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Abstract

Quality of datasets plays an important role in large language
model (LLM) alignment. In collecting human feedback, how-
ever, preference flipping is ubiquitous and causes corruption
in data annotation; the issue necessitates the alignment al-
gorithms with improved robustness against potential flipped
pairs. To this end, this paper introduces a Flipping-Aware Di-
rect Preference Optimization (FA-DPO) algorithm tailored to
preference flipping from a reinforcement learning with hu-
man feedback (RLHF) perspective. We dissect the inherent
human intention model and the preference flipping mecha-
nism introduced by external factors as two distinct stages; in
the latter, we introduce an instance-dependent flipping prob-
ability on the basis of the Bradley-Terry (BT) model. Fur-
ther, by leveraging features relevant to preference annota-
tion, we capture uncertainty in judgments and model pref-
erence flipping patterns. In practice, we design a simple yet
efficient iterative optimization algorithm compatible with the
original RLHF and Direct Preference Optimization (DPO)
algorithms. In our experiments, we investigate the instance-
dependent preference flipping model under multiple circum-
stances for evaluation of our proposed method, as well as
other baseline methods.

Code — https://github.com/bcxyf123/Noise-DPO
Extended version — https://arxiv.org/abs/2512.00709

1 Introduction
Alignment has been identified as a crucial approach con-
tributing to the remarkable capacity of large language mod-
els (LLMs) to understand human intentions. In general, this
approach enables LLMs to produce responses that align
well with human expectations and reduce toxic generations
(Achiam et al. 2023; Dubey et al. 2024). Among exist-
ing alignment paradigms, a notable one is the reinforce-
ment learning from human feedback (RLHF), which, along
with its numerous variants, has attracted significant atten-
tion (Ouyang et al. 2022; Casper et al. 2023).

Despite the effectiveness of current RLHF methods, they
implicitly suffer from noise in human feedback data (Zheng
et al. 2023; Gao, Alon, and Metzler 2024). For example,
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Gao, Alon, and Metzler (2024) reported that a 10% in-
crease in preference flipping ratios can result in a 30% de-
crease in alignment performance, as measured by the win
rate (defined in Section 5.1). As noise is inevitably intro-
duced during data collection process, robust alignment al-
gorithms bring the benefits of not only defending poten-
tial dataset attacks, but also reducing the costs of collect-
ing clean data. One existing genre of robust learning ap-
proaches leverages noise information inferred from exist-
ing data (Xia et al. 2021; Song et al. 2022), and this char-
acteristic is especially attractive in the contexts of direct
alignment algorithms such as direct preference optimization
(DPO; Rafailov et al. 2024), where training relies on a fixed
offline dataset.

In tackling robustness challenges in RLHF, previous re-
search focuses on a simplified scenario where preferences
are randomly flipped at a fixed rate (Chowdhury, Kini,
and Natarajan 2024; Wu et al. 2024a; Cheng et al. 2024;
Liang et al. 2024). However, in practical applications, it
is ungrounded to assume the possibility of annotation er-
rors is independent of the specific content being annotated.
In this work, we instead investigate a setting of “instance-
dependence” (Xia et al. 2020; Liu, Cheng, and Zhang 2023),
which poses greater challenges as the noise distribution can
vary significantly across different samples. Therefore, in this
work, we aim to answer the following question:

How can we properly model the instance-dependent
preference flipping incurred during preference data

annotation?
In response, we propose a statistically consistent approach

to align with corrupted human feedback, which we refer
to as Flipping-Aware Direct Preference Optimization (FA-
DPO). This approach ensures that, given accurate estimation
of the flipping model, the learned policy will achieve con-
sistency comparable to learning the policy under clean data.
We first explicitly model the flipping probability on the ba-
sis of the Bradley-Terry model, to connect with the posterior
probabilities of the observed label.

Specifically, the annotation process under our framework
can be viewed as two sequential stages: ❶ labeling accord-
ing to true human intention and ❷ instance-dependent la-
bel contamination, where the instance-dependent preference
flipping occurs after the labeling stage ❶, representing a
transition from the true label to the flipped label for each
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sample. In this way, given a corrupted human preference
dataset, FA-DPO can post-train the LLM parameters ro-
bustly and produce optimal policies, as with the true labels,
via correction for the original BT model loss with the poste-
rior of the observed corrupted labels.

In particular, we further introduce an iterative optimiza-
tion framework that jointly optimizes both the flipping esti-
mation model and the LLM in post-training. To capture the
transition between the original label and the observed label,
we leverage a classification module on relevant features to
construct the flipping probability within a preference pair.
The main contributions of this paper are three-fold:
1. We investigate a challenging RLHF / DPO setting with

instance-dependent preference flipping, and propose a
novel probabilistic model to characterize the noise.

2. We address the instance-dependent estimation of prefer-
ence flipping probabilities via a classification model that
incorporates informative preference features studied in
natural language processing.

3. We propose a simple yet efficient iterative optimization
algorithm based on RLHF and DPO to capture the noise
in the offline dataset during post-training. The whole
training pipeline is validated in our experiments.

2 Related Works
We review the previous works on preference alignment and
(generalized) robust RLHF in this section. Due to context
limitation, we leave the complete review to Appendix B for
the reader’s convenience.

Preference alignment The most well-known approach for
preference alignment is Reinforcement Learning from Hu-
man Feedback (Ziegler et al. 2019; Ouyang et al. 2022,
RLHF), which involves training a reward model to capture
human preferences and then guiding LLMs to generate high-
reward responses using reinforcement learning (RL) algo-
rithms such as Proximal Policy Optimization (PPO) (Schul-
man et al. 2017). However, in practice RL-based methods
can be complex and unstable during training (Rafailov et al.
2024; Wu et al. 2024c; Yuan et al. 2023). As a result, re-
cent research has focused on simpler and more stable al-
ternatives to RLHF, namely, direct preference alignment
(Rafailov et al. 2024; Zhao et al. 2023; Ethayarajh et al.
2024; Azar et al. 2024; Meng, Xia, and Chen 2024).

RLHF against perturbations Current approaches of ro-
bust RLHF can be categorized into three main types.
❶ Noise fitting (Bukharin et al. 2024) involves making
assumptions on the noise in the data and incorporating
this modeling into the reward learning process, which will
be jointly optimized with the parameterized reward func-
tion. ❷ Sample selection (or sample re-weighting) methods
(Cheng et al. 2024) leverage this phenomenon to identify
clean samples based on the loss values observed during the
training process. Some approaches address corruption in in-
put data through ❸ robust loss design (Chowdhury, Kini, and
Natarajan 2024; Liang et al. 2024), focusing on constructing
loss functions that are more resistant to data noise; this tech-
nique is also known as label smoothing (Mitchell 2023).

3 Preliminaries
In this section, we introduce the basics of RLHF for LLM
alignment in advance of the formal proposal of our method-
ology in Section 4.

3.1 RLHF for LLM Alignment
Let an input (prompt) of an LLM be x ∈ X and the gen-
erated output (response) be y ∈ Y . In the formulation for
RLHF (Rafailov et al. 2024), the LLM is viewed as a pol-
icy πθ(y | x) parameterized by θ, which outputs an action y
(response) based on the state x (prompt). Preference data is
further collected and annotated by human labelers, denoted
as yw ≻ yl | x, where yw is the preferred response and yl is
the dispreferred one in (y1, y2) for the prompt x.

The pre-trained model first undergoes on round of super-
vised fine-tuning (SFT), resulting in a reference model πref.
Then the BT model (Bradley and Terry 1952) is employed
to relate the preference data {yiw ≻ yil} to a reward model
r(x, y). The connection is formulated as:

p∗(yw ≻ yl | x) = σ
(
r∗(x, yw)− r∗(x, yl)

)
, (1)

where σ is the standard sigmoid function, and r∗(·) is the
optimal reward model. Using the BT model and the maxi-
mum likelihood principle, the loss for learning the reward
model is:

LR(ϕ) = −E(x,yw,yl)∼D
[
log σ

(
rϕ(x, yw)− rϕ(x, yl)

)]
,

(2)
where rϕ(·) is the reward model parameterized by ϕ.

After training the reward model rϕ(·) from Equation (2),
RL is applied to optimize the LLM πθ with the reward sig-
nals provided by rϕ(·). The optimization objective for πθ is
formulated as:

Lπ(θ) =− Ex∼Px,y∼πθ(·|x) [rϕ(x, y)]

+ β · Ex∼Px
[DKL (πθ(· | x)||πref(· | x))] ,

(3)

where Px represents the marginal distribution of the prompt
x. The first term corresponds to reward maximization in
standard RL optimization. The second term is a KL diver-
gence that constrains the update of πθ to not deviate from
the reference model πref, β is the coefficient that weights the
KL divergence between πθ and πref.

3.2 DPO as Efficient RLHF
Direct preference optimization (DPO) is an algorithm pro-
posed for practical efficiency (compared to original RLHF),
that merges the two stages in RLHF, reward modeling and
policy optimization, into a single step. In DPO, the policy is
optimized directly using the offline dataset D without con-
structing an explicit reward model.

As shown by Peng et al. (2019), the closed-form solution
of the conditional distribution π(y | x) that minimizes Equa-
tion (3) is:

πr(y | x) = 1

Z(x)
πref(y | x) exp

(
1

β
rϕ(x, y)

)
, (4)

where Z(x) =
∑

y πref(y | x) exp
(
1/β · rϕ(x, y)

)
is the

partition function for normalization. By applying this result
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to Equation (2), the DPO loss function that includes only the
parameterized πθ as the optimization variable is derived as:

LDPO(θ) = −E(x,yw,yl)∼D [log σ (r̂θ(x, yw)− r̂θ(x, yl))] ,
(5)

where r̂θ(x, y) = β log
(
πθ(y|x)/πref(y|x)

)
is the implicit

reward model derived from πθ.

4 Method
In this section, we begin by providing an overview of the
motivation to model instance-dependent preference flipping.
We then formulate the flipping procedure under the RLHF
framework, and illustrate how this estimation can be inte-
grated into the standard RLHF pipeline. Finally, we present
a detailed model design for the instance-dependent prefer-
ence flipping probability estimation in FA-DPO.

4.1 Motivations
It is widely accepted that in real-world scenarios, the intrin-
sic preference labeling mechanism of humans can be uni-
fied as a general human intention model, represented by the
Bradley-Terry model (Bai et al. 2022). Noisy human feed-
back, however, usually stems from external factors rather
than inherent errors in human decisions. For instance, envi-
ronmental distractions may compromise an annotator’s fo-
cus, reducing labeling accuracy, and external noise can also
be introduced by maliciously altering original annotations.

Consequently, this corruption process can be viewed as
a post-transition applied to the initial labeling mechanism
governed by the human intention model. We model this pro-
cess as instance-dependent preference flipping, positing that
the probability of a flip is correlated with the data content as
well as the relation between each pair of responses.

We dig into the statistical structure of the flipping pattern
in the preference data as opposed to the noise sparsity as-
sumption in (Bukharin et al. 2024). The proposed modeling,
as stated in Section 4.2, is supposed to exploit the relation
between the noisy preference posterior and the true likeli-
hoods. The neural network module to capture the noise is
introduced in Section 4.3.

4.2 Flipping-aware Loss
We start the derivation of the flipping-aware loss from the
RLHF model, and then extend the result to the DPO set-
ting. Given a corrupted dataset D̃, for each noisy triplet
(x, ỹw, ỹl), we denote the sample as x̃ for simplicity. Fol-
lowing the principle of maximum likelihood, the usual loss
for preference modeling is:

LMLE = −E(x,ỹw,ỹl)∼D̃[logP{ỹw ≻ ỹl | x}]. (6)

In standard RLHF, we only have the parameterized prefer-
ence probability under clean data, i.e., P{yw ≻ yl | x};
the direct usage of the standard RLHF loss in Equation (6)
can be sub-optimal. To ease the discussion of how to bridge
the gap between preference distributions under clean and
noisy data, we first formalize the preference flipping process
through the following proposition:

Proposition 4.1 (Instance-dependent preference flipping).
For any input x̃, the corrupted preference probability, under
the instance-dependent preference flipping setting, relates to
the true preference likelihood via:

P̃{ỹw ≻ ỹl | x} = (1− εx̃)p+ εx̃(1− p),

where εx̃ represents the instance-specific flipping probabil-
ity for triplet x̃ = (x, ỹw, ỹl), and p denotes the true likeli-
hood P{ỹw ≻ ỹl | x} for brevity.

The proof of Proposition 4.1 is direct and omitted. We can
then establish the relation between the corrupted posterior
P̃{ỹw ≻ ỹl | x} observed in noisy data and the underlying
clean probability P{ỹw ≻ ỹl | x}. This enables us to re-
cover the true preference probabilities by accounting for the
instance-dependent flipping process:

LFA-DPO = −Ex̃∼D̃ [log ((1− εx̃)p+ εx̃(1− p))] , (7)

which reads the loss design in FA-DPO. For practical im-
plementation with the BT model in reward-based RLHF, we
parameterize p with ϕ and denote:

pϕ = σ(rϕ(x, ỹw)− rϕ(x, ỹl)).

Similarly, for the DPO parameterization, the preference
probability is given by substituting the probabilistic mod-
eling Equation (4) into the formula above:

pθ = σ

(
β log

πθ(ỹw | x)
πref(ỹw | x)

− β log
πθ(ỹl | x)
πref(ỹl | x)

)
.

Comparison with cDPO and rDPO. To better under-
stand FA-DPO, we compare it with related approaches,
cDPO (Mitchell 2023) and rDPO (Chowdhury, Kini, and
Natarajan 2024), from the perspective of gradients.

First, we recall standard DPO directly substitutes the pa-
rameterized preference probability Pθ{ỹw ≻ ỹl | x} for the
corrupted posterior P̃{ỹw ≻ ỹl | x}, ignoring the prefer-
ence flipping mechanism underlying the corrupted datasets.
Other robust losses, such as cDPO (Mitchell 2023), instead
similarly follow the principle of maximum likelihood and
adopt a loss correction technique, but the ε parameter in
cDPO is a hyperparameter irrelevant to each sample (while
our loss considers an instance-dependent preference flipping
setting). On the basis of cDPO, rDPO (Chowdhury, Kini,
and Natarajan 2024) further debias the loss function.

To better understand the difference between these meth-
ods, we compare the gradient weights of these methods with
that of FA-DPO.

Following the notations in Chowdhury, Kini, and Natara-
jan (2024), we characterize the gradient of DPO-like meth-
ods as

∇θL = −ζ · β (∇θ log πθ(ỹw | x)−∇θ log πθ(ỹl | x)) . (8)

The weighting coefficient ζ for each method can be re-
lated to the base DPO weight coefficient ζDPO = 1 − pθ,
where cDPO applies a small reduction ζcDPO = ζDPO −
ε while rDPO introduces an additive correction ζrDPO =
ζDPO + ε

1−2ε to adjust the weighting behaviors, respectively.
We specify the coefficient ζFA-DPO in FA-DPO as follows.
The derivation is deferred in Appendix A.

38059



Lemma 4.2 (Gradient weight coefficient). For a triplet x̃ =
(x, ỹw, ỹl), we have the gradient weight coefficient for FA-
DPO as

ζFA-DPO =
(1− 2εx̃)pθ

(1− 2εx̃)pθ + εx̃
· ζDPO.

The above lemma demonstrates that our weighting
scheme constitutes a reparametrization of the DPO gradi-
ent weight, distinct from the additive correction approaches
employed by cDPO and rDPO. Crucially, when no flipping
occurs (εx̃ = 0), the gradient reduces exactly to that of the
standard DPO. For low flipping probabilities (εx̃ < 0.5),
the weight increases with the model’s confidence (pθ), en-
hancing stability during convergence and improving robust-
ness to noise compared to the fixed correction mechanisms
of cDPO and rDPO. At a flipping probability of 0.5, in-
dicating inherent ambiguity in the preference signal, the
weight becomes zero, automatically filtering out these low-
margin samples that could otherwise impair model perfor-
mance. Most significantly, when εx̃ > 0.5, the gradient
direction reverses to optimize P{ỹl ≻ ỹw | x} instead of
P{ỹw ≻ ỹl | x} under conditions of high model uncertainty.
This demonstrates self-correction for samples with high de-
tected flipping rates—a capability absent in cDPO and rDPO
which apply uniform corrections. Furthermore, the weight
approaches zero when high model confidence contradicts
high estimated εx̃, yielding robust weights that are jointly
determined by both the flipping probability and the policy
model’s confidence.

4.3 Preference Flipping Probability Modeling
Preference flipping modeling To overcome the limita-
tions of existing robust DPO approaches that assume ei-
ther (1) a uniform flipping ratio across all samples or (2)
sparse noise patterns within a given dataset, we introduce an
instance-dependent preference flipping module that dynam-
ically estimates sample-specific flipping probabilities based
on instance features. we model this probability as a logistic
regression function of input-dependent features:

εx̃ = σ(⟨ω, h(x̃)⟩+ ω0), (9)

where h : X → Rd is the feature map and ω ∈ Rd are
learnable parameters.

Feature map construction We deliberately design the
feature map h(·) to incorporate three concepts validated
to be effective in language modeling. Notably, the features
are supposed to be permutation-equivariant to the response
pairs, since the order thereof can be arbitrary in the corrupted
sample triplet x̃ = (x, ỹw, ỹl).

Response Length. It is noted that longer responses increase
cognitive load for human annotator, which may increase the
error rate (Chen et al. 2024). We compute both the average
lengths and the length difference within a preference sample
triplet (x, ỹw, ỹl) as the first feature,

hlen(x̃) =

[
|ỹw|+ |ỹl|

2
, ||ỹw| − |ỹl||

]⊤
.

Here, even we change the order of the response pair to
(x, ỹl, ỹw), the feature map hlen(·) is invariant.

Perplexity (PPL). Perplexity reflects the uncertainty or com-
plexity of a probability distribution. High PPL often corre-
lates with sentences that are hard for humans to comprehend,
thereby increasing annotation difficulty (Kong et al. 2024).

hppl(x̃) =

[
log (πθ(ỹw|x)πθ(ỹl|x))

2
,

∣∣∣∣log πθ(ỹw|x)
πθ(ỹl|x)

∣∣∣∣]⊤ .

Reward Margin. The reward margin implicitly quantifies the
model’s confidence in distinguishing preferred from dispre-
ferred responses, which is often used for data selection in
preference learning (Wu et al. 2024b; Huang et al. 2025).
The corresponding feature map is

hmargin(x̃) =

[
r̂θ(x, ỹw) + r̂θ(x, ỹl)

2
, |r̂θ(x, ỹw)− r̂θ(x, ỹl)|

]⊤

where r̂θ(x, y) = β log πθ(y|x)
πref(y|x) is the implicit reward func-

tion induced by DPO.
These features are then concatenated, along with a

scalar 1 (for the bias term in ω), and scaled to form the final
feature map:

h(x̃) = [hlen(x̃), hppl(x̃), hmargin(x̃)]
⊤ (10)

Iterative update To optimize both the preference flip-
ping model and the LLM, we design an iterative update
paradigm, which is also adopted in previous work for robust
RLHF (Bukharin et al. 2024).

Regarding the concrete design, empirical studies have
demonstrated that deep neural networks exhibit a con-
sistent learning trajectory, initially capturing generalizable
patterns before eventually overfitting to noisy training in-
stances (Cheng et al. 2024). To adapt to this characteristic,
in practice we utilize the learned capability of the LLM dur-
ing the initial stage of training to optimize the flipping model
first (this operation is referred to as warmup), and then we
iteratively update the two models. The complete training al-
gorithm is presented in Algorithm 1 in Appendix D.

4.4 Theoretical Analysis
This section establishes the theoretical foundations of our
approach. Specifically, we demonstrate that the proposed
loss function for preference flipping yields desirable statis-
tical properties: consistency under noise and convergence
guarantees for the flipping model parameters.

We first present the key result that the minimizer of our
FA-DPO loss function, operating on the corrupted (flipped
preference) data distribution D̃, coincides with the mini-
mizer of the original loss function on the underlying clean
data distribution D in RLHF. This consistency property
guarantees that, asymptotically, our method recovers the
same optimal model parameters as would be obtained if
trained on clean preference data. We provide the detailed
proof in Appendix A.
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Theorem 4.3 (Consistency of pθ). Given both the corrupted
preference data distribution D̃ induced by the flipping pro-
cess and the unobserved clean preference data distribution
D, the following equality holds:

argmin
ϕ

−Ex̃∼D̃[log p̃ϕ] = argmin
ϕ

−Ex∼D[log pϕ],

where p̃ϕ = (1−εx̃)pϕ+εx̃(1−pϕ) represents the predicted
probability under the flipping model.

This result holds under the specific parameterization
where the flipping noise is marginalized via p̃ϕ. Further-
more, the core consistency principle holds equivalently un-
der the DPO parameterization: replacing pϕ with pθ and p̃ϕ
with p̃θ, the same result applies to the policy θ optimized via
the DPO loss adjusted for flipping.

On the other hand, through a coordinate descent perspec-
tive on the iterative updates, the optimization of the flipping
model reduces to the convex logistics regression. We present
the following convergence result for self-containedness.

We first make the technical assumption that the features
h(x̃) and the parameters ω for the preference flipping model
are bounded, i.e., ∥h(x̃)∥ ≤ B, ∥ω∥ ≤ Bω . Then, we fur-
ther assume that the constructed features satisfy the follow-
ing coverage assumption, which is a common assumption in
robust machine learning and the implied feature diversity is
critical to prevent collapse or degenerate solutions.
Assumption 4.4 (Feature coverage). Given the corrupted
data distribution D̃ and the feature map h : X → Rd, the
population covariance matrix of features satisfies

λmin

(
Ex̃∼D̃

[
h(x̃)h(x̃)⊤

])
> 0.

This assumption implies that the feature vectors are not
concentrated in a low-dimensional subspace, which elimi-
nates potential collinearity. The parameters ω are thus iden-
tifiable from the data.

Under the boundedness assumption, Assumption 4.4, and
the condition that the reward or policy model provides accu-
rate predictions (pϕ = p∗ or pθ = p∗), we can establish fast
convergence for the estimator of the flipping parameters ω
obtained via gradient descent:
Theorem 4.5 (Linear Convergence of ω̂). Given loss func-
tion in Equation (7), if pϕ = p∗ or pθ = p∗ and for the
gradient descent update with step size η > 0:

ω(t+1) = ω(t) − η∇ωLFA-DPO(ω
(t)),

the sequence of parameter estimates {ω(t)} converges Q-
linearly to the optimal parameter ω∗:

∥ω(t+1) − ω∗∥2 ≤ (1− ηµ)∥ω(t) − ω∗∥2,
for some µ > 0, the convergence holds when 0 < η < 2

L ,
where L is the smoothness constant for LFA-DPO.

Theorem 4.5 provides the important guarantee that, when
initialized with an accurate reward model or policy (reflect-
ing the true clean preference probability p∗), the gradient
descent update on the preference flipping model parameters
ω converges rapidly at a linear rate. Consequently, this jus-
tifies the iterative procedures used in our algorithm.

5 Experiments
We investigate the effectiveness of FA-DPO mainly on
aligning the LLMs with preference pairs under the instance-
dependent preference flipping setting.

5.1 Experiment Setup
Datasets and models We conduct experiments mainly on
two preference datasets: UltraFeedback (Cui et al. 2024) and
Anthropic’s HH Golden (Anthropic 2024). For UltraFeed-
back, we follow the spirit of Chen et al. (2025) and first fil-
ter out samples with low score margins (≤ 0.5) to obtain a
cleaner subset for noise injection. This results in 42.4k/61.1k
training samples and 1.4k/2k test samples. However, in ex-
periments without manual label flipping, we retain the full
training set while using the filtered test set for evaluation.
For the backbone LLM models, we first test Pythia-1B on
various levels of noise, and then we scale our method on
larger models, LLama-3.1-8B and Mistral-7B, to validate
the model’s generation capabilities under data contamina-
tion. The detailed training setup is listed in Appendix E.

Instance-dependent flipping To validate our designs, we
construct datasets with simulated instance-dependent pref-
erence flipping based on the following steps:
1. Randomly initialize a preference flipping model Nε(ϑ)

(logistic model) on data features discussed in Section 4.3,
and the model outputs a flip probability εx̃ for the current
preference pair.

2. To determine whether to flip a preference sample, we set
a threshold τ such that if the flipping probability εx̃ com-
puted by the noise model is high enough to exceed this
threshold, we would flip the preference. This is to main-
tain controlled stochasticity during preference flipping.
During our experiment, we choose τ = 0.8.

3. To control the total ratio of flips, we train the parameters
ϑ on the training set Dtrain using the following loss func-
tion during noise model initialization, which forces the
quantile of the flipping probability in the interval [τ, 1] to
be around a pre-determined flipping ratio η.

Lε = E(x,yw,yl)∼Dtrain

[
η − I (Nε(x, yw, yl;ϑ) ≥ τ)

|Dtrain|

]2
.

After training on the contaminated training set, we test
the model’s performance on the clean test set which has
no noise injected. For experiments with simulated flipping
(η > 0), we intentionally restrict the capability of preference
flipping model via only using length-based features, recov-
ering the practical mismatch between estimations and real-
world mechanisms. For clean datasets without added flip-
ping (η = 0), we utilize the full feature set to model the
original dataset’s inherent noise patterns.

Evaluation metrics We use prediction accuracy (ACC)
and win rate (WR) as our evaluation metrics.

In particular, we evaluate each model’s prediction accu-
racy on a clean test set Dtest across different noise levels.
The accuracy is computed by comparing the predicted re-
wards for “chosen” versus “rejected” responses:

Acc = E(x,yw,yl)∼Dtest [I (r̂θ(x, yw) > r̂θ(x, yl))] ,
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Ultrafeedback (61.1k)

η 0% 10% 20% 30% 40%
Methods Acc ↑ WR ↑ Acc ↑ WR ↑ Acc ↑ WR ↑ Acc ↑ WR ↑ Acc ↑ WR ↑
DPO 68.22 67.00 61.77 60.10 58.63 56.35 55.43 64.70 51.87 64.35
SIMPO 63.64 62.60 63.73 51.20 57.81 56.50 55.53 54.90 51.77 55.80
ROPO 70.75 66.80 64.93 66.85 58.93 65.55 55.23 64.40 54.07 67.25
cDPO 67.20 66.65 62.57 67.80 59.00 66.05 56.67 66.55 53.93 67.05
rDPO 70.13 65.60 65.90 56.65 61.70 54.85 56.87 57.85 47.67 57.80
FA-DPO 73.05 66.85 67.20 68.45 69.77 66.90 70.97 69.80 70.77 69.80
(#Improv.) +2.30 -0.15 +1.30 +0.65 +8.07 +0.85 +14.10 +3.25 +16.70 +2.55

HH Golden (42.5k)

DPO 98.89 87.00 93.50 34.05 83.53 29.95 73.30 21.05 58.63 26.85
SIMPO 98.27 65.10 93.63 29.95 82.83 24.90 73.33 22.40 60.93 27.50
ROPO 98.80 70.50 93.27 81.15 82.87 54.30 72.33 53.50 62.00 49.20
cDPO 99.24 88.35 93.20 56.95 82.50 62.30 73.30 37.75 60.87 49.05
rDPO 96.80 77.30 96.67 82.80 87.83 53.55 73.73 58.10 56.80 54.10
FA-DPO 99.61 88.70 99.17 88.90 98.10 82.85 99.02 87.70 98.83 78.60
(#Improv.) +0.37 +0.35 +2.50 +6.10 +10.27 +20.55 +25.29 +29.60 +36.83 +24.50

Table 1: Model performance under different preference flipping ratios (0%-40%) for Pythia-1B on Ultrafeedback and
HH Golden. All values represent percentages, with bold indicating the highest score per column and underline denoting the
runner-up. The (#Improv.) row quantifies absolute performance gain over the runner-up baseline.

where I is the indicator function, and r̂θ is the implicit re-
ward model induced by DPO.

To compute the win rate, we employ different evaluators
based on model capabilities: DeepSeek-V3 for Pythia-1B,
and GPT-4o for both LLama-3.1-8B and Mistral-7B. The
calculation is performed as follows:

WR =
#(Win) +#(Tie)/2
#(Comparisons)

,

where #(Win) and #(Tie) represent the number of wins and
ties compared to the reference model (In our case, the SFT
model), respectively, and #(Comparisons) denotes the total
number of comparisons between the two models.

For prediction accuracy, we compute 5 runs for each
method and report the mean value, with each run extracting
randomly 1k samples from Dtest for testing. For win rate,
we extract 1k prompts from Dtest, and generate 1k responses
from the trained policy model and the corresponding SFT
model, respectively. We refer the readers to Appendix E for
the detailed prompt template of LLM evaluators.

5.2 Results
Discriminative performance The prediction accuracy,
derived from the policy model’s implicit reward signals,
reflects the model’s discriminative performance in distin-
guishing between chosen and rejected responses. From Ta-
ble 1 and Table 2, we can observe that, as the total flip-
ping ratio increases, all baselines experience sharp predic-
tion accuracy decreases across both datasets. Among the
two datasets, HH Golden exhibits a sharper decline than Ul-
trafeedback due to its larger chosen-rejected gap, also ex-
plaining why all methods achieve much higher accuracy on
clean HH Golden versus Ultrafeedback. Among all base-
lines, DPO and SIMPO show the highest sensitivity to pref-
erence flipping, while the robust methods (ROPO, cDPO,

rDPO) exhibit moderate resilience. FA-DPO demonstrates
superior robustness across all flipping ratios, datasets and
models, consistently outperforming other approaches.

Generative performance The generation performance
shows a similar trend with the discriminative performance.
As shown in Table 1, DPO and SIMPO exhibit rapid per-
formance drops with increasing flipping ratios, revealing
their inherent fragility to preference noise. This vulnera-
bility is pronounced when chosen and rejected responses
come from distinct distributions (like in HH Golden), rein-
forcing the overfitting patterns in these methods. FA-DPO
proves effective for preserving the generation capabilities
of LLMs under instance-dependent preference flipping sce-
narios, with consistent performance across all conditions, as
well as maintaining performance under the clean dataset.

Preference flipping model Then we compare the flip-
ping probabilities predicted by the learned model with the
ground-truth flipping distribution. Predicted flipping prob-
abilities show close alignment with actual flipping distribu-
tion, as shown in Figure 1 (a). Moreover, Figure 1 (b) reveals
a clear separation of the predicted flipping probabilities be-
tween flipped and non-flipped samples, indicating distinct
decision boundaries between the two kinds of samples. We
also plot the relationship between the flipping probabilities
with length-based feature in Figure 1 (c) to show that our
model captures the relation between noise and data features.

5.3 Ablation Studies
Hyperparameters in iterative training We conduct an
ablation study on the hyperparameters in iterative training,
first examining the impact of the warmup operation, then
evaluating different iteration step combinations under a 20%
flipping ratio on HH Golden. Table 3 shows that warmup
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Figure 1: Characterization of learned preference flipping distribution. (a) Correlation between actual and predicted noise prob-
abilities with regression line; (b) Predicted flipping distributions separated by flipping status; (c) Pattern of predicted flipping
distribution with length-based features.

LLama-3.1-8B

η 20% 40%

Methods Acc ↑ WR ↑ Acc ↑ WR ↑
DPO 73.89 62.90 64.96 56.10
SIMPO 66.59 62.80 57.07 38.95
ROPO 75.82 62.75 66.59 50.25
cDPO 75.22 64.50 65.70 56.10
rDPO 73.96 59.75 63.99 55.90
FA-DPO 78.80 65.10 78.87 68.50
(#Improv.) +2.98 +0.60 +12.28 +12.40

Mistral-7B

DPO 71.35 45.75 62.05 35.35
SIMPO 67.04 54.75 63.77 45.00
ROPO 73.96 54.30 64.36 36.35
cDPO 72.99 47.75 63.24 34.60
rDPO 71.95 44.75 63.10 36.65
FA-DPO 78.05 61.35 78.49 59.00
(#Improv.) +4.09 +6.60 +14.13 +14.00

Table 2: Model performance under flipping ratios (20% and
40%) for LLama-3.1-8B and Mistral-7B on Ultrafeedback.

Warmup Iteration Batches Metrics

Noise Policy Acc↑ WR↑

No
20 20 84.96 57.35
20 50 77.00 53.20
50 50 83.16 76.85

Yes
20 20 98.56 70.04
20 50 98.40 82.90
50 50 96.80 82.90

Table 3: Ablation studies on warmup and policy/noise itera-
tion steps.

plays a vital role in performance improvement. We remark
that the preference flipping model needs to be sufficiently
trained to guide the policy learning, especially when the
initial policy model is not well trained. When the flipping
model performs well, training more policy steps yields im-
proved performance.

Computational cost Although FA-DPO requires train-
ing an auxiliary flipping model, we note the overall com-
putational cost remains comparable to—or even lower
than—that of standard DPO. This is because we limit train-
ing to a single epoch, keeping the total data usage consis-
tent across all methods. Additionally, the PPL and reward
margin features required for training the preference flipping
model are derived directly from the policy’s forward pass
log-likelihoods, introducing no extra computation overhead.

6 Conclusion

In this paper, we tackle the challenging scenario of instance-
dependent noisy human feedback through introducing a
framework that simultaneously models preference flipping
and post-trains the LLM, on the basis of the RLHF and the
DPO frameworks. Instead of directly modeling the noise in-
side the BT model, our approach separates human inten-
tion from the noising process by assuming a post-transition
after the BT model forming the preference with encoded
probabilities. This process features the stochastic transfor-
mation from groundtruth to noisy labels, providing a more
realistic representation. By integrating the MLE-based BT
model with preference flipping probabilities, we can then
learn a statistically consistent estimator. In more detail, our
algorithm iteratively updates the noise model and fine-tunes
the LLM parameters, and our implementation on DPO is
achieved with little additional resource consumption. Em-
pirically, our approach adopts relevant sequence features to
model flipping ratios and yields high probability for pref-
erence flipping, as expected. In evaluations on instance-
dependent noisy human preference datasets, our algorithm
demonstrates higher predictive accuracy compared to vanilla
DPO and other baseline methods.
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