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Presentation Outline
• Group Method of Data Handling – Idea and model overview

• Implementation in Python and alternative ways to ft the model

• Advantages and Disadvantages

• Case Study: Short-term load forecast

• Time series forecasting principles and challenges

• Data preparation and simulation results

• Possible improvements



GMDH Neural Networks - Principle 
• Group Method of Data Handling

• Early work developed in the seventies (Ivakhnenko 1966)

• Based on the principle that every function f(x) can approximated by 
an infnite Volterra-Kolmogorov-Gabor polynomial:   

 

• GMDH algorithms consider various component subsets of the base 
function called partial models

• It turns out that the VKG can be represented by constructing a 
cascade of second order polynomials (Madala & Ivakhnenko, 1994)
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GMDH - Overview
• Multilayered structure not determined before hand but is automatically determined during the 

training procedure (self-organizing).  

• The network structure consists of layers of partial descriptors (quadratic polynomials). Every 
node performs its own transfer function and passes its output to neurons in the next layer. 
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Each node has its own:
● Weights
● Score
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GMDH – Training Procedure

Create nodes by 
generating  all 
possible pairwise 
combinations of 
two input among 
all the input 
variables*.

Create Layer

Estimate the 
coefcients of 
the nodes.

Train nodes 
in Layer

Use external 
criterion to 
decide which 
nodes to 
eliminate.

If there is no 
improvement in  
the performance 
of the model 
fnalize structure 
and designate 
output node

Prune Layer

Finalize 
Structure

* n = m*(m-1)/2



GMDH – Building Block

The transfer function takes two inputs and 
constructs a quadratic feature matrix. The output 
of the neuron is still linear in terms of The weight 
coefficients and is equal to the dot product of the 
weights and the new feature matrix.



GMDH – Fitting a Node (1)
Ridge Regression (Closed form solution)
• Minimize                                                   , where α is a positive scalar.

• Advantages (over Maximum Likelihood): Numerically stable, better generalization properties.

• Solution                                     

•  We have to make sure line fts the points but we also want small parameter values.

• Extremes: If α is very high we get zero values for w. If α is zero we get the Maximum Likelihood 
solution.

• How dow we choose a value for α? 

J (w)=( y – Xw)
T
( y−Xw)+αwTw

ŵ=(XT X+αI )−1X T y



GMDH – Scikit-learn to the rescue

GridSearchCV is called a meta-estimator. It behaves 
like any other estimator in that we can call fit on it.  If we 
call fit on grid search not only is the best hyper-
parameter found using cross-validation but a new model 
built on the whole training set using this best hyper-
parameter is fit. We we call predict() or score() on the 
grid search object the best parameter values are used.



GMDH – Fitting a Node (2)
Bayesian Linear Regression
• In the Bayesian setting we treat the regression problem using probability distributions rather than 

point estimates. Bayesian thinking is very intuitive: we have some prior beliefs and then as we 
collect more and more data these prior beliefs either get reinforced or disproved.

• We can build some intuition using the simple linear regression model. The simple linear 
regression can be written in probabilistic terms as follows:

• The dependent variable y follows a normal distribution. In the Bayesian approach instead of 
maximizing the likelihood we assume prior distributions of the parameters and then using Bayes 
theorem we can obtain the posterior distribution of the parameters. The result of  performing 
Bayesian Linear Regression is a distribution of possible model parameters based on the data and 
the prior.

• Get a whole range of inferential solutions rather than a single point estimate for each parameter 

• How do we estimate the posterior?

μi=α+ β∗x i

y i∼N (μi , σ )

posterior∝ likelihood x prior

f (α , β ,σ∣y , x)∝∏
i=1

N

N ( y i∣α+βx i , σ )f α (α )f β (β) f σ (σ ) y

x

N = 1...N

w
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GMDH – Variational Inference to the rescue
Variational principle: 
General  family of methods for 
approximating complicated 
densities by a 
simpler class of densities

(full derivation 
@ Pattern Recognition  and
Machine Learning by Bishop, 
chapter 10) 

Hypothesis class

True posterior P(w|y)

divergence

The immediate benefit of this is 
that after taking into account 
any data we can quantify an 
uncertainty in our parameters 
via the posterior distribution



GMDH – Fitting a node (3)

• In each iteration take a step in the opposite direction of the gradient.

• Batch gradient descent computes the gradient with respect to the entire training set:

• Stochastic gradient descent performs parameter update after each training example: 

• Mini batch gradient descent performs an update after n training examples: 

J(w)

w

Gradient Descent

θ=θ−η∇θ J (θ)

θ=θ−η∇θ J (θ ; x
(i) , y (i)

)

θ=θ−η∇θ J (θ; x
(i : i+n) , y(i : i+n)

)



GMDH – Tensorfow to the rescue

The nodes in the computational 
graph typically implement 

operations but they are also
used as points of data entry.

● Built around the idea of constructing and manipulating a 
computational graph which is a symbolical representation 
of the operations to be performed.

y_hat = tf.matmul(x, W)
loss = tf.reduce_mean(tf.square(y-y_hat))



GMDH – Advantages / Disadvantages
Advantages
• Simple to parallelize as nodes in each layer are ft independently of one another.

• Avoid intermediate computations during forward propagation by caching layer predictions.

• Simple to implement.

• Self-organizing structure generated during the training process.

• Only include the relevant terms (feature selection).

• Sparse connectivity which means that a discovered structure can be trained fast.

Disadvantages

• Tendency to generate quite complex polynomials for relatively simple systems

• Low accuracy has been observed for long range predictions

• For more than one output multiple models need to be built



Load Forecasting – The need

J (Θ)=( y−XΘ )T( y−XΘ)+αΘΤΘ

• Day-ahead scheduling proceeds through an electricity market that the TSO operates. The 
generating units supply price-energy bids to a market pool and it is the responsibility of 
the TSO to produce a unit schedule for the day ahead (Day-ahead market). 

• The problem of deciding whether a generating unit should be ON or OFF for a specifed 
time schedule is called a unit commitment problem. Hence, It is a multiple-time 
optimization problem the goal of which is to produce ON/OFF schedules for all generating 
units that participate in the market in the most economical constrained to satisfy the load 
demand.

• How is the load demand for the next day determined => Short-term load forecast

• So it is all about determining resource requirements (load forecast) and then using 
efciently those resources.

GMDH – Load Forecasting (1)



GMDH – Load Forecasting (2)
 Forecasting – Basic steps

1.Defne the problem: It involves an understanding of how the forecasts will be used in the 
organization.

2.Gather information: There are two types of information available: (a) the historical data and (b) 
the domain knowledge.

3.Data preparation: Tidy up your data.

4.  Exploratory data analysis: We always start by graphing the data for visual inspection. Are there 
any consistent patterns? Is there a signifcant trend in the time series? Is seasonality important? 
Are there any outliers?

5.  Choosing and ftting a model: There are always some inherent set of assumptions when building 
a model. Do they ft the problem at hand?

6.  Evaluating the model performance: There is a variety of accuracy measures to evaluate the 
performance of a model. It is important to know how the forecasting method has performed in 
the particular context. 



GMDH – Load Forecasting (3)
• Time series forecasting problem

•  There are two major types of forecasting models:

Time series and Explanatory models.

• Explanatory models assume that the quantity to be 
forecasted exhibits an explanatory relationship with one or 
more independent variables. For example:

Load = f(temperature, time of day, season, 
is_holiday,...error)

• In time series models prediction of the future is based on 
past values of the quantity to be forecasted. The objective of 
time series models is to extrapolate a pattern into the future:

J (Θ)=( y−XΘ )T( y−XΘ)+αΘΤΘ

Load t +1=f (Load t , Load t−1 , Load t−2 , .... , error )



GMDH – Preparing the dataset (1)
Arranging the data

Inputs

Data points are shifted to the right to create lags



GMDH – Preparing the dataset (2)

Normalize the data

X scaled=
X−X min

Xmax−Xmin

Partition the dataset

This might seem a naive method to split the 
data but with time series splitting into training 
and test sets is more complicated as the time 
ordering has to be maintained. 

Notice that the order of preparing the data is 
very important. First we split the dataset and 
then we normalize it using the estimator that is 
fit only in the training set, otherwise we “leak” 
information into the model.



GMDH – Running the model

Using the model to make predictions for 24 hours ahead

Predictions Targets
5772 5771

5982 6162

6136 6471

6217 6508

6150 6490

5888 6128

5619 5564

5280 5189

4958 4676

4639 4313

4564 4235

4563 4109

4678 4274

4695 4699

5128 5292

5339 5610

5440 5849

5462 6024

5456 6048

5420 6040

5382 5838

5397 5585

5449 5759



GMDH – Interpreting the model

We can backtrack from the output layer 
to the input layer to find the active paths 
and draw our network. 
This allows us to see which input 
features were important in our 
predictions and which input features 
were eliminated.



GMDH – Can we do better?
Improvements

1.Use additional predictors. In the example we presented only lagged values were used as input 
features.

2.Decompose the time series (identify trend and seasonality)

3.Use a diferent model for each forecast horizon. This will prevent forecast errors from 
accumulating.

4.Experiment with GMDH hyperparameters (external criterion, percentage elimination at 
successive layer building).

5.Use Revised Group Method of Data Handling. In a nutshell this method allows to use multiple 
transfer functions (for example passing the output of the polynomial function from a sigmoid 
function) for the nodes of the network. The transfer function for each node is determined during 
the training time.  



Thank you!
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