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Use cases for model parallelism

Calculating model memory requirements: Training memory requirements of Llama 70B + AdamW
Inference: optimizer, without calculating sequence lengths, batch size,
num_para * precision / 8bit = mem_req etc.:
mem_req * 1.2 = inference_mem_req
Training: ~70 * 1079 parameters, fp16 precision
optim_states , .. = 4Xmem_req
optim_states seb = 1.5x mem_req 70 * 1079 *2 (bytES) =140 * 1019 (model memory
requirements)
gradients = mem_req 140 * 1019 * 4 (bytes) = 560 * 1079 (with AdamW optimizer
states)
activations = sbhl 560 * 1079 + 140 * 1079 = 700 * 10179 bytes (with gradients)

activations = sbhL(10 + 24/t) o , .
activations = sbhL(10 + 24/t + (5a*s)/h*t) Activation size depends on a lot of factors, thus we will not

b - batch size per GPU _ .
h - dimension of the hidden size within each transformer layer 700/ 102443 =652 GB (memory requirements) * 1.2 (for

L - the number of layers in the transformer model overhead)

a - the number of attention heads in the transformer model o _

t - degree of tensor parallelism being used (1 if not) Officially 500 GB: https://huggingface.co/blog/llama31
No sequence parallelism being used Depends on specific implementations

No activations stored in fp16

Source: https://blog.eleuther.ai/transformer-math/

& DKF

EURO’


https://huggingface.co/blog/llama31

Pytorch - Layer-wise model parallelism

a. Ifonly 1 GPU is available: CPU offloading, a few layers run on CPU
b. If at least 2 GPU available: divide layers evenly between the two GPUs.

Only 1 model, running on multiple devices, increasing/multiplying the memory available for the model!
Slower than 1 GPU, because of the communication overhead between GPUs.

Model can be distributed even among nodes as well, with Remote Procedure Calls: https://docs.pytorch.or
g/docs/stable/rpc.html

Cases when implementing an LWMP strategy is useful:

c. Modelsize is slightly larger than GPU memory.

d. If pipeline parallel logic implemented - no exercise for this part, as this is significantly more difficult to
implement, than LWMP

e. Large language models cannot fit into a single GPU, and e.qg. Tensor Parallelism also used for in-layer
distribution.

LWMP can be combined with other parallelism techniques as well:
- Distributed Data Parallel - DDP - inefficiency upscaled
- Pipeline parallelism
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Layer-wise model parallelism

[inputs].to(cuda:0) ‘

class DenselNet(nn.Module):

self.layer0

self.layerl e cuda:0 cuda:0 cuda:0 cuda:0 cuda:0 cuda:0
self.layer2 %
[model_shard1]\ % [model_shard1] [model_shardi] [model_shard1] [model_shardi1] [model_shard1] model_shardl]  [model_shard1]
[layer2(out)] f; [gradients]
%,
[layer2(out)]
self.layer3 K . . . . .
self.layerd g cuda:l 3 cuda:1 cuda:1 cuda:1 cuda:1
[model_shard2] [model_shard2] %g [model_shard2] [model_shard2] [model_shard2] [model_shard2] [model_shard2] [model_shard2]

[layer4(out)] \ < [gradients] [gradients]
)
ks
[layer4(out)]
by P r
sel- ayers o cuda:2 cuda:2 - cuda:2 cuda:2 : cuda:2 cuda:2
ayer6 2,
[model_shard3] [model_shard3] [model_shard31\ %, [model_shard3] model_shard3] [model_shard3] [model_shard3] [model_shard3]

[layer6(out)] [gradients] [gradients] [gradients]

Optimizer (update parameters)
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[layer6(out)]

[model _shard4] [model_shard4] [model_shard4] [model_shard4] [model_shard4] [model_shard4] [model_shard4] [model_shard4] [model_shard4]
[fe(out)] [gradients] [gradients] [gradients] [gradients]
T [labels] [labels] [labels]
| [labels].to(cuda:3) | v

\ [IQSS]
next epoch
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Tracing operations and tensors during training

Record | Save | Load | trace.json

w Process -1

|-|||>j||'3

| Flow events || Processes ||i|| View Options ||

¥ python3.12 (pid 693639): CPU
v thread 693639 (python3.12)

v thread 694249 (pt_autograd _0)

v thread 694250 (python3.12)

v python3.12 (pid 0): GPU 0

v stream 7

stream 22
stream 70

v python3.12 (pid 1): GPU 1

v siream 15

stream 38
stream 54

1 item selected.
Title

Category

User Friendly Category

Start

Wall Duration

Self Time

YAIgs

External id
Record function id
Sequence number
Fwd thread id
Ev ldx
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aten:zconvolution C.. ate.. cod aten:mean atenzcon.. cud.. ate.. ate... aten:.
aten::_convolution ate.. cudala.. aten:_con... ate... ate... aten...
aten::cudnn_convolution aten::cud... ate... c.. aben:..
cud cud...
autograd:...
ConvolutionB...
aten:convo. ..
x

Slice (1)

autograd:.engine::evaluate function:
ConvolutionBackward0
cpu_op
other
1,176.511 ms
89.303 ms
0.017 ms

4165
e
291

68

ssh -L 16001:localhost:16001 youruser@login.Leonardo.cineca.it
tensorboard --logdir=/home/user/log/path --port 16001 --host localhost
(everyone has to use a unique port number)

Browser: localhost:16001
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Layer-wise model parallelism + DDP

Scatter and replicate Calculate loss and gradients Update model —

e e e

. — arameters

=loca1_rank—® | [input_0].to(devo) | P

I

lclass DenseNet(nn.Module):

i )

: self.layer0 Sl Optimizer

i self.layerl dev0 dev0 Y o ; = dev0

o update params.
: z:};'%gyzig [model_shardil] [model_shardil] [model_shardil] ég [model_shardi] [model_shardi]
: -2y [layer4(out)] & [g0_shard1,
self.layer4 = g1 _shard1]
0

i self.layer5 h -

; Self.layer6 RN )

: self.layer7 (update params. )

- self.fc [model_shard2] [model_shard2] [model_shard2] [model_shard2] [model_shard2]

i [fc(out)] [gradients] [gradients]

i [label 0].to(dev1) [label_0] [labilf@]
[inputs] i
[model] L__________________________________________________________________Ly"_s_sl _____________________________________________________________
[labels]

r
local_rank=1 | [input_1].to(dev0)

class DenseNet(nn.Module):

self
self
self
self
self

.layer0
.layerl
.layer2
.layer3
.layer4

self.layer5
Self.layer6
self.layer?7

self.fc

[label_1].to(devl)

#CUDA devices
dev® = local_rank * 2
devl = local_rank * 2 + 1

[model_shardl]
[layer4(out)]

[model_shard2]

[label_1]

dev0
[model_shard1]

[layer4d(out)]

[model_shard2]
[fc(out)]
[label_1]

dev0
[model shardi]
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[model_shard2]
[gradients]

next epoch

Optimizer

[model_shardi]

[g0_shandil,
gl.shardi]

(update params.)

Optimizer

. dev0
[model_shardi]

devil

[model_shard2]
[gradients]

(update params.)

. devl
[model_shard2]

Master node:
SLURM_PROCID=0
(hosts SLURM
~—CTL daemon)
global_rank=0

LOCAL_RANK
environment
variable set by
torchrun
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Basic model parallel techniques with Pytorch

Large amount of data | Too large model for 1 _
GPU

No parallelism, infinite Layer-wise model

time parallel, or naive model
parallel
DP - Data Parallel TP - Tensor parallel

DDP - Distributed Data PP - Pipeline parallel
Parallel

FSDP - Fully Sharded
Data Parallel

DDP + PP or TP

+ any other
combination of
methods
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Device 3

Device 2

Deavica 1

Device 0

Device 3

Deavice 2

Davice 1

Device 0

Top: The naive model parallelism strategy leads to severe underutilization due to the
sequential nature of the network. Only one accelerator is active at a time. Bottom: GPipe
divides the input mini-batch into smaller micro-batches, enabling different accelerators to

Pipeline Parallelism
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work on separate micro-batches at the same time.
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@ https://research.google/blog/introducing-gpipe-an-open-source-librar
y- for- efficiently- trammq Iarqe scale-neural-network-models/
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Tensor Parallelism in principle

‘X’ GPU 1 - % :.
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@ https://lightning.ai/docs/pytorch/stable/advanced/model parallel/tp.h
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Thank you!
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