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Abstract
A primary motivation for analog integrated circuit (IC) de-
sign automation is the inefficiency of manual design in meet-
ing increasingly stringent specifications, which often involve
over 10 objectives. Recent advances in reinforcement learn-
ing (RL) emerge as a promising method, yet gaps remain
when considering full design specifications, especially under
process-voltage-temperature (PVT) variations. Excessive ob-
jectives lead to diminished reward signals, while varying PVT
conditions result in conflicting gradients, both of which re-
sult in inefficient exploration. To address these, we propose
a priority-based graph-enhanced RL framework. Specifically,
using fuzzy logic converts quantitative rewards into qualita-
tive priority signals, mitigating reward deterioration and en-
hancing exploration via entropy regularization. Furthermore,
a graph-based representation compresses high-dimensional
objective spaces under PVT variations into low-dimensional
manifolds, enabling dynamic resource allocation to variation-
sensitive regions and resolving gradient conflicts. Empirical
results on various real-world analog ICs demonstrate that
our method significantly outperforms existing RL algorithms,
achieving superior solution quality and reducing simulation
overhead.

Introduction
Mixed-signal integrated circuits are crucial in modern elec-
tronics, but while digital design benefits from automated
tools, analog design still heavily relies on human expertise.
The process is time-consuming and complex, beginning with
topology analysis and performance equation derivation. This
is followed by initial sizing, iterative simulations, and refine-
ments to meet specifications (Chen et al. 2025). The large
design space, extensive simulations, and performance trade-
offs contribute to significant effort, with additional chal-
lenges arising from performance deviations caused by pro-
cess, voltage, and temperature (PVT) variations (Li et al.
2024; Cai et al. 2025). These challenges have driven re-
search into automated analog sizing methods to improve ef-
ficiency and reduce manual input (Gielen, Walscharts, and
Sansen 1990; Liu et al. 2021; Zhi et al. 2025b).

Traditional approaches typically treat analog sizing as a
black-box optimization problem, utilizing machine learning
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(ML) techniques such as Bayesian optimization (BO) (Lyu
et al. 2018; Gu et al. 2024b,a) and evolutionary algorithms
(EA) (Li et al. 2023a; Budak et al. 2022; Li et al. 2025b) to
navigate the expansive design space. These methods primar-
ily focus on performing extensive computations to achieve
the desired performance specifications, often sidestepping
the circuit’s intrinsic behavioral characteristics (Ding et al.
2023; Xu et al. 2024; Zhong et al. 2025). To address this lim-
itation, recent efforts have incorporated reinforcement learn-
ing (RL) (Wang et al. 2018; Choi et al. 2023), which models
the sizing problem as sequential decision-making. By learn-
ing adaptive policies through interactive exploration and
feedback, RL efficiently navigates high-dimensional spaces
and captures parameter-performance relationships beyond
black-box approximations (Zhi et al. 2025a; Li et al. 2026).
Furthermore, to mitigate the performance deviations in-
duced by PVT variations, multi-task RL (MTRL) strategies
(Shi et al. 2022; Kong et al. 2024) have emerged as a promi-
nent solution. In this approach, PVT variations are treated as
distinct optimization tasks, with transfer learning employed
to expedite the optimization process and enhance the overall
robustness of the design.

Despite its potential, applying RL to analog sizing
presents significant challenges. Reward Signal Deteriora-
tion: When considering the full specifications, analog cir-
cuits often involve over ten constraints and objectives. As
the policy improves, the advantage values shrink, leading to
diminishing gradients. This causes gradient vanishing, slow
convergence, and difficulty in navigating large search spaces
during many-objective optimization (Pan et al. 2025). Con-
flicting Gradients from PVT Variations: PVT variations
cause conflicting gradients across different conditions, lead-
ing to stagnation or oscillations in optimization. This dis-
rupts RL’s ability to converge effectively (Luo et al. 2023),
as it relies on consistent feedback to update its policies (Li
et al. 2023b).

To address the low exploration efficiency caused by PVT
variations in the objective space, we represent the relation-
ship between objectives and PVT variations using a graph-
based approach. Unlike MTRL methods that treat each PVT
scenario as an independent optimization task, our approach
compresses the high-dimensional objective space by mod-
eling the continuous Pareto manifold in a low-dimensional
graph. This graph-based compression enables dynamic ac-
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tivation of locally relevant regions of the objective space,
allocates exploration resources to PVT-sensitive Pareto fron-
tiers, and thereby significantly accelerates convergence. Fur-
thermore, to address the reward degradation caused by many
objective trade-offs, we convert quantitative reward signals
into qualitative priority signals using fuzzy logic. This ap-
proach focuses on the relative superiority of objectives rather
than their absolute reward values, reducing the dependency
on reward magnitude and mitigating the diminishing return
issue, thereby stabilizing the learning process. By extending
our method with entropy regularization objectives, we facil-
itate efficient exploration in high-dimensional optimization
spaces, especially under PVT variations.

• Fuzzy Logic-based Reward Transformation: We pro-
pose a method that converts quantitative rewards into
qualitative priority representations through fuzzy logic,
reducing dependence on reward magnitudes. This tack-
les the reward degradation issue arising from many-
objective trade-offs in RL, mitigating diminishing returns
and enhancing the consistency of policy convergence.

• Entropy-Regularized Reward Reparameterization:
By reparameterizing rewards with entropy regularization
and synergizing with fuzzy logic, this approach balances
exploration and exploitation in RL. This ensures direc-
tional exploration aligns with fuzzy logic priorities, pre-
serving solution diversity while accelerating convergence
to robust many-objective policies.

• PVT-Graph Enhanced RL Method: We propose a
PVT-aware graph representation method, which mod-
els the multi-task many-objective space into a low-
dimensional graph. This approach effectively mitigates
the dynamic reward distribution drift in RL caused by
PVT variations, thereby resolving the challenges of pol-
icy update oscillations and value function convergence
difficulties.

Experiments on AnalogGym (Li et al. 2025a), a real-
world and open-source analog circuit test suite, demonstrate
that our approach outperforms state-of-the-art methods by
achieving faster convergence and higher solution quality.

Background
PVT Variations
PVT variations are inevitable phenomena in semiconductor
design, systematically modeled through corners to ensure
robust circuit performance in real-world scenarios (Jain et al.
2024). Process corners quantify manufacturing-induced
variations in MOSFET, including slow-slow (SS), fast-fast
(FF), slow-fast (SF), and fast-slow (FS); voltage corners
(e.g., ±10% deviations from a 1.0V nominal value) reflect
power supply fluctuations; and temperature corners (-40°C
to 125°C, with 25°C as the nominal reference) capture en-
vironmental effects and circuit self-heating. These varia-
tions directly impact critical transistor performance metrics,
such as speed and power consumption, causing deviations
in overall circuit performance under different PVT condi-
tions. Since worst-case PVT conditions shift with design

parameters, the optimization process must ensure all per-
formance metrics meet design specifications across dynam-
ically changing PVT scenarios.

Related Work: Automatic Analog Sizing with RL
GNN-Enhanced Topology-Aware framework The ris-
ing popularity of RL in analog sizing is largely driven by
GNN-enhanced frameworks, which address key limitations
of early RL approaches by integrating domain knowledge of
circuit topology (Wang et al. 2020). These frameworks en-
able ”open-box optimization” by modeling circuit topology
graphs with GNNs, where node and edge embeddings en-
code component connections and constraints. By evolving
beyond this basic encoding to enhance topological embed-
dings (Li and Carusone 2023; Hakhamaneshi et al. 2023),
GNN-RL more effectively captures nuanced component in-
teractions, thereby significantly boosting precision and inter-
pretability. While most of these works have focused primar-
ily on advancements in architecture or learning paradigms,
less effort has been devoted to developing novel RL-based
optimization frameworks.

Multi-Agent Coordination Optimization Framework
Multi-agent RL (MA-RL) mirrors expert practice by split-
ting a complex circuit into subblocks, assigning one agent
per subblock (Choi et al. 2024), and allowing agents to com-
municate so they can trade off local objectives while meet-
ing global specs (Bao et al. 2024; Zhang et al. 2023). This
decomposition turns a high-dimensional search into coordi-
nated subproblems. However, the overhead of designing and
training many agents often erodes the time savings, and local
(subblock-level) errors can accumulate and propagate, mak-
ing it hard to assess the true end-to-end impact of the RL
policy.

PVT-Aware Robust Optimization Framework A criti-
cal focus is mitigating the susceptibility of analog circuits to
PVT variation through strategies that balance awareness and
efficiency. Frameworks like RobustAnalog (Shi et al. 2022)
and PVTSizing (Kong et al. 2024) model PVT scenarios as
related tasks, using task similarities to reduce objective com-
petition. RobustAnalog prunes redundant tasks dynamically,
whereas PVTSizing introduces random mismatches. Com-
plementing this, hybrid approaches (Gao, Cao, and Zhang
2023; Cao et al. 2025) use BO to initialize RL with near-
optimal datasets and enable batch-sampling parallelization.

While prior work often focuses on limited key specifi-
cations, our approach leverages fuzzy logic for reward-to-
priority conversion, entropy regularization for exploration-
exploitation balance, and a PVT-aware graph to com-
press high-dimensional spaces, effectively resolving reward
degradation and PVT-induced gradient conflicts in full-spec
analog sizing.

Problem Definition
We formulate robust analog sizing as a many-objective opti-
mization under the PVT variations problem. Let x represent
the continuous design parameter vector, encompassing tran-
sistor dimensions, passive components, and bias currents.
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For each corner (P, V, T ), circuit simulation yields a perfor-
mance vector F(x, P, V, T ). Our objective is to find an opti-
mal design x⋆ that satisfies all design specifications while
optimizing this k-dimensional overall performance under
variations:

min
x

F(x, P, V, T ) = [f1(x, P, V, T ), . . . , fk(x, P, V, T )]

s.t. gi(x, P, V, T ) ≤ 0, i = 1, . . . ,m,

hj(x, P, V, T ) = 0, j = 1, . . . , n,

(P, V, T ) ∈ CPVT,
(1)

where CPVT denotes the set of all selected corners (e.g.,
5 process corners × 3 voltage corners× 3 temperature cor-
ners), k ≫ 3 denotes the number of objectives.

Framework
In this section, we first outline why standard RL struggles
to satisfy full, multi-spec design targets. We then introduce
our method, which accelerates training by assigning rela-
tive priorities to generated solutions and solving them with a
graph-enhanced module. Finally, we show how to plug this
method into existing GNN-RL pipelines (see Fig. 1). For
background, the baseline GNN-RL architecture follows (Li
and Carusone 2023) and is not repeated here.

Priority-Based Method for Sizing Problem
RL trains agents to maximize cumulative rewards through
interaction with the environment, guided by numerical re-
ward signals. In analog sizing under PVT variations prob-
lems, where state transitions exhibit stochasticity and de-
layed feedback, policy networks are commonly employed to
output continuous action distributions. A prevalent approach
(Sutton, Barto et al. 1998) is to update the policy parameters
θ according to the following gradient estimator:

∇θJ(θ) ≈
1

|D|
∑
x∈D

1

|Sx|
∑
τ∈Sx

[(r(x, τ)− b(x))∇θ log πθ(τ |x)] ,

(2)
Here, D denotes the dataset of problem instances; Sx is the
set of sampled solutions for instance x, where each trajec-
tory τ = (a1, a2, . . . , aT ) comprises a sequence of continu-
ous circuit parameter actions. r(x, τ) is the reward function
derived from parameter optimization, and b(x) serves as a
baseline to compute the advantage A(x, τ) = r(x, τ)−b(x),
reducing gradient estimate variance. The policy πθ(τ |x) de-
fines the trajectory distribution given instance x; in continu-
ous action spaces, it is typically modeled as a Gaussian dis-
tribution πθ(at|st−1) = N (µθ(st−1), σθ(st−1)), leading to
πθ(τ |x) =

∏T
t=1 πθ(at|st−1).

For full-specification scenarios, baseline selection poses
a critical challenge. In multi-objective settings, inade-
quate baselines amplify statistical errors in baseline esti-
mation. The variance of the advantage function satisfies
Var[A(x, τ)] ≥

∑K
k=1 Var[rk(x, τ)], with the lower bound

growing linearly with the number of objectives K, destabi-
lizing training. Additionally, as the policy improves, advan-
tage magnitudes diminish across objectives, causing A(x, τ)

to approach zero. This renders updates to the policy objec-
tive J(θ) negligible, trapping optimization in local minima.

Fuzzy Many-Objective Priority-Based Method
We propose a priority-based method that integrates fuzzy
logic with many-objective optimization. This framework
maps multi-dimensional quantitative rewards to qualitative
priorities via fuzzy membership functions and resolves inter-
objective conflicts through a dynamic priority aggregation
operator (DPAO). For K objective functions {rk(x, τ)}Kk=1,
each objective is assigned a fuzzy priority µk ∈ [0, 1], with
the priority label generation mechanism structured as fol-
lows.

The first core component is the fuzzy priority transformer.
For each objective k, a triangular fuzzy number (ak, bk, ck)
defines its ”high-priority” interval, and a membership func-
tion implements the quantitative-to-qualitative mapping:

µk(rk) =


0 rk ≤ ak
rk−ak

bk−ak
ak < rk ≤ bk

ck−rk
ck−bk

bk < rk ≤ ck
0 rk > ck

(3)

Objective k exhibits non-zero priority only when rk ∈
[ak, ck], with the maximum priority achieved at rk = bk.

The second key component is the DPAO, which aggre-
gates fuzzy priorities into a unified global priority strength.
Using a learnable weight vector w(x) ∈ ∆K−1 (where
∆K−1 denotes the (K−1)-dimensional simplex), the global
priority strength is computed as:

Ψ(τ |x) =
K⊕

k=1

wk(x)⊙ µk(rk) =

∑K
k=1 wk(x) · µp(x)

k∑K
k=1 µ

p(x)
k

(4)
Here, p(x) ≥ 1 is a dynamic power exponent controlling
aggregation ”sharpness”: as p(x) → ∞, the DPAO sim-
plifies to selecting the maximum priority among objectives
(maxk µk(rk)).

For generating priority labels between trajectory pairs
(τ1, τ2), we define a threshold-based priority relation ≻ϵ,
where Ψ(τ1|x) ≻ϵ Ψ(τ2|x) if and only if Ψ1 > Ψ2 + ϵ.
The priority label y is then given by:

y = 1 (Ψ(τ1|x) ≻ϵ Ψ(τ2|x)) (5)
where 1(·) denotes the indicator function, which takes the
value 1 if the condition inside the parentheses is satisfied
and 0 otherwise. This threshold ϵ mitigates label fluctuations
caused by trivial differences in priority strengths, thereby
enhancing the consistency of learned priorities.

Fuzzy Priority Policy Optimization under the
Maximum Entropy
In terms of policy optimization, we ground the framework
in the maximum entropy framework, where the optimal pol-
icy must satisfy both fuzzy priority constraints and multi-
objective tradeoffs. Formally, the optimal policy is propor-
tional to:

π∗(τ |x) ∝ exp

(
α−1

K∑
k=1

λkµk(rk)

)
, s. t. λk = fk(∇Ψ), (6)
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Figure 1: Algorithmic framework of fuzzy-priority graph-enhanced RL for analog circuits. In the priority aggregation, rewards
are mapped to fuzzy priorities. The PVT-aware refinement refines trajectory τ into τ̂ under the worst-case driven.

Here, λk denote fuzzy Lagrange multipliers, which are dy-
namically adjusted via backpropagation of gradients from
the DPAO to balance conflicting objectives.

Proposition 1 (Fuzzy Policy Equivalence) Let {µk}Kk=1
be a set of complete trajectory features, and let the fuzzy
priority space Ψ be defined as the quotient space of trajec-
tory distributions under the equivalence relation induced by
these features. If two policies πθ and πϕ satisfy:

K∑
k=1

λk

(
Eπθ [µk(x)]− Eπϕ [µk(x)]

)
= 0 ∀λ ∈ RK , ∀x ∈ D

(7)
where D denotes the input space and Eπ[µk(x)] represents
the expectation of feature µk over trajectories induced by
policy π starting from x, then they induce equivalent trajec-
tory distributions in the fuzzy priority space Ψ.

The gradient update rule for the policy is derived us-
ing a fuzzy advantage function, defined as Ã(τ1, τ2|x) =
Ψ(τ1|x)− Eτ ′ [Ψ(τ ′|x)]. The policy gradient is then formu-
lated as:

∇θJ(θ) = Ex,τ1,τ2

[
σ
(
Ã(τ1, τ2|x)

)
· ∇θ log

πθ(τ1|x)
πθ(τ2|x)

]
(8)

where σ(·) denotes the sigmoid function, introduced to
smooth intransitive priorities and stabilize gradient updates.

Key properties of the proposed framework include fuzzy
invariance and conflict resolution. Fuzzy invariance ensures
that affine transformations of the reward functions rk do
not alter the relative order of fuzzy priorities µk, granting
the policy gradient scale robustness. For conflict resolution,
when there exist objectives i and j such that an increase in

µi implies a decrease in µj (i.e., µi ↑⇒ µj ↓), the DPAO
automatically adjusts objective weights via w(x), steering
the policy gradient ∇θJ(θ) toward Pareto improvement di-
rections.

PVT Variation Graph Representation
To precisely model PVT-dependent circuit behaviors, we
construct a variation-aware graph G = (V, E ,X ) that en-
codes the relationships between PVT variations and circuit
performance. Formally, the graph is defined as:

V = {vk | k ∈ [1,K]},
E = {eij = sim(ci, cj) | i, j ∈ V},
X = {(cv, sv) | v ∈ V},

(9)

where V denotes the set of PVT corners, E represents edges
that quantify the similarity between corners through the
function sim(ci, cj), and X consists of node features inte-
grating PVT parameters cv and circuit performance metrics
sv for each node v in V .

Each node v in the graph is characterized by a dual-stream
feature vector xv , which integrates PVT parameters and cir-
cuit performance metrics to enable fine-grained modeling of
operating conditions. This vector is defined as:

xv = [P (1), . . . , P (m), V, T ]︸ ︷︷ ︸
cv∈Rm+2

⊕ [s1, . . . , sn]︸ ︷︷ ︸
sv∈Rn

(10)

Here, ⊕ denotes feature concatenation. The PVT parame-
ter stream cv includes process variations encoded via one-
hot vectors (P (i) = I{process=i}, where I(·) is the indica-
tor function) and voltage/temperature values normalized to
[0, 1] within their operating ranges. The performance stream
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sv captures the circuit performance (e.g., gain, bandwidth)
measured at corner v, linking PVT conditions to functional
behavior.

The graph’s edges are defined by a physically grounded
adjacency matrix A ∈ RK×K , which quantifies the similar-
ity between operating corners based on their PVT parame-
ters. The matrix entries are given by:

Aij = exp
(
−γ ∥ci − cj∥2Σ−1

)
· I{∥∆cij∥2<τ} (11)

This formulation combines a Gaussian kernel with a lo-
cality constraint: the Mahalanobis distance ∥ · ∥Σ−1 captures
inherent dependencies between PVT variables, while γ con-
trols the sensitivity to parameter differences. The indicator
function I(·) enforces sparsity by limiting edges to corners
with small PVT deviations (∆cij = ci − cj) via threshold
τ , ensuring physical plausibility.

For predicting performance at new or unseen PVT corners
v∗, the graph leverages a propagation mechanism via GNNs.
The predicted performance ŝv∗ is computed using informa-
tion from the corner’s local neighborhood:

ŝv∗ = GNNθ

(
A, {xv}v∈N (v∗)

)
, (12)

Here, N (v∗) denotes the neighborhood of v∗, consisting of
its k-nearest neighbors in the PVT parameter space with k =
O(logK). This design balances efficiency and accuracy by
focusing on physically relevant local interactions rather than
global graph structure.

The PVT-graph aligns with physical and statistical prin-
ciples to deliver key practical benefits. Dual-stream encod-
ing separates PVT parameters (cv) and performance met-
rics (sv) into distinct spaces, thereby decoupling environ-
mental inputs from circuit responses and enhancing the in-
terpretability of PVT-performance relationships. Variation-
aware edge weights Aij encode physical regularity by
quantifying the conditional correlation probability p(sj |
si,∆cij), ensuring similarity metrics reflect real-world PVT
dependencies. The locality threshold τ induces sparse con-
nectivity (|E| = O(K logK)), mirroring the exponential de-
cay of PVT impact in practice while reducing computational
complexity.

Framework Overview
To address challenges in quantifying and balancing
multiple-objective rewards and gradient conflicts resulting
from insufficient policy robustness under PVT variations,
the key idea of our framework is joint modeling of topol-
ogy and environment, as well as reward-priority conversion,
as shown in Algorithm 1. Our framework employs dual
graph sampling. The circuit topology graph encodes com-
ponent connectivity and constraints, forming the RL explo-
ration space. The PVT graph models variation distributions
and correlations, evaluating performance under uncertain-
ties. Sampling diverse Gp instances ensures the policy learns
PVT-robust solutions. Subsequently, the policy network πθ

first generates parameter trajectories τ using Gt for global
exploration to avoid local optima. During late training, it re-
fines τ into τ̂ by focusing on worst-case scenarios from Gi

p.
This addresses the limitation of global exploration, missing

Algorithm 1: Fuzzy Priority-Based Graph-Enhanced RL
Input: Circuit topology graph Gt; PVT graph Gp; Train-
ing steps T ; TFT : Fine-tuning steps; Reward functions
r = [r1, . . . , rk]; Fuzzy parameters {ak, bk, ck}; Aggrega-
tion parameters {wk, ε}; Initialized policy network πθ; Ini-
tialized value network Vω

1: for step = 1 to T + TFT do
2: Sampling Gi

t ∼ Dt, Gi
p ∼ Dp

3: Action Generation: τ i ← πθ(G
i
t)

4: if step > T then
5: τ̂ i ← refine parameters(τ i, r, Gi

p)

6: τ i ← τ i ∪ τ̂ i

7: end if
8: µk(rk),Ψ

i
j ← Fuzzy priority calculation according

to Eq.(3) and Eq.(4).
9: Conflict-Aware Label Generation:

yijk = 1(Ψi
j > Ψi

k + ϵ) · (1−max
l

(|µj
l − µk

l |) > ε)

10: Policy Gradient Update:

∇θJ(θ) ∝
∑
i,j,k

σ(Ψi
j−E[Ψ])·yijk ·∇θ log

πθ(τ
i
j |Gi

t)

πθ(τ ik|Gi
t)

11: Value Network Update:

∇ωJ(ω) ∝
∑
i,j

(Ψi
j − Vω(G

i
p, τ

i
j)) · ∇ωVω(G

i
p, τ

i
j)

12: Parameter Updates:

θ ← θ + η · ∇θJ(θ), ω ← ω + η · ∇ωJ(ω)

13: {ak, bk, ck}, wk ← Update fuzzy parameters and
weights every 100 steps.

14: end for
15: return πθ, Vω

extreme PVT variations, and ensuring robustness through
targeted worst-case refinement.

The fuzzy priority calculation is central to resolving
multi-objective conflicts. The framework maps each objec-
tive reward to a [0,1] priority via the triangular fuzzy func-
tion µk(rk), replacing numerical comparisons with priority
judgments to eliminate scale differences. The DPAO then
computes Ψi

j using learnable weights wk to balance conflict-
ing objectives automatically. Furthermore, conflict-aware la-
bel generation and gradient updates further boost learning
stability. The labels filter two types of noise: minor prior-
ity differences to avoid resource waste on trivial distinc-
tions, and high-conflict scenarios to pause learning during
severe objective conflicts, thereby preventing misleading up-
dates from erroneous signals. Policy gradients enhance bet-
ter trajectory probabilities through contrastive learning, out-
performing traditional single-trajectory reward updates, par-
ticularly in many-objective settings.
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Algorithm NMCF NMCNR ACBC AFFC DFCFC2 PFC RAFFC

This work
FOMAMP ↑ 754.3 523.6 274.8 41.5 7210.5 1964.7 65.2

Step ↓ 5917.6 6215.4 5416.3 5876.8 6524.2 6109.5 5106.7
Violations ↓ 3.2 1.5 2.1 3.7 4.3 2.8 5.4

rGNN-RL
(Li and Carusone 2023)

FOMAMP ↑ 382.5 281.7 152.6 18.9 3502.7 1002.4 32.8
Step ↓ 7215.8 7803.2 6805.7 8572.6 9204.5 8223.8 6503.2

Violations ↓ 18.7 15.9 16.3 20.6 25.3 20.1 22.9

MA-OPT
(Choi et al. 2024)

FOMAMP ↑ 253.9 182.3 101.8 10.7 2203.5 701.6 19.5
Step ↓ 7502.3 11204.5 8803.6 11505.9 9302.8 11204.7 10207.5

Violations ↓ 30.5 25.8 28.4 35.2 40.7 32.5 38.6

PVTsizing
(Kong et al. 2024)

FOMAMP ↑ 652.7 451.9 241.3 35.7 6003.2 1703.5 57.6
Step ↓ 6150.2 6783.5 5690.3 6354.7 7490.6 5947.4 4981.6

Violations ↓ 5.1 3.4 4.6 6.3 3.1 5.8 4.2

Rose
(Cao et al. 2025)

FOMAMP ↑ 521.8 383.2 202.5 28.4 5001.8 1402.9 48.3
Step ↓ 6985.4 6190.7 5109.9 6861.3 6710.9 6291.2 5090.8

Violations ↓ 8.3 6.7 7.2 7.5 12.4 9.6 13.7

Table 1: Experimental results on seven complex circuits under PVT variations. FOMAMP reflects worst-case performance under
PVT variations. All data presented are mean values, and optimal results are highlighted in bold.

Experiment
In this section, we present key experimental results to vali-
date the superiority of our proposed framework. We focus on
addressing two critical questions: 1. How does the priority-
based method perform against existing algorithms under full
design specifications? 2. Does the PVT graph enable a bet-
ter exploitation-exploration balance compared to MTRL?

Testing Suite Setups
Performance evaluation of the proposed framework is con-
ducted using the open-source test suite AnalogGym (Li
et al. 2025a). Seven distinct complex circuits are selected
for optimization, each involving 11 objectives, 5 constraints,
and 20 PVT corners ({TT, FF, SS, FS, SF} × {1.08V ∼
1.32V } × {−25◦C ∼ 125◦C}). Evaluations adhere to
full design specifications, encompassing AC, DC, and tran-
sient analyses. For generality and fair comparison of many-
objective optimization performance across algorithms, all
specifications are treated equally. All simulations are ex-
ecuted in NGspice with the SKY130 PDK (Google and
Foundry 2020), running on a workstation equipped with an
Intel Xeon CPU, 64 GB memory, and an NVIDIA RTX 3080
GPU.

For consistent comparison across circuit instances un-
der full design specifications, we adopt the AnalogGym-
provided figure of merit, FOMAMP (Li et al. 2025a), defined
as:

FOMAMP =

(
PSRR

PSRRref
· CMRR

CMRRref
· Gain

Gainref
· FOMS

FOMS,ref

· FOML

FOML,ref

)
×
(

Ts

Ts,ref
· Area

Arearef

)−1

FOMPenalty.

(13)
Here, PSRR denotes the power supply rejection ratio,
CMRR the common-mode rejection ratio, and Gain the

open-loop gain. FOMS and FOML represent small-signal
and large-signal performance metrics, while Ts refers to set-
tling time and Area to circuit area. FOMPenalty is a penalty
factor applied for constraint violations, and the subscript
“ref” indicates reference values derived from baseline de-
signs in AnalogGym. The FOMS and FOML are defined
as:

FOMS =
GBW · CLoad

Power
,

FOML =
SR · CLoad

Power

(14)

In these expressions, GBW stands for the gain-bandwidth
product, SR the slew rate, CLoad the capacitive load, and
Power the total power consumption of the circuit. To penal-
ize constraint violation, we define a multiplicative penalty
factor:

FOMPenalty =

(
max

(
1,

vn

vn,ref

)
· max

(
1,

TC

TCref

)
· max

(
1,

vos

vos,ref

))−1

,

(15)

Here, vn is the output noise, TC is the temperature coeffi-
cient, and vos is the input offset voltage. Notably, FOMAMP
is used exclusively as a metric for comparing solution
quality across algorithms in our experiments and does
not participate in the optimization process.

Baseline
We compare our framework against four baseline methods
spanning distinct paradigms: rGNN-RL (Li and Carusone
2023), a GNN-enhanced framework; MA-OPT (Choi et al.
2024), a multi-agent optimization framework; Rose (Cao
et al. 2025), a hybrid architecture-based method; and PVT-
sizing (Kong et al. 2024), an MTRL approach. Both rGNN-
RL and MA-OPT enhance PVT robustness through worst-
case-driven strategies (Li et al. 2024).
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Figure 2: (a)-(b): Comparison of FOMAMP for different algorithms as step increases under NMCF. (c)-(d): Radar chart com-
parison of multiple performance indicators (CMRR ↓, PSRR ↓, Gain ↑, Active Area ↓, FOMS ↑, FOML ↑, Ts ↓) for different
methods under NMCF.

Comparison
We aim to compare the proposed framework with existing
methods to answer the above two questions. As shown in Ta-
ble 1, our method consistently achieves the highest FOMAMP
values under PVT variations, outperforming all comparative
algorithms. The violation is defined as the number of per-
formance specifications unmet across PVT corners. Algo-
rithms relying solely on a worst-case-driven approach lack
optimization robustness. Their overfocus on extreme sce-
narios leaves them prone to local optima under dynamic
PVT perturbations. Multi-agent frameworks, exemplified by
MA-OPT, further exacerbate performance issues in com-
plex environments. Such methods suffer from inconsistent
agent coordination and conflicting optimization objectives,
which amplify errors and impede convergence. Our method
achieves a 170% to 181% improvement in FOMAMP over
MA-OPT.

In comparison to Rose and PVTsizing, our method main-
tains comparable sampling efficiency while achieving supe-
rior performance, with average FOMAMP improvements of
34.7% to 44.2% and 13.2% to 20.1%, respectively. Rose’s
reliance on BO for sampling accelerates RL training but
struggles with multi-objective trade-offs and dynamic PVT
variations, causing inherent performance losses. PVTsizing,
which employs multi-task critics for pruning, lacks precise
modeling of PVT-induced performance deviations. In con-
trast, our method leverages PVT graph representations to
explicitly characterize perturbation-induced performance bi-
ases, enabling more efficient selective sampling to guide op-
timization. Additionally, PVT graph-based fine-tuning fur-
ther reduces violations by dynamically adjusting for per-
turbation effects. These results confirm that our proposed
method achieves a balanced improvement in performance,
optimization efficiency, and PVT-robustness.

Case Study
A key advantage of the proposed method is that it uses
entropy-regularized rewards to balance exploration and ex-
ploitation while aligning with fuzzy priorities and employs

a PVT-graph to mitigate reward distribution drift caused
by PVT variations. This combination enables faster conver-
gence and stable performance. As shown in Fig.2 (a)-(b),
our method achieves higher and more stable FOMAMP in
both circuits, outperforming worst-case driven methods like
rGNN-RL and MA-OPT. These methods suffer from con-
vergence oscillations induced by PVT variations.

Furthermore, our method addresses reward degradation
and diminishing returns in many-objective trade-offs by con-
verting quantitative rewards into qualitative priorities via
fuzzy logic. As shown in the radar charts (c)-(d), our method
demonstrates superior multi-objective optimization perfor-
mance across key indicators for both circuits: it ensures con-
sistent policy convergence even with conflicting objectives
and under PVT variations, resulting in balanced competi-
tiveness across all metrics. In contrast, other methods of-
ten sacrifice performance in specific indicators due to such
trade-offs.

Conclusion
This paper proposes a priority-based, graph-enhanced rein-
forcement learning framework for robust analog circuit op-
timization under PVT variations. Quantitative rewards are
converted into qualitative priority signals via fuzzy logic
to alleviate diminishing reward differentiation and unstable
policy convergence in many-objective settings. Paired with
a physically grounded graph representation that explicitly
models correlations among operating conditions, the method
efficiently navigates high-dimensional objectives and allo-
cates effort to variation-sensitive regions without sacrific-
ing optimization efficiency. Unlike prior PVT-aware meth-
ods that treat scenarios independently or rely on heuristic
pruning, this approach captures variation-induced perfor-
mance deviations more accurately and explores robust de-
sign spaces more effectively. Experiments on seven com-
plex circuits show improved solution quality and sample
efficiency with fewer constraint violations across PVT cor-
ners.
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