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Tensor Slicing Model Parallelism
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Data Parallelism

* Partitions a training minibatch across

multiple devices
* Linearly scalable
e Slicing activation only

* Does not help with excessive model

size
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Large Models Require Large Memory

GPU VRAM Usage Estimation for training
* Training >> Inference ) different models

e Adam >> SGD
* Larger minibatch I
* More parameters

Question: How do we speed up B
training or simply enable training? .

ARGE (0.8B)
YA Kernels B Parameters Activations
Gradients B First Moments B Second Moments

M Output Tensor
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Megatron-LM 11

e Paper: https://arxiv.org/abs/1909.08053

* Repo:
https://github.com/NVIDIA/Megatron-LM

* NVIDIA’s framework, released in 2019, for
efficiently training large-scale language
models
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https://arxiv.org/abs/1909.08053
https://github.com/NVIDIA/Megatron-LM

Motivation

Computational Needs of NLP

# of # of .
A2 T g Model SR e # of GPUs  Training Time
Ai2 o @
. : : % ; et § T-NLG (MS + NV) 17.2B 300 K 400 60 days
i Megatron-GPT2 (NV) 8.3B 300 K 512 10 days
Megatron-BERT (NV) 3.98B 2M 512 25 days
RoBERTa (FB) 345M 4M 1024 1 day
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Motivation: Why Megatron?

Training larger transformer-based
language models became an important
way to advance SoTA NLP applications.

DGX

: SuperPOD
Unsupervised language models such as B

GPT-2, BERT, and XLNet demonstrate
the power of scaling language models
trained on a huge corpus.

Large |
Transformer |

|Unsupervised

Nvidia DGX boxes optimized for deep
learning provides a unique opportunity
for training very large models.
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Model Parallelism

Inter-layer (Pipeline) parallelism Q- B o
- Split sets of layers across multiple

devices X >

- Layer O, 1, 2 and layer 3, 4, 5 are on \

different devices e\ v AV

Intra-layer (Tensor) parallelism

_ Sp!it individual layers across multiple . ,///A\\o’/k\\ -
devices »,!7/}\\\3 “@\f\x W/e\\\: /,5\\‘ 7

-\\Vﬁ‘u A /z/, Sy \\\ ﬁ'e:‘}\
'\.’evw "“ “" "‘ 0% '5\" f»‘r/ Vov g
S '§ .;omv «043:‘« SRR /9'9 (XK
.//‘?‘ \\ l":; \‘:\\\ u’ '\\./‘/ Q\‘ "$~\\.

W, 'I' AN
é\‘ 7&‘%“’ .) I}

oS o\ PN //"li‘v \\
\\V%"\V/ \W \\V//

- Both devices compute different parts
of layerO, 1, 2,3,4,5
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Model Parallelism

Inter-layer (Pipeline) parallelism Q- B o
- Split sets of layers across multiple

devices X >

- Layer O, 1, 2 and layer 3, 4, 5 are on \

different devices NIRRT

Intra-layer (Tensor) parallelism
- Split individual layers across multiple

- //A\\Q//A\\ ~
devices Vc/!g\\‘g/«/e\;\‘ W/e\\\: /}k 7

-\\Vﬁ‘u A /z/, W «h 7, \\\ ﬁ'e:‘}\
'\.’evw "“ “" "‘ 0% '5\" f»‘r/ Vov g
S '§ .;omv «043:‘« SRR /9'9 (XK
.//A‘ v 'q;a \‘2\\\ ’ '\\.4/ &\\ l'§~\\.

AN e

oS o\ PN //"li‘v \\
\\V%"\V/ \W \\V//

of layerO, 1, 2,3,4,5

- Both devices compute different parts
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Complementary Types of Model Parallelism

COMPUTER SCIENCE
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Tensor Parallel: Parallel GeMM 1|

K N
. N

A
X = [X1, X2 A= [A;]

Y=Y1+Y
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Tensor Parallel: Parallel GeMM 1|

= [X1, Xo] A= [j;]

Y=V"+Y
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Tensor Parallel: Parallel GeMM 1|

e IIII
= [X1, Xo) A= [j;]

Y=Y1+Y
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Tensor Parallel: Parallel GeMM 1|

=l e

L .

DNEE  BEER

Al EEEE
= [X1, Xo] A= E;]

Y=Y1+Y
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Tensor Parallel: Parallel GeMM 1|
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= [X1, Xo] A= {jé]
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Tensor Parallel: Parallel GeMM 1|

= [X1, X2

Y=Y1+Y;
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Tensor Parallel: Parallel GeMM 1|

il
-
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Tensor Parallel: Parallel GeMM 1|

..-. .... Y, Y,

X A= [A;, A Y =[Y1,Y5]

Il
<
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Tensor Parallelism

Row Parallel Linear Layer

forward: Y= +Y>
(all-reduce)

0 f " backward: S = 5 (identity)
Y, Ys
i i A — Ay
X14, XoAz A2 -
l] i) _
Xl X2 X — [X]_? XZ]
I [
— e e
H U backward: [3X1= s

(all gather)
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Column Parallel Linear Layer

Y | Y
i forward: Y = [13,Y5] U
gy
backward: g—}{; (split) 1 f
Yl Yﬂ
- { i}
~ i i}
X X
I I

£ forward: X (identlty
backward: 9% = 9L |, + oL
(all-reduce)
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Tensor Parallelism

/ Normal \ / Parallel \\.
Operation: Yoxn = XanAan Operation: Ynx(n/p) = annAnx(n/p)
3
TSk £t Flops: zns/P
, 2
Bandwidth: 67 Bandwidth: 2n°(1 +2/p)
Int it : 1
T s ' \Untensity: &5, " |
\_ : 4 - 4

Ratio between serial and parallel

Flops: l/pl(é Bandwidth: 1+2/p ’l Intensity: i l

3 2+0p
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Approach and Goals i

e Tailored for transformer networks l.,.,""""‘l e | &

— Add

* Transformer layer e uE ]

* Self-attention block [1 o {

* Two-layer MLP | e |
: o

 Targets: __.._‘: e :
* Reduce synchronization cost ]

* Simple to implement with a few highly ST

optimized collectives NCCL provides [ —— |
—

Input Embeddings (tokens,
positions, .. ) & Dropout
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Tensor Parallelism: MLP

> MLP:
Y = GeLU(XA)
Z = Dropout(Y B)
» Approach 1: split X column-wise and A row-wise M
X = [X15X2] A= [A:l] ) ) — GGLU(XlAl —|—X2A2) [ ow ]
Az

Requires synchronization before Gel.U GeLU of sums != sum of GelLUs

» Approach 2: split A column-wise
A= [Al,Ag] — [Yl,Yg] == [GGLU(XA]_), G@LU(.XAQ)]

No synchronization necessary
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Tensor Parallelism: MLP

> MLP:
Y = GeLU(XA)
Z = Dropout(Y B)
» Approach 1: split X column-wise and A row-wise Shape(Y) = [B, S, 4H]! N [ oo
Al N
X = [X1,Xs] A= [ AJ m— ¥ = GeLU(X14; + X245) =i

Requires synchronization before Gel.U GeLU of sums != sum of GelLUs

» Approach 2: split A column-wise
A= [Al,Ag] — [Yl,Yg] == [GGLU(XA]_), G@LU(.XAQ)]

No synchronization necessary

®
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Tensor Parallelism: MLP

o . . . e . . . . o m ——— o . . . . o ————— sformer

y Y = GeLU(X A) Z = Dropout(Y B) N\
'I (7 ) \ MLP
i | |
: =X = X4, : N
i » o |
X => IV: MLP H->4H
i f il &
I = |
: | = | X = XA2 :
| e L i
| |
{ . }
L A =[A,, A)] y
f and g are conjugate, f is identity operator in the forward pass and all-reduce
in the backward pass while g is all-reduce in forward and identity in backward.
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Tensor Parallelism: Self-Attention

Scaled Dot-Product Attention Multi-Head Attention
|
t Linear
MatMul 1‘
Nonlinearity so | Concat AT H
no Row-Parallel |_SoftMax 'Yy .
Mask (opt.) Scaled Dot-Product IIZ h —F
Attention Aeinen
Scale 18 10 18 =
MatMul Linear _] Linear J Linear : Altenlioloropom
Q K V ‘
V K Q

Input
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Tensor Parallelism: Self-Attention

IIII IIII |
Ay A

X A= [Al,AQ] Y = [YI,YQ]

Attention heads can be parallelized with Column Parallel GEMMs (ex. Query
head 1 (Q,) and Query head 2 (Q,))

il
o

Q
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Tensor Parallelism: Self-Attention

IIII IIII |
Aq A

X A= [Al,AQ] Y = [YI,YQ]

Attention heads can be parallelized with Column Parallel GEMMs (ex. Query
head 1 (Q,) and Query head 2 (Q,))

il
o

Q

Question: What if we have more GPUs than the number
of heads?
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Tensor Parallelism: Self-Attention

Y = Self-Attention(X) R
4 X P o B
{ g - o N
| -~} A Z=DropoutvB)
) 1
, T I :
{ ) 1 — PR
: = X=[a ] |2 |9 ¥ 5 =
: ﬁmgmg =@ == | YaBi =14 = , yer Norr
| 1! :
| L =° S = i o |
. = & ¥ C |
X = I gl—z|—|Z| | "
t —  — 1 2 | Attention
i =[] @ 9 } ;
E ®E> g @'8 E>®E> Y :F?,l Y2Bs =25 — |
: = x|=[@ ] [B] & H - U | X —
! e — & i Self Attention &
; 11 1 Attention Dropout
- B - -2 ;
| 1 \\ 2
:‘ Q = [Q1,Q2] | - 2 _____________ 4
\_ split attention heads — ¢ K = [K, K| Y

3 V =W, V5] 4

-

f and g are conjugate, f is identity operator in the forward pass and all-reduce
in the backward pass while g is all-reduce in forward and identity in backward.
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Tensor Parallelism: Communication Cost

e 4 total communication operations in 1 forward + backward pass

ALL_REDUCE at backward ALL_REDUCE at backward
ALL_REDUCE at forward ALL_REDUCE at forward
Y = Self-Attention(X) l 7 P
@ e[ V] Z = Dropout(Y B) O y=Geluxa) [ Z = Dropout(YB) ,
x| mam & - 1 m o] PN B (] |
@ § ,Sg? Yi|<=| viB, iz — | =X ‘—’lxnﬁl';q g‘j]—"yx "lyxBxld :
. K| L~ » > Q : =23 ': e | g :
- / 9 § Z| = f + gl= =2 !
B (B8l @l 1 Bm ) o] W ) : :
x| e g g J v‘ 2873 o) '_ : _)A-QXZAZ.._)E TT)YIQYZBZC:" "
| Vs | : B ] : 1 _ |5 !
— ’ 3 = A=[A,A X B=
(t) (Q)‘ '(‘)4.. ‘ 1 [132‘ [ 1 2] d : T _.Bf _____
) split attention heads <+ { K PEPAR
V=WV
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Experiments 11

* 32 DGX-2H servers * GPT-2 & BERT Models
* 512 V100 SXM3 32GB GPUs * TP (+ DP)
* Intra-server connection * Mixture of datasets

* 300 GB/s NVSwitch

* Inter-server connection
* 100 GB/s InfiniBand (8 per server)
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Experiments: Scalability

* GPT-2: 1B-8B
. ] Hidden | Attention | Number Number of Model parallel |  Model+data
 Hidden size: 1536-3072 CoME| Gize | heads | oflayers | parameters (billions) | GPUs | paralel GPUs
1 1536 16 40 12 1 64
* Parameters/GPU: ~1.B 2 | oo | 2 4 25 2 128
3 2304 24 64 42 4 256
4 3072 32 72 83 8 512
* Weak scaling@512 GPUs: 74%
model parallel model + data parallel
100% 100%
75% 75%
g g
S 50% S 50%
g 25% g 25%
0% 0%
64 128 256 512
Number of GPUs Number of GPUs

Baseline (1.2B parameters on a single GPU) achieves 39 TeraFLOPs per -
COMPUTER SCIENCE second, i.e. 30% of the theoretical peak during the entire training process GRAINGER ENGINEERING



Experiments: GPT-2

= Training data: 174 GB WebText/CC-

Stories/Wikipedia/RealNews

» 3 model sizes: 355 million, 2.5 billion, and 8.3 billion

» ZLero-shot evaluation results for Wikitext-103 perplexity and

Lambada cloze accuracy

Model Size Wikitext-103 Lambada
(Perplexity |) (Accuracy 1)
355 M 19.22 46.26
2.5B 12.68 61.52
8.3B 10.81 66.51
Previous SOTA 16.43* 63.24*

COMPUTER SCIENCE

LM Perplexity

Validation Set Perplexity

24

- 355M - 258 - 83B
22
20

18

16
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Iterations (thousands)
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Experiments: Megatron-BERT

output

. o : ft

* Scaling BERT to larger sizes is also possible @
MLP
* Reordering residual connections to stabilize training

 Megatron-BERT 3.9B, 12x larger than BERT-Large, over 2 )
million iterations @ batch size 1024

COMPUTER SCIENCE

Languags modal loss

0

N

= TEZM using architecture (b)
= TEZM using architecture (a)
336M using architecture (a)

i i

100 200 300
lterations (210007

400 SO0

33
GRAINGER ENGINEERING



Experiments: SQUAD & RACE

RoBERTa
ALBERT
XLNet
Megatron-334M
Megatron-1.3B

Megatron-3.98

COMPUTER SCIENCE

Median single model downstream results on DevT and Test sets.
State of the art results are bolded.
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Questions?
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