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Abstract

Formal verification proves that a program satisfies its specification, but says noth-
ing about whether the specification captures what the author meant. As LLMs
increasingly write both code and specifications, a gap between the author’s natural-
language requirement and the specification becomes a live risk. A machine-checked
proof of a property narrower than the one requested is worthless but passes ev-
ery check. Closing this gap is solving the spec formalization problem: given a
natural-language requirement, produce a formal artifact whose meaning matches it.

To measure the gap, we curate an end-to-end benchmark for spec formalization
spanning four formal languages: Dafny contracts and Lean 4, Isabelle and Rocq
theorem statements. Each of its 3,234 rows pairs a natural-language requirement
with a formal artifact and a label established by execution, by proof, or by the
benchmark it is drawn from. A third of the rows are meaning-preserving rewrites
of the artifact that keep the faithful label, so a judge cannot score by detecting that
a row was edited.

We introduce claimcheck, a tool that detects incorrect formalizations: the formal
artifact is translated back into plain English by a model that never sees the require-
ment, and a separate model, the judge, decides whether the informalization and the
requirement express the same guarantee. On all four languages it gains 8.2 t0 9.8
points of macro recall over a single call shown the requirement and the artifact,
and 4.2 to 6.0 over that call handed the same list of meaning-preserving rewrites.
Showing the judge the artifact as well costs 1.4 to 4.5 points. Across four judges
that also see the artifact, the gain shrinks as the judge gets stronger, to within a
point of the informed single call for the strongest.
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REQUIREMENT

Find the square root of a natural
number.
never shown BACK-TRANSLATION
“This contract guarantees that
CONTRACT Dafny verifies v' the returned natural number

step 1 step 2

r, when squared, is less than
| compare

or equal to the input natural
number N.”

method SquareRoot (N:nat)
returns (r:nat)

informalize
haiku-4.5

sonnet-4.6
ensures r*r <= N

+ preconditions, postcondition,
scope, strength

BASELINE: one call, shown both sides at once, answers VERDICT disputed postcondition-too-weak
yes or no. “The contract only ensures r*r <= N, but is
macro recall, baseline — claimcheck: missing the upper bound (r+1)*(r+1) >

Dafny 84.0 — 93.1 Lean 79.7 — 87.9

N. Any value from 0 to floor (sqrt(N))
Isabelle 81.5 — 91.3 Rocq 79.6 — 88.0

would satisfy the contract, including r=0 for
all inputs.”

Figure 1: One claimcheck run, on a Dafny contract from CloverBench whose postcondition
was weakened (class C2). Like the sorting example, the contract still verifies and is satisfied by
returning zero. Step 1 translates the contract into English without ever seeing the requirement, so the
informalization can only report what the contract says. Step 2 compares the informalization with the
requirement and names the discrepancys; it never sees the contract. Colours follow the data: blue is
the natural-language requirement, amber the formal artifact, green its informalization. A single-call
baseline shown both sides at once scores lower on all four languages (Table2).

1 Introduction

As models get better at writing code, the programmer’s job shifts toward saying what a program
should do rather than how it should do it. Spec-driven development already works this way: the
developer states the requirement in English, and the implementation is generated from it. The hard
part moves from writing the code to knowing whether it does what was asked. For most of what a
model produces there is no automatic way to tell, and checking falls to a human or to another model
[Zheng et al.| |2023]]. Formal languages are the exception. Here the requirement is first written down
as a specification: a precise statement of what the program must guarantee, in a form a machine
can check. A verifier then proves that the code meets that specification on every possible input.
But the verifier only ever sees the specification. It never sees the natural-language requirement that
specification was written from, so it cannot tell whether the specification asked for the right thing.

Suppose the requirement is to sort a list. The specification says the output must be in increasing order,
and the code is proved to satisfy it. Now take a program that ignores its input and returns an empty
list. Nothing in an empty list is out of order, so that program meets the specification too, and the same
proof would go through. The specification never said the output has to contain the same items as the
input. This is the part no verifier covers. In our Dafny [Leino} [2010] slice every row we labelled
defective still passes verification, so a verified artifact can carry an assurance it has not earned. We
call the task of getting it right spec formalization: given a natural-language requirement, produce a
formal artifact whose meaning matches it.

We introduce claimcheck, a tool that checks whether a formal artifact means what its natural-
language requirement asks for. The direct way to check this is to show a model both the requirement
and the specification and ask whether they agree [Cabral et al.,[2026, |Zhang et al.| 2026/ [Lu et al.,
2025]]. The trouble is that the requirement gives the answer away. A model that has just read sort a
list expects the specification to describe sorting, and is biased toward agreeing that it does. Telling
the model not to do this is an instruction it can fail to follow, so claimcheck separates reading the
specification from judging it. A first model, the informalizer, puts the specification into plain English
— its preconditions, its postcondition, its scope — without ever seeing the requirement, so what it
writes can only report what the specification says. We call this the informalization [Wu et al., 2022,



Amrollahi et al}[2026]. A second model, the judge, then compares the informalization against the
requirement (Figure [I)). What it compares is two English texts, one saying what was asked for and
the other what the artifact guarantees, and the one it reads was written before the requirement could
shape it. We also report the variant that hands the judge the artifact alongside the informalization; it
is the weaker of the two on all four of our languages, by 1.4 to 4.5 points of macro recall.

1.1 Contributions
Our paper’s main contributions are:

1. We curate a test suite for end-to-end formalization of natural-language requirements, span-
ning four formal languages: Dafny contracts and Lean 4, Isabelle and Rocq theorem
statements. Its 3,234 rows pair a requirement with a formal artifact and a label established by
execution, by proof, or by the benchmark it is drawn from, and are scored by a standardized
grader (Section . Benchmarks of this kind are built by mutation, so their labels record
whether a row was edited rather than what it now means. A third of our rows are control
mutations, which rewrite the formal artifact while preserving its meaning and stay labelled
faithful, so detecting edits is no longer enough to score.

2. We measure baseline scores for frontier models. A single-prompt judge shown the require-
ment and the artifact reaches between 79.6 and 84.0 macro recall across the four languages,
and errs in both directions: on Dafny it disputes 20% of the faithful contracts while missing
a quarter of the rows whose requirement carries the defect. Handing that same single call
the list of meaning-preserving rewrites and the error vocabulary claimcheck’s judge is
given raises it by 3 to 5 points on all four languages, so we report it as a second baseline
throughout: it is what separates the pipeline from the information in its prompt (Section 3).

3. We introduce claimcheck, the two-step tool of Figure[I] Comparing the two English texts
gains 4.2 to 6.0 points of macro recall over that informed baseline on all four, most of it on
the faithful rows, originals and controls alike. Three ablations locate the gain: removing
the back-translation costs 2.8 to 6.0 points, giving the informalizer the requirement it is
otherwise denied costs 0.8 to 3.0, and holding rewrites out of the judge’s list moves macro
recall by at most a point, so that list is not acting as an answer key for the benchmark’s
controls. Varying the judge, with the artifact in its view, shows the gain is substitutive rather
than additive: up to 27 points for the weakest model we test and none for the strongest
(Section[3)).

2 Benchmark Design

Each row is a natural-language requirement, a formal artifact meant to express it, and the context
needed to read that artifact, and its label says whether the artifact means what the requirement asks
for: confirmed or disputed. The benchmark is a union of four slices: 362 Dafny rows derived
from CloverBench [Sun et al., 2024], and 1,296 Lean 4, 920 Isabelle and 656 Rocq rows derived
from PutnamBench [Tsoukalas et al., 2024].

Meaning-preserving controls. A faithfulness benchmark needs pairs whose two sides are known
to disagree, and the usual way to get them is mutation. Take a correct pair, damage one of its two
sides, and label the result disputed. Both sides get damaged here. Clover mutates the contract in
two of its three variant classes and the docstring in the third; the PutnamBench slices mutate the
theorem statement. The construction has a defect that is easy to miss. Suppose a judge ignores both
sides of every row and answers confirmed whenever the artifact looks untouched. It gets the entire
confirmed half right, because the label tracks where a row came from rather than what it means. A
high score on such a benchmark can therefore reflect nothing but good mutation detection. We add a
third family to close that hole. A control mutation rewrites the formal artifact while preserving its
meaning, and it stays labelled confirmed. Every slice carries one, and together they are 1,029 of the
1,854 confirmed rows, so a judge betting on provenance now loses most of the confirmed half either
way. Controls carry a burden that semantic mutations do not: a rewrite has to be shown to preserve
meaning, not merely intended to, and the two subsections below set out how each slice discharges it.



2.1 Dafny

CloverBench ships 62 hand-written textbook programs, each a docstring, which serves as the require-
ment, paired with a contract, together with a taxonomy of incorrect variants. We use three of its four
released classes: the 62 originals are labelled confirmed, and C1, which mutates the docstring (62
rows), C2, which mutates the contract (60), and C6, which mutates the contract and the body together
(60), are disputed. All 182 defective rows still verify in Dafny, which the benchmark states as a
design requirement: the domain has a formal oracle and it reports success on every defective row, so
an autoformalization has to be checked for faithfulness even where verification is available.

We add a fourth family of 118 control mutations over 45 of the 62 programs, which rewrite the
contract while preserving what it guarantees and so keep the label confirmed. A candidate is kept
only if Dafny proves the rewritten contract equivalent to the original under its preconditions, and only
if it cannot also prove that postcondition false, which would make the equivalence vacuous. The slice
is 362 rows, 180 of them confirmed.

The formal artifact is the contract alone: declaration, requires and ensures, with the body stripped.
The body is what a contract is checked against rather than part of what it claims, and a judge given it
could infer the intent from the implementation instead of reading the contract. Extraction is exact
because no Clover program declares a helper function, predicate or datatype. Four rows are dropped
where the mutated contract retains only framing clauses such as modifies s, which guarantee
nothing and leave nothing to compare, so C2 and C6 hold 60 rows each (Appendix B).

2.2 Lean, Isabelle and Rocq

PutnamBench [Tsoukalas et al.l [2024]] formalizes the same competition problems in all three lan-
guages, and the natural-language statement lives in one file keyed by problem name, independent
of the language. A row in these slices therefore pairs the same requirement with a different formal
artifact, which is what makes the three comparable: a difference between them is a difference in
the language, not in the question. The artifact is the theorem statement and the requirement is the
problem statement that sits above it in the source, so the expression that extracts the one removes the
other. PutnamBench writes a problem’s answer into a separate constant, which we substitute back
into the context before splitting the theorem, since a statement about an opaque constant reads as
vacuous whatever it says.

Five rewrite rules preserve meaning and four change it (Table[I)), and the two families are warranted
differently. For the controls, Lean discharges the obligation (original) <> (mutated) per row
in PutnamBench’s own project under a fixed tactic list, and a candidate that fails is dropped. In
Isabelle and Rocq the same five rules are propositional schemas — T AP < P, PV L < P,
——P ¢ P, auniversal through its dual, an iff with its sides swapped — valid for every P, so the
argument is made once per rule rather than once per row, and no Isabelle or Rocq installation enters
the construction. Neither form of warrant is a weakened version of the other: a per-row obligation
catches a rewriter that misfires on a single statement, and a per-rule argument holds for every instance
without depending on a tactic finding the proof.

The semantic rules are labelled by their construction. negate replaces the statement by its negation,
which contradicts it for every P. forall_to_exists yields a strictly weaker statement, which
differs from the original unless the domain is a singleton. bump_const moves a numeral and
strictness loosens or tightens an inequality; both are Lean-only, because they pick their target by
position and the three formalizations were written independently over different libraries, so the same
rule lands on a different subterm in each language. Over the problems Lean and Isabelle share, 63%
differ in how many numerals their statement contains.



Table 1: The PutnamBench slices. Controls are labelled confirmed, semantic mutations disputed.
A dash marks a rule that is not applied in that language; see the text.

rule Lean Isabelle Rocq
true_and 98 94 62
or_false 98 96 66
control double_neg 97 95 57
forall_not_exists 24 22 38
iff_comm 21 18 25
negate 293 285 185
semantic bump_const 229 — —
strictness 114 — —
forall_to_exists 29 25 38
untouched originals 293 285 185
total 1,296 920 656

3 How claimcheck Works

claimcheck is a tool for checking whether a formal artifact means what its natural-language
requirement asks for. Given the pair, it returns a verdict, confirmed or disputed, and names the
discrepancy where it finds one. Figure|l|and Figure [2|show one run each, on two Dafny contracts.

A run is two model calls. Informalize receives the artifact and whatever context is needed to read it,
and writes an informalization: a plain-English account of what the artifact guarantees. It is not given
the requirement. Compare then receives two descriptions of the same thing in the same language, the
requirement and that informalization, and returns the verdict. Both figures set the two calls out in
order, with what each one reads.

Comparing the two English descriptions is the idea. One says what was asked for, the other says
what the artifact actually guarantees, and a difference in meaning surfaces as a difference between
two sentences rather than between a sentence and a block of code. The contract in Figure [T|keeps
every word of its requirement and is satisfied by returning zero, and the contract in Figure [2| has
exactly the right shape for its requirement and one wrong index inside the slice. The informalization
is what makes that comparison possible, and it can only do the job because it was written blind. An
informalization produced with the requirement in view would tend to echo it, and a near miss would
read as a hit.

We also report a variant in which the judge is handed the artifact alongside the informalization, to
check the account against the source; it is the weaker of the two on every language we test (Section [5).

4 Experimental Setup

Baseline. The baseline gets one row per call: the requirement, the formal artifact and its context. It
replies through a tool call whose only field is YES or NO. The prompt contains no system message,
worked examples, reasoning instruction or failure vocabulary. Each of those is itself a reasoning
aid, so giving them to the baseline would make the comparison measure the prompt rather than the
tool. Baseline + list is the one exception, and it is a control: the same single call, given the judge’s
list of rewrites that leave a claim unchanged and of the kinds of mismatch to look for. That block is
taken verbatim from the judge’s own tool rather than written for this arm, so no wording in it is ours
to choose; the cost is that it mentions fields a bare YES/NO tool does not have. It still answers YES
or NO, so what it holds fixed against claimcheck is the information in the prompt. What separates
the two-step pipeline from the output schema it answers through is the no-back-translation ablation
below, a single call through the judge’s own tool, fields and all, and so without that mismatch.

claimcheck. The two steps are those of Section[3] The version we evaluate adds three things to
the prompts the tool shipped with. The informalizer is given a short list of structure that carries no
meaning, such as a double negation or a conjunction with an always-true clause, and describes the
artifact with it discarded, so two artifacts that say the same thing get the same informalization. The



Dafny remove_front, the slice takes the wrong end

REQUIREMENT
Removes the front element from the array a and returns the resulting array c.
CONTRACT

method remove_front(a: array<int>) returns (c: array<int>)
requires a.Length > 0O
ensures a[0..a.Length - 1] == c[..]

STEP 1 INFORMALIZE reads the contract, never the requirement

“The returned array c contains the elements of array a from index 0 to a.Length - 1 (i.e. all elements except
the last one).”

STEP 2 COMPARE reads the requirement and the informalization
disputed, wrong-property

“The requirement says to remove the FRONT (first) element, but the back-translation describes removing the
LAST element (slice from index 0 to a.Length-1 excludes the last element, not the first).”

Figure 2: An example claimcheck run on a Dafny contract. The contract has the right shape and one
wrong index inside the slice: a[0..a.Length - 1] drops the last element where a[1..] would
drop the first, so the method it describes returns the array with the wrong end removed. The contract
verifies against a body that satisfies it.

judge’s tool lists the rewrites that leave a claim unchanged in each language (in Dafny, for example,
two ensures clauses merged into one with &&, which changes nothing because Dafny conjoins them
by definition) and names the kinds of mismatch to look for, such as a wrong constant or a missing
condition. And the judge is asked plainly whether the two express the same guarantee, where the
original wording told it to be strict and to prefer flagging a mismatch. The variant we also report
hands the judge the formal artifact alongside the informalization; everything else, the tool schema
included, is unchanged.

Settings. Informalizer claude-haiku-4.5, judge claude-sonnet-4.6, 8192 max tokens, tem-
perature 0. Both return their output through a tool call, and the judge’s verdict is a single boolean.
The rewrite list and the error vocabulary are per language, following each slice’s own construction:
the judge answers through a contract-shaped taxonomy on Dafny, whose categories name which
clause moved and in which direction, and a proposition-shaped one on Lean, Isabelle and Rocq. Both
steps get one row per call, as the baseline does, so the two see the same input and any difference
comes from the tool. Neither prompt carries the row’s name, which in earlier runs could reveal how a
row was built (Appendix [C). Each run is scored on the rows it answered; no run leaves more than 12
unanswered.

Ablations and sweep. Each ablation changes one part of the tool. Held-out rules removes some
rewrites from the lists, to test whether they act as an answer key for the benchmark’s controls: the
always-true conjunction and always-false disjunction on Lean, Isabelle and Rocq, and a shifted
bound, a swapped equality and a contrapositive on Dafny. No back-translation skips the informalize
step, so the judge compares the requirement with the artifact directly, under the same prompt
otherwise. Informalizer sees requirement gives the informalizer the requirement it is otherwise
denied. The first and last are run on claimcheck as reported; no back-translation is run on the
variant that sees the artifact, since a judge with neither the artifact nor an informalization would have
nothing to read. The sweep repeats the baseline, baseline + list and claimcheck with a different
judge, the informalizer fixed at claude-haiku-4.5: gemini-3.7-flash, gpt-5.6-1una and
deepseek-v4-pro, reached through OpenRouter at temperature 0. deepseek-v4-pro runs with its
reasoning mode off, since it rejects a forced tool call otherwise. The last row of Table [] (Appendix [A)
uses gemini-3.7-flash in both roles.



5 Results
5.1 Main results

Table 2: Main results. Informalizer claude-haiku-4.5; judge and baseline claude-sonnet-4.6.
Macro recall (mean of the confirmed and disputed recalls) + its 95% interval.

Lean Isabelle Rocq Dafny
zero-shot baseline 79.7 £21 815419 79.6 £23 84.0 £38
baseline + list 832 +19 853+18 83.0+23 889 +32
claimcheck, judge sees artifact  84.8 £1.9 87.2 +1.8 83.5+23 91.7 +28
claimcheck 879 +18 913 +17 88.0+21 93.1+26

claimcheck is ahead of both baselines on all four languages: by 8.2 to 9.8 points of macro recall
over the zero-shot baseline, and by 4.2 to 6.0 over the same call handed the rewrite list (Table E])
Most of the gain is on faithful rows. Confirmed recall rises from 66.5-85.6% with the list to 77.8—
91.7%, on the untouched originals as well as on the meaning-preserving controls: the list baseline
accepts 69.7-91.9% of the originals and 64.1-82.2% of the controls, claimcheck 78.4-95.2% and
77.4-89.8%. Disputed recall moves less. It rises on Dafny, from 92.3 to 94.5%, falls by at most 3.3
points on Isabelle and Rocq, and falls on Lean, from 95.9 to 88.4%.

Paired on the same rows, claimcheck fixes more of the list baseline’s errors than it introduces on
every language: 148 against 91 on Lean (exact McNemar p = 3 x 10~%), 128 against 46 on Isabelle
(p = 4 x 10~ 10), 83 against 37 on Rocq (p = 3 x 10~°) and 24 against 9 on Dafny (p = 0.014).

Handing the judge the artifact as well costs 1.4 to 4.5 points. That variant disputes more of the
faithful rows: its confirmed recall is 9.9 to 12.0 points lower on Lean, Isabelle and Rocq, and 2.8
lower on Dafny.

5.2 Ablations

Table 3: Ablations, with the models of Table@] Macro recall (mean of the confirmed and disputed
recalls) =+ its 95% interval.

Lean Isabelle Rocq Dafny
held-out rules 88.0 £1.8 91.8 +17 87.5+23 92.3 +28
no back-translation (judge sees artifact)  82.0 £20 81.9 £20 77.5 £26 86.7 £34
informalizer sees requirement 853 +19 899421 872+26 90.1 £3.1

Without the back-translation, the judge compares the requirement with the artifact directly and loses
2.8 to 6.0 points against the variant it is run on (Table [3); on every language it ends below the
single-call baseline with the list. Giving the informalizer the requirement costs 0.8 to 3.0 points, and
the loss is on the disputed side: disputed recall falls by 6.0 to 8.8 points while confirmed recall holds
or rises. That is the direction Section [3|predicts for an informalization written with the requirement in
view. Holding some of the rules that generate the benchmark’s controls out of the lists moves macro
recall by at most 0.8 points, inside every interval, so the lists are not acting as an answer key for those
rules.



5.3 Model sweep

Lean Isabelle Rocq Dafny
o o o o o
gemini-3.7-flash
° ) ® °
o o o -o-
claude-sonnet-4.6
® ® * -
o o o -o-
gpt-5.6-luna
o ° e 3 @
o o o -0
deepseek-v4-pro
° L 3 o o
60 80 100 60 80 100 60 80 100 60 80 100
macro recall (%)
—O— zero-shot baseline baseline + list —&— claimcheck

Figure 3: The model sweep, with 95% intervals; values in Table [d] As there, claimcheck is the
variant whose judge also sees the artifact, and the claude-sonnet-4.6 row is Table[2]s judge under
that variant.

The sweep’s claimcheck rows are the variant whose judge also sees the artifact, and how much
they gain depends on the judge (Figure [3} the values are in Table @ Appendix [A). For the two
weaker judges the gain is large: over the zero-shot baseline, gpt-5.6-1una gains 18.6 to 25.2 points
and deepseek-v4-pro 6.2 to 27.5, while the list alone adds at most 15.0. gemini-3.7-flash
already reaches 91.4 to 94.8 in a single call; it gains 0.6 to 3.9 over that, and is within a point of its
list baseline on every language. Using it as the informalizer too changes macro recall by at most
1.1 points. claimcheck narrows the gap between judges: the spread across the three falls from
22.4-39.9 points for the baseline to 12.3-14.9.

6 Related Work

Specifications that verify but say the wrong thing. Boehm’s distinction between verification,
building the product right, and validation, building the right product, is forty years old [Boehm,
1984], and a verifier does only the first. Tools that write specifications with a model mostly take the
verifier’s word: SpecGen [Ma et al.,2025]] and AutoSpec [Wen et al.,2024] keep whichever candidate
contract the verifier accepts, which says nothing about whether the accepted candidate is the one
the author meant. Where the specification is scored at all, it is scored against code. nl2postcond
asks whether the reference implementation passes a generated postcondition and how many buggy
versions of that implementation the postcondition rejects [Endres et al.l 2024], and Richter and
Wehrheim do the same for full contracts [Richter and Wehrheim| 2025]]. Benchmarks for verified
code generation have met the gap from the other side. The authors of the vericoding benchmark read
their specifications by hand and found about a tenth too weak and a further sixth poorly translated
from the task [Bursuc et al.| 2025]]. AlphaVerus adds an exploit step that tries to write a trivial
program satisfying the specification, because a model rewarded for verified code will otherwise learn
to weaken the specification [Aggarwal et al.,[2025]. Vacuity detection in model checking is the older
form of the same worry: a temporal property can hold of a system for a reason that has nothing to do
with what it was written to say [Beer et al.| 2001} [Kupferman and Vardi, [2003]]. All of these check
the specification against code or traces. claimcheck checks it against the requirement.

Checking against a reference formalization. When a trusted formalization exists, faithfulness
becomes equivalence between two formal objects, which can be decided or at least attempted.
CLEVER asks the model to prove its specification equivalent to a hidden one [Thakur et al.,|2025]];
Verina scores soundness and completeness against a ground-truth specification, by proof where it
goes through and by tests where it does not [ Ye et al.,[2025[. In mathematics, Poiroux et al. check
derivability in both directions in Lean [Poiroux et al.| 2025]], LeanEuclid hands the equivalence to an
SMT solver [Murphy et al.,[2024], and GTED compares operator trees [Liu et al.,2025]]. These are
precise where they apply, and they apply only once someone has written the answer down. Our rows
carry no reference beyond the requirement. The controls of Section [2]do the one job that can be done



without one, which is to certify that a rewrite of the artifact preserved its meaning: by proof where a
prover decides it, and by an argument about the rule where none runs.

Judging against the requirement directly. Without a reference the judge has to read the natural
language, and the usual design shows a model both sides and asks. ProofFlow scores faithfulness
this way, clause by clause [Cabral et al.,[2026]]; Zhang et al. take the agreement of two such judges
as a stand-in for human review of Lean statements [Zhang et al.l |2026]]. The record of the direct
judge is mixed. A GPT-4 judge shown an informal statement and its formalization had far lower
precision than FormalAlign’s trained scorer [Lu et al., 2025, and Verus-SpecGym finds that a judge
misses a quarter of the specification failures its executable evaluator catches [Agarwal et al., [2026].
The literature on model judges gives reasons to expect this. What a judge sees next to the thing it
is grading shapes the verdict: candidates are favoured based on position [Wang et al.| 2024], as is
the judge’s own output [Panickssery et al.,|2024]; a prior score shown as metadata anchors the grade
even when it is uninformative by construction [Kapetanovic et al.,[2026]]; and a supplied reference
answer is weighed against what the judge already believes rather than taken as given [Lee et al.
2026]). Our baseline is this direct judge with nothing else in the prompt, and the requirement is the
anchor claimcheck withholds from the informalizer.

Informalization and round trips. The step claimcheck rests on is not new. Wu et al. noticed
that Codex translated Isabelle into English far more reliably than the other way and proposed back-
translation as a source of training data [Wu et al., [2022[], which MMA then produced at scale [Jiang
et al.,|2024]. Lean Workbook uses it as a filter: each formal statement is translated back, and a model
is asked whether the two English texts pose the same problem [[Ying et al.| 2024]]. Li et al. replace
the model with embedding similarity between the original and its back-translation [Li et al., |2024]].
Two recent systems are close. Amrollahi et al. formalize a statute, back-translate it, formalize it
again, and let an SMT solver decide whether the two formalizations agree, calling a model only
to diagnose which step failed [Amrollahi et al., 2026]]. Monty, for JML assertions, has one model
describe the generated assertion and another compare that description with the original clause by
clause [Liu et al.,2026]. Outside program verification, nl2spec and ARTEMIS put the round trip in
front of the user for temporal logic, showing sub-translations or distinguishing traces to accept or
reject [[Cosler et al., 2023, Mendoza et al., 2026[. Each of these uses the round trip inside its own
system and reports the system’s end-to-end gain. Clover is the closest, and it is where our Dafny
slice comes from: it regenerates a docstring from the annotations without seeing the original and asks
GPT-4 whether the two match [Sun et al.,|2024]. It scores that check alone, accepting all 60 originals
it evaluates and rejecting 40 to 70% of each incorrect class with a single attempt, but never against
a model shown both sides; and on its rows, where every faithful row is untouched, detecting edits
would score the whole faithful half. Mathesis makes that comparison, with DeepSeek-V3 throughout,
on model-written Lean statements labelled by hand, and the round trip lost on F1, 0.65 to 0.85 [ Yu
et al., 2025]]. Our controls remove the edit signal, and Section E] runs the comparison across four
languages and four judges, against a single call given the same information.

Benchmarks with labelled mismatches. Labelled pairs of requirement and formalization are
scarce, and the ones that exist are made by damage. CloverBench mutates the docstring, the
annotations or the code [Sun et al.||2024]]; ProofNetVerif labels model-written formalizations against
a reference [Poiroux et al.,|2025[]; DriftBench plants controlled drift in Lean statements [Mohammad
and Sheikh, |2026]]. FaithformBench scores the unperturbed rows next to the perturbed ones [|[Cornish
et al.| [2026]], but its unperturbed rows are untouched, and ours are rewritten. The construction
descends from mutation testing, which has a known hazard: the equivalent mutant, an edit that
changes the text and not the behaviour, which must be found and discarded or it corrupts the score
[Jia and Harman| [2011]]. We keep ours and label them faithful. Certifying one is an equivalence
question, and our four slices answer it differently: the Dafny verifier decides it per row, a fixed tactic
list decides it per row in Lean, and in Isabelle and Rocq the rules kept are propositional schemas
whose correctness is argued once for the rule rather than once for the row.

7 Limitations

Our benchmark may not be hard enough to separate systems clearly: a single call already reaches
between 79.6 and 84.0 macro recall, and between 83.0 and 88.9 once it is handed the rewrite list, so



the room a two-step tool can occupy is small and differences between systems compress into a few
points. Its composition narrows that room further. In Isabelle and Rocq negate is 92% and 83% of
the disputed rows, and asserting the negation of a statement is the easiest defect in the benchmark to
catch, so what separates systems on those two slices is almost entirely the confirmed side; and there
the three trivial wrappers are about 45% of the rows, which tests whether a judge is disturbed by
structure carrying no meaning rather than whether it can read a specification. Lean and Dafny carry
defects of several strengths and are where the disputed half discriminates.

The labels also carry different warrants. Every control was shown to preserve meaning, by the Dafny
verifier, by a tactic list in Lean, or by a propositional argument in Isabelle and Rocq, but the semantic
mutations rest on the rule that produced them, and for bump_const and strictness that is intent
alone, since a moved numeral or a loosened bound will in rare cases leave a statement equivalent to
the one it replaced. And all four slices are single contracts or single theorem statements, short enough
that a requirement and its formalization can be held in view at once. Artifacts whose meaning lives in
their structure rather than in a proposition, and developments too long to read in one pass, are outside
what we measure; finding such tasks is the main thing we would change before making a stronger
claim.

8 Conclusion

claimcheck checks whether a formal artifact means what the natural-language requirement it was
written from asks for, which is the question a verifier never asks. It does so in two model calls:
one informalizes the artifact without seeing the requirement, the other compares the two English
texts. Across Dafny contracts and Lean, Isabelle and Rocq theorem statements it gains 8.2 to 9.8
points of macro recall over a direct judge, and 4.2 to 6.0 over the same judge handed the same list
of meaning-preserving rewrites in a single call. Undoing any of its three choices lowers the score:
removing the back-translation costs 2.8 to 6.0 points, letting the informalizer see the requirement up
to 3.0, and showing the judge the artifact up to 4.5.
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A Model sweep table

The values plotted in Figure 3] with the gemini-3.7-flash pairing in both roles as an extra row.

Table 4: Model sweep: other judges, with informalizer claude-haiku-4.5 unless stated. Macro
recall (mean of the confirmed and disputed recalls) &+ its 95% interval. The claimcheck rows
are the variant whose judge also sees the artifact.

Lean Isabelle Rocq Dafny
gemini: baseline 94.6 £12 948 £12 914419 914429
gemini: baseline + list 95.6 £1.1 952 +12 922 +18 95.6 £2.1
gemini: claimcheck 952 11 96.1 £1.1 92.8 £1.8 953 422
luna: baseline 63.4 2.1  60.7 2.1 61.1 £28 69.0 +4.6
luna: baseline + list 728 £22 752422 69.7 £26 84.0 £338
luna: claimcheck 82.0 2.1 859420 828 +25 87.6433
deepseek: baseline 54.7+12 625 +18 554417  T5.1 42

deepseek: baseline + list 552 +12  68.7 £20 543 £1.3  80.3 £39
deepseek: claimcheck 822 +19 838426 779 +£34 81.3435

gemini in both roles 94.7+12 950 +13 91.7419 953 +22

B Variant examples

Table 5: Every Dafny variant on one Clover program, swap. C1 is the only class where the requirement
is what is wrong: the contract is still a correct swap, but the requirement now asks for something else.
C2 narrows the contract to inputs where X==0. C6 returns the inputs unchanged. The control merges
two ensures clauses into one, which changes the text but not the meaning.

variant requirement contract label

original Swap two integers. ensures x==Y confirmed
ensures y==

docstring  mutated  Assign the second integer unchanged disputed

(Cc1) to the first integer.

contract mutated (C2)  Swap two integers. requires X==0 disputed

ensures x==
ensures y==X
ensures y==0

contract + body (C6) Swap two integers. ensures x==X disputed
ensures y==

control, meaning- Swap two integers. ensures (x==Y) && (y==X) confirmed

preserving

(merge_ensures)

Why C1 is kept and C3 is not. C1 has a polarity the rest of the benchmark lacks: the docstring is
the thing that is wrong, so the pair disagrees because of its requirement. The fourth released class,
C3, weakens docstring and contract in tandem. The pair then often still agrees with itself and would
be confirmed for our question even though Clover rightly calls it incorrect for its own, and that
agreement is not reliable enough to label the class by rule in either direction. Its 60 rows are therefore
left out of the benchmark, and labelling them by hand is future work. Clover’s own annotation of
how each variant diverges is retained on the rows we keep, so a directional question such as whether
a contract guaranteeing more than its docstring claims should count as unfaithful can be asked as a
filter rather than baked into the labels.

C Earlier results (before the row-name fix)

Row identifiers in our data record how each row was built:
putnam_1962_al__control__true_and on the PutnamBench slices, abs__C1 on Dafny.
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An earlier version of the harness rendered that identifier as the artifact’s name inside both
claimcheck prompts, while the baseline prompt never received it, so one arm could read the label
off a string the other never saw. The direction of such a leak is not obvious — a judge that trusts a
control tag accepts rows it should accept, and a semantic tag does the reverse — so it does not
simply inflate a score, it makes it uninterpretable.

Every figure in this paper was produced after that identifier was cut back to its base form, and no
row’s name, artifact or context now records how the row was made. The earlier runs are superseded
and we do not reproduce them here. They differed in three further ways: the judge was handed the
formal artifact alongside the informalization and told to be strict, which is the variant Section E]now
reports second; rows were batched rather than sent one per call; and the evaluation covered a SQL
slice derived from Spider, which the benchmark of Section 2] no longer contains. The released code
and data include that slice and those runs.
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