




NMF Algorithm: Berry et al. 2004
Gradient Descent–Constrained Least Squares

————————————————————————————
W = abs(randn(m,k)); (scale cols of W to unit norm)

H = zeros(k,n);

for i = 1 : maxiter

CLS for j = 1 : #docs, solve

minH∗j ‖A∗j − WH∗j‖2
2 + λ‖H∗j‖2

2

s.t. H∗j ≥ 0

GD W = W .* (AHT ) ./ (WHHT + 10−9); (scale cols of W)

end
————————————————————————————



NMF Algorithm: Berry et al. 2004
Gradient Descent–Constrained Least Squares

————————————————————————————
W = abs(randn(m,k)); (scale cols of W to unit norm)

H = zeros(k,n);

for i = 1 : maxiter

CLS for j = 1 : #docs, solve

minH∗j ‖A∗j − WH∗j‖2
2 + λ‖H∗j‖2

2

s.t. H∗j ≥ 0

solve for H: (WTW + λ I) H = WTA; (small matrix solve)

GD W = W .* (AHT ) ./ (WHHT + 10−9); (scale cols of W)

end
————————————————————————————

(objective function tails off after 15-30 iterations)



Berry et al. 2004 Summary

Pros

+ fast: less work per iteration than most other NMF algorithms

+ fast: small # of iterations until convergence

+ sparsity parameter for H

Cons

– 0 elements in W are locked

– no sparsity parameter for W

– ad hoc nonnegativity: negative elements in H are set to 0,
could run lsqnonneg or snnls instead

– no convergence theory




