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Abstract

We apply a neural network to model neural network
learning algorithm itself. The process of weights
updating in neural network is observed and stored
into file. Later, this data is used to train another
network, which then will be able to train neural
networks by imitating the trained algorithm. We
use backpropagation algorithm for both, for train-
ing, and for sampling the training process. We
imitate the training of the network as whole. All
the weights and weight changes of multilayer neural
network are processed in parallel in order to model
mutual dependencies between weights. Experimen-
tal results are provided.

Keywords: metalearning, learning to learn, er-
ror backpropagation.

1 Introduction

Adaptive or optimizing learning algorithms might
be used in the neural network learning or in the
machine learning domains. Instead of fixed learn-
ing algorithms, these algorithms improve their own
learning performance over time, or they develop
particular learning methods from scratch. This
type of learning algorithms is known as the “met-
alearning” or the “learning to learn” approach.
Works by Jiirgen Schmidhuber and Sepp Hochre-
iter [2] [3] are representative of recent research in
this area and more comprehensive overview is given
by Sebastian Thrun in [4]. Thrun defines learning
to learn as ability of algorithm to improve perfor-
mance at each next task with experience from pre-
vious tasks [4]. Schmidhuber emphasizes on the
ability of learner to evaluate and compare learn-
ing methods and course of learning, and using this
evaluation to select proper learning strategy [2].
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We can recognize following paradigms among
metalearning approaches:

e similarity exploitation,
e learning parameters adaptation,
e discovery of learning algorithm.

Particular methods might be focused on any of
these paradigms, or on all of them.

Similarity exploitation is the idea that a group
of tasks shares some similarity, which once learned,
might speed-up the learning of another tasks. We
can simply learn the sequence of tasks to exploit
their similarity, but some mechanism for distin-
guishing the task-specific knowledge versus com-
mon cross-task knowledge should improve the per-
formance.

Adaptation of learning parameters might be done
by some meta-learning algorithm above the learn-
ing algorithm. This paradigm might be based
more on the “learning about learning”, then on
the “learning to learn” idea. However, knowledge
about learning is the step to the “learning to learn”.

Discovery of learning algorithm is the design of
learning algorithm from scratch. This is more
“learning the learning” then “learning to learn”.
Here we shift focus from adaptation into learning.

Metalearning algorithms might be based on the
reinforcement learning or on supervised learning.
In the reinforcement learning case, the learner
through trial-and-error experience improves not
only its performance on some particular task, but
also its ability to learn. This can be achieved by
treating learning algorithms as a part of solved
task. It is: learning is one of actions of the learner.
In the supervised learning scenario, learning and
metalearning are usually treated as independent
processes.



2 Backpropagation Imitation

In this section we will describe modelling of the
error backpropagation algorithm. We want train
neural network to train another neural network. A
neural network model of error backpropagation al-
gorithm should be able to train neural networks
in the similar manner as the original backpropa-
gation algorithm did. To obtain such a model we
will sample the training process of backpropagation
learning and then try to imitate it. This is simple,
while also a general approach to metalearning. It
consists of the following sequence:

1. train arbitrary neural network with error back-
propagation algorithm and sample the learning
process,

2. train the learning network to imitate original
learning algorithm,

3. train arbitrary neural network using the learn-
ing network.

Consider multilayer neural network with neuron
activations z;, link weights w;;, biases 6;, and neu-
ron activation functions f;(in;):

M
z; = fi(in;) in; = Zwijxj +0; (1)

The in; is input into 4-th neuron and M is the num-
ber of links connecting into i-th neuron. The error
J in the supervised learning mode is defined:
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The p is the index of data pattern, Ny is the num-
ber of output neurons of neural network, and ev?
is the expected output of i-th neuron on p-th pat-
tern. For simplicity, we will omit pattern index p
later. Gradient based error minimizing adaptation
of weights follows:
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The weight w;; links the j-th neuron into ¢-th neu-
ron, the v is learning rate constant, and ¢, is defined
as:
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The f’(in;) is the derivative of activation function
f(in;). For output neurons we get:
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For neurons in hidden layers we get:
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The Nj is number of links coming from i-th neu-
ron and h is index of these links and corresponding
neurons. The N; is number of neurons which have
connections into h neurons (see Fig.1). The rule (6)
is the error backpropagation rule, defining the back-
ward propagation of error through network. Rule
(3) defines weight changes minimizing this error,
and rule (5) sets the base for error minimization.
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Figure 1: Neuron indices for rule (6).

The error backpropagation algorithm is defined
by rules (1), (2), (3), (5), and (6). To model this
algorithm we may sample variables: Aw, w, 0, 6,
x, ev, J, in, and f’(in). Some of these variables
can be derived from others, so not full set of them
is necessary. We can model either, the rule (6),
or the full set of rules. When modelling full set
of rules, interactions in the whole network may be
processed in model. When modelling rule (6) only,
only neighborhood of particular link is considered.



The number of inputs and outputs of learning
network is equal to the number of sampled vari-
ables. Outputs are Aw changes, and A8 possibly.
To use learning network, rules (6), (5), and (3) from
original backpropagation algorithm have to be re-
placed with outputs of this learning network.

3 Experiments

Consider the neural network on the Fig.2 with two
inputs, one hidden neuron, and one output. It
has three weights and two biases, which changes
we will try to approximate with learning network.
Thus, we will sample these changes while learning
with the backpropagation algorithm. Then, we will
train learning network to approximate them. Be-
sides these changes, we will sample all three weights
and two biases, two inputs, one output, and one
expected value on output. This is: 9 inputs and 5
outputs for the learning network. Such a learning
network with two hidden neurons is on the Fig.3.
The number of hidden neurons is arbitrary, it might
depend on the tasks learned and on the complexity
of original training algorithm, in our case — error
backpropagation.
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Figure 2: Simple network to be trained. The z,
and z are inputs; yo is output; wgg, we1, and vgg
are weights; hbgg, and ybgg are biases; hg is hidden
neuron activation, and yo is the output.

In the 1st experiment we will train the network
from Fig.2 to approximate boolean function AND
(Tab.1). This is simple task and networks learn
quickly. Parameters of training of basic network
are: v = 0.23, number of training cycles is 5000.
Parameters of training of learning network are: v =

0.198, number of training cycles is 200, number of
hidden neurons is 2. Network topology is the same
as on the Fig.3.
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Figure 3: Learning network with two hidden neu-
rons for training of network from Fig.2. Inputs are
the variables describing the state of neural network
on Fig.2 and outputs are changes of them provided
by the learning algorithm.

AND OR
To T1 Yo To T1 Yo
0 010 0 010
0 1 0 0 1 1
1 010 1 0 1
1 1 1 1 1 1

Table 1: Training data for the boolean AND and
OR functions for network on Fig.2.



The training history for learning network is on
the Fig.4. Comparison of training of basic network
using backpropagation algorithm and using learn-
ing network is on the Fig.5. The learning network
achieved better convergence then the original back-
propagation algorithm. However, the performance
of learning network depends also on its training — it
is prone to overfitting. Also note, that implemen-
tations of training using learning network and er-
ror backpropagation algorithm may differ in speed.
In our case, in this experiment, backpropagation
training took 0.408 seconds, while learning network
training took 3.781 seconds.
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Figure 4: Error of the training of learning network
for the basic network from Fig.2.
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Figure 5: Error of the training of basic network

In the 2nd experiment we will use basic network
without a hidden layer. This is sufficient for the
AND-function approximation. We will have 2 in-
puts, 1 output, and 0 hidden neurons in the ba-
sic network; and 7 inputs, 3 outputs, and 0 hid-
den neurons in the learning network. The training
history for this learning network is on the Fig.6.
Comparison of training of basic network without
hidden neurons using backpropagation algorithm
and using learning network is on the Fig.7. Perfor-
mance of learning network in this setup is compara-
ble to performance of backpropagation algorithm,
although it is slightly worse then in the 1st experi-
ment with hidden neurons.
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Figure 6: Error of the training of learning network
for the basic network without hidden neurons.
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Figure 7: Error of the training of basic network

from Fig.2 using error backpropagation algorithm without hidden neurons using error backpropaga-

and using the learning network from Fig.3.

tion algorithm and using the learning network.



In the 3rd experiment we will increase the num-
ber of hidden neurons. We will have 2 inputs, 1
output, and 4 hidden neurons in the basic network;
and 21 inputs, 17 outputs, and 3 hidden neurons in
the learning network. The task is OR-function ap-
proximation. The training history for this learning
network is on the Fig.8. Comparison of training of
basic network without hidden neurons using back-
propagation algorithm and using learning network
is on the Fig.9. Performance of learning network in
this setup is again better then original error back-
propagation algorithm.
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Figure 8: Error of the training of learning network
for the basic network with 4 hidden neurons.
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Figure 9: Error of the training of basic network
with 4 hidden neurons using error backpropagation
algorithm and using the learning network.

In the 4th experiment we will try more diffi-
cult classification task. The Fig.12 depicts train-
ing and testing data sets. The network topologies

are: 2 inputs: x and y, 2 outputs: innersquare
and outersquare, and 5 hidden neurons for the
basic network; and 38 inputs, 27 outputs, and
3 hidden neurons for the learning network. The
training history for this learning network is on the
Fig.10. Comparison of training of basic network us-
ing backpropagation algorithm and using learning
network is on the Fig.11. Training with the learning
network in this task diverges, while training with
backpropagation algorithm stopped on some level
but did not diverge.
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Figure 10: Error of the training of learning network
for the basic network for square classification task.
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Figure 11: Error of the training of basic network
for square classification task using error backprop-
agation algorithm and using the learning network.
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Figure 12: Training and testing sets for the classi-
fication task. The task is to classify points in space
by their z and y coordinates, whether they will fit
into inner square or not.

4 Analysis

The AND/OR-functions approximation tasks with
hidden units show good results when trained with
learning network. The ability of learning network
to outperform backpropagation algorithm seems
promising. In future, knowledge from several train-
ing algorithms might be used to train learning net-
work in order to get even better performance by
exploiting best of all of these algorithms. Trial
and error mode might be further used when train-
ing learning network to further improve its perfor-
mance, possibly beyond the reach of conventional
learning algorithms.

Slightly worse performance in the experiments
without hidden units points to the nonlinear char-
acter of either, learning rules of backpropagation
algorithm, or the neural network which we train.

The problem with application of our approach to
more complex classification task might be of simi-
lar character as instability of overtrained learning
network. Chance of instability of learning with
learning network is an inherent property of this ap-
proach. The better performance with simpler net-
works favorizes the modelling of the rule (6) only
of backpropagation algorithm, instead of modelling
all the rules, which we did in experiments. To fur-
ther investigate the neural network modelling of
backpropagation algorithm, rule (6) modelling, and
deeper analysis of variable set for algorithm sam-
pling might help.

5 Conclusion

Using neural network model of backpropagation al-
gorithm to train neural networks is a viable ap-

proach. Novel methods of performance tuning of
learning algorithm are possible when using this
model. There is, however, a risk of learning in-
stability with this approach, and actual modelling
of backpropagation can be done in several different
modes.

References

[1] M.Katrdk, Metalearning methods for neural
networks, (in Slovak), MS Thesis, Technical
University Kosice, (2005).

neuron.tuke.sk/ " jaksa/theses

[2] J.Schmidhuber, J.Zhao, and M.Wiering, Sim-
ple principles of metalearning, Technical Report
IDSIA-69-96, IDSIA, (1996).

citeseer.ist.psu.edu/schmidhuber96simple.html

[3] S.Hochreiter, A.S.Younger, and P.R.Conwell,
Learning to Learn Using Gradient Descent,
Lecture Notes in Computer Science, vol.2130,
(2001).

citeseer.ist.psu.edu/hochreiterOllearning.html

[4] S.Thrun, Learning To Learn: Introduction.
citeseer.ist.psu.edu/article/thrun96learning.html

[5] J.Schmidhuber, Evolutionary Principles in Self-
Referential Learning, Diploma Thesis, Technis-
che Universitdt Miinchen, (1987).

www.idsia.ch/ juergen/diploma.html

[6] J.Schmidhuber, On Learning How to Learn
Learning Strategies, Technical Report FKI-198-
94, Fakultt fiir Informatik, Technische Univer-
sitt Miinchen, (1994).

citeseer.ist.psu.edu/schmidhuber95learning.html

[7] J.Schmidhuber, A General Method for In-
cremental Self-Improvement and Multi-agent
Learning in Unrestricted Environments, In
X.Yao (Ed.), Evolutionary Computation:
Theory and Applications, Scientific Publ. Co.,
Singapore, (1996).

citeseer.ist.psu.edu/article/schmidhuber96general . html

[8] J.Schmidhuber, A Neural Network That Em-
beds Its Own Meta-Levels, In Proc. of the In-
ternational Conference on Neural Networks '93,
San Francisco. IEEE, (1993).

citeseer.ist.psu.edu/schmidhuber93neural.html



