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Simulated experiments

Background and motivation
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Objective function: W *
Crowd-sourcing labeling Our CAL leads the improvement.
»Pros: cheap aqd fast to obtain large quanﬁty of label data. Simulated experiment result 2: (with different noise level labels)
»Cons: the obtained labels can be very noisy.
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» Only investigate the case where a single copy of labels is
engaged. At aI.I noise level, our CAL ac.hleves the highest mean average
Motivation precision in both active learning and holdout testing pool.

»\We introduce the active learning strategy into the framework.

»We want to enable the collaborative work among the multiple
labelers.

»\We want to handle the label noise during the labeling process.

Experiments with real labels

ImageNet dataset (5 copies of real labels on 5 categories)
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= MVAL.: single classifier with majority voted labels using Label quality is defined to indicate if labeler 7 is conflicting Our CAL still outperforms the other 9 baselines.

logistic loss. with other labelers. = .
= SVM-MVAL: single classifier with majority voted labels using o _
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rresponsible user 4 = ensemble kernel machine classifier.
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» ML-Gaussian-AL: active learning with multiple labelers
(Gaussian version) proposed by Yan Yan et al. [[CML 2011]

To classify a new data sample xnew
1). Identify the nearest

neighbor N (rew)3f xnew in 1,
2). Final prediction score

As verified by our experiments, our approach enables more efficient
model learning from multiple labelers, is robust to label noise and
Irresponsible labelers, and can readily detect irresponsible labelers
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