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Areas of Research

+ Application acceleration:
Cognitive computing: Autonomous agent for UAVs and decision making
Cybersecurity

+ Neuromorphic applications:
Porting algorithms to IBMirueNorth, and our internal neuromorphic architectures
Examples: cognitive agent, cybersecurity, image processing

+ Neuromorphic multicore architectures:
Digital CMOS (verified via FPGA implementation)
Memristor crossbar
Both learning and recognition
Specialized versions for: deep learning, cybersecurity, convolution networks, controls

} Memristor devices:
SPICE Modeling
Fabrication
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& Device SPICE Model
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Integrated into Sandia XYCE

DAYION

Wed 1/20/2016 1:0PM
XYCE <xyce@sandia.gov>
Xyceversion 6.4 has been released.

The Xyce (TM) team is pleased to announce the releasXyte (TM)

Version 6.4.This release fixes a number of bugs<yce (TM) 6.3

and includes improvements to existing featureXgte (TM) 6.4. Please

see the Release Notes for a complete list of new features and enhancements.

Highlights forXyce Release 6.4 include:
New Devices and Device Model Improvements
*VBIC version 1.3,-3and 4terminal variants (Q levels 11 and 12)
* MEXTRAM 504.11 with seklfeating (Q level 505)
* New memristor device using thgakopcic model
* Support for Reactive Power limits in the Power Grid Generator Bus model.
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Analog Memristor Classifier

DAYTON

1 2 layer CLA network using analog memristor circuit
Based on memristor crossbars
lteratively trained through MATLAB and SPICE
Each weight represented by twoemristors(for both signs)

Neuron and
synapses
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NC = Neural Core

R = Router

Multicore Neural Processor
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NC = Neural Core

R = Router
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Multicore Neural Processor
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Multicore Neural Processor
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Mixed -Signal Neural Processor
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2] System Comparison

DAYTON
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Deep Network Edge Detection
Number| Area| Power| Power efficiency Number| Area Power| Power efficiency
of core| (mm?)| (mW) over RISC of core| (mm?) (mW) over RISC
RISC 46[127.42| 41,400.0 1] |RISC 43{119.11] 38,700.00 1
NN SRAM 311 191 16.3 2,540 |[NN SRAM 19 1.17 9.75 3,874
NN Memristor 31| 0.08 1.2 34,968 NN Memristor 146 0.38 5.6 6,941
Motion Estimation Optical Character Recognition
Number| Area] Power| Power efficiency Number| Area] Power|Power efficiency
of core| (mm?)| (mW) over RISC of core| (mm?) (mW) over RISC
RISC 2| 5.54] 1800.00 1] |RISC 42| 116.34] 37,800.0 1
NN SRAM 2l 0.12 1.05 1712 NN SRAM 311 191 16.3 2,319
NN Memristor 4 0.01 0.15 11,783 NN Memristor 31 0.08 1.2 31,928
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Control
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Outputbuffer
Deep Network Edge Detection
Number| Area| Power| Power efficiency Number| Area Power| Power efficiency
of core| (mm?)| (mW) over RISC of core| (mm?) (mW) over RISC
RISC 46[127.42| 41,400.0 1] |RISC 43{119.11] 38,700.00 1
NN SRAM 311 191 16.3 2,540 |[NN SRAM 19 1.17 9.75 3,874
NN Memristor 31| 0.08 1.2 34,968 NN Memristor 146 0.38 5.6 6,941
Motion Estimation Optical Character Recognition
Number| Area] Power| Power efficiency Number| Area] Power|Power efficiency
of core| (mm?)| (mW) over RISC of core| (mm?) (mW) over RISC
RISC 2| 5.54] 1800.00 1] |RISC 42| 116.34] 37,800.0 1
NN SRAM 2l 0.12 1.05 1712 NN SRAM 311 191 16.3 2,319
NN Memristor 4 0.01 0.15 11,783 NN Memristor 31 0.08 1.2 31,928
Deep Net Edge Motion OCR
mJ Energy eff mJ  Energy eff mJ]  Energy eff mJ]  Energy eff
RISC 41,400 1 | 38,700 1 1800 1 | 37,800 1
NN SRAM 6.888 6,010 8.533 4,536 | 0.667 2,700 6.888 5,488
NN Memristor 0.032 1,303,491 0.197 196,734 | 0.003 585,627 0.032 1,190,144
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On-chip Learning
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Backpropagation Circuit
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Backpropagation Circuit

DAYTON
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Backpropagation Circuit
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Unsupervised Clustering
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Anomaly Detection in Network Traffic
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Deep Learning Architecture
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Deep Learning

o
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Classification Accuracy (%)

Convolution Neural Network

Memristors corresponding to the
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Cybersecurity

Signature Based Detection

A Large collection of state machines
A 2.2nW per rule
A 3.8Gbps

Regex users[A\n]{10}
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& |Device Fabrication

1 Menmristor device is based on a LiINRO Device Structure
switching oxide

1 IV curve shows repeatable switching
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| SEM/TEM results

Si
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