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[0:08] Session Overview
Part one of supervised learning engines defines the multi-layer perceptron. The concept of hyperparameterization is also discussed, along with the importance of data types. Wireline log curves from the Stratton field in South Texas demonstrate one type of supervised machine learning, and visual performance metrics are used to gauge classification success.
[0:46] From the Perceptron to the Multi-Layer Perceptron
One of the earliest machine learning algorithms was called a perceptron. The original perceptron had known issues - it could not handle certain logical conditions - which led to the development of the multi-layer perceptron (MLP).
An MLP is a feed-forward neural network with at least three layers (possibly more): an input layer, one or more hidden layers, and an output layer. All layers in an MLP are fully connected. Neuron strength is a summation of all synapse values, modified by the activation function - it either trips into a classification, or it does not.
Backpropagation
Backpropagation is the process of taking the neural network's output, computing the error at the output, and propagating that error backward - through the last hidden layer, then the next-to-last hidden layer, and so on - making adjustments to the network's weights along the way. This was a fundamental breakthrough that let machine learning take a major leap forward in the range of problems and tasks it could solve. The multi-layer perceptron was the architectural breakthrough; backpropagation was the process that made training it possible.
Errors are backpropagated through the layers, adjusting weights to minimize classification error - learning results from backpropagating the error from the output back toward the input layer.
Hyperparameterization
The multi-layer perceptron has many configuration choices: how many hidden layers, how many neurons per layer (not necessarily uniform - e.g., starting with 10 inputs and ending with one, two, or three classifications), which activation functions, and so on. Hyperparameterization is a generalization of any machine learning process with a large number of training parameters to select - rather than manually twisting one configuration setting at a time and re-running the training repeatedly, hyperparameterization refers to a group of analytical tools used to help decide the appropriate number of parameters for a given set of training samples, without requiring manual involvement in that search process.
The appropriate hyperparameter search also depends heavily on the nature of the data - classifying dog faces is an entirely different problem from identifying good versus bad wells, and the nature of the data helps guide the hyperparameter search for the appropriate machine learning network.
[0:46] Example: The Stratton Field, South Texas
Stratton Field is located in South Texas, a bit north of Corpus Christi (near Corpus Christi Bay). It is public data released by the Bureau of Economic Geology, State of Texas.
[6:12] Wireline Log Lithofacies Classification
Stratton Field includes a 3D survey plus 21 sets of wireline logs across 21 wells. This example trains on a single well (BEG A, well 164 - "VEG Well A") and tests results on three other wells. The MLP runs on wireline logs (not the 3D survey), for lithology prediction, with performance measured afterward.
Three classes of log response are used, based on four log curves: floodplain, reservoir sand, and tight sand. Training samples were manually picked as representative of each class - originally selected by a researcher named Odom, who published automated lithofacies classification work in 2009. Rather than debating individual picks, this example uses Odom's published classifications as the training samples.
Evaluating Classification Results: The Confusion Matrix
Since this is supervised learning, the correct answers for training samples are already known. Training itself minimizes an internal cost/error function, but evaluating the final, fully trained result requires a separate analysis step. The classical tool for this is the confusion matrix.
Using a binary example (reservoir sand vs. not):
1. True positive: the training sample is truly a reservoir sand, and the model predicted reservoir sand.
1. True negative: the training sample is truly not a reservoir sand, and the model predicted not reservoir sand.
1. False positive: the model predicted reservoir sand, but the training sample was not actually reservoir sand.
1. False negative: the training sample was actually reservoir sand, but the model failed to predict it as such.
[11:35] Why False Negatives Matter Just as Much as False Positives
A false positive leads to a costly mistake: the model says "reservoir sand," a well is drilled, and it turns out to be a tight sand (or tight shale) instead - money is lost directly.
A false negative might seem less costly at first glance - the model simply missed a reservoir sand that was really there. But in the prediction business, false negatives can be just as damaging: if you fail to identify a reservoir sand and relinquish your lease as a result, and another company then drills successfully on that same acreage, the missed opportunity is just as costly as a bad drilling decision.
A full confusion matrix table extends this analysis across multiple classes, tallying true positives, true negatives, false positives, and false negatives for each. (Credit to colleague Yvonne Marakwin for this slide format.)
[11:35] Measuring Success: Precision, Recall, and F1
1. Precision = true positives / (true positives + false positives). The probability that a given classification is relevant.
1. Recall = true positives / (true positives + false negatives). The probability that a given classification is actually captured/available.
1. F1 = a balanced combination of precision and recall.
ROC Plots
A second way to evaluate classifier performance is the ROC (receiver operating characteristic) plot, a concept dating back to World War II military work on detecting radar signals (was a given signal a true or false radar return?). An ROC plot graphs true positive probability against false positive probability for each class - one curve per predicted lithology, illustrating the trade-off between true positive and true negative rates. A random classifier would produce a curve lying along the diagonal; the goal is a curve well above that line.
Area under the ROC curve is a common summary statistic. In the worked example: class 1 (floodplain) had an area of 0.78, class 2 (reservoir sand) had 0.82, and class 3 (tight sand) had 0.85 - performance naturally varies by lithology, since each sample collection reflects an imperfect ("dirty") mixture relative to ground truth.
Confusion Pies
A further, more visual analysis tool - developed collaboratively and nicknamed "confusion pies" by the presenter and colleague Yvonne - represents each lithology as a circle divided into true positive (yellow), false positive (blue), and false negative (red) proportions. A larger yellow slice indicates better performance for that lithology.
[16:51] Results at Different Training Sample Sizes
Using Odom's public classification as ground truth, an MLP was trained on wireline logs at three different training sample counts: 55, 212, and 527 samples.
1. With 527 samples (the largest set), the model did a reasonably good job matching sands overall, but still over-predicted reservoir sand in a few places - identifying reservoir sand where Odom's classification did not.
1. Results varied noticeably across the three sample sizes; the 212-sample run missed a thin sand entirely, while the largest sand bodies were generally predicted best across all three runs.
Confusion Pie Results by Training Size
At 527 training samples: true positive rates were 83.3% for reservoir sand, 90.1% for tight sand, and 95.2% for floodplain - floodplain was predicted best, tight sand second, and reservoir sand had the lowest success rate, even with the largest training set available. With fewer training samples, false positive and false negative rates increased.
A second set of results (different well/example) showed true positive rates of 87.9%, 85.5%, and 89.5% for reservoir sand across sample sizes - somewhat better performance than the first example, though with occasional issues matching the correct thickness of a sand body at lower sample counts.
[22:34] Summary
The multi-layer perceptron is a well-established neural network architecture, and results shown here benefited from hyperparameterization - the search process controlling parameters such as the activation function, among others. Wireline log classification is an important starting point for calibrating machine learning results to seismic data. The next topic is deep learning - a currently prominent, highly successful type of supervised learning - including an example of how well it performs when applied to seismic data.
[26:37] Recap
The importance of the number of training samples was illustrated in Part One, along with the quality of the training samples - "garbage in equals garbage out" applies directly to machine learning, and training samples should be as clean as possible. The results based on well data demonstrate the benefits of hyperparameterization for supervised neural network learning.
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