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Abstract

Automatic Speech Recognition (ASR) systems are experiencing an active introduction into our daily lives, simplifying
the way we interact with electronic devices. The advent of end-to-end approaches has only accelerated this process.
However, the constant evolution and a high degree of inflection of the Russian language lead to the problem of
recognizing new words outside the vocabulary (Out Of Vocabulary, OOV) because they did not take part in the training
process of the ASR system. In such a case, the ASR model tends to predict the most similar word from the training data
which leads to a recognition error. This is especially true for ASR models that use decoding based on a Weighted Finite
State Transducer (WFST), since they are obviously limited by the list of vocabulary words that may appear as a result of
recognition. In this paper, this problem is investigated on the basis of an open data set of the Russian language (common
voice) and an integrated ASR system using the WFST decoder. A method for retraining an integral ASR system based
on the discriminative loss function MMI (maximum mutual information) and a method for decoding the integral model
using a TG graph are proposed. Discriminative learning allows smoothing the probability distribution of acoustic class
prediction, thus adding more variability in the recognition results. Decoding using the TG graph, in turn, is not limited
to recognizing only vocabulary words and allows the use of a language model trained on a large amount of external
text data. An eight-hour subset from the common voice base is used as a test set. The total number of OOV words in
this test sample is 18.1 %. The results show that the use of the proposed methods allows to reduce the word recognition
error (Word Error Rate, WER) by 3 % in absolute value relative to the standard method of decoding integral models
(beam search), while maintaining the ability to recognize OOV words at a comparable level. The use of the proposed
methods should improve the overall quality of recognition of ASR systems and make such systems more resistant to
the recognition of new words that were not involved in the learning process.
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Improving out of vocabulary words recognition accuracy for an end-to-end Russian speech recognition system

ycrpoiictBamu. PazButne unTerpansHbix (end-to-end) mMoaxoq0B TONBKO yCKOPSIET JIAaHHBIN mpoliecc. TeM He MeHee
MMOCTOsIHHAs 3BOJJIFOIIUA U GOHbLLlaﬂ CTCIICHb (bJ'[eKTI/IBHOCTI/I PYCCKOTO sA3bIKa MPUBOIAAT K npo6neme pacno3HaBaHUsA
HOBBIX BHe crioBapHbix (Out Of Vocabulary, OOV) ciioB, koTopble He IPUHUMAIIM y4acTHe B Mpolecce o0ydeHus
ASR-cucremsl ipu ee cozganun. B c¢Bsa3u ¢ 3tum ASR-Mozens MOXKET IPOrHO3UPOBATh HanOoIee MOX0KEe CIOBO M3
00y4aromux JaHHBIX, YTO BIEYET K OMMOKe pacmo3HaBaHus. OcoOeHHO 310 KacaeTcss ASR-Mozeneid, HCmob3yomuX
JIEKOAMPOBAHNE Ha OCHOBE B3BelIeHHOTo KoHeuHoro aBromara (Weighted Finite State Transducer, WFST), Tax kax
OHU 3aBEJIOMO OTPAHUYEHBI CIIUCKOM CIIOBAPHEIX CJIOB, KOTOPBIE MOTYT HMOSIBUTHCS B Pe3ylbTaTe PacIio3HaBaHUSI.
BrimonneHo nccienoBaHue IpoOIeMbl Ha OCHOBE OTKPBITOH 0a3bl PyCcCKOTO sI3bIKa (Common voice) U MHTerpabHON
ASR-cucremsl, ucnions3ytomien WEST-nexonep. Metoa. [Ipemioxen meron noo0ydenust uuterpaibHoit ASR-cuctembl
Ha OCHOBE JMCKpUMHUHATHBHOHN QyHKIMHU moteps MMI (Maximum Mutual Information) 1 merona nekoaupoBaHus
UHTErpansHoi Moaenu ¢ nomoupio TG rpada. JJuckpuMuHaTHBHOE 00y4eHHE TTO3BOIMIO CIIAANTD pacipeeeHne
BEPOSTHOCTEH MpecKa3aHust aKyCTHYECKHX KIIACCOB, J00ABUB TaKUM 00pa3oM OOJIBIIYIO BAPHATHBHOCTh B PE3YJIbTATe
pacrnio3HaBaHus. Tak Kak jexoaupoBaHue ¢ momonpio TG rpada He UMeeT orpaHHMYeHHIl Ha PacliO3HABAHHUE TOIBKO
CIIOBAPHBIX CJIOB, OHO MO3BOJIMJIO MCIIOJIB30BATh S3bIKOBYIO MOJIC/b, O0OYUCHHYO Ha OOJIBIIIOM KOJIMYECTBE BHELIHHX
TEKCTOBBIX JaHHBIX. OCHOBHBIE Pe3yabTaThl. B KauecTBe TECTOBOrO MHOXECTBA HCIOJIB30BaHA BOCEMUYACOBast
noziBeIOOpKa U3 6a3bl common voice. O6miee uncino OOV-ciioB B TecToBOIt BIOOpKe cocTaBmio 18,1 %. [Tony4yennsie
Ppe3yJbTaThl MOKA3aJIH, YTO HCIOJIB30BAHUE MPEUIOKSHHBIX METOJIOB COKPATHIIO TIOCJIOBHYIO OIIMOKY pacrio3HaBaHHs
Ha 3 % B aOCOJIIOTHOM 3HAYE€HHH OTHOCHUTENILHO CTaHIAPTHOTO METO/Ia JICKOANPOBAHMS MHTErPaIbHbIX Mojesei. [Ipu
9TOM COXPAaHMJIACh BO3MOXKHOCTb pacrnosHaBanust OOV-ciioB Ha cpaBHUMOM ypoBHe. IIpakTHyeckasi 3HAYUMOCTD.
Vcrnonb30BaHNE MPEATOKEHHBIX METOJIOB MOXKET YJIyUIIHTh 00lIee KauecTBO pacrno3HaBanus ASR-cucrem u clienarb
nx Gosiee yCTOWYMBBIME K PACIIO3HABAHHIO HOBBIX CJIOB, KOTOPBIC HE YYacTBOBAIIM B Hpoliecce 00ydeHNsT MOJIEIH.

KiroueBble cioBa
ABTOMAaTHYECKOE PACIIO3HABAHUE PEUM, HHTETPAIbHBIC CHCTEMBI, TUCKpUMHUHATHBHOE o0yuenune, OOV-cioBa,
B3BCIICHHBIN KOHCYHBIN aBTOMAT

Ceblika s quTupoBanusa: Aunapycenko A.1O., Pomanenko A.H. IloBplleHre TOYHOCTH pacHO3HABAHUS
BHECIIOBAPHBIX CJIOB JUIT MHTETPAJLHON CHCTEMBI aBTOMAaTHYECKOTO pacllo3HABaHUsS pycckoil peun // Haywamno-
TEeXHUYECKHH BECTHHK MH()OPMAIOHHBIX TEXHOJIOTHH, MexaHuKH U ontuku. 2022. T. 22, Ne 6. C. 1143-1149 (na
aHr. 513.). doi: 10.17586/2226-1494-2022-22-6-1143-1149

Introduction

The active development of artificial deep neural
networks has led to a significant breakthrough in Automatic
Speech Recognition (ASR) tasks. For a long time, the
conventional hybrid approach to building ASR systems
[1] was dominant in this area. However, it is a complex
and lengthy process of obtaining separate modules that are
eventually combined into a single system. This encouraged
the development of end-to-end learning methods for ASR
models [2] the task of which is to combine all modules
into one deep neural network. Unlike the conventional
hybrid approach, the end-to-end method learns to generate
text from an input audio signal directly without using
an intermediate signal representation. This approach
dramatically simplifies building and training an ASR
system, showing high recognition accuracy comparable
with conventional systems. In many ASR tasks, it is
already the best solution [3, 4] which only increases the
scientific community’s attention to the development of this
technology.

However, the constant evolution (emergence of new
words) and a high degree of inflection (a large number
of different spellings of the same word) of the Russian
language leads to the degradation of the recognition
accuracy of ASR systems since such “new” words may
not be present in the training data. These words are called
Out Of Vocabulary (OOV) words. The words in the training
data are called IV (in vocabulary) words. Conventional
methods, by definition, are not capable of recognizing
new words since their decoder is pre-limited by the list of
words (lexicon) presented in training data. To tackle this
problem, such OOV words can be added to the lexicon
graph [5], but it is necessary to know the list of OOV words

in advance. To recognize words previously unknown to the
model, there is a method of adding the unk subgraph [6];
it can recognize new words in cases where the ASR model
could not find the corresponding IV word. This is achieved
by adding a phoneme subgraph with arbitrary transitions
within itself which allows generating new sequences
of phonemes that are then converted into words. Such
unk subgraph is integrated into the lexicon graph which
has only known paths based on IV words. However, the
accuracy of this method is far from perfect. A comparison
of OOV word recognition techniques for classical ASR
systems is considered in [7].

End-to-end ASR models in the recognition process
produce separate target acoustic units; it can be letters
(graphemes) or pieces of words (subwords) consisting
of several letters. Such a method is theoretically capable
of recognizing OOV words, but in practice, this can lead
to degradation of the overall recognition accuracy. The
model may be wrong in IV word recognition because it
does not have a lexicon constraint during the decoding
process, as it does in the conventional hybrid model. With a
limited number of training data (less than 100—150 hours of
transcribed data), this problem only gets worse. To improve
this situation, BPE (Byte pair encoding) augmentation
[8] of acoustic classes can be used generating new word
divisions into acoustic units during each training epoch. A
comparison of conventional hybrid and end-to-end ASR
systems for the Russian language can be found in [9].

There is a method for combining an encoder trained
in end-to-end mode with a WFST (Weighted Finite State
Transducer) decoder used for conventional systems [10].
This approach allows using external text data to train the
language model and make fewer mistakes in recognizing IV
words due to the presence of a lexicon. This combines the
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strengths of end-to-end systems (robust encoders trained in
end-to-end mode) and a strong language model integrated
into the WFST graph from the classical system. However,
the lexicon still limits this approach making it impossible
to recognize OOV words.

This paper proposes a WFST graph method to decode
an end-to-end model unrestricted by a predetermined
lexicon L. Instead of TLG, the TG graph is used in which
the language model is based on graphemes. We also use the
discriminative MMI (Maximum Mutual Information) loss
function for finetuning the pre-trained end-to-end model
similarly from [11] which further increases the accuracy
of OOV word recognition by smoothing the probabilities
of acoustic unit prediction. The final model reduces the
overall WER (Word Error Rate) by 3 % in absolute value
relative to the baseline end-to-end decoding algorithm
while retaining the ability to recognize OOV words on the
same level.

Decoding method

The conventional hybrid ASR system is divided into
two main components: acoustic and language models. The
classifier of target acoustic units (phonemes, graphemes,
subwords), based on a deep neural network, usually acts
as an acoustic model. Its task is to predict the probability
distribution of acoustic units on each short segment
(25 ms long) of the input signal. The language model is
integrated into the decoding module and generates the
most probable word sequences based on the predictions
received from the acoustic model. The lexicon sets the
rules for dividing words into acoustic units mapping each
word from the training data to the corresponding sequence
of acoustic units. For example, if graphemes are used as
acoustic units, then the lexicon will display the rules for
splitting each word into letters. The final decoding graph
for the conventional hybrid ASR system is a WFST that
sequentially transforms the outputs of the acoustic model
into the final recognition result in the text. Such a graph is
a composition of four separate graphs:

— H — topology graph for acoustic model outputs;
converts acoustic model outputs (tying states) to
context-sensitive acoustic classes (such as triphons).

— C — transition graph from context-dependent acoustic
classes to context-independent ones (for example, from
triphons to phonemes).

— L — lexicon.

— G — word language model.

As a result, we get the HCLG graph which is used in
the process of decoding the conventional hybrid system.

For end-to-end ASR systems, it is possible to use such a
WEST graph for decoding [10] since its encoder also plays
the role of an acoustic model. To do this, it is necessary
to replace the HC subgraph of the conventional model
with T, the graph of the CTC (Connectionist Temporal
Classification) topology. As a result, a TLG graph is
obtained which can decode the results of recognition of
the end-to-end model. This method uses both approaches
strengths: an encoder based on the latest architectures,
trained in end-to-end mode, and a WFST graph with a

powerful language model. However, due to the L graph
presence, this method cannot recognize OOV words.

To solve this problem, we propose to remove the L
graph from the composition of the decoding graph. As a
result, we get a TG graph, where G is already a grapheme
language model instead of a word one. Using positional
graphemes as acoustic units makes it possible to directly
restore the sequence of words from the results of such “non-
word” recognition. This approach retains all the advantages
of the hybrid method of decoding the end-to-end model
using the WFST graph and makes it possible to recognize
new OOV words by getting rid of the lexicon restriction.

Discriminative finetuning

To improve the recognition accuracy of end-to-end
systems, one can use discriminative training methods based
on MMI objective function [11]. In contrast to the MMI
finetuning for the conventional hybrid system, in the end-
to-end approach, the loss function is calculated immediately
over the entire input signal, leading to extensive memory
consumption. The compact CTC topology can be used
to combeat this, it described in detail in [12]. Additional
finetuning of the pre-trained end-to-end model for a certain
number of epochs with the MMI loss function can have a
beneficial effect on the accuracy of the final system. Our
experiments show that this approach improves the overall
recognition accuracy and leads to a noticeable improvement
in OOV word recognition. This effect may be because
the model trained only on the CTC loss function initially
has excessively high probabilities for predictions, which
was already noted earlier in [13]. Additional finetuning
with MMI allows smoothing out this “peaky” behavior
and increases the probability of recognition of alternative
acoustic units improving the recognition accuracy of
OOV words. An example of comparing the probability
distribution by acoustic units for a model trained only on
CTC loss and then finetuned with MMI loss is shown in
Fig. 1.

Data set

An open database of the Russian language common
voice [14] is used to train and test ASR models for the
proposed method. This database consists of voice recordings
from users’ personal devices (smartphones, PCs, etc.). The
sampling rate of audio files is adjusted to 16000 Hz. The
entire data available for download from the original source
was divided into a train (104 hours and 38 minutes) and
a test set (8 hours and 16 minutes). The number of OOV
words for the selected test set was 18.1 %. It is important
to note that this is a percentage of the total words spoken
on the test, not a percentage of unique OOV words.

As an acoustic feature, 80-dimensional log-Mel
filterbank coefficients are used, to be calculated with a
window of 25 ms and a step of 10 ms. In order to reduce
the effect of model overfitting, SpeecAugment [15] is used.
The number of frequency masks is 2 with a mask range of
30 bins. The number of time masks is 2 with a length of
40 ms.
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Fig. 1. Comparison of the acoustic units distribution probabilities of the end-to-end model for two training options: only with the
CTC loss function (@) and the use of additional training with 10 MMI epoches (). The dotted line indicates the probability of a blank
symbol. Continuous lines correspond to the remaining acoustic units

ASR system

The acoustic model (encoder) of our end-to-end
ASR system is Conformer [16] — a deep neural network
architecture based on the attention mechanism and local
convolution blocks. This architecture works effectively
with a long-term and local context within utterances (for
example, with whole words and individual graphemes). In
this work, we use a 12-layer Conformer with the size of
the attention mechanism embedding of 320. The number
of attention heads is 8. The size of fully connected layers is
1024, and the size of the conformer convolution block is 5.

The Joint CTC-Attention mode (the weight of the CTC
loss function is 0.3) is used for training the end-to-end
model. An attention decoder part based on the Transformer
architecture [17] consists of 6 layers with an attention
mechanism size of 320. The number of attention heads
is 8, and the size of fully connected layers is 1024. This
block is also used for decoding in the beam search mode.
The weight of the encoder block is 0.3. Adam algorithm is
used as an optimizer with 16000 warm-up steps to a peak
learning rate of 0.002, followed by a quadratic decrease.
The total number of training epochs is 100.

For decoding in conventional hybrid mode, a WFST
graph is used based on the Kaldi toolkit [18]. For language
modeling, a 3-gram word language model is used in the
case of the TLG.fst graph and a 7-gram grapheme language
model for the TG.fst graph.

The word error rate (WER) metric is used to evaluate
the overall accuracy of speech recognition. OOV word
recognition accuracy is measured using Character Error
Rate (OOV-CER) and Word Error Rate (OOV-WER)
for specific OOV words. As an implementation of such
a metric, the texterrors! are used. It is worth noting that

! Available at: https://github.com/RuABraun/texterrors
(accessed: 15.11.2022).

WER is the highest priority indicator in comparing the
accuracy of model recognition. OOV-CER and OOV-
WER are secondary metrics that show only OOV words
recognition accuracy.

All experiments were carried out in the ESPnet speech
recognition toolkit [19].

Experiment results

As baseline values for comparison with subsequent
modifications, the speech recognition accuracy of the
end-to-end model was investigated using a standard beam
search decoding algorithm. The influence of the choice
of acoustic units for ASR system modeling was also
investigated. The results of these experiments are presented
in Table 1. Subwords were obtained using sentencepice
tokenizer with 250 BPE units. Additionally, the effect
of BPE augmentation with bpe alpha 0.1 (dp0.1) on the
recognition accuracy of OOV words was tested. It can be
concluded that the graphemes units work the best for this
task. The BPE model shows a slightly better WER, but
noticeably loses in OOV word recognition. BPE dropout
helps improve OOV recognition but messes up WER a lot.

The following experiments use the WFST graph to
decode the predictions of the end-to-end model encoder.
Table 2 shows that the transition from TLG.fst to TG.fst
can significantly reduce the OOV-CER/WER and the

Table 1. Decoding the end-to-end model using the beam search
algorithm for different acoustic units, %

Acoustic units WER OOV-CER | OOV-WER
Graphemes 30.5 28.8 58.1
BPE 250 30.4 32.8 62.2
BPE 250 + dp0.1 375 32.6 60.0
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Table 2. Results for the WFST decoding method of the end-to-end model using TLG.fst and TG.fst, %

Training criterion Graph WER OOV-CER OOV-WER
CTC-Att TLG.fst 343 51.9 100.0
CTC-Att TG fst 29.7 33.6 62.4
CTC-Att+MMI TLG.fst 335 50.9 100.0
CTC-Att+MMI TG fst 27.5 31.0 60.4

overall WER. At the same time, additional finetuning for
ten epochs using the MMI loss function provides a further
improvement in both WER and OOV metrics.

Table 3 compares the baseline beam search with our
best result from Table 2. The method of adding the unk
subgraph was also tested. It can be seen that baseline beam
search is the best for recognition of OOV words but shows
that WER is 3 % worse than TG.fst + MMI which still
works well with OOV words and is inferior in OOV metrics
quite a bit. Model with the unk subgraph is also capable of
recognizing OOV words but lags far behind in WER and
OOV metrics.

Additional analysis of recognition results indicates that
most of the recognized OOV words in about 96.3 % differ
from IV words by no more than three letters. It means that
the proposed method works well with the inflection of the
language (small changes in the ending, word prefix, etc.).
Recognition of a new OOV word that is not similar to an
existing [V word is rare. As a measure of the proximity of
two words, the Levenshtein distance is used. It is defined
as the minimum number of single-character operations
(insertions, deletions, and replacements) required to
convert one character sequence to another. A complete
distribution of the number of correctly recognized OOV
words depending on the Levenshtein distance to the nearest
IV word from the training set can be seen in Fig. 2.

Table 4 shows an example of recognized OOVs and IV
words closest to them.

Table 4. An example of recognized OOV words and IV words
closest to them. Grapheme differences are highlighted in bold

00V v Le\{enshtein
distance
OOIIMPHBIM OOIIMPHBIH 1
HEMHOTUMH HEMHOTUM 1
iarpopmoit w1aThopMbl 2
MOATUINYT MOATHUCH 3
BO3HArpaKJ1eHO BO3HArpaJuTh 4

Table 3. Comparison of the best results for different recognition
methods of the same end-to-end ASR model, %

Method WER OOV-CER | OOV-WER
Baseline beam search 30.5 28.8 58.1
TG.fst + MMI 27.5 31.0 60.4
TLG.fst + unk subgraph | 32.1 37.5 74.1
> _
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= & 800
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Fig. 2. Distribution of the number of correctly recognized OOV
words depending on the Levenshtein distance to the nearest [V
word

Conclusion

This paper considers the problem of OOV word
recognition for the Russian language using the end-to-
end ASR system. The possibilities of OOV recognition
were explored using the beam search decoding algorithm
compared to the WFST decoding graph. The proposed
methods of using the TG.fst graph and discriminative MMI
finetuning allowed reducing the overall WER by 3 % in
absolute value compared to the beam search decoding while
maintaining a high level of recognition ability for OOV
words obtained as a result of the inflection of the Russian
language. Our method is also significantly superior to the
existing approach based on using the unk graph.

As further research, it is planned to improve the
grapheme language model (G graph) by increasing the
number of N-grams. It is assumed that the bigger context
of the language model will help to deal better with OOV
word recognition.
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