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Abstract. Error Back Propagation have become the dominant training method for deep neural networks, but it is counter-
intuitive to the way biological mind works (biological implausibility) and requires substantial compute resources, so much so
that the ownership of adequately trained large language models have become the domain of a few resource rich organiza-
tions. This review examines the current trends in the research into alternatives to deep learning, such as biologically-inspired
approaches, local learning rules, and novel optimization strategies. The author surveys key advancements mostly from 2020
onwards, discussing the promising approaches such as Forward-Forward algorithms, Hebbian Learning, Equilibrium Propa-
gation, and Predictive Coding Frameworks. The error Back-Propagation (eBP) is currently the most successful approach to
train deep networks and the alternatives are only chasing accuracies achieved by this method. All major Al models use Deep
Learning with eBP and this more-is-more approach has effected alternative forms to Al research [1]. Nevertheless, if the al-
ternative methods begin to approach benchmarks set by eBP, a few percentage points drop in accuracy may be acceptable
provided the training is possible at a fraction of the compute cost of eBP. Such reduction in requirement for resources is most
desirable and, in addition to being beneficial for developers, users and environment, shall democratise the Artificial Intelli-
gence ecosystem.
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1 Introduction

The error backpropagation (eBP) algorithm remains the most successful method of training deep neural networks [2-3]. While
eBP is highly successful in practice, it suffers from some fundamental limitations and costs that have motivated the research
for alternatives. These limitations include the weight transport problem, the requirement for non-local error signals, the need
for separate forward and backward passes, and biological implausibility. Some of these limitations are a causal factor for the
high compute and memory requirement by error backpropagation algorithm. In recent years, renewed interest has been wit-
nessed in revisiting or developing alternatives that while addressing these limitations, maintain or promise to attain competitive

performance.

The backpropagation utilizes the chain rule for derivatives to calculate the gradient of a function with respect to the weights
For a feedforward neural network with a loss function £, the backpropagation algorithm computes the partial derivative

[2].
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The chain rule enables backpropagation to compute the gradient from the output layer all the way back to the input, layer by
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} is the derivative of the activation function
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Where:
w is a weight in the network,
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z =w- x + bisthe pre-activation value (weighted input),
a = oz is the activation function output,
L is the loss function.

Backpropagation computes gradients by recursively applying the chain rule, which requires storing activations for all layers.
Matrix multiplications are performed for each layer and the cost is typically O(L-N?2) with a network with L layers and N neu-
rons per layer [4-5]. Backpropagation stores forward activations, gradients, and, in many cases, activations of intermediate
layers for backpropagation. Therefore, memory requirements are also high, especially in deeper networks. Backpropagation is
considered to be slower per iteration but leads to faster convergence in practice due to gradient optimization and regularization
techniques such as Stochastic Gradient Descent, Adam, mini-batch processing, weight decay, etc.

If the models can be trained without backpropagation in a more intuitive way or biologically plausible way with accuracy
performance similar or approaching that of eBP, it may lead to substantial savings in compute and memory requirements, pro-
vided that the alternative methods do not themselves demand resources comparable to eBP. Such breakthrough in general may
lead to wider and higher horizontal and vertical adoption of Al in various fields and devices on the edge, especially where the
devices are constrained by size, energy or otherwise (such as mobile devices, 10T devices, etc).

With the recent success of Transformers and LLMs, there is emphasis on more and more data and brute force compute pow-
er, which is out of reach of small entities and research and funding on alternatives has diminished considerably [1]. Without
accessible alternatives, this may lead to monopolies and modern Al Empires. There is emergent need to focus more on research
that explores minimizing data for training while achieving similar accuracies. Much research is taking place in different direc-
tions for this worthy objective, not only for alternatives to backpropagation, but also for alternatives to many other machine
learning techniques in use today.

Therefore, an in-depth analysis of the alternatives being researched will be helpful not only in quick overview of these
promising technologies for the interested scholars, but may also aid in newer insights into possible adoption or integration of
some technologies or parts thereof for novel solutions. The techniques and alternatives for error signal propagation itself are
too numerous with many directions that it will be best not to try to cover them all in a single review. The author has tried to
limit the paper to major backpropagation alternatives that have been shown to perform comparably or better to eBP in at least
some of the domains, or offer disruptive performance in terms of computation or memory cost. However, the author does ac-
knowledge the many other options currently being researched including Contrastive Learning, Probabilistic and Evolutionary
approaches and also that one or more of them could turn out to be the state-of-the-art eventually.

2 Major Alternative Learning Algorithms
2.1 Forward-Forward Algorithm
Hinton [6] demonstrated Forward-Forward (FF) Algorithm’s effectiveness on MNIST and Fashion-MNIST. Ororbia & Mali
[7] extended FF with contrastive local learning rules. Separately, improvements to the negative data generation process were
also proposed [8].

FF algorithm uses two forward passes instead of forward and backward passes of eBP, one with real (positive) data and one
with fake (negative/generated) data. The main function (Goodness of a layer) of the Forward-Forward algorithm at each layer
is defined as:

Glh) = Z h?
L

Where:
h is activations of a layer

The objective is to maximize goodness for positive data and minimize goodness for negative data. The loss function for a layer
is thus:
f{ﬁpm} + f{_GnPg}
Where:
f is usually a function for classification like log-sigmoid.

FF uses O(2N) steps, but does not store activations, saving up to 45% memory. Hinton showed that though the forward-
forward algorithm is comparatively slower than backpropagation and does not generalize as well as eBP yet the FF Algorithm
may be useful for making very low-power analog hardware without resorting to reinforcement learning. FF has advantage in
memory usage, and energy in certain use cases.

Further, readings of interest include constrastive learning rules [7] and proposed improvements to the negative data genera-
tion [8]. Many FF variants are being explored for CNNs and large datasets.
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2.2 Predictive Coding Networks

Whittington & Bogacz describe and analyse models representing errors temporally (contrastive learning & continuous update
models) and explicitly (predictive coding & dendritic error models) and the frameworks unifying these methods [9]. Originally
from neuroscience, predictive coding has come up as a promising biologically plausible alternative to eBP. Predictive Coding
Networks are a type of Energy Based Models (EBMSs). These rely on local learning. Predictive coding model calculates predic-
tion error at each layer which in turn is used to update model parameters, leading to a recurrent loop of prediction and error
correction. Prediction Error at a layer is:

|‘___l- = xl- _J.p{ll__tl,-l-n|-+].:]
Where:
x! is input to the layer
f is anon-linear activation function
w' is the weight matrix projecting from [ + 1 to
a'** is the activity of the next higher layer

The weight update rule is:
AW = gel(athT

The predictive model minimizes the sum of squared prediction errors across layers and weights and activations are adjusted to
reduce prediction errors iteratively.

As Predictive Coding has multiple internal iteration steps per training example, it increases time proportional to number of
layers or iterations. Memory usage is comparable to eBP due to storing of prediction errors and activations for each layer.
However, Predictive Coding shows promise in incremental learning compared to eBP as well as in scaling to ImageNet-scale
problems [10], and is more biologically plausible with local learning. It also handles temporal sequences in a more natural
way. Efficient implementations for large scale applications have been proposed [11-12].

2.3 Hebbian Learning and Variants

Hebbian Learning is often introduced with the phrase “neurons that fire together, wire together. Mathematically, the Hebbian
Rule is as follows:
Awlt) =nylewlx
Where:
y(x, w) or y is output of the neuron
x is input of a neuron
n is the learning rate

Further research and developments in the area, such as Spike-Timing Dependent Plasticity (STDP), have demonstrated that not
only co-activation but precise timing between neuron firings is also important [13]. Hebbian Learning models have contributed
in the design of Hopfield Networks, a type of artificial neural network which functions like an associative memory system that
allows to retrieve a complete memory or pattern based on a partial or related input [14].

As Hebbian Networks do not compare outputs with labels, it cannot minimize errors as in eBP. Without some form of nor-
malization, weights may continually strengthen resulting in over-learning. Also, Hebbian Learning tends to memorize instead
of generalizing to unseen inputs.

However, combining Hebbian Learning methods with normalization and Reinforcement Learning holds great promise.

Anti-Hebbian Rules are also being used for prevention of uncontrolled weight growth, decorrelation and reduction of re-
dundancy. In contrast Hebbian Learning, the connection strength between neurons is weakened when they are active together
i.e, fire together. An asynchronous Hebbian/anti-Hebbian network capable of online learning without catastrophic forgetting
has been proposed [15].

2.4 Direct Feedback Alignment (DFA)

Direct Feedback Alignment, rather than using transpose of forward weights to propagate the error backwards, updates the error
signal directly to each hidden layer through fixed random feedback matrices. The direct, non-sequential propagation enables
parallel learning across layers. DFA is a very promising alternative to eBP that may result in more parallelizable, biologically
plausible and adaptable learning approaches.
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In DFA, each hidden layer i receives an error signal computed as
6; = Bie O f(a;)
Where:

g denotes output-layer error

B; is random feedback matrix

f'(a;) is layer activation derivative

Theoretical analysis of workings of DFA provided by Launay et el. is a useful resource [16] wherein DFA was shown to give
performance comparable to eBP for many tasks including neural view synthesis, recommender systems, geometric learning,
and natural language processing. However, DFA has not given similarly encouraging results for convolutional neural net-
works yet.

2.5  Equilibrium Propagation

Equilibrium Propagation(EP) said to operate in two phases, first settling into a steady state prediction based on static input, and
then “nudging” the output layer a target. Thereafter, weights are updated based on local difference in neuron states between the
two phases, which in a way approximates gradient of the loss [17]. Therefore, strictly speaking, EP can be considered as a
three-phase process. EP is hypothesized to apply to the whole class of energy based models (refer continuous Hopfield model).

The free phase energy minimization proceeds as follows:
EG) = — ) st wisl 4 ) U(s!)
ds' dE
T—— = —7—
dt st

The nudged phase proceeds as follows:

g . z
Esio = EG) +5 |ls* — yl|

Then weight update:
ST T . T
AW =E[séﬂ'{sé} — i)

Where:
I = layer index (lowercase, ranges from 1 to L)
L = total number of layers / output layer index (capital)
s' is state/activation at layer |
w' is weight matrix at layer |
E(s) is energy function
U(s") is local energy term (e.g., U(s) = ¥; p(s;) where p is a primitive function)
T is time constant
B is nudging parameter (typically small, e.g., 0.1 or 0.5)
y is target output
n is learning rate
sé is equilibrium state in free phase
3 is equilibrium state in nudged phase

Experimentations have also been done to extend EP to convolutional networks [18]. However, challenges including conver-
gence difficulties, computational complexity as highlighted by Scellier and Bengio, and scalability bottlenecks [19] remain.
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3 Comparative Analysis and Performance [20-33]
3.1 Computational & Memory Comparison

Table 1. Computational & Memory Comparison

Algorithm Forward |Backward  Compute{Memory Weight  Trans-|Locality
Compute |/Extra compute (Activations)|port

Back-propagation |O(Lnd®) |[O(Lnd?) O(Lnd) Required (W") [Non-local
Forward- Oo(Lnd® |O(Lnd? O(Lnd) Not required  [Local
Forward (second forward pass)
Predictive Coding [O(TLnd® [O(TLnd? O(Lnd) Not required Local
Hebbian Learn-|O(Lnd?®) [O(1) O(Lnd) Not required Local
ing (No separate back-

ward pass, local up-

date)
Direct Feedback|O(Lnd®) [O(Lnd?) O(Lnd) Not required  |Semi-
Alignment local
Equilibrium O(TLnd?) [O(TLnd?) O(Lnd) Not required  |Local
Propagation

Note: The expressions above assume dense fully-connected layers of uniform width

Where:

n = batch size (number of samples processed together)
L = number of layers in the network
d = hidden dimension (number of neurons per layer, assuming uniform width)
d2 means matrix multiply cost for fully-connected width-d layers
T = number of inference iterations for energy minimization (typically T € [20,100])
0O(1) = constant time (no backward pass for Hebbian learning)

3.2 Performance Across Domains

Table 2. Vision (CIFAR-10/100, ImageNet)

Algorithm

Performance

Reference(s)

Back-propagation

CIFAR-10: 93-95% (ResNet), ImageNet:|He et al. (2016)

76-80%

Forward-Forward

CIFAR-10: ~70-75%

Papachristodoulou et al.
(2024)

Direct Feedback
Alignment (DFA)

CIFAR-10: 85-92%, ImageNet ~70% up-{Launay et al. (2020); Bar-

per bound

tunov et al. (2018)

Equilibrium Propa-
gation (EP)

CIFAR-10: 88-89% (EP convnets), theo-|Laborieux et al. (2021)
retical ImageNet scaling ~74-76%

Predictive Coding

CIFAR-10: 85-90%, ImageNet ~65-70%

Millidge et al. (2022)

Hebbian Learning

CIFAR-10: 60-70%

Supported indirectly via
Lillicrap et al. (2020); non-
competitive baseline.

Table 3. Natural Language Processing (GLUE, SuperGLUE)

Algorithm

Performance

Reference(s)

Backpropagation

BERT-Base GLUE: 79-84

Devlin et al. (2019); Wang et al.

(2019)

Predictive Coding

65-72 range plausible

Millidge et al. (2022)

Direct Feedback|70-76 plausible Launay et al. (2020)
Alignment
Equilibrium  Propa-|No confirmed NLP benchmarks found |No supporting literature for
gation GLUE or GPT tasks.
FF &  Hebbian|No tested results on GLUE/ Super-|No empirical NLP results found
Learning GLUE found in cited papers.
Table 4. Reinforcement Learning (Atari, MuJoCo)
Algorithm Performance Reference(s)

Back-propagation

100% (baseline)

Bellemare et al. (2013); To-
dorov et al. (2012)
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Predictive Coding 70-85% Supported theoretically via
Millidge et al. (2022); world-
model advantages plausible.
Others (FF, Hebb,|Largely untested on Atari/MuJoCo as|{No experimental confirmation
DFA, EP) per literature surveyed found.

3.3  Key Properties Summary (see Additional References)

Table 5. Key Properties Summary

Property BP FF PCN Hebb DFA EP
Weight Symmetry Required NG X X X X X
Layer-by-layer Learning X v v v X X
Biological Plausibility Low Med High High Med High
Supervised Learning v v v X v v
Scalability to Deep Nets N4 v v* X v X*
Inference Cost Low Med High Low Low High
Hardware Efficiency NN vV X vV v X

* Scale theoretically but remain computationally slow

Notes and limitations:

Performance numbers aggregated from multiple papers & sources (see references).
CIFAR-10/100 results typically on ResNet-18/34 or equivalent.

ImageNet results on ResNet-50 or similar architectures.

NLP results on BERT-base/GPT-2 scale models.

All other methods’ ratios are as per baseline Backpropagation.

Direct comparisons often use different network architectures.

Actual performance varies with hyperparameters & specific implementation.

4 Conclusion

The research in backpropagation alternatives has made significant progress recently, with many promising directions emerg-
ing. As can be seen from the comparisons made, while no single alternative has yet matched backpropagation's performance
across different domains, the theoretical advances, improved algorithms, and new hardware keeps creating opportunities for
these methods to find practical applications. It is expected that with wider interest of researchers, the possibilities will continue
to increase.

The Forward-Forward(FF) and Equilibrium Propagation methods have shown results comparable to eBP especially in vision
problems and have great potential due to biological plausibility and FF especially for its simplicity. Predictive coding networks
show promise for temporal tasks and robustness. Local learning rules continue to improve, with better theoretical understand-
ing of their properties. Hebbian Learning holds great promise with low inference cost and efficiency, especially for unsuper-
vised learning tasks.

For perspective, we should also consider the history of Deep Networks and Backpropagation itself, which were seen as se-
verely limited, before the breakthroughs like ReLU, GPU acceleration, very large datasets and improved training methods and
fine-tuning which was achieved in no small part due to the continued faith and perseverance of researchers. Similarly, sus-
tained interest and research on these promising methods will hopefully result in viable alternatives that will help alleviate the
ethical and economical shortcomings of the current state-of-the-art. The objective should be informed by the clichéd truth that
all progress should result in betterment of humanity — promotion of happiness, longevity and equality of societies, nations and
humans.
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