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Training on multiple GPUs
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« One model

- One set of weights
- Large dataset
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- Multiple GPUs
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[Taining on multiple GPUS
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/ero redundancy

- Recall: Memory use

Model Model Model Model

- Model WeightS (2'4'\' bYteS) Copy Copy Copy Copy

- Gradients (2-4N bytes)
- Optimizer State (6-8N bytes)

- Optimizer state only used once per
step

Data. Data. Data. Data.
- Why not distribute this across GPUs Part 1 Part 2 Part 3 Part 4

[1] Rajbhandari et al. Zero: Memory optimizations toward training trillion parameter models. 2019



/.e1r0-1

Optimizer state Partitioning

- For M GPUs, each GPU

. bfloat16 weights (2N bytes) Model Model Model Model
Copy Copy Copy Copy

. pfloat16 gradients (2N bytes)

. float32 weights, first, second
momentum (3 * 4N/M bytes)

« Forward/backward in bfloat16

- Optimizer step: gather gradients, bata. Data. Data. Data.
scatter updated weights Part | Part 2 Part 3 Part 4

[1] Rajbhandari et al. Zero: Memory optimizations toward training trillion parameter models. 2019



Vanilla data parallel

/ero-1 o

AN bytes

Optimizer state Partitioning

AN bytes

- Reduces memory consumption

. 12-16 N bytes -> 4N + 12N/M bytes
2N bytes

.+ 3-4 X for large enough M o bytes

AN bytes

- Requires synchronization through INbytes
reduce—-scatter

reduce—-scatter
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outY[i] = sum(inX[Y*count+i])
[1] Rajbhandari et al. Zero: Memory optimizations toward training trillion parameter models. 2019
[2] Nvidia: https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/usage/collectives.ntml#allreduce



https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/usage/collectives.html#allreduce

/e1r0-/

Optimizer sState Partitioning Nbytes

AN bytes

AN bytes

. Distributed gradient among GPUs

« |In backwarad

2N bytes

- Compute gradient 2N bytes

AN bytes

. all-reduce

AN bytes

- Keep gradient corresponding to

ll-red
GPUs optimizer state all-=reduce
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in3 - out out out out

.out[l] = Sl.lm(InX[i])'
[1] Rajbhandari et al. Zero: Memory optimizations toward training trillion parameter models. 2019

[2] Nvidia: https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/usage/collectives.ntml#allreduce



https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/usage/collectives.html#allreduce

/e1r0-/

Optimizer sState Partitioning Nbytes

AN bytes

AN bytes

- Reduces memory consumption

- 12-16 N bytes -> 2N + 16N/M bytes

2N bytes

» 6-8 X for large enough M ON bytes

AN bytes
- Requires synchronization through
reduce—-scatter, all-reduce

AN bytes

all-reduce

i rank 0 { rank1 | rank 2 | rank 3 | i rank0 { rank1 | rank 2 | rank 3 |

in3 - out out out out

.out[l] = Sl.lm(InX[i])'
[1] Rajbhandari et al. Zero: Memory optimizations toward training trillion parameter models. 2019

[2] Nvidia: https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/usage/collectives.ntml#allreduce



https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/usage/collectives.html#allreduce

/ero-2

/E10-3 I N .
Optimizer state Partitioning » Eﬁi*

AN bytes Momentum 1 (fp32)
. Only store weights that are currently e -
required
- /Ero-3
. In forward/backward I N N
2N bytes
. all—gather
AN bytes Momentum 1 (fp32)
+ Compute ot
. . all—-gather
. Discard weights T .g T
rank O rank 1 rank 2 rank 3 rank O rank 1 rank 2 rank 3
. Use bf16 weights or original fp32 - e

: o : . . out[Y*count+i] = inY[i]
[1] Rajbhandari et al. Zero: Memory optimizations toward training trillion parameter models. 2019

[2] Nvidia: https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/usage/collectives.html#allreduce


https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/usage/collectives.html#allreduce

/ero-2

/.L10-3 -
Optimizer state Partitioning Eﬁii*

AN bytes Momentum 1 (fp32)
. Reduces memory consumption e -
/ero-3
b O b I I N N
2N bytes
» 50+ X for large enough M 2N bytes
AN bytes Momentum 1 (fp32)

- Requires synchronization through

AN bytes
reduce-scatter, all-reduce, : -

all—gather for each layer all-gather

 rank 0 | rank1 { rank 2 { rank 3 | i rank 0 { rank 1 | rank 2 | rank 3 |

out[Y*count+i] = inY[i]

[1] Rajbhandari et al. Zero: Memory optimizations toward training trillion parameter models. 2019

[2] Nvidia: https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/usage/collectives.html#allreduce


https://docs.nvidia.com/deeplearning/nccl/user-guide/docs/usage/collectives.html#allreduce

Recap

Vanilla data parallel /ero-2

2N bytes
2N bytes

2N bytes

AN bytes 2N bytes

AN bytes
AN bytes

AN bytes
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Fully Sharded Data Parallel

/ero-3

2N bytes
2N bytes

AN bytes

AN bytes

[1] Zhao et al. PyTorch FSDP: Experiences on Scaling Fully Sharded Data Parallel. 2023

AN bytes

AN bytes

AN bytes

AN bytes

FSDP




Fully Sharded Data Parallel

- FSDP: Efficient implementation of

/ero-3in Py

orch

« Synchronize group’s (Unit's) of layers

e EfTi
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[1] Zhao et al. PyTorch FSDP: Experiences on Scaling Fully Sharded Data Parallel. 2023
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Fully Sharded .

- Hybrid Sharding

- 3-160 GPUs per server

« Shard within server

Parallel

- Regular data parallel (share gradient)

Detween server

1] Zhao et al. PyTorch FSDP: Experiences on Scaling Fully Sharded Data Parallel. 2023
2] https://www.researchgate.net/figure/Hybrid-peer-to-peer-architecture_figl 267205698
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https://www.researchgate.net/figure/Hybrid-peer-to-peer-architecture_fig1_267205698

[Taining large models

Memory requirements

- Without optimization:

AN bytes
- Model parameters: N IN bytes

AN bytes

- Weights: N floats

AN bytes

- Gradients: N floats
« Momentum: N floats
« 2nd momentum (ADAM): N floats

- 16N bytes without counting activations



[Taining large models

Memory requirements

- Mixed precision

AN bytes

- Model parameters: N
2N bytes

2N bytes

- Weights: N floats

AN bytes

- Gradients: N bfloat16
« Momentum: N bfloat16
« 2nd momentum (ADAM): N floats

- 12N bytes without counting activations



[Taining large models

Memory requirements

- /ero/ FSDP

- 16N / M bytes without counting
activations

« For M GPUs

- Good solution for GPU-rich people

AN bytes

AN bytes

AN bytes

AN bytes

FSDP
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