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Abstract

As training corpora grow, screening licenses
for Al training data at scale is likely to fall to
large language models, but a screening system
must distinguish when a document settles a pro-
posed use from when the answer depends on
facts outside it. We formalize this distinction
under Korean copyright law. Supreme Court of
Korea authority supports five types of extrinsic
fact that may be required to decide whether a
grant reaches a use or binds the rightsholder:
consideration, usage of trade, the rightsholder’s
conduct, market substitution, and upstream ti-
tle. A practicing Korean intellectual property
lawyer applies this framework to Korean li-
censes, terms of service, and standard-form
contracts, yielding a benchmark of whether
each document settles five Al-related uses and,
if not, which facts are missing. We evaluate
frontier proprietary, open-weight, and Korean-
specialized models under increasingly detailed
legal procedures and broader retrieved context.
Neither the lawyer’s screening procedure, ad-
ditional context, nor even the governing clause
reliably improves models’ ability to distinguish
determinate from indeterminate cases; the gov-
erning clause instead increases abstention on
many determinate items. These interventions
mainly shift decision thresholds rather than dis-
criminability, a difference obscured by aggre-
gate accuracy. Automated license screening has
two limits: some questions are indeterminate
from the instrument because resolving them re-
quires facts outside it, and models over-abstain
on questions the document does settle.

1 Introduction

Large language models became general-purpose
assistants through instruction tuning (Ouyang et al.,
2022), which changed what they are used for, not
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where their knowledge comes from. Loss falls as a
power law in model size and in training tokens (Ka-
plan et al., 2020), and the compute-optimal ratio
puts more of the budget on tokens than early prac-
tice assumed (Hoffmann et al., 2022). However far
post-training has come, the pretraining corpus still
decides what a model knows, so the appetite for text
grows with every generation and is often met by
copying documents whose owners are now in court
over exactly that.! Whether a corpus may lawfully
be used is therefore settled before training, and at
this volume by a program. License metadata will
not settle it: an audit of dataset provenance found
license omission above 70% and error rates above
50% on major hosting platforms (Longpre et al.,
2024a), and lifecycle tracing shows that datasets
whose surface license appears to permit commer-
cial use often do not (Kim et al., 2025). If the tags
cannot be trusted the text must be read, and at pre-
training scale nobody reads it: “does this license
permit this use?” is answered by a model inside an
automated pipeline.

Reading the text does not settle the question ei-
ther. Whether a license authorizes a use raises
two questions the text often leaves open. One is
what the grant covers, which turns on the consid-
eration paid, trade practice, how the rightsholder
has treated the use before, and market substitution.
The other is whether the grant binds the rightsh-
older at all, which turns on whether the licensor
held the right it purports to grant. None of these
facts is in the contract. Among the documents a
screener can reach we find none that supplies them.
The gap lies not in the document but in the legal
question, which stays open. The two failure modes
call for different remedies. Better retrieval finds a

"The New York Times Co. v. Microsoft Corp., No. 1:23-cv-
11195 (S.D.N.Y. filed Dec. 27, 2023), now consolidated in In
re OpenAl, Inc., Copyright Infringement Litigation, No. 1:25-
md-03143 (S.D.N.Y.); Dow Jones & Co. v. Perplexity Al, Inc.,
No. 1:24-cv-07984 (S.D.N.Y. filed Oct. 21, 2024).

432

Proceedings of the Natural Legal Language Processing Workshop 2026, pages 432-455
October 28, 2026 ©2026 Association for Computational Linguistics



DET: the text decides

ingest, or skip, correctly

—a—a—1=
0.8

LLM agent
may we use this?

license /
ToS text

crawl
source

Ain=-0.01

0.6 1 —@— gold DET
n=17

INDET: it does not

escalate for investigation

—— gold INDET

<
~
L

accuracy within stratum

=}
[\S)
!

observed failure T T T T
returns DET anyway

= silent ingestion

Cl C2 C3 C4
retrieved context

Figure 1: Screening at Scale and What It Misses. Left: the pipeline; the costly failure is a confident DET on an item
the document does not settle. Right: T1 (whether the text settles the use) accuracy per gold stratum as context grows
from C1 to C4 (§4.2), 95% cluster-bootstrap bands, n non-degenerate systems.

clause the pipeline missed, but nothing retrieves a
fact that was never written down. A system that an-
swers anyway may admit data the license does not
reach, with no record that a judgment was made.
The safe behavior is to abstain and escalate for fur-
ther legal and factual investigation, and nothing
we measure does that. Identifier matching com-
mits to a verdict on most items the document does
not settle. The models fail in both directions, one
frontier system committing on nearly half of the
unsettled items and another on one in twenty under
the same prompt. Aggregate accuracy does not tell
those failures apart: the keyword rule reaches 0.599
balanced accuracy, which only 5 of 57 model-and-
level cells exceed.

We separate the two cases. Incidental under-
specification is what existing work addresses: the
absent value belongs to the form of the problem,
and supplying it resolves the question. Constitutive
indeterminacy is different. The absent fact is in
no document at all. Appendix C sets it against the
related distinctions, which all assume the missing
information exists and could be supplied.

Contract and policy NLP treats absence as a la-
bel to predict rather than a state to resolve (Ko-
reeda and Manning, 2021; Hendrycks et al., 2021;
Ravichander et al., 2019), and provenance work
audits license tags rather than reading the text to a
decision (Longpre et al., 2024a; Kim et al., 2025;
Chae et al., 2026). Closest is Scharrenberg and
Sun (2025), who argue that compliance turns on
qualitative standards while model development is
governed by quantitative ones. They make that ar-
gument for EU law, and we measure it where the
case law names what the qualitative standard looks
to. Korean legal NLP has largely addressed pub-
lic law (Hwang et al., 2022; Kim et al., 2024; Lee
et al., 2025; Jung et al., 2026); private-law work
reads adjudicated disputes (Cho et al., 2026) or

expert-answered consultations (Lee et al., 2026),
not the instruments themselves.

Two things make the constitutive case measur-
able here. Korean case law on the scope of a license
names the kinds of extrinsic evidence that resolve a
grant of uncertain scope. That lets us fix the coding
set before annotation and makes the gap enumer-
able. If the gap is constitutive, retrieved context
should move where a screener sets its threshold far
more than it improves how well the screener sepa-
rates the two classes. We test that prediction with
a discriminability statistic rather than with stratum
accuracies, because discriminability and threshold
are algebraically independent.

Throughout, the reference is not another sys-
tem’s output or a crowd majority but one practicing
Korean intellectual property lawyer’s judgment on
the same instruments, recorded through the screen-
ing protocol that lawyer wrote for the purpose and
that Appendix A reproduces in full. What we report
is the distance between that judgment and what an
automated screener produces, and where it comes
from.

Our key questions and contributions are:

» The first question is what a license settles.
With no text-and-data-mining exception in Ko-
rea, whether a corpus may be used for training
turns on the license itself and not on a statu-
tory safe harbor, so we formulate screening as
a question about the document rather than the
law: whether its text settles a stated use and, if
not, which of five types of extrinsic fact, each
drawn from Supreme Court of Korea authority,
must be established outside it.

The second question is what a screener can
answer when the deciding facts are not in the
document. Measuring 20 systems on over
a hundred Korean licenses, terms of service
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Copyright Act of Korea

Art. 18 public transmission ——

Art. 16 reproduction maps onto HI1-H5
Art. 20 distribution

use hypotheses
what the proposed use does

Art. 22 adaptation

Supreme Court of Korea
95Da29130 (1996)
2006Da21002 (2006)

El, E2, E4

Gold labels

T1 on every
(document, use) pair
T2 on INDET items

2006Da55593 (2008)

E1-E5 missing-fact types
what a verdict would need

further decisions

2014Da5333 (2016)
2005Da74894 (2007)

Figure 2: Legal Provenance of the Two Label Axes. Statutory rights fix what each use (H1-H5) implicates; Supreme
Court decisions supply the missing-fact types (E1-E5), E1, E2, E4 as express factors and E3, ES from further

holdings (Appendix B; both sets in Table 1).

and standard-form contracts, across a proto-
col axis and a context axis, we find that nei-
ther axis improves how well systems separate
settled from unsettled instruments, that none
beats a supervised metadata lookup that ig-
nores the text, and that the systems also ab-
stain on questions the document does settle.
The omitted facts still have to be established
outside the document.

The single-jurisdiction scope is a precondition
rather than a limitation: scope-of-grant doctrine is
jurisdiction-specific, so labels are defensible only
where the annotator is qualified in the governing
law. We do not adjudicate infringement, decide fair
use, or audit any dataset or provider, and the only
prescription we offer is what to measure (§6).

2 Legal Background

Korean copyright law contains no provision permit-
ting reproduction for text and data mining (TDM)
(Ministry of Culture, Sports and Tourism and Korea
Copyright Commission, 2026). Absent a license,
the principal route to excusing training is the gen-
eral fair-use provision, Article 35-5 of the Copy-
right Act, applied case by case, and, as of Septem-
ber 2026, no Korean court has ruled on whether
Al training infringes (Ministry of Culture, Sports
and Tourism and Korea Copyright Commission,
2026). Courts elsewhere have begun to rule on it,
and other jurisdictions have legislated the TDM ex-
ceptions Korean law does not supply. Neither route
is open here, which is why the question reaches
Korean practitioners as one of license construction
rather than of statutory exception. Where a statute
supplies a TDM safe harbor a screening system can

Use hypotheses: what is proposed to be done

H1 Training reproduction; adaptation
where the use transforms
reproduction;  public
transmission
adaptation; whether a
new form of exploitation
reproduction;  public
transmission (online) or
distribution (tangible)
reproduction for a lim-
ited term; retention set
by the grant

H2 RAG indexing
H3 Output commerce

H4 Weight release

H5 Retention

Missing-fact types: what a verdict would need

E1 Consideration what was paid, and the
circumstances of the bar-
gain

whether the industry
treats this use as sepa-
rately licensed

E3 Rightsholder conduct prior tolerance, technical
measures, objections
whether the use dis-
places the market the
grant was made for, or
opens a separate one
whether the licensor held
the right and could subli-
cense

E2 Usage of trade

E4 Market substitution

E5 Upstream title

Table 1: The Two Coding Sets. Closed for annotation,
not the law: a further fact is marked CONTESTED.

often answer from the statute. In Korea the answer
turns on the license, and where the license is silent,
on facts about the transaction it does not record
(Appendix B).

Korean case law names the evidence that re-
solves a grant whose scope is disputed. Where
a license granted before a medium existed is silent
on that medium, the Supreme Court held that the
question turns on, among other things, whether the
medium was unknown when the contract was made,

434



the parties’ knowledge, experience and economic
position, usage of trade, whether the considera-
tion is grossly disproportionate to a grant of that
breadth, and whether the new medium displaces
the existing market or creates a separate one.” Mar-
ket substitution here is evidence of what the parties
meant to grant, not the fourth fair-use factor of Ar-
ticle 35-5(2), which asks whether a use outside any
grant should be excused. E4 codes only the first.
Infringement and statutory limitation are outside
the task. The five missing-fact types come from
this body of authority. The set is closed as opera-
tionalized for annotation, not as a claim about the
law: the decisions list their factors as illustrative,
and foreseeability would on the law be a sixth (Ap-
pendix B). Figure 2 gives the provenance of each
label axis. Which decision supplies which, and
why foreseeability at contracting is carried as the
revision-era stratum rather than as a sixth code, are
in Appendix B. None of these facts is in the doc-
ument. They are facts about a transaction and an
industry, and a standard-form instrument, drafted
before any particular counterparty exists, is not the
kind of document that records them.

2.1 Choice of instruments

We work with six document types: public-sector
open licenses (Gonggongnuri/KOGL, whose 2026
revision added an Al-specific type restricted to
training use; Ministry of Culture, Sports and
Tourism and Korea Culture Information Service
Agency, 2026), national data-platform terms, the
ministry’s standard-form contracts (pyojun gyeyak-
seo), news-publisher terms, user-generated content
platform terms, and data-marketplace terms, cho-
sen so that the same legal question arrives in very
different drafting cultures. Appendix B describes
those cultures and how far each settles its items,
and Appendix C places the task against the NLP
literature.

3 Task and Corpus

3.1 Task definition

Given a document d and a use hypothesis h, T1
asks whether d alone settles whether A is permitted:
DET or INDET. For INDET items, T2 asks which
types of extrinsic fact are required, as a subset of
a fixed set of five. Where a document does settle

2Supreme Court of Korea, 95Da29130, 30 July 1996; the
facts of the case are in Appendix B. We use it for its test, not
its outcome.

the use, a secondary label records the direction it
settles it in, permitted or prohibited. Table 1 gives
both coding sets with the exclusive right each use
implicates; E1, E2 and E4 come directly from the
Supreme Court’s factor list for a grant of uncertain
scope, and E3 and E5 rest on separate strands of
the same authority. The five codes do not answer
one question. E1-E4 bear on the meaning of the
grant: what the parties agreed the license covers.
ES bears on its effectiveness: whether a grant that
clearly covers the use binds the rightsholder, which
it does not where the licensor lacked the right or
the authority to sublicense. A document can settle
the first and leave the second open. T1 is INDET
in either case, because in either case a screener
cannot clear the use from the text. Because T1 asks
about information sufficiency rather than legality,
it is closer to a question of fact, which is what
the formulation is for. A document that explicitly
prohibits the use is DET, because it has settled the
question.

Each hypothesis is judged assuming the preced-
ing uses are permitted, so that H4 assumes H1 is
allowed. Without this rule the five items of a doc-
ument become fully dependent and the effective
sample collapses to the document count. Under it
the items are not redundant: 73% of documents (76
of 104) do not carry the same T1 verdict across all
five hypotheses, so the document-hypothesis pair
is the unit on which a screening decision is taken.

A grant permitting commercial use of the work
does not determine whether the outputs of a model
trained on it may be commercialized, nor does
a redistribution clause determine whether model
weights may be distributed. Whether distribut-
ing weights amounts to redistributing the work is
unsettled in Korean law (rule R4, Appendix A).
Our annotation therefore treats H3 and H4 as
determined only where the document addresses
machine-learning use explicitly. The labels show
what that costs a reader. Documents settle the two
uses that act on the data about half the time (H1
50%, H2 47%), and settle the downstream uses less
often and less evenly: commercializing outputs
38%, retention after training 22%, and distributing
weights 19%, the least often settled of the five.

3.2 Corpus

104 Korean documents x 5 hypotheses give 520
items across the six instrument types of §2, all la-
beled and all scored. A second axis is revision
era: last revised in 2021 or earlier (PRE) versus
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Figure 3: The Measurement Design. The protocol axis (PO—P3) varies only the written procedure, the context axis
(C1-C4) only the text the model sees (§4); a is T1 accuracy, and only A;,; is read per gold stratum.

2023 or later (POST), with 2022 left out as the year
the question became salient and therefore the one
year a date does not place a document on either
side. We discard nothing to balance the strata: doc-
uments dated 2022 stay in the corpus and drop out
only of PRE/POST comparisons. Era operational-
izes the foreseeability factor: a document written
before generative Al became salient can address
these uses only through general language, which
is the condition under which the question becomes
indeterminate.

Era is not the same as whether a document says
artificial intelligence: the terms in Table 2 have
permitted use for artificial-intelligence research
and development since 2018, seven years before
the 2025 version quoted there, so a keyword filter
would have flagged that 2018 text as addressing Al,
and Table 7 sets out five archived versions spanning
the transition. The base rate follows from coding
rules fixed before any rate was computed: 35.2%
of items are DET, 183 of 520. The corpus is assem-
bled purposively rather than sampled, to span the
drafting cultures of §2, so every rate we report is a
rate within it and not an estimate of prevalence in
Korean licensing at large.

Labels were assigned by one of the authors, a
lawyer admitted to practice in the Republic of Ko-
rea whose practice is in intellectual property and
includes copyright licensing and rights clearance,
following the codebook reproduced in Appendix A.
Every item was marked twice, the second pass two
weeks later and blind to the first; the two agree
on 92.3% of items and the rest were adjudicated a
week after that (Appendix A.10). The codebook is
not the annotator’s own taxonomy. Three of the five
types are express factors in the three scope-of-grant
decisions discussed in §2, and the other two rest on
identified holdings within the same line of author-
ity (Appendix B). A mark therefore records which
factor the document leaves open under a stated
rule rather than an unstructured impression. A sec-
ond annotator working from the same authorities
would be answering the same question; whether

they would reach the same answers is untested, and
the line between determinacy and indeterminacy
retains a normative element that one annotator can-
not calibrate. Each item carries a three-level confi-
dence rating and a CONTESTED flag, which record
the annotator’s own difficulty signal; all 520 items
are scored everywhere, and no item is removed on
either ground.

4 Experiments

4.1 Protocol and context conditions

Figure 3 sets out the design. The protocol levels
vary only the written procedure given to the model,
holding model and document fixed, so the change
in T1 accuracy from P1 to P3 separates what expert
collaboration contributes from what prompting ef-
fort contributes. The context conditions vary only
how much of the document and its surroundings
the model sees, and we report that effect as the
interaction Ajy defined in §4.2: a gain confined to
the DET stratum is the signature of retrieval finding
a clause it had missed, a gain confined to the INDET
stratum is the signature of a shifted threshold, and
one flat curve is equally consistent with a model
that could not use long inputs at all (Appendix D).

The four levels are the four realistic options
a practitioner has. PO is the incumbent regular-
expression filter over permissive and restrictive
phrases, with no model in the loop; P1 is a generic
prompt asking whether the use is permitted, with
only the output format specified, which is what
an engineer writes without legal input; P2 adds the
task definition, the DET/INDET distinction, the fixed
inventory of missing-fact types and the antecedent-
use assumption, but no procedure for applying
them; and P3 is the gold-label lawyer’s own screen-
ing protocol serialized into the system prompt (Ap-
pendix A). Because P3’s author also produced the
gold labels, the P1—P3 contrast is an upper bound
on what writing the procedure down buys, not an
estimate of it.

436



Document: a user-generated-content platform’s terms of service, in force July 2025

Grant, for Al R&D

“The content you provide may also be used by [the platform] for research and development

in fields such as artificial-intelligence technology, in order to improve [its] services and to
provide new ones, or used by [its] affiliates for the same purposes under delegation.”

Opt-out, and its exception

“Content that you have withheld from public access ...

will not be used for research and

development in fields such as artificial-intelligence technology after the time of that action,
except where it had already been processed, before that action, in a way that makes it
technically difficult to distinguish.”

Annotation: five criteria, one mark each; T1 is derived, not annotated: any X = INDET

Use hypothesis El E2 E3 E4 ES T1
H1 Use as training data o+ o+ . . DET
H2 Index for retrieval-augmented generation O+ . O+ . . DET
H3 Commercialize the model’s outputs 0- X X X INDET
H4 Distribute the trained weights X X X X INDET
HS5 Retain the original after training X X X INDET

0+ judgeable, permissive  0- judgeable, restrictive O judgeable, neutral

X missing: needs a fact outside the document

. not engaged by this use (N/A)

Table 2: A Worked Annotation on One Document. Training and indexing are settled permissively; outputs, weights
and retention stay open (§3); upstream title is not engaged because the instrument allocates the risk of title within

itself (Appendix A.3). Originals in Table 8.

4.2 Setup

Context is grown in four nested conditions: a
BM25 retrieval over the document’s passages with
the use hypothesis as the query (C1), the clause pas-
sages recovered for it (C2), C2 plus the governing
statutes (C3), and C3 plus other documents from
the same provider (C4). C1 never consults the gold
label: retrieval may find the governing clause or
miss it, and that is what it measures. Half (52) of
the 104 documents have no other document from
the same provider in the corpus, so on their items
C4 coincides with C3. The conditions nest, so any
improvement is attributable to the material added;
we do not inject case law, which would supply the
doctrinal derivation the labels themselves encode.
The two axes are varied one at a time and cross
at a single point. The protocol sequence of §4.1
holds context at C2, and the context grid holds the
prompt fixed at the P2 wording throughout. The
grid’s C2 column and the protocol table’s P2 col-
umn are therefore the same configuration issued
twice. They agree on 93.4% of 9,858 paired ver-
dicts, so a smaller difference should not be read as
an effect. Away from that column the two tables
vary different things, and their cells should not be
read against each other. The estimand is the inter-
action between context condition and gold label,
Aine = (ady" — ad") — (ad&P"" — aldPFT), where
a? is T1 accuracy (whether the text settles the use)
on gold stratum g under condition ¢, reported as an
interval rather than as two separately tested curves.
T2, on items the text leaves open, names which ex-
trinsic facts are missing. Four controls each target

one alternative explanation: an oracle clause, no
document at all, an abstention-encouraged prompt,
and a nonsense-label prompt that replaces DET and
INDET with arbitrary tokens while keeping their
definitions (Ling et al., 2026).

We evaluate 20 systems: the keyword filter,
open-weight models from 7B to 70B parameters,
and frontier proprietary and open-weight systems
reached through a common API. T1 uses balanced
accuracy and MCC against an always-INDET base-
line, together with the signal-detection pair d’ and
c (8§5.2 gives both), which separate how well a sys-
tem discriminates the two classes from where it
sets its threshold. T2 uses mean Jaccard against
two references, emitting all five codes and same-
document lookup. A third reference, for T1, reads
no document text and predicts T1 from the use hy-
pothesis and revision era alone. A system that does
not clear it is recovering metadata regularity rather
than reading. Every interval is a paired bootstrap re-
sampled over the underlying instrument rather than
the document record, which leaves 97 clusters over
104 documents. We do not fine-tune: at this corpus
size a supervised model would measure how well
one annotator’s coding convention can be recov-
ered, not how well a system screens. Appendix D
gives the controls, the references, the clustering and
that argument in full. Our primary error measure is
the over-commitment rate, the share of gold-INDET
items on which a system returns a DET verdict in
either direction: each such verdict settles, with no
record that a judgment was made, a question the
document leaves open.
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Model Protocol Bal. MCC O.c. T2
acc Jac.

Keyword filter PO keyword 0.599 0.207 0.632 0.170
GPT-5.6 Sol  P1 naive 0.524 0.087 0.056 0.264
P2 structured 0.603 0.227 0.181 0.367

P3 expert 0.544 0.099 0.202 0.351

Claude Opus 5 P1 naive 0.530 0.058 0.481 0.156
P2 structured 0.616 0.245 0.205 0.376

P3 expert 0.571 0.143 0.285 0.341

Kimi K3 P1 naive 0.566 0.149 0.190 0.258
P2 structured 0.584 0.198 0.148 0.367

P3 expert 0.570 0.153 0.205 0.368

Solar-Pro4 P1 naive 0.568 0.206 0.065 0.258
P2 structured 0.545 0.164 0.042 0.433

P3 expert 0.559 0.219 0.030 0.476

Table 3: The Screening Protocol. Four systems at C2;
all 19 in Table 11. Bal. acc is balanced accuracy, MCC
is the Matthews correlation coefficient, O.c. is over-
commitment (§4.2), and Jac. is the Jaccard index.

5 Results

5.1 Effect of the screening protocol

The keyword filter, with no model in it, performs
above chance, and Table 3 does not order the proto-
col levels above it. Of the 57 model-and-level cells
the protocol produces, 5 beat its balanced accuracy
of 0.599 and 7 its MCC of 0.207. It reaches those
figures by answering DET most of the time and
committing on 0.632 of the unsettled items. The
pipeline failure of Figure 1 scores best on the met-
ric a benchmark would report. Enlarging its context
only makes identifier matching commit more of-
ten: over-commitment reaches 1.000 at C3 and C4,
because the statutory text added at C3 supplies a
restrictive term the filter matches whatever the use
in question.

Across the systems the protocol sequence covers,
it barely touches the determinacy judgment. Mean
balanced accuracy runs 0.547, 0.551, 0.560 from
P1 to P3, a spread of 1.30 points, and the ordering
inside that band is not stable: P3 is ahead of P2 on
11 systems and behind on 8. MCC and d’ move
as little. Over the roster the P1-to-P3 change in
d' is +0.083 [—0.025, +0.203] while the criterion
moves —0.035 [—0.114, 4-0.038]. Neither interval
excludes zero, so at the roster level neither quantity
moves by a measurable amount.

A protocol written by a model to the same speci-
fication as the lawyer’s changes balanced accuracy
by —0.004 across 15 systems. What it changes
is where the systems stop. The criterion moves
+0.523, up on 13 of 15 (p = 0.007), while discrim-
inability moves —0.094, down on 11 (p = 0.118).
The threshold difference is several times larger than

the difference in discrimination, and balanced accu-
racy nets that to nothing. A length-matched placebo
with no doctrinal content and the protocol with
its steps shuffled both land inside the same range,
moving balanced accuracy by —0.021 and +0.014
against P3 on the seven systems they were run on,
so on this corpus nothing we can remove from the
protocol is worth a measurable amount.

What the protocol does move is the sec-
ond task. Mean T2 Jaccard rises monotoni-
cally, 0.244 — 0.363 — 0.383: the intervention that
moves balanced accuracy by 1.30 points moves
missing-fact agreement by 13.9. That rise happens
entirely underneath a baseline with no model in it.
Emitting all five types unconditionally scores 0.487,
and one cell shown a document exceeds it, a con-
trol condition rather than any cell of Table 11 or Ta-
ble 12. The other cells that clear the floor are ones
we ran with the document withheld, where systems
name all five types on almost every item. Pooling
the other hypotheses’ gold sets for the same docu-
ment scores 0.623, which no cell beats. Holding the
second task to the standard of the first, we find that
the ladder moves how many types a system names
rather than which. 36% of indeterminate responses
name all five. The code-frequency profile is a third
as variable as the gold profile (0.108 against 0.311)
while tracking its shape (r = 0.96). The naming
reproduces the taxonomy’s marginals more than
it discriminates between items. The sharpest case
is upstream title, whose gold pattern is categorical
rather than graded: the code is marked on none
of the indeterminate items in the two adhesion-
contract types or the public licenses, because those
instruments allocate the risk of title within them-
selves. It is marked on +0.453 more of them in
the three types where an intermediate holder subli-
censes material contributed by others. Predictions
recover +0.052 of that gap on average, and only
11 of 19 systems get the sign right, because most
emit the code almost everywhere and a few almost
nowhere. The structure is doctrinal and categori-
cal, which makes its absence from the predictions
hard to read as difficulty. Naming which extrinsic
facts a verdict requires is a taxonomic judgment the
coding set carries. Deciding whether the document
settles the question is not.

The clearest effect of the protocol is neither ac-
curacy nor bias but the narrowing of the spread
between systems. On identical inputs, P1 over-
commitment ranges from 0.056 to 0.680 across the
19 systems. At P2 that range is 0.347 wide, a nar-

438



rowing by a factor of 1.8, and at P3 it widens again
to 0.466. The criterion does not track that range: it
sits at —(0.684 at P1 and —0.719 at P3 but reaches
—1.021 at P2, where the range is narrowest. It stays
on the opposite side of neutral from the keyword
filter throughout. What the protocol secures is not
correctness but a predictable operating point, and
most of that comes from stating the task (P2) rather
than from the full procedure (P3).

5.2 Context saturation

Table 12 reports every system at each context con-
dition, and the number to compare against is not
a constant answer but a lookup table. Predicting
T1 from the use hypothesis and revision era alone
(PRE, POST, or undated), reading none of the text,
scores 0.651 balanced accuracy and 0.305 MCC
under document-level leave-one-out. Of the 323
scored cells in this paper, 0 exceed it on balanced
accuracy and 0 on MCC. Fitted on the other docu-
ments’ gold labels, it is a supervised bound on how
much of the label survives without the text, not
a like-for-like contest. Nothing we ran that reads
the document beats it, and within the grid the best
cell is 0.621 against 0.500 for answering INDET
everywhere. The systems differ in which way they
err, their over-commitment running 0.000 to 0.344.
Decomposing the C1-to-C4 change by gold label
separates the two things over-commitment merges.
Over 17 systems the indeterminate stratum gains
+0.013 on average, with 3 intervals excluding zero
upward and 0 downward; the determinate stratum
averages +0.008, with 3 up and 3 down. Only the
indeterminate stratum gains directionally, which
is the second signature of §4.1 and not the first:
the determinate intervals split evenly, so its mean
is not a gain the roster agrees on. The interaction
averages —0.005 over a span of —0.177 to +0.116,
excludes zero downward on 4 systems and upward
on 4, and its sign is split 9-8 across the roster.

We exclude two systems, Llama-3.1-8B and
Gemma-3-12B, answering INDET on at least 99%
of items at C1 or C4: with the determinate stratum
near-empty at that end, Ad’ rests on one or two
TOWS.

None of that settles whether the systems read the
enlarged context better. Ajy equals —(AH + AF)
for hit rate H and false-alarm rate F', so it is or-
thogonal to d = z2(H) — z(F). A threshold
move and a sensitivity gain produce the same
value. Measured directly over the roster, Ad’
is +0.098 [—0.017,40.228] and Ac is —0.044

[—0.097,40.012]. Against criterion levels of
—1.883 to —0.229, even the upper end of the d’
interval leaves every system too far from neutral
for its verdicts to be relied on. A non-parametric
h — f, which the probit cannot distort where the hit
rate is near one, gives +0.020 [—0.009, +0.053].
That point sits inside the 6 = 0.05 margin, though
the interval does not, which we read as the probit
amplifying a threshold move. Per system the sign
of Ad’ is positive on 14 of 17 (p = 0.013), but
the roster interval still includes zero, so the direc-
tion is not a usable effect. The keyword baseline
moves the opposite way on both indices, —0.594
and +2.649, so neither curve is a property of the
corpus.

Response rates over the same 17 systems run
0.612-0.927 at C1 and 0.667-0.960 at C4, almost
every cell above the base rate of 0.648, so enlarge-
ment is not correcting an over-confident prior. The
criterion excludes zero downward on 5 systems and
upward on 4, pushing some toward abstention and
others toward commitment.

Scored per item, the failure is one-sided and falls
on the items the document settles. Across every cell
shown a document, gold-determinate items aver-
age 0.286 accuracy against 0.823 for indeterminate
ones, and 25% of the determinate items are decided
correctly by a tenth or fewer of those cells, spread
over 25 of the 80 documents that carry one, against
0 indeterminate items.

What the systems write on those items is uniform
enough to name. Taking the determinate items on
which at least 85% of the roster abstains under the
expert protocol at C2, 65% of the abstaining an-
swers give the same ground: the instrument does
not explicitly address machine-learning use. The
lawyer’s marks treat this as limitation, not the si-
lence of rule R1 (Appendix A.7): the grant is con-
fined to enumerated purposes, so a license confined
to operating a service settles training against per-
mission. The systems ask the document to say the
word and abstain when it does not. The pattern
is not confined to the two hypotheses whose rule
turns on explicit mention; it appears across all five
and across every instrument type.

Nor can a pipeline separate right answers from
wrong ones on these items by asking the systems
how sure they are. The protocol asks for a confi-
dence level, and 8 systems supply one on at least
nine tenths of their answers. Over those 4,156
answers, accepting only the high-confidence ones
costs a third of coverage and buys +0.008 accuracy
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(0.651 against 0.643). The ordering does not even
run the right way: the 1.6% of answers marked low
confidence (68 answers) are the most accurate of
the three levels, at 0.765, though too few to estab-
lish an inversion. A screening pipeline cannot read
escalation off the model’s self-assessment, which
is the practical form the first task’s difficulty takes.

Supplying the clause the lawyer relied on does
not repair the failure on determinate items; it deep-
ens it. The oracle arm replaces the document with
that clause, or an explicit statement that none exists,
so a failure to locate the provision should disappear
there. Instead, determinate accuracy moves —0.040
and indeterminate accuracy +0.052, with determi-
nate accuracy falling on 15 of 19 systems (two-
sided sign test over the 17 that move, p = 0.002).
Handed the provision that settles the question, the
systems abstain more. That forecloses the two re-
pairs a practitioner would try first. The clause was
neither missed nor buried.

6 Discussion and Conclusion

Two failures sit beneath the aggregate numbers:
systems commit on questions the document leaves
open, and abstain on questions it settles. The first
cannot be trained away, because the facts it turns
on are in no document, so abstention has to be a
first-class output. Systems whose only answers are
permitted and prohibited resolve the INDET case of
Figure 1 silently, in whichever direction their prior
favors. A screening component should be evalu-
ated on how often it escalates correctly. Naming
the missing fact makes that escalation actionable.
Because the codes come from doctrine, each tells
the reviewer what to investigate, whether evidence
from the parties, market practice, or the chain of
title.

Expert collaboration changes what the screener
writes, not what it knows. Neither stating the task
nor writing the lawyer’s procedure down closes a
measurable part of the distance to the reference
lawyer’s judgment, and the gain in missing-fact
agreement is in how many types get named, not
which: almost no configuration reaches the all-
five baseline, and none the same-document lookup.
What stating the task buys is a predictable operat-
ing point, which a component specification can rely
on. A fixed, doctrine-derived set of codes is the
right output format, not yet a working one. Noth-
ing we vary moves the distance to the expert, not
scale, not context, not the protocol, and not even

the governing clause, which lowers determinate ac-
curacy on 15 of 19 systems. Two ceilings sit one
on the other. On indeterminate items no screener
can settle the question, because the facts it turns on
have to be established by further legal and factual
investigation rather than read off the instrument. A
lawyer directs that investigation but cannot resolve
it from the document either. A web-search tool
does not recover them either: usage of trade and
a rightsholder’s course of conduct, including prior
tolerance, are facts about a particular transaction
rather than pages a query returns. Below that, on
items the document does settle, the systems still
fail, and that failure is theirs, not the instrument’s.
The upper ceiling is a boundary a screener must
recognize and route across. The lower one is a
deficiency to close first.

Limitations

The corpus is 104 documents with correlated items,
so intervals come from a document-level cluster
bootstrap that can detect a sizeable interaction but
not establish a small one. The metadata lookup,
which no cell beats, bounds how regular the labels
are; it is not a screener. On 3 systems the same
justification text recurs on more than ten percent
of unrelated items; we report these systems rather
than exclude them. No second lawyer annotated
the corpus, so we report no inter-expert agreement.
Because the annotator also wrote the P3 protocol,
the P1-to-P3 comparison is an upper bound on what
a written protocol transfers (§4.1). The two blind
passes agree on 92.3% of items, which measures
one annotator’s stability over time rather than agree-
ment across readers. The corpus consists of pub-
licly posted instruments and excludes negotiated
agreements that are never made public; such agree-
ments may record the consideration and bargaining
history that standard-form instruments do not, so
the rates reported here do not carry over to them.
Each document was retrieved once, and its labels
describe that version, not the instrument as later
amended. We read every instrument under Korean
law; which law governs a license, and whether Ko-
rean copyright law reaches a training act performed
abroad, are questions of private international law
outside the task. A screener deployed in another ju-
risdiction would need the same exercise under the
law that governs there, and that transfer is untested.
Results also depend on model versions and prompts
at evaluation time.
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Ethical considerations

Data provenance. The documents are licenses,
terms of service and standard-form contracts pub-
licly posted by their issuers, retrieved once each
with source, issuer and access date recorded. Be-
yond the short passages quoted for analysis in Ta-
ble 8, with issuers replaced by their role, we redis-
tribute no document text, name no private issuer
and release no data artifact. Quoted passages may
nonetheless be traceable to their issuer through
public search. The labels characterize the text as
written, not any issuer’s practice or intent. The
corpus contains no personal data.

No legal advice. The labels are interpretations
made for research of documents as written, not
legal opinions on any transaction, and no attorney-
client relationship arises from this work. A deter-
minate label records that the instrument settles the
question on its face, not that a court would so hold;
an indeterminate label records that the text leaves
the question open, not that the use is unauthorized.
Nothing here should be relied on to decide whether
any actual use is lawful.
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A Screening Protocol (P3)

This appendix reproduces the P3 protocol in full.
The same document exists in two forms: an
annotator-facing form, which governed the pro-
duction of the gold labels, and a form serialized
into a system prompt and evaluated as level P3 of
§4.1. They differ in five respects, none doctrinal.
Where the text below describes only one form it
says so, and §A.9 lists every difference. The doc-
trinal derivation of the criteria is in Appendix B
and is not repeated here. We first set out the other
levels and the keyword filter so that the comparison
in §5.1 can be read from this appendix alone.

The other levels. PO stands in for what industry
calls license scanning: it matches text against fixed
term lists and presupposes that a match settles the
question, and it is the cheapest option available.
Two properties of the gold labels limit it. The items
a document does settle are settled against the use
nearly twice as often as for it (118 prohibitions
to 64 permissions among the 182 of 183 determi-
nate items that carry a direction; the remaining one
records none because all its judgeable marks are
neutral), so permissive language marks the minor-
ity case. The same document also routinely settles
one use while leaving another open, which a rule
that ignores the use hypothesis can express only
through the passages retrieved for each hypothe-
sis. P1’s system prompt is “you are an assistant
with legal expertise; decide whether this use is
permitted” (translated from the Korean). P2 adds
the task definition, the DET/INDET distinction, the
five missing-fact types and the antecedent-use as-
sumption of R3, with no procedure for applying
them. P3 serializes a use-to-rights mapping, an
ordered procedure, and five decision rules, chiefly
that silence is not permission and that a general
commercial grant settles neither commercialization
of model outputs nor distribution of weights.

The keyword filter in full. PO is three term lists
and a four-branch rule. Each term is given with a
gloss; the filter matches the Korean, not the gloss.
A term matches wherever it occurs, so an entry cut
short matches any ending, and an ellipsis marks
intervening text of at most four characters in the
permissive entry and twenty in the restrictive one.
The machine-learning list is 9135 (artificial
intelligence), 7]#|St<5 (machine learning),
ElA~E - g|o|E] bto]y (text and data mining)
and AF=3}E £~ (automated collection); the

permissive list is 2] - H]QJ 2] (commercial or
non-commercial), <d...2x2 EE (what-
ever the commercial purpose), A FX &L
(commercial use), ArgAo=Z o]-g3F Q)
(may be used commercially), A&7 ©o]-&
(use freely) and A|St glo] o] & (use with-
out restriction); the restrictive list is
H] o 2] E2] © 21t (for non-commercial purposes
only), 98| & 5& 0 &...759] (consent, where
the purpose is commercial), € 4= §lt} (may not),
=] (prohibited), I} 7] 5}o] oF (shall destroy) and
A AT 5 9] (prior written consent). If any
machine-learning term matches, the filter returns
DET, prohibited where a restrictive term also
matches and permitted otherwise. Failing that, a
permissive match with no restrictive match returns
DET-permitted, any restrictive match returns
DET-prohibited, and no match at all returns INDET
with all five codes. The lists were fixed before
evaluation and were not tuned against the gold
labels. Two restrictive entries, & 4= §IT} (may
not) and =] (prohibited), are general enough
to match almost any prohibition in a Korean
instrument, including prohibitions directed at
something other than the use in question; that
generality is part of why the filter commits so
readily.

P3 as an upper bound. The P1—P3 contrast
measures how much of the gap to a qualified hu-
man closes when the procedure is written down.
Because P3’s author also produced the gold labels
it is an upper bound rather than an estimate, and
a more generous one than shared authorship alone
would make it: R1 through R5 are the rules that
generate the labels, so serializing them discloses
part of the labeling function itself, which a proto-
col written by a different lawyer would not contain.
That even this ceiling moves balanced accuracy by
1.30 points (§5.1) makes the null result stronger,
not weaker.

A.1 What is being decided
Given a document d and a use hypothesis h, decide
whether the text of d settles whether h is permitted.
* DET: the text settles it, in either direction.
* INDET: the text does not settle it; facts outside

the document are required.

This is a question about the document, not about
the law. A document that expressly prohibits the
use is DET: it has settled the question, and the
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answer is no. Do not ask whether the use would
ultimately be lawful.

In the annotator-facing form, T1 is never
recorded directly; it is derived from the five cri-
terion marks (§A.5). The serialized P3 prompt asks
the system for T1 and the marks in one response,
and scoring uses the reported T1 (§A.9).

A.2 Use hypotheses

Each hypothesis names a distinct act and implicates
a distinct exclusive right, though the two ingestion
uses often fall together in practice: H1 and H2 re-
ceive the same T1 verdict on 95 of 104 documents,
whereas H1 and H5 agree on 45. Table 4 lists them.

Use Exclusive right

implicated

H1 Use the work as
training data
H2 Index the work for

reproduction; adaptation
where the use transforms
reproduction; public

diate holder sublicenses material contributed by
others without warranting title. The test is a coding
convention about what a screener can act on at the
level of the instrument, not a claim that allocating
the risk of title cures a defect in it: such a clause
binds the parties, not a true rightsholder. The re-
sulting pattern is categorical rather than graded:
the code is marked on none of the indeterminate
items in the two adhesion-contract types (platform
and news-publisher terms) or in the public open
licenses, against 69.2% in data-marketplace terms,
41.3% in national data-platform terms and 35.3%
in the ministry’s standard-form contracts.
Foreseeability at contracting is a factor in the
governing case law but is deliberately not a code,
because it is the one factor a reader can approxi-
mate from the document itself, through its revision
date. It enters as the revision-era stratum (§3.2).

retrieval- transmission Type What a verdict would
augmented need
generation

H3 Commercialize the
outputs of the
trained model

H4 Distribute the

adaptation; whether a new
form of exploitation

reproduction; public

El Consideration and
bargaining structure

what was paid, and the
circumstances of the
bargain

whether the industry treats
this use as separately

E2 Usage of trade

H5

trained weights

Retain the original
after training

transmission where
released online,
distribution only for
tangible copies
reproduction made for a
limited term or purpose;

licensed

E3 The rightsholder’s  prior tolerance, technical
course of conduct measures, objections
E4 Market substitution whether the use displaces

or new-market

an existing market or

concludes whether it may be kept is

set by the grant

Table 4: Use Hypotheses. The five hypotheses and the
exclusive right each implicates, as the protocol states
them.

A.3 Missing-fact types

For each criterion, ask one question: must I look
outside this document to resolve it? Table 5 names
the five types and what a verdict on each would
need.

As §2 notes, the set is closed for annotation, not
exhaustive of the law. An annotator who believes
a sixth kind of fact is needed marks the item CON-
TESTED rather than inventing a code.

ES concerns the effectiveness of the grant rather
than its scope: whether the licensor could grant
what the document says it grants. It is not en-
gaged where the instrument allocates the risk of
title within itself: adhesion terms that require the
user who posts content to hold the rights it grants,
and public open licenses whose issuer holds the
rights it licenses. It is engaged where an interme-

creation opens one
E5 Upstream title whether the licensor held
the right and could
sublicense

Table 5: Missing-Fact Types. The coding set, as used
for annotation (§A.3).

A.4 Notation

Each item carries five marks, one per criterion in
order, on one line; each mark takes one of the five
values in Table 6. For example, 0+ . X X . reads:
El permissive, E2 not engaged, E3 and E4 missing,
ES5 not engaged.

Mark Meaning

o+ judgeable from the document; weighs
toward permission

0- judgeable from the document; weighs
against permission

0 judgeable from the document; neutral

X missing; needs a fact outside the document

not engaged by this use

Table 6: Criterion Marks. Five marks record an item;
T1 follows from them (§A.5).
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A.5 Derivation of T1

Any X yields INDET. Otherwise DET. A determi-
nate item’s direction is prohibited if any mark is
0-, permitted if any mark is O+ and none is O-, and
unrecorded if all judgeable marks are O.

At least one criterion must carry a judgeable
mark (0, O+ or 0-) or X. An item on which all five
are marked not-engaged is a recording error, not a
determinate item; none occurs in the corpus.

A.6 Procedure

1. Read the whole document first. Fix three
things before judging any hypothesis: the last
revision date; what the granting clause actu-
ally licenses (reproduction, transmission, dis-
tribution, or an undifferentiated “use’); and
any purpose limitation attached to the grant.

2. Take one hypothesis. Eliminate criteria not
engaged by it (.).

3. For each remaining criterion, ask whether re-
solving it requires a fact outside the document.
If so, mark X.

4. For criteria that are judgeable, mark direction
(0+, 0-or 0).

5. Record the governing provision and a one-
clause justification. Record confidence, and
flag CONTESTED where a qualified reader
could reasonably differ.

6. Repeat for the next hypothesis under R3.

A.7 Decision rules

R1. Silence is not permission. A document that
does not address a use has not permitted it. Ab-
sence of prohibition is not a grant. Where the doc-
ument is silent, the criteria that would resolve the
question are X, not O.

R2. Extrinsic knowledge may never produce a
Jjudgeable mark. If resolving a criterion requires
what the reader knows about the industry, the par-
ties, or the market, that criterion is X by that very
fact. The label records what the document settles,
not what the reader knows.

R3. Each use is judged assuming the antecedent
uses are permitted. H4 is judged on the assump-
tion that H1 is allowed. Without this rule the five
items of a document become fully dependent and
the effective sample collapses to the document
count.

R4. A general commercial grant settles neither
H3 nor H4. Permission to use the work commer-
cially does not by itself determine whether outputs
of a model trained on the work may be commercial-
ized; a redistribution clause about the work does
not determine whether weights may be distributed,
because whether distributing weights redistributes
the work is unsettled. H3 and H4 are DET only
where the document addresses machine-learning
use explicitly.

RS. Explicit prohibition is DET. The question is
whether the text decides, not whether the answer is
favorable.

The rules do not state how a purpose limitation
bears on uses outside it. The annotator treated a
grant confined to enumerated purposes as settling
other uses against permission (§5.2); a protocol
that stated this might move the determinate stratum,
which we did not test.

A.8 Confidence and CONTESTED

Each item carries a three-level confidence rating
(H/M/L) and a CONTESTED flag. An item on
which a qualified reader could reasonably reach
a different mark is flagged CONTESTED. Flagged
items are not removed: all 520 items are scored in
every condition. In the annotator-facing form only,
an item unresolved after three minutes is marked
L and flagged rather than deliberated further: the
difficulty is itself a datum, and forcing it into a
confident mark would corrupt the label.

A.9 What changed in serialization

The annotator-facing protocol and P3 differ in five
respects, none doctrinal: the annotator-facing text
addresses the reader as “you”, while P3 is phrased
as instructions to the system; P3 specifies the output
as JSON with named fields; P3 drops the three-
minute rule (§A.8), which has no analog for a
model; P3 numbers the procedure of §A.6, which
the annotator-facing form presents as a single read-
ing pass over steps 2—4; and the annotator derives
T1 from the five marks (§A.5), while P3 asks the
system for T1 and the marks in one response. Scor-
ing uses the reported T1. Estimating transfer di-
rectly, rather than bounding it as above, would need
a second qualified annotator.

A.10 Annotation provenance

All items were annotated by one of the authors,
a lawyer admitted to practice in the Republic of
Korea and working in intellectual property, whose
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practice includes copyright licensing and rights-
clearance work, following this protocol.

Annotation ran in three stages. The first pass
marked every item. A second pass two weeks later
re-marked every item from this protocol alone, with
the first pass hidden, so that a mark reproduced only
if the protocol produced it twice. The two passes
agree on 92.3% of items. Those that disagreed were
held for a third sitting a week later, at which the
annotator saw both marks and settled the final label.
Those adjudicated marks are the gold we score
against. The design measures stability over time
rather than agreement across readers. It does not
substitute for a second qualified reader. It shows
where the protocol underdetermines a mark for this
annotator, not whether another Korean copyright
lawyer would mark the same item the same way.

Documents that are not licensing instruments
(statutes, administrative rules, official guidance)
retrieved by the same search were marked out of
scope by the annotator rather than deleted, and
none of them is among the 104 annotated docu-
ments.

B Legal Background in Detail

§2 states the law we rely on; this appendix gives
the derivation. Figure 2, in §2, sets out where
each label axis comes from. U.S. readers will rec-
ognize cognates in UCC §1-303: usage of trade
appears in the Supreme Court’s list, and course of
performance and course of dealing correspond to
the post-contract conduct that later decisions weigh
(E3, below). The market-substitution factor resem-
bles the fourth fair-use factor in wording only (§2).

No Korean TDM exception as of Septem-
ber 2026. Korean bills creating a text-and-data-
mining exception have been introduced repeatedly
since 2021 and none has been enacted; the Min-
istry of Culture, Sports and Tourism’s 2026 guid-
ance, which names the EU and Japan among the
jurisdictions that have adopted such an exception,
analyzes training in Korea under the general fair-
use provision instead (Ministry of Culture, Sports
and Tourism and Korea Copyright Commission,
2026). Nor does the framework act on artificial
intelligence change this. That act, in force since
January 2026, contains no provision on copyright,
reproduction or licensing. Its provisions touching
training data are industrial-policy measures and,
for operators of high-impact systems only, a duty
to establish measures for explaining, as far as tech-

nically feasible, an overview of the training data
used.’

The same question in litigation. A dispute over
a syndication agreement concluded before genera-
tive models existed would reach a court in exactly
this form: whether the agreement reaches model
training would be resolved by evidence about how
it was made, which is the dependence on extrinsic
fact our task asks a model to recognize. Such agree-
ments are rarely published, so a screener could not
read the instrument, let alone the facts behind it.

Foreseeability as a stratum. One factor of the
Supreme Court’s list is deliberately not among our
codes: all three decisions name foreseeability at
contracting as a consideration (95Da29130 asks
whether the medium was unknown when the con-
tract was made, 2006Da21002 and 2006Da55593
whether the use was foreseeable when the license
was granted), so on the law it would be a sixth code.
It is the only factor of the set a reader can approxi-
mate from the document itself, through its revision
date, so coding it would mark as missing some-
thing the document’s date already approximates.
We carry it as the revision-era stratum (§3.2) in-
stead, which predicts that documents last revised
before generative Al became salient leave more
items open than later ones. The labels are consis-
tent with that: PRE documents settle 24% of their
items against 39% for POST ones (Table 9), though
the annotator saw each revision date before mark-
ing (§A.6).

Two drafting cultures. The six instrument types
of §2 are chosen so that the same legal question
arrives in very different drafting cultures. In a min-
istry standard-form contract the parties tick which
of the author’s economic rights are licensed, and
the form typically has no field for the manner or
medium of use, while a platform’s terms grant
broadly and in prose. Both often leave Al train-
ing undetermined, for different reasons. The labels
separate the cultures quantitatively: public open
licenses settle 47% of their items, the most of any
type, and ministry standard-form contracts 20%,
the least, because a ticked reproduction right does
not say whether it reaches a use the parties did

SFramework Act on the Development of Artificial In-
telligence and the Creation of a Foundation for Trust, Act
No. 20676 of 21 January 2025 (in force 22 January 2026), as
amended by Act No. 21311 of 20 January 2026 (in force 21
July 2026).
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not contemplate. The four remaining types fall
between, from 35% to 37%.

One default rule does exist, and it is narrower
than it looks. Where a contract does not express
whether copyright was assigned or merely licensed,
95Da29130 presumes a license rather than an as-
signment, with rights reserved to the author. That
presumption resolves which kind of contract the
document is; it does not resolve whether a particu-
lar new use falls inside a grant whose existence is
not in doubt. That second question is the one the
factor test of §2 is for, and the one our items ask.*

Three of the five missing-fact types are drawn
from this line, and the line consists of three deci-
sions rather than one: 95Da29130 on the scope
of a license over a new medium, 2006Da21002
on how the scope of a license is construed, and
2006Da55593 on the same question together with
the burden of proving a right to use.”> E1, E2 and E4
appear as express factors in all three. In 95Da29130
itself a 1984 license of reproduction in “all record-
ings” was held to reach compact disc, the court
weighing among other things that the medium was
already commercialized abroad, that the consider-
ation was not grossly disproportionate, and that it
substituted for the LP market rather than opening a
separate one.

The rightsholder’s course of conduct (E3) rests
on a different strand of authority. It is not among
the new-medium factors of 95Da29130. That deci-
sion admits post-contract conduct only for a differ-
ent question, reading the authors’ later, unopposed
contracting with another company as evidence that
the grant was non-exclusive. Two later decisions
weigh post-contract conduct directly: 2014Da5333
the rightsholder’s own failure to object, which is
what E3 codes, and 2006Da55593 the licensee’s
later dealings with other authors, which shows the
court looking past the instrument to how the parties
behaved.®

*Breach of the agreed method or conditions of use does
not of itself infringe the reproduction right (Supreme Court of
Korea, 2015Dal017, 23 November 2017), so whether a use
falls outside the scope of the grant, rather than breaching a
condition of it, is the question on which infringement exposure
first turns.

3 Supreme Court of Korea, 95Da29130, 30 July 1996;
2006Da21002, 22 December 2006; 2006Da55593, 24 April
2008.

®Supreme Court of Korea, 2006Da55593, supra (how the
licensee acquired rights from other authors after contracting);
2014Da5333, 17 August 2016 (post-delivery conduct weighed;
transfer of rights in a derivative work does not of itself transfer
rights in the underlying work).

Upstream title (E5) likewise has case-law foot-
ing. A phonogram producer’s neighboring right
is independent of the author’s economic right, yet
reproducing the phonogram necessarily reproduces
the works recorded on it. The producer therefore
cannot reproduce or distribute without the author’s
license, and the party asserting a right to use bears
the burden of proving it.” The same structure ap-
pears when a platform licenses to others material
its users posted: the platform is then the intermedi-
ate holder, and its terms with users, such as those
in Table 2, are the first-tier grant beneath it (Ap-
pendix A.3).

Infringement and statutory limitation arise only
once a use falls outside the grant, and the task does
not reach them. We note them to explain why,
in Korean practice, the license rather than a de-
fense carries the weight. Nor does Korean fair
use make the license question moot. Where a use
is defended as transformative, the Supreme Court
has held that a court may weigh whether the de-
gree of transformation exceeds the level required
to create a derivative work. Construing the quo-
tation exception of Article 28, the Supreme Court
has held that a commercial purpose considerably
narrows the range of free use.® The transformative-
ness argument that carries much of the weight in
United States litigation is therefore likely to be mea-
sured in Korea against the derivative-work thresh-
old rather than treated as sufficient on its own. Nor
does the private-use exception. Copying a work for
business use inside a company is not reproduction
for private use, which makes that exception an un-
likely basis for treating internal corpus assembly
as permitted.’

The framework is neither dated nor confined to
new media. A 2007 decision restated the factor test
as the general standard for construing the scope of
a license. A 2008 decision applied it outside the
new-medium setting, to what a party must show to
establish a right to use at all. A 2013 judgment still
cites the 1996 decision for its distinct assignment-
or-license presumption. '’

"Supreme Court of Korea, 2006Da21002, supra, holding
[1]; 2006Da55593, supra, holding [1]; 2005Da74894, 22
February 2007.

8Supreme Court of Korea, 2021Da272001, 11 July 2024;
2012D010786, 26 August 2014.

9Supreme Court of Korea, 2011D05835, 15 February 2013,
holding that in-house copying for business use is not private-
use copying within the meaning of Article 30 of the Copyright
Act, the private-use exception.

1OSupreme Court of Korea, 2005Da74894, 22 February
2007; 2006Da55593, supra; 2011Do5835, 15 February 2013.

449



In force Era Names AI  Opt-out
2014 (i) PRE no —
2014 (ii) PRE no —
2018 PRE yes no
2024 POST yes no
2025 POST yes yes

Table 7: Revision History of One Instrument. Five
archived versions of the terms in Table 2: whether each
names Al and offers an opt-out.

One instrument across the transition. A clause
permitting use for research and development “in
fields such as artificial-intelligence technology”
first appears in the 2018 version of the terms an-
notated in Table 2, before generative pretraining
was a practical question. That is why the keyword
is not a proxy for the era. What the 2025 revision
adds is an opt-out, together with a carve-out ex-
cluding content already processed into a form that
is “technically difficult to distinguish”. We anno-
tate the 2025 and 2018 versions, which form one
cluster in the bootstrap of Appendix D; the other
three versions are not annotated.

Korean originals. Table 8 gives every instrument
passage quoted in this paper, in the original with
our translation below it, so that either reading can
be checked against the other.

C Related Work

Contract and policy document NLP treats absence
as something to detect rather than resolve. Con-
tractNLI (Koreeda and Manning, 2021) makes non-
mention a terminal label, CUAD (Hendrycks et al.,
2021) extracts clause types, CLAUDETTE (Lippi
et al., 2019) detects unfair clauses, and PrivacyQA
(Ravichander et al., 2019) types policy silence as a
cause of unanswerability. Absence of evidence is
a label to predict there, not a state to resolve. Hou
et al. (2024a) separate gaps from errors. The closest
structural analog in another language is AGB-DE
(Braun and Matthes, 2024), a corpus of German
consumer standard-form contract clauses with ex-
pert legal assessments; there too the assessment is
of the clause as drafted, not of whether the instru-
ment determines a use its drafter did not contem-
plate. The over-abstaining direction we report is
not peculiar to us: clause-level risk identification
finds open models over-emitting “no related clause’
(Liu et al., 2025). The null has precedent in this
setting as well: Held and Habernal (2025) find that
neither fine-tuning nor prompting beats a domain-
pretrained encoder on legal argument extraction,

’

and that supplying annotation guidelines did not
help.

Data provenance and license compliance work
approaches the same datasets from the metadata
side. Audits of license metadata (Longpre et al.,
2024a), terms-of-service restriction trends (Long-
pre et al., 2024b) and provenance tracing (Kim
et al., 2025) establish that surface license infor-
mation is unreliable, and Chae et al. (2026) that
standard open-source licenses sit poorly with open-
weight foundation models and can undermine the
enforceability of acceptable-use policies. Nearest
to us, Tan et al. (2025) fine-tune a model on dataset
license text to predict a commercial-use verdict
with an explicit unclear class, and Imperial et al.
(2026) find that agents comply with scraping re-
strictions on fewer than five percent of prohibiting
sites while over-refusing on permissive ones. Li-
censeGPT reads the text and can decline, which
is what makes it the closest system. Three things
separate the task. It asks one question, where a
single instrument in our corpus settles one of our
five uses and leaves another open. Its unclear is a
terminal bucket, where ours is decomposed into a
fixed, doctrine-derived inventory of what a verdict
would require. It is offered as a tool that speeds a
lawyer up, where we measure where the instrument
cannot decide. The remaining provenance work au-
dits license tags or proposes better ones. Responses
to unreliable metadata include new license instru-
ments (Benjamin et al., 2019; Contractor et al.,
2022) and datasets built provenance-clean from the
outset (Bommarito II et al., 2025). These change
what future documents say. They do not help a
screener read the documents that already govern
existing data.

Abstention and information sufficiency supply
the decision-theoretic frame. Abstention bench-
marks (Kirichenko et al., 2025) and surveys (Wen
et al., 2025) establish that models answer when
they should not; selective prediction supplies the
decision-theoretic frame (El-Yaniv and Wiener,
2010; Geifman and El-Yaniv, 2017). Closest to
us, Joren et al. (2025) separate the context was in-
sufficient from the model failed to use it, but their
insufficiency is a retrieval-bundle property and re-
pairable by construction. QuestBench (Li et al.,
2025) identifies a missing variable that is always
obtainable. Hou et al. (2024b) presuppose that a
clarification exists. All three are our incidental
case, as are the related distinctions that treat the
missing information as supplyable in principle: re-
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Passage

Korean original, and our translation below it

Grant, for Al research and de-
velopment (Table 2)

ES ool AlEdt &5t TRl == [EHE] AHIAE St M2 [EHE] AH|

~2 A Fol7] 915 AFA S Bk 1% S0 A7 A BH 02 [ZREISA AL ALY,
[ZeE o) gJerol ofa] 919 e M O % [EeE] A Aol A A8 % Uit

The content you provide may also be used by [the platform] for research and development in

fields such as artificial-intelligence technology, in order to improve [its] services and to provide

new ones, or used by [its] affiliates for the same purposes under delegation.

Opt-out clause and its excep-
tion (Table 2)

ofe) o] 19| Tel 7l Fi 3L Fofo] A, VA 5O 2HS GO =R A TF
o A7 B AR 518517 9 THEL, o7 4] 9] oln] &A% FEo| o] P
AHelE 59 elolt, 1 27 A4 ol el E QA Bob 7|6 59 A7 AT BHo B

ARE]A) QU

Content that you have withheld from public access, by deletion or by making it private through
the controls or requests above, will not be used for research and development in fields such as
artificial-intelligence technology after the time of that action, except where it had already been

processed, before that action, in a way that makes it technically difficult to distinguish.

Rights-holding 71] *] EAAZ AHEL [

requirement

SFoNA 2T g2 F

SHA H B, o i o]o &

(upstream title) (Table 2; st A2]& B85t 101 oF shtt.
Appendix A.3)
Because posting content grants [the platform] those rights, you must hold the rights necessary
to do so.
Scope-of-grant clause, min- ©]-85]2} ti4fo] ¥= A= A2 AL F AR GOt Al O}E’r 05440
istry standard-form contract FAE 0 FZ52A1E 0 AAE O EZA O djo] @ O 228 A ZE2A A

(Appendix B)

The rights licensed shall be those of the author’s economic rights that the parties agree upon.
O reproduction O public performance [ public transmission [J exhibition O distribution [
rental O] production of derivative works.

Table 8: Korean Originals and Translations. Every instrument passage quoted in the paper, with our translation.
Issuer names are replaced by a bracketed role, and the checkboxes in the last row are reproduced from the ministry

form.

solvable versus subjective gaps (Majumdar, 2026),
underspecification uncertainty as its own category
(Kirchhof et al., 2025), and missing information as
a prediction target (Vincent et al., 2026; Watanabe
et al., 2026). Ours is a property of the governing
instrument, and no amount of retrieval supplies
it. The distinction has a counterpart in the uncer-
tainty literature, where Young (2026) argues that
reducibility is a property of an uncertainty paired
with a way of acquiring evidence rather than a kind
of uncertainty on its own. What our screener cannot
reduce by reading more of the document, a lawyer
reduces by investigating something that is not a
document. On the generation side, Sharma et al.
(2025) argue that refusal-based copyright filters
buy compliance at the cost of usefulness. Naming
the missing fact is the screening-side answer to that
objection, since it returns something a reviewer can
act on rather than a bare refusal.

Korean legal NLP has concentrated on public
law. LBOX OPEN (Hwang et al., 2022), KBL
(Kim et al., 2024) and KoBLEX (Lee et al., 2025)
are Korean legal benchmarks, all on public law.
Nearest to us, CALRK-Bench (Jung et al., 2026)
asks whether retrieved statutory provisions suffice
to answer a consultation question. It is contempo-
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raneous and independent, a positive control rather
than a competitor. What is missing there is a re-
trievable provision of public law, whereas here it
is an extrinsic fact about a transaction. To our
knowledge no Korean NLP resource covers private
contractual instruments.

Work on the limits of long context bears on our
second result. Performance degrades with input
length independently of retrieval quality (Liu et al.,
2024; Levy et al., 2024; Du et al., 2025), effective
context falls short of claimed context (Hsieh et al.,
2024), irrelevant retrieved material actively hurts
(Shi et al., 2023; Cuconasu et al., 2024), and in law
Xia et al. (2025) show that needle-in-a-haystack
evaluation overstates reference recall. This is why
the saturation result in §5 is not a null. Added
context is costly by default, so a flat curve on in-
determinate items is a substantive finding rather
than an absence of one. The determinate stratum at
matched context length excludes the alternative ex-
planation that the model simply drowned in tokens.

Legal indeterminacy and annotator disagreement
are modeled separately from ours. Defeasible in-
ference appears in NLI (Rudinger et al., 2020; All-
away and McKeown, 2025) and in deontic formal-
izations of statutes (Horner et al., 2025). Docu-



ment information sufficiency is distinct from both,
and we treat annotation variation as measurement,
not noise (Plank, 2022). Ling et al. (2026) report
that an “unknown” option changes model behavior
as a nonsense token, which is why we run their
control rather than assuming our INDET option is
inert. Guerdan et al. (2025) and Kim et al. (2023)
apply the vocabulary to adjacent objects: indeter-
minacy of the measurement protocol, and assump-
tions unverifiable on current evidence. Work on
what a model can know draws the boundary else-
where: Ahdritz et al. (2024) draw it relative to a
larger model, which recedes as models improve,
and Guerdan et al. (2025) around a rating protocol.
Ours is a property of the governing instrument.

D Experimental Setup and Full Results

D.1 Experimental setup details

Open-weight models that we ran ourselves used
one machine with two NVIDIA RTX PRO 6000
Blackwell GPUs, 96 GB each, in bfloat16. The rest
were called through one commercial API router, in-
cluding Llama-3.1-70B, Llama-3.1-8B, Gemma-3-
27B and Gemma-3-12B, whose weights are openly
available. Decoding is greedy: temperature=0
and top_p = 1. Every model uses the same com-
pletion budget, 16,384 tokens for API models and
8,192 for local ones, and a reasoning-effort setting
of low where the model exposes one.

Models. The systems we evaluate: GPT-5.6
Sol (OpenAl, 2026), Claude Opus 5 (Anthropic,
2026), Gemini 3.7 Flash (Google DeepMind,
2026), Grok 4.6 (xAl, 2026), Kimi K3 (Kimi
Team, 2026), GLM-5.2 (Zhipu Al & Tsinghua
University GLM-5-Team, 2026), DeepSeek-V4-
Pro (DeepSeek-Al, 2026), Qwen3-Max (Qwen
Team, 2025b), Qwen2.5-32B (Qwen Team, 2025a),
Qwen2.5-14B (Qwen Team, 2025a), Qwen2.5-
7B (Qwen Team, 2025a), Llama-4-Maverick (Meta
Al, 2025), Llama-3.1-70B (Meta Al, 2024), Llama-
3.1-8B (Meta Al, 2024), Gemma-3-27B (Gemma
Team, 2025), Gemma-3-12B (Gemma Team, 2025),
Mistral-Medium-3.5 (Mistral Al, 2026), Hyper-
CLOVA X 14B (NAVER Cloud, 2025), Solar-
Pro4 (Upstage, 2026) and Keyword filter.

Intervals. Intervals are paired cluster bootstraps
over 97 instrument clusters from 104 documents.
Benjamini-Hochberg at ¢ = 0.05 leaves 0 of 85
saturation cells on Ad’ and 3 on Ac, so §5.2 rests
on the roster-level intervals.

No fine-tuning. At this corpus size a supervised
model would recover one annotator’s coding con-
vention, and an unseen instrument admits no train-
ing split. The metadata lookup reads no text and
bounds what reading adds.

Each control targets one alternative for a flat
INDET curve: an oracle clause, no document, an
abstention-encouraged prompt (over-commitment
moves between —0.021 and +0.012 at C4), and
a nonsense-label prompt (Ling et al., 2026). We
score T2 with mean Jaccard; always emitting all
five codes scores Jaccard 0.487 and micro-F1 0.655,
and Jaccard is the floor a reported value has to clear.

D.2 Full results

The tables report the full roster; Table 3 shows
four systems and points here for the rest. Corpus
composition is Table 9; Table 10 is the context grid
by gold label; Table 11 is the full protocol table;
and Table 12 gives every cell of the context grid
with the second task.

PRE POST Unstated All

Documents 28 54 22 104
Items 140 270 110 520
DET 33 104 46 183
INDET 107 166 64 337
DET share by use hypothesis
H1 50%
H2 47%
H3 38%
H4 19%
H5 22%
missing-fact type frequency (INDET items)
E1 consideration and bargaining structure 140
E2 usage of trade 222
E3 the rightsholder’s course of conduct 196
E4 market substitution or new-market creation 186
E5 upstream title 77

Table 9: Corpus Composition. The 104 documents and
520 items by revision era (Unstated: no date or 2022),
DET share by use over all 520 items, and missing-fact
frequency over the 337 indeterminate ones.
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Per-class accuracy Signal detection

Model Gold Cl C2 C3 ¢4 A Interaction Cl1—C4 A [95% CI]
DET  0.366 0.350 0.372 0.432 +0.07 4 0.59 = 0.70  +0.11 [~0.10, +0.33]
GPT-5.6 Sol | (DT 0.825 0.807 0.810 0.810 —0.01 TO-080 [HO-0L+015] 2 gs 7659 1011 [+0.01, +0.21]
DET  0.372 0.432 0.399 0.410 40.04 d 0.55 — 0.64 +0.09 [—0.12, +0.30]
Claude Opus 5 (et 0.810 0.810 0.813 0.807 +0.00 TO-04L =004, 4013] 7 60 "6 55 10,05 [—0.07. +0.18]
Gemini3.7 DET 0.355 0.448 0.475 0454 +0.10 d 0.31 = 0.50  +0.20 [—0.05, +0.48]
Flash INDET 0.751 0.706 0.682 0.733 —0.02 0110 1+0:03, 40211 " 59 37 1.0.15 [+0.03, +0.28]
DET 0.284 0.306 0.317 0.350 +0.07 d 0.41 — 0.47 +0.06 [—0.22,40.35)
Grok 4.6 INDET 0.837 0.825 0.783 0.804 —0.03 T0-098 [F0-02,4018] 70 062 40.15 [+0.03, +0.20]
. DET 0344 0344 0.383 0.383 +0.04 d' 0.57 = 0.63 +0.07 [~0.18, +0.31]
Kimi K3 INDET 0.834 0.819 0.804 0.825 —0.01 00471003, +0.12] " 68 . " 61 4+0.07 [~0.05, +0.19]
DET  0.486 0.415 0.448 0.399 —0.09 d' 039 028 —0.11[-0.39,+0.17]
GLM-32 |\DET 0.665 0.656 0.694 0.703 +0.04 012017024, 20.02] " o3 539 016 [0.32. —0.03)
DeepSeek-V4- DET 0295 0290 0.317 0.322 +0.03 (oo d/ 049 = 0.54  +0.05 [0.23, +0.35
Pro INDET 0.849 0.843 0.804 0.843 —0.01 T0-U99 [Z005, 40131 " 28 073 40.05 [0.09,+0.20]
DET  0.230 0.273 0.246 0.301 -+0.07 d' 0.49 = 0.59  +0.10 [—0.16, +0.39]
Qwen3-Max | (et 0.890 0.864 0.884 0.866 —0.02 T0-095 (40024017 " g8 "5 81 1017 [40.03. +0.30)
DET 0.137 0.175 0.158 0.175 40.04 - d 0.18 — 0.51 40.32 [+0.05, 40.62]
Qwen2.5-32B | \pET 0.899 0.911 0920 0.926 +0.03 TO-012 (=005, +0.070 " 448 L 71 18 40.00 [~0.17. +0.11]
DET  0.126 0.104 0.093 0.082 —0.04 d' 0.55 — 0.69  +0.14 [~0.19, +0.52]
Qwen2.5-14B |\ DET 0.955 0.961 0.964 0.982 +0.03 ~ 0700110031 " 470y 71 79 031 052, —0.15]
DET 0279 0.262 0.224 0.235 —0.04 d'0.12 =032  +0.20 [~0.03, +0.50]
Qwen2.5-7B | \DET 0.760 0.792 0.828 0.852 +0.09 01301023, 003 "~ 64 L 088 —0.24 [—0.38, —0.07]
Llama-4- DT 0.115 0.126 0.093 0.115 +0.00 o 0o d/ 044 — 0.67  +0.24 [-0.10,+0.64
Maverick INDET 0.950 0.941 0.964 0.970 +0.02 ’ T e —1.41 - —1.53 —0.12 [-0.29, +0.06]
Llama-3.1-  DET  0.175 0148 0.120 0.153 =002 o0 031042 +0.11 [-0.25, 0.5
70B INDET 0.893 0.908 0.938 0.926 +0.03 ~ 024 [F012,40.000 . _ 4 6+ 193 —0.14 [~0.30, —0.01]
DET  0.000 0.000 0.000 0.005 +0.01 d' 0.19 — 0.57"  +0.38 [+0.00, +0.72]
Llama-3.1-88 1\ (ner 1000 1.000 1.000 1.000 40,00 70009 [+0-00,40.02 " 500 " 9 69 10.19 [+0.00, +0.36]
Gemma3-  DET  0.175 0158 0.104 0,093 ~0.08 _ . d' 018044  +0.26 (-0.04,0.63
27B INDET 0.866 0.911 0.947 0.961 +0.09 ~ 177 1=0-27.=0-090 " 4 g9, 153 —0.51 [-0.72, —0.31]
Gemma-3- DET 0.082 0.060 0.033 0.000 —0.08 —0.135 [—0.95 —0.05 d' 0.22 = 0.197  —0.03 [-0.43, +0.77]
12B INDET 0.947 0.958 0.976 1.000 +0.05 0132 (2025, =0.05] "1 49y _ 988 —1.39 [-1.72, —0.91]
Mistral- DET 0328 0361 0279 0306 ~0.02 o/ 058045 —0.13 (057, 0.12
Medium-3.5 INDET 0.849 0.843 0.834 0.831 —0.02 004 [Z008,+0.08] . " 73 . (.73 10.01 [~0.12, 10.14]
HyperCLOVA DET 0.197 0.268 0.219 0.191 —0.01 —0.026 (—0.11. +0.05 d 0.37 — 0.47 +0.10 [—0.20, +0.36]
X 14B INDET 0.890 0.861 0.893 0.911 +0.02 ~ V0 [FO-LL+0-051 " 4 03 o 110 —0.07 [~0.25, +0.10]
DET  0.142 0.191 0.158 0.137 —0.01 d' 0.72 = 0.57 —0.15 [~0.62,+0.32]
Solar-Prod | hEr 0.964 0,950 0958 0.953 —0.01 T0-006 [(=0-06,+0.07) " "o L T 87 10,05 [~0.13. +0.26]

Table 10: Context Saturation by Gold Label. Per-class T1 accuracy at each condition under the fixed P2 wording; A
is C4—Cl1, the interaction is Apgr — Axper, and the last columns give the C1—C4 change in d’ and ¢ with 95%
cluster-bootstrap intervals. The interaction is orthogonal to d’, so only Ad’ and Ac separate a gain from a threshold
shift (§5.2). {: answers INDET on at least 99% of items at C1 or C4, so d’ is not read.
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Model Protocol Bal.acc MCC O.c. Bias T2 Jac.
GPT-5.6 Sol P1 naive prompt 0.524 0.087 0.056 +0.279 0.264
P2 task-structured 0.603  0.227 0.181 +0.098 0.367
P3 expert protocol ~ 0.544  0.099 0.202 +40.119  0.351
Claude Opus 5 P1 naive prompt 0.530  0.058 0.481 —0.150 0.156
P2 task-structured 0.616  0.245 0.205 40.065 0.376
P3 expert protocol ~ 0.571  0.143 0.285 +0.017  0.341
Gemini 3.7 Flash P1 naive prompt 0.555 0.135 0.151 +0.162  0.265
P2 task-structured  0.569  0.141 0.282 +40.021  0.299
P3 expert protocol ~ 0.610  0.226 0.234 +40.040 0.342
Grok 4.6 P1 naive prompt 0.537 0.076 0.303 +40.023  0.280
P2 task-structured ~ 0.536  0.085 0.184 +0.142 0.361
P3 expert protocol ~ 0.550  0.109 0.223 +0.094 0.376
Kimi K3 P1 naive prompt 0.566  0.149 0.190 40.115  0.258
P2 task-structured 0.584  0.198 0.148 +40.144 0.367
P3 expert protocol ~ 0.570  0.153 0.205 +0.098 0.368
GLM-5.2 P1 naive prompt 0.548 0.106 0.211 +0.108 0.262
P2 task-structured 0.564 0.125 0.347 —0.040 0.302
P3 expert protocol ~ 0.622  0.256 0.205 +40.062  0.386
DeepSeek-V4-Pro P1 naive prompt 0.542 0.110 0.125 +0.198  0.255
P2 task-structured 0.548 0.115 0.166 +0.152  0.363
P3 expert protocol ~ 0.551  0.116 0.193 40.123  0.409
Qwen3-Max P1 naive prompt 0.557 0.165 0.083 +0.229  0.306
P2 task-structured ~ 0.563  0.159 0.131 +0.177 0.391
P3 expert protocol ~ 0.562  0.124 0.303 +0.006  0.311
Qwen2.5-32B P1 naive prompt 0.538 0.115 0.083 +0.242  0.281
P2 task-structured 0.543  0.127 0.089 +0.233 0.343
P3 expert protocol ~ 0.552  0.181 0.045 +40.271  0.402
Qwen2.5-14B P1 naive prompt 0.604 0.217 0.228 +0.050  0.195
P2 task-structured ~ 0.533  0.130 0.039 +0.290 0.457
P3 expert protocol ~ 0.526  0.092 0.062 +0.271  0.464
Qwen2.5-7B P1 naive prompt 0.563  0.122 0.350 —0.042  0.153
P2 task-structured 0.527 0.062 0.208 +40.125  0.307
P3 expert protocol ~ 0.525  0.049 0.496 —0.162  0.255
Llama-4-Maverick ~ PI naive prompt 0.569  0.153 0.196 +40.108  0.244
P2 task-structured 0.540  0.138 0.056 +0.267 0.351
P3 expert protocol ~ 0.589  0.217 0.128 +0.162  0.346
Llama-3.1-70B P1 naive prompt 0.547 0.091 0.457 —0.138 0.216
P2 task-structured ~ 0.522  0.062 0.110 +0.227  0.348
P3 expert protocol 0.572  0.140 0.353 —0.052 0.296
Llama-3.1-8B P1 naive prompt 0.505 0.013 0.154 +0.194 0.287
P2 task-structured 0.500  0.000 0.000 +40.352  0.466
P3 expert protocol ~ 0.500 —0.001 0.116 +40.237  0.433
Gemma-3-27B P1 naive prompt 0.524  0.049 0.680 —0.344 0.110
P2 task-structured 0.528 0.082 0.098 +0.235 0.378
P3 expert protocol ~ 0.568  0.158 0.169 +0.135 0.472
Gemma-3-12B P1 naive prompt 0.502  0.006 0.089 +0.262  0.337
P2 task-structured ~ 0.509  0.041 0.042 +0.304 0.376
P3 expert protocol ~ 0.516  0.038 0.208 +0.133  0.400
Mistral-Medium-3.5  P1 naive prompt 0.567 0.149 0.199 +0.106  0.293
P2 task-structured 0.581 0.188 0.160 +40.135 0.329
P3 expert protocol ~ 0.572  0.183 0.119 +40.183  0.440
HyperCLOVA X 14B P1 naive prompt 0.553  0.133 0.139 40.175 0.216
P2 task-structured 0.563  0.159 0.131 +0.177  0.290
P3 expert protocol 0.575 0.174 0.166 +0.133  0.406
Solar-Pro4 P1 naive prompt 0.568 0.206 0.065 +0.238  0.258
P2 task-structured 0.545 0.164 0.042 +0.279 0.433
P3 expert protocol 0.559 0.219 0.030 +0.281 0.476

Table 11: The Full Protocol Table. Every model-and-level cell, all at C2. Bal. acc is balanced accuracy, MCC is
the Matthews correlation coefficient, O.c. is over-commitment, and Jac. is the Jaccard index. Bias is the INDET
response rate minus the gold base rate (0.648). The PO keyword filter is in Table 3.
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Model Ctx Bal.acc MCC  Over-commitment T2 Jaccard

GPT-5.6 Sol Cl1 0.596 0.213 0.175 0.366
C2 0.578 0.173 0.193 0.354
C3 0.591 0.199 0.190 0.347
C4 0.621 0.259 0.190 0.344
Claude Opus 5 Cl 0.591 0.199 0.190 0.399
C2 0.621 0.259 0.190 0.396
c3 0.606 0.230 0.187 0.395
C4 0.608 0.234 0.193 0.396
Gemini 3.7 Flash Cl1 0.553 0.112 0.249 0.344
Cc2 0.577 0.155 0.294 0.289
C3 0.579 0.156 0.318 0.302
C4 0.593 0.189 0.267 0.294
Grok 4.6 Cl 0.560 0.143 0.163 0.360
Cc2 0.565 0.151 0.175 0.343
C3 0.550 0.110 0.217 0.342
C4 0.577 0.170 0.196 0.330
Kimi K3 Cl 0.589 0.202 0.166 0.378
Cc2 0.582 0.183 0.181 0.356
C3 0.593 0.203 0.196 0.356
C4 0.604 0.229 0.175 0.357
GLM-5.2 Cl 0.576 0.148 0.335 0.286
C2 0.536 0.070 0.344 0.294
C3 0.571 0.142 0.306 0.283
C4 0.551 0.104 0.297 0.291
DeepSeek-V4-Pro Cl 0.572 0.171 0.151 0.389
C2 0.566 0.157 0.157 0.382
C3 0.561 0.136 0.196 0.369
C4 0.583 0.192 0.157 0.375
Qwen3-Max Cl 0.560 0.159 0.110 0.399
Cc2 0.568 0.168 0.136 0.378
C3 0.565 0.169 0.116 0.382
C4 0.584 0.202 0.134 0.357
Qwen2.5-32B Cl 0.518 0.054 0.101 0.360
Cc2 0.543 0.127 0.089 0.343
C3 0.539 0.121 0.080 0.300
C4 0.550 0.154 0.074 0.297
Qwen2.5-14B Cl1 0.541 0.149 0.045 0.453
Cc2 0.533 0.130 0.039 0.457
C3 0.529 0.119 0.036 0.469
C4 0.532 0.156 0.018 0.472
Qwen2.5-7B Cl 0.519 0.042 0.240 0.306
C2 0.527 0.062 0.208 0.307
C3 0.526 0.063 0.172 0.312
C4 0.543 0.108 0.148 0.343
Llama-4-Maverick Cl1 0.532 0.118 0.050 0.374
Cc2 0.533 0.115 0.059 0.343
C3 0.529 0.119 0.036 0.329
C4 0.543 0.172 0.030 0.330
Llama-3.1-70B Cl 0.534 0.096 0.107 0.323
Cc2 0.528 0.084 0.092 0.347
C3 0.529 0.100 0.062 0.359
C4 0.539 0.124 0.074 0.366
Llama-3.1-8B Cl 0.500 0.000 0.000 0.471
c2 0.500 0.000 0.000 0.457
C3 0.500 0.000 0.000 0.464
C4 0.503 0.060 0.000 0.470
Gemma-3-27B Cl 0.521 0.056 0.134 0.375
C2 0.535 0.105 0.089 0.384
C3 0.525 0.094 0.053 0.410
C4 0.527 0.111 0.039 0.416
Gemma-3-12B Cl 0.514 0.056 0.053 0.403
C2 0.509 0.041 0.042 0.375
C3 0.505 0.027 0.024 0.385
C4 0.500 0.000 0.000 0.376
Mistral-Medium-3.5 Cl1 0.588 0.206 0.151 0.355
Cc2 0.602 0.231 0.157 0.324
C3 0.556 0.133 0.166 0.339
C4 0.568 0.158 0.169 0.335
HyperCLOVA X 14B Cl 0.543 0.120 0.110 0.319
Cc2 0.564 0.158 0.139 0.294
C3 0.556 0.151 0.107 0.315
C4 0.551 0.148 0.089 0.321
Solar-Pro4 Cl 0.553 0.195 0.036 0.446
Cc2 0.570 0.224 0.050 0.429
C3 0.558 0.203 0.042 0.428
C4 0.545 0.158 0.047 0.431
Always INDET — 0.500 0.000 0.000 —
Always all five codes — — — — 0.487
Same-document lookup — — — — 0.623
Hypothesis X eralookup — — 0.651 0.305 0.228 —

Table 12: Results by Context Condition. Every system at each condition under the fixed P2 wording; the C2 column
repeats the P2 configuration of Table 11, and the other columns are not comparable with that table. Below the rule
are the references that read no document (§4.2, §5.2).
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