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1. Background and Contributions

3. Fixed-Weight Difference Target Propagation

Criticisms of BP about its inconsistencies with neuroscience
= Difference Target Propagation [Lee+, 2015] was proposed
Problems:

* Low generalization performance

* High computational cost

* Hyperparameter instability

Feedback network with fixed-weights:

9:(ty) = 0(Bi7y)
B;: Fixed-weight 1nitialized with uniform distribution U(—0.01, 0.01)

Feedback Network —
T—1 = hy_1 + g1 (7)) — g; (hy)

Weight B 1s 1nitialized with
random and full-rank matrix
and fixed in training process

Forward Network
h, = fi(hi—1) = og(W;h;_1)

Update weight W; to reduce

layer-wise loss:
A, — 7,11°

We propose Fixed-Weight Difterence Target Propagation
* Generalization performance comparable to SOTA

* Significantly reduced computational cost

* Improved stability with different hyperparameters

Analysis 1. (Condition of Jacobian)
* Forward weights self-align s.t. the forward and feedback
Jacobian satisfies

2. Difference Target Propagation [Lee+, 2015] -
. tr(JrJg ) >0 Se0
Feedback network propagates targets of each activation ( Ji g1 ) — 5
v —— 2nd Layer of DTP
J i Jacobian of f E 20, ~p=2eL i Layen ol EIE
Forward Network tr(X): trace of X 0 ia:ttélh) LafyFeVrV of FW.DTF

Y o000
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hy = fi(h—1) = (W hy_4) Epochs

Update weight W, to reduce [t guarantees that the average global loss decreases

layer-wise loss:
A, — 7,11

Analysis 2. (Exact form of feedback function)
* The feedback function in FW-DTP was cooperatively
modified with updated forward weights

gte cf.-; " f!' L f: —glo f

— Feedback Network —
T—1 = h—1 + g1(7)) — g,(hy)

Update weight G; by forming
layer-wise autoencoder with
forward network

(e) FW-DTP

(d) &; in DTP

(b) DTP (¢) DTP (reduced visualization)

4. Experimental Results

1. Generalization Performance

Set-up:
* Model: Fully connected network (with 3~5 hidden layers)
* Datasets: Four image classification datasets

2. Computational cost & Hyperparameter sensitivity
Set-up:

* (Cost: Training time per epoch

* Sensitivity: Test acc. with different hyperparameters

DTP

METHODS | #PARAMS MNIST F-MNIST | #PARAMs  CIFAR-10  CIFAR-100 TIME[SEC] RATIO TO FW-DTP o l
BP 0.5M 1.85+10.00  10.4210.08 6.3M 46.1641.15  75.9610.52 FW-DTP  2.22.10.00 1.00-0.00 S
TP 1.1M 78.99:l:2.04 — 13.0M — — DTP 8.32:!:0.36 3.74:|:o,17 %
DTP 0.5M 3241015  11.8640.14 6.3M 52171079  77.8940.39 DRL 9.52.40.08 4.29+0.05 Tl
1.1M 2.7710,10 11-77:t0.16 13.0M 52-01:|:0.80 77.11:4;0.20 L-DRL 8.8610,08 3.99:|:0,05 4 5
DRL 0.5M 3.13:&0,()3 12.75:l:0.52 6.3M 50-11:l:0.67 76.69;};0,30 BP 0.76i0.03 0.34;};0,01 ol
1.1M 2.8410,()9 12.15:}:0,25 13.0M 48.79:|:0.58 75.62;&0,35 0.0 0.1 0.2 0.3 0.4 0.5
L-DRL 0.5M 3141003  12.4510 36 6.3M 49581033  76.72+0.26 0 FW-DTP
1.1M 2.8240.10 12.2940.46 13.0M 49.8410,55 75.62:|:0,31 »
FW-DTP 0.5M 2.7640.10 11.764¢.37 6.3M 48.97 1+0.32 76.7640.45 Computatlonal cost (T) 20
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