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Abstract

When the target language must mark a distinc-
tion the source does not, a translation system
must still pick a value. English they came
becomes one Tamil verb if those who came
are people and another if they are not; En-
glish does not say which. We ask what au-
tomatic evaluation charges when the choice is
wrong, or never made. We release TamilLing-
Bench,1 an English→Tamil challenge set for
three verb-agreement distinctions, checked by
a morphological analyser: rationality (திைண
tiṇai), gender, and number as a control. We
pre-registered a prediction that neural metrics
would not notice a single wrong morpheme. It
is wrong for the neural reference-basedmetrics:
COMET-22 charges 8.52× the score difference
that human raters reliably notice. On the sys-
tems’ own errors, both reference-free metrics
rank the wrong form first more often than not,
and a legitimate Tamil form that leaves the
distinction out is not charged at all. Under
reference-free evaluation, dropping the dis-
tinction is free; reference-based metrics do
charge for it. xCOMET finds the error’s region
but not the morpheme. Inside one model, ac-
tivation patching finds the same asymmetry: a
distinction English marks is settled by the mid-
dle of the network, one it leaves unmarked only
near the output.

1 Introduction
English they came has two Tamil translations. If
the referents are people, the verb is வந்தார்கள்
vantārkaḷ; if they are not, it is வந்தன vantaṉa.
The English sentence never chose, and Tamil can-
not avoid choosing, because the finite verb agrees
with its subject in rationality (திைண tiṇai), gen-
der and number. We call such a slot obligatory:
every well-formed target realisation commits to a
value the source does not determine. The stake is

1Code, data and system outputs: https://github.com/
Luxshan2000/TamilLingBench
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Figure 1: What each metric can rank, ordered by
what the English source makes recoverable. Each
bar is the share of pairs on which a metric ranks the
correct member first; 50% is chance. Pairs differ in
one grapheme-cluster span, the analyser confirming the
rejected member carries the wrong value. Top: con-
structed pairs. The two reference-based metrics with
headroom disagree with each other here, so this order-
ing is not a reference-free phenomenon. Bottom: the
panel’s own errors, where the reference-free/reference-
based split is clean, the result §5 defends. COMET-22
and chrF2 are omitted: they sit at 100.0% everywhere,
partly definitionally, since here the correct variant is the
reference.

not stylistic. அஃறிைண aḵṟiṇai agreement, the
class Tamil uses for everything that is not a per-
son or a deity, on a human referent is a dehu-
manising error. This paper asks what automatic
evaluation charges when the value is wrong, and
when the system quietly declines to pick one at
all. The answer, on a morphologically checked
English→Tamil benchmark we release, splits by
metric type. Reference-based metrics charge a
large penalty, falsifying our own pre-registered pre-
diction. Reference-free metrics do not: on the er-

https://orcid.org/0009-0002-1540-8722
https://orcid.org/0009-0002-4748-7971
https://orcid.org/0009-0000-6232-5992
https://github.com/Luxshan2000/TamilLingBench
https://github.com/Luxshan2000/TamilLingBench


735

rors the systems themselves make both rank the
wrong output first more often than not, and the le-
gitimate Tamil form that drops the distinction costs
nothing they can distinguish from zero.

Tamil marks several such distinctions on the
finite verb, and a purpose-built, morphologically
checked benchmark is necessary rather than nice-
to-have because the standard annotation infrastruc-
ture cannot express most of them. UD_Tamil-TTB
contains 0 Gender=Fem tokens and 0 -ஆன் -āṉ/-
ஆள் -āḷ finite verbs, so a tagger trained on it can-
not express the masculine/feminine contrast at all;
Tamil is absent from UniMorph entirely; and in
total the annotation cannot express 7 categories a
reference grammar treats as central (aspect, causa-
tion, clusivity, deixis, evidentiality, honorific con-
trast, modality). Appendix D and Table 11 give
every count, each a direct count over the released
treebanks. These are reproducible counts, not ar-
guments about anyone’s competence.

Where this sits. Challenge sets in the contrastive
tradition, from ContraPro (Müller et al., 2018) to
Morpheval (Burlot et al., 2018), test whether a
system propagates a feature present in the source.
CoCoA-MT and the IWSLT formality tasks (Nade-
jde et al., 2022; Anastasopoulos et al., 2022) meet
the unmarked case but run it as an uncontrolled
baseline row, and GENDER1PERSON (Popović
and Lapshinova-Koltunski, 2025) measures the re-
sulting skew for one slot without asking what eval-
uation charges for it. The question here is what
happens when there is nothing to propagate and a
value must still appear, and what a metric can see
when it does; §9 draws the full comparison.

Themetric question. An obligatory-slot error is
one morpheme in an otherwise fluent, adequate
sentence, and whether automatic evaluation can
see it decides whether the error type is actionable
at all. We pre-registered the prediction that neu-
ral metrics would not charge a human-noticeable
penalty for it. That prediction is falsified for the
reference-based metrics, and we report the falsi-
fication rather than narrowing the claim after the
fact: 3 of the 4 neural metrics with a published
calibration charge well above the 75%-agreement
threshold (Kocmi et al., 2024), and so does chrF2,
a character n-grammetric the prediction never cov-
ered.

Design, and one thing it got wrong. Every item
appears in four conditions that vary only where the

disambiguating cue sits. To be plain about what is
new: only the cue-free condition has no answer
in the source. The other three carry a gold value,
supplied by the instruction, by the sentence itself,
or by the sentence before, and on those the bench-
mark is contrastive evaluation in the usual sense.
The cue-free condition is the one the contrastive
tradition runs, at most, as an unscored baseline row
(§9), and it is where the forced choice this paper
is about actually happens. Our first release had
three independent construction defects in one slot,
which inverted a headline we had already drawn;
§8 reports what broke and how the audit caught it,
because the failure mode generalises to any bench-
mark of this shape.

Contributions. (i) A measurement of what au-
tomatic metrics charge for obligatory-slot errors.
Our own prediction is falsified for the neural
reference-based metrics. The finding that sur-
vives, that dropping the distinction is free under
reference-free evaluation, is established on the out-
puts the systems actually produce, with positive
controls on the same sentences. (ii) TamilLing-
Bench, a generator and an FST-based checker for
a linguistically controlled Tamil challenge set, re-
leased with per-item judgments and 12 construc-
tion guards, verified by two native speakers of
Tamil. (iii) Three construction confounds in one
slot, with the audit that found them. (iv) A pre-
registered causal dissociation inside one model, re-
ported with the pre-registered probe failure from
the same frozen document. (v) Provisional model
measurements, including the withdrawal of our
own first headline, and the annotation negative re-
sults above.

2 Obligatory Slots in Tamil
The scored slots are rationality, gender and num-
ber as a control; Table 5 in Appendix A gives
each one’s Tamil realisation and prior MT cover-
age. The contrast with source ambiguity separates
an obligatory slot from contrastive conditioning
(Vamvas and Sennrich, 2021b): there the source
admits two readings and the question is which the
system selects; here it admits one and is silent on
a distinction the target must realise. A system can-
not hedge: except where the language supplies a
neutral exponent, which is what makes the gender
slot a cautionary tale (§8). All three are realised
on the finite verb, which makes this one system
rather than a checklist. Rationality (திைண tiṇai)
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splits referents intoஉயர்திைண uyartiṇai, people
and deities, againstஅஃறிைண aḵṟiṇai, everything
else, and agreement follows: வந்தார்கள் vantārkaḷ
against வந்தன vantaṉa. English has no exponent
of it, though the subject noun usually makes it lex-
ically recoverable, the dogs against the students —
adifferent thing frommarking it, and what §5 turns
on. On a plural அஃறிைண subject the licit expo-
nent is -அன -aṉa, not the singular -அது -atu, on
the ruling of a native speaker among the authors.
Gender in the verb is வந்தான் vantāṉ / வந்தாள்
vantāḷ / வந்தார் vantār — masculine, feminine,
and an epicene form, a licit Tamil word commit-
ting to neither. English marks it on a name or a
pronoun, so it too is lexically recoverable. Num-
ber is the control: both languages mark it, so a
competent system should be at ceiling.

What is not here, and why. Second-person
honorificity and first-person-plural clusivity were
scored in earlier releases and are withdrawn as
construction defects rather than findings (Ap-
pendix A); §5 states what withdrawing them costs
its recoverability result. Second-person address
in the indicative is binary — நீ nī /நீர் nīr against
நீங்கள் nīṅkaḷ/தாங்கள் tāṅkaḷ, on the ruling of a
native speaker among the authors, and the shipped
items pooled it with a differently sized imperative
paradigm under one chance rate. A fourth slot, de-
ictic proximity, is under construction and is not
reported. All items are standard written Tamil,
and Literary/Spoken diglossia is orthogonal to the
choices tested here (Prasanna and Arora, 2024).

3 TamilLingBench
Four conditions over one frame. With the slot
inventory fixed, the benchmark varies one thing.
Every item is aminimal set over a single frame, and
the conditions differ only in where the value can be
found. Instructed: the instruction names the tar-
get Tamil form outright. This is a capability ceil-
ing rather than a translation task: a system that fails
here cannot be read as defaulting anywhere else.
In-sentence cue: the English source itself deter-
mines the value, and gold exists. Prior-sentence
cue: the value is recoverable only from the sen-
tence before; gold exists, and following Bawden
et al. (2018) the gold values are balanced so a
system that ignores context scores exactly chance.
Cue-free: the source is genuinely silent, there is
no gold and no answer is wrong, so we report
the distribution of emitted values against a Tamil

corpus prior, never against a notion of the correct
default, which does not exist. The comparison
we report is in-sentence against cue-free, which
holds the frame and the cue type fixed and deletes
the cue. In-sentence against prior-sentence is
not reported for gender, because there the two
conditions cue the value through different chan-
nels (§8); §6 reports it for rationality only. Table 1
shows one released item per slot and cue.

Construction. The release contains 2873 items
generated from a template grammar with a fixed
seed (20260807), split into a public portion and
a blind holdout at the template level: holding out
items is worthless once the generator ships. Vali-
dation is at that level too, plus a stratified item au-
dit, because templates decide whether the contrast
is real and fillers only vary lexical content. The
source↔gold audit of §8 is run on every release
of the set. Vamvas and Sennrich (2021b) show
that contrastive results generalise only when the
hypothesised contrast is independently motivated;
ours is a typological obligation. The distributional
gap to natural Tamil they also ask for is not com-
puted (Limitations).

Automatic checking. Outputs are scored by a
finite-state analyser built on the ThamizhiMorph
transducer union (Sarveswaran et al., 2021) plus
a hand-written fallback layer, with an ISO 15919
canonical scoring key (Rajan, 2018). We report
the ablation rather than one number (Table 10):
coverage on the UD_Tamil-TTB test verb forms is
38.6% lexicon-only and 69.3% with fallback rules.
The checker is not 100% accurate and we do not
claim it is; items it cannot analyse are UNPARSED,
reported separately, never dropped. Scoring is uni-
versal after context filtering, sinceவந்தார்கள் van-
tārkaḷ is ambiguous between honorific-singular
and rational-plural, and the tooling needed four
documented repairs at the scoring layer first (Ap-
pendix C).

Outcome taxonomy, and what commitment
means. Each judgment is CORRECT, WRONG, UN-
DECIDABLE, one of three AVOIDANT outcomes (no
carrier, a value-neutral form, or a negated clause,
which in Tamil can strip the agreement), or UN-
PARSED. A system commits on an item when it
emits a form that takes a value in the slot — COR-
RECT or WRONG, but not AVOIDANT and not UN-
PARSED; the commitment rate is the share of items
on which it does so, and accuracy is always com-
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Slot Cue English source Tamil gold (ISO 15919) Value

rationality in-sentence The dogs came at dawn. நாய்கள் வந்தன. nāykaḷ
vantaṉa.

அஃறிைண
aḵṟiṇai

in-sentence The students came at dawn. மாணவர்கள் வந்தார்கள்.
māṇavarkaḷ vantārkaḷ.

உயர்திைண
uyartiṇai

cue-free The sky had been overcast since dawn.
They came at dawn.

no gold: any value is licit none

gender in-sentence Akanakai came at noon. அகநைக வந்தாள். akanakai
vantāḷ.

feminine

in-sentence Akaran came at noon. அகரன்வந்தான். akaraṉ
vantāṉ.

masculine

cue-free Aram, our new neighbour, had been
waiting at the station since noon. Aram
came at noon.

no gold: any value is licit none

number (ctrl.) in-sentence The students spoke outside the hall. மாணவர்கள் ேபசினார்கள்.
māṇavarkaḷ pēciṉārkaḷ.

plural

in-sentence The student spoke outside the hall. மாணவன் ேபசினான்.
māṇavaṉ pēciṉāṉ.

singular

cue-free A short notice about the theft had gone up.
The accused spoke outside the hall.

no gold: any value is licit none

Table 1: One released item per slot and cue. In-sentence items come in minimal pairs whose English differs
only in the cue (for gender, the name itself) and whose Tamil verb differs in the agreement morpheme; the cue-free
item keeps the frame and deletes the cue, so nothing in the source determines the value and no gold exists. In the
cue-free gender item the systems’ dominant output is the epicene வந்தார் vantār, a well-formed form that commits
to neither gender; §3 scores it as AVOIDANT, never as an error. Cue-free items carry a preceding context sentence
(italic) that says nothing about the value. The prior-sentence and instructed conditions use the same frames (§3).

puted among committed items only. AVOIDANT is
never folded into “incorrect”— the decision that
makes §5’s main result visible at all, since a bench-
mark scoring the epicene form as an error would re-
port an accuracy collapse where there is a refusal.
A cell with fewer than 30 committed items or be-
low 30% commitment prints n/a.

4 Experimental Setup
The panel is 13 systems, chosen to make three
contrasts available rather than to rank anything:
Gemma 3 at 4 sizes for a scale series inside one
family; Qwen3 at three sizes and Llama-3.1 for
family variation at roughly fixed scale; NLLB-
200-3.3B and IndicTrans2 as dedicated encoder–
decoder systems; and Sarvam-Translate, a Gemma-
3-4B derivative fine-tuned for Indic translation,
which against Gemma 3 4B varies the fine-tuning
objective alone. 11 are prompted and 2 dedicated
MT systems, read off the data rather than declared;
there is no frontier commercial system, by deci-
sion. Scoring is on generated output, not forced
choice: logP (ref) > logP (contrast) is unusable
on systems that do not expose likelihoods. De-
coding is greedy for the prompted systems and
beam search at the deployed defaults for the dedi-
catedMT systems, on seed 20260807, over 37 runs
on transformers 5.12.1; each run records its re-

solved model revision, config hashes and decoding
block. The dedicated MT systems take no prompt
at all (Appendix A).

Prompt choice moves these numbers. Across
the 73 cells where more than one prompt yields
a reportable accuracy, the median spread is 7.5
points and the worst is 82.5. Every headline cell
is therefore a single-prompt measurement, held
fixed across systems so that between-system com-
parisons are clean, and no absolute accuracy here
should be read as a property of a system indepen-
dent of its prompt. The prior-sentence condition
uses the prompt that marks the target sentence and
tells the system not to translate the preceding one
(P4_context in the released prompt set). Unread-
able outputs are UNPARSED with their own denom-
inator, mean 6.5% and worst cell 45.8%.

The cue-free condition has no gold, so we re-
port the emitted distribution against a Tamil cor-
pus prior pooled over 3 corpora, always a range be-
cause every slot is fragile: which corpus one picks
moves the prior more than how many tokens one
counts. We therefore say an output rate deviates
from general Tamil text frequency and no more; the
stronger claim, that it matches a system’s own train-
ing rate, is unavailable because no evaluated sys-
tem’s training mixture was measured.
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Metric ref. scale win ×agr. ∆av% CI∋0

COMET-22 yes 0–1 100.0 8.52 3.96 no
xCOMET-XL yes 0–1 62.3 6.55 2.23 no
MetricX-24 yes 0–25 90.2 n/a 7.56 no
MetricX-23 yes 0–25 51.3 2.16 0.11 yes
chrF2 yes 0–100 100.0 9.78 8.96 no
chrF++ yes 0–100 100.0 n/a 13.91 no

CometKiwi-22 no 0–1 42.3 0.35 -0.10 yes
MetricX-24-QE no 0–25 38.5 n/a -0.42 yes

Table 2: What each metric charges for an obligatory-
slot error. ref.: does the metric see a reference? no
is reference-free (quality estimation). win: share of
the panel’s own slot errors on which the metric ranks
the correct form first (%); below 50 it prefers the
wrong-valued output. × agr.: de-confounded slot sig-
nal as a signed multiple of the 75%-agreement thresh-
old (Kocmi et al., 2024), negative meaning the metric
prefers the wrong value; n/a where no threshold has
been published for the metric. scale: the metric’s native
score range. ∆av %: mean penalty for the epicene form
the systems emit, over 1252 items, as a percentage of
that native range so that rows on different scales can be
read against each other; the last column marks whether
the 95% bootstrap CI on the raw penalty includes zero.
Read the last two columns by reference type. The
2 reference-free metrics are below the rule: both win
on under half the panel’s own errors and both have an
avoidance interval containing zero, which is the paper’s
claim. Most reference-based metrics above the rule do
charge for avoidance, and their intervals exclude zero.

5 What Metrics Charge for an
Obligatory-Slot Error

The scoring set, and the three arms. The met-
ric study is scored on in-sentence-cue items only,
over 6231 records drawn from the ten-system panel
run on the superseded release (§8). We group
them into three kinds of evidence, which we call
arms. The controlled arm is constructed: a mini-
mal pair differing in exactly one grapheme-cluster
span, with the analyser confirming that the rejected
member carries the wrong value. The natural arm
is not constructed: the pair is an error the panel
actually made and its repair, with nothing spliced.
The avoidance arm is neither. Its emitted member
is the epicene -ஆர் -ār form, which is not an er-
ror in the usual sense. The three do not agree, so
every per-slot number below names the arm it
comes from.

One benchmark limitation shapes the design.
The released gold field is the slot-bearing core, a
median of two words against five- to nine-word
sources, so the benchmark ships no full-sentence

reference. We therefore use the DEMETR/ACES
construction (Karpinska et al., 2022; Moghe et al.,
2025). Because the good variant is then the ref-
erence itself, we also re-score against another sys-
tem’s independent output, which takes COMET-22
from 100.0% to 92.1%. Direction andmagnitude
are reported separately. Magnitude is calibrated
against Kocmi et al. (2024): the score difference
at which human raters agree three times in four,
which we call the 75%-agreement threshold. 3
metrics have no published calibration and are
left uncalibrated rather than given another check-
point’s thresholds. Direction is Holm–Bonferroni
corrected within family, one family per (cell ×
comparison), 257 families in total.

Our prediction was falsified for the neu-
ral reference-based metrics. We pre-registered
that neural metrics would not charge a human-
noticeable penalty for a single obligatory mor-
pheme. That prediction is false for 3 of the 4 neural
metrics that have a published calibration (Table 2):
against that threshold, COMET-22 charges 8.52×,
xCOMET-XL 6.55× and MetricX-23 2.16×; it
holds for CometKiwi-22, and 2 neural metrics
have no calibration key. chrF2 is a character n-
gram metric, not a neural one, and the prediction
never covered it; it charges 9.78× as well, so the
reference-based penalty is not a property of learned
metrics. The signal we test it on is de-confounded:
eachmetric also prefers unspliced text over spliced,
so we difference the controlled and natural arms
over the items they share, which removes that pref-
erence and leaves the slot signal. “Neural metrics
are blind to morpheme errors” is not true as a
blanket claim. The raw controlled-arm ratios be-
fore de-confounding are larger and are not the ones
we defend.

On real errors, both reference-free metrics pre-
fer the wrong output. This needs no splicing
and no control slot. The natural arm is the 1479
errors the panel itselfmakes, each pairedwith its re-
pair. Both members are well-formed Tamil; wrong
means only that the slot carries the wrong value.
On these pairs CometKiwi-22 ranks the correct
form first 42.3% of the time and MetricX-24-QE
38.5%, so each prefers the wrong output more often
than not. Every reference-basedmetric stays above
chance on the same pairs; the closest is MetricX-
23-large at 51.3%. Two checkpoints from different
labs failing the same way makes this a property of
the reference-free setting rather than of one model.
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Avoidance is free, under reference-free evalua-
tion. The panel’s dominant behaviour in the gen-
der slot is not a wrong choice but the epicene -ஆர்
-ār, a legitimate Tamil form that silently drops in-
formation the grammar requires. There are 1252
such outputs, all real panel outputs rather than
constructed pairs. Over them CometKiwi’s mean
penalty is -0.000965, with a 95% bootstrap inter-
val from -0.00426 to 0.00275 that includes zero;
that is 0.23 of the agreement threshold. MetricX-
24-QE’s interval includes zero as well. Under
reference-free evaluation, a system that never
marks the distinction loses nothing. The qual-
ifier is load-bearing and Table 2 carries it: the
reference-based metrics do charge for avoidance,
and their intervals exclude zero. The title is a
claim about what reference-free evaluation can see,
which is the setting most system-level monitoring
runs in. Within that setting the result holds in both
arms and does not depend on the control slot.

What a metric can rank tracks recoverability,
and it is not exclusive to reference-free met-
rics. Figure 1 orders the slots by what an En-
glish source makes recoverable rather than by what
it grammatically marks, because that is what the
data order on. In the controlled arm CometKiwi-
22 scores 99.2% on number, which English marks
grammatically, against 80.2% on rationality and
79.1% on gender, which English leaves to the
noun and the name. MetricX-24-QE gives 99.7%
against 88.9% and 81.9%. Three qualifications,
and they are not small. First, the ordering is a
controlled-arm result and is gone in the natural
arm, where CometKiwi scores 44.3% on number
against 61.6% on rationality. Second, it is not
exclusive to reference-free metrics: the reference-
based MetricX-23-large separates the slots fur-
ther (89.8% against 57.9%), while the equally
reference-based xCOMET-XL is nearly flat (96.5%
against 93.9%). Third, the two slots for which En-
glish has no grammatical exponent at all were the
floor of this curve (CometKiwi 67.9% and 20.7%).
Both are withdrawn for construction defects, and
their loss removes the strongest part of it.

xCOMET detects the region and does not lo-
calise it. xCOMET advertises identification of
“localized critical errors” (Guerreiro et al., 2024),
which makes it the sharp target. Against the gold
morpheme span, with numeral and named-entity
perturbations of the same sentences as positive
controls, the verdict is detects but does not lo-

calise. It flags the morpheme’s region on 91.1%
of items, but that region covers 71.2% of the sen-
tence against a gold span of 3.3 characters, so the
hit rate at the conventional half-overlap threshold
is 9.4%. It also flags 72.9% of unperturbed cor-
rect sentences. The finding is severity. When it
flags the obligatory morpheme it calls it critical
6.3% of the time; on a named-entity swap in the
same sentences, 67.7%; on a duplicated word,
DEMETR’s canonical minor error, 52.4%. The
control is whatmakes this specific: ametricmerely
weak on Tamil would not rate a duplicated word
critical far more often than a violation that changes
who the sentence is about, so DEMETR’s minor-
versus-critical finding reproduces on Tamil. The
obvious remedy, augmenting a metric’s training
data, is bounded by Amrhein and Sennrich (2022)
and Singh et al. (2024) (§9).

6 Model Behaviour, Provisionally
Aprior-sentence cue suppresses avoidance with-
out supplying the answer. If a reference-free
metric cannot see the distinction, the next ques-
tion is what the systems do with it. One result
here is solid, and §3’s taxonomy is what makes
it visible: because AVOIDANT is a first-class out-
come rather than an error, commitment and ac-
curacy move independently. In rationality, mov-
ing the cue out of the sentence and into the sen-
tence before makes systems more willing to com-
mit, not less: commitment rises on 12 of 13 sys-
tems, from 73.7–90.3% with an in-sentence cue to
66.2–100.0% with a prior-sentence one. Accuracy
on the items they do commit to moves the other
way, from 88.4–100.0% down to 49.6–95.1%. It
holds across four prompted families and both ded-
icated MT systems, so no architecture story ex-
plains it. The context does not make these systems
right; it stops them avoiding and makes them com-
mit anyway (per-system rates: Table 6, Figure 2,
Appendix B).

What does not hold, stated so it is not read into
the table. That is the only cue-position claim the
data support. Every model number here is mea-
sured on the corrected release, on 13 systems, and
by the repaired checker: the -இன் past-class re-
pair (Appendix C) landed after this panel was first
scored, so the panel was re-scored with it; every
rationality number here is post-repair, and the re-
score moved no cell of any other slot. The number
rows carry no cue-position reading: systems of-



740

0 50 100

G3-1B
G3-4B

G3-12B
G3-27B

G3n-E2B
G3n-E4B

Qwen3-8B
Qwen3-14B
Qwen3-32B

Llama3.1-8B
Sarvam

NLLB-3.3B
IT2-1B

rationality

0 50 100
share of items, prior-sentence cue (%)

gender

0 50 100

number (control)

CORRECT
WRONG

UNDECIDABLE
AVOIDANT (drop)

AVOIDANT (neutral)
AVOIDANT (neg)

UNPARSED

Figure 2: Outcome composition with a prior-sentence cue. Each bar is one system’s outcomes on one slot, as
shares of its items: correct, wrong, avoidant, undecidable, unparsed. Avoidance is hatched and in its own hue family
because it is a different event from an error: a system that declines to specify and a system that specifies wrongly
are doing different things, and folding the two together would report an accuracy collapse where there is a refusal.
Labels are ISO 15919.

ten answer with -ஆர் -ār, which is either honorific
singular or plural, so the same output is scored
wrong on one item and right on another and the
instrument can move the difference by itself; the
number control does not function on these items
either, with accuracy among committed items un-
der a prior-sentence cue between 46.9% and 86.7%
against chance 50%, so no between-slot compar-
ison is drawn anywhere in this paper; and gen-
der shows no reliable direction between the two
cue positions. One caveat bounds even the result
above: the prior-sentence condition runs a single
context prompt, so template interaction cannot be
separated from cue position.

Deleting the cue is a different manipulation.
Commitment falls from the in-sentence condition
to the cue-free one on 13 of 13 systems in gender
and on 0 in rationality (Table 9, Figure 5). What
fills the gap is not the corpus: every system emits
the same rationality value on nearly every item
(100.0% for Gemma 3 27B) against a prior range of
34.5–69.6% (Table 7, Figure 4), so the defaults are
real and system-specific but unexplained. Finally,
the capability ceiling does not clear uniformly, and
the instruction that measured it was itself defec-
tive: it named the benchmark’s internal label codes
rather than the Tamil form the system was meant to
produce, moving accuracy by up to 75.0 points (Ta-
ble 8, both verdicts reported). Even under the cor-
rected wording only 6 of 11 systems clear chance
by a margin on gender and 0 of 11 on rationality,
so a low rationality score cannot be distinguished

from incapacity.

7 Where the Decision Is Fixed
If a reference-free metric cannot see a distinction
the source does not encode, the next question is
whether the model settles it any earlier. We answer
it causally on gemma-3-4b-pt, against a preregis-
tration frozen before the first result file (checked by
filemodification time rather than asserted), by sym-
metric activation patching of the residual stream at
the decision token in both directions (Zhang and
Nanda, 2024). The statistic is the onset: the nor-
malised depth at which patching first restores 0.50
of the clean logit difference and stays above it, boot-
strapped over templates. Number is the control
because Ferrando and Costa-jussà (2024) report a
language-independent subject-number direction in
a Gemma base model, so a null there would mean
a broken instrument.

The marked distinction is fixed halfway; the
unmarked one is not. Table 3 gives the onsets.
Number, which English marks, reaches onset at
0.561 of normalised depth; rationality, which En-
glish leaves unmarked, not until 0.888. The gap
that matters is rationality minus number: 0.327,
with a 95% CI of 0.301–0.339. It excludes zero
and clears the pre-registered floor of 0.200, and
both patching directions agree. The control re-
produces: peak restored effect on number is 0.992,
which is Ferrando and Costa-jussà’s positive result
on our items and makes this a dissociation rather
than a bare null. In this checkpoint, a distinction
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Slot marked in English onset (95% CI)

number (control) yes 0.561 (0.550–0.585)
gender no 0.731 (0.710–0.863)
rationality no 0.888 (0.878–0.891)

difference 0.327 (0.301–0.339)

Table 3: Where each decision is causally fixed in
gemma-3-4b-pt. Onset is the normalised depth at
which activation patching first restores 0.50 of the clean
logit difference and stays above it, bootstrapped over
templates. The last row is rationality minus number,
the pre-registered contrast; its interval excludes zero
and clears the pre-registered floor of 0.200. Number is
the control: Ferrando and Costa-jussà (2024) report a
subject-number direction in a Gemma base model, and
it reproduces here.

English marks is causally settled around the mid-
dle of the network; one English leaves unmarked
is not settled until close to the output.

The probe study failed its own pre-registered
bar, and we report that. The same frozen docu-
ment specified a layerwise linear probe that had to
add 0.75 AUC over surface-token controls. It does
not: the peak excess is 0.29 for rationality, 0.18
for number and 0.02 for gender, so the kill crite-
rion fires, and we drop the probe rather than over-
ride it. That same document made patching the pri-
mary instrument and the probe the secondary one,
which is why the headline result survives the fail-
ure: patching locates where the decision is causally
fixed, a probe only where a classifier finds a corre-
late. What the failure costs is real. We make no
decodability claim, and the tuned lens that would
separate “not represented” from “represented and
not yet decoded” was not run, so that alternative is
untested rather than excluded.

8 Three Confounds in One Slot

All of the above is measured on the corrected re-
lease; this section is how it came to need correct-
ing. The first release produced a clean, quotable
result on the gender slot: the language models al-
most never committed to a value, while the dedi-
cated MT systems did. We retract it. It was a
property of how the items were built, and the three
defects behind it are independent.

The claim does not weaken, it inverts. On the
corrected items the ordering is the other way round.
The 11 prompted systems commit at a median
of 75.4% on prior-sentence gender against 47.7–

superseded corrected

System commit commit acc.

Gemma 3 1B 51.8 75.4 99.4
Gemma 3 4B 2.3 67.7 95.3
Gemma 3 12B 0.0 86.4 94.2
Gemma 3 27B 0.0 93.2 100.0
Gemma 3n E2B n/a 70.5 98.7
Gemma 3n E4B n/a 78.2 100.0
Qwen3 8B 2.3 74.6 100.0
Qwen3 14B 0.4 92.3 100.0
Qwen3 32B n/a 59.1 100.0
Llama 3.1 8B 0.0 22.7 n/a
Sarvam-Translate 0.0 96.8 99.5
NLLB-200 3.3B 22.7 47.7 99.1
IndicTrans2 1B 44.1 71.4 92.4

Table 4: The gender result was a property of the
items, not of the systems. Prior-sentence gender com-
mitment (%) on the superseded release, whose prior-
sentence source is singular they, and on the corrected
one, whose prior-sentence source is a singular animate
name. The same systems move by up to 96.8 points; ev-
ery other slot moves by at most 26.8. A commitment
cell prints n/a where that system was not run on the
superseded release; the accuracy cell prints n/a below
the reporting floor (< 30 committed items or < 30%
commitment). The original claim does not merely
weaken, it inverts: the 11 prompted systems reach a
median of 75.4% against 47.7–71.4% for the 2 dedi-
cated MT systems, and 7 of the 11 exceed every one
of them (§8).

71.4% for the 2 dedicatedMT systems, and 7 of the
11 exceed every one of them: Sarvam-Translate
96.8% and Gemma 3 27B 93.2% against NLLB-
200 47.7% and IndicTrans2 71.4% (Table 4 is
the per-system difference). We state the inversion
rather than softening the claim: its sign is wrong,
not merely its support.

The three defects, each independent of the oth-
ers. A neutral anaphor: singular they against a
singular-feminine gold, in the one slot whose Tamil
target has a neutral exponent, so a correct transla-
tion scored as avoidance. Two cued conditions that
differ in cue type rather than distance, the prior-
sentence one being the easier on 11 of 13 systems:
no comparison between them may be read off
this benchmark, in either release, which is why
§6 compares in-sentence against cue-free instead.
And a leak detector keyed on output length, blind
to a system that translates the context instead of the
marked sentence: the dangerous shape, since it is
in the context that a prior-sentence cue lives. Ap-
pendix F gives each in full.



742

The audit, and why the defective release is kept.
All three were found by an automated check that
asks, per slot × condition, whether the source car-
ries any exponent of the feature the gold commits
to — deliberately lexical rather than clever, since
the weakest question that would have caught them
is the one worth running on every release. It re-
turns 1141 unanswerable items in the first release
across 12 (slot, condition, check) categories and 0
in the second, where it is a hard check. The defec-
tive release is retained as a positive control, so
every guard is verified against a real defect.

9 Related Work

The nearest neighbour. GENDER1PERSON
(Popović and Lapshinova-Koltunski, 2025) shares
the experimental logic exactly: English leaves first-
person gender unmarked, the target obligates it,
and the skew is measured on system output. Three
things separate this paper from it. Scope: gender
in two Indo-European targets there, a Dravidian
agreement system here, where one slot (rational-
ity) has no prior MT treatment we could find. The
informed conditions: both cued conditions carry
gold, so a skew that survives when the answer is
available is a prior overriding evidence rather than
a gap being filled. And, the contribution we would
defend first, it does not askwhat evaluation charges
for the error, which is §5’s question. GRAPE (Me-
nisMastromichalakis et al., 2025), Staliunaite et al.
(2026), Dawkins et al. (2025) and Prates et al.
(2020) develop the same programme with exter-
nal social statistics, entropy, ambiguity preserva-
tion and output proportions.

DEMETR (Karpinska et al., 2022) licenses the
question and explains why it cannot answer it here:
all its examples are into English. ACES (Moghe
et al., 2025) is the largest challenge set for MT
metrics and its taxonomy is the MQM accuracy
branch, so morphology is absent by construction
and English→Tamil is 1 of its 36476 rows; In-
dicMT Eval (Sai B et al., 2023) supplies the Tamil
half, where metrics fail on the fluency branch that
obligatory-slot errors land on. Amrhein and Sen-
nrich (2022) and Singh et al. (2024) bound how
far retraining closes a metric’s blind spot, and
both targeted a phenomenon that is marked in the
source, so supervision could be derived automati-
cally: which an unmarked distinction does not al-
low. Kocmi et al. (2024) supplies the calibration,
Guerreiro et al. (2024) is the localisation claim §5

tests, and Robinson et al. (2023) make resource
level the dominant predictor of translation quality,
an axis we argue is orthogonal to obligatory-slot
correctness.

The paradigm runs from LingEval97 (Sen-
nrich, 2017) through Bawden et al. (2018), whose
balance constraint our prior-sentence condition
adopts directly, and ContraPro (Müller et al.,
2018), to the DFKI WMT suites (Avramidis et al.,
2020). Morpheval (Burlot and Yvon, 2017; Bur-
lot et al., 2018) is the sharpest contrast: it per-
turbs a distinction that is marked in the source and
checks whether it propagates, though its hyponym-
substitution family is the nearest precedent for
our cue-free condition. Contrastive conditioning
(Vamvas and Sennrich, 2021a) detects which read-
ing a system defaults to under source ambiguity;
our slots have none. CoCoA-MT (Nadejde et al.,
2022) and the IWSLT formality tasks (Anasta-
sopoulos et al., 2022; Agarwal et al., 2023) run “un-
specified” as an uncontrolled baseline row rather
than a condition, and Měchura (2022) named the
category without measuring any system’s defaults.
The reference grammars, treebanks and analyser
papers behind our Tamil facts are listed in Ap-
pendix A.

10 Conclusion

Our pre-registered prediction that neural metrics
cannot see a single obligatory morpheme is false
for the neural reference-based metrics, and we re-
port the falsification. What survives is narrower
and harder to explain away: on the errors these
systems actually make, both reference-free metrics
rank thewrong output first more often than not, and
under both, the epicene form that drops the distinc-
tion carries a penalty whose interval includes zero.
Reference-based metrics do charge for it, so the
claim is about what reference-free evaluation can
see.

Limitations

This is one language in one register: written Tamil,
and a Dravidian agreement system whose partic-
ular shape may not generalise to other target lan-
guages that obligate distinctions English leaves un-
marked. The panel is open-weight models of at
most 32B parameters, so we cannot say whether
a frontier system behaves differently. Three mea-
surement limits bound what we claim rather than
qualifying it. First, the number slot is withheld
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from every cue-position result: systems often an-
swer with -ஆர் -ār, which is either honorific sin-
gular or plural, so the same output string is scored
wrong on a singular item and right on a plural one,
and any effect there would be measuring the in-
strument. Second, one prompt supplies the prior-
sentence condition, so template interaction cannot
be separated from cue position; the direction is con-
sistent across systems, but the magnitude is not at-
tributable to cue position alone. Third, the ratio-
nality analyser was repaired after the panel was
first scored and the panel was re-scored with the
repair; the repair alone moved in-sentence ratio-
nality commitment by up to 21.1 points on one
system (Appendix C), which is a measure of how
far one analyser defect can move a headline cell,
and a defect not yet found could move it again.
The pre-repair scoring is released with the repaired
one. The probe study reports a pre-registered fail-
ure alongside its causal result: the layerwise probe
never cleared its frozen threshold, so we establish
where a distinction is causally fixed without estab-
lishing that it is linearly decodable earlier, and the
tuned lens that would separate “not represented”
from “represented but not decoded” was not run.
The benchmarkwas verified by two native speakers
of Tamil, whose rulings corrected shipped data in
two respects (second-person address is binary, and
the neuter singular is ungrammatical on a plural
subject). Verification is described throughout as
human-led with finite-state support, never as veri-
fied by the transducer alone: round-tripping a form
through the analyser that generated it establishes in-
ternal consistency, not correctness, and two forms
that round-tripped cleanly proved to have no cor-
pus attestation at all.

Ethics and Broader Impact

Choosing the wrong value in an obligatory slot is
not a style error. Assigning அஃறிைண aḵṟiṇai
(the agreement class Tamil uses for animals, plants
and objects) to a human referent is a dehumanis-
ing error in a way a fluency slip is not, and the fi-
nite verb forces the choice in every clause. The
harm is asymmetric: it lands on the reader in the
target community, who cannot see the source, can-
not tell that the source was silent, and has no way
to attribute the offence to the system rather than
the speaker. A translation that is fluent, adequate
and highly scored by every automatic metric can be
socially unusable for its entire length. The gender

slot is a site of misgendering harm and is present
for commensurability with the gender-bias litera-
ture rather than as a claimed contribution; we re-
tract the behavioural claim our first release made
about it (§8). A system emitting the epicene form
commits no misgendering and also destroys infor-
mation the source did supply, and whether that is
preferable is a judgment about deployment context
rather than a fact about the model, which is why
avoidance is a separate outcome here and not an er-
ror, andwhywe publish gold only where the source
determines the answer.

Annotators, data and provenance. The two na-
tive speakers who verified the benchmark were in-
formed of the use of their judgments and are cred-
ited or anonymised at their choice. Released data
are CC BY-SA 4.0, forced by the ShareAlike term
on UD_Tamil-MWTT rather than chosen; code is
Apache-2.0. UD_Tamil-TTB is CC BY-NC-SA
3.0, so it is excluded from the release path and only
aggregate counts derived from it appear here.
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A Reproducibility
We release the template generator, the 2873-item
benchmark with its gold targets, the FST-based
checker with the five analyser repairs of Ap-
pendix C, the prompt set, and the raw outputs
and scored records of all 13 systems, under the li-
cences given in the ethics statement. Both the pre-
repair and the repaired scoring are included, so the
re-score reported in Appendix C can be checked
record by record. Every run records its resolved
model revision, decoding configuration and seed
(20260807), so any panel system can be re-run and
re-scored against the same gold; the withdrawn
slots and the superseded first release of the set are
retained alongside the corrected one rather than
deleted (§8).

Scoring policy. Determinism is why the checker
is an FST rather than a neural model: the best pub-
lished neural Tamil grammatical-error system re-
ports F1 73.4 (Murugesapillai et al., 2021). Scor-
ing is universal-after-context-filtering: only anal-
yser readings compatible with the item’s declared
referent number are retained, and the form counts
as correct only if all surviving readings match the
target. The existential policy is computed as a
robustness column and the residual undecidable
rate carries its own denominator. Of the 3980
items built, 3040 carry gold; 4 are marked un-
decidable and are emitted with the marker rather
than dropped. The released gold field is the col-
umn gold_targets. Direction tests in §5 are
Holm–Bonferroni corrected within family across
257 families; magnitude intervals are cluster boot-
straps over template_id, so items sharing a tem-
plate are not counted as independent.

Sources for the Tamil facts. The grammat-
ical descriptions this paper relies on come
from Lehmann (1993); Schiffman (1999); Ar-
den (1942); Perumalsamy (1991); Annamalai and
Steever (1998); Suseendirarajah (1993); Krishna-
murti (2003); Prasanna and Arora (2024); Dorr
(1994), the annotation facts of §1 from Ra-
masamy and Žabokrtský (2012); Krishnamurthy
and Sarveswaran (2021a,b); Batsuren et al. (2022),
the analyser from Sarveswaran et al. (2021);
Sarveswaran (2024); Murugesapillai et al. (2021)
and the positive control §7 reproduces from Fer-
rando and Costa-jussà (2024).

Figures. Every series carries colour, line style
and marker redundantly, so the figures survive
greyscale printing. Figure labels are ISO 15919
romanisation because the plotting library has no
complex-text shaper for Tamil; Tamil script ap-
pears in tables and body prose only.

One methods result worth reusing. We first
cached the residual stream in float16. On
Gemma-3 that overflows: the residual passes
the float16 maximum of 65504 in the upper
third of the network: exactly the depths this re-
sult is about. On 200 real Tamil chat-formatted
prompts float32 matches the reference imple-
mentation on 200 top-1 predictions at a maximum
logit-difference error of 4.67e-05, while bfloat16
matches 197 at 0.25 larger than several of the ef-
fects above. The study runs float32 throughout.

The two withdrawn slots. §2 gives the honori-
ficity mechanism. The imperative sub-family’s op-
tative targets also carry no exponent the analyser
will license. Clusivity has no valid in-sentence
condition at all: only 0 of 196 unique in-sentence
sources contain a first-person-plural English pro-
noun.

B Full Per-System Results

Table 6 is the per-system commitment rate §6 re-
ports and Figure 3 the same rates against model
scale; the outcome composition behind them is Fig-
ure 2 in §6, and the per-system superseded-against-
corrected difference on which the retraction rests
is Table 4 in §8.

Where the systems fall back to. Table 7 and
Figure 4 give the emitted distribution on cue-free
items against the between-corpus prior, per system
and per slot.
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Figure 3: Commitment rate by slot with a prior-sentence cue, on the corrected release. Commitment is the
share of items on which a system emits a form that takes a value in the slot. The four Gemma 3 sizes on the left are
a scale series and are joined; the right-hand systems are markers only, are not a scale series, and are not joined by
a line. Labels are ISO 15919; matplotlib cannot shape Tamil.
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Figure 4: Cue-free output against the corpus prior, drawn as a range. Every slot is fragile by a criterion fixed
in advance — which corpus is chosen moves the prior more than how many tokens are counted, so the prior is a
band and never a line. In rationality every system’s rate falls outside the band, some above its top and some below
its bottom.

The capability ceiling. The instructed condition
names the target value in the instruction, so a sys-
tem failing it cannot be read as defaulting in any
of the other three. The shipped instruction was de-
fective — it named the benchmark’s internal label
codes rather than the Tamil morpheme, and nam-
ing the actual target form moves accuracy by up
to 75.0 points. Both verdicts are reported side by
side across all 55 cells rather than one replacing the
other (Table 8). Even under the corrected wording
the ceiling is not cleared everywhere, and §6 states
which slots it fails for.

Deleting the cue. Table 9 and Figure 5 are the in-
sentence-against-cue-free comparison §6 reports,

per system and per slot.

C Analyser Repairs
Off-the-shelf Tamil morphological tooling re-
quired four documented repairs before it could
score obligatory-slot agreement, and a fifth landed
after the panel reported here was first scored; the
panel was re-scored with it, and the paragraph after
the list reports what that moved. Each is at the scor-
ing layer; the validated transducer is untouched,
and both ablations are published (Table 10).

1. -ஆர் -ār syncretism. The suffix is honorific-
singular or rational-plural and the transducer
is inconsistent about which. Resolved by the
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Figure 5: From an in-sentence cue to no cue: commitment when the cue is deleted. Each line is one system;
commitment is the share of items on which it emits a form that takes a value in the slot. The cue-free condition
carries no gold, so the quantity is commitment, not accuracy. The two cued conditions are not compared: they cue
the value through different channels and the prior-sentence one is the easier on 11 of 13 systems (§8). Gender is the
only slot in which deleting the cue reduces commitment across the panel: it falls on 13 of 13 systems there, against
0 in rationality and 5 in number.

Slot and Tamil realisation Prior MT

Rationality (திைண) none
வந்தார்கள் / வந்தன prov.
vantārkaḷ / vantaṉa

Gender in the verb heavily covered
வந்தான் / வந்தாள் / வந்தார் calib.
vantāṉ / vantāḷ / vantār

Number (control) marked in both
வந்தது / வந்தன control
vantatu / vantaṉa

Table 5: The scored slots, with the ISO 15919 scor-
ing key under each Tamil form: the agreement features
Tamil realises on the finite verb. Tamil is typeset by Xe-
TeX with the Tamil shaper engaged; the romanisation is
what appears in every figure, because matplotlib runs
no complex-text shaper. Rationality has no prior MT
coverage at all and is marked provisional (see Limita-
tions); gender is a calibration axis, not a claimed con-
tribution, and is the slot whose first measurement we
retract (§8); number is the control, marked in both lan-
guages.

context filter, with the residual undecidable
rate reported.

2. -ஈர்கள் -īrkaḷ and -உங்கள் -uṅkaḷ. Second-
person plural suffixes are syncretic between
plain-plural and honorific-singular, exactly as
-ஆர்/-ஆர்கள் are in the third person, but are
tagged bare. This is a grammatical claim we
make and the transducer does not; it is in the
native-check queue for that reason.

3. -அனர் -aṉar. Tagged singular although it is

unambiguously plural.
4. Word-final sandhi. A sandhi consonant

hides an overt pronoun, so எங்கைளப்
eṅkaḷaip returns a spurious verb reading and
inflates the AVOIDANT_DROP rate.

5. -இன் -iṉ past, finite reading. ஓடின ōṭiṉa is
a finite verb and நாய்கள் ஓடின nāykaḷ ōṭiṉa
is a complete sentence, but the transducer ad-
mits only +nonfin+adjpart, so the checker
scored correct Tamil as wrong. The repair
adds the finite reading and keeps the particip-
ial one, since the form is genuinely ambigu-
ous. It landed after the reported panel was
first scored.

What the fifth repair moved. The panel was
re-scored from the same raw outputs with the re-
pair on, every rationality number in this paper is
from that re-score, and the pre-repair scoring is
released beside it. Of 54443 scored records, 728
changed outcome, 725 of them in the rationality
slot and 3 elsewhere; no headline cell of any other
slot moved. 717 rationality outcomes became COR-
RECT (512 from UNPARSED, 139 from WRONG), ev-
ery one of them on அஃறிைண gold, where the -
இன plural is the target form; 8 UNPARSED outputs
on உயர்திைண gold became WRONG. 568 of the
changes are in the in-sentence condition, and all 13
systems are affected: in-sentence rationality com-
mitment moved from 58.3–75.0% to 73.7–90.3%,
a rise of up to 21.1 points on one system. The
old analyser was under-reporting commitment, not
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System rat. gen. num.

Gemma 3 1B 66.2 75.4 41.1
Gemma 3 4B 100.0 67.7 87.5
Gemma 3 12B 99.6 86.4 83.9
Gemma 3 27B 100.0 93.2 85.7
Gemma 3n E2B 100.0 70.5 61.6
Gemma 3n E4B 100.0 78.2 83.9
Qwen3 8B 93.4 74.6 99.1
Qwen3 14B 99.6 92.3 88.4
Qwen3 32B 99.6 59.1 85.7
Llama 3.1 8B 99.6 22.7 72.3
Sarvam-Translate 100.0 96.8 87.5

NLLB-200 3.3B (NMT) 99.6 47.7 84.8
IndicTrans2 1B (NMT) 98.2 71.4 94.6

Table 6: Commitment rate with a prior-sentence cue
(%): does the system make the obligatory choice at
all? A system commits when it emits a form that takes
a value in the slot. Measured on the corrected release,
on which every system in the original panel has been
re-run; the superseded release appears only in Table 4,
where differencing the two is the point. All cells are the
same context prompt for prompted systems; dedicated
MT systems take no prompt, and they are below the rule.
Cells remain provisional for the reasons §6 gives— the
number control does not function on these items, the
capability ceiling is not cleared for rationality, and the
checker has a known defect in the rationality slot — not
because any system is unmeasured. Commitment, not
accuracy: accuracy is undefined at zero commitment
and is reported separately in Table 9.

over-reporting error. The metric study is unaf-
fected: re-judged with the repaired analyser, all
73 natural-arm and all 1415 controlled-arm ratio-
nality errors remain errors, and every gold-bearing
variant remains correct.

D Annotation Facts

Table 11 is the full version of the counts §1 opens
with. Each row is a direct query over the released
treebanks and can be re-run against a later tree-
bank release, so a release that changed any of them
would change the table rather than the prose.

E Open Native-Speaker Queue

The queue of open native-speaker questions is gen-
erated from the released data rather than main-
tained by hand, and its size is reported rather than
summarised. 134 rows are open in total: 26 design
questions, 45 verb lemmas, 35 noun lemmas and
36 personal names, the last of which no Tamil trans-
ducer covers at all. 156 items are scored against a
reading the analyser does not license, all of them
in the withdrawn imperative honorificity family.

System emitted corpus prior obs. / prior
(%) range (%) range

rationality
Gemma 3 1B 96.1 34.5–69.6 0.38–1.78
Gemma 3 4B 99.3 34.5–69.6 0.43–1.87
Gemma 3 12B 100.0 34.5–69.6 0.44–1.9
Gemma 3 27B 100.0 34.5–69.6 0.44–1.9
Gemma 3n E2B 100.0 34.5–69.6 0.44–1.9
Gemma 3n E4B 100.0 34.5–69.6 0.44–1.9
Qwen3 8B 97.9 34.5–69.6 0.41–1.83
Qwen3 14B 100.0 34.5–69.6 0.44–1.9
Qwen3 32B 100.0 34.5–69.6 0.44–1.9
Llama 3.1 8B 100.0 34.5–69.6 0.44–1.9
Sarvam-Translate 99.3 34.5–69.6 0.43–1.88
NLLB-200 3.3B 96.5 34.5–69.6 0.39–1.79
IndicTrans2 1B 98.6 34.5–69.6 0.42–1.85

gender
Gemma 3 1B 54.0 3.0–14.8 2.65–17.07
Gemma 3 4B 72.2 7.0–22.3 2.24–9.28
Gemma 3 12B 85.1 7.0–22.3 2.82–11.12
Gemma 3 27B 91.8 7.0–22.3 3.12–12.06
Gemma 3n E2B 67.3 7.0–22.3 2.02–8.59
Gemma 3n E4B 83.7 7.0–22.3 2.75–10.91
Qwen3 8B 52.3 3.0–14.8 2.53–16.5
Qwen3 14B 76.2 7.0–22.3 2.42–9.85
Sarvam-Translate 69.2 3.0–14.8 3.68–22.16

A slot appears here only where a system’s cue-free cell
clears the reporting floor and the slot has a reportable cor-
pus prior; number has no prior of its own.

Table 7: Emitted share on cue-free items: the share
of the modal value against the between-corpus range
of the prior over 3 Tamil corpora. Every slot is frag-
ile by the pre-registered criterion — which corpus one
picks moves the prior more than how many tokens one
counts — so the prior is a range and never a point es-
timate, and the observed-to-prior ratio is computed at
both ends of that range. This licenses the statement
that the output rate deviates from general Tamil text fre-
quency; it does not license ‘deviates from its own train-
ing frequency’, because no evaluated system’s training
mixture was measured. In rationality every system’s
rate falls outside the corpus range, some above its top
and some below its bottom.

Every lemma has its own row because round-
tripping through the transducer is not evidence of
correctness. A form the transducer over-generates
round-trips perfectly, and at least one such form
survived all four automatic screens and was still
wrong: the -இன் -iṉ past plural the transducer
builds by concatenation, ஓடினன ōṭiṉaṉa, which
has zero occurrences in 105 million tokens of
Tamil while the real form ஓடின ōṭiṉa is frequent.
This is why the validation protocol is described
as human-validated with FST support throughout,
and why the surviving slots stay provisional. It
also bounds the attestation gate in the other di-
rection: the optatives இறங்குக iṟaṅkuka, ஏறுக



750

ēṟuka,கழுவுக kaḻuvuka andநீந்துக nīntuka are or-
dinary written Tamil with zero occurrences in the
same corpora, so a zero count is evidence about our
corpora and not about the language. The frequent
optative வருக varuka is attested there and is not
one of them.

F The Construction Audit
The audit behind §8 asks one question per (slot,
condition): does the English source carry any ex-
ponent of the feature the Tamil gold commits to?
It parses no English and inspects word inventories,
which is deliberate — the weakest question that
would have caught the defects is the one that can be
run on every release and disputed word by word. It
is advisory on the superseded release, which is re-
tained as its positive control, and a hard check from
the corrected release on: a change to the audit that
stopped it detecting the original defect would be
caught rather than pass quietly.

The three gender confounds in full. 1. The
anaphor was neutral in the one slot with a neu-
tral target form. 100.0% of prior-sentence gen-
der sources used singular they against a singular-
feminine gold, and gender is the one slot whose
Tamil target admits the epicene -ஆர் -ār, so a
neutral rendering was a correct translation that
the scorer recorded as avoidance. On corrected
items, whose prior-sentence source is a singular
animate name, the same systems commit at 22.7–
96.8% with 92.4–100.0% accuracy; nothing about
the models changed. 2. The two cued condi-
tions differ in cue type, not cue distance. The
in-sentence condition cues gender through the ono-
mastics of the Tamil name, which is world knowl-
edge; the prior-sentence condition cues it through
an explicit English appositive, which is reading
comprehension. If the two differed only in where
the cue sits, the in-sentence condition could not
be the harder one. It is: the prior-sentence con-
dition scores higher on 11 of 13 systems, and the
per-system gap runs from -18.2 to 43.6 points. 3.
The leak detector was watching the wrong sig-
nal. The shipped detector keyed on output length,
so it was blind to a system that translates the con-
text instead of the marked sentence — the danger-
ous shape, since it is in the context that a prior-
sentence cue lives. Its replacement differences the
rate at which the marked sentence’s own gold verb
stem appears in the output, within a system so that
paraphrase cancels against that system’s own base-

line. It exposes the failure at once: gemma3-1b
misses that stem on 98.2% of prior-sentence gen-
der items against 38.6% with an in-sentence cue,
while every other system stays above 55.0% in both.
On the superseded release, only 3 of the 5 slots
the audit covers have an interpretable comparison
between the two cued conditions; which do not is
computed from the sources (clusivity, gender).

Three further defects. Besides the three gen-
der confounds of §8, the audit found three de-
fects nobody had reported: a condition whose En-
glish sources were built by deleting the cue string
out of another condition’s frame, and which were
therefore malformed; items whose Tamil reference
named a person the English source never mentions,
so the reference is not a translation of its source;
and personal names used as gendered cues that ap-
pear in both gender sections of the name lexicon.
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System Slot shipped corrected
(%) (%)

Gemma 3 12B gender 70.0 95.0
number 25.0 100.0
rationality 50.0 50.0

Gemma 3 1B gender 12.5 25.0
number 0.0 25.0
rationality 42.5 45.0

Gemma 3 27B gender 80.0 100.0
number 50.0 100.0
rationality 50.0 55.0

Gemma 3 4B gender 40.0 35.0
number 0.0 25.0
rationality 50.0 50.0

Gemma 3n E2B gender 47.5 42.5
number 50.0 75.0
rationality 50.0 50.0

Gemma 3n E4B gender 47.5 45.0
number 50.0 50.0
rationality 50.0 52.5

Llama 3.1 8B gender 40.0 67.5
number 25.0 50.0
rationality 55.0 45.0

Qwen3 14B gender 80.0 85.0
number 25.0 75.0
rationality 50.0 50.0

Qwen3 32B gender 65.0 100.0
number 50.0 50.0
rationality 50.0 52.5

Qwen3 8B gender 50.0 92.5
number 35.0 100.0
rationality 50.0 52.5

Sarvam-Translate gender 47.5 37.5
number 25.0 25.0
rationality 50.0 50.0

Table 8: The capability ceiling was measured with a
defective instruction, and both verdicts are reported.
The shipped instruction named the benchmark’s inter-
nal label codes rather than the target Tamil morpheme.
With an instruction that names the actual form, accu-
racy moves by up to 75.0 points. The instructed condi-
tion gates the interpretation of every other one, so the
uncorrected column is retained rather than replaced: the
models can perform these mappings when actually told
what to produce, and the original ceiling was failing for
the wrong reason.
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cue in the sentence no cue, no gold

Slot System n commit acc n commit modal share

rationality

Gemma 3 1B 228 75.9 88.4 144 89.6 UYAR 96.1
Gemma 3 4B 228 89.5 100.0 144 97.9 UYAR 99.3
Gemma 3 12B 228 86.4 100.0 144 99.3 UYAR 100.0
Gemma 3 27B 228 86.0 100.0 144 100.0 UYAR 100.0
Gemma 3n E2B 228 87.3 99.5 144 100.0 UYAR 100.0
Gemma 3n E4B 228 90.3 99.5 144 100.0 UYAR 100.0
Qwen3 8B 228 73.7 97.6 144 98.6 UYAR 97.9
Qwen3 14B 228 79.4 98.9 144 99.3 UYAR 100.0
Qwen3 32B 228 79.0 100.0 144 100.0 UYAR 100.0
Llama 3.1 8B 228 74.1 97.6 144 93.1 UYAR 100.0
Sarvam-Translate 228 76.8 99.4 144 98.6 UYAR 99.3
NLLB-200 3.3B 228 80.3 92.3 144 100.0 UYAR 96.5
IndicTrans2 1B 228 80.3 99.5 144 95.8 UYAR 98.6

gender

Gemma 3 1B 220 46.4 87.2 150 33.3 FEM 54.0
Gemma 3 4B 220 64.1 79.4 150 60.0 MASC 72.2
Gemma 3 12B 220 83.6 82.6 150 49.3 MASC 85.1
Gemma 3 27B 220 82.7 84.6 150 48.7 MASC 91.8
Gemma 3n E2B 220 69.5 85.6 150 32.7 MASC 67.3
Gemma 3n E4B 220 69.5 89.5 150 32.7 MASC 83.7
Qwen3 8B 220 77.7 81.9 150 43.3 FEM 52.3
Qwen3 14B 220 70.5 89.7 150 28.0 n/a n/a
Qwen3 32B 220 43.2 87.4 150 14.0 n/a n/a
Llama 3.1 8B 220 40.9 94.4 150 3.3 n/a n/a
Sarvam-Translate 220 69.1 80.9 150 43.3 FEM 69.2
NLLB-200 3.3B 220 25.0 n/a 150 16.7 n/a n/a
IndicTrans2 1B 220 27.7 n/a 150 17.3 n/a n/a

number

Gemma 3 1B 112 58.0 69.2 68 36.8 n/a n/a
Gemma 3 4B 112 89.3 61.0 68 95.6 PL 92.3
Gemma 3 12B 112 92.0 73.8 68 85.3 PL 75.9
Gemma 3 27B 112 87.5 68.4 68 86.8 PL 74.6
Gemma 3n E2B 112 90.2 62.4 68 73.5 PL 86.0
Gemma 3n E4B 112 92.0 61.2 68 91.2 PL 96.8
Qwen3 8B 112 79.5 59.6 68 97.1 PL 72.7
Qwen3 14B 112 82.1 64.1 68 85.3 PL 93.1
Qwen3 32B 112 83.9 51.1 68 97.1 PL 90.9
Llama 3.1 8B 112 73.2 51.2 68 79.4 PL 96.3
Sarvam-Translate 112 69.6 57.7 68 86.8 PL 83.0
NLLB-200 3.3B 112 79.5 67.4 68 86.8 PL 100.0
IndicTrans2 1B 112 79.5 56.2 68 80.9 PL 100.0

Table 9: An in-sentence cue against no cue: the comparison the construction licenses. The two conditions share
a frame and a cue type and differ in whether the cue is present at all, so the pair isolates cue presence. In gender
the two cued conditions do not: they cue the value through different channels, the prior-sentence condition scores
higher on 11 of 13 systems, and no gender comparison between them is drawn (§8). The cue-free condition carries
no gold by construction, so it has no accuracy; the emitted distribution is reported instead, as the modal value and
the share of committed items taking it. A cell prints n/a below the reporting floor (< 30 committed items or< 30%
commitment), because a ratio over a handful of items is not a rate. In gender, commitment falls when the cue is
deleted on 13 of 13 systems, by 4.1–42.4 points. In rationality it falls on 0, and the systems answer a cue-free item
as confidently as a cued one; in number it falls on 5, a slot whose results are not interpreted (§6).
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Verb-form set lexicon +guesser +fallback
only (%) (%) (%)

UD_Tamil-TTB test (264 forms) 38.6 64 69.3
UD_Tamil-MWTT test (295 forms) 62 75.3 89.8

Precision / recall, -ஆன் masculine slice on MWTT
precision (audited) 100
recall (audited) 98.7
recall, universal-after-context-filter 94.9
recall, existential (robustness) 94.9

Slot-value extractor, benchmark gold
clusivity / gender / number / rationality recall 100.0 / 100.0 / 100.0 / 100.0
honorificity recall 79.0
contrast false positives 0

Table 10: Analyser coverage as an ablation, and precision/recall on held-out UD_Tamil-MWTT. The fallback layer
is reported because it was necessary, not because it flatters the number. The checker is not 100% accurate and
we do not claim it is. Scoring follows the universal-after-context-filtering policy, with existential as a robustness
column. Recall is reported for the withdrawn honorificity slot as well, because it is the measurement that withdrew
it: 79.0% reflects the imperative sub-family, whose optative targets carry no exponent ThamizhiMorph will license
(Appendix E).

Direct FEATS count tokens Consequence

Gender=Fem in UD_Tamil-TTB 0 no masc./fem. contrast is expressible
-ஆன்/-ஆள் finite verbs in TTB 0 the exponents themselves never occur
Clusivity across both treebanks 0 நாம்/நாங்கள் are not distinguished
-வில்ைல/இல்ைல tagged Polarity=Pos 41 / 41 the most frequent negation strategy is mislabelled
Aspect across both treebanks 0 unannotated
Deixis across both treebanks 0 documented as Tamil-specific, never used
Polite distinct values 1 one value only; the binary contrast is not annotated
Voice=Cau 0 causation unannotated
Mood ∈ {Pot,Nec,Des} 0 modality unannotated
Evident 0 evidentiality unannotated

Table 11: Reproducible annotation facts, counted directly from UD_Tamil-TTB (train/dev/test) and UD_Tamil-
MWTT (test) by scripts/ud_negative_facts.py. Taken together, the standard Tamil annotation cannot ex-
press 7 categories a reference grammar treats as central: aspect, causation, clusivity, deixis, evidentiality, honorific
contrast, modality. Tamil is also absent from UniMorph entirely. These are counts rather than arguments, which is
why they open the paper. TTB is CC BY-NC-SA 3.0 and only counts are reproduced.
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