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Overview

Akida: Al accelerator to complement RISC-V

A simple use case

Hardware Performance



Akida

A Hardware Accelerator for Al Workloads

Akida IP is infegrated into chip designs
Configure size to target workload
Event-based Processing

At-Memory Compute

Physical chips available for evaluation

GRAIN: RISC-V + Akida is coming soon!




brainchip:):' Akida Evaluation Hardware Devices

AKD1000 Chip AKD1500 Chip

e Embedded M.4 Core * PCle Co-processor
e 300 MHz e 400 MHz

e 20 Nodes =80 NPUs e 8 Nodes=32NPUs

Data Input Interfaces External Memory Interfaces

2 Lane Endpoint

bralncwp*

AKD 1000

132

Data Processing

Pixel-E
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Gaisler

GRAIN: a RISC-V + Akida Device is On Its Way!

* RISC-V CPU (NOEL-V) PCle Gen 3 x4

e Akida engine NOEL-V FT
RV64GC

* Fault-tolerant

* Rich set of interfaces allowing for versatile applications

*  On-Chip RAM i RISCV 12C, SPI, UART

* Small footprint

SpaceWire

Gbit Ethernet

Single-core processor Neuron Fabric
for system management Peripheral interfaces

_ SPI Memor
On-chip memory controllery




Ship Detection

A Simple lllustrative Use-Case



brainchip™ Airbus Ship Detection Dataset

RGB image size 768 x 768
Total number of images 192,555
Number of training images 154,044
Percentage of images that contain ships 22.1%
Total number of bounding boxes 81,723
Median diagonal of all bounding boxes  43.19px

Ratio of bounding box to image area 0.3%
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Detection Pipeline

Detection (spatial localization of objects) requires high resolution and larger models, high energy

* e.g. *YOLOV5m running on NVIDIA Jetson Nano, 2.9) per image (7.81 W at 2.7 fps) (Machado et al, 2022)

Classification (e.g. ship/no-ship) can be done with high performance at lower resolution, with smaller models

Efficient system:

High res
satellite
image

Expensive
detection
model

Low res
satellite
image

Does image
contain
ships?

Our proposed

low-power
model

Not of
interest
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Ship/No-Ship Classification Model

Based on MobileNet vl a=0.5 (Howard et al, 2017)
866k parameters Accuracy 97.91 95.75 97.67

Convolutional architecture Recall 95.23 85.12 9440 97.64

256x256 pixel input resolution —
Model trained with standard keras pipeline Precision 95.38 95.32 95.07 89.73

Quantized to 4-bit (weights and activations)

Akidanet 0.5
Filters: 16 32 64 256

HEBEEEm

Standard Conv Layers

HxW: 128x128 64x64 32x32 16x16




Hardware Performance

Simple Inference Acceleration

Increase acceleration using more NPs

Process batch data using serial pipeline

Handle larger models with multiple passes
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Processing a Single image Layer (type) Output shape Kernel shape

======= HW/conv_0-dense (Hardware) - size: 881760 bytes ======

conv_0 (InputConv.) [128, 128, 16] (3, 3, 3, 16) N/A

Hardware Device: AKD1000 (80 NPs available)

Model Summary conv_1 (Conv.) [128, 128, 32] (3,3,16,32) 4
Input shape Output shape Sequences Layers NPs conv_2 (Conv.) [64,64,64] (3,3,32,64) 8

conv_3 (Conv.) [64, 64,64] (3,3, 64, 64) 4
[256,256,3] [1,1,1] 1 15 36

separable_12 (Sep.Conv.) [8, 8, 512] (3, 3, 256, 1) 2

Akidanet 0.5

(1,1, 256,512)

dense (Fully.) 1,1,1 (1,1,512,1) 1

separable_13 (Sep.Conv.) [1,1, 512] (3,3,512,1) 4
2] e 7 o |
(1,1,512,512)
NPs: - 4 8 4 4

2




Processing a single image

Simple Inference

¥
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Hardware Device: AKD1000

(80 NPs available)
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Results show time for a 400 MHz device

Measured Processing Clock ticks

Per layer results measured by adding layers one by one

)
o
=
0]
c
o]
i)
=
<




Processing a single image

Simple Inference

¥
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Hardware Device: AKD1000

(80 NPs available)
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brainchip: Processing a batch of images

Akidanet 0.5

Illllllﬂﬂﬂl--

NPs: - 4 8 4 4 4 4 2 2 2 1 1 2 4 1




Processing a batch of images
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Hardware Device: AKD1000

(80 NPs available)

Akidanet 0.5 Model:

Akidanet 0.5

9.3 ms

Time:

428 mW

Power:

4.0 mJ/frame

Energy:



brainchip?’ When Model is too Big to fit in memory

Hardware Device: AKD1500 (32 NPs available)

separable 5 (Sep.Conv.) [32,32,128] (3,3,128,1) 4

(1,1, 128, 128)

Akidanet 0.5

separable_6 (Sep.Conv.) [16, 16, 256] (3,3,128,1) 4

(1,1, 128, 256)

(1,1, 256, 256)

separable_8 (Sep.Conv.) [16, 16, 256] (3, 3, 256,1) 2

ble_7 (Sep.Conv.) [16, 16, 256] (3,3,256,1) 2
NPs: - 4 8 4 4 4




brdinchip:)." When My Model is too Big

Hardware Device: AKD1500
(32 NPs available)

Cumulative Time (ms)
Time (ms)

* Greatly increased flexibility to handle larger models
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* At a cost of increased bandwidth (weights loaded
every frame)
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« ... butintermediate values still stay entirely on-chip Akianet0.s




brainchip?:' Maximise Throughput

Model Summary

Hardware Device: AKD1500 (32 NPs available)

Input shape Output shape Sequences Layers NPs

[256, 256, 3] (1,1, 1] 1 15 139

Akidanet 0.5
8




brainchip. Multi-pass Inference: Maximise Throughput

Cumulative Time (ms)

Hardware Device: AKD1500
(32 NPs available)

conv_1

conv_3
e 11
e 12
e 13

conv_Q
conv_2
separab
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dense
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Gaisler

Event-based Processing

RADIATION-TOLERANT EDGE Al

Authors

( Kenneth Ostberg Daniel Andersson
b Frontgrade Gaisler Frontgrade Gaisler

kenneth.ostberg@gaisler.com daniel.andersson@gaisler.com

Training data '\‘Il'llc:)dile%ss Trained model |==p| Akida model GRAIN SoC

Conventional flow Akida CNN2SNN
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Model Zoo

Training data TF. Keras

Trained model |=p| Akida model

Control

NEW Akida CNN2SNN
Event-based flow

models

Real event data Binning Event data




Conclusion

The Power of Processing

* Akida —fast, low-power Al acceleration
* Integration with RISC-V: GRAIN chip from Frontgrade Gaisler

* Highly configurable for a range of constraints

wledgements

nz @ Neurobus

ROBUS



Thank You

Website

Https://www.brainchip.com

Email

dmclelland@brainchip.com
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Akida IP
What’s in a Neuron?

* Single Node has 4 NPU engines

* One NPU configurable up to 100KB at compute memory

» Standard Configuration is 100KB/NPU (400K per neural node)
 All NPU engines run on a single clock implementation

* On-Chip communication via mesh network

* Runtime SW manages configurations

* Physical Implementation enables tiled expansion of network

e Scalability and consistency between Process Technologies

Neuron Physical Design
w/Mem & Std Cells

AXl 4.0

AXI 4.0

AXI 4.0

npU3 [ F NPU4
SRAM & SRAM

0-1 MB
Lacal Scratchpaod

Syshem Interface DAMA
Data & Configunation

Enhanced
HRC DM A
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Eventsin —

AX| Bus Interconnect

What’s in an Akida Neural Processor?

[]
DID

Events buffered

Height x Width x Channels
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y of events

il

Il

8 x Weights
(2D Filters)
in parallel

2. Repeat over Channels

3. Line of
Events out

e
4. Repeat over Rows

~
5. Repeat over Filters
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Processing Time vs “Sparsity”

EVENT DENSITY : :
Single Layer Time
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brdinChip?’- Sparsity is not just for Event-Based Inputs!

Sparsity for the Akidanet 0.5 / Ship-classification Model
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Input sparsity
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