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Towards Maximum Likelihood Training for
Transducer-Based Streaming Speech Recognition

Hyeonseung Lee , Ji Won Yoon , Sungsoo Kim , and Nam Soo Kim , Senior Member, IEEE

Abstract—Transducer neural networks have emerged as the
mainstream approach for streaming automatic speech recognition
(ASR), offering state-of-the-art performance in balancing accuracy
and latency. In the conventional framework, streaming transducer
models are trained to maximize the likelihood function based on
non-streaming recursion rules. However, this approach leads to a
mismatch between training and inference, resulting in the issue of
deformed likelihood and consequently suboptimal ASR accuracy.
We introduce a mathematical quantification of the gap between
the actual likelihood and the deformed likelihood, namely forward
variable causal compensation (FoCC). We also present its estima-
tor, FoCCE, as a solution to estimate the exact likelihood. Through
experiments on the LibriSpeech dataset, we show that FoCCE
training improves the accuracy of the streaming transducers.

Index Terms—RNN-transducer (RNN-T), transducer neural
network, automatic speech recognition (ASR), streaming ASR.

I. INTRODUCTION

MODERN automatic speech recognition (ASR) has wit-
nessed substantial accuracy improvements, primarily

attributed to advances in deep learning. While the pursuit of
higher accuracy in general ASR remains a priority, recent studies
have increasingly emphasized the need to maintain accuracy in
challenging scenarios, including spoken named entities [1], [2],
multi-lingual speech [3], [4], and streaming ASR [5], [6], [7].
Notably, the rising demand for on-device and real-time ASR
underscores the importance of streaming ASR.

The accuracy of streaming ASR is degraded compared to
its non-streaming counterpart, especially when the model is
restricted to have low latency. Two separate causes induce the
accuracy degradation of the streaming model. The primary cause
is information deficiency; the streaming model predicts an out-
put based on a limited input context, whilst the non-streaming
model has the advantage of being aware of the entire context.
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Information deficiency is an inevitable intrinsic property of
streaming ASR. The second cause is deformed likelihood. Deep
learning ASR models are usually trained based on the maximum
likelihood criterion [8], [9], [10], [11], [12], [13], [14], [15],
[16]. Mainstream ASR approaches [9], [10], [12] commonly
define likelihood by breaking it into local probability terms
that are estimated using neural networks with a softmax output
layer. These local probabilities are designed to sum up to the
likelihood when all local probabilities are modeled with the
entire input context, which is the case for non-streaming ASR
but not valid for streaming ASR [16]. Consequently, naively
utilizing mainstream ASR likelihood functions for training the
streaming models leads to the deformed likelihood problem.

Several approaches [14], [16] adopt a globally normalized
likelihood definition, which bypasses the issue of deformed like-
lihood in streaming ASR. These methods define globally nor-
malized likelihood as a ratio between the score-sum of accepting
paths (corresponding to ground truth data) and the score-sum of
all possible paths. By excluding local probability terms, these
approaches avoid the deformed likelihood problem. However,
they exhibit lower accuracy compared to local probability-based
mainstream ASR methods in both streaming and non-streaming
scenarios. This limitation restricts the application of globally
normalized likelihood in ASR.

Transducer neural networks [10], often called RNN-T, have
recently emerged as the dominant approach for streaming ASR,
offering a state-of-the-art tradeoff between accuracy and latency.
The prevalent paradigm in streaming transducer models relies on
a likelihood function derived from the non-streaming recursion
rule. Training a transducer with this naive likelihood induces
the deformed likelihood problem, resulting in sub-optimal ASR
accuracy.

This letter introduces a mathematical perspective on the de-
formed likelihood problem in streaming transducer training and
proposes a novel solution to mitigate it. The key contributions
of this letter are as follows:
� We reframe the dynamic programming for the non-

streaming transducer likelihood [10] using detailed proba-
bilistic notation and demonstrate its mismatch to a stream-
ing model due to the deformed likelihood problem.

� We quantify the gap between the deformed and the ac-
tual likelihood in streaming transducer training, namely
“Forward Variable Causal Compensation” (FoCC).

� We propose the FoCC estimator (FoCCE) network, which
estimates the actual likelihood instead of the deformed
likelihood in streaming transducer training.
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� We experimentally show that FoCCE training improves the
streaming transducers’ ASR accuracy on the LibriSpeech
dataset, reducing the accuracy gap between streaming and
non-streaming transducers.

II. TRANSDUCER NEURAL NETWORKS

A. Non-Streaming Transducer

Given an input sequence x1:T of length T and the cor-
responding target sequence y0:U of length U (yu∈N, y0 is
the start-of-sequence token 〈sos〉), a transducer neural net-
work [10] parametrized by θ computes the conditional likelihood
Lθ(x1:T ,y0:U ) as

Lθ(x1:T ,y0:U ) := logPθ(y0:U , zU ≤ T < zU+1|x1:T ), (1)

f1:T = Encoderθ(x1:T ) (2)

where the latent alignment variable zu ∈ N is defined such that
zu = tmeans that the target yu is aligned to the encoded input ft.
Encoderθ(·) is a neural network that extracts abstract informa-
tion from the entire input sequence. The encoder may subsample
its input, i.e., f1:T = Encoderθ(x1:T ′) where T < T ′, to reduce
the length mismatch between input and target. As any long input
sequence can be reshaped into a chunked sequence that has the
same length as the encoded sequence, i.e., x1:T ′ = x′

1:T , we
denote the input as x1:T for simplicity.

Since the alignments between the inputs and targets are as-
sumed to be monotonic, z0:U is constrained such that

z0 ≤ 1 ≤ z1 ≤ z2 ≤ z3 ≤ · · · ≤ zU . (3)

The end condition zU ≤ T < zU+1 in (1) indicates that the
entire target y1:U is aligned to the input x1:T whilst the next
target yU+1 is not (i.e., only y0:U is included in the inputs).

Dynamic programming is used to obtain Lθ(x1:T ,y0:U ) in
O(TU) computations. The forward variable is defined as

αθ(t, u) := Pθ(y0:u, zu ≤ t ≤ zu+1|x1:T ). (4)

From (3) and (4), at the initial point αθ(1, 0) = Pθ(y0 =
〈sos〉|x1:T ) = 1 and at the boundaries αθ(t,−1) = αθ(0, u) =
0 for t ∈ [1, T ] and u ∈ [0, U ]. Local probabilities in x-axis and
y-axis are respectively defined as

φθ(t, u) := Pθ( zu+1 ≥ t+ 1| x1:T ,y0:u, zu ≤ t ≤ zu+1),

Yθ(t, u) := Pθ(yu+1, zu+1 = t| x1:T ,y0:u, zu ≤ t ≤ zu+1),
(5)

for t ∈ [1, T ], u ∈ [0, U ], which is to be estimated by neural
networks. With blank probability φθ(·, ·) and label probability
Yθ(·, ·), the forward variable can be recursively computed as

αθ(t, u) = Pθ(y0:u, zu < t ≤ zu+1|x1:T )

+ Pθ(y0:u, zu = t ≤ zu+1|x1:T )

= Pθ(y0:u, zu ≤ t− 1 ≤ zu+1|x1:T )

· Pθ(zu+1 ≥ t|x1:T ,y0:u, zu ≤ t− 1 ≤ zu+1)

+ Pθ(y0:u−1, zu−1 ≤ t ≤ zu|x1:T )

· Pθ(yu, zu = t|x1:T ,y0:u−1, zu−1 ≤ t ≤ zu)

=αθ(t− 1, u)φθ(t− 1, u)

+ αθ(t, u− 1)Yθ(t, u− 1), (6)

according to (3). The conditional likelihood in (1) can be ob-
tained by

Lθ(x1:T ,y0:U ) = logαθ(T,U)φθ(T,U), (7)

which is used as a training objective.
In this subsection, we introduce the alignment variable zu sep-

arately from the target label variable yu. This separation clarifies
the Bayes’ rule within the transducer recursion, as shown in (6).
We found that the forward-backward algorithm [10], which is a
training method for transducer networks in most prior studies,
does not obey Bayes’ rule. Therefore this paper focuses on the
training based on the forward variable recursion rather than the
forward-backward algorithm.

B. Streaming Transducer

In the streaming case, as depicted on the left of Fig. 1, a
transducer network θ estimates the local probabilities at the t-th
timestep using only limited input context x1:e(t):

f1:t = CausalEncoderθ(x1:e(t)), (8)

φ̃θ(t, u) := Pθ( zu+1 ≥ t+ 1|x1:e(t),y0:u, zu ≤ t ≤ zu+1),

Ỹθ(t, u) := Pθ(yu+1, zu+1 = t|x1:e(t),y0:u, zu ≤ t ≤ zu+1),
(9)

where the CausalEncoderθ(·) is similar to the Encoderθ(·) in
(2), except that its input context is limited by a context-end
function e : N → N. In general, e(t) = min(T,C	t/C
+R)
with chunk size C and right context offset R.

Conventional methods train streaming transducer models by
maximizing the likelihood given by (7), with local probabilities
in (6) being substituted by (9). This naive approach breaks
Bayes’ rule, thereby training models with deformed likelihood.
To obtain the actual likelihood, we introduce a probability ratio,
namely Forward Variable Causal Compensation (FoCC):

γθ(t, u) :=
Pθ(y0:u, zu ≤ t < zu+1|x1:e(t+1))

Pθ(y0:u, zu ≤ t < zu+1|x1:e(t))

=
Pθ(xe(t)+1:e(t+1)|x1:e(t),y0:u, zu ≤ t < zu+1)

Pθ(xe(t)+1:e(t+1)|x1:e(t))
.

(10)

Note that if t and t+ 1 are in the same encoder chunk, i.e.,
e(t) = e(t+ 1), then γθ(t, ·) = 1 as shown in (10). Thus, FoCC
needs to be calculated only for t : e(t) < e(t+ 1).

The modified recursion rule can be formulated with the
streaming forward variable, which is defined as

α̃θ(t, u) := Pθ(y0:u, zu ≤ t ≤ zu+1|x1:e(t))

= Pθ(y0:u, zu < t ≤ zu+1|x1:e(t−1))γθ(t− 1, u)

+ Pθ(y0:u, zu = t ≤ zu+1|x1:e(t))

= α̃θ(t− 1, u)φ̃θ(t− 1, u)γθ(t− 1, u)

+ α̃θ(t, u− 1)Ỹθ(t, u− 1). (11)

According to (1), (9), and (11), the actual likelihood is

Lθ(x1:T ,y0:U ) = log α̃θ(T,U)φ̃θ(T,U). (12)
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Fig. 1. An illustration of the proposed FoCCE training. The streaming transducer network (left) and the FoCCE network (middle) respectively estimate the local
probabilities and FoCC values, which are used to estimate the actual likelihood by the modified forward variable recursion rule (red boxes on the right).

III. FORWARD VARIABLE CAUSAL COMPENSATION

ESTIMATOR (FOCCE)

FoCC values γθ(·, ·) defined in (10) are necessary for deter-
mining the actual likelihood in streaming transducers, though
we could not find any analytic solution to access the probability
terms in (10) based on the transducer network outputs Ỹθ(·, ·)
and φ̃θ(·, ·). For this reason, we propose to approximate γθ(·, ·)
with γω(·, ·) using a separate FoCC estimator (FoCCE) network
parametrized by ω.

Learning the probability ratio γω(·, ·)with a neural network is
challenging, so we split it into two probability densities χω(·, ·),
χ̄ω(·) and let the FoCCE network estimate them:

γω(t, u) :=

(
χω(t, u)

χ̄ω(t)

)λγ

(13)

where

χω(t, u) := Pω(xe(t)+1:e(t+1)|x1:e(t),y0:u, zu ≤ t < zu+1),

χ̄ω(t) := Pω(xe(t)+1:e(t+1)|x1:e(t)) (14)

for t ∈ [1, T ), u ∈ [0, U ], and λγ is a non-negative scaling factor
for FoCCE. Intuitively, χ̄ω(·) is a probability density of next-
chunk input features given the current history of the input se-
quence (similar to autoregressive predictive coding [17]), while
the density χω(·, ·) is also conditioned on the target sequence
history. With enough model capacity, it is assumed that both
γθ(·, ·) and γω(·, ·) converge to the true probability ratio γ(·, ·) as
training progresses, therefore γθ(·, ·) ≈ γω(·, ·) for well-trained
models θ and ω.

The probability densities χω(·, ·), χ̄ω(·) in (14) are estimated
by the FoCCE network ω, as illustrated in the middle of Fig. 1.
The architecture of this network is adapted from the conventional
transducer networks, as shown below:

χω(t, u) = DensityEstimatorχω([f
χ
t ; g

χ
u ]),

χ̄ω(t) = DensityEstimatorχω([f
χ
t ;�0]), (15)

fχ
t = CausalEncoderχω(x1:e(t)),

gχu = Predictorχω(y0:u), (16)

where [·; ·] denotes the concatenation, and �0 stands for a zero
vector. The CausalEncoderχω(·) and Predictorχω(·) respectively
mean an encoder and a prediction network that function simi-
larly to those of a transducer network. The CausalEncoderχω(·)
operates causally, just like the CausalEncoderθ(·) described in
(8), using the same context-end function e(·). In contrast to
the joiner of a transducer network, the DensityEstimatorχω(·)
models probability densities in continuous space. To model arbi-
trary densities, we utilized normalizing flows [18] to implement
DensityEstimatorχω(·).

The FoCCE network ω is trained independently from the
transducer model, maximizing the objective

Lχ
ω(x1:T ,y0:U ) :=

T−1∑
t=1

(χ̄ω(t) +
1

U

U∑
u=1

χω(t, u)). (17)

Based on the FoCC estimation γω(·, ·), a streaming transducer
network θ is trained to maximize the modified likelihood:

Lmod
θ,ω (x1:T ,y0:U ) := log α̂θ,ω(T,U)φ̃θ(T,U), (18)

α̂θ,ω(t, u) := α̂θ,ω(t−1, u)φ̃θ(t−1, u)sg
(
γω(t−1, u)

)
+ α̂θ,ω(t, u− 1)Ỹθ(t, u− 1), (19)

with the initial and boundary values the same as αθ(t, u). The
modified likelihood in (18) approximates the actual likelihood
in (12), mitigating the deformed likelihood problem. The right
side of Fig. 1 depicts the modified forward variable recursion rule
described in (19). In this rule, the stop-gradient operator sg(·) is
applied to γω(·, ·) to prevent the divergence of parameter values.
Note that from (13), the modified streaming recursion in (19) can
be smoothly transitioned into the conventional recursion in (6)
by setting λγ close to 0.

The whole training objective is given by

Ltot
θ,ω(x1:T ,y0:U ) := λmodL

mod
θ,ω (x1:T ,y0:U )

+ λχLχ
ω(x1:T ,y0:U ). (20)

Both the transducer network θ and the FoCCE network ω are
learned to maximize Ex,y∼DL

tot
θ,ω(x,y) given a training set D.

Note that the gradient backpropagated from the FoCCE network
does not directly affect the transducer network.

Authorized licensed use limited to: Seoul National University. Downloaded on December 19,2024 at 01:35:48 UTC from IEEE Xplore.  Restrictions apply. 



LEE et al.: TOWARDS MAXIMUM LIKELIHOOD TRAINING FOR TRANSDUCER-BASED STREAMING SPEECH RECOGNITION 29

TABLE I
WORD ERROR RATES (WERS) COMPARISON OF TRANSDUCER MODELS ON THE LIBRISPEECH AND TED-LIUM3 DATASETS

IV. EXPERIMENTAL RESULTS

A. Experimental Setting

We followed the icefall [19] framework to train and evaluate
the transducer models.

1) Data Preparation: We conducted experiments on the Lib-
riSpeech [20] and the TED-LIUM3 [21] datasets, with the des-
ignated training, validation, and evaluation sets. We transformed
speech waveforms into 80-D log mel filterbank energies using a
25ms Hanning window with a 10ms stride, which were applied
as input for the encoders. The text data was encoded using a
byte-pair encoding (BPE) [22], [23], resulting in 500 subword
units, which were used as input for predictors.

2) Neural Network Architecture: For the transducer network,
we employed the Zipformer [24] from an existing recipe.1 The
Zipformer consists of an encoder with a 4× total subsampling
rate, a stateless prediction network [25], and a joint network
followed by a softmax layer. From the recipe, we modified
only a few parameters regarding small blocks: the number
of small blocks in each block to 2, feedforward dim to 768,
encoder dim to 256, and encoder unmasked dim to 192. For the
CausalEncoderθ(·), we used an attentional block chunk size of
8, resulting in 160ms of encoder latency.

The FoCCE network ω comprises three main components:
� CausalEncoderχω(·): eight stacks of chunk-wise causal con-

volution modules, which are identical to those in the Zip-
former encoder1 but with a kernel size of 9.

� Predictorχω(·): a 128-D LSTM layer.
� DensityEstimatorχω(·): masked autoregressive flow

(MAF) [26] with a flow depth of 1, two neural blocks per
each depth, and a hidden dimension of 160.

To align the chunk boundaries of encoders of the FoCCE
network and the transducer network, we stacked the acoustic
features into 4× stacked features along the time-axis so that their
dimension is 320, which were processed by CausalEncoderχω(·)

1The Zipformer architecture and the training recipe can be found at
https://github.com/k2-fsa/icefall/blob/master/egs/librispeech/ASR/zipformer.
The small-scaled model recipe is used in this paper.

to generate a causal context vector. This vector, in combination
with the output from Predictorχω(·), acts as the condition for
the MAF network DensityEstimatorχω(·); Our model employs a
standard Gaussian distribution as the prior.

3) Training: We trained the models for 40 epochs to ensure
convergence. We applied SpecAugment [27] 1 to the acoustic
features exclusively for the transducer encoder input. We ex-
perimentally determined the FoCCE hyperparameters that min-
imized WERs such that λγ = 0.05, λmod = 1, and λχ = 0.01.
For all the experiments of streaming ASR, we used the identical
parameter setting for the transducer network. Therefore all trans-
ducers have the same computational footprints at inference, and
their performances are affected only by the likelihood estimation
at training.

4) Evaluation: We assessed the performance of the trans-
ducer models in terms of word error rates (WER) using a beam
search algorithm with a beam size of 4. We incorporated a left
context of 256 frames while evaluating streaming models.

B. Accuracy Improvement by FoCCE Training

Table I displays the WERs for Zipformer transducers trained
using different methods. In LibriSpeech, FoCCE training on
streaming transducers resulted in lower WERs, which amounts
to 26.3% in test-clean and 12.3% in test-other of WER gaps be-
tween non-streaming and streaming baselines. FoCCE training
also reduced such a gap by 17.7% in TED-LIUM3 test set. The
extent of WER improvement was sensitive to the hyperparameter
λγ , which arises from the fact that λγ is calculated based on the
division of two probability densities in continuous feature space,
rather than two probabilities in discrete output space.

V. FUTURE WORK

We introduce FoCCE, the estimator for FoCC, that helps mit-
igate the deformed likelihood problem. Our experiments show
that FoCCE reduces WERs in streaming transducer training.
Future research should focus on refining the estimation process
for FoCCE.
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