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Model size growing rapidly

Wu Dao 2 0
Switch
’(;)\ 1500000~ Transformers
c 1.6T
O
£
» ~1000000-
9
(O]
s
L 500000~
a
GPT-3 PanGu-
1753 ZOOB
Resnet-50 Transforme
N O
2016 2017 2018 2019 2020 2021

date



spcl.inf.ethz.ch oo @
; @spZI_eth E'HZUFICh

Model size growing rapidly

@1500000-
C
O
E
» 1000000+
2
]
5
= 500000-
al
Resnet-50
O' 25.M
2016 2017

More than
8000x increase

s
Transformer
213M

2018 2019 2020 2021



spcl.inf.ethz.ch oo @
; @SPZI_efh E'HZUFICh

Model size growing rapidly

NVIDIA. DEVELOPER HoMmE FORUMS DOCS DOWNLOADS Wu Dao 2.0

« Even if the model can be fitted in a single GPU (for example, by swapping parameters
between host and device memory], the high number of compute operations required
can result in unrealistically long training times without parallelization. For example,

’(F 1500000+ training a GPT-3 model with 175 billion parameters would take 36 years on eight V100

(- GPUs, or seven months with 512 V100 GPUs.
o
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Parallel and distributed training

Data parallelism
input
PO Operator parallelism Pipeline parallelism
[ o s 1o | |
input input
B % '
R ] BB oL Pollloce
RSN BN =
. PO P1 P2
Input Pros: Pros:
a. Make large model training feasible a. Make large model training feasible
P2 ‘ ¢ |$ ¢C%O b. No collective, only P2P between stages
Cons:
Pros: b. Communication for each operator Cons:
a. Easy to realize (or each layer) a. Bubbles in pipeline
b. Removing bubbles leads to stale weights
Cons:
a. Not work for large models . _ \ _
b. High allreduce overhead Chimera (this work) aims to solve.
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Schemes of pipeline parallelism proportiona

toD R
| Time 1234"

34, >
PipeDream PO 0 1 2 4 g
(SOSP'19)  p1| | 0 1 2 4
PipeDream-2BW P2 0 1 2 4 5 N proportional
(IcML'21) 0 1 2 4 5 6 toD
PipeDream PipeDream-2BW Y Mo for Y Mo for o >
asynchronous apply gradients apply gradients PipeDream  PipeDream-28w  for both
with stale weights
flush
o p L1 2 1,3
S Gp|pe P1 !2 13 vee
forward ) 3 ional
(NeurlPS'19) T I M proportiona
N P3 O toN
flush 1 Izwg 4 1A2/laa 4
> PO 2 [3] 3 ]
g GEMS p1 1 2 |3 3
E| (sc20) P2 L 2B &
g P3 1 2 [3 3
g,
o flush
g PO 0 ‘ 1 ‘ D) ‘ 3 D The number of pipeline stages (depth) D=N=4
° DAPPLE p1 0 1 2 3 N The number of micro-batches in an iteration
=1 g — eoe 1 1
2| (ppopp'20) P2 0 1 2 3 ' Me Memory consumpt!on for the we!ght§
° proportional ~ Ma Memory consumption for the activations
£ P3 0 1 2 3 | o0
g > ~ Bubble
? flush Forward and backward passes of
PO 3 | 3 0 1 [x] model replica0 for micro-batch x
Chimera P1l | 2 0 = 1 Forward and backward passes of
(this work)P2 2 0 2 1 3 N proportional model replical for micro-batch y
L P3[2 1] 2] |3 = Ry
—_—

Note that a backward pass is about 2 times
workload of a forward pass.



Bidirectional Pipelines

model replica0
PO 0
P2 0 1
P3 1 |
N\ /
N / 2 = 2 micro-batches, where N=D =4
model replical
PO (stage3 212 373
P1 2 2 + 3 3
P2 (stagel 2 2 3 3
P3 2 2] B 3
N\ /

x| x

YILY

N / 2 = 2 micro-batches, where N=D =4
Forward and backward passes of replicaO

Forward and backward passes of replical
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Bidirectional Pipelines

model replica0
PO 3 1
P1(stagel) 0 1
P2 0 1
P3 | 0 |
N\ /
N / 2 = 2 micro-batches, where N=D =4
model replical
PO (stage3 212 373
P1 2 2 + 3 3
P2 (stagel 2 2 3 3
P3 2 2] B 3
N\ /

N / 2 = 2 micro-batches, where N=D =4

Forward and backward passes of replica0

Forward and backward passes of replical

-

flush
2(213|3/0 |1
3(2|10[3]|1
3/(1 0(2|1(3
0112 |3

model model
replica0 replical

PO

from Blizzard War3
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Bidirectional Pipelines

model replica0
PO 3 1
P1 0 1

fffffffff ) model model
P2 0 1 flush  replicaO replical
P3 | 0 ; 2123|310 1

\ /

N / 2 = 2 micro-batches, where N=D =4 2 3|12|0(3|1

. 2 3 0(2(1|3
model replical 5 3 0 10 3
PO (stage3 212 313
P1 (stage2) 2 2 3 3 )
P2 (stagel 2 2 T 3 3
P3 2 2] 3 3]

N / 2 = 2 micro-batches, where N=D =4
. X | Forward and backward passes of replica0

from Blizzard War3

model model

Y || Y | Forward and backward passes of replical replica0 replical flush
PO stage3 2] 2 |3 3 10 1
P1 (STage2 2113 2 10311
P2 2 3 0 2 1 3
P3 2] [3]0] o [a] [ 1 ]2 3

Chimera (backward is 2x workload of forward)
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Gradient synchronization between model replicas

model model
replica0 replical

Gradient synchronization for stage_i

2] 2 [3] [3]0
2123 [ 2] 0] 3|1
2103 0| 2]1]3
2] 130l o [1] [1 ]2

(a) Gradient synchronization after all local computation is finished
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Gradient synchronization between model replicas

model model
replica0 replical

Gradient synchronization for stage_i

2] 2 [3] [3]0
2123 [ 2] 0] 3|1
2103 0| 2]1]3
2] 130l o [1] [1 ]2

(a) Gradient synchronization after all local computation is finished

model model
replica0 replical

Gradient synchronization for stage_i

2] 2 [3 3]0
211(3 2 | 0 [*3

(b) Eager gradient synchronization for deeper overlapping
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Gradient synchronization between model replicas

model model
replica0 replical

Gradient synchronization for stage_i

2] 2 [3] [3]0
2123 [ 2] 0] 3|1
2103 0| 2]1]3
2] 130l o [1] [1 ]2

(a) Gradient synchronization after all local computation is finished

model model
replica0 replical

Gradient synchronization for stage_i

PO 2] 2 [3 3 0
P1 2[1]3 2 0] 31
P2 2103 0| 2 1 | 3
P3 2] [3]0] o [1] | 1 2

(b) Eager gradient synchronization for deeper overlapping
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Hybrid of pipeline and data parallelism

model model
replica0 replical

Gradient synchronization for stage_i

PO 2 2 |3 310 I S0
P1 21113 2 [ 0] 3 ]i1 |
P2 2]0]3 0| 21]113 |
P3 2] 3]0 o 1] [ 1 [2 3 |
| | 2x pipelines,

model | model | b i.e., W (width) =2
6] 6 [7] [ 7 | 4 5 ¢ K
6]5]7 6 | 4|7 |5 i
6147 4 6|57 i
6] [7[4] 4 |5 | 5[5 U S
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Scale to more micro-batches

flush
PO 2[ 2 [3] [ 3]0 1 6] 6 [7] [ 7] 4 5
P1 23] [ 203 ]1 6/5]7] [ 6 [ 4] 715
P2 [2]0]3 0 2[17]3 + E- 4 6| 5] 7 ?
P3[2] [3]0] o0 1] [ 1] 2 3 6] [7]4] 4 |[5] 5 [ 6 7

N=2D micro-batches, where D=4
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Scale to more micro-batches

flush
PO 2| 2 |3 3 0 1 6| 6 |7 7 | 4 5
P1 2 3 2 0 3 1 6|5(7 6 | 4 7 5
P2 |2(0]|3 0) 2 1 3 + 6|47 4 6 5 7 ?
P3(2] [3]0] 0 |1] [ 1 [ 2 3 6] [7]4] 4 5] 5] 6 7
N=2D micro-batches, where D=4
Method (1): Direct concatenation
flush
PO 2] 2 I3 3]0/ [4 1 6] 6 [7 7] 4 5
P1 2 3 2 0 3 1 6|57 6 | 4 7 5
P2 |2(0]|3 0) 2 1] 3 647 4 | 6 5 7
P3[2] [3]0] o |2] | 1 [ 2 16| 3 [7]4] 4 |5{ 1 5 [ 6 7
\ /

intermediate bubbles (33
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Scale to more micro-batches

flush
PO 2 2 3] [3] 0 1 6l 6 [7] [ 7] 4 5
P1 2[@3] [ 2] 0] 31 6[6]7] | 6 | 475
P2 [2]0]3 02|13 + cE- 4 |6 |[5]7 ?
P3[2] [3]0] 0 1] [ 1|2 3 6] [7[4 4 [5] 5] s 7

N=2D micro-batches, where D=4

Method (2): Forward doubling

,,,,,,,,,,,,,,,,,,, flush
PO 2|3 6|7 2 3 0 1 6 7 4 5
P1 23 6|7 2 0 3 1 6 | 4 7 5
P2 213 6|7 0 2 1 3 4 6 5 7
P3(2]3 6/7(01] 0 1 | 2 3 4 5 | 6 7
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Scale to more micro-batches

flush
PO 2 2 3] [3] 0 1 6l 6 [7] [ 7] 4 5
P1 2[@3] [ 2] 0] 31 6[6]7] | 6 | 475
P2 [2]0]3 02|13 + cE- 4 |6 |[5]7 ?
P3[2] [3]0] 0 1] [ 1|2 3 6] [7[4 4 [5] 5] s 7

N=2D micro-batches, where D=4

Method (2): Forward doubling

777777777 flush
PO 213 2 [6]7]| 3 0 6 1 7 4 5
P1 23 6|7 2 0 3 1 6 4 7 5
P2 2|3 6|7 0 2 1 3 4 6 5 7
P3|2|3 6|7 0 1 2 4 3 5 6 7

* eliminate intermediate bubbles
e 2x activation memory
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Scale to more micro-batches

flush
PO 2 2 3] [3] 0 1 6l 6 [7] [ 7] 4 5
P1 2[@3] [ 2] 0] 31 6[6]7] | 6 | 475
P2 [2]0]3 02|13 + cE- 4 |6 |[5]7 ?
P3[2] [3]0] 0 1] [ 1|2 3 6] [7[4 4 [5] 5] s 7

N=2D micro-batches, where D=4

Method (3): Backward halving

flush
Polola B2z 2 f6[7/3]o6]1[7]a] [5
P1 23alslel7] 2 [o|3|1]6[a]7]5
P2 [2[3lola]e|7 2[1]34al6]s5]7
P3[2[3| |e|7lolal o 1(2]a]3]s]e] |7
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Scale to more micro-batches

flush
PO 2 2 3] [3] 0 1 6l 6 [7] [ 7] 4 5
P1 2[@3] [ 2] 0] 31 6[6]7] | 6 | 475
P2 [2]0]3 02|13 + cE- 4 |6 |[5]7 ?
P3[2] [3]0] 0 1] [ 1|2 3 6] [7[4 4 [5] 5] s 7

N=2D micro-batches, where D=4

Method (3): Backward halving

flush
POlol2 al5[23 2 [6]7] 3| 0|62 [7]4 5
P1 234567 2 [0 |3 |1]6]a]7]5
P2 [2[3lola]e|7 2|1]3(4a]6]s]7
P3[2[3| |e[7]ol1] 0 1(2]4[3]|5]6 7

* eliminate intermediate bubbles
* halving micro-batch size
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Generalize to more pipelines

model replica0 (down pipeline0)

model replical (down plpelmel)

PO
P1
P2
P3
P4
PS5
P6
P7

0 |1
0 |1
011

model replica2 (up pipeline0)

4]4]5]5
4| [5(4] |5
4] |5 4] |5

P7<st—a*@4 5 4] [5
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Generalize to more pipelines

model replicas 0-3 flush
(tageD\Staged) 51 612(713141415(5(2[6]3[7]0] [1
(staged))(stages) 6|217[2]4[3]5/4[2/5[3]6[0]7]1
Gtaged)|GlageD  [6[0]7[2]4]2/5/3/2/4(3/5/0]6]1]7
Gtaged)|Gtaged) 6| [7]0]4[1]5]2 2[3/3(4[0]5[1]6] [7
GEID) (GET) 40|5[1]6|6]7][7[014]1]5]2] [3
(stage2)|(stage®) 4 5 6 7(6|10|7(114{2(5|3
GsDlemeen (412/5]3]6[0]7[T 0[6[1[7[2/4]3]5
GaaeD) (s_t‘a*ge@ 4 |5[2]6[3]7[0/0/1 1]6(2(7[314] |5

Chimera (a combination of four pipelines)

21
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Generalize to more pipelines

Chimera with r pipelines

model replicas 0-3 flush (1<=r<=D, if Dis even)

(ctageD\Gtaged 1) 6]2[7]3]4]4[5/5]2[6]3[7]0] [1 Single ~ Chimera Data

(tageO)\taged) 196 [1]7[2]4]3]5/4[2/5[3]6/0]7]1 4 pipeline (default) parallelism

Gtaged)|GtageD [ |0]7[2]4]2/5/3/2/4(3/5/0(6[1]7

Gaged|ce=D [6] |7]014 [1151212[813/4/0/5/1]6] |7 weights

' o N\ (grad synch)

Cged)| GlageD 470/5[1]6|6]|7[7]0]4]1]5]2] [3 AN

(sta;geZ) (stageb) - 4 5 6 7|6(0(7(11412|5|3 N

GaeeD|Gaees |4121513]|6[0]7]T0(6[1]7]2]4]3]5 )

Gaeeo|caeen 4] 1512]6]3]7]0/0/1 1(6]2]7[3]4] |5 Ve

. —4 . . . . 4

Chimera (a combination of four pipelines)
1 1 >
b g

number of pipelines (replicas)

22
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Performance Modelling
Given a P, how to decide the best D (depth) and W (width)?

C;— the number of forward C;=6
passes in critical path

C, —the number of backward €, =10
passes in critical path

PO 313/4(4|5|5|0] 1 2

Pl(stagel)(staged) 31214[3/5(4|0(5]|1 2 9

P2 314 5(3]0(4|1(5|2 9

P3 3104 5 0(3]1|4(2]|5 96|10

P4 stagel ,3 4 5 0 113124 5 9 10

ps@EEses Gae) 3] 4] 15]010/1/1(212(3] [4] [5]9] [0 [11
training iteration0Q training iterationl

The runtime of a single training iteration is

T = (Ft + Commypap)Cr + (Bt + Commypap)Cp, +
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Performance Modelling
Given a P, how to decide the best D (depth) and W (width)?

C;— the number of forward C;=6 L .
passes in critical path Rabenseifner’s algorithm for allreduce:
C, — the number of backward €, =10 Commgireduce = 2(logar)a +2(r — 1)BL/r
passes in critical path IateTncy bandwidth
one crithaI path
313]414(5|5|0 1] .2
31214[3/5(4|0(5]|1 2 9
4 5(3/0(4(1|5|2 9
5 0(3]1|4(2]|5 96|10
5 0) 13424 5 91 |10
o/x1/212[3] [4] [5]9] o] iz
\ /7 \
training iteration0Q training iterationl

The runtime of a single training iteration is

T = (Ft + Commypap)Cr + (Bt + Commypap)Cp, +
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Performance Modelling

Given a P, how to decide the best D (depth) and W (width)?

C;— the number of forward C;=6 L .
passes in critical path Rabenseifner’s algorithm for allreduce:
C, — the number of backward €, =10 Commgireduce = 2(logar)a +2(r — 1)BL/r
passes in critical path IateTncy bandwidth
one critical path region (a)
313]4
312143
4 5
5
5/11/0
0
. region (b)
training iteration0Q training iterationl

The runtime of a single training iteration is

T = (Ft + Commyp)Cr + (Br + Commpgp)Cp, + max{Commypoperiapped (i) : i € [0,D — 1]}
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Evaluation

= CSCS Piz Daint supercomputer

= Each node contains a 12-core Intel Xeon E5-2690 CPU,
and one NVIDIA Tesla P100 GPU

= Cray Aries interconnected network

= A small cluster with 32 NVIDIA Tesla V100 GPUs
= 4x8 GPUs connected by NVLink and Infiniband

= Baselines include all schemes listed in Table 1:
GPipe, GEMS, DAPPLE, PipeDream, PipeDream-2BW

= All schemes are implemented in PyTorch with GLOO
distributed backend for both P2P and allreduce Table 4. List of symbols

. Th b f pipeli t denth
Table 3. Neural networks used for evaluation e number of pipeline stages (depth)

= O

The number of replicated pipelines (width) for data
Networks Layers Parameters Mini-batch size parallelism

B Micro-batch size
Bert-48 48 669,790,012 >=256 B Mini-batch size (= B N * W)
GPT-2 64 1,389,327,360 >=512 R Activation recomputation is required
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Memory consumption

GPT-2 with 32 layers (W=1,D=32,B=1,8=512)

N lg oom odm
% 2- O 0 0 Pipeline Schemes Weights Memory Activations Memory
8 0- PipeDream [38] [Mg, D * Mp] 'v@ [Mg, DxMg] ' &
"'é_ " GPT-2 with 32 layers (W=2,D f 16,B=1, .é =512) PipeDream-2BW [39] 2Mp O [Ma, Dx M) &
] OOM OOM
3 12 GPipe [26] Mg @ N*M, "
S 2: <= O - 0 GEMS [28] My () Ma % @
2 o- DAPPLE [16] My O [Mg, DxMg] T
’g 6 GPT-2 with 32 layers (W=2,D =16,B8=2,B=512) Chimera (this work) 2My O [(D/2+1)Mg, D * Mg] '3+
i OOoM (0] OoOoM -
g 12- O 0 oM
8 -
4 " &
O -

Chimera DAPPIF GEMS GPipe PipeDream PipeDream -2BW
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Tuning for baselines

—_— —_— —_—
BN £ O0ONOD
OO OOo OOOOO0O

£ O0ONOD
o

Throughput (sequences/s)
o

—_—
B OONOD
OO OOo

o

160-

[

o

The parameters of D, W, and B affect the performance significantly.

W=2,D=16 W=2 D=16 W=2,D=16 W=2, D=16 W=%,D=16
B=24
R

W=4 D=8 W=4 D=8 W=4 D=8 W=4, D=8 W=A41D=8
B=48
W=8,D=4 W=8,D=4 W=8, D=4 W=8, D=4
K *R B=80

mEEENE. B
W=16,D =2 W=16,D =2 W=16,D=2 W=16, D=2 VV:A16,D=2
B=128

mEEN.. . . llll. l

B=1 B=2 B=4 B=8 B=16 B1BZB4BSB16832864 B1BZB4BSB16 BSB16 PipeDream
GPipe GEMS DAPPLE PipeDream-2BW

Performance tuning for the baselines for Bert-48 on 32 GPU nodes.
R denotes activation recomputation to avoid OOM. Star marks the best performance.

28
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Performance modelling of Chimera

The runtime of a single training iteration is modelled as
T = (Ft + Commyzp)Cr + (Bt + Commpgp)Cp, + max{Commypoveriapped (i) : i € [0,D —1]}.

GPT-2 on 512 GPU nodes, B = 512 Bert-48 on 32 GPU nodes, B = 512

w=8, D=4, B=1 [N Alerfomance  w=2, D=16, B=16
Model

W=16, D=32, B=1 W=4, D=8, B=16

Performance

W=32, D=16, B=1, R W=8, D=4, B=8
error<10%

error<10%

W=64, D=8, B=1, R W=16, D=2, B=4

40 80 120 160 60 100 140 180
Throughput (sequences/s) Throughput (sequences/s)

29
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Weak scaling

N W B
o o o
o o o

-
o
o

Throughput (sequences/s)

0

o)
o
o

PipeDream (D=8, §=[128, 512], R)
B PipeDream-2BW (D=16, B=1, R)

" GPipe (D= [8,16], B=1, R)
B ceEms (D=8, B=2)
" DAPPLE (D=16, B=1, R)
~ [Mchimera (D=32, B=1) I

512 nodes 1024 nodes 2048 nodes

Weak scaling for GPT-2 on Piz Daint
(512 to 2048 GPU nodes)

1.38x - 2.34x speedup over
synchronous approaches
(GPipe, GEMS, DAPPLE)
* Less bubbles
* More balanced memory
thus no recomputation

1.16x - 2.01x speedup over
asynchronous approaches
(PipeDream-2BW, PipeDream)
 More balanced memory
thus no recomputation
e Gradient accumulation thus
low synch frequency

30
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Weak scaling

RN
o
o

PipeDream (D=4, §=[1 6, 32])
Bl PipeDream-2BW(D=4, B=4)
" GPipe(D=4, B=2, R)
B GEmMS(D=[4, 8], B=8)
" IDAPPLE(D=4, B=2)
B chimera(D=[4, 8], B=4)

~
(&)

* Similar conclusion holds for BERT
on the cluster with newer GPUs and
heterogeneous interconnected
networks.

Throughput (sequences/s)
N &)}
Ce'l o

o

2x8 = 16 GPUs 4x8 = 32 GPUs

Weak scaling for Bert-48 on a cluster with
32 V100 GPUs, sequence length is 512.
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Scale to large mini-batches

250-

Throughput (sequences/s)

o

N
o
(@)

N
(&)
o

RN
o
o

(&)
o

0

async using/stale weights

|
&

— )

o

PipeDream (B=48)
-*PipeDream-2BW (B=[16, 32], R)
-+ GPipe (B=[4, 8], R)

—— —R

--DAPPLE (B=[4, 8])

-=-Chimera (direct, B=8)

-»-Chimera (doubling, B=8, R)
Chimera (halving, B=4)

512 1024 2048 . 3072 4096
Mini-batch size (B)

Scale to large mini-batch size for Bert-48
on 32 GPU nodes of Piz Daint.

spcl.inf.ethz.ch
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Scale to large mini-batches

250- =PipeDream (8=128, R) “#DAPPLE(B=1,R) onl@Fm
--PipeDream-2BW (B=1, R) “*Chimera (direct, B=1, R) PO 2|3 2 6|7 3 0 6
-+ GPipe (B=1, R) -+-Chimera (doubling, B=1, R) P1 3 7! 2 0 3 1
200- *+GEMS (B=2) P2 2 3 6’ O 5 1 3 ese
P3|12|3| [6]7 0 1|2 | 4

RN
&)
o

—> p2p More space to overlap P2P
Chimera with forward doubling

RN
o
o

Throughput (sequences/s)

50 T—
0- ] [l [l [l [l o000
0 512 1024 . 1536 2048
Mini-batch size (B)
- . —>p2p
Scale to large mini-batch size for GPT-2 on PipeDream-2BW

512 GPU nodes of Piz Daint.
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1. Model size rapidly grows 3. Pipeline schedule of Chimera

ASPOL ETH.
Model size increasing rapidly Bidirectional Pipelines
— Tima model replicad
NVIDIA DEVELOPER #oue oicc Foruns 0 (Rl m ,
[ — P1 L] 0 model  model
oan P2 | 0| [1[fysh replicao rephicar
51500000~ | t73ining 2 GPT.3 model with 173 ilon pararmeters would (ke 36 ¥ears on iGHE Y100 e P3 j, [0f1 Il PO (Gr))
g oo seven months with 12 V100 GPUs o S e jown pipeline s
S pive
E More than e model replical P2
~ 1000000 8000X increase Po GBED 2 ; -E B3
@ =2l 0|
% | sems e 2
] 2 e
g ¢ " up pilfeline
& 500000~ H N772 =2 microbatches, where N= D=4 PP
& H D The rumber f el sogs (et DN from Blizard War3
& papere b N The number of micro-batches nan eration (58] [ Forward and backwar passes of repficad
s o F vt o e T e e model model
- ke £ e Memory consumpceon o the actstons orward and backoward passes of repl replicad replical flush
0- = 2 H e GageD) 1
2016 2017 2018 2019 2020 2021 - | [ e sreed P1 :al
imerar
ate priseins R = -
Note that o bockward pass fs about 2 times. ward)
= Convergence-friendly = _Less bubbles Y pt of forward)

MASPCL

4. Scalability and generalization 5. Performance modelling 6. Evaluation on supercomputer

- ETHz(rich

SR ETH ziirich

Gradient synchronization between model replicas

Performance Modelling Evaluation

ETMziirich = CSCS Piz Daint supercomputer
2 . . . ¢
Given a P, how to decide the best D (depth) and W (width)? * Each node contains a 12-core Intel Xeon E5-2690 CPU,
i and one NVIDIA Tesla P100 GPU
Scale to more micro-batches
€ the number of forward c-6 * Cray Aries interconnected network
ASPICL passes in critical path ! Rabenseifner's algorithm for allreduce: = Asmall cluster with 32 NVIDIA Tesla V100 GPUs
PO C,— the number of backward €, = 10 Commalireduce = 2(logzr)a +2(r = 1)pL/r = 4x8 GPUs connected by NVLink and Infiniband
i ineli itical path latenc sandwidth
P1 Generalize to more pipelines passesin critical pat one critial path vegion (a) fatency  bandwide
P2 PO 314[a[5[5[0 = Baselines include all schemes listed in Table 1:
P3 i i ”
madel replicad (down pipeiineo) P 31214[3[5]4[0[5[L 9 GPipe, GEMS, DAPPLE, PipeDream, PipeDream-28W
P2 3|@|4[2[5[3]0[4[1[5 on (B0 ... = All schemes are implemented in PyTorch with GLOO
P3 3[0]2 (5 [2[0[3 T[22 [=° 9[g]10) distributed backend for both P2P and allreduce Table 4. List of symbols
pa 3] [4[0l5 [Do[2(1[3{2[2] 5] __[5] i - —
7 = B @ (5]l 2 5| [0 |1 Table 3. Neural networks used for evaluation D heniimber of pipelinc stages (depih)
Single-Chimeraig reglon (b} W The number of replicated pipelines (width) for data
o ks - —— = i
g Reration® \reimig Trerationd Networks Layers Parameters  Mini-batch size paralllism
B Micro-batch size
The runtime of a single training iteration is Bert-48 48 669,790,012 >=256 B Mini-batch size (= B+ N « W)
T = (F, +Commyzp)Cp + (B + Commugzy)Cy + max{Commouertapped (1) 1 € [0.D = 1]} GPT-2 64 1389.327,360 >=512 R Activation recomputation is required
sinal
7ol 71 -

7. For the future work, we will study how Chimera works with sparse training and memory saving techniques.

For more questions: shigang.li@inf.ethz.ch



