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Abstract—As technology advances, the temperature gradient
in the interconnects becomes more significant, which causes
serious thermomigration. Simulating the coupling effects of
thermomigration (TM) and electromigration (EM) on large-scale
circuits is very time-consuming caused by a substantial increase
in computational complexity. Recently, some researchers utilized
graph learning-based methods to predict EM stress in medium-
scale cases. Unfortunately, these works overlooked the effects of
TM. To predict the EM-TM stress of large-scale interconnects
accurately and efficiently, we propose a framework based on
Graph Attention Networks (GATSs) with a customized alternating
aggregation method for collecting information in junctions and
branches of interconnects jointly. The experimental results show
that our work achieves an average relative error of less than
1% compared to the commercial software COMSOL for inter-
connects consisting of fewer than 200 segments. Furthermore,
our method also achieves 9037x speedup in predicting the
OpenROAD test circuit with a maximum segment number
reaching 10807.

Index Terms—Electromigration, thermomigration, graph at-
tention networks, multi-segment interconnect.

I. INTRODUCTION

The rapid evolution of the integrated circuit industry has
propelled the adoption of advanced technologies, resulting in
the realization of high-density packaging solutions. It makes
the electromigration (EM) and thermomigration(TM) effects
of metal wires more serious. As predicted by the International
Technology Roadmap for Semiconductors, EM-TM-induced
reliability problems become a significant design constraint in
future technology nodes [1]. Therefore, the development of
more accurate and efficient EM-TM sign-off and validation
processes is important.

In traditional design flow, Black and Blech’s model is
usually used to quickly predict EM stress and can only deal
with a single wire segment [2]. However, this conservative
worst-case design model results in severe over-design and 2X-
3X enlarged guardbands, which significantly increases buffer
size, powers, and chip costs [3]. To address the traditional
limitations of EM models, the Korhonen equation, a partial
differential equation approach, has gained widespread use in
simulating the evolution of hydrostatic stress in multi-segment
interconnects. Various numerical and analytical approaches
have been proposed to efficiently and accurately solve partial
differential equations in complex multi-segment interconnects
[4]-[10]. Some numerical methods, such as integral transfor-
mation [4], accelerated separation of variables [5], and Krylov
subspace method [6] exhibit strong performance in simulating
EM stress of complex interconnect structures. Recently, some
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Fig. 1 (a) shows the principle of stress on power grid multi-
segment interconnects; (b) shows the comparison of the effects
on stress considering only the EM effect and considering the
EM-TM coupling effect.

analytical [7] and semi-analytical methods [8], [9] can help
alleviate the computational costs of large-scale EM simula-
tions. A semi-analytic approach [10] introduced thermomi-
gration (TM) into EM simulations. However, this method
has not yet demonstrated satisfactory simulation performance
on large-scale interconnect structures. Since semi-analytical
and numerical methods have significantly extended solution
times when applied to large-scale interconnect structures,
it is imperative to explore accurate and efficient EM-TM
prediction models.

In recent years, with the rapid development of machine
learning, deep learning is increasingly being applied to solving
problems of Electronic Design Automation [11]. Some deep
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learning-based methods have also begun to be applied to
accelerate EM prediction, focusing primarily on discovering
efficient alternatives for solving partial differential equations
[12]-[15]. Almost none considered the influence of the tem-
perature gradient-induced TM problem. Traditional methods
require significantly more time to solve EM-TM coupling
problems compared to addressing EM problems alone. How-
ever, current machine-learning methods cannot model temper-
ature gradients accurately in interconnects to help consider
TM problem. Therefore, it is necessary to explore a learning-
based method to predict EM-TM coupling stress in a fast and
accurate way.

In this paper, we propose an accurate and efficient method
to predict the evolution of transient hydrostatic stress. Our
method considers both EM and TM for multi-segment in-
terconnects using graph attention networks (GAT). GAT
naturally captures the relationships between junctions and
branches in multi-segment interconnects, which can be rep-
resented as graphs with edges. The key contributions of our
proposed method are as follows:

e To our knowledge, we are the first to use a graph
learning-based approach to predict stress caused by the
combination of electromigration and thermomigration in
large-scale interconnects.

o« We implement a prediction model using an enhanced
GAT. This model utilizes alternating aggregation of
junction and branch information, leading to a significant
improvement in the speed of EM-TM stress prediction
for the interconnection segment as a whole.

e Our method shows impressive efficiency in predicting
power network stresses from OpenROAD test circuits,
with the maximum test size reaching 10,807 segments. It
achieves a speed advantage of three orders of magnitude
over commercial software, while still maintaining a high
level of prediction accuracy.

II. PRELIMINARIES
A. Review of Transient EM and TM Analysis

EM is a diffusion phenomenon of metal atoms that migrate
from the cathode to the anode of metal interconnect wires
due to momentum exchange between conductor electrons
and meta atoms [2]. This momentum exchange is mainly
determined by the two opposing forces [1], as is shown in
Fig. 1(a).

However, new technology leads to higher power densi-
ties, increased Joule heating, and greater thermal resistance.
Consequently, chip temperatures and temperature gradients
are also on the rise [16]. The introduction of a temperature
gradient alters the state of atomic motion. It brings a notably
distinct stress distribution within the multi-segment intercon-
nects when compared to only considering electromagnetic
effects, as shown in Fig. 1(b). Commercial EM-TM simu-
lation software COMSOL predicts the hydrostatic stress in
each segment by solving Korhonen’s PDE [17]. This classic
diffusion PDE expresses the evolution of stress o (x,t), where
x is the location along the wire and ¢ is the time. The EM-TM

equation is shown in Equation (1):

do 0 Jdo
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where k(z) = e

is the diffusivity of stress with

D, = DoeT% being the effective diffusion coefficient of
metal atoms. It is evident from the equation that compared
to the PDE equation solely addressing EM problems, the
equations for EM and TM coupling problems necessitate the
inclusion of an additional term %%- When employing tra-
ditional methods, the temperature term significantly escalates
the overall solution’s complexity, especially when simulating
stress in large-scale multi-segment interconnects. This process
is indeed much more time-consuming than a simulation that

only considers the effects of electromigration (EM).
B. EM and TM Prediction Using Machine Learning

While some numerical and analytical methods demonstrate
effectiveness in EM analysis, they face limitations in memory
and speed when performing large-scale circuit simulations [6],
[8], [9], [18]. Recently, due to the rapid advancements in
machine learning technology, ML-based techniques for solv-
ing PDE equations have found extensive application in fast
EM stress analysis. A generative adversarial network (GAN)-
based method, called EM-GAN, was initially employed to
predict EM stress by treating multi-segment interconnect
structures as images [13].

However, due to the fixed-size input and output constraints,
this method struggles to accurate EM predictions in multi-
segment interconnections of varying sizes. Subsequently, an
EM prediction method based on a graph convolutional net-
work (GCN), called EMGraph [14], is introduced to address
the issues present in EM-GAN. This ML-based model has
less memory consumption and faster prediction speed than
GAN-based methods, and prediction accuracy is also greatly
improved. Although this method effectively accelerates the
prediction of EM, it does not factor in the influence of
thermomigration on hydrostatic stress.

Hydrostatic stress in interconnects undergoes significant
changes when thermomigration is considered. Thermomigra-
tion is mainly caused by temperature gradients, where longer
branches and junctions connected to more branches generate
larger temperature gradients. As shown in Fig. 1(a), the type
of junction is one of the crucial influencing factors. Internal
junctions are influenced by branches in multiple directions,
while boundary junctions connected to standard cells have
limitations in temperature changes and atomic diffusion due
to differences in media. For branches, it is important to
pay attention to the discrete temperature distribution values
and the type of branches. Horizontal branches are influenced
by internal junction nodes at both ends, leading to more
complex changes. Vertical branches are typically connected
to boundary junctions at one end, resulting in more limited
variations in their states. The stress result at the junction is
influenced by the combined effects of its connected branches,
whereas the stress result of a branch is influenced by the
junctions at both ends. Thus, it becomes essential to choose
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Fig. 2 Overall flow of a fast and accurate EM prediction
method

the appropriate features of different junctions and branches,
and to accurately model them in machine learning methods.

C. Problem Formulation

Taking into account the impact of both EM and TM fac-
tors, simulating hydrostatic stress in large-scale multi-segment
interconnects is limited by runtime cost and memory usage.

To replace the traditional process of solving PDE equations,
we can employ alternative models based on graph attention
networks. In the context of multi-segment interconnects the
general structure can be depicted as a combination of junc-
tions and branches shown in Fig. 1(a). This representation
enables us to transform it into a graph, denoted G = (V, E),
consisting of a set of nodes V' (junctions) and a set of directed
edges E (branches). The primary challenge in this problem is
to devise suitable attention aggregation methods that simul-
taneously account for both node and edge predictions. This
facilitates accurate and efficient EM-TM stress prediction for
large-scale multi-segment interconnects like power grids.

III. PROPOSED MODELS

In this section, we focus on the development of an improved
Graph Attention Network (GAT) model, incorporating node
and edge embedding, to predict the EM-TM stress across the
entire multi-segment interconnects. We illustrate the pivotal
role of our model in EM-TM stress simulations and offer
an in-depth analysis of the overall process. A more detailed
illustration of our work is shown below.

A. Overall Flow

This paper introduces a fast and accurate framework to pre-
dict EM-TM stress in multi-segment interconnects based on
customized GATSs. The general flow is shown in Fig. 2. First,
we obtain the message about the multi-segment interconnect

TABLE I Node and edge features used in the prediction
model.

[ Type [ Features | Definition |

T~ Temperature(K)
Node | ¢ Simulation time (s)
Cn Node types including boundary nodes and internal nodes
J Current density (A/m?)
Tg Discrete temperature distribution(K)
L Length (pm)
Edge |y Width (jum)
t Simulation time (s)
Cg Edge types including horizontal edges and vertical edges

structure (W, L) and use the SPICE simulator to compute
the current density J for each wire segment. Meanwhile,
we simulate the temperature distribution T'(z) resulting from
Joule heating as a part of the original input.

The conventional approach uses the commercial software
COMSOL to simulate the aforementioned parameters and
structure, resulting in a series of time-varying EM-TM stress
distribution outcomes. This procedure requires the solution of
numerous partial differential equations (PDEs). In practice,
employing this traditional method for simulating long-term
stresses in large-scale multi-segment interconnects is both
time-consuming and resource-intensive.

Our work focuses on substituting the PDE-solving phase
of COMSOL with the initial input features. We encapsulate
the simulation’s structure and parameters as a graph, taking
into account feature aggregation for both nodes and edges
based on GATs Subsequently, we achieve fast EM-TM stress
prediction based on these aggregated features. In this model,
stress values simulated using COMSOL serve as the gold
standard for network labels, ensuring accurate and reliable
predictions.

B. Graph Feature Definition

Before engaging in specific data processing and graph
neural network embedding, we define significant node features
and edge features for each branch as shown in TABLE I. In
general, we consider three primary node features: temperature
Tn, simulation time ¢, and node type C'n. Additionally, we
include six types of edge features, encompassing current
density J, discrete temperature distribution 7T, length L,
width W, simulation time ¢, and edge type C'r. The selection
of these features is based on circuit knowledge and parameter
comparison experiments, including critical parameters desig-
nated for utilization in COMSOL simulation. Labels are the
stress values o(comsory Of nodes and edges computed using
COMSOL software, which is known as the gold standard.

We utilize a directed graph, denoted G = (V,E), to
represent the interconnect structure while taking into account
the direction of the current flow. In this representation, V'
represents a set of nodes N, and E represents a set of
edges N.. The node embedding feature of input can be
represented as V : {v; = (TI(VZ),t(i), C](\;))|i € N,}. The edge
embedding feature of input can be represented as E : {e(; ;) =
(J@D) 7D LD W) i) @I ) € N,}. The
output of the node prediction and edge prediction can be
denoted as 0-1‘)/;6 and afre, respectively. The output feature for
nodes consists solely of the stress value at that point, whereas
for edges, it encompasses the stress values of four equidistant
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Fig. 3 The training architecture of the EM-TM stress prediction model, including feature extraction, node and edge aggregation,

and the liner decoding step.

sampling points.
C. Data Preparation and Preprocessing

To construct a robust dataset of circuit structure samples,
we leveraged OpenRoad to simulate some example circuits,
and then extract genuine interconnection structures and feature
ranges. Subsequently, we employed a random generation
method to create 3,000 distinct structures within the specified
feature ranges, with the number of branches fewer than 200.

The labels correspond to transient stress values computed
using the commercial software COMSOL, spanning a time
range of 10% to 10% seconds. We divided the entire dataset,
allocating 80% as the training set and the remaining 20% as
the validation set. Furthermore, we gathered comprehensive
power network information from several example circuits
provided by OpenRoad to predict large-scale network stress.

Due to the considerable variation in magnitude and range
among the features of both nodes and edges, the normalization
operation is the most important. We employ the Min-Max
normalization method shown as Equation (2) to scale both
the input features and the output labels in the (0,1).

g = LT Tmin_ ()

Tmazxr — Tmin
Since the output label affects error calculation, if it becomes
zero after normalization, it can cause infinite mean squared

error (MSE). To fix this, we convert zero values in our labels
to a minimum of 107°.

D. Model Training Based on Improved GAT.

We have introduced a rapid EM-TM stress prediction
model based on the graph attention network (GAT), which
incorporates the alternating aggregation of edges and nodes.
This approach is advantageous since traditional GAT methods
are designed primarily for node classification tasks [19].
Fig. 3 illustrates the training flow of the EM-TM stress
prediction model, encompassing feature extraction, node and
edge aggregation, and the liner decoding step.

Firstly, we construct feature matrices for nodes and edges,
as well as a connectivity matrix, using the pre-processed data
mentioned earlier. Then the node attention aggregator in [-th
layer accepts the transformed node and edge representations
generated through the liner transformer as inputs, {v!,Vi €
N,} and {el(m),V(i,j) € N.}, and produces aggregated
node representations {v!,Vi € N,}. For node updates, we
execute a convolution operation to aggregate information from
a node’s neighboring nodes and connected edge data. The

!

node attention coefficients «;; indicate the importance of

neighborhood information to the target node.
ol exp (LeakyReLU ((a!) " [vl]|v}|lel;]))

CA > ken, XD (LeakyReLU ((a!)T [v!||v|l€l,]))

3)



where ¢ is the target node and the j is its neighbor belongs
to neighborhood set N;. || is the concatenation operation,
and .7 represents transposition. e;; and e;, represent the
edges that connect node 4,5 or ¢,k . The node attention
coefficient is parametrized by a weight vector a'! € R2%X vHKp
and applies LeakyReLU nonlinearity (with a negative input
slope of 0.2). All node attention coefficients of node ¢ are
normalized with the function softmax. Once obtained, the
normalized attention coefficients o/ij are used to compute
a linear combination of the features corresponding to them
as the final output features for each node (after potentially

applying a nonlinearity, o):

vﬁ“ =0 Z aéj'vév , VieN, @
JEN;

Then for edge updates, we introduce an attention aggregator
to collect information from neighboring nodes and edges and
form new edge features. The two-end nodes and the adjacent
edges of each edge in the original graph will become their
new neighboring nodes. We integrate the node features of the
input {v},¥i € N,} and the edge features {ef, .V(i,j) €
N.} into a new set of features { fll,,Vp € N'}. Unlike the
node attention module, the edge-attention module produces
aggregated features based on edge attention coefficients [3.

L exp (LeakyReLU ()" [£LI1£1])) 5)
pa > ken: €XP (LeakyReLU ((6)T [£LII£1]))

where bl € R2(Ev+KE) We can get the aggregated represen-
tation ft1:

fiftt=a | Y BLfL|, WpeN. (6)
qeEN,
Then the updated edge features el(;r;) can be selected from
fit where p — (i, §),V(i, j) € Ne.

After multi-layer alternating attention aggregation of nodes
and edges, we obtain the final node embeddings denoted as
VL . {v;,;i € N,} and the final edge embeddings denoted
as E* : {e(; ;) (i,j) € Nec}. These embeddings are then
passed to a decoder to generate stress prediction results. The
decoder consists of multiple linear transformation layers, and
each layer can be expressed as:

R+ — U(W(l"rl)h(l) + b(l+1)) (7

where A and hU*1) represent the input and output re-
spectively. WU+1) represents the weight matrix and b+
represents the bias.

E. Prediction of Node and Edge EM-TM Stress

Following feature extraction, attention aggregation, and
decoding through linear transformation layers, we obtain the
predicted stress values for node C’;‘)/re and edge af,.e. To
iteratively optimize network parameters, we utilize the mean
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Fig. 4 (a) shows the stress prediction error rates at various
locations within an interconnect structure comprising 130
segments at ¢t = 10%s ;(b) shows the error rates at ¢ = 10%s.

TABLE II Performance comparison between our method and
others.

Mean Error Rate(%)
GCN [20] | EGNN [21] \ EMgraph [14] \ Proposed

Number of
the segments

n < 20 12.7% 4.2% 1.5% 0.8%
5%

20 < n < 100 16.2% 6.3% 0.9%

100 < n < 200 19.3% 7.8% — 0.9%

square error(MSE) of node and edge stress prediction results
as the loss function:

1
L§:ﬁ Z(JXpre_an)2

iEN,
1 E E 2 (8)
Le=— > (05 pre— )
(,5)€Ne
L= Lg + Le

IV. EXPERIMENTAL RESULTS

We have implemented the model using PyTorch and con-
structed our stress prediction flow based on the proposed
graph attention network framework. Our models are trained
on a Linux machine with an Intel Xeon CPU with 2.20GHz
and 4 NVIDIA Tesla V100 GPUs. Each GPU has 32G of
memory. The golden EM-TM stress results were generated
using the commercial tool COMSOL on a Windows machine
equipped with 16GB of memory and a 2.3GHz Intel Core
17-11800H processor.

A. Prediction Accuracy and Speed of Proposed Model

We employ the trained GAT-based model to make EM-TM
stress predictions on the multi-segment interconnect structures
present in the test set. Subsequently, we compare the predic-
tion accuracy and speed of the model with some state-of-the-
art graph learning methods such as GCN [20], EGNN [21].
These methods introduce edge indices and consider full graph
aggregation and local aggregation of nodes, respectively.
However, these aggregation updates do not fully consider the
multi-dimensional features of real edges. We also compare
with an existing graph-based EM prediction method called
EMgraph [14].

Fig. 4(a) and Fig. 4(b) show the stress prediction error rates
for a portion of a 130-segment interconnects at ¢ = 10°s and
t = 108s, respectively. As depicted in TABLE II, our method
achieves an impressive mean error rate of less than 1% to



TABLE III Comparison between our method and COMSOL
on several OpenROAD benchmarks.

. Runtime(s) Accuracy

Tech. Design | Segments
COMSOL ‘ Proposed ‘ Speed-up | Error(%)
ged 960 219 0.25 876 0.96%
Nang45nm ibex 4322 1753 0.38 4613 x 1.04%
aes 10807 7682 0.85 9037 x 1.09%

predict the EM-TM stress for the interconnection segments
with fewer than 200 segments and over time spans from
10%s to 10%s. This result significantly outperforms GCN and
EGNN, which do not consider the alternating aggregation of
edge features. The improvement in the model’s prediction
results can be observed when taking into account the influence
of the multi-dimensional features of edges on node features.
Furthermore, our model exhibits higher average accuracy
compared to EMgraph, which focuses solely on EM stress
prediction. Compared to COMSOL, our proposed GAT-based
method achieves a substantial speedup of 812x in stress
prediction of the test set.

B. Stress prediction on OpenROAD power grid circuits.

To analyze large-scale multi-segment interconnect circuits,
we employed several power grids found in part of Open-
ROAD circuits. These circuits were implemented using the
Nangate45 nm technology and have a maximum scale of
10,807 segments. We set the simulation step size to 10%s,
and the maximum simulation time is 10%s. The results of the
comparison of EM-TM stress prediction for several circuits
are shown in TABLE III. As can be seen, our method
maintains a mean error rate lower than 1.1%, while achieving
a maximum speedup of 9037 x compared to COMSOL.

V. CONCLUSION

In this paper, we propose a framework to predict EM-
TM stress of multi-segment interconnects accurately and
efficiently based on customized Graph Attention Networks
(GATs) which can collect information of junctions and
branches jointly. For randomly selected interconnected sam-
ples comprising fewer than 200 segments, the average pre-
diction error is less than 1%, surpassing the performance
of other graph-based methods. Furthermore, when applied to
the large-scale OpenROAD power grid, our approach shows
a substantial speed-up of 9037x compared to COMSOL
on structures containing up to 10,807 segments. In future
research, we aim to address challenges related to memory
constraints and slow training resulting from the increasing
number of samples and scale.
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