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ATIOOOTIKEG TEXVLKEG XELPLOHOU KOl apaLomoinong
TIUKVWV TILVOKWV KOTA TNV pocopoilwan
KUKAWUATWYV TIOAU pLeyAANG KALpaKag.
Xapahaumog Avtwviadng

NepiAnyn

H tomoBétnon meploocdtepou UALKOU o€ éva povtépvo SoC (System-on-Chip) e€attiog tTng oAogva
Kal LELOVUEVNC TEXVOAOYIaG OAOKANPpWONG €XxEL 08Ny oeL o€ TTOAU peydAa mapaottikd RLC Siktua
amoteAoU eV Ao EKATOMUUPLA KOUBOUG, Ta omola TPEMEL va POCOUOLWO0oUV 0 TOANEC
XPOVIKEC OTLWYUEC KOL OULXVOTNTEG €T0L WOoTe va emoAnBeutel n owot) Astoupyla TOU
OAOKANPWHEVOU KUKAWHATOG. Emiong, o €Aeyxog aflomiotiag evoc oAokAnpwiévou, efaltiag Kot
TLAAL TNC LELOVUEVNC TEXVOAOYLaG oAokANpwong, amattel va AngBel umoPv n emidpacn ektog ¢
TAPACLTIKAC QUTEMAYWYNS TWV UTTIOCUOTNUATWY o€ éva SoC, ToU €MOPKOUCE O TIAAALOTEPEC
TEXVOAOYIEC, QAAA Kol OAwvV Twv apolfaia emaywylkwy ouleléewyv PETALU autwy. QoTOC00 N
oupnepAnPn GAwv Twv apolBaia emaywylkwy culeVEEWY KATAANYEL O€ VAl TIAPWGE TTUKVO THivaKa
EMAYWYWY TIOU KOBLOTA TNV Tpooopolwon KukAwuato¢ OSuokoha Olaxelplowun toOoo amo
QATOBNKEUTIKNC 000 KAl amd UTIOAOYLOTIKNC MAEUPAC. Texvikéc Meiwan Taénc Movtédou (MTM)
€YOUV YpnolgomolnBel ocuOTNUOTIKA Yl VO QVTLKOTOOTACOOUV TO TIOAU HEYAANG KA{LaKag
Tapaoltikd RLC poviéNo pe €va oAU KPOTEPNG TAENG MOVTEAD HE TIOPOMOL ATIOKPLON OTLC
BUpec elc6bou/e€060u. QoTOC0, OAEC OL TEXVIKEC MTM KOTAARYOUV O €va. LOVTEAO LE TTUKVOUG
Tiivakeg mou KaBLoTouV TNV IPOCoUoiwaon, KAl 0€ QUTAV TNV TEPIMTWON, N TIPAKTIK.

'EtoL, og autr) tnv Stdaktopikn Statppr mapouoldlou e amoSOTIKEC TEXVIKEC yLa TNV emiAucn Twv
YPOULLKWY OUOTNUATWY TIOU TIPOKUTITOUV KATA TNV LETaBaTikr) avaluon moAU peydAwv apolfaia
ETIAYWYLKWY KUKAWUATWY, OTwe emiong kal plo pebodoloyia yla tnv apalomoinon Twv mUKVWY
TUWVAKWY TIOU TIPOKUTITOUV HETA TNV MTM. OL TPOTELVOUEVEG TEXVIKEC yla TNV eMAUOn TwV
YPOULLKWY OUCTNUATWY OTnV petafatikry availuon mepAapBAavouy TNV CUUTIECN TOU TIUKVOU
mivaka emaywywy Tpooeyylloviac KatdAnAa umo-uUmAok Tou apxlkou Tivaka pe low-rank
YWOUEVA, ONMwE EMIONC Kal TNV avamtuén evog TPopuBULOTA YEVIKOU OKOToU ylo TNV
EMAVAANTITIKH EMIAUGCN TOU YPOLULKOU CUCTHMOTOC TIOU TIPETIEL VAL AUCOUUE KATA TNV HETABATIKA
avaiuon (to omolo cuvioTaTol oo apald UMAOK Hall e TO TTUKVO IIMAOK TWV EMAywWYwVY). ATto TNV
AAAN pepld, n mpotewvopevn pebodoloyia yla TNV apalomoinon Twy MUKVWVY TIVAKWY UETA TNV
MTM xpnotuorolel pta akoAouBia aAyoplBuwyv Baolopévn oTtov UTTOAOYLOUO TOU KOVTIVOTEPOU
Staywvia uTEPLOXVWV TIVaKa, TIOU €XEL LLA EVA-TIPOG-€va avTloTtolyia pe ypddo, Kol TV ev-
ouvexela apalomolnon autou Tou ypadou. Ta TEPALATIKA HAC ATOTEAECUATA UTIOOELKVUOUVY OTL
Umopel va emiteuxOel évol opKeTA apald CUOTNHO EAQTTWHEVWY TIVAKWY, LETA TNV MTM, e oAU
ULKPN Melwon TS akp(Belog MPOCOUOLWaoNG VW OL TIPOTELWVOUEVEC TEXVIKEG OTNV €mMAucn Twv
VPOUULIKWY CUCTNMATWY KOTA TNV UeTafatiky availuaon umodelkvUouv ouclwdn cupmieon Tou
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nivaka emaywywv xwpic va Buoldletal n akpifela mpooopoiwong, o€ cuvlUAOUO UE WL
aflonpodoeytn Helwon otov aplBpud Twy emavaAnPewy Kal TOV CUVOALIKO XpOVO €KTEAEONC TwWV
EMAVOANTITIKWY LeBOSwv emiduonc.
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Abstract

The integration of more components into modern Systems-on-Chip (SoCs) due to the
ever increasing technology scaling has led to very large parasitic networks consisting
of million of nodes, which have to be simulated in many times or frequencies to
verify the proper operation of chip. Moreover, because of the aggressive technology
scaling, the reliability analysis of a SoC requires to take into account, except for
the self-inductance which was sufficient in older technologies, but also the mutual
inductance between the different subsystems in SoC. However, the inclusion of all
mutual inductive couplings results in a fully dense inductance matrix that renders
the circuit simulation computationally expensive. Model Order Reduction (MOR)
techniques have been employed routinely to substitute the large scale parasitic model
by a model of lower order with similar response at the input/output ports. However,
all established MOR techniques result in dense system matrices that render their
simulation impractical.

To this end, in this dissertation we present efficient techniques for the solution of
the linear systems arising in transient analysis of large mutually inductive circuits, as
well as a methodology for the sparsification of the dense matrices resulting from MOR.
The proposed techniques for solving the linear systems in transient analysis involve
the compression of the dense inductance matrix, approximating suitably sub-blocks
of it by low-rank products and the development of a general purpose preconditioner
for the iterative solution of the transient linear system (which comprises sparse blocks
alongside the dense inductance block). On the other hand, our proposed methodology
for the sparsification of the dense MOR matrices employs a sequence of algorithms
based on the computation of the nearest diagonally dominant matrix, which has
a direct correspondence to graph and the subsequent sparsification of that graph.
Experimental results for the sparsification of the dense MOR matrices indicate that
high sparsity ratio of the reduced system matrices can be achieved with very small loss
of accuracy, while the proposed techniques for solving the linear systems in transient
analysis of large mutually inductive circuits indicate substantial compression rates of
the dense inductance matrix without compromising accuracy, along with considerable
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reduction in iteration count and execution time of iterative solution methods.

Thesis Supervisor: Nestor Evmorfopoulos
Title: Assistant Professor
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Chapter 1

Introduction

1.1 Motivation and Related Work

The motivation behind our research in this dissertation is to provide sparsification
solutions and methods for handling dense matrices that arise in circuit simulation. In
particular, we deal with the dense inductance matrix, when all mutual inductances are
taken into consideration, as well as the dense matrices resulting from the application

of MOR techniques.

1.1.1 Simulation of large dense mutually inductive circuits

In the past, it has been sufficient to include only self inductance in the RLC simu-
lation, resulting in linear systems with sparse coefficient matrices. For such systems,
iterative solvers are the methods of choice as they offer small memory requirements
and excellent scaling against problem size. However, in modern high-frequency SoCs
there is an increasing demand for modeling all mutual inductive couplings between
the different blocks of the chip [1], leading to a fully dense inductance matrix that
offsets the scaling properties and storage requirements of iterative solvers.

As direct sparsification (by truncation) of the dense inductance matrix is well-
known to lead to loss of circuit passivity and simulation stability [2|, most previous

attempts in the literature have focused on sparsifying the inverse matrix (called the
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Figure 1-1: Voltage response at the far end of the second wire (by applying a ramp
voltage source at the first wire) in a bus of two-parallel wires, for different sparsity
ratios of the sparse approximation of the reluctance matrix by direct truncation.

reluctance matrix), which is especially amenable to sparsification due to its diagonal
dominance [3][4]. Taking advantage of the diagonal dominance of the reluctance
matrix, one can obtain a naive sparse approximation of it by directly truncating all
its off-diagonal entries that are smaller than a predefined threshold. By doing so,
the diagonal dominance property and consequently the positive definiteness of the
reluctance matrix is not violated, making the sparse approximation of the reluctance
matrix suitable to be integrated into a circuit simulation framework. However, the
direct truncation approach introduces unacceptable error in transient analysis for
the high sparsity ratios that we are typically interested in. We demonstrate that
observation in Fig. 1-1.

Other approaches proposed in the literature for the sparsification of the reluctance
matrix focus on the avoidance of the expensive (both from a computational as well
as a memory storage perspective) inversion of the inductance matrix. In [5] authors
predict initially the locations of the non-zero entries of matrix the reluctance matrix,
exploiting a graph colouring technique, and then they compute only those entries for a
prescribed sparsity ratio. Window-based approaches which work either directly on the
matrix [6] or the physical geometry [7][8] result in local inversion of smaller matrices,
where each one corresponds to a window around a conductor segment. However, all

these approaches only aim at accelerating the sparsification procedure, and do not
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improve on the accuracy obtained by direct truncation. In [9] a more sophisticated
sparsification, which is based on the equivalence of the reluctance matrix with a
graph, leads to better results in simulation accuracy compared to direct truncation
but requires like direct truncation the prior inversion of the large dense matrix which
is a very expensive computational procedure, making that kind of approaches feasible

only for problems of moderate size.

1.1.2 Dense MOR matrices

Sign-off analysis of a SoC entails the simulation of RLC parasitics extracted from
various components in an integrated circuit, in order to verify the proper operation of
the circuit. However, due to the ever increasing technology scaling and the subsequent
integration of even more components into a chip the parasitic network can be gigantic.
The simulation of such parasitic networks can be extremely time- consuming or, in
some cases, even infeasible due to their sheer size.

Model Order Reduction (MOR) techniques are typically employed to substitute
the large scale models by lower dimensional ones with similar response at the in-
put/output ports. MOR techniques are generally classified into two classes, namely
moment-matching or Krylov-subspace techniques [10][11][12][13][14] and balancing
type or Gramian-based techniques [15][16]. The application of both classes of MOR
techniques leads to reduced order models with dense matrices, whose cost of em-
ploying in simulation can easily overshadow the benefits obtained from dimension
reduction.

Specifically, [17] firstly divides the nodes into a group of nodes corresponding to
ports that have to be preserved and a group of internal nodes that can be eliminated,
and then finds the Schur complement of the system, and performs sparse matrix
manipulations on top of it. The approach in [18] partitions the circuit into subcircuits
and then substitutes each subcircuit with suitable RLC macromodels that catch the
low-order moments of the admittance matrix in each partition. Furthermore, [19] after
deriving a description of the circuit with respect to node voltages and magnetic flux,

reorders system matrices to Boarder Block Diagonal (BBD) form and finally applies
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MOR. The problem with all the above methods is that they either do not produce
very sparse and accurate models, or they rely on heuristics and circuit specific criteria.
None of them provides a rigorous mathematical framework to address sparsification

problem of the dense matrices resulting from the application of MOR procedures.

1.2 Contribution

In order to address the problems arising in circuit simulation after the modeling of
all mutual inductive couplings between the different components in an IC, as well
as the dense matrices resulting after the application of MOR, in this dissertation
we present two approaches that provide a solution to each problem separately, as

described below:

e We propose an approach for the sparsification of dense MOR circuit matri-
ces, which employs a sequence of algorithms based on the computation of the
nearest diagonally dominant matrix and the subsequent sparsification of the
corresponding graph. Our main contribution is that we transform the problem
of the sparsification of the reduced model matrices to the sparsification of the
nearest matrices corresponding to a graph, in order to exploit efficient graph
sparsification techniques. In addition, since the sparsified matrices are of the
Laplacian kind with direct correspondence to weighted graphs, the sparsified re-
duced order model has a straightforward realization to an equivalent RC circuit

with positive elements.

e We propose the compression (instead of sparsification) of the actual inductance
matrix via the approximation of large off-diagonal blocks by low-rank products,
in a scheme known as hierarchical matrix (or H-matrix) format. This format
conserves memory by storing only the low-rank factors of the blocks, while en-
abling the execution of basic matrix-vector operations of iterative solvers in near
optimal complexity. Moreover, we propose a block preconditioner based on an

efficient approximation of the Schur complement, which improves considerably
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the convergence rate of iterative methods and has inexpensive application inside

every iteration.

1.3 Outline

The rest of the PhD dissertation is organized as follows. Firstly, Chapter 2 presents
a rigorous methodology for the sparsification of dense matrices resulting from MOR.
Chapter 3 explains the compression of the dense inductance matrix by low-rank rank
products in H-matrix format and presents a genreal purpose preconditioner for the
iterative solution of the transient linear system (which comprises sparse blocks along-
side the dense inductance block). Finally, Chapter 4 concludes the dissertation and

proposes ideas for future work.
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Chapter 2

Efficient Sparsification of Dense
Circuit Matrices in Model Order

Reduction

2.1 Background

Consider an RLC circuit with n nodes (excluding ground), ¢ inductive branches with
mutual coupling between them, g conductive branches, ¢ capacitive branches, p inputs
and ¢ outputs which is described according to the Modified Nodal Analysis (MNA)

formulation [20] in the time domain as follows:

A,C,AT 0] |V/(t) A, GeAT ALl |v(t) B,
+ = u(t)
0 L| |i(t) —AT 0 | |i(t) 0P
(2.1)
v(t)

v =m0

where v € ", i € R, u € NP, y € R? are the vectors of node voltages, branch cur-
rents, input excitations from independent sources at the nodes (with voltage sources

being transformed into Norton-equivalent current sources) and output measurements

21

Institutional Repository - Library & Information Centre - University of Thessaly
17/06/2024 17:09:39 EEST - 18.216.116.11



respectively, B, € R"*P and E, € R?" are the input-to-node and node-to-output
connectivity matrices, A, € 2" and A, € R"*° are the node-to-branch reduced
incidence matrices (with respect to ground), G, € R9*9 C,; € R are positive
diagonal matrices containing the branch conductances and branch capacitances re-
spectively, L € R is dense inductance matrix (with self-inductances as diagonal
entries and mutual inductances as off-diagonal entries), and Ay € R is the corre-
sponding node-to-inductive branch incidence matrix. It is well-known [21] that the

products

G,=A,GA],, C,=A,CAL (2.2)
are symmetric and diagonally dominant (SDD) matrices with positive diagonal ele-
ments and non-positive off-diagonal elements, i.e. g; > 0, ¢;; > 0 (sum of conduc-
tances or capacitances connected to node i), g;; = ¢;; < 0, ¢;; = ¢;; < 0 (opposite of
conductance or capacitance between nodes i and j), and g; > — Zn: Gijs Cii = — Zn: Cij
j=1 j=1
, Vi =1,...n. These types of matrices are subsets of the broaderj ;éilass of M—majﬁgces
[23], and we are going to refer to them as "circuit-type" M-matrices. However, the
inductance matrix L is not diagonally dominant but its inverse L™! (called the reluc-

tance matrix) is known to be SDD with positive diagonal elements and non-positive

off-diagonal elements [3], i.e a circuit-type M-matrix.

The fact that A, and A, are reduced incidence matrices (not containing the
row corresponding to the ground node) means that both G, = AgTGdAZ,, and
C, = A_,CyAl will have at least one row sum greater than zero, i.e. ¢z >
— Z?:Lj 2i 9ij and ¢;; > — Z?:Lj _; ¢ij for the nodes i where a conductance or ca-
pacitance is connected to ground. These can be written as G,, = D¢g + AgGAgT and
C,=Dc+ ACCACT, where D¢ and D¢ are diagonal matrices with the conductances
and capacitances to ground, A, and A, are normal (not reduced) incidence matrices
for the branches not being connected to ground, and G, C are diagonal matrices with

the conductances and capacitances of these branches. The products:
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Lo = A,GA”, L¢=ACA! (2.3)

are known as the Laplacian matrices |24] of the weighted graphs consisting of the
conductive branches and the capacitive branches not connected to ground, and having
as weights the conductances and capacitances of these branches. Thus, any circuit-
type M-matrix can be written as the sum of a diagonal matrix and the Laplacian
matrix of a weighted graph.

Formally, given a weighted graph G = (V, F, w) with set of vertices (nodes) V =
{1,2,...,n}, set of edges (branches) E = {(i,j)| i,j € V}, and weight function

w(i, j), the Laplacian matrix of G is defined as follows:

Lo =AcWAL = ) w(i,j)(ei —e;)(e; — ;)" (2.4)

(i,j)eE

where W is a diagonal matrix with the edge weights and Ag is the vertex-to-edge
incidence matrix with columns for every edge (i, j) that equal e; — e;, where e; is the
elementary unit vector with 1 at the position ¢ and 0’s everywhere else. Because each
row and column sum of Lg equals zero, a Laplacian matrix is always rank-deficient
and there does not exist a regular inverse of Lg. However, the algorithms presented
in this paper employ Lg only on vectors existing in its column space R(Lg) (i.e. not
in its nullspace N'(Lg) = R*(Lg)), where the Moore-Penrose pseudoinverse L, acts
as a normal inverse, i.e. for each y € R(Lg), Liy is the unique x € R(L¢) such that
Lex=1y.

Model Order Reduction (MOR) techniques aim at approximating the model of
(2.1) by another model of reduced order r < (n + ¢), through a process of project-
ing the model matrices onto lower-dimensional subspaces of dimension r. Instead of
projecting the original block model matrices é, and é, structure-preserving MOR
techniques like [25] and [19] work on the individual blocks G,,, C,, L and Aj. The
difference between them is that [25] involves the inductance matrix L while [19] in-
volves the reluctance matrix L=, However, they both have to work with the incidence

block A, which is not SDD.
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A different approach is to solve for the unknown currents from the lower ¢ equa-
tions in (2.1) and substitute to the upper n equations, in order to obtain the second-

order expression of (2.1):

C.V'(t)+ G,v(t)+ T /Ot v(t) = B,u(t)

y(t) = Euv(t)

where I' = A;L~'A?. MOR techniques that work on the above second-order formu-
lation, like [26]|27][28](29], obtain a reduced-order model through the following matrix

transformations:

D)
3
I

u’G,v, C,=U"C,v, T=UTA,L'ATV 26)
2.6
B,=U"B,, E,=E,V

where U, V are projection matrices onto a lower dimensional subspace.

The above projections (and, generally, the projections of any MOR technique)
do not generally preserve the properties of circuit-type M-matrices, i.e. diagonal
dominance and non-positive off-diagonal elements, which allow them to have a di-
rect correspondence to circuits. The biggest problem however, from the projections
inherent in MOR is that sparsity is lost, which can render impractical any time or
frequency domain simulation involving the solution of linear systems in the model
matrices, and offsets the benefits from the reduction of order. We will address these

problems in the remainder of the chapter.

24

Institutional Repository - Library & Information Centre - University of Thessaly
17/06/2024 17:09:39 EEST - 18.216.116.11



2.2 Approximation of Projected MOR Matrices by

Circuit-type M-matrices

2.2.1 Back projection to the nearest SDD matrix

The matrices C‘,n, én and T resulting from the MOR projections (2.6) are not di-
agonally dominant, but they are expected to be close to a DD matrix (in a suitable
matrix norm) since they are obtained through the projections UTG,, V, UTC,V, and
(ATU)TL7(ATV) which, being good approximations, preserve the dominant eigen-
values (modes) of the initial DD matrices G,,, C,, and L™! (we present experimental
evidence of the proximity of CA},L, @n and T to DD matrices in section 2.6) and there-
fore, in this section we consider the problem of finding the nearest SDD matrix to a
given n X n matrix A with positive diagonal elements, in some suitable matrix norm

which is chosen to be the Frobenius norm, i.e. the following least-squares problem:

min A = X[, = D0 (ay — i)
i=1 j=1 (2.7)

s.t. X e SDD

This constrained optimization problem can be solved by Algorithm [30]| which (after

initializing X = A) alternatingly projects X onto the set of symmetric matrices

by X4+XT

5 —, and the set of diagonally dominant matrices by Algorithm 2 (whose non-

empty intersection determines the feasible set of solutions), until the distance between
two consecutive projections reaches a pre-specified tolerance (see Fig. 2-1). The
DD-projection Algorithm 2 computes for each non-DD row an "average" of the off-
diagonal elements which then adds to the diagonal element while subtracting it from
the rest of the elements for this particular row.

The Algorithm 1 can be proven to converge to the nearest SDD matrix [31] while
its rate of convergence depends upon the angle between the active faces at the solution.
Criteria for the selection of the supporting hyperplanes of the active faces have been

proposed in [32] to improve the convergence rate. As for the computational complexity
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Set of Symmetric
matrices

S, +Z,

Sz

/ot
Set of DD matrices =
/

Figure 2-1: The sequence of projections between the set of symmetric and the set
of diagonally dominant matrices in Algorithm 1. X, is equal to the matrix we are
interested in projecting to the set of symmetric and diagonally dominant matrices.
The solution X* lies in the intersection of the set of DD matrices and the set of
Symmetric matrices, while its Frobenius distance from Xy is the smallest one (there
may be more than one X; in the intersection of the two sets).

of every iteration itself, both the symmetric projection X+2XT and the DD projection

entail O(n?) flops (the "while" loop in Algorithm 3 only takes a few iterations in
practice [31]), and also exhibit significant degree of parallelism (since each row is

treated independently of the others in Algorithm 2).

Algorithm 1 Find the nearest SDD matrix to an n X n matrix A under the Frobenius

norm
1: function X = PRISDD(A, tol)
2 Z=0:X=A
3 repeat .
Lo soxx
5: Xpm, =X
6: X =prjDD(S —Z)
7: Z=X-S+7Z
8 until | X — X[, < tol
9: end function
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Algorithm 2 Project an n x n matrix A with positive diagonal elements onto the
set of DD matrices
1: function X = PRIDD(A)

2: for 1 =1 to ndo

3: a= A(i, :)

4: §= Z?:l,j;éi la(j)]

5: if a(i) > s then

6: X =a

7: end if

8: if a(i) > 0 && a(i) < s then
9: x = prjDDrow(a, i)
10: end if

11: X(i,:) = x

12: end for

13: end function

2.2.2 Improvement in case of RC circuits

In the case of RC circuit we can apply appropriate congruence transformations like
those first appeared in the PACT method [33], so that the G, needs not be approxi-
mated by its nearest diagonally dominant.

Before applying the congruence transformations, we have to rearrange the equa-
tions of (2.5) (of course without the term T’ fot v(t) because we consider RC circuits)
so that the first o = p + ¢ equations correspond to port nodes, while the rest of them

(1 =n — o) correspond to internal nodes. Thus, (2.5) can be re-written as:

G, GT| [x,(t) C, CT| |%=® B,
¢ + ¢ = . u(t)
G. Gi| |x(t) C. C;| |l 07<?
C (] 1 C 1 dt
- - - (2.8)
y(t) =B, ov Xl
- Xz<t)

where x, and x; represent the o port and the ¢ internal unknown node voltages respec-
tively, G, and C, € 1°*° represent the conductive and the capacitive interconnections
among the port nodes, G; and C; € R?*° describe the conductive and the capacitive

interconnections among the internal nodes, G, and C. € R°*? represent the con-
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Algorithm 3 Compute the row of the projection of an n x n matrix A onto the set
of DD matrices

1: function x = PRIDDROW(a, 7)
2: d= Z?:Lj?éi la(j)|

3: d=d— a(z)
4: a,rr=[a(l),...,a(i),a(i +1),...,a(n)]
5: ¢ = #nonzeros(a,rr) + 1
6: b= d/C
7 s=1
8: while s ==1 do
9: s=10
10: for j =1 to n do
11: if a(j) #0&& j#1i then
12: auxr = a(j)— sign(a(j))-b
13: if sign(auz)-sign(a(j)) < 0 then
14: d=d—la(j)]
15: c=c—1
16: a(j)=0
17: s=1
18: end if
19: end if
20: end for
21: b=d/c
22: end while
23: for j =1 to ndo
24: if j # ¢ then
25: if a(j) == 0 then
26: x(7)=0
27: else if a(j) > 0 then
28: x(j) =a(j) —b
29: else
30: x(j) =a(j) +0b
31: end if
32: else
33: x(i) =a(i)+0b
34: end if

35: end for
36: end function
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ductive and the capacitive interconnections between the port nodes and the internal
nodes, while B, € R°*? and E, € R?*° are the upper o X p and ¢ X o submatrices
of the input-to-node connectivity matrix B,, and node-to-output connectivity matrix
E, respectively after the rearrangement of equations. Then, we transform G,,, C,, in

(2.8) as follows:

G - xrax - |G GA 0

C,—-BTA - ATC. B'LTU

C,=X'C,X = / (2.9)
U'L'B C;
with
I, O
X p—t
—A LT

where A = G7'G,, B = C,—C;A, L is the lower triangular matrix from the Cholesky
factorization of G; (G; = LLT). The above transformations do not alter the transfer
function of the system (2.8) and MOR techiques, like PACT and TurboMOR [34]
focus on reducing the (n — 0) x (n — 0) submatrix C; (since the o x o submatrix G,

is small if the ports are few).

Looking at the model in (2.9), it can be proven that matrix G;Z is circuit-type M-
matrix because it consists of the Schur complement of matrix G,,, which is circuit-type
M matrix itself, and the identity matrix. Therefore, it is not required to approximate
G/, with its nearest circuit-type M matrix and as result the error induced due to this

approximation can be avoided.
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2.2.3 Conversion of a general SDD matrix to a circuit-type

M-matrix

The back projection procedure to the nearest SDD matrix leaves the sign of the off-
diagonal elements unchanged, and thus does not generally lead to a circuit type M-
matrix where the off-diagonal elements are all non-positive. However, if we decompose
a matrix A into A = A; + Ay then Ax = b is equal to A;x+ Asx = b (or Ajx —
Ay(—x) = b) and also —A;x — Ayx = —b (or —Ayx + A;(—x) = —b). Now, if
A is SDD and A} = Ag,, Ay = A, where Ay, contains the diagonal and negative
off-diagonal elements and A, contains the positive off-diagonal elements of A (and
zeros everywhere else) then we can write the previous systems as Ag,x—A,(—%x) = b

and —A,x + Ay, (—x) = —b. This, can be put in the form of the augmented sytem:

Aw —A,| | x b
= (2.10)
—A, Ayl |-x —b

which will be SDD with non-positive off-diagonal elements. Thus, for all simulation
purposes, an SDD matrix can be substituted by a circuit-type M-matrix with equiv-
alent solution and twice the size (which is hardly an issue for reduced order models
whose dimension is at most a few thousand and where matrix density is the major

problem).

2.3 Sparsification of Circuit-type M-matrices

The matrices resulting from the nearest projection and conversion procedures of the
previous section are dense circuit-type M-matrices, and thus they can be decomposed
into the sum of a diagonal matrix and a dense Laplacian matrix. In this section
we focus on sparsifying those dense Laplacian matrices. Because a Laplacian matrix
L¢ has a direct correspondence to a weighed graph, by considering every non-zero
off-diagonal element [;; (i # j) as an edge (i, ) between vertices ¢ and j with weight

w(i,j) = —l;j, we can cast the problem of sparsifying Ly to sparsifying its corre-
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Figure 2-2: Electrical circuit analogy of graph, where each edge has resistance the
inverse of its weight. The "effective resistance" of edge (3, 5) is the voltage drop across
the vertices 3 and 5 when we apply a current source of 1A between them.

sponding graph. An efficient graph sparsification method should not naively truncate
edges with weight below a certain threshold, but should instead aim at preserving
the graph "energy" or equivalently the eigenvalues of its Laplacian matrix. Such a
method that for a given dense graph G = (V, E,w) with O(n?) edges (where n is the
number of vertices) constructs a sparse subgraph H = (V, E, @) of G with O(nlogn)
edges, in a way that the energy of GG is preserved in H to the largest extent possible, is
given in [35]. The proposed algorithm is based on the concept of "effective resistance"

of an edge (7, j) which is defined as follows:

R{I1 = (ei — ;) 'L (e; — ) (2.11)

where L/, is the pseudoinverse of Lg and e;, e; are elementary unit vectors with 1
at positions ¢ and j respectively, and zeros everywhere else. In electrical network
analogy the effective resistance of edge (i, j) represents the voltage drop across (3, j)
when we apply a unit current source between its endpoint vertices ¢ and j (see Fig.
2.2).

It is proven in [35], for a given € € [\/Lﬁ, 1] representing a tradeoff between sparsity
0.09

and accuracy, a random sampling (with replacement) of % edges of G with
wio) RY/ )

— - to include in H, will preserve the

probability mass function (PMF) p(i, j) =
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eigenvalues of Laplacian Lg in Laplacian Ly (and the corresponding graph energy)

as:

(1—XN <M <(1+e)\, Vi=1,....,n

Below, we have modified the algorithm of [35] to initialize H by the "Maximum
likelihood" Spanning Tree (MST), so as to include the (n — 1) most probable edges
(and avoid the possibility of H being disjoint), as well as instead of adding ¢ =
(O'OQZ‘# —(n—1)) edges to the MST by analogous random trials, which would require
more computations and memory, we compute the expected times an edge would have
been selected if we had performed a random sampling of ¢ trials (by multiplying the
probability to select an edge p., with the total number of trials ¢ and round their
product to the nearest integer) and then add those edges, that the expected times to
be selected is greater than 0, to the MST (lines 8-10). By doing so, we also remove
the randomness from the algorithm of [35] and thus, the modified algorithm, shown

in Algorithm 4, results always into the same sparse graph.

Algorithm 4 For a dense graph G = (V, E, w) with Laplacian matrix Lg, construct
a sparse subgraph H = (V, E,w) with Laplacian matrix Ly

1: function H = SPARLAP(G, ¢)

2: Calculate effective resistance Rflf Jf) for each edge (i,j) € E (either exactly by

(2.11) or approximately by Algorithm 5)
]
i)

wi ) B

3 Set p(i,j) = S0 (i j) € B
4: H = MST(G") where G' = (V, E, p)
5 Set g = 20%foan _ (p — 1)

6: for i =1 to |E| do

7: We, = round (pe, * q)%

8: if ., # 0 then 1

9: add e; in H with weight w.,
10: end if

11: end for

12: end function

The most expensive operation in Algorithm 4 is the computation of effective re-
sistances, which involves the pseudoinverse L, of L. To alleviate the computational

cost, we also describe a procedure given in [35] for the approximate calculation of
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effective resistances. Firstly, notice that the effective resistance (2.11) can be written
as:
RiT = (e — ¢))"Li(e; — ¢))
= (e; — &))" LELoLf (e — ;)
= ((e; — &) "LEAGW?) (WAL (e — e)))

— |[W'Y2ALLE (e — €))|,

Thus, the effective resistance of edge (i,j) equals the squared Euclidean distance
between the dx 1 vectors WY/2AZ L e; and WY/2ALLte; where d is the total number
of edges (these are effectively the columns i and j of the d x n matrix W'/ ZALLY).
Now, a result proven in [36] states that if we project a set of n vectors d x 1 (like

the columns of matrix WY2AZLLY) onto the k-dimensional subspace spanned by

1
Vi

k = [241logn/é?] for given 4, then the distances between the vectors in the set are

the columns of a random matrix Q € R**?¢ with entries either —l—\/LE or where

preserved with tolerance 1+4, providing analogous bounds for the effective resistance,

i.e.

(1 0) [ WP AR e~ e < QWP AZL (e — e,

< (146) ||[W2ALL (e; — ¢)][5,

Vi,j=1...n

€ 2 €
= (1= 0)R{)) < QWAL (es — )|, < (1 +0)R{))

The product QW 2ALLL can be computed as the matrix Z such that ZLg =
QW?/2AL. This entails solving only & = O(logn) linear systems Lgz; = y; where z;
and y; are the i-th rows of Z and Y = QW/2AZ respectively (instead of n systems
that are required for computing Lj). The solution of these linear systems in the
Laplacian L¢g can be performed efficiently by Laplacian iterative solvers (LapSolve)
such as [37] and [38], which rely on Preconditioned Conjugate Gradients (PCG) to
give the unique solution z; = L}y; that lies in the column space R(Lg). The whole

algorithm for approximate computation of effective resistances is given in Algorithm
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Algorithm 5 Approximate computation of effective resistances for edges of graph
G = (V, E,w) with Laplacian Lg

function Reff) = APPROXREFF(Lg, 9)
k = [24logn/é?]

Construct a £ x d random matrix Q whose entries are either —i—\/ig or _\/LE

1:

2

3:

4 Y =QW!2AL
5: z(i,:) = LapSolve(Lg, y(i,:), Vi=1...k
6 Reff—HZeZ ej)2 V(i,j) € E
7

. end function

2.4 Proposed Methodology for Sparsification of Dense
MOR Models

Combining all the algorithms presented in the previous sections, the complete method-
ology for sparsifying dense MOR models is given in Algorithm 6. The sparsity-

accuracy tradeoff € is usually set at its smallest possible value € = (where 7 is the

<

order of the reduced model).

Algorithm 6 Sparsification of dense models resulting from MOR
1: function Gsp, Csp,I‘sp = MORSPARSE(@m én,f‘, €)
2: Gpp — p'erDD(Gn, le-6)
3: Cpp = prjSDD(C,, 1e-6)
4
5

Tpp = prjSDD(T, 1e-6)
Apply conversion (2.10) to Gpp, Cpp and I'pp, to obtain the matrices Gy,
Cys and I'y; respectively
6: Extract Laplacian part of G,;, Cjs and I'y; in matrices Lg, Lo and L, and
store diagonal remainder of strictly diagonally dominant rows in matrices D¢,
D¢ /z\md Dr
7: Gsp, = SparLap(Lg, €) + D¢
ésp = SparLap(L¢, €) + D¢
: fsp = SparLap(Lr, €) + Dr
10: end function
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Gdn, Cdn, rdn Gp, Cp, rp

X(t)

T
U BU(t) Gdn, Cdn, rdn

Figure 2-3: Two copies of circuit corresponding to Cg,, Gy, and I'y, connected by
circuit branches corresponding to C,, G, and I',. The inputs to the reduced-order
model are not the original inputs, but the inputs from the projection U?Bu(t).

2.5 Synthesis of MORSparse Models

An additional benefit of the matrices resulting from the application of Algorithm 6
(beyond sparsity) is that they are in standard MNA second order form, and thus can

be readily synthesized into RLC circuit with only positive elements.

The approximation of the projected MOR matrices by circuit-type M-matrices
can be considered as a procedure of finding the nearest (in numerical value sense)
realizable circuit to the MOR model matrices which do not have necessarily a physical
correspondence to a circuit (as they just result from an algebraic projection of the
original model matrices (see 2.6)). Moreover, the sparsification algorithm SparLap
does not violate the circuit-type M-matrix property (diagonally dominant matrix with
negative off-diagonal) of the given matrix for sparsification. Therefore, the resulting
sparse model matrices can be still realized into a circuit by following the inverse MNA

procedure [39] (see Fig. 2-4).

Below we demonstrate how any model of SDD matrices as those resulting from
steps 2, 3, 4 in Algorithm 6 can be synthesized into a circuit with only positive

elements. Let
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092 0.11 -0.71 O
0.11 1 —-0.3 0.59

Gpp = )
-0.71 =03 1.21 0
0 0.59 0 1.59
1 0.72 0 0
072 1.63 0 —-091
CDD — )
0 0 1 0
0 -091 0 1
012 0 0 0.12
0 03 0 =02
FDD =

0 0 05 O
0.12 -02 0 0.32

Now, by applying conversion (2.10) to Gpp, Cpp and I'pp we obtain

i 0.92 0 —0.71 0 0 —0.11 0 0
0 1 -0.3 0 —0.11 0 0 —0.59
-0.71 —-03 1.21 0 0 0 0 0
Gy — 0 0 0 1.59 0 —0.59 0 0
0 —0.11 0 0 0.92 0 —0.71 0
—0.11 0 0 —0.59 0 1 —0.3 0
0 0 0 0 -0.71 =03 121 0
0 —0.59 0 0 0 0 0 1.59
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[ 0 0 0 0 —0720 0
0 163 0 —091 —072 0 0 0
o o0 1 0 0 0 0 0
G| 0 0ot o0 0 0|
0 —072 0 0 1 0 0 0
072 0 0 0 0 163 0 —091
o 0 0 0 0 0 1 0
0 0 0 0 0 —0910 1 |
(012 0 0 0 0 0 0 —012]
0 03 0 —02 0 0 0 0
0O 0 05 0 0 0 0 0
po_ |0 020 0w 012 00 o
0 0 0 —012 012 0 0 0
o 0 0 0 0 03 0 -02
o 0 0 0 0 0 05 0
012 0 0 0 0 —02 0 032

The above model is in standard MNA form and thus the non-zero off-diagonal
elements from the upper-diagonal (or lower-diagonal, because they are symmetric
matrices) parts of Gy, Cy and Ty, let gi;, ¢;; and ;;, can be interpreted into a
resistor, a capacitor and an inductor with resistance 9_7;, capacitance —c;; and induc-
tance W_—vj respectively between nodes i and j, while the diagonal entries of G,;, Cj; and

L'y, let gy, ci; and ;;, can be interpreted into a resistor, a capacitor and an inductor
8

with resistance ——4——, capacitance ¢; — Y. |¢;;| and inductance ——+—— re-
gii— > lgis] j=1, Yii— >0 gl
i=1, J# i=L
JFi J#i

spectively between node i and ground. Therefore, the circuit synthesis of our example

leads into the circuit shown in Figure 2-4.
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Figure 2-4: The synthesized circuit of the example. The enumeration of the nodes
in the above circuit has been performed so that node i corresponds to the i-th col-
umn /row of Gy, Cy and T'yy.

2.6 Experimental Evaluation

For the experimental evaluation of MORSparse presented in Algorithm 6 we consider a
set of synthetic RLC interconnects in a 3d grid topology extracted from FastHenry|[46].
The RLC grids in one dimension are consisted of RL branches and in the other two
are consisted of resistive only branches, while we assume a capacitive branch to the
ground at their intersection points (see Fig. 2-5). Moreover, we assume a set of RC
netlists extracted from real designs [40] namely a Transmission Line (TL), a Low
Noise Amplifier (LNA), an RF mixer (MX3) and an RC interconnect (RCintc). We
provide in Table 2.1 all the structural details of each benchmark.

Firstly, in all experiments we formulate the system of equations as in (2.5) (of
course without the term I’ f[f v(t) in case of RC benchmarks), seeking for the unknown
node voltages, and then obtain a reduced order model (ROM) using SAPOR |[29], for
RLC benchmarks and PACT for RC benchmarks. We implemented SAPOR, PACT
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Figure 2-5: Structure of our synthetic RLC benchmarks

Table 2.1: Structural details of benchmarks under test

Bench. num. of num. of | num. of
RL branches ports nodes
intercl 256 32 544
interc2 768 96 1632
interc3 2048 256 4352
interc4 4096 512 8704
TL NA 22 3253
LNA NA 79 29885
MX3 NA 110 867
RCintc NA 646 16862

(see Appendix A) and the proposed MORSparse algorithm in MATLAB 2017a,
and ran all our experiments on a system equipped with a 3.60 GHz Intel Core i7
CPU and 16 GB memory. In Table 2.2 we report the relative distance between

the reduced and the DD-projected matrices in the spectral and the Frobenius norm

<\\GDQ—CA;n,|| ||CDQ—6nH HFDQ_f||
1Gnll ICall [T

) for all the benchmarks we tested. It is apparent
that the matrices resulting from the projection of MOR matrices to the nearest SDD
ones constitute very good approximations, especially when the ROM comes from
PACT (Notice the 0 distance of én from Gpp in case of RC benchmarks, as we

avoid to project it to the set of DD matrices because it is DD in the first place).
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Table 2.2: Relative distance between the reduced order and the DD-projected matri-
ces in the spectral and the Frobenius norm

Bench Spectral distance | Frobenius distance
G, C, r G, C, r
intercl | 0.26 0.34 0.08 | 0.26 0.26 0.05
interc2 | 0.3 0.35 0.16 | 0.27 0.26 0.08
interc3 | 0.24 0.4 0.08 | 0.23 0.27 0.04
interc4 | 0.21 0.47 0.13 | 0.2 0.28 0.04

TL 0 1.02e-4 | NA 0 1.12e-4 | NA
LNA 0 0.021 | NA 0 0,029 NA
MX3 0 0.038 | NA 0 0,046 NA

RCintc 0 0.55 NA 0 0.54 NA

Table 2.3: Comparison of sparse ROMs obtained with MORSparse against dense
ROMs from SAPOR and PACT

Order Sparsity of Sparsity of Sim. Sim.
Bench of SAPOR/PACT MORSparse Sp‘arsif. time time Speedup
ROM ROM ROM time dense | sparse
NGn NCn | M0 | MG | MCsp | Ty ROM | ROM
intercl 64 0% 0% 0% | 95.4% 89% 94% 3.5s 12s 41s 1.5%x
interc2 192 0% 0% 0% | 98.4% | 89.5% | 97.4% 22.5s 55s 42s x1.48 x
interc3 512 0% 0% 0% | 99.3% | 95.3% | 98.4% 83s 1300s 43s x5.6X
interc4 1024 0% 0% 0% | 99.7% | 94.2% | 98.3% 657s 4901s 44s x4.6 X%
TL 22 78.9% 0% NA | 95.9% | 78.3% NA 0.89s 1.82s 3.3s x0.55 %
LNA 79 95.2% | 66.7% | NA | 98.7% | 94.0% NA 0.32s 3.1s 2.4s x1.3%
MX3 110 97.3% | 80.6% | NA | 99.1% | 94.2% NA 0.41s 5.3s 3.2s x1.65x
RCintc 663 96.7% | 69.7% | NA | 99.4% | 97.0% NA 4.5s 129s 31.9s x4.0%

After the sparsification of the dense SAPOR and PACT ROMs, we examined
the resulting MORSparse ROMs in terms of sparsity ratio (n = %) and
simulation accuracy. In all our experiments we applied at all ports a 1A step current
source, executed the simulation for 10® timepoints and acquired the response at a
randomly chosen port. Fig. 2-6 and Fig. 2-7 compare the voltage responses at a port
of benchmarks intercl, interc3, when we assess the accuracy of RLC benchmarks
and LNA, TL when we assess the accuracy of RC benchmarks, acquired from the
simulation of SAPOR ROM and PACT ROM respectively and the simulation of
MORSparse ROM for the smallest acceptable value of €. It can be verified that the
responses of MORSparse ROMs approximate the responses of SAPOR and PACT
ROMs very well. Again see that the spare model when the ROM has been obtained
from PACT achieves to match the waveform of the initial dense ROM almost perfectly,

due to the avoidance of projecting (A}n to the space of DD matrices.

Table 2.3 compares the SAPOR and the PACT ROMs with the MORSparse ROMs
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(a) Voltage response at a port of benchmark intercl. The rms value of the error between the two
waveform is 5.55e-17.
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(b) Voltage response at a port of benchmark interc3. The rms value of the error between the two
waveform is 2.64e-17.

Figure 2-6: Voltage response from simulation of the dense ROMs obtained from
SAPOR and their sparse counterparts obtained with MORSparse.

in terms of sparsity and simulation time. We can observe that a sparsity ratio of over
89% for the resulting sparse ROMs was attained that led to speedups from x1.48 to

x5.6 in simulation, (which are expected to increase for ROMs in the order of a few
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(a) Voltage response at a port of benchmark TL. The rms value of the error between the two

is 7.9e-7.
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(b) Voltage response at a port of benchmark LNA. The rms value of the error between the two

waveform is 1.18e-7.

Figure 2-7: Voltage response from simulation of the dense ROMs obtained from PACT
and their sparse counterparts obtained with MORSparse.

thousand encountered in practice. Actually, in case of TL we had a slowdown because

it is too small in size), while the sparsification time is an one-time cost that does not

constitute significant fraction of the total simulation time in practical scenarios.
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Figure 2-8: Voltage responses from simulation of the sparse MX3 ROM obtained with
different e values.

MORSparse offers simulation accuracy versus sparsity ratio trade-offs through the
parameter €. In an additional experiment we sparsified the ROM of the MX3 with
different € values. Fig. 2-8 shows that smaller values of € lead to more accurate

simulation but denser ROMs, as was naturally expected.
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Chapter 3

Efficient Manipulation of Dense
Inductance Matrix in Simulation of

Large Mutually Inductive Circuits

3.1 Background

3.1.1 Transient analysis overview

Consider an RLC circuit composed of n nodes and m inductive branches with mutual
inductive coupling between them (see Fig. 3-1), as well as its Modified Nodal Analysis
(MNA) description [20]:

Gx(t) + Cx(t) = &(t), (3.1)
where
G| @ A g ool o {v(t)] - {e(t)]
-AT 0 0 L i(t) 0

In the above, G, € R™*" and C,, € R™*" are the node conductance and node ca-

pacitance matrices respectively, L € "*™ is the dense inductance matrix (with
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Figure 3-1: Example of an RLC circuit with 6 nodes (red) and 2 inductive branches
(blue). The coupling between the two inductances is indicated in green.

self-inductances as diagonal entries and mutual inductances as off-diagonal entries),
A € R is the corresponding node-to-branch incidence matrix, v(t) € R" and
i(t) € R™ are the vectors of the unknown node voltages and branch currents, and
e(t) € N™ is the vector of excitations from independent sources at the nodes (as-
suming, without loss of generality, that voltage sources have been transformed to
Norton-equivalent current sources). Applying the Backward-Euler numerical integra-
tion method in (3.1), we arrive at the problem of solving a system of n + m linear
algebraic equations at each discrete time 5,k = 1,2,... (starting from initial values

T
x(tg) = [V(O) i(())] of the unknown variables):

where
LC,+G, AL _ C
Jk = h s b(tk) = e(tk) + —X(tk_l)
—AT 11 hy,
hy,
and hy =t —tx_1, k = 1,2,... is the chosen time-step size (which can be either fixed

or variable during the analysis). The above is a linear system of the form Ax = b

that has to be solved at every discrete time ¢, k =1,2,....
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3.1.2 Iterative linear solvers

Direct methods (based on matrix factorization) are not practically feasible for solving
large dense systems or systems with a large dense block (like hikL in (3.2)), due to their
excessive runtime and memory requirements. The only viable option for such systems
is the use of iterative methods, and particularly Krylov-subspace iterative methods
like GMRES (which is suitable for general unsymmetric systems like (3.2)) [41]. The
operation with the dominant cost inside the iteration loop of Krylov-subspace meth-
ods (and GMRES in particular) is the matrix-vector multiplication, which for the
system (3.2) can be dealt efficiently by the hierarchical matrix framework that is
introduced in the next subsection and applied to the inductance matrix L in Sec-
tion 3.2. Other operations of Krylov-subspace iterative methods like inner products,

scalar-vector products and vector additions are not expensive computationally.

The convergence rate of Krylov-subspace methods is determined by the spread of
the eigenvalues of the system matrix and their distance form 1 [42]. In particular,
convergence is fast when the eigenvalues are tightly clustered together and slow when
they are spread apart. A slow convergence rate can be alleviated by using a precon-
ditioner matrix M and the equivalent solution of the system M~'Ax = M~'b. The
application of M can be embedded inside the iterative method as the computation
of the preconditioned residual z;, via the solution of the system Mz; = r; in every
iteration j (see Fig. 3-2). An effective preconditioner needs to satisfy the following

two prerequisites:

e Preconditioning should deliver a much tighter clustering of the eigenvalues of
M~!A than those of the original matrix A, leading to a significant reduction

in iteration count and acceleration of the convergence rate.

e The reduction in the number of iterations should offset the computational over-

head introduced by the solution of Mz; = r; in every iteration.
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Inputs: System matrix A, preconditioner M, and RHS
vector b
Output: Solution x of Ax = b
1: Set x:=x  (initial guess); r:=b-Ax  (initial
residual)
2. p:=rorp:=M r(initial search direction)

3:  while not_converged

4.

5: gq:=Ap

6: Update x and r (using p and q)
7:

8: Solve Mz =r

9: Update p (using z)

10:

11: end while

Figure 3-2: The general structure of Krylov-subspace iterative methods.

3.1.3 Low-rank products and hierarchical matrices

If A € R is a square matrix or matrix block with Singular Value Decomposi-
tion (SVD) A = UXVT, where ¥ = diag(o4,...,0,) and oy > --- > 0,, then by

introducing the following partition:

0 .|V
U=[U, Uy, == . Vi=

0 \'%
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with U; € ") B) € 7 and VI € R7™*") the optimal low-rank product approx-
imation of rank-r of A is defined as A = (U;21?)(V;21/%)7 = ZYT. It has been

proven in [43] that this approximation satisfies the following optimization problem:

min||A — A|| s.t. rank(A) =r
A

for any common matrix norm. The benefit of the factorization A = ZY7 with
7 = Ulili/2 and Y = VlE}/Q is that only the factors Z and Y have to be kept
in memory instead of the whole n x n matrix A (see Fig. 3-3). The above low-
rank product approximation can be straightforwardly extended to rectangular matrix

blocks.

|=
1

<5
-
-

n A = nZ

Figure 3-3: Approximation of a n x n dense block with a low rank product. Only
O(2rn) storage is required, while parameter r controls the accuracy of the approxi-
mation.

Hierarchical matrices or H-matrices [44] are a lossy compressed matrix format
which relies on the partitioning of a dense matrix into a number of sub-matrix blocks
that can be approximated efficiently and accurately by low-rank products. The special
structure of H-matrices allows the development of algorithms for the basic operations
of matrix-vector multiplication and matrix factorization with near optimal asymptotic

complexity.
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3.2 Approximation of the Inductance Matrix with
Hierarchical Matrices

Because of the natural fact that interconnect segments which are farther apart exhibit
weaker mutual inductive interactions, the inductance matrix L will be characterized
by progressively smaller off-diagonal elements while moving away from the diagonal
(assuming that segments in close physical proximity are enumerated consecutively
- otherwise suitable permutation matrices can be applied). Then the matrix blocks
that are away from the diagonal can be efficiently approximated by low-rank products
and the whole inductance matrix by an appropriate H-matrix (see Fig. 3-4). The
size and the number of blocks, as well as the order of the low-rank approximation of
each block, constitute trade-off parameters between the degree of compression and
the quality of approximation.

1616 1616 32 32

6464

Figure 3-4: Example of 256x256 inductance matrix in H-matrix format. Blocks
around diagonal (red-colored blocks) correspond to mutual inductances in close phys-
ical proximity to each other. Blocks away form the diagonal (green-colored blocks)
have progressively smaller numerical values and can be approximated by low-rank
products (the rank of each block is indicated inside the block).

It is noted that the usage of H-matrix format does not require the a-priori knowl-
edge of the whole inductance matrix. Instead, only the spatial arrangement of the

interconnects, which is available before the assembly of the inductance matrix, is re-
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quired to perform the matrix blocking. Thus, provided that we integrate the H-matrix
library with the inductance extraction tool, we can approximate a matrix block by
a low-rank product immediately after its computation, and next store it directly in

H-matrix format rather than as part of a dense inductance matrix.

3.3 Solution and Preconditioning of the Transient

Linear System

3.3.1 Multiplication of transient system matrix with vector

The matrix Jj, is composed of different storage formats, with G,,+ h—IkCn and Ay, being
in sparse format (compressed row or column form) and L in H-matrix format. Thus,
the multiplication of J, with a vector inside the iteration loop of a Krylov-subspace
method like GMRES, can be performed in a block fashion by calling the appropriate

sparse and H-matrix subroutines (see Appendix B).

3.3.2 Preconditioner formulation

Consider the block LU factorization of Jj of (3.2):

I 0| |[G.+7C, Ap
Jr = LyUy = * :
~AL(Gu+:Co)7t T 0 S

where

1

1
S=—L+A%(G, +
Dy,

C,) ‘A
hy, )AL

is the Schur complement of J;. Because Ly is a block lower triangular matrix with
identity blocks on the main diagonal, and thus has all eigenvalues equal to 1, the

block upper triangular matrix
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G,++C, A
Us = P g (3.3)
0 S

constitutes an ideal preconditioner for J, (meaning that GMRES will converge in

only one iteration).

3.3.3 Preconditioner application

The preconditioning step of Fig. 3-2 involves the solution of the following linear

system:

Ujz=r= Gt ﬁcn Arl | — M. (3.4)
0 S Zo Iy

The system (3.4) has a block upper triangular coefficient matrix and its solution can
be achieved by block back substitution. Specifically, we first solve Szs = ry (details
are given in the next paragraph), then update the right hand side as ry = r; — A 2o,
and finally solve (G, + hikCn)zl = r;. The latter is a n X n sparse linear system
which can be solved by any direct or iterative sparse linear solver. Since it can be
demonstrated that G,, + iCn is a symmetric diagonally dominant matrix with non-
positive off-diagonal elements [21], it is recommended to use iterative methods for

which very efficient preconditioners have been developed [38] [37].

The Schur complement m x m system Szs; = ry has coefficient matrix with two
additive terms, S; = h—lkL and S, = AT(G, + hikCn)_lAL, both of which are dense
and in different matrix formats (S; is stored as an H-matrix). However, since the
relative contributions of S; and S, depend on the time step size hy, we can choose one
term over the other for the typical range of step sizes in a variable-step simulation.
Specifically, for small step sizes the term S; = hikL dominates and the system h_lkLZQ =
ro can be solved by LU factorization of L in H-matrix format. For larger step sizes the

term So = A%(Gn + iCn)*lA 1, is dominant and the block preconditioner becomes
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G, + icn Ap zZ rq
0 A%(Gn + thCTL)_lAL Zy o

which can be straightforwardly derived to be equivalent to the system

Gn“—h_lkcn A z| (35)
—A}j 0 Zy ro .

The latter is an (n 4+ m) x (n 4+ m) sparse linear system which can be solved by any

direct or iterative linear solver.

3.3.4 Selection of the dominant term of Schur complement

The choice of the approximation of S as S; or Sy, for a given timestep, can be guided
by quantifying the relative magnitude of each term in its spectral norm (see Algorithm
7). While there exist efficient routines to compute the spectral norm of hikL in H-
matrix format, the spectral norm of AT(G,, + hikCn)_lA 1 can only be estimated by

the inequality

Algorithm 7 Choice of suitable approximation of S for a given timestep hy

1: function S = APPROX(;-L, A7(G, + 3-C,)'Ay)

2: if ”iL " > HA{(Gn + h—l,CCn)*lAL . then
3 S ~ hiL
k
4: else
5: S~ AT(G, + iCn)‘lAL
6 end if
7. end function

1
.

1

Al (G,
IAL(G, + -

Co) ALl < NJALILIG + —Co) HIpllALlL (3.6)

Due to the specific structure of the interpolation matrix Ay the inequality (3.6) is
fairly sharp and the estimate is getting better as hy, increases. With ||A L[]y = V/2 we

have
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1 _ 1 _
—Cn) ALl < 2/[(Ga + = Ca)y s
hk hk

5 (3.7)

IAL(Gn +

where A (G, + h—lkCn) is the minimum eigenvalue of the matrix G,, + h—lkcn. Its
estimate can be obtained efficiently by the inverse power iteration [45] where the
matrix-vector product from the normal power method is replaced by the solution of

a linear system.

3.4 Experimental Results

3.4.1 Experimental setup

For the experimental evaluation of the compression rates obtained by storing the in-
ductance matrix L as a H-matrix and the efficiency of the proposed preconditioning
method we consider a set of parallel interconnect RLC models with inductive and
capacitive coupling. The inductance matrix, with all mutual inductances, was assem-
bled with FastHenry [46], while we assume that there is a capacitive path from all
nodes to the ground and a capacitive coupling between adjacent nodes. Structural
details of the benchmarks are summarized in Table 3.1. The simulation of the RLC
interconnect models was performed with a driver resistance of 30€2, load capacitance
of 20fF, total wire self-capacitance of 40fF and total coupling capacitance between
adjacent wires of 20fF. A 1V 20ps ramp voltage source was applied to one of the wires
while the remaining were kept inactive. Our experimental framework was developed
in C/C++ and all our experiments were performed on a system with a 3.60GHz Intel
Core i7 CPU and 16GB memory. It is noted that since we used an off-the-shelf RLC
extractor like FastHenry (rather than develop a custom extraction tool), we were
forced to store the whole dense inductance matrix in memory before converting it to

‘H-matrix format, and thus were restricted in the largest circuit that could be handled
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by the memory of the target machine.

Table 3.1: Structural details of the test problem.

Bench number of number of | Resistance ({2) of each
RL branches m | nodes n RL seg.

busl 256 544 3.3156

bus2 1024 2080 0.8289

bus3 4096 8208 0.1036

bus4 8192 16416 0.1036

busb 16384 32832 0.1036

3.4.2 Efficiency of the compression of inductance matrix by

H-matrices

The H-matrix approximation requires information on the geometrical coordinates of
the interconnect branches, but it is pointed out that the physical structure of the
circuit model can be arbitrary and is not restricted to specific configurations like
parallel buses of conductors. In order to compress the dense inductance matrix by
‘H-matrices we adopt in this work the HLIBpro library [47][48][49]. HLIBpro offers
the approximation routines to store a dense matrix in the H-matrix format and
perform a set of matrix operations with H-matrices. The inputs to HLIBpro are the
geometrical coordinates of the nodes of the physical structure. HLIBpro identifies the
node indices that correspond to closer interconnects and performs a segmentation of
L into blocks. For the clustering process of the coordinates into groups and, in turn,
the segmentation of L into a number of blocks of certain size we used the default set
of parameters of HLIBpro (as suggested in HLIBpro’s manual [50]). Each block A;
was approximated by low rank product A; = Z;Y7 such that ||A; — A;||r < 1074 We
tested the quality of matrix compression of L with hierarchical matrices (denoted as
L) by solving a linear system Lz, = ¥, for multiple random right hand sides ¥, by
Krylov-iterative method, preconditioned by Ly. In all our tests the Krylov-iterative
method converged in 1-2 iterations meaning that Ly is a close approximation of L

and can be used instead of it in all subsequent calculations without a significant loss
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of accuracy. Table 3.2 shows the memory savings, the speedups of matrix-vector
multiplication required in the Krylov loop, as well as the time required to perform
‘H-matrix compression of L. It is apparent that the larger the benchmark, the more
memory savings is recorded because increasingly larger blocks can be approximated
by low rank products. Moreover, the time to sparsify the dense inductance matrix
in each benchmark with H-matrices is sub-linear with respect to the total number of
elements in L, e.g the sparsification of inductance matrix for bus4 that has 7 times

more elements than the inductance matrix in bus3 is only 2.55 times longer.

Table 3.2: Computational impact of the approximation of dense inductance matrix
L with H-matrix Ly.

Storage Mat-vec Product Time
Compr.
Bench. ’f‘(;rr; Dense H Mem. | Dense H Speed
. L matrix | save L matrix up
matrix

busl 20ms 512.17kB | 144.26kB | 71.8% | 0.04ms | 0.03ms | 1.33x
bus2 30ms 8MB 746.65kB | 90.8% | 0.65ms | 0.6ms 10.8 x
bus3 180ms 128MB 4.80MB | 96.1% | 1lms | 0.32ms | 34.4x
bus4 470ms 512MB | 15.96MB | 96.8% | 50ms 1.7ms 29.5x
busb 520ms 2GB 50.64MB | 97.5% | 225ms 8ms 28.1x

3.4.3 Preconditioner efficiency analysis

The efficiency of the proposed preconditioner depends on the timestep hy used in the
simulation. Table 3.3 reports the iteration count to solve (3.2) with the proposed
preconditioner, which uses two different approximations of the Schur complement
(S=S; and S = S,), and with no preconditioner for the range of time step sizes that
is of practical interest. Also, Table 3.4 reports the spectral norm of S; and S, used to
approximate S in (3.4) for a given timestep, as in Algorithm 7. We adopt hy € {10fs,
Ips, 100ps}, where the lower range is used to compute detailed waveforms and the
upper range is used to either examine the general trend in waveforms or to compute
steady state. From the iteration count we can observe that the for small steps sizes

hi ~ 10 fs the choice S = S; is superior, and for hy ~ [1,100]ps the choice S = S,
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leads to smaller iteration count. This is in agreement with the discussion in Subsection
3.3.3 on different weightings of the two terms S; and Sy to the Schur complement of
S. The cross-over point between the two preconditioners occurs approximately in the
interval [10fs 1ps|. In the case with no preconditioning, the Krylov-iterative method

failed to converge for larger step sizes.

Table 3.3: Iteration count to solve the transient system (3.2) with the proposed
preconditioner and without preconditioner for timesteps 10fs, 1ps, 100ps at one time

instant.
# iter with 7 iter w/o
Bench. prec. Uj prec.
hy = 10fs | hy = 1ps | hy = 100ps | hy = 10fs | hy = 1ps | hy = 100ps
busl 2 21 3 2021 2043 NA
bus2 2 16 3 1848 3961 NA
bus3 7 13 4 1326 4476 NA
bus4 7 18 4 2427 5563 NA
bus5 7 17 4 1876 6158 NA

Table 3.4: The spectral norms of the Schur complement terms for timesteps 10fs, 1ps,
100ps.

h,=10fs hi,=1ps h,=100ps
Benehe gy, TS0l | [Slle [ 11Selly | TS1llsy | 1S:1Ts
busl 3.7e+5 20 3.7e+3 | 1.6e+3 37.4 1.6e-+5
bus2 le+5 64.6 le+3 6.3e+3 10.4 | 6.3e+5
bus3 | 7.1e+3 | 494.8 71.5 4.9e+4 0.7 4.9¢+6
bus4 1.3e+4 | 505.8 129.9 5e+4 1.3 5e-+6
busb 2.5e+4 509 250 5.1e+4 2.5 5.1e+6

3.4.4 Transient analysis results

Combining the benefits of the storage of the dense inductance matrix as an H-matrix
and the reduced number of Krylov iterations through the proposed preconditioner,
Table 3.5 reports the speedups of the simulation of RLC benchmarks for h;=10ps and
30 time points, in comparison to standard SPICE simulation (dense L) and simulation
with H-matrix L but without preconditioner. For this simulation scenario, the pro-

posed methodology leads to speedups up to 2139x for the largest circuit. Regarding

57

Institutional Repository - Library & Information Centre - University of Thessaly
17/06/2024 17:09:39 EEST - 18.216.116.11



0.06

—dense L
0.05 |- o LH
1
®
0.04 | L
?
0.03
2 0.02
(0]
2
= 0.01
(©]
>
0
-0.01
-0.02
-0.03
0.15
—dense L
% o LH
0.1 Lt
— 0.05 e
b
[
(o)
8
o 0
>
-0.05 i
0.1 | | | | | |
0 1 2 3 4 5 6 7
Time (s) %10 10

(b)

Figure 3-5: Voltage response at randomly chosen nodes of busl (a) and bus3 (b)
with hj, =1ps (the choice of hj, = 1ps shows all the details in the response waveform)
obtained by full SPICE, H-matrix approximation with preconditioning, and sparse
reluctance simulation with same memory as H-matrix. The proposed approach is
indistinguishable from SPICE, while reluctance-based simulation exhibits significant
deviation.
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Table 3.5: Runtime results of the whole simulation of benchmark RLC circuits with
timestep 1ps.

Simulation Simulation
Size of with H-matrix with H-matrix
. | SPICE .. . ..
Bench. | Matrix Time W /o preconditioner | with preconditioner
I Time Speedup Time Speedup
busl 800 1.1s 1s 3.75% 0.28s 3.9x
bus2 3104 61s 9.75s 6.21 % 1.57s 38.8 %
bus3 12304 4989s 110s 19.19x 5.72s 872 %
bus4 24608 31917s | 515s 22.4 % 23s 1388.3x
bus5 49216 | 194694s | 2545s 76.5x 91s 2139x

the accuracy of the H-matrix approximation, the relative rms error of the simulation
compared to exact SPICE was less than 0.01 in all nodes of every benchmark. Simula-
tion waveforms for random nodes of two benchmark circuits are graphically displayed
in Fig. 3-5, where it can be observed that the waveforms for H-matrix with the
proposed preconditioner are indistinguishable from exact SPICE. Superimposed in
the same figures are waveforms from sparse reluctance-based simulation, obtained by
inversion and truncation of L (with sparsity ratio leading to same memory footprint
as the H-matrix approximation), which can be observed to exhibit a clear deviation
from both exact SPICE and the proposed methodology. Note that for the largest
benchmark circuit, the inversion of the dense L (with size 16.3K) took an additional

111s.
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Chapter 4

Conclusion and Future Work

4.1 Conclusion

In this dissertation we present effective techniques for the sparsification and handling
dense matrices in circuit simulation. We firstly present a rigorous mathematical ap-
proach for the sparsification of the dense matrices resulting in MOR. In the proposed
methodology, we derive a second-order formulation of the original model, so that the
resulting MOR matrices are close to DD matrices, and then exploit a rigorous sparsifi-
cation methodology, which entails the computation of the nearest Laplacian matrices
of the reduced model matrices under the Frobenius norm and a graph sparsification
algorithm, to sparsify these matrices. Moreover, we propose the hierarchical matrices
as a suitable compression mechanism for the dense inductance matrix, that arises
after modelling all mutual inductive couplings between the interconnects in SoCs,
and we present an efficient preconditioner for the system to be solved during the time
integration. The contributions of our work in this dissertation can be summarized in

the following two results:

e The sparsification of the dense MOR matrices leads to faster simulation times
with negligible degradation in accuracy, that is introduced due to the approxi-
mations of the ROM matrices with their nearest circuit-type matrices. Actually,

we end up with an even stronger result in the sense that the sparsified ROMs
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can be synthesized straightforwardly with only positive RLC elements.

e By compressing the fully dense inductance matrix with hierarchical matrices
and applying the proposed preconditioner we can tackle much larger problems
than previously possible on a given computing platform, both in terms of stor-
age and wall clock time. Our experimental results indicate that a very good
compression ratio of inductance matrix can be attained without compromis-
ing accuracy, while the proposed preconditioner reduces the iterations count of
Krylov iterative method in simulation effectively leading to a significant speedup

of the simulation.

4.2 Future Directions

Our future plans on the research presented in this dissertation is to extend it towards

the following two directions:

e The approximation of the ROM matrices with the nearest SDD matrices in-
troduces error in simulation. In order to avoid that approximation we suggest
to re-think the MOR problem, instead of as a projection problem, but as an
optimization problem. The objective of the optimization would be the min-
imization of the infinite norm (H.,) of the difference between initial model’s
transfer function and the corresponding reduced model’s transfer function un-

der the constraints that the ROM matrices belong in the class of SDD matrices.

e The proposed preconditioner in Chapter 4 for the simulation of general RLC
circuits deviates from the optimal preconditioner, which is the Schur comple-
ment of the system to be solved in transient analysis. Recall that we made
the appropriate simplifications, on top of the Schur complement preconditioner,
in order to solve the preconditioner solve step efficiently. Therefore, a better
approach would be to build an application-specific preconditioner that exploits
the special structure of the individual problem, such as the structure of a Power

Grid, and arrive in a more efficient solution of the preconditioner solve step.
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Appendix A

Model Order Reduction Algorithms

In this section we provide "near-to-implementation" (MATLAB-like) pseudocodes
of SAPOR and PACT model order reduction algorithms that we use in chapter 2.
Beginning with SAPOR (see Algorithm 8), its list of input parameters contains the
initial model matrices, as they are shown in (2.5), the frequency (sy) around which we
are interested in approximating the initial model with a ROM, the size of the initial

model (n), the desired size of the ROM (r) and the number of input ports (p).

Algorithm 8 SAPOR

1. function C,, G,, T, B,, E, = SAPOR(C,,, G,, I, B, E,, 50, n, 1, p)
2: F=2xs5xC,, + G,

3: K=3sx+C, +s*G,+T
N
5

BO = Sp * B1
. B, -B
N [-K'«F Kl}
' -C, 0
T QO =K'« By
8: Py =B,

9: Q = blkSOAR(A, Qo, Py, n, r, p)

0:  C,-Q’C,Q, G,-Q"G,Q T =QrQ
11: B, - Q'B,, E, - Q"'E,

12: end function

On the other hand, the list of input parameters of PACT (see Algorithm 9) consist
of the initial model matrices (but now because PACT is a MOR algorithm specifically
for RC circuits, the matrix I' is absent), the number of ports (N), the frequency
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band of operation (w.) and an error control parameter (e.), that both determine the
extra columns and rows, except for the first NV, that have to be added to the ROM
after the transformation (2.9). Recall that before applying PACT the equations of
Kirchhoft’s Current Law (KCL) for every node have to be rearranged so that the first

N correspond to port nodes while the rest of them to internal nodes.

Algorithm 9 PACT

1: function C,,, G,, B,, E, = PACT(C,,, Gy, B, E., N, w,, €.)
2: n = B,.cols
3: n;=n—N
4: G, =G, (N+1:end, N +1:end)
5 G, =G,(N+1:end,1:N)
6 L = chol(&))
NxN Nxn;
7 X = [ I OLT‘|

g Cn= AXTCnX, G, =X"G,X, B,=X"B,, E,=X'E,
9: C,=C,(N+1:end,N+1:end)
10: U, S] = eig(C;)

11: Sort the diagonal of S in descending order and perfrom the column swaps in
U so as to preserve the initial eigenvalue/eigenvector correspondence

12: Solve the equation w, * A, + (we * A)® — €, = 0 for A,

13: k=0

14: for s, =1 to n; do

15: if S(Si, Si) > )\, then

16: k=k+1

17: else

18: break

19: end if

20: eAnd for

21: G, n(1:N+k1:N+Ek)

22:  Cp én( ‘N+k1:N+Ek)

23: B, ﬁ( N+ k)

21:  E,=E,(1:N+k,:)

25: end function
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Algorithm 10 Block Arnoldi for Second Order Systems

1: function Q = BLKSOAR(A, Qq, Py, n, p, 1)
2: k==
P
3 Q=P =0""
4: [Q1, P1] = SOrth(Qo, Py, p)
5: QG:,1:p) =Qq, P(;,1:p) =Py
6: A =A(l:n,1:n), Ay=A(l:n,n+1:end), As=A(n+1:end,1:n)
7 fori=1 to k—1do
8 Qi = Q(:, (--1)xp+1liixp), Pi=P(: (i-1)xp+1:i*p)
9: Qz:Al*Ql—FAQ*Pl, PZ:Ag*Ql
10: for =1 to ido

11 Qi — QC, G-+ +p), Pj— PG, (-1)spi1j +p)

12: Hji = Q? * Qz

13: Q =Qi-QjxHy;, P;=P;-PjxHy

14: end for

15: QC,ixp+1:(i+1)xp),P(ixp+1:(i+1)*p)] = SOrth(Q;,Ps,p);
16: end for

17: end function

Algorithm 11 Matrix Orthonormalization

function Q,P = SOrRTH(Q,,., Py, p)
Q _ Osize(Qm)’ P = Osize(Pm)

1:

2

3 fori=1 to pdo

4 ai = Qun(:,70), pi=Pu(,i)

5: for j=1 to i—1do

6 R = Q(,j) *q

7 qz:ql_le*Q(a])v pi:pi_Rji*P(:7j)
8

9

end for
: Rii = [|ail|2
10: if R” == 0 then
11: print("deflation")
12: break
13: else
14: qZ':R%.i*Qi, Pi:R%.i*Pi
15: end if
16: Qi) =i, P(i) =p;

17: end for
18: end function
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Appendix B

Compression and Routines with

H-matrices

In this section, we offer a pseudocode (see Algorithm 12) of how to use HLIBpro
library, which is rather straightforward, in order to compress a dense matrix. More-
over, we provide an algorithm (see Algorithm 13) for the multiplication of the system
matrix in (3.2), that consists of different matrix formats, with C,,, G,, and A being

in sparse matrix format and L being in H-matrix format, with a vector.

Algorithm 12 Compression of a dense matrix with HLIBpro
1: function Ay = HLIBPRO(A)

2: Associate every i,j entry of dense matrix A with a (z,y,z) coordinate in
Euclidean space.
3: Provide the above relation between matrix entries and coordinates, the mini-

mum size of matrix blocks to be approximated by low-rank products, the accuracy
of approximation of matrix blocks by low-rank products and a distance criterion
between the coordinates, to HLIBpro library.

4: end function

Algorithm 13 Matrix multiplication of system matrix in (3.2) with a vector

1: function q = BEMATRIXMUL(J, p)
2: p1=p(l:n), ps=p(n+1:end)
3: QI:(h_lkcn—f—Gn)*Pl—f—AL*pm QQZ—AE*pl—I-iL*pQ

T
4 q=|q qo
5. end function
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