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Context of this presentation

We consider composite optimization problem

min {F(z) := f(x) +¢(x)},

TERP

where f is L-smooth and convex, 1 is convex.
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Context of this presentation

We consider composite optimization problem

min {F(z) := f(z) +(x)},

zERP
where f is L-smooth and convex, 1 is convex.

Two settings of interest

Particularly interesting structures in machine learning are

@)= > ) o (@) =Elf@.0)

Those can typically be addressed with

@ variants of SGD for the general stochastic case.

@ variance-reduced algorithms such as SVRG, SAGA, MISO, SARAH, SDCA, Katyusha. ..
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Part I: A few tricks | learned from Anatoli
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Part I: A few tricks | learned from Anatoli

and also from reading G. Lan’s papers
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Trick 1: From sub-linear to linear rates with restarts

Consider a p-strongly convex function F'. Assume that an algorithm M produces a sequence
of iterates (z1)r>0 such that

L|zg — =z

*“2
2k ’

F(xg) — F* <
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Trick 1: From sub-linear to linear rates with restarts

Consider a p-strongly convex function F'. Assume that an algorithm M produces a sequence
of iterates (z1)r>0 such that

L|zg — =z

*“2
2k ’

Sl —a** < Flay) = F* <

With o = (2L/p)/* iterations, we reduce the error such that ||z, — 2*(|2 < L{|zo — 2*|%.
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Trick 1: From sub-linear to linear rates with restarts

Consider a p-strongly convex function F'. Assume that an algorithm M produces a sequence
of iterates (z1)r>0 such that

Ljzo — z*|?

K * (12 *
— — < F —F <
o =) < Flow) - F* < 250
With o = (2L/p)/* iterations, we reduce the error such that ||z, — 2*(|2 < L{|zo — 2*|%.
Basic multi-stage scheme

This suggests a simple restart strategy with frequency #y. Up to a few details, for k = stg,

_ F* k
Flay) — F* < F(“;F < (1 - 210) (F(zo) — F*).

Note: with o = 2, we obtain the complexity of accelerated gradient descent methods.
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Trick 1 bis: same idea in a stochastic environment

Consider a p-strongly convex function F'. Assume that an algorithm M produces a sequence
of iterates (z1)r>0 such that

L||lzg — z*||? Bo?
|20 I . '

B[F(oy) — F] < = :
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Trick 1 bis: same idea in a stochastic environment

Consider a p-strongly convex function F'. Assume that an algorithm M produces a sequence
of iterates (z1)r>0 such that
Lo — x*|? N Bo?

2t 2

LE||ey —2*[* < E[F(ax) - F*] <

Basic multi-stage scheme

Same story: With tg = (2L/p)'/® and a restarting strategy with frequency to, with k = stq,

* k
E[F(xy) — F*] < F(IO;_F < (1 — 210) (F(wo) — F*) + Bo®.
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Trick 2: from non-converging to converging algorithms with restarts

Consider a p-strongly convex function F'. Assume that an algorithm M produces a sequence
of iterates (z1)r>0 such that

E[F(zx) — F*] < (1= 70)" (F(x0) = F*) +no?,

where 7 is a parameter (e.g., a step size) with 0 < 71y < 1. For instance, a proximal
stochastic gradient descent method, with stepsize n < 1/L and averaging, = yields 7 = p.
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Trick 2: from non-converging to converging algorithms with restarts

Consider a p-strongly convex function F'. Assume that an algorithm M produces a sequence
of iterates (z1)r>0 such that

E[F(zx) — F*] < (1= 70)" (F(x0) = F*) +no?,

where 7 is a parameter (e.g., a step size) with 0 < 71y < 1. For instance, a proximal
stochastic gradient descent method, with stepsize n < 1/L and averaging, = yields 7 = p.

Multi-stage scheme

Choose a sequence 7; = 19/2%, restart, while solving each sub-problem with accuracy 2n;02.
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Trick 2: from non-converging to converging algorithms with restarts

Consider a p-strongly convex function F'. Assume that an algorithm M produces a sequence
of iterates (z1)r>0 such that

E[F () — F*] < (1= )" (F(w) — F*) + 1o,

where 7 is a parameter (e.g., a step size) with 0 < 717 < 1. For instance, a proximal
stochastic gradient descent method, with stepsize n < 1/L and averaging, ~ yields 7 = p.

Multi-stage scheme

Choose a sequence 7; = 19/2¢, restart, while solving each sub-problem with accuracy 21,02
Then, let us compute the complexity to achieve E[F(z;) — F*] < ¢ (with & < 2n902).

o first stage: to obtain E[F(x;) — F*] < 2902, the complexity is
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Trick 2: from non-converging to converging algorithms with restarts

Consider a p-strongly convex function F'. Assume that an algorithm M produces a sequence
of iterates (z1)r>0 such that

E[F(zy) — F*] < (1= )" (F(w0) — F*) + o,

where 7 is a parameter (e.g., a step size) with 0 < 717 < 1. For instance, a proximal
stochastic gradient descent method, with stepsize n < 1/L and averaging, ~ yields 7 = p.

Multi-stage scheme

Choose a sequence 7; = 19/2¢, restart, while solving each sub-problem with accuracy 2n,02.
Then, let us compute the complexity to achieve E[F(z;) — F*] < ¢ (with & < 2nm902).

@ next stages: each stage reduces the error by a factor 2 and the total complexity

becomes .
I
O(llog <F(x0) F )) +Y 0 <1>
TN € P TNt
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Consider a p-strongly convex function F'. Assume that an algorithm M produces a sequence
of iterates (z1)r>0 such that

E[F(zx) — F*] < (1= 70)" (F(x0) = F*) +no?,

where 7 is a parameter (e.g., a step size) with 0 < 71y < 1. For instance, a proximal
stochastic gradient descent method, with stepsize n < 1/L and averaging, = yields 7 = p.

Multi-stage scheme

Choose a sequence 7; = 19/2¢, restart, while solving each sub-problem with accuracy 21,02
Then, let us compute the complexity to achieve E[F(z;) — F*] < ¢ (with & < 2nm902).

@ next stages: each stage reduces the error by a factor 2 and the total complexity

becomes . )
O (llog <F($0) —F >> + O <G> .
T1o & TE
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Trick 3: importance of iterate averaging
Consider for instance proximal SGD with fixed step-size 1/L without averaging

iyl =P o

L
E|F(xy) — F* + 2 f*2<<17
(a0) = F* & gl =] < b2
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Trick 3: importance of iterate averaging

Consider for instance proximal SGD with fixed step-size 1/L with averaging

A k o2
E[F(ar) = P+ Gllax =2 IP] < (1= ) (Flao) = P+ Sllao = ) + T
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Trick 3: importance of iterate averaging

Consider for instance proximal SGD with fixed step-size 1/L with averaging

) k o?
E|[F(a) = F* + Gllon—a*|?| < (1= F) (Flao) = F*+ Gllao —2*7) + T

With restart, we achieve the complexity

o(tm(%)o(z)

Here, iterate averaging improves the dependence on 2.
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Trick 3: importance of averaging

Consider another algorithm that achieves

BlF() - ] < (1- \/E)k (Flao) = £ + bl - 2°IP) + 7,
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Trick 3: importance of averaging

Consider another algorithm that achieves

With restart, we achieve the complexity

|L C 2
O ( —log <0>> + 0 <U> .
7 € e
This is the optimal complexity for stochastic first-order optimization (see Ghadimi and Lan,
2013). Note that we did not mention averaging here....
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Part Il: Stochastic Composite Optimization
with Estimate Sequences
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Reminder: Context of this presentation

We consider composite optimization problem

min {F(z) := f(x) +¢(x)},

TERP

where f is L-smooth and convex, 1 is convex.
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Reminder: Context of this presentation

We consider composite optimization problem

min {F(z) := f(z) +(x)},

zERP
where f is L-smooth and convex, 1 is convex.

Two settings of interest

Particularly interesting structures in machine learning are

@)= > ) o (@) =Elf@.0)

Those can typically be addressed with

@ variants of SGD for the general stochastic case.

@ variance-reduced algorithms such as SVRG, SAGA, MISO, SARAH, SDCA, Katyusha. ..
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Complexity of SGD variants for composite functions

We consider the worst-case complexity for finding a point Z such that E[F(z) — F*] < ¢ for

min {F(z) := E[f(z, )] + ¢ (2)},

reRP

In this talk, we consider the pu-strongly convex case only.

Complexity of SGD with iterate averaging

o(tu(%)0(2). |

under the (strong) assumption that the gradient estimates have bounded variance o~.
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Complexity of SGD variants for composite functions

We consider the worst-case complexity for finding a point Z such that E[F(z) — F*] < ¢ for

min {F(z) := E[f(z, )] + ¢ (2)},

reRP

In this talk, we consider the pu-strongly convex case only.

Complexity of SGD with iterate averaging

L C 2
ofum(2))+o ()
p € HE
under the (strong) assumption that the gradient estimates have bounded variance o2

Complexity of accelerated SGD [Ghadimi and Lan, 2013]

o(Eme(2)) 0 ()
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Complexity for (deterministic) finite sums

We consider the worst-case complexity for finding a point Z such that E[F(z) — F*| < ¢ for
1 n
i F = — ;
g&{ () néfmm+w@%,

Complexity of SAGA/SVRG/SDCA/MISO/S2GD

O<G+Ly%<&j) with E:lzpb
p < [

Complexity of GD and acc-GD

o((9(2) = o{(rf)(®)

see also SDCA [Shalev-Shwartz and Zhang, 2014] and Catalyst [Lin, Mairal, and Harchaoui,
2018].
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Complexity for (deterministic) finite sums

We consider the worst-case compIeX|ty for flndlng a point z such that E[F(z) — F*] < ¢ for
F(x
i Z fita

Complexity of SAGA/SVRG/SDCA/MISO/S2GD

O<@+Ly%<qﬁ> with EZEZE@
p < i

Complexity of Katyusha [Allen-Zhu, 2017]

o[ ) ()

see also SDCA [Shalev-Shwartz and Zhang, 2014] and Catalyst [Lin, Mairal, and Harchaoui,
2018].
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Variance reduction

Variance reduction

Consider two random variables X, Y and define
Z =X -Y +E[Y]

Then,
o E[Z] =E[X]
e Var(Z) = Var(X) + Var(Y) — 2cov(X,Y).

The variance of Z may be smaller if X and Y are positively correlated.
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Variance reduction

Variance reduction

Consider two random variables X, Y and define
Z =X -Y +E[Y]

Then,
o E[Z] =E[X]
e Var(Z) = Var(X) + Var(Y) — 2cov(X,Y).

The variance of Z may be smaller if X and Y are positively correlated.

Why is it useful for stochastic optimization?
@ step-sizes for SGD have to decrease to ensure convergence.

@ with variance reduction, one may use larger constant step-sizes.
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Contributions of our work without acceleration

We extend and generalize the concept of estimate sequences introduced by Y. Nesterov to
@ provide a unified proof of convergence for SAGA/random-SVRG/MISO.
@ provide them adaptivity for unknown ;. (known before for SAGA only).

@ make them robust to stochastic noise, e.g., for solving

J@) =23 @) it file) = Bl )
i=1

with complexity

T ~2
O<(n+L>log<Oo>)+O(a> with 52 < o2,
1 € LUE

where &2 is the variance due to small perturbations.
@ obtain new variants of the above algorithms with the same guarantees.
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Contributions of our work with acceleration

@ we propose a simple accelerated SGD algorithm for composite optimization with

optimal complexity
2
o(f (%)) o(2),
1 € e

@ we propose an accelerated variant of SVRG for the stochastic finite-sum problem with
complexity

E ~2
ol [n+,= 1og<C°> +O<U) with 62 < o2
i € UE

When 6 = 0, the complexity matches that of Katyusha.
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Estimate sequences

Definition [Nesterov].

A pair of sequences (¢k)t>0 and (Ag)i>0, with A\ > 0 and ¢ : RP — R, is called an
estimate sequence of function f if \; — 0 and

forany z € RP and all £ >0, ¢r(x) < (1 — Xg)f(2) + Apwo(x).

In addition, if for some sequence (xj)r>0 we have

A .
flax) < ¢k = min pi(2),

then

flxr) = 17 < Alwo(2™) = ),

where x* is a minimizer of f.
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Estimate sequences

In summary, we need two properties
Q wr(z) < (1= M) f(m) + Aewpo(2);
@ f(zk) < ¢} = mingere gi(2).

Remarks

@ g is neither an upper-bound, nor a lower-bound;

@ Finding the right estimate sequence is often nontrivial.
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Estimate sequences

In summary, we need two properties
Q wr(z) < (1= M) f(m) + Aewpo(2);
@ f(zk) < ¢} = mingere gi(2).
How to build an estimate sequence?
Define oy recursively
(@) 2 (1= ap)pr-1 () + ardy(2),

where d;. is a lower-bound, e.g., if f is smooth,
. . ) ‘
di(x) = () + V() T (@ — ye) + %Hw — I3,

Then, work hard to choose «y, as large as possible, and y; and xj such that property 2
holds. Subsequently, Ay = [[i_,(1 — o).
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Estimate sequences

In summary, we need two properties
Q wr(z) < (1= M) f(m) + Aewpo(2);
@ f(zk) < ¢} = mingere gi(2).

Example: if ay, = g2, then A, = [Ti_; (1 — ) = iy = O(L/K?).

@ Proofs based on estimates sequences are typically constructive and build the algorithm
at the same time as they prove convergence, while describing the underlying model .

@ But they lead to tedious calculations (about 2 pages).

@ What we will need to do is to handle stochastic estimates of the gradients.
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A classical iteration

Tk < Proxy, . [Th—1 — Nkgk] with  E[gk|Fx] = Vf(zr_1),
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A classical iteration

Tk < Proxy, . [Th—1 — Nkgk] with  E[gk|Fx] = Vf(zr_1),

covers SGD, SAGA, SVRG, and composite variants.
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A classical iteration

Tk < Proxy, . [Th—1 — Nkgk] with  E[gk|Fx] = Vf(zr_1),

covers SGD, SAGA, SVRG, and composite variants.

Interpretation

xk minimizes the quadratic function ¢y, defined as

or(x) = (1 = 0)pr—1(x) + o (f(l‘k—l) + g (x — 1) + g”ﬂﬁ —z1|?

A () + Y () T (- xk)),

where 0y, = pny, ¢/ () is a subgradient in 0¥ (zy), and @o(z) = @f + &z — 20|

Julien Mairal Stochastic Composite Optimization 19/32



A classical iteration

Tk < Proxy, . [Th—1 — Nkgk] with  E[gk|Fx] = Vf(zr_1),

covers SGD, SAGA, SVRG, and composite variants.

Interpretation

xk minimizes the quadratic function ¢y, defined as

or(x) = (1 = 0)pr—1(x) + o (f(l‘k—l) + g (x — 1) + %Hﬂﬁ —z1|?

A () + Y () T (- xk)),

where 0y, = pny, ¢/ () is a subgradient in 0¥ (zy), and @o(z) = @f + &z — 20|

This is similar to the construction of estimate sequences by Y. Nesterov.
see also [Devolder, 2011, Lin et al., 2014] for stochastic problems.
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A less classical iteration

T = Proxw/ﬂ [Zr] with Zg < (1 — 0)Tg-1 + Okxk — Mkgr and Elgi|Fi] = Vf(xk-1),

covers MISO/Finito/primal SDCA with 5, = un.

Interpretation

xr minimizes the function g, defined as

er(@) = (1= 8)pr1(@) + 0 (flonr) + gl (@ = ar-1) + Sllo = wpa]? + (@)

Estimate sequences will provide identical convergence proofs for both types of iterations.
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Our convergence result with stochastic estimate sequences

General convergence result (no acceleration yet)

if n, <1/L for all t > 0, then for all k£ > 1,
[ [ 5 Sl
El|F(#.) — F*+ 2 —*2}<F F — F* + Zllen — 252 AL
(6) — F* + By — 7] < k< (o) = 7"+ o —a*|7 4 3

where Fk = Hle(l — 575): .’i‘k = (1 — (5k)ff,’k,1 + 5kxk, and 0't2 = E[Hgt — Vf(xt_l)HQ].
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Our convergence result with stochastic estimate sequences

General convergence result (no acceleration yet)

if n, <1/L for all t > 0, then for all k£ > 1,
[ [ 5 Sl
El|F(#.) — F*+ 2 —*2}<F F — F* + Zllen — 252 AL
(6) — F* + By — 7] < k< (o) = 7"+ o —a*|7 4 3

where Fk = Hle(l — 575): .’i‘k = (1 — (5k)ff,’k,1 + 5kxk, and 0't2 = E[Hgt — Vf(xt_l)HQ].

Corollary: SGD with constant step size 1, = 1/L, with averaging

k 2
E|F(@n) - F* + Sllae— 212 <2 (1- L) (Flao) - F) + =
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Our convergence result with stochastic estimate sequences

General convergence result (no acceleration yet)

if n, <1/L for all t > 0, then for all k£ > 1,
[ [ 5 Sl
El|F(#.) — F*+ 2 —*2}<F F — F* + Zllen — 252 AL
(6) — F* + By — 7] < k< (o) = 7"+ o —a*|7 4 3

where Fk = Hle(l — 575): .’i‘k = (1 — (5k)ff,’k,1 + 5kxk, and 0't2 = E[Hgt — Vf(xt_l)HQ].

Corollary: SGD with constant step size 1, = 1/L, with averaging

L 2
#Comp = O ( log <CO>> with Bias = 2.
7 € L
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Our convergence result with stochastic estimate sequences

General convergence result (no acceleration yet)

if n, <1/L for all t > 0, then for all k£ > 1,
[ [ 5 Sl
El|F(#.) — F*+ 2 —*2}<F F — F* + Zllen — 252 AL
(6) — F* + By — 7] < k< (o) = 7"+ o —a*|7 4 3

where Fk = Hle(l — 575): .’i‘k = (1 — (5k)ff,’k,1 + 5kxk, and 0't2 = E[Hgt — Vf(xt_l)HQ].

Corollary: two-stage SGD with (i) constant step size; then (ii) decreasing step sizes
L 2
#Comp = O < log <C0>) + 0 <0> )
7 € e

Julien Mairal Stochastic Composite Optimization 21/32



An accelerated SGD algorithm

An algorithm derived from the estimate sequence method.

z = Proxy, g [yr—1 — mkge]  with - Elge[Fra] = Vf (yr-1)
Ok(1 — 0k)Met1
MeOk+1 + Mht10%

yr = ok + Brp(xr — p-1)  with B, =

Interpretation

xk minimizes the quadratic function ¢y, defined as
= T K 2
or(z) = (1= O)pr—1(z) + o, (f(yk—l) + 0 (@ = ye-1) + Gl = yr-a
() + Y (o) T (e — l'k)),

where 0y, = pny, ¢/ () is a subgradient in 0¥ (zy), and @o(z) = @f + &z — 20|
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An accelerated SGD algorithm

An algorithm derived from the estimate sequence method.

ok = Proxyy [ye—1 — megr] - with - Ege|Fi] =V (yk-1)
k(1 — 0 )Nk41
MeOkr1 + 77k+15;%7

Yp = T + Brp(xp — xp—1)  with [ =

Complexity: acc-SGD with constant step size n, = 1/L

k
E[F(zy) — F*] <2 (1 - L) (F(zo) = ) + 7.

Note that the bias is larger than regular SGD by \/L/p.
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An accelerated SGD algorithm

An algorithm derived from the estimate sequence method.

z = Proxy, g [yr—1 —mkge] - with - Elge[Fra] = Vf (yr-1)
Ok (1 — 0k)Met1
NkOk+1 + 77k+15;%7

Yp = T + Brp(xp — xp—1)  with [ =

Corollary: acc-SGD with constant step size 1, = 1/L, without averaging

L C’o> ) ) o?
Comp =0 —log [ — with Bias = .
#Comp <\/ 108 ( 5 > ms
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An accelerated SGD algorithm

An algorithm derived from the estimate sequence method.

z = Proxy, g [yr—1 —mkge] - with - Elge[Fra] = Vf (yr-1)
Ok (1 — 0k)Met1
NkOk+1 + 77k+15;%7

Yp = T + Brp(xp — xp—1)  with [ =

Corollary: two-stage acc-SGD with (i) constant step size; then (ii) decreasing step sizes

scams =0 (([L1os (2)) 40 (2),
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An accelerated SVRG algorithm for stochastic finite-sum problems

@ Choose the extrapolation point

Yr1 = Opvp—1 + (1 — Ok) Tp—1;

Compute the noisy gradient estimator

9k = Vi (Y1) — Vfip (Fk-1) + VI (Z1);

@ Obtain the new iterate
Ty 4= Proxy,y [Yr-1 — kgil

@ Find the minimizer v of the estimate sequence:
Ok
vk = (1 = 6k) Vp-1 + OkYr-1 + —— (Th — Yr-1);
YENk

e Update the anchor point Z; with prob 1/n.
e Output zx (no averaging needed).
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An accelerated SVRG algorithm for stochastic finite-sum problems

Remarks
@ design of the algorithm and convergence proofs are based on estimate sequences.

@ with two stages, the algorithm achieves the optimal complexity

E ~2
ol [n+™= log<co> +O<U) with 62 < o2
1 € UE
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A few experiments

10°
107
= —
. 1072 ‘“ﬁ
. : w
10 -3 rand-SVRG 1/12L Iy
o = = =rand-SVRG 1/3L COF’
- 4 acc-SVRG 1/3L =
10 SGD 1/L
s SGD-d
10° : - ' acc-SGD-d
0 50 100 15 acc-mb-SGD-d

50 100 150 200 250 300
Effective passes over data, Dataset alpha Effective passes over data, Dataset ckn-cifar

{o-logistic regression on two datasets, with © = 1/10n.

@ no big difference between the variants of SGD with decreasing step sizes;
@ variance reduction makes a huge difference.

@ acceleration helps on ckn-cifar.
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A few experiments

10°
|
-1
10
o —~
AT -
M
n andSvRG 11 L
5107 e L
8> acc-SVRG 1/3L for)
= 4 SGD 1/L o
10 SGD-d
acc-SGD-d
10 5 acc-mb-SGD-d

0 50 100 150 200 250 300
Effective passes over data, Dataset alpha

0 50 100 150 200 250 300
Effective passes over data, Dataset ckn-cifar

{o-logistic regression on two datasets, with © = 1/100n.
@ as conditioning worsens, the benefits of acceleration are larger.

@ accelerated SGD with mini-batches take the lead among SGD methods.
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A few experiments

100 ‘ ‘ ‘ ‘ ‘
1071 M
L1072 ]
L\L rand-SVRG 1/12L
L o2 = = =rand-SVRG 1/3L
1S3 acc-SVRG 1/3L
= 4 SGD 1/L
10 SGD-d
acc-SGD-d
108 ‘ ‘ ‘ acc-mb-SGD-d - : : : - :
0 50 100 150 200 250 300 50 100 150 200 250 300
Effective passes over data Effective passes over data

SVM with squared hinge loss on two datasets, with = 1/10n.
@ here, gradients are potentially unbounded and accelerated SGD diverges!
@ accelerated SGD with mini-batches is stable and faster than SGD.
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Remark about accelerated SGD

It does not always work. Why?
@ the bounded noise variance assumption is not safe.

o the accelerated algorithm with constant step size (which is used to forget the initial
condition) has much worth dependency in o2 (see next slide).
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Convergence of SGD with n, = 1/L
2

Blf(a) - <2 (1= 2) (o) - )+ 2

Convergence of accelerated SGD with 7, = 1/L
w0 - r <2 (1 %) G- 1)+ 2
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Remark about accelerated SGD

It does not always work. Why?
@ the bounded noise variance assumption is not safe.

o the accelerated algorithm with constant step size (which is used to forget the initial
condition) has much worth dependency in o2 (see next slide).

Is it worthless?
e removing the need for averaging is great for sparse problems.

e with a mini-batch of size y/L/u, we obtain the same complexity as the unaccelerated
algorithm and the same stability w.r.t. o2, and we can parallelize for free!
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References from this talk

The botany of incremental methods
@ SAG [Schmidt et al., 2017].
@ SAGA [Defazio et al., 2014a].
e SVRG [Xiao and Zhang, 2014].
o SDCA [Shalev-Shwartz and Zhang, 2014].
Finito [Defazio et al., 2014b].
MISO [Mairal, 2015].
S2GD [Kone¢ny and Richtérik, 2017].
SARAH [Nguyen et al., 2017].
MiG [Zhou et al., 2018].
Katyusha [Allen-Zhu, 2017].
Catalyst [Lin et al., 2018].
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Conclusion

@ The estimate sequence method is a generic tool, which can be applied to stochastic
optimization problems, including finite-sums.

o We use it to develop and analyze algorithms without and with acceleration.

@ We discuss empirical findings regarding the stability of accelerated stochastic
algorithms.

@ ...but stability issues can be fixed with mini-batching.
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Variance reduction for finite sums (2/2)

SVRG (non-composite variante)
zp =1 =7 (Vi (xi-1) = Vi (y) + VI(Y),
where y is updated every epoch and E[V f;, (v)|Fi—1] = Vf(y).

SAGA
o =xi1 — 7 (Vo) — gyl P+ 2500 i),

Vfi(z—1) ifi=1
1 noot-1 ¢ i(Ti-1 t
where Efy; ! F 1] = £ Y0, 4 and yf = { yi! otherwise.

MISO/Finito: for n > L/, same form as SAGA but

L A —— t_ VfZ(l’t 1) — Hry_y if ¢ =14
Zl v = e and yi_{ yz otherwise.
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The stochastic finite sum problem

n

1

min { F(z) := - Zfz(ﬂs) +(x) with

=1
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The colorful Norwegian city of

Bergen is also a gateway to majes-

tic fjords. Bryggen Hanseatic Wharf

will give you a sense of the local cul-
ture — take some time to snap photos
of the Hanseatic commercial build-
ings, which look like scenery from a
movie set.

The colorful of gateway to fjords.
Hanseatic Wharf will sense the cul-
ture — take some to snap photos the
commercial buildings, which look
scenery a

Data augmentation on digits (left); Dropout on text (right).
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