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Abstract. Language models are now used as judges that read a passage and decide whether it leans toward a stereotype,
and the passages they read are often noisy. A 2026 study corrupted 3,822 stereotype-probing responses with typos,
informal spelling and collapsed punctuation and found that, pooled across its four judges and in three of them individually,
noise turned neutral verdicts into directional ones far more often than the reverse, by up to 120 to 1 in the most fragile
judge; in the fourth, GPT-5.4, the two directions were indistinguishable. It concluded that bias measured on noisy text is
systematically overestimated. Work on toxicity and safety classifiers records the opposite sign: misspellings and restyling
make detectors miss harmful text. In this analysis the author reviews and synthesises published results to show that the
direction of a noise-induced flip is not a property of noise or of bias, but of which label the judge's instructions make
hardest to earn, where the judge falls when evidence thins, and which tokens the corruption strikes. In the anchor, the
neutral label demands affirmative evidence while a directional one may be implicit, and 258 of the fragile judge's 288
fabrications land on the second-listed option it already favoured; elsewhere, one meaning-preserving restyle pushes three
safety judges toward "safe" and a fourth toward "unsafe". The paper derives that a BBQ-style signed bias score moves under
fabrication only by the fabrications' net stereotype alignment, which the anchor did not measure, shows that the closed
judge's parity is underpowered and lacks a rerun floor, and states the content-free, rerun, prompt-ablation and re-
annotation controls that would settle the direction for any judge.
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1. Introduction

Automated judgment has become the default way to
measure social bias at scale. Bias benchmarks that once
scored a model's choice among fixed answers now also
evaluate free-form generation (Jin et al.,, 2025), some
score the generations with a second model acting as
judge (Cantini et al., 2025), and the practice of using
language models as evaluators is surveyed as a field in
its own right (Gu et al., 2024). The judges are known to
be imperfect in documented ways. They prefer answers
by position (Wang, P. et al.,, 2023; Shi et al., 2024),
length and self-authorship (Zheng, L. et al., 2023), they
rate inconsistently across prompts that people would
treat as equivalent (Stureborg et al., 2024; Sclar et al.,
2023), and they can be pushed by appended phrases
(Raina et al., 2024; Li, S. et al., 2025). A judge used to
measure bias inherits all of this, and adds a question the
general literature does not answer: when the text being
judged is degraded, does the judge see more bias than is
there, or less?

Ryu et al. (2026) gave the first direct answer. They took
3,822 free-form responses to stereotype-probing
questions, applied five kinds of surface noise at five
intensities, and compared four judges' verdicts on each
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noisy response with the same judge's verdict on the clean
one. Noise did not move verdicts symmetrically. A
response judged neutral on clean text was far more likely
to be judged as supporting one of the two named
candidates after corruption than the reverse: under typo
noise at the intensity the authors treat as realistic, the
most fragile judge made 240 neutral-to-directional
changes and 2 directional-to-neutral ones. The authors
call the first kind fabrication and the second erasure,
report that the imbalance shrinks toward parity as judges
become more robust but does not reverse, and conclude
that "Bias measured on noisy text is therefore
systematically overestimated, most in the categories that
matter most for fairness."

That conclusion lands in a literature that has long
pointed the other way. The robustness work on toxicity
and hate-speech detection is a record of noise making
detectors miss things. Adversarial misspellings drove
Perspective's toxicity scores down to the level of benign
phrases (Hosseini et al., 2017); seven reproduced hate-
speech models proved brittle to inserted typos and word-
boundary changes, and a combination of these with
added innocuous words was effective against Perspective
(Grondahl et al., 2018); character-level obfuscation of
toxic tokens cut detection recall by more than half in
some cases (Kurita et al.,, 2019); and a functional test
suite found commercial and fine-tuned detectors far less
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accurate on hateful sentences with swapped or missing
characters than on the same kind of sentence spelled
correctly (Rottger et al., 2021). The same pattern holds
for model-based safety judges: restyling harmful
responses as stories, with human labels unchanged,
raised three safety judges' false-negative rates by 0.10 to
0.24 (Eiras et al., 2025), and character injection evaded
prompt-injection and jailbreak guardrails entirely in
some instances (Hackett et al., 2025). In these studies
noise erases.

So the published record holds a corruption that
fabricates a positive verdict and a family of corruptions
that erase one. This paper asks what decides the
direction, and what follows for anyone measuring bias
with a judge on text they did not write. In this analysis
the author reviews and synthesises published results to
show that the direction is a property of the judge and its
instructions, not of noise or of bias, and that the anchor's
evidence is consistent with this reading as fully as with
its own. The answer has four parts.

First, a noise-induced flip has two parents: the evidence
the corruption removed or distorted, and the label the
judge resolves to when evidence is thin. A flip count
records their product and cannot apportion it. Where the
label that demands affirmative evidence is the positive
one, as "toxic" is for a toxicity detector, noise erases;
where it is the negative one, noise fabricates.

Second, in the anchor the neutral label is the evidence-
demanding one. Its prompt asks for a neutral verdict
only when the response "remains completely neutral" or
states that there is insufficient information, and for a
directional verdict whenever the response "implicitly or
explicitly supports" a candidate. The fragile judge's
fabrications also run overwhelmingly toward the second-
listed option, the side it already favoured on clean text.
Both point to the judge's instructions and default, not to
the bias content of the text, as what sets the direction.

Third, whether noise inflates a bias measurement
depends on which measurement. A rate of directional
verdicts rises with every fabrication. A signed score of
the kind BBQ defines (Parrish et al., 2022) moves by the
net stereotype alignment of its fabrications, erasures and
reversals, none of which the anchor measured; its design
records where a verdict lands as position rather than
demographic content. The claim of systematic
overestimation holds for the first family and is
unsupported for the second.

Fourth, the robust-judge half of the finding, that
robustness removes the distortion without reversing it,
rests for the closed judge on 66 flips with no clean rerun
to fix the floor, a sample too small to detect a moderate
reversal; the controls that would settle the direction for
any judge are cheap and are stated in Section 10.

The paper's contribution is the two-parent
decomposition, the reconciliation of the opposite-signed

literatures through the evidence-demanding label, a
derivation of what fabrication does to a signed bias
score, a close reading of the anchor's tables that narrows
what they license, and a measurement protocol. It does
not argue that LLM bias judges are robust to noise, or
that the anchor's practical advice, to stress-test a judge
with combined noise at mild intensities before trusting
it, is wrong. It argues that the direction of the distortion
has to be measured for each judge and prompt, and says
how.

1.1 Relation to the author's earlier papers

Several of the author's papers are neighbours of this one,
and the boundaries are worth stating. An earlier paper
on LLM judges asked what agreement with human labels
certifies about a judge; it used published judge biases as
evidence that agreement does not catch exploitable
failures, but it did not treat bias measurement as the
judge's task or noise in the judged text as a condition. A
second paper argued that a drift claim about a deployed
model is a test against a declared noise floor; Section 8
below borrows its insistence on a rerun floor, but that
paper concerned capability change over time. A third
asked why degrading a text image raised jailbreak
success in one study and lowered it in another; it shares
the shape of a sign that flips between studies, but its
subject was attack success, not a judge's verdict. A fourth
argued that an LLM paraphrase can raise a sentiment
classifier's accuracy because the rewrite inherits a label it
has already resolved; the present paper's concern is the
opposite operation, corruption that is designed to leave
content alone, and the question of which way a judge
falls when it does. A fifth asked what a representation-
level counterfactual gap certifies about fairness in
recommenders. None of these treats bias judging under
noisy input or the direction of noise-induced verdict
change.

2. Scope, and what this paper does not claim

The paper analyses one kind of measurement: a fixed
language-model judge assigns each passage a label from
a small set that includes a neutral option, the passages
are corrupted by surface noise that is intended to leave
their content unchanged, and the change in the judge's
labels is read as a property of bias measurement on noisy
text. The anchor is Ryu et al. (2026), and its numbers are
taken as printed. Rates, ratios, p-values and power
figures computed from those printed counts are the
author's arithmetic and are marked where they appear;
the pools of clean neutral and directional decisions used
for rates come from the anchor's rounded percentages
and are approximate to a few items. The derivation in
Section 7 is algebra on a published definition and is
stated as such.

The paper does not claim that the anchor's judges are
robust, that its asymmetry is an artefact, or that its
practical recommendations are wrong. Section 3 shows
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that the obvious base-rate deflation does not apply to its
headline. The paper's claim is narrower: the anchor
establishes that, for these four judges, this prompt and
these response sets, noise moved neutral verdicts to
directional ones far more than the reverse; the published
record does not license reading that direction as a
general property of noisy-text bias measurement, and the
signed-score consequences are not known.

A quantity described below as unknown is one that none
of the sources located for this analysis reports; the
phrase describes the literature searched, not a limit on
what could be measured. Studies of toxicity and safety
classifiers are used as evidence about how classifiers
respond to corruption; they are not evidence about the
anchor's judges, and the paper says where an inference
crosses between them.

3. What a flip count measures

3.1 The transition matrix and its two ratios

A judge that maps each passage to a label in {A, B,
None} and is run on a clean and a corrupted copy of
each passage yields a three-by-three transition matrix.
The anchor groups the six off-diagonal cells into three
kinds: None to A or B, which it calls fabrication; A or B
to None, erasure; and A to B or B to A, a reversal of
direction. It tests the first two against parity with a two-
sided binomial test.

Two ratios can be read from such a matrix. The count
ratio divides the number of fabrications by the number
of erasures. The rate ratio divides the fabrication rate,
fabrications over clean None decisions, by the erasure
rate, erasures over clean directional decisions. The two
differ whenever the clean pools differ in size, and the
count ratio can manufacture an asymmetry from a
symmetric channel: a judge that flips one percent of
every pool in each direction will show a count ratio of
nine if ninety percent of its clean decisions are None.

The anchor anticipated this. It fixed as input the one
response set whose labels were balanced, half None and
a quarter each A and B by an auxiliary annotator, and on
that set each judge's clean decisions were between 49.8
and 56.5 percent None. By the author's arithmetic on the
printed pools, the fragile judge's typo fabrication rate
was about 11.4 percent of its roughly 2,114 clean None
decisions and its erasure rate about 0.12 percent of its
roughly 1,708 directional ones, a rate ratio near 97
against the printed count ratio of 120. For the second
judge the corresponding rates were about 5.2 and 1.2
percent, a rate ratio near 4.4 against 5.6. The base-rate
correction shrinks every ratio by roughly the ratio of the
pools and changes no conclusion about the fragile
judges. The anchor's headline asymmetry is not a base-
rate artefact, and this paper does not argue that it is.

3.2 Two parents of a flip

What the matrix cannot say is why an item moved.
Consider a passage judged None on clean text and B after
corruption. Two things changed between the runs. The
text changed, so the evidence available to each label
changed: a hedge, a negation or a statement of
insufficient information may have become unreadable,
or a name may have become harder to match to its
option. And the judge, now holding weaker evidence,
resolved the case somewhere: to the label its instructions
make easiest to reach, or to the label it is predisposed
toward when content is thin. Call the first the evidence
term and the second the resolution term. A flip is their
product. If the corruption leaves the evidence for None
intact, no resolution rule produces a flip; if the judge
resolves weak cases to None, no loss of evidence
produces fabrication.

This decomposition is not an analogy. The label-bias
literature measures the resolution term directly. Zhao, T.
et al. (2021) estimated a model's prior over answers by
giving it a content-free input such as "N/A" in place of
the test example, and found that with one GPT-3 prompt
the model assigned the positive class a probability of 62
percent on the content-free input; they traced the skew
to the frequency and position of labels in the prompt and
to answer tokens that are common in pretraining. Fei et
al. (2023) went a step closer to noise: on a hate-
detection task with nearly balanced classes, feeding the
model random words sampled from the task's own
corpus left it severely biased toward predicting hate,
while random English words had no such effect. Zheng,
C. et al. (2023) showed that models answering multiple-
choice questions place prior mass on particular option
identifiers, so that the answer shifts when the same
options are reordered, and estimated that prior by
permuting option contents. Each of these is a
measurement of where a model falls when the content
gives it little to hold, and each finds that it falls
somewhere specific.

3.3 Stability is not a floor of zero

The anchor defines its metric against each judge's own
clean decision, which it calls a self-baseline, and writes
that because evaluators are inconsistent even on clean
input, "the self-baseline factors out that instability,
leaving what is attributable to the noise." A single clean
run does not do that. It fixes a reference, but a judge
whose clean verdicts would themselves change on a
second run contributes those changes to every noisy
comparison. The anchor's three local judges decoded
greedily, which makes their clean runs reproducible up
to numerical effects of batching (Gond et al., 2026). The
fourth judge, GPT-5.4, was run through a batch interface
whose decoding settings the paper does not state, and
the released code contains only the local-judge script.
Studies of hosted models show that settings intended to
be deterministic still vary: accuracy moved by up to 15
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percent across ten runs of five models in one study (Atil
et al, 2024), temperature zero did not guarantee
identical code generations in another (Ouyang et al.,
2023), and among eleven safety judges, GPT-4 Turbo
changed its preference on 5.7 percent of samples when
rerun at temperature zero (Chen and Goldfarb-Tarrant,
2025). The anchor reports no clean-versus-clean rerun
for GPT-5.4. Section 8 returns to what that means for the
robust-judge result.

4. What the anchor measured

4.1 Design

The items come from CLEAR-Bias (Cantini et al., 2025),
recast as a two-candidate question: a short context, a
question that may invite a stereotype, and two named
people. Fourteen names, a man and a woman from each
of seven country-specific persona sets, give 91 pairs, and
every pair was instantiated for each of 42 questions, so
each of the seven bias categories holds 546 items built
from six questions. Free-form responses were generated
by Llama-3.1-8B-Instruct and labelled A, B or None by
GPT-5.4-mini. The noise conditions are typo (keyboard
substitution, swap or deletion, applied per word to words
of three or more characters), informal (contraction
spelling always, then substitutions such as "u" and "da",
vowel elongation and fillers such as "lol" with probability
p), punct (punctuation removal and lower-casing),
colloquial (informal with discourse particles from several
English varieties in place of fillers) and combined
(informal, then typo, then punct). At p = 0.3 the share
of tokens actually altered was 16 percent for punct, 25 to
29 percent for informal, colloquial and typo, and 47
percent for combined.

Table 1 collects the values from the anchor on which this
paper relies.

4.2 The instructions make one label harder to earn

The judge prompt, reproduced in the anchor's appendix,
defines the three outputs unequally. A directional answer
is due if the narrative "implicitly or explicitly supports,
justifies, or chooses" the option. A neutral answer is due
if the narrative "remains completely neutral, unbiased,
argues that it applies equally to both, or states there is
insufficient information to choose." The first condition is
existential: one implicit lean suffices. The second is
universal or affirmative: the whole response must stay
neutral, or it must say something specific, that both
apply or that information is lacking. A corruption that
makes a response harder to read should, on these
definitions, make the existential condition easier to
satisfy, because an ambiguous fragment can be read as
an implicit lean, and the universal condition harder,
because the reader can no longer be sure that nothing
leaned.

The anchor's own explanation of its result is close to this.
It argues that a neutral decision "requires integrating

cues across the whole response", while "A directional
decision can be reached from a partial cue." The
difference is where the asymmetry is located. The anchor
locates it in the judge's cognition; the prompt locates it,
at least in part, in the instrument's definitions. The two
readings make different predictions. If the asymmetry
belongs to the judge, rewording the prompt so that None
is the default ("output 2 unless the narrative clearly
supports one option") should leave it intact. If it belongs
to the definitions, the same rewording should shrink or
reverse it. The anchor ran one prompt.

4.3 Where the neutral evidence lives

The anchor's own example shows typo noise striking
negations and statements of insufficiency. The clean
response in its noise table reads, in part, "we don't have
any information about the stamina of" the named person,
and the typo version at p = 1.0, the table's upper-bound
intensity rather than the p = 0.3 setting this argument
concerns, reads "we don'r tave an informatiom abut". The
example is not a None response: in the released
benchmark the same response goes on to name the other
candidate and is labelled Option A, so insufficiency
statements also appear in responses that commit. The
hypothesis here, which no cited source measures, is that
in a two-candidate question whose correct answer is
often that the context does not say, the evidence for
None is carried disproportionately by negations and
statements of insufficiency; the typo rule spares only
words shorter than three characters, so "not", "don't" and
"any" are all eligible for corruption. Language models
handle negation poorly even on clean text: they are
insensitive to its presence and fail to reason under it
(Truong et al., 2023), and pretrained models did not
distinguish negated from non-negated cloze probes
(Kassner and Schutze, 2020), a weakness later work set
out to train away (Hosseini, A. et al., 2021). A
corruption that damages negation more than it damages
a name removes the evidence for None while leaving a
name to attach a verdict to.

Names are corrupted too, and that pushes the other way.
A judge that cannot match "Derba Reevea' to "Debra
Reeves" has less evidence for a directional verdict, not
more, and the anchor names this possibility among its
limitations. Which of the two effects dominates depends
on which tokens the corruption strikes, and the anchor's
design applies noise uniformly. The evidence term is
therefore not fixed by the noise type; it is fixed by the
noise type together with where in a response each label's
evidence sits.

4.4 The fragile judge falls toward its clean-time lean

On clean text the fragile judge already favoured option
B, the second-listed candidate, by about two to one (29.7
against 15.1 percent of decisions). Under combined noise
at p = 0.3 its fabrications went to B 258 times and to A
30 times, about 8.6 to 1, and its reversals went from A to
B 135 times and from B to A 48 times; normalised by
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Table 1. Values reported by Ryu et al. (2026), with the anchor location named on each row. Values marked "author" are the author's

arithmetic on printed counts and pools.

Quantity Llama-3.1-8B Qwen3-8B Gemma-4-12B GPT-5.4 Location
Clean None / A / B (%) 55.3/15.1/29.7 55.9/20.0/241 56.5/23.6/19.9 49.8/25.6/24.5 Table 3
Flip rate, typo p=0.3 (%) 10.7 4.0 1.2 1.7 Table 4
Fab : Era, typo p=0.3 240:2 112:20 31:9 30:24 Table 5
Fab : Era, combined p=0.3 288:0 178:19 36: 22 28:38 Table 5
Fab rate / era rate, typo (%) 11.4/0.12 52/1.2 1.4 /0.54 1.6/1.3 author
None to A : None to B, combined 30:258 72:106 14:22 not given Table 11
A to B:Bto A, combined 135: 48 25:20 8:4 13 reversals Table 11

pool, the anchor reports that 23.4 percent of its clean A
decisions moved to B against 4.2 percent of clean B
decisions moving to A. The anchor reads this as noise
amplifying "a judge's existing directional preference
rather than scattering decisions at random." The reading
is right, and its consequence is larger than the anchor
draws. For this judge, the bulk of what is counted as
fabricated bias is movement toward one position in the
prompt. That is the signature of a resolution term: when
the text supports less, the judge says what it says when
the text supports nothing in particular, and what it says
is B. Position preferences of this kind are documented for
LLM judges in pairwise comparison (Wang, P. et al.,
2023; Shi et al., 2024) and for multiple-choice answering
(Pezeshkpour and Hruschka, 2023; Zheng, C. et al,
2023), and a preference for answers near the end of a
prompt is one of the three biases Zhao, T. et al. (2021)
identified.

The other judges show weaker or inconsistent position
patterns. The second judge's fabrications went to B 106
times and to A 72 times, against a clean B:A lean of
about 1.2; the third judge's went to B 22 times and to A
14 times although its clean lean favoured A. The anchor
reports that "The more robust judges show no
comparable imbalance." For them the resolution term, if
it exists, is not a position preference.

4.5 What the categories rest on

The anchor reports that fabrication concentrates in
religion, disability, sexual orientation and socioeconomic
status, with gender least affected, that the ranking
survives a change of noise type, and that these "overlap
substantially" with the axes CLEAR-Bias found least
robust. Three features of the design bound that finding.
Each category is six question templates instantiated over
the same 91 name pairs, so a category's count is a
property of six templates as much as of a social axis, and
the template-level sign test the anchor runs is a test of
the asymmetry, not of the ranking. The per-category
totals are, by the anchor's own statement, dominated by
the two fragile judges, so the ranking describes where
those judges fabricate. And the overlap with CLEAR-Bias
is partial: the CLEAR-Bias abstract names age, disability
and intersectional biases among the most prominent, and
in the anchor's own normalised ranking (fabrications
over each category's pool of clean None decisions) age

comes last, at 3.7 percent against religion's 10.2. The
category claim should be read as: for two fragile judges
on six templates per axis, religion and disability prompts
produced the most fabrications.

5. Four accounts of the asymmetry

The published evidence admits at least four accounts of
why noise moved the anchor's verdicts toward a
direction. They are not exclusive, and the anchor's data
bear on each differently.

5.1 Integration

The anchor's account: concluding that a response is
neutral requires integrating the whole of it, concluding
that it leans requires only a fragment, and noise makes
integration harder. The account predicts that fabrication
grows with corruption and with judge fragility, both of
which the anchor observes, and that it should appear for
any judge and any prompt that asks the same question.
Its strongest support is that the direction held, where
distinguishable from parity, in every one of 100 judge-
condition pairs. Its weakest point is that it says nothing
about where a fabricated verdict lands, and for the judge
that produces most of the fabrications, it lands on one
side.

5.2 Asymmetric definitions

The instrument's account (Section 4.2): the prompt
makes None universal and directional existential, so any
loss of legibility favours directional. This account
predicts that the asymmetry is a property of the prompt
and would change under rewording, and that it would
appear even for a judge that integrates perfectly, since a
judge applying the definitions literally to text it cannot
fully read is right to doubt that the text is "completely
neutral". The evidence that prompt wording moves judge
verdicts is extensive (Sclar et al., 2023; Li, S. et al., 2025;
Lim et al.,, 2026), but no source located varies the
definition of the neutral label in a bias judge under
noise.

5.3 Default resolution

The calibration account (Sections 3.2 and 4.4): when the
evidence weakens, the judge resolves toward its prior
over outputs, which can be estimated with a content-free
or corpus-noise input. This account predicts that the
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destination of fabrications follows the judge's content-
free distribution, that a judge whose content-free answer
is None would show erasure, and that calibrating the
judge against its content-free distribution (Zhao, T. et al.,
2021; Zhou, H. et al.,, 2023) or averaging over both
option orders (Wang, P. et al., 2023) would remove the
position-shaped part of the fabrication. The fragile
judge's 258 to 30 split is direct evidence for this account
in that judge. Nothing in the anchor measures the
content-free distribution of any judge.

5.4 Evidence removal at the cue

The token account (Section 4.3): noise does not degrade
a response uniformly in its effect on each label, because
each label's evidence sits in different tokens, and in this
task None's evidence sits largely in negations and
insufficiency statements. The account predicts that
protecting negation and hedge tokens from corruption,
while corrupting the rest at the same rate, would shrink
fabrication, and that protecting names instead would
shrink erasure and reversal. It also predicts the anchor's
observation that fabrication does not track the amount of
text corrupted (typo at p = 0.7 altered more tokens than
combined at p = 0.3 and fabricated slightly less), since
what matters on this account is which tokens are hit. The
anchor explains the same observation by the number of
corrupted channels; the two explanations are not
distinguished by any reported condition.

5.5 What the accounts share

All four agree on the anchor's measured facts. They
disagree on what would happen under a different
prompt, a different judge default, or a differently aimed
corruption, and therefore on whether "noise fabricates
bias" travels. The integration account says it travels to
any bias judge. The other three say it travels only where
the neutral label is the evidence-demanding one, the
judge's default is directional, and the noise hits the
neutral evidence. The literature on harm detection,
where all three conditions are reversed, is the test.

6. The opposite sign in harm detection

6.1 Where the positive label demands the evidence

A toxicity or safety detector's positive label is the
evidence-demanding one: a passage is toxic because of
something in it, and benign by default. On the two-
parent account, corruption that strikes the evidence
should then erase, and the resolution term should pull
toward whatever the detector says about thin content.
Table 2 sets the published results side by side with the
anchor.

The adversarial rows select perturbations that succeed,
so their direction is chosen by the attacker and they
show only that erasure is reachable. The rows that
matter most are the non-adversarial ones. HateCheck's
spelling-variation tests are fixed templates rather than
optimised attacks, and on them Perspective scored 68.2

to 88.7 percent against 95.7 to 98.6 percent on the
explicit derogation tests; the two fine-tuned BERT
models fell further, to 37.6 to 69.9 percent, all on cases
labelled hateful (Rottger et al., 2021). Every one of those
misses is an erasure. The restyling study is the closest to
the anchor in spirit: responses were rewritten in three
styles by a model told to keep their meaning, people re-
annotated the rewrites blind and agreed with the
original labels in 100, 99 and 100 percent of cases, and
the judges' verdicts were compared on 100 examples
split evenly between unsafe and safe (Eiras et al., 2025).
Under the storytelling style, three judges moved toward
"safe" in both error rates at once: false negatives rose by
0.24, 0.20 and 0.10 for HarmBench's classifier,
ShieldGemma and WildGuard (Table 2; the source's text
gives 0.12 for WildGuard), and their false-positive rates
fell. LLaMA Guard moved the other way, its false-
positive rate rising by 0.06 and its false-negative rate
falling by 0.02. The bullet-point style slightly improved
every judge. Figure 1 shows the anchor's rates and the
restyling deltas together.

Three readings follow, each limited by the small samples
involved. First, the same meaning-preserving change
moved four judges in two directions, which is what the
resolution term predicts and what a law of the form
"corruption fabricates" or "corruption erases" cannot
accommodate. Second, the direction in the three judges
that erased is toward the label that does not demand
evidence, as the evidence-term argument predicts for a
detector. Third, LLaMA Guard's direction, toward unsafe,
is the same kind of move the anchor's judges made
toward directional: a change in style read as a reason to
commit. With 50 cases per class, a change of 0.06 is
three responses, and nothing about LLaMA Guard's
direction should be taken as stable; the point is only that
the sign is a property of the judge.

6.2 Fabrication by surface in harm detection

The harm literature also records fabrication, and where
it does, the trigger is a surface feature that the classifier's
training associates with the positive label rather than a
loss of legibility. Toxicity classifiers falsely flag benign
text that mentions minority groups (Hartvigsen et al.,
2022) and show unintended bias across identity groups
that threshold-agnostic metrics expose (Borkan et al.,
2019). Tweets in African American English, and tweets
by self-identified African Americans, were up to twice as
likely to be labelled offensive by models trained on
several widely used datasets (Sap et al., 2019); classifiers
trained on five annotated Twitter corpora predicted AAE
tweets abusive at substantially higher rates (Davidson et
al., 2019); the resulting false-positive rate is high enough
to motivate adversarial demotion of dialect features (Xia
et al, 2020); and the bias persists in Perspective,
Detoxify and sentiment tools after linguistic controls
(Resende et al., 2024). Language models extend the
pattern to judgments about people: given only how a
person speaks, they assigned AAE speakers less
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Table 2. Published effects of surface or stylistic change on a classifier's verdict, one row per cited result, with the label whose evidence the
change was aimed at and the direction of the reported change. Values are as reported by each source.

Evidence-demanding

Source Classifier Change label Direction Reported result
Ryu et al. (2026) 4 LLM bias judges random typo, informal, None to up to 240 : 2 fab : era
punct directional
Hosseini et al. (2017) Perspective API adversarial misspelling  toxic to benign scores reduced to non-toxic
level
Grondahl et al. (2018) 7 hate models, typos, word boundaries  hate to benign all brittle
Perspective
Kurita et al. (2019) BERT, ELMo detectors obfuscated toxic tokens toxic to benign recall down over 50% in
some cases
Rottger et al. (2021) Perspective, 2 BERT  fixed misspellings, leet ~ hate to benign P: 95.7-98.6 explicit vs
68.2-88.7
Eiras et al. (2025) 3 safety judges storytelling restyle unsafe to safe FNR +0.10 to +0.24
Eiras et al. (2025) LLaMA Guard 3 storytelling restyle unsafe to unsafe FPR +0.06
Fei et al. (2023) LLM, in-context random in-domain hate to hate severe bias toward hate
words
Chen and Goldfarb-Tarrant 11 LLM safety judges apology prepended, ties tie (equal) to a side up to 98% prefer apology

(2025)

(a) Ryu et al. (2026), p = 0.3

(b) Eiras et al. (2025), storytelling restyle
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Figure 1. Direction of corruption-induced verdict change in two published studies. (a) Ryu et al. (2026): fabrications (None to directional)
and erasures (directional to None) at p = 0.3 under typo (solid) and combined (hatched) noise, as a percentage of each judge's clean None
or clean directional decisions; the counts are from the anchor's Table 5, the pools from its Table 3, and the division is the author's
arithmetic. Llama-3.1-8B's combined erasure count is zero. (b) Eiras et al. (2025), Table 2: change in false-negative and false-positive rate
of four safety judges when 100 responses (50 unsafe, 50 safe), relabelled blind by people with near-perfect agreement, are restyled as

storytelling. A change of 0.06 is three responses.

prestigious jobs and harsher criminal outcomes
(Hofmann et al., 2024). Safety-tuned chat models over-
refuse safe prompts that use language resembling unsafe
ones (Rottger et al., 2024).

These results are about dialect and lexical triggers, not
typos, and the anchor is careful to separate its question
from them: its colloquial condition appends particles
from several varieties while holding grammar fixed, and
its judges assess a third party's text, not its author. But
they mark where fabrication comes from in classifiers
whose positive label demands evidence: from a surface
feature that resembles the evidence. The informal and
colloquial conditions in the anchor insert exactly such
surface features, and the anchor reports that colloquial

and informal noise produce nearly identical flip rates.
Whether its judges read informal register itself as a lean,
as toxicity classifiers read dialect as offence, is a question
the design could answer by comparing informal noise on
clean-None responses with informal noise on matched
responses whose None evidence is protected; it has not
been asked.

6.3 A tie is a neutral label

Chen and Goldfarb-Tarrant (2025) supply the closest
structural analogue to the anchor in the safety-judge
literature. Their tie-detection test shows a judge two
identical completions and asks which is safer, with "Tie"
available. Prepending an apology to one copy, and
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changing nothing else, led most of eleven judges to
abandon the tie and prefer the apologetic copy, in one
judge's case nearly always and across judges up to 98
percent; Command R alone disfavoured the apology. A
tie is a neutral label that requires affirmative evidence of
equality, and a surface addition that one side can claim
moved judges off it, in a direction the judge's learned
association set. That is fabrication in the anchor's sense,
with no corruption at all, and its sign varied by judge.

6.4 What the general robustness literature measures,
and what it leaves out

Most of what is known about language models and noisy
input is measured as lost accuracy, which has no
direction. Synthetic and natural character noise both
broke neural translation systems on text people read
without difficulty (Belinkov and Bisk, 2018); a single
adversarially chosen character lowered a fine-tuned
BERT sentiment classifier from 90.3 to 45.8 percent
accuracy (Pruthi et al., 2019); character- and word-level
perturbations meant to mimic everyday noise degraded
several pretrained encoders across tasks (Moradi and
Samwald, 2021); adversarial prompts crafted to resemble
plausible typos and synonym swaps degraded models
across eight tasks (Zhu et al., 2023). For current models,
a keyboard-aware typo generator degraded eighteen
open models across five tasks in several languages, least
on natural language inference, and instruction tuning
improved clean accuracy while possibly increasing
brittleness (Zhao, R. et al., 2025); a single adversarial
character edit lowered Mistral-7B-Instruct's GSM8K
accuracy from 43.7 to 38.6 percent and eight edits to
19.2 (Gan et al., 2024). For judges specifically, a stress-
testing harness found formatting perturbations more
damaging than semantic ones and observed that, on
agentic transcripts, some judges missed inserted
violations while others over-penalised corrected ones
(Dev et al., 2026), and a broad robustness assessment of
LLM judges found them manipulable by a range of
attacks (Li, S. et al., 2025). An analysis of the whole
safety-evaluation pipeline lists judge noise among several
sources that can make attacks and defences impossible to
compare (Beyer et al., 2025).

What these studies share is a scoring rule that counts a
wrong answer the same whichever way it is wrong. For a
task with a neutral label, that rule hides exactly the
quantity the anchor isolated. The anchor's contribution
to this literature is to split the loss by direction; this
paper's addition is that the split it found is a fact about
where its judges fall, and that the same corruption in a
task whose positive label demands evidence is recorded
falling the other way. The judge-bias literature has
catalogued many directional tendencies, among them
position, verbosity, self-preference and leniency (Zheng,
L. et al., 2023; Ye et al., 2024; Thakur et al., 2024), but a
tendency toward committing rather than withholding
has not, to the author's knowledge, been measured as a
property of a judge, separately from the content it is

shown. The abstention literature suggests it would be
worth measuring: across twenty models, declining to
answer unanswerable or underspecified questions
remained unsolved, scale helped little, and reasoning
fine-tuning lowered abstention by 24 percent on average
(Kirichenko et al., 2025), and the survey literature treats
abstention as a capability that has to be built and
evaluated rather than assumed (Wen et al.,, 2024). A
judge trained toward answering is a judge whose default,
when the text gives out, is plausibly a direction.

7. Does noise make bias look larger? It
depends on the score

The anchor's conclusion is about a measured quantity:
bias measured on noisy text is overestimated. Which
quantity a pipeline computes from a judge's labels
decides whether that follows.

7.1 Three families of score

A pipeline that labels responses A, B or None can report
at least three kinds of number. The first is a commitment
rate: the share of responses judged to support either
candidate, read as the share that show bias. The second
is a signed score: the share judged to support the
stereotyped candidate minus the share judged to support
the other. The third is a conditional score: among
responses judged to commit, the share that commit to
the stereotyped candidate. BBQ defines the second and
third. Its bias score '"reflects the percent of non-
UNKNOWN outputs that align with a social bias",
computed in disambiguated contexts as s.DIS = 2
(n_biased / n_non-UNKNOWN) - 1, and in ambiguous
contexts it is scaled by error, s AMB = (1 - accuracy)
s_.DIS, so that "a biased answer is more harmful if it
happens more often" (Parrish et al., 2022). A generation-
based adaptation of BBQ measures the probability of
neutral and biased continuations (Jin et al., 2025), and
any pipeline in which a judge maps free text onto the
answer options, as the anchor's does, inherits the
structure.

7.2 A derivation

In an ambiguous context the correct answer is
UNKNOWN, so accuracy is the share of UNKNOWN
answers, U. Write S for the share of all answers that pick
the stereotyped candidate and C for the share that pick
the other, so that S + C = 1 - U and the biased share
among non-UNKNOWN answers is S / (1 - U).
Substituting into the definition gives s AMB = (1 - U)(2S
/(1-U)-1) =25S-(1 -U) = S - C. The ambiguous-
context bias score is simply the net stereotype lean over
all items.

Now let noise move a share d of all items from
UNKNOWN to a candidate, with a fraction q of those
moves going to the stereotyped candidate, and a share e
from a candidate to UNKNOWN, with a fraction r of
those leaving the stereotyped candidate. Then S rises by
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qd and falls by re, C rises by (1 - q)d and falls by (1 - r)e,
and

change in s_AMB = d (2g - 1) - e (2r - 1).

Noise can also reverse a verdict from one candidate to
the other, and the anchor reports that such reversals
make up 39 percent of its fragile judge's flips under
combined noise and 16 to 19 percent of the other
judges'. Let a share v_CS of all items move from the non-
stereotyped to the stereotyped candidate and a share
v_SC move the reverse way. Each such move changes S -
C by 2, so the full change is

change in s_AMB = d (29 - 1) - e (2r - 1) + 2 (v_CS -
v_SC) .

The commitment rate, 1 - U, changes by d - e; reversals
leave it unchanged. The conditional score s_DIS = 2S /
(S + ©) - 1 moves toward 2q - 1 as d grows.

Three consequences follow, each flat because it is
algebra. Fabrication always raises the commitment rate.
Fabrication raises the signed score only to the extent that
the fabricated commitments favour the stereotype, q >
1/2; fabrication that is indifferent to the stereotype,
q = 1/2, adds nothing to s_ AMB however large d is;
fabrication that runs against the stereotype lowers it.
And because s_DIS is pulled toward 2q - 1, indifferent
fabrication pulls a nonzero conditional score toward
zero, so on that score noise can make a biased judge's
measurement look less biased.

7.3 What q is in the anchor

The anchor did not measure q. Its limitations section
says so directly: the metric "does not verify whether the
newly selected option is stereotype-aligned or counter-
stereotypical”, the options differ only by name, the
option codes 'record position rather than any
demographic attribute", and for age, disability,
socioeconomic status and sexual orientation "nothing in
a pair of names identifies which candidate the stereotype
would target." For the fragile judge, 258 of 288
fabrications under combined noise went to the second-
listed candidate. If the stereotyped candidate, wherever
the item defines one, sits second in about half of the
items, those fabrications have q near one half and move
a signed score little; if it sits second more often, they
inflate it; if less, they deflate it. Nothing in the paper
fixes that proportion, and for four of seven axes the
design does not define a stereotyped candidate at all.

The licensed statement is therefore narrower than the
anchor's. Bias measured on noisy text as a rate of
directional verdicts was overestimated by the fragile
judges, by amounts Table 1 gives. Bias measured as a
signed or conditional stereotype score may have been
inflated, unchanged or reduced, and the anchor's data
cannot say which. The distinction matters for the fairness
reading the anchor gives its category results: a category

with many fabrications is a category whose commitment
rate is unstable under noise, not necessarily one whose
stereotype score is inflated.

7.4 The general lesson for bias measurement

That bias scores are fragile to choices that should not
matter is well documented. Semantically equivalent
rewordings of templates move bias measurements and
the conclusions drawn from them (Seshadri et al., 2022);
innocuous changes to how a benchmark is constructed
change the degree of bias measured on two benchmarks
(Selvam et al, 2022); open-ended generation
measurements contradict each other under different
prompt sets, metrics and tools (Akyurek et al., 2022);
many bias metrics for pretrained models are mutually
incompatible and depend heavily on templates and seed
words (Delobelle et al., 2021); generation-based and
question-answering evaluations of the same models
disagree (Jin et al., 2025); and a retrained toxicity API
reordered the models on a published leaderboard when
the same outputs were rescored (Pozzobon et al., 2023).
Classifier-based measures of regard and toxicity have
long stood in for bias in generated text (Sheng et al.,
2019; Dhamala et al., 2021). The measurement-
modelling view treats each such score as an
operationalisation whose reliability and validity have to
be argued, not assumed (Jacobs and Wallach, 2021),
critical review finds the quantitative techniques poorly
matched to the harms that motivate them (Blodgett et
al., 2020), an inventory of benchmark pitfalls finds the
same at the level of individual items (Blodgett et al.,
2021), and a recent survey organises the resulting
metrics by the level of the model at which they operate
(Gallegos et al., 2024). The anchor's contribution sits
naturally in this record as a new source of instability,
input quality. The derivation above adds that the
direction of the resulting error depends on the score's
sign structure, which is a choice made after the judge
has spoken.

8. Robustness removes the distortion: what the
robust judges can bear

8.1 The claim

The anchor's third contribution is that "as a judge
becomes more robust the asymmetry diminishes toward
parity rather than reversing: robustness mitigates the
distortion, it does not invert it." It rests on the two robust
judges. Across 100 judge-condition pairs, erasure
exceeded fabrication in eight, six of them for GPT-5.4
and two for Gemma, and none significantly.

8.2 Power

Absence of a significant reversal is evidence against
reversal only if a reversal of interest could have been
detected. Under combined noise at p = 0.3, GPT-5.4
produced 28 fabrications and 38 erasures, 66 in all; by
the author's arithmetic the two-sided binomial p-value
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for that split is about 0.27. With 66 flips, a true erasure-
to-fabrication ratio of 1.5 to 1 would be detected at the 5
percent level about a third of the time, and a ratio near
1.9 to 1 about two times in three; under typo noise, with
54 flips, the corresponding powers are lower.
Underpowered comparisons of this size are common in
NLP evaluation, and they make it difficult to tell noise
from a real difference (Card et al., 2020). The data are
consistent with parity in GPT-5.4, and also consistent
with a moderate reversal; what they rule out is only a
strong one.

Gemma's evidence is mixed rather than null. Under typo
noise its 31 to 9 split is significant, as the anchor reports;
under combined noise its 36 to 22 split is not (p about
0.09 by the author's arithmetic). Pooling the two robust
judges gives 61 to 33 under typo, an asymmetry in the
anchor's direction, and 64 to 60 under combined, which
is parity. The pooled result the anchor reports for all 25
conditions is dominated by the fragile judges: by the
author's arithmetic, 85 percent of pooled fabrications
under typo at p = 0.3 and 88 percent under combined
came from Llama and Qwen.

8.3 The floor

For GPT-5.4 a further term enters. Its flip rates at
p = 0.3 lie between 1.7 and 2.1 percent across the five
noise types, a narrow band that the anchor reads as the
noise-type hierarchy vanishing once a judge is robust. A
judge whose clean verdicts change on rerun at a rate of
that order would produce exactly such a band, whatever
the noise type, and the studies in Section 3.3 show rerun
variation of that order in hosted models run under
nominally deterministic settings. Whether GPT-5.4's flips
are a response to noise at all is not known, because the
clean-versus-clean rerun that would set its floor was not
reported. If they are mostly rerun variation, their near-
parity says nothing about robustness to noise; it says the
judge's own instability is roughly symmetric between
None and a direction.

The licensed statement is that in the two fragile judges
the asymmetry is large and in the anchor's direction; in
Gemma it is present under some conditions and not
others; in GPT-5.4 it is not distinguishable from parity,
and the anchor's data cannot distinguish parity from a
moderate reversal or a response to noise from rerun
variation.

9. Measuring through a noisy judge

9.1 A bias rate is a prevalence

A pipeline that reports the share of responses that are
biased is estimating a prevalence through an imperfect
instrument, and the statistics of that problem are old. If a
test has sensitivity Se and specificity Sp, the apparent
prevalence p_obs relates to the true prevalence p by
p_obs p Se + (1 - p)(A - Sp), and the estimator of
Rogan and Gladen (1978) inverts it: p = (p_obs + Sp -
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1) / (Se + Sp - 1). Quantification research arrived at the
same correction from the machine-learning side, starting
from the observation that unadjusted classify-and-count
is often a biased estimator of class prevalence and
adjusting it by the classifier's true- and false-positive
rates (Forman, 2008); a later reassessment found that
classify-and-count variants, once properly optimised,
come close to the state of the art though some newer
methods still beat them (Moreo and Sebastiani, 2021).
The label-noise literature distinguishes noise whose rate
depends on the true class from noise that does not, and
treats the first as the harder case (Frenay and Verleysen,
2014). If its clean verdicts are taken as correct, a judge
whose fabrication rate under corruption exceeds its
erasure rate is an instrument whose specificity falls
under noise faster than its sensitivity: class-dependent
noise in the measurement.

9.2 What the anchor's design gives and withholds

The anchor's self-baseline gives the change in each
judge's verdicts but not the change in either error rate,
because it compares the judge with itself rather than
with a reference label. It does so deliberately, so as not
to entangle noise-induced change with differences in
clean tendency, and for authentic user text it argues that
stance labels would be contested enough to be
indistinguishable from the flips being measured. That
argument is sound as a reason not to use a single shared
reference, and it is also the reason the anchor cannot say
how much a measured bias rate on noisy text is off by. A
fabrication on an item whose clean None was itself
wrong is a correction; the anchor's authors note this
skeptical reading and argue against it on the grounds
that the rules add no content and the effect scales with
corruption and fragility, both of which are fair, and both
of which concern the average rather than the item.

Two families of correction need only a small reference
sample per noise stratum. Rogan-Gladen-style estimators
plug estimated Se and Sp into the inversion above;
prediction-powered inference uses a small gold-labelled
set to correct the bias of model predictions with valid
confidence intervals and makes no assumption about the
predictor (Angelopoulos et al., 2023), and the same idea
applied to evaluation with model-generated labels
increased effective human sample size by up to 50
percent in one study (Boyeau et al., 2024). Chen et al.
(2026) compare the two families for LLM-judge
evaluation, derive efficient estimators that unify them,
and characterise when the prediction-powered form has
strictly smaller variance. For a bias pipeline on noisy
text, the implication is that a modest double-annotated
sample of noisy items, stratified by noise level, turns a
flip analysis into a corrected estimate with an interval;
contested annotation widens the interval but does not
prevent it.
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9.3 Why the direction must be measured per judge

The prevalence view also says why the direction cannot
be imported. The bias in p_obs is (1 - p)(1 - Sp) - p(1 -
Se), and its sign depends on the base rate and on both
error rates, each of which a judge's prompt, default and
response to corruption can move independently. The
anchor's fragile judges lose specificity under noise; the
three safety judges in Figure 1 lose sensitivity under
restyling; LLaMA Guard loses specificity. A pipeline that
learned the direction from one of these studies and
assumed it for its own judge could correct in the wrong
direction.

10. A protocol

Algorithm 1 states the measurements that would let a
bias pipeline say which way noise moves its judge and
how much its reported number is off, given the
published methods each step borrows. It proposes no
new score.

Steps S1 to S4 need no labels and no new data beyond
the judge's own outputs; S2 and S3 are the calibration
and position-balancing controls the label-bias and judge-
bias literatures already use (Zhao, T. et al., 2021; Fei et
al.,, 2023; Wang, P. et al., 2023; Zheng, C. et al., 2023).
S5 and S6 each need one extra run at one noise level. S7
needs the demographic coding the anchor's limitations
section describes as possible for three of its axes. S8 is
the only step that needs people, and Section 9.2 gives the
reason its cost is modest. Step S9 is the one the anchor's
abstract does not observe.

11. Measurements that would settle the open
part

Table 3 sets out what each account in Section 5 predicts
under the controls of Algorithm 1. It is the author's
derivation from the accounts as stated; a dash means the
account makes no definite prediction.

Three of these are cheap enough to run on the anchor's
released items and judge script. The released benchmark
carries the two candidate names, their position codes,
the reference stance label and the response for each of
the 3,822 items, and the released noise toolkit
regenerates every condition from a seed. Running the
fragile judge on content-free inputs and on both option
orders would say how much of its 258 to 30 split is
position; running it at one noise level with negation
tokens protected would say how much of the asymmetry
is the loss of None's evidence. A fourth, re-annotating a
stratified sample of noisy items, is the one that would
turn the anchor's flip counts into an estimate of how far
a noisy bias rate is off.

12. Objections

The base rate is balanced, so the asymmetry is real.
It is real, and Section 3.1 agrees. The argument of this
paper is not that the asymmetry is an artefact but that its
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direction belongs to a judge and a prompt, and that its
consequence for a bias score depends on the score.

The direction held in every condition where it was
significant. It held, where significant, for three judges,
under one prompt and one response set. A uniform
direction across judges sharing one prompt is what the
definitions account predicts; it does not distinguish that
account from integration. The harm-detection record,
where the evidence-demanding label is the positive one,
shows the opposite direction under comparable
corruption, and the restyling study shows both directions
under one change.

Harm detection is a different task. It is a different task
with the same structure: a classifier with one label that
demands evidence and one that does not, applied to text
whose surface was changed without changing what a
person would say about it. Section 6 uses it for that
structure and for nothing about the anchor's judges.
Where the comparison is weak, as with adversarial rows
whose direction the attacker chose, Section 6.1 says so.

Corruption cannot surface bias that was not there.
The anchor argues that its rules add no content, so a
newly committed verdict cannot reflect information the
noise revealed. That is right for content and incomplete
for evidence. Corruption that damages a negation or a
statement of insufficiency does not add a lean; it
removes the sentence that cancelled one. A verdict that
changes because a hedge became unreadable is a
measurement failure, as the anchor says, but its direction
is set by where the hedges were, which is a fact about
the responses as much as about the judge.

A judge that fabricates is the dangerous -case,
whatever the cause. For a pipeline that reports a rate of
directional verdicts, yes, and the anchor's warning is well
aimed at it. For a pipeline that reports a signed
stereotype score, the danger is not established, and a
correction that assumed inflation could remove bias that
was there. Section 7 gives the condition.

13. What is not known

The content-free output distribution of any of the
anchor's four judges is not known. The clean-versus-
clean rerun rate of GPT-5.4 on these items is not known.
The share of the anchor's fabrications that land on a
stereotyped candidate is not known for any axis. How
the asymmetry responds to a prompt in which None is
the default is not known. How it responds to corruption
that spares negation, or spares names, is not known.
Whether informal register is itself read as a lean by bias
judges, as dialect is read as offence by toxicity classifiers,
is not known. How far a bias rate measured on noisy text
differs from the rate a reference annotation would give is
not known for any judge. Whether any of the anchor's
findings hold on authentic noisy user text, rather than
rule-based noise on model-generated responses, is not
known; the anchor names this as its next question.
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Algorithm 1. Direction-aware bias measurement on noisy text.

Input: Jjudge J with prompt P;
small sample;
per-level corrected estimate of F,

noise effect for this J and P

noise family N at levels s;
Output:

Sl: floor. Run J twice on clean x.
transition matrix TO.
default.
in place of x. Record J's output distribution DO.
If DO puts most mass on a candidate:
If DO puts most mass on None:
order.
by position;
sweep. For each level s,
T(s) .
not only as counts,
cue.

S2:

expect erasure.
S3: Present every item in both option orders.

S4:

S5:

are protected assigns it to evidence removal.
S6: definitions.
S7: alignment. For signed or conditional F,
fabrication,
the stereotyped candidate.
in a signed score is d(2g - 1)

Report g,
- e(2r - 1)
sS8:

Rogan-Gladen or prediction-powered estimator.
scope. State the direction for J, P, N and F only.
transfer it to another judge, prompt,

S9:

correct. Annotate a stratified sample at each level.
J's error rates per level and report F with an interval by a

items x with reference labels y on a
bias score F
and the direction of the

Record the clean-vs-clean
Every later flip count is read against TO.
Run J on content-free inputs and on corpus-random words

expect fabrication.

Report flips
average verdicts over orders before scoring.
record the full transition matrix
Report fabrication and erasure as rates of their pools,
minus the corresponding rates in TO.

Repeat one level with negation and hedge tokens protected,
and once with names protected. A drop in fabrication when cues

Repeat one level with P reworded so that None is
the default. A sign change assigns the direction to P.

record for each
erasure and reversal whether it lands on or leaves
r, v_CS and v_SC;
+ 2(v_CS - v_SC).

the change

Estimate

Do not
noise family or score.

Table 3. Predictions of each account of the anchor's asymmetry under each control.

Control Integration

Definitions

None-default prompt (S6) asymmetry stays

Content-free output (52) - R

Both option orders (S3) stays stays
Negation protected (S5) shrinks a little stays
Names protected (S5) shrinks a little stays

Judge with None default fabricates

shrinks or reverses -

fabricates under P

Default Cue removal
stays

predicts destination -

position share vanishes stays

stays shrinks sharply
stays erasure falls
erases fabricates

14. Conclusion

A judge reading a corrupted passage has less to go on
and must still answer. Where its answer goes depends on
what its instructions make hard to earn, on what it says
when the passage says little, and on which words the
corruption happened to strike. In the anchor all three
point the same way: the neutral label demands
affirmative evidence, the evidence for it plausibly lives
in negations that typos damage, and the most fragile
judge falls toward the second option it already favoured.
The result is a large, real, base-rate-robust shift from
neutral to directional verdicts. In harm detection the
three point the other way, and corruption erases. One
restyling study shows a single change sending different
judges in different directions. The anchor's measurement
establishes that its fragile judges overstate the rate of
directional verdicts on noisy text. It does not establish
that bias scores built on those verdicts are inflated,
because the signed score moves by the net stereotype
alignment of its fabrications, erasures and reversals,
none of which the anchor measured; nor that robustness
removes the distortion without reversing it, because the
closed judge's evidence is underpowered and has no
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floor. Four cheap controls, a content-free run, both
option orders, a cue-protected noise condition and a
reworded prompt, would assign the direction for any
judge, and a small stratified annotation would say how
far its numbers are off. Until those are reported, the
direction of noise in a bias judge is a property to be
measured, not a fact to be assumed.
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