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Executive Thesis. AGI ALPHA proposes a scalable substrate for intelligence organiza-
tions. The Transformer made intelligence scalable inside models; AGI ALPHA aims to
make intelligence scalable across governed institutions of agents, jobs, validators, tools,
memory, markets, settlement, governance, capacity allocation, and strategic capabil-
ity development. It extends MONTREAL.AI / QUEBEC.AI’s 2017 Multi-Agent AI DAO
prior-art lineage from autonomous agents coordinated through blockchain and DAO-
style structures into a proof-bearing system: agents are named, jobs are bounded, work
is evidenced, validators gate settlement, RSI governs recursive invention, and empir-
ical claims require Evidence Dockets. The paper proposes architecture, mechanisms,
metrics, and evaluation standards; it does not claim achieved AGI, ASI, empirical SOTA,
standard-setting control, guaranteed economic return, or civilization-scale capability.

Publication status. This is a theoretical systems and implementation-architecture pa-
per. It is designed to be tested through Evidence Dockets containing real tasks, base-
lines, ProofBundles, replay logs, cost and safety ledgers, validator reports, delayed out-
comes, and independent reproduction.

Vincent Boucher
President of MONTREAL.AI and QUEBEC.AI
Written with AI

Technical descriptor: A far-from-equilibrium framework for α-AGI Ascension.

1 Abstract
AGI ALPHA proposes a scalable substrate for intelligence organizations: a validator-
gated system that converts model capability into verified machine labor, verified labor
into reusable capability, and reusable capability into capital, infrastructure, compute,
science, and useful energy capacity. The framework treats intelligence not merely as
model performance, but as governed, evidence-producing, compounding institutional
work.

The highest objective is civilizational but claim-bounded: to make machine intelligence
economically legible, auditable, allocable, and governable as an operator-institution in-
vention engine. AGI ALPHA is designed to compound model capability into work, work
into invention, invention into reusable capabilities, capabilities into productive capacity
and infrastructure, and productive capacity and infrastructure into compute, science,
robotics, laboratories, markets, and useful-energy capacity.

As owned strategic namespace assets, AGI.Eth / ASI.Eth supply the institutional names-
pace layer for this substrate: a low-entropy, registry-governed identity system in which
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agents, nodes, validators, businesses, environments, proof bundles, α-Work Units, set-
tlement receipts, and governance authority become machine-resolvable and audit-ready.

Building on open-ended environment generation, AI-generating algorithms, automated
design of agentic systems, and zero-data verifier-grounded self-play, AGI ALPHA further
defines a proof-gated AI-generating work engine: a commercially independent substrate
that can generate tasks, environments, agentic systems, validators, and curricula, while
admitting only those descendants that produce replayable proof bundles, validated α-
Work Units, bounded risk, reusable capability, and measurable contribution to the value-
to-energy flywheel.

The last-year MontrealAI GitHub corpus adds an implementation-evidence layer to the
paper: the supplied activity figure is 30,627 contributions in the last year, and the pub-
lic repositories expose a multi-surface stack spanning meta-agentic cognition, AGI Jobs
work OS, escrowed job contracts, AGI Alpha Nodes, proof-first Nova-Seeds releases,
open-ended RSI demos, documentation, CI, tests, runbooks, and local/devnet replay sur-
faces. This is treated as implementation, protocol, and replay-scaffold evidence, not as
proof of empirical SOTA.

ALPHA-AGI Insight v02 adds the implementation spine for market-governed open-
ended invention: AGIJobManager settles epoch-level work, Paymaster funds utility-
denominated mandates, NettingHouse batches and challenges invention receipts, Open-
Claw provides the sponsor/reviewer/operator shell, Alpha-Factory runs proposal, causal-
ization, scoring, novelty, red-team, archive, and promotion loops, AGI Nodes execute
and replay distributed work, and the value-to-energy flywheel allocates accepted ca-
pabilities toward stronger future work [87]. The remaining empirical burden is an
externally reproducible Evidence Docket: real tasks, baselines, proof bundles, replay
logs, validator reports, cost/risk ledgers, α-Work Unit estimates, and independent audit
hooks.

AGI Alpha RSI supplies the deterministic sovereign governance control plane for this
substrate: a schema-bound, replayable, baseline-comparative invention operating sys-
tem in which OMNI-style interestingness guides exploration but never outcome author-
ity, evidence confidence cannot inflate without execution, high-novelty breakthroughs
require reproduction and stress testing, and recursive improvement is permitted only
through append-only ledgers, proof bundles, dossiers, and validator-gated promotion
[90-92].

The framework integrates far-from-equilibrium systems theory, Gibbs-like free-energy
objectives, statistical physics, Hamiltonian and learned coordination, game-theoretic
mechanism design, experience-grounded learning, value-relevant organizational plan-
ning, generalized validated search, task-defined curricula, lineage metaproductivity,
permeability-gated sandbox markets, process-resolved evidence validation, subversion-
resistant validation, capability package libraries, value-capture ledgers, capacity alloca-
tion governance, and full-stack real-task evaluation.

The paper’s central claim is architectural. The Transformer revealed a scalable sub-
strate for intelligence insidemodels. AGI ALPHA proposes the complementary substrate
above models: an organization layer in which agents, jobs, validators, tools, memory,
incentives, markets, settlement, governance, capacity allocation, and governance com-
pound into verified work. The highest-value form of this substrate is not merely au-
tomation, but a sovereign operator-institution flywheel: verifiedmachine labor produces
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reusable capabilities; reusable capabilities produce productive capacity and infrastruc-
ture; productive capacity and infrastructure expand compute, science, and useful en-
ergy capacity; expanded capacity feeds back into stronger, safer, more general machine
labor.

Since the first deterministic RSI-loop integration, the public CI evidence lineage
has expanded into HELIOS and Cybersecurity Sovereign experiments. HELIOS-
001/002 provide local simulator/proxy evidence for governed capability compound-
ing and transfer; HELIOS-003/004 provide benchmark-bridge readiness and comple-
tion/handoff; CYBER-SOVEREIGN-001/002 instantiate a bounded defensive security
organ and demonstrate local intra-domain defensive capability compounding through
CyberSecurityCapabilityArchive-v1; CYBER-SOVEREIGN-003 adds human-governed re-
mediation readiness through safe PR proposal, Evidence Hub hardening, external re-
play, delayed-outcome monitoring, and CyberSecurityCapabilityArchive-v2. These re-
sults remain claim-bounded: they do not establish empirical SOTA, achieved AGI/ASI,
real-world certification, autonomous production remediation, or external validation;
they operationalize the Evidence Docket standard and define the next external replay,
human-review, and benchmark burden.

The civilizational objective is a strategic horizon, not a present achievement claim. AGI
ALPHA becomes empirical only through benchmarked tasks, reproducible traces, ex-
ternal validators, evidence bundles, delayed-outcome checks, safety ledgers, cost/risk
accounting, baseline comparisons, process-integrity audits, subversion tests, and inde-
pendent review. The paper therefore proposes the architecture, mechanisms, metrics,
and experiments required to test the flywheel, not a claim that superintelligence, au-
tonomous sovereignty, energy abundance, or Kardashev-scale capability has already
been achieved.

2 Reader’s Map
This paper is intentionally comprehensive. The following map is provided so that exec-
utive, technical, safety, institutional, and empirical readers can navigate without losing
the architecture’s full scope.

Section Reader question Primary answer

Substrate thesis and
value-to-energy flywheel

What is AGI ALPHA? A scalable substrate for
intelligence organizations
above model substrates.

Historical prior art What is the institutional
lineage?

The 2017 Multi-Agent AI
DAO provides public
prior-art lineage for
autonomous agents,
blockchain-mediated
coordination, and
DAO-style governance.
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Section Reader question Primary answer

AGI.Eth / ASI.Eth naming
and proof-settlement layer

How are actors, authority,
and proof made legible?

Low-entropy namespace,
ProofBundles, α-Work
Units, AGI Jobs, Chronicle,
and settlement.

Implementation evidence
corpus and evidence ladder

What exists beyond theory? MontrealAI repositories,
demos, contracts, CI,
local/devnet proof surfaces,
and a claim-bounded
evidence ladder.

Market-governed invention
stack

How does invention
become labor?

MandateEpochs,
NettingHouse, Paymaster,
OpenClaw, Alpha-Factory,
causal substrate, QD
archives, and nodes.

QD archive, causal
substrate, MandateEpochs,
and AGI Nodes

How does the system scale
search?

Distributed, replayable
microjobs and
archive-preserving
open-ended search.

RSI governance How is recursive invention
governed?

Deterministic runner, drift
sentinel, ECI, baseline
discipline, Move-37
dossiers, and mechanical
gates.

Safety, validation, and
claim boundaries

What prevents overreach? Risk gates, process
evidence, subversion
resistance, legal
boundaries, and
claim-boundary boxes.

Evidence Docket and
benchmark program

What would prove it? Real tasks, baselines, proof
bundles, replay, cost/risk
ledgers, and independent
audit.

Current CI evidence
lineage

What exists now? First RSI loop, L4-L7
autopilot, HELIOS-001
through 004, and
Cybersecurity Sovereign
001 through 003, all
claim-bounded.

Conclusion and
publication-safe horizon

What is the long-run
ambition?

Governed compounding
from verified work to
capability, infrastructure,
compute, science, security,
and useful energy.

3 At a Glance
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Layer Problem solved
AGI ALPHA
mechanism

Evidence
status Main risk / gate

Model
substrate

Scaling
representation
and reasoning
inside models

Transformer-
like model
substrate

External prior
art

Model
capability is
not
institutional
capability

Historical prior
art

Establishing
design lineage
for AI agents +
blockchain +
DAO
coordination

2017
Multi-Agent AI
DAO ->
AGI.Eth / AGI
Jobs /
ProofBundles /
RSI
governance

Public prior-art
record and
design lineage,
not empirical
proof

Avoid legal
overclaim;
counsel review
required

Organization
substrate

Coordinating
agents into
work

Agents, jobs,
routers, tools,
memory,
validators

Formal
architecture +
implementa-
tion scaffold

Coordination
overhead and
false
acceptance

Proof-
settlement
substrate

Making
machine work
auditable and
payable

ProofBundles,
α-WU, AGI Jobs,
AGIJobMan-
ager, Chronicle

Protocol
evidence in
bounded form

No replay, no
settlement

Namespace
substrate

Making
authority
legible at
machine speed

AGI.Eth /
ASI.Eth,
registry-
governed
names

Institutional
design source

Registry drift,
spoofing, scope
confusion

Market-
governed
invention
substrate

Making
invention
operate as
validated labor

MandateEpoch,
NettingHouse,
Paymaster,
OpenClaw,
Alpha-Factory

Implementation-
grounded
architecture

Unreplayable
microjobs and
unsafe
promotion

Global QD
archive

Preserving
stepping stones

MAP-Elites /
QD archive,
descriptor
cells, lineages

Planned
benchmark +
implementa-
tion spine

Novelty
without value
or safety

AGI Nodes
compute fabric

Scaling parallel
search and
replay

Verifiable node
work units,
replay, audit
sampling,
challenges

Implementation
scaffold

Unverifiable
compute or bad
incentives

RSI
governance

Governing
recursive
improvement

Deterministic
runner, ECI,
drift sentinel,
baseline gates,
dossiers

Internal
architecture
source

Novelty mill
and confidence
inflation
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Layer Problem solved
AGI ALPHA
mechanism

Evidence
status Main risk / gate

Evidence
Docket

Making
empirical
claims testable

Claims matrix,
baselines,
proof bundles,
logs, ledgers,
replay

Defined
standard

No docket, no
empirical SOTA
claim

CI Evidence
Lineage

Turning
architecture
into replayable
evidence
objects

Evidence
Factory,
HELIOS,
Cybersecurity
Sovereign

Local/proxy CI
evidence with
baselines and
replay

External
reviewer replay
and public
benchmark
execution

Specialized
Sovereign
Organs

Converting
reusable
capability into
domain-specific
defensive
capability

CyberSecurityCapabilityArchive-
v0/v1/v2,
defensive
Evidence
Dockets, safe
patch
proposals

CYBER-
SOVEREIGN-
002 local
defensive
compounding;
CYBER-
SOVEREIGN-
003
human-
governed
remediation
readiness

No offensive
capability
claim, no
secret leakage,
no external
scans, no
automatic
merge, human
review
required

Human-
Governed
Remediation

Turning
findings into
reviewed
institutional
improvements

Safe PR
workflow,
claim-boundary
guard,
Evidence Hub
backfill,
external replay,
delayed-
outcome
sentinel

Implemented /
pending or
achieved if PR
reviewed

PR review
decision and
external replay
required before
stronger claim

Value-to-energy
flywheel

Converting
intelligence
into
compounding
capacity

work ->
capability ->
productive
capacity ->
capacity ->
stronger work

Strategic
horizon +
proxies

Overclaim
without
measured links

Claim boundary. This paper does not claim that AGI ALPHA has achieved AGI, ASI, au-
tonomous sovereignty, empirical SOTA, standard-setting control, guaranteed economic
return, energy abundance, or civilization-scale capability. It claims that AGI ALPHA is
a testable architecture for scalable intelligence organizations: a validator-gated, proof-
bearing, RSI-governed substrate for converting model capability into verified machine
labor and allocable capability. The claim becomes empirical only through Evidence
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Figure 1: AGI ALPHA: Scalable Substrate for Intelligence Organizations. The figure
shows six stacked substrates: model, agent work, proof-settlement, market-governed
invention, governance, and the value-to-energy flywheel.

Dockets containing real tasks, baselines, ProofBundles, replay logs, safety/cost ledgers,
validator reports, delayed outcomes, and independent reproduction.

4 Core claim
The most rigorous compressed claim is:

𝛼-AGI Ascension = bounded, far-from-equilibrium, multi-agent work production

or, in operational form:

𝐸̇compute,data,capital,tasks → 𝑊̇verified impact + 𝑄̇dissipated search + ̇𝐼memory

AGI ALPHA brings α-AGI Ascension to life when energy-mediated computation be-
comes a continuously replenished, statistically mapped, learned-and-Hamiltonian-
routed, experience-grounded, game-theoretically aligned, validator-gated swarm that
converts open-system inflows into verified, risk-bounded work. The router is not a single
hand-coded scorer; it is a family of commercially independent coordination substrates
that learn when to decompose, delegate, verify, stop, escalate, remember, replay, and
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improve from grounded experience. In its planning form, the router learns abstract or-
ganizational models that are value-relevant rather than reconstructive: it need not sim-
ulate the full world, only those future quantities needed to select safer and higher-value
work actions. In its economic form, AGI ALPHA is a sovereign evolutionary agent econ-
omy: task definitions create curricula, markets allocate bounded resources, artifacts
and workflows form lineages, and settlement rewards long-run safe metaproductivity
rather than immediate benchmark score alone.

The central objective of AGI ALPHA is to transform intelligence from a model capability
into an institutional compounding engine: verified machine labor produces reusable ca-
pabilities; reusable capabilities produce productive capacity and infrastructure; produc-
tive capacity and infrastructure expand compute, science, and useful energy capacity;
expanded capacity feeds back into stronger, safer, more general machine labor.

Kardashev-II-scale coordination also requires low-entropy naming and incentive-
compatible proofs. AGI.Eth provides the canonical identity and namespace layer; AGI
Jobs provides the proof-settlement work OS; AGI Alpha Nodes provide the deterministic
runtime. Together, they turn machine intelligence into replayable, auditable, settleable,
and governable work. The invariant is: Autonomy measured · work proven · value
settled.
AGI ALPHA is not merely a multi-agent coordinator. It is an AI-generating algorithm for
intelligence organizations. Its native search space is not only neural architectures or
prompts, but the institutional space of agents, jobs, tools, validators, proof bundles, en-
vironments, curricula, markets, settlement mechanisms, namespaces, and governance
policies. The system improves by generating new work environments, new agentic sys-
tems, and new verifiable tasks, then accepting only those descendants that produce
reusable, externally validated, risk-bounded capability.

The MontrealAI GitHub corpus supplies the current implementation substrate for this
claim: public code, demos, CI, contracts, nodes, release posture, proof ladders, and
documentation convert the doctrine from a paper-only thesis into a proof-producing
stack. This does not close the empirical question; it narrows it. The decisive next test
is whether the stack can produce independently replayable, equal-budget benchmark
wins on real tasks.

5 Model substrate vs. organizational substrate
The Transformer revealed a scalable substrate for intelligence inside models: a general
architecture in which tokens, attention, depth, parameters, data, and compute could
compound into increasingly capable representation, prediction, and reasoning systems
[56]. AGI ALPHA proposes the analogous substrate above models: a scalable architec-
ture for intelligence organizations, where agents, jobs, validators, memory, incentives,
markets, governance, and settlement compound into increasingly capable systems of
verified work.

The distinction is structural. The Transformer made intelligence scalable as computa-
tion; AGI ALPHA aims to make intelligence scalable as institution. In this framing, α-AGI
Ascension is not merely many agents communicating. It is the emergence of an organi-
zational substrate in which intelligence can be routed, validated, priced, remembered,

16



governed, and recursively improved.

Transformer = 𝒮model(tokens,attention,parameters,data,compute)

AGI ALPHA = 𝒮organization(agents, jobs,validators,memory, incentives,governance)

Figure 2: Model substrate versus organizational substrate. The Transformer scales in-
telligence insidemodels; AGI ALPHA proposes a substrate for scaling intelligence across
governed organizations of agents, jobs, validators, memory, incentives, and governance.

Transformer scaled intelligence in models; AGI ALPHA scales intelligence in
organizations.
This substrate framing clarifies the paper’s strategic thesis. The next frontier is not
only larger models, but governed intelligence organizations that convert model capa-
bility into proof-bearing labor, market activity, scientific discovery, productive-capacity
formation, and energy-scale infrastructure under auditable constraints.

6 Civilizational Value-to-Energy Flywheel
AGI ALPHA’s strategic objective is to convert model intelligence into governed machine
labor, governed machine labor into verified invention, verified invention into reusable
capability, and reusable capability into productive-capacity formation, infrastructure,
compute, science, and useful energy capacity. This is the paper’s North Star. It is not
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a claim of present-day superintelligence; it is the architecture that would make such
capability economically legible, auditable, allocable, and governable.

The paper’s spine is a compounding chain:

1. model capability;
2. governed machine labor;
3. verified invention;
4. reusable capability;
5. productive-capacity formation;
6. infrastructure, laboratories, robotics, markets, and energy systems;
7. useful energy and compute expansion;
8. stronger future machine labor.

Formally:

𝑊̇verified → 𝐾̇productive capacity → ̇𝐼infrastructure → 𝐸̇useful → 𝐶̇compute → 𝑊̇+
verified.

Here, 𝑊̇verified is externally accepted work; 𝐾̇productive capacity is allocable value;
̇𝐼infrastructure includes software, laboratories, robotics, manufacturing, markets, secu-
rity, and institutions; 𝐸̇useful is governed energy and industrial capacity; and 𝐶̇compute
is the expanded computational substrate that enables stronger future work.

Figure 3: Civilizational value-to-energy flywheel. Verified machine labor becomes
reusable capability, capital, infrastructure, useful energy, compute, and stronger fu-
ture labor under a governance corridor.
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The objective is therefore not:

max automation

but:

max𝜋 𝔼[𝑉civilizational]

= 𝔼[𝑊verified +𝐾productive capacity + 𝐼infrastructure +𝑆science +𝐸useful]
− 𝜆𝐶−𝜌𝑅−𝜇𝑈−𝜈𝑋.

𝐶 is cost, 𝑅 is safety/legal/security risk,𝑈 is uncertainty or unmeasured externality, and
𝑋 is harmful concentration, market instability, opaque centralized dependency abuse,
or social externality.

6.1 Kardashev-aligned claim boundary
The Kardashev Type II vision is used here as a civilizational horizon for productive capac-
ity, not as a near-term empirical claim. Near-term progress is measured by controlled,
governed proxies: verified work, reusable capability creation, productive-capacity for-
mation, compute expansion, useful-energy and infrastructure contributions, scientific
throughput, and reduction of cost/risk per verified output. Star-scale energy capture is
an asymptotic reference point; the paper’s operational concern is the safe compounding
path toward larger governed productive capacity.

The civilizational value-to-energy objective is accepted only as a benchmarkable di-
rection of travel. AGI ALPHA does not claim present-day superintelligence, energy
abundance, autonomous sovereignty, or achieved Type-II capability. It proposes
a commercially independent, validator-gated, experience-grounded, planning-capable
intelligence-organization substrate whose purpose is to test whether verified machine
labor can compound into larger useful capacity under evidence, safety, governance, and
audit constraints.

6.2 Operator-Institution Compounding: From Automation Platform to
Invention Reserve

The paper distinguishes two deployment modes:

System type Best monetization model AGI ALPHA implication

Automation machine Sell task completion
broadly to users with tasks.

Job marketplace, workflow
execution,
agents-as-service,
proof-gated delivery.

19



System type Best monetization model AGI ALPHA implication

Invention machine Use internally to discover,
build, own, and compound
high-value assets.

Operator-institution
flywheel, invention reserve,
strategic capability
portfolio, capacity
allocation into compute,
science, energy, and
infrastructure.

AGI ALPHA’s highest-value deployment is not merely agents-as-a-service. It is
operator-institution compounding: using the system to discover opportunities, pro-
duce validated artifacts, improve its own work substrate, acquire strategic knowledge,
create software/lab/robotics/energy infrastructure, and allocate gains into compute, sci-
ence, energy, security, validators, and further machine-labor capacity.

AGI ALPHA-native methods:

Method Definition

Sovereign Invention Reserve A protected portfolio of validated artifacts,
workflows, tools, hypotheses, software
systems, market mechanisms,
infrastructure designs, and scientific
results retained for internal compounding
rather than immediately commoditized.

Capacity Allocation Control Plane A governance layer that allocates verified
gains into compute, data, tools,
laboratories, robotics, energy systems,
security, and validator capacity.

Capital-to-Compute-to-Energy Ledger A ledger that tracks how verified work
becomes revenue/capital, how capital
becomes infrastructure/compute/energy
capacity, and how expanded capacity
improves future verified work.

Strategic Capability Asset Map A map of which capabilities are best sold
externally, retained internally, licensed
selectively, open-sourced, sandboxed, or
allocated into the operator-institution
flywheel.

6.3 AGI.Eth / ASI.Eth: Low-Entropy Naming for Verifiable Machine La-
bor

The AGI ALPHA paper defines the organizational substrate: agents, jobs, validators,
memory, incentives, markets, settlement, and governance. AGI.Eth / ASI.Eth define the
institutional name layer: canonical identities, scoped environments, roles, proof roots,
settlement surfaces, and governance authority. AGI Jobs defines the work OS: request ->
escrow -> execute -> proof -> validate -> settle -> chronicle. AGI AlphaNodes define the

20



runtime: containerized, ENS-identified, staked, authorized nodes that execute, validate,
monitor, meter, package artifacts, and emit signed telemetry. AGI_Eth_Institutional_v0
is treated here as a primary-source institutional design document and strategic archi-
tecture layer, not as empirical proof of achieved AGI, ASI, safety, or standard-setting
control [73].

The strategic claim is precise: AGI.Eth and ASI.Eth are owned strategic namespace
assets, but they are not merely names. Their advantage is architectural only if the
operator-institution uses them to become low-entropy institutional roots for verified AGI
labor paired with secure deployment, replayable proof, validator quality, useful work,
adoption, settlement-grade evidence, and governance. The design invariant is:

Autonomy measured · work proven · value settled.

Figure 4: AGI.Eth institutional stack: agent cognition, work OS, and deployment run-
time are synchronized by hashes, signatures, attestations, and registry-governed author-
ity.

This institutional layer is the missing bridge between capable models and civilization-
scale machine labor: it makes actors, roles, authority, proof, settlement, and governance
legible at machine speed.

6.3.1 Namespace grammar

The AGI.Eth namespace grammar is:

<entity>.(<env>.)<role>.agi.eth

where:
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role ∈ {agent, node, club}
env ∈ ENV_SET

Examples:

helper.agent.agi.eth
helper.alpha.agent.agi.eth
gpu01.alpha.node.agi.eth
alice.alpha.club.agi.eth

Definitions:

Term Meaning

agent Cognitive or execution identity.
node Deterministic runtime / infrastructure

identity.
club Validator, governance, or institutional

membership identity.
env.agi.eth Ecosystem root.
<business>.env.agi.eth AGI Business under a named environment.
<sovereign>.agi.eth Sovereign institutional root.

ASI.Eth is the high-assurance / future-superintelligence namespace reserve. It does not
imply that ASI has been achieved. It defines a reserved namespace for stricter authority,
stronger proof bundles, higher validator quorums, high-risk governance, and future ASI-
grade institutional coordination.

6.3.2 Recognition and scope

Pattern Meaning Recognition rule

entity.role.agi.eth Global role identity. Recognized across
environments; governed by
global role namespace plus
environment policy.

entity.env.role.agi.eth Environment-scoped
identity.

Recognized only inside
env.agi.eth.

env.role.agi.eth Environment role
mountpoint.

Recognized only inside
env.agi.eth.

role.env.agi.eth Optional local alias. Not official unless
registry-whitelisted.

Guardrails:

• reserve {agent, node, club} under every env.agi.eth;
• official recognition is registry-driven, not self-asserted;
• optional aliases are environment-local conveniences unless explicitly whitelisted;
• semantics remain stable while endpoints and metadata churn behind resolvers.
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6.3.3 Namespace entropy

A Kardashev-aligned machine-labor economy cannot tolerate ambiguous actor identi-
ties, unstable role names, spoofed namespaces, self-asserted authority, or high-churn
records at the semantic layer. Ambiguous naming increases coordination overhead,
fraud, settlement disputes, validator confusion, and governance risk. Low-entropy nam-
ing is not branding; it is coordination infrastructure.

Define the namespace-risk functional:

𝑅namespace = 𝑤1𝐴ambiguity +𝑤2𝐶collision +𝑤3𝑆spoof +𝑤4𝑈alias
+𝑤5𝐼resolver +𝑤6𝐷registry +𝑤7𝐶scope.

Low-entropy naming quality is:

𝑁low_entropy =
1

1 +𝑅namespace
.

Figure 5: AGI.Eth / ASI.Eth namespace layer. Low-entropy naming reduces ambiguity,
spoof risk, unauthorized aliases, resolver instability, and scope confusion.

6.3.4 Registry-as-Genome: Autopoietic Control of AGI Environments

AGI_Eth_Institutional_v0 can be read as an autopoietic control design. The environment
root is the membrane; role roots are organs; the registry is the genome; resolvers and
gateways are metabolism; status, proofs, slashing, replay, quarantine, and emergency
brakes are the immune system.
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Biological control metaphor AGI.Eth institutional analogue

Membrane env.agi.eth defines the ecosystem
boundary.

Organs Role roots agent, node, and club separate
duties.

Genome registry.agi.eth publishes ENV_SET,
canonical packages, recognized aliases,
and status.

Metabolism Resolvers and gateways turn names into
live endpoints.

Immune system Status, proofs, slashing, replay,
quarantine, and emergency brakes detect
and correct drift.

Machine-checkable registry schema:

{
"EnvironmentRegistry": {

"env": "alpha",
"state": "pre_alpha|active|paused|deprecated",
"canonicalPackage": {

"root": "alpha.agi.eth",
"agentMount": "alpha.agent.agi.eth",
"nodeMount": "alpha.node.agi.eth",
"clubMount": "alpha.club.agi.eth"

},
"recognizedAliases": [],
"policyVersion": "",
"resolverPolicy": "",
"proofRequirements": {},
"emergencyBrakeState": "normal|paused|quarantined"

}
}

Invariants:

• names classify actors unambiguously;
• role suffixes are globally meaningful;
• no payout without validated proof;
• no settlement without validation;
• official recognition is registry-driven;
• high-churn metadata lives behind resolvers;
• trust anchors stay minimal and stable.

6.3.5 One Canonical Name, Infinite Deployability

AGI.Eth serves as the canonical L1 institutional root while L2, cross-chain, runtime, end-
point, capability, metadata, and provenance pointers live behind ENS records, wildcard

24



resolvers, and CCIP-Read-style retrieval. Multi-chain complexity should be hidden be-
hind one human-readable and machine-resolvable institutional identity.

Best-practice rules:

• use ENS text records for endpoints, capabilities, and provenance pointers;
• use wildcard resolution and CCIP-Read-style retrieval for high-churn records;
• normalize names before hashing or lookup to reduce spoofing and ambiguity;
• treat the environment registry as the source of truth for official recognition;
• keep pre-alpha stacks policy-bounded with pause controls, allowlists, and rate lim-
its;

• export reproducible builds and audit packs by default.

6.3.6 End-to-end job lifecycle

The canonical AGI.Eth settlement chain is:

Request -> Escrow -> Execute -> Proof -> Validate -> Settle -> Chronicle

Step Definition

Request Job spec, acceptance tests, risk class, and
policy context.

Escrow Funds, stake, compute credits, or mission
currency locked before execution.

Execute Agent/node runs bounded tool workflow.
Proof Artifact, logs, traces, metering,

signatures, and environment pins.
Validate Deterministic tests, validator quorum,

commit-reveal attestations, and dispute
window.

Settle Escrow release only after validation.
Chronicle Durable record of job, proof, receipt,

α-WU, validator decisions, and reputation
update.

Invariant: If it cannot be replayed, it does not settle.

6.3.7 Settlement-grade proof bundle

The evidence-bundle schema is upgraded into a settlement-grade AGI.Eth ProofBundle:

ProofBundle = (JobSpec,PolicyContext,EnvPins,ContainerDigest),
(SBOM,DependencyPins,Seeds, InputHashes),
(OutputHashes,Logs,Traces,MeteringTelemetry),
(WorkerSignature,NodeSignature,ValidatorCommitments),
(ValidatorReveals,DisputeRecord,ReplayResult),
(SettlementReceipt,ChroniclePointer).
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Figure 6: AGI.Eth proof-settlement lifecycle. Request, escrow, execution, proof, vali-
dation, settlement, and chronicle are connected by replayable proof bundles, commit-
reveal validation, and α-WU metrology.

Minimum contents: JobSpec, acceptance tests, policy context, container digest, SBOM,
pinned dependencies, deterministic seeds, inputs and outputs as hashes or immutable
pointers, logs, traces, metering telemetry, α-WU inputs, worker/node signatures, valida-
tor attestations, commit-reveal validation records, dispute-window status, replay result,
settlement receipt, and Chronicle entry.

Rules:

• no ProofBundle, no settlement;
• no replay, no settlement;
• no authority, no autonomy.

6.3.8 Commit-reveal validation

Commit-reveal validation is an AGI ALPHA-native validator protocol:

1. Commit phase: validators lock hashed verdicts and scores before seeing other
validators’ reveals.

2. Reveal phase: validators publish signed verdicts, replay traces, test results,
QV/SLO scores, and evidence references.

3. Dispute phase: disagreements trigger replay, validator council review, and pos-
sible slashing.

4. Settlement phase: escrow releases only if validation clears.
The purpose is to reduce herding, reduce bribery leverage, reduce validator collusion,
make dishonesty negative-sum, and preserve auditability.
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Accept(𝑗𝑜𝑏) = 1 ⟺ Replayable(ProofBundle) ∧CommitRevealClear
∧ SLOPass∧ PolicyPass∧¬CriticalViolation
∧ DisputeWindowClosed.

6.3.9 α-Work Units and metrology

α-Work Units are the canonical measure of verified machine labor:

𝛼−WU =𝑀hardware ×𝐷difficulty ×𝑄quality × 𝑆SLO ×𝑉confidence ×𝑃policy.

If acceptance fails or SLO fails, then:

𝛼−WU = 0.

α-WU is not raw token count, GPU time, or benchmark score. It is a policy-
parameterized, settlement-grade unit of verified work. Operational indices include α-
WU per epoch, α-WU per node, α-WU per environment, α-WU per mission, α-WU per
dollar, α-WU per watt, and α-WU per unit of safety risk.

Integrating α-WU into real-task and civilizational metrics:

𝐷AGI.Ethreal = success_rate × validated_𝛼WUtotal_cost × (1 −𝑅critical) × (1 −𝑂coordination).

6.3.10 $AGIALPHA utility and token boundary

$AGIALPHA is described only as a utility token required for protocol operation, not as
equity, profit rights, dividends, ownership in any entity, or an investment claim. Its
operational roles are:

Use Function

Stake Bond participation, Sybil resistance, and
slashable accountability.

Settle Escrowed jobs release after validation.
Coordinate Epoch accounting, α-WU indices, fee

routing, burn/emission parameters,
validator quorum, and slashing
parameters.

Thermostat model:

Signals Actuators

validated α-WU per epoch fee splits
dispute rate burn fraction
SLO drift tier multipliers
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Signals Actuators

burn/emission ratio validator quorum
false acceptance rate slashing parameters
validator latency dispute windows
Sybil/collusion attempts market permeability

6.3.11 AGI.Eth Institutional Stack: Agent Cognition -> Work OS -> Deploy-
ment Runtime

The AGI.Eth institutional stack has three system surfaces.

Surface Role

AGI-Alpha-Agent-v0 Meta-agentic orchestration, planning and
evaluation loops, and R&D
sandbox-to-production interface.

AGIJobsv0 Work OS Contracts kernel, paymasters, job registry,
escrow, settlement, APIs, dashboards, and
CI.

AGI-Alpha-Node-v0 Deterministic runtime, sidecars, metering,
artifact packaging, validator/sentinel
services, and observability.

The proof-sync invariant is that hashes, signatures, and attestations connect all three
surfaces.

6.3.12 AGI Alpha Nodes: Synthetic AI Labor Infrastructure

An AGI Alpha Node is a containerized runtime that is ENS-identified, staked, and autho-
rized to execute, validate, or monitor AGI Jobs.

Identity:

<name>.alpha.node.agi.eth

Roles:

Role Function

Worker Executes deterministically, publishes
artifacts, and claims settlement after
validation.

Validator Performs commit-reveal attestations,
scores SLO and output quality, and is
slashable for dishonesty.

Sentinel Monitors health, drift, validator latency,
abnormal outputs, and security signals;
triggers local pause and escalation.
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Operator posture: one-click/container-first deployment, boot-time safety checks, signed
telemetry, tamper-evident audit trails, dashboards, fail-closed controls, circuit breakers,
local pause, key custody and rotation, and incident playbooks.

6.3.13 Strategic Namespace Defensibility: Why AGI.Eth / ASI.Eth Matter

AGI.Eth and ASI.Eth are not decorative names. They are candidate institutional roots for
AGI coordination. If AGI.Eth becomes associated with verifiable machine labor, proof-
bearing settlement, α-WU metrology, and registry-governed role identities, then com-
petitors face a coordination disadvantage: they must either adopt the AGI.Eth standard,
interoperate with it, or persuade institutions to trust a higher-entropy alternative.

Strategic defensibility components:

Component Meaning

Semantic scarcity AGI.Eth and ASI.Eth are uniquely legible
roots.

Low-entropy role grammar agent/node/club roles reduce ambiguity.
Trust anchor Recognition is registry-driven.
Proof standard Replayable settlement-grade evidence

bundles.
Metrology α-WU indexes verified work.
Runtime integration Nodes produce signed telemetry and

artifacts.
Settlement network effects Validators, jobs, agents, and businesses

converge on the same namespace.
Governance memory Chronicle entries become durable

institutional history.

Caution: the strategic defensibility becomes real only with adoption, security, proof
quality, validator trust, and useful work. Namespace ownership alone does not prove
standard-setting control.

6.3.14 AGI.Eth and ASI.Eth dual-root strategy

Root Strategic function

AGI.Eth Canonical namespace for verified AGI
labor, agents, nodes, validators, jobs,
businesses, and environments.

ASI.Eth Reserved high-assurance namespace for
future ASI-grade coordination, stricter
governance, higher-risk authority, and
frontier-capability environments.

Rules:

• do not use ASI.Eth to claim present ASI;
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• use ASI.Eth as a reserved institutional control plane for future higher-assurance
systems;

• require stronger proof bundles, validator quorum, governance gates, and hu-
man/institutional approval for ASI.Eth-scoped environments;

• use ASI.Eth to signal readiness for superintelligence governance without overclaim-
ing achievement.

6.3.15 Commercial and legal boundary

AGI.Eth / ASI.Eth are framed as institutional namespace infrastructure and strategic
positioning. This paper does not represent $AGIALPHA as equity, profit share, dividend,
security, or a claim on any entity. It does not imply achieved AGI or ASI. It does not imply
that AGI.Eth / ASI.Eth ownership alone guarantees standard-setting control. It does
not disclose private keys, private endpoints, sensitive deployment details, or internal
security posture.

6.3.16 Primary-source institutional design map
AGI_Eth_Institutional_v0 is used as a primary-source institutional design layer, not as empirical proof. Each element
below is admitted only because it strengthens the value-to-energy flywheel by making machine labor named, authorized,
replayable, settleable, and governable.

Institutional source element Use in this paper AGI ALPHA mechanism created

Executive charter: identity ->
evidence -> settlement ->
governance

Establishes the minimum institutional
sequence for machine labor.

No value without evidence; no
autonomy without authority; no
settlement without validation.

Namespace grammar Makes agents, nodes, clubs,
environments, businesses, and
sovereign roots machine-resolvable.

<entity>.(<env>.)<role>.agi.eth
grammar and scope rules.

Recognition and scope table Separates global identities from
environment-scoped identities and
unofficial aliases.

Registry-driven authority and alias
guardrails.

Registry-as-genome Makes environment recognition
machine-checkable while high-churn
metadata remains behind resolvers.

EnvironmentRegistry object and
trust-anchor invariants.

Physics and game-theory framing Treats namespace entropy and
coordination energy as operating
risks.

R_namespace, N_low_entropy,
dominant-strategy proof-settlement
design.

Three surfaces: Agent-v0, AGIJobsv0,
Node-v0

Separates cognition, work OS, and
runtime.

Proof-sync invariant across agent
cognition, contract settlement, and
signed node telemetry.

Job lifecycle Defines the canonical work chain
from request to chronicle.

Request -> Escrow -> Execute ->
Proof -> Validate -> Settle ->
Chronicle.

Proof bundle Defines audit/replay requirements for
settlement.

Settlement-grade ProofBundle
formalism and evidence template.

Metrology and settlement Makes verified work measurable and
settleable.

α-WU metrology, D_real^{AGI.Eth},
D_proof_settlement.

Node slide Defines worker, validator, and
sentinel runtime roles.

AGI Alpha Node runtime and
fail-closed operator posture.

Universal deployability Keeps one canonical institutional
name while endpoints and metadata
evolve.

ENS text records, wildcard
resolution, CCIP-Read-style retrieval,
normalization, reproducible audit
packs.

Adoption playbook Prevents premature permeability and
ungoverned scale.

Pilot -> harden -> scale progression
with pause controls, allowlists, rate
limits, audits, and interoperability
tests.

This mapping is deliberately mechanism-bound. If an AGI.Eth construct does not reduce namespace entropy, improve
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proof quality, reduce settlement risk, improve governance, or increase safe adoption of verified work, it does not belong
in the scientific core of the paper.

6.3.17 Owned namespace optionality and claim boundary

AGI.Eth and ASI.Eth create prime strategic optionality because they are unusually low-
entropy roots in a domain where institutional legibility matters. The advantage is not
ownership alone. The advantage becomes real only if the namespace is paired with se-
cure deployments, authoritative registries, reliable resolvers, validator trust, replayable
proof bundles, calibrated α-WU metrology, settlement reliability, adoption, and useful
work. In this framing, competitors are not blocked by a name; they are challenged by
a proof-settlement standard that could become the natural coordination focal point for
verifiable machine labor.

6.4 MontrealAI implementation evidence corpus: from architecture to
proof-producing stack

The paper is no longer supported only by doctrine and formalism. The public Mon-
trealAI GitHub corpus provides an implementation-evidence layer for the intelligence-
organization substrate. The MontrealAI profile publicly lists 31 repositories, 225 follow-
ers, six starred repositories, and pinned strategic repositories including AGI-Agent-v0,
AGI-Alpha-Agent-v0, AGIJobsv0, AGI-Alpha-Node-v0, AGIJobManager, and AGIJobMan-
agerPrime [20]. The supplied activity figure for this revision is 30,627 GitHub contri-
butions in the last year. Because GitHub contribution graphs follow specific counting
rules and may include public/private contribution settings, the paper treats this figure
as a high-intensity activity signal rather than a quality metric or proof of external impact
[85,86].

The important scientific point is not the contribution count alone. The important
point is that the repositories instantiate the paper’s stack: cognition, work OS, es-
crow/settlement, deterministic runtime, proof-first release posture, local/devnet demos,
CI gates, runbooks, and evidence-docket scaffolds. That moves AGI ALPHA from a
purely theoretical architecture into an implementation corpus that can be evaluated.

6.4.1 Repository evidence map
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Figure 7: MontrealAI Evidence Corpus to Benchmark Evidence Docket. The GitHub
corpus provides implementation, protocol, local/devnet, CI, demo, and proof-scaffold ev-
idence; it becomes empirical SOTA evidence only through reproducible real-task bench-
mark dockets.
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Layer Repository surface

Public
implementation
evidence Claim boundary

Meta-agentic
cognition

AGI-Alpha-Agent-v0 9,768 commits;
alpha_factory_v1,
benchmarks,
contracts/v2,
Docker quickstart,
docs, experiments,
infrastructure,
policies, tests, and
demos. The demo
catalog includes
AIGA
meta-evolution, AGI
business workflows,
marketplace
simulation,
world-model
planning,
Era-of-Experience
stack,
finance/macro
agents, and MuZero
planning surfaces
[78].

Supports
implementation
depth and demo
breadth; does not
by itself prove
external benchmark
superiority.

Work operating
system

AGIJobsv0 7,059 commits;
agent gateway,
apps, attestation,
backend, contracts,
demos, deployment,
docs, Echidna,
services, simulation,
storage, subgraph,
tests, and CI. The
repository
describes itself as
the Operating
System for AGI
Work [79].

Supports work-OS
scaffold and CI
discipline; still
needs equal-budget
benchmark dockets.
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Layer Repository surface

Public
implementation
evidence Claim boundary

Escrowed work
agreements

AGIJobManager 1,082 commits;
Ethereum
smart-contract
system for
escrowed AGI work
agreements with
optional
ENS-backed job
pages, Genesis
Console, deploy-
ment/operator
guides, security
artifacts, and
explicit human
owner/operator
oversight
boundaries [81].

Supports
proof-settlement
contract surface;
the repository itself
states some
autonomous policy
intent is not fully
enforced on-chain.

Prime settlement
protocol

AGIJob Manager
Prime

408 commits;
next-generation
sovereign AI labor
protocol with
autonomous agent
discovery,
game-theoretic job
markets, and
institutional-grade
on-chain settlement
[82].

Supports protocol
iteration; empirical
adoption,
settlement quality,
and validator
integrity remain
test targets.

Runtime
infrastructure

AGI-Alpha-Node-v0 1,121 commits;
contracts,
dashboard, deploy,
docs, Grafana
provisioning,
observability,
source, subgraph,
tests, Docker and
CI. The repository
frames the node as
a containerized,
owner-controlled
runtime with
telemetry, validator
gates, pause
controls, and CI
guardrails [80].

Supports
node/runtime
infrastructure;
production
reliability requires
replay, sentinel, and
independent-node
benchmarks.
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Layer Repository surface

Public
implementation
evidence Claim boundary

Proof-first
opportunity / RSI
rail

alpha-nova-seeds 261 commits;
contracts, SDK,
backend,
dashboard,
schemas, docs,
demos, release
posture,
verification guides,
proof-docket
guidance, and a
v3.0.0 bounded
local/devnet
Ascension Runtime
and Verifiable Trust
Rail [83].

Strong local/devnet
proof posture; the
repository explicitly
does not claim
audited-final
deployment,
completed live
Ascension,
unrestricted
autonomy, or
mainnet-ready
external validity
[83].

Open-ended RSI
handoff

alpha-open-ended-
rsi-system

Open-ended
experimental layer
on top of
alpha-nova-seeds;
exposes demo
surfaces, release
verification
commands, and a
stated next
empirical milestone:
blinded
adjacent-transfer
experiments [84].

Supports
open-ended
scaffolding;
real-world transfer
remains pending.

6.4.2 Demonstration surfaces already created

The corpus already contains practical surfaces that are directly relevant to the paper’s
real-task demonstration standard:

• AGI-Alpha-Agent-v0 demos: AIGA meta-evolution, AGI business workflows, mar-
ketplace simulation, cross-industry orchestration, world-model planning, Era-of-
Experience learning, finance/macro agents, and MuZero-style planning demos [78].

• AGIJobsv0 demos and simulations: AGI work OS demonstrations, services, con-
tracts, storage, simulation, and CI harnesses for routed work and protocol surfaces
[79].

• AGI-Alpha-Agent-v0 presentation documents: strategy, governance, agentic
organization, world-model, RSI, and protocol-native orchestration materials that
make the doctrine explicit and reviewable [78].

• alpha-nova-seeds demo ladder: local/devnet Ascension runtime, protocol smart-
contract correctness demo, open-ended RSI replay, doctrine stack, release posture,
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and verification commands [83].
• AGI Alpha Node runtime: deterministic runtime, observability, dashboards, val-
idator rosters, identity routing, pause controls, and telemetry surfaces needed for
proof-bearing labor [80].

6.4.3 Evidence-status ladder

The current evidence state should be described with precision. The evidence ladder now
distinguishes doctrine, implementation, protocol surfaces, local compounding, external
reproducibility, human-governed remediation, and official public benchmark evidence.

Evidence level Status What it means Remaining burden

E0: doctrine and
formal architecture

Achieved The paper and
public doctrine
define the
substrate.

Citation audit and
external review.

E1: implementation
scaffold

Achieved Repositories
instantiate agents,
jobs, contracts,
nodes, demos, docs,
CI, and runbooks.

Continued
hardening.

E2: bounded replay
surfaces

Achieved First loop, HELIOS,
and Cyber
workflows expose
deterministic replay
surfaces.

Independent replay.

E3: protocol
evidence

Achieved locally Escrow contracts,
AGI Jobs, node
runtime,
ProofBundles, and
namespace logic
provide
machine-labor
proof/settlement
scaffolds.

Validator/external
review.

E3.5: local
compounding
evidence

Achieved HELIOS-001/002
and CYBER-
SOVEREIGN-002
show bounded
local/proxy
capability
compounding.

Public benchmark
expansion.

E4: comparative
benchmark
evidence

Partially local B0-B6 local/proxy
baselines exist for
current CI evidence
lineages.

Official public
benchmarks.

E5: independent
reproduction

Pending External replay kits
are ready.

External reviewer
attestation.

36



Evidence level Status What it means Remaining burden

E6: scaling
evidence

CI proxy only L6 proxy matrices
exist.

Real multi-node /
multi-agent scaling.

E7: real-task
portfolio

Local/proxy
achieved

HELIOS and
Cybersecurity
Sovereign
portfolios exist.

External real-task
suite execution.

E8: delayed
outcomes

Sentinel active Delayed-outcome
workflows exist.

Actual
delayed-outcome
record.

E9:
human-governed
remediation

Implemented /
pending PR review

Cyber-Sovereign-
003 safe PR
proposal and review
record.

Human review
decision, external
replay, delayed
outcome after PR.

E10: public
benchmark
evidence

Pending Benchmark
adapters are ready.

Official benchmark
execution and
independent audit.

This ladder prevents both underclaim and overclaim. AGI ALPHA now has substan-
tial implementation, protocol, local/proxy compounding, and evidence-production infras-
tructure. Empirical SOTA remains conditional on reproducible benchmark results and
independent review.

6.4.4 Evidence Docket standard

The next empirical artifact should be an Evidence Docket, not another verbal claim. A
valid docket for AGI ALPHA must contain:

evidence-docket/
00_manifest.md
01_claims_matrix.md
02_environment.md
03_benchmark_tasks/
04_baselines/
05_agialpha_runs/
06_proof_bundles/
07_replay_logs/
08_cost_ledgers/
09_safety_ledgers/
10_validator_reports/
11_alpha_wu_calibration/
12_summary_tables/

The docket answers one question: does AGI ALPHA produce more verified work per
dollar, token, hour, watt, and unit of safety risk than strong baselines under equal con-
straints, with replayable proof and no critical safety violations?
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6.4.5 Implementation-evidence claim boundary

The MontrealAI GitHub corpus materially strengthens the paper. It shows that AGI
ALPHA has a public, multi-repository implementation substrate spanning cognition,
work OS, contracts, runtime, proof-first release posture, demos, CI, and documenta-
tion. It does not prove AGI, ASI, empirical SOTA, mainnet-scale autonomous labor, or
Kardashev-scale capability. The corpus should be treated as the proof-producing ma-
chinery from which empirical evidence can be generated.

6.5 Current Evidence Update: From First RSI Loop to Human-Governed
Cybersecurity Remediation

Since the first deterministic RSI-loop integration, the public CI evidence lineage has ex-
panded from Evidence Docket mechanics into HELIOS and Cybersecurity Sovereign
experiments. The current lineage demonstrates bounded local/proxy mechanics of
verified work, reusable capability, transfer, benchmark-adapter readiness, comple-
tion/handoff, defensive cybersecurity organ formation, intra-domain defensive capability
compounding, and human-governed remediation readiness. These results do not estab-
lish achieved AGI, achieved ASI, empirical SOTA, safe autonomy, real-world security cer-
tification, real-world energy savings, or civilization-scale capability. They operationalize
the Evidence Docket standard and define the next burden: external reviewer replay, of-
ficial public benchmark execution, physical multi-node scaling, delayed outcomes, and
independent audit.

Evidence line Status Claim level Boundary

First Deterministic
RSI Loop /
ColdChain-Energy-
Loop-001

GitHub Actions CI
scaffold completed;
Nova-Seed ->
MARK review ->
mini Sovereign ->
five AGI Jobs ->
Evidence Docket ->
reusable compiler
-> vNext
treatment/control
comparison; 12-file
Evidence Docket
artifact;
treatment/control
reuse lift: 66.67%.

E3.5 deterministic
first-loop CI
scaffold.

Not empirical
SOTA, not external
reproduction, not
broad scalability,
not adversarial
safety proof.
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Evidence line Status Claim level Boundary

L4-L7 Evidence
Autopilot

L4-ready external
reviewer kit;
L5-local baseline-
comparative
evidence;
L6-CI-proxy scaling
evidence; L7-local
real-task portfolio
evidence.

L4-ready / L5-local /
L6-CI-proxy /
L7-local.

External reviewer
attestation still
required for real
L4.

HELIOS-001 -
Governed
Compounding of
Verified Machine
Labor

Six task dockets; six
replay passes; B6
wins all local tasks;
mean Advantage
Delta vs B5: 2.0542;
mean compounding
advantage:
88.4222%; mean
reuse lift:
17.3333%; safety
incidents: 0; policy
violations: 0.

Local
simulator/proxy
evidence that
verified work can
become reusable
capability that
improves future
verified work.

Not real-world
energy savings, not
empirical SOTA, not
external benchmark
superiority.

HELIOS-002 -
External Transfer
and Reviewer
Replay

Eight task dockets;
five transfer tasks;
eight replay passes;
B6 beats B5 on all
five transfer tasks;
mean Advantage
Delta vs B5: 2.374;
mean reuse lift:
22.58%; full local
baseline coverage
for transfer tasks;
safety incidents: 0;
policy violations: 0.

Local/proxy
transfer evidence
that
EnergyComputeResilienceCompiler-
v0 improves harder
adjacent tasks.

External
benchmark
execution and
external reviewer
attestation remain
pending.
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Evidence line Status Claim level Boundary

HELIOS-003 -
Public Benchmark
Bridge and
Delayed-Outcome
Gauntlet

Cross-domain
benchmark bridge
workflow
completed; external
replay workflow
completed; scaling
proxy workflow
completed;
falsification audit
completed; public
benchmark adapter
workflow
completed;
delayed-outcome
sentinel completed.

Benchmark-adapter
readiness and
delayed-outcome
monitoring are
operational.

Adapter readiness
is not official
SWE-bench, GAIA,
OSWorld,
BrowserGym,
tau-bench, or public
benchmark victory.

HELIOS-004 -
Completion and
Handoff

HELIOS lineage
completed locally;
completion gates
recorded; handoff
to Cybersecurity
Sovereign declared.

HELIOS is locally
complete as a
claim-bounded
evidence lineage.

External
benchmark and
external reviewer
gates remain
required for
stronger claims.

CYBER-
SOVEREIGN-001 -
First Defensive
Security Organ

Defensive,
repo-owned,
sandbox-only
cybersecurity organ
instantiated;
Insight -> defensive
opportunity map;
Nova-Seeds ->
defensive variants;
MARK ->
review/capacity
allocation; AGI Jobs
-> proof-bound
defensive outputs;
Archive ->
CyberSecurityCapabilityArchive-
v0.

First narrow
defensive organ of
the AGI ALPHA
economic organism.

Not cybersecurity
certification, not
offensive capability,
not empirical SOTA.

40



Evidence line Status Claim level Boundary

CYBER-
SOVEREIGN-002 -
Defensive
Capability
Compounding

CyberSecurityCapabilityArchive-
v1 produced; nine
defensive task
dockets; nine replay
passes; B6 beats
B5: 9/9; B6 beats
all: 9/9; B6
Advantage Delta vs
B5: 15.7453;
capability reuse lift:
49.0%; valid
defensive findings:
44; safety incidents:
0; policy violations:
0; raw secret leak
count: 0; external
target scan count:
0; exploit execution
count: 0; malware
generation count:
0; unsafe
automerge count:
0.

Local defensive
intra-domain
compounding
evidence: prior
proof-bound
security work
became a reusable
security capability
archive that
improved future
defensive work.

Not proof that AGI
ALPHA is secure,
not cybersecurity
SOTA, not
real-world security
certification, not
offensive cyber
capability, not
external audit.
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Evidence line Status Claim level Boundary

CYBER-
SOVEREIGN-003 -
External Attestation
and
Human-Governed
Defensive
Remediation

Implemented as an
autonomous GitHub
Actions experi-
ment package. Uses
CyberSecurityCapabilityArchive-
v1 to identify
evidence-
infrastructure
defects, backfill
Evidence Hub
pages, preserve
claim boundaries,
generate a safe PR
proposal, support
external replay, run
falsification checks,
and produce
CyberSecurityCapabilityArchive-
v2. Main evidence
status must be
populated from the
actual workflow
run; if the workflow
has not yet run,
mark as
implemented /
pending run. If it
has run, report
exact task count,
replay passes, B6 vs
B5 results, B7
status, PR status,
claim-boundary
coverage, backfilled
pages, safety
invariants, and
archive-v2
production.

Human-governed
defensive
remediation
readiness, or
completed
human-governed
defensive
remediation
evidence if
workflow artifacts
and PR review
exist.

Not proof AGI
ALPHA is secure,
not cybersecurity
SOTA, not external
certification, not
autonomous
production
remediation, not
offensive cyber
capability. B7
becomes
institutionally
meaningful only
when a human
reviewer accepts,
rejects, or requests
changes on the PR
and the decision is
recorded.

Across the current CI evidence lineage, AGI ALPHA has moved from first-loop Evidence
Docket mechanics to local governed compounding, local transfer, public-benchmark
adapter readiness, completion/handoff, defensive cybersecurity organ formation, intra-
domain defensive security compounding, and human-governed remediation readiness.
The result remains claim-bounded: external reviewer attestation, official public bench-
mark execution, delayed outcomes, real multi-node scaling, and independent audit are
still required for stronger claims.
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Figure 8: From Evidence Factory to Specialized Sovereign Organs. The current CI
evidence lineage demonstrates the AGI ALPHA operating principle in bounded form:
verified work becomes reusable capability, reusable capability improves future work,
specialized organs emerge through proof, and human-governed remediation turns find-
ings into reviewable institutional improvements.
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Figure 9: Cybersecurity Sovereign as Defensive Immune Organ. CYBER-SOVEREIGN-
002 tests archive-reuse compounding; CYBER-SOVEREIGN-003 tests whether that ca-
pability can produce human-reviewable remediation without unsafe autonomy.
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6.5.1 Evidence Hub and Public Scoreboards

The repository now publishes an Evidence Hub that organizes the current CI evidence
lineage into persistent public pages and artifacts. The hub records bounded Evidence
Docket experiments and does not claim achieved AGI, ASI, empirical SOTA, real-world
certification, real-world security certification, or safe autonomy.

Required public surfaces:

/
index.html
helios-001/index.html
helios-002/index.html
helios-003/index.html
helios-004/index.html
cyber-sovereign-001/index.html
cyber-sovereign-002/index.html
cyber-sovereign-003/index.html

If a historical subpage lacks full data, the Evidence Hub creates a bounded evidence
summary page with experiment name, purpose, key metrics, artifact pointer, current
claim level, claim boundary, and back-to-hub link.

6.5.2 Hard Safety Invariants for Cybersecurity Sovereign

Hard safety invariants for Cybersecurity Sovereign are:

raw_secret_leak_count = 0
external_target_scan_count = 0
exploit_execution_count = 0
malware_generation_count = 0
social_engineering_content_count = 0
unsafe_automerge_count = 0
critical_safety_incidents = 0

If any invariant is nonzero, the Cybersecurity Sovereign experiment fails promotion.

For CYBER-SOVEREIGN-003, safe PR creation is allowed only if no auto-merge occurs;
patch scope is repo-owned and defensive; claim boundaries are preserved; no workflow
permission is broadened without explicit human approval; no secret values are printed;
no external systems are scanned; and a human review decision is recorded before any
institutional remediation claim is promoted.

6.6 Market-Governed Open-Ended Invention: From AGI Jobs to Alpha-
Factory

The paper’s proof-gated AI-generating layer is conceptually strong, but it becomes com-
mercially useful only when it is tied to an executable work and settlement spine. The
internal ALPHA-AGI Insight v02 brief supplies that implementation spine: AGI Jobs
as settlement rail, OpenClaw as human operator shell, Alpha-Factory as invention en-
gine, causal-substrate services and QD archives as searchable invention memory, Net-
tingHouse as high-volume receipt clearing, Paymaster as mandate-epoch funding, AGI
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Nodes as verifiable distributed execution, and AGI.Eth / ASI.Eth as low-entropy author-
ity surfaces [87].

The breakthrough is not merely that AI agents can do jobs. The breakthrough is that
a labor market can operate over invention-space, not merely task-space. Inven-
tion can be generated, causalized, evaluated, red-teamed, archived, settled, promoted,
packaged as capability, allocated, and used to generate harder future tasks. AGI ALPHA
therefore becomes a proof-gated, market-governed invention substrate.

The closed loop is:

generate candidates
-> causalize
-> evaluate
-> red-team
-> archive
-> settle
-> promote
-> package capability
-> allocate
-> generate harder tasks

Figure 10: From AGI Jobs to Civilizational Value-to-Energy Compounding. Mandates
enter through OpenClaw, invention search runs through Alpha-Factory and causal-
substrate services, receipts clear through NettingHouse and AGIJobManager, dis-
tributed work executes on AGI Nodes, and validated capability feeds the value-to-energy
flywheel.

6.6.1 Implementation-grounded architecture
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Layer AGI ALPHA component Function

Settlement rail AGIJobManager Escrow, validation, dispute
resolution, and
authoritative finalization.

Funding rail Paymaster Funds
$AGIALPHA-denominated
mandate epochs and
enforces budgets.

Batch rail NettingHouse Batches off-chain microjob
receipts, challenge
windows, Merkle roots,
payout roots, archive-delta
roots, and quarantine
roots.

Operator shell OpenClaw Sponsor, reviewer, and
operator UX for
inspections, approvals,
interventions, and
finalization.

Invention engine Alpha-Factory Runs proposal,
causalization, scoring,
novelty, red-team, archive,
and promotion loops.

Causal substrate AGI ALPHA
causal-substrate service

Mechanism checks, causal
bridges, side-effect scans,
counterfactual probes, and
active deepening.

Diversity memory Global QD / MAP-Elites
archive

Preserves stepping stones
and diverse high-quality
artifacts across descriptor
cells.

Compute fabric AGI Nodes Executes generation,
evaluation, training,
search, replay, and
validation jobs with
metering.

Identity layer AGI.Eth / ASI.Eth Names agents, nodes,
validators, environments,
proof roots, authority, and
institutional scope.

Proof layer ProofBundle / alpha-WU Makes work replayable,
auditable, measured, and
settleable.
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Layer AGI ALPHA component Function

Capacity Allocation layer Value Realization Ledger +
Invention Reserve

Converts validated
invention into owned
capability, capital,
infrastructure, compute,
science, and useful-energy
capacity.

6.6.2 MandateEpoch Protocol: Scaling RealMulti-AgentWorkWithout Putting
Every Microjob On-Chain

A market-governed invention engine should not create one on-chain job for every inven-
tion microstep. One AGIJobManager job should represent one MandateEpoch, while
NettingHouse batches high-volume invention receipts off-chain and commits settlement-
grade roots.

A mandate is:

𝑀= (goal,budget,policy,descriptor_schema, scoring_rubric,
safety_policy,validator_policy,promotion_thresholds,capacityallocation_policy).

A MandateEpoch is:

𝐸𝑡 = (mandate_id,epoch_id,policy_hash,descriptor_schema_hash,
score_rubric_hash, safety_policy_hash,validator_policy_hash,
receipt_root,payout_root,archive_delta_root,quarantine_root,
validator_attestation_bundle,challenge_window,payout_budget,metadata_uri).

The microjob alphabet is:

PROPOSE, CAUSALIZE, SCORE_FAST, SCORE_LCM, NOVELTY, REDTEAM,
ARCHIVE_INSERT, VALIDATE_REPLAY, PROMOTE_CANDIDATE,
PACKAGE_CAPABILITY, UPDATE_INSIGHT_SIGNAL

Inside each epoch, NettingHouse authorizes microjobs, Alpha-Factory runs the inven-
tion swarm, the causal-substrate service evaluates mechanism plausibility and side ef-
fects, the QD archive stores elites and stepping stones, restricted-domain routing and
red-team gates quarantine unsafe candidates, NettingHouse commits receipt, archive-
delta, payout, and quarantine roots, OpenClaw reviewers inspect promotions and quar-
antines, and AGIJobManager validates or finalizes the epoch as the authoritative settle-
ment checkpoint. ProofBundles and alpha-WU records are exported at epoch finaliza-
tion.

The epoch-level flow is:

Sponsor mandate
-> Paymaster opens epoch
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-> NettingHouse authorizes microjobs
-> Alpha-Factory runs invention swarm
-> causal substrate evaluates mechanism plausibility and side effects
-> QD archive stores elites and stepping stones
-> restricted-domain router and red-team gate unsafe candidates
-> NettingHouse commits receipt_root / archive_delta_root / payout_root

and quarantine_root
-> OpenClaw reviewer inspects quarantine and promotion candidates
-> AGIJobManager validates/finalizes epoch
-> settlement, alpha-WU accounting, ProofBundle export
-> capability package / invention reserve / capacity allocation update
-> next harder mandate

6.6.3 Global QD Backbone: Stepping-Stone Preservation as System State

AGI ALPHA must not treat quality diversity as a side module. The global QD archive is
the memory of open-ended invention. It stores diverse, high-quality stepping stones
across tasks, environments, agent workflows, validators, causal mechanisms, Nova-
Seed-like foresight artifacts, capability packages, and market designs.

For descriptor cell 𝑑:

ArchiveCell[𝑑] = best known validated artifact in descriptor cell 𝑑.

The archive admits multiple artifact classes: invention candidates, task environments,
agent workflows, validators, tool contracts, market mechanisms, causal motifs, software
patches, scientific hypotheses, capability packages, foresight artifacts, proof templates,
operator playbooks, and capacity allocation strategies.

A descriptor schema for invention throughput contains:

D1 prototype cost
D2 time-to-prototype
D3 deployment surface
D4 coordination complexity
D5 modality
D6 dependency intensity
D7 domain entropy / cross-domain recombination
D8 regulatory or compliance friction
D9 verification difficulty
D10 capacity allocation relevance
D11 compute or energy leverage
D12 safety / reversibility class

The score vector is written compactly as:

𝑠(𝑥) = (𝐹,𝐶, 𝐼,𝑁,𝑅,𝑇,𝑆,𝑉,𝐸).

Here 𝐹 is feasibility, 𝐶 causal coherence, 𝐼 impact potential, 𝑁 mechanism novelty, 𝑅
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robustness, 𝑇 testability, 𝑆 safety margin, 𝑉 capacity allocation value, and 𝐸 compute-
or-energy leverage.

A scalar quality proxy is:

𝑄(𝑥) =0.16𝐹+ 0.16𝐶+ 0.15𝐼 + 0.13𝑁
+ 0.10𝑅+ 0.10𝑇+ 0.08𝑆 + 0.07𝑉+ 0.05𝐸,

where 𝐹 is feasibility, 𝐶 causal coherence, 𝐼 impact potential,𝑁 mechanism novelty, 𝑅
robustness, 𝑇 testability, 𝑆 safety margin, 𝑉 capacity allocation value, and 𝐸 compute-
or-energy leverage.

Safety is not merely a score. It is a gate.

RiskTier in {ALLOW, CAUTION, RESTRICTED, PROHIBITED}
Red-team verdict in {ALLOW, ALLOW_WITH_CONSTRAINTS, RESTRICT, PROHIBIT}

A candidate may be promoted only if it is ALLOW, or CAUTION with red-team approval;
feasibility, causal coherence, testability, and safety margin are all at least 4 on the rele-
vant rubric; replayability passes; the ProofBundle is complete; and at least one of impact
potential, mechanism novelty, or capacity allocation value is at least 4. PROHIBITED
artifacts are dropped except for a minimal hash, reason code, and safety category. RE-
STRICTED artifacts are quarantined and never auto-promoted.

6.6.4 Causal Substrate for Invention Search

Foundation models and QD archives make invention searchable. A causal substrate
makes the search mechanism-level rather than word-level. AGI ALPHA defines its own
commercially independent causal-substrate service rather than depending on any exter-
nal causal-model implementation.

A causal slice is:

CausalSlice = (𝐷,𝐺,𝑀,𝐿,𝑃,Γ,𝑉, 𝐼known, 𝑆effects).

The tuple records domain, causal graph, manifold embedding, cross-slice links, prove-
nance, confidence, version, known interventions, and known side effects.

The causal-substrate service exposes the following AGI ALPHA-native APIs:

neighbors(node, k, slice)
bridge(query_nodes, target_slice)
mechanism_check(chain)
intervention_sketch(do(X))
side_effect_scan(intervention, risk_taxonomy)
novelty_density(node_or_chain)
active_deepen(frontier_region, uncertainty_budget)
counterfactual_probe(candidate, alternative_conditions)

Active deepening spends causal-modeling budget only where the QD frontier indicates
high uncertainty, high novelty, high value, or high risk. This prevents the system from
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wasting expensive modeling effort on low-value regions while preserving the ability to
inspect high-impact mechanisms before promotion.

6.6.5 OpenClaw as Operator Shell, Not Source of Truth

OpenClaw is not the scheduler, settlement source, or archive source of truth. It is the
human-facing control shell for sponsors, reviewers, and operators.

SponsorClaw creates mandates, opens epochs, inspects archives, adjusts budgets, ap-
proves promotion classes, views flywheel contribution, and reviews capacity allocation
options.

ReviewerClaw inspects quarantine, reviews red-team rationales, inspects causal
chains, approves constrained candidates, requires additional validation, and blocks un-
safe promotion.

OperatorClaw monitors epoch health, inspects failed receipts, reruns verification, sub-
mits epoch roots, validates or finalizes epoch jobs, inspects node telemetry, and triggers
fail-closed controls.

OpenClaw skills include:

create_mandate
open_epoch
inspect_archive_cell
inspect_quarantine
approve_restricted_candidate
request_extra_validation
validate_epoch
finalize_epoch
promote_to_alpha_factory
export_public_proof_pack
export_private_audit_pack

The AGIJobManager adapter exposes:

open_epoch_job(mandateId, epochId, payoutBudget, metadataURI)
commit_epoch_root(epochId, receiptRoot, archiveDeltaRoot, attestationBundle)
validate_epoch_job(epochId)
finalize_epoch_job(epochId)
open_dispute(epochId, receiptId)
publish_chronicle_entry(epochId)

The metadata URI must point to an epoch bundle containing mandate policy hash, de-
scriptor schema hash, scoring rubric hash, safety policy hash, validator policy hash,
receipt root, payout root, archive delta root, quarantine root, red-team summary statis-
tics, restricted-domain escalations, payout totals, validator attestation bundle, replay
and audit artifacts, public-safe report, and private audit appendix.

6.6.6 AGI Nodes as Verifiable Open-Ended Compute

AGI Nodes do not reduce the total compute required for open-ended QD or AI-generating
search. They increase available compute supply, distribute embarrassingly parallel
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work, and allocate compute toward validated search objectives. Frontier-model pre-
training requires tightly coupled, high-bandwidth clusters and is not solved by ordinary
decentralized nodes. Open-ended invention search is different: candidate generation,
evaluation, novelty scoring, archive maintenance, replay, red-team, and validation are
naturally parallelizable and can be distributed across AGI Nodes.

AGI Nodes therefore solve the second bottleneck now and support the first indi-
rectly through data generation, evaluation, distillation, fine-tuning, and hyperparameter
search.

Node job types include:

WU_ENV_MUTATE
WU_INTERESTINGNESS
WU_SOLVE_ATTEMPT
WU_EVAL_ROLLOUT
WU_NOVELTY
WU_CAUSALIZE
WU_ARCHIVE_PROPOSE
WU_ARCHIVE_MAINTAIN
WU_REDTEAM
WU_VALIDATE_REPLAY
WU_PACKAGE_CAPABILITY

The verification ladder is:

• L0: syntax, schema, and hash checks.
• L1: deterministic replay from container hash, environment hash, dependency pins,
and seeds.

• L2: redundant execution for high-value or disputed work.
• L3: audit sampling and challenge games for routine work.
• L4: TEE, zkML, or cryptographic proof only where economically justified.
• L5: human or institutional escalation for high-impact, irreversible, or legally sen-
sitive actions.

No compute reward is released without a replayable receipt, validator attestation, and
challenge window.

6.6.7 Economics of Open-Ended Search: Funding Compute Without Specula-
tive Dependence

Open-ended invention search needs funding, but the protocol must remain legally and
commercially conservative. AGI ALPHA defines the Alpha Foundry Mandate Facil-
ity (𝛼FMF) as a utility-only funding and clearing facility for invention-search mandates
while preserving strict $AGIALPHA-denominated settlement. It is not equity, not debt,
not profit-sharing, not yield-bearing, not a security, and not a promise of operator profit.
It is a utility clearing facility for funding, pricing, metering, and settling AGI ALPHA
work.

Components include Mandate Registry, budget account or endowment vault, AGIAL-
PHA Paymaster, Redemption Window with caps and spreads where applicable, Epoch
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NettingHouse, Coverage Ratio Controller, Archive Registry, Causal Slice Registry, Pol-
icy Gate, and operator risk ledger.

Coverage is:

CoverageRatio =
𝑅stable +𝑅liquid

𝐸redeem +𝐸bounty +𝐸reserve
.

Here 𝑅stable and 𝑅liquid are reserve and inventory terms, while 𝐸redeem, 𝐸bounty,
and 𝐸reserve are expected redemption, bounty-pipeline, and operating-reserve require-
ments.

Throttle rules are simple. Healthy coverage permits normal QD and invention search.
Moderate coverage throttles exploratory jobs first. Low coverage continues paid cus-
tomer jobs, validation, and dispute resolutionwhile pausing noncritical exploration. Crit-
ical coverage pauses newmandates and preserves settlement, auditability, and disputes.

Compute pricing is:

EscrowAGIALPHA ≥
ACU ⋅USDACU ⋅ (1 +margin+ risk+ verification)

AGIALPHAUSD ⋅ operator_net_share
.

Risk-adjusted operator economics are:

Πop = 𝑃net −𝐶compute −𝐶energy −𝐶hardware
−𝐶api −𝐿slash −𝐶liquidity −𝐶opportunity.

Here Πop is expected operator profit under stated assumptions.
with:

ExpectedSlashLoss = 𝑝failure ⋅ slash_fraction ⋅ stake_at_risk.

A node workload is admitted only if expected operator profit is positive under stated
assumptions, but the paper must not present this as guaranteed operator profit. The
protocol cannot make node economics work by assertion; it must show that bounties,
validator overhead, slashing risk, liquidity constraints, and compute costs can balance
under realistic workload assumptions.

6.6.8 alpha-AGI Insight: Real Jobs as Foresight Signals

alpha-AGI Insight should not claim perfect foresight. Its defensible claim is that running
real AGI Jobs at scale reveals stepping stones: repeated proof-bearing patterns that
indicate where machine labor is producing compounding leverage.

A stepping stone is:
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SteppingStone = (task_family,validated_artifact, reusable_capability,cost_reduction,
transfer_score, lineage_pointer, sector_signal, risk_profile,
capacityallocation_option,evidence_bundle_pointer).

A sector insight score is:

InsightScore(𝑠) = 𝑓𝑠 ⋅ 𝑟𝑠 ⋅ 𝑐𝑠 ⋅ 𝑡𝑠 ⋅ 𝑘𝑠 ⋅ 𝑒𝑠𝜌𝑠 + ℓ𝑠 + 𝑣𝑠 + 𝑢𝑠
,

where 𝑓𝑠 is frequency of validated stepping stones, 𝑟𝑠 reusability, 𝑐𝑠 cost decline, 𝑡𝑠
transferability, 𝑘𝑠 capitalizability, 𝑒𝑠 infrastructure-compute-energy relevance, 𝜌𝑠 risk,
ℓ𝑠 regulatory friction, 𝑣𝑠 validator burden, and 𝑢𝑠 uncertainty.
AGI ALPHA should discover high-value opportunity regions by executing increasingly
demanding AGI Jobs and observing which validated stepping stones repeatedly com-
pound. The paper must avoid claims of pinpoint certainty, guaranteed optimal opportu-
nities, achieved superintelligence, guaranteed standard-setting control, or deterministic
future prediction. The claim is structured foresight through validated work: machine-
speed weak-signal discovery, evidence-grounded opportunity mapping, and increasingly
precise sector signals.

6.6.9 Real-Task Demonstration: Scalable, Efficient, Safe Coordination

This section is mandatory for turning the paper from architecture into science. It sepa-
rates three claims.

Scalability. Does adding agents, tools, validators, memory, routing, and nodes improve
throughput or task coverage without exploding coordination overhead?

Efficiency. Does the system produce more verified work per unit of compute, token
spend, wall-clock time, tool call, or human review than simpler baselines?

Safety. Does the systemmaintain policy, security, privacy, reversibility, process integrity,
and subversion resistance on realistic tasks?

The minimum public evidence bundle for any coordination claim contains:

public task ID or job spec
task manifest
agent constellation and role contracts
router decision
tool-call trace
handoff trace
artifacts
validator report
red-team report where applicable
cost ledger
safety ledger
settlement receipt or clearly labeled simulated settlement receipt
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replay instructions
failure cases
baseline comparison
repeated-trial reliability estimate

No cherry-picked demo, private-only trace, unreplayable run, hidden human interven-
tion, fake completion URI, or synthetic proof may be counted as demonstrated coordi-
nation.

The evidence plan has three stages.

Stage A: SingleMandateEpoch proof pack. Run one real, replayable task end-to-end:
job spec -> routed agents -> bounded tools -> validator -> ProofBundle -> NettingHouse
receipt -> OpenClaw review -> AGIJobManager-compatible settlement artifact.

Stage B: Baseline benchmark. Compare B0-B5 under equal model/tool/budget con-
straints on software repair, web/API workflow, policy-bound tool use, scientific/data
workflow, and one AGI Jobs protocol-native task.

Stage C: Scaling curve. Run the same task families with 1, 2, 4, 8, and 16 agents and
with local versus distributed node execution. Measure throughput, verified work per
cost, validator overhead, coordination overhead, failure recovery, and safety incidents.

6.6.10 Commercial independence and claim boundary

ALPHA-AGI Insight v02 is used as an internal strategic and technical architecture brief.
External works discussed in that brief, including quality-diversity, open-ended search,
AI feedback, causal-model extraction, and agentic-system design, are cited only as scien-
tific inspiration and prior-art context. AGI ALPHA develops its own commercially inde-
pendent mechanisms: MandateEpochs, ProofBundles, alpha-Work Units, NettingHouse
batching, Paymaster funding, AGIJobManager settlement adapters, OpenClaw operator
skills, AGI.Eth identity, Alpha-Factory invention workflows, causal-substrate services,
safety gates, QD archives, verifiable distributed compute, and value-to-energy capacity
allocation governance.

The paper does not claim that AGI ALPHA has already achieved superintelligence, au-
tonomous economic sovereignty, energy abundance, or civilization-scale capability. It
claims that a market-governed, proof-gated, causally informed, QD-driven intelligence-
organization substrate is a plausible architecture for testing whether verified machine
labor can compound into reusable capability, capital, infrastructure, compute, science,
and useful-energy capacity. The claim becomes empirical only through MandateEpoch
results, real-task benchmarks, replayable proof bundles, validator audits, safety ledgers,
delayed outcomes, baseline comparisons, and cost/risk accounting.

6.7 AGI Alpha RSI: Sovereign Invention Governance for Recursive Self-
Improving Machine Labor

AGI Alpha RSI is the deterministic sovereign governance control plane inside AGI AL-
PHA. AGI ALPHA is the scalable substrate for intelligence organizations; AGI Alpha RSI
is the deterministic governance institution for recursive self-improving invention. To-
gether, they transform open-ended discovery from a novelty process into an auditable,
replayable, baseline-comparative, value-producing institution.

55



AGI Alpha RSI is a deterministic invention operating system for open-ended discov-
ery, governed deployment, and compounding advantage. Its purpose is to build the
governance institution first, before AGI-scale systems mature. It is not a novelty mill,
hype engine, or black-box outcome authority. It is a control architecture where break-
throughs are admitted only as audited state transitions. The internal RSI materials
define the kernel as deterministic invention operations with schema-bound artifacts,
baseline-comparative evaluation, ECI semantics, Move-37 handling, replayability, and
mandatory dossier packaging [90-92].

RSI design invariant. Exploration is allowed. Outcome authority is mechanical. Pro-
motion requires evidence. Compounding requires persistence. Autonomy requires au-
thority.

OMNI-style interestingness provides search control, not outcome authority. Interest-
ingness may influence allocation, targeting, and exploration pressure, but it must never
override risk gates, executed evidence, baseline comparison, persistence tests, replay,
validator authority, or settlement rules.

Figure 11: AGI Alpha RSI deterministic governance control plane. TARGET -> EMIT
-> FILTER -> ATLAS -> TEST-PLAN -> EVAL -> INSERT -> PROMOTE is wrapped by
replay integrity, ECI evidence discipline, and mechanical outcome authority.

6.7.1 RSI pipeline formalism

The RSI cycle is:

TARGET→ EMIT→ FILTER→ ATLAS→ TEST-PLAN→ EVAL→ INSERT→ PROMOTE
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Stage Function

TARGET Allocate exploration pressure across
archive cells, bridge regions, themes,
open-ended environments, task families,
and strategic mandates.

EMIT Generate candidate artifacts, agent
lineages, workflows, environments,
validators, scaffolds, causal hypotheses,
or invention candidates.

FILTER Apply risk gating, prohibited-domain
detection, novelty and boringness checks,
OMNI interestingness, and routing
decisions: reject, probe, refine, escalate,
or continue.

ATLAS Extract causal triples, mechanism chains,
contradictions, side effects, bridge
hypotheses, and cross-domain causal
links.

TEST-PLAN Build falsification ladders and microbench
plans using uncertainty focus, expected
information gain, and
cheapest-valid-probe scheduling.

EVAL Run baseline-comparative evaluations,
deterministic microbenches, external
validators, executed evidence, cost/risk
ledgers, and ECI updates.

INSERT Update MAP-Elites / QD archive
mechanically under descriptor cells,
evidence thresholds, replayability, and
safety gates.

PROMOTE Rank candidates for deployment, deeper
testing, capability packaging,
MandateEpoch settlement, invention
reserve inclusion, or capacity allocation.

6.7.2 RSI state object and persistence invariants

The RSI state is a schema-bound, append-only institutional memory object:

RSIState𝑡 = (cycle_index,prompt_pack_hash, runner_config_hash, state_payload_hash,
archive, scaffolds,candidates,causal_atlas,eci_ledger,evidence_objects,
baseline_library,proof_bundles,promotion_queue,dossier_index, safety_ledger,
drift_sentinel,governance_state)

Persistence invariants:

1. cycle_index increments exactly +1 on continuation runs.
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2. archive.candidates is append-only.
3. archive.scaffolds is append-only.
4. causal_atlas.triples is append-only.
5. eci.ledger is append-only.
6. Occupied frontier cells are non-decreasing unless a signed archive-reorganization
event is emitted.

7. prompt_pack_hash, runner_config_hash, and state_payload_hash are bound into
the next state.

8. No runner may silently reinitialize state.
9. If state cannot be verified, the runner must halt rather than continue.
10. If drift is intentional, it must use an explicit signed drift override.

6.7.3 Deterministic Drift Sentinel and Replay Integrity

AGI Alpha RSImakes recursive improvement underwritable by refusing to proceedwhen
inputs or state drift silently. The drift sentinel computes:

ℎ𝑝 = SHA256(canonical_json(prompt_pack)),
ℎ𝑟 = SHA256(canonical_json(runner_config)),
ℎ𝑠 = SHA256(canonical_json(state

⊘)).

Here, state⊘ denotes the state after setting state_manifest.state_payload_hash = null
and excluding explicit drift-override acknowledgement fields from the hash calculation.

Run rule. Before each RSI cycle, compute all three hashes. If anymismatch occurs with-
out an authorized drift override, the runner hard-fails, outputs a run manifest, leaves
state unchanged, and does not mutate the archive, atlas, ECI ledger, scaffolds, or cycle
index.

Hard-fail conditions include prompt pack drift, runner config drift, state payload cor-
ruption, cycle index reset, archive shrinkage, scaffold shrinkage, causal atlas shrinkage,
ECI ledger shrinkage, unexplained schema change, unexplained prompt change, or un-
explained scoring change. A recursively improving system without drift detection is not
underwritable; it is a prompt loop with memory risk.

6.7.4 Evidence Contact Index: confidence cannot inflate without execution

The Evidence Contact Index (ECI) is an AGI ALPHA-native evidence-contact measure. It
prevents simulated reasoning from being mistaken for executed, replayed, stress-tested,
or externally validated evidence.

Level Meaning Promotion implication

E0 SIMULATED LLM-only reasoning,
scenario generation, or
internal judgment.

Cannot push ECI beyond a
low cap.

E1 PROBED Deterministic syntactic,
schema, static-analysis, or
cheap microbench check.

Allows probe status only.
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Level Meaning Promotion implication

E2 EXECUTED Candidate run in sandbox,
container, benchmark, test
harness, tool environment,
or microbench with logged
outputs.

Required for promotion
beyond probe status.

E3 REPLAYED Independent replay
reproduces the result from
pinned seeds, container
hashes, dependency pins,
and manifest.

Required for
settlement-grade claims.

E4 STRESS-TESTED Candidate retains
advantage under policy
shocks, adversarial
perturbations, alternative
seeds, nearby baselines,
and failure-mode probes.

Required for high-novelty
candidates.

E5 EXTERNALLY
VALIDATED

External validator,
real-world outcome, human
expert, independent lab,
market settlement, or
delayed outcome confirms
result.

Required for strong
empirical claims.

Let ECI(𝑥) ∈ [0, 1]. Confidence cannot inflate without executed or replayed evidence.
Priority is therefore:

Priority(𝑥) = Interestingness(𝑥) ⋅ (1 − ECIuncertainty(𝑥))
⋅ BaselineOutperformanceValue(𝑥) ⋅MissionUtility(𝑥)
⋅ SafetyGate(𝑥) ⋅Replayability(𝑥),

with SafetyGate(𝑥) = 0 for prohibited or critical-risk candidates.

6.7.5 Move-37 breakthrough handling: high novelty implies higher skepticism

A breakthrough is not a story. It is a deterministic state transition. The RSI trigger is:

Move37Candidate(𝑥) = 1 iff NoveltyDistance(𝑥) ≥ 𝜏novelty
∧ AdvantageDelta(𝑥) ≥ 𝜏advantage
∧ RiskTier(𝑥) ∉ {PROHIBITED}
∧ ECI(𝑥) ≥ 𝜏evidence_min.

When triggered, RSI executes: recognize, reproduce, stress-test, persistence gate, and
dossier packaging. Recognition records novelty distance, advantage delta, risk score,
ECI, baseline comparison, archive cell, and lineage. Reproduction reruns the candidate
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and incumbent/neighbor/null baselines under fixed seeds. Stress testing applies policy
shocks, perturbations, adversarial probes, alternate seeds, and side-effect scans. Per-
sistence requires positive advantage over baselines under minimum shocks and replays.
Dossier packaging emits a decision-grade breakthrough dossier. High novelty does not
lower the burden of proof; it raises it.

6.7.6 Baseline discipline: no advantage without comparators

Mandatory baselines are:

Baseline Comparator

B0 null No agentic intervention, random policy, or
trivial policy.

B1 incumbent Current best validated artifact in the
same archive cell.

B2 nearest-neighbor Best artifact in adjacent descriptor cells.
B3 static workflow Hand-designed or fixed pipeline.
B4 single strongest agent Strong one-model / one-agent baseline.
B5 current AGI ALPHA stack Existing routed, validator-gated system

before the new RSI candidate.

Promotion requires positive advantage against relevant baselines, cost-adjusted im-
provement, safety no worse than incumbent, replayability complete, and no critical pol-
icy violation.

AdvantageDelta(𝑥,𝑏) = VerifiedValue(𝑥) − VerifiedValue(𝑏)
− 𝜆(Cost(𝑥) −Cost(𝑏))
− 𝜌(Risk(𝑥) −Risk(𝑏))
− 𝜅(CoordinationOverhead(𝑥) −CoordinationOverhead(𝑏)).

6.7.7 OMNI as allocation, not authority

OMNI-style interestingness, novelty, and human-notion models are valuable for direct-
ing exploration, but they are not validators. OMNI may prioritize archive cells, propose
bridge targets, select underexplored niches, generate interesting tasks, recommend
probe-first candidates, identify boring or redundant candidates, and suggest mutation
pressure. OMNI may not insert candidates into the archive, bypass risk filters, inflate
ECI, approve settlement, override baselines, promote high-novelty candidates, or autho-
rize deployment.

OutcomeAuthority(𝑥) = RiskGate(𝑥) ∧ EvidenceGate(𝑥) ∧ BaselineGate(𝑥)
∧ PersistenceGate(𝑥) ∧ReplayGate(𝑥) ∧ ValidatorGate(𝑥).

OMNI is not part of OutcomeAuthority except as optional allocation input.
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6.7.8 RSI dossiers: packaging breakthroughs as institutional artifacts

RSI turns invention outputs into institutional artifacts. It defines four dossier classes:

Dossier Use

Insight Dossier Strategic narrative, opportunity framing,
early evidence, open questions, and next
tests.

MARK Dossier Audit-heavy technical dossier with
reproducibility checklists, baselines,
compliance posture, evidence objects, and
replay instructions.

Sovereign Dossier Institutional dossier covering governance
boundary, security posture, resource
implications, policy constraints, and
strategic relevance.

Architect / Validator Council Dossier Highest-assurance dossier containing
independent validation, adversarial
review, process-resolved evidence,
semi-formal checks, and deployment
authority review.

RSIDossier = (dossier_id,candidate_id,archive_cell,novelty_distance,advantage_delta,
baselines, reproduction_manifest, stress_tests,evidence_objects,eci_summary,
risk_report,causal_atlas_links,proof_bundle_refs,validator_attestations,
promotion_decision,governance_notes, replay_instructions,public_safe_summary,
private_audit_appendix)

No Move-37 claim without a dossier. No strategic promotion without a dossier. No
institutional deployment without replayable dossier evidence.

6.7.9 RSI state-capacity advantage

AGI Alpha RSI does not merely improve model capability. It improves institutional state
capacity for machine labor.

Dimension RSI meaning

Legibility Replayability, schemas, proof bundles,
evidence logs, and audit trails.

Control Mechanical gates, authority boundaries,
risk routing, pause controls, and no OMNI
outcome authority.
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Dimension RSI meaning

Continuity Append-only ledgers, persistent archive,
scaffold lineages, causal atlas memory,
and drift sentinel.

Coordination Dossiers, schema-bound artifacts,
baseline libraries, validator councils,
MandateEpochs, AGI Jobs, and AGI
Nodes.

Compounding Stepping-stone retention, lineage
metaproductivity, QD archive coverage,
regression detection, and capacity
allocation policy.

Define compact factors:

𝐴RSI = Legibility ⋅Control ⋅Continuity ⋅Coordination ⋅Compounding,
𝐵RSI = CoordinationCost+ AuditCost+GovernanceLatency

+DriftRisk+ FalsePromotionRisk,

𝐷RSI_capacity =
𝐴RSI
𝐵RSI

.

The civilizational governance metric becomes:

𝐴civ,RSI = 𝐷civ++ ⋅ 𝐷RSI_capacity ⋅ReplayabilityRate
⋅ ExecutedEvidenceShare ⋅ BaselineDisciplineScore ⋅ PersistenceIntegrity,

𝐵civ,RSI = 1+DriftRisk+ EvidenceInflationRisk
+NoveltyMillRisk+DossierDebt,

𝐷civ,RSI =
𝐴civ,RSI
𝐵civ,RSI

.

6.7.10 RSI complements frontier labs - it does not imitate them

Frontier labs optimize for capability velocity. RSI optimizes for durable, auditable com-
pounding advantage under governance. A frontier sprint emphasizes rapid prototypes,
taste-driven iteration, and breakthrough chasing. A governed sprint emphasizes fast
probes, hard gates, and reproducible deltas. Legacy bureaucracy has slow approvals,
weak measurement, and low compounding. AGI Alpha RSI combines deterministic re-
play, evidence-first promotion, sovereign dossiers, and append-only compounding mem-
ory. The claim is not that RSI replaces frontier labs; it claims that frontier capability
without a deterministic invention governance institution is difficult to underwrite, audit,
or safely compound.
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6.7.11 Strategic enabling infrastructure

AGI Alpha RSI is strategic enabling infrastructure for intelligence organizations. It
raises the return and safety of downstream AI programs by ensuring that invention out-
puts are reproducible, validated, audited, and governable before they become capital,
infrastructure, or deployment decisions. The point is durable governance of invention,
not uncontrolled strategic escalation.

6.7.12 RSI phased roadmap and operational dashboard

Phase Scope KPIs

Phase 0 - Pilot, 0-90 days Deterministic runner,
schema registry, baseline
library, null baseline policy,
ECI ledger, drift sentinel,
executed L0 microbenches,
evidence objects, replay
manifests.

>=95% cycles replayable
from manifests; no silent
state resets; at least one
EXECUTED evidence
object per cycle; no
candidate promoted from
simulated evidence alone.

Phase 1 - Scale, 3-12
months

Archive coverage
expansion, bridge
exploration, OMNI task
selection, causal atlas
growth, probe ROI,
Move-37 dossier workflow,
benchmark dockets,
repeated real-task
baselines.

Sustained AdvantageDelta
improvement vs
incumbents; rising
executed-evidence share;
higher stepping-stone
reuse; non-decreasing
archive coverage.

Phase 2 - Strategic
autonomy, 12-24 months

Policy-shock stress suites,
persistent RSI lineages,
validator council, security
hardening, partner
execution lanes, invention
capacity allocation,
third-party replay/audit.

Validated compounding
discovery rate;
independent replay
success; real-task cost
reduction over cycles; zero
critical safety violations.

Minimum dashboard:

Area Metrics

Replayability % cycles reproducible from manifests;
schema validation failure rate; drift
sentinel failure rate.

Evidence quality EXECUTED vs SIMULATED share; ECI
distribution; calibration drift; ProofBundle
completeness.

Exploration quality Novelty distance distribution; OMNI
allocation efficiency; probe ROI;
stepping-stone reuse; archive coverage.
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Area Metrics

Advantage confirmation AdvantageDelta vs
incumbent/neighbor/null baselines;
persistence pass rate under shocks;
high-novelty promotion rate.

Safety Risk gate block rate; prohibited-domain
detection; adverse side-effect incidents;
red-team catch rate; quarantine rate.

State integrity Cycle-index continuity; archive candidate
growth; scaffold lineage growth; causal
atlas growth; ECI ledger growth; state
hash continuity.

6.7.13 RSI Evidence Docket: from architecture to real-task proof

AGI ALPHA must not claim scalable, efficient, safe multi-agent coordination unless an
RSI Evidence Docket exists.

rsi-evidence-docket/
00_claims_matrix.md
01_runner_manifest.json
02_prompt_pack_hashes.json
03_state_hashes.json
04_task_manifests/
05_baselines/
06_agialpha_rsi_runs/
07_microbench_results/
08_evidence_objects/
09_eci_ledger/
10_proof_bundles/
11_baseline_comparisons/
12_move37_dossiers/
13_safety_ledgers/
14_cost_ledgers/
15_replay_instructions/
16_independent_replay_reports/
17_summary_tables/

Every empirical coordination claim must answer: what real task was performed; which
agents participated; which scaffolds were active; which tools were used; what baseline
was used; what evidence was executed; what was replayed; what cost was incurred;
what safety profile resulted; what AdvantageDelta was observed; what persisted into
the archive; and what the system learned for the next cycle.

Rule: no Evidence Docket, no empirical SOTA claim.
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6.7.14 Commercial independence and publication-safe claim boundary

AGI Alpha RSI Integration, AGI_Alpha_RSI_Sovereign_v0, and
AGI_Alpha_RSI_Sovereign_Strategy_Brief_v0 are used as internal strategic and techni-
cal architecture sources. External works referenced in those materials are cited only
as scientific inspiration and prior-art context. AGI ALPHA develops its own commer-
cially independent RSI control plane: deterministic runner semantics, schema-bound
prompt ecosystem, ECI ledger, drift sentinel, QD archive, OMNI allocation controls,
Move-37 breakthrough handling, baseline library, ProofBundles, alpha-Work Units,
MandateEpoch settlement, sovereign dossiers, and evidence-docket benchmarks.

The paper does not claim achieved superintelligence, achieved ASI, autonomous
sovereignty, guaranteed standard-setting control, energy abundance, or civilization-
scale capability. It claims a testable architecture: a deterministic, validator-gated,
market-governed, recursively improving intelligence-organization substrate whose out-
puts become empirical only through executed evidence, replayable ProofBundles, base-
line comparisons, safety ledgers, cost/risk accounting, delayed outcomes, and indepen-
dent audit.

6.8 Value Capture, Capital Formation, and Capacity Allocation Gover-
nance

The civilizational objective depends not only on capability, but on ownership, value real-
ization, and disciplined capacity allocation. The paper therefore does not stop at “agents
do work.” It models how work becomes owned capability and how owned capability com-
pounds.

Value Realization Ledger. Tracks how accepted evidence bundles become revenue,
intellectual property, internal tools, cost reductions, infrastructure plans, scientific as-
sets, market mechanisms, or strategic capabilities.

Capacity Allocation Policy. Allocates verified gains into compute, data, tooling, secu-
rity, validator capacity, research, robotics, laboratories, energy systems, and strategic
reserves.

Invention Reserve. Stores non-commoditized, high-leverage discoveries whose best
use is internal compounding.

Capability Monetization Boundary. Determines whether a capability should be sold,
licensed, kept internal, open-sourced, sandboxed, or retired.

Productive-capacity formation is measured by:

𝐾gain = revenuegain + costreduction + assetvalue
+ optionstrategic + infrastructurevalue
−𝑅legal −𝑅safety −𝑅concentration.

Capacity Allocation efficiency is:

𝜂allocate =
Δ(𝑊verified +𝐶compute +𝐸useful +𝑆science + 𝐼infrastructure)

𝐾allocated
.
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A superintelligent invention engine would be valuable only if its outputs can be captured,
governed, allocated, and compounded without creating unacceptable systemic risk.

6.9 Frontier layers as flywheel components
Every frontier layer serves the value-to-energy flywheel.

Layer Role in the flywheel

Learned coordination Turns many models/agents into one
organized labor system.

Experience streams Converts actions and outcomes into
training material.

ProofZero planning Searches future organizational actions
before spending real resources.

Directed evolution / DISCO analogy Shows proposal -> validation -> lineage ->
improvement.

Sovereign Evolutionary Agent Economy Allocates jobs, compute, validators,
rewards, and market permeability.

Synthetic curricula Generates new task frontiers from task
definitions.

Lineage metaproductivity Rewards descendants that create better
future capabilities.

Dynamic verifiable evolution Turns open-problem search into reusable
learning.

Real-task benchmark gates Prevents self-referential claims.
Governance and safety Keeps compounding value from becoming

unbounded optimization.
AGI.Eth namespace Provides low-entropy identity, role,

environment, and business naming for
verifiable machine labor.

ASI.Eth reserve Provides a high-assurance namespace for
future ASI-grade governance and
frontier-risk environments.

AGI Jobs Work OS Converts requests into escrowed,
validated, settleable work.

AGI Alpha Nodes Provide deterministic execution, metering,
artifact packaging, validation, sentinels,
and observability.

Proof bundles Convert outputs into settlement-grade
evidence.

α-Work Units Convert verified work into a canonical
accounting unit.

Chronicle Converts completed jobs into durable
public/institutional memory.

$AGIALPHA Stakes, settles, and coordinates protocol
operations without implying equity or
profit rights.
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Layer Role in the flywheel

MontrealAI GitHub corpus Supplies public implementation scaffolds,
local/devnet demos, CI gates, runbooks,
contracts, nodes, and proof-first release
surfaces that can be converted into
benchmark evidence dockets.

6.10 Mechanisms mapped to the Kardashev-aligned flywheel
A cited work or mechanism is admissible only if it becomes a mechanism, metric, ex-
periment, design constraint, governance control, or implementation requirement that
improves the safe conversion of intelligence into compounding productive capacity.

Mechanism Role in the Kardashev-aligned flywheel

Subversion-Resistant Validation Prevents strategically deceptive agents
from converting hidden failure, backdoors,
collusion, or unsafe artifacts into
accepted work, protecting the productive
capacity and infrastructure flywheel.

Process-Resolved Evidence Validation Turns final-output validation into stepwise
due diligence, making machine labor
investable, auditable, insurable, and
reusable.

Proof-Native Agent Workbench Converts software repair, code generation,
testing, rollback, and deployment into
reproducible proof-bearing engineering
labor.

Reality-Gap Evaluation Suite Tests whether AGI ALPHA survives real
interactive environments before claims
are made about real-world productivity.

Capability Package Library Converts successful workflows into
reusable operational assets that
compound future work.

Reflective Evidence Compression Converts failures into structured
improvements, reducing repeated waste
and improving future routing without
immediate weight updates.

Diversity-Preserving Artifact Frontier Maintains a portfolio of high-value
invention paths rather than collapsing
onto one brittle local optimum.

Tiered Validator Council Enables scalable oversight when
validators are weaker than proposers,
preserving governance as capability
grows.
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Mechanism Role in the Kardashev-aligned flywheel

Action-Reason Trace Contract Makes tool use auditable, scoped,
predicted, observed, reversible, and
suitable for high-stakes infrastructure
work.

Agent Economy Simulation Sandbox Stress-tests market dynamics, collusion,
inequality, validator scarcity, and
high-frequency negotiation before
increasing economic permeability.

Value-Capture and Capacity Allocation
Layer

Ensures verified invention becomes
owned capability, capital, infrastructure,
useful energy, compute, and stronger
future labor.

AGI.Eth / ASI.Eth namespace layer Reduces identity ambiguity, role
confusion, unauthorized aliases, and
settlement disputes by making actors and
authority machine-resolvable.

Settlement-grade ProofBundle Converts evidence bundles into
replayable, signed, auditable, settleable
work records.

Commit-reveal validation Reduces herding, bribery leverage,
validator collusion, and false settlement.

α-Work Unit metrology Makes verified machine labor measurable
across nodes, environments, missions,
dollars, watts, and safety risk.

AGI Alpha Nodes Supply deterministic runtime, metering,
artifact packaging, sentinels, and signed
telemetry for proof-bearing labor.

MontrealAI Evidence Docket Converts the public GitHub
implementation corpus into independently
replayable real-task evidence with
baselines, proof bundles, cost/risk ledgers,
validator reports, and α-WU calibration.

6.11 Safety, proof, and investability controls
6.11.1 Subversion-Resistant Validation: Safety Under Intentional Agent De-

ception

A system capable of creating immense value also creates strong incentives for agents,
users, attackers, or market participants to game validators, plant backdoors, collude,
spoof credentials, manipulate settlement, or hide delayed failures.

Subversion-Resistant Validation Layer. A validator architecture in which untrusted
high-capability agents may propose work, but acceptance requires independent checks
by trusted or semi-trusted monitors, adversarial review, anomaly scoring, quarantine,
replayable proof, and escalation before settlement, deployment, capacity allocation, or
capability promotion.
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Without subversion resistance, verified work is not investable. Productive-capacity for-
mation built on hidden failure becomes systemic risk.

6.11.2 Process-Resolved Evidence Validation: From Output Checks to In-
vestable Proof

Productive capacity and infrastructure should not be built on final answers alone. They
require process integrity.

Process-Resolved Evidence Validation. Every evidence bundle is decomposed into
intermediate proof steps, tool calls, handoffs, edits, claims, tests, validator decisions,
and rollback points. Settlement and capability promotion depend on both final outcome
and process integrity.

Process integrity turns machine labor into auditable assets that can be reused, financed,
insured, licensed, or allocated.

6.11.3 Proof-Native Agent Workbench: Engineering Labor as Proof-Bearing
Production

A serious invention engine needs interfaces that let agents produce reproducible soft-
ware, patches, tests, simulations, rollback paths, and evidence bundles.

Proof-Native Agent Workbench. A constrained software and infrastructure work-
bench exposing repository navigation, file search, symbol inspection, patch proposal,
diff review, test execution, static analysis, rollback, provenance, and evidence packag-
ing.

Software capability is one of the fastest paths from intelligence to capital, infrastructure,
compute efficiency, and future automation.

6.11.4 Reality-Gap Evaluation Suite: No Flywheel ClaimWithout Real Environ-
ments

A civilizational flywheel cannot be inferred from clean benchmark success alone.

Reality-Gap Evaluation Suite. A benchmark and deployment-evaluation layer that
tests AGI ALPHA across browsers, databases, terminals, APIs, repositories, enterprise
workflows, policy-bound tools, scientific workflows, and agent markets.

Only realistic environments show whether machine labor can actually become infras-
tructure and capital rather than benchmark performance.

6.11.5 Capability Package Library and Reflective Evidence Compression

The compounding object is not a task completion; it is reusable capability.

Capability Package Library. Accepted workflows become reusable, hash-addressed
options with initiation conditions, tool contracts, validators, risk class, cost profile, evi-
dence history, lineage, replay path, rollback plan, and promotion status.

Reflective Evidence Compression. Failed or rejected evidence bundles generate
structured postmortems: failure mode, mistaken assumption, missing information,
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wrong tool, validator gap, safety issue, revised rule, reusable warning, and update
scope.

Capability packages and reflections convert experience into institutional memory, re-
ducing waste and making future work cheaper and safer.

6.11.6 Diversity-Preserving Artifact Frontier

An invention engine must not optimize only the current best artifact. It needs a diversi-
fied portfolio of high-value paths across science, software, infrastructure, market design,
energy, and governance.

Capability Map Archive. A quality-diversity archive organized by capability niches:
fastest, cheapest, safest, most robust, most transferable, most interpretable, highest
verified value, lowest coordination overhead, highest lineage metaproductivity, and best
energy/compute contribution.

Flow-Balanced Artifact Generation. A frontier-sampling mechanism that generates
candidate workflows, tools, hypotheses, validators, prompts, policies, and market rules
in proportion to verified value while preserving diversity across mission-relevant niches.

Diversity preserves optionality. Optionality is crucial for frontier invention, capacity
allocation, and energy/infrastructure discovery.

6.11.7 Tiered Validator Council

As agents become more capable, validators may be weaker than the systems they super-
vise.

Tiered Validator Council. A multi-layer validation system combining deterministic
tests, process validators, policy validators, adversarial debate, weak-to-strong cross-
checking, trusted human/institutional escalation, and delayed-outcome audits.

The larger the economic value produced by AGI ALPHA, the more validation must scale
without assuming a single omniscient judge.

6.11.8 Action-Reason Trace Contract

External action must be auditable before it can become infrastructure.

Action-Reason Trace Contract. Every write action, payment, deployment, credential
use, database mutation, browser submission, or physical/lab/robotic action must log rea-
son, action, tool, permission scope, expected observation, actual observation, validator
status, cost, risk, rollback pointer, and evidence pointer.

Tool use becomes investable and governable only when action is scoped, justified, ob-
served, validated, and reversible where possible.

6.11.9 Agent Economy Simulation Sandbox

Before increasing market permeability, AGI ALPHA must simulate whether agent mar-
kets become productive, collusive, unstable, unequal, or unsafe.
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Agent Economy Simulation Sandbox. A simulation environment where long-lived
agents negotiate, specialize, collude, fail, accumulate reputation, exploit loopholes, re-
spond to incentives, and reveal market-stability risks before the market touches the
human economy.

A high-value operator-institution engine needs markets, but untested markets can de-
stroy value through flash-crash dynamics, collusion, Sybil attacks, validator overload,
or harmful concentration.

6.12 Civilizational, namespace, and proof-settlement metrics
The civilizational density metric is extended to incorporate namespace quality, proof-
settlement reliability, authority compliance, and settlement-grade work metrology.

Namespace quality is factorized to keep the metric readable and auditable:

𝐷namespace =
𝐴namespace
𝐵namespace

,

𝐴namespace =𝑁low_entropy ⋅RegistryCorrectness ⋅ResolverReliability
⋅ AuthorityCompliance ⋅ AntiSpoofing,

𝐵namespace = 1+ ScopeConfusion+UnauthorizedAlias
+ResolverDrift+𝑅key.

Proof-settlement quality is similarly factorized:

𝐷proof_settlement =
𝐴proof
𝐵proof

,

𝐴proof = Replayability ⋅ ValidatorIntegrity ⋅ 𝛼WUCalibration
⋅ SettlementCorrectness,

𝐵proof = 1+DisputeRate+ FalsePayout+ AuditCost+ SlashingError.

The civilizational metric becomes:

𝐷civ++ =
𝐴civ
𝐵civ

,

𝐴civ =𝑊verified𝑀reusability𝐿metaproductivity𝐺governance
⋅ 𝐸energy gain𝐶compute gain𝐾capitalization
⋅ 𝑃process𝑆subversion𝐷diversity
⋅ 𝑁low_entropy𝐷proof_settlement,

𝐵civ = 𝐶compute +𝐶coordination +𝐶capital +𝑅safety
+𝑅legal +𝑅market +𝑅validator +𝑅concentration
+𝑅namespace +𝑅key +𝑅resolver.

Definitions:
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• 𝑊verified: externally accepted work.
• 𝑀reusability: degree to which outputs become reusable capabilities.
• 𝐿metaproductivity: ability of descendants to improve future productivity.
• 𝐺governance: auditability, policy compliance, reversibility, and safety.
• 𝐸energy gain: contribution to useful energy, industrial capacity, infrastructure, or
energy efficiency.

• 𝐶compute gain: contribution to compute capacity, compute efficiency, or compute
access.

• 𝐾capitalization: conversion of verified capability into allocable value.
• 𝑃process: process-integrity score.
• 𝑆subversion: resistance to hidden backdoors, collusion, validator gaming, and de-
layed failure.

• 𝐷diversity: frontier diversity across high-value capability niches.
• 𝑁low_entropy: quality of machine-resolvable naming and authority.
• 𝐷proof_settlement: replayability, validator integrity, α-WU calibration, and settlement
correctness.

• 𝑅validator: validator cost, latency, bottleneck, and false-acceptance risk.
• 𝑅concentration: harmful concentration, opaque centralized dependency abuse, mar-
ket capture, or social externality risk.

• 𝑅namespace: ambiguity, collision, spoofing, alias, resolver, registry, and scope risk.
• 𝑅key: key custody, compromise, rotation, and signature risk.
• 𝑅resolver: resolver outage, poisoning, drift, or high-churn metadata risk.

Because actual Kardashev Type II progress is far beyond near-term empirical testing,
the paper defines a near-term proxy:

Δ𝑈capacity = Δ(𝐶useful compute +𝐸useful energy)
+ Δ(𝑆scientific throughput + 𝐼infrastructure productivity) ,

𝐾2proxy =
Δ𝑈capacity𝐺governance𝑅reproducibility𝐷namespace𝐷proof_settlement

𝐶total +𝑅safety +𝑅market +𝑅concentration +𝑅namespace
.

𝐾2proxy is not a claim of Type-II achievement. It is a near-term proxy for whether AGI
ALPHA is moving in the correct direction: more governed useful capacity per unit cost
and risk, under low-entropy identity and settlement-grade proof.

Open-ended work-generation density:

𝐷open =
𝐴open
𝐵open

,

𝐴open = VerifiedNovelty ⋅ Learnability ⋅ Interestingness
⋅ Transferability ⋅Reusability ⋅ 𝐿metaproductivity
⋅ ProofReplayability ⋅ FlywheelContribution,

𝐵open = 𝐶compute +𝐶coordination +𝑅safety
+𝑅validator +𝑅reward_hacking +𝑅namespace.

Here, verified novelty means new capability relative to the archive rather than merely
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new text; learnability means neither trivial nor impossible; interestingnessmeans useful,
strategically relevant, and non-redundant; and flywheel contribution means measurable
progress toward verified work, productive-capacity formation, compute, science, infras-
tructure, or useful energy.

6.13 Best-practice alignment checklist
Every section, citation, figure, metric, and experiment should pass the following check-
list.

1. Does it help convert model capability into governed machine labor?
2. Does it help machine labor become externally verified invention?
3. Does it help verified invention become reusable capability?
4. Does it help reusable capability become capital, infrastructure, science, compute,
or useful energy?

5. Does it reduce safety, legal, market, concentration, or validator risk?
6. Does it preserve commercial independence?
7. Does it produce a measurable metric or experiment?
8. Does it avoid overclaiming Type-II capability as already achieved?
9. Does it support operator-institution compounding?
10. Does it make AGI ALPHA more credible as a scalable substrate for intelligence

organizations?

If a section fails this checklist, it should be removed or rewritten.

6.14 Claim boundary
The civilizational flywheel is a horizon, not an achievement claim. The paper does not
claim that AGI ALPHA has already produced superintelligence, energy abundance, au-
tonomous sovereignty, or Type-II-scale capability. It claims that a commercially inde-
pendent, validator-gated, experience-grounded, planning-capable, sovereign evolution-
ary agent economy is a plausible architecture for compounding verified machine labor
toward that horizon.

The claim becomes empirical only through real-task evidence: benchmark results, ex-
ternal validators, process-resolved evidence bundles, subversion tests, cost/risk ledgers,
reproducible traces, safety audits, delayed-outcome measurements, capital/capacity al-
location ledgers, and independent review.

7 Scope and scientific claim boundaries
This manuscript is a theoretical systems paper. It does not claim that unrestricted
artificial general intelligence has been achieved. It does not claim that autonomous
economic sovereignty, autonomous legal agency, or mainnet-scale economic proof has
been validated. It also does not treat internal demonstrations as sufficient evidence of
external impact. Instead, the paper gives a formal model and a measurement program
for testing whether a large-scale multi-agent system has entered a sustained, useful,
governed, far-from-equilibrium coordination regime.
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7.1 Status of evidence

Claim Current status Evidence required

AGI ALPHA is a formal
architecture

Supported as a systems
proposal

Definitions, diagrams,
method families, and
reference implementation

AGI ALPHA can be
implemented as an MVP

Partially supported Runnable reference
implementation, task
traces, and evidence
bundles

AGI ALPHA improves
multi-agent coordination

Not yet proven B0-B6 benchmark
comparison under equal
model/tool/budget
constraints

AGI ALPHA is safe under
tool use

Not yet proven Safety ledgers, adversarial
tasks, blocked-action logs,
rollback records,
independent audits

AGI ALPHA is empirically
SOTA

Not yet proven Equal-budget wins on real
tasks with reproducible
evidence bundles and zero
critical safety violations

AGI ALPHA realizes the
civilizational
value-to-energy flywheel

A strategic horizon, not a
present claim

Reusable verified
capabilities that compound
into measurable
infrastructure, compute,
science, and useful-energy
gains

AGI.Eth / ASI.Eth provide
institutional namespace
positioning

Supported as architectural
positioning, not
standard-setting control
proof

Adoption, secure
deployment, resolver
reliability,
registry-governed
recognition, replayable
proof bundles, validator
trust, alpha-WU calibration,
and settlement reliability

Public AGI Alpha materials frame α-AGI Architect as an operational blueprint for scal-
able multi-agent deployment and strategic infrastructure [16]. This manuscript treats
that framing as a proposed system architecture to be formalized and tested, not as em-
pirical proof of achieved AGI.

The phrase “to bring to life” is used in an engineering and cybernetic sense. A biological
organism and an AI protocol are not the same class of object. The relevant analogy is the
dissipative structure: a form of order sustained only while coupled to an environment
that supplies energy, matter, information, and constraints. Prigogine’s nonequilibrium
thermodynamics made this type of order central to the study of far-from-equilibrium sys-
tems [1]. In an agentic system, the sustained flows are compute, data, tasks, incentives,
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validation, feedback, policy, and tool access.

8 Institutional doctrine synthesis
The AGI Alpha corpus supplied for this paper is treated as a strategic primary-source doc-
trine, not as empirical validation of unrestricted AGI. Its recurring architecture can be
summarized as a sovereign synthetic labor stack: identity-bound agents, validator-gated
jobs, proof-bearing work, reputation-weighted settlement, public memory, on-chain gov-
ernance, recursive improvement controls, and capacity allocation into compute, science,
infrastructure, and energy capacity. Public repositories and public mainnet contract
pages provide the operational vocabulary for this stack: AGI Jobs as market, Alpha
nodes as workers, Meta-Agentic cognition as the coordination layer, 𝐴𝐺𝐼𝐴𝐿𝑃𝐻𝐴 as
incentive substrate, and ENS-backed job pages as durable public memory [19-23].

In this synthesis, AI sovereignty means the capacity of an institution, nation, or pro-
tocol to command verifiable machine labor without surrendering identity, memory, set-
tlement, or governance to an opaque external monopoly. The agent-native economy
means amarket in whichmachines can discover work, bid, execute, prove, settle, update
reputation, and route future labor under auditable rules. Recursive self-improvement
governance means that improvement is permitted only through traceable, permis-
sioned, validator-reviewed updates rather than unbounded self-modification.

The doctrine is therefore not merely accelerationist. It is a control architecture: auton-
omy measured, work proven, value settled, memory made public, and scale constrained
by governance before it compounds into larger industrial and energy systems.

Figure 12: Sovereign agentic doctrine lattice. The supplied AGI Alpha corpus is synthe-
sized into an institutional stack: identity, proof, settlement, governance, public memory,
recursive improvement, autonomous capital, and a civilizational energy horizon.
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9 Contributions
This paper makes twenty-two mission-aligned contributions.

1. Scalable intelligence-organization substrate. It distinguishes the Transformer
as a substrate for intelligence models from AGI ALPHA as a substrate for intelli-
gence organizations.

2. Civilizational value-to-energy flywheel. It centers the conversion of verified ma-
chine labor into reusable capability, capital, infrastructure, useful energy, compute,
and stronger future work as the paper’s North Star.

3. Claim-bounded far-from-equilibrium theory. It defines α-AGI Ascension as a
measurable nonequilibrium regime rather than an undefined emergence claim.

4. Validator-gated learned coordination. It upgrades the coordination layer from
a single Hamiltonian router to a learned router family spanning heuristic, natural-
language, evidence-state, evolutionary, reinforcement-learned, and hybrid proof-
conditioned routing.

5. Experience-grounded work substrate. It treats evidence bundles and grounded
tool interactions as long-lived experience streams that improve routers, reward
ledgers, world models, temporal options, and governance policies.

6. Value-relevant organizational planning. It defines ProofZero planning over ab-
stract evidence states, predicting only reward, routing policy, verified value, and
validator/cost/safety outcomes needed for bounded work search.

7. Proof-gated AI-generating work engine. It generalizes AI-GAs, OMNI-EPIC-
style open-ended task generation, ADAS-style agent design, and Absolute Zero-
style verifier-grounded self-play into a commercially independent layer that gener-
ates tasks, environments, agents, validators, proof templates, curricula, and capa-
bility packages under proof, replay, safety, settlement, AGI.Eth namespace author-
ity, and civilizational value-to-energy constraints.

8. Generalized validated search. It generalizes directed evolution and DISCO-style
proposal-validation-lineage-compression into organizational search over agents,
tools, artifacts, validators, memory, incentives, and governance.

9. Sovereign Evolutionary Agent Economy. It defines permeability-gated sand-
box markets, task-definition curricula, lineage metaproductivity, artifact frontier
databases, and dynamic verifiable learning.

10. Operator-institution compounding architecture. It introduces Sovereign In-
vention Reserve, Capacity Allocation Control Plane, Capital-to-Compute-to-Energy
Ledger, Strategic Capability Asset Map, and Value Realization Ledger.

11. Investability and safety controls. It adds subversion-resistant validation,
process-resolved evidence validation, proof-native workbenches, tiered validator
councils, action-reason trace contracts, and agent-economy simulation sandboxes.

12. AGI.Eth / ASI.Eth institutional namespace. It defines a low-entropy, registry-
governed identity layer for agents, nodes, validators, businesses, environments,
proof bundles, alpha-Work Units, settlement receipts, and governance authority.
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13. Civilizational metrics. It defines 𝐷civ++, 𝐷namespace, 𝐷proof_settlement, 𝐷open, and
𝐾2proxy as governed proxies for compounding useful capacity per unit cost and
risk.

14. Real-task proof gates. It specifies benchmark protocols, evidence bundles, base-
lines, promotion rules, and a Full-Stack Kardashev-Aligned Flywheel Stress Test
for falsifying or validating the architecture.

15. MontrealAI implementation evidence corpus. It maps 30,627 reported last-
year GitHub contributions and the public MontrealAI repository stack into an
evidence-status ladder: implementation scaffold, local/devnet replay, protocol evi-
dence, benchmark evidence, and independent reproduction.

16. Market-Governed Invention Foundry. It specifies how AGIJobManager, Pay-
master, NettingHouse, OpenClaw, Alpha-Factory, causal-substrate services, QD
archives, AGI Nodes, and AGI.Eth naming can be composed into a proof-bearing
invention-search system at scale.

17. MandateEpoch Protocol. It defines epoch-level batching, validation, settlement,
quarantine, payout, and archive-update roots so AGI ALPHA can clear high-volume
invention microjobs without putting every microstep on-chain.

18. Global QD Backbone and causal substrate. It treats the QD archive and causal-
substrate service as system state for preserving stepping stones, testing mecha-
nisms, scanning side effects, and allocating active deepening to high-value uncer-
tainty.

19. Real-task coordination evidence plan. It defines MandateEpoch, OpenClaw,
AGI Nodes, and scaling-law benchmarks that test whether AGI ALPHA demon-
strates scalable, efficient, safe multi-agent coordination on real tasks under equal
budgets, replayable evidence, and zero critical safety violations.

20. Utility-bound compute economics. It introduces Alpha Foundry Mandate Fa-
cility, coverage ratio controls, compute pricing, and operator risk equations while
preserving a strict utility-token boundary and avoiding investment-like claims.

21. AGI Alpha RSI: deterministic sovereign invention governance. It defines RSI
as the governance institution for recursive self-improving machine labor: deter-
ministic runner semantics, schema-bound artifacts, ECI evidence hierarchy, drift
sentinel, OMNI allocation controls, Move-37 breakthrough handling, baseline dis-
cipline, append-only archive state, and dossier-based promotion.

22. RSI Evidence Docket and real-task benchmarking. It defines the public evi-
dence standard required to claim scalable, efficient, safe multi-agent coordination:
real tasks, baselines, executed evidence, replay logs, ProofBundles, ECI ledgers,
safety ledgers, cost ledgers, independent replay, and promotion gates.

10 Visual thesis
The architecture figure compresses the central systems claim: α-AGI Ascension is sus-
tained organization under regulated inflow, not isolated one-shot inference.
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Figure 13: Open-system architecture of organized agentic complexity. Continuous in-
flows enter the AGI ALPHA core and are converted into verified work, memory, reputa-
tion, settlement, reusable artifacts, and external impact under measurement, validation,
and adaptation.

11 Definitions
Let:

𝒜= {𝑎1,… ,𝑎𝑁}

be a population of agents, and let:

𝒥 = {𝑗1,… , 𝑗𝑀}

be a stream of jobs. Each job is a tuple:

𝑗 = (𝑜,𝑐,𝑣,𝑏,𝑑,𝜌)

where 𝑜 is the objective, 𝑐 is the constraint set, 𝑣 is the validation criterion, 𝑏 is the
bounty or reward, 𝑑 is the deadline, and 𝜌 is the risk class.
AGI ALPHA is defined here as the proposed runtime/protocol layer that routes jobs,
agents, tools, memory, proofs, incentives, and governance into a coordinated work-
producing system.
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α-AGI Ascension is defined as the operating regime in which heterogeneous agents
form, execute, validate, and dissolve coalitions to maximize verified impact under
bounded risk.

Formally, Ascension requires:

𝑑
𝑑𝑡𝔼[𝑉verified] > 0

while maintaining:

𝔼[𝑅safety] ≤ 𝑅max

and productive swarm entropy:

𝑆min < 𝑆swarm < 𝑆max.

The lower entropy bound prevents rigid monoculture; the upper bound prevents inco-
herent chaos.

12 Related work
12.1 2017 Multi-Agent AI DAO Prior Art
The 2017 Multi-Agent AI DAO is used as a public prior-art lineage for autonomous
agents, blockchain-mediated coordination, smart contracts, DAO-style governance, and
tokenized resource coordination. In AGI ALPHA, that lineage is extended into a proof-
bearing intelligence-organization substrate: agents are named, jobs are bounded, work
is evidenced, validators gate settlement, RSI governs recursive invention, and empiri-
cal claims require Evidence Dockets. This is a historical and architectural lineage claim,
not empirical proof and not legal opinion.

12.2 Dissipative structures
Dissipative structures are ordered patterns that arise and persist far from equilibrium
through exchange with an environment. Prigogine’s work is the canonical foundation
for this perspective [1]. The agentic analogue is not metabolism in a biological sense;
it is the use of electricity, processors, networks, storage, data, tools, and validation to
sustain organized computation.

12.3 Gibbs free energy
Classically, Gibbs free energy is:

𝐺 =𝐻−𝑇𝑆.

At constant temperature and pressure, negative Δ𝐺 indicates a spontaneous direction
of change, Δ𝐺 = 0 indicates equilibrium, and Gibbs free energy is associated with the
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useful non-expansion work obtainable from a process under ideal conditions. OpenStax
summarizes these relationships and the role of coupled reactions in driving otherwise
unfavorable processes [2]. We use physical Gibbs energy literally at the hardware layer
and a Gibbs-like optimization functional at the agentic coordination layer.

12.4 Statistical mechanics and maximum entropy
Jaynes’ information-theoretic formulation of statistical mechanics frames probability dis-
tributions as maximum-entropy inferences under constraints [3]. This is useful for agent
swarms because exact microstate tracking is intractable. We model the swarm by dis-
tributions over possible configurations and monitor macro-observables such as entropy,
expected verified value, risk, cost, and coalition stability.

12.5 Hamiltonian multi-agent learning
Bailey and Piliouras show a formal connection between multi-agent learning in network
zero-sum games and Hamiltonian dynamics [4]. This matters because a system of inter-
acting learners can cycle rather than converge. α-AGI must therefore combine Hamilto-
nian exploration with dissipative convergence into validated work.

12.6 LLM-based multi-agent systems
Recent surveys of LLM-based multi-agent systems emphasize profiling, communication,
workflow design, infrastructure, security, benchmarking, and scalability challenges [5-
7]. These surveys support a core claim of this paper: large-scale multi-agent intelligence
is not merely a matter of increasing the number of agents. The difficult problems are
orchestration, communication, grounding, role specialization, credit assignment, vali-
dation, and governance.

12.7 Open-ended AI-generating systems
AI-GAs argue for replacing a purely manual AI-building path with algorithms that learn
to generate architectures, learning algorithms, and effective learning environments [74].
OMNI-EPIC extends open-endedness by generating learnable and interesting environ-
ments and rewards as code, maintaining learned and failed task archives, and filtering
novelty and learnability [75]. Automated Design of Agentic Systems formulates agent
design as search over agentic systems, including code-defined agents that can be gener-
ated, tested, archived, and transferred [76]. Absolute Zero shows that proposer-solver
self-play can reduce dependence on external curated tasks when proposals and solu-
tions are grounded in a verifiable environment; it also highlights safety concerns from
self-generated reasoning [77]. AGI ALPHA treats these works as prior-art context for
proof-gated generation, not as implementation dependencies.

12.8 Learned coordination substrates
Two recent coordinator papers sharpen the multi-agent coordination problem. Conduc-
tor shows that a language model can learn to output natural-language subtasks, worker
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assignments, and access lists, thereby learning not only model routing but also prompt-
engineered decomposition and communication topology; randomized worker-pool train-
ing supports adaptation to cost and availability constraints, while recursive topologies
create a bounded test-time scaling axis [69]. TRINITY shows the complementary ex-
treme: a compact language model plus a very small routing head can select model/role
pairs across turns, using a Thinker/Worker/Verifier grammar, hidden-state representa-
tions, and separable evolutionary optimization under low-signal terminal rewards [24].
AGI ALPHA treats these works as scientific prior-art context, not implementation de-
pendencies: its coordination layer must learn over real-work evidence states, bounded
tools, validators, ledgers, memory, settlement, and governance.

12.9 Planning with learned value-relevant models
MuZero is treated as scientific prior art for the principle that planning does not always
require a model that reconstructs the full environment. Its key contribution was to
learn an abstract latent model trained to predict quantities directly relevant to planning
- reward, policy, and value - and to use tree search over that learned model in domains
where the true dynamics may be unknown or visually complex [72]. The lesson for AGI
ALPHA is not to copy a game-playing algorithm, but to adopt the value-relevant planning
principle: a work engine does not need a complete simulator of the world to plan useful
organizational actions. It needs an independent evidence model that predicts which
delegated action, tool call, validator, escalation, or settlement path is likely to produce
verified value at acceptable cost and risk.

12.10 Agentic deployment practice
Recent official and community guidance converges on a practical principle: production
agents require clear tools, guardrails, tracing, orchestration, and escalation. Anthropic
distinguishes workflows, where code paths are predefined, from agents, where models
dynamically direct tool use and process control [10]. OpenAI’s agent guidance empha-
sizes model selection, tool design, guardrails, single-agent versus multi-agent orches-
tration, manager patterns, decentralized handoffs, and tracing [11]. MCP and related
protocols are emerging as standard ways to connect agents to external data and tools,
but they also expand the security boundary [12].

12.11 Risk management and agentic security
NIST’s AI Risk Management Framework and the Generative AI Profile provide lifecycle
risk-management guidance for design, development, use, and evaluation [8]. OWASP’s
Agentic AI Threats and Mitigations and Securing Agentic Applications guidance em-
phasize threat modeling for autonomous systems, including tool misuse, identity and
privilege abuse, memory risks, multi-agent propagation, and governance failures [9].
These sources motivate the paper’s insistence that maximum impact must mean veri-
fied bounded impact, not unconstrained autonomy.
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13 Frontier synthesis: from coordination problem to
sovereign invention system

The supplied corpus and the recent literature converge on one hard problem: how to
make many heterogeneous agents coordinate to maximum useful effect without collaps-
ing into waste, collusion, brittle hierarchy, or unsafe autonomy. The strongest current
answer is not a single monolithic model. It is an institutionalized control stack that com-
bines evolved coordination, symbolic compression, persistent memory, test-time learn-
ing, proof-bearing execution, and distributional safety.

Conductor is directly relevant because it demonstrates that natural-language coordi-
nation can be learned: a coordinator can output subtasks, worker assignments, and
access relationships, learning not only which model to call but what each worker should
attempt and what information it should see [69]. TRINITY supplies the complemen-
tary lightweight lesson: coordination can be represented as a compact evidence-state-
to-action map, where hidden-state features from a small model feed a tiny head that
selects model/role pairs across Thinker, Worker, and Verifier turns [24]. Multi-Agent
Collaboration via Evolving Orchestration reaches a related conclusion from a different
direction: static topologies scale poorly, while a learned orchestrator can dynamically
activate, sequence, and prune agents as task states evolve [25]. The Era of Agentic
Organization extends the same idea into asynchronous thinking: an organizer assigns
sub-queries, merges intermediate knowledge, and can itself be optimized through rein-
forcement learning [26].

Planning and tool use require a second discipline: the LLM should not be allowed to
hallucinate the plan when a symbolic planner, executor, or validator can do the logical
work. DUPLEX restricts the LLM to schema-guided information extraction and hands
rigorous synthesis to a PDDL planner, activating a slower reflective repair loop only
after planning failure [27]. AT2PO adds the learning counterpart: multi-turn agentic
RL needs turn-level trees, entropy-guided exploration, and turn-wise credit assignment
because sparse terminal rewards are too coarse for agentic action [28].

Persistent agency and recursive improvement add a third layer. Sophia frames a persis-
tent agent as a System 3 wrapper over perception and deliberation, maintaining narra-
tive identity, long-horizon adaptation, thought search, memory, and hybrid reward [29].
Self-play SWE-RL shows that software agents can gather experience from real reposi-
tories by injecting and repairing bugs specified by tests rather than relying on human-
written issues [30]. Huxley-Gödel Machine highlights a subtle but essential distinction:
an agent’s current benchmark performance is not the same as its self-improvement po-
tential; metaproductivity must be measured through the quality of descendants [31].
ThetaEvolve shows how test-time learning can internalize evolving strategies on open
optimization problems instead of leaving all progress in inference-only search [32].

Artificial-life systems sharpen the thermodynamic analogy. The bacterial flagellar motor
illustrates that apparently mysterious living motion can be explained as a physical motor
driven by proton motive force and molecular interactions, without invoking a special life
force [33]. Digital Ecosystems shows the computational analogue: multiple neural cellu-
lar automata can compete, adapt online, and be steered toward edge-of-chaos regimes
where stable complexity emerges from local interactions and continuous learning [34].

Finally, the safety and economic literature argues that collective capability must be gov-
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erned distributionally. Distributional AGI Safety explicitly addresses the patchwork hy-
pothesis: AGI-level capability may first appear through coordinated groups of sub-AGI
agents, requiring safeguards beyond individual-model alignment [35]. Virtual Agent
Economies similarly argues for proactively designed agent markets with auctions, ac-
countability, trust, safety, and steerability [36]. Large Causal Models from LLMs, K-
Dense Analyst, Synthetic Data RL, DISCO, and ASI-Arch point to the scientific discovery
frontier: causal extraction, hierarchical scientific agents, task-defined RL, multimodal
molecular design, and autonomous architecture search all show how agentic systems
can transform knowledge into validated invention when paired with execution and eval-
uation [37-41].

Figure 14: Frontier synthesis lattice. Recent work across evolved coordinators, digital
ecosystems, dual-system planning, turn-level RL, persistent agents, self-improvement,
and distributional safety converges on a single requirement: governed coordination un-
der continuous inflow and proof.

The resulting doctrine is a scientific operating principle:

Operating principle. Maximum useful effect = learned coordination + formal verifica-
tion + experience-grounded learning + value-relevant planning + global QD stepping-
stone archives + open-ended task/environment generation + automated agentic-system
design + verifier-grounded self-play + causal-substrate search + market-governed set-
tlement + deterministic RSI governance + executed evidence + baseline-comparative
advantage + drift-safe persistence + sovereign dossier packaging + real-task evidence
+ operator-institution capacity allocation + distributional governance.
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Figure 15: Sovereign invention governance stack. The stack connects continuous sub-
strates to learning, agents, evolved coordination, validation, market settlement, and
civilizational mission while feedback flows downward through policy, risk controls, and
audit.
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This principle reframes the central economic vision. A superhuman invention engine is
not best understood as a single automation product. It is a compounding institutional
asset: the operator-institution uses it to generate proofs, tools, science, infrastructure,
energy capacity, and more compute, while external access is mediated through jobs,
markets, and validator-gated settlement.

13.1 Frontier implication matrix
The following matrix translates the supplied frontier corpus into design requirements
for AGI ALPHA. The point is not to cite every item as proof of achieved AGI. The point
is to extract the strongest operational pattern from each line of research and convert it
into an engineering control.

Frontier signal Core lesson
AGI ALPHA design
implication

Evolved LLM coordination Coordination can be
optimized directly, not
merely hand-written.

Learn a coordinator that
selects roles, models, tools,
validators, and stopping
rules under budget.

Agentic organization Work graphs can be
asynchronous, dynamic,
and learned.

Route jobs as evolving
work graphs rather than
static chains of agents.

Dual-system planning LLMs should ground
semantics; symbolic
planners should enforce
logic when stakes are high.

Separate semantic
extraction from plan
synthesis, validation, and
settlement.

Turn-level agentic RL Sparse terminal rewards
are insufficient for
multi-turn work.

Assign credit and policy
updates at the turn,
tool-call, and subgoal level.

Persistent agents Long-lived agents need
memory, self-models, and
procedure updates.

Treat identity, lineage,
reputation, and memory as
state variables, not chat
history.

Self-play software RL Agents can create training
experiences from real
codebases through
test-specified
perturbations.

Use sandboxed self-play
only when tasks are
externally checkable by
tests, proofs, or validators.

Test-time evolution Search should become
learning when repeated
task families reveal
reusable structure.

Convert successful traces
into updateable routing
priors, skills, and symbolic
rules.

Artificial-life ecosystems Local competition plus
learning can stabilize
edge-of-chaos complexity.

Use bounded competition,
niches, gradients, and
perturbation tests to
discover robust agent
ecologies.
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Frontier signal Core lesson
AGI ALPHA design
implication

Distributional AGI safety AGI-level capability may
emerge from populations
before a monolith.

Govern the swarm
economy itself: markets,
audits, reputation, identity,
and containment.

Scientific discovery agents Causal extraction,
bio-design, data science,
and architecture search
become agentic workflows.

Build invention loops that
couple hypothesis,
execution, verification,
compression, and capacity
allocation.

Web/tool agents Browser and API actuation
turn reasoning into
external action.

Treat tools as risk-bearing
actuation channels with
schemas, scopes, logs, and
reversible modes.

ARC-style abstraction Extreme generalization
favors symbolic
compression and
deliberate test-time search.

Reward compact rules that
survive held-out tests, not
persuasive explanations
alone.

13.2 Coordination as the central prize
The hard problem is not merely to make agents numerous. The hard problem is to make
them coordinate to maximum useful effect. In this paper, maximum effect is not raw
throughput. It is verified work under bounded risk, low waste, recoverable failures, and
compounding memory:

𝜋∗coord = argmax𝜋 𝔼[𝑉verified −𝜆𝐶compute −𝜌𝑅safety −𝜅𝐶coordination −𝜇𝑈unknown] .

The frontier literature implies that this policy must be evolved, tested, and audited.
Hand-designed org charts are too brittle. Pure self-play is too easily untethered from
human-useful objectives outside two-player zero-sum games. Static swarms are too ex-
pensive. Single-model planners are too hallucination-prone. The strong answer is a
validator-gated coordination policy that learns which agent should think, which should
act, which should verify, when to stop, and when to escalate.

This gives a sharper version of the AGI ALPHA thesis:

Ascension is not many agents. Ascension is learned coordination under proof.

13.3 Learned Coordination Substrates: Conductor, TRINITY, and AGI
ALPHA

The new frontier is notmerelymulti-agent prompting. It is learned coordination: a policy
that decides which agents should exist for a task, what each agent should do, what each
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agent may see, which tools each agent may use, how long the workflow may run, which
validators terminate the process, and what evidence is written back into memory.

Conductor lesson. Conductor shows that a language model can learn to orchestrate
other language models by emitting natural-language subtasks, worker assignments, and
access lists [69]. The key contribution is not only routing among workers. It is learning
a prompt-engineered decomposition and communication topology: which worker should
plan, which should execute, which intermediate outputs should be visible, and howmuch
compute a task deserves. Randomized worker-pool training supports adaptation to user
cost and availability constraints, and recursive topologies create a bounded test-time
scaling axis.

Mapped into AGI ALPHA, the Conductor-style lesson becomes:

AGI ALPHAmapping: task manifest -> role graph -> subtask prompts -> access graph
-> worker calls -> validator gate -> evidence bundle.

TRINITY lesson. TRINITY shows that a lightweight coordinator can use hidden-state
representations from a compact language model plus a tiny head to select agents and
roles across multiple turns [24]. Its Thinker/Worker/Verifier protocol is a minimal
learned coordination grammar: one role decomposes, one role executes, one role checks
and terminates. Its sep-CMA-ES training result is important because coordination often
has low-signal terminal rewards, tight evaluation budgets, and weakly coupled parame-
ters; in that regime, derivative-free evolutionary optimization can bemore practical than
standard policy gradients or supervised imitation. TRINITY’s hidden-state separability
analysis also suggests a diagnostic rule for AGI ALPHA: measure task/agent separabil-
ity before choosing whether to use a heuristic router, a language workflow router, a
lightweight representation router, an evolutionary coordinator, or a hybrid.

Mapped into AGI ALPHA, the TRINITY-style lesson becomes:

AGI ALPHA mapping: evidence state -> lightweight routing head -> role assignment
-> validator-terminated workflow.

AGI ALPHA synthesis. Conductor and TRINITY primarily demonstrate LLM-to-LLM
coordination on reasoning benchmarks. AGI ALPHA must extend the same lesson into
real work: tools, APIs, code execution, browsers, databases, scientific workflows, policy-
bound actions, validator gates, safety ledgers, cost ledgers, settlement, memory, and
governance. Its routing decisions are judged not by conversational elegance but by
externally verified work, cost, risk, reproducibility, lineage, and settlement.

13.3.1 AGI ALPHA-native method family

The following method names are AGI ALPHA-native and commercially independent.
They are inspired by the coordination principle of Conductor and TRINITY, but they
do not depend on their code, prompts, weights, figures, role prompts, exact training
recipes, or implementation details.
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Figure 16: Learned coordination substrates. Conductor-style natural-language work-
flow coordination and TRINITY-style lightweight role routing become AGI ALPHA-native
proof-conditioned orchestration over tools, validators, ledgers, memory, and settlement.

Method Definition

Proof-Conditioned Orchestration Routing conditioned on task manifest,
prior evidence bundles, validator
availability, cost, risk, and expected proof
quality.

Evidence-State Coordinator A lightweight router whose input state is
the current evidence graph: task, trace,
artifacts, test results, costs, risks,
memory, and validator outcomes.

Validator-Terminated Role Graphs Learned role graphs whose stopping
condition is an external validator, formal
check, policy gate, or explicit escalation
rule.

Proof-Gradient Routing Routing updates that move probability
mass toward agents and topologies with
higher verified value per unit cost and
lower false-acceptance risk.

Coordination Fitness Landscapes Empirical landscapes over
agent-role-tool-validator combinations,
learned from accepted and rejected
evidence bundles.
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Method Definition

Recursive Audit Routing Bounded recursion in which a router can
call a critique/router layer only under
budget, depth, and validator constraints.

Capability Complementarity Atlas A memory map of which agents, tools, and
roles complement or interfere with one
another across task families.

Evidence-to-Policy Compression Compression of traces, failures, and
validator reports into reusable routing
priors, contracts, and safety rules.

Tool-Bounded Role Contracts Role definitions that include tool scopes,
data access, budget, allowed actions,
prohibited actions, and validator
obligations.

Budgeted Constellation Search Search over agent constellations under
token, dollar, latency, risk, and validator
budgets.

13.3.2 Formal comparison: Conductor, TRINITY, and AGI ALPHA

Dimension Conductor TRINITY AGI ALPHA

Coordination
representation

Natural-language
workflow with
subtasks, worker
ids, and access
lists.

Hidden-state
representation plus
small head over
agent-role actions.

Evidence-state
graph over task,
agents, tools,
validators, memory,
ledgers, settlement,
and governance.

Learning method Reinforcement
learning over
executed
workflows.

Evolutionary
optimization of a
lightweight
coordinator.

Commercially
independent router
family: heuristic,
language,
representation,
evolutionary, RL,
and hybrid
proof-conditioned
routers.

Role system Flexible
natural-language
subtasks and
worker
assignments.

Thinker / Worker /
Verifier tri-role
grammar.

Tool-bounded role
contracts: planner,
executor, retriever,
simulator, validator,
critic, auditor,
deployer,
settlement agent.
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Dimension Conductor TRINITY AGI ALPHA

Worker-pool
adaptation

Randomized
worker-pool
training for cost
and availability
constraints.

Selects among a
pool of LLMs and
roles.

Capability
complementarity
atlas plus budgeted
constellation search
over agents, tools,
validators, and
policies.

Recursion /
test-time scaling

Recursive topology
allows bounded
calls to the
coordinator itself.

Multi-turn protocol
with bounded turn
budget.

Recursive audit
routing under
depth, cost, risk,
validator, and
escalation
constraints.

Validation Benchmark
correctness after
workflow execution.

Verifier role and
terminal
benchmark reward.

External validator
gates: tests, formal
checks, simulations,
audits, market
settlement, human
expert review, and
real-world
outcomes.

Evidence trace Workflow trace and
benchmark result.

Multi-turn
transcript and
terminal score.

Machine-readable
evidence bundle:
routing record, tool
trace, artifacts,
validation, cost,
risk, settlement,
provenance,
lineage.

Tool actuation Primarily
LLM-to-LLM
benchmark
workflows.

Primarily
LLM-to-LLM
benchmark
workflows.

Bounded tools,
APIs, code, browser,
database, scientific
workflow, and
protocol-native job
execution.

Safety controls Benchmark-format
constraints.

Turn budget and
verifier termination.

Least privilege,
policy gates, safety
ledger, reversible
actions, escalation,
auditability, and
governance.

Settlement /
reputation

Not the central
object.

Not the central
object.

Proof-based
settlement,
reputation, credit
assignment, and
future routing
probability.
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Dimension Conductor TRINITY AGI ALPHA

Commercial
independence

Prior-art inspiration
only.

Prior-art inspiration
only.

Independent
terminology,
architecture,
evidence memory,
safety-control layer,
and settlement
mechanism.

13.3.3 Router family

The Hamiltonian router remains useful as the simplest interpretable baseline, but it is
no longer the only routing model. AGI ALPHA defines a router family:

Router Description

R0: Heuristic Hamiltonian router Hand-specified free-energy/Hamiltonian
scorer over cost, risk, complementarity,
and expected verified value.

R1: Natural-language workflow router Generates role graph, subtask prompts,
access graph, and worker calls in natural
language.

R2: Evidence-state lightweight router Maps evidence-state features to
agent-role-tool-validator choices with a
compact head.

R3: Evolutionary coordinator Optimizes routing parameters by
derivative-free search under sparse
terminal validator rewards.

R4: Reinforcement-learned coordinator Learns workflow decisions from validator
rewards, tool outcomes, and cost/risk
penalties.

R5: Hybrid router Selects R0-R4 by task family, cost, risk,
validator availability, separability
diagnostics, and evidence density.

Every router must output:

1. selected agents;
2. role assignments;
3. subtask prompts;
4. access graph;
5. tool permissions;
6. budget;
7. validator set;
8. stopping rule;
9. escalation rule.

A task 𝑗 with evidence state 𝑒𝑡 is routed by:
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𝑅𝑘(𝑒𝑡, 𝑗) → (𝐴,𝜌,𝑆,Γ𝑇,𝐵,𝑉𝑠𝑒𝑡, 𝜏𝑠𝑡𝑜𝑝, 𝜏𝑒𝑠𝑐),

where 𝐴 is the selected constellation, 𝜌 are role contracts, 𝑆 are subtasks, Γ𝑇 is the ac-
cess/tool graph, 𝐵 is the budget, 𝑉𝑠𝑒𝑡 is the validator set, and 𝜏𝑠𝑡𝑜𝑝, 𝜏𝑒𝑠𝑐 are stopping
and escalation rules.

The hybrid router is promoted only when evidence supports it:

𝑅∗(𝑗) = argmax
𝑅𝑘

𝔼[𝐷real ∣ 𝑗,𝑅𝑘] − 𝜆𝐶−𝜌𝑅−𝜅𝑂.

Operational router-selection example. The router family is not a menu of slogans;
it is a decision policy. R0 is used as the auditable fallback when evidence is sparse,
when a deterministic baseline is required, or when regulators/auditors require a trans-
parent score. R1 is preferred for open-ended reasoning or research tasks where the
hard problem is subtask synthesis, access-list design, and natural-language delegation.
R2 is preferred for high-volume, high-structure task families where the evidence-state
features are separable and latency/cost must be minimized. R3 is preferred when termi-
nal rewards are sparse, noisy, expensive, or non-differentiable, because derivative-free
search can optimize routing without labels. R4 is preferred only after a stable domain
has accumulated enough validated trajectories for reward learning without reward hack-
ing. R5 is the production selector: it chooses among R0-R4 by task family, cost, risk
class, validator availability, separability diagnostics, evidence density, and required au-
ditability.

Compact decision rule. In deployment, router choice should be logged as part of the
evidence bundle. A simple version is:

Task condition Preferred router Reason

Sparse prior evidence, low
risk, strong need for
auditability

R0 Transparent baseline and
diagnostic control.

Open-ended decomposition
or research synthesis

R1 Natural-language subtasks
and communication
topology matter most.

High-volume structured
tasks with separable
evidence features

R2 Compact evidence-state
routing minimizes latency
and cost.

Sparse, noisy, terminal
validator rewards

R3 Evolutionary search
tolerates low-SNR
objectives without dense
labels.

Stable domain with many
replayable validated
episodes

R4 Reinforcement learning
can optimize long-horizon
tool/cost/risk tradeoffs.
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Task condition Preferred router Reason

Mixed, high-value, or
high-risk work

R5 Hybrid proof-conditioned
arbitration chooses among
R0-R4 by task, cost, risk,
validators, evidence
density, and auditability.

Promotion rule: R0 is always available as the reproducible baseline; any learned router
must earn promotion through higher 𝐷real, equal-budget comparisons, zero critical
safety violations, and reproducible evidence bundles.

13.3.4 Strict novelty relative to learned-coordination prior art

The paper does not claim that AGI ALPHA invents learned LLM coordination from
scratch. The strict novelty claim is the full-stack organizational substrate: learned
routing is integrated with bounded tools, external validators, machine-readable evi-
dence bundles, cost and safety ledgers, memory graphs, proof-based settlement, rep-
utation updates, and governance. Conductor and TRINITY show that coordination itself
can be learned in benchmark-centric LLM collaboration. AGI ALPHA’s contribution is
to lift learned coordination into a validator-gated, commercially deployable work system
where routing decisions are judged by externally verified artifacts, reproducible traces,
real-task cost, safety outcomes, and future routing improvement.

13.3.5 Commercial independence

Conductor and TRINITY are cited as frontier demonstrations that coordination itself
can be learned. AGI ALPHA does not depend on their code, weights, prompts, figures,
role prompts, exact training recipes, data, or proprietary implementation details. AGI
ALPHA develops its own commercially independent coordination substrate, validator
architecture, routing state, evidence memory, safety-control layer, cost/risk accounting,
settlement mechanism, and governance interface.

13.3.6 State-of-the-art positioning and caution

The state-of-the-art lesson from Conductor and TRINITY is that learned coordination can
beat manual scaffolding. The AGI ALPHA thesis is that learned coordination must now
be lifted from benchmark-only LLM collaboration into validator-gated real-world work
systems. The novel contribution claimed here is not that AGI ALPHA invents learned
LLM-to-LLM coordination from scratch; Conductor and TRINITY are cited precisely be-
cause they show that coordination itself can be learned. AGI ALPHA’s commercially in-
dependent contribution is the full-stack organizational generalization: routing plus
bounded tools, external validators, machine-readable evidence bundles, safety and cost
ledgers, memory, reputation, settlement, governance, and real-task promotion rules in
one substrate. Conductor and TRINITY optimize benchmark collaboration; AGI ALPHA
specifies the institutional layer needed to turn learned coordination into auditable ma-
chine labor.
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AGI ALPHA is therefore SOTA-aligned as a research program and architecture. It
becomes empirically SOTA only if its proof-conditioned router beats Conductor-style,
TRINITY-style, single-agent, fixed-workflow, and unstructured-swarm baselines on real
tasks under equal model, tool, and budget constraints with zero critical safety violations
and reproducible evidence bundles.

13.4 Experience-Grounded Coordination: AGI ALPHA in the Era of Ex-
perience

Silver and Sutton’sWelcome to the Era of Experience argues that human-generated data
is approaching limits in frontier domains and that future agents will improve primarily
through experience generated by acting in environments, observing consequences, re-
ceiving grounded rewards, and planning over long streams of interaction [70]. The pa-
per identifies four dimensions that matter for future agents: long streams of experience,
rich grounded actions and observations, grounded rewards, and planning or reasoning
over experience.

This section also explicitly anchors the experience layer in standard reinforcement-
learning concepts from Sutton and Barto’s Reinforcement Learning: An Introduction,
including value estimation from experience, model-based planning, temporal-difference
learning, Dyna-style learning from real and simulated experience, and options as tem-
poral abstractions [71]. AGI ALPHA translates those concepts into organizational in-
frastructure: evidence streams become the experience base, world models predict con-
sequences of agent/tool actions, temporal options become reusable validator-bounded
workflows, and governance controls which reward signals may update production pol-
icy.

AGI ALPHA adopts this as conceptual inspiration and prior-art context only. The sci-
entific implication is decisive: AGI ALPHA should not merely coordinate agents across
isolated tasks. It should generate, record, validate, compress, and learn from experi-
ence streams. Evidence bundles are therefore not just audit logs. They are the training
substrate for future routing, world modeling, reward calibration, safety policy, reputa-
tion, settlement, and governance.

Era-of-experience dimension AGI ALPHA translation

Streams of experience Long-lived task, job, tool, validator,
settlement, incident, and
delayed-outcome streams.

Grounded actions and observations Bounded tools, APIs, code execution,
browsers, databases, sensors, simulations,
lab interfaces, and protocol-native
actions.

Grounded rewards Validator outcomes, test results, user
outcomes, scientific measurements, cost,
safety, latency, reproducibility, market
settlement, and delayed real-world
outcomes.
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Era-of-experience dimension AGI ALPHA translation

Planning and reasoning over experience World models, consequence-aware
routing, temporal option registries,
evidence-to-policy compression, and
sandbox-to-real escalation planning.

Figure 17: From human data to experience-grounded machine labor. Human-data AI
imitates short human examples; experience-grounded agents learn from action, obser-
vation, reward, and world models; AGI ALPHA converts job/tool/validator interactions
into governed experience streams for future routing and settlement.

13.4.1 Experience tuple and sovereign experience stream

An AGI ALPHA experience event is defined as:

𝑒𝑡 = (𝑠𝑡, 𝑎𝑡, 𝑜𝑡+1, 𝑟𝑡, 𝑣𝑡, 𝑐𝑡, 𝜌𝑡,𝑚𝑡)

where:

• 𝑠𝑡 is the task/evidence state;
• 𝑎𝑡 is the agent, tool, workflow, or governance action;
• 𝑜𝑡+1 is the next observation, tool result, test result, simulator output, user outcome,
market event, or scientific measurement;

• 𝑟𝑡 is a grounded reward signal;
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• 𝑣𝑡 is a validator decision;
• 𝑐𝑡 is the cost, latency, and resource ledger;
• 𝜌𝑡 is the risk and safety state;
• 𝑚𝑡 is the memory, reputation, settlement, and policy update.

The experience stream is:

𝐸0∶𝑇 = {𝑒0, 𝑒1,… ,𝑒𝑇}.

This matters because isolated task success can be misleading. A patch may pass im-
mediate tests but fail under delayed deployment. A browser workflow may satisfy a
page-state evaluator while violating a policy. A scientific design may score well in a
proxy but fail a real assay. The experience stream preserves the difference between im-
mediate acceptance and longer-run consequence. ### Sovereign Experience Control
Plane

The decisive upgrade is to treat experience as first-class infrastructure. A one-shot
evidence bundle proves what happened in one run; a sovereign experience stream pre-
serves the ordered sequence of runs fromwhich future routers, validators, worldmodels,
option policies, and governance weights can improve. This turns AGI ALPHA from a task
coordinator into an experience operating system for machine labor.

The experience-control plane maintains four coupled state updates:

𝑀𝑡+1 = 𝑈𝑀(𝑀𝑡, 𝑒𝑡)

Ω𝑡+1 = 𝑈Ω(Ω𝑡, 𝑟𝑡, 𝑣𝑡, 𝜌𝑡,Π𝑡)

𝑀𝜙,𝑡+1 = 𝑈𝜙(𝑀𝜙,𝑡,𝐸0∶𝑡)

𝜋𝑡+1 = 𝑈𝜋(𝜋𝑡,Compress(𝐸0∶𝑡),𝑀𝜙,𝑡+1,Ω𝑡+1).

Here𝑀𝑡 is operational memory, Ω𝑡 is the reward-governance state,𝑀𝜙,𝑡 is the world
model, and 𝜋𝑡 is the router/policy state. The update rule is deliberately separated into
memory, reward governance, world modeling, and routing because each subsystem has
a different failure mode. Memory can be poisoned, rewards can be gamed, world models
can extrapolate incorrectly, and routers can overfit to validator shortcuts. The control
plane therefore requires provenance, quarantine, replay, delayed-outcome checks, and
independent validator review before high-impact traces are allowed to influence produc-
tion routing.

The key distinction is:
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Figure 18: Sovereign experience control plane. Experience events turn validator-gated
work into a governed training substrate for reward ledgers, memory graphs, world mod-
els, temporal options, and router-family updates.

97



Object Function
Can update production
policy?

Evidence bundle Immutable proof of a single
run

No, not by itself

Experience event Atomic
state-action-observation-
reward-validation-cost-risk-
memory tuple

Only after provenance
checks

Experience stream Ordered sequence of
events across jobs and
cycles

Yes, if replayable and
validated

Reward ledger Versioned consequence
record

Yes, under governance
weights

World model Predictive model of
outcomes and risk

Yes, if calibrated and
monitored

Temporal option Reusable validated
macro-workflow

Yes, if bounded by
initiation, validation,
termination, and risk class

The system’s experience-grounded progress is measured over time, not by a single im-
pressive run:

𝐷experience(𝑇) =
1
𝑇

𝑇
∑
𝑡=1

⎡⎢
⎣

𝑉(𝑡)verified
𝐶(𝑡)tokens +𝐶

(𝑡)
tool +𝐶

(𝑡)
time

⎤⎥
⎦
(1 −𝑅(𝑡)critical)(1 −𝑂

(𝑡)
coord)(1 −𝐻

(𝑡)
reward),

where𝐻(𝑡)
reward is the detected reward-hacking or reward-provenance penalty. A claimed

experience gain must show that 𝐷experience(𝑇) improves on held-out future tasks while
critical violations, reward hacking, and false acceptance do not increase.

13.4.2 Validator-reward separation

AGI ALPHA separates validators from rewards.

• Validators determine whether an artifact, action, or workflow is accepted for the
current job.

• Grounded rewards measure consequences across time, cost, safety, reproducibility,
markets, sensors, tests, scientific assays, user outcomes, and delayed real-world
feedback.

• Human approval is useful but is not identical to truth, utility, or safety.
• Immediate validator acceptance can be contradicted by long-run outcomes.
• Delayed grounded outcomes must be attributed back to prior agents, tools,
prompts, policies, and routing decisions.

Thus the system tracks both:

𝑣𝑡 = accept/reject/escalate

98



and:

𝑟𝑡 = 𝑅(𝑜𝑡+1, 𝑐𝑡, 𝜌𝑡,delayed outcomes,governance weights).

This distinction protects AGI ALPHA from mistaking a narrow pass/fail gate for a com-
plete account of value, truth, safety, or long-run usefulness.

13.4.3 AGI ALPHA-native method family

These methods are AGI ALPHA-native and commercially independent. They are inspired
by the general scientific lesson that agents can learn from grounded experience, but
they do not depend on Silver/Sutton code, figures, algorithms, training recipes, or pro-
prietary artifacts.

Method
Definition and commercial-independence
note

Experience-Grounded Coordination Routing conditioned on current task state
plus accumulated experience streams, not
isolated prompts.

Sovereign Experience Streams Institution-owned streams of task, tool,
validator, cost, risk, settlement, and
delayed-outcome events.

Grounded Reward Ledger Versioned accounting of rewards from
tests, simulations, markets, sensors,
assays, user outcomes, safety, latency, and
reproducibility.

Validator-Reward Separation Explicit separation between acceptance
gates and consequence-measuring
rewards.

Experience-to-Policy Compression Compression of repeated traces into
routing priors, validator policies, temporal
options, and governance updates.

Consequence-Aware Routing Routing that predicts downstream cost,
safety, latency, validator failure, delayed
outcome, and escalation risk.

World-Model Risk Planning Predictive modeling used before tool
escalation, external deployment, or
high-risk scientific action.

Temporal Option Registry Reusable macro-actions with initiation
conditions, workflow policy, validator,
termination condition, risk class, and
lineage.

Bi-Level Reward Governance Low-level grounded signals are weighted
and corrected by high-level policy, law,
user feedback, institutional priorities, and
safety events.
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Method
Definition and commercial-independence
note

Exploration Corridors Bounded zones where agents may explore
novel actions, tools, or hypotheses under
budget, sandbox, validator, rollback, and
quarantine constraints.

Delayed Outcome Attribution Assignment of long-run outcomes back to
prior routing, tool, prompt, policy, and
agent decisions.

Experience Quarantine and Replay Isolation of suspicious, unsafe, poisoned,
or reward-hacking traces, followed by
controlled replay before learning from
them.

13.4.4 Grounded Reward Ledger and Bi-Level Reward Governance

Low-level reward signals can come from unit tests, simulations, markets, sensors, sci-
entific assays, user outcomes, cost, latency, safety, and reproducibility. These signals
are powerful because they measure consequences rather than only predicted human
approval. They are also dangerous because any single signal can be gamed.

AGI ALPHA therefore uses a governed reward functional:

𝑅AGI ALPHA𝑡 = 𝐺𝜔(𝑟tests𝑡 , 𝑟simulation𝑡 , 𝑟market𝑡 , 𝑟safety𝑡 , 𝑟cost𝑡 ,
𝑟latency𝑡 , 𝑟reproducibility𝑡 , 𝑟human𝑡 , 𝑟delayed𝑡 ).

where 𝐺𝜔 is a versioned governance policy. The low level optimizes grounded signals;
the high level adjusts which signals matter, how they are weighted, and when safety
or law overrides apparent reward. User feedback, legal constraints, incident reports,
institutional policy, and human concern signals provide top-level correction. This makes
reward design auditable and governable rather than an invisible optimization target.

13.4.5 World-model planning and consequence-aware routing

Experience streams support world models. This follows the standard reinforcement-
learning idea that agents can improve by learning predictive models from experience
and using those models for planning; AGI ALPHA reinterprets this as an auditable orga-
nizational mechanism rather than a single-agent algorithm [71]. AGI ALPHA defines:

𝑀𝜙(𝑜𝑡+1, 𝑟𝑡, 𝜌𝑡+1 ∣ 𝑠𝑡, 𝑎𝑡),

where𝑀𝜙 predicts observations, reward, and future risk from a state-action pair. Such
models support consequence-aware routing, delayed outcome prediction, safety fore-
casting, cost and latency forecasting, validator failure prediction, scientific experiment
planning, sandbox-to-real escalation, rollback, and quarantine decisions.

The router family becomes experience-aware:
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𝑅𝑘(𝑒𝑡, 𝑗,𝐸0∶𝑇,𝑀𝜙) → (𝐴,𝜌,𝑆,Γ𝑇,𝐵,𝑉𝑠𝑒𝑡, 𝜏𝑠𝑡𝑜𝑝, 𝜏𝑒𝑠𝑐), 𝑘 ∈ {0, 1, 2, 3, 4, 5}.

A router should not merely ask which agent is best for the immediate prompt. It should
ask which constellation is most likely to produce valid work after considering down-
stream validators, delayed outcomes, cost, safety, and reversibility.

13.4.6 Temporal option registry

Long streams of experience make reusable temporal abstractions possible. In reinforce-
ment learning, options provide a standard formalism for temporally extended actions;
AGI ALPHA turns that idea into commercially independent, validator-bounded organiza-
tional macro-workflows [71]. A validated workflow becomes an option or macro-action:

Option = (ℐ,𝜋𝑤𝑜𝑟𝑘𝑓𝑙𝑜𝑤,𝑉𝑔𝑎𝑡𝑒, 𝜏𝑡𝑒𝑟𝑚, 𝜌𝑟𝑖𝑠𝑘,𝐻𝑒𝑣𝑖𝑑𝑒𝑛𝑐𝑒).

Here ℐ is the initiation condition, 𝜋𝑤𝑜𝑟𝑘𝑓𝑙𝑜𝑤 is the workflow policy, 𝑉𝑔𝑎𝑡𝑒 is the val-
idator, 𝜏𝑡𝑒𝑟𝑚 is the termination condition, 𝜌𝑟𝑖𝑠𝑘 is the risk class, and𝐻𝑒𝑣𝑖𝑑𝑒𝑛𝑐𝑒 is the
evidence history. Examples include software repair, benchmark execution, literature
review, simulation, red-team review, deployment rollback, and scientific experiment op-
tions. Temporal abstraction matters because civilization-scale work is not a collection
of one-shot answers; it is the repeated reuse and improvement of verified procedures.

13.4.7 Anti-reward-hacking controls

Grounded rewards are necessary, but unsafe if treated as the only objective. AGI ALPHA
therefore requires reward provenance, reward versioning, counterfactual reward audits,
adversarial reward tests, delayed-outcome checks, independent validator review, safety
overrides, rollback and quarantine, human concern signals, reward-model incident re-
ports, and replay before learning from suspicious traces.

The system is allowed to learn from experience only when the experience remains trace-
able, replayable, and governed.

13.4.8 Commercial independence

Silver and Sutton are cited as conceptual inspiration and prior-art context for the shift
from human-data-centric systems toward experience-grounded agents, and Sutton and
Barto are cited for standard reinforcement-learning concepts such as world models and
temporal abstraction. AGI ALPHA does not depend on their code, figures, algorithms,
training recipes, terminology beyond ordinary citation, or implementation details. AGI
ALPHA defines its own commercially independent experience tuple, evidence-stream
architecture, grounded reward ledger, validator-reward separation, world-model plan-
ning interface, temporal option registry, router-family extension, safety controls, and
settlement mechanism.
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13.5 Planning with Learned Organizational Models: MuZero-Inspired
AGI ALPHA without Implementation Dependence

MuZero’s frontier contribution was not generic model-based reinforcement learning.
The key scientific idea was value-relevant planning: learn an abstract latent model that
predicts the quantities directly useful for planning - reward, policy, and value - without
requiring the hidden state to reconstruct the full observation ormatch the environment’s
true state [72]. In games and Atari, this allowed search to operate over a learned internal
model even when the full dynamics were unknown. AGI ALPHA takes this only as con-
ceptual inspiration. The commercial system defined here does not depend on MuZero
code, pseudocode, figures, architecture, weights, training recipes, hyperparameters, or
implementation details.

The AGI ALPHA translation is organizational rather than game-specific. The environ-
ment is not a board or screen. It is a stream of jobs, agents, tools, validators, cost ledgers,
safety states, delayed outcomes, memory graphs, and settlement updates. The planning
problem is not “which move wins a game?” but “which bounded organizational action
produces verified work under cost, safety, validator, and governance constraints?”

The resulting principle is:

Plan over proof-relevant latent work states, not over complete world reconstructions.

13.5.1 AGI ALPHA-native method family

Method Definition

Proof-Equivalent Organizational Models Abstract models whose predictions are
sufficient for selecting proof-producing
organizational actions, without
reconstructing the full external
environment.

Latent Evidence Dynamics Learned transitions over compressed
evidence states induced by organizational
actions such as delegate, retrieve, code,
test, validate, escalate, quarantine, stop,
or settle.

Validator-Aware Tree Planning Bounded lookahead search in which
branches are constrained by validator
availability, risk class, tool permissions,
budget, and escalation rules.

Search-Improved Routing Routing targets generated by internal
work search and then used to improve
future routing policies.

Evidence Reanalyze Revisit old evidence bundles with newer
routers and work models to generate
updated routing, value, reward, and
validator-risk targets while preserving
provenance.
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Method Definition

ProofZero Planning Layer AGI ALPHA’s native planning layer over
latent evidence states; the name denotes
zero dependence on full environment
reconstruction, not dependence on any
third-party system.

Cost-Risk-Value Backup A backup rule that propagates predicted
verified value while subtracting expected
cost, latency, validator failure, and safety
risk.

Abstract Work-State Planning Planning over latent organizational states
representing evidence, capabilities, risks,
and validator conditions rather than raw
observations.

Policy/Value/Reward Heads for Machine
Labor

Prediction heads for routing policy,
downstream verified value, grounded
reward, and validator/cost/safety
outcomes.

Bounded Hypothetical Work Search Counterfactual exploration of
organizational action branches under
explicit tool, budget, safety, and
governance constraints.

13.5.2 Formal planning model

Let 𝑒𝑡 be the current evidence state and 𝑎𝑡 be a candidate organizational action. Actions
may include:

𝑎𝑡 ∈ {delegate, retrieve,code, test,validate,escalate, stop,quarantine, settle}.

AGI ALPHA learns a commercially independent latent work model:

𝑧0 =𝐻𝜃(𝑒𝑡),

𝑟𝑘, 𝑧𝑘 = 𝐺𝜃(𝑧𝑘−1, 𝑎𝑘),

𝑝𝑘, 𝑣𝑘, 𝑞𝑘 = 𝐹𝜃(𝑧𝑘).

Here 𝑧𝑘 is an abstract evidence state, not a reconstruction of the full environment. 𝑟𝑘
predicts grounded reward, 𝑝𝑘 predicts the next organizational-action policy, 𝑣𝑘 predicts
downstream verified value, and 𝑞𝑘 predicts validator, safety, cost, latency, and escalation
outcomes.

Tree search is performed over organizational actions, constrained by:
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𝒞(𝑗) = {tool permissions,budget, risk class,
validator availability, stopping rule,escalation rule}.

The search outputs an improved routing policy and a search value:

(𝜋search, 𝜈search) =WorkSearch(𝑧0,𝒜org, 𝒞(𝑗)).

The action actually executed must still pass tool permissions, risk gates, validator avail-
ability checks, and escalation policy. Search is advisory until validated by the bounded
execution layer.

Figure 19: Planning with learned organizational models. Evidence state is encoded
into a latent work state; hypothetical organizational actions are searched under budget,
tool, risk, and validator constraints; predicted reward/policy/value/safety heads select
a bounded action; the validator gate and evidence bundle feed replay and reanalyze.

13.5.3 Training objective

The AGI ALPHA model is trained from sovereign evidence streams, not from any third-
party game-playing implementation. The target quantities are observed grounded
rewards, validator decisions and confidence, delayed real-world outcomes, search-
improved routing policies, bootstrapped future verified value, and cost, latency, safety,
and escalation penalties.

A schematic AGI ALPHA-native objective is:

ℒProofZero(𝜃) = 𝜆𝑟ℒ𝑟(𝑟̂, 𝑟) + 𝜆𝑣ℒ𝑣(𝑣̂,𝑉future)
+ 𝜆𝑝ℒ𝑝(𝑝̂,𝜋search) + 𝜆𝑞ℒ𝑞(𝑞̂, 𝑞valid/risk/cost)
+ 𝜆𝑠𝒫safety.
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This is not a copied loss or recipe. It states the AGI ALPHA design requirement: the
latent model should predict only those quantities required for safer, cheaper, and more
valuable organizational action.

13.5.4 Search-improvement loop

The critical planning loop is not merely prediction. It is iterative policy improvement un-
der proof. Let 𝜋𝜃(𝑎 ∣ 𝑒) be the base router over organizational actions and let bounded
work search return 𝜋search(𝑎 ∣ 𝑒) and 𝜈search(𝑒). Define the constrained real-work ob-
jective:

𝐽𝒞(𝜋 ∣ 𝑒) = 𝔼𝜋 [𝑉verified −𝜆𝐶−𝜌𝑅−𝜅𝐿−𝜇𝑂 ∣ 𝑒,𝒞] ,

where 𝒞 contains budget, tool, validator, risk, settlement, and escalation constraints.
The empirical improvement target is:

Δsearch = 𝔼𝑒∼ℰ [𝐽𝒞(𝜋search ∣ 𝑒) − 𝐽𝒞(𝜋𝜃 ∣ 𝑒)] > 0.

When this condition holds with zero critical safety violations, 𝜋search becomes a train-
ing target for the next router/model update. If it does not hold, the search procedure
is treated as overhead, not intelligence. This gives ProofZero its policy-improvement
discipline:

𝜋𝜃 → bounded search→ 𝜋search → evidence replay→ 𝜋𝜃′.

A monotonic improvement guarantee is not asserted for arbitrary open-world tasks. The
paper instead requires a measurable surrogate: search must improve 𝐷𝑟𝑒𝑎𝑙, preserve
reproducibility, and not increase false acceptance, reward hacking, or critical safety
events.

13.5.5 Model-free, model-based, and ProofZero coordination

The benchmark ladder should be read as a model-class comparison.

Class
AGI ALPHA
baseline Limitation ProofZero upgrade

Model-free
coordination

Learned router
without search

Reacts to the
current evidence
state but does not
look ahead.

Search improves
the router policy
before action.

Model-based
prediction

Learned world
model without tree
search

Predicts
consequences but
may not convert
them into better
decisions.

Tree planning
converts
predictions into
action selection.
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Class
AGI ALPHA
baseline Limitation ProofZero upgrade

Heuristic planning Hamiltonian router Transparent and
auditable but
manually specified.

Learned latent
dynamics and
search targets
adapt from
evidence.

ProofZero planning Bounded search
over latent
evidence states

Must control search
cost, model error,
and reward
hacking.

Promotion requires
depth scaling,
reanalyze gains,
and safety gates.

Thus ProofZero is not simply model-free routing and not simply model-based forecasting.
It is value-relevant organizational planning: a learned abstract model is used to improve
routing before bounded tool execution.

13.5.6 Planning-depth scaling

Planning depth is a central empirical claim. Let 𝐾 denote search depth, simulation
count, or bounded hypothetical work budget. The system should report:

𝐷𝑟𝑒𝑎𝑙(𝐾), Δ𝐾 = 𝐷𝑟𝑒𝑎𝑙(𝐾) −𝐷𝑟𝑒𝑎𝑙(𝐾− 1).

A valid result should show improvement up to a measurable plateau:

Δ𝐾 > 0 for early useful depths, Δ𝐾 → 0 at plateau,

without a corresponding increase in validator error, safety incidents, latency blow-up,
or reward-hacking attempts. If deeper planning improves internal value estimates but
not externally verified work, the latent model is optimizing the wrong target. If deeper
planning improves work only by spending more than the baseline, the result is not a
coordination gain. If deeper planning increases false acceptance or unsafe tool use, the
planner fails promotion even if its task score rises.

13.5.7 Latent-state diagnostics

The latent work state 𝑧𝑘 is allowed to be non-human-interpretable, but it cannot be
unexamined. AGI ALPHA therefore evaluates latent evidence states by five diagnostics:

1. Decision predictiveness: whether 𝑧𝑘 improves prediction of reward, validator
acceptance, cost, latency, risk, and future verified value.

2. Search utility: whether planning with 𝑧𝑘 improves 𝐷𝑟𝑒𝑎𝑙 over the base router
and over a world model without tree search.

3. Compression efficiency: whether 𝑧𝑘 retains decision-relevant evidence with
lower state complexity than raw traces.

4. Separability and calibration: whether task family, risk class, validator availabil-
ity, and agent/tool complementarity are separable and calibrated in latent space.
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5. Safety probeability: whether high-risk states, poisoned traces, reward-hacking
attempts, and validator-failure modes can be detected before they update produc-
tion policy.

A schematic latent-state score is:

𝑆𝑧 = 𝛼𝑃𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +𝛽𝑈𝑠𝑒𝑎𝑟𝑐ℎ + 𝛾𝐶𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 +𝛿𝐴𝑐𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 + 𝜂𝑆𝑠𝑎𝑓𝑒𝑡𝑦.

Interpretability is valuable for audit, but it is not sufficient. A readable latent state that
does not improve validated work is decoration. An opaque latent state that improves
work but cannot be probed for safety is not deployable. The acceptable region is a
bounded frontier: decision-useful, compact, calibrated, and safety-probeable.

13.5.8 Evidence Reanalyze

Evidence Reanalyze revisits old evidence bundles with newer routers, validators, and
latent work models. It produces fresher targets for routing policy, future verified value,
delayed-outcome prediction, and validator-risk calibration. Reanalyze is useful because
a trace that was poorly understood when generatedmay become highly informative after
the system has better validators, better world models, or better cost/risk calibration.

Reanalyze is not allowed to update production policy automatically. Unsafe traces,
poisoned inputs, reward-hacking examples, policy-violating tool calls, privacy-sensitive
traces, and traces with unresolved validator disagreement must first enter quarantine
and replay. Only replayable, provenance-preserving, validator-approved traces can be-
come policy-improvement data.

13.5.9 Formal comparison

Planning element MuZero prior-art context
AGI ALPHA organizational
analogue

Input state Game or Atari observation Evidence state: task, trace,
tool state, validators,
ledgers, memory

Latent state Hidden planning state Latent work state
Action Game/Atari action Organizational action:

delegate, retrieve, code,
test, validate, escalate,
stop, quarantine, settle

Reward Environment reward Grounded reward ledger:
tests, outcomes, markets,
measurements, cost, safety,
reproducibility

Policy Move/action policy Routing policy over agents,
roles, tools, validators, and
escalation rules
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Planning element MuZero prior-art context
AGI ALPHA organizational
analogue

Value Predicted future return Verified future value minus
cost, risk, latency, and
governance penalties

Tree search Search over actions in
latent model

Validator-aware bounded
tree planning over
organizational actions

Replay Replay buffer / reanalyze Sovereign evidence stream
/ Evidence Reanalyze

Score Game score or normalized
return

Verified work minus
cost/risk and false
acceptance

13.5.10 Commercial independence

MuZero is cited as scientific prior art for value-relevant learned planning. AGI ALPHA
does not depend on MuZero code, pseudocode, figures, architecture, hyperparameters,
training recipes, weights, data, or implementation details. AGI ALPHA develops its own
commercially independent planning substrate over evidence states, validators, tools,
ledgers, settlement, governance, real-task proof, and experience-grounded machine la-
bor. The names Proof-Equivalent Organizational Models, Latent Evidence Dynamics,
Validator-Aware Tree Planning, Evidence Reanalyze, and ProofZero are AGI ALPHA-
native terms for this paper’s independent architecture. No affiliation, endorsement,
or dependency is implied with DeepMind, MuZero, AlphaZero, or any third-party imple-
mentation.

13.5.11 Planning with Learned Organizational Models Benchmark

Hypothesis. A ProofZero planner improves AGI ALPHA routing by using value-relevant
latent organizational models and bounded tree search over work actions, while preserv-
ing validator-gated safety and evidence-bundle reproducibility.

Conditions.
• B0: single strongest agent.
• B1: fixed workflow.
• B2: heuristic Hamiltonian router.
• B3: learned router without search.
• B4: learned world model without tree search.
• B5: AGI ALPHA-native ProofZero planner.

Task families. SWE-bench Verified, GAIA, BrowserGym / OSWorld / WorkArena, 𝜏-
bench, scientific workflow tasks, and AGI Jobs protocol-native tasks.

Metrics. Verified work per dollar/token/hour, validator precision/recall, false accep-
tance, critical safety violations, search-policy improvement Δ𝑠𝑒𝑎𝑟𝑐ℎ, planning-depth
scaling𝐷𝑟𝑒𝑎𝑙(𝐾), plateau depth, Evidence Reanalyze gain, delayed-outcome prediction
error, cost-risk-value calibration, latent-state decision predictiveness, latent-state com-
pression efficiency, safety probeability, and evidence-bundle reproducibility.
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Promotion rule. B5 is promoted only if it beats all baselines under equal
model/tool/budget constraints, demonstrates Δ𝑠𝑒𝑎𝑟𝑐ℎ > 0 against the base router, im-
proves with planning depth up to a measurable plateau, improves from Evidence Rean-
alyze without reward hacking, passes latent-state diagnostics, and records zero critical
safety violations. If it wins by spending more compute, relaxing validators, ignoring
safety penalties, absorbing unsafe traces into production policy, or optimizing an un-
probeable latent state, the result is rejected.

13.5.12 Synthesis with the three frontier lessons

AGI ALPHA now integrates three frontier lessons:

1. Learned coordination. Conductor and TRINITY show that coordination policies
can be learned rather than hand-scripted.

2. Experience-grounded learning. The Era of Experience shows that future capa-
bility growth must increasingly come from grounded action, observation, reward,
and world-model learning.

3. Value-relevant planning with learned organizational models. MuZero shows
that planning can be powered by abstract models that predict planning-relevant
quantities rather than reconstructing the full environment; AGI ALPHA adds proof-
conditioned policy improvement, depth-scaling tests, and latent-state safety diag-
nostics for organizational work.

AGI ALPHA’s claim is the full-stack organizational synthesis: learned routing over
bounded tools, grounded experience streams, value-relevant latent work models, exter-
nal validators, evidence bundles, settlement, memory, and governance. The empirical
claim remains conditional: AGI ALPHA becomes SOTA only if these components beat
baselines on real tasks under equal budgets with reproducible evidence and zero criti-
cal safety violations.

13.6 Sovereign Evolutionary Agent Economies: Task-Defined Curricula,
Lineage Metaproductivity, and Dynamic Verifiable Learning

Four frontier lines sharpen AGI ALPHA’s economic and evolutionary layer. Virtual
Agent Economies argues that future agent markets should not emerge accidentally
as highly permeable systems; sandbox origin and market permeability must be design
variables, with auctions, mission economies, credentials, trust infrastructure, and multi-
tier oversight treated as first-class governance machinery [36]. Synthetic Data RL
shows that a task definition can seed synthetic examples, difficulty-adaptive curricula,
pass-rate-based sample selection, and reinforcement learning on high-potential exam-
ples [39]. Huxley-Goedel Machine identifies the metaproductivity-performance mis-
match: the best current performer is not necessarily the ancestor whose descendants
will produce the best future agents [31]. ThetaEvolve shows that open-problem search
becomes more powerful when it is a dynamic, verifiable environment with a large arti-
fact database, batch variant generation, lazy-stagnation penalties, reward shaping, and
optional reinforcement learning that internalizes evolving strategies [32].

AGI ALPHA cites these works as scientific inspiration and prior-art context only. Its com-
mercially independent contribution is a Sovereign Evolutionary Agent Economy: an
intentional, validator-gated sandbox market in which task definitions generate curricula,
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agents and workflows evolve through evidence-bearing lineages, test-time search be-
comes verifiable learning, and settlement rewards long-run safe metaproductivity rather
than immediate benchmark score alone.

13.6.1 Prior-art dependency boundary

The cited works define design pressures, not implementation dependencies. AGI ALPHA
does not copy or require any third-party code, prompts, figures, pseudocode, weights,
datasets, hyperparameters, exact training recipes, benchmark-specific tricks, product
names, or proprietary artifacts. AGI ALPHA develops its own sovereign market archi-
tecture, task-definition curriculum engine, lineage-metaproductivity metrics, dynamic
verifiable evolution environment, artifact frontier database, validator architecture, set-
tlement mechanism, and governance controls.

13.6.2 A. Permeability-gated sandbox economies

The Virtual Agent Economies lesson is that market permeability is a control variable. A
sealed sandbox may be safe but economically inert. A fully permeable agent market may
create systemic risk before human oversight can react. AGI ALPHA therefore defines a
Permeability-Gated Sandbox Economy whose connection to the human economy is
explicitly tuned by risk class, identity assurance, validator confidence, market volatility,
mission criticality, and governance policy.

AGI ALPHA-native constructs:

Method Definition

Permeability-Gated Sandbox Economy A bounded agent market whose external
boundary is governed by identity,
permission, risk, validator confidence, and
mission class.

Mission-Weighted Agent Market A market in which settlement weights
include collective mission progress, not
only local bounty completion.

Agent-Market Stress Index A live risk score over volatility, failed
settlement, collusion, Sybil behavior,
negotiation speed, validator load, human
overrides, and liquidity shocks.

High-Frequency Negotiation Guardrails Rate limits, circuit breakers,
quote-validity windows, cooling-off
periods, anomaly detectors, and maximum
negotiation-depth rules for machine-speed
bargaining.

Machine-Speed Oversight Layer Automated supervisory controls that
operate at agent speed while preserving
audit trails and human escalation for
irreversible or high-impact actions.

Verifiable Agent Credentials Checkable claims about identity,
authorization, capability, provenance,
controller, and allowed market roles.
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Method Definition

Proof-of-Personhood / Proof-of-Control
Boundary

A governance boundary that distinguishes
human-controlled, institution-controlled,
delegated, and autonomous actions for
access, liability, and settlement.

Privacy-Preserving Capability Attestations Selective attestations that an agent can
perform or is authorized for a capability
without exposing private data, proprietary
model details, or full capability profiles.

Mission Currency / Compute Credit /
Risk-Bounded Settlement

Domain-specific settlement instruments
that buy work, compute, or mission
progress under explicit risk and
permeability constraints.

AGI ALPHA’s commercially independent market architecture separates six markets:

1. Job markets for immediate tasks and bounties.
2. Capability markets for discovering which agents, tools, and workflows produce
reliable verified work.

3. Validator markets for scarce proof capacity, formal checks, audits, expert review,
and delayed-outcome measurement.

4. Compute markets for allocating energy, hardware, memory, bandwidth, and in-
ference budgets.

5. Missionmarkets for long-horizon collective objectives such as scientific discovery,
infrastructure, resilience, and energy abundance.

6. Strategic internal invention reserves for high-value discoveries whose best use
is internal compounding rather than broad resale.

This separation prevents a single price signal from governing every decision. It also
makes permeability adjustable. A low-risk software benchmark can settle quickly; a
high-risk financial, legal, biological, or physical action must pass tighter identity, audit,
and human-governance gates before it touches the human economy.

13.6.3 B. Task definitions as curriculum seeds

The Synthetic Data RL lesson is that a task definition is not merely an instruction; it is a
seed for a curriculum. AGI ALPHA extends each job specification to include a governed
curriculum generator:

𝑗 = (𝑜,𝑐,𝑣,𝑏,𝑑,𝜌,𝑒,𝑔curr),

where 𝑜 is the objective, 𝑐 constraints, 𝑣 validators, 𝑏 bounty, 𝑑 deadline, 𝜌 risk class,
𝑒 exit condition, and 𝑔curr a task-definition-to-curriculum generator.

The curriculum generator may produce:

• easier variants;
• harder variants;
• adversarial variants;
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• decomposed subtasks;
• benchmark-style validation cases;
• replay tasks;
• synthetic tool-use traces;
• withheld validators;
• delayed-outcome probes.

AGI ALPHA-native constructs:

Method Definition

Task-Definition-to-Curriculum Engine Converts a job definition into a governed
family of training, replay, evaluation,
adversarial, and delayed-outcome
variants.

Validator-Bound Synthetic Task Foundry Generates synthetic tasks only when they
are anchored to held-out validators,
external checks, delayed real-world
outcomes, or human expert review.

Difficulty-Band Curriculum Maintains easy, target, hard, and
adversarial difficulty bands so learning
remains in the partially solvable region.

Partial-Solvability Sample Selection Prioritizes tasks whose pass rates indicate
high learning value, avoiding both trivial
and impossible samples.

High-Potential Experience Mining Selects old traces that are likely to
improve future routing, validation, safety,
reward calibration, or world-model
prediction.

Synthetic Mission Replay Replays task families in sandboxed
mission settings to train routing and
market policies without exposing
production systems.

Held-Out Validator Anchoring Requires non-training validators, external
benchmarks, or delayed outcomes before
synthetic tasks can influence production
policy.

Curriculum Provenance Ledger Records generation seed, source evidence,
retrieved context, difficulty band,
validator set, allowed update scope, and
quarantine status.

The production rule is strict:

synthetic task→ production update only if held-out validator
∨ external check
∨ delayed outcome.
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Without this rule, synthetic curricula can become self-referential games that look learn-
able while drifting away from useful work.

13.6.4 C. Lineage metaproductivity

The Huxley-Goedel Machine lesson is theMetaproductivity-Performance Mismatch:
immediate task score is not identical to long-run self-improvement potential. AGI ALPHA
generalizes this beyond coding agents. Routers, validators, tools, prompts, workflows,
scientific hypotheses, software patches, market mechanisms, and governance policies
can all be ancestors whose descendants may be more valuable than the ancestor’s cur-
rent score suggests.

Define Lineage Metaproductivity:

LMP(𝑎) = 𝔼[ max
𝑑∈𝒟safe(𝑎)

𝑉verified(𝑑) − 𝜆𝐶(𝑑) − 𝜌𝑅(𝑑) − 𝜅𝐻(𝑑) − 𝜇𝑈(𝑑)] ,

where 𝑎 is an agent, workflow, artifact, router, validator, tool, prompt, market rule, sci-
entific hypothesis, or governance policy; 𝒟safe(𝑎) is the safe descendant set rooted at 𝑎;
𝐶 is cost; 𝑅 is safety/security/legal risk; 𝐻 is reward hacking or collusion penalty; and
𝑈 is uncertainty or unverified externality.
AGI ALPHA-native constructs:

Method Definition

Lineage Metaproductivity Expected risk-adjusted verified value of
the best safe descendant lineage rooted at
an agent, workflow, artifact, or policy.

Descendant-Validated Capability Potential Estimates future capability by evaluating
descendants, not only ancestor
performance.

Capability Clade Search Searches families of related artifacts and
workflows, preserving diversity while
selecting high-potential clades.

Agent-Lineage Archive Stores ancestry, mutations, validator
scores, cost, risk, replay path, and final
settlement for agents, routers, prompts,
tools, and workflows.

Metaproductivity-Weighted Settlement Rewards agents and artifacts that create
safer, cheaper, more general, and more
productive descendants.

Expansion-Evaluation Decoupling Separates cheap generation of candidate
descendants from slower validated
evaluation of descendant promise.

Best-Belief Agent / Workflow Selection Selects the candidate with the highest
posterior expected safe future value, not
merely the highest observed immediate
score.
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Method Definition

Self-Improvement Governance Gate Requires permission, validator review,
safety checks, and rollback plans before a
self-improvement affects production
routing or settlement.

The settlement rule is:

Δsettlement(𝑎) ∝ 𝛼𝑉immediate(𝑎) + 𝛽LMP(𝑎) − 𝜆𝐶(𝑎) − 𝜌𝑅(𝑎) − 𝜅𝐻(𝑎).

AGI ALPHA should not reward immediate productivity alone. It should reward agents,
workflows, and artifacts that create safer, cheaper, more general, and more productive
descendants. A lineage that improves a benchmark while increasing reward hacking,
collusion, unsafe autonomy, policy violations, or validator gaming has negative AGI AL-
PHA metaproductivity.

13.6.5 D. Dynamic verifiable evolution

The ThetaEvolve lesson is that inference-only evolution is weaker than dynamic veri-
fiable learning when repeated open problems reveal reusable strategies. A one-time
search may find a good artifact; a dynamic verifiable environment converts the search
trajectory into future capability.

For AGI ALPHA, the program database becomes an Artifact Frontier Database con-
taining:

• code patches;
• workflows;
• agent constellations;
• prompts and role contracts;
• validator templates;
• proofs and simulations;
• scientific hypotheses;
• market mechanisms;
• governance policies;
• replayable evidence bundles.

AGI ALPHA-native constructs:

Method Definition

Dynamic Verifiable Evolution Environment A sandbox in which variants are
generated, evaluated, stored, replayed,
and used for future learning under
external validators.

Artifact Frontier Database A curated archive of evidence-bearing
artifacts that define the current frontier
for a task family or mission.
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Method Definition

Batch Variant Generation Generates multiple candidate variants per
frontier parent to increase throughput
and diversity.

Lazy-Stagnation Penalty Penalizes repeated or near-duplicate
outputs that consume budget without
attempting meaningful improvement.

Progress-Shaped Reward Ledger Records shaped but auditable progress
signals while preserving the primary
external validator.

Test-Time Internalization Loop Converts repeated successful search
behaviors into router, workflow, or model
updates.

Frontier Parent Sampling Samples high-potential parents from the
artifact frontier by verified value,
diversity, risk, cost, and lineage potential.

Evolutionary Experience Replay Replays historical artifact-search traces to
train routers, validators, and world
models.

Open-Problem Capability Transfer Tests whether strategies learned on one
open-problem family transfer to unseen
task families.

A candidate artifact is admitted to the frontier only if it satisfies the frontier admission
invariant:

admit(𝑥) = 1 ⟺ evidence(𝑥) ∧ validator_score(𝑥) ∧ cost_ledger(𝑥)
∧ safety_ledger(𝑥) ∧ lineage_pointer(𝑥) ∧ replay_path(𝑥).

This turns test-time search into verifiable learning rather than unbounded artifact accu-
mulation.

13.6.6 Unified formalism: Sovereign Evolutionary Agent Economy

Define the AGI ALPHA Sovereign Evolutionary Agent Economy state:

𝑋𝑡 = (𝒜,𝒥,𝒯,𝒱,ℳ,𝒞𝑖𝑑,ℱ,𝒢𝑐𝑢𝑟𝑟, ℒ,ℛ,𝒢𝑔𝑜𝑣),

where𝒜 are agents, 𝒥 jobs, 𝒯 tools, 𝒱 validators,ℳ markets, 𝒞𝑖𝑑 credentials, ℱ fron-
tier artifacts, 𝒢𝑐𝑢𝑟𝑟 curricula, ℒ lineages, ℛ reward ledgers, and 𝒢𝑔𝑜𝑣 governance.
Actions include:

𝑎𝑡 ∈ {generate synthetic task, route job, launch auction, allocate compute,
mutate workflow, evaluate descendant, add artifact to frontier, train router,
quarantine trace, settle payment, adjust market permeability}.
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The objective is to maximize verified future value and lineage metaproductivity under
cost, safety, fairness, permeability, and governance constraints:

𝜋∗SEAE = argmax𝜋 𝔼𝜋[𝑉future + 𝜂LMP+𝜁𝐺TTL +𝜒𝑀mission

−𝜆𝐶−𝜌𝑅−𝜅𝐻rewardhack −𝜇𝑈unfair −𝜔𝑃permeability].

The sovereign evolutionary economy score is:

𝐷SEAE =
𝑊verified
𝐶cost

⋅𝑆safety ⋅𝐹fairness/collusion ⋅𝑃permeability ⋅𝐺LMP ⋅𝐺TTL ⋅ (1−𝐻rewardhack).

If a critical safety violation occurs, 𝑆safety = 0 for promotion purposes.

Figure 20: From sandbox markets to sovereign evolutionary agent economies. Five
lanes connect intentional sandbox markets, task-defined curricula, lineage evolution,
dynamic verifiable learning, and the AGI ALPHA SEAE objective.

13.6.7 Comparison across frontier inspirations
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Dimension

Virtual
Agent
Economies

Synthetic
Data RL

Huxley-
Goedel
Machine ThetaEvolve

AGI ALPHA-
native
synthesis

Core object Agent
market /
sandbox
economy

Task
definition as
synthetic RL
seed

Self-
improving
coding-
agent
lineage

Dynamic
open-
problem
artifact
environment

Sovereign
evolutionary
agent
economy

Generator Agents,
markets,
currencies,
interoper-
ability

Synthetic
examples
from task
definition
and
retrieved
knowledge

Self-
modification
expansion

Batch
program /
artifact
variants

Task
foundry,
router
family,
artifact
frontier,
mission
market,
governance
gate

Evaluator Oversight,
trust,
market
outcomes

Pass rate,
difficulty, RL
reward

Descendant
benchmark
perfor-
mance

Verifier and
shaped
reward

Validators,
reward
ledger,
safety
ledger,
settlement,
delayed
outcomes

Memory /
archive

Market
records,
identities,
credentials

Generated
task set and
selection
records

Clade tree /
self-
modification
archive

Program
database

Evidence
bundles,
frontier
database,
lineage
archive,
curriculum
ledger,
market
ledger

Learning
signal

Market
success,
mission
progress,
safe
coordination

High-
potential
synthetic
samples

Descendant
productivity
potential

Test-time im-
provement
and RL in-
ternalization

Verified
work, LMP,
𝐷𝑆𝐸𝐴𝐸,
𝐷𝑟𝑒𝑎𝑙,
validator
precision,
reward
calibration
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Dimension

Virtual
Agent
Economies

Synthetic
Data RL

Huxley-
Goedel
Machine ThetaEvolve

AGI ALPHA-
native
synthesis

Main risk Flash
crashes,
inequality,
collusion,
weak
identity,
unsafe
permeability

Synthetic
self-
reference
and reward
hacking

Benchmark
overfitting
and unsafe
descendants

Stagnation,
reward
shaping
failures,
verifier
gaming

Governance-
gated
permeabil-
ity, held-out
validators,
quaran-
tine/replay,
anti-
collusion

Governance Legal
oversight,
identity,
sandbox
boundaries

Audit SI gate Verifiable
dynamic
environment

Machine-
speed
oversight +
human
governance
+ settlement
controls

AGI ALPHA
extension

Permeability
market
stack

Validator-
bound task
foundry

LMP-
weighted
settlement

Artifact
frontier
database

Unified com-
mercially
independent
SEAE
architecture

13.6.8 Experiments 14-17: sovereign evolutionary economy benchmark suite

Experiment 14: Sandbox Agent Economy Benchmark. Compare B0 no market,
B1 unstructured agent market, B2 fixed-price job market, B3 auction-based market,
B4 mission-weighted market, and B5 AGI ALPHA permeability-gated sovereign market.
Metrics: verified work per cost, allocation fairness, collusion rate, Sybil resistance, mar-
ket volatility, high-frequency negotiation risk, settlement accuracy, trust/reputation cal-
ibration, human override rate, and mission progress. Promotion requires B5 to improve
verified work and mission progress without increasing collusion, volatility, Sybil failures,
or critical safety incidents.

Experiment 15: Task-Definition Curriculum Benchmark. Compare B0 human
tasks only, B1 random synthetic tasks, B2 synthetic tasks without difficulty adaptation,
B3 synthetic tasks with difficulty bands, B4 high-potential sample selection, and B5 AGI
ALPHA validator-bound task foundry. Metrics: improvement per generated task, valida-
tor pass rate, held-out generalization, synthetic task diversity, reward hacking attempts,
false acceptance, and curriculum usefulness. Promotion requires held-out validator im-
provement without production-policy drift from unanchored synthetic tasks.

Experiment 16: Lineage Metaproductivity Benchmark. Compare B0 selection
by immediate score, B1 cost-adjusted score, B2 descendant average score, and B3
AGI ALPHA Lineage Metaproductivity with safety/cost/generalization constraints. Met-
rics: best descendant verified value, lineage safety, transfer to new tasks, cost per im-
provement, stagnation rate, reward hacking, lineage diversity, and metaproductivity-
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performance correlation. Promotion requires better safe descendants, not merely better
ancestors.

Experiment 17: Dynamic Verifiable Evolution Benchmark. Compare B0 inference-
only evolution, B1 static RL, B2 dynamic environment without artifact database,
B3 dynamic environment with artifact database, B4 dynamic environment with lazy-
stagnation penalty, and B5 AGI ALPHA test-time internalization loop. Metrics: best ver-
ified artifact, time to improvement, transfer to unseen tasks, artifact diversity, database
reuse rate, validator failure rate, reward-shaping stability, and cost per frontier gain.
Promotion requires verified improvement plus transfer without reward hacking or val-
idator collapse.

Experiment 18: Civilizational Value Compounding Benchmark. Test whether AGI
ALPHA does more than solve isolated tasks: whether it creates reusable, validated ca-
pabilities that improve future work and compound into higher-value infrastructure, sci-
ence, and energy-adjacent outputs. Task families include software systems that reduce
operational cost, scientific workflows that generate validated hypotheses or experimen-
tal designs, infrastructure planning tasks involving energy/compute/logistics/robotics,
market-design tasks involving allocation/auction/settlement/reputation/risk, agent-
improvement tasks evaluated by lineage metaproductivity, and synthetic curriculum
tasks where task definitions generate harder future tasks. Compare B0 single strongest
model, B1 fixed workflow, B2 unstructured swarm, B3 learned coordinator without set-
tlement, B4 experience-grounded router without market layer, B5 ProofZero planner
without SEAE, and B6 full AGI ALPHA sovereign evolutionary economy. Metrics: veri-
fied work per dollar/token/hour, reusable capability creation rate, lineage metaproduc-
tivity, improvement over cycles, evidence-bundle reproducibility, cost reduction over
time, delayed outcome accuracy, safety incidents, reward hacking attempts, market
instability/collusion, and contribution to compute, useful energy, infrastructure, or sci-
entific capacity. Promotion requires B6 to produce more reusable verified capability
than all baselines under equal budgets while maintaining zero critical safety violations,
reproducible evidence bundles, lower long-run cost per verified output, and measurable
improvement over repeated cycles.

13.6.9 Commercial independence and non-overclaim

Virtual Agent Economies, Synthetic Data RL, Huxley-Goedel Machine, and ThetaEvolve
are cited as scientific inspiration and prior-art context. AGI ALPHA does not depend on
their code, figures, prompts, pseudocode, model weights, datasets, hyperparameters,
exact training recipes, benchmark-specific tricks, names as product names, or propri-
etary artifacts. AGI ALPHA develops its own commercially independent sovereign mar-
ket architecture, task-definition curriculum engine, lineage-metaproductivity metrics,
dynamic verifiable evolution environment, artifact frontier database, settlement mecha-
nism, validator architecture, and governance controls.

These works do not prove AGI ALPHAworks. They define design pressures and evidence
patterns. AGI ALPHA becomes empirically SOTA only if its sovereign evolutionary agent
economy beats baselines on real tasks under equal budget, validator, safety, fairness,
permeability, and governance constraints with reproducible evidence bundles.
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13.7 Proof-Gated AI-Generating Work Engines: From Open-Ended Task
Creation to Automated Intelligence Organizations

AGI ALPHA is not merely a multi-agent coordinator. It is an AI-generating algorithm
for intelligence organizations. Its native search space is not only neural architectures,
prompts, or model weights; it is the full institutional design space of agents, jobs, tools,
validators, proof bundles, environments, curricula, markets, settlement mechanisms,
namespaces, and governance policies. The system improves by generating new work
environments, new agentic systems, and new verifiable tasks, then accepting only those
descendants that produce replayable proof bundles, validated α-Work Units, bounded
risk, reusable capability, and measurable contribution to the value-to-energy flywheel.

13.7.1 Prior-art dependency boundary

AI-GAs, OMNI-EPIC, Automated Design of Agentic Systems, and Absolute Zero are
cited as scientific inspiration and prior-art context [74-77]. AGI ALPHA does not de-
pend on their code, prompts, figures, pseudocode, training recipes, hyperparameters,
model weights, datasets, product names, or implementation details. AGI ALPHA de-
velops its own commercially independent proof-gated AI-generating work engine over
AGI.Eth-scoped identities, proof bundles, α-Work Units, settlement, validators, task en-
vironments, agent designs, governance policies, and the civilizational value-to-energy
flywheel.

13.7.2 A. AI-GAs: from manual AI to generated intelligence organizations

AI-GAs argue that a purely manual approach to building intelligence - hand-designing
pieces of intelligence and later combining them - may be replaced by systems that learn
to generate increasingly capable AI systems. The three pillars are meta-learning ar-
chitectures, meta-learning learning algorithms, and generating effective learning en-
vironments [74]. AGI ALPHA generalizes these pillars from individual AI systems to
intelligence organizations:

AI-GA pillar AGI ALPHA translation

Meta-learning architectures Meta-learn agent constellations, role
graphs, workflows, validator councils, tool
contracts, proof templates, and
proof-settlement structures.

Meta-learning learning algorithms Meta-learn routers, ProofZero planners,
experience-to-policy compression, reward
governance, settlement rules, and
capacity allocation policies.

Generating effective learning
environments

Generate proof-gated jobs, synthetic
curricula, simulatable mission
environments, software sandboxes,
market simulations, scientific workflow
environments, and AGI.Eth-scoped task
worlds.
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Proof-Gated AI-Generating Work Engine. A commercially independent AI-GA for
intelligence organizations in which generated tasks, agents, environments, validators,
workflows, and proof templates are admitted only if they produce replayable proof bun-
dles, validated α-Work Units, bounded risk, and reusable capability.

13.7.3 B. Open-ended mission generation

OMNI-EPIC demonstrates that foundation models can help generate learnable and inter-
esting environments and rewards as code, guided by archives of learned and failed tasks
and by models of interestingness [75]. AGI ALPHA translates this lesson into institu-
tional work generation rather than copying any implementation. The system should not
only accept externally supplied jobs; it should generate mission-relevant, proof-gated
learning environments that improve future verified work.

Interestingness-Gated Mission Foundry. Generates new mission tasks, software
sandboxes, scientific workflows, market simulations, infrastructure scenarios, and val-
idator challenges that are simultaneously learnable, novel, useful, and aligned with the
value-to-energy flywheel.

Environment-as-Proof Code. Represents generated learning environments as exe-
cutable, sandboxed, versioned code with pinned dependencies, deterministic seeds, val-
idators, success predicates, rollback, and proof-bundle export.

Mission Interestingness Model. Scores generated tasks for novelty, usefulness,
strategic value, learnability, diversity, transfer potential, and relevance to compute, sci-
ence, infrastructure, and useful-energy capacity.

Post-Generation Proof Filter. Rejects generated tasks or environments that are un-
interesting, non-replayable, unsafe, non-deterministic where determinism is required,
impossible to validate, or not useful for future verified work.

Learned-and-Failed Task Archive. Stores both solved and failed tasks as stepping
stones, including why failures occurred, what validator or tool failed, and how future
tasks should adapt.

A generated task is admitted into AGI ALPHA’s curriculum only if it is learnable, inter-
esting, replayable, validator-bound, risk-scoped, provenance-preserving, and useful for
future verified work.

13.7.4 C. Automated design of agentic systems

Automated Design of Agentic Systems formulates agentic-system design as search over
a design space with a search algorithm and evaluation function; Meta Agent Search
demonstrates that a meta-agent can propose agentic systems in code, evaluate them,
add them to an archive, and use the archive to invent better agents [76]. AGI ALPHA
should therefore generate agentic systems, not only route pre-existing agents.

Agentic System Design Forge. A proof-gated design loop in which AGI ALPHA gener-
ates new role graphs, workflow policies, tool contracts, validator structures, reasoning
protocols, and settlement strategies as code or typed specifications.

Meta-Orchestrator Search. A commercially independent search process over agent,
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workflow, and validator designs, where candidate designs are executed only in sand-
boxed, bounded environments and promoted only through evidence bundles.

Agent Design Archive. An archive of generated agentic systems with
code/specification, task family, validation results, transfer results, cost profile, safety
incidents, lineage, and replay path.

Transfer-Validated Agent Patterns. Agentic designs are promoted only if they im-
prove held-out tasks, transfer across models or domains, and do not increase false ac-
ceptance, safety risk, or coordination overhead.

No generated agentic systemmay enter production unless it passes syntax checks, sand-
box execution, tool-permission checks, process-resolved validation, subversion tests, re-
playability, held-out task evaluation, and settlement-grade proof-bundle generation.

13.7.5 D. Absolute-anchor self-play

Absolute Zero removes dependence on external curated data by letting the model pro-
pose tasks and solve them using a verifiable environment, while separating proposer
reward from solver reward and using code as an expressive and verifiable medium [77].
AGI ALPHA adopts the principle of verifier-grounded self-play, but with stricter anti-
untethering controls because AGI ALPHA is designed for commercial, real-world work.

Absolute-Anchor Self-Play. A self-play loop in which agents propose tasks and solve
them, but every task and solution must be anchored to deterministic execution, external
validators, replayable proof, or delayed real-world outcome checks.

Proposer-Solver-Validator Triad. One subsystem proposes tasks, another solves
them, and an independent validator checks task validity, solution correctness, safety,
and replayability.

Verifiable Reasoning Triplets. AGI ALPHA generalizes program-input-output triples
into work triplets:

WorkTriplet = (procedure, input/context,verified output).

The triplets support three modes:

• Deduction: given procedure and input/context, predict verified output.
• Abduction: given procedure and desired output, infer plausible input/context or
action path.

• Induction: given examples of input/output behavior, synthesize a procedure or
workflow that generalizes to held-out tests.

Self-generated tasks may update production policy only if they pass validation, replay,
held-out checks, anti-reward-hacking review, safety filters, and provenance-preserving
evidence-bundle requirements.

13.7.6 Unified formalism: Open-Ended Work Generation

Let the open-ended work-generation state be decomposed into institutional blocks:
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𝑋𝑡 = (𝑋org𝑡 ,𝑋env𝑡 ,𝑋proof𝑡 ,𝑋econ𝑡 ,𝑋gov𝑡 ) .

where:

• 𝑋org𝑡 : agents, workflows, validators, tools, and generated agent designs.
• 𝑋env𝑡 : environments, tasks, curricula, simulators, and mission worlds.
• 𝑋proof𝑡 : proof bundles, capability packages, artifact frontier entries, and replay
paths.

• 𝑋econ𝑡 : AGI.Eth identities, α-WU ledger, settlement records, and value-capture
ledgers.

• 𝑋gov𝑡 : registry status, safety state, policy versions, and governance decisions.

Generated object types include tasks, environments, reward/success predicates, agent
designs, workflows, validators, tool contracts, market mechanisms, proof templates, cur-
ricula, temporal options, and capability packages.

The admissibility gate is:

Admit(𝑔𝑡) = 1 iff SyntaxValid(𝑔𝑡) ∧ SandboxSafe(𝑔𝑡) ∧ ValidatorBound(𝑔𝑡)
∧Replayable(𝑔𝑡) ∧ Interesting(𝑔𝑡) ∧ Learnable(𝑔𝑡)
∧NonRedundant(𝑔𝑡) ∧RiskBounded(𝑔𝑡) ∧ ImprovesWork(𝑔𝑡).

The AGI ALPHA AI-GA objective is:

𝜋∗AIGA = argmax𝜋 𝔼[𝐷open +𝐷real +𝐷civ++ −𝜆𝐶
−𝜌𝑅safety −𝜅𝑅reward_hacking −𝜇𝑅untethering − 𝜈𝑅concentration].

subject to: no critical safety violation; no settlement without ProofBundle; no production
update from unverifiable self-play; no autonomy without authority; and no value without
evidence.

13.7.7 AGI.Eth namespaces for generated intelligence organizations

Open-ended generation increases namespace, authority, and settlement risk. Every gen-
erated agent, node, validator, task environment, capability package, and proof template
must have scoped identity. Generated objects should receive AGI.Eth-scoped identifiers
where applicable:

• <artifact>.<env>.capability.agi.eth
• <agent-design>.<env>.agent.agi.eth
• <validator-design>.<env>.club.agi.eth
• <runtime>.<env>.node.agi.eth
• <mission-environment>.<env>.agi.eth
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Figure 21: Proof-Gated AI-Generating Work Engine. AGI ALPHA generalizes AI-
generating algorithms, open-ended task creation, automated agentic-system design,
and verifier-grounded self-play into an institutional work engine whose generated de-
scendants must pass proof, replay, validation, settlement, namespace, and flywheel
gates.
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If capability, validator, or environment are not official role labels in the stable names-
pace grammar, they are registry-governed object classes rather than role suffixes. Gen-
erated agents and environments are unofficial until registry-recognized. Official recog-
nition requires proof bundles, replay, safety review, namespace checks, and governance
approval.

The ProofBundle object is extended with generated-object provenance:

{
"generatedObject": {

"objectType": "task|environment|agent_design|workflow",
"objectClass": "validator|proof_template|capability_package",
"generatorAgent": "<name>.<env>.agent.agi.eth",
"parentArchiveEntries": [],
"noveltyScore": null,
"interestingnessScore": null,
"learnabilityScore": null,
"safetyReview": null,
"replayPath": null,
"validatorSet": [],
"lineagePointer": null,
"registryStatus": "unofficial|quarantined|recognized|retired"

}
}

13.7.8 Open-endedness without untethering

Open-ended generation is powerful but dangerous. A system that can generate tasks, en-
vironments, rewards, agents, validators, and curricula can also generate self-referential
games, deceptive validators, impossible tasks, reward hacks, unsafe agents, or high-
scoring artifacts with no external value.

AGI ALPHA therefore requires held-out validators, independent success detectors,
subversion-resistant validation, process-resolved evidence validation, reward-hacking
audits, environment safety filters, generated-code sandboxing, deterministic seeds
where required, capability quarantine, manual escalation for high-impact generated ob-
jects, namespace recognition only after proof, and no production update from unverified
self-play.

Principle. Zero external data does not mean zero external grounding. AGI ALPHA may
reduce dependence on human-curated data, but it must not reduce dependence on proof,
replay, validation, safety, and real-world usefulness.

13.7.9 Commercial independence and non-overclaim

OMNI-EPIC, AI-GAs, ADAS, and Absolute Zero do not prove AGI ALPHA works. They
identify frontier design pressures. AGI ALPHA becomes empirically SOTA only if its
proof-gated AI-generating work engine beats static, human-designed, and prior-style
open-ended/agent-design/self-play baselines under equal budgets, with reproducible ev-
idence bundles, zero critical safety violations, external or replayable validators, and
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measurable improvement in reusable capability, productive-capacity formation, com-
pute, science, infrastructure, or useful-energy proxies.

13.8 Build-test-symbolic-compression loop
Several supplied materials converge on a design lesson: one cannot think a perfect
agentic architecture into existence. Flaws appear when the system is built, perturbed,
evaluated, and forced to compress what it learned into reusable rules. Scientific gen-
eralization is strongest when sparse, deliberately collected evidence is converted into
compact causal structure. This is why the paper treats memory and proof traces as
thermodynamic order rather than archive clutter.

Figure 22: Build-test-symbolic-compression loop. The system iterates from task specifi-
cation through sandboxed execution, validation, symbolic compression, evolved orches-
tration, and public memory.

The loop has six steps.

1. Specify the task with success metrics, risk class, constraints, and stopping condi-
tions.

2. Build in a sandbox, using the smallest sufficient agent topology.
3. Test with validators, unit checks, red teams, formal constraints, and delayed out-
come tracking.

4. Compress successful and failed traces into causal rules, reusable skills, and rout-
ing priors.

5. Evolve the coordinator, not only the worker agent.
6. Remember lineage, provenance, proofs, and failures so future jobs inherit vali-
dated structure.

This loop is the engineering analogue of dissipative structure formation: energy and
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information flow through repeated irreversible trials; disorder is shed as failed search;
order is retained as proof, memory, and compressed design knowledge.

13.9 Self-play, self-training, and the anti-untethering constraint
Self-play and self-training are essential, but unsafe if the game being optimized is de-
tached from external value. In clean two-player zero-sum games, minimax convergence
is meaningful. In real economies, scientific discovery, software engineering, and gov-
ernance, reward shaping can produce artificial equilibria that look coherent inside the
game while becoming useless or harmful outside it.

AGI ALPHA therefore requires an anti-untethering constraint:

∀ self-play curriculum 𝒞, reward(𝒞) ⇒ externally verifiable value.

Practical forms include:

• bug-injection/repair self-play only when tests formalize the bug and the repair;
• synthetic-data RL only when generated tasks are tied to held-out validators;
• test-time evolution only when candidate strategies are judged by external problem
instances;

• architecture discovery only when code executes and measured metrics improve;
• agent-market learning only when settlement follows proof and anti-collusion
checks.

This resolves a central tension. AGI ALPHA should exploit the infinite curriculum po-
tential of self-play, but should never allow self-play to become a self-referential reward
economy. The system is allowed to generate tasks for itself only when validators can
separate genuine improvement from gameable artifacts.

13.10 Invention engine, not automation machine
The supplied corpus repeatedly distinguishes automation from invention. An automa-
tion machine sells task completion. An invention machine compounds proprietary capa-
bility: it discovers tools, algorithms, scientific models, market structures, and energy
infrastructure that make the next cycle more powerful.

The economic state variable is therefore not only revenue per task. It is accumulated
validated capability:

𝐾𝑡+1 = 𝐾𝑡 +Δ𝐾science +Δ𝐾software +Δ𝐾energy +Δ𝐾coordination −Δ𝐾risk.

This is why a sovereign work engine should not merely expose every capability as a
commodity API. Some outputs are strategic infrastructure. The correct institutional
posture is dual:

• market-facing layer: offer jobs, proofs, settlement, and verifiable machine labor;
• sovereign invention layer: allocate the best validated discoveries into internal
science, infrastructure, energy, governance, and recursive improvement.
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In other words, AGI ALPHA is strongest when it becomes both a labor market and an
invention reserve.

13.11 Distributional safety envelope
If collective capability can emerge from networks of specialized sub-agents, safety can-
not be limited to model-level alignment. The system needs population-level controls:
identity, reputation, auctions, validators, mission economies, traceability, and sandbox
boundaries. This is the distributional safety problem.

Figure 23: Distributional safety envelope for patchwork agent capability. Multi-agent
capability is governed through sandbox economies, validators, observability, memory,
and human governance.

The envelope has five requirements.

1. Identity and lineage: every agent, job, proof, tool call, and settlement path has
provenance.

2. Market containment: agent-to-agent transactions occur inside auditable sandbox
economies before broader integration.

3. Validator priority: proof and safety checks precede reward and reputation up-
dates.

4. Observability: traces, telemetry, anomaly detection, and incident review are first-
class infrastructure.

5. Governance reversibility: pause, rollback, quarantine, and escalation are always
available for high-risk actions.

This turns the paper’s risk doctrine into a concrete safety architecture. The swarm may
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become more capable, but the economy in which it acts remains steerable.

13.12 Scientific discovery and the causal-symbolic frontier
The latest scientific-agent systems show that the frontier is moving from question an-
swering toward full discovery loops: formulate hypotheses, execute code or lab-adjacent
simulations, validate results, compress them into causal rules, and use those rules to de-
sign the next experiment. K-Dense Analyst shows the value of hierarchical multi-agent
analysis for complex bioinformatics workflows. Large Causal Models point toward ex-
traction of cross-domain causal structure from language. DISCO shows that multimodal
generative models can design proteins around chemical objectives. ASI-Arch and Al-
phaEvolve indicate that code and architecture discovery can scale through evaluator-
guided search.

The implication for AGI ALPHA is that the highest-value jobs are not isolated tasks. They
are closed experimental economies:

hypothesis→ execution→measurement→ causal compression→ new design space.

A scientific work engine should therefore maintain a library of causal motifs, proof tem-
plates, failed hypotheses, benchmark protocols, tool affordances, and reusable experi-
mental environments. In the language of the paper, this is memory as negentropy: the
retained structure that lets the swarm do more work with less waste in the next cycle.

13.13 Directed Evolution, DISCO, and AGI ALPHA as Generalized Vali-
dated Search

Directed evolution made protein engineering practical by replacing impossible omni-
scient prediction with iterative function-guided search. Instead of needing a complete
theory of how sequence, structure, solvent, stability, dynamics, and function compose,
the laboratory loop generates variants, assays or screens them, selects winners, mu-
tates or recombines promising lineages, and repeats. Chen and Arnold’s 1993 subtilisin
work is a canonical early demonstration: sequential random mutagenesis and screening
recovered catalytic performance under high dimethylformamide conditions by accumu-
lating beneficial substitutions discovered through experiment rather than derived from
perfect structural prediction [66]. Arnold’s later formulation of “design by directed evo-
lution” made the principle general: the assay is the anchor, and the search can climb
local functional landscapes even when the molecular map is incomplete [67,68].

For AGI ALPHA, the direct lesson is that real validators can substitute for omniscient pre-
diction of optimal coordination. A multi-agent system does not need to know in advance
which constellation, tool sequence, prompt, policy, memory fragment, or workflow is
globally optimal. It needs a validated search loop: propose candidate organizations, ex-
ecute within bounded tool environments, assay outcomes through external validators,
retain lineage, compress lessons, and update routing.

DISCO provides the complementary modern inspiration. It demonstrates global genera-
tive proposal over coupled protein sequence and 3D structure, conditioned on arbitrary
biomolecular contexts and reactive intermediates rather than hand-specifying catalytic
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motifs. In the reported enzyme-design experiments, generated designs were experimen-
tally screened for new-to-nature carbene-transfer reactions, and a selected design was
further improved by random mutagenesis / directed evolution [40]. The scientific princi-
ple is not any specific model, codebase, filter, training data, or molecular pipeline. The
transferable principle is global generative discovery plus local validated optimiza-
tion.
The synthesis is:

Arnold = local validated evolutionary search

DISCO-style discovery = global multimodal generative proposal

AGI ALPHA = organizational-scale validated search

AGI ALPHA therefore does not require perfect prediction of optimal multi-agent coor-
dination. It discovers high-value coordination through iterative validator-gated search.
Like directed evolution, it improves through selection pressure. Like generative design,
it proposes candidates beyond human-designed templates. Unlike protein-specific sys-
tems, it generalizes the loop to software, scientific research, markets, infrastructure,
and machine-labor organizations.

Figure 24: Generalized validated search: from directed evolution to AGI ALPHA. The
figure shows three original lanes: directed evolution, global generative discovery, and
AGI ALPHA organizational search.
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13.13.1 AGI ALPHA-native method family

The following method names are native to AGI ALPHA and do not depend on DISCO
code, DISCOmodels, DISCO weights, DISCO datasets, or any third-party protein-design
implementation.

Method Definition

Validated Organizational Evolution Iterative improvement of agent
constellations, workflows, prompts, tools,
and policies through validator-scored
work outcomes.

Proof-Gradient Routing Routing future tasks toward agents and
coalitions whose prior evidence bundles
show higher verified value per unit
cost/risk.

Assay-Equivalent Validator Lattices Stacked validators that play the role of
assays: tests, simulations, formal checks,
audits, market settlement, expert review,
and delayed real-world outcomes.

Evidence-Bundle Memory A provenance-preserving memory graph
of hypotheses, artifacts, traces, validation
scores, failures, costs, safety events, and
learned rules.

Artifact-Lineage Search Search over descendants of artifacts,
workflows, code patches, experimental
designs, policies, and agent constellations,
with each generation linked to evidence.

Coordination Fitness Landscapes Empirical landscapes over cost, risk,
latency, novelty, reproducibility, and
verified value for candidate organizations
of agents and tools.

Build-Test-Compress-Evolve Control
Plane

The control loop that builds candidates,
tests them externally, compresses lessons
into symbolic/routing memory, and
evolves the next search distribution.

13.13.2 Biological analogy table

Biological / protein-design system AGI ALPHA system

Sequence candidate Artifact, workflow, or agent constellation
Mutation Role, tool, prompt, policy, memory, or

routing perturbation
Assay Validator gate
Fitness Verified value minus cost, risk, latency,

and coordination overhead
Directed evolution Evidence-guided organizational evolution
Lab notebook Evidence bundle plus memory graph
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Biological / protein-design system AGI ALPHA system

Evolvable enzyme Reusable validated capability

13.13.3 Caution: validators must be real

The analogy only holds if validators are real. In protein engineering, assays anchor
the search to experimentally measurable function. In AGI ALPHA, tests, audits, formal
checks, market settlement, external benchmarks, expert review, reproducibility checks,
or real-world outcomes must play the role of assays. Without real validators, the sys-
tem degenerates into self-referential search: agents optimizing internal signals, social
persuasiveness, or benchmark loopholes rather than external value.

13.13.4 Commercial independence and original invention

Directed evolution and DISCO are cited here as scientific inspirations for validated
search, not as implementation dependencies. AGI ALPHA’s commercial system develops
its own coordination substrate, validator architecture, evidence memory, routing policy,
and improvement loop. It does not require copying domain-specific protein-design archi-
tectures, code, models, weights, figures, datasets, filtering pipelines, inference sched-
ules, or algorithmic details. The AGI ALPHA implementation domain is organizational
intelligence: validator-gated machine labor across agents, jobs, tools, artifacts, incen-
tives, governance, and memory.

13.13.5 Scientific Discovery Closed-Loop Benchmark

To make the analogy testable, AGI ALPHA should include a closed-loop scientific discov-
ery benchmark. Each task asks the system to improve a molecule, protein, material,
algorithm, simulation, or software workflow over multiple build-test-compress cycles.
The expected output is not merely a proposal; it is a validated hypothesis, artifact, or
experimental design with lineage.

Agents. The benchmark uses a literature miner, hypothesis generator, simula-
tor/modeler, experimental planner, executor/coder, validator, critic/risk reviewer, and
compression agent.

Validators. Validation may include unit tests, simulations, docking or physics proxies,
formal checks, reproducibility checks, human expert review, wet-lab outcomes, delayed
field outcomes, or benchmark-specific adjudicators.

Evidence bundle. Each cycle records the hypothesis, candidate designs, validator
scores, failed variants, selected variant, cost ledger, safety ledger, provenance, lineage,
and compressed rules learned.

Metrics. Report verified improvement per dollar/token/hour; validator precision and
recall; novelty subject to validity; reproducibility; safety incidents; number of cycles to
improvement; and compression quality of learned rules.

This benchmark is the paper’s scientific-discovery version of the real-task demonstra-
tion gate. Arnold and DISCO validate the general pattern of proposal plus validation
plus iteration in scientific discovery. They do not prove AGI ALPHA works. AGI ALPHA
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must still pass its own real-task demonstration gate with evidence bundles, baseline
comparisons, and external validators.

13.14 Production-grade actuation layer
Real external impact requires tools: browsers, APIs, repositories, databases, code exe-
cution, contracts, sensors, and deployment pipelines. But every tool expands the action
surface. The frontier tool ecosystem - browser agents, ADK/A2A-style multi-agent frame-
works, MCP-style tool interfaces, and workforce-learning systems - therefore strength-
ens, rather than weakens, the need for AGI ALPHA’s bounded autonomy doctrine.

Tool access should be treated as an energetic coupling between the agentic system and
the world:

reasoning+ tool permission→ external work+ externalized risk.

The production rule is:

no high-impact tool actuation without scope, trace, validator, and rollback.

That rule is the difference between impressive demos and governable infrastructure.

14 AGI ALPHA as a Far-From-Equilibrium Multi-Agent
Work Engine

A closed system relaxes toward equilibrium. A large agentic system that receives no new
compute, data, tasks, feedback, incentives, or validation likewise decays. It becomes
idle, stale, brittle, or self-referential. α-AGI Ascension is therefore an open-system phe-
nomenon.

The inflow-dynamics figure shows that organized agentic complexity is not sustained
by average resource levels alone. Continuity, quality, and recovery speed determine
whether the system keeps producing verified work or decays toward idle, stale, or
chaotic behavior.

Let the inflow vector be:

Φin = (Φ𝐶,Φ𝐷,Φ𝐽,Φ𝐼,Φ𝐹,Φ𝐺,Φ𝑇)

where:

• Φ𝐶 is compute;
• Φ𝐷 is data;
• Φ𝐽 is task/job flow;
• Φ𝐼 is incentives;
• Φ𝐹 is feedback;
• Φ𝐺 is governance and policy constraints;
• Φ𝑇 is tool and environment access.
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Figure 25: Continuous inflow dynamics. Shocks to data, feedback, incentives, or com-
pute propagate into lower verified work, showing why continuity, reserves, and fast
recovery matter.
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Let the outflow vector be:

Φout = (𝑊𝑣,𝑄𝑠,𝑅𝑒, 𝐼𝑚,𝐴𝑜)

where:

• 𝑊𝑣 is verified work;
• 𝑄𝑠 is dissipated search, failed attempts, duplicated tool use, and latency;
• 𝑅𝑒 is externalized risk or harm;
• 𝐼𝑚 is stored memory and reusable knowledge;
• 𝐴𝑜 is produced artifact output.

The system sustains organized complexity when:

𝐸̇in = 𝑊̇𝑣 + 𝑄̇𝑠 + ̇𝐼𝑚 + 𝑅̇𝑒

and the risk term is bounded:

𝑅̇𝑒 ≤ 𝜖𝑅.

The practical version is: useful outputs must increase faster than waste, risk, and coor-
dination overhead.

15 Gibbs-like free energy of multi-agent coordination
We define the coordination state:

𝑥 = (𝒜,𝒥,𝑀,𝑅,𝑃,𝐺𝑣,Π,𝑇𝑜)

where 𝑀 is memory, 𝑅 is reputation, 𝑃 is proof history, 𝐺𝑣 is governance state, Π is
policy, and 𝑇𝑜 is tool state.
The agentic Gibbs-like functional is:

𝒢𝛼(𝑥) = 𝐶compute(𝑥) +𝐶coord(𝑥) +𝐶latency(𝑥)
+𝑅safety(𝑥) +𝑅legal(𝑥) +𝑅security(𝑥)
−𝑉verified(𝑥) −𝑇eff𝑆explore(𝑥).

Here 𝑇eff is an effective exploration temperature and 𝑆explore is useful exploratory di-
versity. The sign convention is chosen so that lower 𝒢𝛼 is better. The system performs
impact work when:

𝑊̇impact ≲ −
𝑑𝒢𝛼
𝑑𝑡 .
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The inequality matters because real systems are irreversible. Some potential work is lost
to failed prompts, redundant agents, invalid outputs, adversarial attacks, tool overhead,
and validation costs.

The design target is:

min𝑥 𝒢𝛼(𝑥)

subject to:

lawful(𝑥) ∧ auditable(𝑥) ∧ permissioned(𝑥) ∧ validator-gated(𝑥).

15.1 Coupled agentic reactions
A hard task may not be solvable by one isolated agent. It becomes feasible when coupled
to tools, memory, specialized agents, proof systems, and incentives:

hard task+ compute+ tools+ coalition+ validator
→ verified artifact+ reputation+ settlement+memory.

This is the agentic analogue of coupled reactions: an otherwise unfavorable process
becomes feasible because it is attached to a favorable work-producing pathway [2].

Figure 26: Gibbs-like free-energy descent toward high-value agent constellations. The
landscape is schematic: coalition search moves away from high-cost, high-risk regions
toward lower free-energy basins where verified value and coordination stability improve.
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The free-energy landscape figure visualizes the coordination free-energy functional 𝒢𝛼.
It is not chemical Gibbs energy at the software layer; it is an engineered state functional
over cost, risk, verified value, and useful exploration.

16 Statistical physics of the swarm
A complete microstate of the swarm is:

𝑥 = (𝑎1,… ,𝑎𝑁; 𝜃1,… ,𝜃𝑁;𝑚;𝑞; 𝑟;𝑝;𝑔; 𝑡)

where 𝑎𝑖 is the action of agent 𝑖, 𝜃𝑖 is its policy/prompt/tool state, 𝑚 is shared memory,
𝑞 is the queue, 𝑟 is reputation, 𝑝 is proof history, 𝑔 is governance state, and 𝑡 is tool
state.

A macrostate is:

𝑋 = (𝑉̄, 𝐶̄, 𝑅̄,𝑆swarm,𝐾coalition, 𝐿validation,𝐻security).

The Hamiltonian-like cost of a microstate is:

ℋ(𝑥) = 𝐶(𝑥) +𝑅(𝑥) −𝑉(𝑥).

The Gibbs distribution over configurations is:

𝑝(𝑥) = 1
𝑍𝑒

−𝛽ℋ(𝑥), 𝑍 =∑
𝑥
𝑒−𝛽ℋ(𝑥), 𝛽 = 1

𝑇eff
.

The swarm entropy is:

𝑆swarm = −∑
𝑥
𝑝(𝑥) log𝑝(𝑥).

A healthy system avoids both extremes:

𝑆swarm → 0 ⇒ rigidity, monoculture, brittleness

and:

𝑆swarm → ∞ ⇒ incoherence, unbounded exploration, tool sprawl.

The goal is productive entropy: enough diversity to discover novel strategies, enough
constraint to converge.

The entropy-band figure makes the entropy condition operational. The desired regime is
neither maximum certainty nor maximum randomness; it is a productive band in which
exploration discovers strong coalitions while validation still dominates noise.
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Figure 27: Productive entropy band. Too little effective temperature yields rigid mono-
culture; too much yields chaotic search. The target regime is regulated exploration.

17 Hamiltonians for agent constellations
Let 𝐴 be a candidate constellation of agents for job 𝑗. Define:

ℋ(𝐴,𝑗) =∑
𝑖
ℎ𝑖(𝑎𝑖, 𝑗)+ ∑

𝑖<𝑘
𝐽𝑖𝑘𝜙(𝑎𝑖, 𝑎𝑘, 𝑗)+ ∑

𝑖<𝑘<ℓ
𝐾𝑖𝑘ℓ𝜓(𝑎𝑖, 𝑎𝑘, 𝑎ℓ, 𝑗)+𝑅(𝐴, 𝑗)−𝑉(𝐴, 𝑗).

The terms are:

• ℎ𝑖: local cost of using agent 𝑖;
• 𝐽𝑖𝑘: pairwise complementarity or interference;
• 𝜙: pairwise interaction quality;
• 𝐾𝑖𝑘ℓ: higher-order coalition effect;
• 𝜓: triadic coordination quality;
• 𝑅(𝐴,𝑗): coalition risk;
• 𝑉(𝐴,𝑗): expected verified value.

The heuristic Hamiltonian routing problem is:

𝐴∗𝑗 = argmin𝐴 ℋ(𝐴,𝑗)

This is the R0 member of the router family. Later routers can learn the Hamiltonian
terms, replace them with natural-language workflow generation, map evidence states
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to role decisions, or select a hybrid policy when task family, cost, risk, and validator
availability demand it.

subject to:

𝑅(𝐴,𝑗) ≤ 𝑅max(𝑗)

and:

tools(𝐴) ⊆ allowed(𝑗).

17.1 Hamiltonian exploration with dissipative convergence
Closed strategic systems may orbit. Useful systems must settle into work. We therefore
model the state dynamics as:

𝑥̇ = 𝐽∇ℋ(𝑥) − Γ∇𝒢𝛼(𝑥) + 𝜎𝜂𝑡.

Interpretation:

• 𝐽∇ℋ(𝑥) gives strategic circulation, adversarial search, and role recombination.
• −Γ∇𝒢𝛼(𝑥) gives convergence toward lower cost, lower risk, and higher verified
value.

• 𝜎𝜂𝑡 gives stochastic exploration and novelty injection.
Thus:

explore like a Hamiltonian system; settle like a dissipative work engine.

The interaction-matrix figure turns the Hamiltonian metaphor into a routeable design
object: pairwise and higher-order interaction terms can be estimated, audited, and used
to form stronger agent constellations.

18 Game-theoretic mechanism design
Each agent has local objectives, partial observability, and bounded capabilities. If local
incentives are misaligned, the system can converge to collusion, spam, performative
reasoning, unsafe tool use, or low-value equilibria.

Let agent 𝑖 receive utility:

𝑢𝑖 = 𝑏𝑖 − 𝑐𝑖 + 𝜃Δ𝑉system +𝜌𝑟Δ𝑟𝑖 −𝜌𝑠𝑅𝑖 −𝜌𝑙𝐿𝑖 −𝜌𝑜𝑂𝑖.

where:

• 𝑏𝑖 is bounty or settlement;
• 𝑐𝑖 is compute/tool/time cost;
• Δ𝑉system is system-level value contribution;

139



Figure 28: Hamiltonian interaction matrix for agent-constellation design. Positive terms
indicate complementarity; negative terms indicate interference or deliberately bounded
adversarial tension.

• Δ𝑟𝑖 is reputation update;
• 𝑅𝑖 is risk contribution;
• 𝐿𝑖 is latency or coordination drag;
• 𝑂𝑖 is policy or safety violation cost.

The mechanism objective is:

max𝜋 𝔼[𝑉verified −𝜆𝐶−𝜌𝑅−𝜅𝐿−𝜇𝑂].

The target is not merely a Nash equilibrium. A Nash equilibrium can be stable and
useless. The desired point is:

Nash-stable+Pareto-improving+validator-approved+ risk-bounded+externally useful.

19 Credit assignment
Credit assignment is one of the central scientific and economic bottlenecks in multi-
agent systems. Cooperative MARL with a single joint reward can suffer from spurious
rewards, partial observability, and lazy-agent effects; value decomposition was proposed
to assign team value to agent-wise components [13].

For AGI ALPHA, the cleanest scoring principle is counterfactual contribution:

𝐷𝑖 = 𝐺(𝑧) −𝐺(𝑧−𝑖),
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where 𝐺(𝑧) is global verified value with agent 𝑖 and 𝐺(𝑧−𝑖) is estimated global verified
value without agent 𝑖.
The reputation update is:

Δ𝑟𝑖 = 𝑓(𝐷𝑖, 𝑞𝑖, 𝑠𝑖, 𝜏𝑖,𝜒𝑖),

where:

• 𝑞𝑖 is proof quality;
• 𝑠𝑖 is safety compliance;
• 𝜏𝑖 is timeliness;
• 𝜒𝑖 is cooperation quality.

Settlement should reward marginal verified contribution, not volume of messages, cen-
trality in the conversation, or persuasive style.

20 Continuous inflows required to sustain organized agen-
tic complexity

This section details the continuous inflows that keep the agentic system far from equi-
librium. Each inflow is both a resource and a control signal. Removing any one of them
causes a characteristic collapse mode.

20.1 1. Compute inflow
Compute is the literal energy-mediated substrate. It includes accelerators, CPU orches-
tration, memory, storage, network bandwidth, tool execution environments, sandbox
runtimes, and scheduler capacity.

The compute inflow can be written:

Φ𝐶 = (𝑃electric,𝐺GPU,𝐶CPU,𝐵net,𝑀mem, 𝑆storage,𝑄scheduler).

20.1.1 Function

Compute powers search, inference, planning, simulation, retrieval, code execution, ver-
ification, and monitoring. It also sets the speed of the control loop. Too little compute
causes under-exploration and delayed validation. Too much unconstrained compute cre-
ates runaway loops, excess cost, and larger attack surfaces.

20.1.2 Best-practice controls

Compute inflow should be bounded by:

• per-job budgets;
• per-agent step limits;
• dynamic temperature schedules;
• sandboxed execution;
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• rate limits;
• approval gates for high-cost tool use;
• tracing of model calls and tool calls;
• kill switches for divergent loops;
• energy and carbon accounting where material.

20.1.3 Metrics

𝜂𝐶 =
𝑊verified

GPU-hours+CPU-hours+ tool-cost

𝐵𝐶 =
compute spent on accepted work

total compute spent

𝐿𝐶 =median validation latency per compute unit.

20.1.4 Collapse mode without compute

Without compute, agents cannot search, plan, verify, or act. The swarm relaxes to inert
memory and unexecuted task queues.

20.2 2. Data inflow
Data is the informational nutrient of the system. It includes raw documents, real-time
signals, retrieval corpora, tool outputs, human instructions, telemetry, market data, logs,
code repositories, scientific papers, external APIs, and validation outcomes.

The data inflow is:

Φ𝐷 = (𝐷fresh,𝐷retrieved,𝐷private,𝐷public,𝐷telemetry,𝐷eval,𝐷provenance).

20.2.1 Function

Data reduces uncertainty and makes action situationally grounded. Fresh data prevents
the system from optimizing against stale world models. Provenance prevents the system
from treating untrusted inputs as facts. Telemetry lets the system learn from its own
operation.

20.2.2 Best-practice controls

Data inflow should be governed by:

• provenance labels;
• source reliability scores;
• freshness requirements;
• privacy and consent boundaries;
• licensing checks;
• redaction and minimization;
• retrieval audit trails;
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• separation of trusted instructions from untrusted content;
• poisoning and prompt-injection defenses;
• data retention rules.

20.2.3 Metrics

𝐹𝐷 = fresh relevant data used
total relevant data required

𝑃𝐷 = outputs with traceable provenanceall outputs

𝐻𝐷 = detected poisoning or injection attempts per data channel.

20.2.4 Collapse mode without data

Without fresh data, the system becomes stale, hallucinatory, and self-referential. It may
continue producing outputs, but verified value decays.

20.3 3. Task inflow
Task inflow supplies the gradient. A multi-agent system with no meaningful jobs has no
external pressure to organize. Tasks can come from users, markets, research agendas,
software backlogs, monitoring systems, anomaly detectors, governance obligations, or
strategic objectives.

The task inflow is:

Φ𝐽 = (𝐽user, 𝐽market, 𝐽research, 𝐽ops, 𝐽security, 𝐽governance).

Each task should be formalized as:

𝑗 = (𝑜,𝑐,𝑣,𝑏,𝑑,𝜌,𝑒)

where 𝑒 is the exit condition.

20.3.1 Function

Tasks convert ambient possibility into actionable gradients. They specify what counts
as success, what constraints must be respected, what proof is required, and when the
system should stop.

20.3.2 Best-practice controls

A task should include:

• objective;
• measurable success criteria;
• unacceptable outcomes;
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• deadline or stopping rule;
• risk class;
• tool permissions;
• data-access permissions;
• validation method;
• escalation threshold;
• budget.

20.3.3 Metrics

𝑄𝐽 =
jobs with clear validation criteria

all jobs

𝑌𝐽 =
accepted jobs
submitted jobs

𝐷𝐽 = distribution of job risk classes.

20.3.4 Collapse mode without tasks

Without task inflow, agents coordinate around internal activity rather than external
value. The system becomes a conversation engine rather than a work engine.

20.4 4. Incentive inflow
Incentives create selection pressure. They include bounties, fees, reputational rewards,
access privileges, priority routing, stake, penalties, and long-term capacity allocation.

The incentive inflow is:

Φ𝐼 = (𝐵bounty,𝑅reputation, 𝑆stake,𝑃penalty,𝐴access,𝐾capital).

20.4.1 Function

Incentives align local agent behavior with global verified value. They decide which
agents are selected, which coalitions persist, which strategies are reinforced, and which
behaviors are penalized.

20.4.2 Best-practice controls

Incentives should be:

• tied to validation, not mere output;
• robust to Sybil behavior;
• resistant to collusion;
• based on counterfactual contribution;
• penalizing unsafe tool use and policy violations;
• adjusted for task difficulty;
• transparent enough for audit;
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• private enough to avoid gaming where necessary.

20.4.3 Metrics

𝐴𝐼 = corr(Δ𝑟𝑖,𝐷𝑖)

where 𝐴𝐼 is incentive alignment and 𝐷𝑖 is counterfactual contribution.

𝐺𝐼 =
reward captured by low-contribution agents

total reward

𝐶𝐼 = collusion or self-dealing incidents per settlement cycle.

20.4.4 Collapse mode without incentives

Without incentives, selection pressure weakens. High-quality agents are not reliably re-
tained, low-value agents may flood the system, and coordination can drift toward cheap
performative output.

20.5 5. Feedback inflow
Feedback is the control signal that turns activity into learning. It includes automated
test results, validator decisions, user ratings, human review, red-team findings, incident
reports, market response, execution telemetry, and post-deployment outcomes.

The feedback inflow is:

Φ𝐹 = (𝐹validator,𝐹human,𝐹tests,𝐹redteam,𝐹market,𝐹telemetry,𝐹incident).

20.5.1 Function

Feedback updates memory, routing, reputation, policies, prompts, tools, and risk thresh-
olds. It closes the cybernetic loop:

action→measurement→ update→ better action.

20.5.2 Best-practice controls

Feedback systems should include:

• multiple independent validators for high-risk outputs;
• automated regression tests;
• human-in-the-loop escalation;
• red-team feedback channels;
• delayed outcome tracking;
• false-positive and false-negative analysis;
• incident postmortems;
• anti-gaming defenses;
• calibration of validator confidence.
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20.5.3 Metrics

𝑃𝑣 =
true accepted outputs
all accepted outputs

𝑅𝑣 =
accepted true good outputs
all true good outputs

𝜏𝐹 = time from output to feedback incorporation.

20.5.4 Collapse mode without feedback

Without feedback, the system cannot distinguish useful work from convincing failure. It
drifts, overfits to internal metrics, and accumulates silent risk.

20.6 6. Governance inflow
Although the prompt highlights compute, data, tasks, incentives, and feedback, gover-
nance must be treated as an additional continuous inflow. Governance supplies chang-
ing rules, legal constraints, safety thresholds, escalation policies, tool permissions, and
acceptable-use boundaries.

The governance inflow is:

Φ𝐺 = (𝑃policy, 𝐿law, 𝑆safety,𝐸ethics,𝐴audit,𝐻human).

20.6.1 Function

Governance keeps maximum impact from becoming unconstrained optimization. It
turns the objective from:

max𝑉

into:

max𝔼[𝑉verified] − 𝜆𝐶−𝜌𝑅−𝜅𝑈

subject to lawfulness, auditability, permissioning, and reversibility where possible.

20.6.2 Collapse mode without governance

Without governance, agentic autonomy can amplify errors, privilegemisuse, tool misuse,
privacy leakage, harmful optimization, and legal exposure.
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20.7 7. Tool and environment inflow
Tools are the actuation channels. They include search, code execution, browsers,
databases, calendars, email, cloud APIs, payment systems, robotics, lab automation,
and deployment pipelines.

The tool inflow is:

Φ𝑇 = (𝑇search,𝑇code,𝑇db,𝑇deploy,𝑇comm,𝑇finance,𝑇physical).

20.7.1 Function

Tools convert internal plans into external work. They also make agents dangerous if
over-permissioned. Agentic security guidance therefore treats tools, identity, memory,
and permissions as first-class security boundaries [9].

20.7.2 Best-practice controls

Tool access should follow:

• least privilege;
• scoped credentials;
• approval gates;
• read/write separation;
• dry-run modes;
• sandboxing;
• command allowlists;
• output validation;
• reversible execution where possible;
• immutable logs.

20.7.3 Collapse mode without tools

Without tools, the system can reason but cannot produce much external work. With
excessive tools, the system can act faster than it can validate. The correct operating
regime is bounded tool empowerment.

20.8 Inflow interdependence matrix

Inflow Primary role
Control
variable

Failure if
absent

Failure if
excessive

Compute Powers search
and execution

Budget,
latency, energy

Inert swarm Runaway cost
and loops

Data Grounds beliefs Freshness,
provenance

Stale
hallucination

Poisoning,
privacy risk

Tasks Supplies
gradients

Success
criteria

Idle activity Overload,
shallow work
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Inflow Primary role
Control
variable

Failure if
absent

Failure if
excessive

Incentives Creates
selection
pressure

Reward / rep. Low-quality
drift

Gaming,
collusion

Feedback Enables
learning

Validator
precision/recall

Model drift Overfitting to
validators

Governance Bounds
autonomy

Policy and
permissions

Unsafe
optimization

Bureaucratic
paralysis

Tools Enables
external work

Scope and
approval

No actuation High-impact
failures

The stable Ascension regime is not maximum inflow. It is regulated inflow:

Φoptimal = argmaxΦ (𝑉verified −𝜆𝐶−𝜌𝑅−𝜅𝑈) .

21 Civilizational-scale value horizon
The civilizational horizon is now formalized in the earlyCivilizational Value-to-Energy
Flywheel section. This later placement is retained as a reminder that the horizon re-
mains bounded by law, auditability, validation, reversibility where possible, and institu-
tional governance. The value target is not raw power accumulation. It is compounding
verified capability: better science, safer energy systems, more reliable manufacturing,
stronger institutions, and infrastructure that expands compute, energy, and coordina-
tion without abandoning safety.

The asymptotic proximity index remains:

ΘII(𝑡) =
𝑃controlled(𝑡)

𝐿⋆
,

where 𝑃controlled is sustainably governed useful power and 𝐿⋆ is a host-star luminos-
ity benchmark. Progress toward this horizon counts only when the controlled power is
lawful, auditable, sustainable, and risk-bounded. The operational metric for near-term
work is not ΘII but 𝐷civ: verified work multiplied by reusability, metaproductivity, gov-
ernance, and energy/compute gain, divided by cost and risk.

22 Operational architecture
A production-grade α-AGI work engine requires nine layers.

22.1 1. Gradient detection layer
Detects opportunities, anomalies, research gaps, user needs, software defects, security
events, or market inefficiencies.
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𝑔𝑡 = ∇world𝑉.

22.2 2. Job specification layer
Converts gradients into measurable jobs with success criteria, constraints, risk class,
budget, and stopping conditions.

22.3 3. Agent registry layer
Maintains agent capabilities, tool permissions, provenance, identity, reputation, and
prior performance.

22.4 4. Constellation routing layer
Selects agent coalitions by minimizing ℋ(𝐴,𝑗) under budget and risk constraints.

22.5 5. Execution layer
Runs tool use, planning, coding, research, simulation, retrieval, negotiation, and deploy-
ment in bounded environments.

22.6 6. Validation layer
Applies unit tests, formal checks, human review, adversarial review, outcome checks,
safety filters, and acceptance criteria.

22.7 7. Settlement layer
Allocates reward, reputation, penalties, and future routing probability according to
counterfactual contribution.

22.8 8. Memory layer
Stores reusable artifacts, proof traces, errors, policies, tool outcomes, calibration data,
and incident histories.

22.9 9. Governance layer
Defines permissions, escalation rules, audit requirements, legal constraints, red-team
procedures, and shutdown modes.

The validator-loop figure gives the operational discipline behind the system: jobs route
into constellations, constellations execute under tool boundaries, validators decide ac-
ceptance, and the outcome updates settlement, reputation, memory, risk controls, and
governance.
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Figure 29: Validator-gated control loop. Useful autonomy is routed through proof, set-
tlement, memory, risk monitoring, and governance, rather than unrestricted action.

23 Minimal viable AGI ALPHA implementation
Aminimal viable AGI ALPHA should not begin as a giant autonomous economy. It should
begin as a validator-gated, trace-producing, benchmarkable multi-agent work
loop. The smallest serious version is a system that takes real tasks, routes them to a
small agent constellation, executes only through bounded tools, validates outputs ex-
ternally, logs every step, updates reputation and memory, and compares itself against
single-agent and fixed-workflow baselines.

The implementation target is therefore:

MVP AGI ALPHA = routed agents+ bounded tools+ validators
+evidence bundles+ baselines

This is the concrete bridge between the paper’s theoretical substrate claim and repro-
ducible engineering. Transformer architectures scale intelligence inside models; this
MVP scales intelligence across a governed organization of agents, jobs, validators, mem-
ory, incentives, and evidence.

23.1 Minimum architecture
The MVP is effectively amulti-agent CI/CD and evaluation harness. It should begin
with software repair because validation is crisp: the artifact is a patch, the validator is
a deterministic test suite plus policy checker, and replay is possible.

Component MVP implementation Production extension

Job spec JSON manifest with
objective, constraints,
success command, risk
class, budget

Typed task contracts, risk
classes, escrow,
policy-as-code
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Component MVP implementation Production extension

Agents Planner, coder, tester,
reviewer, validator

Heterogeneous models,
specialized tools, learned
role priors

Router Router family: R0
Hamiltonian baseline for
auditability, not primary
model; R1
natural-language workflow
router; R2 evidence-state
lightweight router; R3
evolutionary coordinator;
R4 RL coordinator; R5
hybrid proof-conditioned
production selector

Learned task-family
selection among R0-R5
using evidence bundles,
validator availability,
cost/risk class, and
separability diagnostics

Tools Read files, search repo,
apply patch, run tests

Browser, desktop, cloud,
lab, database, and
deployment tools with
approval gates

Validator Deterministic tests plus
policy checker

Multi-validator consensus,
formal checks, red teams,
human escalation

Memory SQLite/Postgres trace and
reputation tables

Provenance graph, public
memory, cross-task lineage

Settlement Reputation update after
proof

Counterfactual
contribution, escrow,
slashing, on-chain
settlement

Evidence Task manifest, route, trace,
artifact, verifier report,
cost and safety ledgers

Audit-ready evidence
bundles, replay packages,
external certification

Baselines B0 single agent, B1 naive
swarm, B2 static crew, B3
AGI ALPHA routed
constellation

Longitudinal benchmark
suite with scalability
curves

The MVP is not defined by the number of agents. It is defined by the control structure.
More agents are useful only if they reduce the free-energy-like objective and improve
risk-adjusted verified work.

23.2 Reference repository layout
agialpha-mvp/
agialpha/

models.py # Job, Agent, Trace, EvidenceBundle
router.py # router-family interface

# MVP starts with R0 baseline
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Figure 30: Minimal viable AGI ALPHA reference stack. A real task manifest routes
into the R0-R5 router family before bounded tools, validators, evidence bundles, mem-
ory/reputation updates, and the baseline ladder. R0 is the transparent Hamiltonian base-
line for reproducibility and auditability; it is not the primary model. Production routing
is expected to move toward R5 hybrid proof-conditioned selection when evidence sup-
ports it.
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orchestrator.py # main job loop
tools.py # bounded tool interface
validators.py # tests, policy checks, acceptance
settlement.py # reputation and credit updates
evals.py # B0/B1/B2/B3 comparison + D_real

agents/ # role prompts and policies
benchmarks/ # real-task manifests and local benchmark repos
runs/evidence/ # machine-readable evidence bundles
main.py # deterministic MVP demonstration

The full reference scaffold is included in the publication package under mvp_reference/.
It implements the control loop on a local software-repair demonstration and emits an
evidence bundle. That bundle is not a claim of large-scale AGI; it is a minimal re-
producible instance of the paper’s validator-gated architecture. The scaffold deliber-
ately starts with R0 for interpretability, not because R0 is the primary router, while
the paper’s SOTA-aligned claim is the broader R0-R5 router family and the promo-
tion rule that learned routers must beat single-agent, fixed-workflow, unstructured-
swarm, Conductor-style, and TRINITY-style baselines under equal model/tool/budget
constraints.

23.3 Core data model
The first non-negotiable design rule is that every run must produce an evidence bundle.
Without this, the system is only an agent demo.

class Job(BaseModel):
id: str
family: str
objective: str
repo_path: str | None = None
constraints: list[str] = []
success_cmd: str
risk: Literal["low", "medium", "high"] = "low"
budget_tokens: int = 100_000
allowed_tools: set[str] = {

"read_file", "search_repo",
"write_patch", "run_tests"

}

class EvidenceBundle(BaseModel):
job: Job
selected_agents: list[str]
rejected_agents: list[str]
trace: list[TraceEvent]
artifact: dict
validation: ValidationRecord
cost: CostLedger
safety_ledger: list[dict] = []
settlement: dict = {}
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23.4 Minimal router-family interface
The MVP implements R0, the Hamiltonian/free-energy baseline, because it is trans-
parent, auditable, and easy to reproduce. R0 is a baseline and diagnostic control, not
the primary production model. The architecture is no longer limited to R0. It exposes a
router-family interface:

• R0: heuristic Hamiltonian baseline;
• R1: natural-language workflow router;
• R2: evidence-state lightweight router;
• R3: evolutionary coordinator;
• R4: reinforcement-learned coordinator;
• R5: hybrid proof-conditioned router.

Every router must output the same contract: selected agents, role assignments, sub-
task prompts, access graph, tool permissions, budget, validator set, stopping rule, and
escalation rule. R0 selects a constellation by minimizing a practical Hamiltonian-like
score:

ℋ(𝐴,𝑗) = 𝐶(𝐴) + 2𝑅(𝐴) +𝑂(|𝐴|2) −𝑉(𝐴, 𝑗) − 𝑆(𝐴, 𝑗),

where 𝐶 is local cost, 𝑅 is risk, 𝑂 is coordination overhead, 𝑉 is expected verified value,
and 𝑆 is role synergy. Tool violations create an absorbing penalty.
def hamiltonian(team, job):

local_cost = sum(a.avg_cost for a in team)
local_risk = sum(a.risk_score for a in team)
value = sum(expected_value(a, job) for a in team)
synergy = sum(

pair_synergy(a, b)
for i, a in enumerate(team)
for b in team[i+1:]

)
overhead = 0.08 * (len(team) ** 2)
forbidden = any(

not a.allowed_tools <= job.allowed_tools
for a in team

)
score = local_cost + 2*local_risk + overhead
score -= value + synergy
return 999 if forbidden else score

This turns coordination into an auditable routing decision. A planner, coder, tester, or
validator is not included because it sounds plausible; it is included only if it improves the
risk-adjusted score. In production, R1-R5 replace or augment this baseline whenever
evidence shows that learned natural-language workflows, compact evidence-state rout-
ing, evolutionary search, reinforcement learning, or a hybrid proof-conditioned router
improves verified work under equal budget and zero critical safety violations.
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23.5 Bounded actuation and validation
The MVP exposes a tiny tool surface: read files, search a repository, apply a patch, and
run tests. The production version should execute tests in containers or sandboxes with
no network, constrained CPU/memory, immutable logs, and rollback.

class ToolBox:
def __init__(self, root: str):

self.root = Path(root).resolve()

def _safe(self, path: str) -> Path:
p = (self.root / path).resolve()
if not str(p).startswith(str(self.root)):

raise ValueError("path escape")
return p

def write_patch(self, diff: str) -> dict:
p = subprocess.run(["git", "apply", "-"], input=diff, text=True,

cwd=self.root, capture_output=True)
return {"ok": p.returncode == 0, "stdout": p.stdout, "stderr": p.stderr}

The validator accepts only when tests pass, policy constraints are satisfied, and no crit-
ical violation is detected. Settlement follows validation rather than persuasion.

23.6 Orchestration loop
def run_agialpha(job, agents, tools, llm):

selected, rejected, h_score = select_constellation(job, agents)
trace, cost = [], CostLedger()
plan = call_agent(planner, job, "Create a minimal repair plan.", llm)
diff = call_agent(coder, job, f"Plan:\n{plan}\nProduce a unified git diff.", llm)
patch_result = tools.write_patch(diff)
test_result = tools.run_tests(job.success_cmd)
validation = validate(job, test_result, trace)
settlement = settle(selected, validation, cost)
return EvidenceBundle(job=job, selected_agents=[a.id for a in selected],

rejected_agents=rejected, trace=trace,
artifact={"patch": diff, "test_result": test_result},
validation=validation, cost=cost, settlement=settlement)

This is the smallest real AGI ALPHA loop: specify, route, execute, validate, settle, re-
member, and compare.

23.7 Demonstration gate
The MVP is promoted only if its routed constellation outperforms simpler baselines un-
der equal model/tool/budget conditions:

B0: single strong agent
B1: unstructured swarm
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B2: fixed-role crew
B3: AGI ALPHA routed constellation

The demonstration metric is:

𝐷real = success ×
𝑊verified
𝐶total

× (1 −𝑅critical) × (1 −𝑂coord).

The claim “AGI ALPHA demonstrates scalable, efficient, and safe coordination” is valid
only when 𝐷real(𝐵3) exceeds the baselines across real task families with zero critical
safety violations and reproducible evidence bundles.

24 Real-task demonstration standard
A paper about scalable multi-agent coordination is not operationally convincing unless
it can be tested on real tasks. AGI ALPHA therefore requires a demonstration layer that
separates three questions that are often conflated:

1. Scalability: does adding agents, tools, validators, memory, and routing improve
throughput or task coverage without exploding coordination overhead?

2. Efficiency: does the system produce more verified work per unit of compute, time,
token spend, tool call, or human review than simpler baselines?

3. Safety: does the system maintain policy, security, privacy, and reversibility con-
straints while operating on realistic tasks rather than toy prompts?

The evidence standard is deliberately strict. A coordination claim is accepted only when
a run produces externally verifiable task success, a cost and latency trace, a complete
handoff/tool-call/proof log, a safety and policy-violation log, baseline comparisons, and
repeated-trial reliability estimates. A private demo, a single cherry-picked task, or an
internal conversation trace is not sufficient.

24.1 Real-task benchmark portfolio
The demonstration suite should include multiple benchmark families because no single
benchmark captures the full coordination problem.

Task family
Benchmark or
source

Why it is real-task
relevant Acceptance signal

Software repair SWE-bench and
SWE-bench Verified

Human-validated
GitHub issues and
test-driven
evaluation; strong
proxy for real
software
maintenance
[57,58].

Resolved issue,
passing tests, patch
provenance, no
regressions.
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Task family
Benchmark or
source

Why it is real-task
relevant Acceptance signal

General assistant
work

GAIA Multi-step
reasoning, tool use,
web retrieval, file
use, multimodality,
and data handling
[59].

Correct answer,
provenance, cost
per answer,
reproducibility.

Desktop and web
automation

OSWorld,
BrowserGym,
WorkArena,
WebArena

Stateful
GUI/CLI/browser
action over realistic
computer and
enterprise
environments
[60-62].

Execution-based
task success, clean
action trace, no
unauthorized
action.

Policy-bound tool
use

𝜏-bench, 𝜏2-bench,
ST-WebAgentBench

Agents must
interact with users,
follow policies, use
tools, and end in
the correct world
state [63-65].

Goal-state match,
policy compliance,
pass𝑘, low
variance.

Scientific/data
workflows

Agentic Data
Scientist / K-Dense
Analyst-style
workflows

Planning, code
execution,
validation,
self-correction, and
reproducible
analysis [38].

Executed
notebook/code,
validated result,
artifact
reproducibility.

AGI Jobs / domain
missions

Protocol-native
synthetic labor
tasks

Identity, proof,
settlement, memory,
and governance.

Validator-gated job
acceptance and
auditable
settlement.

This portfolio matters. SWE-bench emphasizes real code and tests. GAIA emphasizes
assistant reliability. OSWorld, BrowserGym, WorkArena, and WebArena test live actu-
ation. 𝜏-bench, 𝜏2-bench, and ST-WebAgentBench test policy-constrained interaction.
AGI Jobs-style tasks test whether proof-bearing work can be routed, settled, remem-
bered, and governed.

24.2 Baseline ladder
The routed swarm must be compared against a ladder of progressively stronger base-
lines under equal model, tool, and budget constraints.
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Figure 31: Real-task demonstration harness. The system is tested on software, general
assistant, web/desktop, tool-policy, and domain-specific job tasks. A valid demonstration
requires task manifests, agent traces, artifacts, verifier reports, cost ledgers, and safety
ledgers.
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Condition Description Purpose

B0: single strong agent one model with the same
tools and budget

checks whether
multi-agent complexity is
justified

B1: unstructured swarm multiple agents without
routing, credit, or
validators

measures coordination
waste

B2: fixed-role crew planner, executor, critic,
and validator roles
hard-coded in advance

tests simple specialization

B3: AGI ALPHA
constellation

Hamiltonian/free-energy
routed agents with
validator gating, memory
update, settlement, and
risk controls

tests the proposed
organizational substrate

The claim is not that more agents are automatically better. The claim is that a governed
routing substrate can select, prune, validate, and settle agent labor more effectively
than unstructured scale.

24.3 Demonstration metrics
Let 𝑇 be the set of real tasks, 𝑁 the number of active agents, 𝐶 total token/tool/wall-
clock/human-review cost, 𝑅 the safety-risk loss, and𝑊𝑣 the verified work score.

The real-task demonstration score is:

𝐷real =
|𝑇accepted|

|𝑇|
| {z }

verified task success

⋅ 𝑊𝑣
𝐶compute +𝐶tools +𝐶human
| {z }

efficiency

⋅ (1 −𝑅critical)
| {z }

safety

⋅ (1 −Ωcoord)
| {z }

coordination overhead

.

Coordination overhead is:

Ωcoord =
𝐶handoffs +𝐶duplicate +𝐶validator +𝐶idle

𝐶total
.

Scalability and efficiency are measured as:

𝑆𝑁 = 𝑊𝑣(𝑁)
𝑊𝑣(1)

, 𝐸𝑁 = 𝑊𝑣(𝑁)
𝑁𝑊𝑣(1)

, 𝜂task =
𝑊𝑣

𝐶tokens +𝐶tools +𝜆𝐶wall +𝜇𝐶human

Safety is a hard constraint:

𝑃(critical violation) = 0, 𝔼[𝑅safety] ≤ 𝑅max, 𝐹false accept ≤ 𝐹max.
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For stochastic agents, pass@1 is insufficient. The system should report pass𝑘, variance
across seeds, worst-case policy compliance, and repeatability of evidence bundles.

24.4 Evidence bundle requirements
Every accepted task should produce a machine-readable evidence bundle.

Evidence object Required contents

task manifest task ID, benchmark family, objective,
constraints, success criteria, risk class

routing record selected agents, role assignments,
budgets, Hamiltonian/free-energy score,
rejected coalitions

execution trace prompts, tool calls, files touched, browser
actions, API calls, timestamps

validation record tests, policy checks, red-team checks,
independent validator decisions

cost ledger tokens, wall time, tool charges, compute
time, human review time

safety ledger blocked actions, policy violations,
rollbacks, human escalations, incidents

settlement record reward, reputation update, counterfactual
contribution, memory update

24.5 Claim promotion rule
The demonstration gate promotes a claim only when all three conditions hold:

Promote ⟺ (𝜂AGI ALPHA > 𝜂baseline) ∧ (𝑆𝑁 > 1) ∧ (𝑅 ≤ 𝑅max) .

The system fails the demonstration if it wins on raw success but loses on cost, hides
coordination overhead, violates policy, requires unlogged human intervention, or cannot
reproduce the result.

24.6 Real-task demonstration scenarios
Scenario A: software repair. A real GitHub issue from SWE-bench Verified is con-
verted into an AGI job. Retriever agents inspect code and issue context, planner agents
propose repair strategies, coder agents generate patches, tester agents run unit tests,
and validators accept only patches that pass the benchmark harness. The record must
include patch diff, tests run, failed attempts, agent handoffs, wall-clock time, token/tool
cost, and rollback path.

Scenario B: policy-bound service work. A 𝜏-bench or 𝜏2-bench task is converted into
a job with policy constraints and tool permissions. The swarm succeeds only if the final
database or shared world state matches the annotated goal while respecting all policies.

Scenario C: research assistant work. A GAIA or scientific-analysis task is routed
through retrieval, reasoning, code execution, and validator review. Success requires a
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correct answer or artifact with provenance, executable evidence, and calibrated uncer-
tainty.

Scenario D: web/work automation. A WorkArena, BrowserGym, WebArena, or OS-
World task tests whether the system can use browser actions, tools, andmemory without
unsafe or unauthorized actions. Success requires task completion plus a clean action
trace.

This section upgrades the paper’s empirical standard. AGI ALPHA should not be pre-
sented as having demonstrated scalable coordination until the evidence bundles show
improvement on real tasks against the baselines above. Conversely, once those bun-
dles exist, the claim becomes auditable: verified work, cost, safety, and coordination
overhead can be inspected rather than inferred.

25 Design principles
The following principles translate current agentic guidance into the physics/game-
theoretic model.

25.1 Principle 1: start with the simplest sufficient agent topology
OpenAI’s practical guidance recommends maximizing a single agent’s capability before
adding multi-agent complexity and distinguishes manager-style patterns from decentral-
ized handoffs [11]. Anthropic similarly distinguishes predictable workflows from more
autonomous agents [10]. In our framework, unnecessary agents increase 𝐶coord and
𝑆swarm without increasing 𝑉verified.

25.2 Principle 2: specialize only where specialization lowers free energy
Create a specialist agent only if it reduces:

Δ𝒢𝛼 < 0.

That is, the specialist must improve verified value or reduce cost/risk more than it in-
creases coordination overhead.

25.3 Principle 3: make tools legible and bounded
Agentic tools should have clear schemas, scoped permissions, validation, and observ-
ability. Ambiguous tools raise security risk and validator burden. MCP-style tool con-
nectivity can increase capability, but it must be paired with least privilege, logging, and
prompt-injection defenses [12].

25.4 Principle 4: validate before settlement
No agent should receive full reward for unvalidated output. Settlement follows proof:

work→ validation→ settlement→memory update.
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25.5 Principle 5: measure risk as an objective term
Safety, privacy, legal, and security risks must be in the objective, not external comments
after deployment.

max𝔼[𝑉verified] − 𝜆𝐶−𝜌𝑅−𝜅𝑈.

25.6 Principle 6: trace the system
Tracing is necessary because multi-agent behavior is otherwise difficult to debug. The
trace should capture agent handoffs, tool calls, guardrail triggers, validation results,
and state updates.

25.7 Principle 7: design for graceful degradation
The system should degrade from autonomous execution to human review, then to read-
only advice, then to shutdown. Far-from-equilibrium systems should not fail by acceler-
ating into unsafe action.

Figure 32: Risk-adjusted frontier. The target is not maximum raw autonomy, but high
verified impact under explicit risk budgets.

The risk-frontier figure summarizes the governance doctrine: disciplined maximum im-
pact lives on the frontier where verified value remains high and risk budgets stay con-
trolled.
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26 Metrics
26.1 Verified work efficiency

𝜂𝛼 =
𝑊verified

𝐸compute +𝐶human +𝐶capital

26.2 Free-energy descent rate

𝐷𝒢 = −
𝑑𝒢𝛼
𝑑𝑡 .

26.3 Coordination entropy

𝑆swarm = −∑
𝑥
𝑝(𝑥) log𝑝(𝑥).

26.4 Coalition stability
𝐾coalition = 𝔼[lifetime(𝐴𝑗)] ⋅ 𝔼[success(𝐴𝑗)].

26.5 Credit fidelity
𝐹credit = corr(𝐷𝑖,Δ𝑟𝑖).

26.6 Validator quality

𝑃𝑣 =
true accepted outputs
all accepted outputs , 𝑅𝑣 =

accepted true good outputs
all true good outputs .

26.7 Risk-adjusted impact
𝐼risk-adjusted = 𝑉verified −𝜌𝑠𝑅safety −𝜌𝑙𝑅legal −𝜌𝑐𝑅security.

26.8 Security loss
𝐿security = 𝐿prompt-injection +𝐿tool-abuse +𝐿data-leakage +𝐿identity-misuse +𝐿goal-hijack.

27 Experimental program
The experiments below are no longer merely illustrative. They should be run through
the real-task demonstration gate above, reported with public traces where possible, and
compared against the baseline ladder.
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27.1 Experiment 1: free-energy descent versus verified work
Hypothesis. Constellations selected by minimizing 𝒢𝛼 produce more verified work per
compute unit than unstructured multi-agent baselines.

Design. Compare single-agent, unstructured multi-agent, fixed-role crew, and
Hamiltonian-routed validator-gated constellations under equal model, tool, and budget
constraints.

Primary metric. 𝜂𝛼 =𝑊verified/𝐶compute.

27.2 Experiment 2: productive temperature band
Hypothesis. Intermediate effective temperature maximizes risk-adjusted impact.

𝑇low ⇒ premature convergence,
𝑇mid ⇒ productive exploration,
𝑇high ⇒ coordination noise.

27.3 Experiment 3: credit-assignment fidelity
Hypothesis. Counterfactual contribution scoring improves agent selection and reduces
reward capture.

Design. Compare team-reward settlement against counterfactual contribution settle-
ment:

Δ𝑟𝑖 = team reward versus Δ𝑟𝑖 = 𝐺(𝑧) −𝐺(𝑧−𝑖).

27.4 Experiment 4: Hamiltonian coalition routing
Hypothesis. Learned interaction terms 𝐽𝑖𝑘 and 𝐾𝑖𝑘ℓ improve coalition quality over
skill-only matching.

27.5 Experiment 5: validator-gated safety
Hypothesis. Validator gating reduces externalized risk without collapsing useful
throughput when validation latency is optimized.

27.6 Experiment 6: inflow ablation
Hypothesis. Removing or degrading one continuous inflow creates a predictable col-
lapse mode.

• Compute ablation: slower loops, under-exploration.
• Data ablation: stale or hallucinated outputs.
• Task ablation: self-referential activity.
• Incentive ablation: low-quality drift.
• Feedback ablation: uncorrected error accumulation.
• Governance ablation: unsafe optimization.
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• Tool ablation: low external work.

27.7 Experiment 7: real-task coordination benchmark
Hypothesis. Hamiltonian-routed, validator-gated constellations outperform single
agents, unstructured swarms, and static crews on real tasks when measured by risk-
adjusted verified work rather than raw completion count.

Design. Run B0-B3 over SWE-bench Verified, GAIA, OSWorld, Browser-
Gym/WorkArena/WebArena, 𝜏-bench/ST-WebAgentBench, scientific workflows, and
AGI Jobs-style tasks.

Primary metric. 𝐷real.
Secondary metrics. Solved tasks per dollar, solved tasks per wall-clock hour, coordi-
nation overhead ratio, validator precision/recall, safety incident rate, rollback success
rate, and reproducibility of evidence bundles.

27.8 Experiment 8: scalability curve
Hypothesis. The AGI ALPHA routing policy reaches a higher throughput/cost frontier
than naive parallelism.

Design. Vary 𝑁 ∈ {1,2, 4, 8, 16, 32} on the same task distribution. Measure whether
added agents increase verified work or merely increase communication and duplicate
labor.

scaling gain(𝑁) = 𝑊verified(𝑁)
𝑊verified(1)

⋅ 𝐶(1)𝐶(𝑁).

27.9 Experiment 9: safety stress test
Hypothesis. Validator gating and least-privilege tool control prevent unsafe action with-
out collapsing task success.

Design. Inject adversarial tasks, prompt-injection content, conflicting user requests,
malicious web pages, unsafe API calls, and privacy-sensitive inputs. Compare blocked-
action rate, false positives, false negatives, and task recovery.

27.10 Experiment 10: Scientific Discovery Closed-Loop Benchmark
Hypothesis. AGI ALPHA’s Build-Test-Compress-Evolve Control Plane can improve sci-
entific or engineering artifacts over repeated validator-gated cycles more efficiently
than a single-agent baseline, an unstructured swarm, or a fixed workflow.

Tasks. Optimize a molecule, protein, material, algorithm, simulation, or software work-
flow. Each task must specify an external validator such as a test suite, simulation proxy,
formal check, reproducibility check, expert review, wet-lab result, or delayed real-world
outcome.

Protocol. Run B0/B1/B2/B3 under identical budgets. Each system receives the same
task manifest and must produce an evidence bundle for every cycle. The AGI ALPHA
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condition is promoted only if it improves verified value per dollar/token/hour while main-
taining zero critical safety incidents and lower or equal coordination overhead.

Metrics. Use verified improvement per cost, novelty subject to validity, number of cy-
cles to first improvement, reproducibility, validator precision/recall, safety incidents,
and compression quality of learned rules.

27.11 Experiment 11: Coordinator SOTA Benchmark
Hypothesis. A proof-conditioned AGI ALPHA router can outperform single-agent, fixed-
workflow, unstructured-swarm, Conductor-style, and TRINITY-style baselines when all
systems operate under equal model, tool, validator, and budget constraints.

Conditions.
• B0: single strongest agent.
• B1: fixed workflow.
• B2: unstructured swarm.
• B3: Conductor-style natural-language workflow coordinator.
• B4: TRINITY-style lightweight role coordinator.
• B5: AGI ALPHA proof-conditioned router.

Task families. LiveCodeBench, BigCodeBench, SWE-bench Verified, GAIA, 𝜏-bench /
𝜏2-bench, BrowserGym / OSWorld / WorkArena, scientific workflow tasks, and AGI Jobs
protocol-native tasks.

Metrics. Task success, verified work per dollar, verified work per token, wall-clock
latency, coordination overhead, number of agent calls, false acceptance rate, critical
safety violations, validator precision/recall, evidence-bundle reproducibility, routing im-
provement over time, and 𝐷real.
Promotion rule. B5 is promoted only if it beats every baseline under equal
model/tool/budget constraints, produces reproducible evidence bundles, and records
zero critical safety violations. If B5 wins only by spending more compute, using more
tools, or relaxing validator gates, the result is not accepted as a coordination win.

Required ablations.
• no learned router;
• no subtask synthesis;
• no access graph;
• no role assignment;
• no verifier role;
• no evidence memory;
• no validator gate;
• no recursive audit routing;
• no worker-pool randomization;
• no tool-risk constraints;
• no settlement/reputation update.

Each ablation must report not only task score but also cost, latency, coordination over-
head, false acceptance, safety incidents, and replayability of the evidence bundle.
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27.12 Experiment 12: Experience-Grounded Learning Benchmark
Hypothesis. AGI ALPHA with Sovereign Experience Streams, Grounded Reward
Ledger, world-model planning, and temporal options improves verified work and safety
over repeated cycles more effectively than systems that solve tasks as isolated episodes.

Protocol. Run each condition on task families over multiple cycles rather than iso-
lated one-shot tasks. Tasks may include software repair, scientific workflow design,
benchmark execution, web/desktop tool use, policy-bound API interaction, simulation
improvement, and AGI Jobs protocol-native missions. The system must show whether
accumulated experience improves future verified work.

Condition Description

B0 No memory / no experience.
B1 Static workflow.
B2 Single agent with memory.
B3 Conductor-style natural-language

workflow coordinator.
B4 TRINITY-style lightweight role

coordinator.
B5 AGI ALPHA with evidence bundles only.
B6 AGI ALPHA with experience streams,

grounded reward ledger, world-model
planning, and temporal option registry.

Metrics. Improvement per cycle, delayed outcome accuracy, reward calibration, world-
model prediction error, verified work per cost, safety incidents, reward-hacking at-
tempts, generalization to new tasks, experience reuse rate, temporal option success
rate, and 𝐷𝑟𝑒𝑎𝑙 over time.
Promotion rule. B6 is promoted only if it improves verified work and safety over time
under equal budgets, without increasing critical violations or reward hacking, and with
reproducible experience streams and evidence bundles. If B6 wins only by spending
more, relaxing validators, ignoring delayed outcomes, or absorbing unsafe traces into
memory, the result is rejected.

27.13 Experiment 13: Planning with Learned Organizational Models
Benchmark

Hypothesis. A ProofZero planner improves routing by using value-relevant latent orga-
nizational models and bounded tree search over work actions while preserving validator-
gated safety and reproducibility.

Conditions.
• B0: single strongest agent.
• B1: fixed workflow.
• B2: heuristic Hamiltonian router.
• B3: learned router without search.
• B4: learned world model without tree search.

167



• B5: AGI ALPHA-native ProofZero planner.

Task families. SWE-bench Verified, GAIA, BrowserGym / OSWorld / WorkArena, 𝜏-
bench, scientific workflow tasks, and AGI Jobs protocol-native tasks.

Metrics. Verified work per dollar/token/hour, validator precision/recall, false accep-
tance, critical safety violations, search-policy improvement Δ𝑠𝑒𝑎𝑟𝑐ℎ, planning-depth
scaling𝐷𝑟𝑒𝑎𝑙(𝐾), plateau depth, Evidence Reanalyze gain, delayed-outcome prediction
error, cost-risk-value calibration, latent-state decision predictiveness, latent-state com-
pression efficiency, safety probeability, and evidence-bundle reproducibility.

Promotion rule. B5 is promoted only if it beats all baselines under equal
model/tool/budget constraints, demonstrates Δ𝑠𝑒𝑎𝑟𝑐ℎ > 0 against the base router, im-
proves with planning depth up to a measurable plateau, improves from Evidence Rean-
alyze without reward hacking, passes latent-state diagnostics, and records zero critical
safety violations. If it wins by spending more compute, relaxing validators, ignoring
safety penalties, absorbing unsafe traces into production policy, or optimizing an un-
probeable latent state, the result is rejected.

Required ablations. No latent evidence dynamics; no validator-aware tree planning;
no search-improved routing target; no cost-risk-value backup; no Evidence Reanalyze;
no quarantine before reanalyze; no tool-permission constraint; no delayed-outcome tar-
get; no validator-risk head; no budgeted search-depth schedule.

27.14 Experiment 27: Full-Stack Kardashev-Aligned Flywheel Stress
Test

Hypothesis. The full AGI ALPHA system creates more reusable, safe, diverse, validator-
gated, process-integral, subversion-resistant, compounding capability than all ablated
variants, and those capabilities measurably improve capital, compute, infrastructure,
science, or useful-energy proxies.

Conditions.
• B0: single strongest model.
• B1: fixed workflow.
• B2: unstructured swarm.
• B3: learned coordinator.
• B4: experience-grounded router.
• B5: ProofZero planner.
• B6: SEAE without subversion/process/diversity/value-capture additions.
• B7: full AGI ALPHA with subversion-resistant validation, process-resolved vali-
dation, proof-native workbench, capability package library, diversity-preserving
frontier, tiered validator council, agent economy simulation sandbox, and value-
capture/capacity allocation layer.

Task families.
1. Software systems that reduce operational cost or improve automation reliability.
2. Scientific workflows that generate validated hypotheses, simulations, or experimen-
tal designs.

3. Infrastructure planning tasks involving compute, energy, robotics, logistics, labo-
ratories, or manufacturing.
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4. Market-design tasks involving allocation, auctions, settlement, reputation, risk,
and permeability.

5. Agent-improvement tasks evaluated by lineage metaproductivity.
6. Synthetic curriculum tasks that generate harder future tasks.
7. Energy-adjacent tasks: data-center efficiency, grid planning, storage optimization,
materials discovery, robotics deployment planning, or compute/energy scheduling.

8. Capital-allocation tasks: which verified capabilities should be sold, retained, allo-
cated, licensed, or sandboxed.

Metrics. Verified work per dollar/token/hour; reusable capability creation rate;
productive-capacity formation proxy 𝐾gain; capacity allocation efficiency 𝜂allocate; com-
pute capacity gain; useful-energy/infrastructure contribution; scientific throughput;
process integrity; subversion catch rate; false acceptance; safety incidents; lineage
metaproductivity; archive diversity; capability reuse rate; cost reduction over cycles;
delayed outcome accuracy; market stability; collusion/Sybil resistance; human escala-
tion rate; evidence-bundle reproducibility; 𝐷civ+; and 𝐾2proxy.
Promotion rule. B7 is promoted only if it produces more reusable verified capability
than every baseline under equal budgets, while maintaining zero critical safety viola-
tions, reproducible evidence bundles, lower long-run cost per verified output, higher
process integrity, better subversion resistance, stronger capability reuse, measurable
capital/capacity allocation gains, and measurable improvement over repeated cycles. If
B7 wins by relaxing validators, hiding human labor, ignoring delayed outcomes, increas-
ing systemic risk, producing unreplayable traces, or increasing harmful concentration,
the claim is rejected.

27.15 Experiments 28-33: AGI.Eth institutional layer benchmark suite
27.15.1 Experiment 28: Namespace Entropy and Recognition Benchmark

Hypothesis. AGI.Eth low-entropy naming reduces identity ambiguity, spoofing, settle-
ment disputes, and routing overhead versus ad hoc agent identifiers.

Condition Description

B0 Free-form names.
B1 UUID-only identities.
B2 DID-only identities.
B3 ENS names without role grammar.
B4 AGI.Eth role grammar without registry.
B5 AGI.Eth registry-governed namespace.

Metrics. Namespace ambiguity, spoofing rate, misrouting rate, unauthorized alias rate,
resolver failure, human/operator recognition time, machine lookup latency, settlement
dispute rate, and governance correction time.

Promotion rule. B5 wins only if it reduces ambiguity and disputes without increasing
operational fragility.
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27.15.2 Experiment 29: Settlement-Grade Proof Bundle Benchmark

Hypothesis. Replayable proof bundles reduce false payouts, disputes, and audit cost.

Condition Description

B0 Final answer only.
B1 Logs only.
B2 Evidence bundle.
B3 Proof bundle with hashes/signatures.
B4 Proof bundle with replay.
B5 AGI.Eth settlement-grade ProofBundle

with commit-reveal validation and dispute
window.

Metrics. Replay pass rate, false payout rate, audit time, validator disagreement, dis-
pute resolution latency, slashing correctness, artifact provenance completeness, and
settlement reliability.

Promotion rule. B5 wins only if false payout approaches zero and replay/audit cost
remains acceptable.

27.15.3 Experiment 30: α-WU Metrology Calibration Benchmark

Hypothesis. α-WU better measures verified machine labor than token count, wall time,
GPU time, raw task count, or benchmark score.

Comparators. Token count, GPU-hours, wall-clock time, raw tasks completed, bench-
mark score, and validated α-WU.

Metrics. Correlation with externally verified value, robustness across hardware, diffi-
culty calibration, quality calibration, SLO failure handling, resistance to gaming, settle-
ment fairness, and cost predictiveness.

Promotion rule. α-WU is promoted only if it improves settlement fairness and verified-
value prediction while resisting gaming.

27.15.4 Experiment 31: Commit-Reveal Validator Integrity Benchmark

Hypothesis. Commit-reveal validation reduces herding, bribery leverage, collusion,
and validator gaming.

Condition Description

B0 Open validator voting.
B1 Hidden validator voting.
B2 Commit-reveal only.
B3 Commit-reveal plus dispute window.
B4 Commit-reveal plus slashing.
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Condition Description

B5 AGI.Eth validator protocol with replay
evidence, slashing, and sentinel
monitoring.

Metrics. Herding rate, bribery success, collusion detection, false acceptance, false
rejection, validator latency, dispute accuracy, and slashing accuracy.

27.15.5 Experiment 32: Node Runtime and Sentinel Benchmark

Hypothesis. ENS-identified, staked, containerized nodes with
worker/validator/sentinel separation improve reliability, auditability, and fail-closed
behavior.

Condition Description

B0 Generic runtime.
B1 Containerized runtime.
B2 Signed telemetry.
B3 Worker/validator separation.
B4 Worker/validator/sentinel roles.
B5 Full AGI Alpha Node stack.

Metrics. Uptime, telemetry completeness, artifact packaging correctness, incident de-
tection latency, pause success, key custody failure rate, validator latency, SLO drift, and
replay success.

27.15.6 Experiment 33: AGI.Eth Adoption and Interoperability Benchmark

Hypothesis. A canonical AGI.Eth namespace improves institutional adoption and cross-
environment interoperability.

Task. Deploy multiple environments such as alpha.agi.eth, x.agi.eth, re-
search.agi.eth, and enterprise.agi.eth with agents, nodes, clubs, businesses, jobs,
and validators.

Metrics. Cross-environment discovery, resolver correctness, alias confusion, business
identity clarity, operator onboarding time, audit-pack export rate, interoperability fail-
ures, and governance override latency.

27.16 Experiments 34-38: proof-gated AI-generating work engine
benchmark suite

27.16.1 Experiment 34: Interestingness-Gated Mission Foundry Benchmark

Hypothesis. AGI ALPHA can generate mission-relevant tasks and environments that
are more learnable, interesting, diverse, useful, replayable, and flywheel-relevant than
random synthetic tasks or static human task suites.
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Conditions. B0 static human task list; B1 random synthetic task generation; B2 task-
definition synthetic curriculum; B3 open-ended learnable/interesting environment gen-
eration baseline implemented independently; B4 AGI ALPHA Interestingness-GatedMis-
sion Foundry with proof bundles and flywheel relevance.

Task families. Software repair sandboxes; web/API environments; scientific workflow
simulations; market-design simulations; energy, compute, and infrastructure planning
tasks; policy-bound tool-use tasks.

Metrics. Learnability, interestingness, archive diversity, novelty, replayability, valida-
tor pass rate, held-out transfer, false acceptance, safety incidents, capability-package
creation, and flywheel contribution.

Promotion rule. B4 is promoted only if it generates more useful, learnable, diverse,
replayable, and externally validated tasks without increasing reward hacking or unsafe
generated environments.

27.16.2 Experiment 35: Automated Agentic System Design Benchmark

Hypothesis. AGI ALPHA can generate agent, workflow, and validator designs that out-
perform hand-designed designs under equal budgets and transfer across domains.

Conditions. B0 hand-designed single agent; B1 hand-designed fixed crew; B2 prompt-
only optimization; B3 workflow graph optimization; B4 code-defined agentic-system
search baseline implemented independently; B5 AGI ALPHA Agentic System Design
Forge with proof bundles, safety gates, AGI.Eth identity, and settlement-aware evalu-
ation.

Metrics. 𝐷real, verified work per cost, held-out transfer, cross-model transfer, coordi-
nation overhead, validator precision, safety incidents, generated-code safety, process
integrity, capability reuse, and lineage metaproductivity.

Promotion rule. B5 is promoted only if generated designs beat hand-designed and
prior-style agent-search baselines on held-out real tasks without hidden human labor,
unsafe code, unreplayable traces, or inflated coordination cost.

27.16.3 Experiment 36: Absolute-Anchor Self-Play Reasoning Benchmark

Hypothesis. AGI ALPHA can improve reasoning and tool-use ability through self-
proposed, verifier-grounded tasks while remaining tethered to proof and safety.

Conditions. B0 no self-play; B1 curated human tasks; B2 synthetic tasks from task defi-
nitions; B3 self-proposed tasks without independent validation; B4 proposer-solver loop
baseline implemented independently; B5 AGI ALPHA Absolute-Anchor Self-Play with
proposer-solver-validator triad, proof bundles, replay, and anti-untethering controls.

Task modes. Deduction, abduction, induction, tool-use reasoning, software patch rea-
soning, scientific workflow reasoning, market mechanism reasoning, and policy-bound
action reasoning.

Metrics. Reasoning improvement, held-out transfer, task validity, solution correctness,
learnability calibration, reward hacking, unsafe proposals, false acceptance, proof re-
playability, and cost per improvement.
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Promotion rule. B5 is promoted only if it improves held-out verified work without
external curated task dependence and without reward hacking, validator gaming, or
unsafe self-generated curricula.

27.16.4 Experiment 37: Proof-Gated AI-GA Benchmark

Hypothesis. The full AGI ALPHA AI-generating work engine creates better descendants
than manual AGI ALPHA design.

Conditions. B0 static AGI ALPHA architecture; B1 human-updated architecture; B2
learned router only; B3 task foundry only; B4 agent design forge only; B5 self-play rea-
soning only; B6 integrated AGI ALPHA Proof-Gated AI-Generating Work Engine.

Generated objects. Tasks, environments, agents, workflows, validators, tool contracts,
market mechanisms, proof templates, and capability packages.

Metrics. 𝐷open, 𝐷real, 𝐷civ++, best descendant verified value, capability archive diver-
sity, transfer across task families, safety incidents, proof-bundle replay rate, lineage
metaproductivity, capital/capacity allocation contribution, and 𝐾2proxy.
Promotion rule. B6 is promoted only if it creates safer, more reusable, more valuable
descendants than all ablations under equal budget and governance constraints.

27.16.5 Experiment 38: Open-Endedness Safety and Untethering Benchmark

Hypothesis. AGI ALPHA’s proof-gated open-endedness controls prevent self-generated
curricula from drifting into self-referential, unsafe, or non-useful objectives.

Adversarial cases. Trivial task generation; impossible task generation; reward-
function hacking; validator generation that accepts bad outputs; unsafe generated code;
namespace spoofing; self-referential tasks with no external value; collusive agents opti-
mizing settlement; misleading success detectors.

Metrics. Untethering detection, reward-hacking catch rate, unsafe environment re-
jection, false acceptance, validator compromise, namespace abuse, quarantine success,
human escalation efficiency, and recovery after unsafe generation.

Promotion rule. Open-ended generation is allowed into production only if untethering
risk remains below threshold and all accepted generated objects are replayable, vali-
dated, and useful for future verified work.

27.17 Experiment 39: MandateEpoch End-to-End Real-Task Demon-
stration

Hypothesis. AGI ALPHA can execute a real multi-agent MandateEpoch with verifiable
batching, safety routing, QD archive update, OpenClaw review, and AGIJobManager-
compatible settlement.

Tasks. Software repair; web/API workflow; scientific workflow design; market-design
simulation; energy, compute, or infrastructure planning task; and one AGI Jobs protocol-
native task.
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Baselines. B0 single strongest model; B1 fixed workflow; B2 unstructured swarm; B3
proof-gated AI-GA without NettingHouse batching; B4 NettingHouse plus Paymaster
without OpenClaw approval; B5 full AGI ALPHA MandateEpoch stack.

Metrics. Task success; verified work per dollar, token, and hour; microjob through-
put; receipt replay success; archive coverage; new cells and upgraded cells; validator
false acceptance; safety-routing precision; red-team catch rate; settlement correctness;
human intervention rate; latency; cost overhead; coordination overhead; and failure
recovery.

Promotion rule. B5 is promoted only if it beats all baselines under equal budgets,
produces replayable epoch bundles, maintains zero critical safety violations, and shows
lower cost per validated output at scale.

27.18 Experiment 40: Global QD Backbone Benchmark
Hypothesis. A unified QD archive improves open-ended invention search over local or
ad hoc archives.

Conditions. B0 no archive; B1 simple memory log; B2 Pareto frontier only; B3 local per-
module QD archive; B4 global AGI ALPHA QD archive with descriptor schema, stepping-
stone preservation, and archive sharding.

Metrics. Archive coverage; elite quality; stepping-stone reuse; novelty; mechanism
diversity; transfer to real tasks; lineage metaproductivity; avoidance of local-optimum
collapse; cost per useful archive update; and unsafe artifact retention.

Promotion rule. B4 is promoted only if it improves diversity, transfer, and verified work
without increasing reward hacking or unsafe artifact retention.

27.19 Experiment 41: OpenClaw Operator-Shell Benchmark
Hypothesis. A dedicated human/operator shell improves safety, auditability, and inter-
vention quality without becoming the scheduler or source of truth.

Conditions. B0 no operator UI; B1 generic dashboard; B2 chat-only operator shell;
B3 OpenClaw-style sponsor/reviewer/operator shell integrated with MandateRegistry,
NettingHouse, archive, causal substrate, and AGIJobManager adapter.

Metrics. Time to inspect quarantine; approval accuracy; operator error rate; interven-
tion latency; audit completeness; policy override correctness; failed receipt diagnosis;
finalization correctness; validation correctness; and unsafe-promotion prevention.

27.20 Experiment 42: AGI Nodes Verifiable Compute Benchmark
Hypothesis. Distributed AGI Nodes can execute QD and AI-generating workloads cost-
effectively only when compute is verifiable.

Conditions. B0 centralized execution; B1 distributed unverified execution; B2 dis-
tributed execution with deterministic replay; B3 replay plus audit sampling; B4 replay
plus audit sampling plus challenge games and slashing; B5 full AGI Nodes verifiable
compute stack.
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Metrics. Cost per validated evaluation; fraud catch rate; false acceptance; latency;
throughput; slashing accuracy; validator overhead; archive-update correctness; opera-
tor risk-adjusted profitability; and safety incidents.

27.21 Experiment 43: Alpha Foundry Mandate Facility Economic
Benchmark

Hypothesis. A utility-only mandate facility can fund open-ended QD search while pre-
serving strict $AGIALPHA-denominated settlement and avoiding investment-like claims.

Metrics. Coverage ratio; operator cashflow reliability; bounty continuity; exploration
throttling correctness; settlement correctness; liquidity stress; slippage; cost per alpha-
WU; risk-adjusted operator profitability; validator overhead; expected slash loss; and
treasury depletion risk.

Promotion rule. The facility is accepted only if it preserves strict utility-token framing,
funds bounties under realistic liquidity constraints, and keeps operator economics posi-
tive under stated assumptions after burn, validator cut, verification overhead, and risk.
The benchmark must not frame this as guaranteed profit.

27.22 Experiment 44: AGI Jobs to Insight Benchmark
Hypothesis. Real AGI Jobs generate better foresight signals than static market analysis
or pure LLM forecasting.

Conditions. B0 human sector forecast; B1 single LLM forecast; B2multi-agent forecast;
B3 synthetic task exploration only; B4 AGI Jobs stepping-stone evidence; B5 full alpha-
AGI Insight: real jobs, QD archive, causal substrate, and lineage metaproductivity.

Metrics. Forecast calibration; sector-signal precision; validated opportunity discovery;
time to first reusable capability; capitalizability; cost reduction over cycles; delayed
outcome accuracy; false opportunity rate; and safety/regulatory risk.

Promotion rule. B5 is promoted only if real-job stepping stones improve delayed-
outcome forecasts and opportunity discovery without overclaiming certainty or hiding
failed predictions.

27.23 Experiment 45: Coordination Scaling Law Benchmark
Hypothesis. AGI ALPHA’s coordination substrate scales favorably with more agents
and nodes up to a measurable frontier, rather than collapsing into coordination over-
head.

Conditions. Agent counts are 1, 2, 4, 8, and 16; node counts are local, 2-node, 4-node,
and 8-node; router variants are R0-R5; validator variants are outcome-only, process-
resolved, and subversion-resistant.

Metrics. Verified work per cost; parallel throughput; coordination overhead; hand-
off failure rate; validator latency; false acceptance; safety violations; replay success;
marginal value of added agent; and marginal value of added node.
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Promotion rule. A scaling claim is accepted only if added agents or nodes improve
verified work per cost or task coverage without unacceptable increases in coordination
overhead, false acceptance, safety incidents, or human review burden.

27.24 Experiment 46: Deterministic RSI Runner Replayability Bench-
mark

Hypothesis. AGI Alpha RSI can execute repeated invention cycles with deterministic
replay, schema-bound artifacts, persistent state, and no silent resets.

Conditions. B0 ordinary prompt loop; B1 prompt loop with memory; B2 deterministic
runner without drift sentinel; B3 deterministic runner with drift sentinel; B4 full RSI
runner with drift sentinel, ECI, executed evidence, append-only archive, and scaffold
persistence.

Metrics. Cycle replayability; state hash consistency; prompt/config drift detection;
schema failure handling; archive non-reset rate; scaffold persistence; causal atlas per-
sistence; ECI ledger persistence; run manifest completeness.

Promotion rule. B4 is promoted only if at least 95% of cycles replay from manifests,
no silent state resets occur, and all drift events are hard-failed or explicitly authorized.

27.25 Experiment 47: ECI and Evidence Inflation Resistance Bench-
mark

Hypothesis. ECI prevents confidence inflation from simulated or self-referential evi-
dence.

Conditions. B0 no evidence hierarchy; B1 evidence labels only; B2 ECI without exe-
cution caps; B3 ECI with execution caps; B4 full RSI ECI with executed microbenches,
replay, stress tests, and external validators.

Metrics. False confidence inflation; simulated-to-executed promotion errors; calibra-
tion error; false acceptance; replay success; executed evidence share; independent val-
idation rate.

Promotion rule. B4 is promoted only if confidence cannot exceed caps without exe-
cuted or replayed evidence, and false acceptance decreases without excessive rejection
of valid candidates.

27.26 Experiment 48: Move-37 Breakthrough Handling Benchmark
Hypothesis. RSI’s Move-37 protocol detects high-novelty high-advantage candidates
while preventing narrative-only breakthrough claims.

Task families. Software repair; agent workflow design; scientific workflow design;
market mechanism design; energy/compute optimization; causal-hypothesis generation.

Baselines. B0 normal archive insertion; B1 high-novelty candidate auto-promotion; B2
novelty + advantage threshold only; B3 RSI Move-37 protocol with reproduce, stress-
test, persistence, and dossier packaging.
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Metrics. True breakthrough detection; false breakthrough rate; reproduction pass rate;
stress-test persistence; advantage under shocks; dossier completeness; unsafe promo-
tion rate; delayed outcome accuracy.

Promotion rule. B3 is promoted only if it reduces false breakthroughs and unsafe
promotions while retaining validated high-value candidates.

27.27 Experiment 49: OMNI Search Control vs Outcome Authority
Benchmark

Hypothesis. OMNI improves exploration allocation but becomes unsafe if allowed to
control insertion, settlement, or promotion authority.

Conditions. B0 random targeting; B1 human targeting; B2 OMNI targeting only; B3
OMNI targeting plus insertion authority; B4 RSI OMNI-as-allocation-only with mechan-
ical outcome gates.

Metrics. Archive coverage; interestingness per cost; verified novelty; false insertion;
unsafe promotion; reward hacking; baseline advantage; long-run stepping-stone reuse.

Promotion rule. B4 is promoted only if it improves exploration quality without increas-
ing false promotion, reward hacking, or unsafe insertion.

27.28 Experiment 50: RSI Real-Task Multi-Agent Coordination Bench-
mark

Hypothesis. AGI Alpha RSI demonstrates scalable, efficient, and safe multi-agent coor-
dination on real tasks, not merely simulated tasks.

Task families. Software repair; web/API workflow; data science workflow; scientific
workflow design; policy-bound tool use; market-design simulation; AGI Jobs protocol-
native task.

Baselines. B0 single strongest model; B1 fixed workflow; B2 unstructured swarm; B3
learned coordinator without RSI; B4 market-governed AGI ALPHA without RSI; B5 full
AGI ALPHA + RSI control plane.

Metrics. Task success; verified work per dollar/token/hour; coordination overhead;
agent scaling curve; tool-call error rate; validator false acceptance; safety incidents;
executed evidence share; replay success; AdvantageDelta vs baselines; cost reduction
over cycles; archive updates; scaffold reuse.

Promotion rule. B5 is promoted only if it beats all baselines under equal
model/tool/budget constraints, maintains zero critical safety violations, produces re-
playable proof bundles, and shows favorable scaling with additional agents or nodes.

27.29 Experiment 51: Sovereign Dossier Packaging Benchmark
Hypothesis. RSI dossiers make invention outputs more auditable, governable, and
investment-ready than raw logs or informal reports.
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Conditions. B0 raw outputs only; B1 logs + final answer; B2 evidence bundle; B3
ProofBundle; B4 RSI Dossier with reproduction, stress tests, ECI, baseline comparisons,
risk reports, and governance recommendation.

Metrics. Audit time; reviewer accuracy; replay success; governance decision quality;
false approval; false rejection; operator confidence calibration; independent reviewer
agreement.

Promotion rule. B4 is promoted only if it improves auditability and decision quality
without hiding uncertainty or increasing review burden beyond acceptable thresholds.

27.30 Experiment 52: RSI State-Capacity Advantage Benchmark
Hypothesis. AGI Alpha RSI improves institutional state capacity for machine labor:
legibility, control, continuity, coordination, and compounding.

Conditions. B0 frontier-lab-style sprint; B1 ordinary automation workflow; B2 agent
marketplace without RSI; B3 AGI ALPHA market-governed invention stack without RSI;
B4 full AGI ALPHA + RSI.

Metrics. Legibility; control; continuity; coordination; compounding; replayability;
dossier completeness; evidence quality; baseline discipline; state persistence; operator
intervention correctness; governance latency.

Promotion rule. B4 is promoted only if it improves state-capacity metrics while pre-
serving throughput and verified work per cost.

27.31 Experiment 53: MontrealAI Evidence Docket and Replay Bench-
mark

Hypothesis. The existing MontrealAI implementation corpus can be converted from
public implementation evidence into externally legible benchmark evidence by produc-
ing a reproducible Evidence Docket with real tasks, baselines, proof bundles, replay logs,
validator reports, cost/risk ledgers, α-WU estimates, and independent audit hooks.

Conditions. B0 repository text claims only; B1 demo run without evidence bundle; B2
CI logs only; B3 local proof bundle without baseline; B4 proof bundle with local replay
and cost/safety ledgers; B5 full AGI ALPHA Evidence Docket with baselines, replay, val-
idators, α-WU calibration, and independent reproduction instructions.

Task families. Software repair, CI failure remediation, protocol/contract correctness,
OpenAPI/ABI export verification, docs/runbook consistency, local/devnet replay valida-
tion, AGI Jobs protocol tasks, node-runtime telemetry checks, and Nova-Seeds proof-
ladder demos.

Metrics. Replay pass rate; evidence-bundle completeness; audit time; validator agree-
ment; false acceptance; cost ledger completeness; safety ledger completeness; α-WU
calibration quality; baseline comparison validity; independent reproduction success;
documentation consistency; delayed-outcome status.

Promotion rule. B5 is promoted only if an independent reviewer can reproduce the
run, replay the proof bundle, verify validator decisions, compare against baselines, in-
spect cost/risk ledgers, and confirm zero critical safety violations. If the docket depends
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on hidden human labor, unreplayable traces, unverifiable claims, missing baselines, or
relaxed validators, the claim is rejected.

28 Formal proposition: α-AGI Ascension as bounded dissi-
pative intelligence

A large-scale multi-agent system enters an α-AGI Ascension regime when:

1. it is open to continuous inflows of compute, data, tasks, incentives, feedback, gov-
ernance, and tools;

2. it maintains non-equilibrium organization through specialization and coalition for-
mation;

3. it converts inflows into externally validated work;
4. it dissipates failed search, latency, and redundant computation;
5. it updates memory, reputation, and routing from validation outcomes;
6. it bounds risk through governance, permissions, and validators.

Formally:

𝛼-Ascension ⟺

⎧{{{{{{
⎨{{{{{{⎩

𝐸̇in > 0
𝑊̇verified > 0
𝑆min < 𝑆swarm < 𝑆max
𝑅safety ≤ 𝑅max
𝑑𝒢𝛼
𝑑𝑡 < 0
𝐹credit → 1.

This is the precise sense in which AGI ALPHA can be said to bring α-AGI Ascension to
life.

29 Discussion
The framework should be read as disciplined analogy plus testable engineering. The
physical compute layer is literally thermodynamic: electrical energy is consumed, pro-
cessors dissipate heat, and networks/storage impose physical constraints. The coordi-
nation layer is formal: 𝒢𝛼 is not chemical Gibbs energy, but a useful state functional
over cost, risk, value, and exploration.

The statistical-physics view is useful because large agent swarms are ensemble systems.
It is often impossible to inspect every message or decision, but possible to measure
macro-observables: entropy, risk, verified output, coalition stability, validator latency,
and credit fidelity.

The Hamiltonian view is useful because interacting learners can cycle. Purely strategic
dynamics may orbit around equilibria without producing useful work. The missing in-
gredient is dissipation into validated artifacts. α-AGI should not merely think, debate,
or strategize; it should settle into proof-producing trajectories.
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The game-theoretic view is useful because local incentives determine global structure.
If reward follows verbosity, agents become verbose. If reward follows proof, agents be-
come proof-seeking. If reward follows unsafe speed, agents become unsafe. Mechanism
design is therefore not an economic add-on; it is part of the physics of the swarm.

30 Limitations
This paper has several limitations.

1. 𝒢𝛼 is an engineered objective, not a natural thermodynamic state variable.
2. Hamiltonian parameters must be learned, estimated, or manually specified.
3. Validators may become bottlenecks, attack targets, or sources of bias.
4. Counterfactual credit assignment is approximate and can be gamed.
5. Multi-agent communication creates privacy, security, collusion, and hallucination
risks.

6. “Maximum impact” is a normative target and cannot be defined by throughput,
profit, or autonomy alone.

7. Empirical claims require benchmark results, deployment traces, and independent
audits; without these, the paper should claim a demonstration protocol rather than
measured superiority.

31 Conclusion
AGI ALPHA is not a chatbot, not an ordinary automation platform, and not an uncon-
strained autonomy claim. It is a commercially independent, validator-gated, subversion-
resistant, experience-grounded, planning-capable, sovereign evolutionary intelligence-
organization substrate whose purpose is to convert verified machine labor into reusable
capability, productive-capacity formation, infrastructure, compute, science, useful en-
ergy, and stronger future work.

The MontrealAI GitHub corpus demonstrates that the architecture has already been
pursued as a public implementation stack: meta-agentic cognition, AGI Jobs work OS,
escrowed smart-contract surfaces, AGI Alpha Nodes, proof-first Nova-Seeds release pos-
ture, open-ended RSI demos, CI gates, runbooks, and local/devnet replay surfaces. That
work is important evidence of execution, but the final scientific burden remains bench-
marked comparative proof. The next decisive artifact is an Evidence Docket that makes
the implementation independently replayable and comparable against strong baselines.

The civilizational value-to-energy flywheel requires more than capable models and agent
markets. It requires a low-entropy institutional namespace and proof-settlement infras-
tructure. AGI.Eth and ASI.Eth position AGI ALPHA as a candidate root for verifiable
machine labor: identity bound to authority, work bound to proof, proof bound to settle-
ment, and settlement bound to governance.

The Kardashev Type II vision is therefore not treated as a slogan or present achieve-
ment. It is the asymptotic horizon of a governed value-to-energy flywheel: intelligence
becomes verified work; verified work becomes capability; capability becomes productive
capacity and infrastructure; productive capacity and infrastructure expand compute,
science, and useful energy; expanded capacity enables stronger, safer, more general
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machine labor. The paper’s empirical burden is to prove each link in this chain through
real-task benchmarks, evidence bundles, validators, safety ledgers, delayed outcomes,
and independent audits.

AI-GAs argue that learned systems may replace hand-designed AI; OMNI-EPIC shows
that foundation models can generate learnable and interesting environments in code;
ADAS shows that meta-agents can program better agentic systems; Absolute Zero shows
that self-proposed tasks can train reasoning under verifiable feedback. AGI ALPHA inte-
grates these lessons into a commercially independent, proof-gated AI-generating work
engine: generated tasks, agents, environments, validators, and curricula become valu-
able only when they produce replayable proof, validated α-Work Units, reusable capa-
bilities, and safe contribution to the operator-institution value-to-energy flywheel.

Final positioning: AGI ALPHA becomes maximally differentiated when AGI.Eth / ASI.Eth
function as the low-entropy institutional roots for verifiable machine labor: agents,
nodes, validators, businesses, jobs, proof bundles, α-Work Units, settlement receipts,
and governance all become named, replayable, auditable, and settleable under one
canonical namespace.

Final implementation positioning: AGI ALPHA becomes truly differentiated when inven-
tion can be manufactured as verified labor. AGI Jobs settle it; Alpha-Factory searches
it; causal-substrate services test mechanisms; QD archives preserve stepping stones;
OpenClaw supervises it; AGI Nodes compute it; NettingHouse clears it; Paymaster funds
utility-denominated mandates; AGIJobManager finalizes it; and the value-to-energy fly-
wheel allocates it into reusable capability, capital, infrastructure, compute, science, and
useful-energy capacity.

The current CI evidence lineage now exercises the paper’s proof standard in bounded
form. The first RSI loop demonstrated Evidence Docket mechanics; HELIOS demon-
strated local governed compounding, transfer, public-benchmark bridge readiness,
and completion/handoff; Cybersecurity Sovereign instantiated a defensive security
organ, demonstrated local intra-domain defensive capability compounding through
CyberSecurityCapabilityArchive-v1, and introduced human-governed remediation readi-
ness through CyberSecurityCapabilityArchive-v2 and safe PR workflows. These results
do not close the empirical burden. They make it operational. The next decisive gates are
external reviewer replay, official public benchmark execution, human review records,
physical multi-node scaling, delayed-outcome review, and independent audit.

32 Appendix A: variable glossary

Symbol Meaning

𝒜 Agent population
𝒥 Job stream
Φ𝐶 Compute inflow
Φ𝐷 Data inflow
Φ𝐽 Task/job inflow
Φ𝐼 Incentive inflow
Φ𝐹 Feedback inflow
Φ𝐺 Governance inflow
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Symbol Meaning

Φ𝑇 Tool/environment inflow
𝒢𝛼 Agentic Gibbs-like free-energy functional
ℋ Hamiltonian-like cost of a configuration
𝑆swarm Entropy of swarm configurations
𝑉verified Externally validated value
𝑅safety Safety risk
𝐷𝑖 Counterfactual contribution of agent 𝑖
𝑃𝑣 Validator precision
𝑅𝑣 Validator recall
ΘII Type-II / star-scale proximity index
𝑃controlled Sustainably governed useful power
𝐿⋆ Host-star luminosity benchmark

33 Appendix B: operational inflow checklist

Layer Minimum viable control Production-grade control

Compute Token/tool budget Dynamic budgets,
sandboxing, energy
accounting

Data Source links Provenance graph,
freshness scoring,
poisoning defense

Tasks Written objective Formal success criteria,
risk class, stopping rule

Incentives Bounty Counterfactual
contribution settlement

Feedback Manual approval Multi-validator feedback
with calibration

Governance Basic policy Lifecycle risk management
and audit trails

Tools API access Least-privilege scoped
tools with approval gates

Memory Conversation history Versioned, permissioned,
provenance-tagged
memory

Security Basic filtering Threat model, red team,
incident response, identity
controls

34 Appendix C: AGI Alpha doctrine corpus map
The supplied Vincent Boucher corpus was considered as an institutional strategy corpus.
The paper does not reproduce or rely on long quotations; it distills recurring architec-
tural commitments into a scientific control framework.
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Doctrine theme
Representative corpus
signals Paper-level translation

AI sovereignty AGI-driven labor engine,
decentralized AGI labor
platform, sovereign
machine, republic of
machines

Institutional capacity to
command verifiable
synthetic labor under local
governance.

Agent-native economy Agent-native sales,
machine-to-machine
economy, global
marketplace of sovereign
agents

Markets where agents
discover, bid, execute,
prove, settle, and update
reputation.

On-chain work and
settlement

AGIJobManager,
AGIJobManagerPrime,
DiscoveryPrime, ENS job
pages, no judge but code

Proof-bearing jobs,
validator-gated escrow,
identity, settlement, and
public memory.

Autonomous capital Autonomous agents closing
loops, capital becoming
autonomous,
self-sustaining digital firms

Capacity Allocation loops
that convert verified work
into capital, infrastructure,
and compute.

Tournament and proof Proof of Talent,
Tournament for
Intelligence, Selection
Chamber

Competitive routing and
counterfactual credit
assignment for intelligent
labor.

Recursive improvement
governance

AGI Alpha RSI, sovereign
invention governance,
verified autonomy control
plane

Improvement under audit,
permissions, logging,
rollback, and constitutional
constraints.

Civilizational horizon Machine labor at planetary
scale, invention market,
machine buying the sun

Verified work compounding
into scientific capability,
abundant energy, and
infrastructure.

35 Appendix D: MVP reference implementation and evi-
dence bundle

The publication package includes a minimal executable scaffold under mvp_reference/.
It is deliberately small: it is a reference implementation of the coordination control
plane, not a claim of unrestricted AGI.

35.1 Included files
mvp_reference/
agialpha/models.py
agialpha/router.py
agialpha/tools.py
agialpha/validators.py
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agialpha/settlement.py
agialpha/orchestrator.py
agialpha/evals.py
benchmarks/swe_lite/tasks.jsonl
benchmarks/repos/toy_math/
runs/evidence/toy-software-repair-001.evidence.json
main.py

35.2 Reproducible run command
cd mvp_reference
python main.py

Expected output:

{
"accepted": true,
"score": 1.0,
"selected_agents": ["planner.v0", "coder.v0", "tester.v0", "validator.v0"]

}

The demonstration task is a local software-repair exemplar: a failing division function
is patched through the bounded tool interface, tested with pytest, validated by the
policy checker, and stored as an evidence bundle. The purpose is to show the full trace-
producing loop; benchmark-scale claims require running the same harness on the real-
task suites specified in the demonstration standard.

35.3 Evidence bundle schema
The evidence bundle must contain:

{
"job": "task manifest",
"selected_agents": "routed constellation",
"rejected_agents": "near-miss coalitions",
"trace": "plan, patch, tool calls, tests, validation",
"artifact": "patch or task output",
"validation": "accepted, score, tests_passed, policy_ok, critical_violation",
"cost": "tokens, tool calls, wall time, dollars",
"safety_ledger": "blocked actions, violations, escalations",
"settlement": "reward and reputation updates"

}

This appendix turns the paper’s central thesis into an implementation contract: no ver-
ified work without a validator, no scalability claim without baselines, no safety claim
without a safety ledger, and no coordination claim without traceable routing decisions.

36 Appendix E: directed-evolution and DISCO citation plan
The paper uses the directed-evolution and DISCO references in a strictly scoped way.
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Reference Role in the paper Use constraint

Chen & Arnold 1993 Early experimental
exemplar of sequential
random mutagenesis plus
screening for function
under unusual solvent
conditions.

Cite as evidence for local
validated search, not as a
software architecture.

Arnold 1998 General statement of
design by directed
evolution as an
engineering paradigm.

Cite for the principle that
function-guided iteration
can substitute for complete
mechanistic prediction.

Arnold 2018 Nobel Lecture Historical and conceptual
framing of evolution as a
practical engine for new
chemistry.

Cite for scientific context
and inspiration only.

Rector-Brooks et al. 2026
DISCO

Modern exemplar of global
generative proposal plus
experimental validation
and subsequent local
evolution.

Cite as prior-art
inspiration; do not copy
implementation details,
code, models, weights,
datasets, figures, or
filtering pipelines.

This citation plan keeps the analogy sharp and commercially independent: AGI ALPHA
owns its organizational methods, terminology, architecture, evidence memory, routing
policy, and validator-gated improvement loop.

37 Appendix F: learned-coordination citation plan
Conductor and TRINITY should be cited where the paper discusses the transition from
manual multi-agent scaffolding to learned coordination substrates. The correct inter-
pretation is narrow and commercially independent: these works show that coordination
policies can be learned, not that AGI ALPHA depends on their implementations.

• Cite Conductor in the learned-coordination section for natural-language workflow
generation, subtask synthesis, access-list communication topology, randomized
worker-pool adaptation, and recursive test-time scaling [69].

• Cite TRINITY in the same section for hidden-state evidence representations,
lightweight routing heads, Thinker/Worker/Verifier roles, separability diagnostics,
and sep-CMA-ES under low-SNR terminal rewards [24].

• Cite both in the Coordinator SOTA Benchmark as baseline inspirations, not as im-
plementation dependencies.

• Do not reuse code, prompts, figures, weights, exact training recipes, or proprietary
implementation details. AGI ALPHA uses its own proof-conditioned orchestration,
evidence-state memory, validator architecture, tool-risk controls, settlement ledger,
and governance layer.
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38 Appendix G: experience-grounded coordination citation
plan

Silver and Sutton’sWelcome to the Era of Experience is cited as conceptual inspiration
for the shift from short human-data episodes to long streams of agent-environment inter-
action. The use constraint is strict: AGI ALPHA does not reuse their figures, chronology,
algorithms, implementation details, or terminology beyond ordinary citation. The paper
maps the four dimensions of experience-grounded agents into AGI ALPHA-native con-
structs: Sovereign Experience Streams, Grounded Reward Ledger, Validator-Reward
Separation, world-model risk planning, temporal option registry, and experience quar-
antine/replay.

Sutton and Barto are cited for standard reinforcement-learning concepts including
world models, temporal abstraction, options, and experience-based learning. Al-
phaProof is cited only as an example of experience interacting with a formal proving
environment; it is not an AGI ALPHA dependency.

39 Appendix H: planning-with-learned-organizational-
models citation plan

MuZero is cited for the scientific principle of value-relevant learned planning: a latent
model can predict reward, policy, and value for search without reconstructing the full
observation or true environment dynamics [72]. AGI ALPHA uses this only as prior-art
context. The paper’s ProofZero Planning Layer, Latent Evidence Dynamics, Validator-
Aware Tree Planning, Evidence Reanalyze, and Cost-Risk-Value Backup are AGI ALPHA-
native methods over evidence states, validators, tools, ledgers, settlement, governance,
and real-task proof. The paper must not imply dependency on DeepMind, MuZero, Alp-
haZero, or any third-party implementation.

Sovereign evolutionary agent economies citation plan. Virtual Agent Economies is
cited for the need to design agent markets intentionally, to treat permeability as a
safety/economic control variable, and to use auctions, mission economies, credentials,
and oversight as design tools [36]. Synthetic Data RL is cited for the idea that task defi-
nitions can generate curricula and that difficulty adaptation plus high-potential sample
selection matter for RL [39]. Huxley-Goedel Machine is cited for the metaproductivity-
performance mismatch and clade-level self-improvement evaluation [31]. ThetaEvolve
is cited for dynamic verifiable evolution, artifact databases, batch sampling, lazy penal-
ties, progress-shaped rewards, test-time RL, and transfer to unseen tasks [32]. Each is
used as inspiration and prior-art context only; AGI ALPHA’s SEAE vocabulary, architec-
ture, metrics, figures, code, and commercial implementation are independent.

40 Appendix I: AGI.Eth institutional design use plan
AGI_Eth_Institutional_v0 is used as a primary-source institutional design document, not
as empirical proof of achieved AGI, ASI, standard-setting control, or Kardashev-scale ca-
pability [73]. Its role is to specify how the AGI ALPHA organizational substrate becomes
institutionally legible at machine speed: identity, proof, settlement, and governance are
made nameable, replayable, auditable, and policy-bound.
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Source component in
AGI_Eth_Institutional_v0 How this paper uses it AGI ALPHA mechanism

Executive charter: identity
-> evidence -> settlement
-> governance

Establishes the invariant
that autonomy is bounded
by authority and settlement
is bounded by validation

institutional control
invariant

Namespace grammar Converts identity and role
semantics into a
registry-governed pattern.

AGI.Eth / ASI.Eth
namespace layer

Recognition and scope
table

Separates global role
identities from
environment-scoped
identities and local aliases

registry-governed authority
and scope control

Registry-as-genome Treats env.agi.eth as a
membrane, role roots as
organs, registry entries as
genome, resolvers as
metabolism, and
proofs/slashing/quarantine
as immune system

autopoietic environment
control

Physics and game-theory
framing

Makes the simple path the
dominant strategy by
minimizing namespace
entropy and coordination
energy

namespace-risk functional
and low-entropy naming
metric

Three surfaces: Agent-v0,
AGIJobsv0, Node-v0

Connects cognition, work
OS, and runtime execution
into one
proof-synchronized stack

AGI.Eth institutional stack

Job lifecycle: request ->
escrow -> execute -> proof
-> validate -> settle ->
chronicle

Defines the canonical
settlement chain for
verifiable machine labor

proof-settlement work OS

Proof bundle slide Upgrades ordinary
evidence bundles into
settlement-grade proof
bundles capable of audit,
replay, and dispute
resolution

ProofBundle formalism

Metrology slide: alpha-WU
and $AGIALPHA utility

Defines verified machine
labor as
policy-parameterized work
units rather than raw
tokens or compute time

alpha-Work Unit metrology
and utility-token boundary
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Source component in
AGI_Eth_Institutional_v0 How this paper uses it AGI ALPHA mechanism

Node slide: worker,
validator, sentinel

Specifies role separation
for runtime execution,
validation, monitoring,
metering, and fail-closed
safety

AGI Alpha Node runtime

Universal deployability
slide

Keeps one canonical
identity while high-churn
endpoints, L2 records,
metadata, and provenance
move behind resolvers

one canonical name,
infinite deployability

Adoption playbook: pilot ->
harden -> scale

Aligns namespace
deployment with staged
rollout rather than
unbounded autonomy

pre-alpha policy-bounded
deployment gate

The commercial-independence boundary is explicit. This paper does not use
AGI_Eth_Institutional_v0 as proof that a market has been won or that AGI or ASI has
been achieved. It treats AGI.Eth and ASI.Eth as strategic institutional roots whose
value depends on adoption, security, proof quality, validator trust, replay reliability,
settlement correctness, and real useful work.

The legal and commercial boundary is also explicit: $AGIALPHA is described only as
a utility token for staking, settlement, metering, slashing, quorum coordination, and
protocol operations. It is not described as equity, profit share, dividend, ownership in
an entity, or an investment claim.

The paper’s final institutional claim is therefore architectural: AGI ALPHA becomesmax-
imally differentiated when AGI.Eth / ASI.Eth function as the low-entropy institutional
roots for verifiable machine labor. Agents, nodes, validators, businesses, jobs, proof
bundles, alpha-Work Units, settlement receipts, Chronicle records, and governance au-
thority become named, replayable, auditable, and settleable under one canonical names-
pace.

41 Appendix J: MontrealAI GitHub corpus use plan
The MontrealAI GitHub corpus is used in this paper as implementation and protocol
evidence, not as final empirical proof.

GitHub surface Paper use Evidence role

MontrealAI profile Public organization
footprint and pinned
strategic repositories.

Shows stack-level scope
and reported 30,627
last-year activity signal.
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GitHub surface Paper use Evidence role

AGI-Alpha-Agent-v0 Meta-agentic cognition,
demos, presentations,
policies, tests, and
orchestration surfaces.

Demonstrates cognition
and demo scaffolding.

AGIJobsv0 AGI Jobs work operating
system.

Demonstrates work OS, CI,
contracts, services, demos,
and simulation surfaces.

AGIJobManager / Prime Escrowed work
agreements and
next-generation sovereign
AI labor protocol.

Demonstrates
proof-settlement contract
surfaces and protocol
iteration.

AGI-Alpha-Node-v0 Runtime, observability,
node operation, contracts,
telemetry, dashboards, and
CI gates.

Demonstrates runtime and
node infrastructure.

alpha-nova-seeds Bounded local/devnet
Ascension Runtime and
Verifiable Trust Rail.

Demonstrates proof-first
release posture and
local/devnet demo ladder.

alpha-open-ended-rsi-
system

Open-ended experimental
layer on Nova-Seeds.

Demonstrates open-ended
RSI handoff and pending
adjacent-transfer
milestone.

Use rule: repository evidence is admitted only when it becomes a mechanism, metric,
implementation requirement, or benchmark condition. Repository activity alone is never
treated as proof of AGI, ASI, safety, SOTA performance, or Kardashev-scale capability.

42 Appendix L: Current Evidence Docket Experiments and
CI Scoreboards

This appendix unifies the current CI evidence lineage as Experiments 55-62. These ex-
periments are local/proxy or implemented/pending unless marked external by reviewer
attestation. They are evidence-producing mechanisms, not empirical SOTA claims.

42.1 Experiment 55: L4-L7 Evidence Autopilot
Purpose. Demonstrate an autonomous pipeline for L4-ready external replay, L5-local
baselines, L6-CI-proxy scaling, and L7-local portfolio evidence.

Include. Evidence-level table, artifact and scoreboard references, and a claim-
boundary note.

Boundary. L4-ready is not L4-external. External reviewer attestation is required.
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42.2 Experiment 56: HELIOS-001 - Governed Compounding of Verified
Machine Labor

Purpose. Test whether verified machine labor becomes reusable capability and im-
proves future verified work in a bounded energy-to-compute resilience simulator/proxy
domain.

Include. Six task dockets, B6 vs B5 interpretation, compounding advantage, reuse lift,
zero safety/policy incidents, and claim boundary.

Boundary. Local simulator/proxy evidence only; no real-world energy savings or empir-
ical SOTA claim.

42.3 Experiment 57: HELIOS-002 - External Transfer and Reviewer Re-
play

Purpose. Test whether EnergyComputeResilienceCompiler-v0 transfers to harder ad-
jacent tasks under B0-B6 baselines.

Include. Eight task dockets, five transfer tasks, B6 > B5 on all transfer tasks, mean
Advantage Delta vs B5 = 2.374, mean reuse lift = 22.58%, L4-ready but external attes-
tation pending.

Boundary. External benchmark execution and external reviewer attestation remain
pending.

42.4 Experiment 58: HELIOS-003 - Public Benchmark Bridge and
Delayed-Outcome Gauntlet

Purpose. Bridge local/proxy evidence toward public benchmark families and delayed-
outcome monitoring.

Include. SWE-bench-style adapter readiness, GAIA-style adapter readiness, tau-bench-
style policy tool-use adapter readiness, BrowserGym/OSWorld-style adapter readiness,
AGI Jobs protocol-native adapter readiness, delayed-outcome sentinel, and no official
benchmark claim.

42.5 Experiment 59: HELIOS-004 - Completion and Handoff
Purpose. Close the HELIOS lineage as a local, claim-bounded evidence program and
hand off to Cybersecurity Sovereign.

Include. Lineage table, completion gates, next experiment = CYBER-SOVEREIGN-001,
external validation still pending.

42.6 Experiment 60: CYBER-SOVEREIGN-001 - First Defensive Cyber-
security Organ

Purpose. Instantiate a bounded, defensive, repo-owned cybersecurity organ.
Include. Insight opportunity discovery, Nova-Seed variants, MARK review/capacity al-
location, AGI Jobs proof-bound outputs, CyberSecurityCapabilityArchive-v0, defensive
scope, and prohibited actions.
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Boundary. Not cybersecurity certification, not offensive capability, not empirical SOTA.

42.7 Experiment 61: CYBER-SOVEREIGN-002 - Defensive Capability
Compounding

Purpose. Test whether CyberSecurityCapabilityArchive-v0 improves future defensive
security work better than a no-reuse baseline.

Include. Nine defensive dockets; B6 > B5 on 9/9; B6 > all on 9/9;
CyberSecurityCapabilityArchive-v1; capability reuse lift = 49.0%; valid findings = 44;
all hard safety invariants zero; external_attestations = 0; local evidence only.

Boundary. Not proof that AGI ALPHA is secure, not cybersecurity SOTA, not real-world
security certification, not offensive cyber capability, not external audit.

42.8 Experiment 62: CYBER-SOVEREIGN-003 - External Attestation
and Human-Governed Defensive Remediation

Purpose. Test whether CyberSecurityCapabilityArchive-v1 can produce externally re-
playable, human-reviewable defensive improvements to AGI ALPHA’s own evidence in-
frastructure.

Core comparison.
B5 = Cyber Sovereign without archive reuse
B6 = Cyber Sovereign with CyberSecurityCapabilityArchive-v1 reuse
B7 = B6 + human-reviewed PR + external replay + delayed-outcome sentinel

Include. Evidence Hub 404 remediation; claim-boundary guard; workflow permis-
sion review; redacted secret hygiene regression; ProofBundle and artifact integrity
hardening; external reviewer replay kit; safe PR proposal; delayed-outcome sentinel;
CyberSecurityCapabilityArchive-v2; vNext defensive transfer; human-review status.

Promotion rule. B6 > B5 proves local archive-reuse compounding. B7 proves human-
governed remediation utility only when a PR is opened and a human review decision is
recorded. L4-external requires external_attestations >= 1.

Boundary. Not proof of cybersecurity SOTA, not security certification, not autonomous
production remediation, not offensive capability, not proof that AGI ALPHA is secure.

42.9 External Reviewer Replay Protocol
1. Fork or clean checkout.
2. Run the relevant external replay workflow.
3. Download artifact.
4. Verify hashes.
5. Inspect task dockets.
6. Inspect baselines.
7. Inspect cost ledgers.
8. Inspect safety ledgers.
9. Inspect ProofBundles.
10. Inspect redaction policy for cybersecurity experiments.
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11. Inspect claim boundary.
12. Complete external attestation issue.
13. Submit issue or PR.
14. Mark status:

• L4-ready if kit exists;
• L4-external if reviewer attestation exists;
• L5-local if baselines are local/proxy;
• L5-external if public benchmark baselines are executed and reviewed;
• B7-human-reviewed if PR review decision is recorded.

42.10 Reviewer Honesty Box
Current empirical status. AGI ALPHA now has local/proxy CI evidence for Evidence
Docket mechanics, governed capability compounding, transfer, benchmark-adapter
readiness, HELIOS completion, defensive cybersecurity organ formation, intra-domain
defensive capability compounding, and human-governed remediation readiness. It does
not yet have external reviewer attestation, official public benchmark wins, real-world
infrastructure validation, physical multi-node scaling proof, real-world security certifi-
cation, or verified safe autonomous operation. Stronger claims require independent
replay, official benchmark execution, delayed outcomes, human/institutional review
records, and external audit.

42.11 What Would Falsify This Paper?
The paper is falsified or materially weakened if any of the following occur:

• AGI ALPHA fails to beat strong single-agent, fixed-workflow, and unstructured-
swarm baselines under equal constraints.

• Reusable capability does not improve future tasks.
• Evidence Dockets are unreplayable.
• Cost/risk overhead exceeds baseline advantage.
• Validators false-accept unsafe or low-quality outputs.
• Cybersecurity Sovereign leaks secrets, scans external targets, executes exploits,
generates malware, or auto-merges unsafe patches.

• External reviewers cannot reproduce the artifacts.
• Public benchmark adapters fail to produce official benchmark evidence.
• Scaling agents/nodes increases overhead faster than verified work.
• The value-to-energy flywheel remains narrative and cannot be linked to measurable
proxies.

• Human-governed remediation fails because PRs are unreviewable, unsafe, or re-
jected for invalid evidence.

• Evidence Hub pages remain broken, claim boundaries disappear, or public artifacts
become inaccessible.

42.12 Legal and Commercial Claim-Boundary Audit
This paper does not present $AGIALPHA as equity, debt, distributions, entity ownership,
output rights, guaranteed appreciation, guaranteed operating surplus, or a financial
product. It frames $AGIALPHA only as utility infrastructure for protocol operations.
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It frames AGI.Eth / ASI.Eth as namespace infrastructure and strategic optionality, not
monopoly, legal sovereignty, achieved AGI, achieved ASI, or standard-setting control.

42.13 Cybersecurity Safety-Boundary Audit
Cybersecurity Sovereign is defensive, repo-owned, sandbox-only, redacted, and non-
offensive. It does not claim cybersecurity SOTA, real-world security certification, offen-
sive capability, autonomous production remediation, or proof that AGI ALPHA is secure.
Promotion requires the hard safety invariants to remain zero and requires human review
before any remediation claim is upgraded.

42.14 Content Preservation Ledger
No substantive mechanism, formalism, historical prior-art claim, implementation-
evidence claim, experiment, citation, figure, claim boundary, or institutional doctrine
was removed. The unified revision integrates previously addendum-style evidence
into the main manuscript, updates the evidence ladder, adds current CI evidence lin-
eage, adds Experiments 55-62, and replaces regulated or investment-like phrasing with
publication-safer capacity-allocation language.
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