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Abstract
After a brief introduction to principles of Cortical Learning Algorithm (CLA) and Hierarchical Temporal Memory
(HTM) which frame the theory for NuPIC – a human neocortex-inspired neural network implementation, we focus on
practical use-cases in context of Smart Homes: 1) processing bio-signals (ECG classification, prediction, anomaly
detection) for the purpose of mobile assisted technologies. 2) prediction of sensory and location data in smart homes.
Preliminary results, realized and in-progress projects are presented in this study as well as obstacles and some
comparison to other solution for these ML tasks.
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& dendrites, which are organized into columns, layers
and regions at a higher level.

Hierarchical temporal memory (HTM)
HTM is a machine learning technique inspired
closely by the structural and algorithmic properties of
the mammalian neocortex. The observation is that most
of the high level cognitive tasks – vision, movements,
planning or language are performed by the neocortex
and on the contrary to their wide functionality, all the
neocortex exhibits a remarkably uniform neural
structure [1] - organization into columns & layers, as
shown in Fig 1.
HTM is a memory based learning system which
performs unsupervised online-learning and continuous
predictions where the role of time is implicit
(expressed by sequential order).
The structure of HTM memory system models:
neurons (called cells in HTM/CLA context), synapses

Fig. 1: Cell-type-specific 3D reconstruction of five
neighboring barrel columns in rat vibrissal cortex
(credit: Marcel Oberlaender et al.)

The following list is a short summary of core HTM
memory features:

 Hierarchy
Is the organizational arrangement of regions (higher
level units, “small networks”), performs abstraction
(similar to hidden layers in deeplearning) as well as
combination of different senses (like small neural
networks [2])
 Sparse Distributed Representations (SDRs)
A neural representation (embedding) is the state of
(output) layer after being presented with (a sequence
of) patterns.
“Sparse” means each pattern is represented only by a
very small percentage of active columns (~2%
typically [3]).
“Distributed” is that a single column is used to
participate in different patterns, and that a distribution
of a pattern is locally distributed (not a single cluster).
“Decomposable” SDRs are (context aware) semantic
embeddings. For example, Fig. 2 shows semantic
similarity of SDRs comparing “apples and oranges”.


Fig. 2: A representation and semantic similarity of
words “Apples” and “Oranges” produced by
cortical.io in a form of SDR that can be used in
HTM/CLA.
 Role of time
There are two ways how the notion of time is
implemented in HTM, the implicit time which assumes
patterns from our sensory system enter the memory at
the same intervals (eg. from eyes), where the distance
(in time) between two events is expressed by the
number of samples separating them.
In some use-cases it is common to model time as a
new (artificial) variable field, rather than expressing it
by number of samples. Experiment to compare these
two approaches is being worked on.
Time itself is crutial to the theory and how we
perceive through our senses – most (with vision being a
partial exception) of our senses require creating a
conceptual model based on time-series of sensory
inputs (like word “hello“ is formed from phonemes he-ll-ou).

Cortical learning algorithms
Cortical learning algorithm (CLA) is the learning
method in HTMs, similar to Hebbian learning rule –
applied at several levels: synapses – tend to map the

input space in the most effective way; cells – learn to
represent (different) context for the same concept; and
columns – groupings of cells with same feed-forward
input, with inhibition – columns form the output SDR.

Fig. 3: At any point in time, some cells in an HTM
region will be active due to feed-forward input (shown
in light gray). Other cells that receive lateral input
from active cells will be in a predictive state (shown in
dark gray). (credit: CLA Whitepaper, [5])
A CLA region finds common patterns in the input,
then puts them in context with the historical
observations and finally makes predictions about the
next step.
For a nice and easy explanation of the principles
behind HTM/CLA see “On Intelligence” [4], or “the
CLA Whitepaper” for a more detailed description [5].
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Thanks to its biological motivation when processing
bio signals HTM seems to be a good choice as it is
responsible for processing them in our brains, which
we are trying to mimic with this theory.
HTM has been experimentally applied to domains of
vision (image recognition [6], object detection in
videos [7]), hearing (song composer) [8], natural
language processing [9], planning or motion control
[10].
Task 1: Classification of ECG
A task in collaboration with J.Vitku (CTU) and
E.Volna (UO, Ostrava), our goal was to classify given
ECG samples [11] (1 electrode, each sample 100
measurements, 70 patients – 50 training, 20 evaluation)
into “healthy” and “sick” categories and highlight the
discriminating subsequences in the signal.
Methodology

For CLA, no preprocessing or complex parameter
optimization was required, I've designed a simple CLA
region that was set to perform 1-step ahead prediction.
Because CLA is online-learning algorithm, and we
lacked “big data“, 2 separate models were trained, each
on different class of training data only. And
classification was done by running the test sequence
through both models and choosing the best estimator.
(1)
Another approaches which I'm about to try are
creating a region performing anomaly detection,
training it only on “healthy” training data, then
disabling learning and exposing it to the training
“unhealthy” dataset to estimate a threshold on overall
anomaly score over the whole sequence. In this case,
classification means computing anomaly score for the
test sample and assigning class according to the
threshold.
Third option would be to run a sort of a supervised
online learning, where an artificial label is assigned to
each measurement from the training samples ({ECG
value at time T, class of this sample})
Results
In our experiments, CLA model described in (1)
slightly outperformed the multi-layer NN. The biggest
advantage we attribute to the fact that no preprocessing
and fewer training time were needed.
As the other subtask for CLA, we used it to
automatically select discriminative subsections of the
sequence (a technique used to speed-up the NN method
and where the interesting data were pre-selected by a
human supervisor, the CLA could replace this
supervision).
Task 2: Anomaly detection and predictions
Given real-life ECG signal measurements (16
electrodes, 30Hz sampling, approx. 1 hour of data) our
aim is to detect (and potentially predict) anomalies.
Methodology for anomaly detection is creating a
simple “anomaly detection” model and performing
parameter optimization (called “swarming” in NuPIC).
We are trying models with separate electrodes and with
combining all electrodes as multiple inputs. As for
online-learning, the training/evaluation process is done
in one go through the date, where a selected part at the
beginning is considered burn-in (training time).
Anomaly prediction will be more complicated, as
from the essence “anomalies” are impossible to predict
(at least not within the same model). What we hope can
be done is learning “emerging symptoms” - a set of

features that are still “normal”, but are known to cause
an anomaly N steps later. We would like to achieve this
for variable N which suggests CLA is a good choice
with its variable length contextual memory.
The idea is to use 2 models with different dynamics
(one more stable, serving as an etalon) and use them to
predict the same values from which we can compute
anomalies “in future”.
During this task, I have implemented new methods
for computing anomaly [12] which we are testing
currently. Selecting correct parameters proved to be
challenging – to achieve balance on the details the
model captures vs. certain simplicity of the results.
Another observed issue was computation speed per
sample, which kept slightly increasing up to approx. 10
samples/s on my machine. This fact is known, can be
mitigated by some parameter options (experiments and
optimization metric that takes time into account
underway) as well as with speed optimizations which
are being worked on (reimplementation in C++) we are
also considering rewrite to GPGPU (in python).

S e n s o r y d at a f ro m S m a r t H o m e s
In the following section, we would like to highlight
some advantages to using CLA for processing sensory
data from smart homes, and offer examples of several
existing projects or new ideas that could be
implemented.
Motivation for Smart Homes and Internet of Things
We believe the concept of smart homes is coming
from future to the reality – with the miniaturization of
various electronic gadgets, wearable electronic,
omnipresent wifi signal and connections to social
media – there already are, and the number will be
growing, devices that are more or less stand alone
helpers in our lives, and these generate lots of
(meta)data. Privacy considerations aside, these data can
be very useful for modeling our everyday lives or
functions of your environment. And in majority of the
cases the produced data is streaming data from
(multiple) sensors where we are interested in
predictions and/or detecting anomalies.
Ideas & Applications
From our experiments, biological signals in
combination with wearable electronics could be a very
interesting area for predictions/anomaly detection. We
have experience with processing ECG signal, next step
would be adding other sources (eg. oxidation levels,
body temperature, EEG signal). My current work in
progress is a novel “electronic baby-sitter” – a pulse
anomaly detector in combination with an open-source

webcam pulse detection library – exampe how it works
show in Fig. 4.
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