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The golden age of large language models
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« FLOPS, FLOPs 20{ 42|

 FLOPS (FLoating point Operations Per Second)

C 12T AOH B BE AL HMS X2IT 4 USTP

ls—- T o© =

« Hardwarel| 8= A|H

 FLOPS (FLoating point OPerations)

~~

= A S| A
. HE AL GlM0| 514
o =

. DEo| =AML QIS 2
Model Top-1 Accuracy GFLOPs Year
AlexNet [Krizhevsky et al., 2012] 56.52 1.42 2012
ZFNet [Zeiler and Fergus, 2013] 60.21 2.34 2013
GoogleLeNet [Szegedy et al., 2014] 69.77 3.00 2014
MobileNet [Howard et al., 2017] 70.6 1.14 2017
MobileNetV2 1.4 [Sandler et al., 2019] 74.7 1.18 2018
EfficientNet-B1 [Tan and Le, 2020] 79.1 1.40 2019
NoisyStudent-B1 [Xie et al., 2020] 81.5 1.40 2019

A100 A100 A100 A100
4O0GBPCle @ 80GBPCle | 40GBSXM @ 80GBSXM
FP64 9.7 TFLOPS
FP64 Tensor 19.5 TFLOPS
Core
FP32 19.5 TFLOPS
Tensor Float 156 TFLOPS | 312 TFLOPS*
32 (TF32)
BFLOAT16 312 TFLOPS | 624 TFLOPS*
Tensor Core
FP16 Tensor 312 TFLOPS | 624 TFLOPS*
Core
INT8 Tensor 624 TOPS | 1248 TOPS*
Core
GPU Memory 40GB 80GB 40GB 80GB
HBM2 HBM2e HBM2 HBM2e
GPUMemory  1,555GB/s | 1,935GB/s | 1,555GB/s | 2,039GB/s
Bandwidth
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* lteration & FLOPs

B : Batch size h : hidden size

96BSlh2(1+ ) + 4 ) s : sequence length  V :vocabulary size
6h 16lh [ : transformer layer

96 + 1024 + 2048 + 96+ 122887 ( 1+ —— 4+ —=22 ) =3 00e+18= 3 ExaFLOPs

« 10 OF lteration= &h45 SiCHH
100000 * 3 ExaFLOPS = 300 ZettaFLOPs

* NVIDIA A100 GPU(312 TFLOPS, FP16) “1” 7§ 2 st&5= oiCHH
5

5]
=1
300 ZettaFLOPs / 312 TeraFLOPS = 11,156 days = 30.

1) Deepak Narayanan et al., Efficient Large-Scale Language Model Training on GPU Clusters Using Megatron-LM OPEN
2) https://www.nvidia.com/en-us/data-center/a100/ %?é?e[l‘i[e
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* End-to-end training time

©

T : Tokens
8TP P : Model Parameters
n—X n : GPUs
X : Achieved teraflop/s per GPU

~y
~y

- 175B 2! 3k& A|ZH (300B Tokens, A100 10407H)

300 * 10? %175 * 10°

8 * ~ 34 days

1040 * 140 * 1012

« 7.5B 28l st= A|ZF (300B Tokens, A100 2567

. 300 *10% * 7.5 x 10°
256 * 142 * 1012

~6 days

)

DT Attention | Hidden | Number | Tensor model- |Pipeline model- | Number | Batch aciicted Percenta_ge olf || A
PEEEES heads size | of layers | parallel size parallel size | of GPUs size terafl0R/s theoretical aggregate
(billion) per GPU peak FLOP/s | petaFLOP/s
17 24 2304 24 1 1 32 512 137 44% 4.4
3.6 32 3072 30 2 1 64 512 138 44% 8.8
7.5 32 4096 36 4 1 128 512 142 46% 18.2
18.4 48 6144 40 8 1 256 1024 135 43% 34.6
39.1 64 8192 48 8 2 512 1536 138 44% 70.8
76.1 80 10240 60 8 4 1024 1792 140 45% 143.8
145.6 96 12288 80 8 8 1536 2304 148 47% 227.1
310.1 128 16384 96 8 16 1920 2160 155 50% 297.4
529.6 128 20480 105 8 35 2520 2520 163 52% 410.2
1008.0 160 25600 128 8 64 3072 3072 163 52% 502.0
ik
Project

1) Deepak Narayanan et al., Efficient Large-Scale Language Model Training on GPU Clusters Using Megatron-LM
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* End-to-end training time

©

T : Tokens
8TP P : Model Parameters

- 175B 2! 3k& A|ZH (300B Tokens, A100 10407H)

300 * 10? %175 * 10°

8 ~ 34 days

1040 * 140 * 1012

« 7.5B 28l st= A|ZF (300B Tokens, A100 2567

. 300 *10% * 7.5 x 10°
256 * 142 * 1012

~6 days

)

Achieved | Percentage of

Do ttention | [icent| INUmbarl [ Tensor modeml| Pineline mode INtmberl | REaten : Achieved
parameters. | AL S0l | e | ftayers | paralllsize | paralelsie. | of GPUs | se § \eeFIOP/s || theoretl ; | sggregste
17 24 2304 24 1 1 32 512 137 44% - 4.4
3.6 32 3072 30 2 1 64 512 138 44% : 8.8
7.5 32 4096 36 4 1 128 512 142 46% : 18.2
18.4 48 6144 40 8 il 256 1024 135 43% : 34.6
39.1 64 8192 48 8 2 512 1536 138 44% : 70.8
76.1 80 10240 60 8 4 1024 1792 140 45% - 143.8
145.6 96 12288 80 8 8 1536 2304 148 47% - 2271
310.1 128 16384 96 8 16 1920 2160 155 50% : 297.4
529.6 128 20480 105 8 35 2520 2520 163 52% : 410.2
1008.0 160 25600 128 8 64 3072 3072 163 52% H 502.0
oPEN
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1) Deepak Narayanan et al., Efficient Large-Scale Language Model Training on GPU Clusters Using Megatron-LM



Supercomputer TITAN

TITAN 1st TITAN 2nd
« 85t Top500 « 47t Top500

2019 2020 2021 2022

1 1 . * Azure CycleCloud
SKT ML Platform HPC Cloud Services . aws parallelCluster

¢ OCI HPC Cluster

£ GPU Compute Nodes : 130

=) NVIDIA A100 80G : 1,040

~+ InfiniBand HDR Switchs : 68
1. InfiniBand Cables : 1,577

47%], TOP500 - JUNE 2023

47 Titan - Apollo 6500, AMD EPYC 7763 64C 2.45GHz, NVIDIA 128,960 164.24 16.39 @
A100 SXM4 80 GB, Mellanox HDR Infiniband, HPE
SK Telecom

South Korea : \‘\‘\ soo

The List.

OPEN
Compute

1) https://www.top500.0rg/lists/top500/list/2023/06/ Project®



Introduction to distributed training




Deep Neural Network st&

* DNN a5 CHA|
* Forward propagation
* Loss
* Backpropagation
« Update weight
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Data Parallelism

- jojE] FZ=} 7|E2| o5 HA
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Data Parallelism
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Data Parallelism

Dataset

1R PPN

GPU 1 GPU 2 GPU 4

GPUO

All Reduce
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Data Parallelism

- C|oJE] W3t 7|'ge| sh THA
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GPU 4

GPU 1

Dataset
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Model Parallelism

* GPT-3 175B b5 A| 22| 2412 2.8TB
« Parameters : 700GB (175B * 4Bytes)
« Gradient : 700GB
* Optimizer : 1400GB

GPT-3175B
2,800GB

A100
80G

LLLLLLL



Model Parallelism

* Intra-layer model parallelism
» ZEO| Tensorg 27H= YA
* Tensor parallel

* Inter-layer model parallelism
- 29| layerg 7|22 2= Y
« 2242 7l|/MSt Pipeline parallelO] &

Transformer layer #1

HtHdo = M

Transformer layer #2

 — A
\ Pipeline MP part|t|on #1 / K

/.f . - .T—e—n'sa' MP partitlon #1 1\ /f = N .Tzn'so—r M_P bartitsor{ ;1 '

Tensor MP partition #2 #2l

Pipeline MP partition #2

Megatron-LM model parallel

Intra-layer model parallelism

GPUO

GPU1

A 4

GPUO

A 4

GPU1




3D Parallelism

- 37| B33t 7= SA0| HE
 Tensor parallel
* Pipeline parallel
 Data parallel

Tensor parallel : 4
Pipeline parallel : 4
Data parallel : 2

o

10 11 12 13

14 15 16 17 18 19

N

Transformer layers



3D Parallelism

- B3 7|82 SAlof| A&

« Tensor parallel
* Pipeline parallel
* Data parallel

Tensor parallel : 4
Pipeline parallel : 4
Data parallel : 2

)

Transformer layers

TPO
TP1

TP2
TP3



3D Parallelism

- HE3 VS S0 48
 Tensor parallel
* Pipeline parallel
 Data parallel

Pipeline stage 0

TPO

Tensor parallel : 4 1

Pipeline parallel : 4 _ &1

Data parallel : 2 300 0 O O

TP3

TPO

TP1

TP2

TP3

Pipeline stage 1

TPO

TP1

TP2

TP3

Pipeline stage 2

TPO

TP1

TP2

TP3

Pipeline stage 3




3D Parallelism

- HE3 VS S0 48
 Tensor parallel
* Pipeline parallel
 Data parallel

Pipeline stage O Pipeline stage 1 Pipeline stage 2 Pipeline stage 3

TPO _E TPO T T i PO T T _3|§| o T T T T _@
Tensor paraIIeI 4 e _giﬁ; TP1 T {1 TTTTTT _|§| e T T T T _|§|
Pipeline parallel : 4 ™2 ;:lEl T T T iz | TP2 T _EI w2 T T T T _tEl
Data parallel : 2 SR e e N
TP3 m): T3 m: TP3 ;El; TP3 {[m):




3D Parallelism

- B3 7|82 SAlof| A&

« Tensor parallel
Pipeline parallel
D a ta p a ra | | e | Pipeline stage 0 Pipeline stage 1 Pipeline stage 2 Pipeline stage 3

TPO] E' TPO] i PO =)
P4 it TP S ™ =E|

{ij: P2 if): EI

Tensor parallel 24 0o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19'""":
Pipeline parallel : 4 -

D ata p dara | |e| . 2 Batch Pipeline stage 0 Pipeline stage 1 Pipeline stage 2 Pipeline stage 3

e ——— R T — —ooe el R —

Dataset PO o g POl m PO im:
(=]

TP o TP1’; ,E| TP1§ i)
™ B @ e T e
1]

OO0 0D ~QOO 0 e W«Illllﬂ vl I"l"‘li ......

0o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

ST S S g i g ST gy S po--q--fes=ot--posod---poood--ood f== s g |
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3D Parallelism

* Tensor Parallel 4|
e All-reduce EAI
- EMZFO| Ok2

* Pipeline Parallel 4!

« Point to Point £AI
« SMEO| HCjHCZ A

Batch

Batch

Dataset

Pipeline stage 0

Pipeline stage 1

Pipeline stage 2

Pipeline stage 3

e T T T _EI eof 1 T T 17 i ol T T T T _E el T T T T
TP1E;_____JU TE1__—_ o w;_____;@; T T
[ T] _ ‘T"”"” T iﬁémpﬁi_ T EP P[]
AT e A OO0 A0 O e A0 0T
6 7 8 0 11 12 13 14 15 16 17
Al Reduce Al Reduce Al Reduce All Reduce
Pipeline stage 0 Pipeline stage 1 Pipeline stage 2 Pipeline stage 3
e T T T _El TPOE_ T i eof T T 1T _ﬁ el T T T T
TPTE_____’U TF1__—_ O TT_____iE T1—___
i L[] i?w“ L [[PteP] “gPwp @
L e AT o HOOOO e H T e
uuuuu 0 0 ) 0 T i 500 0
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3D Parallelism

* Tensor Parallel S4!
* Intra communication©i HiX|

* Pipeline Parallel 4!

* Intra, Inter communication

Of| B =]

Transformer layer #1

ST—
- 1
|
>

" — T L e w— —

Pipeline MP partition #1

_._._._.-.,\

Tensor MP partition #1 )

Transformer layer #2

T ———————

Tensor MP partmon #1

' Pto

T

Tensor MP partition #2!

o

ipT... Parallel

Flie
Switch

| GPU GPU

NV Switch

— Intra, Inter

Tensor MP parttion #2!

NS i B )

\_ Pipeline MP partition #2 )

CPU 2
& < 2
Switch = Swlt h Swltch z

T° T T

GPU

Intr G$9'|r Gpv,nl cation

| | |

NV Switch H OPER
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Hardware Stack




H/W Stack - &2
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* Intra-system communication
* Inter-system communication

o AIAE‘IIOI ;(.IEI _._EQI-

z| 45}

2ENO
« GPU/CPU d&
* Main Memory
* System Storage

- Gj|oje] HE2f z[As}

kl zl -I§_|.

« Storage Media(NVMe, SAS)

- O} 1/0 2| A3t
- AEZ|Z| HEYF

0l B2 QI A|AE

=2 o2

CPU CPU
| PCl l__|§| | PCle | PCle I__I%I | PCle
Switch [ |Z| | Switch Z| | switch Switch =
I | I I
I | I I I I I
GPU GPU GPU GPU GPU GPU GPU GPU
EI—— CPU CPU —EI EI—— CPU CPU —E|
EH EH EH EEH = E B E
sssss itch witch Switch = Switch Switch
I [
| I I I I I I I | I | I I I I I
GPU GPU GPU GPU GPU GPU GPU GPU | GPU GPU GPU GPU GPU GPU GPU GPU




H/W Stack - §41 2|43}

* Intra communication
 NVLink vs PCle

Feature PCle NVLink
Bandwidth/Latency Up to 64 GB/s (PCle 4.0x16)/High Up to 900 GB/s (NVLink 4.0)/Low
Compatibility Universally compatible specialized GPU, InfiniBand
Cost Low Very High
g CPU CPU —EI
PCle 3.0 16GB/s Pascal, Volta
| [
l | | | PCle 4.0 64GB/s Volta, Ampere
PCle PCle PCle PCle
Switch —‘EI Switch —EI Switch —I% Switch —@
T T T T _ NVLink 1.0 160GB/s Pascal
' : ' 1 : ! ' . NVLink 2.0 300GB/s Volta
GPU || Gpu || GPu || GPU || GPU || GPU | | GPU || GPU
NVLink 3.0 600GB/s Ampere
NV Switch NVLink 4.0 900GB/s Hopper

OPEN
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* Inter communication
* InfiniBand vs Ethernet

Ethernet InfiniBand
Bandwidth / Latency Up to 100Gbps / High(ms) Up to 400Gb / Low(ns)
Protocol TCP/IP RDMA
Compatibility Universally compatible specialized high-performance computing
Cost Low Very High

NIC
NIC

E'— cPu cPU —|§| Ethernet‘ cPU cPU
PCle pCle o r = PCle PCle PCle PCle
Switch Switch switch [~ |2 Suitch Suitch S

NIC

NIC

Ethernet 10GbE 10Gbps G Switch

| [ [ InfiniBand [ [
Ethernet 25GbE 25Gbps - | I | | | | ’_I_I | I I I

NIC

Ethernet 25GbE 50Gbps 6ru || epu || epu || epu || epu || epu || GPu || GPU GPU || GPU || GPU || GPU || GPU || GPU | [ GPU || GPU

Ethernet 100GbE  100Gbps

NV Switch NV Switch

InfiniBand EDR
InfiniBand HDR
InfiniBand NDR
Omni-Path 100Gb

100Gbps
200Gbps
400Gbps
100Gbps

OPEN
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* Inter communication
« HIH9| InfiniBand QIE{T|O| AT}

L Q 5p?

=2H-=

1 HCA 200Gb

PCle PCle PCle PCle
Switch Switch Switch Switch

—

GPU GPU GPU GPU GPU GPU GPU

NV Switch

2 HCA 400Gb

E'— CPU CPU —E|

PCle PCle PCle PCle
Switch Switch Switch Switch

s I s BN s B

2
z

GPU GPU GPU GPU GPU GPU GPU GPU

4 HCAs 800Gb

NV Switch

e =] PCle PCle o PCle
Switch < Switch Switch z Switch

GPU GPU GPU GPU GPU GPU GPU

NV Switch

8 HCAs 1.6Tb

I_NTLI

CPU CPU —E|
I_J—l |_l_l
=2E S S B
e RO s B s B e

GPU GPU GPU GPU GPU GPU GPU GPU

NV Switch
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* Inter communication
« 27h2] InfiniBand QUE{H|O| AV} HR7}?
e« 178 271 - Latency =7} 1 HCA 200Gb 2 HCA 400Gb
« 47Y, 874 - Traffic isolation? . oroe p "oy [Heeny, ey

- H|E 254 S0et7r 2 B = = e Lo =he [ :';?‘;-I]v[l
. o
1

GPU (| GPU || GPU || GPU | | GPU | | GPU | | GPU || GPU GPU (| GPU || GPU || GPU || GPU | | GPU || GPU || GPU
NV Switch NV Switch
4 HCAs 800Gb 8 HCAs 1.6Tb

EI_ CPU CcPU —@ EI— CPU CPU —E|

Pge PCle _@ PCle % PCle _@ RO m g NIC PCle NIC PCle m%, PCle NIC
Stvitch Switch Switch z Switch ‘ Switch NIC Switch NIC Switch NIC Switch NIC
; l [ l g l | |
I | | l | l : l | I |
GPU GPU GPU GPU GPU GPU GPU GPU GPU GPU GPU GPU GPU GPU GPU GPU
NV Switch NV Switch




7= A2t 27|0f Tef 2irs E2tE = US

End-to-end training for 175B model

175B 8 NICs 4 NICs 2 NICs 1 NIC
Iteration time (ms) 32209 32492 37105 50368
(vs Baseline) 1.00 1.01 1.15 1.56

Percentage of the time cost of each part in single iteration

m Data parallelism I Tensor parallelism Pipeline parallelism Computation

nNICs=1 _ 3446.61 7149.96 28234.65
nNICs=2 - 3446.61 2334.38 28234.65

nNICs 4»21‘0 3446.61 361.77 28234.65

nNICs=825 || 51 28234.65

10 20 30¢ 40% 50% 60% 70% 80

Hongbin, Petrick, Dive Deep into the Performance Model of GPT-3 Training on Megatron-LM GTC 2022
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* Network 7Hd z|As
« GPUZI &A1} Storage E410| 24 BHZ| ot 2 23|

» L= 22|, Resource A|0], ZLIE{Z S Ethernet2 S5

| x4 NVMe (4) 1 | I Smart Array I
el |
1111 1111
- IEEE Interconnec 1 EEEP "
-llll— _]lll—
e : g !
Switch 1 Switch 2 Switch 3 Switch 4 Switch 5
800Gb D’\-i D’\_i| ol (o3| o] 2006b
| oy R vy oy WO wpor oS [ mparpr Storage 1B Network
T P b HE L e
35| E e (It ] —
Data IB Network  |£: || 2 d K [+ 133 §
e e e e ——————— = o -
T‘T_‘ E —H i T I Ethernet/Network
T, 100Gb

LLLL 111l 111l [ | LLELEE 111l E 111l

— - . - I — — — - - — — —
- _ — — — — — — — — — — — —

LI KRB LA | BAR] A LA LI LA

N0

IREE}

NVSwitch |
NVIDIA HGX A100 8GPU
Legend:
e x16Gen 4 == x8 Gen & w600 GB/s NVLink




H/W Stack - 4l 2| &3}

* InfiniBand Fabric Network
* Leaf-Spine #+£2| 200G HDR InfiniBand Fabric Network
« Over-Subscription H|& 1:12 25t Non-blocking #+/4

EGPU |E”:—:| ..... |E| |E”E||E| |:—:||E||E| LT T U

Spine

STORAGE
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H/W Stack - A]AEH 2| 2435} |

* HPC A== 0] 22t & S4l &5 Sth=
+ HPCO|l 2 Al2g £ & Sato|Hiet 2to|22i2] S8k HS

« Collective Communication 2| & s}

System A
 CPUAMD EPYC /763 64core * 2

IxANVMe(L)lII'EArray | ° Memory ZTB
 Internal Storage : NVMe 35TB
= - - System Tuning
« HPC Env Optimization (BIOS, Firmware)
Gl [o3 <4 I boe4 I PO <& *  NUMA Tuning
Ll L | L1 (AT « Storage Caching (Dataset, Container images)
} « GPU % Connectivity
ik ik lk ul [k 2LE |z « NVIDIA A100 80G / NVLINK 3.0 / InfiniBand
« Driver 2 library 22td S
Jihy rihy by gpli i i, i, o, - OFED, MLNX_OFED, OpenMPI, SHARP, HCOLL, UCX,
]II: :II::Il::lI::II::TI::IT::II: nVidia'driver, CUDA, NCCL
e * Collective Communication Tuning
" * GPU Direct RDMA
NVIDIA HGX A100 8GPU ° NCCL /SI% —il-—lzﬁ-lil-

« NCCL_ALGO (Ring, Tree, Collnet) OPEN
e e » NCCL_MIN_NCHANNELS, etc. o
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« L2 SA| 1/0 Of| LS
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e - HIAN/OZ Sofl Al H7|/2A7[2 2, TFY A|AE
2| s34 et
« L C A0 OE 2| 80| dAH 2 STt
s s ° Tiering #£

O Active Standby °

N '

OST | MDT *

L .

NVMe : High IOPS, TB&
SAS : High Throughput and High capacity, PB&

InfiniBand 2E2|Z| YEQA

InfiniBand HDR 200Gb ¥=
GPU Direct StorageS &off Storage2t GPU
=227t 2AHHQ 4O 2= 2| &
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S/W Stack - 22 12{ A}

LLM Training Software Stack
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S/W Stack - Job 2AH|=

* Why Slurm?
» ds BRYHPO)S BE A=Y

Backfile 2#|Z2&l 1}

=2 o,

e Batch 27
« UM &

Gang &7
2| 2|4 2! accounting
« Container Orchestration2} ML WorkflowO|| Cigt |

=2
=g,

Megatron-LM

Deepspeed

[Transformers

Pytorch

Tensorflow

JAX

Env

pyenv

virtualenv

conda

Env

Module

Environment

Container

Enroot, Singularity

=l al
o

= (@]

2t C}okst

Comm

OpenMPI

NCCL

Scheduler | | Collective | | Software Python Frameworkl LLM lib

Slurm

0s

RHEL

Ol O HXx<
- st
'.EI — T
atcountin
DB
A
CPU node GPU node
CPU node Mﬂﬂma GPU node
CPU node Master|nade GPU node
GPU node
1 slurmctld [
—
Login node | A
Login node ] LDAP
sinfo, squeue
sbatch, scontrol
Lustre

250
2=
= m

3



S/W Stack - Software 4!

* Environment Module
« CI¥SH 0{E2|A|0| M} 20| E2{2| B 9| 22

. PAZOR £TEQ 0| Mo LR HZRSL

oL
fob
ox
ﬂ
N
Jol

'module load/unload' ¥ E5|

=
— o
. UBE ATEY0] B RAUIZ U3 ZY T

2

g Megatron-LM| | Deepspeed | [Transformers| S module load CUDA/11'4'1

= S nvcc --version

¥ Cuda compilation tools, release 11.4, V11.4.120
Pytorch || Tensorfl JAX

5 yrore ensortiow S module load Python/3.8.6-GCCcore-10.2.0

- S python --version

s

§' E pyenv virtualenv conda Python 3.86

g 2 Environment Container: S module purge

‘g w Module Enroot, Singularity

gl o $ module load CUDA/11.7.0

% 8 P S nvcc --version

— Cuda compilation tools, release 11.7, V11.7.64

g

E Slurm S module load Python/3.9.6-GCCcore-11.2.0

= S python --version

@ RHEL Python 3.9.6




S/W Stack -

* Enroot, Singularity
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