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Rapid Al development and Increasing Neural Network Complexity

Traditional von Neumann Architecture:
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Hao, K. (2019). The computing power needed to train Al is now rising seven times faster than ever before. MIT Technology Review.



In-memory Computing Roadmap and Software-Hardware Co-design
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Adapted from Zhang, W., et al. (2020). Nature electronics, 3(7), 371-382.
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Software-Hardware Co-design for IMC Accelerators
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How to Select the Optimum Design?
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Example:
A Too many parameters to consider 8.5 * 108 possible
combinations

A Manual optimization of parameters is infeasible,
based on guessing (sometimes certain rules), and
require a lot of human efforts

Grid search is slow and search time exponentially
increases with number of hyperparameters to
optimize

A Increasing complexity and network size

One approach to
achieving such
optimization is

through Hardware-
aware Neural
Architecture

Search (HW-NAS).




Neural Architecture Search from Software Perspective

Neural Architecture Search (NAS)
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Hardware-aware Neural Architecture Search

Neural Architecture Search (NAS)
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Hardware-Aware Neural Architecture Search
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as HW-NAS
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HW-NAS for In-Memory Computing: Search Space

Expanding HW-NAS Search Space for IMC Architectures

Hardware-aware NAS for
In-memory Computing
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HW-NAS Methods

Hardware-Aware Neural Architecture Search Methods
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Search algorithms

Search Strategies
—
v JV ‘ﬁ o
Reinforcement Learning Evolutionary Algorithms Gradient-based Methods Other Methods
Trial and error: Initialization, Random Search and Bayesian
Action/decision, Mutation, Supernetwork using Optimization: optimizing the
Interaction with environment, Compute the fitness function weights sharing methods, hyperparameters mostly within
Maximizing the reward until reaching an optimized set One-Shot NAS the fixed macro architecture
Supemetwork and  Training to optimize Random Search
State St Initialization wfmﬁ ng the connections ¥4 \
» Agen Layer 1 Layer 1 Random
. /' Selection | parameters
' Mutation
Reward A, based on an il Layer 2
- objective o = A"
pation L S crossover Bayesian Optimization
H Environment Bayesian probabilistic
' St+1 . Termination | ‘ models to eliminate the
Layer 4  unwanted parameters |
Search Space: Discrete Discrete Differentiable Discrete
Speed: Slow Average Fast Slow
Computational demand: High Average Low High
Memory requirements: Small Small Large Small
Scalability™: Not Scalable Not Scalable™ Scalable™ Not Scalable "2

"1: refers to time complexity increasing with a search space, %: can be used with a supermetwork search space, : search time does not increase exponentially with a search space size
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Hardware cost estimation methods

v

Hardware Cost Estimation Methods
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Model Scalability"': High Moderate Moderate/High™ Moderate/High™
Pre-processing: No One-time measurements Initial estimations Model pre-training
Transferability™ : High Moderate™ Moderate/Low™ Moderate™
Search Scalability " : High Low High Moderate

*1: across neural network models, "2: depends on how similar is a new model, : across different hardware platforms, *: requires regeneration, : depends on the hardware similarity,
'8: with increasing search space (number of hyperparameters in a search)
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State-of-the-art HW-NAS Frameworks for IMC
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The latest frameworks (not included in the paper but worth mentioning):

A Lack of a unified
framework

XPert (2023) Two-step co-optimziation of software and hardware parameters, including channel depth, ADC precision, input precision, etc.

CoMN (2024) Design space exploration for a large IMC hardware search space, including circuits and architecture parameters

Joint Hardware-Workload
Co-optimization (2024)

Design space exploration for a large IMC hardware search space to optimize IMC hardware for different workloads simultaneously

Moitra, A., Bhattacharjee, et al. (2023, July). XPert: Peripheral Circuit & Neural Architecture Co-search for Area and Energy-efficient Xbar-based Computing. In 2023 60th ACM/IEEE Design Automation Conference (DAC) (pp. 1-6). IEEE.
Han, L., Pan, et al. (2024). CoMN: Algorithm-Hardware Co-Design Platform for Non-Volatile Memory Based Convolutional Neural Network Accelerators. IEEE Transactions on Computer-Aided Design of Integrated Circuits and Systems.
Krestinskaya, O., Fouda, M. E., Eltawil, A., & Salama, K. N. (2024). Towards Efficient IMC Accelerator Design Through Joint Hardware-Workload Co-optimization. arXiv preprint arXiv:2410.16759. 14



Taxonomy of HW-NAS frameworks for IMC applications
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CF-MESMO for NAS: Yang, X. et al. in 2021 IEEE/ACM International Conference On Computer Aided Design (ICCAD). 1-9 (IEEE). 15



HW-NAS for IMC Applications Roadmap

State-of-the-art HW-NAS Frameworks for IMC

Pareto-
GAfor IMC Al UAE Mixed- Eaeah
hardware NAS4RRAM precision NAS
FLASH quantization '
" HW-NAS fSFQ
CPUs, GPUs, |- Sy
ASICs, | NACIM
FPGAs, micro- NS
architectures NN
-

Pareto-

SHe»
L1 1]
L2
o |
O 20

gp X
Different

Unified networks HW-NAS

framework and HW-NAs Methods for IMC
for HW-NAS benchmarks nardware design

Fully automated

{7

bert==

HW-NAS methods
for different types
of hardware

Including IMC based
hardware non- optimization
idealities to the for IMC

search

IMC hardware parameters search in HW-NAS frameworks
HW-NAS methods for IMC architectures

e e Solvin

— Improving compl exgity
Adapting existing Software- and
HW-NAS methods ha_r:w?re runtime
for different IMC  €O-design issues

hardware

#

tools

Future development of

HW-NAS for IMC architectures

16



Open Problems and Way Forward

r _D’%U%« N
NN
L
Solving Including Expanding Creating Adapting  Considering Unified
complexity hardware hardware HW-NAS existing system-level framework
a"‘_j runtime non-idealities and model b o HW-NAS challenges incorporating
issues e h |
mitigation searc methods for neura
- spaces, different (dataflow network
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(search space to NAS adding more IMC optimization, model and
size vs search T e applications hardware scheduling, hardware

time) etc.) search
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Open Problems and Way Forward

Neural network model and IMC hardware optimization covered by HW-NAS:

covered by HW-NAS

» Non-idealities - Circuit configuration . T cofigiesion What is

* Device precision * Crossbar size : k/l:&ﬁl:;g opimized
* Device choice * ADC precision « Communication between
« Crossbar cell * Mapping blocks
"r*."‘ i' = , gt ,, vI". e "‘y‘ :*yv"‘ ,, ""‘ “ ‘ What 's
Pe nce (accuracy, loss, etc.) affected

A Some architecture-level optimizations can also be considered in HW-NAS.

Combining HW-NAS with other optimization techniques for

end-to-end IMC hardware optimization tool?
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One more step forward

Ez Self-adapting Design Algorithms
Optimum Al hardware design '
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Device choice and G
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“'\ Shift &
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Design Optimization Q ) ] ) i ]
288 o558 deep learning operations and algorithms suitable for IMC with
Seiee 3553 minimal human design efforts.
2.0, « Example from software: AutoML- Zero — automatically searchin
s e };ﬁ . . :
;ggogd sl for the complete machine learning algorithms (model,
Diio,*b CNN‘

optimization procedure, etc with minimum restriction on the form
or math operations).

* Reducing human intervention in the design.
* No pre-defined blocks.

» Adaptable to different tasks and constraints.
« |IMC awareness — open challenge.

:— Utilization of Al capabilities to improve and automate both
algorithm and hardware design.
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