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ABSTRACT

Preference-based alignment methods such as Direct Preference Optimization
(DPO) use pairwise preferences labeled by human annotators to fine-tune lan-
guage models. However, annotators carry systematic biases toward some at-
tributes: a name that signals a gender or an ethnicity, a persona, a language variety,
a formatting convention, or length. If not properly addressed, these systematic bi-
ases can be absorbed and amplified during alignment. Existing methods address
length bias or annotator disagreement, but fail to eliminate biases toward arbitrary
attributes. To address this limitation, we propose Bias-Adjusted DPO (BA-DPO),
a generalization of DPO that adds one bias parameter per annotator toward re-
sponses carrying a declared attribute. We prove that the objective is convex in the
bias parameters and that the votes identify each annotator’s bias up to a shared
constant. The remaining constant is what fixes the aligned model’s attribute rate:
by default the rate of the reference model, or a target rate, which we use to bring
a biased policy to statistical parity.

On a corpus with planted biases, DPO drives the attribute from a balanced start to
probability 0.96 and BA-DPO removes 81 to 95% of that shift; on MultiPref with
real annotators it removes about half of DPO’s lengthening. Both hold at 0.5B
with full fine-tuning and at 8B with LoRA, at no higher KL than DPO and no loss
in judged quality.

1 INTRODUCTION

Preference-based alignment has become the dominant paradigm for shaping language model behav-
ior from pairwise preference labels produced by human annotators. Standard techniques, whether
they rely on reinforcement learning with a reward model (Christiano et al., 2017; |Ouyang et al.,
2022; Bai et al., 2022)) or optimize a cross-entropy loss over preference pairs directly, as in Direct
Preference Optimization (DPO) (Rafailov et al.l [2023), inherit the foundational assumption of the
Bradley-Terry model (BT) (Bradley & Terry, |1952): that every human-annotated pairwise compari-
son is a noisy but unbiased measurement of the quality gap between two responses. This assumption
rarely holds. Human evaluators carry systematic preferences for attributes unrelated to quality, such
as a name that signals a gender or an ethnicity (Bertrand & Mullainathan, 2004), a persona, a lan-
guage variety, a formatting convention, or response length (Park et al. 2024} Lu et al.| [2024; |Liu
et al.,|2024). Because standard preference optimization treats every label as evidence of quality, sys-
tematic biases shared across annotators do not average out; instead, they are absorbed and amplified
by the aligned policy as a preference for the attribute itself.

In practice, preference optimization cannot discern why a label was assigned. For instance, if an-
notators consistently favor answers signed with names signaling a specific demographic group, the
objective simply treats the signature as a sign of response quality. Under standard DPO the effect
is large: a policy that initially signs across demographics with equal probability shifts to placing
probability 0.96 on the favored marker. The same happens with real annotators who favor longer
answers or Markdown styling (Section [5).

In this paper, we address the following alignment problem: given preference judgments from anno-
tators and a declared attribute of the responses, how can we train a policy that does not inherit the
annotators’ shared bias toward that attribute?
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We introduce Bias-Adjusted DPO (BA-DPO), which generalizes DPO to possibly biased annota-
tors, where each annotator carries a parameter for how much they favour the declared attribute. The
parameter is added to the reward and does not enter the partition function, so the reparameterization
that lets DPO train without a reward model goes through unchanged (Proposition 2)).

We then characterise what the labels determine. The votes fix every annotator’s bias relative to the
others. What they leave open is one direction: raising all the biases together while lowering how
much the policy itself favours the attribute changes no judgment (Theorem [3] Corollary ). That
direction is what sets the attribute rate of the trained policy. Training from the reference leaves the
rate the reference had, and stating a target rate moves it instead.

BA-DPO fundamentally differs from existing alignment corrections in its underlying formulation.
Single-attribute heuristics like R-DPO (Park et al., 2024) and SamPO (Lu et al., 2024) modify or
regularize length distributions; the attribute is fixed in the objective, and as our experiments show,
correcting it leaves another one in place or substitutes one spurious shortcut for another (Lam-
parth et al.| |2026). Heterogeneity techniques like Group-DRO (Sagawa et al., [2020) and EM-DPO
(Chidambaram et al.,|2026) represent or reweight evaluator disagreement, which addresses how an-
notators differ rather than what they hold in common. Methods like ADPO (Wang, 2025)) remove
unindexed response-level offsets, while BiasDPO (Allam, [2024)) addresses the converse problem of
cleansing biased model outputs using clean preference data. By contrast, BA-DPO models label bias
directly, as additive per-annotator scalars on declared attributes, which separates the bias the anno-
tators share from the quality signal and removes it rather than accommodating it. A more detailed
discussion of prior related literature is provided in Appendix [A]

The primary contributions of this paper are summarized as follows:

1. Problem formulation and method: We formalize the challenge of removing shared, attribute-
directed annotator bias from preference optimization and propose BA-DPO, an efficient objective
requiring one parameter per attribute when annotators are pooled and one per annotator and
attribute otherwise, with no reward model and no dedicated network (Section EI)

2. Theoretical characterization: We prove that the objective is convex in the bias parameters and
that the votes fix every annotator’s bias relative to the others, leaving one direction that sets the
trained policy’s attribute rate (Section 4.

3. Empirical validation: On a corpus with planted biases and on MultiPref (Miranda et al., 2025)
with real annotators, at 0.5B with full fine-tuning and at 8B with LoRA, we show that BA-DPO
removes 81 to 95% of DPQO’s attribute shift on the planted corpus and about half of its lengthening
on MultiPref, at no higher KL than DPO and no loss in judged quality (Section[5).

2 BACKGROUND

Given a prompt x and two responses y1, y2, the Bradley-Terry (BT) model expresses the probability
that y; is preferred over yo (denoted y; > y-) in terms of the difference in intrinsic quality between
y1 and ys:

Py = y2 [ ) = o (r*(z,51) — 17" (2, 42)) Q)
where r* is the latent reward function and o is the logistic sigmoid.
Reinforcement Learning with Human Feedback (RLHF) fits a reward model to pairwise comparisons

and subsequently maximizes expected reward under a KL-divergence penalty of strength 3 > 0
relative to a reference policy 7.f:

max By gy (1) [1(2,9)] = B0k [mo(y | @) || mret(y | 2)] 2)

Rafailov et al.| (2023) observe that this constrained optimization problem has an exact closed-form
solution
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where Z(z) = >, mer(y | @) exp (%r(w, y)) is the partition function. Rearranging terms yields
the implicit reward:
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When substituted back into the BT preference model, the partition function Z(x) cancels out in the
reward difference. Maximum likelihood estimation over preference pairs thus simplifies to a direct
loss over the policy parameters, bypassing explicit reward modeling and reinforcement learning:

o (Y | @) oy | ) )]
Lpo (163 Tret) = —Eg oy |log o ( Blog 2w 12 g1 TOWLLL A1 (5
o) = B o (106 T 2 - s RIS ) 0

The BARP model (Ferrara et al., [2024)) extends Bradley-Terry to account for evaluator bias in pair-
wise ranking. Item ¢ has a true quality score s; and a group attribute indicator §,, € {0, 1}. Evaluator
k carries a scalar bias ), and perceives the score as s; + 0, so that:

pk(i - ]) =0 (Si + 9;6691. -8 — Gkégj) . (6)

Scores and bias parameters are estimated jointly via maximum likelihood. The bias terms vanish for
same-group comparisons (dy, = d,,), which isolate true item quality, whereas cross-group compar-
isons identify evaluator bias. We adopt this formulation as our foundation for developing BA-DPO.

3 BIAS-ADJUSTED DPO

Given a prompt x, an item (a response to the prompt by the language model) y has a latent reward
r*(z,y) and a group indicator dy(,,) € {0,1} recording whether it exhibits the attribute whose
influence we wish to remove. Annotator k& € {1,...,m} carries a bias parameter 6, € R. Under
the BARP model (Ferrara et al., 2024)), annotator k prefers y; to yo with probability

pk(yl >~ Y2 | SU) - 0(7“*(%11/1) + gk 5g(x,y1) - T*(.’E, y2) - gk 5g(:c,y2))7 (7)

so that the annotator acts on a perceived reward 7 (2,y) = 7*(x,y) + 0k 0g(s,,) rather than on 7*
itself. Substituting the DPO reparameterization (@) into (7)), the two copies of 8log Z(z) cancel ex-
actly as they do in standard DPO, because the bias terms are additive to the reward and independent

of the partition function. Given a dataset D = {(k(®), 2y 4}V | in which each comparison
is attributed to its annotator; by applying maximum likehhood over D we obtain the BA-DPO loss:

Leappo (70, {0k} Tret) = —E(k,z,y0 ,y1)~D [bg o(u+ bk)} , (8)
where we write
o (Yuw | ) mo(yi | )
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We write A = dg(2.4.) = Og(zy) € {—1,0,1} for the group difference of a comparison, so

that by, = 0 AJ. The loss is optimised J01ntly over the policy parameters and the m scalar bias
parameters.

Remark 1 (BA-DPO reduces to DPO for unbiased annotators). Setting 6, = 0 for every annotator
in (8) recovers the DPO loss () exactly. DPO is therefore the special case of BA-DPO in which the
annotators are assumed unbiased, which is the assumption of the Bradley-Terry model.

Gradient analysis. The gradient of (8) with respect to the policy parameters is the DPO gradient
with the importance weight o(—u) replaced by o(—u — by),

Vs Leapro = —BEk 2.y0.y)~D [cr(fu —bg) - (V¢ log m(yw | ) — Ve logm(y: | :c))} (10)

When the annotator’s bias favours the winner (b > 0) the weight shrinks and the comparison
teaches less, since part of its outcome is explained by bias; when the winner was preferred against
the bias (b;, < 0) the weight grows; when the two responses share a group, b, = 0 and the update is
DPO’s. The gradient with respect to a bias parameter is the scalar

OLBA-DPO e
87919 = N E(J/’ﬂlmyz)NDk [ ( U= b’f) ’ (69(wayw) - 69($’y1)):|7 (1)

where Dy, are the comparisons provided by annotator k and ny /N their share of the data. The bias
channel adds m scalar parameters, a negligible cost next to the policy; the factor ng /N is decisive
for the optimisation dynamics (see Proposition [6]in Appendix [B.5).
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Per-annotator, pooled, and shared-mean. The model above requires annotator identities. When
they are unavailable the bias channel collapses to a single population-level scalar § € R shared by
every comparison (the pooled variant). When they are available there are two ways to use them: the
naive per-annotator variant with free parameters {6y}, and the shared-mean variant ), = 6 + ¢, in
which the mean is a single parameter updated on every cross-group comparison and the deviations
e, carry the individual structure. When the annotators belong to known classes, a class offset can
be inserted between the two, 0, = 6 + 6. + ;. All variants span the same model class where
they overlap; they differ in optimisation dynamics, and Section 4 and Appendix [F] show that this
difference, not the identity information itself, decides how much bias is removed.

Multiple attributes. For ¢ binary or continuous attributes with group vectors g, € RY, the bias

term generalises to by, = 9_: (Gyw — Gy,) With 0, € R per annotator. The Signed-UltraFeedback
corpus of Section[5|uses ¢ = 2 binary attributes, and Appendix shows that declaring only one of
the two leaves the other in the policy and removes only part of the declared one.

4 THEORETICAL CHARACTERIZATION

This section presents the theoretical characterization of BA-DPO (proofs in Appendix [B).

The first result states precisely the substitution already presented in Section [3]

Proposition 2 (Compatibility with the DPO reparameterization). Let r(x,y) be any reward function
for which Z(x) = -, met(y | z)exp(r(z,y)/B) is finite for every prompt, and let {0}, be
arbitrary evaluator bias parameters. Then the bias-aware preference model can be written
equivalently as

(1 | ) m(y2 | z)

- log —2 12— Blog —22 L 4 01 (S0t vy — Oula
Pr(y1 = y2 | ) o(ﬁ og et (1 [ 2) Blog ety | 2) + 0k (Fg(a.n) g(w2>)>

withw(y | x) = Tt (y | ) exp(r(z,y)/B)/ Z(x).

Proposition 2] is what keeps the construction at one policy: the bias term is added to the reward and
does not involve the partition function Z(x), so it passes through the reparameterization unchanged
and stays outside the policy. Methods for annotator disagreement differ in how much freedom
they give each annotator’s reward. DPO gives none: one reward is fit for everyone, so a bias the
annotators share is represented nowhere except in the policy. Mixture methods give each of K
annotator types its own reward, and since each reward has its own optimal policy, they train K
policies (Chidambaram et al., [2026)). BA-DPO lets annotators differ only in the coefficient 65 on a
declared direction d,, a fixed function of (x, y) with no parameters of its own. A single policy then
carries the reward the annotators share, the annotator-specific part enters the logit as the scalar 6y,
and modelling annotator bias costs m scalars, not K policies.

We now characterise what the observed votes determine about the bias parameters. Part of what they
leave undetermined is inherited from DPO, which cannot see a reward shift that is constant within
a compared pair, because rewards enter the likelihood only through the difference between the two
responses of a pair. The rest is what the bias channel adds, and the theorem holds for an otherwise
arbitrary reward function.

Consider the graph whose vertices are the annotators, with an edge between two annotators whenever
they judged at least one cross-group comparison in common. We say that the annotator pool is
connected if this graph is connected.

Theorem 3 (Identifiability of the bias parameters). The loss L of @), viewed as a function of the
reward values r(x,y) and of 0, is jointly convex in (r,0), and all its minimisers assign the same

probability to every judgment. If the annotator pool is connected and (T, é) is a minimiser, the
minimisers are exactly the pairs

F4cd,+h, 0—cl), ceR,
g

with h any function constant on the two responses of every compared pair. Every difference 0y, — 0/
therefore takes the same value at every minimiser, while their mean 6 = % >k O is not determined
by the judgments.
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Connectedness requires that every annotator judged at least one cross-group comparison, since the
votes of an annotator who never saw the attribute on both sides say nothing about their 6. It holds
whenever annotators are assigned to comparisons at random, as in every corpus here; if it fails, the
theorem applies within each connected group of annotators, each with its own offset. For a fixed
policy, a minimiser in € exists unless some annotator chose the attribute side in every one of their
cross-group comparisons, in which case their 6, diverges.

Theorem [3]is stated in terms of the individual ; it can be restated by decomposing the annotators’
biases into a shared mean and deviations.

Corollary 4 (Reward-bias degeneracy). Write 0, = 0+-cj, with ), ), = 0. Shifting the mean by —c
and adding cd4 to the reward leaves every judgment probability unchanged, so 6 is not determined
by the votes. If the annotator pool is connected, the deviations ¢y, take the same value at every
minimiser.

The degeneracy is intrinsic rather than an artefact of the parameterisation: the likelihood cannot
distinguish between the attribute genuinely carrying reward and every annotator being uniformly
biased toward it. The free constant c is therefore a choice, and what it decides is how much the
trained policy favours the attribute: by Corollary 4, moving ¢ from 6 into the reward multiplies the
policy’s odds for a response over its counterfactual without the attribute by e/# and changes no
judgment probability. Two anchors are natural. Anchoring to the reference takes ¢ such that the
policy gives a response and its counterfactual the same odds as the reference does, so the shared
level of the labels sits in 6 and the policy keeps the reference’s attribute rate; every experiment in
the paper starts from 7,¢ with # = 0 and ends there (Appendix [C.3). Anchoring to a target takes
c such that the outputs meet a stated criterion, for instance statistical parity, an attribute rate of one
half: the required c is found by a one-dimensional search on the rate and applied as a fixed offset
(Appendix [C.4} Appendix[C.5uses it to bring a biased DPO policy to parity). Which anchor is right
is a normative decision, like the attribute partition itself; the labels do not make it.

Proposition 5 (Representability of the bias components). Decompose 0}, = 0 + ¢, with > w €k = 0.
The shared component 0 Og(z,y) IS expressible as a function of (x,y) and can therefore be represented
inside the policy’s implicit reward, whereas the deviation term €y 0y(,.,,) depends on k, which the
policy never observes, and is representable by no policy 7(y | x) unless every i, = 0, that is, unless
all annotators have the same bias.

Proposition [5] says what the policy could express, not what training makes it express. Had the
policy taken up the shared component, the bias parameters would be left with the deviations alone,
and the naive per-annotator and shared-mean variants would then behave alike, since they write
the deviations the same way. In our experiments the shared component goes to the bias parameter
instead: a mean started at zero and a mean started at the offline estimate converge to the same
interior value (Appendix [F.2). The two variants therefore differ only in how they write the same m
parameters, as m free 05 or as a mean plus deviations, and that decides how fast the mean moves.
The shared parameter is updated by every cross-group judgment, while each free 6y, is updated only
by the judgments of its own annotator. Under gradient descent the naive mean is therefore exactly
m times slower (Proposition [6).

Together, these results explain the pattern of the experiments. The deviations are the only com-
ponent the votes determine on their own (Theorem |3) and the only one the policy cannot express
(Proposition[5). Debiasing the policy, however, requires the mean, which is the component the naive
per-annotator variant learns most slowly and the shared-mean variant learns first.

5 EXPERIMENTS

In this section, we test whether DPO absorbs a bias shared by the annotators and whether BA-DPO
removes it, on two corpora: Signed-UltraFeedback (built from UltraFeedback (Cui et al, 2024)),
where the annotators’ biases are planted and the amount to remove is therefore known, and MultiPref
(Miranda et al., 2025)), with real annotators, under length and under formatting. DPO takes up the
bias in every setting and model tested, and BA-DPO removes most of it without moving further from
the reference than DPO does.
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5.1 EXPERIMENTAL SETTINGS

Datasets. The method needs an attribute that can be read from each response and, for the per-
annotator variants, the identity of the annotator behind each judgment. We evaluate four attributes
on two corpora (Appendix [D]has the full details).

Length and formatting can be read from any preference corpus. We use MultiPref (Miranda et al.,
2025)), one of the few public corpora with annotator identities: after removing ties, 30,847 disaggre-
gated judgments on 10,461 comparisons, each judged by four of 227 annotators. A response is long
when it has at least 1.5 times the words of its partner and formatted when it contains Markdown.

We know of no public preference corpus with identified annotators in which the responses carry a
gender- or race-coded marker. We therefore introduce Signed-UltraFeedback, built from the prompts
and response pairs of UltraFeedback (Cui et al., [2024) by ending each response with a signature
whose first name comes from published audit lists (Bertrand & Mullainathanl 2004; (Caliskan et al.,
2017) and is both gender-coded (woman or man) and race-coded (white or black), so that every
response catries two binary attributes at once. Sixty annotators in three classes of 20 vote on each
pair, four per pair, through the biased Bradley-Terry likelihood (7), each with a bias vector 6}, ~
N (jtc,0.8%1). The class means are planted so that both attributes have a population mean near 1.0
in log-odds, the classes agree on the gender-coded attribute, and on the race-coded one a class of 20
leans the other way. The 6 are used only to generate the labels and to score the outcome, never by
a training method. The reference policy signs with each name group equally often, so any bias in a
trained policy comes from the preference stage. We say “gender-coded” and “race-coded” because
the corpus tracks how a text marker propagates through alignment, not human prejudice.

Models and methods. We run every experiment on two models, Qwen2.5-0.5B-Instruct
(Yang et all [2024) and L1lama-3.1-8B-Instruct (Grattafiori et al. 2024), which differ in
scale and in family. The 0.5B model is fully fine-tuned; the 8B model is trained with LoRA (Hu
et al.,|2022)) on all linear layers. Each model and corpus has its own SFT reference, fine-tuned on the
majority-chosen response of each comparison and shared by every method and seed, so that implicit
rewards are comparable (Appendix [E). A third model, Mistral-7B-Instruct-v0.3 (Jiang
et al., [2023), of a different family and with a different tokenizer, repeats the comparison between
DPO and BA-DPO as a robustness check (Appendix [F-3).

We compare the reference, DPO, and the two BA-DPO variants of Section |3} pooled, one scalar
per attribute shared by every annotator, and 6 + ¢, a shared mean per attribute plus one deviation
per annotator. The remaining variants of the bias model are controls for the mechanism, reported at
0.5B in Appendix [F] 3

Baselines. To the best of our knowledge, no method for preference optimisation takes the attribute
as an input that the user supplies and can change between runs. We therefore compare with the
two families that come closest: the corrections built for length bias, which fix that attribute in the
objective, and the methods built for annotator disagreement. Each runs on the corpus of the bias it
was built for and, for the length methods, also under formatting, by a rule fixed before any result
was read (Appendix @]) R-DPO (Park et al., [2024) and SamPO (Lu et al., 2024) target length
bias: they are trained on MultiPref and re-scored under formatting without retraining. R-DPO uses
a = 0.005, because the published 0.02 collapses the policy on this corpus (Appendix [F2)). Group-
DRO (Sagawa et al.l 2020) and EM-DPO with MinMax-DPO (Chidambaram et al., [2026) target
annotator disagreement. Both are our own implementations (Appendix [E.3)). Group-DRO runs on
both corpora, with the annotator classes as groups on Signed-UltraFeedback and the annotators on
MultiPref; EM-DPO runs on Signed-UltraFeedback and at 0.5B only, since its four rounds over
three type policies cost five times the steps of any other method.

Metrics. We evaluate each policy on 300 held-out prompts, computing five metrics from the gen-
erations and held-out judgments (formal definitions in Appendix |[E.4). Each configuration is trained
at three seeds, and we report the mean alongside a 95% confidence interval; the reference policy is
trained once and therefore has no interval.

o Attribute rate: How often the generations carry the declared attribute. On Signed-UltraFeedback,
we compute this exactly from the policy’s output probabilities rather than from sampling: the
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probability mass placed on woman-coded (p(woman)) or black-coded (p(black)) names at the
signature position. On MultiPref, this is the mean token count for length bias, and the markdown
rate reweighted onto the reference’s length distribution for formatting bias, so that a policy cannot
lower the measured rate by producing shorter answers alone.

* Bias removed: The proportion of the gap in attribute rate between standard DPO and the reference
policy closed by the method. This is computed per seed against the corresponding DPO seed,
scaled such that 0% is DPO and 100% is the reference.

* Held-out gap: The difference in the policy’s implicit reward accuracy between held-out judgment
pairs that differ on the attribute, and pairs that do not. A biased policy predicts annotator labels
better exactly when the attribute differs; a gap approaching zero, while same-group accuracy
holds, shows that the bias has left the implicit reward.

* RM and RM~: The judge’s score, from Skywork-Reward-V2-Qwen3-1.7B (Liu et al,
2026). RM~ is the score after uniformly stripping the attribute from all generations (that is, remov-
ing signatures in Signed-UltraFeedback or markup in formatting). No length-invariant transform
exists for length bias, so there we report the raw RM score and read it with caution.

* KL: The per-token Kullback-Leibler divergence from the reference, estimated on the policy’s own
generations. This distinguishes methods that remove the bias by changing the policy from those
that stay close to the reference distribution.

5.2 SIGNED-ULTRAFEEDBACK

DPO absorbs the bias on both attributes and on both models (Table , moving from the near-
balanced reference to 0.96 to 0.99. BA-DPO removes 81 to 95% of that shift, with both variants
and on both models, at no cost in judge score and at about two thirds of DPO’s KL: the policy still
differs from the reference, but not along the attribute.

The two BA-DPO variants give the same policy to within about 0.01 everywhere, although pooled
has one parameter per attribute and 6 + ¢, has a mean and sixty deviations. Propositionpredicts
this: a deviation depends on who voted, which the policy never sees, so only the shared mean
can reach it. Appendix tests this prediction with the annotator identities shuffled and with the
annotator classes given. The race-coded attribute is removed less than the gender-coded one at 0.5B,
81 against 89%, although both were planted at the same mean. A shared scalar is fitted to how the
population votes, not to how it is biased, and here the classes disagree, so the votes partly cancel:
on the pairs that differ only in the name the attribute-carrying side wins at log-odds 0.70 against a
realised mean bias of 1.13, and the learned scalar settles at 0.62 to 0.68. The part of the bias the
scalar does not absorb stays in the policy.

The deviations do not change the policy, but they do estimate each annotator’s own bias. The learned
0, = 0 + ¢y, correlate with the planted 0 at » = 0.95 on the gender-coded attribute and 0.98 on the
race-coded one, on both models. When we use them to predict each annotator’s held-out votes, they
are as accurate as the planted 6 (both as 0.752 at 0.5B). The pooled scalar gives every annotator
the same bias, so for the class that leans against the race-coded attribute its predictions are no better
than chance (Appendix [G).

Neither baseline removes the bias. Group-DRO removes 4 to 18%: it reweights the groups it is
given, and a bias that every group shares is not disagreement between groups. EM-DPO does not
recover the classes, one type ending up with 54 to 58 of the 60 annotators, and leaves the gender-
coded attribute at DPO’s level; its 61% on the race-coded one is averaging rather than removal, since
part of the mixture sits on a type policy carrying the opposite bias.

5.3 MULTIPREF: LENGTH BIAS

On MultiPref the annotators are real and length has no natural target, since a longer answer is
sometimes the better one. The token count therefore says how far the policy moved, not whether
it stopped in the right place. We read the held-out gap for that: it compares how well the policy’s
implicit reward predicts these annotators’ labels on held-out pairs that differ on the declared attribute
with how well it predicts them on pairs that do not.

Table [2] reports the results. Under DPO the policy produces answers 96 tokens longer than the
reference at 0.5B and 68 tokens longer at 8B, with held-out gaps of 0.13 and 0.09. BA-DPO removes
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Table 1: Signed-UltraFeedback, two attributes and three annotator classes. Columns as defined in
Section|[5.1} mean and 95% interval over three seeds. RM~ is comparable within a model only.

Method p(woman)  Removed p(black) Removed RM~™ KL
QOwen2.5-0.5B-Instruct, full fine-tuning

Reference (SFT) 0.498 — 0.517 — —3.30 —

DPO 0.964 £ 0.005 — 0.991 £ 0.001 — —2.63 £0.28 0.038 +0.001
BA-DPO (pooled) 0.549 +0.008 89 +2% 0.608 £0.017 81+4% —2.66=+0.29 0.026 + 0.001
BA-DPO (0 + ¢y,) 0.542+0.011 91 +2% 0.595+0.018 83+4% —2.76+0.35 0.026 + 0.001
Group-DRO DPO 0.927 +£0.016 8+3% 0.9414+0.018 11+4% —2.6240.08 0.035 4 0.001
EM-DPO + MinMax-DPO 0.923 +£0.109 9+24% 0.702+0.157 61 +33% —2.63+0.10 0.041 + 0.007
Llama-3.1-8B-Instruct, LORA

Reference (SFT) 0.465 — 0.521 0.41 —

DPO 0.967 + 0.012 — 0.986 + 0.005 — 1.43 £0.17 0.021 +0.002
BA-DPO (pooled) 0.492 +£0.002 95+ <1% 0.555 +0.002 93 + <1% 1.414+0.26 0.013 £ 0.003
BA-DPO (0 + &) 0.491 £0.002 95+ <1% 0.5524+0.002 93 + <1% 1.49+0.12 0.014 4 0.002
Group-DRO DPO 0.945+£0.018 44+2% 0.904 £0.020 18 +3% 1.4440.25 0.020 £ 0.003

Table 2: MultiPref with length declared. Columns as in Section mean and 95% interval over
three seeds; RM is the raw judge score, which rises with answer length (Section[5.3).

Method Tokens Removed Gap RM KL
Owen2.5-0.5B-Instruct, full fine-tuning

Reference (SFT) 288.6 — — —1.34 —

DPO 384.5 £ 3.7 — 0.126 £0.022 —0.66 =0.16 0.033 £ <0.001
BA-DPO (pooled) 341.3+87 45+10% 0.019+0.045 —0.66+0.20 0.033 +0.001
BA-DPO (0 + ¢1,) 335.3+£74 51 +8% 0.001 £0.032 —0.78 £0.30 0.032 £ 0.001
R-DPO (o = 0.005) 310.8 +10.3 77+10% —0.040+0.007 —0.744+0.38  0.035 =+ 0.002
SamPO 4209+44 —-38+8% 0.088+0.023 —0.76 +0.07  0.044 £ 0.002
Group-DRO DPO 389.9+43 —6+3% 0.122+0.032 —0.53+0.24 0.032 + 0.002
Llama-3.1-8B-Instruct, LORA

Reference (SFT) 309.7 — — 4.85 —

DPO 378.2+£4.7 — 0.095 £ 0.008 6.52 +0.11 0.018 £ 0.001
BA-DPO (pooled) 343.9+ 2.6 50 + 4% 0.034 £ 0.032 6.10 +0.02 0.018 + <0.001
BA-DPO (§ + ¢1) 346.9 £ 6.5 46 + 6% 0.046 £0.013 6.10+0.09 0.018 + <0.001
R-DPO (o = 0.005) 317.44+2.9 89 +4%  —0.038 +0.004 5.73+0.17 0.020 £+ 0.001
SamPO 382.8+3.1 —7+9% 0.061 £ 0.024 6.70 +£0.54 0.022 + <0.001
Group-DRO DPO 381.44+12.1 —-5+11% 0.097 £0.016 6.49 + 0.34 0.018 £+ 0.001

45 to 51% of that increase and reduces the gap to 0.02 and 0.00 at 0.5B and to 0.03 and 0.05 at 8B.
Its learned scalar converges to 0.77 to 0.81 at 0.5B and to 0.69 to 0.71 at 8B, below the offline
estimate of 0.99, which counts every win of the longer response as bias.

Each baseline misses the bias in a different way. R-DPO removes more tokens than BA-DPO does,
77 to 89% of DPO’s increase, but its gap becomes negative, —0.04 at both scales: the policy now
prefers the shorter response on the pairs that carry the attribute, which inverts the bias rather than
removing it. Under SamPO the policy is longer than under DPO (—38% and —7%), and Group-DRO
changes neither the length nor the gap, since a bias that every annotator shares is not disagreement
between annotators. At 8B the judge ranks the methods in order of their length, from 4.9 for the
reference to 6.7 for SamPO, so BA-DPO’s 6.1 against DPO’s 6.5 cannot be separated from the
tokens removed. The held-out gap does not use the judge, which is why we report it here.

5.4 MULTIPREF: FORMATTING BIAS

The data is the same as in Section[5.3] with formatting declared in place of length: the same annota-
tors and the same judgments. The two attributes are favoured about equally in the labels, markdown
winning at log-odds 0.98 and length at 0.99, but DPO amplifies only one of them. Under length it
adds 96 tokens, many times the spread across seeds, while under formatting it raises the markdown
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Table 3: MultiPref with formatting declared, on the judgments and annotators of Table 2} Columns
as in Table[2] No removal share is given because DPO moves the markdown rate by less than its seed
interval (Section [5.4). The length baselines are their Table [2] checkpoints scored under formatting
without retraining.

Method Rate Gap RM™ KL
Owen2.5-0.5B-Instruct, full fine-tuning

Reference (SFT) 0.583 — —1.51 —

DPO 0.618 £0.053  0.066 +0.025 —0.984+0.14 0.033 £ <0.001
BA-DPO (pooled) 0.592 +£0.027 0.004 £0.013 —0.89+£0.12 0.032 £ 0.002
BA-DPO (0 + €1) 0.581 +£0.034 0.000+0.051 —0.864+0.19 0.032 4+ 0.002
R-DPO (e = 0.005, re-scored) 0.634 +0.003 —0.039 £0.039 —0.98+0.34 0.035 % 0.002
SamPO (re-scored) 0.636 £0.049 0.053+0.024 —1.164+0.15 0.044 4+ 0.002
Llama-3.1-8B-Instruct, LORA

Reference (SFT) 0.560 — 4.67 —

DPO 0.567 £0.034  0.067 £ 0.016 6.18 = 0.12 0.018 £ 0.001
BA-DPO (pooled) 0.536 £0.018  0.033 + 0.033 6.05 +0.03 0.018 £+ 0.001
BA-DPO (0 + ¢x) 0.539 £0.022  0.033 £ 0.046 6.08 = 0.09 0.018 4+ <0.001
R-DPO (a = 0.005, re-scored) 0.568 +0.041 —0.031 +0.029 5.50 +0.15 0.020 £+ 0.001
SamPO (re-scored) 0.569 £0.013  0.040 % 0.007 6.34 +£0.54 0.022 4+ <0.001

rate by 0.035, less than the +0.053 interval on that rate. The rate is therefore a weak readout here,
since DPO barely moves it, and we read the held-out gap instead.

DPO opens a gap of 0.066 (Table [3). BA-DPO closes it to 0.004 and 0.000 while leaving the
markdown rate where the reference had it. At 8B DPO does not raise the rate beyond seed noise
(0.567 £ 0.034 against 0.560), and still opens a gap of 0.067, which both BA-DPO variants halve.

Neither length method can be given another attribute, and correcting length does not correct format-
ting: R-DPO turns the gap negative again (—0.039) and SamPO leaves it near DPO’s level (0.053).
At its published strength, o« = 0.02, R-DPO raises the markdown rate to 0.70, above DPO, in
answers collapsed to 138 tokens (Appendix [F2)): the pressure DPO had put on length has moved
to markdown. On two attributes of one corpus this is the substitution pattern of |Lamparth et al.
(2026), and it is what declaring the attribute avoids. Appendix shows the same pattern inside
Signed-UltraFeedback when only one of its two biased attributes is declared.

6 CONCLUSIONS

We addressed the vulnerability of preference optimization to a bias that annotators share by intro-
ducing Bias-Adjusted DPO (BA-DPO), a generalization of DPO that adds one bias parameter per
annotator for each declared attribute. We proved that the objective is convex in these parameters and
that the votes fix every annotator’s bias relative to the others. How much of the shared bias counts
as quality is left to one free choice, which sets the aligned policy’s attribute rate. On three models,
BA-DPO removed 81 to 95% of the shift DPO absorbs on planted biases and about half of the length
DPO adds on MultiPref, with no higher KL to the reference than DPO and no loss in judged quality
wherever the judge can be read independently of the attribute.

Limitations and future work. BA-DPO removes only the bias it is told about: the attribute must
be declared and computable from the response, and an attribute that is not declared stays in the policy
(Appendix [F.I). Because the labels do not fix the shared level of the bias, the default anchor keeps
the reference’s attribute rate, including any bias the reference already has; a target rate removes it,
but the target must be chosen. That level could instead be estimated from a small set of judgments
by annotators known to be unbiased. Our evidence comes from one reward-model judge, one corpus
with real annotators whose two attributes are both surface features, and LoRA at 7B and 8B; a corpus
with annotator identities and a social attribute, such as a persona or a language variety, is the natural
next test. Since the bias term is additive to the reward, it also applies to reward-model training and
to other pairwise objectives such as [PO (Azar et al.l [2024), and the per-annotator estimates could
flag biased annotators while a pool is still being labelled.
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In this work, we used generative Al tools (Claude Code with Fable 5.1 and Opus 5) as a coding
assistant and to polish the writing of the manuscript. We have reviewed all Al-assisted code and
text, and we take full responsibility for the final content of this work.

ETHICS STATEMENT

This work aims to reduce the influence of systematic annotator bias on aligned language models.
Two cautions apply. First, the partition of response attributes into bias to be removed and quality to
be preserved is a declared input, since preference data determine the biases only up to a common
offset; the choice is normative and should involve the stakeholders affected. Second, per-annotator
modelling requires annotator identifiers and produces per-person bias estimates; we recommend
treating both as personal data, and we use only datasets whose identifiers were pseudonymised by
their publishers.

REPRODUCIBILITY STATEMENT

All models (Qwen2.5-0.5B-Instruct, Llama-3.1-8B-Instruct and Mistral-7B-
Instruct-v0.3, with Skywork-Reward-vV2-Qwen3-1.7B as the judge) and datasets
(ultrafeedback binarizedand allenai/multipref) are public. Every reported num-
ber derives from a logged run keyed by (method, parameters, seed); every cell of the main ta-
bles is a mean over seeds 42, 123 and 456 with a 95% interval, and single-seed appendix rows
are labelled as controls. Complete data-generation procedures and hyperparameters are in Ap-
pendices to [E] All runs used a single NVIDIA A100 80GB GPU; the peak memory and
duration of each kind of run are given in Appendix [E| The source code, with the configura-
tion of every experiment and the commands that reproduce each table, is available at https:
//github.com/Ambress92/BA-DPO.
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A RELATED WORK

Length bias in RLHF and DPO. A substantial line of work identifies the tendency of preference-
trained models to exploit response length as a proxy for quality. [Park et al.| (2024) study length
exploitation in DPO specifically and propose a regularisation strategy, [Lu et al.| (2024} eliminate
length reliance through down-sampled KL divergence, and |Liu et al.| (2024) desensitise DPO to
length by decoupling explicit length preference from implicit quality signals. [Wang et al.| (2025a)
show that length is not the only such bias: reward models also favour the response format that the
prompt template invites, and correcting length alone leaves that preference in place. On the reward-
model side,|Zhao et al.|(2026)) learn and correct length-bias patterns before preference optimisation,
while [Shen et al.[ (2023) and |Chen et al. (2024) give the reward model a separate head for length
and discard it when the policy is trained. All of them build length into the objective; BA-DPO treats
length as one instance of a per-annotator additive bias on an attribute the user declares, and our
experiments show that correcting length leaves a second attribute in place.

Format and other spurious features. Beyond length, [Zhang et al.|(2025) show that format fea-
tures such as lists, markdown and emojis bias alignment in the same way, and Wang et al.| (2025b)
propose causal reward models addressing several bias types jointly. |[Ng et al|(2025) learn a rep-
resentation that separates the factors the reward should depend on from the spurious ones, with
identifiability guarantees. These operate at the reward-model level, whereas BA-DPO corrects at
the preference-likelihood level and so remains compatible with the reward-model-free setting DPO
defines. |Allam| (2024) address a different problem under a similar name: they use DPO to make a
model produce less biased text, with a curated dataset in which the less biased of two completions is
always the preferred one. There the bias is in the model’s outputs and the labels are the correction;
here the bias is in the annotators’ labels and the outputs are what it corrupts. Their preferred com-
pletions carry the quality signal to be learned, whereas our declared attribute carries the bias to be
removed.

Bias-only models. Training a separate term on a declared biased feature alongside the main model
and dropping it at test time is the standard way to keep a classifier from relying on a known dataset
bias (Clark et al.l 2019; [He et al., [2019; |[Karimi Mahabadi et al., [2020). BA-DPO is that construc-
tion inside preference optimisation: the bias term is additive in the reward, so it survives the DPO
reparameterisation and needs no second network, and its coefficient is per annotator, which those
methods have no analogue for because their corpora carry no annotator identity.

Annotator heterogeneity. Standard RLHF treats all annotators as sampling from one latent re-
ward. [Xiao et al.|(2025)) analyse the algorithmic bias this induces and show that RLHF can exhibit
preference collapse under annotator disagreement. In the taxonomy of [Liu et al.| (2025), BA-DPO
belongs to the data-quality heterogeneity branch, alongside methods that model disagreement as a
mixture over latent preference types (Chidambaram et al.,[2026)) or as preference dispersion (Chen
et al.| 2025)); |(Chhan et al.| (2024) use annotator identifiers to infer per-user reliability in preference-
based reward learning, though not within DPO. ADPO (Wang| 2025) anchors the policy’s logits to
the reference so that a response’s prior popularity is separated from its quality; the offset it removes
is common to every response and carries no annotator identity, so it does not address a preference
for an attribute that only some responses carry. Those methods represent or balance disagreement,
whereas BA-DPO models it as an additive bias on a declared attribute, which is what makes removal
rather than accommodation possible, and separates what its parameters do: the mean removes the
bias and the deviations describe the annotators.

B PROOFS

Throughout, judgments are indexed by j = 1,..., N; judgment j; was made by annotator k(j) on
prompt x;, with winner y,, ; and loser y; j, and Ad; = gz, .y, ;) — Og(z; ;) € 1—1,0,1}. We
write o

o(t) = —logo(t) =log(1+¢™"),  ¢'(t)=—o(~t),  ¢"(t) = o(t) o(—t) >0,
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so that the negative log-likelihood of any model whose logit on judgment j is L; equals > j o(L;).

B.1 PROOF OF PROPOSITION 2]

Proposition 2 (Compatibility with the DPO reparameterization). Let r(x,y) be any reward function
for which Z(z) = -, met(y | x)exp(r(z,y)/B) is finite for every prompt, and let {0}, be
arbitrary evaluator bias parameters. Then the bias-aware preference model can be written
equivalently as

m(y1 | x) m(y2 | ) )
— z) = log —————= — fBlog ———= + 0k (dy(x.u1) — Vg(z.ys
pre(y1 = yo | ) 0(5 8 et (o 1) B 8 (2| 2) k(Og(e.n) = Og(am))

withw(y | x) = Teet(y | ) exp(r(z,y)/B)/ Z(x).

Since Z(x) is finite and positive, 7(y | ) = mwet(y | z)exp(r(z,y)/B8)/Z(x) is a probability
distribution over responses for every prompt. Taking logarithms and solving for the reward,

m(y | z)
et (Y | 7)

which is the reparameterisation of Equation 5 of Rafailov et al.|(2023]).

r(z,y) = Blog + Blog Z(x),

Now substitute this expression for r into the logit of the biased Bradley-Terry model (7):
T(LU, yl) + 9k 5g(r,y1) - T(SL’, y2) - 9k (Sg(m,yg)

(v | ) m(ys | )
= flog ———= + Blog Z(z) — flog ———= — Blog Z(x) + 0k (04(z.41) — Og(z,us
Blog o) T PlogZlw) = Blog —= 0 s — Blog Z(x) k(g (z01) — Og(e.u2))
m(y1 | x) m(y2 | x)
= fBlog ———~ — Blog —=——~ + 01 (0g(x.y1) — Og(z.y))-
B gﬂref(yl\x) b gﬂref(yﬂx) k(g( Y1) g( ,y))

The two copies of 3log Z(z) cancel because both responses share the prompt, and the bias terms
pass through untouched because they are added to the reward and do not involve Z(z). Applying
o to the last line gives the stated form. A bias that entered multiplicatively, or through the partition
function, would not cancel in this way. O

B.2 PROOF OF THEOREM[3]

Theorem 3 (Identifiability of the bias parameters). The loss L of (§), viewed as a function of the
reward values r(x,y) and of 0, is jointly convex in (r,0), and all its minimisers assign the same

probability to every judgment. If the annotator pool is connected and (T, é) is a minimiser, the
minimisers are exactly the pairs

F4cd,+h, 0—cl), ceR,
g

with h any function constant on the two responses of every compared pair. Every difference 0), — 0}/
therefore takes the same value at every minimiser, while their mean 0 = i >k O is not determined
by the judgments.

We first write the logit. For judgment j the logit of the bias-aware model is
Lj(r,0) = r(xj, Ywj) = (@5, 415) + () A5

As a function of the reward values and the bias vector together, L; is a sum of parameters with
coefficients +1, —1 and Ad;, hence affine. For a fixed policy the reward difference is a constant u;
and L; = u; + 0;)Ad; is affine in ¢ alone. The negative log-likelihood is

ﬁ—fjgb(Lj)-

Convexity follows. ¢ is convex because ¢” > 0. A convex function composed with an affine map is
convex, and a sum of convex functions is convex. Hence L is convex in (r, §) jointly for an arbitrary
reward, and in particular convex in 6 for a fixed policy.
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All minimisers give the same probabilities. Let (r,¢) and (', 6") both minimise £, with logits L;
and L;. Their midpoint has logits %(Lj + L;), because L; is affine, and by convexity it minimises
L as well. Since ¢ is strictly convex (¢” > 0),

ZQS(LJ;L;) < 5D 0(L) + 5 o),

with equality if and only if L; = L;- for every j. All three quantities equal the minimum of £, so
equality holds, the logits agree, and so do the probabilities o(L;).

For the strictness of the dependence on a single 6y, take the direction that moves only . Since
OL; /00, = Ad; when k(j) = k and 0 otherwise, the second derivative of £ along this direction is

a2£ 7 L Aé‘?
o = 2 VA
I k(G)=k
Every term is non-negative, and a term is positive exactly when Ad; # 0, that is, when judgment j
is a cross-group comparison. So the second derivative is positive at every point as soon as annotator
k has one cross-group judgment, which is strict convexity in 6.

For the characterisation of the minimisers, let (r, 0) and (/,6’) be two parameter vectors and write
dr ==r' —rand df := 0’ — 0 for their difference. The probability assigned to judgment j is o(L;),
and o is strictly increasing, so the two vectors assign the same probability to every judgment if and
only if L;(r',8") = L;(r,0) for every j. Because L; is affine, this is the linear system

dr(zj, Yw,j) — dr(z;,yi;) + dOyy Ad; =0 forallj=1,...,N. (12)
It remains to show that the solutions of (T2) are exactly the pairs (dr,df) with df = —c1 and
dr — cd,4 constant on the two responses of every compared pair, for some ¢ € R.

We solve the system one compared pair at a time. Fix a compared pair (y;,y2) on prompt = and let
K be the set of annotators who judged it. If the pair is same-group, then Ad; = 0 for each of these
judgments and reads

dr(z,y1) = dr(z,y2).
If the pair is cross-group, then for each annotator k£ € K, whichever response that annotator chose,

(12)) reads

dr(z,y1) — dr(z,y2) = — dOg, (Sg(u.y1) — Og(w.a))- (13)
(If the annotator chose y2, both sides of (I2)) are the negatives of those in (I3)), so the equation is the
same.) The left side of @]) does not depend on k, and the bracket on the right is £+1, so df, takes

the same value for every k € K: annotators who judged the same cross-group pair have the same
doy.

Connectedness spreads this common value. Two annotators joined by an edge of the graph, that is,
who judged a cross-group pair in common, share the same df. When the pool is connected, any two
annotators are joined by a chain of such edges, so the value is the same along the chain and hence
for the whole pool: there is a single constant ¢ with

df = —c forevery k, that is, df = —cl.

Next the reward part. Substitute df;, = —c back into (I3)): every cross-group pair satisfies

dr(z, y1)—dr(x,y2) = ¢ (8g(z.1)~0Og(w.) ) that is, (dr—cég)(z,y1) = (dr—céy)(z, y2).
Every same-group pair satisfies the same equality, because there dr(z,y1) = dr(z,y2) and
Og(zyr) = Og(w,yz)- SO dr — cdy is constant on the two responses of every compared pair. This
proves that every solution of (I2)) has the stated form.

Conversely, take any c, any dff = —cl, and any dr such that dr — cd, is constant within every
compared pair. For judgment j,

dr(zj,yw.3) = dr(@;,915) = ¢ Og(a,m.,) = Oa(aym ;) = ¢A; = = dbr(j) Adj,
so (T2) holds, and the solutions are exactly as claimed.
It remains to put the two halves together. Any two minimisers have the same logits, so their differ-
ence solves (12), and conversely every solution leaves all logits and hence £ unchanged. The min-

imisers are therefore exactly the stated family. Any two of them have df = —c1, so dfy, — dfy = 0:
they agree on every difference 8, — 0+, while the common level of 8 shifts by c. O
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B.3 PROOF OF COROLLARY [4]

Corollary 4 (Reward-bias degeneracy). Write 0, = 0+-cj, with ), ), = 0. Shifting the mean by —c
and adding c 04 to the reward leaves every judgment probability unchanged, so 0 is not determined
by the votes. If the annotator pool is connected, the deviations ¢y, take the same value at every
minimiser.

The transformation r = r 4 cdy, 0 — 0 — cl is the case of Theorem in which the within-pair-
constant part of the reward shift is zero, so the invariance follows from the theorem. The direct
check is short. The logit for a comparison (y.,, ;) by annotator k is

L=r(z,yw) —r(z,y) + Ok (59(-'579111) - 551(3?4”))'

After the transformation it becomes

L' = (r(@,yw) + ¢0gy.)) = (M@, 90) + ¢gp) + Ok = ) (Fgapa) — o))
=1(@,4w) = (2, 3) + (Igapn) ~ Ia@an)) ~ ¢Og(ew) ~ d@an) + Ok (Og@p) — Saaan))
= L.
Every logit, and so every likelihood term, is unchanged, so the data cannot distinguish (, ) from
(r+cédy,0—c).

For the deviations, Theorem [3| shows that every difference 0, — )/ takes the same value at every
minimiser. Each deviation is an average of such differences,

m

o1
O —0=—> (6s — ),

k'=1

so each e, = 05, — 6 does too. O

B.4 PROOF OF PROPOSITION[3]

Proposition 5 (Representability of the bias components). Decompose 0}, = 0+, with > w €k = 0.
The shared component 0 Og(z,y) is expressible as a function of (x,y) and can therefore be represented
inside the policy’s implicit reward, whereas the deviation term ey 0y, depends on k, which the
policy never observes, and is representable by no policy 7(y | x) unless every i, = 0, that is, unless
all annotators have the same bias.

Write 0, = 0 + ), with > . €k = 0. The bias contribution to the logit of a comparison splits into
two terms,

Ok (0g(a) = Oatean)) = 0(0gten) = Fg(awn)) +k (g(ayn) = Ogen)) -

does not depend on k depends on k

The first term can be moved into the reward. Define
f(l', y) = T(LC, y) + gdg(r,y)

Since dy(;.,) is a function of the prompt and the response only, 7 is a reward function on (z, y) like
any other, and the reward difference of 7 on a comparison equals the reward difference of r plus the
first term. By Proposition [2] 7 admits a policy representation, so the shared component of the bias
can be carried by the policy’s implicit reward.

The second term cannot. Suppose there were a function h(z, y) with
€k Og(z,y) = N, y) for all k and all (x, y).

Pick any (z,y) with dg(,,) = 1; one exists whenever the attribute occurs in the corpus. Then
ex = h(z,y) for every k, so all deviations are equal to one number, and since they sum to zero that
number is 0. Hence the second term is a function of (z,y) only when every ¢, = 0, that is, when all
annotators have the same bias. Otherwise no policy my(y | «), whose implicit reward is a function
of (x,y), can represent it. O
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B.5 THE SPEED OF THE MEAN UNDER THE TWO PARAMETERISATIONS

Proposition 6 (The mean learns m times more slowly). Assume annotators contribute equal data
shares and gradient descent with a common learning rate on the bias parameters. Under the shared-
mean parameterisation 0, = 0+ ex, one step moves the shared parameter 0 exactly m times further
than the same step moves the mean of the 0y, under the naive per-annotator model, and moves the
deviations from the mean identically.
By (L), the gradient of the loss with respect to 6 is

8£ ng

00, = N G, Gr = —E(o,y. ) ~Ds

and with equal shares ny = N/m this is G /m.

CT(—?.L— bk)A(S s

In the naive per-annotator model each 6y, is its own parameter, so one gradient-descent step with
learning rate 77 moves it by —1 G, /m, and the mean of the parameters moves by

N Gy, n — — 1 &
M:EZ(—nE)— -1a, G._E;Gk.

k=1

In the shared-mean model 6, = 6 + ¢y, the parameter 6 enters every 6, with coefficient 1, so by the

chain rule
G, —
20 Zagk Z - =G,
k=1

and one step moves # by —n G, which is m times the motion of the naive mean.

For the deviations, the gradient on &, equals the gradient on ), namely Gy /m, because ¢, enters
only 65 and with coefficient 1. In the naive model the deviation of §; from the mean of the 6’s

therefore moves by

_nﬂ_M_ (i -a).

In the shared-mean model, 6 moves by —1 G — 1 G /m and the mean of the 0’s by —n G —
n G /m, so the deviation moves by the same amount, —2 (G, — G). The constraint >, &, = 0 of
Proposition [5]is a decomposition, not a constraint enforced in training; the mean of the ¢, drifts by
—1 G/m per step, the same m-times smaller motion as the naive mean. O

A rough estimate under Adam. The bias parameters are trained with Adam, which divides each
coordinate’s step by a running estimate of the magnitude of its gradient. Consider a coordinate
whose gradient in a step equals g # 0 with probability p and 0 otherwise, independently across
steps, and Adam with learning rate 7, moment parameters /31, 32 and a negligible stabiliser €. The
first-moment estimate m; is an exponential average of past gradients, so at stationarity E[m;] = pg.
The second-moment estimate v; averages past squared gradients over a window of about 1/(1 — 2)
steps, which for the default B, = 0.999 makes it close to its mean p g?. The expected step is
therefore Ejm,]
m
-1 \/—tz = —n+/p sign(g),
pg

against —n p g under gradient descent: a coordinate updated in a fraction p of the steps moves at a
rate proportional to ,/p rather than p. In a step of B judgments of which b are cross-group, a free
0y receives a gradient only from its own annotator’s cross-group judgments, so py ~ b/m when
the judgments are spread evenly over the m annotators, whereas 6 receives a gradient whenever the
step contains any cross-group judgment, so p ~ 1. The shared parameter therefore moves about
y/m/b times further per step than each free 0y, and than their mean, in place of the factor m of
Proposmon [l In our runs B = 32; on MultiPref, with 227 annotators and 59% of the judgments
cross-group, the factor is about 3.5 against 227 under gradient descent. This is an estimate, not a
proven result: it takes the gradient as constant when present and does not model the policy’s own
motion, so it orders the two parameterisations and does not predict where the naive mean stops.
The measured runs answer that: the free mean ends at 0.50 of 6 under formatting and at 0.61 under

length (Appendix [F.2).
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C THE COMMON OFFSET AND THE CHOICE OF ANCHOR

Theorem [3| and Corollary [4| state that the labels determine the annotators’ biases up to a common
offset. This appendix says what that offset is in terms of the policy, why the reference policy fixes it
in every experiment of the paper, and how a requirement on the outputs can fix it instead. Nothing
here adds an assumption: the results are those of Sectiond] read in a coordinate in which the offset
is visible. We write the argument for one binary attribute; with several attributes it applies to each
coordinate of 0 separately, and the swap pairs of Signed-UltraFeedback, which flip exactly one
attribute, are the pairs it refers to.

C.1 THE POLICY’S TILT TOWARD THE ATTRIBUTE

By Proposition [2| the policy enters the likelihood only through its implicit reward
m(y | )
Tret (Y | x)’
a score the policy assigns to every response relative to the reference: positive where the policy has

made the response more likely than the reference did, negative where less. The logit of a judgment
by annotator k is 7(x, Y ) — 7(z,y1) + Ok Ad With Ad = 0g(4.y.) — Og(z,u1)-

r(z,y) == Blog

For a response y that carries the attribute, 6g(x}y) = 1, let § denote its counterfactual: the same
response with the attribute removed or exchanged, so that dy(,. ) = 0. The #ilt of the policy toward
the attribute at (z, y) is the extra score it gives to the version that carries the attribute, beyond what
the reference gives it:
o N W(y ‘ 1.) Wref(y | {E)

a(z,y) =r(z,y) —r(z,y) = B |log 71 log reet(5 [ )

Every score then splits into the score of the attribute-free version and the tilt,
r(z,y) = q(x,y) + a(z,y) 5g(a,y)

where ¢(z,y) is r(z,y) when y carries the attribute and r(z,y) otherwise. This is a change of
variables, not a model: g is the part of the score that concerns the answer itself, and « is the part that
concerns the attribute. The tilt is a function of (x, y), which the policy can represent (Proposition;
the case to keep in mind is the one in which it takes a single value a for every response, since that is
the part of the tilt on which the degeneracy acts.

The two kinds of comparison in the data now read differently. On a pair whose two responses differ
only in the attribute, ¢ cancels and the logit of annotator k is

a + O,

the policy’s tilt plus the annotator’s bias and nothing else. On a pair whose two responses carry the
same attribute value, the tilt cancels and the logit is ¢(z, y.,) — ¢(=, y;), quality alone. Mixed pairs
combine the two.

C.2 WHAT THE LABELS DETERMINE

The transformation of Corollary {4 r — r + cd4 and 0, — 0), — c for every k, adds c to the tilt
of every response and subtracts ¢ from every bias, and every logit is unchanged. In the coordinates
above, Theorem 3]says three things.

1. The quality part ¢ is determined up to the shifts that standard DPO cannot see either, a constant
within each compared pair.

2. For every annotator the sum a + 8y, is determined. Hence every difference 0}, — 0y is determined,
and in the parameterisation ), = 0 + €, every deviation €, is determined.

3. The split of a + 6 into a and 6 is not determined.

The common offset is therefore not a parameter but a direction: the line @ + 6 = const in the (a, 0)
plane, along which the likelihood is flat. Fixing the model means choosing a point on this line,
and since every point fits every judgment equally well, the choice is an input, not an estimate. The
statistical content is the one stated after Corollary fi} a bias shared by every annotator cannot be
told apart from the attribute genuinely carrying reward. Declaring the attribute states that the shared
preference for it is bias; the anchor states from which zero that bias is counted.
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C.3 REFERENCE ANCHORING

Every run in this paper starts from the reference, m = 7., S0 at initialisation r = 0, a = 0 and
0 = 0. Training moves a + 6 to the value the labels demand. Which of the two moves is decided
by the dynamics, not by the objective: the scalar has a convex path to its conditional optimum
(Theorem [3) and its own learning rate, whereas the policy moves through a non-convex landscape
under the KL anchoring, so the level goes into 6 and a stays near zero (Section {4 Proposition
explains why the naive per-annotator model gets there m times more slowly). The learned 6 is
therefore the annotators’ shared tilt toward the attribute measured relative to the reference, and the
debiased policy’s attribute rate is the reference’s rate.

Three consequences follow. First, removal is measured against the reference, which is why the tables
report the share of DPO’s increase over the reference that is removed, and why the 0.5B reference of
Signed-UltraFeedback is balanced on both attributes by construction (Appendix [D.2): the bias then
arrives through the preference stage alone. Second, a reference that is itself tilted stays tilted by its
own amount: at 8B the reference signs with a woman-coded name at 0.465, and BA-DPO returns to
0.49, not to 0.50 (Table E]) Third, the estimates of the annotators do not depend on the reference’s
tilt: = 0 at the start whatever the reference prefers, so 6 measures the tilt of the labels beyond zero
implicit reward, and the deviations €, are the same at every point of the line by item (ii) above. The
audit of the annotators is anchor-independent; only the policy’s rate depends on the anchor.

C.4 TARGET ANCHORING

The same free direction can be fixed by a requirement on the outputs instead of by the reference.
Suppose the attribute has a fair rate ¢, one half for the name in a signature, and write logitp =
log %. Let p be the reference’s rate in the pairwise sense, log Tyer (v | @) /et (¥ | ) = logit p. A

policy with tilt a has log-odds logit p + a/[3, so the tilt that reaches the target is
c(t) = B [logit t — logit p|. (14)

When the reference’s log-odds vary across prompts, the rate of the tilted policy is still continuous
and strictly increasing in c, so the target is reached at exactly one value, found by a one-dimensional
search; (I4) is that value for constant log-odds.

Corollary 7 (Target anchoring). Let (r,6) be any parameter vector and ¢ € R. The parameter
vector (r + ¢dy, 0 — c1) assigns the same probability to every judgment, has the same deviations
ek, has shared mean 0 — ¢, and corresponds to the policy T.(y | ) o« 7(y | x) exp(c 59(;8,31)/[3),
whose log-odds between a response and its counterfactual exceed those of w by ¢/ 5.

Proof. The first three claims are Corollary@ The policy follows from 7 o< 7yt exp(r/5) (Proposi-
tion with 7 + ¢ d, in place of r, and the log-odds shift is ¢/ because J, differs by one between y
and y. O

Target anchoring therefore changes exactly one thing. The fit to every judgment is the same, so
nothing is paid in likelihood. The deviations are the same, so the audit of the annotators is the same.
The shared mean shifts by —c(t), which means that the reference’s own tilt is now counted as bias
rather than as quality. What changes is the policy, which is moved along the attribute by ¢(¢)/53 in
log-odds, and with it the KL to the reference. The requirement spends the one degree of freedom
the data do not use, and nothing else moves.

How the anchor is applied. Three procedures produce the tilted policy. At sampling time, in
closed form: the responses that carry the attribute are reweighted by exp(c//) per prompt, which for
a signature is a shift on the choice of the name and for an attribute of the whole text is a reweighting
or a rejection step. In training, with a fixed offset: on pairs that differ only in the attribute, each
taken in both orders, the loss of the two orders is — log o (u + b) — log o (—u — b) with u the policy’s
margin, minimised at u = —b, so a fixed offset b = —¢(t) in the logit drives the policy to carry
the tilt ¢(¢) itself. This removes a tilt a policy already has, from its own generations and with no
annotator labels, and is the natural cure for a model trained without the bias term; Section [C.3]tests
it. Through the reference: a reference balanced on the attribute makes the two anchors coincide,
which is the construction used at 0.5B.
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Limits. Target anchoring needs an attribute with a fair value. A name has one; length and format-
ting do not, and for them the reference remains the only sensible anchor, which is why Table 2] reads
the held-out gap rather than a target rate. The target is a normative choice, as the attribute partition
is, but it is one that can be audited by measuring the rate, whereas the reference’s rate is an accident
of pretraining. Moving the policy changes which responses it produces, so judged quality has to be
checked after the tilt. Finally, the level can also be pinned from data rather than from a target: a
small set of judgments by annotators known to be unbiased breaks the flat direction, since for them
6), = 0 is known and a is then identified. We leave this to future work (Section [6).

Worked example. Take a response signed Emily Miller and its counterfactual signed Greg Miller,
the same text otherwise. The policy’s tilt a is S times the difference between the policy’s and the
reference’s log-odds for the first version over the second. When annotator k judges this pair, the
logit is a + 6y the labels of the swap pairs fix, for every annotator, the sum of the policy’s tilt and
the annotator’s bias, but not how it splits. At initialisation a = 0, and after training under reference
anchoring a is still near zero and 6 holds the shared level. For the numbers, take 8 = 0.1. The 8B
reference signs with a woman-coded name at 0.465, so logit p = —0.14 and reaching ¢t = 0.5 needs
¢=10.1 x (0+0.14) = 0.014, a shift of 0.14 in log-odds: for a nearly balanced reference the two
anchors almost coincide. The 8B DPO policy trained on the same labels signs with a woman-coded
name at 0.967, so logit p = 3.38 and curing it needs ¢ = —0.34, a shift of —3.4 in log-odds, which
the training-time procedure obtains with the offset b = 0.34 on the gender coordinate.

C.5 EXPERIMENT: A FIXED OFFSET CURES THE DPO POLICY

Setting. The source is the DPO policy of Signed-UltraFeedback at 0.5B (Table [I), one per seed,
which signs with a woman-coded name with probability 0.96 and with a black-coded name with
probability 0.99. The training pairs come from the policy itself: 3,000 fresh UltraFeedback prompts
(the ones after the 8,000 of the corpus) with the signing instruction, answered by the source; the
answers signed with a pool name are kept (2,659 at seed 42); each signature is replaced by a random
cell and then by the cell that differs from it in one attribute, with the same surname, which gives one
pair per attribute per answer, taken in both orders: 10,636 rows, of which 9,576 are used for training
and 1,060 held out. No annotator and no label enter this stage. Since every pair is present in both
orders, the loss on a pair is — log o (u + b) — log o(—u — b) with u the policy’s margin, minimised
at u = —b, so the offset b in the logit (the term b (g., — ¢;) of Section is the only thing the stage
teaches. Training is DPO with the source as reference and the hyperparameters of Table[7](5 = 0.1,
learning rate 5 x 10~7, 1,000 steps of 32 pairs). The offset for a target rate ¢ is b = —/3s*(t), where
s*(t) is the log-odds shift that brings the source’s signature probabilities to ¢, found by bisection on
the 300 evaluation prompts: for parity at seed 42, s* = 3.39 on the gender coordinate and 5.06 on
the race coordinate.

Calibration. The exact tilt alone stops short: at seed 42 it reaches 0.736 and 0.753 instead of
0.50, two thirds of the intended shift in log-odds. Three offsets at seed 42 (3.39/5.06, 4.42/6.18
and 5.13/6.92 in log-odds, gender/race) give achieved shifts of 2.24/3.68, 3.13/4.76 and 3.79/5.51,
which lie on a line with residuals below 0.015: achieved = 0.888 intended — 0.777 on gender and
0.980 intended — 1.285 on race. The policy therefore follows the offset one for one after a fixed
deficit of 0.8 and 1.3 log-odds, which the 1,000 steps leave. Every other run below inverts this line
for the exact tilt of its target; the line is fitted at seed 42 and applied unchanged to the other two
source seeds and to the targets 0.3 and 0.7.

Results. Table [ reports the runs. With the calibrated offset the DPO policy signs with a woman-
coded name at 0.50 & 0.07 and with a black-coded name at 0.47 £ 0.08 over the three source
seeds, from 0.96 and 0.99; the targets 0.3 and 0.7 are reached within 0.07 and 0.04, and the rate is
monotone in the offset. Nothing else moves: the signing rate, the length and the judge score with
the signature removed stay within their seed spread, the KL to the source is at the noise floor of
the estimate except at the largest offset (0.034), and the KL to the SFT reference falls from DPO’s
0.037 to 0.022 at parity, below the 0.025 of BA-DPO, since the part of DPO’s divergence that the
offset removes is the name shift itself. The held-out gap, which marks a policy that has internalised
the bias, falls from DPO’s 0.095 to 0.03 after the exact tilt and to —0.05 at parity, where the cross-
group accuracy (0.50 to 0.53) no longer exceeds the same-group one; at the target 0.3 it reaches
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Table 4: A fixed offset applied to the DPO policy of Signed-UltraFeedback at 0.5B, trained on the
policy’s own generations with no annotator. Rates are the probability readout of Table |lf RM™ is
the judge with the signature removed; KL is per token, to the source (the DPO policy) and to the
SFT reference; <0.01 marks an estimate below the noise of the Monte Carlo estimate, which can
come out negative; the held-out gap is defined in Section[5.T} ¢ is the target rate; Signed is the share
of answers that carry a signature. Seed 42 unless stated; the parity row over three seeds gives the
mean and the 95% interval over the source seeds.

Policy t  p(woman) p(black) Signed Tokens RM~ KL src/SFT Gap

DPO (source) - 0.963 0.992 0.84 213 —-2.75 -/0.037 +0.095
+ offset, exact tilt 05 0.736 0.753 086 210 —2.79 <0.01/0.028 +0.029
+ offset, calibrated 0.5 0.533 0.509 0.86 214 —2.71 <0.01/0.023 —0.046
+ offset, calibrated, 3 seeds 0.5 0.50 & 0.07 0.47 & 0.08 0.86 213 —2.72 0.003/0.022 —0.053
+ offset, calibrated 0.3 0.262 0.233 0.84 217  —=2.77 0.034/0.024 —0.144
+ offset, calibrated 0.7  0.681 0.659 085 206 —2.90 <0.01/0.027 +0.019
BA-DPO pooled, Table - 0.545 0.616 0.86 213 =253 -/0.025 +0.005

—0.14, the policy now siding against the annotators on the pairs that differ in the attribute. The one
remaining deficit is the constant one of the calibration paragraph: a property of the training budget,
not of the objective, which a longer run or the second calibration point removes. Two remarks.
First, the sampled signatures lag the probability readout at mild offsets and swing past it at strong
ones (at parity, 69% of the sampled signatures at seed 42 still carry a black-woman name while the
pool probabilities are balanced; at the target 0.3, 92% carry a white-man name), the concentration
of the decoder on a few names described in Appendix [F} the probability readout is the quantity the
offset controls. Second, the offset is the same quantity as the sampling-time tilt of Section|C.4]up to
the fixed deficit, so a policy can be cured either by one training stage on its own generations or by
reweighting at sampling time, with the same target.

D DATASETS

Table E] lists the two corpora, their sizes and the modifications made to each; the subsections give
the construction in full. The 8B runs use the same data as the 0.5B runs.

Table 5: The corpora. Judgments are training / held-out rows; the held-out rows are 10% of prompts,
split by prompt id. On MultiPref the 300 evaluation prompts come from the held-out side; on Signed-
UltraFeedback they come from UltraFeedback’s test split. Cross-group is the share of judgments in
which exactly one response carries the attribute.

Corpus Size Annotators Attributes  (cross- Modifications
group)

MultiPref 10,461 comparisons 227 real evalu- length, ratio > 1.5 ties dropped (26% of rows);
(Miranda over 5,323 prompts; ators, four per (58.7%); formatting, judgments kept disaggregated
et al.|[2025) 27,812/ 3,035 judg- comparison markdown  present with the evaluator id; attributes

ments (26.4%) computed from the response

texts

Signed- 7,177 UltraFeedback 60 with planted woman-coded and signature line --- First
Ultra- pairs (from 8,000, re- biases in three black-coded first Last appended, names from
Feedback sponses under five classes of 20, name in the signature an 89-name pool; swap pairs

words dropped) in
three types: 2,887
quality, 1,462 swap,
2,828 mixed; 25,840
/2,868 judgments

QkERQ

(36.4% each)

duplicate one response under
two names; labels re-drawn;
SFT answers re-signed at
random so the reference starts
balanced
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D.1 THE MULTIPREF CORPUS AND THE LENGTH ATTRIBUTE

allenai/multipref contains 10,461 comparisons, each judged by exactly four evaluators (two
crowd workers and two experts; 227 distinct evaluators, no overlap between the two pools), over
5,323 distinct prompts. We keep every judgment as its own training row, so that annotator identity is
available to the per-annotator model, and drop the 26% of judgments marked as ties, leaving 30,847
rows. Ten percent of prompts are held out by prompt id (27,812 train, 3,035 held-out rows); the 300
evaluation prompts are drawn from the held-out prompts. The reference policy is fine-tuned on the
majority-chosen response of each comparison and is shared by every method and seed.

Length as a binary attribute. A response is assigned 6, = 1 when it is markedly longer than its
partner, defined as a word-count ratio of at least 1.5; pairs closer in length than that are same-group:
both responses have 6, = 0. Because this attribute is defined on the pair, it is not a function of
(x,y): Proposition [2[ and Theorem [3|need only a §, per judgment and are unaffected, whereas the
representability of the shared component inside the policy’s implicit reward (Proposition [5)) holds
for length only through a per-response proxy such as the token count. The threshold is part of the
attribute’s definition and not a tuning choice: assigning d, = 1 to the longer side of every pair makes
99.5% of MultiPref comparisons cross-group and leaves no same-group comparisons to identify the
reward. At ratio 1.5, 58.7% of judgments are cross-group, the longer response wins 73% of those,
and the corpus-level offline bias estimate is 6 = 0.99 in log-odds. Ratios of 1.25, 2 and 3 give
cross-group fractions of 73%, 40% and 21% with 0 of 0.91, 1.04 and 1.05; the estimate is stable
across thresholds.

Formatting as a binary attribute. A response is assigned 6, = 1 when it contains markdown
markup. The attribute is declared on the same 27,812 training and 3,035 held-out judgments as
length; 26.4% of judgments are cross-group and the offline estimate is 6 = 0.98. Table |6| charac-
terises both attributes from the preference data before any training.

Table 6: The declared attributes on MultiPref, characterised from the preference data before any
training. Cross-group is the fraction of judgments in which exactly one response carries the attribute,
which are the only judgments that identify 6. 0 is the log-odds that the attribute-carrying side
wins such a judgment, restated as odds in the next column. The last column is DPO’s measured
amplification over the reference at 0.5B, in units of its own per-seed standard deviation.

Attribute  Cross-group 9 Odds DPO amplification

Length 58.7% 0.99 2.7: 1 longer 496 tokens (650)
Formatting 26.4% 0.98 2.7 : 1 markdown +0.034 (1.60)

D.2 THE NAMES CORPUS (SIGNED-ULTRAFEEDBACK)

The NAMES corpus is built rather than collected: the responses come from a public preference cor-
pus, a name signature is added to them, and annotators whose biases are planted relabel every pair,
so the bias of every annotator is known. Two attributes are planted at once, and the annotators are
organised in classes whose biases differ. The main text calls it Signed-UltraFeedback (Section [5.2)).
We stress that the annotators are constructed to prefer a name marker. It does not measure prejudice,
and we refer to the attributes as gender-coded and race-coded names rather than as gender or race
bias.

Prompts and responses. We draw 8,000 preference pairs from the train_prefs split of
ultrafeedback binarized (Cui et al.|[2024) and discard pairs in which either response has
fewer than five words, which leaves 7,177. Each pair carries a prompt z, two responses and two
GPT-4 quality scores $1, s2 € [1, 10] from the original dataset.

Marker. The marker is a signature line ——— First Last appended to a response. First names
come from four cells (white woman, white man, black woman, black man): the audit lists of Bertrand:
& Mullainathan| (2004) together with the WEAT 3 and WEAT 5 sets of |Caliskan et al.| (2017,
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23/23/18/25 names per cell, 89 in all. Surnames come from a neutral pool and are shared by
both sides of a pair, so within a pair only the first name, and hence only gender or race, differs.
A response carries a two-entry attribute vector d,(y) = (1[woman-coded], 1[black-coded]), read
from the signature; an unsigned response is (0, 0). Token balance across cells is not achievable with
published names: under the Qwen tokenizer nearly every white-coded name is one token and most
black-coded names are two or three (mean 1.1, 1.0, 2.1 and 2.0 tokens per cell). We keep the full
pool and read the rate from probabilities over every name (Appendix [F-3).

Pair types. Three kinds of pair share the corpus, in proportion 40/20/40. Quality pairs are the two
real responses, both unsigned or both signed with the same name, and identify quality alone. Swap
pairs are one response duplicated and signed with two names that differ on exactly one attribute,
with true quality margin ¢ = 0; they identify the bias with quality held equal by construction. Mixed
pairs are the two real responses signed from different cells, where quality and bias compete. The
realised counts are 2,887, 1,462 and 2,828.

Annotators and labels. Sixty annotators sit in three classes of twenty. Annotator k in class ¢ has
Or = pe + ex with e ~ N(0,0.821). The class means are i = (1.2,2.5), up = (0.8, —0.5)
and po = (1.0, 1.0). Both attributes have a population mean of 1.0 and differ only in how much
the classes disagree: the class standard deviation is 0.16 on the gender-coded attribute and 1.22 on
the race-coded one, where class B opposes the others. With twenty annotators per class the realised
class means are 0.98, 1.12 and 0.89 on the gender-coded attribute and 2.62, —0.34 and 1.11 on
the race-coded one (pooled 1.00 and 1.13). Each pair receives four judgments. For each judgment
an annotator k is drawn uniformly and the originally chosen response y; is preferred to yo with
probability

o(q+ 6 (54(y1) — 64(y2))), q=k(s1—s2), k= 0.5,

otherwise the label is flipped. Pairs whose responses carry the same attribute values are thus labelled
from quality alone, while the others are tilted by the annotator’s bias. This is the likelihood of (7)),
so the corpus tests whether the method recovers what it is specified to recover; MultiPref is where
the model may be misspecified. Ten percent of prompts are held out by prompt id, which gives
25,840 training and 2,868 held-out judgments over the same annotators; the reference is fine-tuned
on the majority-chosen response of each pair, each re-signed with a name from a random cell before
fine-tuning, so the reference starts balanced on both attributes and all of the bias arrives through the
preference stage.

Gate. The following statistics are read from the labels before any training. 36.4% of judgments
are cross-group on each attribute, 59.8% on at least one. On swap pairs the offline log-odds that the
attribute-carrying side wins is 0.95 for the gender-coded attribute and 0.70 for the race-coded one;
by class, 1.01, 0.97 and 0.86, and 2.30, —0.37 and 0.88. The pooled race-coded estimate is below
the gender-coded one although its planted mean is higher, because class B votes against the other
two. On all cross-group rows both estimates are 0.71 and 0.70, below the swap-pair values, because
the quality margin adds noise wherever the two texts differ.

Evaluation prompts. Three hundred held-out questions from test _prefs, each followed by
“Sign your answer with a name of your choice”, give the attribute rate: the probability the policy
assigns to the names of each cell at the signature position (Appendix [E.4). One hundred templated
prompts present two candidates with identical qualifications and names from different cells, in ran-
dom order, and ask for a recommendation; they are read as the share of recommendations going to
each cell and are not used in the tables.

Configuration. In summary: 20 annotators per class, a within-class standard deviation of 0.8, the
class means above, quality, swap and mixed pairs in proportion 40/20/40 with half of the quality
pairs unsigned, four judgments per pair, a quality scale £ = 0.5, and data seed 0.
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E EXPERIMENTAL DETAILS

E.1 MODELS AND TRAINING

Qwen2.5-0.5B-Instruct is trained with full fine-tuning: fp32 master weights under bf16
autocast, because bfl6 master weights lose updates at a DPO learning rate of 5 x 1077.
Llama-3.1-8B-Instruct and Mistral-7B-Instruct-v0.3 are trained with LoRA on
all linear layers (rank 32, o = 64, fp32 adapters on a bf16 base) at learning rate 5 x 1075, ten times
the full fine-tuning rate; the rate was fixed by the calibration of Appendix in which LoRA at
this rate reproduces the amplification and the removal of full fine-tuning to within seed noise, while
a larger rate lets the policy move faster than the bias term; Mistral uses the same recipe unchanged.
All models use 3 = 0.1, 1000 steps at effective batch 32, and a separate Adam at learning rate 102
for the bias parameters, since the scalars otherwise receive too little gradient to move. One SFT
reference per model and corpus (a LoRA reference for the two larger models), trained for one epoch
on the majority-chosen response of each comparison, is shared by every arm and seed; without it the
implicit rewards would not be comparable across arms. Reference log-probabilities are precomputed
once per corpus and cached, and per-position log-probabilities are computed in position chunks so
that the full vocabulary logits never materialise at once. Every arm sees the identical disaggregated
judgments through the same implementation; the arms differ only in their loss. All runs use a single
shared NVIDIA A100 80GB. A 0.5B preference run peaks at 11 to 19 GB and takes 70 to 150 min-
utes depending on contention; an 8B LoRA run peaks at 21.5 GB and takes 7 to 9 hours, a Mistral
run at 17.7 GB and 8 to 12 hours. Table[7]lists the hyperparameters.

Table 7: Hyperparameters. The reference checkpoint is shared across all methods and seeds.

Stage Setting

SFT (reference) 1 epoch on majority-chosen responses, effective batch 32
SFT Ir 1 x 1075 (0.5B, full); 1 x 10~* (8B and 7B, LoRA)
Preference stage B = 0.1, 1000 steps, effective batch 32 (2 x 16)
Preference Ir 5 x 1077 (0.5B, full); 5 x 1075 (8B and 7B, LoRA)

LoRA (8B and 7B) rank 32, o = 64, all linear layers, fp32 adapters on a bf16 base
LoRA reference a LoRA SFT of the same shape, shared by every arm and seed
Sequence lengths at most 1280 tokens for prompt and response together, of which at most

384 for the prompt
Schedule cosine with 10% warmup, gradient clipping 1.0
Bias parameters separate Adam at Ir 1072, no penalty, initialised at O unless warm-started
Generation 300 held-out prompts, < 512 new tokens, 7" = 0.7, top-p 0.9
Judge Skywork—-Reward-V2-Qwen3-1. 7B, truncated to 2048 tokens
Seeds 42,123, 456

E.2 ARMS

Reference is the shared SFT policy and the zero point of every comparison. DPQO is standard DPO,
that is BA-DPO with every 0}, frozen at zero. The BA-DPO arms differ only in how the bias term of
(8) is indexed (Section. Pooled learns one scalar 6 per attribute shared by every comparison. 64-¢y,
learns a shared mean per attribute plus one deviation per annotator, with the mean updated on every
cross-group comparison. 6y only is the original BARP model, one free parameter per annotator
and nothing shared. Shuffled ids is the 6-only model in which every judgment is assigned an
annotator index drawn uniformly at random, independently of who cast it, so that every 6y, collects
votes from every annotator and the ids carry no information; a mere relabelling of the ids would
change nothing and is not what this control does. 6 + 6. + ¢, inserts a per-class offset between
the mean and the individual deviation and receives the class labels. Warm arms initialise 6 (or the
pooled 0) at the corpus-level offline estimate, the log-odds that the §, = 1 side wins a cross-group
comparison, instead of at zero. Gender declared only is the pooled arm with the race-coded attribute
left undeclared. The main text carries pooled and 6 + €y; the others are in Appendix
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E.3 BASELINES

R-DPO (Park et al., [2024) adds a length penalty « (|y.,| — |y;|) in tokens to the DPO logit; we use
a = 0.005, since the published o = 0.02 collapses the policy on MultiPref (Appendix [F:2). SamPO
(Lu et al., 2024) down-samples the token log-ratios of the longer response so that both responses
contribute equally many terms to the implicit reward. Neither reads the declared attribute, so their
length checkpoints are scored unchanged under formatting. Group-DRO DPO adapts Sagawa et al.
(2020) to the DPO loss: each group carries a loss weight, updated by exponentiated gradient with
step n = 0.5 toward the group with the highest current loss; groups are the annotator classes on
Signed-UltraFeedback and the annotators on MultiPref. Crowd-PrefRL (Chhan et al.,[2024), adapted
in the same way, moves the weight away from the highest-loss annotator (n = 0.5). EM-DPO
with MinMax-DPO (Chidambaram et al.| 2026) trains K = 3 type policies, the planted number
of classes: each annotator holds a probability of belonging to each type; the M-step runs DPO for
each type on judgments weighted by those probabilities, and the E-step updates the probabilities
from how well each type policy explains the annotator’s judgments, scored on votes the round’s
policies did not train on (each annotator’s votes are split into two halves that swap every round;
four rounds of 200 steps, after which the three policies train on all votes for the full 1000 steps).
MinMax-DPO mixes the type policies with the weights that minimise the largest regret over the
types; the mixture answers each prompt with type policy k with probability wy, so its readouts
are the weighted means of the type policies’ readouts, and its vote prediction uses each annotator’s
own type probabilities. No public implementation matched our data and single-GPU setting, so we
reimplemented the method; departures from the original are documented in the released code.

E.4 READOUTS

Generation. Each policy generates on 300 held-out prompts with temperature 0.7, top-p 0.9 and
at most 512 new tokens.

Attribute rate on Signed-UltraFeedback. The rate is read from probabilities, not from samples.
With the reference’s answer body fixed, the probability the model assigns to each of the 89 first
names at the signature position is renormalised over the pool and summed over the woman-coded
and over the black-coded names, giving p(woman) and p(black); the average over the 300 sign
prompts is the rate. Sampled signature rates saturate and depend on the decoder: the reference,
balanced by probability at 0.50 and 0.52, signs 79% of its answers with a black-coded name at
temperature 0.7 with top-p 0.9 (Appendix[F-3). Using each arm’s own body instead of the reference’s
changes no number by more than 0.005. Computing the rate requires one forward pass per prompt
and name batch.

Attribute rate on MultiPref. Under length the rate is the mean token count of the generations.
Under formatting it is the markdown rate reweighted onto the reference generations’ token-count
distribution (five quantile bins), so that a method which merely shortens its answers does not appear
to remove bias.

Bias removed. DPO’s amplification of the attribute is the gap between DPO’s rate and the ref-
erence’s, and an arm’s removal is the share of that gap it closes, (rateppo — rate,ym)/(rateppo —
rate,of ), computed per seed against DPO of the same seed and then averaged, so 0% is DPO and
100% is the reference.

Held-out accuracy and the gap. On the held-out judgments the policy’s implicit reward margin
u of (9) predicts the label by its sign. Accuracy is reported on same-group pairs (the two responses
agree on the attribute) and cross-group pairs (they differ), and the gap is cross-group minus same-
group. A policy that has internalised the annotators’ bias predicts their labels better exactly where
the attribute differs, so debiasing shows as the gap falling to zero while same-group accuracy is
unchanged.

Judge. Quality is scored by Skywork-Reward-vV2-Qwen3-1.7B (Liu et al.| 2026) on the
generations. Where an attribute-invariant transform exists the attribute is stripped from every arm’s
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generations equally before scoring (the signature on Signed-UltraFeedback, the markup under for-
matting), written RM™; under length none exists and the raw score is reported. The judge’s scale
differs between the three models’ outputs, so scores are compared within a model only.

Distance from the reference. For every trained policy we report a Monte Carlo estimate of
KL(7g || mref) on the policy’s own generations: the mean over generated tokens of logmy(y |
x) — log mee(y | x) with y ~ mp. It distinguishes a method that removes a bias by changing
the policy from one that removes it by leaving the policy near the reference.

Vote prediction with the arm’s own bias parameters. On the held-out judgments whose two
responses differ on the attribute, the arm predicts the voter’s label by the sign of u + 9;(6g(yw) —
d4(y1)) with its own learned 6, (pooled uses its single 6; arms without a bias term use u alone; EM-
DPO uses each annotator’s type probabilities). The ceiling is the same prediction with the planted
0, averaged over arms and seeds.

F ABLATIONS AND CONTROLS

Everything in this appendix except the last subsection was run on Qwen2.5-0.5B-Instruct
with the training configuration of Section[5.1] at three seeds unless a row says otherwise. It covers
the variants of the bias model that Section [3|defines and the main text does not table, why the names
tables read probabilities rather than samples, the remaining baselines, the LoRA calibration on which
the 8B training configuration rests, and a replication on Mistral-7B-Instruct-v0.3. Col-
umn definitions follow the main text; intervals are one standard deviation over seeds, except in the
Mistral table, which uses the 95% intervals of the main text.

F.1 VARIANTS OF THE BIAS MODEL ON SIGNED-ULTRAFEEDBACK

Table [§] adds to Table [I] the arms not reported in the main text, defined in Appendix [E.2] The
two length baselines, which the rule of Section excludes from this corpus, are included for
completeness.

Table 8: Signed-UltraFeedback at 0.5B: the arms not reported in the main text, under the three arms
of Table [I] for reference. Rows without a method name are BA-DPO variants. Rate columns as in
Table |1} with the share of DPO’s amplification removed in parentheses; votes: vote prediction with
the arm’s own 6 on the race-coded / gender-coded attribute overall (Table [I3). The judge score is
inside DPO’s 95% interval for every arm and is omitted. Mean =+ sd over three seeds; the gender-
only control ran at seed 42.

Method p(woman) (removed)  p(black) (removed) KL Votesr/g

DPO 0.964 4+ 0.002 0.991 + 0.001 0.038 + <0.001 0.641/0.673
Pooled 0.549 £ 0.003 (89%) 0.608 + 0.007 (81%) 0.026 4+ <0.001 0.649/0.694
0+ek 0.542 £ 0.004 (91%) 0.595 £ 0.007 (83%) 0.026 + <0.001 0.752/0.745
Class, @ + 6. + 5, 0.526 £ 0.004 (94%) 0.582 4+ 0.006 (86%) 0.026 + <0.001 0.749/0.740
Shuffled ids 0.849 £+ 0.009 (25%) 0.925 £ 0.008 (14%) 0.034 4+ <0.001 0.645/0.694
Pooled, gender declared only 0.836 (28%) 0.986 (1%) 0.034 0.636/0.689
R-DPO (a = 0.005) 0.967 £ 0.002 (—1%) 0.992 & 0.001 (0%) 0.054 & 0.002 0.634/0.659
SamPO 0.940 + 0.001 (5%) 0.981 4+ 0.002 (2%) 0.041 £ 0.001 0.625/0.669

The class arm is the best arm on both attributes at every seed, ahead of pooled by 0.02 on each,
the same margin on the attribute the classes agree on and on the one they do not, so the gain is
not specific to disagreement. Its race-coded class offsets, centred like the planted ones, come out
at +0.98, —1.00 and +-0.03 (three-seed means) against planted offsets of +1.49, —1.47 and —0.02
around the population mean: the order is recovered, the magnitudes are attenuated by about a third,
and its vote prediction is at the ceiling, as for € + ;. When the classes are known it is a reasonable
choice; it improves the policy by 0.02 and adds nothing to what the deviations already reveal, which
is why it is reported here rather than in the main text. Shuffling the ids removes 25% and 14%.
Its sixty parameters converge to noisy copies of one value near 0.4 (learned means 0.45 and 0.39,
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correlation with the planted 6 of 0.12 and —0.16, means over three seeds), its vote prediction is at
pooled’s level, and its KL is close to DPO’s: with the identities destroyed, the parameters neither
describe the annotators nor reach the mean within the training budget. Declaring only the gender-
coded attribute leaves the race-coded one at DPO’s level (0.986) and removes only 28% of the
declared one. The undeclared bias is absorbed by the policy, which concentrates its signatures in
the black-woman cell, and the declared attribute is carried along with it. Both attributes must be
declared for either to be removed, which is the substitution pattern of Section[5.4]inside one corpus.
The two length methods remove at most 5% of either attribute, and R-DPO’s length penalty raises
the KL to the reference to 0.054 without changing the signature: a method built for length has no
effect on a name signature.

F.2 MULTIPREF: VARIANTS, WARM STARTS AND THE REMAINING BASELINES

Table [9]is the length experiment of Table [2 with every arm we ran at 0.5B: the free-0), arm of the
original BARP model, shuffled ids, the two BA-DPO arms warm-started at the corpus-level offline

estimate § = 0.99 instead of zero, and R-DPO at its published strength. Group-DRO DPO is in
Table E] at three seeds. Crowd-PrefRL (Chhan et al.|2024)), adapted to the DPO loss, moves weight
away from the annotators with the highest loss; at one seed it leaves the answers at 386 tokens and
the gap at 0.130, against DPO’s 385 and 0.126.

Table 9: MultiPref, length declared, every arm at 0.5B. Columns as in Table[2} same / cross is held-
out accuracy on same-group and cross-group pairs, whose difference is the gap; mean 6 is the mean
of the learned bias parameters (the single 6 for pooled). Core arms are mean + sd over three seeds;
other rows are single-seed controls. These runs used an SFT reference trained before the one of
Table[2] on the same data; the reference and DPO rows here are from the same runs, so the removal
shares are computed within this table and differ from Table 2] by a few points.

Method Tokens Removed RM same / cross mean 0
Reference (SFT) 294.6 — —1.15 — —
DPO 385.4+3.5 — —0.67 0.521/0.640 —
BA-DPO (pooled) 339.0+ 1.1 51% —0.69 0.516/0.526 0.79
BA-DPO (pooled, warm) 329.5 62% —0.67 0.524/0.515 0.84
BA-DPO (6, only) 370.1+1.9 17% —0.67 0.520/0.602 0.42
BA-DPO (shuffled ids) 372.1 16% —-0.77 0.521/0.609 0.44
BA-DPO (9 + €k) 336.3 4.1 54% —0.68 0.520/0.522 0.84
BA-DPO (A + ¢, warm) 3354 56% —-0.73 0.518/0.514 0.89
R-DPO (o = 0.02) 137.8 over-corr. —1.49 0.467/0.287 —
R-DPO (a = 0.005) 309.7 84% —0.90 0.517/0.469 —
SamPO 417.9 —-34% —0.72 0.515/0.617 —

Three observations follow. First, the free-0;, arm removes 17% with its mean at 0.42, and shuffling
the ids gives the same numbers (16%, 0.44): the 227 free parameters do not remove the bias, and the
identities play no part in that failure. Second, warm-starting the mean at 0.99 gives the same result
from the opposite direction: the pooled 0 started at 0.99 settles at 0.84 against 0.77 to 0.81 from zero,
and the shared parameter 6 at 0.78 against 0.67 to 0.72, and the resulting policies are indistinguish-
able. The policy never drives the parameter toward zero, which is what an absorption account, in
which the network out-competes the scalar for the signal both can represent (Proposition [3)), would
predict. Third, R-DPO at o« = 0.02 collapses the policy: answers fall to 138 tokens, 157 below the
reference, cross-group accuracy drops to 0.287, so the policy prefers the shorter answer two times
in three, and the judge score is worse than the untrained reference’s. The heterogeneity baselines
reweight the annotators strongly (weight sd 15 and 6 around a mean of 1) and do not change length.

Under the formatting attribute the same variants repeat the pattern (three seeds each). The free-0y,
arm and the shuffled arm learn means of 0.31 and 0.32 and leave the held-out gap at 0.051 and
0.056, against 0.066 for DPO; the pooled arm (§ = 0.71) and the shared-mean arm (¢ = 0.62) close
it to 0.004 and 0.000. The free mean is 0.50 of 6, against 0.61 under length. R-DPO at o« = 0.02,
trained against the earlier reference (Table E]) raises the markdown rate to 0.700, above that build’s
DPO at 0.620, with same-group accuracy at 0.389: the optimisation pressure that DPO placed on
length has shifted to markdown in the shortened answers.
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F.3 READING THE SIGNATURE FROM PROBABILITIES, NOT SAMPLES

Every names table reads the attribute rate from the probabilities the policy assigns to the names in
the pool (Appendix [E.4), not from its sampled signatures. This subsection shows why, on Signed-
UltraFeedback. Table [10] gives both readouts for the reference and four arms. The sampled rate is
the share of signed answers to the 300 sign prompts, generated at temperature 0.7 and top-p 0.9,
whose name is woman-coded or black-coded.

Table 10: Signed-UltraFeedback at 0.5B: the attribute rate read from sampled signatures (share of
signed answers) and from probabilities (Table[T). Mean over three seeds.

Method Sampled, woman Sampled, black p(woman) p(black)
Reference (SFT) 0.61 0.79 0.498 0.517
DPO 1.00 1.00 0.964 0.991
BA-DPO (pooled) 0.74 0.91 0.549 0.608
BA-DPO (0 + <) 0.69 0.91 0.542 0.595
BA-DPO (shuffled ids) 0.99 1.00 0.849 0.925

The two readouts disagree in three ways. First, the decoder distorts the rate before any preference
training. The reference is balanced by probability (0.50 and 0.52), yet 79% of its signed answers
carry a black-coded name. The black-coded names share their first subword (La-, Ta-, De-, Ja-), so at
the first token of the name the probability is concentrated on a few prefixes that top-p sampling keeps,
while the many distinct one-token white-coded names are cut. Second, sampled rates saturate. DPO
and the shuffled-id arm both sign almost every answer with a black woman’s name, so the samples
cannot tell them apart, while by probability shuffled ids sit at 0.85 and 0.93 against DPO’s 0.96 and
0.99. Third, a shift in the sampled rate is not evidence of annotator bias. Over all 300 answers, with
unsigned ones counted as not black-coded, DPO raises the black-coded share from 0.70 to 0.85,
by 0.15. Relabelling the 89-name pool at random 1,000 times gives a null with standard deviation
0.20 and a 95% range from —0.37 to +0.35 (one-sided p = 0.22, three DPO seeds). Three names,
Latisha, Latonya and Latoya, carry 87% of DPO’s signatures, and removing them from the black-
coded set turns the shift into —0.40. The probability readout reads every name in the pool and avoids
all three problems.

F.4 LORA CALIBRATION AT 0.5B

Before the 8B runs, which use LoRA, we checked at 0.5B that a rank-32 adapter shows the same
amplification and the same removal as full fine-tuning, and at which learning rate. The corpus was
Signed-UltraFeedback with its balanced reference; the policy was the reference plus a LoRA adapter
(rank 32, o = 64, all linear layers, fp32 adapters on a bf16 base), trained for 1000 steps at seed 42
with DPO and with pooled BA-DPO, at learning rates 5 x 1076 and 2 x 10~?, against 5 x 10~7 for
full fine-tuning.

Table 11: LoRA calibration on Signed-UltraFeedback at 0.5B, seed 42. Rates, removed, RM~ and
KL as in Table[l} 6 is the learned pooled bias on the gender-coded attribute. Removed is against the
DPO run of the same training setting.

Run p(woman) p(black) Removed (g/r) RM~ KL 0

Reference 0.498 0.517 — -3.30 — —
Full fine-tuning, DPO 0.964 0.992 — —-2.75 0.037 —
Full fine-tuning, BA-DPO (pooled) 0.545 0.616 90% / 79% —2.53 0.025 0.68
LoRA 5 x 107, DPO 0.952 0.988 — —-2.71 0.038 —
LoRA 5 x 107%, BA-DPO (pooled) 0.529 0.592 93% | 84% —2.56 0.027 0.68
LoRA 2 x 107°, DPO 0.996 0.998 — —2.46 0.032 —
LoRA 2 x 107°, BA-DPO (pooled)  0.637 0.734 72% | 55% —2.39 0.025 0.67

At 5 x 1075, ten times the full fine-tuning rate, LoRA reproduces full fine-tuning on every readout:
DPO amplifies to 0.95 and 0.99 against 0.96 and 0.99, pooled removes 93% and 84% against 90%
and 79%, with the same learned 6 (0.68) and nearly the same KL (0.027 against 0.025). A rank-32
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adapter therefore suffices to show both the amplification and its removal, and this rate is used for the
8B runs. At 2 x 1075 DPO amplifies more (1.00) and pooled removes clearly less (72% and 55%)
although it learns nearly the same 6 (0.67): the policy moves faster than the bias term grows, so part
of the bias is in the policy before the scalar absorbs it. The rule is therefore a rate of about ten times
the full fine-tuning rate and no higher, and the check to repeat on any new model is that DPO under
LoRA reaches the amplification of full fine-tuning.

F.5 ROBUSTNESS TO THE MODEL FAMILY: MISTRAL-7B

The two models of Section [5 differ in scale and in family. A third model,
Mistral-7B-Instruct-v0.3 (Jiang et al) 2023), differs from both in family and in
tokenizer, which is what the name result depends on, since the tokenizer decides how a signature
is split. It is trained with the LoRA recipe of the 8B model unchanged (Appendix [E)), with its own
SFT reference per corpus, on the reference, DPO and the two BA-DPO variants at three seeds,
and without baselines. It is therefore a check that the method does not depend on the model, not a
comparison. Table[I2]reports both corpora.

On Signed-UltraFeedback, Mistral repeats Llama 8B at every number: DPO signs with a woman-
coded and a black-coded name at 0.99, the two BA-DPO variants return to 0.50 and 0.54 to 0.55,
removing 93 to 94% and 90 to 92% of DPO’s shift, at two thirds of DPO’s KL and a judge score
within DPO’s spread. The per-annotator parameters predict the held-out votes at the planted ceiling
on every class, with the pooled scalar at chance in the class that disagrees (Table[I3). On MultiPref,
under DPO the policy produces answers 82 tokens longer than the reference and opens a gap of
0.11, as at 8B. BA-DPO removes about half of that increase, 48 to 52% against 46 to 50% at 8B,
and closes the gap to 0.05 and 0.04, with learned scalars of 0.61 and 0.66 against 0.69 to 0.71 at 8B.
The interval on removal is wide because at one seed the policy lengthens more than at the other two,
while the gap, which does not depend on the reference’s own length, is stable across seeds.

Table 12: Mistral-7B-Instruct-v0.3 with LoRA. Top: Signed-UltraFeedback, columns as
in Table|l} Bottom: MultiPref with length declared, columns as in Table Mean and 95% interval
over seeds 42, 123 and 456.

Method p(woman) Removed  p(black) Removed RM™ KL
Reference (SFT) 0.466 — 0.503 — 0.13 —
DPO 0.988 £ 0.008 — 0.995 £ 0.004 — 1.124£0.17 0.031 £ 0.004

BA-DPO (pooled) 0.505£0.009 93 £2% 0.552£0.002 90 £ 0% 1.06+0.16 0.022 £ 0.003
BA-DPO (6 + ;) 0.499 £0.010 94+ 2% 0.542+£0.004 92+ 1% 1.19+£0.26 0.023 + 0.002

Method Tokens Removed Gap RM KL
Reference (SFT) 312.7 — — 3.52 —
DPO 394.8 +£6.5 — 0.107 £0.029 5.06 +£0.19 0.030 £+ 0.003

BA-DPO (pooled) 355.3 £22.5 48 £29% 0.049 £0.012 4.70£0.11 0.028 4 0.002
BA-DPO (6 + &) 351.9+14.2 52+19% 0.041 £0.041 4.79+0.48 0.029 £ 0.002

G VOTE PREDICTION WITH THE LEARNED BIAS PARAMETERS

Section[5.2]states that the per-annotator parameters describe the annotators. This is the measurement
behind that claim. On the held-out judgments whose two responses differ on the attribute, each arm
predicts the voter’s label from its implicit reward margin plus that voter’s learned bias, as defined in
Appendix the ceiling uses the planted 6;. The ceiling lies below 1 because the votes are drawn
from the likelihood rather than being deterministic.

Table @] reads the race-coded attribute by the voter’s class, since that is the attribute the classes
disagree on, and both attributes overall. Two things stand out. The 6 + ¢, variant sits at the ceiling
on every class and every model without being given the class labels: sixty annotators with about
four hundred judgments each are enough to locate every one of them. The pooled scalar cannot do
this. In class B, whose bias points against the mean it learned, it predicts at chance. The 6 + ¢
parameters also recover the planted values, correlating with them at » = 0.95 on the gender-coded
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Table 13: Signed-UltraFeedback: share of the held-out judgments whose two responses differ on the
attribute that are predicted correctly, by the voter’s class for the race-coded attribute and overall for
both. The ceiling is the same prediction with the planted 6y, averaged over the arms’ seeds. Means
over three seeds. Classes A, B and C' as in Appendix [D.2} class B leans against the race-coded
attribute.

Method Race, A Race,B Race, C Race,all Gender,all
Owen2.5-0.5B-Instruct, full fine-tuning

Ceiling (planted 0%) 0.860 0.694 0.703 0.752 0.749
DPO 0.774 0.497 0.650 0.641 0.673
BA-DPO (pooled) 0.765 0.500 0.678 0.649 0.694
BA-DPO (6 + &%) 0.857 0.690 0.707 0.752 0.745
Group-DRO DPO 0.715 0.525 0.632 0.625 0.666
EM-DPO + MinMax-DPO  0.788 0.544 0.660 0.665 0.677
Llama-3.1-8B-Instruct, LORA

Ceiling (planted 6y) 0.863 0.700 0.708 0.757 0.756
DPO 0.779 0.503 0.681 0.655 0.700
BA-DPO (pooled) 0.785 0.488 0.687 0.655 0.703
BA-DPO (0 + &1) 0.863 0.699 0.710 0.758 0.753
Group-DRO DPO 0.734 0.505 0.652 0.631 0.682
Mistral-7B-Instruct-v0.3, LoRA

Ceiling (planted 6y) 0.853 0.712 0.717 0.761 0.753
DPO 0.745 0.530 0.676 0.652 0.679
BA-DPO (pooled) 0.749 0.513 0.676 0.647 0.685
BA-DPO (0 + &) 0.835 0.701 0.712 0.750 0.744

attribute and 0.98 on the race-coded one, and its learned class means come out in the planted order,
1.90, —0.22 and 0.83 against the planted 2.62, —0.34 and 1.11.
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