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[0:09] Session Overview
This session revisits the difference between blender thinking and classifier thinking, and spends time on a mathematical diagram of a supervised training neuron. You'll learn what Hebbian learning and repetition mean for supervised neuron learning, and the importance of the input layer and hidden layer in a fully connected supervised neural network topology.
[0:51] Blender Thinking vs. Classifier Thinking
Two fundamentally different types of thinking underlie seismic interpretation and machine learning work.
Blender Thinking
Much of traditional seismic interpretation is blender thinking: smooth, continuous horizons picked using seismic reflection wavelets, and faults picked at breaks in the reflecting surfaces. The focus is on smooth, interpolated properties of the seismic data, ultimately predicting rock properties.
1. RGB blending is a visualization example - one property in red, another in green, a third in blue - helping interpreters understand higher-dimensionality problems by blending answers together to reveal areas with different characteristics.
1. The eye favors smoothness, which is why blending works well visually - but the eye (like an eagle's) is also quick to isolate anomalous areas in the data.
Classifier Thinking
Classifier thinking - what machine learning is fundamentally about - works differently. It identifies natural clusters of information in the data and compartmentalizes seismic samples into geobodies, then maps their interfaces.
A key advantage of classifier thinking is the ability to "work both sides of the fence": the classification process can treat anomalies as something genuinely distinct, or can absorb more information into larger classification buckets, where anomalies are still anomalous but relative to a larger cluster. These are two fundamentally different ways of framing the same data, and both are valuable.
Classifier thinking also works easily in dimensions far higher than a human can visually process - working with 20, 30, even up to 50 attributes at once is common. One tradeoff: the eye dislikes discrete solutions the way it favors smooth ones.
The Blender/Sieve Analogy
Picture a blender on one side and a sieve on the other. A sieve is what a geologist uses to separate grain sizes: dump in a scoop of sand, and large grains (quartz, feldspar) stay behind while small grains pass through. That's the fundamental difference between blender thinking (smooth, continuous) and classifier thinking (discrete, compartmentalized).
AVO cross plots are one place many interpreters have already encountered classifier thinking without necessarily naming it that way - identifying anomalous areas and asking basic classification questions like "what's shale?" and "what's sand?"
[0:51] A Real Mathematical Neuron
A neuron is represented as an oval in the middle of a diagram, with a series of input synapses feeding into it.
[5:55] Neuron Structure: Weights, Summation, and Activation
In the example diagram, there are four input synapses (four inputs). Each input signal is multiplied by its own weight (w1 through w4) as it's brought into the neuron from the input layer. These weighted inputs are then summed together into a single value.
The next stage is an activation function, denoted g, which operates on that summation value alone. The activation function determines whether the value is below a cutoff (the neuron stays "low"/off) or above the cutoff (the neuron goes "high"), which establishes whether the neuron produces its output (labeled a₁ in this example).
The two major parts of a neuron:
1. Input synapses combined via a summation process.
1. A activation function that converts the summation into an output synapse (in this case, a single output).
Hebbian Learning
This weighting-and-activation mechanism is the essence of Hebbian learning, dating back to neurobiological studies from around the 1940s. Those studies showed that repetition induces lasting changes in neuron cells, adding to their stability - repeating the same signal pattern again and again is what causes the weights to adjust and adapt toward a consistent output. It's a simple concept: repetition drives adaptation.
[5:55] A Supervised Neural Network (Multi-Neuron Example)
Moving from a single neuron to a simple network: two neurons in neuron layer one, followed by one neuron in neuron layer two.
1. Two inputs feed into both neurons in layer one (input 1 goes to neuron 1 and neuron 2; input 2 also goes to both) - this is a fully connected input-to-first-layer structure.
1. The outputs of the two layer-one neurons are combined (with their own weights) in neuron layer two, producing a single output.
On outputs: although a single hexagon is drawn as "the output," there are really two possible answers - yes (classified) or no (not classified) - based on the two input values.
Epochs and Error, Revisited
One epoch is the process of sending all training samples through the learning system once. Because supervised training data is already classified, every sample has both an actual output (what the network currently produces) and a desired output (the known correct answer). Each sample is passed through the system, its actual output is compared with its desired output, and the difference constitutes an error. Once all samples in the training set have been passed through, that's one complete epoch.
1. If total error across the epoch is small enough, training is done.
1. If not, the learning system's weights are adjusted, and the process runs again (another epoch).
In supervised neural networks, every sample has a known, desired output - the actual output produced by the network may or may not match it.
[11:46] A Larger Network: Input Layer and Hidden Layer
A more elaborate example: 10 inputs feeding into four neurons.
1. The input layer (10 inputs) is fully connected to a first set of four neurons, each producing one output.
1. Those four outputs pass into a second layer containing a single neuron, which itself produces the final output: yes (classified this way) or no (not classified).
Why "Input Layer" and "Hidden Layer"
1. The input layer contains the attributes or properties of the object being classified (10 in this example).
1. The hidden layer is the second layer. In terms of the backpropagation process (covered in more depth later), the hidden layer's connections to the previous (input) layer control what is visible from the output and what is not. This input-layer-to-hidden-layer structure is the basis of what's called a multi-layer perceptron, covered in more detail later in the course.
A Three-Output Variant
A further example extends this to a fully connected network with two neurons in the hidden layer, both fully connected from the input layer's outputs, producing three possible outputs: classification A, classification B, or "none of the above."
[14:16] Recap
RGB blended visualization was given as an example of blender thinking. Classifier thinking identifies natural clusters of information in data and classifies seismic samples into distinct geobodies, and is well suited to multidimensional data analysis. The mathematical model distinguishing input synapses from output synapses was presented, along with Hebbian learning and its association with repetition across epochs in neuron learning.
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