


al., 2014), deep neural networks have been
predominantly used for such tasks (see, for
example, Bartz et al, 2017), Abdullah et al., 2020),
Draghici et al, 2020), van der Merwe, 2020).

2 Model architecture

|
| RepeatR e
3 .
Times §

Prolog
Stride:1 Cony-BN-ReLU
Kernel Width: 3
Out Ch: 512

Figure 1: The model architecture

Similar to work of Koluguri et al., 2020, the model
is based on 1D Time-Channel Separable
convolutions, namely, the QuartzNet ASR
architecture (Kriman et al., 2020) comprising of an
encoder and decoder structures.

2.1 Encoder

The encoder used is QuartzNet BxR model shown
in Figure 1, and has B blocks, each with R sub-
blocks (Kriman et al., 2020). The first block is fed
with MFSC coefficients vector of length 40. Each
sub-block applies the following operations
(Kriman et al., 2020):

e a 1D convolution,

e Dbatch norm,

RelU, and

e dropout.

All sub-blocks in a block have the same number
of output channels. These blocks are connected
with residual connections (Kriman et al., 2020). We
use QuartzNet 15*5, with 512 channels. All the
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convolutional layers have stride 1 and dilation 1
(Kriman et al., 2020).

2.2

Similar to Cai et al., 2018, Chowdhury et al., 2018,
we agree that not all frames contribute equally to
the utterance level representation. Thus we use a
self-attentive pooling (SAP) layer introduced by
Cai et al., 2018 to pay more attention to the frames
that are more important.

Namely, we first feed the frame level feature

Self-attentive pooling decoder

maps @MOh G into a fifily-connected layer
to get a hidden representation
QN 0w

Then we measure the importance of each frame
as the similarity of "Q with a learnable context
vector Aand get a normalized importance weight
0 through a softmax function (Cai et al., 2018).

After that, the utterance level representation Q
can be generated as a weighted sum of the frame
level feature maps based on the learned weights:

Q

0 W

2.3  Loss Function

We have used cross-entropy loss function for this
task.

3 Experiments

3.1 Datasets and tasks

For training models, speech data from the CMU
Wilderness Dataset (Black, 2019) were used, which
contain read speech from the Bible in 699
languages, but usually recorded from a single
speaker. This training data were released in the
form of derived MFCCs. The evaluation
(validation, test) data come from different sources,
in particular data from the Common Voice project,
several OpenSLR corpora (SLR24 (Juan et al.,
2014a, 2014b), SLR35, SLR36 (Kjartansson et al,.
2018), SLR64, SLR66, SLR79 (He et al., 2020),
and the Paradisec collection.

There are 16 languages in the released train data,
4000 utterances per language. Table 1 summarizes
the languages in the dataset. Validation and test
data consist of 8000 utterances, 500 for each
language.



Table 1: Summary of languages in the dataset

ISO Language Genus Family
639- name
3
code
kab  Kabyle Berber Afro-Asiatic
ind  Indonesian Malayo- Austronesian
Sumbawan
sun  Sundanese Malayo- Austronesian
Sumbawan
jav_ Javanese Javanese Austronesian
eus FEuskara Basque Basque
tam Tamil Southern Dravidian
Dravidian
kan Kannada Southern Dravidian
Dravidian
tel Telugu South- Dravidian
Central
Dravidian
hin  Hindi Indic Indo-
European
por Portuguese Romance Indo-
European
rus  Russian Slavic Indo-
European
eng  English Germanic  Indo-
European
mar Marathi Indic Indo-
European
tha  Thai Kam-Tai Tai-Kadai
iba  Iban Malayo- Austronesian
Sumbawan
cnh  Chin, Gur Niger-Congo
Hakha

3.2 Optimization and training process

We have used the attention vector size of 256.
Models were trained until they reached a plateau
on a validation set. Training was done using the
Stochastic Gradient Descent optimizer with initial
learning rate of 0.005 and cosine annealing decay
to le-4.

4 Results and Discussion

We have experimented with SpecAugment
augmentation introduced by Park et al., 2019 and
run experiments both with and without
augmentation.

The system described above allowed us to
achieve the following results on the validation set
(see Table 2). Somewhat surprisingly, detection of
most languages was better without SpecAugment,
Sundanese, Portuguese, Russian, and Iban being
exceptions. Iban did not detect at all without
augmentation. We can hypothesize that
SpecAugment is more favorable for Indo-
European and Austronesian languages detection
than for other language families. This hypothesis
requires further research.

Looking at the confusion matrix (Figure 2) we
can see that most language samples determined as
English, Kabyle or Telugu, independent of the
language family. This means that there are more
prominent speech features that hinder the
language identification. Given the nature of the
training set, that may be related to the gender of
the readers.
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Table 2: Results on validation dataset

Without augmentation

With augmentation

Language | support | precision | recall | fl-score | precision | recall | fl-score
kab 500 0.0735 | 0.218 0.11 0.0675 | 0.206 0.1017
ind 500 0.1102 0.13 0.1193 0.125 | 0.078 0.0961
sun 500 0.0747 | 0.082 0.0782 0.0753 0.1 0.0859
jav 500 0.0692 | 0.054 0.0607 0.0624 | 0.056 0.059
eus 500 0.1925 | 0.072 0.1048 0.1656 0.05 0.0768
tam 500 0.3108 | 0.304 0.3074 0.2244 0.14 0.1724
kan 500 0.0339 | 0.004 0.0072 0.0149 | 0.002 0.0035
tel 500 0.0298 | 0.112 0.0471 0.0284 0.12 0.0459
hin 500 0.0933 | 0.014 0.0243 0.0896 | 0.012 0.0212
por 500 0.0871 | 0.062 0.0724 0.1061 | 0.098 0.1019
rus 500 0.0482 | 0.032 0.0385 0.0712 | 0.038 0.0495
eng 500 0.2065 | 0.406 0.2738 0.1972 | 0.428 0.27
mar 500 0.3491 | 0.118 0.1764 0.3654 | 0.076 0.1258
tha 500 0.2167 | 0.026 0.0464 0.1014 | 0.014 0.0246
iba 500 0 0 0 0.0638 | 0.012 0.0202
cnh 500 0.2039 | 0.104 0.1377 0.1797 | 0.092 0.1217
300
.E 46 102 9 0 5 30 25 [ 124 3 2 27 18 55 10 36 8
g; iV 214 9 6 5 5 4 9% 1 0 21 19 5 3 95 5
% 7 157 s 1 5 2 14 58 0 2 56 0 21 7 m 0 250
£ 65 54 21 6 9 34 12 80 6 1" 42 5 7 30 45 3
s 0 9 3 0 6 0 187 1 2 0 14 3 8 0 266 1
2 8 33 12 4 i 39 25 | 108 4 1 15 3 17 1 194 EEE] 200
H 5 53 5 2 7 20 28 Wx 2 6 31 4 50 8 43 0
‘:é; E 12 94 6 3 1 15 6 103 1 3 25 13 17 13 0 50
< c 17 31 17 1 3 26 20 1M 1 12 24 44 46 48 29 0
; 1 57 0 1 0 35 25 0 16 38 15 I 212 2 20 0
; 6 52 22 13 9 9 14 72 6 10 49 25 10 19 6 — 100
2 15 43 6 3 0 36 3 152 0 0 9% 19 2 23 88 14
< 5 53 5 2 if 20 28 xS 2 6 31 4 50 8 43 0
; 17 6 6 6 14 4 8 26 22 1 2 9 4 70 [ELl 5 - %0
3 17 9% 1 0 9 13 34 105 1 8 3 64 45 43 60 i
- 23 31 4 19 ifi 24 16 18 0 4 1" 29 45 17 I8 7 »
ch eng eus hin iba ind jav kab kan mar por rus sun tam tel tha

Figure 2: The confusion matrix for the validation set
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Table 3: Test set results

Without augmentation With augmentation

Lang precision | recall fl-score | precision | recall fl-score

kab 0.07 0.194 0.1029 0.0668 0.21 0.1013
ind 0.1245 0.176 0.1458 0.2113 0.142 0.1699
sun 0.0767 0.088 0.0819 0.0926 0.098 0.0952
jav 0.0844 0.068 0.0753 0.0535 0.048 0.0506
eus 0.1607 0.054 0.0808 0.1194 0.032 0.0505
tam 0.3333 0.306 0.3191 0.4234 0.282 0.3385
kan 0.1642 0.022 0.0388 0.1795 0.014 0.026
tel 0.0489 0.162 0.0751 0.0446 0.164 0.0701
hin 0.2466 0.036 0.0628 0.3231 0.042 0.0743
por 0.1518 0.126 0.1377 0.1765 0.174 0.1752
rus 0.1786 0.164 0.171 0.1497 0.132 0.1403
eng 0.1934 0.408 0.2624 0.1679 0.424 0.2405
mar 0.1565 0.036 0.0585 0.2024 0.034 0.0582
tha 0.1587 0.02 0.0355 0.186 0.016 0.0295
iba 0.0057 0.002 0.003 0.0072 0.002 0.0031
cnh 0.3556 0.16 0.2207 0.2562 0.124 0.1671
Average | 0.15685 0.1264 0.1170 0.1663 0.1211 0.1119

On the other hand, the test set results (see Table
3) have exhibited no statistically significant
differences between augmented and not augmented
training.
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