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Motivation: biologically plausible implementation of backprop

FZ FN—1

F° F1

Y 1cML
Int ti | Conf N N .
OnMachine Leaming Towards Scaling Difference Target Propagation 1



Motivation: biologically plausible implementation of backprop

Y 1cML
Int ti | Conf N N .
OnMachine Leaming Towards Scaling Difference Target Propagation 2



Motivation: biologically plausible implementation of backprop

Backprop has two issues:

Weight transport
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Motivation: biologically plausible implementation of backprop
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Difference Target Propagation
(Lee et al, 2015):

Distinct feedback weights
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Difference Target Propagation (DTP)
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Difference Target Propagation (DTP)

Training 67 : ° e

AOY o (2 — s2) - st'

tt = s+ GL1(t?) — G1(s?),
eJ—(2)
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Difference Target Propagation (DTP)
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Training 8- : €
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AOY o (t? —s?) - st

tt =s1 + G1(t?) — G1(s?),

Training w? :

rl =GloFi(s! +¢)

Aw! o (11— s1) . 52" = G ~ (F1)1
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Emulating backprop by DTP

DTP =~ Gauss-Newton Optimization
(Meulemans et al 2020, Bengio 2020)
Training 0™ :

AO" aenFnT , (tn+1 _ Sn+1)

th — N ~ aanGn . (tn+1 _ Sn+1)
Training w™ :

Gn ~ (Fn)—l
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Emulating backprop by DTP

DTP =~ Gauss-Newton Optimization Our work: DTP = Backprop
(Meulemans et al 2020, Bengio 2020)
Training 0™ :

AO" aenFnT , (tn+1 _ Sn+1)

t" —s™ &= O+ G- (£ — 5T )
Training w™ : Training w™ :

G" ~ (F")~ ! 0 n+1G" ~ (A F™)T

AO" aenFnT ) (tn+1 _ Sn+1)

N _— oM ~ (asnF")T . (tn+1 _ Sn+1)
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Our new algorithm to train w™

Step 1 (standard DTP)
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Our new algorithm to train w™

Step 1 (standard DTP) Step 2

S &
G" G"

Step 3

G ~ N (0,02)
@)
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Our new algorithm to train w™

Step 1 (standard DTP) Step 2 Step 3

@) o
LT e
G" G"

Update w™ with L} = —= €' - (1 —1™) + #Hrnn ~ rnHZ

Step 4

1 n n\T ||2
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Testing the feedback training algorithm

FC layer
(frozen feeforward weights)
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Training experiments

LeNet (4 layers) MNIST F-MNIST CIFAR-10

Meulemans et al (2020) 98.6 88.9 76.3
Ours 98.9 90.3 85.3
BP 98.9 91.4 86.3

\YCICH(REVES) CIFAR-10 ImageNet 32x32 (Top 5)

Ours 389.4 60.6
BP 39.0 61.3

Machine Learn ing Towards Scaling Difference Target Propagation 14



Conclusion

Better to learn backprop targets than Gauss-Newton targets

Repo:
https://github.com/ernoult/scalingDTP

(New) Distributed implementation parallelizing feedback weight training:
https://github.com/amoudgl/distributed-dtp
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