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[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
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- Model parameters: N, Galore parameters
%

Momentum 1
M bytes (int8)

Weights: N int8 M bytes -

Momentum: M Int8

2nd momentum (ADAM): M int8

Projection: int4

- N+2M + |projection| bytes without activations

1] Zhenyu Zhang, et al. Q-Galore: Quantized Galore with INT4 Projection and Layer-Adaptive Low-Rank Gradients. 2024



Training QLoRA models

Memory requirements

« QLORA

1
—N bytes
> Y

I eieht dnea) S e

AM bytes

- Model parameters: N, LoORA param M

- Weights: N int4, M floats

AM bytes

« Gradients: M floats AM bytes
« Momentum: M floats

« 2nd momentum (ADAM): M floats

|
. —N+16M bytes without activations

« M often ~1-5% of N



A closer ook
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Backpropagation

A closer ook

- Forward
+ Store activation
- Backprop of non-linear layers
- Weight gradient of linear layers
- Backwara
- Compute gradient (allocate memory)

. Discard activation (free memory)
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Backpropagation o55: ¢

A Classifier
MLP
. Forward only Attention
MLP
. Memory efficient Forward |
Attention
- Reuse memory buffers MLP
. Attention
e with torch.no_grad():
Embedding

INnput: X



Backpropagation J—

Without storing activations A Classifier
MLP
- Forward \ Attention
e with torch.no_grad(): Corward MLP Backward
Attention
- Backward
MLP
e Recompute activation et
ention
- Compute gradient (allocate memory) Fmbedding
. Discard activation (free memory) INnput: X

- No additional memory!

. Very slow D forward passes for one backward



Activation checkpolnting

L oss: £
A Classifier

MLP

. Forward Attention

MLP

e with torch.no_grad():

Forward

. In blocks Attention

« Backward

MLP

« Recompute activation Attention
« Within block
- Compute gradient (allocate memory)
INnput: X
- Discard activation (free memory)

- |deally sgrt(D) less memory

. 2x forward passes for one backwarad

[1] Tiangi Chen, et al. Training deep nets with sublinear memory cost. 2016
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Activation checkpointing in

import torch.nn as nn
import torch.nn.functional as F

p]_/aCthe from torch.autograd import Variable, Function

import torch.utils.checkpoint as checkpoint
class ConvBNReLU(nn.Module):
def init (self, in planes, out planes):

super (ConvBNReLU, self). init ()
self.convl = nn.Conv2d(in planes, out planes, kernel size=1, bias=False)
self.bnl = nn.BatchNorm2d(out planes)
. . . self.relul = nn.ReLU(inplace=True)
- Practical considerations ot coreerateors. 1
e orward(self, x):
out = self.relul(self.bnl(self.convl(x)))
return out

- Need to control randomness class DunmyNet (nn.todule)

def init (self):
super (DummyNet, self). init ()
self.features = nn.Sequential (OrderedDict ([
('convl', nn.Conv2d(3, 16, kernel size=3, stride=1l, padding=1, bias=False)),

. :|rs: Ond SeCQﬂd ]COI’WClrd Shou‘d ('bnl', nn.BatchNorm2d(16)),

('relul', nn.ReLU(inplace=True)),
+ 1))
match

# The module that we want to checkpoint
self.module = ConvBNReLU(16, 64)

self.final module = ConvBNReLU(64, 64)

- Need to wrap model

def forward(self, x):

out = self.features(x)
out = checkpoint.checkpoint(self.module, out)
out = self.final module(out)

return out

[1] Tiangi Chen, et al. Training deep nets with sublinear memory cost. 2016
[2] Priva Goyal, https://github.com/prigoyal/pytorch_memonger


https://github.com/prigoyal/pytorch_memonger

Offloading

Full Finetuning LoRA QLoRA
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« Solution

- Offload to CPU if needed

- CUDA does this automatically with unified
memory architecture (tricky in PyTorch)

1] Zhenyu Zhang, et al. Q-Galore: Quantized Galore with INT4 Projection and Layer-Adaptive Low-Rank Gradients. 2024



Memory efficient model training

1
. EN bytes AM bytes
Memory requirements M bytes
AM bytes I\/Iorrf\eg;t;m1
« QLORA AM bytes h
L 0ss: £
- Model parameters: N, LoRA param M A Classifier ‘
. Weights: N int4, M floats * M| P T
- Gradients: M floats Attention T l
« Momentum: M floats MLP
Forward Backward

. 2nd momentum (ADAM): M floats Attention

1
. 5N+16|\/| bytes; M often ~1-5% of N

MLP
Attention

: 0(\/5) gradient checkpoint; two forward passes Embedding

INnput: X
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