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Abstract

This work describes the participation of the
MLLP-VRAIN research group in the shared
task of the IWSLT 2026 Simultaneous Speech
Translation track. Our submission utilizes the
recently released Parakeet and Qwen 3.5 mod-
els to create a robust, cascaded solution for
long-form SimulST through the use of adaptive
“black-box” policies. We explore relaxations of
these policies to achieve better quality-latency
trade-offs. Compared to last year, we partici-
pate on all language directions. In addition to
this, for the En—De, It, Zh directions we also
participate in this year’s new context track em-
ploying a combination of ASR word-boosting
and a RAG mechanism of offline pre-translated
exemplars to guide generation and enrich our
system with domain-specific context. Finally,
we provide a detailed latency analysis of our
system. Compared to last year, results on the
MCIF En—De test set shows a substantial qual-
ity improvement of +5.82 XCOMET-XL. Our
context track processing further improves per-
formance by +1.03.

1 Introduction

In this paper we describe the participation of the
MLLP-VRAIN research group in the shared tasks
of the 23th International Conference on Spoken
Language Translation (IWSLT) (Adelani et al.,
2026). Building on our previous participation on
last year IWSLT SimulST Track (Iranzo-Sanchez
et al., 2025b), we focus on cascaded solutions for
SimulST. This choice is motivated by the IWSLT
results from last year (Abdulmumin et al., 2025),
where cascaded systems achieved the best perfor-
mance, as well as the strong results reported on the
recently introduced Hearing2Translate (Papi et al.,
2025) benchmark and the flexibility that cascaded
approaches give us in the choice of our components.
We also believe that the creation of a strong cas-
caded system may show which audio and text com-
ponents are optimal for the creation of a derived
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Figure 1: System diagram of our cascaded system for
the SimulST track

SpeechLLM further down the line. Figure 1 shows
the overall architecture of our system which will be
described in more detail in the following sections.

This year, we participate in all language direc-
tions and latency regimes. Furthermore, we partic-
ipate in the newly introduced extra context track
for the En—De, It, Zh directions, proposing mech-
anisms to leverage this context for both the ASR
and MT components. The evaluation metrics we
use are XCOMET-XL (Guerreiro et al., 2024) and
chrF (Popovié, 2015; Machacek et al., 2023) for
translation quality and LongYAAL (Polék et al.,
2026) for latency.

2 Surface Level Black Box Policies for
SimulST

Black-box emission policies are a well-established
approach in SimulST. They do not rely on direct
access to internal model information and can there-
fore be applied to any offline model without addi-
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tional training, covering both fixed policies such
as Wait-k (Ma et al., 2019) and Hold-n (Liu et al.,
2020a) and adaptive ones such as Longest Com-
mon Prefix (LCP) (Liu et al., 2020b). Notably,
(Mas-Molla et al.) recently showed that the combi-
nation of offline SOTA ASR models with black box
policies achieved competitive results on streaming
ASR benchmarks compared to more specialized so-
Iutions. Recent winners of past editions of IWSLT
have also demonstrated the effectiveness of LCP
for the creation of SOTA SimulST systems (Poldk
et al., 2022, 2023; Machacek and Poldk, 2025).

One of the most widely used adaptive policies is
the previously mentioned LCP, which accepts the
longest common prefix across consecutive model
generations as a valid output. However, in practice,
LCP often causes high latency spikes when the
system has a high degree of oscillation between to-
kens across generations. However, in many cases,
these oscillations have little impact on the final
quality. Last year, we relaxed our ASR LCP pol-
icy to account for this phenomenon by accepting
tokens based on a Levenshtein distance threshold,
a method we refer to as LACP (Iranzo-Séanchez
et al., 2025b). We propose that this relaxation can
be taken further to achieve lower latency at a mod-
est quality trade-off. We refer to this further re-
laxation as Soft LCP (SLCP). SLCP is motivated
by two observations. First, the Ratcliff/Obershelp
(RO) pattern recognition algorithm (Ratcliff et al.,
1988) could provide a more suitable string similar-
ity measure than Levenshtein distance for this task.
Second, there frequently exist “anchor” tokens that
remain stable across generations even when sur-
rounding tokens vary slightly without affecting the
final quality. Figure 2 illustrates in more detail
the SLCP policy. The idea is to identify “anchor”
tokens via RO and greedily accept all preceding
tokens, propagating committed output more fre-
quently than regular LCP would allow. We define
~ as the maximum allowable gap (in tokens) be-
tween unstable tokens for anchor propagation, and
o as the minimum similarity score for a token to
qualify as an anchor. For all experiments in this
work, we set Y = 3 and o = 0.6.

3 ASR Component

Speech Foundational Models Our ASR compo-
nent was chosen based on the results of public ASR
systems on the benchmarks available at the Hug-
gingFace Open ASR Leaderboard (Srivastav et al.,

2026). Based on the language pairs considered in
the competition and attending to our computing
limitations, we needed a lightweight multilingual
model capable of producing high quality transcrip-
tions under streaming conditions. We finally se-
lected Parakeet (Sekoyan et al., 2025)! as our ASR
component. Our decision of using Parakeet can
be explained by two main reasons. The first rea-
son is that, as a multilingual model, it supports
Czech ASR, and so it allows us to participate in
the Cs—En direction. The second reason is that it
is a lightweight model with only 0.6B parameters,
and as such it allows the usage of heavier LLMs
as MT systems. Apart from that, since Parakeet
already achieves competitive results compared to
other ASR systems on the development data pro-
vided by the organizers, we did not perform any
finetuning process to the model.

The adaptation of Parakeet to streaming was
performed following (Mas-Molla et al.), where
three main components are applied to perform on-
line decoding. First, incremental data ingestion is
managed by an acoustic buffer that receives fixed-
length chunks of size L.. By defining a maximum
buffer size L,,q., the input audio buffer behaves
as a sliding window, growing cumulatively until
Lipnaq is reached. From this point on, whenever
a new chunk is added, it pushes the oldest chunk
out of the buffer. Following this idea, the acoustic
input X; at any decoding step ¢ can be formally
expressed as X; = [max(0,¢- Lo — Lipaz),t - Lel.
Then, since the entire acoustic buffer is fed to the
model at every decoding step, and since we set that
L. < Lz, the model is forced to process acous-
tic information that has already been processed in
previous decoding steps, thus leading to repetitions
in the output transcription. This phenomenon is
mitigated by a timestamp-based repetition control.
We leverage Parakeet’s capacity to predict token
durations to keep track of emission times at the
output of the model, which allows us to filter any
repetition based on the information of previous de-
coding steps. Finally, once the output has been
filtered, it is added to an output buffer governed
by an emission policy. Additionally, we used the
ALSD++ beam search decoding implementation of
NeMo (Grigoryan et al., 2025) with beam size 32.

Streaming ASR with emission policies The can-
didate policies considered for the ASR model were
LCP, LACP and SLCP. Fixed policies such as Wait-

"Model: nvidia/parakeet-tdt-0.6b-v3
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Gen. Hypothesis Tokens
g1 the ether near Plasencia
g2 the weather in 'Palencia reminds me of Valencia and

Out the weather in Palencia

<— accepted via anchor propagation

Figure 2: SLCP anchor propagation example with maximum gap v = 2 and o = 0.6. |Palencia and Valencia
are identified as possible anchor tokens of Plasencia with scores 0.82 and 0.70 respectively. Valencial is not a
valid anchor, since the length of the chunk reminds me of is > «, remaining unstable and not being committed.
All preceding tokens of |[Palencial are greedily accepted, emitting the weather in Palencia. If using LCP,
only the first token [the| would have been accepted. Note that weather is also a valid anchor with respect ether.

k and Hold-n were discarded based on the re-
sults of preliminary informal experiments, as they
showed poorer WER/latency trade-offs, particu-
larly in lower latency configurations. Regarding
LACP, we set the Levenshtein threshold to 7 = 2
following (Mas-Molla et al.) and the findings of our
participation last year. The candidate policies were
tested by sweeping the chunk size L. from 0.64 to
2.00 seconds and measuring both computational
aware and unaware latency values. The latency
figures are computed by aligning the output tran-
scripts with an external HMM-based system using
the TLK toolkit (del Agua et al., 2014). Then, we
compute the latency values using these alignments
and the system emission timestamps. All experi-
ments were performed on a node with a NVIDIA
RTX 4090 GPU and an Intel Core 10920X CPU.
As seen in the results plotted in Figure 3, LCP
and LACP stand out in terms of WER, consistently
yielding better results than those of SLCP. As for
the latency results, LACP and SLCP perform sim-
ilarly on low latency configurations, with SLCP
yielding the best results in high latency configu-
rations. In light of the results, we selected LACP
as the best policy, as it achieves competitive WER
results while maintaining low latency figures.

4 MT Component

LLMs: newer, bigger, better In the context of
SimulST, we are restricted in our choice of founda-
tional models, as we need to be able to run them in
real time (RTF <1) to have a true streaming model.
Last year we made use of an encoder-decoder ap-
proach by using NLLB (Costa-jussa et al., 2022),
since we found it to be a good middle-ground in
terms of model size, speed and performance. How-
ever, recent WMT evaluation have shown the per-
formance of encoder-decoders such as NLLB to be
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Figure 3: Latency (left) vs. WER (right) trade-off of
L.={0.64,...,2.00} sweep in MCIF.

subpar compared to state of the art LLMs for offline
MT (Kocmi et al., 2024, 2025). Consequently, we
were motivated this year to explore more in depth
current LLMs for SimulST, following the plethora
of recent work that demonstrate their effectiveness
on this task (Koshkin et al., 2024a,b; Raffel et al.,
2024; Guo et al., 2025; Cheng et al., 2025).

We conducted an initial survey of publicly
available open-weight LLMs and selected sev-
eral candidates for a preliminary, informal eval-
vation: HuanYan-MT-1.5 (Zheng et al., 2025), Eu-
roLLM (Ramos et al., 2026) Tower+ (Rei et al.,
2025), TranslateGemma (Finkelstein et al., 2026)
and Qwen 3.5 (Qwen Team, 2026). Preliminary ex-
periments revealed stability issues in several mod-
els of the first model families (e.g., frequent re-
fusals and oscillatory outputs), leading us to focus
on TranslateGemma and Qwen 3.5 for further ex-
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Model YAAL |

XCOMET 1t chrF 1
CU CA

UPV IWSLT25 3.18 343 86.85 60.23
TranslateGemma (4B)  3.04 3.20 89.45 57.92
Qwen 3.5 (4B) 299 3.33 89.48 58.06
Qwen 3.5 (9B) 294 3.39 89.57 58.55
Qwen 3.5 (9B, p8) 292 319 90.19 57.79
Qwen 3.5 (27B, p8) 2.84 421 90.86 59.25
Qwen 3.5 (27B, int4%) 2.87 3.46 91.09 58.89

Table 1: MCIF En—De quality—latency results of initial
long-form streaming systems. LLMs based models use
an emission policy of Hold-3 and for the MT and the
ASR component of our last year submission.

ploration as our primary machine translation mod-
els. Table 1 presents preliminary XCOMET, chrF
and YAAL results for the 4B variants of both used
model families, as well as for Qwen3.5 9B and
27B. For the latter two, different quantization meth-
ods are also tested to be able to use these model
sizes on the <24GB consumer grade GPUs we have
available. Results show comparable performance
across the two families. This led us to select the
Qwen 3.5 family as the backbone of our MT com-
ponent. This decision was further reinforced upon
discovering that TranslateGemma had been trained
on a fixed prompt template and thus exhibited poor
robustness to prompt variations and external con-
text insertion. Based on the results, we will use
the quantized 27B for our final system submission.
We also leveraged the 9B-fp8 variant on part of the
experimentation.

MT Buffer control Last year, we finetuned our
MT component to emit “sentinel” tokens follow-
ing Iranzo-Sanchez et al. (2024) which served to
indicate a target side end of sentence. This would
then trigger a history buffer update that would iden-
tify the corresponding source-size end of sentence
by obtaining an alignment through the usage of
cross-attention maps as proxy alignments (Li et al.,
2019). This year, we get rid of this mechanism.
This decision is based on two observations. First,
in our previous system, where the source and out-
put streams were cased (unlike the original paper,
which assumed lowercase), the system typically
generated a sentinel token after a strong punctu-
ation mark (!?.) was emitted. Thus, if we can
identify when this punctuation is generated, we
can directly use it to trigger the alignment mecha-
nism. Second, while we use LLMs, we still require

Model: Intel/Qwen3.5-2B-int4- AutoRound

source-target alignments. To our knowledge, ob-
taining reliable alignments from text-based LLMs
using attention maps remains an open question. Al-
though some works suggest that alignments can be
achieved through a discrete or generative approach
by self-prompting the model (Mao and Yu, 2024),
we decided to use a lightweight external aligner,
similar to how external CTC alignments are used
in ASR to obtain timestamps. This avoids potential
model hallucinations during the alignment task. In
our experimentation we run SimAlign (Jalili Sabet
et al., 2020) with XLM-Roberta Base (~125M)
as a backend model (Conneau et al., 2020) quan-
tized to int8 and running on CPU to minimize GPU
memory usage and computing overhead. We set the
maximum history buffer to 20 sentences or 1024
words (or characters for En—Z7h) and eject the old-
est sentence when this limit is surpassed in either
the source or target buffer.

Decoding Due to model size and to keep com-
putational costs at a reasonable range, we decided
to use greedy search for our MT component as the
decoding algorithm. We also explored the use of
Minimum Bayes Risk (MBR) decoding for both
ASR and MT component; however, mixed results
led us to discard this approach in our final submis-
sions. The results of this exploration are detailed
in Appendix A.

Prevention of Catastrophic Failure We iden-
tify two rare cases in which the MT system fails
catastrophically and cannot recover. In certain con-
figurations, early termination may occur within a
document: the system stops emitting tokens for
the current segment due to an overconfident pre-
diction that produces strong punctuation. This, in
turn, causes the EOS token to dominate subsequent
emissions, even if the source stream continues to
grow. To mitigate this issue, we allow the system to
rewrite the last two previously emitted tokens when
such a condition is detected. With this mechanism
in place, we no longer observe this phenomenon,
and the introduced flickering remains minimal. In
addition, we observe occasional oscillatory halluci-
nations. To address these, we adopt the temperature
fallback mechanism proposed in Whisper (Radford
et al., 2023). Unlike the original work, we only
trigger the temperature fallback if the gzip com-
pression ratio of the emitted tokens exceeds 2.4.
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5 Cascaded system

Optimal buffer sizes Figure 4 presents results
for all language directions of MCIF, comparing the
usage of LACP/SLCP in the ASR component and
LCP/SLCP in MT. Focusing first on the ASR com-
ponent, we observe that LACP and SLCP yield very
similar latency and quality across different values
of L., with LACP showing a slight overall advan-
tage. For the MT component, comparing LCP and
SLCP, we find that SLCP can achieve a consider-
able reduction in average YAAL, with latency im-
provements of approximately 0.3—1 seconds com-
pared to LCP. However, these gains come at the
cost of noticeable drops in XCOMET, particularly
at smaller L. values. In last year’s evaluation, our
system achieved significantly lower latency than
the winning system, but at the expense of transla-
tion quality. Human evaluation, however, showed
a clear preference for the higher-latency system.
This suggests that in our case, mid-range chunk
size configurations with LCP may be preferable to
lower-latency SLCP alternatives by human prefer-
ence. Based on these observations, we ultimately
adopt LACP for our ASR systems and LCP for our
MT system, leaving further investigation of SLCP
for more latency-constrained scenarios. Regarding
the acoustic chunk size, we select L. = 1.04s for
our high latency configurations in all language di-
rections, as the quality seems to peak around this
value.

Re-translation for Low Latency As shown in
Figure 4, for all our tested configurations there is
no models for which the YAAL <2 seconds restric-
tions for the low latency track is valid. As such,
we adopt a simple mask-k re-translation based ap-
proach (Arivazhagan et al., 2020a,b) on the MT
component. By applying this technique, we are
able to reduce YAAL of systems with low L. val-
ues to participate in this latency regime. More
specifically, at each step, we take the non com-
mitted suffix resulting from the LCP based policy,
remove the last £ tokens and consider the resulting
output suffix as a “speculative” emission which is
not committed to the internal translation buffer, and
for which tokens can be overwritten in the next gen-
eration. Figure 5 shows both computational aware
and unaware YAAL-Normalized Erasure trade-off
across all language directions for Qwen 3.5 vari-
ant, L. = 0.64 and k € {0,...,3}. Based on the
results, we select k£ = 2 as the optimal choice, as
it obtains the best generalizable latency-flickering
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ratio across all languages directions and fix L, =
0.64 for our low latency systems. 3

6 Context Track

We also participate in this year extra context track
which allows participants to use additional infor-
mation from associated paper PDFs.

6.1 Word boosting for ASR

For ASR, we leverage the efficient GPU-
accelerated Phrase-Boosting (GPU-PB) (An-
drusenko et al., 2025) implementation for the Para-
keet models backed by Nvidia NeMo to guide ASR
generation by shallow fusion from an extracted
keyword list from the given PDFs. For keyword
list extraction, we make use of a two-step strategy.
First, we use KeyBERT (Grootendorst, 2020)* to
get an initial set of keywords. Then, we reuse the
same Qwen 3.5 model used as our MT backbone to
refine the keywords extracted in the first step. Also,
compared to the organizer’s baseline, we make use
of the whole document instead of just the title, au-
thor’s list and abstract section. More specifically,
in our extraction pipeline, all paper sections except
the references are first extracted and cleaned with
some formatting regexes. Then, the full cleaned
text is chunked into overlapping segments. These
segments are then fed to KeyBERT, which extracts
the initial list of keywords. Finally, the keywords
are passed to the LLM to be refined. Additionally,
we tested two levels of granularity for the applica-
tion of GPU-PB: dataset and document-level.
Figure 6 shows results sweeping across GPU-PB
« interpolation parameter, comparing our keyword
extraction method versus the organizers baseline at
different levels of granularity. We see that word-
boosting at the document level obtains lower WER
results overall compared to the dataset level. Fur-
thermore, we consider o = 0.6 to be optimal on
the MCIF dev set, as it reduces WER results from
7.2 to 6.4. We set this « value for our final model.

6.2 RAG with lexical retrieval for MT

Since the context track PDFs only provide source-
language information, we provide the MT model
with additional contextual guidance by pretranslat-
ing the document at the sentence level, creating an
offline translation memory that can be queried at
runtime. This component is intended to provide

2’Arivazhagan et al. (2020b) considers a model to have

“few revisions” if NE < 0.2.
“Model: sentence-transformers/all-MiniLM-L6-v2

10.0
WER (%)

9.5 4 Boosting granularity

) I Dataset-level boosting

I Document-level boosting
9.0

8.5 4 Keyword extraction
: —®— Keybert + LLM (ours)

~- IWSLT 2026 baseline extraction
Offline (no boosting)

8.01 ....

SFM Boosting Tree Alpha (a)
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Figure 6: WER (x-axis) vs. SFM boosting tree alpha (o)
(y-axis) on the MCIF IWSLT 2026 test set for greedy
search and L. = 0.96s.

look-ahead hints about upcoming content, while
helping to preserve consistent and accurate termi-
nology. Our hypothesis is that this approach can
improve both translation quality and latency, partic-
ularly in scenarios where the system lacks full con-
text and may otherwise struggle to disambiguate
terms correctly. For our retrieval mechanism, we
take the list of source and target sentence trans-
lation pairs. Then, before starting decoding, we
generate a BM25s (L1, 2024) index per document
with default parameters by creating a lowercased
and lex-normalized copy of the source sentences.
Then at run time, at each timestep we query the
index with the current source sentence content and
retrieve the indices of the top-k best matches 7.
We then use 7, to retrieve the best translation pairs
and inject them as context into our prompt. Our
selection for a lexical based approach is based on
the demonstrated effectiveness of using BM25 for
domain adaptation in offline translation by Agrawal
et al. (2023). In addition to this, the low cost of
BM?25s allows us to run the query on the CPU and
avoid the training and the higher inference cost
compared to a neural based solution such as that of
RAAST (Luo et al., 2026). We tried three different
configurations to inject the retrieved sentences: at
the header position before the system prompt, after
the source sentence context and before the source
sentence context. From these three configurations,
we make use of the latter, as we observed that with
the other two, the model had a tendency to start
hallucinating additional source and target pairs.
Table 2 reports YAAL and XCOMET results
obtained by sweeping over different top-k values
for MCIF En—De, It, Zh with L. = 0.96, com-
paring them to base context-less systems and ASR

217


https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2

word-boosted ones. As it can be observed, incorpo-
rating the RAG mechanism consistently improves
XCOMET scores while maintaining latency compa-
rable to both context-free systems and ASR word-
boosted baselines. Regarding the number of re-
trieved exemplars k, the relationship between per-
formance gains and quality varies across systems.
Overall, we find in other reduced sweeps of L. with
k € {2,5} that increasing k beyond two does not
tend to lead to further improvements and can even
plateau or slightly degrade performance by starting
to retrieve irrelevant exemplars for the current ac-
tive sentence. Based on these findings, we set r; =
2 for all final systems in the context track.

WB  RAG-k XCOMET 1 YAAL (s) |

De It Zh De It Zh
X X 92.42 87.77 79.69 3.40 3.34 347
4 X 92.69 88.02 81.40 3.49 3.37 3.58
4 1 92.99 88.38 81.69 3.45 3.32 3.52
4 2 93.01 88.19 82.20 3.41 3.32 3.55
4 3 92.94 88.70 81.67 3.52 3.40 3.47
4 4 93.06 88.50 82.27 3.36 3.39 3.66
4 5 93.28 88.96 8294 3.52 3.37 3.66

Table 2: Sweep for MT RAG system across k for MCIF
set with L. = 0.96 and Qwen 3.5 9B. WB denotes ASR
Word Boost; RAG-k indicates retrieved exemplars.

7 On SimulST Latency Scores

True latency, ‘“macro” average latencies and or-
acle offsets To ensure that our system latencies
would have a similar performance in real use cases
and reflect user-perceived latency (UPL), we cal-
culate latency scores of our complete pipeline by
calculating alignments of our final configurations.
For the MT component, we make use of latency
metric based on the definition of Poldk et al. (2026)
by using forced alignment of the audio and source
references and then aligning to the translation hy-
pothesis®>. We refer to this metric as TrueLatency.
During this evaluation process, we identified
three problems with current latency metrics. First,
SimulST latency metrics are currently reported as a
macro average of average token latencies per sen-
tence. We argue that in practice, this makes latency
dependent on reference target segmentation and
sentence length, distorting UPL. As an example,
Figure 7 shows the source word length distribution
of the MCIF dataset, where it can be seen that, by
taking the “macro”, latency on longer sentences

SCTC based aligners from WhisperX (Bain et al., 2023)
and SimAlign (Jalili Sabet et al., 2020)
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Figure 7: Words per sentence (WPS) histogram of MCIF
En—De target.
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Figure 8: Example of early L. sweep with Qwen-
9B SCLP+LCP for MCIF En—1It without whisper-like
temperature fallback where L, = 0.96 and L. =
1.12 present early “end of stream” failure cases. The
YAALpacro gets artificially decreased due the nega-
tive latencies, while YA A Lyjcro 1S more robust to this
type of noise.

may be under-represented. Our second identified
problem lays on the way that AL based metrics
calculate word delays with respect to the reference
"wait-0" oracle. When adapting text based AL met-
rics to source speech, the delay for a word is the
difference between the emission time and the ora-
cle assigned (¢ — 1/r), with r being the length ratio
between target and source sequences. This can also
be interpreted as taking the start emission time of
equally distributed source words. This mismatches
standard ASR latency calculations, which measure
the difference between hypothesis and reference
end delays . Our final identified problem is that
current macro-level AL metrics are highly sensitive
to alignment errors. For instance, if a faulty system
stops emitting prematurely, the sentence aligner of
YAAL may force-align single words from the last
sentences to missing sentences, generating extreme

®For example, see Caiman ASR and UFAL asr_latency
script. It is worth noting that contrary to AL based metrics,
ATD does take source end emission times on its formulation.
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https://github.com/MyrtleSoftware/caiman-asr/blob/0a69969c0a80a3bf786b4e05418d7f27f5cc780c/training/caiman_asr_train/latency/measure_latency.py
https://github.com/ufal/asr_latency

YA ALMicro+EndOffset

Latency Context XCOMET 1t YAALwacro | NE |
Mean P50 P99
En-De
LOW X 90.26 1.89 151002 1.394011 419413 0.17
v 92.05 1.89 1.53+() 10 1.42+() 14 4-20+1.50 0.21
’ ;{;GH X 9267 341 2.99.015 290025 6.30 055 0.00
v 93.70 3.41 3.00410.18 2.894031 6.574066 0.00
En-It
LOW X 85.16 1.89 154001 1454008 4.021337 0.15
v 87.03 1.90 1.54, 006 144,010 4.374114 0.18
| ;{;GH I S X A 336 2.96. 007 2871019 6234096 000
v 89.36 3.42 3.005013 2914020 6.29:090 0.00
En-Zh
LOW X 78.46 1.80 1.61,() 20 1.48,0‘13 4.78+1.54 0.38
v 82.12 1.82 1.65_019 149009 5.171129 0.53
’ ;{iC;I; X 8219 344 3.25 022 3.15_007 6.774128 0.00
v 84.56 3.55 3.36_026 3.23_011 747,000 0.01
Cs-En
LOW X 77.60 1.56 1.074044 11140314 5.34137 0.18
"HIGH  x 8277 279 1.99.061 2551035 7.264325 0.00

Table 3: Final evaluation results across all language pairs. Subindices of YA ALMicro+EndOffset SUbmetrics
indicate the corresponding A(TrueLatencynicro — YA ALMicro+EndoOffset )-NE indicates Normalized Erasure.

negative delays that may distort the system’s real
latency. We observe that taking the macro aver-
age in this cases greatly skews the YAAL scores,
while the micro average smooths noisy negative de-
lays, yielding a more realistic latency score for the
functional part of the inference. Figure 8 shows an
example of this phenomenon of faulty inferences
in Qwen3.5 9B. Configurations with L. = 0.96
and L. = 1.12 show how YAAL calculated at the
macro level in these cases artificially reduces la-
tency with respect to the expected YAAL score that
correlates with the increase of L., while YAAL
at the micro level properly captures the expected
linearity and behavior of the model. In addition to
all of this, this negative delay phenomenon can be
easily overlooked, as common checks for empty
sentence alignments will not report this cases.

8 Final Results

Following the previous section, for our final
systems reported in Table 3, in addition to standard
macro, start oracle emission YAAL, XCOMET and
NE, we report the YAAL average at the micro level
with oracle end offsets alongside the corresponding
deltas with respect to our calculated TrueLatency.
We also report median and p99 following the

recommendations of (Iranzo-Sanchez et al., 2025a)
to ensure the robustness of our systems and give
a better picture of latency distribution beyond
the mean. For our final systems, YA ALnacro
latencies hover the ~1.9 and ~3.5 second mark for
MCIF directions and 1.5 and 2.8 for Cs—En for the
low and high latency regimes. In terms of quality,
compared to models configurations of this year
organizer baselines on MCIF with similar YAAL
scores /, we obtain substantial improvements, with
AXCOMETYY, ,, = (+13.5,+16.7,+3.0)

and AXCOMET"), .. = (+7.6,+9.0,+2.3)
for low and high latency respectively.  Ver-

sus the improved context track baselines,
we also maintain substantial gains of
AXCOMET 0N = (414.4,+17.7,+7.2)

and AXCOMET ), 05" = (+7.4,49.7,43.2).
We can also observe that our final models’
YAALMicrotEndOffset are very similar to
the obtained TrueLatencynticro, alongside
reasonable median and p99 values, which lead us
to affirm that our final models are robust and their
latency will probably reflect real observed UPL.
We do note that for Cs —En, bigger A gaps appear
compared to the MCIF language pairs.

"Baseline models with 0.64s and 1.28s chunk size.

219



9 Limitations

Several limitations of this work should be acknowl-
edged. First, our exploration of relaxed LCP poli-
cies was limited due to time constraints. LACP
was not evaluated as an MT emission policy, and
the sensitivity analysis of SLCP parameters v and
o were selected on previous small scale experi-
ments. It is possible that per-language tuning of
these hyperparameters could yield better latency—
quality trade-offs for the remaining language di-
rections, which we leave to future work. Second,
also due to time constraints, policy exploration
in ASR was entirely conducted in English ASR.
Since we transferred the best English configuration
to Czech ASR, our hope is that our results for the
Czech - English translation pair could be further im-
proved with a language-specific policy exploration.
Third, our system is restricted to cascaded architec-
tures. While this choice is empirically motivated by
strong results on recent benchmarks, it may forgo
potential gains from tighter integration of acous-
tic and linguistic information. We acknowledge
that SpeechLLLM-based approaches via a modality
adapter (Verdini et al., 2025) represent a promising
alternative, and our decision not to explore them
here is primarily driven by the limited availabil-
ity of in-domain training data for this track and
the computational cost of bridging the modality
gap in such architectures. Finally, the computa-
tional budget available to us constrained several
design choices. Our experiments were conducted
mostly consumer-grade GPUs with at most 24GB
of memory, which prevented us from evaluating
larger unquantized models and from running MBR
decoding at a scale that would be competitive with
greedy decoding in terms of real-time factor.
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A Minimum Bayes Risk Decoding Study

While Minimum Bayes Risk (MBR) decod-
ing was popular during both the statistical ASR

era (Goel and Byrne, 2000) and early machine
translation research (Kumar and Byrne, 2004),
it has recently seen renewed interest in offline
MT (Eikema and Aziz, 2022).

This resurgence is largely driven by the emer-
gence of strong neural evaluation metrics, which
can outperform standard beam search while avoid-
ing known issues such as the beam search
curse (Murray and Chiang, 2018; Yang et al.,
2018). To the best of our knowledge, this con-
stitutes the first study exploring the use of MBR in
the SimulST setting, as prior work has largely re-
stricted MBR to offline ASR and MT scenarios (Jin-
nai, 2025; Wang et al., 2025; Li et al., 2025).

We leverage the MBR implementations provided
by the mbrs library (Deguchi et al., 2024) and ex-
periment with multiple evaluation metrics. Due to
computational constraints, we primarily focus on
XCOMET-lite (Larionov et al., 2024) and chrF 8.
We also evaluated chrF++ (Popovi¢, 2017), default
BLEU via sacreBLEU (Post, 2018), and Partial-
COMET (Zouhar et al., 2026) in earlier experi-
ments, but observed similar or worse performance
at higher computational cost. For hypothesis gener-
ation, we use epsilon sampling (Hewitt et al., 2022;
Freitag et al., 2023) with ¢ = 0.02 and 7 = 1.0.
For all applicable metrics, we make use of Refer-
ence Aggregation to speed up MBR (DeNero et al.,
2009; Vamvas and Sennrich, 2024)

Table 4 reports results for configurations feasi-
ble on a single NVIDIA RTX 4090. For the Qwen
models, chrF with n = 32 performs comparably to
greedy decoding, but at a significantly higher com-
putational cost. This ultimately led us to discard
MBR for our final submission.

The table also includes results for the IWSLT
2025 UPV system, where we replace the RALCP
policy and force the system to always commit out-
puts. This setup highlights an interesting prop-
erty of MBR when adapting offline methods to
SimulST: it mitigates hallucinations and reduces
the tendency of mode-seeking decoding algorithms
to emit empty outputs. While the original sub-
mission utilized RALCP to address these issues,
removing the emission policy causes both greedy
and beam search decoding to produce divergent tar-
get content which end up in inference failures. In
contrast, MBR naturally prevents this behavior, en-
abling stable decoding without requiring additional
control policies.

8https://github.com/jvamvas/fastChrF
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We also explored applying offline MBR to the
context track. However, generating large numbers
of hypotheses (k) resulted in significantly slower
decoding, with real-time factors exceeding 1 rela-
tive to dataset duration. As a result, we discarded
this approach for the context track as well.

—8— WER MBR Beam Search N-Best
10.25 Beam Search

10.00 A

9.75 1

9.25 1
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T T T T T
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Figure 9: WER of beam search vs. MBR re-ranking
of n-best hypotheses for Parakeet with L. = 0.96 on
MCIF across different values of n

Finally, we evaluated a standard MBR re-ranking
approach for ASR over n-best hypotheses gener-
ated via beam search. However, this method consis-
tently yielded negative results, as shown in Figure 9.
Overall, we did not adopt MBR in neither the ASR
nor the MT component in our final system due to its
computational cost and limited benefits, although
it remains an interesting direction for future study.
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Model Policy ~MBR Metric Samples 2 AL® ) XCOMET+ cwrFt BLEU?

CU CA

Greedy 1 299 333 89.48 58.06  24.75
16 305  3.96 87.43 57.15  23.83
Qwen3.5(4B)  Hold-3  chrF 32 310 4.52 87.15 5801  24.66
XCOMET-lite 8 306  3.96 85.33 5140  17.51
Greedy 1 294 339 89.57 5855  25.58
16 287 422 87.52 5798  23.18
Qwen 3.5 (9B) Hold-3  chrF 32 289 487 89.55 5922 24.66
XCOMET-lite 8 2.82  4.04 88.51 53.14  17.38

Greedy X Unstable, results in an inference failure

Beam Search X Unstable, results in an inference failure
IWSLT25 UPV. - Write All "} e 64 1.96 243 76.46 56.19  20.98
chrF++ 64 1.99 534 76.74 5490  20.36
BLEU 64 223 491 76.70 5410  22.85
PartialComet 64 222 271 76.29 45.85 10.28

Table 4: Comparison of Greedy vs. MBR decoding for Qwen 3.5 variants hold-3 variants and IWSLT 25 UPV
without RALCP for MCIF En—De.
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