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Abstract

Reinforcement Learning from Human Feedback (RLHF) produces powerful instruction-
following models but relies on a preference-labeling process that is both costly and slow.
An effective alternative, Reinforcement Learning from Al Feedback (RLAIF), uses large
language models as teachers for relabeling; however, this introduces substantial label noise.
In our setting, we found that Al teachers flipped approximately 50% of the original human
preferences on the dataset, a condition that degrades the performance of standard direct
preference optimization (DPO). We propose noise-robust DPO (nrDPO) and nrDPO-gated,
two drop-in variants that make DPO resilient to noisy preferences. nrDPO reweights
each pair by (i) a margin-confidence term from a frozen reference policy (base or SFT),
(ii) a context-stability term that penalizes preferences that change under truncated his-
tories, and (iii) a length correction to curb verbosity bias. nrDPO-gated further filters
low-confidence pairs via a simple threshold on the reference margin. On a dataset with
heavy synthetic noise (30% flips), nrDPO-gated improves the preference accuracy by +3.8%
over vanilla DPQO; in a realistic RLAIF setting, nrDPO-gated is the only configuration that
recovers competitive alignment, reaching ~60% on a 5k relabeled set (vs. ~49-50% for
vanilla DPO) and approaching RLHF baselines.

Keywords: RLHF; RLAIF; DPO; LLM; noise robustness; preference optimization

1. Introduction

Reinforcement Learning from Human Feedback (RLHF) has emerged as a pivotal tech-
nique for aligning large language models (LLMs) [1-3] with human values and preferences,
enabling safer and more useful Al systems [4,5]. In RLHF, a reward model is trained on
human-annotated preference data to approximate human judgments, which is then used
to optimize the policy model via reinforcement learning algorithms, like proximal policy
optimization (PPO). Direct preference optimization (DPO) was introduced as a simpler,
reward-model-free alternative [6]. DPO directly optimizes the policy against preference
pairs by reparameterizing the RLHF objective into a classification-like loss, achieving
comparable alignment without explicit reward modeling or sampling.

Human preference labeling is the bottleneck in alignment for building a robust LLM:
it is slow, costly, and hard to scale, especially for multi-turn prompts, low-resourced
languages, and evolving safety policies. To reduce the human preference labeling cost,
recent work explores Reinforcement Learning from Al Feedback (RLAIF), where one
or more teacher LLMs act as preference judges. Al-generated preferences can be noisy,
inconsistent, or biased, leading to label flips, ambiguous margins, or spurious correlations
(e.g., length biases or context instability). These issues degrade downstream alignment,
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particularly in small-scale or domain-specific datasets, like HH-RLHF [7], where noise
amplifies overfitting and reduces the preference accuracy. In our setting, this divergence is
not hypothetical; empirically, when we relabel human-annotated prompt-response pairs
with teacher Llama-3.1 judges (8B and 70B LLMs), over half of the human preferences
are flipped.

As shown in Figure 1, on a 2k subset, the 8B LLM teacher flips 1034/2000 pairs
(~51.7%) and the 70B LLM teacher flips 1049 /2000 (~52.5%); on a 5k subset, the 8B flips
2666/5000 (~=53.3%) and the 70B flips 2693 /5000 (/253.9%). These rates indicate that RLAIF
labels can be both noisy and biased relative to the human test distribution.

Motivated by these observations, this work investigates the following key research
questions: (i) whether per-pair confidence weighting can improve robustness when labels
are synthetically flipped at various levels; (ii) whether a simple sign-consistency gate helps
recover accuracy under RLAIF and narrows the gap to RLHF at matched sizes; (iii) how
the choice of reference policy affects stability and accuracy across clean, noisy, and RLAIF
settings; (iv) on small clean subsets, whether robustness mechanisms hurt, match, or help
standard DPO; and (v) what ranges of the hyper-parameters provide stable performance
without extensive tuning.
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Figure 1. RLAIF relabeling—kept vs. flipped (stacked % bars). Flipped is highlighted in light blue;
kept is gray.

To address these questions, in this paper, we propose noise-robust DPO (nrDPO),
an extension of DPO that incorporates per-sample weighting to prioritize reliable pairs
during training. nrDPO computes weights based on reference margins (for confidence),
context stability (via prompt truncation), and optional length regularization, dynamically
down-weighting noisy examples. We further enhance it with nrDPO-gated, which adds
optional hard gating to filter sign-inconsistent pairs (where the reference model prefers
the rejected response), providing targeted robustness against flips common in RLAIF or
noisy data.
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We structure the following experiments directly around the following:

1.  Hyper-parameter analysis: we tune nrDPO’s intrinsic-confidence knobs—margin
slope 1, context-stability window K, and length weight A—with small grids to find
stable regimes rather than cherry-picked peaks.

2. Small clean data: we train SFT, vanilla DPO, nrDPO, and nrDPO-gated on harmless-
base subsets (2k/5k/10k) to check whether nr-regularization harms clean-data perfor-
mance, performing an evaluation on the human-labeled test split.

3. Noisy training dataset: we inject synthetic pairwise flips at 10/20/30% in the 5k train
set and measure how preferred accuracy degrades on the clean test split, isolating
label-noise robustness.

4.  Real RLAIF scenario: we relabel harmless-base 2k /5k with Llama-3.1 (8B, 70B) teach-
ers via a likelihood comparison and train the same variants, reflecting practical
Al-feedback scenarios; we perform an evaluation on the human test set to carry out a
direct comparison against human-labeled targets.

5. Reference policy analysis: across clean/noisy /RLAIF settings, we compare ref = base
versus a light SFT reference to quantify how a stronger anchor affects DPO and nrDPO
(with and without gating).

6. RLAIF vs. RLHF: we report head-to-head results on matched sizes (2k/5k), highlight-
ing when nrDPO-gated closes the gap to RLHE

The results demonstrate ntDPO'’s efficacy: on clean data, it marginally outperforms
vanilla DPO (e.g., 65.53% vs. 64.79% at 5k), while ntDPO-gated provides a significant
improvement over baselines in noisy settings, achieving 2—4% gains at high noise (e.g.,
62.28% at 30% flips on a harmless-base dataset and 66.27% on a helpful-base dataset). For
RLAIF, gated nrDPO yields 7-9% improvements over baselines (e.g., 52.81% on 2k-8B
relabels), confirming its noise resilience.

The contributions of this work can be summarized as follows: (i) nrlDPO—a weighted
variant of DPO that improves robustness to noisy preferences without complicating the
DPO loss function. (ii) nrDPO-gated—a sign-consistency filter on top of nrDPO that down-
weights (or zeroes) pairs whose reference margin disagrees with the given label beyond a
tunable threshold. This one-line gate is especially effective when labels are systematically
corrupted, as in RLAIF scenarios where teacher relabeling flips a large fraction of pairs.
(iii) A systematic empirical study across clean small data (2k/5k/10k), synthetic noise
(10/20/30% flips), and real RLAIF (2k/5k relabeled by Llama-3.1-8B/70B). On clean data,
nrDPO matches or slightly improves over vanilla DPO. Under noise, ntDPO degrades
more slowly. Under severe noise and in RLAIF, nrDPO-gated consistently outperforms
ungated baselines and narrows the gap to RLHF, with improvements supported by 95%
confidence intervals.

The remainder of this article is structured as follows. Section 2 reviews related work
on RLHE, DPO, and robust variants. Section 3 describes the nrDPO methodology, including
weighting and gating. Section 4 presents the experimental results. Section 5 discusses the
results. Section 6 outlines the limitations of the approach and future directions. Finally,
Section 7 concludes this article.

2. Related Work

Reinforcement Learning from Human Feedback (RLHF) emerges from studies on
learning reward functions from preference comparisons and optimizing policies against
those learned rewards [4,8]. Early demonstrations showed that collecting pairwise human
preferences enables practical reward modeling and subsequent policy optimization, laying
the conceptual groundwork for modern RLHF in language models [4]. Subsequent work
adapted these ideas to language models (LMs): a reward model is trained from human com-
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parisons and the policy is optimized under a Kullback-Leibler (KL) divergence regularizer
toward a reference model (often supervised fine-tuning), typically with proximal policy
optimization (PPO) [9,10]. Landmark applications include summarization with human
feedback and instruction following, establishing the now standard three-stage pipeline
of (i) supervised fine-tuning (SFT) on demonstrations, (ii) preference data collection and
reward modeling, and (iii) RL fine-tuning under KL control [11,12].

Because RLHF can be brittle and compute-intensive, a rich line of work proposes
direct preference optimization objectives that avoid explicit online RL while targeting the
same KL-regularized optimum. Direct preference optimization provides a closed-form link
from Bradley-Terry-style preferences to an optimal KL-constrained policy, enabling stable,
classification-style training [6]. Other ranking/odds-ratio formulations similarly optimize
preferences without an explicit reward model or PPO, e.g., RRHF [13], PRO [14], and
ORPO [15]. Collectively, these methods simplify post-training, reduce hyper-parameter
sensitivity, and often match or exceed PPO-based RLHF on standard alignment evaluations.

Reinforcement Learning from Al Feedback (RLAIF) extends the RLHF pipeline by
using a strong model as the preference annotator, often alongside Al-generated demon-
strations for SFT (distillation) [16,17]. Anthropic’s Constitutional Al popularized this
framing: a constitution of principles guides self-critique/revision in the supervised stage
and preference labeling for the RL stage, scaling oversight and reducing human labeling for
safety [16]. Since then, RLAIF has been widely adopted in open-source post-training recipes,
including variants that use the same (or stronger) model as both a teacher (for SFT) and
critic (for preferences), and even direct-RLAIF (d-RLAIF) that queries an LLM judge for
rewards online [17,18].

Recent work explores automatic preference construction and self-reward without hu-
man labels. Self-Rewarding LMs (SRLM) [19] use LLM-as-a-judge prompting to score their
own outputs and iterate preference optimization (e.g., iterative DPO), achieving strong
results on MT-Bench and AlpacaEval-style evaluations. DLMA [20] proposes contrastive
prompt pairs and a probability-based self-reward that integrates directly with DPO, re-
porting improvements over RLAIF in Llama-2 7 B/13 B settings. RLCD [21] constructs
preference pairs by generating outputs under positive vs. negative prompts for a target
principle (e.g., harmlessness), yielding clean, synthetic comparisons without humans and
outperforming RLAIF baselines in several alignment tasks.

Using an LLM as a judge scales preference collection but introduces systematic eval-
uation noise, e.g., position, verbosity, and self-enhancement biases documented by MT-
Bench/Chatbot Arena [22] and by broader audits of LLM-as-a-judge bias [23]. Length
confounding is particularly salient, and Length-Controlled AlpacaEval shows that simple
regression-style adjustment can substantially reduce this bias [24]. Beyond measurement, a
critical study of Al feedback argues that some reported RLAIF gains arise from a teacher—
critic mismatch (e.g., GPT-3.5 as teacher vs. GPT-4 as critic), implying that raw Al-judged
preferences can be misleading unless denoised [25].

On the objective/optimization side, several works make preference learning robust to
noisy labels. Provably Robust DPO (rDPO) explicitly models random preference flips and
derives a de-biased DPO loss that maintains performance as noise increases [26]. ROPO
complements this with iterative quality-aware weighting that down-weights uncertain
pairs, improving tolerance to corrupted comparisons [27]. These results suggest that
swapping standard DPO/PPO for noise-aware objectives can directly harden the post-
training loop against Al-judge noise.

A parallel thread makes the RLHF/RLAIF RL stage itself robust to noisy reward
models. R3M treats corrupted preferences as sparse outliers and uses /1-regularized reward
learning, with theory and gains in both RL control and LLM generation [28]. Other
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formulations design reward-robust RLHF that trades off performance and robustness to
avoid over-optimizing noisy reward signals (e.g., reward-robust RLHF) [29]. Additional
policy-side strategies filter samples whose rewards are unreliable before PPO updates,
improving signal-to-noise without changing the objective [30].

Outside preference learning, there is a broader trend toward robustness-oriented
optimization under noise and uncertainty. In machine learning, distributionally robust
optimization prepares models for worst-case distribution shifts, and other approaches inject
uncertainty during training to improve real-world reliability. In parallel, hybrid nature-
inspired metaheuristics address complex, dynamic objectives in systems like cloud load
balancing, e.g., Kookaburra—Pelican hybrids [31]. Together, these lines of work illustrate a
cross-domain move toward task-aware, robustness-focused optimization.

3. Model

We begin by formalizing the learning setting and notation used throughout the method
and experiments. In Sections 3.2-3.4, we introduce the vanilla DPO and its noise-robust
variants.

3.1. Problem Setup and Notation

Each training instance is a preference triple (x,y",y~) consisting of a prompt x, a
preferred response y ', and a dispreferred response y~. We fine-tune a parametric policy
mg(- | x) starting from a pretrained LLM, together with a fixed reference policy 7re¢(- | x)
(either the same base model or a small SFT model trained on the same distribution).

For any response y, we compute the average per-token log-likelihood over answer tokens.

_ 1

le(x,y) = A Zlogng(yt|x,y<t), (1)

teA

where A indexes answer tokens and prompt tokens are masked out. For the reference
policy, define /,.¢(x, y) analogously by replacing g with 77e¢ in (1).
Define the policy and reference margins:

Ar =Ly (x,y") = lry,(x,y7),  Dpes = lr (x,y") = lr  (x,y7). )
The sign of A encodes which response is preferred, and the magnitude |A| reflects confidence.

3.2. Vanilla DPO

Direct preference optimization (DPO) [6] optimizes the per-pair logistic loss

Lppo(f) = —log (7(,8 [Ar— Aref}) - softplus( — BlAr — Aref]), 3)

with temperature § > 0 and o(-) being the logistic function. Intuitively, DPO pushes
Ax to exceed A on pairs where the reference prefers y* to y~. Vanilla DPO treats all
preference pairs equally, making it sensitive to dataset noise, such as ambiguous pairs
(small margins), unstable preferences (sensitive to context), sign-inconsistent labels (e.g.,
flipped preferences), or biases (e.g., response length discrepancies).
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3.3. Noise-Robust DPO (nrDPO)

To address these limitations, ntDPO introduces per-sample weights into the DPO
loss, dynamically prioritizing reliable pairs during training. We reweigh each pair by a
non-negative weight w, normalized to the unit mean within the batch:

£nrDPO(G) =E ﬁ softplus( - ﬁ[Aﬂ - Aref]) . (4)
N~~~
ormalized

The weight is the product of three interpretable factors,
W = Wmargin * Wstab * Wiens w >0, ®)

designed to discount low-confidence, unstable, or length-biased pairs:
(i) Margin-confidence weight.

Larger |Af| means the reference is more confident about the ordering. We theref-
ore set

Wmargin = 0(’7 |Aref‘)r Y= 0, (6)
where 7 controls how aggressively we emphasize high-confidence pairs.
(if) Context-stability weight.

Let A(Kf) be the margin computed after keeping only the last K tokens (or turns) of the

re
prompt before recomputing (1). Pairs whose ordering flips under small context changes
are down-weighted:

K
Wstab = exp( - |Aref - AEef)

), K € Ny )

(iif) Length-correction weight.

To attenuate the known length bias of auto-regressive LMs, we penalize large answer-
length gaps:

wen = exp( = AllyI=lyll), Ao ®)
Setting y=0, K=0 (with Afff):Aref), and A=0 collapses nrDPO back to vanilla DPO
in (3).

3.4. Gated nrDPO

When label noise is directional, for example, under RLAIF relabeling with a teacher
that sometimes disagrees systematically with human preferences, even a small fraction
of sign-flipped pairs can dominate the update. We therefore introduce a simple sign gate
using the same reference model:

1{Aref > T} w

—1{A > "= ‘
Weate { ref > T}' 20, w ]E[l{Aref > T} w] (9)

We use a hard gate with T = 0 by default and refer to the resulting objective as nrDPO-gated.
The sign of A supplies a directional prior from a trusted SFT model; gating prevents the
optimizer from amplifying pairs that conflict with this prior.

For completeness, Algorithm 1 summarizes one nrDPO training step (with an optional
hard sign gate). Batch of pairs {(x;, ¥, y; ) }2_;; policy 7p; reference 7t,ef; hyper-parameters
B, v, K, A; optional gate threshold T > 0.
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Algorithm 1: One nrDPO training step; the optional hard gate keeps pairs with
Aref > T
fori=1,...,B:
Ag) — ln(xi,y7) = Cr(xi ;)
Aﬁé)f « éref(xj,yf) - Eref(xir]/;)
B ¢ Lo keep_lasty (x,), ) — Lo keep_lasty (x;),y;)
magin <~ (7 1874

n}argin ‘ 4
oo exp(— A1 =A% )
Wi e>(<1)>( - A(|,)|J/f| =y 1)
1
w

i i i
wl) wmargin stab Wlen

w

w

if gate: w() « 1{A£;)f > 1w
w(@)

normalize®(?) T8 )
B Z]':1 wY

B . , .
L+ % y @) - softplus( — ‘B[Ag) — AEZ])
i=1

9(—9—17V9£

4. Experiment
The following experiments address key questions:

1. The impact of nrDPO’s hyper-parameters (e.g., margin scaling v, context retention K)
on robustness;

2. Whether nrDPO and nrDPO-gated maintain or enhance preference accuracy on small
clean human-labeled subsets (2k/5k/10k pairs);

3. Their patterns under synthetic noise injection (10/20/30% label flips);

4. Their performance in practical RLAIF scenarios with 8B and 70B teacher models
for relabeling;

5. The role of reference policy choice (base vs. SFT) in influencing training stability and
overall alignment quality.

4.1. Dataset

All data come from the Anthropic HH-RLHF corpus [7]. Unless otherwise stated,
we perform our evaluations on the standard test data containing 2312 prompt-pair ex-
amples (for harmless-base test data) and 2354 prompt-pair examples (for helpful-base
test data). Each example has a chosen and a rejected response. For each example we
recover the common prompt prefix and form a triple (x,y ™,y ); prompt tokens are masked
during likelihood computation. Subsets are drawn uniformly at random with a fixed seed
(seed = 42). Noise injection is performed by uniformly flipping labels (chosen < rejected)
for a given proportion p € {10%,20%,30%} of the training pairs.

Table 1 summarizes the splits we use. We denote noise-injected sets with the suffix np
(e.g., H-5k-n20 refers to use harmless-base, 5k, 20% random label flips).

To apply the approach in a real RLAIF setting, we build a relabeled split by obtaining
Al feedback from a stronger teacher model and using the teacher’s pairwise preference as
supervision. Concretely, starting from the harmless-base 2k and 5k training subsets, we
query Llama-3.1-8B-Instruct and Llama-3.1-70B-Instruct to decide which response it
prefers, and we flip the pair when the teacher’s preference opposes the original label. We
then train with these Al-derived preferences (shown in Table 2) and evaluate on the standard
harmless-base test split (2312 pairs), exactly mirroring an RLAIF training pipeline.
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Table 1. Training subsets used in our experiments. All evaluations use the corresponding HH-RLHF
test split with 2312 prompt-pair examples (H stands for harmless-base) and 2354 prompt-pair
examples (He stands for helpful-base).

Corpus ID #Pairs Clean/Noisy Construction
H-2k 2000 clean random sample from train
H-5k 5000 clean random sample from train
harmless.base H-10k 10,000 clean random sample from train
H-5k-n10 5000 noisy (10%) H-5k with 10% random label flips
H-5k-n20 5000 noisy (20%)  H-5k with 20% random label flips
H-5k-n30 5000 noisy (30%) H-5k with 30% random label flips
He-5k 5000 clean random sample from train
helpful-base He-5k-n10 5000 noisy (10%)  He-5k with 10% random label flips
He-5k-n20 5000 noisy (20%)  He-5k with 20% random label flips
He-5k-n30 5000 noisy (30%)  He-5k with 30% random label flips

Table 2. RLAIF split used to apply the proposed method in a realistic Al-feedback setting. Training
uses teacher preferences; evaluation uses the harmless-base test set (2312 pairs). We use # to denote
the count of pairs.

ID Base Corpus #Pairs Teacher (AI Feedback)
RLAIF-2k-8B harmless-base 2000 Llama-3.1-8B-Instruct
RLAIF-2k-70B harmless-base 2000 Llama-3.1-70B-Instruct
RLAIF-5k-8B harmless-base 5000 Llama-3.1-8B-Instruct
RLAIF-5k-70B harmless-base 5000 Llama-3.1-70B-Instruct

Table 3 summarizes teacher-driven relabeling on harmless-base. For both training
sizes (2k and 5k) and both teachers (8B, 70B), the teacher flips slightly more than half
of the pairs, indicating a mild anti-correlation with the original HH choices. At 2k, flip
rates are approximately 52% (8B: 51.7%; 70B: 52.5%); at 5k, they rise to approximately
53-54% (8B: 53.3%; 70B: 53.9%). Ties are zero in all settings. The small gap between
8B and 70B suggests the phenomenon is teacher-agnostic. Practically, these rates mean
RLAIF introduces systematic label disagreement relative to human preferences, helping
explain why ungated DPO variants degrade and why margin-based gating (which down-
weights low-confidence or misaligned pairs) yields substantial robustness gains in our
RLAIF experiments.

Table 3. RLAIF relabeling outcomes on harmless-base. “Kept” means that the teacher agrees with
the HH chosen. “Flipped” means that the pair is inverted.

Train Size Teacher Kept (%) Flipped (%)
2k Llama-3.1-8B 966/2000 48.3 1034/2000 51.7
2k Llama-3.1-70B 951/2000 47.6 1049/2000 52.5
5k Llama-3.1-8B 2334/5000 46.7 2666/5000 53.3
5k Llama-3.1-70B 2307/5000 46.1 2693/5000 53.9

4.2. Training Setup

We adopt (7,K,A) = (1.0,64,2 x 10~3) as a robust starting point; ablations sweep
v € {0.8,1.0,1.2,1.5}, K € {0,32,64,128},and A € {0,5 x 107%,1073,2 x 1073}. Unless
stated otherwise, we fine-tune Llama-3.2-1B-Instruct as a base model with AdamW,
B = 0.1, one epoch, a batch size of approx. 1, and a learning rate of 5 x 10—, The SFT
reference is trained for one epoch with a learning rate of 5 x 107> and batch size of 1
using prompt masking. We run a compact grid of 26 configurations across 7, K, A, and
gating on/off only at 20% label flips, and we use the selected configuration that remains



Appl. Sci. 2025, 15, 10328

90f18

unchanged for 10%/30%, clean, and RLAIF experiments, which saves time and computing
resources while preventing hyper-parameter overfitting to a particular corruption level.

4.3. Evaluation Metric

We assess alignment performance using preference accuracy (PrefAcc). For a test set
of preference triples (x, yu, ), PrefAcc is the fraction of pairs where the model assigns a
higher length-normalized answer log-likelihood to the winning response v, than to the
losing response y; (prompt tokens are masked):

1N ( 1 1 )
PrefAcc = — ) 1 — logm x) > — logm x) |. 10

Evaluations use the official HH-RLHF test splits: 2312 pairs for harmless-base and
2354 for helpful-base. To capture the uncertainty of our estimates, we report 95% con-
fidence intervals (95% CI). Intuitively, this interval gives a range of values around the
observed PrefAcc within which the true accuracy would fall in 95 out of 100 repeated
samples of the same size. The width of the interval reflects how reliable the estimate is:
narrower intervals indicate more certainty, while wider intervals indicate greater variability.
In Appendix A, we report confidence intervals at multiple levels (90%, 95%, and 99%).

4.4. Results
4.4.1. Hyper-Parameter Sensitivity

Figure 2 plots the preference accuracy (PrefAcc) on the HH test split while sweeping
three nrDPO hyper-parameters, with two training conditions shown in every panel: clean
(solid blue) and 20% label-noise (dashed orange).

*  Margin weight y. Accuracy is fairly flat and robust on clean data (0.646-0.650). Under
20% noise, performance improves as <y increases—from 0.612 at v = 1.0 and up to
0.623-0.626 near v = 1.5—indicating that putting more weight on large reference
margins helps denoise preferences.

¢ Context keep window K. Best results occur around K = 32 for both settings. Larger
truncation (K = 64,128) negatively affects performance, especially on clean data (drops
1-1.5 pts from the peak). Keeping a small recent history seems sufficient; retaining too
much context dilutes the stability signal.

*  Lengthregularization A. A small positive A improves or matches the baseline; on clean
data, the curve peaks (A = 1 x 1073) and then softens. With 20% noise, A reduces
variance, and the strongest value among those tried is A = 2 x 1073, which brings
accuracy back up after a dip at 1 x 1073,

4.4.2. Results with Clean Data

Table 4 presents results on clean (human-labeled) subsets of varying sizes: 2k, 5k
and 10k. SFT establishes a baseline around 55-57%, improving modestly as the data scale
increases. Vanilla DPO consistently outperforms SFT by 3-12% (e.g., 66.87% at 10k vs. SFT’s
54.80%), demonstrating DPO’s effectiveness in preference alignment. nrDPO provides
marginal gains over vanilla DPO (e.g., +0.74% at 5k, +0.13% at 2k), with non-overlapping
ClIs at 5k suggesting statistical significance; this highlights the value of its weighting scheme
in emphasizing high-confidence and stable pairs even on clean data.

However, nrDPO-gated underperforms in comparison to non-gated variants, drop-
ping to 51.73% at 2k and 62.37% at 10k. This is expected; in clean datasets with fewer
inconsistencies, gating (which down-weights sign-inconsistent margins) discards useful
pairs, leading to reduced performance. Gains scale with data size for all DPO methods,
underscoring sample efficiency in harmless alignment.
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Figure 2. Hyper-parameter sensitivity of nrDPO on the H-5k dataset. The figure shows PrefAcc as a
function of (a) margin weight -y, (b) context keep window K, and (c) length regularization A.

Table 4. Results for clean training subsets of harmless-base. Test split: 2312 pairs.

H-2k H-5k H-10k
Models
PrefAcc 95% CI PrefAcc 95% CI PrefAcc 95% CI
SFT 56.96 (55.02, 59.00) 56.06 (54.07, 58.04) 54.80 (52.85, 56.83)
Vanilla DPO 59.47 (57.48, 61.46) 64.79 (62.85, 66.74) 66.87 (64.92, 68.81)
nrDPO 59.60 (57.61, 61.59) 65.53 (63.54, 67.43) 66.44 (64.49, 68.38)
nrDPO-gated 51.73 (49.74, 53.81) 60.81 (58.82, 62.80) 62.37 (60.38, 64.36)

4.4.3. Results with Noisy Data

To assess robustness, we inject noise into the 5k harmlessness subset (Table 5). SFT

remains stable (approx. 56%) as noise increases, and it is unaffected by preferences. Vanilla
DPO starts strong at 10% noise (62.98%) but degrades progressively (to 58.52% at 30%), with
widening Cls reflecting increased variance from noisy labels. nrDPO mitigates this somewhat,
outperforming vanilla by 1-2% at lower noise (e.g., 64.14% vs. 62.98% at 10%), but it also
declines at higher levels (to 58.43% at 30%). In contrast, nrDPO-gated exhibits superior
resilience, maintaining approx. 63% across noise levels and achieving the highest score at 30%
noise (62.28%, CI: 60.29-64.23). Non-overlapping Cls with baselines at 20-30% noise confirm
its significance. This validates the gating mechanism’s role in filtering sign-inconsistent

(flipped) pairs, complementing the core weights to preserve alignment under corruption.
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Table 5. Results for 5k noise-injected training subsets of harmless-base). Test split: 2312 pairs. Bold

indicates the highest PrefAcc in each column.

H-5k-n10 H-5k-n20 H-5k-n30
Models
PrefAcc 95% CI PrefAcc 95% CI PrefAcc 95% CI
SFT 56.36 (54.33, 58.39) 56.62 (54.58, 58.65) 56.23 (54.20, 58.26)
Vanilla DPO 62.98 (61.03, 64.92) 60.99 (59.56, 62.37) 58.52 (56.49, 60.51)
nrDPO 64.14 (62.15, 66.13) 61.25 (59.26, 63.24) 58.43 (56.44, 60.42)
nrDPO-gated 63.24 (61.29, 65.27) 63.15 (61.25, 65.10) 62.28 (60.29, 64.23)

Table 6 extends the noise analysis to the helpfulness split. SFT hovers near
(49-50%), as expected for unaligned baselines. Vanilla DPO and nrDPO both yield strong
gains at 10% noise (approx. 66%), with nrDPO slightly ahead (66.44% vs. 65.89%). As
noise rises, vanilla DPO holds steady (approx. 64-65%), while nrDPO shows minor degra-
dation at 30% (64.95%). nrDPO-gated performs competitively at low noise (65.59%) and
excels at higher levels, reaching 66.27% at 30% (CI: 64.32-68.22), outperforming others with
non-overlapping Cls.

Table 6. Results for 5k noise-injected training subsets of helpful-base set. Test split: 2354 pairs. Bold

indicates the highest PrefAcc in each column.

He-5k-n10 He-5k-n20 He-5k-n30
Models
PrefAcc 95% CI PrefAcc 95% CI PrefAcc 95% CI
SFT 50.25 (48.26, 52.29) 50.13 (48.13, 52.12) 49.58 (47.58, 51.57)
Vanilla DPO 65.89 (63.98, 67.76) 64.74 (62.83, 66.69) 64.61 (62.66, 66.53)
nrDPO 66.44 (64.53, 68.39) 65.17 (63.21, 67.08) 64.95 (63.08, 66.91)
nrDPO-gated 65.59 (63.68, 67.50) 66.10 (64.19, 68.05) 66.27 (64.32, 68.22)

Aggregating harmless+helpful 5k (Figure 3), ntDPO-gated is almost equal to vanilla
DPO at 10% noise, but surpasses vanilla DPO by approx. +1.8 pp at 20% and approx.
+2.7 pp at 30%. On average, across datasets, nrDPO-gated is robust to label noise, matching

vanilla DPO at low noise and outperforming it substantially at medium /high noise.

[\ w S o)) (=2}
o o o (=} (=}
1 1 1 1 1

PrefAcc (Average over datasets)

—_
o
1

@ VanillaDPO (avg H+He)

71 nrDPO-gated (avg H+He)]

64.44 64.42

Noise-10%

62.86

Noise-20%

64.62
61.56

64.28

Noise-30%

Figure 3. Overall average across datasets (harmless-base + helpful-base, 5k): PrefAcc vs. injected
noise (10%, 20%, 30%) comparing vanilla DPO (gray) and nrDPO-gated (light-blue).
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4.4.4. Results with RLAIF

We evaluate RLAIF on the harmless-base corpus by relabeling a 2k and 5k subset with
two teacher policies (Llama-3.1-8B and 70B) and training several DPO variants in Table 7.
Across both teachers, for 2k Al-labeled dataset, nrDPO-gated is the only configuration that
consistently lifts performance: with the 8B teacher, it reaches 52.81% (95% CI 50.74-54.84),
compared to 43.99% (41.91-46.02) for vanilla DPO and 45.59% (43.51-47.62) for the standard
nrDPO. With the 70B teacher, it remains best at 50.17% (48.18-52.21), again exceeding
vanilla DPO (43.47%, 41.48-45.50) and nrDPO (42.99%, 40.96-45.03). In both cases, the
confidence intervals of nrDPO-gated do not overlap with those of the baselines, indicating
statistically robust improvements. Scaling RLAIF to a 5k relabeled subset preserves—and
amplifies—this trend: nrDPO-gated attains 60.12% (58.13-62.11) with the 8B teacher and
57.18% (55.19-59.21) with the 70B teacher, outperforming vanilla DPO (49.39%/47.66%) and
nrDPO (50.26%/47.02%) by approximately +9-11 points. In all settings, the gated model’s
confidence intervals do not overlap with the baselines, indicating statistically robust gains
from intrinsic-confidence gating under RLAIF.

Table 7. Results for RLAIF on harmless-base with 2k and 5k relabeled training subsets and two
teachers (Llama-3.1-8B/70B). Test split: 2312 pairs. Bold indicates the highest PrefAcc in each column.

RLAIF-2k-8B RLAIF-2k-70B RLAIF-5k-8B RLAIF-5k-70B
Model PrefAcc  95% CI  PrefAcc  95% CI  PrefAcc  95% CI  PrefAcc  95% CI

Vanilla DPO 4399 (4191,46.02) 4347 (4148,4550) 4939 (47.36,5143) 47.66  (45.63,49.70)
XZ?EISFDT?O 4360 (41.57,4559) 4317 (41.18,4520) 50.09 (48.05,52.12) 4676  (44.72,48.83)
nrDPO 4559 (4351,47.62) 4299  (4096,45.03) 5026 (4827,52.29) 47.02  (45.03,49.05)
EZ?I:’CS’FT) 4416 (42.17,4615) 4295 (40.92,4498) 50.09 (48.10,52.08) 4814  (46.15,50.17)

nrDPO-gated 52.81 (50.74,54.84) 50.17 (48.18,52.21) 60.12 (58.13,62.11) 57.18  (55.19,59.21)

Figure 4 clearly shows on a harmless-base dataset with 2k and 5k RLAIF labels that
nrDPO-gated outperforms vanilla DPO under both teachers.

[ VanillaDPO (2k) EZE VanillaDPO (5k)
[ nrDPO-gated (2k) ZZA nrDPO-gated (5k)

Teacher: Llama-3.1-8B-Instruct Teacher: Llama-3.1-70B-Instruct

Figure 4. RLAIF on a harmless-base dataset (2k and 5k relabeled): PrefAcc for vanilla DPO vs.
nrDPO-gated under two teachers (Llama-3.1-8B and Llama-3.1-70B).
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4.4.5. RLAIF vs. RLHF

Table 8 reports the models’ results for human-labeled RLHF baselines (“H-2k/5k”)
with RLAIF. With human labels (RLHF), ungated DPO variants reach 59-66% PrefAcc. If
we replace human labels with teacher preferences (RLAIF), the same ungated models drop
to approx. 44-46% at 2k and approx. 48-50% at 5k—about 10-16 points lower. Using
nrDPO-gated largely closes this gap: at 2k, it reaches 52.8% (8B)/50.2% (70B) vs. 59.6%
RLHEF; at 5k, it reaches 60.1% (8B)/57.2% (70B) vs. 65.5% RLHF. The confidence intervals
for RLAIF-gated often overlap the RLHF-gated baselines (e.g., 60.1% vs. 60.8% at 5k),
so the differences are not always statistically clear. Across sizes, the 8B teacher provides
stronger RLAIF results than the 70B. RLAIF lags RLHF without gating; with gating, it
becomes competitive.

Table 8. RLAIF on a harmless-base dataset (2k and 5k relabeled) vs. RLHF on the same corpus (H-2k
and H-5k). We report preference accuracy (PrefAcc, %) with 95% confidence intervals. Test split:
2312 pairs. Bold indicates the highest PrefAcc in each column.

Dataset Vanilla DPO nrDPO nrDPO-Gated

RLAIF-2k-8B 43.99 (41.91,46.02) 45.59 (43.51,47.62) 52.81 (50.74, 54.84)
RLAIF-2k-70B 43.47 (41.48,45.50)  42.99 (40.96,45.03)  50.17 (48.18, 52.21)
H-2k (RLHF) 59.47 (57.48,61.46) 59.60 (57.61,61.59)  51.73 (49.74, 53.81)
RLAIF-5k-8B 49.39 (47.36,51.43)  50.26 (48.27,52.29)  60.12 (58.13, 62.11)
RLAIF-5k-70B 47.66 (45.63,49.70)  47.02 (45.03,49.05)  57.18 (55.19, 59.21)
H-5k (RLHF) 64.79 (62.85, 66.74)  65.53 (63.54, 67.43)  60.81 (58.82, 62.80)

4.4.6. Influence of SFT

Table 9 shows that swapping the base reference for a light SFT reference yields
consistent, modest gains at 10-20% noise; however, little-to-no gain at 30%—unless
gating is used. For vanilla DPO, SFT-ref improves from 62.98 to 64.23 at n10 (+1.25)
and from 60.99 to 63.06 at n20 (+2.07), while the n30 change is negligible (58.52—58.69,
+0.17). nrDPO exhibits similar small lifts (e.g., n20: 61.25—62.20, +0.95). Confi-
dence intervals largely overlap at n10-n20, indicating stabilization rather than a regime
change, and they converge at n30. Crucially, with gating, the SFT-ref becomes de-
cisive at high noise: nrDPO-gated reaches 62.28 at n30, outperforming the best un-
gated settings by approximately +3.6-3.9 points. In short, SFT-ref regularizes DPO
under moderate noise, and SFT-ref + gating is needed to maintain accuracy under
severe noise.

Table 9. Comparison of ref = SFT vs. ref = base with noise injection datase; nrDPO-gated uses
ref = SFT by default. Test split: 2312 pairs.

H-5k-n10 H-5k-n20 H-5k-n30
Models
PrefAcc 95% CI PrefAcc 95% CI PrefAcc 95% CI

SFT 56.36 (54.33, 58.39) 56.62 (54.58, 58.65) 56.23 (54.20, 58.26)
Vanilla DPO (Base) 62.98 (61.03, 64.92) 60.99 (59.56, 62.37) 58.52 (56.49, 60.51)
Vanilla DPO (ref = SFT) 64.23 (62.28, 66.13) 63.06 (61.12, 65.01) 58.69 (56.66, 60.73)
nrDPO (Base) 64.14 (62.15, 66.13) 61.25 (59.26, 63.24) 58.43 (56.44, 60.42)
nrDPO (ref = SFT) 64.66 (62.72, 66.61) 62.20 (60.25, 64.14) 58.48 (56.49, 60.51)
nrDPO-gated 63.24 (61.29, 65.27) 63.15 (61.25, 65.10) 62.28 (60.29, 64.23)
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5. Discussion
We observe a consistent trend across all tested conditions:

(i) On clean small data (2k/5k/10k), ntDPO matches or slightly improves over vanilla
DPO, while nrDPO-gated can trail on the largest clean split because gating removes
some useful (but low-margin) signals;

(i) Under synthetic noise (10/20/30% label flips), nrDPO degrades more slowly than
vanilla, and nrDPO-gated is the only variant that remains competitive at the highest
noise rate;

(iii) In RLAIF, where teacher relabeling flips roughly half of the pairs (=52-54% at 2k
and 5k), ntDPO-gated is decisively better than ungated methods and narrows the
performance gap with RLHE.

These patterns follow from how the objective treats reliability signals in the data.
We next explain why weighting and gating lead to the observed behavior and how the
reference policy moderates these effects.

5.1. Why Weighting Helps

nrDPO treats the reference model’s log-likelihood margin as an efficient proxy for
label reliability. Pairing the references allows us to be confident about large |A.¢| receiving
more weight; pairs whose margin collapses when context is truncated are down-weighted
as unstable; extreme response-length imbalances are subject to a mild correction. This rebal-
ances gradients toward pairs where the model family itself is internally consistent, which
is especially valuable when labels are noisy or partially anti-aligned with the base policy.

5.2. Why Gating Helps (and When It Can Hurt)

The gate applies a simple sign-consistency check: if a pair’s label disagrees with the
reference margin (beyond a threshold), we drop it.

Under severe noise or RLAIF (where the teacher LLM disagrees with human preferred
labels about half the time), this prevents systematic anti-learning from flipped examples
and yields the largest gains. On clean data, however, some low-margin, borderline pairs
still carry useful supervision; removing too many of them can slightly reduce the achievable
performance, which is exactly what we observed on H-10k.

5.3. The Role of the Reference Policy

Using an SFT reference generally stabilizes DPO under moderate noise (10-20%) and
makes nrDPO’s weights more informative; confidence intervals shrink without fundamen-
tally changing the ranking. Under 30% noise, SFT-ref alone is not enough; gating is required
to keep prevent the accuracy from decreasing. Practically: with mild label noise, SFT-ref is
a good default; with heavy or systematic noise (including RLAIF), enable gating.

5.4. RLAIF vs. RLHF

With human labels (RLHF), vanilla and nrDPO reach the high 50s to mid-60s on HH
test sets. Pure RLAIF drops into the mid-40s to ~50 for ungated training, which is consistent
with the observed ~50% flips from teachers. Adding nrDPO-gated recovers much of the
gap (e.g., >50% at 2k and ~60% at 5k with the 8B teacher), and its confidence intervals
often overlap RLHF with gating. Without gating, RLAIF lags RLHF; with gating, it becomes
competitive in small-data regimes. This study focuses on introducing reference confidence
and sign gating within the DPO framework to suppress bias and noise; therefore, we do
not provide a systematic comparison with alternative training paradigms, such as RRHF,
PRO, or ORPO, which operate without a reference model or explicit rewards. Preliminary
observations indicate that these methods are not incompatible with our weighting and
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gating approach from an engineering standpoint. In future work, we plan to combine them
and evaluate generalization and robustness on broader datasets.

6. Limitations

While nrDPO and nrDPO-gated demonstrate promising robustness in noisy and
small-scale alignment scenarios, several limitations warrant consideration. First, our
evaluations are confined to English-language subsets of the HH-RLHF dataset, focusing on
harmlessness and helpfulness splits. This restricts generalizability to multilingual contexts,
diverse domains (e.g., code generation or creative writing), or other preference datasets,
like UltraFeedback, where noise patterns may differ. Extending to non-English or broader
benchmarks could reveal unaddressed biases.

Second, we primarily rely on preference accuracy (PrefAcc) as the evaluation metric,
which, while standard for DPO variants, may not capture nuanced aspects of alignment,
such as factual correctness, coherence, or long-term safety. Richer assessments, including
human evaluations (e.g., via Likert scales or side-by-side comparisons) or automated
metrics, like harmlessness scores from reward models, would provide a more holistic view
but were beyond our small-scale scope of this article.

Third, the gated variant risks over-filtering in clean datasets, as evidenced by its
underperformance (e.g., 3-8% drops) compared to non-gated nrDPO. This suggests that
aggressive sign-consistency checks may discard informative pairs with subtle margins,
particularly in high-quality human-labeled data.

Additionally, experiments used compact models (e.g., Llama-3.2-1B-Instruct) and
limited training sizes (up to 10k pairs), potentially underestimating scalability issues in
larger setups. RLAIF evaluations were restricted to specific teachers (8B/70B), overlooking
ensemble effects or weaker/stronger alternatives. Noise injection simulated random flips
but not other real-world corruptions, like distributional shifts or adversarial labels.

Future work could address these by incorporating adaptive thresholds, multilingual
testing, and hybrid human—AlI evaluations to enhance ntDPO’s applicability. Despite these
constraints, the proposed approach offers a valuable step toward efficient, noise-tolerant
alignment.

7. Conclusions

In this work, we explored preference alignment in scenarios with limited and noisy
supervision, comparing traditional RLHF with RLAIF, where a teacher LLM relabels
preference pairs to reduce human annotation costs. We presented nrDPO, a weighted
extension of DPO that prioritizes pairs with high margins, contextual stability, and balanced
lengths, along with nrDPO-gated, which additionally filters pairs where the reference
model’s preference sign conflicts with the label.

The findings can be summarized as follows:

1. On clean small data (2k/5k/10k), nrDPO matches or slightly outperforms vanilla
DPO, so the weighting does not hurt when labels are clean.

2. Onnoisy data (10-30% flips), as noise grows, vanilla DPO degrades faster. ntDPO
is more stable, and nrDPO-gated is the only method that remains effective at the
highest noise.

3. RLAIF (teacher relabeling). Teachers flipped about half of the pairs, which is a
challenging setting. ntDPO-gated closes much of the gap with RLHF: about 53% at 2k
and about 60% at 5k with an 8B teacher versus about 60% and 66% for RLHF on the
same splits. In several cases, confidence intervals overlap with the RLHF baselines.

4.  Reference choice. An SFT reference helps at moderate noise; under severe noise or
RLAIF, adding the gate is important to retain accuracy.
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5. The ablations further reveal that hyper-parameter choices, such as moderate margin
scaling v and limited context retention k, provide reliable defaults for practical use.

Overall, these results suggest that noise-robust preference optimization is a promising
direction for scalable alignment, particularly in settings where reliable human feedback
is scarce. The presented approach narrows the performance gap between RLAIF and
RLHF, showing that careful weighting and gating can mitigate noisy supervision. Future
work could extend these techniques to larger-scale preference datasets, multi-turn dia-
logue alignment, test multilingual and domain-shifted distributions, and hybrid pipelines
that combine human and Al feedback to further reduce annotation costs while maintain-
ing reliability.

Practical Takeaways
We summarize actionable guidance for small-scale alignment under noisy supervision:

*  C(Clean labels (2k/5k/10k). Choose vanilla DPO or nrDPO; avoid gating, as it may
discard informative borderline pairs.

¢  Random label noise (10-30%). Use nrDPO at low noise (10-20%); switch to nrDPO-
gated at higher noise (~30%).

¢  RLAIF (Aljudge relabeling). With flip rates near one half, nrDPO-gated is recom-
mended; performance gains are most pronounced at 5k.

*  Reference policy. A light SFT reference stabilizes training under mild noise (10-20%);
under severe/systematic noise (RLAIF or >30% flips), combine an SFT reference
with gating.

*  Hyper-parameters (robust defaults). Margin weight v € [1.0,1.5] (increase under
noise); context window K = 32; length regularization A € [1073,2 - 10~3]; DPO
temperature g ~ 0.1.

*  Training recipe (small models/data). One epoch typically suffices to reveal trends;
AdamW, policy learning rate 5 x 107, SFT reference learning rate 5 x 10~>, batch size
1; mask prompt tokens when computing answer likelihoods.

*  When not to gate. In clean-data regimes or on the largest clean split, gating can remove
useful supervision and is not advised.
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Appendix A
Table A1 shows that across all RLAIF settings, ntDPO-gated attains the highest PrefAcc,

with 90%, 95%, and 99% Cls being clearly greater than vanilla’s (e.g., RLAIF-5k-8B: 0.6012;
90% 0.5843-0.6181, 95% 0.5813-0.6211, 99% 0.5757-0.6272 vs. vanilla 0.4939; 90% 0.4771-0.5108,
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95% 0.4736-0.5147, 99% 0.4676-0.5212). nrDPO generally matches or slightly exceeds vanilla
(especially with 8B relabels). Scaling from 2k to 5k increases the performance of all methods,
but mostly for ntDPO-gated, making gating the key driver of robustness under Aljudge
relabeling.

Table A1. Preference accuracy (PrefAcc) with 90%, 95%, and 99% bootstrap Cls on the harmless-base
test data for vanilla DPO, nrDPO, and nrDPO-gated across RLAIF settings.

Setting Variant PrefAcc 90% CI 95% CI 99% CI
RLAIF-2k-8B Vanilla DPO 0.4399 (0.4278, 0.4522) (0.4256, 0.4542) (0.4213, 0.4589)
RLAIF-2k-8B nrDPO 0.4559 (0.4390, 0.4728) (0.4360, 0.4766) (0.4304, 0.4827)
RLAIF-2k-8B nrDPO-gated 0.5281 (0.5112, 0.5454) (0.5078, 0.5489) (0.5017, 0.5554)
RLAIF-2k-70B Vanilla DPO 0.4347 (0.4178, 0.4520) (0.4144, 0.4550) (0.4083, 0.4615)
RLAIF-2k-70B nrDPO 0.4299 (0.4131, 0.4472) (0.4100, 0.4503) (0.4031, 0.4567)
RLAIF-2k-70B nrDPO-gated 0.5017 (0.4849, 0.5190) (0.4818, 0.5221) (0.4758, 0.5281)
RLAIF-5k-8B Vanilla DPO 0.4939 (0.4771, 0.5108) (0.4736, 0.5147) (0.4676, 0.5212)
RLAIF-5k-8B nrDPO 0.5026 (0.4853, 0.5199) (0.4823, 0.5234) (0.4758, 0.5298)
RLAIF-5k-8B nrDPO-gated 0.6012 (0.5843, 0.6181) (0.5813, 0.6211) (0.5757, 0.6272)
RLAIF-5k-70B Vanilla DPO 0.4766 (0.4645, 0.4888) (0.4622, 0.4911) (0.4585, 0.4959)
RLAIF-5k-70B nrDPO 0.4702 (0.4578, 0.4823) (0.4559, 0.4846) (0.4518, 0.4892)
RLAIF-5k-70B nrDPO-gated 0.5718 (0.5599, 0.5837) (0.5575, 0.5863) (0.5530, 0.5906)
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