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Abstract—More accurate capacitance extraction is demanded
for IC design nowadays. The pattern matching approach and the
field solver for capacitance extraction have the drawbacks of in-
accuracy and large computational cost, respectively. Recent work
[1] proposes a grid-based data representation and a convolutional
neural network based capacitance models (called CNN-Cap) for
3-D capacitance extraction. In this work, the techniques of neural
architecture search (NAS) is proposed to train better models for
3-D capacitance extraction. Experimental results show that the
obtained NAS-Cap model achieves higher accuracy than [1].

I. INTRODUCTION

Accurately modeling the interconnect parasitics (resistance
and capacitance) is crucial for guaranteeing the performance of
ICs [2], [3]. As billions of transistors are placed within a chip, it
is very challenging to perform full-chip capacitance extraction.
A solution of this is the pattern matching approach widely
used in commercial RCX tools. It divides a large structure
into small substructures, and then computes the capacitances
of each substructure with pre-built empirical formulas or look-
up tables. For a given process technology, a pattern library is
pre-characterized by enumerating millions of sample structures
and solving the capacitances for them with accurate field
solver. Then, the empirical formulas or tables can be obtained
for the pattern structures, so that the capacitances can be
quickly computed for a specific design. However, this approach
loses accuracy for nowadays IC, due to limited coverage of
interconnect typologies or the error of empirical formulas.

Another approach is based on field solver [3], [4], which has
the highest accuracy. However, due to excessive computational
cost, it can only handle a few of small pattern structures.
Recently, the deep learning opens the third way for capacitance
extraction [1], [5]. A convolutional neural network based ap-
proach (called CNN-Cap) for building models for computing
capacitances of 2-D and 3-D structures was proposed [1]. It
employs a novel grid-based data representation and leverages
the CNN’s ability of capturing spatial information to deliver
more accurate models than using MLP neural network. The
CNN-Cap model based on ResNet architecture [6] exhibits
good accuracy on predicting total capacitance of 3-D structures,
i.e. with less than 5% error in about 99% probability, and runs
191X faster than the fast random walk based capacitance solver
[4], [7]. However, its performance on coupling capacitance
is not good enough; there are 4.1% of computed coupling
capacitances with more than 10% relative error [1].
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Fig. 1. The architecture of the proposed model. (a) Overview of the whole
network model, (b) Connection among cells in the cell series.

Neural architectures assume a pivotal role in the realm of
deep learning. Several techniques of neural architecture search
(NAS) was proposed to automatically and efficiently design
the neural architecture that achieves high performance, such as
DARTS [8]. Inspired by the fact that human-designed networks
are often constructed from a repetitive stacking of a basic
module, DARTS only searches for a basic module (called
cell), where a continuous differentiable optimization problem is
solved by gradient descent techniques. In this work, we leverage
DrNAS [9], an improved version of DARTS, to obtain more
accurate CNN models for 3-D capacitance extraction. We find
out a better CNN structure than ResNet used in CNN-Cap.
Experimental results on 3-D interconnect structures show that
the proposed techniques largely reduce the model’s prediction
error on coupling capacitance. Compared to CNN-Cap [1], the
average error of coupling capacitance is reduced from 3.1% to
2.5% and the percentage for coupling capacitances with error
larger than 10% is reduced from 4.1% to 1.7%.

II. PROPOSED METHOD

In order to find a more suitable network for capacitance
extraction, we use the NAS technique to do automatic search.
The search space of NAS should be large enough but does not
consume huge computational resource for searching. We con-
sider the network architecture in Fig. 1(a), with the connection
among cells in the cell series in Fig. 1(b). As in ResNet and
many other convolutional network, feature map shrinks its size
and increases the number of channels while passing through
some layers, we employ two kinds of cells: normal cell and
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reduction cell. The reduction cells are the cells that halve the
size of input data and double the number of channels.

Either normal cell or reduction cell can be represented as
a directed acyclic graph (DAG) consisting of Nd nodes. Each
node x(i) is an intermediate representation and each directed
edge (i, j) is associated with an operation o(i,j) that transforms
x(i). The operation is selected from a candidate set O. In order
to use gradient-based optimization method for searching the
operations, the continuous relaxation is applied. An edge is
now associated with a weighted sum of operations

ô(i,j)(x) =
∑
o∈O

θ(i,j)o o(x), s.t.
∑
o∈O

θ(i,j)o = 1 , (1)

where θ
(i,j)
o is the probability weight. Now, the search process

can be defined as an optimization problem:

min
θ

L(w∗, θ),

s.t. w∗ = argmin
w

L(w, θ),∑
o∈O

θ(i,j)o = 1, ∀(i, j), i < j,

(2)

where w are the parameters of the operation function. Directly
optimizing θ with gradient descent will probably break the con-
straints. To maintain the constraints of θ during optimization,
we can substitute θ with θ = Softmax(α). So, we can optimize
α instead and will not break the constraints.

In this work, the operation set O contains common building
blocks of convolutional networks, such as convolutional layers
of different size, max pooling and average pooling. Besides,
there are two special operations, identity operation and zero
operation. The zero operation indicates that there is no connec-
tion between two node. As for the convolutional layers, a RELU
layer is inserted before each of them. Specifically, the operation
set contains 3×3, 5×5 and 7×7 normal convolutions, 3×3 and
5× 5 separable convolutions, 3× 3 and 5× 5 dilated separable
convolutions, 3×3 max pooling, 3×3 average pooling, identity,
and zero operations (11 in total).

The loss function is mean square relative error (MSRE):

L(w, θ) = 1

N

N∑
i=1

(1− f(x(i);w, θ)

y(i)
)2 , (3)

where N is the number of training data, f(·;w, θ) is the neural
network, x(i) indicates the i-th input data, and y(i) is the
label. This MSRE function includes the relative error, which
can attain same accuracy on capacitance of different orders of
magnitude. Once the NAS is completed, the architecture, i.e.
parameters θ, is fixed. Then, the model represented by w is
retained with the loss function (3) with fixed θ.

With some experiments of this NAS process, we find out that
the resulted structure does not have batch normalization (BN)
layer in most cells. It is different from that the original ResNet
or CNN-Cap. We further find out that, the training loss and the
validation loss have an inconsistent tendency during training
when using the BN, which usually harms the performance.
Therefore, we remove all BN layers and perform NAS again.
The resulted network model, named NAS-Cap, has the normal
cell and reduction cell shown in Fig. 2.
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Fig. 2. Architecture of a cell in NAS-Cap. (a) Normal cell. (b) Reduction cell.

III. EXPERIMENTAL RESULTS

We carry out the experiments with the dataset in [10] includ-
ing 8685 3-D interconnect structures from an SRAM design.
Each corresponds to a 5µm× 5µm window. Setting the metal-
layer combination (1, 2, 3) and different master conductors, it
further results in 13579 sample structures. We split them to a
training subset (90%) and a testing subset (10%).

We compare the performance of proposed NAS-Cap and
CNN-Cap [1], [10]. During the model training, the number
of epochs is 250, and cosine annealing strategy is applied to
learning rate. The prediction errors on coupling capacitance
are listed in Table I. We see that with the proposed NAS-Cap
model most of coupling capacitances have error within 10%,
and only for 1.7% of them the error is be larger than 10%. And,
the average error is just 2.5%. As for the total capactiance,
NAS-Cap performs with similar accuracy to CNN-Cap.

TABLE I
PREDICTION ERRORS ON COUPLING CAPACITANCE

Method Erravg Errmax Ratio (Err>10%)
CNN-Cap [1] 3.1% 44% 4.1%

NAS-Cap 2.5% 40% 1.7%
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