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aƻƻǊŜΩǎ ƭŀǿ ϧ Lǘǎ /ƻƴǘƛƴǳŀǘƛƻƴ ΧΦΦ

NGMM Next-Generation Microelectronics 
Manufacturing

CHIMES Center for Heterogeneous Integration 
of Micro Electronic Systems

https://www.darpa.mil/research/programs/next-generation-microelectronics
http://www.chimes.psu.edu/
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/Ǌƛǎƛǎ 9ƳŜǊƎƛƴƎ ΧΦ

Crisis Ahead: Power Consumption In AI Data Centers

Train 9311 from Turin delayed yesterday for 6 hours due 
to severe breakdown and damage to overhead electric 
lines. Created Chaos ς trains cancelled, re-routed!

Imagine what can happen if AI Datacenters take 
away energy from the electric grid ς chaos will 
increase significantly.

Energy Consumption 4X compared to Generation

Need: Fundamental shifts in where power is generated, where AI data centers are built, and 
need for much more EFFICIENT SYSTEM, CHIP, AND SOFTWARE ARCHITECTURES.

Global ~ 30%

https://semiengineering.com/crisis-ahead-power-consumption-in-ai-data-centers/
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Entering Era of AI (Led by OpenAI)

Source. Shankar Krishnamoorthy, Synopsys, EE Times, 2024

Two bottlenecks
1. Data 

Movement
2. Energy 

Efficiency

CLOSING 
the GAP?
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Some calculations ς Circa Yesterday!

Ref: Andrew John and Micah Musser, ñAI and Compute ï How much longer can computing power drive artificial intelligence progressò, CSET, 2022 Anna Herr and 

Quentin Herr, Superconducting AI & HPC, IMEC  

ÇA 1-trillion parameter model can 
require ~2ς5 GWh to train on current 
hardware. (7.2 ς 18 x 1012 J) ς 
Courtesy ChatGPT

ÇWorlŘΩǎ ŜƴŜǊƎȅ ǇǊƻŘǳŎǘƛƻƴ 
~1021J/year

(Source: Decadal Plan for 
Semiconductors SRC)

Google ς 480T+ tokens (50X increase in one year)
ÁAI inference now represents 60ς70% of total energy consumption, fundamentally reversing 
ǘƘŜ ƘƛǎǘƻǊƛŎŀƭ ǇŀǘǘŜǊƴ ǿƘŜǊŜ ǘǊŀƛƴƛƴƎ ŘƻƳƛƴŀǘŜŘ !LΩǎ ŜƴŜǊƎȅ ŦƻƻǘǇǊƛƴǘΦ
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Can something be done?
Need for a Giant Monolithic GPU

Ç Lithography limits the size of the largest possible GPU (800mm2).
Ç AI systems need lots of memory and other dies in close proximity.
Ç Can the AI Server Node in the AI Datacenter be re-architected to 

make it more efficient?

Need to address the Memory Wall

Courtesy: Chatgpt

AI Datacenter

Third Bottleneck
Memory Density: 2X/2 years
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Packaging (Past)

Ç 3DHI: A means to continue Mooreôs law by interconnecting a diversity of transistors and integrated 

circuit components, blurring the line between what is on-chip and what is off-chip.

Á Should include the integration of new and transformative logic, memory, and interconnect 

technologies to support AI workloads.

Á Should enable seamless data movement at high energy efficiency.

Can Packaging Help? 

Advanced Packaging (Yesterday)
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The Future AI Server Node ς A Notional Embodiment
Capitalizing on Heterogeneous Integration

Courtesy: Sungkyu Lim and Puneet Gupta - CHIMES
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Data Movement
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Copper Wired

Wired RF

Integrated Photonics

Co-Packaged Optics

Fiber Optics

AI Server 
Node
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Data Movement + Energy Efficiency across Length Scales
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Wǳǎǘ LƳŀƎƛƴŜΧΦΦ
Courtesy: Tajana Rosing (PRISM)

Rack
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Modeling & Simulation
Key to Unraveling the Potential of 3DHI

M. Swaminathan, et al, ñDemystifying Machine Learning for Signal and Power Integrity Problems in Packagingò, IEEE CPMT, 2020

Ç Use multi-physics simulators. These simulators are often slow but accurate!
Ç/ǊŜŀǘŜ ŀ ά5ƛƎƛǘŀƭ ¢ǿƛƴέ ǳǎƛƴƎ ƻǳǘǇǳǘ ŦǊƻƳ Ƴǳƭǘƛ-physics simulators as the source of data.
Ç Digital Twins represent Fast Models that take minimum time to evaluate.
Ç Can multi-physics be combined with machine learning to capture both the physics and speed of 

computation, thereby bypassing having to rely on simulators as the source of data? 

(Multi-physics)

https://caeml.illinois.edu/ 

https://caeml.illinois.edu/
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Design the optimal P/G planes satisfying the target impedance
ÁMinimize the area with the desired shape with the given restriction
ÁMeet the target impedance in the frequency range of interest

Layout of the multiple power planes with different voltage domains

Example 1: Power Distribution

13
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[ Test PDN model with 4 layers]

[ Setup defined in the power plane design ]

Ç Two pre-assigned decaps are connected to the plane with vias
Ç Design requirements

1) Self-impedance measured at the target IC ports satisfy the target impedance
2) VDD3 plane is located in the area of the I/O pins

Ç Multiple selection options allow for the design of power plane areas with an arbitrary shape. 

Power Plane Design

14
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ÇThe RL agent interacts with the PDN environment
ÇThe tuple (st, at, rt, st+1) is used to train the optimal policy.
Ҧ ¢ƘŜ ŜƴǘƛǊŜ ǎǘŜǇǎ ŀǊŜ ǇŜǊŦƻǊƳŜŘ ƛǘŜǊŀǘƛǾŜƭȅ ǳƴǘƛƭ t5b ƛƳǇŜŘŀƴŎŜ ƳŜŜǘǎ ǘƘŜ ŘŜǎƛƎƴ 
requirements
Ҧ PPO algorithm is leveraged

Reinforcement Learning

15
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Han, Seunghyup, Osama Waqar Bhatti, Woo-Jin Na and Madhavan Swaminathan. "Reinforcement Learning Applied to the Optimization of Power Delivery Networks 
with Multiple Voltage Domains." 2023 IEEE MTT-S International Conference on Numerical Electromagnetic and Multiphysics Modeling and Optimization (NEMO). 
IEEE, 2023.

Ç The reference plane for I/O pins (VDD3) is expanded to the left to cover the area of the I/O pins.
Ç Two planes (VDD1 and VDD2) are expanded without wasting steps by avoiding the area of the VDD3 

plane.

Results

16
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Example 2: Frequency & Time Responses
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ÅNormalization to eliminate the data bias
Å3 FC linear layers to upsample the input
Å2 extra dimensions are added in order to reshape the up-sampled input into batches of the matrix: [batches, 

channels, rows, columns]
Å3 2D transposed convolutional layers
ÅOutput is flattened and a CoordConv layer is applied
ÅBayesian Dropout is applied.

¸Φ DǳƻΣ ·Φ [ƛΣ ŀƴŘ aΦ {ǿŀƳƛƴŀǘƘŀƴΣ άн5 ǎǇŜŎǘǊŀƭ ǘǊŀƴǎǇƻǎŜŘ /bb ŦƻǊ {-ǇŀǊŀƳŜǘŜǊ ǇǊŜŘƛŎǘƛƻƴǎΣέ tǊƻŎΦ L999 9t9t{Σ {ŀƴ WƻǎŜΣ /!Σ нлн2, pp. 1ς3
IΦ aΦ ¢ƻǊǳƴ Ŝǘ ŀƭΦΣ ά! ǎǇŜŎǘǊŀƭ ŎƻƴǾƻƭǳǘƛƻƴŀƭ ƴŜǘ ŦƻǊ Ŏƻ-ƻǇǘƛƳƛȊŀǘƛƻƴ ƻŦ L±wǎ ŀƴŘ ŜƳōŜŘŘŜŘ ƛƴŘǳŎǘƻǊǎΣέ tǊƻŎΦ L999κ!/a L//!5Σ ²Ŝǎtminster, CO, 2019, pp. 1ς8

Download Python Code (1D Conv):
https://github.com/GT-PRC/S-TCNN

Spectral Transposed Convolutional Network (S-TCNN)

https://github.com/GT-PRC/S-TCNN
https://github.com/GT-PRC/S-TCNN
https://github.com/GT-PRC/S-TCNN
https://github.com/GT-PRC/S-TCNN
https://github.com/GT-PRC/S-TCNN
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Ç When predicting S-Parameters, we canôt solely focus on minimizing prediction error.

ÁWe are modeling physical structures, not arbitrary data!

Ç In SI & PI, need to ensure predicted S-Parameters to be causal and passive.

Ç Introduce Causality (CEL) and Passivity Enforcement Layers (PEL) to guarantee physical consistency.

Á CEL uses Hilbert Transform, PEL ensures maximum singular values are less than 1.
H. M. Torun, A. Durgun, K. Aygun, M. Swaminathan, IEEE TMTT, 2020.

Key

Physically Consistent NNs for S-Parameters
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Plated Through Hole in Package
Large Sample Space 

(Spans several technology nodes)

Ç Map 13 input parameters to 4-port S-Parameters.

Ç Broadband frequency response between DC and 100 GHz with 100 MHz steps.

Ç Output dimensionality of the NN: 12,000 (1000 freq. points, 6 unique elements in S-Matrix, 2X from real & imag)
H. M. Torun, A. Durgun, K. Aygun, M. Swaminathan, IEEE TMTT, 2020.
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H. M. Torun, A. Durgun, K. Aygun, M. Swaminathan, 
IEEE TMTT, 2020.

Results
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Temporal Transposed CNN (T-TCNN) 

Discrete time samples 
used for GP extrapolation

Features:
ÅUp sampling method to predict the time-varying fields (reduces memory)
ÅDiscrete predictions and extrapolations used to reduce the size of the NN (reduces memory)
ÅParameterized solution saves time in predictions (one time training)
ÅWe call this Temporal Transposed CNN (T-TCNN) as opposed to S-TCNN (for frequency response)

¸Φ DǳƻΣ ·Φ [ƛΣ ŀƴŘ aΦ {ǿŀƳƛƴŀǘƘŀƴΣ άн5 ǎǇŜŎǘǊŀƭ ǘǊŀƴǎǇƻǎŜŘ /bb ŦƻǊ {-ǇŀǊŀƳŜǘŜǊ ǇǊŜŘƛŎǘƛƻƴǎΣέ tǊƻŎΦ L999 9t9t{Σ {ŀƴ WƻǎŜΣ /!Σ нлн2, pp. 1ς3
Y. Guo et al., "Extrapolation With Range Determination of 2-D Spectral Transposed Convolutional Neural Network for Advanced Packaging Problems," in IEEE 
Transactions on Components, Packaging and Manufacturing Technology, vol. 13, no. 10, pp. 1533-1544, Oct. 2023
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TTCNN Results
Å Experiment 5 Ey: angle -26.3059, radius 0.0415707 
Å X=10, Y=10

23

Plane 
Wave


