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Table 1: Pass rate (%) comparison of RTL code generators on VerilogEval [16] and RTLLM [17] benchmarks. \ <>
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Model CodeGen-Verilog-16B [28] | 44.0 52.6 59.2 30.3 43.9 49.6 86.2 241 |+ VeriAssist suggests (1) Empirical parameter options pruning Stage1: Exploiting Pre-tuned Schedule as Search Start Point
ChipNeMo-13B [15]" 43 .4 N/A N/A 22.4 N/A N/A N/A N/A accurate code sketch, (2) Profile-guided critical primitives selection Stage2: Fast DRL Search. (Roofline model guided reward)
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(a) C++ Source Program (sumTwo.cpp)
int sumTwo(int a, int b){ return a+b;}
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11 if (head == nullptr) tail = nullptr; <0 PMEMCHECK 602% | 12.5% Task Parameter Type Prediction Return Type Prediction « WasmRev assists WebAssembly
12 1), ® PMEMCHECK & PM-Reorder | 62.1% | 13.1% Lsw Lsw Lsw 1 Lsw Lsw Lsw, comprehensi idi '
: : : , , > How ’ ’ > Low ion by providing high-
13 return ret; —Navigation Action Edit Action <@ Leetcode solution PMEMCHECK Type Language  Lsw All Names Simplified Leklaoya not given Lsw All Names Simplified Liklaoya not given Ievelpsemantics yp 9hng
14 78.7% | 13.4% _
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SnowWhite”  Top-5 Acc 75.2%  27.1% 86.2%  100.0%  743% 80.5%  47.3% 87.9%  100%  81.2%
Takeaways: Type Prefix Score  1.47 1.31 1.62 0.88 1.45 1.37 1.00 1.38 0.76 1.02 both WebAssemny users and tool
i i _y : .. : .. Top-1 Acc 63.7%  40.2% 80.6%  93.4%  62.8% 74.9%  52.4% 79.7%  89.2%  73.5%
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« More insights: Monte Carlo tree-search (search efficiency); knowledge transferable among PLs); validation tools are critical T The results reported in the SnowWhite paper. transferable to new tasks
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