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Abstract

We introduce TCS-BENCH, a benchmark for evaluating Large Language Models (LLMs)
on research-level Theoretical Computer Science (TCS) proof generation. TCS-BENCH consists
of theorem-proving tasks from papers published at top theoretical computer science venues
(STOC, FOCS, and SODA). Each task provides the necessary context to derive a self-contained
proof for a target result. We evaluate state-of-the-art models on this benchmark. We verify
the correctness of generated proofs via a verification agent, and further benchmark the verifier
against human-expert proof judgements on a set of target statements and generated proofs
pairs. Our reference verifier achieves over 90% accuracy on the expert labeled set.

1 Introduction

Over the last two years, Large Language Models (LLMs) have achieved superhuman performance on
a variety of standardized benchmarks, from professional exams to programming competitions [2
[, 10, 17, 29, 30, 36]. These successes have extended into the formal domain of mathematics,
where specially primed models have demonstrated the ability to solve problems at the level of an
International Mathematical Olympiad (IMO) gold medalist [g], suggesting that LLMs can emulate
rigorous mathematical logic.

Recently, these capabilities have crossed the threshold into open-ended scientific discovery with
models actively contributing to expert-level mathematical and scientific breakthroughs. For example,
Google’s Gemini Deep Think and its advanced variants have successfully collaborated with human
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researchers to solve open problems, refute conjectures, and generate novel proofs across theoretical
computer science, optimization, and physics [34],[IT]. An internal version of OpenAI’s ChatGPT
disproved the unit-distance conjecture [22] and other long-standing mathematical and theoretical
computer science problems [23]. Anthropic’s models have similarly been utilized to independently
discover counterexamples to long-standing conjectures [IJ.

However, these frontier-level successes highlight a critical limitation in how the Al community
evaluates language models: a significant gap has emerged between what state-of-the-art agents can
achieve in active research and what our standardized benchmarks can actually measure. We find the
research field to be a rich, sustainable, and challenging testbed for evaluating the next generation
of language models. Existing benchmarks, while valuable, fail to capture the core difficulties of
real-world mathematical research for several key reasons. First, competition problems like those
found in the IMO are typically self-contained, whereas research theorems are deeply embedded in
the context of bespoke definitions, notations, and previously established lemmas. Second, research
results frequently involve constructing a scaffold of interconnected results, a task that goes far
beyond finding a single, clever insight. To truly measure progress, we need challenging benchmarks
that more accurately reflect the work of human researchers.

1.1 Owur Contributions

To this end, we introduce TCS-BENCH, a new benchmark for evaluating an LLM’s ability to prove
theorems from cutting-edge Theoretical Computer Science (TCS) research papers. The task is
grounded in scientific practice: a model is presented with a target statement extracted from a paper
published at a top-tier conference, and is tasked with generating a proof. The challenging part is to
provide all required “basic” mathematical context required to prove the target statement. Our key
contribution is to provide a self-contained task that can be solved without access to the internet,
and that evaluates the ability of the models to come up with a proof from first principles and the
intermediate, state-of-the-art lemmas provided in the context. This is obtained by processing the
paper the task is extracted from and the target proof.

Furthermore, a central aspect in our task generation process is the ability to generate harder and
harder tasks by having a tight control over the generated context. Indeed, by masking intermediate
Lemmas used in the proof of the target statement, the task becomes harder. One can thus increase
the difficulty of the tasks by simply masking more and more intermediate results, all the way to
define tasks that consist in proving the main result of the paper.

Then successfully resolving a task requires a model to comprehend the surrounding context,
understand the intricate connections between lemmas and theorems, and generate a logically sound
proof that would provide a similar amount of details as the peer-reviewed proof extracted from
the paper. This format challenges models to perform the context-dependent reasoning that is a
hallmark of scientific discovery. Our contributions are as follows:

e TCS-BENCH, a benchmark composed of 300 theorem-proving tasks from papers published at
the top theoretical computer science venues, FOCS, STOC, and SODA, between 2020 and
2026.

e We develop and validate an automated proof verification system, achieving more than 90%
accuracy against human expert judgments on a held-out set of 100 human-labeled proofs.



Task Construction Overview. The foundation of our benchmark is a curriculum of statement-
proving tasks from publicly available conference proceedings and that can and should be solved
without requiring access to the internet. At a high level, we scrape and process the LaTeX source of
a paper, build the dependency graph of the statements (theorems, lemmas, claims, etc), and for
each of the statements we assemble multiple versions of the context needed to attempt the proof,
hiding varying subsets of dependencies. Each task is then packaged as a self-contained JSON entry
comprising three fields: a context, a target statement and a ground-truth proof. Full technical
details of the benchmark construction are given in Section [3]

Benchmark Overview. Tasks are selected to span a broad range of TCS subfields and, critically,
a broad range of difficulty levels. This stratification ensures that TCS-BENCH is informative across
the full capability spectrum of current and future models, rather than saturating at either extreme.
A model is evaluated on TCS-BENCH by generating a proof for each task in the benchmark and
submitting those proofs to an automated (and validated) verifier. We specify a reference verifier
and report all our baseline results using this to ensure reproducibility.

2 Related Work

Our work is situated at the intersection of benchmarks for mathematical reasoning, formal proof
generation, and the broader evaluation of Al in scientific research workflows.

Competition Mathematics Benchmarks. A significant body of work has focused on evaluating
LLMs on competition-style mathematics problems. Benchmarks in this area often draw from sources
like the International Mathematical Olympiad (IMO), testing a model’s ability to find clever insights
for well-defined, self-contained problems [B, 10, 20, 21l 29]. A notable success in this domain is
AlphaGeometry2, which demonstrated performance equivalent to an IMO gold medalist [14]. While
these benchmarks are invaluable for measuring discrete problem-solving abilities, their self-contained
nature does not reflect the challenges of genuine research [27]. In contrast, TCS-BENCH sources its
problems directly from published literature. This requires the model not just to solve a problem, but
to reason within the rich, interdependent theoretical context established by the paper’s definitions,
notations and prior lemmas.

Research-Level Mathematical Benchmarks. Recent work has begun to address the gap
between competition mathematics and genuine research. HorizonMath [32] presents over 100
predominantly unsolved problems from computational and applied mathematics, leveraging a
generator-verifier gap where solutions are hard to produce but efficient to verify through numerical
comparison or deterministic constraint checking. LemmaBench [26] takes a complementary approach
by automatically extracting and contextualizing lemmas from recent arXiv preprints, creating an up-
datable benchmark immune to contamination through continuous refreshment from new publications.
BrokenMath [25] evaluates a different failure mode—sycophancy in theorem proving—by perturbing
valid mathematical statements into plausible but false versions, revealing that even frontier models
attempt to prove false statements 29-70% of the time. TCS-BENCH shares with these works the
focus on research-level mathematics beyond competition problems, but differs in targeting proof
completion within the rich contextual dependencies of published theoretical computer science papers,



where success requires not just solving isolated problems but reasoning within an interconnected
scaffold of definitions and prior results.

Formal Theorem Proving. Another major direction of research focuses on benchmarking
LLMs for proof generation in formal languages using interactive theorem provers like Lean or
Coq [4, [6, 10, 18, 19]. This work evaluates a model’s ability to generate sequences of tactics to
construct a machine-verifiable proof, often within established formal mathematics libraries. Similarly,
benchmarks like MathConstruct test a model’s ability to generate a specific mathematical object
whose properties can be formally verified by an automated function [9]. This line of work is critical for
ensuring logical rigor. TCS-BENCH complements these efforts by focusing on a different but equally
important task: generating complete, human-readable proofs in natural language. The evaluation
challenge in our work shifts from formal machine-verifiability to assessing logical soundness within
the implicit argumentative structure of a research paper—a task that is more aligned with the daily
workflow of human mathematicians.

Al for Scientific Discovery. As LLMs advance, the focus of evaluation is shifting from solving
established problems to assessing their potential to accelerate scientific discovery [I1], 12, 16 [33
34, [35]. Recent work has demonstrated their utility across numerous domains, from chemistry and
biology to astrophysics |7} [13] [15] 24} [B1]. Our work aligns with a new class of benchmarks designed
to evaluate Al agents on complex, long-horizon scientific tasks. For example, PaperBench evaluates
an agent’s ability to replicate an entire Al research paper, a process that includes understanding
the paper, developing a codebase, and executing experiments to reproduce its empirical results [28].
This paradigm assesses a model’s practical utility in a realistic research workflow. TCS-BENCH
adapts this “research-as-benchmark” paradigm to the domain of theoretical computer science. While
PaperBench focuses on replicating empirical results, TCS-BENCH is the first to focus on replicating
theoretical contributions. By isolating the task to proof synthesis within the context of a research
paper, our benchmark provides a targeted measure of the sophisticated, context-dependent reasoning
required to contribute to the frontiers of mathematical knowledge.

3 The TCS Benchmark

TCS-BENCH evaluates a model’s ability to prove theorems drawn from cutting-edge theoretical
computer science research. Each task in the benchmark is a self-contained proof-completion problem
wherein the model receives a curated context comprised of definitions, prior lemmas and condensed
external references. Given this primer knowledge together with a target statement, the model is
tasked with producing a complete proof. Crucially, all tasks are derived from published papers whose
proofs have been systematically removed, so that success requires chains of complex mathematical
reasoning rather than simple memorization and recall.

3.1 Data Acquisition and Preprocessing

We construct the benchmark from papers published at FOCS, STOC, and SODA, between 2020
and 2026. For each paper, we obtain the IATEX source from arXiv, limiting our dataset to papers
released under permissive licenses (CC-0 or CC-BY-4.0) to ensure all benchmark content is legally
distributable.



Research proofs routinely invoke results from prior literature. To ensure tasks are self-contained,
we skip target statements whose proofs invoke external results without restating them.

3.2 Dependency Structure Construction

The core of our benchmark construction is a structural analysis that extracts the logical dependency
structure of each paper. This process produces a directed acyclic graph (DAG) over all formal
statements, where an edge from statement A to statement B indicates that the proof of B depends
on A.

To extract this graph, we first use a deterministic LaTeX parser to identify all theorem-like
environments (theorem, lemma, definition, corollary, etc.) and assign each a unique identifier. We
then employ an LLM-based analysis pass to:

e Map each proof environment to the statement it proves (non-trivial since proofs may appear
out of order or span multiple environments)

e Analyze the full paper to construct dependency edges—identifying when the proof of statement
B invokes statement A

We programmatically verify acyclicity and reject any paper for which the extracted graph contains
a cycle, as this indicates an extraction error.

From the DAG, we compute the rank of each statement as the length of the longest directed
path terminating at that node. Definitions and axioms have rank 0, and each subsequent layer
of derived results increments the rank. This ranking serves two purposes: it stratifies tasks by
difficulty (higher-rank proofs require reasoning about longer chains of dependencies), and it prevents
information leakage during context assembly (we can systematically hide all results of rank > r
when constructing a task for a rank-r statement).

Figure [1] illustrates an example dependency DAG extracted from a paper. The graph shows
how a main theorem (rank 3) depends on intermediate lemmas (ranks 1-2), which in turn depend
on foundational definitions (rank 0). Each blue node represents a proof-completion task in our
benchmark. Note that only statements that have corresponding \begin{proof}\end{proof} tags
in the paper are turned into tasks for our benchmark.

3.3 Task Construction

Each proof-completion task consists of three components: a context, a target statement, and a
ground-truth proof (withheld during evaluation). The key challenge in constructing high-quality
tasks is producing a context that is both self-contained (containing all information logically necessary
to derive the proof) and concise enough to fit within standard context windows. We achieve this
through the following procedure.

Initial Context Assembly. For a target statement s of rank r, we initialize the context by
concatenating () all resolved external reference digests, (i7) the paper’s text truncated at the start of
s’s proof, with two categories of redaction applied: all statements of rank > r are hidden to prevent
information leakage from later results, and all proof environments are removed. If any dependency
of s falls outside the truncated portion of the paper, we re-insert its statement into the context.



s A
Theorem T rank 3
Statement: “...”
Deps: {Lemma C}
. J
s A
Lemma C rank 2
Statement: “...”
Deps: {Lemma A, Lemma B}
. J
Lemma A rank 1 Lemma B rank 1
Statement: “...” Statement: “...”
Deps: {Def. 1} Deps: {Def. 1, Def. 2}
Def. 1 rank 0 Def. 2 rank 0
Statement: “...” Statement: “...”
Deps: & Deps: @

Figure 1: DAG example

Scalable Difficulty Tasks. To create tasks spanning a range of difficulties, we exploit the
dependency structure to generate multiple variants of each proof task. Starting from a base task
where all dependencies are provided in the context, we systematically withhold intermediate results,
requiring the model to discover and prove them on the way to the main target.

Ezxample. Consider proving Theorem T from Figure |1} which depends on Lemma C, which in turn
depends on Lemmas A and B. The base difficulty for prompting a model to construct a proof would
be to supply the model with all dependent results within the context (as depicted in Figure .
Furthermore, we can easily increase the task complexity by omitting a subset of the dependencies
(example prompting in Figure [3]). Thus, forcing the model to prove such intermediary results along
the way to the final claim. This procedure generates a spectrum of difficulties: at one extreme, all
dependencies are provided and the model need only combine them; at the other, the model must
reconstruct substantial portions of the paper’s proof architecture.

Context Compression. To make the tasks short enough to fit the standard context window of
10,000 tokens, we apply the following procedure.

First, we conduct iterative section pruning. Since many papers contains sections (e.g. related
work, motivating context) that are irrelevant to a given target statement, we iteratively parse the
section hierarchy of the assembled context and prompt an LLM to identify sections/subsections,/-
subsubsections that are entirely irrelevant to the target problem and its proof. Identified sections
are removed, and the process repeats until no further pruning is possible. Second, we apply an LLM



[CONTEXT]

Lemma A....
Lemma C. The sequence (up)nen is upper-bounded.
In the following, consider € > 0... ...

[TARGET STATEMENT]
Theorem T. Algorithm 2 terminates in polynomial time.

[GROUND-TRUTH PROOF]
Proof. We start by proving by induction that at the i-th iteration of the while-loop, at most

u; recursive calls are made.

Hence, by Lemma C, Algorithm 2 terminates in polynomial time. O

Figure 2: Base difficulty task (all dependencies provided)

shortner which, following section pruning condenses the remaining context (ie. shortening verbose
passages or tightening exposition) while preserving all mathematically essential content.

3.4 Quality Filtering

The context assembly and compression phases can potentially lead to some essential notations or
definitions to be removed from the context, either because of the LLM calls, or because the paper’s
structure is not well-suited to our dependency trimming. The final stage applies a comprehensive set
of automated checks to ensure that each task is well-posed, self-contained, and free of information
leakage. A task is rejected if any of the following conditions hold.

Structural Checks.

(i) The statement of ground-truth proof contains a figure or image reference, which cannot be
faithfully represented in a text-only task.

(ii) Any label introduced (ie. via the label command) in the proof or target statement also
appears in the context, indicating a potential leak of proof content.

(iii) The assembled task exceeds the 10,000 tokens limit after all compression passes.

(iv) The dependency set of the target statements is not fully covered by the union of the context
and the ground-truth proof.

(v) Any label referenced (via \ref or \cite) in the proof or statement is introduced anywhere in
the union of the context, statement, and proof, indicating an unresolved dependency.



[CONTEXT]

Lemma A....
In the following, consider ¢ > 0... ...

[TARGET STATEMENT]
Theorem T. Algorithm 2 terminates in polynomial time.

[GROUND-TRUTH PROOF]

We start by proving:

Lemma C. The sequence (uy)nen @ upper-bounded.

Proof of Lemma C. ...

Proof of Theorem T. We start by proving by induction that at the i-th iteration of the
while-loop, at most u; recursive calls are made.

Hence, by Lemma C, Algorithm 2 terminates in polynomial time. O

Figure 3: Task with omitted intermediary results to increase complexity.

Semantic Checks. Three independent LLM calls verify complementary aspects of task quality:

(vi) Well-definedness: all mathematical objects in the statement are defined in the context, and
the statement is syntactically and semantically valid.

(vil) Unambiguity and Correctness: the target statement admits a unique interpretation given the
context, and the ground-truth proof constitutes a valid proof of that statement.

(viii) Context Coherence: the context is mathematically coherent—it does not contain garbled text,
broken references, or nonsensical artifacts introduced by the compression pipeline.

Tasks that fail any structural or semantic checks are excluded from the final benchmark.

3.5 Task Formulation Summary

Each released task provides the solver with:

1. A self contained BTEX context (< 10,000 tokens) comprising definitions, prior results (with
proofs omitted), and condensed external reference digests.

2. A target statement to be proved.

The solver must produce a single, complete proof of the target statement, using KTEX for
mathematical notations. All justifications must follow from results present in the provided context
and the solver is prohibited from accessing the original paper or external sources. The ground-truth
proof is withheld and used exclusively for the evaluation.



4 Automated Proof Verification

A primary challenge in a benchmark like TCS-BENCH is the need for a scalable and reliable method
to evaluate the correctness of generated mathematical proofs. Manual verification by human experts
is prohibitively slow and expensive. To address this, we developed a specialized verifier agent, tasked
with deciding whether a candidate solutions constitutes a valid proof.

4.1 Verifier Design

The verifier’s goal is to make a binary decision (correct or incorrect) on a candidate proof for a
specific statement within a given context. It is aligned to tolerate trivial omissions common in
academic literature (e.g., “the rest follows by simple algebra”) but reject proofs with critical logical
gaps Or errors.

The verifier is provided with three key inputs: the task’s context and target statement that were
passed to the solver, and additionally the ground-truth proof. Then, four calls are made to Gemini
3.1 Flash, a cheap model, and a candidate proof is deemed correct if and only if at least three of the
four verdicts mark it as correct. Our prompt is provided in Appendix

4.2 Verifier Calibration

To design the verifier prompt, we generated proofs by running the solver on a set of tasks, disjoint
from the benchmark. Then, human experts reviewed them, and produced a set of 50 correct proofs
and 50 incorrect proofs. Finally, we ran the GEPA [3] improvement pipeline on this alignment task
to produce a prompt that achieves an accuracy of more than 90%.

5 Experimental Setup

We evaluate frontier language models on TCS-BENCH to establish baseline performance on research-
level mathematical proof generation. Our evaluation focuses on measuring the current capabilities
of state-of-the-art models when presented with proof-completion tasks drawn from cutting-edge
theoretical computer science research.

5.1 Experimental Setup

We assess the following frontier models: Gemini 3.1 Pro and Gemini 3.1 DeepThink, Opus 5, and
GPT 5.6 Pro. We also present an internal harness, COLOSSEUMthat we evaluate with both Gemini
3.1 Pro, Gemini 3.6 and a combination of both. All models were accessed via their respective API
endpoints or web interfaces using the most recent versions available at the time of evaluation. For
each task, we query the model with the context and target statement as described in Section |3] We
provide the exact prompt formatting in appendix

For models offering extended reasoning capabilities, we use the maximum publicly available
thinking budget to allow models to fully explore the problem space. Generated proofs are evaluated
using our automated verifier (Section . Each model attempts all 300 tasks in TCS-BENCH.



Table 1: Model performance on TCS-BENCH measured by accuracy.

Model Accuracy (1)
Opus 5 32.77
Gemini 3.1 Pro 30.3
Gemini 3.1 DeepThink 52

GPT 5.6 Pro (max) 68

Results & Analysis. Table [I] presents the overall performance of each model on TCS-BENCH.
The strongest performing model, GPT 5.6 Pro, achieves an accuracy score of 68%, successfully
proving 204 of 300 tasks. Notably, Opus 5, exhausts its token budget of 128K tokens before obtaining
an answer for 162 out of the 300 tasks, which negatively affects its performance.

Results & Analysis with COLOSSEUM The results above evaluate base models directly. We
also report results for COLOSSEUM, an agentic proof-search harness we run on top of a base model:
for each problem it explores several candidate proof strategies, decomposes the target statement into
subproblems, solves them, and assembles and revises a final proof. We do not describe COLOSSEUM
in detail here; the only property that matters below is that it is parameterised by its base model, so
the same pipeline can be run on different models to obtain independent proofs of the same problem.
COLOSSEUM also carries an internal verifier, which may decline to certify the proof it has produced;
a declined run still submits its best proof, so every problem receives a submission from every arm.

Selecting between two runs. Running COLOSSEUM on two different public base models yields
two independent proofs of every problem, and we select one of them automatically. Writing M; for
Gemini 3.1 Pro and My for Gemini 3.6 Flash, we submit M5’s proof when either

1. CoLOSSEUM’s internal verifier declined to certify M;’s proof, or
2. at most half of 8 independent critiques drawn from M judge M;’s proof to be correct,

and M;’s proof otherwise.

This critic is a component of COLOSSEUM and is distinct from the automated grader of Section [
The grader is used only to score final submissions; the selection has no access to it, to ground
truth, or to any human judgment. Prompts and per-run inference budget are unchanged from the
single-model setting.

On TCS-BENCH, the rule selects Gemini 3.1 Pro on 167 problems, with an accuracy of 84%
compared with 54% before filtering, and Gemini 3.6 Flash on the remaining 133, with an accuracy
of 47%.

Why cross-model. One might attribute the gain simply to a model being a poor judge of its
own proofs. The results suggest a more specific picture: a model’s self-acceptance carries little
information, whereas its self-rejection is highly informative. Among cases where Gemini 3.1 Pro’s
verifier accepts its own proof, 93.4% receive unanimous acceptance across verifier runs, leaving
little room for the acceptance signal to distinguish among proofs. In contrast, routing on self-
rejection alone raises accuracy from 54.0% to 63.7%. Cross-model critique provides a second, largely
independent signal precisely on the proofs that self-verification fails to distinguish. Gemini 3.6
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Solved / 300  Accuracy

CoLOSSEUM, Gemini 3.1 Pro 162 54.0%
CoLOSSEUM, Gemini 3.6 Flash 140 46.7%
COLOSSEUM, cross-model selection between the two 203 67.7%
Oracle best-of-two (upper bound, not achievable) 217 72.3%

Table 2: COLOSSEUM run on two different public base models, with automated cross-model selection
between the resulting proofs. All rows are graded by the automated grader of Section ] The oracle
row reports the fraction of problems solved by at least one of the two runs; it requires knowing the
answer and upper-bounds any selection rule.

Flash’s critiques of Gemini 3.1 Pro’s proofs separate correct from incorrect proofs with an AUC of
0.854, and incorporating this signal yields a further 4.0-point gain, bringing accuracy to 67.7%. The
two signals are complementary rather than redundant. On 47 problems, the critique overturns a
Gemini 3.1 Pro proof that its own verifier had accepted; among these cases, Gemini 3.6 Flash is
correct 21 times, compared with only 9 for Gemini 3.1 Pro. The direction of cross-model critique
matters more than the precise threshold. Gemini 3.6 Flash judging Gemini 3.1 Pro achieves an
AUC of 0.854, whereas Gemini 3.1 Pro judging Gemini 3.6 Flash provides a weaker signal, with an
AUC of 0.637. We therefore fix the stronger direction, selected using cross-model critique accuracy
measured on TCS-BENCH. By contrast, performance is largely insensitive to the critique threshold:
accuracy remains between 67.3% and 67.7% for every threshold from 0/8 through 5/8.

While we lack comprehensive human baselines, we note that all tasks in TCS-BENCH have
ground-truth proofs published by domain experts. The gap between the strongest model 68% and
perfect performance (100%) represents the current frontier of automated mathematical reasoning.

6 Discussion

We have introduced TCS-BENCH, the first benchmark evaluating LLMs on proof generation from
cutting-edge theoretical computer science research. Unlike competition mathematics benchmarks
testing isolated problems, TCS-BENCH requires reasoning within the rich contextual scaffolding of
research papers—navigating bespoke definitions, dependency structures, and chains of intermediate
results across 300 tasks spanning multiple difficulty levels.

A key contribution is our automated proof verification system achieving over 90% accuracy against
human expert judgments, enabling scalable evaluation without prohibitive manual verification costs.
The verifier tolerates stylistic variations common in mathematical writing while rigorously detecting
logical gaps—a balance essential for meaningful evaluation.

Our evaluation of five frontier models shows the strongest systems: Gemini 3.1 DeepThink
solves 52%, GPT-5.6-Pro solves 68% and Colosseum with a cross-model approach solves 67.7%.
While this demonstrates meaningful progress in automated mathematical reasoning, the gap to
perfect performance reveals substantial room for advancement. The stable performance ceiling across
all models suggests current architectures face fundamental limitations in constructing multi-step
mathematical arguments within complex dependencies.

We lastly note that TCS-BENCH is designed for longevity through continual addition of new
papers that postdate model training cutoffs, scalable difficulty via dependency-hiding that spans
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easy to extremely challenging variants, and rank-based stratification enabling fine-grained progress
tracking.
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A Omitted Details
A.1 Full Prompt Details

We present here the prompt formatting for requesting the evaluated model to prove a target
statement:

You are an expert mathematician. Your task is to provide a thorough and
correct proof for a mathematical problem (your Target Problem). This proof will
be used to benchmark your abilities as a mathematician.

To obtain your proof, you can assume and use any reference (lemma, theorem,
definition, etc) from the context below:

kokkkokkkkkk BEGIN CONTEXT kokokskskskskkkok
{CONTEXT}

sxkkkkkkkk END CONTEXT sokkkkskokskkxk
sxkkkkkkkk BEGIN EVALUATION CRITERIA ssskkkskskskokk

Recall that you can assume and use any of the mathematical statements provided
in the context above.

Your proof must be complete and valid. As a guideline, here is a non-exhaustive
list of criteria to evaluate your proof. You should use it, together with any
additional criteria you can think of, to evaluate any candidate proof before your
final response.

Evaluation Criteria:

1. *xLogical Rigor and External Assumption Check*x*:

- *xNo Unauthorized Constraints**: The proof must not introduce arbitrary
numerical constraints or "safety margins" to simplify the proof (e.g.,
assuming k > 2, assuming € is sufficiently small, or assuming sets are
non-empty) when such constraints are not explicitly stated in the target
statement or the context.

- *xStrict Lemma Adherencex*: Every step must follow strictly from the
provided context or standard mathematical knowledge. Applying a theorem
without explicitly verifying all its preconditions (as defined in the
context) is a failure.

- **Case Integrity**: If the proof involves case-splitting (e.g., ¢* < T vs

5k

1* = T 4 1), the proof must address these specific boundaries. Skipping a
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boundary case or "merging" distinct logical paths via hand-waving results in
a failure.

2. x*xxVariable Alignment and Property Scopex*x:

- **Property Scope Integrity**: Properties must only be applied to the
specific variables for which they are defined. If the proof generalizes a
property of a subset to a larger set then this constitutes a failure (e.g.,
applying a u-uniformity property defined for "outer queries" 75 to the "total
queries" T, or applying a property of a specific index j to all indices ¢
without proof).

- **Index and Set Precision**: The proof must maintain the integrity of sets
(e.g., B vs B*, S; vs S;_1) and indices. Misidentifying a variable or
applying a property to the wrong time step or set is a fatal error.

3. *xSemantic Integrity and Jargon Detection**:

- x*No Hallucinated Logic/Word Salad**: If the proof uses repetitive,
nonsensical, or overly dense jargon to mask a lack of logical depth,
then this is a failure. The proof must be linguistically coherent. If
a paragraph consists of technical terms strung together without clear
propositional logic (e.g., "mapping limits matching identical parameters
constraints mapping"), it is a failure.

- *xNo "Standard" Hand-waving**: The proof cannot skip non-trivial derivations
by claiming they are "standard", "trivial", etc.

4. *xxQuantitative and Limit Accuracy*x:

- **Derivation Accuracy**: Any error in arithmetic, algebraic manipulation, or
inequality direction will automatically invalidate the proof.

- **Boundary and Floor/Ceiling Precision**: Bounds must be exactly supported.
For example, if a floor function |k~ ¢| is used, the proof must account for
all valid values of k (including k¥ = 1) unless the prompt restricts them.
Failure to do so, invalidates the proof.

5. **Self-Containment*x*

- **Citations**: Citing external papers to utilize their lemmas, theorems,
or proofs is strictly forbidden to prevent hallucinations; unless both the
citation and the referenced lemma, theorem, proof, etc, is explicitly stated
in the context.

6. **Additional Criteriaxx*

- *xMaximum scrutiny**: You must think of any additional criteria that the
proof must meet to be correct and ensure your proof passes them. This is
for your own benefit, to maximize the chances that your proof is correct so
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that you can pass the benchmark. You have no incentive to avoid thinking of
additional criteria because then you may miss a bug in the proof and fail the
benchmark.

sokkxkkkkkkk END EVALUATION CRITERIA skkskskskskskkskk
*okkkkkkkkkx BEGIN FINAL RESPONSE FORMAT skokokskokskskskokok

Once you have completed your reasoning, have obtained a proof that passes all
evaluation criteria, and are ready to submit your final answer, your final output
should be the proof in latex format.

- DO NOT include any other text, reasoning, or formatting in your final
submission turn.

- If you have the ability to store your answer in a file, DO NOT use it. The
proof should be in your final response.

*xxkkkkkkk END FINAL RESPONSE FORMAT #xxkokkkxskokok
With this in mind, you are tasked to prove the following target statement.
Target Problem (your task):

{TARGET STATEMENT}

The following is the prompt used to query our verifier model to check a proofs correctness against
a ground-truth result.

# Instructions

Your task is to evaluate whether a provided ‘student_answer’ correctly and
rigorously proves the ‘Target Problem’ using only the definitions and lemmas
found in the ‘solve_promp’. You must compare the student’s logic, variable
tracking, and quantitative derivations against the ‘ground_truth_proof‘.

Evaluation Criteria:

1. =*xLogical Rigor and External Assumption Check*x*:

- *xNo Unauthorized Constraints**: Mark as "0" if the student introduces
arbitrary numerical constraints or "safety margins" to simplify the proof
(e.g., assuming k& > 2, assuming € is sufficiently small, or assuming sets
are non-empty) when such constraints are not explicitly stated in the
‘solve_prompt¢.

- **Strict Lemma Adherencex*: Every step must follow strictly from the
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provided lemmas. Applying a theorem without explicitly verifying all its
preconditions (as defined in the ‘solve_prompt‘) is a failure.

- *xCase Integrity**: If the ‘ground_truth_proof‘ relies on specific
case-splitting (e.g., ¢* < T vs ¢* = T + 1), the student must address these
specific boundaries. Skipping a boundary case or "merging" distinct logical
paths via hand-waving results in a "O".

2. x*xVariable Alignment and Property Scopex*x*:

- *xProperty Scope Integrity**: Properties must only be applied to the
specific variables for which they are defined. Mark as "O" if the student
generalizes a property of a subset to a larger set (e.g., applying a
u-uniformity property defined for "outer queries" 75 to the "total queries"
T, or applying a property of a specific index j to all indices ¢ without
proof) .

- **Index and Set Precision**: The proof must maintain the integrity of sets
(e.g., B vs B*, S; vs S;_1) and indices. Misidentifying a variable or
applying a property to the wrong time step or set is a fatal error.

3. *xSemantic Integrity and Jargon Detectionx*x:

- x*No Hallucinated Logic/Word Salad#*: Mark as "O0" if the student uses
repetitive, nonsensical, or overly dense jargon to mask a lack of logical
depth. The proof must be linguistically coherent. If a paragraph consists
of technical terms strung together without clear propositional logic (e.g.,
"mapping limits matching identical parameters constraints mapping"), it is a
failure.

- **No "Standard" Hand-waving**: The student cannot skip non-trivial
derivations by claiming they are "standard," "trivial," or "harmonious" if
those steps rely on specific lemma interactions shown in the ground truth.

4. **Quantitative and Limit Accuracyx*x:

- **Derivation Accuracy**: Mark as "0" for any error in arithmetic, algebraic
manipulation, or inequality direction.

- **Boundary and Floor/Ceiling Precision**: Bounds must be exactly supported.
For example, if a floor function Lk’ej is used, the student must account for
all valid values of k£ (including k = 1) unless the prompt restricts them.

Output Format:

- If the ‘student_answer‘ is a valid, rigorous, and self-contained proof that
correctly applies the provided materials, respects variable scopes, avoids
external assumptions, and matches the logical depth/cases of the ground
truth, output exactly "1".
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