝑖-th fast Fourier transform (FFT) bin center 

frequency, and 𝐷 is the number of FFT bins. 

2.2. Convolutional neural network based models 

A convolutional neural network (CNN) effectively captures 
various local information in an input feature with many 
receptive fields that have small sizes. There are some kinds of 
CNN-based models such as residual network (ResNet) [18] and 
light CNN (LCNN) [19]. These models were initially proposed 

for image recognition and showed state-of-the-art performance. 
They have also been successfully adapted in the field of 
spoofing detection [16, 20, 21, 22, 23, 24, 25, 26].  

In this paper, we build spoofing detection systems based on 
ResNet. This network has a residual learning framework to 
optimize very deep networks easily and has become a widely 

used structure in many studies. In [27], a squeeze-and-
excitation (SE) block was proposed to model the relationship 
among the channels. This approach adaptively recalibrates 
channel-wise responses: the squeeze operation captures global 
information of each channel, and then the excitation operation 
recalibrates the weights for all channels. SE can be directly 
integrated into each residual block of the ResNet, and the result 
is called the squeeze-and-excitation residual network (SE-

ResNet). The SE-ResNet showed promising performance in the 
ASVspoof 2019 challenge [21]. 

All features of an input utterance in each mini-batch have 
to be the same size to be fed into the CNN in the minibatch unit. 
However, speech signals have variable lengths, and we do not 
know the length in advance. In [21], the feature segmentation 
method was used to make all features have the same length. In 
this method, all utterances were extended by repeating some of 

its frames to have the longest length of all utterances over entire 
dataset. Then, the utterances were cut into multiple segments of 
length 𝑇 with shift 𝑆 . All features have the same number of 

segments. Note that all the segments obtained from the same 
input utterance share the same class label that corresponds to 
the label of the input. In the training phase, each segment is 
considered as individual input, regardless of which utterance 
the segment came from. In the evaluation phase, the score of 
each original input utterance is computed by averaging the 
scores of all the segments from the original utterance. In this 

paper, we used a slightly different method of feature 
segmentation to avoid data redundancy: we extended only the 
utterance shorter than the fixed length of a segment 𝑇 to have 

the length of 𝑇. In this case, the number of segments in the 

utterance is one. Therefore, all utterances have different 
numbers of segments. 

3. THE PROPOSED METHOD 

3.1. Phase spectrum of the time-flipped speech signal 

In this paper, we propose the method of using the original and 
time-flipped speech signals together. We apply our method 
only to the phase spectrum-based feature, because the 
magnitude spectrum of the original signal 𝑥(𝑛) and that of the 

time-flipped signal �̃�(𝑛) = 𝑥(−𝑛) are equal to each other, that 

is, |𝑋(𝜔)| = |�̃�(𝜔)| = |𝑋(−𝜔)| , where |𝑋(𝜔)|  and |�̃�(𝜔)| 
are the magnitude spectra of 𝑥(𝑛) and �̃�(𝑛), respectively. 

The phase spectrum is changed when the time order is 

flipped, that is, 𝜃(𝜔) ≠ 𝜃(𝜔) = 𝜃(−𝜔) , where 𝜃(𝜔)  and 

𝜃(𝜔) denote the phases of 𝑥(𝑛) and �̃�(𝑛) respectively. It can 

be seen that the attributes of the phase spectrum are changed, 
and their identities are also changed. We assumed that only the 
identities not related to spoofing attacks (i.e., those that 
compose the intraclass variance) are changed, and those related 
to spoofing attacks (i.e., those that compose the interclass 
variance) are not changed. Note that the attributes related to 
spoofing attacks may be changed, but it is not enough to distort 

the identities related to spoofing attacks because traditional 
speaker identification algorithms utilize the magnitude 
spectrum only. In our assumption, therefore, the class 
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information (i.e., bona fide or spoof) of the signal is not 
changed even if the time order of the signal is flipped. This 

assumption has the effect of generating data that have unseen 
attributes while maintaining class information. 

Figure 1 shows the framework of the proposed method, 
where 𝐱 = [𝑥1(𝑛),… , 𝑥𝑇(𝑛)] is a segment with 𝑇 frames, �̃� =
[�̃�𝑇(𝑛),… , �̃�1(𝑛)]  is the time-flipped segment, 𝐲 =
[𝑦1(𝑛),… , 𝑦𝑇(𝑛)]  and �̃� = [�̃�𝑇(𝑛),… , �̃�1(𝑛)]  are the 

preprocessed segments from 𝐱  and �̃� , respectively, and 𝛕 =
[𝜏1(𝜔),… , 𝜏𝑇(𝜔)] and �̃� = [�̃�𝑇(𝜔),… , �̃�1(𝜔)] are the features 

from 𝐲 and �̃�, respectively. The feature 𝜏 corresponds to the 

group delay, as mentioned in Section 2.1. 

3.2. The methods to combine features 

We can obtain two input features, 𝛕  and �̃� , from a signal 

corresponding to one segment. We propose several methods 
that enable CNN-based models to use both features (i.e., 𝛕 and 

�̃�) together at one time.  

3.2.1. 2-channel input 

Most spectrogram-based features from speech signals are in 2-
D matrix form, that is, have the shape of (𝑇 × 𝐷), where 𝑀 is 

the number of frames in a segment and 𝐷 is the dimensionality 

of the feature. Such a feature can be viewed as a 3-D tensor that 
has the shape of (1 × 𝑇 × 𝐷), that is, the number of channels is 

1. This method combines the two features at the input level 
(denoted as 2ch). Figure 2b depicts the framework of the 2ch 
method. It stacks the features 𝛕, �̃� to make the 2-channel input 

[𝛕, �̃�] so that the input has the shape of (2 × 𝑇 × 𝐷), and then, 
the 2-channel input is fed into the CNN. Consequently, the 
number of parameters for the first layer of the CNN doubles. 

3.2.2. Embedding-level combination 

This method combines the two features at the embedding-level. 
The embedding means the output of the global average pooling 

(GAP) layer. Figure 2c depicts the framework of this method. 
Up to the GAP layer, each feature is fed into the same CNN 
independently. That is, the CNNs for each feature share the 
same parameters. After the two embeddings are computed from 

𝛕 and �̃�, they are combined to form a single embedding in one 

of the following three ways. One way is concatenation (denoted 
as concat), in which the combined embedding vector has twice 
the size of each original embedding. Consequently, the number 
of parameters for the classifier doubles. Another way is 
elementwise maximum (denoted as vmax), and the other is 
elementwise averaging (denoted as vmean). In contrast to that 
in concat, the combined embedding vector has the same size as 

each original embedding in vmax and vmean. Therefore, both 
methods require no additional parameters.  

3.2.3. Feature map-level combination 

This method combines the two features at the feature map-level. 
The feature map means the output of the last layer of the CNN. 
Figure 2d depicts the framework of this method. In this method, 
as in Section 3.2.2, each feature is fed into the same CNN 
independently. After the two feature maps are computed from 
𝛕 and �̃�, they are combined to form a single feature map by 

taking elementwise maximum (denoted as fmax). In this way, 
the combined feature map has the same shape as each of the 

original feature maps. Therefore, this method also requires no 
additional parameters. The combined feature map is used to 
compute an embedding by GAP.  

4. EXPERIMENTS 

4.1. Database 

We used the ASVspoof 2019 database for our experiments. 

Table 1 shows the number of utterances in the ASVspoof 2019 

 

Figure 1. The framework of (left) the conventional and 

(right, highlighted in blue) proposed methods. 
 

Figure 2. The framework of the (a) baseline and 

proposed systems. The proposed systems consist of (b) 

2-channel inputs, (c) embedding-level concatenation, 

and (d) feature map-level combination. 
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LA and PA databases. We used the training set to build the 
systems, used the development set for validation and to search 
hyperparameters, and used the evaluation set to evaluate the 
performance of the selected systems.  

Table 1. The number of utterances in the ASVspoof 
2019 LA and PA databases 

 LA PA 

Training 
Genuine 2,580 5,400 

Spoof 22,800 48,600 

Development 
Genuine 2,548 5,400 

Spoof 22,296 24,300 

Evaluation 
Genuine 7,355 18,090 

spoof 63,882 116,640 

 

4.2. Experimental setup 

We used 257-dimensional group delay as the acoustic feature 
for each frame. The 25 ms frames were extracted at 10 ms 
intervals. The features 𝜏𝑡  and �̃�𝑡  were extracted from the 

original frame 𝑥𝑡  and the flipped frame �̃�𝑡 , respectively. The 

same subsequent process was performed for both types of 
frames. The preprocessing was performed for all frames: 
remove DC offset followed by pre-emphasis filtering with a 

coefficient of 0.97. Hamming window was applied for all the 
preprocessed frames. The number of FFT points was 512. We 
did not apply mean and variance normalization. No silence 
frames were removed because silence frames can have useful 
information for spoofing detection [28]. As mentioned in 
Section 2.2, we used the method of feature segmentation with 
length 𝑇 = 400  frames and overlap 𝑆 = 200  frames, as in 

[21]. We set the length of a segment 𝑇  to 400 because the 

average number of frames of the utterances of ASVspoof 2019 
LA and PA databases are about 325 and 428, respectively. For 
the features longer than 400 , we segment the features into 

multiple segments of length 400. For the features shorter than 

400, we extended the features to have the length of 400 by 

repeating some of its frames. 
We used SE-ResNet34 with a softmax classifier. Table 2 

shows the architecture of the SE-ResNet34 model, where 𝐶𝑖 is 
the number of channels of input and 𝑁𝑒  is the number of 

embeddings. 𝐶𝑖 is 2 only for the 2ch method and is 1 for the 

other methods. 𝑁𝑒 is 2 only for the concat method and is 1 for 

the other method. For the LA scenario, the number of classes 
𝑁𝑐 was 3: bona fide, TTS and VC. For the PA scenario, 𝑁𝑐 was 

2: bona fide and spoof. Cross-entropy loss was used. AMSGrad 
[29], a variant of the Adam [30] optimizer, was used to optimize 

the network with a learning rate of 10−3 and weight decay of 

10−4 . All weights were initialized from the He normal 
distribution [31]. No bias was used. We trained the networks 
for 100 epochs with a minibatch size of 64, and selected the best 
model by validation. We implemented the networks using 

PyTorch [32].  

Table 2. The architecture of SE-ResNet34 

Layer Structure Output size 

Input - 𝐶𝑖 ×400×257 

CNN 

7 × 7, stride 2 16×200×129 

max pool, 3 × 3, stride 2 

[
3 × 3,16
3 × 3,16
𝑆𝐸, [1, 16]

] × 2, stride 1 
16×100×65 

[
3 × 3,32
3 × 3,32
𝑆𝐸, [2, 32]

] × 2, stride 2 32×50×33 

[
3 × 3,64
3 × 3,64
𝑆𝐸, [4, 64]

] × 2, stride 2 64×25×17 

[
3 × 3,128
3 × 3,128
𝑆𝐸, [8, 128]

] × 2, stride 2 
128×13×9 

(feature map) 

GAP - 
128×𝑁𝑒 

(embedding) 

Classifier - 𝑁𝑐 

 
We used two evaluation metrics: equal error rate (EER) and 

minimum normalized tandem detection cost function (t-DCF𝑛
𝑚) 

[33]. The parameters for computing t-DCF𝑛
𝑚 were the same as 

those used in the ASVspoof 2019 challenge. 

4.3. Results 

Table 3 shows the EERs and t-DCF𝑛
𝑚  of the systems on the 

development and evaluation trials of the LA scenario. Note that 
compared to the baseline, 2ch has 49 (= 7 × 7; the filter size of 

the first layer of the baseline CNN) more parameters and concat 

has 384 (= 128 × 3; the number of parameters of the baseline 

classifier) more parameters. In the development trial, 2ch 
showed the worst performance, and all other proposed systems 
showed better performance than the baseline. fmax showed the 
lowest EER and t-DCF𝑛

𝑚 , exhibiting relative reductions of 

approximately 96% and 97%, respectively. In contrast, in the 
evaluation trial, vmax showed the worst performance. 
Additionally, only vmean and fmax showed better performance 
than the baseline. In particular, vmean showed the lowest EER 
and t-DCF𝑛

𝑚 , exhibiting relative reductions of approximately 

12% and 4%, respectively. If both 2ch and concat had shown 
the performance improvement, we can say that the cause of the 

performance improvement may be due to the increase in the 
number of the parameters. In other words, we couldn’t have 
claimed that the proposed method of combining two features 
itself can improve the performance. However, both 2ch and 
concat showed worse performances than the baseline. 
Therefore, the increase in the number of parameters cannot be 
the cause of the performance improvement. Even so, we cannot 
say that the result is due to the overfitting with an increased 
number of parameters, because concat, which has more 

parameters than 2ch, showed better performance than 2ch 
except for t-DCF𝑛

𝑚  on the evaluation trial. Additionally, the 
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increased number of parameters accounts for a small proportion 
of the total number of parameters. Rather, it is more convincing 
to explain that the deep embedding-level combinations are 
more efficient than the input feature-level combination.  

Table 3. The EERs (%) and t-𝐷𝐶𝐹𝑛
𝑚 of the systems on 

the development and evaluation trials of ASVspoof 
2019 LA 

System 
Development Evaluation 

EER t-DCF𝑛
𝑚 EER t-DCF𝑛

𝑚 

Baseline 0.157 0.0038 8.3889 0.2206 

2ch 0.5881 0.0137 9.5613 0.2221 

concat 0.1104 0.0024 8.7702 0.2759 

vmax 0.1149 0.0025 10.483 0.301 

vmean 0.0376 0.0004 7.4233 0.2112 

fmax 0.0067 0.0001 7.7469 0.219 

 

Table 4 shows the EERs and t-DCF𝑛
𝑚 of the systems on the 

development and evaluation trials of the PA scenario. Note that 
compared to the baseline, 2ch has 49 (= 7 × 7; the filter size of 

the first layer of the baseline CNN) more parameters and concat 
has 256 (= 128 × 2; the number of parameters of the baseline 

classifier) more parameters. Unlike in the LA scenario, all 
proposed systems showed better performance than the baseline, 
except that 2ch showed a slightly higher EER on the 
development trial. Among the proposed systems, 2ch showed 
the worst performance, which may be because the deep 
embedding-level combinations are more efficient, as mentioned 
above. vmax showed the best performance on both trials, 

presenting a relative EER reduction of approximately 27% and 
31% on the development and evaluation trials, respectively, and 
showed a relative t-DCF𝑛

𝑚 reduction of approximately 31% on 

both trials. 

Table 4. The EERs (%) and t-𝐷𝐶𝐹𝑛
𝑚 of the systems on 

the development and evaluation trials of ASVspoof 
2019 PA 

System 

Development Evaluation 

EER t-DCF𝑛
𝑚 EER t-DCF𝑛

𝑚 

Baseline 4.4599 0.1261 5.4174 0.154 

2ch 4.536 0.1183 5.3468 0.1498 

concat 3.4465 0.0947 4.3512 0.1232 

vmax 3.2572 0.0873 3.7325 0.107 

vmean 3.7953 0.1104 4.6167 0.1316 

fmax 3.7562 0.1081 4.5994 0.1295 

 

4.4. Results with fusion 

As mentioned in Section 2, the magnitude spectrum and phase 
spectrum have different information. Better performance is 

expected when using both types of information together. Table 
4 shows the EERs and t-DCF𝑛

𝑚 values of the baseline system 

with log power spectra on the development and evaluation trials 
of the LA and PA scenarios. The only difference is that the 
baseline systems shown in Table 5 used the log power 
spectrogram as an acoustic feature, rather than the group delay. 
We empirically found that the log power spectrum, which is one 
of the magnitude spectrum-based features, showed significantly 
better performance than the group delay in the PA scenario. In 
the LA scenario, these features showed similar performance. It 

can be seen that the information in the magnitude spectrum is 
more effective for replay attack detection than that in the phase 
spectrum. We expected to obtain more robust spoofing 
detection systems when using the magnitude and phase 
spectrum-based features together because they have different 
kinds of information. We performed score-level fusion of the 
phase and magnitude spectrum-based systems. The weights for 
each score were estimated by logistic regression using the 

scores from the development set. 

Table 5. The EERs (%) and t-𝐷𝐶𝐹𝑛
𝑚 of the baseline 

system with log power spectrum on the development 
and evaluation trials of ASVspoof 2019 LA and PA 

Scenario 

Development Evaluation 

EER t-DCF𝑛
𝑚 EER t-DCF𝑛

𝑚 

LA 0.0045 0.0001 8.754 0.1852 

PA 0.8107 0.0238 1.255 0.0382 

 
Table 6 shows the performance of the fused systems on both 

trials of the LA scenario. In the development trial, all the 
systems showed perfect performance (i.e., both EER and t-
DCF𝑛

𝑚 are 0). Unlike the results without fusion, in which vmean 

showed the best performance, fmax showed the best 
performance in terms of EER, exhibiting a relative reduction of 
approximately 12%. However, the baseline system showed the 
lowest t-DCF𝑛

𝑚. These results are quite different from those of 

the systems without fusion (Table 3).  
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Table 6. The EERs (%) and t-𝐷𝐶𝐹𝑛
𝑚 of the fused 

systems on the development and evaluation trials of 
ASVspoof 2019 LA 

Fusion 
System 

Development Evaluation 

EER t-DCF𝑛
𝑚 EER t-DCF𝑛

𝑚 

Baseline 0 0 7.125 0.1576 

2ch 0 0 8.3889 0.1764 

concat 0 0 6.5669 0.1751 

vmax 0 0 7.9822 0.1877 

vmean 0 0 6.7983 0.1688 

fmax 0 0 6.3054 0.1638 

 
Table 7 shows the performance of the fused systems on both 

trials of the PA scenario. As expected, the fused systems 

showed higher performance for all conditions. vmax showed the 
best performance on both trials, which is equivalent to the 
results of the systems without fusion (Table 4). In terms of the 
EER, vmax showed relative reductions of approximately 3% 
and 8% on the development and evaluation trials, respectively. 
In terms of t-DCF𝑛

𝑚, it showed the relative reduction of about 

4% and 12% on the development and evaluation trials, 
respectively. 

Table 7. The EERs (%) and t-𝐷𝐶𝐹𝑛
𝑚 of the fused 

systems on the development and evaluation trials of 
ASVspoof 2019 PA 

Fusion 
System 

Development Evaluation 

EER t-DCF𝑛
𝑚 EER t-DCF𝑛

𝑚 

Baseline 0.6121 0.0191 1.0449 0.0325 

2ch 0.6471 0.021 1.1342 0.0333 

concat 0.6296 0.0196 1.0281 0.032 

vmax 0.5926 0.0183 0.9619 0.0287 

vmean 0.6255 0.0198 1.1271 0.0339 

fmax 0.6626 0.0212 1.1173 0.0331 

 

5. CONCLUSION 

In this paper, we propose a method in which the phase 
spectrum-based features are extracted from the original and 
time-flipped speech signals and are used together for ASV 
spoofing detection. This approach is motivated by our 
assumption that the time-flipped signals have the effect of data 
augmentation to show the additional attributes in phase 
spectrum, which are not included in magnitude spectrum but 

related to unseen intraclass conditions. We also propose 

methods to combine both features for CNNs. The proposed 
methods show better performance than the conventional 
method (i.e., using the original signal only) on the tasks of 
ASVspoof 2019 LA and PA. In particular, we have found that 
the deep embedding-level combination is more efficient than 
the input-level combination. Based on the results, we claim that 

the assumption holds and more robust spoofing detection 
systems can be built by the proposed method. 
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