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Why dimension reduction

1
Recall : min ¢(x mZ(ﬁ,

where ¢i(x) = p(ri(x) = p(d: — Fi(x)q)
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Why dimension reduction

Recall : min ¢(x) = ;Z@(X).
where ¢j(x) = p(ri(x)) = p(di — Fi(x)qi)

Disadvantage: Expensive Computation
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Why dimension reduction

1
Recall : mi = — i(x),
ecall : min ¢(x) . Z ®i(x)
where ¢i(x) = p(ri(x)) = p(d; — Fi(x)qi)
Disadvantage: Expensive Computation

How to solve? Stochastic Gradient Descent
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Random Sampling Sampling h and without replacement
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Data Averaging

Random Sampling Sampling with and without replacement

When loss function is square function,

60) = (R TR(X)
where R(x) = [r1(x), r2(x), ..., rm(x)]

'New Data': di=3" wyd, gy =0 wigij=1,...,s
1i(x) = dj = F(x)qj, Rw(x) := [n(x), 2(x), . . ., Fs(x)]

ZH’J ) = *tr (Rw(x) TRw(x))
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Data Averaging
Random Sampling Sampling with and without replacement

Proposition
If IE[WWT] =/, then

Elpw(x)] = ¢(x), E[Vow(x)] = Vo(x)
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Data Averaging
Random Sampling Sampling with and without replacement

Proposition
If IE[WWT] =/, then

Elpw(x)] = ¢(x), E[Vow(x)] = Vo(x)

Disadvantage: Conclusion holds only for 2-norm.
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Data Averaging

Random Sampling Sampling with and without replacement

Sample a small subset S C {1,..., m}

6509 =+ 32 6100, Vos(d) = = 3 Vi)

€S i€eS

Elpw(x)] = ¢(x), E[Vow(x)] = Vo(x)

In each iteration step, cost is about % -fraction of the ture cost.
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Data Averaging
Random Sampling Sampling with and without replacement

Error Analysis

What we care about are the sample gradient.

e:=Vos— Vo
E[[lell*] = V[|IVés]l]
1 m
Ogi=——7 > IVei— Vol
i=1
9 1 s .
E[||el|*] = g(l - E)Ug (without replacement)

1
E[||el?] = ¢ (with replacement)
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