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l. Large LLM Workloads Are Hungry for Memory
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IV. Opportunities for Tensor Migration
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Extract the Semantic
Knowledge of Tensors
in LLM Models

Schedule Tensor
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Roofline Analysis Normalized training
performance for different migration bandwidths

A bandwidth of 32 to 48 GB/s is
. | sufficient to achieve near-ideal
s performance for large LLMs.
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0 We place hooks before and after each operator to allow profiling and migration instrumentation

9 The migration schedule will be automatically executed before each operator is executed

e We use GPUDirect Storage (GDS) when moving tensors between the GPU and SSDs

We use GDS because it provides significant scalability
advantages by eliminating host resource contention
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be swapped out during training
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Distribution (CDF) of tensor inactive period lengths for different tensor sizes

Rich Semantic Knowledge

Tensor Lifetime Profiler
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(a). I/O bandwidth usage affects actual migration time (b). The benefit of offloading one inactive tensor

Estimate the impact of evicting an inactive tensor

Choose the one which will reduce the highest memory pressure
(®), and cause the least I/O bandwidth pressure (€))

Update the “effects” of this decision

Decide Eviction Destination

GPU ” Try to evict to SSD first

[ \/\ g If SSD’s current traffic is saturated, try host memory

Host SSD e If both SSD and Host are busy, go for SSD
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(1). Average training thruughput with different batch sizes.
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(2). Average training thmughput with different sequence lengths.
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Latency breakdown of training iterations
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With limited GPU memory,
TeralO achieves 80.7% of
the ideal performance.

TeralO incurs the least stall
time, as it achieves better I/0O
and computation overlapping.

TeralO can achieve better
performance with lower CPU
memory requirements.

TeralO maintains high 1/0O
bandwidth utilization  with
our proposed [|/O-aware
migration algorithm.
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