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Overview
This lesson covers survey space, attribute space, and topology space, and how each space is populated. It discusses using Euclidean distance to measure between each data sample and each neuron, the importance of the winning neuron, geobodies and their relationship to neurons, and the no free lunch theorem.
Three Spaces: Survey, Attribute, and Topology
Building on the Earth-to-Earth model concept, SOM operation can be described using three spaces:
1. Survey space: the 3D seismic survey itself.
1. Attribute space: populated by applying the attribute selection list to the 3D survey, producing multi-attribute samples.
1. Topology space: defined by the chosen neuron topology (for example, 3x3, 8x8, 12x12, or 4x6), along with its connectivity pattern.
Training begins by selecting a set of attributes, populating attribute space with samples, and selecting a neuron topology for training.
How SOM Operates
1. SOM injects an initial position for each neuron into attribute space, based on the number of neurons defined by the chosen topology (for example, 64 neurons for an 8x8 topology). Initial positions can be random coordinates, all zeros, or actual sample values.
1. Training proceeds through a number of epochs, with neurons searching for natural clusters of information. Neurons are drawn toward regions of higher sample density and away from regions of low density, since the pull on a neuron depends on the density of nearby samples. This is why more neurons end up located where sample density is higher.
1. During training, Euclidean distance is used to measure the distance between a sample and each neuron, in order to identify the winning neuron and move it (along with its neighborhood, as described previously).
Example: A Winning Neuron and Its Samples
For a given winning neuron, its associated set of classified samples in the 3D survey might correspond to only a handful of samples (for example, four), and lighting up only those samples in the survey might reveal that they form two separate geobodies rather than one. A winning neuron does not always correspond to exactly one geobody: sometimes it corresponds to none, sometimes to many.
Among the samples associated with a winning neuron, those with small Euclidean distance to the neuron have a higher probability of being a good fit, while a sample with a larger Euclidean distance has a lower-probability, possibly poorer fit. A low-probability sample may still be geologically meaningful and worth further investigation, since it indicates the winning neuron is not very close to that particular sample, even though it is still the closest available neuron.
The No Free Lunch Theorem
The no free lunch theorem states that any two optimization algorithms are equivalent when their performance is averaged over all possible kinds of problems. In practical terms: a machine learning algorithm that is faster than others on a given dataset is genuinely faster for that dataset, but it will not necessarily be the fastest (or best) algorithm for all datasets. Different algorithms show different advantages and disadvantages depending on the specific problem they are applied to; there is no universally superior algorithm across all data types.
A practical implication: the fastest algorithm is not guaranteed to give the most correct answer. To check for consistency, it is common practice to retrain using different initial conditions, such as different random subsets of training samples (for supervised networks) or different initial neuron coordinates (for unsupervised networks), and to check whether the results converge to essentially the same solution.
Hyper Volumes and the Curse of Dimensionality
Attribute data is normalized (z-scored) by subtracting the mean and dividing by the standard deviation for each attribute, so that no single attribute dominates due to scale. This typically scales most data to within about four standard deviations of the mean.
In ordinary three-dimensional space, an object like a beach ball has a volume proportional to the cube of its radius. In n-dimensional space, the volume of a "hyper ball" out to a given radius is proportional to the radius raised to the nth power. As dimensionality increases, the ratio between a hyper-volume at a given radius and an ordinary three-dimensional volume at that same radius grows dramatically. For example, at a radius of four in five-dimensional space, the hyper-volume can be roughly 22.5 times larger than the equivalent three-dimensional volume, and the effect becomes far more extreme at ten or fifty dimensions.
This effect underlies the curse of dimensionality, a concept originally identified by Richard Bellman shortly after World War II. As the dimensionality of a space increases, the space itself effectively becomes "thinner," meaning that more samples are statistically required to make meaningful predictions, and natural clusters need to grow larger (contain more samples) to be statistically significant. Samples in high-dimensional space also tend to grow more distant from one another. More attributes require more data, but at the same time, the relative importance of any single attribute decreases as the number of attributes increases. A practical consequence is that distinguishing between two nearby winning neurons becomes more difficult as dimensionality increases, since the separation between the data samples associated with each neuron shrinks.
A Brief Introduction to Machine Learning Mathematical Notation
Since machine learning relies on a compact mathematical notation for sets, the following conventions are introduced:
1. Constants, variables, and subscripts: lowercase.
1. Vectors: lowercase and bold (for example, vector c = vector a + vector b).
1. Matrices: uppercase, not bold.
1. Sets: uppercase and bold. Square brackets denote an ordered set; curly brackets denote an unordered set.
1. Common number sets: R (real numbers), I (imaginary numbers), C (complex numbers), Z (integers).
1. The vertical bar symbol means "given that." The stylized epsilon-like symbol indicates membership (or non-membership) in a set. A "U" shape indicates a subset relationship.
Using this notation:
1. A continuous function is written in the familiar form y = f(x).
1. An ordered discrete set (for example, the x, y, z components of a vector) uses square brackets.
1. An unordered discrete set of samples uses curly brackets, indexed by a positive integer i.
1. A set of n m-dimensional real vectors represents n samples, each with m attributes, all residing in m-dimensional attribute space.
1. A subset X-sub-i is a subset of the full set X, consistent with the earlier example of four samples associated with one winning neuron out of the full training set.
1. A cluster is simply a collection of samples; the complete set of k clusters constitutes the full training set, since every sample belongs to some cluster.
1. The centroid of a cluster is computed by summing all samples belonging to that cluster and dividing by the number of samples, n.
This mathematical notation traces back to the set theory developed by Georg Cantor in the early 20th century, making it a relatively recent addition to interpretation mathematics compared to classical calculus.
From Survey Space to Attribute Space, Mathematically
A sample in survey space has three subscripts: an index for time or depth, a trace number, and a line number, placing it in ordinary three-dimensional space (R cubed). When multiple attributes are added, the sample's location does not change, but it becomes a vector with one component per attribute (for example, amplitude as attribute one, the Hilbert transform as attribute two, and so on, per the attribute selection list). This effectively adds a fourth subscript for the attribute number, producing multi-attribute samples that live in four (or more) dimensional space, described as vectors in f-dimensional attribute space if there are f attributes.
A natural cluster (for example, the mth natural cluster with n samples) can be written mathematically as a set of samples. A geobody, by contrast, resides in survey space (x, y, z coordinates), not attribute space; the natural cluster resides in attribute space. This distinction is the central reason interpretation work must connect auto-picked natural clusters in attribute space back to geobodies in survey space, since that connection is what ultimately locates oil and gas.
Natural Cluster as a Geobody Illumination
A geobody (with, for example, 5,000 samples) can be described using an illumination function that maps it from three-dimensional survey space into attribute space, plus some added noise; the result of that mapping is the natural cluster. This relationship allows an approximate (statistical) recovery of geobodies from natural clusters picked by machine learning, via an inversion from f-dimensional attribute space back to three-dimensional survey space. Because this recovery is only an estimate, subject to noise, the resulting geobodies are estimates rather than exact recoveries, and the robustness of the classifier is essential to seeing through the noise.
Seven Possible Relationships Between Winning Neurons and Geobodies
1. A winning neuron captures a single natural cluster that traces to a single geobody.
1. A winning neuron may capture coherent energy that is not geology at all (for example, an acquisition footprint).
1. A winning neuron may share a natural cluster with one or more other winning neurons, effectively splitting one natural cluster into two or three parts.
1. A winning neuron may own a natural cluster that traces to several distinct geobodies (a result of stacking in attribute space; a single winning neuron may correspond to 2, 8, 20, or even 100 separate geobodies).
1. A winning neuron may own a natural cluster that traces to only a portion of a larger geobody (for example, different parts of a meandering channel, such as the straight reach, the meander bends, the cut bank, and the fill bank, may each illuminate differently and map to different winning neurons).
1. A winning neuron may become an "orphan" during training, ending up with no associated samples at the end of the process; this is not necessarily an error, simply an outcome of training.
1. A winning neuron may be associated purely with random noise fluctuations, since every sample (including pure noise) is assigned to some winning neuron during classification.
Summary
This presentation reviewed the relationships between survey space, attribute space, and topology space. Data sample proximity to neurons helps define geobodies and the probability that a given data point is well associated with its winning neuron. It was also established that a machine learning algorithm that is faster than others on one dataset will not necessarily be faster for all datasets; different algorithms carry different advantages and disadvantages depending on the specific problem being addressed.
Page 1
image1.png
wss GEOPHYSICAL
e INSIGHTS?

FROM INSIGHT TO FORESIGHT





