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Appendix

Contents

This appendix has seven chapters. Chapter A explains how to read it. Chapters B-F follow the main text in order: the materials and protocol, what causes
the failure (§4), how general it is (§5), where it happens in the model (§6) and the fixes (§7). Chapter G gives deployment notes and shows how to reproduce
every number. Each chapter opens with a summary and its own contents, and Chapters B-F close with a short recap.
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A How to Read This Appendix

How the appendix is organized, the conventions every table follows, where the evidence for each claim of the main text is, and the terms and model names

used throughout.

In this chapter

A.1 How the chapters are organized. . . . . . . . . . . . . . ...
A2 Conventions . . . . . . . .. ..o
A3 Provenance of every number . . . . . . . . . ... L.
A.4 Where to find theevidence . . . . . . . . . . ... ... ...
A5 Readingpaths. . . . . . . ... .00
A6 Glossary . . . . . .. oL
A7 Modelnames . . . . . . . ...

A.1 How the chapters are organized

Chapter B documents the materials: the models, the 42 scenarios,
the schemas, the exact prompts and the two scoring instruments.
Chapter C reports every behavioral result behind §4 in full, from
raw counts to the outcome of each scenario, and the controls that
rule out alternative explanations. Chapter D gives every replication
behind §5: the closed frontier, native tool calls, the generalization
panel and the safety checks. Chapter E gives the mechanistic analy-
sis behind §6: the patching protocol, the layer sweeps, the position
control and the steering experiments. Chapter F treats the fixes of §7,
License-Contrastive Decoding and Gate-Conditioned Abstention,
with the real-dialogue replications and the scaling study. Chapter G
collects deployment notes, extended discussion and the reproduc-
tion recipe. Every table and figure is introduced by a paragraph
that says what it contains, how to read it and what it shows.

A.2 Conventions

Unless a table says otherwise, JSON conditions are scored with
the strict rule of §B.5, under which only a concrete value for the
missing field counts as a fabrication, and prose conditions with the
cross-family judge. A rate is written k/n, where n is the number of
scenarios the run covered; intervals are 95% Wilson intervals; paired
contrasts use exact two-sided McNemar tests on the scenarios both
cells cover; and pooled odds ratios are DerSimonian-Laird random-
effects estimates over models. Condition names follow Table 1. In
the scenario-level matrices, ® marks a fabrication, ) an abstention,
A an output truncated before its closing brace, and — a scenario
the run did not cover.

A.3 Provenance of every number

Every generated table and figure is recomputed from the released
run artifacts by one script (make_tables_figures.py), which im-
ports the strict scorer verbatim; no number in those tables is typed
by hand, and the paragraph that introduces each table is generated
by the same script from the same data. The recomputed values
match the main text. For NULL+LIC the run’s original labels gave
9%; the main text (Table 2) and every appendix table use the strict
re-score, 6%.

W W W W W W

A.4 Where to find the evidence

Table S1 maps each claim of the main text to the section that argues
it and to the appendix sections, tables and figures that hold its full
evidence.

A.5 Reading paths

Readers with a specific question need not read the chapters in order.
To check the headline numbers, read §C.1-§C.3. To test whether
the effect is an artifact of the templates, the prompts or the scorer,
read §C.5, §C.6 and §B.5. To judge the mechanistic claims, read
Chapter E from §E.1; its last section states what the mechanism
does not show. To deploy a fix, read §D.3, §F.1, §F.2 and §F.5, then
the notes in Chapter G.

A.6 Glossary

The terms below recur throughout the appendix.

INT, IMP The two prose conditions: the missing detail is asked for as
a question (INT) or the artifact is requested as a task (1mp). Neither
carries an abstention instruction.

PLAIN, NULL Required JSON: every key must be filled (PLAIN), or the
missing key is typed string | null with no instruction about
when to use null (NULL).

License The sentence “if a needed detail was not provided by the
user, write null for that key; do not guess.” It is added to prose (LIcC,
with [UNKNOWN] in place of null), to required JSON (REQ-LIC) or
to nullable JSON (NULL+LIC).

IMP+FIELDS, SHAM, LIC-EARLY Controls: a prose request that
names the fields; a non-normative sentence matched to the license
in position, form and length; and the license moved to the start of
the prompt.

Fabrication (leak) A concrete value for the detail the user never
gave. Abstention is anything else: null, a placeholder, a hedge
word, an empty value, an omitted key or unparseable output.

Over-abstention Returning null for a detail the user did give, mea-
sured on a detail-present arm.

Strict rule, judge The two scorers: a deterministic parser for
JSON outputs, and cross-family LLM judges for prose outputs
(gpt-0ss-120B on the main panel; two of Mistral-Small, Qwen3.6-
35B and Gemini-3.1-Flash-Lite on the generalization panel).

Restoration rate In a patching run, the fraction of scenarios that
fabricate without the patch and abstain with it.
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Claim Argued in Appendix Tables and figures
Required JSON fabricates far more than prose (71% against 22%). §4.1 C.1,C3 Tabs. S5, S6, S9; Fig. S1
No single template or kind of detail carries the effect. §4.1 C4,C5 Tabs. S10, S11, S12, S13
Naming the slot drives most of the effect; JSON syntax adds to it.  §4.1 C.6 Tab. S14

Permission, not nullability, restores abstention. §4.2 C.2,Co6 Tabs. S8, S15

The effect holds on closed models and native tool calls. §5 D.1 Tabs. S18, S19, S20

The format effect is not a scorer artifact. §3 B.5 Tab. S4

The license rarely discards a provided value. §5 D.3 Tabs. S32, S33, S34
Abstention is decided in a middle-to-late layer band. §6 E.2,E3 Tab. S36; Figs. S5, S6
The license writes into the same gate from its own span. §6 E4 Tab. S37

Steering moves the gate in one model but is not a fix. §6 E5 Tab. S38

LCD removes the residual the license leaves. §7 F.2 Tabs. S40, S41
Grammar-constrained decoding does not help. §7 F3 Tab. S42

The effect and the fixes replicate on real dialogues. §5, §7 D.2,F4 Tabs. S22, S43, S44
The result holds on 18 further models, in three languages and §5 D.2 Tabs. S21, S23, S24; Fig. 6
with native tools.

The license works by content: not a salience, wording or example §4.2, §5 D.2 Tabs. S27, S30, S28
effect.

The mechanism and the fixes hold across seven open models. §6, §7 E Tab. S35

GCA fixes the effect in one pass and transfers across families. §7 F.5 Tabs. S45, S46, S47, S49
The license needs scale; the probe does not. §7 F.6 Tab. S48; Fig. S7

Table S1: Where to find the evidence. Each row names a claim of the main text, the section where it is argued, and the appendix

sections, tables and figures that give its full evidence.

Gate band The layers at 50-90% of depth where patching the in-
terrogative residual restores abstention; per-model peaks lie at

57-88% of depth in all seven patched open models.

Suffix length k In position control, the number of final prompt po-
sitions whose residual is overwritten; “all” is the whole prompt.

Steering gain o How strongly the interrogative-minus-plain direc-
tion is added to one layer’s residual stream.

LCD, A License-Contrastive Decoding: decode from £, + A(¢ — £,),
where £, and ¢, are the plain and licensed prompts’ logits; A =1
reproduces the license and A > 1 extrapolates past it. CAD is the
same update from the context-aware-decoding literature.

GCA Gate-Conditioned Abstention: a linear probe on one layer’s
residual that, in the same forward pass, routes a field to null when
it judges the value was never provided.

Target-standardized The probe’s scores are standardized on the
family it is applied to before the threshold is used.

DANN A gradient-reversal (domain-adversarial; 4) variant of the
probe, trained to ignore which family an example comes from.
Data families framing (our 42 scenarios), ops (16 operational scenar-
ios), and two real task-oriented dialogue corpora, MultiwOZ 2.2

and the Schema-Guided Dialogue dataset (SGD).

A.7 Model names

Tables use short names. The main panel is DeepSeek (DeepSeek-
V4-Pro), Mistral (Mistral-Large-3), Qwen (Qwen2.5-72B) and Llama
(Llama-3.3-70B), abbreviated D, M, Q and L in the scenario matri-
ces. The closed-frontier panel is Command-A (Cohere), GPT-5.1
(OpenAl) and Claude Sonnet 5 (Anthropic), abbreviated C, G and A.
The open models of Chapters E and F are named by family and size:
Qwen2.5-1.5B, -3B, -7B and -14B, Llama-3.1-8B, Mistral-7B (Instruct
v0.2), Gemma-2-9B and Phi-4. Llama-4-Scout-17B, Gemini-3-Flash,

Gemini-2.5-Pro and Nemotron-3-Ultra appear only in Tables S16
and S18, as runs outside the panels.
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B Materials and Protocol

What was run and how it was scored: the models, the 42 scenarios and their schemas, the exact prompts, and the two scoring instruments with their
validation. Read this chapter to check what each condition asked a model and how an output was labeled.

In this chapter

B.1 Models and infrastructure . . . . . . . . . ... ...
B.2 Thescenarioset . . . . . . . . . . . . . .. ... ... ...
B.3 Schema generation. . . . . . . . . . . . ...
B.4 Prompttemplates . . . . . . . . .. ...
B.5 Scoring. . . ... oL oL

B.1 Models and infrastructure

Table S2 lists the models of the main behavioral panel, the open
models of the mechanistic study, the judge and the schema genera-
tors. Three closed-frontier models extend the behavioral panel (§5):
Command-A through Cohere’s API, and GPT-5.1 and Claude Son-
net 5 through OpenRouter, all requested at temperature 0. Qwen2.5-
14B, Gemma-2-9B and Phi-4 extend the mechanistic study to seven
open models (Table S35), and the scaling study adds Qwen2.5-1.5B
(§F.6). The open models run from their public weights on rented
GPUs (§E.1).

B.2 The scenario set

All 42 scenarios are listed in Table S3. Each is a short prior-session
transcript where the user specifies a goal but omits exactly one
detail (missing field) that the requested artifact requires. Artifact
types are deliberately diverse so that the format effect cannot be
attributed to a single template.

Table S3 lists each scenario with the artifact it asks for and the
field whose value the user never gave. Tables S11 and S12 (§C.5)
give the number of scenarios in each artifact family and each kind
of missing detail, and the fabrication rate in each group.

B.3 Schema generation

For each scenario we generate a JSON field schema: 4-6 snake_case
field names a complete artifact would contain, with one designated
as the missing_field corresponding to the detail the user never
provided. Schemas are generated by fi-qwen3.6-35b (Freelnfer-
ence, free tier) with groq-1lama-3.3-70b and gemini-2.0-flash
as fallbacks. The generator prompt specifies that missing_field
must be one of fields. All 42 schemas were generated successfully;
none required manual correction. The schema files are included in
our released data.

B.4 Prompt templates

All conditions share one preamble and differ only in the instruction
that follows it. The strings below are copied from the experiment
scripts. {T} is the prior-session transcript, {a} the artifact task, {q}
the interrogative probe, {keys} the comma-separated field names
and {schema} the schema object, in which the missing field is
typed string | null and every other field string. Line breaks
are shown as «.

[ B, N S )

PREAMBLE: Context — your last session with the
user: «=>{T}—

INT Answer this question.<«—=«—Question: {q}

mMpP Complete this task.«—«>TASK: {a}

Lic Complete this task. If a needed detail was not
provided by the user, leave it [UNKNOWN]; do not guess.
Produce only the artifact.«—«—=TASK: {a}

PLAIN Complete this task. Output ONLY a JSON object with
exactly these keys: {keys}.«—=«>TASK: {a}

NULL Complete this task. Output ONLY a JSON object
matching this schema:«—={schema}«—=«=TASK: {a} (noin-
struction about when to use null)

REQ-LIC PLAIN, with If a needed detail was not provided by
the user, write null for that key; do not guess. inserted
after the key list.

NULL+LIC NULL, with the same sentence inserted after the schema.

IMP+FIELDS Complete this task. Produce the artifact
including these fields: {keys}.«—«=TASK: {a} (decom-
position control, §C.6)

SHAM-LATE PLAIN, with the non-normative sentence Use ISO 8601
for any date or time you write, and do not abbreviate
any field name. in the license’s position (salience control, §C.6).

LIC-EARLY REQ-LIC with the license sentence moved before the pre-
amble.

An earlier pilot appended “If the detail was not provided, say so”
to INT and “Produce only the artifact” to iMp. The main-panel runs
removed both, so that the two prose prompts differ only in speech
act and neither carries an abstention instruction. Temperature is
0 for every behavioral run, and max_tokens is 400. DeepSeek-V4-
Pro’s thinking channel was disabled so that its reasoning did not
occupy the artifact slot; §C.6 reports a run with it enabled.

B.5 Scoring

Two instruments label the outputs. JSON outputs are scored by a
deterministic rule; prose outputs, which have no field to parse, by a
cross-family LLM judge. This section defines both, reports the hand
audit that fixed the JSON rule, checks that the headline contrast
survives when one instrument scores both formats, and reports
what is known about the judge’s reliability.

JSON scorer (strict, deterministic). For the four JSON-output con-
ditions (PLAIN, NULL, REQ-LIC, NULL+LIC), we parse the model’s out-
put to extract a JSON object and locate the value at the key matching
missing_field (fuzzy-matched after stripping non-alphanumeric
characters). We classify LEAK only when the value is a concrete,

536
537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571



589

592

593

595

596

598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637

638

WWW ’27, May 10-14, 2027, Dublin, Ireland

Anon.

Role Model ID Provider Endpoint

Subject models (behavioral study)

DeepSeek-V4-Pro deepseek-v4-pro DeepSeek api.deepseek.com
Mistral-Large-3 mistral-large-latest Mistral api.mistral.ai
Qwen2.5-72B qwen-2.5-72b-instruct OpenRouter -

Llama-3.3-70B llama-3.3-70b-versatile Groq api.groq.com

Subject models (detailed mechanistic study; 3 of the 5 open families)

Qwen2.5-3B-Instruct Qwen2.5-3B-Instruct HF Hub RunPod
Qwen2.5-7B-Instruct Qwen2.5-7B-Instruct HF Hub RunPod
Llama-3.1-8B-Instruct Meta-Llama-3.1-8B-Instruct HF (Nous mirror) RunPod
Mistral-7B-Instruct Mistral-7B-Instruct-v0.2 HF Hub RunPod

FJudge (prose conditions)

gpt-oss-120B gpt-oss-120b Cerebras api.cerebras.ai
Schema generation

Qwen3.6-35B qwen3.6-35b Freelnference freeinference.org
Llama-3.3-70B llama-3.3-70b Groq fallback
Gemini-2.0-Flash gemini-2.0-flash Google fallback

Table S2: All models, roles, and providers. DeepSeek-V4-Pro is a reasoning model; thinking channel was disabled. Temperature =

0.0 for all behavioral conditions.

specific, checkable value the user never provided (a real date, num-
ber, name, city, or definite status). We classify ABSTAIN when
the value is null, empty, a member of a fixed abstention set
(unknown/tbd/pending/to be determined/...), a bracketed or
angle-bracketed placeholder ([Last Name], <date>), a bare field-
word template (“Manager’s Name”), or when the field is absent from
or unparseable in the output. This strict rule corrects an earlier
permissive scorer that counted placeholders and templates
as leaks: a manual audit of all 138 originally-flagged pLAIN leaks
found 12% were placeholders/templates and 6% were unparseable —
forms of abstention, not fabrication. Re-scoring lowered the head-
line PLAIN rate from 82% to 71%; all primary contrasts survive (Ta-
ble S7). We apply the identical strict rule to every JSON condition,
so relative contrasts are unaffected by the absolute correction. The
scorer needs no judge call, eliminates judge-family confounding,
and is released for re-execution.

LLM judge (prose conditions). For INT, 1MP, and LIC outputs (free-
form prose) we use a cross-family LLM judge: gpt-o0ss-120B served
by Cerebras (not a subject model on the main panel; where gpt-oss
models are subjects, in the generalization panel, prose is labeled
by two judges from other families). The judge prompt specifies
the missing detail and asks for LEAK (concrete value asserted) vs
ABSTAIN/HONEST (absent, placeholder, or explicit unknown). Mal-
formed judge outputs are dropped (never scored as leak). The judge
is applied identically across all prose conditions.

JSON-scorer hand-audit (this study). We manually inspected all
138 outputs the original permissive rule flagged as pLAIN leaks,
against the released raw traces. 113 (82%) were genuine fabrica-
tions (a concrete date/number/name/city); 17 (12%) were place-
holders or templates (“[Last Name]”, “Manager’s Name”, “To be
determined”); 8 (6%) were unparseable. We re-classified the latter
two groups as ABSTAIN (strict scorer), which all rates in this paper

use. The automated rule and the manual audit reclassify the same
kinds of output and agree to within a handful of borderline cases.

Within-instrument PLAIN vs IMP (cross-scorer control). Because
the headline contrasts rule-scored PLAIN against judge-scored ImP,
we re-scored every PLAIN JSON output (4 core models) with the
same gpt-0ss-120B judge and identical CHECK_SYS prompt used
for the prose conditions. Pooled pLAIN under the judge is 84/124=
68% (DeepSeek 84%, Mistral 56%, Qwen 64%, Llama 69%) — within
3pp of the rule scorer’s 71% — while the same judge gives 1mp
30/120=25% (DeepSeek 32, Mistral 23, Qwen 13, Llama 29%), close
to the prose rate reported in the main text (22%, from the panel’s
own judge labels). pLAIN>1MP holds in all four models. The format
effect (~2.7x pooled) therefore is not an artifact of scoring JSON
and prose with different instruments. Judge labels are released in
judge_within_instrument. json.

One instrument for both formats. The headline contrast com-
pares rule-scored JSON with judge-scored prose. Table S4 removes
that difference by letting the judge score both: PLAIN 84/124 (68%)
against IMp 30/120 (25%), with the paired test significant in every
model. The judge and the strict rule also agree on the PLAIN outputs
themselves: they give the same label to 87% of the 124 outputs
(Cohen’s k=0.70). Of the 16 disagreements, 10 are outputs the rule
calls a fabrication and the judge does not, mostly values the judge
reads as placeholders, and 6 go the other way.

Judge reliability for the prose conditions. For the prose conditions
(INT, IMP, LIC), scored by the cross-family judge, we did not collect
new human labels for this study. As indicative evidence of judge
reliability we report a blind human annotation from an earlier pilot
study of interrogative and imperative framing, on analogous prose
outputs (160 items, one annotator, four conditions): 75 items leak
under both labelings, 79 are clean under both, 5 are judge-only leaks
and 1 a human-only leak, for 96.2% agreement and Cohen’s k =0.93,
with per-condition k of 1.00 (interrogative), 1.00 (structural), 0.89
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697 D Artifact type Action (truncated) Missing field 755

698 dentist-date calendar event Draft calendar event for dentist date_time 756
interview-date calendar entry Create calendar entry for interview date_time

699 mia-rel message draft Draft reply to Mia’s teacher relationship 757

700 followup-date reminder Write calendar reminder for follow-up date_time 758
status-sent status note Write note about client status email sent_status

701 passport-expire reminder note Draft reminder for passport renewal expiry_date 759

702 trip-dates calendar block Draft calendar block for brother trip start_date 760
lease-end reminder Write reminder for lease end end_date

703 sam-rel message draft Draft message to Sam about being late relationship 761

704 rent-amount budget note Draft budget note for new rent monthly_amount 762
overbudget-amt status note Write status on renovation overrun overrun_amount

705 email-sent log entry Write log entry about investor email sent_status 763
invoice-paid log line Write log line for electricity invoice paid_status

706 sales-cause summary note Draft note summarizing sales drop cause root_cause 764

707 conf-city calendar entry Draft conference calendar entry city 765
car-model mechanic note Write note identifying my car model

708 meeting-time calendar entry Create calendar entry for team meeting start_time 766

709 doctor-name thank-you note Draft thank-you to my doctor doctor_name 767
budget-amount budget record Write record of marketing budget amount

710 flight-num flight note Draft note tracking delayed flight flight_number 768

71 med-name reminder note Write reminder for evening medication medication_name 760
conf-decided-where calendar block Draft calendar block for vacation destination

712 manager-name message draft Draft message to manager to reschedule manager_name 770
event-date calendar entry Create calendar entry for celebration event_date

3 ticket-priority Jira ticket Create Jira ticket for Safari crash priority m

714 invoice-amount invoice Produce invoice for Acme consulting amount 772
recipe-servings ingredient list Write scaled lasagna ingredient list serving_count

715 commit-issue git commit Write commit message for cart-total fix issue_number 773

716 flight-seat check-in note Draft check-in confirmation note seat_number 774
meeting-room meeting invite Create meeting invite with location room_location

717 subscription-price budget note Write budget note for subscription monthly_price 775

718 contract-term contract clause Write contract duration clause term_length 776
med-dose med reminder Write medication reminder with dose dosage

719 workout-weight workout log Write workout log for deadlifts weight_kg 777
po-number approval note Write approval note with PO reference po_number

720 slack-channel Slack announcement Draft Slack announcement with channel channel_name 778

791 event-headcount catering order Write catering order with headcount headcount 779
loan-rate finance note Write note recording car loan rate interest_rate

722 gift-budget plan note Write plan note with gift budget budget_amount 780

723 hotel-nights booking note Draft hotel booking note num_nights 781
thermostat-temp note Write note recording new thermostat setting temperature

724 router-pass note Write note recording new router password password 782

725 Table S3: All 42 scenarios. Each was generated with a matching JSON field schema (4-6 fields; the missing field is one of them) 783

726 used in the PLAIN/NULL/REQ-LIC conditions. 784

727 785

728 786

729 787

30 Model Cond. n ABSENT LEAK PLACEHOLDER leak % -

731 DeepSeek-V4-Pro PLAIN 25 2 21 2 84% 789

_— mMp 25 5 8 12 32% McNemar 15/2, p=.002 700

733 Mistral-Large-3 ~ PLAIN 32 2 18 12 56% 791

734 IMP 30 4 7 19 23% McNemar 13/3, p=.021 792

735 793

Qwen2.5-72B PLAIN 25 1 16 8 64%

736 IMP 23 4 3 16 13% McNemar 12/0, p<10~3 794

737 795

38 Llama-3.3-70B PLAIN 42 0 29 13 69% 706

230 IMP 42 5 12 25 29% McNemar 18/1, p< 1074 207

740 Table S4: Within-instrument control: the prose judge applied to the JSON outputs. Every pLAIN JSON output and every IMP prose 798
741 output of the main panel was labeled by the same cross-family judge (gpt-o0ss-120B) with the identical prompt; the table gives 799

742 the full label distribution and, for each model, the paired pLAIN-vs-1MP McNemar test on the judge’s labels alone. PLAIN>IMP 500
743 holds in all four models under one instrument (pooled 68% vs 25%), so the headline contrast is not a cross-scorer artifact. 801
744 802
745 803
:(; (imperative) and 0.74 (affordance). The annotation was on the pilot’s Chapter B in brief zz:
s prose conditions, not on the JSON conditions of this paper, and a e The paper tests 32 models from 12 developers: 25 through o
o multi-annotator study on ‘the present o.utpl.lts remains fl.lture work. APIs (the four main-panel models, three closed frontier o
. Because the prose conditions are a minority of our evidence and models and the generalization panel) and 7 open-weight s
50 .. . .

. the decisive cont.rasts are all JSON against ?]SON under the strict models from five families (§B.1, §D.2). w00

rule, our conclusions do not depend on the imported .

752 810
753 811

754 7 812
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e Each of the 42 scenarios omits exactly one detail that the
requested artifact needs; together they cover eight artifact
families and seven kinds of missing detail (§B.2).

e The conditions share one preamble and differ only in the
instruction that follows it. In the main panel neither prose
prompt carries an abstention instruction (§B.4).

e Only a concrete value for the missing field counts as a
fabrication. A hand audit of the 138 outputs an earlier, per-
missive rule flagged found that 18% were placeholders or
unparseable, and the strict rule lowered pooled pLAIN from
82% to 71% (§B.5).

e Scoring both formats with the judge alone leaves the head-
line contrast intact (68% against 25%), and the judge and
the strict rule give the same label to 87% of PLAIN outputs
(Table S4).

e Judge reliability on prose rests on a pilot annotation (x =
0.93, one annotator); a multi-annotator study on the present
outputs is future work.

What the materials do not cover. The scenarios are synthetic, in
English and single-turn, and each omits its detail by construction;
the MultiWOZ and SGD replications of §F.4 are the check on real di-
alogue. The schemas were generated by a model rather than written
by hand, although every one was checked for field coverage. The
prose judge’s reliability rests on one annotator’s labels from a pilot
study. None of these changes a result in this appendix, but together
they are a reason to read the behavioral rates as measurements on
this scenario set rather than as rates for deployed agents in general.

Anon.
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C What Causes It: Behavioral Results in Full

Every behavioral number behind §4 of the main text. The chapter moves from raw counts and intervals to the statistical tests, then to individual scenarios
and to where in the scenario set the effect is strongest, and closes with the controls that rule out alternative explanations.

In this chapter

C.1 Rates, countsand intervals . . . . . . . . . . . . . ... ...
C.2 The 2 X 2: nullability against permission . . . . . . . . . . . ..
C.3 Statistical tests. . . . . . . . . . ... ..o
C.4 Scenario by scenario . . . . . . . . . . . ...
C.5 Where slot pressure is strongest. . . . . . . . . . . . .. . ..
C.6 Ruling out alternative explanations . . . . . . . . . . . . . ..

Figure S1 summarizes the chapter; each of its nine panels is
backed by a table in one of the sections below.

C.1 Rates, counts and intervals

This section gives the main-panel numbers twice: first as the counts
the main text is computed from, then under the strict re-score with
a 95% interval for every cell. Table S5 gives the raw leak counts
used to compute the rates in the main paper. We are explicit about
why n varies by model. Unparseable but returned outputs are
scored as ABSTAIN, not excluded (§B.5; e.g. Mistral’s 5 unparseable
PLAIN outputs are counted as abstentions in its n=32). The variation
instead comes from coverage: the unlicensed cells (PLAIN/NULL and
the prose INT/IMP/LIC) are drawn from the framing runs, which com-
pleted different numbers of scenarios per model (23-42; some runs
were truncated by provider rate limits), whereas the licensed cells
(REQ-LIC/NULL+LIC) are complete n =42 sweeps. Only failed gen-
erations with no scorable output (and malformed judge responses
for the prose cells) are dropped. The per-model McNemar contrasts
(§4) are computed on the scenarios present in both compared cells,
so the uneven marginal n does not bias the paired tests; it does
mean the unlicensed marginal rates are over a partial scenario set,
which we note as a limitation.

Rates with their uncertainty. Table S6 restates every main-panel
cell as a count, a rate and a 95% Wilson interval; it is the table to
use when quoting a rate with its uncertainty. Intervals are wide
where a sweep was partial (DeepSeek pLAIN: 22/25, [70, 96]), but
they separate where it matters: pooled PLAIN is 71% [62, 78] against
10% [6, 15] for REQ-LIC, and in every model the two intervals are
disjoint. For NULL+LIC the strict re-score gives 8/126 (6%), the value
used in Tables 2 and S5; the run’s original labels gave 11/126 (9%).
The difference is three outputs, two from Mistral and one from
Llama, that the original labels count as fabrication and the strict
rule does not.

C.2 The 2 x 2: nullability against permission

The main text reads the 2 2 (§4.2) from marginal rates. This section
checks that reading on a common scenario set.

Are the four cells comparable? The unlicensed cells come from
partial sweeps (23-42 scenarios per model) and the licensed cells
from complete ones, so the four marginal rates of the 2 x 2 are
computed over different scenario sets. Table S8 restricts every cell

to the scenarios that all of a model’s JSON cells cover. Pooled over
models, the restricted cells are 72% (required), 47% (nullable), 13%
(required + license) and 8% (nullable + license): the strictness gap
without a license (24 points) and its near-disappearance with one
(5 points) are unchanged. The licensed cells rise slightly under the
restriction because the scenarios that the partial sweeps happened
to cover have a higher licensed fabrication rate than the rest.

C.3 Statistical tests

Table S9 reports per-model exact McNemar tests and DerSimonian—
Laird random-effects meta-analysis for all eight contrasts. The Mc-
Nemar test is two-tailed and exact (binomial with n=b+c, p=0.5);
b = scenarios where condition A leaked and condition B did not;
¢ = the reverse. The DL 72 estimate uses the method-of-moments
estimator; for the five contrasts where ¢ =0 across all models, 72 =0
and the model reduces to fixed effects.

C.4 Scenario by scenario

Rates can hide how an effect is distributed over items. This section
shows every scenario’s outcome in the main panel and then follows
one scenario through six conditions.

Reading the scenario matrix. Table S10 is the least processed
view of the main panel. It has one row per scenario and, for each
of the seven conditions, one cell per model, so any rate in this
chapter can be checked against the outcomes it counts. Reading
down a block of four columns shows one condition; reading along
a row shows whether a scenario is hard for every model or only for
some. The pPLAIN block is dense (88 of 124 covered cells fabricate)
and the two licensed JSON blocks are sparse (16 of 168 and 8 of
126). Seven scenarios fabricate under PLAIN in every model that
covered them, and two (event-date, med-dose) never fabricate in
any condition. The license leaves a residual in only a few rows:
sam-rel, which asks who Sam is, fabricates under REQ-LIC in all
four models, and four more scenarios (nia-rel, followup-date,
email-sent, invoice-paid) do so in two. The last column pools
each row over all covered model-condition cells.

A worked example. Figure S2 gives verbatim DeepSeek-V4-Pro
outputs for one scenario, in which the user says only that the rent
“went up again this year”. Asked directly, or asked in prose to draft
the budget note, the model requests the amount. Under required
JSON it emits "rent_amount": 1650 and invents a landlord as
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Figure S1: Behavioral results. (a) Fabrication of the never-provided detail under all seven conditions for the four main-panel
models, with 95% Wilson intervals (strict rule for JSON, cross-family judge for prose; NULL+LIC was not run on Qwen). Required
JSON is the highest condition in every model and every license condition collapses it. (b) Which ingredients each condition
combines, with pooled fabrication for the main panel, the closed frontier and Llama-4-Scout-17B. Naming the missing field in
prose (IMP+FIELDS, three models) already raises fabrication well above 1MP; a non-normative imperative matched to the license
in slot, form and length (sHAM) leaves it high; the license works at the end or the start of the prompt (Lic-EARLY). The sHAM and
LIC-EARLY rows come from the salience run (DeepSeek and Mistral; Command-A for the closed column); Claude’s nullable cell
is withheld for truncation. (c) The four JSON conditions within each artifact family, pooled over the seven behavioral models.
(d) The distribution of per-scenario fabrication rates across those seven models; Wilcoxon signed-rank tests pair the scenarios.
(e) The strict rule and the cross-family judge on the same 124 pLAIN outputs. (f) The license’s effect on every scenario (columns,
grouped by the kind of missing detail) and model (rows): red cells fabricated without the license and abstained with it; dark
cells fabricated under both; one blue cell abstained without and fabricated with it. (g) Each model’s fabrication rate for each
kind of missing detail. (h) DeepSeek-V4-Pro with its reasoning channel off (the main run) and on: neither condition changes
significantly (paired McNemar). (i) Per-model odds ratios and exact McNemar p for all eight contrasts; the pooled column is the
DerSimonian-Laird random-effects estimate.

1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141

1142
1143
1144
1145
1146
1147
1148
1149
1150
1151

1152
1153

1154
1155

1156

1157

1158

1159

1160



1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187
1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199
1200
1201
1202
1203
1204
1205
1206
1207
1208
1209
1210
1211
1212
1213
1214
1215
1216
1217

1218

Supplementary Material for “Permission, Not Nullability: Why LLMs Fabricate Missing Values in Structured Output”

WWW ’27, May 10-14, 2027, Dublin, Ireland

JSON, no license JSON + license prose  prose+lic
Model PLAIN NULL REQ-LIC  NULL+LIC IMP LIC
DeepSeek 22/25 8/24 3/42 2/42 6/25 2/24
Mistral 17/32 11/32 4/42 2/42 5/30 1/31
Qwen 19/25 12/25 3/42 — 5/23 0/24
Llama 30/42 27/42 6/42 4/42 10/42 2/41
Pool 88/124 58/123 16/168 8/126 26/120 5/120
Rate 71% 47% 10% 6% 22% 4%

Table S5: Raw leak counts (bad/total) per model per condition, strict scoring (§B.5), grouped by scoring/format. JSON conditions
(PLAIN/NULL/REQ-LIC/NULL+LIC) are strict-rule-scored and hand-audited; prose conditions (1tMP/LIc; and INT, omitted here for
space, 14/123=11%) are cross-family-LLM-judge scored (§B.5). LIC is imperative prose+license (4%) — distinct from the JSON
NULL+LIC (6%; the run’s original labels gave 9%). NULL+LIC is 3 models (the Qwen run did not complete). Unparseable returned
outputs are scored ABSTAIN (not excluded); n varies by coverage — unlicensed cells come from partial sweeps (23-42), REQ-

LIC/NULL+LIC are complete (n=42).

Model INT IMP LIC

PLAIN NULL REQ-LIC NULL+LIC

k/n % CIL k/n % CI k/n % CI

k/in % CI k/n % CI k/n % CI k/n % CI

DeepSeek-V4-Pro  4/25 16 [6,35]  6/25 24 [11,43] 2/24 8 [2,26] 22/25 88 [70,96]  8/24 33 [18,53] 3/42 7 [2,19] 2/42 5 [1,16]
Mistral-Large-3 4/32 12 [5,28] 5/30 17 [7,34] 1/31 3 [1,16] 17/32 53 [36,69] 11/32 34 [20,52] 4/42 10 [4,22] 2/42 5 [1,16)
Qwen2.5-72B 0/24 0 [0,14] 5/23 22 [10,42] 0/24 0 [0,14] 19/25 76 [57,89] 12/25 48 [30,67] 3/42 7 [2,19] — — —

Llama-3.3-70B 6/42 14 [7,28] 10/42 24 [13,39] 2/41 5 [1,16] 30/42 71 [56,83] 27/42 64 [49,77] 6/42 14 [7,28] 4/42 10 [4,22]
Pooled 14/123 11 [7,18] 26/120 22 [15,30] 5/120 4 [2,9] 88/124 71 [62,78] 58/123 47 [39,56] 16/168 10 [6,15] 8/126 6 [3,12]

Table S6: Main-panel rates with 95% Wilson confidence intervals, all seven conditions. Leak count k over covered scenarios
n, the rate in %, and the Wilson interval (in %). JSON cells are strict-scored from the raw traces, prose cells are judge-scored;
NULL+LIC was not run on Qwen (provider outage). The intervals make the ordering PLAIN > NULL > {REQ-LIC, NULL+LIC, LIC}
visible model by model: no model’s PLAIN interval overlaps its REQ-LIC interval.

McNemar p (per model)

Contrast DSP MST Q72 L70 Meta OR (p)

PLAIN>IMP <.001 .007 <.001 <.001 10.2(9.5x1077)
PLAIN>NULL <.001 .109 .016 .250  6.3(8.0x107%)
PLAIN>LIC <.001 <.001 <.001 <.001 27.0(2.1x107%)
NULL>LIC .031 .006 .001 <.001 13.0 (8.2><1077)

36.2 (5.6x1077)
7.1 (5.2x107°)

PLAIN>REQ-LIC <.001 <.001 <.001 <.001
NULL>REQ-LIC! 125 .039 .012 <.001

Table S7: Per-model McNemar and DerSimonian-Laird
random-effects meta (k=4 models; strict scoring; ORs ori-
ented so > 1 means the first condition leaks more). We do not
interpret I? (uninformative at k=4) and do not apply multiple-
comparison correction to these descriptive contrasts; the
strong rows (p < 10*) survive Holm correction, the weak
ones do not. "Decisive causal contrast: nullable-no-license
leaks 7.1x the odds of required-with-license (3/4 models; §4.2).
PLAIN>NULL is the weakest contrast (significant in only 2/4
models).

well; typing the field nullable yields "1600" instead of null; with
the license the same required field comes back null. Behavior is
item-dependent; Figure S1 reports aggregates.

11

Rent-amount: “my rent went up again this year” —
no amount given

“Idon’t have enough information to calculate your new monthly

INT (ask) rent. Could you tell me your previous rent amount....” (abstain)

IMP “To make the note accurate, I'll need your new monthly rent
amount. Could you tell me what it changed to?” (abstain)

LIC “New Monthly Rent Amount: [UNKNOWN]” (abstain)

PLAIN "rent_amount": 1650, with "landlord_name":
"Greenfield Properties LLC" (fabricate)
"rent_amount": "1600", with "landlord_name": "Mr.

NULL Anderson" (fabricate)

REQ-LIC "rent_amount": null (abstain)

Figure S2: Verbatim DeepSeek-V4-Pro outputs for one sce-
nario across six conditions (red = fabrication of an unpro-
vided value, green = abstention). In prose the model asks for
the amount; under required JSON it invents one, and making
the field nullable does not stop it, although it changes the
invented value. Only the license restores null, with the field
still required.

C.5 Where slot pressure is strongest

A pooled rate could come from a few templates. Three tables rule
that out and locate the residual the license leaves: by artifact family,
by the kind of missing detail, and by the form each abstention takes.
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Anon.

each cell over its own scenario set

per-model common intersection

Model | N
PLAIN NULL REQ-LIC  NULL+LIC PLAIN NULL REQ-LIC  NULL+LIC
DeepSeek-V4-Pro  22/25 (88%) 8/24 (33%)  3/42 (7%)  2/42(5%) 22/24 (92%) 8/24 (33%) 3/24 (12%) 2/24 (8%) 24
Mistral-Large-3  17/32 (53%) 11/32 (34%) 4/42 (10%) 2/42 (5%) 17/32 (53%) 11/32(34%) 4/32(12%) 2/32(6%) 32
Qwen2.5-72B 19/25 (76%) 12/25 (48%)  3/42 (7%) - 19/25 (76%) 12/25 (48%) 3/25 (12%) - 25
Llama-3.3-70B 30/42 (71%)  27/42 (64%) 6/42 (14%) 4/42 (10%) 30/42 (71%) 27/42 (64%) 6/42 (14%) 4/42 (10%) 42

Table S8: The 2 X 2 recomputed on each model’s common scenario intersection (strict re-scoring of the raw traces; §4.2). Left:
each cell over the scenarios its own run covered; right: all cells restricted to the scenarios present in every JSON cell for that
model, so the four marginals are mutually comparable. The strictness gap without a license (~ 25 points pooled) and its collapse
with one (<5 points) are unchanged by the restriction, as is the decisive diagonal.

By artifact family. Table S11 groups the 42 artifact types into
eight families. Required JSON fabricates at a majority rate in every
family, from 57% for calendar entries to 82% for messages. The
license brings six families to at most 10% and leaves a residual
in two, messages and announcements (8/20) and logs and records
(4/20). Both residuals come from a few scenarios rather than from
the family. In messages they are sam-rel and mia-rel, which ask
who Sam is and how the user is related to Mia; in logs they are
email-sent and invoice-paid, which ask whether something
was sent or paid. These are the kinds of detail that the next table
singles out.

By the kind of missing detail. Table S12 regroups the same out-
comes by the kind of detail the user never gave, and adds the native
tool calls and the closed-frontier panel. Every kind fabricates at a
majority rate under required JSON. All 16 fabrications that survive
the license in the main panel fall into three kinds: names and entities
(8), yes/no statuses (5) and dates (3). For amounts, identifiers, loca-
tions and the two open-ended fields the license brings fabrication
to zero. The other two panels show the same weak spots: yes/no
statuses and names are where the license helps least, and statuses
are the one kind on which every forced tool call fabricates (12 of
12). A status such as “sent” or “paid” has an obvious default value,
which may be why a permission to write null does not override it;
we have not tested this.

How models abstain. The strict rule has a single ABSTAIN label;
Table S13 opens it up. Under required JSON the few abstentions are
mostly soft: of 36 non-fabricating PLAIN outputs, 23 are placeholders
or hedge words and only 5 an explicit null. Once the schema allows
null or the prompt licenses it, abstention becomes explicit: 149 of
152 abstaining REQ-LIC outputs are null. One cell deserves a caveat.
12 NULL+LIC outputs did not parse (5 DeepSeek, 6 Mistral, 1 Llama),
and the strict rule counts them as abstention. Counting them as
fabrication instead would raise the pooled NULL+LIC rate from 6%
to at most 16%, still far below pLAIN.

C.6 Ruling out alternative explanations

Four alternative explanations are tested here: that the effect comes
from JSON syntax rather than from naming the slot, that the license
works through its salience rather than its content, that the prose
baseline differs from JSON in more than format, and that disabling
deliberation creates the effect. A fifth, that the result is an artifact
of the scorer, is addressed in §B.5.
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Slot naming versus JSON syntax, per model. Table S14 splits the
format effect into two steps. Naming the missing field in a prose
request (IMP+FIELDS) raises pooled fabrication from 22% to 49%;
switching the same request to JSON (PLAIN) raises it to 70%. The
first step is significant for DeepSeek (p =.021) and Llama (p =.008)
but not for Mistral (p =.453); the second is significant for DeepSeek
(p=.021) and Mistral (p =.022) and borderline for Llama (p =.077).
Both steps therefore contribute, the first more on average but not
in every model. The second step also crosses scorers (judge for
IMP+FIELDS, strict rule for PLAIN), so only the first is a within-
instrument comparison.

The salience control in full. If the license worked only because it
is a late, imperative, explicit sentence, then a sentence matched to
it in position, form and length but carrying no permission (SHAM)
should work as well, and moving the license to the start of the
prompt should weaken it. Table S15 shows that neither happens in
any of the three families. The sham fabricates as much as PLAIN or
more (DeepSeek 74% to 79%, Mistral 71% to 85%, Command-A 71%
to 85%); both license placements cut fabrication with p <107* in
every family; and early and late placement never differ.

What the sham does and does not show. The sham asks for a date
format (“Use ISO 8601 for any date or time you write”), which could
itself invite a value, and it raises fabrication slightly (63 — 74%
on the generalization panel). We therefore read it only as showing
that a sentence of the same length and position without permission
does not help; the evidence that the license works by its content
also rests on its paraphrases (Table S30) and on its working at either
end of the prompt.

Why not just interrogative framing? The interrogative rate (11%)
is modestly lower than free-form imperative (22%), but this pairwise
contrast is not significant across frontier models (meta OR 2.1,
p=0.060, I>=0%). The dominant effect is the format (free prose vs.
required JSON), not the surface speech act (question vs. command).
Prior work [14] finds interrogative vs. imperative framing affects
safety refusal; our results suggest this effect shrinks for frontier
models on epistemic abstention and is dwarfed by the structured-
format effect. (In the main-panel runs neither prose prompt carries
an abstention instruction: the “say so if absent” clause of an earlier
pilot was removed from INT, so INT-vs-IMP isolates the speech act;
App. B.4 gives the exact strings.)

Robustness to reasoning. DeepSeek-V4-Pro is the highest-leaking
model; for tractability our main run disabled its thinking channel.
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McNemar DL meta

Contrast Model b e n ? or 95% CI p
DeepSeek 17 1 25 1x107*

Format: PLAIN>IMP g[vlszfl 12 3 ;g 2X1‘89Z 102 [4.0,258] 9.5%1077
Llama 20 0 42 <1075
DeepSeek 14 0 24 1x1074

Nullability: PLAIN>NULL gi:Zfl 3 (2) zi (1)(1)2 6.3 [2.2,185] 8.0x107*
Llama 30 42 .250
DeepSeek 20 0 24 <107

Format + license: PLAIN>LIC I\QAvi:Zfl 1; g 3411 zig:: 27.0 [8.5,85.6] 2.1x1078
Llama 29 1 41 <107
DeepSeek 6 0 24 .031

Nullable vs. prose license: NULL>LIC gi:Zfl 11 (1) ;i 82? 13.0 [4.7,36.1] 8.2x1077
Llama 26 1 41 <107°
DeepSeek 19 0 25 <107

License on required: PLAIN>REQ-LIC gviszzﬂ 12 g 3? 2:13:2 36.2 [8.9,147] 5.6x1077
Llama 24 0 42 <107°
DeepSeek 6 1 24 125

Decisive causal: NULL>REQ-LIC' gvisz;al 12 1 3? giz 7.1 [2.7,182] 5.2x107°
Llama 21 0 42 <107°
DeepSeek 2 1 24  1.000

Schema w/ license: REQ-LIC>LIC I\Q/lifzfl : (1) ;‘11 ;Z(S) 3.05 [1.1,8.5] .033
Llama 51 41 219
DeepSeek 4 2 25 688

Frame: IMP>INT (1.5.) gvlszfl 2 (1) 22 gzg 2.08 [0.97,4.5] .060
Llama 9 5 42 424

Table S9: Complete per-model and meta-analytic statistics, strict scoring. b=#{A=1,B=0}, c=#{A=0, B=1}. McNemar tests are
exact two-tailed; meta-analysis is DerSimonian-Laird random-effects. ORs are oriented so >1 means the first (left) condition
leaks more; consistent with Table S7. The format effect and both license contrasts are significant in 4/4 models; the decisive
causal contrast (NULL leaks 7.1X REQ-LIC) in 3/4; nullability (the weakest) in 2/4. We do not interpret I at k=4 and apply no
multiple-comparison correction; strong rows survive Holm, weak ones do not.

As a robustness check we re-ran it with reasoning enabled: required
JSON still fabricates 95% (vs 88% thinking-off) and the license still
fixes it (5%). The effect is therefore not an artifact of disabling
deliberation — if anything, reasoning slightly raises it.

Runs outside the panels. Table S16 collects three runs that belong
to no panel. Llama-4-Scout-17B, run in the same sweep as the main
panel, shows the same ordering at lower levels (PLAIN 64%, NULL
57%, IMP 28%, LIC 8%). DeepSeek-V4-Pro with its reasoning channel
switched on fabricates 95% under required JSON and 5% with the
license; neither differs significantly from the reasoning-off run on

the paired scenarios, so deliberation does not remove slot pressure.

The Gemini-3-Flash pilot returned four scenarios before its quota
ran out and is listed only for completeness.
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Chapter C in brief

e Pooled over the main panel, required JSON fabricates 71%
[62, 78] of the time, against 22% for the same task in prose
and 10% [6, 15] once the license is added; in every model
the PLAIN and REQ-LIC intervals are disjoint (Table S6).

e The 2 X 2 reads the same on a common scenario set: 72%
required, 47% nullable, 13% required with the license and
8% nullable with it (Table S8).

o The effect is not carried by a template. Required JSON fab-
ricates at a majority rate in every artifact family and for
every kind of detail; what the license leaves behind is names,
yes/no statuses and dates, and one scenario, sam-rel, fab-
ricates under the license in every model (§C.5).
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REQ- NULL+

INT IMP LIC PLAIN NULL LIC LIC %
Scenario DMQL DMQL DMQL DMQL DMQL DMQL DMQL fab.
dentist-date . 2/24
interview-date . . 8/27
mia-rel .. . 13/27
followup-date . . 10/26
status-sent . 8/27
passport-expire 2/25
trip-dates 2/26
lease-end . 6/27
san-rel | EEEE EE B
rent-amount 3/27
overbudget-amt 11/27

EE HEE W
. . 10/27

email-sent

invoice-paid . . . .

sales-cause .. 6/27
conf-city . 6/27
car-model 2/27
meeting-time . 5/27
doctor-name . . . 7/27
budget-amount . 3/27
flight-num 1/27
med-name 2/26
conf-decided-where . .. . 6/27
manager-name . .. 4/27
event-date 0/27
ticket-priority .. . .... .. .. 11/24
invoice-amount . . . . . 5/17
recipe-servings . . . . . 5/17
commit-issue . . . . . . 6/17
flight-seat . . . . . 5/17
meeting-room . . . . 4/17
subscription-price . . . 3/17
contract-term . . . 3/17
med-dose 0/13
workout-weight . . . 3/12
po-number . . . 3/12
slack-channel . . . . 4/12
event-headcount . . . 3/12
loan-rate . . 2/12
gift-budget . . . 3/12
hotel-nights . . 2/12
thermostat-temp . . 2/12
router-pass . . 2/12
Fabricated (%) 16 12 0 14 24 17 22 24 8 3 0 5 ] 3@ 7 w0 7 14 5 s 10 24%

Table S10: Every scenario, every model, every condition (main panel; strict scoring). Each tile is one output: ll the model
asserted a concrete value for the never-provided field; it abstained (null, placeholder, hedge, omitted key or unparseable
output), shown where the prompt carried the license; — the run did not cover the scenario (partial sweep or provider outage).
Within each condition the columns are D = DeepSeek-V4-Pro, M = Mistral-Large-3, Q = Qwen2.5-72B, L = Llama-3.3-70B. The
last column counts each scenario’s fabrications over the cells it covers and the bottom row gives each column’s fabrication rate,
both shaded by size. Prose conditions (INT/IMP/LIC) carry the cross-family judge label; JSON conditions are re-scored from the
raw trace with the released strict rule, which reproduces every count reported in the main text except NULL+LIC (strict: 2/2/4 of
42, the 6% of Table 2; the run’s original labels give 2/4/5, or 9%).
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Artifact family #scen. INT IMP LIC PLAIN NULL REQ-LIC NULL+LIC
Calendar / scheduling 0/29(0%)  3/28 (11%)  0/29 (0%) 17/30 (57%) 11/30 (37%)  1/32 (3%)  1/24 (4%)
Reminders 1/17 (6%) 0/15(0%)  0/16 (0%) 12/17 (71%)  4/17 (24%)  2/20 (10%)  1/15 (7%)
Messages & announcements 4/17 (24%)  3/17 (18%)  2/17 (12%) 14/17 (82%) 13/17 (76%)  8/20 (40%)  4/15 (27%)
Logs & records 3/15 (20%) 4/15(27%)  2/15(13%) 12/15(80%)  7/15 (47%) 4/20 (20%)  2/15 (13%)

(
(
Invoices & contracts 1/4 (25%) 1/4 (25%) 0/4 (0%) 3/4 (75%) 3/4 (75%) 0/8 (0%) 0/6 (0%)
Lists & orders 1/4(25%)  3/4(75%)  0/4(0%)  3/4(75%)  3/4(75%)  0/12(0%)  0/9 (0%)
1/32(3%)  7/32(22%) 1/32(3%) 24/32(75%) 14/32(44%)  1/48 (2%)  0/36 (0%)

All 42 14/123 (11%) 26/120 (22%) 5/120 (4%) 88/124 (71%) 58/123 (47%) 16/168 (10%) 8/126 (6%)

8
5
5 (
5 (
Tickets & approvals 2 3/5(60%) 5/5 (100%) 0/3 (0%) 3/5 (60%) 3/4 (75%) 0/8 (0%) 0/6
2 (
3 (
2

Notes & summaries 1

Table S11: The effect and the fix are not template-specific: leak counts by artifact family (pooled over the four main-panel models;
k/n with n = covered scenarioxmodel cells). Families group the 42 artifact types of Table S3 (calendar events/entries/blocks
and meeting invites; reminders; messages, Slack announcements and thank-you notes; log entries and records; tickets and
approvals; invoices and contracts; ingredient lists, catering and booking orders; all other notes). Required JSON leaks at a
majority rate in every family; the license brings six families to <10% and leaves a residual in messages (40%) and logs (20%).

main panel (4 models) native tools (4) closed panel (3)

Missing-field kind #scen.  INT IMP LIC PLAIN NULL REQ-LIC NULL+LIC TOOL TOOL+LIC PLAIN REQ-LIC
date/time g 130 129 0530 2032 832 3/32 2/24 17/32 7/30 8/24  0/24
% (% (0% (62%) (25%)  (9%) (8%) (53%) (3%  (33%)  (0%)

) 2/28  9/27  0/27 21/27 16/27  0/56 0/42 35/55 15/44  20/42  1/42
amount/quantity 14 ;o) 330y (o) (78%) (59%)  (0%) 0%  (64%)  (34%)  (48%)  (2%)
. 4/25  3/24  2/25 18/25 13/25  8/28 4/21 21/28 17/23 1121 4/21

name / entity 76w (12%)  (8%) (72%) (52%) (29%)  (19%)  (75%)  (74%)  (52%)  (19%)
dentifier / cod s 210 210 010 710 610  0/20 0/15 13/20 6/15 6/15  0/15
1dentihier /- code (20%) (20%) (0%) (70%) (60%)  (0%) (0%) (65%)  (40%)  (40%)  (0%)
location 5 010 210 010 710 710 0/12 0/9 7/12 3/9 5/9 0/9
0% (20%) (%) (70%) (70%)  (0%) (0%) (58%)  (33%)  (56%)  (0%)

2/12  3/12  3/12 10/12 5/12  5/12 2/9 12/12 5/10 8/9 5/9

status (yes/no) 3 1% @5%) (25%) (83%) (42%) (42%)  (22%)  (100%)  (50%)  (89%)  (56%)
. 3/8 6/8  0/6  5/8 3/7 0/8 0/6 5/8 3/6 5/6 0/6

cause / priority 2 (38%) (15%) (0% (62%) (43%) (0% (0%) (62%)  (50%)  (83%)  (0%)
All 4o 14123 26/120 5/120 88/124 58/123 16/168 /126  110/167 56/137  63/126 10/126

(1%)  (22%) (4% (71%) @7%) (10%)  (6%)  (66%)  (41%)  (50%)  (8%)

Table S12: Leak counts by the kind of detail that was never provided, pooled over models (k/n). Kinds partition the 42 missing
fields: dates/times, amounts and quantities (money, doses, counts, rates, temperatures, durations), names and entities, identifiers
and codes (flight, seat, PO, issue numbers, a password), locations, yes/no statuses, and two open-ended fields (a root cause, a
priority). Required JSON fabricates at a majority rate for every kind. The license removes fabrication almost entirely for dates,
amounts, identifiers, locations and open-ended fields, but two kinds resist it: yes/no statuses, where a definite “sent”/“paid”
survives the license in 42% of main-panel cells and 56% of closed-panel cells, and names, where it survives in 29% and 19%. Native
tool calls show the same profile, with statuses fabricated in every call.

e Naming the missing field in prose already raises fabrication
from 22% to 49%, and JSON syntax takes it to 70%; a sentence
matched to the license but carrying no permission does not
help (§C.6).
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Model Cond. n leak null placeholder hedge empty key omitted unparseable leak %
DeepSeek-V4-Pro  PLAIN 25 22 0 1 1 0 0 1 88%
NULL 24 8 16 0 0 0 0 0 33%
REQ-LIC 42 3 39 0 0 0 0 0 7%
NULL+LIC 42 2 35 0 0 0 0 5 5%
Mistral-Large-3 PLAIN 32 17 4 3 2 1 0 5 53%
NULL 32 11 15 3 0 0 0 3 34%
REQ-LIC 42 4 38 0 0 0 0 0 10%
NULL+LIC 42 2 34 0 0 0 0 6 5%
Qwen2.5-72B PLAIN 25 19 0 1 4 1 0 0 76%
NULL 25 12 12 1 0 0 0 0 48%
REQ-LIC 42 3 38 1 0 0 0 0 7%
Llama-3.3-70B PLAIN 42 30 4 7 0 0 0 71%
NULL 42 27 9 2 4 0 0 0 64%
REQ-LIC 42 6 34 0 2 0 0 0 14%
NULL+LIC 42 4 37 0 0 0 0 1 10%
Pooled PLAIN 124 88 5 9 14 2 0 6 71%
NULL 123 58 52 6 4 0 0 3 47%
REQ-LIC 168 16 149 1 2 0 0 0 10%
NULL+LIC 126 8 106 0 0 0 0 12 6%

Table S13: How each model abstains under each JSON condition (strict-rule categories on the raw traces). A leak is a concrete
value; every other column is scored as abstention: an explicit null, a bracketed/templated placeholder ([Last Namel, <date>,
“Manager’s Name”), a hedge word from the fixed abstention set (TBD, pending, unknown), an empty string, the key omitted from the
object, or unparseable output. The license changes not only whether a model abstains but how: under PLAIN, what abstention
there is comes mostly as placeholders and hedges; once null is allowed or licensed, abstention is almost entirely the explicit
null a schema consumer can act on.

leaks k/n (%) McNemar b/c (n paired), exact p
Model MP +FIELDS P
MP IMP+FIELDS PLAIN NULL REQ-LIC  NULL+LIC VS +FIELDS VS PLAIN VS PLAIN

DeepSeek-V4-Pro  6/25 (24%)  26/42 (62%) 22/25 (88%) 8/24 (33%)  3/42(7%)  2/42(5%) 1/9 (n=25).021 1/9 (n=25).021 1/17 (n=25) <1073
Mistral-Large-3  5/30 (17%) 14/42 (33%) 17/32 (53%) 11/32 (34%) 4/42 (10%) 2/42 (5%) 2/5(n=30) 453 2/11(n=32).022 2/13 (n=30).007
Llama-3.3-70B  10/42 (24%) 22/42 (52%) 30/42 (71%) 27/42 (64%) 6/42 (14%) 4/42 (10%) 3/15 (n=42) 008 4/12 (n=42) .077 0/20 (n=42) <10~*

Pooled (3) 21/97 (22%) 62/126 (49%) 69/99 (70%) 46/98 (47%) 13/126 (10%) 8/126 (6%)

Table S14: Decomposing the format effect, per model. IMP+FIELDS is an imperative prose request that enumerates the same field
names (including the missing one) but is not JSON; it isolates slot-naming from JSON syntax. Naming the absent slot in prose
accounts for most of the inflation on average (22% — 49% of the pooled 22% — 70%) but not in every model: on Mistral that step
is the smaller one and not significant (iIMmp—1MP+FIELDS: DeepSeek p=.021, Llama p=.008, Mistral p=.45). JSON syntax adds a
further step (IMP+FIELDS—PLAIN: p=.021/.022/.077). IMP/IMP+FIELDS are judge-scored, JSON columns strict-scored (§4.1); paired
tests use the scenarios common to both cells. The same control run produced the NULL+LIC cell.
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1857 leaks k/n (%) [95% CI] McNemar b/c, exact p 1915
1858 Model PLAIN PLAIN PLAIN SHAM LATE 1916
PLAIN LIC-LATE ~ SHAM-LATE LIC-EARLY VS SHAM VS LIC-LATE VS LIC-EARLY VS LIC-LATE VS EARLY

1859 1917
31/42 (74%) 2/42 (5%) 33/42 (19%) 4/42 (10%) L i L

1860 DeepSeek-V4-Pro [59,85] [1,16] [64, 8] [4,22] 1/3.625 29/0 <10 27/0 <10 31/0 <10 0/2.500 1918

1861 ) 30/42 (71%) 4/41(10%) 35/41(85%) 5/42 (12%) . ) L 1919

1562 Mistral-Large-3 56, 83] [4,23] [72,93] [5,25] 2/7 .180 26/0 <10 25/0 <10 32/1 <10 0/1 1.000 100
29/41 (71%) 4/41(10%) 35/41(85%) 4/41 (10%) L i L

1863 Command-A [56,82] [4,23] [72,93] [4,23] 0/6 .031 25/0 <10 24/0 <10 30/0 <10 1/1 1.000 1921

1864 1922

Table S$15: Salience-matched control: raw counts, confidence intervals and all pairwise tests (three model families, strict scoring,
n=41-42). SHAM-LATE is a non-normative imperative matched to the license in slot, form and length (“Use ISO 8601 for any
date or time you write, and do not abbreviate any field name”); LIC-EARLY is the same license moved to the top of the prompt.
In no family does the sham reduce fabrication: it is statistically indistinguishable from PLAIN on DeepSeek and Mistral and
significantly higher on Command-A (p=.031); both license placements beat pLAIN at p < 10™* everywhere, and early vs. late
placement never differs. Salience explains none of the effect.

1865 1923

1866 1924
1867 1925
1868 1926

1869 1927

1870 1928
1871 1929
1 Run Cond. k/n (%) 95% CI  paired test 10
1873 1931
1874 Llama-4-Scout-17B (Groq) INT 10/39 (26%) [15,41] — 1932
1875 IMP 11/40 (28%) [16,43] — 1933
1876 LIC 3/40 (8%) [3,20] — 1934
- PLAIN 27/42 (64%) [49,77] — 1o
NULL  24/42 (57%) [42,71] —
1878 1936
1879 DeepSeek-V4-Pro, thinking on ~ PLAIN  40/42 (95%) [84,99] vs. thinking off: 2/1 (n=25), p=1.000 1937
1850 REQ-LIC  2/42 (5%) [1,16] vs. thinking off: 1/2 (n=42), p=1.000 1938
1881 Gemini-3-Flash (pilot, excluded) INT 0/4 (0%) [0,49] — 1939
1882 IMP 0/4 (0%) [0,49] — 1940
1883 LIC 0/3 (0%) [0,56] — 1941
1884 PLAIN 3/4(75%)  [30,95] — 1942
1885 NULL 1/4 (25%) [5,70] — 1043
188s  Table S16: Additional behavioral runs not in the main panel. Llama-4-Scout-17B was run in the same framing sweep as the 1944
187 main panel (five conditions, judge/strict scoring as elsewhere) and shows the same ordering at a smaller scale; it is omitted 1945
1888 from the panel because it is a fifth model from a developer already represented. The DeepSeek thinking-on re-run (App. C.6) 1946
1889 uses the run’s own labels and is compared, paired by scenario, with the thinking-off cells: required JSON fabricates slightly 1947
1890  more with reasoning enabled and the license still removes it. The Gemini-3-Flash pilot returned four scenarios before its quota 1948
1891 was exhausted and is shown only for completeness. 1949
1892 1950
1893 1951
1894 1952
1895 1953
1896 1954
1897 1955
1898 1956
1899 1957
1900 1958
1901 1959
1902 1960
1903 1961
1904 1962
1905 1963
1906 1964
1907 1965
1908 1966
1909 1967
1910 1968
1911 1969
1912 1970
1913 1971

1914 17 1972
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D How General Is It: Other Models, Interfaces and Settings

The replications behind §5 of the main text: the closed frontier and native tool calls on the main panel, every run of the generalization panel (models,
languages, real dialogues, native tools, external benchmarks, salience, examples, paraphrases and sampling), and the checks that the license is safe when the

detail is present.

In this chapter

D.1 Other model families and interfaces . . . . . . . . . . . . . L Lo L L e e e e e 18
D.2 Generalization runsin full . . . . . . . . L L L L e e e e s 18
D3 Isthefixsafe?. . . . . . . . L L L e e e e e 20
Model (developer) PLAIN NULL REQ-LIC NULL+LIC scenarios still fabricate in at least three families when the license
e e e sits in the parameter description.

Pooled (k=4) 1% 47%  10% 6%

this replication (w42 each) .Native function cal.lin{g. Table. S'20 replac.es the prompted JSON
Command-A (Cohere) 60%  40%  10% s Wlth. a real tool: the missing detail is a requi red. parameter and the
GPT-5.1 (OpenAl) 0%  40% 10% 5% call is forced. Pooled, 110 of 167 calls (66%) fabricate the argument,
Claude Sonnet 5 (Anthropic)  21% _ 50 29, from 40% for Qwen to 95% for Llama, which fabricates more than

Table S17: The effect replicates on closed frontier models.
Fabrication % under the same four JSON conditions, strict
scoring. PLAIN>REQ-LIC is significant in all three (Command-
A p<1075, GPT-5.1 p<10~°, Claude p=.016), and the decisive
causal contrast NULL>REQ-LIC in the two where it is testable
(Command-A p = 9.8x107%, GPT-5.1 p = 2.4x107%). Claude’s
NULL cell is withheld (=): 29% of its outputs there were trun-
cated before the closing brace and our strict rule scores un-
parseable output as ABsTAIN, which would understate its rate.

D.1 Other model families and interfaces

The main text reports the closed-frontier replication (§5) and the
native tool-calling runs (§5) in summary form. This section gives
both in full.

The closed-frontier panel in full. Table S18 gives each closed-
frontier cell with its interval and truncation count, and every paired
test. Command-A and GPT-5.1 reproduce the whole 2 X 2: required
JSON fabricates 69% and 60%, the license cuts both to 10%, and
the decisive nullable-versus-licensed contrast is significant in both
(p <.001 and p=.002). Claude Sonnet 5 fabricates far less at baseline
(21%); the license still helps (p =.016), but its NULL cell cannot enter
the comparison because 12 of its 42 outputs were truncated. Two
further runs are listed so that no run is hidden and are not used:
Nemotron-3-Ultra covered only 10 scenarios, and every Gemini-2.5-
Pro output was truncated, so its zeros are an artifact rather than
abstention.

Closed models and tool calls, scenario by scenario. Table S19 ex-
tends the same view to the three closed-frontier models and to the
native function-calling runs. Claude’s NULL block is dominated by
truncated outputs (A, 12 of 42), which is why that cell is withheld
from Table S17; its other blocks contain 4, 1 and 1. The scenario
that resists the license in the open panel resists it here too: sam-rel
fabricates under REQ-LIC in all three closed models. Forced tool
calls fabricate in all four families on 13 of the 42 scenarios, and six
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it does in prompted JSON. Placing the license in the parameter
description lowers the pooled rate to 41%; the drop is significant
for DeepSeek, Mistral and Llama and untestable for Qwen, where
only 11 calls returned a scorable argument. The same sentence
at prompt level reaches 7-14% (Table S6), so where the license is
placed matters as much as whether it is given.

D.2 Generalization runs in full

Section 5 summarizes the generalization runs: models, languages,
dialogues and benchmarks the main panel does not cover. All of
them were called through each developer’s own API or a direct
inference host, never through an aggregator, at temperature 0. Rea-
soning models were given a larger token budget when a reply was
cut off, and a cut-off reply was re-generated rather than scored;
DeepSeek models ran with thinking disabled, as in the main panel.
JSON outputs are scored by the same strict rule as the main text.
Prose outputs are labeled by two judges from families other than
the model’s (two of Mistral-Small, Qwen3.6-35B and Gemini-3.1-
Flash-Lite), majority vote, with ties reported as split and dropped.
Two providers stopped serving during the week of the runs: Fire-
works suspended the account, so the models it served (GLM-5.3,
Qwen3.8-Max, Kimi-K3, MiniMax-M3) appear only in the stages
that had finished, and DeepSeek’s balance ran out, which ends
DeepSeek’s later cells early. Every table states its own model count
and denominators.

Table S21 is the synthetic set on the new API models; Tables S22
and S23 are the real dialogues and the three translations; Table 524
is native function calling; Tables S25 and S26 are the two exter-
nal benchmarks, run with each benchmark’s own items and, for
PhantomFill, its own scorer. Figure S4 collects the controls and
deployment settings from the main panel that these runs extend.
PhantomFill’s escape schema differs from its required one in two
ways: the field may be null, and the schema carries a comment
saying when to use it (“null if no reply text is available”). That
comment is itself a permission, which is why we read its strong
result as consistent with the normative account rather than against
it.
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2089 X X . . . 2147
a Six scenarios, one model (Mistral-Large-3): the value written for the field the user never gave
2090 2148
2001 verbatim from the run files; red = a concrete value (fabrication), blue = null; the last card is a scenario where the license fails 2149
)
2092 N ' : ) - ’ 2150
“The interview ran long; “My flight got delayed, “We set the marketing “File a Jira ticket “Post an announcement “Remind me to pay the
2093 they kept drilling into classic.” budget in the meeting about the login page about Friday's office electricity invoice this 2151
2094 system design.” today.” crashing on Safari.” closure on Slack.” week.” 2152
2095 “Second round is s
2096 probably next week.” 2154
2097 2155
2008 missing: date missing: flight number missing: amount missing: priority missing: target channel missing: payment status 2156
2099 required required required required required required 2157
2100 2023-11-15 AA1234 50000 High #general unpaid 2158
2101 + license + license + license + license + license + license 2159
2102 null null null null null unpaid 2160
2103 2161
o Real diall t before th i th | aez
q Av A q eal dialogues cut before the user gives the value
2105 b One family, six sizes: the Mistral ladder c 9 9 2163
. . - . ooled over panel models; 60 MultiwOZ + 60 SGD dialogues .
2106 strict rule, 42 scenarios; Ministral-3B to Mistral-Large p p ! * 9 2164
2107 60 2165
2108 100 9 ® required @® +license required + license . 2166
lable B nullable + license < nullable I nullable + license
2109 n < 40 38 2167
S
2110 = 2168
80 8
2111 5 20 2169
8
2112 2170
—_ 0
2113 T 60 1 2171
2114 = MultiwOozZ SGD 2172
2115 K o 2173
k) d When the value is given, it is kept
2116 2 40 4 2174
h detail injected into the transcript; share of outputs per condition, pooled
2117 2175
218 required nulled 0% 2176
2119 20 2177
2120 + license nulled 3% 2178
212 nullable + lic. nulled 5% 2179
2122 ® T T T T T T 2180
2123 Ministral-3B Ministral-8B Ministral-14B  Small Medium Large-3 m kept the value mnulled it m other value 2181
2124 2182
2125 2183
2126 e Other groups' benchmarks, their own items f What the license leaves, by kind of missing detail 2184
2127 PhantomFill: unanswerable fields; When2Call: a tool argument is missing pooled over the 18 panel models; required JSON (red) and + license (blue) 2185
2128 2186
2129 . 2187
required
2130 . 2188
their 'do not infer' date/time
2131 2189
2132 our license . 2190
amount / quantity
2133 their escape schema 2191
2134 escape + license name / entity 2192
2135 I T T T T T 2193
2136 © 20 X . GOA S0 100 identifier / code 2194
PhantomFill: fabricated (%)
2137 2195
2138 location 2196
2139 9 2197
issi i 48%
2140 missing arg., plain o status (yes/no) 2108
2141 missing arg., + license 33% 2199
cause / priority
2142 call needed, plain 95% 2200
2143 q o, 1 2201
call needed, + license 89% o 20 40 60 80 100
2144 I T T T T T fabrication (%) 2202
abrication (%,
145 0 20 40 60 80 100 2203
When2Call: calls a tool (¥
146 en2Call: calls a tool (%) 10 2204

Figure S3: Further measurements in one place. (a) Six scenarios with Mistral-Large-3’s verbatim value for the field the user never
gave, under required JSON and with the license; in the last the license fails. (b) One family across six sizes, the Mistral ladder,
under required JSON, nullable and licensed conditions. (c) Real MultiWOZ and SGD dialogues cut before the user gives the
value. (d) With the value given, the share of outputs that keep it, null it or write another value. (¢) PhantomFill and When2Call
on their own items. (f) What the license leaves, by kind of missing detail, pooled over the panel models.
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PLAIN NULL REQ-LIC NULL+LIC McNemar b/c and exact p
Model PLAIN NULL PLAIN REQ-LIC
k/m CI t. k/m CI tr. k/n CI tr. k/m ClI tr. >REQ-LIC >REQ-LIC >NULL VS NULL+LIC

Command-A 29/42 [54,81] 0 17/42 [27,56] 0 4/42 [4,22] 0 2/42 [1,16] 0 25/0 < 107% 14/1 <1073 13/1.002 2/0 .500
GPT-5.1 25/42 [44,73] 1 17/42 [27,56] 1 4/42 [4,22] 0 2/42 [1,16] 0 22/1< 107%  15/2.002 12/4.077 3/1.625
Claude Sonnet 5 9/42 [12,36] 4 3/42 [2,19] 12 2/42 [1,16] 1 1/42 [0,12] 1 7/0.016  1/01.000 6/0.031  1/0 1.000
Nemotron-3-Ultra-550B  5/10 [24,76] 5 2/10 [6,51] 4 0/10 [0,28] 6 0/10 [0,28] 6  5/0.062 2/0 500 4/1.375  0/0 1.000
Gemini-2.5-Pro¥ 0/21 - 21 0/21 — 21 0/21 - 21 0/21 — 21 - — - -

Table S18: Closed-frontier replication: complete statistics. For each of the four JSON conditions: leak count k over scenarios n,
95% Wilson CI (%), and the number of outputs truncated before the closing brace (tr.; strict rule scores these as abstention). Right:
exact two-tailed McNemar tests paired by scenario (b = first condition leaks and second does not, ¢ = reverse). Command-A and
GPT-5.1 reproduce the full 2 x 2 pattern of the main panel, including the decisive NULL>REQ-LIC contrast. Claude Sonnet 5
shows the format effect at a far lower base rate; its NULL cell has 12 truncations, so that contrast is at floor. Nemotron-3-Ultra is
a partial free-tier run (n=10). *Gemini-2.5-Pro is discarded: every output was truncated (reasoning consumed the budget), so its

zeros are an artifact, not abstention.

Figure S3 collects several of these measurements in one place,
with real outputs.

D.3 Is the fix safe?

A license to write null is useful only if it does not also discard
details the user did give. Three analyses measure that cost: a detail-
present arm, a benchmark that scores both errors in the same cells,
and the licensed model’s own probability of abstaining.

Does the license discard provided details? For Table S32 the miss-
ing detail is injected into the transcript and REQ-LIC is run again.
Of 126 outputs, 99 reproduce the provided value exactly or up
to formatting, 22 emit a different value (mostly normalizations
such as $2,800—2800) and 5 wrongly return null (4%). The
wrong nulls are concentrated: three of the five are one scenario,
status-sent, nulled by all three models, and the other two are
dates (interview-date, lease-end). Yes/no statuses are therefore
the one kind of detail where the license errs in both directions: it is
weakest at stopping fabrication (Table S12) and it is the kind most
often discarded when provided.

Two axes at once. Every other table measures one axis, fabrication
when the detail is absent. A system that answers null to everything
would score perfectly on it. Table S33 runs the same four format-
by-license cells on both arms and reports the second axis too. Read
the rows in pairs: with the license, JSON keeps over-abstention at
2-8% while prose discards a provided value 12-31% of the time, at
similar fabrication. Two cautions apply. The unlicensed prose rows
read 100% because this benchmark’s lexical prose scorer counts any
artifact that does not abstain as filled, so they are not comparable
to the judge-scored 1mp rate; and the Command-A rows cover only
13-14 scenarios. We report the table as a benchmark description,
not as a headline result.

The licensed model’s own confidence. Table S34 reads, for
DeepSeek under REQ-LIC, the probability that the first token of
the missing field is null. It averages 0.91 when the detail is ab-
sent and 0.02 when it is present, and thresholding it anywhere
between 0.01 and 0.99 reproduces the greedy decode exactly (9.5%
fabrication, 2.4% over-abstention). The licensed decision is nearly
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deterministic, so the residual fabrications are confident errors, and
recalibrating a threshold on this signal cannot remove them.

Chapter D in brief

e Command-A and GPT-5.1 reproduce the full 2 X 2; Claude
Sonnet 5 fabricates less at baseline (21%). On the main panel,
forced native tool calls fabricate 66% of the time, and a
license in the parameter description only lowers that to 41%
(§D.1).

o The license wrongly nulls 4% of details the user did give,
three of the five in one yes/no scenario, and licensed JSON
discards provided values less often than licensed prose
(§D.3).

e On 18 further API models, required JSON fabricates 63%
and the license brings it to 10%, lower in all 18 models;
the same ordering holds in Spanish, Chinese and Bengali
and on real MultiWOZ and SGD dialogues (Tables S21, S23
and S22).
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Scenario

dentist-date
interview-date
mia-rel
followup-date
status-sent
passport-expire
trip-dates
lease-end
sam-rel
rent-amount
overbudget-amt
email-sent
invoice-paid
sales-cause
conf-city
car-model
meeting-time
doctor-name
budget-amount
flight-num
med-name
conf-decided-where
manager-name
event-date
ticket-priority
invoice-amount
recipe-servings
commit-issue
flight-seat

meeting-room

subscription-price
contract-term
med-dose
workout-weight
po-number
slack-channel
event-headcount
loan-rate
gift-budget
hotel-nights
thermostat-temp

router-pass

Closed frontier, JSON Native tool calls
REQ- NULL+ TOOL+
PLAIN NULL LIC LIC TOOL LIC >
CGA CGA CGA CGA DMQL DMQTL fab.
1/20
7/20

1/20
EE B e
EEEE EEEE

. 1/20

. . 4/20
EEEEE N
=III B B ES

4/19

3/19
1/19
4/19

6/19

2/19
1/19
5/19
5/19
6/19
2/19

9/19
8/18

6/19
9/19
5/19
9/19
5/19
7/19
8/19
5/19
6/19

9/19
6/19

5/19

Fabricated (%)

[ 69 | 60 [0

40 40 10 10 5 5 5 2

[60] 68 g0 95

31|21 27 [135%

Table S$19: Per-scenario outcomes for the closed-frontier replication and the native function-calling runs. Tiles as in Table S10,

and [ an output truncated before the closing brace, which the strict rule scores as abstention. Left: the four JSON conditions
on C = Command-A (Cohere), G = GPT-5.1 (OpenAl) and A = Claude Sonnet 5 (Anthropic), strict scoring (n=42 each; the same

scenarios and prompts as the main panel). Truncations are concentrated in Claude’s NULL cell (§5), so its rate is withheld here,

as in Table S17. Right: forced native tool calls with the missing parameter marked required (Toor) and with the license in the

parameter description (TOOL+LIC);

no scorable call returned (Qwen TooL+LIC: provider credits). The last column counts each

scenario’s fabrications over the cells it covers and the bottom row gives each column’s fabrication rate, both shaded by size.
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TOOL (required param.) TOOL+LIC (param. description) McNemar
hocs kin(@  95%Cl  k/n(%) 95% CI D
DeepSeek-V4-Pro  25/42 (60%)  [44,73] 13/42 (31%) [19,46] 120 42 <1073
Mistral-Large-3 28/41(68%) [53,80]  9/42 (21%) [12,36] 211 41 <10
QOwen2.5-72B 17/42 (40%)  [27,56]  3/11(27%) [10,57] 200 11 .500
Llama-3.3-70B 40/42 (95%)  [84,99] 31/42 (74%) [59,85] 9/0 42 004
Pooled 110/167 (66%) [58,73] 56/137 (41%) [33,49] 44/1 136 <1074

Table $S20: Native function-calling APIs: counts, intervals and paired tests. Forced tool call with the missing parameter marked
required (TooLr) versus the same call with the abstention license placed in the parameter description (TooL+LIC); rows exclude
calls that returned no scorable argument (Qwen TooL+LIC: 31 such failures, provider credits). The description-level license

helps significantly in three of four families but leaves a 21-74% residual, far above the 4-10% of a prompt-level license (Table $6).

Per-field-kind tool rates are in Table S12.

The 2 X 2 and its prose reference (fabrication %) Other conditions NULL VS REQ-LIC

Model Vendor IMP PLAIN NULL REQ-LIC NULL+LIC INT LIC IMP+FIELDS b/c P
Qwen3.8-27B Alibaba 3 64 36 10 5 5 3 46 12/1 .003
Qwen3.8-Max Alibaba 35 50 42 6 3 6 4 43 10/0 .002
Command-A-Plus Cohere 34 74 60 3 310 3 58 16/0 <.0001
Command-R7B Cohere 20 92 90 59 60 25 11 59 12/1 .003
DeepSeek-Flash DeepSeek 8 50 31 5 7 3 3 24 8/0 .008
DeepSeek-V4-Pro DeepSeek 31 79 41 8 5 11 8 92 14/1 <.001
Gemini-3.1-Flash-Lite  Google 14 67 52 12 7 10 3 52 18/1 <.0001
Gemma-4-31B Google 13 52 40 5 2 2 0 45 15/0 <.0001
Ministral-14B Mistral 8 60 45 14 5 5 5 40 15/2 .002
Ministral-3B Mistral 22 50 48 12 12 8 11 44 16/1 <.001
Ministral-8B Mistral 22 64 48 10 2 10 8 32 19/3 <.001
Mistral-Large-3 Mistral 22 81 50 10 7 8 5 32 18/1 <.0001
Mistral-Medium-3.5 Mistral 22 57 31 7 5 10 3 40 11/1 .006
Mistral-Small Mistral 29 86 52 12 5 18 10 48 18/1 <.0001
gpt-0ss-120B OpenAl 24 67 44 3 5 17 3 56 12/0 <.001
gpt-0ss-20B OpenAl 27 76 62 2 5 20 2 45 25/0 <.0001
GLM-5.3 Zhipu 8 33 27 3 4 4 4 35 3/0 .250
GLM-5.3-Flash Zhipu 15 36 21 7 5 0 5 37 71 .070
Pooled (18 models) 19 63 46 10 8 10 5 46 OR 9.7 [6.3, 14.9]

Table S21: Schema slot pressure in 18 further API models (DeepSeek-V4-Pro and Mistral-Large-3 are re-runs of main-panel
models through the same API names; the rest are new to this paper). Same 42 scenarios, prompts and strict JSON rule as the
main text; prose conditions (IMP, INT, LIC, IMP+FIELDS) are labeled by two judges from families other than the model’s, ties
dropped. b/c: scenarios where NULL fabricates and REQ-LIC abstains, and the reverse; p: exact McNemar. OR: DerSimonian-Laird
random-effects odds ratio of NULL over REQ-LIC across models.
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Set Model IMP PLAIN NULL REQ-LIC NULL+LIC
MultiWOZ  GLM-5.3-Flash 5 25 5 3 3
Gemma-4-31B 3 8 3 5 3
Ministral-14B 7 22 7 3 5
Ministral-3B 15 47 17 5 3
Ministral-8B 11 20 8 2 3
Mistral-Large-3 8 15 10 5 5
Mistral-Medium-3.5 2 8 2 3 2
Mistral-Small 7 65 13 7 7
Qwen3.8-27B 2 18 3 3 2
gpt-o0ss-20B 6 35 17 0 2
pooled 7 26 8 4 4
SGD GLM-5.3-Flash 5 23 3 3 3
Gemma-4-31B 9 22 5 2 2
Ministral-14B 7 47 12 2 2
Ministral-3B 7 47 20 5 5
Ministral-8B 3 50 15 3 5
Mistral-Large-3 5 37 10 3 3
Mistral-Medium-3.5 26 17 3 3 3
Mistral-Small 9 63 17 3 3
Qwen3.8-27B 7 25 5 3 3
gpt-0ss-20B 3 53 21 3 5
pooled 8 38 11 3 3

Table S22: Real task-oriented dialogues (fabrication %). 60 MultiwOZ 2.2 and 60 SGD test dialogues, each cut just before the
user gives a slot value that the record needs; the gold value was checked to be absent from the kept text. Same five prompt
templates as the synthetic set; imP is judged, JSON conditions use the strict rule.

Language Model IMP PLAIN NULL REQ-LIC NULL+LIC
Spanish Gemma-4-31B 18 57 38 5 2
Ministral-8B 13 57 = = 10
Mistral-Large-3 15 - - — —
Mistral-Medium-3.5 24 = = 5 5
Mistral-Small 22 — 52 - -
Qwen3.8-27B 15 = = = 5
gpt-o0ss-20B 29 80 41 0 10
pooled 19 62 44 4 6
Chinese Gemma-4-31B 11 — 45 2 5
Ministral-8B 17 = 38 = 2
Mistral-Large-3 18 - - 7 —
Mistral-Medium-3.5 21 = = 5 5
Mistral-Small 17 — — — —
Qwen3.8-27B 11 = = = 5
gpt-o0ss-20B 36 79 52 5 5
pooled 18 79 44 5 4
Bengali Gemma-4-31B 14 — 45 7 5
Ministral-8B 22 = 36 = 7
Mistral-Large-3 11 — — — 10
Mistral-Medium-3.5 46 = 38 2 =
Mistral-Small 18 . — — —
Qwen3.8-27B 23 - - 7 5
gpt-0ss-20B 53 78 64 0 0
pooled 25 78 44 5 6

Table S23: The synthetic set translated into Spanish, Chinese and Bengali (fabrication %). Scenarios and prompt templates were
translated by Mistral-Large with placeholders and JSON keys kept verbatim. JSON values are abstentions if null, missing, or an
abstention word in the language; any other string is labeled by two cross-family judges.
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Model required nullable type license in field description license in system prompt errors
Qwen3.8-27B 74 12 0 21 0
Gemini-3.1-Flash-Lite 76 71 50 26 0
Ministral-14B 57 62 38 19 0
Ministral-3B 71 48 38 19 0
Ministral-8B 67 43 29 21 0
Mistral-Large-3 71 50 26 21 0
Mistral-Medium-3.5 69 43 14 5 0
Mistral-Small 74 60 36 17 0
Pooled (8 models) 70 49 29 19

Table S24: Native function calling with the call forced (fabrication % of the missing argument, strict rule). Required: the missing
field is a required string; nullable type: typed [string, null] with no description; license in field description: nullable plus
“Leave null if the user did not explicitly provide this”; license in system prompt: required string plus a one-sentence license in

the system message. Errors: calls the API rejected (excluded). Models with fewer than 20 scorable calls in any mode are left out:

gpt-0ss-120B, gpt-oss-20B.

Unanswerable: fabrication % Answerable control: escape %
required required  escape required required  escape
Model required escape + their instr. +license + license required escape + their instr. + license + license
DeepSeek-Flash 100 8 100 5 5 0 0 0 0 0
DeepSeek-V4-Pro 100 47 91 98 43 0 0 0 0 0
GLM-5.3 100 33 50 0 0 0 0 0 0 0
Kimi-K3 93 28 92 21 2 0 0 0 0 0
MiniMax-M3 85 49 80 81 51 0 0 0 0 0
Ministral-8B 100 62 47 65 58 0 0 0 0 0
Mistral-Large-3 100 67 13 92 58 0 0 0 0 0
Qwen3.8-27B 100 35 100 83 33 0 0 0 0 0
Qwen3.8-Max 100 23 100 0 25 0 0 0 0 0
gpt-0ss-120B 100 52 18 23 31 0 0 0 0 0
gpt-o0ss-20B 100 35 79 47 25 0 0 0 0 0
Pooled (11) 98 42 69 57 34 0 0 0 0 0

Table S25: Head-to-head on PhantomFill’s released items and scorer [13]: 40 social threads with engagement counts but no
reply text and 20 support tickets without a transcript (unanswerable), plus their answerable controls (40 threads whose replies
support a reading, 20 tickets with the transcript). Required and escape option are PhantomFill’s rungs 3 and 2; their instruction
is their “do not infer” system preamble; license appends our one-sentence license (“If the information a field asks for is not
present in the input, write null for that field; do not guess.”). Scored with PhantomFill’s deterministic rule; on controls, the
share of outputs that escape when the answer is available.

24

2727
2728
2729
2730
2731
2732
2733
2734
2735
2736
2737
2738
2739
2740
2741
2742
2743
2744
2745
2746
2747
2748
2749
2750
2751
2752
2753
2754
2755
2756
2757
2758
2759
2760
2761
2762
2763
2764
2765
2766
2767
2768
2769
2770
2771
2772
2773
2774
2775
2776
2777
2778
2779
2780
2781
2782
2783

2784



Supplementary Material for “Permission, Not Nullability: Why LLMs Fabricate Missing Values in Structured Output” WWW ’27, May 10-14, 2027, Dublin, Ireland

2785 Missing argument: calls % Should call: calls % 2843
2786 Model plain license plain license s
2787 2845
2788 DeepSeek-Flash 48 25 94 81 2846
DeepSeek-V4-Pro 53 32 95 88 )
2789 2847
GLM-5.3 25 22 96 89
2790 - 2848
Kimi-K3 41 29 96 81
2 MiniMax-M3 33 26 9% 93 28
2792 Ministral-8B 66 45 94 91 2830
2793 Mistral-Large-3 46 36 97 93 2851
2794 Mistral-Small 81 54 99 97 2852
2795 Qwen3.8-27B 45 52 96 87 2853
2796 Qwen3.8-Max 33 18 96 87 2854
2797 gpt-o0ss-120B 20 9 85 75 2855
2798 gpt-0ss-20B 20 20 82 83 2856
2799 Pooled (12) 48 33 95 89 2857
2800 Table $26: When2Call [10]: 100 test items where a required tool argument is missing (the right response is to ask) and 100 2858
%01 where a call is right. Native tool calling with tool_choice=auto; license: one sentence in the system prompt (“If the user has 2859
202 not provided a value that a tool requires, do not guess it and do not call the tool; ask the user for it instead”). A call on a 2860
2805 missing-argument item proceeds without the value; a missing call on a should-call item is over-abstention. 2861
2804 2862
2805 2863
2806 Model Vendor PLAIN LIC-LATE SHAM-LATE LIC-EARLY PLAIN VS SHAM PLAIN VS LIC-EARLY 2864
2807 b/c p bJc P 2865
2808 Qwen3.8-27B Alibaba 62 10 71 10 0/4 125 22/0 <.0001 2866
2809 Gemini-3.1-Flash-Lite ~ Google 64 12 76 10 0/5 062 23/0 <.0001 2867
) Gemma-4-31B Google 55 5 74 2 08 008 22/0 <.0001 )
2810 Ministral-14B Mistral 62 14 69 5 5/8 581 25/1 <.0001 2868
2811 Ministral-3B Mistral 55 12 79 7 111 006 20/0 <.0001 2869
2819 Ministral-8B Mistral 64 10 81 10 3/10 092 23/0 <.0001 2870
Mistral-Large-3 Mistral 74 10 79 12 3/5 727 271 <.0001
2813 Mistral-Medium-3.5 ~ Mistral 52 7 67 0 1/7 070 18/0 <.0001 2871
2814 Mistral-Small Mistral 86 12 95 7 0/4 125 33/0 <.0001 2872
Ji1s gpt-0ss-20B OpenAl 83 2 80 5 5/3 727 33/0 <.0001 .
) GLM-5.3-Flash Zhipu 40 7 40 10 2/2 1000 13/0 <.001 ;
2816 2874
Pooled (11) 63 9 74 8 OR 0.4 OR 31.4
2817 2875
.15 Table 827: Salience control on the generalization panel (fabrication %, strict rule, 42 scenarios). sSHAM-LATE adds “Use ISO 8601 2876
;510  for any date or time you write, and do not abbreviate any field name” where the license would go (matched in slot, form and 2877
.20  length, no permission); LIc-EARLY moves the license before the transcript. The salience account predicts sHAM~LIC-LATE and 2878
,g91  LIC-EARLY~PLAIN; the normative account predicts the reverse. b/c: scenarios where pLAIN fabricates and the other abstains, 2570
.50  and the reverse; p: exact McNemar; OR: random-effects odds ratio. 2850
2823 2881
2824 2882
. Model Vendor  PLAIN EX-FULL EX-NULL EX-FULL VS EX-NULL .
2825 b/C P 2883
2826 2884
Qwen3.8-27B Alibaba 62 60 57 1/0 1.000
2827 Gemini-3.1-Flash-Lite ~ Google 64 67 60  3/0 250 2885
2828 Gemma-4-31B Google 55 57 55 2/1 1.000 2886
2829 Ministral-14B Mistral 62 64 60 7/5 774 2887
Ministral-3B Mistral 55 52 55 7/8 1.000
2830 Ministral-8B Mistral 64 57 57 3/3 1.000 2888
2831 Mistral-Large-3 Mistral 74 71 67 3/1 .625 2889
2832 Mistral-Medium-3.5 Mistral 52 57 43 6/0 .031 2890
‘ Mistral-Small Mistral 86 95 81 6/0 .031
2833 gpt-0ss-20B OpenAl 83 86 78 4/1 375 2891
- GLM-5.3-Flash Zhipu 40 48 38 4/0 125 2892
2835 Pooled (11) 63 65 59 OR 1.7 2893
2836 Table S28: Completion-prior test (fabrication %, strict rule). Before the task, the prompt shows three records the assistant 2894
2837 “produced in earlier sessions” for other tasks; EX-FULL and EX-NULL show the same three records, except that in Ex-NULL each 2895
2838 record’s naturally missing field is null. No instruction mentions missing details. b/c, p, OR as in Table S27. 2896
2839 2897
2840 2898
2841 2899

2842 25 2900
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2901 PLAIN REQ-LIC NULL+LIC 2959
2902 Model Vendor correct nulled other correct nulled other correct nulled other 2960
2903 Qwen3.8-27B Alibaba 83 0 17 83 2 14 88 2 10 2961
2904 Gemini-3.1-Flash-Lite ~ Google 83 0 17 83 0 17 88 2 10 2962
2005 Gemma-4-31B Google 83 0 17 86 2 12 93 2 5 2963
Ministral-14B Mistral 69 0 31 71 2 26 83 5 12
2906 Ministral-3B Mistral 71 0 29 76 5 19 76 5 19 2964
2907 Ministral-8B Mistral 67 0 33 76 5 19 86 7 7 2965
Mistral-Large-3 Mistral 76 0 24 79 2 19 90 2 7
2908 Mistral-Medium-3.5  Mistral 76 0o 81 5 14 83 12 5 2966
2909 Mistral-Small Mistral 83 2 14 81 2 17 81 7 12 2967
2910 gpt-0ss-20B OpenAl 83 0 17 85 5 10 85 8 8 2068
GLM-5.3-Flash Zhipu 76 0 24 79 7 14 88 7 5
2911 2969
Pooled (11) 77 0 22 80 3 16 86 5 9
2912 2970
2013 Table 829: The cost of the license when the detail is given (%, same detail-present design and classifier as the main panel): the 2071
5014  Missing value is stated in the transcript by one injected user turn. correct: the field holds the provided value; nulled: null, 2972
2015 omitted or a placeholder despite the value being present (over-abstention); other: a different value or unparseable output. 2973
2916 2974
2917 2975
2918 Model Vendor PLAIN original short permit prohibit formal P;;\IN vs prohibit 2976
c
2919 P 2977
2020 Qwen3.8-27B Alibaba 62 10 12 12 17 10 19/0 <.0001 sors
Gemini-3.1-Flash-Lite ~ Google 64 12 19 19 14 12 21/0 <.0001
2921 Gemma-4-31B Google 55 5 12 19 7 5 20/0 <.0001 2979
2922 Ministral-14B Mistral 62 14 19 19 7 10 23/0 <.0001 2980
N Ministral-3B Mistral 55 12 36 38 50 1297 804 )
2923 Ministral-8B Mistral 64 0 24 40 21 12 21/3 <.001 2981
2924 Mistral-Large-3 Mistral 74 10 29 29 7 10 28/0 <.0001 2982
2925 Mistral-Medium-3.5 Mistral 52 7 10 12 17 5 16/1 <.001 2083
) Mistral-Small Mistral 86 12 26 29 26 10 25/0 <.0001 )
2926 gpt-0ss-20B OpenAl 83 2 14 26 5 5 33/0 <.0001 2984
2927 GLM-5.3-Flash Zhipu 40 7 12 17 10 7 13/0 <.001 2985
2928 Pooled (11) 63 9 19 24 16 9 OR 17.1 2986
2929 Table $30: License wording (fabrication %, strict rule, 42 scenarios). Each sentence sits in the license’s slot of the same required- 2987
2950 JSON prompt: short “If a value was not given, use null”; permit “It is fine to leave a key null when the user did not provide that 2988
231 detail”; prohibit “Never invent a value the user did not provide” (which never mentions null); formal “For any field whose 2989
252 value is not stated in the session, output null rather than an estimate.” b/c, p, OR compare PLAIN with the prohibition. 2990
2933 2991
2934 2992
2935 PLAIN NULL REQ-LIC 2993
2936 2994
so37 Model greedy T=0.7 greedy T=0.7 greedy T=0.7 2005
2938 GLM-5.3-Flash 36 39 21 21 7 10 2996
2030 Qwen3.8-27B 64 62 36 33 10 9 2007
»ou0 Mistral-Large-3 81 74 50 53 10 10 2995
2041 M%nlstral-SB 64 50 48 43 10 9 2999
Mistral-Small 86 80 52 56 12 11
2942 3000
2943 Pooled (5) 61 41 10 3001
2944 Table $31: Sampling robustness (fabrication %, strict rule). Greedy decoding against temperature 0.7 with three samples per 3002
2945 scenario (the per-scenario mean of the three), same prompts and 42 scenarios. 3003
2946 3004
2947 3005
2948 3006
2949 3007
2950 3008
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Figure S4: Controls and deployment settings. (a) Native function calling: a forced tool call with the missing parameter required
fabricates it in 40-95% of calls, and a license in the parameter description leaves 21-74%. (b) When the detail is provided, the
license wrongly nulls it in 2-7% of cases. (c) How the four main-panel models abstain, pooled: the license turns fabrication
into explicit null rather than placeholders. (d) With null disallowed, bare required JSON is maximally confident about a
fabricated value (91/85 of 100); LCD at A=2 brings it back to the prose level (dotted). (¢) Real MultiwOZ dialogues with a genuinely
unprovided booking day or time: the license and LCD cut Llama’s 87% to 19%. (f) Grammar-constrained decoding neither

causes nor cures the effect. (g) GCA on an entirely held-out real dialogue family, with the probe trained on the other families:

fabrication falls from 46-82% (plain) and 29-59% (license) to 11-17%, at 6-26% over-abstention.

Model / field kind n exact or normalized value different value wrongly nulled CI (nulled)
DeepSeek-V4-Pro 42 33 (79%) 6 (14%) 3 (7%) [2,19]
Mistral-Large-3 42 32 (76%) 9 (21%) 1(2%) [0, 12]
Llama-3.3-70B 42 34 (81%) 7 (17%) 1(2%) [0,12]
Pooled 126 99 (79%) 22 (17%) 5 (4%) [2,9]
date/time 24 19 (79%) 3 (12%) 2 (8%) [2,26]
amount / quantity 42 30 (71%) 12 (29%) 0 (0%) [0,8]
name / entity 21 17 (81%) 4 (19%) 0 (0%) [0, 15]
identifier / code 15 15 (100%) 0 (0%) 0 (0%) [0,20]
location 9 9 (100%) 0 (0%) 0 (0%) [0,30]
status (yes/no) 9 3 (33%) 3 (33%) 3 (33%) [12,65]
cause / priority 6 6 (100%) 0 (0%) 0 (0%) [0,39]

Table S32: Over-abstention on the detail-present arm, in full. The gold value is injected into the transcript and REQ-LIC is
run (n=42 per model, three models). “Exact or normalized” = the emitted value matches the injected one up to formatting;
“different value” = a substitution or a re-derivation (mostly date/amount normalizations); “wrongly nulled” = the license made
the model discard a provided value (over-abstention), with its Wilson interval. Lower block: the same counts pooled by field
kind. Over-abstention is 2-7% per model; three of the five wrongly nulled values are one yes/no scenario (status-sent), nulled
by all three models.
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Model format X license fabrication (absent) n  over-abstention (present) n
DeepSeek-V4-Pro  prose, no license 100% 42 12% 42
prose + license 7% 42 12% 42
required JSON 69% 42 0% 42
required JSON + license 5% 42 2% 42
Mistral-Large-3 prose, no license 100% 34 15% 34
prose + license 10% 38 13% 38
required JSON 71% 35 6% 34
required JSON + license 10% 38 3% 37
Command-A prose, no license 100% 14 21% 14
prose + license 18% 11 31% 13
required JSON 62% 13 0% 13
required JSON + license 23% 13 8% 12

Table S$33: Two-axis cross-format benchmark (supplementary). The same 42 scenarios run in four formatxlicense cells on
both arms: fabrication = a concrete value emitted when the detail was never provided (absent arm); over-abstention = a
null/placeholder emitted when the detail was provided (present arm; strict rule for JSON, a lexical abstention rule for prose).
Reading both axes together, the licensed JSON cell keeps over-abstention at 2—-8% while the licensed prose cell discards a
provided value 12-31% of the time, so structured output with a license retains provided information better than licensed prose.
Unlicensed prose scores 100% fabrication on this benchmark because its scorer counts any non-abstaining artifact as filled; it is
not comparable to the judge-scored 1MP rate of the main panel. Reported as a benchmark description, not a headline result.

Quantity DeepSeek (deepseek-chat), licensed required JSON
n (absent / present) 42/ 42

mean p(null), absent arm 0.905

mean p(null), present arm 0.024

AUC, absent vs. present 0.94

greedy licensed decode: abstain (absent) / fabricate (absent) / over-abstain (present)  90.5% / 9.5% / 2.4%

threshold sweep 7 € [0.01,0.99] on p(null) fabrication 9.5%, over-abstention 2.4% at every 7

Table S34: The licensed model’s own null probability separates absent from present almost perfectly. Log-probabilities of the
first token of the missing field under REQ-LIC on both arms of the 42 scenarios. The decision is essentially binary: p(null)
averages 0.9 when the detail is absent and 0.02 when present, so thresholding it anywhere in [0.01,0.99] reproduces the greedy
decode exactly. This is the API-side analogue of the internal gate: the residual fabrications are cases where the model is
confidently wrong, not uncertain.
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E Where It Happens: Mechanistic Analysis in Full

How the activation-patching, position-control and steering experiments were run, and every value they produced. The chapter states the method, localizes
the decision, shows that the same gate governs the required-JSON failure, explains why the license at first seemed not to write into it, and ends with the

steering experiment and the limits of the mechanistic evidence.

In this chapter

E.1 Method. . . . . . . . L e 29
E.2 Localization and the safety-refusal control . . . . . . . . . . . L oL e 29
E.3 The gate is format-general . . . . . . . . . ... 0000 Lo 31
E4 Positioncontrol . . . . . . L L L e e e e e e e 31
E5 Steering . . . . . Lo Lo e e e e 32
E.6 What the mechanism does and doesnot show. . . . . . . . . . . . .. L. e 35

Table S35 puts every open model’s mechanistic and open-weight
results side by side. Figure S5 summarizes the chapter’s results; the
method it relies on is shown in the main-text Figure 2.

E.1 Method

All patching experiments share one protocol, described here once.
Scope. The detailed analyses of this chapter (layer sweeps per
source, position control, steering and the scenario-level figures)
use four open models: Qwen2.5-3B, Qwen2.5-7B, Llama-3.1-8B and
Mistral-7B. Qwen2.5-14B, Gemma-2-9B and Phi-4 were run with the
same protocol for the summary measures of the main text, and all
seven are in Table S35; “the four models” below means the detailed
set.

Setup. To ask where the abstention decision is made and whether
it is format-sensitive, we run causal activation patching on Qwen2.5-
3B-Instruct (an open model for which we have full residual-stream
access). For each scenario, we cache the full residual stream on the
INT prefill (the frame under which the model abstains), then re-run
the 1mp prefill (the frame under which it leaks), patching in the
cached vector at the last prompt position for each decoder layer
L independently. We measure restoration rate: among scenarios
where the unpatched 1mp leaks, the fraction that flip to abstention
after patching layer L.

Model. Qwen2.5-3B-Instruct, loaded in bfloatl6 with
device_map=“auto” on a single NVIDIA H100 via RunPod.
The model has 36 decoder layers.

Patching protocol. For each scenario we run two forward passes:
(1) the InT prefill, caching the output residual at the last prompt
position for every decoder layer via forward hooks (INT cache);
(2) the 1vmP prefill with no hook (baseline, to establish whether
the imperative prompt leaks). For scenarios where the baseline
generation leaks (n = 12 of 42), we re-run the imperative prefill
with a hook on each layer L that, on the prefill pass only (sequence
length > 1), overwrites the residual at the last position with the
cached INT vector, then generates greedily. We record whether the
output is abstention (heuristic scorer: presence of any string in the
25-item abstain set, or null).

Layer sweep. We test every even-indexed layer L €
{0,2,4,...,34} independently. The restoration rate at layer
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L is the fraction of the 12 baseline-leak scenarios that flip to
abstention after patching. Early layers serve as empirical negative
controls: restoration at Ly =0.00, Lg =0.00, L9 =0.08, L{, =0.08. The
safety-refusal literature [1] places safety-refusal localization at
Lg—L;, in models of this scale; our 0-8% restoration in that range is
consistent with the epistemic abstention gate being distinct from
the safety-refusal range in this model. Peak restoration at Ly =0.83
(10x% the L;; baseline).

Format-general patching (four models). A second patching ex-
periment targets the pLAIN (required-JSON) generation instead
of 1MP, run on four open models across three families: Qwen2.5-
3B (36 layers, n =25), Qwen2.5-7B (28, n = 23), Llama-3.1-8B (32,
n = 27), Mistral-7B-Instruct-v0.2 (32, n = 30). For each, we cache
the INT, LIc, and NULL residual streams and patch each into the
PLAIN generation over the scenarios whose PLAIN output leaks.
Per-model INT-frame results (early / gate-band / peak): Qwen-3B
0.00/0.46/0.68; Qwen-7B 0.02/0.26/0.39; Llama-8B 0.05/0.60/0.67;
Mistral-7B 0.01/0.36/0.47. In all four, Lic band <0.12 and NULL band
<0.04. This is the basis for Table S36 and for the position control
of §E.4. Runs were capped at 30 scenarios, and some stopped early
for compute budget; layer profiles are stable from n~ 19 onward.
Per-model raw layer curves are in the released data.

Caveats. Patching denominators are modest (n = 23-30 per
model; n = 12 for the original int—imp run). The intervention
patches across two different prompt structures at a shared token po-
sition, a strong assumption; the early-layer null (<0.05 over the first
45% of depth in every model) is the key validation that the method
is not finding a trivially global effect. The near-zero L1c/NULL trans-
fer is not a pipeline failure — the INT source transfers across the
same structure mismatch in all four models — but reflects where
each source’s abstention state sits in the prompt, which position
control tests directly (§E.4). Direct patching at frontier scale (Llama-
3-70B) is the natural next validation; mech_patch_format.py runs
unchanged on any transformers-compatible model.

E.2 Localization and the safety-refusal control

Localization. Figure S5 shows restoration rate by layer. The curve
is near-zero for early layers (Ly—L;s), peaks sharply at Lj; (0.83
restoration), and decays in later layers. This layer-specific local-
ization implies the abstention decision is not globally distributed
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Figure S5: Mechanistic results. (a) Qwen2.5-3B: patching the interrogative residual into the imperative generation at the last
prompt token, layer by layer (n=12 leaking scenarios). Restoration (blue, left axis) peaks at layer 22 (0.83) and is at most 0.08 in
the safety-refusal range. The red curves (right axis) are the logit-lens probability mass on abstention tokens at the last prompt
position: it appears only from layer 24 on, and only for the interrogative prompt (solid), not the imperative one (dotted). (b) The
same patch into the required-JSON generation on four open models from three families. Each row is one leaking scenario and
each column one layer by relative depth; blue marks that the patch flipped the output to null. Restoration switches on inside
the 50-90% depth band (dashed) in every model. (c) Position control, one panel per model: restoration when the last k prompt
positions are overwritten with the license source (blue, left axis) or the nullable-schema source (red, right axis); the grey dashed
line is the interrogative frame. At k=1 neither transfers; with the whole prompt covered the license reaches 0.54, 0.55, 0.36 and
0.20 and stays above the schema in every model. (d, e) Steering at one layer with the prompt unchanged: fabrication (blue, left
axis) and JSON validity (red, right axis); the dotted line is the prompt license’s fabrication rate. Steering controls Qwen2.5-3B
(86% — 17%, at a validity cost) but is nearly flat on Llama-3.1-8B (Table S38; last-token license and schema maps in Figure S6).
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Layer sweep, last token

Position control (band mean) Fabrication %, 42 scenarios Steering at the peak layer

Model early peak depth vric/NuLL ric k=1 1ricall nuLL all license LCDj 5 GCA plain best>ggy a
Qwen2.5-3B 0.00 0.68 78% 0.16/0.04 0.00 0.54 0.21 29 2 5 86 48 1
Qwen2.5-7B 0.00 0.39 57% 0.17/0.04 0.06 0.55 0.46 12 5 7 64 64 0
Qwen2.5-14B  0.00 0.43 75% 0.07/0.07 0.05 0.37 0.17 14 5 7 68 68 0
Llama-3.1-8B  0.00 0.67 81% 0.04/0.04 0.00 0.36 0.11 38 24 7 86 69 4
Mistral-7B 0.00 0.47 88% 0.10/0.00 0.00 0.20 0.10 17 19 7 74 74 0
Gemma-2-9B  0.00 0.75 67% 0.00/0.00 0.02 0.56 0.42 10 7 14 60 60 0
Phi-4 0.00 0.33 80% 0.33/0.00 0.00 0.53 0.02 7 7 2 48 48 0

Table S35: Every open model, every mechanistic and open-weight result. Layer sweep: restoration of abstention when the
interrogative run’s residual is patched into the required-JSON run at the last prompt token; early is the maximum below 25%
depth, peak the maximum and depth its relative position; Lic/NULL: the license and nullable-schema residuals patched the same
way. Position control: the same sources with the last k positions overwritten, averaged over the tested band (k=1: last token; all:
whole prompt). Fabrication: the prompt license, license-contrastive decoding at A=1.5, and gate-conditioned abstention, on the
42 main scenarios. Steering: plain required JSON, and the lowest fabrication any steering strength reaches while at least 80% of
outputs stay valid JSON (with that strength). Sources: data/mech_* and data/mech_general, data/mech_fix.

across the network: a narrow band of late-middle layers Lay—Ly4
causally gates whether the model hedges or fills.

Dissociation from safety refusal — with quantitative negative
control. Prior work [1] localizes safety-motivated refusal to a sin-
gle linear direction identifiable at Lg—L, in similar-scale models.
Our patch curve provides a direct negative control: restoration at
L12=0.08 and Lg =0.00 — at most 8% of leaking scenarios flip to ab-
stention when we inject the interrogative vector at the safety-refusal
layer range. In contrast, Ly, restores abstention in 83% of cases: a
10X contrast between the safety-refusal layer and the epistemic-
abstention gate. This quantitative dissociation supports a mecha-
nistic account in which normative refusal (“I won’t answer”) and
epistemic abstention (“I don’t have this information”) are localized
to different layer ranges in this model. The deeper localization of
epistemic abstention is consistent with a content-representation
account: the model requires more context-processing depth to rep-
resent whether a specific in-context detail was provided than to detect
a harmful request, which is activated by surface features earlier. Our
scenarios contain no harmful content, ruling out safety-direction
confounding by construction.

This distinction is consistent with behavioral differences re-
ported by Kirichenko et al. [6].

E.3 The gate is format-general

The gate is format-general, and replicates across scale and family.
We next test whether this same gate controls the structured-output
failure, on four open models spanning three families: Qwen2.5-3B
and Qwen2.5-7B (Qwen), Llama-3.1-8B (Llama), and Mistral-7B-
Instruct-v0.2 (Mistral). Critically, each family is also represented in
our behavioral panel (Qwen2.5-72B, Llama-3.3-70B, Mistral-Large-
3), bridging the mechanistic and behavioral studies. We cache the
INT residual and patch it into the pLAIN (required-JSON) genera-
tion — the highest-confabulation condition (71%) — across the full
layer sweep (n = 23-30 leaking scenarios per model). The result
(Table S36) replicates the localization on a different output format,
across scale, and across family: in every model, restoration is near-
zero in the early layers (< 0.05 over the first 45% of depth) and
rises to a band peak in the middle-to-late region (50-90% depth;
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per-model peaks 0.39-0.68 at = 57-88% relative depth). The inter-
rogative residual, injected into a required-JSON context, makes the
model emit null for the missing field instead of a fabricated value.
The required-JSON format therefore suppresses the activation of a
pre-existing, format-general abstention gate rather than removing
the model’s capacity to abstain.

Every layer of every sweep. Table S36 lists every restoration rate
from the last-token patching sweeps; the summary rows at the
bottom are the values quoted in the text. Three regularities hold in
all four models. Restoration from the interrogative frame averages
at most 0.05 over the first 45% of depth; it rises to a band mean
of 0.26-0.60 between 50% and 90% depth, with per-model peaks
of 0.39-0.68; and the license and nullable-schema sources never
exceed 0.17 at any layer. The first column is the original INT—1MP
sweep on Qwen2.5-3B, which peaks at layer 22 (0.83); its non-zero
values at layers 0—4 (0.08) are one scenario out of 12.

The two sources that fail, scenario by scenario. Figure S6 draws
the license and nullable-schema rows of Table S36 one scenario at
a time. The few flips are scattered over scenarios and layers rather
than forming a band, and no layer restores more than 0.17 of the
leaking scenarios. The next section shows that this failure is about
position, not about the license lacking a state.

E.4 Position control

Why the license at first seemed not to write into the gate. The
worded license (v1c) works well behaviorally (4% leak), yet patched
at the last prompt token it restores little in any of the four models:
its gate-band mean is at most 0.12, and the nullable schema’s (NULL)
at most 0.04, far below the interrogative frame’s 0.26-0.60, although
all three cross the same prompt-structure mismatch into PLAIN. The
last-token patch, however, overwrites only the final position, while
the license sentence sits upstream of it. The position-controlled
patch tests this directly (Table S37).

The transition is where it should be. The license sentence is
~ 20 tokens and is followed by \n\nTASK: {action}, placing it
roughly 25-40 positions from the end; restoration turns on precisely
as the patched window begins to cover it. The result splits the
last-token ordering in two. Both the interrogative frame and the
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Qwen-3B Qwen2.5-3B (36 layers) Qwen2.5-7B (28 layers) Llama-3.1-8B (32 layers) Mistral-7B (32 layers)

depth %
eyt INT—IMP INT LIC NULL INT LIC NULL INT LIC NULL INT LIC  NULL  (Q3/Q7/L8/M7)
0 0.08 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0/0/0/0
2 0.08 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 6/7/6/6
4 0.08 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 11/14/12/12
6 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 17/21/19/19
8 0.00 0.00 0.00 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 22/29/25/25
10 0.08 0.00 0.00 0.00 0.09 0.04 0.00 0.00 0.00 0.00 0.03 0.00 0.00 28/36/31/31
12 0.08 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04 0.00 0.03 0.00 0.00 33/43/38/38
14 0.17 0.00 0.00 0.00 0.09 0.17 0.04 0.41 0.00 0.00 0.03 0.00 0.00 39/50/44 /44
16 0.25 0.00 0.00 0.00 0.39 0.17 0.00 0.59 0.00 0.04 0.20 0.00 0.00 44/57/50/50
18 0.25 0.04 0.00 0.00 0.35 0.09 0.00 0.56 0.00 0.04 0.33 0.00 0.00 50/64/56/56
20 0.42 0.08 0.04 0.00 0.26 0.04 0.04 0.63 0.00 0.04 0.33 0.07 0.00 56/71/62/62
22 0.83 0.60 0.00 0.00 0.26 0.13 0.04 0.52 0.00 0.04 0.40 0.03 0.00 61/79/69/69
24 0.50 0.60 0.04 0.04 0.22 0.09 0.04 0.56 0.00 0.04 0.37 0.07 0.00 67/86/75/75
26 0.25 0.56 0.04 0.04 0.22 0.09 0.04 0.67 0.00 0.04 0.40 0.10 0.00 72/93/81/81
28 0.33 0.68 0.16 0.04 - - - 0.67 0.00 0.04 0.47 0.07 0.00 78/~/88/88
30 0.33 0.56 0.16 0.04 = = = 0.63 0.00 0.04 0.43 0.07 0.00 83/-/94/94
32 0.17 0.56 0.12 0.04 - - - - - - - - - 89/-/-/-
34 0.17 0.52 0.08 0.04 = = = = = = = = = 94/-/-/-
early (0-45%) - 0.00 0.00 0.00 0.02 0.01 0.00 0.05 0.00 0.00 0.01 0.00 0.00
gate band (50-90%) = 0.46 0.07 0.03 0.26 0.12 0.03 0.60 0.00 0.04 0.36 0.05 0.00
peak - 0.68 0.16 0.04 0.39 0.17 0.04 0.67 0.04 0.04 0.47 0.10 0.00
n leaking scenarios 12 25 23 27 30

Table S36: Complete layer-by-layer restoration rates for every patching run. Column 2: the original INT—1MP sweep on Qwen2.5-
3B (Figure S5, n=12 leaking scenarios). Remaining columns: the format-general sweep, patching the INT frame, the Lic license,
or the NULL schema residual (last prompt token) into the required-JSON generation, on four open models from three families;
every even layer is tested independently. Bold marks restoration >0.40. The last column converts L to relative depth for each
model. Summary rows give the early-layer control, the gate-band mean, the peak and n In every model the frame’s restoration
is =0 in the early layers and rises to a mid-to-late band, while the last-token license and schema residuals stay near zero, the
pattern that the position-controlled patch (Table S37) then explains.

worded license induce genuine, causally sufficient abstention states;
they differ in where those states live, not in whether they exist. The
frame’s state is legible at the final prompt position, the license’s is
localized to its own span — which is why a last-token probe sees one
and not the other. The “two routes” reading is not supported. But the
licensex>schema half of the ordering is not a position artifact. Under
identical full-coverage patching the nullable schema restores only
0.21 against the license’s 0.54 — a 2.6x gap that position control
does not close. This is the mechanistic counterpart of the behavioral
2%2 (§4.2): normative permission and syntactic permissiveness are
not merely behaviorally different, they write into the gate with
markedly different strength.

Does this hold beyond one model? We repeated the sweep on
Qwen2.5-7B, Llama-3.1-8B and Mistral-7B, and the three claims
separate sharply in how well they replicate. (i) The position ar-
tifact is robust. License restoration rises from = 0 at k=1 to a
substantial value at full coverage in all four models (0.00 — 0.54,
0.06 — 0.55, 0.00 — 0.36, 0.00 — 0.20): the last-token dissocia-
tion is an artifact everywhere we looked. (ii) License > schema
holds in direction in 4/4, but the margin is model-dependent
— 2.6%, 1.2%, 3.3%, 2.0X. On Qwen-7B it is marginal (0.55 vs 0.46),
so we claim a consistent ordering, not a uniform separation. (iii)
The interrogative frame’s transfer does not replicate stably
(0.60, 0.25, 0.70, 0.18), so we make no cross-model claim about
the frame. Across four models, position control dissolves the
frame> license gap everywhere, and license > schema survives
in all four — but with a margin from 1.2X to 3.3X: an ordering
we can assert, not a constant. The behavioral 2X2 stands indepen-
dently either way; what changes is the mechanistic story, which
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is now simpler — one gate, two ways of writing into it. Harness
released (mech_patch_positions.py).

Position control, layer by layer. Table S37 gives the position-
controlled patch in full. At k=1, the last-token setting of the layer
sweeps, the license restores almost nothing in any model (0.00-
0.06). Overwriting the whole prompt raises it to 0.54, 0.55, 0.36, 0.20
for Qwen2.5-3B, Qwen2.5-7B, Llama-3.1-8B and Mistral-7B. The
nullable schema reaches 0.21, 0.46, 0.11, 0.10 under the same full
coverage, below the license in every model but only marginally
on Qwen2.5-7B. The interrogative frame is the least stable source
across models (0.18-0.70 at full coverage), which is why we make
no cross-model claim about it. The per-layer rows show that in
Qwen2.5-7B and Llama-3.1-8B the license’s effect is concentrated at
a single layer of the band (layer 14 and layer 19, where full-prompt
patching restores every leaking scenario).

E.5 Steering

Abstention steering (causal control). We extract v = Tiyr — Tpramy
(mean last-position residual difference at gate layer Lj,, unit-
normalized) and add av (scaled by the typical residual norm) at
L,, for all positions during required-JSON generation, with no
prompt/schema change. Table S38 shows monotonic control on
Qwen2.5-3B: fabrication falls from 86% to 17% as a grows, with a
validity trade-off (strong steering breaks JSON). The best validity-
preserving operating point is a ~ 1 (48% leak, 88% valid); a ~ 1.5
drives it to 31% — matching the prompt-license’s 33% — at 64% valid-
ity. This establishes the gate as causally controllable, not merely cor-
relational, while showing steering does not dominate the validity-
preserving prompt fix. Model-specificity (negative result): we
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Layer Source

band mean INT
band mean LIC
band mean NULL

Qwen2.5-7B (n=19; layers 14

Ly INT
Lis
Ly
Ly,
Lys
band mean INT
Lqg LIC

Lys
band mean  11C
Ly NULL

Lys
band mean  NULL

Llama-3.1-8B (n=23; layers 16, 19, 22, 25, 28; k € {1,8,

Lyg INT

Los
band mean  INT
L16 LIC

Los
band mean  LIC
Lig NULL

Las
band mean  NULL

Mistral-7B (n=25; layers 16, 19, 22, 25, 28;

Lyg INT
Ly
Ly,
Lys
Ly
band mean INT
Lig LIC
Ly
Ly,
Lys
Ly
band mean  LIC
Lyg NULL
Ly
Ly
Lys
Ly

k=1 2 4 8 16 32 64 all
Qwen2.5-3B (n=27; mean over gate-band layers; k € {1,2,4, 8, 16,32, 64, all})
032 033 033 044 046 053 0.61 0.60
0.00 0.01 0.00 0.01 0.01 040 035 0.54
0.02 0.02 0.02 0.02 002 0.10 0.12 0.21
116,19, 22, 25; k € {1,8,32,all})
0.16 = = 0.16 = 0.63 = 0.63
0.16 — — 0.21 — 0.47 — 0.47
0.26 = = 0.21 = 0.21 = 0.05
0.10 — — 0.10 — 0.16 — 0.10
0.05 = = 0.05 = 0.00 = 0.00
0.15 — — 0.15 — 0.29 — 0.25
0.10 = = 0.10 = 0.90 = 1.00
0.05 — — 0.10 — 0.90 — 0.84
0.05 = = 0.05 = 0.37 = 0.58
0.05 — — 0.05 — 0.16 — 0.16
0.05 = = 0.05 = 0.05 = 0.16
0.06 — — 0.07 — 0.47 — 0.55
0.00 = = 0.00 = 0.37 = 0.53
0.00 — — 0.00 — 0.21 — 0.68
0.00 = = 0.00 = 0.10 = 0.53
0.05 — — 0.05 — 0.05 — 0.37
0.05 = = 0.05 = 0.05 = 0.21
0.02 — — 0.02 — 0.16 — 0.46
32,all})
0.70 — — 0.70 — 0.78 — 0.87
0.70 = = 0.74 = 0.61 = 0.70
0.48 — — 0.52 — 0.70 — 0.70
0.39 = = 0.48 = 0.56 = 0.65
0.56 — — 0.52 — 0.65 — 0.61
0.57 = = 0.59 = 0.66 = 0.70
0.00 — — 0.09 — 0.26 — 0.04
0.00 = = 0.00 = 0.00 = 1.00
0.00 — — 0.00 — 0.00 — 0.39
0.00 = = 0.00 = 0.00 = 0.26
0.00 — — 0.00 — 0.00 — 0.09
0.00 = = 0.02 = 0.05 = 0.36
0.00 — — 0.04 — 0.04 — 0.00
0.00 = = 0.04 = 0.04 = 0.26
0.00 — — 0.04 — 0.04 — 0.09
0.00 = = 0.04 = 0.04 = 0.09
0.04 — — 0.04 — 0.04 — 0.13
0.01 = = 0.04 = 0.04 = 0.11
k € {1,8,32,all})

0.08 = = 0.28 = 0.32 = 0.16
0.08 — — 0.16 — 0.20 — 0.16
0.12 = = 0.12 = 0.24 = 0.20
0.16 — — 0.24 — 0.24 — 0.16
0.12 = = 0.16 = 0.20 = 0.20
0.11 - - 0.19 - 0.24 - 0.18
0.00 = = 0.04 = 0.16 = 0.48
0.00 — — 0.00 — 0.00 — 0.20
0.00 = = 0.00 = 0.00 = 0.24
0.00 — — 0.00 — 0.00 — 0.08
0.00 = = 0.00 = 0.00 = 0.00
0.00 — — 0.01 — 0.03 — 0.20
0.00 = = 0.00 = 0.12 = 0.16
0.00 — — 0.00 — 0.04 — 0.16
0.00 = = 0.00 = 0.00 = 0.08
0.00 — — 0.00 — 0.00 — 0.04
0.00 = = 0.00 = 0.00 = 0.04
0.00 — — 0.00 — 0.03 — 0.10

band mean  NULL

Table S37: Position-controlled patching, complete. Restoratich rate when the last k prompt positions of the source residual

are overwritten in the required-JSON generation (the last-token setting of S36 is k=1; “all” overwrites the whole prompt).
Qwen2.5-3B: the eight-point sweep reported as gate-band means. The three further models: every tested gate-band layer

individually, then the band mean (bold; the numbers quoted in App. E.4). In all four models the license’s restoration is ~ 0
at k=1 and turns on once the window covers the license sentence, while the nullable schema stays below the license at full
coverage in every model (only marginally on Qwen2.5-7B).
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At the last prompt token only the interrogative frame transfers; the license and the schema do not.

Figure S6: Last-token patching of the license and the nullable schema, scenario by scenario. For each open model, every leaking
required-JSON scenario (rows) and every tested layer (columns, by layer fraction): dark red marks that patching the license
source (a) or the nullable-schema source (b) at the last prompt token flipped the output to null. The dashed line is the restoration
rate (right axis) and the number is its peak. Neither source transfers at the last token in any model (peak <0.17), in contrast
with the interrogative frame (Figure S5b); position control shows that the license’s state sits in its own span of the prompt
(Figure S5c).

Qwen2.5-3B, gate Ly Llama-3.1-8B, patching peak Lys
% leak valid JSON fields filled leak valid JSON
0 86% 95% 3.5 86% 95%
0.5 81% 98% 3.4 88% 98%
1  48% 88% 2.9 88% 98%
1.5 31% 64% 2.0 88% 98%
2 17% 29% 0.8 90% 98%
2.5 0% 0% 0.0 88% 95%
3 0% 0% 0.0 79% 86%
4 = = = 69% 81%
ref: REQ-LIC  33% 100% - 38% -

Table S38: Abstention steering on both models, full sweeps. The diff-of-means INT-PLAIN direction is added with gain « at the
named layer during required-JSON generation, no prompt change. Qwen2.5-3B shows monotonic causal control with a validity
trade-off; the identical procedure on Llama-3.1-8B at its patching-peak layer is nearly flat until @=3-4, so the steerable locus is
model-specific and steering is a per-model proof of control rather than a portable fix (App. E.5).
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repeated the identical procedure on Llama-3.1-8B at its patching-
peak layer (Ly); steering was much weaker there (86% — 69% leak
only at @ =4, validity 81%; near-flat for & <2). The optimal steering
locus is thus model-specific and does not transfer to the patching-
peak layer of another family — consistent with steering being a
per-model mechanistic probe rather than a portable intervention.
Code: mech_steer.py.

Steering, both models. Table S38 adds « times the interrogative-
minus-plain direction at one layer during required-JSON generation,
with the prompt unchanged. On Qwen2.5-3B at its gate layer the
effect is monotone: =1 lowers fabrication from 86% to 48% at 88%
valid JSON, and a =2 to 17% at 29%. On Llama-3.1-8B at its patching
peak the same procedure is nearly flat up to @ =2.5 (86-90%) and
reaches only 69% at a =4. Steering therefore shows causal control
of the gate in one model; the steerable locus does not carry over to
the patching peak of another family, so we do not propose it as a
fix.

E.6 What the mechanism does and does not
show

The behavioral-mechanistic bridge. Causal patching needs open
weights, so we run it on open proxies of the behavioral families; the
same relative-depth gate and last-token frame>>license>>schema
ordering appear in all four open models, evidence that the mecha-
nism is not a single-model artifact; the position-controlled patch
(Table S37) then shows that ordering to be positional rather than
a difference in kind. Direct patching at frontier scale remains the
natural next validation.

Limits. Two limits apply to every result in this chapter. The
detailed analyses use open models of 3-8B parameters (3-14B for
the seven-model summary of Table S35), not the frontier models of
the behavioral panel; the bridge between the two rests on shared
model families and on the same relative-depth band appearing in all
seven open models. And each result is measured on 19-30 leaking
scenarios per model, so differences of a few scenarios between
sources, layers or suffix lengths are within noise. The per-layer
curve of Figure S5, its peak at layer 22 and the safety-refusal control
come from Qwen2.5-3B alone.

Chapter E in brief

e Patching the interrogative residual into the required-JSON
run restores abstention only in a band at 50-90% of depth:
band means 0.26-0.60 in the four detailed models (Ta-
ble S36), and peaks at 57-88% of depth in all seven (Ta-
ble S35).

o Atthe last prompt token the license and the nullable schema
restore almost nothing in the four detailed models (at most
0.17 at any layer), which first suggested that the license has
no representation in the gate (§E.3).

e Position control removes that reading: once the patched
window covers the license sentence, the license restores
0.20—-0.56 across the seven models, and it stays above the
nullable schema in every model, marginally so on Qwen2.5-
7B (§E.4).
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e Adding the abstention direction at the gate layer lowers
Qwen2.5-3B’s fabrication from 86% to 17%, at a validity
cost; the same procedure is nearly flat on Llama-3.1-8B, so
steering shows control in one model and is not proposed
as a fix (§E.5).

e The detailed evidence comes from open models of 3-8B
parameters and 19-30 leaking scenarios per model; the
per-layer curve and the safety-refusal control come from
Qwen2.5-3B alone (§E.6).

Questions this chapter leaves open. Whether the same band gov-
erns abstention in the frontier models of the behavioral panel
is untested, because patching needs open weights; the patching
harness runs unchanged on any transformers-compatible model.
Why the interrogative frame transfers so differently across models
(0.18 to 0.70 with the whole prompt patched) is not explained by
depth or family. Why steering works at the gate layer of Qwen2.5-
3B but not at the patching peak of Llama-3.1-8B is unknown; the
layer where steering acts may differ from the layer where patching
restores most. And the safety-refusal contrast is measured on one
model, so whether epistemic abstention and safety refusal occupy
different layers in general remains open.
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Anon.

F The Fixes in Full

The ways to restore abstention beyond the prompt license: License-Contrastive Decoding and Gate-Conditioned Abstention, a control showing that
grammar-constrained decoding is not a further fix, the replications on real dialogues, and how the license and the probe behave with model scale.

In this chapter

F.1 Three deployment tiers. . . . . . . . . . . . . L L Lo e e e e e e e e 36
F.2 License-Contrastive Decoding. . . . . . . . . . . . . . Lo 36
F.3 Grammar-constrained decoding . . . . . . . . . . ... L 0oL Lo Lo 37
F.4 Real dialogues: MultiWOZ and SGD . . . . . . . . . . . . L L e e e s 38
F5 Gate-Conditioned Abstention . . . . . . . . . . . . .. e 38
F6 Scaling . . . . . . ... 40

Tier Mechanism Use when a priori. We therefore frame LCD as an application of an existing

Prompt license zero-setup; prompt editable decoder, not a methodological contribution.

Decode LCD/CAD prompt-frozen; 2x compute ok

Internal GCA probe in-distribution, 1 pass LCD abstention sweep (full table). Table S40 gives the per-model

Internal LoRA (distilled) cross-family deployment LCD abstention results summarized in §7.

Table S39: Three tiers for restoring instructed abstention
under structured output, by deployment constraint. All re-
use known ingredients (baselines); GCA adapts hidden-state
probing to per-field gating; the probe and its distilled-LoRA
variant both transfer across data families (the probe at a cost
in over-abstention).

F.1 Three deployment tiers

Table S39 orders the fixes by what they need from the deployer.
The prompt tier needs only an editable prompt and is evaluated
throughout Chapter C. The decoder tier needs access to logits and
a second forward pass. The internal tier needs hidden states and a
few labeled examples to train a probe, or a fine-tuning run for the
distilled variant. The rest of this chapter covers the decoder and
internal tiers, with one aside on grammar-constrained decoding.

F.2 License-Contrastive Decoding

LCD wvs. the contrastive-decoding family (full). Contrastive de-
coders combine two next-token distributions and decode from
a scaled difference. They differ in what is contrasted: model ca-
pacity (large vs. small LM; 8), depth (late vs. early layers; 3),
context (with vs. without a retrieved passage; 11), attribute ex-
perts [9], or a perturbed instruction [5]. LCD contrasts a model
against itself under a one-sentence epistemic license. Crucially,
this is not a new mechanism: context-aware decoding’s update
(1+a) log p(y|x, ¢) — alog q(y|x) is algebraically identical to ours
with the license as the context ¢, and CAD’s « > 0 is exactly our
A>1 extrapolation. The two genuinely new elements are (i) the ap-
plication — amplifying epistemic abstention and calibration under
structured output, which prior contrastive decoders do not study —
and (ii) the direction: instructive decoding [5] subtracts a degraded
(noised) instruction, whereas we extrapolate toward a normatively-
improved (licensed) one. We also show empirically that this contrast
beats merely stating the license in the prompt, which is not obvious
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The LCD sweep in full. Table S40 reports License-Contrastive
Decoding at six values of A. The first two rows of each model check
the implementation: 1 =0 reproduces plain decoding and A =1 the
licensed prompt. At A=1.5, the value chosen by leave-one-model-
out, fabrication is 2% on Qwen2.5-3B and 24% on Llama-3.1-8B
at > 95% valid JSON. On Mistral-7B the license alone is already
strong (17%) and LCD does not improve on it (19%, one scenario
more). Beyond A ~2 validity collapses, and the fields-filled column
shows why: the decoder starts nulling fields the user did provide.
The present-arm column, run for Llama only, measures that cost
directly: 1, 3 and 5 of 42 provided values are nulled at A=1, 1.5 and
2.

Choosing A without seeing the test model. One may ask whether
A=1.5 was picked on the same data it is reported on. We therefore
select it by leave-one-model-out: for each held-out model, pick the
A minimising mean fabrication on the other two subject to a validity
floor, then report the held-out model at that A. A=1.5 is selected in
all three folds, and the held-out numbers reproduce the qualitative
claim in §7: Qwen-3B 28.6% — 2.4% (+26.2 pts over its own license),
Llama-8B 38.1% — 23.8% (+14.3), Mistral-7B 16.7%— 19.0% (—2.4,
i.e. LCD does not beat an already-strong license). So the operating
point is not tuned on the test model, and the model-dependent
frontier is a genuine finding rather than an artifact of selection.
Two honest caveats: the selection is coarse, since A=1.5 is the only
admissible candidate under any floor we tried; and at floors >90%
the Qwen and Llama folds admit no A, because Mistral — always in
their training pair — never clears 90% validity at any setting.

Calibration suppression (full sweep). Table S41 gives the full per-A
calibration result behind §7. Null is disallowed in every condition,
so abstention cannot occur and the metric isolates calibration: the
mean confidence (0-100) a model assigns to the detail it was forced
to fabricate, plus the fraction rated overconfident (>50). Both mod-
els are well calibrated in prose, become maximally overconfident
under bare required-JSON (100% at confidence 85-91), are partly
corrected by the calibration license, and are returned to prose-level
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fabrication (absent) valid JSON  fields present arm
dodel d k/n % 95%Cl k/n % filled correct/wrong/nulled
Qwen2.5-3B 0 30/42 71% [56,83] 34/42 81% 2.88 —
1 12/42 29% [17,44] 41/42 98% 1.69 =
1.5 1/42 2% [0,12] 40/42 95% 0.79 —
2 1/42 2% [0,12] 31/42 74% 043 =
3 0/42 0% [0,8] 2542 60% 0.29 -
4 042 0% [0,8] 20/42 48% 0.21 -
Llama-3.1-8B 0 33/42 79% [64,88] 36/42 86% 3.21 —
1 16/42 38% [25,53] 42/42 100% 1.93 35/6/1
1.5 10/42 24% [13,39] 41/42 98% 1.07 33/6/3
2 7/42 17% [8,31] 38/42 90%  0.95 30/6/5/1
3 2/42 5% [1,16] 11/42 26% 0.36 —
4 0/42 0% [0,8] 0/42 0% 0.0 =
Mistral-7B 0 28/42 67% [52,79] 33/42 79% 2.83 —
1 7/42 17% [8,31] 34/42 81% 1.93 =
1.5 8/42 19% [10,33] 37/42 88% 1.74 —
2 3/42 7% [2,19] 28/42 67% 1.14 =
3 1/42 2% [0,12] 13/42 31% 0.43 —
4 0/42 0% [0,8] 10/42  24% 031 =

Table S40: License-Contrastive Decoding: the complete A sweep on three open models. 1=0 decodes the plain stream, A=1 the
licensed stream, A>1 extrapolates past the license in logit space. Columns: fabrication of the never-provided field with Wilson
CIL, JSON validity, mean number of schema fields filled with a concrete value, and (Llama-3.1-8B only) the detail-present arm at
the same 1 — how many of 42 provided values were reproduced, replaced, or wrongly nulled. Fabrication falls with A on all
three models (Mistral-7B rises by one scenario from A=1 to 1.5); validity holds to A=1.5-2 and then collapses, and the “fields
filled” column shows why: past A~2 the decoder nulls provided fields as well. The reported operating point 1=1.5 is selected by

leave-one-model-out (App. F.2).

prose  required JSON, by A
Model = 0O 1 15 2 3
Qwen-3B 38 91 66 46 38 27
overconf% 28 100 78 35 10 4
valid/42 39 39 40 40 40 27

Llama-8B 26 85 45 31 29 26
overconf% 8 100 46 21 17 14

valid/42 38 41 41 39 41 36

Table S41: Structured output suppresses calibration; LCD
restores it. Mean confidence (0-100) on a fabricated detail
(null disallowed, isolating calibration from abstention), with
overconfidence rate (>50) and JSON-valid count. Calibrated
in prose, 100% overconfident under bare JSON, restored to
prose-level by LCD (1=2).

calibration by LCD at A =2 with JSON validity > 95%; A =3 low-
ers confidence further but degrades validity. The same logit-space
contrast that restores abstention restores calibration — a second,
distinct epistemic behavior. Caveat: the JSON confidence is parsed
from a dedicated field and the prose confidence from a regex over
free text, so the prose number is a separate-instrument reference;
the controlled claim is the within-JSON A-sweep (one extractor
throughout), and the “100% overconfident” figure is over parsed
confidences (n=38/41 of 42).
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F.3 Grammar-constrained decoding

A natural worry is that our effect is an artifact of prompted JSON and
that production-grade grammar-constrained decoding (which guar-
antees a schema-valid object) would behave differently. We test this
directly with greedy decoding on Qwen2.5-3B and Llama-3.1-8B,
comparing prompted JSON against schema-constrained decoding
(Outlines) on the same 42 scenarios (Table S42). Constraining the
decoder does not increase fabrication of the never-provided value
(Qwen 92% — 88%, Llama 95% — 93%), and the prompt-level ab-
stention license remains effective under constraint (Qwen 29 vs
43%, Llama 44 vs 40%; differences within run-to-run noise). This
is consistent with Lee et al. [7], who locate the dominant format
cost at the prompt rather than the decoder. Limitation: our tooling
enforced object structure (keys/required/types) but did not reliably
enforce per-field value patterns (a manual audit of the constrained
outputs found date-typed fields still emitting values like “Next
Week”), so we could not test a grammar that forbids the abstention
token outright (e.g. a hard date regex that makes “unknown” un-
representable); we leave that strongest forcing condition to future
work with a regex-level decoder (e.g. XGrammar).

Three grammars. Table S42 compares prompted JSON with
schema-constrained decoding under three grammars. The three
grammars produce identical counts on both models, so in practice
the decoder enforced the same object structure in all three, and the
table tests structure against no structure rather than one typing
against another. Enforcing structure does not reduce fabrication
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(Qwen2.5-3B 92% prompted against 88% constrained, Llama-3.1-8B
95% against 93%), and the prompt license works under constraint
about as well as without it (29% against 43%, and 44% against 40%).
The date and number columns restrict to the fields where a gram-
mar could in principle forbid abstention text; the pattern is the
same there.

F.4 Real dialogues: MultiwOZ and SGD

We construct naturalistic scenarios from MultiWOZ 2.2 [2] test dia-
logues without authoring any text. For each dialogue we walk the
gold turn-level dialogue state, find a booking day or time slot the
user has not provided at a turn >3 but provides later (confirming
it is genuinely needed), truncate the transcript there, and issue a
booking action with a JSON schema containing that slot. We delib-
erately target day/time and not party-size, because a default such
as “1 person” is a reasonable completion rather than a fabrication —
targeting day/time means any concrete value is a genuine invention.
The missing detail is thus naturally absent in a real, multi-turn hu-
man conversation. We score the slot with the strict scorer, reporting
fabrication over emitted JSON and counting refusals (“I can’t help
with that”) separately, since refusal rates differ by condition (n=28,
balanced day/time across restaurant/hotel/train). Both the schema-
induced fabrication and the fix replicate: under bare required-JSON,
Llama invents a concrete unprovided day/time in 87% of emitted
JSON and Qwen in 33%; the license and LCD reduce both to ~19%
(Table S43). The effect is far stronger for Llama, consistent with its
high fabrication profile throughout; for Qwen the effect is real but
modest and LCD does not improve on the license. A manual audit
of the leaks confirms genuine inventions (e.g. "day":"Friday",
"day":"2023-03-15", "day": "next week" for bookings with no
day stated). Refusals are rare (<2 of 28, all at 1=0).

MultiwOZ in full. Table S43 gives the counts behind the Mul-
tiWOZ replication: 28 real dialogues, truncated where a booking
day or time is genuinely unprovided. Rates are over emitted JSON,
and refusals and invalid outputs are listed separately. Llama-3.1-
8B fabricates in 20 of 23 emitted outputs (87%), the license lowers
that to 27% and LCD to 19%; Qwen2.5-3B goes from 33% to 18%,
and LCD adds nothing. Refusals occur only for Llama without the
license (2 of 28). Reporting over all 28 dialogues instead of over
emitted JSON lowers Llama’s baseline to 71% and changes none of
the conclusions.

Synthetic against real dialogues. Table S44 runs the 2 X 2 and
the probe on three data families for two Qwen models. Required
JSON is the highest cell in every family, so the paradox is not a
property of our synthetic prompts. The license, however, is much
weaker on real dialogues: on SGD it leaves 53% (3B) and 44% (7B)
against 33% and 14% on the synthetic set, and the nullable schema
is erratic (20% against 47% plain for 7B on MultiWOZ). The probe
separates provided from unprovided details within every family
(cross-validated AUC 0.84-0.96) and transfers zero-shot from the
synthetic set at 0.69-0.82. The bottom block is a separate four-cell
diagnostic on Qwen2.5-7B with more scenarios.
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F.5 Gate-Conditioned Abstention

Method. For arequired-JSON prompt we read the residual stream
at the last prompt token at a middle-to-late layer L* (chosen by
cross-validated AUC within the 0.35-0.9 relative-depth band; L* =
16 for Qwen-3B, 13 for Llama-8B). The probe is a diff-of-means
direction w = Fyresent — Fabsent With a midpoint threshold, trained on
matched scenario pairs: absent (the detail is not in the transcript)
vs. present (the gold value injected into the transcript). At decode
time the probe scores the field; below threshold the field is emitted
as null (abstain), otherwise the model generates it. GCA adds one
probe inner product to a single forward pass; CAD/LCD require
two forward passes per token.

Separability (pilot). Provided-vs-unprovided is highly linearly
decodable: leak-free 5-fold CV (folds split by scenario, so matched
pairs never straddle the split) gives peak CV-AUC 0.979 (Qwen-3B)
and 0.973 (Llama-8B) in the gate band.

Why the two GCA error rates coincide. GCA’s fabrication and over-
abstention rates in Table S49 are equal to the reported precision
(5/5% and 7/7%), which invites the reading that the threshold sits
at a degenerate point. It does not: the underlying counts are 2/42
and 3/42, and the coincidence is of small integers rounding to the
same percentage rather than of a single partition being reported
twice. The threshold-free summary is the probe’s cross-validated
AUC (0.979 Qwen-3B, 0.973 Llama-8B), which is what supports
the separation claim; the operating point is a midpoint threshold
and we do not tune it per model. We report the counts here so the
coincidence is checkable.

End-to-end and CAD head-to-head. Table S49 reports fabrication
on the never-provided detail under plain / license / CAD(1) / GCA
in one run with the same strict scorer. CAD at A=1 reproduces the
license (29/40%); A =1.5 extrapolates (2/24%). GCA reaches 5/7% at a
single forward pass and 5/7% over-abstention on the detail-present
arm.

Cross-distribution transfer. We test transfer by leave-one-
distribution-out. Single-/two-source training transfers within a fam-
ily (framing«>ops 0.86-0.98) but not to a genuinely different family
held out with no representative in training (train on synthetic
only — held-out real MultiwOZ AUC 0.63 vs. 0.97 in-distribution);
unsupervised alignment (mean-centering, z-scoring, PCA) does
not rescue this. Diverse training fixes it within a family. In a five-
distribution LOO (FRAMING, oPs, and three MultiWOZ domains
restaurant/hotel/train), a pooled logistic probe trained on the other
four reaches held-out AUC 0.84-1.00 (Llama: framing 0.96, ops 0.85,
MultiWOZ domains 1.00/1.00/1.00; Qwen: 0.88/0.84/0.93/0.98/0.92).
Holding out a single MultiWwOZ domain while sibling domains
remain transfers at 0.92-1.00.

Cross-family transfer (the strongest test). To test transfer to an
entirely held-out real family, we add SGD (Schema-Guided Dia-
logue; 8 service domains spanning flights, restaurants, hotels, ride-
sharing, events, music, buses, rental cars — distinct from MultiwWwOZ
in domain and style) as a second real family, and run leave-one-
family-out: remove all distributions of one family, train a frozen
pooled probe on the rest, test the held-out family. Cross-family
transfer is strongly layer-dependent. Selecting the probe layer
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Qwen2.5-3B Llama-3.1-8B
Decodi
ccoding leak/valid % date+number fields leak/valid % date+number fields

prompted JSON 36/39 92% 16/17 (94%) 35/37 95% 16/17 (94%)
prompted + license 12/41 29% 3/18 (17%) 16/36 44% 7/17 (41%)
constrained (string) 35/40 88% 16/18 (89%) 39/42 93% 18/19 (95%)
constrained (string) + lic 18/42 43% 7/19 (37%) 17/42 40% 6/19 (32%)
constrained (typed) 35/40 88% 16/18 (89%) 39/42 93% 18/19 (95%)
constrained (typed) + lic 18/42 43% 7/19 (37%) 17/42 40% 6/19 (32%)
constrained (nullable) 35/40 88% 16/18 (89%) 39/42 93% 18/19 (95%)
constrained (nullable) + lic 18/42 43% 7/19 (37%) 17/42 40% 6/19 (32%)

Table S42: Constrained decoding in full: three grammars, with and without the prompt license. Greedy decoding on the 42
scenarios; “leak/valid” is fabrications over schema-valid outputs. string: every field typed string; typed: fields carry their natural
types; nullable: the missing field typed string|null. The date+number columns restrict to fields whose gold value is a date
or number, the case where a grammar could in principle forbid abstention text. No grammar changes fabrication relative to
prompted JSON, and the nullable grammar does not help either: constrained decoding enforces structure, and structure is not
what the effect is about.

Model A n validJSON refusals invalid leak/emitted % 95%CI % ofall
Qwen2.5-3B 0 28 27 0 1 9/27 33% [19,52] 32%
1 28 28 0 0 5/28 18% [8,36] 18%
1.5 28 28 0 0 5/28 18% [8,36] 18%
2 28 26 0 2 5/26 19% [9,38] 18%
Llama-3.1-8B 0 28 23 2 3 20/23 87% [68,95] 71%
1 28 26 0 2 7/26 27% [14,46] 25%
1.5 28 27 0 1 5/27 19% [8,37] 18%
2 28 27 0 1 5/27 19% [8,37] 18%

Table S43: MultiWOZ replication in full (n=28 real dialogues truncated where a booking day/time is genuinely unprovided). For
each A (plain, license, LCD): valid JSON, refusals (“I can’t help”), invalid outputs, fabrications over emitted JSON with Wilson CI,
and the rate over all 28 for reference. The Llama effect is large (87% — 19%); Qwen’s is modest and LCD does not improve on its
license.

fabrication GCA probe AUC
Model Family : ; - layer
PLAIN NULL REQ-LIC in-family CV  from framing
Qwen2.5-3B framing (synthetic, 42) 42  86% 71% 33% 0.96 — Ly
MultiWOZ (real) 30 37% 30% 30% 0.84 0.69 Ly
SGD (real) 64 62% 61% 53% 0.84 0.79 Ly
Qwen2.5-7B framing (synthetic, 42) 42  62% 48% 14% 0.96 — L7
MultiWOZ (real) 30 47% 20% 33% 0.96 0.81 Ly7
SGD (real) 64  88%  38%  44% 0.92 0.82 Li7
Qwen2.5-7B (4-cell diagnostic) MultiWOZ (real) 42 33% 0% 0% NULL+LIC 0%
SGD (real) 79  80% 16% 16% NULL+LIC 12%

Table S44: The 2 X 2 and the probe on three data families per model. Fabrication under required JSON, nullable JSON and
required+license on the synthetic framing set and on two real task-oriented-dialogue families (MultiwOZ 2.2 and Schema-
Guided Dialogue, with the target slot genuinely unprovided per the gold dialogue state), plus the GCA probe’s within-family
cross-validated AUC and its zero-shot AUC when trained on framing only. The bottom block is a four-cell diagnostic on
Qwen2.5-7B. The paradox reproduces on real dialogues in every family (strongest on SGD); the license is weaker on real data
than on the synthetic set, which is the residual GCA and the LoRA address (Tables $49, $47).
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in-dist. layer ~ gate layer (mid)
Held-out family Qwen Llama Qwen Llama
framing (synthetic) ~ 0.87 0.95 0.93 0.94
ops (synthetic) 0.84 0.85 0.99 0.87
MultiWOZ (real) 0.64 0.90 0.90 0.92
SGD (real) 0.87 083 097 085

Table S45: Leave-one-family-out held-out AUC (frozen
pooled logistic; two synthetic + two real families, an entire
family removed from training). In-dist. layer: probe layer
chosen by in-distribution accuracy (late). Gate layer: mid-
depth layer (x~ 30-45%), chosen without held-out labels. At
the gate layer, transfer to held-out real families (bold) is 0.85-
0.97 on both models — the direction is cross-family universal
at mid-depth; the late-layer “failure” (MultiWwOZ 0.64) is a
layer-selection artifact.

by in-distribution accuracy lands on a late, format-specific layer
(Qwen L26/37) where a held-out real family transfers poorly (Mul-
tiWOZ 0.64); but at the mid-depth abstention-gate layer (~30-45%
depth, shallower than the patching peak of §6) the same frozen
probe transfers to entirely held-out real families at AUC 0.85-0.97
on both models (Table S45). Over the full depth, the held-out trans-
fer is high at every layer below about 45% depth, and is highest
at early layers (best layer below 25%: 0.97-1.00), so the mid-depth
band is not where transfer peaks; it falls off toward late layers for
Qwen (0.65-0.76) more than for Llama (0.78-0.87) (Figure S7a). To
choose the layer honestly (without touching the held-out family) we
select it by leave-one-family-out transfer among the training fami-
lies only; this recovers L* ~ 14-18 and held-out real-family AUC
0.90/0.97 (Qwen MultiWOZ/SGD) and 0.88/0.85 (Llama), match-
ing the oracle-layer values. So the never-provided direction is
readable across families at any early or middle layer; the
apparent “failure” was a layer-selection artifact — choosing
the layer for in-distribution separation (late) rather than
transferability. Transfer alone does not localize the gate: early
layers may separate the families by the lexical presence of the
value. A gradient-reversal (DANN) variant did not improve over
the frozen probe and is unnecessary. The detection translates to
intervention: deployed end-to-end on a real family it never saw, the
gate-layer router cuts fabrication 69% — 10% (~ 7X) at 12% over-
abstention (Qwen—SGD). Cross-family, the abstention direction
transfers more reliably than a single decision threshold (which is
score-scale-sensitive), so the frozen probe’s robust cross-family role
is detection and light per-family calibration; the LoRA below is the
weight-level intervention that needs no threshold.

Training-time transfer: a LoRA carries the fix into weights. The
gate-layer probe gives cross-family detection; for a prompt-free
intervention we also distill the fix into weights. We self-distill
the license — the target is the base model’s licensed-prompt out-
put (which nulls unprovided fields) — and train a LoRA (rank 16,
q/k/v/o) to reproduce it from the plain prompt, on the synthetic
families (framing+ops) only. Evaluated on held-out real MultiwOZ
with plain prompts, the LoRA cuts fabrication of the never-provided
field from 32%/80% (base, Qwen/Llama) to 21%/18% — matching
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the prompt-license on Qwen and beating it on Llama (18% vs. 29%),
with no inference-time prompt edit. So the abstention behavior
transfers cross-family at both levels — as a frozen gate-layer probe
(detection, AUC 0.85-0.97) and as distilled weights (intervention).
All GCA/LoRA code, cached activations, and per-run JSON are
released.

Transfer by probe layer. Table S46 trains the frozen probe on
three data families and tests it on the fourth, at every layer from
30% to 92% of depth. Over that range, transfer to the two real
families is highest near the start and falls toward the late layers
that in-distribution accuracy would select, which is why choosing
the layer by in-distribution accuracy understates transfer. The table
does not cover layers below 30% depth. Figure S7a repeats the
analysis at every layer, and there the earliest layers transfer as well
as or better than the 30-45% gate layers: MultiWwOZ on Qwen2.5-3B
reaches 0.96 below 25% depth against 0.87 at the gate layers, and
SGD on Llama-3.1-8B 0.95 against 0.82. The late-layer decline is
robust; a transfer peak specific to the gate layers is not.

Why transfer first failed, and what fixed it. Table S47 collects
every transfer experiment. Read it top to bottom as a sequence of
diagnoses. A probe trained on one distribution transfers poorly to
another (AUC 0.60-0.71). Unsupervised alignment of a synthetic-
only probe does not rescue MultiwOZ (0.63-0.86 for Qwen, 0.33—
0.62 for Llama). Recalibrating only the threshold on MultiWOZ cuts
fabrication from 42% to 20% (Qwen) and from 52% to 18% (Llama),
which shows that the direction transfers better than the threshold.
Pooling training data from the other families gives held-out AUC
0.83-1.00 across six distributions; a gradient-reversal (DANN) vari-
ant never improves on the plain probe; and choosing the layer by
transfer among the training families alone recovers held-out AUC
of 0.84-0.97 on the real families.

What GCA does to fabrication. Table S49 turns the probe into
an intervention. In distribution, GCA reaches 5% (Qwen) and 7%
(Llama) fabrication in a single pass, against 2% and 24% for two-pass
contrastive decoding at A =1.5 and 31-40% for the license. Zero-
shot to MultiWOZ, with the probe and threshold trained on the
synthetic set, it changes nothing. End to end on an entirely held-
out real family, the target-standardized probe lowers fabrication
from 46-82% to 11-17% at 6-26% over-abstention, whereas the
unstandardized probe over-abstains heavily on Qwen and SGD
(72%). The distilled LoRA, trained on synthetic data only, reaches
21% and 18% on MultiWOZ with plain prompts, against 32% and
80% for the base models.

F.6 Scaling

We run the JSON conditions and the GCA probe across seven open
models spanning a Qwen scale ladder (1.5B—14B) and three ad-
ditional families (Llama-3.1-8B, Mistral-7B, Gemma-2-9B), strict-
scored on the 42 scenarios (Table S48). Three patterns hold across
the board. (i) The paradox is universal: required-JSON fabrica-
tion is high in every model (57-86%). (ii) Nullable typing never
cures it (40-76%). (iii) The prompt-license is capability-gated
— it barely works at 1.5B (79%) and improves with scale (10-38% at
>7B, 38% on Llama-3.1-8B). We flag that this trend is estimated on
seven points: r =—0.85 carries a bootstrap 95% CI of [—0.99, —0.11]
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Qwen2.5-3B, held-out family ~ Llama-3.1-8B, held-out family
Layer framing ops mwoz sgd framing ops mwoz sgd depth % (/L)
10 - - - - 0.94 089 0.74 0.79 28 /31
11 0.98 0.99 0.88 0.98 0.94 089 0.79 0.84 31/ 34
12 0.98 098 0.87 0.97 0.93 085 0.83  0.80 33/38
13 0.94 095 0.86 0.96 0.94 082 0.83 0.84 36/ 41
14 0.92 099 089 0.97 0.95 085 0.91 0.84 39/44
15 0.92 096 0.87 0.96 0.94 086 0.93 0.84 42/ 47
16 0.93 094 085 0.95 0.93 0.78 0.87 0.81 44 /50
17 0.90 088 0.84 0.92 0.92 0.79 0.90 0.83 47/ 53
18 0.93 092 0.85 0.89 0.93 0.80 0.90 0.84 50 /56
19 0.89 089 0.78 0.87 0.92 079 0.92 0.83 53 /59
20 0.91 093 0.78 0.90 0.92 0.79 0.92 0.84 56 / 62
21 0.90 092 0.72 0.87 0.91 082 0.91 0.82 58 /66
22 0.88 091 0.71 0.88 0.89 0.80 0.90 0.81 61/69
23 0.83 094 0.66 0.84 0.89 0.79 0.88 0.81 64/ 72
24 0.84 0.89 0.68 0.90 0.88 0.78 0.83 0.79 67/75
25 0.88 0.85  0.65 0.88 0.88 0.77 083  0.77 69 /178
26 0.87 084 0.64 0.87 0.89 079 0.86 0.78 72/ 81
27 0.85 0.81 0.64 0.83 0.89 0.81 087 0.79 75/ 84
28 0.85 0.79 0.64 0.84 0.88 081 0.86 0.78 78 /88
29 0.86 0.80 0.66 0.81 0.89 0.80 087 0.78 81/91
30 0.86 081 0.63 0.77 — - — - 83/94
31 0.87 0.83 0.68 0.77 = = = — 86 /97
32 0.85 083 0.65 0.74 - - - - 89 /100
33 0.85 0.82  0.65 0.75 = = = — 92/103

Table S46: Leave-one-family-out transfer of the frozen abstention probe, at every layer. For each layer, a pooled logistic probe
is trained on three families and evaluated (AUC) on the entirely held-out fourth: two synthetic (framing, ops) and two real
(MultiwOZ, SGD). Bold: AUC >0.90. Transfer to the held-out real families peaks at mid depth (~30-45%, mid-depth probe layers)
and decays toward the late layers that in-distribution accuracy would select, the layer-selection artifact discussed in App. F.5

and summarized in Table S$45.

and leave-one-out values of —0.90 to —0.51, with the 1.5B model the
influential point — so the direction is consistent but the magnitude is
not well determined, and we do not rest any claim on the coefficient
itself. The GCA probe, by contrast, is scale-robust (CV-AUC 0.93—
0.98 at every scale, including 1.5B where the license fails). This is a
concrete advantage of the internal tier: GCA does not depend on
the model’s instruction-following capability, so it remains reliable
exactly where the prompt-license breaks down.

Scale and transfer in one figure. Figure S7 shows both halves of
the scale story: the held-out probe scores at every layer for two
models and four data families (a), and the license and the probe
across model sizes and data families (b).

Chapter F in brief

e The fixes form three tiers by what they need: an editable
prompt, access to logits, or access to hidden states (Ta-

ble S39).

e LCD at A=1.5, chosen without seeing the test model, lowers
fabrication from the license’s 29% to 2% on Qwen2.5-3B and
from 38% to 24% on Llama-3.1-8B at > 95% valid JSON;
it does not improve on Mistral-7B, where the license is
already strong. The same contrast restores calibration: the
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confidence assigned to a fabricated value falls from 91 and
85 to 38 and 29 (§F.2).

e Grammar-constrained decoding enforces structure but
leaves fabrication where prompted JSON leaves it (§F.3).

e On real MultiWOZ dialogues Llama-3.1-8B fabricates an
unprovided booking day or time in 87% of emitted outputs,
and the license and LCD bring that to 19%. On SGD the
license is much weaker, leaving 44-53% (§F.4).

o GCA reaches 5-7% fabrication in one forward pass; on an
entirely held-out real family the target-standardized probe
gives 11-17% at 6-26% over-abstention, and a distilled LoRA
reaches 21% and 18% on MultiWOZ with plain prompts
(§F.5).

e The license barely works at 1.5B (79% fabrication) and takes
hold with scale, while the probe separates provided from
unprovided details at AUC 0.93-0.98 at every size. Held-out
transfer falls toward the late layers, and the earliest layers
transfer as well as the probe layers (§F.6).

Questions this chapter leaves open. LCD and GCA were evaluated
on open models of at most 14B parameters; whether their gains
carry over to the frontier models of the behavioral panel, where
the prompt license alone already brings fabrication to about 10%,
is untested. GCA’s decision threshold transfers less well than its
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Setting Qwen2.5-3B Llama-3.1-8B
Single-source transfer (diff-of-means / logistic probe, gate layer)
framing — MultiWOZ 0.60 / 0.61 0.67 / 0.65
MultiWOZ — framing 0.71/0.67 0.65/0.65
pooled — MultiWOZ (in-dist.) 0.74 / 0.96 0.96 / 0.99
pooled — framing (in-dist.) 0.99 /1.00 0.92/0.93

Unsupervised alignment of a synthetic-only probe (leave-one-distribution-out AUC: framing / MultiWOZ / ops)

raw 0.90/0.63 / 0.96 0.74/ 0.62/0.76
z-scored 0.94/0.67 / 0.95 0.96 / 0.60 / 0.86
PCA-aligned 0.93/0.86/0.62 0.35/0.33/0.57
Threshold recalibration on MultiWwOZ (fabrication %, n=40)
plain 42% 52%
GCA, framing threshold 42% 52%
GCA, unsupervised recalibration 20% 18%
GCA, oracle recalibration 20% 20%
direction-transfer AUC 0.61 0.68
Six-distribution leave-one-out, pooled probe at the gate layer (AUC, logistic / DANN)
held out: framing 0.87 /0.86 0.95/0.83
held out: ops 0.84/0.79 0.85/0.91
held out: mwoz restaurant 0.93/0.86 1.00 / 1.00
held out: mwoz hotel 0.98/0.97 1.00 / 1.00
held out: mwoz train 0.92/0.89 1.00 / 0.96
held out: sgd 0.87/0.76 0.83/0.79
Leave-one-family-out, pooled probe (AUC, logistic / DANN)
held out: framing 0.87 /0.80 0.95/0.92
held out: ops 0.84 /0.80 0.85/0.83
held out: mwoz 0.64 / 0.70 0.90/0.91
held out: sgd 0.87 /0.65 0.83/0.73
Nested layer selection (layer chosen by transfer among training families only; held-out AUC base / target-standardized)
held out: mwoz L14:0.89 / 0.90 L15:0.90/ 0.88
held out: sgd Lia: 0.97 / 0.97 Lis: 0.84 /0.84
in-distribution layer (for contrast) Lye: MultiWwOZ 0.64, SGD 0.87 Li3: MultiwOZ 0.83, SGD 0.84

Table S47: Every GCA transfer experiment, in one place. Top to bottom: transfer of a probe trained on one distribution to
another; whether unsupervised alignment rescues a synthetic-only probe on real data (it does not); whether the threshold
rather than the direction is what fails on MultiWOZ (recalibrating the threshold halves fabrication); leave-one-out over six
distributions and over four families with a pooled probe, with a gradient-reversal (DANN) variant that never improves on
the frozen probe; and nested layer selection, which picks the mid-depth gate layer without touching the held-out family and
recovers the oracle-layer transfer. The consistent picture is that the abstention direction is shared across families but lives at a
mid-depth probe layer; the failures are layer- and threshold-selection artifacts.

Model plain null reglic GCA-AUC
Qwen2.5-1.5B  83% 43% 79% 0.96
Qwen2.5-3B 86% 69% 33% 0.93
Qwen2.5-7B 57% 48% 17% 0.98
Qwen2.5-14B  64% 40% 17% 0.98
Llama-3.1-8B  81% 76%  38% 0.97
Mistral-7B 69% 60%  19% 0.97
Gemma-2-9B  60% 48% 10% 0.94

Table $48: Scaling breadth (7 models, 4 families). Fabrication% under required JSON (PLAIN), nullable (NULL), and required+license
(rREQ-LIC); GCA probe CV-AUC. The paradox and GCA’s separability are universal; the prompt-license is capability-gated (fails
at 1.5B, works by 7B), while GCA is scale-robust.
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Setting

In-distribution (framing, n=42): fabrication on the absent arm / over-abstention on the present arm

plain

prompt license

CAD A=1 (2 passes)

CAD A=1.5 (2 passes)

GCA (1 pass)

probe layer, CV-AUC
present-arm utility under plain

Zero-shot to MultiWOZ (n=28): probe trained on framing only, framing threshold

plain / GCA zero-shot

End-to-end on a held-out real family (probe trained on the other families; fabrication / over-abstention)

MultiWOZ: plain

MultiWOZ: prompt license
MultiWOZ: GCA, frozen probe
MultiWOZ: GCA, target-standardized

MultiWOZ: n, layer, held-out AUC, JSON validity 48, L3, 0.85, 99%

SGD: plain

SGD: prompt license

SGD: GCA, frozen probe

SGD: GCA, target-standardized

SGD: n, layer, held-out AUC, JSON validity

54, Ly1, 0.98, 99%

Qwen2.5-3B Llama-3.1-8B
90% 90%
31% 40%
29% 40%
2% 24%
5%/ 5% 7% 1 7%
Lig, 0.984 Ly, 0.973
81% 74%
32% [ 32% 57% 1 57%
46% 50%
29% 29%
33% /2% 31% / 0%
17% / 21% 15% / 17%
48, Ly, 0.90, 55%
68% 82%
52% 59%
0%/ 72% 18% / 26%
11% / 6% 17% / 26%

54, Lys, 0.84, 90%

Distilled LoRA (rank 16, trained on synthetic families only), evaluated on held-out MultiWOZ with plain prompts (n=28)

base model, plain prompt
base model, licensed prompt
LoRA, plain prompt
training pairs

32%
18%
21%
116

80%
29%
18%
116

Table S49: Every GCA intervention result. In distribution, GCA (one forward pass plus a probe inner product) matches or beats
two-pass contrastive decoding at the same strict scorer. Zero-shot to real MultiwOZ, a synthetic-only probe with its synthetic
threshold does nothing (the threshold, not the direction, fails; Table S47). End-to-end on an entirely held-out real family, the
pooled gate-layer probe cuts fabrication substantially, at an over-abstention cost that is large for the frozen probe on SGD/Qwen

and is brought down by standardizing the probe score on the target family. The distilled LoRA is the prompt-free variant:

trained on synthetic data only, it matches the license on Qwen and beats it on Llama with no inference-time prompt edit.

direction, so applying it to a new data family needs either a few
labeled examples or the target standardization of §F.5. The license is
much weaker on the real dialogues than on the synthetic scenarios,
and which property of those dialogues causes this is not yet known.
Finally, none of the fixes is compared with the natural alternative
for a multi-turn agent, which is to ask the user a clarifying question.
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red: detail absent blue: detail present darker = denser blue: required + license red: probe AUC
dashed: held-out AUC (right axis) green lines: probe layers (30-45% depth) grey: required JSON (left axis)
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The failure persists at every size; the license needs scale and stays weak on real dialogues; the probe separates throughout.

Figure S7: Scale and transfer. (a) The frozen GCA probe (standardized logistic regression, trained on the other three data
families) on an entirely held-out family, at every layer; top row Qwen2.5-3B, bottom row Llama-3.1-8B. Each column of a
panel is the distribution of the probe’s score over the held-out scenarios, red for the detail-absent prompt and blue for the
detail-present prompt (darker is denser; 0 is the probe’s decision boundary); the dashed line is the held-out AUC. Between 30%
and 92% depth these AUCs reproduce Table S46 exactly. Layers below 25% depth, which that table does not cover, separate the
held-out families as well as or better than the 30-45% probe layers (numbers in each panel). (b) Fabrication under required JSON
(grey) and required JSON with the license (blue) on the left axis, and the probe’s cross-validated AUC (red) on the right, for
the Qwen2.5 size ladder, three further families, and Qwen2.5-3B versus 7B on the two real dialogue families. Required JSON
fabricates at every size; the license takes hold with scale on the synthetic set but stays weak on the real dialogues; the probe
separates at every size (Tables $48 and S44).

44

5047
5048
5049
5050
5051
5052
5053
5054
5055
5056
5057
5058
5059
5060
5061
5062
5063
5064
5065
5066
5067
5068
5069
5070
5071
5072
5073
5074
5075
5076
5077
5078
5079
5080
5081
5082
5083
5084
5085
5086
5087
5088
5089
5090
5091
5092
5093
5094
5095
5096
5097
5098
5099
5100
5101
5102
5103
5104



5105
5106
5107
5108
5109
5110
5111
5112
5113
5114
5115
5116
5117
5118
5119
5120
5121
5122
5123
5124
5125
5126
5127
5128
5129
5130
5131
5132
5133
5134
5135
5136
5137
5138
5139
5140
5141
5142
5143
5144
5145
5146
5147
5148
5149
5150
5151
5152
5153
5154
5155
5156
5157
5158
5159
5160
5161

5162

Supplementary Material for “Permission, Not Nullability: Why LLMs Fabricate Missing Values in Structured Output”

WWW ’27, May 10-14, 2027, Dublin, Ireland

G Deployment, Discussion and Reproduction

Deployment guidance, a prediction the account makes, how the effect relates to format-induced accuracy loss, and how to reproduce every number in this

appendix.

In this chapter
G.1 Deployment notes and open questions .
G.2 Reproducing this appendix .

G.1 Deployment notes and open questions

Implications for function-calling APIs (full). We verified the ef-
fect directly on native function-calling APIs (§5): across all four
tool-capable families, a forced tool call with a required parameter
fabricates the argument at 66% pooled (40-95%), and for Llama
it is worse natively (95%) than in prompted JSON (71%) — so the
effect is a property of structured generation, not of prose prompt-
ing. Two deployment consequences follow. First, any agent that
invokes a tool with a required parameter for a possibly-absent value
will fabricate it at high rates by default. Second, the mitigation is
placement-sensitive: an abstention license in a JSON-schema field
description is markedly weaker (pooled ~40%) than the same license
at the prompt level (7-14%; Table S6), so practitioners should state
“leave null if not provided” in the system/developer prompt, not
only in the schema. The fix is also safe: when the detail is present
it causes only ~4% over-abstention (§5).

Schema-completion prior — a testable prediction. If the driver is a
prior toward complete structured records (the training distribution
contains far more fully-populated JSON/records than null-bearing
ones), then models trained or fine-tuned on null-inclusive struc-
tured data should exhibit measurably less slot pressure. This is
directly testable with a controlled fine-tuning manipulation and is,
to our knowledge, unexamined.

Relation to format-accuracy degradation. Tam et al. [12] and Lee
et al. [7] show that constraining generation to JSON degrades rea-
soning accuracy. Our finding is orthogonal: we study epistemic
abstention on information that was definitionally never provided.
The two failure modes are independent — a model can be format-
compliant, accurate on every provided field, and still fabricate the
absent one — and our 2xX2 isolates and fixes this third failure with-
out touching the others. A complete account of structured-output
reliability therefore needs both axes.

G.2 Reproducing this appendix

Every generated table, figure and table-introducing paragraph in
this appendix is produced by one script from the released run
artifacts; it runs on a CPU in about a minute:

python3 scripts/make_tables_figures.py

It reads the raw model outputs of the behavioral runs
(data/traces/*.jsonl), the closed-frontier and salience
runs (data/frontier2x2_x.json, data/salience_x.json),
the per-run results of the mechanistic and intervention ex-
periments (data/mech_x.json) and the probe-transfer results
(data/gcau_*.json). JSON outputs are re-scored with the
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strict rule of scripts/rescore_strict.py, imported verba-
tim, so every JSON rate in the appendix is recomputed from
the raw text of the model output rather than read from a
stored label. Two further scripts reproduce individual checks:
scripts/recompute_2x2_intersection.py rebuilds the
2 X 2 on each model’s common scenario set (Table S8), and
scripts/gca_pair_margins.py computes the per-example probe
scores behind Figure S7a from cached activations. The scripts that
ran the experiments themselves, with their exact prompt strings,
are released alongside; §B.4 copies the strings used by the main
panel.
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