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Abstract—Migrating analog circuits with high-quality, silicon-
proven layouts from legacy nodes to newer processes typically
requires non-linear device resizing to recover electrical perfor-
mance. However, most existing migration frameworks assume
that the legacy placement can be reused as-is while only sizing,
routing, or design-rule spacings are updated. In practice, the
sizing adjustments needed to meet pre-layout specifications in the
target technology perturb device geometries and break this fixed-
placement assumption, which can degrade placement quality
and even render the migrated layout infeasible. This exposes
a largely unexplored perspective: sizing should be co-optimized
with placement feasibility during migration, rather than treated
as an independent electrical-only task. We present MigSizer, the
first physical-aware framework that formulates and addresses
this sizing and placement co-optimization problem. MigSizer pro-
poses the Effective Area Utilization Rate (EAUR), a deterministic
metric that estimates how a sizing solution affects the feasibility
of the migrated placement without full layout generation. Built on
EAUR, MigSizer employs a multi-objective Bayesian optimization
scheme with customized hypervolume-based acquisition functions
that exploit EAUR’s deterministic nature to navigate the trade-off
between electrical and placement quality. Experiments on diverse
analog and RF circuits show that MigSizer attains favorable
EAUR and FoM across benchmarks, with up to 34.2% FoM
improvement and 8.16x speedup over state-of-the-art baselines,
while also yielding better post-migration placement.

I. INTRODUCTION

With the continual advancement of technology nodes, many
analog circuits that already possess high-quality, silicon-
proven layouts on legacy nodes must be rapidly migrated to
newer processes while recovering, or even improving, their
performance. During this migration, the non-linear device
scaling introduced by the process change forces designers to
re-tune transistor widths, lengths, and passive values to restore
electrical performance in the target technology. Traditionally,
these sizing adjustments are handled independently from the
downstream physical design stage. In reality, as illustrated
in Fig. 1, this decoupling entirely overlooks that a sizing
solution dictated by the electrical specifications may be wholly
unsuitable for the placement migrated from the original design:
the resized devices no longer fit the legacy placement topology,
manifesting as poor area utilization, fragmented whitespace,
and, in the worst case, infeasible placements that demand
weeks of manual redesign per circuit block. This not only
inflates design cost but also squanders the valuable design
experience embodied in the legacy layout.

* Corresponding author: Rongliang Fu (rlfu@cse.cuhk.edu.hk).
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Fig. 1 Comparison between the traditional sizing flow and
MigSizer for analog migration. (a) The traditional flow tunes
sizing solely toward electrical specifications and then feeds the
fixed result to placement; the resulting geometry mismatch
against the legacy topology leads to worse area utilization.
(b) MigSizer injects physical evaluation into the sizing loop,
co-optimizing electrical performance and placement feasibility
so that each sizing candidate is admissible by the migrated
placement, yielding better area utilization.
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Existing analog migration works [1]-[4], which build upon
the layout design experience of the legacy process, almost
uniformly rely on a strong assumption: the legacy placement
is reused as-is, and migration only updates spacing rules,
routing, or process-dependent parameters. Constraint-graph-
based methods [1], [2] extract horizontal/vertical constraint
graphs (HCG/VCG) from the legacy layout and solve a linear
program to re-pack the same modules under new design
rules, while prototyping-oriented variants explore alternative
placement configurations but still treat device dimensions
as predetermined inputs. Regardless of the specific method,
however, all of them take the sizing result as a fixed input
to placement, so their achievable quality is tightly bound
by the quality of that sizing result. Among all stages of
analog physical design, placement is the most sensitive to such
geometric perturbations: it dictates the aspect ratio, whitespace
distribution, parasitic length, and the feasibility of the routing
and symmetry constraints that follow. An electrically attractive
sizing solution can therefore yield an unusable placement,
invalidating the fixed-layout assumption on which every down-
stream migration step depends.

Consequently, the sizing that adapts a design to the new



process is critical to obtaining a satisfactory migration out-
come. Meeting the pre-layout specifications in a new node
routinely requires non-trivial width/length re-tuning, varactor
re-sizing, and passive re-dimensioning. On the sizing side,
the literature has progressed along a separate track. Heuristic
methods such as evolutionary algorithms [5]-[7], reinforce-
ment learning (RL)-based sizers [8]-[11], and recent sample-
efficient Bayesian optimization frameworks [12]-[15] have
made significant progress in electrical performance optimiza-
tion, batch evaluation, and transfer across technologies. Yet
all of them target electrical objectives alone; none incorpo-
rates any notion of the resulting placement feasibility. When
coupled with a migration flow, these sizers readily produce
electrically compliant but physically unrealizable solutions,
forcing the expensive redesign iterations noted above. This
limitation is especially severe in cross-technology migration,
where design rules and device aspect ratios differ substantially
between source and target nodes.

Taken together, two parallel bodies of work have grown
in isolation: migration assumes sizing is fixed, while sizing
assumes placement is someone else’s concern. Their intersec-
tion, namely co-optimizing sizing and placement feasibility
during migration so that a sizing solution is admissible by the
migrated placement in the first place, has, to our knowledge,
never been formulated. This exposes an orthogonal and previ-
ously unexplored problem: sizing must be co-optimized with
placement feasibility during migration, rather than treated as
an independent electrical-only task.

This problem cannot be solved by naively appending place-
ment to the sizing loop. Existing sizers offer no notion of
placement feasibility, and, more fundamentally, no lightweight
early-stage metric exists to quantify how a sizing candidate
will affect the migrated placement before a full layout is
generated. To close this gap and ultimately obtain a high-
quality migrated layout, the sizing stage must be made aware
of whether each candidate is sufficiently feasible and per-
formant for the downstream physical design. Achieving this
requires answering two open questions: (i) how to assess
placement feasibility during sizing, long before a full layout
is generated; and (ii) how to build a unified optimization
framework that jointly navigates electrical performance and
placement feasibility under a single budget.

To answer both questions, we propose MigSizer, the first
framework to bring placement feasibility directly into the
analog sizing loop for cross-technology migration. MigSizer
proposes the Effective Area Utilization Rate (EAUR), a
theoretically-grounded metric computed via constraint-graph-
based linear programming (LP), which deterministically quan-
tifies how a candidate sizing solution stresses the migrated
placement without full layout synthesis. Built on EAUR,
MigSizer develops a multi-objective Bayesian optimization
(MOBO) algorithm with a weighted hypervolume (HV)-based
acquisition function that exploits the deterministic nature of
EAUR to attain a principled exploration—exploitation balance
with linear-time complexity.

Overall, our contributions are summarized as follows:
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Fig. 2 Constraint graph-based analog migration workflow.

« We propose MigSizer, the first physical-aware sizing
framework for analog migration, which formulates and
solves the previously unexplored sizing and placement
co-optimization problem.

« We introduce EAUR, a theoretically grounded metric that
quantifies how a sizing candidate affects the feasibility
of the migrated placement, at low cost and without full
layout generation.

« We develop a customized MOBO algorithm that exploits
the evaluation-cost asymmetry between the two objectives
via weighted HV-based acquisition functions with linear-
time complexity.

« We conduct extensive experiments on diverse circuit
benchmarks, showing that MigSizer consistently achieves
the highest EAUR and FoM, with up to 34.2% FoM
improvement and 8.16x speedup over state-of-the-art
(SOTA) baselines.

II. PRELIMINARIES
A. Analog Circuit Sizing

Analog circuit sizing is usually formulated as a constrained
optimization problem that maximizes target performance while
satisfying design constraints:

max f(x), xé€ X,

s.t. Gi(x) <0,i e {1, -, K}, M

where X = [0,1]? denotes the normalized design space, X is
the d-dimensional vector of normalized device sizing variables,
f(x) is the objective function to be maximized, and G;(x)
is the i-th constraint. The constrained problem is transformed
into an unconstrained formulation through a Lagrangian Figure
of Merit (FoM) [14]:

K
F(x) = f(x) = > _ ;- max{G;(x),0}, 2)
i=1
where \; > 0 denotes the penalty weight for the i-th con-
straint. Existing analog sizing methods focus predominantly on
pre-layout electrical performance, but fail to address physical
constraints across technology nodes.

B. Constraint Graph-based Analog Migration

Analog layout migration reuses silicon-proven layouts in
new technologies by preserving topological relationships while
adapting to new design rules [4]. Beyond fixed-topology
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Fig. 3 The overall flow of MigSizer: joint optimization of electrical performance and layout migration feasibility through MOBO
with hybrid surrogate modeling. The framework exploits evaluation-cost asymmetry between expensive SPICE simulations for
the Lagrangian FoM F'(x) (combining circuit performance with electrical constraints) and cheap linear programming for EAUR
computation A(x), enabling efficient exploration of the electrical and physical design space with parallel batch evaluation.

migration, layout prototyping methods [1], [2] extend this
framework by exploring alternative placement and routing
configurations through augmentations of the extracted con-
straint graphs. As illustrated in Fig. 2, the migration process
extracts constraint graphs (HCG and VCG) from the legacy
layout, updates them with target technology parameters, and
synthesizes the new layout via linear programming or graph
optimization methods. While these approaches ensure design
rule compliance and can explore layout variations, they operate
purely at the layout level and device sizes are assumed to
be predetermined. However, in cross-technology migration,
the sizing choices critically impact placement feasibility, as
poor sizing can lead to excessive area overhead or even
layout failure. This motivates the EAUR metric (introduced
in the method section) to guide sizing decisions during the
optimization process.

C. Multi-objective Bayesian Optimization

MOBO efficiently handles problems with multiple com-
peting objectives by employing surrogate models to min-
imize expensive evaluations [16]-[18]. Consider K objec-
tives f1(x), f2(x), ..., fx(x) to be maximized. MOBO builds
probabilistic surrogate models, typically Gaussian processes
(GPs), for each objective to approximate the expensive-to-
evaluate functions. These surrogates provide predictive dis-
tributions ¢, with mean s (x) and variance o7 (x) for each
objective k € {1,...,K}.

In MOBO, acquisition functions guide the sequential sam-
pling process by quantifying the potential benefit of evaluating
new points. HV-based acquisition functions provide a princi-
pled approach to multi-objective optimization by measuring
the volume of objective space dominated by the current
solution set. The HV indicator H{(P) measures the dominated
volume relative to a reference point r, where P represents
the set of non-dominated solutions observed so far. For a

candidate solution x with predicted objective vector y =
[f1(%),..., fx(x)]T, the exclusive HV contribution is:

g{ewc(Y7 fP) = }C(UD U {Y}) - J{(ip) (3)

The improvement function quantifies the HV gain:
H P
I(y,j)) _ { GQUC(Y) )

0 otherwise
Two commonly used HV-based acquisition functions are the
Expected Hypervolume Improvement (EHVI) and Hypervol-
ume Probability of Improvement (HVPOI) [19]:

if y is non-dominated
y @)
K
aprvi(x) = / I(y,?) H ok (yr)dy, (©)
yeA k=1

K
1 ¢x(we)dy, 6)

YEA k-1

anvpor(x) = I(p(x),P)

where p(x) = [p1(X), ..., ur(x)]" is the mean predictions
and A denotes the non-dominated region in objective space.

III. MIGSIZER FRAMEWORK

To address the fundamental gap between electrical optimiza-
tion and physical feasibility in cross-technology migration,
we propose MigSizer, a framework that co-optimizes circuit
electrical performance and placement physical feasibility from
the outset. The overall flow of MigSizer is illustrated in Fig. 3.
In this section, we first introduce EAUR, a deterministic metric
quantifying placement migration feasibility (Section III-A).
We then present our physical-aware MOBO algorithm that
simultaneously optimizes EAUR and electrical performance
objectives (Section III-B). Finally, we summarize the overall
MigSizer framework (Section III-C).
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Fig. 4 Migrated layout placement solved by linear program-
ming for a 7-module circuit. The horizontal constraint graph
(HCG) encodes relative positioning constraints preserved dur-
ing migration while respecting target technology design rules.

A. EAUR for Placement Feasibility Assessment

The effectiveness of MigSizer depends on a predictive
metric that rapidly assesses placement feasibility during siz-
ing optimization without full layout generation. We propose
EAUR, which quantifies area utilization efficiency under target
technology geometric constraints.

Metric Definition and Physical Interpretation. EAUR is
defined as the ratio of the effective area of devices to the min-
imum achievable outline area under topological and spacing
constraints:

A Vi
EAUR = 2 % 100%, (7)

total
where Acive = Zf\il w; X h; represents total active device
area determined by sizing variables x, and Ay, denotes the
minimum outline area required to accommodate all devices
while satisfying topological relationships and design-rule spac-
ings.

EAUR provides a proxy for placement quality. Higher val-
ues indicate efficient packing with minimal whitespace, while
lower values signal excessive area overhead from oversized
devices or poor technology compatibility. Unlike electrical
metrics requiring expensive SPICE simulations with process
corners and Monte Carlo variations, EAUR is computed deter-
ministically via constraint-graph analysis and linear program-
ming.

Constraint-Graph Based Computation. Computing A
without full layout synthesis leverages constraint-graph rep-
resentations. The high-quality, silicon-proven layout topology
of the legacy process is extracted as horizontal and vertical
constraint graphs (HCG Gy and VCG Gy). Each directed
edge (¢ — j) in Gy enforces that module j must be positioned
to the right of module ¢ with minimum horizontal separation
determined by device widths and target PDK spacing rules.
VCG edges similarly enforce vertical ordering.

Fig. 4 illustrates a 7-module example. The HCG encodes
constraints such as module mg positioned to the right of m,
with spacing a. By preserving these topological relationships
while updating device dimensions according to new sizing x
and enforcing target technology spacing rules, we formulate a
linear program for determining the minimum feasible outline.

Given candidate sizing x, we solve:

min W+ H

st. x;+w; < W, VieV,
yi +h; < H, VieV, 3
T +w; +s3; <zj, V(i —j) € B,
i+ hi+sf <y;, Y(i—j)€ By,

where decision variables include module positions (z;, y;) and
outline dimensions (W, H). The first two constraints ensure
modules fit within the outline; the latter enforce pairwise
separations from constraint graphs. Minimizing W + H main-
tains linearity while serving as an effective proxy for area
minimization.! The solution yields A = W x H, providing
a lower bound on achievable outline area under given topology
and design rules.

Computational Efficiency. EAUR evaluation complexity is
dominated by solving Equation (8). Constraint-graph extrac-
tion occurs once during preprocessing with O(| E|) complexity.
For each sizing candidate, the LP contains O (V) variables and
O(]E|) constraints. For practically relevant analog circuit de-
signs, the resulting LPs remain small to medium scale and can
be solved in well under 10 milliseconds on a standard CPU.
This is three to four orders of magnitude faster than SPICE-
level simulation, so that EAUR can be evaluated exactly for
every candidate at low cost and used directly as one of the two
optimization objectives, without any surrogate approximation.

B. MOBO for Physical-aware Analog Sizing

Having established EAUR as a deterministic metric for
placement feasibility, we now address the joint optimization
of electrical performance and placement quality. We develop
a MOBO framework that exploits the pronounced evaluation-
cost asymmetry between the two objectives to efficiently
explore the electrical and placement trade-off.

Problem Formulation with Hybrid Surrogate Modeling.
We formulate physical-aware sizing as a bi-objective optimiza-

tion problem:
x* = arg max[F(x), A(x)] ", )

xeX

where x € X represents device sizing parameters (e.g., transis-
tor widths and lengths and passive values), F'(x) denotes the
Lagrangian FoM that combines the target performance objec-
tive with constraint violations as defined in Equation (2) and
A(x) represents the EAUR value computed via Equation (7).
The key observation is the evaluation-cost asymmetry be-
tween the two objectives: evaluating F'(x) requires expensive
SPICE simulation with process corners and Monte Carlo
analysis (minutes to hours), whereas A(x) requires only linear
programming (milliseconds). Since placement feasibility has
never been incorporated into the sizing loop, existing MOBO
methods are not tailored to this setting and cannot be applied
as-is: they either fit uniform GP surrogates to both objectives,

For analog layouts, minimizing perimeter yields near-optimal area solu-
tions as rectangular outlines naturally tend toward balanced aspect ratios.



introducing needless approximation error on the deterministic
EAUR, or fold placement quality into a penalty term, discard-
ing the trade-off information between electrical performance
and placement quality.

We propose a hybrid surrogate strategy that exploits this
asymmetry. For the expensive performance metric F(x), we
construct a GP surrogate:

F(x) ~ §P(mp(x), kr(x,x")),

where the mean function myp captures the expected perfor-
mance and the covariance kernel kr models spatial correlation.
The GP provides predictive distributions N(up(x), 0% (x))
that quantify both expected values and uncertainties.

For the cheap EAUR objective A(x), we bypass surrogate
modeling entirely and compute it deterministically during op-
timization. This eliminates approximation errors in feasibility
assessment while enabling rapid evaluation of thousands of
candidate points without simulation overhead. The hybrid
approach fundamentally changes the optimization dynamics:
exact placement feasibility guides the search while uncertain
performance predictions drive exploration.

(10)

Efficient Acquisition Functions with Parallel Batch Eval-
uation. MOBO requires acquisition functions that balance
exploration of unknown regions with exploitation of promising
areas. Standard EHVI and HVPOI formulations require expen-
sive multi-dimensional integration over all objective uncertain-
ties. Since EAUR is deterministic, we derive customized vari-
ants of EHVI and HVPOI, denoted as EHVI* and HVPOI*,
respectively, to exploit this deterministic objective.

For EHVI, the standard double integration over both objec-
tives reduces to a single integral over performance uncertainty.
Since EAUR is deterministic with ¢4(a) = d(a — A(x)),
applying the sifting property of the Dirac delta yields the
simplified EHVI*:

k() = [ I(17.A)

where I(-, P) measures the hypervolume improvement over the
current Pareto set P. This reduces the per-candidate evaluation
cost from O(n?) (for double Monte Carlo integration) to O(n)
(single integration) for n samples.

Similarly, HVPOI* simplifies to direct evaluation without
integration:

([, P)-or(f)df, (D

ajrp(x) = I([pr(x), A(X)], P), (12)

achieving O(1) complexity per candidate. These simplified
formulations preserve the theoretical convergence guarantees
of hypervolume-based optimization while dramatically reduc-
ing computational cost, making large-scale batch construction
tractable.

To balance exploration and exploitation adaptively, we em-
ploy a weighted combination:

total(X) = w(t) - appr (%) + (1= w(t) - @y p(x) +5-0r (%),
(13)

where w(t) = Wmin + (wmacv - wmin) ' exp(—’y : t/T) provides

Algorithm 1 MigSizer Framework

Require: Design space X, evaluation budget T, batch size ¢
Ensure: Pareto-optimal solutions P*

1: Initialize Do = {(xs,y:)}:2, via Sobol sampling;

2: fort=1to T do

3:  Fit GP model §P(ur,0%) for F(x), compute A(x) deter-
ministically;
Extract Pareto front P; and build representative set;
Compute weighted acquisition azotqr(x) via Equation (13)
X1 = arg maxx Qotal (X);
for k =2 to g do

xi = arg maxs[@rorar (x) [T, p(x, xi)1;

end for
Apply duplicate filtering with Gaussian perturbation if needed;

@OVRXIDINRE

1

11:  Evaluate batch ynew = [F(Xnew), A(Xnew)];
12: Dt = ‘thl @] {(Xneuu}’new)};

13: end for

14: return Final Pareto front P*;

smooth transition based on optimization progress, and the
uncertainty term o g (x) ensures continued exploration of high-
uncertainty regions.

To fully exploit parallel simulation capabilities in mod-
ern analog design environments, we extend our framework
with batch evaluation. The key challenge is selecting diverse
candidates that avoid redundant exploration. We address this
through diversity-weighted acquisition maximization:

Hp (x,x;)|, k=1,..,q¢-1,

(14)
where p(x,x;) = max(||x — x;||2, €) is a repulsion term with
€ = 10~* for numerical stability.

Critically, our computational optimizations make batch con-
struction practical: the O(1) complexity of HVPOI* and linear-
time EHVI* allow evaluation of thousands of candidates per
batch member in seconds. Because A(x) is computed exactly
at low cost, it enters the acquisition functions on equal footing
with the surrogate-predicted F'(x), so that the two objectives
are jointly optimized within a single batch-construction step
rather than evaluated in separate stages.

C. The Overall MigSizer Framework

MigSizer employs an iterative framework that jointly op-
timizes electrical performance and placement feasibility, as
summarized in Algorithm 1. The optimization initializes with
Sobol sampling [20], evaluating the FoM through SPICE sim-
ulation while computing exact EAUR via linear programming.
A GP surrogate models the expensive FoM, whereas EAUR
is obtained deterministically at low cost, so that thousands
of candidates can be screened per iteration. Each iteration
constructs a diverse candidate batch using our weighted ac-
quisition functions (Equations (11) to (14)), in which the
exact EAUR value and the surrogate-predicted FoM jointly
determine the HV improvement, and then evaluates the se-
lected batch in parallel for both objectives before updating
the GP and the Pareto set. This hybrid scheme attains linear-
time complexity while preserving exact feasibility assessment.

Xg4+1 = arg meax Oétotal



TABLE I Benchmark Circuit Specifications
VCOs

Circuit #Modu.Design Parameters Optimization Objective
ColVCO 28 Wy, L,C,Wyar, Itai1, V» |min DCP (s.t. TR, OutP)
IFVCO 25 Wy, L1, La,Cq,C2, Wyar/min DCP (s.t. TR, OutP)

Mixers
Wn1, W2, R, C
Wn1, W2, R, C, Liail

DBAMixer| 36
SBAMixer| 32

max CGain (s.t. NF, DCP)
max CGain (s.t. NF, DCP)

The resulting Pareto front characterizes the electrical and
placement trade-off, enabling designers to select solutions
according to project requirements. By embedding placement
feasibility directly into sizing, MigSizer substantially reduces
the iterative redesign cycles of conventional migration flows.

IV. EXPERIMENTAL RESULTS

A. Experimental Setting

Benchmark. We evaluate MigSizer on four analog/RF circuits
from [21], migrated to the TSMC 45nm PDK. TABLE I
summarizes the benchmark specifications. The two VCOs
(ColVCO and IFVCO) adopt LC-tank architectures with var-
actor tuning and minimize DC power (DCP) under tuning-
range (TR) and output-power (OutP) constraints. The two
mixers (DBAMixer and SBAMixer) maximize conversion gain
(CGain) under noise-figure (NF) and DCP constraints. All
circuits share the FoM defined in Equation (2). Electrical
metrics are obtained from SPICE simulation, while EAUR is
computed via linear programming.

Baselines. We evaluate MigSizer against six SOTA methods
spanning analog-specific and general multi-objective optimiza-
tion baselines:

o Analog sizing methods: MACE [12] (batch Bayesian
optimization), TLMBO [13] (transfer learning-based
MOBO), cVTS [14] (constrained Voronoi tree search), and
KATO [15] (knowledge alignment transfer)

o General multi-objective optimizers: ParEGO
(scalarization-based) and EHVI [22] (HV-based)

As none of them natively models placement feasibility, we ex-
tend each with EAUR for a fair comparison. For the weighted-
sum methods (MACE, cVTS, KATO), we assign equal weights
(0.5 for the electrical FoM and 0.5 for EAUR) following their
original multi-objective formulation; equal weighting avoids
method-specific tuning and keeps the comparison consistent.
For the Pareto-based methods (TLMBO, ParEGO, EHVI, Mig-
Sizer), we treat EAUR as an additional objective and report the
solution with the maximum hypervolume contribution value
(HCV) [23].

Experimental Protocol. All methods operate under an iden-
tical budget of 20 Sobol initial samples followed by 100
iterations with batch size 4, totaling 420 SPICE evaluations.
We report the mean over 10 independent runs with different
random seeds, using the published default hyperparameters
for every baseline. Experiments run on Ubuntu 20.04 with
an NVIDIA RTX 3090 (24GB).

[16]

(a) (b)

Fig. 5 SBAMixer’s GDSII layouts: (a) without MigSizer
(EAUR=78.11%) and (b) with MigSizer (EAUR=93.57%).

B. Physical-aware Sizing Results

TABLE II reports the sizing results across all benchmarks.
MigSizer attains favorable EAUR and FoM on every circuit
while meeting all electrical specifications.

VCO Circuits. For ColVCO, MigSizer achieves the highest
FoM of 2.01, surpassing TLMBO by 3.6% and MACE by
128%. The optimization reduces DC power consumption to
9.86mW, a 9.5% improvement over cVTS, while satisfying
all tuning range and output power specifications. MigSizer
also achieves the best EAUR at 94.52%, marginally exceeding
TLMBO’s 94.51%. For IFVCO, MigSizer attains a FoM of
2.54, exceeding MACE by 3.3% and TLMBO by 13.9%,
achieving the lowest power consumption at 77.6mW. This
represents a 16.6% power reduction compared to TLMBO
while achieving the highest EAUR of 88.79% and meeting
all constraints.

Mixer Circuits. For DBAMixer, MigSizer achieves a FoM
of 3.20, outperforming TLMBO by 3.9% and KATO by
10.0%. The optimization yields 6.85dB conversion gain, 2.7%
higher than TLMBO’s 6.67dB, while achieving the best EAUR
at 80.01%, surpassing cVTS by 0.2 percentage points. For
SBAMixer, MigSizer delivers the highest FoM of 4.94, sur-
passing KATO by 2.3% and cVTS by 34.2%. The conver-
sion gain of 6.52dB represents a 12.6% improvement over
TLMBO. Most significantly, MigSizer achieves the best EAUR
at 93.57%, exceeding cVTS by 1.75 percentage points while
simultaneously delivering superior electrical metrics.

Computational Efficiency. We evaluate computational effi-
ciency by comparing the GPU time under an identical simula-
tion budget (420 simulations). MigSizer demonstrates superior
efficiency from two key perspectives. Firstly, compared to the
Pareto-based baseline TLMBO, it achieves a dramatic 7.37 X
to 8.16x speedup, validating that our hybrid modeling strategy
is computationally lightweight and highly effective at reducing
runtime. Secondly, its runtime (2.77-3.27 minutes) is compa-
rable to the fastest weighted-sum methods, such as MACE and
KATO. This combination of a massive speedup over its direct
Pareto-based competitor and strong competitiveness against
fast, simpler methods confirms the excellent computational
efficiency of MigSizer.



TABLE II Physical-aware Sizing Results on All Benchmark Circuits

VCOs
ColVCO IFVCO

Method Performance Metrics(Unit) GPU Performance Metrics(Unit) GPU
EAUR(%) | FoM | DCP(mW) TR(GHz) OutP(dBm) | time || EAUR(%)|FoM | DCP(mW) TR(GHz) OutP(dBm)| time

min > 1.17 > 14.59 | (min) min > 1.97 >9 (min)

MACE [12] 94.23 0.88 11.0 1.35 15.59 3.07 86.42 | 2.46 79.0 3.79 9.35 3.30
TLMBO [13]| 94.51 1.94 14.1 1.18 16.07 24.01 82.04 |2.23 93.1 3.31 10.34 24.11
cVTS [14] 93.67 0.61 10.9 1.34 15.41 12.72 86.53 | 2.05 86.9 3.29 9.75 10.33
KATO [15] 93.98 1.29 13.3 1.20 15.79 3.05 88.72 | 2.42 79.1 3.68 9.28 3.33
MigSizer 94.52 2.01 9.86 1.39 16.04 3.10 88.79 | 2.54 77.6 3.81 9.47 3.27

Mixers
DBAMixer SBAMixer

Method Performance Metrics(Unit) GPU Performance Metrics(Unit) GPU
EAUR(%) | FoM | CGain(dB) DCP(mW) NF(dB) | time ||[EAUR(%)|FoM |CGain(dB) DCP(mW) NF(dB) | time

max < 120 < 12 (min) max < 5.5 <20 (min)

MACE [12] 73.33 2.74 6.41 102 11.04 2.89 81.86 | 4.58 6.20 3.85 18.99 2.93
TLMBO [13]| 76.22 3.08 6.67 98.4 11.18 22.61 91.51 4.33 5.79 3.64 18.74 22.99
cVTS [14] 79.81 3.18 6.83 98.7 11.31 4.36 91.82 | 3.68 5.43 4.44 19.15 4.85
KATO [15] 77.52 291 6.54 101 11.09 2.43 86.36 | 4.83 6.45 3.75 18.99 291
MigSizer 80.01 3.20 6.85 98.8 11.23 2.77 93.57 4.94 6.52 3.63 18.96 2.89

Note: “min”/“max” indicates the optimization direction of the FoM, and
metric must satisfy. For each circuit, the best value in every column is sho
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Fig. 6 The comparison of GPU time (min).

C. Visualization on Placement Results

Fig. 5 provides direct visual evidence of physical-aware
sizing benefits for SBAMixer. Without MigSizer (Fig. 5(a)),
the final layout achieves only 78.11% EAUR, showing visible
placement conflicts. With MigSizer’s physical-aware sizing
(Fig. 5(b)), the EAUR increases to 93.57%, a gain of 15.46
percentage points. The resulting layout exhibits significantly
better device alignment.

D. Multi-objective Performance Analysis

Computational Efficiency. In terms of computational effi-
ciency, Fig. 6 shows the comparison of GPU time under iden-
tical simulation budgets. MigSizer demonstrates significant
efficiency improvements over TLMBO, achieving speedups
of 7.75x, 7.37x, 8.16x, and 7.96x for ColVCO, IFVCO,
DBAMixer and SBAMixer respectively. This acceleration
stems from two sources: treating EAUR as an exactly evalu-
ated objective rather than fitting it with a GP, and the simplified
acquisition functions reduce the per-candidate cost.

HV Convergence Analysis. To comprehensively evaluate
MigSizer’s multi-objective optimization effectiveness, we
compare it against three representative methods: TLMBO [13],
ParEGO [16], and EHVI [22]. Fig. 7 illustrates HV conver-

“>7/*“<” denotes the corresponding constraint bound that each performance
wn in bold .

TABLE III Ablation Study on Acquisition Functions

| Method | DBAMixer | SBAMixer | ColVCO [ IFVCO
Full (Ours) 431 433 0.86 0.77
w/o EHVI* 3.95 4.03 0.52 0.60
w/o HVPOI* 3.83 423 0.79 0.66
w/o Both 3.08 4.11 057 0.64

gence over iterations, averaged across ten random seeds. Mig-
Sizer achieves the highest HV values with significantly faster
convergence, reaching superior performance within 40-60 it-
erations compared to 60-80 iterations required by baselines.
This shows MigSizer steers the search toward the electrical
and placement trade-off front more efficiently.

E. Ablation Study

To validate our composite acquisition function design, we
conduct ablation studies by removing different components.
TABLE III presents final HV values across all benchmarks.
Our complete formulation achieves the highest HV consis-
tently. Removing EHVI* degrades HV by 6.9%-39.5%, while
removing HVPOI* causes 2.3%-14.3% drops. Disabling both
components reverts to standard MOBO with 5.1%-33.7%
degradation, confirming the synergy of our weighted acqui-
sition strategy. Fig. 7 further shows the superior convergence
of our complete formulation throughout optimization.

V. CONCLUSION

We presented MigSizer, the first physical-aware sizing
framework for cross-technology analog circuit migration,
which formulates and addresses the previously unexplored
sizing and placement co-optimization problem. MigSizer pro-
poses EAUR, a deterministic metric that assesses placement
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Fig. 7 Comparison of HV convergence over optimization iterations on the four benchmark circuits. Each curve reports the
mean HV value across 10 independent runs with different random seeds, and the shaded band denotes the standard deviation.

feasibility at the sizing stage without full layout generation,
and embeds it into a customized HV-based MOBO algorithm
that jointly navigates the electrical and placement trade-off.
By coupling a GP surrogate for the expensive FoM with exact
EAUR evaluation, the hybrid scheme attains accurate yet effi-
cient optimization under a single budget. Experiments on four
analog/RF circuits show that MigSizer consistently attains the
highest EAUR and FoM, with up to 34.2% FoM improvement
and 8.16x speedup over SOTA baselines, while yielding better
post-migration placement. Future work will extend EAUR to-
ward a multi-factor physical score that incorporates symmetry
and routing congestion, integrate yield-aware objectives, and
couple sizing with downstream placement refinement.
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