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Abstract

Multi-instance multi-label classification (MIML) is a funda-
mental task in machine learning, where each data sample
comprises a bag containing several instances and multiple
binary labels. Despite its wide applications, the data collec-
tion process involves matching multiple instances and labels,
typically resulting in high annotation costs. In this paper, we
study a novel yet practical crowdsourced multi-instance multi-
label classification (CMIML) setup, where labels are collected
from multiple crowd sources. To address this problem, we
first propose a novel data generation process for CMIML, i.e.,
cross-label transition, where cross-label annotation error is
more likely to appear rather than previous single-label tran-
sition assumption, due to the inherent similarity of localized
instances from different classes. Then, we formally define
the cross-label transition by cross-label transition matrices
which are dependent across classes. Subsequently, we estab-
lish the first unbiased risk estimator for CMIML and further
improve it through aggregation techniques, along with a rig-
orous generalization error bound. We also provide a practical
implementation of cross-label transition matrix estimation.
Comprehensive experiments on six benchmark datasets under
various scenarios demonstrate that our algorithm outperforms
the baselines by a large margin, validating its effectiveness in
handling the CMIML problem.

1 Introduction

Multi-instance multi-label classification (MIML) is a fun-
damental framework for modeling complex real-world data,
where each sample is represented as a bag of instances and
annotated with multiple labels (Feng and Zhou 2017; Zhou
and Zhang 2006). Specifically, the bag-level label is posi-
tive if it contains at least one positive instance; otherwise,
it is negative. MIML has diverse applications, including text
classification (Zhou, Sun, and Li 2009), acoustic classifica-
tion (Briggs et al. 2012), and gene function prediction (Wu,
Huang, and Zhou 2014). Diverse methods tackle MIML chal-
lenges, including SVM (Zhou and Zhang 2006), convex op-
timization techniques (Li et al. 2012), neural networks (Feng
and Zhou 2017), and attention-based approaches (Yang,

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (Www.aaai.org). All rights reserved.

21438

Tang, and Min 2022). However, these methods rely on precise
labels for optimal performance.

Since each bag may contain complex patterns among in-
stances, acquiring precise annotation for MIML is both labor-
intensive and costly (Nguyen and Raich 2021). When dealing
with a large number of classes, annotators may overlook some
labels due to limited energy or ability, leading to annotation
errors. For instance, in MIML bird acoustic classification
tasks, annotators must listen to all instances in each audio
bag to detect the presence of specific birds (Briggs et al.
2012). The presence of numerous specific bird species re-
quires repeated checks, increasing the likelihood of errors
due to the labor-intensive work. To address this, researchers
have explored weakly-supervised approaches for MIML, in-
cluding semi-supervised MIML (Yang et al. 2019; Xu et al.
2012) and incomplete label MIML classification (Nguyen
and Raich 2021). However, in complex and specialized tasks
like protein function prediction (Wu, Huang, and Zhou 2014),
these semi-supervised setups with missing labels or incom-
plete annotations may cause performance degradation.

In this work, we address that crowdsourcing (Bragg,
Mausam, and Weld 2013; Zhang and Wu 2018), famous
for its efficiency and cost-effectiveness, can be a feasible al-
ternative for a full annotation on MIML instead of expensive
expertise annotations. However, most existing crowdsourcing
methods focus on scenarios where a single instance is asso-
ciated with a single label (Rodrigues and Pereira 2018; Wei
et al. 2023; Gao et al. 2022). Although some studies have ad-
dressed crowdsourcing with multiple labels (Rodrigues and
Pereira 2018; Wei et al. 2023; Zhang and Wu 2018), the chal-
lenge of learning a robust classifier from an uncertain bag of
instances remains unsolved, and these approaches also lack
theoretical foundations.

To this end, we introduce a novel crowdsourced multi-
instance multi-label classification (CMIML) framework and
propose a theoretical-driven method that learns a robust
MIML classifier end-to-end. Specifically, we excavate the
pattern of annotation error in CMIML and propose a novel
data generation process called cross-label transition, where
the confusion is more likely to appear between classes due
to the inherent similarity of localized instances from differ-
ent classes. By defining the cross-label transition matrix, we
establish the first unbiased risk estimator (URE) for the
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Figure 1: Drug activity prediction (left) and different transition matrix strategies in multi-label classification (right). The multiple
conformers of drug molecules form a "multi-conformer bag", with each having different therapeutic effects. Then, crowdsourced
labels from patients are collected. Due to individual differences, the efficacy of patient symptoms may be expressed in different
correlation patterns, which can easily lead to cross-label errors.

CMIML problem and subsequently derive aggregated ver-
sions from the perspective of bag-level and instance-level,
which ensures fast and realistic computation. Then, we de-
vise a practical solution for cross-label transition matrix es-
timation. A generalization error bound for our UREs is also
provided. Experimentally, we validate the performance of
our proposed method on three datasets including image clas-
sification, text classification, and protein function prediction.
Compared to other MIML and weakly-supervised multi-label
classification methods, our method demonstrates excellent
performance in all three scenarios.

2 Methodology

MIML Classification. In MIML, let X denote the input
space and Y = {0, 1}€ the label space. The MIML dataset
D consists of B bag-label pairs (x, y). Specifically, the i-th
bag contains a set of instances {x1, ..., Xy, }, where n; is the
number of instances in the i-th bag, and each instance x; €
R? has an unknown instance-level label y; € {0,1}€. The
k-th class bag-level label yy is set to 1 if any instance in the
bag is relevant to the k-th label; otherwise, yy is set to 0. We
can express this rule in the formulay, = 1 — I—[;."':1 (I=yjx)
(Maron and Lozano-Pérez 1997), where y ;  is the k-th class
label for the j-th instance. The goal of MIML is to learn a
bag-level classifier f : X — Y obtained by minimizing the
following expected risk (Feng et al. 2021, 2023):

R(f) =Emy~px,y) [L(f(x),y)] (D

Where £ : RxY — R*isa MIML loss function, X (Y) is the
random variable on X (), and P(X,Y) is the joint probabil-
ity distribution. Note that a method guarantees risk consis-
tency if an unbiased risk estimator is implemented, namely
the risk estimator is equivalent to R(f) given the same clas-
sifier f (Mohri, Rostamizadeh, and Talwalkar 2012).
Crowdsourced MIML Classification. In this paper, we
address the crowdsourced MIML classification problem
where the true label y is not accessible. Instead, weak la-
bels are obtained from multiple crowdsourced annotators for
each bag, resulting in a training dataset O of B bag-label
pairs (x, {y"™ }%zl), where M is the number of annotators.

Our goal is to establish an unbiased risk estimator R( f) rela-
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tive to R(f) based on . For clarity, we list all the notations
and their meanings in Table 1.

2.1 Cross-Label Transition

Annotation errors are common in crowdsourcing, impacting
the robustness of learned models. In this subsection, we ex-
plore the pattern of annotation errors in CMIML, highlight-
ing that beyond a lack of expertise in specific classes, con-
fusion between instances of different classes is more preva-
lent in CMIML. To address this, we introduce a novel data
generation process called cross-label transition, defined by
cross-label transition matrices. This approach allows us to
propose the first unbiased risk estimator for CMIML, which
ensures risk consistency in addressing this challenge.

Cross-Label Annotation Error. Unlike previous single-
label transition strategies (Song et al. 2022; Patrini et al.
2017; Xia et al. 2024), annotation errors in multi-label clas-
sification often manifest as cross-label patterns (Carbonneau
et al. 2018). In Figure 1, we present an example of drug
activity prediction. The input bags consist of multiple con-
formers of a drug molecule, with no additional information
available beyond the conformers. After evaluating therapeu-
tic effects from patients, the crowdsourced efficacy labels
are collected. However, due to individual differences, a pa-
tient may experience multiple correlated diseases, leading to
cross-label annotation errors. These cross-label correlations
were neglected by previous work.

Cross-Label Transition Matrix. To deal with the fre-
quent cross-label annotation error in CMIML, we define
cross-label transition by cross-label transition matrices:

T(P-a.m) _ (Ti(,f’q’m))zxz e [0, 112 )

where m € {1,2,..,.M},p,q € {1,2,...,C} and i,j €
{0, 1}. Tl.(’].7 4™ denotes the probability of the m-th anno-
tator misfélkenly labeling the p-th label i as the g-th label
Jj. Assuming that the label transition process is independent
of the samples (Tang, Zhang, and Zhang 2024; Cheng et al.

2022), the transition probability can be derived as Ti“; am)
PIY™ = jIY, =i, X =x) = P(ZY™ = jIv, = i)

The main advantage of our proposed cross-label transi-
tion lies in the following three aspects: i) Compared to the
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previous single-label transition assumption (Li et al. 2022)
in multi-label classification, which is dependent on every
single class, cross-label transition matrices are defined with
higher dimensions which are dependent across classes, en-
abling handling cross-label annotation errors in CMIML. ii)
Armed with broader assumptions, the cross-label transition
is more general and can also handle the single-label transi-
tion challenge since the latter is a subset of the former (see
the right portion of Figure 1). iii) Modeling cross-label tran-
sition matrices can explore label relationships, which is also
important in solving multi-label classification problems (Xu
et al. 2022; Min et al. 2023; Liu et al. 2023).

Data Generation Process. With transition matrices, we
express the data generation process in the following formula:

c 1
P =jIX =x) = Z Z T P(Y, =i]X =x) (3)
=1 i=0
Obviously, when given the original label, the transi-
tion probabilities satisfy the following normalization:
25:1 Z}:O Tl.(j’q’m) =1Vp,m,i.

Unbiased Risk Estimator. After we define the data gen-
eration process of the cross-label transition, we theoretically
establish the first unbiased risk estimator for the CMIML
problem. The theorem proposed below guarantees risk con-
sistency when solving CMIML. All related proofs in this
paper are provided in the supplementary materials.

Theorem 1 (The First URE). Let G e R2"2Y 4
H® (x) e R2"*! be the matrix or vector all composed of the
element H,A,f:l tc=1 T,Ef:i’m). Then, R(f) can be equivalently

expressed as R(f) = E(x,y)Np(x,Y)(Z(f(x), {\7(”’)}%:1)),
where L(f (), (3" }_) = 2 1(fie (), {F""YM.)) and

=1
V ki T(fi(®).) = det(G P [det(G)]™

—H (k) (x))
GP=g k() TEANS replacing the i-th column with H™ (x)
and fy is the k-th class prediction by classifier f.

For readability and space, Theorem 1 simplifies complex
expressions. The full one is in the supplementary materials.
Remark 1. While instance similarity and cross-label anno-
tation errors in CMIML present significant challenges, The-
orem | shows that determinant calculations using the cross-
label transition matrix can implicitly restore normal learning.
Despite its merits, Theorem 1 may suffer from high time costs
and accumulated errors in implementation. On the one hand,
for large M, calculating the determinant of the 2™ -order ma-
trix G¥) is extremely time-consuming. On the other hand,
the product [T, 3¢ TE’ :ksm) across M transition matrices
can lead to unreliable numerical results. Both issues stem
from the number of annotators M, and we focus on reducing
its influence in what follows.

2.2 Improved Version of URE

To make our cross-label transition-based unbiased learning
practically applicable, in this subsection, we proposed two
improved versions of URE for CMIML, namely, the bag-
level URE and the instance-level URE, that greatly reduce
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Notation Meaning

C/B/M the number of classes / bags / annotators
n; the number of instances in the i-th bag
XY feature space / label space

X /Y (capital) random variable on X / Y

x ; (italic)
yj (italic)

the j-th instance in the bag x
the label for the j-th instance in the bag x

x (normal) the multi-instance bag {x ; }7;]

y (normal) the true label for the bag x

S (m) (g3 the crowdsourced label for

y~ (tilde) the m-th annotation of the bag x

D (tilde) crowdsourced MIML training dataset

Table 1: Notations in this paper.

the computation cost overhead by aggregation techniques.
Inspired by crowdsourcing methods (Ma et al. 2015; Li, Ru-
binstein, and Cohn 2019) that aggregate labels from different
annotators, we aggregate both labels and transition matrices
below, which eliminate the influence of M.

Definition 1 (Aggregation). Let A denote the random vari-
able representing the annotator index. The allocation of
annotators is generally independent of the true label, i.e.,
P(A=m|X =x,Y =y) = P(A =m|X =x). Then,

The Aggregated Label § = (y1,¥2,...,Yc) is defined as
=yM P(A=m|X =x3" fori=1,2,...,C.

The Aggregated Transition Matrix TP-9) = (Tl.(? Dy
is defined as Tl.(f;’q) = P, = jlY, = i,X
Z%:l Ti(?’q’mP(A = m|X = Xx), where Yy is the random
variable of the aggregated label V.

Yi

X) =

Note that even with the elimination of M, the information
from multi-source annotation is still preserved. Moreover,
this aggregation method, similar to ensemble learning, miti-
gates high variance from cross-label errors through averaging
and enhances overall reliability. With the aggregation defined
above, we derive an improved version of the unbiased risk
estimator, denoted as the bag level URE.

Theorem 2 (Bag-level URE). Lety = (y1,V2, ..., Yc) be the
aggregated label for a bag X, | be the base loss L(f(X),y) =
S L(fiu),y) and ¢ = A - B = (§1,92. e bC)
where A = (1,5 = T4 cxe and B = (P(V; = 11X =

X) — tczl To(tl"’ ) )exi. Then, the unbiased risk estimator with

respect to R(f) is R(f) = E(x,y)~P(X,Y)(Zb(f(x)’\_’))’
where Ly (f(%),¥) = X5, I (fi (%), ¥x),

0050 = 55 oS [ (. 1)

+ (1 =)l (fi(x),0)] “)

Remark 2. Theorem 2, the key URE in this paper, is more
practical to implement than Theorem 1. While Theorem 1
requires computing a 2™ -order matrix with time complex-
ity of 0(23M) for each sample, Theorem 2 reduces the time
complexity to that of standard cross-entropy loss by pre-



computing a vector ¢ of only C dimensions using the cross-
label transition matrices and the noisy posterior probabilities,
both of which can be effectively estimated (discussed later).
Note that ¢ is essentially a label confidence vector represent-
ing the estimated true label posterior probability.

Practical Implementation. We approximate the noise
posterior probability by averaging the crowdsourced labels
of M annotators P(Y = i|X = x) ~ & ¥M | y,((’”) = Vi,
where we assume each annotator tags each bag with uni-
form contribution. Therefore, we can obtain the matrix A
and vector 8 before training, adding minimal overhead to
training time.

Additionally, with the improved version of bag-level URE
proposed above, we explore the instance-level URE (Lin
et al. 2022; Andrews, Tsochantaridis, and Hofmann 2002)
since learning an instance-level classifier could further cap-
ture instance-label relationships which is more desirable
in fine-grained applications. Note that the bag-level pre-
dictions can be obtained by instance-level classifiers, i.e.,
y=1- H;;l (1 —g(x;)), where g is the instance-level clas-
sifier and ¥ is the bag-level prediction.

Corollary 3 (Instance-level URE). The notation is the same
as that in Theorem 2. Assume the base loss | is symmetric
about labels and predictions 1(p,y) = (1 — p,1 — y) and
satisfies the rule of product addition about the prediction
l(ﬂ';‘zl Dj.) = Z;":l 1(1?‘,-, -). Then the instanc~e-level URE
with respect to R(f) is R(f) = Ex g)-px.5)(L: (f(X),¥)),
where L (f(%),¥) = 25_; I (fe (%), k),
n;
[6x D 1(gelx)), 1)

Jj=1

+ (1= 1) ) 1gk(x)),0)]
j=1

I (fe(x),¥k) =

2P(Yi = Yk X = x)
&)

Remark 3. The cross-entropy loss satisfies the assumptions.
The formula 7, allows direct accumulation of instance-level
loss, simplifying calculations with an instance-level classi-
fier. The instance prediction vector in Corollary 3 can also be
used to calculate instance similarity via methods like inner
product or cosine similarity.

In experiments, we implement the beg-level URE as the
training objective which turns out to be reliable for CMIML
on various datasets, and we leave more studies on instance-
level URE to future works.

2.3 Estimation of Transition Matrix

Another challenge for implementing our cross-label
transition-based unbiased learning is the estimation of the
transition matrices. In this subsection, we detail the estima-
tion process of the aggregated cross-label transition matrices.
Specifically, we extend previous estimation methods tailored
for noisy label learning on single label (Patrini et al. 2017;
Liu and Tao 2015) to the scenario of cross-label transition
for multi-label classification.

Theorem 4 (Estimation of Transition Matrix). Let

X7 . andX; . betwo orsingle -class anchor point,
{p—i.q—j} {p—i}
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1 and
) = 1. Then these anchor points can be

respectively, i.e. P(Y, =i,Y, = j|X = x*{‘
Py =X =X, ;) = 1. I g
used to estimate the probability of cross-label transition.

Fpa) _ { P(Tg=jIX =X, . ;) ifp#q
L]

P(Yq =jlX = x? else

Theorem 4 shows that the transition matrix can be es-
timated using single or two-class anchor points. However,
since the probabilities for true labels P(Y, = ilX = x¥)
are unavailable, the anchor points must also be estimated.
Proposition 5 suggests that the sample point farthest from
the classification boundary can serve as the anchor point, as
expanded by methods (Xia et al. 2019; Liu and Tao 2015).

Proposition 5 (Estimation of Anchor Point). Let f be the
MIML classifier trained with the aggregated labels y. Then
the sample point with the highest probability of the classifier

f is chosen as the corresponding anchor point: kaEJI (ko)) =

argmaxkzj[l[jkzl]fk(x) +1jj,—01(1 = fi(x))], where I isa
X €

P—>i,q—>j}) =

p—)l—i})

subset of the class set {1,2, ..., C} with one or two elements.

With the estimated anchor points, the transition matrix
can be readily calculated using Theorem 4. Note that the
noise probability can be estimated by P(¥, = j|X = &") =
¥4 Nevertheless, experiments show that selecting the top
K samples and approximating the transition probability by
averaging their noise rates % Zle V1,4 1s more efficient than
choosing the top one, where y , = P(¥, = 1]X = X} ) is the
aggregated label for X, the k-th anchor point.

In summary, the training process is outlined in appendix.
Before formal training, we estimate the cross-label transition
matrix and calculate the confidence ¢, which is computation-
ally efficient compared to the training phase. Specifically, we
use neural networks to fit aggregated labels y, sort predic-
tions to select the top k anchor points, and then calculate ¢
by solving the linear equation system in Theorem 2.

2.4 Generalization Bound

Let # denote the hypothesis set and Hy = {hlh : x
fx(x), f € F} denote the function space for the k-th class.
With the expected Rademacher complexity R, () of the com-
posite space - (Mohri, Rostamizadeh, and Talwalkar 2012),
a generalization error bound of our proposed unbiased risk
estimator can be justified as the following Theorem.

Theorem 6 (Generalization Error Bound). Assume that the
unbiased loss function [(f(X),y) is Lp,-Lipschtz continu-
ous with respect to f(X), and the base loss function [ is
upper-bounded by constant J, let u = max{L,,J} and

A= mi in P(Yy = §x). Then, ¥6 > 0, f € F, with
1Z}<lgcyk?{l(f1} (Yr = ¥x). Then fEeEF, wi

probability > 1 — 6 over a sample S = {(x;,y;)}! |, we have
TP SLAULIS AP SRSl N
! _i:1 n paert " k 24 N 2n né

Theorem 6 indicates optimizing the empirical risk can
reduce the population level error on the true risk estima-
tor, which is an important theoretical guarantee for training
CMIML with the unbiased risk estimator.



Metrics \ Datasets \ MIML-LLMC MIMLSVM KiSar DeepMIML PLAIN Ours-BCE Ours
Scene 0.3952 0.0056 0.5874 0.2582 0.5588 0.3967 0.6204
Reuters 0.8742 0.0838 0.6484 0.7504 0.7259 0.7481 0.7823
Macro-F17 @ AzoVin 0.0295 0.0022 0.0013 0.0008 0.0007 0.0542 0.0731
GeoSul 0.0452 0.0037 0.0014 0.0013 0.0050 0.0305 0.0746
HalMar 0.1035 0.0099 0.0061 0.0019 0.0099 0.1125 0.0799
PyrFur 0.0291 0.0008 0.0037 0.0006 0.0009 0.0691 0.0766
Scene 1.97 2.07 0.95 3.05 2.18 2.48 147
Reuters 1.30 1.66 0.47 1.42 1.53 1.34 0.31
Coverage| ® AzoVin 50.98 59.77 62.65 50.87 49.28 59.18 44.56
GeoSul 40.34 41.11 46.02 43.24 39.52 46.78 37.01
HalMar 30.76 32.89 36.54 33.90 40.01 40.01 27.03
PyrFur 49.61 57.69 69.11 58.22 51.62 62.25 46.80
Scene 0.3655 0.2366 0.5130 0.2269 0.6429 0.5477 0.6492
Reuters 0.9198 0.4339 0.6460 0.8646 0.7971 0.9105 0.9723
AvgRec] @ AzoVin 0.1042 0.0904 0.0019 0.0002 0.0019 0.0815 0.4759
GeoSul 0.1489 0.1234 0.0030 0.0011 0.0271 0.1108 0.4959
HalMar 0.1898 0.1565 0.0188 0.0010 0.0546 0.1910 0.4294
PyrFur 0.1200 0.1047 0.0114 0.0003 0.0066 0.1262 0.4737

21 (|) represents the higher the better (the lower the better). The same applies to other tables.

Table 2: Experimental results when Tl(‘{’q’m) =0.5and To(%’q’m) =0.5.

3 Experiment
3.1 Setup

Datasets. We evaluate our method on six datasets from var-
ious fields: 1) Scene!, an image dataset for MIML (Zhou and
Zhang 2006); 2) Reuters?, a text dataset for MIML (Zhou,
Sun, and Li 2009); 3) Geobacter sulfurreducens (GeoSul),
Azotobacter vinelandii (AzoVin), Haloarcula marismortui
(HalMar), and Pyrococcus furiosus (PyrFur)3, datasets used
for genome-wide protein function prediction through MIML
(Wu, Huang, and Zhou 2014). We set the number of anno-
tators M to 30, calculate the noise rate using Equation 3,
and generate uniformly distributed random numbers be-
tween 0 and 1 to determine noise labels. For the transi-
tion matrix, we consider three CMIML scenarios across
all classes: a) Tl([i’q’m) = T()(’%’q’m), b) Tl(ﬁ’q’m) < T()(;’)’q’m)

(q.q.m) (q.q.m)
T > To,o

and c¢) . Specifically, the true rates

1,1
(1,9 7™ T{4™) are set to a) (0.5,0.5), b) (0.3,0.5) and
¢) (0.5,0.3). To satisfy the normalization conditions in Sec-
tion 2.1, the remaining elements Tl(” 4™ gre sampled from a

N wi )2 2(1-T, PPy
normal distribution N (¢, (?‘) ), where ¢; = —&5—
and i € {0, 1}. The original transition matrix is then normal-
ized using the equation in Section 2.1, and the aggregated
matrix is computed as described in Section 2.1.

Baseline. To demonstrate the excellence of our method,
we compare it against different types of baselines: 1) Four
MIML methods: MIMLSVM (Zhou and Zhang 2006), which
employs Hausdorff distance among bags for SVM-based
classification; KiSar (Li et al. 2012), which uses convex op-

thttps://www.lamda.nju.edu.cn/data_MIMLimage.ashx
2https://www.lamda.nju.edu.cn/data_MIMLtext.ashx
3https://www.lamda.nju.edu.cn/data_ MIMLprotein.ashx

timization to discover relations between input patterns and
output labels; DeepMIML (Feng and Zhou 2017), which
models label-instance relations and establishes instance-level
classifiers; and MIML-LLMC (Yang, Tang, and Min 2022),
which improves MIML classification by extracting local la-
bel correlations. 2) One partial multi-label learning (Xu et al.
2023) (PMLL) method: PLAIN (Wang et al. 2023), which
leverages instance- and label-level similarities to generate
pseudo-labels via label propagation and trains a deep model
to fit the disambiguated labels. 3) a variant of our method
that uses binary cross entropy (BCE) loss instead of unbi-
ased loss. Note that we use mean squared error (MSE) loss
for MIML-LLMC and PLAIN, Hinge loss for MIMLSVM
and KiSar, and BCE loss for DeepMIML. For all the base-
lines, the aggregated crowdsourced label y is used. Moreover,
the experimental results using the majority voting labels are
provided in the appendix.

Inplementation Details. We use a neural network with
hidden layers of 256, 512, and 256 units, which is applied
to all models for consistency. Our model is trained with the
Adam optimizer, with a learning rate 1e~* and a weight decay
le™>. The hyperparameter K, used to estimate the transition
matrix in Section 2.3, is set to 5. Other parameters are set
to their default values. The base loss / in Theorem 2 is BCE
loss. Following Ockham’s Razor and given that bag-level
classifiers outperform instance-level ones (Zhou 2004), we
use bag-level loss in Theorem 2 instead of instance-level loss.

For the performance evaluations, three metrics widely
used in MIML are selected to analyze experimental re-
sults, including macro-averaged F1 (Macro-F1), average Re-
call(AvgRec) and coverage (Aggarwal et al. 2017). For the
first two metrics, a higher value represents a better perfor-
mance, while for coverage, the lower the better. We perform
ten-fold cross-validation and report the mean as well as the
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Metrics \ Datasets \ MIML-LLMC MIMLSVM KiSar DeepMIML PLAIN Ours-BCE Ours
Scene 0.4010 0.0057 0.5860 0.2335 0.5183 0.3648 0.6203
Reuters 0.8686 0.0796 0.6328 0.7343 0.7142 0.7281 0.7823
Macro-F171 AzoVin 0.1987 0.0021 0.0019 0.0005 0.0012 0.2156 0.0634
GeoSul 0.0696 0.0076 0.0026 0.0002 0.0061 0.0462 0.0749

HalMar 0.0463 0.0095 0.0113 0.0008 0.0096 0.1191 0.0957
PyrFur 0.0288 0.0011 0.0036 0.0002 0.0007 0.0305 0.0737

Scene 2.11 2.08 0.94 2.21 2.88 2.62 1.04

Reuters 1.29 1.67 0.48 1.36 2.54 1.83 0.39

Coverage| AzoVin 56.00 56.86 63.63 55.27 51.53 52.66 48.65
GeoSul 45.98 42.37 45.54 38.78 42.53 41.85 3742

HalMar 52.08 32.41 37.14 29.46 28.48 34.52 24.83

PyrFur 48.01 55.03 67.36 54.28 57.43 56.26 45.60
Scene 0.2543 0.2367 0.5130 0.1403 0.6254 0.5652 0.6686
Reuters 0.9132 0.4327 0.6264 0.7830 0.7479 0.8913 0.9557
AvgRec] AzoVin 0.2751 0.0862 0.0034 0.0003 0.0082 0.0946 0.4670
GeoSul 0.2350 0.1353 0.0082 0.0002 0.0921 0.1052 0.4653

HalMar 0.1127 0.1574 0.0328 0.0005 0.0620 0.1262 0.4341

PyrFur 0.1099 0.1119 0.0112 0.0006 0.0272 0.1516 0.5048

Table 3: Experimental results when Tl(‘{’q’m) =0.3and TO(‘(’)’q’m) =0.5.

Metrics \ Datasets \ MIML-LLMC MIMLSVM KiSar DeepMIML PLAIN Ours-BCE Ours
Scene 0.6002 0.0060 0.5942 0.2344 0.5931 0.3649 0.6248
Reuters 0.8833 0.0787 0.6378 0.7362 0.6847 0.7263 0.7729
Macro-F171 AzoVin 0.0400 0.0020 0.0040 0.0005 0.0008 0.0661 0.0720
GeoSul 0.0287 0.0029 0.0021 0.0010 0.0046 0.0463 0.0727
HalMar 0.1572 0.0077 0.0083 0.0007 0.0106 0.0854 0.0957
PyrFur 0.0379 0.0018 0.0022 0.0005 0.0011 0.0613 0.0782

Scene 1.97 2.07 0.95 3.05 2.18 2.48 147

Reuters 1.30 1.66 0.47 1.42 1.51 1.34 0.32

Coverage| AzoVin 50.98 59.78 62.65 50.87 49.28 59.17 44.56
GeoSul 40.34 41.11 46.03 43.24 39.54 46.78 37.01

HalMar 30.76 32.89 36.54 33.90 32.06 40.02 27.03

PyrFur 49.64 57.69 69.11 58.22 51.62 62.25 46.80
Scene 0.524 0.2367 0.5200 0.1418 0.6747 0.5973 0.6582
Reuters 0.9291 0.4322 0.6282 0.7851 0.7819 0.8684 0.9585
AvgRec] AzoVin 0.1156 0.0880 0.0036 0.0006 0.0084 0.0975 0.4503
GeoSul 0.0989 0.1233 0.0066 0.0007 0.0316 0.0893 0.5087
HalMar 0.2751 0.1313 0.0248 0.0009 0.06185 0.0786 0.4342
PyrFur 0.2267 0.1147 0.0089 0.0009 0.1812 0.1467 0.4415

Table 4: Experimental results when Tl(‘{’q’m) =0.5and TO(‘(’)’q’m) =0.3.

standard deviation for metric results.

3.2 Comparison Results

We report experimental results across three CMIML sce-
narios, as shown in Tables 2, 3, and 4. Overall, our model
outperforms the baseline on multiple datasets and metrics. In
terms of avgRec, our method consistently exceeds others; for
instance, on the PyrFur dataset in Table 3, our recall rate is 4.5
times higher than the second-best model, MIMLSVM. This
is because most baselines fail to correct errors from incorrect
labeling, but predicting mislabeled annotations leads to a low
true positive rate and poor recall. In contrast, our CMIML un-
biased loss generates negative gradients, helping the model

correct mislabels and avoid incorrect predictions, thus signif-
icantly improving recall. For macro-F1, our method shows at
least a 4.1% improvement over the baseline, with a maximum
increase of 1.65 times. In terms of coverage, our model, us-
ing CMIML unbiased loss, improves by at least 3.6%, with
up to 1.5 times the coverage of the second-best model. The
strong performance across different scenarios demonstrates
that our approach effectively and accurately handles complex
CMIML tasks.

Error between Confidence ¢ and True Label y. Please
note that the label confidence ¢ in Theorem 2 is consistent
in form with Iy, -1} in the basic loss function {( f (x), yx) =

Tye=1) 1 (fie (%), 1) + (1 = Iy, =171)1( fr (x), 0). In fact, ¢ indeed
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Figure 3: The relative error of transition matrix estimation
under different strategies.

reflects the confidence in the true label. Figure 2 illustrates the
error between the clamped ¢ (restricted to the range O to 1)
and the true labels y across different numbers of annotators.
The error used is the average absolute error per element, i.e.
$||¢’ —vy||1, where B’ is the number of training samples
and ¢’ is the clamped ¢. Both ¢ and y are two-dimensional
matrices, with the first dimension representing samples and
the second representing classes. Figure 2 clearly shows that
as the number of annotators increases, the error between ¢
and y decreases. Notably, when the number of annotators
reaches 50, the error on the Scene dataset drops to 0.11, and
on the Reuters dataset, it falls below 0.04. This suggests that
our method can nearly restore the true label y using the label
confidence ¢ with a large number of annotators. This finding
supports the superiority of our method.

Error of Different Transition Matrix Estimation
Strategies. Figure 3 shows the error of different transition
matrix estimation strategies. Based on prior research (Li et al.
2022; Patrini et al. 2017; Xia et al. 2019), T}« estimates the
transition matrix using the prediction probability of the most
reliable sample, while Top k averages the crowdsourced la-

bels of the top k anchor points. The error is measured as the

relative error HTH;ﬂz‘ l> ,where T’ and T’ are the flattened es-

timated and true transition matrices, respectively. The results
show the Top 5 method achieves the lowest estimation error.
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4 Related Work
4.1 Multi-Instance Multi-Label Classification

In past decades, multi-instance multi-label classification
(MIMLC) has attracted much research attention. (Zhou and
Zhang 2006; Zhou, Sun, and Li 2009) approach scene clas-
sification and text categorization by decomposing the MIML
problem into multi-label classification (Li, Ouyang, and
Zhou 2015; Wei, Shi, and Li 2021; Wei et al. 2022) and
multi-instance classification (Zhou 2004; Eberts and Ulges
2021; Lin et al. 2023) tasks. However, this decomposition
can lead to the loss of critical information. To address this,
methods have been developed that directly tackle the MIML
problem (Li et al. 2012). With the rapid advancement of
deep learning, recent approaches leverage deep models to
generate features directly (Chen et al. 2013; Wu, Huang, and
Zhou 2014; Feng and Zhou 2017; Yang et al. 2017; Yu et al.
2019), eliminating the need for additional instance gener-
ators. Traditional MIML approaches consider the training
data to be fully supervised. However, obtaining precise data
annotations is expensive and time-consuming. To mitigate
this problem, weakly-supervised MIML has been proposed
(Xu et al. 2012; Yang, Jiang, and Zhou 2013; Yang et al.
2019; Nguyen and Raich 2021). In this paper, we explore
a more practical setup and propose the CMIML framework,
which reduces the cost of data annotation and achieves robust
classification without precise annotations.

4.2 Learning from Crowdsourced Labels

Crowdsourcing (Dalvi et al. 2013; Patrini et al. 2017) is
widely used in practice and increasingly studied in academia,
as it collects low-cost but unreliable labels to reduce the
budget of large-scale data annotation. Traditional crowd-
sourcing methods using expectation-maximization(EM) al-
gorithms identify accurate labels by modeling crowdsourced
labels (Dalvi et al. 2013; Patrini et al. 2017). Subsequently,
advanced techniques rooted in deep learning have been in-
troduced, showcasing remarkable efficacy. These method-
ologies address the challenge of crowdsourced label noise
through the acquisition of label transition matrices (Gao et al.
2022; Chen et al. 2020). Going beyond the single-instance
single-label scenario, (Li et al. 2018; Zhang and Wu 2018)
studies the crowdsourcing problem in the context of learning
with multiple labels and (Del Amor et al. 2023) with mul-
tiple instances. Some works study crowdsourced multi-label
learning (Xia et al. 2024), but overlook cross-label transitions
in multi-instance learning.

5 Conclusion

In order to reduce annotation costs, this article focuses on
the crowdsourced MIML problem labeled by multi-source
annotation. Firstly, the first URE was proposed, which was
further simplified into bag-level and instance-level versions
by combining aggregated labels and transition matrices. A
generalization upper bound is proposed to provide theoretical
assurance. In terms of understanding, this method can be seen
as using negative gradients to help the model forget incorrect
annotations. Extensive experiments have demonstrated the
superior performance of our method.
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