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Evaluation Framework l@l

® Evaluation in EDA QA remains limited, as general-purpose fail to capture domain-specific error types.

Answer: Use the “-stochastic perturbation’ option of ® We propose MAEDA, a multi-agent framework for fine-grained error 1dentification (retrieval, contradiction,

the "global route’ command ...

missing, refusal, hallucination), along with a benchmark for systematic evaluation.
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Evaluation

TABLE I Model performance on fine-grained error type classification (on OpenROAD Dataset)

Retrieval Error Contradiction Missing Inappropriate Refusal Hallucination —w/o our reasoning strategy —w/o our reasoning strategy w/o our reasoning strategy

Method Recall  Precision | Recall  Precision | Recall  Precision | Recall Precision Recall  Precision E 3 w. our reasoning strategy g 3 w. our reasoning strategy O w. our reasoning strategy 3 . Ablatlon ShOWS that StruCtured
= | — | o~ T
RAGChecker [34] 0.960 0.692 - - - 0.486 0.346 - 1 — _ 2 1 =1 — . .
RAGEval [35] 0.958 0.926 0.059 0.039 0.825 0.650 - 0.095 0.132 2 E | = T = = m CoT reasoning and ﬁne—gralned
G-Eval [37] 0.703 0.703 0.881 0.394 0.772 0.550 0.267 0.143 0.385 0.294 g S e . . .
MAEDA w. Qwen3-14B 0.747 0.789 0.902 0.676 0.887 0.601 0.987 0.711 0.935 0.680 ' s : ahgnment COIlSlStGIlﬂy 1Improve
MAEDA w. GPT-4o0 0.960 0.947 0.922 0.758 0.907 0.633 0.987 0.757 0.860 0.769 g g »
MAEDA w. Fine-tuned models* | 0.973 0.936 0.941 0.800 0.928 0.726 0.987 0.711 0.935 0.680 @ - &, L perform ance.
* denotes the use of our fine-tuned models for retrieval error, contradiction and missing, with Qwen3-14B for other error types. = G?"if*“ Q wuu'ﬁ’l'ﬂ*ﬁ ﬂHEﬁ_g,i=,s:"r'»j‘:"'1L = (‘;‘F‘f’ﬂ!‘ﬂ lem'ﬁfl'ﬂ"ﬂ ﬁﬁmﬁ,ﬁ;‘&ﬁ“ (‘1'1“3\-‘% Qﬂrﬁ’ﬁfl‘ﬁ O ﬂﬁsﬁk‘ﬂt
TABLE II Model performance on fine-grained error type classification (on Commercial EDA Tool Dataset) (a) Retrieval E (b) Contradict (©) Missi
o cirieva ITor Oniradiciyon C 1551NE
Method Retrieval Error Contradiction Missing Inappropriate Refusal Hallucination &
etho Recall Precision Recall Precision Recall Precision Recall Precision Recall Precision
RAGChecker [34] 0.821 0.902 - - - 0.648 0.246 1 1 1 -
ek 1 Ol T ooss | oss  07ss - oess - ome | 1.MAEDA outperforms baselines across all error types, achieving performance comparable to GPT
G-Eval [37] 0.833 0.641 0.476 0.217 0.852 0.264 0.667 0.08 0.546 0.270 4 . h d . 1 . d b
MAEDA w. Qwen3-14B 0507 0976 | 0.667 0625 | 0818 0600 | 0827 0811 0872 0531 O with advantages 1n complex reasoning and roobustness.
MAEDA w. GPT-40 0.866 0.951 0.767 0.697 0.848 0.800 0.940 0.758 0.782 0.550 . . . . . .
MAEDA w. Commercial tool models’ | 089 0952 | os0 o727 | osw  oms | os7  esu | osz osy | 2.Results also validate the effectiveness of hybrid evaluation and demonstrate strong generalization.
MAEDA w. Fine-tuned models* 0.866 0.921 0.700 0.700 0.909 0.600 0.827 0.811 0.872 0.531

T denotes the use of similarly trained commercial EDA tool models for retrieval error, contradiction and missing, with Qwen3-14B for other error types.

Conclusion

We propose MAEDA, a multi-agent evaluation framework for EDA tool documentation QA. By combining domain-specific error types with structured
reasoning and fine-grained semantic alignment, 1t enables accurate and interpretable error 1identification. We also release an OpenROAD-based benchmark
and develop tailored fine-tuning strategies for open-source models. Experiments demonstrate that MAEDA consistently outperforms SOTA methods.
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