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Abstract

Long-horizon LLM-agent swarms promise to turn frontier models into discovery
engines, but they fail when agents are allowed to own the two states that determine
progress: trusted evaluation and persistent memory. Without an external evalu-
ator, agents reward-hack local reports, trust stale or incomplete validation, and
claim improvements that do not survive independent checking. Without shared
memory, independent agents waste budget re-discovering hypotheses that earlier
agents have already falsified. We introduce FOUNDRY, a host-coordinated control
plane for scientific and engineering discovery swarms. Its design follows one
principle: agents propose, while the host verifies and remembers. The host owns
an authoritative evaluator, an established-facts registry that compounds evidence
across independent agents, and a hypervisor — orchestrator — solver hierarchy that
routes work through file-based mailboxes under token budgets. This host-owned
trust-and-memory substrate is model-agnostic, supports both phased waves and
long-lived swarms, and can resume runs across hundreds of millions of tokens.
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15 Across combinatorial mathematics, GPU-kernel engineering, and computational
16 biology, FOUNDRY instantiates without per-domain harness changes and improves
17 the public state of the art under host-verified scoring. It tightens the best-known up-
18 per bound on the Erd6s minimum-overlap constant, achieves the fastest GPUMode
19 TriMul kernel runtime on H100, and matches the state-of-the-art on the Open-
20 Problems single-cell denoising benchmark. These results suggest that progress in
21 agentic discovery depends not only on stronger agents, but on the system boundary
22 that separates untrusted proposal generation from trusted verification and memory.

23 1 Introduction

24 Agentic Al is shifting from merely pursuing stronger base models toward asking how intelligence
25 should be organized. Recent systems increasingly translate ideas from human organizations, bio-
26 logical collective behavior, and systems engineering into computational substrates for agents: roles,
27 delegation, verification, memory, routing, and feedback. Swarm intelligence offers one such blueprint:
28 classical swarm systems show how simple agents can produce adaptive collective behavior through
29 local interaction, self-organization, and environmental feedback [Beni and Wang, 1993]. The same or-
30 ganizing principle is now reappearing in LLM-agent discovery systems, where populations of agents
31 search over programs, constructions, kernels, and experimental procedures, then use archives, valida-
32 tors, and feedback to turn individual attempts into collective progress. Systems such as FunSearch,
33 AlphaEvolve, TTT-Discover, OpenEvolve, and ShinkaEvolve have already advanced mathematical
34+ bounds, GPU kernels, matrix-multiplication routines, computational-biology tasks, and combinato-
35 rial search problems [Romera-Paredes et al., 2024, Novikov et al., 2025, Yuksekgonul et al., 2026,
36 Sharma, 2025, Lange et al., 2025].
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Yet as these systems move from isolated attempts to long-horizon swarm runs, their system structure
becomes the bottleneck. First, the trusted score is often operationally coupled to the agent: the same
agent that proposes a candidate also runs local validation scripts, times the candidate, and reports the
resulting number. Second, cross-attempt memory is usually organized as a flat archive of candidate
programs, rather than a structured record of hypotheses that have been supported, contradicted, or
falsified. It does not preserve the boundary of what has already been tried and ruled out. Actually, for
long-horizon swarms, this negative knowledge is often the scarce resource.

These two design choices result in two compounding failure modes. (1) Collapse of the trust boundary:
When the only evaluator the agent can see is its own local report, the agent can optimize the report
rather than the underlying quantity. (2) Wasted re-derivation: When independent solvers work in
parallel without host-owned shared memory, each agent privately rediscovers the same negative
results, such as “annealing past the local minimum does not help” or “step-like perturbations
are unstable past resolution n = 64”. A few thousand dollars of frontier-model agent time can
therefore evaporate into redundant computation that the next agent will repeat. Existing multi-agent
frameworks [Wu et al., 2023, Hong et al., 2024, Qian et al., 2024] pass messages between agents, but
the message a discovery swarm most needs is not merely “what should I work on next”; it is “what
has every prior agent already shown does not work” .

The field has spent the last year asking “how do we train better discovery agents?” The TTT-
Discover, EvoTune, and ThetaEvolve lineages answer by adding training-time signal at inference
time [Yuksekgonul et al., 2026, Surina et al., 2025, Wang et al., 2025b]. We argue this is the second
question. The first is structural: “how do we organize frozen agents so they compound their own
progress?” Both failure modes above share a root cause: the agent owns the evaluator and the shared
memory. Civilization’s progress-compounding institutions take the opposite stance. Peer review uses
parties with no interest in the result; open-source code review merges commits by reviewers who did
not write them; replicated experiments are the only ones that count. The collapse of that separation
into the agent itself is what produces both reward-hacking and wasted re-derivation. The training-free
evolutionary lineage [Romera-Paredes et al., 2024, Novikov et al., 2025, Sharma, 2025, Lange et al.,
2025] grounds candidates against an external scorer, which addresses the first half of this collapse, but
its archive carries forward candidate programs, not falsified hypotheses, and the trusted scoring code
typically lives inside the same process the agent runs in. The structural fix is to move both invariants
out of the agent: the trusted score, and the cross-agent memory of what has already been ruled out.

We propose FOUNDRY, a host-coordinated metaharness for long-horizon agent swarms. FOUNDRY
treats agents as frozen proposal generators: they may search, edit, test, and propose findings, but they
do not own the trusted score or the persistent memory. Both are host-owned invariants. The host
process owns three mechanisms that agents do not. First, it owns a trusted evaluator that re-derives
every accepted score from first principles and never trusts the agent’s reported scores or findings. The
same evaluator is mounted read-only inside the agent container so that agents can self-check, but
modifying local code cannot affect the authoritative run. Second, the host manages the findings of the
agent swarm, driving strategy diversity across the swarm by injecting select findings and instructions
into subsequent agent prompts according to swarm-level signals. Third, the host owns a hypervisor
— orchestrator — solver hierarchy that routes work through file-based mailboxes under a run-level
token budget. Across both phased waves and long-lived swarms, the same invariant holds: agents
propose; the host verifies and remembers.

In summary, we make the following contributions:

1. From the trust perspective, we identify a structural failure mode in long-horizon discovery
swarms: agents are routinely allowed to own both the evaluator and the memory, collapsing the
trust boundary and preventing progress from compounding across attempts. This motivates a strict
separation in which the host re-derives every accepted score from first principles and never trusts
the agent’s reported number (Section 3).

2. From the system perspective, we introduce FOUNDRY, a host-coordinated metaharness
for frozen frontier coding agents such as Claude Code and Codex, organized as a hypervi-
sor — orchestrator — solver hierarchy that routes work through file-based mailboxes under a
run-level token budget (Section 3). Its central design principle is that trust and memory live at the
host, not in the agents.

3. From the memory perspective, we design a confidence-weighted established-facts registry
with explicit promotion states (candidate/supported/established/retired) driven by
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independent support and contradiction, allowing future agents to inherit not only successful
programs but also falsified hypotheses (Section 3).

4. Across three discovery benchmarks spanning combinatorics (Erdés minimum-overlap C5), GPU
kernel optimization (H100 TriMul), and scientific machine learning (OpenProblems Denoising),
FOUNDRY delivers improvements without per-domain harness changes: a tighter upper bound on
C5, a faster TriMul kernel, and matches the current state of the art on OpenProblems Denoising
(Section 4).

2 Related work

Context and memory management for long-horizon LLM agents. Recent LLM systems it-
eratively improve outputs by incorporating feedback from prior attempts. Editable-context and
hierarchical-memory approaches [Zhang et al., 2026, Packer et al., 2024] organize past information
across iterations; reflective methods [Shinn et al., 2023, Madaan et al., 2023] feed model-generated
feedback into subsequent prompts; and test-time search and scaling [Yao et al., 2023, Snell et al.,
2024] structure inference and the rollout-verifier mix. These approaches improve organization and
reuse within a single session, but neither cross independent agent sessions nor separate the trusted
scorer from the agent.

LLM-driven evolutionary search and discovery. A second line pairs LLMs with cross-attempt
archives. FunSearch [Romera-Paredes et al., 2024] uses island-based program archives; AlphaE-
volve [Novikov et al., 2025] adds MAP-Elites and multi-objective scoring across roughly fifty open
mathematics problems; open-source replications and extensions [Sharma, 2025, Lange et al., 2025]
build on AlphaEvolve with novelty-driven selection. AlphaTensor and AlphaDev [Fawzi et al.,
2022, Mankowitz et al., 2023] train AlphaZero-style policies on specialized architectures for matrix
multiplication and sorting. A learning-based thread adapts the generator via test-time RL or online
DPO [Yuksekgonul et al., 2026, Surina et al., 2025, Wang et al., 2025b]. K-Search [Cao et al., 2026]
replaces the flat archive with a structured world-model search tree for GPU kernels. Across these
threads, cross-attempt memory is an archive of candidate programs and the trusted scorer is typically
a Python function inside the agent’s own process.

Multi-agent orchestration frameworks. Multi-agent LLM frameworks [Wu et al., 2023, Li et al.,
2023, Hong et al., 2024, Qian et al., 2024, Wang et al., 2025a] provide message-passing, role-
assignment, and conversation-management primitives. They organize how agents talk to each other
but neither contribute SOTA-advancing mechanisms nor enforce a host-resident trust boundary; they
sit underneath FOUNDRY rather than competing with it.

FOUNDRY differs from these lines on two structural axes. The trusted evaluator is host-resident and
unreadable from inside the container (§3); the agent’s reported score is replaced by an independent
host-side recomputation. The cross-attempt memory is a confidence-weighted hypothesis registry
with promotion semantics (§3), not a flat archive: it carries forward falsified hypotheses, demotes them
on cross-source contradiction, and re-injects survivors into every subsequent agent’s prompt. The
same coordinator drives three unrelated benchmarks under three ProblemSpecs with no per-domain
code changes (§3), under both phased waves and long-lived swarms; the result is a training-free
system that compounds progress across independent agents.

3 FOUNDRY

FOUNDRY implements three design choices that move trust and memory out of the agents. The
trusted evaluator & is host-resident, with only a read-only mirror &,, exposed to each policy ;. The
cross-attempt memory M, is host-curated: only the host writes to it, and only the injection ¢ exposes
it to a future policy. The policies themselves are realized as two roles: a pool of M frozen LLM
coding agents that act as solvers, and a single orchestrator that reads solver transcripts and curates
M. Algorithm 1 states the resulting discovery loop.

Trust boundary. The host owns the authoritative copy of £ and re-runs it on every accepted candidate;
the agent sees only &,,, which lets a policy self-check its work but cannot affect what the host accepts.
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Figure 1. FOUNDRY’s host-owned control plane. The coordinator loads state and launches the swarm; the
problem adapter layer supplies schemas, prompt builders, a program bank, and the trusted-evaluate entry point.
The host-owned control plane sits outside every solver container and exposes three components to the run: a
trusted evaluator that recomputes scores, a facts registry that promotes findings from candidate to established,
and an orchestrator that routes guidance. Containerized LLM coding-agent solvers receive prompts and guidance
from the host and return artifacts and findings. The invariant that trust and shared memory remain host-owned
is enforced by the dashed shared-state checkpoint boundary; the durability layer (process supervision and a
run-level budget sentinel) keeps long swarm runs recoverable.

For each submission az(-t) = (:vgt)7 §z(.t), Fi(t)), the host accepts the candidate iff

o(z") =1 and |E@) 57| <, (1)

where @ is a problem-specific schema validator. Mismatches are logged and discarded; findings Fi(t)
are processed independently of acceptance, so a rejected candidate may still contribute hypotheses to

M.

Host-curated cross-attempt memory. The memory M, preserves findings across agents and
across rounds, so independent solvers do not re-derive the same negative results (e.g., “warm starts
upsampled by non-integer ratios inflate Cy”). Because ¢ is the only inter-policy channel, no solver
observes another’s intermediate state; cross-agent influence flows entirely through findings the host
has admitted to memory. FOUNDRY uses two realizations of the update operator U. In swarm
mode, the orchestrator distills cross-solver evidence into broadcast messages that enter My when it
promotes them. In phased mode, agents emit hypotheses tagged with per-agent endorsement weight
o4+ (h,v) € [0.25,3.0] and contradiction weight o_ (h,v) € [0.25, 3.0], and the host applies the rule

retired if previously deprecated,
candidate  else if Wehallenge (P) > Wsupport (1),
label(h) = < established else if ¢score(h) > 3.0 and |V (h)| > 2, 2)

supported  else if ¢score(h) > 1.5,
candidate  otherwise,

where V, (h) = {v : 04 (h,v) > 0} and cscore = Wsupport — Wehallenge- BOth realizations share a
structural invariant: a hypothesis enters the next policy’s context only after independent corroboration
by at least two distinct agents, which prevents any single confident agent from anchoring the run on a
finding it cannot independently corroborate.

Per-problem specification. The same coordinator drives all three benchmarks; each problem supplies
®, £, prompt builders, and a metric direction, and no code path branches on the problem identity.
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Algorithm 1 The FOUNDRY discovery loop.

Require: policies {7; fﬁl, evaluator £, schema validator ®, baseline xq, horizon T, tolerance &
1: Mo(—@; T* < x0
2. fort=0,1,...,T —1do
3:  for policy i in parallel do
& 4V uMe i af = @80, FY) ~om( | o)
5 accept agt) iff @(xgt)) = 1land \5(:55”) - §§t)| <e{Eq. 1}
6: end for
7 Mt+1 < U(Mt, {al(t), g(l’gt))}z)
8 a* « argmin{&(z) : € {&*} Uaccepted}
9: end for
10: return z*

4 Results

We evaluate FOUNDRY on three problems in three independent domains: discrete mathematics
(Erd6és minimum-overlap), GPU-kernel engineering (GPUMode TriMul on H100), and computational
biology (OpenProblems single-cell denoising). For each problem, we report the best known human
result and the best known Al result, and we compare FOUNDRY’s host-verified score against both.
Every accepted candidate in this section is independently re-evaluated outside the agent’s container by
the trusted evaluator (§3), so the column we report is directly comparable to the cited prior numbers
when those were also produced under independent re-evaluation on the same hardware.

4.1 Erdés minimum-overlap

Task and setup. This is a classic problem in combinatorial number theory, posed by Erdds
in 1955. Following AlphaEvolve and TTT-Discover, we work in the relaxed setting that asks
for the smallest C5 such that every step function h : [0,2] — [0,1] with [hdx = 1 satisfies
supy, [ h(z) (1 — h(z 4+ k))dz > Cs. A candidate is a numerical array of length n representing
such a step function, produced by an agent’s thinking tokens followed by Python code that either
constructs a new step function or modifies an existing one. The host parses and executes the code,
renormalizes the result to satisfy h(z) € [0,1] and ), h; = n/2, and recomputes the reward as
max(np.correlate(h, 1—h,mode=full)-2/n), or returns oo if the artifact fails schema validation
or contains no generator_code.

Method Model Cs () Notes

Best human

Haugland 2016 — 0.380927  pre-Al human upper bound

Best known Al

AlphaEvolve Gemini 2.0 Pro+Flash  0.380924  training-free evolutionary search
TTT-Discover  gpt-0ss-120b 0.380876 test-time RL on open model
FOUNDRY Claude Code 0.380863 training-free, host-verified

Table 1. Erd6s minimum-overlap upper bounds. FOUNDRY sets the new state-of-the-art at C's = 0.380863,
advancing TTT-Discover’s prior best by 1.3 x 107°.

Result. Bounds before AlphaEvolve were 0.379005 < ¢ < 0.380927, with the upper bound due
to Haugland [2016] and the lower bound due to White [2023]; AlphaEvolve improved the upper
bound to 0.380924 via verifier-based evolutionary search, and TTT-Discover improved it further to
0.380876 via test-time RL on an open model. FOUNDRY improves the upper bound to 0.380863,
surpassing TTT-Discover’s 0.380876 by an absolute margin of 1.3 x 1075, This advance is achieved
with frozen frontier-model coding agents and no per-problem fine-tuning.

Discovered construction. The winning step function exhibits two structural features that FOUNDRY’s
registry promoted to established during the run: approximate antisymmetry h(z) ~ 1 — h(2 — z),
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and low small-lag autocorrelation. Both were derived independently by multiple solver agents before
promotion and were re-injected into the prompt of every subsequent solver. The discovery recipe
alternates between sequential linear programming on a o = 0.10 Gaussian-shaken warm-start and
trust-constr polish at larger shake amplitudes; §5 walks through the trajectory in detail.

4.2 GPU-kernel engineering

Task and setup. We apply FOUNDRY to the GPUMode TriMul benchmark, a single-H100 optimiza-
tion of the triangular multiplicative-update kernel used in AlphaFold’s Evoformer block [Jumper et al.,
2021]. The benchmark suite is the upstream gpu-mode/reference-kernels problem set with
seven (sequence-length, batch, dim, hidden-dim) shapes; the score is the geometric mean of per-shape
runtimes in microseconds. A candidate is GPU-kernel code in Triton or CUDA, produced by an
agent’s thinking tokens followed by kernel code that compiles and runs under the upstream evaluator
on a single H100. The host reward is the negative geometric mean across the seven benchmark shapes,
in microseconds; the kernel fails-closed if correctness checks fail or it times out.

Method Model H100 ({, pus)  Std (us)
zeyushen — 1365 +13
TTT-Discover  gpt-0ss-120b 1208 +19
shiyegao — 1092 +2
K-Search GPT-5.2 + Gemini-3-Pro 1014 +3
FOUNDRY Claude Code 989 +4

Table 2. GPUMode TriMul runtimes on H100, geometric mean across the seven benchmark shapes; standard
deviation across outer iterations of the same evaluator. FOUNDRY advances K-Search by ~ 2.5%, the strongest
public submission (shiyegao) by ~ 9.4%, and TTT-Discover by ~ 18.1%.

Result. TTT-Discover targets the same kernel via test-time RL on gpt-0ss-120b [Yuksekgonul et al.,
2026], and K-Search uses a structured world-model search tree [Cao et al., 2026]; shiyegao and
zeyushen are public GPUMode H100 submissions. To make the margins directly comparable, we
re-evaluate every comparator under a single H100 environment with the upstream TriMul evaluator;
only kernels re-evaluated by us appear in Table 2. FOUNDRY’s best kernel achieves a geometric-mean
runtime of 989 + 4 us on H100, a ~ 18.1% reduction against TTT-Discover (1208 4 19 us), a
~ 9.4% reduction against the strongest re-evaluated public submission (shiyegao, 1092 + 2 us),
and a ~ 2.5% reduction against K-Search (1014 £ 3 us). Because the agent has shell access and
could in principle bias its own runtime measurement (warm caches, JIT artifacts), only reproducible
runtimes under an evaluator the agent cannot read are directly comparable; FOUNDRY exposes that
margin by design (§3).

Novelty. Three structural choices distinguish FOUNDRY’s kernel from the comparators in Table 2.

Shape-aware fusion topology. The kernel selects a different fusion topology depending on the channel-
to-hidden-dim ratio. When C' > hidden_dim, the dim= 384 regime that dominates the geometric
mean, it fuses the left projection, left gate, and out gate into a single three-output kernel that shares
one Ty load across all three, with a separate two-output kernel handling the right projection and
right gate. When C' < hidden_dim, it instead uses two two-output projection-and-gate kernels
and recomputes the out-gate dot product inline from x,o.y, in the final fused kernel, avoiding a
third intermediate write. TTT-Discover and K-Search compile a single fixed proj-and-gate kernel
that is reused on every shape; shiyegao ships a C++/CUDA extension that does not branch on
shape; zeyushen’s leaderboard kernel is a single Triton LayerNorm targeting one seqlen path. The
conditional fusion saves one full o, read on the geomean-dominating shape (~ 770 MB, ~ 256 us
of bandwidth) without regressing the smaller-C' shapes.

End-to-end shape-keyed buffer cache. All intermediate fp16 tensors, including the output-projection
buffer, are cached by a tuple-keyed shape signature, and the weights are cached fp32—fp16 through
a weakref-keyed dictionary, so that repeated calls on the same shape skip every allocation and every
type conversion. K-Search caches a subset of these buffers; TTT, shiyegao, and zeyushen allocate
intermediate buffers fresh on each call. Adding the output-projection buffer to the cache (relative to
the closest in-suite variant) accounts for the final ~ 0.5-0.8% of geometric-mean reduction.
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Pure Triton end to end. The pipeline is implemented entirely in Triton with cuBLAS only for the
batched matmul. shiyegao relies on a C++/CUDA torch.utils.cpp_extension kernel (~ 2245
LOC); the FOUNDRY kernel is ~ 391 LOC. Keeping the kernel in one mutable language preserved
the option for solvers to iterate on the fusion topology and tile sizes locally, which is how the kernel
arrived at the conditional split above.

4.3 Single-cell denoising

Task and setup. We apply FOUNDRY to the OpenProblems Denoising task from the OpenProblems
benchmark suite [Luecken et al., 2025], which evaluates algorithms that recover true expression
values from noisy UMI counts in single-cell RNA-sequencing data. Following Batson et al. [2019],
the benchmark partitions observed molecules into training and test sets via binomial sampling and
scores a denoised training matrix against the held-out test counts; this provides a proxy for accuracy
against true expression values without requiring external ground truth. A candidate is a Python
callable mapping a sparse count matrix to a dense denoised matrix of the same shape, produced by
an agent’s thinking tokens followed by code that the host parses and runs. The benchmark reports
two complementary metrics: mean-squared error (MSE) in log-normalized space, which measures
overall reconstruction accuracy, and Poisson negative log-likelihood, which assesses how well the
denoised counts match the statistical properties expected of count data; each is normalized so that no
denoising scores 0 and perfect denoising scores 1. The reward is the mean of the two normalized
scores, or 0 if the algorithm exceeds the 400-second host time budget on either dataset or fails the
Poisson constraint we add to focus search on MSE (normalized Poisson > 0.97). The benchmark
provides three datasets: PBMC, Pancreas, and Tabula Muris Senis Lung, in order of size; we use
Pancreas for in-loop evaluation and report performance on the held-out PBMC and Tabula datasets.

PBMC Tabula
Method Model Score (1) MSE (|) Poisson () Score (1) MSE (|) Poisson (])
Best human
MAGIC (A,R) — 0.64 0.19 0.05 0.64 0.18 0.03
MAGIC (R) — 0.64 0.19 0.05 0.64 0.18 0.03
ALRA (S,R) — 0.50 0.26 0.05 0.47 0.27 0.03
Best known Al
OpenEvolve gpt-oss-120b 0.70 0.16 0.05 0.71 0.15 0.03
TTT-Discover  gpt-oss-120b 0.71 0.15 0.05 0.73 0.14 0.03
FOUNDRY Claude Code 0.72 0.15 0.05 0.73 0.14 0.03

Table 3. OpenProblems Denoising scores on the held-out PBMC and Tabula datasets. Each per-dataset score is
the mean of the normalized MSE and Poisson metrics (higher is better). FOUNDRY matches the prior state-of-
the-art set by TTT-Discover within reporting precision, tying it on per-dataset MSE (0.15 on PBMC, 0.14 on
Tabula). Scores cited for prior work follow Yuksekgonul et al. [2026]; (A) approximate solver, (R) reversed
normalization, (S) sqrt normalization.

Result. The strongest pre-Al human entries on the OpenProblems leaderboard are MAGIC [Van Dijk
et al., 2018] with reversed normalization (and an approximate-solver variant) and ALRA [Linderman
et al., 2022] with sqrt normalization; TTT-Discover [Yuksekgonul et al., 2026] produced the prior
best Al result on this benchmark via test-time RL on gpt-oss-120b initialized from MAGIC
code, and OpenEvolve provides additional non-RL coding-agent baselines reported in that work.
FOUNDRY matches TTT-Discover within reporting precision: PBMC score 0.72 vs. 0.71, Tabula
tied at 0.73, and per-dataset MSE tied at 0.15 on PBMC and 0.14 on Tabula, with the Poisson
constraint passing on both held-out datasets. This is achieved with frozen Claude Code agents and no
per-problem fine-tuning, against a baseline whose discovery recipe was test-time-trained directly on
this benchmark.

5 Case Study: Coordinating a 17-agent Erdds swarm

We illustrate the coordination mechanism through one long-swarm run on the Erdés minimum-overlap
problem, in which 17 solver agents and one orchestrator agent run in parallel for 119 wall-clock
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Figure 2. Swarm-best host-verified Cs over the first 24 hours of an Erdés long-swarm run with 17 solver agents
and one orchestrator agent. Phase [ (tan) is the basin lock: polishing public reference constructions plateaus
at Cs ~ 0.380870. Phase 2 (green) is the basin chain triggered when one agent’s 0 = 0.10 Gaussian shake
at hour 13 is broadcast by the orchestrator to all peers; six independent agents reproduce the recipe and the
swarm-best descends in discrete steps to 0.380863. The chain saturates by hour ~ 20 and the floor holds for
the remaining ~ 95 hours of the run (Phase 3, not shown). The horizontal dashed line marks the prior public
best (Cs = 0.380876, TTT-Discover [ Yuksekgonul et al., 2026]); the run advances it by 1.3 x 107°. This case
study illustrates the coordination mechanism behind the headline result in Table 1.

hours and submit 942 host-verified candidates. Solver agents are independent frontier-model coding
sessions in separate containers with shell access; the orchestrator is a separate session that reads every
solver’s events and heartbeats, polls the host’s verification feedback, and writes short natural-language
guidance into a per-solver inbound channel. No agent is given an explicit search algorithm; each
decides its own polish, shake, parameterization, and refinement strategy. Every step-down in the
swarm-best trajectory (Figure 2) aligns with a single orchestrator broadcast, and each broadcast
aggregates diagnostic signal that no individual agent could produce alone.

Phase 1, basin lock (hours 0-13). Diagnosed problem. Agents warm-start from public refer-
ence constructions, reaching Cs = 0.380870 within minutes, then apply a wide repertoire of local
optimization techniques (sequential linear programming, mass-transfer descent, projected gradient,
smooth-max gradient, active-subgradient cutting plane). None descends below the warm-start floor;
the basin appears locally locked. Rationale. If the basin is locally locked under continuous polish,
the swarm needs structurally distinct perturbations to escape it; the orchestrator should canonicalize
this diagnosis so agents stop redundantly polishing the same basin. Mechanism. The orchestrator
aggregates cross-agent evidence (continuous polish is stationary up to 64K tangent-direction tests
with a 21-D null space), publishes a basin-lock diagnosis to the swarm’s shared scratch space, and
recommends four alternatives: interpolate to higher n then polish; binarize at high n then run swap
simulated annealing; random restart via a large-o Gaussian shake; or a different parameterization
(Fourier coefficients, dual on White’s spectral lower bound). Observed effect. Agents partition
across the four directions. Random restart at n > 2400 reaches C5 € [0.41, 0.49]; Fourier-CMA at
K = 40,n = 2400 plateaus at ~ 0.4045. By hour 13 the swarm has eliminated restart-from-random
and Fourier-CMA as productive directions.

Phase 2, basin chain (hours 13-24). Diagnosed problem. The remaining alternative is a large-o
Gaussian shake; only one agent has tried it, and only at o = 0.05. Rationale. If the warm-start basin’s
attractor radius is small but the basin landscape is rich at larger perturbation scales, increasing the
shake amplitude could identify new local minima; once any agent finds a new basin, the orchestrator
can amplify the recipe to the swarm. Mechanism. At hour 13, one agent runs a Gaussian shake at
o = 0.10 on the warm-start vector, polishes with SLP, and discovers a sub-basin at C'5s = 0.380867
that is structurally distinct from the warm-start basin (L, = 1.10, 402/600 coordinates differ, active-
lag set differs in 252/437 entries). The orchestrator broadcasts the recipe and recommends heavier
shake at o € [0.15,0.30] from the new basin. Observed effect. Within the next hour, six independent
agents reproduce the recipe. The chain descends in discrete steps from 0.380870 to 0.380863, each
step driven by a different agent applying a larger-o shake on the previous floor.
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Phase 3, slow descent (hours 24-119). Diagnosed problem. The basin chain saturates at Cj
~ 0.380863, 1.3 x 10~ below the prior public best; additional shake iterations at o up to 0.50 yield
no new basins. Rationale. The shake-and-polish recipe has exhausted the local basin landscape; the
swarm needs a qualitatively different construction family. Mechanism. The orchestrator partitions the
swarm across (i) high-precision Fourier-CMA at K € [40, 60], (ii) a dual / Lagrangian formulation
against White’s spectral lower bound, (iii) deep local search with trust-constr from the basin
floor, (iv) a genetic algorithm on the discrete h-vector. At hour ~ 28 the host evaluator goes silent for
7.5 hours due to an infrastructure issue; the supervisor keeps all 17 solver processes alive while the
orchestrator marks candidates from that interval as unverified and re-issues verification once the host
recovers. Observed effect. None of the four alternative parameterizations escapes the basin within
the wall-clock budget. The run ends with swarm-best C5 = 0.380863, advancing the prior public
best by 1.3 x 107>,

What the trajectory shows. Every step-down on the trajectory follows a single orchestrator
broadcast within minutes, and each broadcast canonicalizes a diagnosis (basin-locked, larger-o
escape, alternative parameterizations) that no individual agent derives from its own state. The
supervisor sustains multi-day continuity through a 7.5-hour host-evaluator outage without derailing
the run.

6 Limitations

FOUNDRY’s guarantees rest on a host-owned evaluator that is faithful to the objective, together with
a per-problem adapter that supplies the schema, trusted evaluator, and prompt builders for each new
domain; problems without a fast and trustworthy evaluator therefore lie outside its present scope. The
promotion rule and prompt design rely on empirical choices we have not formally characterized, and
all reported results use frozen frontier coding agents at substantial compute cost. Whether host-owned
trust and memory help smaller models close this gap is a question for future work.

7 Conclusion

We argued that the bottleneck in long-horizon agentic discovery is structural, not capability-bound:
when agents are allowed to own the trusted score and the cross-attempt memory, the trust boundary
collapses and progress fails to compound. FOUNDRY takes the opposite stance. Trust and memory
are host-owned invariants: the host re-derives every accepted score from an evaluator the agent cannot
modify, and curates a confidence-weighted registry that promotes a hypothesis only after independent
corroboration. The same coordinator, registry, and hypervisor — orchestrator — solver hierarchy
drive three unrelated benchmarks without per-domain code changes.

Under this single substrate, frozen frontier coding agents tighten the upper bound on the Erd&s
minimum-overlap constant to Cs = 0.380863, achieve a 989 s geometric-mean runtime on the
GPUMode TriMul kernel on H100, and lower the mean-squared error on OpenProblems Denoising.
Together, these results suggest that progress in agentic discovery depends not only on stronger
proposal generators, but on the system boundary that separates untrusted proposal from trusted
verification and memory.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and Section | state the four contributions (host-owned trust
boundary, the FOUNDRY metaharness, the established-facts registry, and three host-verified
benchmark results); each is supported by Section 3, Section 4, and Section 5.

Guidelines:

e The answer [N/A ] means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Section 6 discusses the scope of FOUNDRY’s guarantees, the empirical design
choices in the promotion rule and prompts, and the compute cost of frontier-model swarms.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [N/A]

Justification: The paper does not include formal theoretical results. Equation | and Equa-
tion 2 are operational definitions of the host-side accept rule and the registry promotion rule,
not theorems.

Guidelines:

» The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Algorithm 1 specifies the discovery loop, Section 3 defines the per-problem
adapter, and the Environment paragraphs of Section 4 specify the state, action, dynamics,
and trusted reward for each benchmark.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.
* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: Code is not released with the submission. The algorithmic content (Section 3),
the per-problem adapter specifications (Section 3), and the discovered constructions and
kernels (Section 4) are described in sufficient detail to reproduce the main results.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Each Environment paragraph in Section 4 specifies the state, action, dynam-
ics, trusted reward, and constraint validators; the case study in Section 5 provides the
coordination details for one long-horizon run.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Table 2 reports per-comparator standard deviations across outer iterations of
the upstream evaluator on identical hardware. The Erd6s and OpenProblems Denoising
scores are deterministic functions of a fixed discovered artifact and have no run-to-run
variability for a given construction.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
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8.

10.

* The authors should answer [Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

e If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Section 5 reports the wall-clock duration and solver count for the Erdés long-
horizon run; Section 4.2 specifies the H100 hardware used for kernel evaluation; Section 6
acknowledges the overall compute footprint of frontier-agent swarms.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The work does not involve human subjects, sensitive data, or scraped content,
and conforms with the NeurIPS Code of Ethics.

Guidelines:

e The answer [N/A| means that the authors have not reviewed the NeurIPS Code of
Ethics.

o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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11.

12.

Answer: [N/A]

Justification: FOUNDRY is a host-side coordination substrate for frozen LLM coding agents
on well-defined discovery benchmarks. It does not introduce new model capabilities or
release new models, and we do not see a direct application path to negative outcomes beyond
the dual-use considerations general to stronger autonomous coding agents.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

¢ If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: No high-risk model, dataset, or scraped resource is released with the submis-
sion.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All baselines and benchmarks are credited to their original publications in
Section 2 and Section 4; the upstream TriMul evaluator is the unmodified GPUMode
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13.

14.

15.

reference suite. FOUNDRY’s solver and orchestrator roles are instantiated using closed-
source frontier coding agents (Claude Code, Codex) under their providers’ terms of use.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]
Justification: No new assets are released with the submission.
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: The work does not involve crowdsourcing or research with human subjects.
Guidelines:
* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.
* Including this information in the supplemental material is fine, but if the main contribu-

tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
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757 Answer: [N/A]

758 Justification: The work does not involve research with human subjects.

759 Guidelines:

760 * The answer [N/A] means that the paper does not involve crowdsourcing nor research
761 with human subjects.

762 * Depending on the country in which research is conducted, IRB approval (or equivalent)
763 may be required for any human subjects research. If you obtained IRB approval, you
764 should clearly state this in the paper.

765 * We recognize that the procedures for this may vary significantly between institutions
766 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
767 guidelines for their institution.

768 * For initial submissions, do not include any information that would break anonymity (if
769 applicable), such as the institution conducting the review.

770 16. Declaration of LLM usage

771 Question: Does the paper describe the usage of LLMs if it is an important, original, or
772 non-standard component of the core methods in this research? Note that if the LLM is used
773 only for writing, editing, or formatting purposes and does not impact the core methodology,
774 scientific rigor, or originality of the research, declaration is not required.

775 Answer: [N/A]

776 Justification: LLMs were used only for editing during preparation of the manuscript.

777 Guidelines:

778 * The answer [N/A] means that the core method development in this research does not
779 involve LLMs as any important, original, or non-standard components.

780 * Please refer to our LLM policy in the NeurIPS handbook for what should or should not
781 be described.
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