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Motivation

1. Many classic active learning (AL) methods try to cut the
annotation costs indirectly by minimizing the number of
annotation actions. However, we try to cut the annotation costs
directly by reducing the costs of a single annotation action.

2. Some other AL methods need strong labelers or extra prior
knowledge. However, we plan to obtain weak annotation from
only weak labelers without extra prior knowledge.

3. Existing complementary labels learning methods need strict
assumption, so we combine AL and complementary labels
learning to solve this issue.



Method

Flowchart of active learning with complementary labels (ALCL)
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Method

Workflow for an ALCL learner
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Fig. 2 Workflow for an ALCL learner (ALCL: active learning with complementary labels)



Experiments

The performance of uncertainty for sampling and deep learning
(USD) with different ALCL methods
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Fig. 3 Experimental results across diverse datasets and models with varied sampling strategies: (a) CIFAR-10;
(b) MNIST; (c) Fashion-MNIST: (d) Kuzushiji-MNIST. Dark colors represent the average accuracy derived
from the five trials, while light colors denote the corresponding standard deviation



Method

Sampling strategy USD and the comparison with other methods
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Fig. 4 Mean accuracy enhancements with stan-

dard deviation (denoted by shading) of active learning
methods compared to the random sampling baseline,
across the number of queries on CIFAR-10. Dark
colors represent the mean accuracy of the five tri-
als, while light colors indicate the standard deviation.
The loss function used in these trials is from WEBB



Conclusions

1. We expound the motivation of ALCL and design the
framework of ALCL learner.

2. We design a sampling strategy USD, which uses the
uncertainty to guide the queries of active learning, and we
upgrade some existing methods.

3. Comprehensive experimental results validate the
performance of our method.
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