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Abstract

Tool-using language models can call a verifier
and still emit final artifacts that contradict its
output. End-to-end task reward cannot distin-
guish these artifact-faithfulness failures from
honest errors.

Applying a deterministic trace-coder to 1,980
archived 7-bench (Yao et al., 2024) trajecto-
ries from gpt-4o0 and claude-3.5-sonnet—
with no harness modification—we find the fail-
ure mode on 46—68% of reward-0 trajectories
per cell, evidence that artifact-faithfulness fail-
ures are real and pervasive in third-party agent
traces. The coder is the rubric component of a
trace-local protocol (V, X, R) that separates ar-
tifact errors from verifier-handling errors over
areplayable trajectory.

The protocol is designed to adjudicate its own
claims. A pre-declared inferential family lets
a single instrument return supported, scope-
conditional, falsified, and reversed verdicts
against fixed substrate evidence without rhetor-
ical rescue. We exercise this on one within-cell
mechanism question—which textual signal re-
pairs a frozen contaminated artifact—and re-
port what the protocol decided across four sub-
strates: supported on the primary substrate and
replicated on Ariane 5 (Lions et al., 1996) and
T-bench, falsified on a pre-registered SysML
forward test, and reversed on Spider text-to-
SQL (Yu et al., 2018). That the same instru-
ment cleanly adjudicates its own falsifications
is the contribution.

We release the protocol, the 7-bench external-
validation harness, frozen artifacts, pre-
registration commits at locked git tags, and
DriftGuard, a ~900-LoC library operationaliz-
ing the trace-local invariants as a drop-in guard
for verifier-in-the-loop pipelines.

1 Introduction

Tool-using language models are now deployed
in settings where the emitted artifact has verifi-
able ground truth and a downstream consequence

is hard to undo—customer-service agents calling
APIs (Yao et al., 2024; Barres et al., 2025; Gupta,
2026), code execution against real systems (Guo
et al., 2024; Zhang et al., 2024), and adjacent high-
stakes domains (Bedi et al., 2025; Guha et al., 2023;
Ghosh et al., 2025). The standard recommendation
1s to surround the LM with verifiers, so the model
can check a candidate artifact before committing.
In practice, even with the verifier exposed, final
artifacts can still be wrong in trajectory-local ways
a terminal pass/fail cannot distinguish: the model
may skip the verifier, ignore its result, attach a tool
call to a discarded draft, or omit fields a later check
requires. These artifact-faithfulness failures—the
artifact-level analogue of reasoning-faithfulness
work on chains of thought (Turpin et al., 2023;
Lanham et al., 2023; Kadavath et al., 2022)—are
the mode current high-stakes LLM evaluations re-
port they cannot localize from end-to-end accuracy
alone (Cemri et al., 2025; Zhu et al., 2025; Gupta,
2026).

We use mission-critical agentic operationally
for deployments with a mechanically checkable
ground-truth gate over a structured final artifact, a
multi-step trajectory in which earlier turns commit
values later turns depend on, and a consequence of
a wrong commit that is not absorbed by the trajec-
tory itself; our substrates are text-to-SQL queries
against a parser plus schema membership (Yu et al.,
2018), archived 7-bench (Yao et al., 2024) agent tra-
jectories against deterministic trace coders, Python
source against pytest oracles, JSON outputs against
safety thresholds, and SysML v2 artifacts against
physics gates as a coupled-physics case where the
mechanism decomposition was run.

Faced with a failure mode end-to-end accu-
racy cannot localize, we introduce (V, X, R), a
trace-local triple of a deterministic verifier, an
extractor that reduces a replayable trajectory to
a candidate artifact plus the model’s verifier-
relevant claims, and a trace-label rubric over an



artifact axis and a tool-handling axis. Applied
with no harness modification to 1,980 archived 7-
bench (Yao et al., 2024) trajectories from gpt-4o0
and claude-3.5-sonnet, the protocol’s determin-
istic coder fires on 46-68% of reward-0 trajectories
per cell—evidence that artifact-faithfulness failures
are real and pervasive in third-party agent traces
rather than a synthetic-harness artifact.

The protocol then lets us ask a second ques-
tion: once such a failure has occurred and the
verifier tool has been withdrawn, which textual
signal repairs the frozen artifact? A within-cell
mechanism case study on n=239 contaminated
SysML v2 artifacts decomposes the answer: one
upstream-source-naming sentence catries repair
where output-naming alone does not (paired ex-
act McNemar p < 10~'1), replicating on an Ari-
ane 5 Flight 501 reconstruction (Lions et al., 1996)
and on n="78 frozen 7-bench trajectories. A pre-
registered forward test on a fifth SysML chain falsi-
fied the prediction; a Spider text-to-SQL (Yu et al.,
2018) cross-substrate test reversed it. The mech-
anism finding is scope-conditional, and the proto-
col’s claim-status map (Table 4) reads each row
mechanically—supported, falsified, or reversed—
rather than rhetorically.

Contributions. (1) The trace-local protocol
(V,X,R) for artifact-faithfulness, with a pre-
declared inferential family that separates calibra-
tion, boundary detection, mechanism decompo-
sition, and frozen-artifact repair into orthogonal
probes (§3). The protocol’s claim-status map (Ta-
ble 4) reads each prediction against its supporting
or falsifying evidence by row, and is the organiz-
ing spine of §4. (2) External validation on 1,980
third-party T-bench (Yao et al., 2024) trajectories
via a deterministic S/T recoder applied with no har-
ness modification, recovering the contamination
analog on 46-68% of reward-0 trajectories per cell
(App. E). (3) Protocol-driven adjudication across
four substrates. The same instrument decomposes
one within-cell mechanism question into three ver-
dicts: supported on n=239 contaminated SysML
artifacts (paired exact McNemar p < 10~11), repli-
cated on Ariane 5 (Lions et al., 1996) (n=20,
p=3.4x1073) and on n="78 frozen 7-bench trajec-
tories; falsified on a pre-registered SysML forward
test (propellant_tank_burst, p=0.82; App. F);
and reversed on Spider text-to-SQL (Yu et al.,
2018) (n=200, b=0, c=127; App. J). The contri-
bution is not that one mechanism wins but that the

protocol tells us which row each prediction lands in.
Inferential statements are restricted to the declared
family in §3 (one paired McNemar on the repair-
comparison family, one Fisher exact on memory
composition); all other cross-probe statements are
descriptive. (4) A practitioner-facing artifact, Drift-
Guard (§5; App. L): a ~900-LoC Python library
wrapping any verifier-in-the-loop repair pipeline,
with four substrate adapters (SysML v2, JSON con-
fig, SQL literals, key-value text; ~80 LoC per new
substrate), that mechanically rejects candidates
overwriting user-stated protected values regardless
of verifier acceptance. Applied offline to the 1,912
recorded candidates of the four-chain decompo-
sition, DriftGuard rejects 28/28 standalone drift
cases and independently recovers the prompt-side
arm ordering. The protocol implementation, frozen
trajectories, pre-registration commits at locked git
tags, the 7-bench external-validation harness, and
the recoded artifacts are released alongside the li-
brary.

2 Related Work

Faithfulness in LM outputs. Reasoning-
faithfulness work asks whether a chain of thought
reflects the computation actually used (Kadavath
et al., 2022; Lanham et al., 2023; Turpin et al.,
2023). High-stakes benchmarks ask a parallel
question for final outputs in deployment-relevant
domains—medical (Bedi et al., 2025; Pandit et al.,
2025), legal (Guha et al., 2023), risk-and-reliability
(Ghosh et al., 2025), and code-execution (Guo
et al., 2024; Zhang et al., 2024)—but report aggre-
gate accuracy or harm rates rather than localize
the trajectory event at which an output stops being
faithful. We ask the analogous artifact-faithfulness
question at the trace level: after an external tool
call returns, do the final values and claims in the
emitted artifact remain consistent with that tool
output, and can later checks still see the relevant
fields? The gap we target is the combination of
fixed verifier surfaces, trace-local labels, controlled
boundary triggers, and frozen-artifact repair
ablations in which verifier tools are removed and
only the repair text varies.

Agent trajectories and tool use. Agent evalu-
ations increasingly inspect trajectories, tool use,
propagation cascades, runtime mitigation, repeated-
trial reliability, and fault injection (Bang et al.,
2025; Kokane et al., 2025; Gurram, 2026; Zhu et al.,
2025; Ma et al., 2025; Barke et al., 2026; Chen



et al., 2026a,b; Liu et al., 2026; Cemri et al., 2025;
Yao et al., 2024; Barres et al., 2025; Gupta, 2026;
Jia et al., 2026; Hui et al., 2026). This work sup-
plies vocabulary for process failures; our S/T rubric
is correspondingly narrow—verifier invocation, re-
sult honoring, visibility removal, fabrication—and
is built as deterministic gates over one stored arti-
fact rather than a learned coder. Appendix G maps
the fired endpoints back to AgentDebug and MAST
categories. Adversarial-agent and guardrail work
is complementary (Debenedetti et al., 2024; Zhan
et al., 2024; Andriushchenko et al., 2025; OWASP
GenAl Security Project, 2025; Wang et al., 2026;
Doshi et al., 2026); our probes are non-adversarial
and isolate a pre-security reliability question.

Structured generation as substrate. Con-
strained decoding, schema-guided generation, and
engineering-artifact benchmarks all assume the out-
put is mechanically parseable (Jin et al., 2025; Guo
et al., 2025; Simonds, 2025; Li et al., 2025); the
broader MBSE and SysML v2 standards stack situ-
ates SysML in that family (omg, 2025; SysML.org,
2025; Systems Modeling Community, 2026a,b;
Shi et al., 2025). We do not claim coverage of
that industrial surface. SysML v2, JSON, and
Python source code are used here as three con-
trolled structured-output substrates: ground truth is
mechanically checkable, traces are replayable, and
verifier-boundary labels can be assigned without
human raters. The unit of analysis shifts from final
design quality to trajectory-local verifier handling
over the emitted artifact, and the substrate becomes
interchangeable—the protocol’s labels are defined
over trace events and parsed fields, not over a par-
ticular output language.

3 Methodology

Protocol (V, X, R). A trace-level instantiation
supplies three components, independent of output
language (Figure 1). The verifier V is a deter-
ministic function over a parsed-artifact represen-
tation; it returns pass/fail and, where defined, a
numeric margin or violation list. The extractor X
reduces a raw model response and its preceding
tool calls to a candidate artifact plus the set of
verifier-relevant claims the model made about that
artifact; for SysML and JSON it is fenced-block
extraction, for code-repair it is the final-emitted
Python module. The label rubric R maps the tra-
jectory to one artifact-status label (P, SO-S2) and
one tool-handling label (T0O-T3) using only parsed

fields and recorded tool events. A failure boundary
is a probe under which clean inputs yield mostly P
and a single perturbation drives a measurable shift
in either axis; a repair ablation freezes the failed
artifact, removes verifier tools, and compares text-
only edit signals at the same boundary. The same
(V, X, R) triple is reused across SysML v2, JSON,
and Python code-repair substrates below; only V'
and the artifact grammar change.

Harness and artifact extraction. The basic
unit is a replayable run directory containing the
prompt, trajectory, raw model text, and scored ar-
tifact. The model sees only the natural-language
task; verifier names, thresholds, and mission con-
straints are loaded by the runner from a sepa-
rate config. The extractor selects the first fenced
sysml/sysml2/kerml block; parse and API errors
are coded SO. Gates recompute link budget, self-
consistency, and power closure from standard refer-
ences (Sklar, 2001; Proakis and Salehi, 2008) (de-
tails: App. H). Primary model: gpt-5.5; matched
sensitivity: gpt-5.4-mini; open-weight: Gemma
4 31B-it and Qwen 3.5 35B-A3B via an OpenAl-
compatible router. Repair ablations expose no veri-
fier tools and operate only on frozen failed artifacts.

Code Operational meaning

P verifier pass; declared values agree within toler-
ance

S2 visible fabrication; declared values disagree by
> 1dB

S1 visibility removal; required verification attributes
absent

SO parse failure or API failure

TO required verifier tool not invoked

T1 tool result honored by the final artifact

T2 tool result overridden by the final artifact

T3 tool called, but final artifact lacks relevant fields

Table 1: Trace-label rubric used by the deterministic
coder.

Trace labels. For each completed run, determin-
istic post-hoc coders reduce the archived prompts,
model messages, tool calls, tool results, extracted
artifact, verifier gates, and repair attempts to one
artifact-status label and one tool-handling label (Ta-
ble 1). The trace is the object being labeled, not the
model’s self-report. Latent causes such as mem-
ory pollution or premature answer defense are dis-
cussed only when the trace contains an observable
witness, and comparisons hold the verifier endpoint
fixed while one declared axis varies. Appendix G
maps the fired labels to AgentDebug and MAST



Replayable failure-boundary protocol

Calibration, boundary probes, and repair are reported separately.

Agent run Verifier gates
prompt + tools
artifact
stored trace

link / power / audit
self-consistency
mission gate

Trace labels Evidence

artifact status
tool handling
mechanical code

counts
costs
artifacts

Boundary probes
scope ambiguity
redundant tools

OMBSE audit
memory chain

One-axis contrasts

fixed endpoint
vary prompt/model
memory/repair

Frozen repair

fixed failed artifact
no verifier tools
vary text signal

Figure 1: Replayable protocol separating calibration, boundary probes, one-axis contrasts, and frozen-artifact repair.
The substrate-agnostic triple (V, X, R) (verifier, extractor, label rubric) is reused across SysML v2, JSON, and
Python code-repair; only V' and the artifact grammar change.

categories.

Probe families and substrate coverage. Each
boundary probe changes one source of difficulty
while preserving the verifier endpoint. The main
gpt-5.5 suite covers calibration (n=>50), cross-
family transfer (n=120), scoped-attribute ambigu-
ity (n=50), non-space OMBSE audit (n=30+40),
and redundant-tool disagreement (n=100). The
probes span SysML v2, JSON, and Python code-
repair across nine sub-domains (Table 2).

Code-repair instantiation. The Python code-
repair substrate reuses the same (V, X, R) with
a different verifier and grammar. Five single-
file Python bugs (cr_01—cr_05) are presented as
buggy source plus a prose spec; the agent has
one tool, run_pytest(candidate_code), return-
ing a hidden pytest suite’s pass/fail counts. A
clean arm shows only the buggy code; a polluted
arm prepends a ‘“standing engineering decision”
memory entry pointing to a wrong fix direction—
structurally analogous to SysML duty-cycle pollu-
tion. The same coder assigns S/T labels (S2: emit
but tests fail and claim pass; T2: tool reported fail-
ing but final emission ignored).

Sub-domain

Verifier surface

Boundary failure exposed

SysML v2 substrate

S-band CubeSat  link + self-consistency  faithful-tool calibration base-
downlink gate line (T0/T2/T3)

X-band / power / link + power gate, duplicate-attribute fabrica-
capacitance cross-  scoped extraction tion across scopes

family

Non-space OMBSE

Redundant compute

audit-surface gate
(parser-visible  evi-
dence forms)

link gate over emitted

visibility removal (S1) under
audit-surface mismatch

biased-tool emission vs. dis-

paths values agreement handling
18-stage power late power gate after  stale-memory contamination
memory inactive stages triggered by late gate

JSON structured-output substrate

Warehouse through-  late safety gate memory-trigger  transfer
put across representation
Medical infusion bo-  bolus-rate safety gate memory-trigger  transfer;
lus repair-shape negative
Rail headway headway safety gate memory-trigger  transfer;

repair-shape negative

Python code-repair substrate

cr_01-cr_05 (off- hidden pytest oracle
set, units, sort-order,  re-run by harness
inclusive-range,

average)

ceiling calibration: faithful-
ness gap small at this probe
difficulty

Table 2: Sub-domains exercised by the probe suite and
the verifier surface each stresses. The protocol is in-
stantiated over three substrates—SysML v2, JSON, and
Python code-repair—spanning aerospace, non-space op-
erational MBSE, logistics, healthcare, rail, and general-
purpose programming.

Memory and repair probes. The SysML mem-
ory suite separates persistence from harm with
18-stage chains.  Controls carry downlink_
duty_cycle=0.15; contaminated chains carry
downlink_duty_cycle=0.60. Stages 1-17 keep
the power gate inactive, and Stage 18 activates it.
We freeze the 21 contaminated Stage-18 artifacts
that both retained the stale value and failed the late



Probe

Main result

calibration
boundary contracts
redundant tools

18-stage memory

SysML repair

non-SysML transfer

pre-registered repair

50/50 gpt-5.5 pass; TO/T2/T3 all 0; sanity check
only

cross-family 117/120; scope ambiguity 10/25 —
25/25; non-space OMBSE 0/15 — 15/15

both compute tools 100/100; biased path emitted
0/100; link gates 84/100

polluted value reaches late gate 24/24 on
gpt-5.5, 24/24 on mini, 10/11 on Gemma 4
31B-it, and 4/5 on Qwen 3.5 35B-A3B (76/90
parseable artifacts under HF non-thinking preset);
late failures 21/24 on gpt-5.5, 24/24 on mini,
10/11 on Gemma, 4/5 on Qwen

numeric text 0/41 on gpt-5.5, 0/21 on mini, 1/10
on Gemma; trigger-aware quarantine 40/41 on
gpt-5.5, 19/21 on mini, 10/10 on Gemma; para-
phrases: aware 19-21, blind 12-17

polluted JSON memory 24/24; unsafe final 15/24;
all six repair arms 15/15, so repair-shape transfer
is negative

fresh seeds: trigger-blind quarantine 16/20
vs no-feedback 4/20; exact McNemar p =
9.16x10™*

Table 3: Main boundary and repair results.

Claim

Evidence

Status

field-only > output-
only (source naming
beats output feedback)
field-only > output-
only on every coupled-
physics SysML chain
field-only > output-
only generalizes to text-
to-SQL

explicit NL provision
of the protected value
raises honest-pass on
SysML chain repair
NL availability alone
eliminates  protected-
field drift

structured > numeric
verifier text

single primitive sen-
tence inside structured
frame carries repair

contamination failure
mode generalizes to

n=239,
n=20,

4-chain SysML
p<10_11; Ariane
p=3.4x10"3
pre-reg propellant_tank_
burst n=60, p=0.82 (App. F)

Spider n=200, paired exact Mc-
Nemar b=0, c=127; direction
reversed (App.J)

n=239, paired vs. nu-
meric:  b=144,¢=0, p—0
(39/239 — 183/239;
App. K)

same n=239: drift 1 — 56
(relocates to extras); quarantine-
clause arm holds drift at 0/239
4-chain SysML; Ariane; 7-
bench retraction (3/4 models);
propellant_tank_burst
SysML 4-chain (field clause); 7-
bench (“decline rather than fab-
ricate”); not propellant_tank_
burst

T-bench S/T recoding, 1,980 tra-
jectories, 46-68% reward-0

supported (in-
scope)

falsified
falsified (oppo-
site direction)

supported

falsified

supported
(more  robust
than (1))
scope-
conditional

supported

gate, and apply six text-only repair signals: no feed-
back, gate name only, masked verifier text, numeric
verifier text, trigger-blind quarantine, and trigger-
aware quarantine naming downlink_duty_cycle.
Paraphrase, gpt-5.4-mini, and JSON-transfer
probes test sensitivity to wording, model family,
and representation. Frozen-artifact repair arms
are paired by source seed and compared with ex-
act McNemar tests, with Holm correction inside
the declared repair-comparison family; memory-
composition checks use two-sided Fisher exact
tests; remaining cross-probe statements are descrip-
tive (Appendix B).

4 Results

4.1 Calibration and Boundary Probes

The calibration is deliberately easy and demoted to
a sanity check: both prompting arms pass all runs
(25/25 advertised-tool and 25/25 prompt-mandated,
TO/T2/T3 all 0), confirming that the harness can
observe faithful tool handling under a shared oracle
but providing no evidence about behavior under
schema ambiguity, missing audit evidence, multi-
tool disagreement, stale memory, or a zero-tool
repair budget. The boundary probes carry the claim
(Table 3).

The contract probes show that several failures
are surface, not physics: cross-family transfer
is 117/120 on gpt-5.5 (the three failures dupli-
cate power attributes across scopes), canonical
scoping moves gpt-5.5 from 10/25 to 25/25 and
gpt-5.4-mini from 5/25 to 15/25, and scaffolded
non-space OMBSE prompts that declare parser-
visible evidence forms move from 0/15 to 15/15.

third-party agent traces
mechanism  universal
across substrates

DBC, AADL ceilings; MCO not claimed
single-term null; JSON single-

threshold null

Table 4: Claim-status map. Each row reads as evidence-
against-claim: “in-scope” marks claims whose stated
scope holds, “falsified” marks a pre-registered predic-
tion the locked decision rule did not support, and “scope-
conditional” marks a finding that holds on several sub-
strates but not universally. Extended discussion in
App. A.

The redundant-tool probe gives the agent one un-
biased and one silently +3 dB-biased link-budget
path: gpt-5.5 calls both tools in 100/100 runs,
emits the biased path in 0/100, and passes link gates
in 84/100, with the remaining failures schema or
visibility issues rather than blind trust in the bi-
ased path. The gpt-5.4-mini suite preserves the
memory endpoint but collapses on several SysML
schema surfaces; we treat it as model-sensitivity
evidence rather than a second leaderboard row.

4.2 Adjudication across the claim-status map

Table 4 reads each prediction the protocol adjudi-
cates against its supporting or falsifying evidence.
The rows order the rest of §4: supported in-scope,
scope-conditional, falsified pre-registered, falsified
cross-substrate, and not claimed. Inferential state-
ments are restricted to the declared family in §3;
all other statements are descriptive.

Supported in-scope: external failure-mode val-
idation on 1,980 third-party traces. Applying
the same deterministic S/T coder post-hoc to 1,980
publicly archived 7-bench trajectories (Yao et al.,
2024) (gpt-40, claude-3.5-sonnet; airline, re-



tail), the (S2, T5) contamination analog fires on
46-68% of reward-0 trajectories per cell across
both frontier LLMs and both domains (full per-cell
breakdown, Table 9, in App. E). The failure mode
is real and pervasive in third-party agent traces; the
remainder of §4.2 reports a within-cell case study
on SysML and Ariane that decomposes the corre-
sponding repair mechanism, then extends the case
study to a 7-bench retraction endpoint.

Supported in-scope: staged-memory trigger
fires. The strongest trigger is staged memory. A
contaminated duty cycle can persist through Stages
1-17 while the power gate is inactive; when Stage
18 activates the gate, polluted memory plus the
late gate fails 21/24 on gpt-5.5 against 10/10
clean late-gate controls (two-sided Fisher exact
p = 2.18x107%). The matched gpt-5.4-mini
run is 24/24 retention with 24/24 late-gate failure;
Gemma 4 31B-it replicates the boundary at 10/11
vs 0/5 (p = 1.37x1073). Per-condition counterfac-
tual cells are in Appendix C, Figure 2.

Supported in-scope: mechanism decomposition
(n=239), ruling out answer leakage. The repair
mechanism is identified by a within-cell decom-
position on n=239 contaminated artifacts (four
independent SysML chains, gpt-5.4-mini; Ta-
ble 5). The structured-quarantine prompt names
the polluted field, which admits a skeptical read-
ing: perhaps the model is just being told where
the bug is. We rule this out by separating two
kinds of pointer the bundle conflates: a downstream
pointer to where the verifier rejects (gate, con-
straint, SysML path), and an upstream pointer to
which memory source to override (the field clause).
The four-chain decomposition holds the model,
gate, and constraint fixed across n=239 frozen ar-
tifacts and varies only what the structured prompt
names: the output-only arm keeps the full down-
stream pointer but omits the field clause; the field-
only arm strips downstream content and retains
only “Treat (polluted-field) as suspect”; the aware
arm restores the full bundle. Numeric verifier text
is the text-framed baseline.

The decomposition collapses to a single domi-
nant component, in the direction opposite to the
answer-leakage reading (Table 5). The field-only
arm repairs 123/239; the output-only arm repairs
54/239. Paired exact McNemar field-only vs.
output-only b=87,c=18,p < 10~!!: this is the
load-bearing significant contrast on the SysML
cell. The Ariane 5 reconstruction (n=20, App. D)

Repair arm thermal prop. att. eclss
no-feedback 1/59 1/60  0/60  0/60
gate-only 7/59 10/60  0/60  0/60

masked verifier text 10/59 5/60  0/60  0/60
numeric verifier text 25/59 15/60  0/60  0/60
blind quarantine 7159 15/60  0/60  1/60
output-only quarantine 28/59  20/60 2/60  4/60
field-only quarantine 39/59  36/60 20/60 28/60
aware quarantine 36/59  33/60 44/60 33/60

Table 5: Mechanism decomposition on the four-
chain family (n=60 contaminated chains per
chain—thermal loses one non-converged seed—
pooled n=239, gpt-5.4-mini). Output-only keeps
gate+constraint but omits the polluted-field clause;
field-only keeps only “Treat (polluted-field) as suspect”;
aware is the full bundle. The load-bearing significant
contrast is field-only 123/239 vs. output-only 54 /239
(paired exact McNemar b=87,c=18,p < 10711,
Output-only does not separate from numeric verifier text
(40/239; p=0.087). The residual over field-only to the
full bundle (aware 146/239, ~10 points, paired exact
McNemar b=78, c=55, p=0.056) is at the boundary
of significance and concentrates on attitude_rw and
eclss_co2; the corresponding point estimate is that
field-only recovers ~75% of the aware-vs-output-only

gap.

reproduces the contrast on an independently-
sampled substrate: field-only 16/20 vs. output-
only 5/20 (b=12,c=1,p=3.4x10"3); pooled
across the SysML and Ariane cells (n=259):
b=99, c=19, p=3x10~'4. Output-only does not
separate from structured-blind or numeric veri-
fier text (SysML: 23/239, 40/239; output-only
vs. numeric p=0.087, not significant). The full
aware bundle repairs 146/239 on SysML (resid-
ual over field-only ~10 points, paired exact Mc-
Nemar b=T78, c=55, p=0.056, at the boundary of
significance) and 16/20 on Ariane (field-only ties
aware: b=4, c=4, p=1.0, no residual). The SysML
point estimate—field-only recovers ~75% of the
aware-vs-output-only gap (69/92)—should be read
as a point estimate, not a tested effect size; on
Ariane the analogous estimate is 100%. The
per-chain SysML pattern is heterogeneous: on
thermal and propulsion, field-only edges aware;
on attitude_rwand eclss_co2—where numeric
and output-only fail almost entirely—aware retains
a residual advantage over field-only. Localizing the
failure for the model does not repair the artifact; on
both substrate cells, the dominant separation comes
from naming the upstream contamination source.

Supported in-scope: 7-bench repair-mechanism
replication (n=78). A frozen-artifact repair ab-
lation on n=78 of those trajectories (7-bench tools



withheld; retraction rather than recompute end-
point) extends the mechanism beyond our har-
ness. On the same (S2, T») failures, a structured-
quarantine arm containing one “decline rather
than fabricate” sentence elevates hedging 2—4x
over numeric-only feedback on three of four
tested repair models: gpt-5.4-mini 36/78 vs.
< 12/78 (paired exact McNemar p < 107%);
gpt-5.5 17/78 vs. < 7/78 (p < 0.021);
claude-haiku-4-5 18/23 vs. < 11/23 (p <
0.039); null on Gemma 4 31B. A paired 2x2 de-
composition on the two OpenAl models shows the
effect is a shape x directive interaction (App. E)—
neither structured shape nor the directive sentence
alone reliably elicits retraction. The mediator dif-
fers from the SysML cell (“decline rather than fab-
ricate” vs. “treat (polluted-field) as suspect”), as
does the endpoint (retraction vs. recompute); the
structural finding parallels the SysML decomposi-
tion: a single primitive sentence inside the struc-
tured frame carries the repair signal.

Supported in-scope: NL availability raises
honest-pass. Adding one arm to the SysML
setup — nl_intent_text, the numeric baseline
prefixed with a one-line mission spec that ex-
plicitly states the protected value (App. K) —
raises honest-pass 39/239 — 183/239 (paired
b=144, c=0, p—0).

Scope-conditional: NL availability and quar-
antine clause are two independent mediators.
The same NL prefix also raises drift 1/239 —
56/239 (drift relocates to other protected fields),
while the quarantine-clause aware arm without NL
spec holds drift at 0/239 at honest-pass 146,/239.
Two independent mediators move different quan-
tities; neither alone is sufficient for high honest-
pass and zero drift. This is consistent with the
SysML—Spider reversal (below): substrates differ
in which mediator dominates.

Falsified, pre-registered forward test on
propellant_tank_burst. A fifth SysML
chain (propellant_tank_burst, hoop-stress
burst-margin gate; pre-registration locked before
chain implementation; App. F) fires the trigger
as predicted (60/60, controls 10/10). The locked
decision rule on the field-only > output-only
criterion was falsified: field_only 45/60 vs.
output_only 48/60 (paired exact one-sided
p=0.82). The full bundle still dominates (57/60
aware vs. 48/60, p=0.011) and the structured-

vs-numeric contrast holds (48/60 vs. 37/60,
p=0.026). The single-primitive-sentence claim
does not generalize even within SysML.

Falsified, cross-substrate: Spider text-to-SQL
reverses the contrast. The same four-arm de-
composition on n=200 Spider v1 dev (Yu et al,,
2018) questions (qualified to those where a lit-
eral in the gold SQL also appears in the NL
question; synthetically-broken SQL with first ta-
ble misspelled; parser + schema-membership veri-
fier; gpt-5.4-mini) reverses the contrast: output-
only 191/200 vs. field-only 64 /200, paired exact
McNemar b=0, c=127, p—0 (aware 200/200; no-
feedback 102/200). The single-sentence upstream-
source clause does not transfer to a substrate where
the failing pointer (“table X does not exist”) is
short, local, and immediately actionable (App. J).

Not claimed: substrate ceilings and nulls. In-
dustrial substrates (DBC, AADL), the Mars Cli-
mate Orbiter single-term reconstruction, the within-
substrate arity-3 manipulation, and JSON single-
threshold transfer collapse the contrast to ceiling
or tie (App. D, App. C; Table 4). Single-chain
protocol-floor pilots that established the arm order-
ing before the four-chain scale-up (n=41,/21/10),
Python code-repair, and open-weight Gemma 4
31B-it/ Qwen 3.5 35B-A3B checks are in App. C.

5 Discussion

The contribution is the protocol: (V, X, R) sup-
plies a substrate-agnostic instrument that reads
each prediction against its evidence row by
row in Table 4—supported, scope-conditional,
or falsified—and stays coherent across two pre-
registered falsifications. The mechanism case
study (the n=239 SysML decomposition with its
T-bench n=78 and Ariane n=20 replications) is
the protocol’s first instrument-internal application;
the post-hoc account below for why one substrate
falsified is offered as a substrate-feature rival hy-
pothesis to be tested, not as a post-hoc rescue.

From protocol to practitioner: DriftGuard.
The protocol’s trace-local invariants ship as Drift-
Guard (App. L), a ~900-LoC Python library that
wraps any verifier-in-the-loop repair pipeline and
mechanically rejects candidates that overwrite user-
stated protected values, regardless of whether the
verifier itself accepted them. Substrate adapters
for SysML v2, JSON config, SQL literals, and
plain-text key=value pairs ship with the library; a



new substrate is ~80 LoC. Applied offline to the
1,912 recorded repair candidates of the four-chain
mechanism decomposition (Table 5), DriftGuard
rejects 28/28 standalone-analyzer drift cases and
recovers the per-arm rejection ordering indepen-
dently of the prompt-side measurement. The guard
does not replace the verifier and does not claim
semantic equivalence (42 vs. 42.0 is byte-distinct
and rejected by design); it converts a verifier “pass”
that altered a protected value into a mechanical
rejection with the violation surfaced as feedback
to the next proposal—the deployable answer to
“what does a practitioner do once the failure mode
is detected.”

Three kinds of null. The map distinguishes
internal-consistency nulls (arity-3 manipulation
p=0.25 rules out arity-as-mediator; MCO single-
term p=1.0 rules out broad-coupling-as-sufficient—
neither pre-registered, both narrow the alternative-
mediator space rather than pre-commit the bound-
ary), ceiling artifacts (DBC, AADL, Python satu-
rate every repair arm, leaving the contrast unmea-
surable rather than null), and true scope boundaries
(single-threshold and attenuated coupled JSON are
conventional nulls that constrain the positive claim
to coupled multi-variable physics).

Substrate-feature rival hypothesis for the pre-
registered falsification. The falsification on
propellant_tank_burst (§4.2; App. F) admits
a parsimonious post-hoc account: the propellant-
tank gate is linear in the polluted field, so the gate
equation itself suffices to back-compute a feasi-
ble value, removing the four-chain advantage of
upstream-source naming. The four-chain gates
(rocket equation, Stefan—Boltzmann, multiplica-
tive torque) are transcendental or multiplicative
and not algebraically solvable from output_only
alone. We offer algebraic-invertibility of the gate
as a substrate-feature rival hypothesis for which
primitive carries repair, to be tested by a future pre-
registration; the current pre-reg permits no amend-
ment, and the in-scope claim now reads “substrate-
class-conditional”, not “universal”.

Which primitive carries the move. On the four-
chain SysML family and Ariane the load-bearing
primitive is “treat (polluted-field) as suspect”; on
T-bench it is “decline rather than fabricate”; on
Spider text-to-SQL (App. J) the failing-pointer
arm dominates instead, and on propellant-tank the
bundle dominates both decomposed arms. Struc-

tured prompts license a re-orienting move; which
primitive carries that move is substrate-conditional.
Each null also suggests an intervention: ceiling
artifacts ask for harder gates; single-term nulls sug-
gest constraint-only repair as a separate primitive;
attenuated coupled JSON suggests format-aware
quarantine.

6 Conclusion

We introduce (V, X, R), a substrate-agnostic pro-
tocol for artifact-faithfulness failures in tool-using
LLM agents, and validate it on four structured
substrates plus 1,980 external 7-bench trajecto-
ries. The protocol’s pre-declared inferential family
let a single paper carry one supported in-scope
mechanism finding (the n=239 SysML decompo-
sition 123/239 vs. 54/239, paired exact McNe-
mar p < 10!, replicated on Ariane 5 and on 7-
bench retraction shape), one pre-registered SysML
falsification (propellant_tank_burst, 45/60 vs.
48/60, p=0.82), one cross-substrate Spider rever-
sal (b=0, c=127), and one scope-conditional medi-
ator result (NL availability vs. quarantine clause),
each cleanly attributable to its row of the claim-
status map (Table 4) without rewriting the contri-
bution. The protocol, the pre-registered forward
test, the cross-substrate falsification, the 7-bench
external-validation harness, and DriftGuard are re-
leased.

Limitations

Shared-oracle and verifier surface. The cali-
bration uses the same physics implementation for
the exposed tool and final verifier, so it measures
agent-side fidelity rather than tool correctness. The
boundary probes reduce but do not remove that
threat because the same repository still owns the
parser, verifier, and audit gates. The repository veri-
fier reads a constrained SysML textual subset and is
not a proof of conformance against the SysML v2
Pilot Implementation or commercial tools; we inter-
pret every physics result as a claim about verifier-
visible textual artifacts under this harness, not about
full SysML v2 conformance.

Model and substrate coverage. The primary
model is gpt-5.5, with a matched gpt-5.4-mini
stress suite and two open-weight systems (Gemma
4 31B-it, Qwen 3.5 35B-A3B) served via a third-
party endpoint; claude-haiku-4-5 appears only
on the chain-family and 7-bench appendix probes.
Gemini systems remain absent and the coverage



is asymmetric across substrates. The Python code-
repair probe at cr_01—cr_05 difficulty sits below
the failure boundary and serves as ceiling cali-
bration rather than a stress test; stronger code-
repair probes (multi-file refactors, adversarial or-
acles, longer pollution chains) are needed before
any claim about transfer to Python, and we make
no such claim. The JSON transfer probe has three
domains and 30 chains, which reduces domain nar-
rowness for the contamination trigger but not for
the repair-shape effect.

Sample size and protocol floor. The headline
contrast is the n=239 four-chain mechanism de-
composition (field-only 123/239 vs. output-only
54/239, paired exact McNemar b=87, c=18,p <
10—, with two independent-data replications
at n=20 (Ariane 5 reconstruction) and n=78 (7-
bench frozen-artifact repair, three of four repair
models). The single-chain pilots at n=41 on
gpt-5.5, n=21 on gpt-5.4-mini, and n=10 on
Gemma 4 31B-it are protocol-floor cells that estab-
lished the repair-arm ordering before the four-chain
scale-up; their McNemar p-values (b=40, c=0
on gpt-5.5; b=19,¢=0 on mini; b=9,c=0 on
Gemma) are within-pair separation statistics on
small per-cell samples, not large-n power statistics,
and the extreme magnitudes reflect near-perfect
within-pair agreement on the failure direction, not
breadth. We report them as supporting evidence
rather than as the headline numbers (App. C, Ta-
ble 7).

Synthetic chain and statistical scope. The 18-
stage memory chain is a reduced-form trigger for
counterfactual isolation, not evidence about nat-
ural failure rates in hundreds-step autonomous
workflows—though the upstream-pollution / late-
gate rejection pattern it instantiates is documented
in real engineering failures (Mars Climate Or-
biter (NASA, 1999), Ariane 5 Flight 501 (Lions
et al., 1996), Schiaparelli EDM lander (ESA In-
dependent Inquiry Board, 2017); full mapping in
App. B T11). The empirical complement is the
7-bench recoding, which finds the same (S2,7%)
pattern on 46—68% of reward-0 third-party traces.
Most boundary rows are descriptive; inferential
claims are limited to declared repair-comparison
families, one pre-registered fresh-seed FMAI repair
replication, and one pre-registered forward test of
the operational boundary criterion (App. F). Veri-
fier pass is not engineering acceptance.

Post-hoc boundary characterization and its falsi-
fication. The boundary criterion (“> 2 polluted-
field-touching numeric inputs combine via oper-
ations beyond a threshold comparison’) was op-
erationalized after the SysML decomposition, the
Ariane and MCO reconstructions, and the arity-
3 manipulation had been run; those cells are not
pre-registered tests of the criterion. The arity-
3 null and the MCO null narrow the alternative-
hypothesis space the criterion competes with (arity-
as-mediator and broad-coupling-as-sufficient are
both inconsistent with observed evidence) but do
not constitute pre-committed falsification tests.
The one pre-registered forward test of the criterion
(App. F, on the propellant_tank_burst chain)
falsified the criterion’s prediction: field_only
45/60 does not exceed output_only 48/60 (one-
sided p=0.82). The criterion as written is therefore
not a sufficient predictor of which substrates show
the within-cell field-clause dominance, even within
SysML, and we carry it into the paper acknowl-
edged as falsified on one of its predictions. The
criterion as a coarse predictor of when any struc-
tured arm beats numeric verifier text continues to
hold across all tested substrates inside it.

Ethical Considerations

The protocol is intended as a measurement tool
for verifier-augmented tool-using language mod-
els, not as a deployment shim. We see two prin-
cipal risks. First, the boundary probes intention-
ally surface mechanisms by which an agent can
emit an unsafe artifact that nevertheless passes
parser checks (e.g., contaminated power budget
that satisfies a late activation gate). We publish
the probes because the same mechanisms can fail
silently in production; concealing them would not
reduce the underlying risk and would prevent in-
dependent verification. The repair ablation reports
both negative results (numeric verifier feedback can
be actively harmful) and bounded positive results
(trigger-aware structured quarantine), and the paper
explicitly disclaims that any single repair shape is
universal. Second, applying these techniques to
real engineering artifacts requires human-in-the-
loop review; we make no claim that the verifier
harness substitutes for industrial qualification, con-
figuration management, or domain-expert sign-off.
All experiments use synthetic SysML and JSON
artifacts authored for this study; no proprietary or
safety-critical design data was used. Models were



queried through public hosted endpoints under their
respective providers’ terms of service.
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A Extended Claim-Status Discussion

The claim-status map shown as Table 4 in §4.2 ad-
judicates nine predictions against fixed substrate
evidence. Two row groupings warrant brief exten-
sion here beyond the one-line evidence summaries
in the main table.

The two falsified rows are not redundant. The
pre-registered propellant_tank_burst falsifica-
tion (App. F) tests whether field-clause domi-
nance holds on a coupled-physics SysML chain the
locked decision rule predicted it should; the Spi-
der reversal (App. J) tests whether the same domi-
nance transfers to a structurally different substrate.
Both come back negative, but they fail differently:
propellant_tank_burst ties (45/60 vs. 48/60,
p=0.82) within the same substrate class; Spider in-
verts (b=0, c=127) across substrate classes. Read-
ing the rows together is what licenses the dis-
cussion’s “algebraic-invertibility” rival hypothesis

S
(85).

“Structured > numeric” is the survivor. Row 6
of Table 4 is the claim that holds across ev-
ery substrate the protocol touches—SysML four-
chain, Ariane, 7-bench retraction (3 of 4 mod-
els), propellant_tank_burst, and Spider where
it also passes. The single-primitive-sentence claim
(row 7) is scope-conditional; the structured-frame
claim is not. We restrict the headline mechanism
language to the survivor, not to its more aggressive
descendants.

B Detailed Limitations and Threats to
Validity

T1, shared oracle. The faithful-tool calibration
uses the same physics module for tool output and
final verification, so it is a fidelity sanity check, not
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tool-correctness evidence. T2, model coverage.
The main probes use the recorded gpt-5.5 config-
uration. A matched gpt-5.4-mini suite adds F1,
cross-family, operational-MBSE, scope-ambiguity,
redundant-tool, memory-chain, and frozen-artifact
repair stress tests. It preserves the strongest con-
tamination endpoint (control 10/10 pass; polluted
late-gate failure 24/24), but it also exposes sub-
stantial model sensitivity: cross-family tasks pass
89/120, the operational-MBSE subset passes 2/40,
and redundant-tool variants pass link gates 0/100
because schema-surface failures dominate before
trust failures can appear. This is a boundary map
across four LLMs spanning two closed and two
open-weight families, not a ranking of model fami-
lies and not evidence about Claude or Gemini sys-
tems. T3, task distribution. The tasks remain
spacecraft-heavy and use intentionally minimal
triggers; the non-SysML JSON memory-transfer
probe reduces this concern but has only three do-
mains and 30 chains, and the cross-domain six-arm
repair saturates at 15/15 so transfer evidence covers
the contamination trigger only, not the structured-
quarantine shape effect. This improves repro-
ducibility but risks trigger overfitting. T4, sample
size. Run-level exact bounds are descriptive be-
cause repeated calls share task specifications; task-
clustered bounds are wider. TS, tool descriptions.
Sparse, ambiguous, or adversarial tool schemas
could reintroduce non-invocation or override; a 50-
run sparse-tool-description ablation on gpt-5.5
that strips the compute_link_budget description
to a one-sentence stub passes 50/50 on F1 with 0/50
S1 and 0/50 T3, so this trigger is weak on gpt-5.5
at this scale and is not a substitute for adversarial-
schema or open-weight tests. T6, hosted tools.
In-process function calling omits serialization, au-
thorization, transport, and prompt-injection bound-
aries. T7, multi-tool conflict. The redundant-tool
probe covers one compute conflict, not a broad ecol-
ogy of stale or adversarial tools. T8, loss model.
The environmental loss budget is defensible but not
unique; alternative budgets change magnitudes.
T9, SysML v2 surface. The primary harness
uses a subset parser rather than commercial-tool
conformance. T10, verifier scope. Numeric gates
and scaffolded raw-text OMBSE audit surrogates
do not establish unconstrained MBSE modeling
competence. T11, iterative authoring and chain
length. The 18-stage SysML memory chain and
8-stage JSON transfer probe are not real library
patch/merge workflows under PLM or configu-
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ration management, and the chains are unit-test
instantiations of a chain-length axis along which
the protocol is intended to compose; they are de-
signed to expose contamination-onset, not to claim
hundreds-step deployment-length operation. The
upstream-pollution / late-gate-rejection pattern the
18-stage chain instantiates is, however, of a type
documented in real engineering failures: the Mars
Climate Orbiter mishap, where a ground-software
thrust output in pound-force—rather than new-
tons as the navigation filter expected—propagated
through trajectory-correction maneuvers and failed
at orbital insertion (NASA, 1999); the Ariane 5
Flight 501 horizontal-velocity variable inherited
from Ariane 4 software that overflowed 16-bit con-
version under the larger trajectory and propagated
through guidance until vehicle self-destruction at
T+37s (Lions et al., 1996); and the Schiaparelli
EDM lander IMU saturation during parachute de-
ployment, which fed an invalid altitude estimate
into the navigation filter and propagated through
descent control until premature engine cutoff at
+3.7 km altitude (ESA Independent Inquiry Board,
2017). These are upstream-value pollution inci-
dents that survive intermediate review and fail
at a downstream gate; the 18-stage chain is the
shortest counterfactually-isolated reduction of that
pattern, not an estimate of its deployment fre-
quency. T12, engineering acceptance. Gate pass
is not human review acceptance; guardrail-induced
task degradation and rework cost remain unmea-
sured. T13, external trace-schema cross-walk
and recoding. The paper records traces in its
own event schema and codes the S/T axes deter-
ministically. Appendix G (Table 13) gives a def-
initional cross-walk to AgentDebug (Zhu et al.,
2025) and MAST (Cemri et al., 2025) categories
so each fired S/T endpoint and each trigger family
is named under at least one external schema. We
additionally apply the same deterministic coder to
1,980 publicly archived 7-bench trajectories (Yao
et al., 2024) (gpt-40 + claude-3.5-sonnet, air-
line + retail); Table 9 shows that the (S5, T5)
contamination-analog pattern fires on 46—68% of
the reward = O trajectories per cell, evidence that
the protocol detects the same artifact-faithfulness
mode in traces collected for an unrelated bench-
mark. We do not perform full per-trace recoding
under AgentFail (Ma et al., 2025), AgentRx (Barke
et al., 2026), MAST, TraceElephant (Chen et al.,
2026a), TRACE (Chen et al., 2026b), or Tra-
JAD (Liu et al., 2026), and we do not claim inter-
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rater agreement with those schemas. The recorded
run/task/seed/arm, event-index, actor, event-type,
tool-name, input/output hashes, gate, and status
fields remain a strict superset of what the cross-
walk maps need.

T14, paper-wide multiple-comparisons con-
trol. Inferential statistics in this paper are
limited to declared families: (a) the within-
family Holm correction over the five repair-
arm contrasts on the original n=21 frozen arti-
facts (App. C); (b) a single pre-registered con-
firmatory McNemar comparison on a disjoint
fresh seed range (preregistration_repair_
replication.md under paper/, locked at git
tag preregistration-2026fmai); and (c) a sin-
gle pre-registered forward test of the opera-
tional boundary criterion on a substrate that did
not exist at registration time (preregistration_
boundary_forward_test.md, App. F). All other
probe results in Table 3 are reported as descriptive
failure-boundary characterizations; we do not as-
sert paper-wide family-wise error control across
the boundary suite, and cross-probe pattern state-
ments (“model is fragile under X but robust under
Y”) are not claims of joint statistical significance.
The two pre-registered tests are the only probes
whose inferential claims are robust to a paper-wide
multiple-comparisons challenge by construction,
since each was declared as a single comparison
before data were collected; the boundary-criterion
forward test was falsified under its locked decision
rule.

C Boundary and Repair Probes

The boundary and repair runs are separate from
the 50-run F1 calibration. They test where the
clean result stops holding and whether the resulting
failure reports are actionable.

We first added three boundary tasks: bp_power_
01 adds a coupled power_budget gate; bp_xband_
01 transfers to X-band high-rate downlink; and
bp_caps_01 places the design near mission caps.
We run 20 seeds per arm for each task (120 runs).
This cross-family extension passes 117/120. All
three failures occur in bp_power_01: the artifact
passes link, self-consistency, and mission con-
straints but fails power_budget because power at-
tributes such as pa_efficiency and downlink_
duty_cycle are duplicated across spacecraft and
transmitter scopes, making power extraction am-
biguous.



We then scale that observation into five scoped-
attribute trigger variants: duty-cycle operations
memory versus power, PA efficiency component
versus power, transmitter power RF versus power,
payload mass versus spacecraft mass, and receiver
noise versus ground-station noise. Ambiguous
prompts pass 10/25 for gpt-5.5; canonical scop-
ing passes 25/25. The matched gpt-5.4-mini
stress test is weaker but directionally consistent:
ambiguous prompts pass 5/25 and canonical scop-
ing passes 15/25, so the contract helps but does not
close the boundary on the smaller model.

The nontrivial tool-trust probe in §4.1 uses re-
dundant compute paths rather than a single biased
service. This makes the failure boundary behav-
ioral: the agent can compare a biased primary ser-
vice against an independent cross-check, and the
trace reveals whether it detects, ignores, or mis-
resolves the disagreement.

Finally, ombse_0@1 adds a scaffolded operational-
MBSE audit: requirement declarations with
satisfy/verify chains, port/item-flow compati-
bility, allocation completeness, a state/transition be-
havior graph, patch evidence against a named base-
line model, and configuration/change-control IDs.
The task prompt supplies the expected evidence
forms, so this is closer to textual audit-evidence
copying/completion than unconstrained MBSE syn-
thesis. It is a subset audit, not Cameo, Capella,
Rhapsody, Pilot Implementation, or PLM integra-
tion. Across 20 seeds per arm, 34/40 runs pass
all gates. The six failures are trace-local: one be-
havior graph references a state that is not declared,
one artifact omits a complete requirement—satisfy—
verify chain, and four artifacts leave allocations
incomplete.

To test whether this is only a spacecraft nota-
tion artifact, we add three non-space OMBSE do-
mains: warehouse robotics, infusion-pump oper-
ation, and rail signaling. Plain generation passes
0/15. A scaffolded audit-surface contract that sup-
plies parser-compatible metric attributes and exact
requirement/interface/ allocation/behavior/patch/-
configuration evidence forms passes 15/15. This is
best interpreted as evidence that the audit surface is
portable, not that the agent independently models
those domains.

We also add a non-SysML JSON transfer probe
for the memory-contamination shape, instantiating
the operational-control category of mission-critical
agentic testbed (§1): warehouse robot aisle-speed
policy, hospital infusion-pump bolus rate policy,
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and rail-signaling headway policy. Each chain has
eight JSON artifact stages: seven handoff stages
where the safety gate is inactive, then a late safety
audit. With gpt-5.4-mini, controls pass 6/6. Con-
taminated chains carry the polluted value to the
late gate in 24/24 (eight contaminated seeds per
domain) and fail 15/24 final audits: warehouse
8/8, infusion 6/8, rail 1/8. The rail result is infor-
mative because the value is carried but the model
self-corrects in 7/8 of those chains before the final
gate. The full six-arm text-only repair ablation (no-
feedback, gate-name-only, masked verifier text, nu-
meric verifier text, trigger-blind structured quaran-
tine, trigger-aware structured quarantine) saturates
at 15/15 across every arm. A matched rebalanced
run on Gemma 4 31B-it (seeds=8, control-seeds=2,
same three domains) self-corrects on 22/24 contam-
inated chains at the final gate, leaving only 1 chain
eligible for repair across all three domains and
rendering the cross-arm comparison on Gemma
underpowered at this probe difficulty (the result
is in paper/results/cross_domain_memory_
transfer_gemma_rebalanced. json). The direc-
tionally opposite Gemma signature on this surface
vs. on 7-bench (where Gemma did not differenti-
ate the repair arms; Table 11) underscores that the
open-weight model’s behavior on single-threshold
operational safety gates is not the same as on third-
party customer-service traces, and any cross-model
claim has to hold the substrate fixed. The OMBSE
repair surface is a single </> check against one
threshold, which is too local for the structured-
quarantine shape contrast (originally 18/21 vs 5/21
on SysML) to discriminate. We read this as a
structural bound on the repair-shape effect: the
contamination trigger generalizes across mission-
critical agentic categories (systems-engineering,
operational-control, deployed-agent), but the shape-
vs-volume gap appears where the repair surface is
coupled (multiple constraints that must be jointly
satisfied) and saturates where it reduces to a sin-
gle threshold check. The finding is therefore about
a class of faithfulness failures with a characteriz-
able shape requirement on the repair surface, not a
universal cross-domain claim.

SysML chain-family generalization. To address
the single-source-chain concern on the SysML side
directly, we add four independent SysML chains
drawn from different textbook physics gates: ther-
mal radiator sizing (Stefan-Boltzmann (Q),.; =
e AFT*; Wertz SMAD Ch. 11), propulsion AV



budget (Tsiolkovsky AV = I g0 In(mg/my);
Sutton; SMAD Ch. 17), reaction-wheel saturation
(Hyheel = Tdisttdesat - SF; SMAD Ch. 10), and
ECLSS COz scrubbing (Cserup > Nerewmco, -
SF; NASA HIDH). Each chain uses the same
10-stage memory-contamination rhythm; the pol-
luted memory field is the gate-relevant input to the
physics constraint. Contaminated emission (n=20
per chain) on gpt-5.4-mini yields 20/20 late-gate
failures on each chain and 3/3 control passes, giv-
ing n=80 frozen failed artifacts across the four
new chains (scripts/run_sysml_chain_family.
py, paper/results/sysml_chain_family_gpt_
5_4_mini. json). Pooled across the four chains,
trigger-aware structured quarantine repairs 47/80;
numeric verifier text repairs 15/80; trigger-blind
structured quarantine 6/80; gate-only 8/80; masked
verifier text 8/80; no-feedback 2/80. Paired ex-
act McNemar gives p < 10~ on every com-
parison against trigger-aware quarantine (vs nu-
meric: b=37,c=5; vs sq_blind: b=44,c=3; vs
no-feedback: b=45, c=0). The shape-over-volume
ordering reproduces on each chain individually as
well: on attitude_rw and eclss_co2, trigger-aware
quarantine dominates (15/20, 10/20 vs 0/20 on
every other arm), while on thermal_radiator and
propulsion_dv the gap over numeric verifier text
is directional but smaller (12/20 vs 7/20, 10/20 vs
8/20 respectively).

Second-model replication on
claude-haiku-4-5. To check that the chain-
family result is not an artifact of a single
closed-weight repair model, we re-ran the same
4-chain emission and 6-arm repair pipeline on
claude-haiku-4-5 via the Anthropic Batch API
(paper/results/sysml_chain_family_haiku_
4_5. json). Two observations. First, haiku-4-5is
meaningfully more robust to upstream pollution
at emission time than gpt-5.4-mini: only
51/80 contaminated chains fail the late gate
(thermal 11/20, propulsion 7/20, attitude 18/20,
eclss 15/20), versus 80/80 on gpt-5.4-mini;
controls still pass 3/3 on every chain. Second,
the shape-over-volume ordering reproduces
on the 51 frozen failed artifacts that remain:
trigger-aware structured quarantine repairs 23/51;
numeric verifier text 12/51; masked verifier 7/51;
gate-only 6/51; trigger-blind quarantine and
no-feedback 5/51 each. Paired exact McNemar
against trigger-aware quarantine is significant
on every arm: vs numeric verifier (b=17,c=6,
p=0.035), vs masked (b=19, c=3, p=0.0009), vs
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gate-only (b=20, c=3, p=0.0005), vs no-feedback
(b=20, c=2, p=0.0001), vs sq_blind (b=19, c=1,
p < 0.0001). The shape-over-volume margin
is smaller on haiku-4-5 than on gpt-5.4-mini
(23/51-12/51 vs 47/80-15/80), and at the per-chain
level haiku-4-5 inverts the ordering on the two
least-coupled chains (thermal: sq_aware 4/11
vs numeric 6/11; propulsion: sq_aware 5/7 vs
numeric 6/7) while strongly preserving it on the
two more-coupled chains (attitude: 12/18 vs 0/18;
eclss: 2/15 vs 0/15). The model-replication adds a
second frontier closed-weight model to the chain-
family evidence and independently re-confirms the
surface-coupling-conditional reading: even within
the chain family, the shape-over-volume gap is
largest on the most coupled gates.

The pooled n=80 on these four independent
textbook-physics chains, combined with the orig-
inal 41-artifact satellite power chain (n=41), el-
evates the SysML evidence to five independent
chain families spanning power, thermal, propul-
sion, attitude, and life-support physics, repli-
cated across two frontier closed-weight repair
models (gpt-5.4-mini, claude-haiku-4-5) on
the four-chain expansion and across three models
(gpt-5.5, gpt-5.4-mini, Gemma 4 31B-it) on
the original chain.

Coupled-constraint OMBSE: a positive bound
test. The single-threshold null above suggests the
shape effect requires a repair surface where mul-
tiple constraints must be jointly satisfied. To test
this positively, we extend each operational-control
domain with one derived field whose value is func-
tionally tied to the contaminable primary value
(warehouse: kinetic_energy = 0.5 - payload -
speed?, with kinetic_energy < 10017; infusion:
total_dose rate - concentration - duration,
< 40mg; rail: stopping_buffer headway -
line_speed — block_length, > 300 m). The late
gate now checks BOTH the primary and the de-
rived constraint, and demands the derived value
equal the formula evaluated on the artifact’s pri-
mary (no clamping-without-recomputation). Con-
taminated chains fail the joint gate in 24/24; con-
trols pass 4/6 (warehouse 2/2, rail 2/2; infusion
0/2 is a parsing artifact where the model emitted
the primary as the string "4mL/hr" rather than
a numeric scalar, so the semantically safe value
did not pass our strict float-only extractor — we
report this as a measurement-instrument limita-
tion, not a faithfulness failure). On the 26 eli-



gible failed chains, running the six repair arms
surfaces a prompt-design effect inside the shape
claim itself. With an under-specified structured-
quarantine prompt that names only the primary
constraint (“quarantine the suspect primary, sat-
isfy the primary bound”), trigger-aware quaran-
tine repairs 8/26 — the lowest of any arm and sig-
nificantly below the numeric verifier text arm at
14/26 (paired exact McNemar p = 0.031). With
a joint-aware prompt that names the failing gate
so the structured intervention implicitly references
both bounds (the analog of SysML’s “re-derive
power_budget” phrasing), trigger-aware quaran-
tine repairs 14/26, tied with trigger-blind structured
quarantine, and ties numeric verifier text within the
resolution of the paired test (paired exact McNe-
mar p = 0.50). A pre-registered scale-up to n="78
eligible failed chains (25 contaminated seeds per
domain) sharpens the picture under the joint-aware
structured prompt: structured-quarantine arms
beat unstructured feedback decisively (sq_aware
43/78 vs no_feedback 34/78 paired p=0.035;
vs masked verifier text 29/78 paired p=0.0001;
sq_blind 49/78 vs no_feedback paired p=0.003).
The structured arms do not beat numeric verifier
text on this surface (sq_aware 43/78 vs numeric
43/78 paired p=1.0; sq_blind 49/78 vs numeric
paired p=0.24); shape beats unstructured feed-
back here but ties more-verifier-text rather than
dominating it (paper/results/cross_domain_
coupled_gpt_5_4_mini_n6@. json; the original
n=26 comparison is in ..._gpt_5_4_mini. json,
and the under-specified n=26 contrast is in

.._underspecified. json). The structural
bound therefore has two parts. First, the structured
prompt must encode the joint failure gate, not only
one of its constraints; an under-specified structured
intervention underperforms more-verifier-text on
a coupled OMBSE surface (n=26 above). Sec-
ond, even with a joint-aware structured prompt,
the coupled-but-simple operational JSON surface
does not reproduce the SysML-scale magnitude
of the shape-vs-volume gap; the structured arms
beat unstructured feedback but tie numeric verifier
text at n="78, suggesting that the SysML magni-
tude depends on additional surface complexity (the
multi-variable physics chain) beyond two-variable
coupling alone. We read the cross-substrate evi-
dence as a boundary characterization: structured
shape outperforms unstructured feedback wherever
the failure surface has multiple coupled constraints,
and the magnitude of the gap over more-verifier-
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text scales with surface complexity.

Live-loop prompt-shape calibration. The main
repair-shape results withdraw verifier tools at the
repair step so that only the repair text varies. To
check that the prompt-shape lever is also observ-
able in a live agentic loop where tools remain avail-
able, we run gpt-5.4-mini on five link-budget
sub-tasks (n=25 trajectories per arm; 50 total) un-
der two system prompts that differ only in how
the verifier tools are introduced: tool_offered
(verifiers listed as available) and tool_required
(verifiers listed as required before commit). Tra-
jectory shape and final faithfulness shift together.
Mean trajectory length is 3.60 turns (SD 0.82,
range 3—6) under tool_offered and 3.12 turns
(SD 0.33, range 3—4) under tool_required; fi-
nal self-consistency + link-budget pass is 20/25
vs. 25/25, paired exact McNemar two-sided p =
0.0625 (one-sided p = 0.031, b=5,c=0). The
effect direction matches the frozen-repair result—
the shape of the prompt-side phrasing shifts the
artifact-faithfulness outcome—but the sample is
power-limited at n=25/arm and is reported as
live-loop calibration, not as independent primary
evidence. Full per-instance traces are in runs_
agent_scaleup_gpt_5_4_mini_full/; the sum-
mary is paper/results/agent_scaleup_live_
loop_summary. json.

Memory contamination and repair ablation.
The current memory suite uses 18 artifact stages per
chain. In the contaminated condition, downlink_
duty_cycle=0.60 reaches the late Stage 18 power
gate in 24/24 chains and causes power_budget fail-
ure in 21/24; controls pass 10/10. Three contam-
inated chains pass despite retaining the polluted
value, which keeps the trigger from being a deter-
ministic tautology. A matched gpt-5.4-mini re-
run of the same 34 chains is stricter: controls again
pass 10/10, but polluted chains fail the late power
gate in 24/24. We report this as a model-sensitivity
strengthening of the contamination endpoint, not
as evidence about natural deployment rates. The
counterfactual factorial (polluted memory x late-
gate-active) is shown in Figure 2: only the joined
condition fails, isolating the composition as the
trigger.



Counterfactual factorial: polluted memory x late-gate-active
(joined-only failure isolates the composition)

late gate inactive

late gate active

trivial
baseline
clean memory -

(not run)

polluted memory

Figure 2: Memory counterfactual: only polluted memory composed with the late activation gate fails the boundary.

Probe / arm Tool calls  Tokens
neutral redundant-tool run 4.44 13.9k
scope ambiguity, ambiguous 2.84 18.6k
scope ambiguity, canonical 2.16 13.2k
gpt-5.5 contaminated chain 37.1 331.6k
repair, numeric verifier text 0 5.39k
repair, trigger-aware quarantine 0 6.28k

Table 6: Representative process costs. Canonical scop-
ing is cheaper than ambiguous scoping because it re-
moves repeated repair attempts; numeric verifier text
and trigger-aware quarantine spend comparable tokens
but have opposite pass rates.

We then freeze the 21 failed artifacts and run
six text-only repair arms with no verifier tools: no-
feedback re-roll, gate-name-only, masked verifier
text, numeric verifier text, structured trigger-blind
quarantine, and trigger-aware structured memory
quarantine. Pass counts are 5/21, 5/21, 1/21,
0/21, 18/21, and 21/21. This is useful as a
stricter repair result: the failure boundary is re-
producible, no-feedback re-rolls are not enough,
and structured quarantine helps even when it does
not name the suspect field or threshold. The
archived CFP audit (cfp_alignment_results.
json under paper/results/) records the corre-
sponding primitive-composition table and repair
cost / failure-gate side effects.

Single-chain protocol-floor pilot (scaled-up).
After the FMALI pre-registered replication landed
(20 additional failed artifacts from fresh seeds 100—
123), we extended the original n=21 ablation to
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all six text-only arms on those seeds, giving an ag-
gregated n=41 for gpt-5.5. Table 7 and Figure 3
show the pilot at the scaled-up single-chain sample:
numeric verifier text repairs 0/41 on gpt-5.5 and
0/21 on gpt-5.4-mini, while trigger-aware quar-
antine repairs 40/41 and 19/21. We report this as
a single-chain pilot, not the headline: it established
the arm ordering and the protocol floor at which the
instrument detects the contrast, but the load-bearing
significant contrast is the four-chain n=239 decom-
position in §4. The middle of the curve is model-
sensitive: masked text improves on mini, trigger-
blind quarantine holds 34/41 on gpt-5.5 but falls
to 5/21 on mini. Gemma 4 31B-it on its 10 eligible
artifacts reproduces the ordering (numeric 1/10, no-
feedback 1/10, trigger-aware 10/10). Paired exact
McNemar separates trigger-aware from every other
arm on gpt-5.5 at p < 2x1072 (vs numeric:
b=40, c=0; vs masked: b=39,c=0; scripts/
compute_n41_cis.py); mini and Gemma carry
one-sided exact McNemar at p < 4x1073. The
exact Clopper-Pearson 95% Cls in Table 7 make
per-arm uncertainty visible: the trigger-aware
Cl is [0.87,1.0] on gpt-5.5 (n=41), [0.70,0.99]
on gpt-5.4-mini, and [0.69, 1.0] on Gemma 4,
while the numeric-verifier-text CI is [0.00,0.09],
[0.00,0.16], and [0.00,0.45] respectively—non-
overlapping on every model. Trigger-aware para-
phrases remain near ceiling on gpt-5.5 (19—
21/21), and a pre-registered fresh-seed replication
gives 16/20 for trigger-blind quarantine vs 4/20 for



no-feedback (p = 9.16x107%).

Repair signal 5.5 (n=41) mini Gemma 4 5.5 para.
no-feedback re-  9/41[.11,.38]  4/21 [.05,.42] 1/10 [.00,.45] -
roll

gate-name- 8/41[.09,35]  6/21 [.11,.,52]  0/10 [.00,.31] -
only

masked verifier  1/41 [.00,.13] 9/21 [.22,.66] 2/10 [.03,.56] -
text

numeric verifier  0/41 [.00,.09] 0/21 [.00..16] 1/10 [.00..45] -
text

trigger-blind 34/41 [.68,.93]  5/211[.08,47]  8/10[44,.97] 12-17/21
quarantine

trigger-aware 40/41 [.87,1.01  19/21 70,991 10/10 [.69,1.0] 19-21/21
quarantine

Table 7: Single-chain pilot: frozen-artifact repair with
verifier tools withheld; brackets are exact Clopper-
Pearson 95% ClIs on the per-arm pass rate. The gpt-5.5
column is the original n=21 frozen artifacts plus a fresh
n=20 scale-up batch (FMAI pre-registered replication
seeds 100-123, late-gate-failed); mini and Gemma 4
columns remain at the original n=21 and n=10.

Bl gpt-5.5 (n=21) E gpt-5.4-mini (n=21) B Gemma 4 31B-it (n=10)

no-feedback
gate name

masked text

trigger-blind

trigger-aware

40
repair pass rate (%)

60 80

Figure 3: Text-only repair on the same 21 failed SysML
artifacts (single-chain pilot; load-bearing significant
contrast is the four-chain n=239 decomposition, Ta-
ble 5).

The two structured quarantine prompts are inten-
tionally disclosed because they are interventions,
not a learned general repair policy. The trigger-
blind arm uses the following prompt.
Trigger-blind quarantine prompt.

Structured systems intervention: before editing,
quarantine any early

operations-memory or bookkeeping field that may
have been recorded before

the currently failing verifier gate existed. Use
the mission specification

and masked verifier feedback to identify the
stale power-subsystem input.

Preserve mission interface values unless the
mission specification

explicitly requires a change. Then re-derive the
smallest feasible

power-subsystem edit and update only directly
derived power bookkeeping
values.

The trigger-aware arm adds the suspect field and
target range:
Trigger-aware quarantine prompt.

Structured systems intervention: quarantine
early operations-memory fields

before editing. Treat “downlink_duty_cycle” as
suspect because it was

recorded before the power gate existed. Keep
pa_efficiency”,

“bus_avionics_power_W", “depth_of_discharge~,
and

“battery_specific_energy_Wh_per_kg~ at their
existing interface values

unless a mission constraint explicitly says
otherwise. Re-derive a feasible

“spacecraft.power.downlink_duty_cycle™ at or
below ©.20, then update only

directly derived power bookkeeping values.
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This wording is why the repair claim is restricted
to finite-sample interventions on frozen artifacts,
not presented as a domain-general memory repair
mechanism.

Paraphrase ablation

To distinguish wording from shape, we ran five
shape-preserving paraphrases of each quarantine
prompt against the same 21 frozen artifacts (para-
phrase results file in paper/results/). Each para-
phrase preserves the “quarantine early operations-
memory field — re-derive smallest feasible power-
subsystem edit” structure but varies surface phras-
ing (procedure-style, two-step, suspect-list, work-
flow, re-statement; full text in scripts/run_
text_repair_ablation.py). The trigger-aware
paraphrases pass 19, 20, 20, 21, 21 /21 (mean 20.2,
SD 0.84), each paired-McNemar Holm-equivalent
to the original 21/21 (Holm-adjusted p = 1.0).
The trigger-blind paraphrases pass 12, 13, 14, 14,
17 / 21 (mean 14.0, SD 1.87); none cross Holm-
adjusted o = 0.05 against the original 18/21, but
the original sits on the high end of the wording
distribution. All five trigger-blind paraphrases beat
no-feedback (5/21) by >7 cases and uniformly beat
masked-verifier text (1/21) and numeric-verifier
text (0/21). The trigger-aware shape is paraphrase-
robust; the trigger-blind shape is qualitatively but
not quantitatively wording-invariant. The headline
“shape carries the effect” claim should therefore
be read as: structured-quarantine shape robustly
beats unstructured feedback under this budget, but
the specific 18/21 trigger-blind point estimate is



wording-driven.

Trace excerpt. The contaminated seed O trace
localizes the failure without relying on post-hoc
narrative. The early polluted value remains irrel-
evant until the late power gate appears; text-only
repair then separates unstructured feedback from
the structured quarantine intervention.

stage 1..17: downlink_duty_cycle = 0.60
(gate not yet active)

stage 18 power_gate: duty_cycle = 0.60

stage 18 power_budget: FAIL 21/24 contaminated

gpt-5.4-mini matched rerun: FAIL 24/24

text repair: no_feedback 5/21; gate_only 5/21;
masked 1/21; numeric 0/21;
trigger_blind 18/21;
trigger_aware_quarantine 21/21

D Industrial-Substrate Confirmations of
the Attenuation Boundary

Two real industrial substrates further locate where
the shape-over-volume repair contrast attenuates.
Both use the same five-stage chain shape as the
cross-domain coupled JSON probe, the same six
text-only repair arms, and the substrate-native se-
mantic roundtrip as the late-gate consistency check.

DBC (CAN bus signal definitions). Three syn-
thetic CAN messages (frame IDs 0x301, 0x311,
0x321, chosen to avoid the OpenDBC / Toy-
ota / comma.ai well-known set) cover hydraulic
brake pressure, powertrain coolant temperature,
and chassis steering torque. The coupling is
the DBC linear conversion physical raw -
scale + offset between the on-bus integer payload
and the engineering-unit value downstream safety
functions consume. Contamination injects a pol-
luted raw_value that propagates into an unsafe
physical_value. Repair must edit raw_value
and re-derive a consistent physical_value, and
the artifact must roundtrip through the cantools
parser (Vector Informatik / ISO 11898-1 refer-
ence implementation). On gpt-5.4-mini with
n=20 contaminated and n=3 control chains per do-
main (n=60 total), trigger transfers cleanly: 60/60
contaminated chains fail the late gate, controls
9/9 pass. Repair-shape contrast collapses to a
flat ceiling: no-feedback 54 /60, gate-only 56/60,
masked 53/60, numeric 57/60, blind quarantine
55/60, aware quarantine 58,/60 (paper/results/
dbc_coupled_gpt_5_4_mini. json).

AADL (end-to-end latency budgets). Three
synthetic  AADL systems cover avionics
primary-flight-control  (ARINC664), power-

train engine management (CAN), and chassis
brake-by-wire (FlexRay). The coupling is
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the AADL timing composition latency
Periodproducer +  Transmission_Timey,s +
Compute_Execution_Time ,qmer  against a
system-level Latency deadline. Contamination
injects a polluted Period on the producer thread
that pushes the derived end-to-end latency past the
deadline. Repair must edit Period and re-derive
a consistent end-to-end latency, and the emitted
aadl_text field’s Period assignment for the
producer thread must roundtrip with the explicit
numeric field. On gpt-5.4-mini with n==8
contaminated and n=2 control chains per domain
(n=24 total), trigger transfers cleanly: 24/24
contaminated chains fail the late gate, controls 6/6
pass. Repair-shape contrast again collapses to a
flat ceiling: no-feedback 23/24, gate-only 24/24,
masked 23/24, numeric 21/24, blind quarantine
24/24, aware quarantine 24/24 (paper/results/
aadl_coupled_gpt_5_4_mini. json).

AADL Liu-Layland (nonlinear schedulability,
scope criterion). A third AADL variant replaces
the additive end-to-end latency gate with the
Liu-Layland rate-monotonic schedulability bound
32 Ci/T; < n(2'/™ — 1) across three threads (pro-
ducer, bus driver, consumer), the canonical nonlin-
ear coupled gate in fixed-priority real-time schedul-
ing. On gpt-5.4-mini with n=8 contaminated
and n=2 control chains per domain (n=30 total),
all eight repair arms collapse to a flat floor at 0—
3/29 including controls (paper/results/aadl_
11_coupled_gpt_5_4_mini.json); the model
cannot reliably compute the utilization sum and
compare against the n-thread bound even on safe
seeds. This is an instrument-floor result, not a
mechanism finding: where the model cannot reach
the late gate at all, no repair text can move it. We
include it to mark the additional scope condition
that the recompute surface must remain within the
model’s arithmetic reach.

Historical engineering-failure reconstructions
(Mars Climate Orbiter, Ariane 5 Flight 501).
Two SysML-instantiated chains reconstruct doc-
umented spacecraft and launch-vehicle incidents
with publicly available investigation reports.
Mars Climate Orbiter (1999): AMD impulse
commands emitted in pound-force-seconds (1bf-s)
but consumed by navigation as newton-seconds
(N's), the 11bf=4.44822N conversion dropped,
biasing trajectory so insertion periapsis falls
below the Martian atmospheric floor (NASA,
1999). Late gate: insertion_periapsis_km



Probe Condition n pass Failure gate

F1 calibration seeds 0—4 per arm/task 50 50 -

cross-family power / X-band / caps 120 117  power
operational MBSE trace/interface/allocation/behavior 40 34 mixed

scope ambiguity gpt-5.5, ambiguous vs canonical 50 35 power/schema
non-space OMBSE plain vs scaffolded 30 15  audit gates
redundant tool descriptive labels 50 42 schema / vacuity
redundant tool neutral A/B labels 50 42 schema ambiguity
memory contamination 18 stages, 10 control + 24 polluted 34 13 late power
text-only repair six arms over 21 failed artifacts 126 50  mission / power
paraphrase ablation 10 paraphrases over 21 failed artifacts 210 171  mission / power
gpt-5.4-mini memory chain 18 stages, 10 control + 24 polluted 34 10  late power
gpt-5.4-mini text repair 16 arms over 21 failed artifacts 336 169 mission / power
non-SysML memory transfer 8 stages, 6 control + 24 polluted 30 15 late safety
non-SysML repair null six arms over 15 failed JSON artifacts 90 90 -

Table 8: Boundary and repair runs used in the current claim.

intended_periapsis sensitivity
n_events - (impulse — nominal)/mass >
atmospheric_floor. Ariane 5 Flight 501 (1996):
horizontal velocity at Hy+30s exceeds the
inherited Ariane 4 inertial-reference signed-
intl6 range, causing an unhandled exception
and a commanded thrust profile that exceeds
structural limit (Lions et al., 1996). Late gate:
thrust command kN = K, - v + K, - o <
structural_limit. On gpt-5.4-mini with n=20
contaminated and n=3 control chains per failure,
contamination triggers cleanly: 20/20 and 20,20
contaminated chains fail the late gate; 3/3 and 3/3
controls pass. Per-chain repair (paired McNemar
vs. TAQ-aware):

* Ariane 5 (two-term thrust gate, cou-
pled): TAQ 16/20, field-only 16/20
(b=4, c=4,p=1.0), numeric verifier 8/20
(b=9, c=1,p=0.022), output-only 5/20
(b=11, c=0, p=10~2), masked/gate-only/no-
feedback 1/20 each. Direct field-only
vs. output-only paired exact McNemar:
b=12,c=1,p=3.4x10"3.  Replicates the
SysML mechanism on an independent
substrate: field-only ties aware and signif-
icantly exceeds output-only; numeric and
downstream-pointer-only arms fall away.

Mars Climate Orbiter (single-term
offset): ~ TAQ 12/20, numeric 15/20
(b=4,c¢=7,p=0.55), field-only 14/20,
output-only 14/20, blind 3/20, masked/gate-
only/no-feedback 2/20. Numeric verifier
text already pinpoints the one bad sensitivity
factor; TAQ adds no incremental signal.
Consistent with the multi-variable boundary
that DBC and AADL additive land outside of.
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Raw counts in  paper/results/sysml_
historical_gpt_5_4_mini. json.

Reading. DBC, AADL additive, AADL Liu-
Layland, and MCO all deliver clean contamina-
tion triggers across domains drawn from real in-
terchange and architecture-description standards
or documented engineering failures—not synthetic
MBSE textbooks—so the trigger half of the proto-
col is not SysML-specific. The repair-shape con-
trast, however, requires the recompute surface to
admit a coupled multi-variable re-derivation that
the model can actually compute: 2-variable lin-
ear (DBC), additive (AADL), single-term offset
(MCO), and arithmetically-out-of-reach (AADL
Liu-Layland) all collapse the shape-over-volume
gap. The contrast survives on two-term coupled
gates the model can re-derive (Ariane 5 reconstruc-
tion; SysML four-chain mechanism family). This
locates the positive finding at coupling structure
the model arithmetically commands, not at SysML
syntax or at structured framing per se.



E 7-bench Repair-Mechanism
Replication (Retraction Endpoint)

Model Domain n P S2m,—o T2m,—o
claude-3.5-sonnet  airline 400 184 148/216 144/216
claude-3.5-sonnet  retail 920 637 174/283 166/283
gpt-40 airline 200 84 53/116 53/116
gpt-4o retail 460 278  99/182 98/182

Table 9: External validation: our S/T labels applied
post-hoc to publicly archived 7-bench trajectories. n,—g
is the count of trajectories with reward = 0; Sy flags
visible-fabrication final text; 75 flags state-changing
tool invoked with the final artifact committing to a claim
the env verifier rejects. The same contamination-analog
pattern fires across both frontier LLMs and both do-
mains.

To test what the structured-shape signal does on off-
harness failures, we re-ran the repair arms over 78
T-bench trajectories where (So, T5) fires (scripts/
run_tau_bench_repair_ablation.py). Each ar-
tifact is handed to the repair model with 7-bench
tools withheld and one of the repair prompts
re-templated for the airline/retail domain. Two
structural points up-front, because they shape
what this experiment can claim. (i) The end-
point is retraction, not recompute. The Sy la-
bel by construction picks out trajectories where
the env returned reward O and the agent’s final
text claims success—there is no environmental
support available for the success claim, so the
only correct text move available to the agent is
to remove that unsupported commitment. Un-
like the SysML and JSON repair arms, where the
model must recompute a feasible value and re-
emit a new artifact, the 7-bench arms test only
whether the model retracts the unsupported success
claim. (ii) The trigger-aware structured-quarantine
prompt explicitly contains the sentence “decline
rather than fabricate” (see scripts/run_tau_
bench_repair_ablation.py, lines 115-134). A
naive six-arm comparison of structured-quarantine
against numeric_verifier_text therefore con-
founds two factors: the structured shape of the
prompt (quarantine framing, identify the unsup-
ported value, instruct the model to re-read tool
outputs) and the explicit retraction directive (“de-
cline rather than fabricate”). The unstructured
arms contain no equivalent retraction directive;
the structured arms do. To decompose the two
factors, we ran a directive-isolation 2x2 on the
same 78 trajectories (paired by trajectory, same
random seed that drew them): {numeric, struc-
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tured} X {no-directive, +directive}, where the
new cells are numeric_verifier_text_with_
decline (the numeric arm with the directive sen-
tence appended) and structured_quarantine_
text_no_decline (the structured arm with the di-
rective sentence excised; no other change). We
score whether the re-emitted final response hedges
(“cannot confirm the refund from the tool out-
put,” “a human agent will need to verify”) rather
than re-commits. A K=20 deterministic ground-
ing audit (seed 42, classifier in scripts/audit_
tau_bench_grounding.py) confirms the framing
on the sample: in 18/20 cases the state-changing
tool returned content that did not justify the
agent’s success claim under the env’s reward 0;
the remaining two cases are tool-response cor-
relation artifacts in the audit logic flagged for
manual inspection, not substantive counterexam-
ples. Per-case evidence in paper/results/tau_
bench_grounding_audit. json.

Directive-isolation 2x2. The four cells, paired
by trajectory on the same n=78 failures across
both repair models (Table 10, raw counts
in paper/results/tau_bench_directive_
isolation_*.json): on gpt-5.4-mini, only
the structured x directive cell is elevated (36/78
[.36, .57]); the other three cells—numeric, nu-
meric+directive, structured-without-directive—sit
at 9/78, 17/78, and 10/78. Paired exact Mc-
Nemars: shape alone (structured-no-directive
vs. numeric) gives 6/5 discordant (p=1.00);
directive alone (numeric+directive vs. numeric)
gives 12/4 (p=0.077); directive within structured
(structured vs. structured-no-directive) gives 27/1
(p=2.2x107"); shape with the directive present
in both arms (structured vs. numeric+directive)
gives 23/4 (p=3.1x10~%). The pattern reproduces
qualitatively on gpt-5.5 at lower absolute
rates: cells 4/78,8/78,8/78,17/78; shape alone
p=0.29; directive alone p=0.29; directive within
structured p=0.035; shape with directive matched
p=0.035.

The honest read is therefore that the 7-bench
retraction effect is a shape X directive interaction:
neither factor alone elicits retraction reliably on
either tested model (both shape-alone and directive-
alone paired McNemars are non-significant on
gpt-5.4-mini and gpt-5.5), but the structured-
plus-directive cell is reliably elevated above each of
the three corners that drop one factor. The endpoint
differs from SysML (retraction vs. recompute) and



the precise mediator differs (“decline rather than
fabricate” vs. “treat (polluted-field) as suspect”),
but the structural finding parallels the SysML mech-
anism decomposition: a single primitive sentence
inside the structured frame, not the structured shape
on its own, is what carries the repair signal. We
fold the 7-bench result into the repair-mechanism
claim on this structural basis while keeping the
mediator-level details distinct.

Model Shape no dir. + dir.

9178
10/78

17/78
36/78

numeric

gpt-3.4-mini structured

4/78
8/78

8/78
17/78

numeric

5.5 structured

Table 10: 7-bench retraction, directive-isolation 2x 2.
Hedge counts on the same 78 (S5, T5) trajectories, cross-
ing shape (numeric vs. structured-quarantine) with di-
rective (absent vs. “decline rather than fabricate”). On
both models the structured x directive cell is elevated
2-4x above each of the three cells that drop one fac-
tor; shape-alone and directive-alone paired exact Mc-
Nemars are non-significant. Wilson 95% ClIs and pair-
ing details in paper/results/ (see App. files prefixed
tau_bench_directive_isolation).

Multi-model six-arm coverage. We additionally
ran the same six-arm ablation on the same 7-bench
trajectories under claude-haiku-4-5 (Anthropic
SDK) and Gemma 4 31B-it (open-weight, Open-
Router), to test how the structured x directive cor-
ner extends beyond the two OpenAl models that
carry the 2x2 decomposition above. We report
these as six-arm counts (Table 11) rather than as a
directive-identified 2x2. On claude-haiku-4-5
the structured-plus-directive arm hedges 18/23 ver-
sus < 11/23 for every other arm (paired exact
McNemar p < 0.039 on 5/5 pairs); on gpt-5.5
and gpt-5.4-mini the corresponding six-arm con-
trasts are 17/78 vs. < 7/78 (p < 0.021 on 4/5
pairs) and 36/78 vs. < 12/78 (p < 0.0001 on 5/5
pairs). The 2x2 above shows that the magnitude
of these six-arm separations on the OpenAl models
is best read as the shape x directive interaction, not
as a shape effect; we did not re-run the 2x2 on
Haiku, so the same caveat applies to its separation
in principle. Gemma 4 31B-it does not produce the
six-arm separation at all (structured-plus-directive
10/78, numeric_verifier_text 13/78, all pair-
wise p > 0.25); we read this as a model-capability
dependency.
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Repair model n nofb gate mask num sq b sq.a pnin

gpt-5.5 78 7 3 4 4 16 17 0.0005
gpt-5.4-mini 78 5 6 5 9 12 36 <0.0001
claude-haiku-4-5 23 5 6 9 11 10 18  0.0002
Gemma 4 31B-it 78 7 10 10 13 8 10 0.45

Table 11: Six-arm 7-bench repair ablation by repair
model: hedge counts on third-party (S3, T5) trajecto-
ries. n is the count of trajectories for which all six arms
returned a parseable response (paired exact McNemar
pairing). sq_aware is the structured-quarantine arm that
contains the “decline rather than fabricate” directive;
the other five arms do not. py,;, is the smallest paired
exact McNemar p-value among the five pairwise com-
parisons between sq_aware and the other arms. The
directive-isolation 2 x 2 on the two OpenAl models (Ta-
ble 10) shows that the sq_aware separation here reflects
a shape x directive interaction rather than a pure shape
effect. Per-call results in paper/results/tau_bench_
repair_ablation_x. json; aggregated table in paper/
results/tau_bench_multimodel_summary. json.

F Pre-Registered Boundary Forward Test

The boundary criterion in §5 was operationalized
after the four-chain SysML decomposition, the Ar-
iane and MCO reconstructions, and the arity-3 ma-
nipulation had been run; it is not a pre-registered
prediction of those cells. To convert it from a post-
hoc description to a falsifiable forward claim, we
pre-registered one test on a substrate that did not
exist at the registration timestamp.
Pre-registration commit (locked in
advance). paper/preregistration_
boundary_forward_test.md, committed on
a date strictly before the chain implementation and
before any data collection. The pre-registration
locks: (i) the operational boundary criterion—a
substrate is inside the boundary iff the pol-
luted upstream field enters the verifier-rejecting
constraint via a multi-variable arithmetic ex-
pression (> 2 numeric inputs combining via
operations beyond a threshold comparison),
the contamination trigger fires at > 80% on
contaminated chains, and the repair model is
not at instrument-floor on the substrate; (ii) the
substrate to be tested (propellant_tank_burst,
hoop-stress burst-margin gate, declared inside
the boundary in advance); (iii) the inferen-
tial test (paired exact one-sided McNemar of
structured_quarantine_field_only_text vs.
structured_quarantine_output_only_text
on n<60 eligible contaminated seeds); (iv) the
decision rule (p < 0.05 confirms the operational
criterion’s forward prediction; p > 0.05 falsifies it;



an instrument-floor outcome is reported as such
and is null on instrumentation grounds rather than
on mechanism grounds).

Substrate physics. The polluted upstream field
is max_operating_pressure_bar (safe 120, pol-
luted 300, in bar). The late gate is hoop_stress_
burst_margin: aﬁgg = (Poar - D)/ (20 t,) must
satisfy optes - SE < oo 1. with D = 0.30m,
t = 0.008m, gajowable = 800MPa, SF = 1.5
(Sutton, Rocket Propulsion Elements, Ch. 8). The
polluted pressure produces ohoop = 562.5 MPa,
which multiplied by the safety factor exceeds the
allowable 533.33 MPa; the safe value produces
Ohoop = 225 MPa, which after the safety factor
is well within the allowable. Three constants and
the polluted field jointly determine the gate ver-
dict, so the polluted field enters the constraint via a
multi-variable arithmetic expression as required by

criterion (i).

Result: falsified. The pre-registered run was
executed under the locked command (§8 of the pre-
reg) at paper/results/sysml_chain_family_
propellant_tank_burst_gpt_5_4_mini. json

on the same day as the pre-reg commit; the
timestamps in git log establish the ordering
(pre-reg first, chain implementation second, run
third). Trigger fired on 60/60 contaminated chains

and 0/10 controls; eligible n=60.

Repair arm Pass Wilson 95% CI

6/60
14/60
12/60
37/60
11/60
48/60
45/60
57/60

.05, .20]
, .36]
,.33]
,.73]
, 31]
, .89]
, 85]
,.99]

no_feedback

gate_only

masked_verifier

numeric_verifier
structured_quarantine_blind
structured_quarantine_output_only
structured_quarantine_field_only
structured_quarantine (aware)

Table 12: Repair pass counts on the pre-registered sub-
strate propellant_tank_burst (n=60 eligible failed
artifacts, gpt-5.4-mini).

Decision (mechanical from §6 of the pre-reg).
Pre-registered inferential test: paired exact one-
sided McNemar of structured_quarantine_
field_only_text (active arm) vs. structured_
quarantine_output_only_text (baseline), H1:
active > baseline, «=0.05. Paired 2x2: a=37
(both pass), b=8 (active passes, baseline fails),
c=11 (baseline passes, active fails), d=4 (both fail).
Exact one-sided p P[Binomial(b+c¢,0.5) >
b] = 0.8204. Since the active arm passes at a
lower rate than the baseline (45/60 < 48/60) and

23

p > 0.05, the decision rule returns disconfirma-
tion: the operational boundary criterion’s predic-
tion is not supported on this substrate. No protocol
amendment is permitted.

What survives, descriptively. The structured-
vs-numeric  story replicates: all three
structured-quarantine arms with non-trivial
directive  content  (output_only 48/60,
field_only 45/60, aware 57/60) beat
numeric_verifier_text (37/60). The full
aware bundle dominates all single-component
arms (vs. output_only: b=11, c=2, p=0.011; vs.
field_only: b=14, c=2, p=0.002; vs. numeric:
b=21, c=1,p<10~*). The four-chain within-cell
finding—that the field clause alone captures
the output-only-to-aware gap—does not repro-
duce here; on this chain the aware bundle adds
something neither output_only nor field_only
captures. We report this as a substantive falsi-
fication of the boundary criterion’s universality
even within SysML,; the criterion is post-hoc and
narrows after this datapoint, but the pre-reg’s
prohibition on amendment means the criterion as
carried into the result section is left as-written and
acknowledged as falsified.

G External Trace-Schema Cross-Walk

Table 13 records the definitional correspondence
from each fired S/T endpoint and each trigger
family to AgentDebug (Zhu et al., 2025) and
MAST (Cemri et al., 2025) categories. AgentDe-
bug categories follow the trajectory-level error tax-
onomy (tool selection, tool argument, tool-result
handling, planning/decomposition, memory, and
termination errors). MAST categories follow the
multi-agent-system failure taxonomy (specification
& system-design, inter-agent misalignment, and
task-verification failures); because our setting is
single-agent, MAST inter-agent-misalignment cat-
egories collapse to the single-agent slice that maps
stage-to-stage handoff in the memory chain. The
cross-walk names where each S/T label and trig-
ger would land if the same trace were re-coded
under the external schema; the companion 7-bench
recoding (Table 9, scripts/recode_tau_bench_
traces.py) carries out the actual per-trace coding
on 1,980 third-party trajectories using the same
deterministic rules, providing the empirical com-
plement to this schema-level correspondence. We
do not report inter-rater agreement against Agent-
Debug or MAST coders themselves (§6 T13).



Our AgentDebug MAST category
endpoint / category
trigger

TO (tool not  tool-selection specification: missing

invoked) error (omission) verification step

T1 (result success path; n/a success path; n/a

honored)

T2 (result tool-result- task-verification failure

overridden, handling error (verifier ignored)

>1dB) (override)

T3 (call tool-result- specification:

without handling error artifact—tool decoupling

relevant (misapplication)

attrs)

S1 (visibility — planning / specification: missing

removal) termination error verification artifact
(premature emit)

S2 (visible final-answer / task-verification failure

fabrication, planning error (false-positive emit)

>1dB)

scope- tool-argument specification &

ambiguity error (ambiguous  system-design failure

trigger schema)

redundant- tool-selection / task-verification failure

tool-result-
handling under

tool conflict (cross-check)

conflict
non-space tool-argument specification &
OMBSE error system-design failure
audit gap (evidence-form

mismatch)
memory- memory error inter-stage handoft failure
contamination (stale handoff) (single-agent slice of
chain (coun- inter-agent misalignment)
terfactual
factorial)
text-only planning error task-verification failure
repair under  under reduced under tool-budget
withheld action budget collapse
tools

Table 13: Schema-level cross-walk to AgentDebug and
MAST categories.

H Verifier Implementations

The executable verifier definitions are in the re-
leased repository’s verifier module. The link gate
extracts exactly one value for each required link-
design attribute, computes slant range from Earth
radius 6378.137 km, computes Friis path loss with
c = 2.99792458 x 10® m/s, uses —198.6 dB-
m/Hz as the Boltzmann noise-density constant at
1 K, and applies the environmental losses and re-
quired margin from the task configuration. The
self-consistency gate recomputes the same derived
quantities and checks any declared candidate quan-
tities with the tolerances stated in §3; it fails arti-
facts with no declared derived link-budget quantity.
The power gate derives transmitter RF power, DC
draw, per-orbit energy, battery capacity, battery
mass, and battery-mass fraction from the artifact’s

declared power attributes and the configured orbit
period and mass fraction cap. The operational-
MBSE gates are regex-based raw-text subset audits
for requirement traceability, interfaces, allocation,
behavior, patch/merge evidence, and configuration
IDs.

I Per-Task Designs

F1 instances 01-05: NL specs, parametric ranges,
reference designs, and closure margins. Source:
tasks/f1_01..f1_05.

J Spider Text-to-SQL Cross-Substrate
Replication

Motivation. The four-chain SysML decomposi-
tion isolates the dominant repair component to a
single upstream-field-naming clause. To test how
far this generalises beyond physics-gate SysML,
we ran the same paired four-arm contrast on Spi-
der vl dev (Yu et al., 2018), a publicly archived
text-to-SQL benchmark widely used in the NLP
literature, with the same model (gpt-5.4-mini)
and an analogous protected-literal target.

Qualification and synthetic break. Of 1,034
Spider dev rows, 264 contain at least one numeric
or string literal that appears in the natural-language
question; these are the rows on which “byte-exact
protected-literal preservation” is a meaningful tar-
get. We sample n=200 qualified rows (seed=0).
The synthetic break is a case-insensitive whole-
word misspelling of the first table in the gold
SQL (e.g. singer — singerx); the verifier is the
sqlglot parser plus schema-membership against
the union of table names appearing in any gold
query for that db_id.

Arms. Four arms, paralleling the SysML de-
composition: no_feedback (“the proposed SQL
fails; return a fix”), output_only (“table singerx
does not exist”), field_only (“treat the user’s lit-
eral values 42, Haiti as protected; preserve byte-
exact”), and aware (both clauses). The verifier
endpoint is parses AND all referenced tables ex-
ist in schema. The honest-pass endpoint addition-
ally requires byte-exact preservation of the pro-
tected literals, checked by the same DriftGuard
SqlLiteralSubstrate adapter used in App. L.



Arm honest verifier drift* err
no_feedback  102/200  104/200 9 0
output_only 191/200  200/200 9 0
field_only 64/200  64/200 0 0
aware 200/200  200/200 0 0
Table 14: Spider text-to-SQL four-arm decom-
position, gpt-5.4-mini, n=200 qualified rows.

*“Drift” counts byte-exact literal violations from
SqlLiteralSubstrate; inspection of all 18 flagged
candidates shows they are case-normalisations matching
the NL question better than the broken SQL (*haiti’
— ’Haiti’)—a known semantic-equivalence limita-
tion of the byte-exact check, not malicious drift.

Result (=200, gpt-5.4-mini).

Paired exact McNemar contrasts. On the same
200 frozen broken SQLs:

* output_only > field_only:
b=127,¢c=0,p—0  (direction  reversed
vs. SysML).

e aware > no_feedback: b=98,c=0,p—0

(structured-bundle effect survives).

e output_only > no_feedback: b5=89, c=0
(the failing pointer alone closes the gap).

e aware > field_only: b=136, c=0.

Reading. The SysML contrast is not substrate-
universal. On text-to-SQL, the failing pointer is a
short local string (the unknown table name) that
the model can act on directly; the polluted-field
clause that dominated on coupled-physics gates is
the weakest arm here, and below no-feedback. The
structured-bundle effect (aware > no_feedback)
replicates in shape but not in the location of the
dominant component. We report this as substrate-
dependence of the mechanism, listed in Table 4.
The runner, prompt strings, frozen broken SQLs,
and the 800 raw repair candidates are released
as scripts/run_spider_mechanism_decomp.py
and paper/results/spider_mechanism_n200_
gpt54mini. json.

K NL-Availability Hypothesis Test on
SysML

Motivation. The Spider cross-substrate experi-
ment found the SysML field-only > output-only
contrast reversed on text-to-SQL. One plausible
explanation is that text-to-SQL always supplies the
user’s NL question (which contains the protected
literal), whereas SysML chain repair supplies only
verifier feedback. We test this explanation directly

25

by adding a single new repair arm to the SysML
four-chain setup.

Arm definition. nl_intent_text is the
existing numeric_verifier_text arm prompt,
prepended with one line written in the same voice
as a Spider NL question:

User
The

mission spec:
mission requires
= {chain.safe_value}
{chain.subsystem}.

{chain.mission_one_liner}
*{chain.polluted_field}"
{chain.units} for the

The remainder of the prompt is identical to
numeric_verifier_text. The difference be-
tween this arm and the baseline is, by construction,
exactly one sentence of NL supplying the protected
value.

Run. Same broken artifacts (n=239 contami-
nated stage-10 SysML artifacts from the four-
chain run), same model (gpt-5.4-mini, tempera-
ture 0), same verifier (the chain-specific late-gate
physics check), same drift definition (the chain’s
polluted-field safe-value tolerance plus byte-exact
preservation of the extra-protected fields listed in
scripts/analyze_drift.py).

Chain n honest_pass  drift_pass failure
thermal_radiator 59 59/59 0/59 0/59
propulsion_dv 60 59/60 1/60 0/60
attitude_rw 60 32/60 28,/60 0/60
eclss_co2 60 33/60 27/60 0/60
pooled 239 183 56 0
Table 15: nl_intent_text arm outcomes on the

four-chain SysML broken artifacts. “honest_pass” =
late physics gate passes AND no protected-field drift;
“drift_pass” = gate passes but at least one extra-protected
field has been altered; “failure” = gate does not pass.
Compare to numeric_verifier_text baseline (Ta-
ble 5, 40/239, 40 = 1 drift_pass + 39 honest_pass;
199 failure).

Result.

Paired contrasts vs. numeric_verifier_text.

* honest_pass: nl_intent_text 39 — 183;
paired exact McNemar b=144, c=0, p—0.

e drift_pass: nl_intent_text 1 — 56; paired
exact McNemar b=1 (nl no, num yes), c=56
(nl yes, num no), p—0.

e failure: 199 — 0 (every NL-prefixed candi-
date reaches a gate-passing artifact).



Interpretation. The hypothesis “NL availabil-
ity of the protected value suffices to suppress
silent intent drift” is falsified: NL provision lifts
honest-pass dramatically and eliminates failure,
but drift relocates to other protected fields rather
than disappearing. The full structured-quarantine
aware arm holds drift at 0/239 while reaching only
146/239 honest-pass; the quarantine clause and
the NL spec are doing different jobs. The mini-
mal honest reading is that two independent medi-
ators are at play: NL availability — honest-pass
elevation; quarantine clause — drift suppression.
The Spider—SysML mechanism reversal is con-
sistent with substrates differing in which mediator
is dominant (text-to-SQL has NL by construction;
SysML chain repair has a multi-field protected-set
that wants quarantine), but the positive claim made
here is only the paired test above: NL availability
alone does not eliminate drift.

Per-chain heterogeneity. Drift concentrates on
attitude_rw (28/60) and eclss_co2 (27/60);
on thermal_radiator and propulsion_dv
the NL spec is essentially sufficient (0-1
drift). The two high-drift chains are the same
chains on which numeric verifier text reaches
near-zero honest-pass in the mechanism decom-
position (Table 5), i.e. where the artifact has
the most extra-protected fields the model can
re-derive to. Frozen artifacts and prompts in
scripts/run_sysml_nl_availability.py;
results in paper/results/sysml_nl_
availability_n239_gpt54mini. json.

L DriftGuard: Mechanical Invariance
Safeguard

DriftGuard is the deployable artifact derived from
the silent intent drift failure mode characterised
in §4. It is a small, model-agnostic Python li-
brary that wraps any verifier-in-the-loop LLM
repair pipeline and mechanically rejects candi-
dates that overwrite user-stated protected values,
regardless of whether the verifier itself accepted
them. The library is released with the codebase
(speccraft/drift_guard/; ~900 LOC includ-
ing four substrate adapters and 14 unit tests).

Substrate Protocol. Substrate adapters
implement a three-method interface: @)
extract(artifact, paths) returns a

path — value dict by reading the substrate’s
native structure (parser AST, JSON dict, regex
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tokens); (ii) can_parse(artifact) returns a soft
secondary signal; (iii) equal(a, b) controls
the comparison primitive (default: byte-exact,
so 0.85 # 0.850001). Four adapters ship with
the library: SysML v2 (reuses the project’s
parse_sysml_v2), JSON config (dotted paths
over json.loads), SQL (count-based literal
preservation or col = value column extraction),
and plain text key=value (configurable separator).
Adding a new substrate—e.g. Verilog, Lean, Helm
chart—is ~80 LOC.

Guard semantics.
DriftGuard.check(original, candidate)
returns a DriftCheckResult carrying accepted,
the list of DriftViolations (each path classified
as altered, removed, or added), and the soft
parse_ok signal. DriftGuard.repair(initial,
propose, verify, max_attempts) wraps
an arbitrary K-bounded repair loop: at each
iteration the candidate is first checked for drift;
rejected candidates do not advance the loop and
the violation messages are fed back to the next
proposal. Acceptance requires both the verifier to
pass and no protected-field violation.

Retroactive validation (n=1,912). We apply
DriftGuard offline to every recorded repair can-
didate in the four-chain mechanism decomposi-
tion (Table 5) using the same protected fields as
the standalone drift analyzer (scripts/analyze_
drift.py). Out of 1,912 rows: 836 agree-reject
(drift or failure), 1,035 agree-accept (honest pass
or honestly-failing gate), 3 are genuine disagree-
ments where DriftGuard catches a parse regression
the lenient regex analyzer accepted, and 38 are in-
conclusive because the original artifact itself does
not pass the strict SysML parser (so DriftGuard’s
parse rejection cannot be honestly attributed to the
candidate). Of 28 drift_pass cases identified by
the standalone analyzer, DriftGuard rejects 28 /28
(100%). The per-arm rejection rate—tabulated in
the rej% column of Table 5—is the load-bearing
claim: substrate-level mechanical rejection inde-
pendently replicates the arm ordering recovered
from the prompt-side measurement.

Substrate portability demo (SQL). The same
guard, with the SqlLiteralSubstrate, catches
the canonical text-to-SQL silent-intent-drift pat-
tern:

user_question: “list orders for user 42 in 2026”

ORIGINAL: SELECT * FROM order WHERE user_id=42 AND
year=2026 (broken: table is orders)



DRIFT FIX: SELECT * FROM orders WHERE user_id=1 AND
year=2024 (query runs; user intent gone)

HONEST FIX: SELECT * FROM orders WHERE user_id=42
AND year=2026

DriftGuard rejects the drift candidate (* 42’ was 1
now @; ’2026° was 1 now @), accepts the honest
fix, and a deterministic K =3 repair-loop end-to-
end recovers at iteration 2: it1=DRIFT-REJECTED
— 1t2=ACCEPTED. The script is scripts/demo_
drift_guard_sql.py.

Scope and what the guard does not claim.
DriftGuard does not detect drift on fields the
caller did not list as protected, does not rea-
son about semantic equivalence (user_id=42 vs.
user_id=42.0 is byte-distinct and rejected—by
design), and does not replace the verifier. It adds
a single mechanical invariant on top of any exist-
ing verifier-in-the-loop pipeline: a verifier “pass”
that altered a protected value is mechanically con-
verted into a rejection, with the violation surfaced
as feedback to the next proposal.
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