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Abstract

Recent studies indicate that deep neural networks degrade in generalization per-
formance under label noise. Existing methods focus on data selection or label
correction, facing limitations such as high computational costs, heavy hyperparam-
eter tuning process, and coarse-grained optimization. To address these challenges,
we propose a novel two-stage noisy learning framework that enables instance-level
optimization through a dynamically weighted loss function, avoiding hyperparam-
eter tuning. To obtain stable and accurate information about noise modeling, we
introduce a simple yet effective metric, termed wrong event, which dynamically
models the cleanliness and difficulty of individual samples while maintaining com-
putational costs. Our framework first collects wrong event information and builds
a strong base model. Then we perform noise-robust training on the base model,
using a probabilistic model to handle the wrong event information of samples.
Experiments on six synthetic and real-world LNL benchmarks demonstrate our
method surpasses state-of-the-art methods in performance, achieves a nearly 75%
reduction in storage and computational time, strongly improving model scalability.
Our code is available at https://github.com/iTheresaApocalypse/IDO.

1 Introduction

Curating large training datasets through web scraping [1], crowd-sourcing [2], or pre-trained models
[3] inevitably introduces label noise. It tends to degrade the performance of the trained deep neural
network (DNN) model [4] due to DNN memorizing and thus overfitting the noisy samples [5].

To mitigate the negative impact of label noise, many works [6–15] consider the patterns of the clean
and noisy samples shown in the DNN training process, i.e., DNNs first learn clean patterns early
in training, then start fitting noise later, and eventually overfit the noisy dataset. However, one key
problem of this strategy is that the noisy samples tend to show behavior similar to the clean but
difficult samples – the clean examples that are close to the decision boundary of the model. To
solve this problem, the most recent approaches [9, 11] try to distinguish noisy examples from hard
examples by introducing the hardness of the samples into the loss function. However, these methods
have the following limitations.

Limitations. (1) These methods are computationally intensive due to the overhead for measuring
the hardness and cleanness of the samples and grouping them into different categories, e.g., clean,
noisy, and difficult [16]; (2) these methods introduce extra hyperparameters, such as coefficients of
loss terms, a cutoff threshold for grouping the samples, and a training epoch threshold to avoid the
model fitting the noise, which are hard to tune [10, 12]; (3) these methods always assign identical
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coefficient to all samples within the same category, neglecting the differences of individual samples
in both cleanliness and difficulty [17, 11].

Figure 1: A bar chart illustrates the distribution of
wrong events. In terms of sample cleanness, clean
samples show lower wrong event, while noisy sam-
ples tend to have higher wrong event. In terms of
sample difficulty, samples located at the extremes
of the distribution represent easy samples, far from
the decision boundaries (e.g., cat and bird in the
figure). In contrast, samples located in the central
depression of the distribution are often near the de-
cision boundaries of similar classes, representing
hard samples (e.g., cat and leopard in the figure).

Our Proposal. To address these limitations, we
propose IDO, an Instance-level Difficulty Mod-
eling and Dynamic Optimization framework
to achieve robust learning over noisy training
data. Rather than relying on hyperparameters
to regularize different terms in the loss function,
IDO designs a dynamically weighted loss func-
tion that captures both the cleanliness and dif-
ficulty of each individual sample. This enables
instance-level optimization without introducing
any additional hyperparameters.

IDO makes this possible by proposing a new
noise-robust metric to replace the classical loss-
based metric which is known to be unstable and
thus ineffective in distinguishing hard and noisy
samples [18]. This metric, called wrong event,
simply counts the frequency of mismatches be-
tween model predictions and the given labels,
thus computationally efficient. Moreover, fit-
ting a two-component beta mixture model to
its distribution w.r.t. the training samples ef-
fectively measures the cleanliness and difficulty
of each sample in a tuning-free manner (see
Fig.1). Replacing the hard-coded coefficients
of the loss terms with the corresponding mea-
sures that dynamically update epoch by epoch,
IDO ensures accurate and robust modeling at
any training stage (see Fig.2) yet achieves high
computational efficiency.

We summarize our main contributions as follows: (1) We propose wrong event, a simple but effective
metric that reliably separates noisy samples from clean ones at any stage of training, regardless of
pretraining or not. We provide theoretical and experimental analysis to explain why wrong event
works well whether the model has fitted noise. (2) We propose IDO that trains a robust model with a
dynamically weighted loss using wrong event information where we are first to leverage probabilistic
model to model data difficulty. (3) Our extensive experiments confirm that without hyperparameter
tuning, IDO outperforms the state-of-the-art methods by an average accuracy of 1.6% on synthetic
and 0.7% on real-world datasets for LNL tasks, with a 75% reduction in computational time, and
better scalability to larger models compared to previous methods.

2 Related works

Memorization & Forgetting. [4] observe that DNNs are sufficient for memorizing the entire dataset.
[5] shows that DNNs follow the memorization effect, i.e., clean samples and noisy samples exhibit
distinct behaviors during the training process. Leveraging this observation, researchers have proposed
other metrics to deal with noisy datasets. [19] proposed forgetting event, which counts how many
times a model forgets a prediction of given labels. However, for easy noisy samples, the model tends
to consistently predict ground truth labels rather than the given labels, resulting in the values of
forgetting event all being zero in early stage. This makes it difficult to distinguish clean and noisy
samples. [20] proposed first k-epoch learning (fkl), i.e., the time when a sample has been predicted to
its given label for consecutive k epochs for the first time. Samples with larger fkl are more likely to be
noisy. However, k is a hyperparameter that varies on different datasets. Although these metrics work
well once the model training gets into the overfitting phase, they are less effective than loss in the early
stage. Our proposed wrong event metric demonstrates strong discriminative capabilities regardless of
the stages of model training (see Fig.2). More discussion about metrics is in Appendix C.3
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Figure 2: A comparison between wrong event and loss. The baseline model is ResNet-18 trained
on CIFAR-10 with 40% symmetric noise training for 100 epochs. We show the loss distributions
(the first row) and wrong event distribution (the second row) during training. The four columns, (a)
(b) (c) (d), represent the distributions at epoch 20, 60, 100 and the entire training phase. (a), (b),
and (c) represent the early, middle, and late stages, respectively. In (d), the heavy lines represent the
mean value and the shaded areas are the interquartile ranges. Since wrong events are monotonically
increasing based on historical statistics instead of current model prediction, when model overfits the
dataset, wrong event values for all samples do not change, rather than converging to zero as loss
values typically do. As a result, wrong event can clearly separate noisy data and clean data in all
training stages, even if the model fits noise.

Learning with Noise Labels (LNL). LNL problem has been extensively explored in recent research
[11, 13]. There are many variants of the LNL problem. Some methods [21, 22] assume the existence
of a small subset of clean data, which our method does not require. In our more challenging scenario,
which has to distinguish noisy and difficult samples, recent studies leverage techniques such as
co-training frameworks [6, 17, 16], k-means clustering [23], and contrastive loss [24, 16], which
unfortunately incur high computational and memory costs. Dynamic loss functions can be considered
as instance-level optimization. However, previous methods [25, 22] mainly focus on modeling clean
and noisy samples, while overlooking the challenge of modeling hard data, which our work targets.

Pre-trained Models for LNL. Pre-trained models are known for their strong generalization ability
[26, 27]. Previous studies [28, 29] learn the representations to avoid label noise, by using self-
supervised pre-trained models such as SimCLR [30] and MoCo [31]. Recent LNL methods [12, 13,
15] leverage pre-trained vision models such as ResNet [32], ViT [26], CLIP [27] and ConvNeXt
[33] to improve effectiveness and efficiency of LNL. However, large pre-trained models restrict the
applicability of complex modeling approaches. Therefore, they [12, 13, 15] primarily rely on simple
strategies such as the small-loss criterion or similarity threshold to discard the potential noisy data
from training. This loses the opportunity to explore the valuable information hidden in these noisy
data. Our approach is much more scalable because of the lightweight wrong event-based strategy. It
is thus able to fully utilize both clean and noisy data, in turn achieving superior model performance.

3 Key ideas: wrong event and instance-level optimization

In this section, we first introduce the problem of LNL. Subsequently, we define the concept of wrong
event and present empirical evidence to demonstrate its robustness. Finally, we discuss how to fully
leverage wrong event in LNL.

3.1 Noise label learning

In the context of a C-class image classification problem , we denote a training dataset as Dtrain =
{(xi, ȳi)}Ni=1, which consists of N pairs of input images xi and their given labels ȳi ∈ {1, . . . , C}.
In real-world scenarios, the given labels ȳi may be corrupted due to various factors. We use yi to
represent the ground truth label of (xi, ȳi), which remains inaccessible during training.
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3.2 Observation of wrong event

We begin by formally defining the concept of wrong event. Consider a model f(·) trained over T
epochs. For a given sample (xi, ȳi), the wrong event is computed as follows:

wrong eventi =
T∑

t=1

I(argmax
i

ft(xi) ̸= ȳi) (1)

where I(·) denotes the indicator function. This metric quantifies the cumulative number of epochs in
which the prediction of the model f(xi) disagrees with the given label ȳi. We observe that wrong
event can reliably separate noisy samples from clean samples at any stage of training, even if the
model has fitted noisy samples, as shown in Fig.2.

In addition to the robustness of wrong event, i.e., the variance of wrong event across consecutive
epochs is much smaller than that of loss values, where the high variance tends to make loss ineffec-
tive [18] in separating hard and noisy samples, wrong event effectively reflects both the cleanliness
and difficulty of the training samples. Easy samples, which no matter clean or noisy, are located
far from the decision boundary, exhibit consistent prediction behavior in consecutive epochs: clean
(noisy) samples are consistently predicted correctly (incorrectly). As a result, these samples tend
to occupy the extremes of the wrong event distribution. In contrast, hard samples, which lie close
to the decision boundary, often experience fluctuating predictions, with their outcomes frequently
flipping between similar classes. This instability causes hard samples to gather at the middle region
of the wrong event distribution, forming a low-lying trough. Therefore, the distribution of wrong
event offers valuable insights into both the cleanliness and the difficulty of each sample.

Our extensive theoretical and experimental analysis shows that wrong event is indeed a more robust
and informative metric than loss with less variance, regardless of pretraining or not (see Appendix C)
and provides more accurate measures than other metrics (see Table 4) in cleanliness and difficulty.

3.3 Measuring cleanliness and difficulty

To extract cleanliness and difficulty information from wrong event, we employ a two-component
probabilistic model to fit the distribution of wrong event. In all the following equations, the symbol w
is used to denote the wrong event. The probability density function (pdf) of a two-component mixture
model on wrong event is defined as:

p(w) =

2∑
k=1

mk · p(w|k) (2)

where mk are the mixing coefficients for the convex combination of each individual pdf p(w|k).
Existing methods commonly use the Gaussian mixture model (GMM) to distinguish clean samples
from noisy ones [17, 16]. However, in our case, the wrong event of easy samples, especially easy
noisy samples, often focuses on the distribution tails, leading to a monotonically increasing rather
than unimodal distribution (see Figs.1,2), making Gaussian distribution models inadequate for fitting.
This phenomenon can be attributed to three main factors: 1) Hard samples [34, 35] often exhibit
a long-tailed distribution in training; 2) Curriculum learning [36] suggests that models learn easy
samples quickly but struggle with hard samples; 3) Training typically stops before the model fully
memorizes the dataset, leading to an accumulation of easy noisy samples at the tail of the noise
distribution.

To better model such distributions, we adopt a two-component beta mixture model (BMM), which is
well suited to capture both symmetric, skewed, and monotonically increasing distributions due to the
flexibility of the beta distribution [37]. We use an Expectation Maximization (EM) procedure [25, 17]
to fit the BMM to the observations. Unlike previous method [25, 17], specifically, we introduce two
more variables to fully use statistical information to build sample cleanliness and difficulty:

τk(w) = p(k|w) = p(k) · p(w|k)
p(w)

(3)

which defines the posterior probability of a given w having been generated by mixture component k,

λk(w) = F (w;αk, βk) =

∫ x

0
tαk−1(1− t)βk−1 dt

B(αk, βk)
(4)
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which defines the cumulative distribution function value of mixture component k for a given w.

The fitting process yielded two beta distributions, B1 and B2, with means µ1 and µ2 (assuming that
µ1 is smaller than µ2). We need to utilize B1 and B2 to measure the cleanliness and difficulty of the
samples. 1) Cleanliness. We associate B1 with the clean distribution for lower mean, as it captures
the characteristics of correctly labeled samples, while B2 is attributed to the noisy distribution,
representing mislabeled samples. Thus, τ1(·) corresponds to the probability of a sample being drawn
from the clean distribution, while τ2(·) = 1− τ1(·) represents the probability of a sample originating
from the noisy distribution. 2) Difficulty. In the clean distribution, samples with larger wrong event
values tend to be closer to the decision boundary. Conversely, in the noisy distribution, samples with
smaller wrong event values are closer to the decision boundary. We use posterior probabilities τ(·)
and the cumulative distribution function λ(·) to measure the difficulty level of the samples:

ϵ(w) = τ1(w) · λ1(w) + τ2(w) · (1− λ2(w)) (5)
where ϵ(w) represents the difficulty of a sample with the given wrong event. τ(w) reflects the
posterior probability in w belonging to clean or noisy distribution. λ(w) measures how extreme w is
within its assigned distribution. Low ϵ(w) indicates w lies in a high-confidence, typical region of one
component, while high ϵ(w) suggests w resides in ambiguous regions. The larger (smaller) ϵ(w) is,
the closer (farther) the sample is to the decision boundary, indicating a higher (lower) difficulty level
of the sample. We analyze the bounds of ϵ(w):

0 ≤ ϵ(w) ≤ τ1(w) + τ2(w) = 1 (6)
Then we analyze its trend. When w ≈ min{wi}Ni=1, we have τ1(w) = 1, r2(w) = 0, λ1(w) =
0, λ2(w) = 0, then ϵ(w) ≈ 1× 0 + 0× 1 = 0, as does w ≈ max{wi}Ni=1. When w → middle, we
have τ1(w) ≈ 0.5, r2(w) ≈ 0.5, λ1(w) ≈ 1, λ2(w) ≈ 0, then ϵ(w) ≈ 1.

Due to the heterogeneous distribution of wrong event across different classes where simpler classes
typically exhibit lower wrong event means compared to harder ones, fitting a single distribution to
the entire dataset proves ineffective. To achieve more accurate modeling and maintain class balance,
we establish C BMM models to independently model the distribution of each class. For samples i
where ȳi = c, the posterior probabilities are derived from the corresponding BMM components Bc

1
and Bc

2, achieving more accurate and fine-grained modeling.

4 Robust denoising framework

We design a two-stage learning framework (see Fig.3), which obtains the prior knowledge, i.e.,
wrong event information and a competitive base model in the first stage, and then utilizes this prior
knowledge to produce a noise-robust model in the second stage.

4.1 Two stage training

Stage 1: Obtain prior knowledge. The first phase has two main objectives. Firstly, we adopted a
typical training strategy, which involves training the model using the cross-entropy loss function for a
certain period and collecting wrong event information.

Lce(xi, ȳ) = −ȳ log(f(xi)) (7)
Secondly, we aim to capture a competitive base model during training to serve as the initial model
for stage 2, thereby improving training quality. Recent research [38] introduced a metric called
label wave, which records the number of prediction changes per epoch. The model at the first local
minimum of prediction changes exhibits strong competitiveness in LNL settings. In particular, this
technique does not increase the computational cost of IDO. Notably, multiple fine-tuning approaches
can be employed in stage 1, including Linear Probing (LP) or Full Fine Tuning (FFT). For smaller
models such as ResNet-50, we recommend using FFT to achieve a more competitive base model and
improve the accuracy of wrong event estimation. For larger models such as ViT-B/16, we suggest
using LP to accelerate training. The stage 1 process is illustrated in the left side of Fig.3.

Stage 2: Robust Model Adaptation. The second phase of the algorithm aims to train a noise-robust
model on top of the base model, incorporating the prior knowledge acquired in the first phase. The
overall training objective of second phase is:

L =

N∑
i=1

[τ1(wi) · LC + ϵ(wi) · LSIM + τ2(wi) · LN ] (8)
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Figure 3: Illustration of the proposed IDO framework. The training process is divided into two stages.
In the first stage, prior knowledge, i.e., coarse distribution of wrong event, is obtained, and a base
model that owns basic discrimination capability is captured. In the second stage, robust noise learning
is performed. By using BMM, we obtain both cleanliness and difficulty information for individual
samples, enabling instance-level dynamic optimization. The sample’s wrong event information and
the model’s classification capability mutually benefit each other, leading to high improvement.

where τ1(·), τ2(·) are the posterior probabilities of B1, B2, and ϵ(·) is the difficulty coefficient in
Eq.5. We will give the formation of each loss function in detail in the following subsection. After
each epoch of robust training, we also update the wrong event information for each sample. With
more accurate model output, the clean and noisy distribution gradually separate. In this way, both the
model and the wrong event information become more accurate. The stage 2 process is illustrated in
the right side of Fig.3.

4.2 Analysis of loss function

For an instance x, two-view augmentation generates a weak view xw and a strong view xs [39, 40].
For clean distribution B1, we utilize the typical cross-entropy loss for both views, leading to the loss
term LC :

LC = Lce(x
w
i , ȳ) + Lce(x

s
i , ȳ) (9)

where Lce is cross-entropy loss in Eq.7. For noisy distribution B2, we compute the linear average of
the model outputs from the two views to obtain a robust pseudo-label to replace ȳ:

f(xi) =
1

2
f(xw

i ) +
1

2
f(xs

i ) (10)

which leads to the loss term LN , controlled by a confidence coefficient:

LN = −c · f(xi) log(f(xi)), c = max(f(xi)) (11)

To optimize the difficult samples, we aim to enhance the feature extraction capability of the model
w.r.t. these samples, as their labels and model outputs are often inaccurate. Specifically, we encourage
the outputs of the two views to be as close as possible, and we use LSIM to measure this similarity:

LSIM = (f(xw
i )− f(xs

i ))
2 (12)

LSIM is the squared error (SE) between the two predictions. We use LSIM to increase the loss
weight for difficult samples. This encourages the model to focus more on learning from these samples,
thereby achieving more robust feature extraction and classification capabilities.
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Table 1: Comparison with state-of-the-art LNL algorithms in test accuracy (%) on CIFAR-100 and
Tiny-ImageNet datasets.

Methods Architecture CIFAR-100 Tiny-ImageNet
Sym. 20% Sym. 40% Sym. 60% Asym. 40% Inst. 40% Sym. 20% Sym. 50% Inst. 40%

Standard RN-50 75.19±0.45 59.41±0.84 41.12±1.35 53.42±1.14 58.84±1.23 68.84±0.51 45.92±1.02 53.72±1.18
SCE RN-50 75.21±0.51 69.37±0.65 55.25±0.71 67.04±0.81 57.18±0.68 69.73±0.41 58.62±0.63 67.36±0.89
TURN RN-50 80.70±0.38 78.68±0.44 73.36±0.53 69.49±0.69 69.82±0.93 70.21±0.59 67.52±0.81 65.61±1.01
ELR RN-50 80.93±0.41 78.22±0.48 73.97±0.59 75.61±0.31 79.77±0.45 70.54±0.51 64.25±0.47 75.62±0.68
CoL RN-50 83.15±0.35 81.76±0.40 79.22±0.59 73.60±0.61 80.18±0.49 70.92±0.63 67.38±0.78 72.71±1.02
DMix RN-50 84.27±0.26 83.08±0.31 80.69±0.36 66.60±0.89 81.37±0.40 73.61±0.36 71.47±0.42 73.39±0.48
UNICON RN-50 84.12±0.29 83.20±0.28 81.12±0.35 76.77±0.39 82.24±0.41 75.61±0.47 73.43±0.56 74.71±0.49
DISC RN-50 83.68±0.36 82.25±0.40 80.12±0.51 77.12±0.44 82.26±0.28 75.73±0.42 74.63±0.57 75.79±0.26
DeFT CLIP-RN-50 84.32±0.21 82.96±0.50 79.92±0.74 69.92±0.81 82.50±0.19 76.81±0.19 73.92±0.37 74.16±0.35
IDO RN-50 85.08±0.21 83.77±0.23 81.42±0.27 78.17±0.18 83.84±0.20 78.57±0.25 75.42±0.29 77.46±0.32
SCE ViT-B 91.26±0.20 90.38±0.29 87.42±0.37 73.46±0.77 83.62±0.44 87.51±0.27 86.12±0.32 83.22±0.51
TURN ViT-B 91.01±0.21 89.75±0.33 88.61±0.35 85.12±0.25 84.67±0.30 86.74±0.31 75.32±0.47 83.72±0.36
ELR ViT-B 91.52±0.16 90.43±0.19 89.74±0.20 84.62±0.23 91.42±0.16 87.22±0.29 86.51±0.34 87.92±0.26
DeFT CLIP-ViT-B 92.17±0.13 91.23±0.17 89.42±0.25 72.96±0.81 87.64±0.29 89.04±0.22 72.93±0.62 85.26±0.31
IDO ViT-B 92.67±0.09 92.36±0.13 91.45±0.13 89.65±0.12 92.24±0.15 91.25±0.15 90.21±0.14 90.32±0.19

5 Experiments

5.1 Experimental settings

Synthetic Datasets. We begin by evaluating the performance of IDO on three popular image
classification benchmarks (CIFAR-10, CIFAR-100 [41] and Tiny-ImageNet [42]) using synthetic
datasets with varying types and ratios of noisy labels. For a noise transition matrix T ∈ [0, 1]K×K ,
Tij represents the probability of a ground-truth label i being flipped to a corrupted label ȳ = j.
Following previous works [11, 13], we introduce three common types of label noise: 1) Symmetric
Noise [6, 17]: with noise rate η and a K-class image classification task, we define Tij =

η
K for i ̸= j,

where the true labels are replaced with random labels. 2) Asymmetric Noise: Tij = p(ȳ = j|y = i),
which is designed to mimic the structure of real-world label noise. The labels are only replaced by
similar classes. 3) Instance-dependent Noise [43]: Tij = p(ȳ = j|y = i, x), which represents a
more realistic scenario that considers the influence of instance x in the label corruption process.

Following previous works [25, 24], we conduct experiments on CIFAR-100 with symmetric noise
ratio r ∈ {0.2, 0.4, 0.6}, asymmetric noise ratio r = 0.4 and instance noise ratio r = 0.4, and on
Tiny-ImageNet with symmetric noise ratio r ∈ {0.2, 0.5} and instance noise ratio r = 0.4.

Real-World Datasets. We further investigate the performance of IDO on three real-world noisy
label datasets: 1) CIFAR-100N [44] (r ≈ 0.4): A variant of CIFAR-100 with real-world human
annotations collected from Amazon Mechanical Turk. 2) Clothing1M [45] (r ≈ 0.385): A large-
scale dataset consisting of 1 million clothing images across 14 categories, collected from online
shopping websites. 3) WebVision [1] (r ≈ 0.2): A dataset using 1,000 classes from ImageNet
ILSVRC12, containing 2.4 million images crawled from Flickr and Google. Following previous
works [13, 12], we conduct experiments on the top 50 classes of the Google image subset.

Architecture and baselines. Using pre-trained models for noise-robust training can improve training
quality [28, 46, 12, 13]. In our experiments, we primarily utilize two widely adopted pre-trained
models: ViT-B/16 and ResNet-50. For ResNet-50, we compare IDO with state-of-the-art LNL
algorithms, including one-stage methods SCE [47], DivideMix (DMix) [17], ELR [8], Co-learning
(CoL) [24], UNICON [16], DISC [11] and two-stage methods TURN [12] and DEFT [13]. For
ViT-B/16, we compare IDO with SCE, ELR, TURN and DEFT. Scalability analysis (see Table 3)
shows DMix and UNICON require 4× more time and 3× more memory, limiting scalability and
making comprehensive comparisons on ViT-B/16 impractical. To verify the effectiveness of IDO on
real-world datasets, we also compare with some state-of-the-art methods including LongReMix [48]
and ProMix [49]. The results of the baseline are reproduced by using the open-sourced code.

Implementation. Following setting in [12, 13]. We run 5 epochs for stage one to obtain the prior
knowledge about wrong event for each sample, and run 10 epochs for stage two to fully robust train
the pre-trained model. For two-stage baselines, we run 5 epochs for stage one and run 10 epochs for
stage two to fully train the model. For one-stage baselines, we run 15 epochs to fully train the model.
All experiment results are the averages of five random runs on a single A100 80G GPU. For detailed
hyperparameter settings about the optimizer, dataset and baseline, please refer to Appendix B.
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Table 2: Comparison with state-of-the-art LNL algorithms in test accuracy (%) on CIFAR-100N,
Clothing1M, WebVision dataset. The best results are highlighted in bold. Results marked with an
asterisk (*) are from [13].

Method Architecture CIFAR-100N Clothing1M-F Clothing1M-R WebVision
Standard ResNet-50 56.71 67.52 69.85 77.84
SCE ResNet-50 61.42 69.65 71.83 78.35
TURN ResNet-50 69.54 68.32 72.98 79.28
DeFT CLIP-ResNet-50 65.53 70.46 73.38 76.62
ELR ResNet-50 69.25 70.52 73.10 80.16
CoL ResNet-50 71.29 72.04 73.09 80.96
DMix ResNet-50 72.91 72.23 74.56 81.72
UNICON ResNet-50 73.12 72.44 74.75 82.48
DISC ResNet-50 73.33 72.15 74.27 82.69
IDO ResNet-50 73.58 72.65 74.85 82.92
SCE VIT-16/B 76.45 69.52 73.13 83.25
TURN ViT-16/B 78.12 70.31 73.89 83.44
ELR ViT-16/B 79.04 72.23 74.39 83.96
UNICON* CLIP-ViT-16/B 77.76 70.40 - 84.63
LongReMix* CLIP-ViT-16/B 74.09 70.65 - 84.96
ProMix* CLIP-ViT-16/B 76.07 70.79 - 84.55
DeFT* CLIP-ViT-16/B 79.12 72.59 - 85.21
IDO ViT-16/B 81.36 73.04 74.99 86.03

5.2 Performance for noisy label learning

Overall performance on synthetic datasets. Table 1 demonstrates that IDO consistently outperforms
competing methods in CIFAR100 and Tiny-ImageNet with an average accuracy of 1.4%, achieving
state-of-the-art performance on both large and small models. IDO outperforms DMix and UNICON
especially in non-symmetric noise through its instance-level modeling. DeFT generally performs well
in non-asymmetric noise, but faces challenges in resource-constrained scenarios due to its dependence
on CLIP. DISC and ELR achieve good performance in non-symmetric noise but show limitation
in symmetric noise, due to inadequate correction for symmetric noise. While existing methods
struggle in some noise cases, IDO is able to handle different noise levels and types more effectively
by difficulty modeling and dynamic optimization. Results of CIFAR-10 are in Appendix E.4.

Overall performance on real-world datasets. Table 2 demonstrates that IDO consistently outper-
forms competing methods in three real-world datasets with an average accuracy of 0.7% on both large
and small models. DeFT achieves promising results with dual-prompt technique but faces challenges
in fine-grained classification tasks, such as Clothing1M. DMix and UNICON achieve competitive
results in three datasets through dual-network subset partitioning, but with slower training efficiency
and limitations in scalability. In challenging real-world noisy scenarios, loss regularization methods,
i.e. SCE and ELR, do not perform well because they do not attempt to modify the noisy labels.

5.3 Further analysis

We also conduct extensive experiments to validate the superiority of the wrong event metric, the
effectiveness, efficiency, and scalability of the proposed optimization framework.

Dynamic loss VS. hyperparameter-based methods. Existing methods introduce extra hyperparam-
eters, such as coefficients of loss terms, a cutoff threshold for grouping the samples and momentum
coefficient, which are hard to tune. To demonstrate the advantages of dynamic loss, we conducted
experiments comparing IDO with two classic algorithms, ELR and DMix. We adjusted the hyper-
parameters of them to compare with IDO. The results in Table 7 and Table 8 indicate that the value
of the hyperparameters for ELR and DMix greatly affects the performance. Besides, the optimal
parameters vary across different noise types and ratios, while IDO achieves the best results without
hyperparameter tuning. For detailed information, please refer to Appendix A.

Efficiency and scalability of IDO. Existing methods have two drawbacks: high memory demand
and low computing efficiency. For instance, DMix and UNICON train two networks simultaneously,
which consumes a large amount of memory and limits scalability. Moreover, each sample requires 4
to 8 feed-forward computations, resulting in low efficiency. IDO, in contrast, only requires training a
single network using wrong event metric, which can be scaled to larger models. Additionally, each
sample only needs two forward computations (two-views), achieving higher efficiency. Fig.4 shows
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Table 3: Comparison of methods scalability,
running DMix, UNICON and IDO on CIFAR-
100 Inst. 40% noise with larger models on the
A100 80GB GPU with a batch size of 64. We
record the accuracy, average per epoch time
(s) and the maximum GPU memory consump-
tion (GB).

Model ViT-B/16 ConvNeXt-B
Metric Acc. Time Mem. Acc. Time Mem.
DMix 89.5 1596 31.8 88.5 3197 57.4
UNICON 90.5 2628 45.2 89.9 4483 78.9
IDO 91.9 458 14.8 90.8 785 24.7

Table 4: Comparison of noise modeling ability
across 5 metrics at 4 training time in phase 1, using
pre-trained ResNet50 on CIFAR-100. The training
duration for phase 2 is set to 6 epochs. The ’-’ no-
tation indicates cases where BMM fails to provide
adequate fitting, due to all samples being assigned
an identical metric value of 0.

Noise Sym. 60% Inst. 40%
Epoch 1 2 4 8 1 2 4 8
Single Loss 80.2 81.1 79.5 76.3 78.2 76.9 74.6 68.8
EMA Loss 79.9 80.9 79.3 77.9 77.8 74.5 73.6 69.8
FkL - 71.8 73.2 78.2 - 72.9 75.2 80.2
FE - 65.8 71.9 75.8 - 67.0 73.2 81.7
Wrong Event 80.2 80.9 80.4 79.6 82.7 83.6 82.6 81.5

that IDO achieves state-of-the-art performance while achieving high efficiency. Table 3 shows IDO is
4× faster and 3× less memory than DMix and UNICON on large models, with better performance
on average. For detailed training time analysis, please refer to Appendix D.

Figure 4: Comparison with state-of-the-art LNL
algorithms in effectiveness and efficiency, using
pre-trained ResNet50 on the A100 80GB GPU and
CIFAR-100 dataset with 20% symmetric noise.

Wrong event VS. other metrics. We adjust the
BMM fitting distributions of different metrics to
compare their performance in noise modeling.
We change the duration of stage 1 to evaluate the
metrics at different training stages. The results
are presented in Table 4. Loss shows optimal
performance in the early stage, but the optimal
point is hard to identify; Even worse, the per-
formance rapidly degrades in later stages due to
noise overfitting. While the EMA-loss (Expo-
nential Moving Average) mitigates noise overfit-
ting in later training phases, it limits the capacity
during the initial phase, creating a trade-off be-
tween early-stage and late-stage. The visualiza-
tion about the clean sample selection ability of
loss and wrong event is in Appendix C.4. Both
forgetting event (FE) and First k-epoch Learn-
ing (FkL) show their noise modeling capabili-
ties after the model begins to overfit the noise.
However, these metrics need to accumulate over time to show differences, resulting in suboptimal per-
formance in the early stages. Overall, wrong event exhibits superior noise modeling capabilities in all
training stages. The experiment results match our theoretical analysis in Section 3.2, confirming the
effectiveness of wrong event in identifying noise. More analysis on metrics is in Appendix C.2 C.3..

Table 5: Ablation studies on the loss modules are conducted using ResNet50 under three different
noise settings on CIFAR100.

Loss Modules CIFAR100
LC LN LSIM Sym. 60% Asym. 40% Inst. 40%
✓ 75.1 57.7 70.5
✓ ✓ 79.5 70.4 77.3
✓ ✓ 78.2 72.0 80.3
✓ ✓ ✓ 81.4 78.2 83.7

The effect of different loss terms. Our loss function consists of three components: LC , LN and
LSIM, modeling clean samples, noisy samples, and difficult samples, respectively. Our ablation
experiments demonstrate that all three components contribute to improving the model performance
(see Table 5). We observe that LN achieves a higher improvement for symmetric noise, leveraging
the accuracy of model output to improve classification performance, while LSIM shows greater
improvements for asymmetric and instance noise, improving the model’s ability to learn from difficult
samples by imposing consistency in predictions. More exploratory experiments are in Appendix E.
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Table 6: Comparison of dynamic weight ϵ(w) against fixed-weighting methods on CIFAR-100

Weighting Method Sym. 60% Asym. 40% Inst. 40%
Without ϵ = 0 79.5 70.4 77.3
Fixed ϵ = 0.25 81.3 76.5 83.3
Fixed ϵ = 0.5 80.8 77.5 82.4
Fixed ϵ = 1 80.3 76.8 82.8
Dynamic ϵ 81.4 78.2 83.8

The behavior of the difficulty-based weighting. IDO relies more heavily on consistency learning
under difficult conditions. We conducted experiments comparing our dynamic weight ϵ(w) against
fixed-weighting methods (See Table 6). The result supports our core hypothesis, much like the
principle behind Focal Loss [34], showing that a weighting term to expand the loss of difficult data is
necessary and better than treating all samples the same. We consider that for easy data, cross-entropy
loss serves as a more direct and effective learning signal than consistency loss while consistency loss
serves as a effective learning signal for difficult data. Dropping and fixing the difficulty coefficient
both decrease the performance. More exploratory experiments are in Appendix E.

6 Limitations and broader impact

6.1 Limitations

Wrong event becomes suboptimal when the noise ratio becomes extremely high, i.e., more than 90%,
because the distribution of wrong event will become extreme imbalance and the model struggles to
converge. However, we do not suppose this will restrict the practical application ability of IDO, as
real-world noise rates are often between 8.0% and 38.5% [50], far from extreme scenarios. However,
designing a lightweight and highly scalable framework that remains competitive under extreme noise
ratio is an important challenge for the community.

6.2 Broader Impact

Our research on label-noise learning contributes to building trustworthy machine learning systems,
particularly in scenarios where high-quality annotations are costly or subjective (e.g., medical imaging
diagnosis, social media content moderation). Consequently, as this method develops in effectiveness
and scalability, the requirement for large-scale human-annotated data might decrease, potentially
contributing to a rise in unemployment among data annotation professionals.

7 Conclusion

In this work, we introduce IDO, a novel framework that tackles noisy labels through fine-grained,
instance-level optimization. Our approach is centered on the wrong event metric, a simple yet highly
stable measure of sample cleanliness and difficulty that remains effective throughout training, even
post-overfitting. By modeling this metric with a Beta Mixture Model, IDO uses a dynamic loss
function that eliminates the need for manual hyperparameter tuning. Experiments confirm that IDO
sets a new state-of-the-art in accuracy while being significantly more efficient and scalable than
previous methods, offering a practical and robust solution for real-world noisy label learning.

Acknowledgments

Chengliang Chai is supported by National Key Research and Development Program of China
(2024YFC3308200), NSFC (62472031), Beijing Nova Program, CCF-Baidu Open Fund (CCF-
Baidu202402) and Huawei. Ye Yuan is supported by Beijing Natural Science Foundation (L241010),
the National Key R&D Program of China (Grant No.2022YFB2702100), and the NSFC (Grant Nos.
61932004, 62225203, U21A20516). Guoren Wang is supported by the NSFC (62427808, U2001211),
the Liaoning Revitalization Talents Program (Grant No.XLYC2204005). Yuping Wang is supported
by the NSFC (U23A20297, U23A20317). Lei Cao is supported by the NSF(DBI-2327954) and
Amazon Research Awards.

10



References
[1] W. Li, L. Wang, W. Li, E. Agustsson, and L. V. Gool, “Webvision database: Visual learning and

understanding from web data,” arXiv preprint arXiv:1708.02862, 2017.

[2] Y. Yan, R. Rosales, G. Fung, R. Subramanian, and J. Dy, “Learning from multiple annotators
with varying expertise,” Machine Learning, vol. 95, no. 3, pp. 291–327, 2014.

[3] C. F. Benitez-Quiroz, R. Srinivasan, and A. M. Martinez, “Emotionet: An accurate, real-time
algorithm for the automatic annotation of a million facial expressions in the wild,” in Proc.
CVPR, 2016, pp. 5562–5570.

[4] C. Zhang, S. Bengio, M. Hardt, B. Recht, and O. Vinyals, “Understanding deep learning requires
rethinking generalization,” in International Conference on Learning Representations, 2017.
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-Supplementary Material-

This supplementary material provides additional analysis and explanation of our paper, “Handling
Label Noise via Instance-Level Difficulty
Modeling and Dynamic Optimization ”, which were not included in the main manuscript due to page
constraints.

First of all, for the readers’ better understanding, we describe the main content of the appendix.
Appendix A details the sensitive analysis of two SOTA methods, including detailed parameter setting.
Appendix B outlines the characteristics of each dataset and implementation details of learning rate,
optimizer, baseline. Appendix C provides extensive theoretical and experimental analysis of wrong
event for further analysis. In Appendix D, we illustrate the training time analysis.

A Sensitivity analysis of parameter configurations in two SOTA methods

In this section, we conduct comprehensive experiments on two advanced algorithms, ELR [8] and
DMix [17], to investigate the sensitivity of manually fixed parameters. Our analysis focuses on key
hyperparameters including the subset division threshold, loss term weights, momentum averaging
coefficients, among others.

A.1 Analysis and experiments of ELR

ELR algorithm incorporates two crucial hyperparameters: the regularization term weight λ and the
temporal ensembling momentum coefficient β. Table 7 demonstrates the parameter sensitivity of
ELR, showing that the performance is significantly influenced by parameter choices and comparison
with the result of IDO. The parameter settings recommended for training from scratch in the original
paper, where the authors recommend β = 0.7, λ = 3 for symmetric noise on CIFAR100 and
β = 0.9, λ = 7 for asymmetric noise on CIFAR-100. However, parameter settings undergo significant
shifts in pretrained settings. Optimal performance is achieved when β ∈ [0.3, 0.5], λ ∈ [3, 5],
demonstrating that optimal hyperparameters vary across different models and datasets, necessitating
careful parameter tuning. Our proposed method IDO effectively addresses this challenge through
dynamically weighted optimization.

Table 7: Hyperparameter sensitivity of ELR, utilizing pre-trained ResNet50 on the CIFAR100 dataset
with three noise settings. The default values are set as λ = 3 and β = 0.7. Each time, one parameter
is perturbed while others are set to default. We consider the value ranges of λ ∈ {0, 1, 3, 5, 7, 10}
and β ∈ {0.1, 0.3, 0.5, 0.7, 0.9, 0.99}, following original paper [8].

Hyperparameter regularization term weight λ momentum coefficient β IDO

Noise Dataset 0 1 3 5 7 10 0.1 0.3 0.5 0.7 0.9 0.99

CIFAR-100 Sym. 60% 41.1 41.7 73.9 75.9 46.4 1.0 12.2 75.9 77.1 73.9 51.3 42.9 81.0
CIFAR-100 Inst. 40% 58.8 56.0 79.7 82.9 69.5 25.0 49.9 82.9 82.6 79.7 67.3 59.4 83.6

CIFAR-100N 61.0 61.6 69.2 68.8 62.7 9.1 56.1 70.7 71.8 69.2 65.3 62.1 73.6

A.2 Analysis and experiments of DivideMix

DivideMix algorithm incorporates three crucial hyperparameters: the unsupervised loss term weight
λu, GMM threshold τ for subset partitioning and beta distribution parameter α of Mixup [51].
Table 8 demonstrates the parameter sensitivity of DivideMix, showing that the performance is
significantly influenced by parameter choices and comparison with IDO’s result. The parameter
settings recommended for training from scratch in the original paper, where the authors recommend
λu = 25, τ ∈ [0.5, 0.6], α = 4 for symmetric noise on CIFAR100 and λu = 0, τ = 0.5, α = 4 for
asymmetric noise on CIFAR-100. However, parameter settings undergo significant shifts in pretrained
settings. Optimal performance is achieved when λu ∈ [50, 150], τ ∈ [0.1, 0.5] shows that optimal
hyperparameters vary between different models and data sets, which requires careful parameter
tuning. Our proposed method IDO effectively addresses this challenge through dynamically weighted
optimization.
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Table 8: Hyperparameter sensitivity of DivideMix, utilizing pre-trained ResNet50 on the CIFAR100
dataset with three noise settings. The default values are set as λu = 50, τ = 0.5 and α = 4. Each
time, one parameter is perturbed while others are set to default. We consider the value ranges of
λu ∈ {0, 25, 50, 150}, τ ∈ {0.1, 0.3, 0.5, 0.7, 0.9} and α ∈ {0.5, 1, 2, 4} following original paper
[17].

Hyperparameter LU term weight λu GMM threshold τ Mixup parameter α IDO

Noise Dataset 0 25 50 150 0.1 0.3 0.5 0.7 0.9 0.5 1 2 4

CIFAR-100 Sym. 60% 80.7 79.3 79.9 80.8 81.1 80.5 79.6 67.4 29.8 80.9 79.7 79.2 78.0 81.0
CIFAR-100 Inst. 40% 79.7 79.9 81.9 81.1 80.3 79.3 79.7 78.1 70.5 79.8 81.1 82.3 81.3 83.6

CIFAR-100 Asym. 40% 63.2 63.6 66.6 67.9 63.8 65.3 66.6 65.9 57.6 60.3 62.1 66.4 66.6 77.8

B Additional implementation details

Regarding the hyperparameters of the model. In our experiments, we primarily utilized pre-trained
ResNet-50, ViT-16/B and ConvNeXt-B models, both of which were obtained by calling the PyTorch
timm library. For the pre-training hyperparameters of the model, we adhered to the settings used in
prior work [12, 13], as detailed in Table 9. One-stage baselines follow the setting in stage 2.

Table 9: Optimizer configurations for different models and stages.

Phase Stage 1 Stage 2
Configuration ViT-B/16 ResNet-50 ConvNeXt-B ViT-B/16 ResNet-50 ConvNeXt-B

Optimizer SGD AdamW AdamW SGD AdamW AdamW
Learning Rate 1× 10−2 1× 10−3 1× 10−4 1× 10−2 1× 10−3 1× 10−4

Weight Decay 1× 10−5 1× 10−5 1× 10−4 1× 10−5 1× 10−5 1× 10−4

Scheduler No No No Cosine Cosine Cosine
Strategies LP FFT LP FFT FFT FFT

Regarding the details of the datasets. The model quality was determined by the accuracy on the
test set at the last epoch. For synthetic datasets, we added noise to the entire training set and used
the test set to evaluate performance. CIFAR100 consists of 100 classes, with 50,000 training images
and 10,000 test images, and we set the batch size to 128. Tiny-ImageNet contains 200 classes, with
100,000 training images and 10,000 test images, and we also set the batch size to 128.

For real-world datasets, we only used the noisy datasets and did not utilize the clean subsets provided
by the datasets. Clothing1M is a class-imbalanced dataset, and we sample class-balanced subsets
each time, with a batch size of 64 and 1,000 iterations. Clothing1M-F means using fixed subset
during training, used in [13, 12]. Clothing1M-R means sampling random subset per epoch, used in
[17, 11]. In Clothing1M-R, we calculate wrong event for the subset every 100 iterations. CIFAR100N
is identical to CIFAR100 except for its real-world noisy labels. For WebVision, we used the first 50
classes, which include 66000 training images and 2,500 test images, and we set the batch size to 128.

Regarding the hyperparameters of the baselines. The baseline results were generated under
consistent experimental settings using publicly available code. The hyperparameters were configured
according to the recommendations outlined in the original papers.

SCE [47] is a robust noise-tolerant loss function with two hyperparameters, α and β. The original
paper suggests that a large α may lead to overfitting, while a small α can mitigate overfitting but
slow down convergence. Therefore, the authors recommend using a small α and a large β to replace
existing loss functions. Since pre-trained models converge faster, we adopted the configuration
proposed in the original paper to suppress overfitting to noise, setting α = 0.1, β = 1.

ELR [8] introduces a regularization term to the loss function, leveraging the correct predictions of
noisy samples during early learning to achieve noise-robust learning with two hyperparameters, λ
and β. The authors recommend hyperparameter settings of CIFAR100, Clothing1M and WebVision,
with λ = 3, β = 0.7. We applied the same settings across these datasets. For CIFAR100N and
Tiny-ImageNet, we adopted the same configuration as used for CIFAR100.

DivideMix [17] is a co-training-based label correction method that introduces five key hyperparame-
ters: number of MixMatch views M , temperature of sharpen labels T , mixup parameter α, GMM
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Figure 5: The baseline model is ResNet-18 trained on CIFAR-10 in 40% asymmetric noise for 100
epochs. We show the loss distributions (the first row) and wrong event distribution (the second row)
during training. The four columns, (a) (b) (c) (d), represent the distributions at epoch 10, 50, 100 and
the entire training phase. In (d), the heavy lines represent the median value and the shaded areas are
the interquartile ranges, respectively. It is clear that wrong event can clearly separate noisy data and
clean data, even if the model fits noise.

threshold τ and unsupervised loss term coefficient λu. We followed the original paper’s settings, for
most experiments, setting M = 2, T = 0.5, α = 4, τ = 0.5, and λu = 50.

Co-learning [24] is a method combining supervised learning and self-supervised learning, with
L = Lsup + Lint + Lstr. All the coefficients of loss terms are set to 1 following the original paper.

UNICON [16] is a co-training-based label correction method that combines supervised learning,
semi-supervised learning and contrastive learning. There are seven main parameters mentioned:
unsupervised loss coefficient λu, regularization coefficient λr, contrastive loss coefficient λC , filter
coefficient τ , adjustment threshold dµ and mixup coefficient α. Following the original paper, we set
λC = 0.025, λu = 30, λr = 1, dµ = 0.7, τ = 5 and α = 4.

DISC [11] is a method which dynamically selects and corrects dataset. Four main hyperparameters
are mentioned: warm-up period T0, coefficient of the hard-set loss λh, momentum coefficient λ and
positive offset value σ. Following the pre-trained model setting in the original paper, we set T0 = 1,
λ = 0.7, λh = 0.2 and σ = 0.3.

TURN [12] is a method which firstly uses noise-robust loss function to obtain a clean set with LP,
and FFT the model on the clean set. The main hyperparameter is the GMM threshold τ . Following
the original paper, we set τ = 0.6 in all experiments.

DeFT [13] is a CLIP-based method which used dual prompts on CLIP to obtain a clean set with
parameter-efficient fine-tuning (PEFT), and FFT the pre-trained downstream model on the clean
set. The heavy reliance on CLIP significantly limits the method’s applicability in computational
resource-constrained scenarios.

Regarding the hyperpapameters of BMM. Since IDO relies on no priors, all experiments default
that B1(1, 2), B2(2, 1). The EM algorithm will update the parameters to the appropriate values.

C More analysis of wrong event

C.1 More empirical observations of wrong event

We show a comparison between wrong event and loss under symmetric noise (see Fig.1). We
also conduct experiments under instance noise, and asymmetric noise to verify that wrong event
outperforms the loss across all types of noise. Fig.5 and Fig.6 show a comparison between wrong
event and loss under asymmetric noise and instance noise, respectively. The experiment results reveal
that in more challenging noisy environments, the model tends to rapidly fit the loss of noisy samples,
resulting in compromised accuracy and stability of the provided modeling information. In contrast,
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Figure 6: The baseline model is ResNet-18 trained on CIFAR-10 with 50% instance noise for 100
epochs. We show the loss distributions (the first row) and wrong event distribution (the second row)
during training. The four columns, (a) (b) (c) (d), represent the distributions at epoch 10, 50, 100 and
the entire training phase. In (d), the heavy lines represent the median value and the shaded areas are
the interquartile ranges, respectively. It is clear that wrong event can clearly separate noisy data and
clean data, even if the model fits noise.

wrong event metric maintains its capability to deliver robust modeling information about sample
cleanliness and difficulty.

C.2 Analysis on the change rate between wrong event and loss

We provide an analysis about the change rate between wrong event and loss. The loss change rate

is δT+1
i −δTi

δTi
∈ [−∞,+∞] in every epoch T with unbounded limits and frequently unpredictable

mutations. A usually seen phenomenon named forgetting event [19] (last epoch right, this epoch
wrong) can cause the probability of given label to plummet from a high probability (e.g. ∼ 0.9) to
a small probability (e.g. ∼ 0.1), causing the loss to skyrocket and the relative change to become
enormous. This can happen randomly and repeatedly for all samples.

However, for wrong event, the change rate needs more discussion. Firstly, we have wT+1
i =

wT
i + δT+1

i , δT+1
i ∈ {0, 1} and wT

i ∈ [0, . . . , T ], meaning the wrong event value is monotonically

increasing. The change rate is δT+1
i

wT
i

. We analyze this in two distinct cases:

The “0 to 1” Transition: When a sample is misclassified for the very first time, wT
i transitions from

0 to 1. At this point, the relative change 1
0 is not defined. This is a singular, one-time event for any

given sample, marking its initial entry into the set of “ever-misclassified” samples.

All Subsequent Changes (wT
i ≥ 1): For every subsequent misclassification, the denominator wT

i

is at least 1. The relative change is δT+1
i

wT
i

. This value is strictly bounded within the range [0,1]
far smaller than the change rate of loss. More importantly, as the model continues to misclassify a
sample, wi increases, causing the maximum possible relative change ( 1

wT
i

) to decrease. The metric is
therefore self-stabilizing.

The relative change of wrong event is well-behaved, bounded, and self-stabilizing after a single initial
event. Conversely, the relative change of loss is unbounded and perpetually susceptible to explosive
volatility. This fundamental difference in their rate of change is why wrong event serves as a far more
reliable and stable signal for modeling sample characteristics in noisy environments.

This analysis provides a strong theoretical basis for the empirical stability we observed in Figure 7.
In experiments, the values of loss and wrong are not in the same range. We normalize metric values
and track the range of value changes during training δi(l

t
i) = |lti − lt−1

i |, δi(wt
i) = |wt

i − wt−1
i | and

Max Change = argmax
(xi,ȳi)∈D

(δi),Avg Change = 1
N

∑n
i=1 δi. The result is in Figure 7. Loss variance
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is near the size of the dataset, confirming that loss has no bound. Wrong event variance decreases
over training. Besides, due to the mutation of loss, the mean change is larger than wrong event.
Experiment results confirm the theoretical analysis regardless of pre-training or not.

(a) Variance over epochs on pre-training setting (b) Variance over epochs on random initialized setting

Figure 7: Variance comparison between loss and wrong event (WE). We test random pre-trained
ResNet-50 on CIFAR-100 Inst. 40% noise (left) and random initialized ResNet-18 on CIFAR-10 Inst.
40% noise (right).

C.3 More discussion about different metrics

Researchers have proposed some metrics trying to replace loss because loss is easy to fit noise, such
as forgetting event [19], fluctuation event [52], first k-epoch learning [20]. All of them are based on
forgetting. In all the following equations, the symbol ŷit is used to denote the model prediction of
sample (xi, ȳi) at epoch t . Forgetting event (FE) is defined as

forgetting eventi =
T∑

t=1

(ȳi = ŷi
t−1) ∧ (ȳi ̸= ŷti)

which counts how many times a model forgets a prediction of given labels. Fluctuation event is
defined as

fluctuation eventi = (ȳi = ŷt1i ) ∧ (ȳi ̸= ŷt2i )

where t1 ≤ t2. First k-epoch learning (fkl) is defined as

fkli = argmin
t∗∈t

[(ȳi = ŷi
t∗) ∧ · · · ∧ (ȳi = ŷi

t∗−k+1) = 1]

which records the epoch when a sample has been predicted to its given label for consecutive k epochs
for the first time.

We group all three metrics into forgetting-based metrics (FBM). All metrics extract the statistical
information to assist noise modeling, but are still different. Notably, FBM needs time to remember
the given label, because the model needs time to fit the given label, especially when the label is noisy
while wrong event needn’t. This difference makes FBM spend pretty longer time accumulating
statistics. Considering easy noisy data for example, in early stage, model learns correctly and
ground-truth of easy noisy data is consistently predicted, so the model cannot remember noisy labels.
Easy noisy data’s wrong event would increase rapidly, but FBM would be constant value. Thus, FBM
cannot distinguish easy noisy data in early stage, needing more training time and thus the scalability
is limited, while wrong event has good modeling ability during the training phase. Table 4 also shows
that loss-based metrics perform well in early stage but decrease over training, and FBM such as FE
and fkl perform poorly in early stage but increase over training, needing more training time. While
wrong event perform well during the entire training phase, showing effectiveness and efficiency.
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Figure 8: The AUC-ROC curves of loss and wrong event. The experiment is conducted with random
initialized ResNet-18 on CIFAR-10 (left) and pre-trained ResNet-50 on CIFAR-100 (right) under
Inst.40% noise. The curves show the dynamic selection curves over epochs. We visualize the ability
of clean sample selection in early, midterm and later training stages. The curves show that wrong
event has a larger AUC value than loss and show good performance during the whole training phase,
which represents a better ability of clean sample selection.

C.4 Selection ability between wrong event and loss

Table 4 shows that wrong event outperforms loss in test accuracy. To further compare their clean
sample selection ability, we calculate F-score along with precision and recall, AUC along with
accuracy and precision under pre-training and random initialized settings. Table 10 and Table 11
show the F-score, Table 12 and Table 13 show the AUC value and Figure 8 shows the AUC-ROC
curves during training. All results indicate that wrong event is better than loss in selecting clean
samples. Wrong event can clearly model the noise during the whole training phase, while loss only
performs well in early stage. In conclusion, wrong event is a simple but effective metric to select
clean samples, which can capture noise well even if the model has fitted the noise.

Table 10: The precision, recall, F-score of loss and wrong event. The experiment is conducted with
random initialized ResNet18 on CIFAR10 under Inst.40% noise. We set three thresholds to calculate
F-score.

Threshold 0.2 0.5 0.8

Epoch 10 30 60 10 30 60 10 30 60

Loss
F-score 0.49 0.38 0.29 0.34 0.29 0.20 0.00 0.00 0.00
Precision 0.62 0.76 0.79 0.71 0.79 0.75 0.92 0.90 0.60
Recall 0.41 0.25 0.18 0.23 0.18 0.11 0.00 0.00 0.00

Wrong Event
F-score 0.60 0.67 0.70 0.63 0.70 0.72 0.70 0.79 0.76
Precision 0.43 0.51 0.54 0.46 0.54 0.56 0.63 0.88 0.93
Recall 0.99 0.99 0.99 0.99 0.99 0.99 0.77 0.71 0.65

Table 11: The precision, recall, F-score of loss and wrong event. The experiment is conducted with
pre-trained ResNet-50 on CIFAR100 under Inst.40% noise. We set three thresholds to calculate
F-score.

Threshold 0.2 0.5 0.8

Epoch 5 20 30 5 20 30 5 20 30

Loss
F-score 0.77 0.84 0.56 0.83 0.61 0.04 0.05 0.01 0.00
Precision 0.63 0.75 0.41 0.81 0.97 0.94 1.00 1.00 1.00
Recall 1.00 0.96 0.87 0.85 0.45 0.02 0.02 0.00 0.00

Wrong Event
F-score 0.76 0.85 0.84 0.85 0.90 0.92 0.87 0.92 0.88
Precision 0.62 0.76 0.74 0.73 0.83 0.89 0.83 0.93 0.97
Recall 1.00 0.97 0.99 0.99 0.98 0.96 0.93 0.92 0.81

D Training time analysis

We analyze the training time of IDO to understand its efficiency. Results in Figure 4 show that IDO
is faster than all baselines. For IDO itself, the running time ≈ BMM fitting + forward propogation.
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Table 12: AUC value of wrong event and loss with random initialized ResNet-18 under different
noise types and levels on CIFAR-10 (left) and CIFAR-100 (right). Higher AUC value indicates better
clean sample selection ability.

Noise Sym. 60% Asym. 40% Inst. 40%

Epoch 20 60 100 20 60 100 20 60 100

Loss 0.95 0.80 0.63 0.80 0.64 0.58 0.84 0.65 0.59
Wrong Event 0.96 0.98 0.97 0.94 0.94 0.92 0.94 0.95 0.94

Noise Sym. 60% Asym. 40% Inst. 40%

Epoch 20 60 100 20 60 100 20 60 100

Loss 0.85 0.69 0.60 0.62 0.56 0.55 0.79 0.61 0.59
Wrong Event 0.87 0.92 0.91 0.72 0.75 0.74 0.86 0.88 0.88

Table 13: AUC value of wrong event and loss with pre-trained ResNet-50 under different noise types
and levels on CIFAR-100. Higher AUC value indicates better clean sample selection ability.

Noise Sym. 60% Asym. 40% Inst. 40%

Epoch 5 15 25 5 15 25 5 15 25

Loss 0.96 0.88 0.74 0.66 0.63 0.59 0.84 0.75 0.67
Wrong Event 0.97 0.98 0.98 0.76 0.80 0.79 0.93 0.95 0.94

In Table 14, we compare the total training time of IDO on CIFAR-100 Inst.40% noise with several
state-of-the-art methods which leverage probabilistic model, using a single Nvidia A100 80GB GPU.

IDO is faster than M-correction and DivideMix which involve multiple forward propagation and
fitting iterations. In Table 14, we also break down the computation time for each operation in IDO.
Results show that BMM is efficient, only 4.6s per epoch, which is 3.8% of the total training time.
Moreover, results show that wrong event-based BMM in IDO is faster than loss-based BMM/GMM
in M-correction and DivideMix. The reason is that the robustness of wrong event helps to reduce
the fitting iteration rounds and require no reinitialization to save time. While loss often varies
significantly in successive epochs, needing more fitting rounds and reinitialization in each epoch. In
the open-sourced code, IDO only iterates few rounds based on the last BMM (1 iteration per round,
no reinitialization), while M-correction and DivideMix need many rounds and reinitialization (10
GMM iterations in DivideMix, 20 BMM iterations in M-correction) to handle loss mutation.

Table 14: Comparison of methods using probabilistic model on CIFAR-100 with Inst. 40% Noise

Method Accuracy(%) Per Epoch Time(s) Per Epoch Fitting Time(s)
M-Correction(BMM) 78.9 399 14.7
DivideMix(GMM) 81.3 457 19.5
IDO(BMM) 83.7 121 4.6

E More exploratory experiments

In this section, we conduct more exploratory experiments, hoping to offer more insight and inspiration
to the readers and community.

E.1 Base model vs. initial model

After Stage 1, we already have information about clean, noisy and hard samples. It is interesting to
think that it is better to train the model from the base model or directly from the initial model. Since
the base model has already been trained on corrupted samples, retraining from the initial model might
lead to better performance.

Table 15: Comparison of initial model and base model on CIFAR-100 with different noise types

Start Model Sym. 60% Asym. 40% Inst. 40%
Initial Model 80.1 77.1 83.3
Base Model 81.5 78.0 83.7

We run experiments to verify this. Results are in Table 15. Overall, base model yields better results.
Its advantage is high when handling Sym. noise as symmetric noise is harder to fit and easy to detect.
The difference is smaller when handling Asym./Inst. noise as the model fits these noise more easily,
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decreasing the performance. Within the relatively limited training time, using the base model can
more quickly achieve better performance.

E.2 Wrong event vs. loss accumulation

As the single epoch loss is easy to fit noise, it is interesting to think whether accumulated loss can
prevent fitting noise. We have conducted new experiments to compare accumulated loss and wrong
event. We get two observations from the results in Table 16.

Table 16: Comparison of wrong event and accumulated loss on CIFAR-100 with various noise types

Noise Sym. 60% Asym. 40% Inst. 40%
Single Loss + BMM 77.1 71.9 72.6
Accumulated Loss + GMM 79.2 74.5 77.9
Accumulated Loss + BMM 80.1 75.9 79.1
Wrong event + BMM 81.2 78.3 83.4

1. Accumulated loss performs better than single loss because accumulation prevents fitting noise, but
the variance increases linearly when summing i.i.d. data. Besides, accidental sample forgetting can
have a significant impact on the accumulated loss, increasing the variance. Thus, the distribution of
loss sum is flatter than that of wrong event, which blurs the classification boundaries, making more
data misclassified which drops the performance.

2. BMM performs better than GMM. In [17], the authors point out that GMM does not fit well on
Asym. noise. Therefore, BMM, which shows stronger fitting ability, performs better.

E.3 Synthetic dataset vs. real world dataset

We find that IDO and all baselines achieve a smaller improvement on real-world datasets compared
to synthetic datasets as shown in Table 1 and Table 2, which is worth further discussion.

We first analyze the difference between real-world noise and synthetic noise. [12, 53] pointed out
that real world noise usually lies closer to the decision boundary than synthetic noise, which is harder
to detect. In other words, it is easier to fit as boundary cases, slightly changing the decision boundary
and thus results in less degradation of model performance than synthetic noise which will significantly
change the decision boundary after fitted. As the degradation become smaller, the improvement space
from w/ label noise to w/o label noise for algorithms is smaller.

E.4 Strong algorithm collapse in CIFAR-10

The experiment result for CIFAR-10 is in Table 17. IDO still outperforms baselines. It is surprising
to see a performance drop outside of UNICON, a competitive algorithm in other datasets, showing
that the variation of the hyperparameters across datasets and models easily decrease the model
performance. This indicates high tuning cost and performance drop for hyperparameter-based
methods in real world scenarios.

Table 17: Comparison with state-of-the-art LNL algorithms in test accuracy (%) on CIFAR-10.

Noise Architecture Sym. 20% Sym. 40% Sym. 60% Asym. 40% Inst. 40%
Standard ResNet-50 93.2% 92.3% 88.2% 91.1% 90.9%
UNICON ResNet-50 94.8% 93.2% 92.5% 93.5% 93.9%
ELR ResNet-50 96.5% 95.8% 95.1% 95.0% 94.8%
DeFT CLIP-ResNet-50 96.9% 96.6% 95.7% 93.8% 95.1%
DivideMix ResNet-50 97.1% 96.8% 96.3% 93.1% 96.0%
DISC ResNet-50 96.8% 96.5% 95.5% 95.2% 96.5%
IDO ResNet-50 97.3% 96.9% 96.5% 95.3% 96.6%

E.5 Including more baselines

We include InstanceGM [54] and NAL [55] as our two more baselines in 3 new experiments on
CIFAR-100 (see Table 18).
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Table 18: Comparison of more baselines on CIFAR-100 with various noise types

Method Sym. 60% Asym. 40% Inst. 40%
Standard 41.1 53.4 58.8
InstanceGM 80.5 76.3 83.1
NAL 80.9 77.6 81.3
IDO 81.4 78.2 83.8

The results show that while InstanceGM is strong in its target setting (instance noise), it underperforms
in symmetric and asymmetric noise because InstanceGM is too cautious in judging noise which
leads to insufficient label correction. NAL performs well but is slightly behind IDO, particularly in
the most challenging instance-dependent scenario. IDO demonstrates consistently state-of-the-art
performance across all three settings.

E.6 Experiments on broader noise levels

To thoroughly evaluate IDO’s robustness and practical applicability, we agree that testing on a wider
range of noise levels is crucial. We have conducted 6 new experiments on CIFAR-100 using the
pretrained ResNet-50 with more noise levels (See Table 19). For symmetric noise, a high noise ratio
of 80% is added. For asymmetric noise, 20% and 45% are added. For instance-dependent noise, 20%
and 60% are added. Besides, a noise-free (0%) baseline is included.

Table 19: Performance comparison of broader noise levels

Method Sym. 0% Sym. 80% Asym. 20% Asym. 45% Inst. 20% Inst. 60%

Standard 82.8% 35.2% 68.5% 46.2% 70.4% 31.6%
UNICON 84.8% 64.0% 83.5% 73.2% 84.9% 58.2%
DeFT 85.1% 57.6% 78.9% 65.2% 82.4% 56.5%
IDO 85.8% 62.5% 85.4% 74.1% 85.1% 60.8%

These results demonstrate that IDO maintains a significant performance advantage across a wide
spectrum of noise types and levels, including the challenging 45% asymmetric noise and 60% instance-
dependent noise scenario. This confirms the robustness of our approach, even under conditions far
more extreme than the 8%–38.5% noise typically found in real-world datasets [50]. Impressively,
IDO also achieves the best performance in the noise-free (0%) setting, showing it does not degrade
performance on clean data.

As we discussed in our limitations, performance degradation is only observed at an extremely high
noise ratio of 80%, which is expected due to the severe imbalance in the wrong event distribution that
affects the BMM and model convergence. We believe these new results comprehensively address the
concern about robustness and practical applicability.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: We believe the claims in our abstract and introduction accurately reflect the
paper’s contributions, including theoretical analysis and experimental results.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We’ve discussed the limitations in section 6.
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• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
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should reflect on how these assumptions might be violated in practice and what the
implications would be.
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Justification: We’ve provided clear descriptions and equations in the theoretical part, espe-
cially in Section 3.3 and Section C.3.
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• The answer NA means that the paper does not include theoretical results.
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perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
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dataset, or provide access to the model. In general. releasing code and data is often
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should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We’ve provided detailed information about the experiment setting in Section 5.1
and Appendix B.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We’ve mentioned in Section 5.1 that all experiments are conducted 5 times
with random seed to confirm the statistical significance. The average results are reported in
the paper.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We’ve mentioned in Section 5.1 that all experiments are conducted on a single
Nvidia A100 80GB GPU.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: We confirm our paper conform with the NeurIPS Code of Ethics in every
respect.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: We’ve discussed the broader impact in section 6.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
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• If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Creators or original owners of assets (e.g., code, data, models), used in the
paper are all properly credited and the license and terms of use are explicitly mentioned and
properly respected.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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• For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: The paper does not release new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

30

https://neurips.cc/Conferences/2025/LLM

	Introduction
	Related works
	Key ideas: wrong event and instance-level optimization
	Noise label learning
	Observation of wrong event
	Measuring cleanliness and difficulty

	Robust denoising framework
	Two stage training
	Analysis of loss function

	Experiments
	Experimental settings
	Performance for noisy label learning
	Further analysis

	Limitations and broader impact
	Limitations
	Broader Impact

	Conclusion
	Sensitivity analysis of parameter configurations in two SOTA methods
	Analysis and experiments of ELR
	Analysis and experiments of DivideMix

	Additional implementation details
	More analysis of wrong event
	More empirical observations of wrong event
	Analysis on the change rate between wrong event and loss
	More discussion about different metrics
	Selection ability between wrong event and loss

	Training time analysis
	More exploratory experiments
	Base model vs. initial model
	Wrong event vs. loss accumulation
	Synthetic dataset vs. real world dataset
	Strong algorithm collapse in CIFAR-10
	Including more baselines
	Experiments on broader noise levels


