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Pre-training LLMs require big GPU clusters

Pre-training a LLaMA 13B
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batch size of one requires
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Training with the Adam Optimizer
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Linear
Layer

Low-Rank Iraining

h = Wx }?l h = BAX
B <.....
------- Decompose > 7 - Low-Rank
e C o ctors
A
T
X
o Welights are not

necessarily low-rank [1]

[1] Zhao et al., “Galore”, ICML 2024.
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Low-Rank Properties of Gradients

 Galore: “Gradient becomes low-rank during training” [1]

* InRank: “Cumulative weight updates follow an incremental
low-rank trajectory” |2]

[1] Zhao et al., “Galore”, ICML 2024. [2] Zhao et al., “InRank: Incremental Low-Rank Learning”, ICLR 2023
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LoRA - Low-Rank Adaption [3]
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[3] Hu et al., “LoRA: Low-Rank Adaptation of Large Language Models”, ICLR 2022


https://arxiv.org/abs/2106.09685
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LoQT: Low-Rank Quantized Pre-Training

Key Components

Pre-train from scratch with B =
low-rank adapters (LoRA)

Initialize /- using _

Quantize /” and W to 4-bit oS

Initialize 55 using a
quantization error
compensation term.
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Memory Requirements with Adam

Weights Gradients Optimizer

.. States
Regular Training
h= W G o820
mn mn 2mn
m
LoQT v 7 Il
h=Wx+ PBx \E/ GB /
Good
mn, +nr+m.;gr  nr YNy

if r << min(m, n) q



Results




27

Pre-training LLaMA2 Models on the C4 Dataset
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Pre-training LLaMA2 Models on the C4 Dataset

Takeaways

e LoQT is very comparable
to Full training and Galore

* No-quantization (LoQT-nq) .
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Fine-tuning DeBERTaV3-base Models on GLUE
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Continued Pretraining Results




Limitations and Future Work
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 Dynamic Scheduling for update intervals.
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Limitations and Future Work

* Speed: LoQT is 16% slower than FP16 training.

 Dynamic Scheduling for update intervals.

e Alternative Architectures and Quantization.
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Key lakeways

* Pretraining from scratch with low-rank updates and 4-bit
quantization can match FP16 training.
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Key lakeways

* Pretraining from scratch with low-rank updates and 4-bit
quantization can match FP16 training.

* Low Memory: LoQT enables training on consumer hardware.

* Fine-tuning may benefit from gradient-based initialization.
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Component Ablations
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Update Frequency Ablations
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Memory requirements by LLMs
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LoRA - Low-Rank Adaption

 LoRA (Hu et. al. 2021)
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LoRA - Low-Rank Adaption
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Low-Rank Projection of Gradient

 Galore (Zhao et. al., 2024) Gradient G
D p(G,)
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Low-Rank Projection of Gradient

 Galore (Zhao et. al., 2024)
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Low-Rank Projection of Gradient

Weights Gradients  Optimizer States
 Galore (Zhao et. al., 2024)
- %4 G
Wr = W()""?Z P, p(P,G)
v mn mn mr + 2nr
ERer eRan A

538



LoQT - Low Rank Adapters for Quantized Pre-Training

 Galore (Zhao et. al., 2024)
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LoQT - Low Rank Adapters for Quantized Pre-Training

 Galore (Zhao et. al., 2024)
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LoQT and GalLore have equivalent Gradient Updates

« Forward pass for LoQT: y = xW + xPB

« The gradient of the loss w.r.t. B using the Chain Rule:

OB 0L 0L
— =P)' —=P'x'— =P'GY
0L 0y 0y

.

GWJ

GaLore W, =W, +n Z Ptﬂ(rptTG;)
t=0

o1



LoQT - Low Rank Adapters for Quantized Pre-Training
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Note: The gradient of the loss w.r.t. B;: = -—P Same Gradient Updates




