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Enablers	
  for	
  Neuromemris;ve	
  Hardware	
  

Training	
  	
  

• Stochas;c	
  
training	
  
algorithms	
  

• Adap;ve	
  
Ac;va;on	
  
Func;ons	
  

Ac;va;on	
  
Func;ons	
  

• Non-­‐Monotonic	
  
• Heterogeneity	
  

Homeostasis	
  

• Ac;ve	
  and	
  
Passive	
  Control	
  
of	
  run;me	
  
parameters	
  

Neuromemris)ve	
  Hardware	
  (defn):	
  A	
  
class	
  of	
  	
  bio-­‐inspired	
  modular	
  
hardware	
  that	
  are	
  implemented	
  using	
  
CMOS-­‐memristor	
  technologies	
  to	
  
create	
  complex	
  hierarchical	
  
computa;onal	
  architectures	
  

Neuromemris;ve	
  
Circuits	
  and	
  

Systems	
  Features	
  

Adaptability	
  
and	
  
Persistence	
  

Energy	
  
Efficiency	
  

Resilience	
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Single	
  Neurons	
  (Digital)	
  

!

!

[1]	
  M.	
  Sol;z,	
  D.	
  Kudithipudi,	
  C.	
  Merkel,	
  G.	
  Rose,	
  and	
  R.	
  Pino,	
  “Memristor-­‐based	
  neural	
  logic	
  blocks	
  for	
  non-­‐linearly	
  separable	
  func;ons,” IEEE	
  Trans.	
  Comp.,	
  vol.	
  62,	
  no.	
  8,	
  2013,.	
  
[2]	
  D.Kudithipudi,	
  C.	
  Merkel,	
  “Reconfigurable	
  Memristor	
  Fabrics	
  for	
  Heterogeneous	
  Compu;ng”,	
  in	
  Advances	
  in	
  Neuromorphic	
  Memristor	
  Science	
  &	
  Applica;ons,	
  2012	
  
[3]	
  M.Sol;z,	
  D.Kudithipudi,	
  G.Rose,	
  RRAM-­‐based	
  Adap;ve	
  Neural	
  Logic	
  Block	
  for	
  Implemen;ng	
  Non-­‐Linearly	
  Separable	
  Func;ons	
  in	
  a	
  Single	
  Layer,”	
  IEEE/ACM	
  NANOARCH,	
  2012.	
  

Weighting 
and Range 

Select 
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Function 

Training Inputs Error 


X


Y
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  Detec;on	
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  Neuron	
   Non-­‐Monotonic	
  Neuron	
  

Energy-­‐Delay	
  Product	
  

Worst	
  case	
  
power	
  <	
  10nW	
  

Adjustable	
  Ac;va;on	
  	
  



R I T 

h"p://	
  nano.ce.rit.edu	
  
5	
  5	
  

Single	
  Neurons	
  (Analog)	
  
§  Analog	
  signals	
  hold	
  more	
  informa;on	
  (higher	
  info.	
  Density)	
  

§  Suitable	
  for	
  applica;ons	
  that	
  require	
  con;nuous	
  inputs	
  

§  Folding	
  amplifier	
  neurons	
  generate	
  periodic	
  ac;va;on	
  

func;ons	
  

[1]	
  C.	
  Merkel,	
  D.	
  Kudithipudi,	
  and	
  N.	
  Sereni,	
  “Periodic	
  ac;va;on	
  func;ons	
  in	
  analog	
  CMOS/memrsistor	
  hardware	
  neural	
  networks,” IJCNN,	
  2013.	
  

Folding	
  Amplifier	
  Neuron	
   Ac;va;on	
  Func;ons	
  

Sigmoid	
  

Radial	
  Basis	
  Func;on	
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Feature	
  Detec;on:	
  Edge	
  Detec;on	
  	
  
§  Single-­‐layer,	
  single	
  neuron	
  network	
  for	
  image	
  edge	
  detec;on	
  

	
  

Can	
  be	
  used	
  as	
  low-­‐level	
  	
  
feature	
  detectors	
  in	
  	
  
convolu;on	
  networks.	
  

[1]	
  C.	
  Merkel,	
  D.	
  Kudithipudi,	
  and	
  N.	
  Sereni,	
  “Periodic	
  ac;va;on	
  func;ons	
  in	
  analog	
  CMOS/memrsistor	
  hardware	
  neural	
  networks,” IJCNN,	
  2013.	
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Neuromemris;ve	
  Networks	
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XOR	
  Learning	
  Curve	
  Extreme	
  Learning	
  Machine	
  

Synapse	
  

Op	
  Amp	
  Gain	
  Requirement	
  

Stochas;c	
  Training	
  

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

[1]	
  	
  C.	
  Merkel,	
  N.	
  Nagpal,	
  S.	
  Mandalapu,	
  D.	
  Kudithipudi,	
  “Reconfigurable	
  N-­‐level	
  memristor	
  memory	
  design,” IJCNN,	
  2011.	
  
	
  

§  Allows	
  applica;on	
  to	
  choose	
  op;mal	
  memory	
  density	
  

	
  
Combining	
  Mul;ple	
  
Memristors	
  Improves	
  

Write	
  Speed	
  

Reconfigurable	
  RRAM	
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ü  Stabilize	
  the	
  temperature	
  
to	
  mi;gate	
  the	
  drim	
  of	
  
weight	
  states	
  in	
  a	
  
neuromemris;ve	
  network	
  

	
  
ü  Maximize	
  energy	
  efficiency.	
  

	
  

	
  
[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	
  Transac)ons	
  on	
  VLSI,	
  2013.	
  	
  
3]	
  C.	
  Merkel	
  and	
  D.	
  Kudithipudi.	
  "Thermal	
  management	
  apparatuses	
  with	
  temperature	
  sensing	
  resis;ve	
  random	
  access	
  memory	
  devices	
  and	
  methods	
  thereof."	
  U.S.	
  
Patent	
  13/536,675.	
  
	
  	
  

Homeostasis:	
  Passive	
  Control	
  

Passive	
  Control	
  

3D	
  Test	
  Plasorm	
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Homeostasis:	
  Ac;ve	
  Control	
  

[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	
  Transac)ons	
  on	
  VLSI,	
  2013.	
  	
  	
  
	
  

Ac;ve	
  Control	
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Augmen;ng	
  Neuromemris;ve	
  Systems	
  with	
  
Reconfigurable	
  Architectures	
  

 
  

Reconfigurable	
  Plasorm	
  
Flexibility	
  

Sneak	
  Path	
  Mi;ga;on	
  
Experimental	
  Valida;on	
  

Constant	
  Coefficient	
  Mul;plier	
  
D.	
  Kudithipudi,	
  “FlexiMem:	
  Reconfigurable	
  Fabrics	
  with	
  Crossbars”,	
  AFRL	
  Tech	
  Report,	
  2011	
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Enablers	
  for	
  Neuromemris;ve	
  Hardware	
  

Neuromemris;ve	
  
Circuits	
  and	
  

Systems	
  Features	
  

Adaptability	
  
and	
  
Persistence	
  

Energy	
  
Efficiency	
  

Resilience	
  

Varia;on	
  and	
  
Noise	
  Tolerance	
  

• Ra;ometric	
  
Design	
  

• Hardware	
  in	
  the	
  
loop	
  training	
  

Self-­‐Healing	
  

• Func;onality	
  
Remapping	
  

• Dynamic	
  tuning	
  
of	
  device	
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Process	
  Varia;ons	
  of	
  Primi;ves	
  

[1]	
  C.	
  E.	
  Merkel	
  and	
  D.	
  Kudithipudi.,	
  “Off-­‐chip	
  training	
  of	
  neuromemris;ve	
  networks	
  for	
  load	
  forecas;ng	
  in	
  smart	
  grids,”	
  IEEE	
  TNNLS,	
  2014	
  (preprint)	
  .	
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Process	
  Varia;on	
  Tolerance	
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Synapse	
  and	
  Training	
  Hardware	
  	
  

	
  	
  	
  	
  (Accuracy)-­‐1	
  	
  vs	
  Area	
  

Forecasted	
  Load	
  Accuracy	
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  (Accuracy)-­‐1	
  	
  vs	
  training	
  epoch	
  

Accurate	
  models	
  are	
  
required	
  for	
  
capturing	
  the	
  effect	
  
of	
  process	
  varia;ons	
  
in	
  the	
  training	
  
process	
  

[1]	
  C.	
  E.	
  Merkel	
  and	
  D.	
  Kudithipudi.,	
  “Off-­‐chip	
  training	
  of	
  neuromemris;ve	
  networks	
  for	
  load	
  forecas;ng	
  in	
  smart	
  grids,”	
  IEEE	
  TNNLS,	
  2014	
  .	
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Architecture	
  Models	
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Reliability	
  and	
  Reconfigurability	
  

[1]	
  	
  M.	
  Catanzaro	
  and	
  D.	
  Kudithipudi,	
  “Reconfigurable	
  RRAM	
  :	
  	
  A	
  case	
  study	
  for	
  reliability	
  enhancement,”	
  IEEE	
  SOCC’12,	
  2012.	
  
[2]	
  S.H.Tavva,	
  D.	
  Kudithipudi,	
  “	
  Varia;on	
  Tolerant	
  9T	
  SRAM	
  Design”,	
  ACM	
  GLSVLSI’10,	
  2010	
  

§  Enhance	
  resilience	
  by	
  
run;me	
  remapping	
  of	
  
the	
  faulty/defect	
  	
  
neuromemris;ve	
  
blocks	
  

§  Choose	
  	
  inherently	
  
varia;on	
  tolerant	
  	
  
CMOS	
  hardware	
  in	
  the	
  
networks	
  

§  Stochas;c	
  signaling	
  for	
  
som	
  error	
  mi;ga;on	
  

Active Blocks C
on

tro
l U

ni
t 

Glue Logic 

Unconfigured Blocks 

New	
  SRAM	
  design	
  

Noise	
  Margins	
  Run;me	
  Reconfigurability	
  Framework	
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Neuromemris;ve	
  Reservoirs	
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  the	
  Loop	
  Framework	
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  Dynamics	
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  Weight	
  Precision	
  

Memristor	
  Varia;ons	
  

Works	
  well	
  for	
  
Classifica;on	
  
problems	
  

Spoken	
  digits	
  

C.Donahue,	
  D.Kudithipudi	
  et.al.,	
  2014	
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Few	
  summary	
  thoughts…	
  
§  Adaptability	
  drives	
  new	
  complex	
  

systems	
  
	
  
§  Exploit	
  device	
  inherent	
  proper;es	
  
	
  
§  Resilience	
  in	
  the	
  design	
  loop	
  
	
  
§  Reconfigurability	
  with	
  In-­‐Memory	
  

Processing	
  and	
  sensing	
  

	
  

§  Not	
  performance	
  (speed)	
  
	
  

§  Not	
  abstract	
  them	
  
	
  
§  Not	
  a	
  design	
  metric	
  
	
  
§  Not	
  mul;ple	
  layers	
  
	
  

It	
  doesn't	
  ma"er	
  how	
  beau;ful	
  your	
  theory	
  is,	
  it	
  doesn't	
  ma"er	
  how	
  smart	
  you	
  are.	
  If	
  it	
  
doesn't	
  agree	
  with	
  experiment,	
  it's	
  wrong.	
  

	
   	
   	
   	
   	
   	
   	
   	
   	
   	
   	
   	
   	
   	
  -­‐-­‐Richard	
  P.	
  Feynman	
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Nano	
  Compu;ng	
  Research	
  Lab	
  Team	
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Thank	
  You	
  

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


