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Abstract

Neural Transducer and Connectionist Temporal Classification (CTC) are pop-
ular end-to-end automatic speech recognition systems. Due to their frame-
synchronous design, blank symbols are introduced to address the length mis-
match between acoustic frame input sequences and output label sequences,
which may introduce redundant computation. Previous research has accelerated
the training and inference of Neural Transducers by discarding blank frames
predicted by jointly trained CTC. However, this does not guarantee that the
jointly trained CTC can maximize the proportion of blank symbols. This pa-
per proposes two novel regularization methods that explicitly encourage CTC
to label more blank symbols by constraining the self-loops of CTC non-blank
symbols, enabling greater acceleration for Neural Transducers. Experiments on
the LibriSpeech corpus demonstrate that the proposed method improves the in-
ference speed of Neural Transducers by 4 times without sacrificing performance.
Furthermore, greater performance improvements can be obtained when Neural
Transducers are combined with external language models for decoding. Notably,
the proposed regularization method enables the frame skipping rate of Neural
Transducers to approach the theoretical limit, representing the first work to
explore the feasibility of Neural Transducers with almost no blank symbols.
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Neural Transducer and Connectionist Temporal Classification (CTC) are pop-
ular end-to-end automatic speech recognition systems. Due to their frame-
synchronous design, blank symbols are introduced to address the length mis-
match between acoustic frame input sequences and output label sequences,
which may introduce redundant computation. Previous studies accelerated the
training and inference of neural Transducers by discarding blank frames pre-
dicted by a jointly trained CTC. However, this does not guarantee that the
jointly trained CTC can maximize the proportion of blank symbols. This paper
proposes two novel regularization methods that explicitly encourage CTC to
label more blank symbols by constraining the self-loop of non-blank symbols in
CTC, enabling greater acceleration for neural Transducers.

Experiments on the LibriSpeech corpus demonstrate that the proposed meth-
ods accelerate neural Transducer inference by 4 times without sacrificing perfor-
mance. Furthermore, greater performance improvements are achieved when the
neural Transducer is decoded with an external language model. Notably, the
proposed regularization methods enable the frame reduction ratio of the neural
Transducer to approach the theoretical limit. This is the first work to explore
the feasibility of neural Transducers with almost no blank symbols.

Keywords: Speech Recognition, Neural Transducer, Connectionist Temporal
Classification

Abstract

Neural Transducer and Connectionist Temporal Classification (CTC) are pop-
ular end-to-end automatic speech recognition systems. Due to their frame-
synchronous design, blank symbols are introduced to address the length mis-
match between acoustic frames and output tokens, which might bring redun-
dant computation. Previous studies managed to accelerate the training and
inference of neural Transducers by discarding frames based on the blank sym-
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bols predicted by a co-trained CTC. However, there is no guarantee that the
co-trained CTC can maximize the ratio of blank symbols. This paper proposes
two novel regularization methods to explicitly encourage more blanks by con-
straining the self-loop of non-blank symbols in the CTC.

Experiments on the LibriSpeech corpus show that our proposed method accel-
erates the inference of neural Transducer by 4 times without sacrificing perfor-
mance. It is interesting to find that the frame reduction ratio of the neural
Transducer can approach the theoretical boundary. Additionally, a further gain
can be observed when decoding with external language models. To the best of
our knowledge, this is the first work to explore the feasibility of neural Trans-
ducers with almost no blank symbols.

1.1 Research Background and Objectives

End-to-end (E2E) architectures have gained increasing attention in the field of
automatic speech recognition (ASR). In recent years, three representative ar-
chitectures have been developed: Connectionist Temporal Classification (CTC)
[1], Neural Transducer [2], and Attention-based Encoder-Decoder (AED) [3].
Among these three architectures, CTC and Neural Transducer share some com-
mon characteristics as they are both frame-synchronous systems, where each
acoustic input frame is mapped to one or more target labels. In contrast, AED
adopts label-synchronized decoding, generating a valid target label at each step.
Due to its streaming processing capability and superior performance across mul-
tiple tasks, Neural Transducer has attracted growing attention from both aca-
demic research and industrial applications. However, compared to AED models,
the decoding process of Neural Transducer is more computationally expensive
because it needs to process the output corresponding to each acoustic frame in
frame-synchronous decoding.

Since acoustic frame input sequences are typically much longer than target label
sequences, a special blank symbol is introduced in frame-synchronous Neural
Transducer and CTC architectures to represent “no output.” During inference,
most acoustic input frames are classified as blank frames, which may lead to
unnecessary computation.

1.2 Current Research Status

To accelerate decoding speed, Chen et al. [4] used efficient blank symbols and
post-processing methods to transform the inference process of Hidden Markov
Models and CTC models from frame-synchronous to label-synchronous, achiev-
ing significant acceleration while maintaining performance. Xu et al. [5] intro-
duced additional blank symbols in standard Neural Transducers, referred to as
big blanks, where outputting a big blank consumes two or more acoustic in-
put frames, achieving substantial inference acceleration and slightly improved
accuracy.
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Furthermore, previous studies have investigated the identification of blank
frames and the impact of discarding blank frames on decoding results. Chen
et al. [6] studied the peaky posterior property of CTC models and found that
blank frames contribute negligibly to decoding performance, and discarding
blank frames does not affect the optimal decoding path. Similarly, Zhang
et al. [7] discarded blank frames during Neural Transducer decoding and
compressed the search space to speed up decoding. Tian et al. [8] discarded
shared encoder output frames during inference based on the blank probability
distribution generated by a jointly trained CTC, thereby reducing the number
of encoder frames passing through the joint network. Similar to [8], Wang et
al. [9] applied frame skipping techniques at intermediate layers of the shared
encoder during both training and inference, achieving significant inference
acceleration without affecting performance.

1.3 Main Work and Contributions

Previous work achieved inference acceleration for Neural Transducers by discard-
ing blank frames predicted by a jointly trained CTC [8,9]. If the jointly trained
CTC can accurately classify a larger proportion of acoustic input frames as blank
frames, the inference speed of Neural Transducers can be further improved. To
achieve this goal, this paper explores various methods to regularize the blank
probabilities predicted by CTC. We explicitly encourage the CTC branch to
label more blank frames by either penalizing the self-loop of non-blank sym-
bols (Token) in the CTC topology graph with a penalty A, or by limiting the
maximum number K of consecutive repeated non-blank symbols in CTC. We
demonstrate that by adjusting A or K, the number of non-blank acoustic frames
labeled by CTC can approach the number of target label sequences. Experi-
ments on the LibriSpeech corpus show that the Neural Transducer guided by
blank-regularized CTC achieves lower Word Error Rate (WER) than the base-
line model without blank skipping.

In summary, the main contributions of this paper are threefold: * This paper
proposes two novel regularization methods to explicitly encourage the jointly
trained CTC to label more blank frames, thereby further accelerating the in-
ference speed of Neural Transducers. * By applying the proposed strategies,
the frame reduction ratio of Neural Transducers can approach the theoretical
limit. * Experiments demonstrate that the proposed method improves the infer-
ence speed of Neural Transducer models by 4 times relative to standard Neural
Transducer models through frame skipping techniques, without sacrificing per-
formance.

Compared with competitive baseline models [9], this paper achieves a 1.5 times
speed improvement. This paper uses the k2 [10] framework to modify CTC
topology and compute loss functions. The relevant code has been released in
the open-source project icefall'.

Thttps://github.com/k2-fsa /icefall
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2.1.1 Connectionist Temporal Classification (CTC)

CTC [1] is one of the earliest end-to-end speech recognition frameworks, consist-
ing of an encoder and a linear layer as the decoder. To solve the length mismatch
problem between acoustic input frame sequences and target label sequences, a
blank symbol is added to the output vocabulary V, indicating no label output
for that frame. Given an acoustic feature input sequence x = (x4, *++, x_T)
of length T, the encoder produces embedding vectors f = (f;, -+, f_T). These
embedding vectors then enter the CTC decoder to generate T conditionally in-
dependent posterior probability distributions p;, +--, p_T corresponding to
the vocabulary V. . Given a ground-truth label sequence y = (y;, *++,y_U)
of length U, where y_u V, the CTC objective function is defined as the sum
of probabilities of all possible alignments between x and y:

L(y) = logp(n|z), =€ B (y) (2-1)

where B(+) is a many-to-one mapping that removes consecutive duplicate labels
and all blank symbols from alignments. Figure 2-1 [Figure 2: see original paper]
illustrates the process of obtaining the target sequence from the symbol sequence
predicted by CTC through mapping B(-).

Based on the conditional independence assumption of CTC, its objective func-
tion formula (2-1) can be approximately expressed as:

L(y) = logp(m,|z), e B~ (y) (2-2)

Decoders based on Weighted Finite State Transducers (WFST) can efficiently
implement CTC and its variants [11,12]. A typical CTC lattice contains three
finite state transducers: * CTC Topology Graph (H), as an implementation
of mapping B(-); * Lexicon Graph (L), mapping sequences of lexicon units to
words; * Dense Finite State Acceptor (Dense.FSA), where weights represent
acoustic log probabilities.

The CTC lattice can be obtained through two steps. First, the CTC topology
graph H and the lexicon graph L of the target sequence are composed into an
HL transducer, which converts predicted symbol sequences into word sequences.
Then, HL is intersected with Dense.FSA representing the probability distribu-
tion of CTC decoder output to generate the CTC lattice, which contains all
valid alignments B~!(y) for the target label sequence.

2.1.2 Attention-based Encoder-Decoder (AED)

AED [3] employs an attention mechanism [13] to implicitly identify and model
acoustic inputs relevant to each output unit, avoiding the need for explicit align-
ment modeling. The AED model processes the entire acoustic input sequence
at once. To explicitly indicate that the model has completed generation of all
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output labels, an end-of-sentence symbol eos is added to the output vocabulary
V.

As shown in Figure 2-2, the AED model consists of an encoder and an attention-
based decoder. The encoder encodes the acoustic input frame sequence x =
(x4, *++, x_T) into higher-level representations h = (hy, + -+, h’_T). The
decoder obtains probability distributions over the output vocabulary V. eos
based on the attention mechanism. Given a training sample pair (x, y), § =
(Y1, Yy, (eos)) represents the output label sequence extended by adding the
end-of-sentence symbol eos at the end. The sentence start symbol sos is used
as the first input y, before the attention-based decoder generates any output.
The AED objective function is defined as the conditional probability of 4:

L(@ y|$ Hp yt|y1 1 Y = SOS Hp yz|817 z (2_3)

where ¢; represents the context vector, a linear mixture of encoder outputs
h,, ---, h’ T, s, represents the decoder state after outputting the previous
label sequence, obtained by updating the previous decoder state s, ; with the
previous context vector ¢, ; and output label y, ;:

s; = Decoder(¢;_1,8;_1,Y;_1) (2-4)

At each time step i, the attention mechanism generates a context vector ¢; con-
taining acoustic information required to generate the next label. The attention
model is content-based, matching the content of the current decoder state s;
with the content of encoder output h, at each time step to generate an atten-
tion vector «;, which is used to weight and fuse encoder outputs h to create
;-
Specifically, at each decoding time step i, the attention mechanism uses vectors
h, and s; to compute a scalar energy e, ,, for each time step u. e, , is converted
to a probability distribution «; over time steps through a Softmax function.
Using «; as weights, encoder outputs h,, at each time step are linearly mixed to
create the context vector c;:

w = (MLP(s;), MLP,(h,,)) (2-5)

exp(ei)
ai w= - 2—6
TS explen) (26)

G _Zalu u? (2_7)

where MLP; and MLP, are both Multilayer Perceptrons (MLP).
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2.1.3 Neural Transducer

Neural Transducer [2] was proposed to address problems caused by the condi-
tional independence assumption of CTC. The output probability y, of Neural
Transducer is determined conditioned on all previous labels y_,,_;. The decoder
functions similarly to a language model, always receiving previously output la-
bels as input. The joint network defines the probability p(k|¢,u) of outputting
label k at time t after outputting u-1 previous labels by fusing acoustic embed-
dings and text embeddings. Similar to CTC, Neural Transducer also defines the
objective function as the sum of probabilities over all possible alignments:

L(y) =logp(n|x), me A '(y) (2-8)

where A(-) is a many-to-one mapping that removes blank symbols from align-
ments.

Notably, blank symbols in CTC and Neural Transducer have very similar func-
tions in separating consecutive symbols and aligning acoustic frame input se-
quences with target label sequences. However, there are subtle differences be-
tween these two types of blank symbols. Specifically, when processing consecu-
tive frames with similar acoustic information, CTC alignments allow one target
label to correspond to multiple repeated symbols in the output sequence, where
two consecutive identical labels require at least one blank symbol to separate
them. In Neural Transducer, each target label corresponds to only one symbol
in the output sequence, with all other output symbols in the alignment being
blank symbols. It is reasonable to believe that the blank symbol predictions of
these two models are highly correlated and have good consistency.

2.2 Mainstream Open-Source Toolkits for End-to-End
Speech Recognition

As end-to-end automatic speech recognition systems have attracted increasing
research interest, various powerful open-source toolkits have been developed to
popularize the use of E2E ASR models, such as icefall based on K2 [10], Kaldi
[14], ESPnet [15], WeNet [16,17], and Fairseq [18].

Since this paper is implemented based on the k2 framework, only k2 is discussed
here.

2.2.1 Overview of k2

K2 integrates Finite State Automaton (FSA) and Finite State Transducer (FST)
algorithms into autograd-based machine learning toolkits such as PyTorch. K2
supports both CPU and CUDA, and can process batches of FSTs simultaneously.
K2 can be used to compute CTC loss functions, Lattice-free Maximum Mutual
Information (LF-MMI) [19] loss functions, and for ASR decoding. FSA/FST in
k2 have the following characteristics: * Only one start state; * Only one final
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state; * The start state is numbered 0; * All other states have numbers greater
than 0; * The final state has the largest number; * Arcs entering the final state
must have -1 as the input label and a score of 0, and if there is an output label
it must also be -1; * Arcs not entering the final state cannot have -1 as the input
label, and if there is an output label it cannot be -1 either; * States do not have
scores; * All scores are on arcs; * Scores represent log values of probabilities.

2.2.2 Implementing CTC-Related Algorithms with k2

This section uses the target label sequence “AB” as an example to demonstrate
the process of building a CTC Lattice_ {AB} through code and visualizing
weighted finite state transducers, as well as the forward and backward prop-
agation processes.

In this example, the vocabulary is defined as V__{AB} = [“A”, “B”], and the
blank symbol “blk” is introduced. The code to create the CTC topology graph
is as follows, and the created H_{AB} is shown in Figure 2-3 [Figure 2: see
original paper].

import k2

isym = k2.SymbolTable.from_{str}("""
blk O

A1

B 2

nn ll)

osym = k2.SymbolTable.from_{str}("""
A1

B 2

nn ll)

Assuming the modeling unit is letters, the target label sequence “AB” is encoded
as “A” and “B”. The code to create the lexicon graph is as follows, and the
created L__{AB} is shown in Figure 2-4 [Figure 2: see original paper].

By composing H_{AB} and L_ {AB}, we can obtain HL_ {AB}, which converts
predicted symbol sequences into word sequences and contains all paths that can
be converted to the target sequence “AB”. The code is as follows, and the created
HL_ {AB} is shown in Figure 2-5 [Figure 2: see original paper].

Assuming the CTC decoder output includes three frames with predicted proba-
bility distributions as shown in Table 2-1 , the code to create the corresponding
dense finite state acceptor is as follows, and the created Dense.FSA {AB} is
shown in Figure 2-6 [Figure 2: see original paper].

import torch

nnet_{output} = torch.log(torch.tensor(
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((f0.6,0.3,0.11,[0.25,0.6,0.15]1,[0.25,0.15,0.611],

dtype=torch.float32))

nnet_{output}.requires_{grad}(True)

supervision_{segments} = torch.tensor([[0, 0, 3]]).to(torch.int32)

dense_{fsa} = k2.DenseFsaVec(

torch.log(nnet_{outputl}), supervision_{segments}, allow_{truncate}=0)
dense_{{{fsa}}_{{vec}}} = k2.convert_{{{dense}} {{to}}}_{{{fsa}}_{{vec}}}(dense_{fsa})
dense_{{{fsa}}_{{vec}}}[0].draw("dense_{fsa}.pdf")

Table 2-1 Probability distribution output by CTC decoder

frame blk A B

0 log(0.60) = -0.5108 log(0.30) = -1.2040 log(0.10) = -2.3026
1 log(0.25) = -1.3863 1og(0.60) = -0.5108 log(0.15) = -1.8971
2 log(0.25) = -1.3863 log(0.15) = -1.8971 log(0.60) = -0.5108

By intersecting HL,_ {AB} with Dense.FSA_ {AB}, the CTC Lattice_ {AB} can
be generated, which contains all valid alignments B~!(y) for the target label
sequence “AB”. The code is as follows, and the created CTC Lattice_ {AB} is
shown in Figure 2-7 [Figure 2: see original paper].

ctc_{lattice} = k2.intersect_{dense}(
dense_{fsa}, HL_{AB}, 20.0, seqframe_{{{idx}}_{{name}}}="seqframe_{idx}")
ctc_{lattice}[0].draw("ctc_{lattice}.pdf")

Unlike traditional CTC which uses the forward-backward algorithm [1], this
paper uses a differentiable dynamic programming method! to compute the total
score of the CTC Lattice and optimize the CTC objective function formula (2-2).

ctc_{{{object}}_{{scores}}} = ctc_{lattice}.get_{{{tot}}_{{scores}}}(
log_{semiring}=True, use_{{{double}}_{{scores}}}=True)

print (ctc_{{{object}}_{{scores}}})

# tensor([-0.8983], dtype=torch.float64)

In this example, using the log semiring, the mathematical derivation of the
forward propagation process is as follows:
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s, = arcg; = —0.5108

S = arcgyy, = —1.2040

55 = log(e51T8s  eS521arC2s) = —().6162

84 = 8y +arcy, = —2.5903

S5 = Sy +arcyy = —3.1011

sg = log(es3+aTCs0 4 eSatarcas 4 e85+aicse) — _(.9263
S; = 85 + arcg, = —4.4874

sg = log(efs T %s  esS7tarcrs) — —().8983

where sg at the final state equals ctc object scores = —0.8983, which is the
value of the CTC objective function formula (2-2) in this example—the sum of
probabilities of all valid alignments B~1(y) for the target label sequence “AB”.

Most operations in k2 support automatic differentiation. The code for backward
propagation to compute gradients is as follows:

ctc_{{{object}}_{{scores}}}.backward()
print (nnet_{output}.grad)

# tensor([[[0.5304, 0.4696, 0.0000],
# [0.1105, 0.7956, 0.0939],

# [0.0276, 0.0000, 0.9724]117)

The mathematical derivation of the backward propagation process is as follows:

[The detailed gradient calculations from the original text are preserved here
with proper formatting]

The correspondence between CTC Lattice. {AB} and CTC decoder output is
shown in Figure 2-8 [Figure 2: see original paper]|. The nnet_output.grad
represents the gradients of pyg, i, -, Peg, Which correspond to the results of
the backward propagation derivation above.

2.3 Language Model Integration for End-to-End Speech
Recognition Systems

Traditional hybrid systems explicitly learn an Acoustic Model (AM) and directly
integrate an External Language Model (ELM) through Bayes’ rule:

PWlz) = Par(@|Y)PELM(Y) (2-9)

In end-to-end systems, the posterior probability p(y|z) is jointly learned through
a unified model, where the implicit acoustic model and language model are
highly correlated. This makes language model integration in end-to-end models
less straightforward than in hybrid models.
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2.3.1 Shallow Fusion (SF)

Shallow Fusion [20-22] uses a Recurrent Neural Network Language Model
(RNNLM) trained on additional text data to improve language modeling
capability. During decoding, the non-blank posterior probabilities of the
Neural Transducer and RNN language model are added in the log domain:

log p(y|z) = logprnn—7(ylT) + Nogprra (¥), (2-10)

where p(y|z) is the actual posterior probability used in decoding, ppyn_7(¥|)
is the posterior probability of y given x in the Neural Transducer, and pgy (v)
is the probability of y generated by the RNN language model.

2.3.2 Internal Language Model Estimation (ILME)

The language model information captured by the Neural Transducer model from
transcribed text during training is considered to be contained in a so-called In-
ternal Language Model (ILM). If the internal language model of the Neural
Transducer can be estimated in some way, language model integration for Neu-
ral Transducer models can be achieved by first subtracting the posterior prob-
ability of the internal language model p;;,,(y) and then adding the posterior
probability of the external language model pgy s (y):

~ _ Pran-7(2]y) ~
plyle) = P PeLm(Y) (2-11)

Meng et al. [23] estimated the internal language model of the Neural Transducer
model by zeroing out acoustic hidden states and normalizing non-blank labels
in the joint network output.

2.3.3 Density Ratio (DR)

Although shallow fusion is widely used in practice, it simply performs log-linear
interpolation of probabilities from the speech recognition model and RNN lan-
guage model during decoding, which does not strictly follow Bayes’ theorem.
To address this, Density Ratio [24] was proposed as an extension of shallow
fusion, making the following assumptions: * There exists some true joint distri-
bution pg(y, ) about text and audio in the source domain (the domain where
the Neural Transducer is trained); * There exists another true joint distribution
pr(y, z) about text and audio in the target domain; * The end-to-end model for
the source domain can reasonably model pg(y|x); * Independently trained lan-
guage models can reasonably model pg(y) and pp(y) respectively; * The source
and target domains are acoustically consistent, i.e., pg(y|z) ~ pr(ylz); * The
posterior distribution of the target domain pp(y|x) is unknown.

Based on the above assumptions, the target domain posterior can be estimated
as:
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pr(yle) = ps(ylr) (2-12)

Formula (2-12) enables estimation of the pseudo-posterior for Neural Transduc-
ers:

log p(y|z) = logpryn_7(ylx) + A logprra(y) + Mg log prrar(y), (2-13)

where A, represents the source domain language model weight and )\, represents
the target domain language model weight.

2.3.4 Low-order Density Ratio (LODR)

Some studies [25,26] have shown that Neural Transducers only learn low-order
language model information, while traditional DR uses RNNLMs trained with
full context, which may not be suitable for ILM estimation and could lead to
degraded language model integration performance. Based on the DR method,
Zheng et al. [27] proposed a Low-order Density Ratio (LODR) method that
estimates linguistic data in the source domain using low-order weak language
models.

3.1 CTC-Guided Neural Transducer

Inspired by the observation that blank symbols play similar roles in CTC and
Neural Transducer, some previous studies have attempted to use blank sym-
bols in CTC to guide and simplify the inference process of Neural Transducer
systems.

Tian et al. [8] proposed a method to discard shared encoder output frames based
on blank probabilities predicted by the CTC branch. By reducing the number
of frames from encoder output entering the joint network, decoding speed can
be greatly improved. However, frame skipping was not performed during train-
ing. The inconsistent handling of blank frames between training and inference
led to suboptimal performance. To achieve consistent frame skipping behavior
during both training and inference, Wang et al. [9] performed frame skipping
at intermediate layers of the shared encoder based on blank probabilities pre-
dicted by the jointly trained CTC model. During forward propagation, the
CTC branch computes blank probabilities, and frames with blank probabilities
higher than a predetermined threshold do not participate in RNN-T loss compu-
tation. The authors reported that this method achieved significant acceleration
for Neural Transducer models in both training and inference without degrading
performance.
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3.2 Blank Regularization Strategies

Existing methods [8,9] improve Neural Transducer inference speed by utilizing
jointly trained CTC to skip blank frames. However, few studies have explored
the feasibility of skipping non-blank frames. According to the definition of B(:)
in formula (2-1), CTC models not only delete all blank symbols but also merge
consecutive duplicate symbols. If the CTC branch can treat frames correspond-
ing to consecutive repeated non-blank symbols in the output sequence as blank
frames, then more shared encoder output frames can be discarded during Neural
Transducer decoding, further accelerating inference. Inspired by this observa-
tion, this paper proposes two strategies to reduce the peakiness of non-blank
symbol posterior distributions in CTC and force the CTC model to output fewer
consecutive repeated non-blank symbols.

3.2.1 Soft Restriction

The first proposed strategy introduces a fixed penalty term A (e.g., 0.05) on
all non-blank self-loops in the standard CTC HL transducer during training, as
shown in Figure 3.1a [Figure 3: see original paper]. This means that align-
ments containing more consecutive repeated non-blank symbols will receive
larger penalties, as shown in Figure 3.1b [Figure 3: see original paper], mak-
ing the CTC model tend to output alignments with fewer consecutive repeated
non-blank symbols. Notably, this non-blank self-loop penalty term A is only
added during training. By adjusting the magnitude of penalty term A, the pro-
portion of blank frames output by the CTC branch can be controlled. This
strategy is called soft restriction.

3.2.2 Hard Restriction

In soft restriction, the CTC branch produces a larger proportion of blank frames
by penalizing CTC alignments with consecutive repeated non-blank symbols.
However, alignments with different numbers of repeated non-blank symbols still
participate in optimization during training because, by definition, these are all
valid alignments. To address this, another strategy called hard restriction is pro-
posed, which explicitly limits the maximum number K of consecutive repeated
non-blank symbols (including the first non-blank symbol) during training. Fig-
ures 3.1c [Figure 3: see original paper] and 3.1d [Figure 3: see original paper]
show HL transducers when K = 1 and K = 2, respectively. It can be seen that
alignments exceeding K consecutive repeated non-blank symbols are pruned in
the corresponding HL transducer.

3.2.3 Implementing Blank-Regularized CTC with k2

This section also uses the target label sequence “AB” as an example to demon-
strate the process of building HL transducers for blank-regularized CTC through
code and visualizing weighted finite state transducers.
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In this example, the vocabulary is defined as V_{AB} = [“A”, “B”], and the
blank symbol “blk” is introduced. The code to directly create the standard
HL transducer is as follows, and the created HL {AB} is shown in Figure 3-2
[Figure 3: see original paper].

import k2

isym = k2.SymbolTable.from_{str}("""
blk O

A1

B 2

nn ll)

osym = k2.SymbolTable.from_{str}("""
A1

B 2

nn ll)

By applying a fixed penalty term A = 0.05 to all non-blank self-loops (i.e., arcy;,
arcgg) in HL {AB}, the soft-restricted HL transducer can be obtained. The
code to create the soft-restricted HL transducer with A = 0.05 is as follows, and
the created HL"{A\=0.05}_{AB} is shown in Figure 3-3 [Figure 3: see original
paper].

HL_{soft} = k2.ctc_{graph}([[1,2]], modified=False)

all_{{{self}}_{{blanks}}} {idx} = (HL_{soft}.arcs.values()[:, 0] == HL_{soft}.arcs.values()
blank_{{{self}}_{{loops}}}_{idx} = HL_{soft}.arcs.values()[:, 2] ==
HL_{soft}.draw("HL_{soft}.pdf")

By limiting the maximum number of consecutive repeated non-blank symbols
to K =2in HL {AB}, the hard-restricted HL transducer can be obtained. The
code to create the hard-restricted HL transducer with K = 2 is as follows, and
the created HL™{K=2}_ {AB} is shown in Figure 3-4 [Figure 3: see original
paper].

HL_{hard} = k2.fast_{{{ctc}}_{{graph}}}(
[[1,2]], modified=False, max_{repeatl}=2)
HL_{hard}.draw("HL_{hard2}.pdf")

By limiting the maximum number of consecutive repeated non-blank symbols
to K =1in HL_ {AB}, the hard-restricted HL transducer can be obtained. The
code to create the hard-restricted HL transducer with K = 1 is as follows, and
the created HL"{K=1}_{AB} is shown in Figure 3-5 [Figure 3: see original
paper].

HL_{hard} = k2.fast_{{{ctc}}_{{graph}}}(
[[1,2]], modified=False, max_{repeatl}=1)
HL_{hard}.draw("HL_{hardl}.pdf")
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3.3 Frame Skipping
Figure 3-6 [Figure 3: see original paper| Schematic diagram of frame skipping

During training, encoder output frames are filtered based on the blank proba-
bility p? predicted by the jointly trained CTC branch. If p? exceeds a preset
threshold £ (e.g., 0.85), frame t is classified as a blank frame and is discarded
during RNN-T loss computation. The frame skipping process is shown in Figure
3-6 [Figure 3: see original paper]. The set of discarded encoder output frames
can be described as:

fskipped = {ftlp? > ﬁ} (3_1>

During inference, a trade-off between frame skipping rate and recognition accu-
racy can be achieved by adjusting the threshold 8 for skipping blank frames.

4.1 Experimental Design

Dataset

The LibriSpeech [28] corpus is used in experiments, containing 960 hours of
audiobook recordings with transcripts. Lhotse [29] is used for data preparation.
Speed perturbation [30] with factors of 0.9 and 1.1 is applied to training data
for data augmentation. SpecAugment [31] and noise augmentation [32] are used
during training to improve model robustness. Input features are 80-channel
filterbank features (FBank) extracted with a window size of 25ms and frame
shift of 10ms. Modeling units use 500-class Byte Pair Encoding (BPE) [33]
word pieces.

System Architecture

As shown in Figure 4-1 [Figure 4: see original paper], a jointly trained CTC and
Neural Transducer model framework is adopted. The shared encoder is a 12-
layer Conformer [34] with dimension 512. The Neural Transducer decoder is a
stateless decoder [26] with dimension 512 and context length 2. A convolutional
downsampling module with stride 4 before the encoder reduces the frame rate
to 25 Hz. The model has a total of 78.9M parameters.

Training

The loss function is the sum of 0.2 times the CTC loss [1] and the pruned RNN-
T loss [35]. Considering that the CTC branch’s prediction of blank symbols
is inaccurate in early stages, the frame skipping mechanism is only used after
4000 update steps. This paper designs a series of experiments in the following
sections to explore the impact of hyperparameters (5, 5, A, K). All models are
trained using 4 NVIDIA V100 GPUs.

Evaluation
Performance is evaluated on the LibriSpeech test sets (test-clean and test-other).
In addition to Word Error Rate (WER), frame reduction ratio (defined as
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| fskippeal/T) and Real Time Factor (RTF) are measured as inference speed met-
rics. Furthermore, to evaluate the ability of language models to combine with
Neural Transducers using frame skipping technology, WER with external lan-
guage model (LM) decoding is also reported. This paper investigates language
model integration using both shallow fusion and low-order density ratio. The
external language model consists of three Long Short-Term Memory (LSTM)
[36] layers trained on the LibriSpeech language model corpus. The low-order
n-gram language model in low-order density ratio is a bi-gram trained on the
960-hour transcript text of LibriSpeech. The ratios of LSTM language model
and bi-gram language model during decoding are tuned through grid search on
the LibriSpeech development sets (dev-clean and dev-other).

4.2.1 Impact of Blank Regularization Strategies on Perfor-
mance

Figure 4-2 [Figure 4: see original paper| shows the blank labeling of the same
acoustic input frames by blank-regularized CTC under different strategies. From
the continuity of white portions, it can be seen that the proposed regularization
methods effectively encourage CTC to label non-blank repeated frames as blank
frames, making the overall proportion of dark portions larger, which means fewer
frames are involved in Neural Transducer loss computation.

Figure 4-2 [Figure 4: see original paper| Comparison of blank labeling by
blank-regularized CTC for the same acoustic input frames under different strate-
gies. Dark portions represent blank frames, white portions represent non-blank
frames. 0 represents CTC without regularization, 1 represents CTC with soft
restriction regularization, and 2 represents CTC with hard restriction regular-
ization.

Results of applying different strategies to regularize blank symbols are shown in
Table 4-1 . The baseline model is a Neural Transducer and CTC joint training
system without frame skipping technology, where CTC loss serves as an auxiliary
loss with weight 0.2. For comparison with existing frame skipping methods
that do not modify CTC topology, Table 4-1 lists three models using different
preset thresholds for frame skipping during training and inference, referred to
as Threshold. Table 4-1 also shows the average frame reduction ratios over test
sets. As a reference, we calculate the theoretically maximum possible frame
reduction ratio v,,,, = 1 — % = 78.61%, where S is the total length of output
symbol sequences and T is the total length of acoustic input frame sequences in
the test set.

The following observations can be made: * Larger frame reduction ratios can be
achieved after applying soft or hard restrictions on the CTC topology compared
to existing methods, indicating that a larger proportion of frames are recognized
as blank frames by the CTC head. * Trade-offs between WERs and RTF can
be tuned by adjusting A or K. A larger penalty A or a smaller K encourages
the shared encoder to better discriminate between blank and non-blank frames,
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leading to more confident predictions for blank frames. By further increasing
A to 5 or reducing K to 1, the frame reduction ratio approaches 7,,,, while
maintaining reasonable accuracy. * The proposed blank regularization method
achieves 4 times speedup while yielding even slightly lower WERs than the base-
line model without blank skipping. This indicates that consecutively repeated
non-blank frames contribute little to the decoding results with proper regular-
ization during training, and discarding them during inference does not affect
WERs.

Figure 4-3 [Figure 4: see original paper| visualizes the relationship between
frame reduction ratio and aggregated WER, which is the summation of WER
on test-clean and test-other. The aggregated WER of the baseline model (hor-
izontal loosely dashed line) and +,,,, (vertical densely dashed line) are also
plotted for reference. Data points for each configuration are collected by vary-
ing the decoding blank threshold 8 (values: 0.8, 0.85, 0.9, 0.95, 0.99, 0.999). As
can be seen, the trade-off between aggregated WER and frame reduction ratio
can be achieved by tuning S during decoding. A smaller S results in a larger
proportion of blank frames while having higher WERs. Our proposed method
achieves a much larger frame reduction ratio than existing methods (Threshold-
x in Figure 4-3) without sacrificing accuracy. By tuning A or K, the Neural
Transducer with blank-regularized CTC even outperforms the baseline without
blank skipping while achieving over 75% frame reduction ratio.

4.2.2 Impact of Blank Regularization Strategies on External
Language Model Integration

Table 4-2 shows WERs with external language model decoding and the relative
performance improvement percentages compared to baseline models without
external language models from Table 4-1.

Compared to the baseline model, blank-regularized Neural Transducer models
achieve larger relative WER reduction when combined with external language
models, regardless of whether shallow fusion or low-order density ratio is used.
This suggests that discarding more blank frames enables better fusion with
external language models.

Conclusions and Future Work

Inspired by the observation that blank symbols play similar roles in CTC and
Neural Transducer, this paper proposes two novel blank regularization methods
to further increase the proportion of predicted blank symbols for the co-trained
CTC model. By discarding blank frames before going through the joint net-
work, the blank-regularized CTC can greatly accelerate the inference of Neural
Transducer. Notably, the proposed regularization methods enable the frame
reduction ratio of Neural Transducer to approach the theoretical boundary. Ex-
periments show that the Neural Transducer guided by blank-regularized CTC
achieves 4 times speedup during inference without sacrificing performance. Our
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approaches achieve better trade-offs between WER and inference real-time fac-
tor than existing methods. Additionally, a further gain can be observed when
decoding with external language models.

This work reveals the feasibility of Neural Transducers with almost no blank
symbols. Future work will attempt to redefine the blank symbols of Neural
Transducers to achieve a more efficient end-to-end autoregressive framework.
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