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Networked Data Sets: 
2 text classification 
data sets, with 
citation links, 1 with 
web links
Outperform up to 6% 
compared with State-
of-the-art Baselines
Stable performance 
over different sets
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Calculating transition Probability
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An Example

,Where dj is number of links going out of xi
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fi:  expectation of label of instance i

pij: Transition Probability from i to j
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We designed Q(S) as the objective function over S, a subset of the unlabeled set. It measures the informativeness of S, so collective active learning could be viewed as selecting:
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Criteria of Objective Function

We use three criteria to design Q(S):
Maximum Uncertainty: H(S) as summation of entropies
Maximum Impact: Graph-cut-based design of C(S), which could be seen 
as a summation of maximum impacts over samples in S
Minimum Redundancy: We theoretically proved that definition of C(S) 
minimizes redundancy

Algorithm Design

Submodularity: Our definition of Q(S) satisfy the monotonic 
submodularity property, which guarantees a greedy algorithm
Error Bound: This greedy algorithm has an approximation rate of (1-1/e)
Speedups: We parallelized the algorithm for scaling up to real large data 
sets

Synthetic Data Set:
Two classes denoted 
by different colors
+: initially labeled 
samples
O: selected samples
Demonstrate the 
necessity of all three 
criteria

Proposed(80.25%) Q=H(S) (76.93%) Q=C(S) (75.74%) Without Maximum 
Redundancy (80.25%)
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