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Abstract

Reranking methods, such as Minimum Bayes
Risk (MBR) decoding and Quality Estimation
(QE) reranking, have been widely used in mod-
ern neural machine translation (NMT) to se-
lect an output from a set of candidate hypothe-
ses. However, the performance gains come
at the cost of high inference latency. Exist-
ing acceleration methods target MBR decod-
ing and reduce only the reranking computa-
tion, leaving QE reranking unaddressed and
candidate generation—which can be the larger
computational bottleneck—Iargely untouched.
In this work, we propose QUIT (Quantifying
Uncertainty for Incremental Termination), a
novel early-stopping strategy for the entire
generation—reranking pipeline. QUIT treats
candidate generation as a sequential decision-
making process under uncertainty. It incremen-
tally generates and reranks candidates, stopping
when the best reranking score stabilizes. Com-
prehensive experiments with three NMT mod-
els across 19 language pairs show that QUIT
achieves end-to-end speedups of 1.47-2.66 x
for MBR decoding and 3.43-4.12x for QE
reranking while preserving translation quality
for nearly all external quality metrics.

1 Introduction

Reranking is increasingly common in modern neu-
ral machine translation (NMT): a reranker selects
the final output from a set of hypotheses generated
by an NMT model. Reranking offers two advan-
tages: (1) it uses external criteria rather than rely-
ing solely on model probability, which has been
shown to correlate poorly with translation quality
(Eikema and Aziz, 2020; Freitag et al., 2022), and
(2) it flexibly adapts output selection to different
inference-time objectives without requiring model
retraining (Saunders et al., 2022). In recent WMT
General Translation Shared Tasks, nearly all top-
performing systems have used reranking during
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inference or for training-data construction (Kocmi
et al., 2024, 2025). The predominant approaches
are Minimum Bayes Risk (MBR) decoding (Kumar
and Byrne, 2004; Tromble et al., 2008; Eikema and
Aziz, 2020, 2022; Freitag et al., 2022; Fernandes
et al., 2022) and Quality Estimation (QE) reranking
(Fernandes et al., 2022), along with their variants.

Despite its effectiveness, the reranking pipeline
is computationally expensive, as it requires gener-
ating many hypotheses and repeatedly invoking the
reranker. Although several methods have recently
been proposed to accelerate MBR decoding (Cheng
and Vlachos, 2023; Vamvas and Sennrich, 2024,
Deguchi et al., 2024), they are specific to MBR
and optimize only the reranking stage, without re-
ducing the need for large candidate sets. To the
best of our knowledge, no acceleration method has
been developed for QE reranking. Moreover, as
large language model (LLM)-based NMT systems
become more common, candidate generation can
be substantially more costly than reranking.

In a pilot study on WMT25 with Qwen3, we
found that the minimum candidate set needed to
match the quality of full 512-candidate MBR varies
widely across source sentences (Figure 1). This
variability motivates an early-stopping signal to
determine when to stop candidate generation for
each source sentence.

Our goal is to stop with low early-stopping risk:
the absolute difference in reference-based quality
between the reranker’s current output and its out-
put from the full candidate set. This quantity can
only be measured retrospectively, since the full-
budget output is unavailable during incremental
generation. We therefore use recent variation in
the best reference-based quality within the growing
candidate set as a local uncertainty signal. Because
this signal also requires a human reference trans-
lation, we approximate it using variation in the
best reranking score at inference time. We there-
fore propose QUIT (Quantifying Uncertainty for
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Figure 1: Distribution of the smallest candidate-set size
N satisfying | xCOMET (yn) — xCOMET (ys512)| <
1073, where yn denotes the MBR output selected from
N candidates. WMT25, Qwen3-8B, COMET-22 utility.

Incremental Termination), an uncertainty-guided
early-stopping strategy for the entire generation—
reranking pipeline. QUIT generates candidates in-
crementally (e.g., eight at a time) and updates their
reranking scores. It uses recent variation in the best
reranking score as a practical proxy for this uncer-
tainty and stops when that variation is at or below
a prespecified convergence threshold. This strategy
therefore reduces both candidate-generation and
reranking costs.

Across three NMT models and the WMT24
(Kocmi et al., 2024) and WMT?25 test sets, span-
ning 19 language pairs, QUIT achieves end-to-end
speedups of 1.47-2.66x for MBR decoding and
3.43-4.12x for QE reranking while remaining sta-
tistically equivalent to the unaccelerated baseline
on nearly all external quality metrics. These results
demonstrate that adaptive candidate generation is
key to reducing end-to-end reranking latency.

2 NMT Reranking

Reranking selects a translation according to the
preferences of an external reranker, rather than
solely according to the probabilities estimated by
the NMT model. An NMT system with rerank-
ing consists of two stages. First, the NMT model
generates multiple candidates, for example through
beam search or sampling. Second, the reranker
scores these candidates, and the system returns the
one with the best reranking score. Decoupling gen-
eration from selection allows output selection to
target criteria that may align better with translation
quality than model probability.

Formally, given a source sentence s, an NMT
model with parameters 6 defines a distribution
Py(- | s) over the hypothesis space H. A gen-
eration method constructs a candidate set C =
{h1,...,hn} C H of size N. Let s,.(h; s,C) de-
note the score that an external reranker assigns to
candidate h € C, where a higher score indicates a
stronger preference. The system selects:

U = argmax s,.(h; s,C). (1)
heC

The resulting performance depends on both the
coverage of C and the accuracy of s,.. Increasing
N makes a high-quality translation more likely to
appear in C, but also raises the cost of both stages.

2.1 Minimum Bayes Risk Decoding

MBR decoding is a reranking method with a long
history in statistical machine translation (Kumar
and Byrne, 2004; Tromble et al., 2008). It uses
hypotheses sampled from the model as “pseudo-
references”, called support hypotheses, and scores
each candidate by its average utility against them.
The candidate with the lowest estimated Bayes
risk—or, equivalently, the highest expected utility—
is returned as the final translation.

Formally, MBR instantiates the generic score s,
in Equation 1 as an expected-utility score syBR.
Let S = {h m)} _, denote a set of M indepen-
dently sampled support hypotheses, where hg ™) o
Py(- | s). Let u(h, hs) denote the utility of candi-
date ~h when support hypothesis hs; € S serves as
a pseudo-reference. The Monte Carlo MBR score
and the corresponding selected output are:

1
swen(h:8) = o7 > ulh, hy), )
hs€S

yvBr = argmax svpr(h; S).  (3)
hec

This uniform average is the standard Monte Carlo
approximation to the expectation under the model
distribution. In standard MBR decoding, the candi-
date and support sets are often identical, i.e.,C = S.
Neural evaluation metrics can serve as u, allowing
selection to target translation quality more directly
than model probability does. This benefit, how-
ever, comes at a substantial computational cost:
scoring all candidate—support pairs requires |C| |S|
utility evaluations and becomes quadratic in the
candidate-set size when C = S.



QUIT (ours)
] N
Generate a fixed set Rerank all Generate candidates Track QE / MBR score Select from
of N Candid candid: incrementally kT candidates
‘ h1 }—»{ 0.79 ‘ generated T batches o “ calevlated
5 0.79
. =z
N ‘ ha }—-l 0.82 |7ﬁ{ 3| |
-»> .. X kT Sl 0.82 ‘,A.{
Source ‘ hs 075 ‘ (| g “\ /. ***** 1 X kT
Source skipped generation 2 1]
e X Mo o X N \
hiri1 PN, 0 kT Nimax
‘ hn,, }—»{ 0.80 ‘ N T number of candidates
e X (Nimaz — KT) J skipped scoring
. : TS score(hiry1)
Generation cost: candidates Lower Generation cost: kT candidates
QE scoring: estimator calls end2end ; QE scoring: kT estimator calls kT < Nmax score(hy,,.)
MBR scoring: utility calls latency MBR scoring: (k7)? utility calls : f

Figure 2: Overview of conventional reranking and QUIT. Conventional reranking generates the full candidate set
and scores every candidate, whereas QUIT generates candidates incrementally, tracks the best reranking score,
and stops once that score stabilizes. It thereby avoids generating and scoring additional candidates and reduces

end-to-end latency.

2.2 Quality Estimation Reranking

QE reranking dispenses with support hypotheses
entirely. Instead, a QE model predicts translation
quality directly from the source sentence and a
candidate, without access to a human reference
translation.

Formally, QE instantiates s, as a reference-free
score sqg(h;s). This score represents the pre-
dicted quality of candidate h given the source sen-
tence s and, unlike the MBR score, does not de-
pend on the other candidates in C. The QE-selected
output is:

yqr = argmax sqQg(h; s). 4)
heC

QE reranking scores each candidate independently
given the source sentence and therefore requires |C|
QE-model evaluations. Nevertheless, both meth-
ods conventionally generate the full candidate set
before selecting a translation. They therefore use
the full candidate budget even when the current
candidate set is sufficient for reliable output selec-
tion. QUIT addresses this limitation by adaptively
determining when to stop expanding the candidate
set for each source sentence.

3 Proposed Method: QUIT

Conventional reranking uses the same fixed candi-
date budget for every source sentence, even when
additional candidates cease to improve translation
quality. We propose QUIT to address this ineffi-
ciency. Its goal is to stop while the quality of the
selected output is close to that of the full-budget

reranker’s output. Since this difference is unavail-
able during incremental generation, QUIT uses re-
cent reranking score stability as an uncertainty sig-
nal for deciding when to stop.

Formally, let Nyax denote the maximum candi-
date budget. Candidates are generated in batches
of k, so after generation step ¢, a total of ¢k candi-
dates have been generated. Assuming that k divides
Nmnax, the candidate count grows as follows:

0<k<2k < < Npax. 5

Fori € {1,..., Nmax/k}, define the partial candi-
date set after step ¢ as:

Ci={h1,..., hir},

For MBR in our experiments, we use the current
candidate set as the support set, i.e., S; = C;, so
both sets expand at each generation step. Let s, be
any reranking function for which higher scores are
better. Let ¢; denote the translation selected after
generation step i:

Ci| = ik. (6

7; = argmax s, (h; s,C;). @)
heC;

Early-stopping Risk Given a window size w,
let B, = {(b — 1)w + 1,...,bw} denote the b-
th non-overlapping window of generation steps,
where b € {1,..., | Nmax/(kw)]}. Let q(h, y:eh)

S
evaluate candidate h against a human reference

translation y"°f, with higher scores indicating better

translation quality. We define the early-stopping
risk at the end of window b as:

Ly(s) = |a(Gow, v2F) ®
= (I N k5 ygef)‘-



Algorithm 1: QUIT
1 procedure QUIT(s, Sy, k, w, &, Nyax)

> Initialize the candidate set

and score buffer
2 C+—wo
3 R« []
4 1+ 0
5 while ik < Ny ax do
6 1—1+4+1
7 Generate k new candidates and add

them to C
8 y < argmax s, (h; s,C)
heC
9 R < maxs,(h;s,C)
heC
10 Append Rto R
11 if |R| = w then
12 A <+ maxR —minR
13 if A < « then
14 ‘ return §
15 else
> Start a new
non-overlapping
window

16 R+ ]
17 return ¢

This nonnegative quantity measures the absolute
quality difference between two outputs selected
by the same reranker; a small value means that
stopping preserves the full-budget output’s quality.
During incremental inference, the full-budget out-
put is unavailable, so we need a local uncertainty
signal to guide stopping.

Within-window Uncertainty If a human refer-
ence were available, we define the best reference-
based quality in the candidate set at step ¢ as:

(s) == h, ey, 9
Qi(s) = maxq(h, ;") 9
The trajectory {Q;(s)} traces how the best
reference-based quality evolves as the candidate
set expands. We measure its within-window varia-
tion by the range:

AbQ(s) = max Q;(s) — min Q;(s).

10
JEBy JEBy (10)

A large AbQ(s) indicates that recent candidates con-
tinue to improve the best available reference-based

quality; a small value indicates local stability, sug-
gesting that further sampling may have limited ben-
efit. This is a local uncertainty signal, not the early-
stopping risk L(s): Q;(s) measures the best qual-
ity in the candidate set, rather than the quality of
the reranker’s selected output, and recent stability
does not guarantee stability through the full budget.

Practical Proxy At inference time, the human
reference translation—and therefore the reference-
based quality variation Al?(s)—is unavailable.
QUIT instead tracks the best reranking score:

R;(s) = max s, (h;s,C;). (11)

hec;
Its within-window variation serves as a reference-
Q..
free proxy for Ay (s):

Af(s) = max R;j(s) — min R;(s).

12
JEBy JEBy 12)

Given a convergence threshold o, QUIT stops at:

T = min {bw : Af(s) < al, (13)

and returns gp. If the condition is never satisfied,
generation continues until the full candidate bud-
get Niax is reached, and QUIT returns yy,.. /k-
The threshold controls score stability, rather than
imposing a bound on L;(s); Section 5.1 evaluates
how well this signal ranks early-stopping risk. Al-
gorithm 1 summarizes the procedure.

4 Experiments

4.1 Experimental Setup

Datasets and NMT Models We used the com-
plete test sets from the WMT24 (Kocmi et al.,
2024) and WMT25 (Kocmi et al., 2025) General
Translation Shared Tasks, which together cover 19
language pairs. We evaluated three NMT mod-
els across two categories. Qwen3 (Qwen3-8B)
(Yang et al., 2025) is a general-purpose LLM with-
out translation-specific fine-tuning, whereas Trans-
lateGemma (translategemma-12b-it) (Finkel-
stein et al., 2026) and Hy-MT2 (Hy-MT2-30B-A3B)
(Zheng et al., 2026) are translation-specialized
models. For each source sentence, we set the max-
imum candidate budget to Ny.x = 512 and used
ancestral sampling with a temperature of 1.2.

Acceleration Baselines For MBR, we also com-
pared against PruneMBR (Cheng and Vlachos,
2023) and PMBR (Trabelsi et al., 2024), which
reduce MBR reranking computation while retain-
ing the full candidate budget.



NMT Model Reranker Acceleration Speedup T Rerank. T ChrF++1 xCOMET 1 MetricX | GEMBA 1
Unaccelerated (512) 1.00 .8357 42.09 7520 5.17 -7.81
PruneMBR 1.05 8355 42.07" 75197 5.17% -7.77%
MEBR PMBR 1.03 8352 4211 7516 517" -7.79%
QUIT (w = 8) 1.74 .8344™ 42,04 7497 5.197 -7.86"
Qwen3 QUIT (w = 12) 1.33 835271 42,0477 7509"% 5.177 -7.85™
QUIT (w = 15) 1.19 8355 42.06" 75187 5.17% -7.79%
Unaccelerated (512)  1.00 8223 39.61 7585 4.96 -7.93
QE QUIT (w = 8) 3.64 .8133 40.46? 7524% 5.13 -7.95""f‘
QUIT (w = 12) 233 8165 40.34" 75547 5.05 -7.86"
QUIT (w = 15) 1.84 .8180 40.247 75701 5.017" -7.85™
Unaccelerated (512)  1.00 .8570 44.90 .8521 3.15 -3.13
PruneMBR 1.04 8570 4488 .8520" 3157 23,1217
MBR  PMBR 1.03 8566" 4491 8518" 3.15™ -3.14%
QUIT (w = 8) 2.66 .8566™ 4488 .8509 316" -3.15'7
TranslateGemma QUIT (w = 12) 1.89 8568™" 44887 85117F 3.16™ -3.147F
QUIT (w = 15) 1.59 8569 44.87" 8514 315 -3.15'7
Unaccelerated (512) 1.00 .8376 43.59 .8570 3.14 -3.10
QE QUIT (w = 8) 4.01 .8327 44.37T .8553 T 3.15*f -2.98"
QUIT (w = 12) 2.57 .8344 44.29" 85627 3.1471 -3.00"
QuIT (w = 15) 2.02 .83527 44.23% 8570 3.1471 -2.99%
Unaccelerated (512) 100 8731 49.86 .8867 2.92 -1.77
PruneMBR 1.02 87327 49.87 88681 2.927" -1.79""
MBR  PMBR 1.02 8728™  49.87" 8866 2937 179"
QUIT (w = 8) 2.66 8728 49867 88671 2.937" -1.777
Hy-MT2 QUIT (w = 12) 1.87 87307 49.85" 88657 293 -1.76"
QUIT (w = 15) 1.58 87307 49.827 8865 293 -1.78'
Unaccelerated (512)  1.00 .8366 47.67 .8801 2.98 -2.37
QE QUIT (w = 8) 4.12 .8317 48.54 88217 296" -2.07
QUIT (w = 12) 2.65 .8332 48.347 88197 2.96 -2.10
QUIT (w = 15) 2.08 .83407 48.247 8816 2.97" 216"

Table 1: Main results on WMT24. The reranking score (Rerank.) is computed using COMET-22 for MBR decoding
and CometKiwi-22 for QE reranking. © marks scores that are statistically equivalent to the unaccelerated baseline
within a prespecified margin of 0.05¢, and " marks equivalence within a stricter margin of 0.020. Speedup is

measured end to end relative to that baseline.

QuiT Hyperparameters We fixed the genera-
tion batch size at k = 8 and the convergence
threshold at « = 103, and evaluated window sizes
w € {3,5,8,12,15,20,30}. The main results re-
portw € {8,12,15}.

Rerankers We considered two widely used
reranking paradigms in NMT: MBR decoding and
QE reranking. For MBR, we used COMET-22
(wmt22-comet-da) (Rei et al., 2022a) as the pair-
wise utility function; for QE reranking, we used
CometKiwi-22 (wmt22-cometkiwi-da) (Rei et al.,
2022b) as the QE model. Because newer rerankers
are substantially larger, evaluating them at our ex-
perimental scale would be prohibitively expensive;
we therefore excluded them.

Quality Evaluation We evaluated translation
quality using three complementary classes of au-
tomatic metrics that correlate strongly with hu-

man judgments. We used ChrF++ (Popovié,
2015) as a surface-form metric; xCOMET
(XCOMET-XXL) (Guerreiro et al., 2024) and MetricX
(metricx-24-hybrid-x1-v2p6) (Juraska et al.,
2024) as learned neural metrics; and GEMBA-
MQM (hereafter GEMBA) (Kocmi and Feder-
mann, 2023), instantiated with Gemma-4-31B
(gemma-4-31B-it) (Team et al., 2026), as an LLM-
based metric. Because GEMBA is methodologi-
cally distinct from the COMET-family rerankers, it
provides an independent check and reduces the risk
that the evaluator favors outputs optimized by a
similar metric. We also report the COMET-22 and
CometKiwi-22 reranking scores to measure how
closely early stopping preserves each reranker’s
preferences. To assess whether acceleration af-
fects translation quality, we ran paired-bootstrap
equivalence tests using two one-sided tests (TOST)



(Schuirmann, 1987) with 10,000 resamples against
the unaccelerated baseline for every metric. For
each metric, we defined o as the baseline segment-
level standard deviation and adopted equivalence
margins of 0.050 and, as a stricter criterion, 0.020.

Efficiency Evaluation For efficiency, we report
end-to-end speedup relative to the unaccelerated
baseline. End-to-end time includes both candidate
generation and reranking; the accelerated and un-
accelerated systems were measured under identical
hardware conditions.

4.2 Experimental Results

Tables 1 and 2 summarize the main quality—
efficiency trade-off on the two test sets. Among
the window sizes shown in the main tables, w = 8
yielded the largest speedups: 1.47-2.66 x for MBR
decoding and 3.43-4.12x for QE reranking across
the evaluated test-set—-model combinations. On
nearly all external quality metrics, the resulting
scores were statistically equivalent to those of the
unaccelerated baseline, with several scores improv-
ing over the baseline. Some QE reranking scores
did not pass the equivalence test. For QE, each
candidate’s score is independent of the other candi-
dates, so the best reranking score is nondecreasing
with candidate-set size and inherently favors the
full 512-candidate set. Increasing the window size
to 12 or 15 generally reduced speedup but brought
reranking scores and external quality scores closer
to those of the unaccelerated baseline. In contrast,
PruneMBR and PMBR achieved an end-to-end
speedup of at most 1.05x because candidate gen-
eration remained unchanged.

5 Discussion

5.1 Does the uncertainty score identify
early-stopping risk?

Here, we examine whether QUIT’s uncertainty
score Al*(s) ranks the early-stopping risk Lp(s)
defined in Equation 8. Following the prediction-
rejection ratio (PRR) framework (Vashurin et al.,
2025), we treat each source—window pair as an in-
stance, using Lp(s) as the risk and Af*(s) as the
uncertainty score. Rejecting instances in descend-
ing order of uncertainty gives a curve of the mean
early-stopping risk among retained instances. We
compute PRR as follows:

AUCrnd - AUCuns

PRR =
AUCrnd - AUCoracle’

(14)

where AUC,,s is the area under this curve,
AUCacle uses the ranking by Ly(s) itself, and
AUC, 4 uses random ranking. A value of 1 indi-
cates oracle-equivalent early-stopping-risk ranking,
whereas 0 indicates random ranking. This evalua-
tion is retrospective; neither the full-budget output
nor a human reference is used to make stopping
decisions. Appendix D gives the evaluation proce-
dure and corresponding results using A?(s) as the
uncertainty score.

Table 3 reports pooled PRR for w = 8 across
WMT24 and WMT?25, all three NMT models. PRR
is positive in all 24 settings. The signal is more
informative on average for MBR than for QE, but
remains well below oracle ranking for both. These
results support Af’(s) as an informative, imperfect
indicator of early-stopping risk.

5.2 Where does QUIT stop?

Figure 3 shows that QE generally stops with rela-
tively small candidate sets, whereas MBR stopping
positions are more broadly distributed across the
candidate budget. This pattern is consistent with
how the two reranking scores evolve: QE scores are
unaffected by later candidates, allowing the best
score to stabilize quickly, while expanding MBR’s
support set changes candidate scores and can delay
stabilization. Larger windows generally delay stop-
ping, particularly for MBR, producing behavior
closer to full-budget reranking at the cost of lower
speedups.

5.3 Where do the efficiency gains come from?

Table 4 separates the cost of candidate generation
from that of MBR reranking. For the unaccelerated
MBR baseline, candidate generation requires 53.52
seconds per segment on average, compared with
only 1.40 seconds for reranking. The results reveal
that candidate generation, rather than reranking, is
the dominant bottleneck, accounting for nearly all
end-to-end latency in unaccelerated MBR. Conse-
quently, PMBR and PruneMBR substantially re-
duce the cost of reranking itself but yield little
end-to-end improvement because they still gener-
ate the full candidate set. This highlights a broader
limitation of reranking-only acceleration: as NMT
generators become more expensive, optimizing the
comparatively small reranking stage has diminish-
ing system-level returns.



NMT Model Reranker Acceleration Speedup T Rerank. T ChrF++1 xCOMET 1 MetricX | GEMBA 1
Unaccelerated (512)  1.00 7345 34.06 3696 10.86 -18.11
PruneMBR 1.02 734470 34,0477 369271 1086  -18.10""
MEBR PMBR 1.01 73397 34077 36897 1088 -18.17'
QUIT (w = 8) 1.47 732270 33,987 367171 10957 -18.17"F
Qwen3 QUIT (w = 12) 1.20 7336 34.017F 368371 10907 -18.17"F
QUIT (w = 15) 1.12 7340 34047 3687 10887 -18.117
Unaccelerated (512)  1.00 7106 30.32 3705 10.10 -18.24
QE QUIT (w = 8) 3.43 6935 31.28 3613 10.54 -18.407
QUIT (w = 12) 2.19 6996 31.057 3646 10.38 -18.337
QUIT (w = 15) 1.74 7029 30.87° 36627 10.29° -18.277
Unaccelerated (512)  1.00 8129 36.25 5731 6.06 -6.72
PruneMBR 1.01 8129 36.25™ 5735"F 6.06™ -6.72F
MBR  PMBR 1.01 81257 3622 5717 6.08"  -6.85'
QUIT (w = 8) 2.61 81127 36.18 .56907 6.12 -6.86
TranslateGemma QUIT (w = 12) 1.89 8119 36.16" .57047% 6.10™ -6.82"
QUIT (w = 15) 1.59 8123 36.20" 57147F 6.09"" -6.85"
Unaccelerated (512) 1.00 7721 36.17 .5670 6.11 -6.81
QE QUIT (w = 8) 3.55 7657 36.16" .5645"1 6.18" -6.86"
QUIT (w = 12) 2.29 7680 36.17' 565171 6.16™ -6.84""
QUIT (w = 15) 1.80 76927 36.20" 56561 6.14" -6.80™"
Unaccelerated (512)  1.00 .8298 41.19 6281 5.62 422
PruneMBR 1.01 .8208'"  41.20 62781 5.62" -4.19""
MBR  PMBR 1.01 8204 4119 6279 5637 416"
QUIT (w = 8) 2.36 .8289'F  41.18'F 626271 5.65™ 4247
Hy-MT2 QUIT (w = 12) 1.72 829277 41.16" 6278 5.64" 4221
QUIT (w = 15) 1.46 82951 41.17 627771 5.64" 4177
Unaccelerated (512)  1.00 7786 40.78 6219 5.71 -4.84
QE QUIT (w = 8) 3.59 7725 4090 .6185' 5777 472!
QUIT (w = 12) 2.29 7747 40.88"" 619771 5.75™ 476
QUIT (w = 15) 1.81 77597 40.847 .6208"" 5.75™ 4747

Table 2: Main results on WMT?25. The reporting conventions follow Table 1.

6 Related Work

Reranking for NMT Although selecting the
most probable candidate is a natural decoding strat-
egy, model probability is often poorly aligned with
translation quality (Stahlberg and Byrne, 2019; Ott
etal., 2018; Freitag et al., 2022), motivating the use
of external criteria for output selection. Against
this background, MBR decoding, a decision rule
widely studied in statistical machine translation,
has been revisited for NMT. Early work on neu-
ral MBR decoding typically used surface-form
metrics (Eikema and Aziz, 2020, 2022), such as
sentence-level BLEU (Papineni et al., 2002) or
ChrF (Popovi¢, 2015, 2017), as utility functions
for comparing candidates with sampled support hy-
potheses. As learned metrics have shown stronger
agreement with human judgments, more recent
work has increasingly adopted neural metrics as
MBR utilities, allowing the decision rule to capture
semantic similarity beyond lexical overlap (Fre-
itag et al., 2022; Fernandes et al., 2022; Lyu et al.,

2025; Kamigaito et al., 2025). In parallel, advances
in reference-free QE have enabled QE reranking,
which directly scores each source—hypothesis pair
and selects the highest-scoring candidate without
relying on support hypotheses (Fernandes et al.,
2022).

Efficient Methods for NMT Reranking Despite
their effectiveness, both MBR decoding and QE
reranking can be prohibitively expensive in latency-
sensitive settings because they conventionally re-
quire a large, fully generated candidate set. Exist-
ing efficiency methods have focused primarily on
MBR decoding by reducing the number or cost of
utility-function evaluations, for example by prun-
ing or approximating candidate—support compar-
isons (Trabelsi et al., 2024; Deguchi et al., 2024;
Cheng and Vlachos, 2023; Jinnai and Ariu, 2024).
These methods optimize the reranking stage but
generally retain the full candidate budget. This
limitation is increasingly consequential as LL.M-
based systems grow larger: candidate generation



Test set NMT model MBR QE
xCOMET GEMBA xCOMET GEMBA
WMT24 Qwen3 0.430 0.391 0.195 0.216
WMT24 Hy-MT2 0.455 0.579 0.233 0.158
WMT24 TranslateGemma 0.356 0.429 0.207 0.207
WMT25 Qwen3 0.196 0.145 0.163 0.194
WMT25 Hy-MT2 0.360 0.376 0.178 0.145
WMT25 TranslateGemma 0.260 0.287 0.141 0.159
Average 0.343 0.368 0.186 0.180

Table 3: Pooled PRR with uncertainty Aff(s) and early-stopping risk £;(s) (Equation 8). Higher PRR is better.
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Figure 3: Distribution of candidate-set sizes when QUIT stops for MBR decoding and QE reranking. Bars show
the percentage of source sentences for each window size. The bar at 512 includes sentences for which generation

reaches the full candidate budget.

Time per segment (s) |

Method w

Gen. Rerank. Total
Unaccelerated MBR oo 53.52 1.40 5492
PMBR - 5352 0.53 54.05
PruneMBR 53.52 0.33 53.85
Quit 8 24.69 043 25.13
Quit 12 33.06 0.67 33.73
Quir 15 38.04 0.83 38.87

Table 4: Average component-wise MBR runtime per
source segment. Times are pooled over WMT24 and
WMT25 and the three NMT models, weighting each
test set by its number of source segments. Complete
aggregate wall-clock times are given in Appendix E.

can dominate end-to-end inference time, even when
reranking is performed naively. Moreover, QE
reranking avoids MBR’s quadratic pairwise com-
parisons but still pays the generation and scoring
costs for every candidate in the fixed budget. To the
best of our knowledge, QUIT is the first accelera-
tion method for NMT reranking that adaptively
stops candidate generation and thereby reduces

both candidate-generation and reranking costs.

7 Conclusions and Future Work

We introduced QUIT, an uncertainty-guided early-
stopping method that jointly reduces candidate-
generation and reranking costs. It uses local
reranking-score stability to decide when to stop,
with the aim of keeping the selected output’s qual-
ity close to that of full-budget reranking. Across
three NMT models and 19 language pairs, QUIT
substantially reduced end-to-end latency while re-
maining within the tested equivalence margins on
nearly all external quality metrics.

Future work will explore early-stopping criteria
that do not require manually specified hyperparam-
eters and evaluate the effectiveness of QUIT on
tasks beyond machine translation.

Limitations

First, although our experiments cover three NMT
models and 19 language pairs from WMT24 and
WMT?25, our conclusions remain tied to these mod-



els and test distributions. The observed speedups
depend on the relative costs of candidate generation
and reranking, which are influenced by model size
and data characteristics. If candidate generation
becomes substantially cheaper in future NMT sys-
tems, reranking may instead dominate end-to-end
latency, and the speedups achieved by QUIT could
differ considerably from those reported here.
Second, QUIT assumes that the candidate set
can be generated incrementally, with newly sam-
pled candidates appended to the existing set. This
assumption does not hold directly for generation
procedures such as beam search, in which hypothe-
ses are jointly expanded and the resulting candidate
sets are not necessarily nested. Adapting QUIT to
such procedures requires further investigation.
Finally, using the uncertainty score in Equa-
tion 12 assumes that reranking scores obtained
from different candidate sets are comparable. Al-
though this assumption holds for the reranking
methods considered in our experiments, future
reranking objectives may produce scores whose
scales vary with the candidate set. In such cases,
the current stopping criterion may require score nor-
malization or calibration. Even with comparable
scores, local stability cannot guarantee low early-
stopping risk: later candidates or changes in the
reranker’s selection may still alter output quality.
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A Complete Window-size Sweep

Figures 4—7 report the complete sweep over w €
{3,5,8,12,15,20,30} for every test set, NMT
model, and reranking paradigm. We show end-
to-end speedup and all reference-based evaluation
metrics reported in the main tables, while omitting
the reranking score. Solid lines show QUIT; gray
dashed lines show the corresponding unaccelerated
MBR or QE baseline. The speedup baseline is 1x
in every panel.
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WMT24: Complete MBR Window-size Sweep
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WMT25: Complete MBR Window-size Sweep
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WMT24: Complete QE Window-size Sweep
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Figure 6: Complete QE window-size sweep on WMT24. Gray dashed lines mark the per-model unaccelerated QE
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WMT25: Complete QE Window-size Sweep
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Figure 7: Complete QE window-size sweep on WMT25, following the conventions of Figure 6.
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B Comparison with a Fixed-Budget
Baseline

We compare QUIT at w € {8,12,15} and the de-
fault « = 1073 with a fixed-budget baseline, Fixed-
N*, which generates and reranks only the first N'*
candidates. For each test set, NMT model, reranker,
and window size, we select N* from among mul-
tiples of eight to match QUIT’s end-to-end cost as
closely as possible. We otherwise follow the evalu-
ation setup in Section 4.1 and use paired-bootstrap
95% confidence intervals to compare the two meth-
ods.

Tables 5—7 report the complete results. The two
methods achieve nearly identical speedups by con-
struction. Across most evaluation metrics, their
quality differences are not significant; the signifi-
cant differences that remain are small and show no
consistent winner.

This comparison favors Fixed-N* because N*
is selected post hoc for each test set, NMT model,
and reranker to match the cost of a QUIT config-
uration that has passed the equivalence tests on
nearly all external quality metrics. For each eval-
uated window size, QUIT instead uses a shared
(w, «) configuration and makes reference-free stop-
ping decisions for each source sentence. Indeed,
the oracle N* varies from 128 to 352 for w = 8
and from 248 to 456 for w = 15. These results
suggest that a shared, adaptive stopping criterion
can replace reference-dependent, setting-specific
candidate-budget tuning.
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Test set / NMT model Reranker System Speedup Rerank. ChrF++ xCOMET MetricX GEMBA

MBR Unaccelerated (512) 1.00 8357 42.09 7520 517 —7.81

QuIT 174 8344  42.04 7497 519 —7.89

Fixed-N* (N* = 304) 173 8340  41.99 7499 520 —7.87

WMT24 Qwen3 QE Unaccelerated (512) 100 8223  39.61 7585 496 —7.94
QuIT 364 8133 40.46 7524 513 —7.96

Fixed-N* (N* = 144) 356  .8143  40.19 17529 513 —8.02

MBR Unaccelerated (512) 100 8570  44.90 8521 315 —3.17

QuIT 266 8566  44.88 8509 3.16 —3.18

Fixed-N* (N* = 200) 264 8564 4491 8511 316 —3.18

WMT24 TranslateGemma - Unaccelerated (512) 100 8376 4359 8570 314 —3.12
QuIT 401 8327 4437 8553 315  —3.01

Fixed-N* (N* = 128) 400 8333 44.19 8549 315  —3.02

MBR Unaccelerated (512) 100 8731  49.86 8867 292 —1.81

QuIT 266 8728  49.86 8867 293 —1.79

Fixed-N* (N* = 200) 262 8728  49.87 8864 293 —1.78

WMT24 Hy-MT2 QE Unaccelerated (512) 100 8366 4767 8801 298 —2.39
QuIT 412 8317  48.54 8821 296 —2.08

Fixed-N* (N* = 128) 400 8323 4829 8811 298 —2.13

MBR Unaccelerated (512) 100 7345  34.06 3696  10.86 —18.11

QuIT 147 7322 33.98 3671 1095 —18.21

Fixed-N* (N* = 352) 146 7328  34.03 3670 1093 —18.27

WMT25 Qwen3 QE Unaccelerated (512) 100 7106  30.32 3705 1010 —18.25
QuIT 343 6935 3128 3613 1054 —18.43

Fixed-N* (N* = 152) 337 6948  31.29 3617 1051 —18.36

MBR Unaccelerated (512) 100 8129 3625 5731 6.06 —6.78

QuIT 261 8112 36.18 5690 6.12 —6.89

Fixed-N* (N* = 200) 258 8113 36.15 5700 611 —6.88

WMT25 TranslateGemma Unaccelerated (512) 100 7721 36.17 5670 6.11 —6.83
QuIT 355 7657 36.16 5645 6.18 —6.89

Fixed-N* (N* = 144) 356 7662 36.19 5650 6.18 —6.96

MBR Unaccelerated (512) 1.00 .8298 41.19 .6281 562 —4.25

QuIT 236 .8289  41.18 6262 565 —4.23

Fixed-N* (N* = 216) 238 8290  41.20 6264 566 —4.15

WMT25 Hy-MT2 QE Unaccelerated (512) 100 7786 40.78 6219 571 —4.92
QuIT 359 7725 40.90 6185 577 —4.75

Fixed-N* (N* = 144) 356 7730 40.89 6187 576 —4.79

Table 5: Budget-matched comparison for w = 8. Boldface indicates a significantly better score in the comparison
between QUIT and Fixed-N*, based on paired-bootstrap 95% confidence intervals. Lower MetricX scores are better;
higher scores are better for all other metrics.
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Test set / NMT model Reranker System Speedup Rerank. ChrF++ xCOMET MetricX GEMBA
MBR Unaccelerated (512) 1.00 .8357 42.09 7520 517 —=7.81

QuIT 133 8352 42.04 7509 517 —7.87

Fixed-N* (N* = 392) 132 8348  42.00 7506 518 —7.87

WMT24 Qwen3 QE Unaccelerated (512) 1.00  .8223 3961 7585 496 —7.94
QuIT 233 8165  40.33 7554 505 —7.88

Fixed-N* (N* = 216) 237 8170 40.13 7547 506 —17.96

MBR Unaccelerated (512) 1.00 .8570 44.90 8521 315 —3.17

QuIT 1.89 8568  44.88 8511 3.16 —3.18

N Fixed-N* (N* = 280) 1.87 8568  44.91 8515 316 —3.15

WMT24 TranslateGemma - p Unaccelerated (512) 1.00 8376 43.59 8570 314 —3.12
QuIT 257 8344 4429 8562 314 —3.03

Fixed-N* (N* = 200) 256 8347  44.10 8561 315  —3.06

MBR Unaccelerated (512) 1.00 8731  49.86 8867 292 —1.81

QuIT 1.87 8730  49.85 8865 293 —1.80

Fixed-N* (N* = 280) 1.86 8731  49.85 8868 293 —1.77

WMT24 Hy-MT2 QE Unaccelerated (512) 100 8366 4767 8801 298 —2.39
QuIT 265 8332 4834 8819 296 —2.12

Fixed-N* (N* = 192) 267 8337  48.05 8810 297 —2.19

MBR Unaccelerated (512) 1.00 7345  34.06 3696 10.86 —18.11

QuIt 120 7336 34.01 3683 1090 —18.22

Fixed-N* (N* = 424) 121 7334 34.05 3687 1091 —18.19

WMT25 Qwen3 QE Unaccelerated (512) 100 7106 3032 3705 1010 —18.25
QuIT 219 6996  31.05 3646 1038 —18.36

Fixed-N* (N* = 232) 221 7006  31.02 3652 1036 —18.29

MBR Unaccelerated (512) 1.00 8129 3625 5731 6.06 —6.78

QuIT 1.89 8119  36.16 5704 6.10 —6.84

Fixed-N* (N* = 272) 1.89 8120  36.16 5706 6.09 —6.85

WMT25 TranslateGemma Unaccelerated (512) 100 7721 36.17 5670 6.11 —6.83
QuIT 229 7680  36.17 5651 6.16 —6.88

Fixed-N* (N* = 224) 229 7684  36.17 5650 6.14 —6.89

MBR Unaccelerated (512) 1.00 8298  41.19 6281 562 —4.25

QuIT 172 8292 41.16 6278 564  —4.23

Fixed-N* (N* = 296) 174 8294  41.19 6281 563  —4.20

WMT25 Hy-MT2 QE Unaccelerated (512) 1.00 7786 40.78 6219 571 —4.92
QuIt 229 7747 40.88 6197 575  —4.82

Fixed-N* (N* = 224) 229 7751 40.88 6198 576  —4.82

Table 6: Budget-matched comparison for w = 12, following the conventions of Table 5.
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Test set / NMT model

Reranker System

Speedup Rerank. ChrF++ xCOMET MetricX GEMBA

MBR Unaccelerated (512) 1.00 .8357 42.09 7520 517 —=7.81

QuIT 1.19 8355  42.06 7518 517 —7.84

Fixed-N* (N* = 432) 120 8352  42.06 7514 517  —7.84

WMT24 Qwen3 QE Unaccelerated (512) 100 8223  39.61 7585 496 —7.94
QuIT 1.84 8180  40.24 7570 501 —7.86

Fixed-N* (N* = 280) 1.83 8186  40.01 7561 504 —7.93

MBR Unaccelerated (512) 1.00 .8570 44.90 8521 315 —3.17

QuIT 159 8569  44.87 8514 315 —3.17

N Fixed-N* (N* = 328) 159 8570  44.92 8517 315  —3.15

WMT24 TranslateGemma - p Unaccelerated (512) 1.00 8376 43.59 8570 314 —3.12
QuIT 202 8352 44.23 8570 314 —3.01

Fixed-N* (N* = 256) 200 8356  44.02 8562 315  —3.06

MBR Unaccelerated (512) 100 8731  49.86 8867 292 —1.81

QuIT 158 8730  49.82 8865 293 —1.81

Fixed-N* (N* = 328) 158 8732  49.85 8871 292 —1.79

WMT24 Hy-MT2 QE Unaccelerated (512) 100 8366 4767 8801 298 —2.39
QuIT 208  .8340  48.24 8816 297 —2.18

Fixed-N* (N* = 248) 206 8345  47.94 8809 297 —2.21

MBR Unaccelerated (512) 100 7345  34.06 3696 1086 —18.11

QuIT 112 7340 34.04 3687 1088 —18.13

Fixed-N* (N* = 456) 113 7339 34.07 3689 1089 —18.15

WMT25 Qwen3 QE Unaccelerated (512) 100 7106 3032 3705 1010 —18.25
QuIT 174 7029 30.87 3662 1029 —18.29

Fixed-N* (N* = 296) 173 7038 30.81 3670 1026 —18.23

MBR Unaccelerated (512) 100 8129 3625 5731 6.06 —6.78

QuIT 159 8123 3620 5714 609 —6.85

Fixed-N* (N* = 328) 157 8122 36.19 5713 608 —6.81

WMT25 TranslateGemma Unaccelerated (512) 100 7721 36.17 5670 6.11 —6.83
QuIT 1.80 7692 36.20 5656 6.14 —6.85

Fixed-N* (N* = 288) 178 77695  36.20 5660 6.14 —6.82

MBR Unaccelerated (512) 100 .8298  41.19 6281 562 —4.25

QuIT 146 8295  41.17 6277 564 —4.19

Fixed-N* (N* = 352) 146 8296  41.18 6280 564  —4.23

WMT25 Hy-MT2 QE Unaccelerated (512) 100 7786 40.78 6219 571 —4.92
QuIT 1.81 7759  40.84 6208 575  —4.82

Fixed-N* (N* = 280) 1.83 7761  40.85 6206 573 —4.80

Table 7: Budget-matched comparison for w = 15, following the conventions of Table 5.

20



C Convergence-threshold Ablation

We evaluate o € {1076,107°,1074,1073,1072}
with w € {8,12,15} on the complete WMT24 and
WMT?25 test sets, while keeping all other settings
unchanged from Section 4.1. We report the mean
number of generated candidates, the proportion of
source sentences for which generation reaches the
full candidate budget of 512, end-to-end speedup,
and the same reranking and translation quality met-
rics as in the main experiments.

Tables 8—13 show macro-averages over the
six test-set—-model combinations. We use paired-
bootstrap tests with 10,000 resamples against both
the default & = 1072 and the unaccelerated base-
line. The final column counts how often the tested
configuration performs significantly worse or bet-
ter than the default configuration across the 30
test-set—-model-metric comparisons. MetricX is
sign-reversed for testing but reported in its original
lower-is-better orientation. “Rerank.” denotes the
COMET-22 score for MBR and the CometKiwi-22
score for QE.

For MBR, o = 1073 marks a turning point in
the trade-off between speedup and translation qual-
ity. Tightening it by one order of magnitude causes
generation to reach the full candidate budget for
more than 80% of source sentences and reduces
speedup to approximately 1x, without any signifi-
cant improvement over the unaccelerated baseline.
Relaxing it to 10~2 more than doubles speedup rel-
ative to the default, but yields significantly worse
values in 20-21 of the 30 comparisons; the mean
effect remains small at approximately —0.01c.

QE is less sensitive to small positive convergence
thresholds. For QE, the best reranking score R;(s)
is a running maximum. If it does not increase
within a window, the uncertainty score Af¥(s) is
exactly zero, so the stopping criterion is satisfied
for any o > 0. Consequently, even ov = 1076 re-
tains much of the speedup. A detectable but small
degradation, approximately —0.0060 on average,
emerges only when the threshold is relaxed to 1072,
Overall, QE is relatively insensitive to convergence
thresholds below the default, whereas MBR shows
a stronger trade-off between speedup and transla-
tion quality.
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o N Full (%) Speedup Rerank. ChrF++ xCOMET MetricX GEMBA nj/n4

107% 504 98.1 1.00 .8239 41.39 6770 5.63 —6.97 0/20
107° 504 98.1 1.00 .8239 41.39 .6770 5.63 —6.97 0/20
107* 481 82.6 1.06 .8239 41.38 .6770 5.63 —6.97 0/20
1073 252 12.1 2.25 8227 41.35 .6749 5.67 —-7.03 -
1072 95 0.0 5.83 .8198 41.30 .6716 5.74 —7.16 21/0

Table 8: « ablation for MBR with w = 8. “Full (%)” is the percentage of source sentences that reach 512 candidates;
ny and ny count comparisons in which the tested configuration performs significantly worse and better than the
default, respectively.

o N Full (%) Speedup Rerank. ChrF++ xCOMET MetricX GEMBA n,/n4

107% 505 98.4 1.00 .8239 41.39 6770 5.63 —6.97 0/19
107° 505 98.3 1.00 .8239 41.39 6770 5.63 —6.97 0/19
107* 499 91.6 1.02 .8239 41.38 6770 5.63 —6.97 0/18
1073 331 20.7 1.65 8233 41.35 .6758 5.65 —-7.02 -
1072 143 0.0 3.84 8212 41.32 6732 5.71 —7.10 20/0

Table 9: « ablation for MBR with w = 12, following Table 8.

o N Full (%) Speedup Rerank. ChrF++ xCOMET MetricX GEMBA nj/n4

107% 506 98.5 1.00 .8239 41.39 6770 5.63 —6.97 0/16
107° 506 98.5 1.00 .8239 41.39 6770 5.63 —6.97 0/16
107* 503 95.1 1.01 .8239 41.39 6770 5.63 —6.97 0/16
1072 376 27.8 1.42 8235 41.36 6762 564 —7.00 -
1072 179 0.1 3.06 8218 41.35 .6741 5.69 —7.06 20/0

Table 10: « ablation for MBR with w = 15, following Table 8.

a N Full (%) Speedup Rerank. ChrF++ xCOMET MetricX GEMBA n/n4
107% 144 0.0 341 7852 40.29 6727 562  —7.19 0/8
107° 144 0.0 341 7852 40.29 6727 562  —7.19 0/8
107 142 0.0 345 7852 40.29 6726 562  —7.19 1/8
1073 133 0.0 372 7849  40.29 6723 562 -7.19 -
1072 97 0.0 525 7834  40.32 6711 565  —7.21 14/2

Table 11: « ablation for QE with w = 8, following the conventions of Table 8.

o N Full (%) Speedup Rerank. ChrF++ xCOMET MetricX GEMBA n,/n4

107% 225 0.4 2.18 7880 40.17 6739 5.57 —7.19 1/7
107° 225 0.4 2.18 7880 40.17 .6739 5.57 —7.19 177
107* 223 0.3 2.21 7880 40.17 .6738 5.57 —7.19 177
1073 208 0.1 2.39 7877 40.18 .6738 557 -7.19 -
1072 151 0.0 3.38 7863 40.19 6725 5.60 —7.20 13/0

Table 12: « ablation for QE with w = 12, following Table 8.
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le" N Full (%) Speedup Rerank. ChrF++ xCOMET MetricX GEMBA nj/ng

107% 284 2.5 1.73 7894 40.10 .6749 5.55 —7.17 1/9
107° 284 2.5 1.73 7894 40.10 6749 5.55 —7.17 1/8
107* 282 22 1.75 71894 40.10 .6749 5.55 —7.17 1/9
1072 263 1.0 1.88 7892 40.10 6747 555 717 -
1072 192 0.1 2.66 7878 40.13 .6738 5.57 —7.18 12/3

Table 13: « ablation for QE with w = 15, following Table 8.
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D PRR Evaluation

We evaluate a 10% sample of source sentences,
replaying the full 512-candidate trajectories with
k = w = 8. Each source-~window pair (s, b)
is one instance, for b = 1,...,7, correspond-
ing to candidate counts 64 through 448. We ex-
clude the final window because it already uses
the full candidate pool and thus has zero early-
stopping risk by construction. We evaluate all
seven windows, irrespective of where QUIT would
stop, and pool instances within each test-set—-model—
reranker—quality-metric combination.

The risk is £y(s): the absolute difference be-
tween the reference-based quality of the output
selected at step bw and that of the output selected
from all 512 candidates by the same reranker. We
compute it separately with xCOMET and GEMBA.
The uncertainty score is Af(s) in Table 3 and
A?(s) in Table 14; in the latter case, the same
quality metric is used for both the uncertainty score
and the risk.

For each uncertainty score, we progressively re-
ject instances in descending score order and record
the mean £ (s) among the retained instances. The
oracle curve instead rejects instances in descending
order of Lp(s), while the expected random-ranking
curve stays at the overall mean risk. We integrate
these curves and compute PRR with Equation 14.

Table 14 evaluates the reference-based local un-
certainty signal A?(s) from Equation 10 against
the same early-stopping risk. All values are posi-
tive, but access to reference-based within-window
quality does not yield oracle risk ranking. Indeed,
A}Y(s) has higher mean PRR in three of the four
reranker—metric groups. This comparison illus-
trates the gap between local changes in the best
available candidate quality and the eventual quality
difference between reranker-selected outputs: even
AbQ(s) is only a local indicator, not an oracle score
for Ly(s).

E Component-wise Runtime

Tables 15 and 16 report the complete wall-clock
measurements underlying Table 4. The Gener-
ation and Reranking columns report candidate-
generation time and MBR reranking time, re-
spectively, in seconds. The aggregate measure-
ments cover 12,010 source segments per model
for WMT?24 and 5,232 per model for WMT?25; the
per-segment averages in Table 4 pool all 51,726
segment—model runs.
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Test set NMT model MBR QE
xCOMET GEMBA xCOMET GEMBA
WMT24 Qwen3 0.231 0.171 0.231 0.149
WMT24 Hy-MT2 0.258 0.097 0.208 0.053
WMT24 TranslateGemma 0.217 0.127 0.216 0.089
WMT25 Qwen3 0.148 0.138 0.189 0.164
WMT25 Hy-MT2 0.253 0.102 0.161 0.073
WMT25 TranslateGemma 0.108 0.099 0.153 0.090
Average 0.203 0.122 0.193 0.103

Table 14: Pooled PRR with reference-based uncertainty AbQ (s) and the same early-stopping risk £ (s) as in Table 3.
The sampling, windows, and column order match the main-text table. This reference-based signal is used only for
retrospective analysis.

Method w Qwen3 TranslateGemma Hy-MT2
Generation Reranking Generation Reranking Generation Reranking
QuIT 3 55,125.1 1,140.17 44,194.7 729.717 62,264 513.179
QuIT 5 100,523 3,719.60 79,026.1 2,216.81 112,471 1,618.09
QuIT 8 155,297 7,524.66 121,476 4,395.06 178,592  3,587.20
QuIT 12 202,580 10,963.6 169,529  7,143.55 253,174  6,200.59
QuiIT 15 225,530 12,749.1 201,717 9,021.52 299,299 8,053.21
QuIT 20 246,466 14,558.6 246,847 11,795.0 365,539 10,868.0
QuiIT 30 262,880 16,181.4 304,428 15,520.8 446,931 14,798.9
Unaccelerated MBR oo 266,352 16,803.0 317,548 16,803.0 467,484 16,803.0
PMBR - 266,352 7,301.66 317,548 6,079.76 467,484  5,497.37
PruneMBR - 266,352 2,978.32 317,548  4,977.67 467,484 8,002.77

Table 15: Complete candidate-generation and MBR reranking wall-clock times (seconds) on WMT24 with a
maximum budget of 512 candidates.

Method w Qwen3 TranslateGemma Hy-MT2
Generation Reranking Generation Reranking Generation Reranking
Quit 3 107,026 530.372 76,505.1 283.198 121,034 316.009
Quit 5 202,400  1,818.97 135,144 806.749 213,211 869.407
Quit 8 297,718  3,641.88 197,999  1,478.28 326,227  1,706.51
Quit 12 363,642  5,136.86 273,125  2,525.07 447977  2,862.44
Quit 15 390,797  5,846.22 325,003  3,377.58 525,377  3,775.98
QuIT 20 414,240  6,550.99 400,981  4,812.30 626,408  5,093.12
Quit 30 432,436  7,183.47 495,210  6,833.80 744,970  6,900.09
Unaccelerated MBR oo 435,665  7,320.00 514,263  7,320.00 767,318  7,320.00
PMBR - 435,665  3,030.74 514,263  2,637.34 767,318  2,741.44
PruneMBR - 435,665 284.149 514,263 295.944 767,318 423.401

Table 16: Complete candidate-generation and MBR reranking wall-clock times (seconds) on WMT25 with a
maximum budget of 512 candidates.
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