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Abstract

Backpropagation, which uses the chain rule, is the de-facto
standard algorithm for optimizing neural networks nowadays.
Recently, as an alternative, the Forward-Forward algorithm
had been proposed. The algorithm optimizes neural nets layer-
by-layer, without propagating gradients throughout the net-
work. Although such an approach has several advantages over
back-propagation and shows promising results, the fact that
each layer is being trained independently limits the optimiza-
tion process. Specifically, it prevents the network’s layers from
collaborating to learn complex and rich features. In this work,
we study layer collaboration in the forward-forward algorithm.
We show that the current version of the forward-forward algo-
rithm is suboptimal when considering information flow in the
network, resulting in a lack of collaboration between layers
of the network. We propose an improved version that sup-
ports layer collaboration to better utilize the network structure,
while not requiring any additional assumptions or computa-
tions. We empirically demonstrate the efficacy of the proposed
version when considering both information flow and objective
metrics. Additionally, we provide a theoretical motivation for
the proposed method, inspired by functional entropy theory.

Introduction

Deep neural networks (DNNs) have been the backbone of
many state-of-the-art machine learning systems in recent
years. Their ability to learn complex representations from
large amounts of data has led to breakthroughs in many fields
such as image and speech recognition, natural language pro-
cessing, and game playing (Lavin and Gray 2016; Bojarski
et al. 2016; Luss et al. 2019; Gat, Schwartz, and Schwing
2021; Morais et al. 2022; Rosenberg et al. 2021; Ophir et al.
2020; Clauset and Post 2019; Fedorov et al. 2020). One of
the key reasons for the success of deep neural networks is
the backpropagation algorithm, which is currently the most
widely used training paradigm.

Backpropagation (Rumelhart, Hinton, and Williams 1986)
utilizes the chain-rule to compute gradients for minimization
of a loss function, which measures the discrepancy between
the predicted output and the desired result. The algorithm
starts with a forward pass through the network to compute the
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predicted output and then calculates the error between the pre-
diction and the desired output. The error is then propagated
back through the network using the chain rule of calculus,
computing the gradient of the loss function with respect to
the network’s parameters, i.e., the weights and biases. These
gradients are then used to update the parameters via gradient
descent variants, reducing the loss function and subsequently
the error. This process is repeated until the network reaches
a satisfactory error on the training data. The chain rule pre-
sented challenges for a variety of model architectures. In very
deep networks, gradients of the loss function with respect to
the weights can become small, resulting in vanishing gradi-
ents. Moreover, the gradient can also become too large. Both
vanishing and exploding gradients lead to poor performance.

Recently, Hinton (2022) introduced the forward-forward
algorithm, which offers an alternative to the backpropaga-
tion training process by replacing the forward and backward
passes with two forward passes. The data that is forwarded
in the network is the sample itself (e.g., image, text) con-
catenated with a one-hot encoded vector that represents a
label. The first forward pass is done with positive data (i.e.,
data concatenated with the true label) and the second forward
pass is done with negative data (i.e., data concatenated with a
false label). The network then classifies whether a sample is
concatenated with its true label. An important aspect of the
forward-forward algorithm: the aforementioned optimization
process is performed separately for each layer.

In this work, we examine the dynamics of individual layers
during the forward-forward algorithm based training process.
Our findings indicate that, during training, the layers exhibit
a lack of effective intercommunication, which results in a
suboptimal level of collaboration. Based on this observation,
we propose a simple modification to the forward-forward
algorithm to enhance inter-layer communication during train-
ing. Our empirical results demonstrate that incorporating this
modification leads to a significant improvement in perfor-
mance.

To further investigate this phenomenon, we analyze
forward-forward-based models through the lens of functional
entropy. We demonstrate that the forward-forward method im-
plicitly maximizes the entropy within the network. Through-
out this work, we analyze the dynamics of the entropy when
training a model using the forward-forward algorithm.

Our contributions: We begin by analyzing the layer collab-
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Figure 1: Information flow for deep net training with the forward-forward (left) and backpropagation (right) algorithm when
focusing on one branch. The forward pass in backpropagation transfers information from layers to their successors, and the
backward pass transfers information from later layers to their predecessors. The forward-forward algorithm feeds information to
later layers from its predecessors in the forward pass. However, they are unaware of their successors. Hence, the ability of the
forward-forward algorithm to construct hierarchical representations is limited. S denotes the sigmoid function.

oration of forward-forward-based models. We find that those
models are limited in their ability to transfer information
during training and consequently exhibit a poor collabora-
tion between layers. Then, we propose a modification to the
forward-forward algorithm that enables better information
flow through the network. We show the effectiveness of this
modification in terms of performance and layer collaboration.
Our work also presents a theoretical connection between the
forward-forward algorithm and functional entropy. Using it,
we are able to investigate the dynamics of the layer through
the lens of entropies.

Background

Discriminative learning seeks to construct a mapping between
data-instance z € X and corresponding label y € ), given
training data {(z1,41), ..., (Tm, Ym ) }. Classical discrimina-
tive deep fully-connected neural networks have a recursive
structure. Each layer processes its predecessor’s output. Thus,
a k-layer fully connected network f can be viewed as a chain
of its sub-functions,

frw(@) & (fuo .0 fi)(@), (D

where each layer ¢ is denoted by f;. In the following, we
cover backpropagation and forward-forward algorithms. In
this work, we also point out some of their differences, as well
as pros and cons.

Backpropagation

Backpropagation-based learning optimizes the parameters
w of a network f given a set of training data points and
a pre-defined loss function ¢(f,x,y). During tuning, one
or multiple data points are forwarded through the network
to arrive at a prediction. The loss considers the output of
the network and uses it to quantify the performance of the
network. Formally, the optimization seeks to address the
program:

H}}]n‘e(fl:kvxvy)' (2)

This program is often addressed by gradient-based methods,
such as stochastic gradient descent (SGD) and its variants.
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For example, the optimization step for the i-th layer is:

o ag (fl:k;xvy)
" awz
_0(fuw,zy)  Ofuina(w) 8f1:i(33).

3f1:k(m) 3f1:¢(17) ow;

Consequently, during backpropagation-based learning, infor-
mation first flows from the input to the output in the forward
pass. Conversely, in the backward pass, information flows
from the output to the input (see Figure 1).

Aw; = 3

The Forward-Forward Algorithm

The forward-forward algorithm provides an alternative
method to learn deep neural network parameters. Different
from backpropagation, the samples are represented as the
raw input data point = linked with a one-hot encoding vector
that points to a label y. Then, it splits the training data into
‘positive’ and ‘negative’ sets. The one-hot vector in the pos-
itive samples is pointing at the true label. For the negative
samples, the label vector is pointing at a randomly chosen
wrong label. Intuitively, it seeks to learn whether a linked
sample is positive or negative.

The main idea behind the forward-forward algorithm:
make each layer ‘excited’ about positive samples and, at
the same time, make each layer less excited about negative
samples. Formally, given a data point linked with a label, we
seek to classify whether this set is positive or negative based
on the goodness of the network. Let us define the goodness
of the i-th layer as its squared sum of ReL.U activities. The
probability of a sample (z,y) to be positive given by the i-th
layer is computed via

—1
pi(positive) 2 (1 + e‘(”fl:i(%y)HQ_e)) , %)

where 6 is a hyperparameter that controls the scale of the
gradient. Normalization is applied between layers such that
later layers aren’t able to rely on their predecessor’s decision.

Finally, to perform learning, we optimize each layer se-
quentially to maximize goodness on positive samples and
minimize negative ones. Namely, we train each layer once
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Figure 2: Layer Collaboration: Panels (a-c) show the results of individual and grouped layers. We observe that the original
form of the forward-forward algorithm does not enable collaboration between layers. It is notable that the second and third
layers do not contribute positively to performance, as their marginal contribution is negative. Panels (e-f) illustrate the effect of
our proposed method on layer collaboration. Individually, each layer performs worse than layer loss. However, their marginal
contribution is positive and their performance together outperforms the layer loss.

until convergence and then optimize its successor. Using SGD
for layer optimization, we obtain a positive optimization step
for the i-th layer via

510g ((1 + e_(Hfl:i(:C,y)Hz_g)) 1)

Bwi

Aw; ®)

Similarly, the negative step is performed with the opposite
sign. Throughout the paper, we also refer to this loss as ‘Layer
loss.” Different from backpropagation, this allows an indi-
vidual training process for each layer, and, as a result, one
can learn layers with non-differentiable functions in between
the optimized layers, such as solvers (Indelman and Hazan
2021), argmax operation (Lorberbom et al. 2019), etc. No-
tice, similarly to energy-based models (LeCun and Huang
2005), the forward-forward algorithm assigns a score to every
(z,y) pair. However, instead of training the network using
backpropagation, the network is trained layer-by-layer.

Different from the training step, the inference process re-
quires assessing the goodness of the network for each pos-
sible label. Then, the predicted label is determined by their
goodness. The chosen label is the one with the highest overall
goodness.
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Layer Collaboration

Deep nets consist of multiple layers. Each layer processes the
input data and passes it to the next layer, allowing the network
to learn increasingly complex representations of the data.
Thus, layer collaboration is crucial in deep nets because it
allows the network to learn and extract features from the data
in a hierarchical and efficient manner. For example, lower
layers of the network might learn to identify ‘simple’ features
such as edges and textures, while later layers might learn
complex features such as object shapes and patterns. This
hierarchical structure allows the network to build a robust
representation of the data and make accurate predictions.
The forward-forward algorithm permits communication
between layers only through the forward pass because each
layer only takes into account the output of its predecessor.
In this work, we find that the forward collaboration solely
is not sufficient for developing a complex representation of
the data. One can observe from Equation 5 that the forward-
forward process detailed above does not enable the flow of
information to earlier layers (i.e., layers closer to the data)
while training (see Figure 1). For example, the first layer
is not aware of the existence of later layers and hence can
not consider information from them in its optimization pro-
cess. This is contrary to the backpropagation algorithm. From
Equation 3 we observe that information can flow from a layer
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Algorithm 1: Forward-Forward

Algorithm 2: Collaborative Forward-Forward

Input: 9af7S = {(‘rhyl)) LX) (‘Tﬂ’uym)}

1:

2: fori < 1,k do

3: repeat

4: Sample (z,y) from S

5

6 b (1 n e—(\lflziv,(x,y)uz—é)))*l
7: Wy < wW; — 8(25-

8: until Convergence

9: end for
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repeat
fori <+ 1,k do
Sample (x,y) from S
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end for

6
7:
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9: until Convergence

Algorithm Comparison: Difference between the classical and the proposed collaborative forward-forward. The collaborative
approach adds a constant -y to the probability computation. v modifies the value of # by taking into account the progress of the
training, while considering performance and layer collaboration. Note that during the optimization of a given layer, both versions
compute gradients solely with respect to its weights. For readability, we show only positive optimization, the same holds for the

negative step.

to its predecessors through the gradients of the optimization
step.

In the following, we examine the collaboration between
layers when training models using the forward-forward algo-
rithm. We then propose a modification to the forward-forward
algorithm that enables better collaboration between layers.

Analysis

The forward-forward inference process takes into account the
sum of the goodnesses of the model’s layers. This process
can be viewed as a vote among the layers regarding the label
vy that is most likely to fit the data sample . An independent
voting process allows us to examine the performance of each
layer individually by considering their goodness. Similarly,
one can evaluate the performance of subgroups of layers.

Figures 2 (a-c) present for three datasets (MNIST, Fashion-
MNIST, and CIFAR-10) the error of each layer individually
and when they are combined to operate together. Those fig-
ures empirically verify that the forward-forward algorithm
is unable to learn an intricate and collective representation.
To see this, note that individually, each layer consistently
performs better than its successor. In addition, together, the
marginal contribution of each layer to the performance is
negative (i.e., higher error) and the first layer alone achieves
the lowest error. This is an undesired property for deep neural
networks. This implies that, in its current form, the forward-
forward algorithm performs better using shallow networks,
specifically, one layer networks.

Next, we propose a modification to the forward-forward
algorithm that allows layers to collaborate regardless of their
position in the network.

Collaborative Forward-Forward

The observations in the analysis section encourage to seek
a method that enables layers to better collaborate during
training. As discussed before, breaking down the forward-
forward training procedure reveals that early layers are not
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aware of their predecessors. In the following, we propose
a simple, yet highly effective modification to the forward-
forward algorithm. Concretely, we propose to consider the
global goodness of the network for the optimization of each
layer.

The threshold 6 in the forward-forward algorithm governs
the magnitude of the learning. To account for the global
goodness of the network with respect to a given sample (x, ),
we propose to add the goodness of all layers to a given layer
optimization step. Formally, we propose that the modified
probability for positive samples reads as follows,

(6)

where, the constant « is a sum of goodness values from
different layers. For example,

N 2
’y:ZHflt(xay)H or 7<t:Z
t#£i t<i

Importantly, f is a copy of f with fixed parameters (i.e.,
we do not take gradients with respect to f ). The proposed
modification results in the following modified update step,
with respect to w;:

dlog ((1 + 67(‘|flzi(m7y)‘|2+776)) _1>
6‘w,;

Such an update step allows information flow between layers.
Intuitively, this ensures that the i-th layer is aware of its
later layers and its parameters are trained accordingly. It
is important to note that our method maintains the original
forward-forward assumptions and requirements.

We illustrate our method in Figure 3. The dashed lines
represent f , which governs the magnitude of the gradient.
Algorithms 1 and 2 illustrate the difference between the layer
and the unified loss. The layer loss requires to manually set

p;(positive) £ (1 + e_(llfl"i(’“"y)”%”_e)) - .

2
ey @

A’LUZ‘ . (8)
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Figure 3: Illustration of our method: We incorporate and
encourage a collaborative aspect among layers. By taking
into account the goodness from all layers, the model is able
to incorporate the information from future layers into its
learning process.
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the hyperparameter 6, which turns out to be sensitive and
its value varies between tasks. Moreover, it is not clear how
6 should be modified during training. Our method modifies
the value of 6 based on the progress of the training, while
considering performance and collaboration between layers.

We also suggest to modify the training procedure. The
classical forward-forward algorithm trains each layer until
convergence. Differently, we suggest to alternate the updates
of all the layers’ parameters. The combination of the unified
loss and the modified training procedure yields a collabora-
tive forward-forward method. We later show that this simple
modification of the forward-forward algorithm is highly ef-
fective and improves results.

Entropic View of Layer Collaboration

The functional entropy can measure the amount of informa-
tion that is shared across layers in the forward-forward algo-
rithm, and consequently allows us to quantify and compare
layer collaboration. In the following section we formulate
the connection between the forward-forward algorithm and
functional entropy. Using this connection, we show that dur-
ing training, the functional entropy of the network implicitly
improves. In the experiments section, we propose to directly
use the functional entropy during training and show that it is
beneficial to the performance.

The functional entropy is defined over a non-negative
random variable, which we denote by h(z) that is defined
over the space Z with a probability measure x(z). Here and
throughout, we use z to refer to a stochastic variable, which
we will integrate over. The functional entropy of the non-
negative function h(z) > 0 is

Ent,(h) 2 E,., |h(z)log | ——=L— ) |.
0 & e 16108 (5 iy

The functional entropy is non-negative, namely, Ent,, (k) > 0
and equals zero only if h(z) is a constant.

Our settings are defined over the input space (z, y) where
z € R* and y € Y. In the following, we denote by z
the data-label tuple (z,y) combined with the layer index

©))
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i€ {l,.,k}. Weuse Z = R? x Y x {1,...,k} to re-
fer to its domain. The functional entropy can be intuitively
considered as a scaled KL-divergence between the distri-
bution of the input of a layer and the output of a layer

h(z) 2 || f1.s(x, y)||*. Formally, consider the prior and poste-
rior distributions, p(z), q(2), i.e.,

p(2)h(2)
E.oulh(2)]

A

du(z), and g(2) (10)

p(2)

One can verify that ¢(z) is a probability density function
since ¢(z) > 0 and E.,[q(2)] = 1. The functional entropy
can now be described as the scaled KL-divergence between
the prior and posterior distributions above:

E.nnlh(2)] - KL(qllp)- (1D

Thus, intuitively, the functional entropy is the amount of
learning that is done by a function h(z), measured by the
KL-divergence from the prior distribution of the input p(z)
to the posterior distribution of the output ¢(z) x p(z)h(z).

In Figure 4 we validate that our method improves the
overall functional entropy of the learned network. We at-
tribute its improvement to our learning algorithm, which
encourages functional entropy to flow between the layers
of the network. To formulate this notion, we decompose
the functional entropy by layers, and measure a notion of
conditional functional entropy with respect to the layers
themselves. The probability measure p(z) for z = (x,y, 1)
accounts for the input (z,y) of the i-th layer when com-
puting its output || f1.;(z, y)||>. The probability measure is
w(z) = p1(é) x pe(x,y) which does not enforce statisti-
cal dependencies between the data generating distribution
p1(x, y) and the layer distribution 5(4), for which we take
the uniform distribution. In this setting, the functional entropy
decomposes into two components!:

Ent,(h)

Bt 1] = Bty [E e 1, 1]+Bs (Bt (0, )l
The first component is the functional entropy of the layers’
distribution of the marginal function E(, ,[h(z,, -)]. This
entropy accounts for the information across layers. The sec-
onds component is an average of entropies that are condi-
tioned on the i-th layer.

Results

In this section, we study various modifications to the forward-
forward algorithm. Specifically, we begin by studying the
collaboration of layers when training using classical and
collaborative forward-forward. We study the collaboration
from both a performance and an entropy point of view. Then,
we present the benefits of our method when using activations
other than ReLU. In addition, we find that the introduced
functional entropy concept is highly effective in replacing
the sigmoid in forward-forward optimization. We detail the
experimental setup in the appendix.

'This decomposition can be verified by adding and subtracting
E; [(E@,y)‘i[h(:r, Y, z)}) log (E(I,yw[h(x, Y, z)})] to Ent,[h].
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Figure 4: Functional Entropy and Performance: We compare the functional entropy of classical and collaborative forward-forward
using MNIST (M) and Fashion-MNIST (FM). In Panel (a) we measure entropy when considering both positive and negative
samples during training. Panels (b) and (c) explore the entropy of the positive and negative samples individually (respectively).
We observe that the forward-forward algorithm implicitly maximizes the functional entropy of the model. We also observe that
the proposed unified loss attains a higher entropy than the layer loss. In Panel (d) we compare four models — (1) ‘Forward-
Forward’ ; (2) ‘Collaborative Forward-Forward’; (3) ‘Backpropagation Pairwise’ is trained using backpropagation to pairwise
predict whether a concatenated sample (2) is positive or negative. This is in spirit similar to the forward-forward algorithm; (4)
‘Backpropagation Classic’ is the classical backpropagation method.

Method Training MNIST  Fashion-MNIST  CIFAR-10
Backpropagation Pairwise Network 2.0 10.7 454
Backpropagation Label Network 1.5 10.7 459
Forward-Forward Layer 33 13.2 54.2
Forward-Forward Network 34 13.6 53.7
Collaborative Forward-Forward v<;  Layer 2.2 11.6 53.2
Collaborative Forward-Forward v<;  Network 2.2 11.6 51.6
Collaborative Forward-Forward Network 2.1 12.0 52.7

Table 1: Performance comparison of the classical forward-forward method, our proposed method (collaborative), backpropagation
that predicts whether a concatenated sample is positive or negative, and classical backpropagation. The training column refers to
the training procedure, ‘Layer’ denotes training each layer to convergence, and ‘Network’ refers to the procedure described in
Algorithm 2. We compare those methods using MNIST, Fashion-MNIST, and CIFAR-10. Bold font highlights the best score. Our
method outperforms the vanilla forward-forward method, but there is a gap to close to achieve backpropagation-like performance.
The scores are averaged over five runs, all standard deviations are smaller than 0.2.

Layer Collaboration For performance reference, we provide backpropagation-
. i ) ) . based models results. The first model presented, employs
This section covers collaboration between !ayers usimg vart- classical backpropagation. It consists of several layers and its
ous learning alg.or.lthms. We study 1nf0rmat10q flow between output equals the size of the label space. The second model is
lay.ers when training a deep neural nptwork with backpro?a' trained to replicate the forward-forward methodology. Con-
gation, with forward-forv&{ard, and with our proposed modifi- cretely, the input is the sample x concatenated with a label y.
cations. In back.propagat!on-based models, early layers are The model’s task is to discriminate between positive and neg-
updated according to their effect on later layers. Thus, they ative samples, it is done by pairwise ranking of concatenated
hierarchically learn features that are usefql for the final out- samples (Liu et al. 2009). In this model, in each optimization
put. In contrast, the. forward-.forward algorithm updates each step, the last layer’s norm is maximized for positive samples
lay.er separat;ly without bemg aware of subsequent layers. and minimized for negative samples.
This results in poor communication between layers and a
limited information flow. Our results show that, in forward- Performance. Table 1 summarizes the performance of the
forward-based models, the first layer on its own achieves the evaluated methods. Under the forward-forward setup, the
lowest prediction error and additional layers do not improve proposed approach performs the best, being superior to the
results further. This highlights the need for a modification classical forward-forward under all evaluated setups. We also
that enables a better communication between layers. Our perform ablation study for different choices of  and training
method allows layers to better take into account global in- procedures. As expected, the backpropagation approach, in
formation. We study this form of layer collaboration of the both classical and pairwise, reaches the best overall perfor-
aforementioned methods from a performance and a functional mance. Interestingly, optimizing the network using classical
information point of view. and pairwise objectives reaches comparable performance.
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Entropy. Next, we analyze the total entropy of the network
for both classical and collaborative forward-forward, con-
sidering MNIST and Fashion-MNIST. Results are depicted
in Figure 4. Results are reported for both positive and nega-
tive samples (Figure 4a), positive samples (Figure 4b), and
negative samples (Figure 4c). Results suggest the proposed
method better maximizes the entropy across all settings.
When considering the entropy of the negative samples solely,
the entropy is minimized comparing to the classical forward-
forward. This follows naturally from Equations 5 and 8.

Entropy-Based Optimization

We observe that the forward-forward algorithm implicitly
maximizes the entropy of the network. This raises the ques-
tion of whether directly optimizing the entropy will boost
performance. We formulate the learning process as an entropy
maximization process. For the classical forward-forward op-
timization, this results in maximizing the following objective
for the i-th layer:

Note, 7 is fixed, and the expectation is taken with respect to
(z,y) ~ po. It is straightforward to modify the above equa-
tion to the unified loss. It can be done similar to Equation 8,
i.e., by adding the goodness of all other layers without con-
sidering their gradients. This proposed optimization process,
which does not include the sigmoid function, nor # obtains on-
par results to the classical and collaborative forward-forward.
For the Fashion-MNIST dataset, considering layer optimiza-
tion, it obtains an error of 13.7% (vs. the original 13.6%) and
for the collaborative version it obtains 12.9% (vs. 12.0%).

h(z,y,1)

Ent,, [A(-,-,i)] = E {h(x, y,1)log (W

Related Work

Forward-Forward algorithm. The forward-forward algo-
rithm assigns a score to each (z,y) pair using the goodness
function. This process is similar to energy-based models
(EBMs) which assign an energy to each similar pair. EBMs
are a class of generative machine learning models that can to
model complex probability distributions (LeCun and Huang
2005; LeCun et al. 2006). They are based on the idea that
the probability of a particular configuration of the network
is determined by its energy. The energy is defined as a func-
tion of the network’s parameters, and the probability of a
configuration given by the Boltzmann distribution, which
is proportional to the exponential of the negative energy.
Energy-based models have been used in a variety of applica-
tions, such as image generation, natural language processing,
and reinforcement learning (Ngiam et al. 2011; Liu and Wang
2017; Haarnoja et al. 2017; Sharma et al. 2021). One of the
most popular types of energy-based models is the Boltzmann
machine (Salakhutdinov and Hinton 2009).

Layer collaboration. Various works have studied features
learned using neural networks. Bottom-up approaches ob-
serve that networks start with simple features and build up
to more complex ones. For example, in image recognition
tasks, the network may first learn to recognize edges, then
shapes, and finally objects (Workman and Jacobs 2015; Liu
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et al. 2021). In top-down approaches, the network starts with
high level features and then breaks them down into lower
level ones. In these approaches, high level features are used
to guide the learning of lower level features. For example, in
natural language processing tasks, the network may use high
level semantic features to guide the learning of lower level
syntactic features (Maulud et al. 2021; Adel et al. 2015). Both
bottom-up and top-down approaches have been used in com-
bination in several works, e.g., by (Mahdi, Qin, and Crosby
2019; Anderson et al. 2018). These works have demonstrated
that using high level features can help the network to learn
more efficiently and improve the performance of the model.
In general, the high-level features learned by the network are
more abstract and semantically meaningful, while low-level
features are more specific to the task at hand. This type of
hierarchical representation learning is possible only when
layers can collaborate with each other.

Functional entropy. Functional entropy is gaining an increas-
ing amount of attention from the machine learning commu-
nity (Jahnel and Koppl 2023; Gat et al. 2022c; Anceschi and
Zhu 2021; Gat et al. 2022b; Evans 2021). Gat et al. (2022a)
used it to study the importance of the gradient norm for a
PAC-Bayes generalization bound. Different from our work,
the authors are able to study gradient flow in the network as
it is differentiable. Gat et al. (2020) maximize entropies of
data modalities as a regularization of biased datasets. This
is different from our work since they operate over differen-
tiable models and data modalities (i.e., not parameters). In
this work, we find the functional entropy to be useful as a
guiding concept for collaboration between layers in forward-
forward-based models.

Conclusions and Limitations

This work studies layer collaboration of models that are
trained using the forward-forward algorithm. We find that,
in its current form, the forward-forward algorithm is limited
in its collaborative capabilities, meaning information can
not propagate backward throughout the network. We study
this phenomenon and propose a method to overcome this
challenge. We further propose an entropic-based view of the
forward-forward algorithm, and, through extensive experi-
ments, show the benefits of following the proposed method.

Nevertheless, the forward-forward algorithm is far from
being comparable to the standard backpropagation. Many
questions remain open as to how it can be applied to complex
applications, e.g., image classification, text analysis, genera-
tive learning, and modern neural architectures, e.g., convnets,
transformers, etc. We hope the community will keep pursing
such research directions and challenge popular methods.
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