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I Introduction

BMAL: allows the learner to query instance in groups, select both representative
and uncertain samples.

The direct approach: directly combines representativeness with uncertainty to
form a single objective.

The screening approach: excludes some unlabeled instances about which the
classifier is certain, and chooses representative samples among the remaining
Instances.



I Motivation

The two approaches both have shortcomings in the initial stage of BMAL,when
the labeled data Is scarce:

The direct approach: directly utilizes the output, possibly misled.

The screening approach: screens samples beforehand, may accidentally
remove useful instances.



I LBC(lower-bounded certainty)

lower-bounded certainty (LBC) :
LC(x;) = max(C'(x;), €)

Combine the representativeness R(S) with LBC score LC(S) and obtain the BMAL framework with LBC:
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R(S):representativeness function s*‘the global optimizer of screening approach
C(S):certainty function v* = ming(x;)>e C(x;) — efori € U.

C(x;) =max P(y|x;, w)



I LBC(lower-bounded certainty)

selects instances that minimizes the difference in distribution between labeled and unlabeled data:

R(S) := MMD|¢, X1us, Xp\s] = % YD Kij+ > hi
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The increase of the objective function f(-) after adding index e to set S can be formulated as :
1

fs(e) = f(SU{e}) - f(S) = ;Kz-e + 5 Kee + he + ALC(xc)

After selecting another index e’, the increase becomes :

1
fS'\e”(e) = Z Kz'e + EKEE + he + ALC(Xe) = fs(e) — Kee"
ieS\e’



I LBC(lower-bounded certainty)

Algorithm 1 summarizes the random greedy algorithm,
where 1) and ¢’ correspond to fs and fg\ .- respectively.

Algorithm 1 RandGreedy(U ,b)% select b instances from U  Algorithm 2 BMAL based on LBC
Require: h, kernel K, batch size b, unlabeled index set U  Require: batch size b, labeled index set L, unlabeled index

Ensure: A solution S set U, and data matrix X, batch number ¢
1: S« 0 Ensure: A solution S of size b
2: Ye = 5Kee + he + ALC(x.), foralle € U 1: if t=1 then
3: fori=1tobdo 2 Construct Kernel matrix K from X
4:  Let M be the set of b indexes in U\ S with b smallest 3.  Initialize coefficient h® using Eq. (15)
1) value 4: end if
5 Randomly select one index e’ from M 5- S « RandGreedy(U, b)
6: S« SU{e} 6: Update coefficient h'™! with h! using Eq. (15) and
7: YL Yo — Keer, foralle € U\S Eq. (16)
8: Y < Y, foralle € U\S 7: return S
9: end for
10: return S
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I Experiment

Win/Loss(%) of LBC vs. the following
Dataset Rand | MMD | RPE | Batchrank | MCDR | direct | screen

ORL 74/0 53/0 53/0 0/0 53/0 0/0 0/0
COIL20 86/0 90/0 54/0 44/0 71/0 20/0 21/0
segmetation | 96/0 84/2 98/0 81/0 66/0 11/0 91/0
WEBACE 91/0 89/0 11/1 20/0 52/3 12/1 7/0
Reuters 08/1 99/0 66/0 47/0 98/0 0/0 1/0
USPS 96/1 84/0 32/0 100/0 64/0 9/0 82/4
waveform 85/0 76/0 3/4 99/0 13/4 0/4 90/0
twonorm 78/0 10/2 0/0 11/0 1/0 0/1 97/0
RCV1 99/0 90/0 | 100/0 100/0 58/0 91/0 T8/5
TDT2 97/0 53/0 40/0 44/0 53/0 9/0 72/0
20News 80/14 NA NA 100/0 NA 92/0 98/0
letter 90/6 NA NA 100/0 NA 74/0 98/0
covtype 3272 MLE | MLE MLE MLE 3/0 37/0
SUSY 08/1 MLE | MLE MLE MLE 89/0 98/0
HIGGS 100/0 | MLE | MLE MLE MLE 2/0 11/0

Table 3: the win/loss(%) of LBC against BMAL baselines
using paired t-test with a 95% significant level
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