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ZeRO-Style Data Parallelism (Fully-Sharded Data Parallelism)
* Motivation

e ZeRO capability overview

* Understanding Memory Consumption

e 7eRO-DP: ZeRO powered data parallelism

Learning Objectives:
* Understand more deeply the memory bottlenecks of DDP training
* Explain how ZeRO progressively removes memory redundancy
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State-of-art and its limitations

Max Parameter Max Parallelism Compute Usability
(in billions) Efficiency (Model Rewrite)

Data Parallel (DP) >1000 Very Good Great

*Mixed precision Adam on Cluster of DGX-2 with NVIDIA 32 GB V100 GPUs
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State-of-art and its limitations

Max Parameter Max Parallelism Compute Usability
(in billions) Efficiency (Model Rewrite)
Data Parallel (DP) >1000 Very Good Great
Model Parallel (MP) Approx. 20 Good Needs Model Rewrite

Democratization of large model training requires easy to use solutions that can support large model
sizes and parallelism degree while remaining highly efficient

*Mixed precision Adam on Cluster of DGX-2 with NVIDIA 32 GB V100 GPUs
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State-of-art and its limitations

Compute Usability
Efficiency (Model Rewrite)

Max Parameter
(in billions)

Max Parallelism

Data Parallel (DP)

Model Parallel (MP) Needs Model Rewrite

MP + DP Needs Model Rewrite

Pipeline Parallel (PP) Approx. 100 Needs Model Rewrite

Democratization of large model training requires easy to use solutions that can support large model
sizes and parallelism degree while remaining highly efficient

*Mixed precision Adam on Cluster of DGX-2 with NVIDIA 32 GB V100 GPUs



State-of-art and its limitations

Democratization of large model training requires easy to use solutions that can support large model sizes and
parallelism degree while remaining highly efficient

Max Parameter
(in billions)

Compute Usability
Efficiency (Model Rewrite)

Max Parallelism

Data Parallel (DP)

Model Parallel (MP) Needs Model Rewrite

MP + DP Needs Model Rewrite

Pipeline Parallel (PP) Approx. 100 Needs Model Rewrite

Needs Model Rewrite

PP + DP Approx. 100

*Mixed precision Adam on Cluster of DGX-2 with NVIDIA 32 GB V100 GPUs



State-of-art and its limitations

Democratization of large model training requires easy to use solutions that can support large model sizes and
parallelism degree while remaining highly efficient

Max Parameter
(in billions)

Compute Usability
Efficiency (Model Rewrite)

Max Parallelism

Data Parallel (DP)

Needs Model Rewrite

Model Parallel (MP)

Needs Model Rewrite

MP + DP Good
Pipeline Parallel (PP) Approx. 100 Needs Model Rewrite
PP + DP Approx. 100 Needs Model Rewrite
MP + PP + DP

*Mixed precision Adam on Cluster of DGX-2 with NVIDIA 32 GB V100 GPUs



Motivation

Democratization of large model training requires easy to use solutions that can support large model sizes and
parallelism degree while remaining highly efficient

Compute Usability
Efficiency (Model Rewrite)

Max Parameter
(in billions)

Max Parallelism

Data Parallel (DP)

Model Parallel (MP) Good Needs Model Rewrite

Needs Model Rewrite

MP + DP Good
Pipeline Parallel (PP) Approx. 100 Needs Model Rewrite
PP + DP Approx. 100 Needs Model Rewrite

MP + PP + DP




Motivation

* 7eRO capability overview

Understanding Memory Consumption

ZeR0O-DP: ZeRO powered data parallelism

Evaluation



Distributed Data Parallel Training Overview

Mini-Batch

Forward

Propagation Apply Updates

Updates

Compute

Backward Average Optimizer
Propagation Gradients Specific
Updates

Data Parallel Training Loop

Distributed GPU Cluster




Understanding Memory Consumption

Transformelt stacl Transformelr stack
BF 1 - 1 Rl U | | O w w = L U
GPU, GPU,
A 16-layer transformer model =1 layer

*Mixed Precision Training (ICLR ‘18) with Adam Optimizer 14



https://arxiv.org/pdf/1710.03740.pdf

Understanding Memory Consumption

Transformelf stack Transformelf stack

BET - | W ) ) | o BN = W e e

Each cell " represents GPU memory used by its corresponding transformer layer

*Mixed Precision Training (ICLR ‘18) with Adam Optimizer 15



https://arxiv.org/pdf/1710.03740.pdf

Understanding Memory Consumption

Transformelf stack I Transformelf stack
B F- 1 - 1 Rl U | | | O L U
I EEEeEeneen FP16 Parameters EEEEEEEEEEEEEEEEEEEEEEEEEeeennmn FP16 Parameters
GPU, GPU,

* FP16 parameter

*Mixed Precision Training (ICLR ‘18) with Adam Optimizer 16



https://arxiv.org/pdf/1710.03740.pdf

Understanding Memory Consumption

Transformelf stack Transformelf stack

BE] - 1 gl U o | Il = | e e e

FP16 Parameters FP16 Parameters
FP16 Gradient FP16 Gradient

* FP16 parameter
* FP16 Gradients

*Mixed Precision Training (ICLR ‘18) with Adam Optimizer 17



https://arxiv.org/pdf/1710.03740.pdf

Understanding Memory Consumption

Data,

[Transformelr stackl

E 3

Data,

FP16 Parameters
FP16 Gradient

FP32 Gradient

GPU0 FP32 Variance
FP32 Momentum
FP32 Parameters

* FP16 parameter
 FP16 Gradients
* FP32 Optimizer States
 @Gradients, Variance, Momentum, Parameters

[Transformelr stack|

GPU,

*Mixed Precision Training (ICLR “18) with Adam Optimizer

FP16 Parameters
FP16 Gradient

FP32 Gradient
FP32 Variance
FP32 Momentum
FP32 Parameters

18


https://arxiv.org/pdf/1710.03740.pdf

Understanding Memory Consumption

[Transformelr stackl [Transformelr stack|

Data, ‘ Data, ‘
FP16 Parameters FP16 Parameters
FP16 Gradient FP16 Gradient
FP32 Gradient FP32 Gradient
GPUO FP32 Variance G PU1 FP32 Variance
FP32 Momentum FP32 Momentum
FP32 Parameters FP32 Parameters

* FP16 parameter : 2M bytes
 FP16 Gradients : 2M bytes
 FP32 Optimizer States : 16M bytes
 @Gradients, Variance, Momentum, Parameters

M = number of parameters in the model

*Mixed Precision Training (ICLR ‘18) with Adam Optimizer 19



https://arxiv.org/pdf/1710.03740.pdf

Understanding Memory Consumption

Transformelf stack Transformelf stack

-1 - Rl U | | | A L U | A
FP16 Parameters FP16 Parameters
FP16 Gradient FP16 Gradient
FP32 Gradient FP32 Gradient
GP UO FP32 Variance GPU 7 FP32 Variance
FP32 Momentum FP32 Momentum
FP32 Parameters FP32 Parameters
* FP16 parameter : 2M bytes Example 1B parameter model -> 20GB/GPU
 FP16 Gradients : 2M bytes
* FP32 Optimizer States : 16M bytes Memory consumption doesn’t include:

« Gradients, Variance, Momentum, Parameters * Input batch + activations

M = number of parameters in the model

*Mixed Precision Training (ICLR ‘18) with Adam Optimizer 20



https://arxiv.org/pdf/1710.03740.pdf

Understanding Memory Consumption

Transformel stack I eenemmm = | L1 Transforimelr stack| |[ || |[ |
-1 - Rl U | | | Data,

FP16 Parameters FP16 Parameters
FP16 Gradient FP16 Gradient
FP32 Gradient FP32 Gradient

GP UO FP32 Variance GPU 7 FP32 Variance
FP32 Momentum FP32 Momentum
FP32 Parameters FP32 Parameters

* FP16 parameter : 2M bytes Example 1B parameter model -> 20GB/GPU

 FP16 Gradients : 2M bytes
 FP32 Optimizer States : 16M bytes
 @Gradients, Variance, Momentum, Parameters

M = number of parameters in the model

*Mixed Precision Training (ICLR ‘18) with Adam Optimizer 21
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Motivation
* 7eRO capability overview

* Understanding Memory Consumption

ZeRO-DP: ZeRO powered data parallelism

Evaluation



/eRO-DP: ZeRO powered Data Parallelism

e 7eR0O removes the redundancy across data parallel process
* Partitioning optimizer states, gradients and parameters (3 stages)

gPUo gpu; 8PUN.1

Baseline

Parameters Gradients Optimizer States 23
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/eRO-DP: ZeRO powered Data Parallelism

e 7eR0O removes the redundancy across data parallel process
* Partitioning optimizer states, gradients and parameters (3 stages)

gPUo gpu; 8PUN.1

Baseline
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/eRO-DP: ZeRO powered Data Parallelism

e 7eR0O removes the redundancy across data parallel process
* Partitioning optimizer states, gradients and parameters (3 stages)

gPUo gpu; 8PUN.1

Baseline

Stage 3 (P,
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/eRO-DP: ZeRO powered Data Parallelism

e 7eR0O removes the redundancy across data parallel process
* Partitioning optimizer states, gradients and parameters (3 stages)

Memory Consumption

F lati ifi I
gpu, gpu, gpUy. 4 ormulation Specific Example

K=12 ¥=7.5B N.=64

Baseline

P

05+8+p

Parameters Gradients Optimizer States 27



/eRO-DP: ZeRO powered Data Parallelism

e 7eR0O removes the redundancy across data parallel process
* Partitioning optimizer states, gradients and parameters (3 stages)

Memory Consumption

gpuUy gpu; gPUy.¢ Formulation Sxpiflgc7E>;aNmpie
Baseline (@+2+K) W | 12068
Pos
Pos+g
)

05+8+p

Parameters Gradients Optimizer States 28



/eRO-DP: ZeRO powered Data Parallelism

e 7eR0O removes the redundancy across data parallel process

* Partitioning optimizer states, gradients and parameters (3 stages)

Baseline

P

05+8+p

gPU,

Parameters

gpu;

Gradients

Memory Consumption

Formulation Specific Example
ngN_l K=12 ¥=7.5B N,=64
2+2+K)+Ww 120GB
{ - 31.4GB
2W +2W + =

Optimizer States 29



/eRO-DP: ZeRO powered Data Parallelism

e 7eR0O removes the redundancy across data parallel process

* Partitioning optimizer states, gradients and parameters (3 stages)

Baseline

P

05+8+p

gPU,

Parameters

gpu;

Gradients

Memory Consumption

Formulation Specific Example
ngN_l K=12 ¥=7.5B N,=64
22+2+K)+W 120GB
{ - 31.4GB
2W +2W + =
o O s 16.6GB

N,
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/eRO-DP: ZeRO powered Data Parallelism

e 7eR0O removes the redundancy across data parallel process
* Partitioning optimizer states, gradients and parameters (3 stages)

Memory Consumption

y Formulation Specific Example
ngO gpu' gpuN'l K=12 ¥=7.5B N.=64
Baseline 2+2+K)+W 120GB
o 31.4GB
p 2y 4 2w + %
os e e N,
p 2p 4 2207 16.6GB
05+8 Na
p 2+ 2+ K)+W¥ 1 0GB
os+g+p N,

Parameters Gradients Optimizer States 31



/eRO-DP: ZeRO powered Data Parallelism

Activations Activations
Transformelf stack Transforimelr stack
BF 1Pl | | | ) | | L
GPU, GPU,

* ZeRO Stage 1
* Partitions optimizer states across GPUs
* Run Forward across the transformer blocks

32



/eRO-DP: ZeRO powered Data Parallelism

1] Activations EE Activations
Transforimelf stack Transforimelr stack
Data, D‘D‘ """"""" Data, D‘D‘ """""""
(] ] (1]
GPU, GPU,

* ZeRO Stage 1
* Partitions optimizer states across GPUs
* Run Forward across the transformer blocks

33



/eRO-DP: ZeRO powered Data Parallelism

EE Activations 1] Activations
Transformelr stack Transformelr stack
pata, = DODCH ke g = [ § e
[ ] [
GPU, GPU,

* ZeRO Stage 1
* Partitions optimizer states across GPUs
* Run Forward across the transformer blocks
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/eRO-DP: ZeRO powered Data Parallelism

Aqiimations Aaiimations
Data, .r. Data, .r.
GPU, GPU,

* ZeRO Stage 1
* Partitions optimizer states across GPUs
* Run Forward across the transformer blocks
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/eRO-DP: ZeRO powered Data Parallelism

Activationsmm Activationsmam

* ZeRO Stage 1
* Partitions optimizer states across GPUs
* Run Forward across the transformer blocks
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/eRO-DP: ZeRO powered Data Parallelism

Activations EE Activations 1]

* ZeRO Stage 1
* Partitions optimizer states across GPUs
* Run Forward across the transformer blocks
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/eRO-DP: ZeRO powered Data Parallelism

* ZeRO Stage 1
* Partitions optimizer states across GPUs
* Run Forward across the transformer blocks
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/eRO-DP: ZeRO powered Data Parallelism

* ZeRO Stage 1

* Partitions optimizer states across GPUs

* Run Forward across the transformer blocks
 Backward propagation to generate FP16 gradients
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/eRO-DP: ZeRO powered Data Parallelism

* ZeRO Stage 1

* Partitions optimizer states across GPUs

* Run Forward across the transformer blocks
 Backward propagation to generate FP16 gradients
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/eRO-DP: ZeRO powered Data Parallelism

Activations Activations

* ZeRO Stage 1

* Partitions optimizer states across GPUs

* Run Forward across the transformer blocks
 Backward propagation to generate FP16 gradients
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/eRO-DP: ZeRO powered Data Parallelism

Activations Activations

pata, = OO FMEese 0L (0

GPU, GPU,

* ZeRO Stage 1

* Partitions optimizer states across GPUs

* Run Forward across the transformer blocks
 Backward propagation to generate FP16 gradients
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/eRO-DP: ZeRO powered Data Parallelism

Activations Activations

Transformer stack Transformer stack
jzm » 08888 ESEEEE0008 @ SN - DR RER R @

GPU, GPU,

* ZeRO Stage 1

* Partitions optimizer states across GPUs

* Run Forward across the transformer blocks
 Backward propagation to generate FP16 gradients
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/eRO-DP: ZeRO powered Data Parallelism

Loss Loss
Activations Activaiens
Transformer stack Transformer stack
Data;: * SUTETETTOOEEEEEW! <] U Y e e e e <]
GPU, GPU,

* ZeRO Stage 1

* Partitions optimizer states across GPUs

* Run Forward across the transformer blocks
 Backward propagation to generate FP16 gradients
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/eRO-DP: ZeRO powered Data Parallelism

Loss Loss
Activations Activaiens
Transformer stack Transformer stack
Data;: * SUTETETTOOEEEEEW! <] U Y e e e e <]
GPU, GPU,

* ZeRO Stage 1

* Partitions optimizer states across GPUs

* Run Forward across the transformer blocks

 Backward propagation to generate FP16 gradients and reduce scatter to average
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/eRO-DP: ZeRO powered Data Parallelism

Loss Loss
Activations Activaiens
Transformer stack Transformer stack
Data;: * SUTETETTOOEEEEEW! <] U Y e e e e <]
GPU, GPU,

* ZeRO Stage 1

* Partitions optimizer states across GPUs

* Run Forward across the transformer blocks

 Backward propagation to generate FP16 gradients and reduce scatter to average
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Recall: Reduce-Scatter

Arrays Being Summed

ag by Cy dy €
a4 b, c; d, e,
a, b, Cy d, .
a, by C3 dy B
a, b, C4 d, €y

Partitioning of an array into N chunks

47
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Recall: Reduce-Scatter

COMPUTER SCIENCE

a, by+by+by+by+by | Cy+Co+C4+Cy dy+d;+d, €g+ey
a,+a, b, C3+Co+Cy+CytCy | dy+dy+dy+d, egt+ey+e,
a,+ay+a, b,+b, C, dytdy+dg+di+d; | €pte te,+e,
a,+agt+ay+a, bs+b,+by Ca+Co dy eq+ey+e,+ey+e,
a,+ag+ay+aqg+a, | bo+by+by+by C3+Co+Cy dy+ds ey

Reduce-scatter data transfer (after iteration 4)

48
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/eRO-DP: ZeRO powered Data Parallelism

Loss Loss
Activations Activaiens
Transformer stack Transformer stack
Data;: * SUTETETTOOEEEEEW! <] U Y e e e e <]
GPU, GPU,

* ZeRO Stage 1
* Partitions optimizer states across GPUs
* Run Forward across the transformer blocks

 Backward propagation to generate FP16 gradients and reduce scatter to average
 Update the FP32 weights with ADAM optimizer
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/eRO-DP: ZeRO powered Data Parallelism

Loss Loss
Activations Activaiens
Transformer stack Transformer stack
Data;: * SUTETETTOOEEEEEW! <] U Y e e e e <]
GPU, GPU;

* ZeRO Stage 1
* Partitions optimizer states across GPUs
* Run Forward across the transformer blocks

 Backward propagation to generate FP16 gradients and reduce scatter to average
 Update the FP32 weights with ADAM optimizer

50



/eRO-DP: ZeRO powered Data Parallelism

Loss Loss
Activations Activaiens
Transformer stack Transformer stack
Data;: * SUTETETTOOEEEEEW! <] U Y e e e e <]
GPU, GPU;

* ZeRO Stage 1
* Partitions optimizer states across GPUs
* Run Forward across the transformer blocks

 Backward propagation to generate FP16 gradients and reduce scatter to average
 Update the FP32 weights with ADAM optimizer
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/eRO-DP: ZeRO powered Data Parallelism

Loss Loss
Activations Activaiens
Transformer stack Transformer stack
Data;: * SUTETETTOOEEEEEW! <] U Y e e e e <]
GPU, GPU;
EEEEEEEEEEEEEEEE EEEEEEEEEEEEEEEE
EEEEEEEEEEEEEEEE EEEEEEEEEEEEEEEE

* ZeRO Stage 1
* Partitions optimizer states across GPUs
* Run Forward across the transformer blocks

 Backward propagation to generate FP16 gradients and reduce scatter to average
 Update the FP32 weights with ADAM optimizer
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/eRO-DP: ZeRO powered Data Parallelism

Data,

Loss Loss
Activations Activaiens
Transformer stack Transformer stack &
"""""""" <] Data,

[AEEEEEEEEEEEEEEN)| {EEEEEEEEEEEEEEEE |

GPU, GPU;
EEEEEEEEEEEEEEEE EEEEEEEEEEEEEEEE
EEEEEEEEEEEEEEEE EEEEEEEEEEEEEEEE

* ZeRO Stage 1

* Partitions optimizer states across GPUs

* Run Forward across the transformer blocks

 Backward propagation to generate FP16 gradients and reduce scatter to average
 Update the FP32 weights with ADAM optimizer

 Update the FP16 weights
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/eRO-DP: ZeRO powered Data Parallelism

Loss Loss
Activations Activaiens
Transformer stack Transformer stack
Data;: * SETETETODEEEEEW! <] U Y e e e e <]

EEEEEEEEEEEEEEEE EEEEEEEEEEEEEEEE

GPU, GPU;
EEEEEEEEEEEEEEEE EEEEEEEEEEEEEEEE
EEEEEEEEEEEEEEEE EEEEEEEEEEEEEEEE

* ZeRO Stage 1

* Partitions optimizer states across GPUs

* Run Forward across the transformer blocks

 Backward propagation to generate FP16 gradients and reduce scatter to average
 Update the FP32 weights with ADAM optimizer

 Update the FP16 weights

e All Gather the FP16 weights to complete the iteration
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/eRO-DP: ZeRO powered Data Parallelism

Loss Loss
Activations Activations
Transformer stack Transformelr stack
Data;: * SUTETETODEEEEEW! <] U Y e e e e <]
EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

GPU, GPU;,

* ZeRO Stage 1

* Partitions optimizer states across GPUs

* Run Forward across the transformer blocks

 Backward propagation to generate FP16 gradients and reduce scatter to average
 Update the FP32 weights with ADAM optimizer

 Update the FP16 weights

e All Gather the FP16 weights to complete the iteration
55



Recall: Allgather

a, by+bi+bg+by+by | Cy+Co+Cy+Cy dy+dy+d, ep+ey
U
a;+a, b, C3+Cy+Cy+Cy+Cy | dy+dq+dy+d, epte, e,
U
a,+ay+a, b;+b;, Cy dy+dz+dg+d 4d, | Egteste +e,
U
a,+aptayta, by+b+bg C3+Cy d; epte +e+eytes
4
a,+ag+a,+az+a,| by+b +bytby, C3+Cp+Cy d,y+ds ey

5

All processes can obtain the complete array by circulating again without reduction operations.

COMPUTER SCIENCE
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Recall: Allgather

COMPUTER SCIENCE

a,+ag+ay+az+a,

bo+b+by+b+bg

C3+Co+C4+Co+C,

dy+da+dy+d,+d,

egte,+e,+e,+e;

aj+ag+a,+ag+a,

bs+b,+by+b,y+by

C3+Cy+C4+Cy+C;

dy+dy+dy+d +ds

egte, +8,+8,+e;

aj+ag+a,+ag+a,

ba+by+bgy+bat+by

C3+Co+C4+Cq+C,

dy+dg+dy+d,+d,

Bgte,+8,+8y+e;

a,+ag+a,+ay+a,

ba+by+by+b+bg

C3+Cy+C4+Co+Cy

d,+dy+dy+dy+ds

eg+e +e +e,+e,

ay+ag+ay+az+a,

b2+b1+b3+b4+buIca+32+c4+cg+c1Id4+d3+dn+d1+d2

egte, +8,+8,+e;

Final state after allgather transfer

57
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ZeRO-DP : Stage 3 Forward Propagation

\Y
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mzz=>JE00000000000000

[0

GPU
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=225 ANNNEEERRNNENEEE

HEEE
GPU
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\Y

3
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g LU LD LD

i
GPU

3

fp16 params

fp16 grads

fp32 grads

fp32 momentum
fp32 variance
fp32 params




/eRO-DP : Stage 3 Backward Propagation

\Y

0 Loss

suw)>J000000000000000

GPU

0

fp16 params
\Y \Y
p) fp16 grads
I T fp32 grads

nzzn>JE00000000E00000 e o

- 72 | fp32 variance

GPU fp32 params

2




/eRO-DP : Stage 3 Optimizer Step

fp16 params
fp16 grads
fp32 grads

fp32 momentum
fp32 variance
fp32 params




/eRO-DP: Memory Savings

* Progressive memory savings and Communication Volume

Memory
Reduction
with N GPUs
Data Parallel 1x
ZeRO Stage 1
(Pos) 4x
ZeRO Stage 2
(Pos+g) 8x
ZeRO Stage 3
(Postgep) NX

*Mixed precision Adam on Cluster of DGX-2 with NVIDIA 32 GB V100 GPUs
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ZeRO-DP: Memory Savings 1

* Progressive memory savings and Communication Volume

Memory Max params
Reduction with ZeRO only
with N GPUs (in billions)
Data Parallel 1x 1.2
ZeRO Stage 1
(Poy) 4x 7
ZeRO Stage 2
(Pos+g) 8X 14
ZeRO Stage 3
(Pos+grp) Nx >1000

*Mixed precision Adam on Cluster of DGX-2 with NVIDIA 32 GB V100 GPUs 62



/eRO-DP: Memory Savings

* Progressive memory savings and Communication Volume

Max params with

Memory \EVEEIETNE ZeRO and model
Reduction with ZeRO only parallelism
with N GPUs (in billions) (in billions)
Data Parallel 1x 1.2 20
ZeRO Stage 1
(P..) Vi 7 100
ZeRO Stage 2
(Postg) 8x 14 200
ZeRO Stage 3
(Pos+qip) Nx >1000 >1000

*Mixed precision Adam on Cluster of DGX-2 with NVIDIA 32 GB V100 GPUs 63



ZeRO-DP: Communication Volume

* Progressive memory savings and Communication Volume

Max params with

Memory \EVEEIETNE ZeRO and model
Reduction with ZeRO only parallelism Comm
with N GPUs (in billions) (in billions) Volume
Data Parallel 1x 1.2 20 1x
ZeRO Stage 1
(Poy) 4x 7 100 1x
ZeRO Stage 2
(Postg) 8x 14 200 1x
ZeRO Stage 3
(Postgep) Nx >1000 >1000 1.5x

*Mixed precision Adam on Cluster of DGX-2 with NVIDIA 32 GB V100 GPUs
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ZeRO Usability

model = MyModel( )

engine, *_ = deepspeed.initialize(
model=model,
config=ds_config

for batch in data_loader:
loss = engine(batch)
engine.backward(loss)
engine.step()

ds_config = {
"optimizer": {
"type": "Adam",
"params": {"lr": 0.001}
s
"zero": {
"“stage": 3,
"offload_optimizer": {
"device": "[cpu|nvme]"
}s
"offload_param": {
"device": "[cpu|nvme]"




ZeRO Performance: Max Model Throughput

® 7eRO-DP A Baseline-DP --4.5 Pflops (aggregate)

s N w I U
(- - o = o
|
®
L
@
[ ]
@

Throughput per GPU (Tflops)
-

0 2 4 6 8 10 12 14
Model Size - Billions Parameters



ZeRO Performance: Turning-NLG 17B
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Two guest lectures from industry
- March 10, Meta, Zechun Liu (online)
- March 12, Amazon, Yida Wang (online)
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Questions?
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