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Overview
This session focuses on practical examples of the three types of machine learning. It covers what different neuron topologies typically indicate in the data, along with the statistical principles behind choosing an optimal topology, and the statistical principles behind choosing the optimal number of neurons to maximize detail while minimizing potential error.
Blender Thinking vs. Classifier Thinking: A Real-World Example
An example from the Jorgali Formation in Pakistan illustrates traditional "blender" thinking in seismic interpretation. The prospect was drilled based on four 2D lines (one long-axis line and three cross lines) over an asymmetric anticline, with faults picked from the seismic data and a structure map built from the interpreted contours and fault positions, all without any 3D coverage.
Examining the resulting structure map reveals an interesting detail: the well was spudded at one location, but after drilling, the seismic data was reinterpreted and the actual structural high was found to be on the other side of a fault from where the well was actually drilled. This indicates the map was likely finalized only after the well was already drilled, with the benefit of hindsight suggesting a better location would have been on the other side of the fault. This is a classic example of "blender" thinking: a smoothed, simplified picture of an anticline, when the real subsurface geology is almost certainly more complex.
By contrast, "classifier" thinking is illustrated using SOM winning-neuron classifications from a 3D survey (the well-known "teardrop" example, long used in Kingdom and at SMT). A single winning neuron's classification (for example, a cyan-colored geobody) may correspond to one or more physically separate geobodies, all sharing similar attribute properties, since it is possible for dozens of distinct geobodies to share the same winning neuron. A geobody, in this context, is defined as a connected region of samples sharing the same winning neuron; this is how a modest number of winning neurons (for example, 64 from an 8x8 topology) can give rise to hundreds of thousands of distinct geobodies, since each connected group of same-neuron samples counts separately.
Machine learning is not expected to replace the interpreter, since hydrocarbon presence depends on geology, which is inherently non-uniform. Instead, machine learning is intended to handle the repetitive, tedious "grunt work," providing a new platform for future decision-making. At present, most of this technology remains a research-stage tool used by a relatively small number of practitioners.
The Fish Sorter Analogy
To illustrate the distinctions between the three main types of machine learning, a hypothetical scenario is presented: inheriting a fish-processing factory that currently sorts several kinds of fish (for example, crappie, carp, perch, minnows, bluegill, plus two illustrative extras: gummy fish and crawdads/"mud bugs") using a slow, manual process. The sorting problem serves as an analogy for classification, using attributes like length, weight, shape, skin texture, and identification marks.
Supervised Learning
For supervised learning, each bucket of already-known fish (tagged and pre-sorted) is run past sensors on the conveyor to record its attributes, building up the known statistical properties of each fish type. The neural network is then trained to recognize each fish type based on its already-known classification. After training, some classification error will remain (training never reaches perfection), but the trained network can then be used to automatically divert new, unsorted fish into the correct processing lines.
Unsupervised Learning
For unsupervised learning, fish are not kept separated by bucket; all fish attributes are recorded regardless of type, and each fish is represented as a unique point (vector) in attribute space. Training (using an algorithm such as k-means or SOM) identifies natural clusters corresponding to each fish variety, and reveals which varieties are easily distinguished from one another versus which are difficult to separate. As with supervised learning, some classification error remains after training, and the resulting model is used to sort new fish.
Deep Learning
For deep learning, sensors again measure fish attributes, but the network architecture itself includes feature extraction (sometimes called segmentation) as part of its training layers, learning to recognize fish based on extracted features rather than a fixed attribute list alone. As with the other two approaches, training seeks to minimize classification error, and the resulting network is then used to sort new fish.
Working Both Sides of the Fence
A common question is why SOM examples are so often shown using an 8x8 neuron topology. The answer is that 8x8 is not a fixed requirement; interpreting multiple SOM results side by side, potentially several different topologies (for example, 4x4, 5x5, 8x8, and 10x10), is a valuable practice called "working both sides of the fence." No single topology is presumed to be the sole correct answer.
Generally, more neurons provide more detail, so interpretation typically proceeds from a broad, low-resolution picture (fewer neurons) toward a detailed, high-resolution picture (more neurons), similar to viewing the Earth from different altitudes. This mirrors the earlier wedge-model findings, where increasing the number of related (single-trace) attributes provided progressively more detail. More attributes of a similar kind lead to more detail, but a more detailed model does not automatically contain "the whole answer." Broad, low-resolution classifications may still be useful for orienting the interpreter to the big picture and flagging geologic anomalies worth further investigation, even though individual sample fits (probabilities) tend to be lower at that broad scale.
The Principle of Parsimony
As model complexity increases (more neurons, larger topologies), bias (a measure of how well the model fits its own training data) decreases, since more complex models fit the training data more closely. However, residual error, evaluated using independent data not used in training, tends to increase for overly complex models, since an overly complex model can overfit its training data at the expense of generalizing well to new data.
There is a minimum in the combination of bias and residual error, and the principle of parsimony (also known as Occam's razor) holds that the best model is the one at this minimum, rather than the most complex model available. Adding further complexity beyond this point does not improve the result; it moves the model further from an accurate representation of the real Earth. Occam's razor states that, among competing hypotheses (here, competing neuron topologies), the one with the fewest assumptions, meaning the one satisfying the bias/residual balance, should be preferred.
Worked Example: Stratton Field, Line 51
Using Stratton Field 3D survey Line 51 (200 traces per line, 100 lines), a time window from 1.2 to 1.8 seconds spanning the Middle Frio reservoir zone (a little over 60,000 samples), a series of hexagonal SOM topologies from 8x8 up to 100x100 (10,000 neurons) were tested, using an early-termination threshold of 0.0001 to stop training once improvement fell below that level.
1. Final error: as expected, final standard deviation of error decreases monotonically as the number of neurons increases; more neurons always fit the training data at least as well.
1. Best learning (error reduction ratio): comparing the ratio of final to initial standard deviation shows that error reduction also improves with more neurons, from roughly 65% reduction at 8x8 up to over 45% remaining error even at 10,000 neurons (implying a larger relative reduction with more neurons).
1. Akaike Information Criteria (AIC): AIC accounts for both model complexity (bias) and residual error together. Calculating AIC across the tested topologies identified a minimum at a 75x75 neuron topology (5,625 neurons) as the statistically optimal model for this dataset. Topologies smaller than 75x75 provide increasing resolution and detail as neuron count grows; topologies larger than 75x75 provide no meaningful new information, since AIC begins increasing again beyond that point.
Summary
This presentation focused on a practical example highlighting the differences between supervised, unsupervised, and deep learning methods (the fish sorter analogy). It then discussed "working both sides of the fence," the idea that a single SOM result rarely provides the complete answer, and that more neurons generally provide more detail. The principle of parsimony was introduced to address the statistics of picking an appropriate topology, establishing that there is a limit to the optimal number of neurons in a model, marking the breaking point between a model that still offers increased detail and one that has begun introducing increased error instead.
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