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Abstract

Simultaneous Speech Translation (SimulST) systems stream
in audio while simultaneously emitting translated text or
speech. Such systems face the significant challenge of balanc-
ing translation quality and latency. We introduce a strategy to
optimize this tradeoff: wait for more input only if you gain
information by doing so. Based on this strategy, we present
Regularized Entropy INformation Adaptation (REINA), a
novel loss to train an adaptive policy using an existing non-
streaming translation model. We derive REINA from infor-
mation theory principles and show that REINA helps push the
reported Pareto frontier of the latency/quality tradeoff over
prior works. Utilizing REINA, we train a SimulST model
on French, Spanish and German, both from and into En-
glish. Training on only open source or synthetically gener-
ated data, we achieve state-of-the-art (SOTA) streaming re-
sults for models of comparable size. We also introduce a met-
ric for streaming efficiency, quantitatively showing REINA
improves the latency/quality trade-off by as much as 21 per-
cent compared to prior approaches, normalized against non-
streaming baseline BLEU scores.

1 Introduction
Simultaneous Speech Translation (SimulST) involves real-
time translation of speech in one language into text in an-
other. This extends the simpler speech-to-text-translation
(S2TT) task, which involves translation with the full con-
text of an entire speech clip. While S2TT allows for offline
applications, conversational environments such as voice or
video chat necessitate SimulST models to facilitate real-time
communication across language barriers.

Recently, End-to-end (E2E) S2TT models have largely
superseded traditional cascaded approaches, which link sep-
arate Automatic Speech Recognition (ASR) and Machine
Translation (MT) systems. E2E models mitigate error propa-
gation and reduce latency by directly mapping source speech
to target text (Communication et al. 2023; Peng et al. 2024;
Radford et al. 2023; Hirschkind et al. 2024).

Rather than training SimulST models from scratch, most
works take advantage of advances in S2TT research by
adapting a non-streaming S2TT model into a SimulST
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model (Communication et al. 2023; Chen et al. 2024; Zhang
et al. 2024; Papi et al. 2024). To transition from non-
streaming S2TT to SimulST introduces the challenge of bal-
ancing translation quality and latency. This requires a pol-
icy to decide whether to wait for more input (READ) or
generate output (WRITE) (Gu et al. 2017). This problem is
particularly difficult in the translation setting because dif-
ferent languages can have different word orderings, requir-
ing differing amounts of context before a suitable translation
can occur. Many approaches have been formulated to deter-
mine this READ/WRITE policy, from baking the policy into
the model architecture itself via monotonic attention mecha-
nisms (Arivazhagan et al. 2019; Ma et al. 2020b; Communi-
cation et al. 2023), or having a separate module to dictate the
policy (Chen et al. 2024). However, these approaches suffer
from issues including poor translation quality compared to
non-streaming models and expensive, numerically unstable
training (Communication et al. 2023; Chen et al. 2024).

In this paper, we address the problem of efficiently train-
ing high quality SimulST models. The major contributions
of this paper can be summarized as follows:

New Policy Training Technique. We propose Regular-
ized Entropy INformation Adaptation (REINA), a new tech-
nique for policy training that can efficiently convert non-
streaming Speech-to-Text Translation (S2TT) models into
simultaneous S2TT (SimulST) models. REINA is guided by
an approximation of mutual information derived from the
S2TT model’s log probabilities on partial versus full audio
and is shown to produce higher quality policies than existing
methods.

Trained with open-source data. We train an E2E S2TT
model with REINA on 130k hours of open-source data.
Based on empirical studies, this model achieves SOTA
streaming translation performance.

Streaming efficiency evaluation metric. We propose a
new evaluation metric to better compare SimulST mod-
els. This metric normalizes the streaming translation qual-
ity against the performance of the underlying non-streaming
model, allowing for a fairer assessment of the capabilities of
the streaming policy itself.

2 Related Work
While learning adaptive policies for SimulST is a fairly new
research area, it builds on a rich body of non-streaming
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S2TT work. In this section, we outline these S2TT founda-
tions and then discuss SimulST policies.

Training Speech to Text Translation Models The lit-
erature around S2TT contains many large-scale, powerful
models including Whisper (Radford et al. 2023), Seam-
lessM4T (Communication et al. 2023), Canary (Puvvada
et al. 2024), and the Open Whisper-style Speech Model
(OWSM) (Peng et al. 2024). These models vary in ar-
chitecture (e.g., Whisper’s Transformer, OWSMv3.1’s E-
Branchformer) and training data scale, ranging from Ca-
nary’s 86k hours (leveraging pseudo-labels) to Whisper’s
680k hours of web data and SeamlessM4T’s 600k hours of
synthetically aligned data.

Due to the relative scarcity of parallel ST data compared
to ASR or MT corpora, multi-task learning (MTL) is widely
adopted (Ye, Wang, and Li 2022; Chen et al. 2024; Commu-
nication et al. 2023). Auxiliary tasks like ASR and neural
machine translation (NMT) are jointly trained with S2TT
to improve representations and leverage abundant text or
speech data. Furthermore, contrastive learning techniques,
such as in ConST (Ye, Wang, and Li 2022), encourage sim-
ilarity between corresponding speech segments and their
transcriptions. There is a notable gap in the literature be-
tween industry work leveraging massive proprietary datasets
and less resourced research making heavy use of MTL to get
the most out of smaller data scales. As OWSM (Peng et al.
2024) bridges this gap for the non-streaming setting, we aim
to do the same for SimulST. We are one of the first SimulST
works to leverage large-scale open source data that we train
on with an MTL framework including MT and ASR tasks.

Streaming Policy Learning Transitioning S2TT models
to SimulST introduces the challenge of learning a READ-
/WRITE policy that balances translation quality and latency.
Fixed policies like wait-k are simple to implement but are
usually suboptimal due to the mismatch between the sam-
pling rate of the input audio frames and the frequency of
outputted words (Ma, Pino, and Koehn 2020). That being
said, recent works like SimulS2S-LLM (Deng et al. 2025a)
have used wait-k with some success. Adaptive polices based
on heuristics such as attention matrix weights as seen in
EdAtt (Papi, Negri, and Turchi 2023) also been proposed,
which are usually better.

On the other hand, adaptive learnable policies dynami-
cally adjust decisions based on context. Prior works have
integrated the policy within the model architecture, such
as Transducer models (Graves 2012; Xue et al. 2022),
which inherently support streaming via monotonic align-
ment, or models using monotonic attention mechanisms like
MMA (Arivazhagan et al. 2019) or EMMA (Communi-
cation et al. 2023). Monotonic alignment methods afford
greater expressivity, but they tend to be excessively expen-
sive to compute at train time and suffer from both poor nu-
merical stability and difficulty in converging. Our prelimi-
nary investigations validate this claim.

Other SimulST works avoid complex, explicit policies,
instead generating aligned data with which to directly train
SimulST models (Labiausse et al. 2025; Fu et al. 2025; Deng
et al. 2025b). These works often use existing models such as
NMT models (Labiausse et al. 2025) or LLM’s (Fu et al.

2025; Deng et al. 2025b) as teachers to create synthetically
aligned data for streaming training. Such models can afford
simpler architectures without policy networks. That said,
SimulST models deriving their policies from generated data
are often limited in their streaming performance based on
the quality of the teacher model.

Explicit policy training Other adaptive strategies decou-
ple the policy from the translation model (Chen et al. 2024;
Gu et al. 2017; Zhang et al. 2024). Some leverage signals
from pre-trained offline models, such as using reinforcement
learning (RL) to directly optimize the quality-latency trade-
off (Gu et al. 2017). Although these methods simplify the
learning problem by decoupling the policy from the transla-
tion model, they require explicit supervision from a suitable
metric and are often suboptimal. RL is hard to stabilize and
efficiently train, especially in cases like SimulST, with no
guarantee of convergence (Gu et al. 2017).

Closely related to our work is the divergence-guided ap-
proach of DiG-SST (Chen et al. 2024). DiG-SST trains a
lightweight policy module using the expected divergence
between output distributions conditioned on partial ver-
sus complete input, estimated from a non-streaming S2TT
model. This approach is efficient to train and directly opti-
mizes for the SimulST task. Nevertheless, DiG-SST’s for-
mulation fails to make use of valuable information from
ground truth labels when computing divergence scores. In
REINA, we propose an improved formulation of a similar
concept, yielding better streaming results.

3 Model
In this section, we introduce REINAStream, a low latency
SimulST model trained on large-scale, open source data. We
illustrate our architecture and loss functions in figure 1.

3.1 Policy Learning
To learn an effective READ/WRITE policy, we introduce a
new loss function: Regularized Entropy INformation Adap-
tation (REINA). REINA enables us to adapt a non-streaming
speech translation model into a streaming, SimulST model
with minimal extra training.

First, we outline the problem more formally. Suppose that
we are translating an input audio stream a into a target lan-
guage with a streaming chunk size of j frames. Given a
partial audio recording at at frame t and previously emit-
ted tokens s1, s2, . . . , sn, we need to decide whether to pro-
duce token sn+1 (WRITE) or wait for another audio chunk
(READ). If we READ, we consume another frame of au-
dio, giving us at+1, whereas if we WRITE, we gain a to-
ken, yielding the same audio at but tokens s1, . . . , sn, sn+1.
Our policy must learn to make READ/WRITE decisions that
maximize translation quality while minimizing the latency
with which we emit each token. This recursive setup ap-
pears to lend itself to a dynamic programming type of opti-
mization, as in Seamless (Communication et al. 2023) or the
Transducer architecture (Graves 2012). However, in prac-
tice, optimizing over all possible READ/WRITE sequences
results in expensive, numerically unstable training.

Instead, we start from a core idea: we should wait for more

31006



Figure 1: Non-streaming and streaming training procedures for REINAStream. For non-streaming training we use a trainable
MT encoder to train on parallel NMT data. During streaming training we a) pass a full audio and truncated audio through the
model, b) compute the cross-entropy (CE) loss of each, c) predict a policy using the policy network on top of the partial-audio
output of the decoder, and finally d) calculate the REINA loss using the CE terms and policy predictions.

audio (i.e. READ) if and only if we gain information by do-
ing so. We formalize this notion using mutual information
theory. Given audio a of length T and ground truth transla-
tion token sequence S = (s1, . . . , sN ), after writing n < N
tokens and listening to t < T timesteps of audio, we can ex-
press the information gained about the next token sn+1 by
waiting for the rest of the input audio as

F(a, S, n, t) = I(sn+1; aT , Sn)− I(sn+1; at, Sn) (1)
where I is the symbol for mutual information. We

can then construct an ideal READ/WRITE policy πα on
top of this quantity: πα(a, S, n, t) returns READ when
F(a, S, n, t) > α and WRITE otherwise. We can then adjust
α to control the latency quality tradeoff. This policy READs
exactly when the information gained exceeds a given thresh-
old. We can rewrite F(a, S, n, t) using mutual information
equations (Barber and Agakov 2004) as follows

F(a, S, n, t) = I(sn+1; aT , Sn)− I(sn+1; at, Sn)

= H(sn+1)−H(sn+1|aT , Sn)

− [H(sn+1)−H(sn+1|at, Sn)]

= H(sn+1|at, Sn)−H(sn+1|aT , Sn)

= E [log p(sn+1|aT , Sn)− log p(sn+1|at, Sn)] (2)
Although we might not have access to log p(sn+1|aT , Sn)

or log p(sn+1|at, Sn), we are able to estimate these
via the log-probabilities of the base S2TT model as
log p̂(sn+1|aT , Sn) and log p̂(sn+1|at, Sn), which are the
log-probabilities of the next label token computed when
passing the full audio and partial audio through the model
respectively. Note that these are also the negatives of the
cross-entropy losses obtained when running the model on
the full and partial audio.

We now have an estimate F̂(a, S, n, t). However, this es-
timate cannot be computed during inference time as it re-
quires access to the full target text, so we instead formu-
late a heuristic to estimate the information gain. We train

a model parameterized by θ to estimate a heuristic qθ =
q(a, S, n, t|θ) that yields policy π̂α, which returns READ
if and only if qθ > α. We train qθ to strongly correlate with
F(a, S, n, t) by maximizing the covariance between qθ and
the estimate F̂(a, S, n, t). This gives us the following opti-
mization problem:

max
θ

(
Cov(qθ, F̂(a, S, n, t))

)
= max

θ

(
E
[
qθ · F̂(a, S, n, t)

]
−

E [qθ] · E
[
F̂(a, S, n, t)

])
(3)

We can simplify this expression by normalizing the informa-
tion gain estimate F̂(a, S, n, t) to have zero mean, making
E [qθ] · E

[
F̂(a, S, n, t)

]
evaluate to 0. We achieve this at

train time by normalizing each batch to have 0 mean and 1
standard deviation, resulting in the final optimization prob-
lem:

max
θ

[
E
[
qθ · BN

(
F̂(a, S, n, t)

)]]
= min

θ

[
qθ · BN

[
log p̂t

sn+1 − log p̂T
sn+1

]]
(4)

where BN represents our batch normalization. We ap-
ply a shorthand log p̂T

sn+1 = log p̂(sn+1|aT , Sn) and
log p̂t

sn+1 = log p̂(sn+1|at, Sn) for brevity.
The loss that optimizes the above optimization problem is

Lp =
1

N

N−1∑
n=0

qnθ · BN
[
log p̂t

sn+1 − log p̂T
sn+1)

]
(5)

where qnθ = qθ(a, S, n, t|θ). This loss maximizes the co-
variance between our estimate of information gain F̂ and our
heuristic estimator network qθ. This is the ”Policy Loss” in
figure 1. Since log p̂t(sn+1) and log p̂T (sn+1) are the nega-
tive cross-entropy losses from the decoder given partial and
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full audio respectively, in the diagram we write Lp as a dif-
ference of cross-entropy loss terms.

To ensure stable training and a reasonable learned pol-
icy, we add monotonicity and L2 regularization terms. First,
we note that at inference time, after predicting a READ, we
predict no further tokens. Therefore, any WRITEs after a
READ are semantically meaningless.

To better align train and inference, we add a weak mono-
tonicity constraint on qθ to encourage the probability of
READ to increase uniformly across each token sequence S:

Lm =
1

N

N∑
n=1

[
max

(
max
m<n

{qmθ } − qnθ − ϵ, 0
)]

(6)

The loss function Lm serves as a regularization term
to shape the learned heuristic qθ used in the policy
π̂α(a, S, n, t). It encourages the sequence of qθ values for
target text tokens, ordered by index n, to be approximately
non-decreasing (qnθ ≥ maxm<n{qmθ }− ϵ), an inductive bias
distinct from merely estimating information gain. This im-
posed monotonicity biases the policy towards a “commit-
ment” behavior, encouraging it to commit to stop predicting
new tokens and READ new audio instead once the threshold
is crossed for an earlier token.

Finally, we add a simple L2 regularization penalty: Lr =
1
N

∑N
n=1 (q

n
θ )

2. We find this is required to prevent qθ val-
ues from exploding to infinity during training. Putting all
the terms together, we get the full REINA loss: LREINA =
Lp +Lm +λLr. In our work, we set λ = 0.05, but find that
final model performance is not very sensitive to changes in
λ. We will cover how we train with LREINA in section 3.4.

3.2 Non-Streaming Architecture
Next, we describe the architecture of our base non-streaming
S2TT model, which is also outlined in figure 1. The archi-
tecture comprises of an acoustic encoder and a text decoder.
At train-time, we also use an extra text encoder to facilitate
a MT training task.

For the acoustic encoder, we adopt Whisper
Medium (Radford et al. 2023) and do not freeze its
weights during training. The randomly initialized trans-
former decoder performs cross-attention over the acoustic
encoder’s final layer hidden states and predicts text tokens.
We adopt the generic multilingual tokenizer from Mistral
7B (Jiang et al. 2023) but learn our own embedding
dictionary. We augment the vocabulary with language
ids such as <en>or<fr>so we can direct the decoder to
predict tokens of a specific target language by prefixing the
token sequence with the language id. We apply a learned
positional encoding similar to Time2Vec (Kazemi et al.
2019) on the acoustic encoder outputs to give the decoder a
notion of sequence ordering. The decoder is trained with a
cross-entropy loss.

At train-time, to support MT loss calculation, we add a
randomly initialized, trainable T5 text encoder (Raffel et al.
2020). We pass source-language text through and then have
the decoder cross-attend to the T5 last layer hidden states
while predicting target language text. This is facilitates a ma-

chine translation task designed to improve the quality of the
decoder by making use of paired MT data.

Whisper Medium contains 307M parameters, the text de-
coder has 101M, and the MT encoder has 38M for a total
of 445M trainable parameters at train time and 408M at
inference-time. While this is a larger parameter count than
academic works like Dig-SST (Chen et al. 2024), Stream-
Speech (Zhang et al. 2024), or Stream-Att (Papi et al. 2024),
it is still much smaller than most industry systems like
SeamlessM4T (Communication et al. 2023) or Hibiki (Labi-
ausse et al. 2025). While higher parameter counts demon-
strably increase translation quality, they also make it diffi-
cult to train and deploy models to large numbers of users
in the wild. We target the middle ground between small and
large systems in literature, yielding a model with both the
translation quality and computational efficiency to be usable
in real-world chat settings.

3.3 Streaming Architecture
We augment the non-streaming model with a policy network
that makes binary READ/WRITE decisions for each output
token. This is the architecture component that REINA serves
to train. The policy network is a small (6M parameter) trans-
former encoder applied to the last layer hidden states from
the decoder. We apply a single linear layer on top of the
transformer with output dimension 1 and sigmoid activation
in order to make the binary READ/WRITE decisions. We
apply a causal attention mask on the policy network at both
train and inference time.

3.4 Training
We train REINAStream in 3 stages: 1) Learn non-streaming
S2TT 2) Adapt to truncated audios 3) Learn a streaming pol-
icy.

In the first stage, we train on several tasks at once in or-
der to effectively leverage available data to train the speech
translation model. All data samples contain some subset of
the following information: source language lsi , source lan-
guage audio ai, source language transcription T s

i , target lan-
guage lti , and target language transcription T t

i . Using this
data, we have three training tasks.

ASR For samples with (ai, l
s
i , T

s
i ), we pass ai through the

acoustic encoder, then decode to tokens in source language
lsi . We compute cross-entropy loss using label transcript T s

i
yielding loss Lasr.

NMT For samples with (T s
i , l

t
i , T

t
i ), we pass the source

transcript through the T5 text encoder and then decode into
target language lti . We compute the cross-entropy loss using
label transcript T t

i yielding loss Lnmt.
S2TT For samples with (ai, l

t
i , T

t
i ), we pass ai through

the acoustic encoder, then decode into target language lti . We
compute cross-entropy loss using label transcript T t

i yield-
ing loss Ls2tt.

For the first stage training, we mix data supporting all
tasks into every batch and minimize a sum of all the losses:
L = Lasr + Lnmt + Ls2tt.

Before training the policy network on top of the base
model, we add a second step to ensure a higher quality
estimation of log p̂(sn+1|Sn, at) with partial audios at for
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the policy loss stage. In this phase, we fine-tune the speech
translation model on randomly truncated audios using the
same loss function L.

Lastly, we train the policy network by minimizing LREINA
and freezing all other parameters. We only train on S2TT
data samples as our goal is to learn a policy best for stream-
ing speech translation rather than streaming ASR or MT.

3.5 Data
We seek to bridge the gap between models trained on large-
scale, proprietary datasets and those trained on small-scale
open-source data. We leverage a variety of publicly avail-
able data sources plus synthetic data generation to produce
a large-scale training set.

In this iteration, we focus only on en−→de, fr, es and de,
fr, es−→en language directions because of their data avail-
ability. In future work, we plan to expand to lower resourced
languages. For audio datasets, we draw from Multilingual
Librispeech (MLS) (Pratap et al. 2020), Mosel (Gaido et al.
2024), CVSS-C (Jia et al. 2022), MUST-C (Di Gangi et al.
2019). We list details on these datasets in table 1. We fur-
ther augment the MLS dataset by translating its transcripts
using an in-house NMT model to produce S2TT data to train
on. We also augment our dataset with text-to-text MT train-
ing data from CCMatrix (Schwenk et al. 2021). We use 10M
samples per language pair from CCMatrix for a total of 60M
samples.

3.6 Inference Policy
We use streaming beam search to perform inference. We
split input audios into 0.25s chunks and inference the model
on all audio up to the current chunk in sequence.

We first pick a policy threshold α to control the quality-
latency tradeoff while streaming. Each iteration of the
search, we run the policy network on all beams. When a pol-
icy prediction is less than α we perform a READ, adding the
tokens predicted in that beam to the running list of hypothe-
ses and setting the the beam’s logprob to 0 so it isn’t used to
continue the search. If the total number of beams that have
encountered a READ action exceeds the beam size times
a patience factor, or all beams hit READ at once, we end
the search. After ending the search, we return the hypothesis
with the highest average log probability.

Once we have reached the end of the input audio, we stop
using the policy network and beam search until we reach the
EOS token, using the same patience factor logic to decide
when to end the search.

4 Experiments
In this section, we detail how we ran our experiments and
present our results compared with existing work.

4.1 Experimental Setup
To train REINAStream, we follow the procedure outlined in
Section 3.4, beginning with the non-streaming S2TT model.
The model’s text decoder is a 16-layer transformer with a
model dimension of 512, 8 attention heads, a feedforward
multiplier of 4, and uses label smoothing and dropout rates

of 0.1. We train this initial model (Stage 1) for 5 days on 24
A100-80G GPUs using an AdamW optimizer (Loshchilov
and Hutter 2019). The training configuration includes a fixed
learning rate of 10−4, a weight decay of 10−4, and gradient
clipping set to 10.0, with an effective batch size of 768. The
data for this stage is a mixture of MUST-C (ratio 1), CVSS
(ratio 1), MLS (en → X) (ratio 2), and MLS (X → en), CC-
Matrix, and Mosel (all at ratio 4). For the second truncated
stage (Stage 2), we use the exact same architecture and train-
ing configuration for 2 days, but train on a data mix of 20%
full audios and 80% randomly truncated audios.

Lastly, we perform the REINA policy training (Stage 3).
The REINA policy network is a 2-layer transformer with a
512 dimension embedding, 4 attention heads, and a feedfor-
ward multiplier of 4. It is regularized with a monotonicity
loss with ϵ = 0.5 and an L2 Regularization weight λ = .05.
For this stage, we use an inverse square root learning rate
scheduler with 5k warmup steps. We also adjust the dataset
mixing ratios, increasing the ratios for MUST-C and CVSS
to 2, and both directions of MLS to 6. This final training
stage completes 20 epochs in under 12 hours.

We also re-implement DiG-SST’s divergence-based loss
from (Chen et al. 2024) based on the description in the paper
and train the policy network with that loss using the same
configuration as we train REINA.

We evaluate on language pairs {fr, de, es} −→ en on
CVSS-C, and on language pairs en −→ {fr, de, es} on MUST-
C. We use a beam size of 3 with no length penalty, a stream-
ing chunk size of 0.25s, and a patience factor of 3. We sweep
across several thresholds for the policy network in order to
measure our model’s tradeoff between latency and accuracy.
Choosing the right thresholds to obtain an informative sweep
is done purely through trial and error.

We compare to existing works on each dataset that we
believe to be at or near to state-of-the-art at the time of
writing. On MUST-C, we compare to Dig-SST (Chen et al.
2024), the work in literature closest to ours, and another
strong SimulST competitor called DiSeg (Zhang and Feng
2023). On CVSS-C, we compare to StreamSpeech (Zhang
et al. 2024) and SimulS2S-LLM (Deng et al. 2025a), a re-
cent work showing strong simultaneous S2ST performance
on CVSS with a small model. As StreamSpeech only re-
ports ASR-BLEU whereas we report text BLEU, we are un-
able to make a fair comparison. That said, StreamSpeech is a
stronger system than most in the literature on CVSS-C, and
we outperform SimulS2S-LLM which outperforms Stream-
Speech, so we show the results nontheless. For all compar-
isons, we use self-reported results from the original papers.

We also perform several ablations on the REINA training
stage of REINAStream to demonstrate the utility of the dif-
ferent parts of the REINA loss and make fairer comparisons.
We train five model variants:

REINA Our standard training procedure including all
S2TT training datasets with the standard REINA loss func-
tion.

REINA w/o monotonicity Just like REINA but with-
out the monotonicity term in the loss. Trained on all S2TT
datasets.

REINA (MUST-C only) We train the policy network
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Split Dataset
Source Language: en Source Language: de Source Language: es Source Language: fr

Target: de Target: es Target: fr Target: en Target: en Target: de Target: en Target: es Target: en Target: fr

Train

MLS 13,789 13,785 13,787 41360 1,637 1,637 713 713 984 984
Must-C 386 476 468 1330 - - - - - -
CVSS-C - - - - 184 184 113 113 264 264
MOSEL - - - 19,245 - 22,804 - 19,373 - 22,835

Dev Must-C 2.47 2.49 2.49 - - - - - - -
CVSS-C - - - - 21 - 22 - 22 -

Test Must-C 4 4 4 - - - - - - -
CVSS-C - - - - 22 - 23 - 23 -

Table 1: Consolidated Dataset Hours (Source Audio) by Split and Dataset, Grouped by Source and Target Language.

with the full REINA loss on only the MUST-C dataset for
a fairer comparison to Dig-SST.

REINA w/o truncated training Just like REINA but
skipping the truncated training stage. Trained on only the
MUST-C dataset for comparison to Dig-SST.

Dig-SST (Our impl. MUST-C only) We train our own
implementation of the DiG-SST on top of the non-streaming
REINAStream model on only the MUST-C dataset.

4.2 Evaluation Metrics
We measure translation accuracy using BLEU as imple-
mented in the SacreBLEU package (Post 2018), Average
Lag (AL) and Length-Adaptive Average Lag (LAAL) (Papi
et al. 2022), which we implement ourselves based on the
original paper (Ma et al. 2020a). Most existing works plot
AL vs BLEU curves by interpolating between several (AL,
BLEU) points generated by evaluating their model with dif-
ferent streaming settings (Chen et al. 2024; Papi et al. 2024).
We contend that this evaluation does not sufficiently disen-
tangle a model’s non-streaming translation quality from its
streaming ability. We observe that many comparisons in the
literature pitch models as being better at streaming than oth-
ers due to having a higher BLEU vs AL curve, when in re-
ality the difference may be accounted for entirely by one
model having a superior non-streaming BLEU.

We wish to show that REINA adapts S2TT models of any
non-streaming performance to SimulST models with mini-
mal degradation in translation quality, and compare against
other methods that modify a non-streaming model to be
streaming. To this end, we introduce Normalized Streaming
Efficiency (NoSE), a metric to measure streaming perfor-
mance across the entire quality/latency Pareto frontier nor-
malized by non-streaming translation quality. NoSE is the
measure of the area under the AL/BLEU curve (the curve is
piecewise-linear so we can compute area exactly), bounded
on the left and right by x < y respectively, divided by the
area under the non-streaming BLEU line. It is important to
note that while we require the x and y bounds to ensure the
metric is well-defined, NoSE is heavily dependent on them.
For our analysis, we pick the smallest x and largest y for
which our work and the works we compare to all have re-
ported values, yielding the widest possible range for which
all models have a defined AL/BLEU curve. We recommend
that future works using NoSE report the bounds used in their
calculations.

MUST-C

Model en→de en→fr en→es

Bounds [x, y] [1.102, 1.965] [1.187, 1.656] [1.144, 1.416]

Dig-SST (Original) 0.888 0.903 0.879
DiSeg 0.838 - 0.774
Dig-SST (Our impl. MUST-C only) 0.665 0.774 0.607
EDAtt 0.704 - 0.740
REINA (MUST-C only) 0.940 0.953 0.960
REINA 0.925 0.944 0.952
REINA w/o monotonicity 0.899 0.920 0.909

CVSS

Model de→en fr→en es→en

Bounds [x, y] [1.955, 5.039] [1.637, 5.169] [1.806, 5.587]

StreamSpeech∗ 0.842 0.886 0.837
REINA w/o monotonicity 0.976 0.980 0.982
REINA 0.974 0.983 0.981

Table 2: NoSE (↑) values for the MUST-C and CVSS-
C datasets. Bounds [x, y] for NoSE are specified per lan-
guage pair. Best values per language pair are bolded. Re-
sults for other works are taken from their corresponding pa-
pers. ∗Note StreamSpeech only reports ASR-BLEU, so val-
ues for StreamSpeech represent ASR-BLEU scores rather
than BLEU. SimulS2S-LLM is not included here as they do
not publish their offline BLEU performance.

4.3 Results
We present our NoSe scores in table 2 and selected operat-
ing points in table 3 for MUST-C and CVSS results, respec-
tively, with full AL-BLEU tradeoff curves in figure 2.

Unfortunately, CVSS-C is not commonly evaluated
against in SimulST literature, so we are unable to compare
to many other works. However, with an average utterance
length of 4.9 seconds, CVSS is the only dataset out of the
three comprising primarily shorter audios, which are quite
common in conversational SimulST use-cases. This makes
it an important benchmark for SimulST systems.

Quantitative Results On both MUST-C and CVSS-C,
REINA outperforms all competing methods on all lan-
guage splits at low latencies. Significantly, this holds for
the ”MUST-C only” model with policy network trained only
on MUST-C, as well as the REINA model trained on all
datasets, demonstrating our streaming performance gains are
not merely attributable to increased data scale when train-
ing the policy, but come from the improved objective. The
only exception to this, as seen in table 3, is German, where
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Figure 2: Average Lagging (AL) vs. BLEU score on MUST-C. Horizontal lines represent non-streaming performance.

DigSST is slightly better at higher latencies than REINA.
Still, REINA excels at lower latency streaming, even when
its non-streaming BLEU is lower than competitors.

The MUST-C-only REINA model yields NoSE scores
3.0% higher than Dig-SST and 8.9% higher than DiSeg. Our
DiG-SST implementation performs the worst in evals, sug-
gesting we missed details during reproduction.

Figure 3: AL/BLEU curve on Es→En split of the CVSS-C
dataset. We report ASR-BLEU only for StreamSpeech.

German (En→De) Spanish (En→Es) French (En→Fr)

Model AL ↓ LAAL ↓ BLEU ↑ AL ↓ LAAL ↓ BLEU ↑ AL ↓ LAAL ↓ BLEU ↑

REINA 1.01 1.10 21.44 0.86 0.94 26.92 0.77 0.87 33.13
DiG-SST 1.08 – 21.13 0.90 – 23.92 1.11 – 30.51
EDAtt 1.04 1.20 19.10 0.95 1.24 23.00 – – –

REINA 1.59 1.67 23.71 1.16 1.24 29.68 1.24 1.32 36.29
DiG-SST 1.45 – 23.25 1.27 – 26.74 1.26 – 32.61
EDAtt 1.34 1.46 21.60 1.28 1.52 26.60 – – –

REINA 2.24 2.30 24.32 1.51 1.57 30.38 1.88 1.93 37.73
DiG-SST 1.83 – 24.29 1.66 – 27.90 2.00 – 35.65
EDAtt 2.26 2.33 25.60 1.52 1.74 27.80 – – –

REINA (m) 3.65 3.67 24.79 2.70 2.73 31.07 3.33 3.35 38.40
DIGSST (r) 3.62 – 25.83 2.40 – 29.11 3.83 – 36.52
EDAtt (m) 2.74 2.80 26.30 2.14 2.34 29.20 – – –

Table 3: Comparison of streaming translation models for
MUST-C on En→{De, Es, Fr} on various operating points.
DiG-SST does not report LAAL values.

MUST-C

Model en→de en→fr en→es

Bounds [x, y] [1.219, 1.606] [1.068, 1.468] [1.276, 1.686]

REINA 0.932 0.942 0.971
REINA (No Stage 2 Trunc.) 0.840 0.839 0.895

Table 4: NoSE (↑) values ablating non-truncated training on
MUST-C .

Ablations on Monotonicity Loss In figure 3, we observe
that the REINA model outperforms the REINA w/o mono-
tonicity model exclusively at low latencies, indicating that
monotonicity is useful on the most aggressive streaming set-
tings. For example, at about 35 BLEU, AL decreases from
1.95 to 1.57, a 19% improvement. We hypothesize this is
because monotonicity forces the policy to decide on a clear
boundary of when to READ when the information gain waf-
fles between timesteps.

Ablations on Truncated Training Table 4 shows the im-
portance of stage 2 training, suggesting that mutual infor-
mation formulation of REINA requires a good estimate of
log p̂(sn+1|at, Sn), as skipping that stage leads to a perfor-
mance degradation in the trained policy.

5 Conclusion and Future Work
In this paper, we present a new method for SimulST. We
introduce the REINA loss function that enables efficient
conversion of non-streaming speech translation models into
streaming ones. We conduct extensive experiments over sev-
eral datasets, showing REINA outperforms the state of the
art in SimulST conversion. We also propose a new met-
ric, NoSE, to improve the state of evaluation of SimulST
systems. Ultimately, we train a large-scale system entirely
on open source or synthetically generated data, encouraging
further research into scaling SimulST.

The next step to enable real-time crosslingual interac-
tion is to extend REINAStream into a simultaneous speech
to speech translation (SimulS2ST) model. This is achiev-
able by using a high quality, low latency, streaming text-to-
speech model as a synthesizer. We are presently working on
extending REINAStream to the SimulS2ST use-case.
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