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Biological
system

Despite tremendous progress in Al, biological
systems still possess a level of functionality that is
unmatched in artificial systems

Consider a reactive - Fly fast while avoiding obstacles in
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Can We Take Cues from the Brain?

Sensing/Learning
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Example cross-layer design: drone navigation
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Tasks

PERCEPTION ACTION

— Optical flow & depth estimation — Localization and path planning

—> Segmentation — Reinforcement learning and control

—> Object detection and tracking
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Example cross-layer design: drone navigation

ALGORITHMS
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Comparing architectures for Average endpoint error § Spiking layer - ANN layer
i i i (AEE) & energy evaluation on Output accumulator
optical flow estimation MVSEC dataset © Concatenation

| Transposed convolution
| Predict flow

A Fully-ANN model
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Zhu AZ, et al. “EV-FlowNet: ...”, RSS 2018. Kosta AK, Roy K. “Adaptive-spikenet: ...”, ICRA 2023. Lee C, Kosta AK, Roy K. “Fusion-FlowNet: ...”, ICRA 2022.
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Comparing architectures for
optical flow estimation

B Fully-SNN model

ON events
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MVSEC dataset
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| Transposed convolution

| Predict flow

Fully-Adaptive SNN with
Learnable Neuronal Dynamics for
Effective Temporal Processing

AVERAGE AEE: 4.30
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Comparing architectures for Average endpoint error § Spiking layer - ANN layer
i i i (AEE) & energy evaluation on Output accumulator
optical flow estimation MVSEC dataset © Concatenation

| Transposed convolution
| Predict flow

C SNN-ANN hybrid

Encoder SNN with Fixed

Neuronal Dynamics for Temporal
Processing Residual & Decoder ANN
\l/—Accumulator Decoder (ANN) for Spatial Processing
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0 54321 ——>
My, >@>
////->
////,/{/2 OFF events

Event EE%E
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ON events

LOWER AEE: 22%
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Zhu AZ, et al. “EV-FlowNet: ...”, RSS 2018. Kosta AK, Roy K. “Adaptive-spikenet: ...”, ICRA 2023. Lee C, Kosta AK, Roy K. “Fusion-FlowNet: ...”, ICRA 2022.
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Comparing architectures for

optical flow estimation

Jer SNN with Fixed

onal Dynamics for Temporal
ssing Residual & Decoder ANN
yatial Processing

“RAGE AEE: 3.72

ER AEE: 22%
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Zhu AZ, et al. “EV-FlowNet: ...”, RSS 2018. Kosta AK, Roy K. “Adaptive-spikenet: ...”, ICRA 2023. Lee C, Kosta AK, Roy K. “Fusion-FlowNet: ...”, ICRA 2022.
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Object Detection and Tracking: Two Stream Hypothesis

o Ventral (what) stream =z ‘ o Dorsal (where) stream
» Recognition functionality N / /5 A Guiding functionality
High spatial frequency - ' ‘ High temporal frequency
Slow processing \ - ’ 2 Fast processing
High details [ Low details
Visual input focused at fovea - \ Visual input across retina
Object-centered Viewer-centered

(a) fo =50 (b) fo =100 (c) fo =150
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Optical lllusion

Duck-Rabbit optical illusions: at any moment human vision perceives...
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Foveation & Saccades for Optical lllusion

» Explored alignment of our method with human
perception using a variation of the optical illusion

Predicted location 1dx: 5
Foveation region idx: 16 “Foveation Glimpse'
Predicted label: "Rabbit" Part of the input observed by the models

_~
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Cross-layer design: sensors, algorithms, hardware

HARDWARE

®
O

Analog in-memory
computing (AIMC)

Digital in-memory
computing (DIMC)

Specialized hardware
for low latency and
low power edge
implementation
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Hardware
fabrics

Speech | BN30 .
(RNN) | Char
Language | LSTM ' |
(DNN) (Nat Lang | |
= |
Vision | VGG | e
(CININ) | AlXIN ni
) 0% 10% 20% 30% 40% 50% 60%  70%  80%  90%  100%
Hgemm W lowering M softmax M rnorm1 ¥ rnorm2
B calcError ¥ tanh tanhGrad W sigmoid sigmoidGrad

B axpy saturate Mrelu " reluGrad B matrix assign

Bruce Fleischer et al, IBM Research, 2018
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—

Speech | BN50
Hardware Ty Char

fabrics Langiago_ LSTH

(DNN) H\Iat Lang
Vision | VGG

| - o'l

(CNIN) | /Al X N 1 Wl
- ) 0%  10%  20% 40% 50% 60% 70%  80%  90%  100% "
. . . Hgemm W [owering M softmax W rnorml ¥ rhorm2
Circuits and architectures B calcError tanh tanhGrad sigmoid sigmoidGrad
that can efficiently implement H axpy saturate M relu reluGrad B matrix assign
the algorithms (possibly embody
com putlng prInCIpIeS from the Bruce Fleischer et al, IBM Research, 2018
brain)
- GPUs, systolic arrays,.. - Approximate (quantization..)
- Quantization, sparsity and stochastic hardware EXPONENTIAL

- Neuromorphic devices
and interconnects

- Memory architecture

- Near-/in-memory computing (data

movement cost) - Event-driven computation

Softmax Tanh Sigmoid
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Compute In Memory

Multiverse of MRAM Compute in Memory
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ROM overlaying RAM (in MRAM technology)

WL, SL, BLO, BLI1, sL, BLO, BLI,
' RAM data
L Tt
) 1(P) O(AP)
0(AP) 1(P)
— @8
g e ROM data
o "2 1(BL1) 0(BLO)
2y V7 1(BL1) 1(BL1)
NAND '
\Z
ROM behavior supported through ROM data storage achieved RAM data stored in
1 extra bitline (NAND and Sense Amplifiers through physical connections to the MRAM (P state
supporting peripherals) either bitline vs AP state)

Abbreviation: MRAM, Magnetoresistive random-access memory
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CiMs Fabricated in FEOL GF 22FDX + BEOL (IMEC MTlJs)
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Hardware architecture

Tile O

Shared memory
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Ankit et. al, PUMA:..., ASPLOS 2019

PUMA: A programmable ultra-efficient memristor-based
accelerator for machine learning Inference
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Vision based navigation

HARDWARE

®
O

Analog in-memory
computing (AIMC)

Digital in-memory
computing (DIMC)

Specialized hardware
for low latency and
low power edge
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Hardware architecture: design and implementation

GPU-based baseline

300

250

200

150

Inference Latency (ms)

100

50

BASELINE
High latency due to inefficient
handling of SNNs on GPUs.

Latency comparison

Spike-FlowNet

E Baseline

Fire-Net

B Sparsity Optimized

Fire-FlowNet
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Hardware architecture: design and implementation

4x SCUs (32 CIM Macros)

GPU-based baseline Adaptive-SNR A

sparsity-aware CiM i
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GPU-based baseline

BASELINE

High latency due to inefficient
handling of SNNs on GPUs.

Inference Latency (ms)

300
250
200
150
100
50
0

Latency comparison

Spike-FlowNet

E Baseline

Fire-Net Fire-FlowNet

B Sparsity Optimized

Hardware architecture: design and implementation

Adaptive-SNR
sparsity-aware CiM

4x SCUs (32 CIM Macros)

INPUT
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MEMORY

SHIFT & ADD +
OUTPUT BUFFER

2mm

1.56mm

Spiking neural network (SNN)
accelerator
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Hardware architecture: design and implementation

GPU-based baseline Adaptive-SNR Spiking neural network (SNN) HW/SW co-design with ADC-

sparsity-aware CiM accelerator Less IMC
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