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Challenges with the Existing Computing Paradigm

« von Neumann / Turing computers “data bottlenecks”.

— Difficult to process large amounts of data efficiently given
computation, memory, and storage are distinct, distant and
mismatched.

Deterioration of Moore’s Law.
— Single core performance improvements ended in 2004

— Power density and device feature size limits (manufacturing and
atomic-scale/noise) have significantly slowed system scaling.

e Programming High-Performance Computers is HARD.
— Limited success with increasing computer parallelism.
— Some problems don’t parallelize

— Software complexity is a ma{'or constraint - due to development
costs & lack of tools and skills (parallelization is difficult)

Data and problem sizes continue to grow.
— Growth in data volume is increasing exponentially.
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Big data growth
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The Promise of Neuromorphic Computing

Leveraging Neuroscience for Computing Architecture

*Potentially orders of magnitude improvement in performance/watt.
— Use of: low-voltage analog/digital circuits, low-power non-volatile devices
(e.g. memristors) and “spike” based computing.

» Significant increase in processing and storage capacities.

— Changes in information structure and processing accuracy.
» Significant reduction in physical system size for target applications.
» Adaptable and Dynamic: Can adjust to changes in: environments,
inputs, thresholds, critical conditions, ... - (dynamic learning)
* “training” and/or “learning” paradigm vs programming paradigm
 Primary target — “complex dynamic real-time” applications

— Classification - Anomaly Detection

— Controls - Analytics
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Related Work

HBP Neuromorphic Many-Core System?
(SpiNNaker)

(BrainScaleS / FACETS)

Memristors®

. FPGASs5
(PICture from UCSB ECE) (RT-Spike, Associative Memory

Neural Networks, Hopfield Classifier)

HBP: Human Brain Project
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Our Approach — NIDA & DANNA

* NIDA = Neuroscience-Inspired Dynamic Architecture

3D structure using two simple elements: neurons & synapses

Both element types incorporate memory & dynamics.
* Neurons hold “charge”.
* Synapses contain short histories of signals in transit

Spike / event-based computing; distributed memory & dynamics
Placement, number, and connections among neurons are not constrained

* DANNA = Dynamic Adaptive Neural Network Array

2D adaptation of NIDA
Implementable in FPGAs and VLSI chips.

Single programmable element (neurons, synapses, pass-thru) replicated across
an NxM array (array size dependent on chip size and devices used).

Real-time execution (currently MHz clock rates).
Nearest neighbor connectivity with configurable long-range capability.
Mixed-signal implementations (lower power & higher element density).

* Design tools based upon genetic algorithms - “learning” paradigm

Neural Network topology and function determined by evolutionary optimization
& real-time adaptation
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Dynamic Adaptive Neural Network Array (DANNA)

OQ O

* Generic neuromorphic elements
— Neuron, synapse, or pass-through
— Connects to nearest neighbors (16) Q

« DANNA Element Functions
— Input Sampling
— Accumulate and Fire Q

— Long-Term Potentiation / Long-Term
Depression

— Synapse Fire Delay
 DANNA Chip Functions
— Configuration/Command Interface
— Input/Output FIFOs
— Real-Time Array/Element Monitoring
— Clocking

O
O
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DANNA Application Development Platform
(ADP)

« DANNA ADP Functions:

— Neural Networks created using genetic algorithm
« Evolutionary Optimization and hardware matched simulator

— Command Interface - Controlled, Configured, and Monitored
— External input “fire events” created by host command
— External output “fire events” sent to host via response packet

Host FX3 FPGA/VLSI
—
/ DMA Channels FMN @u FIFO  Programming DAm
with DMA buffers Interface \ 32-bit / Machine Logic Interface Array
Read MHz
e 1D Bus (o] Read | (5
USB <:| FIFO
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DANNA Array Command Structure

Run, Halt, Capture,

Shift, Reset, No Op Load Element Step Command  Fire Command
o . -
Operation Operation Code Operation
Code Element Address Code
) — LTP/LTD
Refractory Period External
Element Type Input
and Output Select Weights
Unused Threshold / Weight
Bytes Synapse Distance
Register Value
Input Enable
., ) Unused Bytes
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Element Monitoring

Elements are monitored using shift [Topmgrammng
registers (JTAG like structure) Interface Module

Uses Capture and Shift DANNA

commands P T | o Acom

) . . '.:gi V.alue . g Vlalue y g Value
Captures 4 bytes of information of | |3 « &=, IR R 38« o
element v 4 g SRR NN

— Contents of Accumulator
— Number of Fires since previous

A |
Capture Ty e R R R R
— Number of Stored Fires (for a IR R IR 3|« e
Synapse) w| A S W] 4 g | 4 S

Shifts one bit at a time thru elements
above, up to Programming Interface
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DANNA ADP System

« A complete hardware system
that contains:

— A DANNA Array Chip (Xilinx
690T or 2000T)

— A Communications Interface , e ,,
(Cypress FX3) B ( ~

— AHost System — ARM based | [ e N TN
Single Board Computer L= e o ap—mt

* Neural Network Dev. Env.

— Uses Evolutionary Optimization
to build neural networks

— Hardware matched simulator
for off-line app development.
 Allows researchers to build,
test and evaluate DANNA
based Neural Networks in
various applications
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Challenges

32-bit FPGA
L T e oy
Latency/Bandwidth of USB 2.0 host interface Doy [ )

DMA Channel  DMA Receiver
with Sockets

« Latency dominated by individual LIBUSB calls WA s Fiag © A Fro |<2

« Fire commands from host must be transferred in fa?
bulk to maintain cycle accurate command delivery.

« Moved to USB 3.0 to improve bandwidth
Latency of FX3-to-array transfers
— Constrained by FX3 buffer switching time (50-60usec)

— Problem mitigated by using sockets in FX3 (10-12usec) and larger array
interface FIFOs (2KB)

Spacing of “fire commands” to simulate real-world conditions
— Used no-op or “null commands” to separate fire commands
Monitoring array elements and receiving continuous fire responses

— Multiple large FX3 “read” buffers (32KB) to support steaming of array and fire
information from array-to-host.

Host computer processing performance

— Used Intel-based desktop system as host when required for support high-
throughput applications.
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Future Improvements

* Replace FX3 with purpose built communications board
— Supports higher array clocking (10x) and faster interface
— Supports larger array sizes (10x)

— Supports multiple arrays (working as separate neural
networks or as one integrated neural network)

« Allow DANNA to receive external fire events directly

« Add additional commands to reduce communications
traffic from host-to-array and improve functionality
— Step-and-fire, Nulls XX, Flush responses, ...

* |Integrate evolutionary optimization to enhance
continuous learning of neural network
— Background monitoring of elements and network

— Integrate host and communications board to eliminate USB
interface.
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Neuromorphic Computing at Tennessee
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We are a group of faculty, post-docs, graduate students and undergraduates
researching a new paradigm of computing, inspired by the human brain. Our
research encompasses nearly every facet of the area, including current and
emergent hardware implementations, theoretical models, programming techniques
and applications. (http://neuromorphic.eecs.utk.edu/pages/research-overview)
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Thank you!

Questions?
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Moore’s Law Ended in 2004
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1,000,000

100,000

10,000

g
o

100

1990

1995

2000 2005
Year of Introduction

2010

2015

2020

Historical growth in
single-processor
performance and a
forecast of processor
performance to 2020,
based on the ITRS
roadmap.

Source: “The Future of
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In 2015, Global Data Volume
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By 2015 80% of all data will be

By 2015 the number of networked devices will
be double the entire global population. All

uncertain. :
sensor data has uncertainty.
100
90 The total number of social media
accounts exceeds the entire global

80 population. This data is highly uncertain
70 in both its expression and content.
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5 enterprise data like customer,
410 2 product, and address data, but

a this is only a fraction of the
30 = total enterprise data.
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Enterprise Data
Multiple sources: IDC,Cisco
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