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Abstract

Partial multi-label learning (PML) aims to train a classifier on
dataset whose instances are over-annotated with not only rel-
evant labels but also irrelevant labels, which is common when
datasets are collected from crowd-sourcing platform. Existing
works primarily approach it from a curriculum learning per-
spective, leveraging the memorization effect to disambiguate
noisy labels and produce robust predictions. However, these
methods are based on non-adaptive weighting functions and
lack theoretical guidance for optimal weighting. To overcome
these issues, a calibrated disambiguation model named PML-
CD is proposed. We firstly formulate the optimal weight-
ing function for curriculum-based disambiguation, which is
equivalent to the calibration of the model’s predicted confi-
dences, thus provide a guidance for curriculum designing. To
obtain the optimal weighting function from PML dataset dur-
ing the training, a transferable calibrator is designed, which
takes the histogram of positive samples’ confidences as in-
put, and outputs the optimal curriculum weighting for train-
ing. Prototype alignment regularization is also proposed to
promote the model’s performance. Experiments conducted on
Pascal VOC, MS-COCO, NUS-WIDE and CUB have verified
that our method outperforms existing state-of-the-art PML
methods.

Code — https://github.com/lee-plus-plus/PML-CD

Introduction
In recent years, multi-label learning has become a popular
research topic, whose goal is to predict whether each cat-
egory of label is relevant to a sample (Liu et al. 2021b).
Given the fact that precisely annotated datasets are often dif-
ficult to be obtained due to high labor cost, crowd-sourcing
platforms become common adopted for data collection, ir-
relevant labels are assigned by non-expert annotators, re-
sulting the samples to be over-annotated, therefore leading
to the problem of Partial Multi-label Learning (PML) (Yu
et al. 2018). PML works with the problem that each instance
is associated with a candidate label set, which contains not
only all the relevant labels but also some irrelevant labels.
Several PML methods have been proposed to disambiguate
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corrupted labels and learn robust model, achieving remark-
able performance on PML table datasets (Xie and Huang
2021; Xu, Liu, and Geng 2020; Wang et al. 2023a). Inspired
by the success of deep neural networks (DNNs), researchers
begin to explore the potentials of designing PML methods
with DNNs, particularly on PML image classification (Wang
et al. 2023b), yet few methods have been proposed.

Curriculum learning, which let the model gradually learn
from easy knowledge to hard knowledge by controlling the
sample’s weight during the training (Bengio et al. 2009), is
learnt to be helpful to disambiguate noisy labels (Jiang et al.
2018; Kim et al. 2022). Therefore, it have been adopted by
the majority of existing PML image classification methods
(Wang et al. 2023b; Chen et al. 2024). In curriculum-based
PML methods, the weighting function, also be named as
the curriculum, is crucial for disambiguation. Among these
proposed methods, however, although abundant weighting
functions have been proposed (see Figure 1(a)) (Wang,
Chen, and Zhu 2021), they are heuristically designed, e.g.,
hard threshold (Wang et al. 2023b), soft threshold (Chen
et al. 2023), and temperature annealing (Xu et al. 2021),
and therefore provide limited explanation for the criteria of
designing curriculum, leading the evaluation or comparison
between curriculum impossible.

Besides, it is noticed that the suitable curriculum should
be vary on different dataset, different noise rate and differ-
ent training epoch. Figure 1(b) provides such an example,
showing that the best threshold to separate the true posi-
tive and false positive samples according to their predicted
confidences vary. Therefore, a proper curriculum weighting
function should be adaptive to the feedback of the training.
However, existing curriculum-based PML approaches fails
to achieve this (Wang et al. 2023b; Chen et al. 2024).

Motivated by the aforementioned limitations, we pro-
pose an approach named Calibrated Disambiguation for Par-
tial Multi-label Learning (PML-CD), with a new perspec-
tive towards curriculum-based disambiguation by calibra-
tion. As it is shown in Figure 1(b), given the histogram of
the confidences of candidate samples, the aim of curricu-
lum weighting is to separate them into clean samples and
corrupted samples, assigning high weights for the formal
and low weights for the latter. Given the fact that samples
with same confidence are indiscriminate during the disam-
biguation, we prove that the optimal mapping curve from
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(a) Existing weighting functions.
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(b) Histogram of the predict confidence.
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(c) Calibrator predict on unseen
dataset with high precision.

Figure 1: Illustration of Calibrated Disambiguation. (a) shows the weighting function proposed in previous curriculum learning
approaches, whose shape are heuristically designed; (b) is two histograms of predicted confidences on clean partial labels and
corrupted partial samples. The optimal weighting curve, which is equivalent to the calibration curve, can be derived from the
frequency statistics if the ground-truth information is given; (c) shows that the optimal weighting curve can be precisely pre-
dicted according to the histogram of predicted confidences on partial labels, perceive a general relations between confidences
histogram and calibration curve according to the memorization effect.

samples’ confidence to sample’s weight should equals to
the TP/(TP + FP ) curve, which is named as the opti-
mal weighting function. By applying the optimal weighting
function during the curriculum-based disambiguation, the
potentiality of the memorization effect can be fully mined,
providing a upper bound for curriculum-based disambigua-
tion. Figure 2 shows that the optimal weighting function is
equivalent to the calibration on sample’s confidences.

In PML training, however, the statistics of whether a pos-
itive sample belongs to true positive or false positive, is
unknown. To predict the optimal weighting function when
training on PML dataset, we designed a transferable calibra-
tor to learn the relationship between the distribution of pos-
itive samples’ confidence, and the optimal weighting func-
tion. A data-driven approach is adopt to train the calibrator,
which avoids making assumptions on the distribution of con-
fidences. Figure 1(c) shows that our pre-trained calibrator
can give fine-grained prediction for optimal weighting curve
on unseen dataset.

To enhance the robustness of our model, prototype align-
ment regularization is also proposed, which helps the model
learn better multi-label representation and perform better.

In summary, our contributions are listed as follows:
1. An analysis for the optimal weighting function is pro-

vided. which demonstrates the essence of weighting in
curriculum-based disambiguation is confidence calibra-
tion.

2. An adaptive and transferable calibrator is developed,
which is based on the common patterns observed be-
tween the confidence distribution histograms of candi-
date samples and the ratio of clean samples.

3. A prototype alignment regularization loss is proposed,
which can help multi-label encoder produce not only sep-
arable features, but also discriminative features, therefore
leading to robust performance.

Related Work
Multi-label Image Classification
In recent years, multi-label image classification has drawn
increasing attention, since it is more reasonable for each im-
age to contain multiple relevant labels(Chen and Yeh 2024).
To fully exploit the label correlations, convolutional neu-
ral networks (CNNs) with new architectures have been pro-
posed according to various perspectives, including recurrent
neural networks (Wang et al. 2016), graph convolutional net-
works (Chen et al. 2019; Singh et al. 2024), graph propa-
gation (Zhu et al. 2023), and Transformer architecture (Liu
et al. 2021a; Lanchantin et al. 2021).

Partial Multi-label Learning
Partial Multi-label Learning (PML) considers a situation
where each instance is associated with a set of candidate
labels, while only part of them are the ground-truth labels.
Some existing work utilizes global and local information to
guide disambiguation, following the manifold assumption
and the label correlation assumption (Xu, Liu, and Geng
2020; Wang et al. 2019; Zhao et al. 2022). Other existing
works, following the low-rank decomposition assumption,
prefer to separate ground truth and noise from corrupted
data by applying low-rank constraints while optimizing (Sun
et al. 2019; Xie and Huang 2021). Lately proposed PML
methods usually incorporate both the manifold and low-rank
assumptions in a delicate way (Xu et al. 2022; Lyu et al.
2021; Sun et al. 2021; Yang et al. 2024b).

In recent years, researchers began exploring the compati-
bility of PML with DNNs and investigated PML image clas-
sification. Current image PML methods are primarily based
on memory effects (Arpit et al. 2017), and apply curriculum-
guided disambiguation through small-loss criteria (Wang
et al. 2023b; Chen et al. 2024).
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Curriculum Learning
The concept of curriculum learning is inspired by the human
learning process, where individuals first acquire simple and
general knowledge, then gradually learns more complex and
specialized knowledge and thereby achieving well under-
standing (Bengio et al. 2009). By leveraging the memoriza-
tion effect (Arpit et al. 2017) and employing training sample
loss as the difficulty measurer (Wang, Chen, and Zhu 2021),
noisy label learning approaches can progressively disam-
biguate labels through curriculum learning strategies (Jiang
et al. 2018).

Based on the small-loss criteria, a series of weighting
functions that map samples’ loss to their weights have been
proposed in curriculum learning (Wang, Chen, and Zhu
2021), with various forms such as hard (Kumar, Packer,
and Koller 2010), linear (Jiang et al. 2014), logarithmic
(Jiang et al. 2014), Gaussian (Chen et al. 2023), and etc.
Since the most appropriate curriculum varies on different
training conditions, the weighting function should be adap-
tively adjusted by the feedback during the training. Exist-
ing approaches have proposed various curriculum adaptation
strategies, by introducing the confidence histograms (Lee,
Lim, and Chung 2021), the mean and variance of predicted
confidence (Chen et al. 2023), quantized logical differences
(Kim et al. 2024), loss rankings (Chen et al. 2024), and etc.
Corresponding parameter updating schemes have also been
designed in different approaches, including fitting two Gaus-
sian distribution (Lee, Lim, and Chung 2021), temperature
annealing (Xu et al. 2021), and etc.

Overall, designing adaptive weighting strategies
heuristically is challenging for three main reasons: 1) a
mathematical formulation for optimal curriculum lacks; 2)
certain feature construction approaches, such as ranking, are
inherently suboptimal for precise inference; 3) some pre-
dictors employ generative models that rely on assumptions,
such as the confidence levels of noisy and clean samples
following two separable normal distributions (Lee, Lim,
and Chung 2021), which may not always be applicable.

In addition to re-weighting, some approaches explore
how to re-label corrupted labels in a curriculum-based man-
ner (Bengio et al. 2009; Kim et al. 2022), or combine re-
weighting and re-labeling together (Zhou, Wang, and Bilmes
2020). It is also referred to as re-labeling or label correction.
The main challenge with re-labeling lies in the possibility
of incorrectly correcting difficult but accurate labels in the
early stages of training, which could even damage further
learning (Kim et al. 2022).

Preliminaries
We first provide a detailed explanation of the notations used
in the paper. The multi-label training dataset is denoted as
D = {(xi, yi) | i = 1, . . . , N}, where N is the number
of samples of the training set, xi ∈ RW×H×3 is the im-
age of the i-th sample, and yi = [y1i , . . . , y

C
i ]

T ∈ {0, 1}C
denotes the ground truth labels for each category of the i-
th sample, with a total of C categories. In PML, since la-
bels are not precisely annotated, only a corrupted dataset
D̃ = {(xi, ỹi) | i = 1, . . . , n} is available, whose candidate
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1Figure 2: An example of optimal curriculum weighting
with histograms of model’s predicted confidences (left) and
weights (right) by assigning wij = P (yij = ỹij | tij). It
is shown that weighting is equivalent to calibrating model’s
predicted confidences. The expected calibration error (ECE)
of confidences and weights are presented.

labels ỹi = [yi1, . . . , yic]
T ∈ {0, 1}C for the i-th sample

is contains not only relevant labels corresponding to yi, but
also additional noise. For convenience, we denote {·} in this
paper to succinctly represent a collection of certain variable
of every sample on the training set, e.g., {xi}.

Given a model f : RW×H×3 → [0, 1]C , the confidence
predictions ti = f(xi) ∈ [0, 1]C for each sample on train-
ing set can be collected. According to the memorization ef-
fect, when a model learns on a noisy dataset, it tends to first
memorize the clean samples. It suggests that the small-loss
criteria to filter reliable samples and assign higher weights
to samples with lower loss during the training. Such disam-
biguation procedure is also known as curriculum learning,
which can be formulated as

ℓcurr(ŷij , ỹij) = wijℓBCE(ŷij , ỹij), (1)

where ŷij = fj(xi) is the model’s predicted confi-
dence for i-th sample and j-th class, and ℓBCE(ŷ, ỹ) =
− (ỹ log(ŷ) + (1− ỹ) log(1− ŷ)) is the binary cross en-
tropy loss. Given a predicted score t, we hope to assign
weight w(t) to samples to better train the model. It is ex-
pected to assign as much weight as possible to clean sam-
ples, and as little weight as possible to corrupted samples.
which can be evaluated by

ℓBCE (w(t), I[y = ỹ]) = −w(t) log(I[y = ỹ]))︸ ︷︷ ︸
maximize clean samples’ weights

+

−(1− w(t)) log(I[y ̸= ỹ]))︸ ︷︷ ︸
minimize corrunpted samples’ weights

,
(2)

and the optimal weighting function w∗(t) can be induced as

w∗(t) = argmin
w(t)

Ey|t [ℓBCE(w(t), I[y = ỹ])]

= P (y = ỹ | t).
(3)

Since other baseline methods try to model w∗(t) in a bi-
narization way, e.g., w(t) = I[t ≥ η], our method pro-
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vides theoretical upper bound. Therefore, the optimal cur-
riculum weighting function is to model the posterior proba-
bility P (yij = ỹij | tij) as

ℓ∗curr(ŷij , ỹij , yij) = P (yij = ỹij | tij)ℓBCE(ŷij , ỹij). (4)

To better understand the meaning of Equation 4, an exam-
ple of optimal curriculum weighting is given in Figure 2. In
summary, our analysis below provides three insights:

1. In curriculum learning based disambiguation schemes,
the essence of weighting is the calibration of model’s
predicted confidence.

2. The optimal weighting function P (yij = ỹij | tij)
provides a theoretically upper bounds for small-loss
guided disambiguation.

3. The quality of weighing function can be evaluated ac-
cording to the quality of calibration, via metrics like
expected calibration error (ECE).

Methods
In this section, we first introduce the overall architecture and
training process of our proposed model PML-CD, which is
also presented in Figure 3. Design proposals and implemen-
tation details of each module will be introduced later.

Two phase training. The training progress of our PML-
CD model is divided into two phases. The first phase is
the warm-up phase, where the model is trained via Binary
Cross-Entropy (BCE) loss on raw training set until early
stopping (Bai et al. 2021). This phase aims to initialize
the model’s random parameters to a reasonable state and to
produce reasonable multi-label representations. The second
phase is the disambiguation phase. In this phase, we collect
the model’s predicted confidence on the training set, and ap-
ply the calibrator to estimate the reliability of candidate la-
bels, then apply the reliability score as the weights in a cur-
riculum learning. The model is robustly trained via weighted
BCE loss along with the prototype alignment regularization
until early stopping.

Multi-label encoder. Current researches in multi-label
learning suggests that it is more appropriate to learn a rep-
resentation for each categories in an image. In multi-label
images, objects of different classes are often situated in
distinct regions of the image and can sometimes be quite
small. Therefore, compressing all regional features into one
feature vector through adaptive pooling is suboptimal (Liu
et al. 2021a; Chen and Yeh 2024). Applying attention mech-
anisms on regional features enables the model to learn which
regional features are relevant to each class, thus helping the
model to learn more consistent feature representations (Liu
et al. 2021a; Ridnik et al. 2023). Following the architecture
of ML-Decoder (Ridnik et al. 2023), we first extract regional
features from the image using pre-trained CNN backbone,
and then pass them into a Transformer with C query vec-
tors, therefore outputs the multi-label representations of an
image z ∈ RC×D.

Group linear projection. To produce confidence predic-
tions, the Group Linear Projection (Ridnik et al. 2023) is
adopted, where the representation in each class is passed
through its corresponding linear layer.

Calibrator
Following the above analysis that the essence of weight-
ing is calibration, unlike previous methods that heuristi-
cally formulating weighting function, we formulate our cal-
ibrator from the analysis of the optimal calibrator. Given the
information of the ground-truth labels {yi}, the optimal cal-
ibrator can be derived from the confidences on true partial
labels and false partial labels in a histogram way. Given
the predicted confidence on partial labels {tij | ỹij = 1},
we split the partial confidences {tij}P = {tij | ỹij = 1}
into two group, the True Positive (TP) group {tij}TP =
{tij | ỹij = 1, yij = 1} and the False Positive (FP) group
{tij}FP = {tij | ỹij = 1, yij = 0}. We denote the num-
ber of bins K = 20, confidences in each bin {tij}[k] =
{(k − 1)/K ≤ tij < k/K}, and then the frequency distri-
bution of TP and FP confidences are collected as

qP
k =
|{tij}[k] ∩ {tij}P|

|{tij}P|
,

qFP
k =

|{tij}[k] ∩ {tij}TP|
|{tij}P|

,

qTP
k =

|{tij}[k] ∩ {tij}FP|
|{tij}P|

.

(5)

Therefore, the reliability histogram can be derived as

rk = qTP
k /(qTP

k + qFP
k ). (6)

In the end, we can export the confidence-reliability relation-
ship between ti and P (yij = ỹij | tij) via applying interpo-
lation on reliability histogram

P (yij = ỹij | tij) = (
k + 1

K
− tij)rk + (tij −

k

K
)rk+1,

s.t.
k

K
≤ tij <

k + 1

K
.

(7)
To produce precise calibration, the confidence-reliability re-
lationship can be individually accomplished on each class.

It has been witnessed that the histogram of predicted con-
fidence is highly relevant to the ground-truth confidence-
reliability relationship during the training (Lee, Lim, and
Chung 2021; Chen et al. 2024). Reasonable attempts that fit
the TP and FP confidences via two Gaussian distribution has
been made (Lee, Lim, and Chung 2021). However, accord-
ing to our observation, it can hardly be adopted to general
situations where the histogram of TP and FP confidences
are skewed or are highly overlapping.

To overcome this issue, a data-driven approach is
adopted. We model our calibrator g : [0, 1]K → [0, 1]K

with the frequency of confidences in each bin
(
qP
)
k∈K

as in-
put, and the confidence-reliability relationship

(
qTP
k /(qTP

k +

qFP
k )

)
k∈K

as output. The structure of the calibrator is de-
signed as a 2-layer Multi-label Perception with the activa-
tion of LeakyReLU. To enable the calibrator to learn the re-
lationship, we collect information of {qP, qTP, qFP} during
the training of baseline model on every epoch at the disam-
biguation phase. The baseline model is implemented with
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Figure 3: Illustration of the proposed model PML-CD. During the training, the model is updated by both classification loss and
prototype alignment loss. Predicted confidences on training set are collected and are fed into the calibrator to generate reliability
of candidate labels, which guides the curriculum disambiguation training in the next epoch.

the same architecture as PML-CD but adopts a trivial dis-
ambiguation strategy P (yij = ỹij | tij) = tij adopted. In
order to enable our calibrator be adaptive to different situ-
ation, the training data is collected from multiple training
procedures on a dataset with different noise rate. After pre-
training, the calibrator can be run on any dataset with any
noise rate by loading parameters, and therefore serving as a
plugin. Since our calibrator avoids making assumptions on
the distribution of TP and FP confidences, and learns from
data with both low noise and high noise, it can adapt to var-
ious scenario.

Prototype Alignment Regularization
It is common for multi-label DNN methods to first encode
the multi-label representation, then produce the confidence
through a Linear Projection layer for each class. Given the
multi-label representation of i-th sample on j-th class zij ∈
RD, and the parameter of j-th class linear projection layer
θj ∈ RD, bj ∈ R, the confidence ŷclf

ij is predicted as

ŷclf
ij = θTj zij + bj . (8)

Therefore, the classification loss

Lclf =
∑
i∈N

∑
j∈C

ℓcurr(ŷ
clf
ij , ỹij) (9)

can be viewed as seeking an optimal hyperplane to separate
the representations of positive and negative examples for
each class. However, the decision boundary learned through
linear projection can be easily disrupted by noisy labels,
therefore lacking robustness (Yi et al. 2022). On the other
hand, another widely applied way to produce confidence via
multi-label representations is Prototype Alignment, which
is reckoned to be robust in noisy label learning and is less
prone to be over-fitting. Given the prototype representation

of j-th class z̄j ∈ RD, the confidence ŷproto
ij is predicted as

ŷproto
ij =

⟨zij , z̄j⟩
∥zij∥ · ∥z̄j∥

. (10)

Given the prototype alignment loss

Lproto =
∑
i∈N

∑
j∈C

ℓcurr(ŷ
proto
ij , ỹij), (11)

unlike maximizing the distance of representations from the
decision hyperplane, the prototype alignment method com-
pute the cosine similarity between sample’s representation
and the corresponding class prototype. It has been widely
applied in partial label learning to guide disambiguation and
provide more reliable label guesses for uncertain samples
(Wang et al. 2022a,b; Yang et al. 2024a). However, this pro-
jection method struggles to achieve fine-grained fitting, re-
sulting in suboptimal prediction performance.

Taking of impact on encoder into consideration, opti-
mization on linear projection score ℓcurr(ŷ

clf
ij , ỹij) lets the

embeddings of positive and negative samples linear sep-
arable, while optimization on prototype alignment score
ℓcurr(ŷ

proto
ij , ỹij) lets the embeddings of positive and negative

be clustered around their prototype embeddings. By apply-
ing both of them, a representation which is not only separa-
ble, but also discriminative, is encouraged (Wen et al. 2016).

Above all, in warm-up phase, the training loss is
Lwarmup = Lclf, (12)

and training loss in disambiguation phase is defined as
Ldisam = Lclf + Lproto. (13)

During the training, we allow the prototype representations
be updated via gradient, therefore no explicit updating strat-
egy is required. Since the multi-label representation is not
well initialized during the warm-up training, making their
prototypes meaningless, the prototype alignment regulariza-
tion is only applied during the disambiguation phase.
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Algorithm 1: Algorithm of PML-CD
Input: partial multi-label learning dataset {(xi, ỹi)},
Parameter: pre-trained calibrator g, learning rate η
Output: network f(· | θ) for PML

1: repeat
2: Update network parameters θ ← θ − η∆Lwarmup
3: until early stopping
4: Initialize wij ← 1
5: repeat
6: Collect predicted confidences {tij} ← f({xi})
7: Compute qP via Equation. 5
8: Predict reliability histogram r via Equation. 6
9: Update curriculum weights wij = P (yij = ỹij | tij)

via Equation. 7, if ỹij = 1
10: Update network parameters θ ← θ − η∆Ldisam
11: until early stopping

Experiments
Settings
Datasets. To validate our proposed approach, we conducted
experiments on several commonly used real-world multi-
label image datasets, including MS-COCO 2014 (Lin et al.
2014), Pascal VOC 2007 (Everingham et al. 2010), NUS-
WIDE (Chua et al. 2009), and CUB 200 (Wah et al. 2011).
Specifically, we took the 312 binary attributes instead of
the bird category as predicted labels, therefore making it a
multi-label dataset. To create PML datasets from multi-label
datasets, we injected random noise into the label matrices by
randomly flipping the zero values in the original label matrix
with a certain probability, denoted as noise rate ρ.

Comparison Methods. We compare our PML-CD model
with three groups of methods.

• Multi-label learning methods. BCE is a standard multi-
label classification model trained with binary cross en-
tropy loss. ASL (Ridnik et al. 2021) is a multi-label
learning method that addresses the issue of imbalance be-
tween positive and negative labels. ML-Decoder (Ridnik
et al. 2023) re-designs the decoder architecture and in-
troduces a group-decoding scheme to provide efficiency.
These methods do not specifically address noise disam-
biguation, and have achieved state-of-the-art results on
many multi-label image classification datasets.

• Traditional PML methods. PML-NI (Xie and Huang
2021) applies low-rank constraints to decompose the
PML label matrix, while PML-LRS (Sun et al. 2019)
decomposes the projection matrix of linear regression
model. PLAIN (Wang et al. 2023a) disambiguates gradu-
ally with instance similarity and label correlations. These
methods are shallow methods that are not specifically
designed for image classification. Therefore, we use
ResNet-101 (He et al. 2016) pre-trained on ImageNet to
extract feature embeddings to make them appliable.

• Curriculum-based PML methods. LL-R (Kim et al.
2022) ignores training samples with high loss during
the training. PML-CDCR (Wang et al. 2023b) trains on

strongly-augmented images and selecting reliable sam-
ples on weakly-augmented images with a loss thresh-
old. UNM (Chen et al. 2024) applies cyclical learning
rate to transform the model from over-fitting status back
to under-fitting status, therefore providing more reliable
disambiguation during the training. These methods adopt
a curriculum disambiguation framework similar to ours.

Setting and evaluation. Our experiments are run on
GeForce RTX 4090 with PyTorch 1.13.1. We employ
ResNet-101 (He et al. 2016) pre-trained on ImageNet as the
backbone, and the detailed setting for all experiments are
described as follow.

During the training, all images are resized to 224 × 224,
and strong data augmentation are applied for training set,
including horizontal flip, RandAugment (Cubuk et al. 2020)
and Cutout. Same data processing are adopted for almost all
comparison methods. We train the model with the following
optimization setting: an Adam Optimizer with fixed learn-
ing rate 1 × 10−4 for VOC and CUB, 1 × 10−5 for COCO
and NUS-WIDE; a weight decay of 5 × 10−5. The size of
mini-batch is set to be 32. Early stopping is applied for all
comparison methods, since noisy labels learning is highly
dependent on it (Bai et al. 2021). Mean Average Precision
(mAP) is applied to evaluate models’ performance.

Calibrator pre-training. Our calibrator is pre-trained
with the following procedure. First, the baseline model with-
out prototype alignment regularization loss and with an
identity weighting function is trained on VOC dataset, with
noise rate ranging from 10%, 20%, . . . , 90%. The partial la-
bel matrix, ground-truth label matrix, and the confidence
prediction matrix at every epoch are collected during the
training. On every epoch, the confidence histogram and the
reliability histogram for each class are calculated indepen-
dently, therefore making C feature-label pairs (qP, r). After
the dataset is constructed, the calibrator is trained by min-
imizing Mean Squared Error (MSE) via an Adam opti-
mizer with a fixed learning rate 1× 10−2.

Comparison Results
Results are reported in Table 1, which shows that our model
outperforms other baseline models on 15/16 conditions,
thus achieving state-of-the-art results. PML-CD performs
slightly inferior to other baseline methods under low noise
condition on VOC, but performs significantly superior to
others under high noise conditions, which can be explained
as PML-CDCR and LL-R is more suitable on low noise con-
dition since they adopt simpler network architecture, i.e.,
ResNet only. It is noticed that our model performs well
on CUB, which has over 300 fine-grained visual attributes,
making it challenging for PML. Our model outperforms
other curriculum-based PML baseline models with signif-
icant advantages, for the reason that our model adopts the
ML-Decoder’s multi-layer transformer architecture as the
encoder, therefore advantageous in extracting fine-grained
visual features.

To summarize, our model outperforms other baseline
models for 15/16 times under different training conditions,
which showns that our model, together with the pre-trained

18625



VOC COCO NUS-WIDE CUB

Method 20% 40% 60% 80% 20% 40% 60% 80% 20% 40% 60% 80% 20% 40% 60% 80%

PML-NI 62.57 35.37 20.97 13.84 60.14 53.41 43.02 24.52 21.26 16.39 12.02 7.89 12.92 12.04 11.42 10.96
PML-LRS 79.96 63.45 32.86 16.66 61.56 53.80 42.85 24.23 21.52 16.23 11.85 7.76 14.56 12.91 11.83 11.19
PLAIN 80.76 72.45 54.59 27.24 60.13 53.71 44.99 21.56 19.22 17.85 13.72 7.44 14.98 11.38 10.55 10.37

BCE 87.73 84.26 75.27 48.86 73.66 69.62 63.52 50.47 50.81 45.78 37.90 27.06 29.66 27.01 22.19 17.39
ASL 88.63 84.43 77.23 52.95 73.19 68.53 62.56 50.46 46.27 37.86 31.67 21.97 28.58 25.75 22.66 17.35
MLDecoder 87.94 85.49 80.41 64.46 74.29 70.35 68.55 60.55 50.92 46.11 40.01 30.83 29.72 27.63 24.99 21.13

UNM 87.99 86.58 79.94 44.07 65.56 63.51 61.68 27.87 37.83 34.57 29.62 12.04 23.93 19.73 18.42 11.66
PML-CDCR 88.56 86.87 69.26 38.31 72.44 69.90 66.88 42.17 42.91 39.96 31.99 22.37 26.67 24.63 23.05 16.38
LL-R 88.99 82.87 72.36 40.32 74.35 67.79 61.47 41.28 43.75 42.09 30.56 24.76 29.03 26.47 22.54 18.62
PML-CD 88.83 87.12 83.87 71.70 75.26 74.65 69.88 62.10 51.30 46.11 40.41 32.10 30.52 27.87 25.42 21.69

Table 1: Comparison of our model PML-CD with baseline methods, with noise rate 20%, 40%, 60% and 80%. mAP(%) is
adopted as metric. The best performances on each column are highlighted with background color.

calibrator, can not only perform well on VOC dataset, but
also on unseen dataset including COCO, NUS-WIDE, and
CUB. Given the complexity of multi-label encoder can
sometimes lead to sub-optimal performance on on easy PML
dataset, e.g., VOC with low noise rate, it enables our model
to encode fine-grained visual features on images, which is of
necessity when training on CUB.

Ablation Study
Effectiveness of calibrator. To evaluate whether the pre-
trained calibrator can accurately predict the optimal cali-
bration curve on unseen datasets, and therefore calibrate
their predicted confidences, we evaluate the expected cali-
bration error (ECE) of predicted confidences and the cur-
riculum weighting, during the disambiguation phase of the
training on VOC, COCO datasets. Also, to compare with
other weighting policy, we adopt the pre-trained calibra-
tor, the optimal calibrator, and other commonly used cur-
riculum weighting functions for comparison. We denote the
hard weighting function vhard(tij) = I[tij ≥ 0.6], the soft
weighting function vsoft(tij) = (tij)

2, the identity weight-
ing function videntity(tij) = tij . Comparison result are shown
in Table 2.

weighting
policy

ECE of
confidences
(epoch 1)

ECE of
weights
(epoch 1)

mAP
per class
(overall)

hard 76.78 92.96 59.79
soft 76.78 61.68 60.08
identity 76.78 76.78 59.93
calibrator 76.78 3.74 61.48
optimal 76.78 3.74 66.42

Table 2: Effectiveness of weighting policies on MS-COCO
with noise rate 80%. ECE(%) and mAP(%) are presented.

Effectiveness of prototype alignment regularization.
To verify whether the prototype alignment regularization
(PAR) enhances the performance of PML-CD, we train our
model on the VOC and COCO datasets with corresponding

settings: 1) applying no PAR; 2) applying PAR at the disam-
biguation phase; 3) applying PAR at both the warmup phase
and disambiguation phase. Comparison results are presented
in Table 3. It is shown that prototype alignment regulariza-
tion helps the model perform better especially in high noise
condition.

noise rate

dataset Lproto 20% 40% 60% 80%

VOC
neither 89.28 87.93 85.05 66.91
2nd-phase only 88.77 88.12 85.07 71.70
1st & 2nd-phase 87.89 86.11 83.90 71.40

COCO
neither 75.54 73.86 69.78 60.13
2nd-phase only 75.26 74.65 69.88 62.10
1st & 2nd-phase 74.79 72.58 70.27 62.16

Table 3: Ablation study of the prototype alignment regular-
ization. mAP(%) is adopted as metric.

Conclusion

In this work, we present a novel model PML-CD to apply
curriculum-based disambiguation on PML in a calibration
way. We derive the optimal weighting function from existing
curriculum-based PML methods, and provide an insight that
assigning curriculum weights for samples is equivalent to
the calibration of the model’s predicted confidences. Guided
by the optimal weighting function, we design a calibra-
tor based on the general relations between confidences his-
togram and calibration curve, which can provide high qual-
ity calibration on unseen dataset after pre-training, therefore
serving as an adaptive weighting function on different train-
ing condition. We also propose the prototype alignment reg-
ularization to improve model’s robustness during the train-
ing. Comparison experiments have been conducted to verify
the effectiveness of PML-CD.
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