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Large-Scale EM Dataset-Driven Inverse Machine Learning
Surrogate Model for RF On-Chip Balun Performance Prediction
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Abstract

In this paper, we propose a tandem neural network (TNN)-based inverse design framework that derives optimal 3D geometries to
resolve the iterative design-simulation-redesign loop encountered in a 28 GHz 5G on-chip balun design. By training the neural network
on a dataset of 55,264 balun samples constructed via PyAEDT automation, we implemented a real-time model capable of generating
3D geometric parameters upon the input of the equivalent circuit parameters of the balun (e.g., L, O, k and CMRR). Validation of
the test set demonstrated high precision, achieving an R* value>0.96 and a mean absolute percentage error (MAPE) of approximately
2 %. Notably, the equivalent circuit parameters extracted via HFSS EM simulation of the balun structures derived by the model exhibited
a low error rate of 3.09 % in cross-validation, proving that the model successfully identified the optimal solutions.
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Fig. 1. Proposed on-chip balun structure.

GHAE 98 BM HolEAl /)% waey v Bd A
ZASE 4LE 222 AYATh A7) g IHS
£a) 28 soEE ZorEE WaE & AN
53] 28 GHIN ) S7H8R A4S FEae] naY
J BAEE) HolHE AESAT o 5 WA 3E
488 950 £ Aol B AFAAE B B4 5
S 9la) 4 ZES sle] 3XE SovHL WE
F 2Asd

A WeE wEe A5S 95 Tl 716}@@
sepeleE Aot 18 19 3D T2E 1

sl 4 14 28 FEW)SH AAEX, PY), Sekel x}

A 221 A4 F(SowW)# 7H4(S0X, SOY), wﬂ AAA
9 AYGY)E 7€k 2 Sted S8, & 19 770

o] 32 AA FErE #Eol YEHOE AMEHH, T E
o g SRR HARE(L, Ly, k, Q,, @ Ly,
Zy,, CMRR)7} 2922 Aot

dol8 FHE 93] Ansys PyAEDT APIS 2
HFSS Aol 2AHEE 2519t HE| o]
719ke] WE A2 E B3 o8 HFSS Al S 514 9
AZ FFE 55204709 frES AES FHIGT.
HFSS Al&dold AAE ©&¥ 3XE SugneE Z-
stebulE FHEZ WS, A ()~ (5)E FL8 5
7FE 2 B EE EEsTh
[m(Zn)

2nf

tp =

(1)

- [m(Zzz)
s oxf

)

H 1. getvE 29 w4l

Table 1. Parameter sweep ranges.

Parameter Length (um)
PX 2, 6, 10, 14
PY 2, 6, 10, 14
PW 4,5 6,7, 8 9, 10
SOX 2, 6, 10, 14
SOY 2, 6, 10, 14
SOW 4,5 6,7, 8 9, 10
GY 72, 80, 86, 92, 100
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Fig. 2. Equivalent circuit model of the proposed on-chip
balun.
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Table 2. Cross-validation results on the testset.

Performance metric R? score MAPE (%)
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Table 3. Cross-validation results of 3D geometric parame-
ters derived from a reverse model for a specific
target performance using actual HFSS simulation.

Performance metric Target HFSS result | Error (%)
Ly, (nH) 0.1200 0.1199 0.0518
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Table 4. Average error rates of HFSS 3D cross-validation
for geometric parameters derived from the inverse

model across 10 random unseen targets.
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