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Abstract

Extensive investigation has been conducted on network data, especially
weighted network in the form of symmetric matrices with discrete count entries.
Motivated by statistical inference on multi-view weighted network structure, this paper
proposes a Poisson-Gamma latent factor model, not only separating view-shared and
view-specific spaces but also achieving reduced dimensionality. A multiplicative gamma
process shrinkage prior is implemented to avoid over parameterization and efficient full
conditional conjugate posterior for Gibbs sampling is accomplished. By the
accommodating of view-shared and view-specific parameters, flexible adaptability is
provided according to the extents of similarity across view-specific space. Accuracy and
efficiency are tested by simulated experiment. An application on real soccer network

data is also proposed to illustrate the model.
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1. Introduction

Exploration of weighted network (Dehmer & Basak, 2012) data in the form of
symmetric matrices with count entries plays an essential part in extensive fields ranging
from biological, engineering and economic systems. To be specific, data of the co-
movement in financial markets, occurrence of passing events in soccer matches and
individual’s friendship or social connections on social software all take the form of
weighted network.

The majority of network models are built under the concept of binary entries. For
example, the multidimensional unfolding methodology (DeSarbo & Hoffan, 1987),
spatial analysis of binary choice data (DeSarbo et al., 1999), probabilistic model for time-
varying relational data (Ishiguro et al., 2010), etc., are all structured for binary network.
Current approaches for weighted network includes factorizing into adjacency matrix
and weight matrix (Dehmer & Basak, 2012), mapping from a weighted network to an
unweighted multigraph (Newman, 2004), approximate log-normal model (hattacharya,
et al., 2008), studying topological properties and network statistics (Fagiolo, et al., 2008)
from the weight matrix, etc. Subject to the previous analysis of binary network, these
models lack the over-all interpretation of the weighted network structure, as well as the
analysis of interaction between adjacency matrix and weight matrix. Weighted stochastic

block model (Aicher, et al., 2015), weighted infinite relational model with Dirichlet
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process prior (Jiang & Zhang,2015) overcome these problems and gives analysis on the
specific properties of weighted network. However, due to lack of full conditional
conjugacy and absence of efficient algorithm, computational intractability is still an
essential issue. Algorithms like weighted MAX-SAT problem and the MaxWalkSat local
search (Cussens,2012), Clique Percolation Method with weights (Farkas, et al., 2007), on-
demand distributed clustering algorithm for multi-hop packet radio networks
(Chatterjee, et al.,2002) are proposed in a rich literature. Other approaches from genetic
fields like optimation of the weighted connection (Whitley, et al., 1990), weighted voxel
coactivation network analysis (Mumford, et al., 2010), etc., provide practical algorithm
and simulation of weighted network. But few focus on the inference of view specific
structure of multi-view weighted network.

Based on the previous analysis of binary network (Durante & Dunson, 2014), the
motivation is to conduct more informative analysis of network data by avoiding the
process of transforming count to binary entries. The interests of investigators lie in (1)
identification of similarities and dissimilarities across views; (2) efficient estimation of
sparse matrices (3) adaptive model to the extents of similarity across views; (4)
providing general network structure in each view.

A Poisson-Gamma latent factor model is proposed in this paper. With the
factorization of the Poisson mean into view-specific factor and view-shared factor, it

provides an approach to identify similarities and dissimilarities across views. The both
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factors are formed as sum of 2 different sets of quadratic combination of latent
coordinates, which not only achieves the dimension reduction, but also contributes to
full conditional conjugate posteriors for efficient Gibbs sampling by the introducing of
multiplicative gamma process shrinkage prior (Bhattacharya & Dunson,2011) to each
latent coordinates. The proposed model is adaptive to the level of dissimilarities across
views by controlling the sum of quadratic combination. In addition, over
parameterization is avoided by the multiplicative gamma shrinkage prior.

In this paper, a basic model allowing single network in each view is first
proposed, then a more general model for multi-network structure in each view is further
developed under similar prior specification, giving a complete approach for statistical
inference of multi-view networks under different structures.

An increasing amount of literatures from the scientific community on the
analysis of soccer network occurs in recent years. For example, complex soccer network
(Onody & de Castro,2004), regarding the soccer players and the clubs as two kinds of
nodes, semantic analysis system to identify the special events in soccer games (Huang, et
al.,2006). In this paper, 2 kinds of network are constructed to test the effects of passing
events within one team and across teams. The first network regards soccer players as
nodes, the passing events happened between 2 players as edges and the number of

passing events as the weight, with one network each match.
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Figure 1: Player network: Brazil- Mexico 0: 0 (0: 0)

Figure 1 gives an example of passing network among Brazilian players of the
match Brazil - Mexico in the 2014 FIFA World Cup. The numbers on nodes indicate the
players' numbers and colors of nodes indicates the position of players (black node is
goalkeeper; dark blue nodes are defenders; light blue nodes are midfield players; gray
nodes are forwards). The width of edges indicates the number of passing events
happened between the 2 players, i.e. weight. The location of players is identified by the
tactical line-up of each match.

Figure 2 gives an example of network constructed by position. Each network has
18 nodes and each node represents a partition of the soccer field. The 18 partitions of the
soccer field are identified in figure 2. This is the same match as Figure 1 (2014 World
Cup match with Mexico), the order of partition is given by the numbers in figure 2 and
the width of lines indicates the number of passing events happened between the 2

partition, i.e. weight.
14



Figure 2: Soccer field network: Brazil-Mexico 0: 0 (0:0)

From the soccer networks constructed by these 2 methods, information in
different aspects can be obtained by conducting statistical inference.

The model specification and properties are given in section 2. Posterior
computation and Markov chain Monte Carlo algorithm are described in section 3. In
section 4, a more general model is given to be adaptive to multi-network structure in
each view. The model is illustrated and compared with current approaches by a
simulation study in section 5. Section 6 gives 2 approaches to construct the soccer
network and applies the model to 2014 FIFA World Cup data. Section 7 provides a

further discussion over the results and model properties.
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2. Poisson-Gamma latent factor model

Besides giving statistical inference on multi-view weighted network adjacency
matrix, this model also provides techniques for further development of dynamic multi-
view weighted network. This section mainly illustrates the the general notation and

structure of the proposed model.

2.1 Model specification

Y; is a VXV symmetric count matrix at view [ = 1, ..., K with empty and
meaningless diagonal elements. A; is the mean matrix of ¥; with entries 4;;;, =
Elyijjul.vi=2,..,V;j=1,..,i — 1. Let,

Yijildij1 ~ Poisson(2;,) (D

independently for all i, j, l. The motivation is to define a prior for {4;;,}, s.t.: (i)
efficient computations (ii) dimensionality reduction for large V (iii) allow inference on
both sparse and dense matrices (iv) able to distinguish view-shared and view-specific
spaces.

Due to symmetric entries and empty diagonal elements, the dimension of ¥, (or .

V(v-1)

Al) 1S 2

2.2 Latent space

Motivated by separating view-shared and view-specific spaces, 2 latent variable
matrices U, V; s.t. Y, = U + V, are introduced for each Y, with entries satisfying;:

ul-j + vij,l = yi]"l"’POiSSOTl(Aij'l) (2)

16



ie. E[uij] + E[vij'l] = Aij,; and u;;~Poisson(.), v;j;~Poisson(.).

Under this specification, view-shared space matrix U of multi-view network with
high similarity across views will be sparse; network with low similarity across views
will have dense U matrix. In the extreme condition, when U = 0, the network data is
totally different independent matrix sequence; when V; = 0,VvI = 1, ..., K, matrices of
each view are the same, the data becomes one count symmetric matrix.

With the motivation of the dimensionality reduction, quadratic combination of

latent coordinates for is used to construct view-shared factor u;; and view-specific factor

K
{Uij,z}l=1/

H H*

/1ij,l = Z XinXjp + Xin,1Xjn,1 3)
h=1 h=1

H

u;j ~ Poisson (Z xihxjh> )
h=1
Hx*

vij~Poisson (Z xih,lxih.l> ©

h=1

In matrix notation, X is VxH matrix with entries {x;5};=1_y:n=1,..n and {X;}5 are
VXH * matrices with entries {x;;}i=1,_v.h=1, H+1=1,. .k then A = XX' + X, X,".

The dimensionality is reduced from @ to VXH + VXH x (H,H *< V) by the

latent space representation. Hand H * are adaptive to the level of similarity across views.
Relatively large H * and small H should be used for multi-view network with high
similarity, small H x and large H should be used for multi-view network with low

17



similarity. Different methods could be implemented to test the values of H and H *, for

example, including another prior for H and H * or introducing a loss function.
Multiplicative gamma process shrinkage priors enable X and X to shrink toward

zero as the column index increases, allowing flexible choices of H, H *, while avoiding

the over parameterization.

h h
Xip = | | it ) Xiny = | | Sit, (6)
t=1 t=1

where 8;;~ G(1, @), 8;r; ~G(1,a *), witha,a > 1, ie. E[6;] < 1.
As Hor H * goes to infinity, {x;,} or {x;,;} tends to zero, shrinking {4, ;}

towards zero.

3. Bayesian inference

Focus on constructing efficient full conditional conjugate posterior for Gibbs

sampling, latent variables {zi]-h}gil and {ziih}ﬁﬂ are introduced as following;:

H
ul-j = Zzijh (7)

h=1

Hx*
Viji = Z Zijh (8)
h=1

where Zijh~P0isson(xihxjh),h =1,..,H; Zijh’l~P0isson(xih'lxjh_l),h =1,..,H=*

18



The full conditional conjugate posterior and Gibbs sampling steps are the

following:

1. Update each view-shared factor u;; from multinomial posteriors conditional

K H h=Hx;l=K . e
on {y;j i hi=1, {Xin}n=1 and {xih,l}h:1;’;:1 foreveryi=2,..,V;j =

K
H ‘e g—
_ (Xh=1 Xin 1 X)) 0"
Aij = "
. Yijp — w)!
Che1 Xinxin)"
Bij =

w!

Let n;; = min;[y;j,], then

uijl{yij,l}' - multi([l, ""nij]' [pij(l): ---'pij(nij)])

ie. P(uij =w) = pij(w),w = 1,...,n;j, with
PU(W) = AinBij

Pij(w)

Piw) = 77—
Y Y Pij(w)

1, ..

,i—1:

©)

(10)

(11)

(12)

(13)

Then, view-specific factor v;;, can be updated by: v;;; = y;;; — u;j, for every i =

2,..,V;j=1,..,i—-11l=1,..,K.

2. Update the latent factor z;;;, from multinomial posteriors conditional on

{xip3H_, and u; j, update z;;p,; from multinomial posteriors conditional on {xih,l}ﬁil and

v foreveryi=2,..,V;j=1,..,i— 1,1 =1,..,K. In this case, {z;,} is independent

with {xih,l} and {Zijh,l} is independent with {xih}. Let Zij,l = [Zij,l' . Zin*’l], ZU =

[Zijh' ey Zin].

Then,
19



P(Zij|—) xp (uif|{zifh}::1) p ({Zifh}:=1)

H (xinxjn) Uk

X
{uu =Xh zijn} Zijp!

Zij| = ~Multi(n = uij»Pij)

XinXjn XiHXjH

where p;; = .
Pij [Zg=1xihxjh’ "YH_ xinxjn

Similarity,

Zij,ll — ~Multi(nl = Uij,bpij,l)

Where pyj, = [cpathl_ | Kl
ij1 = 5w s :
J Yhe1 Xin1XjhL Zhii Xin1Xjn1

3. Update 6;;, 8;; from gamma posterior:
H
p(8itl=) x p(8;r) 1_[ 1_[ p(Zijn|8it)
j#i h=t

« G (8|1, a)xC

ijh
C= 1_[ (xlh.x]h) e~ *ihXjh

Z
j=i h=t Uh

Then 6;;| — ~G(6i¢lait, bir)

H

j#i h=t
— Hx Xih
by =a+ qutiz:h:t(g_itx]h
Where 5 = 611512 6it—16it+1 '"5ih'

Similarly, 8;¢ ;| — ~G(8i¢ 1|t 1, bie,1)

20
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(15)

(16)

(17)

(18)

(19)

(20)

(21)

(22)



Hx*
ajey =1+ Z Z Zijh (23)
j#i h=t
x Xi
bie) = @ *+ X s Dhe t(ghl inL (24)

Xihl _
where Bl 5i1,z5i2,z 5it—1,15it+1,z B g

Besides, if the view Y}, is missing, a method to deal with missing data can be
generated as following. First, a * can be estimated by the inverse of the sample mean of
0;¢, from the results of MCMC. Then {6} ;.} can be sample from G (1, & *), so the
corresponding {x;, .} and {v;;,.} can be generated by (5) and (6). Then the missing

Y. can be estimated as $;;,;. = U;j + Ujj .-

4. Multi-multi-view network

The Poisson-Gamma latent factor model provides good and efficient estimation
on the view-shared properties and view-specific properties. However, it has drawbacks
when estimating the structure of each view, because only one network matrix is
available in each view, which is not enough for the inference on the view structure. In
this section, we further develop a more general model, allowing for different amounts of
network matrices in each view. The multi-multi-network has K views and each view

includes N; network VXV matrices.

4.1 Model Specification

{Y( )} -, are symmetric count adjacency matrix with entries yl i l , for every n =

1,..,N, 1l =1,.., K. With similar notations as the Poisson-Gamma latent factor model, let

21



yL] )lll]l POlSSOTl(/lU l)

The the latent space will be

m _ . M ;
Uij + v = Vi ~POLSSOTL(/1ij,l)
H=*
(n) (m
Viji = /. Zijni
h=1
H=*
) ;
Vijl ~Poisson (Z xm,ﬂjh.l)
h=1
( )

~Pmsson(xm 1Xjn, 1)

Other notations stay the same as section 2.

4.2 Bayesian inference

(25)

(26)

(27)

(28)

(29)

1. Update u;; from multinomial posteriors conditional on {yl.(jr,ll)}{(:l, {x;n}_1and

{xlhl}h 11 K for everyi=2,..,V;j=1,.,i— 1

)
H(Zh 1xlhlx]hl)2n 1057
l] N m) _
l yU l )'

Ch=1 xinxn)¥

Bij = w!

Let n;;' = miny[y;;,™], with fixed i, j,w = 1, .. then

nij,
wil{yi ) ~ multi([1, .., 0], [p'50), 0" (0')])
ie. P(u;; =w) =p';j(w), with
P';j(w) = A'yjxBy;

P';j(w)

Plyyw) = o ——
Y Plij(w)

22
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(n)
ijl

can be updated by: vl(jnl) = yl.(jrlll) —u;;, for every

Then, view-specific factor v
i=2,.,V;j=1,...,i—-1,1l=1,.,K,n=1,...,N;.

2. Update z;jp, Zi(;lh),l from multinomial posteriors, let Z; j_l(n) =

[Zij,l(n): ---»Zin*,z(n)]/ Zij = Zijn> - Ziju]-

XinXjh XiHXjH
T ) SH .
Yh=1%XinXjh Yh=1XinXjn

where p;; = [
Similarity,

z00 = ~multi (n, = v1P, pyj, ) (36)

Xin1Xjh,l XiH+1XjHx1l
T ) ey o .
Yhe1 Xin1Xjnl Yhe1 Xin1Xjnl

where pij,l = [

3. Update 6;, 8;; from gamma posterior:

Then 6;;| — ~G(6i¢lait, bir)

H
Air = 1+ZZZijh (37)

j#i h=t
”
by =a+ Zj;:izlrf:t#:xjh (38)
Xih _
Where (S_Lt = 61'161'2 6it—16it+1 '"5ih'
Similarly, 8;¢ ;| — ~G(8irila’ie, b'ie1)
Hx Nj
_ (D]
=1+ > > 2, (39)
=i h=t n=1
_ Hx Xihl
b'iy = ax+N s h:tﬁx]‘h,z (40)
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Xinl _
where T8 = 6116121 - Sit-1,18it+1,1 - Sin-

The above proposed model gives flexible amount of network in each view, allow
for highly accurate estimation when more network data is available in each view. The
previous model is the special case when N, forall [ =1, ..., K.

An alternative method to deal with missing data is provided. If a network in
view [ is missing, we can use the estimated A; to generated the network by

yi(}.lz)~Poissson(ii ji)-

5. Cluster model

In this section, a cluster model is given to cluster the views. The data includes K
views, each view [ includes n; network matrices. The motivation is to separate the L

views into K clusters, with K < L.

5.1 Model specification

yi(;.lz) |A;j1~Poisson(A;},) b
(] K

AU'I"’ Multl [ l] k=1 ] [pk]kZI (42)

( )~Di (1 1) b

Pr, e Pi)~Dir (11 (43)

ie P (/11-]-,[ = /18-‘)) = py. In the matrix notation, P(Al = A(k)) =pr,k=1,.., K.

With the similar prior specification as the previous model,

H H

k
/15]) = Z xihxjh + Z xih,kxjh.k (44)

h=1 h=1

24



h h
Xin = | | it ) Xinx = | | itk
t=1 t=1

where 8;;,~G(1, a), 8;¢ ,~G (1, aj, *) and yl]l w;; +

»™

A new latent variable is introduced as following:

Cl"’Multl([l, ) K]l [pll 'pK])

with p(A; = A®|c, = k) = 1,ie. A, = ACD.

Then

M:

Xin clx]h cl>
h=1

7MW
Zij1 Po(xlhczxjhcz) vl]l

5.2 Bayesian inference
1. Update {p;}X_; from Dirichlet distribution:
(p1, o r PR)~Dir(ry, ..., 1)
with r, = % + Xic1 Lz
2. Update [cy, ..., ¢, ] from multinomial distribution:

ol )
P(c; = k|-) x Pknn[ A(k) 13’Uz e ~Nikij ]

i=1 j<i
3. Update u;j, from multinomial distribution:

(n)

L
1_[ Zh 1xlhc1x]hcl)2 Yiji =)
n)
=1 1(yij,1 —w)!

25

H — VH n _vyH M
Ul'uij~P0(Zh=1 xihxjh)'uij = Yh=1Zijn,Viji = Lh= 120 Zijn~Po(XinXjn)-

(45)

(46)

(47)

(48)

(49)



_ (=1 xinxin)"”

By = A (50)
Let ngj = min [yl.(jr’ll)], with fixed i,j,w = 1, ...,ngj, then
uij|{yl.(j7‘ll)}~multi ([1, ...,n’i]-], [p’l.j(l), ...,p’ij(n’ij)]) (51)
ie. P(uij = w) = p’l.j(w), with
P'ij(w) = A';;XB;; (52)
, P'ii(w)
W) = 53
Py = gl (53)
Then, view-specific factor vl(]nl) can be updated by: vl(jnl) = yl.(jrlll) —u;j, forevery i =
2,.,V;j=1.,i-11=1,..,Kn=1,.,N.
4. Update z;;, and zl.(?h)'l from multinomial distribution:
Zij| = ~ Multi(n = u;;, pi;) (54)
z00 = ~ Multi (n, = v, pijc,) (55)
= |_XinXjn XiHXjH | xmeXing XiH,c;XjH,c, ]
where p;; Sheaxinxjn’ " Tho xihxjh] Pijc [Zﬁ:l XiheXjhe,  he1 XiheXihe )

5. Update 6;, 8;¢ x from gamma distribution:

Then 6;;| — ~G(6i¢lait, bir)

H
Air = 1 +ZZZijh (56)
j#i h=t
X
bit = a+ s Ii-llzt(g_i,:xjh (57)
Xi
Where (S_L,: = 61'161'2 6it—16it+1 '"5ih'
Similarly, & x| — ~G (Sie i@ ic ks b'ie )
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H Ni
a'it,k =1+ Z Z Z Z ZI:(]TII‘L),I (58)

l:c;=k j#i h=tn=1

H Xihk
b'itk = & * + Xpc,=k N, Zjatizh:t_alitk Xjnk (59)

6. Simulation study

In this section, 2 multi-view networks are generated to evaluate the performance
of the proposed models. The first one is the basic model in section 2, the second is the
more general model in section 4. Comparison with other current approaches is also

provided to test the accuracy and bias.

6.1 Poisson-Gamma Latent Factor Model

The aim is to generate a series of VXV matrices ¥}, with V = 15,K = 10,l =
1,...,K. Each view [ is a VXV symmetric matrix Y;. Entries of Y, is generated by (1), with
Aij simulated by (3); H = 10, H *= 5.x;,; and x;;, are generated by (6), with §;;:~G (1, a),
Sit;~G(L,a*),a=3,ax=2,i,j=1,..,V,l =1,..K. We run 5000 Gibbs iterations to
allow enough draws for convergence and use the first 1000 draws as burn-in. The initial
value of {u;;}; j is 0; initial value of {v;;;}; j; is {ij}i ;- The initial value of §;; and &,

are separately sampled from Gamma(1, a + 2) and Gamma(1, a * +2).
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1.True 2.Proposed model

- E -

3

3.No factor 4.No shrinkage 2
1

0

Figure 3: heat map

For elected A, top left is the true value; top right is the results of proposed
Poisson- Gamma latent factor model; bottom left is the results of model without using
the view-shared factor and view-specific factor; bottom right is the result of model
without using the multiplicative gamma process shrinkage prior.

From figure 3, the shrinkage prior plays an essential part when estimate the
mean of sparse matrices. The multiplicative gamma process shrinkage prior increases
the accuracy of estimation, avoids the over parameterization with larger H, H *, and
gives full conjugate posterior for efficient Gibbs sampling. The model without the
separating of view-shared factor {u;;};j and view- specific factor {v;;;};j; performs well
in capturing the trends of 2. When the shared factor is small (i.e. networks across views

are very different and has few shared properties), it will have similar results as the
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proposed model. However, the proposed model can separate the shared properties even

if views are very different and it is adaptive to the extents of similarity across views.

6.2 Multi-Multi-View Network

Networks from 5 views are generated in this part. Each view [ includes N,
networks in the form of 15x15 symmetric matrices, with [ = 1, ..., 5. Let N; = 2, so the

data generated includes (1 + 5)x5 = 30 networks of 15X15 matrices within 5 views.

Each yl.(jrlll) is generated by equation (25) and each A, is generated by equation (3),(6). Let
a = 3 and a *= 2, choose the truncated level H = 10, H *= 5.

In this case, each view has more data than the previous model and it is expected
to give more accurate estimation. Figure 4 gives a graph comparison between the true
value and estimation, which indicates the good performance of the improved model.

When more data is available within each view, this model not only gives the

accurate estimation both on the view-shared properties and view-specific properties, but

also gives reliable structure information of each views.
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Figure 4: Heat plot of estimated(left) and true(right) {A,}, with1 =1, ...,5

7. Soccer network data

In this section, 2 approaches are proposed to construct the soccer networks. The
first is to construct the passing network regarding players as nodes. The entries of
network indicate the number of passing events happened between the 2 corresponding
players. The second method is to construct the passing network by position regarding
partitions of soccer field as nodes. The entries of network indicate the number of passing
events happened between 2 partitions. Thus, both within team and across team passing
events structure are learned from the 2 kinds of network. The data is from the 2014 FIFA

World Cup website.
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7.1 Soccer player network

The motivation is to understand the passing strategy, find the over all shared
passing behavior of Brazil National team, give suggestions to teams who will fight
against Brazil and analysis the reasons of Brazil's lost/win/draw.

4-3-3 attacking formation is mainly used by Brazil national team, which indicates
the offensive game plan and can be easily transform to the more defensive 4-5-1
formation (the match with Netherlands) and 4-4-2 formation (the match with Mexico).
Although Brazil national team changed the formation in the 2 matches with Mexico and
Netherlands, the tactical line-up keeps the relatively same position as in Figure 1, with 4
defenders in the back, 3 players in the middle field and 3 players in the forward field, i.e.
relative position in tactical line-up keeps unchanged.

We reorder the players by their relative position in the tactical line-up of each
match. The No.1 player is always the goal keeper; No.2 to No. 5 are always defenders;
No. 6 to No.11 are midfielders and forward players (in most of the case of Brazil national
team, No. 6 to No. 8 are midfielders and No.9 to No.11 are forward players), in spite of
their names and other characters, i.e. players of same numbers are regarded as identity.
The detailed order is given in Figure 6. Let the nodes be the reordered players and edges
be the passing events happened between 2 players, we first construct a series of
weighted network matrices, with the weight indicates the amount of passing events

happened between the corresponding 2 players. Then the series of network matrices are
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divided into 3 views. The first view includes 3 networks of winning matches, the second
view includes 2 draw matches, and the third view includes the rest 2 matches that Brazil
lost. Each network matrix is constructed by the passing events of Brazil National team
happened in a match.

From Figure 5, we can see the apparent difference in network structure from the
3 different views.

The top left picture is the network structure of all matches that Brazil won.
Interaction between players are relative uniformly distributed, with slightly more mess
put on the interaction between defenders, which indicates the appropriate teamwork
and effective defense strategy. The second row of the network matrix has larger entries
than other rows, which indicates he No. 2 player (defender) played a dominant role in
the over-all passing distribution.

The top right picture is the network structure of all matches of Brazil that ended
up in a draw. Interaction among defenders are relatively high. The 6th row of the
network matrix has the least weight comparing with other rows, while the 5th and 4th
row has relatively large weight. The No.6 player (midfielder) seems to be isolated, i.e.
seldom conducted passing events with other players and the 2 players around him (No.
4 and No.5) did most of the passing events.

The bottom left picture is the network structure of all lost matches of Brazil. The

9th row of the network matrix has very low weight, while 10th and 8th row have
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relatively large weight. The No.9 player (midfielder in the Netherlands match and the
forward of Germany match) only conducted few passing events and the No.8 and No.10

player played the dominant roles in the over-all passing events.

1.Win 2.Draw
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I. -l\f

20
15

3.Lost Au{i} 10

.- |

Figure 5: heat map

The top left picture is the network structure of all winning matches; The top right
is the network structure of all draw matches; the bottom left is network structure of all
matches that Brazil lost; the bottom right is the shared structure among matches.

The structure of draw matches and lost matches indicates the problematic
isolation of certain players. Such behaviors have more negative influence to the results
of the match when the player is in the forward position than in the midfield position.

The last picture is the shared structure across all views (matches). However, the

heat map is not intuitive enough. Figure 6 is the shared passing structures of Brazil in
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the form of connected nodes, with the width of lines indicates the weight. From Figure 6,
the interaction between defenders are relatively high, which implies strong defense
skills. However, the interaction between node 5 and other defenders is slightly lower,
which may be a breakthrough for Brazilian's opponents when attacking. In addition,
No.7 and No. 9 player are isolated, combining with the results from heat map, they have
relatively low influence to the results of the match. Due to large amounts of passing
between No. 10 player (forward in most of the case) and other players, Brazilian's

opponents should pay close attention to him when defending.

Figure 6: Shared structure among all Brazil matches

7.2 Soccer field network

Motivated by finding connection between the number of goals and passing
events and the over-all passing structures, a new network is generated by position. The

soccer field is first divided into 18 partitions and then we reorder the partitions as in
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Figure 3. The passing distribution of players is transformed into passing distribution of
position by multiplying the passing probability and receiving probability of each
partition(calculated form the Player Statistics in the 2014 FIFA World Cup Website).
Then each partition is a node, the network weight is defined as the amounts of passing
events happened between the corresponding partitions. In this setting, we only consider
the long passing between 2 partitions, i.e. short pass within one partition are taken no
account of.

The data contains 7 views, each view includes the passing network of a team in a
match with number of goals equal to 0,1,2,3,4,5,7. For example, view 1 includes 4
networks, with number of goals equal to 0. Each network is generated by one team in a
single match. The data only includes competitive teams who had won at least one
championship in the previous FIFA World Cup, and all interested matches of these
teams are at least draw, i.e. regardless of lost matches. In this case, we have 7 views and
27 networks, with each network take the form of 18 x 18 symmetric matrices.

The results are shown in figure 7, when goal equal to 0, the over all number of
passing events is low, with most passing events happened at the midfield. As the
number of goal increase, the passing events happened at the back is stable, with the
over-all number of passing increases and most passing events tends to happened at the

forward position. Intuitively, as number of goals increase, passing distribution will be
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more concentrated on the forward position. However, when number of goal equals to 4

or 5, there is a decreasing in the over-all number of passing events.

Goal=0 Goal=1 Goal=2 Goal=3

Goal=4 Goal=s Goal=T Shared Structure.

Figure 7: Each heat map represents the network structure of all matches with
goal=0,1,2,3,4,5,7. The last heat map is the view-shared structure.

Figure 8 gives the shared structure across view. From figure 8, the network in
each view shares very little similarity and all happened at the midfield, which indicates
the behavior in the midfield has relatively low influence on the number of goals. Instead,
the behaviors at both the back and front position would have essential effects on the

number of goals.
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Figure 8: Shared structure among all views

8. Discussion

The Poisson structure allows for the estimation of count entries matrices,
avoiding the lost of information while transforming weighted network to binary
network. The factorization of Poisson mean provides approach to estimate the similarity
and dissimilarity across views. By control the amount of quadratic combination of latent
coordinates, the model is flexible to multi-view networks with difference level of
similarity. The introducing of quadratic combination also gives an approach for the
dimension reduction. With the use of multiplicative gamma process shrinkage prior,
over parameterization is avoided. A more general multi-multi-view network model is
developed to allow for multi-networks in each view. Methods to deal with missing data
are proposed and efficient Gibbs sampling is ensured by the full conditional conjugate

posterior. The model can be further developed into dynamic multi-view network by
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adding the time-varying parameters and applied to extensive fields. However, effective
methods are needed to decide the truncated level H and H *. In addition, the proposed
model can also be applied to network with continuous entries by rounding the entries to

integer.
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