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Abstract—Electromigration (EM) becomes a major concern
for VLSI circuits as the technology advances in the nanometer
regime. With Korhonen equations, EM assessment for VLSI cir-
cuits remains challenged due to the increasing integrated density.
VLSI multisegment interconnect trees can be naturally viewed
as graphs. Based on this observation, we propose a new graph
convolution network (GCN) model, which is called EMGraph
considering both node and edge embedding features, to estimate
the transient EM stress of interconnect trees. Compared with
recently proposed generative adversarial network (GAN) based
stress image-generation method, EMGraph model can learn more
transferable knowledge to predict stress distributions on new
graphs without retraining via inductive learning. Trained on the
large dataset, the model shows less than 1.5% averaged error
compared to the ground truth results and is orders of magnitude
faster than both COMSOL and state-of-the-art method. It also
achieves smaller model size, 4x accuracy and 14 x speedup over
the GAN-based method.

Index Terms—Electromigration (EM), graph convolution net-
work (GCN), multisegment interconnect, hydrostatic stress as-
sessment

I. INTRODUCTION

Electromigration (EM) is still the primary reliability concern
for VLSI interconnect as the technology advances in the
nanometer regime. As predicted by International Technology
Roadmap for Semiconductors (ITRS), EM is projected to only
get worse in future technology nodes [1]. EM-related aging
and reliability will become worse for current Snm and below
technologies. As a result, it is crucial to ensure the reliability
of the very large scale integration (VLSI) chips during their
projected lifetimes.

It is well accepted that existing Black and Blech-based EM
models [2], [3] are overly conservative and can only work
for single wire segment [4], [5]. To mitigate those problems,
recently many physics-based EM models and simulation tech-
niques have been proposed [6]-[18]. These computational
techniques primarily focus on finding a solution of Korhonen
equations [19], which is the partial differential equations
(PDEs) describing the hydrostatic stress evolution in the con-
fined multi-segment interconnects subject to blocking materi-
als boundary conditions. A number of conventional numerical
and analytical methods are proposed to attempt to solve the
PDEs efficiently and accurately [15], [17], [20]-[22]. Although
the numerical methods, such as finite difference method [20],
[21] and finite element method [15], can work for the complex
interconnect structures and obtain EM stress accurately, they
impose high computational cost due to discretization of space
and time. Recently, semi-analytical method based on separa-
tion of variables method has been proposed [17], [22], which
show promising performance in both accuracy and efficiency
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on general multi-segment interconnect. However, solving the
Korhonen equation in particular and PDEs in general by
traditional numerical methods still remains a big challenge
due to the inherent limitation of those methods.

On the other hand, recent breakthrough from deep learning
for cognitive tasks based on deep neural networks (DNN)
bring new opportunities for solving the differential equations
for many applications in electric design automation (EDA)
field [23]. However, how to apply the deep learning techniques
to solve nonlinear partial differential equations still remains in
its infancy.

In this work, we propose to leverage graph neural networks
(GNN) to solve the Korhonen equations for multi-segment
interconnects for fast EM failure analysis. GNN can naturally
present multi-segment interconnects, which can be viewed as
graphs with node relationship presented by edges. GNN [24]
is a more general data representation and learning framework
for complex relationship beyond Euclidean space. Recently,
numerous GNN models have been developed for learning
various kinds of graph structures [25], [26] and in the EDA
areas [27]-[31]. Our new contributions are as follows:

e We apply GNN to perform transient EM stress on multi-
segment interconnect for the first time to the best of our
knowledge. A graph dataset on EM assessment is created
using COMSOL multiphysics. The input of the GNN
model is edge features, such as length, width, current
density, a graph structure and time. Its output is the stress
on the edges. Then, we can estimate the hydrostatic stress
in each segment wire at the given time.

e We design our own graph neural network (called EM-
Graph) to perform the node-edge regression task based
on the popular GraphSage network. Compared with GAN
based method, the proposed EMGraph model can learn
more transferable knowledge to predict stress distribu-
tions on new graphs without retraining via inductive
learning. We use EMGraph to predict EM stress on
large and unseen designs with good accuracy and fast
speed, which can not be achieved by recently proposed
EM-GAN method [32] because of its size-fixed image
limitation. In addition, the size of EMGraph model is
much smaller than that of EM-GAN model.

e A novel graph convolution-decoder structure is em-
ployed in EMGraph model. Our model first processes
the input graph using graph convolution. The resulting
graph embedding features are then fed into node and edge
decoders which convert latent features to stress outputs.

e Our evaluation results show that the EMGraph yields
1.5% averaged error compared to the ground truth results
and is orders of magnitude faster than both COMSOL and
state-of-the-art method. It also leads to better accuracy
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and 14x speedup over the EM-GAN method on several
interconnect trees benchmarks.

The paper is organized as follows: Section II reviews
the physics-based EM model and its assessment techniques.
Section III defines the input and output features, and graph
construction. Based on the popular GraphSage network, we
propose EMGraph in Section IV. Experimental results are
presented in Section V. Finally, section VI concludes this

paper.
II. REVIEW OF RELEVANT WORK

A. DNN based approaches for solving PDEs

In order to solve the PDE (1) accurately, numerical meth-
ods [15], [20], [21], such as finite difference and finite element
methods, are applied for EM assessment. However, it requires
huge computational cost and is not scalable for modern chips.
Therefore, an analytic based method, called separation of vari-
ables method, is employed to estimate the transient hydrostatic
stress with eigenvalues, which suffers from computing eigen-
values slowly and determining the number of eigenvalues [17],
[22].

Deep learning has revolutionized the machine learning fields
with breakthoughs in many cognitive applications such as
image, text, speech and graph recognition [23], [33]. inspired
by the observations, neural networks are modified to solve the
PDEs. There are several strategies to solving PDE by DNN
based methods. One approach is to frame the PDE solving pro-
cess into a nonlinear optimization process coded by DNN with
the loss functions to enforce the physics laws represented by
the PDE and boundary conditions. Recently proposed physics-
informed neural networks [34], [35] or physics-constrainted
neural networks [36], [37] methods represent this strategy.
But most of the reported works only solve very small PDE
with simple boundary conditions. Furthermore, it is unclear
that such methods can deliver sufficient accuracy without any
labels (unsupervised learning). On the other hand, the second
approach uses supervised learning to build DNN models based
on the measured or simulated label data. Recently a generative
adversarial networks (GAN) based method, called EM-GAN, is
proposed to perform a fast transient hydrostatic stress analysis
by solving Korhonen equations [32]. It can achieve an order
of magnitude speedup over the efficient analytic based EM
solver with good accuracy. However, this method only works
for a fixed region because its output is an fixed image, which
restricts its application in the real chips. What is more, the
image is not a natural tool to represent the multisegment
interconnects as the region with large areas are filled with
nothing.

To efficiently represent the multisegment interconnect struc-
ture, graph is more suitable to store the node and edge
information of the interconnect trees. Kipf and Welling intro-
duce a definition of convolution operation on a graph, which
aggregates information into the node from its neighborhood
nodes [25]. However, this method only does the task on a
fixed graph because the input needs an adjacency matrix rep-
resenting a graph. Once the graph is changed, the model needs
to be trained again. To mitigate this problem, GraphSAGE
network is proposed for inductive learning on graphs [26].
Unlike matrix factorization method proposed by Kipf and
Welling, GraphSAGE only learns the local node features by
aggregating the information from its neighborhood and can
predict the features at unseen nodes, which means the model
can predict the embedding features on new graphs without
retraining. Also several works leveraging GNN have been

proposed recently for solving various problems in EDA such as
analog circuit clustering [27], estimation of device parameters
in [28], chip power estimation in [38], 3D circuit partition-
ing [29], transistor sizing [30], analog IC placement [31].
Since GNN represents more general and natural relationship
among different design objectives, knowledges learned by
GNN models tend to be more transferable for different designs,
which is highly desirable.

B. Review of the EM and EM modeling

EM is a diffusion phenomenon of metal atoms migrating
from cathode to anode of confined metal interconnect wires
due to the momentum exchange between the conducting
electrons and metal atoms [2]. With the EM driving force, the
hydrostatic stress increases over time. When the stress reaches
a critical value, voids is nucleated at the cathode and hillock is
created at the anode of the interconnects. This eventually leads
to an open or short circuit, which is a EM-induced reliability
problem in modern VLSI circuits.

Black’s equation predicts EM-induced the time-to-failure
(TTF) based on an empirical or statistical data fitting, which
only works for one specific single wire [2]. Blech’s limit,
which is an immortality check method, can not estimate
transient hydrostatic stress and is subject to growing criticism
due to unnecessary overdesign [3]. To mitigate this problem,
the physics-based EM model, Korhonen equations [19], is
employed to describe the hydrostatic stress evolution for
general multi-segment interconnects.

The general multi-segment interconnect consists of n nodes,
including p interior junction nodes x, € {%,1,Zr2,  + , Tpp}
and ¢ block terminals =, € {wp1,%p2, - , T}, and sev-
eral branches. The physics-based Korhonen’s PDE for this
general structure in nucleation phase can be formulated as

follows [17], [22].
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where BC and IC are boundary and initial conditions respec-
tively, ij denotes a branch connected to nodes ¢ and j, n,
represents the unit inward normal direction of the interior
junction node r on branch ij. o(x,t) is the hydrostatic stress,
G = % is the EM driving force, and k = D,BQ/kgT is the
diffusivity of stress. E is the electric field, ¢x* is the effective
charge. D, = Dy exp(;B—%i) is the effective atomic diffusion
coefficient. Dy is the pre-exponential factor, B is the effective
bulk elasticity modulus, € is the atomic lattice volume, kg is
the Boltzmann’s constant, 7" is the absolute temperature, F,
is the EM activation energy. o is the initial thermal-induced
residual stress.

r=x

BCII{Z‘J‘( +Gij)=0,t>0

III. PROBLEM FORMULATION

This work aims to predict the transient hydrostatic stress
over time on the general multisegment interconnect using
GCN. The current densities for each branch can be calculated
by IR drop solver, such as SPICE circuit simulator. Aside
from current density, the width and length of each branch
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also impact the EM stress. Thus, the input features include
current density, width, length and time. The output feature is
the hydrostatic stress. Table I lists all inputs and output of
GCN model.

TABLE I
INPUT AND OUTPUT FOR GCN MODEL
[ Features T Type ] Definition

J edge current density (A/m?)
. L edge length (um)
Input W edge width (pm)

4 edge/node time (S)
output o edge/node stress (Pa)

The general multi-segment interconnect can be naturally
viewed as a graph, as shown in Fig. 1. Fig. 1(a) shows
an interconnect tree extracted from a real power delivery
network (PDN) where the current has direction. Each junc-
tion and branch can be represented by node and edge in a
graph, respectively. To describe the direction of current, a
directed graph is employed to represent the tree structure,
as shown in Fig. 1(b). Then, the embedding features can be
mapped into nodes and edges. Therefore, we can obtain a
directed graph G = (V,E) which consists of a node set
V and a directed edge set E. The node embedding feature
of input is time (x, = [t],v € V). The edge embedding
features of input are current density, length, width and time
Xpu = [J,L,W, 1], (v,u) € E), in which J is positive is
current flows from v to v and vice versa. The node embedding
feature of output is stress (z, = [o],v € V) at node v. The
edge embedding features of output are stress at five sampling
points (z,, = [01,09,03,04,05|T,(v,u) € E), as shown
in Fig. 1(b). Based on the embedding features of input and
output, the graph learning task is node-edge regression.

Fig. 1. (a) Schematic and (b) directed graph of a multi-segment interconnect.

To obtain the training set, we implemented an interconnect
tree generation algorithm which randomly generates branches
with various width, length and current densities in a fixed area
of 256x256 pm?. The resulting dataset contains 2500 unique
designs and the number of branches range from 5 to 110. To
obtain the ground truth stress results, the designs are simulated
in a finite element based commercial software COMSOL, and
for each design, 10 results at 1st to 10th discrete aging years
are produced.

IV. EMGRAPH: EM GRAPH NEURAL NETWORK

In this section, we focus on developing a GCN model which
takes node and edge features as input and output as described
in Section III. However, there is no GNN model for node-
edge regression task. Therefore, we proposed our own GCN
model, which is called EMGraph, for EM stress assessment.
The primary challenges are as follows: first, the stress ranges
from —2 x 10° to 2 x 10?Pa. It is difficult for a neural network
to predict the entire range which spans 10 orders of magnitude;
Second, edge is directed and the output has both node and edge
features. The GCN model should be complicated enough to
deal with this graph; Third, the accuracy of stress should be
high. However, the regression using GCN has low accuracy.

A. Data rescaling

It is commonly accepted that values around zero are nu-
merically more stable for neural networks. Thus, we rescale
all input and output features to -1 to 1 using min-max
normalization method. However, Considering the large range
of the output stress values (4 x 107Pa), such normalization
squeezes values with less orders of magnitude into a small
range around zero. This may lead to more accurate predictions
at large stress points but impact the accuracy at the smaller
ones as they may be considered noises by the model. This
concern is verified by our experiment results in Sec. V-A.
However, such configuration is actually in favor of our goal
since the large stress points are the ones that may lead to
reliability issues and require higher accuracy, while the smaller
ones are less important and can be ignored. This is further
justified as hydrostatic stress typically will exceed the critical
stress before void is nucleated [39].

B. Graph convolution network

@s, = +1
hi [T} =
On: b
h ' hiCT [T
°~  hi, i 1
L hi[T]
hi; (1} hi3 % hil[ T}
» h 1
hllvz hj : hé,z hi1+21
h hit,
hlzg hll'3 hllf1
4,1 4,1
e W i

(@) ()

Fig. 2. (a) One node and four neighborhood nodes. Both nodes and edges are
embedded with features. Each edge has the direction. (b) One hidden layer
node-edge embedding update of EMGraph. The convolution operation is to
aggregate the information of its neighborhood nodes and connected edges into
one node. In the meantime, a convolution also aggregates the information of
two end nodes into one edge.

We propose an EMGraph architecture based on the Graph-
SAGE network [26] since the GraphSAGE only works for
the node classification task. The input layer of EMGraph is
represented by

0 0
h, =x, and hu,u = Xyu

(@)
where h and h) , are node and edge hidden embedding
features of the Oth layer, respectively. The [th hidden layer

of EMGraph is given by

hi = ReLU(b} + Wi(hi|| Y avu(bihl,)) 3)
uEN (v)
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hit) = ReLU(b; + Wy (hy [y, | b, ,)) )
where ReLU(-) is an activation function, a,, is a known
parameter representing the direction of edge, N (v) is the set
of neighborhood nodes of the node v, || denotes concatenation,

h! and h! , are node and edge hidden embedding features of

v,u
the [th layer W! and b' are learnable weights and biases,
respectively. Fig. 2 gives an example of one hidden layer
node-edge embedding update for EMGraph. The edge features
can impact the node features. In turn, the node features can
also influence the edge features. The convolution of EMGraph
consists of two parts: one is to aggregate the information of its
neighborhood nodes and connected edges into one node and
another is to aggregate the information of two end nodes into
one edge. Concatenation is similar to the “skip connections”
in different layers and is also employed to consider both node
and edge features. Therefore, EMGraph can do the node-edge
regression task. To represent directed edge, we introduce a
parameter a, ,, which is 1 for the inward direction and —1
for the outward direction at the node, as shown in Fig. 2. The
output layer of EMGraph is expressed as

z, =b{ + WH(B]|| > a,u(hi|h],) )
uwEN (v)

C. Node and edge decoder

Edge Embedding.~
Vector .~ z
-~ Multilayer v
Perceptron

Fig. 3. Framework of EMGraph with Multilayer perceptron network.

Node Embedding .
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I z
" Multilayer v
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To improve the modeling capacity of the EMGraph, we
feed node and edge features of the output in Section IV-B
to node and edge decoders which are two separate multilayer
perceptron (MLP) networks, as shown in Fig. 3. The GCN
model, which is the first part of EMGraph, is only responsible
for graph embedding which converts the input graph into
latent edge and node features. These features are trained to
extract and contain important neighboring information for
stress prediction which are then utilized by node and edge
decoders to infer the stress values on each branch.

We propose such architecture basing on the observation that
after certain point, increasing the number of hidden units and
hidden layers in GCN model does not help much on improving
the output stress accuracy. Due to the small size of GCN,
modeling capacity needs to be increased to further improve
the accuracy. Therefore, we employ another way to increase
number of learnable parameters by combining GCN and MLP
network. MLP network can further process the information as
it learns node and edge features separately.

V. EXPERIMENTAL RESULTS

In this section, we demonstrate the accuracy and speed of
EMGraph models on our randomly generated dataset consist-
ing of 2500 circuit designs. The dataset is randomly split into
training set with 2125 samples and test set with 375 samples.

The EMGraph model is implemented in Deep Graph Library
(DGL) [40], which is developed for deep learning on graph
and built on PyTorch. For the GCN part, we employed 5
layers with number of hidden features set to 8, 16, 32, 64 and
128 respectively. For the node and edge decoders, the fully
connected layers are set to [128, 256, 1024, 256, 64, 1] and
[128, 256, 1024, 256, 64, 5] separately. The model is trained
and tested on a Linux server with 2 Xeon E5-2699v4 2.2 GHz
processors and Nvidia Titan RTX GPU. The training batch size
is set to 32 and the learning rate of the Adam optimizer is set
to 10~*. The cross validation technique is employed and the
model was trained for 80 epochs in 2 hours.

A. Accuracy of EM Stress Prediction

Fig. 4(a) and Fig. 4(b) shows the predicted stresses vs
ground truth of all 223380 nodes and 1114350 edges in the test
set. The results are obtained using trained EMGraph to predict
EM-induced stresses on all 375 test cases which were never
seen by the model during the training process. For each case,
10 predictions for the 1st to 10th aging year are conducted.
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Fig. 4. EMGraph prediction vs ground truth on all testing cases for (a) nodes
and (b) edges.

As is shown in Fig. 4, the stress values vary in a large
numerical range from —2 x 10? to 2 x 10° Pa. For both nodes
and edges, there are more outliers in the range around zero
while the results tend to be more accurate at both ends of
the full range. This is acceptable and indeed what we desired
since the large stresses are the ones that may lead to reliability
issues and require higher accuracy.

For better illustration and comparison, we convert all pre-
diction results into stress maps in which stress values are
filled into the interconnects topology and shown in colors. The
root-mean-square error (RMSE) between the predicted stress
map and its ground truth is employed to evaluate the result
accuracy.

EMGraph yields RMSE from 1.6 x 107 to 1.8 x 10® Pa on
the test set and achieves an averaged RMSE of 6 x 107 Pa
which translates to 1.5% error rate considering the full stress
value range of 4 x 10° Pa.

Fig. 5 shows the stress maps of both the best and the worst
cases (in terms of averaged RMSE) predicted by EMGraph.
The results of EM-GAN [32] and ground truth obtained from
COMSOL are also shown in parallel for comparison. As the
EM-induced stress is a time varying process, for each case,
we show the results at the 1st, 5th and the 10th aging year for
a better illustration of the stress evolution.

As shown in Fig. 5, EMGraph yields much better accuracy
in both cases (7x better in the best case and 2.5x better in
the worst case). Although the RMSE of the worst case is 11x
larger than that of the best case, the predicted stress map for
the worst case is still quite accurate and closer to the ground
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Fig. 5. Comparison of the predicted stress maps obtained by EMGraph and
EM-GAN on (a) best case and (b) worst case.

truth than the result of EM-GAN. Compared with EM-GAN,
EMGraph yields much better accuracy in both cases (7 x better
in the best case and 2.5x better in the worst case). More
statistics on the comparison between EM-GAN and EMGraph
are listed in Table II.

B. Speed of Inference

The training process of the EMGraph costs 2 hours and
the trained model consists of a 441KB GNN, a 2252KB edge
decoder and a 2251KB node decoder. The lightweight model
together with the highly parallelizable nature of the graph
input makes EMGraph have the potential to yield fast inference
speed. In what follows, we compare the speed performance of
EMGraph, EM-GAN and also the state-of-the-art work [17],
which is a separation-of-variables based analytical method.

As is shown in Table II, the average inference speed of
EMGraph for each case is only 0.27ms which is 14x and
265x faster than the 3.8ms and 71.7ms inference speeds
yielded by EM-GAN and work [17]. These statistics are
obtained by running three methods on all test cases and
taking the average of the time cost for each case. Although
work [17] yields higher accuracy, EMGraph achieves 2 orders
of magnitude speedup while still rendering comparable results
accuracy. Moreover, as EMGraph is treating each graph input

TABLE II

ACCURACY AND SPEED COMPARISON

Metrics EMGraph EM-GAN State-of-the-art
Max RMSE | 1.8 x 10° Pa | 5.2 x 10° Pa
Min RMSE | 1.6 x 107 Pa | 1.2 x 10° Pa Close to
Mean RMSE | 6 x 107 Pa | 2.6 x 10% Pa | ground truth
Mean 1.5% 6.6%
Error Rate D70 070
I“g;reee‘zfe 0.27ms 3.8ms 71.7ms

as individual nodes and edges which can be processed in
parallel, it has the potential to achieve even more significant
speedups on large designs.

C. Scalability on large unseen designs

In this section we further test the scalability of the trained
EMGraph model on 13 large designs which are randomly gen-
erated without any limitations on their dimensions. Although
we trained EMGraph on the dataset with fixed size of 256x256
,qu, we note that EMGraph is not limited to a certain size,
contrasting with EM-GAN which is only applicable to the
size it was trained on. We fix the size of the dataset in this
work just to make a fair apple-to-apple comparison between
two models. The scalability of EM-GAN is limited due to
its image processing-based nature and the cost of its forward
propagation becomes exponentially large as the input size
increases, which is not the case for EMGraph. The inference
cost of EMGraph is linearly dependent on the number of
branches in its input graph and such calculations are highly
suitable for parallelization which further boosts its scalability
to large designs.

Fig. 6 shows the stress map predicted by EMGraph for
the largest design with 401 branches at the 10th aging year.
EMGraph maintains its high accuracy on the large designs
and achieves an averaged RMSE of 1.1 x 10® Pa across all
13 large designs with a 8 x 107 Pa minimum and 1.6 x 108
Pa maximum. The number of branches in these large designs
ranges from 113 to 401 which are much larger than the cases
in previous test set. We only compare the results with ground
truth here as EM-GAN is not applicable to such large designs.

EMGraph Ground Truth

1le9

Fig. 6.
branches.

EMGraph prediction vs ground truth on large design with 401

Although the accuracy on large cases slightly degenerates
compared to the previous test set, considering these are much
more complicated designs and were never seen by the model
before, such accuracy is still acceptable. We also recorded the
time cost of EMGraph and the average inference speed for
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each case is only 0.32ms which is still at the same level as it
yields on the smaller cases thanks to the parallel nature of the
nodes and edges in the input graph.

VI. CONCLUSION

In this paper, we propose a new graph neural network
model, which is called EMGraph, fast prediction of the
transient EM stress of the general multisegment interconnect
in VLSI systems. EMGraph performs the node-edge regression
task to predict the stress at the wire segment (edge). Compared
with GAN based image method, the proposed EMGraph
model can learn more transferable knowledge to predict stress
distributions on new graphs without retraining via inductive
learning. Experimental results show the model has smaller
size, better accuracy and faster speed over the recently pro-
posed learning-based method, EM-GAN method, on several
interconnect trees benchmarks. Therefore, EMGraph is very
powerful and suitable for the transient EM stress assessment.
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