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Talk summary

• Most existing computer performance trends are dominated 
by transistor technology scaling


• Slowing down and expected to end in the near term

• We need to build computers that do not rely on technology 
scaling


• Continue to scale performance in the future


• Create energy-efficient computers today

• My work focuses on two unconventional computing 
paradigms  
(bitstream computing and neuromorphic computing)
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Quick history of computing

4

1960s ~ 2005 2021
Moore’s Law promises 2x transistors each generation! End of Dennard Scaling → 

Power density increases
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End of energy efficiency scaling
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End of energy efficiency scaling

5
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CPUs ! ! !
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Power
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we need to build flexible computers without 
more transistors
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Increase performance by 
building larger computers

Increase performance by 
exploiting parallelism

Increase performance by 
exploiting domain specificity

Less flexible, more transistors

Standard processor

Non-von Neumann 
processors
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My work

• Bitstream computing


• Standard CMOS substrate


• Some connections to neural circuits


• Neuromorphic computing


• Heavily brain-inspired


• Many potential substrates


• Can draw insight from deep learning
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Bitstream computing



Why bitstream computing?

• Greater energy efficiency per computation


• Uses existing CMOS technology


• Long history of research

9



Why bitstream computing?

• Greater energy efficiency per computation


• Uses existing CMOS technology


• Long history of research

9

Standard 
CPUs ! ! !

Accelerators ! !!! !!!

Power
Transistor

Transistors
Computation

LatencyEnergy =

Bitstream 
computing ! !! !!



Basics of stochastic bitstreams

10

0.25 = 3 / 12

Time



Basics of stochastic bitstreams

10

0.25 = 3 / 12

Time

0, 1, 1, 0, 1, 0, 0, 1

0, 1, 0, 1, 1, 1, 1, 1
0, 1, 0, 0, 1, 0, 0, 1

0.5 = 4/8

0.75 = 6/8
3/8 = 0.375



Basics of stochastic bitstreams

10

0.25 = 3 / 12

Time

0, 1, 1, 0, 1, 0, 0, 1

0, 1, 0, 1, 1, 1, 1, 1
0, 1, 0, 0, 1, 0, 0, 1

0.5 = 4/8

0.75 = 6/8
3/8 = 0.375

<latexit sha1_base64="psmuR4VFsAL2eAzumPPE0nVBLsg="></latexit>

E[S1] =
<latexit sha1_base64="LwsSM0WYIMJ+LzYDgumsFU0iMoo="></latexit>

E[S2] =

<latexit sha1_base64="CyxXutCcXJJrsexIOBPE9evpOoE="></latexit>

E[S1S2] =

E[S1]E[S2] =



General purpose bitstream computing

• More operators than just multiplication:


• Addition, subtraction, division


• Non-linear functions: square root, tanh


• Matrix multiplication


• Vector norms


• Matrix pseudo-inverse


• Singular-value decomposition
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Just build a bitstream computer?



Long design cycles
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Matlab 
Simulation Write RTL Synthesis 

ToolNew Ideas/Algorithms

Long Turnaround Times
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More issues with bitstream computing

• Not just programming a processor
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More issues with bitstream computing

• Not just programming a processor

• Building a hardware circuit
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Enter BitSAD
Programming language for bitstream computing

15

BitSAD Synthesis 
ToolNew Ideas/Algorithms Success!

Matlab 
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ToolNew Ideas/Algorithms
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Bitstream computing results
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Parallelizing bitstream computing
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Parallelizing bitstream computing
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Population coding is more efficient
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Conclusions & future work

• Bitstream computing is a power-efficient computing model for edge devices


• BitSAD allows programmers to easily map high-level algorithms to bitstream 
computing hardware


• Bitstream computing suffers from long latencies (partially addressed by population 
coding)


• Future work:


• Automated optimization of programs using BitSAD compiler


• Extending population coding theoretical guarantees to a broader class of 
“reduction” operators
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Neuromorphic computing



Why neuromorphic computing?

• Deep artificial neural networks are replacement for programs


• Spiking neural networks (SNNs) are an energy efficient alternative


• Opportunity to use new substrates


• Future is uncertain


• Still waiting to scale up SNNs
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Difficulty scaling up SNNs

• Closest cousin: back propagation

• Biologically implausible

• Global information overhead
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Difficulty scaling up SNNs

• Closest cousin: back propagation

• Biologically implausible

• Global information overhead

• More biologically plausible

• Minimized global information

• Parallelizable
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Information bottleneck

• An optimal representation that balances compression and prediction:
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Information bottleneck

• An optimal representation that balances compression and prediction:

• Applied to hidden representation of NN layers [1]:
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Applying the HSIC bottleneck to SNNs

• Feedforward network of leaky-integrate-and-fire neurons:


• Gradient descent rule on HSIC objective:
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Making the weight update plausible

• Assume that the past output does not depend on the current weights
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Training the reservoir

• Use three-factor Hebbian rule from Hoerzer, Legenstein, and Maass [1]


• Trained on random data a priori
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Small scale experiments

• Simple binary classification tasks


• Reservoir trained a priori (then held 
constant)


• Tested with multiple layers and 
non-linear decision boundaries
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Large scale experiments

• Tested on subset of MNIST classes


• Simulations are slow due to iterating 
the dataset one sample at a time

29

Epochs
0 20 40 60

Te
st

 A
cc

ur
ac

y 
(%

)

20

40

60

80

100

Average MNIST (Subset) Test Accuracy (4 Trials)

Back-propagation Our method



Large scale experiments

• Tested on subset of MNIST classes


• Simulations are slow due to iterating 
the dataset one sample at a time

29

Epochs
0 20 40 60

Te
st

 A
cc

ur
ac

y 
(%

)

20

40

60

80

100

Average MNIST (Subset) Test Accuracy (4 Trials)

Back-propagation Our method

Epochs
0 20 40 60

Te
st

 A
cc

ur
ac

y 
(%

)

20

40

60

80

100
Average MNIST Test Accuracy (4 Trials)

Back-propagation Our method



Large scale experiments

• HSIC objective learns unique outputs (not necessarily the same as labels)
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Large scale experiments

• Varying memory capacity by adjusting effective batch size
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Conclusions & future work

• Neuromorphic computing and SNNs are a promising hardware platform for ML-adjacent applications


• Training SNNs at scale continues to remain a challenge


• Layer-wise objectives are an effective alternative to back propagation


• Our learning rule based on the information bottleneck


• Couples synaptic updates with short-term memory


• Future work


• Scaling our rule up to larger datasets


• Using alternate memory models to replace the reservoir


• Hardware implementations on neuromorphic substrates
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Conclusions



Conclusions

• End of transistor scaling demands a new approach to computing


• Long term vision: standard and unconventional co-processors


• Bitstream computing is a near-term platform


• Use compilers to solve programming issues


• Neuromorphic computing is a more promising long-term platform


• Major issue is scaling up learning


• Many different hardware platforms
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