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The multi-layered architecture of deep neural networks
provides a model for learning abstractions of features, which
may in turn act as features for a higher layer (Bengio, LeCun,
& Hinton, 2015). This leads to a hierarchical representation
of the input data, where connections are trained to project the
activations in a lower layer to a particular activation pattern
(for deterministic networks) or particular set of activation patterns (for nondeterministic networks) in a higher layer. This
(set of) pattern(s) is determined by a constraint on the complete set of all possible activation patterns in this layer with
respect to its input layer.
Constraint, a psychological concept referring to structure
(Garner, 1962), is used here as the amount of interrelatedness between a system’s variables measured in informational
terms, which can be expressed in terms of uncertainty (i.e.
orthogonal variables yield maximum uncertainty). Applying
this measure of constraint to a pair of neural network layers
gives maximum constraint (i.e. minimal uncertainty) if each
unique activation pattern in the lower layer systematically
projects to a unique activation pattern in the higher layer. The
usefulness of a training algorithm is then determined by its
rate of sampling and finding constraints that allow the model
to yield sufficient predictions (Leijnen, 2012).
The types of constraint that can emerge from training
are limited by a network’s particular topology. Typically,
the numbers of units and layers need to be determined pretraining. A sub-optimal topology may lead to intractable
computation times, e.g. when the network consists of more
layers or units than strictly necessary. Technological advances in GPU processing and data storage have mitigated
computational intractability but may not provide a lasting solution when the demand for computational resources continues to increase.
The network architecture presented here, called SelfConstraining Deep Neural Networks (SCDNN), is a model
where the set of possible constraints that can emerge from
training are not restricted by the network’s topology. Instead,
constraints are generated, eliminated, preserved, and selected
dynamically through self-organization (Leijnen, Heskes, &
Deacon, 2016) of activation signals.
Self-organization may occur when recurrent connections
cause activation signals to become amplified over time. When
only a constrained subset of the possible activation distributions becomes sampled due to the biases introduced by these
amplifications, this constraint manifests itself as a pattern –
self-organization, in this sense, can also be understood as a
kind of self-simplification. The types of patterns that may
emerge are bound by the size of the network rather than by
its topology. External conditions may be favorable for the

preservation of some constraints; other constraints are eliminated spontaneously as the necessary conditions for signal
amplification fail to persist. Together, these processes create
a learning process where a particular (set of) constraint(s) is
selected for.
The self-constraining dynamics of such a neural network
may provide a biologically plausible explanation for learning,
as selection is neither centralized nor superimposed. Moreover, it allows for a less restrictive search space compared to
deep networks initialized with a fixed topology.
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