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Background

• The ever-growing size of pre-trained language models (PLMs) has presented 
significant challenges in adapting these models to desired tasks. In response to this 
practical limitation, parameter-efficient fine-tuning (PEFT) has emerged as a 
promising strategy for real-world environments. Instead of fine-tuning all weights, 
PEFT optimizes only a minimal set of parameters, thereby drastically cutting down the 
computation and storage costs. Such efficiency has led PEFT methods to become the 
preferred standard approaches for applying PLMs in real-world contexts, such as 
federated learning and continual learning.

• While PEFT enables the efficient optimization of PLMs in real-world settings, datasets 
in such environments often contain noisy labels, which adversely affects the 
generalization capabilities of PLMs. Given such distinct characteristics of the practical 
environments, PEFT methods are inevitably exposed to noisy labels during the 
optimization phase. Despite this significant challenge, there is a lack of prior research 
on the general adaptability of PEFT methods to noisy label learning (NLL) scenarios.



Motivation

• Our results reveal that PEFT struggles in memorizing noisy labels due to its inherently limited 
capacity, which interestingly provides robustness to noisy labels. However, we also find that 
such limited capacity simultaneously makes PEFT more susceptible to interference of noisy 
labels, which impedes learning ability for clean samples, potentially leading to sub-optimal 
performance. This characteristic markedly contrasts with the behaviors in full fine-tuning, 
presenting the necessity of PEFT that steers its limited learning capacity towards clean samples.



Methods

• Estimating clean probability for routing.

    Deep networks prefer to learn clean samples first before fitting noisy ones.
    Noisy samples tend to have a higher loss than clean samples in the early training stage.

 This enables to distinguish potentially clean samples 
from the datasets based on loss deviation. Taking 
advantage of such phenomena, we adopt the widely-
used Gaussian Mixture Model (GMM) in noise label 
learning, in which the probability of samples being 
clean is estimated by the per-sample loss.

Train model for the k epochs warm-up to measure the 
loss of  samples,  and then est imate the clean 
probability for each training sample on every 
subsequent epoch. 



Methods

• Sampling routing decision

r is an independent Bernoulli random variable；
the coefficient  γ∈ [0, 1] limits the range of clean probability, setting its upper bound at γ.

• Activating PEFT based on the decision
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Methods

• Consistency Regularization for CleaR
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