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Adapting Mono-Forward with Zeroth-Order Gradient Estimation for Automatic
Differentiation-Free Training

Deep learning relies on backpropagation (BP) and automatic
differentiation (AD), both are barriers in scenarios in hardware where
gradients cannot be computed analytically. 

Mono-Forward [1] (MF) eliminates BP via layer-wise training with
goodness-based loss functions, but still uses AD, related work shows
comparable results to BP.
FFZero [2] replaces AD with zeroth-order directional derivatives in a
forward-forward setting, but uses prototype-based cosine similarity
for goodness scores.

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

The cost of replacing AD with DD in MF is relatively small in simple
datasets, while complex datasets show larger gaps.  
The number of perturbations stabilize training and increase
accuracy, and reduce the noise as expected, but high values are
performance bottlenecks.
 Training time is an issue with larger number of parameters and
perturbation directions.
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Layerwise Loss Weight Updates (AD) 

RQ1 is explored on MNIST, FashionMNIST, CIFAR10 and CIFAR100
RQ2 FashionMNIST with P ∈ {1, 2, 4, 8} directions
Experiments ran on DelftBlue HPC

RQ1: What is the accuracy cost of replacing AD with DD based
zeroth-order methods in the Mono-Forward framework?
RQ2: How does the number of perturbation directions P affect
classification performance and model convergence?

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

Using this, for direction v layer weight and projection matrix updates
are: 

Where 

RQ2: Number of Perturbations vs. Accuracy and Effect on Convergence 

MLP

CNN

RQ1: Accuracy Cost of Using Directional Derivatives. Cumulative-mode
predictions are the primary metric, final-layer mode in parantheses
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Problems: 
DD estimate is noisy, with a large number of parameters its noise is
amplified even more! 
Mono-Forward also has an inherent problem of having lots of
parameters in some architectures. 

Solution: 
Split trainable parameters into  chunks to reduce noise amplification
Use random projections to reduce dimensionality of the channel-wise
activations in architectures with large number of activations.

Table 1: MF+DD Accuracy on FashionMNIST vs. P

Table 2: Convergence Behavior with Different P values (Validation Loss)

Table 3: Training Time of Different  BP vs. MF+AD vs. VF+DD in Various Datasets

Explore the effect of new hyperparameters introduced for DD
approach, chunk size and  number of projection dimensions.
Experiments on actual physical hardware to determine feasibility
in physical systems.
Use optimizers such as Adam [4] , to see the effect of normalization
mechanisms on noisy gradients.
See the effect of allocating more perturbation directions to high loss
layers, balancing gradient quality and computational cost.
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