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Abstract

Automatic machine-translation (MT) metrics
collapse heterogeneous errors into a single
score. For Arabic, no fine-grained resource
exists for diagnosing error types and sever-
ity. We introduce QuanTa, a 9,032-instance
En to Ar MT-error dataset (738 real UNPC +
7,856 synthetic training instances, both struc-
turally validated, plus a held-out 438-instance
real Gold test set) annotated with M1zan (01,
“scale”), a new 23-class MQM-compatible tax-
onomy organised in a four-level hierarchy: 23
leaf classes rolling up to 14 subtypes, 5 parent
groups, and 4 TQA dimensions. To make the
resource usable, we release the RAQEEB (_.$,
“observer”) classifier, an AraBERT-v2 model
for predicting Mizan 23-class labels (5-fold
Gold macro-F1 = 0.61440.017). Data quality
is supported by Erca (Error Taxonomy Cross-
vendor Audit), an LLM-as-judge check in
which a different-vendor model audits QuanTa
instances for anchor validity and label fidelity,
curbing same-family self-preference bias, and
by dual-annotator validation (Gwet’s AC1 =
0.97 synthetic; 0.83 real) on core taxonomy
criteria. Ablations show that anchor-guided
framing is decisive (without it, macro-F1 col-
lapses to 0.114); that 738 structurally validated
real samples are ~ 12x more sample-efficient
than synthetic data; and that, restricted to the
classes with real-tier training support, combin-
ing both tiers outperforms real (0.656) or syn-
thetic (0.312) alone. Code, data, prompts, and
checkpoints are publicly available.

1 Introduction

Machine Translation (MT) systems are now deeply
embedded in information access, localization, and

*Code and data available at https://github.com/AAL
ight/Quanta-Mizan

cross-lingual Natural Language Processing (NLP)
pipelines, making the reliability of MT evalua-
tion a central concern (Mukherjee and Shrivastava,
2025). MT evaluation is constrained by a trade-
off between linguistic precision and scalability: hu-
man evaluation of MT output is generally consid-
ered accurate but is costly to scale, whereas auto-
matic MT quality metrics (BLEU (Papineni et al.,
2002), COMET (Rei et al., 2020), BERTScore
(Zhang et al., 2020)) tend to collapse heteroge-
neous error phenomena from minor orthographic
deviations to critical semantic distortions into a
single opaque value. Compressing different MT
error types into a single scalar both undercounts
catastrophic semantic errors and overcounts cos-
metic ones, a distinction a fine-grained, severity-
aware taxonomy can make explicit. Properly as-
sessing the quality of MT outputs is especially
difficult for Arabic: its rich morphology (nuna-
tion, the definite article J), strict gender agree-
ment, agglutinative clitics) produces error phenom-
ena absent from European-language MT evalua-
tion (Al-Said, 2026; Habash, 2010), yet prior ty-
pologies (Munkova et al., 2025; Qiu et al., 2025)
are language-agnostic at 3 to 7 error classes (Tafa
et al., 2025). No fine-grained Arabic MT error
benchmark with 20 or more classes exists.

QuanTA and MizaN in one sentence. We re-
lease QuanTa, a fine-grained Arabic MT error
dataset with full 23-class coverage, and Mizan
(O, “scale”), its underlying multi-scale taxon-
omy of Arabic linguistic-shift errors, together with
a released 23-class diagnostic classifier and a
dual-annotator keyword-level validation protocol
reaching almost-perfect inter-annotator agreement
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(Gwet’s AC1 0.83-0.97) on the core taxonomy
criteria. MizanN is compatible with the Multi-
dimensional Quality Metrics (MQM) framework:
it adopts MQM’s severity typology and rolls its
23 classes up to four Translation Quality Assess-
ment (TQA) dimensions, but departs from MQM
by adding four Arabic-specific leaf classes (Tan-
ween Omission, Gender Disagreement, Definite-
ness Shift, Invalid Pattern) for which language-
agnostic MQM provides no first-class error type.
To keep the components distinct, the paper names
four: MizAN (the 23-class taxonomy), QUANTA
(the dataset built and audited under it), ETca
(the cross-vendor LLM audit that validates it),
and RAQEEB (the released classifier trained on
Quanrta); Figure 1 is the overview, tracing raw
MT output through anchor-constrained construc-
tion and validation to the QuaNTaA dataset.

Contributions. Together these form one inte-
grated resource for fine-grained En to Ar MT error
analysis, shown end-to-end in Figure 1: the Mizan
taxonomy, the QuanTa dataset built and audited
under it, and the RAQEEB diagnostic classifier:

1. MizaN: a 23-class taxonomy of Arabic
linguistic-shift errors with a 4-level hierarchy
(23 classes — 14 subtypes — 5 parent groups
— 4 MQM-compatible TQA dimensions) and
expert-calibrated severity weights.

2. QuanTa: a 9,032-instance fine-grained Ara-
bic MT error dataset, applying the Mizan er-
ror typology. QuaNTA includes 738 expert-
annotated real MT errors (tier T1) from
the United Nations Parallel Corpus (UNPC)
(Ziemski et al., 2016), 7,856 structurally val-
idated synthetic instances (tier T2) covering
all 23 classes, and a 438-instance Gold test
set with full 23/23 coverage.

3. Erca (Error Taxonomy Cross-vendor Au-
dit): a quality audit in which a different-
vendor LLM (Claude Sonnet 4, Anthropic,
2025) independently scores both the high-
confidence generation seeds and the GPT-
4o-generated T2 candidates (OpenAl, 2024);
for the synthetic tier this means no model
grades its own output, mitigating same-family
self-preference bias (Kim, 2025; Wang et al.,
2026). Verbatim prompts ship with the
release (Appendix D); external validation
against the human consensus (Gwet’s AC1
= 0.62) is in §4.2.

4. RAQEEB: a fine-tuned AraBERT-v2 classifier

UNPC En—Ar MT Output

11,393 Security-Council sentence pairs - 4 MT systems

¥
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Figure 1: The QuanTa pipeline: from raw En—Ar MT
output through Mizan-guided anchor-constrained con-
struction and validation (ETca cross-vendor audit and
dual-annotator IAA) to the QuanTA dataset and the re-
leased RAQEEB classifier.

that labels each MT error with its MizaN class,
released with the 5-encoder RaQEEB-Bench
benchmark (5-fold mean Gold macro-F1 =
0.614 £ 0.017) as a diagnostic tool with doc-
umented per-class capability boundaries, not
a sealed quality scorer.

5. Human validation: two expert linguists, not
involved in taxonomy design, independently
re-labelled 147 stratified instances, confirm-
ing that the Mizan labels are reproducible
(Gwet’s AC1 = 0.97 on the core criteria for
T2, 0.83 for T1).

2 Related Work

Arabic MT and scalar evaluation metrics.
Arabic MT benchmarks (Sajjad et al., 2020;
Nagoudi et al., 2022; Deutsch et al., 2025) and
scalar metrics BLEU (Papineni et al., 2002),
COMET (Rei et al., 2020, 2022), BERTScore
(Zhang et al., 2020) are dominant in MT quality
assessment. Despite their prevalence, they pro-
duce a single scalar per sentence and cannot de-
compose errors into linguistically meaningful cat-
egories. This is an important limitation when eval-
uating Arabic. Arabic morphological complexity
(Habash, 2010) introduces phenomena (tanween,



definiteness, gender agreement, root-pattern vio-
lations) that scalar metrics fail to isolate. No
prior work provides a fine-grained taxonomy with
20+ classes targeting Arabic-specific phenomena
in MT.

Fine-grained MT error taxonomies. The
MQM framework (Lommel et al., 2014, 2024) is
the dominant reference for MT error annotation.
Freitag et al. (2021) showed that MQM-based
human evaluation correlates more strongly with
professional translators’ judgments than do scalar
ratings. While earlier taxonomies introduced
S5-class schemes (Vilar et al., 2006; Popovié,
2011), more recent LLM-as-judge MQM vari-
ants include RUBRIC-MQM (Kim, 2025) and
PPbMQM (Wang et al., 2026), both reporting
LLM self-preference bias. For Arabic, the QALB
shared task (Zaghouani et al., 2014; Mohit et al.,
2014) targets learner grammar, not MT; and the
critical-error taxonomy of Al Sharou and Specia
(2022) is severity-oriented and cross-lingual
rather than Arabic-specific. Closer to our setting,
AMEANA (EIl Kholy and Habash, 2011) performs
automatic error analysis of Arabic MT output, but
as a morphological-feature diagnostic rather than
an MQM-compatible, severity-weighted error tax-
onomy. For Arabic grammatical and learner-error
annotation, ARETA (Belkebir and Habash, 2021)
provides automatic error-type annotation, the Ara-
bic Learner Corpus (Alfaifi, 2015) supplies expert
learner-error annotation, and ArabiGEE (Elhady
et al., 2026) offers a hierarchical error-explanation
taxonomy; all three address native or learner text
correction rather than translation errors. None of
these is an MQM-compatible, severity-weighted
MT-error taxonomy expressing tanween, definite-
ness, gender, and root-pattern phenomena at 20+
classes with token-level verifiable anchors, as
Mizan provides. Finally, Lommel et al. (2024)
argue that segment-level variance on fine-grained
linguistic attributes is inherent in language; we
draw on this in §5 to frame the lower-F1 classes
our classifier reports as field-wide hard cases
rather than classifier-specific failures.

Arabic-specific diagnostic evaluation. Osorio
et al. (2024, 2025) benchmark domain-specific en-
coders on native vs. machine-translated UNPC text
(Ziemski et al., 2016) and establish a statistically
significant rarity loss in MT output that maps to
our Terminology Substitution and Hypernym for
Hyponym classes, plus dependency-distance shifts

that map to the Syntactic Shifts parent group. Al-
Olimat and Alshareef (2026) (ALPS) show that
expert-curated diagnostic sets remain useful even
when single-item inter-rater agreement is low, the
same pattern we find in our own annotation (§4.3):
near-perfect agreement on the core taxonomy cri-
teria but lower agreement on more subjective judg-
ments.

Synthetic data and validated error construc-
tion. LLM-generated training data (Schick and
Schiitze, 2021; Wang et al., 2023) and data-centric
fine-tuning (Zha et al., 2023; Gao et al., 2021)
can match or exceed larger noisy datasets, but
the synthetic-to-real distributional gap is well doc-
umented (Chen et al., 2023). Validation frame-
works specifically for synthetic MT-error data re-
main scarce: generic filtering does not guaran-
tee that a claimed error actually occurs at a spe-
cific lexical anchor (Northcutt et al., 2021). The
anchor-constrained validation pipeline that pro-
duced Quanra fills this gap: it admits a synthetic
error only when the claimed error is structurally re-
alised at its lexical anchor, with the cross-vendor
Erca audit as an independent second check.

3 The MizaN Taxonomy and Multi-Scale
Framework

Motivation and design. General-purpose MT
error taxonomies such as MQM (Lommel et al.,
2014, 2024), Vilar (Vilar et al., 2006), and Hjer-
son (Popovi¢, 2011) are language-agnostic 3-7-
class schemes with no Arabic-specific morpholog-
ical phenomena as first-class error types. MizaN
(Ol, “scale”) fills this gap. Following the “two-
pillar” view of Lommel et al. (2024), MizAN pairs a
23-class fine-grained error typology, organised as
a 4-level hierarchy (23 classes — 14 subtypes — 5
parent groups — 4 MQM-compatible TQA dimen-
sions), with expert-calibrated, MQM-compatible
severity weights. Four design principles dis-
tinguish Mizan from these general-purpose tax-
onomies:

1. Computational verifiability: each class is de-
fined by a specific keyword—best_match trans-
formation verifiable at the token level (e.g., Hy-
pernym for Hyponym: asld| a4 — aK4&)).

2. Arabic-specific coverage: four classes capture
phenomena absent from MQM (Tanween Omis-
sion, Gender Disagreement, Definiteness Shift,
Invalid Pattern).



Taxonomy #Cls Anchor AR-spec. Score
Vilar (Vilar et al., 2006) 5 X X X
Popovi¢ (Popovi¢, 2011) 5 word X X
MQM Core (Lommel 7  segment X v
etal., 2014)

MQM Full (Lommel ~70 segment X v
et al., 2024)

QALB (Zaghouani et al., ~14 v grammar X
2014)

GEMBA-MQM (Kocmi 22 span X MQM
and Federmann, 2023)

PPbMQM (Wangetal., top  span X MQM
2026)

MizAN (ours) 23 anchor 4 cls MQM

Table 1: Mizan compared with major MT error tax-
onomies. #Cls: number of classes; Anchor: span-
localisation granularity; AR-spec.: Arabic-specific
classes; Score: severity/scoring scheme.

3. MQM-compatible hierarchy: a deterministic
mapping from 23 classes to MQM-compatible
TQA dimensions.

4. Operational granularity: the 23 leaf classes
emerged bottom-up from expert-linguist analy-
sis of 446 annotated UNPC MT-error instances
rather than top-down.

Table 1 positions MizaN against prior taxonomies.
The full per-class specification (definitions, sever-
ity, weights, parent group, TQA category) plus a
per-class table of real Gold-test examples with Sen-
tence_ID, MT-tool attribution, Arabic reference
and MT-output excerpts, and expert justifications
for every one of the 23 classes is in Appendix A.

Multi-scale framework. Mizan is an expert-
calibrated, multi-scale taxonomy for diagnosing
En—Ar MT errors. It integrates four operating di-
mensions: 23 anchor-observable classes, 14 sub-
types, 5 linguistic-family parent groups, and 4
MQM-compatible TQA dimensions matching the
MQM Core / MQM Full distinction of Lommel
et al. (2014, 2024). Rendered as a tree in Figure 3
(Appendix A), this hierarchy lets a keyword-level
error be traced upward through its parent group
to the evaluation dimension it affects, the multi-
scale property our classifier exploits through its
L2 and L3 rollups (§5). The taxonomy was de-
signed by two Arabic native-speaker researchers
with doctoral qualifications (one in computational
linguistics, one in translation). Instance-level dual-
annotator validation is conducted independently
by two further expert Arabic linguists, neither of
whom participated in taxonomy design (§4.3).

Severity weights. Mizan’s severity weights are
assigned per class by the two expert linguists fol-

lowing MQM’s severity typology (Minor to Criti-
cal) (Lommel et al., 2024). The per-class weights
aggregate by parent group and by TQA category
to 1.00 (Table 12); these totals are aggregations
of the per-class weights, not separate scoring fac-
tors. These MQM-compatible weights supply the
severity-penalty ingredient for segment-level qual-
ity scoring; computing such a score is out of scope
here, where §5 instead reports the classifier’s per-
formance over the Mizan classes. The full per-
class weight table and the rollup mapping are in
Appendix A.

Why this matters: MT-quality stakes in formal-
institutional text. The 23 MizaN classes capture
MT failure modes that other metrics collapse into
a single opaque value. MizaN makes each fail-
ure explicit by assigning it a class and a per-class
severity weight s; (examples per parent group in
Table 2): .y el — 4aate 22l is labelled Mean-
ing Shift (s; = 5), recategorising a state as a sub-
state region; .. — s is labelled Terminology
Substitution (s; = 4), weakening a binding Secu-
rity Council directive (“calls upon” — “invites”);
and az1s) — Lz1s| is labelled Gender Disagreement
(s; = 3), an Arabic-specific agreement error that
flips a possessive pronoun to feminine. Because
each class carries its own severity weight, these
failures stay distinct rather than averaged into one
scalar, as high-stakes legal, medical, or diplomatic
translation requires.

4 The QuanTa Dataset

QuanTa is the anchor-validated, Mizan-labelled
dataset of En—Ar MT errors. It combines three
complementary parts: a small set of real errors
mined from UNPC translations (T1), a large syn-
thetic set that fills every error class (T2), and
a held-out expert-annotated Gold test set cov-
ering all 23 classes. Table 3 summarises the
overall composition, and Table 4 the per-parent-
group coverage. T14-T2 forms the training pool
(8,594 instances); Gold (438 instances) is held
out for evaluation with full 23/23 class cover-
age. Each released instance carries six fields,
Sentence_ID, Keyword, Best_Match (or the
sentinel [OMITTED]), Sub-Subtype (one of 23),
Parent group (one of 5), and TQA category
(one of 4); a worked example for each parent group
is in Table 2.



Parent group Class Keyword —

Best_Match

MT-quality impact (UN-domain gloss) Si

Semantic Div. Total Omission % — [OMITTED]

Semantic Div. Meaning Shift A pedl = dahie o)
Morphosyntactic ~ Gender  Disagree- azls] — 3ls]
ment
Syntactic Perfective to Pro- &> — C<
gressive
Pragmatic Div. Terminology Substi- .. — &4
tution
Orthographic Spelling Error Gyl — Ay

UNOCI mandate: “mission” dropped, peacekeep- 5
ing referent disappears.

“Niger, a country” — “Niger, a region™: the refer- 5
ent’s category changes, a state rendered as a sub-
state area.

“its [the Council’s] condemnation of violence 3
against women and children”: MT flips the posses-
sive pronoun to feminine, breaking agreement.
“urged” (past) — “urges” (present operative): legal 4
force of resolution altered.

“calls upon” (formal SC directive) — “invites” 4
(weaker request).

“four” written without its hamza (ix j — 4 yl)or- 1
thographic typo in a casualty count.

Table 2: Representative Mizan examples from real En—Ar UNPC MT output, one per parent group plus a Total
Onmission; s; is the per-class Mizan severity weight (1 minor to 5 critical).

Split Instances Classes Provenance

T1 (real) 738 12/23  UN expert

T2 (synthetic) 7,856  23/23  GPT-4o0; structural audit
TI1+4T2 8,594  23/23  training

Gold test 438  23/23  held-out

Table 3: QuanTta Dataset Composition.

Per-parent-group class coverage. Table 4
breaks the 23 classes down by parent group,
separating those that surface in real UNPC MT
output from those filled for training by T2 syn-
thesis (§4.1). Of the 23 classes, 15 appear in
real MT and 8 are T2-only, while all 23 have
Gold coverage. Orthographic Shifts has zero
real-MT coverage, consistent with character-level
errors being removed by post-editing in formal
institutional translation, so this group is supplied
entirely by synthesis.

Parent group #Cls Real-MT T2-only Gold
Semantic Divergence 7 4 3 v
Morphosyntactic Shifts 4 3 1 v
Syntactic Shifts 9 6 3 v
Pragmatic Divergence 2 2 0 v
Orthographic Shifts 1 0 1 v
Total 23 15 8 23/23

Table 4: Per-parent-group class coverage in QUANTA.

4.1 Dataset Construction

Building a fine-grained error dataset poses a reli-
ability problem (Lommel et al., 2014, 2024; Al-
Olimat and Alshareef, 2026): real MT errors at any
given MizaN class are sparse, while synthetic er-
rors are easy to generate but hard to trust, since the
injected error may not land at the intended location
(Kocmi and Federmann, 2023; Kocmi et al., 2024;
Wang et al., 2026). QuanTa addresses this with an
anchor-constrained validation pipeline whose core
gate admits a candidate only when its MizaN an-

chor is structurally realised: the keyword is present
in the Arabic reference and its best_match substi-
tution (or the sentinel [OMITTED] for omissions)
appears in the MT output (Figure 1), paired with
the cross-vendor ETca audit (§4.2) as a second, in-
dependent control. The pipeline runs on the 11,393
UN Security Council sentence pairs of Osorio et al.
(2025) across four MT systems.

The anchor keywords come from domain-
contrastive keyness (Sketch Engine’s simple-
maths score against UNPC (Kilgarriff, 2009;
Ziemski et al., 2016)), yielding 600 diagnostic
keywords that two expert linguists extend with
manually curated multi-word anchors before
searching them across the four MT outputs.

From the 446-instance expert gold
pool the pipeline extracts 177 unique
keyword—best_match patterns; applying these
across the corpus and deduplicating yields 2,770
candidate rows, of which 1,667 (60%) are rejected
as structurally noisy and 794 pass at high confi-
dence to form the T1 substrate, which bypasses
Etca and serves as the reliability anchor; remov-
ing the 56 that overlap the held-out Gold test set
yields the final 738 T1 instances. Gold-overlap
removal eliminates three classes entirely from the
T1 training pool (Literal Translation, Perfective
to Progressive, Tense Shift Under Negation),
which are covered in training only through T2
that is generated using gold samples. The eight
Mizan classes that the pattern-based retrieval
does not surface in the T1 pool (Meaning Shift,
Partial Translation, Name Entity Error, Gender
Disagreement, Wrong Structure, Active to Passive
Voice, Noun to Adjective, Spelling Error) are
filled for training by T2 synthesis under the same



anchor constraint, so 23/23 training coverage is a
pipeline property rather than a retrieval property.
These classes are not absent from real MT: all
eight are attested in the held-out Gold test set,
which is drawn entirely from real MT output
(Meaning Shift alone contributes 70 instances), so
every class is evaluated on real data even when its
training signal is synthetic.

4.2 Etca Cross-Vendor Audit

Same-family LLM-as-judge pipelines such as
GEMBA-MQM (Kocmi and Federmann, 2023)
suffer self-preference bias, where a judge sys-
tematically favours its own family’s generations;
routing generation and judging through different
vendors is the general mitigation established by
prior LLM-as-judge work (Kim, 2025; Wang et al.,
2026). Our Error Taxonomy Cross-vendor Au-
dit (ETca) is a specific instantiation of this cross-
vendor principle for taxonomy-grounded error au-
diting, so that no single model grades its own out-
put: GPT-40 (OpenAl, 2024) generates synthetic
candidates with 3-shot prompting seeded from a
79-row canonical TO pool, and Claude Sonnet 4
(Anthropic, 2025) (a different vendor) scores each
candidate on five dimensions: Anchor Validity,
Phenomenon Clarity, Arabic Naturalness, Collat-
eral Severity, and Seed Recommendation, aggre-
gated into a Data Quality Index (DQI), the nor-
malised mean of the four substantive dimensions
(excluding Seed Recommendation). ETca runs on
the 794 high-confidence generation seeds and on
a stratified 414-instance T2 audit subset (=~ 5% of
T2, spanning all 23 classes), where DQI > 0.75
marks a high-confidence instance; the released
7,856-instance T2 split is selected by the struc-
tural re-classification audit (§4.4), not by a per-
instance DQI threshold. The verbatim generation
prompt and audit rubric are in Appendix D. ETca’s
judgements align with the expert human consen-
sus: on a 43-instance high-confidence subset ad-
judicated against the dual-annotator labels (§4.3),
Erca reaches Gwet’'s AC1 = 0.62 (substantial
agreement on the Landis—Koch scale). This vali-
dates the auditor against expert human judgment
rather than against another auditor LLM, whose
agreement can be inflated by shared model bi-
ases; alignment with the human consensus is the
stronger criterion for audit reliability. We therefore
use Etca strictly as a parallel dataset-quality audit
rather than a stand-alone quality gate.

4.3 Dual-Annotator Validation

Quanra is validated by two expert Arabic native-
speaker linguists, who were not involved in design-
ing the Mizan taxonomy and who labelled each
instance independently. On a stratified sample of
147 instances (55 T1, 92 T2), they reach Gwet’s
AC1 (Gwet, 2008) = 0.97 on T2 and 0.83 on
T1 across the three core taxonomy criteria (error
existence, anchor identification, MizaN class la-
bel), almost-perfect agreement on both tiers on the
Landis—Koch scale (Landis and Koch, 1977). We
use Gwet’s AC1 as the primary statistic because
the binary evaluation criteria have high prevalence
by design, a regime in which Cohen’s x collapses
artifactually (Feinstein and Cicchetti, 1990; Gwet,
2008).

TAA in the context of fine-grained linguistic an-
notation. Fine-grained linguistic annotation pro-
duces a characteristic IAA pattern: expert linguists
agree near-perfectly on core taxonomy questions
and diverge on more subjective attributes such
as register fit and severity calibration. Lommel
et al. (2024), in the 10th-anniversary MQM re-
view, argue that segment-level variance on fine-
grained linguistic attributes is inherent in language
rather than a technical deficiency, because text ad-
mits multiple valid interpretations and error cat-
egorisation depends on the reader’s background.
Al-Olimat and Alshareef (2026) corroborate this
for Arabic: their expert-curated ALPS diagnos-
tic set reports pairwise Cohen’s x = 0.23 on in-
dividual items, while their adjudicated oracle la-
bels reach 99.2% agreement and average human
accuracy of 84.6%. Against that backdrop, our
IAA is strong on the core taxonomy (T2 core-three
mean = 0.966, T1 = 0.827) and patterned on the
peripheral criteria as expected; the lower scores
on subjective attributes reflect inherent reader-
interpretation variance rather than a validation fail-
ure. Appendix B gives the full per-criterion table
(severity, UN-register fit, aggregate means), the
stratified-sampling design, and the inter-annotator-
agreement protocol.

4.4 Post-Hoc Corrections

A post-hoc audit of the Partial Translation class
surfaced a mis-labelling pattern: 188 candidates
were excluded where the apparent “omission” was
in fact a full translation of a different source word;
15 were relabelled from Partial Translation to To-
tal Omission; 20 received corrected Best_Match



Encoder Mean F1 + std
AraBERT v2 0.614 £ 0.017
CAMeLBERT-Mix  0.597 4 0.021
CAMeLBERT-MSA 0.587 £ 0.029
ConfliBERT 0.583 + 0.021
XLM-R 0.565 + 0.023

Table 5: 5-encoder benchmark on the 23-class MizanN
task (anchor-guided input, identical folds); mean =+ std
over 5 folds.

spans. The final counts in Table 3 reflect these cor-
rections.

5 The RaQekgB Classifier

We release the RAQEEB classifier as a diagnostic
evaluation tool with documented per-class capabil-
ity boundaries, not as a one-number quality scorer.
AraBERT v2 (Antoun et al., 2020) reaches 5-fold
mean Gold macro-F1 = 0.614 + 0.017 on the 23-
class Mizan task; we report this transparently and
partition the 23 classes into three operational tiers
(Table 6) that scope how the classifier should be
used.

Encoder comparison. Five encoders ingest
anchor-guided input at a fixed learning rate of
5 x 107°: three Arabic-specific (AraBERT v2
(Antoun et al.,, 2020), CAMeLBERT-MSA,
CAMeLBERT-Mix (Inoue et al.,, 2021)), one
domain-adjacent (ConfliBERT (Hu et al., 2022)),
one multilingual (XLM-R (Conneau et al., 2020)).
All five cluster within a 0.049 macro-F1 spread
(0.565-0.614; Table 5). We test every encoder
pair two ways (Appendix G): a paired-bootstrap
comparison with Benjamini—-Hochberg false-
discovery-rate (FDR) correction asks whether
two encoders differ, and a Two One-Sided
Tests (TOST) equivalence check (6 = 0.05)
asks whether they are practically the same.
AraBERT v2 significantly outperforms ConfliB-
ERT (pag; < 0.001) and XLM-R (puq; = 0.007),
and CAMeLBERT-Mix significantly outperforms
XLM-R (pqgj = 0.015); the three Arabic-specific
encoders are mutually equivalent within 40.05
macro-F1. Arabic-specific pretraining thus pro-
vides a small but measurable advantage over the
multilingual and domain-adjacent alternatives;
ConfliBERT’s political-conflict pretraining does
not transfer to fine-grained error classification.

Tier reading. The Top tier (F1 > 0.80) spans
structural and morphological phenomena and, no-
tably, the highest-severity semantic class, Total
Omission (0.967), so the most damaging error type

Tier Range
Top F1 > 0.80

Classes (best fold F1)

Total Omission (0.967),
Wrong Word Order (0.960),
Definiteness Shift (0.923)

Mid 0.50 < F1 < 0.80 Tanween Omission (0.788),
Invalid Pattern (0.696),
Register Mismatch (0.649),
Literal Translation (0.526)

Frontier FI1 < 0.50 Terminology Substitution (0.382),
Meaning Shift (0.272),

Hypernym for Hyponym (0.160)

Table 6: Operational tiers of the released RAQEEB classi-
fier on the 10 Mizan classes with n > 10 Gold support
(full table: Appendix E).

is among the most reliably detected, not the least.
The Mid tier (0.50-0.80) covers classes that are re-
liable on aggregate macro-F1 but on which indi-
vidual predictions still warrant confirmation. The
Frontier tier (F1 < 0.50) is dominated by seman-
tically confusable class pairs that share a surface
substitution pattern (Meaning Shift with Register
Mismatch; Hypernym for Hyponym with Termi-
nology Substitution); discriminating them needs
richer lexical-semantic signal than the surface an-
chor pair carries (the relation between keyword
and best_match), a natural extension of the an-
chor framing. These are field-wide hard cases, not
classifier-specific failures: fine-grained schemes
with many confusable classes carry a known per-
class F1 penalty (Mekala et al., 2021; Suresh and
Ong, 2021), and the underlying segment-level vari-
ance is intrinsic to language rather than a tech-
nical deficiency (Lommel et al., 2024; Al-Olimat
and Alshareef, 2026). Production use should treat
Frontier classes as candidates for human review.

Multi-level rollup. The Mizan hierarchy is
learnable at every granularity (Table 7), and not
monotonically in the number of classes. The 14-
subtype level (L3) is highest: we hypothesise an
L3 learnability sweet spot, where merging confus-
able siblings that share a keyword—best_match
transformation (by Mizan’s design) sheds the col-
lisions that depress L4 without lumping the hetero-
geneous anchors that L2 does, consistent with evi-
dence that the finest resolution is not automatically
optimal and the best granularity is data-dependent
(Pirovano et al., 2025; Chen et al., 2025). The wide
L2 interval (£0.062, overlapping L.3) makes this
ordering suggestive rather than significant.

Anchor framing and data efficiency. Two ab-
lations isolate the headline signal (full details in
Appendix H). Anchor framing: without the anchor
pair the classifier collapses to macro-F1 = 0.114



Level Granularity Macro-F1

L4 23 leaf classes 0.614 £0.017
L3 14 subtypes 0.676 + 0.021
L2 5 parent groups 0.624 £ 0.062
L1 4 TQA dimensions 0.656 + 0.022

Table 7: Mizan hierarchy learnability: AraBERT v2
macro-F1 (5-fold) at each rolled-up granularity.
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Figure 2: Data efficiency on the 12 T1-supported
Mizan classes (cf. Table 8): (a) 12-class Gold macro-
F1 and (b) Data Efficiency Score (DES, log scale) for T1
(real), T2 (synthetic), and T14T2. T1’s DES of 0.889
versus T2’s 0.073 is the ~ 12x sample-efficiency ad-
vantage of real data.

(paired-bootstrap p < 0.0001; controlled abla-
tion, Appendix H), so anchor-guided framing is the
essential signal for fine-grained Arabic MT error
classification. Data efficiency: restricted to the 12
classes with T1 support, 738 structurally validated
real samples reach macro-F1 = 0.656 versus 0.312
for the 4,274 synthetic instances in those classes,
our Data Efficiency Score (DES, F1 per 1,000 sam-
ples; Eq. 2) of 0.889 vs. 0.073 (= 12.2x); T1+T2
dominates either alone (= 0.740 on 5,012; non-
overlapping 23-class confidence intervals), as visu-
alized in Figure 2. Baselines confirm the task is not
solvable off-the-shelf (Table 9): classical TF-IDF
features cap at macro-F1 = 0.237 and the Arabic
LLM ALLaM-7B (Bari et al., 2024) reaches only
0.050 zero-shot and 0.098 five-shot, against 0.614
for the fine-tuned anchor model.

Source n 12-cls macro-F1 DES
T1 (real) 738 0.656 0.889
T2 (synthetic) 4,274 0.312 0.073
T1+T2 5,012 0.740 0.148

Table 8: Data ablation on the 12 T1-supported Mizan
classes: 12-class macro-F1 and DES (AraBERT v2,
Format D, 5-fold CV).

Frontier-tier error analysis. The Frontier tier
has structure: Meaning Shift reaches perfect preci-
sion (= 1.0) but recall 0.157 (11/70), its false neg-
atives absorbed by semantically adjacent classes
such as Register Mismatch, which acts as a catch-
all for ambiguous semantic predictions (full distri-
bution in Appendix E). Meaning Shift moreover

Method Macro-F1  Accuracy
Majority class 0.011 0.142
Stratified random 0.034 + 0.008 0.054
Keyword rule 0.060 0.352
ALLaM-7B (zero-shot) 0.050 0.148
ALLaM-7B (5-shot) 0.098 0.228
Format A (BERT, blind) 0.114 +0.030  0.232
TF-IDF + LogReg 0.162 +0.007  0.192
TF-IDF + SVM 0.237 £0.013  0.275
AraBERT v2 + anchor (Format D) 0.614 + 0.017 0.593

Table 9: Baseline comparison on the 438-instance Gold
test set; all methods receive the same anchor-guided
(Format D) input except Format A (the no-anchor con-
trol, main 5-fold run; the dedicated format-ablation run
is Table 17). Classical methods trained on T1+T2;
ALLaM-7B zero- and 5-shot; fine-tuned AraBERT v2
(bottom row) for reference.

has no real T1 training data, so its low recall partly
reflects a synthetic-train / real-test gap that more
real annotation would narrow (cf. the =~ 12x ad-
vantage), not a taxonomy defect.

Released checkpoint. The default deployable is
fold-0 (single-fold macro-F1 = 0.635, matching
the per-class results above); fold-3 (0.589) is re-
leased as the cross-domain checkpoint (full release
in Appendix F).

6 Discussion

Framing and data quality outweigh model
choice. Three results point the same way. First,
anchor framing is the dominant lever: the
keyword—best_match anchor lifts macro-F1 from
a blind 0.114 to the released 0.614, dwarfing any
gap between encoders. Second, provenance beats
scale: 738 validated real instances are ~ 12X more
sample-efficient than synthetic, so a small real set
carries more signal than an order of magnitude
more generated text. Third, encoder choice buys
little: the three Arabic-specific encoders are sta-
tistically equivalent, and the only significant gaps
are to the multilingual XLLM-R and the domain-
adjacent ConfliBERT. Together these say that, for
fine-grained Arabic MT-error classification, how
the input is framed and where the training data
comes from matter far more than which encoder
is used or how much synthetic data is added.

Implications for Arabic and low-resource MT
evaluation. The practical lesson, for Arabic and
for other morphologically rich, low-resourced lan-
guages, is to invest in anchor-style framing and
targeted real annotation rather than in model size
or synthetic volume (Zhou et al., 2023). Because
the pipeline is language-agnostic outside the four



Arabic-specific classes (§3), this recipe should gen-
eralise beyond Arabic.

A diagnostic instrument, not a scalar score.
The RAQEEB classifier decomposes errors across
the Mizan classes and flags the Frontier-tier se-
mantic classes for human review rather than return-
ing a single opaque number, and its multi-level
structure lets low-confidence 23-class predictions
back off to the more reliable 14-subtype level (§5).
That decomposition is what scalar metrics cannot
provide, and the reason this domain needs a fine-
grained taxonomy rather than another scalar score.

7 Conclusion and Future Work

We presented QuanTa, Mizan, the Etca cross-
vendor audit, and the released RAQEEB classifier
(5-fold mean macro-F1 = 0.614; fold-0 default at
0.635). Together they close the resource gap for
fine-grained Arabic MT-error analysis: one down-
load provides the taxonomy, dataset, audit proto-
col, and a baseline classifier for downstream prob-
ing.

Concrete downstream uses include calibrating
MQM-compatible segment-level scores against hu-
man ratings and glossary-lookup remediation for
Terminology Substitution. Code, data, prompts,
the checkpoint, and all per-class artefacts are re-
leased under CC-BY-4.0.

No public Arabic MT resource annotates er-
rors at MizaN’s 23-class resolution outside the
UNPC domain; a ~1,000-instance cross-register
benchmark (medical, legal, literary) is the highest-
leverage next data investment, drawing on ex-
isting English—Arabic parallel corpora (including
domain-specific resources) as source material.

Several technical directions follow: augmenting
the anchor with sentence-level semantic context for
the Frontier-tier classes, the hierarchical-fallback
deployment motivated by the L3 peak, a larger
fine-tuned encoder, and broadening the Etca audit
across additional auditor vendors as a complemen-
tary robustness check on top of its existing expert-
human validation. The framework is also designed
to port beyond Arabic: 19 of the 23 MizaN classes
are language-agnostic (rooted in MQM) and only
four are Arabic-specific (Tanween Omission, Gen-
der Disagreement, Definiteness Shift, Invalid Pat-
tern), so re-instantiating just those four language-
specific leaves adapts the taxonomy to a new lan-
guage while the language-agnostic backbone and
the anchor-guided construction and audit pipeline

carry over unchanged. On this basis Mizan can be
extended to dialectal Arabic and code-switching,
and transferred to other morphologically rich lan-
guages such as Turkish and Kazakh (Yerkebulan
et al., 2026) and to the reverse Ar—En direction.

Limitations

Domain, direction, and Arabic register. All ex-
periments analyse En—Ar machine translation of
UN Security Council Modern Standard Arabic ex-
clusively. Other UN source languages, the reverse
Ar—En direction, and dialectal Arabic varieties
(Egyptian, Levantine, Gulf, Maghrebi) are out of
scope and would require re-calibration of the four
Arabic-specific classes.

Gold-test size and per-class support. The 438-
instance Gold test set supports reliable per-class
evaluation only for the 10 classes with n > 10; the
remaining 13 are reported but not interpreted indi-
vidually. All 23 are nonetheless evaluated at the
L2 (parent-group) and L3 (subtype) rollup levels,
where aggregation gives adequate support.

Human-annotation resources. Both the initial
MizaN annotation of Quanta and the dual-
annotator IAA validation (n = 147) were con-
ducted by a small pool of expert annotators un-
der the human-annotation, time, and financial con-
straints typical of an academic resource-paper ef-
fort. A larger annotation round with additional in-
dependent annotators is planned.

Single-LLM synthetic generator. The T2 syn-
thetic split is generated by one LLM family
(GPT-40); the cross-vendor ETca judge mitigates
judge-side self-preference but does not eliminate
generator-side stylistic artefacts. Because GPT-
40 may have encountered UNPC text in pretrain-
ing, T2 sentences could echo memorised content.
However, the headline results use the held-out real
Gold set, so they are not affected by contamina-
tion. A multi-generator check (Claude, Gemini) is
planned.
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Appendices

Appendix roadmap. The appendices are organ-
ised in eleven sections: (A) MizaN taxonomy
specification with the full per-class table, severity
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weights, and the 4-level rollup; (B) dual-annotator
validation protocol with full inter-annotator agree-
ment detail; (C) construction and audit algorithms;
(D) Erca generation prompt and audit rubric ver-
batim; (E) full per-class classifier results; (F) repro-
ducibility (split indices, hyperparameters, environ-
ment, code repository pointer); (G) encoder signif-
icance and equivalence (per-pair paired-bootstrap
and TOST results); (H) anchor framing and data-
efficiency ablations (Format A vs. Format D, clas-
sical and LLM baselines, with 23-class confi-
dence intervals); (I) per-class T2 generation audit;
(J) cross-language dataset comparison; (K) ethics
and broader impact.

A Mizan Taxonomy Specification

Table 10 lists all 23 Mizan classes with definitions
and representative examples. Table 12 gives the
per-class severity weights and the full four-level
rollup (subtype, parent group, TQA category). Fig-
ure 3 renders the taxonomy as a tree: all 23 leaf
classes under their five parent groups, each leaf
shaded by its default severity.

Weight invariants. Each class’s severity level
(Minor to Critical) and 1-5 score follow MQM'’s
severity typology, assigned by the two expert tax-
onomy designers and mapped to the class’s pri-
mary MQM dimension. The per-class weights in
Table 12 are calibrated so that per-class partial
sums recover both the 5-parent-group totals (Se-
mantic Divergence 0.40, Morphosyntactic Shifts
0.10, Syntactic Shifts 0.10, Pragmatic Divergence
0.35, Orthographic Shifts 0.05; summing to 1.00)
and the 4-TQA-category totals (Accuracy 0.42,
Fluency 0.225, Terminology 0.28, Style & Regis-
ter 0.075; summing to 1.00). The parent-group and
TQA-dimension levels are therefore derived views,
not separate multiplicative factors. These weights
are MQM-compatible: they adopt MQM’s severity
typology and map onto its TQA dimensions, but
computing a segment-level score from them is out
of scope here.

Class-level severity distribution. Across the 23
Mizan classes the severity levels are distributed as
2 Critical, 5 Severe, 7 Major, 8 Moderate, and 1
Minor (Table 12): roughly two-thirds of the taxon-
omy sits at Major or below, while the two Critical
classes (Meaning Shift, Total Omission) carry the
highest per-class weight. Table 11 gives the full
per-class instance counts across the T1 (real), T2

(synthetic), and Gold tiers; the released artefacts
include additional Gold examples beyond the one-
per-class set in Table 10.

Worked example (weight asymmetry). The per-
class weight x severity product spans two orders of
magnitude: Meaning Shift (s = 5, wclass = 0.12)
gives b x 0.12 = 0.60, while Active to Passive
Voice (s = 2, wejass = 0.0025) gives 2 x 0.0025 =
0.005. This 120x asymmetry encodes the domain-
expert judgment that semantic errors damage MT
quality far more than register-level voice shifts in
formal UN text.

B Dual-Annotator Validation Protocol

B.1 Dual-Annotator Evaluation Design

We designed a keyword-guided dual-annotator
evaluation protocol for the QuaNTa error instances.
Annotators see the claimed Mizan class, keyword,
and best-match span, and answer seven criteria:

Error presence;

Anchor accuracy;

Keyword-level severity;

Minimal-pair structure;

Correct Mi1zaN class label;
Naturalness;

Domain appropriateness (UN register).

Nounk L=

Because the annotator is shown the claimed class
and anchor, the protocol is verification-style rather
than open annotation; both annotators judge every
instance independently.

B.2 Stratified Sampling

The evaluation sample comprises 147 instances,
drawn by stratified random sampling over Mizan
class and frozen before any model training: 55 T1
instances (real MT errors stratified across the avail-
able real-MT error classes) and 92 T2 instances
(QuanTa-synthetic, 4 instances per class across all
23 classes). We stratify by class so that agreement
is estimated across the full taxonomy rather than
being dominated by the most frequent classes; the
choice of Gwet’s AC1 over Cohen’s x is motivated
separately by the high prevalence of the binary cri-
teria (§B.3).

B.3 Inter-Annotator Agreement

Table 13 reports per-criterion Gwet’s AC1 val-
ues on the 55 T1 and 92 T2 instances. AClI
is the primary statistic because the binary evalu-
ation criteria have high prevalence by design, a
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MizaN taxonomy (23 classes)

Semantic @ Morpho- (10 .
divergence syntactic SEIEie
° ° Y
Meaning Shift 5 Invalid Pattern 3 Perf. — Progr.
Total Omission 5 Gender Disagree. 3 Progr. — Perf.
Partial Translation 4 Tanween Omission 2 Tense Under Neg.
Name Entity Err. 4 Definiteness Shift 2 Wrong Structure
Literal Translation 3 ‘Wrong Word Order
Hyper. — Hypo. 2 Noun — Adj.
Hypo. — Hyper. 2 Adj. — Noun
Active — Passive
Passive — Active
Severity 5 Critical 4 Severe 3 Major
TQA dim. e Accuracy e Fluency Terminology

2 Moderate

e Style & register

Pragmatic @

05
Orthographic

divergence
° °
Term. Subst. 4 Spelling Error 1
Reg. Mismatch 3

4
4
3
3
3
2
2
2
2

1 Minor . = group weight (number in header circles)

(header dots; a group may map to several)

Figure 3: Mizan taxonomy: the 23 leaf classes grouped under their five parent groups; leaf shade and number
encode severity, header dots the TQA dimension(s), the badge the parent-group weight. The full four-level rollup,

including the 14 subtypes, is in Table 12.

regime in which Cohen’s k collapses artifactually
(Feinstein and Cicchetti, 1990; Gwet, 2008). On
both tiers, error correctness and anchor correct-
ness reach almost-perfect agreement; label correct-
ness reaches 0.930 on T2 and 0.680 on T1. T2
keyword-level severity reaches AC1 = 0.987 (sup-
porting the severity-weight calibration); T2 UN-
register fit reaches 0.608 (moderate, just below
the substantial threshold); T1 keyword-level sever-
ity reaches 0.434 (moderate), reflecting expected
divergence on fine-grained ordinal severity judg-
ments against real-text contexts (Lommel et al.,
2024). The mean ACI1 over all reported criteria
is 0.898 on T2 and 0.729 on T1; restricted to the
three core taxonomy criteria (error, anchor, label),
the mean rises to 0.966 and 0.827 respectively. All
three core criteria meet or exceed the Landis—Koch
substantial-agreement threshold on both tiers. Two
of the seven workbook criteria, minimal-pair struc-
ture and naturalness, are recorded in the annota-
tion protocol but omitted from Table 13 because
both elicited systematic interpretation divergence
between the two annotators (on minimal-pair, the
annotator-mean positive rates were 0.90 versus
0.12); their low agreement reflects protocol ambi-
guity on those subjective judgments rather than un-
reliable taxonomy labels.

C Construction and Audit Algorithms

Algorithm 1 states the anchor-constrained con-
struction that produces the T1 (real) and T2 (syn-
thetic) tiers, and Algorithm 2 states the cross-
vendor Etca audit. Both are described in prose in

§4.1 and §4.2; the runnable implementation ships
with the released repository.

D Erca Generation Prompt and Audit
Rubric

This appendix reproduces verbatim the two
prompts routed through the cross-vendor Etca
audit (§4.2): the GPT-40 generation prompt and
the Claude Sonnet 4 audit rubric.

Generation prompt (GPT-40, 3-shot). The gen-
erator generates a UN-domain Arabic reference
and its erroneous MT output for a target Mizan
class. It is prompted with a system message (Fig-
ure 4), a three-shot exemplar block of (reference,
class, MT output) triples drawn from the TO canon-
ical seed pool and stratified to cover the target
Mizan family, and a per-sample instruction that
re-states the anchor constraint and the requested
output format (JSON only). Decoding parameters:
temperature = 0.7, top-p = 0.95, max_tokens
= 256; each candidate is generated independently
with no rejection sampling at the generator stage.

Audit rubric (Claude Sonnet 4, five-dimension
scoring). The auditor receives a (reference, MT,
target class) triple and returns five integer scores in
{1,...,5} on the following dimensions:

1. Anchor Validity: does the
keyword—best_match transformation realise
the target class?

2. Phenomenon Clarity: is the error unambigu-
ous, with no competing class label?



MizaN class T1 T2 Gold Total
Semantic Divergence
Meaning Shift - 369 70 439
Total Omission 542 384 62 988
Partial Translation - 166 7 173
Name Entity Error - 369 2 371
Literal Translation - 369 15 384
Hypernym for Hyponym 21 369 30 420
Hyponym for Hypernym 6 369 9 384
Morphosyntactic Shifts
Invalid Pattern 3 263 10 276
Tanween Omission 15 369 14 398
Gender Disagreement - 366 4 370
Definiteness Shift 11 320 12 343
Syntactic Shifts
Perfective to Progressive - 367 5 372
Progressive to Perfective 9 369 6 384
Tense Shift Under Negation - 369 3 372
Wrong Structure - 369 8 377
Wrong Word Order 2 369 13 384
Noun to Adjective - 357 3 360
Adjective to Noun 2 359 3 364
Active to Passive Voice - 368 4 372
Passive to Active Voice 2 369 8 379
Pragmatic Divergence
Register Mismatch 64 365 96 525
Terminology Substitution 61 369 52 482
Orthographic Shifts
Spelling Error - 113 2 115
Total 738 7,856 438 9,032

Table 11: Per-class instance counts across the T1 (real),
T2 (synthetic), and Gold tiers of QUANTA. “~” marks
the 11 classes with no real T1 support (8 not surfaced
by pattern-based retrieval plus 3 removed by Gold-
overlap deduplication); these are covered in training
only through T2 synthesis. Counts computed from the
released dataset splits.

3. Arabic Naturalness: is the surface form fluent
Arabic, modulo the injected error?

4. Collateral Severity: is the rest of the sentence
held constant (lower is better)?

5. Seed Recommendation: would this candidate,
if used as a TO seed, mislead future generation?

The Data Quality Index (DQI) aggregates the
four substantive dimensions (excluding Seed Rec-
ommendation, which is used only for downstream
filtering) as a normalised mean:

1 Sqg—1

D] 4
deD

DQI =

€01, @

where D is the set of the four substantive dimen-
sions, d indexes a dimension, and s4 € {1,...,5}
is its integer score; each term (sq — 1) /4 rescales a
1-5 score to [0,1], and DQI is their mean. Col-
lateral Severity, where lower is better, enters on
its raw 1-5 scale; audited instances sit near its

Algorithm 1 Anchor-constrained construction

Require: aligned sentence pairs (r,m): Arabic reference
sentence r, MT output sentence m; MizaN classes
C; seed pool Typ. An anchor (k,b,c) instantiates
class ¢’s keyword—best_match transformation (k the
reference-side form, b the MT-side form; token-level
spans; b = [OMITTED] marks a Total Omission; per-
class transformations in App. A). Mined anchors apply
the frozen keyword—best_match patterns to the pairs
(§4.1). occurs(z,y) holds iff span x matches a span of
y under a diacritic-/clitic-normalized comparison. An-
chor gate ReaLizep(k, b, ref,mt) = occurs(k,ref) A
(occurs(b, mt) V (b=[0OMITTED] A —occurs(k,mt))).
Ensure: validated instance set D (unique instances)
(Etca audit, Alg. 2, runs in parallel; it does not gate ad-
mission.)
1: D+ 0
/% TI1: mine real MT errors (anchor gate only) */
: for each aligned pair (r, m) do
for each mined anchor (&, b, c) do
if ReaLizep(k, b, 7, m) then
structurally realized
D < DU{(r,m,k,b,c,T1)}
end if
end for
: end for
/* T2:  synthesize to full 23-class coverage; STrRUC-
TURALAUDIT: structural-noise filter, §4.1 */
9: for each class c € C do
10: for each of N, generated candidates (rotating across
UN sub-domains) do
11 (r,m’,k,b) < GeNerATE(c, Tp)
3-shot from Tp: generates r, m’, anchor (k, b)
12: if ReaLizep(k,b,r,m’) and STRUCTURALAU-
pit(r,m’,k,b,c) then
13: D« DU{(r,m', k,b,c,12)}
14: end if
15: end for
16: end for
17: return D

Rl

> anchor

P

> GPT-4o,

floor (mean =~ 1.0), so its effect on DQI is mi-
nor. DQI is computed on the audited subset (the
794 high-confidence seeds and a stratified 414-
instance T2 audit subset, ~ 5% of T2 cover-
ing all 23 classes) as a quality measure; accep-
tance into the released 7,856-instance T2 is de-
termined by the structural re-classification audit
(§4.4; of 8,044 generated candidates, 188 are ex-
cluded as Partial-Translation/Total-Omission con-
founds, yielding 7,856), not by the DQI threshold.
The verbatim rubric is in Figure 5.

The audit prompt also requests a brief free-
text justification per dimension; these justifications
ship with the release data and are used in error anal-
ysis but not in the DQI score.

Etca audit scores. Table 14 reports the per-
dimension means. On the 414-instance T2 audit
subset the substantive dimensions are high and Col-
lateral Severity is near its floor; on the 794 gen-
eration seeds the scores are lower (the seeds are
real-MT instances), and 664 of the 794 seeds are



MizaN class Severity s;  Wcass Subtype (L3) Parent group TQA category

Meaning Shift Critical 5 0.1200 Semantic Shift Semantic Divergence ~ Accuracy

Total Omission Critical 5 0.1200 Translation Gap Semantic Divergence  Accuracy

Partial Translation Severe 4 0.0400 Translation Gap Semantic Divergence  Accuracy

Name Entity Error Severe 4 0.0400 Translation Gap Semantic Divergence  Accuracy

Literal Translation Major 3 0.0400 Idiomatic Shift Semantic Divergence  Accuracy

Hypernym for Hyponym Moderate 2 0.0200 Granularity Shift Semantic Divergence  Accuracy

Hyponym for Hypernym Moderate 2 0.0200 Granularity Shift Semantic Divergence ~ Accuracy

Invalid Pattern Major 3 0.0300 Morphological Error Morphosyntactic Shifts Fluency

Tanween Omission Moderate 2 0.0200 Morphological Error Morphosyntactic Shifts Fluency

Gender Disagreement Major 3 0.0300 Agreement Error Morphosyntactic Shifts Fluency

Definiteness Shift Moderate 2 0.0200 Definiteness Shift Morphosyntactic Shifts Fluency

Perfective to Progressive Severe 4 0.0150 Aspect Shift Syntactic Shifts Fluency

Progressive to Perfective Severe 4 0.0150 Aspect Shift Syntactic Shifts Fluency

Tense Shift Under Negation Major 3 0.0200 Tense Shift Syntactic Shifts Accuracy

Wrong Structure Major 3 0.0200 Structural Error Syntactic Shifts Fluency

‘Wrong Word Order Major 3 0.0200 Structural Error Syntactic Shifts Fluency

Noun to Adjective Moderate 2 0.0025 Syntactic Category Shift Syntactic Shifts Fluency

Adjective to Noun Moderate 2 0.0025 Syntactic Category Shift Syntactic Shifts Fluency

Active to Passive Voice Moderate 2 0.0025 Voice Shift Syntactic Shifts Style & Register

Passive to Active Voice Moderate 2 0.0025 Voice Shift Syntactic Shifts Style & Register

Register Mismatch Major 3 0.0700 Register Mismatch Pragmatic Divergence  Style & Register

Terminology Substitution Severe 4 0.2800 Register Mismatch Pragmatic Divergence =~ Terminology

Spelling Error Minor 1 0.0500 Orthographic Issues Orthographic Shifts Fluency

Table 12: Mizan taxonomy rollup and severity weights.
Criterion Validates TI T2 L-Kmin Algorithm 2 Etca cross-vendor audit
Error correct. Error existence 0.900 0.989 > 0.81 Require: candidate set X (each generated by GPT-40);
Anchor correct. Anchor identification 0.900 0.978 > 0.81 substantive dimensions D — { Anchor Validity,
Label.correCt‘ MIZAI.‘I Class. label 0.680 0930 > 0.61 Phenomenon Clarity, Arabic Naturalness, Collateral
Severity Severity calib. 0.434 0987 > 0.61 . . .
UN register T2 register fit 0608 >0.61 Severity }, each scored on an integer 1-5 scale by an inde-
pendent vendor (Claude Sonnet 4); Seed Recommenda-

Core-three mean (err., anchor, label) — 0.827 0.966 - tion is a separate flag, scored independently of D (scale
All-reported mean 0.729 0.898 —

Table 13: Inter-annotator agreement (Gwet’s AC1) on
55 T1 and 92 T2 instances. L-K min is the Landis—
Koch agreement band each criterion is expected to meet
(almost-perfect > 0.81 for error/anchor, substantial >
0.61 otherwise); UN-register fit is T2 only.

Subset Anchor Clarity Natural. Collateral
T2 audit (414)  4.70 4.74 4.62 1.02
Seeds (794) 4.17 4.45 4.40 2.15

Table 14: Etca per-dimension means (1-5) on the 414-
instance T2 audit subset and the 794 generation seeds;
for Collateral Severity, lower is better.

recommended. Per-instance Etca scores ship with
the release data.

External validation of ETca. On a 43-instance
high-confidence subset adjudicated against
the dual-annotator consensus described in Ap-
pendix B, Etca reaches Gwet's AC1 = 0.62
(substantial agreement on the Landis—Koch scale);
the present paper uses Etca strictly as a parallel
dataset-quality audit.

E Per-Class Classifier Results

E.1 Multi-Level Analysis

Aggregating the per-class F1 values by TQA di-
mension (the L4—L1 macro-F1 progression is in

defined in the audit rubric, App. D), not included in DQI
Ensure: Data Quality Index DQI(z) € [0, 1] foreachz € X
1: for each candidate x € X do
2: s < Score(z, D U {Seed Recommendation}) >
Claude Sonnet 4,1a different vend(ir
Sd —
3: DQI(x) + D ZdeD 1
of the 4 substantive dims
4: mark z high-confidence if DQI(z) > 0.75
5: end for
6: return {DQI(z)}rex

> normalized mean

§5): Fluency is strongest (~ 0.74-0.84, domi-
nated by the Arabic morphological classes Tan-
ween Omission, Definiteness Shift, Invalid Pat-
tern) and Terminology weakest (= 0.38-0.51,
single-class group). Anchor-guided framing peaks
on morphosyntactic phenomena and hits its repre-
sentational ceiling on semantic distinctions, con-
sistent with the Frontier-tier confusion pattern re-
ported in body §5.

E.2 Per-Class F1 (n > 10 Gold Support)

Three readings follow. First, surface-cue classes
saturate near ceiling across all five encoders:
Total Omission (0.855-0.967), Definiteness Shift
(0.774-0.923), Wrong Word Order (0.880-0.960),
Tanween Omission (0.743-0.963) show that
anchor-guided framing is sufficient to learn
Arabic-morphology phenomena that scalar MT



Class n AraBERT v2 CAMeL-MSA CAMeL-Mix ConfliBERT XLM-R

Total Omission 62 0.967
Definiteness Shift 12 0.923
Wrong Word Order 13 0.960
Tanween Omission 14 0.788
Invalid Pattern 10 0.696
Register Mismatch 96 0.649
Literal Translation 15 0.526
Hypernym for Hyponym 30 0.160
Terminology Substitution 52 0.382
Meaning Shift 70 0.272

0.959 0.959 0.855 0.913
0.923 0.774 0.923 0.800
0.917 0.917 0917 0.880
0.897 0.743 0.743 0.963
0.552 0.541 0.625 0.640
0.657 0.653 0.601 0.667
0.577 0.811 0.588 0.423
0.475 0.471 0.423 0.400
0.417 0.458 0.494 0.506
0.225 0.108 0.198 0.228

Table 15: Per-class F1 (best fold) on the 10 Mizan classes with > 10 Gold support; bold marks the highest F1 per

row.

You are an expert Arabic linguist generating synthetic MT error
examples for a UN-domain benchmark.

YOUR ROLE:

Generate NEW examples of specific translation error types. You
will

see a few real examples of each error type, then create NEW
instances

with NEW Keyword/Best_Match pairs that follow the same pattern of
linguistic shift.

DOMAIN GUIDANCE:
Generate content that resembles authentic United Nations texts (e.

<
Security Council resolutions, Secretary-General reports, official
uN
statements). Focus on political, diplomatic, legal, humanitarian,
or
conflict-related topics with formal, neutral, institutional tone.

MINIMAL PAIR REQUIREMENT:

The 'ar' (clean) and 'mt_output' (error) sentences MUST be
identical

except for the specified anchor edit (Keyword->Best_Match, or
Keyword

omitted). Do not introduce additional changes to vocabulary,
structure, or meaning beyond the specified error.

=== CRITICAL: DIVERSITY REQUIREMENTS FOR MODEL TRAINING ===
1. LEXICAL DIVERSITY: Use a COMPLETELY DIFFERENT keyword than any
shown in examples or listed as "already used"
2. SYNTACTIC VARIATION: Use a DIFFERENT sentence opening than
recent
examples
3. DOMAIN ROTATION: Draw vocabulary from the specified UN
subdomain
4. NO REPETITION: Never reuse keywords, sentence structures,
templates
=== HARD CONSTRAINTS ===
- Generate NEW Keyword DIFFERENT from seed examples AND "already
used"
- Keyword MUST appear exactly ONCE in 'ar'
- Best_Match MUST appear in 'mt_output' (unless Best_Match is [
OMITTED])
- 'ar' and 'mt_output' must be IDENTICAL except the anchor edit
- Formal Arabic, institutional tone, 15-30 words
- Start sentence with a DIFFERENT opening than recent examples
- Output ONLY valid JSON with exactly 5 keys:
{"Keyword":"...","Best_Match":"...","ar":"...","mt_output
wom W wepmin | n}

Figure 4: GPT-40 generation system prompt (verbatim).

metrics cannot isolate. Second, no encoder domi-
nates: the highest per-class F1 is distributed across
all five encoders. Third, semantic-divergence
classes remain hard: Meaning Shift peaks at
0.272 and Hypernym for Hyponym peaks at 0.475
across all encoders, highlighting the Frontier-tier
classes where future work on representation or
retrieval-augmented classification would yield the
largest gains; that this pattern holds across all five
encoders frames these as field-wide representa-
tional limits rather than encoder-specific failures,
and augmenting the anchor with sentence-level se-
mantic context (§6) is the most targeted next step.

The remaining 13 MizaN classes have n < 10 gold
instances, making per-class confidence intervals
too wide for individual conclusions.

F Reproducibility

All experiments in this paper are fully reproducible
from the released artefacts at the public repository
linked in the title footnote.

End-to-end regeneration. Beyond reloading
the released splits, QuanTa is reproducible by con-
struction: the deterministic construction pipeline
(anchor-gate extraction, the verbatim generation
and audit prompts, and the DQI > 0.75 audit
threshold; Appendix C) regenerates the dataset
from the public UN Parallel Corpus (Ziemski
et al., 2016), so every result can be reproduced
end-to-end from public source data rather than
only reloaded. No institution-restricted data is
involved.

Classifier training. Every classifier result uses
the same training procedure: stratified 5-fold cross-
validation (random_state = 42) on TI1+T2
with the held-out 438-instance Gold test, with
classes of fewer than 5 instances retained entirely
in training. We train with learning rate 5 X
107°, batch size 32, 5 epochs, AdamW optimiser,
weighted cross-entropy loss, a linear warmup of
10% of total training steps, mixed-precision train-
ing via torch.amp.autocast, and a maximum
input length of 512 tokens. The best validation-
fold checkpoint is selected by macro-F1 and evalu-
ated on the held-out Gold test.

Significance testing. Pairwise paired-bootstrap
tests (10,000 resamples on fold-level differences)
with Benjamini—-Hochberg FDR correction test
for differences, and Two One-Sided Tests (TOST,
equivalence margin § = 0.05) test for practical
equivalence; both back the encoder comparison in



Role

You are an expert Arabic linguistics auditor evaluating whether a
specific annotated linguistic phenomenon is correctly instantiated
in

a machine-translated Arabic sentence pair.

You are NOT judging overall translation adequacy.

You are NOT reclassifying labels.

You are NOT fixing or rewriting text.

Your task is to audit anchor-level correctness and usability of
this

sample as a Tier2 generation seed.

You will receive

- error_label: annotated Sub-Subtype (fixed; do not change)

- keyword: lexical anchor expected in the clean sentence

- best_match: expected transformation in the MT output (may be a
lexical form or the sentinel [OMITTED])

- clean_ar: original Arabic sentence

- error_ar: machine-translated Arabic sentence

Your task

Evaluate only whether the annotated phenomenon (error_label) is:
1) correctly instantiated via keyword / best_match,

2) clearly observable in the clean vs. error Arabic pair,

3) linguistically plausible as MT output,

4) suitable for use as a Tier2 generation seed.

Judge with respect to the given label only. Do NOT consider
alternative labels. Do NOT infer meaning from any other language.

Evaluation axes (return five values)
1) anchor_validity: 1 = contradicts label, 5 = perfect

alignment
2) phenomenon_clarity: 1 = barely observable, 5 = unambiguous
3) arabic_naturalness: 1 = broken, 5 = fluent plausible MT

Arabic

4) collateral_severity: 1 = no unrelated distortion, 5 = severe
5) tier2_seed_recommendation: O = do NOT use, 1 = safe to use
Decision guidance

- Collateral changes are acceptable if the target phenomenon is
intact.

- Rare classes are valid if correct.

- If anchors are ambiguous or weak, set tier2_seed_recommendation
= 06

- Never rescue by imagining intent -- judge only what is present.
Output format (STRICT)

Return exactly five TAB-separated values in this order:
anchor_validity phenomenon_clarity arabic_naturalness
collateral_severity tier2_seed_recommendation

Valid example: 5 4 4 2 1

Hard constraints: No explanations. No text. No JSON. No additional
numbers. No class reassignment. Any deviation invalidates the
output.

Figure 5: Claude Sonnet 4 audit rubric (verbatim).

Table 5, with full per-pair results in Appendix G.
Bootstrap 95% confidence intervals on best-fold
predictions use 1,000 resamples.

Released artefact pointer. The QuanTa dataset
(T1, T2, and the held-out Gold test set), the frozen
5-fold splits, the released AraBERT v2 check-
points (all five folds; fold-0 default), the Etrca ver-
batim prompts, the post-hoc audit manifests, and
the full benchmark logs are released with the pa-
per. SHA-256 checksums, pinned dependency ver-
sions, and per-experiment reproduction bundles
(each with a script that re-scores the reported num-
bers) ship in the repository’s REPRODUCE . md.

Environment. Python 3.10, CUDA 12.1;
pinned dependency versions in the repository’s
requirements.txt.

G Encoder Significance and Equivalence

Beyond reporting mean macro-F1, we test all ten
encoder pairs two ways (Table 16): a paired boot-
strap (10,000 resamples on the five fold-level differ-

ences, fixed seed) with Benjamini-Hochberg FDR
correction tests whether two encoders differ, and
a Two One-Sided Tests procedure (TOST, equiv-
alence margin § = 0.05 macro-F1) tests whether
they are practically equivalent. We report both be-
cause a non-significant difference is not, on its own,
evidence of equivalence.

Only three pairs are significant after cor-
rection, all involving the multilingual XLM-R
or the domain-adjacent ConfliBERT, while the
three Arabic-specific encoders (AraBERT v2,
CAMeLBERT-MSA, CAMeLBERT-Mix) are mu-
tually equivalent within 4+0.05 macro-F1. To-
gether these validate AraBERT v2 as the re-
leased encoder: it is significantly stronger than the
non-Arabic and domain-adjacent baselines (both
Pagj < 0.007) and statistically no worse than
any other Arabic-specific encoder, while attain-
ing the highest mean. ConfliBERT, although it
is AraBERT v2 further pre-trained on conflict-
domain Arabic, does not gain from that adaptation
on this UN-domain Modern Standard Arabic task,
consistent with the known trade-offs of domain-
adaptive pre-training.

The FDR correction 1is consequential:
AraBERT v2 vs. CAMeLBERT-MSA is sig-
nificant before correction (pry = 0.031) but
not after correcting for the ten comparisons
(Pagj = 0.078). Reading the two tests jointly
(Figure 6), two pairs are genuinely different
(significant and non-equivalent: the two signif-
icant XLM-R comparisons), four are genuinely
equivalent (non-significant and within 40.05:
the two within-family Arabic pairs involving
CAMeLBERT-Mix and the two CAMeLBERT-
ConfliBERT pairs), AraBERT v2 vs. ConfliBERT
is significant but small (its +0.032 gap sits near
the margin, prost = 0.077), and the remaining
three are inconclusive at five folds.

H Anchor Framing and Data-Efficiency
Ablations

This appendix gives the full numerical support
for the two body-level claims in §5: that anchor-
guided framing is the essential input signal, and
that structurally validated real data is roughly an or-
der of magnitude more sample-efficient than size-
matched synthetic data on the 12 classes for which
T1 has training support.



Pair AF1 95% CI Padj Dift? prosT quliV?
AraBERT v2 vs. ConfliBERT +0.032 [40.015,+0.052] < 0.001 yes 0.077 marginal
AraBERT v2 vs. XLM-R +0.050 [+40.018,40.069 0.007 yes  0.490 no
CAMeLBERT-Mix vs. XLM-R +0.032  [+0.009, +0.057 0.015 yes  0.136 no
AraBERT v2 vs. CAMeLBERT-MSA +0.027  [+0.003, 4-0.050 0.078 no  0.087 marginal
AraBERT v2 vs. CAMeLBERT-Mix +0.017 [—0.004,+0.041 0.303 no 0.034 yes
CAMeLBERT-Mix vs. ConfliBERT +0.014 [-0.012,4-0.035 0.355 no 0.026 yes
ConfliBERT vs. XLM-R +0.018 [—0.012,+0.043 0.355 no 0.056 marginal
CAMeLBERT-MSA vs. XLM-R +0.022 [—0.015,+0.059 0.355 no 0.139 no
CAMeLBERT-MSA vs. CAMeLBERT-Mix —0.010 [-0.037,4-0.017 0.574 no 0.030 yes
CAMeLBERT-MSA vs. ConfliBERT +0.004 [—0.021,+0.033 0.773 no 0.023 yes

Table 16: Pairwise encoder comparison: the paired-bootstrap difference test (Benjamini—Hochberg FDR-corrected
Dadj; significant when p,q; < 0.05) and the TOST equivalence test (margin ¢ = 0.05 macro-F1; equivalent when
prost < 0.05). AF1 is the mean fold-level difference (first encoder minus second).

Pairwise encoder differences: significance and equivalence
AraBERT — XLM-R

C-Mix — XLM-R 4
AraBERT - Confli 4
AraBERT — C-MSA
C-MSA - XLM-R -
Confli — XLM-R
AraBERT — C-Mix -
C-Mix — Confli 4

C-MSA - Confli q - significant (pag; < 0.05)

not significant
+0.05 equivalence band

C-MSA — C-Mix +

—-0.04 —0.02 0.00 0.02 0.04 0.06
Difference in Gold macro-F1 (paired, 95% bootstrap CI)

Figure 6: Pairwise encoder differences in Gold macro-
F1 with 95% bootstrap CIs. A CI clearing the dashed
zero line indicates a significant difference; the shaded
band marks the £0.05 TOST equivalence margin, so
both tests are visible in one view.

H.1 Data Ablation

The data ablation in Table 8 (§5) trains and eval-
uates each configuration (T1, T2, T1+T2) on
the same 12 T1-supported Mizan classes, so the
sample-efficiency comparison is not confounded
by class coverage. The Data Efficiency Score is

_ Flpy
~ n/1000’

where Fl15 is the 12-class macro-F1 and n the
number of training instances, i.e., macro-F1 per
1,000 samples; it is a transparent size-normalised
contrast, not a scaling law. Bootstrap 95% confi-
dence intervals on the 23-class macro-F1 (1,000
resamples on best-fold Gold predictions) confirm
the combination: T1+T2 [0.568,0.671] does not
overlap T2 [0.401,0.485]. Real data contributes
per-instance precision, synthetic data contributes
volume and class-label coverage, and the combina-
tion yields the strictly best operating point.

DES ()

H.2 Format Ablation (Anchor vs. Blind)

Table 17 compares AraBERT v2 under two
input formats on identical folds and hyperpa-

rameters. Format A (blind): [CLS] ar mt
[SEP], the classifier sees only the Arabic ref-
erence and the MT output. Format D (anchor-
guided): [CLS] keyword best_match [SEP]
ar mt [SEP], the classifier additionally receives
the Mizan anchor pair that localises the error.

Format Mean F1 + std  Best fold
A (blind: ar mt) 0.1135 +0.030  0.1609
D (anchor: kw bm + ar mt) 0.6185 4 0.023 0.6397
A +0.505 (+445%) +0.479

Table 17: Input-format ablation on AraBERT v2, a con-
trolled blind-vs-anchor run with its own 5-fold split;
anchor-guided framing improves macro-F1 by +0.505
(4445%, paired-bootstrap p < 0.0001). The Format-D
mean here (0.6185) is from this ablation run, distinct
from the main-benchmark mean (0.614).

The anchor is not a minor enhancement: it is
the essential signal that enables fine-grained Ara-
bic MT error classification.

I T2 Per-Class Generation Audit

Table 18 reports the T2 per-class count against the
369-sample-per-class generation target. Fourteen
classes hit the target exactly; nine fell short, of
which three are materially short (< 90% of target).
The materially-short classes are hard to synthesise
under the anchor constraint for class-specific mech-
anistic reasons (Spelling Error requires a minor or-
thographic perturbation that leaves context intact;
Invalid Pattern requires a morphological mismatch
the generator often over-repairs; single-token Def-
initeness Shift is blocked by the clitic-matcher’s
current scope limit). Weighted cross-entropy miti-
gates the residual class imbalance at training time.

J Cross-Language Dataset Comparison

Table 1 compares MizaN against prior error fax-
onomies; Table 19 instead positions the QUANTA



MizAN class Count % of 369

Active-to-Passive Voice 368 99.7%
Perfective-to-Progressive 367 99.5%
Gender Disagreement 366 99.2%
Register Mismatch 365 98.9%
Adjective-to-Noun 359 97.3%
Noun-to-Adjective 357 96.7%
Definiteness Shift 320 86.7%
Invalid Pattern 263 71.3%
Spelling Error 113 30.6%
14 classes at target 369  100.0%

Table 18: T2 per-class shortfall against the 369-sample
generator target: 14 classes hit it, 9 fell short (3 mate-
rially, < 90%, bold). Generation-stage counts (8,044),
before the 188-confound exclusion (§4.4).

dataset against fine-grained MT-error and diagnos-
tic datasets in other languages. ACES (Amrhein
etal., 2022) and DEMETR (Karpinska et al., 2022)
are perturbation-based sets for meta-evaluating
MT metrics; the WMT MQM corpus (Freitag et al.,
2021), IndicMT-Eval (Sai B et al., 2023), and
SiniticMTError (Liu et al., 2025) provide human
error annotation for European, Indian, and Sinitic
languages respectively; and WMT24++ (Deutsch
et al., 2025) supplies references and post-edits for
55 languages including Arabic, but without error-
type labels. Fine-grained MT-error annotation is
thus an established direction across several lan-
guages, yet none of these resources targets Arabic
with an anchor-verified, error-typed dataset paired
with a diagnostic classifier. To our knowledge,
Quanra is the first fine-grained (> 20-class) Ara-
bic MT-error dataset.

K Ethics and Broader Impact

Data source and licensing. Quanra is derived
entirely from the United Nations Parallel Corpus
(Ziemski et al., 2016), the public corpus of insti-
tutional UN documents also used by Osorio et al.
(2025). The QuanTta dataset (the MizaN annota-
tions and taxonomy), the released RAQEEB classi-
fier, and the verbatim Etca prompts are publicly
available under the CC-BY-4.0 license at the repos-
itory linked in the title footnote (https://gith
ub.com/AALight/Quanta-Mizan); the underly-
ing UN source text remains subject to the UNPC
terms.

Annotation ethics and team. This work does
not involve human research subjects; all annotators
are authors of the paper. The MizaN taxonomy
was designed by two authors with doctoral-level
expertise in translation and in linguistics; the dual-

annotator validation (Appendix B) was performed
independently by two further authors, both expert
Arabic linguists (one doctoral-, one master’s-level),
who were not involved in taxonomy design, each
instance labelled independently by both in per-
instance CSV workbooks. No personally identify-
ing information about contributors is reported be-
yond academic degree and research specialisation.
The UN content is formal institutional text with no
graphic, harmful, or distressing material.

Scope and cultural sensitivity,. Mizan de-
scribes general Arabic morphological phenomena,
but the released RAQEEB classifier is calibrated and
validated on formal Modern Standard Arabic (the
UN Security Council domain); dialectal use would
require additional validation.

LLM use disclosure. T2 synthetic instances are
generated by GPT-40 (OpenAl, 2024); the Etca
audit uses Claude Sonnet 4 (Anthropic, 2025).
Cross-vendor generator-judge separation (§4.2) is
deliberate and mitigates same-family LLM self-
preference bias (Kim, 2025; Wang et al., 2026).
Model outputs are not treated as ground truth:
they are structurally validated and gold-evaluated
against expert-annotated instances.

Intended use and broader impact. The re-
leased RaQEEeB classifier is designed as a diag-
nostic tool for fine-grained Arabic MT error-type
analysis in high-quality formal-text translation do-
mains (institutional, legal, medical). It is not a
scalar quality score and is not intended to replace
human translators, to rank MT systems without ex-
pert review, or to serve as an automatic MT-quality
gate in production without human review. The 23-
class classifier has documented Frontier-tier lim-
itations (§5); deployment outside the formal-text
scope it was calibrated on requires recalibration
and additional validation. Arabic is one of the
lowest-resourced languages for fine-grained MT
evaluation despite being a top-10 global language
by speaker count. Existing taxonomies operate at
3-7 top-level categories and do not capture Arabic-
specific morphological phenomena. Quanta and
Mizan address this gap with a 23-class taxonomy,
a publicly released 9,032-instance dataset, and a
documented cross-vendor LLM-as-judge audit pro-
tocol that the community can replicate, build on,
and re-calibrate to other formal-text domains, for
which the released taxonomy, data, and classifier
provide the starting point. Positive-impact applica-


https://github.com/AALight/Quanta-Mizan
https://github.com/AALight/Quanta-Mizan

Dataset Lang. pair(s) Size Error classes Validation / notes
ACES (Amrhein 146 pairs (en-x, x-en, 36,476 examples 68 phenomena Synthetic contrastive; MT-
etal., 2022) X-y) (MQM ontology)  metric challenge set
DEMETR (Karpin- 10 pairs (X—En) ~31,000 examples 35  perturbation Synthetic minimal pairs;
ska et al., 2022) types MT-metric diagnostic
WMT MQM (Fre- 2 pairs (En—De, 3,418 segments (1,418 + 22 MQM cate- Human span annotation
itag et al., 2021) Zh—En) 2,000) gories (MQM)
IndicMT-Eval 5 pairs (En—Indic) 7,000 annotations 13 MQM cate- Human MQM (span, sever-
(Sai B et al., 2023) (1,400/1ang.) gories ity)
SiniticMTError (Liu 4 pairs: 3,633 sents (2,009 + 9 error types Human span, type, severity
et al., 2025) En—Mandarin, 1,402 + 68 + 154, pilots)

Cantonese, Wu;

Mandarin—Hokkien

9,032: 738 real + 7,856 23 Mizan classes
synth + 438 gold

Dual-annotator AC1 0.83—
0.97; ETCA audit; anchor-
constrained

QuanTa (Ours) 1 pair (En—Ar)

Table 19: QuanTa positioned against fine-grained MT-error and diagnostic datasets in other languages. ACES and
DEMETR are synthetic sets for meta-evaluating MT metrics; WMT MQM, IndicMT-Eval, and SiniticMTError are
human error-annotated sets for European, Indian, and Sinitic languages. for WMT MQM the size is the WMT20
En-De and Zh—En source segments annotated with MQM by professional translators; SiniticMTError’s Wu (68)
and Mandarin—Hokkien (154) splits are small pilots. QuanTa is the only Arabic, anchor-verified, error-typed dataset
at 20+ classes, and is released with a diagnostic classifier.

tions include reducing annotator workload in large-
scale Arabic MT evaluation by pre-filtering struc-
turally valid candidates and supporting expert post-
editors with per-error-type diagnostic signals at the
token level.
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