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Research on static voltage drop prediction of IC power supply network
based on ResCSP-34

Li Yue Xia Yimin

(School of Integrated Circuits, Guangdong University of Technology,Guangzhou 510006, China)

Abstract: With the continuous development of VLSI circuits, the design of the on-chip power delivery network is
becoming increasingly important, and the performance of the design needs to be reflected by calculating the quiescent
voltage drop of the power delivery network. However, traditional computational methods are time-consuming,
resulting in longer chip design cycles. In order to shorten the cycle of chip design and improve the efficiency of chip
design, this paper proposes a fast static voltage drop prediction model based on convolutional neural network—ResCSP-
34. The model adopts the encoder-decoder structure, firstly the residual network ResNet34 is modified as the main
structure of the encoder. then the feature fusion module is introduced into the decoder, and the attention mechanism
module is introduced at the connection of the encoder and the decoder, and finally a loss function combining the mean
square error, Pearson correlation coefficient and mean absolute error is proposed to train the model. Experimental
results show that on the CircuitNet dataset, the average absolute error of the model prediction results is 0.7 mV,
which is less than 1 mV, the average value of the Pearson correlation coefficient is greater than 0. 93, close to 1, and
the average total time for static voltage drop prediction for an on-chip power supply network design is 7. 36 s, and the
average inference time of the convolutional neural network is 0. 015 s. Experimental results show that the ResCSP-34
model can quickly and accurately predict the quiescent voltage drop.

Keywords: integrated circuits;static voltage drop;convolutional neural networks;encoder-decoder;attention mechanism
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Average — 0.0007 0.9416 0.0007 0.9302

M MAE Fil PCC 1y MK 45 3 7T LUE 8l 4 78 i
ResCSP-34 7€ 5 8% HM o, - ¥ MAE /N F 1 mV,
HA 0. 7mV, MHERARECN 0. 941 6. 84T 7 )5 ResCSP-34
Xt nvdla-small il Vortex-small X # 25 1i% i1 9 F 33 MAE
AR RET 14. 226 R 1026, 3 PCC 4 5l & T 3. 700 M
2. 5%, MR 1S MAE F19F-¥ PCC 284k AR K, 4341 Ry
0.7mV M 0.930 2, AT TEIEY )5, BB L
REfE It — 2.

HEAF—R IR Drop Wil A9 £ FAREH RN 6 FrR. M
6 TTLAA WY KR G - S 4 BN ] A 0. 015 s, T 76—
B 1C Ll w B L3 810 A2 T LR AE
Fid S5 (0 3% 55 A5 BT #E 2% A0 A 18] B 28, 43 92 6. 53 s Al
0. 82 s, FH BN 7. 36 s, HTHE LA/ LG5

BUR B MAE/v PCC 7 VAT G A SO 10 7 0 7 T BE 1 LA W) M 1A 32
Lossl 0.001 6 0.812 1
Loss?2 0.001 3 0.852 3 % 6 — IR Drop F il i B i8]
Loss3 0.001 1 0.881 9 o ¥ ] /s
FRAE BRI 6.53
IS B SR TT LA 1 L BT Loss RPRELIEFT I 25T R 44 8 0.015
Y2k 80 R B 4 MAE H Lossl & 31.3%., H Loss2 {i% iz 5 4 0. 82
15. 4% ,PCC H Loss1 & 8. 6% .k Loss2 55 3. 5%, Sk J6] 7.36
VLY I () 45
T Ao R AT I S5 3% AR B, & AR B % AR B 160 .
4 & it

LU T sk, AR A R IR 160 YR EF MAE A1 PCC
B gE SRR 5 iR .
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& & F .4 T ResCSP-34 #9£ i, & At & W 2% & b & 5 TR0 A1 72

i 8 1

T AR Y, T 5 X AH 56 Y A SCOEE AT RRAR 4R I, 45 B AR

Xt 7 (4 RFAE T SR J A5 A B ResCSP-34 H iff A7 WU , 754 5]

O, 3 S5 AR SR X RE A IR Drop TN 4R 2. o

ResCSP-34 T %t it 4% - i i #3545 14 , IT L7 4 L 25 1 fie 1)

FEHALBI AT CBAM V1 WL Bk — 25 4 o 4

BRI PERE . S0 45 R R U, A0 H AL A B AR LE L 76 A0 W] 1) 8

ZHONHIE BT ResCSP-34 Fl £5 R () MAE F1 PCC ¥

st T MEARER A U SRR B A A SO T — A

A% 5 T 4 J7% 22 MSE . /R #h 40 56 R # PCC A7

Y XT 1R 2 MAE (9487 28 B8 20Ok X 488 80 R 171 25 . 52 4 45

R AR 2% & T MSE.PCC #1 MAE #9451 2 o8 2

AT YNGR AR B M RETE 4 . e 5 A I I 2 1 2 AR

BT ResCSP-34 4 T WS4 B 25 2R 19 F 35 MAE 7 1

mV LA, FE A R F0AE 0.93 LA E L IF H— K IR Drop

T A - 35 s ) A 7. 36 s, AMESE R TN Jr ik AR H, B

A R O R BB 4R R BT A R 64T IR Drop

SRR RS, AT 2 5 ) BRI T ROCR . T AR SO

AU ASE L o S s RN S T LA AT RO A e 14 i

H o SEUFUIM YR 22 TR AR 19 W 5T Hp AT LA — 25 6k A5 A

P4 45+ HE AT BICHE 1 45155 20 BB A% 1 3 N A LD R R

ATAT I A0 B0 A1 Y 5 22
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