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Expressed in a dissolved fayalite and dissolved forsterite (and dissolved "other") system, a magma 
crystallizing olivine as its only solid phase evolves along a compositional trajectory unique to the magma's 
starting composition and its degree of fractionation. From a few samples of derivative magmas along its trajectory, 
the composition of the parent magma and its fractionation index should be recoverable. The trajectories are 
nonlinear and have no known closed-form expression, therefore, standard fitting or regression algorithms cannot 
solve for the unknowns. We are explore the use of an artificial neural network to solve this problem. Thus far the 
network, trained on computer-generated data and then presented with new (computer-generated) cases, does well 
in recovering the Mg# of the parent magma as well as its degree of fractionation from as few as three or four 
welldetermined sample compositions. 

After a magma arrives at a magma chamber, it may be held there for an indeterminate time before its 
first eruption, undergoing chemical evolution, perhaps including the segregation of early-formed olivine. If this 
occurs, the first erupted magma will have a composition different from the origmal magma. Subsequent eruptions 
could sample progressive stages in the chemical evolution. Currently, there exists no widely accepted method for 
determining the degree of chemical change a magma has sustained prior to its first eruption, although a standard 
method for tracing subsequent evolution is through the magnesium number (Mg#). What we propose here is a 
new method to infer the chemical composition of the parent magma from chemical analyses of derivative samples. 
The method can also estimate the average amount of hctionation represented by the derivative compositions. 
This new method, as currently formulated, assumes that the parent magma had olivine as the sole liquidus phase. 

The molar composition of any magma can be expressed in the three components 
XFa = x(Fe0) + ;(SO2) ; Xfi = y(Mg0) + f (So2) ; Z = (other) , 

where x and y are, respectively, the mole fractions of FeO and MgO in the melt and Z is the mole fraction of all 
other components combined. The evolving concentrations of these dissolved components, as olivine crystallizes, 
follow a trajectory that appears to be uniquely determined by the magma's starting composition. The shape of the 
trajectory also depends upon the degree of olivine fractionation. Figure 1 shows representative trajectories without 
fractionation and Figure 2 shows the effects of fractionation on a single starting composition. These 
computer-generated trajectories use Bradley's [I] them-c equations, although our current approach uses 
the partitioning relationships of Jones [2 ]  to track magma evolution. 

Figure 1: Compositional trajectories for equilibrium Figure 2: The effects of olivine fractionation on the 
crystalkation of olivine. The axes express compositional evolution of a magma in the X,,-X,, 
concentrations of dissolved fayalite and forsterite. (See system. 
text for discussion of triangular field.) 
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When applying the neural network algorithm to determine a magma's starting conditions and 
fractionation index, several thousand simulated trajectories with random starting compositions and random 
fractionation indices are generated over the range of plausible parental magma compositions and fractionation 
indices. Along the trajectories, samples are drawn whch cover the same range of X, as the samples from the 
magma under analysis. The computer-generated samples' X,, and X,, are then perturbed by appropriate random 
errors simulating analytical error. Stored along with this set of synthetic samples taken from one trajectory are 
the parent magma's composition (its X,, and X,J and its fractionation index. 

Artificial neural networks can solve nonlinear problems even without explicit equations. The 
crystaUization of a magma in our threecomponent system is such a case. As described above, we can generate a 
large number of artificial cases and use those cases to "teachn an artificial intelligence program to recognize the 
response information (the parent magma's X,,, X,, and fractionation index), given the stimulus information (a 
number of X,, and X,, sample pairs taken from the derivative magmas). 

A neural network consists of a series of vector-matrix multiplications. Although terminology varies, the 
components of the vectors are commonly referred to as "units" and the matrices as "weight matrices." The first set 
of units is loaded with the stimulus variables for a given case. The stimulus variables must be pre-scaled between 
zero and one. A weight matrix filled, initially, with small positive and negative random values post-multiplies this 
first vector to produce an output vector. Each component in the output vector is replaced by a value that the 
component generates through a nonlinear "activation function" thereby producing values to load into the next set 
of units. Along with the next weight matrix, this vector constitutes a second "layer." Any number of layers can be 
added to the network. All but the last layer are called "hidden layers" because of the special manipulations needed 
to update them. The output units from the last layer contain the network's response to the stimulus, scaled between 
zero and one by the activation function. If the response of the network deviates from the desired response, then the 
entries in each matrix are adjusted to bring the response into closer agreement. Each subsequent case is presented 
to the network and the matrices adjusted. By repeatedly cycling the network through the entire suite of cases, the 
response of the network converges, as closely as possible, to the desired response for the ensemble of training 
cases. 

The above describes a supe~sed-learning algorithm. We employ a back-propagation algorithm for 
updating the weight matrices and include a bias term in the input layer. The bias term, always loaded with the 
value one, serves the same purpose as the constant term in a regression. The activation function, 

automatically produces zero-one scaled values. 
Computational time increases rapidly with increasing order of the weight matrices and number of layers, 

but if the matrices are too small, all the variability in the training data may not be captured. Only through trial 
and error can the optimal network parameters be determined. We have found that for this problem two layers 
suBce, with weight matrices of orders (2N+l)x8 and 8x3, where N is the number of X,,-XF0 stimulus pairs in a 
case. On a 486133 PC, learning about 12,000 cases with five X,,-X,, pairs may take four or more hours. 

To test the network's suitability for recovering a parent magma's composition, we trained it on sets of 
computer-generated data and then presented it with new data (also synthetic) with known answers. The triangular 
region in Figure 1 covers one range of parent-magma compositions on which we trained and tested the network. 
For 1,000 test cases and only three samples per case, the predicted starting magma composition fell within 2% 
(rms error) of the correct answer for 95% of the cases. Over successively smaller ranges of composition, the errors 
in the predicted values successively decrease, as they do if more derivative-magma samples are used. Therefore, 
we have adopted the strategy of successively narrowing the training region about the answer predicted from the 
previous, broader region. 

These verification tests lead us to speculate that trajectories are unique to their starting compositions. As 
Figure 2 shows, however, very high fractionation indices will probably not be resolvable above the levels of 
uncertainty usually associated with chemical analyses. We welcome suggestions for natural data sets upon which 
to exercise this approach. 
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