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Long Context Training

Code Assistants Video Processing Document Summarization



Context Parallelism
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Context Parallelism
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Context Parallelism
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DeepSpeed Ulysses

– Attention is independent across attention heads

– Rearrange tensors to switch sharding:

– From sequence length dimension

– To head dimension
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Memory Efficiency

– Activation memory increases linearly with sequence length
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Memory Efficiency

– Activation memory increases linearly with sequence length

– Memory demand becomes prohibitive for long context training



Arctic Long Sequence Training (ALST)

Fully Pipelined Distributed Transformer (FPDT)
– Tiling similar to ALST (FFN / CELoss)

– Chunks attention computation, uses online softmax

– CPU Offloading: Poor throughput

Memory Efficiency

– Tiling: Chunking along sequence length

– TiledMLP (FFN), LigerKernel (CELoss) 

– DeepSpeed Ulysses for Attention

– Memory remains unaffected



UPipe

– Long context: Attention on a subset of heads saturate the GPU

– Serialize attention computation across heads

– Reuse memory buffers over subsequent stages



UPipe
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UPipe: GQA Scheduling
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Results: Single Node (8xH100)



Results: Multi Node (16xH100)



Results: Multi Node (16xH100)

Training Llama 3-8B on two 8xH100 nodes



Reinvesting Memory Savings

Strided Activation Offloading



Reinvesting Memory Savings

Selective Activation Checkpointing



– Long context training necessitates context parallelism

– UPipe improves memory efficiency of context parallelism

– Reinvesting saved memory further helps improve training throughput

– Future work:

– Improved all-to-all implementation for better memory reuse

– SM-free collectives for better communication/computation overlap

Conclusion
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