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Reduce training runtime of deep residual networks!

@ Enable parallelization across layers

o lIterative Multigrid-in-Time for forward and backward propagation

@ Simultaneous optimization
o One-shot approach: optimization based on inexact gradients

Stefanie Giinther et al. Simultaneous Layer-Parallel Training of Deep Residual Networks
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Deep Residual Learning

hidden layer 1 hidden layer 2 hidden layer 3

input layer

Ydata — LOSS(yN, Cdata)

» ResNet! propagation

yo = Ydata
Yy =y " F(W " +b") ¥n=0,...,N—-1 (%)

> Learning Problem

Vmir["\n Loss(y", ciata) subject to (%)

lHe et. al.: Deep Residual Learning for Image Recognition, IEEE Conf. on CVRP, 2016
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Residual Networks Meet Dynamical Systems /3 &sesiimen

Yy =y "+ hF(W"y" +b") V¥n

Ve oyt —

4 4 4 4

» Explicit Euler discretization of

t t t t

VO _ Fwey() +b(e) vee(©.7)

ResNet Training < Optimal Control Problem

min Loss(y(T), Cdata)

W(t),b(t)
Sulsjest o dﬁ—(tt) — F(W()y(t) + b(t)) Vi€ (0,T)
y(0) = ydata

Weinan E: A Proposal on Machine Learning via Dynamical Systems, Comm. Math. Stats., 2017
E. Haber, L. Ruthotto: Stable Architectures for Deep Neural Networks, Inv. Probl., 2017
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> lterative updates for 8" := (W", b")

y
1. Solve ODE « Forward propagation (TN

yO = Ydata
y"™l = ou(y",0") forn=0,...,N—1
2. Solve adjoint ODE <«>Backpropagation

yN = ByNLoss(yN,c)
7" = Oyndp(y", 0"y forn=N-1,...,0

3. Network parameter update

0"+ 0" — o (g ®p(y", 0" ") Vi

Stefanie Giinther et al.
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Replace Network Propagation by Multigrid

)0
yl _ q)h(yO’HO) ngta
y2_¢h(y1761) ;
yN _ ¢h(y-N—1,0N—1) 0
> Layer-serial propagation > Layer-parallel multigrid
HELESS S R o
time step 1 grid level 0
858§ 4°%5 8 f
grid level 1
8 88°5844f
grid level 2

lPictures taken from S. Friedhoff, talk on Multigrid reduction techniques for parallel-in-time integration, 2016
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Replace Network Propagation by Multigrid

y°
yl _ q)h(yO’HO) ngta
y2_¢h(y1761) ;
yN _ ¢h(_y:N_1,0N_1) 0
> Layer-serial propagation > Layer-parallel multigrid
§f1 48484 R N
time step 2 grid level 0
85 8§ 4°% 4 f
grid level 1
8 88°%548¢f
grid level 2

lPictures taken from S. Friedhoff, talk on Multigrid reduction techniques for parallel-in-time integration, 2016
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Replace Network Propagation by Multigrid

y°
yl _ q)h(yO’HO) ngta
y2_¢h(y1761) ;
yN _ ¢h(y-N—1,0N—1) 0
> Layer-serial propagation > Layer-parallel multigrid
8888448 ff R e SN
time step N grid level O
8587 854 f
grid level 1
8 44°5444f
grid level 2

lPictures taken from S. Friedhoff, talk on Multigrid reduction techniques for parallel-in-time integration, 2016
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Two-level Multigrid-in-Time lterations

f f } f } f ! fine grid
tO tl T tN
| , ; coarse grid
0 t e/
he = mh

» Nonlinear multigrid scheme (FAS):
1. Approximate y!,...,y" on the fine grid
2. Solve residual equation on the coarse grid
3. Correct y',...,y" on the fine grid

R. Falgout et al. Parallel time integration with multigrid, SIAM J. Sci. Comput., 36(6):C635-C661, 2014
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Two-level Multigrid-in-Time Iterations

S, @y, o, @
~NN N

—t—t—t+—+—+— fine grid
. . o fine gri

} ; | coarse grid
0 N/m
te c te

» Nonlinear multigrid scheme (FAS):

1. Approximate y!....,y" on the fine grid
> In each interval: y"t! = &, (y",0") > parallel
> Residual: r™ = y™" — ymn—

2. Solve residual equation on the coarse grid

3. Correct y*,...y" on the fine grid

R. Falgout et al. Parallel time integration with multigrid, SIAM J. Sci. Comput., 36(6):C635-C661, 2014
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Two-level Multigrid-in-Time lterations

f } } f f } ! fine grid

tO tl . tN
/—\‘Dh‘c 2

f . j coarse grid
2 te o/

» Nonlinear multigrid scheme (FAS):

1. Approximate y*, ..., y" on the fine grid
> In each interval: y"™t = &, (y",6") > parallel
> Residual: r™ = ymn — ymn—1

2. Solve residual equation on the coarse grid
> gil =y (§0,07) — 1l > serial on coarse grid
> Error approximation 7 = y! — y/

3. Correct y',...y" on the fine grid

R. Falgout et al. Parallel time integration with multigrid, SIAM J. Sci. Comput., 36(6):C635-C661, 2014
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NN NN

f f f f f ! fine grid
0 1 N
tA t . N f
| ! | :
f f y coarse grid
£0 t! ¢N/m
P1 P2

» Nonlinear multigrid scheme (FAS):

1. Approximate y!,...,y" on the fine grid

> In each interval: y"! = &, (y",0") > parallel
> Residual: r™ = ymn — ymn—1
2. Solve residual equation on the coarse grid
> gt = o (90,00) - 12
> Error approximation e7 = y! — y/

3. Correct y',...,y" on the fine grid

> serial on coarse grid

> parallel

R. Falgout et al. Parallel time integration with multigrid, SIAM J. Sci. Comput., 36(6):C635-C661, 2014
Stefanie Giinther et al.
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Layer-Parallel Fixed-Point Solver

> Fixed-point iteration for y = (y*,...,y"):
Yir1 = H(y, 0)

recovers at convergence same output yV as serial propagation

» But greater concurrency — cross over point:
Parallel speedup expected if N and ncores are large

Stefanie Giinther et al. Simultaneous Layer-Parallel Training of Deep Residual Networks
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New Dimension of concurrency

» Data-parallelization

W@EEEEEEEEELMQWJ

A S ny

» Additional Layer-parallelization

o, GRE ERB AR | ...

W@EEEEEEEEELMQWQ

A S ny

Stefanie Giinther et al. Simultaneous Layer-Parallel Training of Deep Residual Networks
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Non-intrusive Time-Parallelization

B%I‘D https://github.com/xbraid
x 4 :>¢}

PARALLEL MULTIGRID IN TIME

» Open-source software library
» Flexible user-interface for existing time-stepping codes

my_Step: y"th = du(y",0")
my_Objective: Loss(y", ")
my_Clone: vl =y"

my_Sum: y"=av"+ By"

my_SpatialNorm:  ||y"|

Stefanie Giinther et al. Simultaneous Layer-Parallel Training of Deep Residual Networks


https://github.com/xbraid

- -
= TECHNISCHE UNIVERSITAT
I = KAISERSLAUTERN

Multigrid for Forward- and Backpropagation

» forward progapation < parallel multigrid for y = (y°,...,y"N)

_yo = Ydata
y"t=o(",0") ¥Yn=0,...,N—1

& Y =Hy.,0) k=1,2,...
» backpropagation < parallel multigrid for y = (y¥V, ..., #°)

)7N = 8y:v Loss(yN, Cdata)

7 =0,0(y", 0" " Vn=N-1,...,0

& Vimi=H@ny,0) k=1,2,...

Stefanie Giinther et al. Simultaneous Layer-Parallel Training of Deep Residual Networks
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> lterative updates for 0:
1. Layer-parallel forward propagation:

For k=1,2,...: y,,=Hy.,0 =3 vy,
= Loss(yi\’, Cdata)
2. Layer-parallel backpropagation:
For k=1,2,...: ¥ =HFwy..0) =3 73,
= Vgnloss = Ogn®(y,0") 7 Vn
3. Network parameter update:

0" +— 0" — aVgnlLoss Vn

Stefanie Giinther et al. Simultaneous Layer-Parallel Training of Deep Residual Networks



Early Stopping of Multigrid Iterations T s

> lterative updates for 6:

1. Layer-parallel forward propagation:

For k=32« Yy = H(y,,0) ==

= Loss(ykN, Cdata)

2. Layer-parallel backpropagation:

For k=421 Yy = HFio Y100, 0) =30

= VonLossii1 = 9n®(yfy1,0") 7/s Vi

3. Network parameter update:

0" < 0" — aVenlossi.1 Vn

Stefanie Giinther et al. Simultaneous Layer-Parallel Training of Deep Residual Networks
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One-shot Optimization

» Convergence theory: One-shot method?

o
with H~d3 (L+ally — H(y,0)|P)

0" — 0" — oMt (dLOSSk)

» Numerically: limited memory BFGS approximation, Identity, ...

2[Griewank, Hamdi (2011)], [Gauger, Schulz et al. (2008)], [Blommert (2016)]

Stefanie Giinther et al. Simultaneous Layer-Parallel Training of Deep Residual Networks
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Testcases

1. Level set classification:
5000 grid points in [—3,3]?, 5 classes (level sets)

2. Hyperspectral image segmentation for
Indian Pines data set:
145 x 145 pixels each with 220 spectral
reflectance bands, 16 classes (land cover)

. w e . Fes/79b6al

3. MNIST image classification: 6757863485
28 x 28 le | 10 cl digit ar1saiidn
x 28 grey scale images, 10 classes (digits) AT
17689265 %1 97

2222334480

Va3 8073857

Ol ebbq bo2y¢d

7728069806/

Stefanie Giinther et al. Simultaneous Layer-Parallel Training of Deep Residual Networks



Multigrid Convergence

rel. residual
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rel. residual

iteration

10°
1072
1074
1076
1078
10710
10712

4 5
: N =256 stafe —— ]
N =256 adjoint -+
L N =2048 state —s— |
N = 2048 adjoint ---x
L L L
0 1 2 3 4

iteration

» Fast multigrid convergence, independent of the number of layers

Simultaneous Layer-Parallel Training of Deep Residual Networks
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Layer-parallel Multigrid Performance

Weak scaling for one gradient evaluation, 4 layers per core

# cores # cores
256 512 64 128 256 512

16 1el j ! 1400 L 1fel !

A aralle] — +— P ayer-parallel — +—

14 or-serial - - x- - P 1200 + anu serial - -x-- P
2t 1 1000 | 1
g 6l _x” ] g 600 | X |

P S g +1 om0 .

0 T f | | [0 J et ot t--—-- - +

256 512 1024 2048 256 512 1024 2048
# layers # layers
512
2500 T
x
2000 PR
g 1500 |- .
£ 1000 | L 1
500 - S J
s
() L e +
256 512 1024 2048

/# layers

» Constant runtimes for increasing problem sizes and comptational
resources.

Simultaneous Layer-Parallel Training of Deep Residual Networks



Layer-parallel Multigrid Performance
Weak scaling for one gradient evaluation, 4 layers per core
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7+ cores # cores
64 128 256 512 64 128 2 512
16 iy I r . 1400 — .
ayer-parallel — —+—
4 aygrfscrial - ox-- R 1200 - A
12 | o 1 _ 1000 | 1
. B}
“; r 13 s | . .
6 L L 8x| ] g 000 p O . N
4 L o 1% 400 Lk |
- oot
2 ks R e =+ 00k oeemm 4]
0 1 I I L L
256 512 1024 2048 256 512 1024 2048
# layers # layers
# cores
64 128 256 512
2500 — T T
cr-parallel — +—

2000 | ayer-serial - -sx-- ; R

g 1500 | L .

£ 1000 | L 16x| |

500 |- e J

e
ole=c-c-g--oo fo--— - +
256 512 1024 2048
# layers

» Constant runtimes for increasing problem sizes and comptational

resources.

Stefanie Giinther et al.
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Strong scaling

16 T T

T T T T T T T T T
N = 256 - 54— 4 N'= 236 - 4-
T : N= 512~ 1024 g om0 8 N- 512 x|
PN ON-—1024 .| NERS N-1021 ox
= DN N=2048 —= - sz Loy x e om N=20ks oo
\% \\\ ! i;/ I . &
2 AT N 1 % 256 | RER S 1
g N i & <
=] > Tx k = AN . k 0
*
2 F So S g 128 | N
e ~x el T *
1 L L L L b L L 64 L L L T L L
2 4 8 16 32 64 128 256 512 2 4 8 16 32 64 128 256 512
# cores # cores

» Cross over point: = 16 cores

Stefanie Giinther et al. Simultaneous Layer-Parallel Tt ng of Deep Residual Networks
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Simultaneous Training

2 multigrid cycles per optimization iteration

Simultaneous layer-parallel —— Simultaneous layer-parallel ——
ayer-serial reference ayer-serial reference

1.8 T T T —— 100~ 1 — T T T T
1.6 S = 0.9 -
14 L 480 . . 0.8 [l b s e
[ 2 207 pMery
S 460 £ 206 A
2 = 0.5 I
08 1 140 2 E 04
0.6 H S £ 03
0.4 H 420 = <02
0.2 + = 0.1
0 L L L 0 = 0
0 1000 2000 3000 4000 0 5 10 15 20 25 30 35 40
compute time (sec) compute time (hours)
Level sets Hyperspectral images
N = 1024 N =512
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Summary

@ Deep Learning Meets Optimal Control

o Residual network training < optimal control problem

@ Multigrid-in-Time for Parallelizing Across Layers

o Nonlinear multigrid iterations to solve the network propagation
o Runtime reduction from added concurrency accross layers

© Simultaneous Optimization

o Early stopping of multigrid iterations
o Runtime reduction from inexact gradient evaluation

Stefanie Giinther et al. Simultaneous Layer-Parallel Training of Deep Residual Networks



- N
' TECHNISCHE UNIVERSITAT
I = KAISERSLAUTERN

Summary
@ Deep Learning Meets Optimal Control
o Residual network training < optimal control problem

@ Multigrid-in-Time for Parallelizing Across Layers

o Nonlinear multigrid iterations to solve the network propagation
o Runtime reduction from added concurrency accross layers

© Simultaneous Optimization

o Early stopping of multigrid iterations
o Runtime reduction from inexact gradient evaluation

Thank you! Questions?

Stefanie Giinther et al. Simultaneous Layer-Parallel Training of Deep Residual Networks
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