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3.3 Bayesian Logistic Factorization Machines
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Algorithm 1 BLFM OF¥ 724> 71 > 7
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22:
23:
24:
25:

55:
56:
57:

1
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4
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7
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: function BLFM_GS(y, x, K, S)

wo, W, v, 9, q, o, r, ¢ + 0,
for s € {1,. S} do
Hpw <— U wAY (Hu’Yu + Z =1 w])
-1
o (NPt AD) T
sample u“’ from N(ugw, in)
a)\w — 5 (2(1)\ + M + 1)
Baw 5{21:1(“’]’ = 1) (e — Nu)2} + 8
sample A from Gam(aiw,Byw)
for fe{1,...,K} do
Py op Af(#/ﬂu + Z] 195.f)
Uﬁ} — (A f(’7u+M))
sample % from N(p,;? , UZ,JUC)
QA? — = (204)\ + M + 1)
Bry « 3 { M = 1) + Y —uu)2}+BA
sample )\” from G’am(ak?,ﬁw)
end for
sample w from PG(1, 1[1(xi, 9))
by = oo (odo + /L {mi — wi(¥(xi) — wo)})
()\O + Z =1 wz)_l
sarnple wg from N(,u,w(),a?uo)
¥ 9+ (w§ — wo)
wo < wg
for j €{1,...,M} do
p; = o (WA + Sk — wilip(xi) —

w]a:lyj)}:m,])
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:

o) hi)}hi)
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:

— (A + Ez,l wle )_1
ample w} from N(pw,, 2j)
w <_'¢+ (w; —wj)Xj
wj 4= wy
end for
for fe{1,...,K} do
for j € {1,...,M} do
for i € {1,...,N} do
hi 4= i@, f — V5,527 ;
end for
M";J\f = U%j,f (M})/\? + Zﬁil{’{l — wi((x;) —

ol M+ T wind) !
sarnple v3 ¢ from N(poj 4,
Y+ (v] p —vjp)h
ay < ay + (v ; —vj,0)%;
v f v]’.‘,f

o3 )

end for
end for
wo $— Wo + wo
for i€ {1,...,N"} do
ri <_’"u+lew RO WD DR S
end for
for i € {1,. Ni} do
M N
T — T + Z =1 wzwz ,J + Z J=l+1 wz,jw;",lz;,j
end for
for fe€{1,...,K} do
q“ <—2Mu Y g gt <—ZM1’ vt Lzt
s, f 3=1Ys5, %50 9s.f 3=1"Ys,5,1%;
end for
end for
wo < wo/S, T er“/S Fl o+ rt/S

return wp, q" q r r

end function
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