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Abstract

This work describes the participation of the
MLLP-VRAIN research group in the shared
task of the IWSLT 2025 Simultaneous Speech
Translation track. Our submission addresses
the unique challenges of real-time translation of
long-form speech by developing a modular cas-
cade system that adapts strong pre-trained mod-
els to streaming scenarios. We combine Whis-
per Large-V3-Turbo for ASR with the multilin-
gual NLLB-3.3B model for MT, implementing
lightweight adaptation techniques rather than
training new end-to-end models from scratch.
Our approach employs document-level adap-
tation with prefix training to enhance the MT
model’s ability to handle incomplete inputs,
while incorporating adaptive emission policies
including a wait-k strategy and RALCP for
managing the translation stream. Specialized
buffer management techniques and segmen-
tation strategies ensure coherent translations
across long audio sequences. Experimental re-
sults on the ACL60/60 dataset demonstrate that
our system achieves a favorable balance be-
tween translation quality and latency, with a
BLEU score of 31.96 and non-computational-
aware StreamLAAL latency of 2.94 seconds.
Our final model achieves a preliminary score
on the official test set (IWSLT25Instruct) of
29.8 BLEU. Our work demonstrates that care-
fully adapted pre-trained components can cre-
ate effective simultaneous translation systems
for long-form content without requiring exten-
sive in-domain parallel data or specialized end-
to-end training.

1 Introduction

In this paper we describe the participation of
the MLLP-VRAIN research group in the shared
tasks of the 22th International Conference on Spo-
ken Language Translation (IWSLT) (Abdulmumin
et al., 2025). We participated on the Simultaneous
Speech Translation (SimulST) task in the English
to German direction. Compared to other years,

two aspects were changed in the shared task which
guided the construction of our system: The usage
of pretrained open weight models and the evalu-
ation of long-form audio. Our participation this
year was an attempt of creating a production ready
model based on the minimal adaptation of offline
ASR and MT (Papi et al., 2022). Recent years have
seen a rise in the usage of end-to-end approaches!
which, in theory, can offer a better integration and
can avoid error compounding between ASR and
MT components. However, they typically require
large quantities of parallel speech-to-text transla-
tion data, which is often scarce and costly to obtain.
Cascade systems, on the other hand, while they are
more data-efficient due to the abundance of sepa-
rate ASR and MT training resources, may suffer
from error propagation and lack of joint optimiza-
tion. Nevertheless, recent shared tasks and eval-
uation campaigns continue to show that cascade
systems generally achieve superior performance
over current end-to-end alternatives (Salesky et al.,
2023b, 2024). As such, we model our system based
on the cascaded approach, in which we take a spe-
cial keen interest due to its inherent modularity and
easier reuse of strong pre-trained components. Fig-
ure 1 shows the overall architecture of our system.

2 System Architecture

2.1 ASR system

For the choice of the ASR components, we se-
lect our model based on the results of public ASR
systems on common benchmarks available at the
Hugging Face Open ASR Leaderboard (Srivastav
et al., 2023). After some initial tests and taking
into account our computing limitations, we selected
Whisper-Large-V3-Turbo (Radford et al., 2023) 2

'As defined by IWSLT https://iwslt.org/2025/
offlinet#tevaluation-conditions.

2https://huggingface.co/openai/
whisper-large-v3-turbo
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Figure 1: System diagram of our cascaded system for
the SimulST track.

as our final ASR model. We use the model as it is,
and we do not make usage of any of the English au-
dio data provided by the organizers for finetunning
of the model. There are two reasons for this deci-
sion. First, when looking at the provided datasets,
we conjecture that the Whisper model has proba-
bly have already seen this data; and second, that
we fear that we may end up lowering the perfor-
mance of the system as there is a domain mismatch
between the provided datasets and evaluation set,
with the latter being scientific talks of the ACL.
The adaptation for streaming is done in a similar
way to the one described in Machacek et al. (2023),
where a Longest Common Prefix policy along some
heuristics are combined for the usage in a streaming
fashion. Inference is done via the Faster-Whisper
library 3. We select a maximum audio buffer of 30
seconds and a minimum chunk size of one second
and deactivate the usage of VAD filtering. The
audio buffer is cleaned when a end of sentence
is detected by external sentence splitter or the 30
seconds window is full. The audio stream is then
updated accordingly to the timestamps obtained by
the typical DTW procedure used in Whisper.
During development we detected that this base

Shttps://github.com/SYSTRAN/faster-whisper

system had sometimes very unreliable behaviour
due to latency spikes derived from indecisions of
the LCP policy on the punctuation, casing and
styling of some words. To alleviate this, we re-
laxed the LCP policy so that it is done on lower
cased input, with no punctuation signs, and with
the additional constraint of a threshold by Leven-
shtein Distance to consider if a word in the prefix
is sufficiently different. We select a Levenshtein
Distance threshold of two so that if the distance of
the words to be checked is less or equals to it, then
they are to be considered the same by the policy.

The ASR system obtains a WER of 8.54% on
the ACL60/60 (Salesky et al., 2023a) development
set.

2.2 MT system

During recent years a series of works have appeared
exploring realistic scenarios for SimulST where
models are evaluated on long-form speech scenar-
10s. (Schneider and Waibel, 2020; Sen et al., 2022;
Papi et al., 2024; Poldk and Bojar, 2023; Iranzo-
Sénchez et al., 2024; Ouyang et al., 2025). Tak-
ing this into consideration, for our MT model, we
adapt an offline MT model to streaming through
a lightweight procedure inspired to that of Iranzo-
Séanchez et al. (2024), which presents an easy to
adapt pipeline for the creation of an MT compo-
nent in SimulST system which we further adapt
and simplify it to our given conditions. Overall,
through training with prefix-training (Niehues et al.,
2018) and document level metadata, the model is
able to learn to work with an incomplete stream
and control a history stream (Iranzo-Sanchez et al.,
2022) by emitting a sentinel token [SEP] which
then serves to call a lightweight log-linear model
to take into account which part of the stream has
already been translated. When a certain threshold
of size in the buffer reached, the oldest pairs of
identified segments can easily be discarded without
any fear of possible mismatches in the stream.

Model: Instead of training from scratch, we
make use of the multilingual system NLLB-
3.3B (Team, 2024). We also explored the usage
of MADLAD-400 (Kudugunta et al., 2023), but
discarded it after founding BLEU scores of over 95
points when evaluation of the system in an offline
scenario for the ACL60/60 dataset, which indicated
a possible data contamination of the test set. We
also tested some LLMs, but found early results too
unsatisfactory for our computing budget.
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History Mechanism: Inspired by the usage of
attention maps of Papi et al. (2023), for the log-
feature model, instead of the described reverse
translation model of the original paper, we found
that a single feature which looks at the most at-
tended position of the previous token before the
sentinel [SEP] token to be more simpler and effec-
tive to determine the segmentation position of the
source stream. To be more precise, the position of
the last source word @ to be moved to the stream-
ing history buffer for the current active source and
target chunks = and g is

a = argmax A(2;, Yispp)-1) (1)
(2
with A being the attention score function and i

indicates the position of source word x in the active
chunk.

Data and Training: For the document level data,
we take the available News Comentary* and Eu-
roparl’ datasets with their reconstructed document
level information extracted from Paradocs (Wicks
et al., 2024) for a total of 36225 documents. While
not in the target domain of ACL talks, we hope
that our adaptation is able to move the model from
offline inference domain to simultaneous with the
usage of history context. Additionally, we want to
adapt the multilingual model so that it can better
focus on the English to German direction. Prefix
augmented data with document level information is
created as in the original work, but is dynamically
generated at training time. For each document,
which represents a data sample, we select a sen-
tence and randomly prepend from 1 up to 10 of the
previous phrases of the document with the corre-
sponding sentinel token [SEP]. Then, for the corre-
sponding phrase we create the prefix by taking into
account the ratio of the length of the active source
and target phrase. During training, the usage of
prefix training is triggered at a rate of 50%. As for
the training procedure, we make use DoRA (Mao
et al., 2024) to fine-tune our MT model. Training
hyperparameters are shown in Appendix A.

Policy: For our policy in the MT component, we
make use of RALCP (Wang et al., 2024) using the
hypotheses of the system beam search in combina-
tion with a wait-k policy (Ma et al., 2019), the latter

4https://data.statmt.org/news-commentary/v18/
training/

5https://www.statmt.org/europarl/v10/training/
europarl-vi10.de-en.tsv.gz

being active only during the beginning of a new
phrase (that is after emitting a [SEP] token) to pre-
vent system hallucination. We also clean “invalid”
empty beam hypotheses, which were very frequent
on the baseline model, adjusting the RALCP A
accordingly so that the ratio of hypotheses and A
stays roughly the same as before filtering.

The final peak memory usage during inference
of both ASR and MT models combined is of 20GB
of VRAM 9, with values fluctuating between 1-
3GiB depending on the current audio and transla-
tion history buffers. We leave further optimization
for future work.

3 Evaluation

For our baselines, we searched for any other public
simultaneous speech translation systems capable of
long form translation. However, we only found the
system described in Papi et al. (2024) available, and
in this case, we observed that the system had strong
hallucinations that ended up in an unrecoverable
state for long enough audios. Due to this, we in-
stead build a “naive” baseline for our system which
make use of the plain translation system without
any additional training. For controlling the history
buffers, we simply remove from the source and
target text history buffers after a maximum num-
ber of words is reached in each buffer. In practice,
we surpassingly found that while the system will
end up with slight mismatches between the source
and target stream at the head position, systems are
still able to work in a streaming scenario. We ad-
ditionally add the offline inference of the model
before and after fine-tuning and the best baseline
from the IWSLT organizers that achieved a similar
latency-quality tradeoff matching our own.”. Best
hyperparameters with the optimal quality/latency
are shown in Appendix A.

Table 1 shows the results of the baseline and
our adapted model, the stream LAAL, both compu-
tationally an computationally aware, BLEU (Pa-
pineni et al., 2002) as calculated with Sacre-
BLEU (Post, 2018)3 and the COMET-22 (Rei et al.,
2022)°. We follow the recomendations of Zouhar

%0n a Nvidia GTX 4090 with a Intel(R) Core(TM) i9-
10920X CPU @3.50GHz

"Organizer  baseline  results  extracted  from
https://github.com/pe-trik/iwslt25-baselines/
tree/master/experiments/acl6060_dev/de/cascade

8Python3.12.9IBLEU nrefs: 1Icase:mixedleff:noltok:13al
smooth:explversion:2.5.1

Python3.12.9IComet2.2.6Ifp16/Unbabel/wmt22-comet-
dalrl
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StreamLAAL
BLEU COMET NCA CA
Offline 43.12 0.833 — —
Offline() 41.48  0.836 — —
Baseline®s!*  25.47 — 367 —
Baseline“P? 26.10 0.642 3.61 4.35
Adapted 31.96 0.732 294  4.20
Table 1: Quality (BLEU, COMET?) and non-

computational and computational aware (NCA/CA) la-
tency (StreamLAAL (secs)]) results on the ACL60/60
development set. Offline models take the golden ref-
erence source text. The Offline(*) model refers to the
results of our adapted model when doing offline infer-
ence. Offline models results are obtained given the
golden source reference transcription.

et al. (2024) and set the COMET score to O for
samples where the target translation is empty after
re-segmentation with mWERSegmenter (Matusov
et al., 2005).

First of all, impact of the translation quality
degradation in the offline mode seems to minimal,
with deltas of 1.64 BLEU and 0.03 of COMET re-
spectively. As for our baseline and adapted models,
we can see that there is a significant quality degra-
dation. We can attribute this to multiple factors, but
we would like to highlight two aspects. First, is that
we are comparing ourselves to offline systems that
take the golden reference transcription, and thus,
transcriptions errors from the ASR and possible
resegmentation errors introduced by StreamLAAL
are not taken into account in the evaluation of our
offline baseline. The second factor which may ex-
plain this gap is the mere nature of the ACL60/60
dataset. We would like to highlight this one in
particular since the translations where originally
based on post-edits from offline translation models
and thus more suited for the evaluation of offline
speech translation compared to that of SimulST.
Thus, we think that the resulting translations from
our SimulST system, which should be more mono-
tonic in nature compared to the offline baselines
and ACL60/60 references, maybe be more penal-
ized in a similar way to the observations of Doi
et al. (2024).

In terms of baselines, we can see that our naive
baseline slight beats the organizers baseline in the
selected quality-latency range. When comparing
our baseline and adapted model, we can see a con-
siderable increase in both quality and reduction

model M mdn p90 p95 p99 max
NCA

Baseline 3.61 2.96 6.57 9.14 13.51 16.59

Adapted 2.94 2.65 430 538 7.59 9.25
CA

Baseline 4.35 3.62 7.65 10.51 14.58 18.52

Adapted 4.20 3.55 598 7.64 10.73 15.00

Table 2: StreamLLAAL mean (M), median (mdn), per-
centiles 90%, 95% and 99%, and maximum value (in
seconds) for the Baseline“?” and Adapted system.

of latency. Our adapted model ends up scoring
31.96 BLEU and 0.732 COMET and StreamLLAAL
scores of 2.94 and 4.20 seconds depending on the
computational awareness of the metric calculation.
This places our model on the high latency regime
as defined by the shared task description.

To better study the latency of our system, Table 2
shows the top percentiles of StreamLLAAL as well
as their medians and maximum recorded values.
We can see how for all of these metrics our adapted
system consistently beats our baseline and ensures
a better performance on the worst case scenarios,
with these delays being the more impactful for the
end user of SimulST systems.

An observation that can be made in this table
is that of the considerable increase of latency for
the worst cases between the NCA and CA met-
rics. After investigating, we discovered the tem-
perature fallback mechanism of Whisper to seem
to cause this phenomena, resulting in some rare
cases where latency spikes occur and can only be
observed when taking computational costs into ac-
count. Despite this, we found that in practice the
performance is really poor with this feature dis-
abled. In general, we observed that the ASR emis-
sion policy highly influenced the system perfor-
mance, with hyperparameter changes on the MT
system having less of an overall impact.

Regarding the official test set
(IWSLT25Instruct), preliminary results by
the organizers indicate that our model achieved a
final score of 29.8 BLEU.

4 Conclusions

In this paper we described our SimulST system for
the IWSLT 2025 Simultaneous Speech Translation
task. Preliminary results show that our cascaded
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based system using Whisper and NLLB showed a
good performance and achieved a good balance be-
tween translation quality and latency. We see how
through adaptive policies and very computation-
ally cheap adaptation a long-form speech SimulST
system can be created from offline models. Future
work could be expand to see the robustness of this
methodology, such as the usage of synthetic docu-
ment level bitext data (Post and Junczys-Dowmunt,
2024) or speech data. Investigating more robust
adaptive latency policies or techniques which bet-
ter optimize ASR and MT components (Tran et al.,
2022) while preserving the benefits of the cascaded
approach could further greatly enhance the system
performance. Also, a gap still exists compared to
offline translation, which should be further explore
d more detail.

Additionally, the usage of LLMs to serve as all
in one transcriber, translator and re-scorer in a cas-
caded pipeline along their robustness and usage
of long context shows promising results for their
usage in long-form speech translation if computa-
tional costs can be taken into account.

5 Limitations

Due to time constraints, hyperparameters search
for trade-offs between translation and latency of
models was limited, as well as the tuning of the
ASR system. In our participation, we restricted
ourself to the English to German direction, but we
think that our approach could be generalized to the
other language pairs in the competition. We hope to
participate in future editions covering all language
pairs available and expanding the breadth and scale
of the studied models.
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A Hyperparameters

Hyperparameter Baseline  Adapted
ASR VAD X

ASR Initial Wait Is

ASR LCP Chunk Is

ASR Beam Size 5

MT Wait-k 3

MT RALCP A 0.5

MT Beam Size 10

MT Attention Head Layer 6

MT Max Buffer 80 words

MT History Remove 20 words 1 sentence

Table 3: Inference hyperparameters for the baseline and
adapted models

Hyperparameter Value

Optimizer 8bit-AdamW (Dettmers et al., 2022)
Warm up Ratio 0.06

LR Schedule Linear

Effective Batch Size 64

Epochs 3 or until convergence

Initial Learning Rate 2e-4

DoRA Dropout 0

Target Modules Q, V and Vocabulary Embeddings E
DoRA rank config. rQ =Tk =Tg = 16
DoRA o 32

Bias X

Table 4: DoRA hyperparameters for the trained adapted
model.
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