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Abstract 

Traditionally, large areas of research in machine 
learning have concentrated on pattern recogni- 
tion and its application to many diversified prob- 
lems both within the realm of AI as well as out- 
side of it. Over several decades of intensified re- 
search, an array of learning methodologies have 
been proposed, accompanied by attempts to eval- 
uate these methods, with respect to one another 
on small sets of real world problems. Unfortu- 
nately, little emphasis was placed on the prob- 
lem of learning bias - common to all learning 
algorithms - and a major culprit in preventing 
the construction of a zsniuerscsl pattern recog- 
nizer. State of the art learning algorithms ex- 
ploit some inherent bias when performing pattern 
recognition on yet unseen patterns. Automati- 
cally adapting this learning bias - dependent on 
the type of pattern classification problems seen 
over time - is largely lacking. In this paper, weak- 
nesses of the traditional one-shot learning envi- 
ronments are pointed out and the move towards 
a learning method displaying the ability to learn 
about lecarning is undertaken. Trans-dimensional 
learning is introduced as a means to automati- 
cally adjust learning bias and empirical evidence 
is provided showing that in some instances beurn- 
ing the whole can be simpler than learning a part 
of it. 

Introduction 
It is a well known fact that if we consider the universe 
of all possible pattern recognition problems, learning 
algorithms 1 tend to exploit some bias, when gen- 
eralizing from a finite set of examples. Customar- 
ily, we refer to this generalization as induction. An 
abundance of learning algorithms (pattern classifiers) 
have been proposed over the last few decades (Qi- 
unlan 1979; Fahlman 8~ Lebiere 1990; Frean 1991; 
Romaniuk 1993b; Cheng et al. 1988). In all instances, 
the inherent bias in learning algorithms remains static, 
thereby restricting the universal application of these 

1 
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Throughout this paper we will use 
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the terms learning 

algorithms to a multitude of conceivable pattern clas- 
sification problems. In other words, every single one of 
these algorithms can only be applied with some de- 
gree of success to a subclass of pattern recognition 
tasks. No universal application is possible, due to 
the algorithms’ inability t,o automatically modify its 
learning bias, based on the types of pattern recogni- 
tion problems it may be confronted with over a period 
of time. This lack of any form of meta-learning ca- 
pability in traditional pattern recognition algorithms, 
has received little attention from the machine learn- 
ing (pattern recognition) and neural network commu- 
nities. Instead, increasingly limited pattern recognition 
algorithms are proposed, void of this most fundamen- 
tal property commonly attributed to any intelligent 
agent. A few notable exceptions are (Chalmers 1990; 
Bengio et al. 1992). 

The purpose of this article is to outline a learn- 
ing system capable of automatically adjusting learning 
bias based on prior performance. The proposed system 
is based on a simple feedforward neural network, in 
which hidden units are automatically recruited and lo- 
cally trained using the perceptron learning rule. Learn- 
ing is seen as a bottom-up feature construction process 
in which previously learned knowledge (stored as fea- 
ture units within the network) represents the primary 
mechanism for performing meta-learning. 

Automatic Neural Network 
Construction 

Overview 
During the past years neural networks have been ap- 
plied to a wide variety of pattern recognition tasks 
with varying degrees of success. In many cases, a 
major drawback has been, finding the right number 
of hidden units, layers and connectivity of the net- 
work - at least for networks trained by backpropa- 
gation like algorithms. Often users rely on rules of 
thumb (heuristics) to decide how to choose these pa- 
rameters. The outcome is at best challenging, many 
times it is simply frustrat,ing. The problem is further 
compounded by varying (initially random) weights, an 
array of different tuning parameters (e.g. momentum 
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term, learning rate, etc.), type of transfer function 
(e.g. sigmoid, threshold, gaussian, etc. ) and fi- 
nally the choice of learning algorithm itself (backprop, 
quickprop, etc.). Given this less than rosy situation, 
it should come as no surprise that researchers have 
looked for ways to improve this situation. Within the 
last couple years several different approaches to au- 
tomatically construct neural networks have been pro- 
posed (Baffes & Zelle 1992; Fahlman & Lebiere 1990; 
Frean 1991; Romaniuk 199310). These algorithms dif- 
fer in how they construct networks (purely horizon- 
tal or vertical growth, or hybrids in between) and 
the kind of local learning rules they utilize. They 
also contrast with regard to the types of problems 
they can solve, the quality of the final networks, 
network complexity, speed, and their ability to con- 
verge on certain types of data. For more informa- 
tion the interested reader may want to consult (Baffes 
& Zelle 1992; Fahlman & Lebiere 1990; Frean 1991; 
Romaniuk 199313). 

Evolutionary Grow.t h Perceptron 
Evolutionary Growth Perceptron (Romaniuk 1993b) 
(EGP) represents an approach to automatically con- 
struct neural networks by exploiting natural selection. 
Networks are assembled in a bottom-up manner, a fea- 
ture at a time. Every newly recruited unit (feature) 
added to the network, receives its input connections 
from all previously installed hidden units and input 
units. Once an element is set up, it is trained employ- 
ing the perceptron learning rule for a fixed number of 
epochs. ‘Evolutionary processes are invoked to decide 
which patterns of the training set should be made use 
of when training the current hidden feature. An indi- 
vidual chromosome encodes the subset of patterns ad- 
ministered for training the present unit. A population 
of these chromosomes are then evaluated on the task 
of overall error reduction. After either a fixed number 
of generations has passed, or there is no improvement 
in error reduction, the element trained to the lowest 
error rate is permanently installed in the network. If 
there are still patterns left, which are miss-classified by 
the newly added unit, then a new element is created 
and the above process repeated. Otherwise, training 
halts and the last unit in the network is designated the 
output of the network. 

EGP learns the difficult N-parity function with 
about [$] hidden units (Romaniuk 1993b). 

Learning to Learn 

Traditional One-shot Learning Approach 

Over the last few decades a multitude of ideas have 
entered the realm of machine learning, resulting in 
countless interesting approaches and advances to this 
important area. The oldest learning systems date 
back to the 1940s (Hebbian learning) and the intro- 
duction of the perceptron. Later years would see the 

Figure 1: Traditional One-shot Learning Approach 

advances of inductive learning systems such as ID3 (Qi- 
unlan 1979) (based on decision trees). The eighties 
saw a revival of the neural network community with 
the introduction of the backpropagation learning rule. 
More recently approaches have been formalized that 
attempt to integrate seemingly different paradigms 
such as connectionism and symbolism. Other ad- 
vances have been made to automate the network build- 
ing process (Fahlman & Lebiere 1990; Frean 1991; 
Baffes & Zelle 1992; Romaniuk 1993b). With the dis- 
covery of ever new methodologies to tackle learning 
problems, the question of evaluating these diverse al- 
gorithms has remained mostly unchanged. Commonly, 
we can identify 2 approaches: The first approach con- 
siders an empirical study which includes testing a new 
learning algorithm L E l (element of the class of all 
learning algorithms ,C) on a set of either artificial or 
natural (real world) problems P E P. This set P is for 
almost all empirical studies small (about 1 to a dozen 
problems). In general, several well accepted problems 
- also known as benchmarks - are selected for an em- 
pirical study. Besides including a set of benchmarks, a 
few well known learning algorithms (that is well pub- 
licized) are picked in order to perform a comparison. 
Evaluation of learning algorithms proceeds by dividing 
a set of patterns, that describe the problem under con- 
sideration into 2 partitions: a train (TJrain) and test 
set (TT~~~). The degree of generalization (performance 
accuracy) of algorithm L is measured by determining 
how many patterns in TJest are correctly recognized 
by L after being trained on patterns in TT,.~~~. Af- 
ter training and testing (classification) have been com- 
pleted for a given problem P, results obtained thus far 
are removed and a new problem is tackled. We refer 
to this procedure as one-shot learning. A graphical 
representation of this approach is depicted in Figure 
1. Note, that the tuning module is optional and may 
even be lacking in some learning systems (e.g. ID3 
(Qiunlan 1979)). Other approaches - predominantly 
gradient decent-based learning algorithms (e. g. back- 
propagation) - are equipped with a multitude of tuning 
parameters, which when appropriately set by the user, 
can improve the learning modules overall performance 
on a given pattern recognition task. We can think of 
the tuning module as being a primitive mechanism to 
adapt the bias of the learning module. This adaptation 
is under the direct control of the human user. 

It is a well known fact, that any such empirical com- 
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parison cannot yield significant results due to the sheer 
size of potential problems that can exist in the real 
world. As a matter-of-fact, it is straight forward to ver- 
ify that for every problem P = 7+rain UTTERS, for which 
some algorithm L E JC can achieve accuracy (Y (de- 
noted by AL(TT~~~) = CY), there always exists a prob- 
lem P’ = T~rainuT;~~~ 2 such that AL(T~~,~) = 1-o. 
Hence, the average accuracy is always i. 3 This is ac- 
tually true regardless of how we partition the examples 
describing problem P into train and test sets, as long 
as T&t # 0. 

The above essentially states, there cannot exist a 
universal learning algorithm (neither biological or ar- 
tificial), which can perform equally well on all pattern 
classification problems. Instead, every learning algo- 
rithm must exploit some learning bias which favor it 
in some domains, but handicap it in others. The fol- 
lowing may serve as an example: Both decision-tree 
based, as well as, backpropagation-like learning algo- 
rithms have a more difficult time representing highly 
non-separable functions (e.g. parity) than a truly lin- 
ear function (e.g. logical or). When we say more dif- 
ficult to learn, we refer to training time, as well as, 
how the function is represented and the performance 
accuracy we can expect, after training is completed. A 
decision-tree based algorithm, for example, grows an 
increasingly deeper tree structure, whereas a backprop 
network requires additional hidden units (and connec- 
tions) to learn even/odd parity. Due to these observa- 
tions, it should become apparent why simple empirical 
studies are of little value in deciding the quality of a 
new learning approach or allow for comparing different 
approaches. 

A second technique for evaluating learning systems, 
is based on developing a theoretical framework. A good 
example of this approach is the Probably Approximately 
Correct learning model (PAC) (Valiant 1984). Here, 
one attempts to identify sub-classes of problems which 
can be learned in polynominal time and for which con- 
fidence factors can be stated for achieving a given per- 
formance accuracy. Unfortunately, these methods are 
too rigid and constrained to be of practical use. For 
one, sub-classes may be very specific, such that re- 
sults about them seem to say little. A more substan- 
tial shortcoming is: sub-classes of problems tend to 
be highly abstract. For example, a restricted class 
of problems might be CNF,(k), that is, all proposi- 
tional formulae over n boolean variables in conjunctive 
normal form with at most k literals. Results like this 
provide no indication on how abstract results can be 
placed in relation with their real world counterparts. 
Having determined that algorithm L tends to fare well 
with problems belonging to some sub-class of tasks, 
still does not help us decide how to solve a specific real 

P 

20utputs of patterns in TkeSt are inverted from those in 
TTest. 

3 Assuming binary encoded problems. 
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Figure 2: Multi-shot Learning Approach 

world task, unless we show that our model is in some 
correspondence with the real world problem. But to 
determine this membership may require utilizing algo- 
rithm L in the first place. In short, we are forced to ap- 
ply trial-and-error to decide which pattern recognition 
algorithm is best suited for solving the task at hand. 
Only, if substantial amounts of a priori domain knowl- 
edge are available, can we be sure to select the right 
learning algorithm, before actually trying it out. For 
many important tasks an appropriate pattern recogni- 
tion algorithm may not even be available. 

Multi-shot Learning Approach 
The problem we are facing - to develop learning meth- 
ods that can be employed to solve various real world 
problems - can not be overcome with simple one-shot 
learning algorithms. For this matter, we propose to 
look at algorithms which have the capability to learn 
about learning. These new algorithms must be capa- 
ble of shifting their built-in bias (to favor certain sub- 
classes of tasks) deliberately, by utilizing past perfor- 
mance, to give them wider applicability than simple 
one-shot learning systems. Figure 2 outlines the multi- 
shot method. In this approach, previous knowledge 
(in form of an internal representation of earlier learned 
problems) is fed back into the learning module, when- 
ever a new task is presented. An optional selector mod- 
ule may provide supplementary pat tern classification 
problems (similar), depending on the results obtained 
from the performance module and automatically sup- 
ply them to the learning module. 

This ability, - to learn knowledge on top of al- 
ready existing knowledge, without every time having 
to restart learning from ground zero - can have an im- 
pact on learning time, representational complexity, as 
well as generalization on yet unseen patterns. To move 
beyond simple one-shot learning we examine the sub- 
sequently listed task: 

Given: A set of problems P = {Pr’, PF2, . . . , PLk}, 
where P,“l E Cna. 
The Pr’ belong to the class of classificatory problems 
C (continuous inputs/binary output) of variable input 
dimension ni. 
Goal: Develop a representation Rk that can correctly 
classify all Pin’ E P. No specific order is imposed on 
the problems in P when presented to the 
meta-learning system. 
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We refer to an algorithm which can solve the above 
task as a trans-dimensional learner. We should ob- 
serve at this point, that a network condructing trans- 
dimensional learner is one of numerous alternatives. 
For example, we could have chosen a decision-tree 
like representation, instead of a connectionist network 
when designing TDL. A decision in favor of a connec- 
tionist representation was cast, due to earlier obtained 
positive results involving EGP and considering the al- 
gorithms simplicity. 

Before we outline the individual modules compris- 
ing TDL we draw attention to 2 approaches regarding 
automatic learning bias adjustment: 

First, the explicit approach. Here, a standard pat- 
tern recognition algorithm has its learning behavior 
regulated by modifying one or more of its tuning pa- 
rameters. If a learning algorithm is not equipped 
with tuning parameters, they may be added retrospec- 
tively. For example, a decision-tree based algorithm 
like ID3 has no tuning parameters. An extension of 
ID3 (GIDS (Cheng et al. 1988)) uses a tolerance pa- 
rameter which controls the amount of generalization 
by guiding attribute selection. Explicit learning bias 
adjustment proceeds by presenting either similar types 
of problems (e.g. even/odd parity) or identical prob- 
lems (e.g. only even-parity) to the algorithm. Perfor- 
mance on prior tasks (degree of generalization and ef- 
fectiveness of knowledge representation) are measured 
and tuning parameters are appropriately modified. It 
is anticipated that for similar or identical problems, 
the same setting (or related) of tuning parameters, 
can result in improved performance. For example, a 
backpropagation-based algorithm may learn to adapt 
its learning rate and momentum term in such a way, 
that it can more readily learn a parity function after 
having been trained on a few instances of this type of 
function. 

The second approach is implicit. In this case, there 
are no explicit tuning parameters, instead learning 
bias is shifted by relying on earlier stored knowledge. 
Hence, this method is identical to multi-shot learn- 
ing. The internal knowledge representation of previ- 
ous learned tasks is exploited to guide future learning. 
The herein proposed meta-learning algorithm is based 
on the implicit approach. 

TDL : Trans-Dimensional Learner 
In this section, the basic modules deemed important 
in the construction of TDL are discussed. Earlier, it 
was pointed out that an automatic neural network con- 
struction algorithm (EGP) would serve as the primary 
means for building high level network features. It was 
also indicated that the EGP algorithm assembles new 
features by fully connecting previously created features 
to the one currently under construction. This can very 
quickly lead to a high fan-in of connections to the 
hidden units. Consequently, storage requirements and 
simulation time increase rapidly, as fresh hidden fea- 

tures are installed. Apart from this surface problem, 
a more harmful side-effect can be identified: dilution 
in quality of high-level features. Recall, that the per- 
ceptron rule is utilized to locally train newly recruited 
features. Now, the perceptron learning rule attempts 
to discover an appropriate linear combination of the 
inputs to the trained feature, such that overall error is 
reduced. If the number of features forming the input 
to the current unit is large, many more weight assign- 
ments are possible, of which many may lead to shallow 
local optimums. To prevent this from occurring, it is 
essential to restrict the number of hidden features se- 
lected for constructing new features. To accomplish 
this feat, a quality measure is invoked to determine 
the potent’ial of previously constructed units to act as 
good hidden feature detectors when solving the current 
goal. 

The quality measure is defined as, 

Qk,i(k P/c) = 
log(L(Fi) + 1) 

log(maw~ (L( F’)) + 1) ) 

(1) 

,where L(Fi) returns feature Fi’s layer location. The 
first factor of Equation 1 measures feature Fi’s accu- 
racy on problem Pk, whereas the cost factor incorpo- 
rates information about feature Fi’s layer location rel- 
ative to the current networks height. 

To further reduce the complexity of the resulting 
connectionist network, it can prove extremely benefi- 
cial, to prune an already trained feature unit, before 
resorting to train a new one. It has bee pointed out 
that besides further reducing the fan-in to individual 
units, pruning can also improve the generalization ca- 
pability of a network. 

It may be necessary to provide a mechanism which 
allows the network to forget some of its learned knowl- 
edge, especially if over time this knowledge is deemed 
unimportant. Forgetting information is paramount to 
conserving network resources such as units and connec- 
tions. Finally, if we think of biologically inspired learn- 
ing systems then, due to changes in the environment, 
some of the accrued knowledge may become obsolete. 
It would indeed be wasteful to ret,ain this information. 

A High-level description of the proposed trans- 
dimensional learner is presented below. In order to 
handle training patterns of various input dimensions, 
a pool of input features is initially set aside. The pool 
is left-adjusted, which implies the first input value of a 
training pattern is stored in the foremost input unit of 
the pool and so on, until all input values have been as- 
signed to corresponding input units. Remaining pool 
units are assigned a default value of 0, to guarantee 
that no activations are propagated from any potential 
connections that emanate from these units to other 
network units (Effect identical to being disconnected). 
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pk : kth problem to be Zearned. 

P : set of all problems. 

N : network constructed by TDL. 

Nomenclature for TDL: 

(1) For all Pk E P, k E [l, N] do 
(1.1) While A(Fc,Pk) < 1 do 

(1.1 .l) Create new feature FneW 
(1.1.2) Connect all 11, z E [1,In(Pk)] to FneW 
(1.1.3) For all Fi E N do 

(1.1.3.1) If Qk @, Pk) > Q then 
(1.1.3.1.1) Connect Fi to FneW 

(1.1.4) N = N u IF,,,} 
(1.1.5) Fc = ~~~~ 
(1.1.6) EGP(Fc) 
(1.1.7) Prune feature FC 

To close out this section, Figure 3 displays an exam- 
ple of a TDL generated network that correctly recog- 
nizes the or-function of input dimensions 2 - 7. 

Empirical Results 
To furnish empirical evidence supporting the effective- 
ness of TDL, a collection of well-known neural network 
benchmark problems have been selected in conjunction 
with some simpler functions to allow for a meaningful 
study. These problems are: and, or, even-parity, 
odd-parity of input dimension 2 - 7, 4-, 8-, 16-bit 
encoder, and 2-, 3-bit adder. 

Combining the above tasks yields a total of 29 func- 
tions (29-fkt problem). As a subset we also consider 
the even/odd-parity functions (parity problem). For 
all experiments 10 trial runs are conducted and their 
average is reported. Also, every feature is trained for 
at most 60 epochs. 

Learning The Whole Can Be Simpler 
Than Learning A Part Of It 
In Figure 4a we present results relating the number of 
generations (amount of time required to evolve a net- 
work) and the number of combined units (hidden and 
output units in final network). The first observation 
we make is, the response curve for the 29-fkt problem 
displays a sudden steep increase in the final stages of 
training, as opposed to the almost linear response ob- 
tained during learning the parity problem. 

Secondly, around 20 functions (of the original 29) are 
learned in the final stages of training, that is in the last 

FC : current unit in network N. 

11 : Zth input of problem Pk: Figure 3: OR-2 through OR-7 as learned by TDL 

rn( pk> : number inputs for problem Pk. ,cu 29-,ET ,Lay**n for 29-skc 

&k,i(Fi, pk) : quality measure for it h unit. 

A(Fc, pk) : accUracy Of f e&we FC for Pk. 

Q : threshold for quality measure (0.1) 

Figure 4: # Generations vs. (a) # Combined Units 
(b) # Layers for learning 29-Fkt and Parity 

20 generations. In other words, more than two-thirds 
of the problems are acquired in the last one-tenth of the 
training phase. This result underlines how TDL bene- 
fits from previously learned information and indicates 
how the ability to learn to learn has a profound impact 
on total training time and final network configuration. 

The most impressive finding can be gleaned, when 
comparing the absolute magnitude in number of gen- 
erations required to learn either parity or 29-fkt task. 
The parity problem is learned after nearly 270 gener- 
ations have passed, whereas the 29-fkt problem is ac- 
quired after less than 210 generations. Since the parity 
problem is a subset of the original 29-fkt problem, this 
result is clear evidence of the phenomena: learning the 
whole can be simpler than learning a part of it. 

Furthermore, this finding substantiates the fact, the 
time needed to learn a subset of functions can be sig- 
nificantly reduced by assimilating additional functions, 
even when they have little in common with the origi- 
nal set of functions. Recall, the composition of the 29- 
fkt problem. Besides containing the simpler and- and 
or-functions, it also consists of encoder and adder 
functions. The task of identifying even and odd par- 
ity has little in common with the task of performing 
binary encoding or binary addition. 

Another interesting observation is that the number 
of combined units is about the same as the number of 
functions learned. Both for parity as well as the 29- 
fkt task, the increase in number of combined units with 
respect to the number of functions acquired (regardless 
of the problems input dimension) is about linear. 

Figure 4b depicts the relationship between the num- 
ber of generations and the number of layers. The steep 
increase in layers for the 29-fkt problem coincides with 
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of this study are of importance, since they suggest that 

P 
I * 

Figure 5: (a) Pattern (b) Function Recognition Accu- 
racy for 29-Fkt Problem 

the increase in combined units. This indicates that 
newly formed feature detectors in the network are con- 
structed from already existing low level feature detec- 
tors. In other words, overall savings in combined units 
and training time are realized by creating high-level 
features, resulting in a rapid overall increase in the 
number of layers. 

In Figure 5a the accuracy (degree of generalization 
on yet unseen patterns) obtained by TDL for the 29-fkt 
problem is displayed. 

Figure 5b furnishes insight into the function recogni- 
tion capability of TDL for the 29-fkt task. The graph 
depicts the relation between the average number of 
problems seen and the percentage of correctly iden- 
tified functions. 4 

Summary 
Taking the step from one-shot learning to develop an 
automatic network construction algorithm capable of 
trans-dimensional learning can be viewed as a step to- 
wards a new, and more powerful learning environment. 
Perceiving units within a network solely as features and 
learning as a process of bottom-up feature construction 
were necessary notions to develop a feasible implemen- 
tation of a trans-dimensional learner. Basing local fea- 
ture training on the simple perceptron rule and com- 
bining evolutionary methods to effectively create train- 
ing partitions, have substantially contributed towards 
the construction of a more flexible learning system. 
Contrary to intuition, it was noted that learning a large 
set of diverse problems can be either equal to or even 
simpler than attempting to learn a subset of the very 
same problems. Even across a highly diversified set of 
domains can powerful hidden features be constructed 
and help decrease learning time and network complex- 
ity as more problems are encountered. These power- 
ful hidden features support adjusting learning bias de- 
pending on the type of problems presented by simpli- 
fying the learning process itself and help elevate TDL 
above simple one-shot learning systems. The findings 

4The 29-fkt problem actually consists of 59 functions. 
This number is obtained by adding up the number of out- 
puts for all 29 problems. 
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learning new features- can be substantially improved 
by learning on top of pre-existing knowledge, even if 
there appears little in common between the two. Even 
though this is an initial study in the applicability of 
trans-dimensional learning to solve the general prob- 
lem of learning about learning, it is one that has given 
rise to some interesting results and it is hoped that 
future work will prove as fertile. 
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