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Abstract

Recently, BERT and Transformer-XL based architectures have
achieved strong results in a range of NLP applications. In
this paper, we explore Transformer architectures—BERT and
Transformer-XL—as a language model for a Finnish ASR task
with different rescoring schemes.

We achieve strong results in both an intrinsic and an extrin-
sic task with Transformer-XL. Achieving 29% better perplexity
and 3% better WER than our previous best LSTM-based ap-
proach. We also introduce a novel three-pass decoding scheme
which improves the ASR performance by 8%. To the best of
our knowledge, this is also the first work (i) to formulate an al-
pha smoothing framework to use the non-autoregressive BERT
language model for an ASR task, and (ii) to explore sub-word
units with Transformer-XL for an agglutinative language like
Finnish.

Index Terms: speech recognition, language modeling, Trans-
formers, BERT, Transformer-XL

1. Introduction

Language modeling has the most important applications in Nat-
ural Language Processing (NLP) especially in downstream-
ing tasks like Automatic Speech Recognition (ASR). Recur-
rent Neural Networks (RNN) especially Long Short Term Mem-
ory (LSTM) networks [1] have been the typical architecture to
language modeling which do achieve strong results. In spite
of these results, their fundamental sequential computation con-
straint has restricted their use in the modeling of long-term de-
pendencies in sequential data. To address these issues the Trans-
former architecture was introduced [2]. The Transformer relies
completely on an attention mechanism to form global depen-
dencies between input and output. It also offers more paral-
lelization and has achieved the state-of-the-art (SOTA) results
in language modeling outperforming LSTM models [2].

In recent years, there has been a lot of development based
on basic Transformer models particularly on unsupervised pre-
training [3, 4, 5, 6, 7, 8] which have set state-of-the art re-
sults on multiple NLP benchmarks. One such model architec-
ture has been the Bidirectional Encoder Representations from
Transformers (BERT) [4] model which uses a deep bidirectional
Transformer architecture. Another architecture of interest is the
Transformer-XL (T-XL) [5], which introduces the concept of
recurrence in a self-attention model and a novel relative posi-
tional embedding scheme.

The choice of language model (LM) in ASR for the last
five years has commonly been LSTM based models [9, 10, 11].
Recently, the adaptation of Transformer based models as a LM
[12, 13, 14] has been proven to be very successful on improv-
ing on the earlier results. The focus though has been mostly on
the English language for which abundant data is present. It is
interesting to see the performance of these models for an agglu-
tinative language like Finnish, which is morphologically richer
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when compared to English. In this work, we explore the im-
plementation of two Transformer-based models—BERT and T-
XL—as a LM in Finnish ASR.

Firstly, we conduct text-based experiments to see how they
perform in word prediction. We take inspiration from recent
works [15, 16] in investigating Deep Transformers. A sub-word
based approach for both T-XL and BERT is implemented as
Finnish has a very large vocabulary. With smaller units, the
modeled sequences are longer, and we expect that the recursive
XL architecture can allow us to still model long term effects,
but avoid the Transformer’s memory issues (grows quadrati-
cally with size). To the best of our knowledge, this is the first
work to use subword units with T-XL for an agglutinative lan-
guage like Finnish.

Secondly, we perform the Finnish ASR task on the YLE
news dataset. The ASR setup is the same as in [17] which is
considered the previous best. The same training data as the
previous best LSTM is used to train both BERT and T-XL.
We compare the Word Error Rate (WER) of all models using
N-Best list rescoring. The above is done to ensure fair com-
parisons among different model architectures. We experiment
with a novel rescoring technique which accounts for BERT’s
bi-directionality and the sharper predicted word probability dis-
tribution. This is one of the first works using a BERT rescoring
technique with o smoothing.

We are able to successfully apply these models for ASR.
T-XL obtained strong results when compared to the interpo-
lation of LSTM+N-Gram used in [17]. Rescoring with BERT
did improve the accuracy of the Ist pass ASR system, but
was still behind rescoring with the LSTM model. We also
develop a three-pass decoding technique where we rescore a
short N-best list generated by the 2% pass LSTM+N-Gram.
This technique also achieved strong results when compared
to the LSTM+N-Gram and an interpolation of T-XL and
LSTM+N-Gram.

2. Methods
2.1. Language Modeling - Perplexity

The goal of a LM is to assign meaningful probabilities to a se-
quence of words. Given a set of tokens X = (z1,....,z7),
where 7' is the length of a sequence, our task is to estimate the
joint conditional probability P(X) which is

P(X) = I_Ip(aci|w17 ceyTio1),

i=1

(€))

where (21, ...,x;—1) is the context. An intrinsic evaluation of
the performance of a LM is perplexity (PPL) which is defined
as the inverse probability of the set of the tokens and taking the
T*" root were T is the number of tokens

PPL(X) = P(X)~ V7. )
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Calculating the auto-regressive P(X) for the T-XL is quite
straight-forward as the model is unidirectional. Due to BERT’s
non-auto-regressive nature, the joint probability does not factor-
ize the same way.

BERT’s bi-directional context poses a challenge for us
to calculate an auto-regressive joint probability. A simple
workaround could be that we mask all the tokens x - ; and calcu-
late the conditional factors as we do for an unidirectional model.
By doing so though, we lose the advantage of bi-directional
context the BERT model enables. We use an approximation
of the joint probability as,

T

Hp(a:i|x1, e

i=1

P(X)% ,jS_l,xi+1,...,$T). (3)

Eq.3 is defined as a pseudo-perplexity (pseudo-PPL) score. This
pseudo-PPL is used in our language modeling experiments with
BERT. This type of approximations has been previously ex-
plored with Bi-directional RNN LM’s [18] but not for deep
Transformer models. The one drawback [18] with this approach
is higher probabilities assigned to each word and one way to
address this issue is to use a tunable parameter « to smooth the
probability distribution. Then the word probability is,

exp (ay:)

@)
5 exp (ay;)

p(CEi|l'1, ey Lg—1 Ligly .- ,xT) =

where y; is the activation before the softmax function in the out-
put layer. We set c to 0.6 in all our tasks after optimizing it over
the development set. We apply this o smoothing technique with
our BERT models during inference. This is advantageous as
this technique can be applied with already existing pre-trained
BERT models.

2.2. LM training with BERT and Transformer-XL

The original BERT has two training objectives: Masked lan-
guage modeling (MLM), in which you mask input tokens ran-
domly and then predict the masked tokens using the left and
right context. Next, there is the 'next sentence prediction’ task
that jointly trains text-pair representations. We will drop this
objective as it was intended for downstream tasks like *Ques-
tion & Answering’ and offers little gains for other tasks [19].

T-XL is a unidirectional deep Transformer architecture,
therefore the PPL can be calculated as (Eq 2). The only change
is in the input format, where we use sub-word units rather than
whole word units.

To remain consistent with experiments performed with the
previous best LSTM [17] we use Morfessor 2.0 [20, 21] for
the subword tokenization in Finnish for both BERT and T-XL.
We also apply the same boundary markers- left+right-marked
(+m+) markings which was the best performing sub-word mark-
ing in [17]. We use the basic unsupervised Morfessor Baseline
algorithm [22] with a corpus weight parameter of 0.001. This
parameter choice achieved the best result in [17].

2.3. Rescoring with BERT and Transformer-XL

To fairly compare the performances of our BERT, T-XL. and
LSTM models, we perform ASR experiments. Lattice rescor-
ing is a difficult task for Bi-directional models when compared
to uni-directional models [23] and therefore to simplify our ap-
proach we will be rescoring on a N-Best list (50-Best in our
case). The N-Best candidates are gathered from the first-pass
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decoding with the same ASR system used by [17]. The N-Best
candidates are then further reranked with BERT and T-XL mod-
els using the following score:

(&)

where scorepm and scoream are the score of each hypothesis
from the LM and AM, respectively. A is a LM weight parameter
empirically determined from a development set.

While training BERT with MLM, both the left and right
context is available. More context can be advantageous to
rescore utterances. In our approach, instances are created of
the target utterance with one word replaced by the mask token
at a time. For example, if the utterance has 4 tokens, we would
create 4 instances as in Table 1.

score = \ - scorepm + Scoream

Table 1: Masked instances for a Finnish word like ’verkko+
+sivu+ +illa+ +an’ which translates to ’on their website’

Instance No. ‘ Label ‘ Masked Input
1 | verkko+ [MASK] +sivu+ +illa+ +an
2 +sivu+ verkko+ [MASK] +illa+ +an
3 +illa+ verkko+ +sivu+ [MASK] +an
4 +an | verkko+ +sivu+ +illa+ [MASK]

Next, the BERT LM computes the log-likelihood using
Eq.3 of the original label in the masked position. For the
smoothing BERT computation is done using the Eq.4. All the
log-likelihoods of each instance is summed up and this total is
defined as the score of each sentence. Even though this is not the
same as the sentence probability generated by a uni-directional
model, this can be used to compute scorepy to rescore N-best
lists. Next, Eq.5 is used to rerank the N-Best list. This task is
parallelized as each instance calculation is independent of each
other. Also this rescoring task does not require further training
and thus can be directly used with the pre-trained model. Simi-
lar approach has been used for a English BERT task [24] except
they don’t smooth the word probabilities as Eq.4 and they fur-
ther train the model with task-specific data.

For T-XL, due to its uni-directionality the sentence proba-
bilities are calculated using Eq.1, Next Eq.2 is used to calculate
scoreLm. Eq.5 is used to rerank the N-Best candidates. interpo-
lation of two LM’s - LM1 and LM2 is done by modifying the
Eq.5 as,

score = A1 - scorepmi + A2 - scorepme + scoream

©)

where A1 and A2 are optimized for each LM.

T-XL model is used to develop a three-pass decoding
scheme. This is a pipeline strategy, where the first pass is the
same as [17]. In the second pass, LSTM+N-Gram is used to
rescore lattices from the first-pass to generate a shorter N-Best
list. The rescoring of lattices is the same as [17]. Lastly in
the third pass, T-XL is used to rescore the short N-Best list us-
ing Eq.5. The second pass prunes a majority of the less likely
candidates and the heavy LM does not rescore all the possible
N-best candidates in the third pass, potentially saving time and
resources. Fig. 1 represents the three-pass decoding scheme.

3. Data

We use 1500 hours of speech containing manually transcribed
sessions from the Finnish parliament and read speech from large
number of speakers was utilized to train the Acoustic Model
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Figure 1: Schematic diagram of three-pass decoding scheme

(AM) as described in [17]. The Finnish text data used for all the
language modeling experiments is provided by Kielipankki - the
Language Bank of Finland [25]. The dataset consists mainly of
newspapers and books of around 144 million word tokens and
4.2 million unique types of tokens. The data is preprocessed
to remove any punctuation marks, special characters. We also
convert digits to numerals. The data is randomly divided into
a training and a validation dataset. The validation set contains
10K sentences. In the training data, the average token length
per sentence is 21 and the maximum length is 300 per sentence.
We have a total of 234 million tokens in 12.8 million sentences
with a vocabulary of 34K subword tokens. The input is one sen-
tence per line and we shuffle the sentences at each epoch. For
ASR evaluation, The development and test set dataset consists
of 2850 and 3006 utterances of Finnish transcribed broadcast
news obtained from the Finnish national broadcaster YLE. This
test set has been previously used to evaluate Finnish ASR sys-
tems in [26, 27, 17]

4. Language Modeling Experiments

All BERT and T-XL models in the experiments are trained for a
maximum of 1.2 million steps and an early stopping technique
is applied if the training loss keeps increasing. Adam is used
as an optimizer for both BERT and T-XL experiment sets. All
the experiments are trained on a single NVIDIA Tesla V100 32
GB graphic card unlike the multi-gpu setup used by the English
models [4, 5]. Only the models fitting on a single -gpu were se-
lected to keep resource demands low. The previous best was an
interpolated LSTM+N-Gram. The LSTM model is taken from
[17], it is a ‘deep’ architecture which starts from a projection
and a LSTM layer that has four pairs of dropout and highway
layers. The large N-Gram is also taken from [17] and contains
50-80 million n-gram contexts. Hence-forth, we call this inter-
polation as LSTM+N-Gram.

4.1. BERT

BERT models are very resource intensive to train, and therefore
our hyperparameter search space is influenced by the original
BERT [4]. We also tried to increase the depth rather than width
as suggested in [15]. All the BERT models are pre-trained from
scratch and the pseudo-perplexities are calculated on the devel-
opment set. Different configurations using the development set
are tried out, finally settling on the configurations in Table 2.

Even though the BERT model pseudo-PPL cannot be di-
rectly compared with the T-XL PPL, the pseudo-PPL can still
be used to intrinsically evaluate between different BERT mod-
els. The 20 layer BERT model from Table 2 performs the best
among all the BERT models after o smoothing.
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Table 2: Pseudo-perplexities calculated on the test set for dif-

ferent configurations of the BERT model with layers (L), feed-
Sforward layer size (FF), hidden Transformer size (H) and atten-

tion heads (A)
Pseudo PPL
L FF H)| A W/o a ‘ With o
10 | 1024 | 360 8 | 62.11 952.2
12 | 3072 | 768 | 12 18.86 49.29
4 20.35 45.1
6 19.74 44.31
8 | 3584 | 896 | 16 | 11.56 28.51
10 11.48 28.33
20 11.84 28.27

Table 3: Perplexities calculated on the test set with different
model configurations with layers (L), feed-forward layer size
(FF), hidden Transformer size (H)

LM | L| FF| H | seg-mem | PPL
LSTM+N-Gram 93.2
Transformer 18 | 4096 | 1024 78.7
3 | 2048 512 150-150 | 89.6
4 | 2048 512 150-150 | 82.3
4 | 4096 | 1024 32-32 | 75.1
T-XL 8 85.4
16 75.3
32 | 1024 256 32-32 | 68.7
64 67.1
72 66.3

4.2. Transformer-XL

Because T-XL utilizes previous context to calculate its attention
as explained in [5] the selection of contexts is an important hy-
perparameter. They are seg-length(seg) and mem-length(mem)
as explained in [5] As training T-XL is very resource and time
intensive, we focus on comparing a wider context but a shal-
lower model against a narrower context but a deeper model.

The same cosine annealing learning rate scheduler and rel-
ative positional embeddings as [5] are used in all of the T-XL
experiments. A baseline Transformer model is trained with the
same self-attention as BERT and no previous context, the hy-
perparameters resemble the one’s in [5]. All T-XL models are
trained from scratch. The perplexities are calculated on the de-
velopment set and the results are in Table 3.

From Table 3 the T-XL with 72 layers achieved a PPL score
of 66.3 achieving a 29% better score than LSTM+N-Gram.

5. ASR Experiments
5.1. Two-pass decoding

First a conventional rescoring scheme is a applied to use the
LMs trained in the previous section to rescore a 50-best list in
the YLE news dataset. In preliminary experiments we found
50 to be a suitable compromise between speed and accuracy
for all LMs. The AM is a TDNN-BLSTM trained with lattice-
free MMI and the small first-pass N-gram LM contains approxi-
mately SM N-grams and both the models are from [17]. Table 4



Table 4: WERs (%) on different LMs obtained by 50-best rescor-
ing (except the SM N-gram LM)

WER
LM dev | test
5M N-gram 17.56 | 25.41
LSTM+N-Gram 14.19 | 20.57
Baseline Transformer 13.93 | 20.23
BERT (without o smoothing)
L-10 FF-3584 H-896 A-16 16.35 | 25.62
L-20 FF-3584 H-896 A-16 16.25 | 25.72
BERT (with o smoothing)
L-10 FF-3584 H-896 A-16 15.39 | 25.21
L-20 FF-3584 H-896 A-16 15.34 | 25.26
T-XL
L-4 FF-4096 H-1024 14.63 | 21.23
L-8 FF-1024 H-256 14.11 | 20.54
L-16 FF-1024 H-256 13.81 | 20.24
L-32 FF-1024 H-256 13.78 | 20.04
L-48 FF-1024 H-256 13.74 | 20.16
L-64 FF-1024 H-256 13.72 | 20.04
L-72 FF-1024 H-256 13.67 | 20.12

shows that the best T-XL outperforms the LSTM+N-Gram by
5% on the dev set and 3% on the test set. The BERT models
do outperform the SM N-gram but still cannot get a better WER
than LSTM+N-Gram. There is an incremental gain in WER by
applying the a smoothing. The pseudo-PPL with o and WER
results appear to correlate. Therefore, we can potentially use
the pseudo-PPL with « to faster optimize the hyperparameters
without using the model on ASR.

5.2. Three—pass decoding scheme

A three-pass decoding scheme was tested for the best perform-
ing T-XL’s from the Sec. 5.1. On the first pass of the ASR,
A TDNN-BLSTM AM and a 5M N-gram LM same as Sec.5.1
is used. In the second pass, LSTM+N-gram rescores first pass
lattices generating a new 50-best list. In the third pass the 50-
best list is rescored using T-XL. We also perform interpolating
experiments by using the LM scores from LSTM+N-gram and
T-XL after each of them have rescored a 1000-best list gener-
ated from the first pass. In preliminary experiments we found
that 1000 is a good compromise between speed and accuracy.
With T-XL as LM1 and LSTM+N-gram as LM2 in Eq.6, opti-
mal A\1=2\z. This signifies that T-XL is twice more impactful
than LSTM+N-gram in the interpolation results. From Table 5,
our best three-pass decoding scheme outperforms the Interpo-
lated LSTM+N-gram+T-XL by 4%.

6. Discussion

BERT-based architectures [28, 29] have set very good bench-
marks in a variety of tasks like part of speech tagging, named
entity recognition, Question & Answering. However, they have
not attracted as much attention in ASR, where their results have
been much behind the best [24]. This may be due to the fact
that BERT has a broader objective like sentence encoding due
to the masked LM training and ASR requires the LM to have a
auto-regressive training component. Nonetheless, this could be
leveraged as during rescoring we do have the entire utterance at
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Table 5: WERs (%) of the following decoding models:
Lrescoring a 1000-best,

2inlerpolalion after each rescoring 1000-best, Ar.xi, = 2ALstm
Sthree-pass decoding with LSTM+N-gram rescoring a 1000-
best list followed by T-XL rescoring a 50-best, and

Ythree-pass decoding with LSTM+N-Gram rescoring a lattice
followed by T-XL rescoring a 50-best list

WER
LM dev | test
'LSTM+N-Gram | 13.68 | 19.3
XL
L-32 FF-1024 H-256 13.10 | 18.65
L-64 FF-1024 H-256 13.00 | 18.50
L-72 FF-1024 H-256 1295 | 18.63
2T-XL and LSTM+N-Gram (Interpolated)
L-32 FF-1024 H-256 12.76 | 18.54
L-64 FF-1024 H-256 12.78 | 18.38
L-72 FF-1024 H-256 12.77 | 18.40
31000-best LSTM+N-Gram + 50-best T-XL
L-32 FF-1024 H-256 13.07 | 18.51
L-64 FF-1024 H-256 13.02 | 18.42
L-72 FF-1024 H-256 12.85 | 18.56
“Lattice LSTM+N-Gram + 50-best T-XL
L-32 FF-1024 H-256 12.76 | 18.05
L-64 FF-1024 H-256 12.68 | 17.72
L-72 FF-1024 H-256 12.59 | 17.71

hand. Thus, a more efficient rescoring scheme could be devel-
oped in the future to take advantage of both T-XL and BERT.
In our experiments, T-XL performs better when compared
to the LSTM+N-Gram both in the intrinsic and extrinsic tasks.
T-XL’s encapsulation of the recurrence mechanism is advanta-
geous for long sequences of subword units. LSTM+N-Gram
and T-XL are also used in the three-pass decoding scheme
outperforming both the individual models and the interpolated
models on the N-Best lists. In comparison to the interpolated
models, the three-pass decoding scheme runs the heavy LM
rescoring on a pruned set of hypothesis saving time and space.

7. Conclusion

We apply BERT and T-XL LMs for speech recognition. We
show that Transformer-XL outperforms LSTM+N-Gram on
perplexity by 29% and ASR by 3% with the same data. We pro-
pose a three-pass decoding scheme which successfully approx-
imates the interpolation of LSTM+N-Gram + T-XL and avoids
running the large slow T-XL language model for the full 1000-
best hypothesis as in the interpolation. We propose a framework
for pre-trained BERT models along with o smoothing which
can be used for ASR. We believe it is possible to improve the
performance of these models by using more data, applying more
regularization techniques and scaling them up.
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