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Through Silicon Vias (TSVs) are vulnerable to electromigration (EM) degradation due to their high local cur-
rent densities, thereby reducing the reliability of 3D ICs with stack dies and TSVs. Due to the broad application
of 3D ICs, it is necessary to analyze the electromigration reliability of TSVs. To overcome the weakness of
traditional method for EM modeling of TSVs, we propose a physics-informed learning approach for transient
analysis of electromigration modeling in TSV by solving the conventional mass balance equation. The pro-
posed method allows simultaneous consideration of atomic depletion and accumulation, effective resistance
degradation, electric current evolution, and stress distribution. In particular, we propose a customized neural
network to simulate the EM process in TSV without the need for fine grid meshing and temporal iteration in
traditional methods. Considering that the loss function of the proposed model is a combination of different
loss terms, we propose a modified self-adaptive loss balanced method to automatically adjust the weights of
multiple loss terms to enhance network performance. Given the prediction uncertainty due to data random-
ness or model architecture constraints, Gaussian probabilistic model is constructed to define the self-adaptive
weights and update the dynamic weights per epoch built on maximum likelihood estimation. Compared with
the finite element method, the proposed physics informed neural network method can lead to a speedup with
less than 0.1% mean square error. Experimental results also show that the proposed model achieves excellent
performance over other competing methods and high robustness under values of initial weights, different
numbers of hidden layers and neurons per layer.
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1 Introduction

With the increasing demand for lower power consumption, higher performance and integration
[1], 3-D packaging has been applied in integrated circuits (ICs). This approach is achieved by
employing stacked dies and through-silicon-vias (TSVs), which facilitate vertical communica-
tion within the circuitry. The conjunction of TSVs with micro-bumps establishes 3D ICs as a cost-
effective technology that potentially extends the “More than Moore” scaling principle into the
third dimension. 3D ICs can significantly decrease both average wire delay and energy use [2]
over conventional 2D chips. Despite these advancements, 3D ICs face challenges particularly with
electromigration (EM) degradation, owing to substantial electric currents and high local cur-
rent densities in TSVs. This vulnerability significantly threatens the overall reliability [3] of ICs,
with potential risks ranging from a reduction in efficiency to short-circuit or open-circuit failures.
Therefore, while the strengths of the 3D ICs technology are not to be undermined, it is crucial to
comprehensively understand and mitigate these associated risks to ensure optimal functionality.

Electromigration modeling has been extensively investigated over the past few decades as a
critical approach to evaluate the EM reliability of TSV. Many researchers conduct experiments
to simulate the electrical, stress, thermal, and atomic concentration fields within TSV [4, 5]. Park
etal. [6] conducted EM lifetime modeling of TSV structure and explored the impact of TSV-induced
stress on EM lifetime of Back-End-of-Line (BEOL) wires. Advancing these studies, Zhao et al.
[7] investigated transient EM modeling for TSV-based 3D connection, opting to consider grain
structure in TSV EM modeling instead of modeling the entire TSV as a single crystal. Additionally,
Zhou et al. [8] simulated and modeled thermal stress, with these results utilized in the reliability
analysis of TSV. However, conventional methods applied in these studies require fine grid meshing
and temporal iterations, leading to a considerable computation cost particularly when striving for
accurate and self-consistent solutions to partial differential equations (PDEs).

Recent advancements in machine learning (ML) [9], especially physics-informed neural
networks (PINNs) [10], have shown significant promise in addressing the challenges associated
with solving PDEs [11]. In comparison to traditional neural network approaches, PINNs are
trained to undertake supervised learning tasks while concurrently adhering to the established
laws of physics. A key feature of PINNs is the application of automatic differentiation (AD)
technology [12], which facilitates the computation of derivative terms. This approach markedly
enhances the accuracy of solution over traditional numerical methods, which predominantly
depend on discretization techniques. In recent years, there are a number of PINN-based solution
libraries. For example, Lu et al. has developed an innovative Python library, DeepXDE [13],
dedicated to optimizing the application of PINNs. PINNs have been applied in many engineering
fields [14-16], such as electromagnetic simulation, heat transfer and so on. There are many recent
studies that have focused on the application of machine learning and PINN-based methods to
EM analysis. Hou et al. [17] introduced a space-time physics-informed neural network
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(STPINN), specifically tailored for solving Korhonen Equation in multisegment interconnect trees
under various thermal conditions in void nucleation phase. Jin et al. [18] developed HierPINN-EM,
a pioneering hierarchical PINN approach aimed at accelerating the analysis of EM-induced
stress in multi-segment interconnects. Additionally, Hou et al. [19] explored the use of mul-
tilayer perceptrons (MLPs) for predicting the evolution of stress within interconnect trees
during void nucleation stage. Lamichhane [20] introduced PostPINN-EM for addressing PDEs
governing the stress evolution in confined metal multisegment interconnect trees throughout
post-voiding phase.

The loss function of PINN consists of several key components: the observed data, the boundary
and initial conditions, and the PDE residuals. It is noted that the performance and convergence
speed of PINN are significantly influenced by the weights attributed to the various components of
the loss function. Therefore, many researches focused on adaptively balancing the interplay among
different loss components to improve the performance of PINN [21]. Kim et al. [22] proposed the
dynamic pulling method (DPM) to dynamically adjust the gradients of loss terms during op-
timization. Wang et al. [23] explored and analyzed a fundamental failure mechanism inherent to
PINN and introduced a learning rate annealing algorithm to harmonize the interactions among
different elements of loss functions during training process. However, given the lack of theoret-
ical basis specific to the training dynamics of PINN within this learning rate annealing strategy,
Wang et al. [24, 25] proposed the Neural Tangent Kernel (NTK) Perspective to understand
the gradient propagation. Through this perspective, the allocation of weights to loss terms was
informed by the NTK, which is adjusted per epoch during optimization. Furthermore, Chen et al.
[26] introduced the Gradient Normalization (GradNorm) algorithm, designed to auto-regulate
training intensity across deep multitask models by dynamically adjusting the magnitudes of gradi-
ents. Heydari [27] proposed the SoftAdapt method, which modified loss weights within multi-part
loss functions in response to real-time performance metrics of the individual loss components.

In this article, we propose a physic-informed neural network for transient modeling of elec-
tromigration in TSV. The key advancement of this research lies in employing PINN for transient
EM modeling of TSV, surpassing conventional approaches that suffer from drawbacks. While the
Analytical Model offers simplicity, efficiency, and parallelism, its precision is constrained by a lim-
ited parameter set. The Finite Difference Method (FDM), versatile across accuracy levels and
parallel-friendly, struggles with irregular geometries and grid adaptability. The Finite Element
Method (FEM), renowned for its ability to tackle irregular shapes and boundaries, demonstrates
strong grid adaptability but comes at the cost of high computational demands and memory us-
age. To overcome limitations of traditional methods in TSV modeling, PINN are introduced as an
alternative and can model the rapid electromigration of TSV with both accuracy. The main contri-
butions are as follows:

— We propose a physics-informed learning method to predict the evolution of atomic concen-
tration, stress distribution, and electric current within TSV. To the best of our knowledge,
this is the first study that utilizes the learning capabilities of physics-informed neural net-
work for multiphysics analysis of EM modeling in TSV.

— We propose a neural network for solving the traditional mass balance equation in 3-D axis-
symmetric geometry. This well-tailored framework demonstrates consistency with multi-
physics kinetics in EM modeling of TSV.

— We improve the self-adaptive loss balanced method and employ it in the neural network
to enhance the performance of structure. We construct a Gaussian probabilistic model to
calculate the self-adaptive weights and utilize the maximum likelihood estimation to auto-
matically update the weights.
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The remainder of this article is organized as follows. Section 2 describes the fundamental PDEs
for transient EM modeling in TSV, taking into account electrical, atomic concentration and stress
fields. In Section 3, we present the customized physics-informed learning framework for EM
modeling in TSV and introduce the modified self-adaptive loss balanced method utilized in this
framework. Experimental results are presented in Section 4, and the conclusion is provided in
Section 5.

2 Transient EM Modeling in TSV
2.1 Fundamental PDEs

For the analysis of EM process in TSV, it is crucial to understand the dynamics of atomic move-
ments within structures. A set of well-established PDEs can be employed to model the complex,
transient evolution of atomic concentration, denoted as N, at any given point (x, y, z) and time t.
These equations serve as the foundation for simulating how atoms distribute themselves over time.
The conventional mass balance equation is used to simulate the EM process in TSV, given by

ON
- 4VJ=0 1
-+ V-] =0, 1)

Equation (1) encapsulates the law of conservation of mass in TSV, where J is the total atomic flux

described by

J=Jc+Js+Jr +]n. @)
In Equation (2), each term represents a distinct mechanism driving the movement of atoms:
Jc= %eZ *pjD is the current-induced atomic flux, propelled by electrical forces; Js = %DVGH is

the stress-induced atomic flux, driven by mechanical stresses within the material; J1 = —JZ—gDVT
is the temperature-gradient-induced atomic flux, a consequence of thermal gradients; Jy = -DVN
is the atomic flux due to atom diffusion, resulting from the natural tendency of atoms to move from
regions of high to low concentration. Here, e is electrical charge, Z* is effective valence charge, p
is electrical resistivity, k is Boltzmann constant, Q is atomic volume, Q" is heat of transport, j is
current density, T is temperature, and D = D exp(—f—*T‘) is the atomic diffusion coefficient where
Dy is self-diffusion coefficient, E, is activation energy. It should be noted that Js is governed by
the the gradient of the hydrostatic stress oy. The hydrostatic stress primarily involves the back
flow stress defined as o,¢ = BN;]—j\[”, where B is the back flow stress modulus. From the experiment
results [7], we find that thermal expansion stress has a minor effect on the overall electromigra-
tion atomic transport. Therefore, we only consider the back flow stress as the component of the
hydrostatic stress. The TSV-based 3D connection can be influenced by the following three types
of stress:

— Back flow stress occurs due to electromigration in TSV and is determined by the distribution
of atomic concentration. As atoms accumulate at the anode and deplete at the cathode, it
causes the stress gradient throughout TSV. Back flow stress is usually co-simulated with EM
process and will increase gradually.

— As a result of differential thermal expansion or contraction, thermal residual stress arises
during the fabrication process [28] and remain in the material after the temperature has
returned to normal. This kind of stress arising from runtime temperature fluctuation is gen-
erally ignored [7, 29] in simulation.

— Thermal stress arises from coefficient of thermal expansion mismatch among different ma-
terials [30] and the presence of elevated thermal gradients [31]. Mechanical expansion or
contraction can occur at different rates, attributable to the temperature gradients that is
caused by uneven local heating.
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Fig. 1. Flow of transient EM simulation in TSV.

Electromigration refers to the movement of metal ions within a conductor due to the momen-
tum transfer [32] of electrons under high current densities, which can lead to the accumulation of
metal ions at certain points and the depletion at others. The changes of atom concentration due
to electromigration can cause significant structural changes within the TSV, such as the formation
of voids [33] at the cathode and hillocks or whiskers at the anode. These structural changes alter
the cross-sectional area available for current flow through the TSV, directly impacting its electrical
resistance. When voids form within the TSV, the effective cross-sectional area decreases, leading
to an increase in electrical resistance. Conversely, the formation of hillocks might temporarily de-
crease resistance, which can cause short-circuit failures if these protrusions contact with adjacent
structures. Due to the presence of metal barrier layers, open-circuit failures caused by voids occur
more frequently than short-circuit failures arising from hillocks. Therefore, our analysis primar-
ily focuses on voids-related failures in TSV. For simplicity, we choose the strategy in work [7] to
model the TSV resistivity as a function of atomic concentration to estimate the resistance of TSV.
In our work, we assume that the formation of voids will occur in TSV if the atom concentration is
less than 0.85Np. When the atom concentration is more than 0.9N,, we assume the resistivity of
TSV to be pg. From the experiment of measuring resistivity in [7], we assign a resistivity value of
32p to voids and make a linear approximation of the resistivity between 0.85Ny and 0.9N,. The
simplified model for TSV resistivity is presented as follows:

32pg, 0 < N < 0.85N,,
p=1 32py — 620 X (% —0.85)pg, 0.85N; < N < 0.9Np, (3)
Pos 0.9N; < N < 5Nj.

2.2 FEM-based Multiphysics Simulation

The FEM analysis tool, COMSOL Multiphysics software, can be employed for transient EM
modeling and simulation in TSV. The procedural flow of this simulation process is illustrated
in Figure 1. This process starts with the definition and construction of TSV geometry. The
prototypical TSV model involves a copper TSV with 5um diameter and 25um height and landing
pads with 6umx=10pum and 1pm thick. In this test case, the top of the TSV is configured as the
voltage input, while the bottom is established as ground. The transient EM simulation of TSV is
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Fig. 2. Converting the 3-D symmetrical physics-based model into 2-D model by mapping from the Cartesian
to the Cylindrical coordinate system.

then performed as an iterative loop. At each time step At, the atomic concentration is utilized to
calculate the resistivity distribution based on the predefined resistivity function. Concurrently,
the back flow stress is determined by the equation o = BN;]—é\]”. Then, the FEM analysis tool can be
used to perform the simulation of electric current and calculate the current density distribution j.
Subsequent to these results, the process advances to mesh generation which is critical for spatial
discretization in the simulation. Next, the atomic fluxes are updated: (1) Flux J¢ arising from j,
N, and p; (2) Flux Js resulting from the gradient of o; and (3) Flux Jn caused by the gradient
of N. Upon updating these fluxes, the FEM analysis tool proceeds to solve the PDEs, thereby
determining the atomic concentration at time t + At. This simulation flow allows us to derive
the evolution of atomic concentration, electric current, stress distribution and effective resistance
degradation in the TSV structure. In our study, we employ the model from [7] for analysis, lever-
aging its insight into copper TSVs’ minimal thermal gradient due to copper’s exceptional thermal
conductivity. In [7], joule heating is simulated with 60mA, yielding a marginal temperature range
of 349.84 K to 349.90 K, and resulting in a negligible 0.04 K gradient across the TSV. Notably, initial
compressive stress from thermal expansion emerges at the 3D connection, but the stress gradient
primarily manifests at TSV-wire interfaces, remaining stable over time. Hence, thermal expansion
stress has a minor impact on EM atomic transport. Consequently, the atomic flux Jt induced
by temperature gradients is not considered in the proposed model, and a constant temperature
T of 350 K is assumed for the simulation. However, we still recognize the importance of the
thermo-mechanical stress and mass flux model in [8] and plan to integrate this aspect in future
work.

Figure 2 depicts a three-dimensional, symmetrical, physics-based model. By extracting a cross-
sectional slice of TSV, this two-dimensional representation can encapsulate all pertinent informa-
tion from the three-dimensional model due to the model’s axisymmetric characteristics. Further-
more, Figures 3 and 4 illustrate the cross-sectional views of the current density, atomic concentra-
tion, and back flow stress within the TSV. Specifically, Figure 3 shows the distribution of current
density along r and z coordinates at t = 0s and t = 5x 10°s. The current density along r coordinate
ec.Jr is small since we apply voltage i at the top pad. However, the electromigration phenomenon
has intensified over time and ec.Jr gradually increases. ec.Jz will change when the formation of
voids occurs due to atomic depletion in TSV. We conduct simulation of time-dependent atomic
movements and specifically examine the atomic concentration at both the top and bottom TSV-
wire interfaces at t = 1 X 10°s and ¢t = 1 X 10°s, with the findings depicted in Figure 4(a) and
(b), respectively. The experimental results distinctly indicate the influence of electric current on
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Fig. 3. The distribution of current density along r and z coordinates in a TSV-wire structure: (a) current
density along r coordinate ec.Jr at the time t = 0s; (b) current density along r coordinate ec.Jr at the time
t = 5 x 10%s; (c) current density along z coordinate ec.)z at the time t = 0s; (d) current density along z
coordinate ec.)z at the time ¢ = 5 x 10°s.

Back Flow Stress (Pa)
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Fig. 4. The change of atomic concentration on TSV structure and the simulation of back flow stress: (a) the
change of atomic concentration at the time ¢ = 1 x 10°s; (b) the change of atomic concentration at the time
t = 1x 10%s; (c) the simulation of back flow stress at the time t = 5 x 10°s.

atomic flux. Given the direction of electron flow from the top to the bottom, copper atoms are
observed to migrate upwards, propelled by the momentum exchange subsequent to electron col-
lisions. Specifically, the phenomenon of current crowding, significantly observed at the top and
bottom TSV-wire interfaces [34], results in atom depletion (AN/N < 0) at the bottom interface
and atom accumulation (AN/N > 0) at the top interface.

The experiment conducted by Zhao et al. [7] provides empirical validation that the thermal
gradient within copper TSV is negligible, attributable to copper’s high thermal conductivity.
Consequently, in our EM analysis of TSV, the time-dependent temperature variation is not con-
sidered as a significant factor. The comparative analysis [7] of “No Stress” versus “Thermal Stress”
conditions reveals that the ratio AN/N,, indicative of atomic concentration change, remains
largely unaffected by thermal stress. This observation suggests that thermal expansion stress
has a slight effect on the dynamics of EM-induced atomic transport. Hence, our EM simulation
of TSV mainly focuses on the back flow stress. Illustrated in Figure 4(c), the simulation results
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depict that the top TSV-wire interface experiences compressive stress as a consequence of atomic
accumulation, whereas the bottom TSV-wire interface experiences tensile stress due to atomic
depletion.

3 Learning Framework for EM Modeling in TSV
3.1 Problem Formation

As shown in Figure 2, we transform the 3-D symmetrical physics-based model into 2-D model by
mapping from the Cartesian to the Cylindrical coordinate system, given by

19(rT,) L,

Vo TD)x,y,2)=(r2) = = + -, 4

V' Dixytra) =~ =5 = + - )

V-(NVN)=(VN)-(VN)+ N(V-VN). (5)

Equation (5) can be utilized to optimize the form of the stress-induced atomic flux in Equations (1)
and (2). We denote the radial coordinate of the axis of TSV by r = 0 and the radius of TSV by
r = Ryso, respectively. The height coordinates of the top electrodes (TE) and bottom electrodes
(BE) are settobe z = hand z = 0, respectively. Based on Equations (1), (2), (4), and (5), the evolution
of atomic concentration in the TSV model can be rewritten as follows:

ON(r,z,t) +%+%+J_,

=0,
ot or 0z r
ON(r,z,t ON(r,z,t
5= -pWNC20 |y DN NN EED,
or or ©)
ON(r,z,t) ON(r,z,t)
J, = -D— 2" 4 A,,DN + A,DN—_2""
0z 0z
eZ” iy eZ" pj, QB
Ayr=—7A z = ’A = >
ek ! kT 7% kTN,

where r € [0,R;s5], z € [0,h], t > 0. The boundary conditions (BCs) corresponding to Equa-
tion (6) can be expressed as follows:

(Il JT) ir:Rtsv =0, (Il Jz) ‘z:O,h =0. (7)

Equation (7) represents that the flux Jn + Jc + Js) is expected to be zero at the boundaries z = 0,
z = h, and r = R;s,. The initial atomic concentration of TSV is set to be Ny, and the IC can be
expressed as

N(r,z,0) = Ny, (8)

To obtain the current densities along r and z coordinates, j, and j,, we need to derive the following
PDEs describing the electric field:

V- (—l VV(r,z, t)) =0, (9)
P
V(r9 zs t) |Z:0 = 03 V(r9 Z7 t) |Z=h = '70’ (10)
M |r=sz =0, (11)
or ‘

where p is the resistivity of TSV and calculated by Equation (3). It should be noted that Equation (9)
can be derived by V-j = 0,j = E/p and E = —VV. Equation (10) represents that the top electrodes
are the electrical potential input of i and the bottom electrodes are ground. Equation (11) indicates
electrical insulation on the boundary. The current density along r and z coordinates in Equation (6)
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can be calculated by
_ 1 ov(r,z,t)

r=

1 oV (r,z,t)
g = - .

12
p Or p Oz (12)

3.2 Physics-informed Neural Network

Given an input point in the time and space domain, PINN is capable of generating an approximate
solution at that point of a differential equation after training [12]. Fundamentally, the PINN
algorithm is a mesh-free technique that is adopted to obtain solutions to PDEs. This is achieved
by converting the problem of directly solving the dominant equations into an optimization
problem of loss function as traditional feedforward neural network (FNN) does. Notably, this
technique has an advantage in breaking the curse of dimensionality, a prevalent challenge in high-
dimensional spaces [9]. The core idea of PINN is to approximate the solution u(x, t) by @(x, t;0)
and the approximation is constrained by the relevant physical equations. Here, 6 symbolizes a
set of network parameters that define the structure of neural network. Typically, the architecture
of PINN is a feed-forward, multi-layer neural network, which comprises an input layer, M — 1
hidden layers, and an output layer. This configuration is strategically designed to effectively
capture and model the complexities inherent in the physical phenomena being studied. In order
to derive an approximate solution, it is imperative to restrict the neural network @ to satisfy the
laws of physics as well as the corresponding boundary and initial conditions. This necessitates the
construction of loss functions that quantitatively measure the deviation between the predictions
of the neural network and the realistic values. The optimization process then involves an iterative
search for an optimal set of network parameters 0, and in this process, these loss functions are
minimized.

3.3 The Modified Self-adaptive Loss Balanced Method

The core concept of the modified self-adaptive loss balanced method involves developing a multi-
task loss function aimed at optimizing the Gaussian likelihood of homoscedastic uncertainty [35,
36]. We improve the self-adaptive loss balanced method by adjusting the coefficients of certain
terms and employing the L-BFGS and Adam optimizers to enhance the optimization effect. In our
proposed neural network, we first discuss the optimization of £;,;,. We construct a Gaussian
probabilistic model, in which the output is denoted as u, the uncertainty parameter is denoted
as €4arq, the likelihood is defined as a Gaussian with mean provided by the solution of PINN
u(r, z, t; 0). The likelihood function p is defined by the following form:

puli(r,z,t;0)) = N(a(r,z,;0), 5, ), (13)

where N(a(r,z,t;0), gia m) represents Gaussian distribution with variance Efla +a- Through
maximum likelihood inference, we can minimize the negative log-likelihood function to adjust
the parameter ¢;,;,. The negative log-likelihood function —log p is presented as follows:

R 1
- logp(uhl(r’ z,t; 6)) = 22—~£data(6) + log Edata- (14)

data

To stabilize the training process, we implement exponential mapping on the likelihood function
to obtain sy, = log eéa ;o @nd then transform Equation (14) into the following form:
. 1 1
—log p(uli(r,z,t;0)) = 3 exp(=Sdata)Ldara(0) + Esdata- (15)

Furthermore, we consider adding PDE residual of aforementioned Equation (6) into the con-
structed Gaussian probabilistic model with output (f,u) and uncertainty parameter ¢, £44¢4. The
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likelihood function comprises the loss terms of data and PDE residual, L44s, and Ly, respectively.
The likelihood function p is represented by

p(f,uli(r,z,t,0)) = p(flia(r. z,£,0)) - (uli(r, z,1,0))
= N(i(r, z,t,0), gj%) - N(i(r, z, t, 0), géata). (16)

The negative log-likelihood function —log p of the multi-output model is given by

—logp(f, uli(r, z,t;0)) « —Lf(9)+ ) ~——Ldara(0) +log rcaata
f data (17)

1
=5 (exp(=s7)Ls(6) + exp(=sdara) Laara(0) + s¢ + Sdata) »

where sy = log ej%. Similarly, we add the loss term of PDE residual in Equation (9) and the loss

term of BC, £, and L., to the constructed Gaussian probabilistic model. The likelihood function
of the model with output (f, u, e, b) and uncertainty parameters ¢, £44za, €¢, £pc can be presented
as follows:

—log p(f, u, e, bli(r, z, t; 9))0< Lf(9)+ >
f

1
Laara0)+ — P Le(0)+ —— P Lpc(0) +logeregatacecne

data € be

8
= L explos) £0) + p(-5uara) Laara(0) + exp-sp) Lpcl0) + expi=se)

Le(0)+sp+Sdara + Se + Spe)s

where s, = logéZ, sp. = log Eic. Furthermore, the implement of exponential mapping enables
the unconstrained minimization of the loss function. As this mapping ensures that exp(—s*)
resolves to a positive domain, the adaptive weight s* is prevented from converging prematurely
to zero. Such a design enhances the numerical stability of the training process, making it more
robust and reliable in handling the complexities in EM modeling of TSV. In our methodology,
we utilize both the Adam and L-BFGS optimizers to find the optimized model weights " and
to obtain the final adaptive weights s* through the minimization of the loss function. Within
this model, it is imperative to understand the role of adaptive weights: a larger adaptive weight
s* enhances the influence of its corresponding loss term, whereas a smaller adaptive weight
diminishes its impact and imposes a lower penalty on the model. This mechanism serves as a
pivotal strategy for the automatic adjustment of the adaptive weight associated with each loss
component.

3.4 Scaling Scheme and Data Preparation

In this section, we propose a scaling scheme utilized to address the limitation that the related
coefficients differ by a few orders of magnitude. First, we rewrite the conventional mass balance
u)NaN + 6Jr + a_]z + Jl‘

w; Ot Wy OF Wx0Z WxF
original data without the scaling in the transient EM modeling, whereas #, 2, f, N are the scaled
location, time and atomic concentration. The scaling factors are set to be oy = N/ N =1x 104,
wy = r/f = z[2 = 1x107° and w; = t/t = 1 x 10°. The scaled back flow stress & can be

calculated based on 6 =

equation = 0, where N = a)NN, r = WyF, 2 = WyZ, t = w1 are the

= 0/6 = 1% 10°. Then, we rewrite the atomic fluxes

Jo = (DY) | A Doy N+ A Doy N 29N and, = (-DIN) 1+ A, Doy N + A Doy N 22N

wWxOF wWx0Z wx0Z

eZ" pj,

p” LAy, = w0 R, o = je/jr = ju/jz = 1 X 10'°, j,, j, are the scaled current

where A, = wJ

densities. To obtam the current density j, and j,, we let oy = V/V = 1 x 1072 and V are the

> -
(wa Vo ovdV L ovOVy _ o Then,

scaled electric potential. The scaled Equation (9) is — 2977 T 0207 T wrF wedF
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DNN: f(7,2,t; 6) D Loss Self-adaptive loss balance

I Input Sr

v
Loss:  Optimize | 0%, 5%
MSE

A

Sd

Fig. 5. The Framework of the proposed neural network, where AD represents automatic differentiation.

Equation (6) can be rewritten as follows:

O, o (D, e )
ot  wyony OF  0Z F

R AN . Wk . ON
o= X -pL ) + wnALDN + XA, DN L,
Wy or Wy or
R AN RO . ON
Jo= X (-DT) + onALDN + N A, DN (19)
0z Wy 0z
K= P 2
1r 'j kT > 43z j kT >
oy, 1_0*V 8V 14V
— (=) +225)=0

+_
i p o 0P 7o

The scaling scheme is employed to normalize the inputs and coefficients of loss function. It is
emphasized that this scaling scheme is also applied in BCs and ICs. Using these scaling factors
Wx, O, ON, OV, B, Oy, We can adjust the inputs for subsequent training process, thereby enhanc-
ing the training efficiency and optimization accuracy of the proposed network. Additionally, the
prediction of atomic concentration N, electric potential V, current density j and back flow stress o
should be restored to the original magnitude by the scaling factors wy, wv, wj, and ., respectively.

3.5 The Proposed Neural Network

In this section, we propose a physics-informed learning structure based on the modified self-
adaptive loss balanced method for transient electromigration analysis of TSV. The framework of
the proposed neural network is shown in Figure 5. We first construct a Deep Neural Network
(DNN) f(#, 2, t; 0) to define the solution @(#, 2, £; 0) of the fundamental PDEs governing the EM pro-
cess in TSV. The inputs of the DNN model consist of the scaled spatial coordinates (7, Z) and the
scaled temporal coordinate i. The outputs of this network (7, Z, £;0) include atomic concentration
N and electrical potential V. It should be noted that atomic concentration N and electric potential
V are directly outputted by the neural network, while current density j and back flow stress & are
indirect predictions. This is because the prediction of current density j and back flow stress & can

be obtained from the transformation of the network outputs based on j = \/(%)2 + (%—Z)Z and
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0 = BN;]N", in which 1\70 = Np/wn. We then implement automatic differentiation and compute
0

the BC residual of Equation (7) and PDE residuals of Equations (6) and (9). The corresponding loss

terms of PDE residuals, boundary conditions and data, £f, Le, Ly, and Lg444, can be presented

as the following form:

K 9N 9°NL 92N AN ONi N AN
1 1
Lf:fz 3; (ﬁ+ﬁ+ y af)“*lr (a—f %)+A12Da—f
i=1 | Ot "r o Ty O Tt Ty Zf
O’NL 9°NL o NEONE  (ONE\2  (ONE\2\p2
+A2D(N} aAif +N} 6Ai£ A_zf a*\f (af*{) (af*zf) ) ’
rf zZ rf r r Zf
bic 7i 2
1 . ON! b ON., 2
Ly ( A1,DN!, - D—Z%¢ + A,DN!, Af ¢ Vi - Vgl( (20)
bic ; zbc 322bc c (9 zbce
1 Kebe oN', aNib 2 1an :
+ Ah—DNlb D# +A2DNlb Ar o+ ,
Krb(: i=1 e arrl’bc e a l P a rbc
1 &lervi o201 oviff 1
_ e e e _ 1 1
Le= g 2o Y ame A | 0 L g (‘ Nisa = N[+ Va4 )
i=1 e e e e

The first loss term, denoted as Lf, represents the residuals of PDE evaluated at a randomly se-
lected set of training data points {7%,2 f’ t},N Ji K «, within the domain. The second loss term,
Ly, comprises two components: L,,. and L., and it employs a designated set of training
data to enforce boundary conditions. The third loss term, L., ensures that the training points
(71,28, 81,V K | satisfy Equation (9). Lastly, the fourth loss term, Ly4;4, quantifies the discrep-

ancy between the ground truth {NZ, V‘ -, and the neural network’s appr0x1mat10n at the sample

31 i PJz — QDB
data pOll’ltS {rd ta’ “data’ data Ndata data}i:1 Az = kTN’

and j; = —; ’:)Z %‘:, i, = —% ZZ ‘??Z, and K, K;pes Krpes Kdata denote the total number of points in
their respective sets, respectively. It is essential to underline that the physical quantities and the
related coefficients differ by a few orders of magnitude as a result of the aforementioned scaling
scheme in the proposed neural network for transient EM modeling in TSV.

The uncertainty parameter " = [ef, €4aras €es €bc] 18 initialized after constructing the neural
network f(7,Z, f;0). To stabilize the training process, we utilize log variance s* to substitute
the adaptive variables ¢*. We then compute the initialized adaptive weight s* based on the
values of uncertainty parameter ¢* and combine the multiplication of different loss terms and
corresponding adaptive weight s*. Thus, Gaussian probabilistic model is constructed for EM
modeling and simulation of TSV. The transformed loss function is given by

PJr

. Here, A1r = (uj Alz = wj

MSE = (exp( sf)'Cf +exp(=spc)Lpc + exp(—se)Le + exp(=Sgara)Ldata + Sf +Sdata t Se t sbc) (21)

in which sy = log 5}%, Sdata = log gdat , se = loge?, spe = log Elzw. Finally, the Adam optimization
algorithm and L-BFGS optimization are utlhzed to find the optimal model parameters 6* and
adaptive weight s* by minimizing the overall loss function Equation (21). At each iteration, we
first define the overall loss function with temporal self-adaptive weights based on maximum
likelihood estimation and then adjust the adaptive weights utilizing Adam optimizer or L-BFGS
optimizer to meet the constraints of PDE, BCs, and ICs in EM analysis of TSV. Lastly, we update
the model parameters 8" and adaptive weight s* for subsequent optimization. The main difference
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ALGORITHM 1: The Proposed Neural Network Framework for Transient Modeling and Simula-
tion of Electromigration in TSV.

Input: The scaled spatial coordinates and temporal coordinate 7, 2, ;
Output: The scaled atomic concentration N and electrical potential V;
Step 1: Construct a DNN f(#, 2, f;0) to define the solution of PDEs.
Step 2: Compute the residuals of PDEs and BCs by automatic differentiation and define loss terms.
Step 3: Initialize uncertainty parameters {sf, ey Ebes Edatal-
Step 4: Compute the corresponding initialized adaptive weights {sf, se, Spcs Sqara} and combine loss terms
with corresponding adaptive weights.
Step 5: Use K + K gradient decent iterations to adjust the model parameters and self-adaptive weights as:
form=1— K; do
(a) Define the overall loss function based on maximum likelihood estimation.
(b) Adjust the model parameters and self-adaptive weights via Adam optimizer to meet the constraints.
(c) Update the model parameters and weights.
end for
forn=1— K, do
(a) Define the overall loss function based on maximum likelihood estimation.
(b) Adjust the model parameters and self-adaptive weights via L-BFGS optimizer to meet the con-
straints.
(c) Update the model parameters and weights.
end for

between the proposed method and the PINN-based methods [10, 23, 35, 37] is the application of
the modified self-adaptive loss balanced method. In the PINN-based methods, the loss function
is a simple sum of various loss terms and the coefficients of different loss terms are constant.
However, in our proposed network, the loss function is derived by multiplying various loss terms
by dynamic coefficients and subsequently summing these resultant products. The dynamic coef-
ficients are defined by the constructed Gaussian probabilistic model and adjusted in the training
process automatically to achieve the optimized coefficients and therefore enhance the network
performance in Algorithm 1.

4 Results and Discussions

In this section, we use PyTorch to implement neural networks. To ensure a fair comparison of var-
ious models’ performances, DNN, the baseline PINN, PENN, PINN-LA, PINN-LA-2, LBPINN, and
the proposed model all employ identical neural network architectures. First, we present experi-
mental results on EM modeling analysis of TSV, including the evolution of atomic concentration,
electrical potential, back flow stress and electric current density. Subsequently, we also verify the
effectiveness of the proposed physics-informed learning method and compare the results with the
finite element method, DNN, PINN, PFNN, PINN-LA, PINN-LA-2, LBPINN in terms of accuracy and
speed. We further study the performance of the proposed neural network by varying the initial
adaptive weights, numbers of hidden layers and neurons per layer.

4.1 Experiment Setup

All programs are implemented in Python 3.9.15 with PyTorch 1.13.1 and are executed on a Linux
server equipped with 2.20-GHz Xeon processors and an NVIDIA RTX A6000. The ground truth
data is obtained from the finite element simulations performed using COMSOL Multiphysics soft-
ware. The utilized parameters for modeling are listed in Table 1. During the optimization, Adam
optimization is initially performed with learning rate 0.001, followed by L-BFGS for the subsequent
training stage. For simplicity, we choose tanh as the activation function.
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Table 1. The Utilized Parameters for Modeling

Parameter Value Description

Ny 1.53e46 Atoms/m? Atomic concentration
Ea 2.1eV Activation energy

k 1.38e-23 J/K Boltzmann constant

1.6e-19 C Electric charge

z -4 Effective valence charge
Po 1.8e-8 Q-m Electrical resistivity
Dy le-7 m?/s Self-diffusion coefficient
o 1.387e-20 Heat of transport

Q 1.182e-29 m? Atomic volume

B 5e7 Pa Back flow stress modular

4.2 Accuracy Analysis

The accuracy between the proposed method and the finite element method is measured by the rela-
tive L2 error. We denote the exact value as u(r;, z;, t;) obtained from the finite element method and
its approximation as 4(r;, z;, t;) calculated by the neural network. For the data points {r;, z;, ti}?il,
the relative L2 error is defined as follows:

\/Z?il i (i zint;) — u (ris 2o )|
L2error = . (22)

M
VM (e 1)

We first examine the prediction accuracy of the proposed physics-informed neural network for
calculating atomic accumulation N, electrical potential V, current density j and back flow stress
0. As can be seen from Figure 6(a), the bottom has depleted atoms (AN/N < 0), and the top
has accumulated atoms (AN/N > 0) because copper atoms move from the bottom to the top
as a result of momentum exchange following electron collisions. The result obtained from the
proposed method fits well with the solution obtained from FEM, with L2error less than 0.3%. It
can be observed from Figure 6(b) that the distribution of electrical potential in TSV is uniform and
the configuration is that the top electrodes of TSV serve as the electrical input and the bottom
electrodes of TSV are ground. Compared with the finite element method, the maximum relative
L2error of the proposed model is about 0.6%. The experiment results of the current density, as
presented in Figure 6(c), indicate that the current density near the bottom changes rapidly as atom
depletes at the bottom and then the resistance of the bottom changes accordingly. Figure 6(d)
shows the simulation results of the back flow stress at t = 5 X 10°s and indicates that compressive
stress occurs at the top and tensile stress at the bottom, featuring a considerable stress gradient
throughout TSV. Additionally, we find that the relative error of electric current density is larger
than the other 3 quantities from Figure 6. The neural network directly outputs predictions for the
atomic concentration N and electric potential V. Meanwhile, indirect predictions for the current

density j and back flow stress o are derived. Specifically, j is determined by j = ‘/(‘?j—‘:)z + (‘Z)—Z)Z,

and o is calculated using o = BN;,;\]O, where V and N represent the predicted electric potential

and atomic concentration, respectively. Possibly due to this reason, the relative errors for current
density and back flow stress can be greater than those for the directly predicted quantities. Notably,
since current density is computed from the gradients of the electric potential, its relative error may
exceed that of the back flow stress.
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Fig. 6. The scaled atomic concentration, electric potential, electric current density and back flow stress at
t = 5x 10%. (a) The scaled atomic concentration at t = 5 x 10°s: Np and N¢ are obtained by the proposed
method and the finite element method, respectively, and Erry is the absolute error between Nj, and N.
(b) The scaled electric potential at t = 5 X 10°s: Vp and V. are obtained by the proposed method and the
finite element method, respectively, and Erry is the absolute error between Vp and Ve. (c) The scaled electric
current density at t = 5% 106s:jp and j. are obtained by the proposed method and the finite element method,
respectively, and Err; is the absolute error between j, and jc. (d) The scaled back flow stress at t = 5 X 10%s:
0p and o, are obtained by the proposed method and the finite element method, respectively, and Erry is the
absolute error between o, and o.

Then, we present the results of dynamic iterations of uncertainty parameters {ef, €, €yc» €dara}
and self-adaptive weights {sf, Se, Spc, Sdara} in Figure 7(a) and (b). As shown in Figure 7(a), the
changes of uncertainty parameters ¢, €., and & are relatively minor, transitioning from 2000 to
1999, from 100 to 99, and from 200 to 199, respectively. However, the change in €44, is significant,
decreasing from 2 to nearly 0. It can be seen from Figure 7(b) that the alterations in self-adaptive
weight sy are relatively negligible, whereas the change in s44;, is substantial, diminishing from 0.6
to a value close to —10. The fluctuations in s, and s, are minor, approximately from 9.21 to 9.19
and from 10.595 to 10.585, respectively.

We test the absolute error of the proposed method for predicting atomic concentration N,
electric potential V, current density j, and back flow stress o at the boundaries r = R;,,, z = 0, and
z = h. From Figures 8-10, it is observed that the absolute error of electric potential V is less than
the other physical variables. The absolute error at the boundary condition r = Ry, is presented
in Figure 8, illustrating that the absolute errors of atomic concentration N, current density j and
back flow stress o are less than errors at the boundaries z = 0 and z = h. From Figure 9, it can
be observed that the absolute error of electric potential V at the boundary condition z = h is
smallest compared to errors at the other boundaries and the maximum absolute error of V is
approximately 0.00015.
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Fig. 7. The uncertainty parameters and self-adaptive weights over iteration in the training process. (a) The
uncertainty parameters {ef, &, €daras €pc} OVer iteration in the training process of the proposed physics-
informed learning model. (b) The self-adaptive weights {s1, s2, 53,54} over iteration in the training process

el ; : : 2 2 2
of the proposed physics-informed learning model, in which sp = logeg, sgarq = logej . se = logeg,

_ 2
Spe = logey .
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Fig. 8. Absolute error between the proposed model and FEM at the boundary r = R in the time range
0-5%10%s. (a) Absolute error of atomic concentration N. (b) Absolute error of electric potential V. (c) Absolute

error of current density j. (d) Absolute error of back flow stress o.
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Fig. 9. Absolute error between the proposed model and FEM at the boundary z = 0 in the time range
0 — 5 x 10%. (a) Absolute error of atomic concentration N. (b) Absolute error of electric potential V. (c)
Absolute error of current density j. (d) Absolute error of back flow stress o.

4.3 Performance Analysis

To examine the effectiveness of our method, we compare the proposed method with DNN, PINN
[10], PENN [37], PINN-LA[23], PINN-LA-2[23], and LBPINN[35]. It can be seen from Table 2 that
the proposed model achieves higher accuracy in the prediction of atomic concentration, electric
potential, current density and back flow stress compared with other competing methods. The corre-
sponding MTTF predictions are compared in Table 2. The MTTF value obtained using COMSOL is
4.31x10%s. Upon examining Table 2, it becomes evident that the MTTF prediction of the proposed
method aligns precisely with this value at 4.30 x 10°s, indicating a superior level of accuracy com-
pared to other methods. Figure 11(a) presents various data loss terms of the proposed method and
other competing methods over iteration, illustrating the effectiveness of the proposed method as
the data loss of the proposed method is minimal. The loss term of PDE residual £ and L., bound-
ary condition L. and data L ;,:, over iteration during training process are plotted in Figure 11(b),
in which £y and £, in Equation (20) represent the PDE losses described in Equation (19).

To demonstrate the computational saving and satisfactory accuracy of our proposed model, we
carry out experiments to calculate the inference time and training time of the proposed method
compared with the runtime of FEM. It can be seen from Table 3 that the running speed of the
proposed PINN model is much faster than FEM and the acceleration ratio can reach to about 15.84.
It is noted that acceleration ratio improves when the mesh gets denser and the minimum acceler-
ation ratio can still reach to about 4.68 when the mesh density gets smaller. It is also worthy to
mention that the mean squared error of atomic concentration N decreases when the mesh density
gets larger, which shows the potential of the propose PINN model for EM analysis of TSV. We also
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Fig. 10. Absolute error between the proposed model and FEM at the boundary z = h in the time range
0-5%10°s. (a) Absolute error of atomic concentration N. (b) Absolute error of electric potential V. (c) Absolute
error of current density j. (d) Absolute error of back flow stress o.

Table 2. Relative L2 Errors (%) and MTTF (x10%s) with Various
Methods during the Time Range 0 — 5 x 10%s

Terms | DNN [PINN [10] [ PENN [37] [ PINN-LA [23] [PINN-LA-2 [23] [LBPINN [35] [Proposed
N |o.152] 0.163 0.126 0.136 0.119 0.050 0.0325
v 0.299] 0.275 0.119 0.101 0.126 0.068 0.0559
j 910 559 2.17 2.13 2.91 1.02 0.811
o | 784 840 6.50 7.02 6.12 2.59 1.673

MTTF| 4.00 |  4.04 4.01 415 4.18 4.27 4.30

conduct experiments to obtain the training time between DNN without physical information and
the proposed method for the same number of iterations. We find that the proposed method can
obtain higher accuracy compared with DNN although the DNN demonstrates a shorter training
time for the same number of iterations.

For verifying the robustness of the proposed model, we set different initial settings of uncer-
tainty parameters {ef, €, €pc, €dara} and all other settings stay same. Experimental results shown
in Table 4 illustrate that the relative L2 errors of atomic concentration N, electric potential V, cur-
rent density j and back flow stress o are similar while the final settings of adaptive weights are
different. This indicates that our model achieves high robustness under different values of initial
weights. To test the performance of the proposed model, we implement experiments under differ-
ent numbers of layers and neurons per layer. It can be seen from Table 5 that the network with
more hidden layers achieve higher accuracy approximately. The relative L2 error of the proposed
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Fig. 11. The loss values over iteration in the training process. (a) The data loss values £;,;, of the pro-
posed method and other competing methods over iteration. (b) The loss values { L, Lgaras Les Ly} of the
proposed physics-informed learning model over iteration.

Table 3. The Training and Inference Time of the Proposed PINN Model and the Computation Time of FEM

. Proposed Model . .
Mesh Density | FEM (s) Tnference (5) TrainIi)ng ) [Total (5) | Error Acceleration Ratio
40000 25 0.0073 5.3338 5.3411 |1.74 x107* 4.68
80000 51 0.0118 6.6198 6.6316 |1.28 x107* 7.69
160000 108 0.0243 10.6565 10.6808 | 9.41 x107> 10.13
320000 229 0.0418 17.1358 17.1776 | 6.91 x10™> 13.33
640000 493 0.0829 31.0378 31.1207 | 4.63 x107> 15.84

Table 4. Relative L2 Errors (%) of Physical Field Solutions and Final Settings [ef, e4atq, €es €pc] During the
Time Range 0 — 5 X 10°s Obtained by the Proposed Method under Different Initial Settings
[Ef, €datas €e> €bcl

Initial settings Final settings Errory | Errory | Errorj | Error,
[20, 2, 20, 20] [16.22421,-6.51 X 1074, 16.22417, 16.22421]| 0.033 | 0.059 | 1.190 | 1.683
[200, 2, 20, 20] [198.825,6.68 X 1074, 17.20539, 17.20544] 0.035 | 0.055 | 0.736 | 1.828
[200, 2, 100, 199] [198.836,6.37 x 1074, 98.681, 197.83] 0.036 | 0.055 | 1.128 | 1.871
[2000, 2, 20,20] |[1999.0208,—6.125 X 1074, 16.9230, 16.9231] | 0.031 | 0.056 | 0.858 | 1.597
[2000, 2, 100, 200] [1999.0224, 6.69 x 1074, 98.726, 198.86] 0.035 | 0.052 | 0.914 | 1.822

Table 5. Relative L2 Errors (%) of Atomic Concentration N for
Different Numbers of Hidden Layers and Neurons Per Layer

DEWOns |y | 20 | 30 | 40 | 50
layers
1 0.152 | 0.046 | 0.045 | 0.035 | 0.037
6 0.113 | 0.042 | 0.043 | 0.037 | 0.033
8 0.080 | 0.038 | 0.037 | 0.037 | 0.031
10 0.059 | 0.033 | 0.035 | 0.038 | 0.033
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model with 10 neurons per layer is more than other neurons per layer. It should be noted that the
relative L2 errors of 20, 30, 40, and 50 neurons per layer are similar. Therefore, we choose 4 hidden
layers with 40 neurons per layer for training to accelerate the speed of optimization.

5 Conclusion

In this article, we propose a physics-informed learning method for transient EM modeling in TSV.
The proposed method iteratively updates the resistivity dependent on the temporal atomic concen-
tration, models the electric current and stress gradient, and computes the atomic concentration for
subsequent training. To further enhance the performance of the network, we develop a modified
self-adaptive loss balanced method to automatically change the weights of different loss terms.
This method constructs Gaussian probabilistic model to define the overall loss function based on
maximum likelihood inference, which can improve the approximation capability of the proposed
physics-informed learning network. The approximate weights are obtained after iterations during
train process utilizing the positive relationship of adaptive weights and corresponding loss terms.
Unlike traditional numerical methods, the proposed model no longer relies on grid meshing and
temporal discretization, which can improve efficiency significantly. To the best of our knowledge,
this is the first study that utilize machine learning-based methods for multi-physical electromi-
gration analysis of TSV. Compared with the finite element method, the proposed physics-informed
learning method can lead to an acceleration with less than 0.1% relative error. Experimental results
also demonstrate that the proposed model shows promising accuracy over competing learning-
based methods.
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