
Learning Causal Transition Matrix for Instance-dependent Label Noise

Jiahui Li1, 2*, Tai-Wei Chang2*, Kun Kuang1†, Ximing Li2, Long Chen3, Jun Zhou2

1Zhejiang University
2Ant Group

3The Hong Kong University of Science and Technology
jiahuil@zju.edu.cn, taiwei.twc@antgroup.com, kunkuang@zju.edu.cn

xili.lxm@antgroup.com, longchen@ust.hk, jun.zhoujun@antgroup.com

Abstract

Noisy labels are both inevitable and problematic in machine
learning methods, as they negatively impact models’ gen-
eralization ability by causing overfitting. In the context of
learning with noise, the transition matrix plays a crucial role
in the design of statistically consistent algorithms. However,
the transition matrix is often considered unidentifiable. One
strand of methods typically addresses this problem by assum-
ing that the transition matrix is instance-independent; that is,
the probability of mislabeling a particular instance is not in-
fluenced by its characteristics or attributes. This assumption
is clearly invalid in complex real-world scenarios. To better
understand the transition relationship and relax this assump-
tion, we propose to study the data generation process of noisy
labels from a causal perspective. We discover that an unob-
servable latent variable can affect either the instance itself,
the label annotation procedure, or both, which complicates
the identification of the transition matrix. To address various
scenarios, we have unified these observations within a new
causal graph. In this graph, the input instance is divided into
a noise-resistant component and a noise-sensitive component
based on whether they are affected by the latent variable.
These two components contribute to identifying the “causal
transition matrix”, which approximates the true transition ma-
trix with theoretical guarantee. In line with this, we have de-
signed a novel training framework that explicitly models this
causal relationship and, as a result, achieves a more accurate
model for inferring the clean label.

Introduction
The success of deep neural networks is heavily based on
large-scale annotation datasets (Daniely and Granot 2019;
Yao et al. 2020a). However, data annotation inevitably in-
troduces label noise, and the models are prone to overfitting
on the mislabeled data, which hampers their performance
in terms of generalization. Cleaning up corrupted labels is
extremely expensive and time-consuming. Therefore, find-
ing effective algorithms to mitigate the impact of label noise
and improve model performance is of utmost importance.

Most of the main research (Patrini et al. 2017; Vahdat
2017; Xiao et al. 2015; Cheng et al. 2020; Yao et al. 2021;
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Figure 1: Examples of three causal graphs illustrating the
mislabeling of “5” as “6” in MNIST, where X denotes
instance(image), Y denotes the ground truth label, Ŷ de-
notes the noisy label, and Z denotes the latent variable. The
dashed circles represent the unobservable variable. (a) The
instance is perturbed by noise, making “5” looks like “6”.
(b) The instance is clean, but it is mislabeled by an annota-
tor. (c) The instance exhibits a mixture situation of (a) and
(b).

Bae et al. 2022; Zhang et al. 2024) in label-noise learning
focuses on estimating the transition matrix Tij = P (Ŷ =
j|Y = i,X = x), which captures the relationship be-
tween the true (clean) labels Y and the observed (noisy) la-
bels Ŷ . This transition matrix provides valuable information
about the noise distribution and can be used to guide the
learning process. Typically, the identification of the transi-
tion matrix becomes a challenge due to the inaccessibility
of the clean label Y for direct observation. In order to facil-
itate learning in the presence of noise, one strand of meth-
ods (Natarajan et al. 2013; Berthon et al. 2021; Xia et al.
2020b) assumes that the transition relationship between the
noisy label Ŷ and the clean label Y is instant-independent,
wherein P (Ŷ |Y,X) = P (Ŷ |Y ). However, in complex real-
world scenarios, label noise can be attributed to various fac-
tors and may violate the instance-independent assumption.
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Therefore, it is crucial to find a more rational and effective
transition relationship to handle label noise in realistic and
complex settings.

To explore the factors that hinder the inference of the
clean label, we approach our study from a causal perspec-
tive. Depending on the source of noise, we can get three dis-
tinct causal graphs of the data generation procedure, which
are depicted in Figure 1. Firstly, in scenario (a), certain envi-
ronmental factors Z, e.g.lighting, noise, shadow, impact the
instance X . This, in turn, influences the annotators, leading
to the production of a noisy label Ŷ . Secondly, in scenario
(b), some factors Z do not influence X but directly cause the
generation of the noisy label Ŷ , such as the annotator’s neg-
ligence. Lastly, both scenarios (a) and (b) can occur simulta-
neously, resulting in a noisy label Ŷ . In all the cases shown
in the figure, fulfilling the instance-independent assumption
is challenging. It is evident that X serves as a common cause
for both Y and Ŷ , introducing confounding bias when at-
tempting to estimate the transition matrix P (Ŷ |Y,X). Fur-
thermore, the presence of an unobservable latent variable Z
further complicates the estimation process, resulting in inac-
curacies in learning the clean labels.

To address these challenges and improve the understand-
ing of the transition relationship, we have integrated the
three causal graphs presented in Figure 1 into a unified
diagram, shown in Figure 1(c), and we introduce a new
causal graph in Figure 2(a). In this proposed causal graph,
we consider Y as the treatment and Ŷ as the outcome
and introduce a novel concept: the “causal transition ma-
trix” P (Ŷ |do(Y ), X), which serves to approximate the true
transition matrix. The proposed causal graph suggests the
presence of two components within X: a noise-resistant
component X1 and a noise-sensitive component X2. The
noise-resistant component X1 is not influenced by the latent
variable Z but plays a role in determining the clean label Y .
In contrast, the noise-sensitive component X2 is subject to
interaction with both the latent variable Z and the clean la-
bel Y , contributing to the generation of the noisy label Ŷ .
The clear distinction of these two components enables the
“causal transition matrix” P (Ŷ |do(Y ), X) to be identified
with a theoretical guarantee, which in turn contributes to the
inference of the clean label Y from X .

Building upon this, we have developed a novel training
framework that explicitly models the variables and causal
relationships within the proposed causal graph. Initially,
the framework separates the noise-resistant component X1

and the noise-sensitive component X2 from the variable X .
Given that the variable Y is unobservable, we use confidence
sampling techniques to make it partially observable. In addi-
tion, we have designed a transition model to capture the re-
lationships among various variables effectively. Our design
ensures that the causal relationship is accurately established,
leading to more robust and precise learning outcomes in the
presence of label noise.

Our contribution can be summarized as follows:
(1) We propose a novel causal graph that integrates mul-

tiple scenarios of label-noise learning, thereby facilitating a
more comprehensive understanding of the transition dynam-

ics within this field.
(2) Based on the causal graph, we relax the instance-

independent assumption and introduce the concept of the
“causal transition matrix” P (Ŷ |do(Y ), X), which serves as
an approximation for the transition matrix and provides a
theoretical guarantee for its identification.

(3) We propose a novel framework that explicitly models
the variables and their causal relationships as delineated in
the proposed causal graph. This framework can be trained
end-to-end, leading to a more precise model to infer clean
labels.

(4) Experiments on both synthetic and real-world label-
noise datasets highlight the superiority of our method.

Related Work
Due to the susceptibility of the traditional cross entropy (CE)
loss to overfit noisy labels, and the high cost and time in-
volved in cleaning up corrupted labels, there has been a no-
table surge in interest in learning with noisy labels.
Transition matrix in label-noise learning. The transition
matrix plays a crucial role in the learning of label noise
as it captures the relationships between true labels and ob-
served noisy labels. One line of approaches (Patrini et al.
2017; Vahdat 2017; Xiao et al. 2015; Cheng et al. 2020)
involves developing algorithms that initially estimate the
transition matrix roughly and then correct it using pos-
teriors. However, recent studies (Cheng et al. 2020; Xia
et al. 2019; Yao et al. 2020b) have revealed that the transi-
tion matrix is unidentifiable and thus challenging to learn.
To overcome this challenge, researchers (Natarajan et al.
2013; Berthon et al. 2021; Xia et al. 2020b) often as-
sume that the noisy label is independent of the instance,
denoted P (Ŷ |Y,X) = P (Ŷ |Y ). Additionally, some ap-
proaches (Zhang and Sabuncu 2018; Wang et al. 2019; Yao
et al. 2020a; Ma et al. 2020) focus on designing robust loss
functions that mitigate the label noise issue without the need
for estimating the transition matrix. However, as pointed
out by Zhang, Niu, and Sugiyama (2021), these methods
may only perform adequately under simple conditions, such
as symmetric noise, and may struggle when dealing with
heavy and complex noise. Another line of research (Han
et al. 2018, 2020; Yu et al. 2019; Mirzasoleiman, Cao, and
Leskovec 2020; Wu et al. 2020) involves performing sample
selection during training, some of which can also eliminate
the instance-independent assumption. These methods utilize
techniques such as learning with rejection (El-Yaniv et al.
2010; Thulasidasan et al. 2019; Mozannar and Sontag 2020;
Charoenphakdee et al. 2021), meta-learning (Shu et al. 2019;
Li et al. 2019), contrastive learning (Li et al. 2022), or semi-
supervised learning (Nguyen et al. 2019; Li, Socher, and Hoi
2020) to select training samples with high confidence. How-
ever, as argued by Cheng et al. (2020), these methods cannot
guarantee the avoidance of overfitting to label noise because
they are trained based on CE loss.
Causal methods for label-noise learning. The causal per-
spective serves as a valuable tool to improve our understand-
ing of the noise generation process. Yao et al. (2021) pro-
pose CausalNL which uses variational inference (Kingma
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and Welling 2013) to model the causal structure underly-
ing the generation of noisy data. Likewise, Bae et al. (2022)
propose a noisy prediction calibration method based on the
causal structure, which also adopts the generative model to
explicitly model the relationship between the output of a
classifier and the true label. However, both rely on the as-
sumption of instance independence in the posterior probabil-
ity, P (Y |Ŷ , X) = P (Y |Ŷ ), and model such a relation via
the variational auto-encoder (Kingma and Welling 2013).
Compared with the other causal-based methods. To es-
tablish a more accurate and reliable transition relationship,
we propose a novel causal structure and framework for
learning with noise. This approach does not require the
use of variational inference tools and eliminates the need
for the posterior probability assumption. Within this struc-
ture, we introduce the concept of “causal transition matrix”,
which approximates the true transition matrix with theoreti-
cal guarantees, thus enhancing the efficacy of learning under
noise conditions.

Method
Problem Setup
Considering a classification problem with k classes. Let
X and Y be the random variables for the input instance
and the clean label Y , respectively. The training examples
(xn, yn) are sampled from the joint probability distribution
P over the random variables (X,Y ) ∈ X × Y , where
n ∈ {1, 2, ..., N} and N represent the number of train-
ing examples. The goal of the classification task is to find
a classifier f : X → Y that accurately maps X to Y .
Mainstream methods train the neural network by minimiz-
ing the empirical risk EP [L(f(x), y)], where L denotes the
loss function. In real-world applications, we can only ob-
serve the sample (xn, ŷn), where ŷn represents the noisy
label. The noise of the label of each instance is charac-
terized by a transition matrix T (X), where each element
Tij(X) = P (Ŷ = j|Y = i,X = x) denotes a probability
from Y to Ŷ when given X . When learning with noisy la-
bels, the loss function becomes L(f(x), ŷ), but our objective
is still to train a clean classifier that minimizes the empirical
risk on the clean label y.

Causal Viewpoint for Denoising
We have summarized the causal relationship in Figure 2(a),
which involves two unobservable variables: Z and Y . In re-
cent literature (Han et al. 2018, 2020; Yu et al. 2019; Yao
et al. 2021; Bae et al. 2022), Ŷ from reliable examples can
be considered the clean label, which makes Y partially ob-
served. Consequently, the unobservable latent variable Z
becomes the primary obstacle. Mainstream studies (Cheng
et al. 2020; Xia et al. 2019; Yao et al. 2020b) typically deem
that the transition matrix T (X) is not identifiable and diffi-
cult to learn. We introduce the concept of “causal transition
matrix”, which is defined as Tcau = P (Ŷ |do(Y ), X). This
represents the outcome distribution of the noisy label Ŷ by
intervening on Y conditioned on X . By intervening on Y ,

we essentially eliminate the incoming edge of Y , thus en-
suring unbiased estimation.

In causal theory, a natural approach to estimate Tcau =

P (Ŷ |do(Y ), X) is backdoor adjustment (Pearl 1995), since
X effectively blocks all backdoor paths. However, accu-
rately computing an unbiased relationship necessitates sam-
pling across X , which introduces substantial computational
challenges. Moreover, computing over X is more “noisy”,
as it involves a lot of irrelevant information. Consequently,
an accurate and efficient alternative approach is necessary to
investigate.

To make the causal transition matrix identifiable, we sep-
arate each instance X into two components, the noise-
resistant component X1 and the noise-sensitive component
X2. We posit that X1 is not influenced by the latent vari-
able Z and directly causes the clean label Y , while X2 may
be affected by Z and serves as a contributing factor to the
noise found in Ŷ . Based on the two components, we have
the following theorem.
Theorem 1 The instance-dependent causal transition ma-
trix P (Ŷ |do(Y ), X) is identifiable if we recover the noise
predictive factor X2.
Proof: Let GȲ be the graph induced by removing the
incoming edges of Y . Since Ŷ ⊥⊥ X1|Y,X2 in GȲ ,
we have P (Ŷ |do(Y ), X) = P (Ŷ |do(Y ), X1, X2) =

P (Ŷ |do(Y ), X2). Let GY be the graph induced by remov-
ing the outgoing edges of Y . Since Ŷ ⊥⊥ Y |X2 in GY , we
have P (Ŷ |do(Y ), X2) = P (Ŷ |Y,X2). However, note that
Y is an unobservable latent variable that we are interested in
modeling, and as such we need causal estimand that gives us
an unbiased estimation of Y as well.
Theorem 2 The effect of X1 on Y can be identified if we
recover X1.
Proof: Since we have P (Y |do(X1)) =∫
X2

P (Y |X1, X2)P (X2)dX2 by using the backdoor

criterion and that Y ⊥⊥ X2|X1 by d-separation, we have∫
X2

P (Y |X1, X2)P (X2)dX2 =

∫
X2

P (Y |X1)P (X2)dX2

= P (Y |X1)

∫
X2

P (X2)dX2 = P (Y |X1).

Based on Theorem 2, it is possible to obtain an unbiased
classifier based solely on X1. Consequently, we can recover
X1 by decorrelating it from Z. According to Theorem 1, the
causal transition matrix can be identified if we can identify
the contributing factor X2 ⊆ X to Ŷ . Intuitively, X1 can
be omitted, since it is the parent of Y and the do operation
effectively eliminates the incoming edge of Y .

Therefore, the focus of this paper is twofold: 1) how to
identify these contributing factors and 2) how to model
causal relations between variables.

Training Framework for Denoising
The training framework of our method is illustrated in Fig-
ure 2. In this subsection, we will provide a detailed introduc-
tion to the entire procedure.
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Figure 2: (a) The proposed causal graph for learning with noisy labels. (b) The training framework of our method.

Transition
Model

𝑌𝑋!

+

𝑁𝑜𝑖𝑠𝑒
#𝑌𝑈𝑛𝑖𝑓𝑜𝑟𝑚Transition

Model

𝑋"

𝑁𝑜𝑖𝑠𝑒

Figure 3: The design of the transition model.

Modeling the observable contributing factors. Initially,
we utilize a separation model to separate the noise-resistant
component X1 from X , which can be represented as X1 =
g1(X), where g1(·) denotes any neural network. Subse-
quently, we infer the clean label Y using a classifier Y =
f(X1). As mentioned above, Y is unobservable in the causal
graph, so it is necessary to sample confidently Y to make
it partially observable. To accomplish this, we employ co-
teaching (Han et al. 2018), as it is a commonly used and
straightforward technique. Two twin models are trained si-
multaneously and updated via:

Lco-teaching =
1

|B|
∑
i∈B

min(ℓ1,i, ℓ2,i), (1)

where B denotes the confident examples in a batch with
number |B|, and ℓj,i denotes the loss of i-th example in j-th
model.

Since we do not know how the instance X is affected by
the latent variable Z, we directly model the noise-sensitive
component X2 as a representation through X2 = g2(X),
where g2(·) denotes any type of neural network.
Modeling the causal transition relations. To ensure that
the variables obey the proposed causal graph, there are two
things that must be done.

(i) Decorrelating X1 from Ŷ .
(ii) Modeling the relationship from X2, Y , Z to Ŷ .
We propose a transition model to achieve both goals si-

multaneously, as depicted in Figure 3, in which the blue
block indicates that the gradients do not need to be com-
puted.

Firstly, for decorrelating X1 and Ŷ , the transition model
ftran take X1 and a Gaussian noise as inputs and output a

tensor with dimension of k, which can be represented as:

ŶX1
= ftran(X1, Z1), Z1 ∼ N (0, 1), ŶX1

∈ Rk. (2)

We aim to ensure that the probability of Ŷ given X1 is uni-
form for each class candidate. To achieve this, we constrain
ŶX1 so that X1 of each instance predicts an all-one vector.
This can be represented as the decorrelation loss:

Reg(X1) = −
N∑
i=1

ỹx1
log softmax(1k), (3)

where N denotes the number of the examples in a batch, ỹx1

denotes the output of the transition model when take x1 as
input, and 1k denotes all-one vector with k dimension.

Secondly, for modeling the causal transition matrix, we
take Y and another noise as input, affiliated with the noise-
sensitive component X2, which is represented as:

Ŷ = ftran(m(Y,X2), Z2), Z2 ∼ N (0, 1), Ŷ ∈ Rk, (4)

where m(·, ·) denotes the merging function of two tensors.
In this paper, we adopt the merging function:

m(Y,X2) = gs(Y + β ∗X2), (5)

where β denotes the scaling factor, and gs(·) denotes the
Gumbel-Softmax function.

Since our main focus is on the causal transition matrix
P (Ŷ |do(Y ), X), we block the gradient of X2 to make the
relationship from Y to Ŷ more precise. Therefore, X2 can be
considered as the compensation tensor that bridges the gap
between P (Ŷ |do(Y ), X) and P (Ŷ |do(Y )). The transition
model can be optimized using the following equation:

LCE = −
N∑
i=1

ỹi log(ŷi), (6)

where ỹ denotes the predicted noisy label, and ŷ denotes the
noisy label.
Policy model for getting the noise-sensitive component.
We still need to optimize g2 to minimize the cross-entropy
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between the model prediction Ỹ and the noisy label Ŷ . How-
ever, since we have blocked the gradient of X2 in the transi-
tion model, we need to find an alternative approach. Draw-
ing inspiration from reinforcement learning, we use the pol-
icy gradient (Sutton and Barto 2018) to obtain the noise-
sensitive component X2. Specifically, we model g2 using a
policy π that takes the instance X as input state and out-
puts a soft action X2. After the soft action is performed in
the transition model, a reward R is obtained, representing
the outcome of the soft action. We design a reward calcu-
lator, which computes the reward for each instance xi as
R = 1

1−ỹi log(ŷi)
. This reward function ensures that the re-

ward is always greater than zero and increases as the cross-
entropy decreases. This naturally promotes the goal of X2 to
be achieved. The policy model is trained using the following
loss function:

Lpg = −
N∑
i=1

R log π(xi). (7)

Recalling the Gumbel-Softmax function in equation. (5),
it serves two main functions: (1) It acts as an exploration
strategy for π and prevents the policy from settling into sub-
optimal results. (2) It introduces more noise into the transi-
tion matrix to mimic the effect of Z.
Training objectives. Our framework can be trained end-to-
end, and the overall loss function L is computed as:

L = Lco-teaching+α1∗LCE+α2∗LPG+α3∗Reg(X1), (8)

where α1, α2 and α3 denotes the scale factors.

Analysis of the Framework
What our framework does? Theories 1 and 2 assert that
under the proposed causal graph, the causal transition ma-
trix is identifiable and enables us to infer the clean label Y
during the inference process. Our framework establishes the
causal relationship through Equation (8), which comprises
four terms of loss functions. The co-teaching loss Lco-teaching

treats the confident noisy label Ŷ as the true label Y and
guides the training of the classifiers within the twin net-
works. Concurrently, the policy gradient loss LPG is instru-
mental in separating the noise-sensitive component X2 from
the input instance X . Additionally, the regularization loss
Reg(X1) acts as a penalty to reduce the correlation between
X1 and Ŷ , ensuring that the noise-resistant component X1

remains insensitive to noise. Our proposed causal graph ac-
commodates the linkage between the two variables X1 and
X2, obviating the need for additional computations to disen-
tangle them. Once the variables are distinguished, the causal
transition relationship is explicitly established through the
transition model, which is refined by optimizing the cross-
entropy loss LCE .
Additional computational costs. During the training pro-
cess, we construct a twin network architecture, which re-
quires twice the computational resources compared to the
original classifier. However, for inference, only the separa-
tion model and the classifier are employed. Since the separa-
tion model can be implemented as a relatively simple layer,

the increase in computational costs remains minimal. Fur-
thermore, our method does not adopt generative models, un-
like previous work (Yao et al. 2021; Bae et al. 2022; Cheng
et al. 2020), which not only saves computational costs but
also eliminates potential errors.
Relation to mainstream assumptions. Our method is
adept at addressing both instance-independent and instance-
dependent label noise. By focusing solely on the right
part of the causal graph and disregarding X2, our ap-
proach aligns with the instance-independent assumption
that P (Ŷ |Y,X) = P (Ŷ |Y ). This equivalence arises due
to the decorrelation between X1 and Ŷ . Furthermore, our
method does not rely on the assumption of independence
in the posterior probability P (Y |Ŷ , X) = P (Y |Ŷ ), as
seen in related work (Yao et al. 2021; Bae et al. 2022). Al-
though most related work depends on specific assumptions,
our approach is based on two relatively mild and broadly ap-
plicable assumptions: the separability of X and the partial
observability of Y . These assumptions are generally reason-
able and pragmatic for many real-world applications.
Flexibility of the causal graph. The proposed causal graph
can also be adapted for semi-supervised methods (Wang
et al. 2022; Xiao et al. 2023; Li, Socher, and Hoi 2020),
which initially select clean samples and then use the remain-
ing noisy samples to enhance performance. For further de-
tails on the implementation and experimental results, please
refer to Li et al. (2024).

Experiment
We carry out experiments on both synthetic and real-world
datasets, encompassing various types of label noise. We
place particular emphasis on instance-dependent noise, as
it represents the most challenging and significant aspect of
our research.

Experiment Setup
Datasets. (i) We first perform experiments on the manu-
ally corrupted version of four synthetic datasets, i.e., Fash-
ionMNIST (Xiao, Rasul, and Vollgraf 2017), SVHN (Yu-
val 2011), CIFAR10, CIFAR100 (Krizhevsky, Hinton et al.
2009). The experiments are conducted with three differ-
ent types of artificial label noise, with a focus on instance-
dependent noise in this paper. (a) Symmetric Noise (SYM).
The label of each instance is uniformly flipped to one of
the other classes (Patrini et al. 2017; Han et al. 2018; Xia
et al. 2020a). (b) Asymmetric Noise (AYM). The label
of each instance is flipped to a set of semantically simi-
lar classes (Tanaka et al. 2018; Han et al. 2018; Xia et al.
2020a). (c) Instance Dependent Noise (IDN). The label of
each instance is determined by the probability that it is mis-
labeled, and this probability is calculated based on the cor-
responding feature of the data instance (Berthon et al. 2021;
Yao et al. 2021; Bae et al. 2022).
(ii) Meanwhile, we perform experiments on two real-
world noisy datasets: Food101 (Bossard, Guillaumin, and
Van Gool 2014) and Clothing1M (Xiao et al. 2015).
Evaluation metric. The test sets for the various datasets
remain clean, ensuring that the test accuracy can effec-
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Method
SYM ASYM IDN

20% 80% 20% 40% 20% 40%
CE 74.0 27.0 81.0 77.3 68.4 52.1
Early Stop 83.6 49.5 84.1 76.6 79.5 55.4
Co-teaching 82.5 64.2 88.2 73.6 81.8 75.4
Joint 82.0 6.0 82.1 82.3 82.7 82.4
JoCoR 86.0 27.6 88.9 79.4 86.3 83.2
CORES2 74.6 8.9 77.6 74.3 80.0 58.1
SCE 74.0 27.0 82.0 77.4 68.3 52.0
LS 73.9 27.8 81.5 77.0 69.0 52.5
REL 84.6 70.1 82.8 76.2 84.6 75.5
Forward 77.4 24.3 88.3 79.2 75.2 56.9
DualT 84.5 10.0 86.9 83.1 85.1 68.5
TVR 72.6 24.9 80.6 76.4 66.3 51.7
CausalNL 84.0 51.5 88.8 87.4 90.8 90.0
Ours w.o/ pg 92.1 75.8 89.6 82.4 91.3 90.3
Ours 92.1 71.5 91.4 88.7 91.0 90.4

Table 1: Results on FashionMNIST with symmetric, asym-
metric, and instance-dependent label noise.

tively reflect the superior performance of the denoising
methods we evaluate. For the synthetic datasets, we report
the mean performance across 5 random seeds. For the real-
world dataset, we report the best results for the last 10
epochs.

Baselines. We choose popular denoising methods as base-
lines: Co-teaching (Han et al. 2018), Joint (Tanaka et al.
2018), JoCoR (Wei et al. 2020), CORES2 (Cheng et al.
2020), SCE (Wang et al. 2019), LS (Lukasik et al. 2020),
REL (Xia et al. 2020a), Forward (Patrini et al. 2017), Du-
alT (Yao et al. 2020b), TVR (Zhang, Niu, and Sugiyama
2021), MentorNet (Jiang et al. 2018), Mixup (Zhang et al.
2018), Reweight (Liu and Tao 2015), T-Revision (Xia et al.
2019), BLTM-V (Yang et al. 2022), CausalNL (Yao et al.
2021). Among them, CausalNL is closest to our work, since
it is also a causality-based method.

Ablation study. We also performed ablations on all scenar-
ios by removing the policy model X2 from the framework.
This indicates that our model is trained with a transition re-
lationship that follows the instance-independent assumption
P (Ŷ |Y,X) = P (Ŷ |Y ). We represent this as “w.o/pg” in
this section.

Implementation details. We use ResNet models (He et al.
2016) as backbone classifiers, selecting network depth based
on the difficulty of the dataset. For the FashionMNIST
dataset, we utilize ResNet18. ResNet34 is employed for
both SVHN and CIFAR10 datasets. ResNet50 is applied
to CIFAR100 without using pretrained checkpoints, while
ResNet50 with pretrained checkpoints is used for Food101
and Clothing1M datasets. In every scenario, we assign α1 =
α3 = 0.1. The value for α2 varies according to scenario
complexity. For datasets lacking extra perturbations on the
instances, α2 is set to 0.1. Conversely, when datasets contain
perturbations, α2 is adjusted to 0.01. Moreover, β is consis-
tently set to 0.2 across all experiments.

Map
IDN

20% 30% 40% 45% 50%

CE 91.51±0.45 91.21±0.43 87.87±1.12 67.15±1.65 51.01±3.62

Co-teaching 93.93±0.31 92.06±0.31 91.93±0.81 89.33±0.71 67.62±1.99

Decoupling 90.02±0.25 91.59±0.25 88.27±0.42 84.57±0.89 65.14±2.79

MentorNet 94.08±0.12 92.73±0.37 90.41±0.49 87.45±0.75 61.23±2.82

Mixup 89.73±0.37 90.02±0.35 85.47±0.63 82.41±0.62 68.95±2.58

Forward 91.89±0.31 91.59±0.23 89.33±0.53 80.15±1.91 62.53±3.35

Reweight 92.44±0.34 92.32±0.51 91.31±0.67 85.93±0.84 64.13±3.75

T-Revision 93.14±0.53 93.51±0.74 92.65±0.76 88.54±1.58 64.51±3.42

BLTM-V 95.12±0.40 94.69±0.24 88.13±3.23 80.43±4.12 78.71±4.37

CausalNL 94.06±0.23 93.86±0.65 93.82±0.64 93.19±0.93 85.41±2.95

Ours w.o/ pg 93.86±0.17 93.82±0.18 93.50±0.25 93.19±1.25 92.91±1.54

Ours 94.13±0.08 93.97±0.11 93.94±0.16 93.33±1.12 92.57±1.56

Table 2: Results on SVNH with instance-dependent noise.

Results on Symmetric and Asymmetric Noise
We begin our experiments with the relatively simple Fash-
ionMNIST dataset, considering both symmetric and asym-
metric noise. The results for different noise rates are shown
in Table 1. For symmetric noise, we performed experi-
ments with noise rates of 20% and 80%. For asymmetric
noise, we conducted experiments with noise rates of 20%
and 40%. In both scenarios, our ablation study achieves the
best performance. The reason behind this is that the noisy
labels are randomly assigned without considering the in-
stance, making them almost instance-independent, where
P (Ŷ |Y,X) = P (Ŷ |Y ). The policy model can be consid-
ered as P (Ŷ |Y +R), where a real number R is added to Y ,
thus affecting the model’s performance.

Results on Instance-dependent Noise
Comparison with baselines. Instance-dependent noise is
crucial for evaluating the accuracy of the estimated tran-
sition matrix, as it is challenging to satisfy the instance-
independent assumption. We conducted our study on four
datasets: FashionMNIST (Table 1), SVHN (Table 2), CI-
FAR10 and CIFAR100 (Table 3), with increasing levels of
difficulty. As the results demonstrate, our method achieves
state-of-the-art performance in almost all scenarios, partic-
ularly when faced with high noise rates. Even the ablation
study of our method yields satisfactory results. This can
be attributed to the separation of the X1 component from
X , which allows explicit decorrelation between X1 and the
noisy label Ŷ , resulting in a more reliable classifier.
How the latent variable Z influences performance. In real
world scenarios, the latent variable Z influences both the in-
stance X and the noisy label Ŷ . In this subsection, we intro-
duce additional noise to perturb the instance X , reflecting its
influence along the path Z → X in the causal graph. Mean-
while, the noise rate represents the influence of Z along the
path Z → Ŷ . To investigate how the latent variable Z in-
fluences performance, we control the influence of Z on one
path while adjusting the other.
Construction of the perturbed instance. We introduce
noise to each instance X in the training data by generating
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Map
CIFAR10-IDN CIFAR100-IDN

20% 30% 40% 45% 50% 20% 30% 40% 45% 50%

CE 75.81±0.26 69.15±0.65 62.45±0.86 51.72±1.34 39.42±2.52 30.42±0.44 24.15±0.78 21.45±0.70 15.23±1.32 14.42±2.21
Co-teaching 80.96±0.31 78.56±0.61 73.41±0.78 71.60±0.79 45.92±2.21 37.96±0.53 33.43±0.74 28.04±1.43 25.60±0.93 23.97±1.91
Decoupling 78.71±0.15 75.17±0.58 61.73±0.34 58.61±1.73 50.43±2.19 36.53±0.49 30.93±0.88 27.85±0.91 23.81±1.31 19.59±2.12
MentorNet 81.03±0.24 77.22±0.47 71.83±0.49 66.18±0.64 47.89±2.03 38.91±0.54 34.23±0.73 31.89±1.19 27.53±1.23 24.15±2.31
Mixup 73.17±0.34 70.02±0.31 61.56±0.71 56.45±0.67 48.95±2.58 32.92±0.76 29.76±0.87 25.92±1.26 23.13±2.15 21.31±1.32
Forward 76.64±0.26 69.75±0.56 60.21±0.75 48.81±2.59 46.27±1.30 36.38±0.92 33.17±0.73 26.75±0.93 21.93±1.29 19.27±2.11
Reweight 76.23±0.25 70.12±0.72 62.58±0.46 51.54±0.92 45.46±2.56 36.73±0.72 31.91±0.91 28.39±1.46 24.12±1.41 20.23±1.23
T-Revision 76.15±0.37 70.36 ±0.54 64.09±0.37 54.42±1.01 49.02±2.13 37.24±0.85 36.54±0.79 27.23±1.13 25.53±1.94 22.54±1.95
BLTM-V1 80.37±1.98 78.82±1.07 72.93±4.00 64.83±4.65 60.33±5.29 - - - - -
CausalNL 81.47±0.32 80.38±0.44 77.53±0.45 78.60±1.06 77.39±1.24 41.47±0.43 40.98±0.62 34.02±0.95 33.34±1.13 32.13±2.23

Ours w.o/ pg 82.57±0.33 81.24±0.36 79.36±0.81 78.43±0.51 75.59±2.07 45.50±0.99 44.67±0.60 38.44±1.40 34.88±2.53 33.05±1.47
Ours 82.94±0.29 82.15±0.25 81.04±0.23 80.24±0.39 78.37±0.93 46.37±0.46 43.34±0.39 39.61±1.04 37.04±1.83 34.44±1.86

Table 3: Results on CIFAR dataset.

Method
Dataset

Food101 Clothing1M

CE 78.37 68.88

Early Stop 73.22 67.07

Co-teaching 78.35 60.15

SCE 75.23 67.77

REL 78.96 62.53

Forward 83.76 69.91

DualT 57.46 70.18

TVR 77.37 69.44

CausalNL 85.64 68.90

Ours w.o/ pg 85.52 70.48

Ours 85.86 72.25

Table 4: Results on real-world dataset.
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(a) Perturbing the training in-
stances considering different in-
tensities with a 50% instance-
dependent noise.
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(b) Considering different lev-
els of instance-dependent noise
when perturbing the instances
with an intensity of 0.6.

Figure 4: Model performance on the CIFAR10 Dataset.

a noise vector Znoise from a uniform distribution, Znoise ∼
U([0, 1]), where Znoise ∈ RD, and D denotes the dimension-
ality of instance X . The perturbed instance Xper is generated
by: Xper = X + γ · Znoise, where γ is the scale factor that
determines the intensity of the perturbation.
How the performance decreases. Figure 4 (a) shows the
performance curve as we gradually increase the intensity of
the perturbation γ from 0 to 1 on the CIFAR10 dataset with
a 50% instance-dependent noisy label rate. As the pertur-
bation increases, the performance of all methods decreases,
but our method consistently exhibits the best performance.
Figure 4 (b) illustrates the performance curve as we increase
the noisy label rate from 0.1 to 0.5 while keeping γ fixed

at 0.6. Compared to CausalNL and the ablation study, our
method demonstrates not only higher effectiveness but also
greater stability. In particular, the performance of both base-
lines experiences a significant drop when the label noise rate
increases from 0.4 to 0.5, while our method is relatively
unaffected. This can be attributed to our modeling of the
noise-sensitive component X2, which helps bridge the gap
between P (Ŷ |Y ) and P (Ŷ |Y,X) in certain contexts.

Results on Real-world Noisy Dataset
We also performed experiments on two popular noisy real-
world label datasets, Food101 and Clothing1M, to evaluate
the superiority of our method. Table 4 presents the test ac-
curacy on the clean test set. Our method outperforms the
baselines, demonstrating its effectiveness in real-world set-
tings. Even in the ablation study, our method without the
policy model still achieves competitive performance com-
pared to the baseline. This is mainly due to our explicit sep-
aration of the component X1 from the original instance X ,
which is not influenced by the latent variable X and directly
contributes to the learning of the classifier. The ablation re-
sults also indicate that the label noise in Clothing1M is more
likely to be instance-dependent compared to Food101.

Conclusion
In this paper, our objective is to learn an accurate tran-
sition relationship in label-noise learning to obtain a bet-
ter classifier. To gain a deeper understanding of the label
noise generation procedure, we approach the problem from
a causal viewpoint and propose a novel causal structure
for learning with label noise. Within this causal structure,
we introduce the concept of a “causal transition matrix”
P (Ŷ |do(Y ), X), which can approximate the original tran-
sition matrix P (Ŷ |Y,X) without relying on the instance-
independent assumption. To accomplish this, we developed
a framework that enables us to estimate the causal transition
matrix with a theoretical guarantee of identifiability. Experi-
mental results on both synthetic and real-world datasets val-
idated the superior performance of our method.
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