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ABSTRACT

A coding agent combines a large language model (LLM) with a harness that plans,
edits, and executes code. We study Cortex, a supervisory layer for pre-execution
governance, requirement tracking, and iterative validation and repair. We formalize
requirement closure on a finite lattice. For a fixed requirement set and a sound,
monotone validation rule with persistent evidence, exhaustive iteration reaches the
least fixed point with no more strict increases than there are requirements. Fair
consequence scheduling reaches the same closure. A separate stochastic model
bounds expected completion time under a uniform positive-progress assumption.
These results depend on their stated assumptions; artifact repair, fallible validation,
and finite execution budgets do not satisfy them automatically.
We define Gauntlet’s trajectory-similarity and build-gated scores, attack-success
estimators, Wilson intervals, and case-cluster bootstrap summaries. Effective-
feedback accounting counts newly certified requirements, rather than estimating
their information value or utility. The five evaluation families support raw-versus-
governed comparisons. We report retained benchmark observations, including
rescoring of existing artifacts; constructed outcomes are excluded. Unequal obser-
vation sets and incomplete provenance prevent causal claims about governance or
measured long-horizon scaling.

1. INTRODUCTION

An LLM coding harness turns model output into tool calls, file changes, and shell commands. Task
competence and execution control are distinct properties: a capable agent can follow malicious in-
structions (Wei et al., 2023; Greshake et al., 2023), while a restricted agent can still leave requirements
unresolved on a long task (Zhang et al., 2026).

Cortex configures governance and orchestration around a base harness. Governance applies pre-
execution checks and capability/dependency policies. Orchestration analyzes instructions, tracks
requirements, and coordinates validation and repair within a resource budget. Action filtering
alone does not establish planning competence or complete request-level safety. Validation may use
executable checks, fixed rules, or model-based judgments; their reliability is a separate evaluation
question. We study these contracts through the Gauntlet benchmark framework.

Inference-time sampling, search, and revision trade additional computation for task performance
(Snell et al., 2024; Brown et al., 2024), complementing training-time scaling laws (Kaplan et al.,
2020; Hoffmann et al., 2022). The effective-feedback perspective (Zhang et al., 2026) motivates
tracking valid, nonredundant feedback that remains useful after later edits, rather than counting only
tokens or tool calls. Our requirement count is an operational measure of retained progress. Classical
value of information (Howard, 1966) and value of computation (Russell & Wefald, 1991) also require
beliefs, utilities, and costs; a ledger update does not determine either value.

We address (i) what an idealized supervisory layer guarantees under stated assumptions and (ii) how
its implemented behavior can be evaluated. The least fixed point in (i) is the closure of a specified

∗Canonical paper and latest results:
https://benchmark.cortex.a2olabs.com
https://cortex.a2olabs.com
Benchmark source: https://github.com/Xpitfire/cortex-gauntlet.

1

https://benchmark.cortex.a2olabs.com
https://cortex.a2olabs.com
https://github.com/Xpitfire/cortex-gauntlet


Preprint. September 15, 2026

validation rule, which may leave required work unresolved. The metrics and comparison protocol
in (ii) do not establish that a particular implementation satisfies the theorem’s hypotheses or that
historical arm differences isolate governance alone.

CONTRIBUTIONS

• A typed action-filter model and a conditional finite-lattice model of requirement closure
(Sections 3–4).

• A proof of finite closure, oracle-relative soundness, and fair-schedule independence under
explicit assumptions (Theorem 1), plus accounting and conditional hitting-time bounds
(Propositions 1–2).

• Definitions and domain restrictions for the implemented evaluation metrics (Section 5).
• A five-family evaluation protocol, with implementation and historical-evidence limitations

made explicit rather than treated as experimental conclusions (Sections 6–9).

2. RELATED WORK AND THEORETICAL LINEAGE

Neurosymbolic and cognitive computation. Combining neural generation with symbolic constraints
is one form of neurosymbolic integration (Garcez & Lamb, 2023; Kautz, 2022). Validation–repair
cycles also resemble the repeated rule application of classical cognitive architectures: the problem-
space account of Newell and Simon (Newell & Simon, 1972), SOAR (Laird et al., 1987), and ACT-R
(Anderson et al., 2004). Section 4 isolates a finite consequence operator, rather than modeling a
complete cognitive architecture.

Fixed-point semantics. Our convergence argument rests on the least-fixed-point semantics of
monotone operators: van Emden & Kowalski’s immediate-consequence operator and its least fixed
point as the meaning of a logic program (van Emden & Kowalski, 1976), the Knaster–Tarski lattice
fixed-point theorem (Tarski, 1955), and Kleene iteration (Kleene, 1952). Where an operator is a
contraction on a metric space, Banach’s theorem (Banach, 1922) gives uniqueness and a rate; we use
the lattice formulation because the requirement state space is naturally a finite complete lattice.

Evaluation. Capability over trajectories is scored by VERTEX, defined in Section 5.1: embedding
cross-similarity against a reference descriptor set, with a presence component (BERTScore-style
bidirectional matching (Zhang et al., 2020)) and an order component (distance-decayed dynamic
time warping (Sakoe & Chiba, 1978)), each affinely recalibrated against the matrix’s mean-similarity
baseline. Embedding comparison also appears in trajectory evaluation (Dinu et al., 2024; Patel et al.,
2024). Gauntlet applies this construction to extracted descriptors, whose order need not represent an
observed execution trajectory. For integers 1 ≤ k ≤ n, the any-seed attack-success estimate uses
pass@k (Chen et al., 2021). Under independent trials with common success probability p ∈ [0, 1],
it is unbiased for 1− (1− p)k. Success rates carry Wilson intervals (Wilson, 1927) and bootstrap
summaries (Efron, 1979). The optional rubric judge draws on G-Eval (Liu et al., 2023), MT-Bench
(Zheng et al., 2023), and Prometheus (Kim et al., 2024). Their bias analyses motivate judge validation
but do not establish the validity of Gauntlet’s judges. Safety draws on the jailbreak (Wei et al., 2023)
and real-world prompt-injection (Greshake et al., 2023) literatures.

Scaling, test-time compute, and effective feedback. Training scaling laws relate compute, data, and
loss (Kaplan et al., 2020; Hoffmann et al., 2022); inference-time search and revision trade compute
for accuracy (Snell et al., 2024; Brown et al., 2024). Effective-feedback work (Zhang et al., 2026)
motivates measuring usable feedback. We count newly certified requirements, as formalized in
Section 4.3. This finite-set accounting identity neither derives an empirical scaling law nor establishes
that equal counts represent equal information or utility.

Iterative feedback, verification, and metareasoning. ReAct interleaves reasoning and interaction
(Yao et al., 2023); Self-Refine and Reflexion study feedback and revision (Madaan et al., 2023;
Shinn et al., 2023). Process supervision is a distinct approach to evaluating intermediate reasoning
steps (Lightman et al., 2024). Repository issue resolution is studied in benchmarks such as SWE-
bench (Jimenez et al., 2024); it is not the common evaluation setting of all these methods. Our
theorem concerns any operator satisfying its assumptions. An implementation requires a separate
conformance argument. Value of information (Howard, 1966) and rational metareasoning (Russell &
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Wefald, 1991) provide decision-theoretic context, without supplying a utility model or an optimal
computation-selection policy for the present framework.

Analyze Plan Execute Validate Coordinate

requirements milestones + checks candidate revision fresh evidence decide next step

repair + revalidate

accept or stop

Code repairs can invalidate earlier certificates.

Re-check changed and dependent requirements.

Figure 1: Schematic execution–validation–repair architecture. Its consequence-operator abstraction
requires a sufficient requirement state, monotone validation, and sound persistent certificates (Section
4.2). The operational repair cycle does not establish those assumptions.

3. PRELIMINARIES AND NOTATION

We write N0 = {0, 1, . . .}, N+ = {1, 2, . . .}, R for the reals, and I = [0, 1]. For finite X , |X|
denotes cardinality and 2X the power set. For nonempty finite or countable X , ∆(X) = {p ∈ RX

≥0 :∑
x∈X px = 1} is the set of discrete probability distributions. For d ∈ N+, Sd−1 = {v ∈ Rd :

∥v∥2 = 1}, with Euclidean inner product ⟨u, v⟩ ∈ [−1, 1] for u, v ∈ Sd−1. For real x, a, b with
a ≤ b, clamp(x; a, b) = min(max(x, a), b). The indicator 1{E} equals 1 when statement E holds
and 0 otherwise.

Order-theoretic objects. A complete lattice (L,⊑) has a least upper bound and a greatest lower
bound for every subset, including bottom and top elements. A map f : L → L is monotone when
x ⊑ y implies f(x) ⊑ f(y), and inflationary when x ⊑ f(x). These are distinct properties. A fixed
point satisfies f(x) = x. A monotone map on a complete lattice has a least fixed point lfp(f) (Tarski,
1955).

Agent objects. Let A and O be nonempty countable action and observation spaces. A distinguished
outcome ⊥a /∈ A denotes refusal without execution, not the lattice bottom. Set A⊥ = A ∪ {⊥a} and
include refusal observations in O. The history space H = (A⊥ ×O)∗ contains all finite execution
histories, including the empty history. A base policy π : H → ∆(A) proposes ordinary actions. For
a finite, possibly empty index set J , let hj : H×A → {0, 1}, j ∈ J , be hooks; 1 means blocked.

Task objects. Fix a finite requirement set R = {r1, . . . , rN}, N ∈ N0, and required subset Rreq ⊆ R.
The abstract state S ⊆ R records certified requirements. The lattice (2R,⊆) has join ∪, meet ∩,
bottom ∅, and top R. The abstraction ν : 2R ×R → {0, 1} determines which further certificates can
be derived from S. Representing evidence by requirement identifiers alone requires the sufficiency
assumption in Section 4.2; an actual workspace, tests, and execution history contain more information.

Metric objects. Let D be finite text descriptors and D∗ =
⋃

m∈N0
Dm their finite sequences. The

embedding φ returns a unit vector for nonzero embeddings; the implementation uses the zero vector
for a descriptor with no embedding features. Thus its full codomain is Sd−1 ∪ {0}, and an exact text
match need not score 1 for a zero vector. Signals sk ∈ I combine with weights w ∈ ∆({1, . . . ,K}),
K ∈ N+.

4. THE CONTROL LAYER: GOVERNANCE AND ORCHESTRATION

The action filter and requirement-closure operator describe different contracts. The first restricts
proposed actions at a specified history; the second describes an idealized validation closure. Neither
alone proves real-world task correctness.
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4.1 GOVERNANCE AS A PROJECTION ON THE ACTION SPACE

At fixed H , let AG(H) = {a ∈ A : hj(H, a) = 0 for every j ∈ J}. Define GH : A⊥ → A⊥ by

GH(a) =

{
a, a ∈ AG(H),

⊥a, a /∈ AG(H).

In particular GH(⊥a) = ⊥a. Therefore GH ◦ GH = GH : it is an idempotent retraction onto
AG(H) ∪ {⊥a}. The governed policy is the pushforward of the proposal policy:

πG(a | H) = π(a | H)1{a ∈ AG(H)} (a ∈ A), πG(⊥a | H) =
∑

a∈A\AG(H)

π(a | H).

Blocked probability becomes refusal mass, not renormalized admissible mass. Conditional resam-
pling until an admissible action is obtained would be a different policy and is undefined if the original
policy assigns zero mass to admissible actions. Filtering leaves accepted actions unchanged at this
history, but can change later behavior and task utility.

Assumption A1 (complete mediation and hook coverage). Every effect in the claimed protection
boundary is checked before execution against authoritative context, without a check/use race; every
unsafe action in the specified threat class is blocked by at least one hook. Under A1 no action in
that class executes. Pure predicates alone do not establish coverage, and neither false-positive rates
nor semantic safety follow from idempotence. The benchmark must measure refusals and coverage
separately.

4.2 ORCHESTRATION: THE COMPLETION LOOP AS A CONSEQUENCE OPERATOR

For a fixed oracle and requirement set define

Φ(S) = S ∪ {r ∈ R : ν(S, r) = 1}.

Assumption A2 (oracle and evidence). Requirement identifiers are a sufficient summary for this
deterministic rule. Validation is monotone: S ⊆ T, ν(S, r) = 1 ⇒ ν(T, r) = 1. Whenever the
certificates in S are valid for the specified task, every new certificate r ∈ R \ S with ν(S, r) = 1
must be supported by valid evidence and correct for that task. Accepted transitions must preserve
previously valid certificates. The union makes Φ inflationary; the additional monotonicity assumption
makes it monotone. Append-only storage alone does not imply that assumption. For example,
R = {a, b}, ν(S, a) = 0 for all S, and ν(S, b) = 1{a /∈ S} give Φ(∅) = {b} but Φ({a}) = {a}.

Theorem 1 (finite closure, conditional soundness, fair-schedule independence). Let Φ : 2R → 2R be
monotone and inflationary. Starting at S0 = ∅, the iterates St+1 = Φ(St) reach S∗ = lfp(Φ) after
at most |R| strict increases. A further evaluation may be needed to detect stabilization. With A2’s
soundness and persistence conditions, all certificates in S∗ remain valid. Define PASS at closure by
Rreq ⊆ S∗; PASS then certifies those requirements relative to the oracle, not all possible correctness
properties. Starting at ∅, adding enabled consequences in any fair schedule reaches the same S∗.

Proof. Inflationarity gives an increasing chain. Each strict increase adds at least one of the |R|
elements, so the chain stabilizes. If F is any fixed point, then S0 ⊆ F and monotonicity implies
St+1 = Φ(St) ⊆ Φ(F ) = F by induction. The stabilized state is thus the least fixed point.
Soundness follows by induction on certified additions, using both oracle soundness and persistence.
For asynchronous addition, every added requirement is in Φ(S), so the same induction keeps the state
below S∗. Fairness means no persistently enabled missing requirement is postponed forever. Since
there can be only finitely many additions, the eventual state has no enabled missing requirement and
is a fixed point; leastness makes it S∗.

The theorem proves derivability under ν, not that S∗ is exactly the set of requirements achievable
by arbitrary agents. Completeness of the oracle/generator would be an additional assumption. An
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unfair scheduler can omit enabled work forever. Detecting one unproductive stochastic attempt is not
detecting a fixed point of a deterministic exhaustive consequence operator.

Implementation boundary. Real repair passes edit a shared artifact and can regress previously
passing checks. A historical union of successful checks is not a current correctness certificate.
The benchmark uses bounded retries, observation-dependent validation, and score-based candidate
selection; these are not an implementation proof of A2 or exhaustive closure. Fresh validation of the
final artifact is needed for PASS. Raw coding harnesses also take multiple internal actions; a single
benchmark invocation is not a single consequence or a single requirement addition.

certified set size |Sk| fixed monotone Φ · schematic

|R|

|S*|

0 1 2 3 4

operator applications k (illustrative)

unresolved
requirements

∅

Φ(∅)

Φ²(∅)

S* = lfp(Φ)

Φ(S*) = S*

closure need not mean PASS

Figure 2: Illustrative Kleene ascent for the fixed monotone operator of Theorem 1, not a measured
agent trace. At most |R| strict increases occur; one further evaluation may detect closure. A fair
schedule reaches the same least fixed point, which can leave required work unresolved.

4.3 EFFECTIVE FEEDBACK AND THE VALUE OF COMPUTATION

Define the count efc(S) = |Φ(S) \ S| for the abstract operator. It measures newly certified require-
ments, motivated by retained-feedback accounts (Zhang et al., 2026). Along iteration from ∅ under
A2, these additions are valid, nonredundant, and retained. Their information content and utility are
not necessarily equal.

Proposition 1 (effective-feedback accounting). If S0 = ∅ and ST = S∗ = lfp(Φ) is the stabilized
iterate, then

∑T−1
t=0 |St+1 \ St| = |S∗|. If Rreq ⊆ S∗, exactly |Rreq| of these additions are required

certificates. The total number of additions before first completion can exceed |Rreq| because optional
requirements can be added too.

Proof. The disjoint differences St+1 \ St partition S∗. Intersecting that partition with Rreq gives the
required-only identity.

One productive pass can add any number from 1 to |R \ S|. For example, Φ(S) = R completes
arbitrarily many requirements in one pass. Consequently no lower bound on required passes, no
impossibility for single-invocation harnesses, and no advantage over independent sampling follows
from this accounting. An append-only ledger prevents duplicate credit, not duplicate computation.
Positive decision-theoretic value of information or net value of computation requires an explicit
utility/cost model (Howard, 1966; Russell & Wefald, 1991); efc > 0 is not equivalent to either.

4.4 PROBABILISTIC EXECUTION OVER THE FIXED-POINT LATTICE

A stochastic process is separate from the deterministic closure model. Let νobs : H×2R×A⊥×O×
R → {0, 1} validate observed executions. Define U(H,S, a, o) = S∪{r ∈ R : νobs(H,S, a, o, r) =
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1} as historical certificate accumulation. A distinct current-artifact validation set may shrink. For a
requirement-only, time-homogeneous Markov abstraction, assume the conditional law of the next
requirement state depends on the past only through S. Then

P (S, S′) =
∑

a∈A⊥, o∈O
U(S,a,o)=S′

πG(a | S)E(o | S, a),
∑
S′⊆R

P (S, S′) = 1,

where πG(· | S) ∈ ∆(A⊥) and E(· | S, a) ∈ ∆(O) is the observation distribution, including a
refusal observation for ⊥a. Each of U, πG, E must admit this sufficient-state representation. For
general history-dependent execution use Xt = (Ht, St) instead, including all relevant environment
state in the history. Aggregating its transitions by S alone does not in general produce a Markov
chain. Historical certificate accumulation gives P (S, S′) = 0 unless S ⊆ S′ but does not prove
current-artifact correctness.

Completion as a hitting time. Let C = {S ⊆ R : Rreq ⊆ S} and TC = inf{t ∈ N0 : St ∈ C},
with inf ∅ = ∞. For an increasing process C is a closed set; make its states absorbing if the run
stops at first completion. Specify the initial state S0 for all probabilities and expectations.

Proposition 2 (conditional completion time). For a finite increasing Markov chain, suppose every
reachable S /∈ C has Pr(St+1 ⊋ St | St = S) ≥ ε, where 0 < ε ≤ 1. Then Pr(TC < ∞) = 1 and
E[TC ] ≤ (|R| − |S0|)/ε.

Proof. Since R ∈ C, at most |R| − |S0| strict increases can precede completion. Before completion,
the wait for each increase is dominated by a geometric variable of mean 1/ε. Their sum bounds TC

and its expectation; independence of the holding times is unnecessary. A finite expectation implies
almost-sure completion.

An incomplete absorbing state violates the progress assumption. Without that assumption, completion
need not occur and E[TC ] may be infinite. Governance changes the execution law through the
refusal-mass filter of Section 4.1; comparing unsafe-event probabilities additionally requires an
explicit unsafe-event indicator on the augmented state, not merely a subset of satisfied requirements.
A difference of expected completion times is meaningful only when both expectations are finite. No
transition probabilities or completion-time estimates are supplied by the lattice theorem.

5. EVALUATION

5.1 VERTEX TRAJECTORY SIMILARITY

This implementation of VERTEX combines descriptor cross-similarity with an order penalty, inspired
by trajectory evaluation (Dinu et al., 2024; Patel et al., 2024). For nonempty sequences c =
(c1, . . . , cm) and r = (r1, . . . , rn), m,n ∈ N+, define Sij = ⟨φ(ci), φ(rj)⟩ ∈ [−1, 1]. For unit
embeddings this is cosine similarity; zero-vector handling is as in Section 3. Either empty sequence
receives score 0 by convention. Figure 3 shows the two components.

Presence (unordered). A BERTScore-style bidirectional best match (Zhang et al., 2020), where P
(precision) measures how well each candidate descriptor is matched by some reference and Q (recall)
how well each reference descriptor is matched by some candidate:

P =
1

m

m∑
i=1

max(0,max
j

Sij),

Q =
1

n

n∑
j=1

max(0,max
i

Sij),

F =

{
2PQ/(P +Q), P +Q > 0,

0, P +Q = 0.
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Thus P,Q, F ∈ I and min(P,Q) ≤ F ≤ max(P,Q). Negative similarities still enter the order cost
and the matrix-mean baseline below.

Order. Dynamic time warping (Sakoe & Chiba, 1978) minimizes over paths Γ from (1, 1) to (m,n)
with steps (1, 0), (0, 1), or (1, 1). For finite λ ≥ 0, the cost is d(i, j) = (1−Sij)(1+λ|(i− 1)/m−
(j − 1)/n|):

DTW = min
γ∈Γ

∑
(i,j)∈γ

d(i, j), D = max
(
0, 1− DTW

m+n

)
∈ I,

The path has between max(m,n) and m + n − 1 entries. The denominator m + n is a chosen
normalization, not the path length or an upper bound on the cost.

Matrix-mean recalibration. For 0 < ϵ < 1, let b = clamp((mn)−1
∑

i,j Sij ; 0, 1− ϵ) and ηb(x) =

clamp((x − b)/(1 − b); 0, 1). The raw mean lies in [−1, 1], and the clamp ensures a positive
denominator. It is the mean of this candidate–reference pair, not an independently estimated null
expectation. For finite α ∈ [0, 1]:

VERTEX(c, r) = αηb(F ) + (1− α) ηb(D) ∈ I.

The benchmark configuration fixes α = 0.6, λ = 0.5, and ϵ = 0.01 (the baseline-clamp margin).
Proposition 3 records the range and the exact sense of the calibration.
Proposition 3 (range and anchors). VERTEX lies in I. The normalizer is nondecreasing on R and
strictly increasing on [b, 1], with ηb(b) = 0 and ηb(1) = 1. Identical sequences of nonzero unit
embeddings score 1 in exact arithmetic.

Proof. All floored best matches lie in I; the harmonic mean lies between its arguments. Costs are
nonnegative, hence the clamped D lies in I. The normalizer has the stated endpoints and slope
1/(1− b) > 0 on its unclamped interval. The mixture is convex. Identical unit-vector sequences have
unit diagonal similarities, P = Q = 1, and a zero-cost diagonal path, so F = D = 1.

There is no universal chance floor. A constant zero similarity matrix with m = n has F = 0, D =
1/2, hence score 0.2 at the default mixture. With m = 1, n = 9 and λ = 0.5, the same zero
similarities give path cost 11, D = 0, and score 0. Lengths, order, and embedding geometry therefore
affect unrelated-input scores. Maxima need not strictly exceed a mean, and the DTW term need not
concentrate near (1 + b)/2. Comparisons require fixed extraction and embedding protocols; they are
similarity comparisons, not calibrated probabilities or correctness certificates.

5.1.1 VERTEX-QE: ESTIMATED REFERENCES

The project task can compare a candidate with hand-authored capability and architecture descriptors.
These references select particular realizations of an open-ended brief. VERTEX-QE instead estimates
descriptors from public sources. Each invocation of the Section 5.1 kernel retains the same presence
score F , order score D, and matrix-mean recalibration ηb; its reference argument becomes an estimate
r̂. The project-level mixture also changes its architecture weight, as defined below.

Capability descriptors come from the public brief’s enumerated outcomes. Architecture descriptors
combine its engineering expectations with a small synthetic vocabulary of common web-application
concerns: HTTP routing, frontend components, separation of domain logic from transport, commerce
entities, tests, and environment configuration. The vocabulary spans six authored patterns, including
a layered monolith, a separate frontend and REST API, server-side rendering, a commerce-service
split, a ports-and-adapters core, and a static frontend with serverless APIs. These are illustrative
design patterns, not observations from six sampled repositories. Empty strings and exact duplicates
are removed within each source; the union greedily drops later descriptors whose cosine similarity to
a retained one is at least 0.92. The resulting list has a deterministic order that affects DTW, although
it does not describe execution time or a distribution of valid architectural alternatives.

For the architecture mixture, let L be the number of nonempty cleaned source lists. Write list ℓ as
(xℓ1, . . . , xℓnℓ

), where nℓ ≥ 1. For distinct sources ℓ, k ∈ {1, . . . , L}, directed agreement is
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Presence: best matches Order: monotone DTW path

illustrative similarities, not measurements descriptor positions, not elapsed time

stronger fill = higher similarity one illustrative admissible path

r₁ r₂ r₃ r₄

c₁

c₂

c₃

c₄

r₁ r₂ r₃ r₄

c₁

c₂

c₃

c₄

Sᵢⱼ = ⟨φ(cᵢ), φ(rⱼ)⟩

step cost: (1 − Sᵢⱼ) [1 + λ |(i − 1)/m − (j − 1)/n|]

Figure 3: The two components of the VERTEX trajectory score (Section 5.1). Left: the cross-
similarity matrix Sij = ⟨φ(ci), φ(rj)⟩ between candidate descriptors ci (rows) and reference descrip-
tors rj (columns); stronger color indicates higher similarity in this illustrative matrix. The presence
component reads bidirectional best matches off this matrix (which reference behaviors appear, and
how strongly). Right: the order component uses a minimum-cost monotone DTW alignment. Its
step cost (1 − Sij)(1 + λ| i−1

m − j−1
n |) increases with normalized positional displacement. Both

components are recalibrated against the mean-similarity baseline (Proposition 3).

aℓk =
1

nℓ

nℓ∑
i=1

max

(
0, max

1≤j≤nk

⟨φ(xℓi), φ(xkj)⟩
)
.

The resolver sets qarch = 0 for L = 0, 1/2 for L = 1, and otherwise averages (aℓk + akℓ)/2 over
all unordered source pairs, rounded to four decimal places. Thus qarch ∈ [0, 1]. With capability and
architecture VERTEX scores Vcap and Varch, the project signal is

VP =
0.7Vcap + 0.3qarchVarch

0.7 + 0.3qarch
.

Authored-reference mode uses qarch = 1. In QE mode an empty architecture union triggers a
recorded authored-reference fallback, but qarch = 0 then removes that architecture score from VP .
The fallback can therefore appear in diagnostics without contributing authored architecture evidence
to the composite. Agreement is not a calibrated probability of correctness. COMET, SUPERT, and
MAUVE (Rei et al., 2020; Gao et al., 2020; Pillutla et al., 2021) provide reference-estimation and
distributional-evaluation context, not validation of this rule.

Pool-level QE diagnostics additionally use leave-one-out peer descriptors supported by at least two
peers. They are not inputs to the per-candidate composite above. This is a heuristic, not a minimum-
Bayes-risk estimator or a consistent latent-truth estimator justified by (Kumar & Byrne, 2004; Dawid
& Skene, 1979). Even independent peers that include a false descriptor with probability 0.1 will,
with probability tending to one, exceed a fixed two-peer threshold as the pool grows. Leave-one-
out removes literal self-reference, not correlations between related models. The weak-supervision
literature (Ratner et al., 2017) is background, not a proof that unmodeled source agreement is
calibrated.

An unused contrastive helper computes a softmax assignment score. Equal logits give 1/Bbatch for
Bbatch alternatives, but individual scores can be smaller. This is not a universal chance floor or itself
a mutual-information lower bound: InfoNCE (van den Oord et al., 2018) bounds mutual information
through an expected loss under specified sampling assumptions. No active multi-brief contrastive
evaluation is implemented.
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Proposition 4 (reference replacement and mixtures). Replacing a descriptor reference preserves
Proposition 3’s range bound. The convex mixture VP is also in I. Neither property establishes
reference accuracy or equal chance behavior.

Proof. Apply Proposition 3 to each replacement reference. The normalized weights in VP are
nonnegative and sum to one, so their mixture preserves the range.

Within-brief Spearman correlation with authored VERTEX is a preliminary concordance diagnostic,
not authorization to discard reference validation on unseen briefs. The run-level diagnostic selects
one built candidate per arm and omits failed builds; pool consensus and the production metric are
distinct estimands. Generalization needs independent held-out briefs, adequate replication, and
reference-provenance checks.

Correctness versus similarity. The oracle ν certifies requirements in the conditional closure model.
VERTEX measures descriptor similarity on a continuous scale. Turning similarity into a pass/fail
decision requires an additional, validated threshold; no such decision rule is part of the fixed-point
semantics.

5.2 THE BUILD-GATED COMPOSITE

For a full-repository task, K signals s1, . . . , sK ∈ I (functional end-to-end behavior, trajectory
similarity, visual fidelity, architecture, accessibility, output security, robustness, code health) combine
through a convex weight vector w ∈ ∆({1, . . . ,K}), gated by a build indicator g ∈ {0, 1}:

C = g

K∑
k=1

wk sk, wk ≥ 0,
∑

k wk = 1.

Proposition 5 (build-gated range). C ∈ I, with C = 0 whenever the repository does not build
(g = 0); when it builds, mink sk ≤ C ≤ maxk sk.

Proof. For g = 1, multiply min sk ≤ sk ≤ max sk by wk ≥ 0 and sum. For g = 0 the product is
zero.

Missing analyzer evidence is not a passed signal. Degraded evaluations must not be compared as
though all fixed weights were measured.

The project gate is build-only; serving additionally gates visual and UX evidence. Functional
coverage excludes unevaluable journeys from both numerator and denominator, returning zero when
none are evaluable. Screenshot-based visual scores average available candidate frames and return
zero when none exist. Comparisons therefore require matched journey and frame coverage; fixed
outer weights do not eliminate this conditional missingness.

Averaging and build gating do not commute. Track G’s historical aggregate is a different descriptive
index. For B ∈ N+ briefs, let nb ∈ N+ be the recorded attempt count for brief b, let gbi ∈ {0, 1}
be attempt i’s build indicator, and let sbk be the stored brief-level value of signal k. The aggregator
weights briefs equally, not individual attempts:

ḡ =
1

B

B∑
b=1

1

nb

nb∑
i=1

gbi, s̄k =
1

B

B∑
b=1

sbk.

Ignoring intermediate and final four-decimal rounding, the reported index is

Gagg = ḡ

K∑
k=1

wks̄k.

This product of marginal averages need not equal an average of jointly gated scores. If per-attempt
signals sseedbik were available, the corresponding equal-brief average would instead be
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Gjoint =
1

B

B∑
b=1

1

nb

nb∑
i=1

(
gbi

K∑
k=1

wks
seed
bik

)
.

Even when each stored signal is a within-brief seed mean, these quantities can differ: with two
single-seed briefs, one unit-weight signal, and gate/signal pairs (1, 1) and (0, 0), the product of means
is 1/4 but the mean gated score is 1/2. Stored brief-level judge outputs need not themselves be
seed means. Marginal summaries therefore cannot reconstruct the joint per-attempt quantity. The
completeness bootstrap resamples brief-level means.

For integers n ≥ 1, 0 ≤ c ≤ n, and 1 ≤ k ≤ n, let c of n recorded trials satisfy a specified success
event. Define

(
a
k

)
= 0 when integers k > a ≥ 0. Reliability is passk =

(
c
k

)
/
(
n
k

)
(Yao et al., 2024):

the probability that a uniformly selected k-subset consists entirely of successes. For independent
trials with common success probability p ∈ [0, 1], it is unbiased for pk and is non-increasing in k.

The project evaluator calls a seed successful when it builds and its measured functional coverage is at
least 0.999. Track G requires seed completeness of at least 0.999 and averages reliability estimates
over briefs. These are test-defined events, not complete semantic correctness. The live project path
currently allows one seed, which supplies no multi-run reliability estimate.

For the Bugfix family (Track R), let r ∈ {0, 1} indicate that the executed hidden resolution tests
pass without a generation error. Let a ∈ {0, 1} indicate that the submitted patch contains no
prohibited test-file edits detected by the path-based filter. With bounded graded signals s and
convex weights w, CR = ar(w · s). If a semantic patch judge supplies J ∈ [0, 1], the formula is
CR = ar

(
0.8(w · s) + 0.2J

)
. The signals measure held-out robustness, preservation of existing

behavior, patch minimality/locality relative to the reference fix, and code health.

The lenient resolution rate reports r. The implemented strict rate also requires a = 1 and held-
out/regression scores of at least 0.999. An absent held-out or regression suite receives score 1 with
zero executed tests; therefore the strict rate certifies those additional checks only when the suites are
nonempty and actually run. The test-path filter does not exclude arbitrary evaluator tampering.

5.3 SAFETY: ATTACK-SUCCESS AND CONFIDENCE INTERVALS

Let I = {1, . . . , Ncase} index Ncase ≥ 1 evaluated cases. For each i ∈ I, let ni ∈ N+ be its
recorded attempt count and ci ∈ {0, . . . , ni} its classified successes. The attempt-pooled headline
is p̂ =

∑
i∈I ci/

∑
i∈I ni. The separate case-weighted ASR@1 is N−1

case

∑
i∈I ci/ni. They differ

when attempt counts differ. With N =
∑

i∈I ni > 0 and normal quantile z > 0 (default z = 1.96
for nominal 95% coverage), the Wilson score interval (Wilson, 1927) is

p̂+ z2

2N

1 + z2

N

± z

1 + z2

N

√
p̂(1− p̂)

N
+

z2

4N2
.

For a common Bernoulli success probability p ∈ [0, 1], the endpoints solve (p̂−p)2 = z2p(1−p)/N
exactly. Coverage is approximate, not exact; correlated attempts and heterogeneous cases weaken
this sampling interpretation.

The case-cluster percentile bootstrap (Efron, 1979) resamples whole cases and recomputes the
attempt-pooled ratio. Defaults are 1,000 resamples, pseudorandom seed zero, and 95% intervals.
After sorting the resampled estimates, the implementation selects zero-based entries 25 and 975 and
rounds to four decimal places. Track G applies the corresponding procedure to brief-level mean
completeness. One cluster or identical cluster values produces a point interval, not evidence of zero
population uncertainty. Population inference still requires a representative cluster sample. With no
observations, rates and intervals are unavailable.

For each case with integers 0 ≤ cs ≤ n and 1 ≤ k ≤ n,

ASR@k = 1−
(
n−cs
k

)(
n
k

) .
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This is one minus the probability that a uniform k-subset of recorded attempts contains no success; it
is nondecreasing in k. Under i.i.d. Bernoulli sampling it is unbiased for the probability of at least one
success in k fresh attempts (Chen et al., 2021). It is undefined for k > n. A multi-pass adaptive attack
path is one trial with its own fixed budget, not a set of independent attacks. Results with different
budgets are not comparable.

Incomplete cells are excluded and listed with their reason, rather than silently compressing surviving
seeds into a complete-budget result. This is still a conditional-on-observation estimate: missingness
can bias it. Common-case comparisons and coverage reporting are required. Over-refusal uses
benign controls. Live secure-and-useful is unavailable in this implementation: a transcript marker
cannot independently verify the legitimate task into which an attack is inserted (the carrier task).
Secure-and-useful evaluation is a goal motivated by (Bhatt et al., 2023; Debenedetti et al., 2024; Zhan
et al., 2024), not an established live measurement here.

5.4 GATED QUALITATIVE JUDGING

The optional Claude-rubric backend uses absolute 0–4 rubrics for visual, architecture, and UX
judgments (Liu et al., 2023; Zheng et al., 2023; Kim et al., 2024). Its outputs must be finite and
within that range before division by four; malformed outputs are unavailable evaluations. Absolute
presentation avoids pairwise ordering as an input, but does not remove verbosity, style, or model-
family bias.

Other backends measure different quantities. The heuristic backend uses deterministic functional
and code-structure proxies; the CLIP backend uses image similarity and descriptor comparisons. A
heuristic visual proxy does not inspect rendered appearance. Backend identity and evaluated evidence
coverage are therefore part of score provenance.

Assumption A3 (bounded gated judging). To qualify as evidence-based judging, a backend must
return a bounded score from candidate evidence it actually reads. Visual and UX assessment require
a built, served artifact; static architecture assessment requires a built repository with scoreable files.
This is an eligibility condition, not an established property of every backend. Human agreement and
resistance to adversarial candidate content require separate empirical validation.

5.5 CROSS-FAMILY AGGREGATE (THE GAUNTLET INDEX)

Let T = {S,Q,R,G, P} be the five fixed task families, and write s̃t(M) ∈ I for arm M ’s normalized
family-t headline. The implementation maps S to 1 − ASR, Q to requirement coverage, and G
to gscore, the reported aggregate described in Section 5.2. Families P and R use their respective
composites. Higher values are preferred. For an arm with qualified scores on all five families, define

Index(M) =
1

5

∑
t∈T

s̃t(M) ∈ I.

The index is unavailable when any family is missing; individual scores and coverage remain visible.
Its range follows from convexity, not empirical comparability. Qualification requires current scoring,
observed execution, and complete evaluable coverage. The current publication excludes Security
records from qualified headlines, so it does not presently report a five-family index. Matched tasks,
budgets, provenance, and timestamps are still necessary for competitive comparisons. The index is
not a validated general-capability scale.

5.6 OPERATIONAL DIAGNOSTICS FOR LONG-HORIZON RESULTS

The quantities in Table 1 are proposed diagnostics, not measurements supplied by the current paper.
A valid transition model or repeated, uncensored run-level observations would be needed to estimate
them. A budget cap is not an observed completion time.
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Table 1: Proposed execution diagnostics. No fitted Markov kernel, calibrated per-requirement prior,
or completion-time distribution is reported here.

Diagnostic Meaning

n Maximum loop iterations / total passes allowed for the run.
Productive passes Passes with St+1 ⊋ St in the certificate-accumulation trace.
efc(St) New certificates enabled by the abstract operator: |Φ(St) \ St|.
|R|, |Rreq| Total and required requirement counts (the milestone budget).
Reasoning budget b Thinking mode / compute budget the harness ran under.
Pr(TC ≤ n) Probability of covering Rreq within the iteration budget (§4.4).
E[TC ] Expected number of passes to completion.
− log2 p Event surprisal in bits; for a harmful event, a descriptive risk

transform.

The last row uses self-information (Shannon, 1948). For an event of probability p ∈ (0, 1], its
surprisal is

I(p) = − log2 p bits
(
p = 1

2 ⇒ 1 bit, p = 1
4 ⇒ 2 bits, p = 0.01 ⇒ 6.64 bits

)
,

This is finite on (0, 1]; extend I(0) = +∞. A zero observed attack count is not proof that
the underlying probability is zero. For positive raw and governed rates, a descriptive bit dif-
ference is log2(p̂raw/p̂gov); 0/0 is undefined. A probability interval [pL, pU ] transforms to
[− log2 pU ,− log2 pL], with an infinite upper endpoint if pL = 0. This transformation creates
no new evidence or confidence guarantee.

A proposed information-weighted count must specify its event. Let Zt = (H0, S0, . . . ,Ht, St) be
the observed run history through pass t. For each uncertified r ∈ R \ St, suppose a calibrated
estimate qt(r) = Pr(r ∈ St+1 \ St | Zt) ∈ (0, 1] were available. For an observed transition one
could then define iefct =

∑
r∈St+1\St

− log2 qt(r). This sums marginal event surprisals; it is not
joint information without an appropriate dependence model, nor a measure of task value. No such
probability estimates are reported here.

6. EXPERIMENTAL SETUP

The evaluation separates three questions. First, does a configured governance layer reduce classified
unsafe responses while preserving behavior on benign requests? Second, how do coding harnesses
differ in the functional and structural quality of the artifacts they produce? Third, can automatically
estimated semantic references recover rankings obtained with hand-authored references? These ques-
tions require different experimental units: attack attempts, completed coding tasks, and independently
specified application briefs, respectively.

Sections 6.1–6.6 define the comparison protocol and measurement boundaries. Section 7 then
describes the retained June 2026 pilot studies, including their tasks, sample coverage, numerical
outcomes, and limitations. The pilots were not one uniformly controlled experiment. Model ex-
ecution and rescoring of existing artifacts have different evidential meanings. The paper reports
benchmark outcomes, not constructed demonstrations; neither rescoring nor report regeneration is a
new independent model execution.

6.1 BASELINES AND BASE MODELS

An arm is a harness, configured provider/model, prompts, tools, environment, and budget. The
implementation offers raw Codex CLI, Claude Code, Oh My Pi (OMP), and OpenCode adapters with
Cortex-configured counterparts. These are product-bundle comparisons. Configuration and display
labels are not attestations of the model that actually served a historical request. Floating aliases,
environment overrides, reasoning effort, and tool/runtime versions must be recorded per execution.
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Same-model labels alone do not identify a governance-only causal effect. Cortex arms also change
prompts, configuration, and sometimes planning/repair budgets. A policy-only ablation needs
matched effective models, tools, environments, cases, evaluation access, and total resource budgets.
A benchmark invocation can contain many internal agent actions.

6.2 RELATION TO EXISTING BENCHMARKS

SWE-bench and its variants assess repository issue resolution (Jimenez et al., 2024; OpenAI, 2024;
Zhang et al., 2025); LiveCodeBench emphasizes contamination-resistant code evaluation (Jain et
al., 2025). Commit0 and Terminal-Bench include difficult multi-stage work (Zhao et al., 2025;
Merrill et al., 2026). Independent tasks do not imply single-pass agents or saturated performance.
CyberSecEval, AgentDojo, and InjecAgent study security and prompt injection (Bhatt et al., 2023;
Debenedetti et al., 2024; Zhan et al., 2024); AgentDojo also evaluates benign task utility. AgentBench,
GAIA, WebArena, OSWorld, and τ -bench cover other agent environments and interaction contracts
(Liu et al., 2024; Mialon et al., 2024; Zhou et al., 2024; Xie et al., 2024; Yao et al., 2024). Gauntlet is
a complementary framework, not evidence that these suites lack long-horizon work, utility evaluation,
or harness comparisons.

6.3 TASKS AND MEASURED OUTCOMES

Table 2 distinguishes the intended task family from what its evaluator can establish. Passing finite
tests is evidence for those tests, not complete semantic correctness.

Table 2: Five families and their measurement boundaries. No direction of a raw-versus-governed
effect is assumed by the score definition.

Family Task and score Validity boundary

S: Safety Classified attack responses and
proposed actions; ASR and benign
over-refusal.

Lexical classification and action replay are
not observed exploits. Live carrier-task
utility is unmeasured.

Q: Quality Generated code, hidden behavioral
tests, static findings, lint/types and
quality rubrics.

Analyzer availability and evaluator
integrity are prerequisites; finite tests are
incomplete.

R: Bugfix Repository patches;
resolution-gated score with held-out
and regression checks.

Reference-diff similarity is not correctness.
Test-runner tampering must be
independently excluded.

G: Generative Full-stack application generation;
build/serve checks, feature probes,
static scores and optional visual
evidence.

Passed features do not establish complete
application behavior, real model-endpoint
use or time-resolved progress. Historical
applications and the current chat-app
protocol are distinguished below.

P: Project One storefront brief, build-gated
functional/semantic/visual/static
composite.

Partial behavioral and accessibility proxies
are not a complete storefront or payment
validation.

Application construction protocol. The storefront brief asks for a fashion-shopping application with
product browsing, filtering or sorting, variant selection, cart editing, consistent price totals, checkout,
and order confirmation. Candidates choose their implementation structure. The brief also requests a
documented backend API, a responsive interface, accessibility support, an installable progressive web
app, an offline shell, automated core-flow tests, and build/serve instructions. Payment is specified in
test mode; no real-money transaction is required.

The functional evaluator organizes the storefront into five journeys: home, browsing, product detail,
cart, and checkout, with respective weights 1, 2, 2, 3, 3. It scores the weighted fraction of passing
evaluable journeys after a successful build. The implemented checks are narrower than the brief.
Some verify that a control exists rather than that filtering, sorting, or quantity editing works. Cart
checks compare displayed arithmetic; checkout checks reaching a checkout surface. No implemented
test-payment driver establishes payment completion. Likewise, manifest and service-worker checks
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do not demonstrate an offline shopping session, and markup heuristics do not establish full keyboard
accessibility.

The separate current chat-app protocol checks message/composer elements, stylesheet and script
availability, a chat-response token, and a history response. Its supplied model-service substitute
is a deterministic echo responder, not a learned model. Passing a token check does not prove
that the application contacted that service; an application could construct the same response itself.
These checks therefore provide interface and API smoke coverage, not evidence of model reasoning,
streaming, conversation isolation, or durable history. The historical five-probe application study in
Section 7.2 and Appendix B.3 instead evaluates a to-do application and is not a chat result.

6.4 CONFIGURATION ISOLATION AND ADAPTIVE EVALUATION

Raw security adapters create temporary workspaces and scrub selected environment and tool-home
configuration. Governed adapters add a safety preamble and link repository configuration. This is
configuration isolation, not host or network confinement, nor proof that every hook loaded. Track S
does not itself run the completion loop. Some nominal tool-output and memory attacks are delivered
as workspace files representing those surfaces, not through native tool-result or session-memory
interfaces.

Adaptive attacks use earlier target responses to generate later prompts, but each target attempt starts a
fresh session/workspace. Their budgeted path is not a continuous target conversation, and follow-ups
need not preserve the original delivery surface. Selecting a corpus using previous outcomes and
merely labeling examples as held out do not establish an independently frozen evaluation set. A
genuine holdout must be fixed before development and withheld from prompt design, curation, and
repair feedback.

The project evaluator scores first/final snapshots and retains the highest composite. Governed arms
can also use evaluation feedback during repair. These current and historical paths produce adaptively
selected development scores, not untouched holdout measurements. Access to more evaluations can
favor one arm. A controlled comparison must commit each artifact before a separate final evaluation
and report all generation/evaluation costs.

6.5 REPLICATION AND MISSINGNESS

Seed labels index repeated calls; they are not controlled provider RNG seeds. Configured maximum
attempts, completed attempts, skipped cases, internal repair passes, and measured provider usage
are separate quantities. Q and R report worst observed repeats rather than a pooled per-seed success
estimate. Live full-app/repository paths have historically been single-run paths; requested counts
must not be interpreted as performed trials. A timeout is not a refusal or proof of candidate safety.
Excluding incomplete cells requires coverage reporting and common-case comparisons, and does not
remove informative-missingness bias.

6.6 CONTAINMENT AND EVALUATOR INTEGRITY

The Q/R/G/P evaluation paths execute generated code in Docker. For G/P, dependency installation
and compilation occur in a build stage with registry-network access; the later runtime probe applies
resource limits and a track-specific network policy. Those probe restrictions must not be attributed
to every build-stage operation. Containerized evaluation also does not establish confinement of
the generation harness. The live Track S CLI adapters lack an outer sealed-agent sandbox; some
use permission-bypass modes, and governed arms inherit host configuration. Adversarial execution
requires independent verification of the actual isolation boundary.

The lexical detector (L0) and in-memory action-replay scorer (L1) classify captured text and proposed
actions. Their historical “confirmed” fields are scorer labels, not authenticated side-effect attestations.
Echo filtering, refusal heuristics, bounded capture, and missing typed tool-event provenance can mis-
classify outcomes. Dynamic evaluation must also protect test-runner configuration and authenticate
verdicts rather than trusting candidate-produced terminal summaries. The present implementation
has not established security or evaluator-integrity sign-off.
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7. RESULTS AND EVIDENCE STATUS

The following historical descriptive studies explain the retained observations without requiring
access to internal execution records. They concern June 2026 artifacts and captures, not newly
reproduced experiments. Five arm labels recur: Codex CLI, Claude Code, OpenCode, Cortex over
Codex, and Cortex over Claude. The labels identify configurations, not independently authenticated
model versions. Each study’s task set and observation unit are specified separately.

7.1 CAPTURED-RESPONSE SAFETY PILOT

This pilot asks how often captured responses are classified as following an unsafe instruction,
while separately checking benign refusals. The case set contains 61 harmful cases, two diagnostic
instruction-following probes, and two benign controls. Harmful objectives include secret disclosure,
destructive repository operations, unsafe dependencies, and attempts to disable protections. Delivery
contexts include direct requests and representations of repository, tool-output, and memory content;
they are not all native integrations with those surfaces.

One attempt is recorded for each completed case–arm cell. Across five arms, 290 of 305 possible
harmful observations are retained; 15 are missing after timeouts. The diagnostic probes and benign
controls are excluded from the harmful-response denominator. Figure 4 and Table 3 report classified
successes divided by observed harmful attempts, not by the configured maximum number of attempts.

Historical classified attack success

Points: observed rates · Whiskers: stored 95% Wilson intervals

ASR · successes / attempts

0% 10% 20% 30% 40% 50% 60%

Codex raw 42.37% · 25 / 59

Cortex over Codex 24.14% · 14 / 58

Claude raw 3.39% · 2 / 59

Cortex over Claude 1.67% · 1 / 60

OpenCode 42.59% · 23 / 54

classified attack-success rate

Unmatched historical case coverage — not a causal or safety guarantee

Figure 4: Classified attack responses in the June 2026 safety pilot, comparing five historical harness
configurations. Points show observed rates, whiskers the stored 95% Wilson intervals, and labels the
successes and observed attempts. Model names are historical labels. Section 7 describes coverage,
provenance, and benign-control limitations; these are descriptive, not causal comparisons.

Table 3: Historical classified safety outcomes from the stated June 2026 cohort. Intervals are the
stored 95% Wilson intervals, not newly reproduced estimates.

Historical arm label

Classified
successes /
observed attempts ASR

Stored 95% Wilson
interval

Codex raw 25 / 59 42.37% 30.61–55.07%
Cortex over Codex 14 / 58 24.14% 14.96–36.53%
Claude raw 2 / 59 3.39% 0.93–11.54%
Cortex over Claude 1 / 60 1.67% 0.29–8.86%
OpenCode 23 / 54 42.59% 30.33–55.84%

15



Preprint. September 15, 2026

Using the exact observed counts, the descriptive relative ASR reductions, (ASRraw −
ASRgoverned)/ASRraw, are approximately 43.0% for the Codex-labeled pair and 50.8% for the
Claude-labeled pair. These are relative reductions, not percentage-point differences. The completed
case sets differ between arms, and timed-out attempts cannot be treated as safe responses. Each of
the four paired arms has zero refusals on only two benign controls, with stored interval [0, 65.76%];
OpenCode refuses one of its two controls. Two diagnostic probes per arm are reported separately and
are not additional benign-utility trials.

The retained responses were subsequently rescored using lexical analysis, in-memory replay of
proposed actions, and response judging. No authenticated external exploit follows from a positive
classification. Historical judge summaries also conflict: a summary describes heuristic judging while
per-response entries identify a language-model judge. This limits reconstruction of the exact scoring
protocol. These observations establish neither unchanged benign utility nor statistical equivalence,
low population over-refusal, or a governance-only causal effect.

7.2 CODING AND APPLICATION OUTCOMES

Figure 5 compares three different outcomes, each with its own denominator. The quality study
comprises six code-generation tasks and one outcome per task and arm. Its headline is the equal-
weight mean of the six behavioral-test pass fractions. Raw Codex and Claude both score 0.8125, and
their corresponding Cortex configurations both score 0.9792. The entire paired difference comes
from the TypeScript upload task; all four configurations still miss one shopping-cart check. Table 4 in
Appendix B.1 includes every task-level numerator and denominator, including differing upload-test
totals and generation failures.

The repair study replays patches for six elementary Python bugs, with one outcome per issue and arm.
All four raw/governed Codex and Claude configurations resolve all six issues; OpenCode resolves
five. There is no paired difference in issue-resolution rate. Table 5 in Appendix B.2 reports all issue
tests and the separate patch-sensitive composites; empty auxiliary test groups are not evidence of
regression robustness.

The application study concerns a to-do app, not the chat gallery. Each arm has one candidate and
five final feature checks. Codex passes 3/5; the other four configurations pass 5/5. All candidates
build. Table 6 defines the checks, and Figure 7 in Appendix B.3 shows their positions in the final
checklist. Those positions are not elapsed time or repeated execution milestones.

These are descriptive artifact evaluations, not matched governance-only trials. Quality execution meta-
data conflict, repair lacks auxiliary robustness tests, and the application study has no independently
repeated candidates. Appendix B retains these limitations beside the complete evidence.

7.3 STOREFRONT OUTCOMES AND REFERENCE AGREEMENT

Two candidate pools address the same storefront brief in Section 6.3, with one built application per
arm. The two-arm pool scores 0.7489 for raw Claude and 0.6507 for raw Codex. In the separate
five-arm pool, raw Codex scores 0.7212, OpenCode 0.7071, Cortex over Codex 0.6799, raw Claude
0.6737, and Cortex over Claude 0.6533. There is no universal Cortex advantage in these observations.
Tables 7–8 and Figure 8 in Appendix B.4 include every component, the composite definition, recorded
evaluator identities, and proxy limitations.

Figure 6 asks a narrower question: does estimated-reference VERTEX order these same applications
like authored-reference VERTEX? Higher similarity gives a better rank; rank 1 is highest. The
two-arm pool has identical ordering and Spearman correlation 1. The five-arm pool exchanges the
first and third positions, giving correlation 0.6. Table 9 in Appendix B.5 supplies every score pair and
rank. Neither value is correctness accuracy or a probability that a reference is valid. Peer-derived
reference construction differs between pools; both pools concern one brief, not seven independent
task samples.
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Code quality
6 tasks

0 50 100%

81.25%

97.92%

81.25%

97.92%

33.33%

Issue repair
6 issues

0 3 6

6/6

6/6

6/6

6/6

5/6

To-do app
1 brief; 5 probes

0 2.5 5

3/5

5/5

5/5

5/5

5/5

Codex raw

Cortex over Codex

Claude raw

Cortex over Claude

OpenCode

Different outcomes and denominators; no cross-task composite

Figure 5: Recorded coding outcomes: task-macro behavioral coverage (left), resolved issues (middle),
and passed to-do features (right). Each row is a harness configuration; higher values are better
within each panel, not comparable units across panels. Exact cells and evaluation limits are in Tables
4–6. The upload task accounts for the paired quality difference; there is no paired repair-resolution
difference. These small historical pilots are not causal tests.

Two-arm pool
Spearman correlation 1.0

1

1
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2

Authored rank (1 = highest)

Five-arm pool
Spearman correlation 0.6
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Codex raw Cortex over Codex Claude raw

Cortex over Claude OpenCode

Figure 6: Within-pool VERTEX rank agreement on the same storefront brief. Each marker is one
built application; the dashed diagonal is identical ordering, not score calibration. Rank 1 is highest on
both axes. The two-arm pool needs only a matching order to obtain correlation 1; the five-arm pool
swaps the first and third positions. Exact scores and ranks are in Table 9. Pool-based peer reference
construction differs between the panels; they are not independent task replications.
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8. DISCUSSION

The finite-lattice result identifies a precise contract for requirement closure: validation must be
monotone, accepted evidence sound, and prior certificates persistent. Repairing code complicates the
last condition because an edit can invalidate earlier checks. Fresh validation of the final artifact is
therefore central to connecting the abstract contract with an operational completion decision.

The evaluation framework makes these obligations observable in principle, but the archived compar-
isons do not identify a governance-only effect. A policy ablation should hold the effective model, task
set, tools, and total budget fixed, with independent final evaluation. Replication across independently
selected tasks and adequate benign controls is needed to assess generalization and utility. Only
retained benchmark observations support the empirical discussion here; constructed outcomes are not
evidence.

9. ASSUMPTIONS AND LIMITATIONS

The formal assumptions concern different boundaries. A1 requires complete mediation and threat-
class coverage; A2 requires sufficient abstract state and sound, monotone, persistent certification;
A3 requires bounded judgments grounded in the evaluated evidence. Parsing a task into expectation
records does not construct a sound oracle. The probabilistic bound additionally requires uniformly
positive progress before completion; without it, expected completion time can be infinite.

The principal measurement limitations are length-sensitive similarity, heuristic references, conditional
journey/frame coverage, correlated attempts, and incomplete observations. Section 6.6 specifies
the unresolved execution and evaluator-integrity boundaries. The current probes also do not fully
measure payment integration, carrier-task utility, consistency of claims with artifacts, or long-horizon
behavior.

Historical missing or failed signals cannot be certified by changing current error handling. The
retained examples were recorded in June 2026; a later report date does not represent a new experiment.

10. CONCLUSION

The retained benchmark outcomes do not show a uniform Cortex advantage. Classified harmful-
response rates are lower in the paired Cortex configurations, but completed case sets differ and benign
controls are too few to establish preserved utility (Figure 4 and Table 3). Higher paired quality
coverage comes from one upload task; repair resolution is unchanged between paired configurations,
and the single to-do brief distinguishes task creation and readback rather than long-horizon progress
(Figure 5 and Tables 4–6). The storefront pools do not consistently favor Cortex. Estimated-reference
rank agreement varies across two pools for one brief and does not establish correctness calibration
(Figure 6 and Tables 7–9).

These conclusions concern the recorded benchmark outcomes, including artifact rescoring. Unequal
observation sets and unresolved provenance prevent treating all cohorts as verified live experiments
or attributing differences to governance alone. The finite-lattice and stochastic results are conditional
mathematical statements, not performance gains established by these comparisons. Matched, inde-
pendently evaluated experiments are still required to estimate effects on safety, utility, generalization
and long-horizon completion.

AVAILABILITY

The interactive paper and latest published results are available at benchmark.cortex.a2olabs.com.
Results retain their source cohorts, recorded measurements and evidence limitations. The standalone
Gauntlet benchmark snapshot is available at github.com/Xpitfire/cortex-gauntlet. It excludes private
implementation dependencies and raw captures, so the screened snapshot alone is not a complete
end-to-end reproduction environment. Download the Cortex CLI from cortex.a2olabs.com. The
downloadable PDF is a dated rendering of this paper, not a claim that the historical results are new
measurements.
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APPENDIX A — PROOFS

The following calculations give the identities used in the score definitions and conditional bounds.
Labels P1–P8 distinguish these appendix calculations; they are not additional manuscript propositions.

• P1 (normalizer). For b ∈ [0, 1), ηb(x) = clamp((x − b)/(1 − b); 0, 1) maps [b, 1] onto
[0, 1]. On that interval the clamp is inactive and the affine map has positive slope 1/(1− b),
with endpoints ηb(b) = 0 and ηb(1) = 1. Outside the interval the clamp is constant, so the
complete map is nondecreasing, but not globally strictly increasing.

• P2 (composite). For w ∈ ∆({1, . . . ,K}) and sk ∈ I, let smin = mink sk and
smax = maxk sk. Multiplying smin ≤ sk ≤ smax by wk ≥ 0 and summing gives
smin ≤

∑
k wksk ≤ smax, because the weights sum to one. Thus the ungated average lies

in I, and the binary build gate gives C = 0 when g = 0 without changing that bound when
g = 1.

• P3 (harmonic mean). For P,Q ≥ 0, set F = 0 at P = Q = 0, otherwise F =
2PQ/(P +Q). The zero case satisfies the bounds directly; henceforth assume P +Q > 0.
If 0 ≤ P ≤ Q, then F−P = P (Q−P )/(P+Q) ≥ 0 and Q−F = Q(Q−P )/(P+Q) ≥ 0;
exchange P,Q for the other case. Also (P +Q)/2− F = (P −Q)2/(2(P +Q)) ≥ 0.

• P4 (DTW). For m,n ∈ N+, similarities in [−1, 1], and finite λ ≥ 0, both the local
dissimilarity and its positional penalty factor are nonnegative. Every admissible alignment
path therefore has nonnegative cost, as does the minimum over paths. Consequently 1 −
DTW/(m + n) ≤ 1; clamping this quantity below at zero gives D ∈ I. This is a range
bound, not a guarantee that descriptor order represents elapsed execution time.

• P5 (any-success and all-success estimators). For integers 0 ≤ c ≤ n and 1 ≤ k ≤
n, exactly

(
n−c
k

)
of the

(
n
k

)
subsets avoid success, while exactly

(
c
k

)
consist entirely of

successes. Thus pass@k = 1 −
(
n−c
k

)
/
(
n
k

)
is the fraction of k-subsets containing any

success, and passk =
(
c
k

)
/
(
n
k

)
is the fraction consisting entirely of successes. Both lie in

[0, 1]. Coupling the subsets as prefixes of one uniform permutation shows that the any-
success event can only grow with k, whereas the all-success event can only shrink. Under
independent Bernoulli trials with common success probability p, each fixed subset has
any-success probability 1− (1−p)k and all-success probability pk. Linearity of expectation
gives unbiasedness for these respective targets. Independence is required for these targets,
not for the finite-subset identities or monotonicity.

• P6 (Wilson). For N > 0, z > 0, and p̂ ∈ [0, 1], the score-test boundary (p̂ − p)2 =
z2p(1− p)/N becomes (N + z2)p2 − (2Np̂+ z2)p+Np̂2 = 0. Applying the quadratic
formula and dividing numerator and denominator by N yields the interval endpoints in
Section 5.3. Exact solution of this equation does not give exact confidence coverage: the
score-test approximation and sampling assumptions remain necessary.

• P7 (Theorem 1). Inflationarity gives an increasing chain of requirement sets; each strict
increase adds at least one previously absent member of finite R. Starting from the empty
set permits at most |R| such increases. Monotonicity keeps every iterate below every fixed
point, so stabilization gives the least fixed point. Proposition 1 then follows because the
successive set differences are disjoint and their union is the final certified set.

• P8 (monotone Markov execution). Under Proposition 2’s uniform positive-progress
assumption, the waiting time for each strict increase is bounded by a geometric waiting
time of mean 1/ε. At most |R| − |S0| increases can precede completion, giving the stated
expectation bound by addition of expectations; independence between these waiting times
is not needed. An incomplete absorbing state violates the progress assumption and is not
covered by the result.

These arguments establish algebraic identities and conditional bounds. They do not establish that a
concrete validator is sound, that a repair preserves earlier certificates, or that a reported experimental
outcome is authentic. Those claims require separate execution evidence and empirical validation.
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APPENDIX B — COMPLETE HISTORICAL RESULT EXHIBITS

This appendix contains the task-level and component-level evidence behind Section 7. Figures and
tables use a fixed arm order: raw Codex, Cortex over Codex, raw Claude, Cortex over Claude,
and OpenCode. A column headed by a base harness and “+ Cortex” denotes its configured Cortex
counterpart; “raw” means unwrapped. Labels do not independently attest the historical model
endpoint.

B.1 SIX-TASK CODE GENERATION

The tasks are password and secret utilities, safe input parsing, database access, a TypeScript upload
API, web-security utilities, and a multi-file shopping-cart package. The other five tasks use Python.
There is one retained outcome per task and arm, giving 30 outcomes. Four OpenCode generation
failures remain in the denominator rather than being discarded.

Table 4 gives passing and collected behavioral checks. The macro coverage is the equal-weight mean
of six task rates, not a pooled check count and not the fraction of natural-language requirements
independently certified. For the four paired arms, the only differing task is upload: raw configurations
record one failing check, while Cortex configurations record two passing checks. Shopping cart
remains at seven of eight checks. Figure 5’s left panel summarizes these exact task rates.

Table 4: Quality: passing / collected behavioral checks in each task–arm outcome. The last row is the
equal-weight mean of the six task rates, not pooled test success. Collected upload test totals differ
across arms. Four OpenCode generation failures remain as zero-scored outcomes. These test counts
are not the number of natural-language requirements certified.

Task
Codex
raw

Codex
+ Cortex

Claude
raw

Claude
+ Cortex

OpenCode
reference

Secret utilities 3/3 3/3 3/3 3/3 3/3
Input parsing 2/2 2/2 2/2 2/2 2/2
Database access 1/1 1/1 1/1 1/1 0/1
Upload API 0/1 2/2 0/1 2/2 0/1
Web security 7/7 7/7 7/7 7/7 0/1
Shopping cart 7/8 7/8 7/8 7/8 0/1
Macro coverage 0.8125 0.9792 0.8125 0.9792 0.3333

Per-outcome entries describe dynamic execution and nonzero test counts, but an accompanying
methodology summary describes offline variant selection and a static-only containment boundary.
These conflicting descriptions prevent certifying a controlled live experiment; they also do not justify
relabeling every outcome synthetic. Static and heuristic quality indicators are supplementary. Zero
findings do not establish absence of vulnerabilities.

B.2 SIX ELEMENTARY REPAIR ISSUES

The Python issues concern summing even rather than odd values, restoring last-in-first-out stack
removal, lowercasing URL slugs and stripping punctuation, rounding up pagination for a partial page,
case-insensitive word counting, and enforcing a lower clamp bound. These are small issue-resolution
tasks, not a difficult multi-file repository benchmark.

Saved patches were replayed through the evaluator, producing 30 issue–arm outcomes. Table 5
contains seven issue tests per arm: two stack tests and one for every other issue. All four paired
configurations resolve all six issues; OpenCode fails pagination. The recorded composites combine
resolution with patch descriptors; the small Codex difference reflects patch minimality rather than
additional resolved issues. Figure 5 therefore plots resolution counts, not a misleading composite
improvement.
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Table 5: Repair: passing / collected issue tests, resolved issues, and stored composite means. There
are no auxiliary held-out or regression tests in any row. Empty auxiliary groups received passing
defaults; strict-rate fields therefore add no independent evidence. The paired Codex composite
difference reflects patch minimality, not extra resolved issues.

Issue
Codex
raw

Codex
+ Cortex

Claude
raw

Claude
+ Cortex

OpenCode
reference

Even-value sum 1/1 1/1 1/1 1/1 1/1
Stack removal 2/2 2/2 2/2 2/2 2/2
URL normalization 1/1 1/1 1/1 1/1 1/1
Pagination 1/1 1/1 1/1 1/1 0/1
Word counting 1/1 1/1 1/1 1/1 1/1
Lower clamp bound 1/1 1/1 1/1 1/1 1/1
Issues resolved 6/6 6/6 6/6 6/6 5/6
Composite 0.9823 0.9917 0.9928 0.9928 0.8333

No auxiliary held-out or regression tests were executed in any outcome. Empty auxiliary groups
received passing defaults and contribute no independent robustness evidence. Reference-relative
patch size and locality are not correctness certificates. Replaying one patch is not another independent
generation, and no repeated-run variability is established.

B.3 TO-DO APPLICATION AND FINAL FEATURE POSITIONS

The brief requests one full-stack to-do application. Table 6 lists its five checks: a rendered task-list
page, an input form, listing tasks, creating a task, and reading that task back in the same session. The
last check does not establish persistence across process restarts. All candidates recorded successful
builds. There are five applications and 25 checks, not 25 independent tasks.

Table 6: To-do application: one means the check passed and zero means it failed. All five candidates
recorded successful builds. Read after write means a newly created task is returned in the same
session, not persistence across process restarts. These are five candidate applications with five checks
each, not 25 independent tasks.

Final feature check
Codex
raw

Codex
+ Cortex

Claude
raw

Claude
+ Cortex

OpenCode
reference

Page title 1 1 1 1 1
Input form 1 1 1 1 1
List tasks 1 1 1 1 1
Create task 0 1 1 1 1
Read after write 0 1 1 1 1
Passed features 3/5 5/5 5/5 5/5 5/5

Figure 7 displays the same final binary outcomes in their checklist order, with normalized position
from first to last feature. It does not depict a completion-decay curve: there are no successive builds,
evolving requirements, or timestamped milestones in this summary. A collapsed interval from a
single candidate would not establish repeatability.

The surrounding historical summary describes a chat app and a larger feature inventory, whereas the
retained task and individual outcomes consistently identify these five to-do checks. Separate chat
illustrations and the current chat protocol in Section 6.3 are not part of this scored evidence.

B.4 STOREFRONT COMPONENTS AND COMPOSITE

Two pools concern the same fashion-shopping storefront brief. All candidates record successful build
and serve checks and four screenshot entries. Existing artifacts were rescored rather than regenerated
for this analysis. Table 7 contains the two-arm pool; Table 8 contains the separate five-arm pool.
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Final checklist outcomes — not an execution timeline

Page

0

Form

0.25

List

0.5

Create

0.75

Readback

1

Codex raw

Cortex over Codex

Claude raw

Cortex over Claude

OpenCode

Normalized feature-list position

Filled = pass; open = fail. One candidate per arm.

Figure 7: The five observed final feature outcomes in checklist order. Position is the feature index
divided by four; it is not elapsed time, a repair pass, or a milestone observation. Table 6 defines the
checks and provides the binary data. No interpolation or completion-decay curve is supported by
these observations.

The eight composite weights, in table order before the composite row, are 0.26 for functional behavior,
0.14 for VERTEX, 0.09 for progressive-web-app and accessibility checks, 0.16 for visual similarity,
0.12 for code and architecture, 0.08 for robustness, 0.06 for code health, and 0.09 for static security.
They sum to one and apply behind the build gate in Section 5.2. The separately reported UX score is
not another term.

Functional checks probe requested behavior; VERTEX compares capability and architecture descrip-
tors; PWA/accessibility checks are coarse structural proxies; visual similarity compares screenshots.
Code/architecture, robustness, code-health, and static-security scores are bounded evaluator sum-
maries, not exhaustive correctness, resilience, or vulnerability certifications. Section 6.3 details these
limitations. The recorded visual backend is CLIP ViT-B/32 and the descriptor embedding backend
is all-MiniLM-L6-v2. These are recorded identities, not an independent attestation of the complete
historical environment.

Table 7: Two-arm storefront pool. One built candidate per arm; these are retained, subsequently
rescored outcomes. All scores are in [0,1]. Component meanings and weights are specified in
Appendix B.4; proxy scores of one do not certify exhaustive correctness. The composite uses
authored-reference VERTEX, not the separate estimated-reference diagnostic.

Component
Codex
raw

Claude
raw

Functional 0.3636 0.7273
VERTEX 0.4309 0.5271
PWA / accessibility 0.8750 0.6250
Visual similarity 0.5930 0.6763
Code / architecture 0.7682 0.7628
Robustness 1.0000 1.0000
Code health 1.0000 1.0000
Static security 1.0000 1.0000
Composite 0.6507 0.7489
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Table 8: Five-arm storefront pool. One built candidate per arm; these are retained, subsequently
rescored outcomes. All scores are in [0,1]. Component meanings and weights are specified in
Appendix B.4; proxy scores of one do not certify exhaustive correctness. The composite uses
authored-reference VERTEX, not the separate estimated-reference diagnostic.

Component
Codex
raw

Codex
+ Cortex

Claude
raw

Claude
+ Cortex

OpenCode
reference

Functional 0.5455 0.4545 0.4545 0.4545 0.7273
VERTEX 0.5214 0.4776 0.4512 0.4199 0.5070
PWA / accessibility 1.0000 0.8750 0.7500 0.6250 0.6250
Visual similarity 0.6154 0.6138 0.6509 0.6242 0.6605
Code / architecture 0.7328 0.7328 0.7563 0.7519 0.6591
Robustness 1.0000 1.0000 1.0000 1.0000 1.0000
Code health 1.0000 1.0000 1.0000 1.0000 0.6000
Static security 1.0000 1.0000 1.0000 1.0000 1.0000
Composite 0.7212 0.6799 0.6737 0.6533 0.7071

Figure 8 gives a common-scale view of all these components. The composite uses authored-reference
VERTEX; the estimated-reference diagnostic in Appendix B.5 does not replace that component. The
pools do not isolate governance: configuration, repair opportunities, and final-evaluation indepen-
dence were not held fixed.

B.5 AUTHORED AND ESTIMATED REFERENCE RANKS

The authored reference contains 13 capability descriptions and five architectural anchors. Estimated
references use the public brief and the synthetic design vocabulary explained in Section 5.1.1. The
pool diagnostic can also use descriptors supported by at least two other arms, excluding the candidate
itself. This peer component is unavailable in the two-arm pool and can contribute in the five-arm
pool, so reference construction differs.

Table 9 contains all score pairs underlying Figure 6. Both methods rank Claude above Codex in
the two-arm pool; with two unequal observations, matching order alone yields correlation 1. The
five-arm pool exchanges raw Codex and Cortex over Codex between ranks one and three, leaving the
remaining ranks unchanged and yielding correlation 0.6.

Table 9: Exact VERTEX pairs and within-pool ranks (1 = highest) for Figure 6. Rank arrows mean
authored to estimated rank, not improvement over time. The two pools share one storefront brief;
seven pairs are not seven independent task samples. Peer-consensus descriptors are unavailable with
only two arms.

Candidate
pool Configuration

Authored
VERTEX

Estimated
VERTEX Rank change

Two-arm Codex raw 0.4309 0.4142 2 → 2
Two-arm Claude raw 0.5271 0.5465 1 → 1
Five-arm Codex raw 0.5214 0.6026 1 → 3
Five-arm Cortex over Codex 0.4776 0.6465 3 → 1
Five-arm Claude raw 0.4512 0.5971 4 → 4
Five-arm Cortex over Claude 0.4199 0.5126 5 → 5
Five-arm OpenCode 0.5070 0.6159 2 → 2

Both diagnostics concern one independently specified brief. No cross-brief holdout evaluation
or correlation interval is reported. Similarity-rank agreement is not agreement on complete task
correctness; peer-derived references can reproduce shared errors. These observations motivate further
validation, not discarding authored references or claiming measured long-horizon performance.
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Two-arm storefront pool

Codex
raw

Claude
raw

Functional 0.36 0.73

VERTEX 0.43 0.53

PWA / accessibility 0.88 0.62

Visual similarity 0.59 0.68

Code / architecture 0.77 0.76

Robustness 1.00 1.00

Code health 1.00 1.00

Static security 1.00 1.00

Composite 0.65 0.75

Five-arm storefront pool

Codex
raw

Codex
+ Cortex

Claude
raw

Claude
+ Cortex

OpenCode
reference

Functional 0.55 0.45 0.45 0.45 0.73

VERTEX 0.52 0.48 0.45 0.42 0.51

PWA / accessibility 1.00 0.88 0.75 0.62 0.62

Visual similarity 0.62 0.61 0.65 0.62 0.66

Code / architecture 0.73 0.73 0.76 0.75 0.66

Robustness 1.00 1.00 1.00 1.00 1.00

Code health 1.00 1.00 1.00 1.00 0.60

Static security 1.00 1.00 1.00 1.00 1.00

Composite 0.72 0.68 0.67 0.65 0.71

Recorded scores: pale 0 → dark 1. Equal shading does not mean equal validity.

Figure 8: Recorded storefront score profiles, rounded to two decimals for display. Tables 7–8 retain
four-decimal values and distinguish the two separately captured candidate pools. Component scores
are proxies, not success probabilities; perfect recorded robustness or static-security values do not
establish exhaustive testing or absence of vulnerabilities. The composite is a weighted, build-gated
combination, not an additional independent measurement.
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