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Dependent on past & present data we quest for 
a function modeling the shift to the future.

Basics on Neural Networks Basics on Forecasting

# variables

non-
linearity

Linear Algebra

Calculus Neural 
Networks
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Existence Theorem:
(Hornik, Stinchcombe, White 1989)

A 3-layer network can approximate 
any continuous function on a 
compact domain.

Neural Networks in Nonlinear Regression
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Unfolding in time allows
the learning of memory 
dependent systems.

Overshooting enforces the 
autonomous part of the 
dynamics.

Dynamical
System
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A Short Course in Recurrent Neural Network Modeling
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What we have done so far:
• Feedforward Neural Networks 
• Recurrent Networks ( dim(s) < 15 )

What we have missed so far:
• Time series analysis is an approach to model 

a single variable. More natural is a modeling 
of all (interrelated) system variables. 

• Modeling of interacting dynamical systems is 
only feasible with large networks.

• Simple enlargement of small neural networks 
fails because of e.g. overfitting.

What we have found so far:
There exist large networks without 
counterpart in the set of small networks 
and which have new features.

From Small to Large Neural Networks
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From Standard to Normalized Recurrent Neural Networks
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In the standard RNN the dynamics 
is described by 3 matrices (A, B, C):

W.l.o.g. a dynamics can & should 
be modeled by only one matrix A:
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The distinction between inputs 
and outputs is often arbitrary.
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Modeling the Dynamics of Observables
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Inputs and targets are merged to 
observables (yt).
Normalized networks allow the 
required high-dim. modeling.
Due to the network design, the  
input to output relation is delayed.

Now we have a contradiction: 
modeling is dynamical inconsistent.
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Dynamical Consistent Neural Networks

Missing future observations 
can be substituted by the 
models own expectations.
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Implicitly, the error correction 
information is included in dyy ττ ,
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Load Forecasting by DCNN
Testperiod: 15 min. Load Forecast: Model Output vs. Target

Testperiod: 30 min. Load Forecast: Model Output vs. Target

Testperiod: 45 min. Load Forecast: Model Output vs. Target

relative
forecast error

(15 min.)Energy Load Forecast
dependent on 

load, weather and 
energy prices

(15 min. time grid,
state dimension = 80)

Testperiod: 60 min. Load Forecast: Model Output vs. Target

relative
forecast error

(30 min.)

relative
forecast error

(45 min.)

relative
forecast error

(60 min.)
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A Duality between Small and Large Networks

Small Recurrent Networks:
• Data over constrains the degrees of freedom. 

This results in a unique regression model.
• The lack of randomness causes difficulties with 

local minima.

Medium Recurrent Networks:
• Data is not sufficient to estimate a unique model.
• We have a set of solutions. – Limited randomness 

does not average out in generalization.

Large Recurrent Networks:
• Data only constrains the eigendynamics of the 

large recurrent network.
• The eigenactivity of the network can be seen as 

a self-created noise, which is a regularization.
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