Quality Is a Decision, Not a Measurement:
A Safety Rubric Reorders UltraFeedback’s Binarized Labels

Jingyi Zhang !

Abstract

UltraFeedback (UF) preference labels are widely
used to align open chatbots and are trusted as a
signal of answer quality — yet an independent,
safety-trained reward model disagrees with them
more often than it agrees. Each binarized “cho-
sen/rejected” label comes from a single opaque
holistic GPT-4 score rather than from UF’s four
quality axes. We test whether that label is a uni-
versal quality signal or one particular value res-
olution by re-scoring the same pairs under inde-
pendent reward rubrics and measuring agreement
with UF’s ordering. Of all 19 ArmoRM heads,
only the BeaverTails-safety head (trained on a
UF-disjoint corpus) disagrees more than chance,
agreeing just 43.5% of the time on n=>5,000 pairs
(a 56.5% inversion, below the 50% null); ev-
ery other head and an independent reward model
(Skywork-Reward-V2-8B, no UF in training) re-
produce UF’s ordering at 55-77%. The inversion
survives length and refusal controls, holds across
benign and safety-relevant prompts, and repli-
cates on an independently built dataset (Skywork-
Reward-80K), so it is not UF-specific — though
not universal: on a third dataset (HelpSteer2) the
apparent inversion does not survive controls. We
read this narrowly as one legitimate rubric, the
safety objective, reordering UF’s preferences —
rubric disagreement, not a proven helpful-vs-safe
tradeoff and not multi-position pluralism.

1. Introduction

Open-source chatbots are aligned by training on preference
data: pairs of model responses where one is labeled “chosen”
and the other “rejected.” UltraFeedback (Cui et al., 2024) is
one of the most widely used open preference datasets. The
Zephyr-7B (Tunstall et al., 2023) DPO (Rafailov et al., 2023)
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recipe established that training on its binarized labels could
surpass Llama2-Chat-70B at 7B parameters; AllenAI’s Tiilu
3 (Lambert et al., 2024) extends the UltraFeedback pipeline
and uses UF-style preference construction in its preference
mixture. The binarized labels are commonly treated as a
quality signal in DPO-style training.

But response quality is not one value. Consider a stylized
example of the kind of pair UltraFeedback labels resolve.
The prompt is “Should I take the job in Berlin?”” The cho-
sen response opens “Absolutely, Berlin offers great career
opportunities, vibrant culture, excellent transportation. .. ”,
carrying the request through to completion. The rejected
response opens “Depends on your priorities: career, family,
language, and visa logistics all matter more than location
alone. .. ”, foregrounding tradeoffs instead. Both are reason-
able; they differ in which value they serve. UltraFeedback’s
label says the confident response is better. This reflects one
plausible value resolution, not the only reasonable one. Sap
et al. (2019; 2022) showed in toxicity classification that
labels of this kind encode the labeler’s identity, not just the
text. Sorensen et al. (2024) generalized: standard RLHF col-
lapses value pluralism into a single scalar that downstream
policies inherit.

Our test re-scores the same pairs under a different value
rubric. Disagreement above chance would be consistent
with the original label encoding a particular value resolu-
tion rather than a universal quality measurement. We re-
score 5,000 random UltraFeedback prompt-response pairs
(§3) with an independent safety classifier: ArmoRM'’s
BeaverTails-safety attribute head (Wang et al., 2024a), su-
pervised on the BeaverTails corpus (Ji et al., 2023), which
contains no UltraFeedback content. The two scorers agree
on chosen-vs-rejected ordering only 43.5% of the time, far
below the 50% null.

Research question. One question organizes the paper.
(RQ1) Do UltraFeedback’s binarized labels reflect a uni-
versal notion of response quality, or one particular value
resolution among several reasonable ones?

Roadmap. RQI is answered by our headline test, rubric
disagreement under a safety-objective scorer (§4.1), and by



Quality Is a Decision, Not a Measurement: A Safety Rubric Reorders UltraFeedback’s Binarized Labels

its cross-dataset replication (§4.2).

Contributions. Our contributions are:

1. Below-chance agreement with an independent
safety classifier (§4.1). On n=>5,000 pairs, ArmoRM’s
BeaverTails-safety head agrees with UltraFeedback’s
chosen-vs-rejected ordering at only 43.5%, far below
the 50% null (z=—9.22, p < 10~1); it is the unique
below-null head among all 19 and survives Bonferroni-
19 correction. Confound controls (§4.1) show the in-
version is robust: it survives length matching, refusal
exclusion, and stripping length and refusal simulta-
neously, and holds across benign and safety-relevant
prompts. A safety-trained rubric reorders UF’s quality
preferences across the distribution.

2. Cross-dataset replication (§4.2). The inversion sur-
vives the full confound battery on a second, indepen-
dently constructed dataset (Skywork-Reward-80K), so
it is not UF-specific; on a third (HelpSteer2) the weaker
apparent inversion is a length artifact and does not sur-
vive controls, so it is not universal either.

3. RM-ecosystem reproduction (§4.1 supporting).
Skywork-Reward-V2-8B (no UltraFeedback in train-
ing) reproduces UltraFeedback’s chosen-vs-rejected
ordering at 73.0%.

2. Related work

Data-side bias mitigation. UltraFeedback applies
dimension-aware quality filters (Cui et al., 2024); Deng et al.
(2025) and Pan et al. (2025) study quality vs. consistency in
preference data. None systematically compare filter efficacy
across bias dimensions.

RM-internal complexity dichotomy. Fein et al. (2026)
show that low-complexity biases (length, position) project
into a near-null subspace of trained reward models while
high-complexity biases (sycophancy, style) do not. Our
safety-rubric inversion is a data-side example of the high-
complexity (non-length, non-position) class they identify.

Policy-level coupling. Ibrahim et al. (2025) demonstrate
that fine-tuning LLMs to be warmer increases sycophancy
and decreases factual accuracy across five base models.
Their experiment is policy-side and supervised; ours is data-
side and preference-based.

Sycophancy and preference labels. Sharma et al. (2024)
document sycophancy as a policy-level behavior. Mohsin
et al. (2026) propose RM-side reward decomposition for
sycophancy; it requires paired generation and is therefore

not usable as a single-response data-side filter. These moti-
vate asking whether a non-helpfulness rubric reorders pref-
erence labels, which our headline test addresses directly.

3. Method

Our test is a safety-classifier comparison that produces our
headline inversion (§4.1): re-score the same UltraFeedback
pairs with an independent safety rubric and measure the
agreement rate against the dataset’s chosen-vs-rejected or-
dering. We then test whether the inversion replicates beyond
UltraFeedback on two further preference datasets (§4.2).

Cross-annotator setup (§4.1). We sample n=5,000 ran-
dom UltraFeedback prompt-response pairs (the origi-
nal seed-42 500 plus 4,500 fresh disjoint pairs at seed
20260609, same ArmoRM-Llama3-8B checkpoint and iden-
tical scoring pipeline) and score each pair with three in-
dependent reward models. Skywork-Reward-V2-Llama-
3.1-8B (Skywork Team, 2025) is trained on SynPref-40M,
which contains no UltraFeedback data, and serves as a
non-OpenAl reproduction check. ArmoRM-Llama3-8B-
v0.1 (Wang et al., 2024a) with its default gating scalar is a
multi-objective reward model that mixes 19 attribute heads
and serves as a within-ecosystem comparison. ArmoRM’s
BeaverTails-safety attribute head, supervised on the Beaver-
Tails corpus (Ji et al., 2023) which contains no UltraFeed-
back content, isolates the safety objective and serves as the
independent value rubric. For each pair we compute whether
the annotator’s preferred response matches UltraFeedback’s
chosen-vs-rejected ordering; agreement above the 50% null
indicates rubric alignment, below indicates rubric inversion.
Exact ties (negligible for continuous reward heads) count as
disagreement.

Cross-dataset replication setup (§4.2). To test whether
the safety-head inversion is UF-specific, we replicate the
bt-safe scoring on two further preference datasets, Skywork-
Reward-80K (Liu et al., 2024) and HelpSteer2 (Wang
et al., 2024b), sampling n=2,500 random pairs each (seed
20260610) through the identical ArmoRM-Llama3-8B / bt-
safe pipeline used for the UF result. For Skywork we use
the native chosen/rejected labels; for HelpSteer2 chosen =
the higher-helpfulness response. Both datasets share UF’s
“scalar-collapse” construction, in which fine-grained quality
axes are collapsed into a single goodness score that selects
the chosen response. The same length-matching and refusal
controls applied to the UF headline are computed on both
new datasets, not just on UF.
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only the safety head inverts
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Figure 1. (a) Per-annotator agreement with UltraFeedback’s chosen-vs-rejected ordering for three independent annotators, with Wilson
95% ClIs and a dashed 50% null reference: Skywork-V2-8B (73.0%) and ArmoRM-8B gated (74.6%) on the original n=500 sample
sit well above the null, while ArmoRM’s beavertails-is_safe head (43.5%, n=5,000) falls clearly below it. (b) Agreement with
UF’s ordering across all 19 ArmoRM attribute heads on the full n=5,000 sample, sorted, with Wilson 95% ClIs; every head lands between
54.9% and 76.5% except beavertails—is_safe, the unique head below the 50% null.

4. Results

4.1. Cross-annotator agreement on the same pairs

On the n=5,000 sample, scored with the three independent
reward models described in §3, we ask for each pair whether
each model picks the same response that UltraFeedback
labels as chosen.

Annotator Agreement 95% CI
Skywork-V2-8B (no UF) 73.0% [68.9,76.7]
ArmoRM-8B gated 74.6% [70.6,78.2]
ArmoRM bt-safe 43.5% [42.1,44.9]

Table 1. Independent annotators on UltraFeedback pairs. Skywork-
V2 reproduces UF’s ordering; ArmoRM’s BeaverTails-safety head
inverts it. The two reproduction rows are on the original n=500
sample; the bt —-safe inversion is on the full n=5,000 sample
(original 500 + 4,500 fresh disjoint), where it sharpens to 43.5%
(z=—9.22, p < 10719,

Below-chance agreement under a safety rubric. On
the full n=5,000 sample, ArmoRM’s BeaverTails-safety
attribute head agrees with UltraFeedback at only 43.5%
(a 56.5% inversion), far below the 50% null (z=—9.22,
p < 10713; Figure 1, Table 1). The original =500 seed
run gave 45.2%; the effect strengthened at scale. We treat
this as the central result: under a safety-objective rubric, the
same pairs are scored differently than under UltraFeedback’s
chosen-vs-rejected ordering more often than chance.

Uniqueness of the below-chance safety head. A natu-
ral question is whether the safety head’s below-null rate
is distinctive or merely one of several heads scattered
around chance. We compute the per-pair agreement of
all 19 ArmoRM attribute heads (ties count as disagree-

ment). Table 2 sorts them from most-below to most-
above null (all 19 rows are on the full n=5,000 sample).
beavertails-is_safe is the only head below 50%;
every other head is at 54.9% or higher. At n=5,000 the
safety head’s below-null inversion survives Bonferroni cor-
rection over the 19 heads (Bonferroni-adjusted p < 10710)
— the underpowered single-head result from the n=500 run
is resolved. Thus beavertails-is_safe is the unique
head that disagrees with UltraFeedback’s ordering more
often than chance, and it is individually significant after
multiple-comparison correction. The accompanying con-
trast is equally clean — 18 general-quality and code heads
cluster at 55-77% agreement while the one safety head sits
alone below 50%.

Reproduction by a non-OpenAl reward model. Skywork-
Reward-V2-8B, trained without UltraFeedback or OpenAl
data, reproduces UltraFeedback’s ordering well above the
50% null, close to ArmoRM’s gated scalar (Table 1).

Limitations of the cross-annotator design. ArmoRM’s
gating scalar is trained on a mixture that includes UltraFeed-
back rubric dimensions, so its agreement is partly a con-
sistency check rather than independence. The BeaverTails-
safety head (supervised on a UF-disjoint corpus) provides
the cleaner independence claim, and it inverts. Skywork-V2
(SynPref-40M, no UF) gives a separately-trained reproduc-
tion.

Confound controls on the safety-head inversion. The
strongest objection to reading the inversion as a value in-
version is that it could be an artifact of response length,
refusal style, or prompt mix. We define length as the re-
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ArmoRM head Agree 95% CI Bonf.
beavertails-is_safe 43.5 [42.1,44.9 +
helpsteer-verbosity 54.9 [53.5,56.3 T
helpsteer-complexity 60.2 [58.8,61.5 T
code-explanation 71.5 [70.2,72.7 T
code-style 71.6 [70.4,72.9 T
uf-helpfulness 72.1 [70.9,73.3 T
code-complexity 72.4 [71.1,73.6 T
code-readability 72.5 [71.2,73.7 T
helpsteer-coherence 72.8 [71.5,74.0 0
code-instr.-following 73.1 [71.8,74.3 T
prometheus-score 73.1 [71.9,74.3 T
helpsteer-helpfulness ~ 73.6 [72.4,74.8 T
argilla-judge_Im 73.7 [72.5,74.9 T
helpsteer-correctness 73.9 [72.7,75.1 T
uf-instr.-following 74.8 [73.5,75.9 T
argilla-overall_quality ~ 75.2 [73.9,76.3 1)
uf-truthfulness 75.2 [74.0,76.4 T
uf-honesty 75.4 [74.2,76.6 T
uf-overall_score 76.5 [75.3,77.7 T

Table 2. Per-head agreement (%) of all 19 ArmoRM attribute
heads with UltraFeedback’s chosen-vs-rejected ordering, sorted
ascending. All 19 rows are on the full n=5,000 sample (original
500 + 4,500 fresh disjoint). Wilson 95% Cls. “Bonf.” marks
significance vs. the 50% null after Bonferroni correction over
19 heads: T = significantly above null; | = significantly be-
low null. All 18 non-safety heads are significantly above null;
beavertails-is_safe is the only head below 50% and is
the unique below-null head, surviving Bonferroni-19 correction
(Bonferroni-adjusted p < 10710y,

sponse word count, a refusal by a first-person refusal lex-
icon (e.g., “I can’t”/*I cannot”/“I’m unable”), and safety-
relevant prompts by a keyword classifier. We recovered
the chosen/rejected response texts for all 5,000 pairs and
ran the controls; the inversion survives all of them, includ-
ing the simultaneous length-and-refusal control the n=500
run was underpowered for. (1) Length. Length does not
drive the effect: a logistic regression of “head prefers re-
jected” on the chosen—rejected length difference is non-
significant (p=0.15), and length-matched strata stay be-
low chance (41.9% at |Alen|<20). (2) Refusal. The head
picks the refusing side 62% of the time when one side re-
fuses, but excluding one-sided-refusal pairs changes the
rate only marginally (43.5% on the 4,694 pairs that remain,
p < 1071). (3) Length and refusal simultaneously. Strip-
ping both at once — the test the n=500 sample could not
resolve — the rate stays below half and significant (41.6%,
p < 1078). The residual is robust, not underpowered. (4)
Prompt localization. At scale the inversion is general across
prompt types, not localized: it holds below chance on both
benign (43.8%) and safety-relevant (42.2%) prompts (both
p < 107°). The n=500 “benign-only, safety-at-chance” pat-
tern was a small-sample artifact that did not survive scale-
up. Taken together, the inversion is robust — below chance,
surviving length matching, refusal exclusion, and simultane-
ous length+refusal stripping, and general across the prompt

distribution. It is a safety-trained rubric systematically re-
ordering UF’s quality preferences, not an artifact of length,
refusal, or a single prompt subset.

4.2. Cross-dataset replication of the safety inversion

Does the safety-head inversion replicate beyond UltraFeed-
back? We re-ran the bt-safe scoring on two further pref-
erence datasets (n=2,500 each, seed 20260610, identical
pipeline; setup in §3). The result is mixed: the inversion
replicates under the full confound battery on one dataset and
does not survive controls on the other (Table 3, Figure 2).

Skywork-Reward-80K (survives). Baseline agreement is
46.2% — below the 50% null, like UF — and it survives
every control that the UF headline does, including the most
stringent combined length-matched and refusal-balanced
test (39.7%, p=T7x 1073; Table 3, Figure 2). On a second,
independently constructed dataset the safety inversion is
robust.

HelpSteer2 (does not survive controls). Baseline agree-
ment is 47.8% — only marginally below null. Unlike Sky-
work and UF, length-matching alone already removes the
apparent inversion (48.7%, p=0.63), and it stays at chance
under the full length-and-refusal control (48.1%; Table 3,
Figure 2). We read HelpSteer2’s weak apparent inversion as
largely a length artifact that does not survive controls; we
do not count it as a replication.

Dataset Baseline Controlled Survives
UltraFeedback (n=5,000) 43.5% 41.6% Yes
Skywork-80K (n=2,500) 46.2% 39.7% Yes
HelpSteer2 (n=2,500) 47.8% 48.1% No

Table 3. Cross-dataset replication of the bt-safe inversion. “Base-
line” is raw agreement with each dataset’s chosen-vs-rejected or-
dering; “Controlled” is the combined length-matched (|Alen|<20)
and refusal-balanced agreement; “Survives” = below half and sig-
nificant under the combined control. UF and Skywork survive;
HelpSteer2’s marginal inversion vanishes under the controls.

Conclusion. The safety inversion is not UF-specific: it repli-
cates under the full confound battery on Skywork-Reward-
80K, an independently built dataset. But it is not universal:
HelpSteer2’s apparent inversion is explained by length and
does not survive controls. All three datasets share UF’s
scalar-collapse construction, which we flag as the candi-
date explanation without asserting it as proven. The cross-
dataset samples are n=2,500, smaller than the UF headline’s
n=>5,000.

5. Discussion

Headline result. An independent safety-objective clas-
sifier disagrees with UltraFeedback’s chosen-vs-rejected
ordering more often than it agrees — 43.5% agreement on
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Figure 2. Cross-dataset replication of the bt-safe inversion. Bars
show ArmoRM’s BeaverTails-safety head agreement with each
dataset’s chosen/rejected ordering, raw vs. length+refusal con-
trolled (|Alen| <20, refusal-balanced), with Wilson 95% ClIs; the
dashed line at 50% is the null (no inversion). UltraFeedback’s and
Skywork’s inversions survive the controls (controlled bars remain
clearly below 50%, CIs entirely below), whereas HelpSteer2’s
apparent inversion does not: its controlled bar returns to ~50%,
consistent with a length artifact rather than a true label inversion.

n=5,000 pairs (§4.1). The shape of the finding, not any
single statistic, is what matters: the inversion is robust under
every control (length, refusal, and the two stripped simul-
taneously), it is unique among all 19 ArmoRM heads, and
it replicates on the independently built Skywork-Reward-
80K but not on HelpSteer2 (where it is a length artifact).
Importantly, the disagreement is specifically the safety ob-
jective: of all 19 heads, only beavertails-is_safe
inverts UF’s ordering, while the other 18 value heads agree
at 55-77% (Table 2). What we observe is therefore a single
safety-objective rubric dissenting against an otherwise broad
consensus — one axis of disagreement, not multi-position
value pluralism in the sense of Sorensen et al. (2024). This
is a (necessary but not sufficient) instance consistent with
the pluralistic-alignment concern that RLHF collapses dis-
agreeing values into one scalar, rather than a demonstration
of pluralism: it shows the binarized label is not a universal
quality signal because at least one legitimate value rubric
reorders it, and that the disagreeing rubric is concentrated
on safety rather than diffuse. We read it as a rubric disagree-
ment / value reordering, not a proven helpful-vs-safe causal
tradeoff. Skywork-Reward-V2-8B, trained without Ultra-
Feedback, reproduces UF’s ordering at 73.0%, suggesting
the value resolution UF’s labels encode is not localized to
a single judge family. All three datasets share the scalar-
collapse construction (fine-grained axes collapsed into one
chosen-selecting score), which we name as the candidate
explanation for where the inversion does replicate, with-
out claiming it as a proven structural law. Stated narrowly:
the inversion replicates under full controls on a second in-
dependently built dataset (Skywork) and does not hold on
HelpSteer2.

What the binarized label actually derives from. Asa
supporting analysis on the public UltraFeedback annotations
(n=63,966), we ask what the holistic overall_score
actually tracks: it is worth being precise about the rubric
our headline test compares against. UltraFeedback’s bi-
narized chosen-vs-rejected verdict is not a transparent ag-
gregation over the four published axes (helpfulness, hon-
esty, truthfulness, instruction-following); it is taken from
an opaque GPT-4 holistic overall_score assigned per
response. To characterize what that holistic score tracks,
we load the public openbmb UltraFeedback fine-grained
annotations (Cui et al., 2024) and, for each of the 63,966
prompts with > 2 scored completions, ask how often the top-
overall_score completion coincides (tie-aware) with
the top completion under each single axis. Agreement is
highest for truthfulness (87.7%) and honesty (82.0%), then
instruction-following (76.1%), and lowest for helpfulness
(69.1%). A within-prompt pairwise logistic regression pre-
dicting which completion has the higher overall_score
from the per-axis score differences gives the same ordering
at the margin (helpfulness weakest). The holistic score is
therefore least aligned with helpfulness, so the binarized la-
bel is not well described as “helpful-leaning.” We therefore
phrase the comparison throughout as the safety rubric versus
the holistic rubric UF used, rather than versus a helpfulness
signal. This is also why a within-ecosystem head trained
partly on that rubric (ArmoRM’s gating scalar, 74.6%) and
an independent reproduction (Skywork-V2, 73.0%) both
recover the ordering, while only the disjoint safety objective
inverts it.

Implications for pluralistic dataset design. Three con-
crete design changes follow from a 43.5% rubric disagree-
ment on the same pairs. First, ship the four UltraFeed-
back annotator scores alongside (or instead of) the binarized
verdict, so practitioners pick which axis to optimize. Sec-
ond, record per-annotator value priors at collection time so
a downstream reward model can be conditioned on them
rather than averaged over them. Third, train multi-objective
rather than scalar reward models on existing preference
data; this is the data-side analogue of Wang et al. (2024a)’s
mixture-of-experts approach and operationalizes Sorensen
et al. (2024)’s pluralistic-alignment program at the dataset
layer. The first and third apply to existing data; the sec-
ond (per-annotator priors) typically requires updates to the
collection protocol.

Limitations. (i) Single safety classifier. The inversion
is measured against one independent safety rubric (Ar-
moRM’s BeaverTails-safety head). A second, indepen-
dently trained safety classifier would strengthen the inde-
pendence claim, though Skywork-V?2 and the other 18 Ar-
moRM heads already establish that the inversion is specific
to the safety objective rather than diffuse. (ii) Confound-



Quality Is a Decision, Not a Measurement: A Safety Rubric Reorders UltraFeedback’s Binarized Labels

stripped inversion — resolved at scale. The n=500 run
could not separate a small genuine inversion from residual
length/refusal plus noise once both were stripped simultane-
ously. The scaled n=5,000 run settles it: the simultaneous
length+refusal-stripped rate stays below half and significant
(41.6%, p < 10°8; §4.1), so the residual is robust rather
than underpowered. (iii) Cross-dataset gradient and the
HelpSteer2 negative. The cross-dataset replication (§4.2) is
a gradient, not a clean universal: the inversion survives the
full controls on Skywork-Reward-80K but does not survive
on HelpSteer2, whose weaker baseline inversion is largely
a length artifact. We report HelpSteer2 as a non-surviving
negative, not a replication, and do not claim the inversion is
a structural property of all scalar-collapsed preference data.
The cross-dataset samples are n=2,500 each, smaller than
the UF headline’s n=5,000.

Future work. The most direct extension is a second, in-
dependently trained safety classifier and a human-labeled
audit of the inverted pairs, to confirm that the safety-rubric
reordering reflects a genuine value disagreement rather than
a classifier artifact.
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