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Problem Formulation Deep unfolding Deep unfolded WMMSE
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» It works on an equivalent reformulation > We adopt the Adam optimizer /| WAELSIED D oMo e
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w = argming f(u,§, V)
for k=1,... K
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u = argmin, f(§, w, V)
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w = argming f(u,§, V)
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V = argmin, f (u, w, £) s.t. Tr(,ggﬂ ) < P Ne{V) — {V, if Tr(VVH ) < P ) . 2 ©® Deep unfolded WMMSE 9 :geep unioijej xﬁﬁgg
il convergence gV P otherwise T h s & s & 4 Y S T
» Guaranteed to converge to a local optimum SNR [dB] Number of antennas
» Relatively high computational complexity N=M=4,L=1 and Kk =4 N=M,L=1, K=4, and SNR of 10 dB




