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ABSTRACT
Recurrent neural network transducer (RNN-T) is an important branch of current end-to-end automatic speech recognition (ASR).
Various  promising  approaches  have  been  designed  for  boosting  RNN-T  architecture;  however,  few  studies  exploit  the
effectiveness of pretrained methods in this framework. In this paper, we introduce the pretrained acoustic extractor (PAE) and the
pretrained  linguistic  network  (PLN)  to  enhance  the  Conformer  long  short-term memory  (Conformer-LSTM)  transducer.  First,  we
construct the input of the acoustic encoder with two different latent representations: one extracted by PAE from the raw waveform,
and  the  other  obtained  from  filter-bank  transformation.  Second,  we  fuse  an  extra  semantic  feature  from  the  PLN  into  the  joint
network to reduce illogical and homophonic errors. Compared with previous works, our approaches are able to obtain pretrained
representations  for  better  model  generalization.  Evaluation  on  two  large-scale  datasets  has  demonstrated  that  our  proposed
approaches yield better performance than existing approaches.
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E nd-to-end automatic speech recognition (ASR) systems can
directly  learn  language  or  pronunciation  information
without  manual  alignment  labels,  which  greatly  simplifies

the complexity of traditional pipeline speech recognition[1−4]. RNN
transducer  (RNN-T)  is  one  of  the  promising  end-to-end  ASR
models  and  has  drawn  more  attention  recently[5].  Roughly
speaking, RNN-T consists of three major components: an encoder
network,  a  prediction  network,  and  a  joint  network[6, 7].  The
encoder  network  maps  input  acoustic  frames,  i.e.,  filter-banks  or
raw  waveforms,  into  a  higher-level  representation,  and  the
prediction network generates tokens conditioned on the history of
previous  predictions.  Then  the  joint  network  merges  the  latent
representations  from  the  encoder  network  and  the  prediction
network together and finally outputs the proper tokens.

Recently,  pretraining  enhanced  ASR  systems  have  emerged  as
an  effective  technique,  where  the  acoustic  model  is  trained  on
large  amounts  of  unlabeled  audios  via  self-supervise  learning.
Schneider  et  al.[8] first  introduced a  convolutional  neural  network
(CNN) that  takes  raw audio as  input  and optimize  it  via  a  next-
time  step  prediction  task.  Since  the  milestone  breakthrough  of
masked  language  modeling[9],  Baevski  et  al.[10] presented  a
Transformer[11]-based framework, Wav2vec 2.0, for self-supervised
learning  from  raw  audios  by  contrastive  learning.  Zhang  et  al.[12]

further  changed  Transformer  encoder  to  more  advanced
Conformer  encoder[13] and  proposed  a  recipe  for  pretraining.
Although  the  pretraining  approaches  achieve  impressive  results
on  the  acoustic  modeling,  few  explorations  consider  well-
pretrained  models  to  enhance  RNN-T.  A  common  solution  to
ease the RNN-T training is to initialize the acoustic model with a
connectionist  temporal  classification  (CTC)[14] loss  trained  on
labeled  audios  and  pretrain  the  prediction  network  on  text-only
data  in  advance[15].  Yet,  it  remains  a  significant  gap  between
Wav2vec  2.0  and  CTC-based  approaches  due  to  hard-to-obtain
labeled  data,  which  is  worth  a  discussion  on  how  to  deploy  a

pretrained acoustic extractor (PAE) into RNN-T systems. Notably,
there are some novel works about how to utilize networks to solve
the nonlinear dynamical systems[16−19].

Most  early  ASR  systems[20−27] narrowly  consider  fixed,
handcrafted  filter-banks  as  the  input  features.  With  the
development  of  deep  learning,  several  attempts  try  to  learn  a
convolutional filter directly from the raw waveform[28−31]. Wav2vec
2.0 processes the raw waveform of the speech audio with a CNN-
based  acoustic  extractor  to  subsample  audios.  With  a  large
amount  of  audios  pretraining,  Wav2vec  2.0  lead  to  significant
improvement  on  downstream  tasks  and  these  latent  audio
representations  are  desired  to  be  more  robustness  for  different
scenes. Inspired by this, we format our input acoustic features by
two convolutional feature extractors. One of them is a 2-D CNN
that  takes  log  Mel-filterbanks  as  input,  and  the  other  one  is
Wav2vec 2.0 feature extractor.

Different from the acoustic  encoder,  the prediction network is
firstly  designed  to  capture  linguistic  information,  similar  to  a
language  model  (LM).  If  this  is  the  case,  it  may  be  possible  to
make  great  strides  by  pretraining  the  prediction  network  via  an
LM  loss  in  advance.  Unfortunately,  it  seldom  improves  the
performance  and  can  hardly  reduce  illogical  homophonic  errors
in  our  experiments.  Ghodsi  et  al.[32] recently  revealed  removing
recurrent layers from the prediction network performs virtually as
well as the original model. It can be concluded that the prediction
network  in  RNN-T  may  serve  as  a  more  important  role  for
alignment,  not  function as  language  model.  Given the  above,  we
fine-tune a pretrained language model, such as GPT-2, with audio
transcripts, then fuse contextualize representations in RNN-T. As
is  shown in Fig.  1,  the  acoustic  features,  the  predicted  alignment
features and the pretrained linguistic features are finally merged in
the joint network.

In  this  paper,  we  introduce  two  new  components  in  RNN-T
framework: (1) PAE and (2) pretrained linguistic network (PLN). 
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It  is  natural  to  adopt  the  Wav2vec  2.0  features  to  enhance  the
acoustic  encoder,  which  commonly  employs  convolution  neural
network to subsample acoustic frames from raw waveform. Then,
we construct input features by summing up latent representation
from  filter-banks  and  raw  waveform  together.  Furthermore,  in
order  to  produce  semantic  results,  we  introduce  a  linguistic
network  to  provide  an  extra  linguistic  feature  and  fuse  it  in  the
joint  network.  By  the  way,  this  linguistic  network  can  be  any
unidirectional  language  models  that  is  pretrained  on  plenty  of
universal data and fine-tune on domain-specific audio transcripts.

3.57%
5.75%

To  the  best  of  our  knowledge,  this  paper  is  the  first  to  utilize
PAE  and  PLN  in  Conformer  long  short-term  memory
(Conformer-LSTM)  transducer.  Intensive  experiments  and
ablation  study  show  that  our  methods  can  achieve  better  results
on  large  scale  datasets  compared  to  existing  approaches.  We
observe in our experiments that the word error rate (WER) drops
by  average  in  Librispeech[33] and  the  character  error  rate
(CER)  drops  relatively  in  AISHELL-1[34] when  adopting
pretrained features.  Besides,  the  experimental  results  on different
scale  of  data  demonstrate  our  approaches  can  improve  the
performance  in  low-resource  scenario.  Last  but  not  least,  we
compare warm-start  and cold-start  training procedure and verify
that  our  feature-based  framework  is  a  suitable  way  to  enhance
RNN-T architecture. 

1    Related Work
 

1.1    Pretrained acoustic models
In the past few years, pretraining neural networks has been proven
to  be  a  great  way  to  overcome  limited  data  on  computer  vision
(CV)[35],  natural  language  processing  (NLP)[9, 36−41],  and  ASR[8, 10, 12].
The  key  idea  is  to  learn  general  representations  and leverage  the
learned  representations  on  a  downstream  task  for  which  the
amount of data is limited. In computer vision, representations for
ImageNet[42] and  COCO[43] have  also  shown  promise  to  initialize
models for tasks such as image captioning[44] or pose estimation[45].
In  NLP,  unsupervised  pretraining  of  language models[9, 36, 38, 39]

improves  many  tasks  such  as  text  classification,  phrase  structure
parsing,  and  machine  translation.  As  we  know,  most  of  existing
ASR technologies,  either pipeline hybrid systems and end-to-end
systems, require large amounts of transcribed audio data to attain
good  performance.  This  is  particularly  interesting  for  ASR  tasks
where substantial effort is required to obtain labeled data.

Recently,  there  are  many  pretraining  methods  emerged  in

speaker  identification[46, 47],  speech  emotion  analysis[48],  machine
anomalous  sound  detection[49],  phoneme  discrimination[50, 51],  as
well  as  transferring  ASR  representations  from  one  language  to
another[52].  There  has  been  works  on  unsupervised  learning  for
speech, but the resulting representations have not been applied to
improve supervised speech recognition. Inspired by the pretrained
language  modeling[9],  Schneider  et  al.[8] applied  a  contrastive
loss[51, 53] in  a  convolution  neural  network,  namely  Wav2vec,  to
leverage  pretrained  representations  for  downstream  speech
recognition.  This contrastive loss requires the Wav2vec model  to
distinguish a true future audio sample from negatives, like a next
step  prediction  task.  Furthermore,  Baevski  et  al.[10] proposed  an
evolution  version,  Wav2vec  2.0,  which  consists  of  Transformer
layers  and  a  convolutional  feature  extractor.  It  first  applies  a
feature extractor to subsample the raw audio, then builds context
representations over the frame representations,  and self-attention
captures  dependencies  over  the  entire  sequence  of  latent
representations.  The  pretraining  objective  is  the  sum  of  a
contrastive and a diversity loss, where the model needs to identify
the true quantized latent speech representation and encourage the
model  to  use  the  codebook entries  equally.  After  pretraining,  we
can  add  a  randomly  initialized  linear  projection  on  top  of
Wav2vec  2.0  and  finetune  by  minimizing  a  CTC[14]/RNN-
T[6]/AED[54] loss on the downstream task. 

1.2    RNN-T architecture and loss
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As is shown in Fig. 1, the vanilla RNN-T framework is composed
of an acoustic encoder, a prediction network and a joint network,
which  is  more  likely  to  optimize  the  acoustic  model  and  the
language model jointly. Given an audio  with  acoustic frames
and  a  transcript  sequence  with  tokens,  RNN-T’s  encoder
network sequentially converts the acoustic feature  into a high-
level representation . The prediction network produces a high-
level  representation  according  to  the  previous  non-blank
targets .  The  joint  network  is  a  feed-forward  network  that
combines  the  encoder  network  output  and  the  prediction
network  output  to  generate  the  joint  matrix .  In  vanilla
RNN-T,  the  encoder  network  and  the  prediction  network  are
usually  realized  by  LSTM[55] units.  When  implemented  with  an
LSTM  acoustic  encoder  and  an  LSTM  prediction  network,  we
formulate this LSTM-LSTM architecture as following:

henc
t = LSTM(xt,henc

t−1) (1)

hpred
u = LSTM(yu−1,hpre

u−1) (2)
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(a) Vanilla RNN Transducer (b) Pretraining-enhanced RNN Transducer
Fig. 1    Our pretrained feature-based framework. The Convp and the linguistic network in red color is newly introduced.
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ot,u = Joint(henc
t ,hpred

u ) (3)

P(y |t,u) = SoftMax(ot,u) (4)

t ∈ [0,T] u ∈ [0,U] henc
t ∈ RD

t
xt hpred

u ∈ RD u
Joint(·)

oenc
t opred

t

ot,u ∈ RV V

where , ,  and  denotes  a  hidden
representation of the LSTM encoder with the -th acoustic input
feature .  is a prediction network representation at -
th  decoding  step.  is  the  joint  network  that  first
concatenates  and  together  and  feeds  them  to  a  feed
forward network to produce final scores , where  is the
vocabulary size.

p(y |t,u)

P(y|x)
y x

The  loss  function  in  RNN-T  framework  can  be  defined  as  a
conditional distribution over all the possible alignments .
It  is  natural  to  employ  a  forward-backward  algorithm[6] to
compute the total probability  of the output token sequence

, conditioned on the input acoustic sequence .

L=− logP(y|x) =− ∑
t∈[0,T],u∈[0,U]

logP(y |t,u) (5)

With the  advantage  of  Transformer[11] and Conformer[13],  there
is a few recent works to upgrade the LSTM-LSTM architecture to
Transformer-Transformer  transducer[20],  Conformer-LSTM
transducer  and  so  on.  Among  them,  the  Conformer-LSTM
transducer  is  a  typical  one  which.  In  a  nutshell,  the  major
component  in  a  Conformer  encoder  is  a  stack  of  Conformer
blocks,  each  of  which  contains  a  series  of  multi-head  self-
attention, depth-wise convolution and feed-forward layers. 

2    Methodology

Convr Convp

Our model  architecture  (as  shown in Fig.  1)  can be  divided into
four major components: (1) an encoder network with two feature
extractors,  (2)  an  LSTM  prediction  network,  (3)  a  pretrained
linguistic network, and (4) a joint network. The encoder network
mainly follows Conformer[13] architecture. Two convolution neural
networks  are  employed  as  feature  extractors  to  subsample  filter-
banks  and raw waveform,  respectively.  We denote  the  randomly
initialized  extractor  as  and  the  pretrained  one  as .
The prediction network is  a unidirectional LSTM network, while
the  linguistic  network  is  a  GPT-2[37] model  that  pretrained  in
advance and fine-tune on downstream datasets. 

2.1    Problem formalization
x= [x1,x2, . . . ,xT]

y= [y1,y2, . . . ,yU]
xt ∈ Rd

x y
P(y|x)

Formally, we are given speech frames  and token
sequence .  We  denote  the  number  of  speech
frames  by  T,  with  each .  Our  target  is  to  model  the
alignments between the speech frames  and token sequence  to
maximize . 

2.2    Pretrained acoustic extractor
Speech  recognition  systems  are  almost  based  on  the  structural
speech spectrum obtained by time-frequency analysis. In order to
improve  the  performance  of  speech  recognition  systems,  it  is
necessary  to  identify  the  temporal  and  spatial  characteristics  of
spectrum  or  wave  information.  A  CNN  provides  translation
invariant  convolution  in  time  and  space  to  learn  more  stable

representations  over  windows  of  acoustic  frames,  and  the
invariance of convolution can be used to overcome the diversity of
speech signals. From this point of view, CNNs have an advantage
in  extracting  acoustic  features,  and  thus  are  preferred  to  speech
recognition tasks, notably by Hau and Chen[56], and Abdel-Hamid
et al.[57]
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In  this  paper,  we  introduce  two  convolution  networks, 
and ,  to  construct  a  new  pretraining-enhanced  acoustic
feature.  Due  to  different  dimensions  of  filter-bank  features  and
raw  waveform,  we  apply  different  kernel  sizes  in  and

.  is  a  2D-CNN  for  which  the  filter-bank  has  two
dimensions,  while  uses  1D  convolution  kernels  for  raw
signals.  In  details,  is  a  two-layer  convolution  neural
network  with  kernel  size  and  stride,  which  takes  the
filter-banks as input and outputs the high-level representations .

 is  randomly  initialized  and  updated  during  training
procedure.  contains  the  same  model  structure  and
parameters as the Wav2vec 2.0 feature extractor[10]. To be specific,
the  Wav2vec  2.0  feature  extractor  is  just  a  multi-layer
convolutional  feature  encoder  instead  of  the  entire  framework
with  the  Transformer  blocks.  It  is  also  noted  that  we  freeze  the
parameters  of  in  downstream  tasks,  which  is  similar  to
previous  works[10].  Correspondingly,  is  composed of  seven
layers  of  1D  convolution,  whose  kernel  sizes  are  gradually
changed from 10 to 2 as the number of layers increases. Last but
not  least,  it  is  necessary  to  make  a  slight  change  to  the  offset  in
filter-banks  in  order  to  match  the  number  of  output  frames  of

 and .  We  show  the  detailed  architectures  of 
and  in Table 1.

{x0,x1, ...,xT}
Convr
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t Convp

xp
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For  example,  given  a  raw  audio  data ,  we  firstly
convert raw waveform to filter-banks and use  to extract the
acoustic features . Secondly, we directly apply pretrained 
to extract  from raw waveform. Last but not least, we sum up 
and  and feed them into the encoder network as follows:

xf
t = Convr(Filter Bank(xt)) (6)

xp
t = Convp(xt) (7)

henc
t = Encoder(xf

t +xp
t ) (8)

t ∈ [0,T] henc
t ∈ RD t

xf
t ∈ Rd xp

t ∈ Rd

Encoder(·)

where ,  is  the -th  output  of  the  encoder
network.  and  are filter-banks and raw waveform
features, respectively.  represents the encoder network.
GELU[58] activation function is applied to all of above models. 

2.3    Pretrained linguistic network
One of the key problems in automatic speech recognition systems
is  to identify the next proper token given a sequence of  previous
decoded  results.  The  usual  practice  is  using  external  language
models  to.  In  RNN-T,  prior  research generally  confirms that  the
prediction  network  is  analogous  to  an  internal  LM,  which  can
model  linguistic  information  in  end-to-end  fashion.  However,
Ghodsi  et  al.[32] proved  that  it  is  ineffective  to  initialize  the
prediction network with a pretrained LM. It is also shown that the
stateless  (i.e.  non-recurrent)  prediction network depends only on

 

Table 1    Detail structures of Convp and Convr.

Convolution network Type Layer Kernel size Stride Initialization

Convr 2D 2 3× 3 3× 3[ , ] 1× 1 1× 1[ , ] -

Convp 1D 7 [10, 3, 3, 3, 3, 2, 2] [5, 2, 2, 2, 2, 2, 2] Wav2vec 2.0
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yu−1the  last  output  symbol ,  and  works  virtually  as  well  as  the
original RNN-T architecture.

u
hpred
u hlang

u

yu
y0,y1, ...,yu−1

Inspired by Deep Fusion[59] that integrates the external LM into
neural machine translation (NMT), we introduce an extra GPT-2
feature  into  RNN-T  architecture  to  provide  the  semantic
information.  We  consider  an  LSTM  prediction  network  and  a
GPT-2  linguistic  network  in  our  pretraining-enhanced  RNN-T
architecture.  For  example,  at  the -th  decoding step,  we  need to
generate  latent  representations  and  by  the  prediction
network  and  the  linguistic  network  respectively.  The  prediction
network  predicts  according  to  left-to-right  predicted  words

.

hpred
u = PredNet(y0,y1, ...,yu−1) (9)

y0,y1, ...,yu−1 hpred
u

PredNet(·)
where  is  the  transcript  tokens,  while  is  the
output  of  the  prediction  network.  indicates  a
unidirectional LSTM prediction network in our case.

u
y0,y1, ...,yu−1

hlang
u

Likewise,  we  choose  an  autoregressive  model  as  the  PLN  to
produce  the  next  token representation  according  to  the  previous
ones.  GPT-2[37] is  such  an  autoregressive  model  which  performs
well  for  text  generation  and  compatible  to  the  manner  of  the
prediction  network.  Hence,  we  finetune  a  pretrained  GPT-2
model on domain-specific transcripts and use it to produce the -
th linguistic feature conditioned on previous tokens .
We formulate the linguistic feature  as below:

hlang
u = PLN(y0,y1, ...,yu−1) (10)

henc
t hpred

u

hlang
u (t,u)

p(y|t,u)

As  illustrated  in Fig.  1,  the  joint  network  merge  latent
representations  of  the  encoder ,  the  prediction  network ,
and the linguistic network  together at the -th step, and
maps the combination to a distribution .

ot,u = JointNet(henc
t ,λhpred

u ,(1− λ)hlang
u ) (11)

ot,u = FFN3(FFN0(zenc
t )+(1− λ)FFN1(zpred

u )+ λFFN2(zlang
u )) (12)

t ∈ [0,T] u ∈ [0,U] λ
henc
t ∈ RD0

hpred
u ∈ RD1 hlang

u ∈ RD2

(t,u) Joint(·)

where , ,  and  is  a  hyperparameter  to  adjust
the  importance  of  the  pretrained  linguistic  feature. ,

,  and  are  the  latent  representations  for  the
encoder  network,  the  prediction  network,  and  the  linguistic
network at -th step, respectinel.  is the joint network,
which can be factorized as four feed forward networks.

The entire framework is trained jointly to optimize the RNN-T
loss[6], which marginalizes over all alignments of target labels with
blanks, and is computed using dynamic programming.

p(y |t,u) = SoftMax(ot,u) (13)
 

3    Experiment and Result
In this section, we conduct experiments upon two public corpora:
(1) LibriSpeech1 consists of 970 hours of labeled English recording
derived from the LibriVox project  and an additional  800 million
word  token  text-only  corpus  for  building  language  model.  (2)
AISHELL-12 includes  178  hours  of  Chinese  Mandarin  speech
from different accents in China. Both above two datasets contain
speech records in wav format with a sampling rate of 16 kHz, and
have been divided into training sets, validation sets and test sets in
advance.  We  conduct  experiments  according  to  the  existing
divisions.

We  adopt  two  common  metrics  of  the  performance  of  an
automatic  speech  recognition  system,  WER  and  CER,  in
LibriSpeech  and  AISHELL-1.  WER  measures  the  Levenshtein
distance between the ground truth and our recognition hypothesis
according  to  the  number  of  words  in  ground  truth.
Correspondingly,  CER  is  similar  to  WER,  but  operates  on
characters instead of words. 

3.1    Experimental settings

Convr

In  this  part,  we  first  describe  the  experimental  settings  of
comparable  benchmarks  in  details.  We consider  the  Conformer-
LSTM  transducer[13] as  our  baseline,  which  takes  only  filter-bank
features as input and uses  to extract subsampling features.
Specifically, we extracte 80-channel filter-banks computed from a
25 ms window with a stride of 5 ms. Speed perturbation is applied
to each audio with 0.9× and 1.1× speed. SpecAugment[60] method
is  applied  to  avoid  overfitting.  The  mask  parameter  in
SpecAugment is 27, and the maximum size of the time mask is set
to 20.

For the baseline, the encoder network consists of 12 Conformer
blocks  while  all  Conformer  blocks’ kernel  size  is  15  and  the
number of attention head for each layer is 4, while the dimension
of  encoder  is  set  to  256  and  feed  forward  expansion  factor  is  4.
The prediction network is a single unidirectional LSTM layer with
only  1024  cells.  And  the  joint  network  has  three  feed  forward
layers: two of them first project different hidden representations to
the  same  512-dimensional  hidden  states,  then  merge  all
representations, and finally the third feed forward layer projects it
to  a  final  distribution  of  vocabulary  plus  a “BLANK” token.
Different from the baseline, our pretraining-enhanced framework
further  adopts  a  768-dimensional  pretrained  linguistic  network

 

Table 2    Experiment results on LibriSpeech and AISHELL-1 task. The metric used in LibriSpeech taskes is WER, while we evaluate CER in AISHELL-1 (Dev:
Development; Avg: Avergage). ❉ means no additional training parameters compared to the baseline.

Transducer Parameter (106)

Error rate (%)

LibriSpeech AISHELL-1

Dev Test-clean Test-other Avg (test) Dev Test

LSTM-LSTM [6] 130 - 3.2 7.8 5.5 10.1 11.8

Transformer-Transformer [20] 139 - 2.4 5.6 4.0 - -

Baseline 57 7.9 2.9 7.6 5.3 4.9 4.5

+PAE ❉ 7.3 2.8 7.2 ↓ 7.4%5.0 ( ) 4.4 ↓ 4.4%4.3 ( )

+PAE +PLN ❉ 7.4 2.8 7.3 ↓ 5.6%5.1 ( ) 4.3 ↓ 6.6%4.2 ( )

 

1 https://www.openslr.org/12
 2 https://openslr.org/33/
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and a feed forward layer with 512 hidden units according to Eq. (12).

λ = 0.3 Pdrop = 0.1

l2 10−6

β1 = 0.9 β2 = 0.98 ϵ= 10−9

0.005/
√
d d

We  use  the  same  hyperparameters  in  all  experiments.  During
training, we suggest 128 batch size and fine-tuning for 60 epochs.
We apply  in Eq. (12) and dropout  in each unit
of  the  Conformer,  i.e.,  the  output  activation  and  the  attention
weight  of  each  module.  An  regularization  with  weight  is
added  to  all  the  trainable  weights  in  the  network.  AdamW
optimizer[61] with , ,  and ,  and  a
Transformer  learning  rate  schedule[11] are  used  in  training.  We
consider  10%  warm-up  steps  and  set  peak  learning  rate  to

 where  is  the  model  dimension  in  Conformer
encoder.

Convp

We  choose  the  deep  learning  platform  PyTorch[62] and  open
source  toolkit  Huggingface[63] 3 to  establish  our  ASR  system.  The
pretrained  model  shared  by  Huggingface  can  be  utilized  as  our
proposed  PAE  and  PLF.  In  the  English  task,  we  initialize  our
pretrained  acoustic  extractor  with  the  large  Wav2vec  2.0
model4 fine-tuned on 960 hours of Libri-Light and Librispeech on
16 kHz sampled speech audio.  And we use  a  Chinese  version of
Wav2vec  2.0  from  ydshieh5 in  the  AISHELL-1.  The  GPT-2
linguistic network follows an English6 and a Chinese7 version from
Huggingface  repository.  It  is  also  noted  that  we  use  the  same
tokenizer  and  vocabulary  in  the  prediction  network  and  the
linguistic network. 

3.2    Experiment on pretrained features
In this part, we perform a study on the final recipe to tease out the
importance  of  the  pretrained  acoustic  extractor  and  pretrained
linguistic  network.  All  the  experiments  do  not  consider  the
external  language  model  for  the  purpose  of  exploring  the
effectiveness of pretrained linguistic network in RNN-T.

7.4%

4.4%

Firstly, we incorporate only pretrained acoustic extractor in the
baseline model. Note that our model with PAE and PLN has only
57  million  trainable  parameters.  With  a  large  gap  of  model
complexity,  the WER drops by average  on Librispeech test
sets  after  employing  pretrained  acoustic  extractor.  And  we  meet
the same observation that the character error rate also drops about

 relatively  on  AISHELL-1  test  set,  indicating  that  using  the
features from a large pretrained acoustic model could be a suitable
way to enhance model performance.

6.6%

λ = 0

Then,  we employ pretrained acoustic  extractor  and pretrained
linguistic  network  together,  which  further  achieves  about 
relative CER drops on AISHELL-1 task compared to the baseline.
In order to visualize the effect of pretrained linguistic network, we
compare the results between PLN and non-PLN approaches. Non-
PLN  approach  just  removes  PLN  from  our  framework,  and  an
easy way to eliminate the influence of PLN is setting  in Eq.
(12). For examples, in Fig. 2, we observe that the decoding results
are  sometimes  incoherent  and  make  no  sense  according  to  the
baseline  results,  although  their  pronunciations  are  similar.  It  is
obvious  that  we  obtain  a  more  reasonable  and  impressive
decoding  results  after  fusing  PLN  in  both  English  and  Chinese
tasks. 

3.3    Experiment on low-resource data
Since end-to-end models have achieved important improvements
on  the  task  of  ASR,  however,  labeled  data  can  hardly  satisfy  the
demand of end-to-end models for low resource ASR tasks. One of

the most  popular  ways  to  tackle  the low-resource problem is  the
self-supervised  pretraining  method.  Recently,  self-supervised
acoustic  pretraining  has  already  shown  its  amazing  ASR
performance,  while  the  transcription  is  still  inadequate  for
language modeling in end-to-end models.

17.22% 11.08%
4.26%

16.48% 10.75%
4.19%

9.1% 7.8%

In this part, in order to verify our proposed pretrained acoustic
extractor  andpretrained  linguistic  network  can  improve  the
performance  in  low-resource  data,  we  investigate  a  further
discussion  upon  low-resource  scenario.  We  carry  out  our
experiments on AISHELL-1 by randomly sampling 20 hours and
50  hours  subsets.  As  the  results  shown  in Fig.  3,  the  pretrained
acoustic  extractor  can  get  better  results  than  the  well-trained
baseline  model  both  on  different  sizes  of  AISHELL-1,  achieving
CER  of  with  10  hours  data,  with  50  hours,  and

 with 178 hours. When incorporating a pretrained linguistic
network,  CERs  are  further  dropped  to , ,  and

,  respectively.  Overall,  our  approaches  outperform  the
baseline by relative  and  improvement on 10 hours and
50 hours, respectively. 

3.4    Experiment on cold-start model
Recent  developments  in  pretrained  representations  have  been
accompanied  by  large  and  expensive  models  that  leverage  vast
amounts  of  general-domain  text  through  self-supervised
pretraining. Nonetheless, few researches focus on the procedure of
“pretraining  and  fine-tuning” paradigm.  In  this  part,  we  analyze
how  much  our  approaches  benefits  from “pretraining  and  fine-
tuning” in Table  3.  To  investigate  the  importance  of  pretraining
procedure,  we  first  adopt  the  pretrained  model  parameters  to
initialize  PAE  and  PLN,  and  then  train  other  parts  of  our
framework jointly except PAE and PLN. It is realized that GPT-2
is also fine-tuned on AISHELL-1 transcripts before initialing PLN.

 

Dataset Result

Librispeech

Method

Fig. 2    Examples of decoding results. B/L refers to baseline.
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Fig. 3    Comparison of different numbers of training resources on AISHELL-1.
 

3 https://github.com/huggingface/transformers
 4 https://huggingface.co/facebook/wav2vec2-large-960h-lv60
 5 https://huggingface.co/ydshieh/wav2vec2-large-xlsr-53-chinese-zh-cn-gpt
 6 https://huggingface.co/gpt2
 7 https://huggingface.co/uer/gpt2-chinese-cluecorpussmall
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4.57%

We call this approach with pretrained parameters as “warm-start”
in Table 3. At the same time, we conduct comparative “cold-start”
experiments  by  initializing  PAE  and  PLN  randomly  instead  of
using a pretrained one. In this setting, PAE without the pretrained
parameters from Wav2vec 2.0 only achieves  CER score in
the  AISHELL-1  after  100  epochs,  which  can  not  even  catch  up
with the baseline.

We illustrate the convergence curves of both methods in Fig. 4,
where  the  training  loss  of  different  warm-start  and  cold-start
models  are  reported.  Overall,  the  training  loss  first  decrease  in  a
very slow way with a small initial learning rate, then start to learn
key  knowledge  quickly  via  the  warm-up  learning  rate,  and
converges  at  the  end.  It  can  be  observed  that  when  employing
only the PAE into our framework, both warm-start and cold-start
techniques are able to converge stably,  so that the training loss is
greatly reduced after 10 000 training steps. What is more, we find
that  the  warm-start  loss  is  slightly  lower  than  the  cold-start  one,
which  can  explain  that  transferring  pretrained  acoustic  extractor
to  downstream  tasks  contribute  to  model  generalization.
However,  the  cold-start  model  with  PAE  and  PLN  remains  a
significant  gap  to  the  warm-start  one,  even  after  five  times  of
training  steps.  It  is  difficult  to  optimize  cold-start  GPT-2
architecture in our framework, as the training loss seems hard to
converge.  To  clarify  this  problem  in  cold-start  scenario,  we
visualize  the  output  tokens  of  the  linguistic  network  during  the
training  procedure.  Surprisingly,  we  observe  cold-start  GPT-2
model produce the same token at  the beginning and still  get  lost
in  the  final  step.  On  the  contrary,  warm-start  GPT-2  provides
closed next-token prediction and draws a jagged loss compared to
non-PLN  approach,  which  may  server  as  a  regularizer  in
downstream tasks. 

4    Conclusion
In  this  paper,  we  suggest  two  kinds  of  pretrained  features  from
PAE and PLN to enhance the Conformer-LSTM transducer. PAE
handles diverse speech signals by pretraining on a large amount of
unlabeled  audio,  while  PLN  aids  in  semantic  decoding  with  the
prediction  network.  Our  methods  achieve  lower  CER  on  two
public  corpora  compared  to  the  Conformer-LSTM  transducer
without  external  language  models.  Additionally,  further
experiments  demonstrate  effectiveness  in  low-resource  scenarios

and highlight the essential role of pretraining in enhancing RNN-
T models. 
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