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1.Introduction 4.Methodology 6.Conclusions
Deep learning relies on backpropagation (BP) and automatic : :
ceb leathing propag .( ) « RQl is explored on MNIST, FashionMNIST, CIFAR10 and CIFAR100 o The cost of replacing AD with DD in MF is relatively small in simple
differentiation (AD), both are barriers in scenarios in hardware where . : : : .
. . e RQ2 FashionMNIST with P € {1, 2, 4, 8} directions datasets, while complex datasets show larger gaps.
gradients cannot be computed analytically. : . . e :
Ny . . . .  Experiments ran on DelftBlue HPC o The number of perturbations stabilize training and increase
e Mono-Forward [1] (MF) eliminates BP via layer-wise training with _ _
. . accuracy, and reduce the noise as expected, but high values are
goodness-based loss functions, but still uses AD, related work shows
5.Results performance bottlenecks.

comparable results to BP. . . . . :
e Training time is an issue with larger number of parameters and

e FFZero [2] replaces AD with zeroth-order directional derivatives in a RQ1l: Accuracy Cost of Using Directional Derivatives. Cumulative-mode bation di )
forward-forward setting, but uses prototype-based cosine similarity predictions are the primary metric, final-layer mode in parantheses perturbation directions.
for goodness scores. MLP

Table 3: Training Time of Different BP vs. MF+AD vs. VF+DD in Various Datasets
Dataset BP MF+AD MF+DD (P=4) A MLP NN

- P

Aim: Adapt MF to use ZO optimization, achieving training that is entirely
free of BP and AD, and evaluate its performance.

MNIST 0.973 +£0.001 0.950+0.001 (0.948 +0.001) 0.933 +0.002 (0.932+0.000) —0.017 (—0.015) =
) Weiaht Uodates (AD FashionMNIST 0.879 +0.004 0.860 + 0.003 (0.858 +0.004) 0.837 %+ 0.002 (0.821 +0.000) —0.023 (~0.037) !
Layerwise Loss gnttp (AD) CIFAR-10 0.486 +0.004 0.526 + 0.004 (0.523+0.003) 0.376+0.001 (0.300+0.001) —0.150 (—0.222)
A T oL, 9G, 9 5 CIFAR-100 0.208 +0.004 0.189 +0.003 (0.149+0.002) 0.109 £ 0.004 (0.069 +0.002) —0.080 (—0.080) 3 s
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o=
MNIST 0.989 £0.001 0.965+£0.001 (0.971 £0.001) 0.949 £ 0.002 (0.956 £0.003) —0.016 (—0.015) - P o e - p—— — —
i i o FashionMNIST 0.911+ 0.001 0.883 + 0.004 (0.888 +0.004) 0.842 + 0.004 (0.827+0.003) —0.041 (=0.061)
2.Directional Derivative-Based Approach CIFAR-10 0.731£0.003 0.552+0.007 0.5404+0.006) 0.418 % 0.009 (0387 +0004) —0.134 (—0.153)

CIFAR-100 0.430+0.002 0.274 +0.003 (0.268 +0.002) 0.176 +=0.005 (0.151 £0.004) —0.098 (—0.117)

Zeroth-Order (ZO) gradient estimation [3,2] uses only two forward
passes per direction. For direction v:

7.Future work
o Explore the effect of new hyperparameters introduced for DD

Vo L(w) = lim L(w+ev)— L(w—eV) RQ2: Number of Perturbations vs. Accuracy and Effect on Convergence approach, chunk size and number of projection dimensions.
v - . . . . iy wqe
e—0 2¢e Table 1: MF+DD Accuracy on FashionMNIST vs. P . ].Elxpirln.lerits on actual physical hardware to determine feasibility
_ in physical systems.
o1 9L(w) = = . Use optimizers such as Ad [4], to see the effect of lizati
E, [n\—/v E(w)v] — 8_ 0850 4 1 se op 1_rnlzers suc. as a?m , to see the effect of normalization
W e N 084 1 mechanisms on noisy gradients.
_ _ _ _ _ o _ 0500 4 o o See the effect of allocating more perturbation directions to high loss
Using this, for direction v layer weight and projection matrix updates F os | 5021 layers, balancing gradient quality and computational cost.
are: g anicd E 081
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e Use random projections to reduce dimensionality of the channel-wise
activations in architectures with large number of activations.
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e RQl: What is the accuracy cost of replacing AD with DD based
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e RQ2: How does the number of perturbation directions P affect Step Siep
classification performance and model convergence?
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