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Goal

Introduce a biologically plausible neural network framework grounded on 
information theory offering,


✦  A principled solution to the weight symmetry problem,


✦  A normative approach for deriving networks with multi-compartment neurons.




Outline
✦  Weight Symmetry (Transport) problem


✦  Correlative Information Maximization (CorInfoMax) criterion


✦  Network Data Model


✦  Network Structure and Dynamics


✦  Numerical Examples




Backpropagation: Weight Symmetry Issue
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Correlative Information Maximization (CorInfoMax) Criterion

a, b :  Random vectors
Correlative Mutual Information (CMI)

→
I(ϵk)(a, b) =
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The error of the best linear MMSE  
estimator of      from         a b

The correlation matrix of         a
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Network Data Model

x[t] :  input sample



Network Data Model

x[t] :  input sample
r(k)[t] :  layer activations
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 Constraints: r(k) ∈ 𝒫k Sparse

ℓ1 − norm ball

Polytope Examples

ℓ∞ − norm ball ∩ ℝ+
Anti-sparse & 
Nonnegative
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Two Alternative Expressions for the Correlative Mutual Information (CMI):
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Maximization of CMI: Gradient wrt r(k)[t]
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Maximization of CMI: Gradient wrt r(k)[t]
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Multi-compartmental neural network

Network Structure and Neural Dynamics

r(k)[t; s] = σ+(u(k)[t; s])
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Network Structure and Neural Dynamics

Lateral connections 
 to maximize layer entropy:  

     Utilization of representation  
dimensions, avoid degeneracy  

     



Feedforward/Feedback 
 connections 

 to minimize conditional entropy:  
     

Multi-compartmental neural network

Network Structure and Neural Dynamics

Facilitate bidirectional information 
 flow,reduce redundancy



Learning Dynamics

Network Structure and Neural Dynamics
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Numerical Examples

hyperparameters can be found in Appendix J. We compare the effectiveness of our approach against
other contrastive methods, such as EP [24] and CSM [27], as well as explicit methods, including
PC [22] and PC-Nudge [53], when training multilayer perceptron (MLP) architectures.

We examine two distinct constraints on the activations of CorInfoMax Networks: (i) B1,+, represent-
ing the nonnegative part of the unit hypercube, and (ii) B1,+ = {r : r < 0, krk1  1}, denoting the
nonnegative part of the unit `1-norm ball [40]. Table 1 presents the test accuracy results for each algo-
rithm, averaged over 10 realizations along with the corresponding standard deviations. These findings
demonstrate that CorInfoMax networks can achieve comparable or superior performance in relation
to the state-of-the-art methods for the selected tasks. Additional information regarding these exper-
iments, as well as further experiments, can be found in the Appendix. Our code is available online1.

Table 1: Test accuracy results (mean ± standard deviation from n = 10 runs) for CorInfoMax
networks are compared with other biologically-plausible algorithms. The performance of CSM on
the CIFAR10 dataset is taken from [27], while the remaining results stem from our own simulations.

MNIST FashionMNIST CIFAR10

CorInfoMax-B1,+ (Appendix J.4) 97.62± 0.1 88.14± 0.3 51.86± 0.3
CorInfoMax-B1,+ (Appendix J.6) 97.71± 0.1 88.09± 0.1 51.19± 0.4
EP 97.61± 0.1 88.06± 0.7 49.28± 0.5
CSM 98.08± 0.1 88.73± 0.2 40.79⇤

PC 98.17± 0.2 89.31± 0.4 -
PC-Nudge 97.71± 0.1 88.49± 0.3 48.58± 0.7

Feedback Alignment (with MSE Loss) 97.99± 0.03 88.72± 0.5 50.75± 0.4
Feedback Alignment (with CrossEntropy Loss) 97.95± 0.08 88.38± 0.9 52.37± 0.4
BP (with MSE Loss) 97.58± 0.01 88.39± 0.1 52.75± 0.1
BP (with CrossEntropy Loss) 98.27± 0.03 89.41± 0.2 53.96± 0.3

5 Discussion and Conclusion

In this article, we have presented the correlative information maximization (CorInfoMax) framework
as a biologically plausible approach to constructing supervised neural network models. Our proposed
method addresses the long-standing weight symmetry issue by providing a principled solution,
which results in asymmetric forward and backward prediction networks. The experimental analyses
demonstrates that CorInfoMax networks provide better or on-par performance in image classification
tasks compared to other biologically plausible networks while alleviating the weight symmetry
problem. Furthermore, the CorInfoMax framework offers a normative approach for developing
network models that incorporate multi-compartment pyramidal neuron models, aligning more
closely with the experimental findings about the biological neural networks. Overall, our proposed
framework advances the understanding of biologically plausible neural networks and provides a
solid foundation for future research in this area. Despite the emphasis on supervised deep neural
networks in our work, it’s crucial to highlight that our approach—replacing the backpropagation
algorithm, which suffers from the weight transportation problem, with a normative method devoid
of such issues—is potentially extendable to unsupervised and self-supervised learning contexts.

One potential limitation of our framework, shared by other supervised approaches, is the necessity for
model parameter search to improve accuracy. We discuss this issue in detail in Appendix K. Another
limitation stems from the intrinsic nature of our approach, which involves the determination of neural
activities through recursive dynamics (see Appendix J). While this aspect is fundamental to our
methodology, it does result in slower computation times compared to conventional neural networks in
digital hardware implementation. However, it is worth noting that our proposed network, characterized
by local learning rules, holds the potential for efficient and low-power implementations on future
neuromorphic hardware chips. Furthermore, our method employs the time contrastive learning
technique known as Equilibrium Propagation, which necessitates two distinct phases for learning.

1https://github.com/BariscanBozkurt/Supervised-CorInfoMax
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• MNIST and Fashion MNIST Datasets: Layer sizes of 784, 500,10  

• CIFAR 10 Dataset: Layer sizes of 3072,1000,10  



Numerical Examples
Confirming Asymmetry: Angle between feedforward and the transpose of the feedback weights 
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Conclusions
CorInfoMax is offered as an information theory-based principled framework:

•  Networks of segregated neurons with recurrent and asymmetric feedback/
feedforward connections governed by local learning rules naturally emerge,

•   Useful in obtaining potential insights such as

  the role of lateral connections in embedding space expansion and avoiding 
degeneracy,

  feedback and feedforward connections for prediction to reduce redundancy,

   activation functions/interneurons to shape feature space and compress.
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