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The VRAM Bottleneck

GPU Tier $ / hr (AWS) VRAM (GiB)
4 H100 Enterprise 12.29 80
A100 Enterprise 9.12 80
V100 Enterprise 3.90 32
A10G Enterprise 2.03 24
> T4 Enterprise 0.98 16
RTX 4080 Consumer N/A 16







Sources of the Bottleneck
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Precision Options
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Model Parameters

7B model params (fp32)
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Model Parameters
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Quantization
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Optimizer State
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Low Rank Adaptation (LoRA)
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Low Rank Decomposition of a Matrix




Low Rank Adaptation (LoRA)
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Low Rank Adaptation (LoRA)

7B model params (int8) | | | 11 | ] 1 [ } | LoRA params (fp16)
7GB | | | [ J J | | J -1cB

\

Gradi ] ‘ ' ] ‘ ]
iUy

Optimizer State
~-4GB




Activations
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Quantized LoRA
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Towards NF4 representation

4-bit integers can represent 16 levels
-1.0,-0.8667,-0.7333,-0.6,
-0.4667,-0.3333,-0.2, -0.0667,
0.0667,0.2,0.3333,0.4667,

0.6,0.7333,0.8667,1.0






More to do

Gradient Accumulation
Paged Optimizers
Double Quantization
AdalLoRA

LongLoRA

etc...
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