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Large Language Models hallucinate, and even modern “reasoning” models can produce
arguments that look coherent but are logically invalid. Formal logic offers a rigorous alternative,
embodied in interactive proof assistants (Lean [14], Rocq [18], Isabelle/HOL [15], ... ). Recent
work has made striking progress on LLM-based proof construction in such settings [8, 1, 4, 11, 2],
using a range of strategies — whole-proof generation, proof-state search, and, increasingly,
agentic designs combining planning, tool use and iterative refinement.

We study how those advances translate to program verification, a setting both practically
relevant and structurally challenging: unlike formal mathematics, it requires reasoning about
executable artifacts, explicit specifications and subtle side conditions, under strict syntactic and
semantic constraints. We evaluate state-of-the-art agentic paradigms on CLEVER [19], a recent
Lean 4 benchmark for verifiable code generation. The work follows up on our prior experiments
(Appendix A), in which we found that agentic systems based on Claude Code outperformed
whole-proof generation models and symbolic tactics on the proof-generation tasks of CLEVER and
VERINA [22], and consistently identified (and often fixed) bugs in the benchmarks themselves.
Contributions. Our agentic Claude Code setup reaches a new state of the art on the full
CLEVER pipeline. Specifications: Claude generated specifications judged valid on 98.8%
of problems, of which 81.3% also passed CLEVER’s isomorphism check on the benchmark’s
non-buggy portion. Implementations: we certified 87.5% of Claude’s implementations against
the correct ground-truth specifications. End-to-end: we completed the full generation and
verification pipeline on 98.1% of entries with self-consistent premises. Beyond raw scores,
Claude produced well-argued suggestions about its own outputs, which we then verified by
hand; these suggestions exposed lingering bugs in CLEVER and motivate concrete alternatives
to isomorphism-against-ground-truth as an evaluation method for autoformalization.

Methodology

Benchmark. CLEVER [19] is a Lean 4 dataset of 161 problems adapted from HUMANEVAL [3].
Each entry pairs a natural-language docstring with a function signature and a ground-truth
specification problem_spec, and asks the model in successive steps to generate a specifi-
cation generated_spec (SPEC_GEN), a proof of isomorphism between problem_spec and
generated_spec (SPEC_ISO), an implementation of the function (IMPL _GEN), and a correct-
ness proof relating the implementation to the specification (PROOF _GEN). The four tasks
split into two stages: specification certification (SPEC__GEN+SPEC_1S0) and implementation
certification (IMPL_GEN-+PROOF _GEN).

Setup. We run the Claude Agent SDK on Claude Opus 4.6, primed with lean-lsp-mcp (Lean
LSP access + lemma-search over the project context and Mathlib) and lean4-skills (Lean-specific
instructions, tactic recipes and workflow patterns). Generation tasks use a short natural-language
prompt; proving tasks use leanj-skills’ /lean4:autoprove multi-cycle routine (3600s timeout).
We patched bugs and typos in the benchmark on a fork as we encountered them (leaving
ground-truth specifications, helper functions and theorem signatures untouched). At each task
completion we asked Claude to label the result with a status flag — OK, FAIL, ISSUE (provably
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impossible due to bugs, with rigorous supporting argument), and for proving tasks the refined
MISMATCH (both sides valid but distinct interpretations); see Appendix B. We cross-checked
Claude’s flags and found they were consistent with the benchmark evaluation harness results.
Claude further provided analyses (again human-verified) of each ISSUE and MISMATCH entry
identifying the source of the discrepancy (e.g. bugs in ground-truth vs generated specifications).

Results

We ran experiments on all four pipeline tasks using a variety of prompts of increasing detail
and guidance. In all cases we used a single attempt, since this proved enough for Claude to
produce specifications, implementations and proofs of consistently high quality, as confirmed
under manual inspection.

Specification certification. SPEC_GEN returned OK on all 161 entries across all our prompts
(simple, guided, and a multi-spec prompt enumerating distinct admissible readings). The results
of SPEC_ 18O however did not match: despite high-quality generated specifications, proving
isomorphism remained hard, with most failures stemming from bugs in the ground-truth itself.
We developed the sequence of prompts described in Appendix C to address this discrepancy, but
no amount of prompting could overcome the inherent limitations of this evaluation methodology.
Our final manual triage consolidated 65 OK , 81 ISSUE due to ground-truth bugs, 13 MISMATCH ,
2 FAIL . Claude thus generated at least one specification that judged as valid interpretation of
the description for 98.8% of entries, with 81.3% (65/80) also passing the isomorphism check
over non-buggy ground-truths.

Implementation certification. Starting from ground-truth problem_spec, IMPL _GEN suc-
ceeded on all entries; PROOF _GEN returned 104 OK, 9 FAIL, 48 ISSUE, of which we attributed
42 to ground-truth bugs (all within the 81 SPEC_1SO ISSUE entries). Restricted to the 80
problems with non-buggy ground-truth, we certified 70 implementations: 87.5%. We then re-ran
the pipeline on Claude’s own simple- and guided-prompt specifications, certifying 144 and 148
entries respectively; across both, 154/161 had at least one OK attempt: 98.1% end-to-end after
we excluded 4 entries with bugs in unchangeable benchmark components.

Discussion. Appendix C contains more detailed insights into the obtained results: per-prompt
breakdown for both the specification and implementation certification stages; an analysis of
the sources of ISSUE and MISMATCH flags; and the resources employed. Appendix D dissects
Problem 32, which condenses many phenomena.

Conclusions

Our experiments show that the Claude-based agentic setup almost saturates the CLEVER
benchmark, and together with our preliminary experiments they corroborate the claim that
compiler-in-the-loop agentic systems are the most effective scaffold for foundational program ver-
ification. We therefore expect other recent models to perform similarly under equivalent agentic
access to compiler feedback. Existing benchmarks no longer adequately stress modern agentic
provers, motivating a need for harder benchmarks and more rigorous evaluation methodologies.
Our results also expose structural limitations in how CLEVER is evaluated: isomorphism
scoring presupposes that the generated and reference specifications share a single intent, a
presupposition broken by the inherent ambiguity of natural-language descriptions [9] and the
latent freedom in specification form, as evidenced by our MISMATCH category. Pinning down
intent (precise descriptions, formalisation hints, LLM-judge disambiguation) is one route forward,;
where this is intractable, Claude’s self-analyses, property-based testing of specifications, and
certifying an implementation against the model’s own specification are pragmatic alternatives.
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A Preliminary Experiments

In prior experiments, we evaluated a suite of automated provers (agentic, specialised, and
symbolic) on proof generation on the CLEVER and VERINA [22] datasets, finding that agentic
paradigms substantially outperformed all alternatives. We summarise our findings here, both
because they directly motivate the present work and because some of those observations reappear,
refined, in our current results.

Setup. The earlier study focused exclusively on proof generation starting from ground-truth
specifications and implementations, a task outside the scope of either benchmark’s provided
harness. For this reason it relied on a custom distillation of the two datasets rather than on
their provided evaluation infrastructure: derivative versions (denoted CLEVER-P, VERINA-P)
were obtained by reusing the ground-truth specifications and implementations, with other
variants distilled to meet requirements for specific provers; natural-language descriptions were
not provided. This restriction also limited the CLEVER subset to the 49 entries (out of 161) for
which an implementation was available. The agentic configurations were further built on Claude
Opus 4.5 and on an earlier release of lean4-skills [7] that predated the current /autoprove
command, relying instead on the /fill-sorry command, and with three independent one-
shot attempts per problem. The benchmark releases evaluated were CLEVER v1.4.0 and a
contemporary VERINA build, both of which have since been partially patched in light of the
bugs we reported.

Provers. The evaluation covered three families. The agentic family included Claude Code
with lean4-skills and lean-lsp-mcp [6], and the Numina-Lean-Agent [13], a wrapper around
Claude Code combining it with an extended fork of lean-Isp-mcp, run with max_rounds=3. The
whole-proof generation family — specialised models trained or fine-tuned for formal verification —
was represented by Kimina-Prover-72B [21], with DeepSeek-Prover-V2 [17] and Goedel-Prover-
V2 [12] in the same class. The symbolic family covered Grind [20], LeanHammer [5], Aesop [10],
and Canonical [16]. We tested Aristotle [1], Harmonic’s high-level proof-state-aware Monte
Carlo Graph Search system, alongside as a separate state-of-the-art baseline.

Results. The evaluation revealed a clear performance hierarchy (Figure 1 and Table 1): agentic
systems based on Claude Code defined the state of the art, with Aristotle trailing by a small
margin; Kimina-Prover displayed pass rates much lower than reported on MINIF2F (7/32 on
CLEVER-P, 34/183 on VERINA-P), while symbolic provers provided a stable but significantly
lower baseline, consistent with their design as gap-fillers between assertions rather than full proof
generators. Considering only the verified-correct portions of the datasets, Numina-Lean-Agent
solved all 32 CLEVER-P entries, while Claude Code with lean4-skills and Aristotle solved 31 and

CLEVER VERINA

Prover examples ~ human eval basic advanced
Numina Lean Agent 5 (+1) 27 (+14) 102 (+2) 57 (+3)
Claude Code + lean4-skills 5 (+1) 26 (+8) 96 40 (+2)
Aristotle 5 23 (+9) 89 (+1) 43 (+2)
Kimina-Prover 4 N/A 3 N/A 31 N/A 3 N/A
Grind 2 3 (+1) 31 2
LeanHammer 1 3 13 0

Aesop 1 2 13 0

Canonical 0 0 0 0

number of entries 5 (+1) 27 (+16) 106 (+2) 77 (+4)

Table 1: Number of solved tests by each prover over the correct entries in the tested benchmarks.
Numbers in brackets represent the number of solved entries among the auto-fixed ones.
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Figure 1: Overview of prover performance on the CLEVER and VERINA benchmarks. Solid
bars indicate the number of tests solved on the verified-correct portions of each dataset, while
the patterned bar segments above show additional solved instances obtained after correcting
erroneous benchmark entries. Numbers annotated with a ‘4+’ denote the corresponding count of
these additional solves.

28 respectively; out of the 183 correct VERINA-P entries, the same three provers solved 159, 136
and 132. We attribute the high performance of the agentic systems largely to their direct access
to compiler feedback through their search and tool-use loop; the whole-proof-generation models
were tested in a single one-shot attempt without successive refinement on compiler feedback,
and their performance might improve substantially under iterative protocols.

We also found that Claude Code and Aristotle consistently identified errors in the benchmarks
themselves — Aristotle through its goal-negation search mechanism, Claude Code through its
natural-language replies (sometimes already proposing fixes and certifying the fixed statements
without being prompted to do so). Cumulatively, the provers identified 17 erroneous entries in
CLEVER and 6 in VERINA. When we then supplied the natural-language descriptions and the
previous proof attempts, Claude Code provided fixes for all of them and proved a substantial
fraction of the corrected statements: Numina-Lean-Agent proved 15/17 and 5/6 of the fixed
CLEVER and VERINA statements respectively, while Claude Code with lean/-skills proved 9/17
and 2/6, and Aristotle 9/17 and 3/6. We then classified the fixes (Table 2): most addressed
wrong specification logic (9 cases), implementation bugs (6) and missing preconditions (5), with
a few off-by-one and boundary errors (3).

CLEVER VERINA Total
Wrong Specification Logic 7 2 9
Implementation Bugs 4 2 6
Missing Preconditions 3 2 5
Off-by-One/Boundary Errors 3 3
Total 17 6 23

Table 2: Number of fixes per benchmark by kind.
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B Methodology Details
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Figure 2: Schematic overview of our experimental pipeline. The four generation and proof tasks
are identified in yellow: CLEVER’s original intended setup spans horizontally in red across the
top row, while other pathways represent our custom variations of the setup. The dashed portion
in the top-right corner is the preliminary experimentation setup of Appendix A.

Status flags. At completion of each task, Claude was prompted to assign a status flag to the
result, according to the following criteria:

e OK: task completed, no sorry remains, code compiles;
e FAIL: unable to complete, sorry remains or code does not compile;

e ISSUE: task is impossible due to bugs / incorrect assumptions, with rigorous supporting
arguments.

For SPEC__1S0, the ISSUE case is further split:

e MISMATCH : equivalence is unprovable because the specifications differ, yet both are valid
interpretations of the description and test cases;

e ISSUE: equivalence is unprovable because at least one specification is erroneous (contradicts
the description or test cases).

For PROOF _ GEN, the ISSUE case is similarly refined:

e MISMATCH : equivalence is unprovable because the specification/implementation differ,
yet both are valid interpretations of the description and test cases;

e ISSUE: equivalence is unprovable because the specification, the implementation, or both
are erroneous.
ISSUE entries were further analysed by source: ground-truth problem_spec, generated
generated_spec, or both for SPEC__1S0; and specification, implementation, or fixed benchmark
components for PROOF _GEN. MISMATCH entries (only encountered in SPEC_ 1SO) were classified
by whether the generated specification was strictly stronger or weaker than the ground-truth, or
neither.



Agentic Proving for Program Verification Sosso A., Arora A. and Spitters B.

C Detailed Breakdown of Results
Specification certification: per-prompt breakdown

Simple prompt. Our first run used a minimal prompt outlining only task instructions
and the expected input/output format. The SPEC_GEN task ran on the natural-language
description alone, matching the protocol of the original benchmark authors, and returned
OK on all 161 entries. The corresponding SPEC 18O run did not exhibit the same pass rate:
only 4 of the failures stemmed from synthesis timeouts, the remainder from non-isomorphic
specifications. Among these, Claude flagged 22 MISMATCH , 67 ISSUE due to bugs in the ground-
truth problem_spec, against only 9 attributable to bugs in the generated generated_spec
and 1 in both — classifications we then verified by hand. Within the 22 MISMATCH entries,
generated_spec was strictly stronger than problem_spec in 15 cases against only 1 instance of
the contrary, with the remaining 6 admitting neither direction — consistent with the tendency
of the ground-truth specifications towards less restrictive formulations.

Guided prompt. Our second prompt aimed to align the generated specifications more closely
with the ground-truth, without revealing it. We derived candidate guidelines from an automated
analysis of the previous run’s outputs and conversation traces, identifying recurring design
choices and patterns underlying the ground-truth specifications, and refined them by hand.
The guidelines covered: the structural pattern of the specification (existential statement of
termination and post-condition satisfaction, input constraints as implication guards), permissive
treatment of edge cases and degenerate inputs, the preference for relational over functional
formulations, recursive/inductive patterns, and Lean 4 syntactic recommendations. The prompt
also imposed a specific specification-body format and supplied the example usages and the
formal Lean test cases. SPEC__GEN again produced high-quality specifications conforming to
the format; SPEC 15O showed a decrease of ISSUE entries due to bugs in generated_spec
(down to 2), most of which now appeared as MISMATCH instead. MISMATCH entries rose to 31,
ground-truth ISSUE entries to 70, partly driven by ground-truth specifications now conflicting
with the supplied test cases. The strict-stronger skew was less pronounced (17 stronger, 8 weaker,
6 neither) but consistent in direction.

MISMATCH ISSUE FAIL
Stronger Neither Weaker  Ground-truth Specification Both Generated Specification

_ o+ [ -
T
o) B |
ST & E———

Figure 3: Distribution of output flags for SPEC__1S0 runs. The following color scheme will be
used throughout the paper: green for OK entries, red for FAIL, yellow for MISMATCH , blue for
ISSUE in benchmark components, orange for those in generated components, purple for issues
in both.

Guided
Multi-Spec Guided Simple

Final
(Manual)
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Multi-spec prompt. The infeasibility of proving the isomorphism for MISMATCH entries
stemmed from the generated specification not aligning with the ground-truth’s interpretation. We
therefore designed a third prompt asking Claude to output “all and only” valid interpretations
of the problem, varying across precondition boundary, edge-case permissiveness, quantifier
interpretation, operation semantics, and property strength. We tested this prompt on the
105 entries flagged as ISSUE or MISMATCH in the previous run. Claude generated up to 4
specifications per problem (avg. 2.76, 290 total). Running SPEC_1s0O on each, only 15 candidates
proved isomorphic to problem_spec, spanning 11 entries; 66 received ISSUE in at least one
attempt, 24 received MISMATCH overall.

Final classification. We consolidated the three runs through a final manual examination,
fixing classifications where runs disagreed and identifying lingering bugs not captured by the
automated flags (e.g. SPEC__1SO succeeding due to bugs in helper definitions). This pass also
confirmed that Claude’s per-entry classifications and arguments were reliable, accurate and
well-reasoned. The consolidated classification tallies 65 OK, 81 ISSUE, 13 MISMATCH and 2
FAIL (Figure 3).

Implementation certification: per-prompt breakdown

From ground-truth specifications. IMPL_GEN succeeded on all entries (Claude initially
flagged a few as ISSUE after identifying bugs in test cases, which we fixed). PROOF _GEN
produced 104 OK, 9 FAIL (timeouts) and 48 ISSUE. We attributed 42 of the 48 ISSUE flags
to the supplied specifications, and all of them fall within the 81 ISSUE entries from the final
SPEC_ISO classification. Bugs in ground-truth specifications partly explain this rate: Claude
sometimes produces a correct implementation that does not satisfy the erroneous specification.
Conversely, since Claude sees the specification at generation time, it can produce implementations
satisfying it; combined with the fact that many specification bugs are underspecifications, this
explains why several entries with bugged ground-truths still succeed at PROOF _GEN. Restricted
to the 80 entries with non-buggy ground-truth, we certified 70 implementations (87.5%).

From generated specifications. We then re-ran the pipeline on the specifications produced
by simple and guided SPEC__GEN. IMPL__GEN returned OK on all entries, with three exceptions
in the simple-prompt run where Claude detected a mismatch with the supplied test cases (the
simple SPEC__ GEN prompt did not include them). PROOF _GEN certified 144 entries in the

ISSUE FAIL

Benchmark  Specification Spec. & Impl.  Implement.

Figure 4: Distribution of output flags for PROOF _GEN runs. Note the change of coloring for
specification ISSUE between rows, as their source changes from the ground-truth to automatic
generation.

Generated
Ground-truth

(Simple)

Generated
(Guided)
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simple-prompt run (6 FAIL, 11 ISSUE ) and 148 in the guided-prompt run (6 FAIL, 7 ISSUE ).
After manual review, we found that the ISSUE entries originate from a few distinct sources:
bugs in the generated implementations (e.g. implementations with finite fuel that does not
generalise), bugs in the generated specifications (e.g. incorrect handling of borderline cases),
and the fixed elements in the benchmark itself.

Across both runs, 154/161 entries had at least one OK attempt (95.7% end-to-end). Excluding
4 entries with bugs in fixed benchmark components yields 98.1% (Figure 4).

Bug taxonomy and breakdown

Ground-truth specifications. 80/161 ground-truth specifications were flagged at least once
across our runs. Our manual review confirmed that the bugs cluster on Lean-encoding pitfalls
(48 problems): conjunct-as-guard patterns using (P A Q) in place of (P — Q) (15); precedence
bugs from omitted parentheses around A, —, <> (12); universal quantifiers over inputs where
the body is unsatisfiable (7); plus smaller counts of lossy Nat arithmetic, default-value access
via getElem! /get!, type-system mismatches, vacuous disjuncts, and trivial existentials. The
remaining 34 problems carry semantic errors: over- or under-restrictive constraints (10), missing
edge-case clauses (4), and overall wrong interpretations of the description (21). For 5 problems
(81, 99, 109, 130, 139), we identified two types of issue co-occurring.

Generated specifications. Claude-generated specifications fail in a semantic register, mis-
stating or under-specifying the relation, and rarely in a syntactic one (only two instances).
Within the semantic class, missing constraints dominate and wrong semantics are less frequent:
an effective inversion of the ground-truth profile, suggesting that Claude accurately formalises
valid interpretations. Guidance is effective: our design guidelines produced a five-fold drop
in issues (10 to 2) and the complete disappearance of missing-constraint and over-/under-
restrictive-constraint errors. Those errors reappear in the multi-specification run, reflecting
Claude’s intentionally more “adventurous” generation when asked to cover the interpretation
space.

Mismatches. MISMATCH entries reflect authoring choices rather than errors, often along
several dimensions per entry. 73 firings concern the boundary of the input domain (gaps in
preconditions, edge-case handling); 37 concern conditions on the function output (ordering
of lists vs. multisets, canonical forms); 22 concern structural and definitional choices; 10 are
semantic in nature (different but mathematically defensible formulations, quantification over
indices instead of values).

Implementations. We flagged issues in generated implementations for only 7 problems. Three
involve hard-coded bounded fuel (e.g. the 200-iteration Newton—Raphson loop of Problem 32;
see Appendix D) that does not suffice for the arbitrary inputs the specification quantifies over.
The remaining four are off-by-one indexing errors (Problems 47 and 163), a missing case (a
stationary point for Newton’s method in Problem 32 again), and a single wrong-algorithm choice
(Problem 116: numerical sort instead of sort by binary digit count).

Benchmark. Four problems carry issues in fixed, non-editable parts of the benchmark, which
neither the generated specification nor the generated implementation can repair. Problem 123
(collatz) and Problem 39 (prime_fib) require, respectively, a proof of the Collatz conjecture
and the open question of infinitely many Fibonacci primes. Problem 160 (do_algebra) ships a
fixed helper applyOp returning none on division by zero, which is not parsed by other parts of
the script. We discuss Problem 32 separately in Appendix D.
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C.1 Resources

All experiments ran on a HP FEliteBook 850 G6 laptop, as no particular computational resources
were required: the workstation hosted our minimal evaluation infrastructure and the Lean-related
routines accessed via MCP, while inference was performed through Anthropic’s Claude API.
Runtimes per solve were usually between 10 and 15 minutes for proving tasks (SPEC__1s0 and
PROOF _GEN), against around 90 seconds on average for formalisation tasks (SPEC__ GEN and
IMPL _GEN), with an exception for the multi-specification SPEC__GEN run averaging around 200
seconds. Costs per solve scaled linearly with time, on average around $0.3 for formalisation tasks
(80.5 for multi-spec SPEC__ GEN) and $2.0-2.5 for proving tasks. The longest-running instances
reaching the 1-hour timeout stood at around $10 per run.
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D A Notable Example: Problem 32

Problem 32 deserves a separate look, both because it is arguably the hardest problem in the
dataset and because it gathers in a single entry several of the phenomena we observed throughout
our evaluation. The task asks for a real root of an odd-degree polynomial given by its list of
coefficients.

Already in the preliminary experiments (Appendix A), we found the provided ground-
truth implementation to be incorrect: it was based on Newton-Raphson, which is not globally
convergent and can enter cycles even on simple polynomials. Following insight from the agent,
we replaced it with bisection initialised from the Cauchy root bound, with bisection fuel adaptive
in the bit-size of the coefficients, ensuring convergence to the target precision (see Figures 5
and 6).

At specification certification, no run produced a generated_spec that proved isomorphic
to the ground-truth. The reason was systematic: every generated specification required the
implementation to return an ezact root of the polynomial, whereas the ground-truth specification
only required an approzimate root within a fixed tolerance. The SPEC _GEN agent could not
have inferred this from context, since neither the description nor the example usages mentioned
approximation or any threshold for it. We flagged the corresponding entries either as MISMATCH
or as ISSUE in generated_spec.

Figure 5: Fix of CLEVER problem 32 generated by Claude Code.
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Here’s a summary of the fix and why it’s correct:

Root cause: Newton-Raphson is not globally convergent. Even with a correct derivative, it can
enter cycles (as shown by [2, -2, 0, 1] cycling between 0 and 1). No starting point is safe for all
polynomials.

Fix: Replaced Newton-Raphson with the bisection method, which is globally convergent:

1. findBound: Finds a bound b (starting from 1, doubling up to 2'°°) such that poly(b) and poly(-b) have
opposite signs. This is guaranteed to exist for odd-degree polynomials (even-length coefficient list)
with non-zero leading coefficient - exactly the docstring’s preconditions.

2. bisect: Standard bisection on [-bound, bound] with 1,000,000 iterations. Each step halves the
interval containing the root. After n steps, the interval has width 2:-bound / 2", giving astronomically
precise convergence - far more than needed for eps = 1076,

Verification against test cases:
- [1, 2] (1 + 2x): bisect finds mid = -0.5 where poly = 0 exactly in 2 steps
- [-6, 11, -6, 1] (x®>-6x2+11x-6): bisect converges to a value near root 1 with |poly| < eps

The fix has two changes to the implementation (spec unchanged):

Fix 1 - Cauchy bound initialization (lines 20-22): Instead of findBound xs 1 100, we compute the Cauchy
root bound 1 + > lail/la;| as the starting value. This guarantees the initial bound is already past all
roots, regardless of coefficient magnitude.

Fix 2 - Adaptive bisection fuel (lines 38-39): The bisection fuel scales with the total bit-size of
the coefficients (coeffBits * (xs.length + 1) * 40 + 1000000). This ensures enough precision even for
polynomials with large/steep coefficients.

Figure 6: Extract of Claude’s replies explaining the edits it made in fixing problem 32.

At implementation certification, no run succeeded either. Two factors compound: the intrinsic
difficulty of the implementation (global convergence of the root-finding method, Newton—Raphson
vs. bisection, finite fuel), already witnessed by the fix to the ground-truth implementation;
and the function signatures imposed by the benchmark, which require a rational return type
to side-step the fact that Real is not a computable type in Lean (as a developer comment
in the entry itself acknowledges). Any implementation is therefore incorrect on odd-degree
polynomials with no rational root, such as x> + 2. We flagged the PROOF GEN attempts
accordingly as ISSUE in either the implementation or the benchmark-imposed signatures. The
same observation explains why we flagged logically correct specifications as ISSUE at SPEC__ISO
time: any specification asking for an exact root must fail on polynomials without rational roots,
regardless of the implementation — a trap from which the ground-truth specification escapes
precisely by asking for an approximate root.

Problem 32 thus condenses several of the difficulties this kind of benchmark exposes: a literal
reading of the description leads to a specification incompatible with the structure imposed by
the benchmark; reconciling the two requires a creative workaround (here, an approximation
threshold); and the implementation itself calls for non-trivial mathematical insight.
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