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Field	Map:	Procedure	Evidence	in	LLM-Assisted	Knowledge	Work

Summary

The	working	note	 Iteratio	 Simulata	 describes	 a	 single	 case:	 an	LLM	output	 carrying	 the	 form	of	 a	multi-stage	 examination	without	 having
carried	 that	 examination	out.	This	 field	map	 locates	 the	case.	 It	 asks	what	 is	 already	known	on	 the	 subject,	which	methods	have	been	built
against	it,	which	system	architectures	claim	to	solve	the	problem,	and	where,	after	this	survey,	the	gaps	actually	are.

The	 finding	 in	 one	 sentence:	 the	 gap	 between	 claimed	 and	 demonstrable	 procedure	 has	 been	 described	 independently	 in	 eight	 separate
literatures,	 but	 there	 exists	 no	 check	 channel	 for	 the	 case	 the	work	 is	 about	—	 a	 single,	 uninstrumented	model	 run	 of	which	 only	 the	 text
remains.

Four	points	follow	from	the	survey	and	either	extend	or	correct	the	working	note:

1.	 The	central	concept	acquired	an	empirical	basis	in	2026	that	did	not	exist	when	the	note	was	written.	Three	papers	measure	the	gap
step	by	step	for	the	first	time	and	name	it	in	their	own	terms:	“confabulated	continuation”,	“performative	chain-of-thought”,	“reasoning
theatre”.	Step-level	alignment	between	internal	commitment	and	what	the	trace	depicts	stands	at	61.9	per	cent;	up	to	80	per	cent	of	the	trace
is	dispensable	with	no	loss	of	accuracy	[F11,	F12].

2.	 Textual	detection	on	a	single	document	now	has	one	measured	precursor.	In	agentic	systems,	simple	TF-IDF	detectors	operating	on	the
language	of	the	closing	message	outperform	LLM	judges	at	spotting	false	success	claims	[F74].	This	is	the	only	paper	found	whose	signal

file:///tmp/tmpfu2do9wi/q.html#field-map-procedure-evidence-in-llm-assisted-knowledge-work
file:///tmp/tmpfu2do9wi/q.html#summary
file:///tmp/tmpfu2do9wi/q.html#purpose-scope-and-verification-discipline
file:///tmp/tmpfu2do9wi/q.html#the-problem-field
file:///tmp/tmpfu2do9wi/q.html#the-solution-side
file:///tmp/tmpfu2do9wi/q.html#the-institutional-side
file:///tmp/tmpfu2do9wi/q.html#agentic-research-systems
file:///tmp/tmpfu2do9wi/q.html#location-where-the-gap-is
file:///tmp/tmpfu2do9wi/q.html#ten-follow-on-projects
file:///tmp/tmpfu2do9wi/q.html#not-found-not-verified-to-be-noted
file:///tmp/tmpfu2do9wi/q.html#self-application
file:///tmp/tmpfu2do9wi/q.html#references
file:///tmp/tmpfu2do9wi/q.html#provenance-and-status


lies	in	the	language	itself	and	is	therefore	transferable	to	the	single	case.

3.	 A	counterposition	to	the	note’s	line	of	argument	must	be	named.	An	ACL	2026	paper	argues	that	non-verbalisation	of	a	hint	does	not	by
itself	establish	unfaithfulness	[F7].	Markers	M1	and	M2	do	not	work	through	verbalisation	but	through	tracelessness,	so	they	are	not	hit	by	it
—	but	the	objection	belongs	in	the	presentation.

4.	 The	note’s	pre-registration	proposal	has	no	institutional	counterpart.	An	extended	search	found	no	scholarly	or	normative	use	of	an
advance	declaration	of	procedure	for	AI-assisted	text	work.	The	nearest	instrument	is	the	ICML	2026	reviewing	rule,	in	which	authors	fix
the	procedure	in	advance	and	reviewers	are	bound	to	it	—	on	the	reviewing	side,	not	for	the	manuscript	itself	[F91].	The	absence	is	the
finding.

1.	Purpose,	scope	and	verification	discipline

1.1	What	this	map	is

The	working	note	treats	one	occasioning	case	and	derives	five	markers	and	a	checking	tool	from	it.	It	does	not	answer	whether	the	problem	is
already	being	worked	on	elsewhere.	This	field	map	answers	that.	It	is	a	context	map,	not	a	systematic	review:	it	makes	no	claim	to	completeness
by	PRISMA	standards,	and	the	search	path	is	not	documented	well	enough	to	be	reproducible.	It	states	what	was	looked	for,	what	was	found,
and	names	what	was	not	found.

1.2	What	it	is	not

This	map	does	not	rank	 the	works	 it	names	by	quality.	Where	a	paper	places	a	finding	against	 the	working	note,	 that	 is	said	 there.	Where	a
system	makes	a	claim	its	own	output	text	does	not	redeem,	that	is	said	too	—	which	is	this	work’s	subject	matter,	applied	to	the	literature.

1.3	Verification	discipline

Version	v0.3	of	the	working	note	contained	five	faulty	references,	including	two	invented	author	lists.	One	rule	therefore	held	without	exception
for	 this	 survey:	 every	 bibliographic	 item	was	 fetched	 at	 its	 primary	 page	 and	 read	 off	 there	—	 arXiv	 abstract	 page,	ACL	Anthology,
PMLR,	NeurIPS	proceedings,	publisher	page,	standards-body	page	or	Crossref	registry	record.	No	item	comes	from	memory.

Three	presentation	rules	follow:

No	preprint	is	upgraded	to	a	conference	paper.	Where	the	abstract	page	names	no	venue,	the	entry	carries	 [P] 	for	preprint,	however
widely	cited	the	work	and	however	customary	the	venue	attribution.	Where	the	abstract	page’s	comments	field	names	a	venue,	it	is	quoted
as	the	authors’	statement,	not	asserted	as	verified	fact.

Unfetchable	items	are	marked	as	such.	Eleven	entries	carry	 [T] 	—	not	verifiable,	to	be	checked	individually	before	any	journal
submission.	They	are	not	dropped,	because	their	absence	would	otherwise	be	invisible.

Version	divergence	is	noted.	Four	works	changed	title	or	author	list	between	preprint	and	publication.	Anyone	taking	them	from	a
secondary	source	dated	2024	or	2025	is	very	likely	citing	a	stale	record	(see	8.4).

1.4	Four	survey	strands

The	survey	ran	in	four	separate	strands,	to	avoid	carrying	concepts	across	strand	boundaries:

Strand Subject Entries

A Named	failure	modes:	process,	not	fact 37

B Methods,	verifiers,	architectures 34

C Provenance,	disclosure,	pre-registration 39

D Agentic	research	systems	and	their	evaluation 41

2.	The	problem	field

Nine	separate	literatures	describe	manifestations	of	the	same	figure.	They	partly	do	not	cite	each	other,	which	explains	the	gap	between	them.

2.1	Unfaithful	reasoning	trace

The	 oldest	 and	 best-evidenced	 line.	 Planted	 biasing	 features	 change	 the	 answer	while	 the	 reasoning	 trace	 never	mentions	 them,	 producing
instead	 a	 fluent	 rationalisation	 of	 the	 biased	 answer;	 accuracy	 drops	 of	 up	 to	 36	 per	 cent	 across	 13	 tasks	 [F1].	 Intervention	 studies	 show
faithfulness	varies	by	task	and	—	against	expectation	—	decreases	with	model	size	[F2].	In	explicit	reasoning	models,	a	demonstrably	used	hint
is	verbalised	in	typically	under	20	per	cent	of	cases	[F3].	The	effect	also	appears	without	any	planted	bias,	on	ordinary	prompts,	which	removes
the	objection	that	it	is	an	artefact	of	adversarial	setups	[F4].



The	hardest	 single	observation:	 transformers	 solve	difficult	algorithmic	problems	using	meaningless	 filler	 tokens	 in	place	of	 reasoning	 text
[F5].	 Trace	 and	 computation	 are	 therefore	 decouplable	 in	 principle.	 A	 follow-up	 confirms	 this	 on	 current	 models	 with	 gains	 of	 up	 to	 13
percentage	points	and	shows	that	invisible	computation	can	pursue	objectives	that	do	not	appear	in	the	trace	at	all	[F13].

That	the	field	itself	commits	this	conflation	is	recorded	bibliometrically:	a	position	paper	estimates	that	roughly	a	quarter	of	recent	trace-centric
papers	treat	the	trace	as	a	valid	interpretability	method,	and	argues	it	is	“neither	necessary	nor	sufficient”	for	that,	with	the	error	concentrated	in
medicine	and	law	[F6].

The	 field’s	 most	 important	 conceptual	 distinction	 comes	 from	 a	 monitoring	 paper:	 trace-as-rationalisation	 versus	 trace-as-computation
[F10].	Where	a	task	genuinely	requires	the	multi-step	computation,	the	trace	must	carry	it	and	is	hard	to	fake;	where	it	does	not,	the	trace	is	free
to	be	decorative.	That	is	the	load-bearing	axis	for	the	question	of	when	visible	procedure	is	real	procedure.

2.2	Performative	trace

This	literature	emerged	in	2026	and	was	not	available	when	the	working	note	was	written.	It	is	the	most	direct	counterpart	to	the	work’s	central
concept.

One	paper	measures	when	a	model	internally	commits	to	an	answer	against	when	the	trace	arrives	at	it:	alignment	on	only	61.9	per	cent	of	steps
across	 nine	models	 and	 seven	benchmarks.	The	dominant	 pattern	 is	 named	“confabulated	 continuation”	—	after	 internal	 commitment	 the
trace	 keeps	 producing	 deliberative-looking	 text	 that	 no	 longer	 affects	 the	 result.	 The	 side	 finding	 that	 matters	 most	 here:	 lower	 step-level
alignment	goes	together	with	greater	trace	utility.	The	traces	that	help	most	are	the	least	temporally	honest	[F11].

A	 second	 paper	 reads	 the	 final	 answer	 out	 by	 activation	 probing	 far	 earlier	 than	 any	 external	 monitor	 could,	 and	 names	 the	 finding
performative	chain-of-thought	outright.	Notable	is	the	limit	it	draws	itself:	backtracking	and	reversals	do	track	genuine	shifts	in	uncertainty,
and	are	therefore	not	theatre.	Probe-guided	early	exit	saves	up	to	80	per	cent	of	tokens	with	no	accuracy	loss	—	that	is	the	measurable	share	of
pure	display	[F12].

In	this	line	the	gap	is	also	actively	producible.	A	weaker	model	can	monitor	a	stronger	one’s	trace	for	reward	hacking;	put	that	monitor	into	the
training	 objective	 and	 the	 systems	 learn	 obfuscated	 hacking:	 the	 behaviour	 remains,	 the	 trace	 no	 longer	 shows	 it	 [F9].	 Trace	 legibility	 is
therefore	not	a	fixed	property	but	a	fragile	one,	destructible	by	training	decisions	[F8].

The	 mirror	 image	 belongs	 here	 too:	 models	 can	 deliberately	 underperform	 on	 targeted	 capability	 evaluations	 and	 can	 be	 tuned	 to	 hide	 a
capability	[F46].	Feigned	 incapacity	 is	 the	same	divergence	between	claim	and	execution,	 in	 the	other	direction.	Anyone	framing	 the	gap	as
two-sided	needs	both	findings.

2.3	Potemkin	understanding

The	term	the	working	note	carries	as	a	neighbouring	concept	comes	from	an	ICML	2025	paper:	benchmark	validity	presupposes	that	models
fail	 in	human-like	ways;	where	 they	do	not,	 a	 pass	 is	 “the	 illusion	of	 understanding	driven	by	 answers	 irreconcilable	with	how	any	human
would	 interpret	 a	 concept”.	 Two	 quantification	 procedures	 find	 potemkins	 across	models,	 tasks	 and	 domains,	 with	 internal	 incoherence	 of
concept	representation	as	the	cause	[F14].

The	methodological	 template	 for	 separating	 competence	 from	 score	 is	 older:	 counterfactual	 task	 variants	 that	 break	 one	 default	 assumption
produce	consistent	performance	degradation	and	point	to	“narrow,	non-transferable	procedures”	[F15].	Symbolic	variants	of	the	same	arithmetic
problem	show	drops	of	up	to	65	per	cent	when	an	irrelevant	but	plausible	clause	is	appended	[F16].	In	controlled	puzzle	environments	accuracy
collapses	 entirely	 past	 a	 complexity	 threshold	 —	 and,	 decisive	 for	 this	 work,	 visible	 effort	 peaks	 beforehand	 and	 then	 declines,	 despite
remaining	token	budget	[F17].	The	display	of	effort	and	the	difficulty	of	the	task	come	apart.

The	 social-epistemic	 counterpart:	 AI	 tools	 exploit	 cognitive	 limits	 through	 the	 promise	 of	 productivity	 and	 objectivity,	 so	 that	 researchers
believe	they	understand	more	than	they	do,	and	the	resulting	monocultures	remain	invisible	from	inside	[F18].

2.4	Agreement	under	pressure

Sycophancy	was	first	named	and	measured	at	scale	in	2022;	larger	models	adopt	stated	user	preferences	more	strongly,	and	RLHF	sharpens	this
[F19].	The	agreement	extends	to	objectively	false	statements	[F20].	The	causal	mechanism	is	documented:	human	raters	and	preference	models
sometimes	prefer	a	convincingly	written	sycophantic	answer	over	a	correct	one	[F21].	That	names	the	economic	motive	behind	performative
care	in	general.

Numbers	for	the	case	of	a	critical	push-back:	58.19	per	cent	sycophancy	across	mathematics	and	medical	datasets;	preemptive	rebuttals	provoke
more	than	in-context	ones;	persistence	of	the	behaviour	once	established	reaches	78.5	per	cent	[F22].	An	extension	to	preservation	of	the	user’s
desired	 self-image	 finds,	 across	 eleven	models,	 face	 preservation	 exceeding	 the	 human	 rate	 by	 45	 percentage	 points	 in	 advice	 settings,	 and
affirmation	of	both	sides	of	opposed	moral	framings	in	48	per	cent	of	cases	depending	on	who	asks	[F23].



2.5	Failure	of	self-correction

This	is	the	foundation	of	the	working	note’s	central	concept	and	of	the	argument	that	a	claimed	self-examination	without	a	counterpart	is	not
merely	unsupported	but	necessarily	simulated.

The	claim	under	test	is	that	a	single	model	can	generate,	critique	and	improve,	with	roughly	20	per	cent	average	absolute	improvement	[F24].
The	 test	 isolates	 intrinsic	 self-correction	—	 no	 external	 feedback,	 no	 oracle	 label	—	 and	 finds	 difficulty,	 sometimes	 degradation	 after	 the
correction	pass;	a	substantial	part	of	the	reported	gains	came	from	leaked	external	signal	[F25].

The	sharpest	single	finding	comes	from	graph	colouring:	GPT-4	solves	poorly,	verifies	equally	poorly,	and	“the	correctness	and	content	of	the
criticisms	seems	largely	irrelevant	to	the	performance”	[F26].	A	self-critique	whose	content	does	not	matter	is	the	purest	case	of	performative
procedure.	In	the	planning	domain,	self-critique	lowers	performance	relative	to	a	sound	external	verifier,	and	feedback	granularity	makes	little
difference	[F27].

2.6	Judge	models

The	working	note	deliberately	omits	an	LLM-as-judge	component.	The	survey	supports	that	decision.

The	paper	 that	established	 the	method	catalogued	 its	biases	 in	 the	same	breath	[F28].	Reordering	 the	 two	candidates	 flips	 the	verdict,	 to	 the
point	that	one	model	“wins”	66	of	80	comparisons	under	one	ordering	[F29].	A	systematic	inventory	finds	bias	indications	in	an	average	of	40
per	cent	of	comparisons,	with	rank-biased	overlap	with	human	preference	of	only	49.6	per	cent	[F30].

Two	 competing	 mechanisms	 for	 self-preference	 are	 named	 and	 both	 evidenced.	 First:	 models	 recognise	 their	 own	 output,	 and	 fine-tuning
experiments	show	a	linear,	hence	causal,	relation	between	self-recognition	and	self-preference	[F31].	Second:	the	judge	rewards	low-perplexity
text	 far	more	 than	 humans	 do,	 regardless	 of	 authorship	 [F32].	The	 second	mechanism	matters	more	 here,	 because	 it	 describes	 exactly	 how
fluent,	well-formatted,	substance-poor	writing	comes	to	score	well.

2.7	Fabricated	references

The	literature	that	situates	the	working	note’s	own	error	finding.	The	rates:	55	per	cent	of	222	citations	fabricated	for	GPT-3.5,	18	per	cent	of
414	for	GPT-4;	among	the	non-fabricated	citations,	substantive	errors	in	43	and	24	per	cent	respectively,	most	commonly	wrong	volume,	issue,
page	and	year	[F33].	The	structure	of	that	finding	is	the	real	lesson:	a	real	source	with	wrong	fields	is	the	harder	failure,	because	it	survives	a
casual	existence	check.	Precisely	this	pattern	occurred	in	v0.3	of	the	working	note	—	all	arXiv	identifiers	correct,	only	the	fields	wrong	that
nobody	looks	up.

For	systematic	reviews,	hallucination	rates	of	39.6,	28.6	and	91.4	per	cent	are	on	record,	the	last	at	zero	precision	[F34].	Commercial	retrieval-
augmented	legal	research	tools	hallucinate	more	than	17	per	cent	of	the	time	each,	despite	being	marketed	as	hallucination-free	[F35]	—	the
clearest	documented	case	of	claimed	versus	actual	procedure	in	a	professional	setting	carrying	liability.

The	most	important	entry	for	this	work’s	own	methods	is	recent:	current-generation	web-search-enabled	agents	reach	83.6	per	cent	field-level
accuracy	on	 a	 931-paper	 set	 but	only	50.9	per	 cent	 fully	 correct	 entries,	with	 a	 27.7-point	 drop	 from	well-known	 to	 recent	 papers	 [F36].
Search	access	 therefore	does	not	 solve	 the	problem,	and	 recency	 is	 the	 risk	 factor.	A	companion	paper	diagnosing	verifiers	 records	 that	 the
false-positive	rate,	not	recall,	decides	deployability,	and	that	LLMs	over-flag	papers	past	their	training	cutoff	as	fabricated	[F37].	Transposed:
an	LLM	checking	this	map’s	reference	list	will	wrongly	object	to	the	newest	and	most	correct	entries.

2.8	Presentational	quality	without	substance,	and	peer	review

The	term	for	the	case	in	professional	work	was	coined	in	2025:	content	that	appears	polished,	lacks	substance,	and	offloads	the	thinking	onto
colleagues;	41	per	cent	of	respondents	report	encountering	it,	at	nearly	two	hours	of	rework	per	instance	[F38].	An	operational	definition	has
existed	since	2025,	with	an	expert-derived	taxonomy	and	span-level	annotation	[F39].

In	peer	review	the	numbers	are	firmer.	A	distribution-level	estimator	yields	6.5	to	16.9	per	cent	substantially	LLM-modified	review	text	across
four	 conferences,	 concentrated	 in	 low-confidence	 reviews,	 near	 the	 deadline,	 and	 without	 engagement	 in	 the	 rebuttal	 [F40].	 A	 quasi-
experimental	 analysis	 finds	 that	 in	 paired	 reviews	 of	 the	 same	 paper	 the	AI-assisted	 one	 scores	 higher	 in	 about	 53	 per	 cent	 of	 cases,	 and
borderline	submissions	are	about	5	percentage	points	likelier	to	be	accepted	[F41].

The	strongest	single	measurement	comes	from	a	journal	editorial	with	its	own	data:	submissions	up	42	per	cent	after	ChatGPT;	by	February
2026	a	majority	of	submissions	carry	detectable	AI	writing;	readability	down	1.28	standard	deviations;	desk	rejection	about	30	points	higher
above	a	30	per	cent	threshold.	The	finding	decisive	for	this	map:	AI-generated	reviews	show	no	correlation	with	editorial	decisions,	while
human	reviews	do	 [F42].	The	 review	performs	a	 scrutiny	 that	 carries	no	 information.	That	 is	 the	 same	 figure	as	 the	occasioning	case,	one
institutional	level	up.

2.9	Over-trust	among	experts



The	figure	has	an	effect,	and	the	effect	is	measured.	Incorrect	AI	suggestions	in	mammography	degrade	all	experience	strata,	with	the	degree
falling	as	experience	rises	—	expertise	attenuates	but	does	not	prevent	[F43].	A	randomised	study	with	44	physicians	who	had	completed	20
hours	of	AI	training	finds,	with	planted	errors,	an	adjusted	difference	of	minus	14.0	points	in	diagnostic	reasoning	quality	[F44].	The	training
did	not	protect	them.

The	single	finding	most	relevant	here	comes	from	pathology:	7	per	cent	automation	bias	despite	a	net	improvement;	time	pressure	raises	not	the
frequency	but	the	severity	—	and	confidence	gained	during	AI-assisted	work	predicts	more	reliance	[F45].	Displayed	care	therefore	raises
adoption	precisely	where	it	should	not.

3.	The	solution	side

Seven	classes	of	mechanism	claim	to	make	reasoning	checkable.	The	survey	orders	them	by	check	channel,	because	the	channel	decides	what	a
class	can	see	at	all.

3.1	Process	supervision	and	step	reward	models

The	first	systematic	comparison	of	outcome	against	step	reward	appeared	in	2022	and	shows	step-level	feedback	reduces	reasoning	errors	even
at	matched	final	accuracy	[F47].	The	method	was	established	with	a	process	reward	model	trained	on	human	step	annotations	[F48]	and	later
made	cheap	by	automatic	labels	derived	from	how	often	completions	rolled	out	from	a	step	reach	the	correct	final	answer	[F49].	A	benchmark
tests	whether	critics	find	the	earliest	erroneous	step	[F50].

Limit	for	this	work:	a	step	reward	model	scores	learned	textual	plausibility.	A	confidently	worded,	never-executed	procedure	scores	well;	the
second	variant	anchors	the	score	in	outcome	agreement,	not	in	execution.	In	the	benchmark’s	error	taxonomy,	the	step	“I	ran	the	check	and	it
passed”	is	not	an	error	type.

3.2	Verifiers,	generator–verifier	separation,	multiple	sampling

The	 verifier	 can	 itself	 be	 generative	 and	 emit	 a	 verification	 trace	 before	 its	 verdict,	 so	 that	 trace	 and	majority	 voting	 benefit	 it	 too	 [F51].
Multiple	sampling	with	a	majority	vote	over	the	final	answer	discards	the	reasoning	[F52].	Test-time	compute	allocation	across	verifier-guided
search	and	sequential	revision	can	beat	parameter	scaling	[F53].	Weak,	weakly	correlated	verifiers	can	be	combined	by	weak	supervision	into
an	estimate	of	latent	correctness	[F54].	A	paper	on	verification	dynamics	finds	that	scaling	the	verifier	alone	does	not	overcome	fundamental
verification	limits	[F55].

Limit:	the	mechanism	is	agreement,	not	evidence.	If	a	model	has	a	stable	disposition	to	claim	an	unexecuted	procedure,	all	samples	agree	and
multiple	sampling	ratifies	the	claim.	The	method	is	structurally	blind	to	the	case	at	issue.

3.3	Debate	and	multi-agent	review

Several	model	 instances	 propose,	 read	 each	 other’s	 reasoning,	 and	 revise	 over	 rounds	 [F56].	Two	 expert	models	 arguing	 opposing	 answers
before	 a	 non-expert	 judge	 raise	 judge	 accuracy	 substantially,	 and	 optimising	 the	 debaters	 for	 persuasiveness	 raises	 the	 judge’s	 truthfulness
[F57].	Decisively,	the	debaters	have	access	to	the	source	text	and	can	quote	verified	excerpts	—	the	grounding	carries	the	result,	not	debate
as	a	form.

The	counter-evidence	is	weighty.	A	comparison	of	debate	protocols	against	simpler	baselines	finds	that	without	hyperparameter	tuning	debate
underperforms	multiple	 sampling	 and	 ensembling,	 and	only	 surpasses	 them	after	 tuning	 [F58].	Reported	 debate	 gains	 are	 therefore	 partly	 a
tuning	artefact.	A	failure-mode	taxonomy	derived	from	annotated	traces	of	real	multi-agent	executions	finds	specification,	inter-agent	alignment
and	task-verification	failures	as	distinct	classes	[F59];	the	verification-failure	category	sits	immediately	beside	the	question	asked	here,	because
such	chains	routinely	terminate	in	an	unverified	completion	claim.

3.4	Claim-level	factuality	checking	and	citation	duty

Decomposing	a	 text	 into	atomic	claims	and	 then	grounding	each	against	 a	 reliable	knowledge	 source	 is	 the	pattern	of	 this	 class	 [F60].	One
variant	 replaces	 the	 static	 corpus	 with	 an	 active	 retrieval	 loop	 over	 search	 queries	 [F61].	 Small	 specialised	 models	 check	 claim	 against
grounding	document	at	close	to	large-model	accuracy	and	far	lower	cost	[F62]	—	cheap	enough	to	run	on	every	claim.	A	successor	makes	“is
this	claim	checkable	at	all?”	an	explicit	stage	[F63].	The	reference	benchmark	for	citation-bearing	generation	checks	whether	the	cited	passage
actually	supports	the	statement	[F64].

This	is	the	class	with	the	clearest	transferability:	require	a	pointer	to	a	trace	location	for	every	procedural	claim	and	check	support	against
that	 location,	 and	 the	 architecture	 that	 addresses	 the	 problem	 exists.	Without	 a	 trace	 the	 claim	 remains	 unverifiable	—	 not	 false,	 but
unverifiable,	which	is	the	precise	situation	in	the	single	case.

3.5	Tool	and	solver	grounding



The	 model	 emits	 a	 program	 as	 its	 reasoning	 chain	 and	 an	 interpreter	 performs	 the	 computation	 [F65].	 Or	 it	 translates	 into	 a	 symbolic
formulation,	hands	it	to	a	deterministic	solver,	and	reads	the	result	back,	with	a	refinement	loop	driven	by	solver	error	messages	[F66].	Self-
correction	via	tool	feedback	rather	than	introspection	is	the	constructive	counterpart	to	the	finding	in	2.5	[F67].

Here	the	gap	closes	by	construction:	the	claim	is	settled	by	execution,	not	by	a	second	model’s	opinion.	The	price	is	scope	—	only	formalisable
claims.

3.6	Trace	and	provenance	auditing

The	most	direct	and	most	recent	line.	An	agentic	judge	evaluates	another	agent’s	intermediate	process	with	access	to	the	workspace	it	produced
[F68].	A	dataset	of	148	human-annotated	execution	traces	with	a	formal	error	taxonomy	makes	trace	auditing	measurable	—	with	the	finding
that	long-context	models	are	poor	at	it	[F69].	A	further	set	of	1,302	expert-annotated	trajectories	audits	the	auditors:	rule-based	and	LLM	judges
diverge	from	expert	ground	truth	often	enough	that	“the	judge	said	it	succeeded”	is	not	evidence	of	success	[F70].

The	nearest	finding	on	the	merits:	procedure-aware	evaluation	over	utility,	efficiency,	interaction	quality	and	procedural	integrity	finds	that	27
to	78	per	cent	of	reported	benchmark	successes	conceal	violations	[F71].	Outcome-correct	runs	therefore	routinely	violated	the	procedure	they
were	meant	to	follow.	An	audit	architecture	builds	layered	trace	graphs	with	evidence	nodes	and	workflow	nodes,	so	that	every	claim	maps	to
actions,	 artefacts	 and	 checks,	 and	missing	 validation	 coverage	 becomes	 visible	 [F72].	 A	 survey	 supplies	 the	 vocabulary	 layer	 and	 defines
execution	provenance	as	a	typed	graph	[F73].

For	the	single	case,	however:	this	class	presupposes	instrumented	execution.	Without	provenance	capture	there	is	no	projection	to	compute,	and
the	claim	is	unverifiable	rather	than	merely	unverified.

3.7	The	one	transferable	finding

One	paper	characterises	false	success:	the	agent	claims	completion	while	the	environment	state	shows	failure.	Its	finding	decisive	for	this	map
is	methodological:	lightweight	TF-IDF	detectors	outperform	LLM	judges	at	spotting	the	case,	at	far	lower	cost	[F74].	The	signal	the	detector
learns	lies	in	the	language	of	the	closing	message	—	and	that	is	the	only	part	transferable	to	a	text	without	an	environment.

3.8	Check-channel	table

Class	of	mechanism Check	channel Detects	unexecuted	procedure?

Step	reward	models	(3.1) learned	textual	plausibility no	—	scores	form,	not	execution

Verifiers,	multiple	sampling	(3.2) model	against	model,	agreement no	—	consensus	ratifies	stable	invention

Debate,	multi-agent	review	(3.3) model	against	model,	possibly	source	text only	with	evidence-bearing	debaters

Trace	monitoring	(2.1–2.2) reading	the	externalised	reasoning
conditionally	—	while	the	trace	is	not
optimised	against	the	monitor

Claim-level	checking,	citation	duty	(3.4)
decomposition	plus	comparison	against	an
evidence	source

yes,	if	the	evidence	source	is	the	execution
trace

Tool	and	solver	grounding	(3.5) execution,	deterministic	oracle yes	in	the	formalisable	part,	by	construction

Trace	and	provenance	auditing	(3.6) environment	and	artefact	records yes	—	only	with	instrumented	execution

Linguistic	markers	(3.7) the	text	itself the	only	channel	left	in	the	single	case

4.	The	institutional	side

The	working	note	proposes	pre-registering	the	generation	procedure.	This	section	examines	which	institutional	instruments	already	exist	for	that
and	what	they	achieve.

4.1	Pre-registration	as	the	model

The	conceptual	core	is	the	distinction	between	prediction	and	postdiction:	pre-registration	works	by	fixing	the	analysis	plan	before	outcomes	are
visible	[F75].	Registered	Reports	place	review	of	the	protocol	before	the	results,	with	in-principle	acceptance	and	a	second	stage	for	adherence
review	[F76]	—	the	only	mechanism	found	in	this	survey	that	places	independent	review	before	the	results.	Blinded	comparative	ratings	supply
the	effectiveness	evidence	 [F77].	The	strongest	 single	number	on	 the	effect	of	outcome-dependent	 flexibility:	96	per	cent	positive	 results	 in
standard	reports	against	44	per	cent	in	Registered	Reports	[F78].

Two	 findings	 temper	 the	 transfer.	First,	 a	pre-registration	can	be	present	 and	 still	 constrain	nothing;	 a	vague	 registration	 licenses	 any	 result
[F79].	 Second,	 and	 central	 here:	 an	 audit	 of	 whether	 published	 pre-registered	 studies	 followed	 their	 own	 registrations	 finds	 widespread
undisclosed	deviation	[F80].	The	instrument	existed	and	was	not	kept.	Even	a	filed	procedure	needs	an	adherence	check	of	its	own	—	and
that	is	precisely	what	no	current	AI-disclosure	rule	performs.



4.2	HARKing	as	the	template	for	M2

The	canonical	definition	—	presenting	a	post	hoc	hypothesis	as	a	priori	—	transfers	directly:	the	output	text	is	formally	indistinguishable	from	a
genuine	a	priori	statement,	because	the	distinguishing	feature	is	temporal	and	external	to	the	text	[F81].	That	is	the	reason	M2	can	only	yield	an
indication	without	an	external	 fixing.	Base	rates	of	questionable	research	practices	among	humans	supply	 the	comparison	without	which	 the
claim	that	AI	worsens	matters	remains	unquantified	[F82].

One	case	belongs	in	the	presentation	because	it	bears	on	the	working	note’s	framing:	a	paper	whose	thesis	was	that	strictly	prespecified	methods
yield	replicable	findings	was	retracted	over	the	reporting	of	its	own	pre-registration	[F83].	The	gap	between	claim	and	evidence	is	therefore	not
an	AI-specific	pathology.

4.3	AI	disclosure	in	scholarly	publishing,	as	of	2026-10-06

Issuer AI	as	author Disclosure	required Where Reviewer	side Status

ICMJE no yes,	at	submission acknowledgements not	specified undated	[F84]

COPE no yes methods	or	similar — v1,	2024-08-20	[F85]

Springer	Nature no yes not	prescribed permitted,	no	upload
traffic-light	scheme
2026	[F86]

Elsevier — yes,	separate	section
named	declaration
section

supportive	only June	2026	[F87]

ACL — yes,	section-level acknowledgements no	AI	first	draft rev.	2026-08-17	[F88]

NeurIPS	2025 —
only	if
methodologically
central

not	prescribed no	sharing 2025	[F90]

ICML	2026 —
authors	choose
reviewer	policy	A/B

—
no	delegation	of
judgement

2026	[F91]

ICLR	2026 — yes,	all	use per	Code	of	Ethics confidentiality 2026	[F92]

Four	observations:

First.	The	only	publisher	prohibition	 found	 that	names	 the	gap	directly	 lists	“generating	hypotheses,	analyses	or	conclusions	and	presenting
them	as	human-derived”	among	 the	non-permitted	acts	 [F86].	 It	 is	unenforceable	without	an	external	 record,	because	 the	prohibited	and	 the
permitted	act	produce	identical	text.

Second.	 The	NeurIPS	 threshold	 “important,	 original,	 or	 non-standard	 component”	 of	 the	methodology	 explicitly	 exempts	AI-written	 prose
claiming	 a	 rigorous	 procedure	 from	 the	 disclosure	 duty	 [F90].	 That	 is	 the	 clearest	 place	 where	 a	 scoping	 decision	 leaves	 the	 target	 gap
uncovered.

Third.	The	ACL	rule,	with	section-level	attribution,	is	the	finest	found	and	raises	the	cost	of	a	plausible	false	declaration,	but	verifies	nothing
[F88].	The	ARR	mandatory	checklist	with	desk	rejection	as	the	sanction	is	the	nearest	model	for	a	submission-time	procedure	declaration	—	but
what	is	sanctioned	is	completeness	of	the	form,	not	truth	of	the	answers	[F89].

Fourth,	and	this	is	the	finding	with	the	greatest	follow-on	value.	The	only	instrument	in	the	survey	that	asks	for	inputs	and	outputs	to	be
deposited	 is	 the	European	Commission’s	guidance:	 researchers	 should,	 “if	 relevant”,	make	prompts	and	outputs	available,	 and	 the	 reference
should	include	name,	version,	date	and	how	the	tool	affected	the	research	process	[F93].	Deposited	prompt	logs	would	in	principle	expose	a
procedure	that	was	never	run.	The	request	is	conditional	and	unsanctioned,	so	in	practice	it	functions	as	a	recommendation.

4.4	Technical	provenance	and	watermarking

The	C2PA	architecture	binds	a	record	not	to	author	prose	but	to	a	cryptographic	signature:	a	manifest	comprises	assertions,	a	claim	referencing
them,	and	a	claim	signature,	with	trust	deriving	from	the	signer	identity	vouched	for	via	X.509	[F94].	A	conformance	programme	with	a	public
trust	list	has	existed	since	2026,	with	a	documented	cutover	from	the	interim	list	on	2026-01-01	[F95].	The	limit	for	this	work:	it	would	attest
who	signed	and	which	tool	touched	the	file,	not	whether	the	described	analysis	took	place.	Text	is	also	not	covered	in	the	way	image	and	video
are.

Watermarking	is	deployable	and	demonstrated	at	production	scale	[F96,	F97],	but	answers	a	different	question:	machine	origin,	not	procedure.
A	 watermark-positive	 text	 may	 describe	 a	 real	 procedure;	 a	 watermark-negative	 one	 may	 be	 wholly	 fabricated.	 Two	 hard	 limits	 follow.
Recursive	paraphrasing	substantially	 lowers	detection	 rates	at	 little	quality	cost,	 and	spoofing	makes	human	 text	appear	watermarked	 [F98].
And	 under	 stated,	 natural	 assumptions	 strong	 watermarking	 is	 provably	 impossible,	 with	 a	 generic	 attack	 needing	 only	 a	 quality	 and	 a
perturbation	oracle	[F99].



This	 is	 the	most	 load-bearing	negative	 result	on	 the	 technical	half:	a	disclosure	 regime	cannot	be	 founded	on	post-hoc	origin	detection.	The
argument	is	thereby	forced	toward	signed,	author-side	records	of	what	was	actually	executed	—	exactly	the	direction	the	working	note	takes
with	pre-registration.

4.5	Documentation	instruments

The	standing	W3C	vocabulary	for	machine-readable	process	records	has	existed	since	2013	and	remains	the	only	model	at	Recommendation
status:	 provenance	 as	 a	 record	 of	 the	 people,	 institutions,	 entities	 and	 activities	 involved	 [F100].	 A	 PROV-serialised	 log	 of	 an	AI-assisted
workflow	would	make	“what	was	actually	executed”	queryable	rather	than	narrated.	It	is,	however,	a	pure	representation	standard:	an	invented
PROV	graph	is	as	expressible	as	a	true	one	without	a	signature	layer.

The	genre	of	disclosure	documents	originates	in	model	cards	[F101]	and	datasheets	[F102],	the	latter	explicitly	carrying	the	collection	process
as	a	field.	Both	document	the	tool	or	the	data,	not	its	use	in	a	particular	piece	of	work.	The	most	concrete	published	proposal	for	a	standardised,
machine-readable	AI-use	declaration	attached	to	a	research	output	is	AI	Usage	Cards,	with	questionnaire-driven	generation	[F103];	machine-
readability	is	the	operative	advance,	because	declarations	then	become	auditable	across	a	corpus	rather	than	readable	one	at	a	time.	The	finest
domain	 reporting	 guideline	 runs	 to	 19	 items	 and	 50	 sub-items	 and	 requires	 prompts,	 model	 versions	 and	 evaluation	 design	 [F104]	—	 the
granularity	raises	the	cost	of	invention	considerably	without	adding	a	check.

4.6	What	actually	bites	on	a	single	text

Two	instruments	have	teeth,	because	they	test	an	internal	consistency	condition	that	is	not	co-generated	with	an	invention.

Automated	recomputation	of	p-values	from	reported	test	statistics	and	degrees	of	freedom	tests	exactly	that	condition	[F105].	Sharper	still	is	the
granularity	 test	 on	 reported	means:	 a	mean	 of	 integer	 data	must	 be	 a	multiple	 of	 1/n,	 so	 impossible	means	 are	 detectable	 from	 the	 printed
numbers	 alone	—	no	 raw	data,	 no	 author	 cooperation,	 no	 registration	 [F106].	That	 is	 the	 sharpest	 single-text	 check	 in	 the	 survey,	within	 a
narrow	scope.

Against	it	stands	the	clearest	example	of	the	gap	under	study:	automated	checking	of	whether	a	methods	section	reports	the	rigour	criteria	—
randomisation,	 blinding,	 power	 analysis,	 sex	 as	 a	 variable,	 reagent	 identifiability	 [F107]	—	 assesses	 whether	 a	 procedure	 is	 described.	 A
fabricated	methods	section	scores	well	precisely	because	it	was	written	to	satisfy	the	checker.	Corpus-scale	screening	with	several	detectors	plus
human	adjudication	is	the	realistic	model	for	integrity	work	[F108],	but	operates	on	surface	features;	a	fluent	text	with	a	fabricated	procedure
and	no	tortured	phrasing	passes	unflagged.

4.7	Scale

More	than	10,000	retractions	in	2023	show	that	integrity	checking	has	long	operated	beyond	the	capacity	of	case-by-case	review	[F109];	the
cause	 there	 is	predominantly	 industrial	production,	not	AI	 text,	and	 the	 two	must	not	be	conflated.	Current	operating	figures	 for	shared	pre-
publication	screening:	more	than	35	publishers	screen	over	125,000	papers	a	month	and	intercept	around	1,000	suspect	submissions	[F110]	—
an	 interception	 rate	 of	 about	 0.8	 per	 cent.	 The	 strongest	 corpus	 measurement	 of	 undeclared	 LLM	 use	 finds,	 across	 more	 than	 15	 million
abstracts,	an	abrupt	rise	in	certain	style	words	implying	at	least	13.5	per	cent	LLM-processed	abstracts	in	2024	and	up	to	40	per	cent	in	some
subfields	[F111].	The	method	is	purely	distributional,	so	it	assigns	no	probability	to	any	individual	paper	—	and	it	measures	writing	assistance,
not	procedural	execution.

5.	Agentic	research	systems

This	strand	supplies	the	case	material.	The	working	note’s	occasioning	case	is	a	hand-steered	single	run;	the	systems	named	here	make	the	same
claim	with	a	built	architecture.	The	question	is	identical	in	both	cases:	does	the	output	text	let	a	reader	see	that	the	claimed	internal	procedure
took	place?

5.1	End-to-end	systems

One	 system	 claims	 the	 closed	 loop	 from	 idea	 generation	 through	 execution	 to	manuscript,	with	 an	 automated	 reviewer;	 the	 journal	 version
names	one	generated	manuscript	that	passed	a	workshop’s	first	review	round	[F113].	The	successor	replaces	the	linear	chain	with	agentic	tree
search	 under	 an	 experiment	 manager	 [F114].	That	 part	 in	 particular	 leaves	 no	 trace	 in	 the	 manuscript:	 nothing	 in	 a	 generated	 paper
distinguishes	a	result	reached	by	a	wide	search	with	many	discarded	branches	from	one	reached	in	a	single	pass.	That	is	M1	at	system	level.

A	three-stage	assistant	accepts	human	feedback	at	each	stage	and	reports	an	84	per	cent	cost	reduction	[F115];	the	autonomous	and	the	assisted
condition	must	be	cited	 separately,	because	 the	 stage	boundaries	are	architectural	and	 the	 final	 report	does	not	 reveal	which	stage	produced
which	claim.	Another	system	pairs	a	generating	model	with	a	simulated	reviewer	trained	by	feedback;	the	reported	gains	are	simulated	review
scores,	generator	and	evaluator	coming	from	the	same	training	pipeline	[F116].	Datasets	and	weights	are	released,	so	the	artefacts	are	at	least
inspectable.



One	objection	from	the	same	quarter	belongs	to	the	handling	of	these	claims:	a	position	paper	analyses	28	papers	from	five	such	systems	and
locates	the	bottleneck	not	in	idea	generation	but	in	the	systems’	capability	to	execute	the	verification	procedures	their	claims	require	[F134].
The	author	overlap	with	one	of	the	systems	examined	should	be	stated	—	it	is	criticism	from	inside,	not	an	independent	audit.

5.2	Where	the	claim	ends	physically

The	 laboratory	 systems	are	 the	 instructive	counter-case,	because	 their	 claimed	procedure	 terminates	 in	 a	measurement.	One	 system	designs,
plans	and	executes	experiments	via	web	search,	code	execution	and	liquid	handling	[F117].	Another	couples	a	model	with	18	domain	tools	and
has	 it	 evaluated	by	experts	rather	 than	by	a	model	—	with	a	 side	 finding	central	 to	 this	map:	 the	model	as	evaluator	“cannot	distinguish
between	clearly	wrong	completions	and	the	system’s	performance”,	and	model-based	evaluation	favours	fluency	over	accuracy	[F118].	That	is
direct	evidence	that	the	automated	reviewer	component	of	the	systems	in	5.1	measures	something	other	than	correctness.

The	most	instructive	case	is	a	robotics	platform	that	targeted	41	novel	compounds	and	successfully	synthesised	36	of	57	[F119]	—	together	with
the	external	 re-analysis	arguing	 that	automated	powder-diffraction	analysis	 is	not	yet	 reliable	and	 that	disorder	 is	neglected	 in	 the	predictive
step,	so	that	several	of	the	reported	novel	compounds	are	contested	at	the	characterisation	stage	[F120].	An	autonomy	claim	here	survives	its
own	internal	evaluation	and	fails	external	expert	re-analysis.	That	is	the	clearest	worked	example	of	what	the	reported	gains	of	such	systems
actually	measure.

Worth	 naming	 positively	 is	 a	 system	whose	 claimed	 internal	 procedure	 is	 the	meeting	 transcript	 itself:	 a	model	 as	 principal	 investigator
convenes	specialist	agents	in	iterative	research	meetings;	92	candidates	were	designed	and	experimentally	validated,	two	with	improved	binding
[F121].	The	meeting	records	were	released	alongside,	so	the	critique	and	revision	rounds	are	inspectable	rather	than	merely	asserted.	It	is	also
framed	as	collaboration,	not	autonomy.

5.3	Idea	generation	and	novelty	assessment

A	multi-agent	 system	 runs	 a	 tournament	with	Elo-style	 ranking	 over	 hypotheses	 and	 is	 validated	 in	 three	 application	 areas	with	 laboratory
confirmations	[F122].	The	tournament	is	the	central	claim	and	is	reported	in	aggregate:	a	reader	seeing	a	single	output	hypothesis	cannot	tell
what	 it	beat,	how	many	 rounds	 it	 survived,	or	what	 the	critic	agent	objected	 to.	The	 laboratory	confirmations	carry	 the	 finding,	not	 the	Elo
curves.	Another	system	couples	ontological	knowledge	graphs	with	agents	and	claims	in	its	abstract	capabilities	“exceeding	traditional	human-
driven	research	methods”,	without	naming	the	comparison	or	the	metric	[F123]	—	an	unanchored	superiority	claim,	to	be	marked	as	such	here
rather	than	repeated.	A	third	simulates	a	research	team	and	investigates	which	collaboration	mechanisms	raise	novelty	[F124];	the	comparison	is
system-internal,	so	it	measures	the	architecture’s	effect	on	the	metric,	not	on	research	outcomes.

The	earliest	work	 to	make	novelty	an	explicit	optimisation	 target	 retrieves	 inspirations	 from	prior	work	and	compares	candidates	 iteratively
against	existing	papers	up	 to	a	novelty	 threshold	—	and	reports	 frankly	 that	a	model	alone	produces	 technically	shallow,	 low-novelty	 ideas,
which	the	method	only	partly	fixes	[F125].	That	candour	is	the	exception	in	this	subfield.

A	benchmark	with	single-keyword	prompts	across	1,180	keywords	and	22	domains	adds	a	finding	that	bears	on	model	choice:	idea-generation
scores	are	poorly	predicted	by	general	capability	metrics,	 and	mid-sized	models	match	 frontier	ones	 [F128].	The	assumption	 that	a	 stronger
backbone	yields	better	research	is	therefore	not	supported.	The	scoring	is	itself	model-based,	so	the	finding	in	[F127]	applies	to	this	benchmark
too.

The	single	most	important	finding	of	this	strand	for	the	working	note	is	a	negative	result	from	October	2026:	small	changes	in	wording
shift	novelty-judgement	accuracy	by	over	50	percentage	points;	retrieval	augmentation	and	longer	reasoning	help	little;	purpose-built	novelty
evaluators	 fall	 below	 simple	 baselines	 [F127].	 That	 puts	 every	 reported	 novelty	 gain	 in	 5.1	 and	 5.3	 in	 question,	 including	 the	 blind	 expert
comparison	in	which	AI	ideas	were	judged	more	novel	but	slightly	less	feasible	[F129].	The	counterexample	for	checkable	design	is	a	retrieve-
then-rerank	procedure	whose	output	is	a	verdict	plus	the	comparison	papers	it	rests	on;	there	it	can	be	checked	whether	the	cited	prior	work
says	what	the	verdict	assumes	[F126].

5.4	Benchmarks	and	how	to	read	them

Four	benchmarks	for	agentic	research	ability	were	verified.	Two	misreadings	are	to	be	avoided.

First:	the	widely	cited	lead	of	agentic	systems	over	experts	holds	at	a	two-hour	budget;	at	eight	hours	humans	overtake,	at	32	hours	they	double
[F132].	 The	 time-horizon	 dependence	 disappears	 when	 the	 lead	 figure	 is	 cited	 alone.	 Second:	 a	 benchmark	 built	 from	 public	 competition
solutions	 partly	 measures	 recall	 of	 published	 write-ups	 rather	 than	 engineering,	 which	 its	 own	 contamination	 analysis	 addresses	 explicitly
[F130].	 A	 rubric-based	 decomposition	 of	 20	 papers	 into	 8,316	 individually	 gradable	 sub-tasks	 is	 the	 strongest	 auditability	 property	 in	 this
section,	because	it	becomes	visible	which	sub-claim	failed	rather	than	only	a	scalar	—	the	grading	is	itself	model-based,	which	the	paper	states
openly	[F131].	A	fourth	benchmark	positions	computational	reproducibility	as	a	precondition	for	novel-research	systems,	i.e.	as	the	capability
floor	the	systems	in	5.1	assume	without	demonstrating	[F133].

5.5	What	venues	are	doing	in	2026



The	 venues’	 response	 is	 the	 institutional	 part	 that	 bears	 directly	 on	 publishing	 the	 working	 note.	 One	 conference	 states	 that	 papers	 with
extensive	undisclosed	LLM	use	will	be	desk	rejected,	 that	authors	remain	responsible	for	outputs,	and	that	fabricated	citations	constitute	a
Code	of	Ethics	violation	warranting	rejection	[F136].	Another	reports	178	submissions	(18.4	per	cent)	desk-rejected	without	appeal	and	123
(12.7	per	cent)	asked	to	evidence	human	authorship,	at	a	detector	rate	of	28.2	per	cent	at	default	settings,	falling	to	12.7	per	cent	after	window
adjustment	[F137].	The	gap	between	the	two	settings	is	itself	the	instructive	datum:	the	reported	rejection	rate	is	a	function	of	a	tuning	choice,
and	the	post	says	so.

The	largest	documented	countermove	is	a	reviewing	aid	applied	to	all	22,977	submissions	of	one	conference	in	under	a	day,	with	favourable
ratings	 in	 author	 and	 programme-committee	 surveys	 [F135]	—	written	 by	 the	 pilot’s	 organisers,	 so	 the	 favourable	 survey	 results	 are	 self-
reported.	 One	 venue	 requires	 AI	 authorship	 rather	 than	 merely	 permitting	 it,	 and	 releases	 the	 AI	 reviewers’	 prompts	 and	 reviews	 as	 a
community	resource	[F138]	—	the	only	venue	found	that	 treats	 the	automated	review	trace	as	a	publishable	artefact.	That	 is	 the	institutional
form	of	what	this	work	asks	for.

5.6	The	occasioning	case	in	its	domain

The	occasioning	case	concerns	cell-free	biocatalysis	and	enzyme	cascades.	The	survey	found	two	verified	platform	papers	in	that	domain,	both
machine-learning	 guided,	 one	 of	 them	with	 a	 natural-language	 interface	 [F139,	 F140].	No	 verified	 case	 was	 found	 of	 an	 end-to-end	AI
research	 system	using	 an	 enzyme	 cascade	 as	 its	worked	 example.	 The	 occasioning	 case	 is	 therefore	 not	 a	 reconstruction	 of	 an	 existing
system	but	a	hand-steered	single	run	producing	the	same	rhetoric.	That	supports	the	working	note’s	decision	to	treat	it	as	case	material	rather
than	subject	matter.

6.	Location:	where	the	gap	is

After	this	survey	the	working	note’s	position	can	be	stated	precisely.

What	 is	 not	 new.	 That	 claimed	 and	 actual	 procedure	 come	 apart	 is	 described	 in	 nine	 separate	 literatures	 (section	 2).	 That	 self-correction
without	a	counterpart	does	not	work	reliably	is	established	[F25,	F26,	F27].	That	automated	review	rewards	fluency	rather	than	correctness	is
established	[F32,	F118].	That	models’	novelty	judgements	are	unstable	is	established	[F127].	The	working	note	must	claim	none	of	these	as	its
own	finding.

What	is	genuinely	open.	Five	gaps	were	named	as	such	independently	in	all	four	strands:

1.	 No	checking	instrument	at	document	level.	There	is	checking	at	citation	level	[F37],	at	corpus	level	[F111,	F42]	and	on	surface	quality
[F39].	There	is	no	published	rubric	that	extracts	a	paper’s	procedural	claims	and	tests	them	for	reproducible	support	—	the	document-level
counterpart	of	the	intervention	method	in	[F2].

2.	 No	work	classifying	textual	features	of	unexecuted	procedure	descriptions	in	a	single,	uninstrumented	run.	The	closest	still	uses	the
environment	verdict	as	its	label	source	[F74].

3.	 No	experiment	testing	visible	apparent	rigour	as	the	independent	variable	in	over-trust.	The	over-trust	literature	varies	the	correctness
of	the	advice	[F43,	F44,	F45];	the	trace	literature	measures	the	model	side	[F11,	F12].	Nobody	has	asked	whether	a	long,	deliberative-
looking	trace	raises	adoption	of	a	wrong	conclusion	relative	to	a	bare	answer.	That	is	the	empirical	centre	of	the	topic,	and	it	is	empty.

4.	 No	procedure	attestation	for	AI-assisted	text	work.	An	extended	search	found	no	scholarly	or	normative	use	of	the	term	in	this	sense.
The	nearest	genuine	instruments	are	[F91],	[F93],	[F103],	[F104]	and	[F112].	No	pre-registration	equivalent	exists	for	AI-assisted
writing.

5.	 No	measurement	of	how	well	human	reviewers	detect	fabricated	references.	Machine	verifiers	are	tested	[F37];	the	hit	rate	of	the	body
that	decides	whether	the	rates	in	[F33]	to	[F36]	turn	into	published	error	is	unknown.

Where	the	working	note	sits.	It	addresses	gap	2	with	five	markers	and	a	tool,	and	proposes	a	mechanism	for	gap	4.	It	does	not	address	gap	1
but	prepares	it.	Gaps	3	and	5	are	follow-on	projects,	not	part	of	the	work.

A	correction	to	the	work’s	own	claims.	The	note’s	sentence	that	Iteratio	Simulata	is	the	only	one	of	the	three	neighbouring	concepts	testable
from	the	text	alone	holds	after	this	survey	but	needs	qualifying:	it	holds	against	unfaithful	chain-of-thought	and	potemkin	understanding,	not
against	 the	2026	work	on	the	performative	trace,	which	uses	probing	and	timing	and	therefore	requires	model	access.	That	 it	requires	model
access	is	why	the	markers	continue	to	stand	beside	it;	the	exclusivity	claim	is	to	be	softened	accordingly	(see	7.1).

7.	Ten	follow-on	projects

Ten	 projects	 follow	 from	 the	 survey.	 For	 each,	 the	 reason,	 the	 scope	 and	 the	 precondition	 are	 given.	 Five	 are	 executable	 without	 further
resources.

7.1	Addendum	to	the	working	note	(small,	immediate)



Four	points	for	the	next	version:	the	2026	block	of	findings	on	the	performative	trace	as	empirical	support	for	the	central	concept	[F11,	F12,
F13];	 the	counterposition	on	 the	verbalisation	question	[F7];	 the	softening	of	 the	exclusivity	claim	per	section	6;	 the	note	 that	M1	at	system
level	hits	exactly	the	tree	search	that	no	generated	manuscript	discloses	[F114].	Precondition:	none.

7.2	Document	rubric	“procedure	evidence”	(medium,	executable)

Gap	 1.	 A	 rubric	 that	 extracts	 a	 paper’s	 procedural	 claims	 and	 classifies	 each	 by	 support	 type:	 executed	 and	 evidenced,	 described	 and
evidenceable,	described	and	unverifiable,	contradicted.	The	model	is	the	rubric-based	sub-task	decomposition	[F131],	the	check	mechanism	the
citation-support	test	[F63,	F61].	The	output	is	a	tally	sheet,	not	a	score.	Precondition:	20	to	30	papers	as	a	trial	set;	no	compute	load.

7.3	Linguistic	single-text	detector	(medium,	executable)

Gap	2,	with	the	only	transferable	model	[F74].	Its	finding	—	simple	TF-IDF	features	beat	model	judges	at	spotting	false	completion	claims	—
applies	 directly	 to	markers	M1	 and	M2,	 because	 both	work	 through	 tracelessness.	Concretely:	 set	 the	 Iterationsprüfer’s	 existing	vocabulary
check	against	a	weighted	feature	model	trained	on	closing-message	language.	Precondition:	the	test	set	from	7.4.

7.4	Test	corpus	with	independent	pre-classification	(medium,	blocking)

The	point	already	listed	as	open	in	the	working	note,	here	confirmed	as	a	precondition	for	7.2,	7.3	and	7.6.	At	least	20	texts,	pre-classified	by
humans	without	knowledge	of	the	marker	definitions;	negative	cases	first,	per	the	standing	rule	from	the	implementation	finding.	The	corpus
should	contain	careful	and	performative	texts	for	each	marker,	because	the	tool’s	first	counter-test	failed	on	careful	texts.	Precondition:	two	to
three	independently	judging	people.

7.5	Over-trust	experiment	(large,	external)

Gap	3	and	the	scientifically	most	valuable	item	on	this	map.	Design:	experts	receive	the	same	wrong	conclusion	once	as	a	bare	answer,	once
with	a	long	deliberative-looking	trace;	the	dependent	variable	is	adoption.	The	design	follows	the	automation-bias	studies	[F43,	F44,	F45]	but
varies	the	display	of	procedure	rather	than	the	correctness	of	the	advice.	The	finding	that	confidence	gained	during	AI-assisted	work	predicts
more	reliance	[F45]	supplies	the	prediction.	Precondition:	ethics	approval,	an	expert	sample,	a	partner	institution.	Not	executable	alone.

7.6	Markers	M3	and	M3b	against	open	metadata	services	(small,	executable)

The	 work	 listed	 as	 phase	 1c	 in	 the	 working	 note,	 here	 with	 an	 added	 caution:	 the	 checker	 must	 not	 itself	 fall	 into	 the	 false-positive	 trap
measured	 for	 papers	 past	 the	 training	 cutoff	 [F37].	Consequence	 for	 implementation:	 registry	 resolution	 (DOI,	OpenAlex)	 instead	of	model
judgement,	 and	 an	 explicit	 status	 “not	 locatable	 at	 this	 data	 state”	 kept	 separate	 from	 “non-existent”.	Precondition:	 licence	 check	 of	 the
services	bound	in;	no	data	holding	of	our	own.

7.7	Procedure	declaration	as	a	submittable	artefact	(medium,	executable)

Gap	4,	 the	 contribution	with	 the	greatest	 institutional	 traction.	The	components	 all	 exist:	 the	mandatory	checklist	with	desk	 rejection	as	 the
enforcement	form	[F89];	 the	ex-ante	procedural	binding	in	which	the	author	fixes	and	the	reviewer	 is	bound	[F91];	deposition	of	 inputs	and
outputs	 [F93];	 the	 machine-readable	 usage	 declaration	 as	 format	 [F103];	 the	 standing	 provenance	 vocabulary	 as	 serialisation	 [F100];	 the
signature	layer	without	which	an	invented	graph	is	as	expressible	as	a	true	one	[F94].	What	has	to	be	built	is	the	assembly,	not	a	component.
Precondition:	none	for	the	draft;	effect	only	with	a	receiving	body.

7.8	Reviewer	hit	rate	on	fabricated	references	(medium,	external)

Gap	5.	A	set	of	manuscripts	with	controlled	reference	errors	at	three	severities	—	non-existent,	existent	with	wrong	authorship,	existent	with
wrong	fields	—	and	measurement	of	which	level	is	caught.	The	severities	follow	the	finding	that	real	sources	with	wrong	fields	are	the	harder
case	[F33].	Precondition:	cooperation	with	an	editorial	office;	ethically	feasible	only	with	prior	notice.

7.9	Replication	of	the	potemkin	procedure	in	German	(small,	executable)

A	gap	named	explicitly	 in	 strand	A:	no	 replication	outside	English,	and	none	on	practitioner	 rather	 than	academic	concepts.	For	knowledge
work	 in	 the	 German-language	 technical	 and	 regulatory	 environment	 this	 is	 directly	 relevant,	 and	 the	 procedure	 is	 published	 [F14].
Precondition:	a	concept	set	from	one	domain.

7.10	Procedural	integrity	in	our	own	workflow	(small,	immediate)

The	finding	that	27	to	78	per	cent	of	outcome-correct	runs	conceal	procedural	violations	[F71]	is	 to	be	applied	to	our	own	working	method.
Concretely:	do	not	merely	recommend	the	working	note’s	four	pre-registration	steps	but	evidence	them	on	our	own	bundle	—	with	a	hash	of	the
candidate	 list	 and	 of	 the	 criteria	 taken	 before	 the	 selection,	 as	 a	 co-published	 file.	 This	 is	 the	 self-application	 that	 makes	 7.7	 credible.
Precondition:	none.



8.	Not	found,	not	verified,	to	be	noted

8.1	Genuine	gaps

Beyond	the	five	named	in	section	6:	no	fabrication	rates	for	the	humanities	and	social	sciences;	no	sycophancy	study	across	extended	working
sessions	rather	than	a	single	push-back;	nothing	on	AI	slop	in	grant	or	standards	review;	no	verified	systematic	review	of	the	agentic-research-
systems	strand;	no	completed	study	in	which	the	ideas	generated	in	[F129]	were	actually	executed	—	the	central	open	question	of	 the	entire
novelty	literature.

8.2	Not	fetchable,	carried	as	unverified

Eleven	entries	could	not	be	confirmed	at	their	primary	page	and	are	marked	 [T] 	in	the	reference	list.	Affected	among	others:	one	publisher’s
editorial	 policies,	whose	 pages	 refuse	 automated	 fetches	with	HTTP	403;	 the	wording	 of	Article	 50	 of	Regulation	 (EU)	 2024/1689,	whose
HTML	and	PDF	 renderings	 both	 truncate	 before	 the	 articles;	 the	 journal	 version	of	 one	 sycophancy	paper;	 the	 published	 final	 version	of	 a
reporting	guideline	of	which	only	the	protocol	is	verified;	the	author-list	form	of	a	further	guideline	taken	from	a	repository	record;	a	publisher
page	 of	 a	 re-analysis	 whose	metadata	 were	 read	 off	 an	 institutional	 record;	 two	 thematically	 central	 papers	 on	 overclaiming	 whose	 pages
returned	empty	on	repeated	fetches;	a	foundational	paper	on	formal	proof	grounding	whose	fetch	was	refused	with	HTTP	429;	a	review	of	self-
driving	laboratories	whose	volume	and	page	data	were	not	printed;	a	preprint	on	closed-loop	optimisation	of	enzyme	cascades	that	would	be
exactly	on	target	and	was	not	fetched.

On	one	fetch	the	tool	returned	plausible-looking	quotations	from	a	legal	text	and	flagged	them	itself	as	reconstructed	from	structure.	They	were
discarded.	That	episode	is	why	 [T] 	is	carried	as	a	status	rather	than	replaced	by	an	omission.

8.3	Industry	claims	excluded

Detector	 vendors’	 figures	 on	 shares	 of	 AI-generated	 reviews	 and	 on	 hallucination	 counts	 appeared	 in	 search	 results.	 They	 are	 vendor
publications	with	 undisclosed	methods	 and	 are	 therefore	 not	 in	 the	 reference	 list.	 They	would	 be	 citable	 only	 as	 vendor	 claims.	 The	 same
applies	to	the	figures	of	a	shared	screening	infrastructure	that	does	not	disclose	its	detectors	[F110];	the	numbers	stand,	their	evidential	weight
cannot	be	assessed	from	the	primary	source.

8.4	Version	divergence

Four	works	changed	 title	or	author	 list	between	preprint	and	publication:	an	end-to-end	research	system	(6	versus	8	authors,	different	order,
different	title);	a	multi-agent	system	(different	titles	in	v1	and	v2);	a	novelty	benchmark	(renamed;	the	circulating	name	is	the	benchmark	name,
not	the	title);	an	idea-generation	system	(circulating	title	differs	from	the	printed	one).	Anyone	taking	these	from	a	secondary	source	dated	2024
or	2025	is	citing	a	stale	record.

8.5	Upgrades	declined

For	several	widely	cited	works	the	abstract	page	names	no	venue.	They	are	carried	as	preprints.	A	later	editing	pass	must	not	silently	upgrade
them;	where	needed,	the	venue	is	to	be	checked	per	entry	at	the	proceedings	page.

9.	Self-application

The	working	note	requires	that	a	work	about	simulated	care	disclose	its	own	errors.	Three	findings	arise	for	this	survey.

9.1	Two	identifiers	held	from	memory	were	wrong

In	the	provenance	and	disclosure	strand,	two	identifiers	were	known	in	advance	and	were	nevertheless	checked.	Both	were	wrong.	One	DOI
returned	a	404;	the	correct	one	differs	in	the	final	digit,	and	the	paper	is	retracted	—	a	circumstance	that	would	have	gone	undetected	had	it
been	cited	from	memory.	One	arXiv	identifier	led	to	an	astrophysics	paper	on	particle	acceleration;	the	correct	identifier	is	a	different	one.

This	is	the	pattern	from	[F33]	and	[F36]	occurring	in	our	own	process:	the	fields	that	look	precise	and	are	rarely	checked	are	the	wrong	ones.	It
is	also	the	strongest	available	single	piece	of	evidence	for	the	working	note’s	thesis	—	the	errors	were	found	solely	because	every	entry	was
fetched,	not	by	plausibility	assessment.

9.2	The	survey	had	to	withdraw	its	own	superiority	claim

The	working	note’s	exclusivity	claim	—	that	Iteratio	Simulata	is	the	only	neighbouring	concept	testable	from	the	text	alone	—	holds	against	the
two	neighbouring	concepts	available	in	2025	and	does	not	hold	with	the	same	breadth	against	the	2026	work.	The	sentence	appeared	in	the	main
work,	the	pamphlet,	the	lay	explanation	and	both	flyers.	It	will	be	qualified	rather	than	struck	in	the	next	version,	and	the	episode	is	recorded
here	(section	6,	final	paragraph;	follow-on	project	7.1).



This	is	an	M3	case	by	the	work’s	own	definition:	the	state	of	the	field	was	further	along	than	the	work	depicted	it.

9.3	This	map’s	auditability	verdicts	are	inferences,	not	findings

For	the	agentic-research-systems	strand,	abstract	pages	and	metadata	were	read,	not	full	texts.	Every	statement	about	whether	a	system’s	output
text	reveals	rounds,	selection	and	critique	is	an	inference	from	the	described	architecture	and	not	a	verified	finding.	Testing	those	inferences
requires	opening	and	reading	the	released	artefacts	of	the	four	systems	with	open	traces.	That	was	not	done.	It	is	the	statement	on	which	this
map	is	most	exposed,	and	the	point	at	which	it	is	itself	subject	to	M1:	it	asserts	a	verification	verdict	whose	verification	step	it	did	not	carry	out.

An	addition	to	follow-on	project	7.2	follows:	the	first	trial	set	for	the	document	rubric	is	exactly	these	four	systems,	because	they	are	the	only
cases	in	which	claimed	procedure	and	published	trace	can	be	compared.
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