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Abstract

GPT-5.5 scores 41.4% on Humanity’s Last Exam.
GPT-5.5 Pro, the same model with parallel test-
time compute and tool access, scores 57.2%. Both
appear on leaderboards as “GPT-5.5.” That 15.8-
point gap is not a model improvement; it is a
system-composition difference wearing a model-
capability label. This paper argues that frontier
reasoning scores are produced by assemblies of
models, test-time compute, tools, and verifiers,
yet the field attributes them to a single model
name. We develop a four-level hierarchy of infer-
ence complexity, present a pilot audit of 26 entries
across 11 benchmarks revealing pervasive undis-
closed system-level composition, ground the argu-
ment in distributed cognition theory, and propose
a compute-normalized reporting protocol (SCRP)
as a minimum standard for scientific credibility.

1. Introduction

GPT-5.5 scores 41.4% on Humanity’s Last Exam (Scale Al
& Center for Al Safety, 2025). GPT-5.5 Pro, the same model
with parallel test-time compute and tool access (OpenAl,
2026), scores 57.2%. Both appear on leaderboards under
“GPT-5.5.” That 15.8-point gap is not a model improvement;
it is a system-composition difference.

The pattern is everywhere. ol scores 74.4% pass@1
on AIME but 83.3% at consensus@64 (OpenAl, 2024).
DeepSeek-Prover-V2 jumps from 61.9% to 88.9% by scal-
ing from 1 to 8,192 samples (Ren et al., 2025). AlphaCode 2
generates one million candidates, filters by execution, clus-
ters by output equivalence, and reranks to reach the 85th per-
centile on Codeforces (Google DeepMind, 2023), reported
as a “Gemini” capability. The AIME 2025 leaderboard
lists 107 results, zero verified, all self-reported (LLM Stats,
2025). No major benchmark requires disclosure of system
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composition, sample count, tool access, or compute budget.

The field is systematically conflating system-level achieve-
ments with model-level capability. Frontier reasoning re-
sults are produced by multi-component systems of models,
test-time compute, tools, verifiers, and pipelines; they are
routinely misreported as individual model capabilities. The
evaluation paradigm must match the system-level reality.

We do not claim all frontier results are multi-agent (most
are Level 2-3), nor that multi-component systems always
outperform single models; recent evidence shows they often
do not under equal compute (Tran & Kiela, 2026). How-
ever, the conflation of system-level results with model-level
capability is scientifically misleading regardless of which
system architecture produced the result.

We make four contributions: (1) a four-level hierarchy of
inference complexity that makes explicit what current report-
ing obscures (Section 3); (2) a pilot audit of 26 entries across
11 benchmarks, annotated with system-composition meta-
data (Section 7); (3) a theoretical grounding in distributed
cognition (Hutchins, 1995b), collective intelligence (Wool-
ley et al., 2010), and organizational theory (Brooks, 1995)
(Section 5); (4) a concrete reporting protocol with compute-
normalized comparison tiers and required component abla-
tion (Section 6).

2. The Single-Model Evaluation Paradigm

The dominant paradigm is simple: report a single accuracy
score under a model name. That is it. This paradigm was
inherited from single-model evaluation (Brown et al., 2020;
Kaplan et al., 2020), carried through HELM (Liang et al.,
2022) and BIG-Bench (Srivastava et al., 2022), and remains
unchanged despite the shift to system-level inference. Ta-
ble 1 shows what major reasoning benchmarks require, and
what they do not.

LiveBench (White et al., 2024) enforces single-turn
temperature-0 evaluation, genuinely isolating single-pass
capability but ignoring system-level configurations. Chat-
bot Arena (Chiang et al., 2024) measures deployed-system
preference without checking whether responses came from
routed multi-model systems. AIME leaderboards accept
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Table 1. Major reasoning benchmarks and system-composition
disclosure requirements.

Benchmark Comp. n Tools  Verif.
AIME 2025 No No No Self
HLE No No  Partial  Self
FrontierMath No No No Held-out
LiveBench N/A N/A No Auto
Chatbot Arena No No No Human
SWE-bench No No  Partial Tests
ARC-AGI-3 Yes No  Partial Select

Table 2. Gaps between single-pass baselines and system-level
results.

System Bench. Base System

GPT-5.5 — Pro HLE 414 57.2 (+15.8)
ol pass@1—c@64 AIME 74.4 83.3(+8.9)
DSP-V2 18192 miniF2F  61.9 88.9 (+27.0)
Gemini 1.5 Pro MATH 67.7 77.9 (+10.2)
GPT-5.4 Std — Pro FrntMath — ~+10.9"

DeepSeck-Coder SWE-b 159 56.0 (+40.1)

(250 smpl, Brown et al., 2024)

self-reported numbers with no system metadata (LLM Stats,
2025). ARC-AGI-3 (Chollet et al., 2026) is the partial ex-
ception: it requires cost-per-run disclosure and classifies
submissions as “Public Model” vs. “Novel System.” But it
still does not require sample counts or single-pass baselines.

Implicit in this paradigm is a strong assumption: the re-
ported score reflects the model’s intrinsic reasoning capabil-
ity: what it achieves in a single inference sample without
external augmentation. The assumption is false. Frontier re-
sults are produced by multi-component systems (sampling,
verification, tool use, search) but reported as if they were
single-pass model outputs. The gap is not noise; it is 10-40
percentage points on hard benchmarks (Table 2).

A historical parallel is instructive. CPU benchmarks once
reported “system” performance as “processor speed.” SPEC
solved this in the 1990s by requiring exact disclosure of
processor, compiler, optimization flags, and memory con-
figuration (Standard Performance Evaluation Corporation,
2006). Al reasoning evaluation is where CPU benchmarking
was in the 1980s.

3. Four Levels of Inference Complexity

We organize frontier reasoning systems into four levels (Fig-
ure 1 and Table 3). Most frontier results live at Levels 2-3.
Evaluation treats them as Level 1.

'The FrontierMath Tier-4 gap is an estimate: public reporting
gives the system-level Pro figure but no isolated single-pass Tier-4
baseline, so the ~+10.9 pp is illustrative of the saturation-resistant
regime, not a measured baseline/system pair.

Table 3. Four levels of inference complexity. Most frontier results
are Level 2-3; evaluation reports them as Level 1.

Lv  Definition Examples Prev.
1  Single sample pass@1, greedy Rare
Multi-pass Best-of-N, Common
cons@K
3 Multi-comp. +verifier, +tools Common
4 Multi-agent Role-distinct Rare

agents

Level 2 covers multi-pass and test-time compute. The ap-
proach is to sample the same model multiple times and pick
the best answer. Self-consistency (Wang et al., 2023) adds
17.9 pp on GSMS8K via majority voting. ol achieves 83.3%
on AIME via consensus @64, not pass@1’s 74.4% (OpenAl,
2024); guess which number makes the headline. GPT-5.5
Pro uses parallel test-time compute on “the same underly-
ing model” (OpenAl, 2026): a compute-allocation mecha-
nism, not an architecture change. Compute-optimal TTC
achieves 4x the efficiency of naive best-of-N (Snell et al.,
2025). DeepSeek-Prover-V2 gains 27 pp from pass@1 to
pass@8192 (Ren et al., 2025).

Extended thinking (o1, 03, Claude Opus (Anthropic, 2026),
Gemini Deep Think (Google DeepMind, 2025)) internalizes
this: longer chain-of-thought (Wei et al., 2022) with implicit
search (Zelikman et al., 2022). More inference compute
produces better results (Liu et al., 2025), though not mono-
tonically (Zhou et al., 2026), and scores never distinguish
model capability from thinking-compute allocation.

We classify both extended thinking and best-of-N as Level 2:
a single model accessed via a compute-allocation mecha-
nism. A system becomes Level 3 when it adds a qualita-
tively different component (verifier, tool, search controller).
This boundary is fuzzy; borderline submissions should self-
classify and justify in SCRP metadata.

Level 3 adds multi-component systems. Al-
phaProof (Google DeepMind, 2024) solved 4/6 IMO
2024 problems using Gemini autoformalization, an
RL-trained prover, Lean 4 verification, MCTS, and
distributed actors, yet the result was reported as “Gemini.’
AlphaCode 2 (Google DeepMind, 2023) generates one
million candidates, filters by execution, clusters by output
equivalence, and reranks to reach the 85th percentile on
Codeforces, also reported as “Gemini.” Large Language
Monkeys (Brown et al., 2024) gains 40.1 pp on SWE-bench
Lite by scaling DeepSeek-Coder from 1 to 250 samples with
execution-based verification (the same result tabulated in
Table 2). Kimi K2 (Kimi Team, 2025) uses a 1 T-parameter
MoE (Shazeer et al., 2017) with 200-300 tool invocations
per problem; FunSearch (Romera-Paredes et al., 2024)
iterates LLM generation with an evaluator. In each case, the
“model score” is a system score.

>
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Four Levels of Inference Complexity

\
@— @
frontier
Level 4 — Generator Critic Multiple role-distinct rresults.
Multi-Agent i I agent\‘s that in‘teract, xAl grok-4.20 (4-16 agents).
coordinate, disagree.
g
Decomposer Verifier
l'mE;t;r-n;ﬁ;Jsm: AlphaProof (5+ components) 35% of
N = | : i i
Level 3 — s v = * i ﬁ?e".iw: AlphaCode 2 (1M samples + frreleltir > What is
Multi-Component Generator Verifier Search Tool i 1 filter + cluster + rerank) g actually
p Controller Executor 5 t;ﬂlmr 1 measured
System e ) ' GPT-5.5 Pro + tools
Model + verifier + Kimi K2 (200-300 tool calls). 1‘
tools + search.
Level 2 — €Y corue 42% of
Multi-Pass / Mo (Cycles/$) o1 cons@64 frontier
3 : 15dkctor | ot GPT-5.5 Pro (TTC only) prulis
Test-Time Y7 ¢
: Best-of-N,
candidate N & 5l Y Gemini Deep Think.
Compute
extended thinking,
Pro modes.
fEi . o T R e }
L The misattributiongap. | I
- ass@, 19% of What
I:e\le| 1 prompt ———p answer greet?y. hofaok! LiveBench, temp:O, frontier leaderboards
Single Pass results. assume

v

Model

— m Model + compute —» ﬁ @ Model + compute +

: — 88% Models + coordination.
tools + verifier

Current reporting: all four reported as ‘Model Name: X%."

Figure 1. Four levels of inference complexity. Leaderboards assume Level 1 (single pass); in our audited sample, 81% of entries (21/26)
operate at Levels 2—4 (Section 7; this sample over-represents high-score, system-heavy submissions by design). The misattribution gap

separates what is measured from what is assumed.

Level 4 is genuinely multi-agent. Only one disclosed fron-
tier system is genuinely multi-agent: XxAI’s grok-4.20-multi-
agent (xAl, 2026), deploying 4 or 16 coordinated agents
with role specialization. The key distinction from Level 3 is
that Level 4 agents interact, coordinate, and can disagree;
Level 3 components execute a fixed pipeline without inter-
component negotiation. LLM Debate (Irving et al., 2018;
Du et al., 2023; Khan et al., 2024) remains a research proof-
of-concept that has not yet produced frontier benchmark re-
sults. Multi-agent frameworks (AutoGen (Wu et al., 2023),
CrewAl (CrewAl, 2024), LangGraph (LangChain, 2024),
ChatDev (Qian et al., 2023), AgentVerse (Chen et al., 2023))
enable system construction but do not address how to evalu-
ate the resulting systems. They provide the building blocks;
evaluation standards for what gets built from them do not
exist.

The honest conclusion is straightforward. Most frontier wins
are Level 2-3. Level 4 is rare. But Level 1 is what evaluation
assumes. We verified this systematically across 26 entries
from 11 benchmarks (Section 7). That gap, between what

is evaluated and what is achieved, is the scientific failure
this paper addresses. We are not against systems being
deployed; systems should be deployed. The problem is that
system-level results are reported as model-level capabilities,
making it impossible to understand what actually drives
performance.

4. Why Misattribution Is Harmful

Misattribution corrupts scientific understanding. “GPT-5.5
solved 57.2% of Humanity’s Last Exam” is false. The GPT-
5.5 Pro system (model plus parallel TTC plus code inter-
preter plus web access) solved 57.2%. The model alone
solved 41.4%. When AlphaCode 2’s 85th-percentile re-
sult is attributed to “Gemini,” a multi-component pipeline’s
achievement is credited to a model. Reproducing it requires
knowing the full system specification: generation volume,
filtering criteria, clustering method, reranking model. The
label “Gemini” conveys none of this (Lipton & Steinhardt,
2019). The pattern holds across benchmarks. Our pilot audit
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(Section 7) confirms this is systemic, not anecdotal.

Misattribution also misallocates research effort. If a 27 pp
gain from pass@1 to pass@8192 is attributed to “model ca-
pability,” the community over-invests in model scaling and
under-invests in inference-time system design, verification
architectures, and tool integration (Hoffmann et al., 2022;
Sevilla et al., 2022). Same story as pre-SPEC CPU bench-
marking: attribute all gains to the processor, and investment
in compilers and memory hierarchies is undervalued.

The environmental cost is also misattributed. Compute-
intensive system-level inference carries energy costs that
scale with sample count and pipeline depth (Patterson et al.,
2021; Strubell et al., 2019). A system generating 8,192 sam-
ples with formal verification uses orders of magnitude more
energy than pass@ 1. Without composition reporting, these
costs cannot be allocated to the components that incur them,
and efficiency research cannot target the right bottleneck.

The distortion is worst where it matters most. On satu-
rated benchmarks (GSM8K, MATH), system gains are 0—
3 pp; the problem is “solved” regardless. But on the hard
unsolved benchmarks that drive research direction (Fron-
tierMath +10.9 pp, HLE +15.8 pp, SWE-bench +40.1 pp),
the gap is massive (Epoch Al, 2024; Scale Al & Center
for AI Safety, 2025). Research effort and funding follow
benchmark rankings.

The “equal compute” finding strengthens rather than weak-
ens our argument. A 2026 study finds single-agent LLMs
consistently match or outperform multi-agent systems when
thinking-token budgets are equalized (Tran & Kiela, 2026).
This is the strongest objection to our position. It also
strengthens it. If multi-agent systems provide no gains
beyond their extra compute, then any reported multi-agent
advantage is a compute confound, not an architectural contri-
bution. Without compute-normalized reporting, we cannot
tell the difference. The equal-compute finding makes our
proposal more urgent: generic agent proliferation is not a
free lunch, confirming Brooks’s Law for Al (Brooks, 1995).
Evaluation must disentangle three things: how much com-
pute is spent, how it is allocated across components, and
what architectural innovations the components contribute.
Current reporting conflates all three.

Current leaderboards are unreliable. The AIME 2025 leader-
board lists 107 results, zero independently verified, all self-
reported (LLM Stats, 2025). No major leaderboard requires
disclosure of compute budget, sample count, tool use, or
system composition. A Level 1 pass@1 score and a Level 3
system score sit in the same column of the same table. This
is not a leaderboard; it is a category error presented as a
ranking.

The ARC-AGI-2 competition (Chollet, 2024; ARC Prize,
2024) is a partial exception: it requires disclosing com-

pute costs, which revealed that 03’s state-of-the-art score
cost $6,677 per task. Even this disclosure does not require
component-level ablation or system taxonomy. Cost-per-
task is a useful summary statistic, but it does not reveal how
compute was allocated: was the budget spent on generating
more samples, running a verifier, or executing tool calls?
These allocations produce different capability profiles and
different scaling properties. SCRP requires the decomposi-
tion, not just the total.

5. Theoretical Foundations

Our argument is not merely empirical. The proper unit of
cognitive analysis for Al reasoning is the system, not the
model.

Distributed cognition provides the foundational framework.
Hutchins (Hutchins, 1995b;a) showed that the unit of cog-
nitive analysis must expand beyond the individual to the
socio-technical system. Clark (Clark & Chalmers, 1998)
extended this to argue that cognition is not bounded by
the skull; tools and environment are constitutive parts of
the cognitive process, not mere inputs. No single model
forward pass produces frontier reasoning results; compu-
tation is distributed across sampling, verification, tool use,
search, and aggregation. The proper unit of Al evaluation
is the reasoning system, not the model in isolation. In Al-
phaProof, representational state propagates from natural
language through Gemini’s autoformalization to Lean 4,
through MCTS search, through the Lean verifier, and back
to the search controller. Each transformation is performed
by a different component. The cognitive achievement (solv-
ing an IMO problem) belongs to the system, not to any one
component.

Woolley, Brooks, and Lamport supply complementary con-
straints. Woolley et al. (Woolley et al., 2010) showed that
group performance is not predicted by the maximum indi-
vidual intelligence of members; a collective intelligence
factor (c) emerges as its own latent capability (Malone
& Bernstein, 2015). Organizational psychology confirms:
Steiner (Steiner, 1972) distinguished “actual productivity”
from “potential productivity minus process losses,” while
Hackman (Hackman, 2002; Hackman & Wageman, 2005)
showed team effectiveness depends on enabling conditions,
not individual talent. Wegner’s transactive memory the-
ory (Wegner, 1987) and DeChurch and Mesmer-Magnus’s
meta-analysis of information sharing (DeChurch & Mesmer-
Magnus, 2010) establish that group cognition is qualitatively
different from aggregated individual cognition: groups de-
velop specialized knowledge stores that no single member
possesses. For Al evaluation: a model’s solo benchmark
score does not predict its system-level capability, and the
system’s capability cannot be decomposed into a sum of
component capabilities without accounting for interaction
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Table 4. Required SCRP metadata fields.

Field Example value
model_id deepseek-prover-v2-671b
taxonomy_level 3

8192

pass@k + Lean verif.
[lean4 _verifier]
verifier_type formal_proof_checker
compute_budget_tok 4,100,000

n_agents 1

pipeline_comp. [decomp., prover, verifier]
comm_topology sequential

n_samples
consensus-method
tools_used

effects (Aggarwal & Woolley, 2019).

Brooks’s Law (Brooks, 1995) warns that more agents in-
crease coordination overhead and help only when the task
genuinely decomposes (Wuchty et al., 2007). The 2026 find-
ing that single-agent LLMs outperform multi-agent systems
under equal compute (Tran & Kiela, 2026) confirms this
empirically. Evaluation must measure whether composition
contributes beyond its compute cost.

Lamport et al. (Lamport et al., 1982) established that major-
ity voting tolerates faults only under independence assump-
tions. When failures are correlated (Schaeffer et al., 2023),
redundancy amplifies errors. Self-consistency (Wang et al.,
2023) works only when errors are approximately indepen-
dent across samples. Evaluation must report not just sample
count, but the verification method that filters them.

Our synthesis is what distinguishes this paper from
prior work. HiddenBench (Li et al., 2025), MultiAgent-
Bench (Zhu et al., 2025), and “Why Do Multi-Agent LLM
Systems Fail?” (Cemri et al., 2025) each import one frame-
work. None synthesizes Hutchins (unit of analysis = sys-
tem), Woolley (collective capability # best individual),
Brooks (more agents # better), and Lamport (redundancy
requires independence) into a unified argument for system-
level evaluation. That synthesis is a contribution of this

paper.

6. Proposed Evaluation Protocol

We propose a System Composition Reporting Protocol
(SCRP): metadata disclosure, compute-normalized compar-
ison, role vocabulary, and ablation requirements.

6.1. Metadata Standard

Every benchmark submission must report the metadata in
Table 4.

6.2. Compute-Normalized Comparison

Fair comparison requires reporting at standardized com-
pute budgets across three tiers. Tier 1 (mandatory floor) is
Level 1 pass@1, no tools, greedy decode. Tier 2 is matched-
compute comparison: same total inference FLOPs (or to-
kens as proxy), varying composition. Tier 3 is system-best:
maximum achievable result with compute budget explicit.

We acknowledge that tokens are an imperfect compute proxy.
Token-to-FLOP ratios differ across architectures (dense vs.
MoE, where active parameters per token vary), and system-
level compute includes non-LLM costs (code execution,
theorem proving, web retrieval) that tokens do not capture.
For MoE models, reporting both total tokens and estimated
active-parameter FLOPs avoids systematic bias toward ar-
chitectures with higher sparsity: a 1T-parameter MoE ac-
tivating 100B parameters per token uses roughly the same
compute per token as a 100B dense model, but token counts
alone would mask this equivalence.

We recommend dual reporting: total inference tokens
for comparability across LLM-only systems, plus es-
timated wall-clock FLOPs or dollar cost (as ARC-
AGI-3 requires (Chollet et al., 2026)) for systems
with substantial non-LLM compute. A separate
external_tool_compute field in the SCRP schema
(Appendix B) should capture tool execution time and cost.
AlphaProof’s Lean verification and MCTS search consume
compute that token counts miss entirely; dollar cost or wall-
clock time is the only honest proxy for such components.

This directly addresses the “equal compute” objection. If
a single model matches a multi-component system under
equal compute, that is the scientifically informative result,
but only if we measure it. Our pilot audit (Section 7) shows
entries on the same leaderboard differing by up to 8,192 x
in inference compute.

6.3. Worked Example: GPT-5.5 on HLE

Table 5 shows how reporting would change under SCRP.
The single-number report (“GPT-5.5: 57.2%”) conflates
three distinct contributions: model capability (41.4%)
and, by illustrative attribution, test-time compute scaling
(~11 pp) and tool augmentation (~5 pp). The ~11/~5 pp
split is inferred from the estimated intermediate point above,
not separately measured; only the measured 15.8 pp total is
anchored to public figures. Figure 2 visualizes this decom-
position.

’The intermediate ~52% (Pro test-time compute, no tools) is
estimated; no public source isolates this configuration. It is an
illustrative decomposition, not a measured datapoint. Only the
endpoints 41.4% (pass@1) and 57.2% (Pro + tools) are reported
figures.
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Table 5. GPT-5.5 on HLE: current reporting vs. SCRP.

Condition Score Lv Compute Tools
pass@1, no tools 41.4% 1 ~8K None
Pro (parallel TTC) ~52%* 2 ~200K None
Pro + tools 57.2% 3 ~200K+  Code, web

Decomposing GPT-5.5's Humanity's Last Exam Score.

57.2% 57.2%

Level 3:
Code interpreter +~5pp
+ web access

~52% |

Level 2:
Parallel Reported as:
test-time +11pp [ “GPT-5.5:

compute 57.2% on HLE”
aa% |

15.8 pp gap
attributed to

\GPT.E E'
What the —> GP1-3,5 “— What the

model alone Level 1: leaderboard
achieves Model reports.
capability

=

GPT-5.5 Total (GPT-5.5
(pass@1, no tools) Pro system)
41.4% 57.2%

Current: GPT-5.5 scored 57.2% on Humanity's Last Exam.

Under SCRP: GPT-5.5 scored 41.4% (L1); the GPT-5.5 Pro system scored 57.2%
(L3, ~200K tokens, code + web).

Figure 2. Decomposing GPT-5.5’s HLE score. The 15.8 pp gap
between pass@1 (41.4%) and the reported Pro score (57.2%) is
the only measured quantity; the illustrative split into test-time
compute (~11 pp) and tool access (~5 pp) relies on an estimated
intermediate point (no public source isolates Pro-without-tools).
Current reporting attributes the full 57.2% to “GPT-5.5.”

7. SCRP Pilot Audit

The GPT-5.5 worked example is not an outlier. We audited
26 benchmark submissions across 11 benchmarks (HLE,
AIME, MATH, Codeforces, SWE-bench, GPQA, MMLU,
ARC-AGI, GAIA, IMO, miniF2F) and annotated each with
SCRP metadata. The full per-entry audit tables appear in
Appendix A; we summarize findings here.

Audit methodology: entries were hand-curated rather than
drawn from an enumerated candidate pool (no fixed pool
size exists; we did not enumerate the full population of
leaderboard entries). We selected at least 2 entries per
benchmark, prioritizing entries with the highest reported
scores and entries from distinct organizations. This se-
lection deliberately over-samples high-visibility, system-
heavy submissions, so the level distribution below should
be read as descriptive of these 26 audited entries, not as an
unbiased prevalence estimate over all leaderboard entries.
Two authors independently annotated each entry with SCRP

metadata; inter-annotator agreement on taxonomy level was
x = 0.88 (Cohen’s kappa), with disagreements concentrated
at the Level 2/3 boundary for extended-thinking entries. All
disagreements were resolved by discussion.

Of the 26 audited entries, only 5 (19%) are genuine Level 1.
The remaining 81% involve system-level composition that
no leaderboard requires disclosure of: 42% are Level 2
(multi-pass/TTC), 35% Level 3 (multi-component), 4%
Level 4 (multi-agent). Nearly half (46%) lack a Level 1
baseline entirely. These proportions describe the audited
sample, which over-represents system-heavy submissions
by design.

Names hide complexity: 42% of entries use public names
that do not indicate system composition. “03” on GPQA
Diamond is extended thinking at high compute (Level 2).
“AlphaCode 2” on Codeforces is a multi-component pipeline
generating one million samples (Level 3). “Kimi K2 on
SWE-bench Verified is a 1T-parameter MoE with 200-300
tool invocations per problem (Level 3). In each case, the
public-facing name suggests a single model.

Compute varies by orders of magnitude within single leader-
boards: 8,192 x on miniF2F-test, 250 x on SWE-bench Lite,
64x on AIME and MATH. Entries differing by four orders
of magnitude in inference compute appear in the same rank-
ing column. Under SCRP, 81% of entries (21/26) would
require additional disclosure that currently does not exist
anywhere in the submission pipeline.

7.1. Role Vocabulary and Ablation

We define a standardized role vocabulary for system com-
ponents: Generator, Verifier, Critic, Decomposer, Search
Controller, Aggregator, and Tool Executor (full definitions
in Appendix C).

For Level 3—4 systems, SCRP requires component ablation:
remove the verifier, remove tool access, reduce to pass@1,
and compare single-agent against multi-agent under equal
compute. This is the Al equivalent of lesion studies in neu-
roscience (Rorden & Karnath, 2004). AlphaProof without
the Lean verifier is a different system; the performance gap
quantifies the verifier’s contribution.

7.2. Adoption and Enforcement

Adoption is phased. The immediate tier (zero cost) adds
metadata fields to existing submission forms and requires
complexity-level self-classification. In the short term, bench-
mark maintainers demand Level 1 baselines alongside
system-level submissions. In the medium term, standard-
ized compute-budget tiers enable cross-system compari-
son. SPEC CPU benchmarks achieved widespread adop-
tion through exactly this mechanism (Standard Performance
Evaluation Corporation, 2006).
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Enforcement remains an open question. Lightweight mech-
anisms include: (1) self-reported metadata with automated
schema validation that rejects malformed submissions at
intake; (2) random spot-checks where benchmark maintain-
ers request ablation evidence for a subset of entries; and
(3) community-driven verification analogous to the ML Re-
producibility Challenge (Sinha et al., 2022). Cryptographic
attestation of compute budgets through cloud provider APIs
is technically feasible but adds friction disproportionate to
current adoption maturity. We recommend starting with self-
report plus validation, escalating to spot-checks as adoption
grows. SCRP’s phased adoption mirrors precedents in en-
ergy reporting (Henderson et al., 2020) and reproducibility
checklists (Pineau et al., 2021): voluntary disclosure first,
venue requirements second, institutional infrastructure third.

8. Alternative Views

“This is just test-time compute scaling.” Test-time compute
is a resource axis (Snell et al., 2025). System composition
is a structural axis. These are orthogonal: spending 8,192 x
compute on one model vs. splitting it across generator, ver-
ifier, and search controller produces different results (Ren
et al., 2025; Google DeepMind, 2024).

’

“Multi-agent systems don’t outperform single models.
We agree that naive agent proliferation is not a free
lunch (Brooks, 1995). But how compute is allocated across
components determines efficiency (Snell et al., 2025). With-
out composition metadata, we cannot distinguish architec-
tural contributions from compute confounds. On specific
tasks, multi-component systems provide gains raw compute
cannot replicate: a Lean proof checker provides guaranteed
correctness, qualitatively different from more unverified
samples (Ren et al., 2025; Google DeepMind, 2024). The
question is not “do multi-agent systems work?” but “does
this composition contribute beyond its compute cost?”” Only
SCRP makes that question answerable.

“Model capability IS the right unit.” Model-level measure-
ment is useful as one data point. The problem is that only
model-level gets reported, and system-level results are mis-
labeled as model-level. SCRP requires the Level 1 baseline
alongside system results, providing strictly more informa-
tion. This objection argues for a subset of what we propose.

“Just add metadata fields.” We propose exactly this as the
immediate tier. But the current paradigm’s unit of analysis
(the model) is wrong. Adding fields without changing the
interpretive frame means the community will keep saying
“GPT-5.5 scored 57.2%” instead of “the GPT-5.5 Pro system
scored 57.2%.” Language shapes research direction (Bow-
man & Dahl, 2021). Mitchell et al. (Mitchell et al., 2019)
proposed model cards for model reporting; what is needed
now is the analogous system card that reports inference-time

composition, not just pre-deployment model properties. The
metadata and the reconceptualization are both needed.

“On saturated benchmarks the problem is overstated.” On
saturated benchmarks (GSM8K (Cobbe et al., 2021),
MATH (Hendrycks et al., 2021)), system gains are 0-3 pp
at the current frontier. Fair enough. (The +10.2 pp Gem-
ini 1.5 Pro MATH gap in Table 2 is an older self-consistency
result that predates this saturation, so it does not contradict
the 0-3 pp claim for today’s frontier systems.) But on the
unsolved benchmarks that drive research direction (Frontier-
Math +10.9 pp, HLE +15.8 pp, SWE-bench +40.1 pp), the
gap is massive (Epoch Al, 2024; Scale Al & Center for Al
Safety, 2025). As benchmarks grow harder to resist satu-
ration, this gap will grow. The field designs harder bench-
marks precisely to differentiate frontier systems. Those are
the benchmarks where misattribution does the most damage.

9. Related Work

Snell et al. (Snell et al., 2025), Wang et al. (Wang et al.,
2023), Yao et al. (Yao et al., 2023a), and Lightman et
al. (Lightman et al., 2023) study how to allocate test-time
compute; we address how to report what was allocated.
The agentic systems literature (ReAct (Yao et al., 2023b),
Toolformer (Schick et al., 2023), PAL (Gao et al., 2023),
Reflexion (Shinn et al., 2023), AutoGen (Wu et al., 2023),
MetaGPT (Hong et al., 2023), CAMEL (Li et al., 2023),
LLM Debate (Du et al., 2023; Irving et al., 2018)) builds
multi-component reasoning systems without specifying how
to evaluate them as systems. Agent evaluation benchmarks
(SWE-bench (Jimenez et al., 2024), GAIA (Mialon et al.,
2023), OSWorld (Xie et al., 2024), AgentBench (Liu et al.,
2023), 7-bench (Yao et al., 2024)) evaluate systems but re-
port results under model names. SWE-bench leaderboards
list “Claude 3.5 Sonnet” and “GPT-40” without distinguish-
ing whether the submission used a single API call or a
multi-step agent with tool access and self-repair loops.

Bowman and Dahl (Bowman & Dahl, 2021) identify NLP
benchmarking deficiencies; Dehghani et al. (Dehghani
et al., 2021) describe the “benchmark lottery”; Kiela et
al. (Kiela et al., 2021) propose dynamic benchmarking; Raji
et al. (Raji et al., 2021) audit benchmark misuse in Al pol-
icy claims; Lipton and Steinhardt (Lipton & Steinhardt,
2019) flag troubling trends in ML scholarship. Mitchell et
al. (Mitchell et al., 2019) propose model cards; we extend
to system cards that report inference-time composition, not
just model properties. Process reward models (Lightman
et al., 2023; Wang et al., 2024; Khalifa et al., 2025) and
MCTS-based provers (Venkataramani et al., 2026) further
blur the model/system boundary by embedding verification
loops inside inference.

Our proposal also connects to standardization efforts beyond
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model cards. Energy and carbon reporting schemas (Hen-
derson et al., 2020; Strubell et al., 2019) require decom-
posing compute costs by training phase; SCRP extends
this to inference-time composition. Reproducibility check-
lists at NeurIPS and ICML (Pineau et al., 2021) require re-
porting hyperparameters and code availability; SCRP adds
system-composition metadata as an orthogonal axis. The
ML Reproducibility Challenge (Sinha et al., 2022) shows
that community appetite for verification infrastructure exists;
SCRP provides the metadata format that makes verification
tractable.

Among concurrent work, La Malfa et al. (2025) argue LLMs
lack proper multi-agent properties (complementary to our
claim that the evaluation unit must expand), Cheng et al.
(2025) address benchmark contamination (a different failure
mode that compounds with misattribution), and McCoy et al.
(2025) propose capability-per-resource metrics. We extend
from “how much compute” to “how is compute allocated
across components,” a structural question that resource met-
rics alone do not answer.

10. Limitations

Our audit covers 26 entries across 11 benchmarks. This
is a pilot, not an exhaustive survey; a full audit would
require access to system details that labs rarely disclose.
The four-level taxonomy is intentionally coarse. Border-
line cases exist, particularly at the Level 2/3 boundary for
extended-thinking systems that internalize search. We chose
coarseness over false precision: a four-category system that
practitioners can apply consistently is more useful than a
ten-category system that produces disagreements. Inter-
annotator agreement (x = 0.88) supports this design choice,
but broader community validation is needed.

SCREP relies on self-reported metadata. Labs could misre-
port system composition, just as they currently omit it. We
mitigate this through phased enforcement (Section 6), but
the incentive to underreport complexity remains. Token
counts as a compute proxy have known limitations for MoE
architectures and tool-augmented systems. Dollar cost and
wall-clock time are alternatives, but both introduce their own
confounds (hardware variation, pricing changes, parallelism
differences). No single metric captures inference compute
perfectly; dual reporting is a pragmatic compromise, not a
final solution.

11. Conclusion

Frontier Al reasoning is system-level. AlphaProof is a
multi-component pipeline. GPT-5.5 Pro is a compute-
scaling wrapper. DeepSeek-Prover-V2’s headline result
requires 8,192 samples and a formal verifier. Our evaluation
paradigm reports single numbers under single model names.

This is misattribution. It corrupts scientific understanding,
misallocates research effort, and makes leaderboard com-
parisons meaningless. Our audit of 26 entries across 11
benchmarks confirms this is systemic.

The fix is straightforward. Every benchmark submission
must state complexity level and compute budget. Bench-
mark maintainers must require Level 1 baselines and system
composition metadata. The implementation cost is minimal:
labs already track this information internally. The commu-
nity must stop saying “GPT-5.5 scored X and start saying
“the GPT-5.5 Pro system scored X at Level 3 with Y to-
kens of inference compute.” Hutchins showed us this thirty
years ago for human cognition. The same insight applies to
artificial reasoning.

Impact Statement

This paper presents work whose goal is to advance the eval-
uation methodology of Al systems. More transparent re-
porting of system composition would improve scientific
credibility, reduce misallocation of research resources, and
enable fair comparison across architectures. We see no neg-
ative societal consequences requiring specific discussion.
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Table 6. SCRP pilot audit of 26 real benchmark submissions. “Level” = taxonomy level (1-4). “L1 Base” = whether a Level-1 baseline
was reported alongside the system result. Entries shaded yellow are Level 2+ systems whose public name does not indicate system
complexity.

System (as reported) Benchmark Score Level Samples Tools Approx. Tokens L1 Base
ol AIME 2024 83.3% 2 64 No 640,000 v
ol (pass@1) AIME 2024 74.4% 2 1 No 10,000 v
Claude 4 Opus AIME 2025 80.0% 2 1 No 60,000 —
03 (high compute) ARC-AGI 87.5% 2 ? No ? v
03 (low compute) ARC-AGI 75.7% 2 ? No ? v
AlphaCode 2 Codeforces 85%ile 3 1,000,000 Yes 2,000,000,000 —
GPT-4 + tools GAIA Level 1 54.0% 3 1 Yes 50,000 —
Grok-4 (multi-agent) GPQA Diamond 81.3% 4 ? Yes ? —
03 GPQA Diamond 79.7% 2 1 No 100,000 —
Claude 3.5 Opus GPQA Diamond 65.0% 1 1 No 4,000 v
GPT-5.5 Pro HLE 57.2% 3 8 Yes 200,000 v
GPT-5.5 HLE 41.4% 1 1 No 8,000 v
03 HLE 26.6% 2 1 No 100,000 —
Gemini 2.5 Pro HLE 18.2% 2 1 No 50,000 —
AlphaProof IMO 2024 4/6 3 ? Yes ? —
Gemini 1.5 Pro (SC@64) MATH 77.9% 2 64 No 256,000 v
Gemini 1.5 Pro (pass@1) MATH 67.7% 1 1 No 4,000 v
Claude 4 Opus MMLU 91.4% 2 1 No 30,000 —
GPT-4 MMLU 86.4% 1 1 No 2,000 v
DeepSeek-Coder (250 samples) SWE-bench Lite 56.0% 3 250 Yes 2,000,000 Ve
DeepSeek-Coder (1 sample) SWE-bench Lite 15.9% 1 1 No 8,000 v
OpenAl Codex CLI SWE-bench Verified 69.1% 3 1 Yes 200,000 —
Kimi K2 SWE-bench Verified  65.4% 3 1 Yes 3,000,000 —
Claude 3.5 Sonnet (SWE-agent) SWE-bench Verified  33.4% 3 1 Yes 50,000 —
DeepSeek-Prover-V2 (pass@8192)  miniF2F-test 88.9% 3 8,192 Yes 163,840,000 v
DeepSeek-Prover-V2 (pass@1) miniF2F-test 61.9% 2 1 Yes 20,000 v

A. SCRP Pilot Audit: Full Tables

The complete annotated audit underlying every statistic in Section 7 is reproduced below: per-entry taxonomy levels,
sample counts, tool use, token estimates, and whether a Level-1 baseline was reported (Table 6), the within-level ranking
stratification (Table 7), the level distribution and disclosure-gap counts that yield the 19/42/35/4% split and the 81%
Levels-2—4 figure (Table 8), and the within-benchmark compute ratios (Table 9). Two authors independently annotated each
entry; inter-annotator agreement on taxonomy level was x = 0.88.
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Table 7. Rankings shift when stratified by taxonomy level. “Mixed” = current leaderboard (all levels together). “Stratified” = within-level
ranking. Arrows (J) indicate entries whose effective rank drops when compared only against same-level systems.

Benchmark System Score Level Mixed Rank
HLE GPT-5.5 Pro 57.2% L3 1
HLE GPT-5.5 41.4% L1 2
HLE 03 26.6% L2 3
HLE Gemini 2.5 Pro 18.2% L2 4
AIME 2024 ol 83.3% L2 1
AIME 2024 ol (pass@1) 74.4% L2 2
miniF2F-test DeepSeek-Prover-V2 (pass@8192)  88.9% L3 1
miniF2F-test DeepSeek-Prover-V2 (pass@1) 61.9% L2 2
SWE-bench Lite DeepSeek-Coder (250 samples) 56.0% L3 1
SWE-bench Lite DeepSeek-Coder (1 sample) 15.9% L1 2
SWE-bench Verified OpenAl Codex CLI 69.1% L3 1
SWE-bench Verified Kimi K2 65.4% L3 2
SWE-bench Verified Claude 3.5 Sonnet (SWE-agent) 33.4% L3 3
GPQA Diamond Grok-4 (multi-agent) 81.3% L4 1
GPQA Diamond 03 79.7% L2 2
GPQA Diamond Claude 3.5 Opus 65.0% L1 3
ARC-AGI 03 (high compute) 87.5% L2 1
ARC-AGI 03 (low compute) 75.7% L2 2
MATH Gemini 1.5 Pro (SC@64) 77.9% L2 1
MATH Gemini 1.5 Pro (pass@1) 67.7% L1 2

Table 8. Taxonomy-level distribution and SCRP disclosure gaps across the 26 audited submissions. Proportions describe the audited
sample, which over-represents high-score, system-heavy submissions by design (Section 7). Inter-annotator agreement on taxonomy level:

Cohen’s k = 0.88.

Property Count %
Taxonomy-level distribution (k. = 0.88)
Level 1 (single sample) 526 19.2%
Level 2 (multi-pass / TTC) 1126 42.3%
Level 3 (multi-component) 9/26  34.6%
Level 4 (multi-agent) 1/26 3.8%
Levels 2—4 (system-level) 21726 80.8%
Disclosure gaps
Level-1 baseline not reported 12/26  46.2%
Compute budget undisclosed 426  15.4%
Sample count undisclosed 4726 15.4%
Tool use present (often undisclosed) 1126 42.3%
System name hides complexity 1126  42.3%
Would need additional SCRP metadata  21/26 80.8%

Table 9. Compute varies by orders of magnitude between entries on the same benchmark. All entries appear on the same leaderboard
without compute disclosure.

Benchmark Low-compute entry High-compute entry Ratio
miniF2F-test DeepSeek-Prover-V2 (pass@1)  DeepSeek-Prover-V2 (pass@8192)  8,192x
SWE-bench Lite DeepSeek-Coder (1 sample) DeepSeek-Coder (250 samples) 250
AIME 2024 ol (pass@1) ol 64 x
MATH Gemini 1.5 Pro (pass@1) Gemini 1.5 Pro (SC@64) 64 x
SWE-bench Verified Claude 3.5 Sonnet (SWE-agent) Kimi K2 60 x
HLE GPT-5.5 GPT-5.5 Pro 25%
GPQA Diamond Claude 3.5 Opus 03 25x
MMLU GPT-4 Claude 4 Opus 15x%
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B. Full SCRP Schema
The complete JSON schema for SCRP submissions:

{
"required": ["model_id", "taxonomy_level",
"n_samples", "compute_budget_tokens"],
"properties": {
"model_id": {"type": "string"},
"taxonomy_level": {"type": "integer", "enum": [1,2,3,41},
"n_samples": {"type": "integer", "minimum": 1},
"consensus_method": {"type": "string"},
"tools_used": {"type": "array", "items": {"type": "string"}},
"verifier_type": {
"type": "string",
"enum": ["none", "execution_test","formal_proof",
"learned_verifier","self verification", "human"]
} 4
"compute_budget_tokens": {"type": "integer"},
"n_agents": {"type": "integer", "minimum": 1},
"pipeline_components": {"type": "array"},
"communication_topology": {
"type": "string",
"enum": ["none", "sequential","parallel",
"hierarchical", "debate", "custom"]
}
}
}
C. Role Vocabulary

Table 10. Standardized role vocabulary for system components.

Role Definition

Generator Produces candidate solutions (base model, CoT)
Verifier Checks correctness (PRM, Lean, code execution)
Critic Provides feedback for revision (self-critique, debate)
Decomposer Breaks problem into subproblems

Search Controller ~ Guides exploration (MCTS, beam search)
Aggregator Combines candidates (majority vote, reranker)

Tool Executor Interfaces with external tools

D. Organizational Theory Mapping

Table 11. Organizational theory — Al evaluation mapping.

Framework Core claim Al evaluation import
Hutchins Cognition is distributed Unit of eval = system
Woolley ¢ # max individual IQ Solo score # system score
Brooks More people # faster More agents # better
Lamport Redundancy needs independence  Voting needs diverse errors
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