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Current memory landscape

Memory leads the way to better computing. H.-S. Philip Wong and S. Salahuddin, Nat. Nanotech. 10, 191 (2015)

Features & Limitations
• Both SRAM and DRAM are volatile memories,
charge based —stored information is lost on power
cut off.
• Non-volatile data storage- magnetic hard disk
drives (HDDs), Flash
• Design specifications for memory - volatile storage,
fast, expensive storage - non-volatile storage, slow,
inexpensive
•

Flash: CMOS transistor based, non-volatility and
high density

• Limitations of Flash — low endurance, need for
high voltage supply, slow write speed and
cumbersome erase procedure.
Memory leads the way to better computing. H.-S. Philip Wong and S. Salahuddin, Nat. Nanotech. 10, 191 (2015)

Features & Limitations
• STT-MRAM: Performance metric Δ = EB/kBT memory retention time
τ = τ0 exp(Δ) with τ0 ~1 ns.

• PCM: Amorphous intermediate resistance states drift with time,
towards higher resistance R(t) = R0(t/t0)ν .
• Difficult to distinguish the programmed states over time.

• Metal Oxide RRAM: Reproducibility of electrical characteristics.
• CBRAM: Stochastic migration process
: Configuration of the conductive filament changes every time
it is re-formed.
: Large resistance variations similar to those in RRAM.
: The switching voltages too low (<0.5V) lead to poor retention.

Memory leads the way to better computing. H.-S. Philip Wong and S. Salahuddin, Nat. Nanotech. 10, 191 (2015)

Limitations of Von-Neumann architecture
• Transfer between processor and
memory cost huge amount of
energy and time.
• Von-Neumann bottleneck.

Memory leads the way to better computing. H.-S. Philip Wong and S. Salahuddin, Nat. Nanotech. 10, 191 (2015)

Neuromorphic Computing: Goals
• Adopting ideas from biology
• Leveraging novel materials
• Build systems that can learn from
examples
• Process large-scale, unstructured
data
• Adjust behavior to new inputs
• Power efficiency of the brain
(femto-Joule/synaptic activity)
https://www.engineering.com/Education/EducationArticles/ArticleID/8351/NeuromorphicComputing-Making-Computers-More-like-the-Human-Brain.aspx

Power Efficiency

Neuromorphic Computing: From Materials to Systems Architecture. Report of a
roundtable convened to consider neuromorphic computing basic research needs (2015);
http://userweb.eng.gla.ac.uk/douglas.paul/SiGe/limits.html

Learning

Neuromorphic state-of-the-art

Neuromorphic Computing: From Materials to Systems Architecture. Report of a
roundtable convened to consider neuromorphic computing basic research needs (2015).

Challenges in a nutshell
•

The overall computational capabilities —in terms of fault tolerance,
energy consumption, and ability to deal with large, unstructured data
sets—is considerably superior in biological brains compared to CMOS
transistor based systems.

•

Moreover, there are whole classes of problems that conventional
computational systems will never be able to address even under the most
optimistic scenarios.

Neuromorphic Computing: From Materials to Systems Architecture. Report of a
roundtable convened to consider neuromorphic computing basic research needs (2015).

Proposed new concepts
•

Spiking – Signals communication between neurons through voltage or current
spikes or “action potentials”.

•

Plasticity – Architecture relies on changing the properties of the device
depending on the past history so that it learns when exposed to different
signals.

•

Hebbian learning/dynamical resistance change – Long term changes in the
synapse resistance after repeated spiking by the presynaptic neuron, referred to
as spike time dependent plasticity (STDP).

•

Adaptability – Biological brains start with multiple connections
• through a selection or learning process, some are chosen and others
abandoned.
• Important for improving the fault tolerance of individual devices and for
selecting the most efficient computational path.
Neuromorphic Computing: From Materials to Systems Architecture. Report of a
roundtable convened to consider neuromorphic computing basic research needs (2015).

Building blocks
• Somata (Neuron bodies): Functioning as integrators and threshold spiking devices
– e-Soma/Neuristor: Memristor with capacitor in parallel
Important functions: integration and threshold spiking
• Synapses: Provide dynamical interconnections between neurons
– e-Synapse/Memristor: Most advanced elements simulated and constructed.
Important properties: switching and plasticity.
• Axons: Provide long-distance output connection between a presynaptic to a
postsynaptic neuron – Not researched much
Possibility of signal conditioning
• Dendrites: From multiple, distributed signals to one neuron
– pattern detection and subthreshold filtering

Building blocks
• Fan-in/Fan-out. Neurons have connections to many thousands of other neurons.
Current electronics is limited to fan-in/fan-out of a few tens of terminals.
Many of the needed functions can be implemented in complex CMOS circuits.
Space and energy inefficient.

Brain-like computation requirement: Build devices from a single material that is
sufficiently flexible to be integrated at large-scale and have minimal energy
consumption.

Materials/Device properties for analog computing
Additionaly:
• Sensitivity to stimulii
(E, B, light)
• Fault tolerance
• Noise insensitivity
• Compatibility with
other materials on-chip
• Temperature window

Memristive devices for computing. J. J. Yang, D. B. Strukov, D. R. Stewart. Nat. Nanotech. 8, 13 – 24 (2013).

Advances in memristor technology

The future of electronics based on memristive systems.
M. A. Zidan, J. P. Strachan and W. D. Lu, Nature Electronics, 1, 22–29 (2018)

Material & Device perspectives
• Electronically driven materials
• Defect driven materials
• Optically controlled materials
• Fault tolerant materials
• Filament forming devices
• Spin-torque switching devices
• Ion diffusion switching devices
• Ferroelectric tunneling junctions
• Nano and mesoscale devices
Coexistence of unipolar and bipolar modes in Ag/ZnO/Pt resistive switching memory with
oxygen-vacancy and metal-Ag filaments.
M. H. Lu et al., Chin. Phys. B 2016, 25(12): 127303.

System perspective
• Minimal physical elements needed for a
working artificial structure: dendrite, soma,
axon, and synapse…….?
• Minimal characteristics of the elements
needed for a proven system.
• Essential conceptual ideas to implement a
minimal system: spike-dependent plasticity,
learning, reconfigurability, criticality, shortand long-term memory, fault tolerance, colocation of memory and processing,
distributed processing, large fan-in/fan-out,
dimensionality.
In order of importance.

Material and device engineering
Already led to: Femto-Joule operation energy
Nano second operation speed
Learning – 10 years of biological
learning in hours
STDP, STP (or firing), LTP
Non-volatility > 10 years
Endurance > thousands of cycles
Computational states > 100
Simple and green fabrication
CMOS compatible
Temperature stability > 100 ˚C

S. Majumdar et al., Adv. Func. Mater. 28, 1703273 (2018)
S. Majumdar et al., Nat. Electron. (submitted).

Future steps:
•
•
•
•
•

Device miniaturization & optimization
Network optimization
Proof-of-concept tasks: pattern, speech, image recognition; machine translation, etc.
Large-scale integration
Addressing challenges – Number of computational states
Non-linearity of computational states
Easier design – minimizing number of components
Endurance > 109 cycles for deep-learning
Noise and fault tolerance
Self-adaptation of the network….
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