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ABSTRACT

Computing the electric potential and electric field is a critical step
for modeling and analysis of VLSI chips such as TDDB (Time de-
pendent dielectric breakdown) aging analysis. Data-driven deep

learning approach provides new perspectives for learning the physics-

law and representations of the physics dynamics from the data. In
this work, we propose a new data-driven learning based approach
for fast 2D analysis of electric potential and electric fields based
on DNNs (deep neural networks). Our work is based on the obser-
vation that the synthesized VLSI layout with multi interconnect
layers can be viewed as layered images. Image transformation tech-
niques via CNN (convolutional neural network) are adopted for the
analysis. Once trained, the model is applicable to any synthesized
layout of the same technology. Training and testing are done on a
dataset built from a synthesized CPU chip. Results show that the
proposed method is around 138x faster than the conventional nu-
merical methods based software COMSOL, while keeping 99% of
the accuracy on potential analysis, and 97% for TDDB aging anal-
ysis.
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1 INTRODUCTION

Electrostatics is an important subject of study as it is pivotal in
many VLSI modeling applications. The goal is to compute elec-
tric potentials and electric fields with some given voltage and cur-
rent sources (boundary conditions). In the back-end of VLSI chips,
strong electric field can induce failure of the dielectrics, which
is known as TDDB [7]. Simulation of this aging effect requires
electrostatics. Also, several methods of parasitic extraction involve
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electrostatics simulations in the chip layouts [1, 14]. Furthermore,
global placement is also proposed to be modeled as electrostatic
problem recently [6].

Traditionally, electrostatics is primarily solved by numerical meth-
ods, with spatial discretization of the governing equation. Such nu-
merical methods typically require a mesh of the complicated layout
or geometry, which can be computationally prohibitive for large
designs.

Recently, machine learning, especially deep learning has revo-
lutionized fields such as image, text, and speech recognition [5].
These fields require statistical approaches which can model nonlin-
ear dynamic functions very well. Deep learning has shown poten-
tial and promise in practice for such tasks. But using DNN to learn
the spatial and temporal dynamics in physics laws is a less explored
field. Some early works have been proposed recently [12, 13, 15]
to solve the partial differential equation based on supervised learn-
ing. However, the problems those methods solve are too small to
be practically significant.

Inspired by these observations, in this work, we propose a new
data-driven learning based approach for fast analysis of electric
potential and electric fields, based on which TDDB aging analysis
can also be done efficiently. Our new contributions are as follows:

e Our work is based on the observation that the synthesized
VLSI layout with multi interconnect layers can be viewed as
layered images. We adopt image transformation techniques
to solve electrostatics. Specifically, a CNN based neural net-
work is used. A method called layout partition is used to
reduce the size of to suitable for neural networks.

o There is no need to retrain the model for new input layouts.
Once trained, the model is applicable to any synthesized lay-
out of the same technology.

e Results on a few VLSI layout tile examples show that the
proposed method can deliver 138x speedup over the conven-
tional numerical method like FEM (finite element method),
while keeping 99% of the accuracy on electric potentials, and
97% for TDDB aging analysis.

This paper is organized as follows: Section 2 reviews some sim-
ilar work. Section 3 gives a brief introduction of electrostatics and
TDDB. Section 4 introduces in detail the way to encode the elec-
trostatics problem into layered images, architecture of the neural
network. Section 5 introduces the dataset used to train and test
the model and lists some experimental results to show the perfor-
mance in speed and accuracy. Finally, Section 6 concludes this pa-

per.

2 RELATED WORK

In convention, electrostatics problems are solved using discretiza-
tion methods such as FEM or finite difference method (FDM) [14].
Results from commercial tools based on FEM such as COMSOL
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are usually deemed golden. However, the speed of these methods
is limited.

Recently, deep learning is gaining a lot of attention and has been
explored in some practical simulation problems, mainly because of
its speed once the model is well trained. Tang et al. [12] proposed
to solve Poisson’s equation, specifically in the case of electrostatics,
using modern CNN-based model. The setup of the problem is sim-
ilar to this work, where the PDEs (partial differential equations)
remain unchanged (Poisson’s equation), and the input variables
are locations of excitation sources and distribution of permittivity
(a coefficient in the PDE). Error was reported as low as 3%. How-
ever, the problem size is relatively small (the grid size is 64x64
with no extension). The similar method was also used by Zhang et
al. [15], where charge distribution and boundary condition (volt-
age) are used as the inputs of the neural network. A regular grid is
used in all these works. Tompson et al. [13] try to deal with a more
complicated time-dependant fluid flow problem. Yet convolutional
network is used to speed up some steps in the overall simulation
instead of solving the whole problem on its own.

This work also aims to use CNN-based network to solve elec-
trostatics. The problem size is comparatively larger, and it can be
further expanded through the used method of layout partition.

3 PRELIMINARIES OF ELECTROSTATICS
AND TDDB

Electrostatics studies the distribution of electric potential and field
in cases where the charges are static, i.e., there is no electric cur-
rent. Electric potential is governed by the first equation of the
Maxwell’s equations, also known as Gauss’s law:
P
=— 1)
€
where u is electric potential, p is static charge density, and € is the
permittivity.
The equation usually comes with the following Dirichlet and
Neumann boundary conditions:
u=f(x), x €Ip,
Vu-ri=g(x), x €Ty,

Veu

@)

where I'p is the part of the boundary where Dirichlet (voltage)
boundary conditions are given, I'y is the part of the boundary
where Neumann (electric field or current) boundary conditions are
given, u is the unknown potential to be solved, f(x), and g(x) are
given voltage sources and electric field (or current sources) at the
boundaries.

In cases where static charge is absent, which this work focuses
on, (1) becomes Laplace equation:

Viu=0 (3

With the solution of u, distribution of electric field is usually
obtained by calculating the gradient as per its definition:

E=-Vu (4)

Solving for E under given voltage boundary conditions f(u) is
often of more interest for many practical problems. For example,
the integral of E is used to evaluate reliability effects. TDDB is a
reliability effect caused by high electric field over time. The time-
to-failure (TTF) of an interconnect wire induced by TDDB can be
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modeled through VE model, which is calculated as [9]:

TTF o 56]: exp (—y\/m)dl (5)

where y is a coefficient fitted from experiment data, and L is the
perimeter of the wire. By finding the wire with the minimum TTF,
the hotspot of the designed layout can be picked out for further
optimization.

Note that in this application concerning electric fields, it is suf-
ficient that only two voltages are involved: VDD and GND. In this
work, VDD is set to 1V for the ease of computation.

Further note that (5) assumes a simplification that the wires are
modeled in 2D. Although interconnects in fact have 3D structures,
they can still be analyzed in 2D by dropping the dimension of
height and analyzing layer by layer. This is possible because the
thickness of wires is relatively constant for a certain layer.

4 THE PROPOSED DATA-DRIVEN
ELECTROSTATIC ANALYSIS

In this section, we introduce the encoding scheme of the electro-
statics problem, along with the training and test data generation
process, and details of the neural network used.

4.1 Problem formulation

As introduced above, this work aims to solve the distribution of
electric potential and electric field in dielectrics in the VLSI back-
end-of-line. Typical VLSI designs have dimensions in the order of
hundreds of micrometers to millimeters. Interconnect wires that
are as wide as only nanometers form complex geometries in such
large area. This problem size poses the first challenge to feed this
problem into a neural network. A typical input image in modern
machine learning research [11] has a size of 224 pixels by 224 pix-
els, which is far coarser than the required complexity of VLSI back-
end-of-line.

This work uses the simplification called layout partition [9] to
solve this problem. The key idea is to partition one interconnect
layer into smaller tiles and analyze them separately. The logic is
that interconnect wires of the same layer are typically routed in
the same direction, either horizontal or vertical. Thus, the volt-
age applied on one wire can hardly affect the potential (or elec-
tric field) several channels away, as there can be other wires in be-
tween blocking the electric field. Results at the boundaries of tiles
would be inevitably inaccurate in many cases because of missing
information from neighboring tiles. To fix this problem, regions at
boundary can be solved in a new tile that places them in the center.
Fig. 1 shows the process of layout partitioning, where the partition
is labeled by brown dashed lines. The first three partitioned tiles
from the layout are shown in the three subfigures respectively. The
rightmost region from the first tile in (a) can be solved correctly
inside the second tile in (b), which solves the inaccuracy close to
boundaries. Through layout partition, electrostatics of one inter-
connect layer can be solved by separately solving small tiles and
merging the results eventually.

Another challenge is to encode the tiles so that it fits machine
learning. The chip layout is originally stored in gdsii format, in
which the shapes and positions of elements are stored in a binary
format. An easy approach is to convert it into images. In our prob-
lem, there are two sets of inputs, namely geometry information of
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Figure 1: The first three partitioned tiles. The layout is
cropped for demonstration purposes.

Layout GND channel VDD channel

1
1
1 1 1 11
I 111
1
I 1 1 1

Figure 2: Encoding a layout tile into image

the interconnect wires and the voltage boundary conditions. Note
that in the two targeted electrostatics applications introduced pre-
viously in Section 3, two voltages, VDD and GND, are sufficient for
the analysis. Also, the routine used in reliability analysis [9] that
VDD and GND are set alternately on wires is followed here. An im-
portant result is that every wire is set a voltage. Consequently, the
locations of VDD wires and GND wires are sufficient to describe
the problem, as the locations where voltages are set indicate the
existence of wires. Also, the lifetime analysis is done on a worst
case scenario. A simple value of 1V can be assumed for VDD as
more complicated cases involving duty cycles and other voltage
values can be simply scaled by adding coefficients [4]. The two sets
of boundary conditions (VDD and GND) are encoded in different
channels in the encoded image. For each pixel, the value of a chan-
nel is set to 1 if the corresponding voltage boundary condition is
set at this pixel, and 0 if not. The corresponding size of a pixel can
be set to the pitch size of the technology (60nm in this work), as
it is basically the unit length in the geometry. The results of elec-
tric potential distribution can also be displayed as images, using
the same method. This encoding is demonstrated with an example
shown in Fig. 2 and Fig. 3.

4.2 Structure of the neural network

The overall architecture of the neural network is shown in Fig. 4.
The hyper parameters are listed in the figure as well. Also, the out-
put tensor sizes of each layer are listed in square brackets. The
number of channels are listed last in the tensor sizes. The structure
is very similar to autoencoders [2] as well as U-Net [10]. It is com-
posed of a contracting network, called encoder, and an expansive
network, called decoder. Skip connections [3] are added between
the encoder and decoder layers that have same output size, shown
as dashed lines.

First, the encoded layout tiles are expanded to 256X256 pixels
sized square images by padding zeros on four sides. Then they are
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Figure 3: An example of encoded tile image of and its corre-
sponding solution of potential

sent into the first convolutional layer, composed of four convolu-
tion kernels with sizes of 3x3, 5X5, 7X7, 9x9 respectively. They
are used to capture features nearby, however in different distances.
The four feature maps are concatenated and sent to the next layer.
The following convolutional layers use single 5X5 convolutional
kernels. All convolutional layers are followed by max pooling layer
to down-sample the tensor. Through the encoder network, the im-
age is down-sampled to 1x1x512 vector, which can be seen as la-
tent features of the layout tile extracted by the encoder. Then, the
remaining part of the network, namely the decoder, reversely up-
samples the latent feature vector to the output image, which is the
solution of electric potential, or u.

Instead of traditional transposed convolutional layers, the de-
coder uses resize-convolution blocks [8] to up-sample the latent
vector, which helps avoid checkerboard artifacts in the final image
and thus increases the accuracy.

Overall, once trained, the network is expected to work like a
finite difference method based solver, which is able to output the
electric potential distribution from the given interconnect geome-
try and voltage. Since all layouts synthesized with the same tech-
nology have the same pitch size, they can all be analyzed efficiently
with the trained model. In other words, the model is universal as
it applies to any layout of this technology.

5 NUMERICAL RESULTS AND DISCUSSIONS

The aforementioned neural network has been implemented with
TensorFlow 2.0 and Python 3.7. All the following experiments are
run on a Linux server equipped with 2 Intel Xeon E5-2698v3 2.3GHz
processors and a Nvidia Titan X GPU.

5.1 Data preparation and training

This work is done with an example layout synthesized with a 32nm
educational technology. The size of the layout is 200mx200ym,
and the interconnect layers are partitioned into tiles of 12ymx12um.

Example tiles are extracted from two interconnect layers, specif-
ically M3 (Metal 3) and M4, as they have horizontal and vertical
routing directions respectively. In total about 12000 tiles are col-
lected as data samples for training and testing the model. COMSOL
(a commercial FEM tool) is used to simulate electrostatics on them
for distributions of electric potential and electric field.
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Figure 4: Structure of the used neural network

As tiles are highly overlapped with each other, we cannot just
randomly divide the dataset into training, validation and test set.
Otherwise, for any tile from the test set, it is highly possible that
there is another tile that is highly overlapped with it in another, say
training set, thus defying the test. To overcome this problem, the
dataset is divided by region. As shown in Fig. 5, the test set is com-
posed of the layout tiles that come from 0<y<36um, the validation
set is composed of those from 36ym<y<72um, and the training set
includes all the remaining tiles. Furthermore, tiles that cross the di-
viding horizontal lines y=36pym and y=72um are dropped from the
dataset to avoid the overlap problem between data sets. Overall,
18% of the tiles are used as validation set, another 18% are used as
test set, and the rest are training set.
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Figure 5: The split of the dataset from layout (M3 shown
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Figure 6: Training curves Figure 7: Distribution of
RMSE over the test set

In training, the root-mean-square error (RMSE) is used as the
loss function:

\/z,&il S e y) - uo(x,y)I?
RMSE = (6)
W xH

where u and g are output electric potential and golden result sim-
ulated with FEM respectively, W and H dimension are sizes of the
tile. Adam optimizer with the learning rate of 0.00001 is used. The
training runs for 350 epochs. Progress of training and validation
losses are shown in Fig. 6. There is no sign of over-fitting till the
end of training. This training process takes in total 12 hours.

The final model after 350 epochs of training are tested with the
test set. The RMSE of all test samples is illustrated as histogram in
Fig. 7. The average RMSE across the whole test set is 0.01, As the
range of potential is 0V to 1V in this problem, so the RMSE value is
equivalent to error in percentage, which means the average error
of the model is 1%. This is very close to the accuracy achieved in
training and validation. The maximum RMSE is 10.4%. Only 5 out
of all 1760 test samples have errors larger than 5%. It is worth not-
ing that these 5 samples turn out all to be extreme cases. The sam-
ple of largest RMSE is shown in Fig. 8. It can be seen that this is an
extreme case where wires only exist in corners, and it is the other
empty areas that contribute to the error. However, these empty
areas are actually not studied, as all electrostatic problems focus
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Figure 8: The test sample with the largest RMSE. The tile is
shown using the same color convention as in Fig. 3a

u (COMSOL)

on wires and their nearby dielectrics. Furthermore, these test sam-
ples of extreme cases would not appear in practical applications
if layout partition is used, because the related wires would already
have been solved in neighboring tiles that have these wires located
away from the tile boundaries and thus can achieve more accurate
results.

5.2 Results of electric potential analysis

To further demonstrate the potentials calculated using the trained
model, 4 samples, 2 from M3 and 2 from M4, have been randomly
picked from the test set. The calculated distributions of potential
are plotted and compared against COMSOL simulation results, in
Fig. 9. The tiles are also shown in the figure. The RMSE of these
samples are 0.011, 0.013, 0.008, and 0.007 respectively. It can be
seen that the electric potential calculated by the proposed method
matches the golden results very well for the given four example
samples.

5.3 Results of electric field analysis

With the solution of potential, electric field can be easily derived by
numerically calculating gradients depicted by equation (4). In prac-
tice, it is calculated through the gradient function from the numpy
library. The calculated results are plotted and compared with COM-
SOL results, shown in Fig. 10. The same 4 samples from test set
are used for comparison. The largest RMSE of the eight plots are
0.01276MV/cm, with the range being -0.0818 to 0.0825MV/cm, so
the error is equivalent to 7.8%. Although the overall distribution is
matched well as shown in the figure, it is obvious the results de-
rived using the proposed method appear noisier. Furthermore, it
can be seen that the values at corners of wires show some discrep-
ancies. The reason of this is mainly that the gradient at such posi-
tions is in fact singular in problems of Poisson’s equation. Thus, its
value is highly related to the mesh used. In spite of the mentioned
problems, the overall error, as mentioned, is within 8%.

5.4 Results of TDDB aging analysis

The derived solutions of electric field are used to analyze TDDB
aging using equation (5).

Two sample wires are chosen from each sample tile used in the
previous comparison, one set to VDD and one set to GND, and the
integral results on them are again compared to those from COM-
SOL. Table 1 lists these results. Note that they are direct integral
results so they are expected only to be proportional to the final ca-
pacitance values or lifetimes. The differences are calculated with
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Figure 9: Results of electric potential of sample tiles (left)
from COMSOL (middle) and the proposed method (right)
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Figure 10: Results of electric field of sample tiles from COM-
SOL and the proposed method. The unit of electric field is
MV [cm.
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Table 1: Integral results in capacitance and aging analysis
of sample wires, calculated using the proposed method and
COMSOL

COMSOL | Proposed | Diff
Linel | 3.486e-5 3.492e-5 | 0.19%
Line2 | 1.093e-4 1.162e-4 | 6.28%
Line3 | 5.864e-6 5.804e-6 | -1.03%
Line4 | 1.581e-5 1.543e-5 | -2.39%
Line5 | 1.058e-5 1.080e-5 | 2.11%
Line6 | 1.019e-5 1.008e-5 | -1.08%
Line7 | 1.221e-4 1.140e-4 | -6.71%
Line8 | 3.750e-5 3.725e-5 | -0.66%

COMSOL results treated as golden reference. The differences be-
tween results from the proposed method and from COMSOL are
are all within 6.71%, and the average of their absolute values are
2.57%, which is equivalent to 97.43% accuracy.

It is worth noting that COMSOL uses a finer mesh in the simula-
tion, which can help improve the accuracy of numerical integrals,
which is similar to the cause of discrepancy in electric fields them-
selves. Despite all the simplifications and comparatively larger er-
rors in electric field analysis results, the proposed method is still
able to achieve around 97% accuracy for the application of TDDB
aging analysis.

5.5 Simulation efficiency study

As the model is trained on synthesized layout tiles, the trained
model can be used to find the electric potential distribution for
any layout with the discussed method, as long as the layout is syn-
thesized with the same technology.

The runtime of the proposed method is tested with the batch
size set to 100, on average it takes 34ms to complete one infer-
ence, which means 34ms per simulation. In comparison, it takes
COMSOL 2 seconds to finish one simulation, which means the
proposed method achieves 58x speedup. Both times include data
pre-processing and moving to or from GPU, but do not include the
library set-up time.

Another major drawback of COMSOL is that the architecture
of this software is so well designed that the potential of paral-
lelism in multiple simulations is limited. Normally, one machine
can only run one COMSOL simulation at a time as it is already
multi-threaded. This parallelism is crucial for the applications dis-
cussed as the layout is partitioned into a lot of tiles so running sim-
ulations in parallel would be of great help. The proposed method,
on the other hand, can easily handle this level of parallelism by en-
coding simulation problems into batches. This can further increase
the advantage of the proposed method over COMSOL as all previ-
ous tests are done with batch size set to 1. Although it would take
about 2 seconds to load the Tensorflow libraries and the saved neu-
ral network, this time can be neglected or amortized if there is a
large number of problems to be solved, again because of the large
number of tiles generated from layout partition.

Following this idea, the batch size is set to 100 for our model
and the time to calculate electrostatics and TDDB lifetime for the
complete M3 shown in Fig. 5 is compared. It takes 175 seconds with

76

MLCAD 20, November 16-20, 2020, Virtual Event, Iceland

the proposed method. However, it takes COMSOL 6.7 hours. This
means 138x speed up. Although COMSOL supports larger tiles, it
takes longer to compute each tile and the total time would not
reduce significantly.

6 CONCLUSIONS

This work proposes a method to use machine learning, specifi-
cally a CNN based neural network to solve electrostatics problems.
The proposed method first encodes the electrostatic problem to
be solved into an image. Taking it as input, the neural network
then solves the problem through inference and outputs an image
of electric potential distribution. Training and testing are done on
a dataset from a synthesized CPU chip. Once trained, the model is
applicable to any synthesized layout of the same technology. Com-
pared to the conventional FEM based solver, the proposed method
achieves 138x speedup, while keeping 99% of the accuracy on po-
tential analysis, and 97% for TDDB aging analysis.
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