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Abstract

In this paper we present a new building block or designing eicient Convolutional Neural
Networks. The goal is to oer a new path in the design o deep Convolutional Neural Networks
(CNNs), by ormulating a dierentiable extension o standard convolution eaturing additional
mechanisms or competitive inhibition/excitation and stochastic activation with tunable
probability. The method pursues the hypothesis that in CNN models eaturing such blocks, the
optimization o the learning tasks will drive the creation o modes that are inormation-rich, in a
process like the one observed in biological neural networks. Furthermore, the stochastic nature
o neuronal activity i appropriately modelled and augmented with sparsity-inducing
mechanisms, has the potential to enable the training o models with parametrized levels o
sparsity, oering the capacity to control inerence/complexity tradeo on-the-fy, without any
need or additional netuning. Such capabilities or inerence with adjustable level o
thoroughness/speed can acilitate new applications such as rapid content search in large
databases, energy-aware decision-making etc.

1.  Introduction

This work aims to explore new paths in the design o deep Articial Neural Networks (ANNs) and
especially Convolutional Neural Networks, which could enable the creation o a new amily o
highly eicient and adaptive models, easily integrated in any application that relies on the
predictive capabilities o deep learning. Inspired by recent advances in the eld o biological
Interneurons that highlight the importance o inhibition and random connectivity to the encoding
eiciency o neuronal circuits, the project aims to create a new paradigm or bio-inspired
convolutional layers with enhanced unctional diversity, yet compatible with standard training
algorithms and high-throughput inerence H/W.

Multiple evidence [1,2] suggest that diversity o inhibitory neural mechanisms is likely to
contribute to an optimized network encoding capacity, whilemediating lateral competition which
can be useul in generating sparse codes and solve constraint-satisaction problems.
Additionally, randomness in connectivity can urther enhance the encoding reliability o the
networks. Such behavior could be o great signicance in practical applications utilizing ANNs,
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since encoding eiciency has a signicant impact in both the predictive accuracy o an ANN, as
also to its ability to adapt to dierent domains and problems.

Inhibition in biological networks can have various orms, two o the most prominent being
eedback and eed-orward inhibition. Although the actual dynamics o biological inhibition can
be rather complex, these two mechanisms have already some simplied analogues in CNNs
architectures such as channel attention [3] and kernel pruning [4]. In this work we pursue the
hypothesis that by combining such mechanisms with the conventional convolutional operator,
we can signicantly enhance the computational capabilities o the undamental building block o
CNNs, enabling the design o models that deliver richer representations in tight budgets. This
hypothesis states that by creating competition between the inhibition and excitation
mechanisms, the optimization o the learning taskwill drive themodel to create traic-controlling
modes that are inormation-rich, similar to what is observed in the biological neural networks.
Tools that enable modeling o stochastic neuronal activity and ormulation o sparsity-inducing
constraints [4] in a dierentiable manner, could enable training the above model with standard
and well-established Deep Learning tools and techniques.

Figure 1: A possible conguration with independent pre- and post-synaptic paths and gating
mechanisms

2.  Basic Architecture

The basic scheme is based on a generalization o the standard convolutional layer that includes
mechanisms o stochastic and/or deterministic group inhibition o the convolution’s output in
channel level, based on both the input and the output o the convolutional neurons, in a orm o a
new convolutional cell (Figure 1). This approach is ollowed such that the dierent data paths
inside the cell to resemble the pre- and post-synaptic inhibition behaviors observed in biological
neurons. The adopted ormulation or this mechanism can acilitate a variety o loss terms,
designed to induce dierent behaviors on the inhibition signals, such as sparsity and
competition/cooperation dynamics. Also, it can acilitate dierent variations o the dependency
and eect o pre and post-synaptic signals that inherit dierent qualities to the learned
representations.

3.  Preliminary Results
3.1.  Accuracy in Image Classification Tasks

Basic variations o the proposed convolutional cell were implemented in multiple established
Deep Learning Frameworks, and preliminary experiments were conducted with various CNN
architectures (LeNet5, AlexCiar, wide-ResNet) on small image classication tasks (MNIST Digits,
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CIFAR10, CIFAR100). Results indicate that networks eaturing the proposed convolutional
operator can achieve convergence under comparable conditions (learning hyper-parameters,
weights’ initialization, etc.) to those utilizing conventional convolutional layers. Furthermore, the
extended convolutional operator can deliver moderate accuracy gains or the investigated tasks
easily, without extensive hyper-parameter tuning.

3.2.  Models with Adjustable Inference Effort

In addition, preliminary experiments were also conducted to test the suitability o the proposed
scheme or training CNN models that have characteristics o dynamic (data-dependent) kernel
pruning and dynamic adjustment o their accuracy/complexity balance. To test this setting, we
used an architecture o a small CNNwith 3 convolutional layers with and one FC layer, trained on
the CIFAR10 task. by substituting the second and third conv layers with the proposed conv cells
equipped only with pre-synaptic signal path and L0 regularization in the pre-synaptic stochastic
gates, the newmodel was trained using the same learning hyperparameters. The resulting model
was evaluated using a threshold on the predicted parameter logαj o each kernel, indicating
whether the respective kernel can be omitted rom computation, thus reducing the required
inerence operations. Results indicate that via the proposed ormulation the trained model can
indeed exhibit the desired characteristics, achieving the best accuracy o 73.13% or a threshold
o -7 (~4% higher than the reerencemodel) in 67% o the reerenceMultiply-Accumulation (MAC)
operations. By just moving the threshold, the samemodel can achieve aster inerence with less
accuracy, achieving the reerence accuracy at ~50% o the reerenceMAC count.
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