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Research Areas
TR

The rapidly advancing field of computing technology demands continuous innovation to meet the growing needs of society while ensuring sustainability and energy efficiency. The ACS Lab stands as a
pioneering research facility dedicated to the advancement of computing technologies. Serving as a collaborative hub for students, faculty, and industry partners, our mission 1s to transform high-power,
general-purpose computing mto low-power, domain-specific solutions. Our primary focus lies i the research and development of mnovative architectures and edge solutions, aiming to enhance
computational efficiency and performance while significantly reducing energy consumption. Notably, our groundbreaking contributions in the design and optimization of high-performance, energy-
efficient computing svstems have made a substantial impact, particularly in areas such as compute, network, and high-availability workloads.

Qur research 1s currently dedicated to addressing these critical challenges by focusing on four main research topics: Energy Efficient Computing Systems, Bram-Inspired Chips and Systems, Advanced
On-Chip Interconnects, and Green Computing. Through a multidisciplinary approach, we aim to develop cutting-edge solutions that enhance computing performance, reduce environmental impact, and
pave the way for sustainable technological advancement.
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Fig. 5: System architecture: (a) 3DNoC-SNN organization, (b) Multicast
router architecture (MC-3DR), (c) Spiking neuron processing core (SNPC).
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Evaluation Result, Average latency evaluation, and comparison over various SIRs.

O. M. Ikechukwu, K. N. Dang and A. Ben Abdallah, "On the Design of a Fault-
Tolerant Scalable Three Dimensional NoC-Based Digital Neuromorphic System
With On-Chip Learning," IEEE Access, vol. 9, pp. 64331-64345, 2021, doi:
10.1109/ACCESS.2021.3071089



Al Thermal-Aware Mapping Method for 3D-NoC Neuromorphic System
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(A) shows the difference in the Heat conduction path to the heat sink between the layers. (B) Represents an illustration of the temperature in each layer and
neurons cluster

A
= o ||

Different temperature scenarios, (A) Hot layer.(B) Hotspot in one layer.(C) Moderated temperature

120°C

30°cC



AL Thermal-Aware Mapping Method for 3D-NoC Neuromorphic System
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ustration of an example of the TACM method. a represents a sample of neuron activity. (b) is the difference between the neurons activities and the centroids. (c) is
the resulting clusters from (b). (d) represents the re-clustering to the final clusters and map them to the tiles
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A3 3-D IC-based Stacking Synaptic Memory for Spiking Neural Networks
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The idea is to distinguish the critical levels of synaptic weights and then isolate them using stacking layers of 3-D architectures. Hence, applying the low-
power techniques for low-important bits to gain power efficiency.
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A3 3-D IC-based Stacking Synaptic Memory for Spiking Neural Networks
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Al Off-Grid Energy Storage Solar Carport.
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Z. Wang, M. Ogbodo, H. Huang, C. Qiu, M. Hisada, A. Ben Abdallah, "AEBIS: Al-Enabled Blockchain-based Electric Vehicle Integration
System for Power Management in Smart Grid Platform," IEEE Access, vol. 8, pp. 226409-226421, 2020,
doi:10.1109/ACCESS.2020.3044612.
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Off-Grid Energy Storage Solar Carport
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Fig. 1. Virtual Power Plant (VPP): (a) conventional VPP
aggregator, (b) AEBIS, (c) optimized AEBIS (O-AEBIS).
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Fig. 5. A demonstration of the energy management system based on
our system named AEBIS and its optimized version O-AEBIS.
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Name BRAM_ISK | DSP48E | FF LUT
Expression - - 0 493
Instance - 5 414 950
Memory 2 - 320 20
Multiplexer - - - 627
Register - - 454 -
Total 2 5 1188 | 2090
| Available 120 80 | 35200 | 17600

Utilization (%) | 1 6 3 [
\\u;.,hls Memory required

Weights 568 Bytes
BI.I\L\ 60 Bytes
Inputs 44 Bytes
Total 672 Bytes

Fig. 6. Hardware complexity of power consumption

prediction system on the Zyng-7010 FPGA. The system
utilized 3% of the FF, 11% of the LUT, 6% of the DSP48,
and approximately 1% 18k BRAM.
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Parking Lot 4

Off-Grid Energy Storage Solar Carport.
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Neuromorphic Robot Arm and Prostheses
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(3) : Finger Rehabilitation (4) : Voice and EMG-based Prosthetic Hand

FIGURE 4. The Neuromorphic AlzuHand target applications. (1) Remote Robot Surgery, (2) Breast Palpation, (3) Finger Reha-
bilitation, (4) Voice and EMG-based Prosthetic Hand.

Abderazek Ben Abdallah, Huankun Huang, Nam Khanh Dang, Jiangning Song, “Al7 O+zy4

AlzuHand I, July 2022

[Al Processor]," ###52020-194733 (2020 #11 524 H)

Device Name: ATzuHand I

Total Weight: 422¢g (276g without controller)
Control: sSEMG

DoF: 5

Feedback: No

Related patent: 45 [f82019-124541

Contact "benab(at)u-aizu.ac.jp"

https://www.u-aizu.ac.jp/misc/neuro-eng/aizuhand.html



AlzuHand for Autonomous Painting
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Fig. 1: Overview of The Autonomous Robot Hand Painting Platform and System.
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Al model for predicting power generation amount using weather maps
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