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Abstract—Improving the outcomes of very-large-scale integra-
tion design without altering the underlying design enablement,
such as process, device, interconnect, and IPs, is critical for
integrated circuit (IC) designers. Parameter tuning for electronic
design automation (EDA) tools is an emerging technology for
improving the final design Quality-of-Result (QoR). It can be
observed that many complex heuristics have been accreted
upon previous complex heuristics integrated into tools, resulting
in a vast number of tunable parameters. Even worse, these
parameters include both continuous and discrete ones, making
the parameter tuning process laborious and challenging. In
this paper, we propose an attention-based EDA tool parameter
explorer. A self-attention mechanism is developed to navigate the
parameter importance. A hybrid space Gaussian process model is
leveraged to optimize continuous and discrete parameters jointly,
capturing their complex interactions. Considering multiple QoR
metrics and the large amount of time required to invoke EDA
tools, a customized acquisition function based on expected
hypervolume improvement (EHVI) is proposed to enable multi-
objective optimization and parallel evaluation. In addition, a
self-adjusting additive kernel is proposed to optimize the hybrid
space Bayesian Optimization flow and increase its explainability.
Experimental results on a set of IWLS2005 benchmarks demon-
strate the effectiveness and efficiency of our method.

I. INTRODUCTION

THE ever-increasing design complexity plus market pres-
sures for optimal Quality-of-Result (QoR), such as tim-

ing, power, area, etc., poses an intractable challenge to modern
IC design flows. Physical design and logic synthesis, which
involve several processes as seen in Fig. 1(a), are not an
exception. Therefore, electronic design automation (EDA)
tools for logic synthesis and physical design have to be
incessantly evolving to cope with the ever-growing design
demands. Parameter tuning for EDA tools is an emerging
technology to achieve good QoR metrics without too much
human intervention.

However, modern EDA tools incorporate numerous opti-
mization heuristics that have been built upon previous com-
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Fig. 1 The visualization of a typical synthesis flow and the
working flow of the tool parameter tuner.

plex heuristics, leading to inherently unexpected outcomes.
Additionally, the designer has access to countless parameter
options and parameter combinations owing to the unstopping
upgrading and incorporation of algorithms of tools. Thus,
even for sophisticated designers, finding the optimal or near-
optimal parameter combination within this huge tool param-
eter space is challenging. Unfortunately, using EDA tools
takes a lot of time, making it impossible for designers to
exhaustively enumerate all possible parameter combinations
and find the optimal or near-optimal one. Automatically
tuning parameter settings is therefore crucial.

In recent years, several works have been proposed that
enable automatic parameter tuning utilizing heuristics or
machine learning techniques. FlowTuner [1] incorporates
the ant colony optimization (ACO) algorithm into a co-
evolutionary framework. The AutoTuner platform [2] inte-
grates several optimization algorithms, such as evolutionary
algorithms and tree-structured Parzen estimators. LAMBDA
[3] employs a machine learning adjustment framework based
on the XGBoost [4] regressor, coupled with an early stop-
ping mechanism to speed up FPGA design. [5] harnesses a
tensor decomposition-based recommender algorithm to tune
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some synthesis and physical design tool parameters. Ag-
nesina et al. [6] optimize the placement parameters via a
deep reinforcement learning framework fed with a mixture
of handcrafted features and graph embeddings extracted via
Graph Neural Networks. In [7], the active learning-based
approach exploiting the feature importance sampling and
XGBoost regressor is developed for tool parameter tuning. By
incorporating the transfer Gaussian process model, PPAtuner
[8] can learn the transfer knowledge from the existing tool
parameter combinations autonomously.

However, most of the aforementioned tuning algorithms
require rich and representative data to train a high-quality
QoR predictor or regressor. In the tuning context, the total
number of samples available in a given dataset is limited by a
lack of relevant test cases. Worse, long synthesis and physical
design tool runtimes can be a bottleneck in collecting enough
samples. Bayesian optimization, which performs efficient
global searches by balancing exploration and exploitation, is a
promising tuning framework. It has achieved some success on
some EDA problems. For example, Zhang et al. [9] propose
a Bayesian optimization approach for analog circuit synthesis
using neural network, and they further present a multi-fidelity
Bayesian optimization approach by fusing the simple but po-
tentially inaccurate low-fidelity model and a few accurate but
expensive high-fidelity data [10]. In the context of EDA tool
parameter tuning, [11] solves the parameter selection problem
of EDA tools through Bayesian optimization, while PTPT [12]
establishes the tuning framework based on multi-objective
Bayesian optimization and multi-task Gaussian models.

It is worth noticing that the EDA tool parameter space is
often composed of discrete parameters, while parameters of
EDA tools consist of both discrete parameters and continuous
parameters, as is shown in Fig. 1(b). Prior arts often simplify
the issue by transforming continuous parameters into discrete
parameters. Although this makes optimization convenient, it
prevents continuous parameters from unleashing their poten-
tial to achieve optimal design QoR metrics. In our previ-
ous work, we propose the principal method of constructing
diffusion kernels in a hybrid space using the formula of
additive kernel functions, which enables Bayesian optimiza-
tion to solve the parameter tuning problem in a discrete-
continuous hybrid space. This approach shows promise, but
the potential of the kernel’s additive structure is not fully
realized. Thus, in this paper, the constructed additive kernel is
orthogonalized to increase the model’s certainty and generate
analytical Sobol indices, enabling the model to self-adjust
and improve explainability. We also apply the self-attention
mechanism to process the input of Bayesian optimization, so
that the important relationship between parameters can be
better captured. Considering multiple QoR metrics and the
large amount of time required to invoke EDA tools, a cus-
tomized acquisition function based on expected hypervolume
improvement (EHVI) and Sobol indices is proposed to enable
multi-objective optimization and parallel evaluation. Our main
contributions are as follows:

• We have constructed a hybrid space multi-objective
Bayesian optimization process that is more closely
aligned with real IC design scenarios.

• An additive kernel is built as the core part of the Bayesian
optimization to optimize continuous and discrete param-
eters in the hybrid space.

• The additive kernel is enhanced to be orthogonal for
more accurate modeling of the hybrid design space. At
the same time, the analytical Sobol indices make the ad-
ditive Gaussian process model flexible and explainable.

• Through the self-attention mechanism, the weights of
important parameters are navigated to better obtain the
optimal solution.

• A customized acquisition function based on EHVI and
Sobol indices is used, and parallel computing is used
to evaluate multiple points simultaneously to accelerate
computation.

The rest of the paper is organized as follows. Section II
introduces some prior knowledge of Bayesian optimization
and provides a problem formulation. Section III sketches
the whole optimization flow. Section IV describes the de-
tails of attention-based hybrid space Bayesian optimization.
Section V introduces the techniques of the enhanced additive
kernel for hybrid space Bayesian optimization. Section VI
presents the experimental results followed by the conclusion
and future work in Section VIII.

II. PRELIMINARIES

A. Additive kernel for Gaussian Process

[13] considers building a Gaussian process (GP) model
with the additive structure by breaking down f(x) into simpler
component functions:

f(x) = f1(x1) + f2(x2) + · · ·+ f12(x1, x2) + · · ·+ (1)
f12...D(x1, x2, . . . xD),

where D is the number of x’s dimensions, and fij(xi, xj)
is the component function whose input only includes the
i-th and j-th dimension of x. The kernel’s decomposition
can be constructed in the following manner, which enforces
the additive structure of the function decomposition in a GP
model: Assign a one-dimensional base kernel ki(xi, x

′
i) for

each dimension i ∈ 1...D; then define the dth order additive
kernel kaddd

as:

kaddd
(x, x′) = σ2

d

∑
1≤i1≤i2<···<id<D

[
d∏

l=1

kil(xil , x
′
il
)

]
. (2)

The additive kernel for the GP model is constructed by
summing all of the orders up to the dimensionality of the
data. The parameters σ2

d control the relative importance of
functions with different dimensions in the sum.

B. Bayesian Optimization

Bayesian optimization (BO) is a sequential design strategy
for the global optimization of noisy black-box functions. It
builds surrogate models to mimic the unknown black-box
objective functions, i.e., the complicated EDA flow in our
context. The GP model is widely used as the surrogate model,
which provides a posterior distribution of functions given prior
and observed data.

2



A GP model is defined as a collection of random variables,
any finite number of which have a joint Gaussian distribution.
A GP is completely specified by its mean function m(x) and
covariance function k(x,x′):

f(x) ∼ GP(m(x), k(x,x′)), (3)

where x represents the input variable vector. The objective in
BO is to find the global optimal x∗ of an unknown objective
function f :

x∗ = arg min
x∈Rd

f(x). (4)

To guide the search for the optimal x, an acquisition
function Ac(GP,x) is built on the already-sampled variable
vectors x and the surrogate model GP, and utilizes the prior
knowledge to evaluate the unsampled variable vectors.

C. Multi-objective Bayesian Optimization

Real-world optimization problems often involve multiple
conflicting objectives. Multi-objective Bayesian optimization
(MOBO) extends the standard BO to tackle such multi-
objective problems. Let functions {fi(x)}mi=1 denote the m-
dimension minimization objectives, X denotes the parameter
space. A parameter vector x∗ ∈ X is said to dominate
x′ ∈X , denoted as x∗ ⪰ x′, if the following two conditions
are met in this minimization problem:

1) fi(x
′) ≥ fi(x

∗),∀i ∈ {1, ...,m},
2) There exists at least one j such that fj(x′) > fj(x

∗).
The set of parameter vectors that are not dominated by other

vectors is called the Pareto-optimal set, denoted as XPareto,
which is the target of MOBO:

XPareto = {x∗ ∈X|∄x′ ∈X,x′ ⪰ x∗}. (5)

Sometimes we would use y∗ ⪰ y′, which also means that
(x∗,y∗) dominate (x′,y′). For the problem with m opti-
mization objectives, Bayesian optimization builds m surrogate
models for these objectives, denoted as M , to mimic the un-
known black-box objective functions. Further, an acquisition
function Ac(M ,x) is built based on the surrogate models and
estimates the quality of a parameter vector x with respect to
finding the Pareto set, with no need to run the time-consuming
EDA flow.

D. Problem Formulation

In the context of parameter tuning, the parameter space
is of hybrid types, both continuous and discrete. Thus, a
parameter vector x = (xc,xd) contains xc ∈ Rc representing
continuous variables and xd ∈ Zd representing discrete
variables, while the 3 metrics, performance, power, and area,
should be optimized simultaneously.

Problem 1 (Parameter Tuning for EDA synthesis Tool).
Given the boundary of hybrid parameters of EDA tools
and the QoR metrics to be optimized, the objective of EDA
tool parameter tuning is to automatically search the Pareto-
optimal parameter configurations, which bring about the high
design quality concerning multiple QoR metrics like delay
versus power/area and delay versus power versus area.

Timing GP Model
Power GP Model
Performance GP Model

EHVI

Mean
Variance

Suggestions

QoRs

EDA Flow

TCL 
files

Logic 
Synthesis

Physical
Design

Self-attention

Data
Set

Hybrid
Additive 
Kernel

Additive
Structure

Sobol
Indices

Evolutionary
Algorithm

Hill-
climbing

Initial 
Suggestion

Samples 

Fig. 2 The architecture of our Explorer.

III. HYBRID SPACE BAYESIAN OPTIMIZATION FLOW

In this section, we introduce a novel multi-objective hybrid
Bayesian optimization approach, capable of efficiently han-
dling hybrid (discrete and continuous) parameter spaces. The
primary goal of this approach is to simultaneously optimize
multiple conflicting objectives, thereby providing a set of
Pareto-optimal solutions.

The overall architecture of our approach is shown in Fig. 2.
The EDA flow takes in the suggested set of parameters as TCL
(tool command language) files and then operates the logic
synthesis and physical design. After that, the QoR information
of the design under current parameters can be extracted
from the report files. This QoR information is appended to
the data set as Y along with the set of parameters as X ,
which was transformed using the attention function. A hybrid
Gaussian process regression model is built using the data
set for each metric of QoR. These models offer mean and
variance information for EHVI acquisition to select the next
set of suggestions. The next set of suggestions to evaluate
is selected from random samples, they are then transformed
using the attention function, and each gets an EHVI score.
The K samples with top K scores will be optimized with
evolutionary algorithm and hill-climbing, and become the next
suggested set of parameters.

The proposed approach is encapsulated in Algorithm 1,
which outlines the steps taken in each iteration of the opti-
mization process. In line 1, the algorithm begins by randomly
sampling the initial parameter vectors X0 from the parameter
space. The parameter vectors are then fed into the EDA tools
to run designs to get ground-truth performance values Y0. For
simplicity, we denote the EDA tools as EDA. The X0 is then
transformed using the attention function to learn better inputs
to the Bayesian optimization, denoted as atten(X0). Note
that the attention function is non-parametric and easy to be
computed given x, as discussed in Section IV-A. The initial
data set is D0 = {X0, atten(X0),Y0}. In each iteration
(lines 3 to 20), we calibrate a set of additive GP models M ,
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Algorithm 1 Multi-objective Hybrid BO Approach
Input: Hybrid input domain X , acquisition function Ac(·, ·),
tool flow EDA, attention function atten(x), optimization
budget tmax, number of samples K in each step.
Output: The set of Pareto-optimal solutions XPareto.

1: Initialization: sample initial input X0 with X0 ⊂ X ,
Y0 = EDA(X0), D0 = {X0, atten(X0),Y0};

2: for t←1 to tmax do
3: Xt−1 = atten(Xt−1);
4: for each of the m metrics do
5: for each dimension in Xt−1 do
6: Discrete dimension ← diffusion kernel;
7: Continuous dimension ← RBF kernel;
8: end for
9: Fit GP model set Mt with the enhanced additive

kernel; ▷ Section V-A
10: Update the Sobol indices SIm for each parameter

combinations; ▷ Equation (25)
11: Construct posterior distribution over the additive

function identified by SIm; ▷ Equation (24)
12: end for
13: Select the next candidate set to evaluate:

Xt ← Top K Ac(Mt;1,...,m, atten(x)), ∀x ∈X:
14: Initialize suggestion samples randomly;
15: Fixing discrete parameters, optimize continuous

parameters xc through evolutionary algorithm;
16: Fixing continuous parameter, optimize discrete

parameters xd through hill-climbing;
17: Evaluate next candidate set Yt = EDA(Xt);
18: Update Dt ←Dt ∪ {Xt, atten(Xt),Yt};
19: Update X ←X\Xt;
20: end for
21: Select Pareto vectors XPareto according to Dtmax ;
22: return XPareto.

one for each objective (line 4). A base kernel is assigned
to each input dimension: a diffusion kernel for a discrete
dimension, or an RBF kernel for a continuous dimension
(lines 5 to 7). The posterior distribution is constructed using
the additive function associated with Sobol indices for each
parameter combination (lines 9 to 11). The next candidate
set for evaluation is composed of parameter vectors with
the top-K Ac(M , atten(X0)) values over the current GP
models. The selected candidates are then fed into the EDA
tools to evaluate the performance, and the results are added
to the sample set for the next iteration (lines 17 to 18). This
process is repeated until the maximum number of iterations
is reached. Finally, the algorithm returns the set of all Pareto-
optimal solutions from the sampled set. Note that given the
sampled set Dtmax , it is easy to select its Pareto-optimal
vectors according to Equation (5) (line 21). In other words,
our final solutions are obtained from the sampled parameter
vectors Xtmax

.
This proposed method presents a systematic approach to

multi-objective optimization in hybrid tool parameter spaces,
efficiently handling the discrete and continuous variables. By

leveraging the Gaussian process models for each objective,
it allows for uncertainty-aware exploration of the parameter
space, and enables the identification of the Pareto-optimal
solutions, thereby providing a comprehensive set of optimal
trade-off parameters.

IV. ATTENTION-BASED HYBRID SPACE BAYESIAN
OPTIMIZATION

In this section, we detail the methodology we employed
to carry out attention-based Bayesian optimization (BO) for
optimizing QoR metrics in a hybrid space, which includes
both continuous and discrete parameters. This is achieved
using the concept of additive hybrid diffusion kernels.

A. Attention Mechanism in Bayesian Optimization

The attention mechanism, originating from the field of
deep learning, is an effective mechanism for encoding the
dependencies between different parts of the input data. In the
context of EDA tool parameter tuning, we adapt this concept
to model the relationships between different parameters within
our hybrid input parameter space. Our approach is inspired by
self-attention, where interactions between different elements
(in our case, EDA tool parameters) are assessed. However,
to maintain computational simplicity and avoid introducing
new hyperparameters, we employ a degenerate form of self-
attention. Note that the proposed attention algorithm oper-
ates separately on discrete and continuous parameter spaces
since their GP kernels are formed separately. Then, the final
weighted parameters, discrete and continuous parameters, are
sent into different GP kernels.

The attention mechanisms we have designed for discrete
and continuous parameters are the same. For simplicity, we
exploit x to represent a parameter configuration vector for
either discrete or continuous parameters. xi represents the i-th
element (i.e., tool parameter). The attention module computes
an importance score for each parameter. In a typical self-
attention mechanism, each “token” (here, each parameter xi)
would be projected into query, key, and value vectors, and
pairwise dot products of queries and keys would measure
relevance. To keep our procedure computationally negligible
and to avoid new hyperparameters, we choose a degenerate
setting where the query, key, and value projections are all
the identity. Consequently, the relevance between parameters
xi and xj collapses to the simple product xixj . Summing
these scalar products over all j ̸= i yields the importance of
parameter xi:

Importance(xi) =

n∑
j=1,j ̸=i

xi · xj . (6)

Although Equation (6) appears straightforward, it effec-
tively embeds every second-order cross-interaction once, akin
to how self-attention would, but without any learned weights.
This absence of learned weights is a deliberate design choice
integral to our Bayesian Optimization (BO) framework. In
BO, the Gaussian Process (GP) model itself is the primary
learning component, using its kernel and associated hyperpa-
rameters (like length scales) to model the objective function
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landscape based on observed data. Our attention-inspired
mechanism is intended as a computationally lightweight,
deterministic input transformation that acts as a heuristic to
guide the GP by pre-emphasizing potential parameter inter-
actions. Introducing learnable weights at this stage would ne-
cessitate an additional optimization process for these weights,
potentially increasing the demand for scarce evaluation data
(EDA tool runs) and adding complexity that could obscure
the GP’s own learning process.

This importance score, based on aggregated pairwise rela-
tionships, is then used for input warping, which is an effective
method to optimize the modeling capability of the Gaussian
process [14], [15]. Further, the updated parameter value to the
GP model is a warped version of the original input parameter,
obtained by weighting it with its importance score:

atten(xi) = xi · Importance(xi). (7)

Through Equation (7), the input values in more important
dimensions are magnified. Because dimensions with larger
importance are magnified before the GP kernel is evaluated,
they effectively acquire shorter length-scales under the same
hyper-prior, encouraging the GP to explore them more thor-
oughly [16]. No extra hyper-parameters are introduced by
this warping, and it can be trivially inverted when the GP
proposes a new point, ensuring all suggested configurations
remain valid for the EDA tool.

This attention mechanism allows our Bayesian optimization
process to consider complex dependencies between different
dimensions in the input space, while it is easy to compute
with no further burden. These values are easy to rescale
back to practical parameters as inputs to the EDA tools
since the ranges of these parameters are already known.
Therefore, using attention mechanisms can simultaneously
facilitate Gaussian process models and ensure the efficient
use of EDA tools.

B. Hybrid Space Gaussian Process

Kernels of Continuous Space Gaussian Processes. GPs are
a powerful tool for probabilistic non-parametric inference,
allowing us to mimic unknown functions in continuous space
to make predictions given some observed data. In Gaussian
processes (GPs), kernels play a crucial role in defining the
covariance structure of the unknown function that we aim to
model.

The Gaussian distribution, characterized by its mean and
covariance, can be specified using a mean function and a
covariance function (kernel) in the context of GPs. The mean
function typically represents prior knowledge about the func-
tion, while the kernel captures the smoothness, periodicity,
and other properties of the function. Specifically, the kernel
function quantifies the similarity or correlation between pairs
of points in the input space.

Given a set of single-objective observations, the kernel
k(x,x′) defines the covariance between the function values

EDA Tool  Discrete 
Parameter ConfigurationDiscrete parametersContinuous parameters

RBF Kernel Discrete Space Diffusion Kernel

Graph Laplace Transform

Hybrid Diffusion Kernels

0
1

3

2

Fig. 3 Construction of Hybrid Diffusion Kernels. RBF kernel
is used for continuous parameters, while the discrete kernel
is based on a graph representation of the discrete parameter
space. For the RBF kernel, X and Y axis in the picture
represent the value of the two continuous inputs, respectively,
while the Z axis represents the value of Equation (9) with
x′ fixed to (0, 0). For the discrete space diffusion kernel, the
two discrete parameters are first transferred into a graph where
each node of the graph represents a combination of discrete
parameters. In the picture, X and Y axis represent the graph
inputs, while the Z axis represents the value of Equation (11).

at two input points x and x′. In GPs, the prior over functions
can be written as:

f(x) ∼ GP(m(x), k(x,x′)), (8)

where m(x) is the mean function and k(x,x′) is the kernel
function. A common choice of kernel in continuous space
is the radial basis function (RBF) kernel, also known as the
squared exponential kernel:

k(x,x′) = σ2 exp

(
−||x− x′||2

2s2

)
, (9)

where σ2 is the signal variance and s is the length scale.
The kernel function and its associated hyperparameters have a
significant impact on the GP’s predictive performance, making
the choice of an appropriate kernel essential in GP modeling.

Diffusion Kernels for Discrete Spaces. The diffusion kernel
is a powerful method to characterize the discrete parameter
space by constructing a graph for the discrete parameter
vectors and simulating the diffusion or random walk process
over the graph. Denote the graph as G, in which each node is
a parameter vector in our sampled parameter vector set. Two
nodes are connected if their parameter vectors have only one
different element value. In other words, the two connected
vectors can reach each other by changing only one parameter
option. Denote the node set as V (i.e., the set of discrete
parameter vectors), the adjacency matrix as A, and the degree
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matrix as D, respectively. Then the normalized form of the
Laplacian matrix is defined as:

L(G) = I−D(−1/2)AD(−1/2), (10)

where I is the identity matrix. The normalized Laplacian
scales the influence of each node by its degree. This is
particularly useful for our case with an increasing number
of sampled parameter vectors as the Bayesian optimization
iterates. The diffusion kernel over our graph node set V is
defined in Equation (11):

K(V ,V ) = Φ exp(−γΠ)ΦT , (11)

where γ is a hyper-parameter, Φ = [ϕ1, · · · , ϕ|V |] and
Π = [π1, · · · , π|V |] are the eigenvector matrix and eigen-
value matrix of L, respectively. The diffusion kernel provides
a powerful way of understanding the structure of discrete
spaces and graphs, taking into account not just the immediate
connections between nodes, but also longer pathways through
the graph. It has a solid mathematical foundation based on the
Laplacian operator and the heat diffusion process, and it can
be computed efficiently in closed forms for large graphs [17],
[18].

Hybrid Diffusion Kernels. Hybrid diffusion kernels are de-
signed to handle input spaces that consist of both continuous
and discrete parameters. These kernels are constructed by
combining the continuous and discrete diffusion kernels in
a way that allows for seamless integration of both types of
input spaces.

To construct hybrid diffusion kernels, we can use the
general formulation of additive Gaussian process kernels,
which defines an additive hybrid diffusion kernel over hybrid
spaces. The key idea is to assign a base kernel for each
input dimension i ∈ {1, 2, · · · , nc + nd}, where nc and nd

represent the number of discrete and continuous parameters
in the hybrid space X . The RBF kernel and the discrete
diffusion kernel act as base kernels for continuous and discrete
input dimensions, respectively, as shown in Fig. 3. The overall
kernel is constructed by summing all possible orders of
interactions between these base kernels.

The overall additive hybrid diffusion kernel KHBS(x,x
′)

over hybrid spaces is defined as:

KHBS =

nc+nd∑
p=1

θ2p
∑

i1,··· ,ip

p∏
d=1

kid
(
xid ,x

′
id

) , (12)

where θp is a hyper-parameter associated with each additive
kernel, 1 ≤ i1 < i2 < · · · < ip ≤ nc + nd denotes
the possible selections of kernels, kid is the base kernel for
the input dimension id. By using hybrid diffusion kernels,
we can effectively perform Bayesian optimization over input
spaces with mixed continuous and discrete parameters, which
is particularly useful for applications like EDA tool tuning.

C. Parallel Evaluation based on EHVI

The acquisition function is a crucial component in Bayesian
optimization, determining where to sample next. Among many
alternatives, the expected hypervolume improvement (EHVI)

reference point

P1

area

power

P2
P3

(a)

reference point

P1
A

area

power

P2
P3

(b)

Fig. 4 Example of hypervolume improvement in 2-d space.

has shown superior performance in handling multi-objective
problems [19].

Hypervolume is a measure of the space covered by a set of
solutions in the objective space. Specifically, it corresponds
to the volume of the region that is dominated by at least
one solution in the set. Hypervolume is commonly utilized
as a performance metric in evolutionary multi-objective opti-
mization, where it offers a comprehensive evaluation of the
quality of the solution set, taking into account not only the
convergence to the true Pareto front but also the diversity of
solutions.

Given a set of Pareto-optimal parameter vectors XPareto =
{x1, · · · ,xn}, the corresponding performance set is YPareto =
{y1, · · · ,yn} ⊆ Rm, where m denotes the number of
objectives. A newly sampled parameter vector x is regarded
as Pareto-optimal if its performance vector y is not dominated
by the current YPareto. Correspondingly, the improvement of
the hypervolume resulting from sampling the Pareto-optimal
(x,y) is defined in Equation (13).

I(y) =

∫
Rm

[y ⪰ y′ ∧ ∀i ∈ 1, . . . , n : yi ⪰̸ y′]dy′, (13)

which computes the hypervolume composed of the solutions
in the space Rm which are dominated by y but not dominated
by previously found YPareto.

Fig. 4 is an example of hypervolume improvement in the
2-d space. Given a reference point and Pareto-optimal P1, P2,
and P3, the area covered in blue is the hypervolume of the
Pareto sets. Point A, which is not dominated by the Pareto-
optimal points, can bring an improvement to the hypervolume,
so the size of the area in red is the hypervolume improvement
regarding point A. Considering that the performance vector
y is predicted via GP models, the expected hypervolume
improvement EHVI is then defined as the expectation of I(y)
with respect to the posterior predictive distribution of the GP:

EHVI(y) = Ep(y|D)[I(y)], (14)

where D denotes the observed data. We then select the next
sample point to be the one that maximizes the EHVI:

y∗ = argmax
y

EHVI(y). (15)

The reference point in the performance space is a virtual
point, a hyperparameter set by ourselves, which does not have
physical meanings and is only for ease of computation. It
does not affect the performance of the proposed algorithm
since what we compute is the “relative” improvements of the
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hypervolume. Generally, the reference point is set as a very
bad performance value point, such as one with a very bad
power and a large area cost.

The EHVI acquisition function balances exploration and
exploitation effectively, allowing for efficient optimization in
the hybrid discrete-continuous space.

In our algorithm, the EHVI acquisition function is used to
assign scores to a large number of points randomly selected
from the hybrid space. Instead of selecting a single optimal
point per iteration, we adopt a batch evaluation strategy
to propose multiple promising suggestions simultaneously.
So the most time-consuming part in the flow, EDA tool
evaluation, can make full use of compute resources to evaluate
multiple suggestions simultaneously. The K points with top
K scores are selected for further optimization. Specifically,
the discrete part of these K points undergoes optimization
through a hill-climbing algorithm, while the continuous part
is optimized using an evolutionary algorithm. This procedure
ensures that the suggestions not only achieve high EHVI
scores but also remain well-spread in the region with high
EHVI scores. By integrating parallel evaluation, our algorithm
is able to quickly and efficiently explore and exploit the hybrid
space, making it highly effective for the problem of Bayesian
optimization in hybrid spaces.

V. SELF-ADJUSTING AND EXPLAINABLE ADDITIVE
GAUSSIAN PROCESS FOR HYBRID SPACE BAYESIAN

OPTIMIZATION

A. Enhanced Additive Kernel

In Section IV-B, the hybrid diffusion kernel is designed
using the formulation of additive Gaussian process kernels.
However, a key challenge with additive kernels is that different
combinations of component functions can produce the same
prediction, leading to ambiguity in interpretation [20]. To
illustrate, consider a simple two-dimensional function:

f(x1, x2) = [g1(x1) + c] + [g2(x2)− c], (16)

the additive decomposition works for any constant c, which
causes the non-uniqueness of f(x1, x2)’s additive structure.

This non-uniqueness of the additive GP model’s compo-
nents makes it challenging to attribute effects to specific
input parameters or their interactions reliably. To address
this, we propose an enhanced additive kernel constraining
the component functions to be orthogonal to each other.
Specifically, we require:∫

gi(xi)p(xi)dxi = 0, (17)

for each component function gi, where p(xi) is the marginal
density of input xi.

When we condition the orthogonality condition given in
Equation (17), we can demonstrate that the resulting condi-
tional process remains a Gaussian process. Specifically, for
each i, the original base kernel ki is replaced by an enhanced
kernel k̃i: ∫

gi (xi) pi (xi) dxi = 0 ∼ GP
(
0, k̃i

)
. (18)
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Fig. 5 Illustration of non-uniqueness of additive GP model’s
components. The orthogonality property in the enhanced
additive GP brings smaller uncertainties, while the difference
between truth and enhanced additive GP will be captured with
the constant kernel.

We can incorporate this orthogonality constraint into a
Gaussian process framework. The key idea is to construct a
new constrained kernel for each component that enforces the
desired orthogonality property while adding an additional GP
g0 with a constant kernel.

In other words, the constrained kernel is constructed to
ensure that the corresponding component of the additive
model captures a unique aspect of the function. So each
component function gi(xi) is separated into two parts: the part
that depends on xi, and the constant part that does not. One
constrained kernel is assigned to each component function
while one constant kernel is assigned to model the sum of
all component functions’ constant parts. Starting with a base
kernel ki for each input dimension, we define the constrained
kernel by subtracting a correction term from the original
kernel ki(xi, x

′
i):

k̃i(xi, x
′
i) = ki(xi, x

′
i)− E[Tigi(xi)]E[T 2

i ]
−1E[Tigi(x

′
i)],
(19)

where Ti =
∫
gi(xi)p(xi)dxi and represents the average

effect of the component function gi(xi) when integrated over
the probability distribution p(xi) of the input xi. It quantifies
how much gi(xi) contributes on average. The correction term
is composed of three parts: E[Tigi(xi)] and E[Tigi(x

′
i)] is

the expected contribution of gi(xi) and gi(x
′
i) when projected

onto its average Ti. It measures how closely gi(xi) and gi(x
′
i)

aligns with its average behavior. E[T 2
i ]

−1 is a normalization
term based on the variance of the average contribution Ti. It
ensures that the correction term is properly scaled and does
not over-correct or under-correct the kernel.

This formulation guarantees that samples from the result-
ing GP will satisfy the orthogonality constraints while still
allowing flexible modeling of additive interactions up to the
desired order. By enforcing orthogonality, we can obtain a
unique decomposition of the PPA function into components
containing different parameters. Fig. 5 shows the comparison
of the base kernel in normal additive GP and enhanced
additive GP modeling a single-parameter component.
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B. Explainable and Self-adjusting GP Model Based on Ana-
lytical Sobol Indices

When tuning EDA parameters for PPA metrics, understand-
ing the influence of individual input parameters on the PPA
metrics is crucial.

Despite the potential presence of numerous parameters, of-
ten only a small subset of parameters or interactions between
them significantly impact the prediction of PPA metrics. To
quantify this impact, we draw upon methods from global sen-
sitivity analysis [21], particularly decomposition techniques
based on Analysis of Variance [22] (ANOVA).

Functional ANOVA [23] (FANOVA) provides a systematic
approach to decompose a multivariate function into main
effects and interaction effects. For a function ŷ(x), the
FANOVA decomposition can be represented as:

ŷ(x) =
∑
a⊆N

ŷa(xa), (20)

where ŷa depends only on the parameters in xa and is defined
as:

ŷa(x) =

∫
X−a

(
ŷ(x)−

∑
v⊂a

ŷv(xv)

)
dP (x−a)

=

∫
X−a

ŷa(x) +
∑
v⊈a

ŷv(xv)

 dP (x−a)

= ŷa (xa) +
∑
v⊈a

∫
X−a

ŷv (xv) dP (x−a) ,

(21)

where x−a denotes all parameters except xa and P (x) is x’s
posterior distribution. If the input parameters are independent
of each other, Equation (21) holds when the integral part
equals 0, which is the requirement of the kernel’s orthogo-
nality property in Equation (17). Notably, our additive kernel
construction is closely tied to the FANOVA decomposition.
Under the assumption of independent input features, the
function components in the additive kernel correspond exactly
to the components of the FANOVA decomposition.

The FANOVA decomposition naturally leads to the concept
of Sobol indices [24], a measure quantifying the contribution
of individual inputs or input combinations to the output
variance. For a component ŷa, its Sobol indice is defined as:

SI := Vx[ŷ(x)] =
∑
a⊆N

SIa, (22)

where parameter set a’s Sobol index, SIa, represents its
contribution to the model’s output variance. Essentially, SIa
quantifies the influence of parameter set a on the model’s
variability. This relationship is known as the ANOVA identity.

In the enhanced additive kernel model, we can compute the
Sobol indices for each component analytically. Specifically,
for the posterior mean function µ, the normalized Sobol indice
is:

S̃Ia =
Vx[µa(x)]

Vx[µ(x)]
, (23)

where

µa(x) = σ2
|a|

(
⊙i∈ak̃i(xi,Xi)

)
K(X,X)−1y, (24)

GPR model Iteration #n + 1n + 1

GPR model Iteration #nn

x1 x2 x3 x4

x1 x2 x1 x3 x1 x4 x2 x3 x2 x4 x3 x4

x1 x2 x3 x1 x2 x4 x1 x3 x4 x2 x3 x4

x1 x2 x3 x4

Sobol Indice

Threshold

x1 x2 x3 x4

x1 x2 x1 x3 x1 x4 x2 x3 x2 x4 x3 x4

x1 x2 x3 x1 x2 x4 x1 x3 x4 x2 x3 x4

x1 x2 x3 x4

f (X ) = f1(x1) + f2(x2) + f1,4(x1, x4) + f2,4(x2, x4) + cf (X ) = f1(x1) + f2(x2) + f1,4(x1, x4) + f2,4(x2, x4) + c

f (X ) = f1(x1) + f3(x3) + f1,4(x1, x4) + f3,4(x3, x4) + f1,3,4(x1, x3, x4) + cf (X ) = f1(x1) + f3(x3) + f1,4(x1, x4) + f3,4(x3, x4) + f1,3,4(x1, x3, x4) + c

Fig. 6 The enhanced additive Gaussian process only considers
parameters whose interactions’ Sobol indices are above the
threshold.

K(X,X) represents the covariance of all input parameters,
the i-th column of X is denoted by Xi and outputs’ observa-
tion is denoted by y, σ2

|a| is the variance for the parameters’
|a|-th order interaction and the element-wise multiplication is
indicated by ⊙. Therefore, the Sobol indice of the input set
a is:

Vx[µa(x)] = Vx[σ
2
|a|

(
⊙i∈ak̃i(xi,Xi)

)
K(X,X)−1y]

= σ4
|a|y

⊤K(X,X)−1 ⊙i∈a IiK(X,X)−1y,

(25)

where Ii =
∫
k̃i(xi,Xi)⊗k̃i(xi,Xi)dpi(xi), and⊗ indicates

outer product.
In practice, we use Sobol indices to identify the most im-

portant single parameters or higher-order interactions between
multiple parameters in the model. By ranking these interac-
tions according to their Sobol indices, we can determine the
minimal interactions between parameters needed to achieve
the desired predictive performance. In each iteration of the
optimization flow, the GPR model adjusts itself to modeling
PPA metrics with parameters and their interactions with Sobol
indices higher than the threshold value, as is shown in Fig. 6.
This approach not only enhances model interpretability but
often leads to less complicated additive representations.

C. Sobol-based Sampling Optimization for Acquisition Func-
tion

In a Bayesian Optimization flow, the acquisition function
calculates a score for each sample from the design space and
chooses the sample with the highest score as the suggestion.
However, it is impossible to calculate the score for every point
in the design space. Section IV-C introduces a flow to optimize
the suggestion using an evolutionary algorithm and hill-
climbing algorithm for continuous and discrete parameters,
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TABLE I Benchmark Designs

Name #Cells Clock Period (ps)

8bit risc cpu 976 500
des3 area 3097 700
b15 12014 1000
b19 48398 1200
vga 73898 400

TABLE II Examples of Parameters

Parameters Stage Range

syn_generic_effort

synthesis

high/medium/low
syn_map_effort high/medium/low
tns_critical_range 0-15
auto_partition true/false
aspect ratio floorplan 0.5-2.0
target density 0.5-1.0
place_detail_wire_length_opt_effort

placement
high/medium/none

place_global_cong_effort auto/high/medium/low
place_global_timing_effort high/medium
drouteUseMultiCutViaEffort routing high/medium/low
routeWithLithoDriven true/false

respectively. The Sobol indices can benefit the evolutionary
algorithm and hill-climbing algorithm in different ways to
accelerate optimization.

With a CMA-ES [25] algorithm used as the evolutionary al-
gorithm, the Sobol indices help initialize the covariance matrix
by increasing the value of the diagonal element corresponding
to the parameters with higher Sobol indices, enabling the
CMA-ES algorithm to explore a broader range of values for
such parameters. In the hill-climbing algorithm, ‘neighboring’
is redefined as one-step changes in one or multiple parameters
if the combination of the changed parameters has high Sobol
indices, enabling the co-exploration of multiple parameters
whose interactions have high Sobol indices.

VI. EXPERIMENTAL RESULTS

A. Experimental Setup and Benchmarks

We test our Explorer with a VLSI design flow consisting
of Cadence Genus and Innovus (version 20.1), on a platform
with 2 Xeon Gold 6226R CPU processors. Our experiments
are conducted on 5 representative IWLS2005 benchmark
designs [26] (shown in TABLE I) under a 7-nm technology
node [27]. Specifically, vga and b19 are the two largest
designs in the benchmark which can be synthesized under this
technology node. According to the experience, 27 potential
design performance-relative parameters are selected and tuned
in our experiments, among which 4 are continuous parameters,
and 23 are discrete parameters. Minimum clock period, total
power and total area are chosen as the metrics to be optimized
simultaneously. Examples of the parameters are shown in
TABLE II. The purpose of some parameters is explained for
supplementary:

• syn_generic_effort controls the effort of turning
an elaborated design into a netlist of generic gates by
doing high-level RTL and datapath optimizations.

• syn_map_effort controls the effort of mapping a
design from generic gates to a technology library while
optimizing for the best PPA.

• tns_critical_range assigns a minimum slack
time for paths in a path group.

• auto_partition enables the process of disassem-
bling designs into more manageable block sizes.

• aspect ratio assigns a specified ratio between the
height and width of the floorplan.

• target density specifies a row density value, which
equals (std area+ block/macro area)÷ core area.

• place_detail_wire_length_opt_effort
specifies the effort for optimizing wire length by
swapping cells.

• place_global_cong_effort controls the numeri-
cal iterations and ways of instance bloating of placement.

• place_global_timing_effort specifies the level
of effort for timing-driven global placer.

• routeWithLithoDriven avoids lithography prob-
lems during routing by avoiding certain routing patterns.

• droutePostRouteViaPillarEffort specifies
the effort level toward increasing the ratio of double-cut
vias to single-cut vias concurrently with routing.

The following metrics are used to compare each parameter
tuning method on all five designs: hypervolume (HV), maxi-
mum performance improvement (MPI1), maximum power im-
provement (MPI2), and maximum area improvement (MAI).
These metrics are good at assessing the ability of each method
to explore the tool parameter spaces.

To compute the hypervolume, we use (600, 1, 500),
(900, 1, 800), (1200, 20, 110000), (1500, 5, 30000),
(600, 100, 150000) as the reference points for the five
designs respectively based on the range of metrics.
Hypervolume is calculated as:

HV
(
fref ,X

)
= Λ

( ⋃
Xn∈X

[
f1 (Xn) , f

ref
1

]
× · · ·

×
[
fm (Xn) , f

ref
m

])
,

(26)

where fref refers to the reference point, and X refers to the
evaluated PPA metrics.

The runtime of the proposed flow consists of two parts: The
algorithm’s runtime and the evaluation’s runtime. The overall
runtime is calculated as follows:

Tall = n · (talgo + teda), (27)

where n is the number of iterations, talgo is the algorithm’s
runtime in each iteration, and teda is the runtime of evaluation
using EDA tools in each iteration. talgo is about 2 minutes
while teda takes a few hours or more, according to the
size of the design. Since talgo ≪ teda, we compared the
performance of different methods by fixing the number of
evaluation budgets in each method. The hyperparameter K,
which indicates the number of parallel evaluations, is set to
5, meaning our flow consumes 5 evaluation budgets in one
iteration.

To fairly and truly evaluate the performance state of our
work, we compare it to the following state-of-the-art methods
by exploring the parameter space of the selected designs using
50 iterations:

• DAC’19 [5]: A recommender system that is trained
offline using data from previous designs and produces
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TABLE III Comparisons between Explorer and SOTA works on the 4 benchmarks, with data in parentheses representing the
ratios of these values to the values produced by Explorer.

Design Metric DAC’19 [5] MLCAD’19 [11] ASPDAC’20 [7] ICCAD’21 [1] Explorer [28] Enhanced Explorer

8bit risc cpu
MPI1(%) 7.23 3.51 0.68 9.76 12.41 14.47
MPI2(%) 2.34 0.94 3.62 1.05 3.87 3.93
MAI(%) 0.37 0.59 0.15 0.82 0.85 0.94
HV (103) 79.1(0.80) 73.9(0.75) 70.8(0.72) 85.1(0.86) 94.3(0.95) 98.9(1)

des3 area
MPI1(%) 12.69 17.33 3.33 15.92 18.20 21.3
MPI2(%) 2.54 2.04 0.05 3.05 4.04 4.72
MAI(%) 0.28 0.28 0 0 0.67 0.80
HV (103) 46.3(0.92) 45.7(0.91) 38.9(0.78) 44.7(0.89) 48.9(0.98) 50.1(1)

b15
MPI1(%) 1.84 2.62 4.20 4.10 5.46 4.79
MPI2(%) 2.56 2.87 2.69 3.46 3.60 3.72
MAI(%) 6.82 6.51 6.03 5.94 6.61 6.87
HV (103) 718.7(0.94) 733.7(0.96) 738.1(0.96) 728.6(0.95) 759.3(0.99) 767.3(1)

b19
MPI1(%) 1.30 2.76 3.01 3.89 4.58 5.25
MPI2(%) 1.41 2.43 0.66 1.21 2.90 2.90
MAI(%) 0.47 0.56 1.18 0.98 1.23 1.45
HV (103) 349.5(0.79) 411.2(0.93) 368.7(0.83) 428.9(0.97) 435.3(0.98) 444.3(1)

vga
MPI1(%) 21.10 7.51 24.56 15.89 23.99 27.21
MPI2(%) 1.53 0.65 6.60 5.45 7.69 8.21
MAI(%) 0.15 0.73 2.20 3.66 4.40 4.40
HV (103) 412.2(0.82) 446.7(0.89) 457.5(0.93) 450.9(0.90) 490.3(0.98) 502.2(1)

Average MPI1(%) 8.83 6.75 7.16 9.91 12.93 14.60
Average MPI2(%) 2.08 1.77 2.72 2.84 4.42 4.70
Average MAI(%) 1.62 1.73 1.91 2.28 2.75 2.89

Average HV (103) 321.2(0.86) 342.2(0.92) 334.8(0.90) 347.6(0.93) 365.62(0.98) 372.6(1)

TABLE IV Parameter sets outputted by each method for design des3_area, along with corresponding minimum clock
period(ps), total power(mW ) and total area(µm2)

syn generic effort syn map effort tns critical range aspect ratio place detail wire
length opt effort

place global
timing effort

Minimum clock
period Power Area

baseline high high 15 1 high high 275.7 0.203 591.8
DAC’19 [5] high high 15 1 medium high 267.3 0.201 591.8

MLCAD’19 [11] high medium 8 1 low high 273.4 0.199 592.2
ASPDAC’20 [7] high medium 8 1 high medium 266.5 0.200 591.8
ICCAD’21 [1] high high 15 0.8 high low 287.4 0.199 590.1
Explorer [28] high medium 14 1.13 medium high 250.9 0.198 588.0

Enhanced Explorer high medium 12 0.87 high low 248.1 0.197 586.4

recommendations for the current design. For fair compar-
isons, the model is trained based on the 30 high reward
parameter configurations from historical design records.
For 20 iterations of online recommending, the model’s
recommendations are employed to guide the sampling.

• MLCAD’19 [11]: A multi-objective Bayesian optimiza-
tion method that treats the EDA tools’ parameter tuning
as an expensive black-box optimization, and uses ordi-
nary Gaussian progress regression model as the surrogate
model. In our experiment, this method is implemented
with the package GPyOpt [29].

• ASPDAC’20 [7]: This method analyzes the importance
of different parameters from previous designs and divides
the parameter space into different clusters for further
sampling and refinement using XGBoost. In our experi-
ment, 30 high reward parameter configurations are used
for importance sampling, and 20 iterations are used for
refinement.

• ICCAD’21 [1]: A method that uses an ant colony engine
to optimize the parameters in each stage of the EDA
flow, and uses a cooperative co-evolutionary controller
to harmonize the optimization in different stages.

The “Explorer” and “Enhanced Explorer” denote the methods
proposed in [28] and this work, respectively.
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Fig. 7 The visualizations of Pareto frontiers in two QoR metric
spaces of des3_area.

B. Comparisons Against SOTA Works

TABLE III shows the comparison results of our work with
existing methods. The baseline setting is a parameter set
with all parameters set to the highest effort. It can be seen
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Evaluation Budget

(a) (b)

Fig. 8 (a) The visualization of different methods’ hypervolume
changes with iterations in design b19. DAC’19 [5] and AS-
PDAC’20 [7] are given 30 high award data for initialization,
while other methods share the same 10 randomly picked
data to initialize. (b) The comparison of the average time of
different steps in one iteration in design b19.

that our “Enhanced Explorer” averagely behaves the best on
MPI1, MPI2, and MAI. Moreover, the “Enhanced Explorer”
achieves better hypervolume than existing methods on all
benchmarks, which indicates that the proposed method can
find better tool parameter configurations when considering
multiple objectives concurrently.

To improve the readability and reproducibility, some re-
sults from the Pareto frontiers of parameter configurations
des3_area given by each method are listed in TABLE IV
along with partially associated parameters.

The visualization of the Pareto frontiers in power versus
minimum clock period predicted by the methods on bench-
mark des3_area is displayed in Fig. 7. The purple square
points and red diamond points refer to the method in [28]
and our enhanced method, respectively. It visually shows that
the parameter configurations we find dominate those found by
other algorithms. Fig. 8 shows the increase of hypervolume
of each method and different steps’ runtime in design b19.
The red curve rises faster than others in hypervolume, which
means our method outperforms others.

Fig. 9 shows the Sobol indices which were analytically
calculated in the final iteration of the “Enhanced Explorer”
flow. The importance values are derived analytically based
on data from the evaluated configurations. The analysis
reveals that specific individual parameters and their inter-
actions exhibit significant influence across various designs.
For example, the parameter syn_generic_effort con-
sistently plays a crucial role in optimizing the area, re-
flecting its relevance in logic synthesis optimizations. Sim-
ilarly, leakage_power_effort is shown to be pivotal
for power reduction, further confirming its direct influence
on power optimization outcomes. For performance improve-
ments, however, the results suggest that no single parame-
ter holds high importance universally across all designs. A

TABLE V Ablation Study on GP model accuracy

Metrics Vanilla GP Ours w/o additive Ours w/o attention Ours

R2 0.389 0.408 0.457 0.473

MAE (10−3) 6.51 6.31 5.54 5.11

notable observation is that most important parameters and
their interactions related to area and power optimizations are
concentrated within the logic synthesis stage. This is intuitive,
as the selection of standard cells and synthesis efforts play
a primary role in determining area and power consumption.
In contrast, performance optimization proves more complex,
as it is influenced by parameters spanning multiple stages,
including logic synthesis, placement, and routing. The Sobol-
based analysis further corroborates that only a few key
parameters and interactions dominate the impact on PPA
outcomes. This insight highlights one of the reasons behind
the effectiveness of our enhanced explorer: by focusing on
finding and optimizing this small set of influential parameters
and interactions, the modeling of PPA is simplified, leading to
faster convergence and better PPA results. Thus, this analysis
validates the approach of exploring and concentrating on high-
impact regions in iterative optimization to enhance overall
design efficiency and quality.

C. Ablation Study

To further analyze the effectiveness of our proposed
method, we conduct an ablation study by comparing the
accuracy of four different versions of the Gaussian process
regression model:

• Vanilla GP: A standard Gaussian Process model, with all
inputs considered continuous.

• Ours w/o additive: A standard GP model with proposed
attention mechanism for data processing.

• Ours w/o attention: A non-standard GP model with
enhanced additive kernel, with continuous and discrete
parameters differentiated.

• Ours: GP model used in our enhanced explorer, with
attention mechanism and enhanced additive kernel.

The GP model with higher accuracy will output more
accurate means and variances, leading to more accurate EHVI
scores and more efficient design space exploration. We con-
duct the experiments on the des3_area design’s power
prediction, randomly selecting the same 50 training data and
50 test data for each method. The experiment is repeated 50
times. The results are averaged over all runs. As the metrics of
prediction accuracy, we use R2 (coefficient of determination),
which measures the proportion of variance explained by the
model, ranging from 0 to 1 where higher values indicate better
fit, and MAE (Mean Absolute Error), which directly reflects
the average prediction deviation.

The results in TABLE V demonstrate that our method
outperforms all ablated versions, highlighting the contribution
of both the additive kernel and the attention mechanism in
improving performance.
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Fig. 9 Important tool parameters or parameter interactions’ Sobol indices calculated in the final iteration of “Enhanced Explorer”
on design (a) des3_area, (b) b15, and (c) vga.

VII. DISCUSSION

EDA tool parameter tuning is a complex and challenging
task due to the large number of parameters and their inter-
actions within the design flow. These interactions often lead
to non-intuitive outcomes, making it insufficient to consider
individual parameters in isolation. This combinatorial nature
of parameter interactions expands the design space exponen-
tially, making exhaustive exploration infeasible. To address
this issue, our proposed framework incorporates dynamic
parameter screening through the use of Sobol indices. By
quantifying the influence of individual parameters and their
interactions on the QoR metrics, the algorithm can prioritize
high-impact parameters and interactions while progressively
refining the search space. This design ensures scalability
and efficiency, enabling effective exploration of larger design
spaces.

Through our observations across multiple designs,
we found that certain parameters within the logic
synthesis stage, such as syn_generic_effort and
leakage_power_effort, consistently exhibit a
significant impact on the QoR metrics. For instance,
these parameters demonstrated high importance across
different benchmarks, highlighting their critical role in the
synthesis process. However, beyond a few key parameters, the
majority of parameters show varying degrees of importance
depending on the specific design and context.

Although constructing a large-scale dataset covering diverse
designs and parameter configurations could offer deeper in-
sights into these interactions, it remains a costly and time-
consuming endeavor. Moreover, the closed-source nature of
most EDA tools further complicates the process, as it is
often unclear how specific parameter settings influence the
internal optimization algorithms. For instance, whether the
high/medium/low settings of syn_generic_effort cor-
respond to adjustments in iteration counts, changes in heuristic
strategies, or entirely different internal algorithms remains
largely unknown. Additionally, EDA tool updates may alter
optimization mechanisms without modifying the user-visible
parameter interface, making static parameter analysis imprac-
tical in the long term.

Our findings suggest that the improvement of our hybrid
Bayesian optimization approach stems from its ability to
model the hybrid space and focus on a small yet highly
influential subset of parameters and their interactions. By
simplifying the modeling of PPA trade-offs and accelerating
convergence, our framework demonstrates a direction for
improving design space exploration in modern IC design
workflows.

VIII. CONCLUSION & FUTURE WORK

In this paper, for the first time, we have proposed an
attention mechanism-based EDA tool parameter explorer sur-
rogated with a hybrid space Gaussian process model. The ex-
plorer navigates the weights of important parameters through
the attention mechanism and constructs a hybrid space multi-
objective Bayesian optimization process that is more closely
aligned with real-world scenarios. Additionally, the kernel
of the model is enhanced to be more accurate and flexible,
while improving explainability. Parallel computing is used to
accelerate computation by evaluating multiple points simulta-
neously. Experimental results on 5 designs under an advanced
7nm technology node have demonstrated the effectiveness of
the proposed framework.

While our proposed framework has demonstrated improve-
ment in EDA tool parameter optimization, several directions
remain open for future exploration. Different QoR metrics
exhibit varying levels of sensitivity to tool parameters across
different stages of the EDA flow. For instance, in the logic
synthesis stage, key parameters affecting area and power pri-
marily involve synthesis mapping effort and power optimiza-
tion strategies. This suggests the need for domain knowledge-
guided customized optimization strategies, where different
QoR objectives are optimized with tailored parameter tuning
processes at each design stage. Such metric-sensitive opti-
mization strategies can reduce ineffective searches, accelerate
convergence, and improve overall optimization efficiency.

The current optimization framework treats all QoR objec-
tives equally, primarily relying on Pareto front exploration to
balance multiple metrics. However, backend engineers often
need to consider many primary and secondary metrics beyond
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PPA, such as IR drop, thermal distribution, DRC/ERC errors,
and so on. As the number of optimization objectives increases,
simply searching for the Pareto front may become insufficient.
Moreover, in practical design flows, certain metrics require
strict optimization while others only need to satisfy prede-
fined constraints, calling for a more nuanced treatment than
exploring the Pareto frontier.

Additionally, most existing EDA parameter-tuning methods
focus almost exclusively on PPA, neglecting critical design-
rule compliance. A parameter configuration may achieve
excellent PPA yet incur numerous DRC/ERC violations, ren-
dering it infeasible for tape-out and subsequent validation.
Therefore, future works should augment the evaluation frame-
work to incorporate violation metrics, such as DRC/ERC
counts, either as penalty terms within the objective func-
tion or as hard constraints. This extension will ensure that
optimized parameter sets not only enhance PPA but also
maintain full compliance with design rules and manufacturing
requirements.

The rapid advancement of large language models (LLMs)
in EDA applications suggests a potential new avenue for
LLM-driven parameter pre-filtering. Recent work, such as
ChatEDA [30], has demonstrated the effectiveness of LLMs
in assisting backend flow scripting. Building on this concept,
LLMs could be employed to suggest an initial subset of
promising parameter configurations, effectively reducing the
dimensionality of the search space. This could be achieved
by encoding prior design experiences and expert heuristics
into prompt-based interactions or fine-tuned models, guiding
Bayesian optimization towards more relevant regions of the
design space from the outset.
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