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Abstract

Exploring Pareto-optimal trade-offs in analog circuit design is computationally expensive because
each candidate evaluation requires time-consuming SPICE simulations. We propose a surrogate-
augmented multi-objective optimization framework supporting two operational modes: Surrogate-
Guided Optimization (SGO) with periodic truth validation, and Multi-Fidelity Optimization (MFO)
with adaptive fidelity promotion. Our pipeline embeds a Graph Neural Network (GNN) surrogate
within standard multi-objective evolutionary algorithms (NSGA-II, NSGA-III, SPEA2, MOEA/D) and
couples: (i) simulator-in-the-loop data generation with caching, deduplication, and selective parallel
dispatch of SPICE evaluations via process-based or distributed execution; (ii) uncertainty-aware
fidelity control with checkpoint/rollback governance to bound predictive drift, tracking Mean
Absolute Error (MAE) across validation batches; and (iii) diversity-aware truth selection strategies
(greedy farthest-point or crowding distance) that target informative regions of the design space. Both
operational modes are evaluated across four representative operational amplifier topologies under
uniform configurations. The proposed approach lowers the number of high-fidelity simulations
required while maintaining comparable Pareto front quality, indicating a pragmatic path to more
sample-efficient analog optimization without relying on large-scale pretraining or transfer learning.

Keywords: surrogate modelling; multiobjective optimization; simulator-in-the-loop; neural
networks; hyperparameter optimization; analog circuit design

1. Introduction

The optimization of analog and RF circuits is a computationally demanding task due to the high
fidelity and physics accuracy required from circuit simulators such as SPICE. The design process
typically involves satisfying multiple, often conflicting objectives—such as gain, bandwidth, noise,
power consumption, and silicon area—while simultaneously meeting strict performance constraints.
Multiobjective evolutionary algorithms (MOEAs), such as the Non-dominated Sorting Genetic
Algorithm II (NSGA-II) and its many successors [1,2], have been widely adopted to explore such
complex trade-offs. Their population-based search enables broad coverage of the design space and
the generation of Pareto-optimal fronts that quantify performance trade-offs. However, when each
candidate evaluation requires a full SPICE simulation, the computational cost becomes prohibitive.

To mitigate this bottleneck, surrogate-assisted optimization (SAO) strategies have emerged [3-
7]. In these methods, a predictive model —known as a surrogate—approximates the mapping from
design parameters to circuit performance, reducing the need for expensive simulator calls. Early
surrogates were often based on Gaussian processes (GPs) or radial basis function (RBF) models,
valued for their accuracy in low-dimensional settings and ability to provide uncertainty estimates
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[3,6]. However, these approaches do not scale well to high-dimensional parameter spaces or to large,
heterogeneous training datasets. More recent work has explored neural-network-based surrogates,
including multilayer perceptrons (MLPs) [8-10] and topology-aware architectures such as graph
neural networks (GNNSs) [11-13], which can directly encode the structural information of circuit
schematics.

Several research directions have evolved within this space. One major line of work focuses on
Bayesian optimization (BO) for analog circuit synthesis, often combining neural feature extractors
with probabilistic acquisition functions [8,14-16]. BO methods offer strong sample efficiency but tend
to be less suited to finding a diverse Pareto front in high-dimensional, multiobjective settings without
substantial adaptation [17]. Another line pursues large-scale surrogate modeling, where models are
trained on broad set of simulated designs—sometimes spanning many circuit families—to obtain
reusable predictors for selected analog front-end topologies [12,18]. For example, LASANA [12]
targets fast SPICE replacement for particular analog sub-blocks. Conversely, INSIGHT [18] employs
an autoregressive Transformer to deliver a technology-independent, higher-fidelity neural simulator
across several analog front-end circuits and process nodes, giving it a “foundation-like” character
within that narrow domain, but still short of the breadth and cross-domain adaptability associated
with true foundation models.

Evolutionary computation remains central to analog circuit optimization [1,2,19], and hybrid
approaches that couple MOEAs with surrogates—known as surrogate-assisted evolutionary
algorithms (SAEAs)—have been extensively studied [3-5]. These include methods that integrate
surrogate uncertainty into selection, dynamically switch between fidelity levels, or use multi-fidelity
surrogates to exploit both fast low-accuracy models and expensive but high-accuracy models [6,20-
22]. Yet, the majority of SAEAs in the circuit-design literature remain task-specific, requiring the
surrogate to be retrained from scratch for each new circuit topology or specification set, and often
relying on small, narrowly distributed datasets.

Building on these advances, the present work unifies large-scale surrogate modelling,
uncertainty-aware evolutionary optimization, and active simulator validation into a coherent
framework designed for analog circuit synthesis. More specifically, the proposed framework
combines:

Multi-surrogate model layer: Rather than pre-training a large foundation model, we introduce a
multi-surrogate reconfigurable model based on ensemble learning and GNN trained and
incrementally updated on run-specific Ngspice [23] data (with optional warm-start) covering
multiple circuit families and parameter distributions. This model is designed for rapid adaptation
(fine-tuning) to new targets with minimal additional simulations.

Simulator-in-the-loop orchestration: The surrogate is embedded in a multi-fidelity optimization
loop that periodically validates and corrects predictions with Ngspice simulations, ensuring that
model drift and overconfidence are detected and mitigated. The loop also includes deterministic
caching, deduplication, and selective parallel dispatch of uncached simulations, and drives early
stopping via dual convergence metrics—hypervolume (HV) expansion and raw IGD reduction—to
monitor Pareto spread and proximity while detecting drift or overconfidence.

Uncertainty-aware control: Predictions are augmented with explicit epistemic uncertainty estimates,
which are incorporated into both penalization and fidelity selection, improving robustness against
erroneous surrogate optima.

Active acquisition and co-tuning: Optional active learning queries and DoE (Design of Experiments)
seeding (correlated LHS, mixed strategies) are coupled with Optuna! [24] joint tuning of surrogate
and NSGA-II hyperparameters, adaptively steering both data collection and Multiobjective search
dynamics online.

! Optuna is a general-purpose, define-by-run hyperparameter optimization framework.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.0478.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 November 2025 d0i:10.20944/preprints202511.0478.v1

3 of 54

Extensibility and reproducibility: The platform is designed as a modular, component-oriented
system with strong governance features—event manifests, structured logging, and schema-
controlled data storage—supporting reproducibility, auditability, and rapid experimentation.

To summarize, this work introduces a unified framework that reduces dependence on costly
SPICE evaluations while preserving Pareto-front quality. In the following section, we describe the
software architecture supporting this framework, highlighting how its layered design integrates
simulation, surrogate modeling, and multiobjective optimization into a coherent and extensible
platform.

2. Materials and Methods

The simulator has been designed as an integrated software platform that combines a modular
architecture with advanced optimization strategies to accelerate circuit design exploration. This
section describes in detail the system’s internal organization and workflow, from its software
architecture and module orchestration to its simulation lifecycle and optimization loop. Particular
attention is given to the closed-loop surrogate-assisted optimization framework, which minimizes
reliance on expensive SPICE evaluations while maintaining accuracy through uncertainty calibration
and adaptive fidelity control. In addition, supporting mechanisms such as result caching and
selective reuse of past evaluations are included to further reduce redundant computations and
improve efficiency.

The optimization engine supports multi-objective evolutionary search strategies such as NSGA-
II, MOEA/D, SPEA2, and NSGA-III, which are tightly coupled with active learning routines
interleaving uncertainty-, diversity-, and performance-driven acquisition. Surrogate modeling
integrates both an ensemble of regressors and an optional circuit-aware graph attention network,
enabling the framework to capture structural dependencies in circuits while yielding calibrated
uncertainty estimates. An adaptive fidelity controller escalates surrogate predictions to SPICE only
when confidence falls below a dynamic threshold, applying soft penalties to discourage
overconfident but unverified regions. The data layer is manifest-driven and built upon SQLite with
structured artifacts, ensuring deterministic replay, version tagging, and full provenance of every
evaluation. Concurrency-safe caching, deduplication, and eviction policies reduce redundant
simulations even under parallel workloads. Early search stages are accelerated through design-of-
experiments seeding with space-filling and constraint-aware sampling, fostering rapid Pareto front
formation before adaptive refinement dominates. The optimization driver orchestrates iterative
propose—evaluate—verify cycles, retrains surrogate ensembles, and recalibrates uncertainty estimates
on-the-fly. Finally, a modular plugin interface allows new algorithms, acquisition functions,
surrogates, or visualizers to be added without altering the execution pipeline, while command-line
automation and reproducible configuration files support batch experimentation.

2.1. System Architecture

The proposed platform is built around a layered, component-oriented architecture that cleanly
separates the concerns of multiobjective optimization, surrogate modeling, and circuit simulation.
This separation of responsibilities is key to achieving both modularity—so that each component can
be replaced or extended without affecting the others—and reproducibility, ensuring that every
optimization run can be reconstructed from its logged configuration and outputs (Figure 1).
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Figure 1. Simplified architecture of the Multi-fidelity Surrogate Model (MSM) analog circuit design

framework.

At the top level, the optimization layer implements a modular multiobjective evolutionary
algorithm engine, with NSGA-II [1] and MOEA/D as its primary backends. This layer abstracts the
core tasks of decision-variable encoding, objective-vector construction, constraint handling, and
population archiving. It integrates convergence-control mechanisms, such as hypervolume-based
early stopping and deterministic seeding, without interfering with lower-level modules. This design
allows to rapidly swap or tune optimization algorithms without having to modify the simulation or
surrogate layers.

The optimization layer delegates each generation to a multi-fidelity controller that mediates
between fast surrogate predictions and high-fidelity (HF) Ngspice simulations. All candidate designs
are first scored and assigned predicted objectives plus uncertainty; configurable selection policies
(uncertainty ranking, hybrid scoring, or hypervolume-proxy blending) then choose a subset for high-
fidelity verification. Those selected simulations currently run sequentially while the unselected
designs retain their surrogate-predicted values. A generation completes only after every chosen high-
fidelity run finishes, preserving clear iteration boundaries. Parallel SPICE execution is, at present,
limited to the single-fidelity mode when explicitly enabled; extending parallelism to the multi-fidelity
verification subset is a planned enhancement. This separation of “which designs to verify” from “how
they are simulated” allows future evolution of selection strategies without disruptive architectural
changes.

Central to the platform is the surrogate subsystem, The platform’s surrogate subsystem can use
either a lightweight ensemble (default) or an optional graph neural network (GNN) model able to
encode circuit connectivity; both provide predicted objective values together with an uncertainty
signal for each design. During optimization the surrogate is updated incrementally with newly
validated high-fidelity results; when accuracy improves beyond a configured margin a checkpoint is
saved, and if quality degrades beyond a tolerance an earlier state can be restored. An adaptive
uncertainty penalty adjusts unvalidated objective estimates using a dynamically tuned weight that
balances exploring uncertain regions against exploiting promising ones. Improvement, rollback, and
penalty adjustment events are recorded so a run can be audited, and a manifest summarizing this
history is emitted when run artifact output is enabled. An active acquisition module is available to
propose additional candidate designs (uncertainty-focused, diversity-oriented, hybrid, or other
strategies) though its use is optional and not automatically injected into every optimization
generation.

The computational cost of SPICE evaluations is further reduced by a caching and deduplication
layer. Candidate designs are normalized and hashed to detect duplicates, with cached results stored
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in a combined in-memory and SQLite-backed archive. This mechanism avoids redundant simulation
calls and produces cache-efficiency statistics that can be monitored over time to guide parameter
precision settings.

Simulation metadata is persisted in a lightweight SQLite schema, tracking simulations,
evaluated designs, surrogate checkpoints, surrogate lifecycle events, and fidelity diagnostics; raw
outputs are written as per-generation Parquet batch files when Parquet dependencies are available
(silently skipped otherwise), supporting columnar post-hoc analytics. Idempotent, versioned schema
migrations (recorded in a migrations table) add new columns and indexes to maintain compatibility
across releases. Execution efficiency in the single-fidelity optimization path comes from a process
pool that dispatches only uncached SPICE tasks, avoiding backend thread-safety issues while
preserving generation (barrier) semantics needed for correct hypervolume and convergence metrics.
In multi-fidelity mode, high-fidelity evaluations are performed sequentially (by design) while still
leveraging caching and metadata logging.

The platform’s logging and observability framework provides unified structured logs
containing complete run context, including configuration state and random seeds. Summary artifacts
capture key events like early stopping, penalty adjustments, and fidelity splits, forming a
comprehensive provenance trail for later inspection. Our optimization framework generates
structured artifacts for reproducibility and post-hoc analysis. Three optimization modes are
supported: SPICE-only (ground-truth evolutionary search), surrogate-guided (hybrid evaluation
with online model refinement), and multi-fidelity (adaptive uncertainty-driven verification). Each
run produces standardized outputs including Pareto front files, performance reports, design
databases, and mode-specific diagnostics. A complete description of all artifacts, their formats, and
contents is provided in [25].

Finally, the system’s configuration and control interface is exposed through a coherent CLI
layer. All strategic, lifecycle, convergence, and resource parameters are explicitly defined and
embedded in the output artifacts, ensuring that any experiment can be reproduced exactly. Well-
defined API boundaries—covering fidelity-decision functions, surrogate-update callbacks, and
constraint injectors—allow new algorithms or evaluation strategies to be integrated without
disturbing the platform’s core control flow, making it a robust and extensible research environment.
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continue

PREPARE
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SUMMARIES

ACTIVE
LEARNIG

AL enabled

UPGRADE
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Figure 2. Application lifecycle.

2.2. Application Lifecycle

Figure 2 illustrates the complete end-to-end lifecycle of a design optimization run, from
initialization to finalization. The process begins with initialization and configuration, where the
system loads all run parameters, including objectives, constraints, design variable domains, random
seeds, optional prior datasets, and the feature/target schema. At this stage, persistence layers—using
SQLite with optional Parquet output—are established alongside the logging context, cache
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directories, and random number generators. The surrogate model, typically an ensemble and
optionally wrapped for active learning, is instantiated together with the scoring utilities that will
guide later decisions. The initial design population is then prepared, either from user-provided seeds,
Latin or mixed sampling strategies, or imported datasets.

Once initialized, the workflow proceeds to the design-of-experiments phase (bootstrapping),
where these initial designs are evaluated using the high-fidelity simulator—or a single-fidelity setup
if the multi-fidelity pathway is disabled. Raw outputs, objective vectors, and derived metrics are
recorded, caches populated, and surrogate training buffers updated. This initial dataset is used to
train the first surrogate model, after which baseline metrics such as mean absolute error (MAE) are
logged and a checkpoint is saved.

The process then enters the iterative optimization loop, which forms the core generational cycle.
In each generation, new candidate designs are generated through evolutionary variation, guided
proposals, or active learning augmentations. The surrogate model predicts objectives and
uncertainties for these candidates, enabling ranking, filtering, or prioritization of evaluation subsets.
If the multi-fidelity pathway is active, a subset of candidates is promoted to high-fidelity evaluation
according to strategy scores and an adaptive uncertainty penalty; these are processed sequentially,
with fidelity diagnostics logged. In the single-fidelity case, all uncached jobs are dispatched in parallel
via a process pool, observing generation-level barriers. Batch outputs are recorded in raw form,
optionally in Parquet, and appended to the simulation metadata while caches are updated
accordingly.

After each generation’s evaluations, the surrogate update and governance phase takes place.
The internal decision flow of this governance phase is illustrated in Figure 3, highlighting the
evaluation of surrogate performance against prior checkpoints, controlled checkpointing or rollback,
and adaptive penalty adjustment.

Checkpoint save

+Update Best
YES pd \

'YES& Rollback enabled

New HF Train Candidate EvaluateMAE vs. Improved Rollback Emit Update Penall
DataBatch ~ Model T PreviousBest = Tresh.? ,—é—‘ ightstoBest ~ Surrog I p e
Degraded= Keep
NO Rollback tresh. 2 T' Gt

Figure 3. Surrogate update and governance flow. A candidate model trained on new high-fidelity data is
evaluated against the current best. If the error improves beyond a threshold, the model is checkpointed and the
best metrics are updated; if performance degrades beyond tolerance, the system rolls back to the prior

checkpoint. Penalty adaptation and surrogate update events are issued accordingly.

The model is retrained or incrementally updated with all accumulated labeled data. Validation
errors are computed on a hold-out set or rolling window. If performance improves, the updated
model is checkpointed and the best metric updated; if it degrades beyond tolerance, the system rolls
back to the previous checkpoint and logs the rollback event. The adaptive penalty weight, which
influences the selection pressure for future high-fidelity promotions, may also be adjusted at this
stage.

Where active learning is enabled, this cycle includes an active learning layer, in which
acquisition scores—based on uncertainty, diversity, hybrid criteria, or expected improvement—are
computed. Candidates deemed most informative are injected into the next generation’s evaluation
queue, subject to deduplication and constraint checks.

The convergence assessment stage monitors stopping criteria such as maximum generations,
evaluation budget, stagnating hypervolume improvement, surrogate stability, or explicit user
interruption. If none are met, the process loops back to begin a new generation; otherwise, it
transitions to finalization.
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During finalization and artifact manifesting, the system generates comprehensive manifests
covering the surrogate lifecycle, version tags, and summary statistics. It compiles performance
summaries, including hypervolume trajectories, cache hit rates, and evaluation latency distributions.
Where required, the aggregated dataset is exported for downstream modeling or future
reprovisioning. The run concludes with a completion event and the closure of all resources, including
database connections and process pools.

This structured lifecycle ensures reproducibility through rigorous seed logging and checkpoint
manifesting, enforces disciplined surrogate evolution through controlled improvement and rollback,
and optimizes computational cost via promotion logic and caching.

2.3. Orchestration and Modules Interaction

Figure 4 depicts the main system components and the sequence of their interactions within each
generation of the optimization process. The cycle is initiated by the Orchestrator, which governs the
generational loop and maintains the global state, including the generation index, budget tracking,
and convergence indicators. Once the loop begins, the Population Manager—or variation engine—
generates candidate designs based on the current Pareto front and constraint set. These candidates
are then passed to the Surrogate model, which delivers rapid objective predictions and associated
uncertainty estimates. In multi-fidelity mode, the surrogate’s promotion logic assigns scores to
determine which candidates should be evaluated at high fidelity, while in all modes it supports
ranking and filtering of the broader candidate pool.

Before any simulations proceed, the cache subsystem eliminates duplicates by hashing and
canonicalizing designs, ensuring that only novel, unevaluated configurations are processed further.
The filtered set is then sent to the Simulation Executor, which operates in one of two modes. In the
multi-fidelity pathway, designs promoted for high-fidelity evaluation are processed sequentially,
with lower-fidelity needs addressed through surrogate predictions. In the single-fidelity pathway, all
uncached designs are dispatched in parallel to the simulator’s process pool, maximizing throughput.

s Multi-Fidelity Dedup/ SQLite / Active
’ Ll ‘ ’ Opiimizer ‘ Controller ‘ ’ SlmegEE ’ Cache EREE Artifacts Learning
start_run(config)
propose_population()
_—
filter_cached(designs)
| {
—_—
l¢....Preds + uncertainty
—~ select_HF_subsefuncertainty, strategy)
[HF subsetnon-empty]
at evaluate(batch_HF)
{actual metrics}
update(train_data)
update_repor{improved?rollback?)
record_results(all_designs)
persist_generatior(metrics, cache_stats)
opt [Active Learningenabled] |_fetch_archive_snapshof)
: score_candidates) i
facquisition_scores} | oy
: inject_candidates() H
... {generation_summary
> check_early_stor)
«—
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Figure 4. Sequence diagram of main simulator modules interaction.

Before any simulations proceed, the cache subsystem eliminates duplicates by hashing and
canonicalizing designs, ensuring that only novel, unevaluated configurations are processed further.
The filtered set is then sent to the Simulation Executor, which operates in one of two modes. In the
multi-fidelity pathway, designs promoted for high-fidelity evaluation are processed sequentially,
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with lower-fidelity needs addressed through surrogate predictions. In the single-fidelity pathway, all
uncached designs are dispatched in parallel to the simulator’s process pool, maximizing throughput.

Upon completion of evaluations, the Results Aggregator stores outputs in persistent storage —
using SQLite with optional Parquet export—and updates the in-memory archives. The fresh labeled
data is then fed into the Surrogate Trainer, which retrains or incrementally updates the model,
assesses its performance against validation metrics, and either checkpoints an improved version or
reverts to a prior model if degradation is detected.

Where active learning is enabled, the Active Learning Layer computes acquisition scores that
identify high-value exploratory designs, which are then queued for evaluation in the subsequent
generation. Throughout this process, the Metrics and Diagnostics module updates key indicators
such as hypervolume progress, diversity measures, adaptive penalty weights, and fidelity-specific
diagnostics, while also assessing convergence status. Control then returns to the Orchestrator, which
either advances to the next generation or proceeds to finalize the run.

2.4 Cache Subsystem

The simulator integrates a two-tier caching subsystem that minimizes redundant work while
preserving reproducibility and traceability.

Figure 5 illustrates the operational flow of the caching subsystem. The diagram depicts the
operational flow of the cache: after parameter rounding and hashing, a lookup decides between two
paths—cache hit, where stored objectives and metrics are injected, and cache miss, where a new
evaluation is performed and then archived for future reuse.

Queue SPICE Run ArchiveResults
— —

Task SPICE h iss++
NO: simulate & update a8 cache_miss

: o Update S Run
Ci Round Hash - Cache un
Design Params param_key Hit? Cache Stats Summary

ReuseObjectives

++
YES:reuse cachefhit

Figure 5. Flow diagram of the cache subsystem. After parameter hashing, a cache hit directly reuses stored
results, while a miss triggers evaluation and subsequent archival; eviction is applied when the design archive

exceeds its capacity.

The overall sequence of operations carried out by the caching subsystem is illustrated in Figure

6. Incoming parameter vectors are normalized and hashed into stable keys, which drive a hit-miss
branching: cached objectives and metrics are reused on a hit, whereas a miss triggers evaluation
followed by archival for future queries. Auxiliary requests are handled through the service cache
with provenance-aware invalidation, and eviction is applied once the archive reaches its configured
capacity. This flow provides the structural context for the two tiers described in detail below.
Tier 1 is a persistent design archive embedded in the experiment database, optimized for
parameter—objective reuse. Each parameter vector is deterministically rounded (configurable
precision), JSON-serialized, and SHA-256 hashed to generate a stable param key. Before any
expensive SPICE evaluation, the optimizer queries this key; cache hits inject stored objectives and
metrics directly into the evolutionary population, effectively reusing prior results.

Archive entries include raw parameters, objectives, runtime metrics (metrics map), success
flags, error strings, evaluation counts, generation indices, and timestamps. An UPSERT pattern
increments eval count on repeated encounters, enabling post-hoc analysis of design re-selection
frequency. Concurrency safety combines Write-Ahead Logging with advisory file locks; BEGIN
IMMEDIATE transactions prevent race conditions when parallel workers attempt simultaneous
inserts. A soft eviction policy ensures that only the most recently influential design are retained in
cache when this archive exceeds its size cap. Designs are ranked first according to the last generation
in which they were used, and then according to their first appearance. The eviction policy preserves
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designs that remain active in recent generations, discarding those unused for longer intervals; ties on
last reuse are resolved by favoring later first appearances, ensuring older entries are pruned first.

Tier 2 is a lightweight service cache for auxiliary computations such as registry lookups, model
metadata, and artifacts. Entries are maintained in memory with TTL and size pruning, and each stores
provenance metadata (creation time, last access, code version, schema hash, code signature,
environment fingerprint). These fields enable automatic invalidation when schemas, signatures, or
the runtime environment change, avoiding silent reuse of stale logic. Disk-backed JSON artifacts (e.g.,
acquisition summaries, model manifests) are named deterministically under the cache directory,
supporting reproducible replay.

Tier1 —PersistentDesignArchive (DB) Tier2 -Servicecache (inmemory)

Auxiliaryrequest,
(registrymetadata, artifacts)

l

Parametervector

Deterministic rounding

(Precisioncfg) NO: cache miss

In-mem hit?
JSONSerialize+ SHA256 —
param_key
YES:cache hit Colpblic
NO: cache miss : YES:cache hit Store TTlsize + provenance
— Param keyinDB?  — (code versién, schema,
hash, envfp)
Runexpensiveevaluation Load Objectives + Metrics
(SPICE) (reuse) Returncached value

UPSEREnNtry
(params, metrics, gen,ts, Metrics export

eval_countt+)

Instrumentation:
l — cache hits/misses, hitrate, evictions,

trends export (--cache-trend)

Returnresult to optimizer
Metrics export

Figure 6. Two-tier caching subsystem: a persistent design archive avoids redundant SPICE evaluations, while a
lightweight service cache accelerates auxiliary tasks with provenance-aware invalidation. Both tiers provide

metrics for monitoring efficiency and reuse trends.

Instrumentation tracks fine-grained signals: cache hits, misses, hit rates, eviction counts, and
retained size. The optional flag --cache-trend exports per-generation dynamics of reuse versus
exploration. Correlation with model drift (when enabled) helps diagnose diminishing surrogate
accuracy or overly aggressive pruning. In strict mode, archival anomalies escalate to exceptions,
enforcing fail-fast behavior during research runs.

In practice, the subsystem is built around four principles. First, it uses deterministic, precision-
aware hashing so that floating-point parameter vectors are consistently grouped into equivalence
classes, preventing both false duplicates and excessive merging. Second, concurrency control is
deliberately lightweight: write-ahead logging and advisory file locks provide safe parallel access
without the overhead of external coordination services.

Third, invalidation is guided by provenance information—schema versions, code signatures, and
environment fingerprints—so entries are retired automatically when the underlying logic or runtime
changes. Finally, the archive and service cache expose detailed metrics on hit rates, reuse frequency,
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and eviction outcomes, allowing precise inspection of cache behavior and its impact on evaluation
efficiency.

2.5. Closed-Loop Optimization Algorithm

The simulator operates as a closed-loop optimizer, meaning that candidate solutions are
proposed, evaluated, and reintegrated into the surrogate models in a continuous cycle. This structure
ensures that the Pareto front is refined progressively while minimizing the number of expensive
SPICE simulations. At the highest level, each iteration (generation g) of the loop proceeds as follows:

1. Candidate Generation: A pool Q, = {xj};l of size P is drawn from the design domain D,

typically using Latin Hypercube Sampling or uniform fallback.

2. Surrogate Inference: Each candidate is evaluated by the surrogate model(s), producing mean
predictions fi(x) and uncertainty estimates &(x)

3. Acquisition Scoring: The candidates are scored according to the active learning acquisition
functions (uncertainty, diversity, hybrid, or hypervolume improvement). The scoring step
identifies a batch B, c Q, of promising individuals for the evolutionary operators.

4. Evolutionary Update: The batch B, is combined with the current population F; and evolved
under the configured evolutionary algorithm (e.g., NSGA-II, MOEA/D, or SPEA2), producing a
new population of size N.

5. Fidelity Selection: From the evolved set, a verification mask is applied to decide which
individuals should be evaluated by high-fidelity SPICE simulations. The mask depends on both
uncertainty thresholds and verification quotas, with optional bias toward predicted non-
dominated solutions. The resulting set is denoted V.

6.  SPICE Evaluation and Dataset Update: All x € 1, are evaluated with SPICE, yielding ground-
truth objectives f(x). The dataset is updated as:

Dyiy =Dy U{(x f(x)):x €V, }.

7.  Surrogate Retraining: The surrogate parameters are updated using the expanded dataset Dy .
This step reduces predictive bias and variance for regions that were previously uncertain.
8. Archive Maintenance: The non-dominated set (Pareto archive?) is updated as:

Ags1 = ND(A, UP,),

where ND(:) extracts the non-dominated subset.

The loop continues until either the simulation budget is exhausted (g = gmayx) Or convergence is
detected (e.g., hypervolume improvement AHV falls below a tolerance § for L consecutive
generations).

The sequence above is formalized in Algorithm 1, which fixes the notation and control flow used
throughout the paper. We retain the same symbols, so the code-like steps match the prose description
precisely.

2 In the context of the closed-loop optimization loop the archive is simply the set of non-dominated
solutions (the current approximation of the Pareto front) that the simulator has collected so far.

Formally, at generation g we maintain:
Ag = ND(UL, P),

where ND(-) extracts the non-dominated subset, and P; is the population (or batch of candidates)
evaluated up to generation t. Thus, the archive is a curated set of best designs so far, i.e. those that
are not dominated by any other in terms of all objectives. This archive is what we use to plot the

evolving Pareto front.
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Algorithm 1 Closed loop surrogate optimization.

1. Inputs:
2. Domain D
3. Objectives f(x) via SPICE
4. Surrogates S (Ensemble, GNN)
5. Acquisition function A(x)
6. Evolutionary algorithm E
7. Population size N, pool size P
8. Verification threshold 7, quota p
9. Budget gmax tolerance J, patience L
10.
11. Procedure:
12. # Initialization
13. Dy «— 0
14. Ay — @
15. Py «— Sample(P)
16. Do — ((x, f(X)): x € Py) # warm start candidates data
17. Train(S, Do) # evaluate with SPICE
18.

19. # Optimization loop
20. for g =1t0 gmax, do

21. Qg <« GeneratePool(P) )

o (Ax), 6(x)) — Infer(S, Q) # candidate Pool

23 B, « Select(A(x), Qy, fi, &) # surro.g.a"ce inference
24, P, « E(B, U P) with size N # acquisition

25. # evolutionary step
26. # Fidelity selection

27. V, < FidelityGate(F,;, T, p)

28, £(¥,) « EvaluateSPICE(V,) # threshold + quota
29, Dysr — Dy Ulx, f(X)): x € V) # expensive evaluations
30. ’ # dataset update

31 # Surrogate update

32. Train(S, Dg41)

33. AdaptThreshold(t, Dg44)

34.

35. # Archive update

36. Agy1 « NonDominated(A, UPg)

37.

38. # Stopping condition

39. if AHV(Agy41, Ag) < 6 for L generations or budget

met then

40. break

41. end if

42. end for

43.

# return best/terminal Pareto set
44. return A=A,

Figure 7 complements Algorithm 1 by showing the same loop as a data-flow diagram.
Initialization and SPICE results feed the surrogate layer; candidates flow through acquisition into the
EA; the adaptive fidelity gate enforces the threshold and ND-biased quota; the concurrency cap limits
verifications via sg; verified points update the dataset, trigger surrogate retraining, refresh the
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archive, and close the loop back to candidate generation. The SPICE engine is formed by a PySpice
[26] wrapper and NgSpice dynamic libraries. PySpice provides a Python API that allows
implementing an abstraction layer on top of the SPICE library. This abstraction layer implements
methods to parse and generate SPICE netlists and to programmatically configure and control the
simulator analyses.

Surrogate Layer

Ensemble regression SQLite
Records
Base Learners: Bagging / AdaBoost / A(x), 6(x) . ____
MLP/RF/Linea Stacking via dispersion
Predijction /
Dataset normalization/
GNN Graph construction
Candidate GatConvx L with Global
acquisition ReL U+ Dropout pooling

MC-Dropout / Ensemble

‘ Head - fi; (x)

66(x)
Evolutionary Algorithm Registry
NSGAII (default): MOEA/D: SPEA2:
ND sorting + crowding +SBX/P Decomposition with adaptive weight Strength + density + archive

EA application ~+——

NSGAIIIl : Baselines:
Reference-direction niching Random/uniform + ND filter

Warm Start
LHS / Uniform + SPICE

YES:designrequires l

verification
/ AP| wrapper PySpice) /f(x)

Adaptive Fidelity Gate: e Concurrency n
6(x) > Torquotap? Cap - U
NgSpicedynamic
library
%\ NO: retain prediction SPICE Engine
Update D,
Surrogate update Update Pareto Archiveﬂg
Incremental / Refit NDfiltering
YES:exit loop
(optimization ended)
AHYES 6 ey / Return final archive
L ger ns or 7 a
Budgetmet? 9

NO: refine design
(new generation) \<l>

Pool generation
LHS/ Uniform

Figure 7. Block diagram of the surrogate-assisted closed-loop optimization module of the simulator. Candidate
solutions are generated by LHS/uniform sampling and scored via acquisition functions. Surrogate models
(ensemble regressors or GNN) provide objective estimates and uncertainties. The evolutionary algorithm refines
candidate populations, while the adaptive fidelity controller selects uncertain individuals for high-fidelity SPICE
evaluation. Verified results update the dataset, retrain surrogates, and refresh the non-dominated archive until

convergence is achieved.

Nonetheless, while SPICE decks are perfect for simulation, they have several limitations that
make them unsuitable for ML-driven design-space exploration. For example, they lack explicit IO
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semantics and parameters schema and injection. For this reason we have developed a declarative and
lightweight Domain Specific Language (DSL) that extends SPICE deck syntax and dynamically
translates into a SPICE compatible netlist and into an internal circuit representation more suitable for
ML analysis. The syntax and the implementation of the SPICE preprocessor are thoroughly described
in [25]. The grammar of the preprocessor in extended Bakus-Naur form (EBNF) is provided as well.

With the loop now established, the next subsections unpack each block in turn: the problem
statement and notation, the surrogate models (ensemble and GNN) and their uncertainty calibration,
candidate pool generation and acquisition scoring (uncertainty, diversity, hybrids, HVI/EI), the
evolutionary layer (NSGA-II/MOEA-D/SPEA2/NSGA-III) and selection operators, and the adaptive
fidelity controller including threshold adaptation and the ND-biased quota with concurrency

capping.
2.5.1. Problem Statement

Analog circuit design is inherently a multi-objective optimization problem. A designer rarely
seeks to optimize only one metric (e.g., power consumption) but rather must balance several
competing criteria simultaneously, such as gain, bandwidth, power, area, linearity, and noise. These
objectives are typically obtained through expensive SPICE simulations, meaning that evaluating even
a single candidate design can require non-trivial computational effort. To reduce cost, our framework
introduces surrogate models and an active learning loop, but before describing these components
we formalize the problem we aim to tackle.

We denote the circuit design parameters (e.g., transistor widths, lengths, bias voltages, passive
element values) collectively as a vector

x = (x4, %y, ..., X,) ER, 1)

where n is the number of degrees of freedom in the design. Each parameter is bounded by lower
and upper limits that reflect technology or design constraints, such as minimum transistor lengths or
maximum supply voltages. Collectively, these bounds define a design space:

D = [lj=lt) w] = R, )

where #; and w; are, respectively, the minimum and maximum allowed values for the j-th design
parameter. In other words: D is a multi-dimensional box (i.e., a hyper-rectangle) inside which all
valid circuit designs must lie.

For any candidate design x € D, we can run a high-fidelity SPICE simulation to evaluate the
circuit’s performance. The simulation outputs a vector of objective values:

f(x) = (fl(x)!fZ(x)! 'fm(x))D - ]Rmr (3)

where each f;(x) corresponds to one metric of interest (for example, f; =power, f, =area, f; =gain
error, etc.). We assume all objectives are to be minimized (if an objective is naturally maximized, we
take its negative so that the mathematical framework remains consistent, i.e. we take gain error
instead of gain). Thus, the optimization problem is:

minimize f(x) forx € D. 4)

Because the objectives typically conflict (e.g., reducing power consumption often reduces gain), there
is no single solution that simultaneously minimizes all components. Instead, optimization yields a
set of trade-off solutions.

A candidate solution x; is said to dominate another solution x, if it is no worse in every
objective and strictly better in at least one:

f(x1) 2 f(xz) © fi(xy) < fi(xz) Vi,and 3j ¢ f(xy) < fi(x2). (5)

The set of solutions that are not dominated by any other is called the Pareto set:
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P*={xeD:AyeDsuchthat f(y) < f(x)}. (6)

Hence, the Pareto set is a set of design vectors (e.g., transistor widths, transistor lengths, capacitance
values, etc.) that are Pareto-optimal. Now, when we apply the function f to each x € P*, we get the
corresponding objective vectors:

fEP)={fx):x€P JcR™ ?)

The image of P* under f in the objective space is termed the Pareto front, which represents
the best achievable trade-offs between objectives. Intuitively:
e  If one design is strictly better than another in every metric, the worse one is discarded.
e  If two designs trade off (i.e., one exhibits better gain, the other better power consumption), both
remain as valid Pareto-optimal solutions.
Since each simulation can be expensive, after t iterations we typically only have a finite dataset:

D, = {(xuyDhty, ¥i=f(x) +&, )

where x; is the design vector, y; is the objective vector returned by SPICE, while g; represents the
simulation noise or modeling error. The framework uses this dataset to train surrogate models, which
are inexpensive approximations of f(x) that enable large-scale candidate evaluation without
invoking SPICE every time.

2.5.2. Surrogate Models

Running SPICE simulations for every candidate circuit design is expensive, both in terms of
computation and time. To accelerate exploration of the design space, our framework introduces
surrogate models: inexpensive statistical or machine learning approximations of the true circuit
response f(x).

The surrogate plays the role of a “stand-in” for SPICE: given a design vector x, it predicts an
approximate objective vector f(x), together with an estimate of uncertainty. Two complementary
surrogate families are implemented: ensemble surrogate and GNN surrogate. The former treats
designs as numerical vectors and estimates uncertainty via model disagreement; the latter, exploits
circuit connectivity and estimates uncertainty via stochastic passes or ensembles. Both surrogates are
uncertainty-aware, which is crucial because their outputs feed into the active learning module:
uncertainty tells the optimizer when to trust the surrogate and when to verify with a true SPICE
simulation.

2.5.3. Ensemble Surrogate Model

Ensemble surrogate model is based on ensembles of regressors. The intuition is that rather than
relying on a single model, we train multiple models and let them “vote”. The agreement (or
disagreement) among models is then used to estimate prediction uncertainty.

At iteration t, we assume we have a labelled data set according to Equation 7. Hence, we train
M base regressors, denoted {g;(x)}i~, which could be:

e  Multilayer Perceptrons (MLPs) (when PyTorch is available) or Random Forests (RF) (when
scikit-learn is available), or

e Lightweight linear models when computational resources are constrained or no external
libraries are present.

The ensemble can be constructed using standard meta-learning strategies:

e Bagging (Bootstrap Aggregating): each regressor is trained on a resampled dataset.

e Boosting (e.g., AdaBoost): regressors are trained sequentially, with later ones focusing on
samples that earlier models mispredicted.

e  Stacking: a meta-model is trained to combine the outputs of base regressors.
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For a new candidate x, each base model g,(x) produces a prediction. The ensemble mean is
taken as the surrogate’s best estimate:

M
1 8
) = ge(x). ®
k=1

This gives us a single “consensus” prediction of the objective vector. On the other hand,
uncertainty is estimated by looking at how much the models disagree. If all models predict very
similar outputs, confidence is high; if predictions vary widely, confidence is low. The dispersion is
quantified as the empirical sample variance across ensemble members, namely:

M
1
@) = =7 ) (9@ —a®)" ©)
k=1

Hence, 62(x) itself is an m-dimensional vector 62(x) = (62(x),6%(x), ..., 64(x)), where 67(x)

is the variance of predictions for the i-th objective. More specifically:

e For each performance metric f; (say, power, area, or gain error), the corresponding &;(x)
measures how much the ensemble disagrees about that objective’s value at x.

e A small §;(x) means all regressors roughly agree: the surrogate is confident about its
prediction for that metric.

e Alarge 6;(x) means regressors disagree: the surrogate is uncertain, so we should be cautious.
In practice, when we plot predicted objectives (say, predicted power vs. predicted gain), we can

draw an interval around each prediction; namely:

Prediction for objective i: {1;(x) + &;(x).

Thus, the vector 6%(x) provides a separate uncertainty estimate for each objective, analogous
to an error bar indicating prediction reliability on that metric.

Sometimes, raw ensemble variance under- or over-estimates the true prediction error. To correct
this, we introduce a simple calibration factor @ > 0 such that:

F(x) = a-6(x). (10)

Here G(x) is the calibrated uncertainty vector used by the framework.
Before training, all decision variables are standardized according to:

% =, a1
where u; and o; are the empirical mean and standard deviation of the j-th design variable in the
current dataset. Outputs are standardized analogously when single-objective regressors are used.
Because the ensemble can be retrained quickly, the simulator updates it after each batch of SPICE
evaluations, ensuring that regions of the design space where new data are collected rapidly acquire
more reliable predictions.

2.5.4. GNN-Based Surrogate Model

While the ensemble treats each design vector simply as a list of numbers, real circuits have graph
structure: nodes (components, pins) and edges (connections). The second surrogate family is
designed to explicitly exploit this structure using modern Graph Neural Networks (GNNs). A circuit
is represented as a graph G, namely:

G = (V,E),

where V denotes the set of vertices (nodes) of the circuit graph and E denotes the set of edges
connecting vertices.

Each vertex usually corresponds to a circuit element (e.g., transistor, resistor, capacitor, voltage
source, etc.) or, depending on the graph construction, even a pin/net. In addition, each vertex v € V
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has an associated feature vector (e.g., type of device, numerical parameter values). Collecting all these
features yields the node feature matrix X € R!VI*P, where |V| denotes the number of vertices
(nodes) in the circuit graph and p the number of features per node.

Edges represent circuit connectivity (which pins are connected, or which components share a
net). In PyTorch Geometric (and similar libraries), this is typically stored as an edge index matrix
Y € R¥IEl, where |E| denotes the number of edges (i.e., each column of matrix E is a pair (s, tx)
which represents an edge from source node s, to target node ty).

Graph objects are not built manually but are generated automatically by a dedicated framework
module. This module streams simulation records directly from an SQLite database, converts each
circuit into a graph representation (X, E), and optionally normalizes node features and targets to
stabilize training. The result is a PyTorch Geometric graph object that the GNN surrogate model can
process directly.

The GNN model processes the circuit graph through a stack of Graph Attention layers (GAT).
A Graph Attention Layer is to a Graph Neural Network (GNN) what a hidden layer is to a standard
neural network like an MLP. In a GNN with GAT layers, each hidden layer transforms node
embeddings by aggregating information from that node’s neighbors in the graph. But unlike simpler
GNNss (like GCNs, where all neighbors contribute equally), GAT layers assign attention weights «a,,,,
that learn how important each neighbor u is for updating node v.

The implemented model processes a graph with L stacked GAT layers. At start, node
embeddings are initialized as they raw features; namely, node embedding matrix H at layer O is:

HO =X,
at layer £, we get:
H® = ¢,(GAT,(H“ ™V, E)),with £=1,...,L. (11)

Here ¢, is a post-processing function composed of a ReLU nonlinearity (i.e., ReLu(z) =
max (0, z)) followed by Dropout. Dropout regularization randomly “drops” (i.e., sets to zero) some
of the features in each node embedding during training, with a probability p. More specifically,
Dropout randomly masks feature components with probability p (dropout rate), so each feature is
retained with probability 1 — p. The masking is performed through a random binary function, where
each entry is sampled independently from a Bernoulli distribution with success probability 1 — p.

Intuitively, this means that after each attention-based neighborhood aggregation, the node
embeddings are passed through a nonlinear filter (ReLU) and then randomly thinned (dropout), so
that the model both learns complex, nonlinear relationships and generalizes beyond the training
circuits.

After L layers, node embeddings are pooled into a graph-level representation using a global
mean pooling operator p; namely:

he = p(H®). (12)

This pooled vector is passed through a regression head (-) to produce the predicted objective
vector:

fig = W(he), (13)

Predictive uncertainty is estimated by stochastic forward passes with dropout kept active
(Monte Carlo dropout): and the empirical variance as a measure of predictive dispersion:

s
1 .
53 = 5= ) (slle) = o)’ (14)
s=1
where S is the number of stochastic samples. Alternatively, the simulator can maintain multiple

trained GNN instances and use their variance in the same way. The GNN surrogate is trained on the
SQLite-backed dataset using mean absolute error or mean squared error, with early stopping on a
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validation split. Hyperparameters such as hidden dimension, depth, dropout rate, learning rate, and
batch size are tuned automatically with Optuna, and all data are streamed as batched graph objects
to avoid memory overhead.

These uncertainty estimates are then leveraged by the active learning acquisition functions:
candidates with higher predicted variance are often prioritized for high-fidelity SPICE simulation, as
they promise the greatest information gain for refining the surrogate.

2.5.5. Integration in the Optimization Loop

Both surrogates implement the same callable interface: given a candidate design vector, they
return a pair( fi(x), 6(x)) containing predicted objectives and uncertainties. This abstraction allows
the acquisition strategies and fidelity controller to operate independently of the underlying surrogate
type. In practice, the simulator may default to the ensemble surrogate during early generations when
data are sparse and retraining is cheap, while switching to the GNN-based model once a sufficiently
large and diverse set of circuits has been accumulated. The two surrogates can also be run side by
side, with the simulator dynamically selecting the more accurate model according to validation error.
This design ensures that surrogate modelling remains both computationally efficient and structurally
expressive, while being fully embedded into the closed-loop optimization flow.

2.5.6. Candidate Generation and Acquisition

At each generation, the simulator must propose new design points for evaluation. These are not
chosen arbitrarily but generated in a structured way to ensure both broad coverage of the design
domain and selective refinement in regions where the surrogate model is uncertain. The process is
divided into two stages: candidate pool generation and acquisition-based selection.

At iteration t, the simulator generates a candidate pool C; = {x,-}§’=1 where the pool size P is
typically much larger than the population size.

The default sampling method is Latin Hypercube Sampling (LHS), implemented using SciPy’s
quasi-Monte Carlo routines. Each coordinate of x; is stratified into equal intervals, ensuring uniform
coverage of the marginal distributions. The simulator falls back to simple uniform random sampling
when LHS is unavailable. The sampled points are mapped into the design domain by:

x; =€+ (u—£) Ou with u;~U([0,1]"), (15)

where € = (£, ..., 45), 1 = (Uy, Uy, ..., ) € R™ are the lower and upper bound vectors, ©
operator denotes elementwise array multiplication (Hadamard product), and u; is a random vector
with n entries drawn uniformly in [0, 1].

Once the pool of candidates C; is generated, the simulator must decide which points to evaluate
or refine. This choice is driven by acquisition functions, which convert surrogate predictions into
scores that balance exploration of uncertain regions with exploitation of promising areas. The
surrogate provides both the mean fi(x) and uncertainty (i.e., standard deviation) &(x), which are the
basic inputs to all scoring rules. The simulator implements several strategies, selectable by the user.

The simplest criterion is uncertainty sampling, where the acquisition score is proportional to
the magnitude of predictive uncertainty. If the surrogate returns m objectives, the aggregated
uncertainty is:

Aunc(X) = Agg(8: (%), 62 (X), ..., G (X)), (16)

where Agg can be the mean, the maximum, or the #,-norm. To discourage redundant sampling in
clustered regions (i.e., to avoid wasting evaluations on points that are too close to existing data), the
simulator applies a crowding correction:

1 A [€)
Aune () =y 17)

where pg(x;) is the average distance of x; toits k-nearest neighbor in the input space.
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Uncertainty alone does not guarantee broad coverage, so the simulator also implements a
diversity-driven selection, which ensures that selected points are spread across the pool. This is
implemented as a greedy max-min algorithm. Starting from an empty set B of candidates in the
current batch, the next candidate x* is chosen as:

Xx* = arg max min ||x —
ngCt\B yGBUDt” y”2 (18)

thus, from the pool of candidates that have not yet been selected (C,\B), the simulator selects the one
that is farthest away from all already selected or evaluated designs (BUD;) , thereby promoting
exploration of new regions in the design space. This procedure is repeated until the desired batch
size is reached.

To exploit both principles simultaneously, the simulator can use a hybrid strategy. In the
simultaneous hybrid strategy, the simulator balances exploration of uncertain regions with coverage
of unexplored areas. To do this, both the diversity score d(x) and the uncertainty score fi(x) are
first normalized to lie between 0 and 1. The final score is then formed as a convex combination:

Anyp () =yd(®) + (1 = p)a(x) (19)

where y € [0,1] is a user-controlled parameter. A value of ¥y =1 makes the selection purely
diversity-driven; conversely, y = 0 makes it purely uncertainty-driven, and intermediate values
provide a tunable trade-off between the two. In the sequential hybrid strategy, the simulator first
retains the top fraction x of candidates ranked by uncertainty, and then applies the diversity
selection procedure within that subset.

For multi-objective optimization, the simulator also supports approximate hypervolume
improvement (HVI) to estimate the potential contribution of a candidate to the Pareto front. Let r €
R™ be a reference point defined as the component-wise maximum across all observed and predicted
objectives plus a small margin ¢ (i.e., slightly worse than all observed and predicted objectives). For
each candidate, the acquisition score is then:

Ay (x) = [z max{0, 7y — f (%)} (20)

Intuitively, this measures the extra “volume” in objective space that would be gained if x were
added to the archive. Candidates with higher scores are more likely to improve the Pareto front.

In single-objective problems, the simulator can instead use expected improvement (EI). If f* =
miin ¥; is the best observed value so far, then for a candidate with predicted mean fi(x) and variance

62(x), the El is:
Ag(x) = (f* = () P(Z(0)) + 6 (x)p(Z (%)), (20)
with:

Z(x) — i iE))

o(x)-¢

Here ® and ¢ are, respectively, the standard normal cumulative distribution function (CDF)
and probability density function (PDF). EI favors points that either improve upon the best value
directly (through a low predicted mean) or that carry high variance, thus maintaining a balance
between exploitation and exploration. In multi-objective cases, EI falls back to the uncertainty
criterion.

The acquisition module returns a batch B of candidates selected from C,. These are then passed
to the evolutionary algorithm, which generates the next population by applying crossover and
mutation operators. All acquisition functions expose their full score vectors, which the simulator logs
in the SQLite database. This allows retrospective analysis of why specific points were chosen and
supports adaptive tuning of acquisition parameters over the course of an optimization run.
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2.5.7. Evolutionary Algorithm Layer

After candidates have been generated and scored by acquisition functions, the simulator
employs an evolutionary algorithm (EA) to refine populations toward the Pareto front. This layer
provides global search capability, ensuring that selected designs are not only uncertain or diverse but
also competitive with respect to multi-objective optimality.

At each generation g, the simulator maintains a population P, = {x,x,, ..., xy}. Objective
vectors are initially predicted by the surrogate, fi(x;), and then corrected for individuals chosen by
the fidelity controller through true SPICE evaluations. Selection, crossover, and mutation are then
applied to form the next population P, ;. All EA operations are implemented via the pymoo library,
which is wrapped by the simulator through a common APL

The default algorithm is NSGA-II, chosen for its efficiency and robustness in circuit optimization
tasks with a moderate number of objectives. NSGA-II maintains Pareto dominance as the primary
ranking criterion and uses crowding distance to promote diversity within fronts. For objective k, if
the individuals are sorted such that fl(k) < fz(k) << ,\Ek), then the crowding contribution for
individual i is:

(k) (k)
fi+1 — fi—1

CD (D) = 00 G (21)
max min
with infinite values assigned to boundary points. The total crowding distance is:
CD(D) = Ty CD, (D). (22)

Individuals are ranked first by Pareto front number, then by descending crowding distance.
Variation operators are simulated binary crossover (SBX) and polynomial mutation, both provided
by pymoo and parameterized by crossover probability p., distribution index 7., mutation
probability p,,, and distribution index 7,,.

The simulator also integrates MOEA/D (Multi-Objective Evolutionary Algorithm based on
Decomposition). Here, the multi-objective problem is decomposed into a set of scalar subproblems
via a set of weight vectors 19 € R™  with ¥, A} = 1. For each subproblem, the objective is defined
as:

920 (X) = max Alfie(X) = 2], (23)
where z = (zy, ..., z,,) is the current ideal point, i.e. the best objective values observed so far. Each
subproblem is associated with a neighborhood of weight vectors, and mating/variation are restricted
to those neighborhoods, improving convergence across the Pareto surface.

As an alternative, SPEA2 (Strength Pareto Evolutionary Algorithm 2) is available for scenarios
where external archiving of non-dominated solutions is preferred. For each individual i, its strength

is:

S@O=1Ifi < i3l (24)
the number of other individuals it dominates. The raw fitness of a candidate j is:

R()) = Zi:fi<fj5(i)' (25)

and a density adjustment is applied using the inverse distance to the k-th nearest neighbor:

D() =

1
or()+2’

(26)

The overall fitness is F(j) = R(j) + D(j), and environmental selection truncates the archive
when necessary by removing the most crowded individuals.

For many-objective optimization (m > 3), the simulator provides NSGA-III. This algorithm
replaces crowding distance with reference direction niching. A set of reference directions {r?} is
generated on the unit simplex, and each non-dominated solution is associated with the closest
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direction. When truncation is required, individuals are chosen so that every reference direction
remains represented. This ensures a well-spread Pareto front even in high-dimensional objective
spaces.

For debugging or lightweight runs, the simulator also includes two baselines: uniform random
sampling and LHS sampling with non-dominated filtering. These do not use evolutionary operators
but provide a way to evaluate the contribution of the surrogate and acquisition layers in isolation.

In practice, the simulator invokes the EA layer after acquisition scoring. The selected batch B
from the acquisition module is used to seed the evolutionary population. Surrogate predictions fi(x)
guide ranking and variation, while the adaptive fidelity controller ensures that a fraction of the
individuals undergo SPICE verification. This combination allows the EA to explore aggressively
while being corrected by high-fidelity evaluations where necessary. After each generation, the non-
dominated archive A, is updated with verified and surrogate-predicted points, and the

hypervolume metric is monitored for convergence.

2.5.8. Adaptive Fidelity Controller

The adaptive fidelity controller decides, at each generation g, which individuals must be re-
evaluated with high-fidelity SPICE and which can safely retain surrogate predictions. The controller
operates on the working set Q (typically Q, = P, U By, i.e., the EA population and any acquisition-
selected candidates) and uses the surrogate’s calibrated per-objective uncertainties 6, (x). The rule
combines two parameters: an uncertainty threshold 7,, which specifies how much predictive
uncertainty is considered too high, and a verification quota p € (0, 1], which ensures that at least a
fraction p of the current population undergoes SPICE verification, even when the surrogate appears
confident.

The procedure works in two steps. First, any candidate whose average predictive uncertainty
ti(x) exceeds the threshold 7, is flagged for verification. Formally, with uncertainties 6, for each
objective, the aggregated score across the m objectives is defined as the default mean, namely:

IS o

a(x) = ;;ak(x) @)
with 6, (x) = ad(x) where a > 0 is the runtime calibration factor applied to the raw dispersion
&(x). Thus, the initial verification set (threshold gate) is:

I{'g(o) ={xeq,: ul) >} (28)
Second, if the number of flagged individuals is smaller than the required quota q = [p - |Qy]]
(namely, if |Vg(0)| < q), the controller supplements 1, with the most uncertain remaining candidates
(e, Qg\ Vg(o)) until the quota is met. The quota filling process is biased toward predicted non-

dominated points so that the verification effort is spent on candidates most likely to improve the
pareto front (quota enforcement with non-dominated bias). Let

7, = ND(8,; %5)

denote the non-dominated subset of ), computed using surrogate means fi(x) (ie, x <y <
/A(x) dominates /i(y)). The quota-fill algorithm draws candidates from N, \ l{q(o) by decreasing #i(x)
and fallbacks to Q, only if this subset exhausts before covering the full quota q. The final verification
set is therefore:

V=V " UA U4, (29)
where:
_ Y 0), =
= TPty g2 (B \ 75 70),

and:
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A, = 'I‘Opq_|]/,g(())|_|A1| (Qg\ (Vq(o) U Al)} ﬁ())

The Top,(S;(:)) operator means: “select the top k candidates from set S, ranked by their
uncertainty score u(x)”.

In this way, the controller guarantees that all high-uncertainty designs are always checked, and
that even in regions where the surrogate is confident, a minimum fraction of points is still verified.
This prevents overconfidence and ensures that the dataset continues to expand with fresh ground-
truth information.

However, real machines are resource constrained, thus the number on SPICE simulations that
can be run in parallel is limited by the underlying hardware. For this reason, the user can configure
a hard SPICE concurrency limit Sy, to limit the maximum number of jobs allowed to run in parallel.
If |V;]| > Smax the verification load is capped by retaining only the top Sy, elements of V. To rank
them, the simulator uses a composite score that balances uncertainty and predicted Pareto
contribution (concurrency cap with composite prioritization).

The first step is to normalize both the uncertainty signal and the surrogate-predicted
hypervolume improvement signal to the common range [0, 1]. For a candidate x, the uncertainty
signal is the average surrogate variance #(x). The hypervolume improvement signal is denoted
h(x) = HVI(x), i.e. the surrogate-based estimate of how much the Pareto front hypervolume would
increase if x were added.

Normalization is performed relative to the entire verification set I, for the current generation.
In the expressions below, the symbol z is just a dummy variable that iterates over all candidates z €

Vy:
u(x) — minu(z)
a(x) _ Z€Vy
max(z) — minii(z) + ¢’
z€Vy Z€Vy
h(x) — rrel%/n h(z)
h(x) = —2

rzré%;(h(x) - gl’elgql h(z) + ¢

where ¢ is a small constant to prevent division by zero. In plain terms, these formulas rescale each
candidate’s uncertainty and hypervolume gain relative to the smallest and largest values observed
across all candidates in Vj,.

The normalized scores are then combined into a single composite prioritization score:

sp(x) = Bu(x) + (1 — Bh(x), with g € [0,1]. (30)

Finally, the set of individuals sent to SPICE is capped as:
Vy < Tops,,.., (VE;; sﬁ(-)). (31)

The trade-off parameter  determines how the limited SPICE budget is allocated. A value of
close to one prioritizes candidates in regions where the surrogate is most uncertain, ensuring
exploitation of weakly modeled areas. A value close to zero prioritizes candidates expected to expand
the Pareto front according to predicted hypervolume gain, emphasizing exploration of promising
directions.

Afterwords, for all x € V;, true objective values y = f(x) are obtained by running SPICE, and
surrogate predictions for those points are replaced by verified labels (verification and dataset
update). Namely:

A(xX) «y, Dy =DyU{(x,¥):x €V} (32)

To keep the surrogate’s uncertainty estimates consistent with observed errors, the simulator
updates the calibration factor a (calibration of uncertainty). Let residuals be e, (x) =y, — ;- (%)
for x € V;, where [iP™ denotes the pre-verification prediction, then the standardized residuals are:
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lex ()|

500 +¢ .

7 (x) =
with a small € >0 for numerical stability (i.e., to avoid possible division by zero). The new
calibration is scaled according to the median of these ratios, namely:

Agp1 = Qg medianxevg’ksmzk(x) . (34)

The uncertainty threshold itself is adapted so that future verification rates remain aligned with
the desired quota (adaptative threshold update). If the observed verification fraction is pgps g =
[V, |/19], the simulator updates 7, toward the empirical (1 — p)-quantile of the current uncertainty
distribution:

Tge1 = (1 =M1y +1- Q- ,({u(®) : x € Q,}). (34)

where Q;_,() is the (1 — p)-quantile and 7 is a smoothing factor. Finally, to avoid pathological
cases where the surrogate becomes overconfident, the controller enforces a minimum verification
floor Vipin = max{1, [pmin| Q|| } With pmin < p. This guarantees that at least a few designs are always
checked against SPICE, even if all uncertainties are below the threshold (safeguard floor).

2.6. Uncertainty-Aware Penalization

Whereas the adaptive fidelity controller described in Section 2.5.8 governs when candidate
designs are escalated to high-fidelity SPICE evaluation, the penalization mechanism described here
regulates how surrogate predictions are adjusted before escalation. It is therefore a complementary
mechanism, orthogonal to the fidelity controller but conceptually adjacent to it: both operate at the
surrogate—SPICE interface, yet address different aspects of reliability. The fidelity controller enforces
selective verification, while the penalization scheme introduces a soft correction that discourages
over-exploitation of highly uncertain surrogate regions without altering candidates that fall within
well-calibrated domains.

To this end, for candidate designs not yet verified with SPICE, the surrogate-predicted objectives
are modified according to Equation 35:

f'®)=fx)+29(x)-1, (35)

where f(x) € R™ is the surrogate estimate of the objective vector, A is a user-defined penalty
weight that defaults to 0, 1 is a vector of ones of the same dimension as f(x), and g(x) € R
quantifies the excess predictive uncertainty. Specifically:

9(x) = max (o“(")T"‘) 50 =) o),
Jj=1

with 6(x) the average predictive uncertainty across the ensemble of m surrogate regressors.
Two thresholds appear in this mechanism:
1. Uncertainty threshold (user-defined through CLI): global cutoff used by the adaptive fidelity
controller. If &(x) = uncertainty threshold, the candidate is marked for SPICE verification
(unless quota rules apply).
Penalty threshold ( 7y; ): cutoff used inside the penalization term. By default, 7 =
uncertainty threshold. If the user provides a separate value via the CLI, this overrides the default.
Thus, unless explicitly decoupled, the same threshold governs both when candidates are
escalated to SPICE and when surrogate predictions are penalized. Lowering the threshold increases
the number of designs flagged for SPICE verification and expands the region where penalties apply;
raising it defers more to the surrogate.

The normalization factor R rescales the penalty to maintain stability across iterations, e.g. by
using the running standard deviation of ensemble uncertainties or (G(x) —ty,;) +¢&, with € >0
ensuring numerical stability.
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This soft penalization leaves predictions unchanged whenever &(x) < ty;, confining distortion
to regions where surrogate confidence is demonstrably low. An adaptive controller adjusts 4 during
optimization to balance exploration and exploitation. Once enabled through configuration keys, the
mechanism is applied automatically within the evaluation loop, after surrogate inference and before
optional SPICE verification. Ground-truth-verified designs remain unaffected, and the penalty logic
is encapsulated so as not to interfere with surrogate training or evolutionary operators.

3. Results

This section presents the validation and performance assessment of the proposed multi-fidelity
surrogate-based optimization framework for analog circuit design. The analysis is organized into
three parts.

Section 3.1 introduces the circuits under test—four representative CMOS operational-amplifier
topologies selected to stress the simulator across different technology nodes and architectures.

Section 3.2 details the simulation setup, including the computational environment, optimization
algorithm configuration, and surrogate-training workflow used for the experiments.

Finally, Section 3.3 reports the quantitative results and discussion, comparing surrogate
predictions with SPICE truth data, analyzing Pareto fronts, and evaluating the trade-offs between
accuracy, convergence speed, and computational efficiency.

3.1. Circuits Under Test

To validate the proposed multi-fidelity surrogate modeling and optimization framework, four
canonical CMOS operational-amplifier topologies were simulated and optimized using the
developed toolchain. The selected test circuits are depicted in Figure 8 and represent a broad range
of analog front-end architectures with increasing structural and biasing complexity.

Figure 8a depicts a folded cascode differential amplifier. The stage is implemented using a lpm
technology node and relies on a PMOS differential input pair with NMOS cascode current-mirror
loads. It provides high open-loop gain and excellent common-mode range due to its “folded” signal
path that shifts the differential current into the opposite device type. The folded structure allows the
input common-mode voltage to swing below ground, enabling single-supply operation, at the
expense of reduced output swing and higher power consumption. Typical DC gain exceeds 60 dB
with a common-mode range spanning roughly 0.6 V to 3.3 for a 5 V supply.

The telescopic cascode shown in Figure 8b is implemented using a 1um technology node. The
stage maximizes voltage gain and bandwidth by stacking cascoded input and load transistors in a
single current path. It achieves very high intrinsic gain (> 70 dB) and low noise, but at the cost of
limited output swing and reduced input common-mode range, typically confined between 1.5 V and
3 V for a 5 V supply. This circuit provides an excellent benchmark for evaluating the surrogate
model’s accuracy in high-gain, high-impedance regimes.

The design depicted in Figure 8c represents a typical two-stage Miller-compensated operational
amplifier, composed of an NMOS differential input pair driving a PMOS common-source gain stage,
with a Miller capacitor and a zero-nulling resistor. Implemented in a 1 V, 50 nm process, it offers
moderate DC gain and unity-gain bandwidth around 10 MHz and serves as a representative case for
compensation-limited frequency response and stability analysis under nanometer-scale device
constraints.

Finally, Figure 8d illustrates a modified two-stage amplifier using transistor-based indirect
compensation (also known as transistor-compensation or common-gate feedback). The stage is
implemented in a 1V, 50 nm process. The compensation current is fed back through a low-impedance
node, eliminating the right-half-plane zero inherent to Miller compensation and improving both
phase margin and speed. This design achieves unity-gain frequencies exceeding 100 MHz and
exhibits improved slew rate and settling time, representing a more challenging benchmark for multi-
fidelity modeling due to its strongly coupled high-frequency dynamics.
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Figure 8. CMOS operational amplifiers used for validation: (a) Folded-cascode op-amp (1 um CMOS) with
PMOS differential input pair and NMOS cascode mirror load; (b) Telescopic-cascode op-amp (1 pm CMOS); (c)
Two-stage RC-compensated op-amp (50 nm CMOS) employing classical Miller compensation with a zero-
nulling resistor for stability; (d) Two-stage transistor-compensated op-amp (50 nm CMOS) using indirect current

feedback via a common-gate device.

3.2. Simulation Set-Up

All optimization and surrogate-based simulations were executed on a MacBook Pro equipped
with a 2.6 GHz quad-core Intel Core i7 processor and 16 GB of 2133 MHz LPDDR3 memory running
macOS.

All circuits described in Section 3.1 were simulated under identical environmental and
algorithmic conditions to ensure consistency across technology nodes and topologies.

The optimization process targeted two primary performance metrics—open-loop gain (dB) and
-3 dB bandwidth (Hz)—using multi-objective genetic algorithms (GA). Four algorithms were
benchmarked: NSGA-II, NSGA-III, SPEA2, and MOEA/D, each configured with consistent operator
probabilities and termination criteria. Every run was initialized with the same random seed so that
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all algorithms evolved from an identical initial population, guaranteeing a fair population-level
comparison.

Each GA run used a population size of 200 individuals evolved for 150 generations, with
crossover and mutation probabilities of 0.9 and 0.1, respectively. The tournament size, set to 2,
controls the selection pressure during reproduction: at each iteration, two individuals are randomly
selected, and the one with higher fitness participates in crossover—balancing diversity and
convergence rate.

An early-stopping criterion was applied via a convergence threshold set to 0.01, which
terminates the optimization when the relative improvement of the Pareto-front hypervolume
between successive generations falls below 1%.

To quantify the acceleration provided by surrogate-guided optimization, SPICE-only reference
optimizations were also executed using the same GA configuration but reduced to 100 individuals
and 50 generations. These baseline runs served as ground truth for evaluating speedup and
convergence consistency.

Training datasets for surrogate-guided and multi-fidelity optimization were automatically

generated through a Monte Carlo design-of-experiments (DoE) procedure.
The DoE sampling employed uniform distributions for transistor geometries (width and length of
differential pair, cascode, output, and load devices) and compensation-network parameters (R, C). A
total of 100 Monte Carlo samples were used to populate the low-fidelity training set. Table 1 collects
the sampling ranges used for the designs of Figure 8.

Table 1. Sampling ranges for the designs under test (Figure 8).

Design Device(s) Sampling range
M1, M2, M5, M6, M9-M12 W:1-40pm, L: 1-3um
Folded cascode (1um) M3, M4 W: 1-80um, L: 1-3um
M7, M8 W:1-20um, L: 1-3um
M1-M4 W:1-20pm, L: 1-3um
Telescopic cascode (1um) M5-M10, M12, M13 W: 1-40pum, L: 1-3um
M11 W:1-20pm, L: 1-10um
M1-M9 W:0.1-1um, L: 50-200nm
RC-compensated op-amp (50nm) R 1kQ-100kQ2
C 0.1pF-0.5pF
Transistor-compensated op-amp M1, M2, M7, M10-M13 W: 1-5um, L: 50-200nm
(50 nm) M3-M6, M8, M9 W: 1-10pm, L: 50-200nm
C 0.1pF-0.5pF

We introduced weak positive correlations (¢ € [0.1, 0.2]) among selected design parameters in
the Monte Carlo design-of-experiments (DoE) to encode common co-sizing heuristics without
constraining the exploration space. These correlations do not represent device mismatch but rather
capture practical designer tendencies to co-tune transistor and compensation parameters for loop
stability and pole—zero alignment. For instance, increasing the differential-pair width W in the Miller-
compensated op-amp raises g,,; and thus the unity-gain bandwidth UGBW = g,,,,/2nC; designers
often adjust C and/or R accordingly to preserve the target phase margin that depends on the
compensation zero z = 1/RC. Hence, weak correlations were introduced between W and C (o = 0.1)
and W and R (o = 0.2). Similarly, in folded- and telescopic-cascode topologies, slight correlations
(0=0.1) between differential pair and cascode transistor widths reflect co-sizing practices that
maintain output resistance and pole positions. Such correlations modestly accelerate surrogate-
guided convergence by increasing the density of physically plausible samples while preserving
overall DoE diversity. We intentionally kept correlations weak to avoid biasing the DoE too strongly.

Each optimization performed AC, DC, and transient analyses to extract gain, bandwidth, phase
margin, power, and slew-rate metrics. To improve throughput, parallel SPICE evaluations were
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executed either by spawning parallel processes or via a local Dask cluster [27], and design caching
avoided redundant evaluations of identical parameter vectors. Solver tolerances were set to reltol = 1
x 1073, abstol = 1 x 10?2, and vntol = 1 x 10 to maintain numerical precision. Finally, Table 2
summarizes the simulation configuration.

Table 2. Summary of simulation configuration.

Parameter Value/Setting Description
Hardware MacBook Pro (2.6 GHz Intel Corei7, 16 Host  system  for  all
GB RAM) simulations
Objectives Gain (20 — 100 dB), Bandwidth (1 kHz -1 Primary optimization targets
GHz)
Algorithms NSGA-II / NSGA-III / SPEA2 /| MOEA/D Multi-objective evolutionary
algorithms
Population / Generations 200/ 150 (SGO & MF); 100 /50 (SPICE- GA configuration for main
only) and baseline runs
Crossover / Mutation 0.9/01 Probabilities ~ for  genetic
operators
Tournament Size 2 Number of competitors per
selection round
Early Stopping 0.01 (relative hypervolume change) Convergence criterion
AC Analysis 1 Hz -1 GHz (100 points, 27 °C) Frequency response for gain
and bandwidth
Transient Analysis 1 ns step, 2 us duration Slew-rate evaluation
SPICE Tolerances reltol = 1e-3, abstol = 1e-12, vntol = 1e-6  Numerical solver settings
Parallelism Enabled (processes or local Dask cluster) Concurrent circuit
evaluations
Cache Precision 6 decimal places Design deduplication
threshold
DoE Sampling 100 Monte Carlo samples Training data for surrogate
and MF models
Parameter Ranges See Table 1 Monte Carlo design space
Correlation o€ [0.1,0.2] Weak positive correlation
Random Seed Fixed (across all runs) and set to 101 Ensures fair cross-algorithm
comparison

3.3. Results and Analysis

This section presents a comprehensive analysis of the proposed optimization framework,
focusing on simulator performance, algorithmic behavior, and Pareto-front quality across the
different circuit topologies depicted in Figure 8 and optimization modes. The discussion is organized
to highlight (i) computational efficiency and scalability, (ii) genetic algorithm performance, and (iii)
accuracy of surrogate and multi-fidelity predictions relative to SPICE truth.

Figure 9 summarizes the evolution of cache-hit rates during SPICE-only optimization of the four
amplifier topologies using three evolutionary algorithms. The cache system records and bypasses
repeated circuit evaluations, thereby reducing computational cost without altering the optimization
logic. Across all configurations, the hit rate exhibits a rapid growth phase during early generations—
when the search space is densely revisited —followed by a gradual saturation as the optimizer
approaches convergence.
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Figure 9. Cache-hit rate and cumulative cache-hit rate evolution for SPICE-only optimization with NSGA-II,
NSGA-III, and SPEA2, respectively, of the operational-amplifier topologies under test: (a-c) Miller-compensated

differential amplifier; (d-f) Transistor-compensated differential amplifier; (g-i) folded-cascode op-amp; (I-n)

Telescopic-cascode amplifier.

This increase indicates that multiple individuals in later generations either replicate, or become
very similar to, designs that were already evaluated in previous generations. As a consequence, more
solutions can be served from the cache instead of requiring a new SPICE run, and the cumulative

cache-hit curve rises monotonically.
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The exact shape of this evolution is algorithm- and topology-dependent. Some
algorithm/topology pairs show a smooth, monotonic rise in the cumulative cache-hit curve with
relatively small oscillations in the instantaneous hit rate. This behaviour is consistent with fast
convergence toward a narrow region of the search space. Other cases show intermittent bursts in the
instantaneous hit rate followed by drops, which suggests that the optimizer occasionally re-injects
diversity (e.g., by mutation) and briefly explores alternative regions before collapsing again toward
previously known solutions. In other words, high, sustained cache-hit rates are a signature of strong
convergence pressure; fluctuating cache-hit rates are a signature of continued exploration.

However, a high cache-hit rate—although beneficial for reducing total simulation time—also
indicates a reduction in population diversity, as many individuals share identical parameter sets or
converge toward the same local region of the search space. While this accelerates convergence, it also
narrows the set of distinct circuit solutions that are analyzed. In contrast, lower or more erratic cache-
hit traces correspond to broader exploration and higher diversity, at the expense of more SPICE
simulations. This trade-off highlights the need to balance computational efficiency with design-space
exploration: excessive caching efficiency may lead to premature convergence and a narrower set of
analyzed designs, whereas moderate hit rates preserve diversity at the cost of longer run times. To
summarize, the cache-hit trajectories in Figure 9 do not simply indicate “better” or “worse”
performance. Instead, they quantify the balance between (i) computational efficiency via reuse of
simulated individuals and (ii) preservation of design-space diversity.

Figure 10 complements the previous results by showing how the instantaneous cache-hit
behavior translates into the number of SPICE simulations and cache reuses per generation. In the
early generations, almost all individuals are evaluated through new SPICE simulations, since the
cache is empty, and population initially explores previously unvisited regions of the parameter space.
Consequently, the number of cached evaluations is low and the computational cost per generation is
high.

As the optimization proceeds, the number of cached individuals progressively increases,
mirroring the rise of the cache-hit rate observed in Figure 9. This shift reflects the optimizer’s
tendency to revisit or reproduce already-evaluated circuit configurations as it converges toward
stable design regions. For most topologies (Miller-compensated, folded-cascode, and telescopic-
cascode), the behavior across algorithms is broadly consistent: after an initial phase dominated by
new simulations, both simulated and cached counts evolve in a relatively balanced way. In these
cases, cached reuse becomes relevant as the run progresses, but it does not overwhelmingly suppress
new SPICE evaluations. This indicates that, although the optimizer begins to resample previously
encountered designs (as also suggested by the rising cache-hit trends in Figure 9), it continues to
introduce fresh individuals at most generations. In practical terms, this means that convergence is
happening, but exploration is not completely shut down. By contrast, the transistor-compensated
differential amplifier is a clear exception. In this topology, cached evaluations dominate strongly over
time, and the number of genuinely new SPICE simulations per generation drop more aggressively
compared with the other topologies. This implies that the optimizer very quickly concentrates around
a narrow subset of designs and then repeatedly reuses them. In other words, it reaches a “solution
basin” early and keeps sampling within it instead of continuing broad exploration.
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Figure 10. Simulated vs. cached circuit evaluations per generation for a population of 100 individuals and for
SPICE-only optimization with NSGA-II, NSGA-III, and SPEA2, respectively, of the operational-amplifier
topologies under test: (a-c) Miller-compensated differential amplifier; (d-f) Transistor-compensated differential

amplifier; (g-i) folded-cascode op-amp; (I-n) Telescopic-cascode amplifier.
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Figure 11. Pareto-optimal solutions obtained from SPICE-only optimization for the operational-amplifier

topologies under test using three evolutionary algorithms (NSGA-II, NSGA-III, and SPEA2, respectively). The
explored design space is 20 dB < Gain < 100 dB and 1kHz < Bandwidth < 1 GHz: (a-c) Miller-compensated
differential amplifier; (d-f) Transistor-compensated differential amplifier; (g-i) folded-cascode op-amp; (I-n)

Telescopic-cascode amplifier.

Figure 11 presents the Pareto fronts obtained from SPICE-only optimization for each amplifier
topology and optimization algorithm. The data points collected throughout the optimization process
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naturally trace the expected two-dimensional trade-off between gain and bandwidth, allowing the
extraction of a pseudo-Pareto front that reflects each algorithm’s convergence and design diversity.

Across most topologies, the overall front shapes are broadly similar: a well-defined, downward-
sloping curve characteristic of the classical gain—bandwidth trade-off. However, the density and
spread of the points along each front differ significantly among algorithms and correlate strongly
with the cache behavior previously discussed in Figures 9 and 10.

Topologies in which the number of new SPICE simulations per generation remained high—such
as the Miller-, folded-, and telescopic-cascode amplifiers—show broader and smoother Pareto
distributions, indicating that the optimizer continued to sample diverse design regions until late in
the run. This sustained exploration produced fronts with a continuous coverage of intermediate gain-
bandwidth combinations and fewer gaps between solutions.

In contrast, the transistor-compensated differential amplifier, where cached-design reuse
dominated (Figures 9d to 9f and Figures 10d to 10f), exhibits markedly sparse Pareto fronts with large
gaps between points. Here, the optimizer repeatedly recycled previously evaluated designs, leading
to few genuinely new SPICE simulations per generation. As a result, the search concentrated early
on a narrow region of the design space, producing only a limited number of distinct high-performing
solutions. While this behavior yielded faster execution times, it reduced the ability to map the full
continuum of gain-bandwidth trade-offs. The overall similarity across most topologies and genetic
algorithms confirms that algorithmic effects are secondary to topology-dependent complexity and
caching dynamics.

These results highlight that in SPICE-only optimization, caching efficiency and population
diversity are inherently coupled, and both must be managed carefully to achieve physically
meaningful design trade-offs.

Up to this point, the discussion has primarily focused on the accuracy, convergence behavior,
and population diversity of the optimization framework, emphasizing how caching and algorithmic
dynamics shape the distribution of evaluated designs. In the following analysis, the attention shifts
from qualitative convergence characteristics to quantitative performance metrics, assessing the
computational efficiency of the simulator itself. Specifically, two complementary metrics are
considered: (i) the simulator throughput, defined as the number of completed SPICE simulations per
second per generation, which reflects the effective processing rate of circuit evaluations; and (ii) the
wall-clock time per generation, which quantifies the total elapsed time needed to complete all
simulations within a single optimization generation. These metrics allow us to assess the impact of
different execution strategies on overall simulation performance and scalability. Results obtained
from fully sequential execution are compared against those achieved through parallelized runs,
where multiple SPICE processes are executed concurrently. Two forms of parallelism are analyzed:
lightweight process-based parallel execution, and distributed task scheduling via a local Dask cluster.
Parallel execution was evaluated using two complementary configurations. In the first, process-
based parallelism was employed by spawning eight concurrent SPICE processes, each handling an
independent circuit evaluation within the same generation. In the second configuration, simulations
were distributed over a local Dask cluster composed of five worker nodes. Due to hardware
limitations of the test platform the Dask scheduler could not deploy more than five nodes, which
constrained further scalability tests but still provided a representative measure of achievable local
parallel speedup.
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Figure 12. Evolution of simulation throughput (SPICE simulations per second per generation) for different
execution paradigms and SPICE-only optimization with NSGA-II, NSGA-III, and SPEA2, respectively, of the
operational-amplifier topologies under test: (a-c) Miller-compensated differential amplifier; (d-f) Transistor-

compensated differential amplifier; (g-i) folded-cascode op-amp; (I-n) Telescopic-cascode amplifier.
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Figure 13. Evolution of wall-clock time per generation for different execution paradigms and SPICE-only
optimization with NSGA-II, NSGA-III, and SPEA2, respectively, of the operational-amplifier topologies under
test: (a-c) Miller-compensated differential amplifier; (d-f) Transistor-compensated differential amplifier; (g-i)

folded-cascode op-amp; (1-n) Telescopic-cascode amplifier.

Figures 12 and 13 compare the evolution of simulator throughput and wall clock time per
generation achieved for the different amplifier topologies and optimization algorithms under
different execution strategies. Across all algorithms and amplifier topologies, the throughput drift
with generation is minimal, indicating that the computational workload per generation remains
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largely stable throughout the optimization process. The main variations in throughput stem not from
algorithmic evolution but from the selected parallel-execution scheme.

When running on a single computer, process-based parallelism consistently yields higher
throughput than the local Dask cluster. Spawning eight independent SPICE processes allows the
simulator to exploit all CPU cores efficiently with limited coordination overhead. In contrast, the
Dask cluster introduces additional scheduling and serialization costs that become non-negligible on
a resource-constrained host system. Consequently, cluster execution provides little or no benefit on
a single machine when compared to parallel process execution, though it remains advantageous for
multi-node or distributed environments where its workload-balancing capabilities can be fully
exploited.

The transistor-compensated differential amplifier displays a distinct trend: its wall-clock time
decreases markedly with generation, regardless of execution mode. This reduction is not linked to
parallelism but to its high cache-reuse ratio, which limits the number of new SPICE simulations as
the run progresses. Nevertheless, its throughput remains constant and comparable to other
topologies, revealing that the computational savings from cache reuse are offset by I/O latency and
database-access overhead. In this case, execution becomes I/O-bound rather than compute-bound, as
the simulator spends an increasing fraction of time performing cache lookups and data serialization.

Taken together, Figures 12 and 13 demonstrate that parallel execution markedly improves
runtime efficiency on a single machine, but excessive cache reliance shifts the bottleneck from
computation to storage. Under the tested hardware constraints, process-parallel execution offers the
best trade-off between speed and resource usage, whereas cluster-based task scheduling becomes
effective only when deployed on a physical multi-node cluster with greater memory and 1/O
bandwidth.

While the plots depicted in figures 12 and 13 illustrate temporal trends and instantaneous
variations, aggregated averages provide a concise quantitative measure of each configuration’s
efficiency and allow a direct estimation of relative speedups. Table 3 summarizes these results,
enabling comparison between sequential execution, process-based parallelism, and the local Dask
cluster, and highlighting the practical performance gains achieved under each parallelization
strategy.

Table 3. Summary of average simulation throughput and average wall-clock time per generation for all
amplifier topologies and execution modes. Results are reported for sequential execution, process-based
parallelism (8 concurrent SPICE processes), and a 5-node local Dask cluster. The speedup columns quantify the
ratio of sequential to parallel wall-clock time for each configuration.

Average Average wall-clock Speedup Speedup
Design Algorithm ’fhroug?lput per time per simulation (processes) (Dask)
simulation mode mode
[sim/s] [s]

Miller- NSGA-II  15.22/36.76/30.69  5.24/2.21/2.62 2.37 2.00

compensated op- NSGA-III 15.74/36.48/31.50  5.03/2.20/2.54 2.29 1.98

amp SPEA2 15.54 / 36.69 / 31.65 4.98/2.13/2.47 2.34 2.02

Transistor- NSGA-II  14.48/34.78/28.48 291/1.25/1.49 2.33 1.95

compensated op- NSGA-III 12.47/33.95/28.78 3.44/129/1.51 2.67 2.28

amp SPEA2 11.58/33.71/28.13  3.11/1.08/1.28 2.88 243

Folded cascode NSGA-II  20.27/40.78 /3520  4.10/2.07/2.38 1.98 1.72

" NSGA-III  17.33 /40.09 / 33.90 449/197/2.32 2.28 1.94
amplifier

SPEA2 15.17/40.43 /3496  553/2.10/2.42 2.63 2.28

Telescopic cascode NSGA-II  17.22/40.95/35.08 4.73/2.01/2.33 2.35 2.03

amplifier NSGA-III  15.62/39.33/34.48 5.27/212/2.41 2.49 2.19

SPEA2 13.91/40.31/34.75 597/2.11/2.42 2.83 247
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Table 3 quantitatively summarizes the average simulation performance across all amplifier
designs and execution strategies. In every case, parallel execution substantially reduces the wall-clock
time per generation, yielding speedups between roughly 2x and 3x relative to sequential runs. The
process-based mode consistently outperforms the local Dask cluster, providing higher throughput
and greater speedup on the same hardware.

Speedup factors are broadly consistent across amplifier topologies and across NSGA-II, NSGA-
III, and SPEA2, which indicates that the parallelization strategy dominates the overall runtime
behavior more than the specific optimization algorithm. It is important to note that these averages
capture global efficiency but do not fully reflect per-generation dynamics such as the strong cache-
driven wall-clock reduction observed for the transistor-compensated op-amp. That behavior,
discussed in Figures 12 and 13, is local to later generations and is partially hidden when values are
averaged over the entire run.

3.3.1. MOEA/D Algorithm

In addition to the classical multi-objective evolutionary algorithms analyzed so far—namely
NSGA-II, NSGA-III, and SPEA2—the MOEA/D (Multi-Objective Evolutionary Algorithm based on
Decomposition) was also employed to benchmark simulator performance. This algorithm deserves
separate analysis because, unlike the aforementioned methods, it is not a genetic algorithm in the
strict sense.

While NSGA-II, NSGA-III, and SPEA2 rely on population-level genetic operators—such as
crossover, mutation, and tournament-based selection—to evolve candidate solutions through Pareto
ranking and crowding measures, MOEA/D adopts a fundamentally different approach. It
decomposes the multi-objective problem into multiple scalar subproblems, each associated with a
distinct weight vector, and optimizes them simultaneously in a cooperative neighborhood
framework. Instead of relying on stochastic recombination, MOEA/D focuses on localized search and
information sharing among neighboring subproblems, promoting convergence along well-
distributed regions of the Pareto front with reduced genetic diversity.

This structural distinction has important implications for simulation workload and
parallelization efficiency. Because MOEA/D updates subproblems incrementally and performs fewer
global population-wide operations, its computational pattern differs significantly from that of
classical genetic algorithms.

As a result, the external parallel-execution strategies previously employed —such as process
spawning or Dask-based clustering—are not applicable here. Performance optimization is instead
achieved internally through the parallelization backend provided by PyMOQO, one of the core
libraries on which our simulator is built.

Accordingly, this section evaluates simulator performance under MOEA/D by analyzing both
the global throughput (total SPICE simulations per second over the full optimization run) and the
overall wall-clock time, along with the shape and convergence quality of the final Pareto front. This
approach allows a consistent comparison with the other algorithms while recognizing that, in
MOEA/D, these metrics describe the aggregate efficiency of the entire optimization process rather
than per-generation behavior.
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Figure 14. Pareto-optimal fronts obtained using the MOEA/D for the four operational-amplifier topologies under
test: (a) Miller-compensated differential amplifier; (b) Transistor-compensated differential amplifier; (c) folded-

cascode op-amp; (d) Telescopic-cascode amplifier.

The MOEA/D configuration used in this work was selected primarily to ensure fair comparison
with the other optimization algorithms (NSGA-II, NSGA-III, and SPEA?2). For consistency, analogous
settings were adopted across all methods—namely, a population size of 100 (corresponding to 100
subproblems in MOEA/D), a crossover probability of 0.9, a mutation probability of 0.1, and a similar
early-stopping criterion (see Table 2). This common configuration allowed a balanced assessment of
simulator performance under equivalent computational workloads and solver conditions, including
identical SPICE analysis parameters and solver tolerances.

Under these settings, the Pareto fronts generated by MOEA/D exhibited the expected gain—
bandwidth trade-off but showed a sparser solution distribution, with most non-dominated points
clustered toward the high-gain region. This outcome reflects our conservative configuration biased
toward fast local convergence rather than broad design-space exploration. Specifically, the
combination of high crossover probability, low mutation rate, and strong parent-selection locality
(delta =0.9, neighbors = 15) emphasizes exploitation over exploration. The Tchebycheff decomposition
further reinforces this tendency by driving optimization toward extreme objective values. Namely,
Tchebycheff decomposition tends to favor the objective that is easier to improve —in this case, gain—
so the search mostly converges toward high-gain regions while exploring the low-gain, high-
bandwidth trade-offs less extensively.

Table 4 shows the summary of MOEA/D optimization statistics using sequential execution. All
MOEA/D simulations processed 5000 design evaluations (50 iterations over 100 individuals) under
identical optimization and SPICE-solver conditions.
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Table 4. Summary of MOEA/D optimization statistics for the four amplifier topologies. Each run processed 5000

total individuals using sequential execution with identical solver and stopping parameters.

Design Wall clock Total Total Total Cache  Throughput
Time [s] individuals simulated cached hit rate [sim/sec]
Miller-
compensated op- 110.96 5000 1438 3562 0.712 12.96
amp
Transistor-
compensated op- 67.34 5000 437 4563 0913 6.49
amp
Folded cascode 455 g 5000 1396 3604 0721 10.42
amplifier
Telescopic cascode ;5 5 5000 1307 3693 0.739 9.97
amplifier

The transistor-compensated differential amplifier exhibits the highest cache-reuse ratio (= 91%),
confirming strong convergence toward a limited set of recurring designs. However, its throughput
remains low (= 6.5 sim/s) because frequent database lookups dominate runtime once cache hits
prevail. The other amplifier topologies show similar cache-hit levels (= 70-74%) and slightly higher
throughputs of 9-13 sim/s, consistent with a more balanced mix of cached and new evaluations.

Table 5. Summary of MOEA/D optimization statistics with PyMoo parallelization for the four amplifier
topologies. Each run processed 5000 total individuals with identical solver and stopping parameters.

Design Wall clock Total Total Total Cache  Throughput
Time [s] individuals simulated cached hit rate [sim/sec]
Miller-
compensated op- 120.31 5000 1583 3417 0.683 13.16
amp
Transistor-
compensated op- 59.40 5000 339 4661 0.932 571
amp
Folded cascode 55 5 5000 1376 3624 0725 1032
amplifier
Telescopic cascode ) g 5000 1165 3835 0.767 9.54
amplifier

Despite exploiting PyMoo’s internal parallel-evaluation backend, the results summarized in
Table 5 indicate that parallel execution does not yield any measurable performance improvement
over the sequential MOEA/D runs. Across all amplifier topologies, the wall-clock times remain
comparable or even slightly higher, confirming that the internal thread-level parallelism introduces
additional scheduling and synchronization overhead that offsets the potential benefit of concurrent
SPICE evaluations.

The throughput values (= 5-13 sim/s) are effectively identical to those of the sequential
configuration, demonstrating that evaluation latency is dominated by SPICE solver execution and
cache I/O rather than CPU availability. Similarly, the cache-hit ratios remain in the 0.68-0.77 range
(and 0.93 for the transistor-compensated amplifier), showing that parallelization neither enhances
design reuse nor affects the caching dynamics established by MOEA/D’s decomposition-based
search. These results confirm that, on a single-machine setup, PyMoo’s internal parallelization
provides no runtime benefit compared with sequential execution, as the optimization remains
constrained by SPICE simulation cost and I/O-bound cache operations rather than computational
parallelism.
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3.3.2. Surrogate-Guided Optimization

The surrogate-guided optimization (SGO) strategy was also employed to accelerate the
multiobjective analog circuit design process by coupling machine-learning-based surrogate models
with periodic SPICE truth evaluations. In the adopted configuration, the optimization proceeded
with a truth interval of two generations—meaning that every two evolutionary generations, the
surrogate model was updated and validated against ground-truth SPICE simulations. Each
verification stage (truth sweep) comprised a truth batch size of 16, corresponding to the number of
candidate designs selected by the surrogate for SPICE evaluation in each update cycle. As a result,
only 3.5% of all evaluated individuals were subjected to full SPICE simulation, while 96.5% of
evaluations relied on fast surrogate inferences. This hybrid approach drastically reduced the
computational burden, yielding an approximate 94% reduction in total simulation time compared to
pure SPICE-based optimization.

Surrogate predictions were deliberately not parallelized because they already execute as highly
efficient, batched vector operations that fully exploit optimized numerical kernels on the CPU. In this
context, the computational asymmetry between model inference and circuit-level SPICE evaluations
is extreme—predictions are orders of magnitude faster, so distributing them across multiple
processes would introduce overheads that outweigh any potential gains. Batched inference ensures
optimal use of CPU vector units and system memory without duplicating model parameters across
processes, while avoiding thread contention and preserving deterministic numerical behavior
essential for reproducibility in evolutionary loops. Consequently, parallel execution was applied only
to the high-latency SPICE truth evaluations, where it brings tangible benefits provided that the batch
size is sufficiently large—but not in this case, where the truth batch represented a small fraction of
the overall workload. Under these conditions, only surrogate model training benefits meaningfully
from parallelization, while inference remains an in-process, vectorized operation that is both simpler
and more stable on a CPU-only system. As a result, parallel execution provided no significant
additional speedup, and comparable runtimes were observed across all genetic algorithms under test.

The performance of the surrogate-guided optimization (SGO) process was assessed by jointly
analyzing the quality of the resulting Pareto fronts and the predictive accuracy of the surrogate
models. The Pareto front evaluation provides a direct measure of how effectively the SGO strategy
captures the trade-off surface between conflicting design objectives, revealing whether the surrogate-
driven exploration converges toward the true multiobjective optimum identified by SPICE ground-
truth evaluations. Complementarily, the predictive performance of the surrogate models was
quantified using the Mean Absolute Error (MAE) computed over each truth batch.

MAE was selected as the principal accuracy metric for several reasons directly aligned with the
dynamics of surrogate-assisted optimization. First, it offers direct interpretability in the same units
as the design objectives (e.g., dB for gain, Hz for bandwidth), allowing engineers to immediately
assess the average prediction deviation without requiring squaring or square-root transformations
as in MSE or RMSE. This makes MAE particularly useful for adaptive control of surrogate updates,
such as checkpoint acceptance and rollback decisions during the optimization loop.

Second, MAE exhibits robustness to outliers, which are common in analog circuit design where
certain candidates may produce invalid or unstable operating points. Unlike MSE, which amplifies
large errors quadratically and can distort model assessment, MAE treats all deviations linearly,
ensuring that a few extreme mispredictions do not overshadow the typical predictive behavior across
the Pareto front. This stability translates into more reliable model update and rollback logic.

Third, MAE provides consistent scaling across multiple objectives with heterogeneous
numerical ranges—such as gain (20-100 dB) and bandwidth (10%-10° Hz) —without biasing the
aggregate error toward high-magnitude variables. The metric also produces a stable and predictable
convergence signal: thresholds like rollback if MAE increases by > 0.15 can be tuned intuitively because
MAE’s scale remains bounded and insensitive to isolated large errors.

Finally, MAE is computationally efficient and empirically validated in our workflow. It
requires only the sign of the residual during backpropagation, reducing numerical overhead and
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improving stability during online surrogate updates. In practice, the MAE exhibits a generally
decreasing trend as the number of generations increases, showing an oscillatory behavior that reflects
the adaptive refinement of the surrogate model through successive truth evaluations. This evolution
indicates progressive improvement in predictive accuracy and stability, further confirming the
effectiveness of the adopted SGO strategy.

The Pareto fronts presented in Figure 15 confirm that surrogate-guided optimization effectively
captures the trade-off between gain and bandwidth across all amplifier topologies, producing fronts
consistent with the expected hyperbolic trend observed in pure SPICE-based optimization. For the
Miller- and telescopic-cascode amplifiers, the predicted fronts show good coverage of the of the
objective space with a coherent, monotonic profile—consistent with well-behaved surrogate
generalization. The folded-cascode case exhibits a similar overall quality, with the notable exception
of a slight clustering in the high-gain / low-bandwidth region, indicating local over-exploitation of
that corner of the trade-off.

A topology-algorithm interaction emerges for the transistor-compensated differential amplifier
under SPEA2 (see Figure 15f). Post-analysis of the surrogate inference logs revealed that, in this case,
the surrogate performed a large number of redundant predictions—assigning identical output
metrics to multiple distinct design vectors which led to overlapping points and a degraded Pareto
front. This redundancy is compatible with a training set locally saturated in similar samples and with
SPEA2’s archive dynamics, which can preserve minimally distinct individuals once dominance
relations stabilize. By contrast, NSGA-II and NSGA-III—through crowding and reference-direction
mechanisms—are less susceptible to this collapse and yield more evenly distributed predicted fronts.

These observations underscore the need to periodically re-enrich the surrogate with diverse
ground-truth samples (e.g., targeted truth checks in sparsely populated regions) and to monitor
prediction uniqueness to prevent accumulation of duplicates, especially for archive-based algorithms
and topologies prone to local clustering.

The MAE trends in Figure 16 confirm that, in most cases, surrogate accuracy improves
progressively with successive ground-truth updates, following the expected pattern of oscillatory but
overall decreasing error. For the Miller-compensated amplifier, NSGA-II shows a rapid drop in MAE
that stabilizes early at a low error level, whereas SPEA2exhibits steadier oscillations with a slower
but continuous decline. NSGA-III, instead, presents wider fluctuations, indicating stronger corrective
adjustments as the optimizer compensates for larger initial prediction discrepancies. In contrast, the
folded-cascode amplifier displays a smoother downward trend across all algorithms, reaching
consistently low MAE values that reflect stable convergence and effective surrogate refinement.

The telescopic-cascode amplifier follows a similar overall behavior but with more irregular
fluctuations. This pattern likely arises from the amplifier's higher sensitivity to device-level
parameter interactions which amplify small modeling inaccuracies and cause local prediction
corrections to vary more strongly between truth batches.

.
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Figure 15. Pareto fronts obtained through surrogate-guided optimization (SGO) for the different amplifier
topologies and genetic algorithms under test (NSGA-II, NSGA-III, and SPEA2, respectively). The explored
design spaceis 20 dB < Gain < 100 dB and 1kHz < Bandwidth < 1 GHz: (a-c) Miller-compensated differential

amplifier; (d-f) Transistor-compensated differential amplifier; (g-i) folded-cascode op-amp; (I-n) Telescopic-

cascode amplifier.

A distinctive behavior is observed for the transistor-compensated differential amplifier, where
all three algorithms show a monotonic decrease of MAE with generation, comparable to the other
topologies. This confirms that, despite the poor Pareto front observed for this case with SPEA2, the
surrogate predictions remain accurate overall. The degradation in the Pareto front thus stems not
from high prediction error, but from redundant surrogate outputs, where distinct input parameter

combinations yield identical gain and bandwidth values. Such redundancy limits design diversity

but does not compromise the surrogate’s numerical accuracy, which continues to improve steadily
across generations.

The oscillatory but steadily declining MAE curves validate the soundness of the SGO workflow
and demonstrate that the surrogate maintains effective predictive accuracy across generations, with

local variations arising mainly from topology-dependent model complexity and algorithmic
sampling diversity.
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Figure 16. Evolution of the Mean Absolute Error (MAE) of the surrogate model during surrogate-guided
optimization (SGO) for the four amplifier topologies under study. Curves report MAE values versus truth batch
index for NSGA-II, NSGA-III, and SPEA2, averaged over all predicted individuals per generation (ground-truth
evaluations are performed every two generations to update the surrogate and measure prediction accuracy).
Each plot corresponds to: (a) Miller-compensated differential amplifier; (b) Transistor-compensated differential

amplifier; (c) folded-cascode op-amp; (d) Telescopic-cascode amplifier.

Finally, Table 6 complements the MAE-evolution analysis by providing quantitative statistics
over 12 independent SGO runs for each amplifier topology. The results confirm the overall
improvement in surrogate accuracy observed in Figure 16, with the MAE consistently decreasing
between the initial, final, and best-recorded values across all designs. The folded-cascode amplifier
achieves the lowest median final MAE (= 0.022), reflecting its smoother response surface and higher
predictability. The Miller-compensated amplifier follows closely, although the wider range between
runs indicates moderate sensitivity to the specific training trajectory. The telescopic-cascode amplifier
maintains a clear reduction in MAE but with larger residual errors, consistent with its more complex
biasing and coupling behavior. The transistor-compensated differential amplifier remains the most
challenging case, exhibiting the highest initial and final MAEs, yet still demonstrating a consistent
downward trend.

Table 6. Summary of MAE statistics for the surrogate model across 12 independent surrogate-guided
optimization runs per amplifier topology. Each entry reports the range (minimum-maximum) and median of

the initial, final, and best MAE values computed on the validation batches.

Desion Initial MAE Final MAE Best MAE Mean

es1g (min-max, median) (min—-max, median) (min-max, median) Improvement [%]
comm t/ﬁgaetre dop. 03780-05197 0.2061-0.3550 0.0543-0.3550 35,3
p ap P™ (median 04146)  (median0.2217)  (median 0.1276) o7
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ConEfofﬁ'o 0.0957-0.1204 0.0163-0.1234 0.0019-0.0767 1289,
P amp P™ (median0.1052)  (median 0.0756)  (median 0.0590) o7
Folded cascode 0.0277-0.1121 0.0059-0.0371 0.0017-0.0312 43,59
amplifier (median 0.0312) (median 0.0222) (median 0.0222) e
Telescopic cascode  0.3091-0.3372 0.0839-0.2463 0.0159-0.2155 4419
amplifier (median 0.3299) (median 0.2155) (median 0.1825) o

3.3.3. Multi-Fidelity Adaptive Optimization

While surrogate-guided optimization (SGO) relies on a fixed verification schedule with periodic
ground-truth batches evaluated at constant intervals, multi-fidelity optimization (MFO) introduces a
dynamic fidelity allocation strategy that adapts evaluation effort based on real-time uncertainty
quantification. The key distinction lies in the decision process: SGO verifies a predetermined fraction
of candidates using SPICE at regular generational intervals, whereas MFO employs an adaptive
fidelity controller that assigns high-fidelity evaluations to selected candidates according to composite
scoring criteria—such as uncertainty-driven, hybrid exploitation—exploration, or hypervolume-proxy
strategies.

This adaptive scheme is complemented by an uncertainty penalty mechanism that continuously
adjusts the penalty weight applied to surrogate predictions in proportion to the current mean
uncertainty relative to a predefined target value. When the global uncertainty exceeds this threshold,
the penalty weight increases, discouraging exploration in regions of low surrogate confidence;
conversely, when the uncertainty falls below the target, the penalty is relaxed, enabling broader
exploration of the design space.

Through this closed-loop adaptation, MFO automatically balances computational cost and
prediction confidence throughout the optimization process. This makes it particularly effective for
problems where the surrogate’s reliability is non-uniform across the design space or evolves as
additional ground-truth data are incorporated. The defining feature of MFO is therefore the shift
from a schedule-based verification policy to a confidence-based allocation of computational
resources, allowing SPICE evaluations to focus where the surrogate is least reliable while sustaining
aggressive exploration in well-modeled regions. The Pareto fronts in Figure 16 demonstrate that
multi-fidelity optimization successfully enhances the consistency and smoothness of the predicted
trade-offs between gain and bandwidth compared with the fixed-interval surrogate-guided
approach. Across all amplifier topologies, MFO produces denser and more uniformly distributed
Pareto fronts, indicating that adaptive fidelity allocation effectively concentrates high-fidelity
evaluations in regions where the surrogate’s uncertainty is higher, while relying on low-fidelity
inference in well-modeled areas.
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Figure 16. Pareto fronts obtained through multi-fidelity optimization (MFO) for the different amplifier
topologies and genetic algorithms under test (NSGA-II, NSGA-III, and SPEA2, respectively). The explored
design spaceis 20 dB < Gain < 100 dB and 1kHz < Bandwidth < 1 GHz: (a-c) Miller-compensated differential
amplifier; (d-f) Transistor-compensated differential amplifier; (g-i) folded-cascode op-amp; (I-n) Telescopic-

cascode amplifier.

For the Miller-compensated and folded-cascode amplifiers, all three algorithms converge to
well-defined, continuous fronts that closely approximate the expected monotonic gain-bandwidth
relation. The improvement over the single-fidelity surrogate-guided optimization is particularly
evident in the edge regions of the Pareto front, where MFO avoids the local sparsity previously
observed due to fixed truth intervals.

The telescopic-cascode amplifier also benefits from the adaptive scheme, showing a more stable
front with fewer scattered or discontinuous points. This suggests that MFO’s uncertainty-driven truth
allocation efficiently mitigates the effects of local nonlinearity and parameter coupling that
previously introduced variability in surrogate-only predictions. A notable improvement is seen in
the transistor-compensated differential amplifier, especially for SPEA2, where the degenerate
Pareto front observed in the surrogate-guided case is now replaced by a more evenly spread set of
trade-off solutions. The adaptive uncertainty controller in MFO selectively reinforces ground-truth
verification for individuals exhibiting high predictive variance, thus breaking the redundancy that
led to overlapping predictions in the previous configuration.
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The multi-fidelity optimization framework monitors two key uncertainty metrics to guide the
adaptive allocation of high-fidelity SPICE simulations: UncMean (mean predicted uncertainty across
the population) and UncP95 (95th percentile uncertainty). These metrics quantify the surrogate
model’s confidence in its predictions, with lower values indicating higher reliability.

The fidelity allocation mechanism employs a composite scoring approach rather than simple
threshold-based selection. While the system uses an initial uncertainty threshold of 0.15 to flag
candidates potentially requiring SPICE verification, the actual selection is rank-based: candidates are
scored using normalized uncertainty combined with exploitation or diversity metrics (depending on
the acquisition strategy), and the top-N are allocated for SPICE evaluation. The simulator has been
configured so that the target SPICE fraction is adaptively adjusted between 10% and 30% of the
population based on the proportion of candidates exceeding the threshold. To prevent excessive
reliance on uncertain predictions, the framework includes an adaptive penalty mechanism that
targets a mean uncertainty of 0.3. When UncMean exceeds this target, a penalty weight is gradually
increased (default adaptation rate: 0.15 per generation, maximum weight: 2.0), adding a penalty term
proportional to prediction uncertainty to the objective function. This encourages the optimizer to
explore regions where the surrogate is more confident. Conversely, when UncMean falls below the
target, the penalty decreases.

In our experiments across four op-amp topologies, uncertainty metrics remained consistently
well below both thresholds (UncMean < 0.15, UncP95 < 0.15), indicating excellent surrogate quality
throughout optimization. This resulted in penalty weights remaining near zero and enabled
sustained high surrogate reliance (89.7% of evaluations) without sacrificing prediction reliability.
However, consistently low uncertainty from the start raises important considerations regarding
potential optimization bias. When the surrogate maintains high confidence early in the search, there
is a risk of premature convergence through: (1) over-exploitation of known regions, where the
optimizer preferentially samples areas of existing confidence rather than exploring uncertain regions;
(2) false confidence, where low uncertainty does not guarantee accuracy—the model may be
confidently incorrect in unexplored areas, leading to locally optimal but globally suboptimal Pareto
fronts; (3) reduced diversity, as minimal SPICE verification (10% at minimum allocation) provides
limited opportunity to detect missing design space features; and (4) initial training bias, where DOE
samples concentrated in specific regions produce surrogates that are well-trained locally but ignorant
yet falsely confident in undersampled areas.
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Figure 17. Evolution of the batch uncertainty during multi-fidelity optimization (MFO) for the different amplifier
topologies and genetic algorithms under test (NSGA-II, NSGA-III, and SPEA2, respectively): (a-c) Miller-
compensated differential amplifier; (d-f) Transistor-compensated differential amplifier; (g-i) folded-cascode op-

amp; (I-n) Telescopic-cascode amplifier.

Empirical analysis across our runs revealed a robust correlation between uncertainty evolution
and Pareto quality: runs achieving the best Pareto fronts consistently exhibited monotonically
increasing UncMean and UncP95, indicating sustained exploration into previously unseen regions of
the design space as superior trade-offs were discovered. Conversely, runs with stationary or
monotonically decreasing uncertainty tended to stagnate and produced inferior fronts, consistent
with premature convergence and over-exploitation of already-confident regions.

Importantly, this pattern held across multiple MOEAs—including NSGA-II, NSGA-III, and
SPEA2—suggesting it is not tied to a specific algorithmic detail but rather to a general exploration—
exploitation dynamic. As the search moves toward novel objective combinations and parameter
regimes, the surrogate naturally encounters unfamiliar inputs, which increases predictive
uncertainty; in this context, rising uncertainty is a healthy signal of active exploration rather than
model degradation.

These dynamics are supported by the framework’s diversity-preserving mechanisms (e.g.,
niching and reference-point guidance in NSGA variants, strength-based selection in SPEA2), the
composite scoring used for fidelity allocation (which blends uncertainty with exploitation/diversity
cues), the hypervolume-proxy option that explicitly rewards frontier expansion, and continuous
retraining from SPICE-verified samples. Together, these elements mitigate exploitation bias while
enabling the surrogate to remain the dominant evaluator without sacrificing discovery.
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Table 7. Summary of MAE statistics across 12 independent multi-fidelity optimization runs per amplifier
topology. Each entry reports the range (minimum-maximum) and median of the initial, final, and best MAE

values computed on the validation batches together with the average relative improvement.

. Initial MAE Final MAE Best MAE Mean

Design . . . . . .

(min-max, median) (min-max, median) (min-max, median) Improvement [%]
Miller-

com eris:tre dop.  03780-05197 0.2061-0.3550 0.0543-0.3550 63,600
P amp P™ (median 04146)  (median 0.2217)  (median 0.1276) 0%
Cor:rizzft:’;o 0.0957-0.1204 0.0163-0.1234 0.0019-0.0767 L4
p amp P™ (median 0.1052)  (median 0.0756)  (median 0.0590) =
Folded cascode 0.0277-0.1121 0.0059-0.0371 0.0017-0.0312 63.69
amplifier (median 0.0312) (median 0.0222) (median 0.0222) -
Telescopic cascode  0.3091-0.3372 0.0839-0.2463 0.0159-0.2155 41.49,
amplifier (median 0.3299) (median 0.2155) (median 0.1825) o

The aggregated MAE convergence data in Table 7 confirm that the surrogate models consistently
improve their predictive accuracy throughout the optimization process. The mean relative
improvement ranges between approximately 40% and 65%, depending on the circuit topology, with
the folded-cascode and Miller-compensated amplifiers showing the strongest refinement.
Conversely, the transistor-compensated differential amplifier and the telescopic-cascode amplifier
remain the most challenging cases, exhibiting smaller MAE reductions and higher final residual
errors. These results are consistent with their more irregular Pareto fronts and the stronger parameter
coupling expected in these topologies, which complicate accurate surrogate interpolation.

When these MAE dynamics are cross-referenced with the uncertainty-evolution trends, a
consistent pattern emerges. Runs achieving the best Pareto fronts are not necessarily those with the
lowest final MAE, but rather those exhibiting increasing uncertainty throughout the optimization
trajectory. This correlation indicates that uncertainty growth serves as an indicator of active
exploration, as the optimizer encounters novel regions of the design space where the surrogate
confidence is lower.

<
<

-0-serial
parallel (8 processes)

-o-serial
6 I parallel (8 processes)

—~o-serial
parallel (8 processes)

o o
—
o o
o

w

w

~

~
AVERAGE GEN. WALL CLOCK TIME (SEC.)
IS

AVERAGE GEN. WALL CLOCK TIME (SEC.)
IS

AVERAGE GEN. WALL CLOCK TIME (SEC.)
IS

14 B 2 1 M 1 et SRS o
0 L - 0 = : 0 1
4 10 3 50 70 9 110 130 150 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150
GENERATION GENERATION GENERATION
o8 So S8
& ~0-serial & ~o0-serial & ~o-serial
w7 parallel 8 processes) us parallel 8 processes) w7 paraliel (8 processes)
g g, g
g <} ge
(e} o (=}
= 36 =
S5 5 S5
5 3 3
F s F
=4 - F
> >4 ‘ 2
Z Z Z
03 (o} o3
w w3 w
2 Q Q
&’ B2 B’
2, - R o a 2 2 2 2 o8 ca 08 2 Q 2 2 o 2 o
.8
0 1 0 0 -
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150
GENERATION GENERATION GENERATION

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.0478.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 November 2025 d0i:10.20944/preprints202511.0478.v1

47 of 54
Se S6 Se
& ~o-serial % -o-serial & -o-serial
w parallel (8 processes) g parallel (8 processes) g paralel (8 processes)
Z5 Z5 =5
= T E°9 E
< < <
8 8 8
S Qa4 Sa
o o o
3 2 S
2 z =
=3 =3 =3
e = =
g g z
(O] Lol o
w2 w2 w2
g g g
g & &
21 (‘] o2 FAN o o R 9 =1 e 2 o o
o RS - : o . . ———
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150
GENERATION GENERATION GENERATION
(g (h) @
o g 5 é 7 ~o-serial
8° -o-serial @ ~o-serial )
& i 6 procissca g9 paraliel 8 processes) e parallel 8 processes)
=5 E =
5 < <
S 8 85
[} 4 24 par |
5] o s}
2 = =p
Ed < <
ER 23 =
e e Z3
z Z Z
o o (o}
82 82 o
2
% W é i E
gy R 0 2 | Y °
g EX o - o gk 21 &g s s
0 0 - < 0 A ~
0 102030 40 50 socng;:ﬂOSf 100110120 130 140 150 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150
GENERATION GENERATION
@ (m) (n)

Figure 18. Average wall-clock time per generation for the multi-fidelity optimization (MFO) runs across the
tested amplifier topologies and multi-objective evolutionary algorithms (NSGA-II, NSGA-III, and SPEAZ2,
respectively): (a-c) Miller-compensated differential amplifier; (d-f) Transistor-compensated differential

amplifier; (g-i) folded-cascode op-amp; (I-n) Telescopic-cascode amplifier.

In contrast, runs with flat or decreasing uncertainty curves—particularly those associated with
limited MAE improvement—tend to converge in suboptimal regions, leading to poorer trade-offs.
Thus, while decreasing MAE confirms the surrogate’s improving reliability, maintaining a moderate
level of predictive uncertainty is essential to preserve exploration pressure and prevent the optimizer
from over-exploiting already well-characterized regions.

Figure 18 reports the average wall-clock time per generation for both sequential and parallel
multi-fidelity optimization (MFO) runs for all the amplifier topologies and genetic algorithms under
test. The per-generation timing profiles presented in Figure 18 provide a qualitative view of the
temporal evolution of the optimization process and highlight the impact of parallel execution on
runtime stability.

To complement these observations with quantitative data, Table 8 summarizes the
corresponding average wall-clock times and parallel execution metrics for all amplifier topologies
and algorithms. This table consolidates the results across both sequential and parallel configurations,
allowing a direct assessment of overall speedups, efficiency, and time reduction achieved by the
multi-fidelity optimization framework under identical solver and uncertainty-control settings.

Table 8. Average wall-clock time per generation and parallel execution efficiency for multi-fidelity optimization
(MFO). Each configuration was executed under identical solver and adaptive-fidelity settings. Mean and total
wall-clock times are reported for both serial and parallel execution (8 workers). Parallel performance metrics

include wall-clock speedup, parallel efficiency (relative to 8 ideal workers)

Mean Total Wall-  Parallel  Time Per-

Wall- Wall- Clock Efficiency Reduction Generation
Design Algorithm Clock Clock[s] Speedup [%] [%] Speedup

Time

[s/gen]

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.0478.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 November 2025 d0i:10.20944/preprints202511.0478.v1

48 of 54
91 151.4 . . . .
NSGA-II 033; 565‘3—> 2.32x 29.0 56.9 2.83x
Differential op-amp NSGA-III 13(; ; 1868f9_) 278 34.8 64.1 337
1. 180. . 1. . .
SPEA? (())2 2—> 8;);1—> 2.50% 31.3 60.0 3.25x
1.17 188. 242 . 7 2.71
ComI;F;‘re::;:St(?;:amp NSGA-III 152 9—> 207950—> 2.95x 36.9 66.1 3.33x
SPEA2 1§(il—> 21;3;1—> 2.77x 34.6 63.8 3.17x
7 121. 2.04 . 1. .
NSGA.II 00.?;1—> 5;6—» 04x 25.5 51.0 2.36x
72 121.7 2. 29.1 7.1 2.71
Folded cascode = NSGA-III 0 0. 2; 5. 3_) 35~ ? > )
SPEA2 0(5)3227—> 14§>;7—> 2.40x 30.0 58.3 3.06x
.87 144.4 2.64 . 2.2 .14
NSGAAL 0(?.3(7 54.7_> - = ° o
Telescopic cascode NSGA-III 03627_) 1656;2_) 286 358 651 349
. 188. 242 . 7 2.71
o e

The wall-clock time evolution per generation across all multi-fidelity optimization runs reveals
distinct performance profiles for different amplifier topologies and genetic algorithms. On average,
sequential execution exhibits generation times ranging from 0.7 to 1.3 seconds per generation, with
folded cascode showing the shortest execution times (0.8 s/gen) and transistor-compensated
differential amplifier requiring the longest (1.3 s/gen). Parallel execution with multiple workers yields
substantial performance improvements, achieving an average speedup of 2.54x and reducing total
wall-clock time by approximately 60.2% on average. The parallel efficiency averages 31.7%,
indicating limited scaling behavior. The deviation from ideal linear speedup can be attributed to
synchronization overhead in batch-based SPICE evaluations and the inherent sequential
dependencies in adaptive surrogate model updates.

4. Discussion

This section synthesizes the main findings presented in Section 3 and focuses on strategies to
improve both the quality of the simulation results and the runtime performance of the proposed
framework.

4.1. Summary of Key Observations

Surrogate-Guided Optimization (SGO) produced Pareto fronts consistent with the SPICE truth
evaluations while achieving progressively higher predictive accuracy. The Mean Absolute Error
(MAE) followed an oscillatory but overall decreasing trajectory across successive truth batches,
confirming the effectiveness of the update and rollback governance adopted for SGO (Section 3.3). In
the experiments reported here, truth updates were performed every two generations with a batch
size of 16 individuals, selected through a combination of uncertainty-aware and diversity-based
sampling strategies.

In Multi-Fidelity Optimization (MFO), the average wall-clock time per generation was markedly
reduced through parallel SPICE execution. On a single machine with 8 workers, process-based
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parallelism systematically outperformed sequential execution, achieving typical speedups of 2.0-3.0x
(mean: 2.54%, range: 2.04-2.95%) averaged across amplifier topologies and algorithms, with an average
parallel efficiency of 31.7%. In cache-dominated regimes—where hit rates exceeded 85% in later
generations—the relative contribution of 1/O overhead becomes more pronounced, potentially
limiting further speedup gains despite shorter computational times. This effect was particularly
evident in the transistor-compensated amplifier topology, where high cache utilization resulted in
diminishing returns from parallelization.

For MOEA/D, the Pareto fronts appeared sparser and biased toward high-gain solutions under
the “fair-comparison” configuration. This behavior is consistent with the Tchebycheff decomposition
(with 8=0.9 and 15 neighbors) employed, which tends to favor exploitation over exploration in the
localized mating neighborhood (Section 3.3.1).

4.2. Improving Result Quality

4.2.1. Algorithm-Specific Tuning

A uniform genetic-operator configuration (crossover probability 0.9, mutation probability 0.1)
was adopted across all algorithms to guarantee fair benchmarking; however, algorithm-specific
tuning could improve convergence and front coverage. In particular, MOEA/D could benefit from
reduced locality (lower d or fewer neighbors) or alternative decomposition methods (PBI or
weighted-sum) to achieve better solution spread. SPEA2 could benefit from stricter duplicate filtering
and more pressure-sensitive archive management, while NSGA-III could refine the density of its
reference directions to improve distribution in two-objective problems. These adjustments directly
address the sparsity observed in MOEA/D and the duplicate-prediction sensitivity noted in SPEA2’s
archive dynamics.

4.2.2. Adaptive Data Enrichment

When clustering or redundant surrogate predictions occur, the existing diversity-aware truth
selection strategies (greedy farthest-point sampling or crowding distance-based selection) help
mitigate this issue by prioritizing geometrically diverse candidates. However, explicitly monitoring
prediction uniqueness alongside MAE —triggering targeted re-enrichment in sparse regions when
identical outputs are generated from distinct input vectors—could further improve diversity without
increasing the overall truth budget. This would complement the current uncertainty-driven selection
with explicit redundancy detection.

4.2.3. Verification Cadence and Batch Size

The fixed SGO verification schedule (truth updates every two generations with a batch size of
16) performed effectively overall, but adaptive scheduling may yield further improvements.
Increasing the batch size when MAE plateaus, or shortening the truth interval during rapid Pareto
expansion, could reduce local bias and accelerate convergence without significantly increasing
computational cost. Dynamic adjustment of verification frequency based on observed surrogate drift
would allow the framework to balance exploration and exploitation more efficiently.

4.3. Improving Runtime Performance

4.3.1. Process-Based Parallelism

The results demonstrate that process-based parallel execution consistently achieves lower wall-
clock times than sequential execution on single-host configurations. The framework leverages
process-pool parallelism for both population evaluations and high-fidelity verification batches in
MFO, with automatic backend selection favoring process spawning over distributed schedulers for
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single-machine deployments. On the tested hardware, this approach delivered robust performance
gains across all topologies and algorithms.

4.3.2. Mitigating I/O Bottlenecks

In cache-heavy runs, performance becomes increasingly I/O-bound rather than compute-bound.
The current implementation employs SQLite with Write-Ahead Logging (WAL) mode, NORMAL
synchronization, and appropriate timeout handling to support concurrent access. To further alleviate
I/O limitations — particularly in high-throughput scenarios —additional optimizations could include
explicit transaction batching (grouping multiple writes into single commits), tuning SQLite’s
cache_size pragma for larger in-memory buffers, and implementing more aggressive index strategies
for frequently queried columns. These refinements would complement the existing hybrid in-
memory and SQLite cache architecture (Section 2) and address the flat throughput trends observed
despite shorter wall times.

4.3.3. Inference Optimization

Both population evaluations and high-fidelity verification batches in MFO leverage parallel
execution when configured with multiple workers, as reflected in the speedup measurements
reported in Section 3. Since surrogate inference remains orders of magnitude faster than SPICE
simulation and operates efficiently with vectorized in-process evaluation, maintaining inference as a
vectorized operation without distributed overhead is appropriate. The observed parallel efficiencies
(averaging 31.7%) primarily reflect SPICE evaluation overhead and synchronization costs rather than
inference bottlenecks.

4.4. Overall Assessment

The analysis presented in Section 3 indicates that simulation accuracy is governed primarily by
careful truth-checking, diversity management, and adaptive sampling—reflected in steadily
declining MAE across generations—whereas runtime performance is dictated mainly by SPICE
parallelism and cache I/O throughput. Under the uniform configuration used for fairness, algorithmic
choice exerts only a secondary influence on average wall-clock performance; per-generation time
variation across algorithms (0.26-0.43 s) is smaller than variation across topologies (folded_cascode:
0.26-0.31 s; transistor_comp: 0.39-0.43 s). Consequently, future refinements should concentrate on
algorithm-specific configuration tuning, adaptive verification scheduling, and I/O optimization to
enhance both front quality and computational efficiency.

5. Conclusions

This study compared SPICE-only, Surrogate-Guided (SGO), and Multi-Fidelity Optimization
(MFO) strategies across several amplifier topologies using NSGA-II, NSGA-III, SPEA2, and MOEA/D
under a uniform configuration to ensure fairness. The results confirm that surrogate-based
workflows substantially reduce computational cost while maintaining close agreement with SPICE
truth.

Table 9 summarizes the main characteristics and trade-offs among the three optimization modes.
SPICE-only evaluation guarantees perfect accuracy but at the highest computational cost. SGO
achieves the largest speedup by replacing most evaluations with surrogate predictions, while MFO
introduces adaptive verification to sustain accuracy with moderate additional cost.
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Table 9. Comparative summary of the three optimization modes examined in this work.

Surrogate-Guided Multi-fidelity Optimization

Feature SPICE-Only Optimization (SGO) (MFO)
. . o Adaptive hybrid
. Evaluation Hybrid (surrogate + periodic . .
P PICE - PICE
method ure SPIC SPICE) (uncertainty c.lrlven SPIC
fraction)
Speedup Baseline (1x) = 20x (= 95% reduction) =~ 10x (= 90% reduction)
Accuracy Perfect (All SPICE) Approx1matfe .(fmal sweep Nc.ear—.perfect (adaptlvc.e
guarantee verifies) verification ensures quality)
Compclj)tsitlonal High Low-Medium Medium
Model training None Online (continuous) Online with rollback
q[i:rifizi;r‘::c}:n Not applicable ~ Yes (MC-dropout/ensemble) Yes (with adaptive penalty)
. Small design Large des1gr'1 Accuracy-critical
Best suited for spaces/expensive T
problems . . applications
simulations

Under identical solver and population settings, process-based parallelism yielded the most
efficient runtime (= 2-3x speedup) while preserving surrogate accuracy; cluster-based scheduling
introduced additional overhead without improving throughput. Accuracy improvements were
topology-dependent: the folded-cascode amplifier consistently reached the lowest MAE, while
transistor-compensated and telescopic-cascode designs remained more challenging due to stronger
parameter coupling.

To conclude, surrogate-assisted optimization offers a practical compromise between accuracy
and computational efficiency. Future work will relax the uniform-configuration constraint to enable
algorithm-specific tuning, improve cache and I/O performance, and extend adaptive parallelism to
high-fidelity verifications—steps expected to further enhance both result quality and runtime
scalability without altering the overall framework.
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