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Expectation propagation

| | Simulated experiment result 1: (with 2, 3, 4 malicious labelers)
Integrating v out, we obtain: N I .
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Rewrite joint probability function:
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Crowd-sourcing labeling
»Pros: cheap and fast to obtain large quantity of label data.
» Cons: the obtained labels can be very noisy.
Previous work
» Majority voting based confidence. [Donez et al 2009-2010]
» Incremental relabeling mechanism. [Zhao et al 2011]
Disadvantage
» Cannot handle label noise during the labeling process.
» The label quality will be heavily affect if the malicious
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Assuming Fi(si) follows Gaussian distribution,

Fi(si) = p(ti|si, €)
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Using Expectation Propagation [Thomas Minka, MIT PhD thesis,
2001], we get the posterior distribution q(s,).

p(S|X) ~ N(S[0. K)
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Holdout testing pool (2 malicious [abelers) - o|doyt testing pool (3 malicious labelers) Holdout testing pool (4 malicious labelers)

Our JGPC-ASAL is constantly ranks on the top.
Simulated experiment result 2: (labelers with different noise levels)
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labelers occur at the early stage. y
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to obtain and approximate inference of @(s,).

M-Step: Maximize the lower bound of log p(T..S.|X.,2)0ver £ to
obtain a new parameter - - . - go to the E-Step and iterate
until convergence.

active learning pool and the holdout testing pool.

Conclusion

We Present a hierarchical Bayesian model to learn a GPC from
crowd-sourced labels by jointly processing multiple labels. Our
two-level flip model enables active selection of both data sample

= ML-Bernoulli-AL: active learning with multiple labelers
(Bernoulli version) proposed by Yan Yan et al. [ICML 2011]

= ML-Gaussian-AL: active learning with multiple labelers
(Gaussian version) proposed by Yan Yan et al. [[CML 2011]
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* T and quality labelers. Our joint treatment of multiple labels is
‘Research NEC "@ RLENENS "t s a0 a0 w0 w0 w0 40 500 proven to be superior to the online majority voting scheme.
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