Dynamic Lagging using Stable-Prefix Training for Simultaneous

Translation
Hieu Hoang Amittai Axelrod Matt Post
Microsoft Microsoft
Abstract tive policies that make the read-write decision dy-

In streaming simultaneous speech translation,
the speech translation system is trained to learn
aread-write policy that alternates between con-
suming source words and generating target
ones. In a cascaded setting, the output from the
speech recognizer is passed to a separate ma-
chine translation component, making it more
difficult to learn such a policy. Approxima-
tions such as fixed wait-k strategies or target-
suffix deletion can be employed, but these
approaches do not provide the model with a
streaming system’s flexibility to make contex-
tual read-write decisions. This paper presents
a training strategy for a cascaded machine
translation system that enables it to dynami-
cally decide how much of the growing source
prefix to translate. We achieve this by fine-
tuning a large language model (Qwen3-8B) on
stable prefixes of the training data, which are
produced by pairing every source sentence pre-
fix in the training data with the longest transla-
tion of that prefix that is shared with the full
source sentence translation. We fine-tune vari-
ants of the model on different subsets of the
prefixes and compare against wait-k and target-
suffix deletion. We also investigate the ef-
fect of fine-tuning the target-token generation
confidence. Our experiments show that stable
prefixes improve the quality-latency tradeoff
when translating from English into German,
Japanese, and Chinese across a range of test
sets.

1 Introduction

Simultaneous speech translation begins translat-
ing before the complete speech input has been ob-
served. In this setting, there is a natural tradeoff
between translation quality (which is highest when
the entire input is available) and latency (which
is lowest when the system begins translating right
away). A number of approaches have been de-
veloped to address this tradeoff, including fixed
schedules such as wait-k (Ma et al., 2019), adap-
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namically (Gu et al., 2017; Zheng et al., 2020),
re-translation (Arivazhagan et al., 2020b), or local
agreement (Poldk et al., 2022).

A cascaded pipeline, where the text output of
an automatic speech recognition (ASR) system is
passed to a machine translation (MT) system, con-
tinues to be an effective approach (Bentivogli et al.,
2021). For the machine translation component, a
cascade can employ a specialized streaming archi-
tecture or make use of off-the-shelf, standard trans-
lation systems or large language models, which
can also be tuned or adapted in different ways. The
machine translation system must determine how
much of the input it will translate, but for stan-
dard architectures, the options are often limited to
wait-k or target-suffix deletion (masking), which
are coarse policies that are not responsive to the
source context.

In this paper, we train an MT system to dynami-
cally decide how much output it is willing to com-
mit to. We do this by introducing the idea of a sta-
ble translation prefix, a translation of a source pre-
fix that has been truncated for consistency with the
full-sentence translation. This is computed by first
using a trained MT system to translate the source
side of every sentence in the training data, as well
as every prefix of those sentences, and then pair-
ing each source prefix with the longest common
prefix between its translation and the full-sentence
translation. These pairs then constitute training
data that can be used for fine-tuning, allowing the
model to learn how much to “trust” any particular
source prefix.

Our experiments demonstrate the effectiveness of
this approach. In experiments fine-tuning Qwen3-
8B, we observe substantial improvements in the
latency-quality Pareto frontier for models trained
on these prefixes and evaluated with wait-k, target-
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suffix deletion, and a tuned confidence threshold.
These findings hold across three language pairs
(en-de, en-ja, and en-zh) on FLEURS (Conneau
et al., 2022), WMT24++ (Deutsch et al., 2025),
and CoVoST 2 (Wang et al., 2020) test sets.

2 Background

Simultaneous machine translation begins translat-
ing before the entire input is received. In the
streaming setting (Cho and Esipova, 2016), the
output, once generated, cannot be revised, and the
system’s core task is to determine whether to read
the next source token or generate a target token.'
Early work learned this policy directly, either with
reinforcement learning (Gu et al., 2017) or with
supervised agents trained from oracle decisions
(Zheng et al., 2020). Fixed policies offer a simpler
alternative. In particular, wait-k reads k source to-
kens and then alternates between reading and writ-
ing (Maet al., 2019), providing an explicit latency-
quality control but without considering the context.
These transduction approaches commit target to-
kens incrementally. This formulation is naturally
suited to simultaneous translation but requires new
training and inference paradigms.

Cascaded approaches, which feed the output of an
ASR system into an MT one, remain popular (Ben-
tivogli et al., 2021). This setting permits the use of
specialized encoder-decoder models (Huang et al.,
2020), but it is also possible to use standard trans-
lation models which either translate input chunks
independently, or which repeatedly re-translate the
source, constrained each time to the previously
generated target prefix (Poldk et al., 2022).

A key distinction for the MT component is
whether the architecture is the “standard” model
(trained to consume the entire input and produce
an output) or has been adapted for streaming (and
has been trained to use or dynamically decide a
customized read-write policy). Standard models
are limited in their ability to control the amount of
output text. One approach is to impose a wait-k
policy on top of the model. Another is to use “tar-
get suffix deletion (mask-k)” (Arivazhagan et al.,
2020b), which removes words from the end of the
partial translation. This allows the caller to wait
until the next, longer partial source without com-
mitting to the complete partial translation, at the

'We follow Arivazhagan et al. (2020a) in distinguishing

streaming from re-translation approaches, in which the output
can be changed.

cost of some latency, and it reflects the fact that
translation uncertainty falls as more of the source
is observed. However, both these approaches are
coarse controls that do not take into account the
actual uncertainty or stability of the translation at
each point in the source. Our approach is to train
the model on dynamically-determined stable pre-
fixes and to use a tuned confidence threshold.

With the high performance of LLM-based transla-
tion systems, it is natural to incorporate them into
speech translation pipelines. Yang et al. (2025b)
surveys the integration of the speech modality into
(largely text-based) LLMs. A number of papers
construct training data that is amenable to multi-
turn dialog (Ouyang et al., 2025; Wang et al.,
2025). Agostinelli et al. (2024) provide a fine-
tuning and evaluation framework for LLMs, and
Fu et al. (2025) train on interleaved source-target
pairs under latency constraints. This paper uses
Qwen3-8B (Yang et al., 2025a) as a base transla-
tion model for evaluation and fine-tuning.

Prefixes have been used in various ways for train-
ing and inference. In prefix training (Niehues
et al., 2016), each (source, target) training pair is
randomly truncated. Sen et al. (2023) explore self-
training on tagged prefix training data, demonstrat-
ing increased monotonicity and reduced flicker in
a re-translation setting. At inference time, Poldk
et al. (2022) compared hypotheses in the beam,
and found the best performance from “local agree-
ment”, which computes a target prefix from a se-
quence of translations of growing source prefixes.
The local agreement criterion itself was introduced
by Liu et al. (2020), who commit the longest pre-
fix shared by consecutive hypotheses. The same
principle of committing only the stable portion
of a hypothesis underlies re-translation systems
that stabilize the output prefix as more source ar-
rives (Niehues et al.,, 2016, 2018; Arivazhagan
et al., 2020b), and agreement between successive
prefix translations was already exploited as a com-
mit criterion by Cho and Esipova (2016). Our ap-
proach extends work in prefix training with the
idea of a “stable” prefix: a distilled translation pre-
fix anchored to the full-sentence translation.

3 Approach

3.1 Prefix Translation Synthesis

Our goal is to produce a system which, when pre-
sented with a source prefix, will only translate as
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# type source prefix

translation

stable prefix

final Does he playfully tease you?  Neckt er dich spielerisch?  Neckt er dich spielerisch?
1 partial Does Macht
2 partial Does he Tut er das
3 partial Does he playfully Tut er das spielerisch
4 partial Does he playfully tease Neckt er Neckt er

Table 1: Stable-prefix extraction for a German example. Not until step 4 is a partial translation a prefix of the

full-sentence translation.

much of it as it can do so reliably. Past work in pre-
fix training relies on randomly sampling the prefix,
which does not properly account for prefix ambi-
guity. We address that by constructing training
data based on the notion of a stable prefix.

Given a monolingual source sentence s and a trans-
lation system ¢, we produce a translation f = ¢(s).
We also compute p; = t(s1.;), where each s ;
contains the first ¢ words of s.

Let ¢; = | lep(p;, f)| be the length of their longest
common word-level (EN—DE) or character-level
prefix (EN—JA and EN—ZH).

For source prefix s ;, we define the stable prefix
as p; = f1..m,, where m; = max;<; ¢;.

Thus the target prefix grows monotonically: once
content has agreed with the full-source translation
and been committed, a noisier later partial trans-
lation cannot retract it. This increases the prefix
translation length and stability of the training data.
The pseudocode for this procedure can be found in
Appendix A.

The stable-prefix translation corpus is merged with
the full translations when finetuning the model at
a fixed ratio. Table 1 contains an example. As
we translate successively longer source prefixes,
the translations in the “translation” column exhibit
“jitter.” Any suffix of the partial translation beyond
the stable prefix is unstable and is removed.

3.2 LLM Prompting

The LLM is prompted to generate translations of
a source prefix. It is told that the input is a par-
tial source sentence; its input and output are not
constrained or truncated. New source arriving in-
crementally is translated by appending it to the
previously observed source and re-prompting the
model to translate in the same manner. The pre-
viously committed target is supplied as a forced

prefix. An incremental input that completes the
source sentence is also force-decoded with the pre-
viously committed translation, but the model is ex-
plicitly told it is a complete sentence. The archi-
tecture is flicker-free by construction, as the model
has the previous translation as context but cannot
change it.

Consider the source sentence example Scientists
discovered a new species in the rainforest, where
the model assistant has already committed a trans-
lation for the prefix Scientists discovered a new:

User; Scientists discovered a new
Asst.; Wissenschaftler entdeckten eine neue

When the next chunk species arrives—the sen-
tence is still incomplete—the model is re-
prompted with the source observed so far and the
committed target as a forced prefix, and emits only
the new continuation:

Usery  Scientists discovered a new species
Forced, Wissenschaftler entdeckten eine neue
Asst.y  Art

Finally the chunk in the rainforest completes the
sentence; the model is re-prompted with the full
source—now flagged as complete—and the com-
mitted target as a forced prefix, and emits the re-
maining continuation:

Users Scientists discovered a new species in

the rainforest

Forceds Wissenschaftler entdeckten eine neue
Art

im Regenwald

Asst.3

4 Experimental setup

4.1 Models

We use Qwen3-8B (Yang et al., 2025a) throughout
this paper.
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4.2 Data

A common practice in MT and LLM training is
to use a more capable model to generate distilled
data for a less capable model. We take a self-
distillation approach, using a single model to gen-
erate synthetic parallel data and then fine-tuning
on this data to make the model prefix-aware for
streaming translation.

Self-distillation also provides a soft upper bound
on performance, enabling us to compare the fine-
tuned model with the original model that gener-
ated the data. Distilled data is also more regular
than raw parallel data, so more prefix examples
can be extracted to enrich the training data for the
prefix-aware model.

We experiment in three language directions:
EN—DE, EN—JA, and EN—ZH. The source
sentences are a randomly sampled subset of
the WMT24 training data (Kocmi et al., 2024,
EN—DE) and WMT?25 training data (Kocmi et al.,
2025, EN—JA and EN—ZH).

20 million parallel full sentences are synthesized
as well as their corresponding prefix pairs for each
language direction using the base LLM. The sta-
ble prefixes are then generated from this data as
described in Section 3.1.

Validation is performed on held-out data (new-
stest2019 (Barrault et al., 2019) for EN—DE and
wmttest2023 (Kocmi et al., 2023) for EN—JA and
EN—ZH) for full sentence pairs. We also validate
on stable prefix pairs held out from the training
data along with their full sentence pairs.

The models are evaluated on WMT24++ (Deutsch
et al., 2025), FLEURS (Conneau et al., 2022), and
CoVoST 2 (Wang et al., 2020) using COMET-22-
DA (Rei et al., 2022) and MetricX-24-Hybrid-XL
(Juraska et al., 2024).

4.3 Training and Validation

We finetune two models, prefix and
continuation, both using LoRA adapters (Hu
et al., 2022) with default settings and the Adam
optimizer (Kingma and Ba, 2015), with a learning
rate of 5 x 1075 and an effective batch size of
128.

Training follows the force-decoding paradigm de-
scribed in Section 3.2; non-initial prompts are
given the source translation from the beginning of

the sentence and force-decode with the previous
target prefix. Loss is applied only to the continua-
tion and end-of-sequence tokens.

The different training strategies for the prefix
and continuation models are described in the
next two sections.

4.3.1 prefix model

Training draws an equal mixture of prefix and
full-sentence examples and trains them as cross-
entropy tasks. Samples from the prefix corpus
are prompted with the initial translation prompt;
full-sentence pairs use the final translation prompt.
Thus the prefix model learns the initial-prefix
and initially-complete boundary cases, but it re-
ceives no examples containing an already commit-
ted target prefix and no intermediate continuation
examples.

Validation occurs every 500 updates and mea-
sures COMET on the full-sentence development
set and on prefix pairs. Prefix COMET is first
averaged within each observed-source-length bin
and then equally across bins; the selection score
is the equally weighted mean of this prefix score
and full-sentence COMET. Training stops when
the validation score does not improve for 5 consec-
utive epochs; the highest-selection-score check-
point is then used for evaluation.

4.3.2 continuation model

Training is initialised from the prefix model.
Whereas prefix is trained only on the initial-
prefix and full-sentence boundary cases, the
continuation model adds two similar tasks;
continue translates a chunk of words where its pre-
fix has already been translated, and final-continue
translates the final chunk of the sentence given
an already-committed target prefix. These four
tasks are sampled during training with the follow-
ing probabilities:

* initial 60%

* continue 20%

* final-continue 10%

* initially-complete 10%

Validation and checkpoint selection. We hold
out a fixed slice of 64 training sentences. On each
held-out sentence we imitate inference: the source
is revealed a few words at a time, and at every step
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the model continues from its own previously com-
mitted text (using the same force-decoding prompt
as training, never the gold prefix); these are then
concatenated into one complete translation of the
sentence. COMET is computed for this incremen-
tally built translation, and for translating the whole
sentence at once. The selection score is the equally
weighted average of these two COMET scores.
Training stops when the validation score does not
improve for 5 consecutive epochs.

4.4 Evaluation

We apply two evaluation methods: binary-
segmentation translation and incremental transla-
tion.

In the first case, we segment the source sentences
at every word boundary into two segments and
translate the prefix and the suffix. The prefix trans-
lation is used as context, via force decoding, to
translate the suffix. The COMET score (Rei et al.,
2022) is computed over the concatenated prefix
and suffix translations. This reveals how trans-
lation quality changes depending on where the
source is segmented.

The incremental evaluation is more realistic, as
it simulates source text arriving incrementally in
chunks of different lengths, reflecting the condi-
tions of a live simultaneous translation scenario.
At each step, the model has to decide whether—
and how much—to commit to the translation out-
put. We use Average Lagging (Ma et al., 2019)
to measure how long a system waits before pro-
ducing translation output: for a value k, the sys-
tem produces the translation only up to input token
n—k.

5 Results
5.1 Finetuning LLM

The results of the binary segmentation evaluation
are summarized in Table 2 and visualized in Fig-
ure 1 for the base (pre-trained LLM), prefix,
and cont inuation models. We measured aver-
age lag and the COMET score on the test set when
translating full sentences.

We also calculated the COMET score at each seg-
mentation position. If a particular sentence is
shorter than the segmentation point, its score is
taken as the COMET score of the full sentence.
The Worst score in Table 2 corresponds to the low-

Table 2: Average Lagging and COMET (x100) on
FLEURS. Full is complete-sentence COMET; Worst
is the minimum corpus-average COMET over source
boundaries.

ID model AL Full Worst
EN—DE
1 base 0.82 859 80.9
2 prefix 221 871 85.1
3 continuation 221 86.1 81.2
EN—JA
4 base 0.11 89.2 81.3
5 prefix 3.06 904 90.0
6 continuation 1.06 89.2 75.7
EN—ZH
7 base 0.60 88.1 85.8
8 prefix 3.11 88.8 884
9 continuation 0.55 883 85.5

est COMET score observed across all segmenta-
tion positions for each model.

We note a few interesting observations:

* The prefix models translate full sentences bet-
ter according to COMET, even better than
the base model from which the distilled data
came. This resembles the “born-again” phe-
nomenon, in which a student trained on a
teacher’s predictions surpasses that teacher
despite sharing its architecture, because self-
distillation can regularize and reweight the
learning signal (Furlanello et al., 2018); here,
the large ratio of full-sentence examples
likely strengthens that effect. Continuation
matches the pre-trained model.

* The base model is most aggressive at com-
mitting translations. The average lag of
the prefix model is significantly higher
(worse) than the other models, for all 3 lan-
guage pairs. The bottom row of Figure 1 in-
dicates the prefix model sees a lot more
source tokens than the other models for a
given quantity of output tokens.

* Figure 1 shows that base-model translation
quality dips at early word positions when
source sentences are segmented, translated in
two parts, and the translations recomposed.
The prefix model is noticeably better than
the base model in all three languages at the
cost of higher latency. The continuation
model is a little better than base.
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Figure 1: Binary source-completion on FLEURS: COMET of the recomposed translation (top) and prefix-
translation length (bottom) versus source words revealed, for the pre-trained base and the prefix adapter prefix.

5.2 Pareto frontier

The binary segmentation evaluation provides in-
sight into how the models perform when translat-
ing source prefixes of varying lengths; however, it
is not a realistic simulation of real-time translation
scenarios, where the source unfolds incrementally
in unpredictably sized chunks.

We simulate this scenario by incrementally reveal-
ing randomly sized source chunks to the models,
with the chunk sizes drawn from a uniform dis-
tribution between 1 and 5. The average quality
of the full, concatenated translation is measured
against latency to gauge the trade-off between the
two competing priorities for each model.

On their own, each of the models occupies one
point in the quality-latency space. We now in-
troduce three inference-time mechanisms to con-
trol the trade-off between translation quality and
latency for any model, which lets us trace out a
continuous Pareto frontier for each model.

1. wait-k: the classical wait-k policy with its
own canonical read schedule—read the first
k source words, then alternate reading one
source word and committing one target unit
(9(t) = min(k+t—1,|z])). A larger k waits
for more source tokens before committing,
thus raising latency.

2. target suffix deletion: at each non-final step

the model generates its full continuation but
deletes the last d target units (words, or char-
acters for EN—JA/ZH) before committing.
This holds back the least-reliable tail tokens
from the output; larger d is more conservative
and adds latency.

3. confidence: a threshold 7 on the stop-versus-
continue margin between the probability of
generating EOS (end of sentence) versus any-
thing else. The action chosen is:

A = P(best non-EOS) — P(EOS),

COMMIT
CL(A;T) - {STOP |
)

A Z T’
A<T.

ey
T——1 commits aggressively, for low latency,
while 7—1 waits for the whole source, re-
covering the offline translation. Using the
model’s own output confidence to drive the
read/write decision follows a line of adaptive
simultaneous-translation policies (Cho and
Esipova, 2016; Gu et al., 2017; Zheng et al.,
2019, 2020; Ma et al., 2020).

Table 3 and Figure 2 compare the three mecha-
nisms for each model.

The finetuned models achieve a much better
quality—latency trade-off under any mechanism,
though the confidence mechanism is clearly the
best of the three in most cases.
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Figure 2: The three latency mechanisms per model (rows) x EN—{DE,JA,ZH} (columns) on FLEURS.

Of the two finetuned variants, the prefix model
is better than the continuation model, con-
firming the previous subsection’s results. This can
be explained by the fact that continuing from a pre-
vious translation is already implicit in the pre fix
model’s training: the continuation task of
explicitly teaching the model to continue a trans-
lation dilutes the useful supervision, adding lit-
tle information while complicating the prefix/full-
sentence data mix.

Wait-k’s rigid read-write schedule constrains what
the model sees and forces it to commit on a fixed
cadence. On the base model, this causes hallucina-
tions, especially at low &, hence the low COMET
score. The prefix-aware finetuned models reduce

this degeneracy, but it remains uncompetitive.

Suffix deletion is not constrained by wait-k’s read
schedule at low k: it can use the whole source pre-
fix, so it translates better than wait-%£ and occasion-
ally beats the confidence mechanism. However, it
can also hallucinate and repeat—content the dele-
tion then discards, wasting computation—and it
can only increase latency by holding back the tail
of the translation.

Overall, confidence is the best performing mech-
anism on all language pairs, models, and latency
ranges (apart from base EN—DE) but is partic-
ularly effective with the finetuned models. The
mechanism is well-behaved at its endpoints. At
7 = 0 the rule reduces exactly to greedy decod-
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Table 3: Latency-mechanism AUC on FLEURS sum-
marizing Figure 2: COMET over Average Lagging.
Bold: best mechanism per row; *: best per language.

wait-k  suffix del. confidence
base
EN—DE 47.9 75.1 75.0
EN—JA 76.8 82.7 85.6
EN—ZH 81.1 84.5 86.2
prefix
EN—DE 65.0 73.7 78.9
EN—JA 78.6 85.0 87.2*
EN—ZH 81.7 85.3 87.0*
continuation
EN—DE 74.8 80.2 81.9*
EN—JA 76.8 84.5 86.5
EN—ZH 80.7 84.2 86.5
full-control
EN—DE — — 76.0
EN—JA — — 87.1
EN—ZH — — 86.5

ing. At 7 = 1 it waits for essentially the whole
source before committing, recovering the offline
translation. In between, the commit is confidence-
adaptive rather than positional. At negative 7 it
commits aggressively for lower latency, trading off
translation quality.

5.3 Calibration of commit/wait confidence

When applied to the prefix or continuation mod-
els, which are trained to handle partial source in-
puts, the confidence mechanism becomes most
effective. To distinguish the effect of stable-
prefix supervision from generic full-sentence adap-
tation, this calibration analysis includes a full-
sentence-only control for each language direction:
a fresh adapter trained from the base model with-
out stable-prefix examples. Its role is specifically
to test whether ordinary full-sentence finetuning
can account for changes in commit/wait confi-
dence.

We test whether the continue-versus-stop signal is
better calibrated using a FLEURS stable-prefix or-
acle (Figure 3). For each of 64 test sentences, the
base model translates the complete source and ev-
ery proper source prefix; the oracle at each bound-
ary is the running-max longest common prefix
with the complete-source translation. We force-

All source prefixes

0.6 1 ¢ o5 T
: b 11 4
T Ti
L4 T
04+ & * *
T 1
— Ti
o] 0.2 A b4
w
S 0.0 . . .
qJ .
s Early prefixes ( = 30% source seen)
S
o
Q 0.6 T
= ] *
o 1 I T I
° 0.4 1 { ] A 1
e T 1
® 11 )| .
S 024 & ¢ ¢
NN}
0.0 T T T
EN - DE EN-JA EN-ZH
® Dbase & prefix
full-only i continuation

Figure 3: Expected Calibration Error (lower is bet-
ter) of normalized commit confidence g, against the
FLEURS stable-prefix oracle. Bars are 95% intervals
from 1,000 sentence-level bootstrap samples. Top: all
non-final source prefixes; bottom: prefixes with at most
30% of the source visible.

decode the previous oracle target, label each newly
licensed target token as GO followed by one STOP,
and score every model on these identical states us-
ing

P(best non-EOS)

p— . 2
9% = Plbest non-EOS) + P(EOS)” *)

The full-sentence-only controls closely match
base in all three directions, whereas the prefix
model is substantially better calibrated: relative to
base, ECE is reduced by 31-46%. On early pre-
fixes with at most 30% of the source visible, the
reductions are 48-55%.

continuation’s ECE also improves on base,
but less than prefix. The contrast with the full-
sentence-only controls indicates that generic adap-
tation alone does not explain the calibration gain
from stable-prefix training.

Training with the stable-prefix corpus thus not
only produces models that are better at translat-
ing partial source inputs, but also improves com-
mit/wait confidence calibration against the stable-
prefix oracle.
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Table 4: COMET quality-latency frontier AUC
summarizing Figure 5 over Average Lagging, for
EN—{DE,JA,ZH}. Each column scores one sweep on
the shared latency interval for that dataset-language
panel; best per row in bold.

base ft. + conf.

wait-k suf.del. conf. prefix cont.

FLEURS

DE 482 75.1 75.1 79.0 81.9
JA 770 82.7 85.6 873 86.5
ZH 81.1 84.5 86.2 87.0 86.5
WMT24++

DE 437 63.6 65.1 69.6 74.6
JA 731 79.2 80.6 837 793
ZH 757 80.4 81.4 83.3 803
CoVoST2

DE 682 80.5 78.0 81.3 83.1
JA 772 82.1 83.3 844  85.0
ZH 81.8 85.0 85.2 86.5 86.5

The full-sentence-only model’s full sentence trans-
lations (86.8/90.5/88.8) are better than the base
model and similar to prefix, confirming the
“born-again” effect. Its AUC (last three rows of
Table 3) likewise rises above base and nearly
matches prefix because its full sentence trans-
lation pulls up the entire curve. However, as Fig-
ure 4 shows, its latency-quality tradeoff consis-
tently drops relative to prefix when pushed for
lower latency, reflecting its uncalibrated perfor-
mance.

5.4 Evaluations on other test sets

The FLEURS comparison in the previous section
carries over to the other test sets. Table 4 and
Figure 5 repeat the evaluation on WMT24++ and
CoVoST2 alongside FLEURS: the base model
is swept with wait-k, suffix deletion, and confi-
dence, while the finetuned models use the confi-
dence mechanism.

The explicit base confidence sweep controls for
the inference mechanism when comparing the pre-
trained and finetuned models. By COMET AUC,
prefix with confidence improves over base
with confidence in all nine dataset-language pan-
els. prefix has the higher quality ceiling, while
continuation is useful for the lowest-latency
frontier.

Appendix Table 6 and Figure 6 present the corre-
sponding MetricX results; they support the same
conclusions as the COMET-based analysis.

6 Conclusion

We presented a method for identifying stable train-
ing prefixes, which are translations of source-
sentence prefixes that are in common with their
corresponding full-sentence translations. Rather
than translating the currently available source pre-
fix in its entirety or applying a fixed truncation
rule, the model learns how much target content
to commit. This provides a dynamic, context-
sensitive approach to determining how much of an
input prefix to translate, in the context of simulta-
neous translation. In our experiments, we mixed
this data with normal, full-sentence training data
and fine-tuned a large language model. Inference
with the model focused on a prefix-decoding strat-
egy, a streaming approach that does not modify the
output, once committed, and is therefore flicker-
free by design. Experiments with Qwen3-8B on
EN—DE, EN—JA, and EN—ZH show improved
latency-accuracy trade-offs under a number of de-
coding strategies.

We trained two model variants, prefix and
continuation, to handle initial and ongoing
translation tasks. Of these, prefix dominates
most of the Pareto frontier in its latency range.
The continuation model can reach slightly
lower latency points, but with a trade-off in trans-
lation quality. Although the prefix model used
only initial-prefix source segmentations, its perfor-
mance generalized to random read schedules and
continuations, a result that held across language
pairs, datasets, and evaluation metrics.

The training also substantially improves calibra-
tion of commit/wait confidence against a FLEURS
stable-prefix oracle, reducing ECE by 31-46%
overall and 48-55% on early source prefixes. A
single confidence threshold is the best of the three
training-free latency mechanisms on the finetuned
models we tested. It outperforms wait-k and
suffix-deletion in all language pairs as measured
by AUC, and extends the reachable frontier to
higher and lower latency.

7 Limitations

Our experiments cover only three language pairs,
all originating in English, and we fine-tune un-
der only a single translation engine; further exper-
imentation is required to test whether the results
generalize.
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continuation under confidence.

Each panel compares base under wait-k,
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Appendices
A Stable-prefix construction

Input: source sentence s = (wq, . ..
lation model ¢
Output: prefix training pairs D

,Wp,); trans-
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1. SetT < t(s), m < 0,and D < @.
2. Fori=1,...,n:

(a) Set s; + (wl, ce, wi) and P, + t(Si).

(b) Setl; « |lep(P;,T)|.

(c) Enforce monotonicity: m —
max(m, ¢;).

(d) Add (s;,Th..m) to D.
3. Return D.

Here lcp is the longest common target prefix. The
running maximum ensures that the committed tar-
get length never decreases even as more source
words arrive.

B Reproducibility details

Average Lagging. We use the standard Average
Lagging of Ma et al. (2019). Latency is measured
in source-word units. For a sentence with n source
words and 7' committed target units, let g; be the
number of source words read when target unit ¢ is
committed, v = T'/n, and 7 the first target posi-
tion committed after all n source words have been
read (or T if this never occurs). We compute

1 — i—1
AL:TZ(gZ-— ) (3)

=1 v

The target units are whitespace-delimited words
for German, and characters for Japanese and Chi-
nese.

Attainable-envelope = AUC. Each dataset—
language panel uses one shared latency interval
[L,U], where L and U are respectively the
minimum and maximum AL over the union of all
operating points from all compared sweeps in that
panel. We evaluate 101 equally spaced budgets
bj = L + j(U — L)/100. For COMET, let Ss be
sweep s’s set of (AL, quality) points, let gyorst be
the lowest COMET value anywhere in the panel,
and define

Qs(b) = {q : (a7Q) € SS> a < b}v

= [P0, &0 4o
Qworst » otherwise, 4)
1 Lo

AUCS == ﬁ j:O Fs(b])

Direction prefix continuation
EN—DE 2,000/4,500 (576k) 3,500/ 6,000 (768k)
EN—JA 1,000 / 3,500 (448k) 10,500 /13,000 (1.664M)
EN—ZH 2,000/4,500 (576k) 8,500/ 11,000 (1.408M)

Table 5: Selected update / final update evaluated be-
fore stopping; parentheses give the total number of op-
timized records through the final update (updates mul-
tiplied by effective batch size 128).

Thus every sweep has the same domain and de-
nominator, including below its minimum attain-
able latency. For MetricX, where lower is better,
we replace both maxima by minima and use the
panel’s highest error as gworst. The five sweeps
are base with wait-k, suffix deletion, or confi-
dence, and prefix and continuation with
confidence.

Optimization. The evaluated adapters use
LoRA rank 16, scaling factor 32, dropout 0.05,
and no bias, applied to the attention ¢, k, v,
and output projections and the MLP gate, up,
and down projections. The continuation stage
initializes the selected prefix adapter and keeps
the same adapter trainable. Both stages use fused
AdamW, a constant learning rate of 5 x 1076
without warmup, gradient clipping at 1.0, and an
effective batch size of 128.

Corpus parsing and sampling. The synthetic
corpus was constructed from a nominal 20 million
source sentences per language direction. However,
very little of the corpus is actually used in training
because training stops early when the validation
loss stops improving. Table 5 shows the number
of updates and total records processed for each lan-
guage direction.

C LLM Prompt Templates

All prompts use a single force-decode turn ren-
dered through the Qwen3 chat template (thinking
disabled): a system message, one user message
carrying the instruction and all source observed
so far, and an open assistant turn seeded with the
committed target (empty on the first step) that the
model continues. The instruction takes one of two
forms depending on whether the sentence is yet
complete. The examples below use the running
source and committed translation example from
the LLM prompting in Section 3.2:
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C.1 Prompts

Initial translation With no target committed
yet, the single user turn translates the source ob-
served so far and the model writes from an empty
prefix:

[system] You are a professional simultaneous
translator from English to German.
An initial English segment has
arrived, but the sentence is not
complete. Translate only what is
supported so far. Output ONLY the
German translation.

English: Scientists discovered a new
—-—> Wissenschaftler entdeckten eine neue

[user]

Continuation translation Once a target prefix
has been committed, the model is restarted with
all source observed so far and the committed tar-
get supplied as a forced prefix; free decoding then
emits only the new continuation:

[system] You are a professional simultaneous
translator from English to German.
An initial English segment has
arrived, but the sentence is not
complete. Translate only what is
supported so far. Output ONLY the
German translation.

English: Scientists discovered a
new species

[forced] Wissenschaftler entdeckten eine neue
-——> Art

[user]

Final translation When the full sentence has ar-
rived, the instruction switches to its final form: the
user turn carries the complete source and the com-
mitted target is again forced, so the model pro-
duces only the remaining continuation:

[system] You are a professional simultaneous
translator from English to German.
The final English segment has
arrived; the sentence is now
complete. Keep the existing German
unchanged and output ONLY the new
continuation needed to complete the
translation.

English: Scientists discovered a new
species in the rainforest.
Wissenschaftler entdeckten eine neue
Art

——> im Regenwald.

[user]

[forced]

D MetricX evaluation

As a metric-robustness check we re-score the
FLEURS, WMT24++, and CoVoST 2 evaluations
with MetricX, a reference-based error metric that
uses a range of 0-25 (lower is better). Figure 6
is the MetricX copy of the quality—latency mech-
anism comparison in Figure 5. Table 6 reports
the corresponding MetricX frontier AUC for each
sweep. The qualitative ordering carries over be-
tween metrics: prefix is strongest at higher la-
tency, while cont inuation reaches the lowest-
latency band.

Table 6: MetricX-error quality—latency frontier AUC
corresponding to Table 4 (lower is better), for
EN—{DE,JA,ZH}. Each column scores one sweep on
the shared latency interval for that dataset-language
panel; best per row in bold.

base ft. + conf.

wait-k suf.del. conf. prefix cont.

FLEURS

DE 10.4 42 45 3.1 2.5
JA 7.7 62 5.1 4.3 4.6
ZH 4.0 30 26 22 2.3
WMT24++

DE 9.3 6.7 6.1 5.0 43
JA 8.1 69 63 54 6.2
ZH 49 40 36 31 3.6
CoVoST2

DE 45 24 29 2.1 1.9
JA 5.7 48 45 4.0 4.0
ZH 2.3 19 1.8 1.6 1.6
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Figure 6: MetricX version of Figure 5, with the same five sweeps (MetricX error, lower is better).
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