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1.1 Group Registration BB ER

School of Data Science

Objective: Recover the spatial correspondences of two or multiple images by
maximizing a given similarity metric.

Alxa)
Two images defined Pa| r'wise
i Y | over domains of
’ A, Teed | 1| Eoclidean space
— : . Ima?;a_ )
I" 15 a transformation : .
204 Els : B U
' - T i from Euclidean space Registration
£ s e to Euclidean space G rou pW Ise
.;qa-"rr.'nu .
e . . I is restricted to the

volumes

then further to the part
of a grid inside the
volumes

the grld on the 'D"-'ﬁl']ﬂp N COMMOon space
has to be resampled

The common space ?

the transformed grids

don'toverlap: B Unbiased groupwise Registration
interpolation is necessary

B Group-to-reference Registration

Hill, Derek LG, et al. "Medical image registration." Physics in medicine & biology 46.3 (2001): R1.




1.1 Group Registration
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Main concepts and notations:

Image space (), Spatial samples x, w,§ € ();

The observed image group U = {Uj}ﬂyzl, Up: O - R

The J-th image U; = (u]’w)wegj, Uj,, abbreviation for U;(w), where w € €;
Common space / Common coordinate system ()

Spatial transformation ¢ = {¢;})—1, ¢;: Q = O

¢ $1

The resampled intensity vector u;, 17 - ¢’

= [u uqu] where u_

= Ujo ¢;(x),

X E N

The purpose of co-registration / group registration:

Given N observed image group U = {U;}}-,

Find the spatial transformation ¢p = {¢ j}?’zl that aligns them into a common

coordinate system ().
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Joint Intensity Distribution

Py(U) = ,eq P(uss (=)

which is factorized over i.i.d spatial samples x € 22, a(x) is the parameter of the
distribution for every intensity vector, which can be spatially variant.

Maximum likelihood approach

Find the optimal spatial correspondences through the MLE of a multivariate JID
Indexed by the spatial transformation ¢

t9|'u, ZlogP ur; o (:c))

xc)

Parameters concerned 0:
v' spatial transformation: ¢
v" distribution parameter: a(x)
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Combining registration with segmentation in a unified framework

Medical images are usually complementary yet inherently correlated through
their underlying common anatomy.

Common space / Common coordinate system / Common anatomy

¢ in common space x in bSSFP

Categorical latent variables
Generative model - GMM

PW | 2) = ][ PW;2)
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Registration
Registration
> Similarity similarity value Reg I St rat on
bl :met"c | i - * Similarity metric
image T’a%f:”:ed T Conge’,'rz/e e (' Optimization ) /'"(fsfl?ioo/gg;)?n - -
Cg Spatial = « Spatial transformation
> . transformation / iransformation Reigngscz;reed
Target } parameters
(i to b |
ey | L [
- N Combined computing in MVMM
Segmentation

« Common anatomy ;
_ initial _ _/images+atlas, n
registration common space

« Spatial transformation

: Gish D |
Note: Assume that the anatomical {_“"} : : ‘
registration ICM segmentation
structures in the image can be entirely , intra 4 nter: EM optimization

image correction P

no ~ ‘

&

L2
-

e (@) yes l o argad
g*1 result - “converge?

distinguished based on the pixel values.
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 What? i i
A groupwise similarity metric ~ X(U,2) =) I(U;,2) =Y [H(U;) + H(Z) - H(U}, Z)]
j=1 j=1
« How?
The statistical dependency of . 2 1 | peni TT 2w | - [N |
a set of random variables )= D\ )erzll (&) ; | S
+
The intensity-class mutual - | Ex |
€ Pmation IU,Z)=HU)-HU | Z) 4 HU) ;H(UJ | Z)
 Why?
v' It can measure the statistical dependency among an arbitrary number of
Images.

v The computation of the joint entropy H(U) is computationally prohibitive
In general for N > 2.




1.2 X-CoReg KB FR
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 What? A generic co-registration algorithm

« How?
¢ = argmaxmax, X(U|¢], Z)
¢

C oy — ot = ar maxX(U[qb[t]] Z)
Common space parameters: o = {7, [ } 3 )
Transformation parameters: ¢ = {¢;}}-, S = arg max X(UM, Z[t-l—l])

¢

 Why?

v" No closed-form solution of the inner optimization, coordinate ascent

v' Maximum log-likelihood and EM insights
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1.2 The proposed framework

A generic probabilistic framework for estimating the statistical
dependency and finding the anatomical correspondences among an
arbitrary number of medical images.

X-metric: Information-theoretic metric

X-CoReg: Co-registration algorithm

N: Groupwise registration of the N observed images
Extended to Deep Combined Computing

< Me’rh{l dology _>-{ ----------- @zﬂw—\

w

It can be interpreted
from both the

/ .
A-Metric (Sec. 3.1) < ----- 1 Information Theory

L

*
l Image Co-registration )

« /) ) Information-
X-CoReg (Sec. 3.2) <------ _/MLE + EM (Sec. 3.3) / Deep Leurning/ .
- = ; X theoretic and the
l Application Application ¥ Label Observation /
Groupwise Registration (Sec. 3.4) Deep Combined Computing (Sec. 3.5) MLE pe rSpeCtlve

Fig. 1. Roadmap of the proposed framework.
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Information

» Given a discrete random variable X with probability distribution p(x),
Its information is defined as

h(x) = —logp(x)
Shannon’s entropy

 Definition: Given events ey, ..., &, occurring with probabilities
D1, -, Pm, the Shannon’s entropy 1s defined as

HX) = zpl log— = Epl log p;

* Interpretations:
« The amount of average information
« The uncertainty of the random variable
» The dispersion of the probability distribution

12
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2.1 Entropy

Joint Entropy

 Definition: Given random variables X3, ..., X,, and their joint distribution
p(xq, ..., X,,), the joint entropy of X3, ..., X,, is defined as

HXq, ..., X,) = — Z Z p(xq, ..., xn) log p(xq, ..., x)
X1 Xn

* Interpretations:

Joint histogram Joint histogram
When the images are correctly registered, the joint histogram shows As the images become misaligned, the joint intensity histogram displays a
certain clusters for the gray values of anatomical structures dispersion of the clustering.

After alignment Before alignment

« The dispersion of the clustering.

A groupwise similarity metric. By finding the transformation that
minimizes the joint entropy, images should be registered.

« Drawbacks: when n > 2, it can be computationally prohibitive.

13
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Definition:
e For two random variables U and Z, the mutual information can be

defined as:
I(U,Z) =HWU) —HWI|Z) =H(Z) — H(Z|U)

« MlI can be related to the joint entropy in the sense:
I(U,Z)=HW) +HZ) —HU,2)

Maximum & minimum:
« The maximum attains when U is totally dependent on Z.

* The minimum attains when U and Z are independent.

Multivariate random variable:

- If U=(U;), U;areassumed conditionally independent given Z, j =
1,..,N,ie, P(U|Z) = [1}-1 P(U;|2),

+ then MI becomes I(U, Z) = H(U) — X}_1 H{U;|Z).

15



2.1 Mutual information (M) A#B B ER
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Interpretation
* A metric which measures the similarity/dependency between U and Z.

« The reduction of the amount of uncertainty about one random variable when the other
one is known.

The advantage of MI over JE in registration:

« The marginal entropies will have low values when the overlapping part of the
images contains only background and high values when it contains anatomical
structures.

H(U) HZ) 1(U,2) = HWU) —HU|Z)
I(U,Z) = H(Z) — H(Z|U)
1(U,Z) = HU) + H(Z) — H(U, 2)
I(U,Z2) = HWU,Z) — HWU|Z) — H(Z|U)

H(U, 2)

Pluim, Josien PW, JB Antoine Maintz, and Max A. Viergever. "Mutual-information-based registration of medical images: a survey." IEEE
transactions on medical imaging 22.8 (2003): 986-1004.

16
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2.2 EM algorithm

Complete data: U, Z
« Observed data, U: intensity in the image, U = {u,},eq
 Latent variable, Z: common anatomy, the label in the common space, P(z, =
k)= Ty, Xie=1 T = 1

o Assume: U,|Z, = k~ fi(u,; 0,),k=1,2,...,K
Parameters

 Categorical prior, T

* Appearance model’s parameter, 6
Joint distribution and marginal:

K K
Pl 70 6) = 1] (Pluer 2= k6 = [ (mefilus 00)
k= k=1
Plug | 0) = ZP“’%’Z ZP = k| 0)P(uy | Zo = k,0) = ) mp fi(uz; O)

Maximize the likelihood of observed data, i.e., log P(U|8)
log P(uy | 0) = log P(uz, Z; | 0) — log P(Z; | us,0)

J

Compute and maximize Q function

17
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2.2 EM algorithm

Q function: @(¢16) = By 41 logp(U, ;6)
= E{logP(u Z|6)]|u HW}

- {Zzl logwk"l'logfk(uxagk)) | uag[t]}
zeQ) k=
K
= Z ZE{l(Zm == k) ‘ u, Q[t]}(logﬂ-k + log fk(uwa 91&:))
ze) k=1
K
=33 P{Z =k | u,01 }(1og m. + log fi(us2; 64))
zef) k=1
K
=5S%" ¢! tog mi + log fi(ua; 61))
ze) k=1
where
t| plt t
P(Z, = k| 60Y)P(u, | z, = k,01) m fi (uw;ﬁ’L])

1 _ _ 1Y) —
g, =P|\Z; =k|u,,0") =
k ( ) LP(Z‘T = [ ‘ B[t])P(Um | Zp = l, B[t]) ,} . l fl[t]( :cag[t])

I:{} Estimates of the parameters are given to maximize the Q function,
or to increase the value of the Q function

18
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2.2 EM algorithm

] eltl () . glt]
Q(o16") =3 (log . +4-log fi(us; 61))
Kt gt (u .gm)
l T

Objective: maximize/ increase Q function

Estimate the Q function
« Estimate prior
« Estimate parameters in the appearance model
% Methods
 If parameters can be solved analytically, just let the derivative equal

to zero.
« If parameters can not be solved analytically, numerical methods can
be used to give estimations and increase the value of Q function

19
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2.2 EM algorithm

Iterations given by EM algorithm

[t]
[t] gltl ”k fk Nuy; .
° Z =k =
Qyxr — p( | uy, 6'4) = K 1”1 l[t](ux; Ql[t])

[t+1] _
T

@ Summation of EM algorithm
 Initialize distribution parameters
 Repeat the following two steps until convergence:

« E-step: Compute the posterior and Q function

« M-step: Maximize the Q function (or increase the value of the Q
function)

20



P &R

School of Data Science

2.2 Combined computing

How mixture model and EM algorithm can be used to complete segmentation and
registration task

By update common space parameter r: gain I:> Achieve
anatomy structure in the common space segmentation

Introduce parameters: By update {G s} and D .
Achieve

Affine transformations {G; s}, atlas deformation D — o0 UM
LL(0, D {G, .}
- Z ILJ;_'; { Z JrJ'[-‘i'::.l':l—lrL'|D} H Z TJ'A'(:{I]iF-'r {Ie{(;l*-{")}}}
el k i Cik
C_atlas
O | '.I

O 9V

el

~ initial _Amages-+atlas m
registration common space !
{Gis).D
registration CM segmentation

intra-/ inter- EM optimization

image correction (
$ ©
no
result <gonverge? >+

21
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2.2 Combined computing @% AH B FR

@ The parameters of registration and segmentation are updated
alternately.

# \While X-metric can update segmentation and transformation
parameters simultaneously.

% One advantage of combined computing: The registration and
segmentation task can benefit each other.

22
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Observed variable:

Uj: The j-th observed image, U = {U;}}_;, Uj: Q; - R
Latent variable:

Z: Categorical model of the common anatomy
Parameters:

m: Prior proportions of the common anatomy

' Spatial distribution of the common anatomy

Images j = 1, ..., N, Common anatomical labels k =1, ..., K
Image space (;, Spatial samples x,w,§ € (;
Common space / Common coordinate system

U; = (ij)weﬂj, where ujq £ Uj o ¢ ()

uf = [uill, ...,uf,’}(,]T, where ufj 2 Ujo¢j(x)

24
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P(U,Z; ¢,m,T) = P(U|Z; ¢,T) P(Z; m)
Joint distribution likelihood  prior

Inference: posterior P(Z|U; ¢, m,T’)
Learning: likelihood P(U|Z; ¢,T)

(a) Generic framework.

PU, Z;¢,T,x)
—HUW¢,)(Zﬂ

™) HP(Uj | Z;¢;,T)
=1

K
zcQ? k=1

1(zw,k:l)
P(ka:].ﬂ')HP( Ilv_7|zmk—1¢]a )]

25
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3.2 MLE insights and EM

Complete-data log-likelihood

log P(U, Z;¢,T, )
K | 1 1(2z%=1)

zlogHH P(Zwk:1ﬂ') P( qb] M3|ka—1 ¢Ja )

=

zcQ? k=1 j=1 .
KT N 1(2pp=1)
:ZlogH P(Za:k—l‘ﬂ')HP( b = j | zek = 1; ¢, )
B L k=1 | J=1 -
K N
:ZZl(ka:]_)log ka—].‘ll' HP( szm,k:1;¢j1r)]
2cQ? k=1 j=1

K
= Zl(zmk =1) [logP(zwk =1;m —I—ZlogP( = Wj | 22k = 15 ¢j, )]

J=1
Appearance model: l "
11 b - ¢ _ A i Yej M )
fjk(ﬂjvquar) e P( #’j | ek = 1; ¢ja ) il ij Z ﬂ3 ( h ) Y.k
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3.2 MLE insights and EM

Kernel density estimation (KDE) is a non-parametric method in statistics utilizing
kernel smoothing to estimate the probability density function of a random variable
based on weighted kernels.

Definition: Let (x4, x5, ..., x,;) be independent and identically distributed samples
drawn from some univariate distribution with an unknown density f at any given
point x. We are interested in estimating the shape of this function f. Its kernel density
estimator is

. 1 & 1 & r—x; =
fh(m):E;Kh(m_mi):n_h;K( n ),

where K is the kernel - a non-negative function, and h is
a smoothing parameter called the bandwidth.

Density function

Kernel function: B3 (+) the cubic B-spline kernel function
[t]

Sample weight: y, 7, )
o
t t gy ¢ 1 o — 1 :
1 (msi 0, T = P(uwu’ =i | 22k = 1;¢5.],1‘[ﬂ) - Zj, Z{] Bs| =, Ve
weﬂﬁ.t

https://en.wikipedia.org/wiki/Kernel_density_estimation =
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3.2 MLE insights and EM

Expected Complete-data log-likelihood at the t-th step

0(616") 2 E[n P, 2;6) | U; 6]

— Z ZE(l(z$,k = l)) llogﬂ'k + Zlog fjk(u’j; ¢j7r)

xcN? k=1 7=1

P(za:,k = l,uﬁ = B[t]) O N
' Parameters to solved: :
P(u?”b et B[t]) . Common space parameters: m, I

Transformatlon arameters: ¢ = {1V |
me TI £l (s 0, T0) P ¢ = () |

qg]k =

lel 71-lt] Hj:l fjl (lu*j; qﬁg]a F[t])

K N
=> Q(B | 9[‘5]) o Z qu]k llog T + ;log fir(ps; &5, T)

xcQ? k=1

28
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mr Lagrange multiplier

L argmax Z quklogﬂ-k, s.t. Zﬂ'k =1

zcN? k=1
-3 Sttt Som- )
K
S.t. Z T — 1
k=1
t
Z::::eﬂq5 qz[c}k
- Tk

T K '
D kel Dimeq? q:L]k

29
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3.2 MLE insights and EM

b
1 z,j g
. . . . A i T) = —— Y
I' spatial distribution flus 95 T) = 7 g;g 53( h ) faie
¢J —
rlit+1 — arg max Z Z q, Zlog Z B3 ’J d Ve k
weN? k=1 =1 £€Q¢

k
st Y Yo =1,V € Q7

<:> fy[+]—argmaXZq kZlog(aj Ve i + bj)

RE k=1 j=1

s.t. Z Ye o = 1,
k=1

where <

30
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3.2 MLE insights and EM

I' spatial distribution

H(vyz) = qukZIOg a;j - Yz + bj)
Zq Zlogag Vi + bj) =
N K
Z a, Z logajyer = N Z a0 1og ek + > loga; Y q
k=1 j=1 k=1 j=1 k=1

'yg[;+ - argmaxNquklog%k - Zlogaj
k=1 j=

) ¢ t+1] _[t]
— a,rg‘yl’:la}(;qw,k log Ya i $ ’Ya:,k P qmak

31
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3.2 MLE insights and EM

I' spatial distribution
Demonstrate the rationality:

75;1] - q:g}k’ k=1,...,K,t >0, s.t.H(%[,fH]) > H(%[:])
Proof:
= i ayit4p X N aiq? +b
H gﬂ] H %[c] _ qglk log J Ve k i g ;]k log ik :
( ) ( ) ; | ; aJ'Y:L]k + b kzz; , .TZ:; agqc[;;l] + b;
(1). If qﬁ; < q;E:tk_”
2] [t]
@y +0j gy,
t—1] > t—1]’ a;,bj =0
aqu,k, + bj q:c,k:
t+1 t ¢ 5, : .
H('Ya: )—H('Ym)>qu’k210gﬁ:]vzqw,klog — >0
k=1 J= qa:,k- k=1 qm,k

32
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3.2 MLE insights and EM

I' spatial distribution
Demonstrate the rationality:

P, k=1, K t>0, stHH™)>HOY

Proof;

[t+1] 1] K @Y,k
H(7w )_H(’Ya:)zzq kZlog ]
k=1

o [t] [t—1]
(2). Elseif g, >q,,

We have known that 1 > [t] > qg,; 1 > 0,

aqu]k +b; o1

an:E:k]+b

H(,Ygﬂ]) — H(%Ef]) > éqg}kglogl =0 []

33



3.2 MLE insights and EM ofED A s B2

School of Data Science

Set
t TN [t ] it
[t+1] £] T Hj=1 ka (“3’ jo r! ])
x.k x.k K ; N : ;
I=1 WE] | f}l] (uj; E-], F[t])
i1 [t+1]

ko K 4] [t+1]
D ket Zwem[ﬂ Dok Zk 1 Zmem

34
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¢ transformation

S(d) ‘ B[t]) = Z qukzlogf]k IJ’JJ¢J7I‘)

xcQ? k=1

q;[::&}k — P(z:c,k =1 I 'u,g = u; B[t]) P(u o
P(uf =p) ?

Q= {z Q| uf=p}

ek — Qu,k; Ve € ﬂﬂ

Riemannian (top) vs Lebesgue (bottom) integration =>

35
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¢ transformation

(¢ 106Y) = Yy quZIng,,k(uJ,qﬁ,,, I)

k=1 I 2ecQf

K
— ZZ |ﬂ¢|q“k Zlogfjk p,], quar)
7

71=1

36
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5(¢, | g[f]) =

e * 1B 21
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22)q" ]k Z log fir(kj; #5,T)
=1

&
M= T I

|n¢"P(zmk =1, uqb = H; e[t]) Zlogfjk(ll’j)¢37 )

>
m
N
Z Q2| P(ug = M)QE],kZIOg Fie(pj; ¢4, T)
M
>
M

T

1

= —|Q?| ZH(Uj o $;|Z;T)

j=1
L(c,b | U;I‘[t“]) A —X(U[d_)], z[t“]) + ) R(9)
= —iI(U 0 ¢y Z t+1) +A- R(9)

j=1

= =g g ve(s T

37
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X-metric
A combination of total correlation and intensity-class mutual information

N N
U)| HP(Uj) - [Z H(U;)

I(U,Z)=H(U)-HU | 2Z) + HU)|- Y _H({U;| 2)

j=1

C(U) £ Dy | P +1 H(U)

I(U;, Z) EN:_H(UJ) + H(Z) — H(Uj, Z))

XU, Z) =

|H(Z) - H(Z | Uj)]

<
I
p—

=107

« The reduction in uncertainty of the common anatomy due to the observation.

» The sharpening of the inferred common anatomy. That is, as I(U, Z)
increases, the conditional entropy would H(Z| U) reduce and the posterior
distribution P(Z| U) would become more concentrated.

38
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X-metric

( ) K [t+1] p[t+1]( Hj k; ¢J)
I Uj O ij, Z[t+1] — Z ijt—'_l (“Ja k ¢J) log +1 : , ,1
= o (s 01)p] (ks )

p; (o s ¢) 2 P (uijg = W Zap = 1; I‘[H”)

K
Mg 8) £ D0 (s ki 49)

k=1

pr e 0) 2 ol (g, ks ¢5)

Hj

Kernel density estimator (KDE)

1 u¢j-—uj

t+1 x, t+1

PB+](Nj7k§¢j)é? E B3 Jh '%E,,J;Z}
e meﬂﬁ,

39
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MLE =

Algorithm 1. A-CoReg

Data: The observed images U = { ’1-':}_}\ | 1/

Input: Number of iterations T, regularization coefficient A,

registration step size n; ~
QOutput: The estimated spatial transﬁ:rrrnatiﬂns ¢ =
1 Initialization: ;b Lid for j=1,.
by (22);
2fort=0,...T-1do
I* Update the -::ommon space parameters ®/
3 Fll i b Ty l_l J (5 4'-" |
S T Moy
t+1] L‘ g ;
k
E Er i

/* Update the spatial transformations * f
¢t = gl — - VL(P| U T )| _ g0
if £ converges then
bre*nk loop;
return qb ¢)I

{ﬁr}..l‘l- 1’

'+ initialize 7" and I'"

4d =

oo =] & n

P &R

School of Data Science

¢ = arg max max, X (U], Z)
¢

Common space parameters: i, I’
Transformation parameters: ¢ = {¢;}}_4

m T £ (s r[ﬂ)

[t+1]
xzk K ¢
Zl:17rlHHJ 1fj ( j I‘H)
[t+1]
[t+1] _ Zmem(’ Ve

k t+1]

U =9l —pn.ve (9’5 | U; I‘[Hl]) |¢:qb[t]
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Content

4 Extended Framework for DeepCC (35mins)
» 4.1 Graphic representation and Framework Modification (5mins)
* 4.2 MLE => Loss function (15mins)
« 4.3 Network Architecture and training Pipeline (15mins)
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4.1 Framework Modification X #IE R
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Introduce of segmentation masks of partial images
o {Y;}; e, the available segmentation masks of the corresponding
observed images {U;}; e 7, Where J Is an index set.
e Y; isa categorical random field
- Y= Yjw)weq;
- Yio = [Yio1 - Viwx] € 0,13, aone-hot vector
* pj, the probability maps of the segmentation Y;

P(yquj(m),k =1 zgp = 1) = P iy (@) € exp|T - Dix(¢(x))], 7€ T 4HGT, observed label, #fifk
P(gj bk = 1 | Uj) = D jgy(a)er J ¢ J FZGT, probability map predicted from network

pir(pj(@)) = {

where Dj; Is the signed distance map of ¥; for label k, and 7 controls the
slope of the distance.
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4.1 Graphic representation

(a) Generic framework.

(b) Extended framework.

« Circles: Random variables
* Rounded boxes: Deterministic parameters

- Shaded circles: Observed variables * Uj: the j-th observed image

« Ellipses: Replication » Z: categorical model of the common anatomy

« Solid arrows: Generation e g prior proportions of the common anatomy

Dashed arrows: Inference procedure from a « I spatial distribution of the common anatomy
neural network *  ¢;: the spatial transformation from € to £

«  Dotted arrows indicate that the corresponding * Yj: the available segmentation mask of U;
conditional probability distribution is not . YG the predicted segmentation mask of Uj

incorporated in posterior computation
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4.2 MLE => Loss function

Compute Q function

P(U,ZY; ¢,T,m)

= P(UIY,Z; ¢,TDP(Y|Z; $)P(Z; )

= P(Z; n)np(uj| vi, Z; 05, DP(yi|Z, ¢))

(b) Extended framework.

1_[ 1_[ P(Zxk = 1 7T) np( |y]¢](x)k = 1 Zxk = 1 (l)] ) (yjd)j(X),k = 1| Zyg = 1’ ¢])] 1(Zx k=1)

xe QP k=1

logP(U,Z,Y; ¢,T,m)
=Y o ohe1 1z = 1)[logysr + > log fix(uj; b;, F)P(qubj(x),k =1|zyx = 1,9/)]

£FZ|IU,Y; 010K, T3

K N
610 = > > q¥) logyaic+ ) 108 fix(ujs 91, T)PWjgyek = Uzes = 1))
j=1

xeQ?® k=1
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4.2 MLE => Loss function

¥ AT & R KMy ik, TAF

Z [t+1]

[t+1] _ [t] [t+1] cead Yk

yx k qx k Ty Z y [t+1]
=1 xEQ¢ x,k

o g 891 X

ul, vl o.T, ﬂ)

° qu=P(Zxk=1

X P(Zxk =1; T[) r (yjqu(x),k:llzx’k:l; ¢j)P(ux§ .ujly]qb](x)k 1, Zxk = 1; d)]'F) (1)

N
NP(zmk: 1; ) IP( % = U; | Yips(x)k = 1,221 = 1;9; T ) (2)

7j=1

Nﬂ-k Hfj[k(ﬂj) fork=1,..., KandVz € Q. (3)
j=

) o 3 By ( “') ()

we;

¢[f]
— U
Z}BS( J)")’E}k: t>1

weﬂ"ﬁ[t]
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4.2 MLE => Loss function e X #IE R

School of Data Science

logP(U,Z,Y; ¢,T, )

= ermp ZII§=1 1(Zx,k = 1)[logyx,k + 2921 logfjk(.“ji ¢j:F)P(yj¢-(x),k = 1]zy, = 1, ¢j)]

K
S(¢,T; ol8) = z z Cl[t] zlogfjk(ﬂji ¢;, )+ z
xen® k=1 =1 k=1 Ji
(1) (2)
(1): the cross entropy between the posterior and the appearance model, approximate
It using the proposed X-metric

Li(¢) = —x(Ulgl,ZP) + 1 R(¢)
(2): the cross entropy between the posterior and the warped probability maps — a
hybrid loss

N

logP Viojor = 1| Zex = L$)]

Ly(¢,p) = Z Hz[z](yj . ¢j) T Z Hyzr (Yo ¢))

jed J%J
where HZ[Z](Yj ¢]) = - erﬂzk 1ka 10gp]k(¢](x))

H i1 (¥ 0 ) 2 - ergzk LV log P (¢;(x)).

46



4.2 EM => Loss function

2

% Finally, a segmentation loss is included, I.e.,
N

L@ 2= 1U5) + ) HE)+ ) Loy, F)
j=1

JE&J JE€J

S
2
3T

(1): optimize probability maps based on image intensities
(2): encourage the probability vector [p;1(w), ..., pjx(w)] to be concentrated
(3): Lseg (Y, 1?j) = Hyj(Yj) +[1- DSC(Y;, 17j)], measure the discrepancy

between the network prediction and the ground-truth segmentation

The total loss function: L(¢, p) 2 L,(¢) + L,(¢, p) + L3(p)
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4.3 Network Architecture X #IE R
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,
i———— Network Architecture for Deep Combined Computing 777777777 T T T T T T T aaaeay *
F
sichal
v
£ D,
mw
BN &
> - .
3 BN :;——-»g—. 8N 1 A
» O s '
e
o BN 9 nn
[t4]
=N Reosndual conne
» g . .
i 5l (3 v
e » 2 > Dl
814 !
£ 2 ~— o
R T O I
—H EHE P E e > |
3| 13 & |5 13 1§ i} ’
Residual Convolutionsl Block (RCB) }

Fig. 5. An example of the network architecture for deep combined computing when .V = 3. The encoder &, the decoders 1. and D,, and the bottie-
neck are composed of residual convolutional blocks. Domain-specific batch normalization layers are indicated with different colours. Cardiac struc-
tures, i.e. myocardium, left ventricle (LV) and right ventricle (RV), are rendered as contours.

The network is composed of an encoder &, a bottleneck, a segmentation
decoder D, and a registration decoder D,..

They comprise multiple levels of residual convolutional blocks (RCBs) and
residual connections between the encoder and decoder.
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4.3 Training Pipeline A#B B ER
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The network parameters for segmentation and registration are optimized
alternately so that the improvement of one task can benefit the other.

d

g

We choose to alternate training between the two branches because iIn
EQ.(42) the term H 2 (17]- o ¢p;) Is computed using both branches.

0 1?] Is predicted by the segmentation branch.
» ¢; is predicted by the registration branch.

« To avoid interference in two branches, like the situation where the registration
branch may seek to compensate for errors in the segmentation prediction, it
could be better to alternate the training for the two branches.

Registration: L, L, Segmentation: L, L4
Update ¢ Update p
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Content

@ 1 Introduction to the framework (15mins)
» 1.1 Group Registration & Deep combined computing (10mins)
1.2 X-metric and X-CoReg (5mins)
@ 2 Preliminaries (30mins)
« 2.1 Entropy and Mutual information (MI) (10mins)
» 2.2 EM algorithm and combined computing (20mins)
@ 3 Generic Framework for Registration (35mins)
» 3.1 Notation and Graphic representation (10mins)
Break (5 mins)
* 3.2 MLE insights and EM (20mins)
» 3.3 X-metric and X-CoReg.(5mins)
@ 4 Extended Framework for DeepCC (35mins)
» 4.1 Graphic representation and Framework Modification (5mins)
4.2 MLE => Loss function (15mins)
» 4.3 Network Architecture and training Pipeline (15mins)

& 5 Experiment (15 mins)
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Experiment 1: Group Registration AH B FR
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Multimodal nonrigid groupwise registration for multi-sequence brain MRI

The BrainWeb online databasel provides simulated T1-, T2- and PD-
weighted MRI volumes from an anatomical phantom

@ spacing of 181X 217X 181 mm3

K = 4: cerebrospinal fluid (CSF), grey matter (GM), and white matter
(WM), background

& Generate the initial misalignments

multi-level isotropic FFDs

deformation regularization was imposed by bending energy over the FFD
meshes, with A=0.001

Adam optimizer, initial step size n=0.1
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Code: Main Pipeline Gy A& % IR
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train_pruviderl: ImageDataPrnvider{dimeniinn:E, data_search_path=args.test_data_search_path, a_min=argg

net BrainWebRegModel(dimension=2,

trainer |= IterGroupRegTrainer(net, verbose=@8, save_path=save_path,
optimizer_name=args.optimizer,
learning_rate=args. learning_rate,
weight_decay=args.weight_decay,
scheduler_name=args.scheduler,
base_lr=args.base_learning_rate,
max_Llr=args.max_learning_rate,
logger=1logger)

phantom = image_utils.load_image_nii(os.path.join(args.test_data_search_path,
'redefined_phantom_1.8mm_normal_crisp.nii.gz'}}[@]

phantom = phantom[phantom.shapel@] // 2]
phantom = image_utils.get_one_hot_label{phantom, label_intensities=(@, 1, 2, 3), channel_first=
phantom = torch.from_numpy(phantom).unsqueeze(@)

indices, pre_metrics, post_metrics trainer.train(train_provider, phantom=phantom, device=device,
steps=args.steps, display_step=args.display_step,
num_workers=args.num_workers)




Code: Trainer SH X #H B F R

School of Data Science

for idx, data in enumerate(train_loader):
pair_names = train_dataset.get_image_name(idx)
ffd_names = [os.path.basename(name[-1])[:-7] for name in pair_names]
indices.append('&'.join(ffd_names))

v % Trainer

> D _init__
images = datal'images'].to(device) ) | get_w riter
ffds = data['ffds'].to(device) R
modalities = datal'modalities'] e get Gp‘:i’ﬂiz-_?’
affines = datal'affines'] i _
headers = datal'headers"'] b,
b

_get_scheduler

train

model.init_model_params(images, ffds, phantom)

opts = [self._get_optimizer([model. reg.params[model.reg.reg_level_type[jl]], lr=1lr[jl)
for j in range(model. reg.num_reg_levels)]

v g IterGroupRegTrainer

with torch.no_grad(): 3 train

9 P c

for j in range(model.reg.num_reg_levels): | _output_minibatch_stats
model.reg.activate_params([j])
opt = opts[jl .
for step in range(® if j == @ else cum_steps[j - 1], cum_steps[j]): I reorder_posterior

0 store_predictions

opt.zero_grad()

warped_images = model.reg()

loss = model.reg.loss_function{warped_images)
loss.backward()

opt.step()

if step % display_step == (display_step - 1):
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Code: Model

v % XCoRegUnRegModel v % BrainWebRegModel

w B _init__ W

v % RegModel

o __init__

>
>

J __init__

Y _get_resolutions

_verity_hyper_parameters
Init_reg_params
activate_params
normalize_images

get spacing matrices

forward

>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>
>

warp_tensors
_get_overlap_mask
get_transform_params
predict_thetas
predict_flows
_spatial_filter
_get_rigid_matrix
_get_center_matrix
_get_inverse_affine_matrix
_get_identity_theta
_get_regularization

_get_overlap_region

(=] dimension
(2] img_size
(€] num_subjects
(=] eps
(@] kwargs
(€] app_model
(2] momentum
(] min_prob
& init_app_params
@ _update_app_params

& get_posterior

@ X_metric
€] warped_images
2] posterior
2] kwargs
2] mask
2] num_bins
2] metrics
2] |
2] joint_density
2] intensity_density
2] joint_entropy
2] intensity_entropy
2] metric

> @ loss_function

[]

[=]

dimension
img_size

2] eps

2] kwargs

2] dimension

2] img_size

2] eps

2] kwargs

2] modalities

2] num_subjects

] mask_sigma

2] prior_sigma

2] gt_ffd_spacing

2] label_noise_mode

2] label_noise_param

2] gt_mesh2flow

2] gwi

S%) init_model_params

@ corrupt_label

% evaluateForegroundWarpinglndex
$%) evaluateOverlapWarpinglndex

) evaluateOverlap




Code: Model SH X #H B F R

School of Data Science

Init parameters

init_model_params(self, images, ffds, label): The tI‘anSfOI'mationS qb are lnltlallzed tO

B = images.shape[@]

assert images.shape[l] == self.num_subjects be the identitY, and the prior proportions
self.gt = label and the spatial distribution are initialized

self.label = self.corrupt_label(label, mode=self.label_noise_mode, param=self.label_noise_param)
self.gt_flows = []
for i in range{self.num_subjects):

if self.reg.group2ref self.reg.inv_warp_ref

else: I exp(gm:k)

self.gt_flows.append(self.gt_mesh2flow(ffds[:, i]))

K k)
spatial_transformer = SpatialTransformer(size=label.shape[2:], padding_mode='zeros').to{label.device, label.dtype) § l=1 exp(g ’Z)
self.inv_warped_labels = [spatial_transformer(self.label, flows=self.gt_flows[i], interp_mode='neare )
self.inv_warped_gts = [spatial_transformer(label, flows=self.gt_flows[i], interp_mode='nearest')
self.inv_warped_images = [spatial_transformer(images|[:, i], flows=self.gt_flows[i]) ) _
,1)fork=1,...,K

for i in range(self.num_subjects)]
self.reg. init_reg_params(images=self.inv_warped_images)

if label
else: init_app_params(self, images= , template=
if images 1
if self.mask_sigma == -1: images = self.forward()
mask = torch.ones(B, 1, #self.reg.img_size, dtype=images.dtype, dev

CLECE self.pi = torch.full{size=(self.B, self.num_classes, *[1] * self.dimension),

if self.prior_sigma = -1: fill_value=1 / self.num_classes, dtype=self.dtype, device=self.device)

prior = torch.full{(B, self.reg.num_classes, xself.reg.img_size),
fill_value=l / self.reg.num_classes, device=imal self.template = template
if self.template 8
else: self.posterior = torch.randn(self.B, self.num_classes, *self.img_size,
self.reg.mask = mask dtype=self.dtype, device=self.device).softmax(dim=1)
self.reg.prior = prior self.template = self.posterior.clone()
else:

i SR AR =5 e self.posterior = self.template.clone()

self.reg.init_app_params()
if self.model_type == 'XCoRegGT':

self.req.init app params(labels=self.inv warped labels) for _ in range(T):

self._update_app_params(images)

return




Code: Model X #IE R

School of Data Science

loss_function(self, warped_images, xxkwargs):

num_bins = kwargs.pop('num_bins', self.num_bins)

with torch.no_grad():
overlap_region = self._get_overlap_region()
mask = torch.logical_and(self._get_overlap_mask(), overlap_region).to(self.dtype)
mask F.interpolate(mask, scale_factor=self.scale_factor)

self._update_app_params (warped_images, mask, num_bins=num_bins)

post_X_metric
loss = = post_X_metric

loss +=|self._get_regularization()

return loss
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Code: Model

¢m o
J

warped_app_maps = []
for i in range(self.num_subjects):
warped_app_maps.append(self.app_model(warped_images[il, weight=self.template.detach(), mask=mask,

self.posterior = self.get_posterior(torch.stack(warped_app_maps, dim=1))
self.pi = self.posterior.mul
dim=tuple(range(2, 2 + self.dimension)), keepdim= }.divimask.suml
dim=tuple(range(2, 2 + self.dimension)), keepdim= )
) .detach()

B-spline Kernel Function

[t] [t] Lt e o
ﬁ+” ﬁ] ﬂﬁ IIJ 1 (F@a¢@ aI‘ ) o
,k ek K[| N plt [t
=1 Wg} Hj:l f;;[l]( Js¢ 2 F[t]) .
[IH—].] [t] go.z
W”+” E:weﬂ¢7'k E:weﬂ¢qmﬁ o
k t—|—1 [t] 00
Zk 1Zweﬂ¢ [ L |ﬂ¢ | e = = 5 : 5 5

57



P &R

School of Data Science

Code: Model

1
Pg-t“] (kg s ¢5) = = D Bs
j

X_metric{self, warped_images, posterior, skkwargs):
mask = kwargs.pop('mask’, )
num_bins = kwargs.pop('num_bins', self.num_bins)

metrics = []
for i in range{(l if self.group2ref else @, self.num_subjects):
joint_density, _, _ = self.app_model(warped_images[i], weight=posterior, mask=mask,
return_densitys= ; num_bins=num_bins)

_ K
intensity_density = joint_density.sum{dim=1) D f'l l 1"” . b } — { D _f +1 {'“. k: ;)
_.i' % | il ra o __i' X 1°F Ny

k=1
joint_entropy = - torch.sum(joint_density * joint_density.clamp(min=self.eps).log(), dim=(1, 2)).mean()
intensity_entropy = - torch.sum{intensity_density % intensity_density.clamp(min=self.eps).logl(],
dim=-1) .mean()

metrics.append(- joint_entropy + intensity_entropy!‘ EE%}T ¢j 91_:9& gl;fjrlbl:l:lfé\%

metric = torch.sum(torch.stack(metrics))

return metric
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Code: Model A F R
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def _get_regularization(self):
r==0
for j in self.activated_reg_levels:
if self.reg_level_typel[j] not in ['TRA', 'AFF', 'RIG']:
r += self.bending_energy(self.params[self.reg_level_typel[jl]) * self.group_num

return r

class BendingEnergy(LocalDisplacementEnergy):

ERFCE PSR (Bending Energy) \ 1T NN
ENML Cregularization) A3 F2HhEIHE17 ) o oo
(displacement field) , FF{EZL#17E MNFEH

EL, AMTEEIEUSFRDS N eEZRNEER g L

dfdx = self._gradient_txyz(flow, self._gradient_dx)

7n=;$¢
/170 dfdy = self._gradient_txyz(flow, self._gradient_dy)

E—HitERT dfdxx = self._gradient_txyz(dfdx, self._gradient_dx)
_ ol 8Pz Fune o4 M 1124 dfdyy = self._gradient_txyz(dfdy, self._gradient_dy)
ing = O - Mean| || o ||” 7+ [Ige " T < gz 17 dfdxy = self._gradient_txyz(dfdx, self._gradient_dy)

if self.dimension ==
return self.alpha x torch.mean(dfdxx ** 2 + dfdyy »k 2 + 2 % dfdxy ** 2)

elif self.dimension ==
dfdz = self._gradient_txyz(flow, self._gradient_dz)
dfdzz = self._gradient_txyz(dfdz, self._gradient_dz)
dfdyz = self._gradient_txyz(dfdy, self._gradient_dz)
dfdxz = self._gradient_txyz(dfdx, self._gradient_dz)

return self.alpha * torch.mean(
dfdxx *k 2 + dfdyy s« 2 + dfdzz *k 2 + 2 * dfdxy sk 2 + 2 * dfdxz *x*

else:
raise NotImplementedError




Code: Metric SH X #H B F R
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GWI{nn.Module): = %3 BrainWebRegModel

__init_ (self, unbiased= , *kkwargs): » B __init__
super(GWI, self).__init_ () =
self.unbiased = unbiased » [ corrupt_label

o1 di .
self.transform = SpatialTransformer(*xkwargs) (] dimension
(=] eps
forward(self, init_flows, pred_flows, masks= =
assert init_flows.shape = pred_flows.shape > o evaluateFuregmundWarplnglndex

if masks

> [ evaluateOverlap

. ~\ a 1 = [ 1 = 2> & evaluateOverlapWarpingindex

n = init_flows.shape[1]
b = init_flows.shape[0]

with torch.no_grad():

else:

masks = masks.to(init_flows.dtype) - ¥ reSIduaI dlSplaCement error

masks_warped = self.transform(rearrange(masks, 'B M ...

masks_warped = rearrange(masksi\i::;:2?6:.T;elj;ﬂ.h?‘:‘rs;“L; :"1 . (The groupWise Warping
index (gW1))

i1 masks is Nore: =L\ || 2t The root mean squared

res = self.transform.getComposedFlows(
flows=[rearrange(pred_flows, 'BM ... —= (B M) ...'
rearrange(init_flows, 'BM ... == (B M
res = rearrange(res, '(B M) ... -== B M .', M=n)
if self.unbiased:
res —= torch.mean(res, dim=1, keepdim= )
init_flows -= torch.mean(init_flows, dim=1, keepdim=

dims_sum = list(range(2, init_flows.ndim))

pre_gWI = torch.sqrt(torch.sum((init_flows**2) % masks, dim=dims_sum) / masks.sum(dim=dims_sum)}

post_gWI = torch.sqgrt(torch.sum((res**2) * masks_warped, dim=dims_sum) / masks_warped.sum(dim=di
assert list(pre_gWI.shape) == list(post_gWI.shape) == [b, n]
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Experiment 1: Group Registration

Posterior P(Zm,k = 1| ug = p; 9[’”) Label (Not included in training)

CSF GM WM

Initial: 20mm, Reg FFD mesh spacing: 20




Experiment 1: Group Registration

School of Data Science

kéﬁ%%%

Table 1: Registration parameters and results for experiments on the BrainWeb dataset.

Random FFD level d Reg FFD mesh spacing | Foreground WI (mm) PDDSC TI1DSC T2DSC
20mm 20mm 2.292+1.598 76.8+7.7 78.8+8.0 79.846.6
15mm 20mm | 1.421+0.765 794446 804+54 81.2448
10mm 40mm 0.361+£0.102 87.4x1.2 88.0£0.6 88.3x0.7
Smm 40mm 0.252+0.053 88.7x1.1 89.0£0.7 89.2+0.6
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Experiment 2: Deep combined computing @ A H B F R

School of Data Science

Achieving simultaneous registration and segmentation in an end-to-end
fashion.

The extended framework on deep combined computing for multi-sequence
cardiac MRI from the MS-CMR dataset.

MS-CMR dataset provides multi-sequence cardiac MR images for 45
patients, LGE, bSSFP, and T2-weighted

K =4 for the myocardium, left ventricle, right ventricle and the
background

Preprocessed
39 image slices for training, 15 for validation and 44 for testing

Five synthetic FFDs were generated with four different mesh spacings for
each sequence. 39 * 5*3 * 4 = 19500 image groups
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Code: Data

get_distance_prob{one_hot_label, clip_value=50, rho=0.1):
" = one_hot_label.shape[0]
dist_map = []
for ¢ in range(C):
mask = one_hot_label[c].astype(np.bool_})
pos_dist = distance(mask)
neg_dist = distance(~mask)

dist = pos_dist - neg_dist
dist_map.append(dist)

dist = np.stack(dist_map)
prob = get_normalized_prob(np.exp(np.clip(rho % dist, - clip_value, clip_value)), mode="'np', dim=0)

return prob.astype(np.float32)

0.8

Signed distance map

LG

’ o Pgia)k exp|7 - Dji(¢j())]
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Code: Training pipeline

ppts = [self._get_optimizer(

self._get_optimizer(

train_metrics.update(dict([("Post-reg Dice" % m.upper(), {}) for m in model.modalities]))

if valid_dataset
if test_dataset

criterion = self.net. loss_function

max_reg_dice = float('-inf')
for epoch in range(epochs[@]):
model.train()
running_loss = @

for idx, data in enumerate(train_loader)
step = epoch * training_iters + idx

j = (step // inter_steps) % 2

opt = opts[j]

opt.zero_grad(set_to_none=

images = datal'i s'].to(device)

ffds = datal'ffds']

if isinstance(ffds, torch.Tensor):
ffds = ffds.to(device)

probs = datal['probs’']

if isinstance(probs, torch.Tensor):
probs = probs.to(device)

atlas_prob = data['atlas_prob']

if isinstance(atlas_prob, torch.Tensor):
atlas_prob = atlas_prob.to(device)

_ = model(images, init_flows=ffds)

.encoder.parameters()},
.seg_decoder.parameters()},
.seg_output_conv.parameters()}], lr=self.lr[@]),
.reg_decoder.parameters()
.reg_trans.parameters()},
.reg_output_convs.parameters()}], lr=self.lr[1])]

loss = criterion(probs=probs, atlas_prob=atlas_prob)

loss.backward()
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Inter_step=5
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forward(self, images, init_flows= ): o Kook Archivemrs o Doop Chmbirod Cumpeties & : :
self.init_flows = init_flows . i O « i y X
if init_flows : , * T J
self.images = self.transform_images(images, init_flows) [1] e
self._normalize_images(torch.stack(self.images, dim=1)) - LN :

flows, self.seg_probs = self.net(x)

self.flows = flows - torch.mean(flows, dim=1, keepdim= )
self.warped_images = self.transform_images(self.images, self.flows) [1]

return self.warped_images

Fig. 5 An example of the network archilecture for de
rock a9 compased of res o
L. myocardium, left v

forward(self, x):
x, x_enc = self.encoder(x)

seg_dec = self.seg_decoder(x=rearrange(x, 'B M ... ) )
x_enc=[rearrange(y, 'BM ... —> (B for y in x_enc])
seg = rearrange(self.seg_output_conv(seg_dec(@]), '( ) . 3 ... ', M=len(self.modalities))

 Encoder

x_trans = self.reg_trans['trans_%s' % self.num_blocks](self.fuse(x))
x_enc_trans = [self.reg_trans['trans_%s' % i](self.fuse(x_enc[i])) for i in range(self.num_blocks)]

x_dec = self.reg_decoder(x_trans, x_enc_trans) Y Seg deCOder

flows = []
for i in range(self.num_blocks):
flows.append(self.resize(self.reg_output_convs['output_conv_ % i) (x_dec[i]l), factor=2 % i))

« Reg_decoder

if self.compose_ddf:
y = (SpatialTransformer(size=x.shape[3:], padding_mode='zeros').getComposedFlows(flows[::-1]))

y = (torch.stack(flows).sum(dim=0))
y = rearrange(y, 'B (M d) ... — Md..."', d=self.dimension)

return y, torch.softmax(seg, dim=2)
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loss_function(self, probs= , *kkwargs):
atlas_prob = kwargs.pop('atlas_prob',

if self.use_atlas:

else:

self.mask = self.get_overlap_region()
warped_probs = self.transform_probs(probs, detach_seg_flows=

Wit p—ttahrio—grad-

init_posterior = self.get_posterior(self.warped_images, warped_probs=warped_probs,
warped_atlas=warped_atlas, use_probs= )

self.posterior = self.update_posterior(self.warped_images, init_posterior,

warped_probs=warped_probs, warped_atlas=warped_atlas,
use_probs= , T=self.update_steps)

loss = self.X_metric(self.images, probs=self.seg_probs)

loss self.X_metric(self.warped_images, posterior=self.posterior)

loss self.seg_loss_posterior{warped_probs, self.posterior, warped_atlas=warped_atlas)

loss self.seg_loss_probs(self.seg_probs, probs)

loss self.bending_energy(self.flows) * self.num_images

return loss
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get_posterior(self, warped_images= , warped_probs= , warped_atlas= , prior= . posterior=
use_probs= i
if isinstance(warped_images, torch.Tensor):
warped_images = torch.unbind{warped_images, dim=1)
if isinstance(warped_probs, torch.Tensor):

warped_probs = torch.unbind(warped_probs, dim=1) . V.S
. iItRRE

if warped_images
elif warped_probs
else:

if hasattr(self, 'mask'): [ ] f ( )
mask = self.mask qw ]{7 “ 7Tk I I J ll']
else:
mask = self.get_overlap_region()

if prior

warped_cpds = []

1% warpedarabs iz None: Appearance model

else:
if use_probs:

for i in range(self.num_subjects): [D] Z )7 'u’.'i .
if i in self.sup_idx: f;k 1) o Bs pik(w)

weld;

prob = warped_probs[il]
if self.clamp_prob: QSE-I]
prob = utils.get_normalized_prob(torch.clamp(prob, self.prob_intervall@l, [ ’U;ml (1]
self.prob_interval[1l]), dim=1) fgk I-‘l’j X Z B3| ——— N

warped_cpds.append(prob) ’
ped_cpds.append(p mey

if self.use_atlas:
if warped_images

for i in range(self.num sub]ects)
warped_cpds.append(self.app_model(warped_images[il, weight=warped_probs[i], mask=mask))

posterior| = utils.get_normalized_prob(torch.clamp_min(torch.stack(warped_cpds, dim=1),
self.eps).log().sum(dim=1).exp().mul(prior),
dim=1)

return posterior
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loss += self.X_metric(self.

X(U,Z): I(Ujaz):Z[H +H( )_H(Ujaz)]

I(Ujayj):i +H(Y)_H(Ujvlfj)]

X_metric(self, images, probs= , posterior=
if isinstance(images, torch.Tensor): 2
images = torch.unbind(images, dim=1) Note: We use Z[ ]

if isinstance(probs, torch.Tensor):

"~ probs = torch.unbind(probs, din<1) instead of Z!1! because
e o Fsrrio] o e s at t = 0 the appearance
I model is calculated

for 1 in range(self.num_subjects): using the probability

joint_density, _, _ = self.app_model(images[i], weight=probs[i], mask=self.mask, return_density= )

intensity density = joint_density.sum(dim=1) maps Of the |mage

class_density = joint_density.sum(dim=2)

anatomy rather than
joint_entropy = - torch.sum(joint_density * joint_density.clamp(min=self.eps).log(), dim=(1, 2)).mean() = E E =
intensity_entropy = - torch.sum{intensity_density * intensity_density.clamp(min=self.eps).log(], the Spatlal dIStrIbUtlon

ey of the common anatomy.

class_entropy = - torch.sum(class_density * class_density.clamp(min=self.eps).log(), dim=-1).mean()

losses.append(joint_entropy — intensity entropy - class_entropy)

loss = torch.sum{torch.stack(losses))

return loss
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Code: Loss function

&

Feg_lnss_pnaterinriﬂelf, warped_probs, posterior, warped_atlas=
if isinstance(warped_probs, torch.Tensor):
warped_probs = torch.unbind(warped_probs, dim=1)

losses = []
for i in range(self.num_subjects):
prob = warped_probs[i]

loss = self.ce(posterior, prob, mask=self.mask)
losses.append(loss)

if warped_atlas
losses.append(self.ce(posterior, warped_atlas, mask=self.mask))

return torch.sum{torch.stack(losses))

La(6,8) 2 Y Hye(Yj005) + Y Hye (¥j0 ¢5)

JET igT
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seg_loss_probs(self, seg_probs, probs=
losses = []
for i in range(self.num_subjects):
loss = 0.
if i self.sup_idx:
if probs 5
init_prob = self.transform{probs([:, i], flows=self.init_flows[:, i])
loss += self.ce(init_prob, seg_probs[:, il)
loss += self.dice_loss(init_prob, seg_probs[:, i])

B

prob = seg_probs[:, il

loss 4= torch.sum{prob * prob.clamp(min=self.eps).log()}, dim=1).mean().neg()
losses.append{loss)

return torch.sum{torch.stack(losses))

loss = self.X_metric(self.images, probs=self.seg_probs)

L3(p) 2 — i I(Uj, V) + Y H(F) + Y Lo (Y5 ¥5)
J=1 JjET jeJ
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Experiment 2: Deep combined computing

TABLE &
Results on the MS-CMR Dataset

MMM + DCC+AIl
Strategy Reg DSC Seg D5C
LGE BSSFP T2
Mone 7224101 —_ — —
DGR 36.2 + 4.1 — — —

MvMM [13] S18L 87T 84590 84485 TEIL 148
DCC+AT BES 434 820438 812445 834+4.0
DCC+BS ATH 440 RHE4+39 ROO4+L28 RSG5+ 492
DCC+Al 30535 926120 924131 92T7Tx34

The table presents Hee mean and standard devietion of Hue registration and seg-
mestation DSCs (%) for deep combined comprting using different training
strateges and anolier compeling method ModM.

 Both regiStration and Segmentation Fig. 10. Results of an exemplar case from the MS-CMR dataset with
median Reg DSC before co-registration. Ground-truth segmentation

i i i i masks are rendered as contours for None and DGR, while posterior seg-

accuracies improve with increased mentation is displayed for MvMM, DCC+AT, DCC+BS and DCC+AII.

. . Each column visualizes the registered images from a certain method.
Supervision Regions with ambiguous intensity class correspondence are indicated
by red circles. Readers are referred to the supplementary material, avail-

e Com pared to MvMM, the DCC+AT able online or the online version of this paper for details.

strategy performs better in registration
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