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ABSTRACT

Conditional diffusion models have shown remarkable performance in various gen-
erative tasks, but training them requires large-scale datasets that often contain noise
in conditional inputs, a.k.a. noisy labels. This noise leads to condition mismatch
and quality degradation of generated data. This paper proposes Transition-aware
weighted Denoising Score Matching (TDSM) for training conditional diffusion
models with noisy labels, which is the first study in the line of diffusion models. The
TDSM objective contains a weighted sum of score networks, incorporating instance-
wise and time-dependent label transition probabilities. We introduce a transition-
aware weight estimator, which leverages a time-dependent noisy-label classifier dis-
tinctively customized to the diffusion process. Through experiments across various
datasets and noisy label settings, TDSM improves the quality of generated samples
aligned with given conditions. Furthermore, our method improves generation per-
formance even on prevalent benchmark datasets, which implies the potential noisy
labels and their risk of generative model learning. Finally, we show the improved
performance of TDSM on top of conventional noisy label corrections, which em-
pirically proving its contribution as a part of label-noise robust generative models.
Our code is available at: https://github.com/byeonghu—na/tdsm.

1 INTRODUCTION

Diffusion models have gained significant interest in various fields, such as image (Song et al., 2020;
Dhariwal & Nicholl 2021} Karras et al., 2022} Kim et al., 2023)) and video generation (Ho et al.|
2022} |Voleti et al.| [2022), for their high-quality sample generation. Moreover, they have shown
impressive results in conditional generation problems (Kong et al.| 2021; Meng et al., 2022azb;
Rombach et al.| 2022} [Saharia et al., 2022). However, training diffusion models requires large-scale
datasets, which often contain data instances with noisy labels due to expensive labeling costs and a
lack of experts (Xiao et al.,|2015;|Song et al.| 2022). These noisy labels cause problems when learning
conditional generative models, as shown in Figure 1 of [Kaneko et al.| (2019) and Figure[Ib] Although
the problem of learning with noisy labels has been extensively studied in supervised learning (Patrini
et al.,2017; Han et al.| 2018} |L1 et al., 2021; Nordstrom et al.| 2022; |Bae et al.,|2024), there are only
a few studies on generative models (Thekumparampil et al., 2018} [Kaneko et al.,|2019)), and as far as
we know, there has been no theoretical discussion and remedies for diffusion models.

This paper proposes a method for training conditional diffusion models with noisy labels. To achieve
this, we show that the noisy-label conditional score can be interpreted as a linear combination of
clean-label conditional scores based on instance-wise and time-dependent label transition information.
Using this relationship, we propose an objective of Transition-aware weighted Denoising Score
Matching (TDSM). To train a score network with the proposed objective, we introduce an estimator
of the transition-aware weights, and we explain the practical implementation that is not trivial because
of multiple score network evaluations from class transitions. We conduct experiments on various
datasets and label noise settings, and our diffusion models, which are trained by the TDSM objective,
generate samples that match the given condition well (see Figure[Ic), and our models outperform
baseline models on conditional metrics as well as most unconditional metrics. Furthermore, we
empirically demonstrate that TDSM is a key component of label-noise robust diffusion models by
showing improved performance when combined with conventional noisy label corrections.
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(a) Dataset with noisy labels (b) Baseline (c) Ours

Figure 1: (a) Examples of noisy labeled datasets of MNIST (top) and CIFAR-10 (bottom), and (b-c)
the randomly generated images of baseline and our models, trained with the noisy labeled datasets.

In summary, our contributions are as follows:

* We propose Transition-aware weighted Denoising Score Matching for training conditional
diffusion models with noisy labels, which is the first time in the diffusion model.

* We prove that there is a linear relationship between noisy-label and clean-label conditional
scores based on the instance-wise and time-dependent label transition probability.

* We suggest an estimator structure with a time-dependent noisy-label classifier and a transition
matrix to evaluate pairwise class transitions.

* We empirically investigate the negative impact of noisy labeled datasets on diffusion models,
and the proposed method achieves superior performance in the presence of noisy labels.

2 PROBLEM FORMULATION

This section formulates the problem of learning diffusion models from noisy labels. We define the
data space as X 2 RY and the label space as Y = F1;:::;; cg, where d is the data dimension and ¢
is the number of classes. A data instance is denoted by X 2 X, and its corresponding clean label
is denoted by y 2 Y. We assume that only a noisy labeled training dataset D = f(x®; y()glL_;
is available, sampled from a noisy-label data distribution Py, (X; Y), where Y 2 Y represents the
noisy label corresponding to X, and n is the number of data instances.

Label Noise We focus on the class-conditional label noise setting, where the noisy label Y is
assumed to be independent of the instance X given the clean label Y (Natarajan et al., 2013}, |Patrini
et al.,2017). This setting is commonly used in the label noise literature (Kaneko et al., 2019; |Li et al.|
2021;Zhang et al.,|2021b). From a generative perspective, it can be expressed as follows:

- X - - X - -
PXY =y) = p(Y =yj¥Y =yp(jY =y;¥ =y) = p(Y =yj¥ =y)p(xjY =y); (D
y=1 y=1
where the second equation is derived by the assumption from the class-conditional label noise
setting. Eq. (I) means that each noisy-label conditional distribution is a mixture of clean-label
conditional distributions. We define a reverse transilt_.ipn matrix as S = [S;;j] 2 [0;1]° © where

Si;j =p(Y =jjy = i)ﬂ By the definition, we have ;_:Zl Si;j = 1. We provide a detailed review

of learning with noisy labels in Appendix

Diffusion Model Now, we briefly introduce the diffusion model. We describe it through stochastic

differential equations. Specifically, Eqs. (2) and (3)) represent the forward diffusion process and its

corresponding reverse process, respectively (Anderson, (1982} [Song et al., 2020; Kim et al., [2022a)).
dx = f(x¢; Y)dt + g(t)dwy; 2
dxe = [f(xei 1) g*(D)Irx, log pe(xe)ldt + g(D)dwy; 3)

where f is the drift function; g is the volatility function; p¢(X¢) is the probability density of X¢; Wy
and Wy denote the forward and reverse standard Brownian motion, respectively; and t 2 [0; T]. The

'We called S the reverse transition matrix because in most of the literature on learning with noisy labels, the
transition matrix usually contains the information of p(Y = yjY =y). We omit reverse if it is not confusing.
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forward process gradually perturbs the data instaneexg to X1, and the reverse process gradually
denoises fronxt to xp. We can sample data instances through the reverse process.

In spite that the generation task will require the reverse diffusion process, this process is intractable
because a data scorg,, logp:(x:) is generally not accessible. Therefore, the diffusion model
aims to train the score network to approximatg, logp: (x:) through the score matching objective
function with L2 loss|(Song et al., 2020). Speci cally, the conditional diffusion model trains a score
networks , where is trainable parameters, to estimate the gradient of conditional log-likelihood,

r x, logp:(xtjY) (Chao et al|, 2022). Denoising score matching (DSM) (Vincent, 2011; Song et al.,
2020) is commonly used to train a score network:

Losm( ; Pdad X ;Y)) (4)
n h i0

. 2
= Et (t)Ex;y Pdatd X ;Y)Ex, Prjo(Xtjxsy) S (Xt;y;t) r Xt lngtJO(XtJX;Y = y) 2 ;

wherepgatais a clean-label data distributiop,o(X tjX o = X; Y = y) is a perturbation kernet,is
sampled ovef0; T], and (t) is a temporal weight functioh The perturbation kerngjo (X (jX;y)

is generally Gaussian distributed and independent of the label, so it can be computed in closed form.
In this paper, we mainly focus on directly learning a conditional score network, and we discuss the
application of guidance methods in Appendix C. More discussion is in Appendices B.1 and B.2.

Label-Noise Robust Generation of Diffusion Models Our goal is, given a training dataset with
noisy labels, to train a conditional diffusion model that can generate samples conditioned on a
speci ed clean label. This task poses a signi cant challenge due to the presence of noisy labels.
When we train a diffusion model using Eq. (4) with a noisy labeled training dataset, the model
eventually learns the noisy-label conditional scarg, logp: (x:jY). As a result, the generative
distribution from the model follows the mixture of the conditional distributions (see Eq. 1), leading
to the generation of samples from different classes. Furthermore, this problem cannot be solved
by directly applying methods from generative adversarial networks (GANs) (Kaneko et al., 2019;
Thekumparampil et al., 2018), as we are dealing with a time-dependent vector that has a probabilistic
interpretation, namely the data score, and the optimization problem has a different structure.

3 LABEL-NOISEROBUSTDIFFUSION MODELS

This section presents our approach to training diffusion models with noisy labels. We begin by
formulating an objective function that leverages the linear relationship between the clean-label
and noisy-label conditional scores. Our proposed objective function involves a weighted sum of
conditional score networks, where the weights are determined by time-dependent label transition
information at the instance level. To estimate these weights, we introduce an estimator that utilizes
a transition matrix and a time-dependent noisy-label classi er. Lastly, we present some useful
techniques for practical implementations.

3.1 LINEAR RELATIONSHIP BETWEENCLEAN- AND NOISY-LABEL CONDITIONAL SCORES

As discussed in Section 2, if the score network is optimized by the original DSM objective, Eq. (4),
with a noisy labeled dataset, assumig= Y; then the score network is expected to converge on the
noisy-label conditional score. See Appendix A.1 for further discussion.

Remark. Let gy = argmin Lpsm( ; Puaa(X; Y)) be the optimal parameters obtained by
minimizing the DSM objective. The,_ (Xt;y;t) = 1 x, logp(xjY = y) for all x¢;y;t.

Therefore, to train the score network in the alignment of the clean-label conditional score, we modify
the objective function to adjust the gradient signal from the score matching. We start this adjustment
by establishing the relationship between clean-label and noisy-label conditional scores.

Theorem 1. Under a class-conditional label noise setting, forajt y; t,

. P .
Fx Jogp (XY = %)= 5o WX YYD «, logpu(xdY = ); (5)

pt(XdjY=y)

wherew(x(; ¥;y;t) = p(Y = yj¥ = ) Rluly=0),

2\We add the distributiopgai{ X ; Y) in the notation oL to emphasize the input distribution since we are
considering the distribution change due to label noise.
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Figure 2: Contour maps of(x:; ¥ =1;Y =1;t) in the 2-D Gaussian mixture model at different
diffusion timesteps. The label transition probability is sepf¥jyY = 1) = (0 :8;0:2). The dots
represent samples from each clean label (orange for class 1, green for class 2), and the dashed lines
represent contours with annotated values.

Ehe proof of Theorem 1 is provided in Appendlx A.2. Sinegx:;yY;t) 0 and
-1 W(X¢; ¥ y;t) = 1, Theorem 1 implies that the noisy-label conditional score can be expressed

as a convex combination of the clean-label conditional scores with coef cigfis; y; ).

We callw(x¢; ¥ y;t) thetransition-aware weight functionrhis function represents instance-wise
and time-dependent (reverse) label transitions by Propositfoez Appendix A.3 for the proof.

Proposition 2. Under a class-conditional label noise setting(x;; ¥ y;t) = p(Y = Yj¥ = ¥;Xy).

This probability has been used for evaluating a con dence spfre= yj¥ = y;X;) in some
supervised classi cation frameworks for instance-dependent label noise learning (Berthon et al.,
2021) whereas this paper is its rst application to the deep generative model community. There
are similar approaches to overcome noisy labels in GANs under the class-conditional label noise
setting (Kaneko et al., 2019; Thekumparampil et al., 2018), but these approaches can simply utilize
p(Y = yjY = ¥) without either instance-based estimation or diffusion time-dependent estimation.
However, training diffusion models with noisy labels poses a signi cant challenge because we need
instance-dependent label noise information, even under the class-conditional label noise, and this
distinction is the contribution of Theorem 1.

To visualize our transition-aware weight function, we create an analogy of a 2-D Gaussian mixture
model. The detailed setup is explained in Appendix E.4. Iflgure 2 plots contour mwmxtof?’ =
1Y = 1;t) with different diffusion timesteps. Note thaty o WX, Y = 1Y = y;t) =

In the small timestepay(x¢; ¥ = 1;Y;t) tends to become hard labels with respect to the clean
labels. This means that the noisy-label conditional score, computed by the weighted sum of the
scores, becomes equal to the conditional score of the clean lakgl 6 the other hand, in the

large timestepsy(x¢; Y = 1;Y;t) vectors for mosk; are similar to the prior probability of label
transition,p(YjY = 1) = (0 :8;0:2). Consequently, the noisy-label conditional scores for mpst

are in uenced by the clean conditional scores of the other class; and this mis-matched score is being
learned. This mis-matched learning leads to both improper generation with intended conditions and
lower generation performance in its quality.

3.2 TRANSITION-AWARE WEIGHTED DENOISING SCORE MATCHING

From the result of Theorem 1, we propose an objective of transition-aware weighted denoising score
matching (TDSM), which is designed to minimize the distance between the transition-aware weighted
sum of conditional score network outputs and the perturbed data score:

Lrosm( ; Pdatd X ; 7)) (6)
n h x »i0
=B (DExy paEx pio WXGY YOS (XGyit) 1o logp (XX ¥ =y)
y=1
The intuition behind the TDSM objective is as follows. According to Remark, the denoising score
matching objective optimizes the noisy-label conditional score. However, Theorem 1 shows that
this score can be expressed as a convex combination of the clean-label conditional scores using
the transition-aware weight function. Therefore, by using the transition-aware weighted sum of the
conditional score model outputs as the target of L2 loss, our score network will eventually converge
to the clean-label conditional score. This intuition is theoretically guaranteed by Theorem 3.

%It should be noted that (Y = yj¥ = ¥;x¢) 6 p(Y = yjY = ¥).
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Theorem 3. Let pgy:=argmin  Ltpsm( ; Paaa( X ; ¥)) be the optimal parameters obtained by
minimizing the TDSM objective. Then, under a class-conditional label noise setting with an invertible
transition matrix,s ___ (Xt;y;t) = 1 x, logpi(X¢jY = y) for all x;y;t.

See Appendix A.4 for the proof. We discuss the other forms of the objective function, such as noise
estimation (Ho et al., 2020) and data reconstruction (Kingma et al., 2021), in Appendix A.6.

It should be noted that the invertibility assumption of the transition matrix has been widely used in the
noisy label community (Li et al., 2021; Zhu et al., 2021). Here, we assume that the given noisy label
is suf ciently likely to be a clean label, and without this assumption, there is no empirical evidence to
claim a certain class to be a clean label. In other words, the transition matrix would be a diagonally
dominant matrix, which is invertible. Additionally, a possible approach to ensure the invertibility of
the transition matrix is to mix the transition matrix with the identity matrix (Patrini et al., 2017).

The alternative approach to consider is 8weveighted DSM objective, denoted Bgpgy. In this
objective, the weights in the TDSM objective are replaced by time- and instance-independent weights
Syy = P(Y = yjY = ¥) from the transition matris, which is inspired by the GAN-based methods:

n h P 2i0
Lsosm( ;Paad X;Y)) = Bt (D)Ex;yEx, y=1 SyyS (Xtyit) r ok logpe(xijx; Y =) , -+ (@

However, Proposition 4 proves that the score network trained b theighted DSM objective
cannot converge to a clean-label conditional score. The proof is provided in Appendix A.5.

Proposition 4. Let gpgy:=argmin  LspsM ; Paaa(X; ¥)) be the optimal parameters obtained
by minimizing thes-weighted DSM objective. Then, under a class-conditional label noise setting
with an invertible transition matrixs ___ (x¢;y;t) differs fromr 4 logp(x¢jY = y).

Figure 8 in Appendix F.1 visualizes the optimal score networks of DSM variants in a 2-D toy case.

3.3 ESTIMATION OF TRANSITION-AWARE WEIGHTS

To implement the TDSM objective, we need to estimate the transition-aware weight function
w(X;yy;t). First, we consider the case that we have the transition m&triso we can evalu-
atep(Y = yjY = ¥), which has been a common goal in the community of noisy labels (Li et al.,
2021; Zhang et al., 2021b). Then, we can compute the transition-aware weight fumatging the
noisy label prediction probabilitg; (Yjx;) and the transition matri$. The below introduces the
estimaton of w using the noisy labeled dataset (see Appendix A.7 for detailed derivations):

Syy P(Y=7v) R S:ilp[(Yzijxt)_ g+ — Syy N R S;ill>1 (Xe5t)i

G BT = B G A H Rl vy m e TR )

W(Xe; ¥y t) =

wheref (Xq;t) is the time-dependent noisy-label classi eris the parameters of the classi er; and
n; is the number of data instances feth class. We obtain the estimator of the noisy label prediction
probability p; (Yjx¢) ash (x¢;t). Additionally, we estimate the noisy label pripfY) using the
statistics of the dataset, i.@;,=n. Note that the transition matri® is xed and independent of;, so

the inverse matrix operation is required only once during the entire training process.

In practice, the reverse transition matr&, may not be known. However, there exist methods

in the learning with the noisy label community that can estimate the transition niatrivhere

Ti; = p(Y = jjY = i), from the noisy labeled dataset (Li et al., 2021; Zhang et al., 2021b). Using
the estimated transition matrix and the noisy label prior, we can obtain the reverse transition matrix by
applying Bayes' theorem. (See Appendix A.8.) We applied the transition matrix estimation method
from VoIMinNet (Li et al., 2021) to our time-dependent noisy-label classifer, and we analyzed

the effect of this estimation in Section 4.5.

3.4 PRACTICAL IMPLEMENTATION

Training Procedure Figure 3 illustrates the overall training procedure with the TDSM objective.
First, we prepare the time-dependent noisy-label classi er and the transition matrix. The noisy-label
classieri is obtained by training with a combination of cross-entropy losses over different time
steps (Song et al., 2020; Chao et al., 2022) on the noisy labeled dataset. We estimate the transition
matrix S using prior knowledge or the existing methods discussed in Section 3.3. During the training
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Figure 3: The training procedure of the proposed approach. The solid black arrows indicate the
forward propagation, and the dashed red arrows represent the gradient signal ow. The lled circle
operation denotes the dot product operation, and the dashed operation represents the L2 loss. The

noisy-label classi et

can be obtained by the cross-entropy loss on the noisy labeled dataset

iterations of the score network, we evaluate the transition-aware weights using Eq. (8). Next, we

obtain the score network outputs for all classes.

Finally, we compute the TDSM objective value using

the weights and score outputs via Eqg. (6), and optimize the model using the gradient descent method.

Reduction on Time and Memory Usage

Algorithm 1: Training algorithm with TDSM

The TDSM objective involves network eval

uations for all classes, which can cause Input: Noisy labeled datas&, transition matrixS,

memory shortages during backpropagation.
To mitigate this problem, we only perform

noisy-label classi eft , perturbation kernel
Ptjo, temporal weights , skip threshold

backpropagation for the network output cor- Output: Conditional score mode
responding to the given noisy label (linest While not convergedio

7-8 of Algorithm 1). We choose this out- 2
put corresponding to the given label as it is®
the dominant term of the transition—aware;1

weight function for most instances. .

we observed that the?
8

9

Furthermore,
transition-aware weightsw(X;;y;y;t)
have negligible values for mogg; y) pairs.
Speci cally, on average, only 1.3 elementsif
of the weight vectorw (x¢;¥y; ;t) have
values greater than 0.01 in our experiments
on the CIFAR datasets. To reduce thé’
training time of forward propagation, we

15 end

Sample(x;y) from D, and timet from [0; T]
Samplex; from the transition kerngd;o
Evaluatew(y) = (Xt;¥y;Y;t) using Eq. (8)

s=0
fory 2f1;::;cgdo
if y = ¥ then

| s s+ w(y)s (xi;y;t)
else if w(xt; ¥ y;t) > then
| s s+ w(y)s (xi;y;t):detactf)
end
end
| (Diis 1 x, logpi(xijx; ¥ = ¥)ji
Update by using the gradient descent method

skip network evaluations for instances,
where the corresponding transition-aware

weight function value was below a thresholdline 9 of Algorithm 1). We set to 0.01 for all
experiments, and Appendix F.9 provides the ablation study ®¥e discuss the training time further

in Appendix F.4. Algorithm 1 speci es a training

4 EXPERIMENTS

procedure for our method.

We evaluate our method on three benchmark datasets commonly used for both image generation

and label noise learning: MNIST (LeCun et al.

, 2010), CIFAR-10, and CIFAR-100 (Krizhevsky,

2009). We also perform experiments on a real-world noisy labeled dataset, Clothing-1M (Xiao et al.,

2015). For the benchmark datasets, we create

two types of label noise: symmetric and asymmetric

noise (Kaneko et al., 2019). For symmetric noise, we randomly ip the ground-truth label to another
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Table 1: Experimental results on the MNIST, CIFAR-10, and CIFAR-100 datasets with various noise
settings. The percentages in headers represent the noise rate. ‘un' and “cond' indicate whether a
metric is unconditional or conditionaBold numbers indicate better performance.

Symmetric Asymmetric Clean

Metric 20% 40% 20% 40% 0%

DSM TDSM DSM TDSM DSM TDSM DSM TDSM DSM

- | Density () 8111 84.83 8193 8455 8423 8527 8447 8471 86.20
e = | Coverage ) 8123 8216 81.65 8131 8230 8245 8197 8227 8290
Z | CAS (") 9431 9822 7252 96.49 9525 98.22 89.29 96.54 98.55
2 5| CW-Density [ 69.78 8299 5570 80.09 7858 8374 7354 8165 8579
© | CW-Coverage ") 76.77 80.93 7045 7921 79.97 8135 77.50 80.57 82.09
FID # 2.00 2.06 2.07 2.43 2.02 1.95 2.23 2.06 1.92

c | IS ") 991 9.97 9.83 9.96 10.06 10.04 10.09 10.02 10.03
9 > | Density () 100.03 106.13 100.94 111.63 100.66 104.15 101.25 105.19 103.08
o Coverage ) 8113 8189 8093 8203 8136 8181 8110 8190 8190
i CW-FID # 16.21 1216 3045 1592 1197 10.89 15.18 1254 10.23
© 2 |cAs () 66.80 7092 4721 6228 7266 7428 6898 7151 77.74
8 | Cw-Density [ 88.45 99.52 73.02 97.80 96.10 101.77 92.13 99.21 102.63
CW-Coverage ") 77.80 80.29 71.63 78.65 79.95 8099 7812 79.98 8157

FID # 2.96 4.26 3.36 6.85 2.76 2.64 2.73 2.81 2.51

o ¢© IS ") 1228 1229 1186 12.07 1249 1279 1251 1257 12.80
S > | Density () 8301 8566 8170 8845 87.36 8841 87.06 87.01 87.98
o Coverage ) 75.02 7490 7392 7212 77.04 77.46 7656 76.27 77.63
i CW-FID #® 7991 7871 100.04 9324 7539 69.83 89.13 73.13 66.97
O Z|CAs (") 2549 2854 1541 21.17 3331 37.33 2350 34.47 39.50
S| Cw-Density () 66.47 70.62 49.77 60.60 7214 7892 60.27 7430 82.58
CW-Coverage '() 70.11 70.77 60.64 63.89 71.08 74.01 64.19 7148 75.78

class, while for asymmetric noise, we ip the ground-truth label to a prede ned similar class. We
refer to ipping probability as noise rate. Throughout the experiments, we mainly use EDM (Karras
et al., 2022) as the backbone of the diffusion models. We provide the results of other backbones in
Appendix F.6. Additional experimental settings are provided in Appendices E.1 and E.2.

We evaluate conditional generative models from multiple perspectives using four unconditional
metric$, including Fréchet Inception Distance (FID) (Heusel et al., 2017), Inception Score (IS) (Sal-
imans et al., 2016), Density, and Coverage (Naeem et al., 2020), and four conditional metrics,
namely CW-FID, CW-Density, CW-Coverage (Chao et al., 2022), and Classi cation Accuracy Score
(CAS) (Ravuri & Vinyals, 2019). The Class-Wise (CW) metric evaluates the metric separately for
each class and averages them. A detailed description of the metrics is in Appendix E.3.

4.1 ANALYSIS ON BENCHMARK DATASET WITH SYNTHETIC LABEL NOISE

Table 1 presents the performance of the baseline models trained with the original DSM objective and
our models trained with the TDSM objective on the benchmark datasets with various noise settings.
First, the performance of the baseline models decreases on both unconditional and conditional metrics
when trained on noisy datasets compared to the clean datasets. This indicates that the label noise in
the diffusion model training degrades the sample quality and causes a class mismatch problem.

Second, our models outperform the baseline models in all cases with respect to the conditional metrics.
As the noise increases, the performance differences become more signi cant. We compare the CW
metrics evaluated separately for each class in Appendix F.7, which shows that our models perform
better than the baselines in most classes. Furthermore, for the unconditional metrics, our models
beat the baseline models in most cases. Additionally, Figure 4 provides conditionally generated
images from xedxt for each model. The images generated by our model have better quality with
an accurate class representation of the intended class than those generated by the baseline model.

We also compare the generation performances with the label-noise robust GAN model (Kaneko et al.,
2019) in Table 8 of Appendix F.5. The diffusion models generate images much better than the GAN
models even in the noisy label dataset, and our models boost the performances by increasing the
robustness to label noise.

“The unconditional metric is calculated from the generated images only, not accounting their labels.
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(a) DSM (b) TDSM (ours)
Figure 4: Generated images from (a) baseline and (b) our models, trained on the CIFAR-10 datasets
under 40% symmetric noise. Each row contains the samples generated by each class fora xed

Table 2: Experimental results on the clean MNIST, CIFAR-10, and
CIFAR-100 dataset. The results of conditional metrics are in Table 12.

Votric MNIST CIFAR-10 CIFAR-100
DSM TDSM DSM TDSM DSM TDSM
FID ®» - - 192 191 251 267
IS ™) - 1003 1010 1280 1285 Fjgyre 5 Noisy labels

Density () 86.20 88.08 103.08 104.35 87.98 90.04 ot MNIST ;
Coverage T) 8290 8369 B8L90 8207 77.63 7828 yr t)selbvi"’i‘f:fggii gg’mte

‘label prediction'.

4.2 ANALYSIS ON BENCHMARK DATASET WITH ANNOTATED LABEL

We evaluate the performance of our model on the benchmark datasets with original annotated labels to
explore potentially noisy or ambiguous labels in these datasets. We apply our proposed method using
the transition matrix with 5% symmetric noise. Table 2 shows that our label-noise robust models
consistently outperform the baseline models. This indicates that existing benchmark datasets may
suffer from noisy labels. This phenomenon is well-known in the noisy-label supervised tasks (Bae
et al., 2022). To further investigate this observation, we compute the transition-aware weights
Wixe ;ysyit)  pe (Y = yjY = y;x; ) atsmall timet = 0:01for each MNIST train image and

label pair(x;y). Then, we identify 15 images with the smallest value®@f; ;y;y;t ) and check

the predicted label from ours, whichasg max, W(x: ;y;y;t). Figure 5 shows that the benchmark
dataset also contains examples with noisy or ambiguous labels, and this could be the reason why our
models improve the performance even when trained on the clean labeled datasets.

4,3 ANALYSIS ON REAL-WORLD DATASET

We apply our model to the Clothing-1M dataset, which containsTdble 3: Experimental results

1 million clothing images for 14 classes, to evaluate its performamgethe Clothing-1M dataset.

under real-world label noise. This dataset is obtained by crawling

images from websites, which introduces label noise, and its 1abqJ; ;i

accuracy is 61.54% (Xiao et al., 2015). We also have 25K imagoq\c/lemc DSM TDSM
containing both noisy and clean labels. We followed the experimedslD (#)  6.67  4.94

tal setup from Kaneko et al. (2019). Speci cally, we estimate th&€AS (') 46.52  47.79

transition matrix using the statistics of the 25K clean training dataset,

and we resize the images to a resolution of 64. Table 3 shows that our model improves both FID

and CAS metrics compared to the baseline model. We did not use other metrics, such as CW-FID,
due to the limited amount of clean labeled data for each class (Kaneko et al., 2019). We attach the
generated images of the Clothing-1M dataset in Appendix F.16. These results indicate that our model
performs well even with real-world label noise.
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Table 4: Experimental results of combining
with the noisy label corrector, DISC (Li et al.Table 5: Ablation study of weight functions on the
2023), on the CIFAR-100 under 40% noise. CIFAR-10 dataset under 40% symmetric noise.

i i TDSM
Metric Symmetric Asymmetric Metric DSM  S-DSM
DSM TDSM DSM TDSM Ws Wg

FID # 254 284 400 341 FID # 207 3.20 2.43 2.32
= | IS (") 12.80 1294 1251 12.83 = | IS (") 9.83 9.92 9.96 9.97
> | Density () 87.28 90.20 83.65 88.10 > | Density () 100.94 118.85 111.63 110.67

Coverage ) 77.44 7763 7594 77.57 Coverage 0 80.93 81.27 82.03 82.23

# 6752 67.33 7893 76.62 CW-FID # 30.45 16.26 15.92 15.83
CAS ') 4215 4239 39.60 39.72
)

)
CAS () 4721 6346 6228 61.37
CW-Density ) 73.02 10724 97.80 97.59
CW-Coverage ) 71.63 7832 78.65 78.68

—~2

CW-Density 82.04 85.44 76.04 81.69

CW-FID
CW-Coverage ) 75.20 75.61 70.39 71.62

cond

4.4 COMBINING WITH THE EXISTING NoISY LABEL CORRECTOR

The existing classi ers to mitigate the noisy label can be considered as nding the true label after
noise Itering. By pipelining this noisy label corrector and our TDSM approach, we can nd a better
noise ltering in terms of generation performance. From this perspective, our approach is orthogonal
to existing supervised learning methods for noisy labels, offering an integration of both paradigms.
To validate this premise, we conducted experiments by 1) obtaining the corrected labels from the
existing classi er learning methods with noisy labels, VoIMinNet (Li et al., 2021) and DISC (Li et al.,
2023), and 2) training the diffusion model with the corrected labels. The results are summarized in
Table 4, and Tables 10 and 11 of Appendix F.8 for the full set of results. The experimental results
indicate that applying our TDSM objective consistently improves the performance even with the
corrected labels. Therefore, we believe that our approach tackles the noisy label problem from a
diffusion model learning perspective, providing an orthogonal direction compared to conventional
noisy label methods.

4.5 ABLATION STUDY OF TRANSITION-AWARE WEIGHTS

Estimating the Transition Matrix S So far, we have assumed that the transition méadris

given. To demonstrate the practical usefulness of our model, we combine our model with an existing
method of classi er learning with noisy label, VoIMinNet (Li et al., 2021), to estimate the noisy-label
classi er and the transition matrix, simultaneously. (See Appendix E.5 for a detailed procedure.)
Subsequently, we obtain the estimated transition m&rand we evaluate the weight function from

S, denoted asvg. As shown in thevs column of Table 5, we observe that the model outperforms
the baseline model, even when utilizing the learned transition matrix.

Instance- and Time-Dependent Transition-Aware Weights To investigate the effect of instance-

and time-dependent transition-aware weights, we train a model with-#lveighted DSM objective,

where the weights contain instance- and time-independent label transition information. As shown in
the S-DSM column of Table 5, we observe that the model is still robust to noisy labels compared to
the baseline model as it still re ects the label transition information. However, the model performs
slightly worse on some metrics than the one trained with instance- and time-dependent weight.
Interestingly, thes -weighted model performs well on density-related metrics. However, since density
metrics are insensitive to mode dropping (Naeem et al., 2020), it is possible that the model ignores
some areas that are relatively more affected by label noise due to instance-independent weights. In
this case, the performance of other metrics will suffer, but the density metrics will be unaffected.

5 CONCLUSION

This paper addresses the problem of noisy labels in conditional diffusion models and proposes a
new objective called Transition-aware weighted Denoising Score Matching. This objective utilizes a
transition-aware weight function that leverages an instance-wise and time-dependent label transition
information speci cally tailored to the diffusion model. Experimental results on various datasets
and noisy label settings demonstrate that the proposed methods outperform baseline models in both
conditional and unconditional performance.
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A PROOFS AND DERIVATIONS

A.1 DISCUSSION OFREMARK

We provide a detailed derivation for the statement in the Remark.
Remark. Let gy = argmin Lpsu( ; Paaa( X ; ¥)) be the optimal parameters obtained by
minimizing the DSM objective. The,_ (Xt;Y;t) = 1 x, logp(x]Y = y) forall x¢;y;t.

Although itis a direct consequence of previous papers (Vincent, 2011; Song & Ermon, 2019), we start
by presenting the theoretical derivation from them. We denote the explicit score matching objective

asLesm( ;pdadX;Y)), i.e.,
Lesm( ; Pdad X ; Y)) _
n h . ,i0
=B (DB ped)Bxe pxiy)y S (Xesyst) 1ok logpe(XejY =y) 5 9)

Then, by the previous work (Vincent, 2011; Song & Ermon, 2019), the denoising score matching
objective is equivalent to the explicit score matching objective, i.e., fagal( X ;Y),

Lesm( s Pdatd X ;Y)) = Lpsm( ;Pdad X;Y)) + C; (10)

whereC is a constant that does not depend o herefore, the optimal points of the two objective
functions are the same.

By assumingY = Y, we can applyLesy andLpsy to a noisy labeled dataset. Legg,, :
argmin Lesm( ;PaadX;Y)). Then,s = r « logp(xJY = y). Thus,s  =s =

DSM
rx logp (XY = y).
A.2 PROOF OFTHEOREM1
Theorem 1. Under a class-conditional label noise setting, forgft y; t,
rx 10gp(XejY = y) = : ye1 WX Y OF x, logpe(XdjY = y); 5)

e ) — — i — P (xtjY =y)
wherew(X; ¥ y;t) = p(Y = yjY = ) o O T )

Proof. First, for allt, the perturbed distributiop satis es:

xe
(XY =y) = p(Y = yj¥ = y)pe (XY = y) 8xi; ¥ (11)
y=1
under the class-conditional label noise setting (see Eg. 1 in the main paper). It means that the noise
label transition does not depend on the timesteps. This is because the label is determined by the data
distributionpgata Then, Eq. (5) can be derived as follows.

. r Xtj¥ =
[, logp(x,j¥ = y) = P IV 2 Y) (12)
Ppt(XtJY =)
oo POY =YY = y)r XY =
y=1 P(Y =] _ y)_ x P (XtJY =y) ¢ Eq.(11)  (13)
P (XtJY =)
_ P E WY ENRCGY ENrapaY =Y)
y=1 P(XeJY = ¥) P (XeJY =)
xe Y = viY = XY = .
=7 MY EVVEYRIYEN, ogp(aiY =y)  (15)
y=1 P (XY = ¥)
XC .
= WXGYEY O« logp (XY =) (16)
y=1

O
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A.3 PROOF OFPROPOSITIONZ2

Proposition 2. Under a class-conditional label noise setting(x:; ¥ y;t) = pi(Y = yi¥ = ¥, X¢).

Proof. We derive the property that the transition-aware weight function represents the instance-wise
label transition under the class-conditional label noise setting, i.e.,

WXe Yt = pe(Y = YjY = yixe): 17)
The derivation is based on Bayes' theorem and the class-conditional label noise assumption.

, X¢jY =
Wxi iy = pY = i = )P 2 Y)

P (XY = y)
:pW:wYZwMwamWiﬂmmuo

PCY = Y) pe(Y = yjxe)pe(xe)
_ P(Y = ¥iY = y)p(Y = yijxt)

P (Y = ¥yixi)
= P(Y = yjY = y;xt?p(Y = Yixy) (* conditional indep. off andX givenY)
Pe(Y = yixi)
_ P(Y =¥Y = yixi)
Pe(Y = yixi)

= p(Y =YY = yixq): (18)

A.4 PROOF OFTHEOREM3

Theorem 3. Let pgy:=argmin  Lrpsm( ; Paaa( X ; ¥)) be the optimal parameters obtained by
minimizing the TDSM objective. Then, under a class-conditional label noise setting with an invertible
transition matrix,s ___ (Xt;y;t) = r x logpe(xjY = y) forall x¢;y;t.

Proof. First, by Remark and Theorem 1, we have the following equationfgs,,:

XC XC
WX Y5y t)s o (X Yit) = 1o logpe (XY = y) = WXy Dr x, logpe (XY = y);
y=1 y=1

19)

for all x¢; ¥ t. LetW (0 (x¢) = w(xy; ; ;t) isthec cmatrix, Wherewygf (Xt) = w(x¢;wy;t) for
wy=1;:;¢C Thenh, Eqg. (19) can be written in matri>§]form: )
i i
WO s L Xeyi) = WO 1y logp (XY = y) . (0)
y=1:c y=1

for all x¢;t. Then, itis enough to show that () (x,) is invertible. This is because, by multiplying the
inverse ofw () (x;) for both sides in Eq. (20), we obtain__ (Xt;yit) = 1, logpi(X¢jY = ).

We can expres®V (V(x;) = CM®(x;)SL M (x;) whereCM(x,) = diag 1=p(x¢j¥ = ¥) and
L®(x;) = diag pt(xtjY = y) . Then,C(x;) andL (x;) is invertible since the support @f is

the whole space. Als@ is invertible due to the assumption of the statement. TRUS) (x,) is
invertible. O

A.5 PROOF OFPROPOSITION4
Proposition 4. Let gpgy:=argmin  LspsM ; Paaa(X; ¥)) be the optimal parameters obtained

by minimizing thes-weighted DSM objective. Then, under a class-conditional label noise setting
with an invertible transition matrixs ___ (x¢;y;t) differs fromr 4 logp:(x¢jY = y).
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Proof. Similar to the proof of Theorem 3 in Appendix A.4, we have the following equation for
S-DSM-

P(Y = yjY = ¥)s (o (Xt;yit) = 1 x, logp(Xt]Y = ) (21)
y=1
XC .
= WXGY YO« logp(xdgY = y); (22)
y=1
for all x¢; ¥ t.hWith the sam<=i notation in Appenﬁiix A.4, Eq. (21) can ibe written in matrix form:
S s L (XtYit) = W O(x) 1 &, logpr(xijY = y) ; (23)
h iy:1 c h y=1i':::;
) Sy =S "W O(xt) 1y, logpe(xijY = y) - ; (24)

for all x¢;t. Sincew(x¢;y;y;t) 6 p(Y = yj¥ = ¥) for label noise settingS W (V(x,) 6 |.
Thus,s (Xt;y;t) differs from the clean-label conditional scorey, logp: (X:jY = y). O

S-DSM
A.6 DERIVATION OF THETDSM WITH OTHER FORMATS OF OBJECTIVE FUNCTION

Assuming a Gaussian perturbation kernel, noise or data samples from the perturbation kernel can be
expressed as a linear transformation on the score vector. Since our proposed TDSM is also formed as
convex combination of score networks, it can be applied by replacing a single network output with a
weighted sum of network outputs.

We provide an example for the derivation of the TDSM with EDM framework we used primarily in
our experiments. In EDM (Karras et al., 2022), the perturbed data samfiem p; is obtained
by adding i.i.d. Gaussian noiseof standard deviatiohto the data instance. They introduce a
denoiser networb that is trainr?d by minimizing the data recohnstruction loss: i
2

Loswre( ;Pdatd X;Y)) = Bt (DExy padx:v)Enn (ojtz1y DX+ njyit) x ., ; (25)
The optimal denoiser netwoiR g, trained by Eq. (25) satisfy:

rx logpi(xY = y) = (Dpgu(xe;y;t)  x)=t%: (26)

Then, we can formulate the TDSM objective function for applying Eq. (25) to a noisy labled dataset,
called TDSM-RC objective.

Lrosmre( ; Paad X ; Y))
n h X 2io
= E (t)EX;y poax :7) En N (0jt21) w(x + niyy;t)D(x + njy;t) x 0 (27)
y=1
By Theorem 1 and Eq. (26), the optimal denoiser netwdrk,, trained by Eq. (27) on a noisy-label
data distribution satisfy:
xe
WX ¥ Y5 OF x 1ogp (XY = y) = 1« logpe(X¢jY = ¥)
y=1
xe

W(Xe; ¥ Y D posm(Xe;yit)  xe =t (28)
P a
Because ;:1 w(X¢; ¥ y;t) =1 for all x¢; ¥y t, we can further derive as follows:

X D psm(Xt;yit) Xt

xe
WXt Y Or x logpe (XY =y) = W(Xt; ¥ Y;t)

2 (29)
y=1 y=1
By following the same derivation as in the proof of Theorem 3, the followings are satis ed:
rx, 10gp (XY = y) = (Drpsu(Xe;yit)  xo)=t%: (30)

Therefore, we can verify that the denoiser network which is trained by the TDSM-RC objective
function on the noisy-label data distribution converges to the clean denoiser network.

19



Published as a conference paper at ICLR 2024

A.7 DERIVATION OF THEEQ. 8

We can compute the transition-aware weight functionsing the noisy label prediction probability
p: (Yjx¢) and the transition matri$. To achieve this, we use Bayes' theorem on both the numerator
and the denominator:

(XY =y) _ p(Y = yix)pe(x)p(Y =y) - p(Y =¥) p(Y = yixe),

. . ; - (31)
P Y =) p(Y = yix)pe(x)p(Y =y)  p(Y = yix) PY =)
Furthermore, because of the class-conditional label noise assumption, we know that:
=i xXe =i
PV =1x) o7 oy 2y = pPOYCZIX) g g (32)
pY =) o, p(Y = i)
This equation can be written in matrix form using the invertiBlas follows:
i i h i h i
P (Y =ijxt) =S Pt(Y:int) 0 Pt(Y:ijt) =S 1 pe(Y=ijxi) .
P(Y=1)  j=1:c p(Y =) j=1:c p(Y=1) j=l:c PY=0)  i=1uc
(33)

Then, we can compute the transition-aware weight functionsing the noisy label prediction
probabilityp; (YjX¢) and the transition matri$:

Sy (Y = ¥) X Si'p(Y = ijxy) |
p(Y = ¥ixe) oy, p(Y=10)

W(Xe; ¥ yit) = (34)

A.8 COMPUTING THE REVERSE TRANSITION MATRIXS FROM THE TRANSITION MATRIX T

We would like to clarify that we have de ned the transition maffixwhereT;; = p(Y = jjY =1i)
and the reverse transition mati&whereS;; = p(Y = jjy = i). The elements of the reverse
transition matrix can be computed as follows:

Sij = p(Y =iy =0)= p(Y = ijy = [)p(Y = j)=p(Y = i) = Tj; p(Y = j)=p(Y = i): (35)

If we have the transition matriX and the noisy label prige(¥), we can compute the clean label
prior p(Y) using the following relationship.
|
h i ' ; h i
dia _ T Y =j =1 36
g p(Y = i) i=1:c P( D j=1:c ¢ (36)
P

This equation is based on Eq. (35) ang?:l Sij =1. Thus, we can compute the reverse transition
matrix S from the transition matrix .

B RELATED WORKS

B.1 DIFFUSION MODELS

The goal of generative models is to approximate the data distribpgigfxo) to the model distri-
butionp (Xxo). Speci cally, likelihood-based generative models de ne an explicit speci cation of
the distribution, and the objectives of these models are to maximize the likelihood. These models
typically de ne the easy-to-sample prior distribution and generate samples from this prior distribution.

Denoising Diffusion Probabilistic Model (DDPM) de nes a xed noise process, characterized as a
Markov chain, that perturbs the data instance by adding Gaussian noise (Sohl-Dickstein et al., 2015;
Ho et al., 2020):

Y p
a(X1:TjX0) == d(XtjX¢ 1) whereq(X¢jx¢ 1) := N(X¢; 1 Xt 15 ¢l); (37)
t=1
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wherex .1 are latent variables of the same dimensionality @aandf g be the varaince schedule
parameters. Then, the goal of DDPM is to approximate this xed noise process by a trainable Markov
chain with Gaussian transitions, which is called denoising process:

N

P (Xor) = prxr) P oge(Xe 1jxe) wherepy g (X ajX) = N(x¢ 13 (Xe;1); (Xeit));
t=1

(38)

wherepr (x1) is the prior distribution, e.g., the standard Gaussian distribution. The training objective
of DDPM is to minimize the upper bound of the negative log-likelihood:

X
E[ logp (Xo)] Eq  logpg;(Xojx1) + Dr a(Xt 1jXe;Xo) I Py ¢ (Xt 1jXt)
t=2

+Dx a(xtjXo) jj pr(xr)  (39)

For the continuous time spaces, this DDPM process can be described through Stochastic Differential
Equations (SDESs) (Song et al., 2021; 2020). Speci cally, Eq. (2) represents the forward diffusion
process, which is de ned by the drift functidnand the volatility functioryg.

dx; = f(x¢;t)dt + g(t)dwy; (40)

wherew, denotes the standard Brownian motion @r@l [0; T]. The forward process gradually
perturbs the data instange= X, to Xt .

The SDE community also elucidated the existence of a corresponding reverse diffusion process (An-
derson, 1982):

dxe = [f(xe;t)  GP(Or « logpe(x)ldt + g(t)dw; (41)

wherepx (x;) is the probability density of;, de ned by the forward process, amd is the reverse-
time standard Brownian motion. The reverse process gradually denoisegfroonxy. We can
sample data instances through the reverse process.

In spite that the generation task will require the reverse diffusion process, this process is intractable
because a data scorg,, logp:(x:) is generally not accessible. Therefore, the diffusion model
aims to train the score network to approximatg, logp: (X:) through the score matching objective
function with L2 loss (Song et al., 2020). Like the training objective of DDPM, it is known that the
score matching objective is known to be an upper bound on the negative log-likelihood for speci ¢
temporal weight functions. This score matching objective is equivalently formulated as the noise
prediction (Ho et al., 2020; Dhariwal & Nichol, 2021) or the data reconstruction (Kingma et al., 2021;
Karras et al., 2022) objectives.

B.2 CONDITIONAL DIFFUSION MODELS

Conditional diffusion models have also been developed in order to generate samples that match
a desired conditioy. For the conditional models, we need to approximate the conditional score

r x, logp: (Xtjy), so we additionally take a condition input to a score network (Dhariwal & Nichol,
2021; Karras et al., 2022). Additionally, there are some approaches to guide conditional generation.
One approach decomposes the conditional score using Bayes' theorem, and estimates the gradient of
the log posterior probability of label using an auxiliary classi er:

My 1ogpe(Xe]Y = y) = 1« logpe(Xt) + 1 x, logpe (Y = yjx¢): (42)

This is known as the classi er guidance method (Dhariwal & Nichol, 2021; Chao et al., 2022; Kim
et al., 2023). To amplify the effect of the condition, a positive scaling factor can be multiplied to the
classi er gradient term.

On the other hand, the classi er-free guidance method (Ho & Salimans, 2021) is also proposed,
which is a way to achieve the same effect as the classi er guidance without using a classi er. This
method utilizes the score network, which produces both unconditional and conditional scores by
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introducing an aukxiliary class for the unconditional score. Then, they use a linear combination of the
unconditional scors (Xi;t) and the conditional score (X;;y;t) with > 0 for sampling.

Scra(Xt;Y;t) = (1 +  )s (Xgy;t) s (X¢;1): (43)

Conditional diffusion models have been used in various applications by using conditions as la-
bels (Kong et al., 2021; Meng et al., 2022a), text (Nichol et al., 2022; Rombach et al., 2022), or latent
representations (Kim et al., 2022b; Preechakul et al., 2022).

B.3 LEARNING WITH NOISY LABELS

Deep neural networks are known to be vulnerable to over tting, even when trained on a dataset with
random labels (Zhang et al., 2021a). Consequently, the presence of noisy labels in a dataset poses
a signi cant challenge. To mitigate this problem, numerous approaches to classi er learning from
noisy labels have been introduced, including sample selection (Cheng et al., 2021; Han et al., 2018;
Jiang et al., 2018), label correction (Wang et al., 2021; Zheng et al., 2021; 2020), robust loss (Ghosh
etal., 2017; Wang et al., 2019; Zhang & Sabuncu, 2018), and transition matrix estimation (Patrini
etal., 2017; Xia et al., 2019; Zhang et al., 2021b).

Speci cally, transition matrix estimation methods model the relationship between clean and noisy
labels when estimating the transition matrix, which represents the probability that a clean label of a
sample is corrupted to another label. Patrini et al. (2017) proposed two loss correction structures:
forward and backward correction. They also provided the theoretical analysis of the statistical
consistency. To estimate the transition matrix, they use the anchor points that belong to a speci c
class with probability one. Xia et al. (2019) argued that anchor points are not available in the
datasets. To address this problem, they propdseelision, which revises the learned transition
matrix and validates from a noisy validation dataset. Yao et al. (2020) proposed thE dstitnator

by factorizing the product of two easily estimated transition matrices. Zhang et al. (2021b) pointed
out the overcon dent predictions of neural networks and proposed the new regularization terms which
is based on the total variation distance. Li et al. (2021) proposed another regularization term which
minimizes the volume of the simplex formed by the transition matrix. Zhu et al. (2021) suggested the
new transition matrix estimator based on the clusterability, which implies that nearby instances would
have the same label. Cheng et al. (2022) estimated the transition matrix using a forward-backward
cycle-consistency regularization.

Mixture proportion estimation has been used to solve weakly supervised learning problems, so it is
an area that is closely related to the transition matrix estimation (Scott, 2FB)example, Scott

et al. (2013) proposed a consistent estimator from the results of mixture proportion estimation to
train the classi er under asymmetric label noise. There have been a number of studies based on
mixture fraction estimation, each with assumptions such as anchor set (Liu & Tao, 2015; Scott, 2015),
separability (Ramaswamy et al., 2016), linear independence (Yu et al., 2018), and tight posterior
bound (Zhu et al., 2023). Our estimation of transition-aware weights differs from the traditional
mixture proportion methods in that our weights depend on the diffusion timestep, which requires
training a time-dependent noisy label classi er. Additionally, it is important to note that our weight
function represents the weights related to the data score relationship, and these values do not directly
indicate the proportion of the distribution. Therefore, conventional methods for estimating mixture
proportions based on the samples may not be directly applicable.

B.4 LEARNING GENERATIVE MODELS WITH UNCURATED LABEL DISTRIBUTION

The labeled datasets required for training conditional generative models may suffer from the uncurated
label distribution, such as noisy labels and imbalanced labels. Some previous studies have pointed
out these problems.

There are a few studies for generative model learning from noisy labels. Thekumparampil et al.
(2018); Kaneko et al. (2019) proposed algorithms to overcome the dif culties of training GANs
with noisy labels by matching the noisy-label conditional probability with the transition matrix.
Speci cally, the structure of a generator is similar to the traditional GAN, but they modify the

5This phenomenon can also be found in Eq. (1) in the main paper, where each noisy-label conditional
distribution can be expressed by a mixture of clean-label conditional distributions.
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Table 6: Comparison between the label-noise robust GAN (rGAN) (Thekumparampil et al., 2018;
Kaneko et al., 2019) and diffusion models (ours).

Thekumparampil et al. (2018); Kaneko et al. (2019) Ours
Base model GAN Diffusion model
Objective Noisy-label conditional distribution matching Noisy-label conditional score matching
Label transition information p(yiy) Pe(Yiys Xt)
— Time-dependent label transition 7 3
— Instance-wise label transition 7 3

discriminator structure by incorporating the label transition matrix. When the discriminator is fed
the samples generated by the generator and the corresponding labels, the labels are corrupted by the
label transition matrix to become noisy labels. Since the given dataset is also a noisy labeled dataset,
training the discriminator in this way makes it a match between the noisy labeled datasets. Then,
the generator can have a clean label conditional distribution. However, the diffusion model cannot
completely mitigate the impact of noisy labels with the transition matrix alone because it targets the
gradient of the log-likelihood, which is explained in Section 3. Therefore, we propose to adapt the
transition matrix framework to t the diffusion models. We summarize the differences between the
GAN-based models and our diffusion model in Table 6.

In addition to the problem of noisy labels, various efforts have been made to tackle the issue of
uncurated label distribution in generative models. For example, (Rangwani et al., 2021; 2022; Qin
et al., 2023; Kim et al., 2024) addressed the problem of class imbalance or long-tailed distribution
when training generative models. Rangwani et al. (2021) highlighted the problem of long-tailed
distributions in conditional GAN training, and they proposed the class balancing regularizer with the
theoretical evidence. Rangwani et al. (2022) identi ed class-speci ¢ mode collapse in conditional
GANSs trained on long-tailed distributions, and they introduced a group spectral regularization to
reduce the spectral norms of grouped parameters, as motivated by their analysis. More recently, Qin
et al. (2023) aimed to alleviate the class imbalance problem in diffusion models. They proposed a new
class-balancing diffusion objective based on theoretical analysis. Also, Kim et al. (2024) proposed
time-dependent importance reweighted denoising score matching to address the problem of dataset
bias. Similar to these works, we identify challenges of diffusion models under noisy labeled datasets
and propose a novel label-noise robust objective based on our theoretical analysis.

C GUIDANCE METHODS WITH TRANSITION-AWARE WEIGHTS

In addition to generating conditional samples directly from a conditional score network, there are
two methods for guiding conditional generation in diffusion models: classi er guidance (Song et al.,
2020; Dhariwal & Nichol, 2021) and classi er-free guidance (Ho & Salimans, 2021). However, these
guidance methods also suffer from label noise, as shown in the below experiment. To address this
issue, we propose strategies to apply our transition-aware weight function in these methods, which
can mitigate the effects of noisy labels.

The classi er guidance method (Song et al., 2020; Dhariwal & Nichol, 2021) utilizes an unconditional
diffusion model and a classi er to generate samples that satisfy a certain condition by estimating a
conditional score using Eq. (44).

rx logpe(xejY = y) =1« logpt(Xt) + 1 x, logp (Y = yjx¢): (44)

However, when dealing with noisy labels, the classi er provides misleading guidance even though
the unconditional diffusion model is not affected by noisy labels. In this case, our proposed transition-
aware weight function can provide correct guidance using an unconditional diffusion model and a
noisy-label classi er. We can use Theorem 1 and Eq. (44) to derive the relationship between the
gradient of the log probability of clean and noisy labels:

C

Fx logpe (XY =y) = WX,y y;t)r « logpe (XY = y); (45)
y=1
XC
Fxclogpe(Xe) + 1 logpe (Y = yixe) = WXy fr x logpe(xe) + 1« logpe(Y = yjxi)g:
y=1
(46)
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P
Because ;:1 w(X¢; ¥ y;t) =1 forall x¢; ¥ t, we have:

xe
rx ogp (Y =¥ixe) = WX,y Hr x, logpe(Y = yjxi) fory=1;:5¢;  (47)
y=1
XC
rx logpe(Y = yjx¢) = W (Xe; ¥yt «, logp (Y = yjx;) fory =1; 5 ¢c; (48)
y=1

wherew (x¢; ¥, Y;t) is the(y;y)-th element of the matrigw(x; ; ;t)) 1, andw (x;y;y;t) is
well-de ned if the transition matriXS is invertible. Using this derivation, we propose a transition-
aware weighted classi er guidance method that can be sampled by a noisy-label classi er:

xe
Fx logpe(xejY = y) =1y logp(xe)+ W (Xe; 1Y) x logpe (Y = ¥jx¢): (49)
y=1

P
We can evaluate the weighted sum of gradients Ry ;21 w (X¢; Yt logp (Y = yijxi)

wherew (X¢; ¥ y;t) is a detached version @f (x;;y; y;t). This method can be applied without
additional training by utilizing the already trained noisy classi er.

On the other hand, the classi er-free guidance method (Ho & Salimans, 2021) uses unconditional and
conditional scores, without a classi er, to achieve the same effect as the classi er guidance method.
Therefore, when a training dataset contains noisy labels, we only need to change the training objective
of the conditional score network from DSM to TDSM.

We experiment with applying guidance meth-

ods on the noisy labeled dataset. We report the

performance by changing the hyperparameter

that balances the effects of the unconditional

score network and the guidance signal. This hy-

perparameter is known to trade off between un-

conditional and conditional performance (Chao

etal., 2022). Figure 6 obse_r\_/es th?‘t our ap'(a) Classi er guidance (b) Classi er-free guidance
proach generates better conditioned images for

the same image quality compared to the bagggyre 6: Trade-off between FID and CW-FID on
line. CIFAR-10 dataset under 40% symmetric noise rate.

D AFFINE SCORE

Although our model tends to produce more samples that match the given condition, it still produces
some mislabeled samples. To address this issue, we propose an af ne combination method of
the noisy-label conditional score and the clean-label conditional score by leveraging their linear
relationship, which is proved by Theorem 1. For each conditi@Y and non-negative, we can

obtain an equation as follows.

1+ )rx logpe(XxejY =y) 1 logp(XjY =)

xe
=@+ )r x logp(xjY =y) WX 1y t)r x, logpe(xejY = j) (50)
i=1
X
=fl+ (1 wxgyyi))ar x logp(xdY = y)+ (W (Xe;jyit)r x logpe(x¢Y = j):
igy
fp should be noted that, for non-negativethe followings are satisedf 1+ (1 w(x:;y;y;t))g+
jsy( W (X¢;]y;t)) = 1. Therefore, Eq. (50), called an af ne score, is an af ne combination of
the clean-label conditional scores.

Speci cally, this af ne score gives more weight to the target lapelvhile exerting the opposite force
on the non-target labels. Theoreticallysatis es1 w(x¢;y;y;t) 0,and w (X¢;j;y;t) O
forj 6 y. We experimentally con rmed that the af ne score with the propenaintained the sample
quality and produced almost no conditionally mismatched outliers.
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Figure 7: Ablation study of the hyperparametein the af ne scores using the model trained on the
CIFAR-10 datasets under 40% symmetric noise rate.

Figure 7 illustrates the performance of images generated from an af ne score by varying the hyperpa-

rameter . The results indicate that using an af ne score yields better samples across all performance

aspects, except for FID. The generated images presented in this paper employ the af ne score with
=1.

E ADDITIONAL EXPERIMENTAL SETTINGS

E.1 DATASETS

We describe the generation of noisy labeled datasets in more detail. The overall setup follows
Kaneko et al. (2019). Speci cally, for symmetric noise, labels are randomly perturbed with the
probability of the noise rate. For asymmetric noise, we perturbed labels with the probability of the
noise rate only for similar classes. In this case, for MNIST, labels are ippe2iby7,3! 8, and

5% 6, and for CIFAR-10, labels are ipped hyuck ! automobile ,bird ! airplane

deer ! horse ,cat $ dog. For CIFAR-100, we have circularly ipped classes in the same
superclass.

E.2 MODEL CONFIGURATIONS

We utilized 8 NVIDIA Tesla P40 GPUs and employed CUDA 11.4 and PyTorch 1.12 versions in
our experiments. Our model framework and code are based on EDM (Karras et al.,®2Ba23ll
experiments, we used DDPM++ network architecture with a U-net backbone, which is originally
proposed by Song et al. (2020) and modi ed by Karras et al. (2022). The experimental settings align
with CIFAR-10 experiments in Karras et al. (2022). The score network was trained with a batch
size of 512, and the training iterations were set to 400,000 for MNIST and CIFAR-10, 200,000 for
CIFAR-100. For Clothing-1M, the score network is trained with a batch size 256 for 200,000 training
iterations.

For the noisy-label classi er, we use shallow convolutional neural network backbones for MNIST,
ResNet-18 (He et al., 2016) backbones for CIFAR-10, and ResNet-34 backbones for CIFAR-100 and
Clothing-1M. When computing the noisy-label probability, we multiply the softmax output of the
classi er and the transition matrix to ensure that the output belongs to the simplex formed by the
transition matrix. The classi er was trained by the cross-entropy loss with Adam optimizer using
a learning rate of 0.001 and a batch size of 1,024 for 200,000 training iterations. We use the EDM
deterministic sampler (Karras et al., 2022) with 18 steps (NFE is 35), which is the default setting of
CIFAR-10 in Karras et al. (2022).

®https://github.com/NVlabs/edm
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E.3 EVALUATION METRICS

We evaluate conditional generative models from multiple perspectives using four unconditional
generation metrics, including Fréchet Inception Distance (FID) (Heusel et al., 2017), Inception Score
(IS) (Salimans et al., 2016), Density, and Coverage (Naeem et al., 2020), and four conditional genera-
tion metrics, namely CW-FID, CW-Density, CW-Coverage (Chao et al., 2022), and Classi cation
Accuracy Score (CAS) (Ravuri & Vinyals, 2019). We use DLSM (Chao et al., 2022) tfale
evaluations.

The termunconditionalmetric refers to a metric that can measure samples regardless of their labels.
We generate samples by performing conditional generation on each class. We use these samples to
evaluate both unconditional and conditional metrics on each model. The unconditional metric is
calculated from the generated images only, not accounting their labels. The unconditional metric is
evaluated in the same way in other papers addressing the conditional generation (Kaneko et al., 2019;
Chao et al., 2022).

FID measures the distance between real and generated images in the pre-trained feature
space (Szegedy et al., 2016), indicating the delity and diversity of generated images. IS quan-
ti es how well the generated images capture diverse classes and whether each image looks like a
single class, re ecting image delity. The Density and Coverage are reliable versions (Naeem et al.,
2020) of Precision and Recall (Sajjadi et al., 2018; Kynkaanniemi et al., 2019), respectively. These
two metrics examine how well one image distribution covers the other in the feature space (Szegedy
et al., 2016). Higher Density and Coverage values indicate better image quality and diversity, respec-
tively. We do not use Precision and Recall metrics. This is because the nearest neighbor distribution
produces an overestimated distribution around the outliers (Naeem et al., 2020), so these metrics are
not appropriate in the presence of noisy labels.

To measure how well the generated images match the given conditions, we evaluate metrics on
Class-Wise (CW) images. The CW-metric evaluates the metric separately for each class and averages
them (Chao et al., 2022). Note that CW-FID, also called intra-FID, is a widely used metric in the
eld of conditional generative models (Miyato & Koyama, 2018; Kaneko et al., 2019). Previous
label-noise robust GAN model (Kaneko et al., 2019) mainly used this metric, and they mentioned
that this metric is a measure of the quality of a conditional generative distribution. Additionally, we
evaluate CAS, which is the classi cation accuracy of the test dataset, where the classi er is trained
on generated samples. This metric demonstrates that the generated images contain representative
class information. The classi er, which is to evaluate CAS metric, is trained by the cross-entropy loss
with Adam optimizer using a learning rate of 0.01 with batch size 128 for 200 epochs. The classi ers
are shallow convolutional neural networks for MNIST, ResNet-50 for CIFAR-10 and CIFAR-100,
and pre-trained ResNet-50 for Clothing-1M.

It should be noted that the MNIST dataset is not suitable for evaluation using these metrics except for
CAS, so instead we use density and coverage metrics based on the features of a randomly initialized
VGG-16 (Simonyan & Zisserman, 2015), as suggested by Naeem et al. (2020).

E.4 EXPERIMENTAL SETTING FOR2-D TOY CASE

We consider a 2-class Gaussian mixture model wi#jy = 1) = N (x;(3;3)";1), p(xjy = 2) =

N(x;( 3 3)7;1),andp(y = 1) = p(y = 2) = 0:5. Also, we set the transition matrix as
S= $8%2 . Inthis example, we use the VE SDE for the diffusion process, e.g., the conditional
distributions of class 1 on timeare: p,(X:jy = 1) = N (x;(3;3)7;(1+ t?)1). Then, we can evaluate
W(X¢; ¥ y;t) from de nition. Note thatw(x¢;yy = 1;t) + w(X¢;yy =2;t) =1 for all x¢; y; t.

E.5 ESTIMATING THE TRANSITION MATRIX

We utilized the VolMinNet (Li et al., 2021) framework to obtain the noisy label classi er and the
transition matrix in an end-to-end manner. The VolMinNet loss function consists of the sum of the
cross-entropy loss for the noisy label using the transition matrix and the loss that minimizes the
volume of the simplex formed by the transition matrix. We utilize this loss to train the classi er.

"https://github.com/chen-hao-chao/dism
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Figure 8: Comparison of the optimal score networks in a 2-dimensional toy case. The dots depict
generated samples based on each score network. The arrows represent the score vectors, with the
color representing the norm of the vectors.

In this case, we get the estimated transition matrix, and the noisy-label probability is obtained by
applying the transition matrix to the classi er output.

To train the transition matrix using the VolIMinNet loss, we make the elements of the transition
matrix as trainable parameters. The initialization and the optimizer setting of the transition matrix is
followed by Li et al. (Li et al., 2021). In particular, the transition matrix was trained for about 7,500
iterations, which is different from the number of iterations used for training the classi er. Therefore,
we X the transition matrix after the matrix training iterations while only the classi er was further
trained. Since our noisy-label classi er needs to learn the noisy labels, it requires more iterations. We
observed that continuously training of the transition matrix causes it to converge towards the identity
matrix.

F ADDITIONAL EXPERIMENT RESULTS

F.1 ANALYSIS ON 2-D TOY CASE

Figure 8 visualizes the optimal score networks of DSM variants in a 2-dimensional toy case. We
consider a 2-class Gaussian mixture model withjy = 1) = N (x;(3;3)";1), p(xjy = 2) =

N(x;( 3 3)T;l), and we set the transition matrix 8s= 3§ 32 . S-weighted DSM means

that the weight function is determined solely by the transition m&rike., wo(x;y;y;t) = p(Y =

yjY = ¥). This analysis reveals that the instance-independent transition-aware weights cannot
produce a clean-label conditional score in the diffusion models, which is different from the GAN
models.

F.2 REPEATEDEXPERIMENTS

we run repeated experiments on the CIFAR-10 dataset with 40% symmetric and asymmetric noise.
Figure 9 shows the average values of each metric along the training iterations, with min-max
values. We also perform t-tests for all cases, and in most cases we observe a statistically signi cant
improvement over the baselines.

F.3 LEARNING TRAJECTORY

Figure 10 presents the trajectory of the metrics during the training process. For the conditional metrics,
we nd that the baseline model does not reach the performance of our early-stage model, even with
continued training. Furthermore, for all metrics except FID, our model consistently outperforms
the baseline across all snapshots. This observation highlights the persistent efforts of our model in
estimating the clean-label conditional distribution and the dif culty of existing models in overcoming
label noise.
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(a) 40% symmetric noise

(b) 40% asymmetric noise

Figure 9: The results of repeated experiments on the CIFAR-10 dataset for each training iteration
(every 25 million images). We ran the experiment three times. The solid lines represent the mean of
the metrics, and the shaded regions illustrate the minimum and maximum values.

F.4 TRAINING AND INFERENCE TIME

First, the inference (or sampling) time remains unchanged compared to the baseline model. This
is because we only change the training objective to ensure that the score network becomes the
clean-label conditional score given a noisy labeled dataset. During inference, the existing sampler is
used for sampling, which is unaffected by the introduced weights, thus preserving the inference time.

In the process of evaluating the training objective, it is necessary to compute the weighted sum of the
score networks. However, we introduce the practical techniques for reducing on time and memory
usage in Section 3.4. In our experiments, Table 7 shows that the training time for our models on
CIFAR-10 and CIFAR-100 is only about 1.5 times, not the number of classes times, as long.

In addition, Figure 10 provides a comparison of performance based on training iterations. For the
conditional metrics, our models outperform the best baseline model for all training iterations, and for
the unconditional metric, we observe that most metrics are similar to or better than the best baseline
model's performance around the halfway point of our model's training. Consequently, we can achieve
better performance on noisy labeled datasets within the same training time.

F.5 COMPARISON WITHGAN-BASED MODELS

We compare the generation performances with the label-noise robust GAN model (Kaneko et al.,
2019) in Table 8. The diffusion models generate images much better than the GAN model even in
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Figure 10: The experiment results on the CIFAR-10 datasets under 40% symmetric noise rate with
respect to the training iterations (in every 25 millions of images).

Table 7: Training time on the CIFAR-10 and CIFAR-100 datasets. The values represent the training
time (second) per 1K images.

Symmetric  Asymmetric
20% 40% 20% 40%

Dataset Model

DSM 177
CIFAR-10  tphov 221 243 1.85 1.00
CIFAR-100 PSM 1.78

TDSM 235 3.06 201 227

the noisy label dataset, and our models boost the performances by increasing the robustness to label
noise. Overall, the results demonstrate that our proposed approach is effective in handling label noise
in diffusion models, leading to improved image generation performance under noisy label settings.

F.6 EXPERIMENTAL RESULTS WITH OTHER DIFFUSION FRAMEWORK

Table 9 shows the experimental results with the DDPM++ (Song et al., 2020) framework. Consistent
with previous results in Table 1, we observe that our model outperforms the baseline model on all
conditional metrics and most unconditional metrics.

F.7 PERFORMANCE DIFFERENCES FOR THE CLAS®/ISE METRICS

Figure 11 shows the performance difference between our models and the baseline models for each
class. As shown in the gure, our models outperform in most classes. In particular, we see an
improvement in performance even for classes that are not affected by label noise for asymmetric
noise cases.

F.8 ADDITIONAL RESULTS FOR COMBINING WITH THE EXISTING NOISY LABEL CORRECTOR

We conducted experiments by 1) obtaining the corrected labels from the existing classi er learning
methods with noisy labels, VolMinNet (Li et al., 2021) and DISC (Li et al., 2023), and 2) training the
diffusion model with the corrected labels. We use the same transition matrix structure with a revised
noise ratio for training the diffusion model. The results are summarized in Table 10 for VoIMinNet and
Table 11 for DISC. The experimental results indicate that applying our TDSM objective consistently
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Table 8: Experimental results on the CIFAR-10 and CIFAR-100 datasets under 40% noise rate,
compared with the GAN-based model. "GAN' is the baseline GAN model and ‘'rGAN" is the label-
noise robust GAN model.

Metri Symmetric Asymmetric
etric

GAN rGAN DSM TDSM GAN rGAN DSM TDSM
FID (# 1493 11.08 2.07 243 11.04 10.46 223 2.06
- |IS ") 821 8.51 9.83 9.96 8.54 8.56 10.09 10.02
9 > | Density () 70.02 78.90 100.94 111.63 78.06 77.47 101.25 105.19
@ Coverage ) 5251 5892 80.93 82.03 59.19 5845 81.10 81.90
i CW-FID # 53.26 27.03 30.45 15.92 29.10 26.29 15.18 1254
O Z|caAs (") 3326 53.27 47.21 62.28 45.07 49.34 68.98 7151
8| Cw-Density () 49.46 71.63 73.02 97.80 68.40 70.71 92.13 99.21
CW-Coverage ") 44.02 56.51 71.63 78.65 55.48 5591 78.12 79.98
FID (# 19.46 15.09 3.36 6.85 13.81 13.96 2.73 281
o c|!S (") 8.05 9.11 11.86 12.07 9.12 9.43 12,51 12.57
S > | Density () 69.85 7516 8170 88.45 79.13 78.16 87.06 87.01
o Coverage ) 4514 5042 7392 7212 53.25 5240 76.56 76.27
i CW-FID #) 137.35 109.64 100.04 93.24 114.71 105.93 89.13 73.13
O Z|CAs ") 9.89 19.84 15.41 21.17 13.84 18.08 23.50 34.47
8 | CW-Density () 33.37 53.21 49.77 60.60 47.92 60.29 60.27 74.30
CW-Coverage ") 3350 42.31 60.64 63.89 4157 45.09 64.19 71.48

Table 9: Experimental results for DDPM++ (Song et al., 2020) backbone on the CIFAR-10 dataset
with various noise settings. The percentages in headers represent the noise rate. “un' and “cond'
indicate whether a metric is related to unconditional or conditional generation, respe@iofly.
numbers indicate better performance.

Symmetric Asymmetric
Metric 20% 40% 20% 40%
DSM TDSM DSM TDSM DSM TDSM DSM TDSM

FID #H 211 2.24 2.27 2.61 2.20 2.07 2.44 2.24
c | IS (") 985 10.04 9.79 9.93 9.89 9.98 9.95 9.95
= | Density () 103.17 110.15 101.67 110.72 104.01 106.22 104.30 106.04
Coverage ) 8121 8214 80.69 81.28 8158 81.87 8148 81.73
CW-FID # 1611 1195 2931 1587 12.06 10.99 1532 12.92
2| CAS () 66.86 71.18 5270 6135 7275 73.80 6858 71.22
8 | CW-Density () 9183 103.94 7457 98.02 99.30 103.30 95.12 100.30
CW-Coverage '() 78.47 80.72 7176 78.27 8050 81.14 78.67 79.77

improves the performance even with the corrected labels. Therefore, we believe that our approach
tackles the noisy label problem from a diffusion model learning perspective, providing an orthogonal
direction compared to conventional noisy label methods.

F.9 ABLATION STUDIES ON SKIP THRESHOLD

Figure 12 demonstrates the trade-off between CW-FID and the training time per 1K images depending
on the skip threshold, as explained in Section 3.4. Using a small threshold leads to a long training
time due to more network evaluations, and using a high threshold leads to a decrease in performance
due to inaccurate targets. From this result, we st 0.01 for all experiments.

F.10 ADDITIONAL RESULTS FOR THE BENCHMARK DATASET WITH ANNOTATED LABEL
The experiments for Table 2 in Section 4.2 applied our models to benchmark dataset with the

conjecture that some annotated labels may be noisy. For the conditional metrics, we need to have true
labels, but due to the conjecture, it may not appropriate to use these metrics with the annotated labels.
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(a) CIFAR-10 with 20% symmetric noise

(b) CIFAR-10 with 40% symmetric noise

(c) CIFAR-10 with 20% asymmetric noise

(d) CIFAR-10 with 40% asymmetric noise

Figure 11: The sorted differences between the DSM (baseline) and TDSM (ours) on the CIFAR-10
dataset with various noise settings.

Figure 12: Ablation study of the skip threshold

Nevertheless, it is possible to evaluate the conditional metrics with the annotated labels. The results
are shown in Table 12, and we nd that our model further improves the intra-class sample quality.

To see the impact of the noise rate of TDSM on the clean dataset, we train TDSM models on the
clean CIFAR-10 dataset assuming different symmetric noise rates. As shown in Table 13, the model
performs best at a noise rate of 5%. In addition, most TDSM models show improvements compared to
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Table 10: Experimental results of combining with the noisy label corrector, VolMinNet (Li et al.,
2021), on the CIFAR-10 and CIFAR-100 datasets under various noise settings.

Symmetric Asymmetric Clean

Metric 20% 40% 20% 40% 0%

DSM TDSM DSM TDSM DSM TDSM DSM TDSM DSM

FID # 1.94 2.04 1.97 2.18 1.92 2.03 1.95 1.98 1.92

IS (") 990 10.02 9.90 10.09 9.98 9.98 9.96 9.99 10.03

S Density () 101.32 104.83 103.26 110.09 102.15 103.78 102.33 102.98 103.08
hd Coverage ) 8125 8204 8145 8230 8165 8179 8167 81.98 81.90
i CW-FID # 10.57 1056 1142 10.88 10.33 10.26 10.62 10.61 10.23
O T|cAs (") 7585 7596 73.32 7338 7563 7654 76.27 76,53 77.74
8 | CW-Density ( 99.92 103.61 99.03 107.22 100.86 102.62 100.75 101.37 102.63
CW-Coverage () 80.65 81.48 80.25 8146 81.09 8131 80.94 8110 81.57

FID (# 2.62 3.79 2.85 3.76 2.51 2.46 3.74 3.24 2.51

o c|!S (") 1253 12.63 1246 1270 1281 1290 1252 12.86 12.80
S = | Density () 8720 87.68 85.01 9176 86.43 88.63 84.77 87.97 87.98
o Coverage ) 7727 7729 76.40 7655 7758 7831 76.67 77.76 77.63
i CW-FID # 68.69 67.96 7217 7118 67.43 66.96 75.05 73.06 66.97
O Z|CAs (") 36.08 3838 3532 36.47 39.64 4046 38.84 40.33 39.50
8 | CW-Density () 79.73 80.11 7458 8239 80.72 8274 7750 80.65 82.58
CW-Coverage '() 75.04 7551 72.65 7324 7534 76.12 7268 7342 75.78

Table 11: Experimental results of combining with the noisy label corrector, DISC (Li et al., 2023), on
the CIFAR-100 datasets under various noise settings.

Symmetric Asymmetric Clean

Metric 20% 40% 20% 40% 0%

DsmM TbsM DSM TbsSM DSM TDSM DSM TDSM DSM

FID # 247 265 254 284 251 245 400 341 251

o c|!S (") 12,69 12.83 12.80 1294 12.75 1296 1251 1283 12.80
S > | Density () 87.89 89.91 87.28 90.20 87.79 90.52 83.65 88.10 87.98
o Coverage ) 7761 78.08 77.44 77.63 77.62 7842 7594 7757 77.63
i CW-FID # 67.10 66.82 67.52 67.33 67.32 66.68 78.93 76.62 66.97
O Z2|CAS (") 39.19 4183 4215 4239 4140 4190 39.60 39.72 39.50
8| CwW-Density () 82.62 8494 82.04 8544 8258 8552 76.04 81.69 82.58
CW-Coverage '() 75.70 76.54 7520 75.61 7544 76.00 70.39 7162 75.78

DSM. This suggests that the consideration of label transitions over timesteps contributes to improved
performance even on clean datasets. However, it is important to note that additional research is needed
to account for the actual noise labels present in the benchmark dataset because our experiments
assume symmetric noise.

F.11 EXPERIMENTAL RESULTS ON SEVERE NOISE RATE

To verify the robustness of the proposed model under extreme noise, we perform the experiments on
the CIFAR-10 dataset with severe symmetric noise rates of 60% and 80%. The results are presented
in Table 14. These results show that TDSM consistently improves performance even at severe noise
rates.

F.12 FJURTHER ANALYSIS OF THE TRANSITIONAWARE WEIGHTED FUNCTION

In this subsection, we clarify the meaning of the transition-aware weighted funetiobabel

recovery is an intuitive way to overcome the problem of noisy labels in a dataset. Our method does
not speci cally focus on robustness to noisy labels through label recovery; instead, it focuses on
robustness to noisy labels from a diffusion model training perspective. Consequently, our approach
can be synergistically combined with existing label recovery methods to further improve performance.
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Table 12: Full experimental results on the clean MNIST, CIFAR-10, and CIFAR-100 dataset.

Metric MNIST CIFAR-10 CIFAR-100
Base Ours Base Ours Base Ours
FID # - - 1.92 1.91 251 2.67
c | IS ™) - - 10.03 10.10 12.80 12.85
= | Density () 86.20 88.08 103.08 104.35 87.98 90.04
Coverage ) 82.90 83.69 81.90 82.07 77.63 78.28
CW-FID # - - 10.23 10.18 66.97 66.68
B | CAS (") 98.55 98.50 77.74 77.07 39.50 39.10
8 | CW-Density () 85.79 87.96 102.63 103.69 82.58 84.96
CW-Coverage ') 82.09 82.98 81.57 81.88 75.78 76.53

Table 13: Experimental results on the clean CIFAR-10 dataset varying the noise rate parameters in
TDSM. The percentage in the header indicates the assumed noise rate.

. TDSM
Metric DSM
1% 2.5% 5% 7.5% 10%
FID # 1.92 1.94 1.93 1.91 2.02 2.00
IS (") 10.03 10.08 10.04 10.10 10.04 10.06

Density () 103.08 103.83 104.07 104.35105.44 105.15
Coverage () 8190 81.79 8190 82.07 82.04 81.95

It is important to analyze how our method overcomes the noisy label robustness in diffusion mod-
els. Our analysis indicates that our proposed TDSM objective provides the diffusion model with
information about the diffused label noise in the dataset. This information is represented by the
transition-aware weight functiom, depending upon the diffusion time. Therefore, we estimate the
instance- and time-dependent label transition probability with the transition-aware weight function.

We want to emphasize that the transition-aware weight funetiptays a different role from a typical

classi er. This probability represents the relationship between the noisy and clean label conditional
scores (which are also time-dependent) and is an important element of the proposed training objective
of a diffusion model. Therefore, we need to estimate this label transition probabilities over diffusion
timesteps.

Speci cally, our transition-aware weight function can be reformulated as follows:

pe(Y = yix)p(Y = yjY = y):
Pe(Y = ¥ixt)

W(Xt; Y5 Yit) = (51)

As seen in the expression, the weight function is composed of the clean label clgséver yjx.),
label transition priop(Y = ¥jY = y), and the noisy label classi gn (Y = yjx;). Given the
triplet of perturbed data instance and its corresponding noisy labels and timestég; i¥.t), each
component ofv has the following characteristics with respecytdl) p(Y = yjx;) is maximized
wheny is the clean label of the clean datg of x;; 2) p(Y = ¥jY = y) is maximized whely is the
noisy labely in general. The reason for 2) is that in general, a given noisy label is suf ciently likely
to be a clean label. These two trade-offs imply thatvhiinction does not behave like a clean label
classi er.

Furthermore, for large enougdh the distribution ofx; converges to a label-independent prior
distribution by the design of the diffusion process, so fhY jx;) converges to a uniform distribution.
Therefore, for suf ciently large, thew function converges to a transition mat8x This phenomenon

can also be demonstrated in Figure 2 of the 2-D Gaussian mixture model example. In summary,
the transition-aware weight function needed to overcome noisy labels in a diffusion model is not
represented clean label recovery information only, and this function has time-varying information.
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Table 14: Experimental results on the CIFAR-10 datasets with symmetric noise containing severe
noise rates. The percentages in headers represent the noise rate. “un' and “cond' indicate whether a
metric is unconditional or conditionaBold numbers indicate better performance.

20% 40% 60% 80%
bsmM TDSM DSM TDSM DSM TDSM DSM TDSM

Metric

FID # 2.00 2.06 2.07 2.43 2.17 2.55 222 244
c | IS *") 991 9.97 9.83 9.96 9.75 10.09 9.73 9.79
= | Density () 100.03 106.13 100.94 111.63 102.17 110.78 102.09 103.69
Coverage ) 8113 8189 80.93 82.03 8100 81.65 80.81 8115
CW-FID # 16.21 12.16 3045 1592 4894 2336 7251 5357
2| CAS (") 66.80 70.92 47.21 6228 29.72 5238 9.93 2468
8 | Cw-Density () 8845 9952 73.02 97.80 5842 86.58 43.97 54.30
CW-Coverage () 77.80 80.29 71.63 78.65 6188 75.08 4453 56.47

Figure 13: The clean label accuracy of the transition-aware weight function over diffusion timesteps
on the CIFAR-10 training datasets under 40% symmetric noise.

It is possible to check the accuracy of the transition-aware weight function on the training dataset
since the function provides the predicted probability of a clean label given a noisy label and an

instance. Figure 13 shows the clean label accuracy of the transition-aware weight function over
diffusion timesteps. Since the noisy labels in the dataset are used as the input conditions of the
baseline model for the entire diffusion timesteps, we plot the percentages of clean labels in the
datasets as dotstat 0 and plot a dashed horizontal line for comparison.

Focusing on "Ours (MolMinNet + TDSM)', which provides the best generation performance, we
found that the behavior of th& function varies with diffusion timesteps, as mentioned above. In
particular, ag increases, the clean label accuracy converges to the clean rate of the given dataset,
which is 0.6. This is because thefunction converges to the label transition pniv’ = yjY = vy).

“Base (VolMinNet + DSM)', which does not take this into account, learns the diffusion model only
with corrected labels, leading to the performance difference. Therefore, while existing noisy label
methods that focus on clean label recovery certainly contribute signi cantly to generative perfor-
mance, considering the TDSM obijective in diffusion model training enables additional performance
improvement independent of clean label recovery.

F.13 ANALYSIS OF THE NOISY LABEL CLASSIFIER
To investigate the effect of the noisy label classi er, we train the diffusion models with different

training levels of noisy label classi ers. To analyze the noisy label classi ers, we measured 1) the
noisy label classi cation performance of the noisy label classi er over diffusion timesteps; and 2) the
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(a) Noisy label accuracy of noisy label classi er (b) Clean label accuracy @f function

Figure 14: Classi cation performance of the noisy label classi er with varying training levels over
diffusion timesteps on the CIFAR-10 dataset with 40% symmetric noise. The numbers in the legend
represent the training epochs of the noisy label classi er.

Figure 15: Generation performance of TDSM models on the CIFAR-10 dataset with 40% symmetric
noise with respect to the training epochs of the noisy label classi er. DSM is independent of the
classi er, but is shown as a horizontal line for comparison.

clean label classi cation performance of thefunction, evaluated with the classi er, over diffusion
timesteps, in Figure 14. We also compare the generation performance for the diffusion model trained
with each classi er in Figure 15 and Table 15.

The performance of the noisy label classi er in predicting noisy labels increased with the number of
epochs trained on the classi er, but its ability to predict clean labels in clean data space decreased.
Meanwhile, in terms of the generation performance of the diffusion model, the less trained classi er
performed better with respect to the conditional metrics, and the more trained classi er performed
better with respect to the unconditional metrics. Note that all TDSM models outperform the baseline,
DSM, on most metrics.

We interpret this result as follows. 1) Due to the iterative sampling procedure of the diffusion model,
the noisy label classi er needs to learn enough of all the perturbed samples of the diffusion timesteps
to improve the quality of the generated samples. 2) At this time, excessive training of the noisy
label classi er leads to an overcon dence problem, particularly in the data spdce @t This
overcon dence reduces the information of the clean label and affects the information of the condition.
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Table 15: Generation performance of TDSM models with different training levels of noisy label
classi ers on the CIFAR-10 dataset with 40% symmetric noise. The epochs represent the training
epochs of the noisy label classi er.

Metric DSM TDSM
75 epochs 100 epochs 125 epochs 200 epochs 4000 epochs
FID # 2.07 2.84 2.55 2.57 251 2.43
- | IS ") 9.83 9.72 9.90 9.93 9.95 9.96
S | Density () 100.94 110.92 111.40 111.43 11148 111.63
Coverage ) 80.93 81.23 81.84 81.98 81.95 82.03
CW-FID # 3045 14.63 14.06 14.70 14.58 15.92
2| CAS (") 4v.21 65.70 65.57 64.95 63.74 62.28
8 | CW-Density () 73.02 102.43 104.54 103.65 102.03 97.80
CW-Coverage ') 71.63 79.07 80.26 79.61 79.57 78.65

Table 16: Generation performance of TDSM models for different assumed noise rates on the CIFAR-
10 dataset with 40% symmetric noise. The percentage in parentheses refers to the noise rate assumed
by the TDSM models.

Metric DSM TDSM (40%) TDSM (43%)
FID #  2.07 2.43 2.53
c | IS ") 9.83 9.96 9.96
= | Density () 100.94 111.63 113.21
Coverage D 80.93 82.03 82.18
CW-FID # 30.45 15.92 15.76
2| cAas (") 47.21 62.28 62.10
8 | CW-Density () 73.02 97.80 100.06
CW-Coverage () 71.63 78.65 79.11

Therefore, it is possible to improve the generation performance by training the noisy label classi er
more effectively, e.g., by adjusting the temporal weight functi¢t), and further work is needed.

F.14 ANALYSIS OF THE POTENTIAL LABEL NOISE IN THE BENCHMARK DATASET

In Section 4.2, we discuss the presence of noise in the annotated labels of existing benchmark datasets.
This could potentially affect the results in our experiments on benchamrk dataset with synthetic label
noise. To assess this in uence, we apply TDSM to the CIFAR-10 dataset with 40% symmetric noise,
assuming a 43% noise rate. In this case, we assume that the 60% of unaffected data in our noisy label
generation process has the 5% potential noise predicted by the previous experiment, resulting in an
additional 3% of total data.

Table 16 shows the results of the TDSM model assuming a 43% noise rate on the CIFAR-10 dataset
with 40% symmetric noise. Interestingly, we nd that assuming potential label noise yields additional
performance improvements for most metrics. This result further supports our conjecture that the
benchmark dataset contains examples with noisy or ambiguous labels.

F.15 ADDITIONAL GENERATED IMAGES
Figures 16 to 21 provides the uncurated generated images of the baseline and our models in Table 1.

As with the quantitative results, our models demonstrate the ability to generate images that closely
match the given conditions.

F.16 CGENERATED IMAGES ONCLOTHING-1M

Figure 22 contains the uncurated generated images of the baseline and our models, trained on
the Clothing-1M dataset. Although our model generates images that exhibit some alignment with
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the speci ed conditions, the disparity is not signi cant. This observation can be attributed to the
underlying assumption of class-conditional label noise. Consequently, it is evident that further
research is necessary in the area of generative model learning from instance-dependent noisy labels,
similar to the research in supervised learning dealing with such noisy labels.
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(a) Base (b) Ours
Figure 16: The uncurated generated images of (a) baseline and (b) our models on the MNIST dataset

with 40% symmetric noise. Each block has images of the same class. The class labels, €3,
4,5,6,7,8,and9, from top to bottom.
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(a) Base (b) Ours
Figure 17: The uncurated generated images of (a) baseline and (b) our models on the MNIST dataset

with 40% asymmetric noise. Each block has images of the same class. The class labgls are3,
4,5,6,7,8,and9, from top to bottom. The labels are ipped ! 7,3! 8,and5$ 6.
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