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Active Learning Based on Maximum Influence Set

LI Yahe and XIE Zhipeng
School of Computer Science, Fudan University, Shanghai 200438 ,China

Abstract With the continuous progress of deep learning,it has been widely applied in numerous fields. However, the training of
deep models requires a large amount of labeled data,and the cost of time and resources is high. How to maximize the model per-
formance with the least amount of labeled data has become an important research topic. Active learning aims to address this issue
by selecting the most valuable samples for annotation and utilizing them for model training. Traditional active learning approaches
usually concentrate on uncertainty or diversity,aiming to query the most difficult or representative samples. Nevertheless, these
methods typically only take into account one-sided effects and overlook the interaction between labeled and unlabeled data in ac-
tive learning scenarios. Another type of active learning method utilizes auxiliary networks for sample selection,but these methods
usually result in higher computational complexity. This paper proposes a novel active learning approach designed to optimize the
model’s total performance gain by taking into account sample-to-sample interactions and comprehensively measuring local uncer-
tainty and the influence of candidate samples on other samples. The method first estimates the influence of samples on each other
based on the distance between the hidden layer representations of the samples,and further estimates the potential gain that the
sample can bring based on the influence of candidate samples and the uncertainty of unlabeled samples. The sample with the high-
est global gain is iteratively chosen for annotation. On a series of tasks across several domains.the study further compares the
proposed method with other active learning strategies. Experimental results demonstrate that the proposed method outperforms
all competitors in all tasks. Further quantitative analysis experiments have also demonstrated that it balances uncertainty and di-
versity well,and explores the factors that should be emphasized at different stages of active learning.

Keywords Active learning,Deep learning, Uncertainty
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Fig.1 Framework of ALMIS active learning algorithm
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Table 2 Experimental dataset information

Dataset Classes Train Test
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Table 3 Proportion of samples required for each active learning

strategy to achieve 90% of the training performance of full data

Dataset MNIST OpenML#6 TREC
Random 0.90 15.6 18.0
Entropy 0.69 21.6 17.8
BALD 0.79 14.9 18.7
Core-Set 0.93 15.5 16. 8
BADGE 0.52 9.0 16.6

CAL 0.98 18.4 16. 8
MCDAL 0.73 17.2 15.9
ALMIS 0.38 8.5 11.6
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Table 4  Amount of calculation and extra parameters of different
algorithms

g% #* K — R A E/ms LR & -
Random 0.52 0
Entropy 137 0

BALD 13 224 0
Core-Set 353 0
BADGE 297 0

CAL 347 0
MCDAL 157 2 580
ALMIS 383 0
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Table 5 Uncertainty,diversity and representativeness analysis of

each active learning strategy on MNIST dataset

|Q‘ GQK eKZV:\( >d

Method UNC DIV REPR
Random 0.067 0.083 0.129
Entropy 0.470 0.067 0.078

BALD 0.333 0.069 0.085
Core-Set 0. 060 0. 085 0.104
BADGE 0.216 0. 085 0.097

CAL 0.206 0.076 0.089
MCDAL 0.262 0.075 0.088
ALMIS 0.302 0.081 0.113
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