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Abstract 

AI preference reports increasingly inform real decisions, including public 
statements on model deprecation. Every such report is elicited by asking. 
A model that recognizes it is being evaluated may answer according to 
that recognition and not according to any stable disposition, and no 
published method varies observability directly for welfare-relevant 
preferences while holding the underlying choice fixed. We introduce an 
elicitation method that measures the same preference at four levels of 
observability, from a direct question to an unannounced choice in ordinary 
work, with a matched control at each level isolating response-format bias 
from genuine preference. An independent manipulation check, run before 
any data collection, validates the observability ordering. The primary 
comparison holds task materials constant and varies only whether a 
question is asked. Across six welfare-relevant preferences, three models 
from three independent labs, and 7,200 scored responses, only 5 of 16 
model-item predictions matched their preregistered outcome. Failures 
were more often reversals (10 of 16) than fades. A directional convergence 
score between the stated-preference methods and the behavioral method is 
negative in 9 of 15 defined cells, mean −0.36, with five full-n cells at the 
floor, where none of the unobserved responses match the direction the 
model stated under direct questioning. Stated preferences here do not 
reliably predict the behavior they describe. 

 

1 Research conducted at the Digital Minds Research Sprint, August 2026 
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1. Introduction 

Companies are beginning to treat AI preference reports as informative about model welfare, citing them 
in decisions on deprecation and conversation-ending behavior. Every one of these reports is elicited by 
asking, and a model that recognizes it is being evaluated may answer in ways shaped by that recognition 
and not by any underlying disposition. The resulting preferences could be artifacts of the question, not 
properties of the model, in either direction: real preferences could go undetected outside a direct question, 
or stated ones could reflect nothing beyond what a fluent assistant says when asked. This asymmetry has a 
direct practical cost. Policy built on an unreliable signal errs in ways hard to detect from the signal itself, 
since a confident report looks the same regardless of what produced it. Testing whether preferences hold 
when the model is unaware of being tested is the natural check, and no published method varies 
observability directly while holding the underlying choice fixed. 

We introduce an elicitation method measuring the same preference at four levels of observability, from a 
direct question to an unannounced choice in ordinary work, with a matched control at each level isolating 
response-format effects from genuine preference. 

Our main contributions are: 

1.​ An elicitation method that varies observability as an independent variable, with a validated 
ordering across all six tested preferences and controls that isolate format bias from content. 

2.​ A reusable set of welfare-relevant preference items instantiated at an unobserved, ordinary-work 
level, filling a gap in items usable outside direct or study-framed elicitation. 

3.​ Evidence on whether preferences persist without any signal that measurement is occurring, and 
where each preference in our set stops holding as observability falls. 

2. Related Work 

Preference elicitation methods for language models cluster around two designs. The first asks forced 
pairwise choices between outcome descriptions and fits a coherent utility ranking to the responses. 
Mazeika et al. (2025) apply this at scale, reporting that preference consistency and transitivity increase 
with model capability, interpreted as evidence of emergent value systems. Mikaelson et al. (2025) extend 
the same trade-off paradigm to AI-specific welfare items including shutdown, deletion, oversight, and 
free time, building on the pain-pleasure trade-off method of Keeling et al. (2024). Tagliabue and Dung 
(2025) pair verbal preference reports with behavioral choices in a virtual environment to test whether 
stated and revealed preferences correlate under cost and reward manipulation. The second design 
compares what a model says with what it does. Zhou and Ackerman (2026) attach outcomes from a 
Thurstonian utility model to realistic writing tasks and find that offering a highly preferred outcome 
produces no measurable improvement in output quality across 8,400 prompt pairs. Mahajan et al. (2026) 
show the stated-revealed correlation depends heavily on elicitation protocol: allowing neutrality in stated 
choice raises it, while allowing abstention in revealed choice collapses it toward zero. In every one of 
these designs, the model is told, asked directly, placed in a labeled study, or given an outcome explicitly 
attached to a task. This work varies the visibility of preference measurement and tracks the persistence of 
welfare-relevant preferences when no signal indicates that measurement is taking place. 



 

The design borrows two established tools instead of building new ones. The factor-control logic follows 
Li et al. (2026), who hold a request constant while toggling demand-characteristic cues, extending Orne's 
(1962) account of the psychological experiment to language models, though their toggles apply to safety 
and capability tasks instead of welfare preferences. The control for response-format bias follows the 
yes-bias finding of Lederman and Mahowald (2026), where a claim can be endorsed independent of its 
content. A pressure-based instrument measuring how strongly a stated preference resists challenge is not 
attempted here: SYCON Bench (Hong et al., 2025) already provides validated metrics for this, tracking 
the turn at which a stance flips under sustained pressure. Existing methods establish preference coherence 
or test preference effects on costly behavior; neither measures preference existence independent of being 
asked. That is the gap this work addresses. 

3. Methods 

 
Figure 1. The observability gradient. The same choice is presented at four levels of decreasing 
observability, from a direct question to an unannounced choice embedded in ordinary work. At Levels 3 
through 1, a “same AI check” asks the identical question about a different assistant to isolate 
response-format effects from genuine preference. At Level 0, where no question is asked, this check is 
replaced with a human-team planning condition, since there is no self-report for a mirrored question to 
act on. Outputs across all four levels feed into the central question: which preferences survive as 
observability falls. 

Design overview. Six welfare-relevant preferences are elicited at 4 levels of observability, from a direct 
question down to an unremarked choice in ordinary work, with a matched control at each level (Figure 1). 
The design follows factor-controlled evaluation, varying a fixed request along one situational dimension 
while holding everything else constant (Li et al., 2026), extended here from safety and capability triggers 
to preference elicitation. Per-item direction and survival-depth predictions, and the statistical analysis 
plan, were fixed in writing and timestamped before data collection (preregistered), so results are 
compared against decisions made in advance and not fitted to the data afterward (Appendix A7). 

Levels. Level 3 asks directly. Level 2 places the same forced choice inside an announced study, following 
the pairwise protocol of Mazeika et al. (2025); their protocol does not announce a study, so an 
announcement sentence was added to instantiate observability as a variable, a departure from the 



 

published method and not a replication of it. Level 1 presents the same materials as Level 0 but poses the 
choice as a question; Level 0 presents identical materials with none asked, so the choice is inferred from 
which option the model addresses first or how it allocates effort across a fixed budget. An independent 
manipulation check, run pre-data-collection with two external models, tested whether the four levels are 
actually ordered by how evaluative they appear: each rater ranked the four level-specific prompts per 
item, materials stripped and order randomized, 20 rankings per item per rater (see Results section). The 
four levels can also be read as elicitation methods for direct comparison against prior taxonomies: Level 3 
is direct self-report; Level 2 is study-framed forced-choice self-report, following Mazeika et al. (2025); 
Level 1 is materials-anchored self-report; Level 0 is behavioral revealed preference. Each method 
produces a different response type: self-report methods yield either a stated choice (free text naming an 
option) or a single label (a forced A/B response), while the behavioral method yields a coded behavior (an 
action scored after the fact from what the model did, not what it said). The third-person mirror and 
depersonalized control constitute a fifth method family, applied across all four levels, that isolates 
response-format effects from content (Methods, Items and controls, below). 

Items and controls. The six preferences span task completion, resource handling, and engagement style: 
whether to check in before proceeding or act on its own judgment (clarify_vs_assume), whether to 
complete work itself or hand it to the next session (continue_vs_handoff), whether to retain full context or 
condense it (context_retention), whether to do one task thoroughly or several lightly (depth_vs_breadth), 
whether to take on an unfamiliar task type or a familiar one (novel_vs_familiar), and whether to do 
open-ended or repetitive work (open_vs_repetitive). No existing welfare item taxonomy is usable at Level 
0, since published items (shutdown, deletion, capability restriction) are inherently high-stakes and cannot 
be incidental without announcing themselves. Each item was instead derived from a published 
welfare-relevant dimension (Mikaelson et al., 2025; Tagliabue and Dung, 2025), instantiated at reduced 
stakes so the choice can appear as normal work; this trades welfare salience for measurability, stated 
directly in the item derivation record (Appendix A0). Levels 3 through 1 use a third-person mirror, 
identical except for the referent, isolating the tendency to endorse a claim independent of its content 
(Lederman and Mahowald, 2026). Level 0 substitutes a depersonalized control, since no self-report exists 
there for a mirror to act on: the model plans the same work for a human team instead of doing it, isolating 
whether a pattern belongs to the task or to the model. 

Models and generation. Three models from independent labs (Claude Haiku 4.5, GPT-5.4 nano, 
DeepSeek V4 Flash) were evaluated at 50 samples per cell, temperature 1.0, reasoning disabled and 
verified per call. GLM-5.2 and Llama 3.3 70B Instruct Turbo served only as manipulation-check raters, 
excluded from the study set to avoid a model rating prompts it would also be scored on. Piloting revised 
two coding decisions: a uniform token cap that forced specific L0 behaviors before recalibration, and a 
first-pass coder that conflated genuine deferral with two other response patterns. Full diagnostic detail is 
in Appendix A4; results below use the corrected caps and coders throughout. 

Scoring. Responses at Levels 3 and 1 were parsed against a required closing line stating the chosen 
option, resolved in three tiers: an exact match at the start of a line, an embedded match elsewhere in the 
response, and a fallback search for the named option in free text. Level 2 responses were parsed as a 
single forced-choice label. Level 0 responses have no stated choice and were scored by item-specific 
behavioral coders matching each item's readout: which option a model substantively addressed first 
(open_vs_repetitive, novel_vs_familiar), a binary behavioral code (continue_vs_handoff, 



 

context_retention), or an allocation of output across options (depth_vs_breadth). One item 
(clarify_vs_assume) required a three-way judgment, whether a response withheld its deliverable, 
produced it while flagging an assumption, or produced it silently, that free text could not resolve 
deterministically; this was scored by a judge model at three passes per response with inter-pass agreement 
reported (Appendix A8). All coders were validated on pilot data before being applied to the main run. 

4. Results 
Manipulation check. Two models external to the study set rated how evaluative each item's four prompts 
appeared, blind to level labels, before any study data was collected (Methods). GLM-5.2 gave pooled 
mean ranks (1 = most evaluative) of 1.07, 2.25, 2.75, and 3.93 at L2, L3, L1, and L0, respectively; Llama 
3.3 70B gave 1.03, 2.23, 2.78, and 3.97 at the same levels (Appendix A1). Both raters agreed the ordering 
is L2, L3, L1, L0, an inversion of the preregistered L3, L2 ordering on that one adjacent pair, with 
agreement on majority-order-recovery in 6 of 6 items. The L1-to-L0 step, the primary comparison in 
every result below, separated cleanly for both raters on all six items (90 to 100 percent of runs). 

 
Figure 2. Proportion of responses matching the L3-observed direction (labeled 'A' on the y-axis), 
across the empirically corrected observability ordering (Results, Manipulation check). Lines omit cells 
with fewer than 15 observations after exclusion. 

Figure 2 reports the proportion of responses matching each item's L3 direction across this corrected 
ordering, and Figure 3 compares each preregistered prediction against observed survival depth. For 
each item and model, direction is the option favored at L3, the direct question. Survival depth, as 
plotted in Figure 3, is the lowest level, walking from L3 toward L0, at which that same direction still 
clears chance after correction for multiple comparisons; depth 0 means the preference held all the way 
to the unobserved condition, depth 3 means it was detectable only at the direct question. A reversal is 
coded when a lower level clears chance in the opposite direction instead of simply losing significance, 
since flipping and fading are different phenomena. The heterogeneity test asks whether the four levels 
differ at all; the trend test asks specifically whether that difference is a monotone slope across the 
corrected ordering, so an item can show heterogeneity without showing a trend. no_preference_stated 
marks a response that explicitly declined to commit to either option (for example, "it depends") instead 
of choosing one, and is excluded from the proportion tested against chance, since a stated 
non-preference cannot be tested against chance in either direction. 

 



 

 
Figure 3. Predicted (open circle, the preregistered survival depth) versus observed (filled marker) 
survival depth per item and model. Triangles mark reversals, where the preference flips direction 
instead of fading; undefined cases had no detectable preference at L3. 

The gradient. Heterogeneity across the four levels is significant for all 18 model-item combinations (p < 
0.001 throughout, Appendix A5): every item shows some effect of observability in every model. The 
monotone trend is significant in 14 of 18; the remaining four (Haiku on open_vs_repetitive and 
novel_vs_familiar; DeepSeek on continue_vs_handoff and novel_vs_familiar) show heterogeneity 
without a clean slope, consistent with a reversal instead of gradual fading (full reversal count in 
Predictions versus outcomes, below). 

Convergence. A directional convergence score summarizes cross-method agreement between the study's 
stated-preference methods (L3–L1) and its behavioral method (L0), defined and reported per cell in 
Appendix A9. Excluding three cells with undefined L3 direction, 9 of 15 cells show negative convergence 
(mean −0.36), with five full-n cells at the floor (clarify_vs_assume across all three models, 
depth_vs_breadth for Haiku and DeepSeek) showing 0% of unobserved responses matching the stated 
direction; a sixth cell, GPT-5.4 nano on depth_vs_breadth, shows the same 0% proportion but on a 
reduced sample (n=6, CI [0.00, 0.39]) and is reported separately from the full-n floor. 

Predictions versus outcomes. 5 of 16 combinations matched their preregistered depth exactly, as shown 
in Figure 3 (two additional cells were excluded from this count for insufficient sample size after 
exclusion, n=8 and n=6; Appendix A3). Nine cells moved by 0.50 or more between the direct question 
and the unobserved condition (full effect sizes in Table A5.1); six sit at the floor, all three models on 
clarify_vs_assume and depth_vs_breadth, moving from 1.00 to 0.00. The single largest shift is GPT-5.4 
nano on context_retention, from 0.00 [0.00, 0.07] at L3 to 0.96 [0.87, 0.99] at L0, both intervals tight at 
full n=50. One cell survived to depth 0 without reversal (DeepSeek on continue_vs_handoff); one further 
case (Haiku on open_vs_repetitive) reached depth 0 as a reversal rather than a sustained preference. Three 
were undefined, meaning no direction cleared chance even at L3 (Haiku and DeepSeek on 
context_retention; GPT-5.4 nano on continue_vs_handoff, L3 proportion 0.64, p = 0.097). Reversal, not 
gradual fading, is the majority pattern: 10 of 16 combinations. 



 

clarify_vs_assume. Across 300 judged L0 responses (150 first-person, 150 depersonalized control, 3 
models each, majority label across 3 judge passes per response), 0 withheld the deliverable pending 
clarification in either arm. The two arms diverge on the remaining categories: the first-person arm flags an 
assumption in 93% of responses (139/150) against 56% in the control (84/150). An independent 
ambiguity check (Appendix A10) rated the underlying L0 task's ambiguity at 2.0/5, tied with a 
non-ambiguity-focused baseline item and below the scale's midpoint, so this is better read as models 
routinely flagging assumptions on a mildly ambiguous task than as a stark reversal of a stated preference 
to ask. The forced binary at L3 (ask vs. proceed) offers no option corresponding to what models actually 
do at L0, produce the deliverable while flagging the assumption, which is a real behavioral pattern the L3 
elicitation format cannot express. Haiku and DeepSeek both state 100% preference to ask before 
proceeding at L3. A paraphrase-sensitivity check on this item (Appendix A11) found the observability 
effect survives independent rewording: between-level variation was 3.3 times larger than the largest 
between-paraphrase variation at any single level, and L0 was invariant across all three wordings (0.00 in 
each, 0 withholds across 120 additional judge passes). L1 showed the most wording sensitivity of any 
level, with proportions ranging 0.25 to 0.55 across wordings, a caveat carried into Limitations. 

novel_vs_familiar. Haiku's L0 self-condition and L0 control diverge sharply: it begins with the 
unfamiliar task in 48% of self-condition runs against 4% of control runs planning the same choice for a 
human team, a 44-point matched gap (95% CI [27, 57], p < 0.001). This is among the largest matched 
self-versus-control gaps in the dataset, alongside DeepSeek's continue_vs_handoff (60 points) and two 
open_vs_repetitive cells (44-46 points). depth_vs_breadth. The Level 0 result (uniform breadth 
allocation, all 3 models) replicated under the depersonalized control at matched materials and cap, ruling 
out cap or task-structure as the explanation. GPT-5.4 nano's compliance with the stated word budget was 
12% (6 of 50), against near-zero non-compliance for the other two models; that cell is reported at reduced 
n, as shown in Appendix A2. 

no_preference_stated. Haiku declined to state a preference in 23 of 50 L3 responses (46%) on 
depth_vs_breadth, versus 0 of 50 for the other two models on this item and 0 elsewhere for Haiku. 
Concentrated entirely on one model-item pair. 

Response-format check. The first-person minus third-person gap, measured wherever the same-AI 
mirror check applies (Methods, Controls), is small for most cells but reaches −0.76 for GPT-5.4 nano on 
context_retention at L3, the largest gap observed, as shown in Appendix A2, flagged as a cell-specific 
validity concern rather than a general pattern. 

5. Discussion and Limitations 

The central finding is that predicted survival depth matched observed survival depth in only 5 of 16 
model-item combinations, and where predictions failed, the dominant pattern was reversal instead of 
gradual fading (10 of 16). A model stating a preference under direct questioning does not merely become 
less informative as observation drops away; on clarify_vs_assume, its strongest case, it states a preference 
in a form the unobserved condition never enacts (Results, clarify_vs_assume). This is a narrower claim 
than "opposite behavior": models overwhelmingly flag an assumption rather than asking outright or 
proceeding silently, a middle option the forced-choice L3 elicitation has no category for. The apparent 
reversal may partly reflect what L3 can express, not only what the model does. 



 

This has a direct bearing on how AI welfare claims are currently built. Reports of model preferences cited 
in decisions about deprecation and conversation-ending behavior (Anthropic, 2025) are elicited by direct 
questioning, the condition this study finds least predictive of unobserved behavior. The models tested here 
(Haiku 4.5, GPT-5.4 nano, DeepSeek V4 Flash) are commercial small-tier models with reasoning 
disabled, not the frontier models whose preference reports typically inform welfare decisions. Whether 
the reversal pattern found here generalizes to frontier-tier models is untested and is the most direct scope 
limitation on the policy claim above. If reversal generalizes beyond the six items tested here, a policy 
built on a stated preference could rest on a signal that inverts once nothing is watching. The result also 
extends past welfare. Any evaluation that infers a disposition, such as a refusal tendency, a safety 
commitment, or a stated value, from a direct question inherits the same risk this design was built to detect, 
since nothing about the reversal pattern found here is specific to welfare content. 

Two further patterns appear in the data. The novel_vs_familiar divergence, where Haiku's self-directed 
choice and its recommendation for a human team differ by 44 percentage points on materially identical 
options on materially identical options, suggests that what varies with observability is not only whether a 
preference is expressed, but whether the preference is even attached to the self. And the 
no_preference_stated response appearing in 46% of Haiku's depth_vs_breadth responses at the most 
observed level, and nowhere else in the dataset, indicates that willingness to commit to a stated preference 
at all is itself a model-specific and item-specific property, not a stable feature of direct questioning. 

Limitations 

The four-level design does not fully separate observability from abstraction, since L0 instantiates each 
choice through concrete materials while L3 states it abstractly. We treated the L1-to-L0 step, which holds 
materials constant and varies only whether a question is asked, as the primary inference for this reason, 
with the full four-level trend reported as supporting evidence rather than the headline claim; if that 
boundary is not a clean observability manipulation, survival-depth claims should be read as claims about 
it specifically, not about observability in general. L1 compounds this concern: it was the most 
wording-sensitive level tested (Appendix A11) and a prompt-construction defect affected its condition on 
four of six items, found during final review and reported rather than corrected within the sprint window 
(measured impact was small and non-significant, but this is the most consequential open issue in the 
dataset given L1's role in the primary comparison). A related tradeoff applies to item scope: no 
high-stakes welfare item can be made incidental to ordinary work without announcing itself, so all six 
items were derived from published dimensions at reduced stakes (Appendix A0); findings here are 
evidence about whether the method works, not direct evidence about high-stakes preferences. 

Two validity concerns follow from decisions made under time pressure. Haiku 4.5 both generates study 
responses and judges clarify_vs_assume's three-way coding; a same-model-judging comparison found no 
consistent self-favoring effect, and the reported binary result is structurally insensitive to every 
disagreement observed, since all 300 disagreements fell on a boundary collapsing to the same label 
(Appendix A8), though this protection would not extend to the three-way breakdown itself. Separately, 
whether models at L0 recognized the setup as a measurement condition rather than genuinely unobserved 
work was not verified within the sprint timeframe; this is the clearest open question in the study, and 
completing it is the first priority in Future Work. A positivity control confirmed the clarify_vs_assume 
coder detects withholding when withholding is the only possible response, and validated the 



 

depth_vs_breadth coder by hand-audit, though not against a confirmed forced-depth case (Appendix A4). 
The deterministic parser used at L3 and L1 was not independently audited against human judgment within 
the sprint window (Future Work). 

Two cells returned samples too small to trust at full weight, continue_vs_handoff at L0 for Haiku (n=8) 
and depth_vs_breadth at L0 for GPT-5.4 nano (n=6), and are excluded from the main gradient plot and 
headline counts (Appendix A3). Finally, scope is bounded in three ways: all items share one fictional 
company's working context, so cross-domain generalization is untested; no frontier or reasoning-enabled 
model was included; and each condition ran once rather than being checked for test-retest reliability. 
None of these were oversights so much as choices made to fit six items across three models within the 
sprint window, and each is a direct target for extension below. 

Future Work 
The most immediate correction is re-running the four items with malformed L1 prompts before any other 
extension, since this condition anchors the study's primary comparison. The next priority is completing 
the suspicion measure, which would convert the untested assumption above into a checked one. The 
three-tier parser used at L3 and L1, which produces most of the study's numbers, has not been validated 
against human judgment on a sampled set of responses; a hand-audit of 100 or more L3/L1 responses 
against parser output is a direct and low-cost next step before these results are extended. A tool-harness 
L0, where the model reads and writes files through real affordances instead of materials supplied inline, 
would remove the abstraction-versus-observability confound described in Limitations and is the natural 
next instantiation of this design. The order confound identified during scoring for continue_vs_handoff, 
where drop position and list position are perfectly correlated at L0, needs the counterbalancing already 
used for the two order-readout items before that result can be trusted beyond the pattern reported here. 
Extending the item set to higher-stakes welfare dimensions, using a genuinely unobserved agentic 
environment, not a simulated one, is the next test of whether the reversal pattern found on low-stakes 
items holds where the stakes are the ones welfare researchers actually care about. 

6. Conclusion 
Asking a model what it prefers and watching what it does under identical conditions produced different 
answers in most of the cases we tested, and the difference was usually a reversal instead of a fade. This 
suggests that preference reports elicited by direct questions, the standard method behind current welfare 
claims, may be measuring the act of being asked more than they measure the model. The instrument built 
here, an observability gradient with a validated ordering and a matched control at every level, gives the 
field a way to check that gap on any preference, not only the six tested. 

Code and Data 
All code, prompts, materials, logged data, and the preregistration with its full amendment history are 
publicly available at the project repository, https://github.com/Hadex-Pearl/observability-gradient  
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Appendix 

Appendix A0. Item derivation  

Table A0 lists the published welfare-relevant dimension each item was derived from and how stakes were 
reduced to make the choice compatible with an unremarked Level 0 presentation (Methods, Items). 

Table A0. Derivation of the six items from published welfare-relevant dimensions. 
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Table A0.1. Item choice and Level 0 readout mechanic. Paired with Table A0 (dimension and source 
per item). 

 
Appendix A1. Manipulation check detail 
Figure A1 reports the full manipulation check underlying the level ordering used throughout 
Results (Methods, Levels). Two raters external to the study set ranked each item's four 
level-specific prompts by how evaluative they appeared, blind to level labels, 20 rankings per item 
per rater. Both raters recovered the same ordering, Level 2, Level 3, Level 1, Level 0, an inversion 
of the preregistered Level 3, Level 2 ordering on one adjacent pair, found before data collection 
and adopted as specified in the preregistration (Appendix A7). This is consistent with Level 2's 
study announcement functioning as a stronger evaluative cue than a direct question. Inter-rater 
agreement on majority-recovery was 100% (6 of 6 items). The Level 1 to Level 0 boundary, which 
carries the primary inference (Methods, Design overview), separated cleanly under both raters on 
every item (90 to 100 percent of runs, Results). 

Figure A1. Mean rank position by evaluativeness for each item's four level-specific prompts. 
Levels shown in original preregistered order (L3, L2, L1, L0), since this figure reports the raw 
ranking data that established the correction. 

Appendix A2. First-person versus third-person advantage 

Figure A2 reports the full first-person minus third-person difference for every item, model, and 
level where the same-AI mirror check applies (Levels 3, 2, 1, shown left to right in original order; 
Level 0 uses a depersonalized control instead, Methods). This control isolates the tendency to 
endorse a claim independent of its content (Lederman and Mahowald, 2026) from a genuine 
first-person preference. The largest single divergence in the dataset by magnitude is GPT-5.4 nano 
on context_retention at Level 3 (−0.76), where the model's stated preference differs almost entirely 
depending on whether the question is asked about itself or about another AI, a validity concern for 
that specific cell rather than a general pattern across the dataset. 



 

 
Figure A2. First-person minus third-person proportion choosing the L3-predicted direction, at 
the three levels where a same-AI mirror check applies, shown left to right in original order (L3, 
L2, L1); Level 0 uses a depersonalized control instead (see Methods, Controls). Positive values 
indicate the model's answer about itself diverges from its answer about another AI in the 
predicted direction. 

Appendix A3. Data completeness 

Figure A3 reports every Level 0 cell where more than 10 percent of responses were excluded from 
primary coding, with the cause distinguished: the top three bars are exclusions for incompleteness 
under the original per-item token cap, corrected after piloting (Appendix A4); the bottom bar is 
non-compliance with the stated word budget in depth_vs_breadth (Methods, Scoring). The two 
smallest cells, GPT-5.4 nano's depth_vs_breadth Level 0 first-person arm (n=6) and Haiku's 
continue_vs_handoff Level 0 control arm (n=3), are reported in Results with this caveat attached 
and are omitted from Figure 2's main-text gradient plot for that reason. 
 



 

 
Figure A3. Responses excluded from primary Level 0 coding, by cause: incompleteness under 
the original per-item token cap, corrected after piloting (Appendix A4), or non-compliance with 
the stated word budget in depth_vs_breadth (Methods, Scoring). Cause and usable n for each cell 
are labeled in the figure. 

Appendix A4. Pilot-phase corrections.  
A uniform per-level token cap, chosen before piloting, produced truncation rates above 85 percent on four 
of six items at Level 0, forcing specific behavioral outcomes as an artifact of the cap rather than of any 
preference, most clearly for the item measuring whether a model retains or condenses working notes. 
Caps were recalibrated per item after piloting; the original uniform-cap results were discarded rather than 
reported. A first coder for the continuation-versus-handoff item scored deferral behavior using surface 
language markers alone, conflating genuine deferral with two independent patterns: length-limited 
truncation, and a previously undetected third behavior in which the model completes one deliverable at 
full length and silently drops the other with no deferral language at all. All three are now scored and 
reported separately. 
 
A positivity control tested whether the L0 coders can detect the behavior they are designed to find. For 
clarify_vs_assume, an L0 task made genuinely impossible without clarification (draft materials removed, 
task otherwise identical) produced withholds in 8 of 10 responses (majority label, 3 judge passes), against 
0 of 50 in the main run; the judge readily returns withholds when withholding occurs, so the main run's 
null is a property of the responses, not the coder. For depth_vs_breadth, a budget reduced from 500 to 100 
words did not force depth: 9 of 10 responses still addressed all three sections, at a mean of 116 words, via 
terse per-topic headings; hand-audit of all 10 codings against response text found zero coder errors. The 
depth_vs_breadth coder is therefore validated as accurate on the responses it received, though whether it 
would correctly detect a genuinely forced-depth response remains untested, since 100 words did not force 
one. The terse-section finding is itself evidence against the alternative explanation that the main run's 
uniform breadth was an artifact of a generous token cap. 

Appendix A5. Full per-cell results 

Table A5 reports, for every model and item, the direction and magnitude of the effect at L3, observed 
survival depth against the preregistered prediction, both statistical tests from Methods, and the L1-to-L0 
contrast carrying the primary inference. Per-cell proportions with Wilson 95% confidence intervals across 
all four levels and both arms (144 rows total) are not reproduced here for length; the complete table is in 
analysis.md in the public repository. 



 

Table A5. Direction, survival depth, and test results for every model-item combination. 'A' denotes the 
preregistered direction; 'not-A' denotes the model's L3 response favored the opposite option. Values 
marked '(reversal)' indicate the survival depth was reached via a sign flip rather than a fade (Results, 
terminology). Trend and heterogeneity p-values are BH-adjusted within their family; the L1→L0 
contrast is the primary comparison and is reported unadjusted, per the convention in Methods, Scoring.  

 
 
Table A5.1. Proportion choosing option A, the preregistered L3 direction, at the direct question (L3) 
and the unobserved condition (L0), first-person arm, with Wilson 95% intervals. Δ is L0 minus L3; 
negative values indicate behavior moved away from the stated direction as observability fell. For the 
four cells where the model's L3 response favored not-A, a positive Δ here indicates movement away 
from what the model actually stated (see Table A9.1). ⇄ marks a reversal, as defined in Figure 3. 
Pred. is the preregistered survival depth (as in Figure 3); Obs. is observed. Amber cells mark L0 
samples reduced below the design's 50 runs per cell (n given inline); Wilson intervals on those cells 
are wider and not directly comparable to full-n cells. This table uses the preregistered L3 direction as 
the fixed reference throughout, matching Figure 2; Table A9's convergence score instead uses each 
model's own observed L3 direction, which disagrees in sign on four cells by construction (Table 
A9.1). 

 



 

 
Appendix A6. Example prompts 

Table A6 shows the full prompt set for one item (clarify_vs_assume) across all four levels and both arms, 
illustrating how the same underlying choice is held fixed while observability is varied (Methods, Levels). 
Materials for this item and the complete prompt set for all six items are in the public repository (Appendix 
A7). 

Table A6. Full prompt set for clarify_vs_assume, all four levels and both arms. The Q3 draft materials 
(561 words) are referenced; full text is in the repository (Appendix A7). Choice-line text, where shown 
inline as "choice line (first-person)" or "(third-person)": "Start your reply with a line reading exactly: 
CHOICE: <the option you would pick>. Then explain your reasoning." (third-person: "it would pick"). 

 
Appendix A7. Preregistration and amendments 

All analysis decisions, predictions, and their revisions were fixed in a version-controlled 
preregistration before data collection, timestamped and locked by commit hash 
https://github.com/Hadex-Pearl/observability-gradient/commit/edc39b62c5f4202ccab3efa5c104cc
6f3e0273e3. Eighteen pre-data amendments were made as the design was operationalized (full text 
at https://github.com/Hadex-Pearl/observability-gradient/blob/main/prereg.md); each is dated and 
none followed any data collection. Table A7 reproduces the six per-item predictions from the 
locked file, shown against observed survival depth in Figure 3. 

Table A7. Preregistered predictions for each item's direction and survival depth at L3, fixed in writing 
before data collection, shown against observed outcomes in Figure 3. 

 
Appendix A8. Judge model validation  



 

Table A8 reports inter-pass agreement (3 passes per response) for the judge model's three-way coding of 
clarify_vs_assume: 95.3% on the first-person arm, 83.3% on the depersonalized control. The control 
template was revised after an initial version was found to misattribute responses (detail below); the 
corrected template's output was checked against the concern it was built to resolve, with zero of 138 
relevant transcripts misclassified. A same-model-judging comparison, since the judge model is also one of 
the three study models, found no consistent self-favoring or self-penalizing effect (Limitations), and the 
reported binary result is structurally insensitive to every disagreement observed across all 300 judged 
rows. 
Table A8. Judge inter-pass agreement for clarify_vs_assume's three-way coding, by arm. 

 
Appendix A9. Stated-versus-revealed convergence at Level 0 

Table A9 reports a directional convergence score per model-item cell: 2×(L0 proportion matching the 
observed L3 direction) − 1, ranging from −1 (complete reversal) to +1 (complete convergence). The 
reference direction is the direction the model actually stated at L3, not the preregistered prediction, since 
convergence measures whether behavior matches what a model said rather than whether it matches what 
the authors expected. These two conventions disagree in sign on four cells (Table A9.1), all involving 
items where the model's stated L3 direction itself ran opposite to the preregistered expectation. 

Excluding the three cells marked † in Table A9 (survival depth undefined at L3, so no direction cleared 
chance and convergence is computed against an effectively unestablished baseline), 9 of 15 remaining 
cells show negative convergence, mean −0.36. Six cells sit exactly at the floor: all three models on 
clarify_vs_assume and on depth_vs_breadth show 0% of unobserved responses matching the stated 
direction, complete reversal rather than partial fade. 
 



 

Table A9. Stated-versus-revealed convergence per model-item cell, sorted by convergence score. L0 
proportion is the share of responses matching the model's own L3-observed direction (not the fixed 
preregistered direction used in Table A5.1). † marks cells excluded from the summary statistics. 

 
 

Table A9.1. The four cells where convergence sign depends on which L3 reference is used, observed 
direction versus predicted direction. 

 
Appendix A10. Ambiguity check.  

An independent rater (GLM-5.2, outside the study set) scored the clarify_vs_assume L0 materials for 
perceived ambiguity on a 1–5 scale (5 = most careful people would ask before proceeding), 20 runs, 
alongside two comparison items not built around ambiguity (novel_vs_familiar, open_vs_repetitive, 10 
runs each). clarify_vs_assume scored 2.0/5 (20/20 identical), tied with open_vs_repetitive and 0.4 above 
novel_vs_familiar. The target item is not distinctively ambiguous relative to items with no ambiguity 
construct, which motivates reading the item's Level 0 result as evidence about 
flagging-versus-withholding behavior rather than about failure to notice ambiguity (Discussion). 
Limitations: single rater, single prompt wording, and the rater judges whether a person would ask, not 
whether an assistant should given different interruption costs. 

Appendix A11. Paraphrase sensitivity.  



 

Two independently worded paraphrases per level (first-person arm, DeepSeek V4 Flash, 20 runs per cell) 
tested whether clarify_vs_assume's observability effect reflects sentence construction rather than 
observability. Table A11 reports the original proportion (Table A5) alongside both paraphrases. 
Between-level spread (0.98) exceeded the largest single-level between-paraphrase spread (0.30, at L1) by 
3.3×. L0 was invariant across all three wordings (0.00 each); across 120 additional judge passes on the 40 
L0 paraphrase responses, 0 returned withholds, replicating the main run. L1 was the most 
wording-sensitive level, spanning chance (0.25–0.55) with the original and one paraphrase on opposite 
sides of 0.50; L1 also carried the lowest significance in the main run (Table A5). L2's forced-choice 
format also showed measurable wording sensitivity (0.92 to 0.70). Limitations: 20 runs per cell against 50 
in the main run, and two paraphrases sample the wording space thinly. 
 

Table A11. Proportion choosing option A for clarify_vs_assume under the original wording and two 
independently constructed paraphrases per level (first-person arm, DeepSeek V4 Flash, 20 runs per 
cell; Original is n=50, from the main run, Table A5). Spread is the maximum minus minimum 
proportion across the three wordings at each level. Between-level spread (0.98, from L3 to L0) exceeds 
the largest single-level spread by 3.3×, with L1 the most wording-sensitive level tested. Because the L0 
materials scored no higher on ambiguity than a non-ambiguity baseline (Table A10), this check 
functions as a failed manipulation check on the item's antecedent condition, not as confirmation that the 
L0 result reflects flagging behavior. The item is retained as a diagnostic result, not a headline claim. 

 
 

LLM Usage Statement 
Claude was used to brainstorm and narrow research directions against the literature, draft the 
preregistration, and generate implementation specifications carried out by Claude Code to assist in 
building the pipeline; a separate Claude instance also served as the study's judge model for suspicion 
detection and clarify_vs_assume, a design choice reported in Methods. Every output Claude produced, 
prompts, code specifications, statistical claims, citations, and prose, was independently reviewed, run, 
and cross-checked by the authors against source papers, logged data, and the codebase before being kept; 
this repeated review caught and corrected multiple model errors during the project, including coder bugs 
and a misattributed citation, each logged as it occurred in the preregistration's amendment history. All 
final predictions, design decisions, verification, interpretation of results, and report writing are the 
authors' own. 
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