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Introduction Preliminaries Experiments
Problem formulation: Our RISC-V Microarchitecture Design Space: Due to the limited poster space, we only showcase the main results. For
) ) ) experiment setup and detailed results, please refer to our paper.
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Figure 2. An example of different BOOM microarchitectures to demonstrate the claim.
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= PPA design preference-driven exploration.
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= Lightweight agent training environment design to accelerate the
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