Some ideas of combining Self-Paced

learning and Active leanring
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v*(¢,A) = arg min v¢ + f(v, L).
re[0,1]

Log Loss

Hinge Loss

In the early stage of training, only easy(with smaller loss) samples will
be considered. Then, with gradually increasing A, samples with larger
loss tend to be included in the training.

Through such a regime, SPL performs well in the noisy condition and
the computer vision tasks.
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Self-Paced Co-training

ICML'17 Fan Ma ,Deyu Meng , Qi Xie , Zina'Li , Xuanyi Dong

dd1dVHO



@/ Co-training #12E%5P304

o FIF A HEBHE ISR A 25 1 70 B 5 ) 4R AB
« AT EEEEIFEARTT EOvRicg B ) Bl gk

o BEEZAHA]

o WRIERIEE E A SR A AL B 15 E Fe AL
52 S8 7 BT M B AR, ARISNE, A FERFESE A

@ ++ S
@+@++ -~ ©
+ T + - =9
@@++++ = .
@ 4+ + __G

+

(A) X, view: data in U labeled by /i,

(B) X5 view: the same data
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Algorithm 1 Alternative Optimization Algorithm for Solv-
ing SPaCo Model

l:

10:

11:

12:

13:
14:

15

O XN E LD

Input: samples :sgl), e ,:sgi)u,xgz), fe ?x.!(i)u’ labels

Y1, ..., y;, parameters A A2~ and max_round.

Output: w(!), w(?).

Initialize v(D, v(2), X() X\ and ~

Update w1, w(?)

training_round = 1

while not converge || training_round < max_round do
for j < 1to2do

Update vf_j ). Prepare confident instances from
(3 — 7)t" view for training on jt" view

Update UE ). Add unlabeled instances into the

training pool of ;' view based on LE ) and
7@3(63—3)
Update w(7): Train a classifier (SVM for in-
stance) on training pool of j"* view
Update y;.: Find optimal pseudo label for each of
selected unlabeled instances by solving Eq. (6)
Augment (1), \(2)
end for
end while
Return w1 w(2)
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‘4 Self-paced co-training
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SelfTrain  Cotrain CoEM  CoMR  Cotrade RANC  5SPaCo

course 0.8034 0.8820  0.7884  0.7975 0.8904 0.7297 0.9121

ngl 0.5521 0.6067  0.5679  0.5148 0.5792  0.6170 0.5970

k=1 Ng2 0.5775 0.5900 05988  0.5211 0.6199 0.6177  0.6243
adl2 0.8733 0.9057  0.8635  0.8653 0.8874  0.9336 0.9253

adl3 0.9082 0.9160  0.8705  0.8664 0.9212 0.9096  0.9227

ad23 0.8975 0.8920 0.8621  0.8631 .9049 0.9035  0.9093
average 0.7T687 0.7987  0.7585  0.7381 0.8005 0.7852  0.8151

course 0.8303 0.9086  0.8217  0.8145 0.9270 0.7878  0.9315

ngl 0.5826 0.6353  0.6253  0.5260 0.6530 0.6475  0.6255

k=2 ng2 0.6033 0.6467  0.6475  0.5422 ().6865 0.6658  0.7036
adl2 0.8947 0.9057 08716 0.8690  0.9002 09374 0.9346

adl3 0.9124 0.9243  0.8883  0.8720  0.9267 0.9118  0.9320

ad23 0.9021 0.9109 08677  0.8665 0.9152 0.9084  0.9207
average 0.7877 0.8219  0.7870  0.7434 ().8348 0.8098 0.8413
course 0.8525 0.9141  0.8651  0.8365 0.9298 0.8248  0.9322

ngl 0.6509 0.7058  0.6724  0.5627 0.7072 0.7050  0.6827

k=3 ng2 0.6858 0.6970  0.7212  0.5853 0.7573 0.7279  0.7701
adl2 0.8986 0.9105  0.8812 0.8750  0.9011 0.9349  0.9356

adl3 0.9208 0.9312 09077  0.8816 0.9255 0.9226  0.9441

ad23 0.9014 0.9108  0.8753  0.8728 0.9089 0.9176  0.9219
average 0.8153 0.8449  0.8205 0.7690  0.8550 .83588 0.8644




‘4 SPL in unsupervised/weak-supervised learning
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To estimate the expected future error of a model trained using L U< x,y > on the
remaining unlabeled instances in U

U
To/1 = argmin Z Py (yi|x) Z 1 — Pyiiawy (9]2™)

u=1

we do not know the true label for each query instance, so we approximate using
expectation over all possible labels under the current model 6. The objective here is to
reduce the expected total number of incorrect predictions.

An example will be selected if it dramatically reinforces the learner’s existing belief over
unlabeled examples for which it is currently unsure.



Accuracy

Accuracy on comp.sys.ibm.pc.hardware vs. comp.os.ms-windows.misc
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O Expected Error Reduction
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