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Select a subset of big data to train a classifier while

Incurring minimal performance loss.

We show the connection of submodularity to the data
likelihood functions for Naive Bayes (NB) and Nearest
Neighbor (NN) classifiers, and formulate the data subset
selection problems for these classifiers as constrained

submodular maximization.
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data log-likelihood set function:
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Theorem 1. Let Dyr(p(z,y:0(V))|lp(z, y;0(S))) =

D wexd zyeyp(:c, y; 60(V)) log I;((i:;g((g)))) be the KL-
divergence between p(xz,y;0(V')) and p(x,y;0(S)), where
p(z,y; 0(5)) is the maximum likelihood estimate of the joint
distribution given a data set S. Under the Naive Bayes as-
sumption, Problem | is equivalent to

ﬁﬂ Dir(p(z,y;0(V))||p(x, y;0(5))).
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Algorithm 1 Filtered Active Submodular Selection

1: Input: U, T, B, {3;}]_,, Starting set of labels £

2: fort=1,---,T do

3:  Train the classifier using the labeled set £, and derive
the uncertainty scores %;
Ut € argmaxy cy\ .;|U|=4; D _ueU 0y 3
Obtain the most probable labels as the hypothesized
labels {7y }uecut-

6: Instantiate f; : 24 — R on {gu, }ueyt and UL

7:  Find L! € argmax| g|— g. sy ft(S).

8: L=LUL?

9: end for
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Naive Bayes Classifier (20 Newsgroup)

—x—Us

FASS+RS(F = 4000)
— % RS
—er— FASS+fy (3 = 4000)
—— FASS+f, (4 = 4000)
—%— FASS+f,.(3 = 4000} | 7
—r— FASS4fyp(d = 4000)
—#— 55+ fue )

400 500 600
Number of Data Points

Figure 2.

Nearest Neighbor classifier (MNIST)
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Nearest Neighbor Classifier (20 Newsgroup)
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o4 Deep Neural Network classifier (MNIST)
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Logistic Regression Classifier (20 Newsgroup)
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Comparison of 3 on FASS (NB classifier on 20 Newsgroup)
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