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[0:09] Session Overview
This session covers unsupervised training neurons, which have the same number of attributes as there are input data samples. These neurons move within the same dimensional space as the input attributes, and unsupervised learning provides no training input values for the neurons. The session also covers winning neurons and how they move in relation to natural data clusters, as well as unsupervised machine learning engines and the methodologies used to classify data samples.
[0:54] The Unsupervised Neuron
In an unsupervised neuron, using the same four-synapse example as before, the four weights work similarly - but there is no summation process and no activation function. Instead, it's a pass-through: four inputs produce four outputs. The number of synapses out equals the number in.
This means the neuron itself has the same number of attributes as the input data sample. If a data sample has four numbers, the corresponding unsupervised neuron also has four values - the neuron lives in the same dimensionality as the input attributes. If the inputs occupy four-dimensional space, so does the neuron.
A key structural difference from supervised networks: an unsupervised neuron is an element in a map, not a layer. To accomplish this, the neuron topology takes the form of a map of some kind.
This structural idea loosely mirrors the concept of neuroplasticity in medicine and neuroscience - the brain's ability to change and adapt throughout an individual's life.
[0:54] Visualizing Unsupervised Neurons: The Map
A given neuron is connected to other neurons around it - for example, in a two-dimensional map with x and y directions, with a neuron positioned in the middle. If there are four attributes, the neuron has four synapse weights (often illustrated as a small honeycomb shape). Neurons move and adjust their locations within the same dimensionality space as the input attributes - a fundamental difference from supervised neural networks.
In unsupervised learning, no training set of input values comes with classifications attached. Instead, neurons adjust their positions according to training rules, moving in directions specified by those rules.
Winning Neuron and Neighborhood
Two key concepts govern how neurons move:
1. Winning neuron rule - for a given data sample, the neuron with the smallest distance (commonly Euclidean distance, though not necessarily) to that sample is declared the winning neuron.
1. Neighborhood - the winning neuron moves the largest amount toward the sample; other neurons in its neighborhood move a lesser amount.
Neurons move toward samples of high population density - the natural clusters residing in the data. Importantly, the data samples themselves never move - only the neurons move. Every sample has a winning neuron: as training passes through each sample in an epoch, the closest neuron (by Euclidean distance) is identified and moved a fraction of the distance toward that sample.
[6:24] Total Distance and Convergence
As training proceeds, the total distance between neurons and their nearest samples decreases - neurons progressively move toward the centers of the natural clusters in the data.
[6:24] Unsupervised Machine Learning Engines: Overview
Several unsupervised engines exist, including the self-organizing map (SOM) and k-means.
[6:24] K-Means
K-means is a pure classifier and a simple algorithm. It works well with a large number of objects and can handle a high number of attributes, but it has a well-known sensitivity to its starting points. In practice, k-means is commonly run with two or three different starting configurations, using a voting process to select the result with the smallest error as the final answer.
Self-Organizing Map (SOM)
The second major unsupervised engine is the SOM, or Kohonen's self-organizing map, which uses a process similar to an autoencoder - exploiting dimensionality reduction, with regions of natural clusters projected onto a 2D (or sometimes 1D) color map.
Neuron Topology for Maps
Neuron topology involves more than just the number of neurons - it also involves their connectivity. Comparing an 8-by-1 map to a 10-by-10 map: a neuron in the middle of a 10-by-10 map can have many points of contact (e.g., 6 or more, depending on grid geometry), while a neuron in an 8-by-1 (or 1-by-8) arrangement typically has just 2 points of connectivity (one neighbor on each side). Common connectivity patterns for 2D maps include hexagonal (6 points of connectivity) and rectangular (4 points of connectivity).
[6:24] How K-Means Works: A Worked Example
K-means is a nonlinear process. Starting with a set of samples arranged roughly in a "U" shape, and wanting three classifications, the process begins by placing three neurons (e.g., red, green, blue) at initial coordinate positions. Each sample is then classified according to its nearest neuron - the "winning" neuron for that sample.
[11:40] Updating Neuron Positions: The Centroid Step
Once samples are classified to their nearest neuron, that neuron's assigned samples are used to calculate a centroid - summing each coordinate across the assigned samples and dividing by the sample count. The centroid becomes the neuron's new position for the next iteration. (For a neuron with only a single assigned sample, it simply moves directly to that sample's location.)
This constitutes one full epoch of k-means training. The process repeats: samples are reclassified to their (now-moved) nearest neuron, new centroids are calculated, and neurons move again - continuing until the solution converges (the neuron positions stabilize).
Important caveat: k-means results depend on the starting positions of the initial neurons - different starting points can lead to different final classifications, since the process can converge to different local solutions.
[11:40] Real-World Example: Delivery Driver Routes
An illustrative k-means example uses delivery driver data (analogous to UPS or FedEx routes), with two attributes:
1. Miles driven per day (ranging from under 100 miles up to about 250 miles).
1. Percentage of time driving faster than 5 miles per hour (i.e., time spent traveling between stops rather than stopped).
Long routes naturally show more time spent traveling faster than 5 mph, producing more spread in that attribute for long-route drivers compared to short-route drivers.
Running k-means with k=2 produced a clean, intuitive split between short-route and long-route drivers. The process was then repeated for k=3, 4, 5, 6, and 7, plotting the resulting classification error for each value of k. (k=1 is a degenerate case - a single neuron finding the overall centroid.) Looking at the error curve, the "knee" of the curve indicates a reasonable choice for k - beyond that point, adding more clusters yields diminishing improvement.
[16:13] K-Means and High Dimensionality
Although the driver example uses only two attributes (a 2D problem), k-means works just as well with many more attributes - 10, 12, 15, 20, or more - because the underlying calculation (Euclidean distance) generalizes equally well to two, three, five, or fifty dimensions.
[16:51] Recap
This presentation covered several unsupervised machine learning engines, including k-means and self-organizing maps. It also covered how neurons interact and move toward the centroids of similar data clusters, and how the error associated with neurons and their data clusters improves with increased neuron topology (i.e., more neurons/finer map resolution).
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