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Background and Problems

Kernel learning 
‣ Problems become easier when mapping to higher 

dimensional space.

‣ Curse of dimensionality, grows exponentially

‣ Weights can be exponentially big

‣ “kernelization” scales quadratically with training set 
size. In the era of big data, this issue is cited as one 
reason why neural nets have overtaken kernel 
methods. 

‣ Low generalization due to representer theorem

Machine Learning Physics

Neural Nets

Phase Transitions

Topological Phases

Quantum Monte Carlo Sign Problem

Boltzmann 
Machines

Supervised 
Learning

Tensor Networks

Materials Science 
 & Chemistry

Unsupervised 
Learning

Kernel Learning

Perfect Problem for 
Tensor Networks to 

solve

Tensor diagrams of the approach
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W=

⇡

⇡

(Ms1Ms2 · · ·MsN )�s1s2···sN (x)

f(x) W · �(x)=

Rank-1 tensor

Nature of Weight Tensor

Representer theorem says exact W =
X

j

↵j�(xj)

Tensor network approx. can violate this condition

for any 

• Tensor network learning not interpolation 

• Interesting consequences for generalization?

{↵j}WMPS 6=
X

j
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Background and Problems

Neural Networks

‣ Weight matrix is huge but highly redundant.

‣ Low-rank compression: limited compression rate

‣ Computational inefficient due to huge parameters

‣ Not applicable for small devices  

Multi-modal deep learning, multi-task deep 

learning 

Machine Learning Physics

Neural Nets

Phase Transitions

Topological Phases

Quantum Monte Carlo Sign Problem

Boltzmann 
Machines

Supervised 
Learning

Tensor Networks

Materials Science 
 & Chemistry

Unsupervised 
Learning

Kernel Learning

Tensor Networks is a natural 
tool to solve these problems

Popular approaches

ML Overview

Neural Networks

Non-Linear Kernel Learning

f(x) = W · �(x)

f(x) = �2

⇣
M2�1

�
M1x

�⌘
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Neural Network (NN) vs. Tensor Network (TN)

Similarity
‣ Assembling simple units (neurons or tensors) into complicated 

functions

Difference 
‣ Decision functions in ML vs. wavefunctions in quantum mechanics

‣ Nonlinear in NN vs. linear in TN

‣ NN do non-linear things to low-dimensional space vs. TN do linear 

things in high-dimensional space
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What Are Tensor Networks (TNs) ?

‣ A powerful tool to describe strongly entangled quantum 
many-body systems in physics

‣ Decompose a high-order tensor into a collection of low-
order tensors connected according to a network pattern

‣ Tensor network diagram
12 Introduction and Motivation
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Figure 1.5: (a) Basic building blocks for tensor network diagrams. (b) Tensor network
diagrams for matrix-vector multiplication, matrix by matrix multiplication and con-
traction of two tensors. The order of reading of indices is anti-clockwise, from the left
(west) position.

(first-order tensor), matrix (2nd-order tensor) or 3rd-order tensor is
represented by a circle, while the order of a tensor is determined by
the number of lines (edges) connected to it. According to this nota-
tion, an Nth-order tensor X RI1 IN is represented by a circle (or
any shape) with N branches each of size In, (n = 1, 2, . . . , N) (see
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TT/MPS Representation and Properties

‣ Efficient to represent       data values by           
parameters 
‣ Efficient to compute or optimize TT/MPS by DMRG 

algorithm

2.2. Tensor Train network 51
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Figure 2.17: Comparison of the concept of the tensor train and tensor chain de-
compositions (MPS with OPC and PBC, respectively) for an Nth-order data ten-
sor, X RI1 I2 IN . (a) Tensor Train (TT) can be mathematically described as
xi1,i2,...,iN = G(1)

i1
G(2)

i2
G(N)

iN
, where the slice matrices of TT cores G(n)

RRn 1 In Rn are defined as G(n)
in

= G(n)(:, in, :) RRn 1 Rn with R0 = RN = 1;
while (b) for Tensor Chain (TC) entries of a tensor are expressed as xi1,i2,...,iN =

tr (G(1)
i1

G(2)
i2

G(N)
iN

) =
R1

r1=1

R2

r2=1

RN

rN=1
g(1)rN , i1, r1

g(2)r1, i2, r2
g(N)

rN 1, iN , rN
, where

the lateral slices of TC cores G(n)
in

= G(n)(:, in, :) RRn 1 Rn and g(n)rn 1, in , rn
=

G(n)(rn 1, in, rn) for n = 1, 2, . . . , N, with R0 = RN 1.

O(NIR2)
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TT: tensor train decomposition; MPS: matrix product state

[V. Oseledets, SIAM J. Sci. Comput., 2011]



‣ Input:
‣ Nonlinear mapping by tensor product (Hilbert space)

‣ Decision function -        is an Nth-order tensor

‣ TT representation of weight parameter

Total feature map
� = local feature map

x = input

raw inputs

�(x) =

x = [x1, x2, x3, . . . , xN ]

�1( )

�2( )[ [⌦ �1( )

�2( )[ [⌦ �1( )

�2( )[ [⌦ �1( )

�2( )[ [x1

x1

x2

x2

x3 xN

x3 xN

⌦. . . feature 
vector 

More detailed notation

�(x)
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TNs for Weight Compression & Kernel Learning

Total feature map
� = local feature map

x = input

raw inputsx = [x1, x2, x3, . . . , xN ]

feature 
vector 

Tensor diagram notation

s1 s2 s3 s4 s5 s6

=
�s1 �s2 �s3 �s4 �s5 �s6

· · ·
sN

�sN

�(x)

�(x)

For example, following local feature map

�(xj) =
h
cos

⇣⇡
2
xj

⌘
, sin

⇣⇡
2
xj

⌘i
xj 2 [0, 1]

x = input

Picturesque idea of pixels as "spins" or "qubits"

[E. Stoudenmire, NIPS 2016]

Tensor diagrams of the approach

x �(x) =

s1 s2 s3 s4 s5 s6

· · ·
sN

=

sj

[ [1

xj

Other choices include:

[
1
xj[ x2
j

[ [cos
⇣⇡
2
xj

⌘

sin
⇣⇡
2
xj

⌘or

Tensor diagrams of the approach

�(x)

W=

⇡

⇡

(Ms1Ms2 · · ·MsN )�s1s2···sN (x)

f(x) W · �(x)=

[A. Novikov, NIPS 2015]

W
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Linear scaling

=
�(x)

Wf(x)

Can use algorithm similar to DMRG to optimize

Scaling is N ·NT ·m3
N = size of input

NT = size of training set
m = MPS bond dimension

© Edwin Miles Stoudenmire, Flatiron Institute, 2018

Main approximation

W = order-N tensor

⇡
matrix 
product 
state (MPS)

⇡ PEPS ))
© Edwin Miles Stoudenmire, Flatiron Institute, 2018
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‣ Optimization algorithm scaling:                   

m: TT rank,       : Sample size

‣ Without “kernel trick”, avoiding        scaling problem

‣ Without deep layers transformation

‣ Feature sharing for multi-class function

‣ Adaptive learning

=f `(x)

2. Feature sharing

`

Progressively learn shared features
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TNs for Weight Compression & Kernel Learning
[E. Stoudenmire, NIPS 2016]O(NNTm
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Multi-class extension of model

f `(x) = W ` · �(x)

Index     runs over possible labels`

`

W `

W `

Predicted label is argmax`|f `(x)|

f `(x)

1. Tensor networks are adaptive

grayscale 
training 
data

{
boundary pixels not 
useful for learning



Fundamental theoretical questions:

‣ Are deep networks efficient w.r.t. shallow one for 
ConvNets?

‣ What kind of func can different network arch 
represent?

‣ What is the inductive bias of conv/pool window 
geometry?

‣ Do overlapping operations introduce efficiency?

‣ Can connectivity scheme be justified in terms of 
efficiency?
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Theoretical Analysis of ConvNets
Expressiveness of Convolutional Networks – Questions

Inductive Bias of Convolution/Pooling Geometry
ConvNets typically employ square conv/pool windows

Recently, dilated windows have also become popular

Q: What is the inductive bias of conv/pool window geometry?

Q: Can the geometries be tailored for a given task?

Nadav Cohen (Hebrew U.) Expressiveness of Convolutional Networks Science of Intelligence, 2017 12 / 44

Expressiveness of Convolutional Networks – Questions

E�ciency of Connectivity Schemes
Nearly all state of the art ConvNets employ elaborate connectivity schemes

DenseNet

Inception (GoogLeNet) ResNet

Q: Can this be justified in terms of e�ciency?

Nadav Cohen (Hebrew U.) Expressiveness of Convolutional Networks Science of Intelligence, 2017 14 / 44
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Relations Between TNs and DNNs

‣ Equivalence of Restricted Boltzmann Machines and Tensor Networks

‣ Equivalence of Deep Convolutional Network and Hierarchical Tucker 

Decomposition

‣ Recurrent Neural Networks and Tensor Train 

‣ Powerful tools to study theory behind DNN

CHEN, CHENG, XIE, WANG, AND XIANG PHYSICAL REVIEW B 97, 085104 (2018)

v1 v2 v3 v5v4 v6

h1 h2 h4

(a)

(c)

h3

A(1) AA(2) A(4)(3) A(5) A(6)

(b)

TNSRBM
Sec II

Sec III

FIG. 1. (a) Graphical representation of the RBM defined by
Eq. (2). The blue dots represent visible units v and the magenta dots
represent the hidden unitsh. They are coupled through the connections
indicated by the solid lines. (b) MPS defined by Eq. (3). Each red dot
denotes a three-index tensor A(i). Throughout this paper, we use dots
to represent units of RBM, and ball to represent tensors. Lines in the
RBM denote connection weights while lines in the tensor network
denote tensor indices. (c) RBM and TNS are two ways to parametrize
multivariable functions. With unlimited resources (number of hidden
units or bond dimensions) both of them can represent any function
to arbitrary accuracy. However, with limited resources they represent
two independent sets with overlapping region. Detailed discussions
on their relationship are given in Secs. II and III.

One can train an RBM by specifying its parameters such that
the probability distribution of the visible units reproduces that
of the input data [12,13]. The hidden units of a trained RBM
may also reveal correlations in the data with appealing physical
meanings. For example, in an RBM trained with a data set of
images containing handwritten digits, the connection weight
contains the information about the pen stokes [14]. These
learning features can be used either for discriminative tasks,
such as pattern recognition, or for generative tasks, such as
generating more samples according to the learned distribution.
RBM has played an important role in the recent renaissance of
deep learning [15,16] because of its versatile abilities in feature
extraction and dimensionality reduction of complex data sets.

Recently, RBM has attracted great attention in the field of
quantum many-body physics. Carleo and Troyer [17] proposed
an RBM inspired variational wave function to study quan-
tum many-body systems at or away from equilibrium. Deng
et al. [18] constructed exact RBM representations for several
interesting topological states. Torlai and Melko [19] trained an
RBM to reproduce the thermodynamics of a statistical physics
model. Huang and Wang [20] used RBM as a recommender
system to accelerate Monte Carlo simulation of quantum
many-body systems. Liu et al. [21] reported similar ideas using
classical spin models instead of the RBM.

These developments raise several critical questions about
the expressive power of neural nets in the physics contexts. Is
RBM more expressive than the standard variational wave func-
tions of quantum states [17]? Can RBM efficiently describe
the probability distribution of physical models at criticality
[19,20]? Unfortunately, the existing universal approximation
theorem [9– 11] and its further developments [22– 24] are
not particularly instructive for practical purpose because they
involve exponentially large resources, and it cannot be used
as a guiding principle to solve practical physical or industrial
problems.

In fact, the quest for more expressive wave function is cen-
tral to quantum many-body physics. An ideal parametrization
of wave function should accurately describe a quantum state
with exponentially large degree of freedoms with polynomial
resources. Tensor network states (TNS) [25] are promising
candidates to meet this demand. Figure 1(b) shows one of
the simplest TNS, the matrix product state (MPS) [26], as an
example. The MPS parametrizes a wave function ofnv physical
variables as

!MPS(v) = Tr
∏

i

A(i)[vi], (3)

where A(i) is a three-index tensor represented by a red dot in
Fig. 1(b). For a given value of vi , which is represented by a
dangling vertical bond, A(i)[vi] is a matrix. The dimension of
this matrix is commonly called the virtual bond dimension of
the MPS, indicated by the thickness of the horizontal bonds
in Fig. 1(b). Connecting these horizontal bonds is to take
tensor contraction over all the virtual degree of freedoms.
By increasing the bond dimension, MPS can represent with
increasing accuracy any complex multivariable functions [26].

MPS representation is equivalent to the tensor train decom-
positions in the applied math community [27]. Similarly, one
can connect higher-order tensors to represent a physical state
in a two-dimensional network. This kind of TNS is named
projected entangled pair state (PEPS) [28]. A generalization
of PEPS to include the entanglement of all particles in a
larger unit cell is call projected entangled simplex state (PESS)
[29]. In the past decades, solid theoretical understanding and
efficient numerical techniques for TNS have been established.
See [25,30] for pedagogical reviews on TNS. Moreover, the
application of TNS to classical systems also has a long history
(see [31– 33] for example).

The physics community also has an answer to the “unrea-
sonable effectiveness” of TNS. It relies on the entanglement
area law [34], which states that the entanglement entropy
scales just linearly with the boundary size separating any two
subsystems. The entanglement entropy [35] is a measure of
the information content between these two subsystems. Many
physical states of practical interests fulfill this area law [34].
It indicates that the degrees of freedom needed to describe
a quantum state of physical interest is generally much less
than the total degrees of freedom of the whole system. TNS
are designed to efficiently represent these quantum states
with relatively low entanglement entropy and have achieved
remarkable successes in the past decades [36].

RBM and TNS share some similarities in their mathematical
structures, especially expressed using the graphical language
in Figs. 1(a) and 1(b). As for machine learning, Refs. [2,8]
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Convolutional Arithmetic Circuits

Example 2: Deep Network Ωæ HT Decomposition
Deep network with size-2 pooling:
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corresponds to Hierarchical Tucker (HT) decomposition:
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Our main theoretical results are related to a comparison of the expressive power of these kinds of
networks. Namely, the question that we ask is as follows. Suppose that we are given a TT-Network.
How complex would be a CP- or HT-Network realizing the same score function? A natural measure
of complexity, in this case, would be the rank of the corresponding tensor decomposition. To make
transitioning between tensor decompositions and deep learning vocabulary easier, we introduce the
following table.

Table 1: Correspondence between languages of Tensor Analysis and Deep Learning.

Tensor Decompositions Deep Learning
CP-decomposition shallow network
TT-decomposition RNN
HT-decomposition CNN

rank of the decomposition width of the network

5 THEORETICAL ANALYSIS

In this section we prove the expressive power theorem for the Tensor Train decomposition, that is
we prove that given a random d-dimensional tensor in the TT format with ranks r and modes n, with
probability 1 this tensor will have exponentially large CP-rank. Note that the reverse result can not
hold true since TT-ranks can not be larger than CP-ranks: rankTT X  rankCP X .

It is known that the problem of determining the exact CP-rank of a tensor is NP-hard.

To bound CP-rank of a tensor the following lemma is useful.
Lemma 1. Let X i1i2...id and rankCP X = r. Then for any matricization X (s,t) we have
rankX (s,t)  r, where the ordinary matrix rank is assumed.

Proof. Proof is based on the following observation. Let

Ai1i2...id = vi1
1 vi2

2 . . . vid
d

,

be a CP-rank 1 tensor. Note for any s, t

rankA(s,t) = 1,

because A(s,t) can be written as uwT for some u and w. Then the statement of the lemma follows
from the facts that matricization is a linear operation, and that for matrices

rank(A + B)  rank A + rank B.

We use this lemma to provide a lower bound on the CP-rank in the theorem formulated below. For
example, suppose that we found some matricization of a tensor X which has matrix rank r. Then,
by using the lemma we can estimate that rankCP X � r.

Let us denote n = (n1, n2 . . . nd). Set of all tensors X with mode sizes n representable in TT-format
with

rankTT X  r,
for some vector of positive integers r (inequality is understood entry-wise) forms an irreducible
algebraic variety (Shafarevich & Hirsch (1994)), which we denote by Mr. This means that Mr is
defined by a set of polynomial equations in Rn1⇥n2...nd , and that it can not be written as a union
(not necessarily disjoint) of two proper non-empty algebraic subsets. An example where the latter
property does not hold would be the union of axes x = 0 and y = 0 in R2, which is an algebraic
set defined by the equation xy = 0. The main fact that we use about irreducible algebraic varieties
is that any proper algebraic subset of them necessarily has measure 0 (Ilyashenko & Yakovenko
(2008)).

6
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3. Combining the obtained and known results, we compare the expressive power of recurrent
(TT), convolutional (HT), and shallow (CP) networks with each other (see Table 2).

G2G1 G3 Gd

f✓(x1) f✓(x2) f✓(x3) f✓(xd)

z1 z2 zd�1 ly(X)

Figure 1: Recurrent-type neural architecture that corresponds to the Tensor Train decomposition.
Gray circles are bilinear maps (for details see Section 4).

2 DEEP LEARNING AND TENSOR NETWORKS

In this section, we review the known connections between tensor decompositions and deep learn-
ing and then show the new connection between Tensor Train decomposition and recurrent neural
networks.

Suppose that we have a classification problem and a dataset of pairs {(X(b)
, y

(b))}N

b=1. Let us
assume that each object X

(b) is represented as a sequence of vectors

X
(b) = (x1, x2, . . . xd), xk 2 Rn

, (1)

which is often the case. To find this kind of representation for images, several approaches are
possible. The approach that we follow is to split an image into patches of small size, possibly
overlapping, and arrange the vectorized patches in a certain order. An example of this procedure is

41 32
5 …6

Figure 2: Representation of an image in the form of Eq. (1). A window of size 7 ⇥ 7 moves across
the image of size 28 ⇥ 28 extracting image patches, which are then vectorized and arranged into a
matrix of size 49 ⇥ 16.

presented on Fig. 2.

We use lower-dimensional representations of {xk}d

k=1. For this we introduce a collection of pa-
rameter dependent feature maps {f✓` : Rn ! R}m

`=1, which are organized into a representation
map

f✓ : Rn ! Rm
.

A typical choice for such a map is
f✓(x) = �(Ax + b),

that is an affine map followed by some nonlinear activation �. In the image case if X was constructed
using the procedure described above, the map f✓ resembles the traditional convolutional maps – each
image patch is projected by an affine map with parameters shared across all the patches, which is
followed by a pointwise activation function.

Score functions considered in Cohen et al. (2016) can be written in the form

ly(X) = hWy, �(X)i, (2)

2

[Chen et al, Physical Review B, 2018]

[N. Cohen & A. Shashua, ICML 2016]

[Khrulkov, ICLR 2018]

Convolutional Arithmetic Circuits

Convolutional Arithmetic Circuits
Ωæ Hierarchical Tensor Decompositions

Observation
Grid tensors of func realized by ConvACs are given by hierarchical tensor
decompositions:

network structure Ωæ decomposition type
(depth, width, pooling etc) (dim tree, internal ranks etc)

network weights Ωæ decomposition parameters

We can study networks through corresponding decompositions!

Nadav Cohen (Hebrew U.) Expressiveness of Convolutional Networks Science of Intelligence, 2017 21 / 44

[Carleo et al, Science, 2017]
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Tensor Networks for Large-Scale Optimization Problems

‣ Fast ALS/DMRG algorithm

‣ Applicable to large-scale 
SVD/PCA/CCA and etc

166 TT Networks for Optimization Problems
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Figure 6.7: The conceptual TT network for the computation of a single extreme
eigenvalue, l, and the corresponding eigenvector, x RI , for a symmetric matrix
A RI I . The frame matrix maps the TT core into a large vector. The tensor net-
work corresponds to the Rayleigh quotient, where the matrix A and vectors x RI

are given in the tensor train format with distributed indices I = I1 I2 IN . The cores
in the shaded areas form the matrix A(n) (the effective Hamiltonian), which can be
computed by sequential contraction of TT cores.

with the frame matrices:

X n = X n
L IIn L (X n)T RI1 I2 IN Rn 1 InRn . (6.32)

Since the cores X(m) for m n are constrained to be left- and right-
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eigenvalue, l, and the corresponding eigenvector, x RI , for a symmetric matrix
A RI I . The frame matrix maps the TT core into a large vector. The tensor net-
work corresponds to the Rayleigh quotient, where the matrix A and vectors x RI

are given in the tensor train format with distributed indices I = I1 I2 IN . The cores
in the shaded areas form the matrix A(n) (the effective Hamiltonian), which can be
computed by sequential contraction of TT cores.

with the frame matrices:

X n = X n
L IIn L (X n)T RI1 I2 IN Rn 1 InRn . (6.32)

Since the cores X(m) for m n are constrained to be left- and right-
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Figure 2.20: Forms of tensor train decompositions for a vector, a RI , matrix,
A RI J , and 3rd-order tensor, A RI J K (by applying a suitable tensorization).

TT-cores need to be stored and processed, which makes the number of
parameters to scale linearly in the tensor order, N , of a data tensor and
all mathematical operations are then performed only on the low-order
and relatively small size core tensors.

The TT rank is defined as an N 1 -tuple of the form

rankTT X rT T R1, . . . , RN 1 , Rn rank X n , (2.21)

where X n RI1 In In 1 IN is an nth canonical matricization of
the tensor X. Since the TT rank determines memory requirements
of a tensor train, it has a strong impact on the complexity, i.e., the
suitability of tensor train representation for a given raw data tensor.

The number of data samples to be stored scales linearly in the tensor
order, N , and the size, I, and quadratically in the maximum TT rank
bound, R, that is

N

n 1
Rn 1RnIn O NR

2
I , R : max

n
Rn , I : max

n
In . (2.22)

This is why it is crucially important to have low-rank TT approxima-
tions7. A drawback of the TT format is that the ranks of a tensor train

7In the worst case scenario the TT ranks can grow up to I N 2 for an Nth-order
tensor.
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TT-cores need to be stored and processed, which makes the number of
parameters to scale linearly in the tensor order, N , of a data tensor and
all mathematical operations are then performed only on the low-order
and relatively small size core tensors.

The TT rank is defined as an N 1 -tuple of the form

rankTT X rT T R1, . . . , RN 1 , Rn rank X n , (2.21)

where X n RI1 In In 1 IN is an nth canonical matricization of
the tensor X. Since the TT rank determines memory requirements
of a tensor train, it has a strong impact on the complexity, i.e., the
suitability of tensor train representation for a given raw data tensor.

The number of data samples to be stored scales linearly in the tensor
order, N , and the size, I, and quadratically in the maximum TT rank
bound, R, that is

N

n 1
Rn 1RnIn O NR

2
I , R : max

n
Rn , I : max

n
In . (2.22)

This is why it is crucially important to have low-rank TT approxima-
tions7. A drawback of the TT format is that the ranks of a tensor train

7In the worst case scenario the TT ranks can grow up to I N 2 for an Nth-order
tensor.

‣ TT format of a large matrix

‣ TT format of a large vector
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Research Scheme

‣  Study the fundamental principle of tensor networks 

‣  Investigate tensor networks for data representation

‣  Investigate tensor networks for model representation

‣  Explore the potential applications of tensor methods
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Fundamental Tensor Network Model

TT representation
‣ Powerful but still some limitations

‣ TT-ranks of middle cores are large 

Tensor ring representation
‣ Generalized TT without constraints on boundary cores

‣ Sum of TT with shared core tensors

‣ Efficient computation for multilinear operations

‣ Highly expressive model

Q. ZHAO et al. TENSOR RING DECOMPOSITION 3

summation over the indices of that mode. As we can see
from (2), Z1 and Z2 is multiplied along one dimension in-
dexed by ↵2, which is thus denoted by a connection together
with the size of that mode (i.e., r2) in the graph. It should be
noted that Zd is connected to Z1 by the summation over the
index ↵1, which corresponding to the trace operation. From
the graphical representation and mathematic expression in
(1), we can easily derive that TR representation is a circular
multilinear products of a sequence of 3rd-order tensors,
resulting in that the sequence can be shifted circularly
without changing the result essentially, which corresponds
to a circular shift of tensor modes. Since our model graph-
ically looks like a ring and its multilinear operations can
be circularly shifted, we thus call it naturally as tensor ring
decomposition. For simplicity, we denote TR decomposition
by T = <(Z1,Z2, . . . ,Zd).

Tn1

nd · · ·

nk

· · ·n2

= Z1

Zd · · ·

Zk

· · ·Z2

n1

nd · · ·

nk

· · ·n2

r1

r2

rd

rk+1

rk

r3

Fig. 1. A graphical representation of the tensor ring decomposition

Theorem 2.1. Circular dimensional permutation invari-

ance. Let T 2 Rn1⇥n2⇥...⇥nd be a dth-order tensor and
its TR decomposition is given by T = <(Z1,Z2, . . . ,Zd).
If we define

 �T k
2 Rnk+1⇥···⇥nd⇥n1⇥···⇥nk as circularly

shifting the dimensions of T by k, then we have
 �T k =

<(Zk+1, . . . ,Zd,Z1, . . .Zk).

It is obvious that (1) can be easily rewritten as

T (i1, i2, . . . , id) = Tr(Z2(i2),Z3(i3), . . . ,Zd(id),Z1(i1))

= · · · = Tr(Zd(id),Z1(i1), . . . ,Zd�1(id�1)). (4)

Therefore, we have
 �T k = <(Zk+1, . . . ,Zd,Z1, . . . ,Zk).

It should be noted that this property is an essential
feature that distinguishes TR decomposition from the TT de-
composition. For TT decomposition, the product of matrices
must keep a strictly sequential order, which results in that
the cores for representing the same tensor with a circular
dimension shifting cannot keep invariance. Hence, it is
necessary to choose an optimal dimensional permutation
when applying the TT decomposition.

3 LEARNING ALGORITHMS

In this section, we develop several algorithms to learn the
TR model. Since the exact tensor decompositions usually
require heavy computation and storage, we focus on the
low-rank tensor approximation under the TR framework.
The selection of the optimum TR-ranks r 2 Rd is a challeng-
ing model selection problem. In general, r can be manually

given, or be optimized based on the specific objective func-
tion such as nuclear norm or maximum marginal likelihood.
Since the true noise distribution is unknown in practice, we
usually prefer to a low-rank approximation of the data with
a relative error that can be controlled in an arbitrary scale.
Therefore, given a tensor T , our main objective is to seek
a set of cores which can approximate T with a prescribed
relative error ✏p, while the TR-ranks are minimum, i.e.,

min
Z1,...,Zd

: r

s. t. : kT �<(Z1,Z2, . . . ,Zd)kF  ✏pkT kF .
(5)

Definition 3.1. Let T 2 Rn1⇥n2⇥···⇥nd be a dth-order tensor.
The k-unfolding of T is a matrix, denoted by Thki of sizeQk

i=1 ni ⇥
Qd

i=k+1 ni, whose elements are defined by

Thki(i1 · · · ik, ik+1 · · · id) = T (i1, i2, . . . , id), (6)

where the first k indices enumerate the rows of Thki, and
the last d� k indices for its columns.

Definition 3.2. The mode-k unfolding matrix of T is denoted
by T[k] of size nk ⇥

Q
j 6=k nj with its elements defined by

T[k](ik, ik+1 · · · idi1 · · · ik�1) = T (i1, i2, . . . , id), (7)

where kth index enumerate the rows of T[k], and the rest
d � 1 indices for its columns. Note that the classical mode-k
unfolding matrix is denoted by T(k) of size nk⇥

Q
j 6=k nj and

defined by

T(k)(ik, i1 · · · ik�1ik+1 · · · id) = T (i1, i2, . . . , id). (8)

The difference between these two types of mode-k unfold-
ing operations lie in the ordering of indices associated to the
d � 1 modes, which corresponds to a specific dimensional
permutation performed on T . We use these two type of
definitions for clarity and notation simplicity.

Definition 3.3. Let T = <(Z1,Z2, . . . ,Zd) be a TR repre-
sentation of dth-order tensor, where Zk 2 Rrk⇥nk⇥rk+1 , k =
1, . . . , d be a sequence of cores. Since the adjacent cores Zk

and Zk+1 have an equivalent mode size rk+1, they can be
merged into a single core by multilinear products, which is
defined by Z(k,k+1)

2 Rrk⇥nknk+1⇥rk+2 whose lateral slice
matrices are given by

Z(k,k+1)(ikik+1) = Zk(ik)Zk+1(ik+1). (9)

Note that Zk, k = 1, . . . , d forms a circular sequence, imply-
ing that Zd is linked to Z1 as well. This merging operation
can be extended straightforwardly to multiple linked cores.

The new core obtained by merging multiple linked cores
Z1, . . . ,Zk�1, called a subchain, is defined and denoted
by Z<k

2 Rr1⇥
Qk�1

j=1 nj⇥rk whose lateral slice matrices are
given by

Z<k(i1 · · · ik�1) =
k�1Y

j=1

Zj(ij). (10)

Similarly, the subchain tensor by merging multiple
linked cores Zk+1, . . . ,Zd is denoted by Z>k

2

Rrk+1⇥
Qd

j=k+1 nj⇥r1 whose lateral slice matrices are defined
as

Z>k(ik+1 · · · id) =
dY

j=k+1

Zj(ij). (11)

Tensor Ring 
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TT-cores need to be stored and processed, which makes the number of
parameters to scale linearly in the tensor order, N , of a data tensor and
all mathematical operations are then performed only on the low-order
and relatively small size core tensors.

The TT rank is defined as an N 1 -tuple of the form

rankTT X rT T R1, . . . , RN 1 , Rn rank X n , (2.21)

where X n RI1 In In 1 IN is an nth canonical matricization of
the tensor X. Since the TT rank determines memory requirements
of a tensor train, it has a strong impact on the complexity, i.e., the
suitability of tensor train representation for a given raw data tensor.

The number of data samples to be stored scales linearly in the tensor
order, N , and the size, I, and quadratically in the maximum TT rank
bound, R, that is

N

n 1
Rn 1RnIn O NR

2
I , R : max

n
Rn , I : max

n
In . (2.22)

This is why it is crucially important to have low-rank TT approxima-
tions7. A drawback of the TT format is that the ranks of a tensor train

7In the worst case scenario the TT ranks can grow up to I N 2 for an Nth-order
tensor.
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Figure 2.19: Concepts of the tensor train (TT) and tensor chain (TC) de-
compositions (MPS with OBC and PBC, respectively) for an Nth-order data
tensor, X RI1 I2 IN . (a) Tensor Train (TT) can be mathematically de-
scribed as xi1,i2,...,iN G

1
i1 G

2
i2 G

N
iN

, where (bottom panel) the slice
matrices of TT-cores G

n RRn 1 In Rn are defined as G
n

in
G

n :, in, :
RRn 1 Rn with R0 RN 1. (b) For the Tensor Chain (TC), the en-

tries of a tensor are expressed as xi1,i2,...,iN tr G
1

i1 G
2

i2 G
N

iN
R1

r1 1

R2

r2 1

RN

rN 1
g 1

rN , i1, r1 g 2
r1, i2, r2 g N

rN 1, iN , rN
, where (bottom panel) the lat-

eral slices of the TC-cores are defined as G
n

in
G

n :, in, : RRn 1 Rn and
g n

rn 1, in, rn
G

n rn 1, in, rn for n 1, 2, . . . , N , with R0 RN 1. Notice
that TC/MPS is e�ectively a TT with a single loop connecting the first and the last
core, so that all TC-cores are of 3rd-order.

Tensor Train

[Zhao et al, ICLR workshop 2018, ICASSP 2019]
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Tensor Networks for Data Representation

Real data is often high-dimensional

‣ Recommender system (user x item x time)

‣ Gene expression, remote sensing, fMRI

Real data is often incomplete
‣ Low-rank approximation via convex optimization (high computation cost)

‣ Decomposition based approach (model selection problem)

‣ How much structure information can be used?

Multilinear multitask learning

Tasks are associated with multiple indices, e.g. predict a rating
given to di↵erent aspects of a restaurant by di↵erent critics

Tasks’ regression vectors are “vertical” fibers of the tensor, e.g.
( , ‘food’)

4 / 36
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Tensor Networks for Data Imputation

Tensor completion based on TT/TR decomposition

Recovered data

Approximated entries

Prediction

Observed entries

Observed data

High-order  
tensorization

Algorithm 3 Tensor-train Stochastic Gradient Descent (TTSGD)

1: Input: Incomplete tensor Y and TT � rank r.

2: Initialization: core tensors G
(1),G(2), · · · ,G(N)of approximated tensor X .

3: While the optimization stopping condition is not satisfied

4: Randomly sample one observed entry from Y.

5: For i=1:N

6: Compute @f

@G
(n)
imn

= (ym � xm)(G>n
imn

G
<n
imn

)T .

7: End

8: Update corresponding G
(n)
imn

by gradient descent method.

9: End while

10: Output: G
(1),G(2), · · · ,G(N)

.

3.4. Computational Complexity

For tensorX 2 RI1⇥I2⇥···⇥IN with number of observed entriesM , we assume

all I1, I2, · · · , IN is equal to I, and r1 = r2 = · · · = rN�1 = r. According equa-

tion 10, 20 and 15,we list the computational complexity of our three algorithms

for every iteration in table 1. Though the time complexity will exponentially

increase by data dimensions, STTOPT and TTSGD is free from dimensionality

so they can deal with large-scale data. Besides, TTSGD uses the least time
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From Tensorization to Linear Transformation

In the simplest case, the completion problem can be solved 
by the following optimization problem:
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We can see that (2) degenerates (1) when K = 1 and Q1

is the identical function. But the difference with NNM is
that MCMT looks for the low-rank solution under linear
transformations rather than the matrix itself. It implies that
(2) can be used to complete the matrix that has a high-rank
structure.
Comparison with matrix sensing. Matrix sensing is to re-
cover the original matrix from the Gaussian measurements.
The model is formalized as

min
X2Rm1⇥m2

kXk⇤ , s.t. kQ(X)�Q(Y)kF < �, (3)

where the entries of Q follows the i.i.d. Gaussian distribu-
tion. Compared with (2), (3) only consider the linear trans-
formation Q in the constraint term. Furthermore, matrix
sensing also exploit the low-rank structure of the original
matrix like NNM, while MCMT takes into account the ad-
ditional low-rank structures under linear transformations.

comparison with CTD. As mentioned in the related
works, CTD is to seek for the approximation of a tensor
with multi-linear low-rank structures. For a K-th order ten-
sor and its perturbed variant Y , CTD is given by [?]

minX2Rm1⇥m2

X

i2[K]

���[X ](i)

���
⇤
,

s.t. kP⌦(X )� P⌦(Y)kF < �,

(4)

where [X ](i) denotes unfolding the tensor X along i-th
order [?]. Due to the fact that the unfolding operations
are linear functions, (4) is a special case of MCMT when
Qi(·) = [ · ](i). It is worthwhile to mention that tensor
unfolding only rearrange the tensor into different shapes,
but MCMT can use more general linear functions like re-
sampling, rotation and stretching in the linear space to dig
more structures of the matrix.

2.4. Examples of Qi in MCMT

In MCMT, the linear transformations Qi, 8i can be used
to formulate specific operations in various CV applications.
Here we show some examples.

Example 1 (non-local image restoration). To exploit the
non-local similarity of the images, the methods usually split
the whole matrix into many “non-local groups”, and each
group is a concatenation of similar patches of the image.
We can see that such grouping operation is mathematically
a down-sampling (definitely linear) function from the image
to the non-local group. Therefore, each Qi(X), i 2 [K] in
(2) corresponds to K non-local groups, and solving (2) is
to find the optimal low-rank approximation for each non-
local group and then merge the approximations back to the
global image.

Example 2 (occlusion removal). In the occlusion removal
problem, the original image is generally covered by some

other objects, and the aim of this application is to recover
the hidden part of the image. To solve this problem, the pre-
vious study [?] assume that both the original image and the
covered part have the low-rank structures. By using MCMT,
we can specify K = 2, set Q1 to be the identical function
to catch the low-rank structure of the image, and set Q2 to
obtain the covered sub-image with the low-rank structures.

Besides these examples, we can also specify Qi as the
2-D wavelet filters to catch the short-term fluctuation of
the image under multiple resolutions or even random shuf-
fling [?].

3. Identifiablity

One of the advantage of LRMC is that the completion
performance is theoretically guaranteed. In this section,
we theoretically analyze the reconstruction error of MCMT,
and reveal what conditions Qi, 8i should satisfy for exact
recovery.

In the rest of this section, we first establish an upper
bound of MCMT under a single linear transformation, i.e.
K = 1. After that, we extend the results to the case of
multiple transformations.

3.1. Single linear transformation

Assume that M0 2 Rm1⇥m2 denotes the “true” ma-
trix that we want to recover, and its rank equals R. The
noised variant of M0 is generated by Y = M0 +H where
the entries of H obey the i.i.d. Gaussian distribution, i.e.
H(i, j) ⇠ N(0,�2) for all i 2 [m1], j 2 [m2]. With the
single linear transformation, we simplify (2) as

min
X2Rm1⇥m2

kQ(X)k⇤ s.t. kP⌦(X)� P⌦(Y)kF  �,

(5)

where the subscript of Q 2 Rm1⇥m2⇥n1⇥n2 is removed
for brevity. Let Q(M0) = UDV

> be the truncated
singular value decomposition (SVD), in which only the
singular vectors with respect to non-zero singular val-
ues are kept. Furthermore, we define a linear space
T =

n
UX

> +YV
>
|X 2 Rn1⇥R, Y 2 Rn2⇥R

o
, which

reflects the properties of the neighborhood around M0. Let
T? denote the orthogonal complement to T. Based on the
dual theory, we define the dual certificate for unique solu-
tion of (5) as follow:

Definition 2 (Dual certificate). A matrix ⇤ 2 Rm1⇥m2 is
defined as a dual certificate of (5), if P⌦(⇤) = ⇤ and ⇤

can be decomposed as

⇤ = Q
?
⇣
UV

> +R⇤

⌘
, (6)

where R⇤ = PT? (⇤), PT? denotes the projection to T?

and kR⇤k2  1.

3

Linear transformation 

With mild conditions, the solution of the above problem obeys
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The existence of the dual certificate was proved as a
critical condition to ensure the exact recovery in previous
work [?]. The following lemma shows how Definition 2
certifies that the M0 is one the optimal solutions to (5).

Lemma 1. Assume there exists a dual certificate ⇤ and the
perturbation H obeying P⌦(H) = 0. Then the inequality

kQ(M0 +H)k⇤

� kQ(M0)k⇤ + (1� kR⇤k2) kPT?Q(H)k⇤
(7)

obeys.

The proof is given in the supplementary material.
Lemma 1 reflects how the perturbation H changes the

objective function in (5), and any perturbation around M0

cannot decrease the objective function. It means that M0 is
one of the solutions to (5). Furthermore, Lemma 1 degener-
ates to Lemma 4 in [?] if we specify Q to be the identity.

However, the imposed linear transformation Q lead to a
new problem compared to the conventional studies. Lemma
1 cannot guarantee that M0 is the unique solution to (5). It
can be seen from the second term of the right side of (7)
that the perturbation H could vanish in the null space of Q.
To prove the theoretical guarantee for (5), we further make
the following assumption to restrict the relation of the null
space of Q and P⌦:

Assumption 1. Let NQ and N⌦ denote the null of the linear
transformations Q and P⌦, respectively. We assume that
the relation NQ \ N⌦ = {0} obeys.

It can be inferred from Assumption 1 that Q (H) 6= 0
for all the perturbation HwithP⌦(H) = 0. Assumption 1
can be also considered as the strong convexity assumption
of (5), which is illustrated by the following proposition:

Proposition 1. Assume that the null space of P⌦ is not triv-
ial, i.e. N⌦ 6= {0}, and M0 is the unique solution of (5),
then Assumption 1 should be satisfied.

Proof. For contradiction, Assume that Assumption 1 is not
satisfied, then there exists a non-zero perturbation H 2 N⌦

on the missing entries such that Q (H) = 0 holds. Thus the
objective function

kQ(M0 +H)k⇤ = kQ(M0) +Q(H)k⇤ = kQ(M0)k⇤.
(8)

It implies that M̂ = M0 +H 6= M0 is also the solution of
(5), which violates the assumption in the proposition.

The strong convexity of (5) guarantee the uniqueness of
the solution. With the dual certificate and Assumption 1, we
propose the main result of our paper in the case of single
linear transformation.

Theorem 1 (Error bound for a single Q). With Assumption
1, and suppose the additional assumptions:

i) there exists a dual certificate obeying kR⇤k2 < 1;

ii) 9p > 0, s.t.PTQP⌦Q
?
PT ⌫ pI

iii) The product [Q]h2i · [Q]?h2i is a diagonal matrix.

Then the solution of (5) M̂ obeys

kM̂�M0kF

 2� ·
cond(Q)

1� kR⇤k2

s
min{n1, n2}(p+ k [Q]h2i k

2
2)

p
.

(9)

The proof is given in the supplemental material.
First, We consider the four assumptions given in Theo-

rem 1. As mentioned above, Assumption 1 and condition
(i) guarantee the uniqueness of the solution to (1), but it is
not ensured that the unique solution M̂ equals the “true”
matrix M0 due to the existence of projection PT? in (7).
To constraint the structure of PT? , we impose the condition
(ii), which represents that a sequential product of the func-
tions PT, Q and P⌦ is positive definite, and the constant p
can be considered as the “incoherence” level among these
functions. The condition (iii) further constraints the rows of
[Q]h2i to be orthogonal to each other, which is useful for the
proof procedure of the theorem.

Second, we consider the upper bound given in (9). We
can find that the reconstruction error of (5) is upper bounded
by not only the parameter � with respect to the noise
strength but also the properties of the linear transforma-
tion Q. If Q is a well-posed linear function, then the upper
bound from (9) tends to zero when decreasing �. It implies
that the missing entries can be exactly recovered when there
is no noise.

3.2. Extension to multiple Q’s

Compared to the case under single Q, the the model
(2) exploit the multiple low-rank structures under differ-
ent linear transformations. To bound the reconstruction
error of (2), we construct a block diagonal tensor eQ by
which we let eQ(X) be equal to

P
i2[K] kQi(X)k⇤. Math-

ematically, the entries of the constructed 4th-order tensor
eQ 2 Rm1⇥m2⇥

Q
i2[K] n

(i)
1 ⇥

Q
j2[K] n

(j)
2 obey the following

equation:

eQ(:, :,
Y

k2[i�1]

N (i)
1 :

Y

k2[i]

N (i)
1 ,

Y

k2[i�1]

N (i)
2 :

Y

k2[i]

N (i)
2 )

= Qi, i 2 [K],
(10)

where we use the Matlab2 index to denote a sub-block of
a tensor. Using eQ, it is easy to be found that eQ(X) is a

2https://www.mathworks.com/products/matlab.html
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M̂
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Estimation 
M0
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Ground truth 
cond(·)
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Condition number

R⇤
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A matrix related to dual certificate

 [Chao et al, CVPR’19]



 18

Beyond Unfolding: Reshuffling Operation

(a) a 3rd-order tensor with the size 3x3x3

Mode-1 Unfolding

Reshuffling

(b) The unfolded matrix X along the frist mode

(c) The matrix Y by the propsoed tensor reshuffling

mode-1

mode-3

mode-2

The correspondence
m

od
e-

1

mode-2 mode-2 mode-2

mode-3

high rank

low rank

“Restore the Rubix Cube”

Mode-3 Unfolding

Fig. Difference between tensor unfolding and reshuffling. 
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Reshuffled Tensor Decomposition
Image steganography is to hide a secret image into cover image

Low-rank image steganography

In our study, we’ like to

hide a full-size RGB images (e.g. 2K ◊ 2K ) into a grayscale image;

choose the images from di�erent fields, e.g. natural, cartoon;

try to give an invisible change on the cover images.

strength para.

containercover

secret
our method

reconstruction

Random permutation
Fig. 14 Block diagram of the system scheme used in the experiment.
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Main Results

Additional Assumption

We further assume that each component Ai has the low-rank structure.

The latent components can be exactly recovered by solving the following

problem:

min
Ai , iœ[N]

Nÿ

i=1
ÎAiÎú, s.t., X =

Nÿ

i=1
Ri(Ai), (2)

where we employ the matrix nuclear norm Î · Îú in the model as a surrogate

of the matrix rank.

In our study,

1. We develop a algorithm called Reshu�ed-TD to solve the model (2),

and the convergence of the algorithm is guaranteed.

2. We rigorously prove that the components can be exactly recovered if

the incoherence conditions are satisfied.

Chao Li (RIKEN-AIP) Tensor Learning Unit February 23, 2019 4 / 30
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Tensor Networks for Model Representation

Deep Multi-task Learning

‣ Cannot handle data from 

multiple sources/modalities

‣ Cannot deal with 

heterogeneous network for 

individual task

‣ Lack flexibility in knowledge-

sharing mechanism 

Under review as a conference paper at ICLR 2019
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Figure 1: The overall sharing mechanisms of MRN, two variants of DMTRL (for the setting of CNN)
and our TRMTL w.r.t. two tasks. The shared portion is depicted in yellow. The circles, squares and
thin rectangles represent tensor cores, matrices and vectors, respectively. MRN: original weights are
totally shared at the lower layers and the relatedness between tasks at the top layers is modeled by
tensor normal priors. DMTRL (TT or Tucker): all layer-wise weights must be equal-sized so as to
be stacked and decomposed into factors. For each task, almost all the factors are shard at each layer
except the very last 1D vector. Such pattern of sharing is identical at all layers. TRMTL: layer-wise
weights are separately encoded into TR-formats for different tasks, and a subset of latent cores are
selected to be tied across two tasks. The portions of sharing can be different from layer to layer.

phones and wearable computers. Yang & Hospedales (2017) alleviated the issue by integrating ten-
sor factorization with deep MTL and proposed deep multi-task representation learning (DMTRL).
Specifically, they first stack up the layer-wise weights from all tasks and then decompose them into
low-rank factors, yielding a succinct deep MTL model with fewer parameters. Despite the compact-
ness of the model, DMTRL turns out to be rather restricted on sharing knowledge effectively. This
is because, as shown in Figure 1, DMTRL (TT or Tucker) shares almost all fractions of layer-wise
weights as common factors, leaving only a tiny portion of weights to encode the task-specific in-
formation. Even worse, such pattern of sharing must be identical across all hidden layers, which is
vulnerable to the negative transfer of the features. As an effect, the common factors become highly
dominant at each layer and greatly suppress model’s capability in expressing task-specific variations.

The last challenge arises from the flexibility of architecture in deep MTL. Most of deep MTL models
force tasks to have the equal-sized layer-wise weights or input dimensionality. This restriction makes
little sense for the case of loosely-related tasks, since individual tasks’ features (input data) can be
quite different and the sizes of layer-wise features (input data) may vary a lot from task to task.

In this work, we provide a generalized latent-subspace based solution to addressing aforementioned
difficulties of deep MTL, from all aspects of effectiveness, efficiency and flexibility. Regarding the
effectiveness, we propose to share different portions of weights as common knowledge at distinct
layers, so that each individual task can better convey its private knowledge. As for the efficiency,
our proposal shares knowledge in the latent subspace instead of original space by utilizing a general
tensor ring (TR) representation with a sequence of latent cores (Zhao et al., 2016; 2017). One moti-
vation of TR for MTL is it generalizes other chain structured tensor networks (Cichocki et al., 2016),
especially tensor train (TT) (Oseledets, 2011), in terms of model expressivity power, as TR can be
formulated as a sum of TT networks. On the other hand, TR is able to approximate tensors using
lower overall ranks than TT does (Zhao et al., 2016), thus yielding a more compact and sparsely-
connected model with significantly less parameters for deep MTL. Adopting TR-format with much
lower ranks could bring more benefits to deep MTL if we tensorize a layer-wise weight of each
task into a higher-order weight tensor, since the weight can be decomposed into a relatively larger
number but smaller-sized cores. This in turn facilitates the sharing of cores at a finer granularity and
further enhances the effectiveness of sharing. Additionally, Zhao et al. (2017) observed that different
cores control different levels of correlations in tensor data, e.g. for a tensorized image, each core
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 [Long et al. NIPS 2017]
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Figure 1: The overall sharing mechanisms of MRN, two variants of DMTRL (for the setting of CNN)
and our TRMTL w.r.t. two tasks. The shared portion is depicted in yellow. The circles, squares and
thin rectangles represent tensor cores, matrices and vectors, respectively. MRN: original weights are
totally shared at the lower layers and the relatedness between tasks at the top layers is modeled by
tensor normal priors. DMTRL (TT or Tucker): all layer-wise weights must be equal-sized so as to
be stacked and decomposed into factors. For each task, almost all the factors are shard at each layer
except the very last 1D vector. Such pattern of sharing is identical at all layers. TRMTL: layer-wise
weights are separately encoded into TR-formats for different tasks, and a subset of latent cores are
selected to be tied across two tasks. The portions of sharing can be different from layer to layer.

phones and wearable computers. Yang & Hospedales (2017) alleviated the issue by integrating ten-
sor factorization with deep MTL and proposed deep multi-task representation learning (DMTRL).
Specifically, they first stack up the layer-wise weights from all tasks and then decompose them into
low-rank factors, yielding a succinct deep MTL model with fewer parameters. Despite the compact-
ness of the model, DMTRL turns out to be rather restricted on sharing knowledge effectively. This
is because, as shown in Figure 1, DMTRL (TT or Tucker) shares almost all fractions of layer-wise
weights as common factors, leaving only a tiny portion of weights to encode the task-specific in-
formation. Even worse, such pattern of sharing must be identical across all hidden layers, which is
vulnerable to the negative transfer of the features. As an effect, the common factors become highly
dominant at each layer and greatly suppress model’s capability in expressing task-specific variations.

The last challenge arises from the flexibility of architecture in deep MTL. Most of deep MTL models
force tasks to have the equal-sized layer-wise weights or input dimensionality. This restriction makes
little sense for the case of loosely-related tasks, since individual tasks’ features (input data) can be
quite different and the sizes of layer-wise features (input data) may vary a lot from task to task.

In this work, we provide a generalized latent-subspace based solution to addressing aforementioned
difficulties of deep MTL, from all aspects of effectiveness, efficiency and flexibility. Regarding the
effectiveness, we propose to share different portions of weights as common knowledge at distinct
layers, so that each individual task can better convey its private knowledge. As for the efficiency,
our proposal shares knowledge in the latent subspace instead of original space by utilizing a general
tensor ring (TR) representation with a sequence of latent cores (Zhao et al., 2016; 2017). One moti-
vation of TR for MTL is it generalizes other chain structured tensor networks (Cichocki et al., 2016),
especially tensor train (TT) (Oseledets, 2011), in terms of model expressivity power, as TR can be
formulated as a sum of TT networks. On the other hand, TR is able to approximate tensors using
lower overall ranks than TT does (Zhao et al., 2016), thus yielding a more compact and sparsely-
connected model with significantly less parameters for deep MTL. Adopting TR-format with much
lower ranks could bring more benefits to deep MTL if we tensorize a layer-wise weight of each
task into a higher-order weight tensor, since the weight can be decomposed into a relatively larger
number but smaller-sized cores. This in turn facilitates the sharing of cores at a finer granularity and
further enhances the effectiveness of sharing. Additionally, Zhao et al. (2017) observed that different
cores control different levels of correlations in tensor data, e.g. for a tensorized image, each core

2

[Yang et al, ICLR 2017]  



 21

Tensor Ring Multi-task Learning

‣ Heterogeneous DNN for each task

‣ Subset of TR-cores are shared among 

tasks

‣ Flexibility in knowledge-sharing pattern 

‣ High efficiency by sharing information in 

latent space

‣ Disadvantages: choosing the best cores 

for sharing is difficult. 
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Figure 1: The overall sharing mechanisms of MRN, two variants of DMTRL (for the setting of CNN)
and our TRMTL w.r.t. two tasks. The shared portion is depicted in yellow. The circles, squares and
thin rectangles represent tensor cores, matrices and vectors, respectively. MRN: original weights are
totally shared at the lower layers and the relatedness between tasks at the top layers is modeled by
tensor normal priors. DMTRL (TT or Tucker): all layer-wise weights must be equal-sized so as to
be stacked and decomposed into factors. For each task, almost all the factors are shard at each layer
except the very last 1D vector. Such pattern of sharing is identical at all layers. TRMTL: layer-wise
weights are separately encoded into TR-formats for different tasks, and a subset of latent cores are
selected to be tied across two tasks. The portions of sharing can be different from layer to layer.

phones and wearable computers. Yang & Hospedales (2017) alleviated the issue by integrating ten-
sor factorization with deep MTL and proposed deep multi-task representation learning (DMTRL).
Specifically, they first stack up the layer-wise weights from all tasks and then decompose them into
low-rank factors, yielding a succinct deep MTL model with fewer parameters. Despite the compact-
ness of the model, DMTRL turns out to be rather restricted on sharing knowledge effectively. This
is because, as shown in Figure 1, DMTRL (TT or Tucker) shares almost all fractions of layer-wise
weights as common factors, leaving only a tiny portion of weights to encode the task-specific in-
formation. Even worse, such pattern of sharing must be identical across all hidden layers, which is
vulnerable to the negative transfer of the features. As an effect, the common factors become highly
dominant at each layer and greatly suppress model’s capability in expressing task-specific variations.

The last challenge arises from the flexibility of architecture in deep MTL. Most of deep MTL models
force tasks to have the equal-sized layer-wise weights or input dimensionality. This restriction makes
little sense for the case of loosely-related tasks, since individual tasks’ features (input data) can be
quite different and the sizes of layer-wise features (input data) may vary a lot from task to task.

In this work, we provide a generalized latent-subspace based solution to addressing aforementioned
difficulties of deep MTL, from all aspects of effectiveness, efficiency and flexibility. Regarding the
effectiveness, we propose to share different portions of weights as common knowledge at distinct
layers, so that each individual task can better convey its private knowledge. As for the efficiency,
our proposal shares knowledge in the latent subspace instead of original space by utilizing a general
tensor ring (TR) representation with a sequence of latent cores (Zhao et al., 2016; 2017). One moti-
vation of TR for MTL is it generalizes other chain structured tensor networks (Cichocki et al., 2016),
especially tensor train (TT) (Oseledets, 2011), in terms of model expressivity power, as TR can be
formulated as a sum of TT networks. On the other hand, TR is able to approximate tensors using
lower overall ranks than TT does (Zhao et al., 2016), thus yielding a more compact and sparsely-
connected model with significantly less parameters for deep MTL. Adopting TR-format with much
lower ranks could bring more benefits to deep MTL if we tensorize a layer-wise weight of each
task into a higher-order weight tensor, since the weight can be decomposed into a relatively larger
number but smaller-sized cores. This in turn facilitates the sharing of cores at a finer granularity and
further enhances the effectiveness of sharing. Additionally, Zhao et al. (2017) observed that different
cores control different levels of correlations in tensor data, e.g. for a tensorized image, each core
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AI Support for Epileptic Diagnosis

Brain signal (EEG) 
examination 

(surface)

Drug therapy to 
control seizures

Brain signal 
(iEEG) 

examination 
(inside)

Surgical removal

Need to record 
data for one week

Not effective 
for all patients

Need Craniotomy 
and long time record

Difficult to determine 
the location of remove

Challenging problems
‣ Need special doctors, only about 600 eligible doctors in Japan.
‣ Need several weeks high-quality iEEG data.
‣ Time-consuming by several doctors’ visual judgment.
‣ Focal detection is not reliable.

順天堂
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AI Support for Epileptic Diagnosis

‣ Mission: Automatic localization of epileptic focal from iEEG 
signals as a support technology for doctors

順天堂

‣ High accuracy 
Entropies of different frequency bands for 

feature extraction and CNN for classification 

‣ End to end model 
Discovery of iEEG focal without handcraft 

feature extraction 

‣ Less labels 
Only need a few labelled data by PU learning 

[Prof. Sugiyama’s PU algorithms] Positive Unlabeled

PU learning

Health 
zone

Epileptic 
zone

Focal
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Future Work: Tensor Network for Graphical Model

‣ CP decomposition

‣ Markov random field models as tensor train

‣ Undirected graphical model represented as a TT model

Tensors and graphical models

CP / CANDECOMP / PARAFAC
H

X1 X2 Xn· · ·

Tensor train
H1 H2 H3 Hn

X1 X2 X3 Xn

· · ·

HMM

Hierarchical Tucker
H

X1 X1 X

X1 X1 X1 Latent tree model

Tucker / MLSVD
Block term decomposition ×
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X1 X2 X3 Xn
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HMM

Hierarchical Tucker
H

X1 X1 X

X1 X1 X1 Latent tree model

Tucker / MLSVD
Block term decomposition ×
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We benchmark our algorithms for several generalized
tensor network architectures on di↵erent datasets[47–49].
For image classification, we find that generalized tensor
networks outperform previously introduced tensor net-
work algorithms based on MPS or trees while keeping a
small dimension of the tensors. In the context of envi-
ronmental sound recognition, we find that MPS and SBS
deliver comparable performance. This shows that SBS
should also be considered along with MPS when consid-
ering one-dimensional data, especially in the presence of
long-range correlations, and may be applied in other set-
tings such as natural language processing.

Some of the architectures we consider can be realized
on a quantum computer, and serve as a reminder that the
copy of classical input data may also be useful in quan-
tum machine learning algorithms that cannot be simu-
lated classically.

II. GRAPHICAL MODELS AND
GENERALIZED TENSOR NETWORKS

We first review definitions of probabilistic graphical
models and tensor networks, discuss their relationship
and show that the two frameworks can be connected
through the definition of generalized tensor networks in
which parts of the network can be copied and reused. Ex-
amples of generalized tensor networks which have been
successfully used in quantum physics are introduced, and
their connection to more common machine learning ar-
chitectures is discussed. It is also proven that generalized
tensor networks can represent some functions with expo-
nentially fewer parameters than regular tensor networks.

A. Graphical models

Let us consider a set of discrete random variables
X = {X1, . . . , XN} taking values x = (x1, . . . , xN )
and a dataset of samples from these variables D =
{d1, . . . ,d|D|}. Inferring the underlying probability dis-
tribution p(x) can be done by maximizing the log-
likelihood

L =

|D|X

i=1

log p(di). (1)

A common choice of parametrized models for p are graph-
ical models[50], which correspond to a factorization of the
probability distribution over a graph. Consider a graph
G = (V,E), where V is a set of vertices, E a set of edges
between these vertices (each e 2 E is a pair of elements
in V) and cl(G) is the set of maximal cliques of the graph.
An undirected graphical model or a Markov random field
defines a factorization of the joint probability of all ran-
dom variables as

p(X = x) =
1

Z

Y

C2cl(G)

�C(xC), (2)

(a) (b)

(c) (d)

FIG. 1. (a) Undirected graphical model with three maximal
cliques depicted in colors (b) Corresponding factor graph (c)
Factor graph with hidden units in orange that are marginal-
ized (d) Equivalent tensor network, which is a Matrix Product
State.

where xC are the values of the random variables in clique
C, �C are the clique potentials which are positive func-
tions and Z is the partition function that ensures normal-
ization of the probability (Fig. 1a). Graphical models can
be converted to factor graphs[51] defined on a bipartite
graph of factors and variable vertices: one factor node
fs is created for each maximal clique and the factor is
connected to the variables in the corresponding clique
(Fig. 1b). The factorization of the probability distribu-
tion still reads

p(X = x) =
1

Z

Y

s

fs(xc), (3)

and inference can be performed through belief propaga-
tion and the sum-product algorithm on factor graphs.
To increase the set of distributions which can be rep-
resented we can add additional dependencies by intro-
ducing ancillary hidden variables (which are unobserved,
i.e. their values are not supplied in the data) Z =
{Z1, . . . , ZM}(Fig. 1c). The resulting probability distri-
bution is obtained by marginalizing these hidden vari-
ables:

p(X = x) =
1

Z

X

z

Y

s

fs(xc, zc). (4)

B. Tensor networks and graphical models duality

We now consider a graph G = (V,E) where some of the
edges represent open legs containing only one vertex. We
denote E0 the subset of E containing edges that connect
two vertices. We associate an integer size De called the
bond dimension to each edge and define a tensor Tv 2

⌦e2vRDe for each vertex v 2 V , with indices associated
with the edges of this vertex. A tensor network state is

[Glasser et al,  2018]

4 random variables

• X1,X2,X3,X4; P(X1,X2,X3,X4) P1234 ∈ Rn×n×n×n

• X1,X2,X3,X4 independent

• H

X1 X2 X3 X4

P(x1, x2, x3, x4) =
∑

h
P(x1|h)P(x2|h)P(x3|h)P(x4|h)P(h)

• more variables
• more hidden variables

12

Evenbly, Vidal, PRB 79, 144108 (2009)

R. Orús / Annals of Physics 349 (2014) 117–158 121

Fig. 2. (Color online) Two examples of tensor network diagrams: (a)Matrix Product State (MPS) for 4 sites with open boundary
conditions; (b) Projected Entangled Pair State (PEPS) for a 3 ⇥ 3 lattice with open boundary conditions.

states is radically different from the usual approach, where one just gives the coefficients of a wave-
function in some given basis. When dealing with a TN state we will see that, instead of thinking
about complicated equations, we will be drawing tensor network diagrams, see Fig. 2. As such, it has
been recognized that this tensor description offers the natural language to describe quantum states
of matter, including those beyond the traditional Landau’s picture such as quantum spin liquids and
topologically-ordered states. This is a new language for condensed matter physics (and in fact, for all
quantum physics) that makes everything much more visual and which brings new intuitions, ideas
and results.

3.3. Entanglement induces geometry

Imagine that you are given a quantum many-body wave-function. Specifying its coefficients in
a given local basis does not give any intuition about the structure of the entanglement between its
constituents. It is expected that this structure is different depending on the dimensionality of the
system: this should be different for 1d systems, 2d systems, and so on. But it should also depend on
more subtle issues like the criticality of the state and its correlation length. Yet, naive representations
of quantum states do not possess any explicit information about these properties. It is desirable, thus,
to find a way of representing quantum states where this information is explicit and easily accessible.

As we shall see, a TN has this information directly available in its description in terms of a network
of quantum correlations. In a way, we can think of TN states as quantum states given in some
entanglement representation. Different representations are better suited for different types of states
(1d, 2d, critical, etc.), and the network of correlations makes explicit the effective lattice geometry in
which the state actually lives. We will be more precise with this in Section 4.2. At this level this is
just a nice property. But in fact, by pushing this idea to the limit and turning it around, a number
of works have proposed that geometry and curvature (and hence gravity) could emerge naturally
from the pattern of entanglement present in quantum states [51]. Here we will not discuss further
this fascinating idea, but let us simply mention that it becomes apparent that the language of TN is,
precisely, the correct one to pursue this kind of connection.

3.4. Hilbert space is far too large

This is, probably, the main reason why TNs are a key description of quantum many-body states of
Nature. For a systemof e.g.N spins 1/2, the dimension of theHilbert space is 2N , which is exponentially
large in the number of particles. Therefore, representing a quantum state of the many-body system
just by giving the coefficients of the wave function in some local basis is an inefficient representation.
TheHilbert space of a quantummany-body system is a really big placewith an incredibly large number
of quantum states. In order to give a quantitative idea, let us put some numbers: if N ⇠ 1023 (of the
order of the Avogadro number) then the number of basis states in the Hilbert space is ⇠O(101023),
which is much larger (in fact exponentially larger) than the number of atoms in the observable
universe, estimated to be around 1080! [52].

Luckily enough for us, not all quantum states in the Hilbert space of amany-body system are equal:
some are more relevant than others. To be specific, many important Hamiltonians in Nature are such
that the interactions between the different particles tend to be local (e.g. nearest or next-to-nearest

PEPS
(2D systems)

Besides MPS, other successful tensor are 
PEPS and MERA

Verstraete, Cirac, cond-mat/0407066 (2004)
Orus, Ann. Phys. 349, 117 (2014)

tation of two-point correlators! and also leads to a much
more convenient generalization in two dimensions.

II. MERA

Let L denote a D-dimensional lattice made of N sites,
where each site is described by a Hilbert space V of finite
dimension d, so that VL"V!N. The MERA is an ansatz used
to describe certain pure states #!$!VL of the lattice or, more
generally, subspaces VU!VL.

There are two useful ways of thinking about the MERA
that can be used to motivate its specific structure as a tensor
network, and also help understand its properties and how the
algorithms ultimately work. One way is to regard the MERA
as a quantum circuit C whose output wires correspond to the
sites of the lattice L.5 Alternatively, we can think of the
MERA as defining a coarse-graining transformation that
maps L into a sequence of increasingly coarser lattices, thus
leading to a renormalization-group transformation.1 Next we
briefly review these two complementary interpretations.
Then we compare several MERA schemes and discuss how
to exploit space symmetries.

A. Quantum circuit

As a quantum circuit C, the MERA for a pure state #!$
!VL is made of N quantum wires, each one described by a
Hilbert space V, and unitary gates u that transform the unen-
tangled state #0$!N into #!$ %see Fig. 1!.

In a generic case, each unitary gate u in the circuit C
involves some small number p of wires,

u: V!p → V!p, u† u = uu† = I , % 1!

where I is the identity operator in V!p. For some gates, how-
ever, one or several of the input wires are in a fixed state #0$.
In this case we can replace the unitary gate u with an iso-
metric gate w

w: Vin → Vout, w† w = IVin
, % 2!

where Vin"V!pin is the space of the pin input wires that are
not in a fixed state #0$ and Vout"V!pout is the space of the
pout= p output wires. We refer to w as a % pin , pout! gate or
tensor.

Figure 2 shows an example of a MERA for a 1D lattice L
made of N=16 sites. Its tensors are of types %1,2! and %2,2!.
We call the %1,2! tensors isometries w and the %2,2! tensors
disentanglers u for reasons that will be explained shortly, and
refer to Fig. 2 as a binary 1D MERA, since it becomes a
binary tree when we remove the disentanglers. Most of the
previous work for 1D lattices1,5– 7,16– 18 has been done using
the binary 1D MERA. However, there are many other pos-

FIG. 1. %Color online! Quantum circuit C corresponding to a
specific realization of the MERA, namely, the binary 1D MERA of
Fig. 2. In this particular example, circuit C is made of gates involv-
ing two incoming wires and two outgoing wires, p= pin= pout=2.
Some of the unitary gates in this circuit have one incoming wire in
the fixed state #0$ and can be replaced with an isometry w of type
%1,2!. By making this replacement, we obtain the isometric circuit
of Fig. 2. FIG. 2. %Color online! %Top! Example of a binary 1D MERA for

a lattice L with N=16 sites. It contains two types of isometric
tensors, organized in T=4 layers. The input %output! wires of a
tensor are those that enter it from the top % leave it from the bottom!.
The top tensor is of type %1,2! and the rank "T of its upper index
determines the dimension of the subspace VU!VL represented by
the MERA. The isometries w are of type %1,2! and are used to
replace each block of two sites with a single effective site. Finally,
the disentanglers u are of type %2,2! and are used to disentangle the
blocks of sites before coarse-graining. %Bottom! Under the
renormalization-group transformation induced by the binary 1D
MERA, three-site operators are mapped into three-site operators.

G. EVENBLY AND G. VIDAL PHYSICAL REVIEW B 79, 144108 %2009!

144108-2

MERA
(critical systems)

[Novikov et al., ICML 2014]

10 variables, 10 states each −→ 1010 entries 

MERA
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Future Work - Acceleration of Tensor Convolution

‣High-order convolution (computation and storage)

‣ Fast convolution via tensor network representation

N
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N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

· · ·
<latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

· · ·
<latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit>

⇤<latexit sha1_base64="NQekAT9OTGnhOyKsKD9yfhsG+ug=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tFEA8lEUGPRS8eW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/N6u0nVJrH8sFMEvQjOpQ85IwaazUu+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8MbPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVqXVc9y46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPcAOMrg==</latexit><latexit sha1_base64="NQekAT9OTGnhOyKsKD9yfhsG+ug=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tFEA8lEUGPRS8eW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/N6u0nVJrH8sFMEvQjOpQ85IwaazUu+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8MbPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVqXVc9y46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPcAOMrg==</latexit><latexit sha1_base64="NQekAT9OTGnhOyKsKD9yfhsG+ug=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tFEA8lEUGPRS8eW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/N6u0nVJrH8sFMEvQjOpQ85IwaazUu+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8MbPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVqXVc9y46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPcAOMrg==</latexit><latexit sha1_base64="NQekAT9OTGnhOyKsKD9yfhsG+ug=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tFEA8lEUGPRS8eW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/N6u0nVJrH8sFMEvQjOpQ85IwaazUu+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8MbPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVqXVc9y46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPcAOMrg==</latexit>
· · ·

<latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit>

=<latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit><latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit><latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit><latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit>
2N + 1

<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>

2N + 1
<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>

2N + 1
<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>

2N + 1
<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>

O(N2d)
<latexit sha1_base64="xMLzw93mWo6TZNmMgjx1vetRL80=">AAAB/HicbVDLSsNAFL3xWesr2qWbwSLUTUmKoMuiG1dawT6gjWUymbRDJw9mJkIJ8VfcuFDErR/izr9x0mahrQcGDufcyz1z3JgzqSzr21hZXVvf2Cxtlbd3dvf2zYPDjowSQWibRDwSPRdLyllI24opTnuxoDhwOe26k6vc7z5SIVkU3qtpTJ0Aj0LmM4KVloZmZRBgNSaYp7dZ7eYhbXjZ6dCsWnVrBrRM7IJUoUBraH4NvIgkAQ0V4VjKvm3FykmxUIxwmpUHiaQxJhM8on1NQxxQ6aSz8Bk60YqH/EjoFyo0U39vpDiQchq4ejKPKhe9XPzP6yfKv3BSFsaJoiGZH/ITjlSE8iaQxwQlik81wUQwnRWRMRaYKN1XWZdgL355mXQadVvzu7Nq87KoowRHcAw1sOEcmnANLWgDgSk8wyu8GU/Gi/FufMxHV4xipwJ/YHz+AC02lHE=</latexit><latexit sha1_base64="xMLzw93mWo6TZNmMgjx1vetRL80=">AAAB/HicbVDLSsNAFL3xWesr2qWbwSLUTUmKoMuiG1dawT6gjWUymbRDJw9mJkIJ8VfcuFDErR/izr9x0mahrQcGDufcyz1z3JgzqSzr21hZXVvf2Cxtlbd3dvf2zYPDjowSQWibRDwSPRdLyllI24opTnuxoDhwOe26k6vc7z5SIVkU3qtpTJ0Aj0LmM4KVloZmZRBgNSaYp7dZ7eYhbXjZ6dCsWnVrBrRM7IJUoUBraH4NvIgkAQ0V4VjKvm3FykmxUIxwmpUHiaQxJhM8on1NQxxQ6aSz8Bk60YqH/EjoFyo0U39vpDiQchq4ejKPKhe9XPzP6yfKv3BSFsaJoiGZH/ITjlSE8iaQxwQlik81wUQwnRWRMRaYKN1XWZdgL355mXQadVvzu7Nq87KoowRHcAw1sOEcmnANLWgDgSk8wyu8GU/Gi/FufMxHV4xipwJ/YHz+AC02lHE=</latexit><latexit sha1_base64="xMLzw93mWo6TZNmMgjx1vetRL80=">AAAB/HicbVDLSsNAFL3xWesr2qWbwSLUTUmKoMuiG1dawT6gjWUymbRDJw9mJkIJ8VfcuFDErR/izr9x0mahrQcGDufcyz1z3JgzqSzr21hZXVvf2Cxtlbd3dvf2zYPDjowSQWibRDwSPRdLyllI24opTnuxoDhwOe26k6vc7z5SIVkU3qtpTJ0Aj0LmM4KVloZmZRBgNSaYp7dZ7eYhbXjZ6dCsWnVrBrRM7IJUoUBraH4NvIgkAQ0V4VjKvm3FykmxUIxwmpUHiaQxJhM8on1NQxxQ6aSz8Bk60YqH/EjoFyo0U39vpDiQchq4ejKPKhe9XPzP6yfKv3BSFsaJoiGZH/ITjlSE8iaQxwQlik81wUQwnRWRMRaYKN1XWZdgL355mXQadVvzu7Nq87KoowRHcAw1sOEcmnANLWgDgSk8wyu8GU/Gi/FufMxHV4xipwJ/YHz+AC02lHE=</latexit><latexit sha1_base64="xMLzw93mWo6TZNmMgjx1vetRL80=">AAAB/HicbVDLSsNAFL3xWesr2qWbwSLUTUmKoMuiG1dawT6gjWUymbRDJw9mJkIJ8VfcuFDErR/izr9x0mahrQcGDufcyz1z3JgzqSzr21hZXVvf2Cxtlbd3dvf2zYPDjowSQWibRDwSPRdLyllI24opTnuxoDhwOe26k6vc7z5SIVkU3qtpTJ0Aj0LmM4KVloZmZRBgNSaYp7dZ7eYhbXjZ6dCsWnVrBrRM7IJUoUBraH4NvIgkAQ0V4VjKvm3FykmxUIxwmpUHiaQxJhM8on1NQxxQ6aSz8Bk60YqH/EjoFyo0U39vpDiQchq4ejKPKhe9XPzP6yfKv3BSFsaJoiGZH/ITjlSE8iaQxwQlik81wUQwnRWRMRaYKN1XWZdgL355mXQadVvzu7Nq87KoowRHcAw1sOEcmnANLWgDgSk8wyu8GU/Gi/FufMxHV4xipwJ/YHz+AC02lHE=</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

···

<latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

···

<latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>

N
<latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit><latexit sha1_base64="1geheZ8OEVc4P/xyjJq8gn3vuMI=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OJJWrAf0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/O6u0nVJrH8sFMEvQjOpQ85IwaazXu++WKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8njKMIJnMI5eHAFNbiDOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPppOM0g==</latexit>
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<latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit>

⇤<latexit sha1_base64="NQekAT9OTGnhOyKsKD9yfhsG+ug=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tFEA8lEUGPRS8eW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/N6u0nVJrH8sFMEvQjOpQ85IwaazUu+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8MbPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVqXVc9y46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPcAOMrg==</latexit><latexit sha1_base64="NQekAT9OTGnhOyKsKD9yfhsG+ug=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tFEA8lEUGPRS8eW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/N6u0nVJrH8sFMEvQjOpQ85IwaazUu+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8MbPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVqXVc9y46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPcAOMrg==</latexit><latexit sha1_base64="NQekAT9OTGnhOyKsKD9yfhsG+ug=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tFEA8lEUGPRS8eW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/N6u0nVJrH8sFMEvQjOpQ85IwaazUu+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8MbPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVqXVc9y46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPcAOMrg==</latexit><latexit sha1_base64="NQekAT9OTGnhOyKsKD9yfhsG+ug=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tFEA8lEUGPRS8eW7Af0Iay2U7atZtN2N0IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/N6u0nVJrH8sFMEvQjOpQ85IwaazUu+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8MbPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVqXVc9y46pSu83jKMIJnMI5eHANNbiHOjSBAcIzvMKb8+i8OO/Ox6K14OQzx/BHzucPcAOMrg==</latexit>

TND

=<latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit><latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit><latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit><latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit>
r

<latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit>

r
<latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit>

r
<latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit><latexit sha1_base64="bGRaWgSPycV+qtBF0H0VhMzGH3k=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk7t5vfOESvNYPphpgn5ER5KHnFFjraYalCtu1V2IrIOXQwVyNQblr/4wZmmE0jBBte55bmL8jCrDmcBZqZ9qTCib0BH2LEoaofazxaIzcmGdIQljZZ80ZOH+nshopPU0CmxnRM1Yr9bm5n+1XmrCGz/jMkkNSrb8KEwFMTGZX02GXCEzYmqBMsXtroSNqaLM2GxKNgRv9eR1aF9VPcvN60r9No+jCGdwDpfgQQ3qcA8NaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Y+czx/dI4z2</latexit>

2N + 1
<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>

2N + 1
<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>

2N + 1
<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>

2N + 1
<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>

···
<latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit>

=<latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit><latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit><latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit><latexit sha1_base64="8uDF8DVeQnsAQmi3YnN5BydvDus=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfQiFL14bMF+QBvKZjtp1242YXcjlNBf4MWDIl79Sd78N27bHLT1hYWHd2bYmTdIBNfGdb+dwtr6xuZWcbu0s7u3f1A+PGrpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHw3q7efUGkeywczSdCP6FDykDNqrNW46ZcrbtWdi6yCl0MFctX75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi1KGqH2s/miU3JmnQEJY2WfNGTu/p7IaKT1JApsZ0TNSC/XZuZ/tW5qwms/4zJJDUq2+ChMBTExmV1NBlwhM2JigTLF7a6EjaiizNhsSjYEb/nkVWhdVD3LjctK7TaPowgncArn4MEV1OAe6tAEBgjP8ApvzqPz4rw7H4vWgpPPHMMfOZ8/jM+MwQ==</latexit>
· · ·

<latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit><latexit sha1_base64="MSuyM8BrIDrkDaYJacJW3w6Ycgo=">AAAB7nicbZBNS8NAEIYnftb6VfXoJVgETyURQY9FLx4r2A9oQ9lsNu3SzW7YnQgl9Ed48aCIV3+PN/+NmzYHbX1h4eGdGXbmDVPBDXret7O2vrG5tV3Zqe7u7R8c1o6OO0ZlmrI2VULpXkgME1yyNnIUrJdqRpJQsG44uSvq3SemDVfyEacpCxIykjzmlKC1ugMaKTTVYa3uNby53FXwS6hDqdaw9jWIFM0SJpEKYkzf91IMcqKRU8Fm1UFmWErohIxY36IkCTNBPl935p5bJ3Jjpe2T6M7d3xM5SYyZJqHtTAiOzXKtMP+r9TOMb4KcyzRDJuniozgTLiq3uN2NuGYUxdQCoZrbXV06JppQtAkVIfjLJ69C57LhW364qjdvyzgqcApncAE+XEMT7qEFbaAwgWd4hTcndV6cd+dj0brmlDMn8EfO5w/k6I9D</latexit>

2N + 1
<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>

2N + 1
<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>

2N + 1
<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>

2N + 1
<latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit><latexit sha1_base64="IRApvYN/Tp115ojiVyarUtmD03Q=">AAAB63icbZDLSgMxFIbP1Futt6pLN8EiCEKZKYIui25cSQV7gXYomTTThiaZIckIZegruHGhiFtfyJ1vY2Y6C239IfDxn3PIOX8Qc6aN6347pbX1jc2t8nZlZ3dv/6B6eNTRUaIIbZOIR6oXYE05k7RtmOG0FyuKRcBpN5jeZvXuE1WaRfLRzGLqCzyWLGQEm8xq3F94w2rNrbu50Cp4BdSgUGtY/RqMIpIIKg3hWOu+58bGT7EyjHA6rwwSTWNMpnhM+xYlFlT7ab7rHJ1ZZ4TCSNknDcrd3xMpFlrPRGA7BTYTvVzLzP9q/cSE137KZJwYKsniozDhyEQoOxyNmKLE8JkFTBSzuyIywQoTY+Op2BC85ZNXodOoe5YfLmvNmyKOMpzAKZyDB1fQhDtoQRsITOAZXuHNEc6L8+58LFpLTjFzDH/kfP4A7emNfg==</latexit>
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Published as a conference paper at ICLR 2015

(a) Full convolution (b) Two-component decomposition (Jaderberg et al., 2014a)

(c) CP-decomposition

Figure 1: Tensor decompositions for speeding up a generalized convolution. Gray boxes corre-
spond to 3D tensors (map stacks) within a CNN, with the two frontal sides corresponding to spatial
dimensions. Arrows show linear mappings and demonstrate how scalar values on the right (small
boxes corresponding to single elements of the target tensor) are computed. Initial full convolu-
tion (a) computes each element of the target tensor as a linear combination of the elements of a
3D subtensor that spans a spatial d ⇥ d window over all input maps. Jaderberg et al. (2014a) (b)
approximate the initial convolution as a composition of two linear mappings with the intermediate
map stack having R maps (where R is the rank of the decomposition). Each of the two mappings
computes each target value based on a spatial window of size 1⇥d or d⇥1 in all input maps. Finally,
CP-decomposition (c) used in our approach approximates the convolution as a composition of four
convolutions with small kernels, so that a target value is computed based on a 1D-array that spans
either one pixel in all input maps, or a 1D spatial window in one input map.

Once the decomposition is computed, Jaderberg et al. (2014a) perform “local” fine-tuning that min-
imizes the deviation between the full and the approximated convolutions outputs on the training
data. Differently from Jaderberg et al. (2014a), our method fine-tunes the entire network based on
the original discriminative criterion. While (Jaderberg et al., 2014a) reported that such discrimi-
native fine-tuning was inefficient for their scheme, we found that in our case it works well, even
when CP-decomposition has large approximation error. Below, we provide a theoretical complexity
comparison and empirical comparison of our scheme with (Jaderberg et al., 2014a).

In the work that is most related to ours, Denton et al. (2014) have suggested a scheme based on the
CP-decomposition of parts of the kernel tensor obtained by biclustering (alongside with a different
decompositions for the first convolutional layer and the fully-connected layers). Biclustering of
(Denton et al., 2014) splits the two non-spatial dimensions into subgroups, and reduces the effective
ranks in the CP-decomposition. CP-decompositions of the kernel tensor parts in (Denton et al., 2014)
have been computed with the greedy approach1. Our approach essentially simplifies that of Denton
et al. (2014) in that we do not perform biclustering and apply CP-decomposition directly to the full
convolution kernel tensor. On the other hand, we replace greedy computation of CP-decomposition
with non-linear least squares. Finally, as discussed above, we fine-tune the complete network by
backpropagation, whereas Denton et al. (2014) only fine-tunes the layers above the approximated
one.

1Note that the alternating least squares process mentioned in (Denton et al., 2014) refers to computing the
best next rank-1 tensor, but the outer process of adding rank-1 tensors is still greedy.
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Collaborations within AIP

‣ A novel schema for hyper-spectral image restoration

‣ Dementia detection via tensorizing neural networks

‣ Gene data completion via tensor network

[He et al., CVPR2019]

[Ruikowski et al., NeurlPS 2018 workshop]

[Iwata et al., ISMB/ECCB 2019]

Naoto Yokoya

Mihoko Otake

Yasuo Tabei
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Summary 

‣ Tensor networks are intriguing alternative to 

traditional machine learning models

‣ Better scaling, efficient algorithms, opportunities for 

theoretical insights

‣ Promising as a framework for machine learning with 

quantum computing
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Achievements in FY2018

Publications (32) 
‣ Conference (19) including AAAI, IJCAI, CVPR, ICASSP, NeurIPS 

Workshop, ICLR workshop and etc 

‣ Journal (13) including IEEE TNNLS, Signal Processing and etc 

Awards 
‣ The 3rd IEEE SPS Japan Best Paper Award 

‣ 2018 SPS Signal Processing Magazine Best Paper 


