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Abstract—Recently, due to the flexibility and reconfigurability
of Coarse-Grained Reconfigurable Architecture (CGRA), CGRA
microarchitecture has become an inevitable trend to accelerate
the convolution calculation in diverse deep neural networks.
However, since the vast microarchitecture design space and the
complicated VLSI verification flow, it is a huge challenge to
explore a perfect microarchitecture to compromise between mul-
tiple performance metrics. In this paper, we formulate the CGRA
microarchitecture design as a design space exploration problem,
and propose a parallel multi-objective Bayesian optimization
framework (PAMBOF) to automatically explore the CGRA
microarchitecture design space. Meanwhile, high-precision per-
formance and area models are built to enable fast design space
exploration. To approximate the black-box objective function in
the design space, the PAMBOF framework first builds multiple
Gaussian processes (GP) with deep regularization kernel learn-
ing functions (DRKL-GP). Then a parallel Bayesian optimization
algorithm is developed to sample a batch of candidate design
points, which are simulated in parallel by the performance and
area models. Experimental results demonstrate that compared
to the prior arts, the proposed PAMBOF framework can search
for a CGRA microarchitecture design with the better area and
performance in a shorter runtime.

I. INTRODUCTION

With the growing demand for artificial intelligence ap-
plications, there are enormous requirements for computing,
storage, and data exchange. As a result, massive data ex-
change and computation bring tremendous performance and
energy challenges for traditional processors. Recently, due
to the computational flexibility and reconfigurability, Coarse-
Grained Reconfigurable Architecture (CGRA) array has be-
come an inevitable trend to accelerate the calculation task to
reduce the computing pressure of the processor.

The CGRA microarchitecture consists of multiple compo-
nents, each with a diverse organization and allowing recon-
figuration at a granularity above gate-level. Besides, different
CGRA microarchitectures under a specific technology process
demonstrate various areas, performance, power, etc. As a
result, finding a microarchitecture design that balances the
area and performance is very difficult. First, the entire design
space is vast, expanding exponentially as more components
are considered. On the other hand, for each CGRA microar-
chitecture design with a specific benchmark, we need to use
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the commercia EDA tool to simulate it and obtain metrics
such as area and time, requiring plenty of runtime.

In general, design space exploration (DSE) can help cus-
tomize the trade-off between performance, area, and other
metrics in design. However, the large design space associated
with CGRA makes DSE very time-consuming and expen-
sive [1]. Several optimization algorithms have been devel-
oped to search for designs, including simulated annealing-
based heuristic [2], particle swarm optimization (PSO) al-
gorithm [3], and evolutionary algorithm [4]. Although the
number of hardware simulations is reduced, most of these
algorithms are easily trapped into local optima and have a
relatively low coverage rate. In order to quickly obtain an
optimal trade-off design, we propose a parallel multi-objective
Bayesian optimization framework (PAMBOF) to explore the
CGRA microarchitecture design. For each iteration, the PAM-
BOF requires metrics of the performance and area of the
current configuration to make informed choices. For a specific
task, performance and area estimations require a complete
VLSI flow provided by the commercial EDA tool. Although
these estimations are accurate, obtaining these metrics takes
dozens of hours, significantly slowing down our exploration
process when many iterations must be performed. Therefore,
to enhance exploration efficiency, we construct high-precision
performance and area models, as discussed in Section III-A
and Section III-B. Although the estimation values may not
be as accurate as metrics obtained from the commercial EDA
tool, they are sufficiently precise for design space exploration.
Key technical contributions of this work are listed as follows.

• We propose a parallel multi-objective Bayesian opti-
mization framework (PAMBOF) to explore a CGRA
microarchitecture design with the trade-off between area
and performance, which contains a correlated multi-
objective Gaussian process (GP) model and a parallel
GP-based Bayesian optimization algorithm.

• A new high-accuracy area and performance models are
built to evaluate the area and performance for CGRAs,
enabling fast design space exploration.

• We verify the performance of the CGRA microarchi-
tecture design produced by PAMBOF flow under 28nm
technology. The results demonstrate the outstanding per-
formance of the CGRA microarchitecture.

The rest of the paper is organized as follows. Section II in-
troduces some knowledge about our CGRA microarchitecture.
Section III describes the built area and performance models,
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Fig. 1 The overview of the CGRA microarchitecture.

Fig. 2 The overview of the PE architecture.

and then gives the problem definition. Section IV presents the
details of the proposed PAMBOF framework. Section V con-
ducts several experiments to validate our methods, followed
by conclusions in Section VI.

II. CGRA MICROARCHITECTURE

As described above, due to the flexibility and reconfigura-
bility of the CGRA, the CGRA microarchitecture can adapt to
different application scenarios. Fig. 1 illustrates an overview
of a CGRA module. Generally, a CGRA mainly contains
several components, such as a 2D processing element (PE)
array, a context memory for configuration and calculation
instructions, a data memory for data computation, and an ex-
ternal memory for storing all data required for calculation [5].
The internal structure of the PE in CGRA microarchitecture
is depicted in Fig. 2. Each PE consists of several adders
(ADDs), several multipliers (MULs), and a local memory for
temporary data storage. Additionally, each PE can exchange
data with its neighboring PEs located in North (N), South
(S), East (E), and West (W). The CGRA primarily utilizes
the PE array to execute calculation tasks. After completing
the calculation, the results will be stored in the external
memory. Therefore, the CGRA has a substantial impact on
the performance of specific calculation tasks.

III. PROBLEM FORMULATION

A. Area Model

The area model is based on 28nm technology. Based on
the CGRA architectural description, the area model only

Fig. 3 The overview of row convolutional operations in PE.

needs to know the number of PEs and necessary informa-
tion about components within the PE, such as the depth
of internal memory, the type of ADDs, and the type of
MUL, to determine the area size. Besides, tiny elements in
the microarchitecture design are ignored, i.e., loaders and
communication interfaces. Meanwhile, the internal computing
resources of CGRA support 8-bit integer (INT8) operations,
and the interconnection topology follows a mesh configura-
tion. Based on the information, the entire microarchitecture
area is easily calculated as follows.

Acgra =
∑
∀type

farea(type) ·Ntype, (1)

where Ntype refers to the number of each type (type) for
each component. The function farea(·) queries the area model
database for the area of each component type. Through the
calculation model, the area of the CGRA microarchitecture
under different hardware configurations can be quickly ob-
tained. The experimental results demonstrate that the area
evaluated by the model is comparable to the results performed
by the commercial EDA design compiler (DC).

B. Performance Model
For a compute-intensive application, we utilize data flow

scheduling algorithms to map the data flow graph (DFG)
abstracted from the kernel loop of the application to CGRA.
In this work, the calculation process is based on the specific
scheduling approach and operator design described in [6]. By
employing the modulo scheduling method on the operators,
adjacent loop iterations start at fixed intervals, thus realizing
loop-level parallelism between adjacent iterations. Further-
more, based on the scheduling results, we can determine
the computational tasks allocated to each PE during each
cycle. Within each computation, the convolution operation is
performed for the input vector and the weight vector of each
row of the convolutional kernel through a sliding window to
obtain the partial sum result, which is then accumulated to
derive the final output feature map. Fig. 3 depicts the process
of calculating row convolution in the PE through window
sliding, where Ai, Bi, and Ci are convolution inputs and ai,
bi, and ci are weights of the convolution kernel. As a result,
the total calculation time of the task can be easily obtained.

Compared to the accurate processes obtained through RTL
simulations using the commercial EDA tool VCS, the evalu-
ation of clock cycles required for a specific task by the built
performance model is acceptable.



TABLE I Design space of CGRA microarchitecture.

Parameters Candidate Values

Number of rows in PE array 4,5,. . .,17,18

Number of columns in PE array 4,5,. . .,17,18

Number of ADDs in each PE 1,2,4,6

Number of MULs in each PE 1,2,3,4

Depth of context memory for configuration instructions 20,24,28,32

Depth of context memory for calculation instructions 20,24,28,32

Depth of data memory 32,48,64,128

Depth of local memory in each PE 1,2,3,4

C. Problem Definition
Definition 1 (CGRA Microarchitecture Design). A combi-
nation of feasible values listed in TABLE I represents a
CGRA microarchitecture design. Each design among the
entire design space D is encoded as a feature vector x. For
convenience, microarchitecture design and microarchitecture
design point are the same in the following sections.

Definition 2 (Area). The area of the CGRA microarchitecture
design is calculated by the proposed area model.

Definition 3 (Clock Cycle). The clock cycle is the time the
CGRA microarchitecture consumes to execute a calculation
task, which is obtained by the built performance model.

Definition 4 (Pareto-optimal Design). For a feature vector
x in m-dimension minimization problem, an objective vector
f(x) dominates f(x′) if

∀i ∈ [1,m], fi(x) ≤ fi(x′) and

∃j ∈ [1,m], fj(x) < fj(x
′).

(2)

A point x is Pareto-optimal if there is no other x′ in
entire design space satisfying that f(x′) dominates f(x).
The set of points that are not dominated by others is called
the Pareto-optimal set. For the microarchitecture design space
exploration, the Pareto-optimal set is also described as the
Pareto-optimal design.

In this work, our objective is to search for the Pareto-
optimal design as defined in Definition 4 in consideration of
area and execution time (clock cycle). Since these two metrics
are negatively correlated, for a Pareto-optimal design, an al-
ternative choice does not exist that can improve each objective
without sacrificing others. With the evaluation metrics above,
our problem is formulated as follows.

Problem 1 (CGRA Microarchitecture Design Space Ex-
ploration). Given the CGRA design space D, each design
is considered as a feature vector x ∈ Rd. The CGRA
microarchitecture design space exploration aims to search
for Pareto-optimal designs with a trade-off between area and
clock cycles over a vast design space.

IV. CGRA DESIGN OPTIMIZATION

A. Overview of PAMBOF
The overall flow of the proposed PAMBOF is shown

in Fig. 4. Firstly, given the input microarchitecture design

Fig. 4 The illustration of the proposed PAMBOF flow.

space D, we sample several points from D by the K-means
algorithm [7], and obtain corresponding metrics using the
performance and area models. The sampled points should
maximize the intra-cluster diversity to get more information
from design space. Then, a Gaussian process model with deep
regularization kernel learning [8] function (DRKL-GP) is built
on the initial dataset. Meanwhile, a parallel multi-objective
Bayesian optimization algorithm is performed to explore the
Pareto-optimal design. We introduce the parallel expected q-
hypervolume improvement (qEHVI) as the acquisition func-
tion [9]. Concrete forms of the DRKL-GP model and qEHVI
function are described in Sections IV-B and IV-C. At each
optimization iteration, we will select new design points from
D, maximizing the qEHVI. Afterwards, these points are
simulated by the area and performance models to obtain
the corresponding reports under a specific task. If sampled
designs cannot meet the expectations, we augment the dataset
with newly selected designs and retrain our Gaussian model
again for the next exploration; otherwise, the exploration
process ends, yielding Pareto-optimal designs.

B. Gaussian Process

Owing to the robustness and effective prediction of
the whole design space with a limited dataset, the GP
model has been widely applied for design space explo-
ration problem [10]. In a GP model, for any finite data
X = {x1, · · · ,xn}, xi ∈ Rd, the objective vector y =
(f(x1), · · · , f(xn))T follows a joint multivariate Gaussian
distribution according to Equation (3).[

f(x1) · · · f(xn)
]T ∼ N(µ,K), (3)

where f : Rd → R is a black-box objective function to be
inferred. µ ∈ Rn is the mean vector value, and typically
the constant mean function is widely used, i.e., µ = µ · 1.
K ∈ Rn×n is the covariance matrix measured by a kernel
function. In this work, we adopt a Matérn 5/2 kernel function
to calculate the similarity of any two input points as follows.

k(xi,xj) = σ2(1 +
√

5r +
5

3
r2)e−

√
5r,

r =

d∑
k=1

(xi,k − xj,k)2

λ2
k

,
(4)



where λk and σ are the hyperparameters of the GP model.
For a newly sampled design point x∗ and its corresponding

objective function y∗ = f(x∗), the joint Gaussian distribution
between y∗ and the dataset y is calculated as follows:[

y
y∗

]
∼ N(

[
µ
µ

]
,

[
K(X) k(X,x∗)

k(X,x∗)
T k(x∗,x∗)

]
), (5)

where K(X) is the intra-covariance matrix among microar-
chitecture design data in X , while k(X,x∗) is a vector of
covariance between x∗ and all designs in X . Obviously,
y∗ conditioned by y also follows the normal distribution as
y∗ ∼ N(µy∗|y, σ

2
y∗|y).

To increase the uncertainty of area and clock cycles gener-
ated by different CGRA microarchitectures, an uncorrelated
Gaussian noise εn ∼ N(0, σ2

n) is added to the objective func-
tion. The kernel function is then written as k(xi,xj)+σ2

nδij ,
where δij indicates the Kronecker delta function, and the σn
refers to a hyperparameter. Thus, the GP model is updated as
follows.

µy∗|y = µ+ k(X,x∗)
T(K(X) + σ2

nI)−1(y − µ),

σ2
y∗|y = k(x∗,x∗)− k(X,x∗)

T(K(X) + σ2
nI)−1k(X,x∗).

(6)
For simplicity, all hyper-parameters in the GP model are

parameterized as θ. Given observed data, the maximum
likelihood estimation (MLE) is a common approach for
determining θ. However, the MLE method is computationally
expensive and cannot ensure learning quality. Recently, deep
neural networks (DNNs) have demonstrated great potential
in various applications as the black-box model for extracting
valuable features [11]. Thus, a Gaussian process model with
deep regularization kernel learning function (DRKL-GP) is
built to characterize the design space. It first maps the input
xi to intermediate values through a neural network ϕ(·) pa-
rameterized by weights and biasesw. Then these intermediate
values are used as inputs to the standard kernel function,
which is updated as k(xi,xj)→ k(ϕ(xi,w), ϕ(xj ,w))).

By optimizing the network’s weightsw instead of adjusting
parameters θ in the GP model, the performance is improved.

C. Parallel Multi-objective Bayesian Optimization

Bayesian optimization is a sequential strategy for opti-
mizing expensive black-box functions, with no explicit form
assumptions. In this work, DRKL-GP model defined in Sec-
tion IV-B is provided as the surrogate model. The acquisition
function employs the surrogate model to assign a utility value
to a set of candidates to be evaluated, including probability
of improvement (PI) [12], expected improvement (EI) [13],
and upper confidence bound (UCB) [14]. However, these
acquisition functions lead to sub-optimal results. Due to the
perfect performance for a trade-off between different metrics,
the expected q-hypervolume improvement (qEHVI) [9] is
introduced as the acquisition function for our problem. Firstly,
we clarify the concept of hypervolume (HV), which is an
indicator to evaluate the utility of the candidate points in the
design space. For a Pareto-optimal set P and a reference point

(a) (b)

Fig. 5 An example of minimizing area and clock cycles.
(a) Blue points are Pareto-optimal points and red points are
dominated. Orange cells are dominated while blank regions
are not. The volume of orange cells is the current Pareto
hypervolume (HV). (b) Purple and yellow points are predicted
to be Pareto-optimal designs, and green and blue regions are
the corresponding qEHVI.

r = (r1, r2) (area and clock cycle metrics), HV measures the
size of the region enclosed by P and r as.

HV(P, r) = lm(
⋃
p∈P

[p, r]), (7)

where lm is the Lebesgue measure, and [p, r] refers to the
hyper-rectangle bounded by vertices p and r. As shown in
Fig. 5, the orange-shaded region denotes the current Pareto
HV. Based on the Pareto HV information, we further compute
the hypervolume improvement (HVI) to evaluate new sam-
ples. Given a new candidate point xc and the corresponding
metric vector yc, HVI is calculated as follows.

HVI(P, r,yc) = HV(P ∪ yc, r)− HV(P, r). (8)

The surrogate model in Bayesian optimization provides a
posterior distribution p(f(x)|D) over the objective values for
each design point x, which can be adopted to compute the
EHVI acquisition function.

EHVI(P, r,yc) = Ep(f(xc)|D)[HVI(P, r,yc)], (9)

where f : x→ y is inferred by DRKL-GP. Assuming the dif-
ferent objectives are independent and modeled with separate
GP models, EHVI can be expressed in closed form [15]. In
each iteration, the design x∗ = argmax

x∈D
EHVI(P, r,f(x) is

selected as a candidate Pareto point.
In order to query a batch of q points in parallel, Xc =

{x1, · · · ,xq}, we extend the EHVI function in Equation (9)
to qEHVI. Using the Monte-Carlo (MC) simulation with
samples from the joint posterior distribution {ft(xi)}qi=1 ∼
p(f(x1), · · · ,f(xq)|D), t = 1, · · · ,M , the qEHVI function
is formulated as Equation (10).

qEHVI(Xc) =
1

M

M∑
t=1

HVI(ft(xc)), (10)

where M denotes the number of MC samples.



Algorithm 1 PAMBOF for CGRA Microarchitecture Design
Space Exploration
Input: Microarchitecture design space D, initial Pareto design
points X from D, iteration number t.
Output: Pareto-optimal design set O.

1: Push X into area and performance models to get area and
clock cycle Y;

2: P← X, U← D \ X;
3: for i← 1 to t do
4: Establish and train DRKL-GP on P with Y;
5: Query new Pareto designs Xc from U;. Equation 10
6: Put Xc into area and performance models to achieve

corresponding metrics Yc;
7: P← P ∪ Xc, U← U \ Xc, Y← Y ∪ Yc;
8: end for
9: Achieve Pareto-optimal design set O from P.

Algorithm 1 summarizes the details of the proposed PM-
BOF flow for the CGRA microarchitecture design space
exploration. The initial Pareto designs X are sampled from D

by the K-means algorithm. At each iteration, the DRKL-GP
model is firstly built on the current Pareto-optimal design set
P with corresponding metric set Y (line 4). Then, new Pareto
design points Xc are sampled from unobserved design space
U by maximizing the qEHVI function (line 5). Based on the
new set Xc, the accurate metrics Yc are simulated through the
built area and performance models (line 6). Next, we augment
the Pareto-optimal design set P with Xc, and update metrics
set Y and unsampled design space U (line 7). Finally, the
Pareto-optimal designs are obtained (line 9).

V. EXPERIMENTAL RESULTS

A. Experiment Settings

The proposed PAMBOF framework is implemented in
Python with Pytorch and Botorch [16] libraries, and
validated on a Linux server with an Intel Xeon Gold 6254
CPU and an Nvidia Tesla V100 GPU. The neural network
in the DRKL-GP model consists of three hidden layers, each
with 250, 100, and 50 neurons, respectively. A ReLU layer is
inserted after the hidden layers as the activation. The adaptive
moment estimation (Adam) optimizer is adopted to train the
models. In order to evaluate the actual performance of Pareto-
optimal CGRA design, we use Synopsys VCS S-2021.09-
SP1 to simulate the clock cycle of the CGRA for a specific
calculation at 400 MHz, while Synopsys Design Compiler P-
2019.03-SP4 is utilized for design synthesis to obtain the area
value. In addition, the RTL simulation results in turn validate
the prediction accuracy of built area and performance models.

We randomly sample 968 microarchitecture designs from
the entire design space. Then, each design description is
fed into the area and performance models to achieve the
corresponding area and clock cycle metrics for a specific
convolution benchmark, which takes approximately one hour.
In addition, DRKL-GP is initialized with 12 CGRA samples

TABLE II Comparison results.
Approach Normalized ADRS Normalized ORT

Random Forest 0.481 0.746
MLP 0.389 1.180

Decision Tree 0.293 0.930
XGBoost 0.206 0.684

BOOM-Explorer [17] 0.165 0.131
PAMBOF 0.115 0.119
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Fig. 6 Learned Pareto Frontier by different explorers.

produced by K-means algorithm from the design space. Based
on these sampled data, we perform PAMBOF framework with
12 iterations. Note that two new Pareto design points are
chosen in each iteration, and the corresponding metrics are
simulated in parallel by using area and performance models.

B. Results and Analysis

To verify the superiority of the proposed framework, we
compare our PAMBOF with BOOM-Explorer [17]. Besides,
several machine learning algorithms are also executed to find
Pareto-optimal design, including Random Forest (RF), Multi-
layer Perceptron (MLP), Decision Tree (DT), and XGBoost.
The initial dataset and the simulation environment are the
same as those set in PAMBOF.

Two indicators are defined to evaluate the performance
of different algorithms: the average distance to reference set
(ADRS) and the overall running time (ORT). ADRS calcu-
lates the average distance between the true Pareto-optimal set
and the learned Pareto set, as defined in Equation (11).

ADRS(Υ,Ω) =
1

|Υ|
∑
τ∈Υ

min
ω∈Ω

d(τ, ω), (11)

where Υ and Ω refer to the true and learned Pareto-optimal
sets, respectively. d(·) is the Euclidean distance function.
Since the magnitude of values for different components varies
greatly as listed in TABLE I, the parameter values are
normalized in the calculation of ADRS. To ensure a fair
comparison, we also normalize the ORT indicator, which
represents the ratio of total runtime for model initialization
and iterative explorations to the total iterations. Thus, the
normalized ORT considers the discrepancy in the number of
iterations among different algorithms.

TABLE II lists the normalized results of ADRS and ORT.
As shown in the table, compared with RF, MLP, DT, XG-



TABLE III Experimental results of executing different convolution calculations in VGG and GoogLeNet on the Pareto-optimal
CGRA microarchitecture design explored by PAMBOF (time unit: ms).

Input feature map Kernel Stride Output feature map Execution time Prediction time Time deviation
(height×weight×channel) (height×weight×channel×number) (height×weight×channel)

58×224×16 3×3×16×16 1 56×224×16 2.498 2.425 2.9%
3×7×832 1×1×832×32 1 3×7×32 0.176 0.173 1.7%

4×14×512 1×1×512×16 1 4×14×16 0.113 0.110 2.7%
13×13×192 3×3×192×32 1 13×13×32 0.859 0.810 4.9%

4×7×48 3×3×48×16 1 3×7×16 0.023 0.022 4.5%
61×229×4 7×7×4×16 2 28×112×16 1.404 1.350 3%
55×55×64 5×5×64×16 2 27×27×16 1.281 1.200 6.7%

TABLE IV Comparison of manual design and Pareto-optimal
design (time unit: ms, area unit: mm2).

Approach Parameters Area Performance time
Manual Design [5,4,4,4,20,20,32,2] 0.13 4.996

Pareto-optimal Design [6,4,4,4,20,20,32,2] 0.15 2.425

Boost, and BOOM-Explorer, the proposed PAMBOF achieves
76%, 70%, 60%, 44%, and 30% improvements in ADRS,
respectively. Meanwhile, the ORT of the proposed PAMBOF
is reduced by 10% compared to BOOM-Explorer.

In addition, Fig. 6 visualizes the corresponding Pareto
frontiers discovered by RF, MLP, DT, XGBoost, BOOM-
Explorer [17], and our framework in design space, respec-
tively. As shown in the figure, the Pareto frontier searched by
our PAMBOF framework is better than other approaches.

Based on the Pareto-optimal design generated by the pro-
posed PAMBOF, the component parameters listed in TABLE I
are configured with [6,4,4,4,20,20,32,2]. Compared to the
actual area result of 0.1565 mm2 obtained from Design Com-
piler on 28nm technology, the proposed area model evaluates
an area of 0.15 mm2 with only 4.5% error. Table III further
records the overall time required for various convolution
calculations on the explored Pareto-optimal CGRA design.
These convolution calculations are in CNNs, i.e., VGG and
GoogLeNet. Columns “Execution time” and “Prediction time”
represents the time obtained through accurate RTL simula-
tions using the VCS and the performance model, respectively.
Column “Time deviation” refers to the estimation deviation
for the performance model. The minor time deviation demon-
strates that performance model is credible.

Additionally, we also compare the Pareto-optimal design
explored by the proposed PAMBOF with a manual design
developed by senior engineers. TABLE IV lists the compari-
son results when performing the convolution calculation listed
in the first row of TABLE III. The area and performance
are evaluated by the built models. As shown in the table, in
contrast to a manual design, our Pareto design achieves 51%
performance improvement with only 15% increase in area,
demonstrating the effectiveness of our proposed PAMBOF.

VI. CONCLUSION

In this paper, we have proposed a PAMBOF framework to
explore the Pareto-optimal CGRA microarchitecture design
among the design space. Experimental results show that

compared with the previous methods, the proposed PAMBOF
achieves a better CGRA microarchitecture design in a shorter
runtime. We expect more research on microarchitecture de-
sign space exploration to accelerate the chip design process.
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