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“No great discovery was ever made without a bold guess.”

— SIR ISAAC NEWTON

“I believe in intuition and inspiration. Imagination is more important than
knowledge. For knowledge is limited, whereas imagination embraces the entire
world, stimulating progress, giving birth to evolution. It is, strictly speaking, a real
factor in scientific research.”

— ALBERT EINSTEIN

“We rarely recognize how wonderful it is that a person can traverse an entire
lifetime without making a single really serious mistake — like putting a fork in
one’s eye or using a window instead of a door.”

— MARVIN MINSKY
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ABSTRACT

Recently, inspired by our neocortex, an architecture for spatio-temporal pattern recog-
nition has been proposed, the MPF (Memory-Prediction Framework). There already ex-
ists some attempts to implement it, like the HTM (Hierarchical Temporal Memory) and
the HQSOM (Hierarchical Quilted Self-Organizing Map). The HQSOM lacks some parts
of the MPF, which in turn makes it less powerful than it could be. This work aims to
provide a step towards a complete implementation of the MPF by using some variants of
a self-organizing map (SOM). In order to reach this goal, a new variant of the SOM is
proposed: The LoopSOM. The LoopSOM extends the SOM-RSOM pair of the HQSOM
with predictive and fallback abilities. The LoopSOM has been integrated to the HQSOM,
making it closer to the MPF. Experiments were done in order to verify the results obtained
with this modification.

Keywords: Pattern recognition, self-organizing maps, RSOM, HQSOM, hierarchical
temporal memory, memory prediction framework, LOOPSOM, feedback, hierarchical,
neural networks.



Um Reconhecedor de Padores Espaco-Temporais Inspirado no Neocortex

RESUMO

Recentemente, inspirado pelo nosso neocortex, uma arquitetura para reconhecimento
de padres espaco-temporais foi proposta, 0 MPF (Memory-Prediction Framework). Ja
existem algumas implementacdes dele, como a HTM (Hierarchical Temporal Memory)
e 0 HQSOM (Hierarchical Quilted Self-Organizing Map). O HQSOM ndo possui algu-
mas partes do MPF, o que o torna menos poderoso do que poderia ser. Este trabalho
visa fornecer um passo em dire¢do a uma implementacao completa do MPF usando algu-
mas variacdes do Mapa Auto-Organizavel (SOM). Para alcancar este objetivo, uma nova
variante do SOM € proposta: O LoopSOM. O LoopSOM estende o par SOM-RSOM
do HQSOM com habilidades preditivas e de recuo. O LoopSOM foi integrado ao HQ-
SOM, tornando-o mais préximo do MPFE. Foram feitos experimentos a fim de verificar os
resultados obtidos com esta modificacao.

Palavras-chave: reconhecimento de padrdes, mapas auto-organizdveis, memory predic-
tion framework, neocdrtex, predi¢do, realimentacgao.
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1 INTRODUCTION

Previously, Hawkins (2005) proposed a framework for computational modeling of the
neocortex, the Memory-Prediction Framework (MPF). Basically it says the basic unit of
the model must do spatial and temporal processing, such that the temporal portion sends
predictions to the spatial portion. The output of the spatial part serves as input to the
temporal part, which recognizes/classifies sequences. The temporal part sends its outputs
to the next layer, and also sends predictions back to the spatial part. The cortex is built up
from layers with many of these processing units.

1.1 Objectives

This work proposes to introduce feedback connections into the SOM-RSOM npair,
allowing the RSOM to send predictions to the SOM, providing better pattern classifica-
tion/recognition and solving ambiguities. Also, with this improvement, it perfectly fits
into the MPF. This new algorithm was introduced by Pinto and Engel (2009) and is called
LoopSOM. After that, the LoopSOM will be introduced into the HQSOM, providing a
better implementation of the MPF.

1.2 Organization

The rest of this work is organized as follows. The next chapter explains the Memory-
Prediction Framework, the HTM (Hierarchical Temporal Memory) algorithm (a Bayesian
implementation of the MPF), the basic SOM (Self-Organizing Map) algorithm, the RSOM
(Recurrent SOM) algorithm and HQSOM (Hierarchical Quilted Self-Organizing Map) al-
gorithm (a neural implementation of the MPF). After that, the new LoopSOM algorithm
is presented in Chapter 3, and some experiments are made. Having this new algorithm,
Chapter 4 improves the HQSOM by replacing its SOM-RSOM pairs with LoopSOM’s,
and some more experiments are shown. Chapter 5 finishes this work with conclusions and
future works.
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2 RELATED WORKS

2.1 The Memory-Prediction Framework

Hawkins proposed a framework for computational modeling of the neocortex, the
Memory-Prediction Framework (MPF). Basically it says the basic unit of the model must
do spatial and temporal processing, such that the temporal portion sends predictions to the
spatial portion. The output of the spatial part serves as input to the temporal part, which
recognizes/classifies sequences. The temporal part sends its outputs to the next layer, and
also sends predictions back to the spatial part. The cortex is built up from layers with
many of these processing units.

As higher layers are examined, the concepts become more and more abstract (holding
concepts like “person” or “ball”’), and more concrete concepts are on the bottom, such
as pixels of an image. Another important part of the MPF is that every sensory modality
must use that same mechanism. The sensory inputs are what makes each modality unique.

It seems that simple neuron cells in our visual cortex perform spatial recognition (re-
sponding to edge patterns with a specific orientation and location in their receptive field)
and complex neuron cells perform temporal recognition (responding to edge patterns with
a specific orientation anywhere in their receptive field, that is, it’s shift invariant). Since
most movement we perceive is shifting, it is proposed as an explanation for how shifted
edges might be associated together - because they occur near in time.

There are a few implementations of the MPF by now, like the Hierarchical Tempo-
ral Memory (HTM), proposed by Hawkins (2006), and the Hierarchical Quilted Self-
Organizing Map (HQSOM) proposed by Miller (2006). The former is a Bayesian network
implementation, while the later is a neural network implementation, but lacks prediction
connections, as required by the MPF.

2.2 The Hierarchical Temporal Memory

HTMs are composed by a hierarchy of nodes performing the same learning algorithm.
Figure 2.1 shows a simple HTM hierarchy. Sensory data enters at the bottom while the
outputs exiting the top are a vector where each element represents a potential feature of
the sensory data. Each node in the hierarchy performs the same function as the overall
hierarchy. That is, each node recognizes spatio-temporal patterns of its inputs and learns
to assign features to this input pattern. In other words, each node, no matter where it
is in the hierarchy, discovers the features of its input. The outputs of nodes at each level
become the inputs to the next level. Nodes at the bottom receive input from a small area of
the sensory input, so the features they discover are relevant to a small part of the sensory
input area. Higher layers receive input from multiple nodes below, and again discover



Sensory Data

ed structure.

Figure 2.1: The HTM layer
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the features in this input. These features will be of intermediate complexity, occurring
over larger areas of the entire input space. The node or nodes at the top of the hierarchy
represent high level features that may appear anywhere in the entire sensory field. For
example, in a visual inference HTM, nodes at the bottom of the hierarchy may discover
low level features such as pixels, edges, lines, and corners in a small part of the visual
space. Nodes at the top of the hierarchy will represent higher level complex features such
as objects and faces, which can appear over the entire visual space or any sub-part of the
visual space. Such structure can be seen as an hierarchical Bayesian network. Each layer
sends predictions to lower layers, as well as temporal predictions inside single nodes are
sent to their spatial processors. As can be seen, the HTM is a full implementation of the
MPF. However, it’s important to note that it currently doesn’t support online learning, in
contrast to batch learning.

2.2.1 Current Applications

The HTM was successfully applied to some applications, which will be shortly de-
scribed here.

2.2.1.1 NuPIC

One such application is NuPic (Numenta Platform for Intelligent Computing), de-
scribed in Numenta (2008), which performs invariant general image classifications. The
algorithm had 66% accuracy (where the chance level is only 2%) in classifying images on
the test set, and 99.73% in the training set, as shown by George (2007). There was a total
of 9000 images in 48 categories.

2.2.1.2 Digit Recognition

Thornton (2006) has used the HTM for character recognition in the CEDAR database
using the Buffalo Designed (BD) handwritten digit base. It had 96.32% accuracy against
92.28% of the Riedmiller’s (1993) RPROP (Resilient Backpropagation) neural network
algorithm.

2.2.1.3 Captcha Recognition

Hall (2007) has shown how an HTM performed a hard character recognition task on
CAPTCHA images. There was an average of 89% accuracy when performed by human
subjects. The HTM obtained 20% accuracy against 9% of a SVM (Support Vector Ma-
chine, Cristianini (2000)) neural network.

2.3 Self-Organizing Maps

A Self-Organizing Map is an unsupervised neural network intended for spatial cluster-
ing, vector quantization, dimensionality reduction and topology preservation. Topology
preservation means that patterns close in input space produce patterns close in output
(map) space. The neuron map forms a code-book of patterns from input space, composed
by synapse weights. The learning takes place in a winner-take-all approach, by selecting
the best matching unit (BMU) with the following equation:

1x(t) — wll = min{|lx(t) — will} (2.1)
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Figure 2.2: The input pattern is compared to each SOM unit, selecting the BMU. An
activation vector may be produced from the distances vector from the input.

where V) is the output space, x is the input vector and w; is the weight vector of the
ith unit. After finding the BMU, its weights are updated, as well as the weights of its
neighbors, according to the following update rule:

Wit +1) = wit) + yhay(£) (X(£) — W, (1) 2.2)

where h;;, is a neighborhood function such as:
—|IL, = L||?
hip(t) = exp (HbH> (2.3)

where I; and I, are indices of the map units i and b, and o(t) is the gaussian standard
deviation. Note that o is dependent on time and normally is implemented into a cooling
schedule. The problem with that approach is that it’s not possible to do online learning.
To fix it, Miller proposed to change the previous equation by the following one

_ — || = L|]?
hay() = exp (W) 2.4)

where 11,(%) is the mean squared error of w, compared to the input x(t), and is given as
follows:

pu(t) = —[1x(t) — wy||? (2.5)

where N is the length of the input vector. This enables the SOM for online learning by
adjusting dynamically the neighborhood size. Other possible approaches for online learn-
ing are the PLSOM (Parameter-less SOM, as from Berglund (2003)) and its improved
version by Berglund (2009), although Miller’s simpler approach will be used for now.
Additionally, an activation vector may be produced from the distances vector from the
input x(t) with some function like a Gaussian:

—|Ix(t) — w;|?
yilt) = exp< ”X(2)p2 udll ) (2.6)
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Figure 2.3: The RSOM structure.

where p is the standard deviation of the gaussian. Smaller p means more local coding
while bigger p means denser coding (Foldiak, 1995). This vector will be useful later as
input to another map for creating a SOM-RSOM pair. See figure 2.2 for an example.

2.4 The Recurrent SOM

The Recurrent SOM performs temporal clustering by using decayed traces of previous
vector differences. At each time step a recursive difference vector d;(t) is calculated as:
d(t) = (1 - a)di(t — 1) + a(x(t) — wi(t)) 2.7)

where a, 0 < o < 1 is the decay factor, x is the input vector and w; is the weight vector of
the 7th unit. The memory becomes deeper as « gets closer to 0, being the original SOM
a special case of the RSOM where o = 1 (no memory). Now the BMU can be found by
using the following equation:

dy(t) = min{]|d;(t)[} (2.8)

i€Vo
and the new update rule is as follows:

The result is a set of invariant representations for patterns which are correlated temporally.

2.5 The SOM-RSOM Pair

A problem with the RSOM is that if the input vectors are not orthogonal, some ambi-
guity will be created. To overcome this problem, Miller proposed to use the SOM output
y (equation 6) as the input x for the RSOM (equation 7), creating a SOM-RSOM pair.
So, the smaller the used p, more orthogonal will be the output and the RSOM will work
better.

2.6 The Hierarchical Quilted Self-Organizing Map

The Hierarchical Quilted Self-Organizing Map (HQSOM) is a neural implementation
of the MPF, using the RSOM organized into an hierarchy. The spatial SOM (an RSOM
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with & = 1) mimics groups of simple cells, while the temporal RSOM mimics corre-
sponding groups of complex cells. In some sense, it is similar to Fukushima’s Neocog-
nitron (1980), Riesenhuber’s HMAX (1999), and Behnke’s NAP (1998), consisting of
layers of simple-complex cells (SOM-RSOM pairs). The input is parsed into overlapping
receptive fields, each of which is sent to a SOM-RSOM pair in the first layer. Each layer
is a quilt of SOM-RSOM pairs with overlapping receptive fields (overlapping receptive
fields are not mandatory for it to work, but it may increase the fault tolerance of the sys-
tem). The output of the RSOM in each SOM-RSOM pair is combined with the outputs of
the other pairs in the same layer to compose a feature vector which is presented to the next
higher layer. In this work (as well as Miller’s), the indices of the BMUs from the RSOMs
are used as outputs. The signals passed from layer to layer represent topological maps of
features, with increasing size and complexity after each layer. When the hierarchy gets to
a single SOM-RSOM pair at the top, the output of the entire hierarchy is a single integer
pair (BMU position) a compressed and highly abstracted invariant representation of the
image presented to the lowest layer. Other algorithms, such as reinforcement learning or
supervised learning, might use the outputs of other layers as well for its inputs. At the top
of the hierarchy, sensory patterns are compressed into representations which are invariant
to any transformation (e.g. shift, scale, rotation) as long as related patterns occur near in
time. The HQSOM implements only feed-forward connections. However, there is a mas-
sive amount of feedback connections in our cortex, and their utility would be to predict
future activity of lower layers and bias their activity, resolving ambiguities and increasing
robustness. In the next chapter, a replacement for the SOM-RSOM pair will be proposed,
so there will be feedback connections doing exactly that.
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3 THE LOOPSOM

The SOM-RSOM pair works very well for spatio-temporal pattern processing, but
it doesn’t use all of its potential and doesn’t conform totally to the MPF, because of
the lack of feedback connections carrying predictions from the RSOM to the SOM. Such
connections may solve ambiguities on the spatial level and provide higher noise tolerance,
resulting in a more robust unit. A new implementation, called LoopSOM, aims to provide
a way to implement such connections. In the LoopSOM, the weight vector w;, of the
RSOM BMU is used as an activation prediction p(t) for the SOM, as shown in figure 3.2.
So, the prediction is as follows:

p(t) = wy(t — 1) (3.1)

The current SOM activation vector y(t) will be combined with the last RSOM prediction
p(t-1), and this new equation will be used to compute the highest activation and find the

e E(Ou(t) + &t~ Ui
it = m%X( & +alt—1) ) 2
where £(¢) is the spatial SOM output confidence computed as follows:
1 Xs(t) Wbs(t>
()=1—= — 3.3
SO il Tt =

where x,(?) is the input vector and w;,(t) is the weight vector of the BMU. Note that the
input must be processed with the original BMU equation (1) in order to get the confidence
value, and the SOM learning rate must be kept at O while doing it, to avoid interfering with
the new BMU calculation. In the same way & (¢ — 1) can be computed as:
1 Xt<t — 1) Wbt(t — 1)

2 {Ixe(t =Dl [lwee (£ = 1]
being the variables analogue to the ones on the previous equation. Here the values from
the previous pattern presentation must be used, since they are used to predict the current
activations. Analyzing these 2 factors, some extreme cases can be shown: when both
confidences are similar, current observations and predictions will weight near the same.
When &, > 0 and &; equals 0, the original SOM-RSOM pair without feedback is obtained.
When &, equals 0 and &; > 0, pure prediction is obtained and could even generate the most
likely sequences decoupled from the environment. This can be seen as a form of fall back
behavior, as proposed by Cohen (1998), so that the classification can fall back to pure
spatial classification when temporal classification is sub-optimal.

The two confidence values may be used in other ways too. For instance, the learning

rate v of the RSOM can be a function v(&,(t)) (it will learn less if there is error on the
spatial SOM).

Gt—1)=1— (3.4)
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Figure 3.2: The LoopSOM. Spatial SOM bellow, temporal RSOM above. Activations in
yellow, predictions in purple, coincident activations and predictions in red/orange. The
BMU is highlighted in red. The used inputs are the ones described in section 6.2.
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3.1 Possible Alternatives

Other possible replacements for the SOM-RSOM pair are Swarup’s Anticipatory SOM
(2005) and Recurrent AntSOM (2005b). The former performs simple predictions using
activation counters and uses only a conventional SOM, while the later makes predictions
using Simple Recurrent Networks (SRN, as from Elman (1990)). Possible advantages of
the LoopSOM over them are the adaptive weighting and the explicit invariant representa-
tion, but it’s out of the scope of this work to compare such algorithms.

3.2 Experiments

To compare the SOM-RSOM pair and the LoopSOM performances, two simple ex-
periments were created.

3.2.1 Four Points in 2D Space

Four points in 2D space were presented to both algorithms: {(0,0),(0,1),(1,0),(1,1)}.
They are grouped by their first term: groupO = {(0,0),(0,1)}, groupl = {(1,0),(1,1)} and
are presented in a way that points in the same group are more likely to show in the next
step (90% chance), resulting in 50% for each group. After 5000 steps the weights in the
SOM and RSOM are frozen and each SOM unit is labeled with O or 1 according to the
best matches for each of them. Then the same points are presented, but now there’s some
chance of showing a totally ambiguous point (0.5,0.5). The tests involved chances within
the range from 0% to 100%, with 1% increments. The parameters used were:
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Figure 3.4: All 7 inputs shown to the LoopSOM and its respective states. Vertical on the
top , horizontal on the bottom and blank on the right. Note how each group has only 1
invariant representation on the RSOM.

e SOM: size =2x2, p = 0.125, 0 = 1, v = 0.1 (fixed, not adaptive);
e RSOM: size = 2x1, p = 0.125, a« = 0.3, 0 = 0.7, v = 0.01 (fixed, not adaptive);

e For the SOM-RSOM pair, the same implementation was used but with fixed £, = 1
and & = 0.

Results are shown in Figure 3.3. The LoopSOM dominates the SOM-RSOM pair, al-
though they are similar on extreme cases (0% and 100%). Note that the errors on the
SOM-RSOM pair approximate the a posteriori probabilities of showing an ambiguous
pattern with equal priors for each group (50%). The LoopSOM adds information to this
prior probabilities, increasing accuracy by moving it from maximum likelihood to maxi-
mum a posteriori.

3.2.2 2D Lines

In the next experiment, 7 different 2D visual patterns with 3x3 pixels are presented:
3 horizontal lines, 3 vertical lines and 1 empty pattern (Figure 3.4). They are grouped as
horizontal, vertical and blank, and patterns in the same group has 90% chance of showing
in next step, resulting in nearly 33% for each group. After 20000 steps the weights in the
SOM and RSOM are frozen and each SOM unit is labeled according to the best matches
for each group. Then the same patterns are presented, but now there’s some chance of
showing a totally ambiguous pattern (a cross). Chances within the range from 0% to
100%, with 1% increments were tested. The used parameters were:

e SOM: size = 3x3, p = 0.1875, 0 = 0.3, v = 0.1 (fixed, not adaptive);
e RSOM: size =2x2, p = 0.125, a« = 0.2, 0 = 0.7, v = 0.01 (fixed, not adaptive);

e For the SOM-RSOM pair, the same implementation was used but with fixed £ = 1
and & = 0.

Results are shown in Figure 3.5. They’re similar to the previous experiment, except that
the prior probabilities are nearly 33% (3 groups) now.
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Figure 3.5: Results comparing the SOM-RSOM pair and the LoopSOM accuracy on a 2D
line classification task.



24

4 IMPROVING THE HQSOM WITH LOOPSOM: THE HQ-
SOM+

Simply replacing the SOM-RSOM pair for a LoopSOM in the HQSOM isn’t suffi-
cient, since the LoopSOM improves only the spatial SOM, while the HQSOM uses the
temporal RSOMs outputs as inputs for the higher layers. To reflect the LoopSOM im-
provements in the RSOM too, the SOM activation vector isn’t adequate as input for the
RSOM. Instead, the combination of activation and prediction, y; in equation 3.2, will be
used as the RSOM input. Various different combination formulas were tryied and deserve

a deeper analisys in the future, but 3.2 will be used for now. The improved version is
called HQSOM+.

4.1 Experiments

To evaluate the HQSOM+ an experiment with 2D shapes is set, similar to the exper-
iment conducted by Miller with the HQSOM. There are 3 pattern groups: square, X and
diamond. Each one is composed by 5x5 2D shapes with scale and shift transformations.
The shapes are parsed into 4 3x3 overlapped inputs for 4 LoopSOMs in the first layer. The
second layer is composed by only 1 LoopSOM, which receives the combined BMU coor-
dinates from the first layer as inputs. As with the LoopSOM experiments, an ambiguous
pattern will be presented with some probability in the range from 0% to 100%.

As can be seen in figure 4.1, while the HQSOM starts do degrade at 60% ambiguity,
the HQSOM+ resists until 80% without any accuracy loss. The problem is that this result
requires very specific parameter values to actually take advantage from the LoopSOMs.
The parameters used were:

e Layer 1 SOMs: size = 3x3, p = 0.1875, 0 = 0.3, v = 0.1 (fixed, not adaptive);

e Layer 1 RSOMs: size = 2x2, p = 0.125, o = 0.2, 0 = 0.7, v = 0.01 (fixed, not
adaptive);

e Layer 2 SOM: size = 2x2, p = 0.125, 0 = 0.7, v = 0.02 (fixed, not adaptive);

e Layer 2 RSOM: size = 2x2, p = 0.125, a = 0.9, 0 = 0.7, v = 0.01 (fixed, not
adaptive);

However, the results were very unstable, and more study is necessary to find a good
parameter value set.
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HQSOM x HQSOM+: Shapes Experiment
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Figure 4.1: Results comparing the HQSOM and the HQSOM+ accuracy on a 2D shape
classification task.
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5 CONCLUSIONS

This work has shown how to create a more robust variant of the SOM-RSOM pair
with little modification. By using the RSOM weight vector of its BMU, a good predictor
for the SOM activations is obtained. Also, it is closer to the MPF than the previous model.
The resulting algorithm, the LoopSOM, was applied to a hierarchical SOM algorithm, the
HQSOM, making it more robust too, and leaving it just one step away from a complete
implementation of the MPF.

There is still room for many improvements over the LoopSOM, for instance:

e improve the prediction combination formula, preferably with a strong probabilistic
basis

e replace the current predictor (RSOM BMU weight vector) by a SRN;

e replace the RSOM or the entire SOM-RSOM pair by a Voegtlin’s Recursive SOM
(2002) / RecSOM,;

e use the PLSOM adaptive parameters;
Also, the HQSOM+ may be improved by some modifications:
e find a better parameter value set

e replace the LoopSOM with an improved version, with the improvements cited
above;

e replace the LoopSOM for the AntSOM or the RecAntSOM, if they prove to be
better then the final LoopSOM version;

e introduce feedback connections between layers, increasing robustness and finishing
the MPF implementation;

All of these items will be explored in future works, as well as more complex experiments
and a deeper analysis of the formulas and results.
Appendix
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APPENDIXA SUMARIO EM PORTUGUES (PORTUGUESE
SUMMARY)

O que segue ¢ uma versao reduzida deste trabalho no idioma portugués, para fins de
melhor compreensao e alcance.

A.1 Introducao

Anteriormente, Hawkins prop6s um framework para modelagem computacional do
neocortex, 0 Memory-Prediction Framework (framework memoria-predi¢do). Basica-
mente ele define unidades bésicas de processamento executando o mesmo algoritmo em
todo modelo, independentemente de modalidade sensorial ou nivel hierdrquico.

Ja existem algumas implementacdes do MPF, tais como o algoritmo HTM (Hierar-
chical Temporal Memory ou Memoria Hierdrquica Temporal) e 0 HQSOM (Hierarquical
Quilted Self-Organizing Map).

Este trabalho propde introduzir conexdes de realimentacdo no algoritmo HQSOM.
Para tanto, suas unidades bésicas de processamento, os pares SOM-RSOM, sdo substitui-
das por um novo algoritmo, o LoopSOM.

A.2 Trabalhos Relacionados

A.2.1 Memory-Prediction Framework

O MPF define unidades bésicas de processamento executando o mesmo algoritmo em
todo modelo, independentemente de modalidade sensorial ou nivel hierdrquico. Cada
unidade executa um processamento espacial e temporal sobre seus sinais de entrada, e
repassa seus resultados para camadas superiores de unidades. E feita uma analogia entre
o processamento espacial e as células simples do neocértex, bem com entre o processa-
mento temporal e as suas células complexas. Assim como o ambiente serve de entrada
para as unidades do primeiro nivel, as saidas das unidades do primeiro nivel servem de
entradas para o segundo nivel, e assim sucessivamente.

A.2.2 Hierarchical Temporal Memory

O HTM € uma implementacdo Bayesiana do MPF. De fato, ele pode ser visto como
uma Rede Bayesiana Hierdrquica com propagagdo de crengas. Cada unidade bésica de
processamento computa sua propria probabilidade em relac@o aos sinais de entrada, com
ajuda de algoritmos de clusterizacdo. As probabilidades resultantes tornam-se entradas
para as camadas subsequentes, que as processam exatamente da mesma forma.
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O algoritmo HTM j4a obteve algumas aplica¢des de sucesso como em um classificador
geral de imagens (NuPic), um reconhecedor de digitos manuscritos e um reconhecedor de
captchas (imagens usadas para bloquear acesso automatizado a sites na web).

Uma desvantagem basica do HTM em relagao ao HQSOM ¢€ o fato de que, ao menos
atualmente, ele suporta apenas aprendizado em lote.

A.2.3 Hierarchical Quilted Self-Organizing Map

O HQSOM ¢ uma implementacao neural do MPF. Suas unidades bdsicas de proces-
samento s3o compostas por mapas auto-organizdveis (SOM). SOMs simples sdo usados
para o processamento espacial, enquanto SOMs recorrentes (RSOMs)s sdo usados para o
processamento temporal. Os indices dos neurdnios vencedores de cada par SOM-RSOM
sdo passados como entradas para suas respectivas camadas subsequentes. Além disso,
alguns mecanismos de ajuste de parametros foram usados para permitir que o algoritmo
funcione de forma online, ou seja, ndo existe distin¢do entre fase de aprendizado e exe-
cucao.

A.3 LoopSOM

O LoopSOM consiste em um melhoramento do par SOM-RSOM. Tal modificacdo é
obtida com uma realimentacdo do RSOM para o SOM, fornecendo predi¢cdes a respeito
dos padroes espaciais. Com isso, certos casos de ambiguidade passam a ser resolvi-
dos, como por exemplo, quando o SOM chega a um empate entre 2 ou mais neurdnios
vencedores. E feito um desempate entre os neurénios com base no que o processamento
temporal espera que seja a entrada seguinte. O sinal de realimentagdo é simplesmente o
vetor correspondente ao tltimo neurdnio vencedor do RSOM, o que coincide com um ve-
tor de ativagdes do SOM. As ativagdes correntes sao combinadas com a realimentagdo de
forma que as ambiguidades puramente espaciais sdo desfeitas. Tal combinagdo foi obtida
de forma empirica neste trabalho e merece um estudo mais aprofundado.

A.3.1 Experimentos

O LoopSOM obteve excelentes resultados em relagdo ao par SOM-ROM em 2 exper-
imentos bdsicos.

A.3.1.1 4 Pontos 2D

No primeiro experimento, 4 pontos em um espaco 2D sdo apresentados com entradas
e os algoritmos devem classificd-los como sendo do lado esquerdo ou direto. A sequéncia
de apresentac ao € feita de forma que padrdes das mesmas classes aparecam préximos no
tempo. Apds o treinamento, um quinto ponto totalmente ambiguo (mesma distancia até os
outros 4 pontos) € apresentado com uma frequéncia cada vez maior. O par SOM-RSOM
teve uma queda linear de 100% a 50% conforme o aumento da frequéncia, correspon-
dendo exatamente ao célculo de probabilidade a posteriori com valores a priori idénticos
para ambas as classes. J4 o LoopSOM teve uma queda bem mais lenta, sendo aproxi-
madamente linear entre 100% e 64% de frequencia de ambiguidade, e com uma queda
exponencial no restante do intervalo, até 50%. Tal resultado coincide com a introdugao
de valores a priori relevantes para as 2 classes em questao, obtidos pela predicao.
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A.3.1.2 Linhas 2D

No segundo experimento, 7 padr oes 3x3 diferentes s ao apresentados: 3 linhas hori-
zontais com diferentes deslocamentos, 3 linhas verticais com diferentes deslocamentos e
1 padrao vazio. Os algoritmos devem classificar estes 7 padr oes em 3 classes: horizontal,
vertical e vazio. Mais uma vez, padr oes das mesmas classes sdo apresentados proximos
no tempo, o que ocorreria naturalmente em nosso campo visual ao observarmos o deslo-
camento de certos objetos. Apds o treinamento, um padrao ambiguo € apresentado com
frequéncia gradativamente maior. Tal padrdo consiste em uma cruz, que tem distincia
igual entre uma linha horizontal central e uma linha vertical central, resultando em um
empate entre essas 2 categorias. O par SOM-RSOM obteve uma degradagdo linear na
sua taxa de classificagdes corretas, de 100% a 33%, mais uma vez conforme o que seria
esperado em célculos probabilsticos com valores a priori idénticos para 3 categorias. O
LoopSOM teve uma queda mais suave, porém ndo tanto quanto a do experimento anterior.
Virios fatores podem ter alguma influéncia sobre este resultado, tais como a adi¢@o de 1
categoria, a ambiguidade entre apenas 2 dessas 3 categorias, maior nimero de padrdes e
maior complexidade dos padrdes.

A4 HQSOM+

Substituindo os pares SOM-RSOM por LoopSOMs no HQSOM, o algoritmo HQ-
SOM+ € obtido. Porém, a simples substitui¢do nao € suficiente: as entradas dos RSOMs
sdo modificadas para ndo consistirem apenas nos mapas de ativacdo dos SOMs mas tam-
bém nas predicdes. Ou seja, o resultado combinado utilizado para defazer ambiguidades
deve também ser usado como entrada para os RSOMs. Tal modificacao € necessdaria pois
0 LoopSOM foi criado com o objetivo de melhorar a classificagdo de sua por¢ado espacial,
mantendo a espacial intacta. Porém, o que € passado entre as camadas do HQSOM sdo as
saidas dos RSOMs e portanto eles precisam ser beneficiados com suas préoprias predicoes
para que o HQSOM+ possa usufruir delas também.

A.4.1 Experimentos

Apenas 1 experimento foi executado para 0 HQSOM+. Foram apresentadas 4 catego-
rias de padrdes visuais 5x5: Quadrados, losangos, X’s e o padrdo vazio. Cada categoria
€ composta por formas com transformacdes de escala e translacdo. Tais padrdes foram
divididos em 4 regides com sobreposicao, sendo cada uma distribuida a 1 unidade de pro-
cessamento da primeira camada. As saidas dos 4 RSOMs sdo concatenadas e usadas como
entradas para a unica unidade de processamento na segunda camada. Apds o treinamento,
3 padrdes ambiguos sdo apresentados com frequéncia gradativamente maior. Cada padrao
¢ um intermedidrio entre 2 das 3 categorias nao vazias. Nao foi possivel obter um con-
junto 6timo de parametros para este experimento, mas foi demonstrado empiricamente
que, com um ajuste adequado, € possivel obter os resultados esperados apOs observar os
resultados do LoopSOM. Enquanto o HQSOM se mantém préximo aos 100% de classifi-
cacOes corretas até 60% de frequéncia de ambiguidades, 0o HQSOM+ s6 comeca a decair
quando chega aos 80% de frequéncia ambiguidade, ambos encerrando em 25%. A andlise
deste caso é mais complexa devido A presenca de replicacdo de dados e padrdes maiores
e mais complexos. Tal andlise, bem como um melhor ajuste de pardmetros a fim de obter
resultados mais estdveis, sdo deixados para trabalhos futuros.
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A.5 Conclusoes

Este trabalho apresentou uma variante do par SOM-RSOM, o algoritmo LoopSOM.
Demonstrou-se empiricamente a superioridade do novo algoritmo sobre seu antecessor
em 2 casos bdsicos. Os pares SOM-RSOM do HQSOM foram substituidos por Loop-
SOMs e o resultado do tnico experimento realizado demonstrou diversas dificuldades
com o ajuste de parametros do algoritmo, mas foi possdvel apresentar resultados satis-
fatérios. Futuramente, as formulas utilizadas receberdo um tratamento mais formal, e
experimentos mais complexos serdo realizados.
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