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Edge AI Computing - Necessity

◼ DNN models become pervasive while evolving rapidly

3

Image Classification Video Generation

Language Assistance Intelligent Robotics Model size of language models



Edge AI Computing - Necessity

◼ DNN models become pervasive while evolving rapidly

◼ Edge DNN deployment challenges

◼ 1) High performance and energy efficiency

◼ Real-time application

◼ Low battery capacity 
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Edge AI Computing - Necessity

◼ DNN models become pervasive while evolving rapidly

◼ Edge DNN deployment challenges

◼ 1) High performance and energy efficiency

◼ 2) Flexibility

◼ 3) Underutilization

◼ Low effective computation
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Edge AI Computing – SotA Works

◼ Efficiency vs. Flexibility/Reusability 
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DSAs: NVDLA [1]

DepFiN [3]

Programmable platforms:

CPUs/GPUs/FPGA

Effi. Flex.

Low efficiency and high 
control overhead

Reusable for 
diverse workloads

Higher flexibilityHigher efficiency

Tailored to specific 
workloads 

Limited reusability and 
programmability
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◼ Efficiency vs. Flexibility/Reusability 
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RISC-V AI platforms:

Gemmini [2], RedMule [3]

Flexible GeMM 
accelerator

Effi. Flex.

Programmability 
with RISC-V

High control overhead

Low utilization



Edge AI Computing – SotA Works

◼ Efficiency vs. Flexibility/Reusability 
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OpenGeMM

Flexible GeMM accelerator

Effi. Flex.

Programmability with RISC-V

Low control overhead

High utilization



Edge AI Computing – Utilization Issue

◼ PE array underutilization – performance killer

◼ Spatial underutilization

◼ Temporal underutilization
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Utilization = 25%
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Proposed OpenGeMM Overall

◼ An open-source GeMM 

acceleration platform

◼ Perfectly balance efficiency 

and flexibility
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OpenGeMM Arch. Overview



Proposed OpenGeMM Overall

◼ An open-source GeMM 

acceleration platform

◼  Programmable GeMM 

hardware generator

◼ 3D spatial unrolling for 

high utilization

◼ Design-time and run time 

flexibility
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Proposed OpenGeMM Overall

◼ An open-source GeMM 

acceleration platform

◼  Programmable GeMM 

hardware generator

◼ A lightweight RISC-V 

host processor 

◼ Configuration and Status 

Registers (CSR) 

instructions for Acc. Ctrl.

◼ High configuration 

bandwidth (32 bits/cycle)
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Proposed OpenGeMM Overall

◼ An open-source GeMM 

acceleration platform

◼  Programmable GeMM 

hardware generator

◼ A lightweight RISC-V 

host processor 

◼ A tightly coupled memory 

subsystem
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Proposed OpenGeMM Overall

◼ Three mechanisms for 

high temporal utilization

◼  Configuration pre-

loading

◼ Input pre-fetching with 

output buffering

◼ Programmable strided 

memory access
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OpenGeMM Arch. Overview









GeMM Accelerator Dataflow

◼ Blocked GeMM acceleration

◼ 3D spatial unrolling (SU)

◼ 3D temporal unrolling (TU)

25



GeMM Accelerator Architecture

◼ Blocked GeMM acceleration

◼ 3D spatial unrolling (SU)

◼ 3D temporal unrolling (TU)

◼ 3D MAC array

◼ (𝑀𝑢,𝑁𝑢 )-sized mesh of 𝐾𝑢 -sized 

vector dot product units (DotProd)

◼ Spatially reuse each row of A and 

each column of B

◼ Spatially reduction of partial sum

◼ Design time configurable

◼ (𝑀𝑢,𝐾𝑢,𝑁𝑢 )

◼ Data precision
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GeMM Accelerator Architecture

◼ Blocked GeMM acceleration

◼ 3D spatial unrolling (SU)

◼ 3D temporal unrolling (TU)

◼ 3D MAC array

◼ (𝑀𝑢,𝑁𝑢 )-sized mesh of 𝐾𝑢 -sized 

vector dot product units (DotProd)

◼ Design time configurable

◼ (𝑀𝑢,𝐾𝑢,𝑁𝑢 )

◼ Data precision

◼ Output-stationary

◼ Temporally store partial sum

◼ Progammable loop bounds

◼ M/Mu, N/Nu, K/Ku
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3D SU for High Spatial Utilization

◼ 3D SU balances unrolling of each dimension

◼ 16x16 matrix mapped on 2D 32x32 (1024 MAC) PE 

array
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Utilization = 25%

Underutilization = 75%



3D SU for High Spatial Utilization

◼ 3D SU balances unrolling of each dimension

◼ 16x16 matrix mapped on 2D 32x32 (1024 MAC) PE 

array: utilization = 25%

◼ 16x16 matrix mapped on 3D 8x8x16 (1024 MAC) 

PE array
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3D SU for High Spatial Utilization

◼ 3D SU balances unrolling of each dimension

◼ 16x16 matrix mapped on 2D 32x32 (1024 MAC) PE 

array: utilization = 25%

◼ 16x16 matrix mapped on 3D 8x8x16 (1024 MAC) 

PE array: utilization = 100%
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Mechanisms for High Temporal 

Utilization

◼ (1) Configuration Pre-

loading at control panel 

◼ Double buffered 

configuration

◼ Overlap configuration 

and computation
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Mechanisms for High Temporal 

Utilization

◼ (3) Strided memory access for 

bank contention alleviation

◼ Banked data layout
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Mechanisms for High Temporal 

Utilization

◼ (3) Strided memory access for 

bank contention alleviation

◼ Banked data layout

◼ Flexible address generation

◼ Configurable strided address 

generation unit (AGU)

◼ Design time

◼ Hardware loop number

◼ Runtime

◼ Loop bounds, base addresses,  

address strides 
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OpenGeMM Reusability and Flexibility 

Summary
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Experimental Setup – OpenGeMM 

Hardware Generation
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Experimental Setup – Performance
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Experimental Setup – Area and Power
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GeMM Core Utilization Analysis

◼ 500 different computational matrix sizes (𝑀, 𝐾, 𝑁) where 𝑀, 

𝐾, 𝑁∈{8, 16, 24,. . . , 256}

◼ Configuration pre-loading (CPL): 1.4×

◼ Input pre-fetching and output buffering: 2.02×

◼ Strided memory access (SMA): 1.18×
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Real-life DNNs Benchmarking

◼ Real-life CNNs and Transformers

◼ Temporal utilization: 93.74-99.80%

◼ Spatial utilization: 87.36-99.54%

◼ Im2col-ed matrix irregularity in MobileNetV2

◼ Overall utilization: 81.89% to 99.34%

43DRAM and on-chip memory communication cycles are not counted.



Area and Power Evaluation

◼ 0.531 𝑚𝑚2 total cell area @TSMC 16nm FFC 200MHZ

◼ 43.8 mW system power under (32, 32, 32) GeMM workload

◼ 204.8 GOPS peak performance, 4.68 TOPS/W efficiency
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State-of-the-Art Comparison - Utilization

◼ OpenGeMM vs. Gemmini [2] with output-stationary (OS) and 

weight-stationary (WS) mode

◼ 3.75× to 16.40×better vs. Gemmini OS

◼ 3.58× to 15.66×better vs. Gemmini WS
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State-of-the-Art Comparison - Overall
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Conclusion and Future Work

◼ OpenGeMM: an open-source GeMM acceleration platform 

targeting edge AI applications

◼ GeMM accelerator generator, a lightweight RISC-V processor, and a 

tightly coupled memory system

◼ Three mechanisms for high hardware utilization at the 

system level

◼ Configuration pre-loading, input pre-fetching with output buffering, 

and programmable strided memory access
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Conclusion

Future Work

◼ More flexible/sparse GeMM core generation, multi-core 

computing cluster…

◼ Maping more emerging workloads
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GitHub Repository

◼ Standalone GeMM 

core generator

◼ https://github.com/K

ULeuven-

MICAS/snax-gemm

◼ System platform

◼ https://github.com/K

ULeuven-

MICAS/snax_cluster
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Q&A

Thank you for listening!
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