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APPENDIX A
PROOF OF THE UPPER BOUND

We show here that the loss function `(xi,yi) (Eq. (6) of the
submitted paper) is an upper bound of ∆(yi, ŷ), where xi is
the input, yi is the ground truth, and ŷ the predicted output.
Proof:

ŷ = arg max
y∈Y

sw(xi,y) (1)

∆(ŷ,yi) ≤ ∆(ŷ,yi) + sw(xi, ŷ) − sw(xi,yi)︸ ︷︷ ︸
≥0

(2)

≤ max
y∈Y

[
∆(y,yi)+sw(xi,y)−sw(xi,yi)

]
(3)

≤ `(xi,yi) (4)

This proves that `(xi,yi) is an upper bound of ∆(yi, ŷ).

APPENDIX B
PROOF OF PROPOSITION 1

We prove that the inference is equivalent to a super-
vised inference, where each image xi is represented by
stopw,k(F t

w(xi, c))+sloww,k(F t
w(xi, c)). We show that the selected

regions can be predicted independently to ranking y:

s(x,y) = stopw,k(F t
w(x,y)) + sloww,k(F t

w(x,y)) (5)

=max
h

∑
p∈P

∑
n∈N

ypn

[ rp∑
z=1

hpn
z F t

w(xp,c,z)−
rn∑

z′=1

hnp
z′ F t

w(xn,c,z
′)

]

+min
h̄

∑
p∈P

∑
n∈N

ypn

[ rp∑
z=1

h̄pn
z F t

w(xp, c, z)−
rn∑

z′=1

h̄np
z′ F t

w(xn, c, z
′)

]
(6)

=
∑
p∈P

∑
n∈N

(
max

(hpn,hnp)
ypn

[ rp∑
z=1

hpn
z F t

w(xp,c,z)−
rn∑

z′=1

hnp
z F t

w(xn,c,z
′)

]

+ min
(h̄pn,h̄np)

ypn

[ rp∑
z=1

h̄pn
z F t

w(xp,c,z) −
rn∑

z′=1

h̄np
z′ F t

w(xn,c,z
′)

])
(7)

The maximization (resp. minimization) can be decomposed
for each term of the sum, so maximizing (resp. minimizing)
the sum is equivalent to maximize (resp. minimize) each
term of the sum. Now, we analyze the predicted regions

with respect to ypn value.
If ypn = 1

max
(hpn,hnp)

[ rp∑
z=1

hpn
z F t

w(xp,c,z)−
rn∑

z′=1

hnp
z F t

w(xn,c,z
′)

]

+ min
(h̄pn,h̄np)

[ rp∑
z=1

h̄pn
z F t

w(xp,c,z) −
rn∑

z′=1

h̄np
z′ F t

w(xn,c,z
′)

]

=

(
max
hpn

rp∑
z=1

hpn
z F t

w(xp,c,z) + min
h̄pn

rp∑
z′=1

h̄pn
z′ F t

w(xp,c,z
′)

)
(8)

−
(

max
h̄np

n′
n∑

z=1

h̄np
z F t

w(xn,c,z) + min
h̄np

n′
n∑

z′=1

hnp
z′ F t

w(xn,c,z
′)

)
=stopw,k(F t

w(xp, c)) + sloww,k(F t
w(xp, c)) (9)

− (stopw,k(F t
w(xn, c)) + sloww,k(F t

w(xn, c))

If ypn = −1

max
(hpn,hnp)

−
[ rp∑
z=1

hpn
z F t

w(xp,c,z)−
rn∑

z′=1

hnp
z F t

w(xn,c,z
′)

]

+ min
(h̄pn,h̄np)

−
[ rp∑
z=1

h̄pn
z F t

w(xp,c,z) −
rn∑

z′=1

h̄np
z′ F t

w(xn,c,z
′)

]

=

(
max
hnp

rp∑
z=1

hnp
z F t

w(xn,c,z) + min
h̄np

rp∑
z′=1

h̄np
z′ F t

w(xn,c,z
′)

)
(10)

−
(

max
h̄pn

n′
n∑

z=1

h̄pn
z F t

w(xp,c,z) + min
h̄pn

n′
n∑

z′=1

hpn
z′ F t

w(xp,c,z
′)

)
= −

(
stopw,k(F t

w(xp, c)) + sloww,k(F t
w(xp, c)) (11)

− (stopw,k(F t
w(xn, c)) + sloww,k(F t

w(xn, c))
)

We notice that the predicted regions are the same in the
two cases: the predicted regions can be fixed independently
to the value of ypn. The inference can be written as a super-
vised inference, where the region are fixed independently to
the ranking matrix y, and each image xi is represented by
stopw,k(F t

w(xi, c)) + sloww,k(F t
w(xi, c)).
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