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Long-chain agent execution fails exponentially in environments designed for human tolerance: with per-
step determinism 𝛿 < 1, 𝑘-step chain success degrades as 𝛿𝑘. The AGI-to-ASI scaling debate (Genewein
et al., 2026) has so far framed progress as a race between compute growth and a list of frictions
(data wall, abstraction barrier, embodied bottleneck, multi-agent trust); we argue that environment
determinism is a complementary binding axis cutting across all four, for the broad class of agentic
AI tasks whose outcomes are verifiable economically, physically, or through multi-party settlement.
Three formal results pin down the regime: a Determinism–Efficiency Bound on chain-task success, a
Verifier–Goodharting Floor on flywheel ceilings under imperfect rewards, and a convergence condition
for environment-side skill evolution. We operationalise the framework as a Supply Certainty Index
(SCI) over five measurable properties, a five-level Determinism Maturity Model (DMM) as adoption
ladder, and a falsifiable open-question programme (OQ1–OQ5) with explicit null results that would
force retraction. The position is platform-agnostic. We engage three competing positions: sim-to-real
sufficiency, alignment sufficiency, and AI-as-normal-technology.
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“An ant, viewed as a behaving system, is quite simple. The apparent
complexity of its behavior over time is largely a reflection of the
complexity of the environment in which it finds itself.”

Herbert A. Simon, The Sciences of the Artificial (1969)
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1. Introduction and Position Statement

The determinism gap

The most influential recent surveys of the path from artificial general intelligence (AGI) to artificial
superintelligence (ASI) frame the open question as a race (Bengio et al., 2025; Genewein et al.,
2026; Morris et al., 2024). On one side stands the growth rate of Effective Compute — the product
of nominal hardware progress, capital investment, and algorithmic efficiency (Ding et al., 2023;
Hernandez and Brown, 2020; Ho et al., 2024; Sevilla et al., 2022), estimated at roughly 10× per year.
On the other stand a set of frictions: a coming Data Wall (Shumailov et al., 2024; Villalobos et al.,
2024), an Abstraction Barrier that current learners may not be able to cross (Chollet, 2019; Ortega
et al., 2021), an Embodied Bottleneck that constrains recursive self-improvement to real-world clock
time (Lawrence, 2024), and a requirement for Multi-Agent Trust as the building block of virtual agent
economies (Drexler, 2019; Tomašev et al., 2025). We do not dispute that compute and frictions both
matter. We dispute that they are on the same axis.
A parallel but under-discussed factor cuts across all four frictions: environmental determinism. Cur-

rent agent environments — web platforms, enterprise APIs, consumer applications — were designed
for human tolerance. Search engines intentionally shuffle top results for diversity; recommendation
systems inject exploration noise; response latencies vary by orders of magnitude; session state makes
identical queries return different answers. For a human user, this non-determinism is tolerable or
even desirable. For an autonomous agent executing a multi-step task chain, each non-deterministic
step compounds failure probability exponentially.

Definition 1 (Deterministic Agentic Environment). An environment E is deterministic for agentic
consumption if, for any well-formed intent 𝑞, the environment returns responses satisfying four conditions:

(D1) Stability: repeated queries with identical parameters yield consistent results within a declared
staleness bound (covering session-conditioned personalisation as a special case of failed stability);

(D2) Faithful ranking: results are ordered by relevance to the stated intent without adversarial reordering
or exploration injection (a relevance-ordering condition that strengthens, not duplicates, (D1));

(D3) Verifiability: each returned item can be checked against a ground-truth state (inventory, price,
certification, availability) via an independent verification channel;

(D4) Bounded latency: response time is bounded by a declared SLA, enabling agents to plan execution
within deterministic time budgets.

A Deterministic Environment enables reliable multi-step execution; a stochastic environment designed for
human tolerance degrades agent performance exponentially with chain length (Proposition 1).

Motivating example: long-chain procurement. Consider an autonomous agent executing a pro-
curement task across any supply platform: find candidate suppliers→ compare specifications and
pricing→ inquire about customisation→ negotiate terms→ pay→ verify fulfilment. This is a six-step
chain. If each step has independent determinism quality 𝛿 < 1 (e.g., the search engine occasionally
returns stale inventory, the pricing API has variable latency that triggers timeouts, the comparison
module personalises rankings), the chain-success probability degrades as 𝛿6. At 𝛿 = 0.9 per step,
chain success is only 53%; at 𝛿 = 0.8, it falls to 26%. In practice, any blockage at any step forces
the agent to reroute — switching vendors, switching platforms, or abandoning the task entirely.
This rerouting behaviour is universal: it occurs in e-commerce, logistics, healthcare procurement,
agricultural commodity trading, and financial settlement. The determinism of the environment is not
a convenience; it is a prerequisite for scalable agentic execution.
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Why now: the 2025–2026 agent inflection

We do not claim a sharp 2025–2026 discontinuity — each of the three developments below has direct
2023–2024 antecedents. Rather, they constitute a continuation that crosses a threshold of practical
salience: the consequences of environmental non-determinism became operationally measurable, not
just theoretically anticipated.

Operator-class deployed agents. Major laboratories shipped agents that act on live, human-
optimised web and desktop environments at production scale: Anthropic’s Computer Use (Anthropic,
2024a), OpenAI’s Operator (OpenAI, 2025), and a generation of open-source followers operate on the
same stochastic surfaces our argument identifies. Independent evaluations on OSWorld and 𝜏-bench
show that long-horizon success rates remain well below single-turn ones (Jimenez et al., 2024; Xie
et al., 2024; Yao et al., 2024), exactly the failure profile our Proposition 1 predicts.

Agent-to-agent commerce protocols. The standardisation substrate for agent-mediated transac-
tions has moved from research to deployment: Anthropic’s MCP (Anthropic, 2024b), OpenAI function
calling (OpenAI, 2024), Google’s Agent2Agent protocol (Google, 2025), and payment-side agent
SDKs from Stripe and others (Stripe, 2025). The bottleneck has shifted from can agents talk to can
they transact reliably on non-deterministic backends.

Self-evolving agent stacks. Skill libraries, tool graphs, and persistent context now evolve from
deployed trajectories (Feng et al., 2026; Gao et al., 2025; Yamada et al., 2024; Yang et al., 2026;
Zhang et al., 2025a,b), making the verifier signal that gates those updates the binding constraint on
environment-side learning quality (formalised below as Proposition 3).

Position

The frictions above are grounding problems, not compute problems. We use “grounding” technically:
the verified supply of real-world state as training and execution signal for agentic systems, where
verifiability comes from an independent ground-truth channel (a payment cleared, a shipment arrived,
a specification was met). This sense is distinct from symbol grounding (Harnad, 1990), visual
grounding (Plummer et al., 2015), embodied grounding in robotics, or perceptual-symbol-systems
grounding (Barsalou, 1999; Lake et al., 2017). The question is not how to learn human-like concepts
but how to deploy concept-using agents into real environments reliably.
The policy lever that most concentrates leverage on AGI→ASI progress is therefore the construc-

tion of substrates that supply verifiable real-world signal deterministically. Our central claim: one
such substrate already exists at industrial scale in economically self-sustaining commercial supply
environments (B2B sourcing, B2C retail, pharmaceutical supply chains, agricultural commodity ex-
changes, automotive supplier networks). Such environments are structurally distinct from simulation
and self-generation along dimensions discussed in Section 4, and that distinctness translates into
measurable advantages on each of the four bottlenecks when the environment satisfies Definition 1.
The position is platform-agnostic. The claim is bounded: a binding axis for tasks whose verification is
naturally economic, physical, or multi-party (Section 9).

Falsifiable strong form

We treat the position as a scientific claim, not a slogan, and commit to a falsifiable strong form:
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Box 1 | Falsifiable strong form (cf. Section 8).

If the bottlenecks named above are indeed grounding problems, then real supply environments
that are simultaneously economically self-sustaining, verifier-equipped, and deterministic (in the
sense of Definition 1) should systematically outperform pure simulation and pure self-generated
data in crossing the data wall, the abstraction barrier, and the embodied bottleneck. This
advantage must be measurable in sample efficiency, in time-to-onset of recursive degeneration,
and in the rate at which novel concepts beyond human ontology are discoverable. The advantage
is in principle refutable by the experiments OQ1–OQ5 of Section 8.

Roadmap

The paper extends the AGI→ASI position literature (Bostrom, 2014; Genewein et al., 2026; Morris
et al., 2024; Narayanan and Kapoor, 2024; Sutton, 2019) with three formal results (𝛿, 𝜀, 𝛿min), one
composite measurement (SCI), one adoption ladder (DMM), and an investable, falsifiable research
agenda.
Section 2 restates the AGI→ASI bottleneck landscape and introduces the grounded-scaling lens.

Section 3 derives the grounding common denominator and states the Determinism–Efficiency Bound
and the Verifier–Goodharting Floor. Section 4 argues why supply environments satisfying (D1)–
(D4) are structurally privileged. Section 5 decomposes supply certainty and constructs the SCI.
Section 6 treats data-flywheel sustainability and states the Grounded Self-Evolution Convergence
Condition. Section 7 treats multi-agent scaling under supply trust and determinism, and introduces
the DMM. Section 8 states the open-question programme. Sections 9–10 close with counterarguments,
competing positions, and conclusion.

2. Background: Pathways, Bottlenecks, and the Grounding Lens

We summarise the AGI→ASI landscape so that the grounding reframing of Section 3 is recognisable
as the same landscape, not a strawman.

2.1. Four pathways

The literature converges on four candidate pathways from AGI to ASI (Bostrom, 2014; Genewein
et al., 2026; Morris et al., 2024):

1. Scaling: continued growth in compute, model size, and training data (AI, 2024; Hoffmann
et al., 2022; Kaplan et al., 2020). The bitter lesson (Sutton, 2019) is a claim about algorithms
(general methods leveraging compute beat clever human-designed priors); our position is about
substrates (which environment families a given algorithm trains and deploys on). The two axes
compose: a bitter-lesson-compliant algorithm deployed against a high-𝛿 substrate dominates
both an algorithm with hand-designed priors and a bitter-lesson algorithm deployed against a
low-𝛿 substrate.

2. Paradigm shift: replacement or augmentation of the present neural paradigm by new architec-
tures, world models, or test-time search (Bruce et al., 2024; Gu and Dao, 2023; Hafner et al.,
2020; Snell et al., 2024).

3. Recursive self-improvement: models that modify their own training process, data, or architec-
ture (Davidson et al., 2026; Lu et al., 2024; Real et al., 2020; Schmidhuber, 2003), including
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the Darwin Gödel Machine (Zhang et al., 2025a), the AI Scientist-v2 (Yamada et al., 2024),
and empirical studies on safe self-improvement (Anthropic, 2025).

4. Multi-agent coordination: virtual agent economies in which competence is distributed across
specialised agents (Drexler, 2019; Hong et al., 2024; Park et al., 2023; Sumers et al., 2024;
Tomašev et al., 2025; Wu et al., 2023).

2.2. Six bottlenecks

A parallel literature documents the frictions that may prevent these pathways from succeeding (Ge-
newein et al., 2026): the Data Wall (Shumailov et al., 2024; Villalobos et al., 2024); the economic
cost of frontier training (Agrawal et al., 2025; Erdil et al., 2025); paradigm limits (Chollet, 2019);
diminishing returns in research (Bloom et al., 2020); the Abstraction Barrier and Embodied Bottle-
neck (Lawrence, 2024; Ortega et al., 2021); and deliberate slowdown via governance (Anderljung
et al., 2023; Bengio et al., 2024; European Parliament and Council, 2024).

2.3. From quantitative scaling to grounded scaling

We propose a single organising distinction:

• Quantitative scaling asks how much marginal capability is bought per marginal unit of effective
compute, holding the data and verifier distribution fixed.

• Grounded scaling asks how the marginal capability per unit compute changes when the underly-
ing data and verifier distribution grow in verifiable real-world signal.

The recent empirical record is consistent with the view that quantitative scaling alone reaches a
ceiling set by the second quantity (Ho et al., 2025; Hoffmann et al., 2022). We take this as a prompt
to study the bottlenecks as grounding gaps, which we do in Section 3.

2.4. The determinism gap in current agent environments

A critical but under-studied dimension of the grounded-scaling problem is environmental determinism.
Current agent benchmarks —WebArena (Zhou et al., 2023), AgentBench (Liu et al., 2024), GAIA (Mi-
alon et al., 2024), OSWorld (Xie et al., 2024), 𝜏-bench (Yao et al., 2024), SWE-bench (Jimenez et al.,
2024) — are partially stochastic: web pages change between runs, API responses vary, and session
state introduces irreproducibility. Real deployed environments are worse: A/B testing, personalisation,
rate limiters, and anti-bot mechanisms deliberately introduce non-determinism optimised for human
engagement. For autonomous agents executing multi-step plans, this stochasticity is catastrophic,
and the published gap between single-turn LLM ability and end-to-end task success is empirically
large (Anthropic, 2024a; OpenAI, 2025); agent-benchmark reproducibility analyses confirm that
environmental variance is a first-order driver of this gap (Kapoor et al., 2024). Closing this deter-
minism gap requires either redesigning environments for agentic consumption or building agents
robust enough to tolerate arbitrary non-determinism. We argue in Section 3 that the former is more
tractable and more leveraged.
Cognitive-architecture responses to this failure profile (Shinn et al., 2023; Sumers et al., 2024;

Wang et al., 2024a; Yao et al., 2023) add memory, planning, and skill-acquisition layers around
the model. Our position is complementary: such architectures can mitigate but not erase exponen-
tial degradation in 𝛿𝑘, because every retry and replanning step itself consumes a finite budget of
deterministic queries (Section 9).
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2.5. An upper bound: universal intelligence and the role of environment

Theoretically, the continuum of machine intelligence is bounded above by universal artificial in-
telligence formalised through Solomonoff prediction and AIXI (Hutter, 2004; Hutter et al., 2024;
Legg and Hutter, 2007). Two corollaries follow. First, the score is environment-relative: a learner
universal-intelligent in distribution may still be undertrained on the particular environment of interest.
Second, every concrete agent trains on some restricted family of environments, and the choice of
that family becomes a design variable. Our position is that which family one privileges is the critical
decision left under-discussed, and that commercially self-sustaining supply environments satisfying
Definition 1 form a particularly informative family.

2.6. Notation and assumed reader

We assume familiarity with scaling-law notation, RLHF / RLAIF / RLVR loops (Bai et al., 2022;
Christiano et al., 2018; Lambert et al., 2024), and multi-agent vocabulary. Glossary entries recap
key terms (Grounding, Supply Certainty, Verifier, Customer-to-Manufacturer (C2M), Agent-to-Agent
(A2A), Data Flywheel, Grounded Scaling, Model Collapse, Deterministic Environment). The Supply
Certainty Index (SCI) and Determinism Maturity Model (DMM) are defined where they first appear
(Sections 5, 7.7).

3. The Grounding Thesis and Two Formal Bounds

The four bottlenecks of Section 2 are specialisations of a single deeper deficit: agents lack verifiable
real-world state along four distinct modalities. We call the deficit Grounding and the modalities
data, representational, embodied, and social-economic. This section derives the claim bottleneck by
bottleneck, then states two formal bounds that make the grounding framework measurable.

3.1. Bottleneck-by-bottleneck derivation

The data wall is conventionally framed as a token-exhaustion problem (Villalobos et al., 2024).
We argue the binding constraint is not token count but verifiable signal. Self-generated text scales
indefinitely but loses anchoring to reality, with progressive distributional narrowing (Gerstgrasser
et al., 2024; Shumailov et al., 2024). What is exhausted is not text; what is exhausted is external
arbitration that text is true. The abstraction barrier presents the same deficit in representational
form: a perfect imitator of human-labelled text inherits the human ontology and, absent strong
inductive bias, will not exceed it (Chollet, 2019; Ortega et al., 2021). Crossing the barrier requires
evidence above linguistic supervision that a candidate concept carves the world at a real joint —
exactly what interaction with real distributions can supply and pure language modelling cannot.
The embodied bottleneck is analogous: recursive self-improvement is upper-bounded by the slowest
physical loop required to validate a candidate improvement (Genewein et al., 2026; Lawrence, 2024).
The bound is not on compute or data, but on the latency and bandwidth of physical verification.
Finally, multi-agent trust: virtual economies cannot clear without verifiable signals about identity,
capability, inventory, price, and outcome (Drexler, 2019; Tomašev et al., 2025). Without such signals
every transaction degenerates into an information-asymmetric “market for lemons” (Akerlof, 1970)
or into a hallucination-cascade among agents (Ngo et al., 2022). The bottleneck in each case is the
supply of trust substrate.
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3.2. Four modalities, one common deficit

• Data grounding = verifiable interaction signal.
• Representational grounding = evidence that a candidate concept is real.
• Embodied grounding = physical loops short enough to validate change.
• Social-economic grounding = trust signals that enable agent transactions.

Compute scaling amplifies each modality but supplies none. This asymmetry is the core of our position:
policies that buy more grounding will dominate policies that buy more compute alone, in regimes where
grounding is the binding constraint. The reframing is not a redescription of well-known desiderata;
it makes four things tractable that were previously implicit: (i) the choice between simulation, self-
generation, and real environments becomes empirically arbitrable; (ii) a single property — privileged
grounding substrate — identifies what any “post-AGI data source” must possess (Section 4); (iii)
grounding (environment) is separated from inductive bias (model), enabling proper attribution; and
(iv) two quantitative levers — 𝛿 and 𝜀— make the debate measurable.

3.3. The Determinism–Efficiency Bound

The intuition that environmental non-determinism degrades agent learning can be formalised under
explicit assumptions.

Box 2 | Assumptions of Proposition 1.

(A1) Per-step success probability 𝛿. Determinism quality 𝛿(E) ∈ [0, 1] is the per-step success
probability of the environment against ground truth: the probability that, under a declared intent-
canonicalisation protocol that normalises a well-formed query 𝑞, the environment’s response
yields an outcome the independent verification channel of Definition 1 (D3) judges correct against
the relevant ground-truth state (inventory, price, certification, settlement). Operationally, 𝛿 is
estimated by sampling canonicalised queries and reporting the empirical correct-fraction. The
intent-canonicalisation protocol is a prerequisite for cross-platform comparability and is itself a
domain artefact (see Remark 1).

(A2) Independent per-step verification. Steps in a 𝑘-step chain are verified independently
by the environment; success of any single step is a Bernoulli(𝛿) event with success defined as in
(A1).

(A3) No retry budget. The bound concerns first-attempt chain success; retry-augmented
agents are treated in Remark 2 below.

(A4) Bounded recovery cost. Recovery from a failed step costs strictly positive time; agents
that ignore failed verification verdicts are outside scope.
Assumption (A2) is the key simplification; correlated-step chains are treated separately in

Lemma 1.

Remark 1 (Consistency versus correctness). 𝛿 measures correctness against an independent ground-
truth channel, not self-consistency under replay. An environment that returns identical but incorrect
responses to repeated queries has high replay consistency yet 𝛿 = 0; conversely, a well-calibrated stochastic
environment may have low replay consistency but high 𝛿 on a per-query basis. Empirical 𝛿-measurement
protocols must therefore use the (D3) verification channel rather than self-replication, and report the
canonicalisation rule applied to the intent space (otherwise inter-platform 𝛿 estimates are not comparable).
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Proposition 1 (Determinism–Efficiency Bound). Under assumptions (A1)–(A4), let E be an environment
with determinism quality 𝛿 ≡ 𝛿(E). For a learner with sample budget 𝑛, the effective sample size is
𝑛eff = 𝛿 · 𝑛. Consequently:

1. For any target capability threshold 𝜃, the sample complexity satisfies 𝑛(𝜃, E) = Ω(1/𝛿).
2. Chain-task success probability for a 𝑘-step task under independent per-step verification degrades as

𝑃success(𝑘) ≤ 𝛿𝑘.

Proof sketch. For claim (1): under (A1) each sample is independently correct with probability 𝛿

against ground truth, so contributes useful gradient information with that probability; incorrect
samples must be filtered or discarded, yielding Ω(1/𝛿) sample-complexity overhead. For claim (2):
under (A2), 𝑘 sequential steps are independent Bernoulli(𝛿) trials, so the joint success probability
is 𝛿𝑘 exactly. The qualification “≤” rather than “=” covers correlated and adversarial step structures
(Lemma 1). □

Novelty and implications. The arithmetic 𝛿𝑘 is standard independent-Bernoulli composition. What
is novel is neither the math nor the qualitative intuition (every reliability engineer knows chain
failures compound). What we propose is a measurement programme: that 𝛿 should be instrumented,
published, and tracked at the environment level the way uptime is tracked at the service level, with
the specific operational consequences (the DMM, the SCI, the investment-thesis frame) following
from that instrumentation rather than from any new theorem. Even moderate non-determinism
(𝛿 = 0.9) produces catastrophic failure rates for long chains (𝛿10 ≈ 0.35). Investing in environment
determinism has exponential returns for chain-task success, whereas model robustness yields at best
linear improvements. This asymmetry is the core argument for prioritising environment redesign over
model hardening.

Relationship to SRE and reproducible-build traditions. 𝛿 differs from conventional service-level
objectives (SLOs) in site reliability engineering along three axes: (1) SLOs measure per-request
availability (uptime, latency percentiles); 𝛿 measures semantic correctness against ground truth.
A service may have 99.99% uptime (SLO met) yet personalise responses on every call (𝛿 ≪ 1).
(2) SLOs are per-endpoint; 𝛿 compounds multiplicatively across a 𝑘-step chain, making the exponential
degradation visible only at the workflow level. (3) SLOs target human-tolerance thresholds; 𝛿 targets
algorithmic-consumption requirements where even small per-step noise is catastrophic at chain length.
𝛿 is therefore a chain-aware, semantic, agent-centric reliability concept that existing SRE frameworks
do not capture. There is also a longer software-engineering lineage worth acknowledging: the
reproducible-build tradition (hermetic builds, content-addressed storage, deterministic compilation;
cf. Nix (Dolstra et al., 2004)) has spent two decades developing exactly the determinism vocabulary
the present paper imports for agent environments. Our contribution is not to invent determinism as
an engineering goal but to specialise it — from byte-equivalent build outputs to semantically stable
agentic responses at chain length.
Lemma 1 (Correlation reshapes but does not erase exponential degradation). Suppose the 𝑘-chain steps
share latent session state 𝑠 such that Pr[step 𝑖 succeeds | 𝑠] = 𝛿𝑖 (𝑠) and, conditional on 𝑠, step-success
events are independent. Let 𝛿𝑖 := 𝔼𝑠 [𝛿𝑖 (𝑠)] denote the marginal per-step determinism. Then chain-task
success is

𝑃success(𝑘) = 𝔼𝑠

[
𝑘∏

𝑖=1
𝛿𝑖 (𝑠)

]
.

This quantity is reshaped by the correlation structure of {𝛿𝑖 (𝑠)}𝑘𝑖=1 across sessions:
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1. Negative correlation across steps (compensating fluctuations) gives, via the FKG/Chebyshev sum
inequality, 𝑃success(𝑘) ≤

∏
𝑖 𝛿𝑖 — a product strictly tighter than treating each marginal in isolation.

2. Independence across sessions gives 𝑃success(𝑘) =
∏

𝑖 𝛿𝑖, which reduces to 𝛿𝑘 only when the marginals
are uniform.

3. Positive correlation (failures cluster by session — a good session carries many steps) can yield
𝑃success(𝑘) >

∏
𝑖 𝛿𝑖. In the limit, 𝑃success(𝑘) → Pr[min𝑖 𝛿𝑖 (𝑠) = 1] as 𝑘 → ∞: the chain succeeds

asymptotically only on the measure of deterministic-good sessions.

In all three regimes, 𝑃success(𝑘) → 0 exponentially in 𝑘 whenever Pr[min𝑖 𝛿𝑖 (𝑠) = 1] = 0— i.e. whenever
the environment admits no positive-measure deterministic sub-environment. The position’s qualitative
claim — chain-task success collapses for any environment lacking a deterministic sub-environment
of positive measure — is therefore robust to the correlation structure of the steps. The escape clause
(Pr[min𝑖 𝛿𝑖 (𝑠) = 1] > 0) is exactly the regime that 𝐷3 and 𝐷4 platforms (Section 7.7) aspire to engineer.
Remark 2 (Retries do not erase the bound). A retry-augmented agent with 𝑟 retries per step achieves
per-step success 1− (1− 𝛿)𝑟, yielding chain-success [1 − (1 − 𝛿)𝑟]𝑘. The per-step retry budget 𝑟 is bounded
by latency, cost, and rate-limit constraints; for the operator-class deployments cited in Section 1 this
budget is small. When the retry budget is shared across the chain (a total budget 𝐵 distributed over
𝑘 steps), per-step 𝑟 scales as 𝐵/𝑘 and the chain-success expression worsens with 𝑘 rather than merely
tracking it: the exponential shape is reinforced by realistic budget constraints. (Throughout the paper, 𝐵
denotes the total retry budget and 𝑟 the per-step budget; we use 𝐵 rather than 𝑅 to avoid clashing with
the bounded reward 𝑅 of Proposition 2.)

3.4. The Verifier–Goodharting Floor

Proposition 1 treats verifier signals as ground truth. In practice, every verifier is a learned or rule-based
proxy with irreducible error (Casper et al., 2023; Gao et al., 2023; Lambert et al., 2024); optimising
hard against the proxy Goodharts the true objective (Goodhart, 1975).

Box 3 | Assumptions of Proposition 2.

(B1) Bounded verifier KL. The verifier-induced outcome distribution 𝑉 has bounded KL
divergence from the true outcome distribution 𝑉★: 𝐷KL(𝑉 ∥ 𝑉★) ≤ 𝜀.

(B2) Optimisation against 𝑉. The training procedure optimises a bounded reward 𝑅 under
expectation in 𝑉 exactly, not under expectation in 𝑉★.

(B3) Bounded reward. 𝑅 is bounded with ∥𝑅∥∞ ≤ 𝐶.

Proposition 2 (Verifier–Goodharting Floor). Under (B1)–(B3), any policy 𝜋 whose optimisation is
shaped by 𝔼𝑉 [𝑅] rather than 𝔼𝑉★ [𝑅] satisfies��𝔼𝑉 [𝑅] − 𝔼𝑉★ [𝑅]

�� ≤ 2𝐶 · TV(𝑉, 𝑉★) ≤ 𝐶
√
2𝜀,

where the first inequality is the standard bounded-function bound on total variation and the second is
Pinsker’s inequality. Equivalently,

𝔼𝑉★ [𝑅] ≥ 𝔼𝑉 [𝑅] − 𝐶
√
2𝜀.

The bound is in general unimprovable using only (B1); tighter bounds require additional structure on
𝑅 or on the verifier mismatch (e.g. Bretagnolle–Huber for two-point distinguishability, 𝑓 -divergence
inequalities for smoother 𝑉/𝑉★ relations).
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Note on smoothness regime. Earlier versions of this work used a Lipschitz hypothesis on 𝑅 to-
gether with Pinsker’s inequality; this is a topological mismatch (Lipschitz-smoothness controls the
Wasserstein-1 / Kantorovich–Rubinstein gap, while Pinsker controls total variation). The bounded-
reward formulation above is the correct pairing for the KL hypothesis (B1).
The flywheel asymptote of Section 6 is bounded by this floor: the policy gain from one more order
of magnitude of verifier-gated training is dominated by 𝜀, not by nominal scale. This is the regime
where adaptive, task-conditioned verifiers (Ding, 2026a) and weak-to-strong supervision (Burns et al.,
2024) pay back: not by making any single verifier perfect, but by lowering 𝜀 faster than the model
overfits the proxy.

4. Privileged Grounding Substrates: Five Sufficiency Conditions

Of the many environment families one might propose to supply grounding — simulators, game worlds,
scientific instruments, sandboxes for self-play (Adaptive Agent Team et al., 2023; Silver et al., 2017),
web-scale interaction loggers — we ask: which families are structurally sufficient? Rather than arguing
from a single domain, we identify five conditions that jointly characterise a privileged grounding
environment. Any concrete environment satisfying all five qualifies; failure on any one disqualifies.

Box 4 | Five sufficiency conditions for a privileged grounding environment.

(i) Economic self-sufficiency. The environment carries its own reward stream (transactions,
fulfilment, returns, repeat engagement) and its own compute budget (real user behaviour). It
does not require subsidy from the AGI programme to remain alive.

(ii) Verifiability. Outcomes are checkable against ground truth through an independent
channel — settlement, physical delivery, certification, inspection — ideally suited to learned
verifiers and reward models.

(iii) Interactivity. The environment supports both a high-frequency digital loop and a

Bottleneck Grounding modality Supply property Mechanism (privilege argument)

Data wall Data grounding Thick Verifiable interaction signal and transac-
tion rewards expand coverage without
model-collapse anchoring loss.

Abstraction barrier Representational
grounding

Understandable Multimodal concept discovery over real
distributions surfaces concepts beyond
curated text labels.

Embodied bottle-
neck

Embodied grounding Customisable Customer-to-manufacturer loops shorten
the physical-validation latency bounding
recursive self-improvement.

Multi-agent trust Social-economic
grounding

Trustworthy Decision-grade fields (inventory, qualifi-
cations, settlement) form the agent-to-
agent trust substrate.

Matching structure Social-economic
grounding

Comparable Same-item and sourcing networks struc-
ture the supply network into multi-agent
scheduling.

Table 1 | Bottleneck → grounding modality → supply-certainty property. The five rows form the
conceptual backbone shared by the rest of the paper; Figure 1 renders the mapping graphically and
Section 5 operationalises each property.

10



Grounded Scaling: Why Agentic AI Needs Deterministic Environments

low-latency, shortenable physical loop. Information and embodied grounding are co-present.
(iv) Scale and multimodal richness. The state space is massive, long-tail, multimodal, and

its ontology has been only partially exhausted by human catalogs.
(v) Deterministic interface guarantee. The environment provides stable, faithfully-ranked,

bounded-latency responses suitable for algorithmic consumption (Definition 1).

Illustrative domains. Environments satisfying (i)–(v) include, but are not limited to: industrial
B2B sourcing platforms, B2C retail with fulfilment verification, pharmaceutical supply chains with
batch traceability, agricultural commodity exchanges with quality grading, automotive supplier
networks with manufacturability validation, and healthcare procurement with credentialing. Financial
exchanges satisfy (i), (ii), (v) but lack multimodal richness (iv); scientific instruments satisfy (ii) but
rarely (i). The intersection is domain-diagnostic, not domain-specific.

Honesty about evidentiary base. We acknowledge that the strongest concrete instantiation of the
SCI / DMM machinery available to us is sourcing-class commerce, and that the other domains above
are listed as predicted qualifiers rather than measured ones. The worked SCI example in Section 5.7
exercises three domains (B2B sourcing, financial settlement, B2C retail) to demonstrate that the
formal apparatus accommodates domain-relevance masking, but a fully evidenced pharmaceutical or
healthcare instantiation is future work. The position is therefore strongest as written for sourcing-
class environments and progressively weaker as one moves to domains where the verifier-channel
infrastructure is less mature; readers in those domains should treat the position as a hypothesis to
test rather than a result to apply.

4.1. Economic self-sufficiency

The dominant grounding alternative is large-scale simulation. Simulation has succeeded spectacularly
in narrow domains — Go, chess, single-player games (Schrittwieser et al., 2020; Silver et al., 2017)
— but its scaling cost is borne by the AGI programme itself. An environment satisfying condition (i)
generates its reward stream as a by-product of its own economic activity: buyers transact, sellers
fulfil, disputes settle — all without annotation budget. The economic sustainability literature has
begun to note this asymmetry (Acemoglu and Johnson, 2023; Agrawal et al., 2025; Brynjolfsson,
2022; Erdil et al., 2025), but its grounding implications have received little attention.

4.2. Verifiability

Verifiers are the rate-limiting layer in post-training (Bai et al., 2022; Lambert et al., 2024; Ouyang
et al., 2022). A verifier is only as useful as the ground truth it can compare against. Environments
satisfying (ii) provide ground truths — a payment cleared, a parcel delivered, a credential valid, a
manufactured part to-spec — that are observable, adversarially robust at population scale, and not
subject to the preference-elicitation artefacts of single-turn human feedback. We argue in Section 6
that this property gives the data flywheel its robustness against Model Collapse (Shumailov et al.,
2024), modulo Proposition 2.

4.3. Interactivity (digital and physical)

Most digital environments support cheap, high-frequency interaction but no physical loop; most
physical environments support a physical loop but no cheap digital loop. An environment satisfying (iii)
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supports both: a digital loop (e.g. spot-matching, inquiry routing) and a physical loop (e.g. Customer-
to-Manufacturer (C2M) manufacturing, clinical trial feedback). Where embodied bottlenecks are
real (Lawrence, 2024), the physical loop’s latency is the binding term; qualifying environments
contain explicit engineering levers to shorten it (manufacturability constraints, capacity matching,
rapid prototyping), which simulation does not.

4.4. Scale and multimodal richness

Web-scale text covers what people say about things. Catalogs cover what producers declare. Neither
covers what the things are. The full multimodal record of a single industrial category spans engineering
drawings, CAD geometry, materials data, process descriptions, and end-user specifications — a space
the public web only thinly samples. Any environment satisfying (iv) contains this kind of unexhausted
multimodal distribution, creating room for concept discovery beyond the human ontology and thereby
challenging the abstraction barrier.

4.5. Deterministic interface guarantee

Condition (v) reflects Proposition 1. An environment may satisfy (i)–(iv) but still be hostile to agents
if its interfaces are designed for human browsing: shuffled search results, session-dependent pricing,
variable API latency. The deterministic interface guarantee demands a programmatic access layer
satisfying (D1)–(D4). The distinction is concrete: a consumer-facing search (personalised, diversified,
attention-optimised) versus a programmatic-first API (stable rankings, bounded latency, verifiable
state). The former is optimised for engagement; the latter for algorithmic consumption.

4.6. Sim-to-real, fairly considered

The most credible alternative is “simulate, with domain randomisation, until the model gener-
alises” (Bruce et al., 2024; Hafner et al., 2020; Lee et al., 2020; OpenAI et al., 2019, 2020; Peng
et al., 2018; Tobin et al., 2017). This programme has won in several domains, with high-evidence
cases including OpenAI’s dexterous in-hand manipulation (OpenAI et al., 2019, 2020), quadrupedal
locomotion over challenging terrain (Lee et al., 2020), and autonomous-driving sensor stacks with
photorealistic simulation. We do not dismiss this evidence; we bound it.
Sim-to-real nonetheless stays outside the sufficient set even where it succeeds locally, for three

structural reasons. The first is an ontology cap: simulation can only generate states its physics engine
and asset library anticipate, whereas real environments satisfying (i)–(v) routinely produce states
no designer foresaw (novel compositions, unexpected failure modes, emergent demand patterns,
adversarial counterparty behaviour). The second is a verifier ground-truth shift: a sim-to-real verifier
uses the simulator’s physics as ground truth and only discovers the gap on costly real trials, while
an environment satisfying (ii) uses real-world outcomes as ground truth from the first interaction
— a stronger verifier-quality regime in Proposition 2’s 𝜀. The third concerns reward provenance:
simulators force reward to be specified, which is a known source of hacking (Casper et al., 2023; Gao
et al., 2023), while qualifying environments let reward be observed (bounded by Goodharting but
not by specification error). Simulation therefore belongs in the three-way comparison of OQ1 as a
complement, not a substitute.

4.7. Why these five together matter

Several alternative environments meet a subset of (i)–(v). Web crawl is self-sustaining and rich
but only weakly verifiable and not deterministic (Soldaini et al., 2024); scientific instruments are
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AGI→ASI bottlenecks Supply certainty: five properties

Data Wall

Abstraction Barrier

Embodied Bottleneck

Multi-Agent Trust

Thick (well-stocked)

Understandable

Customisable

Trustworthy

Comparable

verifiable interaction signal

multimodal concept discovery

C2M physical loop

A2A trust substrate

supply network

Figure 1 | Grounding mappings. Four AGI→ASI bottlenecks (left) are each addressed by one supply-
certainty property (right). The closing dashed edge captures that comparability structures the supply
network back into a multi-agent matching substrate.

highly verifiable but not self-sustaining; robotics is interactive but neither self-sustaining nor scalably
multimodal (Adaptive Agent Team et al., 2023); financial exchanges are deterministic and verifiable
but not multimodally rich. The intersection is rare. We do not claim it is unique to any single industry;
we claim that economically self-sustaining commercial environments — spanning sourcing, retail,
pharma, agriculture, automotive — are the most readily available family that demonstrably satisfies
all five at industrial scale today. This is an empirical observation, not a definitional restriction: any
future environment meeting (i)–(v) automatically enters the privileged set.

5. Operationalising Supply Certainty: Five Properties and the SCI

The position of Section 4 is empty without an operationalisation. We decompose Supply Certainty
into five properties that are each (i) defined qualitatively in the language of agentic consumers, (ii)
admit a generic measurable proxy, and (iii) map onto exactly one of the four grounding modalities
(with one closing property serving the multi-agent structure). Table 1 summarises the mapping;
this section unfolds it and aggregates the five into a single platform-comparable index — the Supply
Certainty Index (SCI).
We describe the mappings in the order of Figure 1.

5.1. Thick (well-stocked) supply ↔ data wall

A supply environment is thick for an agent if, conditional on a demand intent, there exists with
high probability a non-degenerate set of supply candidates that satisfy the intent at non-degenerate
granularity. Thickness directly addresses the Data Wall: every additional unit of supply that the
system can correctly cluster, describe, and match adds an externally-arbitrated interaction signal —
one that resists model collapse because it is anchored in a downstream economic event (Gerstgrasser
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et al., 2024; Shumailov et al., 2024). Measurable proxies include coverage of long-tail categories,
demand-to-supply translation recall, and net new item rate per unit time.

5.2. Understandable supply ↔ abstraction barrier

A supply environment is understandable when an agent can read its product ontology in the same
vocabulary the environment is curated in: a unified multimodal semantic base plus a structured
Category-Property-Value (CPV) -style representation. Understandability is the operational hook for
the Abstraction Barrier. Crossing the barrier requires discovering new conceptual primitives above
those in the curated human ontology, possible only if the system can compare candidate primitives
against the unfiltered multimodal distribution of real goods (Ortega et al., 2021; Srivastava et al.,
2022). Measurable proxies include precision/recall of same-item clustering, attribute-governance
coverage, and verified knowledge graph size.

5.3. Customisable supply ↔ embodied bottleneck

A supply environment is customisable when a buyer-side specification can be translated into a manu-
facturable bill of materials and routed to a factory whose declared capabilities match. Customisability
is the engineering surface on which the Embodied Bottleneck is fought. Each percentage point added
to the manufacturability rate and each minute removed from design-to-quote latency shortens the
embodied loop. Unlike purely scientific embodied tasks, the physical environment here is already
instrumented for short-loop iteration. Measurable proxies include manufacturability rate of generated
artefacts, CAD kernel coverage, spec-to-quote latency (inverted), and factory-capacity matching
accuracy.

5.4. Trustworthy supply ↔ multi-agent trust

A supply environment is trustworthy for an agentic consumer when the supply record exposes a
complete set of decision-grade fields: inventory, invoicing, qualifications, certificates, price-and-freight,
weight-and-dimensions. Trustworthiness is the substrate of Agent-to-Agent (A2A) interaction. A
virtual agent economy (Tomašev et al., 2025) cannot clear without verifier-checkable signals on
price, capability, and identity; in absence of such signals, the economy degenerates into asymmetric-
information failure (Akerlof, 1970) or hallucinated trades. Measurable proxies include decision-grade-
field coverage rate, verified-supply set size, independent-judge precision/recall, and field-record
freshness.

5.5. Comparable supply ↔ supply network for multi-agent matching

A supply environment is comparable when supply items can be clustered by demand-relevant equiva-
lence (same-item) and ranked along demand-relevant axes (price, lead time, service). Comparability
is the closing edge of Figure 1. Without it, trustworthiness has nowhere to compose: an agent that
can verify a single seller cannot yet schedule a fleet. Comparability is the structural prerequisite for
multi-agent matching at scale. Measurable proxies include cluster precision and Cov@k of same-item
retrieval, and independent-judge precision/recall.

5.6. The Supply Certainty Index (SCI)

The five properties above are individually measurable but the literature has lacked a single composite
that platforms can be ranked on. We propose the Supply Certainty Index:
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Definition 2 (Supply Certainty Index, SCI). For a supply environment E instrumented with the per-
property proxies above, the Supply Certainty Index SCI(E) ∈ [0, 1] is the geometric mean of the five
property scores after each property’s proxies are aggregated to a [0, 1] score 𝑆𝑝:

SCI(E) =
(
𝑆thick · 𝑆und · 𝑆cust · 𝑆trust · 𝑆cmp

)1/5
, 𝑆𝑝 ∈ [0, 1] ∀𝑝.

The deterministic-interface condition of Definition 1 contributes the gating multiplier 𝛿(E) ∈ [0, 1]
yielding a deterministic-corrected score

SCI𝛿(E) = 𝛿(E) · SCI(E).

Why geometric mean. A platform excellent on four properties and zero on the fifth is not a
privileged grounding substrate: the five properties are non-substitutes (each addresses a distinct
grounding modality). The geometric mean enforces this: a single zero zeroes the index. The 𝛿

multiplier further ensures that a platform with good supply properties but a stochastic agent interface
is not credited for what agents cannot reliably consume.

Why [0, 1] scores. Absolute units vary by domain by orders of magnitude. Each 𝑆𝑝 is the platform’s
measurement against a domain-relative reference panel — analogous to scaling-law normalisation
against compute budget.

Numerical convention for 𝑆𝑝 = 0. The geometric mean is undefined in log-space when any 𝑆𝑝 = 0 (its
operational value is SCI = 0, but log-space computation gives −∞). For numerical implementations we
adopt the convention that any score below an 𝜀-floor of 0.01 is clamped to 𝜀 = 0.01 before aggregation,
with the unclamped score reported separately. This is a measurement convention, not a substantive
allowance: the operational meaning of 𝑆𝑝 ≤ 𝜀 is “platform fails this property in the relevant sense”
and the SCI correctly reports a near-zero composite.

Domain relevance and N/A masking. The geometric mean penalises any zero score severely. This
is intentional within domains where all five properties are relevant. Where a property is structurally
absent from a domain — e.g. customisability for a purely digital information marketplace with no
physical fulfilment, or trustworthiness in the sense of physical credentialing for a pure financial-
settlement environment — the property is masked rather than scored as zero:

SCI(E; 𝐷) =

( ∏
𝑝∈𝑃𝐷

𝑆𝑝

)1/|𝑃𝐷 |
, 𝑃𝐷 ⊆ {thick, und, cust, trust, cmp},

where 𝑃𝐷 is the subset of applicable properties for domain 𝐷.

Pre-registration discipline (anti-manipulation). To prevent a platform or industry from gaming
the index by declaring inconvenient properties N/A, 𝑃𝐷 must be fixed by the reference panel before any
platform measurement, published openly per domain, and not amended on the basis of measurement
outcomes (akin to pre-registration in clinical trials). Platforms must report both the masked SCI
(over 𝑃𝐷) and the unmasked SCI (over all five properties, with structurally-absent scores set to a
stated 𝜀-floor) for transparency; reviewers and downstream consumers can then compare. The N/A
declaration is a property of the domain and reference panel maintainer, not a property of the platform
under evaluation.
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5.7. A worked SCI example

We illustrate the SCI on three hypothetical platforms in distinct domains; numbers are stylised and
meant to demonstrate the construction, not to rank any real platform.

Platform 𝑆thk 𝑆und 𝑆cust 𝑆trust 𝑆cmp 𝛿 SCI SCI𝛿

P1: B2B sourcing (𝐷3) 0.85 0.70 0.60 0.80 0.75 0.92 0.73 0.67
P2: Financial settlement (𝐷3) 0.90 0.65 N/A 0.88 0.80 0.95 0.80 0.76
P3: B2C retail (𝐷2) 0.95 0.55 0.30 0.40 0.60 0.72 0.52 0.37

Table 2 | Illustrative SCI computation across three domains. SCI is the geometric mean over
the applicable subset 𝑃𝐷; for P2, 𝑃𝐷 = {thick, understandable, trustworthy, comparable} ex-
cludes customisability under the financial-settlement reference panel. Worked arithmetic: P1 has
SCI = (0.85 · 0.70 · 0.60 · 0.80 · 0.75)1/5 = 0.73 and SCI𝛿 = 0.92 · 0.73 = 0.67; P3 has SCI = 0.52 and
SCI𝛿 = 0.37. Pre-registered 𝑃𝐷 prevents post-hoc masking; see §5.6.

Two observations: (i) the 𝛿 gating multiplier substantially separates 𝐷3 from 𝐷2 even at similar raw
SCI — P3’s SCI 0.52 drops to 0.37 after 𝛿-correction, while P1’s SCI 0.73 drops only to 0.67. (ii) P2
scores highest on SCI𝛿 within its panel, but its score is not comparable in absolute terms to P1 or P3
because the domain panels differ. Cross-domain absolute comparison is out of scope (Section 10
Limitations); ranking within a domain (across platforms instantiating the same 𝑃𝐷) is the intended
operational use.

5.8. Why a five-way decomposition?

We could have proposed three properties or eight. The case for five rests on Figure 1: four properties
each carry one grounding modality, and one closing property threads them into a multi-agent structure.
Whether the five collapse to fewer factors in practice is an empirical question (OQ2 in Section 8).
We do not prescribe universal thresholds; such thresholds are domain-dependent. The operational
question is whether relative improvements in each property translate into measurable improvements
in the corresponding grounding modality, and whether the SCI composite predicts agent outcomes —
the empirical content of OQ2.

6. Verifiable Supply Data Flywheels as Post-AGI Scaling Resource

The previous section described a static property: supply certainty. This section describes its dynamics.
We claim that real, verifier-gated interaction data forms a Data Flywheel that is sustainable in the
post-data-wall regime, in a sense recursive self-generation is not (Dohmatob et al., 2024; Gerstgrasser
et al., 2024; Shumailov et al., 2024).

6.1. Evaluation as the loss function

In deployed agentic systems the evaluation harness functions as the training loss: bad cases, retries,
low verifier scores, and tool failures all back-propagate to upstream stages, so the data pipeline
behaves like a single forward pass with evaluation-shaped signal as its gradient.

6.2. Dual flywheel architecture

Two loops coexist (Figure 2):
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Evaluation
≡ loss

Verifier /
Judge

Deployment
bad cases

SFT & RL
samples

Foundation
refresh

Skill
routing

Agent call /
task

Tool /
execution

Outcome
verifier

data flywheel (iteration layer)

A2A flywheel (execution layer)

Business-feedback
trunk: real distri-
bution, conversion,
dispute, return ⇒
training signal

Figure 2 | Dual flywheel architecture. The data flywheel (top loop) turns deployment bad cases into
refreshed foundation parameters. The A2A flywheel (bottom loop) turns agent calls into verifier-
checked outcomes. Both are routed through a single “evaluation as loss” hub.

• Data flywheel (iteration layer): deployment bad cases→ verifier/judge→ SFT and RL training
samples→ foundation refresh.

• A2A flywheel (execution layer): agent call→ skill routing→ tool execution→ outcome verifier.

The two loops share the evaluation hub; the business-feedback trunk connecting outcomes to foundation
refresh converts a one-way deployment system into a closed loop.

6.3. Self-evolving environments: the complementary scaling axis

A complementary direction has emerged in the self-evolving-agents literature (Gao et al., 2025;
Shinn et al., 2023; Wang et al., 2024a): instead of (or in addition to) adapting the model to a fixed
environment, the environment itself — tools, skills, memory, runtime context — adapts to deployed
trajectories.

The agentic-scaling trio. Three orthogonal scaling axes:

1. Model adapts to environment: SFT, RLHF, and RLVR refresh foundation weights (Bai et al., 2022;
Ouyang et al., 2022; Wang et al., 2024b).

2. Environment adapts to model: skill libraries, tool graphs, and persistent context evolve from
execution trajectories (Feng et al., 2026; Sumers et al., 2024; Wang et al., 2024a; Yang et al.,
2026; Zhang et al., 2025b).

3. Co-evolution: model and environment update jointly under a shared objective (Fang et al., 2025;
Li et al., 2026; Wang et al., 2025; Zhang et al., 2025a).

6.4. The Grounded Self-Evolution Convergence Condition

We synthesise the mechanisms above into a formal condition connecting environment-side self-
evolution to the determinism framework.
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Box 5 | Grounded Self-Evolution Principle (qualitative).

Environment-side evolution (skills, tools, memory, routing tables) accumulates capability
monotonically if and only if the verification signal exceeds a determinism threshold 𝛿 > 𝛿min and
a verifier-quality threshold 𝜀 < 𝜀max. Below either threshold, drift dominates improvement.

Proposition 3 (Grounded Self-Evolution Convergence). Let Φ𝑡 ∈ [0, 1] denote a scalar quality measure
of an environment-side skill library at evolution step 𝑡, with bounded per-step update Δ𝑡 := Φ𝑡+1 − Φ𝑡

satisfying |Δ𝑡 | ≤ 𝑐 for 𝑐 > 0. Suppose candidate updates are drawn from a generation distribution G and
gated by a verifier 𝑉 whose behaviour is characterised by:

• Reliability (replay consistency): 𝛿 ∈ [0, 1], the probability that 𝑉 returns the same verdict on two
i.i.d. trials of the same candidate.

• Validity (true-positive rate against ground truth): 1 − 𝜀, the probability that 𝑉 accepts a candidate
that is genuinely an improvement under G.

(The 𝛿 here is the verifier’s reliability axis, not the environment-level correctness 𝛿 of Proposition 1; the
two coincide when the verifier under (D3) is the environment’s own ground-truth channel.) Let

𝜇 := 𝔼G
[
Δ𝑡

�� accept; truly an improvement] > 0, 𝑑 := 𝔼G
[
−Δ𝑡

�� accept; false positive] ≥ 0,

both conditional expectations under G. Then the expected per-step drift satisfies

𝔼[Δ𝑡] ≥ 𝛿(1 − 𝜀)𝜇 − 𝛿𝜀𝑑 − (1 − 𝛿) · 𝑐,

and a sufficient condition for monotone improvement (𝔼[Δ𝑡] > 0) is

𝛿 >
𝑐

𝑐 + (1 − 𝜀)𝜇 − 𝜀𝑑
whenever (1 − 𝜀)𝜇 > 𝜀𝑑.

Proof sketch. The verifier’s behaviour on each candidate decomposes non-orthogonally along two
axes: reliability (does 𝑉 return a consistent verdict on replay?) and validity (does the verdict match
ground truth on a genuine improvement?). Conditioning on the reliability axis, with probability 𝛿 the
verifier is consistent — in which case the validity axis yields either a correct-accept (probability 1 − 𝜀,
contribution +𝜇) or a false-positive accept (probability 𝜀, contribution −𝑑). With probability 1 − 𝛿

the verifier returns an inconsistent verdict, in which case the update is treated as adding worst-case
noise of magnitude up to 𝑐. Aggregating gives the displayed lower bound after replacing 𝔼[|Δ𝑡 |] by its
worst-case upper bound 𝑐 (a deliberate looseness; tighter bounds are possible if G is constrained).
Solving the lower bound for positivity yields the sufficient condition. □

Note on tightness. The sufficient condition is loose by construction: replacing 𝔼[|Δ𝑡 |] with the
worst-case 𝑐 in the third term overstates the noise contribution. Empirical operating regimes (Section 8,
OQ5) should therefore find positive expected drift at 𝛿 values below the sufficient-condition threshold.
The threshold is a conservative guarantee, not a tight characterisation.

Implication. 𝛿min and 𝜀max are the thresholds at which the lower bound crosses zero. A skill library
updated under sub-threshold conditions random-walks; above-threshold, it accumulates. This unifies
findings from Yang et al. (2026) (1–4 accepted edits move performance), Wang et al. (2024a) (skills
improve only under deterministic game logic), and Feng et al. (2026) (tool-graph quality requires
dense reward).
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6.5. Three mechanistic categories of environment-side evolution

The diverse mechanisms unify into three categories:

• Trajectory recycling: verifier-checked trajectories are reused as supervision. SAGE trains skill
creation via skill-augmented GRPO (Wang et al., 2025); ARISE evolves intrinsic skills under
hierarchical RL (Li et al., 2026); WebEvolver co-evolves a world model with a web agent (Fang
et al., 2025); Voyager curates a skill library from interaction traces (Wang et al., 2024a);
Reflexion uses verbal reinforcement to recycle failed attempts (Shinn et al., 2023). Even failed
trajectories carry signal: AgentHER (Ding, 2026b) demonstrates that hindsight relabeling of
unsuccessful attempts produces high-quality training data, turning every failure into a training
asset.

• Skill-as-text optimisation: skills are represented as editable text artefacts optimised by a meta-
learner. SkillOpt (Yang et al., 2026) shows 1–4 accepted edits produce transferable improve-
ments; recursive summarisation of execution history (Wang et al., 2023) compresses long-
horizon experience into reusable skill primitives.

• Tool-graph consolidation: execution traces are compiled into typed dependency graphs. SEARL (Feng
et al., 2026) jointly optimises policy and graph under dense reward. The cognitive-architectures
view of Sumers et al. (2024) situates this inside a broader memory–planning–action framework.

In each case, the trajectory is the gradient — the same logic our evaluation as loss principle articulates,
generalised beyond model weights to the entire agent stack.

Connection to determinism. When the environment satisfies (D1)–(D4), the verification signal
used to gate skill updates is reliable, and Proposition 3’s precondition is met. This is the formal bridge
between the “deterministic agentic AI” framing and the self-evolving-agents literature. A privileged
grounding environment is valuable not only because real-supply trajectories train better models, but
because environment-side components — skill libraries, decision-grade fields, A2A routing tables —
can themselves accumulate those trajectories. The data flywheel is the model-side realisation; the skill
flywheel is its environment-side counterpart. Recursive self-improvement at the environment layer
inherits the safety concerns of model-side recursive self-improvement (Anthropic, 2025; Davidson
et al., 2026; Zhang et al., 2025a); the Verifier–Goodharting Floor applies equally, since a skill library
updating against a high-𝜀 verifier will Goodhart in the same way a model trained on its own outputs
would.

6.6. Why this resists collapse, and where it relocates collapse

The model-collapse literature is split: Shumailov et al. (2024) and Dohmatob et al. (2024) show
that purely self-generated data streams degrade representation diversity, while Gerstgrasser et al.
(2024) demonstrate that accumulation of real with synthetic data avoids collapse. Our flywheel claim
aligns with the latter: the SFT distribution is anchored not in the model’s generative distribution
but in verified-true cases drawn from real-world outcome signal — an instance of verifier-gated
distillation, related in spirit to RLAIF (Bai et al., 2022; Lee et al., 2023) and RLVR with task-specific
verifiers (Dubey et al., 2024; Kim et al., 2024; Wang et al., 2024b).
This collapse-resistance is not unbounded. By Proposition 2, a verifier with KL gap 𝜀 from ground

truth lower-bounds the asymptotic policy reward by 𝔼𝑉 [𝑅] − 𝐶
√
2𝜀 for a 𝐶-bounded reward. Verifier-

gated distillation therefore does not eliminate collapse so much as relocate it: in the long-horizon limit
the SFT distribution converges towards the verifier’s mode, which is bounded away from ground truth
by 𝜀 in KL. The position trades the Shumailov attractor (self-imitation) for the Goodhart attractor
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(verifier-imitation). The advantage is that the Goodhart attractor is bounded by an external quantity
(𝜀, empirically measurable on a held-out adversarial panel) rather than the model’s internal generative
entropy.

6.7. Stability conditions and verifier-quality ceiling

The flywheel is only as stable as its verifier, sample selection, and catastrophic-forgetting defence (Dohma-
tob et al., 2024; Kirkpatrick et al., 2017). Recent work addresses each: instruction backtranslation (Li
et al., 2023), weak-to-strong generalisation (Burns et al., 2024), and judge-quality benchmarks (Lam-
bert et al., 2024). They collectively pin down the operating envelope inside which the flywheel
accumulates signal.
One path to lowering 𝜀 in practice is task-adaptive verifiers that generate assessment criteria con-

ditioned on the specific workflow (Ding, 2026a); such approaches directly reduce out-of-distribution
error and raise the flywheel’s quality ceiling. Where this matters empirically is OQ5 of Section 8.

7. Supply Certainty as Trust Substrate for Agent Economies

The fourth grounding modality is social-economic. We treat it last because its argument depends on
the operationalisations of Sections 5–6.

7.1. The market-clearing problem for virtual agent economies

Several recent position papers anticipate virtual agent economies in which discovery, negotiation, and
settlement are conducted between agents (Drexler, 2019; Tomašev et al., 2025). The infrastructure
conversation has focused on protocol design: tool-calling APIs (Schick et al., 2023), model-context
protocols (Anthropic, 2024b), agent-to-agent schedulers (Google, 2025), and payment-side agent
toolkits (Stripe, 2025). Less discussed is the informational pre-condition for any such market to clear.

Claim. A virtual agent economy cannot clear without verifiable supply-side signals about identity,
capability, inventory, price, and outcome. Where such signals are missing, the economy degenerates
either into Akerlof asymmetric-information failure (Akerlof, 1970) or into a hallucination cascade (Ngo
et al., 2022; Weidinger et al., 2022).

7.2. Multi-agent scaling laws, conditioned on supply trust and determinism

The standard multi-agent scaling discussion treats matching quality as a function of agent population
and interaction density (Hong et al., 2024; Leibo et al., 2019; Liu et al., 2025; Panait and Luke, 2005;
Park et al., 2023; Wu et al., 2023). We propose that, in the agent-economy regime, this scaling is
gated by supply trust and environment determinism:

𝑄match ≈ 𝑓 (𝑁agents, 𝜌interaction, 𝜏supply, 𝛿env),

where 𝜏supply is the decision-grade-field coverage rate, 𝛿env is the determinism quality of Defini-
tion 1, and the SCI of Section 5.6 is a composite across the five properties. Whether 𝜏 and 𝛿 enter 𝑓
as multipliers, thresholds, or interact non-linearly is OQ4 (Section 8).
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7.3. Failure modes of insufficient trust

The failure-mode taxonomy below parallels and specialises the miscoordination / conflict / collusion
taxonomy of Hammond et al. (2025) to the supply-trust substrate. In the under-trusted regime, three
failure modes recur:

1. Settlement abortion. An agent cannot commit because the price, inventory, or qualification
record is stale or absent.

2. Epistemic hijacking. An adversarial supplier exploits the asymmetry between linguistic richness
and verifier granularity (Wei et al., 2023; Zou et al., 2023).

3. Hallucination cascade. An agent fabricates a supply attribute; downstream agents trust it; the
fabrication enters the data flywheel.

Each is a direct consequence of a missing decision-grade field; each is tractable as a coverage problem
on the trustworthy-supply property.

7.4. Failure modes of insufficient determinism

Non-deterministic environments introduce three additional multi-agent failure modes:

1. Rerouting cascades. Non-deterministic responses force rerouting; if many agents reroute simul-
taneously, the alternative platform’s determinism degrades — a cascade failure.

2. Coordination impossibility. Multi-agent scheduling requires consistent supply-state views. Person-
alisation or A/B testing returns different answers to different agents, fragmenting coordination.

3. Strategy instability. Algorithmic procurement strategies calibrated on historical data become
unreliable when the environment’s response distribution shifts non-stationarily.

7.5. Skillification as the trust interface

The skill-registry abstraction (a typed, SLA-monitored, trace-instrumented inventory of callable
capabilities) is the right interface contract for agent-economy trust. It exposes verifier-checkable
promises about each call and bounds the cost of hallucinated supply assertions (Anthropic, 2024b;
Google, 2025). The mechanism by which such a registry evolves — trajectory recycling, skill-as-text
optimisation, tool-graph consolidation — is treated in Section 6.3; here we note only that grounding
quality bounds both foundation-weight evolution and skill-registry evolution (Proposition 3). The
interface contract and the evolution mechanism are complementary: the registry is the operational
artefact that the §6.3 skill flywheel updates.

7.6. Investment theses for the determinism economy

If the position is correct, capital should concentrate on primitives that produce, package, and price
deterministic verifiable signal. We name five categories the position predicts will dominate, in keeping
with recent “agent economy” framing (Andreessen Horowitz, 2026; Karpathy, 2025).

Box 6 | Five investment-thesis categories implied by the position.

(I1) Verifier-as-a-Service. Adaptive, task-conditioned verifiers (Ding, 2026a; Lambert et al.,
2024) that lower Proposition 2’s floor.

(I2) Determinism Infrastructure. Programmatic-first APIs over legacy systems satisfying
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(D1)–(D4).
(I3) Agent Commerce Protocols. MCP / A2A / agent-toolkit (Anthropic, 2024b; Google,

2025; OpenAI, 2024; Stripe, 2025) extended with verifiable trust, dispute resolution, and
payment-finality guarantees.

(I4) Skill Registry Marketplaces. Typed, SLA-monitored marketplaces for callable agent
skills (Feng et al., 2026; Yang et al., 2026) turning the skill flywheel into a tradable asset class.

(I5) Verifiable-Environment Benchmarks. Public benchmarks where the score is actual
settlement, fulfilment, or manufacturability — extending Bai et al. (2026); Jimenez et al. (2024);
Min et al. (2025); Qi et al. (2026); Xie et al. (2024); Yao et al. (2024) to the multi-domain SCI
evaluation panel of Section 8.

What each thesis predicts. (I1) verifier-quality improvement will outpace model-quality improve-
ment; (I2) the markup of deterministic APIs over stochastic ones will widen with agent adoption;
(I3) protocols shipping verifier hooks will displace message-passing-only ones; (I4) skill-registry
marketplaces will become a separate category from SaaS; (I5) benchmark-design competence will
become a distinct investable. Each prediction is independently refutable. We emphasise that each
thesis identifies a structurally privileged category, not a winner inside it; we endorse no specific
platform and have no financial relationship with any referenced company.

Exclusive predictions: discriminating between positions. A reviewer may object that I1–I5 are
categories any “AI infrastructure” frame would predict regardless of the grounding thesis. To make
the position’s predictions exclusive, we pair each thesis with a discriminator against the strongest
competing positions of Section 9:

• vs alignment-suffices (§9.8): alignment wins predicts I1 (verifier-as-a-Service) alone dominates;
this position predicts I1 and I2 markups co-move, because better verifiers and deterministic
infrastructure are complements not substitutes.

• vs sim-to-real (§9.7): sim-to-real predicts I5 dominates (simulator-based benchmarks suffice);
this position predicts I5 settlement-grounded benchmarks outperform sim-only benchmarks on
rank-correlation with production agentic success.

• vs orchestration-first (§9.8 variant): orchestration wins predicts I3 (agent commerce protocols
with retry / message-passing) without I2 (determinism infra); this position predicts I3 protocols
shipping verifier hooks displace message-passing-only protocols, and that the market gap appears
at the 𝐷2→ 𝐷3 transition.

• vs AI-as-normal-technology (§9.9): normal-tech predicts I1–I5 are sociotechnical infrastructure
plays with no sharp inflection; this position predicts a non-linear inflection at 𝐷2→ 𝐷3 where the
marginal category value steps rather than tracks.

These are mutually discriminating; the position loses if the observed investment-market trajectories
match a competing position’s predictions better than ours.

7.7. The Determinism Maturity Model

Sections 5–7 state what deterministic supply environments do for grounding. This subsection states
what platform engineers should build: a five-level adoption ladder paired with a reference architecture.
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Box 7 | Determinism Maturity Model (DMM) levels 𝐷0–𝐷4.

𝐷0— Human-only UI. Programmatic access is blocked or CAPTCHA-gated. 𝛿 unmeasured.
𝐷1— Minimal API surface. A programmatic surface exists but inherits human-UI semantics:

shuffled rankings, session-conditioned pricing, no SLA. 𝛿 typically < 0.5 on long chains.
𝐷2— SLA-bounded API. Bounded latency, versioned schemas, uptime SLAs. Rankings may

still be personalised; verifier channels absent. 𝛿 ∈ [0.6, 0.8]. The current state of major B2B APIs.
𝐷3— Stable rankings and verifier channel. Rankings deterministic for an intent/persona

hash within a staleness bound; verifier channel exposes inventory, qualification, and settlement-
finality assertions. 𝛿 > 0.9 achievable. Crosses Proposition 3’s threshold.

𝐷4— Full deterministic agent interface. Faithful ranking (no exploration injection under
agent persona); production skill-registry contract with per-skill SLA, trace, and verifier telemetry.
Published SCI𝛿 per agent persona. The platform’s supply becomes a first-class grounding substrate.

Reading the ladder. Levels are cumulative. The marginal cost of climbing one level is dominated
by the marginal benefit only above Proposition 3’s threshold — typically at 𝐷2 → 𝐷3, where the
verifier channel unlocks the data flywheel. The position predicts that 𝐷2 platforms will face increasing
pressure to climb to 𝐷3 as agentic traffic— automated API calls executing end-to-end workflows of
three or more steps without human gating — grows from a fringe share of total traffic to a substantial
one. The exact tipping point is platform-specific; the falsifiable claim is that the transition is non-linear
in 𝛿 and that platforms which stall at 𝐷2 will see disproportionate chain-task degradation on their own
agentic traffic (Proposition 1). The DMM is the substrate-side complement of the agent-infrastructure
agenda of Chan et al. (2025): their identity, audit-trail, and credentialing infrastructure describes
what agents need to bring to the environment; the DMM describes what the environment must expose
to agents. The two are complementary.

Reference architecture. A 𝐷3/𝐷4 platform requires three components beyond a conventional API
gateway:

Component A — Verifier service. For each platform assertion (inventory, certification, set-
tlement state): (a) the assertion’s value at query time; (b) source channel and freshness; (c) an
independent verification endpoint returning verdict plus confidence; (d) verdict-history telemetry
consumable by downstream agents and the data flywheel. This component contains Proposition 2’s 𝜀
and should be benchmarked against judge-quality suites (Ding, 2026a; Lambert et al., 2024).

Component B — Skill registry and A2A router. A typed inventory of callable capabilities with
schema, SLA, trace instrumentation, and verifier-outcome binding. The operational counterpart of
the skill flywheel (Section 6.3).

Component C — Determinism telemetry plane. A measurement plane publishing empirical 𝛿,
𝜀, and SCI𝛿 per agent persona and per skill — contractually observable to platform consumers and
closing the measurement loop for Section 8.
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Mapping to existing reliability and governance frameworks. The DMM is not a compliance
standard, but the primitive it formalises (𝛿, 𝜀, SCI𝛿) is precisely what existing reliability and AI-
governance regimes ask for under different names. Three useful handshakes:

• EU AI Act Article 15 requires high-risk AI systems to achieve “appropriate levels of accuracy,
robustness and cybersecurity” over their lifecycle and to publish those metrics (European
Parliament and Council, 2024). 𝛿 (chain-aware semantic consistency) and 𝜀 (verifier KL gap)
operationalise “accuracy and robustness” for agentic workflows in a way per-endpoint SLOs do
not.

• NIST AI RMF MEASURE function requires identification of reliability and validity metrics with
measurement procedures. The DMM telemetry plane (Component C) is a concrete instantiation:
𝛿 per persona, 𝜀 per verifier, SCI𝛿 per panel.

• ISO/IEC 42001 AI Management System requires auditable operational telemetry. A 𝐷3/𝐷4
platform’s published determinism telemetry plane is audit-ready under this standard in a way a
𝐷2 platform’s per-endpoint SLOs are not.

We do not propose the DMM as a compliance standard; we propose it as a substrate primitive that
governance frameworks can adopt to operationalise the chain-aware-reliability requirements they
already gesture at.

Boundary: what the DMM is not. The DMM is not a compliance standard, procurement require-
ment, or substitute for domain-specific safety, privacy, or regulatory regimes (Anderljung et al.,
2023; Bengio et al., 2024; European Parliament and Council, 2024). It is a structural ladder for the
deterministic-grounding axis; orthogonal concerns (privacy, fairness, safety, liability) require their
own ladders. We also do not address whether higher DMM levels should be mandated; that is a
governance question whose answer is independent of the technical one this paper addresses.

8. A Falsifiable Research Agenda

A position becomes science only when stated as falsifiable questions. We close the technical body with
five open questions, each paired with a measurement design and an explicit null result. They align
with the research clusters of Genewein et al. (2026)1.

Box 8 | The OQ1–OQ5 open-question programme.

OQ1 — Data wall. Does an economically self-sustaining, verifier-equipped, deterministic
real-supply environment measurably outperform pure simulation or pure self-generated data in
(a) sample efficiency and (b) time-to-onset of recursive degeneration?

OQ2 — Abstraction barrier. Can models trained on real-supply multimodal distributions
discover stable new conceptual primitives beyond the existing CPV ontology? Does the SCI predict
the share of post-ontology stable concepts?

OQ3 — Embodied bottleneck. How low can the latency floor of a C2M physical loop be
pushed at constant manufacturability quality?

OQ4 — Multi-agent scaling under trust and determinism. How does matching quality

1Specifically: quantitative forecasting (OQ1), benchmarking and abstraction (OQ2), multi-agent scaling (OQ4), recursive
improvement dynamics (OQ5), governance and embodied dynamics (OQ3).
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scale jointly with agent count, supply-trust coverage, and environment determinism? Does SCI𝛿
predict downstream agentic capability across DMM levels 𝐷2→ 𝐷4?

OQ5 — Verifier ceiling. At what verifier-quality 𝜀 does the data flywheel transition from
accumulation to degeneration? At what 𝜀 does Proposition 3 fail?

8.1. OQ1: data wall experiments

Measurement design. A three-way training comparison: matched-budget runs of (a) verifier-gated
real-supply data from a 𝐷3+ environment, (b) high-fidelity simulation, (c) state-of-the-art recursive
self-generation (Li et al., 2023; Yuan et al., 2024). Hold model architecture, total tokens, and verifier
architecture constant. Evaluate sample efficiency and recursive-degeneration onset following the
protocol of Shumailov et al. (2024).

Null result. If (a) does not measurably beat (b) and (c) on either axis at the matched-budget point,
the privileged-grounding hypothesis is weakened.

8.2. OQ2: abstraction-barrier experiments

Measurement design. Train a multimodal model on the real-supply distribution; cluster latent
concepts that pass a stability test across random seeds; quantify the share of stable concepts not
previously represented in the curated CPV ontology. Replicate against a baseline trained only on
human-curated catalogs.

Null result. If the share of post-human-ontology stable concepts is statistically indistinguishable
from baseline, the abstraction-barrier claim is weakened.

8.3. OQ3: embodied-bottleneck experiments

Measurement design. Measure end-to-end design-to-first-pass-quote latency in a C2M pipeline
under (a) current best-of-class and (b) a pipeline augmented with an AI-generated manufacturability
validator. Compare against the analytic bound of Lawrence (2024).

Null result. If the latency floor is invariant to AI investment, the customisability property fails to
relax the embodied bottleneck.

8.4. OQ4: multi-agent scaling under supply trust and DMM level

Measurement design. In a real A2A matching market, vary 𝜏supply and 𝛿env along their observable
ranges, holding agent population and protocol fixed; measure matching quality and clearing rate. Fit
𝑄match(𝑁, 𝜌, 𝜏, 𝛿) and the marginal effect of each DMM step.

Null result. If 𝑄match is approximately independent of 𝜏 and 𝛿, the trust-substrate and determinism
roles are weakened. If SCI𝛿 does not rank-order platforms by agent-task success, the SCI construct is
weakened.
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8.5. OQ5: verifier-quality ceiling and flywheel degeneration

Measurement design. Estimate verifier irreducible error 𝜀 on a held-out adversarial panel. Train
a sequence of distilled models with the verifier in the loop; identify the training-generation index
at which validation loss increases. Replicate at several 𝜀 levels. Measure the 𝑅-𝑅★ gap against
Proposition 2’s Pinsker bound.

Null result. If the flywheel degenerates at 𝜀 levels substantially below production verifiers, the
collapse-resistance argument is overstated.

Extension to environment-side evolution. A natural extension: does skill-library quality degrade
faster, slower, or at the same rate as model quality as verifier error increases? Proposition 3 predicts
the rates differ by 𝜇/𝑑; the experiment measures that factor empirically.

8.6. Towards a non-saturating benchmark

We propose a verifiable-environment benchmark in which each capability is scored by actual settlement,
fulfilment, or manufacturability outcome, following the trajectory of Chollet (2019); Ho et al. (2025);
Jimenez et al. (2024); Liu et al. (2024); Xie et al. (2024); Yao et al. (2024); Zhou et al. (2023). The
benchmark is the public-good counterpart of investment thesis (I5).

8.7. A pilot measurement: 𝜏-bench under controlled 𝛿

While the full OQ programme requires sustained research investment, a first-pass test of the 𝛿𝑘 bound
is achievable on existing benchmarks. We sketch a lightweight protocol.

Setup. Take 𝜏-bench (Yao et al., 2024), which evaluates multi-step agent workflows against a retail
back-end. Instrument the back-end’s tool-execution layer with a deterministic-seeded perturbation
hook that, with probability 1 − 𝛿inj per tool call, replaces the ground-truth API response with a
semantically plausible incorrect alternative. The injector is template-driven (not LLM-generated)
to make replications byte-identical: a fixed dictionary mapping each tool to a pool of canonical
perturbations (stale inventory → inventory−1 unit, price perturbation → ±5%, attribute swap →
swap with a randomly chosen sibling SKU from the same category). The perturbation seed is fixed
per (task ID, trial ID, 𝛿inj) triple.

Protocol. Run the benchmark at 𝛿inj ∈ {1.0, 0.95, 0.9, 0.8, 0.7} across three agent architectures
(direct prompting, ReAct, and a Reflexion-augmented agent (Shinn et al., 2023)). For each (𝛿inj, agent)
cell, record chain-task success rate over 𝑛 ≥ 200 episodes, stratified by 𝜏-bench’s nominal chain-length
𝑘. Estimate the effective chain length 𝑘eff per agent architecture by maximum-likelihood fit of the
model 𝑃success = 𝛿

𝑘eff
inj in logit space, with 𝑘eff as the single free parameter and 95% confidence intervals

via bootstrap over episodes. Report inter-trial reproducibility (variance of success across 3 seed
replications per cell) as a robustness diagnostic.

Expected outcome. If the position is correct, the empirical success-rate curve should track 𝛿𝑘effinj for
an effective chain length close to the benchmark’s nominal chain length. Reflexion should shift 𝑘eff
downward but not eliminate the exponential shape (Remark 2).
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Null result. If, after the bootstrap-CI analysis, Pr[success] is approximately invariant to 𝛿inj across
agents (slope statistically indistinguishable from zero on the logit-transformed curve), the 𝛿𝑘 bound
does not bite in practice and the determinism framing is empirically unsupported.

Power analysis. At 𝑛 = 200 per cell and binary outcomes, the standard error on the estimated
success rate is bounded by 1/(2

√
200) ≈ 0.035. The position predicts (at 𝑘eff = 6, the median nominal

𝜏-bench chain length) success rates of {1.0, 0.74, 0.53, 0.26, 0.12} across the five 𝛿inj levels; adjacent-
cell gaps are {0.26, 0.21, 0.27, 0.14}, each substantially above 2 × 0.035 = 0.07. The proposed 𝑛 is
therefore adequate to distinguish the position’s prediction from a null at the 95% level.

8.8. Preliminary empirical grounding

The scale of verifiable signal in real economic environments is already substantial. As one anchored
data point for settlement-class signals: Stripe’s public disclosures indicate over a trillion dollars in
2024 payment volume across hundreds of millions of transactions (Stripe, 2024), implying ∼106–107
verifiable settlement events per day at that single platform. We restrict this anchor to settlement-class
signals: Stripe is a payments processor and does not provide direct evidence for sourcing, fulfilment,
or quality-inspection throughputs, which are the multimodal signal classes most relevant to the
grounding argument. Whether large B2B sourcing platforms reach comparable daily throughput
on the broader signal classes (order confirmations, shipment verifications, quality inspections) is an
empirical question that OQ1’s measurement design is exactly intended to answer.
For comparison: the largest curated RLHF preference datasets contain 𝑂(105) comparison

pairs (Bai et al., 2022; Ouyang et al., 2022); even scaled-up RLVR pipelines produce 𝑂(106) veri-
fication events per training run (Dubey et al., 2024; Wang et al., 2024b). Settlement-class signal
alone therefore provides at least a 10× daily-throughput advantage over curated alignment efforts;
the multimodal sourcing-class signal advantage is what OQ1 measures.

Signal-quality caveat. Throughput is not the only relevant axis: most settlement signals are binary
(cleared or returned) and not labelled at concept-discovery granularity. The position’s flywheel claim
therefore rests on quality-weighted, not raw, signal volume; OQ1 must control for label density and
concept-coverage per signal class, not just count signals.
Recent benchmarks have begun to operationalise this industrial complexity: holistic e-commerce

agent evaluation (Min et al., 2025), industrial knowledge boundaries (Bai et al., 2026), multi-image
product understanding for industrial catalogues (Qi et al., 2026), and operator-class long-horizon
evaluation (Xie et al., 2024; Yao et al., 2024). These confirm that verifiable settlement and fulfilment
signals can serve as scalable ground-truth for agent evaluation. While individual platforms are
proprietary, the OQ programme can be instantiated on any supply environment meeting conditions
(i)–(v) at 𝐷 ≥ 3. Multiple independent instantiations are expected.

9. Counterarguments, Competing Positions, and Boundaries

A position is strongest when its boundaries are explicit. We split the discussion into (a) objections
internal to the position and (b) three competing positions held by serious researchers that predict
different outcomes.
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A. Objections internal to the position

9.1. Domain specificity

Objection. Even granting that commercial supply is a privileged grounding substrate for commerce-
adjacent capabilities, does grounding generalise beyond commerce? (Bostrom, 2014; Morris et al.,
2024).

Reply. We do not claim universality. The position is a capability-subset claim: grounding-driven
dominance for tasks whose verification is naturally economic, physical, or multi-party. Purely linguistic
or aesthetic tasks are outside scope. Scientific verification has its own substrates; we view this as
future work.

9.2. Adversariality of trustworthy fields

Objection. Decision-grade fields have a long-tail distribution and are subject to adversarial forgery (Big-
gio and Roli, 2018; Eykholt et al., 2018). Trustworthiness is a moving target.

Reply. We agree. The verifier must be continually hardened; OQ5’s 𝜀 is the formal quantity adversar-
ial corruption increases. The position weakens in proportion to the rate at which adversaries corrupt
decision-grade fields faster than verifier retraining.

9.3. Incentive misalignment and systemic risk

Objection. A strong trust substrate also amplifies incentive misalignment, instrumental convergence,
and systemic risk (Hendrycks et al., 2023; Ngo et al., 2022; Russell, 2019). Building the substrate
without governance is irresponsible.

Reply. The position is conditional: build the substrate, and governance must keep pace (Anderljung
et al., 2023; Bengio et al., 2024; European Parliament and Council, 2024; Koessler et al., 2024). Each
investment thesis (Section 7.6) concentrates capital and governance attention.

9.4. Coordination risk

Objection. The flywheel only turns when data standards are shared. Fragmented schemas and
platform fragmentation will erode efficiency (Benkler, 2002; Lessig, 2006).

Reply. Coordination is a first-class friction. The argument is not that supply grounding is free; it is
that it pays back its coordination cost in regimes where agents consume verifiable signal faster than
human-curated schemas produce it. The MCP / A2A protocol layer is precisely the standardisation
investment whose cost is being paid back.

9.5. Data sovereignty and reproducibility

Objection. Supply data is proprietary. If the position depends on data only platform operators can
access, it cannot be independently verified.2
2A related objection concerns citation status: the methodological-anchor citations in this paper (see Ding 2026a,b inter

alia) are cited as support for specific claims — trajectory recycling and verifier adaptivity — not as evidence that the
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Reply. The position does not require data sharing between competitors. It requires each participant
to build a grounding flywheel on their own supply data, climbing the DMM ladder to create a new
form of platform moat (Coase, 1937). For open science: (a) public benchmarks (Section 8.8); (b)
the falsifiable form is “any environment satisfying (i)–(v) at 𝐷 ≥ 3 should exhibit the predicted
advantage”; (c) anonymised aggregate statistics can be published without trade secrets.

9.6. Stakeholder tensions the position creates

The DMM and SCI implicitly side with agentic consumers in conflicts that the supply environment
must mediate. Four stakeholder perspectives are in tension with the position as written:

End users / consumers. Personalisation, exploration injection, and engagement-optimised ranking
are user-welfare features for human-facing surfaces. Pushing platforms to 𝐷3/𝐷4 on user-facing
surfaces would impose real welfare costs on this constituency. The defensible position is persona-
conditioned determinism: deterministic interfaces under an agent persona, conventional engagement-
optimised interfaces under a human persona. The DMM should be read as a property of the agent-
persona surface, not of the platform’s user-facing surface.

Suppliers / sellers on supply platforms. Smaller or newer suppliers benefit from exploration
injection that 𝐷3 removes; 𝐷3/𝐷4 ranking with stable, faithful order concentrates visibility on
incumbents with established trust signals. This is a real cost the position does not internalise; the SCI’s
trustworthy-supply property treats supply-side coverage as a gain without engaging the distributional
effect on the supply side itself. A future extension should model the supply-side incentive implications
of climbing the DMM.

Regulators and competition authorities. Deterministic substrates concentrate agent access into a
few platforms that have invested the capital to climb the DMM ladder. We celebrate this as a “platform
moat” (Section 9 reply to data sovereignty) but the antitrust corollary is real: agent-mediated
commerce on 𝐷3/𝐷4 substrates is a more concentrated market than the equivalent on 𝐷2 substrates.
The EU Digital Markets Act and U.S. FTC merger guidelines on platform gatekeeping are directly
adjacent; the position has no answer for them.

Smaller platforms and developing-market marketplaces. DMM compliance has a capital cost
(verifier service, skill registry, telemetry plane). 𝐷3 is achievable for hyperscale incumbents and
may be out of reach for small or developing-market platforms. A world stratified by DMM level
concentrates flywheel-grade data into incumbents who can train and serve foundation agents; smaller
platforms become data tributaries rather than independent flywheel operators. This is a real concern
even if the formal position is correct, and we list it as a Limitations bullet (Section 10).

B. Strong competing positions

We engage three competing positions. Each predicts different outcomes and provides a route by
which the position could lose.
position has been validated. Only Ding et al. (2023) is directly cited by the AGI→ASI survey (Genewein et al., 2026) we
extend.
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9.7. Competing position 1: sim-to-real suffices

The strongest version of this position holds that photorealistic simulation with domain randomisa-
tion (OpenAI et al., 2019; Tobin et al., 2017), co-evolving world models (Bruce et al., 2024; Fang
et al., 2025; Hafner et al., 2020), and zero-shot transfer will close the gap before deterministic real
environments become widespread, implying that marginal compute on simulator fidelity dominates
marginal compute on real-environment determinism. Section 4.6 gives the structural reply: simula-
tors inherit a designer-ontology cap, a verifier ground-truth shift, and a reward-design fragility that
qualifying real environments do not. The position loses if OQ1 returns null, and we commit to that
null in advance.

9.8. Competing position 2: better alignment training suffices

Position. Better RLHF / RLAIF / weak-to-strong supervision plus cognitive architectures (Bai et al.,
2022; Burns et al., 2024; Ouyang et al., 2022; Shinn et al., 2023; Sumers et al., 2024; Yao et al.,
2023) will absorb environmental noise. The environment can stay stochastic.

What it predicts. Per-step success rates will climb fast enough that 𝛿𝑘 ceases to bite before deter-
ministic environments become widespread.

Our reply. This is the position we take most seriously. Proposition 1 is a per-step argument: model
robustness reduces effective non-deterministic steps but does not change the exponential shape
(Remark 2). Proposition 2 bounds how far alignment training alone takes a policy under fixed-quality
verifiers. Better training and better environments are complements; the position loses if operator-class
deployments reach end-to-end success rates above 90% on workflows of chain length 𝑘 ≥ 8 in 𝐷2
environments — the regime in which Proposition 1 predicts below-50% success at 𝛿 = 0.9 even with
a generous retry budget (Remark 2). We commit to retraction in that case.

Variant: orchestration-first frameworks. A practitioner-side variant of this position is held by
orchestration-first frameworks (LangChain, LangGraph, CrewAI, AutoGen): the answer is not better
training but better scaffolding— state machines, retry policies, human-in-the-loop checkpoints, and
typed memory — wrapped around the existing stochastic environment. This variant inherits the
same per-step counter-argument: scaffolding reduces effective 𝑘 via batching and checkpointing but
does not change per-step 𝛿. Where the orchestrator’s own decision edges are themselves stochastic
(LLM-routed tool selection, model-as-judge gating), the scaffolding introduces additional 𝛿-loaded
steps and can worsen the chain-task budget. The position’s prediction: orchestration frameworks built
on 𝐷2 environments will hit a ceiling that the same orchestration on 𝐷3/𝐷4 does not.

9.9. Competing position 3: AI as normal technology

Position. Narayanan and Kapoor (2024) argue that AI’s deployment will resemble prior general-
purpose technologies, with adoption gated by institutional and regulatory diffusion — not sharp
infrastructure inflections.

What it predicts. Agent-task success improves through gradual sociotechnical channels with no
discontinuous improvement at any infrastructure inflection point.

30



Grounded Scaling: Why Agentic AI Needs Deterministic Environments

Our reply. We do not contest institutional adoption; we contest the absence of an inflection. The
𝐷2→ 𝐷3 transition is non-linear: below the verifier-channel threshold the flywheel does not turn;
above it, it compounds. If OQ4 returns a smooth fit with no inflection, this competing position is
supported and ours is weakened.

9.10. What would force retraction?

• OQ1 null AND OQ5 high-𝜀 ⇒ flywheel half invalidated.
• OQ2 null AND OQ3 null⇒ grounding-as-leverage retracted to multi-agent-trust-only.
• Concurrent failure of OQ1–OQ4⇒ position comprehensively refuted.
• 𝛿 does not predict chain-task success across domains⇒ determinism framing abandoned.
• Operator-class deployments exceed 90% end-to-end success on 𝑘 ≥ 8 workflows in 𝐷2 environ-
ments⇒ competing position 2 wins; retract.

• Smooth OQ4 fit consistent with Narayanan and Kapoor (2024)⇒ competing position 3 wins;
retract inflection claim.

10. Conclusion

We have argued that the central frictions on AGI→ASI progress — data wall, abstraction barrier,
embodied bottleneck, multi-agent trust — are not first-order compute problems but Grounding prob-
lems, and that commercially self-sustaining supply environments satisfying a deterministic interface
guarantee form a privileged grounding substrate. Three formal results anchor the argument:

• the Determinism–Efficiency Bound (Proposition 1): chain-task success degrades as 𝛿𝑘;
• the Verifier–Goodharting Floor (Proposition 2): flywheel asymptotics bounded by verifier quality

𝜀;
• the Grounded Self-Evolution Convergence Condition (Proposition 3): environment-side skill
evolution accumulates iff 𝛿 > 𝛿min.

We have decomposed Supply Certainty into five properties aggregated into the Supply Certainty Index
(Definition 2), proposed a Determinism Maturity Model (Section 7.7) as an adoption ladder, named
five investable primitive categories (Section 7.6), and committed to a falsifiable strong form with five
open questions whose null results would weaken or retract the position. We have engaged explicitly
with three strong competing positions, each of which would force retraction of specific claims.

A sustainability corollary

Every failed chain-task is a form of wasted compute: an agent that fails at step 𝑗 < 𝑘 of a 𝑘-step plan
consumes inference cost for 𝑗 steps and produces nothing. The 𝛿𝑘 bound implies that environment
determinism is a major lever for compute efficiency in agentic workloads at scale. A platform moving
from 𝛿 = 0.8 to 𝛿 = 0.95 on 𝑘 = 6 workflows shifts chain success from 0.26 to 0.74, cutting wasted
inference roughly 2.8× before any model-side optimisation.

Partial-equilibrium caveat. This is an inference-layer, holding-everything-else-constant calculation;
a full lifecycle accounting must include (i) the upstream cost of building the higher-𝛿 substrate (verifier
services, telemetry plane, dedicated agent-persona infrastructure), (ii) retry-induced compute on
failed chains (Remark 2: shared retry budgets reduce the multiplier), and (iii) amortised training
compute over the lifetime of agents deployed against the substrate. We do not perform that full
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life-cycle accounting here; we observe only that the inference-layer multiplier is large enough that
sustainability and capability arguments point in the same direction on the 𝐷2→ 𝐷3 transition, and
leave the precise life-cycle decomposition as future work.

Limitations

Four limitations the present paper does not resolve. First, all three formal results (Propositions 1, 2, 3)
depend on the verifier returning consistent verdicts on independent trials; verifier corruption mid-
deployment is bounded only at the asymptotic 𝜀 level and is not modelled as a time-varying adversarial
process. Second, the Supply Certainty Index is a composite designed for platform comparability within
a domain, not for absolute capability prediction across domains; an SCI𝛿(E) = 0.8 in one domain may
correspond to capabilities that differ substantially from SCI𝛿 = 0.8 in another. Cross-domain absolute
comparison is out of scope. Third, the position is consistently positive-conditional: if the substrate is
built, then the flywheel turns. We do not address the governance side — whether the substrate should
be built at every site — leaving that to the governance literature (Anderljung et al., 2023; Bengio
et al., 2024; European Parliament and Council, 2024; Hendrycks et al., 2023; Koessler et al., 2024).
Fourth, the position has a power-concentration corollary it does not internalise. DMM compliance has a
real capital cost (verifier service, skill registry, telemetry plane); a world stratified by DMM level will
see flywheel-grade data accumulate in hyperscale incumbents who can afford to climb, while smaller
and developing-market platforms become data tributaries. We celebrate this as a “platform moat” in
Section 9’s reply to the data-sovereignty objection, but the equity and antitrust corollaries deserve
treatment in follow-on work (Section 9.6).

Provocation. If the position is correct, the most undervalued asset on the way to superintelligence
is the existing infrastructure of verified commercial transactions. These signals are produced as
by-products of ordinary economic activity, and they constitute a large reservoir of grounding data
that no amount of synthetic generation can substitute for.
We expect the decisive competitive variable for agentic AI in the coming years to be how much of

the world a platform can verifiably observe and expose to agents at 𝐷3 or above. Compute remains
necessary; it is not sufficient.
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A. Appendix: Mapping Table and DMM Cross-Reference

Table 3 summarises the grounding mapping argument of Sections 3–7 in a single view. Columns list (i)
the AGI→ASI bottleneck, (ii) the supply-certainty property that addresses it, (iii) a generic operational
proxy by which an implementation could be measured without recourse to any organisation’s internal
targets, (iv) the falsifiable measurement (one of OQ1–OQ5), (v) the suggested literature anchor, and
(vi) the DMM level (Section 7.7) at which the property becomes load-bearing.

How to read. Each row is the assertion that the listed bottleneck is best addressed by the listed
property, measurable along the listed proxy, with the listed open question available as a refutation
route, the listed literature as the most direct anchor, and the listed DMM level as the operational
threshold below which investment does not pay back.
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Bottleneck Property Generic operational proxy Falsifiable
measurement

Literature anchor DMM

Data wall Thick Coverage of long-tail leaf cate-
gories; demand-to-supply trans-
lation recall; net new SKU rate

OQ1 (sample
efficiency and
collapse onset)

Ding et al. (2023);
Shumailov et al.
(2024); Villalobos
et al. (2024)

≥ 𝐷3

Abstraction
barrier

Understandable Same-item clustering preci-
sion/recall; attribute-governance
coverage; verified knowledge-
graph size

OQ2 (post-
ontology
stable concept
share)

He et al. (2022);
Ortega et al.
(2021); Wang et al.
(2024c)

≥ 𝐷3

Embodied bot-
tleneck

Customisable Manufacturability rate of gener-
ated CAD artefacts; CAD-kernel
coverage; spec-to-first-quote la-
tency; factory-capacity matching
accuracy

OQ3 (latency-
floor slope un-
der AI invest-
ment)

Genewein et al.
(2026); Lawrence
(2024)

≥ 𝐷3

Multi-agent
trust

Trustworthy Decision-grade-field coverage;
verified-supply set size; indepen-
dent judge precision/recall; field
freshness

OQ4 (match-
ing scaling
under 𝜏supply);
OQ5 (verifier
ceiling)

Burns et al. (2024);
Lambert et al.
(2024); Tomašev
et al. (2025);
Zhang et al.
(2024)

𝐷3 →
𝐷4

(Matching
structure)

Comparable Cluster precision and Cov@k of
same-item retrieval; independent
judge precision/recall

OQ4 (match-
ing quality
scaling)

Hong et al. (2024);
Leibo et al. (2019);
Liu et al. (2025)

≥ 𝐷3

Table 3 | Grounding mapping summary, extended with DMM-level attribution. The table is the
appendix counterpart of Figure 1 and is the load-bearing summary of the paper’s positive content.
The DMM column gives the minimum maturity level at which the corresponding property becomes
load-bearing on the position; below that level, investment in the property does not pay back via
Proposition 3.

Cross-reference: propositions, definitions, and questions

For convenience, the load-bearing formal artefacts of the paper are:

• Definition 1 — Deterministic Agentic Environment.
• Definition 2 — Supply Certainty Index.
• Proposition 1 — Determinism–Efficiency Bound.
• Lemma 1 — Correlation reshapes but does not erase exponential degradation.
• Remark 2 — Retries do not erase the bound.
• Proposition 2 — Verifier–Goodharting Floor.
• Proposition 3 — Grounded Self-Evolution Convergence.
• Box 1 — Falsifiable strong form.
• Box 2 — Assumptions of Proposition 1.
• Box 3 — Assumptions of Proposition 2.
• Box 4 — Five sufficiency conditions for a privileged grounding environment.
• Box 5 — Grounded Self-Evolution Principle (qualitative).
• Box 6 — Five investment-thesis categories.
• Box 7 — Determinism Maturity Model levels 𝐷0–𝐷4.
• Box 8 — The OQ1–OQ5 open-question programme.

42



Grounded Scaling: Why Agentic AI Needs Deterministic Environments

Notation table

The paper uses several closely related symbols for environment determinism and verifier quality. We
collect them here for reference.

Symbol Meaning First use Notes

𝛿, 𝛿(E) Per-step success probability of
environment E against ground
truth

Box 2 (A1) The general environment-
level quantity

𝛿𝑖 Per-step success probability of
step 𝑖 in a chain

Lemma 1 Allows steps to differ

𝛿𝑖 (𝑠) Per-step success conditional
on session state 𝑠

Lemma 1 Random variable in 𝑠

𝛿𝑖 := 𝔼𝑠 [𝛿𝑖 (𝑠)], marginal per-
step determinism

Lemma 1 Marginal expectation

𝛿env Environment-aggregate deter-
minism in 𝑄match

§7 Same as 𝛿(E)

𝛿inj Injected determinism in the 𝜏-
bench pilot

§8.7 Experimentally controlled

𝛿min, 𝛿max Convergence thresholds for
environment-side evolution

Box 5, Prop. 3 Defined by sufficient condi-
tion

𝜀 𝐷KL (𝑉 ∥ 𝑉★), verifier KL gap Box 3 (B1) Verifier-quality measure
𝜀max Verifier-quality threshold for

monotone evolution
Box 5 Defined by sufficient condi-

tion
𝐶 ∥𝑅∥∞, reward sup-norm

bound
Box 3 (B3) Replaces v8/v9’s 𝐿-

Lipschitz
𝜏supply Decision-grade-field coverage

rate
§7 Supply-trust scalar

SCI(E; 𝐷) Supply Certainty Index, appli-
cable subset 𝑃𝐷

Def. 2 [0, 1]

SCI𝛿 𝛿-corrected SCI Def. 2 := 𝛿 · SCI
𝑘 Chain length §1, Prop. 1 Number of steps
𝑘eff Effective chain length (post-

retry)
§8.7 Fit parameter

𝑟, 𝐵 Per-step retry budget; total
retry budget

Remark 2 𝑟 = 𝐵/𝑘 under shared bud-
get; 𝐵 rather than 𝑅 to
avoid clash with reward 𝑅

Table 4 | Notation used in the paper, with first-use location and short definition.

What is deliberately absent. This appendix does not contain quantitative targets from any specific
organisation. The position is intended to be a generic structural claim testable in any sufficiently rich
commercial supply environment, not a report on a particular system. Readers who need illustrative
numbers are referred to the public sustainability reports and disclosures of major sourcing platforms.

Glossary
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Term Meaning Page

Abstraction Barrier The hypothesis that current learning paradigms cannot
reliably discover new conceptual primitives beyond those
latent in human-produced text and labels.

2

Agent-to-Agent
(A2A)

Interaction protocols and market structures in which the
buying, scheduling, and reconciliation are performed by
autonomous agents rather than humans.

6

Category-Property-
Value (CPV)

A canonical structured representation of a commercial good
comprising its taxonomy node, its attributes, and the
realised value of each attribute; the operational counterpart
of a product ontology.

14

Customer-to-
Manufacturer (C2M)

A short-loop production model in which buyer-side
specifications drive small-batch upstream manufacturing,
with intermediate feedback between demand, design, and
factory capacity.

6

Data Flywheel A closed loop in which deployment outcomes are passed
through a verifier and fed back as training signal, so that
model and product improve jointly over time.

6

Data Wall The projected exhaustion of high-quality public training
tokens in the early 2030s; a frequently cited bottleneck on
continued scaling of large language and multimodal models.

2

Deterministic
Environment

An environment that returns responses which are stable
under repeated query, faithfully ranked by relevance,
verifiable against ground-truth state, and available within
bounded latency — enabling reliable multi-step agent
execution.

2

Effective Compute The product of nominal hardware compute and algorithmic
efficiency; growth rate is estimated at roughly an order of
magnitude per year over the past decade.

2

Embodied
Bottleneck

The linear physical slowdown that real-world
experimentation imposes on otherwise digital learning loops,
especially in manufacturing-dependent settings.

2

Grounded Scaling The position, proposed in this paper, that the marginal
return of compute is gated by the availability of verifiable
real-world signal; bottlenecks that limit grounding limit
scaling.

6

Grounding Acquisition, representation, interaction with, and trust in
verifiable real-world state; the common substrate that
simulation, self-generation, and pure scaling cannot supply
on their own.

6

Model Collapse The degradation of generative models when trained
recursively on their own outputs without sufficient
anchoring to real-world distribution.

6

Multi-Agent Trust The requirement that agents in a multi-party economy share
verifiable signals about identity, capability, inventory, and
price before reliable cooperation or transaction is possible.

2
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Term Meaning Page

Supply Certainty A decomposable property of a real-world supply
environment consisting of being understandable,
comparable, trustworthy, thick, and customisable to machine
consumers; aggregated by the Supply Certainty Index (SCI)
over the domain’s applicable subset.

6

Verifier A learned or rule-based judge that scores agent or model
outputs against grounded outcomes (e.g. transaction
settlement, manufacturability, fulfilment), serving as a
reward source for downstream training; bounded by the
Verifier–Goodharting Floor of Proposition 2.

6
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