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Tools of the Trade

Need for a full stack approach

application driven platforms / software

A Software / workloads system modelling
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Technology impact might not be
observable or significant in a specific
architecture, but extremely important in
another.



To translate technology improvements to
workload performance, a HW-SW
codesign methodology is needed.



Specific Workloads will Drive Demand for Computing and

= Al will continue to set the pace in demand for compute efficiency
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Al Hardware: Goals, Current Landscape

How’s it done today?

» Alis powered by GPUs,
TPUs/NPUs

» Most of the improvements
are from data-parallel
architectures, specialization
and high-bandwidth memory

Need for radically
different approach:
beyond von-Neuman
based hardware

Energy Efficiency

Innovation vectors (examples)

1. Fusing statistical and neuro-inspired models
2. Extreme integration with sensors

3. CMOS+X hardware fabrics

4. Compute-in-memory fabrics

DoD Edge Al needs
(autonomous vehicles,
target recognition,
threat monitoring,
wearable sensors, ...

)
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Why co-design Is pivotal for Al hardware?

ML application trends (Training)

Data-intensive Al workloads |:> [

Enormous energy/performance overheads in
traditional von-Neumann architectures
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Computational Errors, Energy Inefficiencies, Latency Increase !!

Aggravation of Technology
Non-ldealities

* Wire resistivity/resistance
* Process variations
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Technology scaling to support high data

Need a technology-circuit-architecture-algorithm co-

storage and energy/performance
demands of Al hardware

design solutions to tackle the increase in challenges




Major Compute Requirement: MMMs
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Hardware Architecture

PUMA: A Programmable Ultra-efficient Memristor-
based Accelerator for Machine Learning Inference
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Massively parallel accelerator—> Amenable to Data-Level Parallelism -> Highly efficient

Ankit et. al, PUMA:..., ASPLOS 2019
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Al Hardware Design: Intricate Cross-Layer
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Example: Spin-based Deep Neural
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Cross-layer flow for System-Technology Co-Design
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Technology Exploration/Selection

Area required for fully He, Roy et al, ICCAD
mappmgthe workload Small area budget 202’2 ,
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HW-SW Codesign for future Al compute systems

SRAM, STT/SOT-MRAM, Flash, FeFET, IGZO,
PCM

Application and algorithm optimization
Low-precision neural network exploration

LLM,
neuromorphic exploratory algorithm

imec-PU Al

system
exploration
System architecture exploration Compute-in-Memory (CiM)
Digital hardware acceleration macro using emerging memories

CiM accelerator component, middleware for ITIR,2TIR,2TIC, 2TOC cells for CiM
accelerator integration in the system macro
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