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Introduction

® Deep learning keeps evolving dramatically
® Demand for efficient hardware accelerators has become vital

¢ Scalable hardware architecture
¢ Diversified neural network models

® Lack of software/hardware co-development toolchains

¢ Designing efficient Al SoCs (artificial intelligent system-on-chips) is
considerably challenging

+ Considering performance, area, energy consumption trade-offs
¢ Minimizing gap between algorithms and hardware designs



Compiler-assisted Virtual Design Platform

@ Virtual Design Platform of Al SoCs

¢ Electronic System-Level (ESL)
o Design and optimize Al SoCs at a high level of abstraction in SystemC (C++)
o System profiling and performance tuning

+ Enabling rapid design prototyping with high-level synthesis

¢ Design exploration and architectural optimization
o Fast and accurate performance/area/energy estimation

® Al Compiler toolchain assisted

+ Optimized execution of deep learning models on hardware platform
o Code optimization
o Parallelization
o Scheduling

¢ SW/HW co-optimization



Our Virtual Design Platform
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NNACC: Tiled-based DCNN Accelerator Architecture
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ESL Platform of Deep Inference Processor (DIP)

PPC: Performance/Power Counter
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Example Timing Analysis of AlexNet
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Performance Profiling and
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Multi-channel DMA Architecture

® Data movement is essential in DNNs

® Reordering both data and control commands to balance
memory transfer
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Comparison on Channel Utilization

Normalized Performance
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NNMAP: Al Compiler for Heterogeneous Computing
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Smart-scheduling

+ Hardware-aware template auto-gen for scheduling search
¢ Performance improvement: 1.85X on average

Normalized Performance
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Conclusion

® Compiler-assisted Virtual Design Platform for Al SoCs

¢ ESL platform
o Rapid functional verification
o Hardware design exploration for performance, power, area

¢ Al Compiler
o Heterogeneous computing for diversified DNNs
o Smart scheduling
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