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I Backpropagation of the etror is not biologically plausible
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I Backpropagation of the etror is not biologically plausible
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T l *  Symmetric weights for forward and backward computation

y(OO O OO
W lw

h, (OO OO O]
Wl | wy
h, L OO O O O]

w,|
x (OO O OO0]

Rumelhartetal., 1995
Lillicrap et al., 2020 3



I Backpropagation of the etror is not biologically plausible

BP
t —0O-— e » Weighttransportproblem
T l *  Symmetric weights for forward and backward computation
y (OO OO O] . .
. » Non-localinformation used forthe updates

WJ J,WS * Global errorand downstream weights needed for learning
h, (OO0 OO}

W[ | W
h, L OO O O O]

W, |
x (OO O OO0]

Rumelhartetal., 1995
Lillicrap et al., 2020 1



I Backpropagation of the etror is not biologically plausible

BP
t —0O-— e » Weighttransportproblem
T l *  Symmetric weights for forward and backward computation
y(CO O OO] . .
W W » Non-local information used forthe updates
4 J, 3 * Global errorand downstream weights needed for learning
h, (OO OO O]
W I J' W.T » Frozenactivity duringerror propagation and parameterupdates
2 ? * Separate forward and backward computation
h, L OO O O O]
W, |
x (OO OO 0]

Rumelhartetal., 1995
Lillicrap et al., 2020 5



I Backpropagation of the etror is not biologically plausible

BP
t —0O-— e » Weighttransportproblem
T l *  Symmetric weights for forward and backward computation
y(CO O OO] . .
W W » Non-local information used forthe updates
4 J, 3 * Global errorand downstream weights needed for learning
h, (OO OO O]
W I J' W.T » Frozen activity duringerror propagation and parameter updates
2 ? * Separate forward and backward computation
h, L OO O O O]
W‘[ » Update lockingproblem
1 * Backward computation needsto be complete before the next forward pass
x (OO OO 0]

Rumelhartetal., 1995 I |
Lillicrap et al., 2020



I Backpropagation of the etror is not biologically plausible
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The PEPITA learning rule for Fully Connected Neural Networks

» PEPITA =Present the Errorto Perturbthe Input To modulate Activity
* Substitutes the standard Forward+Backward scheme with two Forward Passes
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The PEPITA learning rule for Fully Connected Neural Networks

» PEPITA =Present the Errorto Perturbthe Input To modulate Activity
* Substitutes the standard Forward+Backward scheme with two Forward Passes

PEPITA
Algorithm 1 Implementation of PEPITA t —0O e
Given: Input (x) and label (target) T l
is‘staf(iard forward pass y[ 9000 O}
0=
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The PEPITA learning rule for Fully Connected Neural Networks

» PEPITA =Present the Errorto Perturbthe Input To modulate Activity
* Substitutes the standard Forward+Backward scheme with two Forward Passes

Algorithm 1 Implementation of PEPITA
Given: Input (x) and label (target)
#standard forward pass
h,g =X
for/=1,...L
he = o¢e(Wehe—1)
e = hy— target
#modulated forward pass
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The PEPITA learning rule for Fully Connected Neural Networks

» PEPITA =Present the Errorto Perturbthe Input To modulate Activity
* Substitutes the standard Forward+Backward scheme with two Forward Passes

PEPITA
Algorithm 1 Implementation of PEPITA t —0O-—e
Given: Input (x) and label (target) T l
#standard forward pass
ho = x yeOO OO O
for/=1,..,L WST
he = o¢e(Wehe—1) h{ OO0 OO0
e = hyp— target < » PresenttheError...
#modulated forward pass WZT
hg™" = x+Fe
for /=1, ..,L hJOOOOOJ
BT = oo(Wehg™) W, |
if ¢ < L:
AWy = (hg — hg™™) - (hg™)T x LOOO O O]
else: st 9
AWy = e (hi™)"




The PEPITA learning rule for Fully Connected Neural Networks

» PEPITA =Present the Errorto Perturbthe Input To modulate Activity
* Substitutes the standard Forward+Backward scheme with two Forward Passes

Algorithm 1 Implementation of PEPITA

Given: Input (x) and label (target)

#standard forward pass
h,g =X
for/=1,..,L
he = o¢e(Wehe—1)
e = hy— target
#modulated forward pass
h§'™ = x+Fe
for/=1,..,L
hgT = oo(Wehg™)
if ¢ < L:
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The PEPITA learning rule for Fully Connected Neural Networks

» PEPITA =Present the Errorto Perturbthe Input To modulate Activity
* Substitutes the standard Forward+Backward scheme with two Forward Passes

Algorithm 1 Implementation of PEPITA

Given: Input (x) and label (target)

#standard forward pass
h,g =X
for/=1,..,L
he = o¢e(Wehe—1)
e = hy— target
#modulated forward pass
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The PEPITA learning rule for Fully Connected Neural Networks

» PEPITA =Present the Errorto Perturbthe Input To modulate Activity
* Substitutes the standard Forward+Backward scheme with two Forward Passes

PEPITA
Algorithm 1 Implementation of PEPITA t —0O-—»e€
Given: Input (x) and label (target) T l
is;tar(iard forward pass yerr oy &O O O 0O O
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Testing PEPITA on image classification tasks - experimental results

FULLY CONNECTED MODELS

CONVOLUTIONAL MODELS

MNIST CIFARI10 CIFARI100 MNIST CIFARI10 CIFAR100
BP 98.63x0.03 55.27=x0.32 27.58=x0.09 | 98.86+0.04 64.99x0.32 34.20=0.20
FA 908.42+0.07 53.82+0.24 24.614+0.28 | 98.50+£0.06 57.51£0.57 27.154+0.53
DRTP 95.10x0.10 45.89+0.16 18.32+0.18 | 97.321+0.25 50.53+0.81 20.14=0.68
PEPITA | 98.01+=0.09 52.57+=0.36 24.91+0.22 | 98.29+£0.13 56.33+£1.35 27.56=0.60
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Testing PEPITA on image classification tasks - experimental results

Architecture:
1 hidden layer +
1 output layer

FULLY CONNECTED MODELS

CONVOLUTIONAL MODELS
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BP 98.63x0.03 55.27=x0.32 27.58=x0.09 | 98.86+0.04 64.99x0.32 34.20=0.20
FA 908.42+0.07 53.82+0.24 24.614+0.28 | 98.50+£0.06 57.51£0.57 27.154+0.53
DRTP 95.10x0.10 45.89+0.16 18.32+0.18 | 97.321+0.25 50.53+0.81 20.14=0.68
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Testing PEPITA on image classification tasks - experimental results

» Resultsfor PEPITA are close to BP’s performance

Architecture:
1 hidden layer +
1 output layer

FULLY CONNECTED MODELS

CONVOLUTIONAL MODELS

MNIST CIFARIO CIFARI100 MNIST CIFARI10 CIFARI100
BP 98.63+0.03 55.27x0.32 27.58+0.09 | 98.86+0.04 64.991+0.32 34.20=x0.20
FA 908.42+0.07 53.82+0.24 24.614+0.28 | 98.50+£0.06 57.51£0.57 27.154+0.53
DRTP 95.10+£0.10 45.89+0.16 18.3240.18 | 97.32+0.25 50.534+0.81 20.1440.68
PEPITA | 98.01+=0.09 52.57+=0.36 24.91+0.22 | 98.29+0.13 56.33+£1.35 27.56=0.60
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Testing PEPITA on image classification tasks - experimental results

» Resultsfor PEPITA are close to BP’s performance

» Insome tasks, PEPITA outperforms FA

Architecture:
1 hidden layer +
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Testing PEPITA on image classification tasks - experimental results

» Resultsfor PEPITA are close to BP’s performance

» Insome tasks, PEPITA outperforms FA
» PEPITA always outperforms DRTP

Architecture:
1 hidden layer +
1 output layer

FULLY CONNECTED MODELS CONVOLUTIONAL MODELS
MNIST CIFARI10 CIFARI100 MNIST CIFARI10 CIFARI100
BP 98.63x0.03 55.27=x0.32 27.58=x0.09 | 98.86+0.04 64.99+0.32 34.20=0.20
FA 08.42+0.07 53.82+0.24 24.6140.28 | 98.50+£0.06 57.51£0.57 27.154+0.53
DRTP 95.10x0.10 45.89+0.16 18.32+0.18 | 97.321+0.25 50.53+0.81 20.14=0.68
PEPITA | 98.01+=0.09 52.57+=0.36 24.91+0.22 | 98.29+0.13 56.33+£1.35 27.56=0.60
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Testing PEPITA on image classification tasks - experimental results

Results for PEPITA are close to BP’s performance

In some tasks, PEPITA outperforms FA
PEPITA always outperforms DRTP

The PEPITA convolutional version
e Useful 2D features

Architecture:
1 hidden layer +
1 output layer

FULLY CONNECTED MODELS

CONVOLUTIONAL MODELS

MNIST CIFARIO CIFARI100 MNIST CIFARI10 CIFARI100
BP 98.63x0.03 55.27=x0.32 27.58=x0.09 | 98.86+0.04 64.99+0.32 34.20=0.20
FA 908.42+0.07 53.82+0.24 24.614+0.28 | 98.50+£0.06 57.51£0.57 27.154+0.53
DRTP 95.10x0.10 45.89+0.16 18.32+0.18 | 97.3210.25 50.53+0.81 20.14=0.68
PEPITA | 98.014+0.09 52.57+0.36 24.91+£0.22 | 98.29+0.13 56.33+1.35 27.56+0.60
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Testing PEPITA on image classification tasks - experimental results

Results for PEPITA are close to BP’s performance

In some tasks, PEPITA outperforms FA
PEPITA always outperforms DRTP

The PEPITA convolutional version
Useful 2D features

Learning speed
Between BP (the fastest) and FA (the slowest)

Architecture:
1 hidden layer +
1 output layer

FULLY CONNECTED MODELS

CONVOLUTIONAL MODELS

MNIST CIFARIO CIFARI100 MNIST CIFARI10 CIFARI100
BP 98.63x0.03 55.27=x0.32 27.58=x0.09 | 98.86+0.04 64.99+0.32 34.20=0.20
FA 908.42+0.07 53.82+0.24 24.614+0.28 | 98.50+£0.06 57.51£0.57 27.154+0.53
DRTP 95.10x0.10 45.89+0.16 18.32+0.18 | 97.3210.25 50.53+0.81 20.14=0.68
PEPITA | 98.01+0.09 52.57+0.36 24.91+0.22 | 98.29+0.13 56.33+1.35 27.56=+0.60
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Testing PEPITA on image classification tasks - experimental results

Results for PEPITA are close to BP’s performance
In some tasks, PEPITA outperforms FA 50+
PEPITA always outperforms DRTP < 45
The PEPITA convolutional version )
» Useful 2D features § 40
Learning speed < I
» Between BP (the fastest) and FA (the slowest) 35 RP k=0.1
; —— RP k=0.01
Architecture: F=0
1 hidden layer + / 5 00 20 0 50 100
1 output layer Training epochs
FULLY CONNECTED MODg,S/ CONVOLUTIONAL MODELS
MNIST CIFAR10 «~ CIFAR100 MNIST CIFARI0 CIFAR100
BP 98.631+0.03 55.27+0.32 27.58%+0.09 | 98.86+0.04 64.99+0.32 34.20+0.20
FA 08.424+0.07 53.82+0.24 24.61+0.28 | 98.50+0.06 57.514+0.57 27.1540.53
DRTP 95.104+0.10 45.8940.16 18.32+0.18 | 97.32+£0.25 50.53+0.81 20.14+0.68
PEPITA | 98.01+=0.09 52.57x=0.36 24.91+£0.22 | 98.29+0.13 56.33+1.35 27.56=+0.60

22



Why it works: soft-antialignment

» Soft-antialignment

PEPITA
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» Soft-antialignment

* Anglebetween
projection matrix F and
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Why it works: soft-antialighment

Soft-antialignment

* Anglebetween
projection matrix F and
product between the forward weight matrices
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I Why it works: soft-antialighment

» Soft-antialignment a 0.95.
* Angle between £
e projection matrix Fand > 0.964
* product between the forward weight matrices g
* Evolution during learning = soft antialignment E 0.04.
b
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Why it works: soft-antialighment

. a
» Soft-antialignment "~ 0.98"
* Angle between X
e projection matrix F and §0.96 ]
* product between the forward weight matrices =
* Evolution during learning = soft antialignment S
_ _ _ < 0.941
* Analytically proven for one-hidden layer linear network :
b 0 10 20 30
PEPITA g120°
t -0 —e )
(V'
I « 1001
¥
] ©. 0 6 6 o . . . .
i 0 10 20 30
'...*-?-'}I Training epochs
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»

Summary and Outlook

PEPITA

* Isanoveltrainingschemerelying only on forward computations

* Solves weight transport, freezing of neural activity, non-local weight updates and backward locking
* Achievesperformance on-par with FA on simpleimage classification tasks
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I Summary and Outlook

» PEPITA
* Isanoveltrainingschemerelying only on forward computations
* Solves weight transport, freezing of neural activity, non-local weight updates and backward locking
* Achievesperformance on-par with FA on simpleimage classification tasks

» Challenges
* Performance does not improve with depth
 Different non-linearities
* Residual connection
* Trainingthe Fmatrix
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I Weight distribution after training

» Widerweightdistribution
PEPITA learns different solutions compared to BP
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Analysis of PEPITA from a biological standpoint

PEPITA solvesthe BP’s issues of biological plausibility, but it introduces additional elements:

Cortex

» Projection of the error onto the input through a fixed random matrix
* Reminiscent of cortico-thalamo-cortical loops

Striatum

Thalamus

Brainstem

In the thalamus:

- Thalamocortical (TC) neurons
Excitatoryneurons in the neocortex:
- Intratelencephalic(IT)

- Pyramidal tract (PT)

Spinal cord

Shepherd & Yamawaki, 2021
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Analysis of PEPITA from a biological standpoint

PEPITA solvesthe BP’s issues of biological plausibility, but it introduces additional elements:

x+Fe

» Projection of the error onto the input through a fixed random matrix + \
* Reminiscent of cortico-thalamo-cortical loops —» O

» Storing of the activation of the Standard pass until the Modulated pass ¢ (v*) Stores 2™ pass

* Canbeimplementedin biological neurons through mismatch between

dendriticand somatic activity

mismatch

Stores 1t pass

Asabuki & Fukai, 2020



The PEPITA learning rule

» PEPITA =Present the Errorto Perturbthe Input To modulate Activity

» Substitutesthe standard Forward+Backward scheme with two Forward Passes

» Standard Forward pass = same as for standard algorithms
* Modulated Forward pass = inputis modulated by the error

» F =projectionmatrixto add the erroronto the input

» Update relies on difference of activations between Standard and Modulated pass

PEPITA
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PEPITA solves the biologically implausible aspects of BP

a BP b FA Cc DFA d PEPITA

t —>O->»¢€

AWp = —(Wfii6api1) O f'(ap)hy—y —(Bf8as+1) O f'(aph}—y —(Bfe) O f'(ar)hf—, (hg—h3'") - (hffir)
WEIGHT-TRANSPORT-FREE x v v v
LOCAL RULE x x x v
FREEZING OF ACTIVITY x x x v

35
UPDATE-UNLOCKED x x PARTIALLY PARTIALLY



I Alternatives to BP: relaxing symmetry requirements

BP
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Alternatives to BP: relaxing symmetry requirements

Rumelhartet al., 1995
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Lillicrap et al., 2016
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Alternatives to BP: relaxing symmetry requirements

Rumelhartet al., 1995

FA

Lillicrap et al., 2016
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A.Nokland, 2016
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Alternatives to BP: relaxing symmetry requirements

BP FA DFA DRTP
t S € t © e t e e t 06 -—e¢e
1
y y y y LOO OO O+
WSI
h, h, h, h2| 010,010 (D]‘_B2
WJ
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w,]
X X X x OO OO O]

t

Rumelhartetal., 1995 Lillicrap et al., 2016 A. Nokland, 2016 Frenkeletal., 2019 |



Alternatives to BP: relaxing symmetry requirements

Rumelhartetal., 1995

Lillicrap et al., 2016

A.Nokland, 2016

Frenkeletal., 2019 |



The backpropagation algorithm

» Forward pass { O -— e
* Network’s response toinput
* Errorfunction e=y—t
* Weightupdates proportional toits negative y[ OO OO0 O]
radient
g WST
» Backward pass h2| OO O. O O]
* Errorsignal flows backward through the network W‘?]
e Computedrecursively viathe chainrule
« Update phase h1[ OO0 OO0 O]
W, |
x (OO0 00)

Lillicrap et al., 2020 41



I The Backward Pass

The backward pass implies:
» Non-locality
» Frozen activity

» At least partial updatelocking

y

Remove the backward pass

PEPITA
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Dellaferrera & Kreiman, ICML 2022
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Test curves on CIFAR-10
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Error-based modulation is key for good petformance
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I Weight distribution —heavy tailed
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I Analysis of PEPITA from a biological standpoint

PEPITA solvesthe BP’s issues of biological plausibility, but it introduces additional elements:

» Projection of the error onto the input through a fixed random matrix

e Global neuromodulato rys i gna ls modulate a ctivity inV1 Serotonergic.hi-directional Cholinergic m.ono-directional
response gain control response gain control

mAChRs activation
Adjustment of response magnitude

5-HT2A activation
Optimization of response magnitude

I

Response

mAChRs
activation

Response

S-HT2/

Contrast

Contrast Input layer
S-HTIBY nAChRs
nAChRs activation
5-HT1B activation Enhancement of detectability
Enhancement of retinal image contrast and discriminability
2 Y
& w
2 : T
& =9
2 g
& &
Noise

odb dap

Contrast

o ap

Contrast
46
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Alternatives to BP: Sign symmetry

» Asymmetricbackpropagation
Sign-concordant Feedback

» Relaxweight symmetryrequirement

* the magnitudes of feedback weights do not matter to
performance

* thesignsof feedback weights do matter —
the more concordant signs between feedforward and
their corresponding feedback connection

BP

t -+ O e

|

y (OO OO O]
AREAA
h, LOO O O O]
Wl wr
h, (OO OO O]

w,|
x OO OO 0]

Sign-concordant Feedback

t O » e

|
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WSI l sign(Ws)-|B|
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Wzl J' sign(W.,)-|B|
h, (OO OO0 0]

w,|
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Liao etal., 2016 |
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»

»

»

Alternatives to BP: Feedback Alignment

Precise symmetric connectivity between connected
layers is not required to obtain quick learning

Replaces W™ with a matrix of fixed randomweights B © Wy O w, O
| . | O—10.__"|O

* Eachneuroninthehidden layerreceivesarandom O o v |0
projection of the error vector — — —

* Avoidsalltransport of synaptic weight information C — —
e . (@ «_ [@

O—|0O|L O

.. : : O o 2 |0

The circuitlearns by encouraging a soft alignment of ) ) —

W with BT

* The angle between modulatorvectors prescribed by
feedbackalignmentand backprop decreases T P

* As Walignswith BT, B beginsto act like W', sendinguseful ~ x %o [/ P =
teaching signalsto the hidden units o= ] I —

90°

........................................................................

0 1,000 2,000
No. examples
/—\
W
WD —"
—
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I Alternatives to BP: Direct and Indirect Feedback Alignhment

»

»

»

»

The FA principle is used for training hidden layers more
independently from the rest of the network

Feedback path disconnectedfrom the forward path

* Possibility thatthe errorinthe feedbacklayeris
represented by neurons not participating in the forward
pass

* layerisnolongerreciprocally connected to the layer above

DFA
« directfeedback pathto each hidden layer

IFA

« directfeedback path connectingtothefirsthidden layer
* thenvisiting every layer onits way forward

a) BP b) FA
y (O0Q] ©00)
A B

3 w -

h, Q00O
g B

2 w 1

wl
(@00 @oee

MODEL BP FA DFA

7x240 Tanh 216+ 0.13% 220 + 0.13% (0.02%) | 2.32 +0.15% (0.03%)
100x240 Tanh 3.92 £ 0.09% (0.12%)
1x800 Tanh 1.59 £ 0.04% 1.68 + 0.05% 1.68 £ 0.05%

2x800 Tanh 1.60 £ 0.06% 1.64 £ 0.03% 1.74 4+ 0.08%

3x800 Tanh 1.75 £ 0.05% 1.66 + 0.09% 1.70 £ 0.04%

4x800 Tanh 1.92 +0.11% 1.70 4+ 0.04% 1.83 4 0.07% (0.02%)
2x800 Logistic 1.67 £ 0.03% 1.82 £ 0.10% 1.75 £ 0.04%

2x800 ReLU 1.48 £ 0.06% 1.74 £ 0.10% 1.70 £ 0.06%

2x800 Tanh + DO | 1.26 £ 0.03% (0.18%) | 1.53 £ 0.03% (0.18%) | 1.45 £ 0.07% (0.24%)
2x800 Tanh + ADV | 1.01 £ 0.08% 1.14 +0.03% 1.02 £ 0.05% (0.12%)

Test erroron MNIST

A.Nokland, 2016 49



I Alternatives to BP: Direct Random Target Propagation

» The errorsign provides useful modulatory

signals to multi-layer networks ! BP b FA " Dm " Drre
* Targets(i.e. one-hot-encoded labels) usedin place — — — —
of the output error \}i? b _l\/\; T : ¢>e (T JB?
* Targetsare projected onto the hidden layers »(@ @ »0 @ _}-‘3@ »(@ @
AR A s | W’SI
10 oy 1: 1:
» Fully solves both the weight transportand the 00 ee 00 ee re0ee®: |reeee:
update locking problems b T w! 7! : rr'[ -
) a1y i ) oy ) BT B BT
1000 e ALY X) 0000); | N0eee;
» BUT: lower performance than BP, FA, DFA WJ W’II TF}W W}I
x000®0 0000 0000 t* » Q00O t*
Network BP FA DFA DRTP
FC1-500 DO 0.0 1.7240.08% 1.9240.08% 2.59+0.11% 4.58+0.12%
DO 0.1 1.5540.03% 1.66+0.06% 2.17£0.10% 4.65+0.13%
DO 0.25 1.64+0.06% 1.7340.05% 2.32+0.08% 5.364+0.11%

Test erroron MNIST

Frenkelet al., 2019 50



Training without a backward path: modulating the input through the error

t — o — e

Rumelhartetal., 1995

t — O — e

Lillicrap et al., 2016

DFA

Nokland, 2016

PEPITA

t — O —e
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I The PEPITA learning rule for Convolutional Neural Networks

» Same approach with Standard and Modulated pass

» Takesinto account weight sharing of convolutional layers

» Each filter is updated based on the contributions of each input-map-region — output-map-element pair

Input maps

Forward pass

Filters

Output maps

Update computation

Input map

e
P

Output map
activity difference

Filter update
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I Testing PEPITA on image classification tasks - experimental results

»

»

»

»

Res 1ce
Initialization
In st A
PEF :«;,-...».,.‘ " 0
The "3 i*‘»'a :
« ( g il .
e | @ %-Q: > %
B B :
Q‘.Q
FULLY CONNECTED MODELS CONVOLUTIONAL MODELS
MNIST CIFARI10 CIFAR100 MNIST CIFARI0 CIFAR100
BP 08.63+0.03 55.27+0.32 27.58+0.09 | 98.86+0.04 64.9940.32 34.20+40.20
FA 08.424+0.07 53.82+0.24 24.61+0.28 08.50+0.06 57.514+0.57 27.154+0.53
DRTP 05.10+0.10 45.89+0.16 18.32+0.18 97.324+0.25 50.53+0.81 20.1440.68
PEPITA | 98.01+0.09 52.57+0.36 08.29+0.13 56.33+1.35
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