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Summary Message-passing alg. based on ADMM | Distinct certainty weights: "no opinion”; “cerfain”; “standard” | Improved performance on non-convex opt. problems
Message-passing ADMM Novel 3-weight algorithm Performance comparison
t Different weights per iteration (¢), edge (i, j) and directioni > j Sudoku (w-weight intensive, non-convex problem)
y Gl Initialization:
t g
X.. Y —~t = . T T .
— /ml,] e -0 ¢ some value 0:50;, E{O,+00,p0} no opinion’, “certain’, “standard R N m % Improved  Median
l > e T Puzzles > 2X Speedup
® UO_O 1 > 6 1 9|7 4 2|3 5 8 9 50 83.20% 3.39 X
/ Initialization: AP SRE N R O P M - > LS el
5 I EREIN D 36 o5 77.60% 535 %
1 o U AR 78435 6l2 s 19 ; 30.00% 4.44%
Iterations: s 45|06 7|8 2 64 1 100.00% 6.01x
SEEEE ??J:O 1 78]5 2 4]0 36 31 1 60.00% 2.03 %
S | |
* N binary variables per cell (one per symbol, O(N?)
: , total
o 2’ =argmin |f(z)+ (p/2)(z — n")’] Iterations: )
v y y ; « One hard constraint per cell (one symbol per cell)
t ot t o N =z —U
o M =x +u .
\ : s ] « One hard constraint per row, column and sguare
t - N -
: — — one symbol of each kind per column, per row and
Soft/hard A aremin [a(2) 4 (0/2)( — mty2]  ® & = argmin | f(z) + (o /2)(z —n’) (
cost functions i gz [g( )+ (p/2)( ) ] v ] ] per square)
t
J(x) e’ ® i < Update logic depends on individual cost function e 0O- i i Tetd
Equality e utt = ot + —(:(;t _ Zt+1) % o 9 e f:ol}rxxl/ellgh’rs Iusec|JI to propagate logical certainties from
cost functions p . L, initidl puzzie ciues
o M =x +u
g(x)

Al 2 o ! E: % (Exception: All-zeros incoming weights . . . .
| N .. ! _ )
j Z.Pl] l]/ l.PU teated as all-standard incoming weights) Packing (0-weight intensive, non-convex problem)

« Above algorithm is well-defined even for non-convex
functions
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« For convex functions global minimum is attfained for
weight parameter > 0 (see Boyd et al. 2011)
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Iterations to Convergence
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significant and poorly understood (see Deng and Yin
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