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>>> Accelerating Optimization and Fixed point methods CONTEXT

Problem: Solving min,F(x)

Method i1 = M(xx) (deterministic non-linear operation)
Operator viewpoint: Optimization viewpoint:
contraction properties descent properties
[M(x) = M) < [lx =l F(M(x)) = F(x) < —[|M(x) —x]|
of the iterates (k) of the functional values (F(x))
towards fixed points x* towards minimizers F*

Algorithm Acceleration: speeding up our method of choice M
for a small computational cost compared to M

> Newton’s-method Xep1 =N o M(xx)
» Damping/Relaxation X1 = Ma) + (n — 1) (M () — xx)
» Nesterov/Fast/Inertia X1 = M) + v(M(x) — M(x—-1))
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>>> a Generic contraction property ACCELERATION & OPERATORS

Firm non-expansivity: The fixed point method M is firmly non-expansive if
for any fixed point x* and any x

M) = x*||* < [l = x| = [ M (x) — x||*.
Convergence theorem [Krasnoselskii,1955-Mann,1953]
Let M be firmly non-expansive with fixed points, then the iterations
X1 = M (xx)

converge to a fixed point of M.

> Fejér monotonous ||x; 1 — x*||* < | — x*||*

» O(1/k) in general

» Linear under additional assumptions (strong convexity, polyhedral)

» Encompasses

. From a simple gradient with v < 1/L stepsize [Baillon-Haddad,1977]
. to ADMM [Lions-Mercier,1979]
. and more complex methods [Chambolle-Pock,2011;Condat,2013;...]



>>> Extrapolation steps ACCELERATION & OPERATORS

Vi1 = M(xx)
Xi41 = YT €Xtrapolation (yi 1, (Yi), (Xx))

Assumption:
The fixed point method M is firmly non-expansive i.e. for any fixed point x* and any x

M) —x* 12 < e —x* |1 = M) —x]|.

Acceleration:
> operation output y;
to find a better point x4

Using » past outputs yi,yi_1,..-
g p PULS i, Vi—1 than ye,1

> past iterates x;,x;_1, ...

Two main strategies:
» Relaxation Xkr1 = Ykr1 + (0 — 1) (Yke1 — Xk)
plays on the methods contraction.
> Inertia Xir1 = Vi1 + (Vi1 — Vi)

plays on the moments of the iterates sequence.
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>>> a quick History of Relaxation ACCELERATION & OPERATORS

Richardson iterations (1910): Solve linear systems by linear updates
T = x* — (A" — b)+n(Ax" —b)

» Faster linear (exponential) convergence rate for chosen 7
» Optimal 7 gives Chebyshev iterations
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Relaxation parameter n

Krasnoselskii-Mann iterations (1955): Relaxation is present in the operator
convergence theorem. 4/29



>>> Implementation of Relaxation and Convergence ACCELERATION & OPERATORS

{ Y1 = M(x) with M firmly non-expansive

Xit1 = Yier1 + (Mt — 1) (Fier1 — i)
Relaxation converges if 0 < liminfn, < limsupm < 2.
> Fejér monotonous [|x; 1 — x*|| < [jxx — x*||

» Limit case: M([x,y]) = [x,0]. Take n = 2, then
Mo (ey]) = e +0,0+ (=y)] = b, ]

gradient algorithm: ADMM:
Kt =5k nk“ Vf (xk) Update is more involved (see later)
> “optimal” 5 + T,7; With p-strong » “n € [1.5,1.8] usually speeds up
convexity the convergence” [Eckstein’92]

- [Giselsson-Falk-Boyd’16] proposed a line search to compute an 7 that
sufficiently decrease the residual
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>>> Inertia ACCELERATION & OPERATORS

Fast gradient of Nesterov (1983): optimal first order method for minimizing
an L-smooth convex function f

{ Yi+1 = Xk — 2VF(x)
X1 = Yit1+H V41 k1 — Vi)

. _ 14+/14-4t2
with 1 = % — 1 where to = 0 and txy1 = —5—=*.

FISTA (2008): fast proximal gradient method for minimizing an L-smooth
convex function f plus a convex function g

{ Yiq1 = arg miny {g(x) + Ll — (o — %Vf(xk))Hz}
X1 = Y1 H Yk k1 — Vi)

> Faster (sub-linear) convergence rate: O(1/k) — O(1/k*)



>>> InterpretationS ACCELERATION & OPERATORS

Differential inclusion viewpoint: x(t) = —Vf(x(t))

» Explicit/Euler scheme: @ = —Vf(*) = X1 = X — hVF()

adding a second order term: x(t) + a(t)x(t) = —Vf(x(t))

Xki2 — 2X X Xkl — X
= hzkH X + th £ = —Vf(yes1)
Xepz = X1 + (1 — hag) (ep1 — Xx) —h*Vf Ver1)
Yi+1
> o(t) = a — fixed inertia;  o(t) = a/t > %= g5t

» Used recently [Attouch’15] to prove iterates convergence of accelerated
Forward-Backward

Geometric viewpoint: see S. Bubeck’s blog and [Bubeck et al.’15]

Last week: “Why momentum really works” by G. Goh at
http://distill.pub/2017/momentum/


http://distill.pub/2017/momentum/

>>> Implementation of Inertia and Convergence ACCELERATION & OPERATORS

{ Vi1 = M (x)

with M firmly non-expansive
Xk+1 = Vi1 + Yer1 (Vi1 — Vi) v P

Inertia converges if limsupy < 1/3

» Not Fejér monotonous
cos(f) —sin(0)

» Limit case: T = 0.5 + 0.5 sin(6)  cos(f)

gradient algorithm: ADMM:
{ Yi+1 = Xk — %Vf (k) Update is more involved (see later)
Xi41 = Y1+ V1 k1 — Vi)

. 1—+/p/L » ADMM + Nesterov sequence on
> “Optlmal” w/
14+/p/L top = Fast ADMM [Golstein et
convexity al.’14] but cv. by restart

with p-strong

- [Lin-Harchaoui-Mairal,’15+’17] Inertia-based double-loop Catalyst for opt.
- [Flammarion-Bach,’15] Links between averaging and inertia
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>>> Ingredients ACCEL. IN PRACTICE

Goal: building a simple acceleration method from
» contraction property verified by the method
Firmly non-expansive ||M(x) —x*||? < [jx — x*||2 — [ M(x) — x||?
» relaxation or inertia
as seen before
» accelerate the linear rate
without knowledge of strong-*
better adaptation to local properties and easily attained in practice

Affine approximation: M(x) =Rx+d
where R is a symmetric matrix and d a vector of matching size.

1

» contraction
= eigs. are in the
grey disk » Effect of

. relaxation/inertia
» linear rate v

[l — x| = O(w*)

eigenvalues of R

9/29
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>>> Effect of Relaxation on R ACCEL. IN PRACTICE

Yit1 =R +d
=R, =7R+(1—n) onx
{ X1 = Yerr + (0 = 1) Okpa — i) n=nR+(1—m) k

i

> n= 1
> v, =0.75
eigenvalues of R,,
. 2 » Depends on extremal eigenvalues
K » Worst case at rate v : [0, V]
L » In this example v = 0.75

10/29



>>> Effect of Relaxation on R ACCEL. IN PRACTICE

Yit1 =R +d
=R, =7R+(1—n) onx
{ X1 = Yerr + (0 = 1) Okpa — i) n=nR+(1—m) k

i

» n=0.7
> vy = 0.82
eigenvalues of R,,
. 2 » Depends on extremal eigenvalues
K » Worst case at rate v : [0, V]
L » In this example v = 0.75
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>>> Effect of Relaxation on R ACCEL. IN PRACTICE

Yit1 =R +d
=R, =7R+(1—n) onx
{ X1 = Yerr + (0 = 1) Okpa — i) n=nR+(1—m) k

i

> n= 1
> v, =0.75
eigenvalues of R,,
. 2 » Depends on extremal eigenvalues
K » Worst case at rate v : [0, V]
L » In this example v = 0.75
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>>> Effect of Relaxation on R ACCEL. IN PRACTICE

Yit1 =R +d
=R, =7R+(1—n) onx
{ X1 = Yerr + (0 = 1) Okpa — i) n=nR+(1—m) k

i

»n=13
> v, =0.675
eigenvalues of R,,
. 2 » Depends on extremal eigenvalues
K » Worst case at rate v : [0, V]
L » In this example v = 0.75

10/29



>>> Effect of Relaxation on R ACCEL. IN PRACTICE

Yit1 =R +d
=R, =7R+(1—n) onx
{ X1 = Yerr + (0 = 1) Okpa — i) n=nR+(1—m) k

i

eigenvalues of R,,

. 2 » Depends on extremal eigenvalues
K » Worst case at rate v : [0, V]
L » In this example v = 0.75
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>>> Effect of Relaxation on R ACCEL. IN PRACTICE

Yit1 =R +d
=R, =7R+(1—n) onx
{ X1 = Yerr + (0 = 1) Okpa — i) n=nR+(1—m) k

»n=19
> v, =09
eigenvalues of R,,
. 2 » Depends on extremal eigenvalues
K » Worst case at rate v : [0, V]
L » In this example v = 0.75

10/29



>>> Effect of Relaxation on R ACCEL. IN PRACTICE

Yit1 =R +d
=R, =7R+(1—-n)I onx
{ X1 = Yer1 + (1 — 1) (1 — Xi) n =R+ (1= ‘

eigenvalues of R,

. 2 » Depends on extremal eigenvalues
"=y » Worst case at rate v : [0, V]
o= » In this example v = 0.75

10/29



>>> Acceleration with Relaxation [I.-Hendrickx’16] ACCEL. IN PRACTICE

At an iteration k > 2,

- we kl’lOW.)Ck,.X'k_l7 ooo o Ty =1l coo

. _ Xje —Xj
1. Estimate current rate vy — 21l
Ml —1 =2l
V=14

2. Virtual eigenvalue vy = mvie + (1 — m) = v = o

g c 2
3. Optimal relaxation on v, mx11 = ﬁ = ﬁ

Online Relaxation for a FNE operator M:

(2 — &)
mt+1— Mhe—1 [Pk —Xpe—1 |l

Ml —1 =X 2l

Mk+1 = =

€
2

X1 = M) + (1 — 1) (M) — xx)

> vy is simplistic but theoretically consistent rate approx. as vk € [0, 1]
» we prove that 7 € [§;2 — 5] ensuring convergence for any FNE operator

» model inaccuracy is compensated by a constant re-estimation

11/29
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>>> Effect of Inertia on R ACCEL. IN PRACTICE

{yk+1:RXk+d =>R’Y:|:(1+’Y)R 7’)/R:|On|: Xie :|
X1 = Yir1 + YVkt1 — V) I 0 Xk—1

> fy—O

> v, = 0.85

eigenvalues of R”

» Depends on the largest eigenvalue
Y= » Worst case at rate v : v

. (1=-vVI=p)?

P =1=l=p > In this example v = 0.85

12/29



>>> Effect of Inertia on R ACCEL. IN PRACTICE

{yk+1:RXk+d =>R’Y:|:(1+’Y)R 7’)/R:|On|: Xie :|
X1 = Yir1 + YVkt1 — V) I 0 Xk—1
g
> v =0.15
> 1, = 0.822

eigenvalues of R”

» Depends on the largest eigenvalue
Y= » Worst case at rate v : v

. (1=vI=p)?

P =1=l=p > In this example v = 0.85
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>>> Effect of Inertia on R ACCEL. IN PRACTICE

{yk+1:RXk+d =>R’Y:|:(1+’Y)R 7’)/R:|On|: Xie :|
X1 = Yir1 + YVkt1 — V) I 0 Xk—1

» v=0.3

> v, =0.777

eigenvalues of R”

» Depends on the largest eigenvalue
Y= » Worst case at rate v : v

. (1=vI=p)?

P =1=l=p > In this example v = 0.85

12/29



>>> Effect of Inertia on R ACCEL. IN PRACTICE

{yk+1:RXk+d =>R’Y:|:(1+’Y)R 7’)/R:|On|: Xie :|
Xk+1 = Y1 + YOkr1 — Vi)

> v =0.442 = *
» v, =0.613 ="

eigenvalues of R”

» Depends on the largest eigenvalue
Y= » Worst case at rate v : v

. (1=vI=p)?

P =1=l=p > In this example v = 0.85

12/29



>>> Effect of Inertia on R ACCEL. IN PRACTICE

{yk+1:RXk+d =>R’Y:|:(1+’Y)R 7’)/R:|On|: Xie :|
X1 = Yir1 + YVkt1 — V) I 0 Xk—1

» v=0.6

» vy, =0.714

eigenvalues of R”

» Depends on the largest eigenvalue
Y= » Worst case at rate v : v

. (1=vI=p)?

P =1=l=p > In this example v = 0.85

12/29



>>> Effect of Inertia on R ACCEL. IN PRACTICE

{yk+1:RXk+d =>R’Y:|:(1+’Y)R 7’)/R:|On|: X :|
X1 = Yir1 + YVkt1 — V) I 0 Xk—1

> =085

> 1, = 0.85

eigenvalues of R”

» Depends on the largest eigenvalue
Y= » Worst case at rate v : v

. (1=vI=p)?

P =1=l=p > In this example v = 0.85
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>>> Effect of Inertia on R ACCEL. IN PRACTICE

{}’k+1=RXk+d :>Rv:{(1+’>’)R —VR}OH[ X ]
Xper1 = Yir1 + Y Okr1 — i) I 0 Xe—1
»y=12
> v, =1.01

eigenvalues of R”

(1— V=) » Depends on the largest eigenvalue
" = —v
14

Y= » Worst case at rate v : v
v =1-+1—v » In this example v = 0.85

12/29



>>> Acceleration with Inertia [I.-Hendrickx’16] ACCEL. IN PRACTICE

Online Inertia for a FNE operator M :

llex — X1 [|* + llek—1 — X—2||?
IXk—1 — X—2||? + |Pk—2 — Xx—3]|?

[rate estimation] Vi = \/ |

) ) ; (ve)? >
virtual max. eigenvalue] vy = Pro _ —_—
[ g 1 k e, 1—e¢] ('kak — vk
(1 — VT —wy)?

[deduced opt. paramater] Yi+1 = Vk+2
Vi

Yer1 = M) Xky1 = Y1 + Y1 Ok — Yi)
Yir2a = MOi1)  Xky2 = Yir2 + Y2 Vkr2 — Yer1)

> same intuition
» convergence ensured by restart as vx € [0, 1]
> no monotonicity



>>> Why is the theo. limit } but greater values are used ? . IN PRACTICE

real eigenvalues

eigenvalues in [0, 1]

eigenvalues in 5(0.5,0.5)

» every subdifferential of a convex function is a monotone operator
» every cyclically monotone operator is a subdifferential [Rockafellar67]
» cyclically monotone linear operator have real eigenvalues [Shiu'76]

— worst case for relaxation in the intersection, not for inertia

— ADMM can be casted as a gradient descent for some functions [Patrinos et al.’14]
14/29
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>>> Accelerated ADMM - Relaxation ACCEL. IN PRACTICE

» We have efficient methods to choose relaxation or inertia parameter...
» ...based on the contraction verified by hyper-parameter x = pzr + A«
Problem: the mapping ¢ <> (2, \) is non-linear

)

A
M1 — 2+ ?k + (e — 1) (Mxgey1 — 2)

Relaxed ADMM

Ak
Mx — z + —
P

_ ; P
X1 = argmin {f(x) g ‘

)

— obtained by monotone operator representation lemma (see e.g. [Eckstein’92])

_ ; P
Zk41 = argmin {g(z) t3 ‘

M1 = M+ p(Mg 1 — 21 + (0 — 1) (M1 — 21))




>>> Accelerated ADMM - Inertia ACCEL. IN PRACTICE

» We have efficient methods to choose relaxation or inertia parameter...
» ...based on the contraction verified by hyper-parameter {x = pzx + A«
Problem: the mapping ¢ <> (2, \) is non-linear

)

A M — Me—1 ) |12
Mxgi1 — 2+ ?k + % (M(Xk+1 — X)) + %) H }

Inertial ADMM

. P Ak
X = arg min X = ||[Mx — 2 —
k+1 g mi {f()+2H k+p

_ ; [
Z1 = argmin {g(z) T35 ‘

Ak — Ak—
M1 = Ak +p (Mxk+1 — Zep1 + % (M(Xk+l —xx) + f))

— also obtained by monotone operator representation lemma
— different from Fast ADMM [Golstein et al.’14] except for indicators and quadratics



>>> Accelerated ADMM - Illustration ACCEL. IN PRACTICE

lasso problem: min,cgn 3 [|Ax — b|12 + Allx||1 (300 x 100) 10% sparsity

10° [ i
'——— Original ADMM g ORM

vee A OM ® Fast ADMM
=
B
g 1077
=
S
&
g 10-6 |-
i}
=
107°
0
T T T T T T T T
2 i
« pooooofo
5
= 15[ oo
g
@
5
g 1ga N
£ eooe? add _ge amfAA N .
E .‘:AAAAAAA‘lxzx o® R o 4% .t o®
|- . A . |
£ 05,4 . ak .
A . A e A e
ke I I I [t I A I n
10 20 30 40 50 60 70 80 90

» Online Relaxation is steady in acceleration and parameters

» Online Inertia is more careful than Fast ADMM and thus restarts less
leading to better performance



>>> Reach and limits of the approach ACCEL. IN PRACTICE

Relaxation and Inertia do not mix well...
Reasoning can be extended to general a-averaged operators

vy

* s 1 —
M) —x|I* < [l —x*||* — — M) —x|* €01

(%

1 . . . .
5 is the previous Firm non-expansiveness

Proximal gradient: Mo grad. = Mprox. © Magrad.
S—— Y——

a=1/2  a=1/2
—_————
a=2/3
but...

gray: a =1/2
green: o = 2/3
red: Composition of two o = 1/2

oicenvaliiee of P 18/29
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>>> Intuition BRIDGING R.&I.

» Online acceleration methods

Relaxation: + stability — acceleration
Inertia: — stability (restart)  + acceleration
0
§ 1o ISTA @ FISTA
B o ORMAOIM
=
=} —6
g 10
'8
Q
=
=)
= 10 12 | | |
0 50 100 150
lasso .
Proximal Gradient E @ FISTA D ORM A OIM
3]
>
w
-
(<]
g
()
g
o]
T
A

S T
Number of iterations

19/29
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>>> Alternated Inertia BRIDGING R.&I.

Yiet1 = M(xi)
Ytz = MYkt1) with M firmly non-expansive
X2 = Yicr2 + Yer2(Vire — Yir1)

Alternated Inertia converges if 0 < v, < 1

» Fejér monotonous at least with this condition
» possibly converging under broader conditions
» introduced in [Mu’15;l.-Hendrickx’16]
in Practice:
» one can also choose Nesterov’s sequence or even 1...

» but the same eigenvalue-based analysis can be conducted
— Online Alternated Inertia Method (OAIM)

*_21/2—1—(\/5—1)1/ o ~*
T 201 —v)+1/2 T 2/TFA*



Illustration on the lasso problem

=
w —— Original ADMM B ORM
A om ooam
5 A o FastADMM
5 107°
s
£
=)
B 195
10
g 880’
= a
a
1 Ton,
107k | ! : i [Aa, | H8og | 4
0 10 20 30 40 50 60 70 80 90

Number of iterations

Proximal gradient

—— ISTA @ FISTA
o ORM AOM
o oamM

107

Functional error
3
}

10-12

Number of iterations

BRIDGING R.&I.

Parameters values
T

T T T
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222a0n22800 00000 G080
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Number of iterations
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>>> Comparison 1 — Quadratic rates BRIDGING R.&I.

» If Amin = 0 “good stepsize”,
Alternated In. better than In.

fdpax <1 — (| ———

’ 9+4v2
N—_————

1/L=0.273

Optimal rate

» If Apmin >> 0 “bad stepsize”,
Relaxation is better for well-
conditioned problems.

. Relaxation
Best rate fOI' a linear attained b I .
operator with real eig. 1 y nertia .
Alternated Inertia

Example: f(x) = ||Ax — b||2
gradient operator M(x) = (I — v(2ATA))x + 2ATb
Amin:]-_')’lw)\max:l_'ﬂ"

22/29



>>> Comparison 2 — Resilience to undetected strong convexity BRIDGING R.&I.

When the rate is sublinear (O(1/k), O(1/k?)), popular parameters choice are

Relaxation | Inertia | Alternated Inertia
n— 2 ‘7—>1 ‘ y—1 v =2+ 2V2

but if some small undetected strong convexity n/L > O is present,
the limit linear rate for a linear sym. FNE operator is

3p 3
1-28 ‘ 1 ‘1—5%1 1—(2+ﬁ)%

» Practical interest of Alternated Inertia

» Functional analysis in the case of the Proximal Gradient
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>>> Acceleration PROXIMAL GRADIENT

Problem min, F(x) := f(x) + g(x) with f smooth

Proximal gradient operator for F := f + g and step «:
Ta(x) = prox,, (x — aVf(x)).

q . . = Te(58
Acceleration via extrapolation: sl o (%) .

Xk41 = extrapolation ({y;}s<k+1)
extrapolation is typically a linear combination xx11 = Yx41 + Yk Vkr1 — V&)
based on coefficients of the type [Nesterov’83;Aujol-Dossal’15]

—1 1
fyk:L — 1atrate —,d € (0,1]

tri1 kd’

1\ d 1+ ,/1+4t2
to = 0 and t; := (k—*—a71> or—l

a 2



>>> Rate for FISTA PROXIMAL GRADIENT

_ _ 14, /1+42_
FisTa: § Vet = Talx) with yp1 = £ = ML or VKL,
X1 = Y1 + Y1 Va1 — Yx) ekl

with o = %,
tl%+1F(yk+2) — tl%F(,YIH—l)

1 *
< 5 lterige — (irr — Dyigr — |17

1
+£ [F P (A A

tF (Vir1) — t_1F ()

1 * 12
<=t — (tr — Dy —
<3 i — (e — Dyr — Y7

1 * 112
I — (. — 1 _
4+ o e — (6 — Ly — 7|l

t—1
tet1

telescoping if X1 = Y1 + Ork1 — i)

Rate t2F(yi11) < C thus F(yiy1) < t% =0(%)
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>>> Alternated Inertia and Proximal gradient [1.17] PROXIMAL GRADIENT

Acceleration alternated extrapolation:
Xk41 = extrapolation ({y;}s<k+1)

Xk = Yk
Yi+1 = Tal(o) Yit2 = Ta(kt1)

Okt —Y) + 52 0 — Y1)

: 2
Choice 1: 1/k* rate  Xx11 = Yk+1 — fk+1 for

14, /14412
k*g“ or k=1 and a = i

3
F(yky2) = O (klz)

with t;, =

> F(yox) is non-monotonous
> Alternated Heavy balls

Choice 2: alternated inertia  x¢11 = Yk+1 + Vo1 Vi1 — Vi)

2—al — v
Fka) < F0) — 220 (2 4y — )

> F(yox) is non-increasing for o = 1/L and v, € [0, 1]

» Rate???
26/ 2



>>> Kurdyka-Lojacewicz Rates [I.-Malick’17] PROXIMAL GRADIENT

» F is a KL function with (F(u)

forallu: F(u) < F* +nsome C,n > 0, 0 € (0, 1]
» M produce (x¢) such that

F(xii1) < F(x) — ax[dist(0, OF (xi.41))]

— F*)1=% < C.dist(0, OF (u))

with a; > 0 and Zak = 400

k=1
2—aL—
Alt. Iner. for PG: F(yir2) < FO) — =251 (|lyies —xall” + [y — X )
0=1 finite number of steps
2 7k
> _c
0€05,1] %270y <q <t O([CZ“])
- stepsize < 1/L
=1
=k Nesterov, d = 1 (kzcz
_ 1 _ Kk
ac= g d €01 o 0 (e (-25))
> 1
0 €]0,0.5] w=a=0 e S v < lor O(k”%)
’ stepsize < 1/L
1 1
=1 o —1
%= % Nesterov, d = 1 <log(k)1+1£029 >
1 1
= -—=,d€]0,1 O\ —=—11
Ak = 1d €]0,1] d€lo, 1] (k”z{i;gd




>>> Illustrations PROXIMAL GRADIEN

¢ regularized logisitic regression. ionosphere dataset (351 x 35) 50% sparsity
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>>> Illustrations PROXIMAL GRADIEN

¢ regularized logisitic regression. ionosphere dataset (351 x 35) 50% sparsity
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>>> Illustrations PROXIMAL GRADIEN

41 regularized logisitic regression. ionosphere dataset (351 x 35) 50% sparsity
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>>> Summary & Perspectives CONCLUSION

Practical Acceleration of various algorithms:
» Methods to very simply accelerate a class of optimization methods
» Relaxation is more stable; Inertia can be more efficient
» Alternated Inertia can be a compromise

Limitations and Perspectives:
» Are complex methods “gradient-like” ?
» Speed/stability tradeoff without restart?

I did not talk about:
» Restart [Fercoq-Qu’16;Roulet-d’Aspremont’16]
» More complex methods [Scieur-Roulet-Bach-d’Aspremont’17;next talks]
» Non-convexity



	Acceleration & Operators
	Relaxation
	Inertia

	in Practice
	Relaxation
	Inertia
	Application

	Bridging Relaxation & Inertia
	Intuition
	Alt. Inertia

	the Proximal Gradient algorithm
	Acceleration
	Alt. inertia


