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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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candidate label set
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(a) Fine-grained image recognition
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(b) Video classification

Figure 2: Potential applications of MIPL, where the red is the ground-truth label.
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MIPLG DEMIP

P L
MIPLGP begins by augmenting a negative DEMIPL follows the embedded-space
class for each candidate label set, paradigm and aggregates each multi-instance
subsequently treating the candidate label set bag into a feature representation and employs
of each multi-instance bag as that of each a momentum-based disambiguation strategy
instance within the bag. Finally, it employs the to find true labels from candidate label sets.

Dirichlet disambiguation strategy and the
Gaussian processes regression model for
disambiguation.

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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Figure 3: The pipeline of ELIMIPL, where Lma, Lsp, and L;, refer to mapping loss, sparsity loss, and inhibition loss, respectively.
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Instance-Level Feature
Extractor

multl instance bag X ; feature extractor  instance-level features H;

For a given multi-instancebag ={ i1, , , =} with instances, instance-level feature
representations H; are learned using a feature extractor () as follows:

H=ah( X g) = {hiis B 55590 sl m. b

where 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., ( )=

-( 1( )).Here, () is a feature extractor that can be tailored to the speC|f|c characteristics
of the datasets, and () is composed of fully connected layers that map instance-level features
to an embedded space of dimension .
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Scaled Additive Attention

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

- T T . i
{(hi!j) =W (tanh(Wt h,,,;!j = bt) ® Slgl‘ﬂ(VVS hijj ) bs)),
Then, we normalize () using softmax with a scaling factor 1/ to derive the attention score:

exp (€ (ha,p) /V1)
Sy exp (€ (higr) /VT)

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

Gi =

Ti;

= E Byl
=1
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Conjugate Label Information
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**********************************

non-candidate label set S; probabilities on S;

We employ a weighted mapping loss function:

m

ﬁmd(Z S =t Z Z w f(‘ z?))

1=1 ceS;
For candidate labels, we initialize (’O) = Si 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:

= Felzg
C"E i C 1

where () =( — )/ isdynamically adjusted across epochs, and is the maximum of the
training epochs.
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Conjugate Label Information
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rrm————— _ — _ complete \_ candidate label matrix S )  |label matrix §
non-candidate label set S; probabilities on §; label matrix Y

(b)
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 be|OW'

£ Z |P; ® Sillo,

m

Since minimizing the €5 norm is NP-hard, we employ the £, norm as a surrogate for the €, norm.
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—————————————————

non-candidate label set S; probabilities on S;

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:

m

Lin(2,8) = —;ZZM 1 — el

1= ]. FES

CLI Loss
L=Lna(Z,8) + ulyp(S) + 7Lin(Z,S),



I Experiment

Algorithm | r MNIST FMNIST Birdsong SIVAL
1 [ .992+.007 .903+.018 .771+.018  .675+.022
ELIMIPL 2 | 987+£.010 .845+.026 .745+.015  .616+.025
3 | .748+.144  .702+.055 .717+.017  .6001.029
1 976+.008  881+.021 .7441+.016  .635+.041
DEMIPL 2 | 943+.027  .8234.028 .7011+.024  .554+.051
3 [ .709£.088  .6574.025  .696%.024  .503+.018
1 949+ 016  847+£.030 .7161+.026  .669+.019
MIPLGP 2 | .817£.030 .7914.027  .6724+.015  .613+.026
3 | .621+.064 .670+.052  .625+.015  .5694.032
Mean
| .6054.023 6974042 .2964.014 2194014
PRODEN 2 | 4814£.036 .573+.026 2724+.019  .184+.014
3 | 283028 3454027 2111013 1661017
1 .6584.031 .7534.042 3624015 .2794.011
RC 2 .598-4.033 6494028 3354011 .2584.017
3 | 392+.033  .4011.063  .2984+.009  .2374.020
1 4634.048 7264031 .2654.010 2404014
LWS 2 .2094.028 7204025 .2544.010 .2234.008
3 | .2054+.013  579+.041  .237+£.005  .1941.026
1 6714.027 7434026 .3534.019 3554015
PL-AGGD | 2 | 395+.036  .677+.028  314+.018  .315+.019
3 | .3804.032  474+£.057 .296+.015  .286%.018
MaxMin
1 S084+.024 .4244.045  387+.014  3161.019
PRODEN 2 | .400£.037  3774.040  .3574.012  .2874.024
3 .3454.048 3094058 .3364.012 .2504.018
1 S5194.028  731£.027  .390.014  .306+£.023
RC 2 | 469+.035 .6664+.027 .3711+.013  .288+.021
3 .3804.048 5244034 .3634.010 2674020
1 2424042 4354+.049  2254.038 2894017
LWS 2 .2394.048 4064040 2074.034 2714+£.014
3 2184.017 3184.064 .2164.029 2444023
1 S5274.035 .3914+.040 .3834+.014  .3974.028
PL-AGGD | 2 | 4394£.020  3714+.037  3724.020  .360+.029
3 3214.043 3274+£.028 3444011 .3284.023

Table 2: The classification accuracies (mean-+std) of ELIMIPL and
comparative algorithms on the benchmark datasets with varying

numbers of false positive candidate labels (r € {1, 2, 3}).
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Algorithm C-Row C-SBN C-KMeans C-SIFT
ELIMIPL 4334.008 5094+.007  .546+.012 .5404-.010
DEMIPL 408+.010 486+.014 S21E012 5324013
MirLGP 4324.005 .3354.006 3204012 -
Mean
PRODEN .3654.009 .3924-.008 2334018 .3344.029
RcC 2144011 2424012 .2264.009 2094.007
Lws .2914.010 .3104.006 .2374.008 2704+.007
PL-AGGD 4124.008 4804.005 .3584.008 363+.012
MaxMin

PRODEN 401+.007 447+ 011 2654.027 291+.011
RcC 227+ 012 3384.010 .2084-.007 246+ .008
Lws .2994-.008 .3824.009 .2474.005 2304.007
PL-AGGD 460+.008  .5244.008 4344-.009 .2854.009

ParN.C

Table 3: The classification accuracies (mean-std) of ELIMIPL and
comparative algorithms on the real-world datasets.

BEIGHAISHLEIT 87

FAttern Recognition and NEuwral Computing



I Experiment

Dataset T ELIMIPL MA+SP MA+IN Ma
1 TJ71+.018 7424.014 7461015 133011
Birdsong 2 7451015 665+4.024 .689+.020 677+.017
3 J174.017 .5924.031 .674+.023 652+.016
1 675+.022 6184.021 .626+.019 620+.022
SIVAL 2 6164.025 5324.041 .5504.040 5404.038
3 .6004.029 5451027 5214+.025 211032
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Table 4: The classification accuracies of the variants on the

Birdsong-MIPL and SIVAL-MIPL datasets.
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Figure 5: Attention scores for a test bag. Red and blue are the atten-
tion scores of positive and negative instances, respectively.
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