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Abstract

This paper studies the ability of standard feedfor-
ward neural network to support the generation of
a reasonable rule set for Divisia data. This is
done by examining the internal weight structure of
the network when trained with Divisia component
data, based on requirements levied by the Aggregate
Feedforward Neural Network (AFFNN). Complexity
measures are examined to assist with the selection
of Divisia component encoding characteristics and
training methods. Encodings and architectures that
increase complexity of the internal network weight
structure tend to increase the potential mazimum
number of generated rules.!
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1 Introduction

In recent years the relationship between “money” and
the macroeconomy has assumed prominence in the
academic literature and in Central Banks circles. Al-
though some Central Bankers have stated that they
have formally abandoned the notion of using mone-
tary aggregates as indicators of the impact of their
policies on the economy, research into the link be-
tween some kind of monetary aggregate and the price
level is still prevalent. Attention is increasingly turn-
ing to the method of aggregation employed in the
construction of monetary indices. The most sophis-
ticated index number used thus far relies upon the
formulation devised by Divisia [1]. The construction
has it roots firmly based in microeconomic aggrega-
tion theory and statistical index number theory.
Our hypothesis is that measures of money con-
structed using the Divisia index number formula-
tion are superior indicators of monetary conditions
compared to their simple sum counterparts. Our
hypothesis is reinforced by a growing body of evi-
dence from empirical studies around the world which
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demonstrate that weighted index number measures
may be able to overcome the drawbacks of the simple
sum, provided the underlying economic weak separa-
bility and linear homogeneity assumptions are satis-
fied. Ultimately, such evidence could reinstate mon-
etary targeting as an acceptable method of macroe-
conomic control, including price regulation.

As stated, the goal is to identify relationships capa-
ble of accurately predicting inflation as a function of
Divisia component data, assuming such relationships
exist and are well-defined. Econometricians have de-
vised a variety of models and techniques to meet
this challenge, and research in this area continues
to evolve.

One approach we have examined is using a model
that generates rules extracted from a neural net-
work trained with Divisia component data. This
model, the Aggregate Feedforward Neural Network
(AFFNN) [2], was tested on Divisia component
data following the footsteps of an earlier proof-of-
concept experiment successfully performed by Gazely
and Binner [3]. This study’s simple neural model
demonstrated the promise of a connectionist ap-
proach for learning Divisia-Inflation relationships,
but was not devised to express the results in human-
understandable terminology. This is the reason be-
hind continuing the research using the AFFNN as a
platform. The AFFNN model was originally selected
because of its existing rule extraction capability, and
has already demonstrated the ability to successfully
train and extract rules based on Divisia component
data [4].

The AFFNN is a novel general-purpose feedfor-
ward connectionist model originally developed for
data mining [5]. The final part of the AFFNN
system includes an automated decompositional rule
extraction capability, where rules are expressed in
human-readable and machine-executable MATLAB
code. This allows the rules to be inspected and val-
idated by subject-matter experts, and provides the
capability for the rules to be used independently of
the trained AFFNN model in classification and pre-
diction applications.



This series of joint UK-US studies has taken a me-
thodical, steady approach to the challenge of discov-
ering and describing Divisia-Inflation relationships.
The original research showed the feasibility of using
the AFFNN to learn these relationships, as well as its
ability to produce sets of rules describing the learned
relationships [6]. However, those studies were neces-
sarily limited to experiments and tests with a specific
encoding of the network’s inputs. High-level analysis
of the resulting rulesets showed that the decompo-
sitional algorithm produced a very large number of
complex rules. We believe that the ruleset can be
simplified and reduced if the complexity of the inter-
nal weight structure can be reduced. The purpose
of this stage of the research is to examine factors
necessary to define and reduce the complexity of the
trained network and consider the impact on potential
rulesets. To do this, we must develop an understand-
ing of the source and nature of the complexity, the
topic of this paper.

2 Defining Complexity

The tremendous interest in connectionist models
across domains has resulted in a sizeable collection
of generic and specific optimizations for such mod-
els. In most instances, the literature is interested in
optimal training, fast learning, and low error rates.
This is often accomplished through careful selection
of network architectures, features and related encod-
ing, and careful network pruning to reduce overall
network complexity and achieve these goals. While
we certainly acknowledge the importance and prac-
ticality of these efforts, we are not interested (at this
stage in our research) in reducing network complex-
ity in that sense, through making changes to the ar-
chitecture using techniques such as network pruning.
Instead, we’d like to examine the impact of holding
the trained architecture constant while reviewing and
manipulating internal network weights and the inter-
pretations of those weights.

Our goal is best demonstrated by example. Con-
sider Figure 1, a representation of a portion of a
trained neural network, where the nodes A, B, ...,
M represent all nodes producing inputs to node Q.
With the decompositional rule extractor used by the
AFFNN, all outputs from each node are indepen-
dently clustered for each link, and the results dis-
cretized. These discretized values are used as inputs
to the next node. In the figure, node A yields clus-
tered values Al..Aa, node B yields B1..Bb, and so
on. The outputs of the output node (Q) are similarly
clustered. The decompositional algorithm generates
rules for each discrete element of the output cluster
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Figure 1: Arbitrary Network Elements

(Q1..Qq) based on combinations of the cluster values
(nodes A..M) feeding node Q.

Clearly, increased numbers of input nodes, along
with increased cluster sizes for each input node, re-
sults in combinatorial explosion. We want to deter-
mine if there is a reasonable method by which we
can decrease the number of elements in the input
clusters (the outputs of nodes A..M), and simultane-
ously keep the network architecture constant?. We
refer to the clusters of the inputs nodes as the inter-
nal network state, the complexity of which we aim to
reduce. This is in contrast with the internal architec-
ture, which describes network links and connectivity
and must remain constant.

Searching the literature did not yield any com-
ments characterizing neural network complexity in
terms of learned network weights or clusters of
weights. Most connectionist complexity measures
seem to be based on network architecture. Several
sources cite research about the information content of
the inputs themselves; such complexity is frequently
measured using information-theoretic techniques, en-
tropy, energy-based functions, etc., and some refer-
ences are dedicated to the analysis of complex sys-
tems, but these do not meet our immediate needs.
Our supposedly unique requirement and interest in
the internal network state drives this stage of the
research: can we identify, measure, and potentially
manage the internal complexity of the model?

2Maintaining a constant network architecture is a require-
ment levied by the AFFNN approach.



3 Experimental Setup

The AFFNN is a tightly coupled system when fully
engaged, but since we’re only interested in inspecting
a single output feature (Inflation), the full capability
of the AFFNN is not strictly necessary here. For now
we continue to experiment with the full AFFNN be-
cause of the existing rule extraction capability. Af-
ter we rewrite and generalize the rule extractor we
expect to be able to concentrate on testing limited
neural networks containing a single hidden layer and
one encoded output feature (Inflation), folding what
we’ve learned back into the full AFFNN in later work.

Remaining within the requirement that the net-
work architecture is static once defined, some ele-
ments impacting internal complexity can be identi-
fied and measured. In logical order from network
definition through analysis:

1. Feature complexity — A significant contributor
to the complexity of the system depends on
the set of input features selected. The Di-
visia component data is a predetermined set of
features. Information-theoretic and statistical
methods can be used to generate measurements
of complexity for this data. This study will not
include the selection of additional features or the
explicit omission of Divisia components.

2. Feature encoding — Poorly chosen, complex, or
ill-defined encodings can have a negative im-
pact on network training and require larger fea-
ture space, resulting in a need for larger connec-
tionist models. Deterministic selection of op-
timal encodings is an open issue, and will cer-
tainly not be resolved here. However, heuristics
and experimentation are helpful in weeding out
bad choices and converging toward “better” ones.
Some of this work has already been performed
in our earlier studies, cited in the references.

3. Architecture definition — Traditional measures
of numbers of hidden layers, links, connectiv-
ity, activation functions, and similar items come
into play. For the AFFNN, these must remain
static once they are defined, so no modifications
in these parameters are possible. (Similarly, net-
work training is frequently an open issue, espe-
cially for new problems.) Traditional measure-
ments of network size, training convergence, and
testing error can be made.

4. Network interpretation — The AFFNN’s decom-
positional rule extractor uses the trained neu-
ral network as its input, generating rules based
on discretized activation function outputs and
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Table 1: Average MSE / Typical Nacross 3 trials

| Architecture | 1-of-M | Thermometer |
32-6-6 0.0228 / 250000 | 0.0104 / 100000
32-8-6 0.0196 / 475000 | 0.0118 / 680000
32-2-6 0.0530 / 50 0.0336 / 30

weight clusters. This process often requires more
effort than network training, and is heavily im-
pacted by the internal network complexity. Re-
sults can be measured in terms of rule complex-
ity, quantity, and accuracy.

Given this collection of elements impacting (or im-
pacted by) internal network complexity, it might be
useful to examine the number of clusters feeding the
output node as the network is trained, reporting net-
work (training) accuracy as training proceeds.

The experiment varies the input encoding and ba-
sic architecture across a preset number of training
iterations. Training is halted, inspected, and con-
tinued until the iteration maximum is reached. The
measurements obtained should be useful in guiding
the design of an AFFNN or similar model for use
with Divisia component data, producing extracted
rules that are reduced in complexity and quantity.
Specific selection of the study criteria and results are
described in the following section.

4 Results and Discussion

Current (1977 Q1 — 2004 Q1) seasonally adjusted
Divisia component data is automatically discretized
and 1-of-M encoded, resulting in 32 binary-valued
inputs for each data case. Inflation outputs were au-
tomatically clustered into six segments, encoded as
1-of-M for half of the experiment, and thermometer-
encoded for the other half. (These encoding methods
are commonly used for discrete neural network appli-
cations.) Training was performed using the standard
RProp algorithm provided in MATLAB’s Neural Net-
work Toolbox, using 85 randomly selected cases of
data (of 106 total), with MSE and cluster informa-
tion collected at iterations 50, 500, 1000, and 2500.
Training was terminated at 2500 iterations in every
trial. Table 1 shows the average training MSE at
the end of 2500 iterations of training for three tri-
als in each condition listed in the table (left side of
the “/”). The architecture column indicates the fully-
connected network architecture of input, hidden, and
output nodes. The hidden layer used logsig (sigmoid)
activation functions, and the output layer used un-
bounded linear activation functions.



The algorithm used to cluster the internal network
activation values is the same algorithm used to dis-
cretize network inputs and outputs, and is based on
the standard deviation of differences in a sorted set of
values [2]. We want to count the number of elements
in each cluster of discretized activation outputs (clus-
ter size) for each node in the hidden layer. (These
are the clusters labeled Al..Aa — M1..Mm in Figure
1.) The product of these values determines the maxi-
mum number of rules the extraction algorithm could
potentially generate, referred to as N. Table 1 (to
the right of the “/”) indicates approximated typical
values for N resulting from this experiment.

In general, as the training progressed and the net-
work MSE moved toward convergence, we found that
N was reduced. This conforms to our expectation
that the network becomes more focused as conver-
gence occurs, reducing the number of features in each
cluster. In a few cases IV reached a relative plateau
even though the MSE improved marginally during
training. This is probably caused by tradeoffs in the
network’s weight structure during training.

Although not part of the original plan, we also
used this opportunity to inspect the complexity of
the output nodes. We observed that the networks
using thermometer-encoded Inflation generated sub-
stantially smaller number of cluster features than
those using 1-of-M encoding for Inflation. Specifi-
cally, this results in the potential for a maximum of
thousands of solutions for the thermometer-encoded
target, but a maximum of tens of thousands of so-
lutions when using 1-of-M encoding. Additional in-
vestigation will be necessary to determine how the
individual rule (solution) complexity is impacted in
these cases.

5 Summary

Complexity can be tedious to define and measure,
especially since system complexity includes the com-
plexity of the inputs as well as that of the system
itself. In the case of neural networks, even differ-
ent encodings of the same inputs can impact system
complexity. Similarly, the mechanics of the neural
network allows the same architecture to exhibit dif-
ferent levels of complexity based on initial conditions,
training methods, and final training state.

In this brief study, curiosity and necessity drove
us to consider the question of identifying, measuring,
and managing inner state complexity as a stepping
stone to improving rule quality and quantity. The
nature of the AFFNN constrains the operations we
can perform when addressing these issues, limiting
our investigation to characteristics that allow us to
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maintain a constant network architecture during and
after training. This allows us to experiment with
input encoding and weight interpretation (including
extraction algorithms), but not with pruning meth-
ods, which modify network architecture.

The initial data results look promising, indicating
that we may be able to control inner network com-
plexity with a careful balance of encoding, architec-
ture, and interpretation, since complexity does seem
to decrease for this dataset as network performance
improves.

The next step is to fold the knowledge obtained
from this study back into the AFFNN model and
evaluate if, indeed, the AFFNN approach is the best
value for continuing research in this area, or if reim-
plementing the AFFNN’s decompositional rule ex-
tractor for simple feedforward neural networks pro-
vides a more useful and practical mechanism. Other
possibilities include making changes to the cluster-
ing algorithm used in the AFFNN’s decompositional
rule extractor, as well as modifying the extraction
algorithm itself. Since rule extraction is still a hot
topic, we expect to be introduced to interesting al-
ternatives as we continue to look at new methods in
related research.
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