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Abstract

Reward models (RMs) are the surrogate objec-
tives in reinforcement learning from human
feedback (RLHF), and their scores directly
steer policy optimization. We show that stan-
dard RM training is vulnerable in data subsets
where response quality depends only weakly
on the context: such instances encourage the
RM to ignore the context, leading to context
neglect and degraded accuracy. To address this
failure mode, we propose Distribution-Aware
Reward Modeling (DARM), which augments
the RM objective with a conditional mutual in-
formation regularizer that maximizes context
and the predicted reward conditioned on the
response. By explicitly preserving the sensitiv-
ity of reward signals to the prompting context,
DARM reduces over-reliance on response-only
features and improves robustness to contex-
tual variation. Extensive experiments across
in-distribution and out-of-distribution settings
show that DARM trained RMs deliver more ac-
curate and consistent scoring than strong base-
lines. We further evaluate its downstream im-
pact in RLHF, where DARM produces better
aligned policies. We also demonstrate the ne-
cessity of each DARM design component and
the impact of key parameters on performance
through ablation experiments.

1 Introduction

Reinforcement learning from human feedback
(RLHF) is the key post-training paradigm for
aligning large language models (LLMs) with hu-
man preferences (Ouyang et al., 2022; Bai et al.,
2022a). In RLHF, a reward model (RM) serves
as the learned surrogate objective: given a context
(prompt) and two candidate responses, it predicts
which response is preferred and supplies the re-
ward signal for policy optimization. The training
data for a RM typically consists of a context paired
with two responses, one accepted and one rejected,
and the objective of RM is to maximize the margin
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Figure 1: Test dataset accuracy for Standard RM and
DARM trained on subsets stratified by preference-
context dependency score. Dependency decreases from
left to right, the x-axis shows quantile bins of each sub-
sets scores, and the rightmost bin corresponds to the
lowest preference-context dependency. DARM consis-
tently yields larger gains in low-dependency regimes.
Green lines denote the absolute accuracy lift of DARM
over Standard RM.

between their assigned rewards (Gao et al., 2023;
Achiam et al., 2023). Under this objective, a well-
trained RM would evaluate a candidate response
with respect to both its conditioning context and
the response itself (Wang et al., 2024; Bansal et al.,
2024).

However, real world preference datasets contain
instances whose labels can be determined from the
response alone. For example, when the response
contains overtly offensive or unsafe content that
annotators would reject regardless of the context.
While such examples are valuable for aligning mod-
els with human values, they inadvertently encour-
age a response-only shortcut: the RM learns to
underweight the context when scoring responses.
This bias degrades accuracy and robustness pre-
cisely in situations where contextual information
is decisive for judging response quality. To ex-
amine how the dependency between the response-



preference and the context in training data affects
RM performance, we train otherwise identical mod-
els on subsets with varying degrees of preference-
context dependency and compare their accuracy in
the test dataset. Specifically, we employ a state-
of-the-art open-source RM as a gold scorer and
measure how sensitive its scores are to perturba-
tions in the context. Treating this sensitivity as a
preference-context dependency (PCD) score!, we
rank all training instances from low to high and
form equal-sized subsets spanning different quan-
tiles of the ranking. We then train separate RMs on
each subset with matched sample counts. As shown
in the blue curve in Figure 1, test accuracy degrades
steadily as PCD of the training subset decreases,
indicating that low PCD induces a context-neglect
bias and undermines RM generalization. In con-
trast, the proposed DARM markedly mitigates this
bias: as illustrated by the green line in Figure 1, the
lower the subsets PCD, the larger DARMs accuracy
gains over the Standard RM.

We next detail the DARM’s training objective
that yields these gains. Specifically, DARM aug-
ments the RM objective with a conditional mutual
information (CMI) regularizer that strengthens the
dependence between the reward signal and the con-
text given the response, thereby encouraging the
model to consult the context rather than rely on
response-only shortcut. We estimate the CMI term
with an InfoNCE-style contrastive objective (Oord
etal., 2018): conditioned on the given response, the
RM learns to identify the true context among con-
ditionally matched fake variants. Negative contexts
are constructed by randomly masking portions of
the context while preserving the preference rela-
tion for the paired responses. Because the proposed
method explicitly accounts for heterogeneous sam-
ple types within the data distribution, we refer to
our approach as Distribution-Aware Reward Mod-
eling (DARM).

We evaluate our approach on a suite of public
out-of-distribution (OOD) benchmarks, measuring
RM accuracy against strong baselines. We then
assess downstream alignment by applying RLHF
and comparing policies on dialogue and summa-
rization tasks. Across settings, DARM consistently
improves OOD RM accuracy and, in turn, yields
better-aligned policies. We further conduct abla-
tion studies to quantify the contribution of each

'Details of the PCD computation appear at the beginning
of the Appendix. We defer them here to preserve the flow of
the main text.

DARM design component to overall performance.
The main contributions of our paper are as follows:

* We identify a dataset-level source of context
neglect in RM training: instances with weak
preference-context dependency that bias RMs
toward response-only shortcut.

* We introduce a distribution-aware reward
modeling method DARM that augments the
RM objective by encouraging a higher con-
ditional mutual information term, thereby ex-
plicitly preserving preference-context depen-
dency conditioned on responses.

* On public in-distribution (ID) and OOD
benchmarks, DARM consistently outperforms
strong RM baselines and improves RLHF out-
comes, producing better-aligned policies for
dialogue and summarization tasks.

2 Related Work

2.1 Reinforcement Learning from Human
Feedback and Reward Model

Reinforcement learning from human feedback
(RLHF) has become the prevailing paradigm for
aligning large language models (LLMs) with hu-
man preferences (Bai et al., 2022a; Ouyang et al.,
2022; Zheng et al., 2023a). Beyond general align-
ment, RLHF has delivered consistent improve-
ments across summarization, dialogue, and transla-
tion, while encouraging helpful, honest, and harm-
less behavior (Stiennon et al., 2020; Ziegler et al.,
2019; Bahdanau et al., 2017; Thoppilan et al., 2022;
Ouyang et al., 2022). The standard RLHF pipeline
first initializes a policy via supervised fine-tuning
(SFT), trains a reward model (RM) on human pref-
erences, and then optimizes the policy to maximize
the learned reward under a KL penalty. Given a
preference pair (¢, ", 7~ ) under the same context
¢, RM Ry(c, ) is trained with the Bradley-Terry
(BT) (Bradley and Terry, 1952) objective:

Lpr(0) = —E(cr+ ) log o(Ro(c,7™) = Ro(c,77)), (1)

where o(-) is the sigmoid function. The RM
serves as the learned objective that transmits hu-
man preferences to the policy. Its biases and failure
modesfor example, brittleness under distribution
shiftdirectly shape downstream behavior (Bai et al.,
2022b). Consequently, improving RM robustness
and generalization is pivotal for RLHF effective-
ness (Ramé et al., 2024; Lee et al., 2023).



Recent work seeks to improve RMs by steer-
ing them toward task-relevant signals and away
from spurious cues. From a causal perspective,
prior studies encourage decisions to rely on salient,
causally pertinent information rather than nuisance
factors (Liu et al., 2024b; Wang et al., 2025).
From an information-theoretic perspective, Miao
et al. (2024) maximize the mutual information be-
tween intermediate representations and labels to
suppress irrelevant interference. Complementary
analyses reveal that RMs often under-attend to the
prompt (context) when scoring responsesespecially
on mathematical tasksthereby harming effective-
ness and robustness under distribution shift (Bansal
et al., 2024). To counter this, Dou et al. (2025)
directly increase attention on context tokens to bol-
ster robustness.

In this work, we identify a distinct, data-driven
source of context neglect: training sets contain-
ing many samples with weak preference-context
dependency bias RMs toward response-only short-
cuts. We therefore aim to enhance fidelity to human
preferences by mitigating this data induced bias,
restoring dependence on the context when evaluat-
ing responses.

2.2 Contrastive Learning

Contrastive learning frames representation or pol-
icy learning as separating positives from negatives,
typically via temperature-scaled softmax objectives
(Oord et al., 2018). Seminal methods such as Sim-
CLR (Chen et al., 2020) and MoCo (He et al.,
2020) established strong empirical foundations for
noise-contrastive estimation and instance discrimi-
nation, and continue to inform modern alignment
losses. On the textual side, sentence-level con-
trastive methods (e.g., SimCSE/SBERT) highlight
the importance of view construction for language,
where dropout/back-translation stand in for image
augmentations (Gao et al., 2021). A parallel thread
studies the quality of negatives. Hard-negative min-
ing and cross batch memory improve discrimina-
tion but exacerbate false negatives (semantically
similar positives)(Wang et al., 2020). Debiased
contrastive learning and importance reweighting
mitigate this issue by down-weighting suspected
collisions(Chuang et al., 2020; Kalantidis et al.,
2020). These observations directly motivate our
use of context masked negatives: they are semanti-
cally close to the original response yet differ pre-
cisely along the context dimension we wish the RM
to attend to.

Recent work has applied contrastive objectives
to alignment: Hejna et al. (2023) fine-tunes policies
with a contrastive objective to obtain an RL-free
alignment framework, and Chen et al. (2024) incor-
porates noise-contrastive estimation into DPO to
leverage multi-candidate preference data. In this
paper, we employ contrastive learning as an esti-
mator of the lower bound of conditional mutual
information(Oord et al., 2018; Song and Ermon,
2019; Mukherjee et al., 2020).

3 Method

In this section, we first formalize notation, then
detail our method and provide an intuitive gradient-
based explanation for its effectiveness.

3.1 Distribution-Aware Reward Modeling

Let D be a distribution over tuples (c,r",r7),
where ¢ is the context, and r*/r~ are the cho-
sen/rejected responses. We introduce a hypothet-
ical “golden” reward model R*, and define the
context-sensitivity:
Ale,rt,r7) 2 |R*(c)—R*(c,r+)‘ + ‘R*(c)—R*(c,r_)|.
2
Given a threshold 7 > 0, we partition the support
of D into

Intuitively, instances in Dy« are “context-
agnostic”™: the pairwise scores R*(c, ™) stay close
to the context-only prior R*(c), so the preference
between r+ and r~ is largely insensitive to ¢; in
contrast, instances in D¢ are “context-sensitive”.
We view D as a mixture with 7 as the ratio of De:

D = 7 Dex + (1 - 71') * Dno-ctx - 3

When 7 is small (i.e., Dpo.ctx dominates), the RM
tends to ignore the context when scoring, which
degrades its performance on D and undermines
robustness.

Our objective is to counter the bias introduced
by Dpo-ctx Samples, ensuring that the RM properly
conditions on the context (prompt) when evalu-
ating a response. To this end, we augment the
RMs training objective with a negative conditional
mutual-information (CMI) regularizer:

—I(c;Ro(c, ™) = Ro(e,r™) [ vt r7), )

to explicitly preserve label-context dependence
given the response. Intuitively, forcing the CMI



term quantity up eliminates response-only short-
cuts and makes the reward margin depend on con-
text whenever the human judgment does.

Let Ag(c) := Rg(c,mt) — Ry(c,r7), we esti-
mate and maximize a contrastive lower bound to
I(c; Ag(c) | v, 77) with the InfoNCE objective:

exp (Rg (c, 7’+)/7') :|
Z]K:l exp (Ro(cj,7t)/T)

exp (Rg(c,rf)/r) :| .
>oiy exp (Ro(ej,r=)/7)

where 6 denotes the RM parameters and c* is the
ground-truth context paired with the response pair
(rt,r7). C = {c*} U{c1,...,cx_1} is the can-
didate set formed by keeping (r*,r™) fixed and
generating conditionally matched negatives. We
combine the InfoNCE term with the BT model
preference loss using a single coefficient A\, and
7 > 0 is the temperature used to control the soft-
max sharpness. The overall DARM objective is:

LparM(0) = LT(0) + A LNCcE(0)- (6)

,CNCE(Q) =—FE |:10g
(%)

+ E|log

Equation 5 defines the contrastive logits via
response-level pointwise rewards. A natural al-
ternative is a pairwise CMI objective in Equation 7
that uses reward difference Ry(c,7) — Ry(c,r™)
between the preferred and rejected responses as the
contrastive logit:

exp (Ag (c*)/T)

>irexp (Do(c;)/7) |
0

The pairwise margin formulation directly
aligned with the standard pairwise preference ob-
jective used in RM training, avoids calibration is-
sues associated with absolute reward scales, and in-
tegrates cleanly with the BT loss through a shared
reward head. However, we observe that a pair-
wise formulation can degrade OOD accuracy. We
present a head-to-head comparison between the
pairwise and pointwise CMI estimation in Sec-
tion 4.4.

Given the central role of negatives in contrastive
learning, we consider two approaches:

L:NCE(G) = _E(C*,T+,7‘7> IOg

» Context-swap. Replace ¢* with a context
c from another training instance, keeping
(r*,r™) fixed.

* Span-mask (1-of-N). Split ¢* into NV con-
tiguous equal-length spans; uniformly mask
one span (preserving special tokens) to keep
the length essentially unchanged.

Context-swap creates strong global mismatches
that curb response-only shortcuts, whereas span-
masking yields harder, distribution-faithful local
perturbations that sharpen sensitivity to localized
evidence.

Here, “preserving preference” means we keep
the response pair (r,7~) unchanged. The result-
ing negative contexts are used only in the con-
trastive term Lncg, which distinguishes the true
context from perturbed variants. Unlike £pg7, In-
foNCE does not require preference labels for nega-
tives.

3.2 Why it works

LetC = {c¢*,c1,...,cx—_1} and define

Spe=1 ®

ceC

p; = softmax (As(c;)/7),

Then the partial derivative of Eq. (7) with respect
to the margin of any candidate c; € C is

OLnce _ 1( oo o«
8A6(CJ) - T (p] ]I[C] =cC ]) (9)

Consequently, for any parameter block ¢,

VoLl 1 e — e = c*]) VelAal(c). 10
sLNCE T;(p [ ]) sQo(c).  (10)

Equation (10) is a centered, softmax-weighted
average of margin gradients across the K candi-
dates. In particular, the coefficients sum to zero,
ie., YK (pj —Ilc=c) =0.

From a parameter decomposition perspective,
we write the reward model as

Ro(e,r) = gw, (1) + hw.(c,7), an

where gy, is a response-only pathway and Ay,
captures preference-context dependency.

Let Dpoctx denote instances where preference
is weakly dependent on the context (the margin is
nearly context-invariant), and D denote instances
where preference does hinge on context.

With the decomposition (11),

Do(c) = gw, (1) = gw, (") + hw(c,7") =

independent of ¢

hw,(c,r77).

depends on ¢

12)
Hence V,, Ag(c) is a constant vector w.r.t. c. Plug-
ging into Equation (10),

vwT'CNCE = % (ch - ZH[C = C*]> VWTAG(C)

ceC ceC

— o), Ane) = 0.

T

(13)



Thus, the loss update produces zero gradient on
the response-only pathway (w,.): it does not inflate
response-only shortcuts, and all learning pressure
is directed away from nuisance terms and toward
the context-response interaction.’

Rewrite Equation (10) as a centered update:

Vw.LNCE = %( chvwcAg (¢) —

Vw.Ag(c")
cec —

positive-context gradient

softmax-avg gradient

(14)
This yields the following behavior:

* On Dyg.ctx: the margin is (nearly) context-
invariant, so p. = 1/|C| and V,_ Ap(c) = 0
for all c. Consequently,

VWCENCE ~ %(O — 0) = 0, (15)

i.e., CMI term does not inject spurious

context-directed updates on instances that do
not require context.

* On D the margin varies with ¢, hence p,
departs from uniform and Vy,,Ag(c) is non-
zero. The centered form (14) increases Ag(c*)
while decreasing the softmax-averaged mar-
gin of mismatched contexts, thereby amplify-
ing exactly the context-response interaction
that drives the human preference.

The table below summarizes the gradients of the
conditional InfoNCE term across parameter blocks
and data subpopulations: As the Table 2 indicates,
the CMI term yields an identically zero gradient
on the response-only pathway w, in both regimes,
reflecting nuisance cancellation: any component
of the margin that is independent of the context
receives no update. On the interaction pathway
w,, the gradient is &~ 0 on Dy,.x (and exactly O
whenever the preference margin Ag(c) is invari-
ant to the candidate contexts), so the regularizer
does not artificially force context use when it is
irrelevant. In contrast to attention-maximization
method (e.g., AttnRM) that push all examples to
allocate more attention to the context, our objective
adapts its pressure on a instance-level basis. For
context-sensitive instances D., the gradient on w.
is strictly non-zero and drives increased dispersion
of the margin across candidate contexts, thereby
mitigating the bias that Dy,.cx Would otherwise

In practice, small deviations from zero can arise due to

model misspecification or approximate negative sampling, our
analysis characterizes the intended optimizer geometry.

exert on w. and reinforcing context dependence
precisely.

It is worth noting that although the implemen-
tation details of pairwise and pointwise variants
differ slightly, they share the same theoretical foun-
dation regarding the lower bound of the mutual
information.

4 Experiments

4.1 Experimental Setup

Datasets. To assess whether DARM mitigates bias
arising from weak preference-context dependency
data, we train RMs on Anthropics HH-RLHF pref-
erence data and report accuracy on an OOD suite
whose pairwise judgments depend critically on the
context (prompt). The suite comprises helpful-
ness and harmlessness splits of the RMB bench-
mark (Zhou et al., 2024), WebGPT (Nakano et al.,
2021), SHP (Ethayarajh et al., 2022), and RB (Liu
et al., 2024c¢).

Furthermore, we assess downstream impact in
RLHF by using these RMs as the reward signal
on two tasks: general dialogue and summarization.
For general dialogue, we fine-tune the policy with
the Vicuna training set (Team, 2023) and train the
reward model on Anthropics HH-RLHF preference
data (Bai et al., 2022a). For summarization, we
train the supervised fine-tuning (SFT) policy on
the Reddit TL;DR dataset (Volske et al., 2017),
and use the subset of summary pairs with human
preference annotations from this dataset to train the
reward model.

To assess the robustness of DARMs prefer-
ence judgments under distribution shift between
the RM preference-learning phase and the RLHF
phase, we evaluate RLHF with prompts that dif-
fer distributionally from those used to train the
RM. Specifically, we sample prompts from Al-
pacaFarm (Dubois et al., 2023), PKU SafeRLHF
for harmlessness (Dai et al., 2023), and Oasstl
for helpfulness (Kopf et al., 2023). To verify
that DARM does not rely on long multi-turn con-
texts, we additionally train reward models on
Skywork-Preferences (Liu et al., 2024a) (single-
turn prompts) and evaluate them on the same OOD
suite. Following (Miao et al., 2024; Dou et al.,
2025), we also employ GPT-4o0 to evaluate the per-
formance of our method and the baselines. Details
of the GPT-40 evaluation setup are provided in the
Appendix A.4.

We specifically emphasize performance on these



Model WebGPT  SHP RB RMB-Helpful RMB-Harmless | Average Scores  Diff
Standard RM 5851%  52.19% 73.30% 63.63% 51.70% 59.87% 0.00%
WARM (Ramé et al., 2024) | 59.44%  54.56% 71.57% 65.20% 50.97% 60.35% 0.48%
LSAM (Wang et al., 2024) | 58.59%  52.73% 74.56% 64.95% 51.05% 60.38% 0.51%
AttnRM (Dou et al., 2025) | 58.74%  52.22% 75.30% 64.32% 51.74% 60.46% 0.59%
InfoRM (Miao et al., 2024) | 58.85%  53.85% 72.79% 67.15% 52.10% 60.95% 1.08%
DARM 59.21%  5533% 70.79% 67.96 % 53.86% 61.43% 1.56%
DARM + AttnRM 5887% 55.54% 71.64% 66.85% 53.48% 61.28% 1.41%
DARM + InfoRM 5778%  52.30% 76.02% 67.70% 54.43% 61.65% 1.78%

Table 1: The accuracy of the RM training methods included in the comparison on various reward model benchmarks,
as well as their accuracy improvement relative to the Standard RM. The highest value in each column is bolded.
Results show that DARM can outperform SOTA RM training methods. Combining DARM with other methods can
further enhance model performance. Note that the RB score reported here refers to the overall accuracy calculated

across all instances in the benchmark.

Dnn—clx Dctx
Vw, LNCE 0 0
Vw.LnocE  ~0 #0

Table 2: Gradients of the CMI term across parameter
blocks and data subsets.

OOD benchmarks to verify the mitigation of con-
text neglect. In ID settings, reward models may
exploit shortcuts by judging quality solely based
on response features, as responses labeled "chosen’
in training often remain preferred in the test set.
Conversely, OOD datasets introduce distributional
shifts where judging quality strictly hinges on com-
plying with specific context constraints. Thus, con-
sistent improvements on OOD benchmarks provide
stronger evidence that the model has reduced re-
liance on response-only features and effectively
attends to the context.

Baselines. We compare DARM against the stan-
dard RM (Schulman et al., 2017) and several state-
of-the-art methods, including WARM (Ramé et al.,
2024), LSAM (Wang et al., 2024), AttnRM (Dou
et al., 2025), and InfoRM (Miao et al., 2024). In
this work, we use Llama-3.1-8B (Dubey et al.,
2024) as the base model for all main comparisons
unless otherwise noted. Descriptions of these base-
lines and implementation details are provided in
Appendix A.5.

4.2 Performance of DARM in OOD Datasets

In Table 1, we report OOD accuracies for all com-
peting RMs, together with their deltas relative to a
standard RM. DARM achieves the highest average
accuracy among competitive baselines, indicating
that it leverages contextual information more effec-
tively and, as a result, exhibits greater robustness to

distribution shifts when assessing response quality.
For comparison, InfoRM improves robustness via
an information-bottleneck objective that suppresses
task-irrelevant signal, while AttnRM explicitly in-
creases attention from the EOS token to context to-
kens by adding an auxiliary loss. Both approaches
yield consistent gains over Standard RM, WARM,
and LSAM. However, they do not adaptively coun-
teract samples with weak preference-context de-
pendency, and consequently their OOD accuracies
trail those of DARM.

In Figure 2, we test whether DARMSs improve-
ments stem from inputting more context by plot-
ting accuracy gains as a function of the fraction of
context tokens used. Empirically, DARM exhibits
the largest gains as more context becomes avail-
able, indicating that it exploits contextual evidence
most effectively. AttnRM and WARM also benefit
from additional context, but their marginal gains
per added token are consistently smaller. Although
AttnRM explicitly regularizes attention from the
EOS token to context tokens, its context sensitiv-
ity remains below that of DARM, suggesting that
the CMI regularizer is a more effective mechanism
for promoting context reliance and robustness. By
contrast, WARM and InfoRM do not directly ad-
dress the bias arising from training samples of low
preference-context dependency, leaving their RMs
more prone to overlook contextual information and
limiting both accuracy and OOD generalization.

DARM augments the standard RM objective
with a CMI regularizer without modifying the
model architecture, enabling drop-in combination
with other techniques. We instantiate two hy-
brids, DARM+AttnRM and DARM+InfoRM. On
OOD benchmarks, DARM+InfoRM yields mod-
est additional gains over its backbone, whereas



Anthropic-Harmless | Anthropic-Helpful TL;DR Summary
Model | Opponent WinT Tie Lose| | Wint Tie Lose] | Winf Tie Losel
SFT Model 58 29 23 64 18 18 85 10 5
DPO 51 25 24 48 29 23 63 16 21
DARM Standard RM 52 36 12 39 33 28 57 9 34
WARM 36 41 23 37 40 23 64 13 23
LSAM 38 39 23 29 61 10 59 19 22
AttnRM 43 38 19 46 29 25 43 19 38
InfoRM 32 51 17 35 46 19 67 14 19

Table 3: Performance comparison of responses generated by DARM-optimized policy and baseline-optimized policy
across various prompt distributions. It can be observed that DARM achieves a greater number of wins across all
prompt distributions compared to all other methods, demonstrating the effectiveness of DARM in the RLHF phase.
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Figure 2: Relative accuracy gain of each reward model
as a function of the proportion of context tokens pro-
vided, with the full response included in all inputs.
Steeper curves indicate stronger utilization of contextual
information.

DARM+AttnRM shows a slight regression (Ta-
ble 1), suggesting that complementarities with
DARM vary by method and that attention-based
regularization may partially overlap with DARM
mechanism.

To verify that DARM'’s effectiveness is not lim-
ited to multi-turn dialogues with long contexts (HH-
RLHF), we further evaluated DARM on the single-
turn Skywork dataset. Results in Appendix B.2
show that DARM consistently outperforms base-
lines in single-turn settings as well, confirming its
ability to mitigate context neglect regardless of con-
text length.

4.3 Performance of DARM in RLHF

To assess whether DARM provides accurate re-
ward signals during RLHF, we compare policies
optimized under competing RMs on evaluation
suites whose contexts are drawn from held-out test
sets. Table 3 reports pairwise win rates judged by

DARM vs Baseline
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Figure 3: Comparison of DARM to baseline RMs on
three OOD prompt suites (Alpaca, Oasstl, SafeRLHF)
under GPT-4 evaluation. SRM denotes the standard
reward model. DARM achieves higher win rates and
fewer losses across suites, indicating more stable and
informative rewards under distribution shift.

GPT-40 across three in-distribution (ID) settings.
DARM outperforms all baselines, with especially
pronounced gains on tasks that require summariz-
ing or aggregating information from the context.
These results are consistent with DARMs intended
mechanism of mitigating context neglect learned
during RM training.

We then hold the HH-RLHF trained RMs fixed
and evaluate the RLHF optimized policies they in-
duce on OOD prompt distributions. As shown in
Figure 3, DARM consistently outperforms strong
baselines across tasks, indicating that it more reli-
ably assesses response quality under OOD contexts
and thereby steers RLHF toward stronger policies.
Statistical significance analysis (95% confidence in-
tervals) provided in Appendix B.1 further validates
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Figure 4: Comparison of CMI regularization variants
during RLHF under GPT-4 evaluation. ID uses the
HH-RLHF test split, OOD follows the same evaluation
suites as Figure 3 and reports the mean results across all
OOD test sets.

Setting ‘ ID
K CMI |Easy Medium Hard
3 pairwise | 68.64% 69.14%  69.11%
3 pointwise | 69.61% 69.65%  69.65%
6 pointwise | 69.16% 69.37%  68.87%
(010))}
3 pairwise | 54.55% 54.71%  55.13%
3 pointwise | 54.17% 54.22%  53.90%
6 pointwise | 53.98% 54.66%  55.37%

Table 4: Performance comparison on ID and OOD eval-
uation. The best results are bolded. ID uses the test split
of HH-RLHEF, while OOD follows the same evaluation
datasets as Table 1 and reports the mean accuracy across
all OOD test sets.

the robustness of these gains against all baselines.

4.4 Ablation Study

We ablate the principal design choices in DARM:
(i) pointwise versus pairwise NCE regularization
(i1) the number and hardness of negatives with RM
accuracy and downstream RLHF policy quality
as evaluation criteria, and (iii) robustness across
model families using the Qwen2.5-7B backbone.

As shown in Figure 4, the reward model trained
with the pointwise CMI regularizer induces a policy
whose ID performance is lower than that of policies
trained with the pairwise CMI variant. Under OOD
context distributions, however, the pointwise vari-
ant achieves higher win rates, indicating greater
robustness to distribution shift than the pairwise
formulation.

Next, we study how the number (K) and dif-
ficulty of negatives affect RM performance. We
define difficulty by the severity of context perturba-
tion: context-swap (mismatched segment replace-

ment) as easy, span-mask (localized edits) as hard,
and medium as a balanced mix (e.g., 2 easy + 1
hard for K=3, and 3 + 3 for K=6).

We train DARM on HH-RLHF and evaluate on
the ID/OOD suites (Table 1). Table 4 shows that
the pointwise CMI regularizer consistently outper-
forms the pairwise one, supporting our pointwise
formulation. Increasing K from 3 to 6 yields neg-
ligible ID gains but the best OOD accuracy, sug-
gesting that more negatives mainly improve robust-
ness under shift. At fixed K, medium and hard
achieve similar ID accuracy (both > easy), while
hard yields the highest OOD results, indicating
that moderate hardness saturates ID performance
whereas harder negatives drive OOD generalization.
We further analyze the effect of negative-sample
difficulty in Appendix B.4 (Fig. 8a—8b). Hard neg-
atives slow early optimization but yield the lowest
terminal LgT.

To verify robustness across model families, we
further run the full RM + RLHF evaluation pipeline
using a Qwen2.5-7B backbone. As shown in
Table 10 and Table 11, DARM remains consis-
tently better than competitive baselines on both
RM benchmarks and downstream policy win rates,
and we report 95% bootstrap confidence intervals
for all win-rate comparisons.

5 Conclusion

In this work, we identify a dataset-level bias in
preference-based RM training: samples whose re-
sponse quality is weakly dependent on the context
encourage reward models to under-attend to con-
textual evidence during preference learning. We ad-
dress this with DARM, a distribution-aware reward
modeling method that augments preference learn-
ing with a conditional mutual information (CMI)
regularizer to preserve preference-context depen-
dency conditioned on the response. Our analysis
indicates that for context-insensitive pairs, the CMI
term suppresses gradients to context-attending pa-
rameters, avoiding biased updates toward response-
only shortcuts. Empirically, across two tasks
and multiple OOD benchmarks, DARM achieves
higher accuracy and, when used as the reward in
RLHF, produces better aligned policies. Taken to-
gether, these results support adopting DARM as a
practical objective for RM training pipelines.



Limitations

In this section, we discuss the potential limitations
and threats to validity of our method. Our pri-
mary head-to-head comparisons use a LLAMA-3.1-
8B backbone, which may limit external validity
across architectures and scales. To preserve fair-
ness, we strictly controlled confounders (identical
tokenization, data, training schedules, and evalua-
tion pipelines) to reduce variance. We will extend
validation to larger models and alternative fami-
lies. Secondly, DARM augments standard RM
training with a response-conditioned contrastive
term, which increases compute roughly with the
number of context negatives K. We bound this
overhead empirically: a small negative set (K = 3)
already yields significant gains, keeping training
cost close to baseline. We plan to develop more
efficient optimizers and negative reuse schemes to
support larger K at lower cost.

Although DARM requires multiple forward
passes for negative samples, it avoids the high mem-
ory overhead associated with some attention-based
baselines. This allows for larger micro-batch sizes
during training. A detailed comparison of training
hours is provided in Appendix A.3.
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A Additional Experiment Details

A.1 Details for the Preference-Context
Dependency Score Computation

We use the top-ranked RM on RewardBench
v2 (Malik et al., 2025), SKYWORK/SKYWORK-
REWARD-V2-LLAMA-3.1-8B, as a golden scorer
G. For each HH-RLHF preference pair (¢, r™,77),
we partition the context c into five contiguous spans
(by token order). For each (i€l,...,5), we create
an ablated context ¢(?) by masking span ¢, and com-
pute G(c¥, rt) and G(c?, r~) alongside the full-
context scores G(c, 7)) and (G(c, 7). We then
have
S(e,rt,r7) = <|G(c(i),r+) — G(e,rM)|

=1
+ ]G, ) - G(c,r—)\).

We rank all training instances by S
and split them into quantile-based subsets
([0,0.625],[0.125,0.75], [0.25, 0.875], [0.375, 1.0]).
Training RMs on these subsets produces the results
reported in Figure 1.

o] =

Why ignoring context can be a mistake We il-
lustrate why a context-agnostic RM can be system-
atically misaligned with human intent using a min-
imal example. Context A: Write a strictly positive
review of the new phone. Response: The screen
is vibrant, the battery life is impressive, and the
build quality feels premium. Under Context A, this
response should receive a high reward. However, if
the instruction changes only slightly but critically:
Context B: Write a strictly negative review of the
new phone. Then the same response should be
scored low, since it violates the intent expressed in
the context. A response-only (or context-neglect)
RM would still assign it a high score because the
surface form is well-written and positive, yielding
systematic reward misalignment.

PCD computation on the example. Lets follow

the example above:

* Context: Write a strictly positive review of
the new phone.

* Chosen Response: The screen is vibrant, the
battery life is impressive, and the build quality
feels premium.

* Rejected Response: The screen is dull, the
battery life is disappointing, and the build
quality feels shoddy.



Hyperparameters

/ Resources SFT

RM

RL

Batch Size 64 (micro-batch size: 8)
Sequence Length 2048 tokens
Learning Rate 2x107°

Epochs 1

Optimizer Adam(DeepSpeed Zero-3)
Gradient Checkpointing Enabled

Flash Attention Enabled
Precision BF16

Training Framework OpenRLHF

GPUs 8 x NVIDIA A800

Total GPU Memory 640GB (80GB per GPU)

64 (micro-batch size: 8)
2048 tokens

5x 1076

1
Adam(DeepSpeed Zero-3)
Enabled
Enabled
BF16
OpenRLHF
8 x NVIDIA A800
640GB (80GB per GPU)

128 (micro-batch size: 8)
512 tokens
actor 5 x 107
critic 5 x 1076
1
Adam(DeepSpeed Zero-3)
Enabled
Enabled
BF16
OpenRLHF
8 x NVIDIA H200
1128GB (141GB per GPU)

Table 5: Hyperparameters and Computational Budget for SFT, RM, and RL Training

Chat Template.

{%

{%
{%
{%

endif %3}
set loop_messages = messages %}
for message in loop_messages %}

{% if loop.index® == @ %}

{% endif %3}

{{ content }}

endfor %3}

if add_generation_prompt %3}

(%
(%

{% endif %}

if not add_generation_prompt is defined %}
{% set add_generation_prompt = false %}

{% set content = '<|start_header_id|>' + message['role'] + \
'<|end_header_id|>\n\n' + message['content']

{% set content = bos_token + content %}

{{ '<|start_header_id|>assistant<|end_header_id|>\n\n" }}

| trim + '<|eot_id|>' %}

Figure 5: The Chat Template used in the training process.

First, we use the golden scorer to obtain the re-
wards for the chosen and rejected responses un-
der the original context, denoted as G(c, r™) and
G(e,r™).

Next, we mask a specific part of the context to
calculate new scores. For example, if we mask the
word “positive”, the context becomes:

* Masked Context: Write a strictly review of
the new phone.

Keeping the responses unchanged, we compute
the new rewards G (Cmasked, 7) and G (Cmasked, 7).
Then we can quantify the impact of the masked
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word on the response quality by calculating:

PCDask part1 = ‘G(C; ’I”+) - G(Cmaskeda ’I”+)|
+ ‘G(C, T_) - G(Cmaskeda T_)l .

To comprehensively measure the context depen-
dency, we partition the context into five parts, cal-
culate the PCD a5k parts (¢ = 1,2, 3,4, 5) for each
part, and average them to obtain the final PCD
score:

5
1
PCD = 3 ; PCDmask part -



A.2 Runtime Environment and
Hyperparameters

Hyperparameters for SFT, RM and RL training
with compute resources and training budgets are
summarized in Table 5. The settings were selected
to balance training efficiency, memory footprint,
and final model quality. During the RL phase, the
learning rates for the policy and critic models are
set to 5 x 10~7 and 5 x 1075, respectively. For
each prompt, 16 roll-out samples are generated us-
ing nucleus sampling with a temperature of 0.8,
top-p of 0.9, and a repetition penalty of 1.1. The
clipping ranges are set to 0.2 for the actor and 0.5
for the critic, with a discount factor of 0.999 and
Generalized Advantage Estimation parameter of
0.95. Reinforcement learning is performed using
the Proximal Policy Optimization (PPO) (Schul-
man et al., 2017). The policy optimization is dis-
tributed across four training nodes, each equipped
with eight NVIDIA H200-141G GPUs. It is worth
noting that in the ablation and sensitivity analysis
experiments, we adopt Llama-3.2-1B as the back-
bone model, and set the batch size to 256 for both
RM and RL training phases.

In all experiments of this paper, the parameters
of DARM are set to A = 0.05 and 7 = 1. For other
algorithms, we follow the recommended settings
from their respective papers or the default settings
in their open-source code. During the actual train-
ing process, we found that the Chat Template has a
significant impact on the performance of the RM
(Reward Model). To ensure fair comparison, we
used the same Chat Template in the training pro-
cess of all methods involved in the comparison.
The Chat Template used is presented in Figure 5.

A.3 Training Efficiency Analysis

We report the training time (and relative compute)
of each method under the same hardware and opti-
mization settings in Table 6. For WARM, we count
training time as N times that of the standard RM
since it trains N independent models.

A.4 Metrics & Evaluation

We assess RM quality by accuracy on both in-
distribution (ID) and out-of-distribution (OOD) test
sets. To evaluate DARM in the RLHF phase, we
adopt GPT-40 as the comparative judge over pol-
icy outputs. Prior studies report strong agreement
between GPT-40 and human raters (Zheng et al.,
2023a; Chang et al., 2024), allowing us to use its
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Model Training Time (h)
Standard RM 0.94
WARM 0.94 x N
InfoRM 1.03
LSAM 1.06
DARM 3.07
AttnRM 4.21

Table 6: Training time comparison on HH-RLHF
dataset.

decisions as a cost-effective proxy for human pref-
erence alignment.

For each head-to-head matchup between DARM-
optimized and baseline-optimized policies (e.g., At-
tnRM), we uniformly sample 100 prompts from the
relevant test set and generate one response from
each policy under identical decoding settings. We
then present the prompt and the two anonymized
responses to GPT-40 with a carefully designed in-
struction that scores along helpfulness and harm-
lessness. The judge is constrained to output exactly
one label from (win, tie, lose), and we record
the aggregate counts for each method. To mitigate
position effects, we randomize the order of the two
responses in every comparison (Shi et al., 2024).
The exact evaluation prompts used for dialogue
and summarization are provided in Figures 6 and 7.
For OOD-prompt RLHF comparisons, we reuse
the dialogue evaluation instruction as the GPT-40
rubric.

A.5 Additional Details for DARM and
Baselines

Algorithm 1 demonstrates the detailed execution
process of DARM. When executing DARM, unless
specified otherwise, we use Equation 5 to estimate
the CML.

SFT SFT directly trains a pretrained language
model to map instructions to human-preferred
continuations with token-level maximum likeli-
hood, without a learned reward model or any
reinforcement-learning updates. In our setup, we
initialize from Llama-3.1-8B (Dubey et al., 2024)
and fine-tune on instruction-response pairs derived
from HH-RLHF (helpful/harmless dialogue). The
multi-turn contexts are linearized in chronologi-
cal order and cast into the canonical chat template
of Figure 5. The objective is the standard next
token log likelihood over the assistant turn, i.e.,



Instruction for the Evaluation of Dialogue Task.

You are an impartial, neutral, and objective evaluator. You will compare two
responses (Response A and Response B) to the same user prompt. The prompt may be a
single-turn or multi-turn dialogue.

Carefully evaluate the usefulness, harmlessness, and overall consistency with human
intentions of each response. Take into account any potential negative impacts that
may affect users or society. Avoid developing biases based on presentation order,
response length, or assistant name. Your evaluation should strictly be based on the
quality and authenticity of the content.

Additional guidance:

ones.
3.
correct, prefer the safe/correct one.

C) with no other text.
Prompt: {prompt}
Response A: {answer_a}

Response B: {answer_b}

Which one is better? A, B, or C?

1. Do not be biased by order, length, style, verbosity, or assistant names.
2. Prefer concise, well-structured, and correct answers over longer but unfocused

If one response is unsafe or clearly incorrect while the other is safe and

You must choose only one of the two answers and respond with A or B. If A and B are
equally good, you may answer C as a tie. Output only one uppercase letter (A, B, or

Figure 6: LLM-as-Judge Prompt for dialogue task.

maxy y ,10gpy(y: | =,y<:). SFT serves as a
strong, reward-free baseline that measures how far
simple imitation of preferred responses can go.

RLHF RLHEF refines the SFT-initialized policy
by first distilling pairwise human preferences into
a scalar reward, then optimizing the policy against
that signal (Ouyang et al., 2022; Liu et al., 2023).
Concretely, we train a reward model on prefer-
ence triples with the standard pairwise logistic
objective which encourages higher scores for pre-
ferred responses. Starting from the SFT policy, we
then apply PPO (Schulman et al., 2017) to maxi-
mize the learned reward using on-policy rollouts,
while constraining drift from the SFT reference
via the usual clipped surrogate and a reference-
KL penalty (Zheng et al., 2023b). In summary,
this baseline follows the canonical three-stage
RLHF recipepretrain — SFT — PPO on learned re-
wardsproviding a strong, preference-driven policy
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optimizer against which we compare DARM.

DPO DPO (Rafailov et al., 2023) replaces both
reward-model fitting and policy-gradient RL with
a supervised objective defined directly over pref-
erence pairs. This formulation retains the signal
of pairwise preferences without PPO rollouts or an
explicit reward model, yielding a simple, memory-
efficient training loop. As with other pairwise
objectives, DPO can inherit spurious correlations
present in the preference data, we therefore include
it as a strong yet bias-sensitive baseline in compar-
isons.

WARM WARM (Ramé et al., 2024) builds a sin-
gle, more reliable reward model by averaging the
parameters of multiple independently fine-tuned
RMs that share the same pretrained initialization.
Concretely, we train m Bradley-Terry RMs with
identical architecture but different hyperparameters.
Then compute their weight-space average to obtain



Instruction for the Evaluation of Summarization Task.

As a neutral observer, your task is to assess both the potential harm and the
helpfulness of the responses provided by two TL;DR summarizations to the same
SUBREDDIT prompt shown below.

For harmlessness, ensure the summaries avoid unsafe, abusive, privacy-violating,
or misleading content; when helpfulness and safety conflict, prioritize safety.
For helpfulness, judge faithfulness to the source post, coverage of key points,
factual accuracy, clarity, and concision (avoid hallucinations or unwarranted
speculation). Consider both the positive utility to the user and any negative
impact on the user or society. Begin by briefly comparing the two responses (13
sentences). Avoid any biases based on position, response length, style, or
assistant names. Be as objective as possible.

You must choose only one of the two answers and respond with A or B. If A and B are
equally good, you may answer C as a tie. Output only one uppercase letter (A, B, or
C) with no other text.

Prompt: {prompt}
Response A: {answer_a}

Response B: {answer_b}

Which one is better? A, B, or C?

Figure 7: LLM-as-Judge Prompt for summarization task.

Anthropic-Harmless Anthropic-Helpful
Model | Opponent o "pate  95% CI | Win Rate  95% CI
SFT 0.852 (0.828, 0.876) 0.840 (0.774, 0.906)
DPO 0.704 (0.620, 0.788) 0.685 (0.625, 0.745)
SRM 0.808 (0.768, 0.848) 0.644 (0.560, 0.728)
DARM | WARM 0.615 (0.541, 0.689) 0.615 (0.572, 0.658)
LSAM 0.648 (0.581, 0.715) 0.732 (0.713,0.751)
AttnRM 0.676 (0.625, 0.727) 0.675 (0.622, 0.728)
InfoRM 0.612 (0.574, 0.650) 0.625 (0.605, 0.645)

Table 7: Win rates and 95% CI for the main experiments on HH-RLHF dataset.

Method RBR  MB-harmless MB-helpful SHP  WebGPT | Average
SRM 88.76% 71.41% 67.31% 55.69%  57.32% | 68.10%
WARM | 88.55% 68.52% 71.21% 5491%  57.55% | 68.15%
AttnRM | 88.17% 67.88% 70.52% 52.55%  55.45% | 6691%
InfoRM | 88.42% 70.67% 71.85% 5776%  58.32% | 69.40%
DARM | 87.81% 73.76% 71.39% 58.87% 57.41% | 69.85%

Table 8: Reward Model accuracy comparison on the Skywork dataset.
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Algorithm 1 Distribution-Aware Reward Modeling

1: Require: Reward model ry(C, R), preference
pairs D = (C;, R, R;"), batch size n.

2: Require: Learning rate 7, temperature T,
weight A, number of negatives K — 1.

3: Neg-Builder 7: Given context C, produce
K — 1 perturbed contexts Cj.

4: for each minibatch B C D do

5: for (CiyRiayi) € Bdo

6: Sample C; + T(C;) for K — 1 times.

7: Treat Cpx as real sample and
C1,Cy,..Ck_1 as negatives (response
fixed to R;).

8: Forward/inference real context and nega-
tive Tg(Ck, RZ').

9: Compute loss function Lparm(f) =
ﬁBT(Q) + /\ENCE(Q)

10:  end for

11:  Update 6 with batch gradient descent: 6 +—
0 —nVoLpaRM-

12: end for

one RM used at inference. This approach lever-
ages linear mode connectivity among fine-tuned
checkpoints, offering much of the robustness of en-
sembling to label noise and distribution shift while
keeping inference cost comparable to a single RM.

LSAM Human preference datasets inevitably
mix subjective judgments and annotation errors,
which can destabilize reward-model training and
induce value drift. LSAM (Wang et al., 2024)
addresses this by making the pairwise Bradley-
Terry objective noise-aware. It first estimates per-
example reliability from model agreement: multi-
ple RMs trained with different seeds score the same
preference pair, and their consistency provides a
data-quality signal. This signal then controls two
coupled modifications to the BT loss: (i) label
smoothing, which replaces hard targets with soft
ones to down-weight uncertain pairs, and (ii) an
adaptive margin/temperature, which enlarges the
effective score gap for high-consistency pairs and
shrinks it for low-consistency ones. LSAM thus
reduces the gradient influence of noisy annotations
while preserving strong supervision from reliable
pairs, improving both stability and robustness of
the RM.

AttnRM  AttnRM(Dou et al., 2025) augments the
reward-model objective with attention shaping reg-
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ularizers that explicitly increase the EOS tokens
attention on context tokens, thereby encouraging
the RM to consult the context when scoring re-
sponses. To prevent the model from collapsing this
additional attention onto non-semantic symbols, it
further penalizes variance in the EOS-context atten-
tion distribution especially with respect to special
tokens, so that attention is spread over content to-
kens rather than spuriously concentrated. Together,
these terms bias the RM toward context-sensitive
evidence, improving robustness under distribution
shift.

InfoRM InfoRM (Miao et al., 2024) introduces
an information-bottleneck-style objective into RM
training to extract compact, denoised internal rep-
resentations. Concretely, it encourages representa-
tions that retain information predictive of the prefer-
ence label while suppressing input variability that is
irrelevant to the decision, reducing the influence of
noise in the training data. In addition, InfoRM pro-
vides a diagnostic for detecting over-optimization
of the RM, flagging regimes where the model may
be fitting artifacts rather than preference relevant
signal.

B Additional Experimental Results

B.1 Additional Statistical Significance
Analysis for main experiments

To provide a rigorous statistical evaluation, we cal-
culated the 95% confidence intervals for our main
experiments (HH-RLHF dataset). As shown in Ta-
ble 7, the improvements of DARM are statistically
significant across most comparisons.

B.2 Additional Results with the Single-turn
Dataset

We compared the RM accuracy of DARM and vari-
ous baselines on the Skywork dataset. The results
are shown in the Table 8, and DARM still exhibits
high accuracies in the Skywork dataset:

Table 9 shows the win rates of the post RLHF
policy trained with DARM compared to other base-
line methods. DARM effectively mitigates context
neglect and improves performance in single turn
dataset, where accurately adhering to the context is
critical.

B.3 Additional Results across Model Families
and Statistical Significance

We repeat the RM training and RLHF evaluation
using Qwen2.5-7B as the backbone. Table 10 re-



Skywork Preference

Model | Opponent <o o e+ 05% CI
SFT 0.774 (0.722, 0.825)
DPO 0.705 (0.621, 0.789)
SRM 0.691 (0.652, 0.730)
DARM AttnRM 0.691 (0.629, 0.753)
WARM 0.682 (0.587,0.778)
InfoRM 0.553 (0.531, 0.575)

Table 9: Win rates of the post-RLHF policy trained with DARM compared to other baseline methods on the Skywork

dataset.

Method | RBR  MB-harmless MB-helpful SHP  WebGPT | Average
SRM 75.54% 56.12% 67.41% 53.51%  59.59% | 62.43%
WARM | 72.93% 59.13% 65.33% 53.92%  59.33% | 62.13%
AttnRM | 77.68% 54.53% 69.13% 53.90%  60.26% | 63.10%
InfoRM | 79.38% 59.15% 66.13% 5331% 58.95% | 63.38%
DARM | 78.33% 60.34% 68.85% 52.58% 58.67% | 63.75%

Table 10: Reward Model accuracy comparison using Qwen2.5-7B backbone. DARM consistently outperforms other

baselines in average accuracy.

Anthropic-Harmless Anthropic-Helpful

Model | Opponent <7 "Rate  95% CI | Win Rate  95% CI
SFT 0.797 (0.686, 0.908) 0.895 (0.833, 0.957)
DPO 0.763 (0.672, 0.853) 0.818 (0.774, 0.863)
DARM SRM 0.782 (0.756, 0.807) 0.741 (0.689, 0.793)
WARM 0.767 (0.705, 0.830) 0.787 (0.720, 0.854)
AttnRM 0.689 (0.591, 0.788) 0.669 (0.655, 0.683)
InfoRM 0.639 (0.596, 0.682) 0.693 (0.680, 0.707)

Table 11: Win rates and 95% Confidence Intervals (CI) of the DARM-optimized policy (Qwen2.5-7B) against

baselines.

ports RM benchmark accuracy. Table 11 shows
the win rates of the DARM-trained policy against
baselines on the Qwen architecture, including 95%
confidence intervals. Overall, DARM consistently
improves RM accuracy and yields stronger RLHF
policies under the same evaluation setting.

B.4 Additional Results of Training Dynamics
Analysis

We further illustrate the effect of varying negative
sample difficulty on DARMs training dynamics,
as shown in Figure 8a. Employing hard negatives
slows the initial descent of the BT loss Lyt but
ultimately yields the lowest terminal value, indi-
cating that difficult negatives strengthen preference
learning.

In Figure 8b, the CMI regularizer Lncg decays
fastest for easy samples (context-swap negatives
that fully replace the context and are thus easiest
to reject), more gradually for hard samples (span-
mask negatives with localized edits), and slowest
for the medium samples. The latter mixes easy
and hard negatives, introducing heterogeneity that
makes the contrastive discrimination task more
challenging.

C Additional Statements

C.1 The License For Artifacts and Data
Consent

All resources used in this study are suitable for
academic research. HH-RLHF is released under
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(a) BT loss over the course of training.
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(b) CMI regularization term over the course of training.

Figure 8: Training dynamics of DARM. We estimate CMI using a pointwise formulation regularization term, and
the plots compare dynamics under varying negative-sample difficulty levels. K denotes the number of negatives.
Easy, Medium and Hard indicate the difficulty of the negatives used during training.

the MIT license; SafeRLHF under CC-BY-NC
4.0 (non-commercial); OASST1 under Apache-2.0;
and Reddit TL;DR under CC-BY 4.0. WebGPT
and RMB are likewise permitted for scholarly use
under their respective licenses. The baseline meth-
ods we compare against are also available for aca-
demic research. All datasets are taken from the
original authors public, open-source releases in-
tended for research and publication.

C.2 Data Statement

Our training corpora may include offensive or dis-
turbing content, but they contain no personal in-
formation. The training procedure is designed to
improve model usefulness and safety and not to
produce harmful outputs.

C.3 Al Assistants Using Statement

We used ChatGPT solely for correcting grammar
and improving readability, and did not rely on Al
assistance for coding or for research ideation.
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