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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



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



QLORA

Tradeoffs

- Advantage

1
—N bytes
> Y

o Weiht)
- Extremely low optimizer memory IM bytes

AM bytes

- Disadvantages

AM bytes

e Fine-tuning only (no pre-training)

« Task dependent

- May require large rank R

[1] Tim Dettmers, et al. QLoRA: Efficient Finetuning of Quantized LLMs. 2023



A closer ook

. Linear layery = W'x

Gradient: -2 !
. Gradient: = X
0Wy y
0 T
. Backprop:—y =W
0X

. Nonlinear layer y = f(x)

0
. Backprop: —y = Vf(x)
ox

Backpropagation

Forwarad

L 0ss: £

Classifier

MLP
Attention

MLP

Backward

Attention

MLP
Attention

Embedding
INnput: X
optimizer.step()



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)

Forwarad

L 0ss: £

Classifier

MLP
Attention

MLP

Backward

Attention

MLP
Attention

Embedding
INnput: X
optimizer.step()



Backpropagation

Memory efficient backprop

» Backwara
- Compute gradient (allocate memory) Forwara
- Discard activation (free memory)
- Optimizer.step

. Discard gradient (free memory)

[1] Jiawei Zhao, et al. GalLore: Memory-Efficient LLM Training by Gradient Low-Rank Projection. 2024
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Backpropagation R

AdamW (no retaining grad) —
Memory etficient backprop soscen S ij
Weight
8-bit Adam (no retaining grad) _ — Actfxauon

= Optimization
RTX--409(0 ] Weight Gracient

8-bit Gal.ore (no retaining grad) -_:[

— — — — o R e — e . e e e R — R e e =R e e -

1 Others
- Advanto gce 0 10 20 30 40 50 60
Memory cost (GB)
« NO Memaory Ccost to store gradient optimizer dict = {}
L def optimizer_hook(p):
« Restrictions if p.grad is None:
return
, optimizer_dict[p]l.step()
. Smg\e GPU optimizer_dict[pl.zero_grad()

. , for p 1n model.parameters():
- No gradient accumulation if p.requires_grad:

optimizer_dict[pl]l = AdamW([p], 1lr=..)
p.register_post_accumulate_grad_hook(optimizer_hook)

. Fairly hacky

[1] Jiawei Zhao, et al. GalLore: Memory-Efficient LLM Training by Gradient Low-Rank Projection. 2024



A closer ook

Backpropagation

. Linear layery = W'x

0
. Gradient: y

ow

T

= XYy

- Empirically, gradient is low-rank

. Galore

- Can we update

gradient instead

ow-rank projection of
,

Forwarad
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Attention
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Attention
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Attention

Embedding

INnput: X

Backward

optimizer.step()



(Galore o6 8

[Low rank gradient “lassitier
MLP optimizer.step()
. Backward Attention optimizer.step()
| MLP optimizer.step()
. Compute gradient (allocate memory) Forward Backwara
Attention
. Discard activation (free memory) M| P
e Project gradient to low-rank subspace Attention
Embeddin
- Discard gradient (free memory) .
INnput: X

. Optimizer.step (low rank)

- Update weight (full rank)

[1] Jiawei Zhao, et al. GalLore: Memory-Efficient LLM Training by Gradient Low-Rank Projection. 2024



G ” BF16 AdamW
a A O r e Adafactor

AdamW (no retaining grad)

R-bit Adam - | | b
Bl Weight
o M UCh SImdad ‘ ‘er memOry fOOth’i Nt ]COI’ 8-bit Adam (no retaining grad) | | I Activation
: : [ Optimization
O ptl mizer Stgte 8-bit GaLore (no retaining grad) RTFX--4090 1 Weight Gradient
[ Others
0 10 20 30 40 50 60
. < 4N bytes of total memory Memory cost (GB)

Training full weights, not just LoRA
adapter

[1] Jiawei Zhao, et al. GalLore: Memory-Efficient LLM Training by Gradient Low-Rank Projection. 2024



G ” BF16 AdamW
a A O r e Adafactor

AdamW (no retaining grad)

R-bit Adam D | @ 0 | s
Bl Weight
° HOW O we Othiﬂ ‘OV\/— l’(]ﬂk pl’QjeCtiOﬂ? 8-bit Adam (no retaining grad) | | 0 Activation
[ Optimization
8-bit GaLore (no retaining grad) RTX 4090 g :)Vjight Gradient
: : : 1ers
- SVD of gradient every K iterations , , , , , ,
0 10 20 30 40 50 60

Memory cost (GB)
. Fairly slow

- What happens to momentum after
change in projection?

- Nothing, we pretend we didn't
change anything

[1] Jiawei Zhao, et al. GalLore: Memory-Efficient LLM Training by Gradient Low-Rank Projection. 2024
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Q ( ; a Q r e [ Full Training Gal.ore Q-GaLore f
o 7 Optimizer States | | Optimizer States Optimizer States |
(8 bits) | (8 bits) (8 bits) |
T H U Projection Projection
(16 bits) (4 bits)

T

. G(] ‘O e Gradients ' Giradients [ Gradicnts [
(16 bits) I (16 bits) i (16 bits)

T

{ Weights 1

. Quantized weights + stochastic T ? Wk
rounding

(16 bits)

(16 bits) (8 bits)

l Weights l i Weights ]

- Quantized optimizer state
- Quantized projection

- Fewer SVD updates

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



BF 16 Adam

R
Training Q-Galore modelg =«

- _s-l)itinLjre _____________ !l_ ' : . 1 0 Weight
: + INTS wcights _ .: I ; ' —1 Acti'va'tion'
Memory requirements e 14 GB Memory consiain = Ve ot
e e s s = o
________ N Ry R— ; : ; :
0 10 20 30 40 50 60
Memory cost (GB)
- Q-Galore

v oyes [ Weight nte) S

- 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



BF 16 Adam

|
E—

Galore discussion ..

B O R R R A DR R R R R R R R R R e e e

Weight

Activation

: —

— = i - —
I I 1 Optimization

—

I —

+ INTS wcights

= Projection Weight Gradient
Quantization I L A Others :
________ NP N R ; . ; .'
0 10 20 30 40 50 60
Memory cost (GB)
. . . Model Methods | Memory | STEM Social Sciences Humanities Other | Average

° Ab ‘ e tO trq l n O ‘ ‘ We l g htS (n Ot J u St Full 48 GB | 54.27 75.66 59.08 7280 | 64.85
LoRA 16 GB | 53.00 74.85 58.97 7234 | 64.25
O d O pte r) LLaMA-3-8B | Galore 16 GB | 54.40 75.56 58.35 7119 | 64.24
QLoRA 8GB | 5363 73.44 58.59 7162 | 63.79

Q-Galore 8 GB 53.27 75.37 58.57 71.96 64.20

e Not ve ry Sto b ‘ e Ful | 51GB | 3003 37.16 3408 3547 | 34.21
LoRA 17GB | 26.23 3494 30.88 3696 | 32.18
Gemma-7B | Galore 17GB | 27.33 36.74 30.82 3790 | 33.20
QLoRA 9GB | 2483 27.54 28.09 3340 | 28.49

¢ S ‘ OW@ r Q-Galore 9 GB 27.73 36.80 32.54 37.89 33.68
Full 43GB | 52.40 72.95 55.16 69.05 | 6167

LoRA 14 GB 52.13 72.46 55.05 68.77 61.41

o I I I Mistral-7B | GalLore | 14GB | 5150 73.02 55.03 69.49 | 6155
NO grgdlent OCCU mU‘CItIOﬂ WlthOUt QLoRA 7GB 50.00 71.29 55.84 6766 | 60.70

C h O n g e S to O ‘ g O - t h m Q-Galore 7 GB 52.23 72.82 55.01 69.30 61.62

- Single GPU training

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