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Abstract—It is difficult for a language model (LM) to per-
form well with limited in-domain transcripts in low-resource
speech recognition. In this paper, we mainly summarize and
extend some effective methods to make the most of the out-
of-domain data to improve LMs. These methods include
data selection, vocabulary expansion, lexicon augmentation,
multi-model fusion and so on. The methods are integrated
into a systematic procedure, which proves to be effective
for improving both n-gram and neural network LMs. Addi-
tionally, pre-trained word vectors using out-of-domain data
are utilized to improve the performance of RNN/LSTM LMs
for rescoring first-pass decoding results. Experiments on five
Asian languages from Babel Build Packs show that, after
improving LMs, 5.4-7.6% relative reduction of word error
rate (WER) is generally achieved compared to the baseline
ASR systems. For some languages, we achieve lower WER
than newly published results on the same data sets.

Keywords-language modeling; speech recognition; low-
resource languages; data augmentation;

I. INTRODUCTION

Limited speech and transcripts often lead to poor perfor-
mance of automatic speech recognition (ASR) systems [1].
In the past decade, special attention has been paid to ASR
in this low-resource condition. IARPA BABEL program'
is aimed to improve the performance of ASR and keyword
search (KWS) with limited transcribed speech. Addition-
ally, Open Keyword Search (OpenKWS) and Open Speech
Analytic Technologies (OpenSAT) evaluation series> en-
courage researchers to explore novel methods for ASR in
low-resource condition.

Language model (LM) is one of the key components
of ASR systems, and the performance of LM is crucial
for ASR systems. Researchers have made great efforts
to improve LMs in low-resource speech recognition. The
most commonly used and the simplest method is to
acquire more training text data (out-of-domain data) from
other resources [2]. With the explosive growth of data on
the Internet, a large amount of textual data is available,
even for most of the minority languages [3]. Besides,
texts generated by machine translation have also been
experimented for low-resource language modeling [4].
Nowadays. translation softwares have been able to support

Uhttps://www.iarpa.gov/index.php/research-programs/babel
Zhttps://www.nist.gov/itl/iad/mig/opensat

translation of many low-resource languages, with which
we can easily translate in-domain texts from a common
language, such as English, into the target language, such
as Georgian. The translated texts prove to be helpful for
data augmentation. However, the improvement is not so
notable in previous work [4]. In addition, LMs based on
sub-word units or even characters are proposed [5][6]. In
this way, the training data can be considered to be more
adequate and out-of-vocabulary (OOV) rate is reduced.
However, these methods are not suitable for word-based
ASR systems.

After an investigation into previous work, we find that
current methods of utilizing out-of-domain data are still
unsystematic and not thoroughly summarized. There is
still no general procedure to take the most advantage
of out-of-domain data to improve LMs. In this paper,
we summarize and extend some effective methods, which
prove to be generally effective for improving LMs across
different languages and ASR systems.

The rest of the paper is organized as follows. In the
following section, we introduce our general procedure for
improving the word-level LMs, and explain how each step
is performed in detail. The whole procedure is shown in
Fig. 1. In Section III, we take Georgian as an example to
improve the LMs step by step, along with detailed analyses
and evaluation. Experiments on other Asian languages in
BABEL program are demonstrated in Section IV. Finally,
we conclude our work in Section V.

II. METHODS
A. Out-of-Domain Data Acquisition

For data acquisition, the most efficient method is to
get more texts from the websites in the language that we
need. After properly processed, high-quality texts can be
retrieved [2][3]. Translated text can also be useful, but
the text quality may be unsatisfactory because of the limit
of translation performance [7]. As for text generated by
LMs, they are not so effective in low-resource condition,
because sentences with grammatical errors are likely to
be generated [8]. Based on the previous work and our
validation, we highly recommend web texts as the first
data source and translated text as an auxiliary for data
augmentation.
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Figure 1.

A general procedure for improving LMs in low-resource ASR. Inputs: in-domain transcripts and out-of-domain raw text. Outputs: an

augmented lexicon, a hybrid n-gram LM and an improved LSTM LM. T1-T3: text corpus selected by different methods.

B. Data Preprocessing and Selection

The raw text from the Internet cannot be directly used
as training materials, because some may be useless and
will worsen the LMs in our experiments. What we can do
is to select texts based on the similarity to the in-domain
transcripts and get rid of irrelevant texts [2][9]. In our
work, useless characters and symbols are directly deleted.
As for punctuation marks, they can also be removed after
sentence segmentation [9]. We regard data selection as a
task of text similarity analysis. More methods than previ-
ous work [10] for data selection are explored in Section
II-B, and three methods achieve satisfactory results and
are chosen for improving LMs.

C. Vocabulary Expansion

In low-resource condition, words from in-domain tran-
scripts are not enough to build a powerful vocabulary. Due
to the limited size of vocabulary, the OOV rate on devel-
opment/test data is high and leads to poor performance of
LMs. According to previous work, when the vocabulary
size is larger, the LM usually performs better because of
lower OOV rate. However, if the vocabulary size is too
large, LM can be unnecessarily complex and consume
more time while decoding [11]. Therefore, efforts should
be made to expand the vocabulary appropriately.

The most common method is to increase vocabulary
size [9] based on word frequency. In our work, we select
a certain number of words with higher frequency in out-
of-domain data and merge with original vocabulary. The
specific vocabulary size is determined by some primary

experiments on development data, which will be demon-
strated in Section III.

D. Lexicon Augmentation

After increasing the vocabulary size, the pronunciation
lexicon should be modified accordingly. It is vital that
the phonemes in the lexicon should be the same as the
original lexicon, because the acoustic models are trained
based on these phonemes and the acoustic models should
remain invariant since our work focuses on improving
LMs. For alphabetic languages like Georgian, a grapheme-
to-phoneme (G2P) lexicon modeling method is com-
monly used to generate lexicon for new words [12]. The
graphemes are mapped into a set of phonemes as the basic
units for acoustic modeling. We include this grapheme-
based method in our procedure to generate pronunciation
lexicon for newly added words.

E. Multi-Model Fusion

The selected text corpus in Section II-B can be further
used to improve LMs. For neural network LMs, we can
simply combine the selected texts with original transcripts
as training data [9]. However, for n-gram LMs, we notice
that little gains are realized with the same method, es-
pecially when the size of selected texts are much more
than in-domain transcripts. Therefore, we investigate a
multi-model fusion method for n-gram LMs [2] based on
language model interpolation. It proves that combining
more models with different training corpora can help
achieve significant improvements.

In Section II-B, we select a few groups of text using
three methods. Then n-gram LMs can be trained separately



instead of training a single LM. These models are also
trained with the augmented vocabulary in Section II-C. We
interpolate the auxiliary models linearly with the original
LM into a hybrid n-gram LM. The interpolation coeffi-
cients can be determined by minimizing the perplexity
(PPL) on development data [9].

F. Word Vector Pre-Training

Neural Network Language Models (NNLMs) have been
widely used for language modeling [13][14][15]. However,
when NNLMs are used for low-resource language mod-
eling, the improvement is limited because the parameters
are poorly estimated for lack of training data.

Traditionally, word vectors in NNLMs are trainable
parameters and are trained with other parameters together.
We notice that a few word-embedding methods are used
to pre-train the word vectors in NLP tasks. Skip-Gram and
CBOW (Continuous Bags of Words) are two widely used
methods [16]. We experiment on these two methods to pre-
train word vectors in RNN/LSTM LMs, and two kinds of
usage of the pre-trained vectors are proposed for different
considerations. The first method is to take the pre-trained
word-vectors as the final representation and set them as
non-trainable parameters. Because if the vocabulary size
is extremely large, the number of parameters in the neural
network for word vectors will be huge. The other method
is to initialize NNLMs with pre-trained word vectors
instead of random initialization. The experiment are done
on RNN LM and LSTM LMs, and results show that
the RNN/LSTM LMs achieve slightly better performance
when word vectors are used for parameter initialization.

G. Rescoring

In our work, the hybrid n-gram LM after model fusion
in Section II-E are used for first-pass decoding. Then we
use the improved RNN/LSTM LMs to rescore the first-
pass lattices as shown in [17]. The experiments show that
rescoring with LSTM LM can slightly further improve the
speech recognition performance.

III. EXPERIMENTS ON GEORGIAN

In this section, we take Georgian as an example to
improve the LMs systematically according to the proce-
dure above. We do a series of experiments to demonstrate
how each step is performed and evaluate the improvement
of each step. For LMs with the same vocabulary size,
perplexity (PPL) and Word Error Rate (WER) are both
used to evaluate the performance. As for LMs with dif-
ferent vocabulary size, only WER is a reasonable metric
[18]. More experiments are done on other low-resource
Asian languages in Section IV to test the generality of
our procedure.

A. Data

The in-domain Georgian speech and transcripts are from
OpenKWS 2016 Surprise Language build pack, including
80-hour training speech in which only 40-hour speech is
transcribed, and 10-hour test speech with transcripts. Out-
of-domain texts are collected and preliminarily filtered by

BBN WebText Collection System [19]. Details about the
in-domain and out-of-domain texts is shown in Table I.

Table 1
DETAILS OF DATA FOR GEORGIAN LANGUAGE MODELING. TIME:
TIME LENGTH OF SPEECH. UTTS: NUMBER OF UTTERANCES.
TOKENS: NUMBER OF TOKENS. VOCAB: NUMBER OF UNIQUE
WORDS. TRANS: IN-DOMAIN TRANSCRIPTS. WEB: TEXTS FROM

WEBSITES.
Source | Time Utts Tokens | Vocab
Training set trans 40h 37.7k 314k 30.3k
1ning web | 623k | 22.8M | 1.83M
Test set trans 10h 9.2k 77.4k -

B. Baseline ASR System

In order to evaluate the generality of our procedure
for improving LMs, we have three baseline systems with
different acoustic models. SGMM based acoustic models
[20] are commonly used before DNN acoustic models are
proposed. DNN and TDNN are two kinds of acoustic
models well supported in Kaldi Toolkit [21]. As for
acoustic feature, we use bottleneck feature [22] in all three
baseline systems.

The pronunciation lexicon of Georgian is not provided
in OpenKWS 2016 data, so we extract all unique words
from the in-domain transcripts as the original vocabulary,
and generate the lexicon with the help of Morfessor [23].
Since the conventional n-gram LM cannot model zero-
frequency words in the training data, researchers proposed
several smoothing algorithms, including Good-Turing and
Kneser-Ney algorithms [24]. An maximum-entropy based
n-gram LM also performs well [25]. To find the best
method of language modeling, we train several n-gram
LMs in a few preliminary experiments using in-domain
transcripts. A 3-gram Maximum-Entropy LM (ME3) per-
forms the best among the models and is used as the
baseline LM.

In this section, we take an SGMM based ASR system
as an example to demonstrate the procedure for improv-
ing LMs. Without improving LMs, the WER of SGMM
baseline system is 50.7%. Experiments on systems with
other acoustic models are demonstrated in Section IV.

C. Procedure of Improving LMs

For out-of-domain data mentioned in Table I, we first
filter invalid symbols as mentioned in Section II-B. As
for data selection, three methods are compared in the
experiments.

The first method is to compute the cross-entropy (CE)
difference between in-domain and out-of-domain texts as
described in [26] and [10]. More specifically, two 3-
gram Maximum-Entropy LMs are trained separately on
in-domain and out-of-domain text using the vocabulary of
in-domain data. For each sentence in the out-of-domain
data, we calculate the cross-entropy using these two LMs
and get the difference. The sentences with lower cross-
entropy difference are assumed more similar to the in-
domain transcripts. XenC [27] tool is used in this method.
The other two methods split the out-of-domain texts into



several documents, and transform the documents into
vectors using TF-IDF and Doc2Vec [28] respectively.
Text similarity is evaluated by cosine similarity based on
document vectors. Finally, a certain number of sentences
more similar to the in-domain transcripts are selected. It is
worth noting that random selection is used as the baseline
for comparison.
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Figure 2. Performance of four data selection methods. Utterances se-

lected from websites are used to train LMs, and evaluate the performance
with PPL on development data.

Four groups of n-gram LMs are trained with the sen-
tences selected by different selection methods. The results
are shown in Fig. 2. For TF-IDF and Doc2Vec methods,
about 200k-300k sentences are enough to reach the lowest
PPL, and more data will not further lower the PPL on
development data. As for cross-entropy based method, it
performs the best and the first 100k sentences achieve
the lowest PPL. It is worth noting that the LM performs
worse when more data is added. It actually proves that
training data should be carefully selected according to the
similarity to in-domain data and is not the more the better.
Finally, these selected sentences are all kept for further
usage in multi-model fusion.

For vocabulary expansion, we directly select words with
higher word frequency from the out-of-domain text as
described in Section II-C. Meanwhile, we augment the
pronunciation lexicon accordingly. Table II shows the
results of different vocabulary sizes. As the vocabulary
size increases, the OOV rate is significantly reduced and
WER is absolutely reduced 3.0% at most. When the
vocabulary size is more than 200k, the OOV rate remains
around 4.0% and WER remains 47.7%, so 200k words
can be assumed enough for vocabulary expansion.

We have the in-domain training transcripts and three
groups of texts selected by different methods. Therefore,
four different LMs can be trained separately. For language
model interpolation, we test with two, three and four
n-gram models respectively. The weights (interpolation
coefficients) for each model are computed with SRILM
Toolkit [29] to minimize the PPL on development data.
The results in Table III show that the hybrid model with all

Table II
PERFORMANCE OF LMS WITH DIFFERENT VOCABULARY SIZES.
ADDED VOCAB: THE NUMBER OF WORDS FROM OUT-OF-DOMAIN
TEXTS. MERGED VOCAB: FINAL VOCABULARY SIZE.

Added Vocab | Merged Vocab | OOV Rate | WER
0(Baseline) 30.3k 8.71% 50.7%
20k 40.5k 7.14% 50.0%

80k 91.0k 5.46% 48.6%
150k 155.3k 4.57% 47.9%
200k 204.0k 4.30% 47.7%
300k 302.0k 4.12% 47.7%
500k 500.2k 3.98% 47.7%

four models performs the best, and WER further reduces
0.8% absolutely.

Table 11T
PERFORMANCE OF MODEL INTERPOLATION. TRANS: IN-DOMAIN
TRANSCRIPTS. CE/DOC2VEC/TF-IDF: THREE DATA SELECTION
METHODS. PPL: PERPLEXITY OF LMS ON DEVELOPMENT DATA.
LMO+LM1 AND SO ON: A HYBRID LM AFTER LINEAR
INTERPOLATION.

LMs Source Utts Tokens PPL WER
LMO trans 37.7k 314k 429.30 | 47.7%
LMI1 CE 100k 1.I8M | 1632.8 -
LM2 | Doc2Vec | 200k | 6.72M | 2012.2 -
LM3 TF-IDF 200k | 9.38M | 2021.5 -
LMO+LM1 393.11 | 47.1%
LMO+LMI1+LM?2 390.28 | 47.0%
LMO+LMI1+LM2+LM3 387.32 | 46.9%

For RNN and LSTM LMs, we select texts from out-
of-domain data using the same methods in Section II-B
and merge with in-domain training transcripts. The vo-
cabulary is the same as the improved n-gram LM above.
Meanwhile, word vectors are pre-trained using Skip-Gram
or CBOW methods. Table IV shows that lower PPL can be
achieved by LMs initialized with pre-trained word vectors.
Another conclusion is that Skip-Gram performs a bit better
than CBOW for model initialization.

Table 1V
PERPLEXITY ON DEVELOPMENT DATA OF RNN/LSTM LMS USING
PRE-TRAINED WORD VECTORS. USAGE OF PRE-TRAINED WORD
VECTORS: A) NON-TRAINABLE PARAMETERS. B) MODEL

INITIALIZATION.
PPL
Methods Baseline A B
CBOW 338.15 | 222.76
RNNIM oo Gram | 22318 23620 22127
CBOW 23053 | 217.54
LSIMIM e Gram | 2172% 22830 [ 21470

With hybrid n-gram LM, the WER of Georgian SGMM
ASR system is reduced from 50.7% to 46.9%. Then we
utilize the improved LSTM LM to do lattice rescoring,
and the WER is further reduced to 46.7%. In summary,
after all steps in the procedure, the WER of Georgian ASR
system is 4.0% absolutely lower and 7.9% relatively lower
than the baseline system.

IV. EXPERIMENTS ON FIVE BABEL LANGUAGES

In order to evaluate the general performance of the
whole procedure for improving LMs, we experiment on



Table V
PERFORMANCE OF THE METHODS ACROSS DIFFERENT BABEL LANGUAGES. TRANS: IN-DOMAIN TRANSCRIPTS. WEB: OUT-OF-DOMAIN TEXTS
FROM WEBSITES. TDNN: CHAIN TDNN ACOUSTIC MODEL. WER,,5: PUBLISHED RESULTS OF WER ON THE SAME DATA SET. ARR:
AVERAGE RELATIVE REDUCTION OF WER COMPARED TO BASELINE SYSTEMS AFTER IMPROVING LMS.

Vocab Size Tokens WER (Baseline WER (after improving LMs
Languages \— T Wweb | trans web | SGMM ](DNN T)DNN SGMI\5[ DNIE’I ”I%DNN) WERpub ARR
Assamese | 22.0k | 200k | 451.6k | 1.0SM | 52.0 526 | 485 78.6 192 153 % 6.5%
Vietnamese | 6.20k | 300k | 980.1k | 4.85M | 49.9 90 | 45.1 764 | 458 24 % 6.5%
Tamil 68.8k | 200k | 4864k | 6.79M | 669 662 | 64.9 63.0 62.4 61.8 % 5.4%
Mongolian | 20.8k | 300k | 402.6k | 2.48M | 56.7 545 | 504 33.3 51.1 i72 48.7 (in [30]) | 62%
Georgian | 303k | 200k | 314.1k | 9.38M | 50.7 500 | 445 46.7 162 13 422 (in [30]) | 7.6%

five low-resource languages in total. The in-domain train-
ing transcripts are provided by IARPA BABEL program,
and the out-of-domain raw texts are collected and format-
ted by Leipzig Corpora Collection [31]. Additionally, we
have three baseline systems with different setup of acoustic
models, so we can evaluate the general performance of
improved LMs across different ASR systems.

For each baseline system, we improve the LMs accord-
ing to the procedure shown in Fig. 1. Table V summarizes
the results of experiments on five languages. Some related
state-of-the-art results on the same data set are shown
in the WER,,;;, column. Significant gains are achieved
for each language and baseline system. We evaluate the
improvements with an intuitive metric: average relative
reduction (ARR) of WER for three baseline systems.
ARRs for five languages range from 5.4% to 7.6%. The
best performance is on Georgian with a 7.6% ARR. The
results prove that the procedure for improving LMs is
generally effective in low-resource speech recognition.

V. CONCLUSIONS

We investigate and refine some existing methods to
improve the performance of LMs in low-resource speech
recognition. Experiments show that high-quality texts can
be retrieved from out-of-domain data after pre-processing
and selection, which can be used for vocabulary expan-
sion, lexicon augmentation and multi-model fusion. For
RNN/LSTM LMs, word vectors pre-trained by out-of-
domain texts are used for model initialization. We use the
hybrid n-gram LM for the first-pass decoding, and we use
improved LSTM LM for lattice rescoring. Experiments
show that significant improvements are generally achieved
for five languages and three different ASR systems. We
believe that it can be taken as a general procedure for
improving LMs for low-resource speech recognition.
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