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Resovrces:

CMU CS-15-442 class slides on ML compilation: https://misyscourse.org/slides/
07-machine-learning-compilation.pdf

CMU CS-15-442 class slides on graph optimizations: https://misyscourse.org/
slides/08-graph-level-optimizations.pdf

TVM paper: https://www.usenix.org/conference/osdi18/presentation/chen (Tiangi
Chen)

TASO paper: https://dl.acm.org/doi/pdf/10.1145/3341301.3359630 (Zhihao Jia)
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