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ABSTRACT

Fine-tuning large language models (LLMs) to adapt them for specialized down-
stream tasks is a common practice, yet existing methods overlook a critical issue:
label preference discrepancies among different annotators. Such inconsistencies
in labeling can significantly impair the model’s robustness and generalization. In
this work, we propose Dynamic Cross-Layer Preference Correction (DCPC), a
novel self-supervised learning framework designed to mitigate these inconsisten-
cies. DCPC incorporates a preference-sensitive similarity mechanism, cross-layer
prefix alignment, and a Preference Correction Module (PCM) to dynamically ad-
just embeddings across transformer layers. By leveraging self-supervision, DCPC
effectively aligns semantic representations and ensures consistency in label pre-
dictions, even in the presence of preference shifts. We evaluate DCPC across
multiple tasks using prominent base models and introduce modified datasets that
simulate real-world preference shifts. Our results show that DCPC consistently
outperforms state-of-the-art Parameter-Efficient Fine-Tuning (PEFT) methods in
handling label preference discrepancies.

1 INTRODUCTION

Figure 1: The performance of Full-FT,
baseline PEFT Methods, and our DCPC
across different datasets. The perfor-
mance drop on the modified datasets,
where label preference inconsistencies
were introduced. DCPC exhibits signif-
icantly smaller performance drops com-
pared to other methods.

The rapid advancement of large language models (LLMs)
has not only revolutionized the field of natural language
processing (NLP) but has also significantly impacted a
wide range of other domains, including healthcare, fi-
nance, and education. Models such as GPT-4(Achiam
et al., 2023) have demonstrated remarkable capabilities
in tasks ranging from text generation(Li et al., 2024) and
comprehension(Cheng et al., 2023) to complex reason-
ing(Wu et al., 2024). These advancements are primar-
ily driven by large-scale pre-training on vast datasets,
which allow LLMs to generalize across diverse tasks
and domains. More and more downstream applications
cannot afford the high costs of pre-training large mod-
els or full parameter fine-tuning(Han et al., 2021). As
a result, an increasing number of Parameter-efficient
Fine-tuning (PEFT) techniques have been proposed, such
as LoRA(Devalal & Karthikeyan, 2018) and P-Tuning
v2(Liu et al., 2021).

Despite the success of PEFT techniques, a critical issue
remains largely unaddressed: the impact of inconsis-
tent labeling preferences across fine-tuning datasets.
Fine-tuning data often comes from various sources, with
differing annotation styles and formats, which results in
significant variations in the structure and consistency of
the data(Mieleszczenko-Kowszewicz et al., 2023). Tra-
ditional methods like Prefix-Tuning(Li & Liang, 2021)
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are not designed to adapt to these structural changes, making them ill-suited for handling datasets
with heterogeneous annotation practices(As is shown in Figure 1). For instance, in crowdsourced
datasets, where data is labeled by workers with varying backgrounds and preferences, the inconsis-
tency in labeling can lead to poor label agreement(Checco et al., 2017). This problem is particularly
common in cases where datasets are annotated by multiple groups, such as when training data is
collected from annotators with different educational levels or expertise. Such variations introduce
discrepancies in the labels, making it challenging for models to generalize well.

To address the challenge of label preference inconsistencies, we propose Dynamic Cross-Layer
Preference Correction (DCPC), a novel self-supervised framework speci�cally designed to mitigate
the impact of inconsistent annotations across �ne-tuning datasets. Unlike traditional �ne-tuning
methods(Devalal & Karthikeyan, 2018; Liu et al., 2021) that treat label discrepancies as a static
problem, DCPC can dynamically adapts to these variations. At its core, DCPC builds on the idea that
semantically related inputs should yield similar label predictions, even in the presence of annotation
biases. In this paper, we make the following key contributions:

• Propose a self-supervised framework (DCPC) for addressing label preference incon-
sistencies: DCPC dynamically adjusts pre�x embeddings during �ne-tuning to align se-
mantically similar inputs, providing robustness against annotation biases.

• Develop a preference-sensitive similarity mechanism, cross-layer pre�x alignment,
and a Preference Correction Module (PCM): These components detect and correct label
discrepancies, ensuring consistent predictions across varying annotations.

• Show superior performance over existing PEFT methods: DCPC achieved state of the
art(SOTA) results on multiple tasks and datasets, especially in handling subjective or biased
annotations.

2 RELATED WORKS

Parameter-Ef�cient Fine-Tuning As LLMs grow, �ne-tuning becomes increasingly resource-
intensive(Xin et al., 2024). Parameter-Ef�cient Fine-Tuning (PEFT) methods, like LoRA (Hu et al.,
2021; Gao et al., 2024) and P-Tuning v2 (Liu et al., 2021), address this by updating only a small
subset of parameters, while freezing the rest. Adapter-based methods (Houlsby et al., 2019; Chen
et al., 2024) further reduce the parameter footprint by introducing bottleneck layers. While effective
across benchmarks, these techniques do not address label preference inconsistencies across datasets.

Prompt-Tuning Methods Prompt-tuning methods have emerged as a popular approach for adapt-
ing LLMs to various tasks without full model �ne-tuning. These methods introduce learnable soft
prompts that act as task-speci�c instructions, guiding the model during inference. Pre�x-Tuning
(Li & Liang, 2021; Liu et al., 2021; Vu et al., 2021; Ouyang et al., 2023) prepend trainable pre-
�x embeddings to input sequences and internal layers, signi�cantly improving model performance
while reducing computational costs. Other variations modify internal components like attention
mechanisms or bias terms (Tan et al., 2024). However, these techniques do not account for labeling
inconsistencies across datasets. Our DCPC framework addresses this gap by dynamically adjust-
ing pre�x embeddings based on preference-sensitive similarity and cross-layer alignment, offering
a more robust solution for handling heterogeneous datasets with varying annotation styles.

Learning with inconsistent labels To the best of our knowledge, no existing work in the �ne-
tuning of LLMs has addressed the issue of inconsistent labels. In the context of traditional small- and
medium-scale deep learning models, inconsistent labels have already posed a signi�cant challenge
for real-world applications (Rodrigues & Pereira, 2018; Chen et al., 2020). Several methods have
been proposed, such as inferring the unknown true label of each instance from multiple noisy labels
(Zhang et al., 2014). Majority Voting (MV) (Raykar & Yu, 2012) is a commonly used technique,
which assumes that the labeling quality is balanced across the dataset—an assumption that is often
unrealistic. Other approaches, such as RSVMI (Yang et al., 2023), LAWMV (Chen et al., 2022),
and AALI (Zheng et al., 2021), utilize instance-speci�c features. However, these methods struggle
when applied to LLM �ne-tuning, where subjective or domain-speci�c annotations introduce more
complex label inconsistencies, re�ecting inherent biases or ambiguities rather than simple noise.
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3 METHODS

3.1 PRELIMINARY

P-Tuning v2 is a parameter-ef�cient tuning technique designed for large pre-trained language mod-
els. Instead of �ne-tuning the entire set of model parameters, P-Tuning v2 optimizes a small set
of continuous task-speci�c pre�x embeddings that are inserted into each layer of the transformer
model. These pre�x embeddings act as learnable prompts that guide the model in adapting to new
downstream tasks while keeping the majority of the model parameters frozen.

For a given input sequencex = f x1; x2; : : : ; xn g, the model �rst computes its embedding represen-
tation at each layer. Letel

x 2 Rd denote the embedding representation ofx at transformer layerl ,
whered is the embedding dimension. In P-Tuning v2, a pre�x embeddingP l

x 2 Rm � d is learned,
wherem represents the length of the pre�x. These pre�x embeddings are prepended to the input
sequence embeddings before being fed into the transformer layers.

The modi�ed input for layerl , combining both the pre�x and the original token embeddings, is
represented as:

~el
x = [ P l

x ; el
x ] (1)

where[P l
x ; el

x ] denotes the concatenation of the pre�x embeddingP l
x and the input embeddingel

x
along the sequence dimension.

The transformer layer processes this augmented input using the self-attention mechanism and feed-
forward network, updating the hidden representations at each layer. The output of the transformer
layerl , denoted ash l

x , is computed as:

h l
x = TransformerLayerl ([P l

x ; el
x ]) (2)

During training, the pre�x embeddingsP l
x are learned for each layerl , while the pre-trained trans-

former model parameters are frozen.

Figure 2: Toy experiment results an-
alyzing the effects of label preference
inconsistencies on semantically similar
inputs.

Although P-Tuning v2 is highly ef�cient in task adapta-
tion by optimizing the pre�x embeddings, it does not ex-
plicitly address issues related to inconsistent label pref-
erences across �ne-tuning datasets. We conducted a toy
experiment on the IMDB sentiment classi�cation dataset,
which contains movie reviews labeled with sentiments.
The detailed design of this experiment can be found in
A.2.

We analyze the layer-wise cosine similarity of the em-
beddings, the edit distance, and the KL-Divergence of the
label preference distributions. The results are shown in
Figure 2.

In the early layers (layers 1-5), the embeddings foreA
andeB remain highly similar, as re�ected in both the co-
sine similarity and the low edit distance. However, as the
layers deepen, the predicted label preferences begin to di-
verge signi�cantly. This suggests that, despite similar se-
mantic representations, the model's predicted preferences
are drifting, likely due to learned biases or inconsistencies
in the training data.

This experiment reveals that semantically similar inputs
can lead to inconsistent label preferences, which escalate
as the model processes deeper layers. The increasing KL-
Divergence suggests that the model's internal biases or
preferences become more pronounced, even when the in-
puts remain similar in meaning. To counteract this effect, there is a need for a mechanism that
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