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NPU Cores Are Underutilized When Serving ML Inference Services
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NPU Cores Are Underutilized When Serving ML Inference Services

Long Chain of Dependent Tensor Operators
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Architectural Support for SA/VU-level Operator Scheduling
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Tracking Multiple DNN Workload Contexts

Workload
Context Table

- L
- —
- ~~
-

” ~~~.

32-bit 1-bit 1-bit 1-bit varies 64-bit  64-bit 7-bit

cl)[l;) T(;Se Active | Ready 'IZEL)J é;éll\(/ei C-I;loctlaels Priority
Workload 1 | 4 SA 1 1 0 60
Workload 2 | 8 SA 0 1 X 20
Workload 3 | 5 VU 1 1 1 20




Dispatching Tensor Operators From Multi-tenant DNN Workloads
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Dispatching Tensor Operators From Multi-tenant DNN Workloads
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Dispatching Tensor Operators From Multi-tenant DNN Workloads
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Improving Fairness and Utilization with Tensor Operator Preemption
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Utilization Improvement of NPU Cores with V10
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Utilization Improvement of NPU Cores with V10
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Throughput Improvement for DNN Inference Workloads with V10
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V10
Summary

Architectural Support for
Fine-grained NPU Sharing
" Clustering-based Collocation
‘ bt Mechanism for ML Workloads
d‘ Improved NPU Utilization by 1.64x




Thank you!
Yuqi Xue
yugixue2@illinois.edu

Yiqgi Liu Lifeng Nai Jian Huang
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