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Abstract: In the design flow of very large scale integration (VLSI), the logic synthesis stage serves as a bridge be-
tween architectural design and physical implementation. However, there is often a significant discrepancy between the ini-
tial timing bottleneck paths analyzed by logic synthesis tools and the actual timing bottlenecks after placement and rout-

ing (P&R). This “timing inconsistency” mainly originates from two dimensions: first, in the synthesis stage, due to the lack
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of physical layout information, electronic design automation (EDA) tools usually employ wire load models to estimate inter-
connect delays, which makes it difficult to capture complex parasitic effects under deep sub-micron processes; second, mod-
ern chips contain a wide variety of logic gates and highly complex topological connections, which significantly increases
the computational difficulty of accurate static timing analysis (STA) during logic synthesis. To address these challenges,
this paper proposes BottleneckNet, a timing bottleneck prediction model for large-scale digital chips. First, in terms of fea-
ture engineering, to address the issue where large-scale design netlists are too large for deep learning models to train, a
netlist feature extraction method based on the concept of register sub-graph (RSG) is proposed. This method performs struc-
tural pruning on the netlist topology, retaining only the critical combinational logic information between registers. This fea-
ture extraction process can be completed with a time complexity of O(n), thereby meeting the processing requirements for
industrial large-scale netlists. In terms of model architecture, a dual-channel feature propagation model based on graph neu-
ral network (GNN) is designed. This model can simultaneously capture global features and local logic network topological
information of the circuit. By fusing dual-channel features, BottleneckNet achieves accurate perception of post-P&R timing
bottlenecks. A complete test dataset was constructed based on multiple sets of open-source large-scale designs. Simulation
experiment results show that the proposed BottleneckNet model demonstrates excellent comprehensive performance. In
terms of processing efficiency, the method can complete feature extraction and inference tasks for million-gate level designs
within minutes. In terms of prediction accuracy, for the worst 5%~20% timing bottleneck paths, the prediction accuracy of
the proposed method is not only significantly better than the light gradient boosting machine (LightGBM) model, but also
much higher than the calculation results given by Synopsys design compiler (DC), a mainstream industrial logic synthesis

tool, during the synthesis stage. The research results have important theoretical significance and engineering application val-

ue for guiding timing optimization after the logic synthesis stage and shortening the chip R&D cycle.
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Top=5% 60.64% 73.98% 79.66% 71.60% 71.71% 92.66% 73.25% 65.98%
Top-10% | 68.19% 89.91% 67.52% 71.76% 80.18% 96.15% 71.16% 69.94%
Top-20% | 79.23% 90.10% 99.74% 86.50% 86.68% 97.40% 83.17% 80.13%
ARICTAE
RMSE 0.016 0.47 0.012 0.76 0.52 0.04 0.15 0.57
R’ 0.99 0.79 0.99 0.62 0.85 0.99 0.84 0.75
Kendall 0.85 0.88 0.87 0.85 0.83 091 0.75 0.72

XFF A R, AR SCHET 28 nm T2 FEIFA# H DC
AT R LEE 3 Innovus 58 Y BRI R B 2= A
LR SENL, VAR 58 B R I A A
4.2 HEEEITfhREAR

AR JH Kendall™ 58 HOK PFAl A AL 100 25 5 5
Innovus T EL7E 7 28 56 W $ HE A4 i P R S0 HE P 22 18] 1)
AHOCHE . W3R 2 FR , FE VAL RE AL BRI, AR SUARAL G
TEBE LA HE A5 , 0 RMSE 1 R? , 308 56 Y] 452 25 351 00 1) B
J 0 250 45 2R 5 92 B AR 22 1] (4 HE 7 AH OC 52 41 Kendall.
Kendall 8 5 , 15 W 5 413 42 5 1Y) 5L S I O 291 e 5 o
e 5 BRE A% T B T DR U I 22 N A O R AT
AL . Kendall 2 H0H T 2 WA e e 91 2 18] 1 HE PP
ARG, HAH3E 5 e < S L Top — k% 6 b5 . X T4
ANREAY A SCIBCHT k% 1Y I TP T IF 3152 In-
novus B 2845 BT k% B2 4E

Ty PEANGE SCAE 2.1 45 . A SCH Toede T0S Al
Timoves Sl 73 | F R AR SCHY LAY DC LA K innovus %l H 1)
i RS . BRI 4, Top — k%, k e 5, 10,20 3 3277 %t
THZEM 5% . 10% . 20% HIF FF ST iy b 4

Top — k% W AR k=X (4) (K (5) Fos

model innovus
‘ TTop—k% ﬂ TTop—k%

0 —

Top_k/omodel_ . (4>

7 innovus

Top — k%
DC innovus
TO k‘V ‘ TTopfk% ﬂ TTopfk% (5)
— A—
p be T innovus
Top - k%

45 x= (xlwxza '”’xn)’y: (ynJ’za ---,y,,)%ﬂﬁ/l\{’t
B IR (9 7 91568 — X 08 5 () (),
Fixzx, By, 2y, WK ER TR A B, 70 R
—H .
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Kendall &£« i1 5RA K= (6) Pron
N.-N,
= 0.5n(n-1)

Hrp N Fom—E R, N, R A — B0

FE 2 bR TAR R, Wy BT AR T 3 2 R AR T i
BT PR . o TR — i, A SR I ATE
2 5%~20% I T s 48 b 0 0000 A8 264 & T T R IEAR
FEbR . X — 16 bR BERE PRHE (o de ™ F AR, A JEAT
XS PERAL . TR 0 L 5% F1 20% Y (A2 Tl 52
Berfrw A I . A SCg i ik BAA RigdE ]
DIAR I BB RR oK, 1 TF 2 Top — k% i [l .

(6)

4.3 SKIERSH

Y TR A BOHAR R R R HLAR Ut 22 ) 22 S W)
B ASCRE—E (leave-one-design-out) A8 B IE
JrgE . BARH G, 7R — S B A B B AR
IR, AR AR A BT b U ZRA T SR AR A% 1A A5
RITEAN R R 45 b iz AP RE .

F TR IR T BT 05 1 AE B AR A el P ALl
RB B IL . FERAE SR IO B X TR RIS, L
AARF NI ZEE BT . A SCRRHIE S O R RE 1S
SEIANA Y RBCR . SRV R Bl 2 RSG A
W2 (Full-Graph). A SCHEQRAF ICHEI 175 B A [R] I, 12
AU 1 PRI, DT A 2 s A ALY 2R 3808

F3 RIS B RAHERBUNZE I 2R 0 R

it BT RS L FHIE S i /s RV
Cells Nets Registers BFS RBFS SpeedUp Full=Graph RSG SpeedUp
3des 51272 51506 8 808 10.38 1.02 10.23x
swerv_wrapper 83672 86 596 13 986 37.44 4.68 8.00x
XiangShan 89970 104 762 16 812 35.40 1.62 21.85x
OpenE906 106 350 108 161 12 080 41.85 8.04 5.21x
12 378.42 243.58 50.82x

OpenC906 228 840 233 384 29 488 214.70 51.61 4.16x
ich1024 283 226 327264 65 854 664.81 7.78 84.45x
ich2048 559 638 646 183 129 625 3173.14 20.02 158.50x
OpenC910 2199 080 2221913 242706 12 446.50 236.11 52.71x

e 4 Y T 235 TR a0 2 2 B . DCECHE R oRT LA £
B FEX BT rh A SCRYBALTE Top — k% B
T PR G2 T DC AT Light GBM.

K 3K 4 R T A SCRIBIRL S DC Y S0 285 S 1Y
FEG . AT RAWEL S, % T €906, DC TELE 4 I W B A ik
HY S AT A —E IS B E . SR, X T HE AR
M1 €910, DC R F e LT AN HAT L bRt SR
M. EZREEAET, KR T2 28 22400, 3 BA
S Y AR A A, B TR G 1A STA T HAE B/
Y ERAE B0 LE A T B B LA ROV A 5 1 08 B PR
. AR Z R T LR 2= ) B9 77 % (U0 LightGBM P &

Actual vs Predict

Actual

Predict

K13 €06 FmIAL R 5]

Actual vs Predict

Predict

&4 CO10 FMIRLCR 5]

ASCHE LAY BottleneckNet ) 75 M /NS 1 1140 3 21 K
TR, ATHRE DA AT 5 ey 1) PG 2

FKARIRNRHA L R AR, A TR
UEAS SO Y f R G A RO A SCHE A T AR R
FEAF 38 T8 AL X LG S . NFR 4 1S5 R LLE F
AT FH B T R AT I S AT TR e 2% T 4 55 4k 40
B UL B X Top — k% FoIsE e J6 200 A4 i v 4R 2 25
UL I Y PO 45 R L X B E R T 2 R R A
HME . YA A RRRIE S 5B ZRaT B R A% 2% )
B AN W B it 2 18] 1y 35 22 S, AT 4 AR A Y iz
Ttk
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R4 (UERBAFEEES BB EH T
Model Metric 3DES swerv_wrapper | XiangShan OpenE906 | OpenC906 ich1024 ichb2048 | OpenC910
Top-5% 38.39% 69.54% 46.84% 57.38% 51.24% 79.67% 48.87% 32.09%
Top—10% 48.81% 71.56% 57.26% 71.76% 73.62% 90.43% 61.19% 39.09%
Top—20% 59.78% 90.10% 75.60% 80.84% 83.39% 95.07% 81.27% 52.83%
ASL ey BRI 1
RMSE 0.11 1.38 0.15 0.84 0.52 0.096 0.21 1.19
R? 0.77 0.08 0.43 0.51 0.21 0.95 0.73 0.08
Kendall 0.63 0.81 0.41 0.73 0.77 0.70 0.64 0.17
Top—5% 60.64% 73.98% 79.66% 71.60% 71.71% 92.66% 73.25% 65.98%
Top—10% 68.19% 89.91% 67.52% 72.27% 80.18% 96.15% 71.16% 69.94%
Wi Top-20% 79.23% 91.70% 99.74% 86.50% 86.68% 97.40% 83.17% 80.13%
RMSE 0.016 0.47 0.012 0.76 0.48 0.04 0.15 0.57
R? 0.99 0.79 0.99 0.62 0.85 0.99 0.84 0.75
Kendall 0.85 0.88 0.87 0.85 0.83 0.91 0.75 0.72
5 g:'n:ill’.\. [5] LU Y C, KIRAN PENTAPATI S S, ZHU L J, et al. TP-
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SRR AE R R A X SO R BT R i S
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