Constructing Accelerated
Algorithms for Large-scale
Optimization

Framework, Algorithms, and Applications

Mihai lulian Florea

=
=
I
=.
—
o
j=py
I
=
ry
=3
o
=
@
1
Q
o
=]
(2]
(=
=
o
o
Q
=y
=
o
>
o
o
o
o,
2]
—
o
=4
o
o
2
o)}
[}
=
=.
~
=
=}
2]
s
1
=
&
=
o)}
¢
)
o
&
=)
5
@)
el
(=g
=
]
=.
N
)
=
=
o
=

A,, Aalto University gIOS%E%I;R_Ir.IONS







Aalto University publication series
DOCTORAL DISSERTATIONS 197/2018

Constructing Accelerated Algorithms
for Large-scale Optimization

Framework, Algorithms, and Applications

Mihai lulian Florea

A doctoral dissertation completed for the degree of Doctor of
Science (Technology) to be defended, with the permission of the
Aalto University School of Electrical Engineering, at a public
examination held at the lecture hall TU2 of the school on 23 October
2018 at 12:00.

Aalto University

School of Electrical Engineering

Department of Signal Processing and Acoustics
Signal Processing Group



Supervising professor
Professor Sergiy A. Vorobyov, Aalto University, Finland

Preliminary examiners
Professor Yurii Nesterov, Catholic University of Louvain, Belgium
Professor José M. Bioucas Dias, University of Lisbon, Portugal

Opponents
Professor Yurii Nesterov, Catholic University of Louvain, Belgium
Professor Jean-Christophe Pesquet, University of Paris-Saclay, France

Aalto University publication series
DOCTORAL DISSERTATIONS 197/2018

© 2018 Mihai lulian Florea

ISBN 978-952-60-8226-4 (printed)

ISBN 978-952-60-8227-1 (pdf)

ISSN 1799-4934 (printed)

ISSN 1799-4942 (pdf)
http://urn.fi/URN:ISBN:978-952-60-8227-1

Unigrafia Oy
Helsinki 2018

Finland

(/4

441 697
Printed matter



A, , Aalto University Abstract

Aalto University, P.O. Box 11000, FI-00076 Aalto www.aalto.fi

Author
Mihai Iulian Florea

Name of the doctoral dissertation
Constructing Accelerated Algorithms for Large-scale Optimization

Publisher School of Electrical Engineering

Unit Department of Signal Processing and Acoustics
Series Aalto University publication series DOCTORAL DISSERTATIONS 197/2018
Field of research Signal Processing Technology

Manuscript submitted 11 June 2018 Date of the defence 23 October 2018
Permission to publish granted (date) 30 August 2018 Language English
[ ] Monograph X Article dissertation [ ] Essay dissertation
Abstract

A wide range of inverse problems and various machine learning tasks can be expressed as large-
scale optimization problems with a composite objective structure, where the gradient of the smooth
part has a global Lipschitz constant that is either impractical to compute or considerably larger
than the local values. The smooth part may be strongly convex as well, especially in certain medical
imaging applications. The only fast methods that are able to address this entire class of problems
are similar to or based on the black-box algorithms developed and analyzed by Nesterov using the
estimate sequence mathematical framework.

In this work, we introduce the augmented estimate sequence framework, a relaxation of the
estimate sequence. When the lower bounds incorporated in the augmented estimate functions are
hyperplanes or parabolae, this framework generates a conceptually simple gap sequence. We use
this gap sequence to construct the Accelerated Composite Gradient Method (ACGM), a versatile
first-order scheme applicable to the entire composite problem class. ACGM is endowed with an
efficient dynamic Lipschitz constant estimation (line-search) procedure and features monotonicity.

Motivated by the absence of an accurate complexity measure applicable to all first-order methods,
we also introduce the wall-clock time unit (WTU). The WTU accounts for variations in algorithmic
per-iteration complexity and more consistently reflects the performance of first-order methods in
practical implementations. When analyzed using WTU, ACGM has the best provable convergence
rate on the composite problem class, both in the strongly and non-strongly convex cases. We
confirm the superiority of ACGM within its class using an extensive simulation benchmark.

ACGM also excels in terms of robustness and usability. In particular, ACGM is guaranteed to
converge without requiring any quantitative prior information on the problem. Additional
information, if available, leads to an improvement in performance at least on par with competing
methods. Moreover, ACGM actually encompasses several popular algorithms for large-scale
optimization, including Nesterov's Fast Gradient Method (FGM) and the Fast Iterative Shrinkage
Thresholding Algorithm (FISTA), along with their most common variants.

The efficiency and generality of ACGM enables new applications, particularly in ultrasound image
reconstruction. In contrast with the unrealistic models of existing approaches, we propose two
ultrasound image formation models based on spatially varying kernel convolution that account for
arbitrary boundary conditions. We provide these models and their adjoints with resource efficient
matrix-free implementations. Using either of our models, a variant of ACGM optimized for this
task is able to efficiently reconstruct large ultrasound images with accuracy vastly superior to the
state-of-the-art.

Keywords Acceleration, composite objective, estimate sequence, Fast Gradient Method, first-
order method, FISTA, large-scale optimization, line-search, Nesterov method, matrix-
free, optimization algorithm, point-spread function, spatially varying, ultrasound

ISBN (printed) 978-952-60-8226-4 ISBN (pdf) 978-952-60-8227-1

ISSN (printed) 1799-4934 ISSN (pdf) 1799-4942

Location of publisher Helsinki Location of printing Helsinki Year 2018
Pages 203 urn http://urn.fi/URN:ISBN:978-952-60-8227-1







Preface

The research work that has led to this doctoral thesis has been carried out
in the Department of Signal Processing and Acoustics at Aalto University,
Finland. The research on the topic of ultrasound image reconstruction was
conducted in collaboration with the IRIT UMR CNRS 5505 Laboratory at
Université Paul Sabatier Toulouse 3, France.

This work has been partially supported by the Academy of Finland under
Grant 299243, the Aalto ELEC Doctoral School, the CIMI Labex, Toulouse,
France under Grant ANR-11-LABX-0040-CIMI, and the Erasmus+ Mobil-
ity Programme.

I wish to thank all who have contributed, either directly or indirectly, to
the completion of this dissertation.

Otaniemi, October 23, 2018,

Mihai Iulian Florea



Preface



Contents

Preface

Contents

List of Publications

Author’s Contribution

List of Abbreviations

List of Symbols

1.

Introduction

1.1  Large-scale Optimization . ... ... ...........
1.2 Motivation. . . . ... ... ... ... ...
1.3 Objectivesand Scope . . . . . . . ... ... ... .....
14 Contributions . . . . .. ... ... ... . .

14.1 Large-scale Convex Optimization Algorithms . .

1.4.2 Ultrasound Image Reconstruction . . . . . . ..
1.5  Author’s Independent Contribution . ... ... .....
1.6  Thesis Structure . ... ... ... ... .. ........

Augmenting the Estimate Sequence

2.1  The Large-scale Composite Problem Class . ... .. ..
2.2 Complexity Bounds . ... .................
2.3 Convergence Guarantees . ... ..............
2.4  The Estimate Sequence . . . ... ... ..........
2.4.1 A Substitute Convergence Guarantee . . . . . .
2.4.2 Nesterov’s Estimate Sequences . . . ... ...
2.5 The Augmented Estimate Sequence . . . . .. ... ...
2.6 Parabolae . ... .. ... ... .. .. ... ...
2.6.1 Parabolic Estimate Functions . . ... ... ..
2.6.2 Composite Parabolae . . ... ... .......

11

13

15

17

23
23
24
25
26
26
27
28
28



Contents

27 TheGapSequence . ... ................... 42
3. Constructing ACGM 45
3.1 A Design Pattern for First-order Accelerated Algorithms . 45
3.1.1 Line-search . . . ... ... ... . ......... 48

3.2 DesignChoices . .. ........ ... ... ....... 48
3.2.1 UpperBounds . . .................. 49

3.3  ACGM for Non-strongly Convex Objectives . . . . . .. .. 51
3.3.1 LowerBounds ... ................. 51

3.3.2 Formulating ACGM . . ... ... ......... 52

3.3.3 Extrapolated Form . ................ 56

3.4  ACGM for Objectives with Arbitrary Strong Convexity . . 59
3.4.1 Strong Convexity Transfer . . . ... .. ... .. 59

3.4.2 LowerBounds . ................... 61

3.4.3 Generalizing ACGM to Arbitrary Strong Convexity 62

3.5 Monotone ACGM . . ... ... ... . ... 74
3.5.1 UpperBounds . .. ................. 74

3.5.2 Formulating Monotone ACGM . . . . ... .. .. 74

3.5.3 Extrapolated Form . ................ 77

4. Analysis of ACGM 83
4.1 Revisiting the Estimate Sequence . . ... ... ...... 83
4.2  Worst-case Convergence Guarantees . ... ........ 86
4.3 Wall-clock Time Units . . . .. ... ............. 89
4.3.1 Standard WTU . . . ... ... ... ........ 90

4.3.2 Generalized WTU . .. ............... 93

44  ACGM among its Class of Algorithms . . . . . . ... ... 95
44.1 Uniting Nesterov’'s FGM and FISTA . ... . .. 95

4.4.2 Standard WTU Worst-case Analysis . . ... .. 96

4.4.3 Theoretical Superiority of ACGM . . . ... ... 99

5. Simulations 103
5.1 Non-monotone ACGM Benchmark . . ... ......... 103
5.1.1 li-regularized Image Deblurring . . . . . ... .. 103

5.1.2 Logistic Regression with Elastic Net . . ... .. 106

5.2  Monotone ACGM Benchmark . . . . ... .......... 109
5.2.1 Benchmark Setup . . ................ 109

5.2.2 Non-strongly Convex Problems . .. ... .. .. 111

5.2.3 Strongly Convex Problems . . ... ........ 114

6. Ultrasound Image Reconstruction 117
6.1 Background ... .......... ... ........... 117
6.1.1 Pulse-echo Ultrasound . . ... .......... 118

6.1.2 PreviousWork . . ... ............... 118

6.2 Notation . ... ... ... ... . ... .. . 119



6.3  Discrete Convolution . . . . .. ... .........
6.3.1 Definitions . . ... ... ... ... ...
6.3.2 Adjoint Expressions . . . .. ... ... ..
6.4  Ultrasound Image Formation Models . . . ... ..
6.4.1 Prototype Mixture Model . . . . . ... ..
6.4.2 Axially Variant Kernel Model . . ... ..

6.5 Optimizing ACGM for Linear Inverse Problems

6.6 ExperimentalResults . ................
6.6.1 Prototype Mixture Model . . . . . ... ..
6.6.2 Axially Variant Kernel Model . . ... ..

7. Conclusions
References

Publications

Contents



Contents

10



List of Publications

This thesis consists of an overview and of the following publications which
are referred to in the text by their Roman numerals.

I Mihai I. Florea and Sergiy A. Vorobyov. A Robust FISTA-like Algo-
rithm. In IEEFE International Conference on Acoustics, Speech and Signal
Processing, New Orleans, USA, pp. 4521-4525, Mar. 2017.

IT Mihai I. Florea and Sergiy A. Vorobyov. An Accelerated Composite Gra-
dient Method for Large-scale Composite Objective Problems. Accepted
for publication in IEEE Transactions on Signal Processing, May 2018.

ITII Mihai I. Florea and Sergiy A. Vorobyov. A Generalized Accelerated
Composite Gradient Method: Uniting Nesterov’s Fast Gradient Method
and FISTA. Submitted to IEEE Transactions on Signal Processing, Oct.
2018.

IV Mihai I. Florea, Adrian Basarab, Denis Kouamé, and Sergiy A. Vorobyov.
Restoration of Ultrasound Images using Spatially-variant Kernel Decon-
volution. In IEEE International Conference on Acoustics, Speech and
Signal Processing, Calgary, Canada, pp. 796-800, Apr. 2018.

V Mihai I. Florea, Adrian Basarab, Denis Kouamé, and Sergiy A. Vorobyov.
An Axially Variant Kernel Imaging Model Applied to Ultrasound Image
Reconstruction. IEEE Signal Processing Letters, vol. 25, no.7, pp. 961—
965, Jul. 2018.

11



List of Publications

12



Author’s Contribution

Publication I: “A Robust FISTA-like Algorithm”

The main author proposed the idea, derived the theoretical results, and

performed the simulations with input from the co-author.

Publication II: “An Accelerated Composite Gradient Method for
Large-scale Composite Objective Problems”

The main author proposed the idea, derived the theoretical results, and

performed the simulations with input from the co-author.

Publication lll: “A Generalized Accelerated Composite Gradient
Method: Uniting Nesterov’s Fast Gradient Method and FISTA”

The main author proposed the idea, derived the theoretical results, and

performed the simulations with input from the co-author.

Publication IV: “Restoration of Ultrasound Images using
Spatially-variant Kernel Deconvolution”

The main author proposed the idea, derived the theoretical results, and

performed the simulations with input from the co-authors.

13



Author’s Contribution

Publication V: “An Axially Variant Kernel Imaging Model Applied to
Ultrasound Image Reconstruction”

The main author proposed the idea, derived the theoretical results, and
performed the simulations with input from the co-authors.

14



List of Abbreviations

1D 1 Dimensional

2D 2 Dimensional

3D 3 Dimensional

4D 4 Dimensional

AA Adaptive Accelerated (method)

ACGM Accelerated Composite Gradient Method
AESP Augmented Estimate Sequence Property
Al Axially Invariant (deconvolution result)
AMGS Accelerated Multistep Gradient Scheme
AV Axially Variant (deconvolution result)
AWGN Additive White Gaussian Noise

B-mode Brightness mode

BACGM Border-case ACGM

BMACGM Border-case Monotone ACGM

CDM Coordinate Descent Method

CPU Central Processing Unit

dB decibel

DFT Discrete Fourier Transform

EN Elastic Net (problem)

ES Estimate Sequence

ESP Estimate Sequence Property

FGM Fast Gradient Method

FISTA Fast Iterative Shrinkage-Thresholding Algorithm

FISTA-BT FISTA with BackTracking (line-search)
FISTA-CP FISTA Chambolle-Pock

GPU Graphics Processing Unit

iid. independent identically distributed

ISD Image Space Distance

ISDUB Image Space Distance Upper Bound

L1LR l1-regularized Logistic Regression

LASSO Least Absolute Shrinkage and Selection Operator (problem)
LCE Lipschitz Constant Estimate

15



List of Abbreviations

LSSC
MACGM
MC
MFISTA
MFISTA-CP
MHz
mm
MOS
NNLS
PPU
PSF

RF

RHS

RR
scAPG
SD

TRF
UMA
WTU

16

Line-Search Stopping Criterion
Monotone ACGM

Monotone Condition

Monotone FISTA

Monotone FISTA-CP

megahertz

milimeter
Monteiro-Ortiz-Svaiter (method)
Non-Negative Least Squares
Parallel Processing Unit
Point-Spread Function
Radio-Frequency

Right-Hand Side

Ridge Regression (problem)
strongly convex Accelerated Proximal Gradient (method)
Standard Deviation

Tissue Reflectivity Function
Uniform Memory Access
Wall-clock Time Unit



List of Symbols

Ak+1
by,

/
by,

Byt
BX

Membership function of set X

Real valued matrix, often a model matrix, that is multiplied
with z in a number of optimization problems

2D image

2D image padded with zeros

Convergence guarantee (k > 0)

Scaled A4,

Subexpression used in Theorem 4 (k > 0)

Estimate sequence weight and convergence guarantee in-
crement (k > 0)

Aucxiliary point extrapolation factor if the monotone condi-
tion passes (k > 0)

Auxiliary point extrapolation factor if the monotone condi-
tion fails (k¥ > 0)

Subexpression used in Theorem 4 (k > 0)

Asymptotic convergence rate of Algorithm X expressed in
WTU

Process that computes the new parameters from the old
state. Subscripts denote the output parameters.

Discrete full convolution with kernel k operator

Discrete valid convolution with kernel k£ operator

Discrete circular convolution with kernel k operator
Subexpression used in Theorem 4 (k > 0)

Subexpression used in Theorem 4 (k > 0)

Subexpression used in Theorem 4 (k > 0)

Center row of prototype kernel ¢

Proportionality constant of the lower bound on the worst-
case convergence rate of Algorithm X expressed in WTU
Set of TRF's

Difference term in Monotone ACGM (k > 0)

Diagonal matrix (linear operator) with the entries of x

17



List of Symbols
e(p,q)
E(Vk> Ay Li+1)

F

fo
00,1 n
FlR)

18

Standard basis vector image with the value of the pixel at
(p,q) equal to 1 and all others equal to 0

Expression of an upper bound on a1 (k > 0)

Discrete Fourier Transform operator

Ultrasound central frequency in MHz

Class of problems where the objective is non-strongly convex
differentiable with Lipschitz gradient (Lipschitz constant
L) and the number of variables is n

Ultrasound sampling frequency in MHz

Composite objective

Smooth part of composite objective F'

Smooth part of composite objective F' incorporating all the
strong convexity of ¥

Set of all generalized parabolae

Reduced composite gradient (k > 0)

Composite gradient at point y with step size L

Set of all hyperplanes

Hessian operator

Spatially varying kernel convolution operator

Highest upper bound that can be placed on weighted objec-
tive value A, F(xy) for k > 0

Lower bound on Hj, for k¥ > 0 that is based on W, for k > 1
Exception index set containing indices from 1 to c outside
the range from a to b

Sum softplus function

Output image row

Identity matrix of size n

Total number of iterations

Current iteration index

Number of consecutive iterations, starting at £k = 0, for
which no backtracks occur

Convolution kernel

Convolution kernel padded with zeros

Kernel at row i,

Kernel at row ¢ next to the ¢th prototype center

qth prototype kernel

Validation rule for Lipschitz constant estimate candidates
Initial estimate of the Lipschitz constant

Objective Hessian Lipschitz constant

Smooth part f gradient Lipschitz constant

/' gradient Lipschitz constant

Lipschitz constant estimate for f (k > 0)

Lipschitz constant estimate for f' (k > 0)



ni
Tk
Nt

nm

List of Symbols

Linear function part of Nesterov’s newer estimate sequence
variant (k > 0)

Lower linear model on the objective derived from [
Worst-case Lipschitz constant estimate

Element-wise logistic function

Number of rows in matrix A

Placeholder for index 1

Full convolution of a and k result height

Valid convolution of a and k result height

Height of the padded TRF

Height of the padding boundary / kernel axial radius
Height of the TRF

Number of optimization variables

Independent identically distributed additive white Gaus-
sian noise

Placeholder for index 1

Number of prototype kernels

Line search residual (k > 0)

Full convolution of a and k result width

Valid convolution of a and k result width

Width of the padded TRF

Width of the padding boundary / kernel lateral radius
Width of the TRF

Standard Gaussian distribution with mean y and standard
deviation o

Order (limiting factor) of the function argument

Padding operator

Set of all parabolae

Abbreviated hyperplane expression at point x,
parametrized by function f and control point y

Operator that pads every column of the input image inde-
pendently

1D padding operator with input size m; and boundary m,
Operator that pads every row of the input image indepen-
dently

Proximal map of regularizer ¥ applied to vector = with step
size T

Set of all composite parabolae based on ¥

Composite objective inverse condition number
Abbreviated parabola expression at point x, parametrized
by function f, curvature ~, and control point y

Local inverse condition number (k > 0)

Worst-case local inverse condition number

Set of real numbers

19



List of Symbols

R
Td

Ryw,Ly(T)

Ry 1

Up g1
ug11(x)

vy
Vi1

Wi,
W+1()
Wer u

Wi, i2)

20

Rotation operator

Lipschitz constant estimate decrease coefficient

Relaxed supporting generalized parabola of objective
F = f + ¥ at point y using inverse step size L

Residual describing the tightness of lower bound w1 on
objective F (k > 0)

Set of n real valued vectors

Lipschitz constant estimate increase coefficient
Subexpression used in Theorem 4 (k > 0)

Subexpression used in Theorem 4 (k > 0)

Operator that circularly shifts a matrix by p — 1 rows and
g — 1 columns

Total WTU cost incurred up to iteration & > 0

Compound input parameter of ACGM in extrapolated form
LSSC mis-prediction correction cost in WTU

MC mis-prediction correction cost in WTU

LSSC mis-prediction detection cost in WTU

MC mis-prediction detection cost in WT'U

WTTU cost of one call to F(x)

WTTU cost of one call to f(x)

Proximal gradient operator of objective f + ¥ with step size
L at point y

WTU cost of one call to V f(x)

Vertex extrapolation term in ACGM (k > 0)

WTU cost of one call to prox,.y(x)

WTU cost of one call to Ty 1.(y)

WTU cost of one call to ¥(x)

Accuracy criterion upper bound / ISDUB estimate (k > 1)
Optimal value of uy1(x) (k > 0)

Local upper bound on the objective (k > 0)

Vertex of parabola 1)

Estimate function vertex (k > 0)

Subexpression used in Theorem 4 (k > 0)

Window operator parametrized by the top-left (i1, ;) and
bottom-right coordinates (io, j2) of the crop rectangle as well
as the size of the input image (mg, nq)

Global lower bound incorporated in the estimate function
(k>1)

Global lower bound on the objective used to update the
estimate function (k > 0)

Shorthand for W(mp, mg,np,ng, my,ny) where indices
L He{l,ka M N}

Shorthand for W(i1, 2, 1, ns, ms, ns) where index s € {¢,p}
Vector of optimization variables / TRF to be recovered



Yi+1

Yk+1

g
e
112
wy
&1
S

Pr,o(T)

List of Symbols

Set of optimal points

Optimal point

Artificial iterate equal to x(

Starting point of the algorithm

Cached value of Az (kK > 0)

Main iterate (k > 0)

Observed radio-frequency image

Cached value of Ay, (k > 0)

Subexpression used in Theorem 4 (k > 0)

Auxiliary point (control point) used in generating upper
bound uy; (k > 0)

Vertex of the parabola component within the upper bound
generated by yi. 1

Zero padding operator parametrized in the same way as W
Artificial point equal to x

Result of applying a proximal gradient step at yx1 (k > 0)
Shorthand for Z(mp,mpg,nr,ng, my,ny) where indices
L,He€{l,ka M N}

Shorthand for Z(iy, i, 1, ns,ms, ns) where index s € {t,p}
Coefficient used in Nesterov’s original FGM formulation
Auxiliary point extrapolation factor (k > 0)

Curvature of parabola 1

Augmented estimate sequence gap (k > 0)

Estimate function curvature (k > 0)

Gap sequence term (k > 0)

Normalized Ay

Kernel blending factor at row i next to the ¢th prototype
Coefficient of the gradient at iterate x; used during iteration
k>0

l1-norm regularization factor

Squared l>-norm regularization factor

Scalar term part of Nesterov’s original estimate sequence
definition (k > 0)

Strong convexity of composite objective F'

Strong convexity parameter of smooth part f

Strong convexity parameter of f’

Lateral coordinate of the kernel center

Axial coordinate of the kernel center

Strong convexity parameter of regularizer ¥

A subgradient of ¥ at x;; related to the composite gradient
A subgradient of ¥’ at x;, related to the composite gradi-
ent

Normalized Gaussian window with mean ; and standard
deviation o at x

21



List of Symbols

o1 Minimal standard deviation
09 Maximal standard deviation
Omaz(A) Largest singular value of A
oz (ip) Lateral standard deviation at row i,
ox(x) Indicator function of set X
o Axial standard deviation
T Proximal operator / proximal gradient step size
TFISTA-CP Theoretically optimal step size of FISTA-CP
Th1 Step size of ACGM (k > 0)
T (x) Shrinkage operator with step size 7
0] Data fidelity term
o Normalized estimate function (k > 0)
v’ Regularizer ¥ with all strong convexity removed
P* Optimal value of parabola 1
(7 Optimum value of v,
B Optimum value of ¢,
V() Estimate function (k > 0)
Uy () Augmented estimate function (k > 0)
U(x) Simple regularizer part of composite objective F’
P(x) Generic parabola
J);w (2) Parabola within the definition of the proximal operator, with
vertex x and step size T
Wk Coefficient of vertex vy in the auxiliary point update
oM Line-search overhead of method M
00 Positive infinity
\Y Gradient
Va Gradient with respect to «
X Current candidate quantity (scalar or vector) X
Xy Quantity X at the beginning of iteration &
Xkt New value of quantity X generated during iteration %
|| Absolute value
II-112 Euclidean norm
()+ Negative values are truncated to zero (maximum between

argument and zero)

()T Matrix transpose / linear operator adjoint
()" Hermitian adjoint

()* Complex element-wise conjugate

Pe Circular sum applied to the set {1,...,c}

Se Circular difference applied to the set {1, ...,c}
® Discrete circular convolution

*1 Discrete full convolution

*9 Discrete valid convolution

® Kronecker product

® Hadamard (element-wise) product

22



1. Introduction

1.1 Large-scale Optimization

Numerous signal processing applications in compressive sensing, medical
imaging, geophysics, bioinformatics, and many other areas are currently
empowered by large-scale optimization methods (see [1-3], and references
therein). Due to their size, these applications can be modeled as large-scale
optimization problems for which simple operations such as the first-order
derivative of objective function are computationally tractable but complex
operations such as Hessian inversion are not [4]. When these problems are
additionally convex, algorithms employing calls to first-order operations
(first-order methods) are able to obtain arbitrarily precise estimates of the
optimal value given a sufficient number of iterations.

Among large-scale applications, a broad range of problems, including the
most common constrained smooth optimization problems, many inverse
problems [5], and several classification and reconstruction problems in
imaging [6] have a composite structure whereby the objective is a sum
of a smooth function f with Lipschitz gradient (Lipschitz constant L)
and a simple function ¥, that may embed constraints by including the
indicator function of the feasible set. By simple function, we mean here
that the proximal operator of ¥ is exact (for treatment of inexact oracles
see, e.g., [7-9]) and has a negligible cost compared to other operations.
While many specialized methods have been introduced to tackle composite
problems that have additional structure, such as sparsity (e.g., [10-13]),
only small number of methods are applicable to the entire problem class.

These methods follow the black-box oracle model [14], which assumes
that the exact structure of the objective function is not known to the
optimization algorithm (outside the assumptions of the problem class)
and algorithms can only obtain information on the problem by calling
oracle functions. Apart from generality and theoretical simplicity, this
model is well suited for software libraries. Optimization algorithms can be
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Introduction

implemented as methods that take as arguments callback oracle functions.
Solving a particular problem reduces to providing an implementation of
the oracle functions.

1.2 Motivation

Nesterov has demonstrated that first-order methods can be accelerated,
when he proposed his breakthrough Fast Gradient Method (FGM) [15].
FGM was constructed using the simple mathematical machinery of the
estimate sequence [16]. The estimate sequence is a collection of estimate
functions, each being a scaled version of a function that incorporates a
global lower bound while having an optimal value that is a local upper
bound on the objective function. The local upper bounds tighten as the
algorithm progresses, thereby providing a guarantee of convergence.

Using the estimate sequence, the design process of FGM is straightfor-
ward and, by exploiting the structure of smooth problems, simultaneously
produces state-of-the art convergence guarantees. FGM converges for
non-strongly convex objectives at an optimal rate O(1/k?) and for strongly
convex objectives at a near-optimal rate O((1 — \/6)*’“), where £ is the
iteration index and q is the inverse condition number of the objective [16].
However, FGM requires that the objective be continuously differentiable
with Lipschitz gradient, the Lipschitz constant be known in advance, and
the problem be unconstrained.

To address the demand for fast algorithms applicable to composite prob-
lems, which can have non-differentiable objectives and simple constraints,
as well as to alleviate the need to know L in advance, Nesterov has intro-
duced the Accelerated Multistep Gradient Scheme (AMGS) [17] that relies
on composite gradients to overcome the limitations of FGM. This algorithm
adjusts an estimate of L; at every step (a process often called “line-search”
in the literature [5, 18]) that reflects the local curvature of the function.
The information collected by AMGS to estimate L is reused to advance
the algorithm. However, AMGS requires line-search to complete before
proceeding to the next iteration. This increases the per-iteration complex-
ity of AMGS to at least twice that of FGM. Consequently, the theoretical
convergence guarantees of AMGS, while being better than FGM when
measured in iterations, are in fact considerably inferior to FGM in terms
of computational complexity (see Subsection 4.4.2 for a detailed analysis).

The Fast Iterative Shrinkage-Thresholding Algorithm (FISTA) [5] de-
couples the advancement phase from the adjustment phase, stalling the
former phase only during backtracks. However, FISTA has a fixed O(1/k?)
provable convergence rate even when the objective is strongly convex,
and its line-search strategy cannot decrease the L; estimate. Similar algo-
rithms to FISTA have been collectively analyzed in [19], but none overcome
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these drawbacks.

A strongly convex generalization of FISTA, which we designate by FISTA-
Chambolle-Pock (FISTA-CP), was introduced in [6]. It has the same con-
vergence guarantees as FGM in both the non-strongly and the strongly
convex cases. The monograph [6] hints at but does not explicitly state
any line-search strategy. Two recent works also seek to overcome the
drawbacks of backtracking FISTA in the strongly convex case.

The first work [20] introduces a family of methods with two notable
members. One is the Monteiro-Ortiz-Svaiter (MOS) method, which can be
regarded as a simplification of Nesterov’'s AMGS obtained by discarding
the line-search procedure. MOS has better convergence guarantees than
AMGS but it cannot surpass FISTA-CP. The other member is the Adap-
tive Accelerated (AA) method, which is obtained from MOS by adding an
estimate sequence based acceleration heuristic that increases empirical
performance on the applications studied in [20] but weakens the theoret-
ical convergence guarantees, making them poorer than those of AMGS
(see also Subsection 4.4.2). The two restart heuristics proposed in [20] are
altogether incompatible with the convergence analysis.

The second work [21] proposes a strongly convex Accelerated Proximal
Gradient (scAPG) method, which can be regarded as a line-search extension
of FISTA-CP applicable to problems where the smooth part f is strongly
convex. The convergence guarantees however do not apply outside this
scenario.

Thus, a multitude of methods have already been proposed to tackle
composite problems with specific additional structure, but none of them
successfully combine the strengths of FGM, AMGS, and FISTA.

1.3 Objectives and Scope

The first objective of this work is to develop an algorithm that is applicable
without modification to the entire class of composite problems. For many
composite problems, a global Lipschitz constant may be difficult to compute
or may be far larger than local values. Therefore, this new method should
be able to dynamically estimate the local Lipschitz constant and use this
estimate to increase the speed of convergence. In the worst case, the
convergence rate should be no poorer than FGM.

Moreover, this method should also be able to produce a sequence of iter-
ates with monotonically decreasing objective function values. Monotonicity
prevents divergence in algorithms that employ proximal operators without
a closed form expression or other kinds of inexact oracles [6,22]. Even
when dealing with exact oracles, monotonicity leads to a more stable and
predictable convergence rate.

Existing methods applicable to composite problems are surprisingly
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similar in form. However, apart from Nesterov’s methods, the convergence
analysis of each method seems independent of all others. A second objective
is to provide a unifying convergence analysis for a large subset of the
existing algorithms, preferably involving the estimate sequence or a notion
derived from it.

Aside from difficulties in analysis, a major limiting factor of existing
algorithms is the lack of a consistent design philosophy. The introduction
of each method, with the notable exception of Nesterov’s FGM, is not
accompanied by a derivation. The absence of a derivation hinders the
improvement and adaptation of an optimization method beyond its original
scope. Therefore, the third objective of this thesis is to provide a simple
and clear design framework for fast large-scale optimization algorithms.

1.4 Contributions

The contributions of this work span two previously unrelated fields.

1.4.1 Large-scale Convex Optimization Algorithms

1. We give a new interpretation of Nesterov’s first-order accelerated op-
timization algorithms and formulate a generic design pattern for these
algorithms based on local upper bounds and global lower bounds. The
global lower bounds are incorporated in the estimate functions whereas
the local upper bounds are employed separately.

2. Nesterov’s estimate sequence can be relaxed to produce an augmented
estimate sequence. Augmentation renders the estimate sequence invari-
ant to the tightness of the global lower bounds.

3. When these lower bounds take the form of generalized parabolae (hy-
perplanes or quadratic functions with Hessians equal to multiples of
the identity matrix), the augmented estimate sequence property can
be insured by maintaining a non-increasing (Lyapunov property) gap
sequence.

4. We provide, using the above design pattern and the gap sequence, a
step-by-step derivation of our Accelerated Composite Gradient Method
(ACGM), a versatile first-order scheme for the class of large-scale prob-
lems with a composite objective structure, which has the convergence
guarantees of FGM in both the non-strongly and strongly convex cases.
ACGM is equipped with an explicit adaptive line-search procedure that
is decoupled from the advancement phase at every iteration. Therefore,
ACGM does not require a priori knowledge of the Lipschitz constant and
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can converge when the Lipschitz property holds only locally.

5. We further showcase the flexibility and power of our framework by
endowing ACGM with monotonicity alongside its adaptive line-search
procedure.

6. ACGM is derived in a form related to the estimate sequence and can
be brought to an equivalent form based on extrapolation that is more
similar to FISTA and FISTA-CP.

7. With its variety of forms, ACGM encompasses FGM, FISTA, and FISTA-
CP, along with their variants, while surpassing all these methods in
terms of flexibility and usability.

8. We introduce the wall-clock time unit (WTU), a complexity measure that
accounts for variations in per-iteration complexity of black-box optimiza-
tion algorithms. WTU more accurately reflects the actual performance of
such algorithms on practical applications.

9. When analyzed using the standard form of the WTU, ACGM has the
best provable convergence rate among its class of algorithms both in the
strongly and non-strongly convex cases.

10. We corroborate the theoretical findings with simulation results. Specif-
ically, we show that our method surpasses the state-of-the-art when
measured using both standard WTU and the most common form of gen-
eralized WTU. ACGM is particularly well suited for certain ultrasound
image reconstruction problems, which can be effectively cast as strongly-
convex large-scale composite problems.

1.4.2 Ultrasound Image Reconstruction

1. We propose two models based on spatially varying kernel convolution
that accurately reflect the physics of ultrasound image formation.

2. Both models are linear and may be implemented as a matrix. However,
the matrix forms do not scale because their complexity is proportional to
the square of the number of pixels in the image. Therefore, we provide
efficient matrix-free implementations of the model operators that entail
the same computational cost as spatially invariant convolution.

3. The reconstruction problem is ill-posed and can only be addressed by
employing first-order operations. The most computationally demanding
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of these is the gradient of a data fidelity term. For both linear models,
the data fidelity gradient expression includes calls to both the model op-
erator and its adjoint. We provide matrix-free expressions for the adjoint
operators of our models that are of equal complexity to the corresponding
forward models. Our derivations are based on fundamental (and to our
knowledge novel) theoretical results on discrete convolution.

4. By optimizing ACGM for this reconstruction problem, we are able to
approximately half its per-iteration complexity.

5. We confirm using simulation results that reconstruction with ACGM
and our models is tractable even for large images and produces results
superior to those obtained using the spatially invariant model.

1.5 Author’s Independent Contribution

This thesis summarizes the contents of five academic works (Publications
I-V). These works comprise three publications in international journals
with a review process (Publications II, III, and V) and two international
conference publications (Publications I and IV). Two of these journal arti-
cles (Publications IT and V) and both conference papers have undergone
peer-review and have been published. One journal article (Publication III)
has been submitted for publication and is currently under review. The au-
thor of this thesis is the main author of all above mentioned works and has
undertaken the theoretical studies, including algorithm development, as
well as the numerical simulations therein. The co-authors have supervised
the main author, by helping with research planning, the writing as well as
the revising of the thesis and the associated academic works.

1.6 Thesis Structure

This thesis contains seven chapters, which provide a unified view of the
results described in the attached Publications I-V. Chapter 1 briefly de-
scribes the background and scope of this thesis, along with the author’s
contributions. In Chapter 2, we introduce the class of large-scale compos-
ite problems and use the theoretical worst-case performance bounds on
this class to derive the estimate sequence, its augmentation, and the gap
sequence. In Chapter 3, we develop from the fundamental structure of the
composite problem class a design pattern for first-order algorithms. Using
this pattern and the gap sequence, we derive the Accelerated Composite
Gradient Method (ACGM). In Chapter 4, we provide a convergence analy-
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sis for ACGM and discuss the theoretical relationship between our method
and the competing methods. For a more realistic comparison, we introduce
the wall-clock time unit (WTU), and use it to demonstrate the theoretical
superiority of ACGM within its class. We support the theoretical results
in Chapter 4 using an extensive simulation benchmark in Chapter 5. We
discuss the reconstruction of ultrasound images in Chapter 6 and argue
why ACGM is particularly well suited for this application. Chapter 7
concludes the thesis.
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2. Augmenting the Estimate Sequence

When designing optimization algorithms, it is necessary to assume that
not all information on a problem is available beforehand. Otherwise, the
problem would be uniquely identifiable and the most accurate and efficient
method that can be used to address it would consist of an algorithm that
simply outputs the solution of that problem. The lack of complete informa-
tion means that the available a priori information defines a collection of
problems that share a common structure, which we call a problem class. It
is in the context of such a problem class that we design numerical schemes
and measure their performance [16].

2.1 The Large-scale Composite Problem Class

In this work, we consider the class of problems that have the following
structure:

min F(x) def
xeR"

fl@) +¥(z), (2.1)
where x is a vector of n optimization variables. The problem is large-
scale [4] in the sense that first-order operations such as function gradients
are computationally tractable to compute and manipulate in memory
whereas second-order operation such as Hessians are intractable. The
composite objective F' has a non-empty set of optimal points X*. Function
f:R™ = R is convex differentiable on R™ with Lipschitz gradient (Lip-
schitz constant Ly > 0) and strong convexity parameter p; > 0. The
Lipschitz constant L; may not be known to the optimization algorithm.
The regularizer ¥ : R — R U {co} is a proper lower semicontinuous con-
vex function with strong convexity parameter py. This implies that F
has a strong convexity parameter 1 = uy + pw. The regularizer ¥ embeds
constraints by being infinite outside the feasible set. Unlike f, ¥ need not
be differentiable. However, its proximal map, given by

1
prox_y(z) % argmin (\Il(z) +—|z— mHg) : (2.2)
zER™ 2T
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for all x € R™ and 7 > 0 can be computed with complexity O(n).

Apart from the above a priori information, the problem is treated by the
algorithm as a black box [14]. Additional information on the problem can
only be obtained by querying a number of oracle functions. The term oracle,
alluding to the Oracle of Delphi in Ancient Greece, designates an abstract
entity that has complete information on the problem but can only reveal a
limited amount upon request, with each request bearing a cost.

The oracle functions pertaining to composite problems comprise f(x),
Vf(xz), ¥(x), and prox_q(x), with arguments x € R” and 7 > 0.

Note that coordinate descent methods (CDMs) (e.g., [23,24]) violate the
aforementioned oracle model by additionally assuming that the objective is
separable and therefore parts of V f(x) can be computed independently of
all others. CDMs require a much larger number of iterations to converge
compared to first-order methods and need to compensate by utilizing
functional primitives of very low cost. Although CDMs show promise in
a number large-scale applications with differentiable objectives [24], we
exclude them from our analysis due to their reliance on additional problem
structure.

2.2 Complexity Bounds

Throughout this work, we will assume that an optimization algorithm
produces an iterate sequence {1 };>0 of increasingly accurate (according
to some criterion) estimates of an optimal point z*. By their very nature,
iterations cannot be performed in parallel, even if computations within an
iteration can be parallelized. The processing speed of computer systems has
recently reached a saturation level, with virtually all advances in computer
design revolving around parallelism [25]. Individual iterations may benefit
from parallelization, but serial computational requirements, along with
the synchronization and communication overhead, place a lower limit on
the latency of an iteration (e.g., given by Amdahl’s law [25]). Therefore, to
keep the overall running time of the algorithm within practical limits, only
a small number of iterations K < n can be performed.

A natural means of defining the accuracy criterion is in the form of a
simple upper bound Uy, at every iteration & on the distance from the current
iterate to the optimal set, namely

inf |lzp — %3 < Up, k>0. (2.3)
rreX*

For the upper bounds to measure convergence, they must monotonically
converge to zero. Monotonicity is required by our assumption on the
increasing accuracy of the iterate sequence. Note that monotonicity applies
only to the upper bounds, not to the actual distance between the iterates
and the optimal set. Convergence to zero means that, for an arbitrarily
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low accuracy ¢ > 0, there must be an iteration & such that U; < ¢ for
all i > k. However, in almost all applications, several digits of accuracy
are required for at most an order of thousands of iterations. Hence, for
the upper bounds to be of practical importance, they should belong to a
complexity class O(1/kP), p > 1 (sub-linear), O(e~*) (linear), or better.

2.3 Convergence Guarantees

Nesterov has derived in [16] the following result applicable to the class
of non-strongly convex differentiable problems with Lipschitz gradient
Fz’;’l(R"). This class consists of problems that take the form of

min F(z) = f(x), (2.4)
xeR”
where n, x, and f have the same properties as in the composite problem
class, with the exception that . is always 0.

Theorem 1. For any scheme that produces at every iteration k > 0 the
sequence of parameters {0y ; }o<i<r and a new iterate, given by

k
Trp =0+ Y OkiV(Th),
i=0
there exists a function f(x) such that

1
lack — "3 > gllwo = z*|13,

* * —1
forall x* € X* aslong as k < "=,

Proof. The reasoning is based on information theoretical arguments. Nes-
terov provides in [16] an ill-conditioned quadratic objective f where, for
any problem, a coordinate system is imposed such that the starting point
xy is the origin. Each gradient adds exactly one to the dimensionality of
the linear span of all previous iterates. The lower bound gives the distance
to that subspace. See [16] for a detailed analysis. O

The bound on the iterate convergence in Theorem 1 can be shown to hold
for more sophisticated full gradient schemes due to the limited amount of
information revealed by gradient calls [16].

Every problem in ]-'z’j’l(R") is a composite problem that includes two
additional assumptions: ¥(x) = 0 for all # € R" and y» = py = 0. Therefore,
.sz’l(R”) is a subset of the composite problem class and the lower bounds
in Theorem 1 apply to composite problems as well.

However, the result in Theorem 1 effectively invalidates our previous
accuracy criterion in (2.3). Note that the eventual convergence of iterates
on composite problems has been proven in [26] for a variant of FISTA
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but such a result is not of practical importance. The number of iterations
required even for several digits of accuracy is prohibitive (as argued by
Theorem 1), regardless of the computing power of the system on which
the algorithm runs. Thus, we need to devise a different accuracy criterion
for our problem class. The following result, obtained in [16], leads to an
alternative.

Theorem 2. Under the same assumptions as in Theorem 1, we have that

. 3Ly p(1—ya\* 12
— > ¢ — —
F(xy) — F(x )_mdx{32(k+1)2, 5 (1+\/a lzo — x*[|3,

for all x* € X*. Here, q is the inverse condition number given by q = Lif

Proof. For i = 0, the ill-conditioned quadratic objective f in the proof of
Theorem 1 produces the bound on the objective value decrease. When
p > 0, f(x) + &|z|3 is used in the same way. See [16] for a complete
exposition. O

Theorem 2 compels us to express the convergence rate of first-order
schemes on composite problems in a similar manner, i.e. using the image
space distance (ISD), which is the distance between the composite objec-
tive values at the iterates and the optimal value. We therefore define a
convergence guarantee (provable convergence rate) as the decrease rate of
a theoretical upper bound on this ISD.

The upper bounds provided by Nesterov for FGM in [16] contain, apart
from the domain space term in Theorem 2, the initial ISD. Given that our
current aim is to provide a generic framework that applies to FGM and its
variants, we include the weighted initial ISD in our upper bounds. Thus,
we formulate the image space distance upper bound (ISDUB) as

A(F(zg) = F(27)) < Ao(F(zo) — F(z7)) + %Hwo —x’|l3, (2.5)

for all * € X* and k£ > 0. Here, the convergence guarantees are given
by the sequence {4 };>0. Convergence guarantees are only meaningful if
positive. However, in algorithms which allow x( to be infeasible, Ay must
be zero. The assumption of increasingly accurate iterates implies that
the convergence guarantees are monotonically increasing. Therefore, the
convergence guarantees obey Ao > 0, Ay, > 0forall k > 1, and Ay > Ag
for all £ > 0.

The right-hand side of (2.5) is a weighted sum between the initial ISD
and the corresponding domain space term, with weights given by 4, and
70, respectively. The possibility of Ay being zero is what motivates us to
write the ISDUB expression (2.5) in a form in which the objective value at
the current iterate is weighted by the convergence guarantee, which differs
from the bounds formulated in Theorem 2. We impose no restrictions on
the weights in (2.5), apart from Ay > 0 and vy > 0. The positivity of g is

34



Augmenting the Estimate Sequence

required by Theorem 2 and also holds significance in our interpretation
of the estimate sequence, along with its augmented variant, as we shall
demonstrate in the sequel.

2.4 The Estimate Sequence

2.4.1 A Substitute Convergence Guarantee

The ISDUB expression in (2.5) can be rearranged to take the form

where

Hy, % (A, — Ag)F(z*) + AgF(xo) + %\mo —a*|2, k>0 2.7)
is the highest upper bound that can be placed on weighted objective values
ApF(xy) to satisfy (2.5). The value of H), depends on the optimal point
x*, which is an unknown quantity. Note that for non-strongly convex
objectives, £* may not be unique. Without loss of generality, we will fix «*
to be an arbitrary element of X* throughout the remainder of this work.

The estimate sequence (ES) provides a computable, albeit more stringent,
replacement for Hy. It is obtained as follows. The convexity of the objective
implies the existence of a sequence {W},};>1 of convex global lower bounds
on F, namely

F(z) > Wi(z), xeR", k>1. (2.8)

By substituting the optimal value terms F(xz*) in (2.6) with Wy (xz*), we
obtain #j, a lower bound on Hj, given by

Hie (A — Ag)Wi(a™) + AgF (z0) + ?Hm* —zolZ, k>0, (2.9)

Note that Hj does not depend on F'(z*) and H is the same as Hy. Therefore,
it is not necessary to define W), which explains why we have k& > 1 in (2.8).
For k > 1, Hy, is difficult to enforce as an upper bound on A, F(xy), partly
because of its dependence on x*. However, H; can be viewed as the value
of an estimate function at *. The estimate functions ¢ (x), £ > 0 can be
thus be modeled as functional extensions of H;, namely

di(z) & (Ak—AO)Wk(a:)—f—AOF(wg)—i—%H:c—mng, xR, k>0.(2.10)

We define the estimate sequence as the collection of estimate functions

{¥r(x) }r>o0-

The first estimate function 1) is given by

bo(x) = AgF(z0) + %Hx —zol3, xR (2.11)
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Substituting (2.11) in definition (2.10) gives a simple and general form for
estimate functions, stated as

Yr(x) = (A — Ao)Wi(z) + Yo(x), = eR™, k>0. (2.12)
The estimate function optimum value, given by
v < min gy(x), k>0, (2.13)
xcR™
is guaranteed to be lower than #,, since
oy = HeliRr,l Yr(x) < Yp(x”) = Hy, k>0. (2.14)
2ERM

As such, ¢} provides the sought after computable replacement of Hj. Thus,
it suffices to maintain the estimate sequence property (ESP), given by

ApF(zy) < ¢, k>0, (2.15)

to satisfy the ISDUB expression in (2.5). The proof follows from the above
definitions as

(2.15) (2.14) (2.8)
AF(zy) < 0 < @) =He < Hy k>0 (216)

2.4.2 Nesterov’s Estimate Sequences

As we have seen in Subsection 2.4.1, the construction of the estimate
sequence follows analytically from the ISDUB expression in (2.5). However,
at this stage, the relationship between the estimate functions and the
objective is not clear. By contrast, Nesterov has derived the estimate
sequence starting from the properties of finite objectives and has extended
the definition to composite objectives in a similar form to (2.10).

Nesterov’s original estimate sequence

The estimate sequence defined in [16] for }'zo’l(R") is actually a pair of
sequences, {¢x(x)} x>0 and {\;}r>0, that satisfy the following: \; > 0 for
k>0, klgr;o A =0, and

op(@) < (1— M) F(z) + Ado(z), = € R™. (2.17)

According to this definition, estimate functions ¢ (x) are arbitrarily accu-
rate approximate global lower bounds on the objective F. The estimate
sequence property is defined as

def

F(zy) < ¢p = min ¢p(x), k=>0. (2.18)

This property states that the optimal values of the estimate functions,
themselves global lower bounds on the estimate functions, are also local
upper bounds on the objective at the iterates.

However, when designing optimization schemes, the assumptions on
sequence {\;},>0 need to be stricter.
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Lemma 1. 7o produce a valid optimization algorithm, we must have in
Nesterov’s definition of the estimate sequence (2.17) that \o = 1 as well as
A > 0and A\ < A\gy1 forall k> 0.

Proof. For k =0, (2.17) reduces to
(I=Xo)go(x) < (1—=Xg)F(x), xeR" (2.19)

We assume that in (2.19) we have \q # 1. Then, by dividing both sides of
(2.19) by the non-zero (1 — \¢), we have that the initial estimate function
¢o(x) is a global lower bound on F. The estimate sequence property (2.18)

gives
F(zo) < ¢y = min ¢o(x) < min F(x) = F(z*) < F(xo), (2.20)

xeR” xeR”
meaning that xyp € X*, which precludes the need for a numerical scheme.
Combining (2.17) and (2.18), we obtain (see also Lemma 2.2.1 in [16])
that

F(zy) — F(x*) < Mg(¢o(x®) — F(x")). (2.21)

If for a certain k > 0 we have A; = 0then (2.21) implies that F(x;) = F(x*),
meaning that x; € X*. Again, this contradicts our fundamental assump-
tion of imperfect information on the problem class.

Moreover, (2.21) states that the sequence {\;};>¢ determines the conver-
gence guarantees of the optimization scheme. For such a method to make
meaningful progress at every iteration, it is necessary to have A\ < \r11
for all £ > 0. O

Canonical form
Lemma 1 allows us to perform the following substitution:

def

A N or(x) = —1/%( ), k>0, zeR" (2.22)

To avoid confusion between the two forms of the estimate sequence, we
denote the terms ¢ () from now on as normalized estimate functions and
Yr(x) as estimate functions.

The estimate sequence definition becomes

V(x) < (A — Ao)F(z) + Yo(z), z€R", k>0, (2.23)

with the convergence guarantees satisfying A, > 0 and Ay > Ay for all
k > 0 with hm Ay, = oo. Therefore, at every iteration k£ > 1, there exists

Wi (x), a global lower bound on F, such that
() = (A — Ao)Wi(x) + Yo(x), x€R", k>1. (2.24)

The existence and computability of ¢} implies that the lower bounds W, (x)
are convex. Note that Nesterov’s estimate function expression in canonical
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form (2.24) matches the one in (2.12). Moreover, the estimate sequence
property in [16], given by

F(z) < ¢}, k>0 (2.25)

is made equivalent to (2.15) by scaling with A, which are positive in this
context for all £ > 0.

Nesterov’s original estimate sequence only differs from the canonical
form in (2.12) by not accommodating infeasible start due to the implicit
assumption Ay > 0. It also does not place any restriction of the initial esti-
mate function apart from the estimate sequence property (2.15). However,
when designing FGM for .sz’c’l(R”) in [16], ¥ (x) is also set according to
(2.11).

Nesterouv’s newer variant
Nesterov has addressed the infeasible start issue in [17] with an updated
estimate sequence definition, given by

V() = (@) + (Ap — Ao) V() + ¢Yo(x), = €R", k=0, (2.26)

where [;(x) is a linear function. In [17], lo(x) is set to O for all x € R". At
every iteration, the estimate sequence is updated as

Vi1 (@) = p(@) + aprlpr (z), x€R?, k>0, (2.27)
where lNkH is a lower linear model of the function at xj, 1, given by
ki1 (@) = f(@eg) + (V(@pp), @ —zppa), ®€RY, k>0, (228
and weight a1 increments the convergence guarantees as
Api1 = Ag +agr1, k>0 (2.29)

It follows by induction that in [17] every linear function [ for £ > 1 is
given by

k
(@) =Y apli(x) = (Ax — Ao)wi(w), = €R", (2.30)
i=1

where

wy(z) = kf zeR”, k>1, (2.31)

k ~
D a

=1

is a weighted average of lower linear models, each a global lower bound on
objective F. Therefore wy, is itself a global lower bound on f. We set W}, for
eachk > 1 as

Wi(x) = w(x) + ¥(x), = eR", (2.32)
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and obtain a global lower bound on F. From (2.32), we again obtain the
canonical form in (2.12). The estimate sequence property is the same as
in (2.15) and the initial estimate function is also given by (2.11), although
the results derived in [17] apply also to non-standard Euclidean norms,
which is beyond the scope of our work. We leave the generalization of our
framework to such norms as an open topic for future research.

In the context of [17], Ay is always zero, which is more restrictive
than in our model and incompatible with Nesterov’s original estimate
sequence definition. Moreover, the newer variant no longer takes into
account strong convexity. The latter restriction is imposed because many
other problem classes (e.g., [27,28]) do not involve strong convexity and
the form in (2.26) generalizes easily to address them. For that matter,
(2.26) was actually first introduced for the class of differentiable objectives
(¥ = 0) with Lipschitz continuous Hessians [28] under the assumption
Yo = AgF (o) + 2L3||x — xo||3 with Ay = 1, where L3 is the Hessian Lip-
schitz constant. Nonetheless, the fact that even a partially restricted
variant of the estimate sequence can be applied to such a wide array of
problem classes demonstrates the versatility and fundamental nature of
the estimate sequence.

2.5 The Augmented Estimate Sequence

Recall that the estimate sequence property in (2.15) produces a gap be-
tween ¢} and Hy, shown in (2.16). This allows us to introduce the more
relaxed augmented estimate sequence (AES) {4} (z)}r>o defined, using the
notation and conventions from Subsection 2.4.1, as

def

Ui(®) = Yp(x) + Hy — Hy, k>0 (2.33)
We expand definition (2.33) as
V() = Yr(x) + (Ax — Ag)(F(z*) — Wi(z*)), k>0. (2.34)

Augmentation therefore consists only of adding a non-negative constant
(due to the lower bound property of W}) to the estimate function, thus
preserving its shape.

The augmented estimate sequence property (AESP) is given by

ApF(xy) <4y, k>0. (2.35)

This property can be used to derive the provable convergence rate because,
along with definitions (2.9), (2.10), and (2.33), it implies that

The augmented estimate sequence property (2.35) can alternatively be
written as
ApF () < Yp(x), = €R", k>0. (2.37)
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Substituting (2.12) and (2.33) in (2.37) gives

AF (zr) < (A — Ag) Wi () — Wi(xz®) + F(x*)) + Yo(x), = e€R", k>0.

(2.38)
By expanding the initial estimate function as in (2.11) and rearranging
terms we obtain

Ap(F(zy) — F(x*)) < (Ag — Ao) Wi(x) — Wi(2"))

oy L 0 ) . (2.39)
+A0(F($0) — F(ac )) + ?H.’L’ — :1:0H2, xeR” k>0

The benefits of augmentation are now clearer. For instance, by setting
x = x* in (2.39) we obtain the ISDUB property (2.5). This confirms
that the estimate sequence optimum is a valid upper bound, as already
demonstrated in (2.36). Moreover, the form in (2.39) is more robust than
(2.15). Independently adding arbitrary constant terms to W, for every k > 1
does not alter (2.39). This characteristic is inherited by the gap sequence,
which we introduce in the sequel.

2.6 Parabolae

We define a parabola as a quadratic function ¢ : R™ — R whose Hessian is
a positive multiple of the identity matrix, namely

b(w) <
where v > 0 gives the curvature, v € R" is the vertex, and ¢* € R is the
optimal value. We denote the set of all parabolae as P.

In this work, we define a hyperplane as a linear function 4 : R” — R and
the set of hyperplanes as . A generalized parabola is a function whose
Hessian is a non-negative multiple of the identity matrix. Therefore, a
generalized parabola is either a parabola or a hyperplane. The generalized
parabola set is given by G Crp U

Parabolae constitute an important building block in our analysis because
the Lipschitz gradient and the strong convexity properties can be defined
in terms of parabolic upper bounds and generalized parabolic lower bounds.
To simplify notation, we define two abbreviated expressions, hyperplane
Py, (x) and generalized parabola Q. ,(x), as

v+ %Hw — |2, zeR" (2.40)

Pry(@) < fy) + (Vi(y).z —y), (2.41)

def ol
Qiry(®@) = Pry@) +5llz -yl (2.42)

for any x,y € R™ and v > 0. Using this notation, we illustrate the upper
and lower bounds for f resulting from the definition of Lipschitz gradient
and strong convexity as

Qf’uf,y(a:) < f(z) < QfﬁLfﬁy(w), z,y € R (2.43)
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Moreover, parabolae can be combined to create new bounds. The simplest
way of constructing new lower and upper bounds from simple bounds such
as the ones in (2.43) is by weighted averaging. The following result shows
that these new bounds retain their basic properties and, as we shall see,
can determine the structure of the estimate functions.

Lemma 2. Let 11,9 be generalized parabolae with curvatures v, and s,
respectively. Then, for any a1, as > 0, a1y + 1o is a generalized parabola
with the curvature given by a1y + aave.

Proof. By definition
wh 1/J2 S g = H’wl(m) = ’YIIIH HT/}2($) = "/QI’IH (244)

with 74 > 0 and 75 > 0. The Hessian is a linear operator, therefore

2.44
H(a191 + aopo) = arHypt + asHiby @4 )041(W1In) + az(vedn)

= (a1 + aey2)In.

(2.45)

Because a1y + asy2 > 0 we have that a1 + asyps € G. See [16] for more
details. O

2.6.1 Parabolic Estimate Functions

When the objective is non-strongly convex, the only available simple global
convex lower bounds are hyperplanes. If we further assume that new
bounds are obtained only by weighted averaging simple bounds, W, become
linear in (2.10) for all £ > 0. The initial estimate function, given by (2.11),
is a generalized parabola. Lemma 2, combined with the general form of
the estimate function in (2.10), implies that when W}, are linear, every
estimate function ¢, (x) is a generalized parabola with the curvature given
by ~0. The existence of ¢} in this case is conditioned by 7o > 0.

Conversely, once we assume that vy > 0 and that all lower bounds W}
are generalized parabolae, the estimate functions become parabolae. Since
augmentation consists of adding a constant factor, every estimate function
has the same curvature and vertex as its augmented counterpart. We write
the estimate functions and the augmented estimate functions in parabolic
form (2.40) with vertex v, and curvature ~; for all £ > 0 as

(@) = i + ollz — vl (2.46)
Uh(@) = Of + e — vl (2.47)
From (2.34), we have that
K=Y+ (Ap = Ao)(F(a”) — Wi(a™)). (2.48)
The initial estimate function (2.11) does not contain a lower bound term,

hence vy = xg.
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2.6.2 Composite Parabolae

For a given function ¥, we also define the family of composite parabolae
Py = {¢»+ ¥ | ¢ € P}. Composite parabolae are closely connected to the
proximal operator oracle function. Specifically, for any x € R™ and step
size T > 0, let
Vpr(z) & %Hz —xz|3, zeR" (2.49)
Function ), is obviously a parabola. The proximal operator prox,g
therefore returns the unique optimum point of the composite parabola
Yor + 0.
Furthermore, the proximal operator can compute the optimum of any

def

composite parabola, since by substituting ~ def 1/7 and v = x, the defini-

tion of 1, - is equivalent to that of a parabola.

2.7 The Gap Sequence

A sufficient condition for the preservation of the augmented estimate
sequence property (2.35) across iterations is that the augmented estimate
sequence gap, defined as

Ty < A F () — 0, k>0, (2.50)

is non-increasing.
When the lower bounds W}, are generalized parabolae, we have that

i) 2 g+ Yl - o3, (251)

P(x")

2.34 * *
¢ = ) (Ak — Ao)Wk(w ) + AoF(wo) + %”$ - vk“%? (2.52)

for all k£ > 0. Combining the two forms of the estimate function gives
(A — A)Wi(@") = ¥ = Tlla" = vil} = Flle” — @03 — AoF (o), (2.53)

for all k£ > 0. Therefore, the augmented estimate sequence gap can be
written as

(2.48)
=

r Ap(F () — F(2")) + (Ap — Ao)Wi (") + AgF(x*) — ¢,

2.53 * *
B2 AL(F (@1) — F(@") + llow — |3

—Ao(F(z0) — Fa*)) — %Hmo 2t k>o0. (2.54)
We introduce the gap sequence {Aj}x>o in the form of

Ay AL (F(ay) — Fla) + %Hvk —z*|2, k>0 (2.55)
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The augmented estimate sequence gaps can be expressed more succinctly
as

Iy =Ar—Ag, k£>0. (2.56)

Hence, the variation of the two sequences is identical, with the only differ-
ence being that the augmented estimate sequence gap is constrained to be
zero initially. The sufficient condition becomes

Appr < Ay, k> 0. (2.57)

The benefits of the augmented estimate sequence now become evident.
We have replaced the estimate sequence property with a gap sequence
that has a simple closed form. The gap sequence is an example of a Lya-
punov (non-increasing) function, widely used in the convergence analysis
of optimization schemes (e.g., [29-31]).
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3. Constructing ACGM

3.1 A Design Pattern for First-order Accelerated Algorithms

The augmented estimate sequence property (AESP) in (2.35) constitutes a
sufficient condition for an algorithm to have the convergence guarantees at
every iteration k£ > 0 given by Ay as in (2.6). However, it does not provide
a means of computing iterates.

The design procedure we propose in this work is in line with the deriva-
tion found in [16]. We strive here for generality and rely, as much as
possible, on fundamental arguments.

An optimization algorithm essentially employs at every iteration k a
generator for x5 1. We devise this generator to ensure that ;. obeys the
AESP for any algorithmic state. The AESP is an upper bound property of
F(xp11), which needs to be satisfied before xj 1 is computed. Therefore,
F(xy+1) has to be substituted with a simple upper bound. Since we don’t
know how to compute x;; at this point, we need to define this upper
bound as a function over the entire domain, which we denote as uj41(x),
that should be a local upper bound on the objective at x; 1, namely

F(xpt1) < upgr(zre1), k>0 (3.1)

We want to have the best convergence guarantees available. The ISDUB
expression (2.6) implies that the values of F(x;,1) should be as low as
possible. The simplest way to ensure this, and at the same time to provide
a means of computing x 1, is by setting x;; to be the optimal point of
up+1(x), that is

Tyl = argminug(x), k> 0. (3.2)
xzER™

Methods that employ this technique are often denoted as majorization
minimization (MM) algorithms (see, e.g., [32,33] and references therein).

The Lipschitz gradient property of f implies the existence, for a given
control point y;11 € R", of a unique upper bound on f(x) in the form of
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Qf.L;y (T) (see (2.43)). Regularizer V is potentially unbounded above
but, due to its simplicity, it is practical to consider it to be its own upper
bound. Thus, an obvious choice for uy,1(x) would be

U1 () = nyLfyka(m) +¥(x), k=0 (3.3)

The upper bound in (3.3) takes the form of a composite parabola whose op-
timum point can be readily obtained using the proximal operator. However,
it depends on the global Lipschitz constant L, which poses two problems.
First, this constant may not be known to the algorithm, either because it is
intractable to compute or because a closed form expression of the smooth
part f may not be available. Second, the path taken by the algorithm could
traverse a region where the curvature of the objective is far lower than
Ly would seem to indicate. Both problems can be alleviated by computing
at every iteration k a Lipschitz constant estimate (LCE) that we denote
by Li+1. Therefore, the LCEs not only allow the algorithm to convergence
when a value of L is not available, but may increase convergence speed
even when L is known.

Although algorithmic prerequisites compel us to depart from the obvious
choice in (3.3), upper bounds vy (x) can still be fully determined by yj41
and Ly, in the most common design scenarios, as we will show throughout
this chapter.

Alongside the iterates, the algorithm must update the estimate sequence.
The shape of the estimate functions is the same as their augmented coun-
terparts and in the following we only consider the estimate sequence.
Every new estimate function ¢y (x) contains a global lower bound term
Wi+1(z). The py strong convexity of f and the pg strong convexity of ¥
ensure the existence of a multitude of simple global lower bounds on F,
each obtained by combining a simple (generalized parabolic) lower bound
on f with a (generalized parabolic or ¥ itself) simple lower bound on ¥. We
denote the new simple lower bound at every iteration k by wy1(x). Unlike
ug+1(x), wry1 () may not be defined in terms of a single point due to the
subdifferentiability of ¥.

Setting the estimate function lower bound Wi 1(x) to wy1(x) would
mean discarding the information revealed by past oracle calls used to
compute w;(x) for i € {1, ..., k}. Note that indexing starts at 1 instead of 0
because W is not used and assumed null. The most computationally effi-
cient means of incorporating past information in Wy, (x) is by weighted
averaging all simple lower bounds computed by the algorithm up until iter-
ation k. Among the weighting strategies, by far the least computationally
demanding (as we shall demonstrate in the sequel) consists of
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k+1

Z a;w;(x)
i=1

Wii1(x) = T,

> @
i=1

where the weight at each iteration %, aj 1, is given by

z €R", (3.4)

g1 = A1 — A, k>0 (3.5)

The sequence of convergence guarantees is increasing which implies that
ai+1 > 0 for all £ > 0. Therefore, the weighting in (3.5) produces in (3.4)
valid global lower bounds on the objective F.

The minimalistic quality of this strategy can also be easily shown. Ap-
plying the weighting described in (3.4) and (3.5) in (2.12) produces an
estimate function expression comprising the initial estimate function plus
a weighted sum of all previous lower bounds, that is

k
Uk(x) =) ajwi(@) +Yo(@), k> 1. (3.6)
i=1

The estimate sequence update at iteration k simply becomes
Yp1(z) = Yp(x) + apprwp1(x), k> 0. (3.7

Convergence guarantees accumulate past weights and alleviate the need
to store these weights individually across iterations. Thus, the state of
the algorithm at the beginning of iteration & (the old state) is given by
the iterate x;, estimate function v, convergence guarantee A, and LCE
L. At every iteration, the algorithm needs to compute the auxiliary point
yg+1 and the new LCE Ly, to determine the upper bound uy 1 (x) which,
in turn, can be used to generate the new iterate x; ;. It also needs to
calculate the new weight a1 and the global lower bound w1 () to create
a new estimate function 1 according to (3.7). The new convergence
guarantee Ay, is obtained according to (3.5). The bounds u;4;(x) and
wi+1(x) may be correlated and are computed together at this stage. This
basic structure of first-order algorithms for composite problems with a
provable convergence rate is summarized in Algorithm 1.

Here, C is a process that computes the new parameters from the old state
of the algorithm. The subscripts denote which parameters it outputs. Thus,
the design process of a particular algorithm reduces to the derivation of C.
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Algorithm 1 A basic structure for first-order accelerated algorithms
1: fork=0,..., K —1do
2: Lpgr, apgr, upr (@), Wit 1 () = CLoayuyw (T, Vi, Aky L)
3 Appr = A+ ap
4: Xy = argminugi(x)
xcR”
5 Yr1(x) = Yr(x) + appr1wpta (x)
6: end for

3.1.1 Line-search

An algorithm that overestimates the local Lipschitz constant remains
valid, albeit slow, but underestimation may invalidate the convergence
guarantees. Consequently, an algorithm must employ a validation rule
L that determines whether a candidate LCE L, is sufficiently large or
not. A very simple estimation strategy consists of gradually decreasing
candidates by multiplying once at the beginning of every iteration with
rq < 1 until an iteration is reached when the validation rule no longer
holds. This step can be omitted for computational reasons, in which case we
consider that r; = 1. The candidate is then increased during that iteration
by successively multiplying with r, > 1 until the candidate passes the
validation rule. In this context, the validation rule becomes a line-search
stopping criterion (LLSSC). The last valid candidate LCE is set as Ly
and the search at the next iteration starts from there. The above process
is often referred to in the literature as an Armijo-type [34] backtracking
line-search strategy. Each increase of a candidate constitutes a “backtrack”
because it results in a smaller step size.

Line-search involves only the upper bound w1 ;(x) (uniquely determined
by yi+1 and L, 1) and the new iterate xj,,. Consequently, LSSC function
L is parameterized by candidates &1, gr11 and i/k+1 . The structure of a
backtracking line-search first-order method is outlined in Algorithm 2.

Algorithm 2 takes as input the initial estimate function v, (parametrized
by the starting point x; € R", the initial weight Aq > 0, and the initial
curvature v9 > 0), the total number of iterations K > 1, and, if the
Lipschitz constant is not known in advance, an initial estimate Ly > 0.

3.2 Design Choices

We proceed with the design of ACGM based on the framework found in
Algorithm 2. To maintain the augmented estimate sequence property
(2.35), we enforce the stronger Lyapunov property of the gap sequence
(2.57). However, the first and most important step in the design process is
the selection of upper bounds w1 (z) and lower bounds w1 ().
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Algorithm 2 A basic structure for first-order accelerated algorithms em-
ploying backtracking line-search

1: fork =0,...,K-1do

2: ik-&-l = rqLyg

3: loop
4: Apog 15 U1 (), W1 () := Cauw (Th, iy Ak, Ligy1)
5 Ty := argmin ty1(x)

zeR™
6 if L(2k11, Y11, Li+1) then
7 Break from loop
8: else
9: zk+1 = Tuszrl
10: end if
11: end loop
120 @ppy = Rpy1, L1 = Lpg1, gy = G
13: Wg41 (CB) = Wk41 (CB)
14 Ags1 = A+ ap+1
15: Ypy1(x) = Yp(®) + apr1wia ()
16: end for

3.2.1 Ubpper Bounds

As we have seen in Section 3.1, the obvious choice of the upper bound in
(3.3) has to account for the LCE. The resulting bound takes the form of

et (®) = Qf sy (@) + U(), k>0, (3.8)

Note that even if the value of L is known beforehand, (3.3) may be a looser
bound on F than (3.8) and may provide less information on the problem
thereby slowing down the algorithm. Hence, we prefer (3.8) in the design
of our algorithm.

Parabola Q; 1, ., 4, ., (%) can be written in canonical form (2.40) for all
k>0as

Ljtq
Qf L s (®) = [(Ura1) + (VI (Y1), T — ypy1) + T+Hw — Y13

1 L _
= fluen) = 57 — V@) 3+ 75l = Gea 3
k+1
(3.9)
where 1
Ukl = Yit1 — —— VI (Yry1), k>0. (3.10)

L1

The canonical form (3.9) can be used to express the optimum point of
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ug+1(x) in (3.8). We have that

argmin ug41(x) = arg min (ug41(x) — uj )

xER™ TER™
. L _
= arg min (‘P(w) + k;l |z — yk-&-l“%)
xeR?
=prox_i_y(Fkt1), k=0 (3.11)

k+1

The iterate update in line 5 of Algorithm 2 becomes

i1 =Trw,r,, (Yke1), k=0, (3.12)

where T}y 1 (y) denotes the proximal gradient operator of the objective
components f and ¥ using inverse step size L > 0, given by

1
Trw,r(y) = proxiy <y - sz(y)) , yeR™ (3.13)

The LCE Lj;; must ensure that ug;(z) is a local upper bound in the
sense of (3.1). Combining (3.1) with (3.12) gives an LCE validation rule in
the form of

F(@pi1) < Qf Ly yn (k1) + W(@pia), k=0 (3.14)

The value U(x;;) appears on both sides of the equation. By subtracting it
we obtain the descent condition for f, written as

flaps) < Qf,Lk+17yk+1($k+l)’ k>0. (3.15)

Thus, the derivation of the upper bounds has given us not only an iterate
update rule that yields ;. but also a Lipschitz constant estimation rule
for Li+1. Both quantities will play a role in the derivation of the lower
bounds as well.

Composite Gradient

To further simplify notation when dealing with the lower bounds and to
compare our method more easily to Nesterov’'s FGM, we use Nesterov’s
composite gradient [17], defined as

© Ly — argmin(Qgpy(z) + U(z)), yeR", L>0. (3.16)
xeR™

9r.(y)
We shall see later on that, in this work, the composite gradient need not
be parametrized by f and V.

In FGM, new iterates are given by a gradient descent step as

1
Tyl = Yyl — ffvf(yk+1), k> 0. (3.17)
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The composite gradient is therefore defined as a substitute for the gradient
in the iterate update (3.12), which becomes

1
Tptr1 = Yk+1 — mgLHl(ka), k>0. (3.18)

The new iterate xj 1 satisfies the first-order optimality condition of local
upper bounds ug41(x) in (3.8). This can be expressed as the existence of a
subgradient £; 1 of regularizer ¥ at x| such that

VaQf L yeis (@ht1) €1 =0, k>0, (3.19)

Expanding the gradient over = term gives
V{(k+1) + L1 (Th+1 — Yrt1) + k41 =0, k> 0. (3.20)

Therefore &1 is uniquely determined by
&kt1 = L1 (Y1 — Ter1) — VF(Yry1), k>0, (3.21)
Substituting (3.21) in the composite gradient iterate update (3.18) yields
9L (Ykt1) = VI (Yrg1) + &k, k>0 (3.22)

The form in (3.22) explains the origin of the term composite gradient, as
the sum of the gradient of f at y;.1 and a particular subgradient of ¥ at

Lh+1-

3.3 ACGM for Non-strongly Convex Objectives

For simplicity of exposition, we first construct our method for the non-
strongly convex case (u = uy = py = 0) and we later generalize the
analysis to arbitrary strong convexity.

3.3.1 Lower Bounds

The generation of x;,; during iteration k£ > 0 involves two oracle calls:
a call to Vf at yi+1 and to proz,y with step size 7 = 1/Lj; at point
Up+1- As shown in (3.22), this proximal gradient call yields V f(yr+1)
and &1 € 0¥ (xi41). We aim to keep the number of oracle calls in our
algorithm to a minimum and we reuse these quantities when constructing
the lower bounds.

The convexity of f yields

f(ilf) Z f(yk+l) + <Vf(yk+1)7$ - yk‘+1> , TE R”y k 2 0 (323)
and the subdifferentiability of ¥ gives

U(x) > V(xpsr) + (Ertr1, © — 1)

= V(1) + Err 1, T — Yrg1) + Eri 1, Ykt1 — Ter1), TER", k>0
(3.24)
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Adding (3.23) and (3.24) together we obtain

F(x) > f(yrs1) + V(zri1) + Errts Ynt1 — Torr)

" (3.25)
+ (9L Ykt1),® — Yy1), T ER", k>0,

The right-hand side (RHS) of (3.25) is a global lower bound on F. However,
the augmented estimate sequence property (2.35) and the local upper
bound property (3.1) are based on F'(xj;) whereas (3.25) contains f(yg41)-
The descent condition in (3.15) means that the line search residual, given
by

Nipr & Qf Lisryns (Trr1) — f(Tr11)
= f(Yr+1) — f(@er1) + (VF(Yrt1)s Thr1 — Yrt1)

L
+ T ke — el k20, (3.26)

is non-negative. Furthermore, the backtracking line search procedure is
designed to reduce this residual as much as possible. Therefore, we can
subtract it from the RHS of (3.25) without significantly decreasing the
tightness of the lower bound. We thus obtain

Ly
F(x) > F(Tpg1) + (Errr + VI (Yrs1), Yng1 — Thy1) — T+||mk+l — Y13

+ <ng+1 (yk+1)7w - yk+1> , TE R"’ k > 0.
(3.27)
The difference between points yx1 and x,; can be expressed using the
composite gradient. Subgradient expression (3.21) combined with (3.22)
gives
9L Yrs1) = Lis1(Yrt1 — Tpy1), k> 0. (3.28)

Applying (3.28) and (3.22) in (3.27) produces a simple lower bound, given
by

1
F(x)>F — 2
(w) = ($k+1) + 2Lk+1 Hng+1 (yk-‘rl)HQ (3.29)

(91 (Ykt1), ® — Y1), ®ER", k>0,
which we denote as the relaxed supporting hyperplane property.
We have chosen auxiliary point y;.+1 as the support in (3.24) for con-
venience. Choosing xj.; instead does not alter the analysis, since the
difference between the two points can be expressed using (3.28).

3.3.2 Formulating ACGM
We proceed with the design of our method, ACGM, based on the basic
structure for first-order accelerated algorithms employing backtracking

line-search presented in Algorithm 2. The building blocks are:

1. The composite parabolic upper bounds in (3.8).
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2. The relaxed supporting hyperplane lower bounds from (3.29), written as
L 2
W1 (x) = F@py) + mHngﬂ(ka)llg 3.30)

+(9rei Wr1), ® —Ypp1), R, k>0

3. The Lyapunov property of the gap sequence in (2.57) .

The structure of the upper bounds implies that line 5 in Algorithm 2 is the
proximal gradient step (3.12). The local upper bound property of w1 (x)
in (3.8) also gives a line-search stopping criterion (line 6 in Algorithm 2) in
the form of (3.15).

The lower bounds are hyperplanes. The weighting strategy (3.4) ensures
that all estimate function lower bounds are hyperplanes as well. Then, for
all k > 0, the estimate function ¢, along with its augmented variant 1),
are parabolae with the curvature given by ~,, written as

Un(@) = Ui+ lle -3, vi@) = v+ Dl - w3 331

Since estimate functions can be written in canonical parabolic form,
differentiating with respect to x the estimate sequence update in line 15 of
Algorithm 2 using lower bound (3.30) results in

Y0(x — Vk+1) = 0(T — Vkt1) + k190, (Yk+1), T ER?, k>0 (3.32)

This gives a vertex update rule in the form of
Q,
V1 = Vg — %ngﬂ(ka), k= 0. (3.33)

Next, we devise update rules for a5, 1 and y;,1 in ACGM such that the
Lyapunov property (2.57) is guaranteed to hold for every k£ > 0 and for any
algorithmic state. The following result provides a means of accomplishing
this.

Theorem 3. If at iteration k > 0, the descent condition for f in (3.15) holds,
then
Apyr + Agt1 + Brgr < Ag,

where subexpressions Ay11 and By1 are, respectively, defined as

aef 1 [ Apn  ahy P
A = = - ,
k+1 2 <Lk+1 . HngH(ka)'b

def
Bit1 = {gress Wns1), Artr + app1vr — Api1Yns1) -
Proof. All the definitions and results within the scope of this proof apply
for any k£ > 0. Let the tightness of the lower bound w1 (x) at « be denoted
by the residual Ry ;(x) as

def

1
Ry () F(x) — F(zg1) - m”ngH (?MH)H%

(3.34)
- <ng+1 (yk+1)7w - yk+1> , xeR"
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From (3.29) we have that Ry 1(z) > 0 for all z € R". Therefore
Ak Rpq1(x) + ap1 Ri1(x*) > 0. (3.35)

By expanding terms we obtain

ApF(zy) + ap 1 F(x) — App1 F(Try1) — HngH (Y1) I3

2L

— (gL (Yks1), Ari + g — Ak+1yk+1> > 0.

(3.36)

This is equivalent to

AP (@)~ F@)) = A (Flon) - Fla) 2 S0

+ (L1 Yrt1), Axr, + apr ™ — Ak+1yk+1> :

||ng+1(yk+l)H2

(3.37)
To isolate the gap sequence terms, we add to both sides of (3.37) the
quantity

def 'YO

Vier € Gl — (3~ 0|\vk+l—w*\|% (3.38)

to obtain

Ay
Appr + o 2Lk HngJrl (Yes1) 113

(3.39)
+ (9111 Yrt1)s Axr + ap1 ™ — App1yrr1) + Vi < A

Using (3.33) in (3.38) we obtain

0 *
Vier = 3 (loellz = orsall2) + 90 (v = v, )
0 *
=9 (Vk = kg1, Ok + Vpg1) — <9Lk+1(yk+1)7ak+1w >
1 Ak4-1 *
=3 <ak+19Lk+1(yk+1)7 2vy, — ngLkJrl (yk+1)> - <ng+l(yk‘+1)7al€+1m >
Ak+1 *
= - 2;:) 1900 Wi )13 + (9L y (Yrt1)s Qg 10k — a1 ™) - (3.40)
Substituting (3.40) in (3.39) and rearranging terms completes the proof.

O

A sufficient condition for (2.57) to hold is to have A1 > 0 and Bi1 >0
for every k > 0. Since ||gz, ., (yr+1)|3 is a non-negative quantity, A1 > 0
can be ensured for any possible algorithmic state if

Ag170 > Ly1aiyy, k>0, (3.41)

However, the angle between Ajxy + apy1vx and gz, ,, (yx+1) may be obtuse,
meaning that B;,; may be non-positive. Again, to account for this pos-
sibility without additional oracle queries, we impose B .1 = 0 by setting
auxiliary point yj1 to be

1
Ykt+1 = T (A + ag+1vr), k>0. (3.42)
k+1
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Scale v invariance

The weight condition in (3.41) as well as the auxiliary point update in
(3.42) and the vertex update in (3.33) are, respectively, equivalent for all
k>0to

Agp1 aps1 )

> Ly : (3.43)
o Y0

1 (A g1

Ykl = I (%wk'f' 7:: v |, (3.44)
Yo
a

Vjt1 = Vg — %MM (Yr+1)- (3.45)

In addition, the Lipschitz constant estimation procedure, whereby the
validation rule corresponds to the descent condition in (3.15), and the
composite gradient expression in (3.28) do not depend on the weights and
convergence guarantees. Thus the behavior of the algorithm is not affected
by the scale of 4y. To reduce the overall computation cost, we set g to 1.

To obtain the largest increase in the convergence guarantees, we enforce
equality in (3.41), namely

Lk+1a%+1 = Ak+1, k Z 0. (346)

The equality in (3.46) can be recast as a quadratic equation in a1 in the
form of
Lk+1a%+1 — Q41 — Ak = 0, k 2 0. (347)

Given that Ly, > 0 and Ay > 0, (3.47) has only one positive root a;,1. The
closed form expression of this root constitutes a weight update rule, given

by
14+ IT Al A
PVIE A, (3.48)

2Lk

There is no need to compute the composite gradient explicitly. Instead,
by using the definition of the composite gradient in (3.18), the update rule
for the augmented estimate sequence vertices in (3.33) can be written in
terms of the iterates and the auxiliary points as

Ak+1 =

Vi1 = Uk + Gpp1 L1 (Tp11 — Yrt1), k>0, (3.49)

The weight update in (3.48), the auxiliary point update in (3.42), and
the upper bound expression in (3.8) leading to the iterate update in (3.12)
make up the parameter generation procedure C, ., ., in the design pattern
given by Algorithm 2. By replacing them accordingly in Algorithm 2, along
with the LSSC in (3.15) and the vertex update in (3.49), we obtain the
ACGM algorithm for non-strongly convex objectives listed in Algorithm 3.
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Algorithm 3 ACGM for non-strongly convex objectives in estimate se-
quence form
ACGM(:B(), L()7 A()7 TusTd, K)

1: vg = X9

2: fork=0,..., K—1do

3: [A/k+1 = rql

4: loop

N 144/ 144051 A
5: Q, =

Alc+1 T
6 Apgr = A + g
7 Ypy1 i= Al (Apzy, + dpq1vk)

k+1
8: Zpy1 1= Prox_1 (Qk+1 - %Vf(ﬁkﬂ))
Lyt k+1

9: if f(@r11) <Qpj,, g0, (Bhi1) then
10: Break from loop
11: else
12: Liyq :=ryLit1
13: end if

14: end loop

15: Lpi1 = Lyt1, apgr = g1, Apgr = Appa
160 Tpi1 = Thrls Yrtl = Yrt1

170 Vg1 = Vg + a1 L1 (g1 — Yrr1)

18: end for

3.3.3 Extrapolated Form

ACGM exhibits an interesting property that alleviates the need to explicitly
maintain the vertices.

Lemma 3. The estimate sequence vertices can be obtained from the main
iterates through extrapolation, namely

A
Vpst = T+ (g — ), k> 0. (3.50)
Ak+1

Proof. For ease of exposition, we accompany our analytical approach with
arguments from Euclidean geometry.

In the first iteration (k = 0), we have that vo = x¢. Since auxiliary point
Y1 is a convex combination between vy and x, it is also equal to x(. The
composite gradient gr, (y;) then becomes

g1, (1) = L1(y1 — x1) = —L1(z1 — x0)- (3.51)

Vertex v, is obtained from vy = x( by adding a multiple of the composite
gradient gr, (y1), as

(3.46)
= x

3.51 A
v] = vy — a19r, (Y1) 65D xo + a1Li(x1 — y1) 1+ a—ll(:cl —x). (3.52)
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Figure 3.1(a) provides a visual proof of (3.52).
For subsequent (k > 1) iterations, we have that

1 346) G
Tht1 — Yyl = _mngH(?ﬁﬁH) = _A];i ILir1 (Yra1) (3.53)
Uiyl — Vg = —Qk119L,, 1 (Ykt1) (3.54)
Therefore A
Vpst — O = (Bt — Ypp1)- (3.55)
Ak+1

From (3.42) we also have that

Apq1

Vi — L = apit (yk+1 — :ck). (3.56)
+

Adding together (3.55) and (3.56), we obtain the desired result. The ex-
trapolation rule also follows from the parallelism and proportion in (3.55)
combined with the collinearity and proportion in (3.56) using the Thales
intercept theorem, as shown in Figure 3.1(b). O

X0, Y1,Vo Xy
(a) First iteration £k =0 (b) Subsequent iterations k > 1

Figure 3.1. Collinearity of yi+2, vi+1, r+1, and zj follows from the Thales intercept
theorem

To bring our notation closer to that of FISTA and FISTA-CP, we define
the following sequence {t;}r>0 as

e LA, k>0 (8.57)

For k¥ > 0 we have that

3.46) [Api1 Apq1
tk+1 = Lk+1Ak+1 = 2+ Ak+1 = + . (358)
ki1 A+1

Therefore, t;1 is the vertex extrapolation factor in Lemma 3.
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The extrapolation property in Lemma 3 extends to the auxiliary point
yr+1- To be able to use extrapolation in the first iteration, we further
define =_, def xo. Using sequence {t;}1>0, We can express this property
succinctly.

Proposition 1. At every iteration k > 0, the new auxiliary point yi1 can
be obtained from the previous two iterates through extrapolation as

Y1 = T + Bzl — Tp—1),

where ; 1
e —
Br =

1

Proof. For k =0 we have xgp = x_1 so

Agxo + ajvg Agxo + a1xg to— 1
Y1 = = =Ty =T+

A1 Al tl (wo — $,1). (359)

Note that 3 can take any real value. We choose 3y = % merely to have
the same form for all & > 0.
For k > 1 we have

Ak+1

Yg+1 = Tf + (v — xk). (3.60)

Applying Lemma 3 at k£ — 1 we obtain

Qg Ak
Yi+1 = T + A + (p—1 + — (T — Th—1) — k)
k+1 ag
t(ep — 1) — (®p — Tp—
:kark(k k1) — (T — T—1)
tit1
tp — 1
= p + ———(xk — Tp_1)- (3.61)
th+1

A simple qualitative visual proof of the extrapolation property can also be
found in Figure 3.1(a) for y, and in Figure 3.1(b) for y; when k > 3. O

From definition (3.57) it is clear that for every k£ > 0 it is not necessary
to maintain both A, and t; simultaneously. Therefore, we can derive a
recursion rule for ¢, independently of A.

Proposition 2. The vertex extrapolation factors obey the following recur-

sion rule:

L
M2 —0, k>0.
k

2
Tpyr =ty —

Proof. First, based on (3.57) and (3.46) we derive the following expressions
for all & > 0:

LA = t3, (3.62)

A
Lk+1ak+1 = p +1 = tk+1. (363)
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The convergence guarantee recursion rule (3.5) can be written as
Ak+1 — k41 — Ak = 0, k 2 0. (364)

Since all LCEs are positive we can write the above as
L
Lk}+1Ak+1 - Lk;+1ak+1 - %LkAk = 0, k Z 0. (3.65)

Substituting (3.62) and (3.63) in (3.65) completes the proof. O

From the definition in (3.57), we have that ¢;,; > 0 for all £ > 0. The
quadratic equation in Proposition 2 has only one positive root, whose
expression gives an update rule for ¢;,, in the form of

1+ /1 + 4212
Le kp>o (3.66)

b1 = —————F 2,
k+1 9

Based on Propositions 1 and 2, we can formulate ACGM for non-strongly
convex objectives based on extrapolation, as listed in Algorithm 4. Algo-
rithms 3 and 4 differ in form but are theoretically guaranteed to produce
identical iterates.

Since convergence guarantee Aj is not longer maintained explicitly, it
can be obtained from ¢, as

t2
Ay=-E, k>0 (3.67)
Ly,

3.4 ACGM for Objectives with Arbitrary Strong Convexity

We continue the design of ACGM, this time for any 0 < 1y < Ly and any
wy > 0. The design process follows closely the one previously shown in
Section 3.3. While strong convexity poses new challenges, most of the
properties derived in Section 3.3 carry over to this scenario.

3.4.1 Strong Convexity Transfer

To simplify the derivations, we transfer all strong convexity from ¥ to f, as
f(@) = f(@) + ke — ol (3.68)

V'(z) = U(x) — 'u?\pr — o2, (3.69)
for all x € R™. As we shall see later, the center of strong convexity can be
any point in R™. We choose x( only for convenience. Likewise, the analysis

can be performed with strong convexity transfered from f to U. However,
(3.68) implies that f’ has Lipschitz gradient with constant Ly = Ly + py
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Algorithm 4 ACGM for non-strongly convex objectives based on extrapo-
lation
ACGM(:B(), L()7 A()7 TusTd, K)

1: 1 =X

2: tg = /LoAp

3: fork=0,...K —1do

4: ik+1 = rqlg

5: loop
R 1+1/1+4LE7:1152
1= —————
- -1
Ykt1 = Tg + ?;T(l‘k —Tp_1)
8: Tpy1 = Prox_i1_g (gk+1 - %Vf(ﬁkﬂ))
L1 k+1
9: if f($k+1) < vai/k+17glc+l (ack_H) then
10: Break from loop
11: else
12: Liy1 :=ryLit1
13: end if

14: end loop

15: L1 = Lgy1, teyr = et
160 Tpp1 = Tt

17: end for

and strong convexity parameter uy = p whereas from (3.69) it follows
that function ¥’ does not have known strong convexity. Therefore, U’ has
the same properties as ¥ in Section 3.3 and f’ is only slightly altered,
which allows us to reuse many of the results obtained there. Naturally, the
transfer in (3.68) and (3.69) does not alter the objective function, that is

F(z) = f(x) + ¥(z) = f'(z) + ¥ (x), =R, (3.70)
and gives rise to the following remarkable property.

Lemma 4. The gap between the smooth part and its parabolic upper bound
does not change with strong convexity transfer, namely

Qf Lipey(®) = f(@) = Qrry(x) — f(2), =yeR", L>0.
Proof. By expanding, rearranging, and canceling out terms we get

L/
Qp Lipgy = F W) +{(Vf (y),z—y)+ '“2“ lz — y3

= )+ 5 lly = ol + (VS () + noly — @), — y)

Lyy1 + po o oy
+ f“w —yl3+ 7”33 — a3 - 7H$ —zo|3

L
= 1)+ (VIW).2 ~y) + T e -yl - Bl - o3

= Qrey@ + Sz -0}, @yeR’, L>0. (37D
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Subtracting (3.68) from (3.71) completes the proof. O

Let Lj, 41 def Liy1 + py for all £ > 0. From Lemma 4 it follows that the
descent condition for f/, given by

f(®rs1) < Qi e (@rg1), k=20, (8.72)

is equivalent at every iteration k£ > 0 to the corresponding condition for f,
stated in (3.15).

By adding the equality in Lemma 4 and the objective invariance expres-
sion in (3.70), we obtain that the corresponding upper bounds are the same
as well, namely

ug+1(x) = Qf,aL;e+1vyk+1 +(z) = Qf.Lisiyn + ¥ (), (3.73)
for all x € R" and k& > 0. Therefore, strong convexity transfer does not

change the iterate update, that is

1 =Tp v (Yer1) = Trwn,, (Yke1), k>0. (3.74)

k+1

3.4.2 Lower Bounds

In the strongly convex case, lower bounds can be constructed as a simple
generalization of the relaxed supporting hyperplanes in (3.29).

We define the relaxed supporting generalized parabola R ,(x) at point
y using inverse step size L as

def 1
Riy(®) = F(Tf,w,L(y))wLﬁHgL(y)lI%

i (3.75)
+{9L(y),x —y) + g\lw —yl3, zeR™

The relaxed supporting generalized parabola is invariant to strong convex-
ity transfer and, like the composite gradient, it need not be parametrized
by f and V.

Proposition 3. If the descent condition in (3.15) holds at iteration k > 0,
then the objective F is lower bounded as

F(x) > RL;H’ka(m), x e R".

Proof. From the strong convexity of f’ we have a supporting parabola at
Yk+1, given by

(@) > f'(yesr) + (7 (Yrs1), ® — yryr) + %HCB — Y3, (3.76)

for all z € R™ and k£ > 0. The definition of the composite gradient implies
the existence of a vector &, | € 0¥'(xy1) such that

g Wkt1) = VF Wks1) + Epyr, k> 0. (3.77)

k+1
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From the convexity of ¥ we have a supporting hyperplane at z;

V(@) > V' (@py1) + (€hy1, @ — Thsr)

(3.77)
=" U (xpq1) + <9L’

k+1

(Wis1) = f (Wes1)s @ — @pin),  (3.78)

for all z € R™ and k£ > 0. Lemma 4 implies that the line search residual for
f is the same as the one for f’. Therefore

Niet1 = QrLisryens (@e1) — f(@e1) = Qp 1y ey (@ar1) — f' (@),
(3.79)
for all k¥ > 0. The line search condition in (3.15) ensures that N, is
non-negative and negligibly small. We add together (3.76), (3.78), and the
residual Ny in (3.79), rearrange terms along the lines of Subsection 3.3.1,
and we reach the desired result. O

3.4.3 Generalizing ACGM to Arbitrary Strong Convexity

We construct ACGM in the strongly convex case using the same procedure
as outlined in Subsection 3.3.2. The only difference lies in the choice
of lower bounds. This time, the building blocks used in basic pattern
Algorithm 2 are:

1. The composite parabolic upper bounds in (3.8).

2. The relaxed supporting parabola lower bounds from Proposition 3, given
by
1

(Ye+1)13
2L§€+1

gL

wiy1(2) = F(@rg1) + -

(3.80)

1
+ <9L' (Yrt1), T — yk+1> + §Hw — Y3, TR, k>0.

k+1

3. The Lyapunov property of the gap sequence in (2.57) .

Using the same upper bounds as in Subsection 3.3.2 means that line 5 in
Algorithm 2 is the proximal gradient step (3.12) and line 6 in Algorithm 2
is also (3.15) (see Subsection 3.4.1) .

The lower bounds are now generalized parabolae. Hence, the reasoning
in Subsection 2.6.1 applies to v, and 1}, which are given by (2.46) and
(2.47), respectively, for all ¥ > 0. Substituting lower bound (3.80) in the
estimate sequence update in line 15 of Algorithm 2 and differentiating
with respect to x gives

Vi1 (® — vig1) = (2 — vp)

| (3.81)
(yk+1) + U(m - yk‘+1)) , TE R”’ k 2 07

+ak+1 <9L'

k+1
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which leads, by matching the coefficients of the polynomials on both sides
of (3.81), to the following curvature and vertex update rules for all £ > 0:

Vi1 = Vi + Qrr1it, (3.82)

1
(Yrt1) — Myk+1)) . (3.83)

Vgl = —— <’7k'vk —apy1(gr
Ve+1 k1

The update in (3.82) implies by induction that the curvature can be
obtained directly from the convergence guarantees as

k
T =0+ (Z ai) p=(y0 — Aop) + A, k>0. (3.84)
i=1

We proceed with the design of ACGM in the same way as in the non-
strongly convex case. We formulate update rules for a;,; and yi.1 in
ACGM to ensure that (2.57) holds at every iteration k£ > 0 for any algo-
rithmic state. Theorem 3 generalizes to arbitrary strong convexity as
follows.

Theorem 4. If at iteration k > 0, the descent condition for f in (3.15) holds,
then
Apy1 + Apgr + Bryr < Ay,

where subexpressions Ay11, Bi+1, and si11 are, respectively, defined as

.A déf 1 Ak+1 _ a%%l H , ( )H2 (3 85)
k+1 2\ I, 7’Yk+1 9r, \Yk+1)112 .
def 1 1
By = 7<g/ Ykt1) — Skt1, Sk 1>7 (3.86)
" Vh+1 o (B41) 2(Ap ks +appm)
def
Skl = ARVen1®h + Gp1 70k — (ApVea1 + Qep17) Yt - (3.87)

Proof. As in the case of Theorem 3, we assume that k& > 0 throughout
the scope of this proof. When dealing with arbitrary strong convexity,
the residual describing the tightness of the lower bound w1 (z) at x is
similarly given by

1

def

Ryi(z) = F(z) = F2p) - 5T 94, (w113
k+1 (3.88)

1
- <9L;€+1 (Yr+1),® — yk+1> - 5”«70 —yrll3, TeER™
We introduce the reduced composite gradient G as
def

Git1 = 91, (Ykt1) — Yk (3.89)

k+1
This simplifies the non-constant polynomial term in residual expression
(3.88) as

L
(914, Wrs1) @ = yess) + Slle — sl
- H 2, M 2
= (Gry1 + PYrt1, T — Ypy1) + §Hw||2 + §Hyk+1\|2 — (T, Yry1)

= (Gr@ —yern) + Sl = SllyislB. (3.90)
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Proposition 3 ensures that Ry1(x) > 0 for all x € R". As in Theorem 3,
the central argument of the proof is built from the residual as

AgRpt1(xr) + ag1Ri11(x™) > 0. (3.91)

Note that while (3.91) has the same form as (3.35), (3.91) is more general.
By expanding the residual expressions using (3.88) and (3.90), (3.91)
becomes

Ap(F(xg) — F(27)) = Agp1 (F (@) = F(27)) = Crpa, (3.92)

where the lower bound Cj; is defined as

def
Crr1 = C](e+)1 + (Grt1, Ak + a1 — Aps1Ypr1) (3.93)
Akﬂ ak+1u Ak+1,u .
== llell3 + =5 llz* (13 - lykr1l3,

where
o) def Ag11
B 2n

lgr, . (yes1)3- (3.94)

k+1

Using the reduced composite gradient definition (3.89), we expand C ,(621 as

a
Y = Mgy + Gy + iy |12
k+1 T e 1Gr+1 + pyrsllz

a2,y
Gri1, Yny1) + 2+ lyrrll3, (3.95)
Vi+1

@ |, Gk (
+1

where

2
¢ e Dty (3.96)
£ S Gl

Combining the vertex update in (3.83) with (3.89), we obtain that

ap+1Gry1 = VEVk — Ve 1Vk41- (3.97)

Substituting (3.97) in Ck 41 yields

(2) 1 2 Tk 'Yk+1
ol = m“%w — Ver1Vkr1ll2 = vt lokllz + ——

vks1ll3 — Vo (Vk, V1)

’Yk+1 'Y]% H

Vi
okl = 5

Tk
V|13 + —" (VK% — Vkt1Vk+1, Vi)
V41

3.97) w;m VeVh+1 — Vo |

[ vps1 |13 — iumu
2V

av
vill3 + — (Gry1,vk)
Vi+1

(3. 82) 'Yk+1 Tk

o113 - 2 o

Ve 2+

1
ap+ 17| Vkl|3 + —— (Gry1, A1 7EVk) -
V41

(3.98)

m
29k41

We also define coefficient Y}, as

def (3.82)
Virr S App1viet — apgrpt = (Ag + ape1) (0 + Q1) — ag o
= ArYe4+1 + Q1 Yk (3.99)
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Combining (3.95) and (3.98) in (3.93), rearranging terms, and applying
(3.99) yields

1
Cry1 = Ay + Vg1 + —— (Gr1, Sey1) + K Sk+1, (3.100)
Vi+1 29k+1
where Si11 and V., are, respectively, defined as

def

Skt1 = Arveplleels + axvellvels — Yepallyeall3, (3.101)
def Vi k ., Gk X

Vier & B o[ = Tlloell3 + (G annia®) + “EE 273 3.102)

Applying (3.97) and (3.82) in (3.102), we obtain

Vk+1 — Vk
T 3

ok — 2113 = 2 llox — 2|3 (3.103)

Vk+1 Yk
Vi1 = TJrHUkHH% - 3”%”% + (WVk = Ve1Vk41, ) +
_ Tet1
2

Therefore, (3.102) is merely the straightforward generalization of (3.38)
that handles arbitrary strong convexity.
Putting together (3.93), (3.100), and (3.103), we obtain

1
At + Apst + —— (Gt S141) + 5 Sper < Ay (3.104)
Ve+1 29,41
For brevity, we define w1 as
Wiy S LA (3.105)

Yii1

This quantity will be used later on in formulating a monotone variant of
ACGM. Residuals sy1 and Si41 can thus be written as

Skl = Y1 (1 — Wi 1) Tr + W10k — Yit1)s (3.106)
Skr1 = Yir (1= wrp) |2ell3 + i lonls = yrsall3) - (3.107)
Residual S;.; can be expressed in terms of s;;; using the following
identity
(1= wign) ook l5 + wrpa vgll3 = (1= wip1) @k + wr108)? (3.108)
+(1 = Wi )whrt | T — vk 3. .

The proof of (3.108) is obtained simply by rearranging terms. Using (3.106)
and (3.108) in (3.107) we obtain that

Sk1 = Y1 (((1 — Wt 1), + W1 V)° — Hyk+1||5) + 51221

1
= <y Sk1+ 2Ypi1, sk+1> + 50 (3.109)
k+1

where S,(igl is defined as

1 def
S E Vi1 (1 — wir)wi ek — vel3

g1 ARV V41 2
ApYi+1 + Gp1vk I I

65



Constructing ACGM

The square term ||z — v |3 is always non-negative, hence

1
S

> 0. (3.111)
Putting together (3.89), (3.109), and (3.111), we obtain that

1
——(Gpy1, Skr1) + a
Ve41 29k+1

1 I 1
> —(Gpi1+ = ( Spi1+ 2y ) , S >
’Yk+1< k1T Yt k+1 k+1 E+1

1
=— <Gk+1 + pYk+1 + r Sk+1, Sk+1>
2Vt

Sk+1

Ve+1
_1<()+“Ss> (3.112)
o 9r  \Yk+1 Wit k+15 Sk+1 ) - .
Combining (3.104) with (3.112) gives the desired result. O

Theorem 4 implies that the Lyapunov property of the gap sequence in
(2.57) holds if, for any algorithmic state, A;+1 > 0 and By, > 0. Again,
because the vectors in inner product B may form an obtuse angle, we
enforce Bj11 = 0 by setting s;+; = 0, which leads to an update rule for the
auxiliary point in the form of

1
= (4 Ty +a vp), k>0. (3.113)
Yrt1 Amk+1+flk+17k( KVEH1TE + Ok 17k Vk)
Inequality Aj41 > 0, by virtue of the non-negativity of ||g., +1(ykJrl)H%,
becomes
Api1Ye41 > ap Ly, k> 0. (3.114)

Now that we have derived the expressions for the auxiliary point in
(3.113) and the weights in (3.119), we can revert to original constituents f
and ¥ and the corresponding LCE L. . The accumulated weight update
becomes

Ap1Ver1 > a3y (Lega + pw), k>0, (3.115)

which, using (3.5) and (3.82), can be cast as a quadratic inequality in aj 1,
given by

(Lis1 — pup)ai sy — (v + Api)agsr — Ay <0, k> 0. (3.116)
Lemma 5. At every iteration k > 0, we have that Ly 1 > jiy .

Proof. We have seen in Subsection 3.4.1 that transferring strong convexity
between the two components f and ¥ does not alter the algorithm. This
transfer can occur in the opposite direction and function f(z) — 4 ||x — x0||3
has the LCE given by L1, — ps. Therefore Lj 1 — py > 0. O
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From (3.115) and Lemma 5, taking into account that a;+; > 0, Ay > 0,
¢ > 0 for all &£ > 0, we obtain that

agr1 < E(Vky Agy Lir1), k>0, (3.117)

where expression & (i, Ak, Lr+1) 1s given by

aef Y+ Art + VO 4 App)? + A(Lgs1 — pp) A

E (Y, Ak, Li41) 2(Lgt1 — pf)

(3.118)
We choose the most aggressive accumulated weight update by enforcing
equality in (3.114). Thus, we obtain

(Lit1 + 10)aipy = Apr1vesn, (3.119)
which translates into an update rule for a; 1, given by
Ap4+1 = g(’yk,Ak,Lk+1). (3120)

The vertex update in (3.83) can be written without the composite gradient
forall £ > 0 as

Vet 10k 1 = WOk — ki1 (L1 (Yr1 — Thi1) — HYki1)
= Yk + a1 (L1 + pw) Tt — a1 (L1 — pp) Y. (3.121)

By inserting in Algorithm 2 the process C, ., ., comprising the weight up-
date in (3.120) and the iterate generator in (3.12), together with the LSSC
in (3.15) and the vertex update in (3.121), we obtain a variant of ACGM for
objectives with arbitrary strong convexity as listed in Algorithm 5. Note
that scale invariance applies here as well and we can assume that o = 1.
However, Nesterov’s FGM does not make this assumption and for better
comparison with this method, we impose no restrictions on 7y in ACGM at
this stage, besides positivity.

Extrapolated form
We show that ACGM can be written in an extrapolated form for strongly-
convex objectives as well. First, Lemma 3 generalizes without modification.

Lemma 6. When dealing with arbitrary strong convexity, the estimate
sequence vertices can be obtained from main iterates through extrapolation,
namely

Ak
Vpy1 = T + —— (Tpp1 — Tx), k>0,
Ak+1

Proof. This time, for the sake of brevity, we utilize only analytical argu-
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Algorithm 5 ACGM in estimate sequence form
ACGM(mo, Lo, Ao, Y05 Tws Tds /Lf, M, K)

1: v9 =X

20 = pf+ Py

3: fork=0,...K —1do

4: fjk+1 = rqly

5: loop

6: Ayl = m (Wc + App+ \/(Wc + App)? + 4Lk — Mf)Ak’Yk)

Apyy = A+ ai
Vet+1 = Ve + Apr1p

~ 1 ~ a

9: Y41 = W(Ak'YkJrlwk + ap 117 Vk)

10: Zp1 1= Prox_1_g (QkH - %Vf@kﬂ))
Lyt k+1

11: if f(ikJrl) < waﬁk+1,?ﬁk+1(ik+l) then

12: Break from loop

13: else

14: Lgy1:=ryLlis

15: end if

16: end loop
170 L1 = Ligr, Apr = Apgt, Ghg = Grgts Yhtt = Thtl
18 Tpt1 = Tit1, Yol = Ykl
: =L L - Ly —
19: w1 = 55 (W0k + Gkt (Lt + p0) Tt — Gpp1 (Ligr — 115)Yrt1)
20: end for

ments and omit the visual proof. Combining (3.113) with (3.121) yields

Y (@17 + A Vi) Yk — AT
Vi+1 Ak+17k
@1 (L1 + prw) ak+1(Lk+1 — i)
+ —mk+1 -
VE+1 Ve+1
1Yk + ApVrg1 — G%H(L/H-l — i)
= Yi+1
Ak+17k+1

apy1 (Lt + py)

ShALATRAL T o
Vi+1
Two subexpressions in (3.122) can be simplified using (3.119). First, the
coefficient of y;; is proportional to

Vk+1 =

Yi+1

A
+ =, k> 0. (3.122)
Ak+1

W1k + Ak Vo1 — Gyy (L — fig)

) (3.123)
= a1k + AeVer1 — Agr1Ves1 — 0 =0, k>0.
Also, the coefficient of x;; can be written as
werllen + ) A s (3.124)

Vk+1 Qf+1
Finally, we eliminate the y;; term in (3.122) based on (3.123), we rewrite
the coefficient of ;| using (3.124), and get the desired result. O
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Sequence {t;}1>0 generalizes here to

p, e [Ee ) A (3.125)

Yk

The terms of this sequence are vertex extrapolation factors for k¥ > 1
because

L A A7 A
b1 = (L1 + pw) Apr 3.119) A Y) (3.126)
Vr+1 k41 Ak+1

Based on Lemma 6, we seek a generalization of Proposition 1 to support
arbitrary strong convexity. To use extrapolation in the first iteration we

.. ;e 1. def . .
maintain the artificial iterate z_; = x,. We introduce the local inverse

condition number
def M 1%
= —=——"" k>0 3.127
QK I~ Litaw > ( )

Using the notation in (3.125) and (3.127), we can express the curvature
ratio yi/v+1 as

W g Gk Aen@ens U9, Gndind
Vr+1 Vk+1 Ap 1741 (Liy1 + pw)ag 4
=1-qry1ter1, k=0, (3.128)

Proposition 4. At every iteration k > 0, the new auxiliary point yi.1 can
be obtained from the previous iterates by extrapolation as

Y1 = Tk + Br(Tr — 1),
where

ot — 11— qgryatip
Br = )
ter1 11— gt

Proof. For k =0, (3.113) implies that

L (Aemao + aromo)
1= %V 07710 ai1vyoVo) = Xo
Y Aoy + a1yo 7 B
to— 11— qut
—g+ XTI ). (3.129)
t1 1-q

When k > 1, from (3.113) and Lemma 6 we have that

(e + G @i+t )
Y1 = 57— \AVe+1Tk T O+ 17Vk(TE—1 E\ Tk — T
T At + a1k * *
1
=xp+ ———— (a1t — V) + apr17e (1 — tg)Tr—1
ARVkt1 + 17k (k17 ) 17 J@k-1)
=z + Br(Tk — Tp-1), (3.130)
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where
o= W%t —1) Guet—1 A
ApYeg1 + Grp1vk ter1 ArVerl + g1k
Vi Vi
@5 e — 1 Vet 3.82) tp — 1 Vit 1
trat App1Yr1 =% 1 (Ver1—%) trr1 1 Hag
Ap1Vk41 T A1kt
Yk
3.119) T — 1 50 (3.128) t — 11— qry1tpa (3.131)
ter1 1—qryt o1 1—qrit
O

Definition (3.125) and ratio (3.128) facilitate the derivation of a recursion
rule for ¢, that does not depend on either ay, Ay, or 7 for all £ > 0 and
1> 0 as follows.

Proposition 5. For arbitrary strong convexity, the vertex extrapolation
factors obey the following recursion rule:

_ Lkt

e — tes1(1 — qits) T 0, k>0.
Proof. Definition (3.125) can be reformulated as
(Ly, + pw) A = ts, k>0. (3.132)
Combining (3.125) with (3.119) yields
(Lit1 + pw)agr1 = Yeyiter, k2>0. (3.133)

Given the positivity of LCEs, the weight recursion in (3.5) can be written

forall £ > 0 as

Ligt1 + py
Ly + pw

Using (3.132) and (3.133), we can replace the convergence guarantees in

(3.134) as

(Lig1 + pw) A1 — (L1 + pw) @gg1 — (L + py)Ay = 0. (3.134)

L +
Vs b2t — Vhr1thrl — %Wﬂ =0, k>0. (3.135)
Dividing by 741 followed the substitution of the curvature ratio in (3.128)
completes the proof. O

The quadratic equation in Proposition 5 has only one positive root. Its
expression provides an update rule for ¢, as

1 2 Lpy1+ po
thor == [ 1— qut? 1 — gt? 4= TR 2 ) k>0, (3.136
kL= ( Gt \/( aly)” + Ly +py ¥ - ( )

Now, from Proposition 4 and (3.136) we can formulate ACGM for ar-
bitrary strong convexity using iterate extrapolation, as presented in Al-
gorithm 6. Algorithms 5 and 6 perform calculations differently, but are
guaranteed to generate the same iterates. Also, Algorithms 3 and 4 are
particular cases (u = py = g = 0) of Algorithms 5 and 6, respectively.
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Algorithm 6 ACGM in extrapolated form
ACGM(mo, Lo, Ao, Y05 Twus Tds ,U,f, M, K)

1: x4 =X

20 = pf+ Py

g — B
3 g0 = Lo+pw
4 tg = |/ otie)d
5: for k=0,..., K —1do
6:  Lpy1:=rqly
7:  loop
8: ] = —£

Uh+1 Lyt1+pw

- Lyt
9: mﬂgzé(17%ﬁ+wﬂ17%@ﬂ+4{$ﬁ§@)

. - — te—1 1=k i1fryn _
10: Yk+1 1= Tk + fery  1—dkt1 (xp — xp—_1)
1L Tpi1 = =Prox_1 g ('gk+1 - %Vf@kﬂ))
L1 k+1

12: if f(in_H) < ij/kJthkJrl (ack_H) then
13: Break from loop
14: else
15: Lytq :=ryLit1
16: end if

17:  end loop

18:  Lit+1 = Lg+1s Gkt1 = Grt1s Tkt = L1
190 Tppr = Tt

20: end for

Retrieving the convergence guarantee
In Algorithm 5, the convergence guarantee in expression (2.5) is obtained
directly from a single state variable A;. For Algorithm 6, we need to
retrieve the convergence guarantees from the other state parameters.
First, we determine how much information is contained in the vertex
extrapolation factors by investigating their behavior. By putting together
(3.84) and (3.125), we obtain a closed form expression for the vertex ex-
trapolation factors as

PO B T T S N 2 1L SN (3.137)
(vo — Aop) + Agpe %‘FH, >

The following statements are direct consequences of (3.137).
If Yo > Aou, then

1
ty < —, k>0. (3.138)
Vi
If’}/o = Aou, then
1
t,=——, k>0. (3.139)
Vay,
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If’yO < A()/L, then
ty>—, k>0. (3.140)

Note that the parameter choices in (3.139) and (3.140) are valid in the
strongly convex case.

From an asymptotic perspective, the convergence guarantees can be
arbitrarily large and therefore, for any parameter setup, we have that

lim gt = 1. (3.141)
k—o0
The difference in behavior of the vertex extrapolation factors leads us to

distinguish between two scenarios. The most common one is outlined in
the following lemma.

Lemma 7. If 9 # Aou, then

(o — Aop)t3

Ay = , 1.
T Lk + ) (1 — aty)
Proof. Definition (3.125) gives
(L + pw) A = wts, k>0. (3.142)

Substituting curvature v given by (3.84) in (3.125), we obtain that

p (et pw)Ar e = pAx _ 50 = Aop

1—quti=1— ,  (3.143)
R Ly + pw Vk Vi Vi
for all k£ > 0. Combining (3.142) with (3.143) yields
(L + po) (L = arti) Ak = (0 — Aop)tg, k= 0. (3.144)

When 7y # Aoy, (3.138) and (3.140) imply that 1 — g,t7 # 0. Dividing by
this non-zero quantity in (3.144), we get the desired result. O

Consequently, if vy # Aou, the convergence guarantee can be derived
directly from the state parameters without alterations to Algorithm 6.

Border-case
When vy = Appu, Algorithm 6 can be brought to a simpler form. From (3.139)
we have that the auxiliary point extrapolation factor in Proposition 4 is
given by
1 qk+1
g vE M T A a1 Va
\/qiﬁ 1= gr+1 Ve 1+ /Qet1
/T —
- vhitme o VE g, (3.145)
vV Lkt1 + pw + /1

However, the sequence {?;} ;>0 does not store any relevant information and
can be left out. This means that the convergence guarantee A requires a
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dedicated update. Assumption vy = Agp in (3.84) leads to v, = p Ay for all
k > 0. The curvature ratio in (3.128) becomes

T A
Te+1  MApq

=1—qesrterr =1 - /qer1, k>0, (3.146)

which provides a simple recursion rule in the form of

| JI
A = BAEIY 4 ks (3.147)
1= @1 VL1 + pw — /1

Due to scaling invariance, we can select any pair (Ag, o) that is a positive
multiple of (1, ). For simplicity, we choose Ay = 1 and vy = p.

The local inverse condition number sequence {g }+>0 does not appear in
updates (3.145) and (3.147). Hence, it can also be abstracted away. The
form taken by ACGM in this border-case, after simplifications, is listed in
Algorithm 7.

App1 =

Algorithm 7 Border-case ACGM (BACGM) in extrapolated form
BACGM(:BO, L()., Tus Tdy Ufy BT, K)

1. x_1 =X

2 fu = pp + iy

3: Ag=1

4: fork=0,..,.K —1do

5: i/k+1 = rql

6: loop
N ViEikpitue— /B

7 =+ " (%) — Tp—
Yi+1 k m+\/ﬁ( k k 1)

8: Zp41 :=Prox_1_g (Qkﬂ - %Vf@kﬂ))

L k+1

9: if f(Tp11) < Qfai/k+l’:’jk+l(2) then

10: Break from loop

11: else

12: Liy1 :=ryLit

13: end if

14: end loop
150 Lpy1:= L
16:  Tpt1 1= L
VEkt1tre
170 Apy = ~——"A
k1 VLk+1+pe—/p

18: end for
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3.5 Monotone ACGM

Even though the convergence guarantee upper bound in the ISDUB expres-
sion (2.5) is monotonically decreasing, the variants of ACGM derived up to
this point cannot guarantee that the objective value at the current iterate
F(xy) is monotonically decreasing for all k£ > 0. Monotonicity is a desirable
property, because it prevents divergence when dealing with proximal oper-
ators that lack a closed form expression and need to be approximated or
other kinds of inexact oracles [6,22]. Generally, monotonicity leads to a
more stable and predictable convergence rate.

3.5.1 Upper Bounds

We want ACGM to converge as fast as possible while maintaining the
monotonicity property, expressed as

Then, without further knowledge of the objective function, the simple upper
bound in (3.8) and (3.148) suggest a simple expression of the monotone
ACGM upper bound in the form of

upr1(x) = min{Qy 1, . gyt (®) + V(), F(21) + 0121 (2)}, k>0, (3.149)

where ox is the indicator function [35] of set X, given by

0, € X
— b b '1
ox(2) { 400, otherwise. (3.150)

Note that the upper bound in (3.149) differs from the one described in
Subsection 3.2.1 and therefore the new iterate ;. is no longer given by
(3.12). Instead, it is generated by

Lr+1 = argmin{F(zk+1)7 F(:Bk)}, k > 0, (3151)

where
Zer1 = Thw 0y (Yrg1), Kk 2>0. (3.152)

Therefore, most properties of ;1 in Section 3.4 apply only to z;; in this
section, most notable being the descent condition, now given by

f(zk+1) S Qf_’LkJrl,ykJrl (zk+1), k Z 0. (3153)

3.5.2 Formulating Monotone ACGM

To construct an algorithm, we also need an expression for the lower bound
w1 1. Since computing 2.1 in (3.152) requires two oracle calls, we reuse
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this information to construct a lower bound based on Proposition 3 as

1

(Yet1) 113
2L} 44

g

Wyt () = RL;chlvykJrl (®) = F(z41) + k1

+<gy (yk+1),w—yk+l>+g|\w—yk+1|\%, zeR", k>0. (3.154)

k+1

As before, we construct monotone ACGM (MACGM) based on Algorithm 2,
but using the new upper and lower bounds. Therefore, the building blocks
in Algorithm 2 are as follows:

1. The upper bounds in (3.149).
2. The relaxed supporting parabola lower bounds from (3.154).
3. The Lyapunov property of the gap sequence in (2.57) .

From the the choice of upper bounds in (3.149), it follows that line 5 in
Algorithm 2 is given by (3.151) and the LSSC (line 6 in Algorithm 2) is now
(3.153).

The lower bounds in (3.154) are generalized parabolae. Consequently,
the results in Subsection 2.6.1 hold for z;.; and, following the procedure
outlined in Subsection 3.4.3, we get the estimate function curvature and
the weight update for all £ > 0 as

Ve+1 = V& + A1l (3.155)

1
Vb1 = (Yror + apg 1t (Lirr + pw) 2ee1 — g1 (Degr — f7)Yrrt) -
+

(3.156)

The descent condition in (3.153) can be equivalently expressed in terms
of composite objective values (see also (3.14) and (3.15)) as

F(Z]ﬁq) < nyLk“Tka (ZkJrl) + \I/(Zk+1), x € R". (3.157)

In Theorem 4 we have shown that if we choose x;1 = 251, we can build
a method that maintains a monotone gap sequence. However, it is possible
to choose a point . that is better than z;,; using the following result.

Theorem 5. If at iteration k > 0 we have

F(xpy1) < F(zey1) < Qf Ly s (Zes1) + ¥(2k11),

then
Apy1+ Apgr + Bryr < Ag,

where subexpressions Ay1 and By are given by (3.85) and (3.86), respec-
tively, without modification.
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Proof. As in Theorems 3 and 4, we assume that £ > 0 throughout this
proof. We define residual Rj.1(x) as

Risa(x) € F(z) - wpyi(z), @ €R", (3.158)

where wy1(x) is given by (3.154). The lower bound property of wy;(x)
means that Ry i(x) > 0 for all x € R™. Therefore

ApRpy1(zr) + apy1 Reqi () > 0. (3.159)
The terms in (3.159) can be expanded and rearranged to yield
Ap(F(xg) — F(x*)) — Agp1(F(zr41) — F(x*)) > Crya, (3.160)

where the lower bound Cj. . is given by (3.93). The form in (3.93) can be
equivalently expressed as (3.100) and we have that (3.112) holds. The
justification carries over as is from the proof of Theorem 4.

By combining (3.100) with (3.112), we obtain that

(Yr+1) + . 3k+173k+1>~ (3.161)

1
Cry1 > Ak1 + Vi1 + — < /
+1 +1 +1 ~ gL Y1

k+1 k+1
Putting together (3.160) and (3.161), rearranging terms, and applying
F(xg+1) < F(zg4+1) gives the desired result. O

Theorem 5 provides a simple sufficient condition for the monotonicity of
the gap sequence, regardless of the algorithmic state, given for all £ > 0 by
the following relations:

1
= (A .162
e P (ApVe412k + Gt 17KVE) 5 (3.162)
(Lis1 + 1) ajyy < Apg1Ve (3.163)
The latter can be written as
Q41 < 5(’7k>Ak‘7 Lk+1)’ k> 07 (3164)

where expression £ (v, Ak, Lr+1) is given by (3.118). To provide the best
convergence guarantees, as before, we enforce equality in (3.117), namely

Ap4+1 = 5(7k7Ak7Lk+1)' (3165)

Updates (3.165) and (3.151) make up C, 4, in Algorithm 2. Adding LSSC
(3.153) and vertex update (3.156) to Algorithm 2 produces monotone ACGM
in estimate sequence form, as listed in Algorithm 8.
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Algorithm 8 Monotone ACGM in estimate sequence form
MACGM(:I:Q L()7 Ao, Y05 Tws Tds ,Uf, M, K)

1: vg =X

20 = pf+ Py

3: fork=0,..., K —1do

4: IAJk;+1 = rqlg

5: loop

6 Qpy1 = m (Wc + App+ \/(Wc + App)? +4(Lgy1 — /ﬁf)Ak’ch)
7: g1 = A + Ggp1

8 Ve+1 7= Yk + Q1

9 Ykt = m(z‘lk%ﬂwk + G170k
10: 2k+1 = ProxX_i (Qk+1 — %Vf(g)kﬂ))

Lpt1 k+1

11: if f(ikJrl) < Qf,i/k+17:’gk+1 (£k+1) then
12: Break from loop
13: else
14: Lk+1 = TuLk+1
15: end if

16: end loop

170 Liy1 = Lip1, Apr1 = Api1, @1 = @1, Yot 7= 1

18 Yki1 = Ykt1, Bhtl '= Zkt1

19:  @pyq = argmin{F(zx41), F(xk)},

20: Vgt = (K + @kt (D1 + pw) 21 — @1 (D1 — Hf) Y1)

Vk+1
21: end for

3.5.3 Extrapolated Form

Monotonicity and extrapolation

In non-monotone ACGM (Algorithm 6), the auxiliary point can be obtained
from two successive main iterates through extrapolation. Interestingly,
this property is preserved for any value of the inverse step size. We show
in the following how monotonicity alters this property and bring monotone
ACGM to a form in which the auxiliary point is an extrapolation of state
variables. First, we observe that extrapolation still applies to estimate
sequence vertices.

Lemma 8. The estimate sequence vertices can be obtained from state vari-
ables by extrapolation, namely

A
Vpr1 = @p + =z — @), k>0
Ak+1
Proof. See the proof of Lemma 6, with x;; replaced by zj;. O

As in the non-monotone case, we define the vertex extrapolation fac-
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tor sequence {t;};>o as before using (3.125) which implies (3.126). The

curvature ratio is given by (3.128) as well. We set ©_; def xo and zg = xg.
We denote the coefficient of vertex vy in auxiliary point update (3.162)
by wy+1 for all £ > 0. Coefficient wy; is therefore given by

def Ak 117k
gy U G (3.166)
o ApYe+1 + Q1

Using (3.5), (3.126), and (3.128), (3.166) becomes

Yk

w _ Vet1 _ L= gry1tptn
M7 Ananin e g — 14 L — qerateer
Q41 V41
_ gtk (3.167)

(1= @rg1)tosr’

We can now update the auxiliary point extrapolation rule in Proposition 4
to the monotone case.

Proposition 6. At every iteration k > 0, the new auxiliary point yj.1 can
be obtained from the algorithm state parameters by extrapolation as

Y1 = Tk + Br(zk — 1),
where the extrapolation factor (3 is given by
B = (tk — Lz (k) )wh+1,

and 1x denotes the membership function of set X, namely

def 1, ze X
1X(I):e{o I%X

Proof. For k =0, we have zy5 = x_; = xy. Hence

Y1 =xo =29+ ﬁo(Zo — 113,1). (3.168)
For k > 1, Lemma 8 combined with the auxiliary point update in (3.162)
gives

1

Ay Ap
=——— | Apvp1xe + — 21+ | app1 v — — ) Tt | -
ApVi+1 + Qp17k ag ay,

(3.169)
Depending on the outcome of the update in line 19 of Algorithm 8 at

Yk+1

iteration k — 1, we distinguish two situations.
If F(z) < F(xg—1), then

Y1 = (L + )z — bpp—1 = @ + (2 — Tp—1), (3.170)

where, for brevity, we define extrapolation factor b, as

by (’:—: - 1) W1 (3.171)
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If F(z;) > F(xk—1) then, by monotonicity, we impose x; = x;_1, which
leads to

Yk+1 = b;czk — (b;g - l)mk,1 = o + b%(zk - ZL‘kfl), (3.172)

where the extrapolation factor b is given by
A
b, (J) Wit 1. (3.173)
ag

Expressions (3.170) and (3.172) lead to the following auxiliary point ex-
trapolation rule:

Yrt1 = Tk + Lr(zk — Tp—1), (3.174)
where
B = { b, @ =2 (3.175)
k> L = Tg—1

Aucxiliary point extrapolation factor 55 can be written as

B = (tk — Dwit1, = = 2
lpWp+1, Tk = Tp—1

= (tk - l{zk}(mk))wk+1. (3176)
O

We simplify monotone ACGM further by noting that, to produce the
auxiliary point, the extrapolation rule in Proposition 6 depends on three
vector parameters. However, it is not necessary to store both z; and x;_;
across iterations. To address applications where memory is limited, we
only maintain the difference term d;, given by

di, = (ty, — 1{zk}(cck))(zk —xp1), k> 0. (3.177)
The difference term in (3.177) simplifies Proposition 6 to
Yr+1 = Tk + Wir1dy, k>0. (3.178)

The above modifications yield a form of monotone ACGM (MACGM)
based on extrapolation, which we list in Algorithm 9.

Note that subexpression wy, 1 contains only recent information whereas
d;, needs only to access the state of the preceding iteration.

We stress that while Algorithms 8 and 9 carry out different computa-
tions, they are mathematically equivalent with respect to the main iterate
sequence {xj };>0-

Lemma 7 applies to monotone ACGM as well. Consequently, when
Y0 # Aou, the convergence guarantee can be obtained from the state
parameters.
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Algorithm 9 Monotone ACGM (MACGM) in extrapolated form
MACGM(mfh L07 A07 Y05 Tus T'ds Hf 5 W K)

1: x_1 =X
2: dp=0
3 =y + pw
4: o = (h)ﬁy%)z‘\o
5: 40 = Lot
6: for k=0,.,K —1do
7. Lgy1 =ralg
8: loop
9: ] = £
dk+1 Lyt1+pw
~ [: 2
) A A-ppategs
11: Y=z + (17@k+1)£k+1d
12: 2 1= I~ 1 9 )
3 pI‘OXﬁ\p (y Tora Vi)
13: if f(i) < Qf,ﬁﬂmﬁ(é) then
14: Break from loop
15: else
16: Lip1 = rulip
17 end if

18: end loop

190 Lpp1 o= Lig1, Gret = Qo tht = toga
200 Zpt1 = Zgtl

21:  xpyq = argmin{F(zg41), F(zg)}

220 dpp1 = (b1 — Lz, 3 (®41)) (R — )
23: end for

Border-case

When vy = Agp, (3.139) holds as is. In this border-case, Algorithm 9
can be simplified further. It follows from (3.139) that the auxiliary point
extrapolation factor is given by

b — VI + py — 1z (2k) /1
V6D +pw + 4/ '

The convergence guarantee recursion rule in (3.147) remains valid and
we also choose Ay = 1 and 79 = . To reduce computational intensity, we

k>0. (3.179)

modify subexpressions dj and wy11 as
dy, = ( /Tn F oy — l{zk}(mk)ﬁ) (zk — xp_1), k>0, (3.180)
k> 0. (3.181)

1
Wg+1 = > =
* VL1 + py + /1
This simpler form taken by border-case monotone ACGM (BMACGM) is
listed in Algorithm 10.
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Algorithm 10 Border-case Monotone ACGM (BMACGM) in extrapo-
lated form
BMACGM($0, LQ7 Ty Tdy fy 4y K)

1: x_1 =X

2: dp =0

3 p=pp+ pw

4: Ag=1

5. for k=0,..,K —1do

6: Lk+1 = Tde

7. loop

8: Jht1 = T + ———o——d

A
9: 241 = Prox_i_y (Qk+1 - %Vf(?)kﬂ))
Litq k+1

10: if f(2p41) < Qf’Lk+17ng (2k+1) then
11: Break from loop
12: else
13: Liy1 = ruLliya
14: end if

15:  end loop

16: Liyq = i/k+1

17: Zkt1 = £k+1

18: Tyl = arg min{F(zk+1), F($k)}

190 di1 = (VEIkpr + o — Loy, 3 (@) VE) (21 — @)

v Lkt1+pe
20: A == _— A
LAl V Lk+1+pw—/B k

21: end for
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4. Analysis of ACGM

4.1 Revisiting the Estimate Sequence

In Section 2.4, we have seen how the estimate sequence can be derived as a
substitute convergence guarantee and how the estimate sequence property
in (2.15) is a sufficient condition for the convergence guarantees in the
ISDUB expression (2.6).

Let the estimate sequence gap be defined as

Ty AcF(zy) —vf, k>0 (4.1)

FGM was designed in [16] to maintain the Lyapunov property of the
estimate sequence gap, stated as

Tpy1 <Tp, E>0. (4.2)

The structure of the initial estimate function in (2.11), which applies to
FGM as well, implies that 'y = 0 for any initial parameter choice and
therefore (4.2) constitutes a sufficient condition for the estimate sequence
property (2.15) in FGM.

In this section, we investigate whether (4.2) applies to any variant of
ACGM and if it can also be used to construct ACGM!. First, note that
the estimate sequence gap terms in (4.1) involve the optimal values of the
estimate functions. These values do not depend on unknown quantities
and can be updated as ACGM progresses.

Lemma 9. For all variants of ACGM, the estimate function optimal values
can be updated at every iteration k > 0 as

2
Ak+1 Aet1
Vip1 = Vg + ap1 F(xpp1) + < - ) lgr:  (yr+1)l3

2L§€+1 29,41 k1
A1k
+— (<9L’

K 2)
s Ik - + —l|vg — .
Va1 k1 (Yr+1)s Yr1 k> 9 lor — yrr1ll2

1We thank Rose Sfeir for pointing out Subsection 2.2.4 in [16].
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Proof. The derivation style proposed in [16] considerably reduces the num-
ber of calculations required to reach the solution by exploiting the fact
that the lower bounds are formulated around the auxiliary point. Since we
have used the same strategy when designing the lower bounds of ACGM,
for the sake of brevity, we construct this proof along the lines of [16]. Every
result in this proof holds for all £ > 0.

From (2.46) and (3.7), we have at point y;; that

Vi1 (Yr1) = Vg1 + Teet oyt — vk |3 = Yk (Uk1) + Gk i1 (Ye)-
(4.3)
By expanding ¢ (yr+1) in (4.3) using (2.46), we obtain an estimate function
optimal value update rule as

%
X H Ykt — Vsl + ks 1wesr (Yes)-

(4.4)
Note that all variants of ACGM introduced in this work share the same
simple lower bound expression, given by (3.80). Expanding w1 (yr+1)
using (3.80) yields

V&
Vi1 = Vi + 5 Yk — vell3 —

Viy1 = Up + k1 F(@ps) + ”ng_H (k)13

!
Yk Vk 2L (4.5)
1
+5 1Yk — vl — + ||yk+1 V13-
Combining (3.82) and (3.83) gives

Ykt1 — Vg4l = T ——(Yr41 — vr) + 79L’ (Yrt1)- (4.6)

Vi+1 Vi1 kL

The simple expression in (4.6) leads to
’Yk+1 2 k+1 2

lyir = onallz = 52 " lowy ,, (el

Tt 4.7

Ap+17k
VE+1

We substitute (4.7) in (4.5) and use (3.82) to get the desired result. O

2
— e — 2
<ng+1 (Yr+1), Yr41 Uk> + vt lyrs1 — i) I

Given the generality of Lemma 9, in the remainder of this section we
will use the term ACGM to denote all variants of ACGM introduced in this
work, collectively.

Theorem 6. In ACGM, if at iteration k > 0 the descent condition for f in
(3.15) holds, then

(Yr+1)5 Sk+1> < Ty,

k+1

1
Trp1 + Aprr + o <gL'

where subexpression Aj.1 and s, are given by (3.85) and (3.87), respec-
tively, without modification.
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Proof. Using (3.5), (4.1), and Lemma 9 we obtain

(w113

2
- - 41 At1
T =-T Ap(F — /
k1 K+ Ap(F(zg) — F(xp41)) + (QL;chl 2%+1> gz,

+

%1“ (<9L;C+1(yk+1)7 g1 Ve (Yrt1 — vk)> + 5”% - yk+1||§) » k>0

(4.8)
Since the descent condition in (3.15) is satisfied, then Proposition 3 holds
and, by multiplying both sides of the inequality in Proposition 3 at x; with
non-negative quantity Ay, we have that

Ap
Ap(F (k) = F(xpe1)) 2 TN |\9Lk+1(yk+1)|\§
(4.9)
A
(g, () Ax(@r = yrn) ) + 0 Jae — ysalf k20,
Adding together (4.8) and (4.9) yields
1
i1 2 —Tp 4+ Apsr + — <ng+1(yk+1): Sk+1>
Tk (4.10)

+2L (Axvirillee — yrrrl3 + a1 vellok — yealI3) . k> 0.

Vk+1

The square terms ||z; — yx11//3 and ||vy, — yi1]|3 in (4.10) are non-negative
and can be left out. O

Theorem 6 provides a means of satisfying the Lyapunov property of the
estimate sequence in (4.2) for any algorithmic state of ACGM. Namely, for
the same reasons outlined in Chapter 3, we need to ensure that A, >0
and si+1 = 0. These two conditions are identical to the ones we have
derived from Theorems 4 and 5.

This observation has two implications. First, the original estimate se-
quence property in (2.15) holds for ACGM, regardless of the algorithmic
state. Second, ACGM can be derived using the non-augmented estimate
sequence. Thus, in the context of ACGM, the estimate sequence and the
augmented estimate sequence can be used interchangeably. Each approach
comes with its own advantages. The numerical value of the estimate se-
quence gap in (4.1) can be computed at every iteration. On the other hand,
the gap sequence that results from the augmented estimate sequence has
a simple closed form expression and effectively bridges the concepts of
estimate sequence and Lyapunov functions. Moreover, the gap sequence
terms in (2.55) contain both an image space term and a domain space term,
whereas the estimate sequence gap in (4.1) is an image space only term.
This special structure of the gap sequence can be used, for instance, to
study the convergence of the iterates (see [26]).

We leave a detailed comparison of the two approaches, along with their
wider implications, as a topic for future research.
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4.2 Worst-case Convergence Guarantees

Regardless of whether we use the estimate sequence or the augmented
estimate sequence, every variant of ACGM introduced in this work adheres
to the design pattern in Algorithm 2, with the iterates obeying the ISDUB
expression in (2.6). As such, the state variable Ay, whether maintained
explicitly or derived from other state parameters, gives the convergence
guarantee at the beginning of iteration & > 0. Note that non-strongly
convex ACGM is a particular case of ACGM for arbitrary strong convexity
and the convergence guarantees of non-monotone ACGM are identical to
those of monotone ACGM by virtue of Theorem 4. Thus, the results in this
section, as in Section 4.1, apply to all versions of ACGM, unless stated
otherwise.

At every iteration k£ > 0, the larger the LCE L;, 4, the slower the algo-
rithm. Therefore, we need to establish an upper bound for L;; that would
enable us to formulate worst-case convergence guarantees.

Lemma 10. At every iteration k > 0 of ACGM, the LCE is upper bounded
as
Lk’+1 S Lu7

where the worst-case Lipschitz constant estimate L, is given by

L, def max{ryLys,rqLlo}.
Proof. Let k denote the number of consecutive iterations, starting at k = 0,
for which no backtracks occur. Note that the value of k can be zero. We
have that

Ly =rkLy, 0<k<k. (4.11)

Therefore
L =" Ly <rgLly, 0<k<k-—1. (4.12)

The definition of k implies that the first candidate L;_, , will fail the LSSC.
ACGM will backtrack until it outputs an estimate L; , such that L, /ry
fails and L; | passes. Hence, L,;,H/ru < Ly, which implies that

Ly <ruly. (4.13)
We prove by induction that
Liy1 <ruLlgp, k>k. (4.14)

First, (4.13) shows that (4.14) holds for k¥ = k. Next, we assume (4.14)
holds for a certain k > k and show that (4.14) applies to k + 1 as well. At
iteration &, we distinguish two scenarios. If no backtrack occurs, then we
have

Ly =rqly < L < ’I“uLf. (4.15)
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If one or more backtracks occur, following the same reasoning as in itera-
tion k, we have that
Liq1/ra < Ly. (4.16)

Thus, (4.14) is valid. Combining (4.12) with (4.14) gives
Li1 < max{r,Ls,rqLo}, k>0. (4.17)
O

For our analysis, we will also need to define the worst-case local inverse
condition number ¢,, given by

def 1%
w = ——. (4.18)
1 Lu + tw

Using Lemma 10 and (4.18), we can state the worst-case convergence
guarantees of ACGM.

Theorem 7. If vy > Aop, ACGM generates a sequence {xy}>1 that satisfies

X . 4 _ _
F(ay) — F(z") Smin{ 5. (1= v/a)" ' ¢ (Lu = py) Do, k21,
(k+1)
where the normalized gap term A, is given by

~ def A0 AO 1 2
Ay = — = —(F(xo) — F(z*)) + =||xo — =*|5.
0= 7, 70( (zo) — F(x)) + 5 llo 12

Proof. The curvature v; can be lower bounded based on (3.84) as
e =70 + u(Ar — Ao) =270, k=0. (4.19)

This bound is accurate when p = 0 or the inverse condition number is
negligibly low, namely ¢ <« 1/K, where K > 1 is the total number of
iterations performed by ACGM (see Section 3.1).

From (3.5), (3.120), and (4.19) we have that

Apr1 = Ap + E(vy Ag, Liy1)

2
Y0 % Ao
> Ak + + + , k>0,
2(Lit1 — if) ¢ A(Li1 — pp)? " (L — if)

(4.20)

Regardless of the outcome of individual line-search calls, Lemma 10
guarantees that

2 A
Ak-+1 > Ay + Yo +\/ 0 + k70

2(Ly — py) 4(Ly —pg)?  (Lu—pp)

Ap(Lu —
= A+ —2 (;+ i+’“(““f)>, k>0, (4.21)

Y0
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To simplify the derivation, we define the scaled convergence guarantee A,

as
r €; A Lu -
A, e A= py) s (4.22)
Yo

Using (4.22) in (4.21), we obtain

~ -1 .
Apt1 > A + 3 + 1 + Ag, k>0. (4.23)

We show by induction that

k>1. (4.24)
First, for k = 1, Ay > 0 in (4.23) implies that

- - 1 /1 . 1 1 (1+1)?
> _ — > _ = = . .
Al_A0+2+ 4+A0_2+\/; 1 1 (4.25)

Next, we show that if (4.24) holds for a certain k > 1 then it does for & + 1
as well.

. | 1 - (k+1)? 1 1 (k+1)2
Ay > Ap+ =+ 4/~ + 4, > Y
e R VR S A R

1 1
>1(l~c2+2k+1+2+2\/(k+1)2> = (K + 4k + 5)

2
5 k+27 (4.26)
4
Combining ISDUB expression (2.6) with (4.24) yields
4 _
— N< — > 1. .
F(zy) — F(z*) < 0t 1)2(Lu pr)lo, k>1 (4.27)
We have from (3.115) and assumption 79 > Aoy that
A1 _ Vh+1 _ (0 = Aop) + Appape > Gent
Al Lk + pw) A (L1 + pw)Aen — 0
which, combined with ¢, > 0, implies that
Apt1 1
> , k>0. (4.29)
Ay, vV1—qu

This bound is meaningful in tracking the progress of ACGM only when
@ > 0 and ¢ is of a magnitude comparable to that of 1/K. Under such
conditions, we can obtain a simple lower bound on A; by using Ay > 0 in
(3.120) in the form of

%+ V% 70
A=A Ao, L1) > > . 4.30
1= Ao + E(v0, Ao, 1)_2(131*#1‘) S — (4.30)
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By iterating (4.29) starting at (4.30), we obtain

"0
, k>0. (4.31)
Lu - ,uf)(l - @)k

Substituting (4.31) in the ISDUB expression (2.6) yields

Apg1 > (

F(zg) — F(x*) < (1 — @) YLy — py)Ao, k> 1. (4.32)
The desired result is the combination of (4.27) and (4.32). O

Note that the assumption vy > Agu always holds for non-strongly convex
objectives and that ACGM is guaranteed to converge for strongly convex
objectives also when 7y < Agu (see Subsection 3.4.3). However, in the latter
case, it is more difficult to obtain simple lower bounds on the convergence
guarantees. We leave such an endeavor to future research.

4.3 Wall-clock Time Units

So far, we have measured the theoretical performance of algorithms in
terms of convergence guarantees (including the worst-case ones) indexed in
iterations. This does not account for the complexity of individual iterations.
From now on, we distinguish between two types of convergence guarantees.
One is the aforementioned iteration convergence guarantee and a new
computational convergence guarantee, introduced in the sequel.

In the literature, the prevailing indexing strategies for objective values
used in measuring the convergence rate are based on either iterations
(e.g., [6,17-19]), running time in a particular computing environment
(e.g., [6,19]), or the number of calls to a low-level routine that dominates
all others in complexity (e.g., [17,36]). The first approach, which we have
also used in the derivation of ACGM, cannot cope with the diversity of
methods studied. For example, when no backtracks occur, AMGS makes
two calls to V f(z) per iteration whereas FISTA makes only one. The latter
two approaches do not generalize to the entire problem class. Running time,
in particular, is highly sensitive to system architecture and implementation
details. For instance, inadequate cache utilization can increase running
time by at least an order of magnitude [37].

Optimization algorithms must also take into account the constraints
determined by computer hardware technology, especially the limitation
on microprocessor frequency imposed by power consumption and gener-
ated heat [37]. This restriction, along with the increase in magnitude
of large-scale problems, has rendered serial machines unsuitable for the
computation of large-scale oracle functions. Therefore, large-scale opti-
mization algorithms need to be executed on parallel systems. To account
for parallelism, we extend the oracle model by introducing the following
abstraction. We assume that each oracle function call is processed by a
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dedicated parallel processing unit (PPU). A PPU may be itself a collection
processors. While we do not set a limit on the number of processors a single
PPU may have?, we do assume that all PPUs are identical. For instance,
a PPU may be a single central processing unit (CPU) core or a collection
of graphics processing unit (GPU) cores. Since the exact implementation
of the oracle functions need not be known to the optimization algorithm,
the manner in which processors within a PPU are utilized need not be
known as well. However, on a higher level of abstraction, we are able to
explicitly execute an unlimited number of oracle functions simultaneously,
as long as there are no race conditions. The computing system is further
assumed to be uniform memory access (UMA) [37] and to be able to store
the arguments and the results of oracle calls in memory for as long as they
are needed.

Thus, the computational convergence rate is given by the objective dis-
tance decrease rate indexed in WTU, when the optimization algorithm is
executed on the aforementioned shared memory parallel system.

4.3.1 Standard WTU

To account for the broadness of the problem class, wherein oracle functions
may or may not be separable® and their relative cost may vary, we impose
that the complexity of computing f(x) is comparable to that of V f(x) [23].
We denote the amount of wall-clock time required to evaluate f(x) or
V f(x) by 1 wall-clock time unit (WTU). In many applications, the two calls
share subexpressions. However, for a given value of z, f(x) and V f(x) are
computed simultaneously on separate PPUs, which merely reduces the
cost of a WTU without violating the oracle model. Because we are dealing
with large-scale problems and ¥ is assumed to be simple, we attribute
a cost of 0 WTU to ¥(x) and prox_g(z) calls as well as to element-wise
vector operations, including scalar-vector multiplications, vector additions,
and inner products [4].

Non-monotone ACGM
In the following, we analyze the resource usage and runtime behavior
of FGM, AMGS, FISTA, FISTA-CP, and non-monotone ACGM under the
above assumptions. We will argue in Section 4.4 why we do not need to
consider other methods applicable to composite problems.

FGM and FISTA-CP compute at every iteration £ > 0 the gradient at
the auxiliary point (V f(yx+1)) but lack an explicit line-search scheme. The
per-iteration cost of these methods is therefore always 1 WTU.

2In practice, the limit on the number of execution threads is imposed by the
communication and synchronization overhead, which varies widely between im-
plementations.

3For instance, a single matrix-vector multiplication is separable (with respect to
individual scalar operations) whereas a chain of such multiplications is not.
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For methods that employ line-search, backtracks stall the algorithm in
a way that cannot be alleviated by parallelization or intensity reduction.
Therefore, it is desirable to reduce their frequency. Assuming that the local
curvature of f varies around a fixed value, the likelihood of a backtrack
occurring is given by —log(r4)/ log(ry,). Therefore, log(r,) should be signifi-
cantly larger than —log(r;). With such a parameter choice, the algorithm
can proceed from one iteration to another by speculating that backtracks
do not occur at all. This technique is referred to in the literature as spec-
ulative execution [37] whereby the validation phase of the search takes
place in parallel with the advancement phase of the next iteration. When a
backtrack occurs, function and gradient values of points that change have
to be recomputed, stalling the entire multi-threaded system accordingly. It
follows that additional backtracks have the same cost.

AMGS requires at iteration k calls to both V f(yx+1) and V f(xx41). The
iterate @y can only be computed after V f(yy1) completes and the next
auxiliary point yy2 requires V f(xx1). Hence, an iteration without back-
tracks entails 2 WTU. A backtrack at iteration k involves the recalculation
of V f(yx+1), followed by V f (1), which means that each backtrack also
costs 2 WTU.

FISTA advances using one V f(yy+1) call. The values of f(yx4+1) and
f(xg+1) are only needed to validate the LCE. The f(yg+1) call can be
performed in parallel with V f(yj11) but the calculation of zj; utilizes
V f(yr+1)- The backtracking strategy of FISTA does not require the recalcu-
lation of y;; and its oracle values. However, the need for a backtrack can
only be asserted after the completion of f(x;,1). Therefore, an iteration
without backtracks of FISTA entails 1 WTU, with each backtrack adding
1 WTTU to the cost.

The ability of ACGM to decrease the LCE necessitates the recalculation
of yx.11, in addition to the delay in the backtrack condition assessment. As
a result, non-monotone ACGM has an iteration base cost of 1 WTU and a
2 WTU backtrack cost. The Algorithms 5, 6, and 7 forms of ACGM (along
with particular cases Algorithms 3 and 4, respectively) are identical with
respect to WTU usage.

The iteration costs of AMGS, FISTA, and non-monotone ACGM are
summarized in Table 4.1. Note that, with properly tuned parameters,
as explained above, iterations without backtracks are by far the most
common. Hence, the backtrack costs have a negligible impact on algorithm
performance.

Interestingly, when using standard WTU, the above algorithms need at
most three concurrent high-level computation threads (PPUs) to operate.
The assignment of different computations to different PPUs at every time
unit, along with the iterations these computations are part of, are detailed
in Table 4.2 for an iteration k£ > 1 without backtracks and in Table 4.3 for
an iteration where a single backtrack occurs. The behavior of subsequent
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Table 4.1. Per iteration cost in WTU of line-search methods AMGS, FISTA, and non-

monotone ACGM
Iteration phase AMGS FISTA ACGM
Iteration without backtrack 2 1 1
Each backtrack 2 1 2

backtracks follows closely the pattern shown in Table 4.3.

Table 4.2. Resource allocation and runtime behavior of parallel black-box FGM, FISTA-CP,
AMGS, FISTA, and non-monotone ACGM when no backtracks occur (iteration

k > 1 starts at time T)

Method  WTU PPU 1 PPU 2 PPU 3
Comp. Iter. Comp. Iter. Comp. Iter.
FGM T Vf(yg+1) k Idle Idle
T+1 Vf(ypr2) k+1 Idle Idle
FISTA-CP T Vf(yrs1) k Idle Idle
T+1 Vf(ypr2) k+1 Idle Idle
AMGS T Vi (ygs1) k Idle Idle
T+1 Vf(xgsi1) k Idle Idle
T+2 Vf(ypso) k+1 Idle Idle
FISTA T Vi) k  flye) k flxy) k-1
T+1 Vf(yr+2) k+1 f(yrt2) k+1  f(xp) k
T+2 Vf(yris) k+2 flyess) k+2 f(zp2) k+1
ACGM T Vi) k  flye) k fler) k-1
T+1 Vf(yrs2) k+1 flypre) k+1  f(zrer) k
T+2 Vf(yrrs) k+2 flypss) k+2 f(zppo) k+1
Monotone ACGM

We define an overshoot of monotone ACGM at iteration k£ > 0 as the event
in which the new iterate has a larger objective value than the previous
one, i.e., the monotone condition (MC), given by F(xy4+1) < F(xy), fails. We
assume that overshoots occur even less frequently than backtracks. Simi-
larly, the algorithm can proceed by speculating that the MC always passes
and defaults to x;,1 = z;41. The monotone condition can be computed at
the same time as the LSSC and does not incur additional computation.
Therefore, the MC and the LSSC can be fused into a single condition. If the
LSSC fails, the MC is not evaluated. This leaves three possible outcomes,

outlined in Table 4.4.
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Table 4.3. Resource allocation and runtime behavior of parallel black-box AMGS, FISTA,
and non-monotone ACGM when a single backtrack occurs (iteration k& > 1 starts

at time T)
Method WTU PPU 1 PPU 2 PPU 3
Comp. Iter. Comp. Iter. Comp. Iter.
AMGS T V f(ygs1) k Idle Idle
T+1 Vf(xgpi) k Idle Idle
T+2 Vf(yrs1) k Idle Idle
T+3 Vf(xr) k Idle Idle
T+4 Vf(yrr2) k+1 Idle Idle
FISTA T Vi) k flw) k  fl@) k-1
T+1 Vf(yes2) k+1 flyri2) k+1 f(@pg) k
T+2 Vf(yrt2) k+1 flyrs2) k+1  f(zpi1) k
T+3 Vf(yrrs) k+2 f(yres) k+2 f(zgeo) k+1
ACGM T Vf(ykr1) k  flyes) Kk flxe) k-1
T+1 Vf(ykr2) k+1 flyp2) k+1  f(zpa) k
T+2 Vf(yer1) k  flye) Kk Idle
T+3 Vf(yrs2) k+1 [flyrs2) k+1 flzea) k
T+4 Idle Idle f(xpso) k+1

Table 4.4. Additional cost in WTU incurred by the fused LSSC / MC condition in MACGM

MC passed MC failed

LSSC passed 0 1
LSSC failed 2 N/A

4.3.2 Generalized WTU

In order to compare algorithms based on a unified benchmark, we have as-
sumed in Subsection 4.3.1 that f(x) and V f(x) require 1 WTU each while
all other operations are negligible and amount to 0 WTU. In this section,
we generalize the analysis. We attribute finite non-negative costs ¢y, ¢, ty,
and t, to f(x), Vf(x), ¥(x), and prox, y(x), respectively. However, since
we are dealing with large-scale problems, we maintain the assumption that
element-wise vector operations have negligible complexity when compared
to oracle functions and assign a cost of 0 WTU to each. Synchronization
of PPUs also incurs no cost. Consequently, when computed in isolation,
an objective function value F'(x) call costs tp = max{t;,ty}, ascribable to
separability, while a proximal gradient operation costs ¢t = t, + ¢,, due to
computational dependencies.
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Non-monotone ACGM
The advancement phase of an ACGM iteration consists of one proximal
gradient step. Hence, every iteration has a base cost of t1 = t; + t,,.

If the LSSC of iteration & > 0 fails, then the algorithm discards all
the state information pertaining to all iterations made after k, reverts
to iteration k, and performs the necessary computations to correct the
error. We consider that a mis-prediction incurs a detection cost t555¢ and
a correction cost tL55¢. The LSSC requires the evaluation of f(z;.;) and
incurs a detection cost of t155¢ = ¢,. A backtrack entails recomputing vy 1,
yielding a LSSC correction time of tZ55C = t;. Thus, for non-monotone
ACGM, each backtrack adds t; + t7 WTU to a base iteration cost of t7. A
comparison to other methods employing line-search is shown in Table 4.5.

Table 4.5. Per-iteration cost of FISTA, AMGS, and non-monotone ACGM

FISTA AMGS ACGM

Base cost tg+1tp 2tg+2t, tg+tp
1> ty ty ty
tg55¢ tp tg+tp tg+ 1

Backtrack cost t;+1t, 2t,+t, t;+t,+t,

Monotone ACGM

The LSSC and the MC can be evaluated in parallel with subsequent
iterations. Both rely on the computation of f(zy41), which in the worst
case requires [t;/tr| dedicated PPUs. In addition, the MC may need up to
[t\p/tTW PPUs.

Monotone ACGM proceeds speculating that the MC always passes. Hence,
the MC has )¢ = tr, due to its dependency on ¥(zj1), but once the
algorithmic state of iteration k has been restored, no additional oracle calls
are needed, leading to tM° = 0. The possible outcomes of the fused LSSC /
MC condition and their cost in generalized WTU are listed in Table 4.6.

Table 4.6. Monotone ACGM stall time in generalized WTU based on the outcome of the
fused LSSC / MC condition

MC passed MC failed

LSSC passed 0 max{ts,ty}
LSSC failed ¢y +1t,+ 1, N/A
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4.4 ACGM among its Class of Algorithms

4.4.1 Uniting Nesterov’s FGM and FISTA

Due to its generality, ACGM is able to incorporate, as particular instances,
both FGM and FISTA, in their most common forms.

ACGM, when formulated using extrapolation (in particular, the versions
listed in Algorithms 4, 6, 7, and 9), encompasses several variants of FISTA.
Specifically, non-monotone ACGM (Algorithm 6) without the line-search
procedure, where

L = Lf, k>0, (4.33)

produces the same iterates as FISTA-CP [6] with the theoretically optimal
step size

JmstA-cp _ 1 (4.34)

Ly

Monotone ACGM (Algorithm 9) without line search is equivalent to the
monotone variant of FISTA-CP with the optimal step size in (4.34). For
a special subclass of composite problems with non-strongly convex reg-
ularizers (uy = 0 and p = py > 0), border-case non-monotone ACGM
(Algorithm 7) with line-search matches the scAPG method introduced
in [21].

In the non-strongly convex case, Algorithm 4 without line-search co-
incides with the original formulation of constant step size FISTA in [5].
Adding monotonicity (Algorithm 9 with y = py = pg = 0 and fixed step
size) yields monotone FISTA (MFISTA) in [22]. Also for u© = 0, ACGM
with line-search (Algorithm 4) is a generalization (whereby A, need not
be zero) of the robust FISTA-like method described in [38] which in turn
constitutes a simplification of a recently introduced line-search extension
of FISTA [39].

When dealing with differentiable objectives, we can assume without loss
of generality that

U(x)=0, xecR" (4.35)
In this context, non-monotone ACGM in estimate sequence form (Algo-
rithm 5) without line search has the local upper bounds given by Q; 1., 4, ., (x)
at every iteration k£ > 0. By substituting these local upper bound functions
with any functions w41 (z) that produce iterates satisfying the descent
condition, which means in this context that

argminug1(x) < argmin Qy. 1., 4., ()
zcR™ xcR”

1
= fwern) = g 19/ el (4.36)

where xj 1 is given by line 4 of Algorithm 1, we obtain the “general scheme
of optimal method” in [16]. Note that under the assumption in (4.33), (4.36)
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is satisfied not only by the upper bounds (3.8) of non-monotone ACGM in
Algorithm 5, but also by the upper bounds in (3.149) of monotone ACGM
in Algorithm 8. The correspondence between Nesterov’s notation in [16]
and ours is, for all £ > 0, given by:

FGM ACGM
k =Yk+1 > (4.37)
ACGM

QFGM _ Terl _ 1
k ~ AACGM — ;ACGM’
k+1 k+1

Y

(4.38)

ACGM
IEGM _

= Jar (4.39)

The remaining state parameters are identical. Note that if A3¢“M = 0 in
(4.38), then parameter of “M is undefined. With assumption

ASCEM > 0, (4.40)

non-monotone ACGM (Algorithm 5) is in fact identical to “constant step
scheme I” in [16]. Similarly, the extrapolated form of fixed-step non-
monotone ACGM (Algorithm 6) under (4.40) corresponds exactly to the
“constant step scheme II” in [16]. Fixed-step border-case non-monotone
ACGM (Algorithm 7), which imposes (4.40) by design, is in turn identical
to the “constant step scheme III” in [16].

The FGM variant in [24] is a particular case of ACGM in Algorithm 5
(with line-search) when the objective is non-strongly convex (1 = 0) and
the step size search parameters are set to 72°“M = 2 and r3“M = 0.5.
The notation correspondence is as follows:

FGM ACGM FGM _ , ACGM
Tit1i = Lht1 s Yki = Ykt

7 EEM — GACGM g Ly = jACGM
(4.41)
The remaining parameters are identical.

Thus, ACGM effectively encompasses FGM [16], with its recently intro-
duced variant [24], as well as the original FISTA [5], including its adaptive
step-size variants [38,39], the monotone version MFISTA [22], the strongly
convex extension FISTA-CP (including the monotone variant) [6], and the
line-search extension restricted to strongly convex objectives scAPG [21].
A summary of how the above first-order methods relate to generalized
ACGM is given in Table 4.7.

4.4.2 Standard WTU Worst-case Analysis

The introduction of standard WTU allows us to compare the computational
convergence guarantees of ACGM with those of the state-of-the art methods
applicable to the composite problem class: FGM, FISTA, FISTA-CP, scAPG,
AMGS, MOS, and AA. In Subsection 4.4.1, we have seen that FGM, FISTA,
FISTA-CP, and scAPG correspond to particular cases of ACGM, applicable
to a subset of composite problem class and imposing particular restrictions
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Table 4.7. FGM and FISTA, along with their common variants, can be considered instances
of generalized ACGM with certain restrictions applied.

Algorithm Restriction
@
. c\;\q A1° 0
o N 0 s o
o0 = Q Q = 7 . e& 0—10
S W T W Ao Ao wF o

FGM [16] yes no no no yes yes yes
FGM [24] yes yes no unclear unclear no yes
FISTA [5] no yes no yes no partial yes
MFISTA [22] no yes no yes no yes no
scAPG [21] no no yes no yes no yes
FISTA-CP [6] no no no no no yes no

on the input parameters of ACGM. Hence, we limit our comparison to
ACGM, MOS, AMGS, and AA.

Not all aforementioned methods are endowed with line search and, to
be able to perform a comparison, we restrict our analysis to the composite
problem class with L; known in advance. Therefore, we study ACGM
and AMGS without line-search. This setup no longer has to assume a
particular parallel implementation, such as the one employing specula-
tive execution. Therefore, the results in this section are of fundamental
theoretical importance.

In the non-strongly convex case, the convergence guarantees are, respec-
tively, given for all £ > 1 by

1o (k+1)?2 0 (i41)2
AACGM _ JACGM > ( = , (4.42)
4Ly 4Ly
ANOS _ o 5 K2 i (4.43)
’ - 4Lf 4Lf/
AAMGS _ 4AMGS LQ = i (4.44)
k 5 T 2Ly 8Ly '
AA AA k? 2
ABA = gA (4.45)

5 T 4L;  16L;

where ¢ gives the number of WTU required by the first k iterations. It
trivially follows that

ACGM MOS AA
ARCGM_ AMOS A

2 g2 i2 iz’

AMGS
Ai

i>2. (4.46)
In the strongly convex case, let g be the inverse condition number of the
objective function, defined as

def 12
= —. 4.47
q L+ e ( )

We assume that ¢ < 1 since for ¢ = 1 the optimization problem can be solved
exactly, using only one proximal gradient step. When employing AMGS,
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Nesterov suggests in [17] either to transfer all strong convexity from f to ¥,

or to restart the algorithm at regular intervals?. Both enhancements have
the same effect on the convergence guarantee, which can be expressed as

AAMGS _ JAMGS 5 CAMGS (BAMGS)i (4.48)
32 - ’ :
where BAMGS ig a base signifying the asymptotic convergence rate, given

by
2 2
BAMGS def (1+ L) = <1+ A > , (4.49)
2Ly — py) 2(1 —q)

CAMGS

and is a proportionality constant.
For ACGM, MOS, and AA, we have

ABCGM _ JACGM  ACGM ( BACGM)Z" (4.50)
Al\IOS AMOS > CMOS (BMOS) , (451)
A — gAA 5 AN (BAA> 7 (4.52)
2
where
1
BACGM def , (4.53)
G
pMos def (1,1 : (4.54)
2 1 '
1/ q
BAA def 2 4.55
ST ( )
Assumption 0 < ¢ < 1 implies that
BACGM | pMOS | pAMGS | pAA (4.56)

A quantitative comparison of the rates can be found in Figure 4.1. The
inverse rates are compared for every possible value of ¢ in Figure 4.1(a)
whereas the rates are compared directly in Figure 4.1(b) for the range of ¢
found in the vast majority of practical applications.

It can be clearly discerned from (4.46), (4.56), and Figure 4.1 that ACGM
is asymptotically more efficient than MOS, AMGS, and AA, in that order.
AMGS is considerably slower than ACGM due to its computationally ex-
pensive line-search procedure. By removing line-search, MOS achieves a
rate similar to ACGM in the non-strongly convex case and a lower rate
(yet comparable when ¢ < 1) for strongly-convex objectives. This, however,
comes at the expense of reduced functionality. The heuristic search of
AA incurs an extra 1 WTU per iteration without provably advancing the
algorithm, explaining why AA has the worst guarantees of the methods
studied.

4These suggestions are made in the context of smooth constrained optimization
but also apply to composite problems.
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Figure 4.1. Asymptotic rates of ACGM, MOS, AMGS, and AA

4.4.3 Theoretical Superiority of ACGM

Subsection 4.4.1 argues that ACGM can be considered an “umbrella”
method among large-scale first-order schemes. However, ACGM is more
than a generalizing framework and actually surpasses constituent FGM,
FISTA, FISTA-CP, and scAPG as well as the methods in the AMGS family.
For FGM and FISTA, this occurs even on the more restricted problem
classes they were designed to address.

For instance, the line-search procedure of ACGM is superior to that of
FISTA on non-strongly convex composite problems. FISTA’s line-search
suffers from two drawbacks: the parameter ¢£'ST4 update is oblivious to the
change in local curvature and the LCEs cannot decrease. Hence, if the ini-
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tial guess L is erroneously large, FISTA will slow down considerably (this
behavior will be illustrated on a simulation example in Subsection 5.1.1).
We formally express the advantages of ACGM’s line-search over that of
FISTA in the following proposition.

Proposition 7. In the non-strongly convex case (. = 0), under identical
local curvature conditions, when r2°M = ¢FISTAS ACGM has superior
theoretical convergence guarantees to FISTA, namely

A?CGM > AEISTA, k> 0.

Proof. With judicious use of parameters r, and r4, the average WTU cost

of an iteration of ACGM can be adjusted to equal that of FISTA (also

evidenced in Subsection 5.1.1). Consequently, it is adequate to compare the

convergence guarantees of the two algorithms when indexed in iterations.
Combining (3.46) and (3.48), we obtain

ACGM _ 7ACGM [, ACGM\2 _ L ACGM 4ACGM
A = L (e ™) = DLACGN (1 + \/1 + AL AL
11
2
= < AICGM + AICG it AQCGM) : (4.57)
4Lk+1 4Lk+1 M

Replacing (3.66) in non-monotone ACGM for non-strongly convex objectives
in extrapolated form (Algorithm 4) with

L+ /144t 5TA)2

(FISTA _
k1 = D) )

k>0, (4.58)

results in an algorithm that produces identical iterates to FISTA.

The convergence analysis of ACGM can be used to show that definition
(3.57) is valid for FISTA as well. Combining (3.57) with (4.58) produces
the corresponding accumulated weight for FISTA as

FISTA LFISTA FISTA ’
+ + A . 4.59
k+1 4L£E1TA 4L££rSITA LEErSITA ¥ ( )

Both methods start with the same state, including A}“%M = AFSTA = 0,
The line-search procedure of ACGM is guaranteed to produce Lipschitz
constant estimates no greater than those of FISTA for the same local curva-
ture, i.e., LpCGM < LFISTA 'f; > (. FISTA, by design, can only accommodate
an LCE increase, namely LfSTA < LI1STA 'k > 0. Thus, regardless of the
fluctuation in the local curvature of f, we have that

ADCGM 5 gFISTA o > (4.60)

O
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The ability to dynamically and frequently adjust to the local Lipschitz
constant gives ACGM an advantage over FISTA-CP, even when an accurate
estimate of the Lipschitz constant is available beforehand (also argued
using simulations in Subsection 5.1.2). Considering that backtracks rarely
occur, the per-iteration complexity of ACGM, both in the non-strongly and
strongly convex cases (1 > 0), approaches that of FISTA and FISTA-CP
(see Table 4.1) and the absolute minimum of 1 WTU per iteration. The
scAPG method is an instance of border-case ACGM that features fully
adaptive line-search and has a per-iteration complexity that matches the
one of ACGM. However, scAPG is guaranteed to converge only when iy > 0
and x is feasible, and the restriction vy = Agu renders it less flexible
than ACGM. This parameter choice generally has a negative impact on
performance, as argued in Subsection 5.2.3.

AMGS has better iteration convergence guarantees than ACGM and is
also equipped with a fully adaptive line-search procedure. However, its
high per-iteration cost is almost twice that of ACGM. Consequently, ACGM
surpasses AMGS in terms of computational convergence guarantees on
non-strongly convex problems and actually has a better asymptotic rate on
strongly convex objectives (see Subsection 4.4.2).

MOS can be considered a variant of AMGS with the per-iteration com-
plexity of FISTA-CP. Nevertheless, MOS is slightly slower than FISTA-CP.
This is proven theoretically in Subsection 4.4.2 and a practical confirma-
tion can be found in Subsection 5.1.2. Therefore, ACGM outperforms MOS
by a larger margin than FISTA-CP. AA is a variant of MOS that features
an estimate sequence based acceleration heuristic which can be considered
to be a form of line-search. However, AA requires that an overestimate
of the Lipschitz constant be known beforehand. Unlike FISTA, where an
overestimate slows down the algorithm, an underestimate in AA leads to
outright divergence. Moreover, the per-iteration complexity of AA is equal
to that of AMGS, that combined with an iteration convergence guarantee
lower than that of FISTA-CP gives it the lowest computational convergence
guarantee among the AMGS family of methods (see Subsection 4.4.2).

Table 4.8 contains a detailed feature comparison between large-scale
first-order methods. The combination of capabilities displayed by ACGM,
as outlined in Table 4.8, is unique among this class of algorithms and
accounts for ACGM’s superiority.
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Table 4.8. Features of black-box first-order methods applicable to large-scale composite

problems
Algorithm Feature
76
Q N N
@ G 3
x> N 7 x§
} x“o & Q&Q* &
& & ¥ ek’ D
& O & S &@ @
o@ ‘b{b' q,\ ,g* o
& & & <& o’ &
e N o~ N o~ N
Proximal point yes no no yes no yes
FGM [16] no no yes yes yes no
FGM [24] no yes yes no no no
FISTA [5] yes partial yes no no no
MFISTA [22] yes no yes no no yes
scAPG [21] partial yes no yes yes no
FISTA-CP [6] yes no yes yes yes yes
AMGS [17] yes yes yes yes no no
MOS [20] yes no yes yes almost no
AA[20] yes partial yes yes no no
ACGM yes yes yes yes yes yes
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5.1 Non-monotone ACGM Benchmark

In this section we test non-monotone ACGM against the state-of-the-art
methods on a typical non-strongly convex inverse problem in Subsec-
tion 5.1.1 whereas in Subsection 5.1.2 we focus on a strongly convex
machine learning problem. Both applications feature /;-norm regular-
ization [40]. They have been chosen due to their popularity and simplic-
ity. While effective approaches that exploit additional problem structure,
such as sparsity of optimal points, have been proposed in the literature
(e.g. [10-13]), we consider the applications studied in this section as rep-
resentative of a broader class of problems for which the above specialized
methodologies may not apply.

5.1.1 [;-regularized Image Deblurring

To better compare the capabilities of ACGM (Algorithm 4) to those of
FISTA, we choose the very problem FISTA was introduced to solve, namely
the [;-regularized deblurring of images. For ease and accuracy of bench-
marking, we have adopted the experimental setup from Section 5.1 in [5].
Here, the composite objective function is given by

flx) =||Az —bl3,  ¥(z) =Nz, (5.1)

where A = RW. The linear operator R is a Gaussian blur with standard
deviation 4.0 and a 9 x 9 pixel kernel, applied using reflexive boundary con-
ditions [41]. The linear operator W is the inverse three-stage Haar wavelet
transform. The digital image x € R"1*"2 has dimensions n; = ny = 256.
The blurred image b is obtained by applying R to the cameraman test im-
age [5] with pixel values scaled to the [0, 1] range, followed by the addition
of Gaussian noise (zero-mean, standard deviation 10~3). The constant L
can be computed as the maximum eigenvalue of a symmetric Toeplitz-plus-
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Hankel matrix (more details in [41]), which yields a value of L; = 2.0. The
problem is non-strongly convex with 1 = py = g = 0. The regularization
parameter ) is set to 2 - 1075 to account for the noise level of b.

We have noticed that several monographs in the field (e.g., [6, 18]) do
not include AMGS in their benchmarks. For completeness, we compare
Algorithm 4 against both FISTA with backtracking line-search (FISTA-
BT) and AMGS. The starting point xq was set to W !b for all algorithms.
AMGS and FISTA were run using r; M6 = pFISTA = 2 0 and MG = 0.9
as these values were suggested in [36] to “provide good performance in
many applications”. We assume, as in Subsection 4.3.1, that the LCEs
hover around a fixed value. Therefore, we have for AMGS that a backtrack
occurs every —(log riMG) /(log r4MSS) iterations. The cost ratio between
a backtrack and an iteration without backtracks for ACGM is double
that of AMGS (see Table 4.1). Therefore, to ensure that the line-search
procedures of both methods have comparable computational overheads, we
have chosen 7} @M = pAMGS gng ppCGM — | /pAMGS,

To showcase the importance of employing an algorithm with an efficient
and robust line-search procedure, we have considered two scenarios: a
normally underestimated initial guess Ly = 0.3L; (Figure 5.1) and a
greatly overestimated Ly = 10L;. The convergence rate is measured as the
difference between objective function values and an optimal value estimate
F(&*), where &* is the iterate obtained after running fixed step size FISTA
with the correct Lipschitz constant parameter for 10000 iterations.

When indexing in iterations (Figures 5.1(a) and 5.1(b)), ACGM converges
roughly as fast as AMGS. ACGM takes the lead after 500 iterations, owing
mostly to the superiority of ACGM’s descent condition over AMGS’s strin-
gent “damped relaxation condition” [17]. When indexed in WTU (Figures
5.1(c) and 5.1(d)), ACGM clearly surpasses AMGS from the very beginning,
because of ACGM’s low per-iteration complexity.

FISTA-BT lags behind in the overestimated case, regardless of the con-
vergence measure (Figures 5.1(b) and 5.1(d)), and it is also slightly slower
than ACGM in the underestimated case (Figures 5.1(a) and 5.1(c)). The
disadvantage of FISTA-BT lies in the inability of its line-search procedure
to decrease the Lipschitz constant estimate while the algorithm is running.
Consequently, in both cases, FISTA-BT produces on average a higher Lips-
chitz estimate than ACGM. This is clearly evidenced by Figures 5.1(e) and

5.1().
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Figure 5.1. Convergence results on the /;-regularized image deblurring problem (1 = 0)

105



Simulations
5.1.2 Logistic Regression with Elastic Net

As a strongly convex application, we choose a randomly generated instance
of the logistic regression classification task [42], regularized with an elastic
net [43]. The objective function components are, respectively, given by

flx) = —yT Az + Z log(1 + e“?”’% (5.2)

i=1

A
V(@) = Ml + 5 [l2[3, (5.3)

where the sparse matrix A € R™*" has rows aiT, ie{l,..,m},andy € R™
is the vector of classification labels. The gradient of function f has a global
Lipschitz constant L, = iamaz(A)Q, where 0,45 (A) is the largest singular
value of A. The computation of 0,4, (A) is generally intractable for large-
scale problems and optimization algorithms need instead to rely on an
estimate of this value. The matrix A is ill conditioned, which implies that
the smooth part f is not strongly convex (1; = 0).

The elastic net regularizer ¥ has parameters \; and \,. Therefore, the
strong convexity of the objective is u = pgy = A2. Elastic net regularization
is specified by the user [43] and we assume that optimization algorithms
can access jiy.

In this simulation, the problem size is m = n = 10*. The matrix A has
10% of elements non-zero, each sampled as independent and identically
distributed (i.i.d.) from the standard Gaussian distribution N(0,1). The
labels y; are randomly generated with probability

1

T

PY;,=1) = ———
(Z ) 1+6<ai’m>7

ie{l,....,m}. (5.4)
The elastic net parameters are \; = 1 and Ay = 1072L,,.

We benchmark ACGM against methods that have convergence guaran-
tees. These methods are either equipped with a line-search procedure,
such as FISTA and AMGS, or rely on L; being known in advance, namely
FISTA-CP and MOS. We do not include scAPG in our benchmark because
iy = 0. We also do not consider methods that owe their performance on
specific applications to heuristic improvements that either significantly
degrade the provable convergence rate, such as in AA, (see Subsection 4.4.2
for proof), or invalidate it altogether, like adaptive restart in FISTA [44] or
in AA [20].

The starting point x(, the same for all algorithms tested, has entries ran-
domly sampled as i.i.d. from N (0, 1). For ACGM, we set Ay = 0. In this case,
the value of 4 has no influence. The effectiveness of this initial parameter
selection will be argued in Subsection 5.2.3. For the same reasons as out-
lined in Subsection 5.1.1, we have chosen 72CGM — pAMGS _ ,FISTA _ 9 ¢

T{?MGS =0.9, and TdACGM — /,,,(liXMGS_
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We have computed the optimal point estimate &* as the iterate with the
smallest objective value obtained after running AMGS for 500 iterations
using L; = L, with the other parameters as mentioned above. Methods
equipped with a line-search procedure incur a search overhead whereas the
other methods do not. For fair comparison, we have tested the collection
of methods in the accurate L; = L, case as well as the overestimated
Ly = 5L, case (Figure 5.2).

When indexing in iterations, AMGS converges the fastest (Figures 5.2(a)
and 5.2(b)). However, AMGS has the same asymptotic rate in iterations as
ACGM, despite AMGS performing around twice the number of proximal
gradient steps per iteration. While proximal gradient steps (incurring
1 WTU each) in AMGS improve the Lipschitz constant estimate (Figures
5.2(e) and 5.2(f)), they do not appear to be used efficiently in advancing the
algorithm since AMGS is inferior to ACGM and FISTA-CP in terms of WTU
usage (Figures 5.2(c) and 5.2(d)). Note that FISTA-CP and MOS display
nearly identical convergence behaviors (Figures 5.2(a), 5.2(b), 5.2(c), and
5.2(d)), as theoretically argued in Subsection 4.4.2.

This particular application emphasizes the importance of taking into
account the local curvature of the function. Whereas ACGM and FISTA-
CP have identical a priori worst-case rates, FISTA-CP (and consequently
MOS) lags behind considerably, even when an accurate value of Ly is
supplied (Figures 5.2(a) and 5.2(c)). The reason is that the Lipschitz
estimates of ACGM are several times smaller than the global value Ly
(Figure 5.2(e)). The difference between local and global curvature is so
great that FISTA-CP’s ability to exploit strong convexity does not give
it a sizable performance advantage over FISTA on this problem!. The
benefit of being able to decrease the LCE at runtime is predictably more
evident in the inaccurate case (Figure 5.2(f)). Even though AMGS also
features a fully adaptive line-search procedure, estimates produced by
the AMGS’s “damped relaxation condition” are considerably higher than
those of ACGM, further contributing for the ACGM’s superior convergence
behavior in WTU (Figures 5.2(c) and 5.2(d)).

1We forward the reader to [6] for a more detailed comparison between FISTA and
FISTA-CP.
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Figure 5.2. Convergence results on logistic regression with elastic net (x = 107°L,)

108



Simulations

5.2 Monotone ACGM Benchmark

5.2.1 Benchmark Setup

Having confirmed the superiority of ACGM on two simple examples, we
continue the tests using a larger selection of parameters and variants
of ACGM, including the monotone ones. We now include in our bench-
mark non-monotone ACGM (denoted as plain ACGM), monotone ACGM
(MACGM), and, for strongly-convex problems, border-case non-monotone
ACGM (BACGM) as well as border-case monotone ACGM (BMACGM). We
compare against FISTA-CP, monotone FISTA-CP (MFISTA-CP), AMGS,
and FISTA with backtracking line-search (FISTA-BT). BACGM produces
identical iterates to scAPG, so we do not mention scAPG explicitly in our
simulations.

In this extended survey, we have selected as test cases five synthetic
instances of composite problems in the areas of statistics, inverse problems,
and machine learning. Three are non-strongly convex: the least absolute
shrinkage and selection operator (LASSO) [40], non-negative least squares
(NNLS), and /;-regularized logistic regression (L1LR). The other two are
strongly-convex: ridge regression (RR) and elastic net (EN) [43]. Table 5.1
lists the oracle functions of all above mentioned problems. Here, the sum

Table 5.1. Oracle functions of the five test problems

Problem f(z) U(x) Vf(x) proz v ()
LASSO LAz — b||3 At l|lz|1 AT(Ax —b) T, ()
NNLS 1Az —b|)3 ory () AT(Ax - b) (z)+
L1LR I(Azx) — yT Az Allz|x AT(L(Az) —y) T, ()
RR 3llAz —bl3 )3 A"(Az —b) Tt
EN sllAz —bll5 Azl + 3 zll}  AT(Az-b) g T (@)

softplus function Z(x), the element-wise logistic function £(x), and the
shrinkage operator 7, (x) are, respectively, given by

I(x) = log(1+e®™), ic{l,..m}, (5.5)
i=1
1 .
L(m)z = m, 1€ {17 ...,7’”}7 (5.6)
Tr(®); = (|| — 7)+sgn(x;), j€{l,....n} (5.7)

To attain the best convergence guarantees for AMGS, Nesterov suggests
in [17] that all known global strong convexity be transfered to the simple
function ¥. When line-search is enabled, generalized ACGM also benefits
slightly from this arrangement when r,, > 1 because the LCEs are smaller
and therefore tighter. Without line-search, the convergence guarantees of
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generalized ACGM do not change as a result of strong convexity transfer, in
either direction. Thus, for fair comparison, we have incorporated in ¥ the
strongly-convex quadratic regularization term for the RR and EN problems.
In the following, we describe in detail each of the five problem instances.
All random variables are independent and identically distributed, unless
stated otherwise.

LASSO. Real-valued matrix A is of size m = 500 x n = 500, with entries
drawn from N(0,1). Vector b € R™ has entries sampled from N(0,9).
Regularization parameter )\; is 4. The starting point &, € R™ has entries
drawn from N(0,1).

NNLS. Sparse m = 1000 x n = 10000 matrix A has approximately 10%
of entries, at random locations, non-zero. The non-zero entries are drawn
from N(0,1) after which each column j € {1, ...,n} is scaled independently
to have an /s norm of 1. Starting point x has 10 entries at random locations
all equal to 4 and the remainder zero. Vector b is obtained from b = Axy+z,
where z is standard Gaussian noise.

L1LR. Matrix A has m = 200 x n = 1000 entries sampled from N(0, 1),
xo has exactly 10 non-zero entries at random locations, each entry value
drawn from AN (0,225), and A\; = 5. Labels y; € {0,1},7 € {1,...,m}, are
selected with probability P(Y; = 1) = L(Ax);.

RR. Dimensions are m = 500 x n = 500. The entries of matrix A, vector
b, and starting point xy are drawn from N(0,1), N(0,25), and N(0,1),
respectively. Regularizer )\; is given by 1073(042(A))?, where 0,42 (A) is
the largest singular value of A.

EN. Matrix A has m = 1000 x n = 500 entries sampled from A/(0, 1).
Starting point xy has 20 non-zero entries at random locations, each en-
try value drawn from N (0,1). Regularization parameter ); is obtained
according to [45] as \; = 1.5 /2log(n) and \g is the same as in RR, namely
A2 = 1073(0pnaz(A))2.

The Lipschitz constant Ly is given by (0yn..(A))? for all problems ex-
cept for LILR where it is §(0ymaz(A))?. Strongly convex problems RR
and EN have ¢ = pg = X\ and an inverse condition number given by
q=p/(Ly+ pw) =1/1001.

To be able to benchmark against FISTA-CP and FISTA-BT, which lack
a fully adaptive line-search procedure, we have set Ly = L for all tested
algorithms, thus giving FISTA-CP and FISTA-BT an advantage over the
proposed methods. To better highlight the differences between ACGM and
BACGM, we ran ACGM and MACGM with parameters Ap = 0 and vy = 1.

Despite the problems differing in structure, the oracle functions have the
same computational costs. We consider one matrix-vector multiplication
to cost 1 WTU. Consequently, for all problems, we have t; = 1 WTU,
ty =2 WTU, and ty =t, =0 WTU.

The line-search parameters were selected according to the recommenda-
tion given in [36]. For AMGS and FISTA-BT we have r2MGS = ;FISTA — 9
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and r;MY = 0.9. The variants of generalized ACGM and AMGS are the
only methods included in the benchmark that are equipped with fully adap-
tive line-search. We have decided to select 7;““M to ensure that ACGM
and AMGS have the same overhead. We formally define the line-search
overhead of method M, denoted by QM as the average computational cost
attributable to backtracks per WTU of advancement. Assuming that the
LCEs hover around a fixed value (see also Subsection 5.1.1), we thus have
that

oAMes _ (2t +1p) log (rg™9S) gacem _ (b +tg +1p) log (r;“CM)
2(tg + tp) log(rpMEs)’ (tg + tp) log(ra@GM)

(5.8)

From (5.8) we have that r4CGM — (AMGS)3 with no difference for border-
case or monotone variants.

For measuring ISDs, we have computed beforehand an optimal point

estimate &* for each problem instance. Each z* was obtained as the main

iterate after running MACGM for 5000 iterations with parameters Ay = 0,

v =1, Ly = Ly, and aggressive search parameters rq = 0.9 and r, = 2.0.

5.2.2 Non-strongly Convex Problems

The convergence results for LASSO, NNLS, and L1LR are shown in Fig-
ure 5.3. The LCE variation during the first 200 WTU is shown in Figures
5.4(a) and 5.4(c) for LASSO and L1LR, respectively. For NNLS, floating
point precision was exhausted after 100 WTU and the LCE variation was
only studied up to this point (Figure 5.4(b)). In addition, the average LCEs
are listed in Table 5.2.

Both variants of ACGM outperform in iterations and especially in WTU
the competing methods in each of these problem instances (Figure 5.3).
Even though for LASSO and NNLS, the iteration convergence rate of
AMGS is slightly better in the beginning (Figures 5.3(a) and 5.3(c)), AMGS
lags behind afterwards and, when measured in terms of computational
convergence rate, has the poorest performance among the methods tested
(Figures 5.3(b) and 5.3(d)). In all the non-strongly convex problems, when
Ly = Ly, the backtrack condition of FISTA-BT is never triggered and
FISTA-BT produces the same iterates as FISTA-CP (Figure 5.3).

The overall superiority of ACGM and MACGM can be attributed to the
effectiveness of line-search. Interestingly, ACGM manages to surpass
FISTA-CP and MFISTA-CP even when the latter are supplied with the
exact value of the global Lipschitz constant. This is because ACGM is able
to accurately estimate the local curvature, which is often below L;. For
the L1LR problem, where the smooth part f is not the square of a linear
function, the local curvature is substantially lower than the global Lips-
chitz constant with LCEs hovering around one fifth of L, (Figure 5.4(c)).
AMGS is not able to estimate local curvature as accurately as ACGM
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Figure 5.3. Convergence results of FISTA with backtracking (FISTA-BT), AMGS, FISTA-
CP, monotone FISTA-CP (MFISTA-CP), non-monotone ACGM and monotone
ACGM (MACGM) on the LASSO, NNLS, and L1LR non-strongly convex prob-
lems. Dots mark iterations preceding overshoots. At these iterations, the

convergence behavior changes.
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Figure 5.4. Line-search method LCE variation on LASSO, NNLS, and L1LR

Table 5.2. Average LCEs of line-search methods on LASSO, NNLS, and L1LR
Problem Ly Iterations FISTA-BT AMGS ACGM MACGM
LASSO  1981.98 2000 1981.98 2202.66 1385.85 1303.70

NNLS 17.17 50 17.17 19.86 14.35 13.54
L1LR 518.79 200 518.79 246.56 80.76 79.12

due to AMGS'’s reliance on a “damped relaxation condition” line-search
stopping criterion. For LASSO and NNLS, the average LCE of AMGS is
actually above L; (Table 5.2). ACGM has an average LCE that is roughly
two thirds that of AMGS on these problems whereas for L1LR the average
is more than three times lower than AMGS. The difference between the
LCE averages of ACGM and MACGM is negligible.

Indeed, monotonicity, as predicted, does not alter the overall iteration
convergence rate and has a stabilizing effect. MACGM overshoots do have
a negative but limited impact on the computational convergence rate. We
have noticed in our simulations that overshoots occur less often? for larger
problems, such as the tested instance of NNLS.

20ur computing system used double precision floating point internally so we con-
sider only the first 12 digits of image space accuracy to be reliable measurements.
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5.2.3 Strongly Convex Problems

The convergence results for RR and EN are shown in Figures 5.5(a), 5.5(b),
5.5(c), and 5.5(d). The LCE variation is shown in Figure 5.6 with the LCE
averages listed in Table 5.3.

Strongly convex problems have a unique optimum point and accelerated
first-order schemes are guaranteed to find an accurate estimate of it in
domain space (see [16] for a detailed analysis). Since our procedure for
obtaining &* ensures that £* ~ x*, we have that

Ao(F(zo) — F(&")) + %Hmo — &2 = A, (5.9)

Thus, we can display accurate estimates U, of ISDUBs in (2.5), defined as

U, 20 s (5.10)
Ay,
for methods that maintain convergence guarantees at runtime. These are
shown in Figures 5.5(e) and 5.5(f) as upper bounds indexed in WTU.

For the RR problem, all methods except FISTA-BT exhibit a smooth linear
convergence rate (Figures 5.5(a) and 5.5(c)). In iterations, AMGS converges
the fastest. However, in terms of WTU usage, it is the least effective of
the methods designed to deal with strongly convex objectives (Figure
5.5(c)). The reasons are the high cost of its iterations, its low asymptotic
rate compared to ACGM and FISTA-CP (see Subsection 4.4.2), and the
stringency of its damped relaxation criterion that results in higher LCEs
(on average) than ACGM (Figure 5.6(a) and Table 5.3). The computational
convergence rate of BACGM is the best, followed by ACGM, FISTA-CP, and
AMGS. This does not, however, correspond to the upper bounds (Figure
5.5(e)). While BACGM produces the largest accumulated weights Ay, the
high value of the ISD term in A, causes BACGM to have poorer upper
bounds than ACGM, except for the first iterations. In fact, the effectiveness
of BACGM on this problem is exceptional, partly due to the regularity of
the composite gradients. This regularity also ensures monotonicity of
BACGM, ACGM, and FISTA-CP. FISTA-BT is effective during the first 200
WTU, after which it lags behind all other methods. After 500 WTU, FISTA-
BT is even slower than AMGS, despite its lower line-search overhead and
advantageous parameter choice Lo = L.

On the less regular EN problem, ACGM leads all other methods in terms
of both iteration and computational convergence rates (Figures 5.5(b) and
5.5(d)). The advantage of ACGM, especially over BACGM, is accurately
reflected in the upper bounds (Figure 5.5(f)). However, convergence is
much faster than the upper bounds would imply. Even FISTA-BT has a
competitive rate, due to the small number of iterations (150) needed for
high accuracy results. The ineffectiveness of AMGS on this problem is
mostly due to its high LCEs (Figure 5.6(b) and Table 5.3). All variants
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Figure 5.5. Convergence results of FISTA with backtracking (FISTA-BT), AMGS, FISTA-
CP, monotone FISTA-CP (MFISTA-CP), non-monotone ACGM, monotone
ACGM (MACGM), border-case non-monotone ACGM (BACGM), and border-
case monotone ACGM (BMACGM) on the RR and EN strongly-convex prob-
lems. Dots mark iterations preceding overshoots.
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Figure 5.6. Line-search method LCE variation on RR and EN

Table 5.3. Average LCEs of line-search methods on RR and EN. RR has L; = 1963.66 and
for EN L; = 2846.02. All algorithms were run on RR for K = 350 iterations
and on EN for K = 150 iterations.

Algorithm Problem
RR EN

FISTA-BT 1963.66 2846.02
AMGS 2022.73 3023.47
ACGM 1473.88 2056.68
MACGM 1473.88 2003.09
BACGM 1471.16 2093.56
BMACGM 1471.16 1998.12

of ACGM have comparable average LCEs. Here as well, monotonicity
has a stabilizing effect and does not have a significant impact on the
computational convergence rate.

We note that for both the RR and EN problems, regardless of the actual
performance of BACGM, the convergence guarantees of BACGM are poorer
than those of ACGM with Ay = 0. This discrepancy in guarantees is
supported theoretically because, in the most common applications, the ISD
term in Ay is large compared to the DST. This extends to the fixed-step
setup and challenges the notion found in the literature (e.g., [46]) that for
strongly-convex functions, FGM and FISTA-CP are momentum methods
that take the form of the “constant step scheme III” in [16]. In fact, the
border-case form may constitute the poorest choice of parameters Ay and
70 in many applications. Indeed, the worst-case results in Theorem 7 favor
A() =0.

116



6. Ultrasound Image Reconstruction

The reconstruction of ultrasound images is a difficult open problem, due
to the high degree of noise, the lack of clearly defined features, and the
high dynamic range of ultrasound images. In this chapter, we shall utilize
the low resource usage, applicability, adaptability, and state-of-the art
convergence guarantees of ACGM to develop an accurate ultrasound image
reconstruction methodology that is tractable even for large images.

6.1 Background

Ultrasound imaging is an efficient, cost effective, and safe medical imag-
ing modality. It is widely used for various clinical applications and is
especially well suited for the diagnosis of soft tissue pathologies. These
advantages are however mitigated by the relative low image quality (in
terms of signal-to-noise ratio), low contrast, and poor spatial resolution.
The main factors affecting the quality of ultrasound images are the finite
bandwidth and aperture of the imaging transducer as well as the physical
phenomena (e.g., diffraction and attenuation) related to the propagation
of sound waves in human tissues. Consequently, a rich body of scientific
literature addresses ultrasound image reconstruction, i.e., the estimation
of the tissue reflectivity function (TRF) from ultrasound radio-frequency
(RF) images. Generally, existing approaches turn the TRF estimation into
a deconvolution problem, by considering, under the first order Born approx-
imation, that the formation of ultrasound images follows a 2D convolution
model between the TRF and a system point-spread function (PSF). The
PSF can be either estimated in a pre-processing step (see, e.g., [47-52]) or
jointly estimated with the TRF, an approach known as blind deconvolution
(see, e.g., [63-56]). Mainly for computational reasons, most of the existing
ultrasound image restoration methods consider a spatially invariant PSF
model and circulant boundary conditions. However, regardless of the acqui-
sition setup, stationary convolution cannot accurately model the formation
of ultrasound images.
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6.1.1 Pulse-echo Ultrasound

Pulse-echo emission of focused waves still remains the most widely used
acquisition scheme in ultrasound imaging. The active elements of the
ultrasound probe sequentially transmit an excitation, unique for each
element, such that the combined beam is narrowly focused at a certain
location in the tissue. Scatterers in the tissue reflect the ultrasound waves
back to the probe. The active elements in the probe are piezoelectric
and also act as receivers. The received signals, with one raw channel
data stream corresponding to each active element, are combined in a
process known as beamforming to obtain one radio-frequency (RF) signal.
These focused beams are transmitted sequentially. For each transmission
centered at a lateral position, the raw data is used to beamform one RF
signal. The juxtaposition of the RF signals yields the RF image.

Each RF signal passes through a band-pass filter. The Hilbert transform
is applied and the magnitude of the result constitutes the detected envelope.
The log-compressed envelopes of the RF channel signals are juxtaposed to
form the ultrasound image that is displayed to the user. The process of
obtaining the final ultrasound image from the RF image is well defined and
will not be developed further in this work. Instead, our goal is to recover
the TRF from the RF image.

Whereas the RF image formation process is poorly modeled by traditional
2D convolution, a spatially varying kernel convolution model can be very
accurate [57,58]. Given the repeatability of the imaging process in the
lateral direction, the lateral variation of the kernels is negligible. However,
despite dynamic focusing in reception and time gain compensation, the ker-
nels become wider as we move away from the focal depth, thus degrading
the spatial resolution.

6.1.2 Previous Work

The kernel variation has been accounted for by assuming local regions
of kernel invariance and performing deconvolution block-wise (e.g., [59]).
Very recently, ultrasound imaging convolution models with continuously
varying kernels were proposed in [57] and [58]. However, [57] makes the
overly restrictive assumption that the spatially varying kernel is obtained
from a constant reference kernel modulated by the exponential of a fixed
discrete generator scaled by the varying kernel center image coordinates.
Therefore, it does not take into account the depth-dependent spatial resolu-
tion degradation that occurs in pulse-echo ultrasound. On the other hand,
the deconvolution proposed in [58] has an iteration complexity proportional
to the cube of the number of pixels in the image, limiting its applicability
to very small images.
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6.2 Notation

In this chapter, images (ultrasound images and TRFs) are vectorized
in column-major order but referenced in 2D form. For instance, image
v € R™™ corresponds to an m, x n, 2D image and has the pixel value at
coordinates (4, j) given by vy, (;_1)4;. However, for clarity of exposition, we
denote it as the 2D object v € R™»*™ with the pixel value at location (4, j)
given by v; ;. Bold marks this artificial indexing. Similarly, linear operators
are matrices but referred to as 4D tensors, e.g., O : R™v*™ — RMwXnw
denotes O € R™MvmvXmMuwihw,

In the sequel, we define several classes of linear operators that constitute
the mathematical building blocks of our proposed model and analysis.
Note that these are more general than normal linear operators because
their dimensions not only depend on those of their parameters but also of
their arguments. These arguments include kernel k € R™#*" and image
a € R™Me*" where my, ng, Mg, ng > 1.

Let the rotation operator R (k) be given by

lef . .
(R(k))LJ = kTrLk—i+1,7Lk—j+17 S {1, ...,mk}, VS {1., ...,nk}. (6.1)

To simplify notation, for all indices 1 < a < b < ¢, we denote the exception
index set Z(a, b, c) as

T(a,b,¢) 1,1\ {a, ..., b}. (6.2)

The window and zero padding operators are, respectively, defined as

R def . . . . . .
W(217127]17J277na7na)a é a’i+i1,j+j17 (S {17 ey 12 — 21}7 J S {17“-7.72 _]1}7

(6.3)

P def Qi—jy j—j 11 <1<, j1 <j5< 72
2(7‘17127‘717]277/”0,7”‘0,)0’ ; I . . . ' . 7. .
0, i€ Z(ir,i2,ma), j € Z(j1,J2,Ma)-

(6.4)
It trivially follows that the two operators are mutually adjoint, namely
W(ih 7:27 j17j27 Mg, na)T = Z(ily i27j17j27 Mg, na)7 (65)

where ()7 denotes the adjoint of a linear operator, which corresponds to
the transpose of its matrix form. Their effect on a test image is shown in
Figure 6.1.

Note that none of the operators introduced up until now involve any
computation in practice.
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B=W (iy,1,,j,, jo,mn)A =

A c=2(i,, iy, jy,j,,m,n)B

Figure 6.1. Applying the full-width window operator, followed by a full-width zero-padding
operator on a test image a.

6.3 Discrete Convolution

6.3.1 Definitions

To define spatially varying convolution, it is necessary to first define spa-
tially invariant convolution for images or image patches of arbitrary size.

Circular convolution

Existing ultrasound formation forward models assume that the RF image
is formed from the discrete circular convolution of the TRF with a system
PSF. Circular (periodic) convolution approximates the physical processes
involved in the formation of the central part of the image while being very
computationally efficient [60]. It only applies to arguments of equal size.
When k and a are not the same size, they can only be circularly convolved
by appropriately padding them with zeros. When dealing with circular
convolution, we only consider arguments k and a of equal size m by n.
Circular convolution ® can be defined using the discrete Fourier transform
(DFT) using the convolution theorem [61] as

kea Y FU((FE) o (Fa)), (6.6)
where F is the DFT operator.
Circular convolution in (6.6) can be written explicitly [62], without em-
ploying the DFT, as

(k®a)i;=> > kpglic,pjong 1€ {1.om}, je{l,...n}, (6.7
p=1q=1

where the circular sum & and difference © are, respectively, defined as

a®eb ¥ ((a+b—2)modec)+1, (6.8)
aSeb % ((a—b)mod )+ 1, (6.9)
for all integers ¢ > 1 and a,b € {1,...,c}.
The circular convolution linear operator C(k), parametrized by kernel k
is defined as

def

Ck)a = k®a. (6.10)
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Valid and full convolution
Whereas circular convolution possesses remarkable mathematical prop-
erties, the zero padding of the arguments and its circulant boundary are
entirely artificial. Full convolution very accurately models the ultrasound
image formation process from isolated scatterers [58,63].

We define discrete full convolution *; between kernel & ¢ R™*"™ and
image a € R™a*" of gize 1 < my, < m, and 1 < ng < n, as

Pi qJ

(k*1a); = Z Zk q@i—p+1,j—q+15

P=pi 4=4;
ie{l,.mg+np—1}, j€{l,....,ng +ny — 1}, (6.11)

p; =max{1l,i —my, + 1}, p; = min{i,my},

¢; = max{l,j —ng+ 1}, ¢ =min{j,ng}.
Its corresponding linear operator C; (k), parametrized by kernel k, is de-

fined as
Ci(k)a ¥ kx a, (6.12)

for all a € R™a*"a

Valid convolution is the subset of full convolution where every output
pixel is expressed using the entire kernel k. This type of convolution is
particularly useful when the reconstructed TRF needs to be as large as the
RF image [64]. Valid convolution %5 is written explicitly as

mg Nk

def
(kxza)ij = kp.q@i—prmy,j—q+nis
; qzl e (6.13)
i€{l,...,mg—my+ 1}, j€{1,....,ng — ng + 1},
with its linear operator Cs(k) given by
Cok)a & ks a. (6.14)

Here, arguments k and a are of the same type as in full convolution.
The difference between valid and full convolution is exemplified in Fig-

Figure 6.2. Convolving test image a with a Gaussian kernel k. The inner rectangle
represents valid convolution whereas the outer marks full convolution. Here,
black and white correspond to values of 1 and 0, respectively. Kernel k is
displayed after min-max normalization.

kx,a
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6.3.2 Adjoint Expressions

As we have seen in the comprehensive benchmark in Subsection 5.2.1, and
particularly in Table 5.1, the oracle functions of inverse problems with
linear forward models employ the adjoint of the model operator. Our aim is
to express our forward model in terms of the aforementioned convolution
operators. Therefore, we need to derive the adjoints of these convolution
operators.

Adjoint of circular convolution
To be able to express the adjoint of the circular convolution operator, we
define the circular shift operator S(p, q) as

Sp,9)a ™ e(p,q) ®a, (6.15)

where e(p, q) is the standard basis vector image

1, 1= D, .] =4q,
o . d
e(p,q)i; { 0, otherwise. ©19

It follows that S(1,1) is the identity operator.
The derivation of the adjoint relies on the following basic property of the
shift operators.

Lemma 11. Shift operators cumulate and can be taken out of convolutions
as
C(S(p1, 01)k)S(p2,32) = S(P1 Bm P2, @1 B ¢2)C(K).

Proof. The result follows trivially from the commutativity and associativity
properties of circular convolution

C(8(p1,q1)k)S(p2, q2)@ = (e(p1, q1) ® k) ® (e(p2, 2) ® @)
= (e(p1,q1) ® e(p2, 2)) ®k ® @
= e(pl Dm P2, 491 On Q2) ® (’_f & (_1)

= 8(p1 Bm P2, 1 Dn ¢2)C(K)a. (6.17)

Using notation (6.15) and Lemma 11 we can proceed to the main result.

Theorem 8. The adjoint of circular convolution is circular cross-correlation
circularly shifted forward by one position

(C(k))" = 5(2.2)C(R(k)).
Proof. From the convolution theorem in (6.6) we have that

k®a = F! diag(Fk)Fa, (6.18)
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where diag(x) produces a diagonal matrix (linear operator) with the entries
of . Therefore, the circular convolution operator is diagonalized in the
Fourier domain as

C(k) = Fldiag(FE)F. (6.19)

Taking the adjoint in (6.19), we obtain that
(C(k)" = (C(k) = Fldiag((Fk)*)F
= FHdiag(F*k)F. (6.20)
The DFT matrix has conjugate symmetry [62], namely
F*'k=FS8(2,2)R(k). (6.21)
Substituting (6.21) in (6.20) we have
(k)T = Fldiag(FS(2,2)R(k))F, (6.22)
which can be expressed using the convolution theorem in (6.18) as
(C(k)T =C(8(2,2)R(k)). (6.23)

The application of Lemma 11 with p; = ¢ = 2, p» = ¢ = 1, in (6.23)
completes the proof. O

Adjoint of valid and full convolution

Circular convolution is a fundamental mathematical construct and The-
orem 8 can be used to derive the adjoint of valid and full convolution, as
follows.

Theorem 9. The adjoint of valid convolution is full correlation (full convo-
lution with the rotated kernel), namely

(C2(k)" = C1(R(K)).
Proof. To simplify notation, we redefine within the scope of this proof the
window and zero padding operators, respectively, as
def

Win S W(mp, mg,np,ng, my,ny), (6.24)

ZrH def Z(mp,mg,ng,ng, My, nN). (6.25)

where indices L, H € {1,k,a, M, N} stand for quantities my, my, m,, etc.,
with m; =ny =1 and

mar = mg —my + 1, ny = mng —ng + 1, (6.26)

my = mg +mg — 1, nN =ng +n; — 1. (6.27)
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Using the above shorthand notation, we can express the valid and full
convolution linear operators, respectively, as

Ca(k) = Wy oC(Z1 k) 21,4, (6.28)

Ci(k) =W1.C(Z1 k)21 M- (6.29)

Note that if C2(k) takes as arguments images of size m, x n,, its adjoint

expression involves an operator C; (k) with arguments of size my; x nyy.
We apply the adjoint in (6.28) and obtain

(Co(k)T = (21.0)T(C(Z1 1K) T Wra)T. (6.30)

Like their full-width counterparts, the window operator and corresponding
zero padding operators introduced in this section are also mutually adjoint,
namely

Wrm)' =Z1n. (6.31)
Applying (6.31) in (6.30) yields
(C2(k)T = Wi a(C(Z1 1K) 20 (6.32)

Theorem 8 gives

(C(Z14k)" = 8(2,2)C(R(Z14k))
,2)C(Za,nR(K))
,2)C(S (mavna)za,NR(k))

mq + 1,nq + 1)C(Z1 1, R(K)). (6.33)

(
(
(
(

Using (6.33) in (6.32) and applying Lemma 11 we obtain that

(Co(k)T = W1 oS (my + 1,1, + 1)C(Z1 xR(K))S (my, n1) 21,01
=Wi.S(L)C(Z1 4 R(k) 210

=W1C(Z1:R(k))Z1 M- (6.34)
The desired result follows by observing that the right-hand sides of (6.34)
and (6.29) are identical. O

Corollary 1. The adjoint of full convolution is valid correlation (valid
convolution with the rotated kernel), namely

(C1(K))" = Ca(R(K)).

Proof. Just like transposition, the rotation operator is unitary and self-
adjoint, namely
R(R(k)) =k, (6.35)

for all kernels k. The rotation operator is also bijective. Therefore, rotating
the kernel in Theorem 9 does not reduce its generality. Taking the adjoint
in Theorem 9 applied to rotated kernel R(k), we have that

Ca(R(k)) = (CL(R(R(k)))". (6.36)
Using (6.35) in (6.36) completes the proof. O
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6.4 Ultrasound Image Formation Models

In this section we provide two increasingly accurate models for the forma-
tion of ultrasound radio-frequency images.

6.4.1 Prototype Mixture Model

We propose the following image formation model
y=HPzx+n, (6.37)

where y denotes the observed radio-frequency (RF) image, x is the tissue
reflectivity function (TRF) to be recovered and n represents independent
identically distributed (i.i.d.) additive white Gaussian noise (AWGN). All
images are of the same size, x,y,n € Dy def R™t*"t where m,; denotes the
height (number of pixels along the axial dimension) and n; gives the width
(lateral pixel count) of the TRF.

Padding

Operator P : R™>*"™ — R™»*" pads the TRF with a boundary of width n,.
and height m,, yielding an image of size m, = m; + 2m, times n,, = ny + 2n,.
Padding in our ultrasound imaging model allows us to reconstruct a TRF
of the same size as the observed RF image. To this end, we must simu-
late the effect the surrounding tissues have on the imaged tissues. With
padding, we estimate the TRF from the surrounding tissues using informa-
tion from the imaged TRF. This estimation only affects the border of the
reconstructed TRF. If this border information is not required, the recon-
structed TRF can simply be cropped accordingly. The addition of padding
to our model brings the advantage of accommodating both options.

For computational reasons, P is assumed linear and separable along
the dimensions of the image. Separability translates to P = P,, P,. Here,
P,, pads every column of the image independently by applying the 1D
padding (linear) operator P(m;,m,). Consequently, when n, = 1 and
n, = 0, operators P and P(m;, m,) are equivalent. The row component P,
treats every row as a column vector, applies P(n;,n,) to it, and turns the
result back into a row.

Padding, either in 1D or 2D, can be performed without explicitly deriving
an operator matrix. However, the matrix form facilitates the formulation
of the corresponding adjoint operator. Common matrix forms of operator
P(my,n:) are shown in Figure 6.3 for m; = 10 and m, = 3. These examples
demonstrate that the matrix form of P(m., m,) can be easily generated
programatically and, due to its sparsity, can be stored in memory even for
very large values of m; and m,.. These properties extend to the matrix form
of the 2D padding operator P by virtue of the following result.
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Zero Circular Replicate Symmetric

SN

Figure 6.3. Common matrix forms of 1D padding operators P(10,3). Black denotes a
value of 1 and white denotes 0.

Theorem 10. Padding operator P can be obtained programatically in the
form of a sparse matrix as

P =P (n,n,) @ P(my, my).

Proof. Since column-major vectorization stacks image columns one on top
of the other, P,, will have a block diagonal structure, with each block given
by P(mi, m,), namely

Pm = dlag{P(mt7 m7’)7 P(mt7 m?’)v LA P(mt7 m’?")}
= I,, ® P(m¢, my). (6.38)
Matrix P, lacks this block structure. It instead has the elements of

P(n¢,n,) strided horizontally by m; and replicated along the diagonal.
This can be expressed succinctly as

P(ntyn'r')l,lIm;, te P(”tv"%’)l,m-ﬂm
’P(nhnr)mp,lImt T P(nt7nr)m,p,ntImt
=Pny,n,) @ Inp,. (6.39)

By combining the results along the dimensions in (6.38) and (6.39), we
can compute P in closed form as

P= PmPn = (Int ® P(nlt7 7n7‘))(P(nt7 nr) & I’mt)
= P(ns,ne) @ P(myg, my). (6.40)

Prototype mixture convolution

Linear operator H : R™»*" — R™*™ performs the prototype mixture
convolution. We assume that a small number n;, of prototype kernels is
known, each prototype PSF k,, ¢ € {1,...,n;}, having a center at row c,.
The prototype PSFs are sorted by ¢, and thus the values of ¢, can be used
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to generate a partition of the set of rows i € {1, ..., m;}. The kernels of each
row are computed using linear interpolation. Specifically, kernels above c;
are equal to ki, those below ¢,, equal k,,. The kernels of all other rows
are obtained as a convex combination (alpha-blending) of the prototype
PSF above and the one below that row, the proportion given by the relative
distance to the two centers.

Let the full-width window and zero padding operators be defined as

Ws(ih’iQ) déf W(ilvi% 17nsvm57ns)7 (6.41)
Zs(il,ig) déf Z(il,i2717ns,m57ns). (642)

where j € {1,...,n,} and index s € {t,p} stands for image size quantities
Mg, My, Nt, and ny.

Using the full width operators, linear operator H can be expressed
analytically in a matrix-free form as

H = Zy(l, cl)Cl(kzl)Wp(L c1 + er)
ng—1 Cq4+1
+) 0D 2,3,0)Cu (K (i, )Wy (i i + 2m,) (6.43)

q=1 i=cq+1

+Z.1/(C”Lk + 1?7ny)cl(kﬂk)wp(cnk + 17mp)7

where the row kernels k(7, ¢) and the row blending factors 6(7, ¢) are, re-
spectively, given by

k(i q) < (1 60(i,9)ky + 00, Q)kqgr1, (6.44)

0(i,q) & 1 (6.45)

Cq+1 — Cq

Adjoint

The objective function of the inverse problem contains a data fidelity term
¢o(H Px — y). Unlike the forward model which, by utilizing operators H
and P, can be computed exactly with great efficiency, black-box first-order
methods such as ACGM employ at every iteration the gradient of the data
fidelity term, given by

V(¢(HPz —y)) = PTH" (V¢)(HPz — y). (6.46)

Note that, under our AWGN assumption, ¢ is the square of the /;-norm
but the results in this work may be applied to other additive noise models.
The gradient expression in (6.46) depends on H and P as well as on their
adjoints. In the following, we derive computationally efficient expressions
for adjoint operators H” and P”.
To obtain the adjoint of prototype mixture convolution, we take the
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adjoint in (6.43) and get
H" = (Wy(L e +2mp)) " (Co(kn)) T (Zy(1, 1))

nr—1 Cq4+1
+ )Y Wylisi+2m,)T(Calk(i, )T (24 (0,1)" (6.47)
q=1 i=cq+1
+(Whpl(en, +1, mp))T(CQ(knk))T(zy(C’nk + lvmy))T-
Using (6.5) and Theorem 9 in (6.47), we obtain the matrix-free expression

H” = Z,(1,¢1 +2m,)C1(R(k1))Wy (1, ¢1)
nr—1 Cq+1
+30 )T 2,60+ 2m, )G Rk, 0)) Wy (i, 1) (6.48)

g=1 i=cq+1
+2Zp(cny, + 1,mp)C1(R(Kn, ) )Wy (cny, + 1,my).

The adjoint of the padding operator, P, can be obtained either directly
through sparse matrix transposition or by applying transposition in Theo-
rem 10 as

PT = (P = (P(ny,n,))T @ (P(my,m,))T. (6.49)

Finally, note that whereas the column-major order assumption can be
made without loss of generality for operator H, it is not the case for the
padding operator P. In particular, row-major order reverses the terms in
the Kronecker product.

Inverse problem

The proposed image formation model in (6.37) can be used to construct a de-
convolution problem which seeks to minimize the additive white Gaussian
noise subject to regularization. To regularize the solution of this least-
squares problem, we use herein the classical elastic net constraint [65].
Elastic net ensures a compromise between the ¢;-norm promoting sparse
solutions and the />-norm imposing smooth results. Its interest in ultra-
sound imaging has been already shown through different applications, e.g.,
compressed sensing [66], beamforming [67], or clutter filtering [68]. The
inverse problem is given by

1 A
min = ||HPx — y||5 + M|zl + = |z|3. (6.50)
xz€Dy 2

2|
2
6.4.2 Axially Variant Kernel Model

The prototype mixture model can be generalized to yield an axially variant
kernel model, whereby a prototype kernel is assigned to every row of the
image. The features of the prototype mixture model introduced in (6.37)
carry over to this new model, with the exception of the way the axially
variant convolution operator H is defined. In particular, padding and its
adjoint as well as the inverse problem in (6.50) apply here as well.
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Axially varying convolution

We define axially variant convolution as the linear operation whereby each
row iy, € {1,...,m;} of the output image is obtained by the valid convolu-
tion between the kernel pertaining to that row k(iy,) € R"™*"  where
my = 2m, + 1 and ny = 2n,. + 1, and the corresponding patch in the input
(padded) TRF. The auxiliary operators defined in Sections 6.2 and 6.3
enable us to write H as a sum of linear operators based on the obser-
vation that the concatenation of output rows has the same effect as the
summation of the rows appropriately padded with zeros. Analytically, this
translates to the following matrix-free expression:

H =" Z4(inin)Calk(in) Wi (in in + 2m.). (6.51)

in=1

In matrix form, operator H would need to store m,n,m;n; coefficients
and its invocation would entail an equal number of multiplications. Its
complexity would thus be greater than the square of the number of pixels
in the image, limiting its applicability to medium sized images. Using the
matrix-free expression in (6.51), operator H performs myngm:n; multipli-
cations and has negligible memory requirements. Therefore, in ultrasound
imaging, the matrix-free representation is not only vastly superior to its
matrix counterpart (because the kernel is much smaller than the image),
but has the same computational complexity as spatially invariant convolu-
tion (excluding the unrealistic circulant boundary case).

Adjoint
By taking the adjoint in (6.51), we get

m¢

H" =" (Wy(in, in + 2m,))" (Ca(k(in)) " (Z1(in, in)) " (6.52)

in=1

Theorem 9 and (6.5) yield a matrix-free expression for H” in the form of

HT = Z Zp(ih,ih —+ 2mr)(31('R(k(zh)))Wt(zh,zh) (653)

in=1

Therefore, operators H and H” have equal computational complexity.
Moreover, they exhibit two levels of parallelism. The convolution operators
themselves are fully parallel and the computations pertaining to each row
i, can be performed concurrently. Thus, in matrix-free from, both operators
benefit from parallelization in the same way as their matrix counterparts.
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6.5 Optimizing ACGM for Linear Inverse Problems

To efficiently solve the optimization problem in (6.50) for any non-negative
value of \y, we optimize ACGM for linear inverse problems.

The objective F in problem (6.50) can be split into a quadratic function f
and an elastic net regularizer ¥ as follows:

1
(@) = SllAz — yi3, (6.54)

W(a) = Ml + 2lal} (6.55)
where A %' HP. Function f is quadratic and consequently has Lipschitz
continuous gradient. The Lipschitz constant L is given by 02,,,(A), where
Omaz(A) is the largest singular value of operator A. In practice, 0,4, (A)
may be intractable to compute. Hence, this problem is well suited for
ACGM. However it is known that operator A is ill-conditioned and we can
assume that function f has strong convexity parameter ;;y = 0. Elastic
net regularizer ¥ is not differentiable due to the /; term but has strong
convexity parameter gy = \2. Hence, the objective as a whole has a strong
convexity parameter of © = pg = Ag.

The gradient-type oracle functions V f(x) and prox_y (x) are, respectively,
written in closed form (see also [18] and Subsection 5.2.1) as

Vf(x)=AT(Az —y), (6.56)

prox. g (x) Tex, (), (6.57)

_ 1
1 + 7o
where AT = PTH” and the shrinkage operator 7, (z) is given by

(Tr(@))ig € (i) — )+ sen(@ij), (6.58)

>0, t€{1,...,m}, jJeE{1,...,m}.

The structure of f(x) in (6.54) and V f(x) in (6.56) can be used to reduce
the computational complexity of ACGM by departing from the oracle model.
To estimate the local Lipschitz constant, operator A has to be applied at
every iteration k to the new iterate ;. It is computationally inexpensive
to cache these results by maintaining alongside the main iterate sequence
the sequence j, given by

:ﬁk:A:Ek, k ¢ {—174...‘K}. (659)

ACGM in extrapolated form (Algorithm 6) produces an auxiliary point y 1
(not to be confused with the RF image y) as the linear extrapolation of
x and ;. The new iterate x;; is computed based on V f(yi+1). The
computational intensity of the gradient expression in (6.56) can be reduced
as

V(i) = AT (Gr1 — ), (6.60)
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where
Yk+1 o AYp1 = T + Bi(&p — Tp—1), (6.61)

and [ is the extrapolation factor given by Proposition 4.

The line-search stopping criterion of ACGM at every iteration & is given
by (3.15). Substituting the gradient expression from (6.56) in (3.15) and
rearranging terms yields

|A(zpr1 — Yrs)|I3 < Lt |1 — ot ]l3- (6.62)

We obtain a computationally efficient expression by reusing the precom-
puted values &1 and g1 as

[&k41 = Grer1ll3 < Lirall@nsn — g 3. (6.63)
The global Lipschitz constant L can alternatively be expressed as

Ly — aup 14213

, (6.64)
, [l=l3

In practice, the estimates are below this value and we set the initial one to

2 =~ 112
_ lAmoll3 _ [ Zol3 (6.65)

ool llzoll3

Incorporating the performance enhancements from (6.59), (6.60), (6.61),
(6.63), and (6.65) into Algorithm 6 yields the method listed in Algorithm 11.
To improve performance, we set ¢y = 0, as suggested by the findings in
Subsection 5.2.3. Note that, to improve readability, we omit the estimate
notation in Algorithm 11.

6.6 Experimental Results

6.6.1 Prototype Mixture Model

A three-step process was employed to simulate the RF ultrasound image:
i) the calculation of the spatially variant prototype PSFs; ii) the generation
of the tissue reflectivity function (TRF); and iii) the spatially variant
convolution between the PSFs and the TRF, following the model described
in (6.37) (Subsection 6.4.2).

The prototype PSFs were obtained in step i) using Field II, a realistic
state-of-the-art simulator [69,70]. The simulation involved a linear 128 ele-
ment ultrasound probe emitting ultrasound waves at a nominal frequency
of 3 MHz. The width of each element was set to equal the wavelength
(0.5 mm), while height was fixed at 5 mm. The distance between two
consecutive elements was set to 0.1 mm. The transducer was excited us-
ing a two-period sinusoidal wave of frequency 3 MHz. The backscattered
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Algorithm 11 ACGM for elastic net regularized least-squares
ACGM(m07 TusTd, )\17 )\27 K)

1: &y := Az

2. -1 = o

3. -1 = o

T

4 Lo = i

5 qo = Lo)\f)\z

6: g =0

7. for k=0,...,K —1do

8  Lpy1 =ralg

9: loop

10: Qk+1 °= Lk+>;2+)\2

11: b1 = & (1 — gty + \/(1 —aqt2)’ + 4%:1&2%)
120 f = el

18: Yt := T + BT — Tp—1)

14: U1 := &g + B (T — Ep—1)

15: Th+1 i = Tort

16: Tt = T T (Ut — et AT (G — y)
17: Tpr1 = Axp

18 if &1 — G 3 < List @it — v |3 then
19: Break from loop
20: else
21: Liyq =1y Lgy1
22: end if
23: end loop
24: end for

RF signals were sampled at a rate of 20 MHz. The prototype PSFs were
obtained by placing isolated scatterers in front of the transducer with a
distance in depth of 8.5 mm to each other. Ultrasound waves electronically
focalized at 47 mm from the probe were emitted and the received echoes
were statically focused prior to the delay-and-sum beamforming process.
Hann apodization was used both for the emission and the reception.

The resulting n;, = 10 prototype PSF's are shown in Figure 6.4. For the
purpose of visualizing the areas influenced by individual prototype PSFs,
they are displayed after envelope detection and min-max normalization
centered at ¢, for all ¢ € {1,...,n;} in Figure 6.4(a). To highlight the
differences between individual prototype PSFs, they are shown separately
in Figure 6.4(b). The 5th prototype PSF (k;) located at 43 mm from the
probe was used in the spatially invariant deconvolution experiments. It is
shown both in native form and after envelope detection in Figure 6.5.
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Figure 6.4. Prototype PSFs generated with Field II for n, = 10 depths at regularly
spaced intervals of 8.5 mm. (a) Global view, after demodulation and min-max
normalization, showing the location within the image of the prototype PSF
centers; (b) Individual view, showing the spatial variance of the prototype
PSFs.
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Figure 6.5. The 5th prototype PSF k5 (left) and its demodulated version (right).

The TRF was obtained in step ii) following the classical procedure em-
ployed in the simulation of ultrasound images. A collection of scatterers
with zero-mean Gaussian random amplitudes has been generated and
placed at uniformly random locations. The standard deviation used to
generate the amplitude of one scatterer depended on its location and was
related, as suggested in the Field II simulator, to a digital image obtained
from an optical scan of a human kidney tissue sample. The number of
scatterers was sufficiently large (10%) to ensure fully developed speckle.
The scatterer map was finally linearly interpolated onto a rectangular grid
yielding the TRF shown in Figure 6.6(a).

In step iii), an ultrasound image was simulated from the TRF using
the model in (6.37) to produce a starting point x( for the deconvolution
experiments. First, the TRF was padded with a symmetric boundary. Next,

133



Ultrasound Image Reconstruction

the padded image was convolved with the spatially varying convolution
operator H, based on the prototype PSFs shown in Figure 6.4. To simplify
the hyperparameter tuning process, we have scaled H to ensure that
Lo, as given by (6.65), is equal to 1. Finally, white Gaussian noise was
added to the convolved image, such that the signal-to-noise ratio is 40 dB.
The simulated ultrasound image is shown in B-mode representation in
Figure 6.6(b).
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Figure 6.6. (a) Ground truth of the tissue reflectivity function (TRF); (b) Observed B-mode
image simulated from the ground truth TRF in (a) using the image acquisition
model in (6.37) that employs the spatially variant convolution operation based
on the prototype PSFs in Figure 6.4; (¢) Spatially invariant deconvolution
result obtained using the fixed kernel k5 in Figure 6.5; (d) Spatially variant
deconvolution result using our method.

We have conducted two deconvolution experiments. Both used as the
starting point the simulated ultrasound image shown in Figure 6.6(b) and
the same values of the hyperparameters, A\; = 0.005 and Xy = 0.01, which
were found by manual tuning to give the best results.

First, we have compared our method, which is able to integrate the spa-
tial variability of the kernels in the deconvolution process, with ACGM
employing a spatially invariant blur operator H. Two restored images,
obtained after 150 iterations, are displayed in Figures 6.6(c) and 6.6(d). The
image in Figure 6.6(c) was estimated considering a spatially invariant PSF
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(k5 at 43 mm depth) and the one in Figure 6.6(d) was obtained using our
method. The quality of the deconvolution can be appreciated by comparing
the restored images with the true TRF in Figure 6.6(a). Note that the
deconvolution results are also shown in B-mode. While the deconvolved
images are similar in the vicinity of the focal point, our method manages to
restore image features at the vertical extremities (Figure 6.6(d)). These fea-
tures are barely discernible both in the blurred image shown (Figure 6.6(b))
as well as in the spatially invariant PSF reconstruction (Figure 6.6(c)). The
simulation results support our previous claim that the reconstruction qual-
ity of an image patch depends on the similarity between the blurring and
the deblurring kernels applied to it, clearly demonstrating the superiority
of our model.

6.6.2 Axially Variant Kernel Model

To test the generalized model, we have devised a more extensive set of
simulations. Three TRFs (TRF 1, TRF 2, and TRF 3) were generated
following the procedure used in step ii) of Subsection 6.6.1. Each TRF is
an interpolation of Gaussian distributed random scatterers with standard
deviations determined by a pixel intensity map. The map for TRF 1 is
the same as the one utilized in Subsection 6.6.1. The maps for TRF 2
and TRF 3 are patches from a single slice (visual identifier 3272) of the
female dataset provided by the Visible Human Project [71]. Deconvolution
experiments were performed for each of the 3 TRFs, with the padding
size, matching the kernel radii, given by m, x n,.. The TRFs are shown in
Figures 6.7(al), 6.7(a2), and 6.7(a3), respectively, and their parameters
are listed in Table 6.1.

Table 6.1. Deconvolution experiment parameters for each TRF

TRF me n; Axial size Lateral size m, n,

TRF 1 2480 480 94 mm 95 mm 9 50
TRF2 2598 480 100 mm 95 mm 7 35
TRF3 2598 480 100 mm 95 mm 5 25

For every row iy, € {1, ..., m;}, we have defined the kernel k(i;,) in (6.51)
as

k(in)ij = Puz.o.(1)Puy,o0(in) (J) COS (QW%(Z’ - Mz)) ,

where p, ,() is a normalized Gaussian window, given by

Puo(T) = \/;TgCXP (_(z%é;)?) |

and parameters y, and p, are the center coordinates of the kernel. Axial

135



Ultrasound Image Reconstruction

standard deviation (SD) was set to o, = 01 and lateral SD to

oalin) = \/(2in) fms — 1)2(03 — %) + o2,

with 01 =m, /3 and o3 = n,/3. Here, fy = 3 MHz and f;, = 20 MHz are
the ultrasound central and sampling frequencies, respectively. For each
TRF deconvolution experiment, the depth-dependent width variation of the
kernel simulates the lateral spatial resolution degradation when moving
away from the focus point, located in the center of the image (47 mm from
the probe for TRF 1, 50 mm for TRF 2 and TRF 3). The envelopes of these
kernels at regular intervals across the image are shown in Figures 6.7(b1),
6.7(b2), and 6.7(b3). Whereas the TRF's are of approximately the same size,
the intensity of the blur differs in each experiment in order to display both
the high and low frequency reconstruction capabilities of our method. We
chose symmetric padding, as illustrated in Figure 6.3, because it is more
realistic than circular and zero padding and, by using a larger number
of pixels from the TRF, more robust to noise than replicate padding. A
small amount of noise was added to each TRF such that the signal to noise
ratio is 40 dB. The ultrasound images produced from each TRF using our
forward model in (6.37) are shown in Figure 6.7(c1), 6.7(c2), and 6.7(c3).

To estimate the TRFs, we have considered the inverse problem in (6.50)
with manually tuned parameters A\; = 2-107% and )y = 10~%. As in
Subsection 6.6.1, we address (6.50) with the optimized variant of ACGM
listed in Algorithm 11.

Due to the efficient matrix-free expressions of H in (6.51) and H” in
(6.53) as well as the sparse matrix implementation of P and P” (easily
precomputed using Theorem 10 and (6.49), respectively), deconvolution
with our model entails the same computational cost as with a fixed kernel
model.

The results of axially-invariant deconvolution (AI) are shown in Figures
6.7(d1), 6.7(d2), and 6.7(d3) and using our axially variant model (AV) in
Figures 6.7(el), 6.7(e2), and 6.7(e3), all after 150 iterations. Our approach
achieves almost perfect low frequency reconstruction for each TRF. For
higher frequencies, blurring destroys visual information. Therefore, re-
construction quality at this level depends on the size of the kernels. For
TRF 3, axial standard deviation values are the smallest and the blurring
process has not suppressed all minor details. Here, our method manages
to reconstruct even small, high contrast features.

For all TRFs, the gain in reconstruction quality is evident especially
in the upper and lower extremities, as can be discerned from Figure 6.7.
Interestingly, even though the two models differ only slightly in the center
of the image, our model performs better in that region as well.
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Figure 6.7. (a) Ground truth (in B-mode) of the tissue reflectivity function (TRF);
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(b) Demodulated kernels k(ix) for twenty depths at regularly spaced intervals
of 2 mm; (c) Observed B-mode image simulated following the proposed axially
variant convolution model; (d) Axially-invariant deconvolution result AI (in
B-mode) obtained with a fixed kernel equal to k(m./2) (the center kernel of
the axially variant model); (e) Axially variant deconvolution result AV (in
B-mode) using our model. All images are displayed using a dynamic range
of 40 dB. Row (al)-(el) pertains to TRF 1, row (a2)-(e2) to TRF 2, and row
(a3)-(e3) to TRF 3.



7. Conclusions

In this work, we have demonstrated that the estimate sequence can be
derived as a functional extension of the theoretical algorithm performance
bounds on large scale smooth problems. We have further extended these
results to the composite problem class. The estimate sequence optimum
is thus a computable substitute for the convergence guarantees on com-
posite problems. Next, we have shown that we can relax the estimate
sequence, by reducing the gap between the aforementioned optimum and
the convergence guarantee, to obtain the augmented estimate sequence.

The estimate sequence along with its augmented variant incorporate
convex global lower bounds on the objective function. When these lower
bounds are generalized parabolae, we have shown that the augmented
estimate sequence can be expressed using the simple gap sequence. The
Lyapunov property of the gap sequence is a sufficient condition, and thus
a replacement, for the augmented estimate sequence and, in turn, for the
convergence guarantee.

Using the ideas developed by Nesterov, we have formulated a design
pattern for first-order accelerated algorithms applicable to composite prob-
lems. Composite problems can be defined in terms of local upper bounds
and global lower bounds on the objective. The proposed pattern is based on
these properties as well as on an accumulated history of all previous global
lower bounds combined using a computationally inexpensive weighting
strategy.

The design pattern simplifies the derivation of a first-order optimization
method with a provable convergence rate to the selection of upper and
lower bounds along with the derivation of the corresponding update rules
to satisfy the Lyapunov property of the gap sequence. By selecting different
types of upper and lower bounds, we were able to derive several variants
of the novel Accelerated Composite Gradient Method, each possessing a
collection of desirable capabilities. These include optimal convergence
guarantees for non-strongly convex objectives, state-of-the-art guarantees
for strongly convex objectives, and monotonicity.

Interestingly, the local upper bound property in our pattern and the local
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Lipschitz property of the gradient are identical notions. By taking this into
account by default, the design process produces a fully adaptive line-search
procedure applicable to all the above variants. A further coincidence is
that when dealing with arbitrary strong convexity, the auxiliary point and
the recent iterates are collinear, a property that is retained to a certain
extent even by the monotone variants.

These features are not mutually exclusive and ACGM can posses all of
them simultaneously. Thus, ACGM acts as an umbrella method, effectively
encompassing several popular first-order schemes: original FGM [16], line-
search FGM [24], original FISTA [5], line-search FISTA [38,39], monotone
FISTA [22], as well as strongly convex extensions FISTA-CP [6], and
scAPG [21].

Standard WTU makes it possible to compare a wide range of algorithms
with vastly varying per-iteration complexity. It is particularly suited for
comparing the theoretical performance of FISTA and AMGS which, to the
best of our knowledge, has not been attempted before. When measured
in standard WTU, ACGM surpasses FISTA with backtracking line-search
as well as the algorithms from the AMGS family: original AMGS [17],
MOS, and AA [20]. The superior performance of ACGM is demonstrated
theoretically and is supported by simulation results. Moreover, simulations
show that the standard WTU results also hold for a common form of
generalized WTU.

Each of the aforementioned competing methods possesses one charac-
teristic of ACGM, but ACGM is unique among its class of algorithms for
having almost all the features of the competing methods. This explains the
superiority of ACGM with its class of algorithms.

ACGM can enable new applications, such as the accurate reconstruction
of ultrasound images. We have shown that ACGM is able to exploit the
inherent structure of the ultrasound image reconstruction inverse prob-
lem and is theoretically guaranteed to converge linearly for any type of
input data. Simulation results confirm that reconstruction is not only
computationally tractable, but has a rate that is competitive with existing
approaches relying on far more restrictive assumptions. In this respect,
the reliability of ACGM is particularly of value to the stringent demands
of the medical ultrasonography industry.

The results presented in this work also open up new avenues for investi-
gation. For instance, we have demonstrated that, under certain conditions,
the augmentation of the estimate sequence leads to the gap sequence. New
algorithms may be created by studying the effect of augmentation on other
types of global lower bounds or even other problem classes.

In the area of ultrasound imaging, ACGM can be used with more complex
models. These may include 3D models, non-linear models, or both.
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ABSTRACT

The Fast Iterative Shrinkage-Thresholding Algorithm (FISTA) is re-
garded as the state-of-the-art among a number of proximal gradient-
based methods used for addressing large-scale optimization prob-
lems with simple but non-differentiable objective functions. How-
ever, the efficiency of FISTA in a wide range of applications is ham-
pered by a simple drawback in the line search scheme. The local
estimate of the Lipschitz constant, the inverse of which gives the
step size, can only increase while the algorithm is running. As a
result, FISTA can slow down significantly if the initial estimate of
the Lipschitz constant is excessively large or if the local Lipschitz
constant decreases in the vicinity of the optimal point. We propose
a new FISTA-like method endowed with a robust step size search
procedure and demonstrate its effectiveness by means of a rigorous
theoretical convergence analysis and simulations.

Index Terms— FISTA, backtracking, line search, convergence

1. INTRODUCTION

Simple continuous convex optimization problems are used to model
many inverse problems and several simple classification tasks, par-
ticularly in imaging applications. Often, as in the case of sparse
inverse problems, the objective is not differentiable in certain parts
of the search space [1]. Accelerated algorithms that rely on gradient
information (e.g. [2]) cannot be used directly to solve such prob-
lems. However, if the problem objective has a composite structure,
certain algorithms are effective when supplied with proximal gra-
dient information, instead of gradient information [3]. Although the
number of variables can be large, usually of the order of millions [1],
with recent advances in graphics processors it is possible to compute
the proximal gradient on a single machine without the need for ex-
pensive communication between processing nodes. Consequently,
proximal gradient methods are increasingly employed for address-
ing composite problems, and have become the subject of very active
research [4-8]. Among proximal gradient methods, the Fast Itera-
tive Shrinkage-Thresholding Algorithm (FISTA) [9] is currently re-
garded as the state-of-the-art [1, 10].
FISTA is designed to solve the following problem:

min F(z) = f(z) + ¥(x), 1)

zEQ
where @ C R" is a closed convex set, @ is a vector of optimization
variables, and F' is the objective function, which has a composite
structure, i.e., f is a convex differentiable function with Lipschitz
continuous gradient (Lipschitz constant L) and W is a convex func-
tion that may not be differentiable nor defined outside ). However,
W is simple in the sense that the proximal operator

prox. g (v) = argmin (wm + e vu%) @
zeQ 27

978-1-5090-4117-6/17/$31.00 ©2017 IEEE

4521

can be computed for any v in the search space and any non-negative
step size 7 in O(n) time. The popularity of FISTA owes to its sim-
plicity and speed, but mostly to its generality [10]. The algorithm
is unaware of the nature of the objective function or the problem
constraints. It progresses using a sequence of calls to a proximal
gradient routine, each involving one call to the proximal operator.

‘When the Lipschitz constant L is not known in advance, FISTA
employs a simple backtracking “line search” procedure. However,
the effectiveness of FISTA is hampered by a simple drawback in
the search scheme, namely the estimate of the Lipschitz constant
can only increase while the algorithm is running. As the step size
is set to be the inverse of the Lipschitz constant estimate, the line
search may slow the progress of the algorithm. In two situations, the
drawbacks of the search are evident: (i) Lo, the initial estimate of
Ly, far exceeds the actual value and (ii) the local curvature of f is
large in the vicinity of the initial iterates but decreases around the
optimal point.

A number of approaches addressing both aforementioned issues
have been proposed in the literature. A method that predates FISTA,
which we choose to call Nesterov’s Accelerated Multistep Gradient
Scheme (Nesterov’s AMGS) [11], does feature a step size increase
schedule. While having comparable theoretical convergence guar-
antees to FISTA, it is slower in the most common applications [12].
A variation of Nesterov’s AMGS more similar to FISTA, mentioned
in [3], is nominally equipped with a step size increase option when
“conditions permit”. However, the study does not quantitatively de-
scribe these conditions nor does it provide any theoretical conver-
gence guarantees. In a recent study [13], FISTA has been equipped
with an “exact” line search procedure. This version comes with arig-
orous convergence analysis but assumes that the objective function
is known to the algorithm, detracting from the generality of FISTA’s
black-box philosophy.

In this work, we propose an algorithm that alleviates the draw-
backs of FISTA in the above mentioned situations, rendering it ro-
bust in the sense that it can be applied without parameter adjust-
ment to the full spectrum of problems it addresses. Furthermore, our
method does not restrict the generality of FISTA and does not alter
the theoretical convergence guarantees while surpassing FISTA in
practice. We support our findings with simulation results.

2. ROBUST LINE SEARCH FISTA

Our goal is to create an algorithm that can dynamically adjust the
Lipschitz constant estimate at every iteration. The simplest and most
straightforward way of achieving this is by decreasing the Lipschitz
constant estimate slightly at the beginning of every iteration, relying
on backtracking to correct excessive reduction. This search strat-
egy is not applicable to FISTA (i.e., convergence cannot be theo-
retically guaranteed) because this method collects insufficient infor-
mation while it is running. In FISTA, the first iteration £k = 0 is
a proximal point step [10]. At every subsequent iteration & > 1,
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the new iterate €41 (estimate of optimal point x*) is obtained by
querying the proximal gradient not at the previous iterate xy, but at
a point Y51 obtained from the two preceding iterates & and xx_1
through extrapolation, the extent of which depends on terms ¢, and
ti41 of a recursively defined weight sequence {¢;};>1. Although
not maintained explicitly while running, FISTA’s convergence anal-
ysis relies on an auxiliary sequence (which we denote by {z; }i>0)
that is updated in parallel with {@;};>0. Note that y;41 can be ob-
tained as a convex combination of @ and zj, with the weighting
determined by ¢; and tj41.

FISTA benefits from the same simplification employed by the
Fast Gradient Method (FGM) [2]. When the step size is non-
increasing, the sequence {¢;};>1 can be determined a priori, irre-
spective of Lipschitz constant estimate values. Maintaining at every
iteration k the accumulated weight property

k+1
Tipr =) ti=tiy, k20, 3)

=1

guarantees an O(k%) rate of convergence, optimal for a class of first-
order algorithms introduced in [2]. By relaxing the non-increasing
step size assumption, the weight sequence {¢; };>1 can be updated to
take into account the current and past Lipschitz constant estimates,
yielding a more robust algorithm that retains the (’)(k%) rate of con-
vergence. Specifically, we can replace the accumulated weight prop-
erty (3) with

k+1
t;
Tey1 =) 7= > Lewatin, VK20, o)

i=1 "

where L1 represents the new Lipschitz constant estimate obtained
at iteration k. Equality in (4) ensures the fastest theoretical conver-
gence rate but our framework accommodates also methods that vio-
late equality to trade off speed for other desirable properties, such as
weak convergence of iterates [7] or ease of interpretation [14].

Using equality in (4), we propose the method outlined in Al-
gorithm 1. Our notation differs slightly from the one used by
FISTA [9]. We define the quadratic function Uy, , () as

Ury(@) = J@) + (V@) e —9) + 2l —yli ©

Then, by fixing the step size in (2) to be 7 = 1/L, the proximal
gradient expression becomes

pr(y) = argngin (Ury(z) + ¥(z)) (6)

=prox,q (Y —7v f(y))- (7

‘While the formulation of our algorithm appears greatly dissimi-
lar to FISTA, in fact, we can obtain an algorithm that is completely
equivalent to FISTA (which we designate as z-FISTA) by simply re-
moving line 4 and by modifying lines 6 and 19. For z-FISTA, line 6

reads instead as
P 1+ V1 +4Tx
T 2
and line 19 is replaced with z;+1 = 2k + f(i - 9).

The relation of the remainder of parameters in Algorithm 1 to
those present in z-FISTA is listed in Table 1. In the proposed method,
the accumulated weight T} constitutes a valid convergence rate
at each iteration k (see Section 3 for proof). The quantity 741
does not hold the same meaning in z-FISTA, where a valid conver-
gence rate is instead given by Tt+1 = Tit1/Li+1. This is poorer

(®)

than in our method. In FISTA, {z;};>0 and {T}};>¢ are abstracted
away. Similarly, in the proposed method, there is no need to main-
tain {y;}i>1 nor {¢; };>1 across iterations. Instead, we update only
current estimates of these sequences.

Algorithm 1 A robust FISTA-like algorithm
1: Z0 = Xo
2: To =0
3: fork =0,...,.K-1do
4: i/ = yqLk

5. loop

7: T:=T,+1
8: Y= %(Tkmk + fzk)

9: = p; (9)

10: if /() < U 4(2) then

11: Break from loop

12: else

13: L= %ﬁ

14: end if

15:  end loop

16: Liy1 = I:

17: Tpr1 =X

18: Tk+1 = T N

190 zpp1 = 2z, +LL(E — )

20: end for

Table 1. Parameters and variables used by our method
. o z-FISTA

Type Symbol Domain Description equivalent
Input xo R™ initial estimate of & same
Input Lo (0,00) initial estimate of Ly  same
Input Yu (1,00) increase rate of L same
Input g (0,1)  decrease rate of L none
Internal [, (0,00) estimate of Ly same
Internal = Q estimate of @y 41 same
Internal g R™ estimate of yx41 Yh+1
Internal ¢ (0,00)  weight of zj41 2’::1
Internal 7’ (0,00) estimate of Tyq1 Z’,‘C j:
Output  xx Q final estimate of ™ same

Our method cannot be benchmarked directly against FISTA and
Nesterov’s AMGS in terms of theoretical computational complexity.
Each method calls a dynamic mix of functions which, depending on
the problem specification, may have vastly varying relative complex-
ities. Table 2 provides a detailed description of the type and number
of function calls in several stages of an iteration. Our method re-
quires more computation than FISTA for a backtracking operation
while showing no increase in complexity when no backtracks occur.
Nesterov’s AMGS cannot be compared in any algorithmic state as it
was designed to work without the need to implement function value
calls to f. An iteration of Nesterov’s AMGS does, however, require
at least two projection calls (proximal operator plus gradient compu-
tation) which gives it a clear disadvantage when these operations are
more complex than calls to f. Overall, our method strikes a balance
in a variety of situations, further contributing to its robustness.
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Table 2. Per iteration complexity, measured in terms of operator calls, of FISTA, Nesterov’s AMGS, and our method

FISTA Nesterov’s AMGS Our method

I vf prox g [ vf prox g [ vf prox g
Step size validation (lines 4 to 11) 2 1 1 0 2 1 2 1 1
Backtrack (lines 4 to 15) 1 0 1 0 2 1 2 1 1
State update (lines 16 to 19) 0 0 0 0 0 1 0 0 0
Iteration without backtrack (lines 4 to 19) 2 1 1 0 2 2 2 1 1

3. CONVERGENCE ANALYSIS

While our method does not keep track of the sequences {yx }r>1
and {tx }r>1, they can be easily recovered. Lines 6, 7, 8 and 18 in
Algorithm 1 imply that

the1 =Tpe1 — T, VE>0, )
Tht1Yr+1 = Thxr + tey12i, Yk >0. (10)
Given that for every k > 1, ;. satisfies relations
f(wk) < ULL-,Vyk (mk)7 (11)
Tk :ka(yk)7 (12)

enforced by lines 9, 10, 16 and 17 in Algorithm 1, it follows that
[9, Lemma 2.3] holds for all k > 1 and « € R", that is

F(@)~ Flar) > 2 o~ gl + Llys — @20 -y (13)
Let us consider the sequence { A } >0, defined as
A =Tu(Flaw) ~ F) + llan—a'lB, vE>0. (14
‘We aim to prove that this sequence is non-increasing. Indeed, apply-

ing (13) at iteration k£ + 1 (for all k¥ > 0) using @), and ™ as values
of & we obtain

Ly
F(z) — F(zre1) > %leﬂrl — Yrplla+ (15)
Lit1(Yrkt1 — @, Th1 — Yrt1),
* L
F(@') = Pwp) > =55 @i — yes o+ (16)

Lit1 (Y41 — @7, @1 — Yrs1)-

Lines 6, 7, 16 and 18 ensure that (4) holds with equality. Using (9),
(10), and (4) in T}, - (15) + tx+1 - (16) we obtain

Te(F(zr) = F*) = Tip1 (F (@) — F*) > (17

Lisitipill®ess — yngrll3 + thraLigr (2 — 27, er1 — ynya)-

Lines 16 and 19 translate into the following recursion rule:
Vk > 0. (18)

Then, using (18) in (17) and rearranging terms, we obtain the desired
result,

241 = 2k + ter1 L1 (Thg1 — Yrt1),

Apy1 <A, VE2>0. (19)
This last inequality implies that every term Ay, k > 1, is upper
bounded by Ag. Given that Ag = L||zo — «*||3 and that the quan-
tity £ ||z — *||3 is always non-negative, we can write down a con-
vergence rate explicitly as

1
F(xg) — F* < ——||l@o — "3, VE>1.

ST (20)

Clearly, T}, constitutes a valid convergence rate. To obtain a sim-
ple closed form convergence rate, it suffices to find a simple lower
bound for Tx. When L, > Ly, due to the Lipschitz continuous
property of <7 f, inequality (11) holds regardless of the values of xy,
and yi. Hence, the backtracking search will never produce a value
of Ly, beyond 7y, L. Therefore, combining (4) with Ly < v, Ly we
obtain

1 1 Tk
Ths1 2T+ —— 44| ——~+—, VE>0. 2D
" 2vuly 4(yulf)®  vuls
Using (21) and Ty = 0, it follows through induction that
2
Ty > (k+1)° k>1. (22)

dyaLy; 2

Finally, substituting the lower bound on 7} (22) in (20) we ob-
tain the same quadratic convergence rate as the original FISTA
[9, Theorem 4.4], namely

29, L
Flay) - F* < 2z — 2|3, k> 1.

= m (23)

Note that our convergence analysis is more general than the one
provided in [9]. Inequality (19) applies to FISTA as well (by replac-
ing T}, with T, = t% /Ly, for k > 1 and setting Ty = 0) and can be
used to obtain the same convergence rate for variations on the weight
update rule (8).

4. NUMERICAL ANALYSIS

The performance of our method (Algorithm 1) was tested and com-
pared to that of FISTA with backtracking line search and Nesterov’s
AMGS on the [; regularized deblurring of a simple test image.
For ease of benchmarking, we used the experimental setup from
[9, Section 5.1]. The composite objective function is given by

f@) = Az —bl3, V()= A, 4
where A = RW; R is a matrix representing Gaussian blur (9 x 9
pixel kernel, standard deviation 4.0, reflexive boundary condi-
tions [15]); W is the inverse three-stage Haar wavelet transform; b
is obtained by applying R to the 256 x 256 cameraman test image
(pixel values scaled to the [0, 1] range), followed by the addition of
Gaussian noise (zero-mean, standard deviation 10~%). Here, 7 f
has a Lipschitz constant value Ly = 2.0, computed as the maximum
eigenvalue of a symmetric Toeplitz-plus-Hankel matrix, according
to [15], and A = 2 - 107° is a regularization parameter. In addi-
tion, we chose v, = 2.0 and 74 = 0.9 for each method tested, as
these values were suggested in [3] to “provide good performance in
many applications”. Two scenarios are considered: a pathologically
overestimated initial guess Lo = 10L; (Fig. 1) and a normally
underestimated Lo = 0.3L (Fig. 2).
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Fig. 2. Comparison of FISTA, Nesterov’s AMGS, and our method for an underestimated initial Lipschitz constant: Lo = 0.3Ly

Convergence is measured in terms of the difference between ob-
jective function values and an optimal value estimate, during the first
1000 iterations (Figs. 1(a) and 2(a)). This estimate was computed as
F(x*), where x* is the iterate obtained after running fixed step size
FISTA with the correct Lipschitz constant parameter for 10000 iter-
ations. Key algorithm state parameters, such as Lipschitz constant
estimates (Figs. 1(b) and 2(b)) and inertial degrees (Figs. 1(c) and
2(c)) are shown only during the first 100 iterations, as subsequent it-
erations did not reveal more information. Inertial degrees are defined
at every iteration k > 0 as the cosine of the angle between yj1 and
x) at x—1. When two of these points match, the inertial degree is
set to 1.

In both scenarios, after the first 400 iterations, our method
clearly surpasses the others in terms of function value (Figs. 1(a)
and 2(a)). FISTA converges slowly, especially in the pathological
case where, as expected, FISTA is unable to reduce its Lipschitz
constant estimate (Fig. 1(b)), whereas the other methods are able to
decrease their estimates at comparable rates during the first 30 itera-
tions. Under normal conditions (Fig. 2(b)), FISTA quickly increases
its estimate in the first iterations after which the value reaches a
saturation level. The other methods are constantly adjusting their
estimates. In both situations, our method produces on average a
lower Ly than the other two methods. FISTA’s inability to reduce
Ly, accounts for its high estimates whereas Nesterov’s AMGS has a
stricter backtracking condition than our method or FISTA, leading
to more backtracks.

In our method, just as in FISTA, yir4+1, «r and x,_; are
collinear (Figs. 1(c) and 2(c)). However, in Nesterov’s AMGS they
are not, contradicting the notion found in several monographs in the
field (e.g. [10,16]) that all accelerated first order methods rely on ex-

trapolation. We provide in [12] a rigorous proof of collinearity in the
proposed method and corroborate the superiority of our algorithm
with a more detailed performance analysis.

In summary, our method can be regarded as a hybrid of FISTA
with its collinear iterates (Figs. 1(c) and 2(c)) and Nesterov’s AMGS
with its dynamic step search procedure (Figs. 1(b) and 2(b)), benefit-
ing from the strengths of these methods while alleviating the draw-
backs. Namely, our method produces more accurate estimates of
the local curvature of f (unlike the artificially high estimates of
FISTA) and is able to utilize both gradient and subgradient infor-
mation (whereas Nesterov’'s AMGS updates a weighted average of
gradients without taking into consideration the subgradient of W),
resulting in larger steps and, consequently, faster convergence.

5. CONCLUSION

By updating the weight sequence to take into account the current
and past Lipschitz constant estimates, we have devised a FISTA-like
algorithm with a robust step size search strategy. We have shown
that the same theoretical convergence rate of O(k%) applies to our
method, with a provably smaller constant. Simulation results on the
very problem FISTA was introduced to solve show that our method
surpasses both FISTA and the more complex Nesterov’'s AMGS,
without the need to adjust any parameters.

The properties of the proposed method follow naturally from the
augmented estimate sequence framework [12]. In fact, our method is
a particular case of the Accelerated Composite Gradient Method, a
general-purpose optimization scheme [12]. Thus, the concepts pre-
sented in this work are of importance to the entire field of accelerated
optimization algorithms.
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Abstract—Various inverse problems, tabulated function mini-
mization problems, and machine learning tasks can be expressed
as large-scale optimization problems with a composite objective
structure, where the Lipschitz constant of the smooth part
gradient is not known. For other problems, as in /;-regularized
logistic regression, the global Lipschitz constant is known but its
local values may only be a fraction of the global value. In all
the above cases, the smooth part may be strongly convex as well.
Numerous methods have been proposed to deal with different
instances within this class of problems. However, these do not
account for the characteristics of the entire problem class, leading
to performance degradation or outright divergence outside their
scope. The most generic among them are black-box accelerated
first-order methods, related to either Nesterov’s Fast Gradient
Method (FGM) or the Accelerated Multistep Gradient Scheme
(AMGS), which were developed and analyzed using the estimate
sequence mathematical framework. In this work, we introduce
the aug ted estimate seq e framework, a relaxation of the
estimate sequence. When the lower bounds incorporated in the
augmented estimate functions are hyperplanes or parabolae, this
framework generates a conceptually simple gap sequence. We
use this gap sequence to construct the Accelerated Compos-
ite Gradient Method (ACGM), a versatile first-order scheme
applicable to the entire composite problem class. Moreover,
ACGM is endowed with an efficient dynamic Lipschitz constant
estimation (line-search) procedure. Motivated by the absence of a
reliable complexity measure applicable to all first-order methods,
we also introduce the wall-clock time unit (WTU). The WTU
accounts for variations in algorithmic per-iteration complexity
and more consistently reflects algorithm running time in practical
applications. When analyzed using WTU, ACGM has the best
provable convergence rate on the composite problem class, both
in the strongly and non-strongly convex cases. Our simulation
results confirm the theoretical findings and show the superior
performance of our new method.

Index Terms—acceleration, composite objective, estimate se-
quence, first-order method, large-scale optimization, line-search,
optimization algorithm

I. INTRODUCTION

Numerous signal processing applications in compressive
sensing, medical imaging, geophysics, bioinformatics, and
many other areas are currently empowered by large-scale
optimization methods (see [1]-[3], and references therein).
These applications, due to their size, can only be modeled as
optimization problems for which simple operations such as the
first-order derivative of objective function are computationally
tractable but complex operations such as Hessian inversion

M. L. Florea (E-mail: mihai.florea@aalto.fi) and S. A. Vorobyov (E-mail:
sergiy.vorobyov@aalto.fi) are with Aalto University, Department of Signal
Processing and Acoustics, FI-00076, AALTO, Finland. This work has been
partially supported by the Academy of Finland (Grant No. 299243). A
particular case of the algorithm introduced in this paper was presented at
the 42nd IEEE ICASSP, New Orleans, USA, March 2017.

are not (large-scale problems [4]). When these problems are
additionally convex, algorithms employing calls to first-order
operations (first-order methods) are able to obtain arbitrarily
precise estimates of the optimal value given a sufficient
number of iterations. Nesterov has demonstrated that first-
order methods can be accelerated, when he proposed his
breakthrough Fast Gradient Method (FGM) [5]. FGM was
constructed using the simple mathematical machinery of the
estimate sequence [6]. The estimate sequence is a collection of
estimate functions, each being a scaled version of a function
that incorporates a global lower bound while having an
optimal value that is a local upper bound on the objective
function. The local upper bounds tighten as the algorithm
progresses, thereby ensuring a provable convergence rate.

Using the estimate sequence, the design process of FGM
is straightforward and, by exploiting the structure of smooth
problems, simultaneously produces state-of-the art conver-
gence guarantees. FGM converges for non-strongly convex
objectives at an optimal rate O(1/k?) and for strongly convex
objectives at a near-optimal rate O((1 — /) "), where k is
the iteration index and ¢ is the inverse condition number of
the objective [6]. However, FGM requires that the objective
be continuously differentiable with Lipschitz gradient, the
Lipschitz constant be known in advance, and the problem be
unconstrained.

A broad range of problems, including the most common
constrained smooth optimization problems, many inverse prob-
lems [7], and several classification and reconstruction prob-
lems in imaging [8], have a composite structure, wherein the
objective is the sum of a smooth function f with Lipschitz
gradient (Lipschitz constant L) and a simple function V¥, that
may embed constraints by including the indicator function
of the feasible set. By simple function, we mean here that
the proximal operator of U is exact (for treatment of inexact
oracles see, e.g., [9]) and has a negligible cost compared
to other operations. We stress that while many specialized
methods have been introduced to tackle composite problems
that have additional structure, such as sparsity (e.g., [10]-
[13]), we focus on methods applicable to the entire problem
class. In particular, we follow the black-box oracle model [14].
Namely, we assume that the exact nature of the objective
function is not known by the optimization algorithms (outside
the assumptions of the problem class) and they can only obtain
information on the problem by calling oracle functions. Apart
from generality and theoretical simplicity, this model is also
well suited for software libraries. Optimization algorithms can
be implemented as methods that take as arguments callback
oracle functions. Solving a particular problem reduces to



providing an implementation of the oracle functions.

To address the demand for fast algorithms applicable to this
problem class, as well as to alleviate the need to know L in
advance, Nesterov has introduced the Accelerated Multistep
Gradient Scheme (AMGS) [15] that relies on composite gra-
dients to overcome the limitations of FGM. This algorithm also
adjusts an estimate of L at every step (a process often called
“line-search” in the literature [7], [16]) that reflects the local
curvature of the function. The information collected by AMGS
to estimate L is reused to advance the algorithm. However,
AMGS requires line-search to complete before proceeding to
the next iteration. This increases the per-iteration complexity
of AMGS to at least twice that of FGM. Consequently, the
theoretical convergence guarantees of AMGS, while being
better than FGM when measured in iterations, are in fact
considerably inferior to FGM in terms of running time (see
Appendix A for a detailed analysis).

The Fast Iterative Shrinkage-Thresholding Algorithm
(FISTA) [7] decouples the advancement phase from the adjust-
ment phase, stalling the former phase only during backtracks.
Decoupling renders the computational complexity of a FISTA
iteration comparable to that of FGM. However, FISTA has
a fixed O(1/k?) provable convergence rate even when the
objective is strongly convex, and the line-search strategy
cannot decrease the L estimate. Similar algorithms to FISTA
have been collectively analyzed in [17], but none overcome
these drawbacks.

While preparing this manuscript, we became aware of
a strongly convex generalization of FISTA, recently intro-
duced in [8], which we designate by FISTA-Chambolle-Pock
(FISTA-CP). It has the same convergence guarantees as FGM
in both the non-strongly and the strongly convex cases. The
monograph [8] hints at but does not explicitly state any line-
search strategy. Two recent works also seek to overcome the
drawbacks of backtracking FISTA in the strongly convex case.

The first work [18] introduces a family of methods with two
notable members. One is the Monteiro-Ortiz-Svaiter (MOS)
method, which can be regarded as a simplification of Nes-
terov’s AMGS, obtained by discarding the line-search proce-
dure. MOS has better convergence guarantees than AMGS but
it cannot surpass FISTA-CP. The other member is the Adaptive
Accelerated (AA) method, which is obtained from MOS by
adding an estimate sequence based acceleration heuristic that
increases empirical performance on the applications studied
in [18] but weakens the theoretical convergence guarantees,
making them poorer than those of AMGS (see also Ap-
pendix A). The two restart heuristics proposed in [18] are
altogether incompatible with the convergence analysis.

The second work [19] proposes a strongly convex Ac-
celerated Proximal Gradient (scAPG) method, which can be
regarded as a line-search extension of FISTA-CP applicable
to problems where the smooth part f is strongly convex. The
convergence guarantees however do not apply outside this
scenario.

Thus, a multitude of methods have already been proposed to
tackle composite problems with specific additional structure,
but none of them successfully combine the strengths of FGM,
AMGS, and FISTA.

A. Contributions

« In this work, we give a new interpretation of Nesterov’s
first-order accelerated optimization algorithms and for-
mulate a generic design pattern for these algorithms based
on local upper bounds and global lower bounds. The
global lower bounds are incorporated in the estimate
functions whereas the local upper bounds are defined
separately.

« Nesterov’s estimate sequence can be relaxed to produce
an augmented estimate sequence. Augmentation renders
the estimate sequence invariant to the tightness of the
global lower bounds.

o« When these lower bounds take the form of general-
ized parabolae (hyperplanes or quadratic functions with
Hessians equal to multiples of the identity matrix), the
augmented estimate sequence property can be insured by
maintaining a non-increasing (Lyapunov property) gap
sequence.

« We provide, using the above design pattern and the gap
sequence, a step-by-step derivation of our Accelerated
Composite Gradient Method (ACGM), a versatile first-
order scheme for the class of large-scale problems with
composite objective structure, which has the convergence
guarantees of FGM in both the non-strongly and strongly
convex cases. ACGM is equipped with an efficient adap-
tive line-search procedure that is decoupled from the
advancement phase at every iteration. ACGM does not
require a priori knowledge of the Lipschitz constant and
can converge even when the Lipschitz property holds only
locally.

¢ ACGM is derived in an estimate sequence based form
but it can be brought to an equivalent extrapolation based
form that is more similar to FISTA and its extensions.

o We introduce the wall-clock time unit (WTU), a com-
plexity measure that accounts for variations in the per-
iteration complexity of black-box optimization algo-
rithms. WTU more accurately reflects the actual perfor-
mance of such algorithms in practical applications.

« When analyzed using WTU, ACGM has the best provable
convergence rate both in the strongly and non-strongly
convex cases.

« We corroborate the theoretical arguments with simulation
results. Specifically, we show that on a popular instance
of the non-strongly convex [;-regularized image deblur-
ring problem and on a random instance of the strongly
convex logistic regression with elastic net regularization
problem, each with the Lipschitz constant assumed un-
known, our method surpasses the state-of-the-art in terms
of WTU usage.

B. Assumptions and notation

We consider the following convex optimization problem
min F(z) £ f(z)+ ¥(z),
xeR™
where x is a vector of n optimization variables. In this work,

we consider only large-scale problems [4]. The composite ob-
jective F' has a non-empty set of optimal points X *. Function



f:R™ - R is convex differentiable on R™ with Lipschitz
gradient (Lipschitz constant Ly > 0) and a strong convexity
parameter py > 0. The regularizer ¥ : R™ — R U {oo} is a
proper lower semicontinuous convex function with a strong
convexity parameter py. This implies that F' has a strong
convexity parameter p = p¢ + pug. The regularizer ¥ embeds
constraints by being infinite outside the feasible set. It does not
have to be differentiable. However, its proximal map, given by

1
prox.y(@) £ arguin () + 5= - o13)
T

z€R™
for all x € R® and 7 > 0 can be computed with com-
plexity O(n). Here ||.||2 denotes the Euclidean norm. The
optimization problem is treated by algorithms in a black-box
setting [14], i.e. algorithms can only access oracle functions
f(z), Vf(x), ¥(x), and prox . (x), with arguments € R"
and 7 > 0.
We define a parabola as a quadratic function ¢ : R — R
of the form

. n
U@ 2 v+ e - vl zeR",

where v > 0 gives the curvature, v € R" is the vertex, and
1* is the optimal value. We also define P as the set of all
parabolae, H as the set of all linear functions h: R" — R
(which we denote as hyperplanes), and G as the set of
generalized parabolae, G 2 P U H. We define two abbreviated
expressions, Psy(x) € H and Qy y(x) € G, as

Pry(®) = f(y) +(Vi(y),z—y),
Qraw(®@ 2 Pry(@)+ e -yl M

for any &,y € R™ and v > 0, where (.,.) denotes the
inner product. Using expression (), we introduce the proximal
gradient operator T ¢, (y) as

Trw.1(y) £ arg glin (Qf,Ly(x) + ¥(x))
xeR™

1
= Pproxiy (y - EW(.@)) ; YERT, @)

where L > 0 is a parameter corresponding to the inverse of
the step size.

For a given function ¥, we also define the set of composite
parabolae Py 2 {¢+c¥ | ¢ >0, ¥ € P}.

II. THEORETICAL BUILDING BLOCKS

First, we present the mathematical machinery used in
constructing ACGM. We begin this section with a novel
interpretation of Nesterov’s estimate sequence, we proceed by
introducing a generic design pattern for estimate sequence
based algorithms, and conclude with the properties of the
composite gradient that allow us to design the relaxed lower
bounds of ACGM.

A. Estimate sequence

For the class of composite problems with non-strongly
convex objectives, regardless of the optimization algorithm
used, the convergence of the iterates can be arbitrarily slow [6],

[20]. Consequently, we express the convergence rate of first-
order schemes on the entire composite problem class as the
decrease rate of the distance between the objective value
and the optimal value. We define a convergence guarantee
(provable convergence rate) as the decrease rate of a theoretical
upper bound on this distance. When designing algorithms,
we index objective values based on iterations.! The bound
is expressed in terms of points in the domain space (see also
[15]) as

1
Ap(F(@y) = F(2")) < Sllwo — |3, ©)

for any * € X* and k£ > 0. Without loss of generality, we
will fix * to be an arbitrary element of X* throughout the
remainder of this work. The weight sequence {Aj},>o with
Ay, > 0 for all £ > 1 gives the convergence guarantees. Since
the starting point @ is assumed to be arbitrary, the composite
function value F'(x() may not be finite and no guarantee can
be given for k& = 0. Therefore, A is set to 0 to ensure that
(3) holds.

The provable convergence rate expression (3) translates to

ApF(xy) < Hy, @
where
1
Hy, & A F(x*) + §Ha:0 —z*|%, k>0, 3)

is the highest allowable upper bound on the weighted objective
values Ay F'(x). The convexity of F' ensures that there exists
a sequence {W}};>1 of global convex lower bounds on F,
namely

F(z) > Wi(z),

zeR", k>1. (6)

We define an estimate sequence {¢(x)}r>0 as

(@) & AWi(z) + %Hw —@olZ 0<y0 <1, k>0.

@]
Here ¢y for & > 0 are estimate functions and =y is the
curvature of the initial estimate function 1. Since Ay = 0,
there is no need to define W. Both AMGS and FGM are built

to maintain the following estimate sequence property?
ApF(mr) < 9, ®)

where
¢ £ min ¢y (x), k>0
xER™

The estimate sequence property states that the estimate func-
tion optimal value is a scaled (by Ay) local (at xy) upper
bound on the objective F'. Since the weights are increasing,
it follows that the local upper bounds Aik_w,j for k > 1 are
increasingly tight, while incorporating the global lower bounds
Wi. The provable convergence rate bound in (4) follows
naturally from (6), (7), and (8). Thus, we have

ApF(zy) < ¥ < Yu(x™) < Hp, k>0,

IThis does not necessarily reflect the actual performance of the algorithm.
See Section IV for a detailed discussion.

2The definition in (7) corresponds to the “newer variant”, introduced in [15]
to analyze AMGS in the context of composite functions and, in particular,
of infeasible start. For FGM, the estimate sequence definition differs slightly

(see [6], [9D).



The estimate sequence property in (8) is more stringent than
the provable convergence rate expression (4). The gap between
vy and Hj, is large and, as we shall see in Subsection III-B,
can be reduced to yield a relaxation of the estimate sequence
with remarkable properties.

B. A design pattern for Nesterov’s first-order accelerated
algorithms

Nesterov’s FGM and AMGS share the structure outlined in
Algorithm 1.

Algorithm 1 A design pattern for Nesterov’s first-order accel-
erated algorithms

1: (@) = AoF(20) + [l — 0|13

2: for k=0,...,K —1do

© Lpy1 = S, Yr, Ar, Li)
agt1 = Fa(Prs A, Lit1)
Yrr1 = Fy(@r, i, A, ary1)
App1 = A +agqr
ZTjy1 = arg min ug4q ()
xeR™

8  tpyi(x) = Yr(x) + apr1wiir ()
9: end for

“line-search”

N R

Algorithm 1 takes as input the starting point o € R", an
initial estimate of the Lipschitz constant Ly, > 0, the total
number of iterations K > 0, the initial weight Ay > 0,
and the initial curvature 0 < 79 < 1. At every iteration k,
the future value of the main iterate x;y; is generated using
majorization minimization, i.e., it is set as the minimum of
ug+1(), alocal upper bound on F' (Algorithm 1, line 7). Note
that uy.1(x) is not related to ¢;. The estimate function v, is
incremented with a global lower bound wy.+1 () weighted by
ap+1 (Algorithm 1, line 8). This ensures that the next estimate
function 4 retains the canonical form in (7), where the
lower bounds W), are given by

k
1
Wi(z) = a Zaiwi(x), k> 1.
i=1

The weight ar4; and the test point yj4, are obtained as
functions F, and F,, respectively, of the state variables at
each iteration (Algorithm 1, lines 4 and 5). These functions
are derived in the algorithm design stage to guarantee that
the estimate sequence property in (8) carries over to the next
iterate, regardless of the algorithmic state. The line-search
procedure S (Algorithm 1, line 3) outputs an estimate of Ly,
denoted by L.

Table I lists the expressions of functions F, and F, as well
as the lower bounds w1 () and upper bounds w41 (x) for
both FGM and AMGS. Note that FGM does not use line-
search nor the input parameter L. It assumes that ¥(x) = 0
and that Ly is known in advance. It defines the local upper
bounds based directly on L. The estimate functions of FGM
and AMGS take the form of

/ * Tk
UEM (@) = ()P 4 2 —

\ coanes 1
UM (@) = (pi)AME + Sz - o3 + Ar¥ (),

for all £ > 0. Both methods enforce 79 = 1 (our notation
differs from the one in [6]). The convergence analysis of
AMGS requires that Ay = 0 (also argued in Subsection II-A)
while for FGM we have 0 < Ag < 1/Ly.

Under the above assumptions, by replacing the symbols in
Algorithm 1 with the corresponding expressions in Table I, we
recover FGM and AMGS, respectively.

C. Composite gradient

A further link between FGM and AMGS has been provided
in [15] by means of the composite gradient, defined as
y €R",

9r.(y) £ L (y—Trur(y)), L>0. 9

As we shall see in (18), there is no need specify functional
parameters. The composite gradient substitutes the gradient for
composite functions and shares many of its properties. Most
notably, the descent update (Algorithm 1, line 7) in FGM,
given by

1
Tht1 = Y1 — ffo(yk:+1)7

can be written similarly in AMGS using the composite gradi-
ent as

1
Tr+1 = Yk+1 — mngH(ykJrl)-

In addition, the descent rule [6], which for FGM takes the
form of
1
f(@rt1) < f(yr+1) — mﬂvf(ykﬂ)\@» (10)

is obeyed by the composite gradient in AMGS as well (see
Lemma 1), that is,

1
F(@pi1) < F(Yrtr) — ﬁ“guﬂ(ykﬂ)ug-

These properties suggest that FGM could be applied to com-
posite objectives simply by replacing the gradient call with
a composite gradient call, yielding an algorithm that has the
superior convergence guarantees of FGM and the applicability
of AMGS.

III. ACGM

The convergence analysis of FGM in [6] requires only two
properties of the gradient to hold: the descent rule in (10) and
the supporting generalized parabola condition, i.e., Qy .,y ,
is a lower bound on function f for all £k > 0. However,
the naive extension of Qy ., ., (%) to composite gradients,
written as

1
F(yrt1) +{9risr (Y1), T— Yrp1) + §Hm —yrsll3, A1)

is not guaranteed to be a valid lower bound on F' for any
value of Lj; > 0. Hence, this convergence analysis of FGM
does not apply to composite objectives.



TABLE 1
DESIGN CHOICES OF FGM AND AMGS AT EVERY ITERATION k& > 0

Symbol In FGM In AMGS
wi1(x) Qf iy (T) Pfayq (@) + ¥(z)
ug+1(2) Qf,Lyypsq (@) Qf Liy1ypir (®) + ¥()

Fa(¥r, Ak, L)

Fy (@i, Yrs Ak, ak+1)

Solution a > 0 of
Lya® = (A + a) (v + pa)
ApVe+12Tk + Ak+176Vk
ApYi+1 + Gk+17k

Solution a > 0 of
Liy1a? = 2(A + a)(1 + pAy)
Apzp + app1vk
Ag + ag41

A. Relaxed lower bound

We seek a suitable replacement for the FGM supporting
generalized parabolae, bearing in mind that the accuracy of
the lower bounds at every iteration impacts the convergence
rate of the algorithm. At every iteration k, the lower bound in
FGM takes the form of an approximate second order Taylor
expansion of f at yii1. For ACGM, we produce a similar
lower bound on F' by transferring all strong convexity, if any,
from ¥ to f as

f@) 2 f@)+ Ellw =3, (12)
V(@) £ U(@) - Hllle - w3 (a3

Note that the center of strong convexity in (12) and (13) can be
any point in R". We choose x( only for convenience. Function
/" has Lipschitz gradient with constant Ly = Ly + py and
a strong convexity parameter p - = p. Naturally, this transfer
does not alter the objective function

F(z) = f(z) + ¥(z) = f'(z) + V()
and gives rise to the following remarkable property.

Proposition 1. By transferring convexity as in (12) we have
K
Qe (@) = Qpr@) + 2l — ol
for all x,y € R™ and L > 0.

Proof: See Appendix B. |
From Proposition 1 and (12) it follows that the descent
condition for f at every iteration k, given by

f@rg1) < Qf Ly yrrs (Tht1)s (14)
is equivalent to that of f’, stated as
f(@re1) < Qg i (®n), (15)

where Lj_,, L Lpy1 + p.

When designing ACGM, we assume no upper bound on
W. Therefore, we have to choose a composite parabolic upper
bound on F at every iteration k > 0, that is,

Wt (@) = Qp1yy (@) + (@), zER™ (16)

From Proposition 1 we can also see that the strong convexity
transfer in (12) and (13) does not alter the upper bound,
namely

w1 (®) = Qpr 1y ey (®) + ¥ (@), TER™ (17

The invariance shown in (16) and (17) implies that the update
in line 7 of Algorithm 1 remains unchanged as well:

13

We are now ready to formulate the sought after lower bound.
The following result can be regarded as a generalization of
Theorem 2.2.7 in [6], Lemma 2.3 in [7], and (4.37) in [8].

i1 = Trw 0y (Yrt1) = Ty ez, (Yrt1)-

Lemma 1. [f the descent condition in (14) holds at iteration
k > 0, then the objective F is lower bounded as

F(x) > RLLHvka(w)’ x € R",

where we denote with RLkHvyk . () the relaxed supporting
generalized parabola of F' at yi4+1 using inverse step size
Lj.,y, given by

1
2 2
Riy, e (®) = F(@egr) + ZL;CHHQL;H(ka)HQ

I
+ {90y, (Yk+1), T — Y1) + §H$ —yrp1l3 @ eRY
with 41 given by (18).

Proof: See Appendix C. |

The relaxed supporting generalized parabola thus differs

from the naive extension of Q.. 4, ., () to composite gradi-
ents in (11) by a small constant factor.

B. Augmented estimate sequence

Recall that the estimate sequence property in (8) produces
a gap between ¢} and Hj. This allows us to introduce
the more relaxed augmented estimate sequence {1}, ()}r>0
which we define, using the notation and conventions from

Subsection II-A, as
V(@) & Pr(@) + Ap(F(*) = Wi(z)), k>0. (19)

Augmentation consists only of adding a non-negative constant
(due to the lower bound property of W) to the estimate func-
tion, thus preserving its curvature and vertex. The augmented
estimate sequence property, given as

ApF(zy) <9, k>0, (20)

can be used to derive the provable convergence rate because,
along with definitions (5), (7), and (19), it implies that

ARF(zy) <9 = of + Ap(F(x*) — Wi(z¥))
<y + Hy — ¢r(x*) < Hy, k>0



Note that by subtracting the lower bound constant term
Wi (*), augmentation renders property (20) invariant to the
tightness of the lower bounds.

C. Gap sequence

Maintaining the augmented estimate sequence property in
(20) across iterations is equivalent to ensuring that the gap
between the weighted function values and the augmented
estimate function optimal value, defined as

Ly & ApF(zy) — Uy, k>0,

is non-positive. Given that initially g = AgF' (o) — 95" = 0,
a sufficient condition for this guarantee is that I';, is monoton-
ically decreasing, that is

Fpy1 <Tg, k>0 (21)

Since the initial estimate function is a parabola and the lower
bounds are generalized parabolae, we can write the estimate
function at any iteration k, along with its augmented variant,
as the following parabolae:

dn(@) = i + 5l — vl 22)
V(@) = ¥ + 2l — i3 23)

The gap between Ay F(x)) and ¢;* can be expressed as

Ty 2 Ap(F(@y) - F(2")) + AWi(2") - v
(@)

= Ap(F(xg) — F(a")) + ¢r(®") — ¢y — %Hﬂv* —xoll3

@ oy o a2 0y«
= Ap(F(@y) = Fa") + - lloe — 273 — 5 ll2” = @ol3

for all k£ > 0. We define the gap sequence {Ay}r>o as

Ap 2 Au(F(@i) = F@) + Do — 23, k> 0.
With the quantity %2 ||z — a||3 being constant across itera-
tions, the sufficient condition (21) can be rewritten as

A1 <Ay, k>0 (24)

The benefits of the augmented estimate sequence now
become evident. We have replaced the estimate sequence
property with a gap sequence that has a simple closed
form. The gap sequence is an example of a Lyapunov (non-
increasing) function, widely used in the convergence analysis
of optimization schemes (e.g., [21]).

D. Formulating ACGM

We proceed with the design of our method, ACGM, based
on the pattern presented in Algorithm 1. The building blocks
are as follows:

1) The Lyapunov property of the gap sequence in (24);

2) The composite parabolic upper bounds in (16);

3) The relaxed supporting generalized parabola lower

bounds from Lemma 1, namely

wri1(T) = Rpy | g (®), TER™, k>0, (25)

The upper bounds in (16) imply that line 7 of Algorithm 1 is
the proximal gradient step in (18). For the relaxed supporting
generalized parabola to be a valid global lower bound on
F, Lemma 1 requires that, at every iteration k, the descent
condition for f in (14) holds. This is assured in the worst case
when L1 > Ly. The structure of the lower bounds implies
that the estimate functions and their augmented counterparts
take the form in (22) and (23), respectively. Substituting the
lower bound from (25) in the estimate sequence update in
line 8 of Algorithm 1 and differentiating with respect to
gives the curvature and vertex update rules for all £ > 0 as

Vi1 = Ve + Qpr1 i, (26)

(Yrr1) — /L?Jk+1)) .
27

1
V41 = ——— (’Yk”k - (lk+1(9L/
Ve+1 ki

Next, we devise update rules for ag41 and yr41 to ensure
that the Lyapunov property of the gap sequence in (24) is
satisfied at every iteration k£ > 0 for any algorithmic state.

Theorem 1. If at iteration k > 0, the descent condition for f
in (14) holds, then

Apg1 + Ai1 + B < Ay,

where subexpressions Agi1, Biy1, Skt1, and Yii1 are,
respectively, defined as

2
Aur 2 5 (=5 ol
By £ (91, Whs1) = 5o0— Sk, i),
Ve+1 2Yj11
Skl = ApYea1Th + kg1 VRV — Yer1Ykt1s
Yit1 £ Arvket + Grs17k-
Proof: See Appendix D. |

Theorem 1 implies that (24) holds if, regardless of the
algorithmic state, Ag+1 > 0 and Biiq > 0. The simplest
way to ensure A1 > 0 is by maintaining

Arr1r41 = Liyyai g = (Ligr + prw)ag - (28)
The vector terms in Bj; may form an obtuse angle so we set
sk+1 = 0, which gives an expression for F, in Algorithm 1
in the form of

Y1 = Fy(Tr, Vi, Ak, ary1)
1

= ———— (A1 ®r + ar17evk) , (29)
AkVe1 + Qkr17vk ( i )

where 741 is obtained from (26).

We choose the most aggressive accumulated weight update
by enforcing equality in (28) and ensuring that v is as large
as possible by setting vo = 1. Update (28) becomes

(26)

(Li1 +19)03 41 = Ap1vir1 = (Ak+akpr) (Ve + pags)-

(30)



Given that ag1, Ly, > 0 and Ay > 0, we can write F, in
closed form as

1
apy1 = Fa(¥r, Ar, Lipy1) =

2(Li+1 — pur)
(% + App+ \/(“/k + App)? + 4( L1 — Mf)AWk> (3D

By using the definition of the composite gradient in (9), the
update rule for the vertices in (27) becomes

1
Uk = (Vevr — a1 (Lisy (Yks1 — Beg1) — BYi1))
+

1
—— (VoK + app1 (Lig1 + pow)Trp
Vk+1

= ap1 (L1 — fif)Yk41)- (32)

Finally, we select the same Armijo-type [22] line-search
strategy S4 as AMGS [15], with parameters r, > 1 and
0 <rq <1 as the increase and decrease rates, respectively,
of the Lipschitz constant estimate.

In summary, we have established the values of the initial
parameters (Ag = 0, 7o = 1, and vy = x), the upper bounds
in (16) which give the iterate update in (18), the relaxed
supporting generalized parabola lower bounds in (25) that
yield the curvature update in (26) and the vertex update in
(32), the line-search strategy S4, as well as the expressions of
functions F, in (31) and F, in (29). Based on Algorithm 1,
we can now write down ACGM as listed in Algorithm 2.
Temporary estimates of algorithm parameters are marked with
() and the updates in which they appear use the := operator.

Algorithm 2 ACGM in estimate sequence form
ACGM(xo, Lo, pif, prwr, K)

vy =Xo, b= py+pw, Ag=0, vp=1

1:
2 for k=0,....,K —1do
3: Lk+1 = rqly
4:  loop
s 1
> Fet1 = 2(Lyer1—py)
('Yk + Agp + \/(’Yk + App)? + 4Ly — Mf)Ak’Yk)
6: Apir = A+ ai
7: A1 = Vi + Gyt
8: Y1 = T e ATk + Qe vr)
. - o - 1 .
9: 5131@+1A~7 prox_ iy (Y1 T Vf(ykﬂ))
10: if f(Zr41) < nyi/k+1,ﬁk+1(mk+1) then
11: Break from loop
12: else A
13: Lit1 = ryLita
14: end if
15:  end loop
16:  Lyt1 = Lit1, Tp41 = Thp1
17 Aggr = Aggts Vet = Vet
18 Upy1 = g (Yvk + g1 (Lpy1 + o) Teia
—Ggy1(Lry1 = f1f)Yk+1)
19: end for

20: return x

E. Convergence analysis

The convergence of ACGM is governed by (3), with the
guarantee given by Aj. The growth rate of Ay is affected
by the outcome of the line-search procedure. We formulate a
simple lower bound for Ay, that deals with worst case search
behavior. To simplify notation, we introduce the local inverse
condition number

k>0

[ [
qk+1 £ S

bor Lion e’
If Lgy1 > Ly, then the descent condition for f in (14) holds
regardless of the algorithmic state, implying the backtracking
search will guarantee that

Liy1 < Ly 2 max{r, L, rqLo}, k> 0. (33)

Let the worst case local inverse condition number be defined

as
I

Lu + pw
Theorem 2. The convergence guarantee Ay for ACGM is
lower bounded in the non-strongly convex case (1 = 0) by

qu £ < qk+1, k > 0.

(k+1)?
Ay > —+—, k2>1, 34
FZ T > (34)
and in the strongly convex case (> 0) by
Az —— (1= a) * Y k>l 39
L, - wr
Proof: See Appendix E. |

F. ACGM in extrapolated form

An interesting property of FGM is that for all £ > 0, the
point y+o where the gradient is queried during iteration k+ 1
can be expressed in terms of the previous two iterates @y
and xj, by extrapolation, namely

Yra2 = Tpg1 + Brg1(Tryr —xi), k>0,

where ()1 is an auxiliary point extrapolation factor. To bring
ACGM to a form in which it can be easily compared with
FGM, as well as with FISTA and FISTA-CP, we demonstrate
that ACGM (Algorithm 2) also exhibits an auxiliary point
extrapolation property, with the difference that /351 can only
be computed during iteration k + 1 due to uncertainties in the
outcome of line-search. First, we show the following property
of ACGM, which carries over from FGM.

Lemma 2. The estimate function vertices can be obtained
from successive iterates through extrapolation as

Apt1
Vpy1 = T + —— (Tpp1 — xx), k> 0.
Qg+

Proof: See Appendix F. |
By combining Lemma 2 with (29) and rearranging terms,
we obtain the extrapolation expression for ACGM as

(36)
where the auxiliary point extrapolation factor fj is given by
17k (%f - 1)

AVt + @

Yrt1 = Tk + Br(Tr — To—1),

k> 1.

(37



We denote the vertex extrapolation factor in Lemma 2 as

Ak
ay
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The accumulated weights and the curvature ratios i /vk+1
can be written in terms of ¢, for all £ > 0 as

k> 1,
k= 0.

>

L (38%)
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Expressions (38), (39), (40), and (41) facilitate the derivation
of a recursion rule for ¢; that does not depend on either ay, or
Ay, for all k> 0 and p > 0 as follows:

(Lig1 + pow)Aggr — (L + pow)Gpg1

Lii1 + po
——————— (L + py)Ar =0
Ly + py ( )
Liy1 + pw
& Yrrith — Verrtes1 — ﬁ%ti =0
Lit1 + pw 5

ot t 21— P20, 42
w1 F e (gt — 1) Lr+pg (42)

Lastly, we write down the auxiliary point extrapolation factor
B in (37) as

-
5, @® i —1 A1 @6ty =1 it
thr1 AkVe+1 + akr1vk ley1 | _ M9
Ap417Vk+1
tp —11— t
@b k Qk+1 k+1’ k>l 43)

1 1—qrpr

Since oy = vy, from (29) we always have that y; = x.
Therefore, to be able to use (36) during the first iteration
k =0, we have to define _; £ x,. Parameter Bo can take
any real value in (36). For simplicity, we choose to compute
Bo using (43) with k£ = 0.

Now, from (42) and (43), we can formulate ACGM based
on extrapolation, as presented in Algorithm 3. Note that
Algorithms 2 and 3 differ only in form. They are theoretically
guaranteed to produce identical iterates.

IV. WALL-CLOCK TIME UNITS

When measuring the convergence rate, the prevailing index-
ing strategies for objective values found in the literature are
based on either iterations (e.g., [8], [15]-[17]), running time
in a particular computing environment (e.g., [8], [17]), or the
number of calls to a low-level routine that dominates all others
in complexity (e.g., [15], [23]). The first approach cannot cope
with the diversity of methods studied. For example, AMGS
makes two gradient steps per iteration whereas FISTA makes
only one. The latter two approaches do not generalize to the
entire problem class. Running time, in particular, is highly
sensitive to system architecture and implementation details.
For instance, inadequate cache utilization can increase running
time by at least an order of magnitude [24].

Algorithm 3 ACGM in extrapolated form
ACGM(xo, Lo, pif, pw, K)

L@y =0, 1= pf+pw, to=0, g =~

2 for k=0,....,K —1do

3: Lk+1 =gl

4:  loop

X ~ — B

> Akt - Lyy1+pw
- Lt

6: thy1 =1 (1 — qit? + \/(1 —qrt3)? + 4%%)
~ 1 1—Groqt

7: Ykt1 1= Tk + ttt“l fﬁ*ﬁ“(% — 1)

8 @py1 = Prox 1y (Grt1 — %Vf(ﬁkﬂ))

Lyt k+1

9: if f(a:k+1) < Qf¢i‘k+lv!~7k+l ($k+1) then

10: Break from loop

11: else

12: Lk+1 = TuLk+1

13: end if

14:  end loop .

150 @py1 = Bey1, Ligr o= L
16: qr1 = Grt1s L1 = gt
17: end for

18: return x g

Optimization algorithms must also take into account the
constraints determined by computer hardware technology,
especially the limitation on microprocessor frequency im-
posed by power consumption and generated heat [24]. This
restriction, along with the increase in magnitude of large-
scale problems, has rendered serial machines unsuitable for
the computation of large-scale oracle functions. Therefore,
large-scale optimization algorithms need to be executed on
parallel systems. To account for parallelism, we extend the
oracle model by introducing the following abstraction. We
assume that each oracle function call is processed by a
dedicated parallel processing unit (PPU). A PPU may be itself
a collection processors. While we do not set a limit on the
number of processors a single PPU may have®, we do assume
that all PPUs are identical. For instance, a PPU may be a single
central processing unit (CPU) core or a collection of graphics
processing unit (GPU) cores. Since the exact implementation
of the oracle functions need not be known to the optimization
algorithm, the manner in which processors within a PPU are
utilized need not be known as well. However, on a higher level
of abstraction, we are able to explicitly execute an unlimited
number of oracle functions simultaneously, as long as there are
no race conditions. Throughout this work, we consider only
this shared memory parallel model.

To account for the broadness of the problem class, wherein
oracle functions may or may not be separable* and their
relative cost may vary, we impose that the complexity of
computing f(x) is comparable to that of Vf(xz) [25]. We

3In practice, the limit on the number of execution threads is imposed by the
communication and synchronization overhead, which varies widely between
implementations.

4For instance, a single matrix-vector multiplication is separable (with
respect to individual scalar operations) whereas a chain of such multiplications
is not.



denote the amount of wall-clock time required to evaluate
f(z) or Vf(x) by 1 wall-clock time unit (WTU). In many
applications, the two calls share subexpressions. However,
for a given value of x, f(x) and Vf(x) are computed
simultaneously on separate PPUs, which merely reduces the
cost of a WTU without violating the oracle model. Because we
are dealing with large-scale problems and W is assumed to be
simple, we attribute a cost of 0 WTU to ¥ (x) and prox . ()
calls as well as to individual scalar-vector multiplications and
vector additions [4].

In the following, we analyze the resource usage and runtime
behavior of FGM, AMGS, FISTA, FISTA-CP, and ACGM
under the above assumptions. FGM and FISTA-CP compute
at every iteration £ > 0 the gradient at the auxiliary point
(V f(yk+1)) but lack an explicit line-search scheme. The per-
iteration cost of these methods is therefore always 1 WTU.
For methods that employ line-search, parallelization involves
the technique of speculative execution [24] whereby the val-
idation phase of the search takes place in parallel with the
advancement phase of the next iteration. When a backtrack
occurs, function and gradient values of points that change have
to be recomputed, stalling the entire multi-threaded system
accordingly. It follows that additional backtracks have the
same cost. If the search parameters are tuned properly, most
iterations do not have backtracks.

AMGS requires at iteration k calls to both Vf(yrt+1)
and Vf(xjy1). Iterate xy4q can only be computed after
V f(yr+1) completes and the next auxiliary point ygio re-
quires Vf(zy4+1). Hence, an iteration without backtracks
entails 2 WTU. A backtrack at iteration k involves the re-
calculation of V f(yi+1), which means that each backtrack
also costs 2 WTU.

FISTA advances using one Vf(yit+1) call. The values
of f(yr+1) and f(xg41) are only needed to validate the
Lipschitz estimate. The f(yx+1) call can be performed in
parallel with Vf(yr11) but the calculation of xjy; uti-
lizes V f(yr+1). The backtracking strategy of FISTA does
not require the recalculation of yj4; and its oracle values.
However, the need for a backtrack can only be asserted after
the completion of f(xk+1). Therefore, an iteration without
backtracks of FISTA entails 1 WTU, with each backtrack
adding 1 WTU to the cost.

The ability of ACGM to decrease the Lipschitz estimate
necessitates the recalculation of yx4 1, in addition to the delay
in the backtrack condition assessment. As a result, ACGM has
an iteration base cost of 1 WTU and a 2 WTU backtrack cost.
Note that the Algorithm 2 and Algorithm 3 forms of ACGM
are identical with respect to WTU usage. The iteration costs
of AMGS, FISTA, and ACGM are summarized in Table II.

TABLE II
PER-ITERATION COST IN WTU OF LINE-SEARCH METHODS AMGS,
FISTA, AND ACGM

Iteration phase AMGS FISTA ACGM
Iteration without backtrack 2 1 1
Each backtrack 2 1 2

Interestingly, the above algorithms need at most three con-

current high-level computation threads (PPUs) to operate. The
assignment of different computations to different PPUs at
every time unit, along with the iteration that computation are
detailed in Table III for an iteration & > 1 without backtracks
and in Table IV for an iteration where a single backtrack
occurs. The behavior of subsequent backtracks follows closely
the pattern shown in Table IV.

V. SIMULATION RESULTS

We test ACGM against the state-of-the-art methods on
a typical non-strongly convex inverse problem in Subsec-
tion V-A whereas in Subsection V-B we focus on a strongly
convex machine learning problem. Both applications feature
l1-norm regularization [26]. They have been chosen due to
their popularity and simplicity. While effective approaches
that exploit additional problem structure, such as sparsity of
optimal points, have been proposed in the literature (e.g. [10]—
[13]), we consider the applications studied in this section as
representative of a broader class of problems for which the
above specialized methodologies may not apply.

A. ly-regularized image deblurring

To better compare the capabilities of ACGM (Algorithm 3)
to those of FISTA, we choose the very problem FISTA was
introduced to solve, namely the [;-regularized deblurring of
images’. For ease and accuracy of benchmarking, we have
adopted the experimental setup from Section 5.1 in [7]. Here,
the composite objective function is given by

f@) = Az —b[3, V() =Az],

where A = RW. The linear operator R is a Gaussian blur
with standard deviation 4.0 and a 9 x 9 pixel kernel, applied
using reflexive boundary conditions [28]. The linear operator
W is the inverse three-stage Haar wavelet transform. The
digital image « € R™*"2 has dimensions n; = ny = 256.
The blurred image b is obtained by applying R to the
cameraman test image [7] with pixel values scaled to the [0, 1]
range, followed by the addition of Gaussian noise (zero-mean,
standard deviation 10~2). The constant L ¢ can be computed
as the maximum eigenvalue of a symmetric Toeplitz-plus-
Hankel matrix (more details in [28]), which yields a value
of Ly = 2.0. The problem is non-strongly convex with
i = py = py = 0. The regularization parameter \ is set
to 2107 to account for the noise level of b.

We have noticed that several monographs in the field (e.g.
[8], [16]) do not include AMGS in their benchmarks. For
completeness, we compare Algorithm 3 against both FISTA
with backtracking line-search (FISTA-BT) and AMGS. The
starting point o was set to W ~!b for all algorithms. AMGS
and FISTA were run using r2MGS = ¢FISTA — 90 and
r[‘?MGS = 0.9 as these values were suggested in [23] to
“provide good performance in many applications”. Assuming
that most of time the Lipschitz constant estimates hover around
a fixed value, we have for AMGS that a backtrack occurs

SA particular case of ACGM in estimate sequence form, designed only for
non-strongly convex objectives, was tested on the same problem in [27].



TABLE III
RESOURCE ALLOCATION AND RUNTIME BEHAVIOR OF PARALLEL BLACK-BOX FGM, FISTA-CP, AMGS, FISTA, AND ACGM WHEN NO BACKTRACKS
OCCUR (ITERATION k > 1 STARTS AT TIME T)

Method WTU PPU 1 PPU 2 PPU 3
Computation  Iteration ~Computation Iteration Computation Iteration
FGM T Vi(yr+1) k Idle Idle
T+ 1 V f(Yr+2) k+1 Idle Idle
FISTA-CP T Vf(Yr+1) k Idle Idle
T+1  Vi(yrt2) k+1 Idle Idle
AMGS T Vi (yYr+1) k Idle Idle
T+1 Vf(xrt1) k Idle Idle
T+2 Vf(yrt2) k+1 Idle Idle
FISTA T VI (yr+1) k J(Yr+1) k f(xx) k-1
T+1  Vi(yrs2) k+1 I (yn+2) k+1 f(@rt1) k
T+2 Vf(yk+3) k+2 f(yk+3) k+2 f(mk+2) k+1
ACGM T VI (Yr+1) k F(Yr+1) k f(xx) k-1
T+1  Vf(yrt2) k+1 F(Yr+2) k+1 J(®rt1) k
T+2 Vf(yk+3) k+2 f(yk+(5) k+2 f((l:),«,+2) k+1
TABLE IV

RESOURCE ALLOCATION AND RUNTIME BEHAVIOR OF PARALLEL BLACK-BOX AMGS, FISTA, AND ACGM WHEN A SINGLE BACKTRACK OCCURS
(ITERATION k > 1 STARTS AT TIME T)

Method WTU PPU 1 PPU 2 PPU 3
Computation  Iteration ~Computation Iteration Computation Iteration
AMGS T Vf(y;cﬂ) k Idle Idle
T+1 Vf(xrt1) k Idle Idle
T+2  Vi(yrt+1) k Idle Idle
T+3  Vi(zr) k Idle Idle
T+4  Vilye) k+1 Idle Idle
FISTA T Vi) ko fwe) K f@) k-l
T+1  Vf(yr+2) k+1 F(yn+2) k+1 F(@rt1) k
T+2 Vf(yrt2) k+1 F(Yrt2) k+1 f(®rt1) k
T+3  Vf(yr+s) k+2 f(yr+3) k+2 f(@r+2) k+1
ACGM T Vf(Yr+1) k f(Yr41) k f(xx) k-1
T+1  Vf(yr+2) k+1 f(yr+2) k+1 f(@r41) k
T+2  Vf(yr) k f(yr+1) k Idle
T+3  Vf(yes2) k+1 f(Yrt2) k+1 f(@rs1) k
T+4 Idle Idle f(@py2) k+1
every —(logrAMGS) /(log r4#MGS) jterations. The cost ratio because of ACGM’s low per-iteration complexity.

between a backtrack and an iteration without backtracks for
ACGM is double that of AMGS. Therefore, to ensure that
the line-search procedures of both methods have comparable

computational overheads, we have chosen r2CGM = pAMGS
and rACGM — | /L AMGS

To showcase the importance of employing an algorithm
with an efficient and robust line-search procedure, we have
considered two scenarios: a normally underestimated initial
guess Lo = 0.3Ly (Figure 1) and a greatly overestimated
Lo = 10Ly. The convergence rate is measured as the differ-
ence between objective function values and an optimal value
estimate F'(&*), where &* is the iterate obtained after running
fixed step size FISTA with the correct Lipschitz constant
parameter for 10000 iterations.

When indexing in iterations (Figures 1(a) and 1(d)), ACGM
converges roughly as fast as AMGS. ACGM takes the lead af-
ter 500 iterations, owing mostly to the superiority of ACGM’s
descent condition over AMGS’s stringent “damped relaxation
condition” [15]. When indexed in WTU, ACGM clearly sur-
passes AMGS from the very beginning (Figures 1(b) and 1(e)),

FISTA-BT lags behind in the overestimated case, regardless
of the convergence measure (Figures 1(d) and 1(e)), and it is
also slightly slower in the underestimated case (Figures 1(a)
and 1(b)). The disadvantage of FISTA-BT lies in the inability
of its line-search procedure to decrease the Lipschitz constant
estimate while the algorithm is running. Consequently, In
both cases, FISTA-BT produces on average a higher Lipschitz
estimate than ACGM. This is clearly evidenced by Figures
1(c) and 1(f).

B. Logistic regression with elastic net

As a strongly convex application, we choose a randomly
generated instance of the logistic regression classification
task [29], regularized with an elastic net [30]. The objective
function components are given by
—(y, Az) + ) log (1 + e<“?"”>) 7

=1

A
V(@) = M2y + 5 .
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Fig. 1.

where the matrix A € R™*" has rows al, i € {1,...,m},
y € R™ is the vector of classification labels and the elastic
net regularizer U has parameters A; and A;. The problem
size is m = n = 10000. The matrix A is sparse and
has 10% of elements non-zero, each sampled as independent
and identically distributed (i.i.d.) from the standard Gaussian
distribution A(0,1). The labels y; are randomly generated
with probability

PY,=1)=———, i€{1,.. .
(Y;=1) T eera i€{l,..,m}
The gradient of function f has a global Lipschitz constant
L, = iomm(A)z, where 044 (A) is the largest singular

value of A. The computation of 0y,q,(A) is generally in-
tractable for large-scale problems and optimization algorithms
need instead to rely on an estimate of this value. The smooth
part f is not strongly convex (uy = 0). The elastic net pa-
rameters are A\; = 1 and Ay = 1073L,,. Hence y = Lty = Ag.
Elastic net regularization is specified by the user [30] and we
assume that optimization algorithms can access iy .

We benchmark ACGM against methods that have conver-
gence guarantees. These methods are either equipped with a
line-search procedure, such as FISTA and AMGS, or rely on
Ly being known in advance, namely FISTA-CP and MOS.
We do not include scAPG in our benchmark because iy = 0.
We also do not consider methods that owe their performance
on specific applications to heuristic improvements that either
significantly degrade the provable convergence rate, such as
in AA (see Appendix A for proof), or invalidate it altogether,
like adaptive restart in FISTA [31] or in AA [18].

0 100 200 300 400 500 600 700 800 900 1000
WTU

(e) Convergence rate in WTU (Lo = 10Ly)
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Convergence results on the {1 -regularized image deblurring problem (x = 0)

The starting point x(, the same for all algorithms tested,
has entries randomly sampled as i.i.d. from A/(0,1). For the
same reasons as outlined in Subsection V-A, we have chosen
pACGM — pAMGS _ pFISTA — 90 pAMGS — (9 and

ACGM _ AMGS
Tq = Ty .

We have computed the optimal point estimate &* as the
iterate with the smallest objective value obtained after running
AMGS for 500 iterations using Ly = L, with the other
parameters as mentioned above. Methods equipped with a
line-search procedure incur a search overhead whereas the
other methods do not. For fair comparison, we have tested
the collection of methods in the accurate Ly = L, case as
well as the overestimated Ly = 5L, case (Figure 2).

When indexing in iterations, AMGS converges the fastest
(Figures 2(a) and 2(d)). However, AMGS has the same asymp-
totic rate (in iterations) as ACGM, despite AMGS performing
around twice the number of proximal gradient steps per itera-
tion. While proximal gradient steps (incurring 1 WTU each) in
AMGS improve the Lipschitz constant estimate (Figure 2(c)),
they do not appear to be used efficiently in advancing the
algorithm. Therefore, AMGS is inferior to ACGM and FISTA-
CP in terms of WTU usage (Figures 2(b) and 2(e)). Note
that FISTA-CP and MOS display nearly identical convergence
behaviors (Figures 2(a), 2(b), 2(d), and 2(e)), as theoretically
argued in Appendix A.

This particular application emphasizes the importance of
taking into account the local curvature of the function.
Whereas ACGM and FISTA-CP have identical a priori worst-
case rates, FISTA-CP (and consequently MOS) lags behind
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Fig. 2. Convergence results on logistic regression with elastic net (1 = 10~

considerably, even when an accurate value of L; is supplied
(Figures 2(a) and 2(b)). The reason is that the Lipschitz esti-
mates of ACGM are several times smaller than the global value
Ly (Figure 2(c)). The difference between local and global
curvature is so great that FISTA-CP’s ability to exploit strong
convexity does not give it a sizable performance advantage
over FISTA on this problem®. The benefit of ACGM’s line-
search is predictably more evident in the inaccurate case
(Figure 2(f)). The estimates produced by the AMGS’s damped
relaxation condition are considerably higher than those of
ACGM, further contributing for the ACGM’s superior con-
vergence behavior in WTU (Figures 2(b) and 2(e)).

VI. DISCUSSION AND CONCLUSIONS

The proposed method, ACGM, when formulated us-
ing extrapolation, encompasses several existing optimization
schemes. Specifically, Algorithm 3 without the line-search
procedure, i.e., with Lj, = Ly for all k > 0, produces the same
iterates as FISTA-CP with the theoretically optimal step size
TFISTA-CP % In the non-strongly convex case, ACGM
without line-search reduces to constant step size FISTA. Also
for 4 = 0, ACGM with line-search constitutes a simplified
and more intuitive alternative to a recently introduced (without
derivation) line-search extension of FISTA [32].

However, ACGM is more than an umbrella method.
ACGM’s generality and unique collection of features is a

OWe forward the reader to [8] for a more detailed comparison between
FISTA and FISTA-CP.

(e) Convergence rate in WTU (Ly = 5L¢)

(f) Lipschitz constant estimates (Ly = 5L¢)

3Lo)

strength in itself. For instance, FISTA suffers from two draw-
backs: the parameter thSTA update is oblivious to the change
in local curvature and the Lipschitz constant estimates cannot
decrease. Hence, if the initial Lipschitz estimate is erroneously
large, FISTA will slow down considerably (exemplified in
Subsection V-A). We formally express the advantages of
ACGM’s line-search over that of FISTA in the following
proposition.

Proposition 2. In the non-strongly convex case (;n = 0), under
identical local curvature conditions, when r2CGM = pFISTA
ACGM has superior theoretical convergence guarantees to

FISTA, namely
ACGM FISTA
Al > AFISTA

>

k> 0.

Proof: See Appendix G. ]

The ability to dynamically and frequently adjust to the local
Lipschitz constant gives ACGM an advantage over FISTA-CP
as well, even when an accurate estimate of the Lipschitz con-
stant is available beforehand (illustrated in Subsection V-B).
The advantage over MOS is even greater since MOS is slightly
slower than FISTA-CP (see Appendix A). The scAPG method
is similar to ACGM, but only when py > 0 and x is feasible.
We leave the generalization of ACGM to encompass scAPG,
and thus expand its range of applications, as a topic for future
research.

ACGM is also theoretically guaranteed to outperform
AMGS, as argued in Appendix A. The per-iteration complexity
of ACGM, both in the non-strongly and strongly convex cases
(u > 0), lies well below that of AMGS. Considering that



TABLE V
FEATURES OF BLACK-BOX FIRST-ORDER METHODS

Feature Prox. point FGM AMGS FISTA FISTA-CP MOS scAPG  ACGM

Composite objective yes no yes yes yes yes partial yes

Line-search no no yes partial  no no yes yes

(’)(}%2) rate for p =0 no yes yes yes yes yes no yes

Linear rate for > 0 yes yes yes no yes yes yes yes

o((1— ﬁ)k) rate for p >0  no yes no no yes almost  yes yes
backtracks rarely occur, it approaches that of FISTA (see are, respectively, given for all £ > 1 by
Table II) and the absolute minimum of 1 WTU per iteration. ko 1)2 P 1)2

. . AACGM _ JACGM 5 (k+1)° _ (i+1)
Thus, this is the first time, as far as we are aware, that k =4 Z )
] ' 4L 4L
a method has been shown to be superior, from theoretical 12 ;2
as well as simulation results (Section V), to AMGS, FISTA, AI,Q,AOS = A?’IOS > AL, 4L’
and FISTA-CP. The aforementioned features of ACGM are f f
. . . . k2 iZ
summarized and compared to those of the competing black- AAMGS _ 4AMGS 5 _
box first-order methods in Table V. As can be discerned from k z ~ 2Ly 8Lj’
Table V, ACGM is the only method of its class that is able AA AA k2 2
. . AMA —pAA S M 7

to combine the strengths of AMGS (generality) and FGM k 3 T 4Ly 16Ly’

(speed). The superiority of ACGM stems from this unique
combination.

Furthermore, due to its robustness, ACGM is not only
applicable to the entire composite problem class, where the
Lipschitz constant may not be known, but is also able to
converge on problems where the Lipschitz property of the
gradient can be proven to hold only locally.

Alongside of a new algorithm, in this work we have
provided a means of designing algorithms. We have demon-
strated that the estimate sequence concept can be extended to
problems outside its original scope. The augmented estimate
sequence actually links the concepts of estimate sequence and
Lyapunov function, and further argues that both are effective
tools not only for the analysis but also for the design of fast
algorithms. Whether augmentation leads to efficient algorithms
applicable to other problem classes is a promising topic for
future research.

APPENDIX A
THE ASYMPTOTIC CONVERGENCE GUARANTEES OF
ACCELERATED BLACK-BOX FIRST-ORDER METHODS

To be able to compare the provable convergence rates of the
state-of-the-art black-box methods introduced in Section I, we
consider the largest problem class to which they are applicable,
namely the class of composite problems with L; known in
advance. For ease of analysis, we study ACGM, AMGS, and
scAPG without line-search. This setup does not assume any
particular parallel implementation. Therefore, the results in
this section are of fundamental theoretical importance.

The asymptotic rate of ACGM matches that of FISTA-CP,
for strongly convex f and non-strongly convex W, that of
scAPG and, for ¥ = 0, that of FGM. Hence, we limit our
analysis to ACGM, MOS, AMGS, and AA.

In the non-strongly convex case, the convergence guarantees

where ¢ gives the number of WTU required by the first k
iterations. It trivially follows that

ACGM MOS AMGS
A; > A A

AA
> A,

— p 1> 2.
i2 2’

2 N2 “4)

In the strongly convex case, let ¢ be the inverse condition
number of the objective function, ¢ £ ﬁ We assume
that ¢ < 1 since for ¢ = 1 the optimization problem can be
solved exactly, using only one proximal gradient step. When
employing AMGS, Nesterov suggests in [15] either to transfer
all strong convexity from f to W, or to restart the algorithm
at regular intervals’. Both enhancements have the same effect
on the convergence guarantee, which can be expressed as

A?MGS _ AAI\/IGS > CAMGS (BAI\/IGS)i
. = i = 5
2

where BAMGS s a base signifying the asymptotic convergence
rate, given by

BAMGS & <1+ M

and CAMGS s a proportionality constant.
For ACGM, MOS, and AA, we have

A?CGM — A[ACGM > CACGM (BACGM) ,
MOS MOS MOS MOS\ ¢
AYIOB = AMOS > OoMOS (pMOS)T

ABA AgA > OAA (BAA)i7

where
BACGM 2 1
1-vq

2

BMOs 2 1+1 q
2V1—-¢q/) "’

BAA 2 1+l q

2V 1—gq

TThese suggestions are made in the context of smooth constrained opti-
mization but also apply to composite problems.
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Inverse rates as a function of ¢
Fig. 3.

Rates for ¢ < 0.1
Asymptotic rates of ACGM, MOS, AMGS, and AA

Assumption 0 < ¢ < 1 implies that

BACGM | pMOS  pAMGS o pAA. (45)
A quantitative comparison of the rates can be found in Fig-
ure 3. The inverse rates are compared for every possible value
of g in Figure 3(a) whereas the rates are compared directly in
Figure 3(b) for the range of ¢ found in the vast majority of
practical applications.

It can be clearly discerned from (44), (45), and Figure 3 that
ACGM is asymptotically more efficient than MOS, AMGS,
and AA, in that order. AMGS is considerably slower than
ACGM due to its computationally expensive line-search pro-
cedure. By removing line-search, MOS achieves a rate similar
to ACGM in the non-strongly convex case and a lower rate
(yet comparable when g < 1) for strongly-convex objectives.
This, however, comes at the expense of reduced functionality.
The heuristic search of AA incurs an extra 1 WTU per iteration
without provably advancing the algorithm, explaining why AA
has the worst guarantees of the methods studied.

APPENDIX B
PROOF OF PROPOSITION 1

By expanding Q' 1,44,y using the definition of @ in (1)
and the strong convexity transfer in (12) we obtain

Hw
Q ome(@) = 1) + 1y — o3
L+ py

_ 2
1 g — g3

+{(Vf(y) + pe(y —=z0),x —y) +

o Hw
- 7“3’3 —zoll3 + 7”33 —olf3

L
= f@) + (Vi) 2 —y)+ e~y + Bz — o3,
(46)

for all z,y € R™ and L > 0. Rewriting (46) based on (1)
completes the proof.

APPENDIX C
PROOF OF LEMMA 1

From the strong convexity property of f’, we have a
supporting generalized parabola at yj1, given by

[

2
=yl

“4n

@) > f (Y1) HVF (Yrgr), € —yng1) +

for all x € R™. The first-order optimality condition of (2)
implies that there exists a subgradient & of function ¥’ at
point &1 such that

91, Y1) = VI (Y1) + €

From the convexity of ¥’, we have a supporting hyperplane
at 41, which satisfies

V() > V' (zp41) + (€, T — rya)
=V (pr1) + (9ry,, 1) = VI (Yks1), @ = i),
48)
for all z € R™. By adding together (47), (48), and the descent
condition for f’ in (15), we obtain the desired result.

APPENDIX D
PROOF OF THEOREM 1
All the definitions and results within the scope of this proof
hold for all £ > 0. Let the residual describing the tightness
of the lower bound wy; on the objective F' at x € R™ be
denoted by

1
Rppi(z) & F(x) - Fzp) - TH!]L;“(?JIHI)H%
(.

w
=gy, (Yr41), T — Yry1) — 5“1 — Yrrall3- (49)

We introduce the reduced composite gradient Gy in the
form of

Git1 = gry, (Yrr1) = nYr+1- (50)

The reduced composite gradient simplifies the non-constant
polynomial term in residual expression (49) as

(9L

k+1

1%
(Wk1), @ = ) + Sl = gerall3
= (@i @ —yer) + Slall = SllyenilB. 6D

Lemma 1 ensures that Rjyq(xz) > 0 for all x € R™.
Therefore

ApRii1(xk) + app1 Reqr (%) > 0. (52)
By expanding (52) using (49) and (51), we obtain that
Ap(F () = F(27)) = App1 (F(@i1) — F(27)) = Cr,
where the lower bound Cj; is defined as

Crp1 = C;(Qlll + (Gry1, A + G 12™ — Apy1Yry1)

App Ap+11 & Ay
+ o I3 + = |zt )f3 - o ykall3, (53)
2 2 2
with
1 Apta
el 2 5y o, (eI

Using the reduced composite gradient definition in (50), we
expand C,E,lJr)l as

2
a
M) = Ay + LGt + prg |13
ft1 1t e 1Grt1 + pyr+1ll2
2 2 2
az. a?.
= Aks1 +C0 + G, ) + ;H lykall3,
V41 Vk+1
(54)



where )
a
C(2) s Yt 2 (55)
k41 et 1Gr+1llz
Applying (50) in vertex update (27) yields
g +1Gr+1 = VKV — Vk+1Vk+1- (56)

Using (26) and (56) in C,g /1 expression (55) we obtain that

(2) _ 2
i = TH%W — Vrt1Vk+1]l3

’YA+1

e
Hka% + ar17kl vkl

[ ——
29k11

+

(Gry1, ars176VE) (57)

Vk+1
The coefficients of the yj1 terms in Cp4q are given by

Api1Vh1 — Gt = AgYesr + a1k = Vg1 (58)

Combining (54) and (57) in (53), rearranging terms, and
applying (58) yields

1
= A1+ Vigr + ——(Gry1, 8541) + LSkJrl-,
Vk+1 2

(59)

Crt1

where Siy1 and Vi1 are, respectively, defined as

Ski1 £ Avveralleel + arpryvellvel = Yarllyesalls,

k Vi N
Vier 2 o} = T loil + (Grvr, ansaa)
ak
+ 08 a3, (60)
Applying (26) and (56) in (60) yields
* Tk *
Vi1 = T+1H1’k+1 —z*||5 - 35 o —= I3 (6D
Putting together (53), (59), and (61) we obtain
1
A1+ Ap1 + ——(Grg1, Spt1) + a Si+1 < Ay
Ve+1 2Vk41
(62)
For brevity, we define wy4; as
& Qk+17k
Wk = <
A Yit1
Residuals si41 and Sj4+1 can thus be written as
Si+1 = Vi1 (1 — Wit 1)@k + Wit 10% — Yht1)s (63)
Sr1 = Yiq1 (1 = wren) loell3 + wigalorll3 = lyesall3) -

(64)
Residual Si41 can be expressed in terms of sy using the
following identity:
(1 = wer)ll2ell3 + wesalloxl3 =

(1 = Wi 1)@ + Wi 108)” + (1 = W 1)wier 1 [ — vJ3.
(65)

The proof of (65) is obtained simply by rearranging terms.
Using (63) and (65) in (64), we obtain that
Skt = Yy (1= wrp)®h + wrr10r)” = |yrra3)

1
S}EIJr)l = <m3k+1 + 2Ypt1, 3k+1> + Sk+17 (66)

where S,i 1 1s defined as

SEL 2 Vi (1= wign)wii ok — i3
At 1 ARV VA1 |z

— vi3-
ApYe+1 + Qkr17k

The square term ||x), — vx||3 is always non-negative, hence

1
st >o. (67)
Putting together (50), (66), and (67) yields
1
——(Gry1,Sk41) + Sk+1
Vh+1 29k+41
1 m 1
> G = — 2y
S~ < k+1+ B <Yk+15k+l + yk+1> 73k+1>
. 1 " 68
= P ng(ka) + m5k+175k+1 . (68)

Combining (62) with (68) gives the desired result.

APPENDIX E
PROOF OF THEOREM 2

In the non-strongly convex case, we have

(28) 1+ /14 4Lk+1Ak

A > A
ktarr 2 Ap + Y

@ 1 Ay
—_— > 0.
= Akt g +,/4L2+Lu, k>0 (69)

We prove by induction that (34) holds for all £ > 1. First,
for k =1, (34) is valid since
2
1 < (1+1) .
L1~ 4L,
Next, we assume that (34) is valid for £ > 1, and show that
it holds for k + 1. From (34) and (69), we have

A1 =

A1:

(k+1)2 1 (k+1)2

Apg > —n=—
Y LY A A4L)? " A(Ly,)?
k+2

((k+1 +2+2\/1+7>

In the strongly convex case, the curvature of the estimate
function can be expressed in absolute terms as

u

k
Tk = Yo+ <Z a¢> ="+ (Ar—Ao)u = 14+App, k>0,

=1

which trivially implies that vy, > Apu. Hence, we have

2
A1 (30)

Vk+1 [
= > =dk 2 Gus
A2, (Ligr+p9)Arsr © Lpgr + pw =t
for all £ > 0. This leads to
A 1
L N
Ak 1-— vV Qu

Using Ay = —— > %ﬂ, the strongly convex lower
bound in (35) follows by induction.



APPENDIX F
PROOF OF LEMMA 2

By combining (29) with (32), we get
Yo (@rr1vk + ARV Yer1 — Ak 1T
Ve+1 Ak+17k
ap+1 (L1 + pe) ap+1 (L1 — pf)
+ Tht1 —
Vk+1 Vk+1
(30) @k+17Vk + ApVir1 — Ak 1Ver1 — ai+1ﬂ

Vi+1 =

Yi+1

Yi+1
Af+17k+1

A1 k
Th+1 — Tk
Af+1 Ak+1

Ak
ko (T — k),
Ak+1

+

2
(:6)33 k> 0.

APPENDIX G
PROOF OF PROPOSITION 2

With judicious use of parameters r, and 74, the average
WTU cost of an ACGM iteration can be adjusted to equal that
of FISTA (also evidenced in Subsection V-A). Consequently,
it is adequate to compare the convergence guarantees of the
two algorithms when indexed in iterations.

Combining (39) and (42), we obtain

2
1 1
AACGM _ + + AACGM
k+1 4L£_€1GM 4L£_€1GM k
Replacing (42) in ACGM with
AN 2
1 (/144 (1715™)
tEISTA = 5 , k>0, (70)

results in an algorithm that produces identical iterates to
FISTA. The convergence analysis of ACGM employing (70)

instead of (42) yields the following expression:
2
1 1 LFISTA
AE_IFSlTA _ k AFISTA

+ T+
FISTA FISTA FISTA
4Lk+1 4Lk+1 Lk+1

Both methods start with the same state, in which we have
ARCEM = ATISTA — () The line-search procedure of ACGM
is guaranteed to produce Lipschitz constant estimates no
greater than those of FISTA for the same local curvature,
ie., LpCGM < LFISTA 'k > 0. FISTA, by design, can only
accommodate a Lipschitz constant estimate increase, namely
LEISTA < LELSFA, k > 0. Thus, for any variation in the local
curvature of f, we have

A?CGM > AEISTA, k> 0.
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A Generalized Accelerated Composite Gradient
Method: Uniting Nesterov’s Fast Gradient Method
and FISTA

Mihai 1. Florea and Sergiy A. Vorobyov

Abstract—Numerous problems in signal processing, statistical
inference, computer vision, and machine learning, can be cast as
large-scale convex optimization problems. Due to their size, many
of these problems can only be addressed by first-order black-box
methods. The most popular among these are the Fast Gradient
Method (FGM) and the Fast Iterative Shrinkage Thresholding
Algorithm (FISTA). FGM requires that the objective be finite
differentiable with known Lipschitz constant. FISTA is applicable
to the more broad class of composite objectives and is equipped
with a line-search procedure for estimating the Lipschitz con-
stant. Nonetheless, FISTA cannot increase the step size and is
unable to take advantage of strong convexity. FGM and FISTA
are very similar in form. Despite this, they appear to have vastly
differing convergence analyses. In this work we generalize the
previously introduced aug ted estimate e framework
as well as the related notion of the gap sequence. We showcase the
flexibility of our tools by constructing a Generalized Accelerated
Composite Gradient Method, that unites FGM and FISTA, along
with their most popular variants. We further showcase the
flexibility of our tools by endowing our method with monotonicity
alongside a versatile line-search procedure. By simultaneously
incorporating the strengths of FGM and FISTA, our method is
able to surpass both in terms of robustness and usability. From a
theoretical perspective, the Lyapunov property of the generalized
gap sequence used in deriving our method implies that both FGM
and FISTA are amenable to a Lyapunov analysis, common among
optimization algorithms. We support our findings with simulation
results on an extensive benchmark of composite problems. Qur
experiments show that monotonicity has a stabilizing effect on
convergence and challenge the notion present in the literature
that for strongly convex objectives, accelerated proximal schemes
can be reduced to fixed momentum methods.

Index Terms—estimate sequence, Nesterov method, fast gradi-
ent method, FISTA, monotone, line-search, composite objective,
large-scale optimization

I. INTRODUCTION

Numerous large-scale convex optimization problems have
recently emerged in a variety of fields, including signal and
image processing, statistical inference, computer vision, and
machine learning. Often, little is known about the actual
structure of the objective function. Therefore, optimization
algorithms used in solving such problems can only rely
(e.g., by means of callback functions) on specific black-box
methods, called oracle functions [1]. The term “large-scale”
refers to the tractability of certain computational primitives
(see also [2]). In the black-box setting, it means that the oracle

M. L. Florea (E-mail: mihai.florea@aalto.fi) and S. A. Vorobyov (E-mail:
sergiy.vorobyov@aalto.fi) are with Aalto University, Dept. Signal Processing
and Acoustics, FI-00076, AALTO, Finland. This work has been partially
supported by the Academy of Finland grant No. 299243.

functions of large-scale problems usually only include scalar
functions and operations that resemble first-order derivatives.

Many large-scale applications were rendered practical to
address with the advent of Nesterov’s Fast Gradient Method
(FGM) [3]. FGM requires that the objective be differentiable
with Lipschitz gradient. Many optimization problems, particu-
larly inverse problems in fields such as sparse signal process-
ing, linear algebra, matrix and tensor completion, and digital
imaging (see [4]-[8] and references therein), have a composite
structure. In these composite problems, the objective F' is the
sum of a function f with Lipschitz gradient (Lipschitz constant
Ly) and a simple but possibly non-differentiable regularizer
V. The regularizer ¥ embeds constraints by being infinite
outside the feasible set. Often, Ly is not known in advance.
The composite problem oracle functions are the scalar f(x)
and ¥(x), as well as the gradient V f(x) and the proximal
operator prox,y(x).

To address composite problems, Nesterov has devised an
Accelerated Multistep Gradient Scheme (AMGS) [9]. This
method updates a Lipschitz constant estimate (LCE) at ev-
ery iteration using a subprocess commonly referred in the
literature as “line-search” [7], [10]. The generation of a new
iterate (advancement phase of an iteration) and line-search are
interdependent and cannot be executed in parallel. Moreover,
AMGS utilizes only the gradient-type oracle functions V f(x)
and proz,y(x). In many applications, including compressed
sensing (e.g., LASSO [11]) and many classification tasks (e.g.,
l;-regularized logistic regression), the evaluation of V f(x) is
more computationally expensive than f(x). An alternative to
AMGS that uses f(x) calls in line-search has been proposed
by Beck and Teboulle in the form of the Fast Iterative
Shrinkage-Thresholding Algorithm (FISTA) [10]. FISTA also
benefits from having line-search decoupled from advancement.
However, FISTA is unable to decrease the LCE at run-time. A
strongly convex extension of FISTA, which we designate as
FISTA Chambolle-Pock (FISTA-CP), has been recently intro-
duced in [6], but without line-search. An unrelated study [12]
proposes a variant of FISTA-CP equipped with a line-search
procedure capable of decreasing the LCE (fully adaptive line-
search). However, this strongly convex Accelerated Proximal
Gradient (scAPG) method is guaranteed to converge only if f
is strongly convex.

FGM was derived using the estimate sequence [13]. This
flexible framework was adapted in [9] to include AMGS
as well. FISTA-CP (and FISTA when the objective is non-
strongly convex) is identical in form to FGM. Therefore,



FISTA and FISTA-CP can be viewed as an extension of FGM
for composite objectives. However, the convergence analyses
of FISTA and FISTA-CP, each different from the other, do not
appear to involve the estimate sequence at all. Consequently,
new features of FGM cannot be directly incorporated into
FISTA and FISTA-CP. Recently, Nesterov has proposed in
[14] a line-search variant of FGM, albeit only for non-strongly
convex objectives. Neither a derivation nor a convergence
analysis have been provided, but can be readily obtained using
the estimate sequence framework. Had FISTA utilized the
same convergence analysis as FGM, a fully adaptive line-
search variant of FISTA could simply take the form in [14].
Instead, a sophisticated fully adaptive line-search extension
was proposed in [15], with a technical derivation based on
the mathematical constructs of [10]. However, through partial
adoption of the estimate sequence, i.e., relating FISTA to
“constant step scheme I” in [13] and AMGS, we have arrived
at a similar but simpler fully adaptive line-search scheme
for FISTA [16], but again only in the non-strongly convex
scenario.

In [17], we have introduced the augmented estimate se-
quence framework and used it to derive the Accelerated
Conjugate Gradient Method (ACGM), which incorporates by
design a fully adaptive line-search procedure. ACGM has the
convergence guarantees of FGM, the best among primal first-
order methods, while being as broadly applicable as AMGS. In
addition, FISTA-CP and FISTA, along with the fully adaptive
line-search extensions in [15] and [16], are particular cases of
ACGM [17]. However, to accommodate infeasible start, we
have imposed restrictions on the input parameters. Variants of
FGM (e.g., “constant step scheme III” in [13]) exist that are
guaranteed to converge only when the starting point is feasible,
and thus do not correspond to any instance of ACGM.

In this paper, we generalize the augmented estimate se-
quence framework and derive a generalization of ACGM that
encompasses FGM, FISTA, and FISTA-CP, along with their
variants. We further showcase the flexibility and power of
the augmented estimate sequence framework by endowing
ACGM with monotonicity alongside its adaptive line-search
procedure. Monotonicity is a desirable property, particularly
when dealing with proximal operators that lack a closed form
expression or other kinds of inexact oracles [6], [18]. Even
when dealing with exact oracles, monotonicity leads to a
more stable and predictable convergence rate. The resulting
generalized ACGM is therefore superior to FGM and FISTA
in terms of flexibility and usability. We support our theoretical
findings with simulation examples.

A. Assumptions and notation
Consider composite optimization problems of the form

min F(x) Lf

fw) + (@),

where * € R”™ is a vector of n optimization variables,
and F' is the objective function. The constituents of the
objective F' are the convex differentiable function f : R — R
and the convex lower semicontinuous regularizer function

¥ : R™ — R U {oo}. Function f has Lipschitz gradient (Lips-
chitz constant Ly > 0) and strong convexity parameter py > 0
while U has strong convexity parameter ;g > 0, entailing that
objective F' has strong convexity parameter p = py + fly.
Constraints are enforced by making ¥ infinite outside the
feasible set, which is closed and convex.

Apart from the above properties, nothing is assumed known
about functions f and ¥, which can only be accessed in
a black-box fashion [1] by querying oracle functions f(x),
Vf(x), ¥(x), and prox, ¢ (x), with arguments € R™ and
7 > 0. The proximal operator prox_g () is given by

1
prox.g(@) = angmin (¥(2) + 5|~ al} )
T

z€R
for all z € R™ and 7 > 0.

Central to our derivation are generalized parabolae,
quadratic functions whose Hessians are multiples of the iden-
tify matrix. We refer to the strongly convex ones simply as
parabolae, of the form i : R — R,

def
v@) L v+ Jle—vl, ek,
where v > 0 denotes the curvature, v is the vertex, and ¢* is
the optimum value.
For conciseness, we introduce the generalized parabola
expression Q¢ () for all z,y € R™ and v > 0 as

Qro(@) “ f) + (V.o —y) + Sz -yl )

The proximal gradient operator 77 (y) [9] can be expressed
succinctly using (1) as

Tr(y) © argmin (Qfry(z) + ¥(z)), yeR", ()

xeR™

where L > 0 is a parameter corresponding to the inverse of
the step size. Within the scope of this work, the left-hand side
of (2) does not need functional parameters. Operator 77, (y)
can be evaluated in terms of oracle functions as

1
TL(y) = prox1y (y - EVf(y)> , YER™
The composite gradient [9] is given by

L (y — Tr(y)),

We also define the relaxed supporting generalized parabola
Rry(x) of objective F' at point y using inverse step size L
as

def

9r.(y) yeR", L>0.

Ry < F(TL) + 5 o (v)]3

lt n
o)z —y) + Sz -yl =R

II. GENERALIZING ACGM
A. Nesterov’s first order method design pattern

Nesterov’s FGM and AMGS adhere to the design pattern
outlined in Algorithm 1 (early variant discussed in [17]). This
pattern will form the scaffolding of our generalized ACGM.

Algorithm 1 takes as input the starting point x(, function
1o and, if the Lipschitz constant is not known in advance, an



initial LCE Lo > 0. As we shall see later on, 1) is the initial
estimate function within the generalized augmented sequence
framework (Subsection II-C). The pattern in Algorithm 1 fits
within the family of majorization-minimization algorithms. In
line 5 of Algorithm 1, the main iterate is given by the minimum
of uy+1(x), a local upper bound (at ;1) on the objective F.
This upper bound is uniquely determined by an auxiliary point
Yi+1. Alongside the main iterate, the algorithm maintains an
estimate function ¢4, obtained from the previous one by
adding a global lower bound wy,+1(x) weighted by ax41 > 0
(line 6 of Algorithm 1). The current LCE Lj,;, weight
aj+1, and auxiliary point yj; are computed using algorithm
specific methods S, F,, and F,, respectively (lines 2, 3, and
4 of Algorithm 1). These methods take as parameters the state
of the algorithm, given by current values of the main iterate,
LCE, weight, and estimate function.

Algorithm 1 A design pattern for Nesterov’s first-order accel-
erated algorithms

1: for k=0,...,K —1do

¢ Lt = S(xk, Y, L)
ap1 = Fo(Pr, Lit1)
Y1 = Fy (T, Yy ap1)
Tp41 = arg minuy41(x)

zERN

6 Yrp1(x) = Yr(x) + apprwipra(x)
7: end for

B. FGM Estimate Sequence

When the objective function is strongly convex, many first-
order schemes, including the non-accelerated fixed-point meth-
ods, guarantee linear convergence of iterates to the optimal
point. When the problem is non-strongly convex, the optimiza-
tion landscape may contain a high-dimensional subspace of
very low curvature in the vicinity of the set of optimal points.
In this case, the convergence of iterates remains a difficult open
problem [19]. For instance, Nesterov has provided in [13] an
ill-conditioned quadratic problem where the convergence of
iterates to an optimal point is intractable for all first-order
schemes of a certain structure.

Hence, we choose to measure convergence using the image
space distance (ISD), which is the distance between the
objective values at iterates and the optimal value. The decrease
rate of an upper bound on the ISD gives the convergence
guarantee (provable convergence rate). The estimate sequence
framework follows naturally from the formulation of such
guarantees. Specifically, we interpret the image space distance
upper bound (ISDUB), provided by Nesterov for FGM in [13],
for all £k > 0 as

Ap(F(mg) - F(z7)) < Ao(F(wO)—F(w*))Jr%Hwo—w*\|§~

3
Point * can be any optimal point. However, we consider
it fixed throughout this work. The convergence guarantee is
given by the sequence {Aj}r>0 with Ag > 0 and Ay > 0
for all £ > 1. The right-hand side of (3) is a weighted sum
between the initial ISD and the corresponding domain space
term (DST), with weights given by Ag and o, respectively. In

the derivation of FGM, the weights are constrained as Ay > 0
and v > Aogp. When the starting point @ is not guaranteed
to be feasible, Ay must be zero. For AMGS, ~q is fixed as
1 while for original ACGM [17], to prevent A, from being
unbounded above, we have enforced vo < 1. Given that our
current aim is to provide a generic framework, we impose no
restrictions on the weights, apart from Ay > 0 and vy > 0.
The former restriction follows from the convexity of F' while
the latter is required by the estimate sequence, along with its
augmented variant, as we shall demonstrate in the sequel.
The ISDUB expression can be rearranged to take the form

ARF(xy) < Hy, S
where
ef * *
H, (Ap — Ag)F(z*) + AgF(z0) + %HIBO —z*||3

is the highest upper bound that can be placed on weighted
objective values Ay F(xy) to satisfy (3).

The value of Hj depends on the optimal value F(x*),
which is an unknown quantity. The estimate sequence provides
a computable, albeit more stringent, replacement for Hy. It is
obtained as follows. The convexity of the objective implies
the existence of a sequence {W},}x>1 of convex global lower
bounds on F’, namely

F(x) > Wi(z), xeR", k>1. 5)

By substituting the optimal value terms F'(x*) in (4) with
Wi (x*), we obtain Hj, a lower bound on Hy, given by

Hi (A = A0)Wi(@) + AoF (o) + 3 [ = wol3,

for all & > 0. This still depends on x*. However, H; can
be viewed as the value of an estimate function, taken at an
optimal point &*. The estimate functions v (xz), k > 0 are
defined as functional extensions of 7{j, namely

Un(@) & (A~ A0)Wi(@)+ AoF (o) + 3 @~ wol3. ©)

for all x € R™ and k& > 0. Note that the first estimate function
1o does not contain a lower bound term. Therefore, it is not
necessary to define ;. The collection of estimate functions
{¥r(x) }r>0, is referred to as the estimate sequence.

The estimate function optimum value, given by

5 def

Y = ;2%}1"/719(37), k>0,

is guaranteed to be lower than Hy, since
Vi = Hel%él p(x) < Pr(x*) = Hp, k2>0. (@)
oER™

As such, 1)}, provides the sought after computable replacement
of Hj. Note that if the lower bounds W} are linear, the
estimate functions are generalized parabolae with the curvature
given by vo. In this case, the existence of ¢} is conditioned
by 7o > 0, explaining the assumption made in (3).

Thus, it suffices to maintain the augmented estimate se-
quence property, given by

ApF(zr) < v, k>0, ®)



to satisty the ISDUB expression (3). The proof follows from
the above definitions as

®) ) 5)
ApF(zy) < ¥ <yp(x*) =Hy < Hg, k>0,
C. Generalizing the Augmented Estimate Sequence

The interval between the maintained upper bound %}, and
the highest allowable bound Hj, contains Hj. This allows us
to produce a relaxation of the estimate sequence by forcibly
closing the gap between Hj and Hj. Namely, we define the
augmented estimate functions as

U(@) (@) + Hy, — Hy,

with {9}, () }x>0 being the augmented estimate sequence. We
expand definition (9) as

Ui (@) = Yu(@) + (A — Ao)(F(x") — Wi(z")).
The augmented estimate sequence property is thus given by

k=0, ®

D. Lower bounds

As mentioned in Subsection II-A, we can construct an opti-
mization scheme based on the design pattern in Algorithm 1.
The pattern requires us to specify at every iteration a global
lower bound wy41(x), a local upper bound wuy1(x), update
rules F,, and F,, and line-search S.

We set the lower bounds to be supporting generalized
parabolae, namely

wk+1(w) = RLA+1+M\I/>'!IA+1 ($)7 T € Rn! k > 0. (10)

Lemma 1. Supporting generalized parabolae (10) are valid
global lower bounds on the objective F if the auxiliary points
and LCEs obey the descent condition, stated as

f(zk‘+1) < QfaLk+layk+l (zk‘+1)' k > 07 (1 1)

where

def
Zep1 = Tro, (Uner)- 12)

Proof: Same as [17, Lemma 2], with x4 replaced by
Zk+1- |
By combining the estimate function update in line 6 of
Algorithm 1 with the estimate function definition (6), we
obtain a recursion rule for the lower bounds Wy 1(z) in the
form of

Wit (z) = (A = A))Wi (@) + art1wpi1(2)

A1 — Ao ’
For functions Wj41(x) to be valid lower bounds on the

objective, regardless of the sign or tightness of lower bounds
wg+1(z), the following must hold for all & > 0:

k>0.

ag+1 >0, (13)
A1 = Ap + apq1, 14)
1 kt1
Wipi(z) = —— Z (aiwi(x)) .
Apy1 — Ao =

From definition (6), we have that the initial estimate func-
tion is a parabola, given by

1/10(:12) = A()F(ibo)

From (10) and (13), line 6 of Algorithm 1 further ensures that
estimate functions at every iteration are parabolic. We write
the estimate functions and the augmented estimate functions,
for all £k > 0, as

+ Dl - 2ol (1)

Yr(x) = 7/)k+*“$*’vk“27 (16)
V(@) = ﬂllw — w3, (17

with
=95 + (Ax — Ao)(F (") — Wi(z")).  (18)

The estimate sequence update in line 6 of Algorithm 1
along with (10), (12), and (16) gives, through differentiation
and coefficient matching (see also [17]), update rules for the
estimate sequence curvatures and vertices, for all k£ > 0, as

Ve+1 = Ve + a1, (19)
1
Vg1 = 71(%1)1‘- + apt1 (L1 + pw) 2kt
+
— a1 (Lpy1 — (f)Yrt1)- (20)

It follows from (19) that the estimate function curvature can
obtained directly from the cumulative weights as

k
e =0+ (Zm) p=10— Aop+ Agp, k=0. 21D
i=1
E. Generalizing the Gap Sequence

A sufficient condition for the preservation of the augmented
estimate sequence property (8) as the algorithm progresses is
that the augmented estimate sequence gap, defined as

© A () — ), k>0, (22)

is non-increasing. When the estimate functions are parabolic,
this gap can be written as

T, @A (F(z) — F(z")) +
+ AoF'(z") — oy,
WO A (F(zi) — Fz*)) +
— Yp(x”) + Ao F(z") + (Ax — Ao)Wi(z™)
(
(

(A = Ao)Wi(z")

Tk
Tl — vl

6
CAL(F (@) — (»+%
— Ao(F(z0) —
We introduce the gap sequence {Ay}r>¢ in the form

d f * C *
Ap & AF (@) - F@)+ Slloe-a"[3. k> 0. 23)
The augmented estimate sequence gaps can be expressed more
succinctly as

T = Ak — Ay,

k>0. (24)

Hence, the variation of the two sequences is identical, with the
only difference being that the augmented estimate sequence



gap is constrained to be zero initially. The sufficient condition
becomes
A1 < Ay,

k> 0. (25)

F. Upper bounds

Interestingly, all of the above results do not rely on a specific
form of the local upper bound w41 (), as long as assumption
(11) holds for all £ > 0. We want our algorithm to converge as
fast as possible while maintaining the monotonicity property,
expressed as

F(zpi1) < F(zw), (26)
Then, without further knowledge of the objective function,

(12) and (26) suggest a simple expression of the upper bound
for all £ > 0 in the form of

Uk+1 (m) = nlin{Qf7Lk+lyyk+l ($)+\IJ(I)1 F(zk)+a{wk}(m)}v
27
where ox is the indicator function [20] of set X, given by

Ux(m):{ 0, z€X,

k> 0.

400, otherwise.

G. Towards an algorithm

With all building blocks in place, we select functions S,
Fa, and F, so as to preserve the Lyapunov property of the
gap sequence (25).

The enforced descent condition (11) can be equivalently
expressed in terms of composite objective values as

F(zri1) < Qriaivynss (Zr1) + ¥(zr41), x€R™
In [17, Theorem 3] we have shown that if we choose
Tp+1 = Zk+1, We can build a method that maintains a mono-
tone gap sequence. In this work we need a stronger result that
allows x4 to be “better” than zj 4.

Theorem 1. If at iteration k > 0 we have

F(:l:k+1) < F(ZkJrl) < nyLk'ﬁ»lwykﬁ»l(zkH’l) + lIJ(‘2'7€+1)7
then
Apg1 + Arp1 + Brgr < Ay,

where subexpressions Ay, By, Sg+1, and Y41 are, respec-
tively, defined as

of 1 Ag
Akd:f7< k1

A G
2 \ Liy1 + pw

) Hng+1 +pw (yk+1)|‘gv
Ve+1

By Vk1+1 9Lk 1 +me (Yba1) — %Msk-%—l:slﬁ—l%
ser1 = A1 ®e + arp 10k — Yo 1Y,
Yier € Ay + are e

Proof: See Appendix A. ]

Theorem 1 provides a simple sufficient condition for the
monotonicity of the gap sequence, regardless of the algorith-
mic state, given for all £ > 0 by the following relations:
ApYe1Tk + AR17%Vk

ApY+1 + ap17k

Yer1 = Fy(Tr, Vi, A, arr1) =
28)

(Lt + )i 1 < Aps1 Vet

The latter, combined with the non-negativity of the
weights (13), yields
ag1 < E(Vky Ak, Li41), k>0, (29)

where expression £(7k, Ak, Li41) is given by

1
E(vhy Ap, Lipr) & 2Loes —ny)

<'Yk + Agp+ \/(% + App)? + 4( L1 — Nf)Ak"/k> :

The cumulative weight Ay in (14) gives the convergence
guarantee in (3). To provide the best guarantees, we enforce
equality in (29), namely

apy1 = Fa(¥r, Ar, Liv1) = E(vk, Ak, Liy1)-

For determining the LCE, we select the backtracking line-
search method S4 employed by AMGS [9] and the original
ACGM [17]. The search parameters comprise the LCE in-
crease rate r, > 1 and the LCE decrease rate 0 < r4 < 1.
The search terminates when the line-search stopping criterion
(LSSC) in (11) is satisfied.

(30)

H. Putting it all together

We have thus determined a search strategy Sy, initial
estimate function v in (15), upper bounds wuy41(x) in (27),
lower bounds wy1(x) in (10), function F, in (30), and
function F, in (28). Substituting these expressions in the
design pattern outlined in Algorithm 1, we can write down a
generalization of ACGM in estimate sequence form, as listed
in Algorithm 2.

Non-monotone generalized ACGM can be obtained by
enforcing xjy; = =241 for all k& > 0, accomplished by
replacing line 16 of Algorithm 2 with

(€2Y)

Tyl = Zpt1-

III. COMPLEXITY ANALYSIS
A. Worst-case convergence guarantees

Algorithm 2 maintains the convergence guarantee in (3)
explicitly at run-time as state variable Ay. Moreover, if suffi-
cient knowledge of the problem is available, it is possible to
formulate a worst-case convergence guarantee before running
the algorithm.

For our analysis, we will need to define a number of
curvature-related quantities, namely the local inverse condition
number gy for all k& > 0, the worst-case LCE L,,, and the
worst-case inverse condition number ¢, given by

q def 12
k1 =
* Liy1 + pw

L, def max{r,Ls,rqLlo},
def 1%

EaR

The worst-case convergence guarantees for generalized
ACGM are stated in following theorem.



Algorithm 2 Generalized monotone ACGM in estimate se-
quence form
ACGM(xo, Lo, pif, pw, Ao, Y05 Tus Tdr K)
I vo = X, = [y + pw
2 for k=0,..., K —1do
3: Lk+1 =rqly
4:  loop
5 (gt 1=

I S
2(Lg+1—py)

('Yk + App+ \/(’yk + App)? + 4(Lgy s — llff')Ak’yk)

6: Apyr = Ap + app1
7: Vi1 =Yk + Ap1p
: Y1 = e ATk + Qo1 7eor)
9 Zpg1 = Prox 1y Yrt1 — ﬁVf(ﬁkﬂ))
10: it f(Z041) S Qf 7,0y gps, (Bre1) then
11: Break from loop
12: elsg .
13: Lyy1:=ryLlrs1
14: end if
15:  end loop
16:  Tpir = argmin{F(Z41), F(zr)}
17: Uy = %L (WVk + g1 (Lig1 + o) Zeg1
—an41(Les1 = o) Yny1)
18: Lpy1:= Liy1, Akt = Akgr, Yer1 = Yt

19: end for
20: return x g

Theorem 2. If vog > Ao, the generalized ACGM algorithm
generates a sequence {xy},>1 that satisfies

F(xg) — F(z7)
<min{L (1—\/(7)“}@ —up)hy k>1
> (k+1)27 u u f 3 i 8}

where

s, o Do

5, Bo_ o

Yo Yo

Proof: See Appendix B. ]
Note that the assumption g > Apu always holds for
non-strongly convex objectives and that ACGM is guaranteed
converge for strongly convex objectives also when vy < Agp.
However, in the latter case, it is more difficult to obtain simple
lower bounds on the convergence guarantees. We leave such
an endeavor to future research.

(F(wo) ~ Fla")) + 5lleo — I3

B. Wall-clock time units

So far, we have measured the theoretical performance of
algorithms in terms of convergence guarantees (including the
worst-case ones) indexed in iterations. This does not account
for the complexity of individual iterations. In [17], we have in-
troduced a new measure of complexity, the wall-clock time unit
(WTU), to compare optimization algorithms more reliably. We
thus distinguish between two types of convergence guarantees.
One is the previously used iteration convergence guarantee,

indexed in iterations and a new computational convergence
guarantee, indexed in WTU.

The WTU is a measure of running time in a shared memory
parallel scenario. The computing environment consists of a
small number of parallel processing units (PPU). Each PPU
may be a parallel machine itself. The number of parallel units
is considered sufficient to compute any number of independent
oracle functions simultaneously. The shared-memory system
does not impose constraints on parallelization, namely, it is
uniform memory access (UMA) [21] and it is large enough to
store the arguments and results of oracle calls for as long as
they are needed.

In order to compare algorithms based on a unified bench-
mark, in [17] we have assumed that f and V f require 1 WTU
each while all other operations are negligible and amount to
0 WTU. In this work, we generalize the analysis. We attribute
finite non-negative costs ty, ty, ty, and ¢, to f(x), Vf(x),
U(x), and prox,q(xz), respectively. However, since we are
dealing with large-scale problems, we maintain the assumption
that element-wise vector operations, including scalar-vector
multiplications, vector additions, and inner products, have
negligible complexity when compared to oracle functions and
assign a cost of 0 WTU to each. Synchronization of PPUs also
incurs no cost. Consequently, when computed in isolation, an
objective function value F(x) call costs tp = max{ts,ty},
ascribable to separability, while a proximal gradient operation
costs tp =ty + t,, due to computational dependencies.

C. Per-iteration complexity

‘We measure this complexity in WTU on the shared memory
system described in the previous subsection and consider a
parallel implementation involving speculative execution [21].

The advancement phase of a generalized ACGM iteration
consists of one proximal gradient step (line 9 of Algorithm 2).
Hence, every iteration has a base cost of tr = t, + i,.
The LSSC and the monotonicity condition (MC) in line 16
of Algorithm 2 can be evaluated in parallel with subsequent
iterations. Both rely on the computation of f(2x41), which in
the worst case requires [t7/t7] dedicated PPUs. In addition,
MC may need up to [ty /tr] PPUs.

Backtracks stall the algorithm in a way that cannot be
alleviated by parallelization or intensity reduction. Therefore,
it is desirable to make them a rare event. Assuming that the
local curvature of f varies around a fixed value, this would
mean that log(r,,) should be significantly larger than —log(rg).
With such a parameter choice, the algorithm can proceed from
one iteration to another by speculating that backtracks do not
occur at all. Let the current iteration be indexed by k. If
the LSSC of iteration k fails, then the algorithm discards all
the state information pertaining to all iterations made after k,
reverts to iteration k, and performs the necessary computation
to correct the error. We consider that a mis-prediction incurs
a detection cost t; and a correction cost t.. LSSC requires the
evaluation of f(2;41) and incurs a detection cost of ¢4 = ty.
A backtrack entails recomputing g, yielding an LSSC
t. = tp correction time.

Overshoots are assumed to occur even less often. Similarly,
the algorithm proceeds speculating that MC always passes



and defaults to (31). Hence, MC has t; = tp, due to its
dependency on W(2441), but once the algorithmic state of
iteration £ has been restored, no additional oracle calls are
needed, leading to t. = 0. MC and LSSC can be fused into
a single condition, giving rise to the scenarios outlined in
Table 1. Note that if LSSC fails, MC is not evaluated.

TABLE I
ALGORITHM STALL TIME IN WTU BASED ON THE OUTCOME OF LSSC
AND MC
MC passed MC failed
LSSC passed 0 max{ts,tw}
LSSC failed ¢ty +1t5 +1p N/A

For non-monotone generalized ACGM, each backtrack adds
ty +tr WTU to a base iteration cost of ¢7. A comparison to
other methods employing line-search is shown in Table II.

TABLE 1T
PER-ITERATION COST OF FISTA, AMGS, AND GENERALIZED ACGM IN
THE NON-MONOTONE SETTING

FISTA AMGS ACGM
Base cost tg+1t, 2t, + 21, tg +tp
LSSC t4 ty ty ty
LSSC t. tp tg +1tp tg +1tp
Backtrack cost  ty +1t, 2tg+t, ty+itg+t,

IV. EXTRAPOLATED FORM
A. Monotonicity and extrapolation

In the original ACGM [17], the auxiliary point can be ob-
tained from two successive main iterates through extrapolation.
Interestingly, this property is preserved for any value of the
inverse step size. We show in the following how monotonicity
alters this property and bring generalized monotone ACGM to
a form in which the auxiliary point is an extrapolation of state
variables. First, we observe that estimate sequence vertices can
be obtained from main iterates through extrapolation, namely

Ay,

—+1

V1 = T+ (Zht1 — Tk)s
1

k> 0. (32)

The proof does not require any conditions on Ay or vy and is
thus the same as the one in [17, Lemma 5]. Combined with
the auxiliary point update (28) it leads to

1

Yyl = ——————————
T Apyegt + arpe

Ay Ay (33)
A1 Tr + — 25 + | G — — | Tr—1 |,
ag ag

for all & > 1. Depending on the outcome of the update in
line 16 of Algorithm 2, we distinguish two situations.
If MC passes at iteration k — 1 (F'(2z;) < F(xk_1)), then
Yrr1 = (1 +bp)zp — bpxp—1 = @i + bp(2k — Tp—1), (34)

where, for brevity, we define extrapolation factor b, and
subexpression wy, as

A
by def <—k71> Wk, Wk def

ar,

Ak+17k
Ok (35
ApYr41 + arp1ve

If the algorithm overshoots (F(zx) > F(xk—1)) then, by
monotonicity, we impose T = x_1, Which leads to

Ykt1 = bz — (b, — Dxp—1 = zk, + by, (2, — Th—1), (36)

where the extrapolation factor b}, is given by

def [ Ag
ag

Expressions (34) and (36) lead to the following auxiliary point
extrapolation rule:

(37

Yktl = Tp + Be(zk — 1), kK >1, (38)

where
T = Zk

b,
ﬂk_{b;c, T = Tp_1 s k21

Until this point we have assumed that the first iteration k = 0
does not use auxiliary point extrapolation rule (38). To write
generalized ACGM in a form similar to monotone FISTA
(MFISTA [18]) and the monotone version of FISTA-CP [6],
we define the vertex extrapolation factor in (32) as

der Ax

'k >
ag

k>1. 39)
As long as k£ > 1, (30) enables us to obtain a recursion rule
for the vertex extrapolation factor that does not depend on
weights a;, and Ay, given by
L1+ pw o
——— 13 =0, k>1, pn>0.
Ly + pw k - f=
(40)
Subexpression wy, and auxiliary point extrapolation factor S
can also be written for all £ > 1 as

tier + b (ety — 1)

1 —qryitisn
(1= qer1)tesr’
Br = (tk — 1z, (Th))wr,

where 1x denotes the membership function of set X, namely

1, zeX
1X(I):{ 0, z¢X
Note that subexpression wy, contains only recent information
whereas [; needs only to access the state of the preceding
iteration.

For simplicity, we wish to extend update rules (38), (40),
and (42) to the first iteration k = 0. The missing parameters
follow naturally from this extension. First, ¢y can be obtained
by setting k£ = 0 in (40) as

ty= | -t @
Lit+pw
Lo+pw —hdo

(€D (Lo + pw) Ao
Y0

Wy = (41)

“42)

Al —ay

(Litpw)a
(Lo+pw) AL 190

) (43)

Next, we introduce a “phantom iteration” k& = —1 with the
main iterate as the only state parameter. We set z_; def (o SO
that any value of §y will satisfy (38). For brevity, we obtain
Bo from expression (42) with k& = 0. We do not define ay.
Instead, extrapolation factors by, and bj, from (35) and (37)



can be computed when k = 0 by replacing Ag/ag with the ¢
expression in (46).

Thus, with initialization (46) and recursion (40), we have
completely defined the vertex extrapolation factor sequence
{tk} x>0, and derived from it the auxiliary extrapolation factor
expression (42). Now, we do not need to maintain weight
sequences {ay}r>1 and {Ay}r>0. We simplify generalized
ACGM further by noting that, to produce the auxiliary point,
extrapolation rule (38) depends on three vector parameters.
However, it is not necessary to store both zj and x;_; across
iterations. To address applications where memory is limited,
we only maintain the difference term dj, given by

dy = (tp — 1z (2k)) (20 — 1), k>0 (44)
Extrapolation rule (38) becomes
Yr+1 = T +widg, k>0. 45)

The above modifications yield a form of generalized ACGM
based on extrapolation, which we list in Algorithm 3. To obtain
a non-monotone algorithm, it suffices to replace line 16 of
Algorithm 3 with (31).

We stress that while Algorithms 2 and 3 carry out different
computations, they are mathematically equivalent with respect
to the main iterate sequence {xj}i>0. The oracle calls and
their dependencies in Algorithm 3 are also identical to those
in Algorithm 2. Therefore the per-iteration complexity is the
same.

Algorithm 3 Generalized monotone ACGM in extrapolated
form
ACGM(xg, Lo, fif, prw, Ao, Y0, Tus Td» K)

I: x_1 = @9, d() =0

A
20 = py + pow, to =4/ (Loti;p) 2, qo = Lo_ﬁw
3 for k=0,..,K —1do
4 Lpy1:=rqLy

5:  loop
. B o
& Qo1 - Liy1+pw
7 L
7: toy1 =12 <1 — qit? + \/(1 — gt + 4%%)
. o — L—Gr1tisa
8 Ykt = Tk <1*<jk+1)5k+1d
9: Zpy1 = ProxX a1y (Ge1 — %Vf(ﬁml))
. R Lp41 R k+1
10: if f(2r41) < nyi/k+laﬁk+1(zk+1) then
11: Break from loop
12: else .
13: Lyyq :=ryLiy1
14: end if

15:  end loop

16 @ppy = argmin{F(Zx41), F(zx)}

170 dpgr = (ear — Lz} (@r1)) (Bt — o)
18:  Liy1 = Lit1, Qo1 = Qot1s thi1 = trp
19: end for

20: return x g

B. Retrieving the convergence guarantee

For Algorithm 2, the convergence guarantee in (3) is ob-
tained directly from the state variable Aj. For Algorithm 3,
we need the following result.

Lemma 2. The vertex extrapolation factor expression in (46)
generalizes to arbitrary k > 0 as

P (L + py) Ay
o= g kTR
Tk

Proof: For k = 0, (46) holds. For k > 1 we have that

bt = (L + 1) AR 1 Goy (Lt + po) Ak
- (Ligr + pw)ag Vr+1

u

From Lemma 2, we distinguish two scenarios.

If 79 # Aop, the convergence guarantee can be derived
directly from the state parameters without alterations to Algo-
rithm 3 as

Ay = M E>1.
(Li + po)(1 = git3)’

C. Border-case

However, if 9 = Agu, then
(46)

Therefore, the state parameters of Algorithm 3 no longer
contain information on the convergence guarantee but can be
brought to a simpler form. The result in (46) implies that the
auxiliary point extrapolation factor is given by

VI + pw — Ly (@k) /B

VI tpe+yr
The sequence {t;, }1>o does not store any relevant information
and can be left out. This means that the convergence guarantee

Ay, requires a dedicated update. A simple recursion rule
follows from (46) as

Br = E>0. (47

1
1= Vet
Due to scaling invariance, we can select any pair (Ao, o)
that is a positive multiple of (1, ). For simplicity, we choose
Ap=1and vy = p.
To reduce computational intensity, we modify subexpres-
sions dj and wy, as

dy = (\/Lk + g — I{Zk}(IEk)\/ﬁ) (Zk — {Iikfl), k>0,
49

A1 = Ag, k>0. (48)

Wk k‘ZU.

1
T Vet vt VE
The local inverse condition number sequence {q}r>o does
not appear in updates (47) and (48). Hence, it can also be
abstracted away. The form taken by generalized ACGM in
this border-case, after simplifications, is listed in Algorithm 4.
A non-monotone variant can be obtained by replacing
line 13 of Algorithm 4, with (31). The border-case iteration

complexity matches the one of Algorithms 2 and 3.

(50)



Algorithm 4 Border-case ACGM in extrapolated form
ACGM(zg, Lo, iy, poy, Tus Ta, K)

T_1 =%, do =0, Ag=1, p=py+py

1:
2 for k=0,..,K —1do
3: Lk+1 = rde
4:  loop
. o — 1
5: Yk+1 = Tk + Tﬂﬂﬁﬁdk
6 21 = Prox iy Yrt1 — Vf(yk+1)>
7: if f(2k11) < Qf Bt ion (Zk+1) then
8: Break from loop
9: else
10: Lk+1 = ruLk+l
11: end if

12 end loop
13:  @pyq = argmin{ F(Zx41), F(xr)}

14 dpy = L1 + pw — 1{2,\“}(%“1)\//7)
(Bk+1 — k)
150 Lpyr:= Lk+1A
16: Ak+1 = MA’C
V Lkpritpe—/i

17: end for
18: return x g

V. SIMULATION RESULTS

A. Benchmark setup

We have tested the variants of generalized ACGM in-
troduced in this work against the methods considered at
the time of writing to be the state-of-the-art on the prob-
lem class outlined in Subsection I-A. The proposed meth-
ods included in the benchmark are non-monotone ACGM
(denoted as plain ACGM), monotone ACGM (MACGM),
and, for strongly-convex problems, border-case non-monotone
ACGM (BACGM) as well as border-case monotone ACGM
(BMACGM). The state-of-the-art methods are FISTA-CP,
monotone FISTA-CP (MFISTA-CP) [6], AMGS [9], and
FISTA with backtracking line-search (FISTA-BT) [10].

We have selected as test cases five synthetic instances of
composite problems in the areas of statistics, inverse problems,
and machine learning. Three are non-strongly convex: least
absolute shrinkage and selection operator (LASSO) [11], non-
negative least squares (NNLS), and [;-regularized logistic
regression (L1LR). The other two are strongly-convex: ridge
regression (RR) and elastic net (EN) [22]. Table III lists the
oracle functions of all above mentioned problems.

Here, the sum softplus function I(a:), the element-wise
logistic function £(x), and the shrinkage operator 7. (x) are,
respectively, given by

Z 1+¢€%), ie{l,..,m},
a»i—i——‘eu )
x271+e_m1’ i ye,m},
Tr(x); = (|lz;] — 7)+ sen(=;), Jj€{L,..,n}

To attain the best convergence guarantees for AMGS, Nes-
terov suggests in [9] that all known global strong convexity
be transfered to the simple function W. When line-search is
enabled, generalized ACGM also benefits slightly from this ar-
rangement when 7, > 1 (Theorem 2). Without line-search, the
convergence guarantees of generalized ACGM do not change
as a result of strong convexity transfer, in either direction.
Thus, for fair comparison, we have incorporated in ¥ the
strongly-convex quadratic regularization term for RR and EN
problems. In the following, we describe in detail each of the
five problem instances. All random variables are independent
and identically distributed, unless stated otherwise.

LASSO. Real-valued matrix A is of size m = 500 by
n = 500, with entries drawn from A/(0,1). Vector b € R™
has entries sampled from A/(0,9). Regularization parameter
A1 is 4. The starting point £y € R™ has entries drawn from
N(0,1).

NNLS. Sparse m = 1000 x n» = 10000 matrix A has
approximately 10% of entries, at random locations, non-zero.
The non-zero entries are drawn from A/ (0, 1) after which each
column j € {1,...,n} is scaled independently to have an [y
norm of 1. Starting point x( has 10 entries at random locations
all equal to 4 and the remainder zero. Vector b is obtained from
b= Ax( + z, where z is standard Gaussian noise.

L1LR. Matrix A has m = 200 x n = 1000 entries sampled
from A(0,1), @y has exactly 10 non-zero entries at random
locations, each entry value drawn from A (0,225),and A\; =5
Labels y; € {0,1},i € {1, ...,m} are selected with probability
P(Y, = 1) = L(Az),.

RR. Dimensions are m = 500 x n = 500. The entries
of matrix A, vector b, and starting point  are drawn from
N(0,1), N(0,25), and N(0, 1), respectively. Regularizer Ay
is given by 1073(0,nax(A))2, Where 00 (A) is the largest
singular value of A.

EN. Matrix A has m = 1000 x n = 500 entries sampled
from A(0,1). Starting point xo has 20 non-zero entries
at random locations, each entry value drawn from A(0,1).
Regularization parameter \; is obtained according to [23]
as Ay = 1.5y/2log(n) and Ao is the same as in RR,
A2 = 1073 (0mas(A))2.

The Lipschitz constant Ly is given by (0y,q,(A))? for all
problems except for LILR where it is 3 (044 (A))?2. Strongly
convex problems RR and EN have ;1 = pg = Ay and inverse
condition number ¢ = p/(Ly + prp) = 1/1001.

To be able to benchmark against FISTA-CP and FISTA-BT,
which lack fully adaptive line-search, we have set Lo = Ly
for all tested algorithms, thus giving FISTA-CP and FISTA-
BT an advantage over the proposed methods. To highlight the
differences between ACGM and BACGM, we ran ACGM and
MACGM with parameters Ay = 0 and o = 1.

Despite the problems differing in structure, the oracle func-
tions have the same computational costs. We consider one
matrix-vector multiplication to cost 1 WTU. Consequently,
for all problems, we have t; = 1 WTU, ¢, = 2 WTU, and
tg =t, =0 WTU.

The line-search parameters were selected according to the
recommendation given in [4]. For AMGS and FISTA-BT
we have rAMGS rEISTA 2.0 and 7{MGS 0.9.



TABLE III
ORACLE FUNCTIONS OF THE FIVE TEST PROBLEMS

f(=) U (x) Vi) prozrv ()
LASSO  1||Az —b|3 Mlz]|2 AT(Az —b) Tea ()
NNLS 1| Az — b||5 ogn (z) AT(Azx —b) (x)+
LILR I(Az) —yT Az x| AT(L(AZ) —y) T (z)
RR 3l Az —b|3 % |3 AT(Az —b) TR
EN 3/l Az — b3 Al + ¢ zl3  AT(Az —b) Ty T ()

The variants of generalized ACGM and AMGS are the only
methods included in the benchmark that are equipped with
fully adaptive line-search. We have decided to select rQCGM
to ensure that ACGM and AMGS have the same overhead.
We formally define the line-search overhead of method M,
denoted by Q™M as the average computational cost attributable
to backtracks per WTU of advancement. Assuming that the
LCEs hover around a fixed value (Subsection III-C), we thus
have that

QAIVIGS — _ (th + tl)) log(ré\NIGS) (51)
2(tg + tp) log(r™es)’
QACGM _ _ (tr + 1ty +1tp) log(rg @) (52)

(tg + tp) log(ri M)

From (51) and (52) we have that r4CCM — (pAMGS)3 - wih
no difference for border-case or monotone variants.

For measuring ISDs, we have computed beforehand an
optimal point estimate &* for each problem instance. Each
* was obtained as the main iterate after running MACGM
for 5000 iterations with parameters Ao =0, v9 =1, Lo = L f»
and aggressive search parameters 74 = 0.9 and 7, = 2.0.

B. Non-strongly convex problems

The convergence results for LASSO, NNLS, and L1LR are
shown in Figure 1. The LCE variation during the first 200
WTU is shown in Figure 2. For NNLS, floating point precision
was exhausted after 100 WTU and the LCE variation was only
plotted to this point (Figure 2(b)). In addition, the average
LCEs are listed in Table IV.

Both variants of ACGM outperform in iterations and es-
pecially in WTU the competing methods in each of these
problem instances. Even though for LASSO and NNLS, the
iteration convergence rate of AMGS is slightly better in the be-
ginning (Figures 1(a) and 1(c)), AMGS lags behind afterwards
and, when measured in terms of computational convergence
rate, has the poorest performance among the methods tested
(Figures 1(b), 1(d), and 1(f)). FISTA-BT produces the same
iterates as FISTA-CP, as theoretically guaranteed in the non-
strongly convex case for Ly = Ly.

The overall superiority of ACGM and MACGM can be
attributed to the effectiveness of line-search. Interestingly,
ACGM manages to surpass FISTA-CP and MFISTA-CP even
when the latter are supplied with the exact value of the global
Lipschitz constant. This is because ACGM is able to accurately
estimate the local curvature, which is often below L. For the
LILR problem, where the smooth part f is not the square

of a linear function, the local curvature is substantially lower
than the global Lipschitz constant with LCEs hovering around
one fifth of Ly (Figure 2(c)). One would expect AMGS to be
able to estimate local curvature as accurately as ACGM. This
is does not happen due to AMGS’s reliance on a “damped
relaxation condition” [9] line-search stopping criterion. For
LASSO and NNLS, the average LCE of AMGS is actually
above Ly. ACGM has an average LCE that is roughly two
thirds that of AMGS on these problems whereas for L1LR
the average is more than three times lower than AMGS. The
difference between the LCE averages of ACGM and MACGM
is negligible.

Indeed, monotonicity, as predicted, does not alter the over-
all iteration convergence rate and has a stabilizing effect.
MACGM overshoots do have a negative but limited impact
on the computational convergence rate. We have noticed in
our simulations that overshoots occur less often for larger
problems, such as the tested instance of NNLS.

C. Strongly convex problems

The convergence results for RR and EN are shown in
Figures 3(a), 3(b), 3(c), and 3(d). The LCE variation is shown
in Figure 4 with LCE averages listed in Table V.

Strongly convex problems have a unique optimum point
and accelerated first-order schemes are guaranteed to find an
accurate estimate of it in domain space (see [13] for detailed
analysis). Along with Theorem 2, it follows that

Ao(F(@0) = F(&")) + Pllwo — &7} ~ Ao.

Thus, we can display accurate estimates of ISDUBs in (3),
of the form Uy def Ag/Ak, k > 1, for methods that maintain
convergence guarantees at runtime. These are shown in Figures
3(e) and 3(f) as upper bounds indexed in WTU.

For the smooth RR problem, the effectiveness of each
algorithm tested is roughly given by the increase rate of the
accumulated weights (Figures 3(a) and 3(c)). In iterations,
AMGS converges the fastest. However, in terms of WTU
usage, it is the least effective of the methods designed to
deal with strongly convex objectives. The reasons are the
high cost of its iterations, its low asymptotic rate compared
to ACGM and FISTA-CP, and the stringency of its damped
relaxation criterion that results in higher LCEs (on average)
than ACGM (Figure 4(a) and Table V). The computational
convergence rate of BACGM is the best, followed by ACGM,
FISTA-CP. This does not, however, correspond to the upper
bounds (Figure 3(e)). While BACGM produces the largest
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TABLE IV

AVERAGE LCES OF LINE-SEARCH METHODS ON LASSO, NNLS, AND L1LR

Problem Ly Iterations FISTA-BT AMGS ACGM MACGM
LASSO  1981.98 2000 1981.98  2202.66 1385.85  1303.70
NNLS 17.17 50 17.17 19.86 14.35 13.54
LILR 518.79 200 518.79 246.56 80.76 79.12
TABLE V
AVERAGE LCES OF LINE-SEARCH METHODS ON RR AND EN
Problem Ly Iterations FISTA-BT AMGS ACGM MACGM BACGM BMACGM
RR 1963.66 350 1963.66  2022.73 1473.88  1473.88  1471.16 1471.16
EE 2846.02 150 2846.02  3023.47 2056.68  2003.09  2093.56 1998.12
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accumulated weights Ay, the high value of the ISD term
in Ay causes BACGM to have poorer upper bounds than
ACGM, except for the first iterations. In fact, the effectiveness
of BACGM on this problem is exceptional, partly due to
the regularity of the composite gradients. This regularity also
ensures monotonicity of BACGM, ACGM, and FISTA-CP.
FISTA-BT does not exhibit linear convergence on this problem
and it is even slower than AMGS after 500 WTU despite its
lower line-search overhead and advantageous parameter choice
Lo=Ly.

On the less regular EN problem, ACGM leads all other
methods in terms of both iteration and computational con-
vergence rates (Figures 3(b) and 3(d)). The advantage of
ACGM, especially over BACGM, is accurately reflected in the
upper bounds (Figure 3(f)). However, convergence is much
faster than the upper bounds would imply. Even FISTA-BT
has a competitive rate, due to the small number of iterations
(150) needed for high accuracy results. The ineffectiveness
of AMGS on this problem is mostly due to its high LCEs
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(Figure 4(b) and Table V). The proposed ACGM and variants
show comparable average LCEs. Here as well, monotonicity
has a stabilizing effect and does not have a significant impact
on the computational convergence rate.

VI. DISCUSSION

Our simulation results suggest that enforcing monotonicity
in ACGM is generally beneficial in large-scale applications. It
leads to a more predictable convergence rate and, provided that
the number of overshoots per iteration is small, monotonicity
has a negligible impact on the computational convergence rate
as well. Our experimental results indicate that the frequency
of overshoots generally decreases with problem size.

From a theoretical standpoint, the proposed method can be
viewed as a unification of FGM and FISTA, in their most
common forms. Specifically, the fixed-step variant (Ly = Ly
for all £ > 0) of ACGM in extrapolated form (Algorithm 3)
is equivalent to both the monotone and non-monotone vari-
ants of FISTA-CP with the theoretically optimal step size



TABLE VI
FGM AND FISTA, ALONG WITH THEIR COMMON VARIANTS, CAN BE CONSIDERED INSTANCES OF GENERALIZED ACGM WITH CERTAIN RESTRICTIONS

APPLIED.
Algorithm Restriction
Smooth objective p© =0 p>0 Ag=0 Ao>0 Fixed step size Non-monotone
FGM [13] yes no no no yes yes yes
FGM [14] yes yes no unclear  unclear no yes
FISTA [10] no yes no yes no partial yes
MFISTA [18] no yes no yes no yes no
scAPG [12] no no yes no yes no yes
FISTA-CP [6] no no no no no yes no
TFISTA-CP Li Moreover, when ;1 = 0, non-monotone regardless of the actual performance of BACGM, the conver-

original ﬁxed—ste;f) ACGM coincides with the original for-
mulation of FISTA in [10]. Adding monotonicity yields
MFISTA [18]. Also for y = 0, but without the fixed-step
restriction, the original non-monotone ACGM in estimate
sequence form reduces to the robust FISTA-like algorithm
in [16], whereas in extrapolated form it is a valuable sim-
plification of the method introduced in [15].

When dealing with differentiable objectives, we can assume
without loss of generality that ¥(xz) = 0 for all x € R™. In
what follows, we consider generalized non-monotone fixed-
step ACGM in estimate sequence form, unless stated other-
wise. By substituting the local upper bound functions w1 (x)
at every iteration & > 0 with any functions that produce
iterates satisfying the descent condition, which means in this
context that

F@rn) < enn) = 50— IV Fwn) .

where xj1 is given by line 5 of Algorithm 1, we obtain
the “general scheme of optimal method” in [13]. Both the
monotone and non-monotone variants adhere to this scheme.
The correspondence between Nesterov’s notation in [13] and
ours is, for all £ > 0, given by:

A(/]%CGM

)\FGM _
k - A}?CGM"
FGM ACGM
(@),

1 n
k (w):mwk zecR
k

FGM _ , ACGM
Y =Yk+1
ACGM
oFeM _ Gkt 1
kT JAACGM ~ ;ACGM’
k+1 k+1
ACGM
,WSGM _ Tk
= AACGM "
A

The remaining state parameters are identical. Note that FGM
makes the assumption that AéCGM > 0, which is incompatible
with the original specification of ACGM in [17]. With the
above assumption, the non-monotone variant (Algorithm 2)
is in fact identical to “constant step scheme I” in [13].
Similarly, the extrapolated form of fixed-step non-monotone
ACGM (Algorithm 3) corresponds exactly to “constant step
scheme II” in [13] while fixed-step border-case non-monotone
ACGM (Algorithm 4) is identical to “constant step scheme
IIT” in [13]. We note that for both the RR and EN problems,

gence guarantees of BACGM are poorer than those of ACGM
with Ay = 0. This discrepancy in guarantees is supported
theoretically because, in the most common applications, the
ISD term in Ay is large compared to the DST. This extends
to the fixed-step setup and challenges the notion found in the
literature (e.g., [24]) that for strongly-convex functions, FGM
and FISTA-CP are momentum methods that take the form of
the “constant step scheme III” in [13]. In fact, the border-
case form may constitute the poorest choice of parameters Ag
and 7y in many applications. Indeed, the worst-case results in
Theorem 2 favor Ag = 0.

The FGM variant in [14] is a particular case of non-
monotone ACGM with variable step size (Algorithm 2) when
the objective is non-strongly convex (u = 0) and the step size
search parameters are set to r2°GM = 2 and rCSM = (.5,
The notation correspondence is as follows:

FGM _ . ACGM FGM _ , ACGM
LTrt1,i = Lh+1 > ki — Ykr1
FGM __ ~ACGM ir  _ FACGM
Qg  =apg o, 2 Ly=Liy.

The remaining parameters are identical.

Thus, by relaxing the assumption that Ay = 0, we have
devised a generalized variant of ACGM that effectively encom-
passes FGM [13], with its recently introduced variant [14], as
well as the original FISTA [10], including its adaptive step-size
variants [15], [16], the monotone version MFISTA [18], and
the strongly convex extension FISTA-CP [6]. A summary of
how the above first-order methods relate to generalized ACGM
is given in Table VI.

Due to its adaptivity, generalized ACGM is not limited to
the composite problem framework in Subsection I-A. It is also
guaranteed to converge on problems where the gradient of f
is not globally Lipschitz continuous. Constituent function f
needs to have Lipschitz gradient only in the area explored by
the algorithm.

In terms of usability, generalized ACGM does not require a
priori knowledge of Lipschitz constant L ¢, or a lower estimate
of it, beforehand. Thus, the proposed method can be utilized
without any quantitative knowledge of the problem. Lack of
information does not hinder generalized ACGM more than any
other primal first-order method while additional information,
such as values of strong convexity parameters py and py or
even an accurate estimate L of the curvature around x(, leads
to a state-of-the-art performance increase unsurpassed for its
class.



APPENDIX A
PROOF OF THEOREM 1

We assume k& > 0 throughout this proof. The descent
condition assumption implies lower bound property (10). Let
the tightness of this lower bound be given by the residual R(x)
as

def
R(zx) = F(z) - RLk+1+;L¢7yk+1($)v z € R™

where w11 () is given by (10). From (13) and (19) we have
that yx+1 > k. Along with Ay R(xy) + ap+1R(z*) > 0, we
obtain, using the proof mechanics of [17, Theorem 1], that

Ap(F(zg) — F(x*)) — Apg1 (F(2p41) — F(x*)) >

> Ve+1
- 2

ok = @[3 = Fllow = @[3 + Ausr + Bisa-

(53)
Combining F(xk+1) < F(zk+1) with (53) gives the desired
result.

APPENDIX B
PROOF OF THEOREM 2

The non-negativity of the weights (13) implies that v, > 7o
for all £ > 0. Combined with (30), we have

Yo
Apy1 > A+ — 10
SO PR
2 A
+ 70 T k70 k> 0.

HLir = pg)* (Lo = pg)’

As we can see from Algorithm 2, scaling Ay and vy by a
fixed factor does not alter the behavior of generalized ACGM.
Additionally, vy is guaranteed to be non-zero. To simplify cal-
culations, we introduce the normalized convergence guarantees
Ay, % Ay o for all k> 0.

Regardless of the outcome of individual line-search calls,
the growth of the normalized accumulated weights obeys

1 n 1 n Ag
(Lu — 1) ALy = pg)®  (Lu— pif)

for all k& > 0. Taking into account that Ay > 0, we obtain by
induction that

A1 > A+ 3

_ (k+1)2
A, > —2 _ k>1.
"= AL, - )

From assumption g > Agp, (21) implies v, > Agp for all
k > 0. Hence

(54)

2
Aky1 (30)

2
Ak+1

Vk+1 > H
(Lkg1 + pw)Arsr — Lig1 + po

= Qk+1 2 qu,

for all £ > 0. Since Ay > 0, we have that A; > ﬁ
induction, it follows that

1
Ly — py
Substituting (54) and (55) in (3) completes the proof.

By

Ay > (1— @) Y, k>1. (55
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ABSTRACT

Most of the existing ultrasound image restoration methods consider
a spatially-invariant point-spread function (PSF) model and circulant
boundary conditions. While computationally efficient, this model is
not realistic and severely limits the quality of reconstructed images.
In this work, we address ultrasound image restoration under the hy-
pothesis of piece-wise linear vertical variation of the PSF based on
a small number of prototypes. No assumption is made on the struc-
ture of the prototype PSFs. To regularize the solution, we use the
classical elastic net constraint. Existing methodologies are rendered
impractical either due to their reliance on matrix inversion or due to
their inability to exploit the strong convexity of the objective. There-
fore, we propose an optimization algorithm based on the Accelerated
Composite Gradient Method, adapted and optimized for this task.
Our method is guaranteed to converge at a linear rate and is able to
adaptively estimate unknown problem parameters. We support our
theoretical results with simulation examples.

Index Terms— Accelerated Composite Gradient Method,
point-spread function, reconstruction, restoration, spatially vary-
ing, ultrasound

1. INTRODUCTION

Ultrasound imaging is an efficient, cost effective, and safe medical
imaging modality. It is widely used for various clinical applications
and is especially well suited for the diagnosis of soft tissue patholo-
gies. These advantages are however mitigated by the relative low
image quality, in terms of signal-to-noise ratio, low contrast, and
poor spatial resolution. The main factors affecting the quality of
ultrasound images are the finite bandwidth and aperture of the imag-
ing transducer as well as the physical phenomena (e.g., diffraction
and attenuation) related to the propagation of sound waves in hu-
man tissues. Consequently, a rich body of scientific literature ad-
dresses ultrasound image reconstruction, i.e., the estimation of the
tissue reflectivity function (TRF) from ultrasound images. Gener-
ally, existing approaches turn the TRF estimation into a deconvo-
lution problem, by considering, under the first order Born approxi-
mation, that the formation of ultrasound images follows a 2D con-
volution model between the TRF and the system point-spread func-
tion (PSF). The PSF can be either estimated in a pre-processing step
(see, e.g., [1-6]) or jointly estimated with the TREF, i.e., blind de-
convolution (see, e.g., [7-10]). Mainly for computational reasons,
most of the existing ultrasound image restoration methods consider
a spatially-invariant PSF model and circulant boundary conditions.

Part of this work has been supported by the Academy of Finland, under
grant no. 299243, and CIMI Labex, Toulouse, France, under grant ANR-11-
LABX-0040-CIMI within the program ANR-11-IDEX-0002-02.
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However, independently of the acquisition setup, stationary convolu-
tion cannot accurately model the formation of ultrasound images. To
overcome this issue, ultrasound images are generally divided in lo-
cal regions prior to deconvolution, assuming a block-wise spatially-
invariant PSF (see, e.g., [11]). To avoid issues related to stitching to-
gether the results of block-wise techniques, a few attempts have been
very recently made in [12] and [13] to account for non-stationary
convolution models in ultrasound imaging. The former relies on a
very restrictive model with few degrees of freedom whereas the de-
convolution method in the latter is computationally intractable for
large images.

This paper proposes an optimization algorithm adapted to ul-
trasound image restoration under the hypothesis of spatially-variant
PSF. The convolution kernel is assumed to be horizontally invariant
but to vary vertically as a linear combination of neighboring proto-
type point-spread functions (PSF). To regularize the solution of the
inverse problem generated by this model, we use herein the classical
elastic net constraint [14]. Elastic net ensures a compromise between
the £;-norm promoting sparse solutions and the £2-norm imposing
smooth results. Its interest in ultrasound imaging has been already
shown through different applications, e.g. compressed sensing [15],
beamforming [16] or clutter filtering [17]. The elastic net regularized
inverse problem has a non-differentiable objective and a large num-
ber of optimization variables. Therefore, it can only be addressed
using proximal gradient schemes. The proposed method, based on
the Accelerated Composite Gradient Method (ACGM) [18, 19], is
able to simultaneously exploit the strong convexity of the problem
and automatically provide a tight local estimate of the otherwise un-
known Lipschitz constant.

2. PROBLEM FORMULATION

The acquisition model considered in this work is given by
y=HPx+n, (1)

where y denotes the observed image, « is the tissue reflectivity func-
tion (TRF) to be recovered and n represents independent identically

distributed additive white Gaussian noise. All images are of the

. .f .
same size, ¢, y,n € Dy def R™t X"t where m; denotes the height

(number of pixels along the axial dimension) and n, gives the width
(lateral pixel count) of the TRF. The linear operator P pads the TRF
with a m,. X n, boundary, yielding an image of size m,, x n,, where
mp = m¢ + 2m, and n, = ny + 2n,., respectively. Our model
accounts for any simple form of padding'.

The linear operator H performs the spatially-variant kernel con-
volution. Within a classical pulse-echo acquisition scheme, focused

I'See [20] for a detailed discussion on simple padding and its implemen-
tation.
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ultrasound waves are sequentially emitted by a sliding active sub-
aperture. For each emission, the raw data is collected by the elements
within the active aperture and further beamformed to compute an A-
line representing one column of the ultrasound image. For this rea-
son, the PSF can be reasonably considered spatially-invariant in the
lateral (horizontal) direction. However, despite dynamic focusing in
reception and time gain compensation, the PSF strongly varies in
the axial (vertical) direction, i.e., in the direction of ultrasound wave
propagation, degrading spatial resolution away from the focal depth.

In our model, we account for this axial variation by assuming
that a small number ny of prototype kernels is known, each proto-
type PSF K, having a center at row ¢, for all ¢ € {1, ...,nx}. The
prototype PSFs are sorted by ¢, and thus the values of ¢, form a
partition of the set of rows. The kernels of each row are computed
using linear interpolation. Specifically, kernels above ¢ are equal to
K, those below ¢, equal K, . The kernels of all other rows are
obtained as a convex combination (alpha-blending) of the prototype
PSF above and the one below that row, the proportion given by the
relative distance to the two centers.

Every row produced by the linear operator H is obtained by tak-
ing the corresponding row in the input image (padded TRF) along
with all pixels within a boundary of size m, X n, and performing
discrete valid convolution with the kernel pertaining to that row, ob-
tained as explained above. It follows that the padding boundary size
has to match the prototype PSF radii. The use of discrete valid con-
volution is the reason behind the need for padding the TRF with P.

Our acquisition model can be used to construct a deconvolution
problem which seeks to minimize the additive white Gaussian noise
subject to regularization. When employing the elastic net, the TRF
can be obtained by solving the following optimization problem

o1 A
i I HPz —yl3+ Azl + Flalz @

3. PROPOSED METHOD

To efficiently solve optimization problem (2) for any non-negative
value of A2, we propose a variant of the Accelerated Composite Gra-
dient Method (ACGM) [18, 19] optimized for the elastic net’.

The objective F' in problem (2) can be split into a quadratic func-
tion f and an elastic net regularizer ¥ as follows:

1 by
flz) = 5llAz — yl3, V(@) =N+ {Hw\lé 3)

where A " HP. Function f is quadratic and consequently has
Lipschitz continuous gradient. The Lipschitz constant Ly is given
by 02,42 (A), where 0,02 (A) is the maximum eigenvalue of oper-
ator A. In practice, 0maz(A) may be intractable to compute and,
as we shall see, Ly need not be known at all to ACGM. However
it is known that operator A is ill-conditioned and we can assume
that function f has strong convexity parameter 1y = 0. Elastic net
regularizer U is not differentiable due to the /; term but has strong
convexity parameter s1g = 2. Hence, the objective as a whole has
a strong convexity parameter of ;1 = pw = Aa.

ACGM does not require the exact form of the objective func-
tion. It instead relies on calls to its zeroth and first order operations,
collectively referred to as “oracle functions” [22]. The splitting of

2A simpler version of ACGM was introduced in [21] to deal with the case
of A2 = 0. The proposed method can be regarded as a computationally
efficient generalization of this earlier scheme.
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the reconstruction problem in (3) yields four such oracle functions:
f(=), ¥(x), Vf(x), and prox ¢ (), for x € R™ and 7 > 0. The
gradient is given by

Vi(x) = AT(Az —y), @

where AT = PTH?. The proximal operator, defined as

) 1
arg min (\Il(z)—kg\\z—w\\%) , (5

ZERME XNt

prox, g (@) =

can be written in closed form (see also [19] and [23]) as

1

= mﬁ/\l (1)7 6)

prox., ()

where the shrinkage operator 7- () is given by
def
(Tr(@))i; = (lis] — 7)+ sgn(i ;) @
>0, ie€{l,...,m¢}, jeE{L,...,ne}.

The structure of the objective function makes it possible to re-
duce the computational complexity of ACGM by departing from the
oracle model. To estimate the local Lipschitz constant, operator A
has to be applied at every iteration k to the new iterate D 1t
is computationally inexpensive to cache these results by maintaining
alongside the main iterate sequence ¥, k € {0, ..., kmas } the se-
quence %) = AZ™. ACGM can be brought into an extrapolated
form whereby an auxiliary point 21 can be obtained through lin-
ear extrapolation from 2*) and 2*~). The new iterate 1) is
computed based on the gradient of f at z*+1) The computational
intensity of gradient expression (4) can be reduced as follows:

ViEED) = AT —y), ®)
where
1) def 4 (D) _ g (R) 4 ﬂ(a‘:(’” _ ‘,i':(k-—l))7 ©)
and f$ is the extrapolation factor.

The line-search stopping criterion [19] of ACGM at every itera-
tion k is given by

f(m(k+l)) S f(z(k+1)) +vf(z(k+l))T(w(k?+l) 7Z(k+1>)
+L<k+1) @+ — 20402
—5 ,

(10)
where L*+1) is the Lipschitz constant estimate at iteration k. Sub-
stituting gradient expression (4) and rearranging terms yields

A@® D — 285 < LD — DRy
‘We obtain a computationally efficient expression by reusing the pre-
computed values £*+1) and 2F+1) as

Hi(}Hl) _ 2(k+1)\|§ < L(k+1)”m(k'+1) _ z(k+1)”§' 12)
The global Lipschitz constant Ly can alternatively be expressed

as

|| Az||3

ll[13

Ly =sup (13)
Dy
In practice, the estimates are below this value and we set the initial
one to ) )
lAzol3 _ [Ioll3
llzoll3  lloll3
Incorporating the above performance enhancements into ACGM
in extrapolated form yields the method listed in Algorithm 1.

AR (14)



Algorithm 1 Proposed method

: Input: xo, A1, A2, kmax
2: 8 .= HPz®

3 20D = @
4 3D =g
s: L9 = (2 )3/]12)3

0 A
6: ‘1( = L<“)i%2
7.t =0
8: fork =0,...,kmaz — 1 do
9 a:=1-—q¢P@r®)?
10: LD = rdL(k)
11:  loop

. k+1) . A
12: q( ) = m

L(k+1) 4 )\
13: e = 5 (ot \/o‘2 A (t(k))2>
(k) _1 1—q(k+1) (K +1)

14: Bi= tt(k“) ql_q(k+1)
15: 2D (k) B(z(k) _ ‘Tl(kfl))
16 Fkt1) . gk) 4 ﬁ(i(k) _ i(kfl))
17: 7:=1/L¢+D
18: G :=PTHT (%D _y)
19: D = 1+iA2 Tor, %D —7@)
20: D .= HPg*+D
21 ifH:E(kH’l)_ 5 (k+1) I3 < L(k“)Hw(k“)—z(k“)H% then
22: Break from loop
23: e
24: LD .= (k4D
25: end if
26:  end loop
27: end for

28: Output: g(Fmaz)

4. EXPERIMENTAL RESULTS

A three-step process was employed to simulate the RF ultrasound
image: i) the calculation of the spatially-variant prototype PSFs; ii)
the generation of the tissue reflectivity function (TRF); and iii) the
spatially-variant convolution between the PSFs and the TRF, follow-
ing the model described in (1) (Section 2).

The prototype PSFs were obtained in step i) using Field II, a
realistic state-of-the art simulator [24,25]. The simulation involved
a linear 128-element ultrasound probe emitting ultrasound waves at
a nominal frequency of 3 MHz. The width of each element was
set to equal the wavelength (0.5 mm), while height was fixed at 5
mm. The distance between two consecutive elements was set to 0.1
mm. The transducer was excited using a two-period sinusoidal wave
of frequency 3 MHz. The backscattered RF signals were sampled
at a rate of 20 MHz. The prototype PSFs we obtained by placing
isolated scatterers in front of the transducer with a distance in depth
of 8.5 mm to each other. Ultrasound waves electronically focalized
at 47 mm from the probe were emitted and the received echoes were
statically focused prior to the delay-and-sum beamforming process.
Hann apodization was used both for the emission and the reception.

The resulting nx = 10 prototype PSFs are shown in Fig. 1. For
the purpose of visualizing the areas influenced by individual proto-
type PSFs, they are displayed after envelope detection and min-max
normalization centered at ¢, for all ¢ € {1,...,nx} in Fig. 1(a). To
highlight the differences between individual prototype PSFs, they
are displayed separately in Fig. 1(b). The 5th prototype PSF (K75)

798

PSF 1 PSF 2 PSF 3 PSF4
25
8
10 17 a4
20 9 2 -
— 30 8
£ -10 0 10 -10 0 10 -10 0 10 -10 0 10
E 4 PSF 5 PSF 6 PSF7 PSF 8
< 50 51
k) 43 60
S0 52 69
K
Z 70 10 0 10 10 0 10 10 0 10 10 0 10
PSF 9 PSF 10
80 85
90 77
86
000 10
Lateraldistance [mm] 10 o 10 -0 o0 10
(a) (b)

Fig. 1. Prototype PSFs generated with Field II for n;, = 10 depths at
regularly spaced intervals of 8.5 mm. (a) Global view, after demod-
ulation and min-max normalization, showing the location within the
image of the prototype PSF centers; (b) Individual view, showing the
spatial variance of the prototype PSFs.

-5 0 5
Lateral distance [mm]

Axial distance [mm]

Fig. 2. The 5th prototype PSF K5 (left) and its demodulated version
(right).

located at 43 mm from the probe was used in spatially-invariant de-
convolution experiments. It is shown both in native form and after
envelope detection in Fig. 2.

The TRF was obtained in step ii) following the classical pro-
cedure employed in ultrasound image simulation. A collection of
uniform randomly located scatterers with zero-mean Gaussian ran-
dom amplitudes has been generated. The standard deviation used to
generate the amplitude of one scatterer depended on its location and
was related, as suggested in the Field II simulator, to a digital image
obtained from MRI and CT scans of a human kidney tissue. The
number of scatterers was sufficiently large (10°) to ensure fully de-
veloped speckle. The scatterer map was finally linearly interpolated
onto a rectangular grid resulting into the TRF shown in Fig. 3(a).

In step iii), an ultrasound image was simulated from the TRF
using the model in (1) to produce a starting point (o) for the decon-
volution experiments. First, the TRF was padded with a symmetric
boundary. Next, the padded image was convolved with the spatially
varying convolution operator H , based on the prototype PSFs shown
in Fig. 1. To simplify the hyperparameter tuning process, we have
scaled H to ensure that L(), as given by (14), is equal to 1. Finally,
white Gaussian noise was added to the convolved image, such that
the signal-to-noise ratio is 40 dB. The simulated ultrasound image is
shown in B-mode representation in Fig. 3(b).

We have conducted two deconvolution experiments. Both used
as starting point the simulated ultrasound image shown in Fig. 3(b)
and the same values of the hyperparameters, A\; = 0.005 and A
0.01, which were found by manual tuning to give the best results.

First, we have compared our method, which is able to inte-
grate the spatial variability of the kernels in the deconvolution
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Fig. 3. (a) Ground truth of the tissue reflectivity function (TRF); (b) Observed B-mode image simulated from on the TRF in (a) using the image
acquisition model in (1) employing the spatially-variant convolution operation based on the prototype PSFs in Fig. 1; (c) Spatially-invariant
deconvolution result obtained using the fixed kernel K in Fig. 2; (d) Spatially-variant deconvolution result using our method.

process, with ACGM employing a spatially-invariant blur operator
H . Two restored images obtained after 150 iterations, are displayed
in Fig. 3(c, d). The image in Fig. 3(c) was estimated considering a
spatially-invariant PSF (K5 at 43 mm depth) and the one in Fig. 3(d)
was obtained using our method. The quality of the deconvolution
can be appreciated by comparing the restored images in Fig. 3(c, d)
with the true TRF in Fig. 3(a). Note that the deconvolution re-
sults are also shown in B-mode. While the deconvolved images are
similar in the vicinity of the focal point, our method manages to
restore image features at the vertical extremities (Fig. 3(d)). These
features are barely discernible both in the blurred image shown
(Fig. 3(b)) as well as in the spatially-invariant PSF reconstruction
(Fig. 3(c)). The simulation results support our previous claim that
reconstruction quality of an image patch depends on the similarity
between the blurring and the deblurring kernels applied to it, clearly
demonstrating the superiority of our model.

The second experiment concerned optimization algorithms. We
have compared the convergence behavior of our method to the state-
of-the-art applicable to our model, in this case the Fast Iterative
Shrinkage Thresholding Algorithm (FISTA) [26]. Fig. 4 shows the
objective function values across iterations for the two methods. The
convergence plot required an optimum value estimate &, which was
obtained by running ACGM until floating point precision was ex-
hausted. As predicted theoretically in [18, 19], the convergence rate
of ACGM is linear. FISTA is unable to exploit the strong convexity
of the objective and lags behind considerably.
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Fig. 4. Convergence rate of our method compared to FISTA.

5. CONCLUSION

We have devised a methodology for spatially-variant deconvolution
of ultrasound images. Our method is theoretically guaranteed to con-
verge linearly regardless of the structure of input data. In this respect,
the reliability of our method is particularly of value to the stringent
demands of the medical ultrasonography industry. Simulation re-
sults show that reconstruction is not only computationally tractable
but has a rate that is competitive with existing approaches relying
on far more restrictive assumptions. For that matter, our approach is
able to address far more complex imaging models, even those that
do not require horizontally-invariant PSF.
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An Axially Variant Kernel Imaging Model Applied to
Ultrasound Image Reconstruction

Mihai I. Florea

Abstract—Existing ultrasound deconvolution approaches unre-
alistically assume, primarily for computational reasons, that the
convolution model relies on a spatially invariant kernel and cir-
culant boundary conditions. We discard both restrictions and in-
troduce an image formation model applicable to ultrasound imag-
ing and deconvolution based on an axially varying kernel, which
accounts for arbitrary boundary conditions. Our model has the
same computational complexity as the one employing spatially
invariant convolution and has negligible memory requirements.
To accommodate the state-of-the-art deconvolution approaches
when applied to a variety of inverse problem formulations, we also
provide an equally efficient adjoint expression for our model. Sim-
ulation results confirm the tractability of our model for the decon-
volution of large images. Moreover, in terms of accuracy metrics,
the quality of reconstruction using our model is superior to that
obtained using spatially invariant convolution.

Index Terms—Axially varying, deconvolution, forward model,
kernel, matrix-free, point-spread function, ultrasound.

I. INTRODUCTION

LTRASOUND imaging is a medical imaging modality

widely adopted due to its efficiency, low cost, and safety.
These advantages come at the expense of image quality. Conse-
quently, the accurate estimation of the tissue reflectivity function
(TRF) from ultrasound images is a subject of active research.
Generally, the existing approaches assume that the formation of
ultrasound images follows a two-dimensional (2-D) convolution
model between the TRF and the system kernel. The convolution
model is further constrained for computational reasons to have
a spatially invariant kernel and circulant boundary conditions
(see, e.g., [1]-[6]).

Pulse-echo emission of focused waves still remains the most
widely used acquisition scheme in ultrasound imaging. It con-
sists of sequentially transmitting narrow-focused beams. For
each transmission centered at a lateral position, the raw data are
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used to beamform one radio frequency (RF) signal. Given the
repeatability of the process in the lateral direction, the kernels do
not vary laterally. However, despite dynamic focusing in recep-
tion and time gain compensation, the kernels become wider as
we move away from the focal depth, thus, degrading the spatial
resolution and motivating the proposed kernel variation model.

Previous works accounted for this variation by assuming ker-
nel invariance over local regions and performing deconvolution
blockwise (e.g., [7]). Very recently, ultrasound imaging convo-
lution models with continuously varying kernels were proposed
in [8] and [9]. However, the model presented in [8] makes the
overly restrictive assumption that the spatially varying kernel
is obtained from a constant reference kernel modulated by the
exponential of a fixed discrete generator scaled by the varying
kernel center image coordinates. Therefore, it does not take into
account the depth-dependent spatial-resolution degradation ex-
plained previously. On the other hand, the deconvolution method
proposed in [9] has an iteration complexity proportional to the
cube of the number of pixels in the image, limiting its applica-
bility to very small images.

The contributions of this letter are as follows.

1) We propose a novel axially variant kernel ultrasound im-
age formation model (see Section III).
Our model is linear and may be implemented as a ma-
trix. However, the matrix form does not scale because its
complexity is proportional to the square of the number
of pixels in the image. Therefore, we provide an efficient
matrix-free implementation of axially varying convolu-
tion that entails the same computational cost as spatially
invariant convolution (see Section III-B).
The deconvolution problem is ill-posed and many decon-
volution models can only be solved approximately using
proximal-splitting methods (see [10] and [11] and refer-
ences therein) that compute the gradient of a data-fidelity
term at every iteration. The data-fidelity gradient expres-
sion includes calls to both the model operator and its ad-
joint. We express this adjoint operator in a form of equal
complexity to that of the forward model operator (see
Section IV).
We confirm using simulation results that deconvolution
with our model is tractable even for large images and
produces results superior to those obtained by using the
spatially invariant model (see Section V).

2

-

3

=

4

=

II. NOTATION

In this letter, images (ultrasound images and TRFs) are vec-
torized in column-major order but referenced in 2-D form. For
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962

=W,(i,,i,)a

(b)

Fig. 1. (a) Convolving test image a with a Gaussian kernel k. The inner
rectangle represents valid convolution, whereas the outer one marks full con-
volution. (b) Applying the full-width window operator, followed by a full-
width zero-padding operator on test image a. Here, black and white corre-
spond to values of 1 and 0, respectively. Kernel k is displayed after min-max
normalization.

instance, image v € R™*" corresponds to an m, x n, 2-D
image and has the pixel value at coordinates (i,j) given by
Um, (j—1)+i- However, for clarity of exposition, we denote it as
a2-D object v € R™*"  with the pixel value at location (%, j)
given by v; ;. Bold marks this artificial indexing. Similarly, lin-
ear operators are matrices but referred to as 4-D tensors, e.g.,
O : RTTI v XNy — R'ﬂl w XMy denotes O e R’nl v My XMy Ty .

In the sequel, we define several classes of linear operators
that constitute the mathematical building blocks of our pro-
posed model and its analysis. Note that these are more general
than normal linear operators because their dimensions not only
depend on those of their parameters but also on the dimensions
of their arguments.

A. Convolution Operators

For all my,n; > 1, all kernels k € R™*+*"_and all m, >
My, g > ny, we define the linear operators C; (k) and C2 (k)
as

Ci(k)a “hsa, C (k)a Y hsa

for all @ € R™« ", where operations *; and %5 denote (dis-
crete) valid convolution and full convolution, respectively,
defined as

my np
def
(k*1a),; = E E kpq@ipimij—gin,
p=14q=1

ie{l,...m, —mp +1}, jed{l,..,n, —ny +1}

Di qj
(k*2 a)i o Z Z kpq@ipi1,j—q+1
P=pi 4=q;
ie{l,...mqe+n, —1}, je{l,...,n, +ny—1}
pi = max{1l,i —m, + 1}, p; = min{i,ms}
¢; =max{l,j —n, +1}, ¢ =min{j,n;}.

The difference between the two forms of convolution is exem-
plified in Fig. 1(a). Valid convolution is thereby the subset of
full convolution where every output pixel is expressed using the
entire kernel k.

IEEE SIGNAL PROCESSING LETTERS, VOL. 25, NO. 7, JULY 2018

B. Auxiliary Operators

For conciseness, we also introduce the following auxiliary
operators. None involve any computation in practice.
Let the rotation operator R (k) be given by
def
(R(k))Lj = kmkfz#l,ng —j+1
ie{l,...,mk}, je{l,...,nk}.

To further simplify the notation, we denote the exception in-

dex set Z(a, b, c) def {1,..,c\a,..,b}forall 1 <a<b<
c. The full-width window and zero-padding operators are de-

fined as
.. def . . .
(Ws(’bh’tz)a)i'j = Qiyiyj, S {0, ey ly — 7,1}

. o def | @iy 5, iE{il,...,ig}
(Zs(lla'LZ)a)z,j = { 0, iEI(il,ig,ﬁLs)

where j € {1,...,n,} and index s € {¢,p} stands for image
size quantities my, my,, n;, and n,,. Their effect on a test image
is shown in Fig. 1(b).

III. AXIALLY VARIANT KERNEL BASED ULTRASOUND
IMAGING MODEL

We propose the following image formation model:

y=HPzx+n (1)

where @, y,n € R™*"* denote the TRF to be recovered, the
observed RF image, and the independent identically distributed
additive white Gaussian noise (AWGN), respectively.

A. Padding

Operator P : R™*"t — R™»>*™ pads the TRF with a
boundary of width n, and height m,, yielding an image of
size m, = my + 2m, times n, = n; + 2n,.. Padding in our ul-
trasound imaging model allows us to reconstruct a TRF of the
same size as the observed RF image. To this end, we must sim-
ulate the effects that the surrounding tissues have on the imaged
tissues. Padding is an estimation of the surrounding tissues using
information from the imaged TRF. This estimation only affects
the border of the reconstructed TREF. If this border information
is not required, the reconstructed TRF can simply be cropped
accordingly. The addition of padding to our model brings the
advantage of accommodating both options.

For computational reasons, P is assumed linear and separa-
ble along the dimensions of the image. Separability translates
to P = P,, P,. Here, P,, pads every column of the image
independently by applying the 1-D padding (linear) operator
P(my, m, ). Consequently, when n; = 1 and n, = 0, operators
P and P (my, m, ) are equivalent. The row component P,, treats
every row as a column vector, applies P(n;, n, ) to it, and turns
the result back into a row.

Padding, either in 1-D or 2-D, can be performed without ex-
plicitly deriving an operator matrix. However, the matrix form
facilitates the formulation of the corresponding adjoint opera-
tor. Common matrix forms of operator P (m;, n;) are shown in
Fig. 2 for m; = 10 and m, = 3. These examples demonstrate
that the matrix form of P(m;, m, ) can be easily generated pro-
grammatically and, due to its sparsity, can be stored in memory



FLOREA et al.: AXIALLY VARIANT KERNEL IMAGING MODEL APPLIED TO ULTRASOUND IMAGE RECONSTRUCTION 963

Zero Circular Replicate Symmetric
Fig. 2. Common matrix forms of 1-D padding operator P(10,3). Black

denotes a value of 1 and white denotes 0.

even for very large values of m,; and m, . These properties ex-
tend to the matrix form of the 2-D padding operator P by virtue
of the following result.

Theorem 1: Padding operator P can be obtained programat-
ically in the form of a sparse matrix as

P = P(nhnr) ®’P(mt,mr)

where ® denotes the Kronecker product.
Proof. See [12, Appendix A]. |

B. Axially Varying Convolution

Linear operator H: R™»*"» — R™t*™ performs the axially
variant kernel convolution. We define it as the operation whereby
each row i, € {1,...,m;} of the output image is obtained by
the valid convolution between the kernel pertaining to that row
k(ip) € R™>" - where my = 2m, + 1 and n;y = 2n, + 1,
and the corresponding patch in the input (padded) TRF. The
auxiliary operators defined in Section II enable us to write H
as a sum of linear operators based on the observation that the
concatenation of the output rows has the same effect as the
summation of the rows appropriately padded with zeros. Ana-
lytically, this translates to

my

H = Z Zt (ih 3 i}l )Cl (k(ih))wp (i}l ) ih + 2’)7’7,,.). (2)

ip=1

In matrix form, operator H would need to store m,,n,m:n;
coefficients and its invocation would entail an equal number of
multiplications. Its complexity would, thus, be greater than the
square of the number of pixels in the image, limiting its appli-
cability to medium-sized images. Using the matrix-free expres-
sion in (2), operator H performs myn;m;n; multiplications
and has negligible memory requirements. Therefore, in ultra-
sound imaging, the matrix-free representation is not only vastly
superior to its matrix counterpart (because the kernel is much
smaller than the image), but also has the same computational
complexity as the spatially invariant convolution operation (ex-
cluding the unrealistic circulant boundary case).

Unlike the forward model which, by utilizing operators H
and P, can be computed exactly with great efficiency, many
deconvolution models can only be solved approximately using
proximal-splitting methods that optimize an objective contain-
ing a data-fidelity term ¢(H Px — y). These methods employ
at every iteration the gradient of the data-fidelity term, given by

V(¢(HPz —y)) = P'H" (V¢)(HPz —y). (3)

Note that, under our AWGN assumption, ¢ is the square of the
ly-norm but the results in this letter may be applied to other
additive noise models.

The gradient expression in (3) depends on H and P as well
as their adjoints. In the following, we derive computationally
efficient expressions for adjoint operators H” and PT.

IV. ADIOINT OF MODEL OPERATOR

By taking the adjoint in (2), we get
my

H' = Z (WI)(ihvih + 2"L7'))T(cl (k(ih)))T(zt (ih s ih))T~

in=1

To obtain a matrix-free representation of H T we need the
corresponding matrix-free expressions for the adjoints of the
convolution and auxiliary operators. First, it trivially holds that
the window operator and the corresponding zero-padding oper-
ator are mutually adjoint expressed as

(W (i1,82))T = Z, (i1, 92). o)

The adjoint of valid convolution can be linked to full convolution
as follows.

Theorem 2: The adjoint of valid convolution is full correla-
tion (convolution with the rotated kernel), namely

(€1(K))" = C2(R(K)).

Proof. See [12, Appendix B]. |
Theorem 2 and (4) yield a matrix-free expression for H T in
the form of

my

= Z Z,(in,in + 2m, )Co(R(k(in)) Wi (i, in).

in=1
(5)
Therefore, operators H and H” have equal computational com-
plexity. Moreover, they exhibit two levels of parallelism. The
convolution operators themselves are fully parallel and the com-
putations pertaining to each row i;, can be performed concur-
rently. Thus, in matrix-free from, both operators benefit from
parallelization in the same way as their matrix counterparts.
The adjoint of the padding operator P” can be obtained ei-
ther directly through sparse matrix transposition or by applying
transposition in Theorem 1 as

PT =(P)" = (P(n,n)" @ (P(my,m))T.  (6)

Finally, note that whereas the column-major order assumption
can be made without loss of generality for operator H, it is not
the case for the padding operator P. In particular, the row-major
vectorization assumption reverses the terms in the Kronecker
product.

V. EXPERIMENTAL RESULTS

We have tested our model on a simulated ultrasound image
deconvolution problem. The ground truth TRE, as shown in
Fig. 3(a), was computed by interpolating to a grid Gaussian
distributed random scatterers with standard deviations (SDs)
determined by a pixel intensity map (see the kidney phantom
from the Field II simulator [13], [14]). The map is a patch from
an optical scan of human kidney tissue. The TRF is m; = 2480
by n; = 480 pixels in size, corresponding to 94 mm x 95 mm.
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simulated following the proposed axially variant convolution model. (d) Al deconvolution result, IR in B-mode, obtained with a fixed kernel equal to k(m;/2)
(the center kernel of the AV model). (e) AV deconvolution result, VR in B-mode, using our model. All the images are displayed using a dynamic range of 40 dB.

White rectangles mark the patches used in computing the quality metrics.

More TRFs and their corresponding simulation results can be
found in [12].

For every row 4, € {1,...,m;}, we have defined the kernel
k(in)in (2) as

k(ih)i-j = Pu.,o. (i)puc,m (i;,)(j) COos (27Tf0/fs' (Z - .uz))

where p, ,(x) is a normalized Gaussian window, given by

Pu.o(x) = \/2177 exp (— (12;@)2 ), and parameters p, and i, are

the center coordinates of the kernel. Axial SD wassettoo, = o3
and lateral SD to o, (i1,) = \/((2i1,)/mi — 1)2(03 — 07) + o7,
with oy = m, /3 and 09 = n, /3. Here, fy =3 MHz and f; =
20 MHz are the ultrasound central and sampling frequencies,
respectively. The depth-dependent width variation of the ker-
nel simulates the lateral spatial-resolution degradation when
moving away from the focus point, located in this experiment
at the center of the image (47 mm from the probe). The en-
velopes of these kernels at regular intervals across the image
are shown in Fig. 3(b). We chose symmetric padding, as illus-
trated in Fig. 2, because it is more realistic than circular padding
and zero padding and, by using a larger number of pixels from
the TRF, more robust to noise than replicate padding. A small
amount of noise was added such that the signal-to-noise ratio is
40 dB. The ultrasound image produced from the TRF using our
forward model in (1) is shown in Fig. 3(c).

To estimate the TRF, we have considered an elastic net [15]
regularized least squares (based on the AWGN assumption)
deconvolution model

o1 Ay
min = | HPz — y||3 + M [|z|h + (|3
xz 2 2

with manually tuned parameters A; = 2e — 3 and A = le — 4.
For deconvolution, we have employed the accelerated com-
posite gradient method (ACGM) [16], [17] on account of its
low resource usage, applicability, adaptability, and near-optimal
linear-convergence rate on elastic net regularized optimization
problems.

Every iteration of ACGM is dominated by the compu-
tationally intensive data-fidelity gradient function Vf(z) =
PTHT(HPx —y). All other calculations performed by
ACGM are either negligible when compared to V f(x) or can
be reduced to subexpressions of V f ().

Due to the efficient matrix-free expressions of H in (2) and
HT in (5) as well as the sparse matrix implementation of P and
P7 (easily precomputed using Theorem 1 and (6), respectively),

TABLE 1
ACCURACY METRICS COMPUTED FOR FIVE PATCHES IN THE RECONSTRUCTED
IMAGES IR AND VR

Patch center row IR NRMSE IR MSSIM VR NRMSE VR MSSIM
13 mm 0.0972 99.45% 0.0291 99.84%
30 mm 0.0978 99.43% 0.0317 99.81%
47 mm 0.1571 96.55% 0.1194 97.01%
64 mm 0.1088 98.74% 0.0635 99.06%
81 mm 0.1267 97.72% 0.0888 98.05%

deconvolution with our model entails the same computational
cost as with a fixed-kernel model.

The result of axially invariant (AI) deconvolution, IR, is
shown in Fig. 3(d), and using our axially variant (AV) model,
VR, in Fig. 3(e), both after 150 iterations. The normalized root-
mean-square error (NRMSE) and the mean image structural
similarity (MSSIM) [18] accuracy metrics were computed for
five patches in IR and VR after Gaussian normalization and
envelope detection. The values are listed in Table 1.

Our approach achieves almost perfect low-frequency recon-
struction across the TRF. The gain in reconstruction quality is
evident, especially in the upper and lower extremities, as can
be discerned both empirically from Fig. 3 as well as from the
accuracy metric discrepancy in the corresponding patches (see
Table I), particularly the NRMSE. Interestingly, even though the
two models differ only slightly at the center of the image, our
model performs better in that region as well.

VI. CONCLUSION

In this letter, we have proposed an axially varying convolution
forward model for ultrasound imaging. The physics of ultra-
sound image formation as well as our deconvolution simulation
results show the superiority of our model over the traditional
fixed-kernel model.

Our matrix-free formulae for the adjoints of the convolution
and auxiliary operators, necessary for the implementation of de-
convolution using proximal-splitting techniques, also constitute
a solid theoretical foundation for deconvolution methodologies
using more sophisticated models, particularly those where the
kernel also varies along the lateral direction. Furthermore, our
theoretical results and methodology are not restricted to ultra-
sound imaging only and may be extrapolated to other imaging
modalities and applications as well.
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In the last years, we can see an increasing
interest to the algorithms for solving large-
scale optimization problem. [...] At the same
time, the modern style of justification of the
numerical methods assumes a detailed
complexity analysis of their worst-case
behavior. This can help in identification of
their natural mode of implementation (online
versus offline). [The proposed thesis contains
the] development of new Accelerated
Gradient Methods for minimizing a convex
function in Composite Form. The
corresponding complexity analysis is based
on a variant of the estimating sequences
technique. Moreover, the proposed schemes
do not need an a priori knowledge of the
Lipschitz constant for the gradient of the
smooth part of the objective function. They
can be used as for minimizing strongly and
non-strongly convex function. Some of them
can ensure a monotone decrease of the value
of the objective function. [...] I believe that
this is an excellent thesis, which contains very
interesting and original results.

Professor Yurii Nesterov
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