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Enablers for Neuromemristive Hardware
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Single Neurons (Digital)
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[1] M. Soltiz, D. Kudithipudi, C. Merkel, G. Rose, and R. Pino, “Memristor-based neural logic blocks for non-linearly separable functions,” IEEE Trans. Comp., vol. 62, no. 8, 2013,.
[2] D.Kudithipudi, C. Merkel, “Reconfigurable Memristor Fabrics for Heterogeneous Computing”, in Advances in Neuromorphic Memristor Science & Applications, 2012
[3] M.Soltiz, D.Kudithipudi, G.Rose, RRAM-based Adaptive Neural Logic Block for Implementing Non-Linearly Separable Functions in a Single Layer,” IEEE/ACM NANOARCH, 2012.
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Single Neurons (Analog)

= Analog signals hold more information (higher info. Density)
= Suitable for applications that require continuous inputs

= Folding amplifier neurons generate periodic activation
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[1] C. Merkel, D. Kudithipudi, and N. Sereni, “Periodic activation functions in analog CMOS/memrsistor hardware neural networks,” I/CNN, 2013.
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e¢ Feature Detection: Edge Detection

. Smgle Iayer single neuron network for |mage edge detectlon
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[1] C. Merkel, D. Kudithipudi, and N. Sereni, “Periodic activation functions in analog CMOS/memrsistor hardware neural networks,” I/CNN, 2013.

http:// nano.ce.rit.edu




~
= ﬁ(l’xj |xiexp o |)

- | Usign(Aow, ) =sign (e, - x;)
- . W/L |—< W/LVirtual ) -

s \ avm Gnd / Stochastic Training
—)yO | .. ' ' ' ' ' ' " Simjlalion Dila .

Exponential Fit
—>Y; . .

©

o o o
S92
MSE

q

KRN
o

_WNy-l

Constant Trainable! 1. amm. | % 77 a0 oAby e
Random Output

Weights Weights

o o o o
w » 0 o
! /

bs. Value of Fractional Error in s

S.
o
)

- 60 Epoch

Extreme Learning Machine Numoorariopus 2 o100 Op Amp Gain (48 XOR Learning Curve
Op Amp Gain Requirement

[1] C. Merkel, D. Kudithipudi, “A current-mode CMOS/memristor hybrid implementation of an extreme learning machine,” GLSVLSI, 2014.
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Reconfigurable Memory Density

= Allows application to choose optimal memory density
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[1] C. Merkel, N. Nagpal, S. Mandalapu, D. Kudithipudi, “Reconfigurable N-level memristor memory design,” IJCNN, 2011.
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[1] C. E. Merkel and D. Kudithipudi, “Towards thermal profiling in CMOS/memristor hybrid RRAM architectures,” VLSID, Jan., 2012.
[2] C. Merkel and D. Kudithipudi, “Temperature sending RRAM architecture for 3-D ICs,” IEEE Transactions on VLS, 2013.
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Homeostasis: Active Control
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[1] C. E. Merkel and D. Kudithipudi., “Towards thermal profiling in CMOS/memristor hybrid RRAM architectures,” VLSID, Jan., 2012.
[2] C. Merkel and D. Kudithipudi, “Temperature sending RRAM architecture for 3-D ICs,” IEEE Transactions on VLSI, 2013.
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€ Enablers for Neuromemristive Hardware
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Process Variations of Primitives

Circuit/Device Variation
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[1] C. E. Merkel and D. Kudithipudi., “Off-chip training of neuromemristive networks for load forecasting in smart grids,” IEEE TNNLS, 2014 (preprint) .
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Process Variation Tolerance
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[1] C. E. Merkel and D. Kudithipudi., “Off-chip training of neuromemristive networks for load forecasting in smart grids,” IEEE TN
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Architecture Models

To post-
Prog &k; synaptic Trainclk,
neuron X
° Ve °
[
V, " Voo -
oL b .o
Up ™ | —Yo Up | Yo
S —> — -
Unya Yny-1 Upny-1 Y ny-1
Nepochs Ir
/addr /addr
clk, clk,
ProgEn clk> TrainEn | | clk
Waddr Gen x‘.axp Gen

http:// nano.ce.rit.edu




Reliability and Reconfigurability
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[1] M. Catanzaro and D. Kudithipudi, “Reconfigurable RRAM : A case study for reliability enhancement,” IEEE SOCC’ 12, 2012.
[2] S.H.Tavva, D. Kudithipudi, “ Variation Tolerant 9T SRAM Design”, ACM GLSVLSI’'10, 2010
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Neuromemristive Reservoirs
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Few summary thoughts...

Adaptability drives new complex Not performance (speed)

systems

= Exploit device inherent properties

Not abstract them

= Resilience in the design loop

Not a design metric

= Reconfigurability with In-Memory
Processing and sensing

Not multiple layers

It doesn't matter how beautiful your theory is, it doesn't matter how smart you are. If it
doesn't agree with experiment, it's wrong.

--Richard P. Feynman
http:// nano.ce.rit.edu
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Thank You

Source: The Machine of a New Soul, Aug 2013, The Economist
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