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Abstract
The combined effects of electromigration (EM) and IR drop criti-
cally affect the reliability and power integrity of power grids (PGs).
Existing numerical methods are computationally prohibitive for
large-scale designs, while most machine learning (ML) approaches
analyze EM and IR drop in isolation, overlooking their shared phys-
ical structure and correlations in practical flows. To address this
limitation, we propose GEMIR, a graph-based multi-task learning
framework for the joint prediction of node-level static IR drop
and edge-level EM-induced stress. GEMIR employs a cross-layer
node-edge attention mechanism to effectively capture the mutual
dependence between these two physical fields and integrates a
physics-informed neural network (PINN) to enhance physical con-
sistency in the EM path. Furthermore, we establish a composite op-
timization objective by incorporating physics-informed constraints
that embed Kirchhoff’s current law (KCL) and Korhonen’s PDE to
enhance model interpretability. To manage the inherently coupled
yet sometimes conflicting optimization dynamics resulting from
these constraints, we then develop a Conflict-Gated (CG) multi-
task optimization that adaptively fuses or decouples task gradients
based on their alignment, thereby achieving mutual optimality. Ex-
tensive experiments demonstrate that GEMIR outperforms existing
single-task and multi-task baselines in accuracy and generalization.
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1 Introduction
As semiconductor chips continue to scale down, electromigration-
induced stress in interconnects and voltage drop (IR drop) across
power grids (PGs) have become critical threats to the performance,
reliability, and power integrity of chips [10, 17, 19, 24]. High local IR
drop, for instance, raises metal temperature and resistivity, which
in turn drives current crowding. This current crowding directly
accelerates atomic flux divergence, a process intimately connected
to EM. Conversely, EM-induced void spanning forces current into
the more resistive liner, causing a resistance jump and consequent
IR drop, as shown in Figure 1. This mutually influential relationship
between EM and IR drop poses significant challenges for ensuring
robust chip reliability and power integrity. Consequently, efficient
and accurate EM-IR joint analysis becomes crucial.

Traditionally, EM and IR drop validations rely on numerical
methods that solve large-scale linear systems and partial differential
equations (PDEs). These methods, however, demand substantial
computational resources and time cost, making them impractical
for large-scale industrial designs, especially in the early design
stages [22]. Recently, many machine learning (ML)-based methods
have been proposed to accelerate the EM and IR drop analysis
process. For IR drop, recent image-based [7, 9, 20, 23] and graph-
based [8, 25] approaches model PG in different forms to provide IR
drop prediction in various grains. Similarly, EM analysis methods
like EM-GAN [13] and EMGraph [12] transform EM-induced stress
analysis into an image generation task and node regression in
graphs. Moreover, considering the above data-driven methods lack
physical interpretability, the physics-informed neural networks
(PINNs) that incorporate PDE constraints with high computational
complexity are used for in EM analysis [11, 15]. However, all the
above approaches oversimplify the problem by treating EM and IR
drop separately, thereby neglecting their physical correlation.

These two tasks share the underlying physical structure (e.g.,
PG) and physical driving factors. Critically, existing methods an-
alyze EM and IR drop in isolation, failing to capitalize on their
strong physical correlation. This oversight is significant, as treating
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Figure 1: The illustration of the close andmutual relationship
between IR drop and EM in PGs.
them independently neglects their physical interactions, which ulti-
mately undermines prediction reliability and accuracy. For instance,
the physical conditions that lead to EM-induced stress, such as high
current crowding, are precisely the signals that can help predict
elusive IR drop hotspots. Conversely, IR drop provides the essential
voltage and current context required to accurately refine full-chip
stress analysis. However, accurately modeling such a mutually in-
fluential relationship presents a significant challenge for current
approaches. Thus, an approach that can model EM-IR simultane-
ously and perform accurate and efficient co-prediction is urgently
required to meet the reliability demands of modern sign-off.

To address this, we propose GEMIR, a novel graph-based multi-
task framework for co-predicting EM-induced stress and IR drop,
which models their mutual correlation to improve prediction ac-
curacy and reliability. We first represent the power grid (PG) as a
directed graph with engineered node and edge features. To struc-
turally correlate EM and IR drop and learn shared yet task-aware
representations, we utilize a customized node and edge attention
aggregator interconnected via a cross-task message-passing mech-
anism. This mechanism is further strengthened by integrating a
PINN to enforce physical consistency. Finally, we augment the train-
ing objective with physics-informed constraints that embed KCL
and Korhonen’s PDE, thereby ensuring physical consistency and
addressing the limitations of pure data-driven approaches. Specifi-
cally, to effectively manage the inherently coupled yet sometimes
conflicting optimization dynamics resulting from these constraints,
we propose a Conflict-Gated (CG) strategy. This strategy adaptively
fuses or decouples task gradients based on their agreement, lead-
ing to superior prediction accuracy and enhanced generalization.
Extensive experiments demonstrate that GEMIR achieves higher
accuracy on both tasks than strong single-task and multi-task base-
lines, while preserving inference efficiency.

The key contributions are summarized as follows:

• We present GEMIR, a multi-task framework for the joint pre-
diction of node-level IR drop and edge-level EM-induced stress.
GEMIR leverages coupled yet task-aware representations learned
via a cross-layer node-edge attention aggregator and integrated
PINN, capturing the physical correlation between the two tasks.

• We introduce the CG strategy, a novel multi-task optimization
that intelligently manages the joint learning process. By adap-
tively fusing synergistic gradients and decoupling conflicting

updates, CG ensures a highly robust optimization, leading to
superior prediction accuracy and enhanced generalization.

• Extensive experiments demonstrate that GEMIR achieves supe-
rior accuracy and generalization in co-predicting EM-induced
stress and IR drop, outperforming strong single-task and multi-
task baselines while maintaining high computational efficiency.

2 Preliminaries
2.1 Review of EM and IR Drop Analysis
EM refers to atomic migration in metal interconnects driven by
current and temperature [2], potentially causing voids or hillocks
that degrade circuit performance. Concurrently, IR drop emerges
from current flowing through PG resistances [24], compromising
power integrity and causing functional failures. These phenomena
interact through a feedback loop: IR drop-induced Joule heating
raises resistance and local current density, accelerating EM, while
EM-induced voids further increase resistance, exacerbating IR drop.
This cyclic interaction may ultimately lead to power delivery failure.
Figure 1 illustrates this key interaction, showing how EM-induced
voids and hillocks increase IR drop by altering current flow and
resistance, and how IR drop in turn accelerates EM. Thus, accurate
co-prediction that explicitly models the physical interaction be-
tween EM and IR drop is crucial for robust power integrity sign-off.

Traditional numerical methods typically employ Korhonen’s
PDE [14] to describe the evolution of stress 𝜎 (x, t). This founda-
tional equation is extended to formulate the coupled EM-IR gov-
erning equation, formally expressed as:

𝜕𝜎 (x, t)
𝜕𝑡

=
𝜕

𝜕𝑥

[
𝜅

(
𝜕𝜎 (x, t)

𝜕𝑥
− 𝑒𝑍𝜌 𝑗

Ω
− 𝑄 · 𝜂𝐼

Ω (𝑇0 + 𝜂𝐼𝑉 )
𝜕𝑉

𝜕𝑥

)]
, (1)

where 𝑥 denotes position along the metal interconnect, 𝑡 represents
time, 𝜅 =

𝐷𝑎𝐵Ω
𝑘𝐵𝑇

is the stress diffusion coefficient, 𝑒𝑍𝜌 𝑗

Ω quantifies
the electron wind force, 𝑄 describes the influence of temperature
gradients on atomic migration, 𝑇0 is the initial temperature, 𝜂 is
a coefficient related to Joule heating, 𝑉 indicates the IR drop of
nodes, and 𝐼 is the current through the interconnect. This equation
is derived as an extended form of the classical Korhonen’s PDE by
incorporating Joule heating effects [26], where the temperature is
expressed in terms of 𝐼 and𝑉 via a thermo-electric analogy defined
by 𝑇 =𝑇0 + 𝜂𝐼𝑉 . From the perspective of derivation, this process
is indeed much more computationally intensive than a simulation
that only considers the effects of EM. More importantly, the mutual
influence of EM and IR drop on each other fundamentally increases
the difficulty of simultaneous and accurate modeling for analysis.

2.2 Problem Definition
This work aims to model the relationship between EM and IR drop,
enabling simultaneous prediction of steady-state EM-induced stress
and static IR drop for efficient PG analysis. The PG is regarded as
a directed graph G = (V,E), where V denotes nodes (junctions)
and E denotes current-carrying wires (branches). Our goal is to
design a graph-based multi-task algorithm 𝑓𝜃 that leverages inter-
task correlations. Given node and edge features of G, 𝑓𝜃 outputs
node-level IR drop predictions 𝑉 and edge-level EM-induced stress
predictions 𝜎̂ , aiming to align closely with ground truth.
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Figure 2: An Illustration of the GEMIR framework for IR drop and EM-induced stress co-prediction.

3 Methodologies
3.1 Overall Flow
To jointly and accurately model IR drop and EM as two correlated
physical fields on the PG, we propose GEMIR, a graph-based frame-
work designed explicitly for the co-prediction of node-level IR drop
and edge-level EM-induced stress as illustrated in Figure 2. In our
framework, PG is represented as a directed graph with separately
extracted node and interconnect features. Then, we employ node
and edge attention aggregators, interconnected via a cross-task
message-passing mechanism. This design structurally builds shared
yet task-aware representations and correlates the node-level IR drop
with the edge-level EM-induced stress through the PG structure. In
addition, we integrate a PINN architecture within the edge embed-
ding generation to embed fundamental physical laws directly into
the learning process, significantly improving model interpretability.
During training, GEMIR optimizes a composite objective that com-
bines data-driven losses for IR drop and EM with physics-informed
losses derived from KCL and Korhonen’s PDE. To handle the op-
timization of these related but not always perfectly aligned tasks,
we introduce a Conflict-Gated multi-task optimization that intelli-
gently manages the joint knowledge learning process. By adaptively
fusing synergistic gradients and decoupling conflicting updates, the
CG strategy ensures a robust optimization process that achieves
both superior accuracy and strong generalization.

3.2 Graph Construction
To effectively and simultaneously represent IR drop and EM consis-
tently on the PG structure, we first transform the PG into a directed
graph representation, denoted as G = (V,E). We extract critical
node and edge features to represent knowledge from PG netlists,
as shown in Table 1. In particular, we embed two distinct forms
of positional knowledge into node features, as the model must un-
derstand both geometric (spatial) and electrical (physical) relations.
To capture the node’s absolute geometric coordinates (𝑥,𝑦) on the
chip, where physically close nodes influence each other, we gen-
erate geometric positional encoding 𝑃𝐸𝑔𝑒𝑜 . We use a sinusoidal

Table 1: Extracted Node and Edge Features.

Type Symbol Description

Node

𝐼𝑁 Node current calculated by KCL
𝐶𝑁 Network type (0: VDD, 1: GND)
𝐶𝑀 Metal layer of the node (e.g., 0: M0)
𝑃𝐸𝑔𝑒𝑜 Geometric positional encoding
𝑃𝐸𝑒𝑙𝑒𝑐 Electrical positional encoding
𝐷𝑟 Node degree (in-degree + out-degree)
𝐸𝑖 Eigenvector centrality

Edge

𝑅 Wire resistance
𝐼𝐸 Current on the wire
𝐿 Wire length
𝑊 Wire width
𝐶𝐸 Edge direction (current direction)

encoding function to map these continuous coordinates into a high-
dimensional vector. To capture a node’s circuit position in the PG,
we calculate the first three shortest path resistances𝑅𝑒 𝑓 𝑓 to the near-
est power supplier and encode it into electrical positional encoding
as 𝑷𝑬𝒆𝒍𝒆𝒄 (𝒗) =

[
𝑹𝒆𝒇 𝒇 (𝑣, 𝑝1) , 𝑹𝒆𝒇 𝒇 (𝑣, 𝑝2) , 𝑹𝒆𝒇 𝒇 (𝑣, 𝑝3)

]
. The extrac-

tion and selection of these features are based on circuit knowledge
and feature correlation comparison in graphs. The label values of V
are IR drops, and E is labeled with stress sampled at five equidistant
points (0%, 25%, 50%, 75%, 100%) along each interconnect segment.

3.3 Proposed Model
In this work, we present GEMIR, a novel multi-task model designed
to co-predict EM-induced stress and IR drop by explicitly modeling
their interdependence. The model takes the directed graph struc-
ture defined in Section 3.2 as input, incorporating both node and
edge features. We design novel node and edge attention aggrega-
tors, equipped with a cross-task message-passing mechanism to
capture the relationship between IR drop on nodes and stress on
edges. To enhance physical consistency and interpretability, we
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integrate a PINN. As shown in Figure 2, the PINN generates physics-
constrained EM embeddings along the interconnects, concatenated
with embeddings from the edge attention aggregator. Finally, to
obtain predictions simultaneously, the output embeddings of nodes
and edges are processed through MLP decoding steps.
Node Embedding Generation. Given the node representations{
𝒗𝑙𝑖 ,∀𝑖 ∈ 𝑁𝑣

}
and edge representations

{
𝒆𝑙𝑖 𝑗 ,∀(𝑖, 𝑗) ∈ 𝑁𝑒

}
generated

by a linear transformer as input, the designed node attention ag-
gregator (NAA) learns node and edge features jointly as:

𝒗𝑙+1𝑖 = 𝑁𝐴𝐴

({
𝒗𝑙𝑖 ,∀𝑖 ∈ 𝑁𝑣

}
,
{
𝒆𝑙𝑖 𝑗 ,∀(𝑖, 𝑗) ∈ 𝑁𝑒

})
. (2)

Here, the NAA embeds the relationship between EM and IR drop in
output node representations

{
𝒗𝑙+1𝑖 ,∀𝑖 ∈ 𝑁𝑣

}
. Specifically, we adjust

the computation order of attention coefficients:

𝛼𝑙𝑖 𝑗 =

exp
(
(𝒂𝑙 )⊤ LReLU

(
[𝒗𝑙𝑖 ∥𝒆𝑙𝑖 𝑗 ∥𝒗𝑙𝑗 ]𝒅𝑖 𝑗

))
∑

𝑘∈𝑁𝑖
exp

(
(𝒂𝑙 )⊤ LReLU

(
[𝒗𝑙

𝑖
∥𝒆𝑙

𝑖𝑘
∥𝒗𝑙

𝑘
]𝒅𝑖𝑘

)) 𝒅 𝒊𝒔𝑖 𝑗 , (3)

where 𝑖 is the target node and 𝑗 ∈ 𝑁𝑖 is one of its neighbors, 𝛼𝑙𝑖 𝑗
denotes the significance of node 𝑗 relative to node 𝑖 in layer 𝑙 . This
attention mechanism employs a learnable vector 𝒂𝑙 to ensure con-
sistent attention computation across nodes, while 𝒅𝑖 𝑗 encodes edge
directionality and 𝒅 𝒊𝒔𝑖 𝑗 represents the distance-based attention
weight. The concatenated features [𝒗𝑙𝑖 ∥𝒆𝑙𝑖 𝑗 ∥𝒗𝑙𝑗 ] pass through the
LeakyReLU activation function before the linear transformation,
enabling the attention mechanism to adjust its weight allocation
strategy dynamically. As a result, the model could more accurately
characterize the interdependent relationship between EM and IR
drop. Then the node representation is updated by aggregating at-
tention coefficients and features from neighbors, followed by the
activation function 𝜎 as:

𝒗𝑙+1𝑖 = 𝜎

( ∑︁
𝑗∈𝑁𝑖

𝛼𝑙𝑖 𝑗𝒗
𝑙
𝑗

)
, ∀𝑖 ∈ 𝑁𝑣 . (4)

In particular, the generated node embedding is used in the edge
attention aggregator of the next layer, as shown in Figure 2. This
crucial cross-task message passing allows the EM prediction path
to incorporate local voltage and current context, thereby refin-
ing the stress prediction by accounting for localized Joule heating
effects. However, increasing the model depth raises the risk of over-
smoothing, a phenomenon where node representations become
indistinguishable after multiple aggregations, leading to a loss of
critical local features. Thus, we aggregate the node representations
from all three NAA layers in our model, enabling the model to adap-
tively select the most appropriate neighborhood range information.
Edge Embedding Generation. Using the same input as the NAA
layer, we leverage the graph attention network (GAT) -based edge
attention aggregator (EAA) from [26] to collect information from
neighboring nodes and edges, forming new edge features. For each
edge, we treat its two end nodes and adjacent edges as its neigh-
borhood node set. The input

{
𝒗𝑙𝑖 ,∀𝑖 ∈ 𝑁𝑣

}
and

{
𝒆𝑙𝑖 𝑗 ,∀(𝑖, 𝑗) ∈ 𝑁𝑒

}
are integrated into a unified feature set

{
𝒉𝑙
𝑘
,∀𝑘 ∈ 𝑁𝑐

}
, where 𝑁𝑐

denotes the set of elements connected to the current edge. The
output edge representations

{
𝒆𝑙+1𝑖 𝑗 ,∀(𝑖, 𝑗) ∈ 𝑁𝑒

}
are generated as:

𝒆𝑙+1𝑖 𝑗 = EAA
(
𝒉𝑙𝑞, {𝒉𝑙𝑘 | 𝑘 ∈ 𝑁𝑐 (𝑞)}

)
,where 𝑞 → (𝑖, 𝑗) . (5)

In addition, the generated edge embedding feeds into the next NAA
layer, completing cross-task message passing. This enriches the IR
drop path by leveraging EM’s inherent high current dependency,
enhancing hotspot detection accuracy. Like node embeddings, the
edge representations from all three EAA layers are concatenated.

To enhance the physical consistency of EM-induced stress pre-
dictions and model interpretability, we integrate a PINN inspired
by [11]withinGEMIR. Taking edge feature embeddings {𝒆𝑙𝑖 𝑗 ,∀(𝑖, 𝑗) ∈
𝑁𝑒 } as input, this PINN uses a 5-layer MLP with LeakyReLU ac-
tivation to model nonlinear relationships between input features
and stress evolution. Beyond data fitting, it explicitly encodes EM
governing physics, such as atomic flux conservation and stress
propagation described by Korhonen’s PDE, ensuring stress repre-
sentations align with both observed data and physical constraints
to improve prediction reliability. The corresponding physical con-
straint loss is detailed in Section 3.4.

We obtain the final node and edge embedding after the attention
aggregation introduced before, while the edge embedding and the
PINN embedding are concatenated as the new final edge embedding
with physics constraints. These are passed to the respective 2-layer
MLP decoders for predictions.

3.4 Conflict-Gated Multi-task Optimization
Existing methods typically analyze EM and IR drop separately us-
ing single-task models. While effective for individual predictions,
they neglect their interdependence and lack physical constraints,
limiting their effectiveness on these related phenomena. To address
this, we introduce new physics-informed constraints embedding
physics laws such as the KCL equation and Korhonen’s PDE with
interpretability. However, simply combining these losses and gradi-
ents is not enough, as it faces the negative interference from work
conflicts. To manage the complex optimization dynamics of joint
learning, we propose a novel Conflict-Gated optimization strategy
to deal with the conflict between the gradient from the IR drop and
EM. This dynamic approach maximizes positive knowledge shar-
ing while preventing negative interference, resulting in a robust
optimization process that ensures mutual optimality and general-
ization. Notably, this strategy is only applied during training [21],
introducing no additional inference cost.

3.4.1 Loss Function Formulation.
Data-drivenConstraints. This component ensures the predictions
alignwith the ground truth. The IR drop lossL1 and the EM-induced
stress loss L2 are based on the mean squared error, respectively:

L1 =
1
|V|

∑︁
𝑣∈V

(
𝑽̂𝑖𝑟,𝑣 − 𝑽𝑖𝑟,𝑣

)2
,L2 =

1
|E|

∑︁
𝑒∈E

5∑︁
𝑘=1

(
𝝈̂𝑒𝑚,𝑒,𝑘 − 𝝈𝑒𝑚,𝑒,𝑘

)2
.

(6)
Physics-informed Constraints. To enhance the physical consis-
tency and interpretability of the model, we introduce two physics-
informed constraints. We integrate KCL constraints for IR drop
prediction. According to KCL, the sum of the currents flowing in
and out of the same node should be zero. As formulated in Equa-
tion (7), we define L3 as the sum of squared net currents at each
node, where the current 𝐼𝑒 of interconnect follows Ohm’s law, cal-
culated by the predicted values 𝑉𝑖𝑟,𝑖 and 𝑉𝑖𝑟, 𝑗 at the two endpoints
and the resistance 𝑅𝑒 of this interconnect. E(𝑣) denotes the set of
edges incident to node 𝑣 . We optimize this loss and hope it can
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Table 2: Comparison with ML-based Multi-task Methods. The unit for MAE is ×10−4𝑉 , and for RMSE is ×106𝑃𝑎.

Methods
EGNN [6] EDGe [4] EMTM [26] GEMIR (Ours)

MAE
(IR drop) ↓

RMSE
(EM) ↓

Runtime
(Total) ↓

MAE
(IR drop) ↓

RMSE
(EM) ↓

Runtime
(Total) ↓

MAE
(IR drop) ↓

RMSE
(EM) ↓

Runtime
(Total) ↓

MAE
(IR drop) ↓

RMSE
(EM) ↓

Runtime
(Total) ↓

Testcase7 1.61 – 2.05 1.37 3.54 1.58 0.78 2.52 2.97 0.47 2.38 2.74
Testcase8 1.75 – 1.74 1.44 3.26 1.25 0.94 3.30 2.66 0.66 2.80 2.53
Testcase9 2.31 – 2.87 2.88 6.97 2.47 1.49 5.17 3.36 1.04 7.02 3.23
Testcase10 2.75 – 2.26 2.47 5.22 1.77 1.28 4.28 2.37 0.76 6.05 2.26
Testcase13 5.53 – 1.38 4.76 9.12 1.72 2.25 7.63 1.33 1.44 3.81 1.19
Testcase14 2.13 – 1.32 2.85 6.91 1.98 3.61 12.19 1.58 1.64 4.83 1.53
Testcase15 2.43 – 1.96 1.86 4.63 1.84 1.08 3.65 2.29 0.69 3.52 2.12
Testcase16 2.91 – 2.02 9.32 22.27 1.03 2.05 6.93 2.37 1.23 5.05 2.03
Testcase19 3.68 – 2.73 3.75 6.74 2.52 1.27 4.29 2.96 0.81 4.63 3.01
Testcase20 0.96 – 2.88 3.97 2.41 3.29 0.64 2.16 3.28 0.52 2.07 2.91

Avg. 2.51 – 2.12 3.48 7.10 1.95 1.54 5.22 2.52 0.92 4.21 2.35

approach zero, penalizing any prediction that violates the KCL:

L3 =
∑︁
𝑣∈V

©­«
∑︁

𝑒∈E(𝑣)
𝐼𝑒
ª®¬
2

, 𝑰𝑒 =
𝑽̂𝑖𝑟,𝑖 − 𝑽̂𝑖𝑟, 𝑗

𝑹𝑒

. (7)

For EM, we define L4 and integrate the constraints from the
steady-state Korhonen’s PDE, as formulated in Equation (8). This
law governs the evolution of stress in interconnects. The static
Korhonen’s PDE is derived as a discrete second spatial derivative
of stress in the steady state, which is also supposed to be 0. We
calculate this derivative through a finite-difference approximation:

L4 =
∑︁
𝑒∈E

( 𝜕2𝜎𝑒𝑚
𝜕𝑥2

���
𝑥𝑘

)2
,

𝜕2𝝈𝑒𝑚

𝜕𝑥2
=
𝝈̂𝑒𝑚,𝑒,𝑘+1 − 2 𝝈̂𝑒𝑚,𝑒,𝑘 + 𝝈̂𝑒𝑚,𝑒,𝑘−1

(Δ𝑥𝑒 )2
,

(8)

where 𝑘 ∈ {1, 2, 3, 4, 5} is the number of sampling points of the
interconnect and Δ𝑥𝑒 is the distance between adjacent sampling
points on this interconnect. When boundary nodes are taken into
account, the nearest nodes of adjacent edges are included in the
calculation. This form ensures that the learned stress both fits the
observed data and Korhonen’s PDE in the steady state, especially
for the enhancement from the PINN.

3.4.2 The Conflict-Gated Strategy.
A primary challenge in multi-task learning for EM and IR drop is

managing the optimization dynamics. Although they are strongly
related, their gradients on shared parameters are not always aligned.
To exploit positive transfer while avoiding negative interference, we
adopt an optimization strategy, CG. It fuses task gradients for syn-
ergistic knowledge sharing when they are aligned, and decouples
updates for specialized learning when conflicts occur.
Stage1: Task-Level Gradient Unification. Let 𝜃 denote the pa-
rameters of GEMIR, and let 𝜃𝑖𝑟 and 𝜃𝑒𝑚 be the parameters of the IR
branch (node embedding generation and its decoder) and the EM
branch (edge embedding generation and its decoder). The unified
gradients for each task, 𝒈𝑖𝑟 (IR drop) and 𝒈𝑒𝑚 (EM), are computed by
summing their respective data-driven and physics-informed losses,
as Equation (9) (where ∇ is the gradient operator). These gradients
holistically represent the optimal descent direction for each task.

𝒈ir = ∇𝜃 (L1 + L3) , 𝒈em = ∇𝜃 (L2 + L4) . (9)

Stage2: Conflict-Gated Update Rule. We measure the alignment
between task gradients using their inner product: 𝑠 = ⟨𝒈ir, 𝒈em⟩.
A negative 𝑠 indicates a conflict, while a non–negative 𝑠 signals
synergy. The CG selects branch updates as:

𝒈node =

{
𝒈ir + 𝒈em, 𝑠 ≥ 0,
𝒈ir, 𝑠 < 0,

𝒈edge =

{
𝒈ir + 𝒈em, 𝑠 ≥ 0,
𝒈em, 𝑠 < 0.

(10)

The parameters are then updated with learning rate 𝜂. When 𝑠 ≥ 0,
the fused gradient promotes robust shared representation learn-
ing. Conversely, decoupled updates prevent negative transfer. By
dynamically switching between unified, synergistic updates and
specialized, split updates, the CG maximizes beneficial knowledge
transfer by leveraging the correlation and mutual influence of two
tasks, while preserving task-specific accuracy.

4 Evaluation
4.1 Experimental Setup
Baselines. GEMIR is evaluated against three competitive ML-based
methods. EGNN [6] enriches its node regression by aggregating
both node and edge features and is widely used in node-level work.
EMTM [26] jointly predicts thermomigration (TM) and EM-induced
stress across multi-segment interconnects with accuracy and ef-
ficiency. EDGe [4] is a unified framework capable of predicting
on-chip IR drop, EM, and temperature. However, it is not an end-to-
end approach and must be retrained whenever the target changes.
Datasets. The ICCAD2023 [1] dataset is specialized in static IR
drop prediction, featuring 20 real designs and 100 synthetic de-
signs generated based on [5], closely resembling realistic PGs. This
dataset is leveraged in Section 4.2 and Section 4.3. To assess the
transferability and generalization of GEMIR, the public IBMPG [16]
and Nangate [5] datasets are also employed in Section 4.4.
Metrics. To evaluate the performance of IR drop and stress predic-
tion, the Mean Average Error (MAE) and Root Mean Square Error
(RMSE) are respectively adopted as the metrics. The inference run-
time is also considered to assess the efficiency of approaches.
Labels. EM-induced stress is computed based on the steady-state
Korhonen’s PDE under zero-flux boundary conditions using the nu-
merical method in [18]. For IR drop, we employ the algebraic multi-
grid preconditioned conjugate gradient (AMG-PCG) method [16].
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Table 3: Results of Evaluation for IR Drop.

Methods MAE↓ F1↑ CC↑ MIRDE↓ Runtime↓
IRGNN [8] 0.83 0.72 0.97 2.89 6.22
LaRED [23] 1.02 0.70 0.94 2.77 1.76

GEMIR (Ours) 0.77 0.75 0.98 2.44 2.35

Table 4: Results of Evaluation for EM-induced Stress.

Methods RMSE↓ MER↓ 𝑅2 ↑ Runtime↓
EMGraph [12] 5.93 1.17% 0.76 1.44

HierPINN-EM [11] 6.56 1.22% 0.82 0.53

GEMIR (Ours) 4.21 0.87% 0.89 2.35

4.2 Performance of EM-IR Co-Analysis
Our GEMIR is first pretrained on fake designs from ICCAD2023
and then fine-tune on half of the real designs. The remaining ten
real designs are used for testing. The accuracy and efficiency of
our framework and other ML-based multi-task models are summa-
rized in Table 2, which includes the metrics computed over all PG
nodes. GEMIR consistently achieves the lowest IR drop MAE and
EM-induced stress RMSE across all designs while maintaining effi-
ciency. Compared with the state-of-the-art baseline EMTM, GEMIR
achieves a significant average reduction of 40.79% in IR drop MAE
and 19.35% in stress RMSE. The enhanced performance across both
EM-induced stress and IR drop is attributed to modeling correlated
physical fields with physics-informed constraints. Unlike models
that may only loosely combine tasks, GEMIR’s designed NAA and
EAA with cross-task message-passing learn unified representations
that are mutually enriched. In conclusion, GEMIR provides more
reliable IR drop and EM predictions without significant runtime
overhead compared with existing schemes.

4.3 Performance on Single Tasks
The GEMIR is assessed against single-task SOTA methods by evalu-
ating jointly-trained models on individual targets Table 3 presents
the prediction results for the IR drop. Compared to recent SOTA
methods for IR drop prediction, the graph-based IRGNN [8] and the
image-based LaRED [23], GEMIR achieves comparable or even su-
perior performance in prediction at the bottom layer of the PG. On
the metrics of MAE, F1 score, Pearson correlation coefficient (CC),
and maximum IR drop error (MIRDE), our method has comparable
and even better performance. The reduced MIRDE indicates that
GEMIR is more accurate at severe IR drop hotspots. This suggests
that using EM as a strongly related auxiliary task, together with
KCL constraints, helps the shared representation better capture
current-crowding regions that are difficult to learn from IR drop
data alone. For EM prediction, results are presented in Table 4.
GEMIR achieves a 29.01% reduction in RMSE and a 25.64% decrease
in Mean Error Rate (MER), with better R-Square (𝑅2). The EM-
focused PINN branch, regularized by the Korhonen-based physics
loss, contributes significantly to this gain by enforcing physically
consistent stress profiles along interconnect segments. Since the
physics constraints are only used during training, these benefits
come without extra inference cost. Also, this improvement is am-
plified by the auxiliary IR drop task. Overall, GEMIR matches or

Table 5: Results of Transferring Study.

Methods IBMPG [16] Nangate [5]

MAE↓ RMSE↓ MAE↓ RMSE↓
EMTM [3] 0.68 2.74 0.47 3.32

GEMIR (Ours) 0.33 2.25 0.24 2.51
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Figure 1: Ablation study results for the GEMIR model (Unified Legend).

1

Figure 3: Results of Ablation Study.

surpasses specialized single-task models on both IR drop and EM,
while still supporting joint EM–IR analysis in a unified framework.

4.4 Transferability on Unseen Designs
In practical sign-off flows, training data are often limited, and design
styles can differ substantially across projects. To assess the transfer-
ability and generalizability of GEMIR, we utilize half data of IBMPG
to fine-tune the pretrained model described in Section 4.2 and evalu-
ate on the remaining IBMPG samples. The same procedure is applied
to the Nangate dataset. Table 5 shows that GEMIR achieves strong
generalization, providing better IR drop and EM-induced stress
predictions compared to the previous method. Despite significant
structural differences between different datasets, our framework
shows robust performance. It demonstrates that GEMIR captures
the underlying physical principles, not just dataset-specific correla-
tions, making it highly suitable for practical application.

4.5 Ablation Study
Ablation studies are conducted to quantify the contribution of each
key design in GEMIR. We compare the following schemes: (1) W/o
IR drop work and (2) W/o EM work: the model is trained and
evaluated only for the EM or IR drop task; (3)W/o physics con-
straints: removing bothL3 andL4; (4)W/oCG: training GEMIR by
combined loss without the CG optimization. As shown in Figure 3,
disabling either the IR drop or EM branch harms the remaining task,
verifying that EM supervision provides useful signals for IR drop
and that IR drop distribution strongly drives EM-induced stress
learning. These results collectively demonstrate the necessity of
joint modeling, physics-informed constraints, and CG optimization.

5 Conclusion
The combined effects of EM and IR drop critically impact the re-
liability and power integrity of PGs. We propose a novel graph-
based multi-task learning framework, GEMIR, designed to leverage
the strong physical correlation between EM and IR drop and pre-
dict them simultaneously. Extensive experiments demonstrate that
GEMIR successfully predicts both EM-induced stress and IR drop
with superior performance and generalization.
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