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Concurrently, a GNN decoder, g, endeavors to reconstruct the AIG G from

Masked AIG Verilog 0.3 05 10540 0537 0.193 0.231  0.301 0.336  0.848 0470 0.862

0.3 0.7 10.498 0.514 0.178 0.223  0.299 0.316  0.823 0.441 0.820
0.5 0.3 10.439 0.4450.149 0.187  0.271 0.274 0.821 0402 0.821

B

: . Masked Gates
X according to: . 3 Erom MGM/A/GA B 05 05 0438 0470 0169 0204 0283 0331 0829 0450 0.836
% - % 0.5 0.7 0385 0415 0.140 0.168  0.247 0.304 0833 0433 0817
(X,ﬂ) _-g_gD(Xa“q)a (2)
Masked AIG AlG 0.7 0.3 10.347 0.3670.127 0.160  0.242 0292 0.871 0421 0.828
~ OPI 0.7 05 0400 0.366 0.111 0.175  0.228 0313  0.823 0433 0.832
where G denotes the reconstructed graph. 0.7 07 0366 0.359 0.138 0.169 0226 | 0305 0.794 0425 0.822
Oro
Masked Gate Modelin e :
9 ) AND Gate Generalization on Various GNNs
We uniformly sample a subset of gates Vmgm C V without replacement and >0NOT Gate S o
. . . . [ | L . . . o .
replace the remaining nodes with the mask token [M ASK}, which can be rep- Predicion [ t)llpe - Table 4. Generalization on various GNNs, including GraphSAGE and graph transformer.
— d
resented by a learnable vector m € R¢. Consequently, the masked node repre- [MASK] L
X = = q Yy b . -Il- - mﬁnl/ ‘igi ______ QoR Prediction Logic Equivalence Identification
sentation z; € Xmgm for each node v, is given by: || Catelevel L £, ree < o[0T 12[1]' CINNs NDCG@k 1 Top-4% Commonality T/
Degree Prediction & [12[AT1T1T2]0]! k=3 k=5 | k=3 k=5 k=10 ceibIon eed Core
2 T;, itv; € Vmgm; (3) Share Weights Indegree & Outdegree DeepGate2 0334 0.32410.116 0.157 0226 | 0295 0841 0424 0.804
¢ %4 fv. &V GraphSAGE ~ [0.469 0.4790.153 0.224  0.314 0.329  0.811 0455 0.841
m, 11 v, mgm*
Graph Transformer | 0.452 0.470 |0.154 0.212 0.311 0.324 0.789 0450 0.831
- . . . . L L . . DeepGON (Ours) |0.540 0.537 0.193 0.231  0.301 0.336  0.848 0470 0.862
The Xmgm is then fed into the decoder g to reconstruct the G Figure 4. Overview of the MGVGA for circuit representation including masked gate modeling

and Verilog-AlIG alignment.

International Conference on Learning Representations (ICLR), Singapore, Apr. 24-28, 2025,




