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(ideal credit approval formula)
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(historical records in bank)

hypothesis set
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(set of candidate formula)

learning

algorithm final hypothesis

g=f

(‘learned’ formula to be used)
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Samples of “Dog” to learn later.
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Algorithm 1: SPL Algorithm.

input : Input dataset D, pace parameter . > 1, and
self-paced function f.
output: Model parameter w

Initializew“’, )\; // assign the starting value
while not converged do
while not converged do
Update v* = arg miny E(w™, v; A);
Update w* = arg miny E(w,v*; \);
end
A — ,u/\; // update the learning pace

end
return w = w ' ;
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e Self-paced Learning with Diversity (SPLD)
SPLD formalizes the preference for both easy and diverse
samples into a general regularizer.

Outdoor bouldering

Positive training samples of “Rock Climbing”
Artificial wall climbing

Snow mountain climbing

easy and diverse




e Self-paced Learning with Diversity (SPLD)
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e Self-paced Learning with Diversity (SPLD)

minE(w, v; 1Y) = X, vy Lxg, yi, w) = AR, v —v20, VO],

Algorithm 2: Algorithm of Self-Paced Learning with Diversity.

input : Input dataset 77, self-pace parameters g1, p2
output: Model parameter w

if no prior clusters exist then cluster the training samples X into b groups Km, N X8,

Initialize \-"‘1 .-"l.ﬁ 3 Iy assign the starting walue

while nor converged do
Update w* = arg miny, E{w,v*; A,v):// train a classification model
Update v* = arg min, E{w*,v; A, v) using Algorithm 1; // select easy & diverse samples
A — JLH.:\ M U el ¥ e // update the learning pace

end

return w = w’”
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« Self-paced Curriculum Learning (SPCL)

SPL
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e Self-paced Curriculum Learning (SPCL)

minE(w, v; A, ) = X v L(x, yi, w) — A X1, v; vEY

Algorithm 1: Self-paced Curriculum Learning.

= - - Y T

input : Input dataset D, predetermined curriculum
7, self-paced function f and a stepsize
output: Model parameter w

Derive the curriculum region ¥ from ~;
Initialize v*, A in the curriculum region;
while not converged do
Update w* = arg min,, E(w,v*: A, U);
Update v* = arg min, E(w*, v: A, ¥);
if A is small then increase A by the stepsize j;
end
return w”
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e Curriculum Learning versus Self-paced Learning
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Difficult to judge which one is better in practice.
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