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Recursive Belief Propagation — Belief Propagation in a Well-order
CHEN Feng' LIU Hong' XU Wen-Li'
Abstract Aimed at the loopy belief propagation’s unknown convergence and too many iterations on Bayesian networks

with cycles, an algorithm named recursive belief propagation (RBP) is proposed. Different from the classical belief
propagation, a special order (well-order) is followed by RBP. Passing messages according to this order is equivalent to
breaking the cycles sequentially, so the messages cannot circulate and the fixed point is arrived at in one trial. Furthermore,
this fixed point is the same as the result of the loopy belief propagation or the minimal point of Bethe free energy. At

last, we prove the good performance of the proposed algorithm by experiments.
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XA F) BN L 2 (AL), 2 (AL) MfE R n ()
Hm(-) 13302 AL Bethe [ HH AE AR /M 155

LR IR B by 326 4 A5 38 A% 9 53 SR A 0 5 Gt il A2 5K
(A1) FZBHERE ARSI, AR

ni-c;, =1

me;—i =1, Vj € {jlieCj,j#i}

ni-c; = b(Xi:), Vj € {jli € Cj,j #1i}

mo,—i = »_ P(Xin(X:)  [[  b(Xy)

C;\i {ili€eCi,i#i}

Hr b(X,) < me;—i H{jliecj,j;éi} MC,—i- A (A2)
L 2 1) JiE IR 2 34 o H5AS B il A7 JBCAE TR 75 A L, AR
AR O E R T IE B 1 58 2 AU AR R
KRR FAL L e AT 05 B, NG HEmLIME R, 76
RIDGHERN, 2 RA 1 58 3 A& AT mifL 4y i
TR FE N TG R, N B ORI g, 54 KX
W SR R (2), R HEm . FIEH b (X)) o«
mei—i [ jec, jri) MCi—is RO df R LG 1 A
i, RIEHKL (A2) AR (A1), AT4nat (A1) ERGZf. O

(A2)
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