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ABSTRACT

Post-AGI governance proposals often emphasize rapid adaptation, stabilization,
and preventing gradual disempowerment of human institutions. Yet many policy
levers—from liability regimes to treaties to benefit-sharing—implicitly assume that
researchers, regulators, and civil society can observe and contest the allocation
of the key bottleneck input: compute. We argue that compute concentration is a
first-order socio-economic and safety risk in post-AGI scenarios because it shapes
(i) who can build, (ii) who can audit, and (iii) who can deploy and gate high-
impact systems. We propose a practical measurement layer: compute provenance
reporting via standardized Compute Cards (public, banded disclosures plus a
confidential annex for trusted auditors), paired with simple, robust concentration
indices (Top-k, HHI, Gini) computed across training and inference. Using a
public dataset of estimated training costs for notable frontier models, we illustrate
extreme inequality (Gini &~ 0.89; Top-1 share =~ 54%). We then outline an
MVP “dashboard” pipeline, a disclosure threat model, and a research agenda
that links measurement to policy evaluation (e.g., public compute, procurement,
and competition interventions) while respecting safety and security constraints.

1 MOTIVATION: COMPUTE IS A POST-AGI BOTTLENECK

Work on post-AGI governance foregrounds fast transitions, hard-to-reverse decisions, and the need
for institutions that remain legitimate and effective under capability surges (Bostrom et al., [2020;
MacAskill & Moorhouse, [2025; [Kulveit et al.l 2025). A recurring theme is power concentration: if a
small set of actors controls the capability frontier, they may entrench autocracy, lock in values, or
constrain democratic oversight.

Compute is a distinctive locus for this risk because it is (a) rival and capacity-limited, (b) mediated by
a highly concentrated hardware and cloud supply chain (see Figure[I)), and (c) increasingly required
at scale for both training and inference (Vipra & West, [2023}; |Center for the Governance of Al 2024}
Organisation for Economic Co-operation and Development, 2023)).

Empirically, training compute requirements have accelerated beyond Moore-era trends (Amodei &
Hernandez, |2018; Sevilla et al., [2022)), and frontier training costs have risen sharply (Cottier et al.,
2024). At the same time, unequal access to compute can re-shape the research ecosystem toward large
firms and elite institutions (Ahmed & Wahed, [2020). These dynamics make compute concentration a
natural early-warning indicator for several post-AGI “dashboard” approaches: if oversight depends
on independent evaluation, red-teaming, and institutional competition, then measuring who can afford
and obtain compute is prerequisite infrastructure.

2  WHAT TO MEASURE: EFFECTIVE COMPUTE ACCESS

We distinguish compute capacity from effective access. Even if global FLOP supply grows, effective
access may remain concentrated due to financing, chip scarcity, cloud contracts, export controls, data
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Figure 1: Geographic concentration of physical infrastructure. Approximate regional shares of
data-centre electricity use (2024) reported by the IEA (International Energy Agencyl, [2025)).

rights, and distribution bottlenecks. For a model or organization 7, define effective access as a vector:
A; = (O, e Dy, Gi), (D

where C'rain jg training compute (e.g., accelerator-hours, FLOPs, or amortized $ cost), Cinfer jg
sustained inference throughput, D summarizes legal/contractual access to key data (e.g., licenses;
proprietary corpora), and G captures gating power over deployment channels (e.g., dominant APIs,
platform integration, or key partnerships). Policy-relevant concentration can then be measured at
multiple layers: chips, cloud, training runs, and deployment interfaces (Competition and Markets|

Authority|, 2024} [Federal Trade Commission, [2023).

3 PROPOSAL: COMPUTE CARDS WITH SAFE DISCLOSURE

We propose Compute Cards: a lightweight, standardized disclosure artifact analogous to model
cards and datasheets (Mitchell et al., 2019} |Gebru et al., 2021)), but scoped to compute provenance
and deployment capacity. Compute Cards align with calls to systematically report energy and carbon
impacts (Strubell et al., 2019; [Schwartz et al., [2020; [Henderson et al.| 2020), and can be made
compatible with emerging safety-tiering practices (Anthropic, 2023} OpenAlL [2023)).

Table 1: Proposed Compute Card Schema (Two-Tier Disclosure)

Tier Fields Disclosed
1. Public (i) Training compute band (e.g., 10%* — 10?° FLOPs) & Accelerator family
(Banded) (ii) Training cost band & uncertainty method

(iii) Energy use band & region
(iv) Deployment mode (Weights / API / On-device)
(v) Access policies (Rate limits, safety tier)

2. Confidential ~ Exact cluster topology & providers
(Auditor Annex) Procurement contracts & security controls
Incident logs & utilization rates

Disclosure threat model. Exact cluster details can be competitively sensitive and may create security
risks (e.g., targeting scarce hardware). We therefore recommend a two-tier design (Table |I|): 1)
public fields are disclosed in bands (e.g., order-of-magnitude FLOPs; energy range; region), and (ii)
a confidential annex is shared under NDA / regulator privilege with accredited auditors, enabling
verification and stronger metrics.



Figure 2: Compute provenance reporting as measurement infrastructure. Public, banded Compute
Cards and a confidential annex feed normalization and QA, enabling concentration indices.

4 METRICS AND AN MVP DASHBOARD

Given a set of disclosed compute magnitudes {x; } (training, inference, or combined), we recommend
reporting complementary concentration measures. The Top-k share captures the dominance of the
largest players:

k
Sk — Zi:l ‘T('L) (2)
Zj Ly
To capture the full distribution, we employ the HHI and Gini coefficient:
Di1 2 i — 7 3

HHI = Z s? and Gini = e
These indices trade off interpretability, robustness to missingness, and sensitivity to tails
1993}, [U.S. Department of Justice & Federal Trade Commission}, 2010).

Illustration (training cost). Using cost estimates for 61 notable frontier models
[2024}; [Epoch Research} 2024), we observe extreme inequality: Gini = 0.89 and Top-1 share = 54%
(Figure [3). While cost is an imperfect proxy for compute access, it provides a public lower bound on
concentration in state-of-the-art training.

MYVP pipeline. A minimal dashboard can be implemented in three steps: (1) ingest Compute
Cards (conference submissions; voluntary disclosures; regulator filings), (2) normalize units (FLOPs,
accelerator-hours, and $), record uncertainty bands, and handle missingness, (3) publish rolling
indices by capability tier and deployment scale. To connect to sustainability, pair compute with
grid carbon intensity and energy estimates (International Energy Agencyl 2025} [Lacoste et al., 2019}
[Cannelongue et al}, 2021).

5 LEVERS AND EVALUATION

Measurement is valuable only if it enables interventions to be compared. We highlight four classes of
levers:

* Shared compute for independent scrutiny: expand public-interest access (e.g., NAIRR) so that
academia, journalists, and civil society can reproduce evaluations and audit dominant systems
[National Science Foundation, [2025).

* Competition & interoperability: scrutinize cloud/FM partnerships and exclusionary conduct; en-
courage portability and multi-homing to reduce gating power (Competition and Markets Authorityl
[2024; [Federal Trade Commission), [2023}; [Open Markets Tnstitute, 2024; |Gans|, [2024).

» Safety-tiered access: align access and release decisions with risk, avoiding naive “open vs closed”
framing (Anthropic], 2023}, [OpenAll 2023}, [National Institute of Standards and Technology}, 2023).
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Figure 3: Lorenz curve of estimated frontier-model training costs (61 models). Extreme concentration
implies that marginal increases in the frontier are dominated by a small number of runs.

* Geopolitics & chokepoints: export controls and chip policy can reshape concentration and access
(Bureau of Industry and Security, 2023} |[Executive Office of the President, 2023} Buchanan, [2020).

Evaluation metrics. A dashboard should track: (i) concentration indices by tier, (ii) disclosure
coverage and audit pass rates, (iii) time-to-independent-replication of frontier evaluations, and (iv)
energy-per-capability trends. The goal is not to eliminate concentration (which may be technologi-
cally constrained), but to prevent unaccountable concentration and to preserve contestability under
capability acceleration.

Mapping to post-AGI ‘“‘dashboard” directions This measurement layer operationalizes three
recurring directions in post-AGI governance debates: (1) ecosystem alignment metrics and levers
(we propose measurable indices and link them to interventions), (2) power-concentration firebreaks
(we connect concentration metrics to competition and procurement levers), and (3) early-warning
indicators and governance dashboards (Compute Cards enable a rolling public index).

6 LIMITATIONS AND RESEARCH AGENDA

Compute Cards will be gamed unless paired with verification. Key open problems include: privacy-
preserving reporting, strategic missingness, cross-region comparability, and linking concentration
to downstream harms. We recommend piloting Compute Cards as a submission artifact for high-
compute papers and as an optional disclosure for major model releases, with third-party auditing and
redaction guidelines.

7 CONCLUSION

Post-AGI governance needs instrumentation. Compute concentration is a measurable, policy-relevant
proxy for power concentration across the Al stack. Compute Cards plus simple indices can turn
“power concentration” from an abstract worry into a monitored, evaluated variable—enabling earlier,
more accountable interventions.
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