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ML-Driven Optimization of Standard Cell Performance

and Timing in Advanced Nodes
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Abstract: Standard cell performance and timing optimization becomes increasingly challenging in advanced tech-
nology nodes such as sub-3 nm nanosheet FET (NSFET) with buried power rails (BPRs). In this paper, we propose a
novel standard cell optimization methodology based on machine learning (ML) that simultaneously achieves perfor-
mance improvement and timing balance while reducing simulation overhead. For INV/NAND2/NOR?2 cell layouts
designed with 3 nm NSFETs, we perform post-layout simulations using parasitic component extraction (PEX) to
compute delays and power and generate a dataset. Using this dataset, we train an artificial neural network (ANN)
model as an objective function and perform multi-objective Bayesian optimization (MOBO) under explicit design
rules and cell height constraints to achieve 1:1 rise-fall delay symmetry across the cells. Within this framework, high
performance (HP) applications target minimum propagation delay with 1:1 symmetry, while low power (LP) appli-
cations target minimum total power with the same symmetry. For 3 nm and beyond NSFET technology, delay is
reduced by up to 23.2% for HP INV cells, and power is reduced by 10.3% for LP NAND?2 cells. For NAND2/NOR?2
cells, the rise-fall delay balance is improved by more than 15%. To evaluate the performance of the optimized stan-
dard cells, a 7-stage ring oscillator (RO) and a 4-bit ripple carry adder (RCA) were used as test circuits. The results
show significant improvements in both delay and power efficiency.

Index terms: Standard cell, nanosheet field-effect transistor (NSFET), buried power rail (BPR), timing, perfor-

mance, multi-objective Bayesian optimization (MOBO)), artificial neural network (ANN)

I. INTRODUCTION

As technology nodes scale below 3 nm, gate control
over the channel weakens significantly [1]. To overcome
this limitation, the nanosheet field-effect transistors (NS-
FETs) with a gate-all-around (GAA) structure have been
introduced [2-6]. They provide a higher drive current per
area [8]. However, the increased structural complexity of
NSFETs intensifies the impact of parasitic components,
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not only within the device but also from the middle of line
(MOL) and the back end of line (BEOL), which can sig-
nificantly degrade both digital and analog/RF circuit per-
formance [7]. As aresult, accurate prediction and effective
minimization of parasitic effects have become critical.

Previous works have proposed analytical models to
predict parasitic components in NSFETs while account-
ing for structural variations [9,10]. These models, com-
patible with the Berkeley short-channel IGFET model
(BSIM), enable circuit performance evaluation through
SPICE simulations. By incorporating actual device struc-
tures, they facilitate accurate prediction and effective min-
imization of parasitics, leading to performance optimiza-
tion.

With the advancement of technology nodes, maintain-
ing the timing balance in standard cells has become in-
creasingly challenging. Standard cell timing has been opti-
mized by adjusting the channel width and length of P- and
N-type transistors [11-15]. However, since channel length
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scaling has stagnated in advanced nodes, timing optimiza-
tion primarily depends on the channel width, which is lim-
ited by the fixed cell height [12,15].

Recently, machine learning (ML)-based optimization
methodologies have been proposed to improve device
and circuit performance under such constraints. However,
most prior studies have primarily focused on device-level
parameter optimization using conventional evolutionary
algorithms such as genetic algorithms (GA) [16] and
NSGA-II [17], while a few works have attempted to ex-
tend the scope toward design-technology co-optimization
(DTCO) [18] or optimization for specific applications
such as SRAM [19]. Although these early DTCO ap-
proaches are useful for optimizing device parameters, they
generally do not explicitly incorporate circuit-level timing
balance into the optimization objectives. They also tend
to ignore design rule constraints imposed by the fixed cell
height, which are essential in standard cell layout design.
In addition, they often overlook the size of the datasets
required before optimization. This paradoxically leads to
situations where the time required to generate training
datasets can exceed the computational cost of exploring
optimal design candidates.

In this paper, we propose a novel standard cell optimiza-
tion methodology that addresses the challenges in perfor-
mance optimization while simultaneously achieving tim-
ing balance. The artificial neural network (ANN) model
is trained to take structural parameters as input and the
key performance metrics as output. Once trained, an op-
timization algorithm is applied to identify structural con-
figurations that maximize performance. To ensure design
feasibility and improve computational efficiency, a con-
straint function is introduced during the optimization pro-
cess. This function limits the design space to only those
configurations that satisfy the given constraints. A novel
sizing method is incorporated to maintain the timing bal-
ance between P- and N-type transistors under a limited
cell height, achieving a 1:1 rise-fall delay ratio. As shown
in Table 1, the proposed approach outperforms existing
methods by optimizing both aspects without being con-
strained by a fixed cell height. Moreover, instead of alter-
ing routing or interconnect parameters, it selectively opti-
mizes structural parameters that most significantly impact
performance. We employ an ANN-based model to predict
standard cell performance metrics (rise delay, fall delay,
propagation delay, and total power) as a function of struc-
tural parameter variations, and achieve equal or better pre-
diction accuracy and speed with significantly fewer train-

Table 1. Comparison of prior related works and the proposed
ML-driven optimization methodology.
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ing samples than simulation-based approaches, thereby
maximizing data efficiency in the optimization process.
Our main contributions are as follows:

* We propose the ANN-based model for standard
cell performance prediction that achieves 99% accu-
racy with 7.56x fewer training samples than SPICE
simulation-based approaches.

* Applying the multi-objective Bayesian optimization
(MOBO) for standard cell performance and timing
optimization, we reduce the propagation delay by
23.2% in high performance designs, and the total
power by 10.3% in low power designs.

* The proposed method improves timing symmetry
(i.e., balance between rise and fall delays) by more
than 15%.

In Section II, the device and standard cell structures and
parameters that will be used in this study are defined. In
Section III, the process of generating the objective func-
tion using the trained data through the ANN objective
function model is explained. In addition, the MOBO pro-
cess is described to optimize total power and propagation
delay. In Section IV, the performance of test circuits is
evaluated by applying the optimized structures. Conclu-
sions are given in Section V.
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II. DEVICE AND STANDARD CELL
STRUCTURES

1. Device Definition and Simulation Conditions

The NSFET was implemented using Synopsys Sentau-
rus TCAD [20]. Fig. 1 shows the 3-D and cross-sectional
views of a typical 3-sheet NSFET structure. The 3-sheet 3
nm NSFET structural parameters were determined based
on [2,6,21-24]. The equivalent oxide thickness (EOT) re-
ported in the international roadmap for devices and sys-
tems (IRDS) was adopted, and the gate height was mod-
eled independently from the source/drain regions to ac-
curately reflect actual device structures. In addition, the
channel doping concentrations are 10'® cm~ for N-type
and 10" cm™3 for P-type, while the source/drain dop-

0% cm~3 for N-type and 10*!

ing concentrations are 5 x 1
cm ™3 for P-type. The structural parameters that are used
in this study are shown in Table 2. As shown in Fig. 2,
calibration was performed on the I-V measurement data
of the IBM 3 nm NSFET [2] to verify the physical models
applied in TCAD. The error was achieved within 1%.
Using the calibrated TCAD dataset, the BSIM-CMG
model parameters were extracted, and the analytical par-
asitic capacitance models including contact parasitics [9]
were incorporated into BSIM-CMG to construct the NS-
FET SPICE model. While the core I-V models are pre-
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Fig. 1. NSFET device structure: (a) 3D view, (b) Y-axis cross-
section, and (c) X-axis cross-section.

Table 2. Device structural parameters of 3 nm NSFET.

Geometrical parameters Value [nm]
Contacted gate pitch (CGP) 44
Oxide thickness (7,y) 1.5
Source/Drain (S/D) length (Lgz) 8.5
Gate length (L) 16
Spacer length (L)) 4
Sheet width (Wyjeer) 25
Sheet thickness (Typeer) 8

(@) (®)
x10%

O Simulation
——Measured Data

O Simulation
—Measured Data

Drain current (A)
Drain current (A)

10710

"0 01 02 03 04 05 06 0.7
Gate voltage (V)

0 0102 03 04 05 06 0.7
Gate voltage (V)

Fig. 2. Calibrated I-V curves with measurement data [2] in (a)
linear scale and (b) log scale.

served, geometry-dependent parasitic components are ex-
plicitly modeled, enabling the proposed framework to
achieve high accuracy in circuit-level performance pre-
diction with respect to layout-related parameters such as
Wineer and contact configurations.

2. Standard Cell Definition and Optimization Pa-
rameters

The standard cells were implemented using Synopsys
Custom Compiler [27]. All layers used in the 3 nm NS-
FET layout were referenced from FreePDK3 [28]. Based
on FreePDK3, the interconnect technology file (ITF) and
a subset of design rule parameters were modified to reflect
our 3 nm NSFET and to satisfy the 5-track cell height. In
this study, the standard cell height is defined as the product
of the metal pitch and the number of tracks, and the power
and ground rails adopt the buried power rail (BPR) scheme
provided by FreePDK3. The design rules are as follows:
The BPR is connected to MOA (MOL) through a VBPR
(via), and to MOB (BEOL) through a VOA (via). Addi-
tionally, MOB is connected to M1 (BEOL) through a VOB
(via). The standard cell is composed of sub-metal layers
routed in both horizontal and vertical directions. A design
is carried out to meet these design requirements and to
match the 5-track cell height [29-31]. The INV layout us-
ing the 3 nm NSFET is shown in Fig. 3 and the design pa-
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Fig. 3. INV layout using 3 nm node NSFETs [28].
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Table 3. Description of key layout design parameters used for
standard cell construction.

Design parameters Value [nm]
Cell height 1735
BPR width 31.5
MOA width 15

VOA area 13 x 13
MOB width 12
MOB spacing 12

VOB area 10 x 14

M1 width 14
M1 spacing 14

rameters are shown in Table 3. Within the cell height con-
strained by the number of metal tracks, design parameters
that significantly affect parasitic component variations and
their ranges were selected. The width and height of inter-
connects, vias, and contacts, which can affect the perfor-
mance of standard cells, are fixed to minimum values for
each process node and are difficult to modify. Therefore,
designers should select design parameters that can be ad-
justed and have a significant impact on the parasitic com-
ponents and key performance metrics of the standard cell.
The selected design parameters are sheet width (W),
P/N spacing, and the number of gate fingers (NF). First, in
the design rules of the developed standard cells, the min-
imum spacing between BPR and the sheet is 10 nm, and
the minimum spacing between P-type and N-type transis-
tors is 22 nm. Therefore, within this range, Wy, can be
set to 20-50 nm, and P/N spacing can be set to 22-82 nm.
Next, the driving strength is determined by the output load
connected during circuit operation, and the output load is
set according to fan-out [14]. Fan-out 1-4 (FO 1-4) is a
value that reflects the typical load condition in general de-
signs, and represents a reasonable and realistic load that
is neither too small nor too large. Moreover, it maintains
a similar trend even when technology nodes change, mak-
ing it a suitable key metric for performance predictions for
technology scaling and high performance circuit designs.
Therefore, the NF', which determines the driving strength
depending on the output load of the NSFET, is set to 1-4
[32].

To apply the proposed standard cell optimization
method, three basic types of cells (i.e., INV, NAND, and
NOR) were selected as representatives [33]. For standard
cells with more than two connected P- or N-type transis-
tors, an increase in channel width leads to a corresponding
increase in the total effective capacitance. As shown in
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Fig. 4. Schematic diagrams of (a) NAND and (b) NOR.

Table 4. Variation ranges of standard cells for 3 nm NSFET pa-

rameters.
Wheer [nm] | P/N spacing [nm] | NF
Value ranges for INV 20-50 22-82 1-4
Value ranges for NAND 20-40 22-82 1-4
Value ranges for NOR 20-35 22-82 1-4

Fig. 4(a), the NAND consists of N-type transistors con-
nected in series. In this configuration, the drain of the first
NMOS and the source of the second NMOS form an in-
ternal node. Due to the overlapping diffusion and junction
capacitances of the two NMOS transistors at this node,
the fall delay increases during switching operations [34].
While the on-current increases with the channel width, it
has been observed that when Wy, exceeds 40 nm, the
increase in total effective capacitance outweighs the delay
reduction effect. Therefore, the W, range of NAND is
between 20-40 nm. In contrast, as shown in Fig. 4(b),
the NOR cell has P-type transistors connected in series,
leading to similar issues to NAND. However, since the
diffusion capacitance of P-type transistors is larger than
that of N-type transistors [6], the delay reduction effect
in NOR is more significantly offset than that in NAND
[34]. Therefore, the W,.; range of NOR is smaller than
NAND, which is between 20-35 nm. The range of design
parameters for each standard cell is shown in Table 4.

III. PROPOSED ML-BASED
OPTIMIZATION METHOD

1. ANN Model for Objective Function

To generate the datasets, the Sobol sampling method
was used [35]. This method is known to efficiently ex-
plore the design space with a minimal number of sam-
ples, and it helps in obtaining datasets with various pa-
rameters. The performance of the standard cell was eval-
uated using 135, 256, 512, and 1024 samples extracted
through Sobol sampling. After performing parasitic ex-
traction (PEX) using Synopsys StarRC, post-layout simu-
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Fig. 5. Architecture of the proposed ANN-based objective func-

tion model.
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Fig. 6. Test error according to the ANN model size.

lations were conducted using Synopsys HSPICE to extract
rise delay (t,.x), fall delay (¢,41), propagation delay (z,),
and total power (P) [36,37]. Here, total power is expressed
as the sum of static power and dynamic power. The ANN
model was trained using 135 samples generated by Sobol
sampling. After training, the ANN model created a multi-
objective function, and the relationship between input X
and output Y was expressed using the transpose matrix of
the weights (W) and the biases (b) as follows:

Yk :WTX+ba (k:[pHLa [pLHa [[77 P) (l)

The ANN objective function model consists of one in-
put layer, two hidden layers with 20 hidden neurons each,
and one output layer, as shown in Fig. 5. The number of
neurons in each hidden layer was set to 20 because this
configuration achieves approximately 99% test accuracy
while maintaining a modest model size, as shown in Fig.
6. The input layer is composed of Wy, , P/N spacing, and
NF, which represent the standard cell structure parame-
ters, while the output layer consists of the performance
metrics of the standard cell to be optimized, namely #,4;,
tprh, tp, and P. When determining the size of the ANN
model, the amount of training data must be considered.
This is because as the number of training data increases,
the model size also increases, which in turn raises compu-
tational costs and the risk of overfitting. During the data
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Fig. 7. (a) Test accuracy according to the number of training data
with Sobol sampling and (b) validation loss according to
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Fig. 8. Accuracy of the ANN-based objective function model for
NAND cells: (a) propagation delay and (b) total power,
compared against SPICE simulation.

preprocessing stage, the input was scaled using the Min-
Max scaler, and the output was logarithmically scaled for
learning efficiency. Hyperbolic tangent was used as the ac-
tivation function and the Adam optimizer was used. In ad-
dition, the mean squared error loss function was used to
evaluate the model accuracy, and early stopping was im-
plemented to prevent overfitting due to larger epochs.

To evaluate the test accuracy, we gradually increased
the training data from 8 to 135 samples using the Sobol
sampling method. The results are shown in Fig. 7(a),
where the accuracy reached 99% when 135 samples were
used. The training and test datasets consisted of 135 Sobol
sampling data points and 30 random samples, respectively,
and the simulation ran for 30,000 iterations [38]. Fig. 7(b)
shows the average loss incurred when the trained ANN
model makes predictions on a validation dataset that was
not used in the training process. This is used to evaluate
whether the model is overfitting the training data. It can
be observed that as the number of iterations increases, the
validation loss decreases, indicating that the ANN model
used in this study achieves higher accuracy on the valida-
tion dataset. To accelerate the training, the NVIDIA Titan
XP GPU was used, and it was confirmed that the ANN
model completed training in about 2 minutes. Fig. 8 com-
pares the accuracy between the trained ANN data and the
data obtained through simulation, achieving an accuracy
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of over 98.5%. In this study, standard cells that satisfy a
rise and fall delay ratio of 1:1 were designed with the ob-
jective of minimizing the propagation delay (high perfor-
mance) and total power (low power) based on the design
goals. This objective can be expressed as follows.

max (—Y; ) & max(—Yp),
(t, : Propagation delay, P : Total power). 2)

2. MOBO Model for Optimization

We optimized the standard cell performance using the
MOBO model, which efficiently balances multiple perfor-
mance metrics with high prediction accuracy using a small
number of samples. By leveraging a Gaussian process-
based probabilistic model and an acquisition function,
MOBO selects informative accelerate convergence. It ef-
fectively predicts the Pareto frontier and iteratively refines
designs.

The MOBO model uses a Gaussian process regression
(GPR) model [38]. The GPR model represents the rela-
tionship between the standard cell structure parameters
and performance, considering the uncertainty of the ob-
jective function expressed by the variance of the new pre-
dicted data. Furthermore, it models the uncertainty be-
tween the initial training dataset and the currently ex-
plored dataset, and after selecting new samples, it iden-
tifies the standard cell structure that maximizes the hyper-
volume using the acquisition function. Finally, the con-
straint function is applied to filter out the optimal standard
cell structures that do not satisfy the 1:1 rise and fall delay
ratio. The algorithm uses the parallel noise-expected hy-
pervolume improvement (QNEHVI) acquisition function
of the Botorch package for parallel processing of MOBO
to determine the next candidate [39]. The output corre-
sponding to the explored input points is interpreted by
the ANN objective function model. As a result, the input-
output design space is updated by the GPR model. This
process is repeated for the defined 80 optimization itera-
tions. The function selects the next data point whose hy-
pervolume is significantly improved compared to the ref-
erence point in the MOBO process. Here, the hypervol-
ume is used as a performance metric for Bayesian opti-
mization, which allows for a wider exploration of the ob-
jective function space [38].

IV. RESULTS AND DISCUSSIONS
1. Standard Cell Results

We compared the performance of standard cells opti-
mized using the Sobol sampling method with that op-
timized using the MOBO model. Conventional perfor-
mance optimization methods, based on different design
rules and layer structures, are excluded from comparison
[14,40]. Fig. 9 shows the hypervolume for the acquisi-
tion function, indicating that the optimization process con-
verges sufficiently after 80 iterations. Fig. 10 shows the
change in the optimal values explored within the design
space as the number of simulation samples increases. A
larger number of samples is needed to explore the optimal
values. However, as the number of samples increases be-
yond 1024, the optimal point almost converges. Therefore,
we set the optimal number of simulation samples to 1024
using the Sobol sampling method. The constraint was set
to ensure a rise and fall delay ratio of 1:1. Data that did
not satisfy the constraint were excluded from the candi-
date group for the MOBO process iterations.

Fig. 11 shows the distribution of optimal points satis-
fying the constraints for each design objective of NAND
obtained using Sobol sampling-based simulation and the
MOBO model. While the simulation-based approach re-
quired 1024 samples to reach optimal solutions, the
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Fig. 9. Hypervolume evolution of the MOBO acquisition func-
tion for (a) high performance and (b) low power applica-
tions.

a b
( ) X107 ( ) 1><1o"
— NV | [I%
w15 — ) 08 EENAND
S NOR = V. WEINOR
k 2
[
'g 1 g 0.6
]
3 Zo4
o5 g
g R 0.2
o
o
0 - ; 0
135 256 512 1024 135 256 512 1024

The number of samples

The number of samples

Fig. 10. Optimal values according to the number of simulation
samples: (a) Propagation delay and (b) total power.



136

(a)

8 T v .
I O Sobol sampling + Simulation
| @ Bestfrom Sobol sampling + Simulation
§7.8 I 5% Model + MOBO
= * | Y Bestfrom Model + MOBO
376 *|
3 1 (o) o)
3 © o %05 ©
o B (e] (0]
14 (0]
00 Oo
] & o ©
s VG o) ¢
Prals & £ 0
“lE & * O
22
7 ] 1 " M "
1 15 2 25 3
Propagation delay [s] x10™
(b) ;
x10
85— T
O StarRC + HSPICE
@ SstarRC + HSPICE LP best point (Ref point)
— 8 ¥* MOBO
E % MOBO LP best point
875 ﬁg)
[T N0
*H L 50
3 [xeRDc
o 7
g *
F 6.5 *
Optimal
6 space
1 15 2 2.5 3

Propagation delay [s] x10™
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high performance mode and (b) low power applications.

MOBO model achieved better results with only 135 sam-
ples. As a result, MOBO identified 6, 4, 5, 2, 4, and 2
additional valid design points within the optimal space
for INV HP/LP, NAND HP/LP, and NOR HP/LP, respec-
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tively. Tables 5 and 6 show the optimal structural parame-
ters, performance, and required sample numbers. First, the
structures optimized by the proposed MOBO framework
generally exhibit smaller Wy, and appropriately adjusted
P/N spacing compared with the simulation-based optimal
structural parameters, while the required drive strength
tends to be compensated by adjusting NF'. For example,
in the HP INV case, the PMOS and NMOS Wy, val-
ues are reduced from 30/30 nm to 20/20 nm, and the P/N
spacing is increased from 41 nm to 76 nm, whereas the
NMOS NF is increased from 3 to 4. This configuration
reduces the gate, diffusion, and junction capacitances at
the P/N boundary by increasing the P/N spacing, while
maintaining sufficient drive current through the increased
NF, thereby reducing the propagation delay of the HP INV
by approximately 23.2%. In the LP application, the pro-
posed MOBO framework mainly selects structures that
minimize power by shrinking the Wy, of transistors con-
nected in series in NAND/NOR cells to suppress diffu-
sion capacitance at internal nodes, and by adjusting the
P/N spacing. As a result, it achieves up to 10.3% reduc-
tion in power for the LP NAND case compared with the
simulation-based optimal structural parameters.

We further performed a Spearman correlation analysis
to investigate how the explored directions of the optimal
structural parameters obtained from the proposed MOBO
framework affect delay and power. The Spearman correla-

Table 5. Comparison of optimal structural parameters obtained from simulation-based and MOBO-based optimization.

Optimal structural parameters [nm]

PMOS Wyjeer PMOS NF NMOS Wypeer NMOS NF P/N spacing

HP LP HP LP HP LP HP LP HP LP

INV Sim. 30 40 4 1 30 30 3 1 41 32
MOBO 20 26 4 1 20 34 4 1 76 52

NAND Sim. 30 30 4 2 20 30 3 2 62 62
MOBO 26 26 3 2 20 20 4 2 70 58

NOR Sim. 20 25 4 3 25 25 2 1 72 62
MOBO 20 20.5 4 2 23.5 20.5 2 1 52 52

Table 6. Performance comparison of optimal structures obtained using simulation-based and MOBO-based optimization.

tp [PS] tpr [Ps] tp [ps] P [nW] Required samples
HP LP HP LP HP LP HP LP

INV Sim. 8.19 17.50 8.51 17.08 8.35 - - 696.29 1024
MOBO 6.45 18.35 6.35 18.26 6.41 - - 625.49 135

NAND Sim. 12.30 23.60 14.40 25.60 13.40 - - 718.47 1024
MOBO 11.58 18.94 11.71 18.93 11.65 - - 644.17 135

NOR Sim. 11.10 14.10 13.20 16.20 12.20 - - 684.56 1024
MOBO 10.07 17.13 10.08 17.14 10.08 - - 622.11 135
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Table 7. Spearman correlation coefficients between structural
design parameters and performance metrics.

INV NAND NOR
pty) | p(P) | p(tp) | p(P) | p(ty) | p(P)
PMOS Wyjeer 0.66 | 0.38 | 0.59 | 0.46 | 0.34 | -0.19
PMOS NF -0.36 | 0.23 | -0.36 | 0.22 | -0.63 | 0.49
NMOS Wyjeer 050 | 0.52 | 0.62 | 0.33 | 0.10 | -0.04
NMOS NF -0.27 | 0.67 | -0.27 | 0.73 | -0.64 | 0.85
P/N spacing -0.50 | -0.35 | -0.36 | -0.26 | -0.06 | -0.03
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Fig. 12. Comparison of standard cell rise and fall delays.

tion is a metric that can quantify the importance of nonlin-
ear relationships between input and output variables [41].
As shown in Table 7, the propagation delay of the three
cells (INV, NAND, and NOR) exhibits a positive correla-
tion with the PMOS and NMOS Wy,.., , whereas it shows
a negative correlation with P/N spacing, PMOS NF, and
NMOS NF. This quantitatively supports that an excessive
increase in Wy, leads to an increased cell propagation de-
lay, while widening the P/N spacing or appropriately ad-
justing NF is more effective in reducing propagation de-
lay. For power, the correlation coefficients between power
and NMOS NF are 0.67, 0.73, and 0.85 for INV, NAND
cells, and NOR, respectively, indicating that an increase in
NMOS NF is a dominant factor that increases total power
consumption.

Fig. 12 shows the rise and fall delays of the final stan-
dard cells designed using optimized INV, NAND, and
NOR. In the cases of NAND and NOR HP, the rise and
fall delay ratios are improved by 15.8% and 18.7%, re-
spectively. Since complex standard cells (i.e., XOR, AOI,
OALI DFF, etc.) consist of a combination of INV, NAND,
and NOR, optimization can be well achieved. In addi-
tion, the rise and fall delay ratios of more complex stan-
dard cells are improved. Therefore, MOBO can optimize
the rise and fall delay ratios of various standard cells to
be much closer to 1:1 compared to simulation-based ap-
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Fig. 13. Comparison of standard cell performance across opti-
mization methods: (a) propagation delay and (b) total
power.

proaches. Fig. 13 compares the performance of various
standard cells. MOBO showed significantly better per-
formance optimization results than simulation-based op-
timization, resulting in improved performance optimiza-
tion for a variety of standard cells. The simulation took 40
minutes for 80 iterations on a computer with an Intel Core
19-7900X CPU.

2. Test Circuit Results

To evaluate the optimized standard cells, a 7-stage ring
oscillator (RO) and a 4-bit ripple carry adder (RCA) were
used as test circuits [12]. Total power (LP) and prop-
agation delay and frequency (HP) were measured for
the RO, while total power (LP) and propagation delay
(HP) were measured for the RCA. The frequency means
the oscillation frequency measured during operation [42].
The SPICE model was adopted from previous research
[9,25,26,43,44]. As shown in Table 8, the RO achieved
a rise-fall delay ratio close to 1:1, which is about 12%
better than the simulation-based design. In addition, for
HP, the propagation delay was reduced by 22.9% and
the frequency was improved by 29.9%. For LP, the total
power was reduced by 19.2%. The performance of the 4-
bit RCA designed using various standard cells optimized

Table 8. Performance comparison of 7-stage RO and 4-bit RCA.

HP LP Diff. [%]
Sim. | MOBO | Sim. | MOBO
tpry [ps]  [11.06 8.08 |[22.83] 24.10 -
tour [psl | 9.78 | 7.97 [20.35| 23.49 -
T-stageRO| P [nW] - - 42.776| 3456 | 19.2
t, [ps] 10.42] 8.03 - - 229
Frequency | cgs| g9 | - - 29.9
[GHz]
Abit RCA P [nW] - - 10.26| 9.03 11.9
1, [ps] 18.92] 15.41 - - 18.6
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by simulation-based approach and the MOBO model was
also evaluated. For HP, the propagation delay was re-
duced by 18.6% and for LP, the total power was reduced
by 11.9%. Based on these results, we can conclude that
not only can timing be symmetrically improved in com-
plex circuits but also overall performance can be signif-
icantly improved. Furthermore, performance and power
consumption improvements are expected at larger com-
plex circuit levels.

V. CONCLUSIONS

In this work, we presented a ML-driven framework
for standard cell performance optimization that integrates
Sobol sampling, an ANN-based objective function model,
and MOBO engine. Key Structural parameters that crit-
ically affect propagation delay and total power were se-
lected. Under a constraint function based on the fixed cell
height and technology design rules, the ANN objective
function was defined to jointly minimize propagation de-
lay and total power.

The performance optimization was performed within
the MOBO framework, using an objective function and
a constraint function with a sizing method to maintain rise
and fall delay balance. Both propagation delay and power
consumption were reduced while using 7.56 x fewer sam-
ples than simulation-based approaches. Validation on var-
ious standard cells and on representative benchmark cir-
cuits (7-stage RO and 4-bit RCA) demonstrated up to a
22% reduction in propagation delay.

Beyond performance optimization, the framework is
readily extensible to statistical variability analysis. By re-
defining the ANN objective to model variation-related
metrics (e.g., threshold-voltage mismatch, layout depen-
dent effects (LDE), or MOL/BEOL RC variability), the
same MOBO framework can efficiently explore statistical
tail regions of device and circuit variability distributions.
This capability provides a promising alternative to Monte
Carlo simulations, enabling accelerated statistical charac-
terization with significantly fewer samples.

Future work will extend this framework to more com-
plex standard cells and larger logic structures, such as
AES blocks and high-fanout combinational paths. In addi-
tion, integrating the methodology with automated cell lay-
out generation and explicitly modeling MOL/BEOL par-
asitics will further enhance its applicability to full-chip
timing and power optimization in advanced semiconduc-
tor nodes.
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