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Abstract

Automation of Translation Quality Estimation
(QE) has emerged as a widely discussed ap-
proach to managing translation quality at scale,
and a growing number of tools and technolo-
gies have been released in pursuit of this goal.
However, the proliferation of new QE systems
has not always been accompanied by robust,
transparent, and reproducible research and test-
ing. This gap deserves critical scrutiny. This
paper examines some fundamental limitations
of the QE technology from both theoretical and
empirical perspectives, arguing that current QE
systems are structurally ill-equipped to serve
as reliable standalone tools in real-world trans-
lation workflows. The reviewed evidence sug-
gests that QE suffers from a range of interre-
lated and largely unresolved limitations. Most
fundamentally, the evaluation of the quality of
translation at the level of isolated segments is
problematic because it tends to miss out on
cohesion, coherence, and stylistic and rhetor-
ical text features. In addition, empirical re-
search documents several other limitations and
flaws, including failure to generalize, system-
atic biases, overfitting and distribution collapse,
performance gaps, error annotation challenges,
and data scarcity.

Consequently, segment-level QE scores should
not be used as a standalone basis for routing,
release, or review bypass in production; we ar-
gue that future automation work should target
automated MQM-based evaluation calibrated
against human-based MQM. This paper does
not advocate a return to exclusively human re-
view.

1 Background

The translation industry has long grappled with
the misconception that translation is a task that
anyone with basic language skills can perform. As
a discipline within language science, translation
studies have always faced the fact that language
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belongs to everyone because people use it daily for
communication.

When a message is simple and clear, translation
can indeed be a simple task. However, it can also
require a high degree of sophistication. There is a
long-standing body of work in translation studies
that shows that certain linguistic and cultural phe-
nomena are inherently resistant to direct translation
(Catford, 1965; Jakobson, 1959).

Between these two extremes lies the full spec-
trum of content types and communicative modes
that weave humanity into one interconnected world.
Both realities coexist: some translation tasks are
easy, while others are virtually unsolvable. This is
precisely why relying solely on mechanical mark-
ers of quality, such as post-editing effort, fails to
capture the full nuance of what translators do. As
Yang et al. (2023) argue, word-level QE should be
anchored in human semantic judgment rather than
in the mere physical act of editing.

Al is helpful in many routine translation scenar-
10s, even in crisis situations (Staiano et al., 2025),
democratizing access to interlingual communica-
tion for a wide range of users. But Al also comes
with a risk of capability misattribution: users per-
ceive it as having capabilities that it does not pos-
sess. The shortcomings of machine translation
(MT) and Al-assisted translation are not always
self-evident. They are often detectable only by
trained professionals who can identify and miti-
gate the significant and costly risks that arise from
deploying unmanaged, unattended MT and Al in
real-world settings. As Mehandru et al. (2023)
demonstrate in a medical context, even when aided
by QE, non-professional users of Al, such as physi-
cians, may over-rely on technology and miss criti-
cal errors that can lead to clinical harm.

At the same time, risk-averse real-world process
management, as mandated by ISO 9000, presumes
that production workflows have been tuned to avoid



even relatively rare risk events.! Applying the same
logic to translation production workflows means
that MT and AI must be incorporated sensibly to
achieve manufacturing-grade reliability, risk guar-
antees, and robustness. A QE approach that focuses
exclusively on pre-production possibilities rather
than post-production realities is difficult to recon-
cile with this requirement, as reflected by the find-
ings of Scarton et al. (2019), and Liu et al. (2025).

With the advent of MT and Al translation, the
industry has gained powerful new tools, but these
tools are far from perfect, even for language pairs
where English is one of the languages, let alone
for other language pairs (Han et al., 2024). Re-
searchers and practitioners increasingly recognize
that the language problem is far from being solved
(Liang and Han, 2026). Therefore, the industry
needs to adopt a more rigorous and critical ap-
proach, one that prioritizes factual, reliable, and
reproducible research.

Contributions. This paper makes three contri-
butions. Conceptually, it identifies why sentence-
level QE is limited when translation quality de-
pends on extra-segmental context, formalized as
Q(s,t,c). Empirically, it analyzes 104,762 MQM-
annotated segments across three quality regimes,
separating statistical ranking performance from the
stronger requirement of reliable triage. Practically,
it argues that any decision use of such scores must
be established by local validation rather than as-
sumed.

2 Fundamental Flaw of the
Segment-Based Approach

As research approaches the final, and arguably most
difficult, frontier of language automation, it is im-
portant not to be drawn in by its promise alone,
but to focus on where genuine solutions are most
likely to emerge. Current research efforts may be
disproportionately concentrated on areas that are
computationally convenient rather than theoreti-
cally appropriate, or even pragmatically accurate.
Broad claims are made about the promise of
QE systems. However, in professional, operational
environments, the path from theoretical promise
to real-world deployment requires rigorous, trans-
parent, and reproducible experimental evidence to
establish both safety and efficacy. In the absence
of such evidence, or where evidence points to the
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contrary, these claims should be treated with skep-
ticism.

This situation evokes the classic streetlight ef-
fect—an observational fallacy where a person
searches for lost keys under a lamppost simply be-
cause the light is better there, rather than in the dark
alley where the keys were actually dropped. In auto-
mated evaluation, focusing exclusively on isolated,
segment-level metrics represents searching where
computation is easy and convenient, rather than
venturing into the darker, more complex domain
of extra-segmental context, linguistic multidimen-
sionality, discourse structure, human perception,
and communicative intent where true translation
quality actually resides.

The notion of fully automated QE appears to
conflict with fundamental properties of language, a
fact that may be intuitive to professional translators
or scholars of translation studies, but one that can
also be demonstrated through simple, measurable
analysis. Statistical and mathematical considera-
tions suggest that assessing the translation quality
of a single isolated sentence, without its contex-
tual environment, is problematic (Gladkoff et al.,
2022). This principle is also reflected in the Multi-
Range Theory of Translation Quality Measurement
advanced by the MQM Council (Lommel et al.,
2024).

Constructing metrics to reliably represent trans-
lation quality at the level of isolated sentences
is problematic because translation correctness de-
pends strongly on extra-segmental context. A trans-
lation of a sentence can be simultaneously correct
and incorrect depending on context, terminology
settings, quality requirements, target audience, au-
thor intent, or source meaning that cannot be re-
covered from the sentence alone. In other words,
extra-segmental factors are determinative. Even
spelling and grammatical errors cannot always be
reliably identified from a single segment in isola-
tion.

Serious translation errors are distributed across
the full range of segment-level QE scores (Glad-
koff, 2025), as shown in Figure 2 (Appendix A).
Consequently, those scores cannot serve in the pro-
duction environment as a reliable basis for routing,
auto-release or review bypass, and cannot be as-
sumed to provide the stable, monotonic ordering
of risk that prioritization of human review effort
would require. At best, such scores may be retained
for retrospective research or descriptive analytics,
but should not serve as decision variables in pro-
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duction.

Proponents of segment-based evaluation some-
times argue that many contextual aspects can be
derived from a training corpus. We argue that this
is a misconception and one with a longer history
in translation technology. Before the advent of
CAT tools, translators translated thoughts, not sen-
tences. When translation memories arrived, many
translators objected to the idea of dissecting a text
into constituent parts and then claiming a produc-
tivity gain by reassembling new content from old
fragments. Their concern was that context was be-
ing lost and that even 100% translation-memory
matches might require different translations in a
new context (Dragsted, 2004; Ranasinghe et al.,
2020). If we consider what translators actually do
when working in CAT tools, we see that they are
not merely verifying translation-memory matches.
They are reconstructing the meaning of source con-
tent using fragments of previous translations stored
segment by segment and stripped of their original
contextual reference.

From a formal perspective, translation quality
can be viewed as a function not only of the source
and target segments, but also of contextual vari-
ables, such as discourse structure, terminology
constraints, and communicative intent. Because
these variables are not recoverable from isolated
segments, any segment-level QE necessarily oper-
ates under incomplete information, which limits its
validity as a standalone measure.

Translation quality could be conceptualized as a
function Q(s, t, ¢), where s denotes the source seg-
ment, ¢ the target translation, and c the set of con-
textual parameters relevant to specifications-based
quality assessment. Appendix B gives examples in-
volving grammatical gender and domain-dependent
terminology.

3 Limitations of Current QE Systems

3.1 Generalization and Distribution Shift

Overfitting and Distribution Collapse. When a QE
model is trained on a corpus of past translations,
it does not learn how to translate from this corpus.
Rather, it learns the patterns of translations deemed
correct within the available data, inevitably diluted
by translation errors stored in the corpus itself.
Even when a QE model is trained on an excep-
tionally clean translation corpus, and even when
training yields apparently strong results on in-
domain test data, applying the model outside the

distribution of its training corpus can lead to sub-
stantial degradation in predictive reliability. A re-
cent benchmark for English-Hebrew QE directly
confirms the instability of QE models when applied
outside their training distributions. Rosenbaum
et al. (2026) introduced an MTQE.en-he bench-
mark and documented fine-tuning experiments us-
ing widely adopted models such as TransQuest and
COMETKiwi. Their results exhibited sensitivity
to overfitting and distribution collapse. This find-
ing is particularly significant because it arises even
with clean annotated data and pre-trained models
backed by substantial computational resources.

This evidence suggests that even state-of-the-art
QE systems cannot reliably generalize beyond their
specific training contexts, validating long-standing
concerns about QE instability in real-world sce-
narios characterized by linguistic and use-case di-
versity. Morphological complexity, a hallmark of
many languages, appears to be a particularly chal-
lenging dimension for current QE models to navi-
gate, suggesting that existing training procedures
have limited ability to learn language-agnostic qual-
ity indicators (Chahuneau et al., 2013; Siani et al.,
2026).

The limitation appears to hold even when the
training corpus is very large. Gladkoff (2025) re-
ports on a large-scale, real-world case study by
Bane covering technical content in 9 languages, us-
ing an industry standard pre-trained QE model. The
study found that segments containing major and
critical errors received scores spanning the entire
range of the model’s output—including the highest
scores. In more than one language, critical errors
appeared even among the top-scoring 5 sentence
pairs out of a set of 2,000. When serious errors are
distributed across the full score range in this way,
the QE score becomes difficult to use in practice, as
no threshold can reliably separate translations that
are fit for use as-is from those that require human
review (see Figure 2).

These limitations help explain why the field of
translation QE continues to encounter significant
challenges with respect to the robustness and sta-
bility of automatic evaluation systems, particularly
at the segment and span levels. The findings of
the WMT?25 Shared Task also highlighted persis-
tent performance gaps consistent with these larger
concerns (Lavie et al., 2025). The same kind of lim-
itations at the model level are reflected in the per-
formance of downstream evaluation, as discussed
below.



Domain Variation and Generalization Failures.
One of the most critical vulnerabilities of QE sys-
tems is their inability to generalize across domains
and data sources. Large cross-domain variations
in auto-rater behavior are supported by multiple
studies that document systematic domain gener-
alization failures. Kocyigit et al. (2022) demon-
strate this failure in parallel corpus mining settings,
where models trained on specific datasets could
not reliably assess quality in broader real-world
contexts. Sharami et al. (2023) show that even
domain-tailored models struggle to maintain ro-
bustness when confronted with text characteristics
or language pairs outside their adaptation scope.
Synthetic Data Generation Issues. The reliance
on synthetic data — machine-generated transla-
tions with pseudo-labels—for training QE systems
introduces additional stability concerns. Geng
et al. (2025) show that pseudo-labels frequently
fail to align with human preferences. The distri-
bution shift between synthetic pseudo-translations
and real-world translations creates systematic mis-
matches that undermine model generalization.

The reliance on massive parallel corpora also
creates what Kocyigit et al. (2022) describe as a
structural feedback loop in which only organiza-
tions with large existing data resources can build
the tools necessary to find more data. Current QE
models therefore risk becoming over-optimized for
the narrow distributions represented in their train-
ing sets.

Because high-quality human-annotated transla-
tion quality data are scarce and expensive, synthetic
data is difficult to avoid in practice. However, this
reliance introduces exactly the type of distribution
shift that makes robust deployment difficult.

3.2 Annotation and Human-Machine
Misalignment

Human—Machine Misalignment. A fundamental
issue undermining QE stability is the misalignment
between what human annotators label as errors
and what QE systems learn to predict. Yang et al.
(2023) find that traditional post-editing effort labels
often conflict with human judgment about whether
a word is actually well or poorly translated. This
suggests that QE systems trained on conventional
datasets may be optimizing for proxy metrics that
do not closely correspond to true translation qual-
ity.

The problem is compounded by a misalignment
between model targets and human workflow needs.

As Sarti et al. (2025a) demonstrate, traditional QE
labels often conflict with post-editors’ actual pref-
erences. Thus, even when QE models achieve high
correlation scores against standard benchmarks,
their predictions offer limited practical utility be-
cause they fail to capture what human editors gen-
uinely need to correct.

This gap between human judgment and auto-
matic systems is particularly pronounced at the
word and span levels. Sarti et al. (2025b) show that
relying on single-annotator evaluations masks un-
derlying instability; when multiple sets of human
labels are introduced, supervised methods struggle
with severe label uncertainty. In classical terms,
this highlights a fundamental issue of inter-rater
reliability in fine-grained QE annotation (Scarton
et al., 2019). Mehandru et al. (2023) also show
in a high-stakes medical setting that QE can help
identify some translation issues, but it still fails
to reliably detect critical errors compared to more
manual methods, such as back-translation.

Research on fine-grained error prediction con-
firms that identifying exact error boundaries and
assessing severity remains highly challenging.

Taken together, these findings suggest that the
usability of QE in professional post-editing work-
flows remains substantially limited. Domain, lan-
guage pair, and editor expertise all emerge as crit-
ical factors in determining QE effectiveness, indi-
cating that current QE systems are highly context-
dependent, brittle, and unreliable.

3.3 Biases and Error Detection Limitations

Performance Gaps and LLM-based Auto-Rater
Limitations. Recent work has shown that LLM-
based auto-raters (sometimes called “LILLM-as-a-
judge”, although neither term defines the exact
method precisely) typically underperform on fine-
grained quality assessment tasks. The difficulty of
identifying fine-grained error spans and accurately
classifying their severity represents a fundamental
limitation of current QE approaches. Jung et al.
(2023) show that even when the task is decom-
posed into sequential stages —sentence-level detec-
tion followed by word-level span extraction—the
individual components continue to struggle with ac-
curacy. Studies on Chinese homophone translation
also indicate that while larger LLMs exhibit greater
stability and robustness to perturbations, they still
show substantial vulnerabilities when evaluating
nuanced semantic content (Qian et al., 2025).

A major obstacle to the adoption of QE in pro-



duction is its opaque nature. As Dinh and Niehues
(2023) argue, most current QE systems fail to pro-
vide explainable feedback, making it difficult for
human editors to trust or verify their outputs. Their
perturbation-based QE framework points toward
a possible shift toward unsupervised, explainable,
and transparent methods that do not rely as heavily
on biased training corpora, although it also illus-
trates how attempts to solve one set of QE problems
can introduce additional complexity.

Error Detection Limitations. Auto-raters continue
to struggle with precise error detection, span an-
notation, and severity classification, falling short
of the precision required by professional MQM
standards (Jung et al., 2023).

Extensive analysis of recent WMT shared tasks

indicates that, while sentence-level QE has im-
proved considerably, finer-grained tasks such as
word-level QE and error span detection remain a
challenge. Qian et al. (2025) show that larger
LLMs are somewhat more stable, but still vulnera-
ble when evaluating translations involving nuanced
semantic content. Likewise, although xCOMET
represents a substantial step toward transparency,
practical implementation of such granular schemes
still falls short of the MQM gold standard for reli-
ably distinguishing error types and severities (Guer-
reiro et al., 2023).
Systematic Biases. Recent research has exposed
systematic biases embedded in QE metrics them-
selves. Zhang et al. (2025) show that QE systems
consistently assign lower quality scores to transla-
tions as they become longer, even when those trans-
lations are entirely accurate. This length bias arises
because training data is skewed: models learn to
associate length with error probability and there-
fore penalize paraphrastic translations, regardless
of whether they are perfectly fit for their purpose.

Another documented bias concerns gender.
Zaranis et al. (2025) show that, when gender is am-
biguous in the source text, current QE models sys-
tematically favor masculine inflections with higher
quality scores, regardless of actual translation accu-
racy. These findings suggest that QE metrics may
conflate translation quality with superficial patterns
in skewed training data.

Cross-System Heterogeneity and Inconsistency.
Applying QE metrics to outputs from heteroge-
neous MT systems reveals further inconsistencies.
The same QE model can produce markedly dif-
ferent results depending on the MT system being
evaluated, suggesting that QE models may learn

system-specific regularities rather than generaliz-
able quality indicators.

Dinh and Niehues (2023) partly addresses this
issue through an explainable perturbation-based
approach designed for black-box MT. Their work is
valuable, but it also illustrates a broader challenge:
QE often introduces new layers of complexity in
the course of trying to solve older ones.

4 Empirical Validation with a Large
Dataset

The empirical test from large industrial data re-
ported in this section addresses the operational
question that follows from the preceding discus-
sion. That question is not whether a segment-level
QE system can produce a score that differs from
random, but whether such a score can be treated
as a calibrated quality score, as a portable thresh-
old, or at least as a reliable ranking signal for the
prioritization of segments for review.

Data and the gold standard. The experiment
used three MQM-annotated data sources represent-
ing different quality regimes. One data set was
from the German Research Center for Artificial
Intelligence (DFKI). The DFKI material consisted
of legacy rule-based machine translation output
with errors in nearly every sentence. The second
dataset consisted of MT-generated, unedited trans-
lations from the European Parliament (EP). The
third consisted of final human-edited translations
from the European Commission (EC), represent-
ing a low-error production-quality regime. These
three sources are important because they span the
practical range in which QE is normally claimed
to be useful: very poor MT output, an unedited
AI/MT output from an engine considered good,
and high-quality human-edited final translations.

Across the three primary corpora, the analysis
covered 104,762 scored segments: 2,543 DFKI
segments, 56,715 EP segments, and 45,504 EC seg-
ments. All segments had undergone human MQM
annotation, which was used as the gold standard.
The main binary gold label was whether a segment
contained any MQM error. A secondary major-plus
AUC was also recorded where available, but the
thresholded confusion matrices were generated for
the any-error condition. This distinction matters
because major-error counts were often sparse in
the EC slices, making major-plus-threshold conclu-
sions unstable.



QE model and analysis instrument. The seg-
ments were first scored using the TAUS EPIC QE
model. The resulting scores and MQM annotations
were analyzed using Revix, a statistical analysis
platform designed for the evaluation of translation-
quality workflows. Revix stores annotated transla-
tion datasets and provides statistical analyses of the
relationship between QE outputs and human quality
annotations, including ranking performance, cal-
ibration, threshold behavior, and workflow-level
utility metrics. In this study, Revix was used solely
as an analysis environment; the object of evaluation
was the QE scores rather than the Revix platform
itself.

TAUS EPIC AIQE was the first metric scored
on this material; scores from five further systems
— COMET-Kiwi (wmt22), COMET-Kiwi (wmt23
XXL), MetricX, XCOMET, and GEMBA — were
added subsequently, so the same segments carry six
independent QE scores (Appendix D). The figures
reported below are those of the first metric; extend-
ing the analysis to the others did not change the
conclusions, and the per-metric results are reported
in separate work. The object of critique here is
segment-level QE scoring, whether based on fine-
tuned encoders or on large language models, rather
than any one implementation.

Scope of this report. A complete specification
of the experiment — preprocessing, per-language-
pair statistics, annotation procedure and annotator
profiles, inter-annotator agreement, threshold def-
initions, and the resampling and cost-model for-
mulas — is the subject of a separate paper and
cannot be accommodated within the present format.
The aim here is narrower: to establish whether
a segment-level QE score can be relied upon to
carry operational decisions. The underlying scores
and MQM annotations are retained in full, and en-
quiries may be directed to the MQM Council at
info@themgm.org.

Since TAUS EPIC QE reports a quality-oriented
score, we treated lower TAUS scores as higher
predicted error risk and evaluated the review order
from the lowest TAUS score upward.

We then evaluated the score as a decision instru-
ment, not merely as a correlation number. For each
corpus/language-pair slice, we computed ROC
AUC, AUPRC and AUPRC lift over random se-
lection, precision, recall, specificity and F'-scores
at candidate thresholds, confusion matrices, triage-
gain curves, calibration curves, Brier score relative

to a no-skill base-rate predictor, bootstrap confi-
dence intervals, and permutation p-values.

The Revix export contained 186 snapshots. Each
snapshot corresponds to a corpus/language-pair
analysis under a specific threshold strategy and
contains the resulting ranking, calibration, thresh-
old, and workflow-utility statistics. Because several
snapshots represented the same corpus/language-
pair slice under different threshold strategies, the
corpus-level analysis duplicated them into 72
unique dataset/language-pair slices. The threshold-
specific analysis retained the full set of 186 snap-
shots, because the threshold choice is itself part
of the operational decision. The saved thresh-
old scenarios included maximum £}, maximum
F5, maximum Fj 5, recall-at-least-90%, maximum
Youden’s J, maximum triage gain, and manual or
unspecified thresholds.

Aggregate finding. Table 1 shows that the QE
score contains some statistical signal. The median
AUC is above random for EC and EP, and many
p-values are significant because the number of seg-
ments is large. However, the effect size is modest.
The median EC AUC is only 0.591 and the median
EP AUC is only 0.631. These values are compatible
with weak-to-moderate ranking, not with reliable
production classification.

The calibration results were even poorer. In ev-
ery calibrated unique slice in the export, the Brier
score was worse than the no-skill base-rate base-
line; the Brier/no-skill ratio was above 1.0 for all
70 slices where calibration statistics were reported.
This means that the score should not be interpreted
as a probability-like estimate of translation quality
or error risk. Even when the score is somewhat
correlated with the presence of errors, it is not cali-
brated enough to support an absolute quality inter-
pretation. This directly undermines the idea that
the output is a general translation quality score.

Corpus-level behavior. The DFKI corpus illus-
trates why a statistically positive signal is not neces-
sarily useful. Its error base rate was approximately
90-96%. In such a corpus, binary error/no-error
triage is almost meaningless because nearly every
segment is erroneous. The strongest AUC in the
export occurred in this high-error regime, but that
does not imply useful pass/fail triage. It means only
that the score can sometimes rank very bad mate-
rial ahead of less bad material in a corpus where
almost everything already requires attention.

The EC corpus represents the opposite case. Its



Corpus  Slices N Base AUC Prec.@F; Rec.@F; Brier/no-skill
DFKI 2 2,543 933% 0.679 93.5% 100.0% 11.139
EC 20 45,504 6.5% 0.591 9.4% 85.8% 1.756
EP 23 56,715 32.5% 0.631 40.9% 95.5% 1.404

Table 1: Aggregate Revix results by primary corpus, for the TAUS EPIC QE scores. Base rate is the share of
segments with at least one MQM error. Precision and recall are reported at the threshold that maximizes F} in each
slice. A Brier/no-skill ratio above 1.0 means that the QE score is worse calibrated than a constant predictor that

always returns the corpus base rate.

median base rate for any error was only 6.5%. In
such a low-error regime, even a non-random ranker
struggles to produce useful precision. For exam-
ple, among the better EC slices, English—Greek
reached AUC 0.692 but only 9.5% precision at
peak F7; English—Spanish reached AUC 0.662
but only 11.1% precision; English—Italian reached
AUC 0.626 but only 7.3% precision. These results
do not yield operationally persuasive targeted re-
view lists. They can enrich an audit sample relative
to random selection, but most flagged segments are
still clean. For EC-like production-quality files, the
evidence supports at most audit enrichment after
local validation, not autonomous triage.

The EP corpus is the one where the QE score
looks most plausible, because the base error rate
is higher. The median base rate for any-error was
32.5%. The selected language pairs had moderate
rank-order behavior: English-Czech reached AUC
0.695 with 48.2% precision at peak Fi; English—
Italian reached AUC 0.673 with 35.4% precision;
English—Polish reached AUC 0.670 with 42.0%
precision; English—Dutch reached AUC 0.665 with
54.3% precision; English—Spanish reached AUC
0.664 with 44.5% precision. These figures show
that the model can sometimes place more erroneous
segments earlier for review. However, the weaker
EP slices remained close to random for practical
purposes: Irish, Latvian, Swedish, Estonian, Slove-
nian, and Hungarian all had AUCs below 0.60.
Even in the best EP cases, the evidence can support
the prioritization of segments for review, but not a
safe threshold for bypassing the review.

Threshold behavior and triage. A central em-
pirical result is that the operational verdict strongly
depends on the threshold policy. Table 2 sum-
marizes two important threshold strategies. The
maximum-F; strategy emphasizes recall, while the
maximum Yyield strategy emphasizes savings in the
review effort.

The trade-off is clear. High recall usually re-
quires flagging most of the segments in a file. In

EP data, the maximum-F5 threshold catches al-
most all errors, but it flags a median of 80.8% of
segments and has a negative median saving proxy
(RCR-MEC, Modeled review-cost reduction, ex-
cluding missed-error cost). In EC data, the same
strategy indicates a median of 70.6% of segments
while producing only 9.1% precision. In contrast,
the maximum-triage-gain strategy saves review ef-
fort but captures only about 60% of errors in both
datasets, leaving a substantial share of errors in the
unreviewed tail.

We also applied a stricter operational classifica-
tion screen: a threshold would have to review at
most 50% of the file, catch at least 80% of actual
errors, and make the flagged set at least 1.5 richer
in errors than random selection. No saved threshold
scenario in the export satisfied all three conditions.

The key operational finding is: If triage is de-
fined as materially reducing review effort while
catching the vast majority of errors, the data do not
support segment-level QE as a safe triage mecha-
nism.

Ranking is not triage. Ranking and triage are
different questions: a ranker orders segments for
a reviewer whose capacity is limited, whereas a
triage gate decides which segments may bypass
review altogether. Segment-level QE gives a weak
answer to the first and no reliable answer to the
second.

A QE model may produce a statistically useful
ranking while still failing to support safe opera-
tional decisions under a specific threshold strategy,
so the same score distribution can lead to different
conclusions depending on the evaluation objective,
as illustrated in Figure 1.

This distinction explains why the same
corpus/language-pair slice could receive a “use-
ful ranker” verdict under one threshold policy and
a negative workflow verdict under another. Among
the 72 unique slices, 50 had more than one saved
verdict. Usability is therefore not an intrinsic prop-
erty of the QE model: it is a property of the model,



Corpus  Threshold strategy ~ Snapshots Median¢  Flagged share  Precision Recall RCR-MEC
EC Max F> 20 0.908 70.6% 9.1%  93.7% 6.9%
EC Max triage gain 18 0.878 42.7% 11.3% 60.5% 44.4%
EP Max F> 19 0.951 80.8% 39.8%  99.0% —4.6%
EP Max triage gain 23 0.891 42.0% 454%  60.4% 39.3%

Table 2: Threshold behavior for EC and EP, for the TAUS EPIC QE scores. RCR-MEC stands for "Modeled
review-cost reduction, excluding missed-error cost": the value estimates the reduction in QE-plus-human-review
expenditure relative to full human review. It excludes the operational, corrective, and risk costs of errors remaining in
unreviewed segments. Under the maximum-triage-gain condition, approximately 40% of error-containing segments

were not captured.

Same QE scores Same QE scores
R s S
Threshold A Threshold B
L (Ranking objective) )L (Workflow objective) )
s v 7 s v 7
Useful ranker Unsafe routing signal
. J . J

Figure 1: Identical QE scores can lead to different
conclusions depending on the evaluation objective. A
threshold selected to maximize ranking performance
may yield a useful ranker, whereas a threshold selected
to maximize workflow utility may reveal that the same
scores are unsuitable as a routing signal. This illustrates
that ranking quality and routing utility are not equiva-
lent.

the corpus, the language pair, the error base rate,
the threshold, and the relative cost of different trans-
lation mistakes. Any claim that a QE model is “us-
able” is insufficient unless it specifies the operating
condition.

Non-portability across corpus conditions. The
same target language did not behave consistently
across EC and EP datasets. Across the 20 common
target languages, the correlation between EC AUC
and EP AUC was only 0.379. For English—Czech,
AUC was 0.583 in EC but 0.695 in EP. For English—
Swedish, AUC was 0.488 in EC and 0.586 in EP. In
contrast, English—Portuguese and English—Greek
were stronger in EC than in EP. The practical preci-
sion changed even more sharply because the base
rates differed: a modest AUC in EC often produced
a very low absolute error rate in the flagged set,
while a similar AUC in EP produced a more per-
suasive targeted review list because the underlying
error rate was much higher.

This matters for deployment: a threshold or
language-pair conclusion reached on one dataset
cannot be assumed to transfer to another file. Do-
main, data source, MT system, editorial status, and

expected error base rate all affect whether the QE
score has any operational value.

What the results do and do not support. Read
in isolation, the better EP slices might seem to li-
cense using the score to prioritize review. That read-
ing draws the target around the arrow: the signal is
identified after the fact, by selecting the corpus, lan-
guage pair and threshold in which it appears, and it
does not survive that selection. Across the twenty
common target languages the correlation between
EC and EP AUC is only 0.379, and the same slice
receives opposite workflow verdicts under different
threshold policies. A large corpus also makes a
weak AUC statistically significant without making
it useful for process control, and the scores are not
calibrated, so they cannot be read as error probabil-
ities. Thresholds that catch most errors flag most
of the file, while thresholds that save review effort
miss many. The apparent saving, moreover, is com-
puted without the cost of the errors left unreviewed:
RCR-MEC excludes precisely that cost, and about
40% of error-containing segments escape under the
maximum-triage-gain condition. A prioritization
gain that is neither reproducible across datasets
nor priced against the errors it misses is not yet an
operational result.

Production implication. The operational impli-
cation is that a segment-level QE tool cannot be
used as a standalone routing, release, or review-
bypass mechanism on a new file merely because it
produced useful statistics elsewhere. Before using
it in production, local validation on the material
with the same language pair, domain, MT or Al
translation source, editorial condition, and com-
parable expected error rate would be needed. A
defensible workflow would sort segments worst-
first, retain random or stratified sampling from the
supposedly good tail, and validate against human
MQM annotation that the top score bands actually
contain a materially higher error density than ran-



dom selection. Without such validation, the score
is not a safe decision variable.

Three considerations indicate that this reflects
a property of segment-level scoring rather than of
one vendor’s model. The argument of Section 3 is
structural, and changing the scorer does not remove
the constraint it identifies. The same failure mode
is visible with a different scorer on different data:
the distribution in Figure 2 was produced with a
COMET QE model. And repeating the analysis on
the five further metrics scored on this material (Ap-
pendix D) yielded the same qualitative outcome.

Segment-level QE may contain linguistic or dis-
tributional information learned from training data,
but this information is not equivalent to information
about translation quality: it is a corpus-dependent
proxy signal. What matters is not the score it-
self but whether it is discriminative, calibrated,
threshold-stable, economically meaningful, and
safe under the conditions of deployment.

5 Conclusion

The cumulative evidence from the literature re-
viewed and from the present analysis suggests that
QE technology remains unstable across multiple
dimensions, which raises serious concerns about
its suitability for real-world applications.

The persistent failure of QE systems to handle
phenomena such as homophones, together with the
findings on length bias, suggests that current ar-
chitectures rely on superficial statistical patterns
rather than genuine semantic evaluation, and the
practical utility of QE in professional workflows is
far from established. Taken with domain general-
ization failures, annotation inconsistencies, and the
difficulty of fine-grained error classification, this
indicates that QE systems still lack a robust and
portable understanding of translation quality; more
data and more sophisticated architectures have not
yet resolved these structural issues.

Future progress will require explicit attention to
the statistical uncertainty inherent in both human
and Al judgment. As Sarti et al. (2025b) demon-
strate, single-pass evaluations yield unstable metric
rankings. Whether assessment is performed by
human annotators, automated models, or hybrid
systems, evaluator variance must be recognized,
measured, and reported—through multi-evaluator
sampling, prior uncertainty calibration, or proba-
bilistic scoring.

MQM-based approaches differ from QE in that

they explicitly model multiple dimensions of trans-
lation quality and allow contextual factors to be
taken into account, which makes them better
suited to its multi-faceted, context-dependent na-
ture. MQM is a framework rather than a procedure:
it specifies error typologies and severities, quality
specifications, a scoring model and sampling re-
quirements, and it treats human perception as the
gold standard because translation quality is a prop-
erty of how a text is received. It does not require
that every judgment be made by a human. Through-
put objections therefore apply to particular imple-
mentations of MQM, not to the framework, which
an automated evaluator calibrated against human-
based MQM can in principle satisfy as fully as a
human one.

Rather than continuing to prioritize fully auto-
mated QE as a standalone approach, future research
may benefit from methods that more explicitly ac-
count for the complexity of human language and
judgment. The available evidence suggests that
segment-level QE scores are not sufficiently reli-
able to serve as standalone signals for routing deci-
sions or release criteria, and that whatever prioriti-
zation value they carry is condition-dependent and
must be established by local validation rather than
assumed. Addressing these limitations may require
moving beyond isolated, segment-level prediction
toward scorers that can observe the contextual term
c at all — document- and paragraph-level models
with multi-segment context windows — and to-
ward automated evaluation grounded in structured,
multi-dimensional assessment such as MQM, cali-
brated against human-based MQM and recalibrated
as models and technology drift. Human annotation
is the reference that automation must be held to,
not a substitute for it.
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A Automatic QE Scores versus Actual
Error Distributions

Figure 2 shows automatic quality prediction scores
against the actual distribution of annotated errors,
from the industrial case study reported by Gladkoff
(2025).

B Linguistic and Terminology Examples

Linguistic Example: Consider the Spanish source
segment "Tiene razon" and its translation into target
languages that require grammatical gender marking
for pronouns used to resolve the autonomous Span-
ish verb forms. Whether a particular translation is
correct depends on discourse context establishing
the referent’s gender ("he/she is right"), commu-
nicative register (if the register is formal, this could
mean "you are right"), or whether it refers to an
entity (e.g. the Government, "it is right"). Without
access to sufficient contextual information, mul-
tiple distinct translations may each be plausible,
and no sentence-level QE model can determine
which variant is appropriate based on the segment
alone. More generally, identical source—translation
segment pairs may receive different quality judg-
ments depending on contextual variables external
to the segment itself, illustrating that sentence-level
translation quality is not uniquely determined by
isolated segment pairs.
Terminology/Domain Example: Consider the
source segment “Apply the patch.” In a software
documentation context, patch may refer to a soft-
ware update, whereas in a medical context, it may
refer to a transdermal medication patch. A transla-
tion that is correct in one domain may be incorrect
in another, even if the isolated segment pair remains
identical. Without domain context, sentence-level
QE cannot reliably determine translation correct-
ness.

Therefore, without domain context, segment-
level QE is forced to evaluate translations against
moving targets.

C Limited Assistance, No Routing
Validation for Segment-Level QE

The literature on sentence-level QE can be broadly
divided into two distinct lines of inquiry: (i)
whether QE information can assist human transla-
tors in constrained MT post-editing scenarios, and
(i1) whether sentence-level QE scores can serve
as reliable standalone signals for production rout-
ing decisions, such as determining which segments

may bypass human review. These two questions
are frequently conflated, although existing evidence
does not support treating them as equivalent.

On the first question, the evidence is limited and
mixed. Some studies report partial or conditional
benefits when QE information is shown to human
post-editors. Huang et al. (2014) report produc-
tivity gains in a document-specific post-editing set-
ting. Turchi et al. (2015) find only slight gains
overall, with statistical significance limited to re-
stricted conditions of segment length and MT qual-
ity. Béchara et al. (2021) report lower average
post-editing time and effort when MT QE informa-
tion was provided, but their study is relatively small.
More recently, Liu et al. (2025) concluded that em-
pirical evidence for the usefulness of sentence-level
QE remains limited and inconsistent. Importantly,
these studies are about human-in-the-loop assis-
tance, not autonomous acceptance, rejection, or
routing of segments. Integrated CAT-tool studies
such as IntelliCAT (Lee et al., 2021) report produc-
tivity improvements, but because sentence-level
QE is bundled with other assistive features, the
contribution of QE alone cannot be isolated.

To our knowledge, the main published attempt
to validate sentence-level QE as an explicit routing
mechanism is the APE-QUEST case study Alva-
Manchego et al. (2021). This study reports that, in
a narrowly defined public-administration workflow
for English—Dutch and English-French, thresh-
olded QE scores could reduce time and cost while
preserving roughly similar end-user acceptability.
However, these results should not be interpreted as
a general validation of sentence-level routing. It
is a single case study restricted to two language
pairs, one domain, and two specific use cases; it
depends on threshold tuning for each scenario; and
the authors themselves show that gains are larger
with oracle scores than with predicted ones.

By contrast, the counter-evidence is more di-
rectly relevant to the production-routing claim.
Zaretskaya et al. (2020) find that an industry-level
QE system was not reliable enough for the selec-
tion of MT engines when candidate systems had
similar quality. Glushkova et al. (2021) argue that
segment-level point estimates provide limited in-
formation and are often unreliable because they
are trained on noisy, biased, and scarce human
judgments. Most recently, the WMT25 Shared
Task confirmed that segment level prediction re-
mains difficult, reference-based baselines still out-
perform LLMs at the segment level, accurate error
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detection remains challenging, and even quality-
informed minimal correction is difficult across di-
verse languages (Lavie et al., 2025). The strongest
production-oriented negative evidence is the large-
scale industry case study reported by Gladkoff
(2025). In that work, severe and critical errors
overlap broadly across the sentence-level QE score
range, so that no reliable threshold can separate
safe-to-pass segments from those requiring review.
If serious errors are distributed across the full score
continuum, then the score fails not only as a cut-off
variable, but also as a ranking variable to priori-
tize the review effort (see Figure 2). Consequently,
the current literature does not provide robust and
replicated support for the use of raw segment-level
QE scores as standalone production routing criteria.
At most, it provides limited and mixed evidence
that QE information may sometimes assist human
post-editors in narrowly defined workflows. That
is a materially weaker claim, and it does not sup-
port broader claims in the literature and practitioner
discourse that segment-level QE is ready for gener-
alized no-touch routing in production.

D Metric Provenance and Coverage

Quality-estimation scores for the annotated ma-
terial were obtained from six systems and

are stored per segment together with a met-
ric identifier and, where the upstream inter-
face exposes one, a model version. The
identifiers are taus_qge, wmt22-cometkiwi-da,
wmt23-cometkiwi-da-xx1, metricx, xcomet and
gemba. Table 3 reports the model or checkpoint and
the number of scored rows for each.

Metric Version or checkpoint Rows
TAUS EPIC AIQE 2.0.0 120,619
COMET-Kiwi wmt22-cometkiwi-da 141,641
COMET-Kiwi wmt23-cometkiwi-da-xx1 141,641
MetricX reference-free 9,588
XCOMET recorded per row 9,588
GEMBA recorded per row 7,760

Table 3: Provenance and coverage of the six quality-
estimation metrics scored on the annotated material.
Full checkpoint identifiers are given in the text. Row
counts are all scored rows held in the analysis database;
the analysis reported in Section 4 uses a 104,762-
segment subset drawn from the three MQM-annotated
corpora described there.

TAUS EPIC AIQE was called against the com-
mercial endpoint https://api.taus.net/2.0/
estimate/. TAUS serves the current production
model for each language pair and does not per-
mit pinning to an earlier revision, but the metric
identifier and version returned by the interface are
recorded for every segment. Across our data every


https://api.taus.net/2.0/estimate/
https://api.taus.net/2.0/estimate/

TAUS-scored segment was returned under a sin-
gle identifier and version, so the corpus is directly
comparable on this metric. The two COMET-Kiwi
scores were computed against the publicly released
checkpoints Unbabel /wmt22-cometkiwi-da and
Unbabel/wmt23-cometkiwi-da-xx1.

MetricX, XCOMET, GEMBA and both COMET-
Kiwi checkpoints were computed outside Revix
and have been imported as pre-computed score
columns. Their exact checkpoint identifiers are
therefore attested by the parties that computed
them rather than by Revix records. A further
1,940 segments carry a pre-computed TAUS score
that arrived without an accompanying version tag;
these were excluded from version-sensitive TAUS
analyses but retained for cross-metric comparison.
Coverage is uneven: TAUS EPIC AIQE and both
COMET-Kiwi checkpoints span the full scored cor-
pus, whereas MetricX, XCOMET and GEMBA
were run on smaller subsets. The scores and the
corresponding MQM annotations are retained in
full, and enquiries concerning access may be di-
rected to the MQM Council.
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