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Motivation

Lossless Performance
We train a 7B LLM with 300B token. We achieve:
 - Training curve matches exactly
 - Lossless downstream task performance

We fine-tune a Vision Language Model.
 - Performance on-par with BF16 training
 - Application quality is maintained

Training LLMs is very memory intensive.
Train a 7B LLM requires at least 120GB memory!

Adam Optimizer States → 8 bytes / param
First Order Momemtum (4 bytes)
Second Order Momentum (4 bytes)

Activation → Proportional to batch size
Required by backward pass
usually > 30GB / GPU

FP8 Activation
Observation: 
Non-linear layers takes >50% of
the Activation Memory.

Method: Mixed granularity FP8 precision flow

Nonlinear layers: fine-grained quantization
Linear layer: Per-tensor Quantization

More friendly with FP8 TensorCore

FP8 Optimizer

Solution: Dynamic range expansion function makes the distribution better

Problem: Optimizer states waste the representation ability.
        Its dynamic range is much smaller than FP8's dynamic range Dynamic Range

Overview
COAT is a Memory Efficient FP8 Training technique:

FP8 Optimizer states → 4× memory reduction
FP8 Activations → 2× memory reduction
End-to-End 1.43× Speedup
End-to-End 1.54x memory reduction

Algorithm Overview

Training Speedup
1.45× End-to-End Speedup

in average!
2.25× End-to-End Speedup

maximum!

Memory Reduction
1.54× End-to-End Memory Reduction!

Double the maximum batch size & Half the required device!

Store FP8 tensors for backward
50% memory reduction!


