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Exploiting Conjugate Label Information for Multi-Instance 

Partial-Label Learning



Background

Multi-instance 
Partial-label 
Learning (MIPL)

Each training sample is represented by a multi-instance bag associated with a bag-
level candidate label set, which consists of one ground-truth label and some false 
positive labels. Moreover, the bag contains at least one instance that belongs to the 
ground-truth label while no instance pertains to the false positive labels. Therefore, 
inexact supervision exists both in the instance space and the label space in MIPL.
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Related work

MIPLG
P

MIPLGP begins by augmenting a negative 
class for each candidate label set, 
subsequently treating the candidate label set 
of each multi-instance bag as that of each 
instance within the bag. Finally, it employs the 
Dirichlet disambiguation strategy and the 
Gaussian processes regression model for 
disambiguation.

DEMIP
L

DEMIPL follows the embedded-space 
paradigm and aggregates each multi-instance 
bag into a feature representation and employs 
a momentum-based disambiguation strategy 
to find true labels from candidate label sets.

However, both methods primarily depend on mapping from instances or multi-
instance bags to candidate label sets for disambiguation, without considering the 
proposed CLI in this paper.
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Instance-Level Feature 
Extractor

For a given multi-instance bag �� = {��,1, ��,2, ⋅⋅⋅ , ��,��} with �� instances, instance-level feature 
representations Hi are learned using a feature extractor �(⋅) as follows:

where ℎ�,� ∈ ℝ� indicates the feature representation of the �-th instance within the �-th multi-
instance bag, and �(⋅) is a neural network comprised of two components, i.e., �(��) =
�2(�1(��)). Here, �1(⋅) is a feature extractor that can be tailored to the specific characteristics 
of the datasets, and �2(⋅) is composed of fully connected layers that map instance-level features 
to an embedded space of dimension �.



Method

Scaled Additive Attention 
Mechanism

We first denote the output of the additive attention mechanism as �(ℎ�,�), quantifying the impact 
of the �-th instance on the �-th bag as follows:

Then, we normalize �(��,�) using softmax with a scaling factor 1/ � to derive the attention score:

Finally, we consolidate the instance-level features into a bag-level representation, as 
demonstrated below:



Method

Conjugate Label Information

We employ a weighted mapping loss function:

For candidate labels, we initialize ��,�
(0) = 1

 S� 
  through an averaging approach. During training, we 

update ��,�
(�) by computing a weighted sum of the classifier’s outputs at both the previous epoch 

and current epoch as follows:

where �(�) = (� − �)/� is dynamically adjusted across epochs, and � is the maximum of the 
training epochs.
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Conjugate Label Information

While the mapping loss can assess the relative labeling probabilities of candidate labels, it fails 
to capture the mutually exclusive relationships among the candidate labels.

Although the true labels remain inaccessible during the training process, we encourage the 
classifier to generate sparse prediction probabilities for the candidate labels. Therefore, we 
directly capture the mutually exclusive relationships among the candidate labels by 
implementing the sparsity loss, as detailed below:

Since minimizing the ℓ0 norm is NP-hard, we employ the ℓ1 norm as a surrogate for the ℓ0 norm.



Method

Conjugate Label Information

As the label space has a fixed size, an antagonistic relationship arises between the non-
candidate and candidate label sets. To enhance the classifier’s prediction probabilities for the 
candidate label set, a natural strategy is to diminish the classifier’s prediction probabilities for the 
noncandidate label set. Motivated by this insight, we introduce an inhibition loss as follows:

CLI Loss
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