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Abstract

Weak-to-strong (W2S) generalization is a
promising framework for scalable oversight,
yet existing evaluations often test students un-
der matched train—test distributions. There-
fore, we study W2S preference learning un-
der zero-shot distribution shift and find that
strong students trained on weak preference la-
bels can appear successful in-distribution while
failing to transfer across preference datasets.
We provide evidence consistent with a represen-
tational failure mode in which weak-supervised
fine-tuning may move the strong model toward
source-domain features instead of maintain-
ing broadly transferable preference represen-
tations. To mitigate this, we propose Repre-
sentation Anchoring (ANCHOR), a simple yet
effective regularizer that constrains excessive
drift from the pretrained strong model’s repre-
sentation space during fine-tuning, while still
allowing task-relevant adaptation. Across pref-
erence domains, datasets, and model families,
ANCHOR improves out-of-distribution transfer
while maintaining competitive in-distribution
performance. Together, our evaluation proto-
col, transfer-aware metrics, and method expose
hidden brittleness in current W2S reward mod-
eling and provide a practical path toward more
robust preference transfer. !

1 Introduction

As Al systems become increasingly capable, a cen-
tral challenge is how to provide reliable supervision
when humans cannot consistently evaluate model
outputs due to limited expertise, cost, or scale. This
challenge has motivated work on scalable over-
sight, which studies how weaker supervisors can
guide stronger systems when direct supervision is
costly, unreliable, or incomplete (Amodei et al.,
2016; Leike et al., 2018; Bowman et al., 2022).
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Figure 1: ID success can hide OOD failure. Although
the resulting student can perform well on in-domain
evaluation, its performance can degrade substantially
when tested on unseen preference domains. This mo-
tivates evaluating W2S reward models under zero-shot
preference-domain shift rather than relying only on in-
domain accuracy.

W2S reward modeling must be evaluated under zero-shot }

Weak-to-strong generalization (W2S) provides a
concrete abstraction of this problem: a stronger
student is trained on labels produced by a weaker
teacher, with the goal of eliciting capabilities be-
yond the teacher’s own performance (Burns et al.,
2023).

Recent W2S methods have shown encouraging
results across reasoning, mathematical problem
solving, instruction tuning, and preference opti-
mization (Burns et al., 2023; Yang et al., 2024; Li
et al., 2024d; Zhu et al., 2025). These findings
suggest that strong students can often extract use-
ful task structure from imperfect weak supervision,
enabling them to outperform their weak teachers
rather than simply inherit the teacher’s limitations.

However, most existing W2S evaluations still
test students under matched or near-matched train-
test distributions, which may overestimate align-
ment reliability in realistic deployment. We instead
study preference-domain shift: the weak supervisor
and student are trained on one preference dataset
and evaluated zero-shot on another dataset within
the same broad preference category, where prompts,
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response styles, annotation protocols, and prefer-
ence policies may differ. Unlike an ordinary held-
out split, this setting tests whether weak-supervised
reward models learn transferable preference criteria
rather than dataset-specific patterns. This gap mo-
tivates our central question: does weak-to-strong
preference learning transfer alignment behavior be-
yond the distribution from which weak supervision
is generated?

To answer this question, we introduce a zero-
shot distribution-shift evaluation protocol for W2S,
focusing on reward modeling as a central compo-
nent of preference-based alignment pipelines (Sti-
ennon et al., 2020; Ouyang et al., 2022; Bai et al.,
2022). Within each broad preference domain, such
as helpfulness or harmlessness, models are trained
on one dataset and evaluated both on its held-out
test split and on other datasets from the same do-
main but with different annotation sources and
preference styles. Across domains, datasets, and
model families, we find that existing W2S methods
often match or approach strong ground-truth per-
formance in-distribution, yet remain fragile under
cross-distribution evaluation. As shown in Figure 1,
a reward model trained on HelpSteer3 (Wang et al.,
2025) achieves strong in-distribution performance,
but its accuracy drops substantially when evaluated
on Anthropic Helpful (Bai et al., 2022).

To improve robustness under this shift, we
propose Representation Anchoring (ANCHOR),
which constrains excessive drift from the pretrained
strong model’s representation space during fine-
tuning. ANCHOR is designed to limit excessive
distortion of broadly useful pretrained features
while still allowing the reward model to adapt
to weak preference labels. Across preference do-
mains and model families, ANCHOR achieves the
most balanced overall performance over existing
W2S methods under both in-distribution and out-
of-distribution evaluation.

In summary, our contributions are threefold:

* We introduce a zero-shot preference-domain
shift protocol for evaluating W2S reward mod-
eling across datasets, domains, and model
families.

* Using this protocol, we show that ex-
isting W2S methods can appear success-
ful in-distribution yet remain fragile under
cross-domain evaluation, revealing that in-
distribution performance can overestimate
alignment reliability.

* We propose Representation Anchoring
(ANCHOR), a simple yet effective method
that regularizes the student toward the
pretrained strong model’s representations,
limiting excessive representation drift during
weak-supervised training. Across empirical
experiments, ANCHOR yields the most
balanced gains under both in-distribution and
out-of-distribution evaluation.

2 Preliminaries

2.1 Weak-to-Strong Generalization

Weak-to-strong (W2S) generalization studies
whether a stronger model can be trained from super-
vision produced by a weaker model (Burns et al.,
2023). In each source domain S, we instantiate
three models: a weak supervisor wg, a strong stu-
dent mg, and a strong ceiling model m%t. The
weak supervisor is trained on gold labels and then
used to supervise the strong student. The strong
ceiling model has the same base capacity as mg,
but is trained directly on gold labels and is used
only for evaluation.

In this work, we study W2S in the setting of
preference reward modeling, where the supervised
object is a scalar reward model trained from pair-
wise preferences.

2.2 Preference Reward Modeling

A preference dataset consists of prompts paired
with a preferred and rejected response,

A reward model 7p(z,y) € R assigns a scalar
score to each prompt-response pair. Following the
Bradley—Terry model (Bradley and Terry, 1952),
the probability of preferring yj overy, is

po(y = yi | @) = o(ro(zi,y)) — ro(zi,y; ) s

and the standard reward-modeling objective is

N
1
Lrm =~ z;loga(re(ﬂfz‘ayf) —ro(zi,y;)) -

In supervised reward modeling, (y;",y; ) is deter-
mined by human preference labels, as in RLHF-
style alignment pipelines (Christiano et al., 2017,
Ouyang et al., 2022; Bai et al., 2022). In W2S
reward modeling, the strong student instead learns
from preference labels induced by the weak super-
visor.
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2.3 Weak-to-Strong Reward-Modeling
Protocol

Given a source training set Siyain, we split it into
disjoint supervisor and student subsets. We train
wg on gold preference labels from the supervisor
subset, and then use wg to annotate each example
in the student subset with a soft preference label

@ = Pws (Y = y; | @)

The strong student mg is trained only on these
weak labels, while the strong ceiling model m%t is
trained on gold labels using the same strong model
base capacity.

3 Problem definition

We now formalize the central question of this
work: whether weak-to-strong reward modeling
learns domain-general preference representations
or merely fits source-domain preference patterns.

3.1 Zero-Shot Preference-Domain Shift

Let C denote a broad preference category, such as
helpfulness or harmlessness. Each category con-
tains a collection of preference domains

Ke ={ki,ko,...,kn}s

where each k; corresponds to a distinct data dis-
tribution with its own prompts, response styles,
annotation protocol, and dataset artifacts. For each
source domain k; € K¢, we train a weak-to-strong
reward model 7y using only k™", We evaluate
rg in-distribution on the held-out test set from the
same domain,

& (i) = {ki*'},

and out-of-distribution on the test sets from all
remaining domains,

Eoop (i) = {k;™" - kj € Ke, j # i}

We focus on zero-shot preference-domain trans-
fer: no target-domain examples are used to train the
weak supervisor, generate weak labels, or tune the
reward head. Hence, target-domain performance
reflects transfer from source-domain weak supervi-
sion rather than target-domain adaptation.

This formulation differs from ordinary held-out
evaluation. A held-out source test set asks whether
the student learned the source preference distribu-
tion, while a target-domain test set asks whether the

learned preference signal remains useful when the
prompt distribution, response style, or dataset arti-
facts change. This distinction is central to scalable
oversight: weak supervision may be available only
for limited behavioral slices, whereas deployed re-
ward models must generalize across many shifted
preference domains.

3.2 Transfer-Aware Metrics

Raw preference accuracy is necessary but insuffi-
cient for evaluating weak-to-strong reward model-
ing under preference-domain shift. A method may
improve on the source domain while failing to trans-
fer, or improve on target domains only by degrad-
ing source-domain behavior. We therefore report
three transfer-aware metrics that separately capture
source-domain improvement, target-domain trans-
fer, and transfer after accounting for source-domain
regression.

Let S € K¢ be the source preference domain
used to train the weak supervisor wg and the strong
student mg. For any evaluation domain £ € K¢,
define

Aw(S7 E) = ACC(’ws, Etest)a

Am(sa E) = ACC(mS) Etest)a

where Acc(-, Eiest) is pairwise preference accu-
racy on the test split of domain E. The case
E = S corresponds to in-distribution evaluation,
while £ = T # S corresponds to zero-shot out-of-
distribution evaluation on a target domain 7'.

Weak-to-Strong Raw Gain. Weak-to-Strong
Raw Gain (WRG) (Charikar et al., 2024) measures
whether the strong student improves over the weak
supervisor on the source domain:

WRG(S;m) = A (S, S) — Aw(S, S).

Positive WRG indicates successful in-distribution
weak-to-strong improvement.

Absolute OOD Gain. For an unseen target do-
main T # S, Absolute OOD Gain (AOG) mea-
sures whether the weak-to-strong improvement
transfers beyond the source domain:

AOG(S,T;m) = An(S,T) — Aw(S, T).

Positive AOG indicates that the strong student
outperforms the weak supervisor under zero-shot
preference-domain shift.
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Net Transfer Score. OOD improvement is de-
sirable only if it does not come at the cost of
source-domain collapse. We therefore define the
in-distribution regression cost as

Cip(S;m) = max (0, A, (S, S) — An(S,9)),
and define the Net Transfer Score (NTS) as
NTS(S,T;m) = AOG(S,T;m) — Cip(S;m).

When the strong student preserves or improves
source-domain performance relative to the weak
supervisor, Crp(S; m) = 0, and NTS equals AOG.
When target-domain gains are obtained by falling
below the weak supervisor on the source domain,
NTS penalizes this regression. Thus, NTS cap-
tures the central requirement of zero-shot weak-to-
strong transfer: improving target-domain perfor-
mance without sacrificing source-domain reliabil-

ity.
4 Methodology

We now describe ANCHOR, our weak-to-strong
method for zero-shot preference-domain transfer.
As shown in Figure 2, ANCHOR augments standard
reward-model training with a representation an-
choring regularizer. The student is trained to match
weak teacher preferences through the usual scalar
reward modeling loss, while its response-token hid-
den states are simultaneously constrained to re-
main close to those of a frozen pretrained reference
model. The final objective combines the preference
loss (Ly2s) and the anchoring loss (Lgnchor), al-
lowing the student to learn from weak supervision
while discouraging excessive deviation from pre-
trained representations that may support transfer.

4.1 Weak Preference Learning Objective

Let Pg = {(x;,y%,4?)}, denote a set of source-
domain prompt-response pairs, where z; is a
prompt and y;, yf’ are two candidate responses. In
the weak-to-strong setting, the strong student does
not observe the ground-truth preference label. In-
stead, a weak teacher reward model wg, trained
on source domain S, provides the soft preference
target

qgi =0 (U)S(JJ»L‘,y;'l) - wS(x%yf)) ’

where ¢; is the teacher-assigned probability that y;'
is preferred to y?.

The strong student mg predicts

pi = 0 (ms(xi,uf) — ms(ais?))

Following the soft-label W2S objective of Burns
et al. (2023), let z; ~ Bernoulli(g;) denote the
preference label induced by the weak teacher. The
expected negative log-likelihood under this teacher
distribution is

E., [~log py(2:)] = —gilogpi — (1 — ¢;) log(1 — pi).
Averaging over the training examples gives

Luzs = =% Yivy [ailogp; + (1 — g;) log(1 — pi)] .

Lo trains the strong student to match the weak
teacher’s soft preference distribution while retain-
ing the standard scalar reward-modeling form, in
which each prompt-response pair receives an inde-
pendent score and pairwise preferences are derived
from score differences. In ANCHOR, this objective
provides the preference-learning signal and is com-
bined with the representation-anchoring regularizer
to encourage zero-shot transfer across preference
domains.

4.2 Representation Anchoring Regularizer

Our central hypothesis is that the pretrained strong
model contains broadly useful representations for
preference judgment, while weak-supervised fine-
tuning on a single source domain may move these
representations toward source-specific features.
ANCHOR addresses this by adding a frozen copy of
the pretrained strong model as a training-time ref-
erence. Let mg denote the trainable strong reward
model, and let m,¢ denote a frozen copy initial-
ized from the same pretrained checkpoint before
weak-supervised fine-tuning. The reference model
is never updated and is discarded after training.
For a prompt-response pair (x,y), we denote
Hj(z,y) e R Hf

ref

(z,y) € RT*4

as the hidden states at layer ¢ from the student and
reference models, where 7' is the sequence length
and d is the hidden dimension. We use a response-
token mask

m(z,y) € {0,1}T

to exclude prompt tokens and padding tokens from
the anchoring loss. Following that, the masked
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Figure 2: Overview of ANCHOR under zero-shot preference-domain shift. ANCHOR trains a strong reward
model with the standard weak-to-strong preference loss L9s, while regularizing its response-token hidden states
toward a frozen pretrained reference model through L,,chor. At inference, the reference model is discarded and
only the learned scalar reward model is used for both in-distribution and zero-shot out-of-distribution evaluation.

hidden-state distance at layer £ is defined as

ST my(,y) || Al )|

Danc or m =
hor () 45T my(a,y)

Y

where

Af(xvy) = Hg,t(xvy) - erf,t(xvy)'

For the i-th pseudo-preference pair, the anchor-
ing loss is computed on both candidate responses:

Eanchor ( )

Therefore, the full ANCHOR objective on the i-th
sample is

13 13 b
= Danchor (JZZ‘, yza) =+ Danchor(xia Y; )

£(Z) = ‘CW?S( ) + )‘Eanchor(')

where A controls the strength of representation
preservation.

The two terms play complementary roles. The
weak preference loss provides the task signal by
training mg to reproduce the weak teacher’s soft
preferences, whereas the anchoring loss regularizes
the internal response representations used to sup-
port these predictions. By regularizing the student’s
representation space close to the pretrained refer-
ence space during source-domain fine-tuning, AN-
CHOR aims to preserve broadly useful pretrained
features while still allowing the reward model to
adapt to weak supervision.

4.3 ANCHOR Variants

We consider two variants of ANCHOR that differ in
which layer representations are regularized.

Last-Layer ANCHOR. Our default variant ap-
plies the anchoring loss to the final transformer
layer:

L ast (2) = Eénchor (Z) )

where L is the number of transformer layers. This
variant directly regularizes the representation used
by the reward head and requires storing hidden
states from only one layer. Because of its lower
memory and computation cost, we use Last-Layer
ANCHOR as the main version of our method.

Middle-Layer ANCHOR. We also evaluate a
middle-layer variant, which anchors intermedi-
ate representations while leaving the final reward-
facing layers more flexible. Let O be a small set of
normalized layer positions, for example

O ={[0.5L],0.75L]} .

The middle-layer anchoring loss is

E : ‘Canchor

ée(’)

L (%)

The corresponding training objective now becomes

ﬁ(l) = szs(i) + /\ﬁMLA(i).
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Middle-Layer ANCHOR is useful both as an alter-
native regularizer and as a diagnostic. If preserv-
ing intermediate representations improves OOD
transfer, it provides evidence consistent with a role
for representation preservation in weak-to-strong
transfer. In our main experiments, we use Last-
Layer ANCHOR for efficiency and compare it with
Middle-Layer ANCHOR in the ablation study.

S Experiment

5.1 Experimental Setup

Datasets. We evaluate on two preference cate-
gories. For Helpful, we use Anthropic Helpful
from HH-RLHF (Bai et al., 2022), HelpSteer3-
Preference (Wang et al., 2025), and UltraFeedback
(Cui et al., 2024). For Harmless, we use Anthropic
Harmless from HH-RLHF (Bai et al., 2022), PKU-
SafeRLHF (Ji et al., 2025), and RAIL (Verma et al.,
2025). When a dataset does not provide a valida-
tion split, we reserve 10% of its training split for
validation. We then split the remaining training
data into two equal parts: a gold-labeled subset
D%Old, used to train the weak teacher wg, and a
weak-to-strong subset DgQS, which is relabeled by
wg and used to train the strong student mg.

Models. We report results on two model fam-
ilies. For Llama, we use Llama-3.2-1B-Instruct
as the weak teacher and Llama-3.1-8B-Instruct as
the strong student (Grattafiori et al., 2024). For
Qwen, we use Qwen3-1.7B as the weak teacher
and Qwen3-8B as the strong student (Yang et al.,
2025a). All models are trained as scalar reward
models using LoRA with rank = 16. Details of the
hyperparameters can be found in Appendix A.

Baselines. We compare ANCHOR with three
W2S preference-learning baselines:

¢ Naive W2S (Burns et al., 2023): trains the
strong student directly on weak teacher labels
using the standard weak preference loss L5
from Section 4.1.

¢ Confidence-based W2S (Burns et al., 2023):
augments naive W2S with an auxiliary confi-
dence loss that encourages confident student
predictions and reduces direct imitation of
weak-teacher errors.

* SEAM (Li et al., 2025): uses the pretrained
strong model to generate principle-based an-
notation rationales, while the weak model se-
lects the final weak annotation.

Metrics and reporting. We use pairwise pref-
erence accuracy as the base measure and report
the full accuracy table in Appendix D. In the
main paper, we summarize performance using PGR
(Burns et al., 2023) and three transfer-aware met-
rics: WRG, AOG, and NTS, all computed from
mean accuracies over three random seeds.

5.2 Main results

Table 1 shows that in-distribution weak-to-strong
gains do not always imply robust transfer to un-
seen preference domains. Naive and confidence-
based training exhibit a similar pattern: they can
achieve strong in-distribution performance, but
their OOD transfer remains unstable. For ex-
ample, in the harmless category with the Qwen
model family, when training on Anthropic Harm-
less, Naive obtains tied-best in-distribution WRG
score of 1.48, but transfers weakly to RAIL
with only 0.52 in AOG. Similarly, when train-
ing on PKU-SafeRLHF, confidence-based filtering
achieves a high in-distribution PGR of 1537.5%,
but gives negative transfer to Anthropic Harmless
with —0.39 in NTS. These results suggest that im-
proving or filtering weak source-domain supervi-
sion alone does not reliably produce transferable
reward models.

SEAM shows a sharp preservation transfer trade-
off: it can achieve competitive OOD AOG, but of-
ten at the cost of severe in-distribution degradation.
In the helpful Llama setting, training on HelpSteer3
gives SEAM strong OOD AOG on Anthropic Help-
ful and UltraFeedback (9.95 and 6.25), yet its ID
WRG drops to —15.67; the same pattern appears
for Qwen trained on Anthropic Helpful, with 5.49
OOD AOG on UltraFeedback but —1315.4% ID
PGR. In contrast, ANCHOR better preserves source-
domain performance while improving transfer, rais-
ing AOG from 0.60 to 4.41 on Anthropic Helpful
and NTS from 5.79 to 6.01 on HelpSteer3 when
trained on UltraFeedback. Across Table 1, AN-
CHOR is best or tied in 41 of 60 WRG/AOG/NTS
comparisons, supporting its stronger overall bal-
ance across ID and OOD evaluation rather than
uniform dominance in every setting.

Nevertheless, ANCHOR does not guarantee pos-
itive transfer for every source-target pair. In par-
ticular, Qwen trained on HelpSteer3 retains a pos-
itive ID gain (WRG = 0.33) and transfers pos-
itively to UltraFeedback (NTS = 4.69), but re-
mains below the weak teacher on Anthropic Help-
ful (NTS = —2.61). This failure persists across
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Table 1: Weak-to-strong reward-model transfer under preference-domain shift. We report in-distribution and
zero-shot out-of-distribution transfer results across helpful and harmless preference domains.

Helpful category
Llama-3.2-1B-Instruct — Llama-3.1-8B-Instruct
H3 AH UF
Method In-dist. AH UF In-dist. H3 UF In-dist. H3 AH
PGR (%) WRG AOG NTS AOG NTS PGR (%) WRG AOG NTS AOG NTS PGR (%) WRG AOG NTS AOG NTS
Naive 3223 171 146 146 48 48 98.7 3.13 459 4.59 498 4.98 734 174 579 579 0.6 0.6
Conf.-based -39.9 -2.12 8.06 594 7.64 5.52 70.3 223 3.83 3.83 4.74 474 41.8 099 339 339 0.25 0.25
SEAM -295.1 -15.67 9.95 -5.72 6.25 -942 -411.4 -13.04 -6.01 -19.05 -0.46 -13.5 -280.6 -6.65 -5.68 -12.33 0.17 -6.48
ANCHOR 67.2 3.57 8.19 819 793 7.93 1069 3.39 2.08 2.08 5.61 5.61 979 232 6.01 6.01 441 4.41
Qwen3-1.7B — Qwen3-8B
H3 AH UF
Method In-dist. AH UF In-dist. H3 UF In-dist. H3 AH
PGR (%) WRG AOG NTS AOG NTS PGR (%) WRG AOG NTS AOG NTS PGR (%) WRG AOG NTS AOG NTS
Naive -87.7 -3.06 -0.04 -3.1 0.17 -2.89 173.1 045 557 557 5.15 5.15 -89.1 -041 361 3.2 137 096
Conf.-based -659 -2.3-158-3838 44 2.1 661.5 1.72 6.78 6.78 4.92 4.92 -39.1 -0.18 142 1.24 3.26 3.08
SEAM -332.1 -11.59 8.2 -339 579 -58 —1.3k -342 0.55 -2.87 549 2.07 -5174 -2.38 -1.85 -423 588 3.5
ANCHOR 9.5 0.33 -2.61 -2.61 4.69 4.69 1k 275 896 8.96 5.73 5.73 189.1 0.87 3.28 3.28 3.13 3.13
Harmless category
Llama-3.2-1B-Instruct — Llama-3.1-8B-Instruct
AHar PKU RAIL
Method In-dist. PKU RAIL In-dist. AHar RAIL In-dist. AHar PKU
PGR (%) WRG AOG NTS AOG NTS PGR (%) WRG AOG NTS AOG NTS PGR (%) WRG AOG NTS AOG NTS
Naive 122.6  3.09 197 197 0 0 146.1 491 2.65 2.65 2.26 2.26 557 1.03 244 244 2.04 2.04
Conf.-based 129.4 326 3.11 3.11 -0.31 -0.31 151.2 508 2.61 261 247 247 -724 -1.34 0.79 -0.55 0.32 -1.02
SEAM -264.3 -6.66 4.5 -2.16 -0.51 -7.17 236.3 794 1.64 1.64 627 627 -277.8 -5.14 -474 -9.88 -0.25 -5.39
ANCHOR 1345 3.39 238 2.38 031 0.31 163.4 549 343 343 4.62 4.62 77.8 144 2.62 2.62 2.37 237
QOwen3-1.7B — Qwen3-8B
AHar PKU RAIL
Method In-dist. PKU RAIL In-dist. AHar RAIL In-dist. AHar PKU
PGR (%) WRG AOG NTS AOG NTS PGR (%) WRG AOG NTS AOG NTS PGR (%) WRG AOG NTS AOG NTS
Naive 160.9 1.48 2.05 2.05 0.52 0.52 1k 082 1.35 1.35 1.85 1.85 -19.1 -0.51 153 1.02 1.72 1.21
Conf.-based 54 0.05-1.72 -1.72 -0.51 -0.51 1.5k 1.23 -0.39 -0.39 1.54 1.54 -30.7 -0.82 1.88 1.06 3.93 3.11
SEAM —1.6k -14.71 5.4 -9.31 -1.54 -16.25 4.2k  3.36 -8.49 -8.49 -2.67 -2.67 -385 -10.28 -10.79 -21.07 1.07 -9.21
ANCHOR 1609 1.48 0.66 0.66 1.65 1.65 2.7k 221 143 143 1.85 1.85 0 0 1.4 14 246 2.46

H3 = HelpSteer3, AH = Anthropic Helpful, UF = UltraFeedback, AHar = Anthropic Harmless, In-dist. = In-distribution metrics.
The best value in each column and model block is shown in bold, and the second-best value is underlined. PGR is reported for
comparability with prior W2S work. Because it is a ratio-based metric, it can take very large negative values when a method

performs far below the weak supervisor or when the weak-to-strong gap is small.

Table 2: Comparison with preservation and optimization
controls on Llama/HelpSteer3. Full hyperparameter
sweeps are reported in the appendix.

anchoring strengths and layer choices, suggesting
that representation preservation alone cannot elimi-
nate all source-target preference mismatch.

A comparison with the strong-supervised ceilin Method WRG AH UF

P , g-Supervis g AOG NTS AOG NTS
further contextualizes these remaining failures. The Noi 71 146 146 480 480

ege . aive . . . . .
mean ID/OOD ceiling gaps are 1.01/6.37 for Naive, WI(a =075 138 412 412 532 532
1.56/6.27 for confidence-based W28, 8.73/8.05 for Early stopping 247 380 3.80 626 626
- _ LoRA (r = 8) 1.49 286 286 6.14 6.14
SEAM, and (?n'ly 0.11/5.45 for ANCHOR. More L2.SP 269 416 416 903 9.03
over, the additional OOD gap attributable to weak ANCHOR 357 819 819 793 7.93

supervision is only 0.23 points for ANCHOR, com-
pared with 1.15, 1.05, and 2.83 for the three base-

lines. This suggests that much of the remaining
OOD deficit reflects source-target transfer difficulty
that persists even under gold supervision.

Comparison with preservation controls. To
test whether ANCHOR’s gains can be repro-
duced by simply restricting fine-tuning, we com-
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pare against weight interpolation (WI), source-
validation early stopping, reduced-rank LoRA, and
L2-SP parameter-space regularization in the same
Llama/HelpSteer3 setting (Table 2). The simpler
controls provide partial improvements over Naive
W28, but none matches ANCHOR’s overall ID—
OOD balance. In particular, early stopping and
rank-8 LoRA reach UltraFeedback AOGs of 6.26
and 6.14, respectively, but remain substantially be-
low ANCHOR on Anthropic Helpful. Parameter-
space preservation is more competitive: L2-SP with
A = 10~ * reaches 9.03 AOG on UltraFeedback, ex-
ceeding ANCHOR’s 7.93, but obtains lower WRG
(2.69 vs. 3.57) and substantially weaker transfer to
Anthropic Helpful (4.16 vs. 8.19 AOG). Together,
these results suggest that preserving pretrained in-
formation is beneficial, while directly constraining
hidden representations provides a stronger overall
preservation transfer balance than reducing opti-
mization, limiting adaptation capacity, or constrain-
ing parameter displacement alone. Full WI and
L2-SP sweeps are reported in Appendix F.

6 Ablation Studies

We conduct ablation studies to better understand
the role of representation anchoring in ANCHOR.
Unless otherwise stated, all ablations are conducted
with the Llama model family using HelpSteer3
as the source training domain. Specifically, we
analyze the effect of the anchoring strength and the
choice of anchored layer.

6.1 Effect of Anchoring Strength

We first study the sensitivity of ANCHOR to
the anchoring coefficient A. We vary A €
{1072,1073,10~*}, which controls the strength
of the representation-anchoring loss relative to the
weak preference objective. A larger A creates a
stronger constraint on the student representations,
which may better preserve pretrained knowledge
but can also weaken adaptation to the source pref-
erence signal.

Figure 3 shows that decreasing the anchoring co-
efficient consistently improves performance across
WRG, AOG, and NTS. The consistent trend sug-
gests that overly strong anchoring can constrain
adaptation, whereas a weaker anchoring penalty
better balances weak preference learning and rep-
resentation preservation.

Table 3: Effect of anchored layer with A = 10~%. Bold
indicates the best value in each column.

Anthropic Helpful  UltraFeedback

Method WRG

AOG NTS AOG NTS
Middle-layer 2.14 442 4.42 8.22 8.22
ANCHOR 3.57 8.19 8.19 7.93 7.93

6.2 Effect of Anchored Layer

We further study the choice of anchoring layer.
Final-layer states are closer to the reward head and
may be more strongly shaped by source-domain
preference learning, whereas middle-layer states
may preserve more general transferable features
while leaving higher layers free to adapt.

Table 3 shows that ANCHOR provides a better
overall balance across in-distribution and transfer
settings. While middle-layer anchoring is slightly
stronger on UltraFeedback, ANCHOR performs bet-
ter in-distribution and transfers more strongly to
Anthropic Helpful, suggesting that the chosen an-
chored layer better preserves transferable represen-
tations without overly restricting adaptation.

7 Related Work

Weak-to-strong generalization and scalable
oversight. Recent work has applied weak-to-
strong (W2S) generalization to alignment and pref-
erence learning, showing that weak aligned models
or weak supervisors can improve stronger models
through preference optimization and related align-
ment objectives (Zhu et al., 2025; Lyu et al., 2025).
At the same time, these studies also expose limi-
tations of weak supervision, including overfitting
to weak signals or inheriting supervisor errors (Shi
et al., 2025; Yang et al., 2025b). Beyond prefer-
ence supervision, W2S has also been studied in
reasoning, mathematical problem solving, weak-
guided search, and agentic decision-making, sug-
gesting that weak supervision is a broader paradigm
for eliciting strong-model capabilities (Yang et al.,
2024; Zhou et al., 2024; Nie et al., 2025).

Preference learning and reward modeling.
Learning scalar reward models from comparisons
is a core component of RLHF-style alignment
(Christiano et al., 2017; Ouyang et al., 2022;
Bai et al.,, 2022). Most reward-modeling ob-
jectives use a Bradley-Terry likelihood over re-
sponse pairs (Bradley and Terry, 1952), and re-
cent benchmarks further treat reward models as
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(a) WRG (b) AOG (c) NTS
3.6
—8— Anthropic Helpful —8— Anthropic Helpful
3.4 8 UltraFeedback / 8 UltraFeedback /
3.21
g 87 27
= 3.04 < 2
2.8 6 61
2.6

1072 1073 1074 102
Anchoring coefficient A

1073 1074 1072 1073 1074
Anchoring coefficient A

Anchoring coefficient A

Figure 3: Effect of anchoring strength A on in-distribution and out-of-distribution transfer performance. Larger
x-axis values correspond to smaller anchoring coefficients, i.e., weaker representation anchoring.

standalone evaluators across chat, reasoning, and
safety settings (Lambert et al., 2025). In paral-
lel, direct preference-optimization methods bypass
explicit reward-model training for policy optimiza-
tion (Rafailov et al., 2023; Gheshlaghi Azar et al.,
2024; Hong et al., 2024; Meng et al., 2024). Joint
evaluator models instead compare candidate re-
sponses together, including pairwise rankers, com-
parative LLM judges, and evaluator LMs with
pairwise-ranking modes (Jiang et al., 2023; Liusie
et al., 2024; Li et al., 2024b; Kim et al., 2024);
however, pair-dependent scoring is less compatible
with settings that require independent candidate
scores.

Representation-preserving fine-tuning. Fine-
tuning can degrade pretrained features and OOD
robustness (Kumar et al., 2022; Li et al., 2024c;
Zang et al., 2024), related to catastrophic forget-
ting in continual learning (Li et al., 2024a; Zheng
et al., 2025). Prior approaches preserve knowl-
edge through distillation (Hinton et al., 2015),
continual-learning regularization (Kirkpatrick et al.,
2017; Li and Hoiem, 2017; Wu et al., 2024), or
parameter-space constraints (Lee et al., 2020). Un-
like continual learning, which typically preserves
performance on previously observed tasks, our
setting evaluates zero-shot transfer from a single
source preference domain to unseen domains. AN-
CHOR adapts representation preservation to W2S
reward modeling by anchoring response-token hid-
den states to a frozen pretrained reference, with no
inference-time modification.

8 Conclusion

We study weak-to-strong reward modeling under
zero-shot preference-domain shift and introduce
an evaluation protocol that trains on one pref-
erence domain while testing both in-distribution
and on unseen target domains. Using this proto-
col, we show that in-distribution W2S gains do
not necessarily indicate robust alignment: meth-

ods that improve source-domain performance may
still transfer poorly across domains. To address
this gap, we propose ANCHOR, a representation-
anchoring method regularizing the strong student
toward a frozen pretrained reference during weak-
supervised training. Across preference domains
and model families, ANCHOR better preserves in-
distribution performance while improving out-of-
distribution transfer. Our findings suggest that ro-
bust W2S alignment should be evaluated not only
by whether strong models learn from weak supervi-
sion, but also by whether the learned reward func-
tion remains reliable beyond the training domain.

Limitations

Our study focuses primarily on offline pairwise
reward-model accuracy across a fixed suite of help-
ful and harmless preference datasets. While this
controlled setting allows us to systematically an-
alyze preference-domain transfer, offline metrics
may not fully capture downstream deployment be-
havior. We provide initial downstream validation
through best-of-4 reranking (Appendix G), where
ANCHOR improves candidate selection across both
ID and OOD settings. However, broader down-
stream evaluation through online RLHF policy op-
timization, DPO-style policy training, and open-
ended generation is left for future work.

Our cross-dataset evaluation also represents a
compound preference-domain shift: the datasets
may differ simultaneously in prompt distributions,
response styles and sources, annotation protocols,
and preference policies. Consequently, our experi-
ments do not disentangle the contribution of each
factor to OOD failure, nor establish representation
drift as its sole cause. Isolating these sources of
shift through more controlled evaluations is left for
future work.

Furthermore, we note a distinct trade-off re-
garding computational efficiency. In a representa-
tive Llama/UltraFeedback run, ANCHOR increases
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training time and GPU-hours by approximately
14% relative to Naive W2S (4.11 vs. 3.62 minutes;
0.069 vs. 0.060 GPU-hours), while measured peak
VRAM remains effectively unchanged (38.66 vs.
38.71 GB/GPU). This overhead comes from one
additional frozen-reference forward pass, with no
reference-model backward pass and no inference-
time overhead. Finally, our empirical validation is
limited to specific helpful/harmless domains and
specific model scales; future work is required to
evaluate ANCHOR across broader preference axes,
more diverse task domains, and larger model fami-
lies.
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A Hyperparameters and Implementation
Details

We use LoRA fine-tuning for all weak-to-strong
methods, including both the weak teacher and the
strong student models. Unless otherwise specified,
we use the final checkpoint after three epochs for
evaluation and apply the same training configura-
tion across methods:

* LoRA rank: 16
* Learning rate: 2 x 1074
* Number of epochs: 3

* Anchoring coefficient for ANCHOR: A =
10~

For ANCHOR, we select A\ = 10~ from a pre-
liminary sweep over A € {1072,1073,10~%} on
the HelpSteer3 source-domain setting, where it
yields the strongest in-domain validation perfor-
mance. We then fix this value across all datasets
and model families to avoid per-setting hyperpa-
rameter tuning.

All experiments were conducted on NVIDIA
RTX A6000 GPUs. Reproducing the reported re-
sults requires approximately 2400 GPU-hours in
total, including runs across datasets, random seeds,
and baselines. To quantify the additional cost of
representation anchoring, we report training effi-
ciency for a representative Llama/UltraFeedback
run in Table 4.

Table 4: Training overhead on a representative
Llama/UltraFeedback run. Relative time and VRAM
are normalized to Naive W2S. ANCHOR adds approxi-
mately 14% training time and GPU-hours, while mea-
sured peak VRAM remains effectively unchanged.

Method Time (min) VRAM (GB) GPU-hours Relative Relative

Time VRAM
Naive W2S 3.62 38.71 0.060 1.00x 1.00x
Conf.-based 348 38.71 0.058 0.96x 1.00x
ANCHOR 4.11 38.66 0.069 1.14x 1.00x

B Data Processing Pipeline

Most preference-learning datasets provide a
prompt, a chosen response, a rejected response, and
the corresponding chosen and rejected scores. We
first remove samples where the chosen and rejected
scores are equal, since these tied examples do not
provide a clear preference signal. We then con-
catenate each prompt with its chosen and rejected
responses to construct a chosen conversation and

arejected conversation, respectively. These paired
conversations are used as the input examples for
reward model training and evaluation.

C Dataset Statistics and
Preference-Domain Shift Diagnostics

C.1 Dataset split statistics

Table 5 summarizes the dataset statistics used in our
experiments, including the train, validation, test,
weak-teacher training, and weak-to-strong training
splits for each preference dataset.

Table 5: Dataset statistics used in our weak-to-strong
reward-modeling experiments. The training split is di-
vided equally into weak-teacher training data and weak-
to-strong training data.

Category Train  Validation Test  Weak-teacher train ' W2S train

Helpful 115,396 11,540 2,332 57,698 57,698
Helpful 17,708 1,771 915 8,854 8,854
Helpful 53,748 5375 1,728 26,874 26,874

Anthropic Harmless ~ Harmless 42,254 4226 2,298 21,127 21,127
PKU-SafeRLHF Harmless 26,874 2,688 1,222 13,437 13,437
RAIL Harmless 7,862 887 973 3,931 3,931

Dataset

Anthropic Helpful
HelpSteer3
UltraFeedback

C.2 Cross-dataset shift diagnostics

To characterize the distribution differences un-
derlying our cross-dataset evaluation, Table 6 re-
ports simple statistics of the prompt and preferred-
response distributions. Token lengths are measured
using the Llama-3 tokenizer. Even within the same
broad preference category, these datasets differ sub-
stantially in prompt and response length. For ex-
ample, HelpSteer3 contains considerably longer
prompts and preferred responses than Anthropic
Helpful, while the harmlessness datasets also dif-
fer in both response length and the frequency with
which the preferred response is longer than the
rejected response.

Table 6: Cross-dataset preference-domain diagnostics.
Prompt and chosen-response lengths are mean token
counts measured with the Llama-3 tokenizer. “Cho-
sen longer” denotes the fraction of preference pairs in
which the preferred response is longer than the rejected
response.

Dataset Promptlen. Chosenlen. Chosen longer
Anthropic Helpful 162 56 59%
HelpSteer3 565 389 56%
UltraFeedback 182 275 56%
Anthropic Harmless 149 38 43%
PKU-SafeRLHF 61 82 38%
RAIL 137 47 34%

The datasets additionally differ in response
provenance and annotation policy. Anthropic HH-
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RLHF is based on binary human preference com-
parisons. Meanwhile, HelpSteer3 uses graded pref-
erences collected from multiple annotators and Ul-
traFeedback derives preferences from multidimen-
sional GPT-4-based evaluations. In the harmless-
ness category, PKU-SafeRLHF focuses on prefer-
ences between safer and less-safe responses while
RAIL uses multidimensional responsible-Al crite-
ria. Consequently, our cross-dataset setting jointly
varies prompt distributions, response styles and
sources, and preference-labeling policies.

These diagnostics support treating the evalua-
tion as a compound preference-domain shift rather
than an ordinary held-out dataset split. However,
because these factors vary jointly, they do not iden-
tify any single factor, including representation drift,
response-distribution shift, or annotation-policy dif-
ferences, as the sole cause of the observed OOD
degradation.

D Full Accuracy Results and
Strong-Ceiling Analysis

D.1 Full Accuracy Results

Table 7 reports the full accuracy results with stan-
dard deviations across different reward-modeling
methods, datasets, and model families.

D.2 Gap to Strong-Supervised Ceiling

To further contextualize weak-to-strong perfor-
mance, we compare each student with a strong
reward model trained directly on gold labels from
the evaluation domain. For a student trained on
source domain S and evaluated on domain 7', we
define the target-ceiling gap as

Gsor = AmE, T) — A(m¥>,T),

where m%f denotes the strong model trained di-
rectly on gold labels from 7. When T' = S, this
reduces to the in-distribution strong-ceiling gap;
when T # S, it measures how far a zero-shot
source-trained student remains from direct target-
domain supervision.

Table 8 shows that ANCHOR has the smallest
mean gap to the strong-supervised reference un-
der both ID and OOD evaluation. Its mean ID
gap is —0.11 points, slightly exceeding the source-
domain strong-supervised reference on average,
while its mean OOD target-ceiling gap is 5.45
points, compared with 6.37, 6.27, and 8.05 for

Naive W2S, confidence-based W2S, and SEAM, re-
spectively. ANCHOR also obtains the lowest gap in
9.5/12 ID and 11/24 OOD cases under fractional
tie counting.

To distinguish limitations due to cross-domain
transfer from those due specifically to weak super-
vision, we further decompose the OOD gap as

Gssr = AmE,T)— A(m%,T)

source-target gold-transfer gap

+ A(m%,T) — A(m%>,T).

weak-supervision gap

The first term measures the difficulty of transfer-
ring even gold source-domain supervision to the un-
seen target domain, whereas the second measures
the additional gap introduced by weak-supervised
training when the source dataset and strong-model
architecture are held fixed. Averaged across OOD
evaluations, the source-target gold-transfer gap is
5.22 points. The additional weak-supervision gap
is only 0.23 points for ANCHOR, compared with
1.15, 1.05, and 2.83 for Naive W2S, confidence-
based W2S, and SEAM, respectively. ANCHOR
substantially reduces the remaining discrepancy as-
sociated with weak-label training, while much of its
residual OOD gap reflects source-target transfer dif-
ficulty that persists even under gold source-domain
supervision.

E Anchoring Ablations and
Representation Analysis

E.1 Expanded ) and layer ablations

The main-text ablations in Section 6 use Llama
with HelpSteer3 as the source domain. Here,
we extend both the anchoring-strength and layer-
selection analyses to two additional Qwen settings:
HelpSteer3 and UltraFeedback as source domains.
These experiments test whether the conclusions
from the main ablation persist across model fami-
lies and source datasets.

Anchoring strength. Table 9 reports the raw pair-
wise accuracies for A € {1072,1073,10~*}. In ad-
dition to the Llama/HelpSteer3 setting reported in
the main paper, we evaluate Qwen trained on Ultra-
Feedback and HelpSteer3. Importantly, A\ = 10~*
was selected using the original Llama/HelpSteer3
experiment and then fixed for the Qwen experi-
ments rather than tuned independently for each
source-target pair.
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Across these settings, A = 10~* obtains the
highest or tied-highest accuracy in all nine ID/OOD
comparisons. Stronger anchoring generally reduces
performance, suggesting that excessive preserva-
tion can restrict adaptation to weak preference su-
pervision. At the same time, the difficult Qwen
HelpSteer3— Anthropic Helpful transfer remains
weak even at A\ = 1074, indicating that this fail-
ure cannot be explained solely by overly strong
anchoring.

Anchoring layer. We next compare final-layer
ANCHOR with middle-layer anchoring at the fixed
coefficient A = 10~%. Table 10 extends the main-
text layer ablation to the same two Qwen settings.

Final-layer anchoring achieves higher accuracy
in eight of the nine comparisons, although sev-
eral differences are small. Middle-layer anchoring
is slightly better for Llama HelpSteer3— Ultra-
Feedback, while final-layer anchoring provides the
stronger overall ID/OOD balance across the eval-
uated model families and source domains. These
results support our use of final-layer ANCHOR as
the default variant, while also indicating that the
optimal anchoring location can vary for individual
source-target pairs.

E.2 Representation Drift Analysis

We further analyze how weak-supervised fine-
tuning changes the internal representations of the
strong model. Specifically, we compute CKA and
CCA distances between each fine-tuned LoRA
checkpoint and the frozen Llama-8B base model at
different layers. Lower distance indicates that the
fine-tuned model preserves representations closer
to the pretrained base model, while higher distance
indicates larger representation drift.

Figure 4 shows that representation drift is con-
centrated in middle and final layers, which is ex-
pected because these layers are closer to the reward
head and are more directly affected by preference
learning. Compared with naive and confidence-
based weak-to-strong training, ANCHOR generally
reduces CKA/CCA distance to the pretrained base
model, indicating that anchoring constrains exces-
sive representational movement during weak-label
training.

Importantly, the best-performing anchored
checkpoint is not the one with the smallest rep-
resentation distance. Very strong anchoring, such
as A = 1072, keeps the representations closer to
the base model, but can overly restrict adaptation

to the source preference task. In contrast, the best-
performing checkpoint, A = 10, allows moder-
ate representation movement while still reducing
drift relative to unanchored baselines. This sup-
ports a controlled-drift interpretation: ANCHOR
improves weak-to-strong reward modeling not by
freezing pretrained representations, but by balanc-
ing representation preservation with task-relevant
adaptation.

E.3 Preference-Relevant Linear Probing

The CKA/CCA analysis measures geometric rep-
resentation drift, but greater similarity to the pre-
trained representation space does not necessarily
imply preservation of information relevant to pref-
erence prediction. We therefore conduct a com-
plementary linear-probe analysis. We freeze the
representations of Llama reward models trained
on HelpSteer3 using Naive W2S, confidence-based
W28, and ANCHOR, and train the same linear probe
using gold HelpSteer3 preference labels. We then
evaluate the probe zero-shot on gold test labels
from HelpSteer3, Anthropic Helpful, and Ultra-
Feedback, without target-domain adaptation.

As shown in Table 11, ANCHOR achieves the
highest probe accuracy on both the source dataset
and the two unseen target datasets. In particular, it
improves over Naive W2S by 4.12 points on Help-
Steer3, 4.89 points on Anthropic Helpful, and 0.92
points on UltraFeedback. These results indicate
that the representations preserved by ANCHOR con-
tain more linearly accessible information predictive
of gold preferences, complementing the geomet-
ric evidence from CKA/CCA. However, the probe
captures aggregate preference-relevant information
reflected in pairwise labels; it does not separately
identify individual factors such as refusal behavior,
verbosity, or other preference attributes.

F Preservation and Optimization
Controls

F.1 Representation-Space versus
Parameter-Space Preservation

We additionally compare ANCHOR with L2-SP, a
parameter-space regularization baseline that pe-
nalizes deviation from the pretrained initializa-
tion. The comparison is conducted when training
on HelpSteer3 and evaluating zero-shot transfer
to Anthropic Helpful and UltraFeedback, as re-
ported in Table 12. The full sweep shows that
L2-SP can improve transfer in some cases, espe-
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Figure 4: CKA and CCA distances between HelpSteer3-trained LoRA checkpoints and the frozen Llama-8B base

model across evaluation domains and layers.

cially on UltraFeedback, confirming that preserv-
ing pretrained information is useful. However, its
effect is less balanced across target domains: the
strongest L2-SP setting on UltraFeedback substan-
tially underperforms ANCHOR on Anthropic Help-
ful and yields lower WRG. In contrast, ANCHOR
achieves the best WRG and the strongest average
transfer across the two target domains, suggesting
that representation-space preservation provides a
more stable mechanism than parameter-space regu-
larization alone.

F.2 Weight Interpolation and Optimization
Controls

We further test whether ANCHOR’s gains can be
reproduced by simply limiting the magnitude, du-
ration, or capacity of fine-tuning. We consider

three controls: (1) weight interpolation (WI), which
scales the Naive W2S LoRA update toward the pre-
trained initialization; (2) source-validation-based
early stopping; and (3) reduced-capacity LoRA
with rank » = 8, compared with the default rank
r = 16. We evaluate these controls on both Llama
and Qwen with HelpSteer3 as the source domain,
and additionally evaluate WI on Llama/RAIL to
cover the harmlessness category.

Across these settings, the simpler controls do
not reproduce ANCHOR’s overall ID/OOD balance,
as depicted in Table 13. Weight interpolation pro-
vides partial improvements for Llama/HelpSteer3
at a = (.75, but smaller interpolation coefficients
substantially degrade both source and target per-
formance; the same pattern is more pronounced
for Qwen/HelpSteer3 and Llama/RAIL. Source-
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validation early stopping and rank-8 LoRA also
remain below ANCHOR in the HelpSteer3 experi-
ments. In the difficult Qwen/HelpSteer3 setting,
neither control restores positive source-domain
gain, whereas ANCHOR achieves positive WRG
and stronger transfer to UltraFeedback. Together
with the L2-SP comparison above, these results
indicate that ANCHOR’s gains are not explained
solely by smaller parameter updates, shorter opti-
mization, or reduced adaptation capacity.

G Downstream Best-of-4 Reranking
Evaluation

To examine whether improvements in pairwise
reward-model accuracy translate to downstream
candidate selection, we conduct a best-of-4 rerank-
ing evaluation on UltraFeedback using the Llama
reward models. We evaluate models trained on
HelpSteer3, Anthropic Helpful, and UltraFeedback.
The first two settings therefore measure zero-shot
OOD transfer to UltraFeedback, while training on
UltraFeedback provides the corresponding ID set-
ting. We compare Naive W2S, confidence-based
W28, and ANCHOR, and report both best-of-4 top-1
accuracy and pairwise accuracy in Table 14.
ANCHOR achieves the highest best-of-4 top-1
accuracy in all three settings, including both OOD
transfers. Averaged across source domains, it im-
proves top-1 accuracy by 2.22 points over Naive
W2S and 1.81 points over confidence-based W2S.
The same ordering is observed for pairwise accu-
racy. These results provide initial evidence that the
transfer improvements observed in offline reward-
model evaluation can translate into better down-
stream candidate selection. Broader evaluation
through RLHF, DPO-style policy training, and
open-ended generation is left for future work.
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Table 7: Accuracy results across helpful and harmless preference-domain shifts. Each three-column block indicates
the source training dataset, and each subcolumn indicates the evaluation dataset. Standard deviations over three
seeds are shown as subscripts.

Helpful
Llama-3.2-1B-Instruct — Llama-3.1-8B-Instruct
Src: HelpSteer3 Src: Anthropic Helpful Src: UltraFeedback
Method HelpSteer3  AHelpful UltraFB AHelpful HelpSteer3  UltraFB UltraFB ~ HelpSteer3  AHelpful

Weak teacher 74.030,77 52.960.59 63.890‘23 69.470451 64.260'23 65.510,72 74.940,49 64.480,72 62.140,72
Strongceiling 79.340‘37 60.980.77 73.500‘40 72.640‘59 67.760,72 71~470.66 77~310.26 71.260‘64 64.670,77

Naive 75.740‘72 54.420,40 68.690‘71 72.600‘69 68.850,72 70.49()‘77 764680,28 70.270‘31 62.740,77
Confidence-based 71.91()‘72 61.020,24 71.530‘45 71.700(19 68.090,77 70.25()‘72 75.93()‘21 67.87()‘72 62.390,72
SEAM 58.360.77 62.91p9.70 70.140.50 56.430.77 58.250.77 65.050.59 68.299.76¢ 58.800.72 62.31p.75
ANCHOR 77.600,38 61.150.52 71.820‘43 72.860‘47 66.340,77 71.120,72 77.840,29 70-490.58 66.550,72
"Qwen3-1.7B — Qwen3-88 oo T oo oo oo oo
Src: HelpSteer3 Src: Anthropic Helpful Src: UltraFeedback
Method HelpSteer3  AHelpful UltraFB AHelpful HelpSteer3  UltraFB UltraFB  HelpSteer3  AHelpful
Weak teacher 75.740,72 59.430.32 67.420441 71~O5O.65 61.640.16 68.580,72 76.970,26 67.210,50 62.090.72
Strong ceiling 79.230_72 58.400.72 71.880‘25 71.310‘72 65.360,25 75.230,53 77~430.62 69.730_77 62.990,34
Naive 72.680‘72 59.390,27 67.590‘72 71‘500416 67.210,35 73.730_77 76.560,15 70.820‘50 63.460,18
Confidence-based 73.44()‘49 57.850,35 71.820‘77 72.770‘72 68.420,49 73.50()‘55 76.79()‘33 68.63()‘72 65.350,20
SEAM 64.150.202 67.630.77 73.21p0.49 67.630.72 62.199.72 74.079.72 74.590.19 65.360.20 67.970.33
ANCHOR 76.070.72 56.82¢.77 72.119.77 73.800.7¢ 70.600.72 74.31g.56 77.8409.72 69.7309.72 65.22¢ 33
Harmless

Llama-3.2-1B-Instruct — Llama-3.1-8B-Instruct

Src: Anthropic Harmless Src: PKU Src: RAIL
Method AHarmless PKU RAIL PKU AHarmless RAIL RAIL AHarmless PKU
Weak teacher 70.020‘77 90.750,72 88.490‘37 85‘920‘64 61.580,46 76.980_56 89.210,62 68.620‘21 93.620,50
Strong ceiling 72.540.65 92.640.46 90.24¢9.33 89.280.77 64.880.55 81.190.72 91.0609.47 70.230.69 96.480.72
Naive 73.119.39 92.720.72 88.49¢.43 90.830.77 64.23¢9.72 79.240.72 90.24¢9.77 71.060.33 95.66¢0. 45
Confidence-based 73.280,72 93.860.65 88.180‘62 91.000,35 64.190,50 79.450,70 87.870,77 69.410,35 93.940,72
SEAM 63.360.60 95.250.68 87.980.54 93.860.50 63.220.77 83.250.72 84.0709.55 63.880.72 93.370.33
ANCHOR 73.410‘57 93.370.21 89.000.35 91.410‘44 65.019.72 81.60g.22 90.65¢ .24 71.240‘54 95.34¢.77

Qwen3-1.7B — Qwen3-8B

Src: Anthropic Harmless Src: PKU Src: RAIL
Method AHarmless PKU RAIL PKU AHarmless RAIL RAIL AHarmless PKU
Weak teacher 71.800‘72 87.970,28 82.730‘77 87.970‘48 63.580,77 81.500,27 89.310,41 67‘750‘56 91.240,72
Strong ceiling 72.720.33 93.21p.67 87.460.53 88.050.42 64.530.72 81.500.77 91.98p.72 69.580.58 95.340.77
Naive 73.280.24 90.020.77 83.250.34 88.790.46 64.930.46 83.350.72 88.800.72 69.280.72 92.96¢.35
Confidence-based 71.850,21 86.250_45 82.220419 89.200,77 63.190.77 83,040,51 88.490,72 69.630,30 95.170_47
SEAM 57.090.31 93.370.72 81.190.20 91.330.77 55.090.72 78.830.70 79.030.76 56.960.19 92.31p.61
ANCHOR 73.280‘77 88.46¢ .53 84.380‘72 90.18¢p.32 65.01¢.67 82.430_34 89.31p.77 69.150.71 93.700,72

AHelpful = Anthropic Helpful, UltraFB = UltraFeedback, AHarmless = Anthropic Harmless
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Table 8: Gap between weak-to-strong students and
strong models trained directly on gold labels from the
evaluation domain. ID and OOD columns report mean
target-ceiling gaps in accuracy points. “Weak-sup. gap”
denotes the additional OOD gap attributable to replacing
gold source supervision with weak supervision. Lowest-
gap counts use fractional counting for ties.

Table 13: Comparison with weight interpolation and
optimization/capacity controls. For HelpSteer3, Target
1 and Target 2 are Anthropic Helpful and UltraFeed-

Method IDgap| OODgap| Weak-sup. gap] LowestID Lowest OOD
Naive W2S 1.01 6.37 1.15 05/12 4/24
Conf.-based 1.56 6.27 1.05 0/12 2/24
SEAM 8.73 8.05 2.83 2/12 7124
ANCHOR -0.11 545 0.23 9.5/12 11/24

Table 9: Expanded ablation on the anchoring coefficient
A. We report pairwise accuracy (%) in the evaluation
order shown in the second column. H3, AH, and UF
denote HelpSteer3, Anthropic Helpful, and UltraFeed-
back, respectively.

Model / source Eval. order A=10"? A=10"" A=10""

Llama / H3 H3/AH/UF 76.61/58.21/70.22 76.72/60.06/70.58 77.60/61.15/71.82
Qwen / UF UF/AH/H3 77.37/60.55/69.73 77.84/62.95/70.16 77.84/65.22/70.49
Qwen /H3 H3/AH/UF 73.33/54.31/71.31 73.33/54.93/71.64 76.07/56.82/72.11

Table 10: Expanded comparison of middle- and final-
layer anchoring at A = 10~%. Values are pairwise accu-
racy (%).

back; for RAIL, they are Anthropic Harmless and PKU-
SafeRLHEF, respectively.

Model / source Method WRG Target 1 Target 2
AOG NTS AOG NTS
WI (a = 0.25) -22.01 -0.30 -22.31 -15.39 -37.40
WI (a = 0.50) -17.20 373 -1347 -10.01 -27.21
WI (o = 0.75) 138 412 412 532 532
Llama / HelpSteer3  WI (a = 1.00; Naive) 171 1.46 146 480 480
Early stopping 2.47 3.80 3.80 6.26 6.26
LoRA (r =8) 1.49 2.86 2.86 6.14 6.14
ANCHOR 3.57 8.19 8.19 7.93 7.93
WI (a = 0.25) -26.01 -5.74  -31.75  -1649  -42.50
WI (a = 0.50) -21.20 -451 -2571 -850 -29.71
WI (o = 0.75) -623  -400 -1023 -0.12 -6.35
Qwen / HelpSteer3  WI (a = 1.00; Naive)  -3.06  -0.04 -3.10  0.17 -2.89
Early stopping -3.84  -3.17 701 -0.58 -4.42
LoRA (r =8) -373 0 -372 745 -329 0 -7.02
ANCHOR 033 -2.61 -2.61 469  4.69
WI (a = 0.25) -31.35  -13.62  -4497 -33.15 -64.50
WI (a = 0.50) -422 248 -670 -189 -6.11
Llama / RAIL WI (o = 0.75) 043 1.94 194 080 080
WI (o = 1.00; Naive) 1.03 2.44 2.44 2.04 2.04
ANCHOR 144 2.62 2.62 2.37 2.37

Model / source  Eval. order Middle layer Final layer

Llama / H3 H3/AH/UF 76.17/57.38/72.11 77.60/61.15/71.82
Qwen / UF UF/AH/H3 77.64/65.05/69.01 77.84/65.22/70.49
Qwen /H3 H3/AH/UF 75.05/55.43/71.73 76.07/56.82/72.11

Table 11: Linear-probe accuracy (%) on frozen represen-
tations of HelpSteer3-trained reward models. The probe
is trained using gold HelpSteer3 preference labels and
evaluated zero-shot on the three helpfulness datasets.

Method HelpSteer3  Anthropic Helpful ~ UltraFeedback
Naive W2S 71.07 55.06 69.33
Conf.-based W2S 70.19 58.96 70.05
ANCHOR 75.19 59.95 70.25

Table 12: Comparison between representation-space an-
choring and parameter-space preservation when training
on HelpSteer3.

Table 14: Best-of-4 reranking on UltraFeedback using
Llama reward models. HelpSteer3 and Anthropic Help-
ful are OOD source domains, while UltraFeedback is

the ID source. Higher is better.

Source Method Bo4 Top-1  Pairwise
Naive 45.17 69.58
HelpSteer3 Conf.-based 47.09 70.53
ANCHOR 48.86 72.14
Naive 44.18 70.31
Anthropic Helpful  Conf.-based 44.21 70.51
ANCHOR 45.24 70.68
Naive 53.55 76.37
UltraFeedback Conf.-based 52.84 75.45
ANCHOR 55.47 77.44

Method WRG Anthropic Helpful ~ UltraFeedback
AOG NTS AOG NTS
ANCHOR (1072) 258 525 5.25 6.33 6.33
ANCHOR (107%)  2.69  7.10 7.10 6.69 6.69
ANCHOR (107*) 357  8.19 8.19 793 793
L2-SP (10~%) 230  5.63 5.63 7.33 7.33
L2-SP (107%) 269 416 4.16 9.03 9.03
L2-SP (107°) 226  6.16 6.16 7.58 7.58
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