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Abstract

Using end-to-end models for speech transla-
tion (ST) has increasingly been the focus of
the ST community. These models condense
the previously cascaded systems by directly
converting sound waves into translated text.
However, cascaded models have the advantage
of including automatic speech recognition out-
put, useful for a variety of practical ST sys-
tems that often display transcripts to the user
alongside the translations. To bridge this gap,
recent work has shown initial progress into
the feasibility for end-to-end models to pro-
duce both of these outputs. However, all pre-
vious work has only looked at this problem
from the consecutive perspective, leaving un-
certainty on whether these approaches are ef-
fective in the more challenging streaming set-
ting. We develop an end-to-end streaming
ST model based on a re-translation approach
and compare against standard cascading ap-
proaches. We also introduce a novel inference
method for the joint case, interleaving both
transcript and translation in generation and re-
moving the need to use separate decoders. Our
evaluation across a range of metrics capturing
accuracy, latency, and consistency shows that
our end-to-end models are statistically simi-
lar to cascading models, while having half the
number of parameters. We also find that both
systems provide strong translation quality at
low latency, keeping 99% of consecutive qual-
ity at a lag of just under a second.

1 Introduction

Speech translation (ST) is the process of translat-
ing acoustic sound waves into text in a different
language than was originally spoken in.

This paper focuses on ST in a particular setting,
as described by two characteristics: (1) We desire
models that translate in a streaming fashion, where

*Work done during an internship with Apple

users desire the translation before the speaker has
finished. This setting poses additional difficulties
compared to consecutive translation, forcing sys-
tems to translate without knowing what the speaker
will say in the future. (2) Furthermore, the speaker
may want to verify that their speech is being pro-
cessed correctly, intuitively seeing a streaming tran-
script while they speak (Fügen, 2008; Hsiao et al.,
2006). For this reason, we consider models that
produce both transcripts and translation jointly.1

Previous approaches to streaming ST have typi-
cally utilized a cascaded system that pipelines the
output of an automatic speech recognition (ASR)
system through a machine translation (MT) model
for the final result. These systems have been the
preeminent strategy, taking the top place in recent
streaming ST competitions (Pham et al., 2019; Jan
et al., 2019; Elbayad et al., 2020; Ansari et al.,
2020). Despite the strong performance of these cas-
caded systems, there are also some problems: error
propagation from ASR output to MT input (Ruiz
and Federico, 2014); ASR/MT training data mis-
match and loss of access to prosodic/paralinguistic
speech information at the translation stage (Sperber
and Paulik, 2020); and potentially sub-optimal la-
tencies in the streaming context. End-to-end (E2E)
models for ST have been proposed to remedy these
problems, leveraging the simplicity of a single
model to sidestep these issues. E2E models are
also appealing from computational and engineer-
ing standpoints, reducing model complexity and
decreasing parameter count.

Although initial research has explored E2E mod-
els for joint speech recognition and translation, no
previous works have examined them in the stream-
ing case, a crucial step in using them for many
real-world applications. To understand this area
more fully, we develop an E2E model to compare

1This corresponds to the mandatory transcript case in the
proposed categorization by Sperber and Paulik (2020).
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with its cascading counterpart in this simultaneous
joint task. We build off the models proposed by
Sperber et al. (2020) in the consecutive case, ex-
tending them for use in the streaming setting. We
also use the re-translation technique introduced by
Niehues et al. (2018) to maintain simplicity while
streaming. To reduce model size, we introduce
a new method for E2E inference, producing both
transcript and translation in an interleaved fashion
with one decoder.

As this task requires a multi-faceted evaluation
along several axes, we provide a suite of evalua-
tions to highlight the differences of these major
design decisions. This suite includes assessing
translation quality, transcription quality, lag of the
streaming process, output flicker, and consistency
between the transcription and translation. We find
that our E2E model performs similarly to the cas-
caded model, indicating that E2E networks are a
feasible and promising direction for streaming ST.

2 Proposed Method

Network Architecture In the ST survey pro-
vided by Sperber et al. (2020), they introduce sev-
eral E2E models that could be used for the joint
setting. As our work focuses on providing a simple
but effective approach to streaming ST, we focus
on the CONCAT model, which generates both the
transcript and translation in a concatenated fash-
ion. We compare this E2E model against the stan-
dard cascading approach, following the architec-
ture and hyperparameter choices used in Sperber
et al. (2020). All audio input models use the same
multi-layer bidirectional LSTM architecture, stack-
ing and downsampling the audio by a factor of
three before processing. We note that although
bidirectional encoders are unusual with standard
ASR architectures, re-translation makes them possi-
ble. The cascaded model’s textual encoder follows
the architecture described in Vaswani et al. (2017)
but replaces self-attention blocks with LSTMs. De-
coder networks are similar, but use unidirectional
LSTMs. More implementation details can be found
in Appendix A.

In order to reduce model size and inference time
for E2E networks, we introduce a novel method
for interleaving both transcript and translation in
generation, removing the need to use separate de-
coders. This method extends the CONCAT model
proposed by Sperber et al. (2020) to jointly decode
according to the ratio given by the parameter γ (Fig-

Outputs  Do Wollen you Sie want gehen to EOS2 go EOS1

Language tokens src    trg    src   trg   src   trg    src   trg   src   src

Target Inputs <s>  <s>  Do Wollen you  Sie want gehen  to  go

Interleaving at ! = 0.5 

Outputs  Do you want to go EOS1 Wollen Sie gehen EOS2

Language tokens src  src  src   src  src  src   trg     trg     trg     trg

Target Inputs <s> Do you want  to  go  <s>  Wollen  Sie  gehen

Interleaving at ! = 0.0 

Outputs  Wollen Sie gehen EOS2 Do you want to go EOS1 

Language tokens trg     trg     trg       trg    src  src  src   src  src  src   

Target Inputs <s> Wollen  Sie  gehen <s> Do  you  want  to  go  

Interleaving at ! = 1.0 

Figure 1: Example token representations (En:De)
for three different interleaving parameters (Section 2).
Language tokens indicate whether the data corresponds
to the source transcript or the target translation and are
used with a learned embedding that is summed with the
word embeddings, as described in Sperber et al. (2020).

ure 1). When γ = 0.0, we generate the transcript
tokens until completion, followed by the transla-
tion tokens (vice versa for γ = 1.0). At γ = 0.0,
our model is equivalent to the previously proposed
model. Defining counti as the count of i tokens
previously generated, transcription tokens as st and
translation tokens as tt, we generate the next token
as a transcription token if:

(1.0− γ) ∗ (1 + counttt) > γ ∗ (1 + countst)

This approach enables us to produce tokens in an
interleaving fashion, given the hyperparameter γ.

Re-translation We use the re-translation method
(Niehues et al., 2018; Arivazhagan et al., 2020a,b)
as it provides a simple way to handle the streaming
case. This method works by simply re-translating
the utterance as new data arrives, updating its for-
mer prediction. As we are generating both tran-
script and translation, this avoids the challenging
issue of combining the requirements for both com-
ponents: streaming speech models need to man-
age the audio signal variability across time while
streaming translation models need to overcome is-
sues with reordering and lack of future context.

Alternative strategies to the re-translation ap-
proach include the chunk-based strategy explored
by Liu et al. (2020), which commits to all previous
output chunks and Ren et al. (2020) who utilize
an additional segmenter model trained via CTC
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Figure 2: Left: average lag in seconds vs BLEU score. Right: average lag in seconds vs WER score. All points are
the mean of each configuration’s score across the eight target languages. Configurations are the cross product of the
values for K and F , see Section 2: Inference. Note that points near 1.0 AL have appx. 99% of the unconstrained
BLEU score. Results for the E2E model use γ = 0.5.

.

Metric Params Model De Es Fr It Nl Pt Ro Ru Mean

BLEU ↑ 217M Cascade 18.8 22.7 27.0 18.9 22.5 21.9 17.9 13.0 20.3
107M E2E γ=0.0 18.1 23.1 27.0 18.7 22.3 22.2 17.6 12.2 20.2
107M E2E γ=0.3 17.7 22.6 26.3 18.0 21.5 21.5 17.0 12.1 19.6
107M E2E γ=0.5 18.2 22.8 27.0 18.6 21.9 21.9 17.1 12.0 19.9
107M E2E γ=1.0 18.2 22.8 27.1 18.9 22.2 22.3 17.6 12.7 20.2

WER ↓ 217M Cascade 25.9 24.0 23.1 25.6 28.5 26.4 24.4 23.1 25.1
107M E2E γ=0.0 24.2 23.5 23.3 23.0 23.4 25.3 24.1 23.6 23.8
107M E2E γ=0.3 24.1 23.6 22.9 23.8 23.4 25.7 24.1 24.1 24.0
107M E2E γ=0.5 24.5 23.9 22.9 23.8 23.4 25.7 24.3 23.6 24.0
107M E2E γ=1.0 23.6 22.9 22.3 23.0 22.4 24.7 23.4 22.7 23.1

Table 1: BLEU and WER scores for models trained on different target languages. Bold scores indicate results that
are statistically similar to the best score using a bootstrap permutation test with α = 0.05.

(Graves et al., 2006) to create segments that are
translated via wait-k (Ma et al., 2019). Although
these approaches show effective results, they add
additional complexity without addressing issues
particular to streaming transcription.

Inference In order to generate quality-latency
curves, we use several techniques to reduce la-
tency and flicker at the cost of quality. The
first is the mask-k method proposed by Arivazha-
gan et al. (2020b), masking the last K output
tokens. The second method is a form of con-
strained decoding: we define a hyperparameter
F that sets the number of free tokens allowed to
change in the next re-translation. Thus, we con-
strain future output to match the first len(tokens)−
F tokens of the current output. All models
use values {0, 1, 2, 3, 4, 5, 7, 10, 100} for K and

{0, 1, 2, 3, 4, 5, 7, 10, 15, 20, 25, 100} for F . For
interleaving models, we set K and F on both tran-
script and translation tokens.

3 Experimental Settings

Data We use the MuST-C corpus (di Gangi et al.,
2019) since it is the largest publicly available ST
corpus, consisting of TED talks with their English
transcripts and translations into eight other lan-
guage pairs. The dataset consists of at least 385
hours of audio for each target language.

We utilize the log Mel filterbank speech features
provided with the corpus as input for the ASR and
E2E models. To prepare the textual data, we re-
move non-speech artifacts (e.g. “(laughter)” and
speaker identification) and perform subword tok-
enization using SentencePiece (Kudo and Richard-
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Model En:De Incr. En:De Full En:Es Incr. En:Es Full Mean Incr. Mean Full

Cascade 13.8 13.2 12.2 11.6 14.1 13.4
E2E γ=0.0 17.6 16.7 14.9 13.8 17.0 16.0
E2E γ=0.3 17.2 16.6 14.3 13.7 16.6 15.8
E2E γ=0.5 17.8 16.5 14.8 13.3 17.3 15.7
E2E γ=1.0 17.3 16.8 14.9 13.7 16.9 15.8

Table 2: Consistency scores for En:De, En:Es, and average results over all languages; lower is better (see Sper-
ber et al. (2020)). Incr. stands for the incremental consistency score, or the average consistency throughout re-
translation. Bold scores indicate results that are statistically similar to the best score using a bootstrap permutation
test with α = 0.05.

son, 2018) on the unigram setting. Following pre-
vious work for E2E ST models, we use a relatively
small vocabulary and share transcription and trans-
lation vocabularies. We use MuST-C dev for valida-
tion and report results on tst-COMMON, utilizing
the segments provided (Appendix D).

Prefix Sampling We implement techniques de-
veloped by Niehues et al. (2018); Arivazhagan et al.
(2020b) for improving streaming ST, sampling a
random proportion of each training instance as addi-
tional data to teach our models to work with partial
input. See Appendix C for implementation details.

Metrics We evaluate these models on a compre-
hensive suite of metrics: sacrebleu (BLEU, Post
(2019)) for translation quality, word error rate
(WER, (Fiscus, 1997)) for transcription quality, av-
erage lag (AL, Ma et al. (2019)) for the lag be-
tween model input and output, and normalized era-
sure (NE, Arivazhagan et al. (2020a)) for output
flicker. Measuring consistency is a nascent area
of research; we use the robust and simple lexical
consistency metric defined by Sperber et al. (2020),
which uses word-level translation probabilities. To
show how consistent these results are while stream-
ing, we compute an incremental consistency score,
averaging the consistency of each re-translation.

4 Results

Results for the quality-latency curves created by the
use of constrained decoding and mask-k (Section 3)
are shown in Figure 2. Unconstrained settings are
used for all results in table form. For convenience,
bold scores indicate the highest performing models
in each metric according to a bootstrap permutation
test.

Translation Quality We see in Table 1 that the
cascaded model slightly outperforms some E2E

models, while achieving statistically similar per-
formance to the γ = 1.0 model. We note how-
ever, that the cascaded model has nearly twice as
many parameters as the E2E models (217M vs
107M). When we examine these models under a
variety of different inference conditions (using con-
strained decoding and mask-k as in Arivazhagan
et al. (2020a)), we further see this trend illustrated
through the quality vs latency trade-off (left of Fig-
ure 2), with both models retaining 99% of their
BLEU at less than 1.0 AL.

Transcription Quality Conversely, Table 1 and
the right of Figure 2 show that the γ = 1.0 E2E
model performs similarly or slightly better than
the cascaded model across all inference parameters
and all target languages. With an AL of 1.5, the
E2E model loses only 3% of its performance.

Consistency The E2E models perform worse
than the cascaded on consistency, with the best
models being approximately 18% less consistent
(Table 2). The cascaded model also maintains bet-
ter scores through each re-translation (Incr.).2

Flicker We note that the flicker scores for cas-
cade and E2E models are similar, with both hav-
ing normalized erasure scores of less than 1 and
the majority of inference settings having less than
the “few-revision” threshold of 0.2 (proposed by
Arivazhagan et al. (2020a)). More NE details are
found in Appendix B.

Interleaving Rate Table 1 also shows us the
overall results for different interleaving rates. We
see that interleaving at a rate of 1.0 has the best

2Initial experiments indicate that the triangle E2E archi-
tecture (Sperber et al., 2020) model may perform better on
consistency in our streaming setting, but due to time con-
straints we were not able to explore this further. Future work
exploring alternative architectures or decoding techniques (Le
et al., 2020) may provide fruitful avenues of research.
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quality scores (0.7 less WER than the next best
rate, the base γ = 0.0 model) but the worst consis-
tency (Table 2). Conversely, γ = 0.3 has the worst
quality scores but the best consistency.

5 Conclusion

We focus on the task of streaming speech trans-
lation, producing both a target translation and a
source transcript from an audio source. We de-
velop an end-to-end model to avoid problems that
arise from the use of cascaded models for stream-
ing ST. We further introduce a new method for joint
inference for end-to-end models, generating both
translation and transcription tokens concurrently.
We show that our novel end-to-end model, with
only half the number of parameters, is compara-
ble to standard cascaded models across a variety
of evaluation categories: transcript and translation
quality, lag of streaming, consistency between tran-
script and translation, and re-translation flicker. We
hope that this will spur increased interest in us-
ing end-to-end models for practical applications of
streaming speech translation.
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A Model Details

In this section we will describe implementation
details of the model architectures (shown in Figure
3) and training processes.

Model Architectures Unless otherwise noted,
the same hyperparameters are used for all mod-
els. Weights for the speech encoder are initialized
based on a pre-trained attentional ASR task that
is identical to the ASR part of the direct multitask
model. Other weights are initialized according to
Glorot and Bengio (2010). The speech encoder is
a 5-layer bidirectional LSTM with 700 dimensions
per direction. Attentional decoders consist of 2
Transformer blocks (Vaswani et al., 2017) but use
1024-dimensional unidirectional LSTMs instead
of self-attention, except for the CONCAT model,
which uses 3 layers.

For the cascade’s MT model, encoder/decoder
both contain 6 layers with 1024-dimensional
LSTMs. Subword embeddings are size 1024. We
regularize using LSTM dropout with p = 0.3, de-
coder input word-type dropout (Gal and Ghahra-
mani, 2016), and attention dropout, both p = 0.1.
We apply label smoothing with strength ε = 0.1.

Training We optimize using Adam (Kingma and
Ba, 2014) with α = 0.0005, β1 = 0.9, β2 = 0.98,
4000 warm-up steps, and learning rate decay by
using the inverse square root of the iteration of
each instance. We set the batch size dynamically
based on the sentence length, such that the average
batch size is 128 utterances. The training is stopped
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level translation BLEU score (for the E2E and MT
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models) and corpus-level WER for the cascade’s
ASR model.

For decoding and generating n-best lists, we use
beam size 5 and polynomial length normalization
with exponent 1.5. Our implementation is based on
PyTorch (Paszke et al., 2019) and XNMT (Neubig
et al., 2018), and all models are trained in single-
GPU environments, employing Tesla V100 GPUs
with 32 GB memory. Most E2E and ASR models
converged after approximately 30 epochs or 5 days
of training. MT models converged after approxi-
mately 50 epochs or 2 days of training.

B Normalized Erasure (Output Flicker)

We see similar curves for both the cascaded model
and the E2E model when comparing normalized
erasure in Figure 4. We see that most settings have
an NE score of less than 0.2, while virtually all
settings are less than 1. We note that a proportion
of 0.2 for NE means that, on average, 1/5 of the
tokens change once before they settle to their final
state.

C Prefix Training

We used prefix training to increase stability and
reduce flickering in the streaming setting. We con-
ducted this by utilizing each training instance twice
in each epoch: one as normal and the other with
only the prefix. The length of the prefixes were
randomly sampled from [0, 1]. We found that this
additional data augmentation was particularly help-
ful; without it, the models would hallucinate the
rest of a partial sentence.

enc� 7! g1 . . . gl
<latexit sha1_base64="Es+Vlc4xSLL7OF3ywEp+I33cn4A=">AAACHXicbVDLSsNAFJ3UV62vqEs3g0VwVRIp6LLgxmUF+4AmhMlk0g6dyYSZiVBCfsSNv+LGhSIu3Ih/4yRmoa0Xhjmccy/3nhOmjCrtOF9WY219Y3Orud3a2d3bP7APj4ZKZBKTARZMyHGIFGE0IQNNNSPjVBLEQ0ZG4fy61Ef3RCoqkju9SInP0TShMcVIGyqwux5HeiZ5ThJcBLkXChapBTdf7qUzWhRGT5UWcBq4XiS0MoAFdtvpOFXBVeDWoA3q6gf2h5nFGSeJxgwpNXGdVPs5kppiRoqWlymSIjxHUzIxMEGcKD+v3BXwzDARjIU0L9GwYn9P5Iir8mTTWXpRy1pJ/qdNMh1f+TlN0kyX7qtFccagcVtGBSMqCdZsYQDCkppbIZ4hibA2gbZMCO6y5VUwvOi4Tse97bZ73TqOJjgBp+AcuOAS9MAN6IMBwOABPIEX8Go9Ws/Wm/X+09qw6plj8Kesz28Kv6Om</latexit><latexit sha1_base64="Es+Vlc4xSLL7OF3ywEp+I33cn4A=">AAACHXicbVDLSsNAFJ3UV62vqEs3g0VwVRIp6LLgxmUF+4AmhMlk0g6dyYSZiVBCfsSNv+LGhSIu3Ih/4yRmoa0Xhjmccy/3nhOmjCrtOF9WY219Y3Orud3a2d3bP7APj4ZKZBKTARZMyHGIFGE0IQNNNSPjVBLEQ0ZG4fy61Ef3RCoqkju9SInP0TShMcVIGyqwux5HeiZ5ThJcBLkXChapBTdf7qUzWhRGT5UWcBq4XiS0MoAFdtvpOFXBVeDWoA3q6gf2h5nFGSeJxgwpNXGdVPs5kppiRoqWlymSIjxHUzIxMEGcKD+v3BXwzDARjIU0L9GwYn9P5Iir8mTTWXpRy1pJ/qdNMh1f+TlN0kyX7qtFccagcVtGBSMqCdZsYQDCkppbIZ4hibA2gbZMCO6y5VUwvOi4Tse97bZ73TqOJjgBp+AcuOAS9MAN6IMBwOABPIEX8Go9Ws/Wm/X+09qw6plj8Kesz28Kv6Om</latexit><latexit sha1_base64="Es+Vlc4xSLL7OF3ywEp+I33cn4A=">AAACHXicbVDLSsNAFJ3UV62vqEs3g0VwVRIp6LLgxmUF+4AmhMlk0g6dyYSZiVBCfsSNv+LGhSIu3Ih/4yRmoa0Xhjmccy/3nhOmjCrtOF9WY219Y3Orud3a2d3bP7APj4ZKZBKTARZMyHGIFGE0IQNNNSPjVBLEQ0ZG4fy61Ef3RCoqkju9SInP0TShMcVIGyqwux5HeiZ5ThJcBLkXChapBTdf7qUzWhRGT5UWcBq4XiS0MoAFdtvpOFXBVeDWoA3q6gf2h5nFGSeJxgwpNXGdVPs5kppiRoqWlymSIjxHUzIxMEGcKD+v3BXwzDARjIU0L9GwYn9P5Iir8mTTWXpRy1pJ/qdNMh1f+TlN0kyX7qtFccagcVtGBSMqCdZsYQDCkppbIZ4hibA2gbZMCO6y5VUwvOi4Tse97bZ73TqOJjgBp+AcuOAS9MAN6IMBwOABPIEX8Go9Ws/Wm/X+09qw6plj8Kesz28Kv6Om</latexit><latexit sha1_base64="Es+Vlc4xSLL7OF3ywEp+I33cn4A=">AAACHXicbVDLSsNAFJ3UV62vqEs3g0VwVRIp6LLgxmUF+4AmhMlk0g6dyYSZiVBCfsSNv+LGhSIu3Ih/4yRmoa0Xhjmccy/3nhOmjCrtOF9WY219Y3Orud3a2d3bP7APj4ZKZBKTARZMyHGIFGE0IQNNNSPjVBLEQ0ZG4fy61Ef3RCoqkju9SInP0TShMcVIGyqwux5HeiZ5ThJcBLkXChapBTdf7qUzWhRGT5UWcBq4XiS0MoAFdtvpOFXBVeDWoA3q6gf2h5nFGSeJxgwpNXGdVPs5kppiRoqWlymSIjxHUzIxMEGcKD+v3BXwzDARjIU0L9GwYn9P5Iir8mTTWXpRy1pJ/qdNMh1f+TlN0kyX7qtFccagcVtGBSMqCdZsYQDCkppbIZ4hibA2gbZMCO6y5VUwvOi4Tse97bZ73TqOJjgBp+AcuOAS9MAN6IMBwOABPIEX8Go9Ws/Wm/X+09qw6plj8Kesz28Kv6Om</latexit>

dec� 7! u1 . . . um
<latexit sha1_base64="Vn9QEFtqHPbDPvOn5qgGfkMUUTI=">AAACHXicbVDLSsNAFJ34rPVVdelmsAiuSiIFXRbcuKxgH9CEMJlM2qHzCDMToYT8iBt/xY0LRVy4Ef/GSZuFtl4Y5nDOvdx7TpQyqo3rfjtr6xubW9u1nfru3v7BYePouK9lpjDpYcmkGkZIE0YF6RlqGBmmiiAeMTKIpjelPnggSlMp7s0sJQFHY0ETipGxVNho+xyZieJ5THAR5n4kWaxn3H65n05oUVg91UbCLPT8WBptAQ8bTbflzguuAq8CTVBVN2x82lmccSIMZkjrkeemJsiRMhQzUtT9TJMU4Skak5GFAnGig3zuroDnlolhIpV9wsA5+3siR1yXJ9vO0ote1kryP22UmeQ6yKlIM0MEXixKMgat2zIqGFNFsGEzCxBW1N4K8QQphI0NtG5D8JYtr4L+ZctzW95du9lpV3HUwCk4AxfAA1egA25BF/QABo/gGbyCN+fJeXHenY9F65pTzZyAP+V8/QAmnKO5</latexit><latexit sha1_base64="Vn9QEFtqHPbDPvOn5qgGfkMUUTI=">AAACHXicbVDLSsNAFJ34rPVVdelmsAiuSiIFXRbcuKxgH9CEMJlM2qHzCDMToYT8iBt/xY0LRVy4Ef/GSZuFtl4Y5nDOvdx7TpQyqo3rfjtr6xubW9u1nfru3v7BYePouK9lpjDpYcmkGkZIE0YF6RlqGBmmiiAeMTKIpjelPnggSlMp7s0sJQFHY0ETipGxVNho+xyZieJ5THAR5n4kWaxn3H65n05oUVg91UbCLPT8WBptAQ8bTbflzguuAq8CTVBVN2x82lmccSIMZkjrkeemJsiRMhQzUtT9TJMU4Skak5GFAnGig3zuroDnlolhIpV9wsA5+3siR1yXJ9vO0ote1kryP22UmeQ6yKlIM0MEXixKMgat2zIqGFNFsGEzCxBW1N4K8QQphI0NtG5D8JYtr4L+ZctzW95du9lpV3HUwCk4AxfAA1egA25BF/QABo/gGbyCN+fJeXHenY9F65pTzZyAP+V8/QAmnKO5</latexit><latexit sha1_base64="Vn9QEFtqHPbDPvOn5qgGfkMUUTI=">AAACHXicbVDLSsNAFJ34rPVVdelmsAiuSiIFXRbcuKxgH9CEMJlM2qHzCDMToYT8iBt/xY0LRVy4Ef/GSZuFtl4Y5nDOvdx7TpQyqo3rfjtr6xubW9u1nfru3v7BYePouK9lpjDpYcmkGkZIE0YF6RlqGBmmiiAeMTKIpjelPnggSlMp7s0sJQFHY0ETipGxVNho+xyZieJ5THAR5n4kWaxn3H65n05oUVg91UbCLPT8WBptAQ8bTbflzguuAq8CTVBVN2x82lmccSIMZkjrkeemJsiRMhQzUtT9TJMU4Skak5GFAnGig3zuroDnlolhIpV9wsA5+3siR1yXJ9vO0ote1kryP22UmeQ6yKlIM0MEXixKMgat2zIqGFNFsGEzCxBW1N4K8QQphI0NtG5D8JYtr4L+ZctzW95du9lpV3HUwCk4AxfAA1egA25BF/QABo/gGbyCN+fJeXHenY9F65pTzZyAP+V8/QAmnKO5</latexit><latexit sha1_base64="Vn9QEFtqHPbDPvOn5qgGfkMUUTI=">AAACHXicbVDLSsNAFJ34rPVVdelmsAiuSiIFXRbcuKxgH9CEMJlM2qHzCDMToYT8iBt/xY0LRVy4Ef/GSZuFtl4Y5nDOvdx7TpQyqo3rfjtr6xubW9u1nfru3v7BYePouK9lpjDpYcmkGkZIE0YF6RlqGBmmiiAeMTKIpjelPnggSlMp7s0sJQFHY0ETipGxVNho+xyZieJ5THAR5n4kWaxn3H65n05oUVg91UbCLPT8WBptAQ8bTbflzguuAq8CTVBVN2x82lmccSIMZkjrkeemJsiRMhQzUtT9TJMU4Skak5GFAnGig3zuroDnlolhIpV9wsA5+3siR1yXJ9vO0ote1kryP22UmeQ6yKlIM0MEXixKMgat2zIqGFNFsGEzCxBW1N4K8QQphI0NtG5D8JYtr4L+ZctzW95du9lpV3HUwCk4AxfAA1egA25BF/QABo/gGbyCN+fJeXHenY9F65pTzZyAP+V8/QAmnKO5</latexit>

Cascade (CASC)

enc⇡ 7! h1 . . . hl
<latexit sha1_base64="gEZ80uJep5iP2iPLbPDsugDghNc=">AAACG3icbVDLSsNAFJ34rPVVdelmsAiuSlIKuiy4cVnBPqAJYTKZNEMnmWFmIpSQ/3Djr7hxoYgrwYV/4yRmoa0Xhjmccy/3nhMIRpW27S9rbX1jc2u7sdPc3ds/OGwdHY8UzyQmQ8wZl5MAKcJoSoaaakYmQhKUBIyMg/l1qY/viVSUp3d6IYiXoFlKI4qRNpTf6roJ0rFMcpLiws/dgLNQLRLz5a6gRWFkoTSHseOGXCsY+8xvte2OXRVcBU4N2qCugd/6MLM4S0iqMUNKTR1baC9HUlPMSNF0M0UEwnM0I1MDU5QQ5eWVtwKeGyaEEZfmpRpW7O+JHCWqPNh0lk7UslaS/2nTTEdXXk5TkenSe7Uoyhg0ZsugYEglwZotDEBYUnMrxDGSCGsTZ9OE4CxbXgWjbsexO85tr93v1XE0wCk4AxfAAZegD27AAAwBBg/gCbyAV+vRerberPef1jWrnjkBf8r6/AZr16LN</latexit><latexit sha1_base64="gEZ80uJep5iP2iPLbPDsugDghNc=">AAACG3icbVDLSsNAFJ34rPVVdelmsAiuSlIKuiy4cVnBPqAJYTKZNEMnmWFmIpSQ/3Djr7hxoYgrwYV/4yRmoa0Xhjmccy/3nhMIRpW27S9rbX1jc2u7sdPc3ds/OGwdHY8UzyQmQ8wZl5MAKcJoSoaaakYmQhKUBIyMg/l1qY/viVSUp3d6IYiXoFlKI4qRNpTf6roJ0rFMcpLiws/dgLNQLRLz5a6gRWFkoTSHseOGXCsY+8xvte2OXRVcBU4N2qCugd/6MLM4S0iqMUNKTR1baC9HUlPMSNF0M0UEwnM0I1MDU5QQ5eWVtwKeGyaEEZfmpRpW7O+JHCWqPNh0lk7UslaS/2nTTEdXXk5TkenSe7Uoyhg0ZsugYEglwZotDEBYUnMrxDGSCGsTZ9OE4CxbXgWjbsexO85tr93v1XE0wCk4AxfAAZegD27AAAwBBg/gCbyAV+vRerberPef1jWrnjkBf8r6/AZr16LN</latexit><latexit sha1_base64="gEZ80uJep5iP2iPLbPDsugDghNc=">AAACG3icbVDLSsNAFJ34rPVVdelmsAiuSlIKuiy4cVnBPqAJYTKZNEMnmWFmIpSQ/3Djr7hxoYgrwYV/4yRmoa0Xhjmccy/3nhMIRpW27S9rbX1jc2u7sdPc3ds/OGwdHY8UzyQmQ8wZl5MAKcJoSoaaakYmQhKUBIyMg/l1qY/viVSUp3d6IYiXoFlKI4qRNpTf6roJ0rFMcpLiws/dgLNQLRLz5a6gRWFkoTSHseOGXCsY+8xvte2OXRVcBU4N2qCugd/6MLM4S0iqMUNKTR1baC9HUlPMSNF0M0UEwnM0I1MDU5QQ5eWVtwKeGyaEEZfmpRpW7O+JHCWqPNh0lk7UslaS/2nTTEdXXk5TkenSe7Uoyhg0ZsugYEglwZotDEBYUnMrxDGSCGsTZ9OE4CxbXgWjbsexO85tr93v1XE0wCk4AxfAAZegD27AAAwBBg/gCbyAV+vRerberPef1jWrnjkBf8r6/AZr16LN</latexit><latexit sha1_base64="gEZ80uJep5iP2iPLbPDsugDghNc=">AAACG3icbVDLSsNAFJ34rPVVdelmsAiuSlIKuiy4cVnBPqAJYTKZNEMnmWFmIpSQ/3Djr7hxoYgrwYV/4yRmoa0Xhjmccy/3nhMIRpW27S9rbX1jc2u7sdPc3ds/OGwdHY8UzyQmQ8wZl5MAKcJoSoaaakYmQhKUBIyMg/l1qY/viVSUp3d6IYiXoFlKI4qRNpTf6roJ0rFMcpLiws/dgLNQLRLz5a6gRWFkoTSHseOGXCsY+8xvte2OXRVcBU4N2qCugd/6MLM4S0iqMUNKTR1baC9HUlPMSNF0M0UEwnM0I1MDU5QQ5eWVtwKeGyaEEZfmpRpW7O+JHCWqPNh0lk7UslaS/2nTTEdXXk5TkenSe7Uoyhg0ZsugYEglwZotDEBYUnMrxDGSCGsTZ9OE4CxbXgWjbsexO85tr93v1XE0wCk4AxfAAZegD27AAAwBBg/gCbyAV+vRerberPef1jWrnjkBf8r6/AZr16LN</latexit>

dec⇡ 7! v1 . . . vn
<latexit sha1_base64="lB5L7ip4vM79yXZBR1/CuT1TrD8=">AAACHXicbVBLSwMxGMzWV62vqkcvwSJ4KrtS0GPBi8cK9gHdZclm0zY0jyXJFsqyf8SLf8WLB0U8eBH/jdl2D9r6QcgwkyHfTJQwqo3rfjuVjc2t7Z3qbm1v/+DwqH580tMyVZh0sWRSDSKkCaOCdA01jAwSRRCPGOlH09tC78+I0lSKBzNPSMDRWNARxchYKqy3fI7MRPEsJjgPMz+SLNZzbq/MT2ieWznRRsJZ6EE/lkZbZG0Nt+kuBq4DrwQNUE4nrH9aL045EQYzpPXQcxMTZEgZihnJa36qSYLwFI3J0EKBONFBtkiXwwvLxHAklT3CwAX725EhrouV7csii17VCvI/bZia0U2QUZGkhgi8/GiUMmjjFlXBmCqCDZtbgLCidleIJ0ghbGyhNVuCtxp5HfSump7b9O5bjXarrKMKzsA5uAQeuAZtcAc6oAsweATP4BW8OU/Oi/PufCyfVpzScwr+jPP1A7tHo3Q=</latexit><latexit sha1_base64="lB5L7ip4vM79yXZBR1/CuT1TrD8=">AAACHXicbVBLSwMxGMzWV62vqkcvwSJ4KrtS0GPBi8cK9gHdZclm0zY0jyXJFsqyf8SLf8WLB0U8eBH/jdl2D9r6QcgwkyHfTJQwqo3rfjuVjc2t7Z3qbm1v/+DwqH580tMyVZh0sWRSDSKkCaOCdA01jAwSRRCPGOlH09tC78+I0lSKBzNPSMDRWNARxchYKqy3fI7MRPEsJjgPMz+SLNZzbq/MT2ieWznRRsJZ6EE/lkZbZG0Nt+kuBq4DrwQNUE4nrH9aL045EQYzpPXQcxMTZEgZihnJa36qSYLwFI3J0EKBONFBtkiXwwvLxHAklT3CwAX725EhrouV7csii17VCvI/bZia0U2QUZGkhgi8/GiUMmjjFlXBmCqCDZtbgLCidleIJ0ghbGyhNVuCtxp5HfSump7b9O5bjXarrKMKzsA5uAQeuAZtcAc6oAsweATP4BW8OU/Oi/PufCyfVpzScwr+jPP1A7tHo3Q=</latexit><latexit sha1_base64="lB5L7ip4vM79yXZBR1/CuT1TrD8=">AAACHXicbVBLSwMxGMzWV62vqkcvwSJ4KrtS0GPBi8cK9gHdZclm0zY0jyXJFsqyf8SLf8WLB0U8eBH/jdl2D9r6QcgwkyHfTJQwqo3rfjuVjc2t7Z3qbm1v/+DwqH580tMyVZh0sWRSDSKkCaOCdA01jAwSRRCPGOlH09tC78+I0lSKBzNPSMDRWNARxchYKqy3fI7MRPEsJjgPMz+SLNZzbq/MT2ieWznRRsJZ6EE/lkZbZG0Nt+kuBq4DrwQNUE4nrH9aL045EQYzpPXQcxMTZEgZihnJa36qSYLwFI3J0EKBONFBtkiXwwvLxHAklT3CwAX725EhrouV7csii17VCvI/bZia0U2QUZGkhgi8/GiUMmjjFlXBmCqCDZtbgLCidleIJ0ghbGyhNVuCtxp5HfSump7b9O5bjXarrKMKzsA5uAQeuAZtcAc6oAsweATP4BW8OU/Oi/PufCyfVpzScwr+jPP1A7tHo3Q=</latexit><latexit sha1_base64="lB5L7ip4vM79yXZBR1/CuT1TrD8=">AAACHXicbVBLSwMxGMzWV62vqkcvwSJ4KrtS0GPBi8cK9gHdZclm0zY0jyXJFsqyf8SLf8WLB0U8eBH/jdl2D9r6QcgwkyHfTJQwqo3rfjuVjc2t7Z3qbm1v/+DwqH580tMyVZh0sWRSDSKkCaOCdA01jAwSRRCPGOlH09tC78+I0lSKBzNPSMDRWNARxchYKqy3fI7MRPEsJjgPMz+SLNZzbq/MT2ieWznRRsJZ6EE/lkZbZG0Nt+kuBq4DrwQNUE4nrH9aL045EQYzpPXQcxMTZEgZihnJa36qSYLwFI3J0EKBONFBtkiXwwvLxHAklT3CwAX725EhrouV7csii17VCvI/bZia0U2QUZGkhgi8/GiUMmjjFlXBmCqCDZtbgLCidleIJ0ghbGyhNVuCtxp5HfSump7b9O5bjXarrKMKzsA5uAQeuAZtcAc6oAsweATP4BW8OU/Oi/PufCyfVpzScwr+jPP1A7tHo3Q=</latexit>

Transcript

Translation

End-to-end (CONCAT)

enc 7! h1 . . . hl
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Transcript || Translation

dec 7! u1 . . . um+n
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Figure 3: Architectures of the cascade and concate-
nated (E2E) model

Figure 4: Left: average lag in seconds vs NE score.
Right: NE vs WER score. All values are the mean of
the results from the eight target languages.

We further found that starting the prefix sam-
pling data augmentation too late in training was
also negative. After testing initial models on the
dev set, we found that starting this additional aug-
mentation 15 epochs after training was best.

D Utterance Segmentation

We follow the audio segments provided in the
MuST-C corpus, created through a use of human
alignment and XNMT (Neubig et al., 2018). We
note that there exist a variety of methods for creat-
ing segments for such models, however, we leave
additional exploration of E2E alignment methods
as future work.


