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High-dimensional Black-box Optimization [12]
N = RankTuner consistently outperforms them across all benchmarks
B timing effort (GP) Uggil:ﬁ; up to 40.34% improvement of hypervolume.
5 fsynEEeSIS SENEHC eﬁ? ES()S) Dol = RankTuner acquires 4.89% and 3.59% higher hypervolumes than
- - | SYINLNES1S 1ma 1ng cerror .
5 10 y PPHIE clay the best baseline method, REMOTuner [12], on RISCV321I and
= I default value for x state (S) Rocket benchrmarke
= = wire length optimization (DP) Using a Gaussian noise to model the dominance uncertainty, the
3 1| | m_pre-place optimization (GP) airwise likelihood function could be formulated as:
E —lithography driven (D) ’ | The Attained Hypervolume v.s. Iteration
S I enhanced global mapping (S) (I)(Zk) =p ()?V > X | f()?v> 7 f(f(’u» 7 yp g
m scan flip-flops for functions (S) .
- CongeStion eﬂort (GP) - // pldea| <XV i Xk I f<XV) —I_ 5\/7 f(Xu) —I_ 5u) <2> FIST DAC’19 MLCAD’19 | ICCAD’21
IR drop aware (DP) | o| — PTPT - REMOTune — DATE24 —— Ours
Parameter N (5\/; O, 02) N (5u§ O, 02) d5\/d5u,
o | (7o) (%) ” ~
= High-dimensional: A lot of values of design parameters need to where 7z, = NG and ®(z) = f_oo N(~; 0, 1)d~. 1
be determined or tuned (Np;rams > 150) =
« Multiple quality-of-result (QOR) metrics ( d f
{MIPTE qUATITY”OTTESUIL TLOR) ELHCS 1€.5., ared, POWET, an Acquisition Function for Pareto-dominance SEaae :
delay) to be optimized . | | |
) \ | . Comparison g @ T T T
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o O = The RankTuner framework offers a notable advantage in
EDA Tool Parameter Tuning o QQ © constantly improving the explored Pareto front.
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