Proofs and Details for the paper
“A Generative-Discriminative Hybrid Method for
Multi-View Object Detection”

1 Proof of Theorem 1

Proof. We start from the posterior probabilip{ X |0, H = 1). According to the
Bayes rule

1
p(X|0.H =1) = Zp(OIX, H = 1)p(X|H = 1)
whereC' is the normalization term, which is the positive likelihop@ |H = 1):

C=p(OlH=1)=) p(O|X,H =1)P(X|H =1) 1)
X

Next, let us rewrite the posterior probabilipy X |0, H = 1) as the following

IL. /5, ) Tuw £, (W) p(O|X, H = V)p(X|H = 1)Z

¢z Hu fjgrl (Yu) Huq) f;g; (Yuw)
(2)

p(X|O,H=1)=

Using the independence assumption

p(O1X, H = 1) = [ [ p(yuwo|10, 210, s ey 280, H = 1) [ [ Pl 1y -y w0, H = 1)

uv u

and plugging in the parameter mapping equations (also in the page 4 section 2.2 of
the main paper)

p(yu|x11 = 07 ceey Tijy = 17 7H = 1) = fz(yu)
p(yuv|$11 = 0> vy Ty = 1a$jv = 17 7H = 1) = fij(yuv)
and
pyulery = 0,25 = 0,.yanyr = 0, H = 1) = ff (yu)
p(yuv’l'll - O,l’iu - 07 o INM = 07H = 1) = fEQ(yU’U)
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Comparing to the term in the Gibbs distribution in Eq.(8)(main paper), we note for
every matchingX, we have
p(OIX,H =1)p(X|H =1)Z _
Hu fgl (yu) Huq) fEQ (yuv)
Since the spaces of all matchingspdfX' |O, H = 1) and the Gibbs distribution in

Eq.(7)(main paper) are the same, the normalization constant should be also equal,
ie.

H Siu,jv (xiuu l'jv) H nzu(xzu)

u,jv i

cz L
Hu fgl (yu> Huv ng (yuv)

Therefore the positive likelihood is

polH =1) =0 = ZT] 15w [T 7%, ©

and the likelihood ratio is

pOlH =1) _ L, /5, (9) [ f5,2' _Z
p(OIH =0)  TI, f5,u) [1uw f5, Z Z

It would be also easy to show that for the integer-based representation of matching,
we would have the same result. O

(4)

2 Proof of Lemma l

Proof. We first prove a special case whah< M for the unpruned MRF. We first
enumerate the matchings where thereiaredesny, , ny,...ns, in the RARG being

matched to the nodes in ARG, where< 5 < N,andly, I>...1I; is the index of the

RARG node. The corresponding summation is

M
MM —-1)(M —2)..(M —i+1)zp25,...21, = < ; >i!Z]1Z]2...Z[i

For all matchings where there araodes being matched to RARG, the summation
becomes

MY . MY .
< ; 1! Z L2 AL = | WM (21, 22, .y 2N)
1< <Ip<..<L;<N

Where

Hi(zl,zg,...,zN) = E 2112’]2...2:[2.
1<hi<lx<..<;<N
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is a shorthand notation known &ementary Symmetric PolynomidlhereforeZ
can be written as the following form and satisfies the inequality

N N
Z = MM —1)..(M—i+1)I(z1,2,...25) < Y M'Ti(z1, 22, ..., 25)  (5)
=0 1=0

The equality holds whefV/M tends to zero. And we have the following relation-
ship
N N
ZH@(Z&, 22y eeny ZN) = 14+z1+20+...4+2n+2129+... 4+ 2N 12N +... = H(l—kzi)
=0 =1
and
MiHi(Zl, 2y euny ZN) = HZ'(le, MZQ, ceey MZN)

Therefore, the RHS in equation 5 can be simplified as the following

N N N
ZMiHi(Zl,ZQ, ceey ZN) = ZHi(le,Mzg, ...,MZN) = H(l + MZZ)
=0 1=0 =1

The above function in fact is the partition function of the Gibbs distribution if we
remove the one-to-one constraints. Likewise, for the general case and unpruned
MRF, the partition function is upper-bounded by the partition function of the Gibbs
distribution if we remove the one-to-one constraints, which for pruned MRF, by
enumerating the matchings, can be written as

N

1+diz1 +dozg + ... +dyzy +didozi29 + ... = H(l + dzzz)

=1
whered; is the number of the nodes in the ARG that are allowed to match to the
nodei in the RARG after pruning the Association Graph. Therefore we have

N
=1

3 Proof of Lemma 2

Proof. The partition function can be calculated by enumerating the admissible
matching (matching that does not violate the one-to-one constraint) as the follow-

ing

Z(N;M; 21, 22,...,2N) = Z H wiu,ju(xiu,$ju)H¢iu($zu) = Z sz

X iu,ju U admissible X 1u



wherez; = ¢;,(1) is defined in the main paper section 2.2. Therefore, the partition
function is the summation of monomials whose variables have maximum power of
1. And the fact is true for both pruned and unpruned MRF. We can separate the
above monomial summation into two polynomials, the polynomial contaiging
and the polynomial not

Z(N, M; Z1y Ry eeey ZN) = Vl(zl, Ry aeey By ...ZN) + VQ(Zl, 2y aeey Zj—1, Zi+1---zN)

Then theoccurrence probability;, which is defined as the prior probability of the
occurrence of the noden the generated ARG, should be

aV; 9Z
Vi Zq 823 %1 9z, O0lnZ
= - =_%% —

zZ  Z Z 7oz

Ty

Where we have used the fact thatis the summation of the monomials in the form
of 2y, z1,...21, , which has the following invariant property

0
2N 2Ty 2RI, = ka%(zhzfz”'sz)? VI, € {]1,]2, ...,IL}
k

4 Proof of the Equation (10) in the main paper

We need to estimate the occurrence probabilityT he overall likelihood for posi-
tive training data is defined as

K

L= Inp(OH =1) (6)
k=1

whereK is the number of the positive training instances. We have the variational
approximation of the overall log-likelihood

K
L~ Z ZQ(xfu = 1)lnz; — KInZ(N; M; 21, 29, ..., 2n) + o 7
k=1 u

where« is a term independent on theecurrence probability,rs, ...,rn. TO
maximize the approximated likelihood with respectipwe compute the partial
derivative of the Eq.(7) te;, and equates it to zero. With the help of lemma 2, we



obtain

K

82 = 92 [ZZQ lnzl} —K;;an(N;M;zl,zg,...,zN)
! ' k=1 iu i
ZZq f—Kf 0 ®)
k=1 iu “i

Sincez; is assumed to be non-zero, the above equation leads to the definition equa-
tion of r;
1 sl k
=g L=y ©

5 The Update Equations for the Gaussian Density Func-
tions at Nodes and Edges of the RARG

Refered by the E-M step in Section 2.4 (main paper page 5), the E-M update equa-
tions are listed as the following:

Go=dah,=1), & =df, =Laf,=1); &=1-&, & ;=1
iy = 2k 2 Sl & 5, — 2ok &y — i) (yhy — )"
Sk 2wl Sk 2wl

Xk 2w oY s 2k o S Wi = i) W = )"
S S S v S S b
wh = Dok 2w SiuYu e o5 = Sk D &k — )yl — )T

DS W4 Sk b

D D fw,jvyuv st Sk Do Eb o (Y — Mz‘j)(yfiv — pij)"

Hp, =
: Zk Euv U, Jv Zk Zuv u,jv

where k is the iteration index, ang; and X; are mean and covariance matrix
of the Gaussian R.V. at the nodes of the Random ARG.and X;; are mean
and covariance matrix of the Gassian R.V. at the edges of the Random ARG.
15 mh, S5, 5, are the corresponding parameters of the Gaussian R.V. for mod-
elling background.

The above equations are obtained by maximizing the variational approximation
of the overall likelihood of the positive training data, as defined in equation (6).



