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Abstract

Label noise, commonly found in real-world datasets, has
a detrimental impact on a model’s generalization. To effec-
tively detect incorrectly labeled instances, previous works
have mostly relied on distinguishable training signals, such
as training loss, as indicators to differentiate between clean
and noisy labels. However, they have limitations in that the
training signals incompletely reveal the model’s behavior
and are not effectively generalized to various noise types,
resulting in limited detection accuracy. In this paper, we
propose DynaCor framework that distinguishes incorrectly
labeled instances from correctly labeled ones based on the
dynamics of the training signals. To cope with the absence
of supervision for clean and noisy labels, DynaCor first in-
troduces a label corruption strategy that augments the orig-
inal dataset with intentionally corrupted labels, enabling
indirect simulation of the model’s behavior on noisy labels.
Then, DynaCor learns to identify clean and noisy instances
by inducing two clearly distinguishable clusters from the
latent representations of training dynamics. Our compre-
hensive experiments show that DynaCor outperforms the
state-of-the-art competitors and shows strong robustness to
various noise types and noise rates.

1. Introduction
The remarkable success of deep neural networks (DNNs)
is largely attributed to massive and accurately labeled
datasets. However, creating such datasets is not only ex-
pensive but also time-consuming. As a cost-effective alter-
native, various methods have been employed for label col-
lection, such as crowdsourcing [11] and extracting image
labels from accompanying text on the web [27, 54]. Un-
fortunately, these approaches have led to the emergence of
noise in real-world datasets, with reported noise rates rang-
ing from 8.0% to 38.5% [25, 27, 54], which severely de-
grades the model’s performance [1, 58].
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To cope with the detrimental effect of such noisy la-
bels, a variety of approaches have been proposed, includ-
ing noise robust learning that minimizes the impact of in-
accurate information from noisy labels during the training
process [7, 29, 49, 54] and data re-annotation through al-
gorithmic methods [16, 39, 61]. Among them, the task of
noisy label detection, which our work mainly focuses on,
aims to identify incorrectly labeled instances in a training
dataset [7, 22, 34]. This task has gained much attention in
that it can be further utilized for improving the quality of the
original dataset via cleansing or rectifying such instances.

Motivated by the memorization effect, which refers to the
phenomenon where DNNs initially grasp simple and gen-
eralized patterns in correctly labeled data and then grad-
ually overfit to incorrectly labeled data [1], most existing
studies have utilized distinguishable training signals as in-
dicators of label quality to differentiate between clean and
noisy labels. To elaborate, these training signals are derived
from the model’s behavior on individual instances during
the training [42, 44], involving factors such as training loss
or confidence scores. Note that it is impractical to acquire
annotations explicitly indicating whether each instance is
correctly labeled or not. Hence, numerous studies have
crafted various heuristic training signals [12, 19, 22], de-
signed based on human prior knowledge of the model’s dis-
tinctive behaviors when faced with clean and noisy labels.

Despite their effectiveness, the training signal-based de-
tection methods still exhibit several limitations: (1) They
only focus on a scalar signal at a single epoch (or a repre-
sentative one across the entire training trajectory), which
leads to limited detection accuracy (See Appendix B.2).
Since the model’s distinct behaviors on clean and noisy la-
bels draw different temporal trajectories of training signals,
a single scalar is insufficient to distinguish them by cap-
turing temporal patterns within training dynamics. (2) Ex-
isting detection approaches based on heuristics are not ef-
fectively generalized to various types of label noise. Noisy
labels can originate from diverse sources, including human
annotator errors [33, 50], systematic biases [46], and un-
reliable annotations from web crawling [54], resulting in
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different noise types and rates for each dataset; this even-
tually requires considerable efforts to tune hyperparameters
for training recipes of DNNs [26, 29, 45].

To tackle these challenges, our goal is to propose a fully
data-driven approach that directly learns to distinguish the
training dynamics of noisy labels from those of clean la-
bels using a given dataset without solely relying on heuris-
tics. The primary technical challenge in this data-driven
approach arises from the absence of supervision for clean
and noisy labels. As a solution, we introduce a label cor-
ruption strategy–image augmentation attaching intention-
ally corrupted labels via random label replacement. Since
the augmented instances are highly likely to have incorrect
labels, we can utilize them to capture the training dynamics
of noisy labels. In other words, this allows us to simulate
the model’s behavior on noisy labels by leveraging the aug-
mented instances with corrupted labels.

In this work, we present a novel framework, named
DynaCor, that learns discriminative Dynamics with label
Corruption for noisy label detection. To be specific, Dyna-
Cor identifies clean and noisy labels via clustering of latent
representations of training dynamics. To this end, it first
generates training dynamics of original instances and cor-
rupted instances. Then, it computes the dynamics represen-
tations that encode discriminative patterns within the train-
ing trajectories by using a parametric dynamics encoder.
The dynamics encoder is optimized to induce two clearly
distinguishable clusters (i.e., each for clean and noisy in-
stances) based on two different types of losses for (1) high
cluster cohesion and (2) cluster alignment between original
and corrupted instances. Furthermore, DynaCor adopts a
simple validation metric for the dynamics encoder based on
the clustering quality so as to indirectly estimate its detec-
tion performance where ground-truth annotations of clean
and noisy labels are not available for validation as well.

The contribution of this work is threefold as follows:
• We introduce a label corruption strategy that augments

the original data with corrupted labels, which are highly
likely to be noisy, enabling indirect simulation of the
model’s behavior on noisy labels during the training.

• We present a data-driven DynaCor framework to distin-
guish incorrectly labeled instances from correctly labeled
ones via clustering of the training dynamics.

• Our extensive experiments on real-world datasets demon-
strate that DynaCor achieves the highest accuracy in de-
tecting incorrectly labeled instances and remarkable ro-
bustness to various noise types and noise rates.

2. Related Work
We provide a brief overview of the two primary research
directions for addressing incorrectly labeled instances in a
noisy dataset: (1) Noisy label detection focuses on identi-
fying instances that are incorrectly labeled within a dataset,

aiming to enhance data quality. (2) Noise robust learning
is centered on developing learning algorithms and models
that are resilient to the impact of noisy labels, ensuring ro-
bust performance even in the presence of labeling errors.

Noisy label detection. The main challenge in detect-
ing noisy labels lies in defining a surrogate metric for la-
bel quality, essentially indicating how likely an instance is
correctly labeled. The widely adopted option is the train-
ing loss, assessing the disparity between the model predic-
tion and given labels [15, 19, 20], with higher loss often
indicating incorrect labels. Various proxy measures, in-
cluding gradient-based values [47, 60] and prediction-based
metrics [31, 34, 39, 41] have been developed to differenti-
ate between clean and noisy labels, utilizing methods like
Gaussian mixture models [4, 22, 26, 64] or manually de-
signed thresholds [15, 31, 34, 57, 63]. However, these ap-
proaches may overlook the potential benefits of adopting a
data-driven (or learning-centric) detection model [7], which
can be easily generalized to various noise types and lev-
els. As a training-free alternative, a recent study [63] intro-
duces a non-parametric KNN-based approach based on the
assumption that instances situated closely in the input fea-
ture spaces derived from a pre-trained model are more likely
to share the same clean label. However, its efficacy in detec-
tion heavily depends on the quality of the pre-trained model
and may not be universally applicable across domains with
specific fine-grained visual features.

Noise robust learning. Extensive research have focused
on creating noise robust methods: loss functions [47, 60],
regularization [6, 8, 29], model architectures [2, 5, 9, 13,
21, 54, 56], and training strategies [23, 30, 52, 59]. Re-
cent studies have endeavored to integrate the process of
detecting noisy labels and appropriately addressing them
into the training pipeline in various ways: re-weighting
losses [20, 36, 38] or re-annotation [16, 39, 61]. Besides,
several studies [4, 26, 45, 51] treat detected noisy labels
as unlabeled and make use of established semi-supervised
techniques [3, 16, 59, 61]. Current robust learning typi-
cally relies on clean data, i.e., test data, for validation, while
noisy detection methods can function without it, making di-
rect comparisons difficult [63]. In this sense, we will dis-
cuss how these noise robust learning approaches can be ef-
fectively combined with noisy detection methods (Sec. 5.5).

3. Problem Formulation

For multi-class classification, let X be an input feature
space and Y = {1, 2, .., C} be a label space. Consider a
dataset D = {(xn, yn)}Nn=1, where each sample is inde-
pendently drawn from an unknown joint distribution over
X×Y . In real-world scenarios, we can only access a noisily
labeled training set D̃ = {(xn, ỹn)}Nn=1, where ỹ denotes a
noisy annotation, and there may exist n ∈ {1, ..., N} such
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Figure 1. The proposed DynaCor framework consists of three steps: (1) Corrupted dataset construction generates the augmented images
with corrupted labels, likely resulting in noisy labels, in order to provide guidance for discrimination between clean and noisy labels. (2)
Training dynamics generation collects the trajectory of training signals for both the original and corrupted datasets by training a classifier.
(3) Noisy label detection is performed by discovering two distinguishable clusters of dynamics representations, and for this, the dynamics
encoder is optimized to enhance both cluster cohesion and alignment between the original and the corrupted datasets.

that yn ̸= ỹn. In this work, we focus on the task of noisy la-
bel detection, which aims to identify the incorrectly labeled
instances, i.e., {(xn, ỹn) ∈ D̃ | yn ̸= ỹn}. As an evaluation
metric, we use F1 score [28], treating the incorrectly labeled
instances as positive and the remainings as negative.

4. Methodology

4.1. Overview

DynaCor (Dynamics learning with label Corruption for
noisy label detection) framework learns discriminative pat-
terns inherent in training dynamics, thereby distinguishing
incorrectly labeled instances from clean ones. As illustrated
in Figure 1, DynaCor consists of three major steps.
• Corrupted dataset construction (Sec. 4.2): To address the

challenge arising from the lack of supervision for incor-
rectly labeled instances, we introduce a corrupted dataset
that intentionally corrupts labels, providing guidance to
identify incorrectly labeled instances.

• Training dynamics generation (Sec. 4.3): We generate
training dynamics, which denote a model’s behavior on
individual instances during training, by training a classi-
fier using both the original and the corrupted dataset.

• Noisy label detection via dynamics clustering (Sec. 4.4):
We seek to discover underlying patterns in the training
dynamics by learning representations that reflect the in-
trinsic similarities among data points, leveraging the char-
acteristics of the corrupted dataset. For this, we encode
the training dynamics via a dynamics encoder that learns
discriminative representation using clustering and align-
ment losses. Then we find clusters using a robust valida-
tion metric designed for dynamics-based clustering.

4.2. Corrupted dataset construction

Given the original dataset D̃, we construct a corrupted
dataset D̄ by intentionally corrupting labels for a randomly
sampled subset of D̃ with a corruption rate γ ∈ (0, 1].
Specifically, to obtain a corrupted instance (x̄, ȳ) from an
original data instance (x, ỹ), we transform an input image
using weak augmentation such as horizontal flip or center
crop, i.e., x̄ = Aug(x). Then, we randomly flip the class la-
bel to one of the other classes, i.e., ȳ ∈ {1, ..., C}\{ỹ}. The
corrupted dataset, guaranteed to exhibit symmetric noise at
a higher rate than the original, provides additional signals
for discerning incorrectly labeled instances in the clustering
process, as detailed in the following analysis.

Analysis: the noise rate of the corrupted dataset. We
analyze the lower bound on the noise rate of the cor-
rupted dataset D̄. Let η ∈ [0, 1] denote the noise rate
of the original dataset D̃.1 Following the previous liter-
ature [14, 15, 40], we presume the diagonally dominant
condition, i.e., Pr(ỹ = i|y = i) > Pr(ỹ = j|y =
i),∀i ̸= j, which indicates that correct labels should not
be overwhelmed by the false ones. With this condition of
η < 1− 1

C , we have the following proposition.

Proposition 1 (Lower bound of ηγ) Let ηγ denote the
noise rate of the corrupted dataset. Given the diagonally
dominant condition, i,e., η < 1− 1

C , for any γ ∈ (0, 1], ηγ
has a lower bound of 1− 1

C .

The proof is presented in Appendix C, from which we can
derive η < ηγ .

1η = 1

|D̃|
|{(x, ỹ) ∈ D̃ | ỹ ̸= y, (x, y) ∈ D}|
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4.3. Training dynamics generation

4.3.1 Training dynamics

The training dynamics indicates a model’s behavior on indi-
vidual instances during the training, quantitatively describ-
ing the training process [42, 44]. Concretely, the training
dynamics is defined as the trajectory of training signals de-
rived from a model’s output across the training epochs. In
the literature, various types of training signals [1, 42, 62]
have been employed for analyzing the model’s behavior.

Given a classifier f , let f(x) ∈ RC denote the output
logits of an instance x for C classes. Let t be a transfor-
mation function that maps C logits to a scalar training sig-
nal. In this paper, we use quantized logit difference as the
training signal.2 It quantizes the difference between a logit
[34] of a given label and the largest logit among the remain-
ing classes, i.e., t(f(x), ỹ) = sign(fỹ(x)−maxc̸=ỹ fc(x)),
where fc(x) denotes the logit for class c, and sign(x) = 1
or -1 if x >= 0 or < 0, respectively. The training dynamics
for an instance x is defined as

tx = [t(1)(f(x), ỹ), .., t(E)(f(x), ỹ)], (1)

where t(e)(f(x), ỹ) denotes the training signal computed at
epoch e, and E is the maximum number of training epochs.
For the sake of convenience, we denote tx and t

(e)
x as an

abbreviation for t(x, ỹ; f) and t(e)(f(x), ỹ), respectively.

4.3.2 Dynamics generation for noisy label detection

We generate training dynamics for both the original and the
corrupted datasets. Specifically, we train a classifier by min-
imizing the classification loss on D̃ and D̄:

1

|D̃|

∑
(x,ỹ)∈D̃

ℓce(f(x), ỹ) +
1

|D̄|
∑

(x̄,ȳ)∈D̄

ℓce (f(x̄), ȳ), (2)

where ℓce is the softmax cross-entropy loss. For each in-
stance x, we obtain a training dynamics tx ∈ RE as spec-
ified in Eq. (1) by tracking t

(e)
x over the course of training

epochs E. Training dynamics of the original and the cor-
rupted datasets are denoted by T̃ := {tx|(x, ỹ) ∈ D̃} and
T̄ := {tx̄|(x̄, ȳ) ∈ D̄}, respectively.

4.4. Noisy label detection via dynamics clustering

We use a clustering approach to identify incorrectly labeled
instances within the original dataset. Using a dynamics en-
coder, we encode the generated dynamics and progressively
find clusters of correctly and incorrectly labeled instances

2We provide a detailed analysis of various training signals for identify-
ing incorrectly labeled instances in Appendix B.3

in the representation space. The dynamics clustering iter-
ates two key processes: (1) identifications of incorrectly la-
beled instances (Sec. 4.4.1), and (2) learning distinct repre-
sentations for each cluster (Sec. 4.4.2). The clustering qual-
ity is assessed by a newly introduced validation metric by
leveraging the corrupted dataset without a clean validation
dataset (Sec. 4.4.3).

4.4.1 Identification of incorrectly labeled instances

Cluster initialization. Given a training dynamics tx, a
dynamics encoder generates its representation, i.e., zx =
Enc(tx) ∈ Rdz . Let Z̃ and Z̄ denote the set of dynamics
representations of the original and the corrupted datasets,
respectively. We first introduce trainable parameters for
centroids of noisy and clean clusters, i.e., µnoisy, µclean ∈
Rdz . We initialize µnoisy as the average representation of
the corrupted instances Z̄, while µclean is initialized as the
average representation of the original instances Z̃. Note that
this initialization is conducted only once at the beginning of
the dynamics clustering step.

Noisy label identification. We determine whether each
instance x has been incorrectly labeled based on its assign-
ment probability to the noisy cluster. The assignment prob-
ability is computed based on the similarity between zx and
the noisy cluster’s centroid µnoisy . We employ a kernel
function based on the Student’s t-distribution [43] with one
degree of freedom as follows:

qnoisy(zx) =
(1 + d(zx,µnoisy))

−1

(1 + d(zx,µnoisy))−1 + (1 + d(zx,µclean))−1
,

qclean(zx) = 1− qnoisy(zx), (3)

where d(a,b) = 1 − ⟨a,b⟩
||a||2·||b||2 . Based on the assignment

probability, we regard an instance as incorrectly labeled
when its probability to the noisy cluster is predominant.

v(zx) := 1[qnoisy(zx) > qclean(zx)], (4)

v(zx) = 1 indicates that x is predicted to have a noisy label.

4.4.2 Learning discriminative patterns in dynamics

We introduce the strategy of inducing two distinguish-
able clusters (each for correctly and incorrectly labeled in-
stances) in the dynamics representation space. We propose
two types of losses for (1) high cluster cohesion and (2)
cluster alignment between original and corrupted instances.

Clustering loss. We introduce a clustering loss to make
the clusters more distinguishable. We enhance cluster cohe-
sion by adjusting each instance’s representation to be closer
to a centroid through a self-enhancing target distribution.
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The target distribution is constructed by amplifying the pre-
dicted assignment probability [55] as follows:

pnoisy(zx) =
q2noisy(zx)/snoisy

q2noisy(zx)/snoisy + q2clean(zx)/sclean
,

pclean(zx) = 1− pnoisy(zx), (5)

where snoisy =
∑

z∈Z̃∪Z̄ qnoisy(z) and sclean =∑
z∈Z̃∪Z̄ qclean(z). Then, we minimize the KL diver-

gence between the cluster assignment distribution q(zx) =
[qnoisy(zx), qclean(zx)] and the target distribution p(zx) =
[pnoisy(zx), pclean(zx)] as follows:

Lcluster =
∑

zx∈Z̃∪Z̄

KL(p(zx)||q(zx)). (6)

Alignment loss. We introduce an alignment loss that
aligns the representation from each cluster’s original and
corrupted datasets. We hypothesize3 that symmetric noise
is relatively easy to identify among various noise types with
diverse difficulty levels. Consequently, incorrectly labeled
instances in the corrupted dataset exhibit more distinctive
dynamics patterns than those in the original data, i.e., a red
dashed line is farther away from blue lines than a red line in
the 3rd step of Fig.1 (left). From this perspective, the mis-
matched noise types between the original and the corrupted
datasets positively impact the clustering process by adopt-
ing alignment loss, which forces a red line to be aligned
with a red dashed line in the 3rd step of Fig.1 (right).

Instances in the original dataset predicted as noisy and
clean are denoted by Z̃noisy = {zx ∈ Z̃|v(zx) = 1}
and Z̃clean = {zx ∈ Z̃|v(zx) = 0}, respectively. Analo-
gously, for the corrupted dataset, we obtain Z̄noisy = {zx ∈
Z̄|v(zx) = 1} and Z̄clean = {zx ∈ Z̄|v(zx) = 0}. Then,
we employ the alignment loss to reduce the discrepancy be-
tween the representations of the original dataset and the cor-
rupted dataset as follows:

Ln
align = d

( 1

|Z̃noisy|

∑
zx∈Z̃noisy

zx,
1

|Z̄noisy|
∑

zx∈Z̄noisy

zx

)
,

Lc
align = d

( 1

|Z̃clean|

∑
zx∈Z̃clean

zx,
1

|Z̄clean|
∑

zx∈Z̄clean

zx

)
,

Lalign =
1

2
(Ln

align + Lc
align). (7)

Optimization. To sum up, the dynamics encoder is opti-
mized by minimizing the following loss:

L = Lcluster + αLalign, (8)

where α is a hyperparameter that controls the impact of the
alignment loss.

3It is theoretically proved in [32]

4.4.3 Validation metric

One practical challenge in training the dynamics encoder is
determining an appropriate stopping point in the absence of
ground-truth annotations of clean and noisy labels for vali-
dation. As a solution, we introduce a new validation metric
for the dynamics encoder to estimate its detection perfor-
mance indirectly. For noisy label detection, we aim to max-
imize (a) the assignment of incorrectly labeled instances to
the noisy cluster while minimizing (b) the assignment of
correctly labeled instances to the noisy cluster. Intuitively,
in an ideally clustered space, the difference between (a) and
(b) needs to be maximized.

Since we cannot access the ground-truth annotations to
compute (a) and (b), we use the most representative in-
stances as a workaround. Considering the corrupted dataset
has a higher noise rate than the original dataset, we emulate
(a) using instances predicted as noisy among the corrupted
dataset, i.e., Z̄noisy . Similarly, (b) is emulated using in-
stances predicted as clean among the original dataset with
a lower noise rate, i.e., Z̃clean. Our validation metric is de-
fined as the difference between two emulated values as( ∑

zx∈Z̄noisy

qnoisy(zx)

|Z̄noisy|
−

∑
zx∈Z̃clean

qnoisy(zx)

|Z̃clean|

)2

. (9)

The larger value indicates the better clustering quality for
noisy label detection. Compared to the conventional met-
rics for assessing cluster separation [10, 37], this metric is
tailored for our DynaCor framework and provides a more
effective measure of noisy label detection efficacy.

5. Experiments
5.1. Experiment setup

Datasets. We evaluate the performance of DynaCor on
benchmark datasets with different types of label noise, orig-
inating from diverse sources: (1) synthetic noise on CIFAR-
10 and CIFAR-100 [24], (2) real-world human noise on
CIFAR-10N and CIFAR-100N [50], and (3) systematic
noise4 on Clothing1M [54]. In the case of synthetic noise,
following the previous experimental setup [63], we artifi-
cially introduce the noise by using different strategies with
specific noise rates η as outlined below.
• Symmetric Noise (Sym., η = 0.6) randomly replaces the

label with one of the other classes.
• Asymmetric Noise (Asym., η = 0.3) performs pairwise

label flipping, where transition can only occur from a
given class i to the next class (i mode C) + 1.

• Instance-dependent Noise (Inst., η = 0.4) changes la-
bels based on the transition probability calculated using
instance’s corresponding features [53].
4In case of Clothing1M, systematic noise is induced by automatic an-

notation from the keywords present in the surrounding text of each image.
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Dataset CIFAR-10 CIFAR-100

Noise type Sym. Asym. Inst. Agg. Worst Sym. Asym. Inst. Human Avg.
Noise rate (η) 0.6 0.3 0.4 0.09 0.4 0.6 0.3 0.4 0.4

Avg.Encoder 98.0 ± 0.03 89.7 ± 0.14 22.4 ± 33.5 67.3 ± 0.42 92.8 ± 0.11 96.7 ± 0.07 74.9 ± 0.17 76.8 ± 0.51 79.5 ± 0.31 77.6
AUM 95.7 ± 0.07 86.5 ± 0.18 81.9 ± 0.72 74.0 ± 0.16 88.7 ± 0.19 96.4 ± 0.10 74.7 ± 0.21 81.2 ± 0.25 74.6 ± 1.25 83.7
CL 96.6 ± 0.04 94.0 ± 0.10 82.0 ± 0.21 68.6 ± 0.33 88.3 ± 0.11 88.0 ± 0.08 68.6 ± 0.16 75.9 ± 0.12 71.9 ± 0.10 81.5

CORES 97.7 ± 0.03 5.00 ± 0.33 19.2 ± 0.10 80.5 ± 0.09 77.5 ± 0.09 83.9 ± 0.20 21.9 ± 0.32 36.7 ± 0.41 36.0 ± 0.12 50.9
SIMIFEAT-V 95.1 ± 0.06 89.4 ± 0.08 88.1 ± 0.11 79.6 ± 0.13 91.6 ± 0.06 86.0 ± 0.09 73.8 ± 0.07 80.5 ± 0.09 77.1 ± 0.12 84.6
SIMIFEAT-R 96.1 ± 1.41 88.9 ± 0.14 91.2 ± 0.07 79.6 ± 0.40 91.7 ± 0.35 90.3 ± 0.07 68.0 ± 0.10 77.3 ± 0.09 79.3 ± 0.11 84.7

DynaCor 98.0 ± 0.04 94.0 ± 0.15 92.3 ± 0.38 79.6 ± 0.37 92.3 ± 0.19 94.3 ± 0.34 76.3 ± 0.23 81.7 ± 0.21 80.4 ± 0.17 87.7

Table 1. Average F1 score (%) along with standard deviation across ten independent runs of DynaCor and baseline methods on CIFAR-10
and CIFAR-100. All methods except SIMIFEAT utilize the identical fixed image encoder from CLIP [35] and train only a subsequent
MLP, while SIMIFEAT uses pre-trained CLIP as a feature extractor. The rightmost column averages the F1 scores across nine different
settings. “Agg.”, “Worst”, and “Human” correspond to the real-world human label noises [50]. The best results are in bold.

Dataset CIFAR-10 CIFAR-100

Noise type Sym. Asym. Inst. Agg. Worst Sym. Asym. Inst. Human Avg.

Avg.Encoder 94.1 ± 0.14 85.4 ± 0.19 88.5 ± 0.20 63.6 ± 0.72 87.6 ± 0.18 92.5 ± 0.34 75.2 ± 0.36 76.0 ± 0.49 78.8 ± 0.18 82.4
AUM 75.4 ± 0.22 46.4 ± 0.30 57.7 ± 0.03 16.7 ± 0.01 57.8 ± 0.04 75.8 ± 0.21 46.7 ± 0.32 57.8 ± 0.10 58.0 ± 0.21 54.7
CL 88.7 ± 0.56 91.9 ± 0.12 82.5 ± 0.37 57.0 ± 0.31 80.0 ± 0.32 77.9 ± 0.39 62.4 ± 0.24 67.3 ± 0.28 65.2 ± 0.19 74.8

CORES 92.9 ± 0.17 26.7 ± 0.44 49.2 ± 1.15 63.6 ± 0.58 74.7 ± 0.36 66.3 ± 0.35 33.8 ± 0.46 39.2 ± 0.45 31.9 ± 0.48 53.2
SIMIFEAT-V 94.6 ± 0.06 84.7 ± 0.17 83.7 ± 0.08 69.4 ± 0.17 88.3 ± 0.08 88.0 ± 0.09 70.3 ± 0.14 77.8 ± 0.10 76.2 ± 0.14 81.4
SIMIFEAT-R 92.9 ± 1.84 84.0 ± 0.13 86.9 ± 0.08 68.8 ± 0.32 88.5 ± 0.36 89.7 ± 0.07 66.2 ± 0.11 75.5 ± 0.08 77.8 ± 0.13 81.2

DynaCor 93.6 ± 0.18 94.2 ± 0.45 91.5 ± 0.31 72.6 ± 2.46 87.8 ± 0.37 91.3 ± 0.46 79.2 ± 0.59 79.5 ± 1.14 77.3 ± 0.54 85.2

Table 2. Average F1 score (%) under identical settings to those in Table 1 except for the backbone model. All methods except SIMIFEAT
utilize a randomly initialized Renset34 [17], while SIMIFEAT uses a pre-trained ResNet34 on ImageNet [11] as a feature extractor.

In the case of human noise, we choose two noise subtypes
for CIFAR-10N (denoted by Agg. and Worst) and a single
noise subtype for CIFAR-100N (denoted by Human). More
details of the datasets are presented in Appendix A.1.

Baselines. We compare DynaCor with various noisy label
detection methods. All the methods except SIMIFEAT use
training signals to identify incorrectly labeled instances.

• Avg.Encoder is a naive baseline that discriminates be-
tween clean and noisy labels by using a one-dimensional
Gaussian mixture model [64] on the averaged training
signals (i.e., logit difference) over the epochs.

• AUM [34] uses summation of training signals (i.e.,
logit difference) over the epochs and identifies cor-
rectly/incorrectly labeled instances based on a threshold.

• CL [31] uses a predicted probability of the given label
(i.e., confidence) and filter out the instances with low con-
fidence based on class-conditional thresholds.

• CORES [7] leverages a training loss for noisy label de-
tection, progressively filtering out incorrectly labeled in-
stances using its proposed sample sieve.

• SIMIFEAT [63] is a training-free approach that effec-
tively detects noisy labels by utilizing K-nearest neigh-
bors in the feature space of a pre-trained model.

Implementation details. For our label corruption process,
we use the corruption rate γ = 0.1 as the default. To gen-
erate the training dynamics, we employ DNN classifiers:

ResNet34 [17] and the pre-trained ViT-B/32-CLIP [35] with
a multi-layer perceptron (MLP) of two hidden layers. To
encode the training dynamics, we use a three-layered 1D-
CNN architecture [48] as the dynamics encoder. The hy-
perparameter α is selected as either 0.05 or 0.5. For more
details about implementation, please refer to Appendix A.2.

5.2. Noisy label detection performance

We first evaluate DynaCor and the baseline methods for
noisy label detection. Table 1 and Table 2 present their
detection F1 scores for two classifiers, CLIP w/ MLP and
ResNet34, across various noise types and rates. Notably,
DynaCor achieves the best performance on average, i.e.,
+3.0% in Table 1 and +2.8% in Table 2, demonstrating
its robustness to various types of noisy conditions. On the
other hand, the baseline methods relying on training signals
(i.e., Avg.Encoder, AUM, CL, and CORES) show consider-
able variations in performance across different noise types.
For example, in the case of CIFAR-10, Avg.Encoder and
CORES perform well for symmetric noises, whereas they
struggle with identifying asymmetric or instance noises. It
is worth noting that asymmetric and instance noise are more
complex than symmetric noise in that they can have a more
detrimental impact on model performance [32]. These re-
sults strongly support the superiority of our DynaCor frame-
work in handling a wide range of label noise variations.
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Validation
metric

CIFAR-10 CIFAR-100
Inst. Agg. Inst. Human

Max epoch 86.7 ± 6.75 77.8 ± 3.35 61.0 ± 10.3 64.3 ± 4.40
DBI 86.3 ± 8.75 76.7 ± 3.91 60.0 ± 10.2 64.8 ± 9.70
Ours 92.3 ± 0.38 79.6 ± 0.37 81.7 ± 0.21 80.4 ± 0.17

Opt epoch 92.6 ± 0.40 80.40 ± 0.44 81.8 ± 0.08 80.5 ± 0.18

Table 3. F1 score (%) of our dynamics encoder over various vali-
dation metrics on CIFAR-10 and CIFAR-100 using CLIP w/ MLP
as a classifier.

(a) Supervised setting

(b) Unsupervised setting: DynaCor.

Figure 2. F1 score (%) changes with respect to corruption rate (γ)
on CIFAR10 in supervised and unsupervised settings using CLIP
w/ MLP (Left) and ResNet34 (Right) as classifiers.

5.3. Effectiveness of validation metric

To demonstrate the effectiveness of the proposed validation
metric (Sec.4.4.3), we compare the detection performance
of our dynamics encoder by employing our proposed met-
ric and alternative criteria as stopping conditions during the
training. Max epoch signifies the training over the maxi-
mum number of epochs. Davies-Bouldin Index (DBI) [10]
assesses the quality of clustering results by calculating the
ratio of intra-cluster distances to inter-cluster separations. A
lower DBI value implies more compact and well-separated
clusters, i.e., better clustering quality. In addition, Opt
epoch selects the optimal training epoch that achieves the
best detection results, providing the upper bound of detec-
tion performance.

In Table 3, our performance is close to the optimal case
across various noise types and datasets, whereas Max epoch
and DBI fail to stop the training process at a proper epoch
on CIFAR-100. In conclusion, using the proper validation
metric is critical for achieving competitive detection per-
formance, particularly in the scenario where ground-truth
annotations are not available for validation.

Lcluster Lalign Asym. Inst. Agg.

93.8 ± 0.17 91.8 ± 0.39 78.8 ± 0.37
✓ 93.2 ± 0.11 92.7 ± 0.36 76.8 ± 0.83
✓ ✓ 94.0 ± 0.15 92.3 ± 0.38 79.6 ± 0.37

Table 4. F1 score (%) of DynaCor that ablates the clustering and
alignment loss on CIFAR10 using CLIP w/ MLP as a classifier.
The first row reports the detection performance with a randomly
initialized dynamics encoder.

5.4. Quantitative analyses

The effect of corruption rate. We analyze the effect of
increasing the corruption rate, which in turn amplifies the
overall noise level.5 For thorough analyses, we conduct a
controlled experiment within a supervised framework using
classification,6 assuming the availability of ground-truth an-
notations that indicate each instance as being correctly or
incorrectly labeled. We then compare these results, gen-
erally regarded as the performance upper bound for unsu-
pervised methods, with those obtained by an unsupervised
approach. We focus on assessing the ability of our proposed
unsupervised learning model, i.e., DynaCor, to discriminate
training dynamics and how this discrimination is affected
by increasing the overall noise level through corruption.

As shown in Figure 2, the detection F1 scores achieved
by DynaCor (Figure 2b) approaches those of supervised
learning (Figure 2a), demonstrating the effectiveness of
training dynamics. This proximity is especially notable
when utilizing a powerful image encoder, i.e., CLIP, which
makes the training dynamics less susceptible to changes in
the corruption rate. In contrast, the training dynamics from
ResNet34 are more affected by increased corruption rate.
Surprisingly, in the case of “Inst.” type label noise, the
training dynamics from the CLIP w/ MLP classifier become
even more distinguishable as the corruption rate increases to
0.5. It shows that a higher noise rate in the training dataset
can enhance the discernibility of the training dynamics. We
hypothesize that the symmetric noise introduced through
our label corruption process may reduce the overall diffi-
culty of the detection task. This is consistent with the as-
sertion in Sec. 4.4.2 that the symmetric noise is relatively
straightforward to identify and, in turn, contributes to im-
proving the performance of noisy label detection.

The effect of two losses. We examine the effect of the
clustering and alignment losses within our DynaCor frame-
work. In Table 4, both losses enhance detection perfor-
mance. We also observe that the alignment loss effectively
addresses the high imbalance between clean and noisy in-
stances, particularly in scenarios with a low noise rate (e.g.,

5The overall noise rate is formulated as ηover =
η+γ·ηγ
1+γ

.
6See Appendix B.1 for the details.
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(a) Classification accuracy (%) of robust learning

(b) Noisy label detection F1 score (%)

Figure 3. Compatibility analysis of Dividemix with DynaCor on
CIFAR100 over “Asym.” and “Inst.” with respect to noise rate

“Agg.” on CIFAR-10). Given that DynaCor intentionally
increases the noise rate by augmenting instances with cor-
rupted labels, its benefits become more pronounced when
dealing with datasets featuring a small original noise rate.
In such cases, the alignment loss is crucial in stabilizing the
clustering process by aligning the distinct distributions of
original and corrupted instances.

5.5. Compatibility analyses with robust learning

We investigate the compatibility and synergistic effects
of integrating our framework with various robust learning
techniques: a semi-supervised approach (Dividemix [26]),
loss functions (GCE [61] and SCE [47]), and a regulariza-
tion method (ELR [29]). Detailed analyses of incorporating
the loss functions and regularization technique on the Cloth-
ing1M dataset are provided in Appendix D.

For the semi-supervised approach, we select Dividemix
[26] that iteratively detects incorrectly labeled instances and
treats them as unlabeled instances. We construct integrated
models of Dividemix and DynaCor through two distinct
approaches: (1) DDyna-L is leveraging Dividemix to ob-
tain the training dynamics of both original and corrupted
datasets within our framework, and (2) DDyna-S is sub-
stituting the original detection method in Dividemix, i.e.,
GMM, with DynaCor. For the base architecture, we em-
ploy an 18-layer PreAct ResNet [18], adhering to its default
optimization settings and hyperparameters, as specified in
the original paper [26].

Classification accuracy. We explore the impact of our
framework on the classifier’s accuracy, specifically intro-
ducing a corrupted dataset (DDyna-L) and supplanting
the existing noise detection method (DDyna-S). Figure 3a

demonstrates that both enhance classification performance.
In essence, results obtained with DDyna-L demonstrate that
instances with symmetric label noise introduced through
our corruption process prove beneficial for noise robust
learning, especially in scenarios featuring a low noise rate
in the original dataset, pointed out as a challenging setting
for Dividemix [50].

Detection F1 score. To report the noisy label detection
performance within robust learning framework, i.e., Di-
videmix and DDyna-S, we measure F1 score at every epoch
and report the value when test classification accuracy is at
its highest. Note that they leverage a clean test dataset to
identify the optimal detection point; on the contrary, the
noisy detection method (DDyna-L) operates without access
to clean data, instead employing the procedure for model
validation on the noisy dataset itself (Sec. 4.4.3), presenting
a more challenging task. Figure 3b indicates that DDyna-S
and DDyna-L further improves the detection F1 score of Di-
videmix, indicating the great compatibility of DynaCor with
existing semi-supervised noise robust learning. In scenarios
involving “Inst.” label noise, DDyna-L exhibits compelling
synergistic effects across a wide range of noise rates.

6. Conclusion

This paper proposes a new DynaCor framework that dis-
tinguishes incorrectly labeled instances from correctly la-
beled ones via clustering of their training dynamics. Dy-
naCor first introduces a label corruption strategy that aug-
ments the original dataset with intentionally corrupted la-
bels, enabling indirect simulation of the model’s behavior
on noisy labels. Subsequently, DynaCor learns to induce
two clearly distinguishable clusters for clean and noisy in-
stances by enhancing the cluster cohesion and alignment
between the original and corrupted dataset. Furthermore,
DynaCor adopts a simple yet effective validation metric to
indirectly estimate its detection performance in the absence
of annotations of clean and noisy labels. Our comprehen-
sive experiments on real-world datasets demonstrate the de-
tection efficacy of DynaCor, its remarkable robustness to
various noise types and noise rates, and great compatibility
with existing approaches to noise robust learning.
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