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OVERVIEW

Most machine learning models use SGD for training

BUT...noisy gradients & large variance

'

Hard to automate stepsize selection & stopping conditions

In this work:  Big Batch SGD

Adaptively grow batch size based on amount of noise
In the gradients

Easy automated stepsize selection
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VWe also consider the more general problem:
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Applications

SVM neural nets Cah " ah

logistic regression  Matrix factorization



SGD

select data compute gradient update

N
1
gt — N g 1 Vf(CCt, Zz) m—- L+l — Lt — Oy
1— ‘




SGD

select data compute gradient update

gi =~ Vf(xt, 2’12) —  Ti41 = Lt — Oty




SGD

select data compute gradient update

gt =~ Vf(xs,z5) —» Ti41 = Tr — Gy




SGD

select data compute gradient update

gt =~ Vf(xs,z5) —» Ti41 = Tr — Gy

i



SGD

select data compute gradient update

gt =~ Vf(xs,z5) —» Ti41 = Tr — Gy

close to optimal
solution gets worse




SGD

select data compute gradient update

gt =~ Vf(xs,z5) —» Ti41 = Tr — Gy

Error must decrease
as we approach solution



SGD

select data compute gradient update

gi: ~ Vf(ill‘t, 28) —p  Lii] = LR

Error must decrease
as we approach solution

classical solution

shrink stepsize

lim Ny — 0
t— 00



SGD

select data compute gradient update

gi: ~ Vf(ill‘t, 28) —p  Lii] = LR

Error must decrease
as we approach solution

classical solution

shr|r.1|< stepsize hall”d to pick
lim ay =0 stepsize schedule
U O
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USE BIGGER BATCHES!

compute gradient update
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gi ~ VZB(CCt) —p L1 = Lt — Kl

oradient on batch B :
lower variance

solution gets better
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regime |: far from optimal regime 2: close to optimal
Noisy gradients Noisy gradients with high
improve solution variance worsen solution
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Large batches do
unnecessary work Small batches require
5 stepsize decay (hard to tune)
Get stuck in local minima
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GROWING BATCHES

regime |: far from optimal regime 2: close to optimal
Noisy gradients Noisy gradients with high
improve solution variance worsen solution

Adaptively Grow

i |
o - Batches Over Timel!

ElRICCES

@= - llick In local minima

small batches large batches
work well work well
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It error 1s small relative to gradient : descent direction




PRELIMINARIES

Standard result in stochastic optimization:

Lemma

A sufficient condition for —V¥€5(x) to be a descent direction is:

[Ves(z) — V()| < |[VEs()]”:

error approximate
gradient

How big Is this error?

How large does the batch need to be to guarantee this?




ERROR BOUND

Theorem
Assume f has L, - Lipschitz dependence on c

ata z.

Then, expected error is uniformly bounded

3|Vl (xz) — VE(z)]|* = Tr Varg
1

Gi:
(Vis(2))

= — AU e (2 )

E o




ERROR BOUND

Theorem
Assume f has L, - Lipschitz dependence on data z.

Then, expected error is uniformly bounded by:
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ERROR BOUND

Theorem
Assume f has L, - Lipschitz dependence on data z.

Then, expected error Is uniformly bounded by:

i3||Vig(z) — VEO(z)||? = Tr Varg(Vig(x))
expected error batch gradient variance

1

. 412 Tr Var,(2)

data variance




ERROR BOUND

Theorem

Expected Error

. . <  DataVariance
(Gradient Variance)

Higher Batch Size —> Lower Gradient Variance

e Er— — :
\/_ data variance




ERROR BOUND

From the previous Lemma and [ heorem:
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ERROR BOUND

From t
VWe ex

ne previous Lemma and Theorem:

bect —VEIg(x) to be a descent direction reasonably

often provided:

1
Vil (a2 = —— 0w Y (5, )

0°E
B

where 6 € (0,1)

We use this observation in Big Batch SGD
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i bATCH SGES

estimate size of error using
variance of batch gradients
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i bATCH SGES

On each iteration t

* Estimate size of gradient error by computing variance

* Pick batch B large enough such that

1
0°E|| Vg, (z:)]|* > ETrVarZVf(xt,z)
t

where 6 € (0,1) k
extra step to SGD

* Choose stepsize oy
» Update

Tl = Ty — Vi, (T4)



i bATCH SGES

On each iteration t

* Estimate size of gradient error by computing variance

* Pick batch B large enough such that

1
0°E|| Vg, (z:)]|* > ETIV&IZV]C(ZQ, 2)
/
where 6 € (0,1) \
g Ehicose stepsize O Can be estimated
e Update using the batch B

Tl = Ty — Vi, (T4)
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CONVERGENCE

Assumption: £ has L-Lipschitz gradients
L
t(z) < y) + Vey) (= —y) + S lle -yl
Assumption: /¢ satisfies the Polyak-Lojasiewicz (PL) Inequalrty

[VE(@)|* > 2u(é(z) — (=)

Theorem
Big Batch SGD converges linearly:
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CONVERGENCE RESULTS

Theorem
Big Batch SGD converges linearly:

41[€($t_|_1) > 5(33*)] < (1 B“L) : 4:[[(:1375) o Z(Qj*)]
6% + (1 —6)?

with optimal step size @ = —+ where § = (1— 6)?

BL

'

Per-iteration convergence rate

We show: | |B| > O(1/¢) —» Error < €

optimal convergence In the Infinite data case
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ADVANTAGES

» Controlling noise enables automated stepsize selection

» Backtracking line search works welll
» Stepsize schemes using curvature estimates also work!

» More accurate gradients enable automatic stopping
conditions

* Bigger batches are better in parallel/distributed settings



BACKTRACKING LINE SEARCH

Also referred to as Armijo Line Search

Measures sufficient decrease condition of objective function

For regular (deterministic) gradient descent:

£(Tet1) < Uxy) —  coul|VE(xe)||?



BACKTRACKING LINE SEARCH

Also referred to as Armijo Line Search

Measures sufficient decrease condition of objective function

For regular (deterministic) gradient descent:

((re11) < Uxy) —  coul|VE(xe)||?

new objective current sufficient decrease
objective



BACKTRACKING LINE SEARCH

Also referred to as Armijo Line Search

Measures sufficient decrease condition of objective function

For regular (deterministic) gradient descent:

Uzt 41) < fz) — ey VE(x)]|?
new objective current sufficient decrease
objective

[T this fails, decrease stepsize and check again
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BACKTRACKING WITH SGD

Measures sufficient decrease condition on individual functions

Big Batch SGD gets better estimate of the
approximate decrease of original objective

Moves to the optimum of individual functions, not the global average
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BACK T RACKING WORKS
WITH BIG BATCH 5GD

Decrease stepsize until:

la(wer1) < l(we) — cou||ViEp(ze) ||

'

Measures a condition of sufficient decrease using batch B

Theorem

Big Batch SGD with backtracking line search converges linearly:

L[0(xss1) — 0(z7)] < (1 ;‘]i

)

O[0(2) — £(z7)]

1

with initial step size set large enough st. @p 2 —=

28L




BACK T RACKING WORKS
WITH BIG BATCH 5GD

Decrease stepsize until:

(5(2e11) < Lp(w) — coul|Vip(ze) ||

We also derive optimal stepsizes for Big Batch SGD using

Barzilal-Borwein (BB) curvature estimates, with provable guarantees.
Check paper for detalils.

Big Batch SGD with backtracking line search converges linearly:

sft(wesn) — )] < (1~ F )Ele() — )
1

with initial step size set large enough st. g = 93L
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EONVEX EXPERIMENTS

Model: Ridge Regression & Logistic Regression

Logistic Regression on COVERTYPE

BBS with Stepsizes

using BB curvatures
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EONVEX EXPERIMENTS

Batch Size Increase

| Ridge Regr;ssion on MILLIONSONG Logistic Regression on COVERTYPE
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BBS: Big Batch SGD

Proposed methods: Blue (Fixed stepsize), Red (Backtracking),
Green (Optimal stepsizes using curvature estamates) curves



EONVEX EXPERIMENTS

Stepsizes Used

Ridge Regression on MILLIONSONG
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BBS: Big Batch SGD

Proposed methods: Blue (Fixed stepsize), Red (Backtracking),
Green (Optimal stepsizes using curvature estamates) curves




4-LAYER CNN

CIFAR-10 (left) & SVHN (right)
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TAKEAWAYS

We introduce: Big Batch SGD

Adaptively grows batch size over time to maintain a
nearly constant signal-to-noise ratio in the gradients

Better control of the noise makes It easy to automate
Adaptive stepsize methods work well with this method

Better for parallel/distributed settings



THANKS!

B lii=c'to oct In touch!

Extended version on arXiv:
"Big Batch SGD: Automated Inference using Adaptive Batch Sizes™

https://arxiv.org/abs/1610.05/92

email: sohamde@cs.umd.edu
website: https://cs.umd.edu/~sohamde/
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