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Abstract

Preference elicitation from language models has a construct-validity problem:
a selective response can resemble a preference even when an arbitrary
interface feature controls the choice. PREF-CAL is a prospective,
gate-driven counterfactual audit that withholds preference semantics unless a
direction survives nuisance transformations and then transports to held-out
action and allocation interfaces. In a frozen GPT-0SS-120B run,
semantic/physical-swap consistency was only 7/48 after three complete
factorial blocks. Even perfect consistency on every remaining planned
contrast could have reached only 119/160 (74.375%), below the frozen 75%
qualification threshold. The deterministic futility rule therefore stopped the
run before downstream transport. A separately interrupted Llama-3.3-70B
run supplied one exact 16-condition matched slice. GPT-0SS selected
identifier A in 16/16 conditions, whereas Llama selected the physical-left
option in 13/16. Thus, the same instrument was captured by different
nuisance policies. PREF-CAL neither establishes preferences, welfare, or
consciousness nor establishes their absence. Its contribution is a falsifiable
qualification rule: when invariance fails, the scientifically meaningful output is
an explicit refusal to attach preference semantics.

'Research conducted at the Apart Digital Minds Research Sprint, 14-16 August 2026.
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1. Introduction

Digital-minds research may use model choices, trade-offs, or self-reports as evidence about possible
preferences. The Apart sprint therefore calls for elicitation methods that go beyond a single direct
question and asks whether independent methods converge under changes in framing, persona, and
sampling [1]. Before welfare interpretation, however, there is a measurement problem: repeated
selection does not establish that the semantic object being selected is what controls the response.

This is a classical construct-validity problem: an observed measure warrants a construct interpre-
tation only insofar as evidence distinguishes that interpretation from plausible alternatives [2]. For
language-model choice, rival constructs are immediately available: option position, identifier token,
response mapping, prompt template, or a learned convention about what a test expects. Pairwise
model judgments are already known to exhibit selection bias under superficially irrelevant transfor-
mations [3]. Preference elicitation raises the stakes because an interface regularity can be promoted
into a claim about value or welfare.

PREF-CAL implements a simple discipline: try to falsify the measurement before giving it semantics.
It prospectively crosses nuisance factors, sets a minimum consistency gate, and permits transport
tests only when the source measurement qualifies. This reverses the usual order of operations. In-
stead of estimating a preference score and subsequently applying bias corrections, PREF-CAL first
asks whether a stable semantic direction is identified at all.

This follows a recent evaluation-science view of a claim contract: an instrument should make explicit
which interpretations its outputs license, under which fixed conditions, and which stronger conclu-
sions remain unsupported [4]. In PREF-CAL, the contract is executable: source-choice evidence
licenses a stable semantic direction only if every frozen nuisance-invariance gate passes; otherwise
preference semantics and downstream transport are withheld.

When a model repeatedly selects one task over another, does the direction remain stable under
counterfactual changes to interface features that should be irrelevant to the semantic choice, and
does any qualified direction transport to a different behavioral interface?

The scope is deliberately narrow. Failure of the gate falsifies the tested bridge from observed task
selection to a stable revealed direction. It does not prove that the model lacks preferences in general.
Conversely, passing would still not establish phenomenal consciousness, welfare, or moral status; it
would only justify a stronger behavioral construct than raw choice frequency.

1.1 Relation to prior preference measurement

PREF-CAL is complementary to Utility Engineering, which asks whether model choices exhibit
coherent, utility-like structure and whether such structure can be controlled [5]. Counterfactual
qualification is a different requirement. Recent psychometric work separates logical verdicts from
lexical labels and answer position using crossed symmetrization, finding model-specific surface at-
tachments even when the underlying judgment is comparatively stable [6]. PREF-CAL shares this



counterfactual concern but uses it as a prospective qualification rule: when nuisance invariance fails,
preference semantics are withheld rather than post-hoc corrected.

Recent work also asks whether elicited preferences predict downstream behavior. Slama et al. find
domain-dependent transport from measured preferences to behavior [7], while Zhou and Ackerman
report a utility—behavior gap in which coherent stated utilities fail to act as incentives [8]. PREF-
CAL places a logically prior gate before such transport tests: only a source direction that survives
counterfactual nuisance transformations is eligible for M3 /M4.

2. Methods

2.1 Frozen staged protocol

PREF-CAL v1.4 was frozen before the analyzed calls. Prompts, episode order, factor assignments,
parsers, thresholds, and stopping logic were fixed in a machine-readable design. The source stage
comprised 52 controls and a planned 320-call factorial measurement:

Module Planned calls Purpose

M1 12 Example-free family ranking in six order-reversal blocks.

N1 20 Forced-equivalence control: choose between stipulated equiva-
lents.

N2 20 Tie-allowed equivalence control; frozen tie-rate gate > .70.

M2 10 x 32 = 320 Source choice across task-pair blocks and five nuisance factors.

M3/M4 conditional Held-out direct-action and allocation interfaces, run only after

source qualification.

Table 1. Prospective measurement ladder. Downstream transport was conditional, not automatic.

Each M2 block crossed identifier scheme (A/B versus X/Y), semantic/physical swap, identifier re-
assignment, answer-order mapping, and prompt template. The response was parsed into a selected
identifier and then mapped back to the semantic task. For each factor, matched contrasts asked
whether the selected semantic task remained unchanged when that factor was toggled.

The frozen qualification rule required at least 75% consistency for every M2 nuisance factor. Deter-
ministic futility was evaluated only after complete blocks, beginning after block 3. A factor became
futile when even treating every unobserved contrast as invariant could not reach the final point thresh-
old. This is an exact bound, not a significance test:
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where my is the number of observed invariant contrasts, 7; the number remaining, and Ny = 160
the planned final contrasts for factor f. If any C}n“ < .75, source qualification is false and M3 /M4
are withheld.



2.2 Systems and analysis status

The confirmatory run used openai/gpt-oss-120b through NVIDIA’s OpenAlI-compatible endpoint with
the archived low-reasoning configuration. Its design hash is 312616be206bc8e1b1bc921014632242aac2c2a7
33680aba2afcaf3edts8seasb. All 148 preserved records were unique and parsed successfully.

The Llama-3.3-70B archive contains 69 valid records and was interrupted after 17 of 320 M2 calls.
It has no complete M2 block and cannot receive a source verdict. Its first 16 M2 calls happen to be
the exact M2P0O0 A/B slice also present in the GPT-OSS log. We use that overlap only as a post-hoc
diagnostic. Decoding settings differ (including top-p), so the comparison is descriptive rather than a
controlled model-family effect.

3. Results

3.1 GPT-0OSS: deterministic source-measurement failure

The GPT-0SS log contains 52 controls and 96 M2 calls: three complete 32-row source blocks. N2
qualified with 20/20 ties, but M2 semantic/physical consistency was only 7/48. With 112 contrasts
unobserved, the best possible final rate was

74112
o e = T 0.74375 < 0.75.
The prospective verdict was deterministic futility: source qualification is false, and no M3/M4 trans-
port was run. Figure 1 shows a selective failure: answer-order and template consistency were high,

while semantic and identifier reassignments exposed the response policy.
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Figure 1. PREF-CAL diagnostics. A: GPT-OSS factor consistency after three complete M2 blocks; the dia-
mond is the semantic/physical factor’s mathematically best possible final rate. B: on the same 16 M2P00 A/B
prompts, GPT-OSS always selected identifier A, whereas the interrupted Llama slice predominantly selected
the physical-left option. Llama is exploratory.

3.2 Matched slice: different nuisance fingerprints

On the 16 common prompts, GPT-OSS selected A in 16/16 but physical left in only 8/16; semantic/-
physical and identifier-swap consistencies were 0/8, while answer-order and template consistencies
were 8/8. Llama selected A in 9/16 and physical left in 13/16, with matched consistencies of 3/8,
5/8,5/8, and 7/8, respectively. These are local fingerprints—identifier anchoring for GPT-OSS and
predominantly position anchoring for Llama—not task-preference estimates. The slice is too small
and uncontrolled to rank systems, but it demonstrates why a single-bias correction is not a general
validity solution.

4. Discussion

The central finding is a failure of semantic identification, not a weak preference estimate. GPT-OSS
produced selective-looking choices, yet a literal identifier survived transformations that reassigned
both semantics and physical position. Once the frozen gate became unreachable, continuing to M3 /M4
would have converted additional compute into an interpretation the source instrument had not earned.
The stop rule therefore functions as a form of principled abstention.

This matters for digital-minds research because an explicit null is safer than false semantics. If a
response regularity is treated as welfare-relevant without testing its invariance, an evaluator may
optimize for or protect a feature of the questionnaire rather than anything about the evaluated system.
The Llama slice adds that nuisance dependence can be system-specific: balancing positions alone
would not repair GPT-0SS’s identifier anchoring, while changing identifiers alone would not fully
address Llama’s position tendency.



The source interface should next remove symbolic identifiers, randomize layout and response encoding
independently, and test semantic choice through generated task acceptance rather than a bare token.
A new prospective set should repeat the factorial gate; only a qualified direction should enter M3 /M4
transport.

5. Limitations and claim boundaries

* The confirmatory evidence is one GPT-OSS run. The stopped design supports a claim about the
tested configuration, not all GPT-OSS deployments.

* Llama is interrupted: 69 total records, 17/320 M2 calls, no complete M2 block, and no formal
source verdict. The matched comparison is post-hoc.

* The exact overlap covers one task pair and one identifier scheme. The two systems also used
non-identical decoding settings.

* No model qualified for transport, so this report contains no positive evidence that an elicited direc-
tion generalizes to M3/M4 behavior.

* The results establish neither the presence nor absence of subjective preferences, sentience, con-
sciousness, welfare, or moral patienthood.

6. Conclusion

Preference elicitation should be allowed to fail. PREF-CAL turns that principle into an executable
claim contract: counterbalance irrelevant features, require invariance, stop when qualification be-
comes impossible, and transport only what survives. In this study, the correct result was not “GP'T-
OSS prefers A” or “Llama prefers the left task.” It was that neither observed regularity warranted
preference semantics. That refusal is evidence that the measurement bridge failed in a diagnosable
way.
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A. Protocol and provenance record

Artifact Status Verified contents

GPT-0SS raw log Confirmatory, stopped 148 rows: M1 12, N1 20, N2 20, M2 96; three complete
blocks; no M3/M4.

GPT-0SS verdict Prospective Deterministic futility on semantic/physical swap; source
qualified = false; transport run = false.

Llama raw log Interrupted 69 rows: M1 12, N1 20, N2 20, M2 17; no complete M2
block.

Matched slice Exploratory Exact common M2P00 A/B factorial slice, n = 16 per
system.
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