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P(zp—sq = 9, 2peq = h|Y, Zl(p_}q): Z;(m—q)’ a, V)

= (Cp,g) = 1+ A" F g) + ag)(Clq, h) = 1+ A(h' & h) + an)

Cla,9,h) =1+ A(g" FgAL F h) +agn

C(0,9,h) +C(L,9,h) =14+ A(g" £ g AR Fh) +Pogh+P1gn
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Algorithm batch Gibbs sampler for N x N

: initialize group assignment randomly for N x N

: for iter=1 to Ljter do

0 for p=1 to N do

0 O for g=1 to N do

0 O O draw zp—q from P(zp_4|Y, Zl(p%q), Zl(pkq),a,\ll)
0 O O draw zpeq from P(zp oY, 22779 22000 o ¥
0 O end for

)

end for
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: end for
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: complete the posterior estimates of v and B
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Algorithm oMMSB

1: batch Gibbs sampler for Ny stpart X NpirstPart

2: while(add link p’ — ¢’) do

3: O draw z,/_, 4 from P(zp/ﬁq/\Y,Z;(p/ﬁq/), Z;@ew,a, W)
4: O draw z,/ 4 from P(zp/&q/\Y,Z;(p/ﬁq/), ije@,a, o)
5: O if(p’ is new node) then

6: 00 for g =1 to NeyrrentNode (if ¢ F ¢’) do

7: 0 O draw z,/_,4 from P(zp/ﬂq|Y,Zl(pl_)q),Zl(pu_Q),a, )
8: 0 O draw z, ., from P(zp/eq|Y,Z;(pl_)q),Zl(pu_‘Z),a, )
9: 00 end for
10: O end if
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: O if(¢’ is new node) then
: 00 for p =110 NewrrentNode (if p F p’) do

—
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13: 0 O draw z,_,q from P(z,_, Y, Z;(pﬂq/), Z;(PHQ/), a, V)
14: 0 O draw zp, o from P(z,/|Y, Z:,(pﬁ\q/), Z:_(pgql), a, V)
15: 00 end for

16: O end if

17: end while

—
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: the posterior estimates of 7w and B
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3.3 INCREMENTAL GIBBS SAMPLER
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3.4 PARTICLE FILTER

3.4.1 particle filter
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Algorithm incremental Gibbs sampler

Algorithm particle filter

1: while(add link p’ — ¢’) do
2: O draw z,_, o from P(z,_,q/[Y, ijl%q/), ijleq,),a, 0)
3: O draw z, o from P(z, /[, ij/ﬂq/), Zl(pleq/),a, )
4: O if(p’ is new node) then
5: 00 for ¢ =1 to NeyrrentNode (if ¢ ¥ ¢') do
6: O O draw 2z, _,, from P(zp/ﬁq\Y,ijI_)q),ijl‘_‘”,a,\l!)
7: 0 0 draw z, 4 from P(zp/gq\Y,ij,ﬁ\q), ij/HQ),a, )
8: 00 end for
9: O end if
10: O if(¢’ is new node) then
11: 00 for p=1to NeyrrentNode (if pF p’) do
12: 0 O draw zp_,4 from P(z,_,/[Y, Zl(pﬁq/), Z?_(pgq/), a, V)
13: 0 O draw zp. 4 from P(z, _/[Y, Z;(pﬁq/), Z?_(pgq/), a, V)
14: 0O end for
15: O end if
16: O for(p” — ¢"” in R(p' — ¢'))
17: 00 draw z,n_,qn from P(zpuﬁq//\Y,ij”%q”), Z;(pueq”),a,lll)
18: 00 draw zpi g from P(zpngq/|Y,Zl(p”ﬁ\qN), Zl(p//gq”),a, )
19: O end for
20: end while
21: the posterior estimates of = and B
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Pparticte = Y (P x w™®) (4)
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: initialize weights wk) =p-lfork=1,.,P

: while(add link p’ — ¢’)

: 0 linkNum + +

: 0 for k=1to P do

00 sum® = PE(Y(p/,¢) = l\Y,Zl\(p,_W’)7 Z;'(p’(_ql),a,\ll)
00 if(linkNum % v == 0)

000 w® x= sum®) /u

000 sum® =0

00 end if

: 00 draw zz(j)ﬁq, from P<k)(zp/ﬁq/|Y, ijl%q/),Z;(p/Fq”,a, )

o I NS’
: 00 draw Zz()’f—q' from P<k)(zp/Fq/|Y, Z_,(p —a ),Z<_(p - >,a, )
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: OO0 if(p’ is new node)

: 000 for ¢ =1to NewprentNode (if ¢ ¢)

: 0000 draw z;}flq from P(k)(zp/ﬂq|Y,Zl(pl_nn,Zl(pI(_q),a, )
: 0000 draw Zélf?—q from P(]“)(zp/<_q|Y,Z:,(plﬁq),Z?_(I)/H(I),t)c7 o)
: 000 end for

: 00 end if

: 00 if(¢’ is new node)

: 000 for p=11to NewrrentNode (if pF p") do

;0000 draw z;}k_{q, from P(k)(zp_)quY, Z:,(p%ql), Z;(peq/), o, V)
: 0000 draw z;lzq, from P(k)(zpequ,ij_)ql>,Z1(p<_q,)7a, )
: 000 end for

: 00 end if

: 0 end for

NN NN R E e = e
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: 0 normalize weights w to sum to 1

: O if ||w|]|=2 <ESS threshold then

: 00 resample particles

: 00 fork=1to P do

: 000 for(p” — ¢ in R(p! — ¢')) do
. 0000 draw z;]f,)%q
0000000 P® (g, 0[Y, 227" 20 720" <0 o w)
;0000 draw z;}l,ﬁ,)(_q,, from

0000000 PR (20 gn|Y, 2% 21D 72074 o w)
: 000 end for

: 00 end for

00 w® =P lfork=1,...P

: O end if

: end while

W NN NN
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W W W W w w w w w
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: the posterior estimates of 7 and B
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Algorithm particle filter

: initialize weights wk) =p-lfork=1,.. P
: while(add link p’ — ¢’)

: 0 linkNum + +

: 0 fork=1to P do

;00 sum® 4+ = PE(Y(p,q) =1]Y, ij’_)ql), Z_F'(p/Hq/),a,\I/)
: 00 if(linkNum % v == 0)

000 w® x= sum®)

;000 sum®) = 0

: 00 end if

: 00 if(random.uniform(0, 1.0) = (k-1)/(P-1))
0000000 5000

: 000 draw z(lf) , from ...
P —q
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