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Abstract—Yield-driven analog circuit design under process,
supply voltage, and operating temperature (PVT) variations re-
mains a major challenge, particularly as technology advances and
design goals diversify. Traditional yield analysis relies on time-
consuming Monte Carlo simulations, while PVT-aware sizing
often depends on hybrid fidelity model-based methods that suffer
from slow training and limited efficiency. We propose an efficient
algorithm to overcome these limitations. First, Monte Carlo sim-
ulations are replaced by a sensitivity-based fast yield estimation
technique. Second, a hybrid fidelity Kriging model based on
incremental learning with a self-adaptive training strategy greatly
reduces training costs. Third, an efficient nested optimization
framework incorporates prescreening to lower prediction time
and a nested-selection mechanism based on Nondomination
Rank and dynamic weighted Local Outlier Factor to enhance
convergence and diversity. Finally, a general many-objective
optimization strategy enables effective trade-offs among four or
more design goals. Experiments on two real-world analog circuits
show that our algorithm reduces model training time by up
to 99%, achieves 4.68× acceleration in total runtime, improves
Hypervolume by up to 430%, and consistently produces high-
yield designs (>97%), outperforming state-of-the-art approaches
in yield-driven, PVT-aware, many-objective sizing problems.

Index Terms—Yield-driven, many-objective optimization, hy-
brid fidelity model, incremental learning, analog circuit.

I. INTRODUCTION

For the past few decades, the increasing demands of high-

performance, low-power, and low-area circuits have made

the manual analog Integrated Circuit (IC) design much more

difficult. Automated analog circuit sizing has attracted more

research interest [1]. With the scaling down of IC technology,

process variation combined with the fluctuations in supply

voltage and operating temperature (PVT) deviates circuit per-

formance from expected, increasing the threat of functional

failures [2]. Therefore, PVT-aware analog sizing has become

an interesting and urgent field of research.

Analog circuit sizing methodologies can be broadly divided

into two categories, depending on the optimization objec-

tive. Single-metric optimization focuses on a single figure of

merit, yielding the best design solution [3], [4]. In contrast,

multiobjective optimization simultaneously considers multiple

performance metrics and generates multiple Pareto fronts and

Pareto solutions [5], [6]. This empowers designers to select the

design that most closely aligns with their specific application

requirements. In this work, we focus on the latter.

In real-world analog circuit design, there exist many objec-

tives (≥ 4), rather than merely multiobjective (≤ 3) [7]. Most

current sizing strategies revolve around the nondominated

sorting genetic algorithm (NSGA-II) [8]. However, as the

number of objectives grows, NSGA-II identifies an increasing

number of Pareto solutions, making it difficult to distinguish

truly promising solutions and thus degrading solution quality,

i.e., the Dominance Resistance (DR) phenomenon [7]. These

shortcomings highlight the urgent need for sizing techniques

that remain effective in genuinely many-objective scenarios.

Existing PVT-aware analog sizing methods trade fidelity for

efficiency. Ref. [6] conducts High-Fidelity (HF) evaluation for

each candidate design, which conducts simulation on all PVT

corners and uses the worst-case performance as the design

metric, but this exhaustive evaluation is prohibitively time-

consuming. To alleviate this, [9] and [10] employ Bayesian op-

timization with hybrid fidelity Kriging surrogate models: can-

didates satisfying a variance-based criterion trigger expensive

HF evaluations, while others are assessed using nominal Low-

Fidelity (LF) runs, greatly reducing runtime. However, two

major issues persist. First, model training can dominate total

optimization time [6], and hybrid frameworks involve training

different fidelity models, multiplying the time costs. Second,

the optimizer in [9] is highly sensitive to the hyperparameter

γ, requiring problem-specific tuning [11], and although [10]

is less sensitive to hyperparameters, its Monte Carlo (MC)-

based HF candidate decision rule incurs extra Kriging model

prediction time, resulting in higher computational overhead.

Most optimization algorithms still use discrete process cor-

ners (e.g., TT, FF) to characterize process variation and design

for worst-case performance across all corners. This approach

is often overly conservative [12]. Conversely, designing for op-

timal performance often fails to guarantee optimal yield [13].

To effectively balance performance and yield, yield-driven

analog circuit sizing becomes essential. However, traditional

yield analysis techniques such as MC simulations and others

remain computationally expensive and are thus impractical

for fast evaluation [14]–[16]. Consequently, developing a fast

and efficient yield-driven, PVT-aware analog sizing method

remains a critical challenge.

In this work, we propose a PVT-Robust many-objective

Analog Sizing algorithm via Nested hybrid fidelity framework



with Incremental Learning (RASNIL). The primary contribu-

tions are listed as follows.

1) We introduce a sensitivity-based fast evaluation method

that rapidly extracts analog circuit yield along with various

performance metrics without requiring MC simulations, re-

placing traditional worst-case process corner approaches and

steering optimization toward high-yield designs, accelerating

yield-driven, PVT-aware analog sizing.

2) We develop a hybrid fidelity Kriging surrogate model

based on incremental learning with a self-adaptive training

strategy, dramatically reducing time costs of model training.

3) We propose an efficient nested hybrid fidelity Bayesian

optimization framework that reduces model prediction time

via a prescreening technique and promotes both convergence

and diversity by employing a nested-selection strategy based

on Nondomination Rank (NR) and dynamic weighted Local

Outlier Factor (LOF).

4) We employ a general many-objective optimization strat-

egy that consistently identifies a small set of promising can-

didate designs across varying numbers of objectives, enabling

effective trade-offs among various design goals (≥ 4) while

avoiding the DR phenomenon.

The rest of the paper is organized as follows. We provide the

background information in Section II. We detail the proposed

RASNIL method in Section III. The experimental results are

illustrated in Section IV. Finally, we conclude in Section V.

II. BACKGROUND

In this section, we introduce the definition of multiobjective

optimization, yield analysis, and Kriging model.

A. PVT-Aware Multiobjective Optimization

Without loss of generality, we assume all objectives are

cast as minimization problems—an assumption that likewise

underpins the ensuing theoretical developments. Consequently,

the analog sizing under PVT variations can be posed as a

robust constrained multiobjective optimization problem:

min
x∈Rd

(
max

s∈SPVT

f1(x, s), . . . , max
s∈SPVT

fm(x, s)
)

s.t. max
s∈SPVT

gi(x, s) ≤ 0, i = 1, 2, . . . , k.
(1)

Here, x ∈ R
d is the vector of d design variables, fi(x, s)

is the i-th objective evaluated under PVT corner s, gi(x, s)
is the i-th constraint evaluated under PVT corner s, SPVT

denotes the set of all considered PVT corners, m and k are

the numbers of objectives and constraints, respectively.

Consider two candidate solutions x1,x2. We say x1 dom-

inates x2 (denoted x1 ≺ x2) if ∀i ∈ {1, . . . ,m}, fi(x1) ≤
fi(x2) and ∃i ∈ {1, . . . ,m}, fi(x1) < fi(x2). Multiobjective

optimization aims to find a uniform set of non-dominated solu-

tions, i.e., Pareto solutions, instead of a single best design. The

constrained-domination [8] is employed to handle constraints.

B. Yield Analysis

In the statistical device model provided by the foundry,

process variation are usually expressed as some process pa-

rameters p that satisfy particular distributions, such as the

threshold voltage Vth, the saturation velocity vsat, the gate

oxide thickness Tox, etc. Yield Y is the probability that

the objective functions corresponding to circuit performances

φ(p) belongs to the set of successful events Z.

In the brute-force MC method, the yield is approximated as

the proportion of samples that meet the conditions to the total

samples NMC, because all samples pi, i = 1, 2, ..., NMC are

generated according to the same distribution.

Ŷ =
1

NMC

NMC∑
i=1

l (φ(pi) ∈ Z) , (2)

where l is the indicator function.

l (φ(p) ∈ Z) =

{
1 φ(p) ∈ Z
0 φ(p) /∈ Z.

(3)

C. Kriging Model

The Kriging model treats the response at any design point

as a Gaussian random variable, which is fully characterized by

the mean function and correlation function. A widely adopted

choice for the latter is the Gaussian correlation kernel:

R(x,x′) = exp
(
−

d∑
i=1

θi (xi − x′
i)

2
)
. (4)

Here, θ = (θ1, θ2, . . . , θd) is the vector of hyperparameters

and x,x′ are two distinct points.

The goal of training the Kriging model is to find the best

hyperparameters θ̂ for the observed data, and consequently

building R, which is the n × n correlation matrix whose

(i, j)-th element is R(xi,xj ;θ). Given n sample points

{x1,x2, . . . ,xn} and their corresponding objective values

y = {y1, y2, . . . , yn}, the hyperparameters are estimated by

maximizing the likelihood of the n observations. A commonly

used equivalent formulation is as follows [17]:

θ̂ = argmax
θ∈Rd

(−n
2 ln σ̂2 − ln |R |), (5)

μ̂ =
1TR−1y

1TR−11
, (6)

σ̂2 =
(y − 1μ̂)TR−1(y − 1μ̂)

n
. (7)

Here, 1 is an n-dimensional column vector of ones. By

leveraging a trained Kriging model, we maximize an acquisi-

tion function at each iteration to select promising designs for

simulation, augment the dataset with the new observations, and

repeat the cycle until convergence on the optimal solution—an

approach known as Bayesian optimization [18].

III. PROPOSED ALGORITHM

In this section, we elaborate RASNIL algorithm in detail.

A. Yield-Driven PVT-Aware Analog Circuit Sizing

In PVT-aware analog sizing, designing for optimal per-

formance does not guarantee optimal yield. To ensure cir-

cuit robustness, yield-driven analog circuit sizing is critical.

However, classical yield analysis methods require thousands

of transistor-level simulations [14]–[16]. To enable a rapid

optimization flow, we perform a rapid yield evaluation using a



sensitivity-based technique [19], [20]. From a single sensitivity

analysis of design x, we can extract all key performance

metrics and their gradients with respect to parameters p, then

build linear surrogate model for each performance metric:

φ(p) = φ0 + JT
0 p. (8)

Here, φ0 and J0 are the nominal performance and its

gradient at p0 = [0, 0, . . . , 0]. Performances at p are obtained

directly from model predictions instead of costly MC simu-

lations, and then the yield are estimated based on (2) with a

relatively high accuracy [20]. Thus, a single sensitivity anal-

ysis provides all performance metrics and yield without extra

simulations. As shown in the upper-left region of Fig. 1, the

corner set-based strategy is applied to voltage and temperature

variations, while yield under process variation is estimated at

each corner using surrogate models.

Another critical issue is the strong trade-off between an

analog circuit’s various performance metrics and its yield.

Optimizing all of them simultaneously as objectives leads

to suboptimal overall performances [21]. Therefore, we treat

yield as a constraint in analog sizing.

B. Incremental Hybrid Fidelity Kriging Model

In general, HF evaluations are prohibitively expensive, while

LF evaluations are cheaper but less accurate. Hybrid fidelity

model leverages multi-fidelity datasets to exploit the correla-

tions between these two levels to improve overall efficiency.

Assume model φh and φl represent the approximation of HF

and LF functions, respectively. For simplicity, based on the

trained model φl, φh can be expressed as follows [9]:

φh(x) = ρφl(x) + δ(x). (9)

Here, ρ is a scale factor and δ(x) is a residual Kriging model

whose hyperparameters must be learned from HF dataset.

However, the hybrid fidelity model introduces multiple

training costs. Assume that a Kriging model has been trained

with n samples and that one additional sample becomes

available. Because the goal of updating model is obtaining

the new R−1, we employ incremental learning technique

to updates the inverse directly [22], re-using R−1 from the

previous model and thus avoiding a full retraining.

Let the enlarged correlation matrix after inserting the (n+
1)st sample be R̃. The original matrix R forms the upper-left

block of R̃, which can be partitioned as

R̃ =

⎡⎢⎢⎢⎢⎢⎣
R11 . . . R1n R1(n+1)

R21 . . . R2n R2(n+1)

...
...

...

Rn1 . . . Rnn R(n)(n+1)

R(n+1)1 . . . R(n+1)n R(n+1)(n+1)

⎤⎥⎥⎥⎥⎥⎦ =

[
R A

A� B

]
,

(10)

where A and B are the block matrices of R̃. Applying the

block matrix inversion formula yields

R̃
−1

=

[
R−1 +R−1AC−1A�R−1 −R−1AC−1

−C−1A�R−1 C−1

]
.

(11)

Fig. 1. Framework of RASNIL.

Here, C = B − A�R−1A. Consequently, R̃
−1

can be

derived directly via matrix operations instead of retraining,

markedly reducing computational costs.

With the incremental learning strategy in place, the hybrid

fidelity model no longer has to be retrained from scratch

whenever new data arrives. When a HF sample is added, we

incrementally update the residual term δ(x), while holding

both ρ and φl constant; if the new sample is LF-type, we

instead update the LF component φl, while fixing both ρ and

δ(x) constant. In addition, we adopt a self-adaptive strategy

to reduce computational costs: the hybrid fidelity model is

fully retrained every H simulations; otherwise, it is updated

incrementally. The value of H is adaptively adjusted according

to Hmin and Hmax, following the method in [6].

C. Efficient Hybrid Fidelity Optimization Framework

In hybrid fidelity optimization, both the fidelity level and the

candidate solution should be determined in each iteration. Tra-

ditional methods determine fidelity level via a variance-based

criterion [9], [10], which suffers from several drawbacks as

demonstrated in Section I. Moreover, they rely on surrogate

models to estimate variance—forcing these models to be

highly accurate (and thus costly to train)—and risk misclas-

sification whenever their predictions fall short of precision.

To reduce this dependence, Ref. [11] introduces a randomized

scheme: draw u ∼ U [0, 1]; if u ≤ η, evaluate at HF-level,

otherwise at LF-level. Although η is a hyperparameter, it is

problem-agnostic and requires no per-problem tuning. How-

ever, the candidate determination strategy in [11] still relies

on numerous model predictions and computes Hypervolume

(HV) at each iteration, incurring high time costs, especially

in many-objective scenarios [6], [23]. Therefore, we adopt the

randomized scheme but replace the candidate determination

procedure with a more efficient alternative.

For LF candidate solution determination, assuming λ
is the population size, LF dataset is first ranked by the

many-objective-based strategy that will be elaborated in Sec-

tion III-D; the top λ designs become parents and produce λ
offspring by employing differential evolution and polynomial

mutation algorithms [24]. Offspring are then prescreened with

the Expected Improvement Matrix (EIM) acquisition func-

tion [25] to select the best candidates. In contrast to traditional

internal optimization for maximizing the acquisition function,

which solves a sub-optimization problem and therefore re-

quires numerous model predictions, and to the strategy in [11],



Algorithm 1 RASNIL Algorithm

Require: Max number of iterations Nmax, threshold parameter η,
population size λ;

1: Initialize datasets Dh, Dl via Latin Hypercube Sampling;
2: Build hybrid fidelity models for objectives and constraints;
3: Compute initial Pareto Front from Dh;
4: for i = 1 to Nmax do
5: Draw a random number u ∼ U [0, 1];
6: if u > η then
7: Rank Dl by many-objective-based strategy; select top λ

designs;
8: Generate λ offspring via Differential Evolution and Polyno-

mial Mutation algorithm; prescreen best via EIM → xnew
l ;

9: Conduct LF evaluation on xnew
l ; update Dl;

10: else
11: Let DS = Dl \Dh; compute NR, LOF on DS;
12: Compute weight; compute CS on DS;
13: Select xnew

h = argmaxx∈DS CS(x);
14: Conduct HF evaluation on xnew

h ; update Dh and Pareto
Front;

15: end if
16: if self-adaptive criterion met then
17: Fully retrain hybrid fidelity models;
18: else
19: Incrementally update hybrid fidelity models;
20: end if
21: end for
22: return Final Pareto Front;

the prescreening technique requires only λ model predictions

in each iteration, reducing time costs.

For HF candidate solution determination, we employ the

nested-selection strategy [11]: each new candidate is chosen

from the set difference between the LF and HF datasets,

leveraging existing data. To rank the designs in this difference

set DS, we compute a Composite Score (CS) that merges

NR [8] with a dynamic weighted LOF [26]. Assume x is a

design in difference set, the t-objects in HF dataset closest to x
are called t-nearest neighbors of x and are denoted as Nt(x).
LOF is an outlier detection method based on local density:

LOF(x) =
1

t

∑
x′∈Nt(x)

ρt(x
′)

ρt(x)
. (12)

Here, ρt(x) is the local reachability density of x [26]. From

(12), LOF(x) quantifies the outlierness of x by comparing

its local density ρt(x) with the average density of its t-
nearest neighbors Nt(x). If x is isolated from Nt(x), then

LOF(x) 	 1; if it lies within the neighbor cluster, then

LOF(x) ≈ 1. With the help of LOF, we can find outliers

and enhance the diversity of HF dataset. Based on LOF, the

CS of candidate design x can be expressed as follows:

CS(x) = (
1

NR(x)
)′ + w(LOF(x))′. (13)

This type of score simultaneously captures convergence (via

NR) and diversity (via LOF) without requiring model predic-

tion or HV evaluation. We apply min–max normalization [27]

to both NR and LOF to remove any order-of-magnitude

effects, resulting in (1/NR)′ and LOF′. Moreover, to prevent

a large LOF weight from hindering convergence in the late

optimization phase, we employ a dynamic weighted strategy:

(a) (b)
Fig. 2. General many-objective optimization strategy. (a) The proportion of
Pareto solutions selected from 100 candidate solutions under different numbers
of objectives. (b) Illustration of Dist. The blue rectangle indicates that all
solutions in this region dominate x0.

the weight w is gradually reduced every several simulations.

For simplicity, we align this update schedule with that in

Section III-B, i.e., we decrease w after every H simulations.

D. General Many-Objective Optimization Strategy

As shown in [7], most candidate solutions become mu-

tually nondominated in many-objective scenarios. Using the

DTLZ7 [28] benchmark as the objectives, the blue solid

line in Fig. 2(a) illustrates the proportion of Pareto solutions

selected from 100 candidates by the NSGA-II-based approach

under varying numbers of objectives. As the objective count

increases, the classical method identifies an increasing number

of Pareto solutions, making it difficult to distinguish truly

promising designs and thus degrading solution quality, i.e.,

the DR phenomenon. To address this, we transform the many-

objective into multiobjective by employing two indicators [29].
1) Convergence Indicator: This indicator is used to estimate

the convergence of the solution on all objectives. We first

apply min–max normalization to each objective, then sum the

resulting normalized values to quantify convergence.

Ic(x) =

m∑
i=1

f ′
i(x). (14)

Here, f ′
i represents the i-th objective after normalization. A

smaller Ic(x) corresponds to better overall performances.
2) Diversity Indicator: The diversity indicator is used to

assess the degree of difference between different solutions:

Id(x) =
1

min
x′∈U, x′ �=x

Dist(x,x′) + 1.0
, (15)

Dist(x,x′) =

√√√√ m∑
i=1

(
min

(
0, f ′

i(x)− f ′
i(x

′)
))2

. (16)

Here, U is the set consisting of all candidate solutions.

Assume solution x0 (red circle in Fig. 2(b)) represents x.

If any x′ such as x1 falls in the dominating (blue) region

of the solution x, then the Dist(x,x′) equals to zero and

Id(x) reaches the maximum value, i.e., 1, indicating that x
is non-preferable. Otherwise, Dist(x,x′) is computed from

the differences between the normalized objectives. Thus, a

smaller Id(x) both preserves solution diversity and steers the

population toward promising regions [29].

Fig. 2(a) further shows the comparison between NSGA-

II and the proposed general approach. The results indicate



that the former struggles to discriminate among candidates

in high-dimensional objective spaces, whereas the general

approach consistently identifies a small set of truly promising

solutions regardless of the number of objectives, demonstrating

its effectiveness for many-objective scenarios.

We summarize the RASNIL in Fig. 1 and Algorithm 1.

IV. EXPERIMENTAL RESULTS

In this section, we compare RASNIL with several algo-

rithms: (1) NSGA-II [8], (2) MFBO [9], (3) FUZYE [16],

and (4) SILE [6]. The results are summarized in Table I.

NSGA-II, MFBO, and SILE omit yield/MC in their original

forms (marked N/A). FUZYE is a yield-driven and PVT-aware

analog sizing method, but each iteration runs multiple full MC

simulations, making it slow. In contrast, RASNIL avoids MC

simulations via surrogate-based yield estimation for fast sizing.

To further evaluate solution quality and optimization effi-

ciency, we test RASNIL on two real-world analog circuits

against three adapted baselines:

1) NSGA-II∗ [8]: a classical simulation-based multiobjec-

tive optimizer enhanced with RASNIL’s rapid yield analysis.

2) MFBO∗ [9]: a hybrid fidelity Bayesian optimization

framework, modified with EIM-based acquisition function for

multiobjective tasks and integrated with rapid yield analysis.

3) SILE∗ [6]: a single-fidelity Bayesian optimization frame-

work with acquisition and self-adaptive strategies similar to

RASNIL, also integrated with rapid yield analysis.

With this integration, all baseline methods become yield-

driven. For HF evaluation, performance and yield are assessed

under nine corners (supply voltages and temperatures), requir-

ing nine simulations per HF evaluation, i.e., nine sensitivity

analyses, while LF evaluation requires only one simulation.

Sensitivity analysis is conducted using the Xyce simulator

[30]. All experiments run on a Linux system with an Intel

Core i7 CPU and 8 GB RAM.

For RASNIL, we begin with 20 HF and 80 LF evaluations

(260 total simulations), set λ = 20 and t = 10, and use a

self-adaptive strategy with Hmin = 20, Hmax = 100. The

weight of LOF starts at 1 and decays by 10% each time

the self-adaptive criterion is met. To conserve HF evaluations

before feasibility is achieved, we use η = 0.2; once a feasible

solution is found, η increases to 1/3 to more thoroughly

explore diverse HF solutions. RASNIL and MFBO∗ are lim-

ited to 1000 simulations, NSGA-II∗ to 5000, while SILE∗-1k

and SILE∗-3k denote limits of 1000 and 3000, respectively.

All Kriging-based models in RASNIL, SILE∗-1k, SILE∗-3k,

and MFBO∗ are trained for 50 iterations. In this work, we

demonstrate HV and success rate to quantify solution quality.

For cases where no feasible solution is found, HV = 0.

A. Two-Stage Operational Amplifier

This example is a Two-Stage Operational Amplifier (OPA)

implemented in a 180 nm library at 1.8 V supply voltage as

shown in Fig. 3(a). There are 11 design variables, including the

lengths and widths of transistors, resistance, and capacitance.

We choose the Vth of each MOSFET as the process parameter,

TABLE I
COMPARISON OF ALGORITHMS

Methods NSGA-II MFBO FUZYE SILE RASNIL
PVT-Aware Optimization Yes Yes Yes Yes Yes

Yield-Driven Optimization No No Yes No Yes
MC Simulation Requirement N/A N/A Yes N/A No

(a)

(b)
Fig. 3. Schematics and design specifications of two examples. (a) OPA. (b)
CMP.

resulting in a total of 16 process parameters in consideration.

A total of 9 corners are considered, including three supply

voltages (1.62 V, 1.8 V, 1.98 V) and three temperatures (−40
◦C, 27 ◦C, 85 ◦C). The worst performance metrics and yield

under all corners are used for optimization. The optimization

problem is also illustrated in Fig. 3(a), where Gain denotes

the dc gain, UGBW means the unity-gain bandwidth, and PM

is the phase margin. Power is the dc power consumption of

the OPA. Area∗ is used to replace the actual area, which is

the product of all design parameters.

We repeat the experiment of each method 10 times to verify

the robustness of algorithms. The experimental results are

shown in the first part of Table II. With the sensitivity-based

fast yield analysis module, all algorithms achieve high-yield

final designs (> 96%) without additional MC simulations.

Besides, RASNIL surpasses the baselines in both HV and

success rate, achieving up to a 430% improvement in HV.

RASNIL achieves a speed up of 4.17× compared to NSGA-

II∗ and cuts training time by 99% compared to MFBO∗.

As shown in Fig. 4(a), hybrid fidelity models retrain fully

only when the self-adaptive criterion is met; otherwise, they

perform much faster incremental updates. The prescreening

technique also reduces model prediction time. SILE∗-1k in-

volves only 111 HF evaluations, resulting in a smaller dataset

and shorter training time, but also relatively few iterations. In

contrast, RASNIL, as a hybrid fidelity optimization algorithm,



TABLE II
STATISTICAL OPTIMIZATION RESULTS OF OPA AND CMP. SILE∗-1K

AND SILE∗-3K REPRESENT THE MAXIMUM SIMULATION COUNT

SETTINGS OF 1000 AND 3000, RESPECTIVELY

Methods NSGA-II∗ MFBO∗ SILE∗-1k SILE∗-3k RASNIL

OPA

Max HV 162.7 113.9 127.7 126.7 200.8
Min HV 0 0 0 3.7 12.9

Mean HV 34.0 12.2 39.1 60.3 64.7
Mean Yield 97.7% 97.6% 96.4% 97.6% 97.8%

Success Rate 6/10 3/10 7/10 10/10 10/10
Number of HF 555 82 111 333 79
Number of LF 0 261 0 0 292

Training Time/s N/A 6508 10 152 79
Total Runtime/s 16339 10242 3656 10528 3916

CMP

Max HV 61.3 61.4 73.8 79.1 80.7
Min HV 0 0 0 21.9 25.5

Mean HV 20.9 13.8 14.1 48.4 49.4
Mean Yield 94.5% 97.0% 96.4% 97.2% 97.3%

Success Rate 8/10 4/10 3/10 10/10 10/10
Number of HF 555 83 111 333 81
Number of LF 0 254 0 0 276

Training Time/s N/A 1270 8 129 64
Total Runtime/s 4481 2301 843 2597 958

employs dozens of HF evaluations and hundreds of LF eval-

uations. This enables more iterations, which are beneficial for

refining the search process, thereby yielding improved solu-

tion quality under a comparable total runtime. Furthermore,

RASNIL delivers a 2.69× acceleration over SILE∗-3k without

compromising solution quality.

B. Comparator

This example is a Comparator (CMP) implemented in a

65 nm library at 1.0 V supply voltage as shown in Fig. 3(b).

There are 24 design variables, including the lengths and widths

of transistors. Both Vth and vsat are considered, resulting in

42 process parameters. A total of 9 corners are considered

including three supply voltages (0.9 V, 1.0 V, 1.1 V) and three

temperatures (−40 ◦C, 27 ◦C, 85 ◦C). The worst performance

metrics and yield under all corners are used for optimization.

The optimization problem is also illustrated in Fig. 3(b), where

Delayr denotes the delay time of the rising edge, Delayf
denotes the delay time of the falling edge, and Power is the

dc power consumption of the CMP. Area∗ is the product of

all design parameters.

We also repeat the experiment of each method 10 times. The

experimental results are shown in the second part of Table II.

RASNIL algorithm also outperforms the baselines in terms of

solution quality, achieving up to a 258% improvement in HV.

RASNIL achieves a speed up of 4.68× compared to NSGA-

II∗, and cuts training time by 95% relative to MFBO∗—an im-

provement made possible by the incremental learning scheme.

In addition, compared with SILE∗-1k and SILE∗-3k, RASNIL

achieves significant improvements in solution quality and

optimization speed, respectively.

C. Ablation Study

To evaluate the effectiveness of dynamic weighted LOF

within the nested hybrid fidelity framework combined with

the general many-objective optimization strategy, we con-

ducted ablation studies. RASNIL-Base in Table III denotes

TABLE III
ABLATION STUDY RESULTS

Methods RASNIL-Base RASNIL

OPA

Mean HV 36.4 64.7
Mean Yield 95.6% 97.8%

Success Rate 8/10 10/10
Total Runtime/s 3885 3916

CMP

Mean HV 21.1 49.4
Mean Yield 96.6% 97.3%

Success Rate 10/10 10/10
Total Runtime/s 937 958

(a) (b)

(c) (d)
Fig. 4. The comparison of training time and the changes in weight. (a)-(b)
OPA. (c)-(d) CMP.

our method without LOF and the many-objective strategy.

In the early phase (Fig. 4(b)(d)), the LOF weight remains

near 1, guiding the algorithm to balance convergence with

diversity, thereby avoiding local optima. As the search pro-

gresses, the weight gradually decreases to ensure convergence.

Meanwhile, the many-objective strategy efficiently extracts

Pareto solutions from numerous candidates while mitigating

the DR phenomenon in classical NSGA-II∗. Overall, RASNIL

achieves higher solution quality without incurring additional

time costs, consistent with the experimental results shown in

Table III.

V. CONCLUSION

We propose RASNIL that integrates an incremental

learning-based training technique, a nested hybrid fidelity

framework, and a general many-objective optimization strat-

egy, to deliver fast, efficient PVT-aware analog circuit sizing

across numerous design goals—outperforming state-of-the-art

methods. Moreover, its sensitivity-based rapid yield analysis

makes the optimizer consider the robustness of circuits within

the optimization process without requiring MC simulations.
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