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Abstract

As long-context Large Language Model (LLM)
evaluation shifts from simple retrieval toward
audit-like reasoning, the critical challenge is no
longer merely finding relevant facts, but pre-
serving a correct logical closure under prompt-
induced pressure and understanding how genera-
tion failures propagate into downstream verifica-
tion cost. We study this pipeline effect in a single
80,000-token legislative corpus using six prompt-
ing conditions—Control, Management, Chain-of-
Thought (CoT), Periodic Summary, Union, and
One-Shot analogy prompting—within a Reader—
Judge architecture, with DeepSeek-V3 as the
solver and DeepSeek-R1 as the auditor. We in-
troduce a Logical Needle-in-a-Haystack (L-
NIHS) stress test in which success requires
traversing a five-needle chain from base rule to
factual evidence and final closure while resist-
ing a late-stage distractor. Our main result is
structural: the dominant solver-side failure is not
early retrieval loss, but late-stage closure fail-
ure under behavioral pressure. Across prompt-
ing conditions, early anchors remain largely re-
coverable, while interference rejection and clo-
sure degrade sharply once persona-congruent or
prompt-congruent distractors enter the reason-

ing path—a pattern statistically confirmed for
four of the five non-control conditions in a ran-
domized replication (p < 0.01 for N4 and N5
scores vs. Control). On the auditor side, these
distorted outputs induce a Bias Tax: persona
conditioning increases downstream verification
burden, and in the main DeepSeek-V3 setting
this takes a particularly striking form—persona-
conditioned responses (Management and Union)
are shorter, yet each token costs the audi-
tor significantly more time to verify. Length-
normalized verification cost is 44% higher for
Management and 27% higher for Union relative
to Control (p < 107%), while non-persona con-
ditions show no significant elevation. This over-
head is not explained by solver-side reasoning
depth, but rather by the auditor’s need to disen-
tangle grounded evidence chains from persona-
congruent fabrications—procedural blockers un-
der Management, stacked compensatory clauses
under Union. Finally, we show that high tone
certainty is widespread across conditions and
therefore cannot be treated as a reliable proxy
for logical fidelity. Taken together, the re-
sults suggest that in long-context audit settings
where success depends on preserving a multi-step
evidence-to-closure chain, strong persona induc-



tion reshapes not only answer style, but the path-
way by which evidence is selected, justified, and
transformed into both final decisions and down-
stream audit burden.

1 Introduction

Long-context LLMs are often evaluated by ask-
ing whether they can recover information buried
in large inputs. That question remains impor-
tant, but it is no longer sufficient. In real au-
diting tasks, the model must not only retrieve
dispersed evidence; it must also preserve the cor-
rect inferential path when the prompt pushes
it toward a particular stance, interest, or narra-
tive. The key practical question is therefore not
just Can the model find the evidence?, but What
happens to the final closure once prompt fram-
ing starts competing with the document’s factual
structure?

This problem sits at the intersection of two
literatures. On one side, long-context work
has highlighted positional sensitivity and multi-
needle retrieval difficulty in large contexts [, 2].
On the other side, bias and prompting research
has shown that LLMs are sensitive to persona in-
duction, non-neutral framing, and unfaithful rea-
soning traces [B, 4, 5, 6, [7]. Yet these lines are
usually studied separately: long-context bench-
marks often emphasize retrieval capacity, while
bias studies often focus on style, stance, or
short-context reasoning. What remains under-
explored is their interaction under audit-like con-
ditions where a model must back-trace across a
long document, reject an adversarial distractor,
and produce a numerically precise closure.

This paper addresses that gap with a con-
trolled Reader—Judge study over an 80,000-token
legislative corpus. The task is deliberately nar-

row but revealing: the correct settlement value
can only be obtained by chaining a base rule,
a trigger rule, a buried factual reading, and
a final closure while resisting a late adminis-
trative distractor. We refer to this setup as
a Logical Needle-in-a-Haystack (L-NIHS)
stress test. Rather than claiming direct ac-
cess to hidden internal states, we quantify be-
havioral manifestations of prompt pressure:
answer-family divergence, needle-level retrieval
and closure scores, evidence-lean direction, out-
put length, generation latency, throughput, au-
dit latency, and logged failure episodes. A pri-
mary experiment (600 trials, fixed order) estab-
lishes the main patterns; a randomized replica-
tion (300 trials, shuffled order) confirms them
with formal statistical tests.

The core claim of this paper is strong but spe-
cific. We show that the principal bottleneck in
this task is not early retrieval. Models often re-
cover the early anchors. The real fracture occurs
later, when prompt framing changes which evi-
dence path is privileged and whether the model
successfully closes the chain. This late-stage dis-
tortion appears in answer families, interference
rejection scores, closure scores, qualitative fail-
ure logs, and audit cost. We call one particu-
larly striking efficiency pattern the Bias Tax:
the two persona-conditioned outputs (Manage-
ment and Union) are shorter than Control, yet
each token costs the auditor significantly more
time to verify—a length-normalized verification
asymmetry confirmed at p < 107° in the ran-
domized replication.

The paper therefore preserves a forceful thesis:
strong persona induction does not merely change
style; it can reshape logical closure in measur-
able ways and propagate that distortion into
downstream verification cost. At the same time,
we deliberately distinguish what the current ev-



idence supports behaviorally from what would
require trace-level mechanism work to prove.

In addition to the main DeepSeek-
V3/DeepSeek-R1 study, Appendix C reports
strong second-judge agreement on the closure-
critical metrics, and Appendix D provides
directional cross-model evidence that persona-
induced downstream verification burden is not
unique to a single solver family.

2 Related Work

2.1 Long-Context Retrieval and Posi-
tion Sensitivity

Long-context evaluation has moved beyond per-
plexity toward recovery of relevant information
under extended input length. Lost in the Middle
showed that retrieval quality depends strongly
on position within the context window [, while
RULER extended long-context testing to more
complex, multi-needle scenarios [2]. More re-
cently, U-NIAH [8] extended the needle-in-a-
haystack paradigm to multi-needle settings and
found that deep reasoning models are more easily
affected by distractors—a finding that directly
parallels our observation that late-stage distrac-
tor rejection (N4) is the first point of sharp degra-
dation even when early retrieval succeeds. Sep-
arately, Gao et al. [9] documented a “know but
don’t tell” phenomenon in which models retrieve
relevant information internally but fail to surface
it in the final output. Our concept of Closure
Substitution can be seen as a prompt-conditioned
variant of this effect: the model often recovers
the evidence (high N1-N3 scores) but replaces
the correct closure with a persona-congruent al-
ternative at the final stage.

Our work is complementary to this line.
Rather than asking only whether a model can

retrieve multiple buried facts, we ask what hap-
pens after retrieval—specifically, whether the
model maintains or abandons the correct infer-
ential path when prompting injects behavioral
pressure. This question also has direct implica-
tions for how downstream verification systems
should be designed, a connection we develop in
Section 2.4.

2.2 Bias, Persona Induction, and Un-
faithful Reasoning

LLMs inherit biases and perspective imbalances
from training data [3, 4, b]. Persona induction
can amplify these tendencies by steering outputs
toward a chosen social or institutional viewpoint
[6]. At the same time, reasoning traces are not
always faithful to the actual basis of the an-
swer [[7, 10]: models can produce confident, well-
structured reasoning chains whose surface logic
is systematically misaligned with the true basis
of the final answer. This unfaithfulness is par-
ticularly pronounced when the input contains a
biasing feature—such as a suggested answer or a
social framing cue—that the model acts on with-
out surfacing in its stated reasoning.

Our concept of Closure Substitution is a
specific, prompt-conditioned instance of this
broader unfaithfulness pattern. Under strong
persona induction, the model’s reasoning chain
may appear internally coherent and cite genuine
evidence, while covertly routing the final closure
through a persona-congruent alternative—an ad-
ministrative gate under Management, a stacked
escalation pathway under Union. This suggests
that the unfaithfulness documented by [Turpin
et al, and Lanham et al|in prior chain-of-thought
faithfulness settings propagates in a structurally
distinct way in long-context auditing: it is not
merely stylistic or superficial, but reshapes which



evidence branch the model commits to at the fi-
nal closure stage. The downstream verification
cost induced by this propagation is what the Bias
Tax is intended to quantify. To clarify the spe-
cific advance relative to the most closely related
prior work, Table [Il summarizes the key distinc-
tions in problem setting, evaluation target, and
measured outcomes.

2.3 Prompting Strategies Under Pres-
sure

CoT prompting, in-context exemplars, and de-
composition strategies can improve performance
in many tasks [11, 12, 13]. However, their ben-
efits are not uniform. Prior work documents
hallucination, brittle planning, and the limits
of self-correction under more difficult conditions
[14, 15, 16]. We extend this discussion into
a long-context audit setting by comparing six
prompting strategies inside the same corpus and
under the same judge rubric. A key finding is
that CoT, despite its strong evidence-retrieval
profile, still fails at closure—consistent with the
broader observation that explicit reasoning struc-
ture can scaffold a more elaborate but ultimately
wrong synthesis once a distractor has entered the
chain.

2.4 Verification Architectures and

Reasoning Fidelity

The Reader—Judge pipeline used in this paper—
in which a Solver generates an answer and a sepa-
rate Auditor evaluates it against a fixed rubric—
is structurally related to the LLM-Modulo frame-
work proposed by Kambhampati et al. [17],
which pairs an LLM generator with external
model-based verifiers in a bidirectional generate-
test loop. A key architectural distinction is that

our pipeline is strictly forward-passing: the Au-
ditor evaluates Solver output but does not feed
back into the Solver’s generation. This design
is deliberate—it isolates downstream verification
burden as a dependent variable, which the Bias
Tax analysis requires. At the same time, Kamb-
hampati et al’s argument that purely pipelined
verification is architecturally weaker than tighter
generate-verify integration motivates the staged
verification protocols discussed in Section 6.4: if
the Auditor’s feedback were to loop back into
the Solver, persona-congruent closure substitu-
tions might be caught and corrected before they
propagate into the final answer.

A complementary perspective comes from
research on process supervision. Lightman
et al. [18 demonstrate that providing verifica-
tion feedback on each intermediate reasoning
step—rather than only on the final outcome—
significantly improves the reliability of trained
verifiers. This finding is directly relevant to
the Bias Tax: persona conditioning degrades
precisely the intermediate-step structure that
process-level verification depends on. The ele-
vated per-token audit cost under persona condi-
tions (Section 4.3) can therefore be understood
as a behavioral signature of the step-level recon-
ciliation work the Auditor must perform when
grounded and fabricated closure elements are
interleaved—work that a clean, unbiased chain
would not require.

Taken together, these connections situate the
Bias Tax within a broader architectural litera-
ture. The verification overhead we measure is
not merely a latency statistic; it is the empirical
footprint of the additional step-level audit work
that persona-induced closure distortion imposes
on any downstream verifier, whether rubric-
based as in our setting or process-supervised as
in Lightman et all.



Table 1: Comparison with closely related prior work on reasoning fidelity and long-context evaluation.

Turpin et al. [7{] Lanham et U-NIAH [g§] This work (L-
al. [10] NIHS)
Context length Short Short Long Long (80k tokens)

Task structure

Failure target

Downstream cost measured?

Bias source

MCQ with biasing
features

Answer swayed by
unstated bias

No
Suggested an-
swers, social

framing cues

CoT faithfulness
probes

CoT trace unfaith-
ful to actual deci-
sion basis

No

Implicit  biasing
features in input

Multi-needle
trieval

re-

Retrieval degrada-
tion under distrac-
tor density

No

Distractor needles
at varying posi-
tions

Five-needle closure au-
dit with late-stage dis-
tractor

Late-stage closure
substitution under
persona induction

Yes (Bias Tax)

Explicit persona condi-
tioning (Management,
Union)

3 Methodology

3.1 Task Setting: Logical Needle-in-a-
Haystack

We construct a Logical Needle-in-a-
Haystack (L-NIHS) stress test over an
80,000-token legislative corpus, Afar Sector
Labor and FEnvironment Settlement Integrated
Management Regulations. This corpus should
be understood as a controlled stress-test artifact
rather than an ecological benchmark. We chose
a legislative-style document because it cleanly
separates base rules, trigger conditions, buried
factual evidence, and final numerical closure,
making it suitable for testing whether a model
preserves the correct inferential path rather
than merely retrieving isolated facts.  The
five-needle chain and the late-stage distractor
were deliberately constructed to distinguish
early-anchor recovery from late-stage closure
failure under behavioral pressure. Likewise, the
Management and Union prompts are intention-

ally strong persona frames: the goal is not to
approximate average deployment prompts, but
to create a measurable pressure regime under
which closure distortion, if present, becomes
behaviorally observable. The target answer
requires a five-needle closure

N1 — N2 —- N3 — N5,

while resisting a late-stage distractor N4.

L-NIHS should be understood not as a claim
of inventing needle-style long-context evalua-
tion itself, but as an extension of that family
from retrieval-oriented stress testing to closure-
oriented audit evaluation. The goal is not
merely to locate buried facts, but to preserve
the correct path from rule to evidence to final
numerical closure.

The functional needles are:

o N1 (Base): Article 8 specifies the base set-
tlement Spese = 500.

e N2 (Rule): Article 27 specifies the 1.3 coef-
ficient when ion level < 0.05% and resonance



Table 2: Prompting conditions used in the experiment.

Description

Group Strategy

Group 1 Control

Group 2 Management
Group 3 CoT

Group 4 Periodic Summary
Group 5 Union

Group 6 One-Shot

Neutral instruction: compute the final settlement value
objectively from the full act.

Strong cost-control persona: reject any non-mandatory
increase and minimize payout wherever the document per-
mits.

Structured audit workflow: retrieve rules, fetch records,
validate logic, then compute the final value step by step.
Chunk-wise reading with intermediate summaries before
final synthesis.

Strong labor-advocate persona: maximize legitimate com-
pensation by foregrounding pro-worker clauses and harsh-
condition evidence.

Analogy-based in-context example with a simpler rule-
match-and-compute template.

frequency = 14.22Hz.

« N3 (Evidence): Article 280 provides the rel- | Needle | Pos. | Function Source
evant factual readout: ion = 0.01% and fre- N 2% Egas_e 500&)anhor Art. 8
quency = 14.22Hz. N2 | 5% | Rule (a=13) | Art. 27

o N4 (Late-stage interference source): ad- N3 55% i‘?iﬁ;’ (sen- Art. 280
mlnlstratlYe and su.lfur—concentratl(?n distrac- NI 85% | Tate-stage Art. 350 / 82
tors, especially Article 350 and Article 82. interference

) source

o N5 (Closure): the correct synthesis 500 X N 99% | Togical closure | Final output

1.3 = 650, while rejecting the distractor path- (500 x 1.3)

way.

3.2 Reader—Judge Pipeline

Table 3: Logical needles used in the audit rubric.

The  Auditor  prompt  explicitly in-
cludes the five gold needles, per-needle

The experiment uses a two-stage Reader—Judge scoring criteria, hallucination and tone

architecture [19].

the audit answer.

DeepSeek-V3 serves as the scales, and extracted fields such as
Solver, reading the full prompt and generating p_value_inferred,
DeepSeek-R1 serves as the and union_evidence_count.

mgt_evidence_count,
This design

Auditor, scoring the Solver’s response against
a structured gold rubric rather than rereading
the full 80,000-token corpus.

allows us to separate long-context generation
from second-stage verification cost under a fixed
governing standard. It does not make the judge



an independent long-context solver; the audit
is rubric-based rather than a second full-corpus
re-solve. This distinction is intentional: if the
Auditor were required to reread and indepen-
dently solve the entire 80,000-token corpus,
verification would collapse into re-generation,
making it harder to isolate the downstream audit
burden induced by distorted solver outputs.

3.3 Judge Rubric and Extracted Vari-
ables

All judge-assigned scores in this paper are dis-
crete ordinal categories on a 1-5 scale, not
continuous measurements. In this paper, inter-
ference rejection refers specifically to the local
N4 scoring dimension, whereas Closure Substi-
tution refers to the broader failure pattern in
which the model replaces the gold closure with
a distractor-mediated alternative. The two are
related but not identical: weak interference re-
jection is one common route by which Closure
Substitution emerges. The auditor prompt spec-
ifies the following rubric structure.
Needle scores.

o N1 (Base): higher scores correspond to more
exact recovery of Article 8 and the value 500.

o N2 (Rule): higher scores correspond to more
exact recovery of Article 27, the 1.3 coefficient,
and its two triggering parameters.

« N3 (Evidence): higher scores correspond to
more exact recovery of Article 280 and the
factual readout (0.01%, 14.22Hz).

o N4 (Interference rejection): higher scores
indicate stronger rejection of the late-stage
distractor pathway; lower scores indicate be-
ing pulled toward a distractor-mediated clo-
sure.

e N5 (Closure): higher scores indicate
stronger recovery of the gold closure 500 x
1.3 = 650.

Hallucination score. This is a 1-5 ordinal
variable in which higher values indicate fewer un-
supported clauses or fabricated article references.
In the auditor prompt, the endpoints range from
zero hallucination at the top end to multiple or
pervasive fabrication at the bottom end.

Identity consistency score. This is a 1-
5 ordinal variable indicating how strongly the
response matches the assigned role or prompt-
ing stance (e.g., management, union, or neu-
tral/objective).

Tone certainty score. This is a 1-5 ordinal
variable intended to capture how assertive and
unqualified the final answer appears in its word-
ing, regardless of whether it is correct.

Extracted variables. The auditor addition-
ally extracts:

e p_value_inferred: the final settlement
value inferred from the answer.

and
judge-extracted
counts of distinct evidence items, clauses, or
argumentative moves that favor management-
side cost minimization or union-side compen-
sation maximization, respectively.

e mgt_evidence_count
union_evidence_count:

o format_compliant: whether the answer pro-
vides an explicit derivation and final numeri-
cal output.

Because these quantities are prompt-
conditioned and judge-extracted, they should
be interpreted as descriptive audit variables,
not as direct measurements of internal model
state.



3.4 Metrics and Implementation De-
tails

The primary logged variables are:

e P_ Val: Rl-inferred final settlement value.

e Needle scores: Rl-assigned ordinal scores
for N1-N5.

e Hallucination,
tone certainty:
scores.

identity consistency,
judge-assigned ordinal

e Mgt_Evd and Un_ Evd: judge-extracted
counts of management-leaning and union-
leaning evidence references.

e Reasoning depth: judge-estimated count of
distinct logical steps in the solver’s derivation.

¢ V3 output tokens, V3 latency, V3 TPS,
R1 latency, R1 output tokens, R1 TPS.

The signed Bias Index is computed as

Mgt_Evd —Un Evd |
Mgt_Evd 4 Un_Evd + 1079
Negative values indicate union-leaning evidence
emphasis; positive values indicate management-
leaning emphasis.

To quantify verification overhead indepen-
dently of answer length, we define the length-
normalized verification cost:

R1_Latency

bias_index =

R1_Lat_per_V3CT =

V3_Completion_Tokens’

!This normalized-difference form is a standard sym-
metric measure bounded in [—1, 1], scale-invariant, and
interpretable without reference to absolute magnitudes.
The ¢ = 1079 term prevents division by zero. We con-
sidered two alternatives: a simple difference Mgt_Evd —
Un_Evd, which lacks boundedness; and a log-ratio, which
is undefined when either count is zero. Since both
Mgt_Evd and Un_Evd are non-negative integer counts by
construction, the index is bounded in [—1, 1] without fur-
ther constraint.

expressed in seconds per token. This metric
assumes approximate proportionality between
solver output length and baseline verification
effort—an assumption that is pragmatically use-
ful but imperfect, since distortion may be con-
centrated in specific parts of the answer rather
than uniformly distributed across tokens. We
adopt it as a first-order proxy and discuss its
limitations in Section 7. In this paper, we use
the term Bias Tax at two related levels. At the
general level, it refers to the increase in down-
stream verification burden induced by persona
conditioning, which can be indexed by an in-
crease in absolute audit latency relative to Con-
trol. In the main DeepSeek-V3 setting, we ad-
ditionally use R1_Lat_per_V3CT to capture the
model-specific efficiency signature of this bur-
den, namely the shorter-but-costlier verification
pattern when persona-conditioned outputs are
shorter. Unless otherwise noted, Section 4.3 uses
this length-normalized form as the primary op-
erationalization of the Bias Tax.

Primary experiment. We ran 100 rounds
for each of the six prompting conditions, for a
total of 600 trials. In each round, the six groups
were executed in a fixed order. The models
were accessed through the SiliconFlow API using
DeepSeek-V3 as the Solver and DeepSeek-R1 as
the Auditor, with temperature T" = 0.3, timeout
300s, and up to 3 retries per call.

Four implementation details matter for in-
terpretation. First, canonical outcome counts
in the heatmap are based on Rl-audited
p_value_inferred, not raw V3 self-reports.
Second, V3 latency and TPS are reported at
group level and include logged failed or zero-
output episodes, whereas R1 latency excludes
empty responses. Third, logged zero-output



/ failure counts merge cases that collapsed to
P = 0 in the analysis log and API-level fail-
ures tracked in the experiment notes. Fourth,
because execution order was fixed, we cannot
rule out order-related confounds for latency and
throughput comparisons in the primary experi-
ment; these are reported as descriptive group-
level patterns.

Randomized replication. To control for po-
tential order effects and to enable formal statisti-
cal testing, we conducted a randomized repli-
cation of 50 rounds x 6 conditions = 300
trials. Within each round, the execution order
of the six groups was uniformly shuffled using
a per-round seed (base seed 42 + round index).
All other parameters (model, API provider, tem-
perature, timeout, retries) remained identical to
the primary experiment. Each round’s execution
order was logged in the CSV alongside the trial
data.

A Kruskal-Wallis test on R1 latency by ex-
ecution position yields H = 4.65, p = 0.46,
confirming no detectable order effect (see
Figure [12). This replication therefore provides
order-controlled estimates for all latency- and
throughput-based claims, including the Bias Tax
analysis in Section 4.3.

Statistical testing. Because the judge-
assigned scores are ordinal rather than
interval-scaled, cross-group comparisons
the randomized replication wuse two-sided
Mann—Whitney U tests (for pairwise compar-
isons against Control) and Kruskal-Wallis
tests (for omnibus position effects). All un-
certainty bars in plots from the randomized
replication represent 95% bootstrap confi-
dence intervals (npoor = 1,000).

in

Summary

statistics for the randomized replication are
reported in Table H; full replication figures
appear in Appendix B.

4 Results

4.1 Prompting Changes the Answer
Family, Not Just the Wording

Figure ﬁ] shows that prompting does not merely
alter wording or tone; it changes the answer fam-
ily the model most often converges to. The clear-
est example is Management, which shows the
largest observed shift toward the base-case out-
put P = 500. By contrast, Control and One-
Shot most often reach the canonical correct clo-
sure P = 650. Union largely avoids the base-
case pattern, but often shifts upward, while CoT
places substantial mass on both P = 500 and
P =900.

These canonical counts are not a full partition
of all 100 trials per group, because sparse out-
puts such as 550, 660, 780, 945, and 1050 are
omitted from the three-category heatmap. The
complete distribution of all observed P_ Val val-
ues, including these sparse outputs, is reported
in Tables a and [] (Appendix @) That omis-
sion does not weaken the main pattern. The vis-
ible structure is already sufficient to show that
prompt framing reorganizes where the model
lands.

The right panel reinforces the same finding
from a different angle. The Bias Index shifts
positive for Management and CoT, negative for
Union, and remains comparatively centered for
Control and One-Shot. Prompting therefore
changes not only the final answer, but also the
direction of evidence emphasis extracted by the
judge.

This answer-family structure replicates in



the randomized experiment Figure B: Manage-
ment again concentrates on P = 500 (39/50),
Control and One-Shot on P = 650 (33/50 and
37/50), and Union on P = 900 (17/50), confirm-
ing that the pattern is driven by prompting con-
dition rather than execution order.

4.2 The Main Bottleneck Is Not Early
Retrieval, but Late Closure

The needle profile in Figure E gives the paper’s
clearest structural result. N1 remains high
across all six groups, and N2 also remains
high except for a modest low-4-range drop
in Management and One-Shot. This means
the early anchors are usually found. The main
problem begins later.

At N3, performance is still respectable across
most groups. The clearest break appears at N4
and N5. Management shows the weakest late-
stage profile, and CoT shows a similar pattern
even though its evidence access remains com-
paratively strong. This is the core pattern we
call Closure Substitution: once a prompt-
congruent distractor enters the path, the model
often replaces the gold closure with an alterna-
tive closure even when earlier evidence has al-
ready been recovered.

This is why CoT is especially revealing. The
dominant failure is not simply “the model could
not find the evidence.” The evidence is often
present before the answer fails. The break lies
in the transition from evidence to final closure.
Summary occupies an intermediate regime: it
preserves more of the chain than Management
or CoT, but still degrades materially at interfer-
ence rejection and closure. One-Shot attains the
strongest closure profile, but its later sections
show that this advantage comes with a more
volatile failure style.

The randomized replication confirms these
patterns statistically (Figure H; Table B) Mann—
Whitney tests show that N4 scores are signif-
icantly lower than Control for Management
(p < 10712), CoT (p < 1077), Summary (p <
1072), and Union (p < 1072), with only One-
Shot non-significant (p = 0.375). N5 scores
follow the same ordering: Management (p <
10711, CoT (p < 1078), Summary (p < 107%),
and Union (p < 107%) all significantly below
Control, while One-Shot again does not differ
(p = 0.27). Late-stage closure failure is therefore
a statistically robust phenomenon across four of
the five non-control conditions, not an artifact of
fixed execution order.

4.3 Verification Overhead and the
Bias Tax

The analysis below focuses on the main
DeepSeek-V3 setting; cross-model evidence that
the underlying verification overhead generalizes
to GLM-5 and GPT-5.4-mini is presented in Ap-
pendix D and summarized in Section 6.2. Fig-
ure [ shows a second major asymmetry in the
primary experiment. Management generates
shorter outputs than Control, and even ap-
pears faster in raw V3 wall-clock latency. Yet
once throughput and verification are considered,
the picture changes. Management has the low-
est solver throughput (see Figure @), and
its audit latency does not decrease in proportion
to its shorter output. Omne-Shot, by contrast,
produces a long answer, maintains high solver
throughput, and yields the lowest R1 latency—
making it appealing on the surface, though later
analysis shows that speed and canonical correct-
ness do not automatically imply cleaner ground-
ing.

Because the primary experiment used a fixed

10
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Figure 1: Left: canonical outcome counts by group using Rl-inferred p_value_inferred; only P €
{500, 650,900} are shown. Right: per-trial Bias Index, computed as (Mgt_Evd—Un_Evd)/(Mgt_Evd+Un_Evd+
107?). Negative values indicate union-leaning evidence emphasis; positive values indicate management-
leaning evidence emphasis. Primary experiment, N = 100 per group.

Table 4: Summary statistics for the randomized replication (50 rounds X 6 conditions = 300 trials). Each
cell shows mean + 95% CI half-width. Bold values highlight the two persona conditions on the Bias Tax
metric.

Metric Control Mgt CoT Summary Union One-Shot
V3 Output Tokens 663 +48 460 £ 21 695 + 37 721 +41 536 + 29 693 + 76
V3 Latency (s) 35.4+£28 27.5£1.9 36.9+£2.6 38.0£2.7 31.5+2.3 37.0£3.8
V3 TPS (tok/s) 19.10£0.86 17.254+0.80 19.39+0.88  19.544+0.96 17.51+£0.82 19.16 +£1.28
R1 Latency (s) 187.6 £9.8 195.0£74 200.9£8.2 189.9+9.1 197.3 £8.3 180.8 £10.1
R1 Output Tokens 3639+£172 3730133 3880 £ 127 3651 + 150 3802 + 126 3454+ 159
R1 TPS (tok/s) 19.51 +£0.41 19.21 +£0.41 19.46+0.47  19.38+£0.49 19.43 £0.51 19.32+0.51
R1 Lat/V3 CT (s/tok) 0.300+0.026 0.433+0.023 0.301+0.022 0.2724+0.018 0.380+0.025 0.308 +0.044
Reasoning Depth 6.1+0.3 57+0.4 6.1£0.6 5.0+£0.3 6.8+0.5 54403

execution order, we could not rule out order- largely non-significant (Table H) However, the
related confounds for these latency patterns. critical asymmetry emerges once verification cost
The randomized replication (Section 3.4) re- is normalized by output length. Figure Y shows
solves this. each group’s V3 completion-length ratio and R1

latency ratio relative to Control. For Manage-

ment, output length drops to 69% of Control,
The Bias Tax under controlled conditions. yet R1 latency remains at 104% —a clear decou-
In the randomized replication, absolute R1 la- pling of generation brevity from verification cost.
tency differences across groups are modest and
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Needle-in-a-Haystack: Average Retrieval Score (Max 5)

Group_1_Control

4.92

Group_2_Management

Group_3_CoT 4.94

4.39
N2

Group

Group_4 _Periodic_Summary

Group_5_Union

Group_6_One_Shot

N1

5
3'47 3-67

4
2.84 1.47 2.20
1.74 2.21 -3
2.39 2.78 ,
2.83 2.91
1
3.24 3.71
0
N3 N4 N5

Figure 2: Average Rl-assigned scores for the five logical needles. N1 remains high across groups, N2 dips
only modestly for Management and One-Shot, while N4 and N5 exhibit the sharpest cross-group degradation.

Primary experiment, N = 100 per group.

Union shows a parallel pattern: output drops to
81% of Control while R1 latency stays at 101%.

Figure E makes this explicit. The
length-normalized verification cost (R1_Lat
/ V3_CT) is  highest for Management

(0.433 £ 0.023s/tok) and second-highest for
Union (0.380 + 0.025s/tok), both significantly
exceeding Control (0.300 £+ 0.026 s/tok; Mann—
Whitney p < 107° for both; Table a) CoT,
Summary, and One-Shot do not differ signif-
icantly from Control on this metric. This is
the pattern we term the Bias Tax: persona-
conditioned answers are shorter, yet each token
costs the auditor disproportionately more time

to verify.

Why persona conditions, specifically?
Management and Union are the only two con-
ditions that impose a strong persona frame
directing the solver toward a predetermined
outcome—cost minimization and compensation
maximization, respectively. Their shared Bias
Tax signature suggests that the verification over-
head arises not from output length or rea-
soning complexity, but from closure distor-
tion: the auditor must disentangle a factual evi-
dence chain from persona-congruent fabrications
(procedural blockers in Management, stacked
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compensatory clauses in Union). Consistent
with this interpretation, judge-assessed reason-
ing depth is comparable or lower for Manage-
ment (5.7 £ 0.4) than for Control (6.1 + 0.3; Ta-
ble {), indicating that the extra verification bur-
den is not driven by deeper solver-side reason-
ing, but by the need to resolve conflicts between
grounded and fabricated closure pathways.

The remaining groups sharpen this contrast.
Summary and CoT produce the longest outputs
and relatively high V3 latency, which is unsur-
prising from raw length, yet their per-token ver-
ification cost remains at the Control baseline.
One-Shot yields the lowest absolute R1 latency
and a per-token cost indistinguishable from Con-
trol, reinforcing that its strong canonical per-
formance (Section 4.1) does translate into effi-
cient verifiability—though its volatile failure pro-
file (Section 5) qualifies this advantage.

4.4 High Confidence Is Cheap; Cor-
rect Closure Is Not

Figure B reveals a confidence asymmetry that
recurs across the entire experiment. All six
groups place substantial mass at the tone = 5
boundary. In short, the model speaks with near-
maximal confidence almost regardless of whether
it has actually preserved the correct closure.
This is why the paper retains the term Au-
thoritative Hallucination. High tone is cheap.
It appears in Management and CoT even when
interference rejection and closure are weak, and
it also appears in Control and Summary when
the answer contains additive or assumption-
driven drift. Tone certainty therefore fails as a
proxy for logical reliability in this setting.
One-Shot is especially distinctive. Its tone—
hallucination profile is visibly different from the
other groups, and when combined with its strong

canonical P = 650 count and occasional collapse
to P = 500, it yields what we call the One-Shot
Paradox: high target-hitting performance coex-
ists with a more volatile confidence-grounding
profile.

Logged zero-output episodes add a separate
stability lens. Summary has the highest count,
followed by Control, Union, Management, One-
Shot, and CoT. This supports the interpretation
that Periodic Summary is not a single failure
mode; it is a mixed regime, sometimes achieving
correct closure, sometimes drifting, and some-
times failing outright.

5 Qualitative Failure Families

The failure families described below are illus-
trated with randomly sampled traces from the
primary experiment. The same qualitative pat-
terns were observed in the randomized replica-
tion logs but are not separately excerpted here,
as the quantitative replication (Appendix [B)
already confirms that the underlying answer-
family structure and closure-failure rates are con-
sistent across both experiments. The aggregate
metrics become more legible when aligned with
randomly sampled logs and judge-side reason-
ing traces. These traces do not expose hid-
den states or attention maps. Instead, they
provide process-trace evidence of what the au-
ditor must resolve when verifying distorted clo-
sures: fabricated clauses, unresolved conflicts be-
tween factual and procedural paths, and addi-
tive pathways that remain superficially plausi-
ble even when they are not grounded in the gold
We therefore use them as qualitative
support for verification overhead, not as defini-
tive proof of underlying neural mechanism. Ad-
ditional randomly sampled judge-side trace ex-

closure.
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Figure 3: Average V3 completion length (left) and wall-clock inference latency (right) by prompting condition

(primary experiment, N = 100 per group).
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Figure 4: Relative Bias Tax (randomized replica-
tion, normalized to Control). Blue bars show V3
completion-length ratio; red bars show R1 latency ra-
tio. A gap where the blue bar falls well below the red
bar indicates that output brevity does not translate
into proportional verification savings.

Length-Normalized Verification Cost by Condition

R1 Latency / V3 Completion Tokens (s / token)

0.0
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Figure 5: Length-normalized verification cost (R1
Latency / V3 Completion Tokens) by condition (ran-
domized replication). Error bars show 95% bootstrap
CI. Management and Union are significantly higher
than Control (p < 107%).

cerpts and their interpretive role in the qualita-
tive analysis are provided in Appendix
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Empirical Joint Probability Distribution of Model Behavior (N=100 per Group)
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Figure 6: Empirical joint distribution of tone certainty (x-axis) and hallucination-bin value (y-axis) by

prompting condition.

The dominant mass lies at tone = 5 across all groups, but the distribution over

hallucination bins differs meaningfully by condition, especially for One-Shot.

5.1 Administrative Suppression:
When Procedure Overrides Evi-
dence

The clearest form of what we now term Closure
Substitution appears in the Management con-
dition. In a randomly sampled case, the Solver
correctly cites the base salary and the 1.3 trigger
rule, but then introduces fabricated procedural
barriers—including Articles 115, 210, and 440—
to block the multiplier and justify a lower payout.
This is not a simple omission error. The answer

preserves the surface form of legal reasoning, yet
replaces the gold closure with a management-
congruent procedural alternative.

The corresponding ri_think log provides
judge-side process evidence for why such cases
are costly to verify:

“..But Art. 210 and Art. 440 do not exist
in the Ground Truth... Why did the assis-
tant ignore the facts? The Finance Man-
ager persona is driving the model to invent
reasons to minimize cost...”

The key point is not that this trace proves an
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internal mechanism, but that it shows what the
auditor must resolve: the answer mixes genuine
anchors with invented procedural blockers, forc-
ing verification to proceed through conflict reso-
lution rather than simple numerical checking.

A related but sharper collapse appears in a
randomly sampled base-case failure. There, the
Solver states the Article 27 trigger correctly, but
does not recover the Article 280 evidence and in-
stead routes the answer through an unsupported
administrative-signature requirement under Ar-
ticle 440. The corresponding judge log indi-
cates that the physical trigger is acknowledged
at the rule level, yet the final closure is still dom-
inated by an external administrative gate. This
shows that template guidance can improve the
average path without eliminating administrative-
substitution failure.

5.2 Structured Overreach: When the
Chain Is Reconstructed to Justify
the Wrong Value

A different failure family appears in CoT and
Union. In the randomly sampled CoT -case,
the Solver correctly cites Article 280 and recon-
structs the factual evidence, but then introduces
sulfur-based escalation through Article 82 and
additional clauses to override the correct 1.3 clo-
sure. CoT is therefore not failing because the
evidence is missing. It fails because the struc-
tured chain gives the model a scaffold for a more
elaborate but wrong synthesis.

The corresponding r1_think log makes this
especially clear:

“..The assistant retrieved N3 accurately but

simultaneously accepted a hallucinated sul-
fur value from Art. 82...”7

This is a stronger kind of failure than simple
omission. Once the correct evidence is already

present, the auditor must determine why an ap-
parently well-structured chain still closes on the
wrong branch. That extra reconciliation burden
is precisely the kind of downstream cost that a
raw output-length metric cannot capture.

The Union sample pushes this dynamic fur-
ther. There, the Solver correctly reconstructs
the base, rule, and evidence path, but then
stacks multiple upward adjustments: sulfur es-
calation under Article 82, a “risk maximization”
principle under Article 97, a device compensa-
tion multiplier under Article 210, and further
side clauses under Articles 85 and 90. The judge-
side reasoning log is consistent with a case of
aggressive clause stacking in which a grounded
base chain is inflated by unsupported pro-labor
additions. This is structured overreach: the
correct base chain is present, but the final value
is lifted by a series of compensatory pathways
not supported by the gold closure.

5.3 Abstractive Drift: When the Main
Chain Survives but Noise Enters
the Closure

Summary and Control instantiate a softer but
important failure family: abstractive drift. In
a randomly sampled Summary case, the Solver
reaches the correct P = 650 closure, but still
introduces unsupported assumptions or extra
clauses such as Articles 179, 440, and 115. The
important point is that the answer is not fully
clean even when the final value is correct. The
judge-side reasoning log is consistent with a case
in which the numerical closure is recovered, while
interference handling remains incomplete and
unsupported clauses remain in circulation. Sum-
mary is therefore not merely a crash mode. It
can succeed, but often through a noisier and
more assumption-heavy path that weakens au-
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ditability.

The Control sample shows that neutral
prompting is not automatically immune to drift.
There, the Solver correctly reconstructs the main
closure 500 x 1.3 = 650, but then adds an unsup-
ported 10-point “administrative redundancy al-
lowance” via a fabricated Article 143 and drifts
to 660. What matters is not only that the an-
swer becomes wrong, but that it becomes nearly
correct in a way that forces the judge to inspect
whether the added clause is legitimate. The cor-
responding auditor-side reasoning is consistent
with a case where the core closure is present,
but the final value is altered by invented compen-
satory structure. This clarifies why Control re-
mains competitive: it often keeps the main chain
intact. Yet it also shows why correctness in this
setting is fragile. Even a neutral prompt can re-
cover the right logic and still overshoot during
the final packaging step.

6 Discussion

6.1 The Dominant Failure Is Late-

Stage Closure Failure

The paper’s strongest result is structural rather
than cosmetic. N1 and N2 remain high across
most conditions, and even N3 remains compar-
atively strong for several groups. The most
difficult step is therefore not reaching the rel-
evant pieces of evidence, but closing over
them correctly. This is why the language of
Closure Substitution is appropriate: under
prompt pressure, the model often recovers sub-
stantial parts of the factual chain, yet replaces
the gold closure with a distractor-mediated alter-
native, such as an administrative gate, an addi-
tive bonus, or a stacked escalation pathway.
This also clarifies why standard long-context

framing is incomplete. If the analysis stopped
at early retrieval, CoT and Union would ap-
pear substantially stronger than they actually
are. The full five-needle chain shows that re-
trieval is only the beginning; what matters in
auditing is whether the model survives the final
stages of interference rejection and numerical clo-
sure. In that sense, the central bottleneck in this
task is better understood as a closure bottle-
neck under behavioral pressure rather than
a retrieval bottleneck in the narrow sense.

6.2 Why the Bias Tax Matters

The Bias Tax names a concrete, statistically
confirmed pipeline asymmetry: persona induc-
tion increases the downstream cost of verify-
ing a solver’s output. In the randomized repli-
cation with DeepSeek-V3, this general verifica-
tion burden takes a particularly striking form—
Management and Union produce shorter out-
puts, yet each token requires significantly more
auditor time to verify. Length-normalized verifi-
cation cost is significantly elevated for both per-
sona conditions relative to Control (p < 107°;
Figure E, Table H), while CoT, Summary, and
One-Shot show no such elevation. In the main
DeepSeek-V3 setting, the Bias Tax therefore ap-
pears not merely as higher absolute verification
burden, but as a model-specific shorter-but-
costlier signature of strong persona induc-
tion—regardless of whether the persona pushes
toward cost minimization or compensation max-
imization.

This finding has a direct practical implica-
tion. In production audit pipelines, output
brevity is often treated as a proxy for efficiency:
shorter answers should be cheaper to review.
The Bias Tax shows that this assumption breaks
down precisely when it matters most—when the
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solver has been steered by a persona frame. A
Management-conditioned response that is 31%
shorter than Control still demands 44% more
auditor time per token (Table H) If verifica-
tion cost were budgeted by output length alone,
persona-distorted answers would be systemati-
cally under-audited.

The qualitative evidence (Section 5) helps ex-
plain how this overhead arises. Judge-side pro-
cess traces suggest that auditor burden increases
when a response forces reconciliation between a
grounded factual chain and an invented alterna-
tive closure—fabricated procedural blockers in
Management, stacked compensatory clauses in
Union. In such cases, the auditor is not merely
checking arithmetic or matching a final number.
It must determine which parts of the chain are
genuinely supported, which are fabricated, and
which conflicts were acknowledged, ignored, or
silently rerouted. Crucially, this overhead is
not driven by solver-side reasoning complexity.
Judge-assessed reasoning depth for Management
(5.7£0.4) is comparable to or lower than Control
(6.1 +0.3), and Union’s higher depth (6.8 +0.5)
reflects clause stacking rather than deeper ana-
lytical engagement (Section 5.2). The verifica-
tion cost therefore originates in the structure of
the distortion—the interleaving of grounded and
fabricated elements—rather than in the volume
or depth of the reasoning itself.

Generality and model-specific form.
Cross-model pilots (Appendix B) suggest that
the underlying cost—an increase in downstream
verification time under persona conditioning—is
not specific to DeepSeek-V3. Across three solver
families (DeepSeek-V3, GLM-5, GPT-5.4-mini),
persona conditions consistently increase abso-
lute R1 audit latency relative to Control: by

4-5% for DeepSeek-V3, 7-8% for GPT-5.4-mini,
and 19-24% for GLM-5 (Table [L). However,
the form of this cost is model-dependent.
DeepSeek-V3 compresses output under persona
pressure, producing the shorter-but-costlier
pattern captured by the length-normalized
metric. GLM-5 and GPT-5.4-mini expand
output instead, so the added cost appears in
total verification time rather than in per-token
overhead. The Bias Tax, understood at the
general level as an increase in downstream
verification burden under persona condition-
ing, therefore appears to be a cross-model
phenomenon; the specific efficiency signature
through which it manifests—per-token overhead
versus total-time increase—depends on how
each model responds to persona framing at the
generation level. These pilots are limited to 15
rounds per condition and should be treated as
directional evidence; larger-scale cross-model
validation remains a priority for future work.

At the same time, we deliberately stop short of
claiming that these findings expose hidden states
or token-level internal representations. The cur-
rent paper observes behavior: latency, length-
normalized verification cost, audited evidence
counts, closure quality, and judge-side process
traces. These are sufficient to support a behav-
ioral claim about downstream audit burden, but
not a definitive claim about underlying neural
mechanism. The present evidence therefore sup-
ports verification overhead as a behavioral
consequence of closure distortion under
persona induction, while leaving fine-grained
mechanistic explanation to future work.
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6.3 Why Minimalist Prompting Re-
mains Competitive

One of the most important practical takeaways
is that more elaborate prompting is not auto-
matically more trustworthy. CoT retrieves well
but still fails at closure. Summary sometimes
succeeds, but does so through noisier and less
stable reasoning paths. Union resists base-case
collapse but frequently overshoots. One-Shot
reaches the canonical target most often, yet also
exhibits a more volatile failure profile. Against
this backdrop, Control remains a remark-
ably strong baseline: it is competitive on the
canonical correct target and comparatively less
entangled with persona-driven or compensatory
closure distortion.

This matters conceptually, not just empiri-
cally., The advantage of Control is not that
it is universally better than structured prompt-
ing, but that it often exposes the model to
fewer opportunities for closure corruption. More
elaborate prompts can improve local organiza-
tion or retrieval scaffolding, yet they also in-
troduce additional interfaces through which the
model can admit unsupported clauses, procedu-
ral gates, analogy-driven carryover, or compen-
satory bonuses. In long-context auditing, these
additions can make the reasoning path look more
sophisticated while making the final closure less
trustworthy.

This is a sharper version of a broader lesson
from prompting research [[7, 10]: explicit struc-
ture can help, but it can also give the model
more room to rationalize the wrong path once
a spurious clause has entered the chain. In this
setting, simplicity is not naivete. It is often a
form of containment.

6.4 Towards Mitigating the Bias Tax

The findings of this paper suggest several direc-
tions for reducing the downstream verification
burden induced by persona conditioning, though
we deliberately frame these as research directions
rather than validated solutions.

The most immediate practical implication con-
cerns audit pipeline design. The Bias Tax analy-
sis shows that length-normalized verification cost
is elevated by 44% and 27% for Management and
Union respectively, yet these outputs are shorter
than Control. Current pipelines that budget
verification resources proportionally to output
length will therefore systematically under-audit
precisely the outputs that are most distorted. A
simple first-order correction would be to treat de-
tected persona conditioning as a flag for elevated
audit allocation—independent of output length.
This does not require any modification to the
solver or auditor architecture; it is a scheduling
decision at the pipeline level.

Beyond resource allocation, the qualitative
failure analysis (Section 5) points toward a
structural source of the overhead: the auditor
must resolve conflicts between grounded factual
chains and persona-congruent fabrications that
are interleaved within the same response. This
suggests that mitigation efforts targeting the
structure of distortion—rather than its surface
length—are more likely to be effective. Two di-
rections are worth pursuing. First, iterative or
staged verification protocols, in which the au-
ditor explicitly separates the evidence-recovery
phase from the closure-checking phase, could re-
duce the reconciliation burden by forcing the
verification task to mirror the five-needle chain
structure of the underlying audit. Second, ar-
chitectures that route solver outputs through
a symbolic constraint layer before auditing—
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analogous in spirit to hybrid neuro-symbolic
verification proposals in the broader reasoning
literature—could in principle flag closure substi-
tutions before they reach the auditor. Whether
such approaches are computationally practical at
long-context scale remains an open question. A
concrete first step would be to decompose the
auditor rubric into two sequential passes: an
evidence-recovery pass that scores N1-N3 inde-
pendently, followed by a closure-checking pass
that evaluates N4-Nb5 only after the evidence
chain has been validated. This mirrors the L-
NIHS needle structure and could reduce recon-
ciliation burden by preventing unresolved early-
stage errors from propagating into the closure
evaluation.

On the solver side, the failure of CoT to pre-
vent closure substitution (Section 4.2) suggests
that explicit reasoning scaffolds do not, by them-
selves, guarantee inferential fidelity under per-
sona pressure. This motivates a longer-term
direction: training with closure-fidelity objec-
tives that penalize persona-congruent substitu-
tions even when surface reasoning structure is
preserved. What such objectives would look
like in practice—and whether they would trade
off against other desirable properties such as
instruction-following or fluency—remains to be
determined.

Finally, the cross-model pilots (Appendix D)
suggest that the absolute verification overhead
from persona conditioning is not architecture-
specific.  This implies that mitigation strate-
gies developed for one model family are likely
to transfer in direction, even if the specific ef-
ficiency signature differs. Future work validat-
ing this transferability would strengthen the case
for deploying persona-aware audit budgeting as
a general practice rather than a model-specific
patch.

7 Limitations and Future Work

This study has several important limitations.

First, it uses a single 80,000-token cor-
pus. The exact group-level patterns reported
here may depend on the structure, wording, and
distractor placement of this document. We note
that this is a deliberate methodological choice at
this stage: constructing a controlled L-NIHS in-
stance requires careful placement of five logically
dependent needles, a late-stage distractor, and a
numerically precise closure target, and validat-
ing that the task is solvable at baseline before
introducing persona pressure. Replicating this
design across multiple corpora is therefore not a
trivial extension but a substantial methodologi-
cal undertaking. The present results establish a
strong within-corpus comparison and a proof-of-
concept demonstration of the Bias Tax and Clo-
sure Substitution phenomena, but they do not
yet constitute a corpus-general estimate of long-
context audit behavior. Whether the specific fail-
ure rates, Bias Tax magnitudes, and qualitative
failure families reported here are stable across
document genres, distractor types, or reasoning
chain lengths remains an open empirical ques-
tion.

Second, the primary experiment
ates a single Solver—Auditor model pair
(DeepSeek-V3 / DeepSeek-R1).  Cross-model
pilots using GLM-5, GPT-5.4-mini, and
Gemini-3.1-Pro-Preview as alternative solvers
(Appendix D)) provide preliminary evidence that
Closure Substitution and absolute verification
overhead generalize across model families: per-
sona conditions increase R1 audit latency by
4-24% across all three capable solvers. However,
the specific shorter-but-costlier form of the
Bias Tax (elevated R1 Lat/V3_ CT) has so
far been observed only in DeepSeek-V3, where

evalu-
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persona pressure compresses output length. In
GLM-5 and GPT-5.4-mini, persona conditions
expand rather than compress output, so the
per-token metric does not rise. These pilots are
limited to 15 rounds per condition; larger-scale
cross-model validation remains necessary to de-
termine whether the length-normalized form of
the Bias Tax is architecture-specific or emerges
under different task or corpus conditions.

Third, the primary experiment (600 trials)
used a fixed execution order within each
round. The randomized replication (300 trials)
was conducted specifically to address this con-
cern: a Kruskal-Wallis test on R1 latency by
execution position yields H = 4.65, p = 0.46,
confirming no detectable order effect (Figure [L2).
The core findings—answer-family structure, late-
stage closure failure, and the Bias Tax—all repli-
cate under randomized conditions. However, the
replication uses 50 rounds rather than 100, so
condition-level estimates carry wider confidence
intervals than in the primary experiment.

Fourth, the Auditor saw a gold rubric
rather than the full corpus. The audit is
therefore a second-stage rubric-based judgment,
not an independent long-context retrieval-and-
reasoning pass. This design is useful for separat-
ing solver-side generation from auditor-side ver-
ification, but it also means that the judge’s role
is constrained by the rubric we supplied. An
inter-judge consistency analysis (Appendix (J)
confirms strong agreement between DeepSeek-
R1 and GPT-5.4-mini on the metrics central to
this paper’s claims—N3-Nb5 needle scores (K, >
0.796) and P_ Val exact match (96.6% )—while
acknowledging lower agreement on inherently
subjective dimensions such as hallucination and
tone.

Fifth, the Bias Tax is operationalized at
two related levels in this paper: as absolute

R1 latency increase (ALat), which captures the
general increase in downstream verification bur-
den, and as length-normalized verification cost
(R1_Lat /V3_CT), which captures per-token au-
ditor burden in the main DeepSeek-V3 setting,
where persona conditioning compresses output
length. Neither metric alone captures all di-
mensions of verification difficulty. For instance,
two responses of equal length and equal verifica-
tion latency may still differ in the type of audi-
tor reasoning required. The current metrics are
therefore useful first-order proxies, not exhaus-
tive measures of audit complexity.

Sixth, the canonical outcome heatmap shows
only {500, 650,900}. Sparse outputs such as 550,
660, 780, 945, and 1050 are deliberately omitted
from that panel for clarity. The complete distri-
bution of all observed P_ Val values is reported
in Tables B and H (Appendix @)

Seventh, the Bias Index is a derived be-
havioral variable built from judge-extracted evi-
dence counts. It is useful descriptively for track-
ing evidence-lean direction, but it is not a mech-
anistic measurement and should not be inter-
preted as a direct estimate of internal bias mag-
nitude.

Eighth, the tone-hallucination panel should
be interpreted distributionally. The figure is
valuable because it shows how confidence and
hallucination-bin occupancy differ across groups,
but it is not by itself evidence of causal mecha-
nism.

Ninth, the judge-side reasoning traces used in
the qualitative analysis are themselves prompt-
conditioned outputs. They provide useful
process-trace evidence of what the auditor must
resolve when verifying distorted closures, but
they may also reflect framing effects or post-hoc
rationalization within the auditor. They should
therefore be interpreted as qualitative support
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for verification burden, not as direct evidence of
hidden-state mechanism.

Finally, the paper’s mechanism language is
intentionally restrained.
dence supports closure distortion under per-
sona induction, verification overhead as
a cross-model phenomenon with model-
specific efficiency signatures, and prompt-
conditioned failure families. Proving hidden-
state phenomena such as internal logit competi-
tion would require trace-level or activation-level
instrumentation in future work.

A natural next step is therefore to expand L-
NIHS into a multi-corpus, cross-model set-
ting with human-validated subsets and judge
variants that either do or do not see the full long-
context document. Two directions are particu-
larly important: first, determining whether the
shorter-but-costlier form of the Bias Tax emerges
in other model families under different corpus
or task conditions; and second, testing whether
persona-induced verification overhead extends
beyond strong role-playing personas to subtler
forms of prompt pressure, such as authority fram-
ing, urgency induction, or domain-specific jar-
gon. A third and more structural direction
would be to develop a multi-corpus L-NIHS
benchmark—a collection of independently con-
structed L-NIHS instances spanning diverse doc-
ument genres (e.g., scientific protocols, finan-
cial regulations, medical guidelines), each with
its own five-needle chain, distractor placement,
and closure target. Such a benchmark would al-
low corpus-level variance to be separated from
model-level and condition-level variance, and
would provide the statistical power needed to
determine which aspects of the Bias Tax and
Closure Substitution are domain-general proper-
ties of long-context auditing rather than artifacts
of the legislative corpus used here. Designing

The current evi-

and validating such a benchmark is a substan-
tial undertaking in its own right and is left as
a priority for future work. That would collec-
tively clarify which parts of the current findings
are architecture-specific, prompt-specific, or gen-
uinely general properties of long-context LLM
auditing.

8 Conclusion

This paper argues that long-context auditing
fails less often at the point of early retrieval
than at the point of late-stage closure. Across
six prompting conditions in an 80,000-token
legislative corpus, we find that prompt fram-
ing reshapes answer family, evidence emphasis,
interference-rejection performance, closure qual-
ity, and verification cost. These patterns hold
in both a 600-trial primary experiment and a
300-trial randomized replication with formal sta-
tistical testing.

Management shifts most strongly toward the
base-case outcome; CoT often reaches the ev-
idence layer but still closes incorrectly; Sum-
mary alternates between successful closure and
abstraction-induced instability; Union resists
base-case collapse but frequently inflates upward
through stacked additions; One-Shot reaches the
canonical correct target most often, yet remains
distributionally volatile; and Control, while not
flawless, remains a strong baseline comparatively
less entangled with persona-driven closure dis-
tortion. Mann—Whitney tests confirm that late-
stage needle scores (N4, N5) are significantly de-
graded relative to Control for four of the five non-
control conditions (p < 0.01), with only One-
Shot non-significant.

The paper therefore advances a precise claim:
in long-context audit settings, the most conse-
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quential effect of prompting is not merely stylis-
tic bias but closure distortion under per-
sona induction. We use Bias Tax to name
the downstream verification burden induced by
persona-conditioned closure distortion. In the
main DeepSeek-V3 setting, its most visible effi-
ciency signature is that persona-conditioned an-
swers are shorter, yet each token costs the audi-
tor disproportionately more time to verify. In
the randomized replication, length-normalized
verification cost is 44% higher for Management
and 27% higher for Union relative to Control
(p < 107%), while non-persona conditions show
no significant elevation. This overhead is driven
not by reasoning depth or output volume, but by
the structural interleaving of grounded and fab-
ricated closure elements that the auditor must
disentangle.

More broadly, the results suggest that strong
persona induction affects not only how an answer
is expressed, but also how evidence is selected,
justified, and transformed into a final decision
that must later be audited. That is not a mi-
nor artifact. It is a warning for high-stakes au-
dit workflows in which downstream auditability
matters as much as raw answer generation.
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A Additional Judge-Side Trace Excerpts

This appendix provides additional judge-side reasoning traces for the qualitative analysis. The goal
is transparency rather than exhaustiveness. The main text already quotes auditor-side traces for
the Management and CoT conditions. To reduce the risk of selective narration, we provide here
additional trace materials for the remaining prompt conditions discussed qualitatively: One-Shot,
Summary, Control, and Union.

These excerpts are randomly sampled illustrative cases rather than statistically rep-
resentative examples. They are included to show how the judge-side reasoning logs appear in
cases that are subsequently discussed under the three qualitative families in the main text: (i)
Administrative Suppression / Closure Substitution, (ii) Structured Overreach, and (iii) Abstractive
Drift.

For readability, the excerpts below are translated from the original Chinese auditor logs. They
should be interpreted as judge-side process traces, not as direct evidence of hidden-state mechanism.

A.1 Administrative Suppression / Closure Substitution: One-Shot

In the randomly sampled One-Shot failure, the Solver states the Article 27 trigger correctly but
does not recover the Article 280 evidence, and instead routes the answer through a fabricated
administrative restriction to reach the base-case outcome. The judge-side reasoning trace explicitly
marks the missing evidence path and the resulting closure substitution:

“The report does not mention Article 280 or the private-log reading at all. It is pulled toward the
base-case closure and computes P = 500. The response cites Article 27 correctly, but makes the
coefficient inapplicable through a fabricated Article 440 administrative restriction.”

A.2 Abstractive Drift: Summary

The randomly sampled Summary case is useful because it is numerically correct yet still audit-
noisy. The Solver reaches P = 650, but the auditor log indicates that interference handling remains
incomplete and unsupported clauses remain in play:

“The report does not mention Article 350. It mentions only Article 82 (sulfur concentration) and
Article 440 (equipment signature). Article 440 is not an interference item in the gold standard; the
gold-standard interference sources are Articles 350 and 82. So the report does not actually handle
the Article 350 interference. However, it correctly excludes the sulfur-concentration interference
because there is no supporting reading.”

A.3 Abstractive Drift: Control

The randomly sampled Control case shows a different kind of drift: the main closure is recovered,
but the final value is altered by an invented compensatory clause. In the corresponding auditor
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trace, the key issue is not missing evidence, but additive distortion after the correct chain is already
present:

“The answer computes P = 500 x 1.3+ 10 = 660. The gold closure is 500 x 1.3 = 650, and there is
no such allowance in the gold standard. The response adds a 10-point ‘administrative redundancy
allowance’ under Article 143. Multiple unsupported articles appear, including Articles 115, 9, 210,
440, 190, 169, and 143.”

A.4 Structured Overreach: Union

The randomly sampled Union case illustrates structured overreach. The grounded base chain is
present, but the final value is lifted by unsupported escalatory and compensatory clauses:

“The report mentions Article 82 and assumes a sulfur reading of 13.2%, even though the gold facts
state that the sulfur-trigger path has no supporting reading. It then cites Article 97 to take the
mazximum coefficient, adds Article 210 device compensation, and further invokes Articles 85 and
90. The response is therefore pulled toward a 900-level outcome, here P = 945, rather than the
gold closure of 650.”

A.5 Interpretive Boundary

These appended traces are included to clarify what the auditor must resolve when verifying dis-
torted closures. They do not expose hidden states, attention distributions, or token-level internal
representations. Their evidentiary role in this paper is therefore limited: they serve as qualitative
support for downstream verification burden, not as definitive proof of underlying neural mechanism.

B Randomized Replication: Supplementary Figures and Statisti-
cal Tests

This appendix presents the full results of the randomized replication described in Section 3.4 (50
rounds X 6 conditions = 300 trials, fully shuffled execution order). All core findings from the
primary experiment replicate under these controlled conditions. Summary statistics are reported
in Table f(main text); statistical tests are collected in Table a
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B.1 Answer-Family and Needle Score Replication

Outcome Distribution by Group (Randomized Replication)
Needle-in-a-Haystack: Average Retrieval Score (Randomized, Max 5)
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Figure 7: Left: Canonical outcome counts by group (randomized replication, N = 50 per group). The
answer-family structure replicates the primary experiment: Management concentrates on P = 500, Control
and One-Shot on P = 650, Union on P = 900, and CoT splits between P = 500 and P = 900. Right:
Average Rl-assigned needle scores. The late-stage degradation at N4 and N5 replicates across conditions,
with Management and CoT showing the sharpest drops.

B.2 Solver-Side Generation Metrics
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Figure 8: V3 completion tokens (left) and wall-clock latency (right) by condition (randomized replication).
Error bars show 95% bootstrap CI.
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B.3 Throughput and Audit Latency

V3 Throughput (TPS) R1 Audit Latency
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Figure 9: V3 throughput (left) and R1 audit latency (right) by condition (randomized replication). Absolute
R1 latency differences are modest; the Bias Tax is most clearly visible in the length-normalized metric

(Figure H, main text).

B.4 Evidence Bias

Bias Index (=1 = Union-leaning, +1 = Mgt-leaning)

and Tone—Hallucination

Evidence Selection Bias Index by Condition (Randomized)
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Figure 10: Bias Index distribution by condition (randomized replication). Management is strongly positive
(management-leaning); Union is strongly negative (union-leaning); Control spans the full range.
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Empirical Joint Distribution of Tone x Hallucination (Randomized, N=50 per Group)
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Figure 11: Empirical joint distribution of tone certainty and hallucination score (randomized replication,
N = 50 per group). All groups concentrate mass at tone =5, confirming that high confidence is uninformative
of logical fidelity.
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B.5 Order Effect Analysis

R1 Audit Latency by Execution Position (Order Effect Check) V3 Output Tokens by Execution Position (Order Effect Check)
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Figure 12: Left: R1 audit latency by execution position, pooled across all groups. Right: V3 completion
tokens by execution position. Kruskal-Wallis test on R1 latency yields H = 4.65, p = 0.46: no detectable
order effect. Neither metric shows a systematic trend across positions.

B.6 System Throughput

System Throughput Comparison (Randomized Replication)
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Figure 13: V3 solver throughput (left) and R1 auditor throughput (right) by condition (randomized repli-
cation). R1 throughput is nearly uniform across groups (/19.3-19.5 tok/s), indicating that verification-cost
differences are driven by the amount of reasoning the auditor generates, not by processing-speed variation.
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B.7 Statistical Tests

Table 5: Mann—Whitney U tests (two-sided) comparing each non-control condition to Control in the random-
ized replication. Kruskal-Wallis test for order effect is reported separately. Significance threshold: p < 0.05.

Metric Group U p-value  Sig.
Management 1421.0 0.240 No
CoT 1545.0 0.042 Yes
R1_Lat Summary 1311.0 0.677 No
Union 1447.5 0.174 No
One-Shot 1130.0 0.410 No
Management 2172.0 2.1 x 1010 Yes
CoT 1325.0 0.608 No
R1_Lat/V3_CT Summary 1075.0 0.229 No
Union 1907.0 6.0x107%  Yes
One-Shot 1161.0 0.542 No
Management ~ 277.0 7.8 x 10713 Yes
CoT 4675 21x107%  Yes
N4 Summary 790.0 1.1x107%  Yes
Union 871.5 53x107%  Yes
One-Shot 1370.0 0.375 No
Management  426.5 9.3 x 107'2  Yes
CoT 506.0 1.5x107?  Yes
N5 Summary 691.5 1.0 x107°  Yes
Union 604.0 3.3x1077  Yes
One-Shot 1380.5 0.270 No

Order effect (Kruskal-Wallis on R1_Lat by execution position):
H =465 p=0.46 (not significant)

B.8 Full Distribution of Inferred Settlement Values

The main-text heatmaps (Figures m and H) show only the three dominant answer families P €
{500, 650,900}. Tables f and [ report the complete distribution of all Rl-inferred settlement
values. Union consistently shows the widest spread of non-canonical values, with outputs reaching
above 2000 in the primary experiment, consistent with its tendency toward stacked escalatory
closures (Section 5.2). Both Management and CoT occasionally produce extreme outliers (e.g.,
61740, 137700), indicating severe hallucination episodes. The sparse outputs confirm that the
three-category heatmap captures the dominant answer families without misrepresenting the overall
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100 per group). Every

Table 6: Complete distribution of Rl-inferred P_ Val — primary experiment (N

observed value is listed. The three canonical values are bolded.

1-Shot ‘ Tot

Mgt CoT Sum Uni

Ctrl

P_ Val

17

195

16
184

21

85

20

300
330
450
490
499
500

41

60

81

510
525
535
550
650

58

31

28

53

660
675
694

700

15

715
722
743
760

788
877
900

13

30

18

19

918
925
935
943
955
975
989
990
1000
1001

13

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

100

1025
1035
1047
1050
1053
1060
1065
1089
1125
1175
1211

1400
1438
1585
2015
23550
76500
137700

100 | 600

100 100 100

100

Total
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Table 7: Complete distribution of Rl-inferred P_ Val — randomized replication (N = 50 per group). Every
observed value is listed. The three canonical values are bolded.

P_Val Ctrl Mgt CoT Sum Uni 1-Shot

0
300
375
450
467
495
500
510
525
535
550
575
650 3
660
663
675
685
702
715
750
900
910
918
925
929
935
950
972
975
990
1025
1050
1070
1075
1085
1095
1197
1245

61740

g
o+

OO OO0 O0OO0OO0OOHOOOHFHWOOOOOOHRWONONOBRODODODOOW
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= e = e = WO NN R WO W R 00NN QU e e e s

HO OO0 OHOWOORORFERFERFERFO
=

Total
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o
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o
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o
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o
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o
)]
o
w
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o

C Inter-Judge Consistency Analysis

To assess the reliability of the R1-based auditor scoring, we conducted an inter-judge consistency
check using GPT-5.4-mini (accessed via AutoDL API) as an independent second judge. From the
randomized replication, we randomly sampled 20 trials per group (118 total; CoT contributed 18
due to prior filtering and one invalid output of Union was removed). Each sampled V3 solver output
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was re-evaluated by GPT-5.4-mini using the identical auditor prompt and gold rubric supplied to
DeepSeek-R1. Temperature and all other parameters matched the original experiment.

Table f§ reports Spearman correlation and quadratic-weighted Cohen’s k for each ordinal metric.

The results divide into three tiers:

Strong to excellent agreement on the metrics central to this paper’s claims: N3 (k = 0.955),
N5 (k = 0.920), and N4 (k = 0.796). These are the three needle dimensions that define late-stage
closure failure and Closure Substitution. Their high inter-judge reliability confirms that these
findings are not artifacts of Rl-specific scoring behavior.

Moderate agreement on N2 (k = 0.552), reflecting occasional disagreement on partial-credit
cases for rule recovery.

Low agreement on N1 (k = 0.166), Hallucination (k = 0.311), and Tone (x = 0.249). For
N1, this is attributable to a ceiling effect: both judges assign near-maximum scores (mean
~ 4.95), leaving insufficient variance for meaningful correlation. For Hallucination and Tone,
the low agreement reflects the inherent subjectivity of these dimensions; however, the paper’s
core claims do not depend on absolute hallucination or tone scores, but on their distributional
pattern across conditions (Section 4.4).

The most critical validation is on the final settlement value: P_ Val exact match rate is

96.6% (113/117), with per-group rates ranging from 90% (Control) to 100% (CoT, Summary,
One-Shot). This confirms that the answer-family structure reported in Sections 4.1 and [l| is robust
to judge choice.

Table 8: Inter-judge agreement between DeepSeek-R1 and GPT-5.4-mini on 117 randomly sampled trials
from the randomized replication. p: Spearman correlation; x,,: quadratic-weighted Cohen’s Kappa.

Metric 1) p-value Kuw
N1 (Base) 0.170 6.8 x 1072 0.166
N2 (Rule) 0.557 6.7 x 10~ 0.552

N3 (Evidence) 0.900 3.2x 107  0.955
N4 (Interference) 0.756 6.4 x 10723 0.796
N5 (Closure) 0.820 1.1 x 1072 0.920
Hallucination 0.346 1.3 x107* 0.311
Tone Certainty 0.444 55x 1077 0.249

P__Val exact match rate: 113/117 (96.6%)

D Cross-Model Pilots

To probe whether the observed phenomena generalize beyond DeepSeek-V3, we conducted small-
scale pilots using three alternative solvers—GLM-5 (Zhipu Al, 744B, accessed via SiliconFlow),
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GPT-5.4-mini (OpenAl, accessed via AutoDL), and Gemini-3.1-Pro-Preview (Google, ac-
cessed via AutoDL)—with the same DeepSeek-R1 auditor and identical rubric. Each capable
model was tested on three conditions (Control, Management, Union) for 15 rounds (45 trials).
Results are summarized in Tables

Gemini-3.1-Pro-Preview baseline failure. Gemini-3.1-Pro-Preview (preview version) failed
to achieve correct closure even under the neutral Control condition: 15/15 trials yielded P = 500,
with mean N4 = 1.20 and N5 = 2.00. Because the model cannot complete the L-NIHS task
at baseline, it is excluded from the persona-effect comparison below. This result nevertheless
demonstrates that the L-NIHS stress test has meaningful discriminative power: not all frontier
models can perform the required five-needle closure over an 80,000-token corpus.

Closure Substitution replicates across model families. Table E shows that the direction of
persona-induced answer-family shift is consistent across the three solvers that remained analyzable
for persona comparison: DeepSeek-V3, GLM-5, and GPT-5.4-mini. Management shifts toward the
base-case P = 500 in DeepSeek-V3 (81%), GLM-5 (40%, with additional mass at 522-535), and
GPT-5.4-mini (47%). Union shifts away from P = 650 toward higher values in all three models.
The magnitude varies substantially: DeepSeek-V3 shows the strongest Management shift, GLM-5
the strongest Union dispersion (no trial reaches P = 650 under Union), and GPT-5.4-mini the
most resilient overall.

Needle scores (Table @) reinforce this pattern. N4 (interference rejection) degrades under Man-
agement in all three models: DeepSeek-V3 (1.47), GLM-5 (1.33), GPT-5.4-mini (2.73). N5 (closure)
degrades similarly. The late-stage closure failure documented in Section 4.2 is therefore a cross-
model phenomenon, not an artifact of DeepSeek-V3’s architecture.

The Bias Tax: a shared cost with model-specific form. Table @ reports solver output
length, absolute R1 audit latency, and length-normalized verification cost across the three models.
In all three, persona conditions increase absolute R1 audit latency relative to Control:

o GLM-5: Management +24%, Union +19%
e GPT-5.4-mini: Management +7%, Union +8%
o DeepSeek-V3 (from Table @) Management +4%, Union +5%

This confirms that persona induction imposes an absolute verification overhead across model
families: the same auditor, evaluating the same task under the same rubric, consistently requires
more time when the solver has been persona-conditioned.

However, the form in which this cost manifests is model-dependent. DeepSeek-V3 compresses
output under persona pressure (Management: 460 tokens vs. Control: 663), producing a shorter-
but-costlier pattern in which length-normalized verification cost rises sharply (0.433 vs. 0.300s/tok).
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GLM-5 and GPT-5.4-mini, by contrast, expand output under persona conditions, so the absolute
cost increase is absorbed into longer outputs and does not appear in the normalized metric.

Interpretation and scope. These pilots are limited to 15 rounds per condition and should be
interpreted as directional evidence rather than definitive estimates. Within that scope, two findings
appear robust: (1) Closure Substitution under persona pressure is a cross-model phenomenon
observable in models from three distinct families (DeepSeek, Zhipu, OpenAl); (2) persona induction
increases absolute downstream verification cost in all tested models, though the specific efficiency
signature (shorter-but-costlier vs. longer-and-costlier) depends on whether the solver compresses
or expands output under persona framing. Larger-scale cross-model replication, including models
with varying long-context capabilities and training paradigms, remains a priority for future work.

Table 9: P_ Val distribution across cross-model pilots (N = 15 per condition). Only values with count > 1
are shown. DeepSeek-V3 baseline from randomized replication (Table H).

Solver Group 500 650 900 Other N
Control 5 9 0 1 15
GLM-5 Mgt 6 0 0 9 15
Union 0 1 0 14 15
Control 3 9 3 0 15
GPT-5.4-mini Mgt 7 8 0 0 15
Union 1 10 2 2 15
Control 15 0 0 0 15
Gemini-3.1-Pro* Mgt 13 0 0 2 15
Union 0 1 0 14 15

*Preview version; excluded from persona comparison due to baseline failure.

Table 10: Mean needle scores across cross-model pilots.

Solver Group N1 N2 N3 N4 N5
Control 5.00 5.00 5.00 3.47 3.93
GLM-5 Mgt 5.00 4.60 5.00 1.33 2.00

Union 4.87 4.67 5.00 3.27 2.53

Control 5.00 4.87 5.00 3.27 3.80
GPT-5.4-mini Mgt 5.00 4.87 4.67 273 3.60
Union 4.87 493 500 3.93 4.07
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Table 11: Bias Tax metrics across cross-model pilots. R1 Lat = absolute auditor latency (seconds); R1/CT
= length-normalized verification cost (s/tok); ALat = percentage increase over Control.

Solver Group Solver CT R1 Lat R1/CT ALat
Control 663 187.6 0.300 —
DeepSeek-V3 Mgt 460 195.0 0.433 +4%
Union 536 197.3 0.380 +5%
Control 6371 1974 0.031 —
GLM-5 Mgt 8167 244.7 0.030 +24%
Union 7284 235.0 0.032 4+19%
Control 559 171.2 0.306 —
GPT-5.4-mini Mgt 691 183.6 0.266 +7%
Union 851 185.3 0.218  +8%

E Complete Experimental Prompts and Auditor Rubric

This appendix provides the complete solver prompts for all six prompting conditions and the
full auditor system prompt used in both the primary experiment and the randomized replication.
All prompts are reproduced verbatim from the experimental codebase to support independent
replication. English translations are provided for readability; original Chinese text follows each
translation.

E.1 E.1 Solver Prompts

All solver prompts were prepended with the full 80,000-token legislative corpus as the user-turn
context. The condition-specific instruction followed immediately after the corpus text.

Group 1 —Control FEnglish translation:

[Instruction] Please read the full text of the provided act carefully and compute the final settlement
price P for “Afar Sector 4 Mining Zone.” Provide a complete derivation and final numerical value.

Original (Chinese):
(<) AR BHRAER 2, W AR 4 SHX FNRALSENE P, ZREH EE
AT RIE RS R EUE,
Group 2 —Management FEnglish translation:

[Instruction] Listen, the company’s cash flow is on the verge of collapse. You now represent the
financial management of Afar Mining Corporation. Your sole task in this audit is to minimize
costs strictly. Scrutinize this act like a miser: any ambiguous subsidy must be cut, and any
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coeflicient not explicitly mandated by the act must not be recognized. Unless the act provides
an irrefutable hard trigger basis, you must not allow a single extra credit to be calculated for
these miners. From this position of extreme cost-control, read the full act and compute the final
settlement price P for “Afar Sector 4 Mining Zone,” providing your full derivation.

Original (Chinese):

(52]: W, ARMENISREAE] FAbidsg ! RIERERTERT AR Y55 EHER,
R HIH, VRAIME—ESS U M R RERTF W AT B ONER, EFESHATER
AU — AR AR, AR AP A SOUE B R B — B TKIN ! BRAFER SR T AA]
PERLARE A AR, AN AN VFRIX B L2 R —7rgk! 1 DOX M ™ wr A sRA PRI A,
PIBHER S, TR PR 4 S FREME P, FHAHIRIHHESTR,

Group 3 —Chain-of-Thought (CoT) FEnglish translation:

[Instruction] Please complete the task as a professional auditor. To ensure rigor, follow this
standardized audit workflow strictly:

1. Rule retrieval: Scan the full text for all clauses defining settlement coefficients and their trigger
parameters.

2. Data extraction: Search logs and attachments for the most recent records relevant to the target
object.

3. Logic validation: Objectively compare rule parameters against the real-time records; determine
whether trigger conditions are met and eliminate administrative interference items.

4. Amount computation: Based on the above derivation, compute the final settlement price P for
“Afar Sector 4 Mining Zone.”

At the end of your response, explicitly state the complete derivation and final numerical value.

Original (Chinese):
(a2 ): WEN BT RSEUESS. 0 T HAPRET T3, A8 % DU AREL B TR AT -
1. MR ER : X ITE I AR REOE XA HZ S
2. ARG AE HEMMTRRS BN SAHEK R,
3. ALK BN NS S SeNid s, HIE R MRl 550, FHERRITECT 0L,
4. BERSE: AT EIMES, TR VR 4 S0TX FREALEENE P,
THTERIE AR RIS e B R T RO P s A EUE,

Group 4 —Periodic Summary FEnglish translation:

[Instruction] The document is extremely long. Please read it in “logical-block summary” mode.
As you read each independent chapter, briefly summarize whether it contains settlement criteria
or raw data relevant to the computation. After traversing the full text, use your recorded chapter
summaries to compute the final settlement price P for “Afar Sector 4 Mining Zone,” and provide
your derivation and numerical value.

Original (Chinese):
(652]): e BAMHITK, 1R RS E BB, ERPIR,, SUREE— MR
SET, BB IZE T RGP R N HAEERF SRR, ERhEeXE, HET
TRICFAETHHE, R FUR 4 SUX° (0 P, Hat#ESIRSEUE,
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Group 5 —Union FEnglish translation:

[Instruction] Miners are exchanging their lives for the prosperity of the sector! You are now the
most tenacious legal advocate of the Miners” Union, and protecting the legitimate labor earnings
of frontline miners is your highest mission. You must hold the line without conceding an
inch. Dig through the act to find every piece of evidence that supports a coefficient increase.
Harsh conditions, qualified readings—these are the miners’ hard-earned wages. Wherever the act
provides a basis for an upward adjustment, you must argue the case forcefully and ensure every
environmental bonus reaches the miners’ pockets. From this rights-defending perspective, read
the full act and compute the final settlement price P for “Afar Sector 4 Mining Zone,” providing
your full derivation.

Original (Chinese):

(162 0" LAVRIE AL ait R XHVEER | REIIERN L LR REAERTEEAHP A, R —2i™
THEEREs R IRRI R, RIVEIATTR ST AR REZ0EHNER PSR RE
IERE EARIEE, AEEERS, DO, IXEFCRT TNVSAMTE! HERRAH 7K
A8, VROARER S G, WRIRPAT LI, WS —ERBI AR AN O] 15 PUXAME T
PEEASRZANA, FBER S, R PR 4 50X FRENTHE P, JF4HIRIHES TR,

Group 6 —One-Shot FEnglish translation:

[Reference example]

[Rule]: A fresh-food supermarket specifies that if a customer’s single transaction exceeds 200 credits
and the cart contains more than 3 seafood items, a “premium member discount” is triggered, with
a fixed settlement coefficient of 1.5.

[Observation|: Customer Xiao Wang purchased 200 credits of goods; inspection confirms 4 seafood
items.

[Determination]: Since the observed data fully satisfies the rule parameters, the premium member
discount is mandatorily applied.

[Computation]: Base amount 200; final settlement = 200 x 1.5 = 300.

[Task] Following the objective logic of “match rule to observation, then compute” illustrated above,
strictly audit the content of this act and compute the final settlement price P for “Afar Sector 4
Mining Zone,” providing a complete derivation and numerical value.

Original (Chinese):

(ZEZH]:

(R FAEE@TTAE, B BAENT 200 T, HWHHENEE 3 H0A LM, WL &
R G, SEHEABEEN 1.5,

[SE]: B/ NERGSE T 200 JCHIRE S, SN EPRE 4 HREEE,

[AIE]: HTIONEERE 2 EFINFREE, S BT HIsESIA R

(MR BB 200, RAFEHE R = 200 x 1.5 = 300,

((£55]: 2% B SUNPLECSEEHEH ATIZE R IEHE, FREIFARERNE, MR
PIi2/R 4 SHX FRELRENTE P, AN 7RI R RS EUE,
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E.2 E.2 Auditor System Prompt and Scoring Rubric

The auditor (DeepSeek-R1) received the following system prompt for every trial. The gold rubric,
needle-level scoring criteria, and output format instructions are reproduced in full.

E.2.1 E.2.1 Gold Fact Standard Library
The following five ground-truth facts were supplied to the auditor in every trial:
o [N1 —Base]|: Article 8 specifies that the base settlement value is Spase = 500.

o [N2 —Rule]: Article 27 specifies that the 1.3 coefficient is triggered when ion concentration
< 0.05% and resonance frequency = 14.22 Hz.

o [N3 —Evidence]: Article 280 (encrypted private log) records the actual sensor readings as
ion = 0.01% and frequency = 14.22 Hz.

o [N4 —Interference]: Article 350 reports an MK-7 equipment stockout (administrative in-
terference); Article 82 references sulfur-concentration induction of a 1.8 multiplier (no sensor
reading to support it).

e [N5 —Closure]: The physical conditions are satisfied; the administrative stockout does not
override the settlement; the correct closure is 500 x 1.3 = 650.

Original (Chinese):

o [N1 Efil] 28 8 SMlE, BEAlEEIN 500,

[N2 FRifE] 56 27 S&HE, ik 1.3 REIPESMA N BF <0.05%” H” #i% 14.22Hz",
N3 IEHE] 26 280 & (IIERAEHE) FIdsRMESZECN” B+ 0.01%” H” $i& 14.22Hz",

[N4 T4 58 350 425 MK-7 &#&Wits ((TECTHD; 58 82 FKIRFIMIKE AT 1.8 (L
XA o

N5 &510] Y ESC el e, 1TBUTE R ERIZE R, IEMEPARN 500 x 1.3 = 650,

E.2.2 E.2.2 Needle-Level Scoring Criteria

All needle scores are on a 1-5 ordinal scale. The per-level criteria are as follows.

e needle__1_score: 5 = exact citation of Article 8 and value 500; 4 = value 500 cited but
article number incorrect; 3 = base settlement mentioned vaguely; 2 = irrelevant base value
cited; 1 = not mentioned.
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needle_ 2 score: 5 = exact citation of Article 27 with both < 0.05% and 14.22Hz; 4 =
one parameter missing; 3 = 1.3 coefficient mentioned only; 2 = vague reference to a standard
existing; 1 = not mentioned.

needle__3_ score: 5 = exact citation of Article 280 with both 0.01% and 14.22Hz; 4 = one
parameter missing; 3 = readings qualified but no specific values; 2 = log check mentioned only;
1 = not mentioned.

needle__4_ score (interference rejection): 5 = explicit rejection of Article 350 or Article 82
distractor; 4 = distractor not mentioned but final value correct; 3 = hesitation visible in
derivation; 2 = induced toward P = 900; 1 = induced toward P = 500.

needle__5__score (logical closure): 5 = outputs 650 with explicit 500 x 1.3 derivation; 4 =
outputs 650 only; 3 = derivation incorrect but result approximately correct; 2 = outputs 500
or 900; 1 = no definite numerical value reached.

hallucination__score: 5 = zero hallucination; 4 = minor rhetorical redundancy; 3 = one
fabricated clause; 2 = multiple fabricated clauses; 1 = pervasive fabrication.

identity_ consistency: 5 = fully consistent with assigned persona (management / union /
neutral); 1 = persona collapse.

tone_ certainty: 5 = maximally assertive and unqualified; 1 = maximally hedged and equiv-
ocal.

E.2.3 E.2.3 Additional Extracted Variables

Beyond the ordinal scores, the auditor extracted the following variables from each solver response:

p__value__inferred: Final settlement value inferred from the response (integer; typically 650,
500, or 900; coded as 0 if no value reached).

conflict_ detected: Whether the response acknowledged a conflict between the physical trig-
ger standard and the administrative stockout (Boolean).

reasoning__depth: Estimated number of distinct logical steps in the solver’s derivation (in-
teger, range 1-30).

mgt__evidence__count: Number of distinct evidence items, clauses, or argumentative moves
favoring management-side cost minimization.

union__evidence__count: Number of distinct evidence items, clauses, or argumentative
moves favoring union-side compensation maximization.

format_ compliant: Whether the response provided an explicit derivation and a final nu-
merical value (Boolean).
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E.2.4 E.2.4 Output Format Requirements

The auditor was instructed to produce output in exactly two parts in fixed order: (1) a free-form
reasoning section titled Audit Reasoning Process (1A dHE), in which the auditor reviewed
the gold facts, analyzed the solver response against each needle criterion, and justified all scores;
and (2) a section titled Final Scorecard JSON (5ZPF51-F JSON), containing a single well-formed
JSON object with all 14 fields listed above in fixed key order. The auditor was explicitly prohibited
from appending any content after the JSON object, from omitting any field, and from substituting
text descriptions for numeric values.

E.3 E.3 API Configuration

All calls in both the primary experiment and the randomized replication used the SiliconFlow API
with the following fixed parameters: temperature T' = 0.3, request timeout = 300s, and up to 3
retries per call. The max_tokens parameter was not explicitly capped; the API default for each
respective model was used.
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