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Possible Solution: Robust Log-Likelihood
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to be continued...
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Robust Data-Fit Cost Function
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Mean vs Median

Generalized-Gaussian family of pdfs with unit variance:
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e
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p
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=
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=
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con
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-in
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Tangent Parabolas
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=
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Weighting Functions ! 
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Grouped Coordinate Descent Algorithm

Construct a separable paraboloidal surrogate function but for only

a (large) subset of the pixels.

Pixels separated => decoupled => fast convergence
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Pixel Groups (2x3)

Many pixels per subiteration => parallelizable

28



G
ro
u
p
e
d
C
o
o
rd
in
a
te
D
e
sc
e
n
t
A
lg
o
rith
m

A
d
van
tages:

�
M
on
oton
ically
d
ecreases
�

�
C
on
verges
glob
ally
to
u
n
iq
u
e
m
in
im
izer

�
N
o
m
atrix
in
version
req
u
ired

�
C
an
en
force
n
on
n
egativ
ity
con
strain
t

�
P
arallelizab
le
(all
p
ix
els
u
p
d
ated
sim
u
ltan
eou
sly
)

�
F
a
st
c
o
n
v
e
r
g
e
n
c
e

D
isad
van
tages:

�
S
ligh
tly
less
p
arallelizab
le.

�
S
ligh
tly
m
ore
com
p
licated
im
p
lem
en
tation

�
M
ore
com
p
licated
to
ex
p
lain
...

�
D
i�
cu
lt
to
ex
p
loit
stru
ctu
re
of
B

(e.g.
F
F
T
s
for
sh
ift-in
varian
t
P
S
F
,
sep
arab
le
b
lu
r
in
P
E
T
)

2
9



P
E
T
T
ra
n
sm
issio
n
E
x
a
m
p
le

�
12
m
in
u
te
tran
sm
ission
scan
from
E
C
A
T
E
X
A
C
T
(sin
gle
slice)

�
0.921M
p
rom
p
t
coin
cid
en
ces

�
160
rad
ial
b
y
192
an
gu
lar
sam
p
les

�
128�
128
atten
u
ation
m
ap
w
ith
4.5
m
m
p
ix
el
size

3
0



Normalized RMS Distance

kxn � x1k

kx1k where x1: 400 iterations of single-coordinate descent
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LBFGS Quasi−Newton        
Grouped Coordinate Descent

LBFGS: Limited Memory Bound Constrained Quasi-Newton Method

(R. Byrd, P. Lu, J. Nocedal, R. Schnabel, C. Zhu)

(Thanks to Web Stayman for interfacing LBFGS with ASPIRE.)
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