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Information about Timoleon Moraitis

Neuromorphic computing with multi-memristive synapses
| Boybat, M Le Gallo, SR Nandakumar, T Moraitis, T Parnell, T Tuma, ...
Nature communications 9 (1), 2514

Bridging the gap: a reticulo-propriospinal detour bypassing an incomplete spinal cord injury
L Filli, AK Engmann, B Zérner, O Weinmann, T Moraitis, M Gullo, ...
Journal of Neuroscience 34 (40), 13399-13410

A bidirectional brain-machine interface featuring a neuromorphic hardware decoder
F Boi*, T Moraitis*, V De Feo®, F Diotalevi, C Bartolozzi, G Indiveri, A Vato
Frontiers in neuroscience 10, 563

Phase-change memtransistive synapses for mixed-plasticity neural computations

SG Sarwat, B Kersting, T Moraitis, VP Jonnalagadda, A Sebastian
Nature Nanotechnology 17 (5), 507-513

Stochastic weight updates in phase-change memory-based synapses and their influence on

artificial neural networks
| Boybat, M Le Gallo, T Moraitis, Y Leblebici, A Sebastian, E Eleftheriou
2017 13th Conference on Ph. D. Research in Microelectronics and Electronics ...
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Neuromorphic Computing Hardware (NCH)

Key components and working mechanism of NCH:

 Neuron Models: Basic computational unit that mimics biological neurons
* Examples:
* Leaky Integrate-and-Fire (LIF)
* Izhikevich
* These models simulate the process by which a neuron produces a voltage change after
receiving an input signal and generates an output signal (action potential) when a certain
threshold 1s exceeded.

* Synapse: A synapse is a connection between neurons that is responsible for transmitting signals

from one neuron to another. In neuromorphic hardware, synapses can be realized with tunable
resistors
* Examples:
e Patch diodes (J& F —KE)
e Memristors (JZFH#%)
* These resistors can be tuned according to the activity between neurons for learning and
memory functions.

6



Neuromorphic Computing Hardware (NCH)

Key components and working mechanism of NCH:

* Learning rules: Neuromorphic computing hardware adapts and learns using learning rules based
on local information
* Examples:
* Backpropagation (BP)
* Competitive learning
* Hebbian learning: fire together, wire together
* Spike-timing-dependent plasticity (STDP)
* These learning rule simulate the process by which a neuron produces a voltage change after
receiving an input signal and generates an output signal (action potential) when a certain
threshold 1s exceeded.




BP & Its Limitations: Weight Transport
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Such weight transport 1s not possible in biology, as synapses are directional.



BP & Its Limitations: Non-local plasticity

BP cannot update each weight based only on the immediate activations of the two
neurons that the weight connects

BP requires error signal

BP 1s Non-local 1n space and time BP 1s computational inefficiency
Loca]ity 1S generaﬂy believed to [.  Forward-passing variables must be memorized
II.  Additional backward signals must be computed and

govern biological synaptic plasticity
(Baldi et al. 2017)

propagated



BP & Its Limitations: Update Locking

The error credited by BP to a synapse (weight) can only be computed after the
information has propagated forward and then backward through the entire network.

Forward Backward
Loss
Input \ 1
— Model =  Output

Forward: Create a calculation graph to store the calculation process and intermediate results
Backward: Starting from the output of the calculation graph, the gradients are calculated and stored
forward along each node in the graph

Update locking Time(forward) + Time(backward) »Weight updates

determine



Competition between Neurons

Neurons express competition through competitive inhibition

Competitive inhibition
When a group of neurons is strongly stimulated, they suppress the activity of neighboring
neurons, gaining more resources and optimizing their own performance

Winner-takes-all (WTA)
(Hebb, D. O. 1949)
Important for Learning and Memory
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(Bienenstock et al. 1982) (Bao et al. 2020) (Lee et al. 2022)
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Hebbian Plasticity Rule & Its Variants

Key idea: Co-activated neurons connect to each other

Hebbian plasticity rule
A = , (Hebb, D. O. 1949)

: the weight update vector from neuron to neuron
, : the post-synaptic activation of the neuron
: the vector of input signals
: the learning rate coefficient

Post-synaptic activation of the neuron

Hebbian plasticity rule with weight decay

A = : — , (Gerstner, W., & Kistler, W. M. 2002)

A = , - (Haykin, S. 2009)
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SoftHebb

SoftHebb plasticity rule: realizes a soft WTA competition through softmax

: base
: temperature
. the k-th neuron’s total weighted iput
: output after accounting for competition from neurons
: number of neurons in a layer
: activation of neuron 1

A

Negates SoftHebb’s weight update in all neurons except the maximally activated one




Training & Tricks

Greedy layer-wise training
* Restricted Boltzmann Machines (RBM)
* Autoencoder
Combination of activation functions
Rectified polynomial unit (RePU)

— v for >0
0, for <0

Neuron-wise adaptive learning rate

— 2 =/

Triangle activation

: number of synapses of neuron
: radius of neuron

-hyperparameter



SoftHebb Architecture

SoftHebb Architecture

MNIST /CIFAR STL10 ImageNet
Batchnorm Batchnorm Batchnorm
5x5H conv96 5x5H conv9b 5x5H conv4l
Triangle Triangle Triangle
4 x4 MaxPool 4 x4 MaxPool 4x4 MaxPool
Batchnorm Batchnorm Batchnorm
3x3 conv384 3x3 conv384 3x3 conv192
Triangle Triangle Triangle
4 x4 MaxPool 4 x4 MaxPool 4x4 MaxPool
Batchnorm Batchnorm Batchnorm
3% 3 convl1536 3x3 convlb36  3x3 conv768
Triangle Triangle Triangle
2x2 AvgPool 4x4 MaxPool 4x4 MaxPool

Batchnorm Batchnorm

3x3 conv6144  3x3 conv3072

Triangle Triangle

2x2 AvgPool  4x4 MaxPool
Batchnorm
HxH conv12288
Triangle

2x2 AvgPool
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Dataset

MNIST
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Class: 10; Labeled data: 6W Training, 1 W Testing; Size: 28*28

Fashion-MNIST

Class: 10; Labeled data: 6W Training, 1 W Testing; Size: 28*28



Dataset

CIFAR-10
airplane !l_é-% » ..=d-; dog .
automobile En ‘H‘ frog -
ord EmalE WIS W horse b
«  EEGHNEEEEP ship ol
deer [P NS NI KA TRES truck : *

Labeled data: SW Training, |W Testing; Slze 32%32

STL-10
airplane 3‘_‘.% ' ..=J-; dog ‘“&ﬂ“‘wi
automobile E.2 S 70 T ) il e o 5 fog iy I I R M ) R N B
bird ﬁgg lﬂi != horse 5 HEIEII
cat ‘ : > ba g S g ship = T = e
deer PRI N IS NI EACRES ruck o] R e N 50 S N N S

Labeled data: 5

7~

Training, 8K Testing; Unlabeled data: 10W; Size: 96*96
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Dataset

CIFAR-100

Superclass Classes Superclass Classes

aquatic mammals beaver, dolphin, otter, seal, whale large natural outdoor scenes cloud, forest, mountain, plain, sea

fish aquarium fish, flatfish, ray, shark, trout large omnivores and herbivores camel, cattle, chimpanzee, elephant, kangaroo
flowers orchids, poppies, roses, sunflowers, tulips medium-sized mammals fox, porcupine, possum, raccoon, skunk
food containers bottles, bowls, cans, cups, plates non-insect invertebrates crab, lobster, snail, spider, worm

fruit and vegetables apples, mushrooms, oranges, pears, sweet peppers people baby, boy, girl, man, woman

household electrical devices clock, computer keyboard, lamp, telephone, television  reptiles crocodile, dinosaur, lizard, snake, turtle
household furniture bed, chair, couch, table, wardrobe small mammals hamster, mouse, rabbit, shrew, squirrel
insects bee, beetle, butterfly, caterpillar, cockroach trees maple, oak, palm, pine, willow

large carnivores bear, leopard, lion, tiger, wolf vehicles 1 bicycle, bus, motorcycle, pickup truck, train
large man-made outdoor things bridge, castle, house, road, skyscraper vehicles 2 lawn-mower, rocket, streetcar, tank, tractor

Class: 100; Labeled data: SW Training, IW Testing; Size: 32*32

ImageNet

20



Comparison Results on CIFAR-10

Feedback Alignment

Weight-transport-free

SoftHebb (1 epoch)

Qualities Accuracy Layers Algorithm Reference
:_?g_zl_] 152 Backprop (cross-entropy) Kolesnikov et al. 2020
84.0 4 Backprop (cross-entropy) Ours
7.8 5

Ours
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Architecture Analysis

SoftHebb Architecture CIFAR-10 layer-wise performance

# layer MNIST/CIFAR STL10 ImageNet Width .Sca-hl'lg
Batchnorm Batchnorm Batchnorm K1t 1
5x5 conv96 5x5 conv96 5% 5 conv4g &%
Triangle Triangle Triangle _l_ I
4x4 MaxPool  4x4 MaxPool 4x4 MaxPool
Batchnorm Batchnorm Batchnorm I 4x
3x3 conv384  3x3 conv384  3x3 convl9? ry
Triangle Triangle Triangle e
4 x4 MaxPool 4x4 MaxPool 4x4 MaxPool i-_*\_,
Batchnorm Batchnorm Batchnorm 3
3x3 convl536  3x3 convld36  3x3 conv768 < Faad
Triangle Triangle Triangle '5
2x2 AvgPool 4x4 MaxPool 4x 4 MaxPool é:—/
Batchnorm Batchnorm
3x3 conv6144  3x3 conv3072
Triangle Triangle 69¢
2x2 AvgPool  4x4 MaxPool
Batchnorm
5%5 conv12288
Triangle 65— . .
2x2 AvgPool 1 layer 2 layers 3 layers
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Accuracy (%)

Depth-wise Performance

B SoftHebb - 57.2 7 86 8.3
B Hard WTA 810 o
84 825 ' b2.3 820
B Random : : 731
Backprop e2e
PIOP & 7 o
48 el .75
S 44f 430 = =
<8 34.334.6 33.5 E ‘;’
- o < 61 64
54,
21.6
52 53
1 layer 2 layers 3 layers 1 layer 2 layers 3 layers 1 layer 2 layers 3 layers 4 layers 1layer 2 layers 3 layers 4 layers 5 layers

(A) CIFAR-10 (B) CIFAR-100 (C) STL-10 (D) ImageNette
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Receptive Field Analysis

Accuracy (%)

CIFARLO depth comparison .."“F==== I-=E ==E= EE===E=
80 1+ ' !
HUNEEEE IF SNSEENR0E NEERENSE
—+— SoftHebb (ours) Nk . SEEREHLNN EEGENESER
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="1mFid="1 FSNRESER FEEREEENR
i N dr &=ml 10 EEONEERN SREENANE
111l = EERASEEENGE SEREEINES
5?-layer 2 layers 3 layers -‘. -."qr .-- .... .-._.E.H
(A) Hard WTA (B) SoftHebb (C) Backprop
ilgﬁfle ayle:r E‘;gsjltz?ccessssa{ Figu?‘e B.5: R;eceptive fields of the first convolutional layer’s neurons, learned from CIFAR-10
Hebb'’s CIFAR-10 accuracy by different algorithms.

increases with depth (hid-
den layers), compared with
prior work.
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Representation Analysis

T - "
neuron (1, s G ARSI Ll = | neuron (4

neuron sl

neuron tl

UMAP
projection

e car
ship
truck
airplane

e @

neuron p4

neuron r4

neuron s4

neuron t4

Hierarchical representations learned by SoftHebb on STL-10
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Representation Analysis

neuron pl neuron p4

neuron gl f neuron ¢4

neuron rl neuron r4

neuron sl neuron s4

neuron tl neuron t4

26



Content

Introduction to Timoleon Moraitis
Background

SoftHebb

Experiments

Discussion

27



Discussion

28

o o o O I 2 Ea e R PR
SRR =R RN E
EEENNEEENESN °
ENNENERANERE -
ERENNERNEEEE
ENHEREERAGEEE C
S P S R B S S A Y
& B ot AN LT i

. Other Units

mEl=ENERE=EE
IECSFSE=0"KN
STHREEREEENNENM 2
ESENHEEESNENE -
HERECAESEENLN
OdENRHIFSEN=R 2
ol SHSETHITSEE
o M R K 2 RN N D PO

SoftH

. Color Units

HEE "S-
HET AN s &= 1F
EEE I IR il ™
ETEF_ALENITE
B EEE™ IFEL 1 :
S R ERIE ML
B U " el Fa®d
HOE Nl ===k

Hard WTA

g Gabor like Units



Discussion
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Gabor like Units

Color Units

| lﬂ_ =
| Ly 5 !"r'
| ‘E.

Gabor like Units

o
- -
= )
1 s —
'-§4 w
=

Complex Gabor Units

Color Contrast Units

l
=
L

Multicolor Units

. is

(Olah, et al. 2020)

—

=

—

__Shallow

Level

| Middle

Level

Line Units

,.- n-.-

Textures Units

T
=

Color Center-Surround Units

Complex enter-Surround Units

| High

Level

| Higher

Level

29



Reference

* Hebb, D. O. (1949). The organization of behavior; a neuropsychological theory.

* Bienenstock, E. L., Cooper, L. N., & Munro, P. W. (1982). Theory for the development of neuron
selectivity: orientation specificity and binocular interaction in visual cortex. Journal of Neuroscience, 2(1),
32-48.

* Gerstner, W., & Kistler, W. M. (2002). Spiking neuron models: Single neurons, populations, plasticity.
Cambridge university press.

* Haykin, S. (2009). Neural networks and learning machines, 3/E. Pearson Education India.

* Olah, et al. (2020). An Overview of Early Vision in InceptionV 1. Distill.

* Bao, P, She, L., McGill, M., & Tsao, D. Y. (2020). A map of object space in primate inferotemporal cortex.
Nature, 583(7814), 103-108.

* Lee, J. J., Krumin, M., Harris, K. D., & Carandini, M. (2022). Task specificity in mouse parietal cortex.
Neuron, 110(18), 2961-2969.

30



Thanks for your attention!



