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ABSTRACT

Large language model (LLM) agents are rapidly improving on long-horizon sci-
entific and olympiad tasks. Recent systems have produced a Lean-formalized
resolution of the Navier—Stokes problem and autonomous solutions to four open
questions in the Erdds Conjectures database (OpenAl, 2026b; Feng et al., 2026).
Yet neither system releases both its underlying model and complete inference stack.
More broadly, a single agent session remains brittle on difficult problems: an early
error can propagate, missing domain knowledge can stall progress, and the agent
can appear to succeed after misreading or weakening the task. We introduce HOA
(Humanize Olympiads Agent), an open, flow-level framework that coordinates
multiple agent sessions through three complementary feedback channels. First,
an independent reviewer checks each candidate and returns actionable feedback.
Second, a structured wiki supplies task-specific knowledge that may be missing
or unreliable in model pretraining. Third, a verifier checks generated Lean proofs
against trusted challenge statements. With GPT-5.6 Sol, HOA reaches the perfect
score on IMO, IPhQO, and 101 2026, and near-full score on IChO 2026 problem
set and solves all 672 problems (100%) on PutnamBench. On the Lean-Eval
leaderboard, HOA ranks #1 with 251 of 304 problems solved (82.6%) (L.ean
Prover Community, 2026). Furthremore, we extend HOA’s results with the open
models — With Kimi-K3, HOA also achieves full score on IMO, IPhO,on IOI, and
gold-level 97.1% on IChO, which closely matches the closed-source GPT-5.6 Sol
+ /Goal baseline on IMO and IPhO and exceeds it on IChO and IOI, showing
that systematic feedback can compensate for substantial differences in base-model
capability.

Code: https://github.com/humanfia/hoa

1 INTRODUCTION

LLM-based agents can now carry out long sequences of reasoning and action. They browse and
synthesize evidence, develop and test code, construct mathematical arguments, and interact with
formal proof assistants. Systems such as Deep Research, the Al Scientist, and Al co-scientist show
how tools and iterative orchestration can turn a language model into a research workflow rather than a
single-response generator (OpenAl, 2025; Lu et al., 2024; Gottweis et al., 2026). Their performance
depends on both the base model and the harness: the prompts, tools, context management, execution
environment, and control flow that allocate the inference budget, but all these works do not reveal
those details. Community thereby needs open harnesses for those reproducible results.

Yet most evaluations treat a single agent session as the basic unit of problem solving. This design can
be easily integrated into the next generation model and is fragile for hard research-level problems.
First, a plausible but false intermediate claim can contaminate the rest of a long trajectory. Second,
more reasoning cannot supply a theorem, scientific rule, or algorithmic pattern that the model does
not know. Third, an agent may misread a requirement or weaken a goal—for example, by proving a
nearby statement or testing convenient cases—and appear to succeed without solving the original
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Figure 1: HOA replaces a brittle one-shot workflow with iterative review, knowledge retrieval, and
verification. The bottom row summarizes results from high-school olympiads to research-level formal
mathematics.

task. We refer to this last failure mode as problem misunderstanding and reward hacking. These
failures make longer single trajectories yield sharply diminishing returns.

We distinguish three levels of agents. At the model level, a direct API call returns an answer without
an execution environment. At the ool level, a CLI-harness such as Codex and Claude Code gives the
model tools to read files, execute code, and check intermediate results. At the flow level, a workflow
coordinates multiple agent sessions and tools. Humanize is a flow-level protocol that extends Codex
with an independent reviewer and a worker—reviewer revision loop (Liu et al., 2026b). The reviewer
helps detect hallucinations, problem misunderstanding, and reward hacking.

We propose HOA (Humanize Olympiads Agent), whose new contribution is an artifact-centered
acceptance protocol that routes structured knowledge retrieval, independent semantic review, and task-
specific objective verification through a shared worker—reviewer repair loop and accepts a candidate
only after all applicable gates pass. A worker constructs a candidate artifact and consults a structured
wiki when it identifies a knowledge gap. An independent reviewer checks the frozen artifact against
the original problem and acceptance plan, then returns specific findings to the worker. Semantic
review and objective validation remain separate gates. For mathematical tasks, the reviewer runs
verifier on the unchanged candidate before accepting it (Lean FRO, 2026). A result is accepted when
every required gate passes. Figure 1 and Figure. 2 explains how HOA solves a complex olympiad
question.

The three feedback channels address different failure modes. Review catches omitted cases, invalid
inferences, and solutions to the wrong problem. The wiki supplies missing knowledge. Verification
provides an objective, task-specific signal. HOA keeps these roles separate while applying all
feedback to the same evolving artifact. We evaluate HOA on high-school olympiads, college-level
competition mathematics, and research-level formal mathematics, and HOA achieves top performance
in various competitions and benchmarks. On the Lean-Eval leaderboard, HOA ranks #1 with 251/304
solves (82.6%) (Lean Prover Community, 2026).

Our contributions are:

* We introduce a flow-level worker—review framework for olympiads and frontier problems
solving. We add task-specific verification tools, together with a structured wiki that supplies
targeted, provenance-tracked knowledge, and thoroughly evaluate across various domains.
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Figure 2: Overview of HOA. The worker receives the problem, acceptance plan, tools, budget,
and prior feedback, and may retrieve provenance-bearing wiki records while building a versioned
candidate. An independent reviewer inspects the frozen candidate and returns semantic findings. The
worker and reviewer may both call the external verifier for objective checks. If any requirement fails,
the findings and diagnostics start the next bounded worker round.

* We introduce a flow-level formalization agents that can turn physics problems and figures
into typed Lean statements, checks them against the original problems, to enable later
agent-driven proof.

* HOA reaches state-of-the-art results: full scores on IMO, IPhO, IOI 2026, and near pefect
score on IChO 2026, all based on the latest competitions and there is no leakage. HOA also
solved 672/672 on PutnamBench including all problems from 1963 to 2023, and achieves
the #1 ranking on the Lean-Eval leaderboard.

* HOA also shows the potential of open harness plus open models. We extensively test open
source models and shows that HOA can boost the performance of open models and enables
open-weight models to match or surpass standalone closed-source agents.

2 RELATED WORK

2.1 LANGUAGE MODELS FOR FORMAL THEOREM PROVING

LLM-based theorem proving in Lean (Moura & Ullrich, 2021) includes specialized provers, tool-using
agents, and multi-stage systems. Specialized provers include TheoremLLaMA, Hunyuan-Prover,
the DeepSeek-Prover series, the Goedel-Prover series, and Kimina-Prover (Wang et al., 2024; Li
et al., 2025; Xin et al., 2024a;b; Ren et al., 2025; Lin et al., 2025b;c; Wang et al., 2025). Lean-STaR
interleaves reasoning and proof tokens during generation (Lin et al., 2025a), while AlphaProof uses
RL-based proof search at olympiad scale (Google DeepMind, 2024).

Tool-using agents query Lean during inference and revise failed proofs. AxProverBase and Numina-
Lean-Agent use compact agent loops (Requena et al., 2026; Liu et al., 2026a), while LongCat-
Flash-Prover integrates tool use into reinforcement learning (Wang et al., 2026). OProver repairs
failed proofs with compiler feedback and retrieved examples (Ma et al., 2026), and VERITAS routes
verifier feedback into critic-guided search (Acharya et al., 2026). Other systems add explicit proof
plans: Draft-Sketch-Prove translates informal proofs into formal sketches (Jiang et al., 2023); Hilbert
recursively decomposes goals (Varambally et al., 2026); Seed-Prover refines proof sketches (Chen
et al., 2025b;a); Goedel-Architect revises a global dependency graph (Chung et al., 2026); and LEAP
combines informal blueprints, decomposition, self-refinement, and Lean feedback (Kung et al., 2026).
HOA adds an independent worker—reviewer loop, reusable knowledge, and task-specific verification
across formal mathematics and multidisciplinary olympiad tasks.

2.2 LONG-HORIZON RESEARCH AND OLYMPIAD AGENTS

Research agents extend language models with browsing, code execution, and iterative control. Deep
Research supports extended browsing and synthesis (OpenAl, 2025); the Al Scientist covers ideation,
experimentation, writing, and simulated review (Lu et al., 2024); and Al co-scientist uses specialized
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generation, reflection, and ranking stages to refine hypotheses (Gottweis et al., 2026). AlphaEvolve
pairs LLM-generated programs with evolutionary search and automatic evaluators (Novikov et al.,
2025). MLE-bench further shows that both the base model and agent scaffold shape long-horizon
engineering performance (Chan et al., 2025).

Olympiad and research agents increasingly combine generation with iterative verification. Aletheia
uses a generator—verifier—reviser loop, browsing, and inference-time scaling (Feng et al., 2026). A
model-agnostic verification-and-refinement pipeline reaches IMO gold-level performance (Huang
& Yang, 2025), while domain-specific scaffolds support chemistry and broader science olympiads
(Xu et al., 2025). RMA combines literature search, a shared knowledge bank, and multi-round
proposer—verifier feedback for research mathematics (Zhao et al., 2026). In programming, Gemini 2.5
Deep Think solved 10 of 12 problems at the 2025 ICPC World Finals, a gold-medal-level result that
would have ranked second among the competing teams (Lin & Cheng, 2025). Generation, behavioral
clustering, and ranking have also reached gold-level IOI 2025 performance with open-weight models
(Samadi et al., 2026). HOA combines an independent worker—reviewer repair loop, a structured wiki,
and task-specific verification in one workflow, then applies it across mathematics, physics, chemistry,
and programming.

2.3 PROVER DRIVEN BY AGENT LOOPS

Formal provers increasingly use long-running agent loops. AxiomProver generated Lean proofs
for all 12 Putnam 2025 problems, although its public release provides proof artifacts rather than a
full system description (Axiom, 2026). Aleph Prover plans subproblems, checks them in Lean, and
updates a global plan; paired with GPT-5.2, it reports solving 668 of 672 PutnamBench problems
(Isenbaev & Hanin, 2026). These systems show that repeated planning and verification can scale
formal reasoning.

HOA builds on Humanize (Liu et al., 2026b), in which an independent worker and reviewer repeat
until explicit acceptance criteria are met. Related methods use self-critique, stored feedback, or
tool-grounded critique (Madaan et al., 2023; Shinn et al., 2023; Gou et al., 2024), but self-correction
can fail without a reliable external signal (Huang et al., 2024). HOA therefore separates generation,
review, and verification: the reviewer provides evidence and specific revision requests, and the worker
resubmits the revised artifact. For Lean tasks, Comparator builds the submission in a sandbox,
matches it against the trusted statement, restricts permitted axioms, and checks the proof with the
Lean kernel (Lean FRO, 2026). These checks matter because a proof can compile while using a
disallowed axiom (Vamshi & Yang, 2026).

Agent loops also benefit from external knowledge. Retrieval-augmented generation, ReAct, and
RARR combine model reasoning with retrieved evidence and external actions (Lewis et al., 2021;
Yao et al., 2023; Gao et al., 2023); LeanDojo and ReProver retrieve premises from Lean libraries
(Yang et al., 2023). HOA instead uses a bounded, task-specific wiki. Following Tau Ceti, Lean Pool,
and DreamProver (Tau Ceti Project, 2026; Ilin & Asher, 2026; Zhang et al., 2026), its mathematics
wiki turns accepted proofs into provenance-tracked lemma records. Its chemistry wiki draws from
textbooks, olympiad problems outside the evaluation set, and online references. Each run retrieves a
small set of relevant records.

3 METHOD

3.1 OVERVIEW

HOA is a flow-level agent framework built on Humanize (Liu et al., 2026b). It contains a worker, an
independent reviewer, a structured wiki, and a task-specific verifier. Let 2 denote the original problem
and a; the artifact produced at iteration ¢{. The worker constructs a, from x and prior feedback,
consulting the wiki when it can state a specific knowledge need. The reviewer checks semantic
correctness, while the verifier checks a machine-evaluable condition. For mathematics and physics
tasks, HOA uses Comparator as the verifier (Lean FRO, 2026). A candidate counts as solved after
every required gate accepts it.
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HOA combines three forms of feedback. Semantic feedback asks whether the artifact fully answers
the original problem. Knowledge feedback supplies missing facts or methods. Objective feedback
tests a machine-evaluable condition. These signals are complementary rather than interchangeable.

3.2 WORKER-REVIEWER LOOP

The worker—reviewer loop separates artifact construction from acceptance. In each round, the worker
produces or revises a candidate. An independent reviewer then evaluates the frozen candidate against
the original problem and acceptance criteria. Unresolved findings return to the worker as actionable
feedback for the next round. The loop ends when the reviewer declares the candidate complete or the
run reaches its resource limits. This separation lets the worker explore and repair without judging its
own output.

The worker maintains the evolving artifact. In the first round, it receives the problem, task instructions,
available tools, and acceptance criteria. In later rounds, it also receives the current artifact, reviewer
findings, and verifier diagnostics. The worker must address every reported issue. When it identifies a
knowledge gap, it sends a focused wiki query, incorporates the retrieved material with provenance,
and revises the artifact. It may call the verifier for immediate machine feedback, but it cannot accept
its own output or bypass review.

The reviewer receives the original problem, candidate artifact, acceptance plan, and a runner-generated
summary of the current round. It does not see the worker’s hidden reasoning or conversation history,
and the candidate remains read-only during review. This separation reduces anchoring and prevents
silent repairs. The reviewer instead returns findings that guide the next worker round.

3.3 WIKIS FOR DOMAIN-SPECIFIC KNOWLEDGE

HOA uses separate wikis for mathematics and chemistry because the two domains require different
forms of reusable knowledge.

Mathematics wiki. The mathematics wiki follows the reusable formal libraries developed by Tau
Ceti and Lean Pool (Tau Ceti Project, 2026; Ilin & Asher, 2026). After a mathematical problem is
solved and accepted, a curation agent extracts the main theorem and reusable intermediate lemmas
from the Lean development. Each record contains declaration names, Lean signatures, a short
description, the source problem, required imports, source locations, and verification status.

Chemistry wiki. The chemistry wiki is built before evaluation from textbooks, olympiad problems
outside the test set, and relevant online references. Agents organize the material into concept-centered
pages that cover definitions, reactions, formulas, experimental procedures, problem types, and
solution patterns. Each page records its sources.

We do not build separate wikis for physics or coding. IPhO and IOI required knowledges are largely
already presented in model pretraining. We focus the wiki on mathematics and chemistry, where
structured external knowledge provides greater value.

When the worker identifies a missing fact or method, it sends a focused query. The retrieval layer
searches Lean declarations in the mathematics wiki or concept pages in the chemistry wiki, then
returns a small set of records with source identifiers.

3.4 PHYSICS PROBLEM FORMALIZATION

We formalize each physics problem as a Lean theorem before asking the worker to prove it. We use
the open-source Science Mango pipeline (Humanfia, 2026), which receives the problem text and
figures. The pipeline first creates a blueprint that separates the physical laws, given values, results
from earlier parts, and the claim to prove.

An autoformalization agent grounds this blueprint in existing formal mathematics by querying Lean-
Explore (Asher, 2025), a search engine for Lean 4 declarations, over Mathlib (mathlib Community,
2020) and PhysLean (Tooby-Smith, 2024). It then writes typed Lean declarations with sorry proof
bodies. It preserves the roles and dimensions of physical quantities. When no library definition exists,
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the agent introduces a small local abstraction that retains the physical meaning. The target equation
is withheld before being presented to agents for solving. If the model cannot write the physical laws
as equations, it first produces a natural-language derivation and then autoformalizes that derivation.
A physics reviewer compares the Lean statement with the original problem and rejects missing laws,
omitted figure parameters, tautologies, and statements that assume the answer. Once the statement
compiles and passes review, it is frozen. The prover may fill the proof body but cannot weaken the
statement; semantic errors return for redrafting.

3.5 VERIFIER

The verifier determines whether the current candidate satisfies a machine-evaluable acceptance
condition. Its exit status and diagnostic log are retained as runner evidence. When verification fails,
the calling agent receives the diagnostic summary, and the candidate cannot be accepted.

For mathematical tasks and formalized physics task, the verifier is Comparator (Lean FRO, 2026). ,
which checks untrusted Lean submissions against trusted challenge statements. Comparator builds the
candidate in a sandbox, confirms that the submitted theorem matches the trusted challenge, restricts
permitted axioms, and validates the exported proof with the Lean kernel. Every mathematical problem
is encoded as a Lean theorem and counts as solved when Comparator accepts the candidate proof.
The reviewer remains responsible for detecting reward hacking and problem misunderstanding; the
verifier checks whether the stated theorem is proven. For coding task, the worker and reviewer can
create test cases and execute the code to see if the time limit is satisfied and if the answer is correct.

The reviewer and verifier play different roles. The reviewer is an agent in the worker-reviewer loop:
it assesses the artifact semantically, identifies reward hacking or problem misunderstanding, and
decides whether another revision is needed. The verifier is an objective, task-specific tool rather than
an agent in the loop. Both the worker and reviewer can call it when they need machine-evaluable
evidence about the current candidate.

4 EXPERIMENTS
4.1 EXPERIMENTAL SETUP

We evaluate HOA across tasks that produce different artifacts and use different verification signals.

Benchmarks. Our mathematics evaluation spans three levels. At the high-school olympiad level,
we use Axiom Math’s formalized versions of the six IMO 2026 problems (Axiom Math, 2026)
with a stricter binary scoring rule. A solution receives full credit if it is mathematically correct and
formalized as a Lean proof accepted by Comparator and the Lean kernel; otherwise, it receives zero
points. We compare the total with the gold-medal cutoff. At the undergraduate level, we use the
frozen 672-problem Lean subset of PutnamBench (Tsoukalas et al., 2024). At the research level, we
use the 302 formal theorem-proving tasks in Lean-Eval. PutnamBench and Lean-Eval use the same
Comparator and Lean-kernel acceptance rule.

We also evaluate physics, chemistry, and competitive programming on the official 2026 IPhO, IChO,
and IOI problems. IPhO and IChO responses are graded by an LLM judge according to their official
scoring rubrics, and human reviewers check the resulting grades. IOI submissions are graded by
Codeforces against hidden test cases. We compare each competition score with its 2026 gold-medal
cutoff. The ablation study additionally uses a 50-problem Physics Cup subset.

Models and baselines. Our main closed-source model is GPT-5.6. We compare a standalone
model (pure api call), a standalone agent (with codex harness), a standalone agent with wiki and
verifier, and full HOA. Cross-model experiments use the open-weight Hugging Face checkpoints
moonshotai/Kimi-K3, zai-org/GLM-5.3, and deepseek-ai/DeepSeek-V4-Pro
(Moonshot Al, 2026; Z.ai, 2026; DeepSeek-Al, 2026). We also compare with public Seed-Prover
and AxiomProver results when the task set and acceptance rule match.

Metrics. For binary tasks, we report solved count and pass rate. For scored competitions, we report
official raw points and whether the score reaches that year’s gold threshold. When the sample size
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Table 1: HOA results across three evaluation levels. HOA reaches the 2026 gold threshold on IMO,
IPhO, IChO, and IOI; solves all 672 PutnamBench problems (Tsoukalas et al., 2024); and improves
Lean-Eval from GPT-5.6s official 112/304 to 251/304, ranking #1 (Lean Prover Community, 2026).
The Lean kernel verifies every mathematics result. v/ marks an open-source release, and X marks a
closed-source system.

Benchmark  System Open Source Solved / Total
High-School-Level Competitions—Commercial Models GPT-5.6-Sol

IMO 2026 HOA (ours) v 6/6

IPhO 2026 HOA (ours) v 30/30

IChO 2026 HOA (ours) v 97.2/100

101 2026 HOA (ours) v 600 / 600

High-School-Level Competitions—Open Models Kimi-K3

IMO 2026 HOA (ours) v 6/6
IPhO 2026 HOA (ours) v 30/30
IChO 2026 HOA (ours) v 97.1/100
101 2026 HOA (ours) v 600 / 600
College Level Competitions
PutnamBench HOA (ours) v 672 /672
PutnamBench Harmonic (Achim et al., 2025) X 672 /672
PutnamBench Aleph Prover (Isenbaev & Hanin, 2026) X 668 / 672
PutnamBench Mistral Prover (Mistral Al, 2026) v 658 /672
PutnamBench Goedel-Architect (Chung et al., 2026) v 642/ 672
PutnamBench Seed-Prover 1.5 (Chen et al., 2025a) X 581/672
Research Level Problems
Lean-Eval HOA (ours) v 251/304
Lean-Eval AxiomProver (Axiom, 2026) X 246 /304
Lean-Eval Tau (caj.al) (Cajal Technologies, 2026) X 200/ 304
Lean-Eval Aristotle (Harmonic) (Achim et al., 2025) X 162 /304
Lean-Eval Seed-Prover (Chen et al., 2025b) X 156 /304
Lean-Eval GPT-5.6 official (OpenAl, 2026a) X 112 /304

permits, we report bootstrap confidence intervals over problems. Failures, timeouts, and budget
exhaustion remain in the denominator.

4.2 MAIN RESULTS

Table 1 shows consistent gains across all three evaluation levels. HOA meets or exceeds the 2026
gold thresholds on IMO, IPhO, IChO, and IOI and solves 672/672 PutnamBench problems. On
Lean-Eval, HOA solves 251/304 problems (82.6 %), compared with 112/304 (36.8 %) for the official
GPT-5.6 result—a gain of 139 proofs and 45.7 percentage points. Every formal proof is checked by
the Lean kernel. Although the scoring rules differ across fields, the same pattern holds: review and
revision convert failed attempts into accepted solutions.

4.3 AN OPEN MODEL WITH AN OPEN HARNESS CAN MATCH CLOSED-SOURCE AGENTS

Table 2 shows that HOA consistently improves performance across base models. At the pure Codex
level, the open models trail the closed GPT-5.6 model on most competitions; with HOA, Kimi K3
achieves full marks on IOL, IMO, and IPhO and nearly matches GPT-5.6 on IChO. Figure 3 shows the
same convergence on PutnamBench. Overall, the gap between open-model + HOA and closed-model
+ HOA is substantially narrower than the gap between their pure-Codex counterparts.
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Table 2: Cross-model results for HOA and pure Codex on the 2026 IOI, IMO, IPhO, and IChO
benchmarks. HOA improves performance across base models, with Kimi K3 + HOA nearly matching
GPT-5.6 + HOA. Colored subscripts show absolute changes from pure Codex.

Model 101 IMO IPhO IChO
GPT-5.6-s0l (size undisclosed)

+ /Goal 562/600 6/6  30/30 87.8

+ HOA 600/600.,; 6/6, 30/30, 97.2.,,
Kimi K3 (2.8T)

+ /Goal 400/600 4/6  30/30 65.0

+ HOA 600/600,,,, 6/6., 30/30, 971,45,
DeepSeek V4 Pro (1.6T)

+ /Goal 347/600 4/6  28.4/30 58.7

+ HOA 411/600,,, 4/6, 28.8/30,,. 60.7..,
GLM-5.3 (744B)

+ /Goal 249/600 2/6  28.3/30 54.8

+ HOA 428/600,,,, 4/6., 29.9/30,,, 58.8..

Table 3: Model-, tool-, and flow-level results on 50-problem subsets of PutnamBench and Physics
Cup. HOA performs best for every base model on both evaluations; colored subscripts show gains
over the model-level API baseline.

Model / Level PutnamBench Physics Cup
GPT-5.6-s0l
Model-Level (API) 3 31
Tool-Level (CLI) 46, 41,
Flow-Level (Humanize) 50+47 44+|3
Kimi-K3
Model-Level (APT) 1 35
Tool-Level (CLI) 4, 37.,
Flow-Level (Humanize) 47, 42,
GLM-5.3
Model-Level (API) 0 24
Tool-Level (CLI) 2.5 34,
Flow-Level (Humanize) 25,5 40, ¢
DeepSeek V4 Pro
Model-Level (API) 0 32
Tool-Level (CLI) 4., 35.;
Flow-Level (Humanize) 13“; 39+7

4.4 ABLATION STUDY

We compare three levels of scaffolding—a direct API call, the original Codex harness, and the full
HOA workflow—with GPT-5.6, Kimi K3, GLM-5.3, and DeepSeek V4 Pro. Table 3 groups the
results by base model and reports solved counts on PutnamBench and Physics Cup. HOA gives the
best result for every model on both evaluations. The PutnamBench results for these configurations
remain provisional.

4.5 ANALYSIS

Figure 4 compares cumulative Lean-Eval accuracy against worker time for HOA and Pure Codex with
/Goal. The evaluation uses the first 100 eligible problems in alphabetical order and retains every
failure. Pure Codex + /Goal reaches 34/100, while HOA continues recovering verified solutions and
reaches 63/100. We launch HOA and Codex for 150 hours in lean eval experiment. Pure Codex with
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Figure 3: PutnamBench solved counts across four system levels for Kimi K3 and GPT-5.6 Sol on the
first 50 problems. HOA raises Kimi K3 from 1/50 to 47/50 and GPT-5.6 Sol from 3/50 to 50/50. The
gap between the models narrows from 42 problems with Codex /Goal to 3 problems with the full
Humanize loop.
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(a) HOA and Codex solving convergence on Lean-Eval first 100 problems (b) HOA and Codex solving convergence on PutnamBench
Figure 4: Cumulative accuracy versus worker time for GPT-5.6 on the 100-problem Lean-Eval subset
(left) and Kimi K3 on the 50-problem PutnamBench subset (right). On Lean-Eval, Pure Codex +
/Goal plateaus at 34/100 after about 30 hours, while HOA reaches 63/100 over 150 hours. HOA
provides another scaling dimension: sustained agent time. Its review and revision loop converts
longer runs into verified solutions by recovering from intermediate failures. All failures remain in the
denominator. HOA’s full Lean-Eval result is 251/304 (82.6%), ranking #1.

/Goal gets saturated and makes no progress after about 30 hours, while HOA and continuouly make
progress throughout the process. The worker—reviewer loop turns this additional time into verified
solutions instead of letting the worker try the same method and always make the same mistake.

Wiki reuse in a Lean trajectory. The G5 tensor-square decomposition run shows how the mathe-
matics wiki acts as an executable interface rather than an unstructured hint. During the trajectory, the
agent retrieved three records that had passed Comparator and independent review. They formalize a
14-dimensional simple G5 quotient, a 64-dimensional irreducible highest-weight module, and the
classification of fourteen irreducible tensor-square types. The agent applied these Lean declarations
directly when assembling the final theorem instead of reproducing their proofs. The resulting artifact
passed Comparator and both the Nanoda and default Lean kernels. This example shows how verified
lemma records turn completed subproblems into typed, provenance-tracked building blocks for later
formalization steps.

5 CONCLUSION

Reliable long-horizon problem solving requires more than a promising initial idea. An agent must
detect errors, acquire missing knowledge, preserve the original specification, and determine when the
task is complete. HOA addresses these needs with a mandatory worker—reviewer repair loop, targeted
wiki retrieval, and task-specific verification. Comparator checks mathematical candidates against
trusted Lean statements, while programs retain their native execution tests.



Preprint

HOA reaches gold-medal-level performance on the 2026 IMO, IPhO, IChO, and IOI problems and
receives full credit on PutnamBench. On research-level mathematics, it improves GPT-5.6 from
112/304 to 251/304 solved Lean-Eval tasks, ranking #1. An open-weight model with HOA also
outperforms a closed-source standalone agent. These results show that workflow design is a major
source of capability rather than a thin layer around the base model.

Future work will explore parallel workflows and divide-and-conquer strategies that split complex
problems into smaller parts, solve them independently, and combine their results.

LIMITATIONS

Our evaluation covers a finite set of olympiad, programming, and formal-mathematics benchmarks,
so it does not establish that HOA generalizes to arbitrary scientific research or to domains without
reliable task-specific verification. Several reported results use closed model snapshots whose behavior,
availability, and training data are not fully documented; possible benchmark contamination therefore
cannot be ruled out. The comparison between workflows may also be affected by differences in
inference time, token budgets, tool access, and stopping behavior. In particular, longer multi-session
runs consume more computation than a single-agent baseline.

Comparator verifies agreement with trusted Lean statements, but this guarantee depends on the
correctness and fidelity of those formalizations. It does not by itself establish that an informal
problem was translated correctly. For chemistry, physics, and programming tasks, automated checks
likewise cover only the properties encoded by the evaluator. Finally, the current experiments do not
isolate every component interaction or fully characterize reviewer false positives and false acceptances.
These constraints limit both causal attribution and the strength of claims about reliability beyond the
evaluated settings.

Al USE STATEMENT

In this work, we used generative Al tools only for language polishing, grammar checking, and gener-
ating portions of the code. The research ideas, methodology, experimental design, and interpretation
of results were developed by the authors. We reviewed all Al-assisted text to ensure that it accurately
conveyed our intended meaning. LLM-generated code was verified and tested for correctness by
authors. We take full responsibility for the final content of this work, including all text, claims, and
artifacts produced with the assistance of generative Al.

ETHICS STATEMENT

The experiments use public benchmark and competition problems and involve no human subjects
or personal data. We will audit evaluation items for possible training contamination and report
the resulting uncertainty. Benchmark performance should not be interpreted as evidence of broad
scientific autonomy

REPRODUCIBILITY STATEMENT

We provide the HOA code supplement containing the workflow implementation, native agent runtime,
benchmark integration, the evaluation inventory, prompts, orchestration code, reviewer schema,
wiki snapshot and source manifest, verifier specification, model and tool versions, budgets, per-run
logs, and generated Lean proof artifacts. Section 4 lists the details of every benchmark and model
checkpoint.
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A APPENDIX

A.1 EVALUATION INVENTORY

The camera-ready version will list every evaluated problem with its benchmark version, competition
year, public release date, maximum score, HOA score, verifier type, Lean artifact identifier for
mathematical problems, and contamination-audit status. This inventory makes claims such as “perfect
score” and “gold-medal-level” precise.

A.2 REVIEWER RECORD TEMPLATE
Each reviewer record follows the schema below:

verdict: accept | revise
findings:
- location: <artifact span>
type: <error category>
evidence: <supporting evidence>
request: <minimal requested repair>

An accepted artifact has no unresolved findings. When a worker disputes a finding, the evidence and
final adjudication remain in the log.

A.3 ADDITIONAL RESULTS

The final appendix will report per-problem outcomes, confidence intervals, iteration curves, token and
tool distributions, Comparator confusion analysis, wiki retrieval audits, and representative trajectories.
To avoid selective reporting, the case studies will include successful repairs, false reviewer alarms,
false acceptances, and runs that exhaust their budgets.
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