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ABSTRACT

In this work, we propose a novel sequence-discriminative
training criterion for automatic speech recognition (ASR)
based on the Conformer Transducer. Inspired by the large-
margin classifier framework, we separate the “good” and
the “bad” hypotheses in an N-best list produced from a pre-
trained transducer model by a margin (τ ), hence the term,
Max-Margin Transducer (MMT) loss. It is observed that
fine-tuning with the proposed loss achieves significant im-
provement over baseline transducer loss but does not outper-
form the state-of-the-art minimum word error rate (MWER)
training. However, combining the proposed MMT loss with
MWER surpasses the performance of either losses suggesting
the complimentary nature of MWER and MMT losses. With
the combined losses, we obtained 7.44% and 7.68% relative
WER improvements on Librispeech test-clean and test-other
sets, respectively, and up to 8.9% relative improvement on
Multi-lingual Librispeech test sets.

Index Terms— Max-margin, Conformer, minimum word
error rate training, sequence discriminative criterion, end-to-
end speech recognition models

1. INTRODUCTION

End-to-end ASR systems based on Transducers [1, 2] have
gained increasing popularity over the recent years owing to
their streaming capabilities and their simplicity over the tradi-
tional factored ASR systems. These benefits have led to their
wide adoption in personal voice assistants and speech services
[3, 4, 5, 6]. Typically, transducer model parameters are opti-
mized using a maximum likelihood estimation criteria which
aims to increase the likelihood of all possible label-to-audio
alignments. This is followed by a sequence-discriminative
fine-tuning stage [7, 8, 9] which ties the training objective to
the final metric, for example, the expected word error rate
(WER). Although sequence-discriminative training such as
MWER offers improvements for transducer-based models [7,
8], there is still opportunity for improving discrimination of
incorrect hypotheses from the promising ones in terms of their
alignment scores that affect the beam pruning.

In this work, we adopt a large-margin style training, most
popularly utilized in Support Vector Machines (SVM) [10],
and combine it with sequence-discriminative fine-tuning by
using a margin term to separate the “good” and “bad” hy-
potheses present in the N-best list. Specifically, we place
a margin on the transducer alignment scores obtained from
hypotheses that correspond to ground truth token sequences
(positive examples) and other hypotheses in the N-best list
that have word errors (negative examples). We formulate this
MMT loss similar to the MWER loss, a type of Minimum
Bayes Risk (MBR) optimization, and fine-tune network pa-
rameters such that the emitted hypotheses have a good sepa-
ration between the positive and negative examples. This al-
lows us to ultimately combine the MMT and MWER loss
in the most efficient manner. Consequently, we observe a
significant improvement when incorporating both MMT and
MWER losses compared to either of them in isolation, offer-
ing up to 7.68% relative improvements on Librispeech test
sets and up to 8.9% relative improvements on Multi-lingual
Librispeech over the baseline transducer loss.

2. RELATION TO PRIOR WORK

As a type of sequence-discriminative training, our work is re-
lated to a general class of training methodology known as
Minimum Bayes Risk (MBR). Traditional hybrid ASR sys-
tem pre-trained with frame level cross entropy perform fine-
tuning of models with variants of MBR loss such as mini-
mum phone error (MPE) and state-level MBR (sMBR) [11,
12, 13]. These objectives tie the training criterion with the fi-
nal task-specific model performance criterion. MBR variants
have also been successfully applied for end-to-end ASR mod-
els such as Reccurent Neural Aligner (RNA) [14], attention-
based encoder-decoder (AED) [15] and RNN-T [7, 8]. In [7],
MBR is implemented by computing the expected edit distance
between a ground truth label sequence and an on-the-fly gen-
erated N-best list with a limited beam size and number of
alignments. [8] proposed an efficient minimum WER train-
ing by performing offline decoding, computing the alignment
scores for each hypotheses in the N-best list and combining
them with the expected edit distance scores for MWER train-



ing, overcoming the limitations in [7].
There have been efforts to incorporate the large-margin

technique in sequence-discriminative training. One of the ear-
liest works was [16] in which the authors modified sequence-
discriminative criteria such as the MPE [11] and maximum
mutual information (MMI) [17, 18], to incorporate a mar-
gin term in sequence training for Hidden Markov Model-
Gaussian Mixture Model (HMM-GMM) systems. In the
context of end-to-end ASR systems, [19, 20] introduced the
concept of margin for attention-based models. In [19], the
authors proposed a version of the large margin loss with only
1-best as a replacement for MWER loss in listen, attend, and
spell (LAS) [21] models. It is shown that MWER still gener-
alizes well across test sets, but large-margin loss can acheive
similar performance on certain test sets with only 1-best. In
[20], a novel technique known as promising accurate prefix
boosting is introduced that maximizes the margin between
decoded prefixes and the original ground truth prefix. The
technique performs slightly better than MWER but comes
at the expense of increased computational cost during the
training time.

Our work is the first attempt at incorporating large-margin
training for transducer models to the best of our knowledge.
We utilize multiple hypotheses and utterance-level scores
from the forward-backward algorithm [1] in construction of
the MMT loss, thereby capturing all possible alignment paths
for hypotheses in the N-best list. Furthermore, our work is
also the first to combine MWER and MMT losses. We for-
mulate our MMT loss in such a way that it re-uses significant
portions of the computations used for MWER loss, allowing
us to combine the two losses in the most efficient manner.

3. MAX-MARGIN TRANSDUCER

In this section, we first present an overview of our baseline
systems, specifically, the Transducer architecture, its training
method, and MWER fine-tuning, after which the Max-Margin
Transducer is discussed in detail.

3.1. Conformer Transducer: An overview

The Transducer architecture [1, 2] consists of an encoder or a
transcription network that consumes audio features and pro-
duces a high-level representation, a prediction network that
takes previously emitted non-blank token as input, and a joint
network that combines both the acoustic and text represen-
tations to produce a time-token grid representation through
which the sum of all possible alignments P (y∗|x) are maxi-
mized.
Maximizing the alignment likelihood is equivalent to mini-
mizing the negative log-likelihood of P (y∗|x). Hence, the
transducer loss is defined as,

Ltransducer = −ln P (y∗|x) (1)

3.2. Minimum Word Error Rate (MWER) Fine-tuning

We compare our proposed technique with MWER fine-tuning
proposed in [8]. In this implementation, the N-best lists are
first used to compute the word errors R(yi, y

∗) where yi’s are
the hypotheses and y∗ is the ground truth label sequence, then
the sum of scores of all possible alignments for each hypoth-
esis in the N-best list is computed. Finally, the alignments
scores and word errors are combined as follows (Equation 2).

Lmwer =
∑

yi∈nbest(x)

softmax(ln P (yi|x))R(yi, y
∗) (2)

3.3. Max-Margin Transducer Loss

We propose a novel sequence-discriminative criteria where
the decoded utterances (yi) are fed back into the prediction
network to generate all the possible alignments given the au-
dio frames (xt) and obtain an utterance level score for each of
the hypothesis as shown in Figure 1. We can introduce a mar-
gin term τ , to act on the utterance level scores (ln P (yi|x))
as the separation factor to keep the positive (ground truth) hy-
pothesis present in the N-best list and the negative hypotheses
(utterances with errors) at least τ units apart. Here, y∗ in-
dicates the most probable N-best hypothesis (positive exam-
ple) that has an exact match with the ground truth and yi are
the other hypotheses with errors in them (negative examples).
However, this formulation will lead to stability issues and dif-
ficulty in choosing the margin term τ as the absolute utterance
level scores (log-likelihoods) are data dependent. To over-
come this, we convert the utterance level alignment scores,
into a probability distribution by taking a softmax (referred as
Syi

).

MaxMargin(y∗, yi) = max(0, τ − (Sy∗ − Syi)) (3)

This way, the margin term τ is a tunable parameter in the
range [0,1]. We set this MaxMargin error to 0 when a yi from
N-best list is same as the ground truth y∗. We can then use
this MaxMargin error in the formulation below in order to
compute the loss and back-propagate the gradients.

Lmmt =
∑

yi∈nbest(x)

softmax(ln P (yi|x)) MaxMargin(y∗, yi)

(4)
An advantage of the proposed method is the fast and

efficient computation of the margin loss using the forward-
backward algorithm outlined in [1]. This computation gives
us utterance probabilities which can be computed only once
if we need to combine the MMT loss with the MWER loss as
shown below.

Lcombined = Lmwer + λLmmt (5)
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Fig. 1. 3-best hypotheses are shown where the ground truth sequence “Turn on light” in the N-best list is chosen as the positive
example. These 3-best hypotheses are fed back into the prediction network after which the joint network lattice is computed to
obtain the utterance scores (sum of all possible alignment paths) for each N-best hypothesis. In this example, the pairs (Hyp1,
Hyp2) and (Hyp1, Hyp3) would contribute to the margin loss if their utterance scores are within the given margin.

Another major advantage of the proposed loss is that we
consider all possible alignment paths of the N-best hypothe-
ses in the computation of the MMT loss. Hence, error-prone
utterances that are close to the ground truth in the time-token
space will get pushed further away leading to a better hy-
potheses surviving beam pruning during inference.

4. EXPERIMENTAL SETUP

4.1. Datasets

We use Librispeech [22] and Multi-lingual Librispeech
(MLS) [23] datasets to benchmark our proposed loss against
the baseline transducer loss and MWER loss. In Librispeech
experiments, the model is trained on the full 960 hour train
partition and evaluated on the standard dev-clean, dev-other,
test-clean, and test-other evaluation sets. Checkpoint se-
lection is done using the dev-other partition. In the MLS
experiments, we first train a multi-lingual model which is
followed by a locale-specific finetuning to adapt the initial
model to the individual locales from the MLS dataset1.

4.2. Model Architecture

In our experiments, we use a Conformer Transducer [24],
whose audio encoder consists of stacks of 16 Conformer
blocks. Each Conformer block consists of two feed-forward
layers, a multi-head attention layer, and a convolutional mod-
ule. The input features are 64-dimensional LFBE coefficients,
extracted with a 25ms window size and a 10ms hop size. The
extracted features are then fed to the sub-sampling blocks that
consist of two layers of 2D CNN with filters of 128 channels,

1We excluded pl-PL in our setup due to a high OOV rate

kernel size of 3, and stride of 2, making the feature frame
rate 40ms. The conformer blocks use multi-head attention
with 4 heads and each head with a dimension of 64. The
feed-forward hidden unit dimension is 1024. The prediction
network is a single layer LSTM with 640 units and an output
projection layer of 512 dimensions. The output tokens mod-
eled by the transducer are 2.5K word pieces which include
the blank symbol ϕ. The number of trainable parameters in
this model is 30M.

4.3. Training scheme

We use Adam optimizer [25] (β1=0.9, β2=0.98, ϵ=1e-9) with
the same learning rate schedule described in [24]. Based
on the dev-other WER, we select the checkpoint after 200K
steps. The MWER/MMT models are initialized with this
checkpoint and are fine-tuned for 10K steps with a learning
rate of 5e-5. We train this model using 24 Tesla V100 GPUs.
It takes 50 hours for the main training, and 10 hours for
MWER/MMT fine-tuning. We use SpecAugment (mask pa-
rameter F = 27, time masks = 20, maximum time-mask ratio
pS = 0.05), for the transducer training. We do not use any
pre-training or language models in these experiments. Our
baseline Librispeech model achieves WER comparable to the
results reported in [26]2. For the MWER/MMT finetuning,
we turn off SpecAugment as this generates N-best lists that
are closer to the ones produced by the model in the inference
environment. The beam size is set to 6 and beam width is set
to 8 during both N-best list generation and evaluation. We add
an auxiliary transducer loss (weight=1e-3) during sequence
finetuning to stabilize the training [27]. We also artificially

2The MLS baseline numbers reported in this paper are higher than those
in [23] due to a smaller model size, choice of output tokens and loss function.



Table 1. Results on development and test sets of Multi-lingual Librispeech for various loss types.

Loss Type en-US de-DE es-ES fr-FR it-IT nl-NL pt-BR
dev test dev test dev test dev test dev test dev test dev test

Ltransducer 8.81 10.50 9.98 11.12 8.38 9.74 13.70 13.33 19.40 17.60 20.46 21.52 21.52 17.72
Lmwer 8.49 10.12 9.57 10.65 7.75 9.02 12.98 12.65 18.23 16.52 19.01 20.01 20.31 16.74
Lmmt 8.52 10.13 9.59 10.70 7.83 9.12 13.05 12.73 18.44 16.72 19.13 20.16 20.59 16.99
Lcombined 8.36 9.97 9.44 10.51 7.63 8.88 12.78 12.46 17.95 16.28 18.74 19.79 20.01 16.46

add the ground truth sequence to the N-best list generated for
MWER/MMT computation if they are not present already as
this helps in the presence of “positive” examples for MMT.

5. RESULTS AND DISCUSSION

In Table 2, we report the results of our proposed approach
for Librispeech test sets. We tune the margin parameter with
τ=(0.1, 0.3, 0.5, 0.7, 0.9) and report the best tuning results
(τ=0.3). For the Lcombined experiments, we tune the value
of the MMT loss weight λ=(1.0, 1e-1, 1e-2, 1e-3), however,
we find that the λ value of 1.0 yields the best results. This
equal weighting suggests that the overall loss gives equal
importance to word errors and margin errors which reflects
in the WER as well. It can be observed that MWER of-
fers significant improvements in the range of 5.67% - 6.84%
relative WER reduction across evaluation sets of Librispeech
(3.36−→3.13 on test-clean, 7.55−→7.12 on test-other). It is also
worth noting that MMT loss in isolation offers commendable
gains although not as much as MWER. However, the com-
bination of the losses Lcombined outperform both MWER
and MMT losses in isolation offering up to 7.68% relative
WER reduction (3.36−→3.11 on test-clean, 7.55−→6.97 on
test-other), implying that the losses are largely complimen-
tary and offer additive gains to the model performance.

Table 2. Absolute WER numbers on development and test
sets of Librispeech are reported for various loss types.

Loss Type dev-
clean

dev-
other

test-
clean

test-
other

Ltransducer 3.01 7.40 3.36 7.55
Lmwer 2.82 6.98 3.13 7.12
Lmmt 2.9 6.92 3.16 7.26
Lcombined 2.77 6.86 3.11 6.97

We applied the best margin term and weighting hyper-
parameters (τ=0.3, λ=1.0) to the MLS experiments and the
results reported in Table 1 show a trend similar to Librispeech
results. MWER models for various locales show relative
WER improvements in the range of 3.5% (en-US) to 7.5%
(es-ES). The MMT counterparts also show significant im-
provements but falling short of the performance of MWER

models. But when the losses are combined with equal weight-
ing one can observe an improvement (4.9% for en-US and
8.9% for es-ES in relative WER improvements) that is greater
than either of the losses.

To observe the effect of the margin term τ on WER, we
sweep the values from 0.1 to 0.9 while keeping the weighting
constant (λ=1.0). In Table 3, we can notice that for the lowest
τ , the overall loss does not accumulate many margin errors
and the result is quite close to the MWER loss in isolation.
As we increase the τ , we find a sweet spot at 0.3 where we
achieve the best WER, beyond which the model’s hypotheses
start to degrade due to very aggressive τ .

Table 3. Effect of margin parameter τ on WER for Lib-
rispeech test sets shown below (Loss Type Lcombined).

τ dev-clean dev-other test-clean test-other

0.1 2.81 6.95 3.13 7.05
0.3 2.77 6.86 3.11 6.97
0.5 2.86 6.98 3.15 7.11
0.7 3.05 7.46 3.39 7.66
0.9 3.30 7.75 3.65 7.87

6. CONCLUSION

In this work, we introduced the Max-Margin Transducer
loss, a novel sequence-discriminative training strategy for
Conformer Transducer. Specifically, we leverage the MMT
formulation on utterance scores of the hypotheses from the
N-best list to separate a correct hypothesis from confusing
hypotheses if the scores are within a margin τ , a tunable
hyper-parameter. We show that the proposed MMT loss per-
forms as good as MWER, and the combined MMT+MWER
loss significantly outperforms both MMT and MWER in iso-
lation offering up to 7.68% relative WER improvement on
Librispeech test sets and up to 8.9% on Multilingual Lib-
rispeech test sets.
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