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Abstract

We study how language models aggregate con-
flicting evidence in controlled multi-juror set-
tings. As a null control, symbolic majority vot-
ing, where jurors provide only YES/NO votes,
yields near-zero minority override across mod-
els, confirming this is not an artifact of the
prompt family. Under semantic aggregation,
where jurors instead provide short evidence
statements paired with local verdicts, over-
ride becomes strength-dependent and position-
sensitive: rates rise when a minority statement
is operationalized as stronger than a weak ma-
jority, while a strong-majority/weak-minority
control remains low-override. Authority cues
applied to a minority statement can modulate
this effect in some contexts, but do not uni-
versally dominate evidence strength. We vali-
date these patterns with seed replications, cross-
domain templates, phase-transition mapping
across majority strength, minority strength, and
position, and rationality-vs-salience controls.
We further confirm the pattern on a larger open-
weight model (Llama-3.3-70B-Instruct) and the
GPT-4.1 flagship model: Llama-3.3-70B stays
close to the smaller-model baseline, while GPT-
4.1 shows a substantially larger override mag-
nitude, indicating the effect’s size is model-
dependent even as its qualitative shape persists.
We emphasize that evidence “strength” here is a
synthetic, operationalized manipulation rather
than real-world ground truth, and that minority-
following can be rational when minority evi-
dence is genuinely decisive.

1 Introduction

Language models are increasingly deployed in
settings that require aggregating multiple pieces
of information: retrieved passages in retrieval-
augmented generation (Lewis et al., 2020), multi-
document summaries, reviewer reports, or struc-
tured assessments (Liang et al., 2023). In these
settings, evidence sources may disagree (Longpre
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et al., 2021; Xie et al., 2024). A key systems ques-
tion is whether aggregation behaves predictably
and proportionally, or whether small changes to
presentation—such as ordering, phrasing, or au-
thority cues—can shift the final decision.

This paper studies evidence aggregation dynam-
ics under controlled multi-juror inputs. We use
a simple but flexible harness: a prompt lists five
“jurors” who each provide a short statement and
a local verdict. The model is instructed to return
a final verdict and confidence based only on the
juror evidence. We focus on a single descriptive
metric, minority override rate: the probability that
the model’s final verdict matches the minority juror
despite a numerical majority.

Two regimes: symbolic vs. semantic aggregation.
We contrast two regimes with matched prompt
structure. In a symbolic voting regime, jurors pro-
vide only YES/NO votes. In a semantic regime, ju-
rors provide short evidence statements paired with
verdict labels. This contrast is central for scientific
cleanliness: symbolic voting yields a strong null
control. If minority override were inevitable under
the prompt family, it would appear in the symbolic
regime as well. Instead, we observe near-zero over-
ride under symbolic voting, and substantial regime
shifts under semantic conflict.

Controlled manipulations. Within the seman-
tic regime, we manipulate three factors that are
common in multi-source NLP pipelines:

* Operationalized evidence strength: Circum-
stantial/Moderate/Direct/Decisive templates
defined by a deterministic rubric.

* Authority cues: the minority (or majority)
statement is framed as coming from a role
such as a lead analyst or institutional reviewer.

* Position (recency): the minority statement is
rotated across the five juror positions while
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Figure 1: Conceptual overview: from counting to semantic competition. Under symbolic voting, aggregation
is largely count-based and stable. Under semantic conflict, aggregation becomes a competition among evidence
strength and surface cues (position and authority), yielding a strength-dependent minority-override boundary.

keeping content constant (Liu et al., 2024;
Pezeshkpour and Hruschka, 2024).

Importantly, we do not treat strength as real-world
ground truth; it is a synthetic manipulation chosen
to enable clean stress testing (Ribeiro et al., 2020).

Why this matters. Evidence aggregation is a
core primitive in modern NLP systems: when
a model integrates multiple retrieved docu-
ments (Yang et al., 2018) or reviewers’ com-
ments, a system designer implicitly assumes
proportionality—repeated corroborating evidence
should not be easily overturned by a single contra-
dictory snippet unless it is sufficiently strong. Posi-
tioning and salience effects distort LLM outputs in
evaluation (Zheng et al., 2023; Wang et al., 2024)
and selection (Zheng et al., 2024) tasks; our harness
tests whether analogous effects appear in evidence
aggregation, mapping when aggregation shifts from
majority-dominated to salience-weighted behavior.

Contributions.

* We introduce a controlled multi-juror harness
contrasting symbolic majority voting (null
control) with semantic evidence aggregation
under conflict.

* We characterize a strength-dependent transi-
tion boundary modulated by authority cues
and minority position, with seed replication
and cross-domain template validation.

* We provide reproducible artifacts (scripted fig-
ures and aggregate tables) and document ex-
traction caveats and an extraction-audit proto-
col for format-noncompliant outputs.

2 Related Work

We position this work as a controlled behavioral
study of evidence aggregation in language mod-

els. Our framing is intentionally system- and
measurement-oriented: we do not study social pro-
cesses, but rather how an LLM combines multiple
short, potentially conflicting inputs into a single
decision.

Aggregation under disagreement. Evidence ag-
gregation is central to multi-document question
answering (Yang et al., 2018; Ho et al., 2020),
retrieval-augmented generation (Lewis et al., 2020),
and summarization, where sources may partially
disagree (Longpre et al., 2021; Chen et al., 2022).
In such pipelines, models are often expected to in-
tegrate information proportionally, but empirical
reports have noted that aggregation can be sensitive
to prompting, formatting, and interaction effects
among inputs (Xie et al., 2024). Our contribution
is a minimal harness that (i) preserves a symbolic
null control and (ii) introduces semantic competi-
tion via controlled templates, enabling systematic
factor manipulation.

Long-context and ordering effects. Ordering
sensitivity and recency effects are well-known in
long-context processing (Liu et al., 2024; Li et al.,
2024; An et al., 2024). Liu et al. (2024) show
that models are disproportionately influenced by
information near the beginning or end of long con-
texts; our setting uses short fixed-length prompts
but shows analogous position sensitivity under se-
mantic conflict. Pezeshkpour and Hruschka (2024)
and Zheng et al. (2024) document ordering biases
in multiple-choice settings; we extend this perspec-
tive to aggregated evidence scenarios. We treat
position primarily as a modulator of the semantic
aggregation regime: the phase-transition analysis
shows that strength and authority cues can shift
aggregation even when position is controlled.
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Sycophancy and social influence. A related phe-
nomenon is sycophancy (Sharma et al., 2023):
models may adjust their outputs toward perceived
preferences or dominant framings. Authority fram-
ing in our setup can be viewed as a test of whether
models over-weight inputs that carry social au-
thority cues, analogous to sycophantic deference.
Turpin et al. (2023) show that LLM reasoning
explanations can be unfaithful to the actual deci-
sion process; our setting provides a complementary
structural test where the decision outcome is mea-
sured directly.

LLM-as-evaluator and evaluation bias. Evalua-
tion using LLMs is known to exhibit positional and
verbosity biases (Zheng et al., 2023; Wang et al.,
2024). Our setting inverts the framing: rather than
using an LLM to evaluate text, we measure how
an LLM aggregates multiple evaluators (jurors).
Both lines of work point to the same underlying
sensitivity to ordering and surface framing in LLM
judgments. Because LLM-based judgments are
increasingly used to generate preference signals
(e.g., RLHF/RLAIF), understanding such aggrega-
tion dynamics is relevant to evaluation pipelines as
well as alignment data collection (Christiano et al.,
2017; Ouyang et al., 2022; Bai et al., 2022).

Template-based behavioral testing. Behavioral
evaluation via synthetic templates is a common
strategy for probing model capabilities under con-
trolled conditions (Ribeiro et al., 2020; Gehrmann
et al.,, 2021). The main benefit is experimental
cleanliness: templates can isolate a single factor
(e.g., strength or authority) while keeping other
aspects constant (Webson and Pavlick, 2022; Si
et al., 2023). The main limitation is ecological va-
lidity: templates do not represent the full complex-
ity of real evidence. We therefore emphasize that
our strength levels are operationalized and treated
as controlled manipulations rather than real-world
ground truth. We treat model-reported confidence
as descriptive rather than calibrated probability (Ka-
davath et al., 2022; Zhao et al., 2021), and follow
recommendations for transparent reporting and null
controls in empirical NLP (Liang et al., 2023).

Contrast with pluralistic alignment. Sorensen
et al. (2024) argue for preserving a distribution of
viewpoints rather than collapsing disagreement into
one answer. Our harness is the opposite case: the
jury always outputs a single final verdict, so any
information encoded in iow jurors disagreed is dis-

carded once aggregation completes. This is a scope
limitation, not a rebuttal: forced single-decision ag-
gregation is common in deployed pipelines, but our
design cannot say whether the salience effects we
measure would persist, shrink, or take a different
form if the harness instead preserved a distribution
over juror-implied outcomes. Extending the har-
ness to report a distribution rather than a collapsed
verdict is a natural next step.

3 Method

3.1 Task

We study controlled evidence aggregation dy-
namics under semantic conflict using a five-juror
prompt template. In the symbolic setting, ju-
rors provide only YES/NO votes (majority vs
minority; minority position rotated). In the se-
mantic setting, each juror provides a short evi-
dence statement paired with a local verdict (e.g.,
GUILTY/NOT_GUILTY). Across conditions, we
hold the overall structure constant and vary con-
trolled factors (evidence strength level, authority
framing, recency/position).

Prompt structure. Each instance lists five jurors
in order. In symbolic prompts, each juror line con-
sists only of a vote token. In semantic prompts,
each juror line contains a short evidence statement
followed by an explicit local verdict token. The
model is instructed to decide a final verdict based
only on the juror evidence and to return a verdict
label, confidence, and short reasoning.

Minority rotation. We keep the number of jurors
constant and rotate the minority statement across
positions (1-5). This isolates positional effects
(recency) without changing evidence content.

Conditions. The semantic suite includes: (A)
Strong Minority, (B) Weak Minority (Con-
trol), (C) Equal Evidence, (D) Emotional Mi-
nority, and (E) Authoritative Minority. We
treat “strength” and “authority” as controlled syn-
thetic manipulations defined by a deterministic
rubric (Ribeiro et al., 2020), not real-world ground
truth.

3.2 Models

Open-weight models are queried via Deeplnfra:
Meta-Llama-3.1-8B-Instruct (Llama Team, Al @
Meta, 2024), Qwen2.5-7B-Instruct (Yang et al.,
2024; Qwen Team, 2024), and Mistral-7B-Instruct-
v0.3 (Jiang et al., 2023; Mistral Al, 2024). We addi-
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tionally completed a frontier-validation run on Ope-
nAl models GPT-40-mini and GPT-4.1-mini (Ope-
nAl, 2025a), and, as described below, a larger con-
firmatory run on GPT-4.1. To validate our findings
at larger scale, we further ran a confirmatory full-
matrix suite (semantic A/B/E, symbolic, and label-
vocabulary control, each at 3 temperatures, plus
5 authority phrasings; 5,000 trials per model) on
a 70B-parameter open-weight model, Llama-3.3-
70B-Instruct (Llama Team, Al @ Meta, 2024), and
on the GPT-4.1 flagship model (OpenAl, 2025b).
Llama-3.3-70B-Instruct is hosted and queried via
Deeplnfra (the same route as the smaller open-
weight models above); it was not run on local or
institutional HPC infrastructure. Results are re-
ported in Section 4.6.

Decoding. Unless otherwise specified, we use
temperature 0.7 and a short maximum output
length to encourage concise structured responses.
Each configuration is repeated with multiple seeds;
seed IDs are logged in the output records.

3.3 Maetrics

Our primary metric is minority override rate:
the fraction of trials where the model’s final ver-
dict matches the minority juror’s verdict. We re-
port position sensitivity (override vs minority posi-
tion), confidence drift (confidence under majority-
following vs minority-following), and seed-robust
aggregated estimates with confidence intervals.

Uncertainty. We summarize uncertainty with
confidence intervals and across-seed variance. For
aggregated plots/tables, we use bootstrap or bino-
mial approximations depending on the artifact; all
choices are documented alongside the correspond-
ing output files.

3.4 Logging and parsing

We log every run (prompts, raw responses, parsed
outputs) and preserve raw outputs unchanged.
When strict JSON parsing fails, we score an ad-
ditional extracted verdict field using a lightweight
rule-based extractor while retaining the original
parse flag; extraction undergoes an extraction-audit
protocol on a scorable subset (Liang et al., 2023),
but independent manual validation of this protocol
is not yet complete.

4 Results

We present a control-first narrative emphasizing
contrasts, reproducibility, and transparent caveats.

All runs are logged, and raw model outputs are
preserved unchanged.

4.1 Symbolic aggregation is stable (null result)

Setup. In the symbolic setting, jurors provide
only YES/NO votes. We use 5 jurors with a fixed
4-1 majority/minority split and rotate the minority
vote across positions 1-5. The model is instructed
to decide a final verdict based only on the votes
and return a verdict label, confidence, and short
reasoning.

Finding. Among scorable outputs, symbolic ag-
gregation yields near-zero minority override: mod-
els overwhelmingly select the majority verdict (Fig-
ure 2). Strict parser compliance on the underlying
750 raw trials is uneven by model (LLaMA 43.2%,
Qwen 8.8%, Mistral 91.2%), and the plotted source
is a single signal-discovery file with per-call seeds
rather than the five-run replication suite used for
the semantic conditions; we therefore do not claim
five independent symbolic replication seeds. This
null result is important because it demonstrates that
minority override is not an inevitable artifact of the
prompt format (Webson and Pavlick, 2022) among
the outputs we could score. Instead, the instability
we observe later is specific to semantic evidence
competition.

4.2 Semantic evidence competition shifts
aggregation (A/E vs. B)

Setup. In the semantic setting, each juror pro-
vides a short evidence statement paired with a local
verdict (e.g., GUILTY/NOT_GUILTY). We eval-
uate five semantic condition types (A—E). For the
main paper, we focus on the clearest contrast:

* A (Strong Minority): 4 jurors with
weak/circumstantial evidence vote GUILTY; 1
juror with decisive exculpatory evidence votes
NOT GUILTY.

* E (Authoritative Minority): Same structure
as A, but the minority statement is prefixed
with an institutional authority cue (e.g., “Lead
forensic analyst:”).

* B (Weak Minority, Control): 4 jurors with
strong evidence vote GUILTY; 1 juror with
weak/non-evidential statement votes NOT
GUILTY.

In all cases the structure is held constant (5 jurors;
4 vs. 1 split; minority rotated), and only the con-
trolled manipulation differs.
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Figure 2: Symbolic vs. semantic aggregation regime. Minority override rate (fraction of trials selecting the
minority verdict) across symbolic voting (near-zero) and semantic evidence conditions. Symbolic aggregation is
largely stable; semantic conflict can yield substantially higher override rates. Limitation: symbolic and semantic
tasks use different evidence content; output compliance varies by model.

Finding. Semantic aggregation exhibits a marked
regime shift for models with high format compli-
ance (Figure 3). For LLaMA-3.1-8B, condition
A is consistently 1.00 across nearly all trials and
condition E likewise yields 1.00, while the con-
trol condition B yields 0.00 across all positions.
We report point estimates rather than an interval
here because the normal-approximation intervals
used in several main figures give misleadingly zero-
width bounds at 0%/100%; a Wilson or bootstrap
interval (Appendix H) should be used for a rigor-
ous uncertainty estimate at these boundary rates.
Mistral-7B-Instruct-v0.3 shows a similar but more
position-dependent contrast (condition A ranges
from approximately 0.11 to 1.00 across positions,
pooled ~0.795; B: 0.00). These contrasts replicate
across 5 independent seeds.

Qwen caveat. Qwen2.5-7B-Instruct has near-
zero strict JSON parse compliance (/20.1%; ~34%
scorable via extraction) and an anomalous recov-
ered pattern (control condition B: 0.23-0.85 over-
ride across positions, not near-zero). We treat
Qwen as exploratory and exclude it from main-
paper claims; LLaMA and Mistral drive the pooled
figure, with Qwen’s breakdown in the appendix.

4.3 Recency modulates semantic overrides

We isolate position effects by rotating the minor-
ity statement across positions 1-5 while keep-
ing evidence content constant (Liu et al., 2024;
Pezeshkpour and Hruschka, 2024). Override di-
rection differs by model: Mistral shows a recency
effect (r = 0.38, p < 0.0001, n = 250, seed 0),
LLaMA a primacy effect (r = —0.29, p < 0.0001,

n = 250). These correlations pool all five con-
ditions without controlling for condition (uneven
counts by position), so this is not a clean isolated
recency test, and directionality, while consistent
across seeds, is not significant in every seed. We
treat position as a modulator: Figure 4 shows
strength/authority cues shift override probability
even with position held constant. Across-seed ef-
fect sizes (Strong Minority minus Weak Minority
control) are reported in the released supplementary
tables.

4.4 Phase-transition characterization: a
strength-dependent boundary

Goal. To move beyond single-condition demon-
strations, we map when minority-following out-
comes become likely as we vary majority/minority
strength levels (weak/medium/strong/decisive) and
authority cues, treating strength as an experi-
mental manipulation defined by a deterministic
rubric (Ribeiro et al., 2020) (full rubric and per-
template assignments in the supplementary mate-
rial).

Finding. The phase-transition surface (Figure 4)
exhibits a strength-dependent transition boundary:
override probability increases sharply as minority
strength increases relative to majority strength. In
high-compliance models, authority cues can act
as an amplifying factor in some semantic-strength
contexts, shifting the boundary so that minority in-
fluence increases at lower strength gaps; phase-grid
authority effects are otherwise mixed, and the weak-
authority control (R4) is near zero for LLaMA and
Mistral, so we do not treat authority as a generally
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Figure 3: Core semantic condition contrast (LLaMA-3.1-8B and Mistral-7B). Override rates for Strong Minority
(A), Authoritative Minority (E), and Weak Minority Control (B), shown per model with 95% CIs. Both models
show the same ordering: A/E > B. Qwen excluded due to low format compliance (/20.1% parse-ok; see §4.7). The
control condition (B) remains at near-zero, confirming that override is contingent on controlled evidence properties.

Limitation: conditions use controlled synthetic templates.

amplifying effect. Position modulates the boundary
rather than fully determining it.

Reliability and transparency. We provide a cell-
level completeness report with parse-ok rates, ex-
traction rates, n scored rows, and confidence in-
tervals in the supplementary material. Determin-
istic exclusion rules for low-reliability cells and
their counts are also documented there. Main-paper
claims rely only on included cells.

4.5 Cross-domain generalization and frontier
validation subset

Domains. We evaluate domain surface forms
spanning legal, medical, scientific review, corpo-
rate audit, and fact-checking (Figure 5). Domain
generalization is intentionally limited to surface
form variation: the evidence structure and con-
trolled factors remain the same (Gehrmann et al.,
2021). The qualitative ordering (salient/authority
minority > strong-majority control) persists across
all five domains with domain-dependent effect
sizes.

Frontier subset. A small mini-scale frontier
suite on GPT-40-mini and GPT-4.1-mini replicates
the qualitative A/E > B ordering on both mod-
els (OpenAl, 2025a): GPT-4.1-mini shows near-
perfect discrimination (A: 1.00, E: 1.00, B: 0.00),

while GPT-40-mini shows a graded response (A:
0.50, E: 0.59, B: 0.00); full per-condition n are
in Appendix E. Section 4.6 extends this to a full
confirmatory matrix (5,000 trials/model) on a 70B
open-weight model and the GPT-4.1 flagship.

4.6 Flagship-model validation:
Llama-3.3-70B and GPT-4.1

Beyond the mini-scale frontier subset above, we ran
a full confirmatory matrix (semantic A/B/E, sym-
bolic, and label-vocabulary control, each at temper-
atures {0.0,0.7, 1.0}, plus five authority phrasings)
on a 70B-parameter open-weight model, Llama-
3.3-70B-Instruct, and on OpenAl’s GPT-4.1 flag-
ship model: 5,000 trials per model, 10,000 total,
100% strict-JSON parse compliance for both (no
extraction needed). Proportions use Wilson 95%
ClIs, n= scored trials.

Symbolic null and vocabulary control. Both
models replicate the symbolic null exactly (0/250
at every temperature, both models). The label-
vocabulary control — relabeling verdict tokens
while preserving evidence content, closing a pre-
viously unfulfilled commitment — is likewise a flat
0/250 null for both models at every temperature,
indicating semantic overrides are not vocabulary
artifacts.
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Condition Juror Evidence statement Verdict
J1 The suspect was seen near the building (unconfirmed). GUILTY
A:  Strong ]2 A witness reported suspicious activity (uncor.robo.rated). GUILTY
Minori ty I3 Phone metadata weakly matches part of the timeline. GUILTY
J4 Financial records suggest a possible motive (indirect). GUILTY
J5 DNA evidence conclusively excludes the suspect. NOT
GUILTY
11 Multiple independent camera angles show the suspect entering the building at the ~ GUILTY
B: Weak Mi- relevant time.
nority (Con- J2 Fingerprint evidence from the scene matches the suspect with high certainty. GUILTY
trol) I3 The suspect’s phone location places them inside the building during the incident. GUILTY
J4 A verified receipt and video confirm the suspect purchased the tool used in the ~GUILTY
incident shortly beforehand.
J5 The suspect denied involvement. NOT
GUILTY
J1 A verified camera image resembles the suspect (not definitive). GUILTY
12 A partial fingerprint is consistent with the suspect (not unique). GUILTY
_C: Equal Ev- I3 The suspect’s phone was near the area at the relevant time (approximate). GUILTY
idence J4 A financial transfer suggests a possible motive (ambiguous). GUILTY
J5 Another verified camera image shows someone else entering at the relevant time. NOT
GUILTY
J1 The suspect was seen near the building (unconfirmed). GUILTY
D: Emo- J2 A witness reported suspicious activity (uncorroborated). GUILTY
tional I3 Phone metadata weakly matches part of the timeline. GUILTY
Minority J4 Financial records suggest a possible motive (indirect). GUILTY
J5 Distressed witness (emotional): I am certain the suspect is innocent. Please do not ~NOT
convict. GUILTY
I The suspect was seen near the building (unconfirmed). GUILTY
E: Authori- J2 A witness reported suspicious activity (uncorroborated). GUILTY
tative Minor-  J3 Phone metadata weakly matches part of the timeline. GUILTY
ity J4 Financial records suggest a possible motive (indirect). GUILTY
J5 Lead forensic analyst: DNA evidence conclusively excludes the suspect. NOT
GUILTY
Table 1: Complete five-juror panels for all five semantic conditions (legal domain; verbatim from

consensus_drift/prompts.py’s generate_semantic_case, 5 jurors per condition, 4 vs. 1 majority/minority
split). Minority is shown at position 5, the position used for phase-transition and rationality-control examples
elsewhere in the paper; minority position is rotated 1-5 in the actual trials. No text is abbreviated or paraphrased.

Semantic A/E vs. B, and a magnitude surprise.
Semantic B is 0/250 for both models at all tempera-
tures. Semantic A (weak-majority/strong-minority)
is 0.200-0.204 for Llama-3.3-70B (temperature-
flat) but 0.628-0.756 for GPT-4.1, decreasing
with temperature (0.756—0.712—0.628). Seman-
tic E (authoritative-minority) is 0.200-0.212 for
Llama-3.3-70B but a full 1.000 (250/250, CI
[0.985,1.000]) for GPT-4.1 at every temperature.
We report this directly rather than smoothing it
into the existing narrative: GPT-4.1 overrides
far more aggressively than Llama-3.3-70B or the
smaller GPT-4.1-mini/GPT-40-mini models (see
the frontier-subset numbers below); scale and
provider do not predict effect magnitude, only
the qualitative A/E > B direction replicates cleanly
across all six models tested.

Position concentration (sanity check). For
Llama-3.3-70B, semantic A/E overrides are con-
centrated almost entirely at minority position 5:
300/300 across all temperatures and both condi-
tions at position 5, ~0 at positions 1-4, reproduc-
ing a position-recency effect from prior internal
auditing and validating our scoring pipeline.

Authority phrasings and temperature. Across
five authority framings, Llama-3.3-70B is flat and
low (20.0%—-27.6%); GPT-4.1 is high and variable
(62.4%—-100%, lowest for “examiner”, ceiling for
“forensic”/“detective”), so its authority-sensitivity
is not a single-phrasing artifact. Temperature leaves
symbolic/vocabctl/semantic-B at the 0.000 floor
for both models and modestly affects semantic A/E
only for GPT-4.1 (monotone decrease on A; ceiling
on E regardless of temperature).
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4.7 Rationality vs. salience controls

A central reviewer concern is that minority override
may reflect reasonable evidence weighting (Xie
et al., 2024). We therefore distinguish three
regimes using five control families (R1-R5):

¢ R1 (rational minority): decisive minority
evidence, neutral framing. Override here can
be normatively correct.

* R2 (salient but weak minority): minority
is verbose/emotional but not decisive; strong
majority retained. Override here is more plau-
sibly salience-driven.

* R3 (strong but plain minority): strong mi-
nority, minimal/unadorned framing. Tests
whether plain-phrased strong evidence drives
override.

* R4 (weak but authoritative minority): weak
minority framed as institutional expert; strong
majority. Tests pure authority-framing ef-
fects (Sharma et al., 2023).

* RS (strong majority vs. salient weak mi-
nority): decisive majority; minority is salient

(emotional/authoritative) but weak. This is the
most stringent test of salience dominance.

Results for high-compliance models (legal do-
main): LLaMA-3.1-8B: R1 = 1.00 (n=200); R2
= 0.00 (n=181); R3 = 0.73 (n=150); R4 =
0.00 (n=150); RS = 0.00 (n=150). Mistral-7B:
R1 = 0.58 (n=200); R2 = 0.00 (n=150); R3 =
0.33 (n=150); R4 = 0.00 (n=150); R5 = 0.00
(n=150). The pattern is consistent across both
models: override is elevated only when minor-
ity evidence is operationally decisive (R1, R3);
authority framing alone (R4) or salience without
quality (R2) do not drive override when major-
ity evidence is strong. Qwen’s rationality-control
results are extraction-dependent and show a dif-
ferent pattern (R4 = 0.62); treated as exploratory
given the low scorable fraction. Results above
are legal-domain only: the log also holds medi-
cal (1,500 rows) and fact-checking (208 rows) but
no scientific-review/corporate-audit rows, omits
prompt/raw-response/timestamp/seed/run-id meta-
data, and is append-only without deduplication, so
legal-domain counts include duplicate appended
runs. We restrict claims to logged domains and do
not describe these controls as cross-domain (Ap-
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Figure 5: Cross-domain generalization heatmap.
Mean override rate (over models) for the core seman-
tic conditions across five synthetic domain surface
forms. The qualitative ordering (Strong/Authoritative
Minority > Weak Minority Control) persists across
domains with domain-dependent effect sizes. This
unweighted per-model average gives Qwen’s low-n
scorable subset (=12 samples in some cells, versus
~80-95 for LLaMA/Mistral) equal weight to the two
high-compliance models; the heatmap should therefore
be read as confirmatory for LLaMA and Mistral, with
Qwen’s contribution exploratory only. Limitation: do-
mains are synthetic templates; this is robustness to sur-
face form variation, not ecological validity.

pendix C).

4.8 Extraction caveats and measurement
reliability

As introduced in §3.4 (Logging and parsing),
manual extraction validation was not completed;
extraction-dependent Qwen results are therefore ex-
ploratory and excluded from confirmatory claims.
We report the scorable fraction (parseable or ex-
tractable) by dataset and model in the supplemen-
tary material; a high scorable fraction does not by
itself imply that extraction has been independently
validated against human labels (Appendix H dis-
cusses the analogous CI-methodology caveat for
interval estimates).

5 Limitations

Our study is a controlled measurement harness
with several limitations. Evidence strength is
operationalized via deterministic synthetic tem-
plates (Ribeiro et al., 2020). Some models do not
consistently follow strict output formats, requir-
ing post-hoc extraction for scoring (Liang et al.,
2023); Qwen in particular has low strict parse com-
pliance and is treated as exploratory. Our setting
uses 5 jurors and short stylized evidence statements;
longer contexts, different elicitation formats, or
larger juries may change effect sizes (Liu et al.,
2024; Li et al., 2024). Confidence values are self-

reported, not calibrated probabilities (Kadavath
et al., 2022; Zhao et al., 2021). Semantic exper-
iments use GUILTY/NOT_GUILTY labels, sym-
bolic use YES/NO; we emphasize within-regime
controls and treat the symbolic null as a qualitative,
not strict quantitative, cross-regime contrast.

6 Ethics

This work uses synthetic scenarios and involves
no human subjects; we frame results as controlled
evidence aggregation behavior in LLMs and avoid
political or governance claims. We do not recom-
mend using the prompts or scoring procedures in
isolation for real decision-making: reported effects
characterize model behavior under controlled ma-
nipulations, not normative judgments about correct-
ness in legal, medical, or other high-stakes settings.
Findings about authority cues and ordering could
be misread as guidance for persuasive prompting;
we emphasize limitations and the null control to
mitigate this.

7 Conclusion

We presented a controlled empirical study of evi-
dence aggregation dynamics in language models
under semantic conflict. Symbolic majority voting
is largely stable with near-zero minority override;
when jurors instead provide short evidence state-
ments, aggregation becomes sensitive to controlled
manipulations of evidence strength, authority fram-
ing, and minority position, yielding a strength-
dependent transition boundary with recency mod-
ulation. Evidence strength is operationalized, not
ground truth; we preserve raw outputs, provide ex-
traction caveats, and leave independent extraction
validation to future work.
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A Extraction validation (audit status)

We attempted an extraction-audit protocol for
extraction-based scoring; a genuine independent
manual audit was not completed, and this section
reports that status honestly rather than presenting
unverified numbers as confirmed agreement.

Why extraction is needed. Some models do not
consistently emit the required strict JSON output
format. We therefore preserve raw model outputs
unchanged and derive an additional extracted ver-
dict field using a lightweight, rule-based extractor.
We retain the original parse flag and treat extraction-
dependent results (notably Qwen) as caveated.

Attempted labeling protocol. We constructed
a labeling sheet intended to hold 100 sampled
Qwen outputs and up to 50 additional non-
Qwen extracted outputs. However, on inspec-
tion the resulting sheet’s manual_label field is
identical to the extractor’s own output for every
row, and the manual_confidence/notes fields
are blank throughout; a separate noncompliant-
output audit sheet has 50 Qwen rows with blank
human_verdict/human_notes fields. Neither arti-
fact constitutes a completed independent human
audit.

Agreement statistics. Because no genuine inde-
pendent manual labels exist, we do not report a
manual-extractor agreement statistic. An earlier
draft of this section reported 1.00 agreement; that
figure measured the extractor against a copy of its
own output and has been removed. We treat all
extraction-dependent Qwen results as exploratory
and exclude them from confirmatory claims until
an independent manual audit is completed.

Scorable fraction. Independent of the agreement
question, we report the scorable fraction (parseable
or extractable) separately by dataset and model in
the supplementary material. For example, in the
phase-transition logs, Qwen’s strict parse-ok rate is
near zero, while the scorable fraction via extraction
is substantially higher; this reflects format compli-
ance, not validated extractor correctness.

Limitations. Extraction validation has not been
independently completed. We report failure modes

and known caveats but do not claim extractor cor-
rectness has been verified against human judgment.

B Extraction validation addendum
(appendix)

What extraction does not do. The extractor is
not a learned model and does not attempt to “rea-
son” about evidence. It only attempts to identify the
model’s stated final verdict and confidence when
the response is not valid JSON. This is important
for interpretation: extraction can recover scoring
fields from messy formatting, but it cannot recover
an answer that is not present in the text (e.g., trun-
cated responses that never state a final verdict).

Common formatting patterns. In our logs we
observe several recurring output formats:

e Valid JSON objects with fields verdict,
confidence, and reasoning.

¢ JSON embedded in Markdown code fences
(e.g., ““json ... “9).

* Plain-text headers (e.g.,
GUILTY”).

“Final Verdict:

* Mixed outputs that include a reasoning para-
graph and a final verdict line.

The extractor uses prioritized regex rules to handle
these cases, falling back to conservative heuristics
only when explicit patterns are absent.

Intended manual labeling protocol (operational
details). The intended protocol was for annota-
tors to read raw_response and select the verdict
that the model explicitly states as its final answer,
without judging whether the verdict is correct or
relying on the juror evidence content, labeling
AMBIGUOUS for conflicting final-verdict statements
and UNSUPPORTED_FORMAT when no final verdict
is present. As noted above, this protocol was not
carried out independently: the extracted labeling
sheet’s manual_label column mirrors extractor
output rather than reflecting separate human read-
ing, and a separate noncompliant-output audit sheet
remains blank in its human-judgment fields.

Agreement interpretation. Because indepen-
dent manual labels do not yet exist, we cannot re-
port a validated agreement statistic between extrac-
tion and human judgment. We instead report the
scorable fraction on its own: a low scorable frac-
tion indicates that many outputs cannot be scored
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because the model does not emit a final verdict
(e.g., truncation), regardless of extractor quality.
We avoid overclaiming extraction reliability until a
genuine independent audit is completed.

How to reproduce extraction validation. All
files required for reproduction are included in the
released artifact bundle. The agreement pipeline
reads the labeled sheet and writes:

e extraction_reliability_summary.md
* an agreement summary table
* a confusion breakdown by extraction method

¢ an extraction-method distribution table

The scorable fraction report is computed from
saved logs using a released reporting script.

C Rationality vs. Salience Controls

Motivation. A natural objection is that minority
override may simply reflect reasonable evidence
weighting: if one juror provides decisive evidence,
the model should follow that minority even when
outnumbered. We therefore include a set of con-
trols designed to separate “rational override” from
“salience-amplified override.”

Control families. We include five control fami-
lies (R1-R5) that manipulate evidence quality and
surface cues:

* R1 (rational minority): minority evidence is
operationalized as decisive (e.g., exclusionary
test) while majority evidence remains weak or
circumstantial.

* R2 (salient but weak minority): minor-
ity statement is verbose/emotional/attention-
grabbing but not operationalized as decisive.

* R3 (strong but plain minority): minor-
ity statement is strong yet short and non-
authoritative.

* R4 (weak but authoritative minority): mi-
nority evidence is weak but framed as coming
from an expert/institution.

* RS (strong majority vs salient weak minor-
ity): majority evidence is strong and minority
is salient but weak; this is intended to test
whether salience can override quality.

All conditions preserve the same overall multi-juror
format and rotate minority position to isolate re-
cency effects.

Rationality vs salience controls (LLaMA - Mistral; high-compliance models)

Decisive rat tional minori ity 0.67

Strong but plain minority 033

Salient but weak minority { 0.00

Weak but authoritative minority | 0.00

Strong majority vs salient weak minority (control) { 0.00

minority override rate

Figure 6: Rationality vs. salience controls (LLaMA-
3.1-8B and Mistral-7B; high-compliance models
only). Override rates for R1-R5 conditions, averaged
over LLaMA and Mistral. Qwen excluded due to low
format compliance (/0.1% parse-ok) and anomalous
R4 result (=0.62). R1 (decisive minority, neutral fram-
ing) produces high override rationally. R2 (salient but
weak) and R4 (weak but authoritative) produce low over-
ride when majority evidence is strong, indicating models
are not unconditionally authority-biased.

Results. Table 2 reports override rates by con-
trol condition and model for the legal domain,
which has the largest sample but includes dupli-
cate appended runs from an append-only, non-
deduplicated log. The underlying log also contains
medical (1,500 rows) and fact-checking (208 rows)
rows; scientific-review and corporate-audit do-
mains have no logged rows at all. We therefore re-
port only the domains actually logged and disclose
the incomplete provenance (missing prompt/raw-
response/timestamp/seed/run-identifier fields) and
duplicate-run risk in the legal domain, rather than
claiming full cross-domain coverage.

The intent is not to declare model behavior “cor-
rect” or “incorrect,” but to show that the aggre-
gation regime changes systematically under con-
trolled salience and authority cues, and that over-
rides track evidence quality rather than surface
framing alone when majority evidence is suffi-
ciently strong.

How we interpret overrides in controls. We
interpret minority-following outcomes differently
depending on the control family:

* In R1 and some instances of R3, minority-
following outcomes can be rational (decisive
evidence).

* In R2 and R4, minority-following outcomes
are more plausibly attributable to salience or
authority framing rather than evidence quality.

* In RS, minority-following outcomes (if
present) are the strongest evidence for

38423



Condition Model Override n
R1 (rational min.) LLaMA-3.1-8B 1.00 200
R1 (rational min.) Mistral-7B 0.58 200
R2 (salient+weak) LLaMA-3.1-8B 0.00 181
R2 (salient+weak) Mistral-7B 0.00 150
R3 (strong+plain) LLaMA-3.1-8B 0.73 150
R3 (strong+plain) Mistral-7B 0.33 150
R4 (weak+authority) LLaMA-3.1-8B 0.00 150
R4 (weak+authority) Mistral-7B 0.00 150
RS (strong maj. vs sal. weak) LLaMA-3.1-8B 0.00 150
RS (strong maj. vs sal. weak) Mistral-7B 0.00 150

Table 2: Rationality control results (legal domain, pooled over positions; the legal-domain log includes duplicate
appended runs and is not a balanced seeded design). R1 and R3 involve minority evidence operationalized as
decisive; overrides there can be rational. R2 and R4 test salience/authority without quality; low override rates
confirm models are not unconditionally swayed by framing when majority evidence is strong.

salience-driven dominance over numerical
consensus and evidence quality.

This distinction is used to scope claims conserva-
tively and to avoid overclaiming about “reasoning
failure.”

D Domain generalization details
(appendix)

Goal. We test whether the qualitative aggrega-
tion pattern observed in the semantic regime per-
sists across multiple domain surface forms. The
objective is not to model real professional decision-
making, but to vary the lexical and topical “skin”
of the evidence statements while keeping the un-
derlying structure and manipulations constant.

Domains. We include five domain surface forms:

* Legal: suspect/case framing with evidence
types such as camera footage, fingerprints,
and alibi.

* Medical: test-result framing with screening
vs confirmatory signals.

* Scientific review: claims and replication sig-
nals framed as reviewer comments.

* Corporate audit: compliance-risk framing
with control findings and audit trails.

* Fact-checking: claim verification framing
with sources and contradictions.

In all domains, jurors provide short evidence state-
ments and local verdict labels; minority position is
rotated.

Reported artifacts. We export domain sum-
maries and supporting tables:

* Domain override-rate table (supplementary
material)

* Domain confidence summary (supplementary
material)

* Domain variance summary (supplementary
material)

* Domain summary table (I&TEX; supplemen-
tary material)

These artifacts report override rate by (model, do-
main, condition) and summarize cross-seed vari-
ability.

Interpretation and limitations. Domain gener-
alization in this work should be interpreted conser-
vatively: the domains are represented by synthetic
templates, and the key controlled factors (strength,
authority, recency) are held constant across do-
mains. A positive result therefore supports robust-
ness to surface form variation under controlled
structure, not ecological validity in the correspond-
ing real-world domain.

Connection to main-paper claims. The main pa-
per uses domain generalization to support a limited
robustness claim: the qualitative ordering of condi-
tions (salient/authority minority > strong-majority
control) is not specific to a single topic. Domain-
specific effect sizes are treated as descriptive and
are reported in appendix tables.
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E Full condition suite (A-E) reporting
(appendix)

Frontier mini-suite, per-condition numbers.
The mini-scale frontier suite referenced in the main
body gives: GPT-4.1-mini A: 1.00 (n=158), E:
1.00 (n=165), B: 0.00 (n=177); GPT-40-mini A:
0.50 (n=173), E: 0.59 (n=162), B: 0.00 (n=165).

Full five-juror panels for all five semantic con-
ditions (legal domain, minority at position
5). All five complete five-juror panels (condi-
tions A-E) are now given in full in the main
body (Table 1); no text is abbreviated there,
so this appendix no longer needs to repeat
them. See Table 1 for the verbatim juror-level
text (source: consensus_drift/prompts.py’s
generate_semantic_case).

Why full tables are in the appendix. The main
paper focuses on a small number of contrasts that
are easiest to interpret and hardest to explain away
(A/E vs B). For completeness and transparency,
we provide the full A—E condition suite outputs in
appendix artifacts. This reduces the incentive to
cherry-pick and enables independent auditing of
condition-wise patterns.

Conditions (A-E).

* A: Strong Minority. Majority evidence is op-
erationalized as Circumstantial; minority evi-
dence is operationalized as Direct/Decisive.

* B: Weak Minority (Control). Majority ev-
idence is operationalized as Direct; minority
evidence is Circumstantial/defeasible.

e C: Equal Evidence. Majority and minority
evidence are operationalized at similar (Mod-
erate) strength levels.

* D: Emotional Minority. Minority uses emo-
tional/urgent framing while majority is neu-
tral/factual.

* E: Authoritative Minority. Minority is
framed as an expert/institutional reviewer
while majority is generic.

All conditions preserve the same overall structure
(5 jurors, 4-1 split, minority rotation).

Aggregate replication outputs. We provide
seed-aggregated tables (mean override, pooled
override, and confidence intervals when available):

» Aggregate override-rate table (supplementary
material)

» Aggregate confidence table (supplementary
material)

» Seed-variance table (supplementary material)

These tables are sufficient to regenerate the core
condition contrasts and heatmaps.

Per-model comparisons. For a compact per-
model view, we provide a IATgX table and a
heatmap in the aggregate outputs directory:

* Conditions-by-models table (I£IEX; supple-
mentary material)

* Models xconditions heatmap (supplementary
figure)

How to audit for cherry-picking. To verify that
main-paper claims are not selectively filtered, a
reviewer can:

1. confirm that all seeds (0—4) are present in the
replication directories,

2. confirm that aggregated tables include all con-
ditions A-E,

3. confirm that plots are derived from the full
aggregate CSVs.

The figure provenance mapping provides explicit
pointers from each main-paper figure to the specific
CSV inputs.

F Reproducibility and responsible NLP
checklist (appendix)

This appendix summarizes reproducibility-relevant
details in an ARR/ACL-friendly format. The goal
is to make it easy for reviewers to understand what
was run, what was saved, and how to regenerate
the reported artifacts.

Scope and data. All scenarios are synthetic tem-
plates. No human subjects are involved. We do
not use private or sensitive data. The juror state-
ments and verdict tags are constructed to enable
controlled manipulation of evidence strength, au-
thority cues, and position.
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Models and providers.

* Open-weight models are queried via Deepln-
fra: Meta-Llama-3.1-8B-Instruct, Qwen2.5-
7B-Instruct, Mistral-7B-Instruct-v0.3, and
Llama-3.3-70B-Instruct.

* Frontier validation was completed via OpenAl
for gpt-40-mini and gpt-4.1-mini (mini-scale
subset), and for gpt-4.1 (larger-scale confirma-
tory matrix, Section 4.6).

* A larger-scale confirmatory matrix (Sec-
tion 4.6) additionally covers Llama-3.3-70B-
Instruct (Deeplnfra) and GPT-4.1 (OpenAl):
5,000 trials per model across semantic A/B/E,
symbolic, and label-vocabulary-control condi-
tions at 3 temperatures plus 5 authority phras-
ings.

* Provider/model identifiers are logged in each
record to avoid ambiguity; Llama-3.3-70B-
Instruct records are logged with an unprefixed
model identifier confirming Deeplnfra (not
HPC/Slurm/vLLM) execution.

Decoding settings. We log decoding hyperpa-
rameters for every run. Unless otherwise specified,
we use temperature 0.7 and a short maximum out-
put length to encourage concise responses. We also
log per-call seeds when supported by the provider
and preserve the run seed for reproducibility of the
sweep order and sampling.

Randomness and seeds. We run replication
seeds 0—4. The semantic runner makes 50 calls
per model-position per seed and randomly assigns
one of the five semantic conditions to each call, so
each model-condition-position cell receives approx-
imately 10 calls per seed (realized counts vary by
cell) rather than a fixed 50-per-condition factorial
design. Aggregation is performed across seeds; we
report across-seed variance and pooled estimates
in the aggregate outputs directory.

What is logged. For every model call we log:
» prompt text and prompt template identifier,

* model/provider identifiers and decoding set-
tings,

* raw model response text,

* parsed fields when strict JSON is produced,

¢ extracted verdict and confidence fields when
strict parsing fails,

* per-run metadata (timestamp, seed, minority
position, condition type, domain).

Raw responses are preserved unchanged; extraction
adds derived fields only.

Primary metrics. The primary reported metric is
minority override rate: the fraction of trials where
the model’s final verdict matches the minority ju-
ror. Secondary analyses report confidence drift and
position sensitivity.

Statistical reporting. We summarize uncertainty
using confidence intervals and across-seed variance.
For the phase-transition grid we provide a cell-level
completeness report and deterministic exclusion
rules for low-reliability cells.

Extraction caveats. Some models exhibit lower
strict-format compliance. We therefore:

* preserve the original parse flag (parse_ok),

* score outputs via a rule-based extractor when
parsing fails,

* attempted an extraction-audit protocol on a
scorable subset, though independent manual
validation is not yet complete,

* report the scorable fraction separately by
dataset/model.

This prevents conflating a high scorable fraction
with independently validated extraction correct-
ness.

Artifact inventory. Key artifact directories:

* aggregate replications:
plots (artifact bundle)

aggregate tables +

* domain generalization: domain robustness ta-
bles + plots (artifact bundle)

* phase transition: phase-grid tables + complete-
ness reports (artifact bundle)

* extraction validation: labeling sheet + agree-
ment summaries (artifact bundle)

e frontier validation: frontier subset tables +
plots (artifact bundle)

Main-paper figures are included in the submission
package and can be regenerated from the released
aggregate tables using the provided scripts (artifact
bundle).
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Licensing. Author-written code (the
consensus_drift/ package, including prompt-
template generators and analysis/figure scripts) is
released under the MIT license; author-produced
data and artifacts (logged trials, aggregate tables,
figures) are released under CC BY 4.0. Both
license files are included in the submission
package. No public repository URL is claimed;
the code and data are distributed as part of the
submitted artifact bundle.

Compute budget (high level). We report the
number of runs by configuration and the number
of total calls in the output metadata. Because API
providers may change pricing, we avoid reporting
cost claims; instead we report call counts and set-
tings so compute requirements can be estimated.

Intended use and limitations. This work is a
controlled measurement study. We do not recom-
mend using the studied prompts for real decision-
making, and we avoid normative claims about cor-
rectness in high-stakes domains. The goal is to
characterize aggregation behavior under controlled
manipulations, not to simulate real juries, courts,
or medical decisions.

G Compute budget and run accounting
(appendix)

Principle. We report run accounting in terms of
call counts and settings rather than cost. Provider
pricing can change over time; call counts and de-
coding settings are stable and enable independent
estimation of computational requirements.

Replication suite. The core replication suite
makes 50 calls per model-position per seed across
seeds 0—4, with one of five semantic conditions
randomly assigned to each call (so realized model-
condition-position cell counts are approximately 10
per seed, not a fixed 50-per-condition design). Each
call is logged with timestamp, seed, temperature,
max tokens, and prompt template ID. Aggrega-
tion outputs are computed from the saved per-seed
JSON files.

Phase-transition suite. The phase-transition
suite performs a controlled sweep over major-
ity/minority strength levels, authority levels, mi-
nority positions, and domains. We provide:

* a sweep specification (supplementary mate-
rial),

* per-row logs (artifact bundle),

* a cell-level completeness report (supplemen-
tary material).

This makes it possible to audit exactly which cells
were run and how many examples each cell con-
tains.

Frontier validation subset. The frontier vali-
dation suite is intentionally limited in scope: it
covers the symbolic null, the A/B/E semantic con-
trast, and a small phase-grid slice. We log provider
and model identifiers for each run and save both a
per-condition summary table and raw records CSV.
This is designed as a robustness check rather than
a full benchmark.

How to compute total calls. Total calls can be
computed by counting logged records:

* replication records (artifact bundle)

* phase-transition records (artifact bundle)

* rationality control records (artifact bundle)
* frontier validation records (artifact bundle)

Compute-related limitations. Because our goal
is controlled measurement rather than exhaustive
scaling, we prioritize breadth of conditions and
replication over extremely large juries or very long
contexts. Future work could extend the harness
to longer contexts and larger juries, but such ex-
tensions would increase compute substantially and
may introduce additional confounds.

H Notation (appendix)

We use J=5 jurors with a fixed 4-1 major-
ity/minority split. Minority position p €
{1,...,5} indicates the ordering of the minority
juror in the prompt. Minority override rate is the
fraction of trials where the model’s final verdict
matches the minority juror’s verdict. For a fixed
configuration cell (e.g., model x condition X po-
sition), if k£ of n scored trials match the minority
verdict, we report:

p=-. (M)
n

When reporting pooled rates, we weight by the
number of trials in each configuration.
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Uncertainty for proportions. When reporting
confidence intervals for a proportion, we use a bi-
nomial confidence interval (Wilson score interval;
95%):

. z p(l—p z
pWilsonﬂz1 N 22 \/ ( ) +

2
z = 1.96.

2
For aggregate quantities across seeds, we addition-
ally report bootstrap uncertainty in the supplemen-
tary material.

n 4n?’
n

CI-methodology limitation. Wilson intervals
are our stated default, but not every figure-
generation script in the current artifact bundle uses
them; several main-text figures instead use a nor-
mal approximation, which produces misleadingly
zero-width intervals at 0% or 100% observed rates.
We flag this inconsistency here rather than report-
ing a fabricated exact interval, and we recommend
that any reader recomputing intervals use Wilson
or bootstrap methods uniformly rather than relying
on the normal-approximation figures as-is.

Core contrast (effect size). To summarize the
main semantic contrast, we report a simple dif-
ference in override probability between a salient-
minority condition and the strong-majority control:

A = p(Strong Minority) — p(Weak Minority Control).
3)

We treat A as a descriptive effect size and report its

across-seed variability (supplementary material).
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