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C-BRIC Vision

» Enable next generation of intelligent autonomous

systems

O Narrow the orders-of-magnitude computing efficiency gap between
current computing systems and the brain

O Drive improvements in the robustness of cognitive computing systems

O Explore distributed intelligence across edge/hub/cloud and peer-to-peer
networks

O Demonstrate the impact of these advances in end-to-end systems such
as autonomous drones and personal robotics
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C-BRIC Organization

Theme 1: Neuro-inspired Algorithms & Theory

» Algorithms for efficient & lifelong learning

+ From perception to decision making & control

+ Theoretical underpinnings of neuro-inspired computing
* Algorithms for emerging hardware

Brain-inspired
computing

Theme 2: N hic Fabri
euromorpnic rabdrics Theme 4:

enables new
capabilities & + Neuromorphic architectures & in-memory computing fabrics Application
» Neuro-mimetic circuits & interconnects

guantum + Approximate & stochastic hardware Drivers
Improvements « Self-flying

in intelligent Theme 3: Distributed Intelligence arones
autonomous - —— » Personalized
systems + Distributed learning & inference (edge-hub-cloud & robots

peer-to-peer)
+ Cognition on compressed & unreliable data
« Context-aware distributed cognition




Theme 1: Neuro-inspired Algorithms and Theory

State-of-the-Art: Future Neuro-
Deep Neural Nets Inspired Algorithms

Largely supervised learning
Static (one-time) learning
Training requires global
updates (Backpropagation /
SGD)

Perception (speech, images,
text)

Unknown generalization
behavior

Manually designed network
topologies

Computationally efficient
algorithms

Theory of neural computing
from DNN to emerging models
Learning with less data
Incremental and lifelong
learning

Algorithms that leverage
stochastic and approximate
computation

Learning and inference on
emerging computing fabrics
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Theoretical Understanding of Learning
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+ EV spectra before learning . .
* EV spectra after learning before Learning after Learning

» Shrinking of the EigenValue spectral circle represents the
stabilizing effect of the learning mechanism

» Understanding network behavior from Random Matrix theory
and Principal Component Analysis

» Quantification of stabilizing hyperparameters from network
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Learning to Forget with Adaptive Decay
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Dynamic, Variable-Effort Deep Networks
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» Deep nets are fixed-effort and static MNIST
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Stochastic Neurons and Synapses

Explore
applications that
exploit probabilistic
inference

Spiking Networks

Applications Enabled by Probabilistic Inference

Bayesian Networks
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Theme 2: Neuromorphic Fabrics

» CMOS and Post-CMOS neuro-mimetic devices and interconnects
» Compute-near-memory / Compute-in-memory
» Approximate and stochastic neuronal and synaptic hardware

» Architectures that embody computing principles from the brain (sparse,
irregular, event-driven, massively parallel)

» Programming and evaluation frameworks
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Compute-in-Memory
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Compute-in-Memory: Embedding ROM In RAM

ﬂROM Embedded CMOS memoriem

/

ROM Embedded Post-CMOS
memories

wi o
w2, OO e - - . .
Separate bit-lines to enable ROM functionality
ROM 0/ ROM“1’ Merge bit-lines electrically
] ] For ROM Sensing for RAM functionality
-t:ello -Cell S e B
> | > For RAM functionality
i A ™
RAM Mode ROM Mode FHRAM f
Memory Controller Memory Controller ~ Z—1  [Reference
C T ) C — R —— 1 Generator
e ata . . g
WLL WLI ‘/I BLS«E} ?MI'J _ﬂ':_ﬂ:'--?xn _R: _-"\'_ur; = ! |
Both ON ROAM Only WL1 ON ROAM o
WL2 ‘D(? Read Biaz Wnte  |— WiteEn
RAM copy — - - < 4 - 4 4 Generator Dover  p— Dataln
o -
— utter ReadEn
/ Spike (Emmsmsmsmnenmmmnnmmnn e ﬁ\
vector IN i H : :
SNN Inputs or 1N AJ spielnput l t Distributed
—— |
s 1 1 . .
SNNouwput | ske i architecture for in-
’ i output 1
; Layer1 Layer2 Layer3 ,/' i - compitation E memory SN N
1 | ROM Embedded RAM i . .
........ »| PE 1
g [PE] il - i ¢] | computations with
i ights, ) =
e N o BN e g NN | Y ] Veteak Mmoo 23| | ROM-Embedded
\ 1 | time constants synaptic F O :
Global H I—"I I- ------- > D “ : efe.) behaviors etc.) — _g* 1
Memory \\\ ! I ] = E RAMS
1 T 1 I- ........ g E \\ E State i
H i vl 1
Control : . i N Update !
Unit e M o I SRS I . S . C
Spike vector OUT } @ f— B R I




Hardware Demonstration of Autonomous Decision
Making via Reinforcement Learning

Motor control,
Level-shifter ~ peripherals and
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Theme 3: Distributed Intelligence

State-of-the-Art:

Cloud-enabled Intelligence

* Centralized training in cloud

* Inference entirely in cloud or
entirely on edge device

* Algorithms agnostic to distributed
context require high communication

Peer-to-peer

Future Distributed Intelligence

e Partitioned learning and inference
e Algorithms for hierarchical
(edge/hub/cloud) and peer-to-peer

networks
C-Bi  Cognition on compressed and unreliable
Theme data

* Event-driven sensors, data fusion,
learning from incomplete/
unsynchronized/noisy data

* In-sensor analytics

* Low-complexity algorithms and

hardware to enable in-sensor computing
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Staged Conditional Learning/Inference
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Multi-sensor Cognition in Smart Buildings
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Theme 4: Application Drivers

» Autonomous drones and drone swarms

> Personal robotic assistants

» Technologies from Themes 1-3 enable new capabilities with
real-time, autonomous operation
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