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Algorithm 1 The nonlinear semi-NMF based method
Input: Input dataset and ground truth X, Y, size of mini-batch s and regularization

parameters Ay, Az
Output: Weight matrices and bias vectors W;, b;,1 =1,2,...,d
1: Set initial guess Wl(o,o)’ WQ(O’O), Cees cho,o) and b§°’°), bgo’o), Cey bgo,o)
2: Compute a low-rank approximation X ~ UV,
3: for k=0,1,... do:
4: for¢=0,1,...,m/s—1do:
5: Set the index of mini-batches jé(k) and X, = U121V1(‘7Z(k), LY, =Y, %(k))
6: Set Zz-(k’z) = f(W/i(k’Z)ZZ(f’f)) fori=1,2,...,d — 1, where Zék’z) =Xy
7

Solve (approximately) semi-NMF (2)
with initial guesses Wék’z), b[(ik’g), Z[(i’i’?, and get chk’zﬂ), bﬁf"“), Zc(lk_’fﬂ)

8: fori=d—-1,d—2,...,2 do:
9: Solve (approximately) nonlinear semi-NMF (3)
with initial guesses VVi(k’g), bl(-k’g), Zi(f’f), and get I/Vl-(k’zﬂ), bgk’zﬂ), Z\Z-(f’f +1)
10: end for
11: Solve (approximately) nonlinear LSQ (4)

with an initial guess Wl(k’é), bgk’é), and get Wl(k’”l)bgk’éﬂ).
12:  end for
13:  Update W0 = /sl ang p™ 0 — p®m/o) for i = 1,2, .d
14: end for
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