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Abstract Modeling processes within Earth's and other planetary bodies' mantle requires constraints from
phase equilibrium to infer how changes in phase abundance and composition affect physical properties and
geochemical processes. When applying such thermodynamic models on a planetary scale, performance
becomes especially crucial. We present a fast and scalable machine‐learning surrogate that can approximate
phase equilibrium predictions for mantle rocks. The model was calibrated on a large synthetic data set
(n = 2.0⋅106) generated using a Gibbs free energy minimizer. This data set covers upper‐ to transition‐zone
mantle conditions in terms of pressure, temperature, and typical bulk rock composition. Evaluation of the model
indicates uncertainties of less than ±0.01 molmol− 1 for the prediction of phase fractions and less than ±0.005
molmol− 1 for compositional variables within solid solutions. Gradient‐based analysis identifies phase
transitions that are sensitive to bulk chemistry changes. Peridotite fertility exerts a secondary, yet locally
decisive, control on the seismic discontinuities and buoyancy contrasts that influence mantle convection. The
assessment of computational performance indicates a speed up of four orders of magnitude when emulating
phase equilibrium predictions with the GPU accelerated surrogate.

Plain Language Summary Predicting which minerals form the rocks of Earth's and other planets
mantles and how their compositions vary with pressure and temperature is fundamental for understanding
processes in planetary interiors. However, physics‐based models, so‐called free energy minimizers, are
computationally expensive, limiting their use in very large‐scale models. We developed a machine‐learning
model that rapidly approximates the precise predictions of such free energy minimizers. This model is trained on
data that covers a wide range of possible rock compositions. Our approach can approximate the predictions with
a high accuracy and precision. The variables that control the stability of minerals can be found by calculating
derivatives across the model. The machine‐learning model is up to 10′000 times faster than the fastest free
energy minimizer. This improvement makes it feasible to incorporate predictions on the presence and
composition of minerals into large‐scale simulations of planetary mantles.

1. Introduction
Phase transitions and mineral reactions are both the result of and a driver for endogenic processes such as
convection or melting within the geosphere of planetary bodies. Therefore, understanding phase equilibrium is
crucial for observing the resulting geophysical signature and modeling such processes. These processes are
inherently linked to planetary formation, evolution, and ultimately the potential development of a habitable
biosphere (Jakosky & Byrne, 2025). Tellurian planets are characterized by a mantle and crust dominated by
silicate minerals rich inMg and Fe (Plesa et al., 2026). Many of these minerals form continuous solutions between
their magnesian and ferrous endmembers, with additional minor components dissolved within their structures. At
depths of the mantle transition zone between 410‐ and 660‐km a series of phase transitions can occur that have
drastic effects on the physical rock properties (Katsura & Ito, 1989). On Earth, with its active plate tectonic
system, the upper to transition zone mantle is of particular interest as this is where most evidence of subducting
slabs can be found (Fukao & Obayashi, 2013), mantle derived magmatism originates (Green & Ringwood, 1967),
and potentially large quantities of water could be stored (Huang et al., 2005; Pearson et al., 2014). The presence
and extent of these processes on other tellurian planets is a subject of active research (Dong et al., 2022).

Equilibrium thermodynamics allows petrological phase equilibrium to be modeled when combined with free
energy minimizers, which can perform energy minimization calculations of complex, multi‐component silicate
solid solutions (e.g., Connolly & Kerrick, 1987; de Capitani & Brown, 1987; Riel et al., 2022; Stixrude &
Lithgow‐Bertelloni, 2005, 2011). These minimizers can predict the stable phase assemblage, phase fractions and
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compositions, and other thermodynamic state variables, for example, heat capacity or compressibility of the
system at equilibrium for a given pressure, temperature and bulk composition. They require a thermodynamic
framework with equations of state and a thermodynamic database containing a set of experimentally determined
thermodynamic properties. The minimizers have been successfully employed for thermobarometry and the
simulation of rock‐forming processes in petrology (Lanari & Duesterhoeft, 2019), to provide physical constraints
to large‐scale geodynamic models (Nakagawa et al., 2010), couple thermo‐mechanical processes to chemical
reactions in reactive transport models (Riel et al., 2018) and invert the chemical properties and mineralogical
composition of Earth's and other planetary mantle from geophysical observation (Khan & Connolly, 2008).

When coupling increasingly larger, up to planetary‐scale, thermo‐mechanical models with phase equilibrium
predictions, performance becomes ever more crucial. This in turn renders computationally costly methods such as
free energy minimization no longer efficient and results in the use of precalculated lookup tables for a limited set
of bulk compositions (Rummel et al., 2020; Zunino et al., 2011). Recent progress in machine‐learning (ML), in
particular in the field of physics‐informed neural networks, has shown great potential in the very fast approxi-
mation of complex physical solvers using ML surrogates (Karniadakis et al., 2021). Such methods have been
successfully applied within other geoscientific disciplines, for example, climate modeling (Rasp et al., 2018),
pore‐scale reactive transport (Prasianakis et al., 2020) and the inversion of ionospheric properties (Gross &
Cohen, 2020). Within earth sciences and geophysics, ML models have been successfully calibrated for the fast
prediction of seismic properties of peridotite (Kerswell et al., 2024), melt composition (Candioti et al., 2025), or
thermal evolution of planetary mantles (Agarwal et al., 2020). Besides providing fast approximations, ML sur-
rogates are also inherently differentiable functions. This enables gradient‐based optimization methods for solving
complex inversion problems where the forward model is itself a non‐differentiable simulator (e.g., Shirobokov
et al., 2020).

In this study, a ML surrogate is used to predict the stable phase fractions (v) and compositions (X) from pressure
(P)–temperature (T) and bulk rock composition (xbulk) of mantle rocks. Such a prediction of state variables of
individual phases poses particularly challenging, compared to the prediction of thermo‐mechanical state variables
of the bulk system (e.g., density and seismic wave velocities, Kerswell et al., 2024), as for each prediction only a
subset from a large collection of potentially stable phases form the equilibrium assemblage and have defined
properties. To our knowledge, previous studies predicting phase specific properties have focused on a limited
number of phases besides bulk properties (melt composition, Candioti et al., 2025; aqueous speciation, Prasia-
nakis et al., 2020). To address these limitations, we present a combined classifier–regressor architecture using a
pretrained phase stability prediction. The surrogate is calibrated on a training data set generated with MAGEMin
(Riel et al., 2022) using the thermodynamic database of Stixrude and Lithgow‐Bertelloni (2022), covering a wide
range of P–T conditions and possible variability in xbulk. In the following sections, the model is benchmarked
against MAGEMin in accuracy, precision and computational performance. Finally, a gradient‐based analysis is
used to identify phase transitions that are sensitive to P, T or compositional changes.

2. Methods and Data

A neural network was calibrated as a surrogate model f̂ to learn a mapping from P–T and xbulk to v and X of stable
phases:

f̂ : (P,T,xbulk)↦ (v,X), (1)

where P and T are positive scalars and xbulk is a six‐component compositional vector of
SiO2–CaO–Al2O3–FeO–MgO–Na2O. The predicted v and X are a 20‐component vector of the potentially stable
phases and a 6 × 20 matrix of the oxide components in these phases. So formally the problem poses a mapping:

f̂ : R1+1+6 ↦R20+6×20 (2)

The petrological justification of the chosen dimensionality of the problem space is provided in Section 2.1. All vi
and Xj,i of a phase i that is not predicted to be stable must be zero. Further, all compositional variables xbulk, v and
the column vectors in X are not fully independent of each other and must satisfy a closure constraint when
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summing over their respective components. This means that the components xi of v and the column vectors in X
must sum to one.

∑
i
xi = 1 (3)

And the predicted v and X must respect mass‐balance with respect to the input xbulk so that

Xv⊤ = xbulk (4)

holds true.

2.1. Model Architecture and Calibration

A fully connected neural network is calibrated as the machine‐learning surrogate. Each layer evaluates an input
vector or a matrix of an input batch x to the respective output y by an affine transformation using the weight matrix
W and the bias vector b, followed by a non‐linear activation σ:

y = σ(Wx + b) (5)

A rectified linear unit (ReLU) is used as an activation function. The implementation and training are done using
the Julia programming language (Bezanson et al., 2017) relying on the machine‐learning library Flux.jl and
Zygote.jl for automatic differentiation (Innes, 2018).

Compositional variables in pure phases, for example, SiO2 in quartz, and fixed components in solid solutions, for
example, SiO2 in olivine, are trivial and do not need to be predicted. Instead X is divided into a constant 6 × 6 Xpp

and a predicted 6 × 14 Xss. The fixed components in Xss are injected into the prediction with a Hadamard
product by

X śs = Xss ⊙ M + F (6)

where M is a Boolean matrix of whether the component i, j in Xss is fixed and F is the components value.

As the set of potentially stable phases is much larger than the phases that make up a stable assemblage, any
prediction of phase fractions and compositions will be dominated by variables of phases that are not stable and
their respective entries in v and Xss are therefore equal to zero. This problem characteristic is taken care of in the
model architecture by passing the input, or a learned embedding of it, to two heads within the model. A first head
uses a sigmoid activation in its output to predict a vector p of 20 phase wise binary classification probabilities of
whether the phase pi is part of the stable assemblage. This output is combined by elementwise multiplication with
the second head's prediction of v and Xss, multiplying p elementwise with the row vectors, to bring all variables of
not stable phases directly close to zero.

X śs = Xss ⊙ p (7)

vʹ = v ⊙ p (8)

This classification head of the surrogate can be pretrained or learned simultaneously. Details on the model
calibration and hyperparameter tuning are provided in the Supporting Information S1.

For the calibration of f̂ a quadratic misfit L2 is minimized.

L2 : (| v̂ − v|)2 + (
⃒
⃒X̂ss − Xss

⃒
⃒)

2
(9)

This misfit is expanded by a penalty for deviations from the closure condition (Equation 3), that is, column vector
x of v and Xss that do not sum to 0 or 1.
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Lc : ( s2 ∗ (1 − s)2)
α,where s = ∑

i
xi and α = 1 (10)

Additionally, any violation of the mass‐balance (Equation 4) is penalized by:

Lm :
⃒
⃒xbulk − Xv⊤⃒⃒ (11)

The final loss L that is optimized during the model calibration is obtained by summing Equations 9–11 and
summed over a batch of data. For the pre‐training of the classifier head, a binary cross‐entropy loss is used.

Besides the loss L additional metrics are used to monitor convergence during training. The pretraining of the
classifier head predicting p is monitored using an assemblage quality‐factor (Qasm), the fraction of incorrectly
predicted phases and the fraction of assemblages with at least one incorrectly predicted phase. The Qasm misfit
after Duesterhoeft and Lanari (2020), is the complement of the Jaccard index between the predicted and true
assemblages:

Qasm = 1 −
∑
i
p̂i∧pi

∑
i
p̂i∨pi

(12)

Besides relying on L and its individual constituents, the evaluation of the complete surrogate relies on the mean
absolute deviation (MAE) for v and Xss and the mean relative absolute deviation (MRE) respectively. For both
MAE and MRE it is assumed that the prediction of zeros is relatively trivial. Therefore, these metrics are
evaluated only considering the true positive and false negative predicted stable phases, optionally including the
false positives as well, to obtain a robust conservative metric. Further methodological details regarding hyper-
parameter tuning can be found in the Supporting Information S1.

2.2. Model Sensitivity Analysis

As a neural network approximates the phase equilibrium predictions by a differentiable function, fast and
quantitative derivative‐based sensitivity analysis is possible using automatic‐differentiation with Zygote.jl
(v.0.7.10, Innes, 2018). The sensitivity with respect to an input Si is calculated as norm of the Jacobian‐vector
product between the Jacobian J f̂ of the surrogate f̂ and an input vector vi.

Si =
⃦
⃦J f̂ vi‖2 (13)

Whereas vi can be a vector êi from the standard basis of the input vector space or a specific direction within that
vector space, for example, the direction of mantle depletion and enrichment.

vBAS− HRZ = [
02

xBAS − xHRZ
]

⃦
⃦
⃦
⃦
⃦
[

02
xBAS − xHRZ

]

⃦
⃦
⃦
⃦
⃦
2

− 1

(14)

Where xBAS and xHRZ are constant six‐component vectors of the compositions of basalt and harzburgite after Xu
et al. (2008). To consider the scale difference for different input variables all vi are scaled to represent a step
equivalent to the unit vector in temperature êT , that is, 1 K. For a single output of interest, for example, stability,
mode or a single compositional variable of phase k, the directional derivative ∇vi f̂ k can be calculated from the
gradient ∇ f̂ k and vi.

∇vi f̂ k = ∇⊤ f̂ kvi (15)
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This directional derivative then quantifies the response of an output variable to an infinitesimal step in the di-
rection of vi.

2.3. Training Data Set: Defining the P–T–xbulk Space

MAGEMin (v1.8.5, Riel et al., 2022) was used to generate data for the model calibration. The conditions within
the Earth's mantle were sampled for P within a range of 1–40 GPa, covering mantle depths from the MOHO
beyond the 660‐km seismic discontinuity (Dziewonski & Anderson, 1981), and T within a range 500–2500°C
(Figure 1a), covering conditions from cold slabs (Thompson, 1992) to the fertile peridotite solidus (Takaha-
shi, 1986; Zerr et al., 1998). Both P and T are sampled from uniform distributions within these bounds. The
determination of a suitable distribution to describe the heterogeneity of mantle rock xbulk is more challenging.
Following (Stixrude & Lithgow‐Bertelloni, 2022), the components SiO2–CaO–Al2O3–FeO–MgO–Na2O were
chosen. These are the oxides of the most abundant non‐volatile elements in the sun (Lodders, 2003) and together
make up >98 wt% of geochemical estimates for the bulk silicate mantle (Palme & O'Neill, 2004; Workman &
Hart, 2005). Sampling such a high‐dimensional space completely would be highly inefficient. A better approach
is to define a suitable subspace with geochemical relevance. The complex chemical heterogeneity of the mantle
can be simplified to the xbulk‐variability that is resulting from partially melting a pyrolytic reservoir into a basaltic
melt and a harzburgitic residue; and the consequential re‐mixing of these lithologies via subduction of litho-
spheric plates into the mantle (Stixrude & Lithgow‐Bertelloni, 2012; Xu et al., 2008). Thus, mean xbulk vectors are
sampled along the mixing line between a basalt (xBAS) and harzburgite (xHRZ) composition (Figure 1b),
defined by:

xbulk = fBASxBAS + (1 − fBAS) xHRZ (16)

with the basalt fraction fBAS ranging from zero to one. To add some random noise to the input distribution and
expand the subspace considered for the model calibration, xbulk is then drawn form a Dirichlet distribution:

xbulk ∼ Dirichlet(α),where α = λxbulk (17)

Figure 1. Domain of the training data used for the calibration of the ML surrogate. (a) Pressure and temperature are sampled uniformly within conditions covering the
upper and transition‐zone mantles, reaching into the lower mantle. Phase transitions for the (Mg,Fe)2SiO4‐polymorphs were calculated using MAGEMin for the
pyrolytic bulk from Xu et al. (2008). The lower limit of the temperature distribution is given by subduction geotherms (warm: Ganguly et al., 2009; cold:
Thompson, 1992). The upper limit was guided by the temperature of the peridotite solidus (Zerr et al., 1998). The average mantle adiabat is taken from (Katsura
et al., 2010). (b) Compositional variability covered by the training data. Points are randomly sampled from a Dirichlet distribution along the mixing line between
harzburgite and basalt (composition from Xu et al., 2008). Geochemical bulk mantle estimates from Palme and O'Neill (2004) andWorkman and Hart (2005) are shown
as a comparison.
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The concentration parameter α is obtained by scaling xbulk by the scalar λ. Using this parametrization each xbulk
samples compositions with an expectation xbulk and, by setting λ = 100, a 1‐σ uncertainty per oxide corre-
sponding to the equivalent of±10 mol% in SiO2. A total of 2’000’000 triplets of P–T–xbulk were sampled from the
corresponding distributions and the corresponding equilibrium state variables for v and X are predicted with
MAGEMin using the thermodynamic data set of Stixrude and Lithgow‐Bertelloni (2022). For the P–T–xbulk
conditions considered, corundum and post‐perovskite are never predicted to be stable. This reduces the set of
potentially stable phases to quartz (qtz), coesite (coe), stishovite (st), kyanite (ky), nepheline (neph), Ca‐
perovskite (capv), plagioclase (pl), spinel (sp), olivine (ol), wadsleyite (wa), ringwoodite (ri), orthopyroxene
(opx), clinopyroxene (cpx), “high‐pressure clinopyroxene” (hpcpx), akimotoite (ak), garnet‐majorite (gtmj),
perovskite (pv), Ca‐ferrite (cf), magnesiowüstite (mw) and the “new aluminous phase” (nal). Additionally, a
validation and test data set each containing 100′000 points was generated by sampling the same distributions.

3. Results and Discussion
3.1. Model Accuracy and Precision

The evaluation of the ML surrogate on the test data (n = 105) shows that the predicted phase assemblage, fraction
and composition can match the Gibbs energy minimization (GEM) to a great level of detail. The expected un-
certainty in surrogate predictions is given by errors in the order of 10− 2 molmol− 1 or less for the compositional
variables v and Xss. Each group of variables is discussed separately in the following paragraphs.

Predicted assemblages show a quality‐factor misfit (Equation 12) of 3.7%. Phase‐wise resolved examination
indicates that the stability for all phases is generally predicted with an accuracy of >95%, recalling >99% of the
truly stable phases except for nepheline (82%) and kyanite (87%) (Figure 2). Notable is the comparably lower
accuracy for Ca‐perovskite and stishovite. These phases show a slight tendency for false positive predictions,
which can be explained by their high but preferential abundance in Ca‐ and Si‐rich, that is, more basaltic, xbulk
resulting in a pronounced imbalance in the training data. The relatively lower recall of the extremely rarely
occurring nepheline and kyanite can be explained by this mechanism as well. In the following, only the true
positive and false negative cases, that is, a phase is stable in the ground‐truth, have been considered for both the
uncertainties in predicted v and Xss. The good performance of the classifier head has the effect that correctly
predicting the properties of a not stable phase to be zero is becoming trivial. The reported uncertainties are
therefore conservative estimates. By assessing different performance metrics for stishovite and Ca‐perovskite
with significant false positives, it has been confirmed that the uncertainty estimates are indeed smaller if false
positive cases are also considered.

The errors associated with the prediction of v are mostly within ±0.01 molmol− 1, corresponding to a relative
deviation of less than ±5% for most phases (Figure 2c). Notable exceptions are the pronounced and sys-
tematic underestimation of plagioclase abundance and the generally large relative errors associated with
stability of the rare phases coesite, kyanite, nepheline and plagioclase. The relatively rare and low abundance
phases show increased relative errors of ±10% for high‐pressure clinopyroxene and akimotoite and 20% for
spinel.

The errors associated with the prediction of Xss are mostly within ±0.005 molmol− 1, corresponding to a relative
deviation well below ±5% for most phases (Figures 3a and 3b). The only exception to this is plagioclase, which
exhibits relatively higher absolute and relative errors. The small error in both v and Xss result in minuscule de-
viation from mass‐balance for all six components with respect to xbulk (Figure 3c). For the example of garnet, a
solid solution incorporating all six chemical components, we illustrate the element‐wise error analysis
(Figure 3d), which can be found fully in the Supporting Information S1.

3.1.1. Discussion of the Model Accuracy and Precision

The predicted mineral assemblages are reproduced with both high accuracy and recall, and the error distributions
for most compositional variables are closely centered around zero, showing only minor systematic deviations.
The surrogate is therefore capable of accurately matching GEM‐based phase equilibrium predictions. A notable
exception is equilibria involving plagioclase, where the model systematically underestimates the phase fraction of
plagioclase. As plagioclase plays an important role in both mechanical properties (Birch, 1961) and geochemical
processes (e.g., partial melting Green & Ringwood, 1967) in the uppermost mantle, this is a relevant limitation for
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Figure 2.
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applications focusing on the uppermost 30 km of the mantle. For such applications we strongly advise refining the
calibration with a data set sampling the relevant P–T–xbulk conditions in more details.

The phase fractions of plagioclase, kyanite, nepheline, and, to a lesser degree, spinel show a distribution of
relative errors with long tails (Figure 2b). All of these are low‐abundance phases that are only stable under a
narrowly restricted set of P–T–xbulk conditions (see Figure S2 in the Supporting Information S1). For the
composition of solid solutions, akimotoite shows a long positive tail in the relative error distribution, which can be
linked to high relative errors associated with very low values of MgO and FeO in akimotoite for conditions where
an Al‐rich akimotoite is predicted to be stable instead (Figure S7 in the Supporting Information S1). Similarly, the
long negative tail for magnesiowüstite can be linked to predicted small dissolved quantities of α‐NaAlO2. These
high relative errors are therefore interpreted to primarily reflect dividing by small values of the associated target
variable, and, except for plagioclase, are not associated with high absolute deviations. Consequently, the high
relative errors tend to correlate with the zero‐mode lines associated with the phase transitions that produce or
consume these phases. If any of these phases are of particular interest, the applicability of the surrogate presented
here will require careful consideration and potential fine‐tuning, for example, by explicitly oversampling or
weighting the loss for these phases.

The remaining random errors associated with the surrogate predictions must be contextualized with uncertainties
associated with GEM‐based phase equilibrium modeling. For a successful minimization, the deviation in Gibbs
free energy of the individual solid solutions relative to the stable hyperplane must be <10− 6 J (Riel et al., 2022).
Hence, the uncertainties arising from the GEM itself are very low. Therefore, the uncertainty of a phase equi-
librium prediction will be dominated by the uncertainty of the thermodynamic database (Lanari & Dues-
terhoeft, 2019). The propagation of errors associated with thermodynamic parameters and activity–composition
models into phase equilibrium modeling remains an area that has been vastly under‐explored. This precludes the
possibility of a systematic comparison. Recent calibrations of thermodynamic data report uncertainties for
compositional variables of up to ±0.3 site fractions (Weller et al., 2024). Depending on the site multiplicity,
speciation and number of total sites in a phase, this converts to different uncertainties when expressed as a mol
fraction of a component. For example, considering Mg on the three‐fold M1 site in the garnet model of this
database, this would correspond to a maximal molar uncertainty of ∼±0.13 molmol− 1. In conclusion, while the
precision of a GEM‐prediction will be order of magnitudes more precise than the surrogate's precision, the de-
viations are most likely within the relevant uncertainties stemming from the original calibration of thermody-
namic parameters used in the GEM.

3.1.2. Application Outside the Training Data Set

The surrogate was used to predict v and Xss for the xbulk of an altered oceanic crust (Kelley et al., 2003) under
mantle conditions. These predictions are compared to a ground‐truth from GEM. The results of that comparison
imply that even when applied outside the original training data space and therefore forced to go beyond mere
interpolation, the model can predict phase equilibrium reasonably well. Mineral stability is predicted with >90%
accuracy and compositional variables of commonly occurring phases are predicted with an error of <0.05
molmol− 1 for v and <0.03 molmol− 1 for Xss. While we would still advise against the application of the surrogate
outside of the training data space without prior tuning on domain specific data, these results show a high
generalization capability. This is interpreted as evidence that the surrogate converged to a mapping which at least
partially is close to thermodynamic state functions that are generally true.

Figure 2. Uncertainties in the prediction of mineral assemblage and mineral fraction v. (a) Mineral assemblage diagram predicted with the classifier of the ML surrogate
for a pyrolytic bulk composition (Xu et al., 2008). Surrogate predictions, with a resolution of 10,002, are shown as fields shaded by their variance. For readability only
the assemblages of large fields are labeled. Assemblage boundaries predicted with MAGEMin are shown as black stippled lines for comparison. (b) Pie diagrams of
phase‐wise phase stability classification on the test data set (n= 105) showcasing the fraction of predictions that are truly stable (green), truly absent (gray), falsely stable
(red) and falsely absent (yellow). The phase‐wise classification accuracy and recall are reported in percentage. (c) Distribution of phase‐wise absolute and (d) relative
error in v. For each phase, the median absolute and relative absolute errors are given as uncertainty estimates. Note that relative errors are inflated for variables with
small true values.
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3.2. Controls on Mantle Assemblages and Geodynamic Implications

The trained surrogate enables a quantitative sensitivity analysis of phase equilibrium predictions with respect to
all input variables simultaneously. Here, this gradient‐based analysis (Equations 13 and 15) is applied to the
mineral assemblage diagram for a pyrolytic bulk composition (Figure 2) to inspect the physical and chemical
control on the predicted phase assemblage (Figures 4 and 5). The Jacobian of the surrogate, that is, the matrix of
all partial derivatives for each prediction with respect to the model input, quantifies how strongly each model
output responds to each input. Multiplying the Jacobian by a vector representing a specific direction in the input
space, for example, an increase in T or a step along vBAS− HRZ (Equation 14), yields a vector of directional de-
rivatives, one value per output, quantifying its response to an infinitesimal step in that direction (Equation 15).
Physically, evaluating vBAS− HRZ quantifies bulk compositional changes toward more enriched or depleted mantle
compositions. The norm of this Jacobian–vector product is taken as the overall sensitivity of the model predictions
to a given input direction (Equation 13).

Mineral assemblages are most sensitive to changing P and T and only to a second order controlled by compo-
sitional changes when plotted in P–T space (Figure 4). The excellent agreement between the high sensitivity to P,
barometers, or T, thermometers, with the Clapeyron slope dP

dT of the respective reactions is interpreted as proof that
this method can correctly identify controlling variables. Changes in the bulk rock composition, along a depleted‐

Figure 3. Uncertainties in the prediction of solid‐solution composition Xss and mass‐balance on the test data set (n = 105). (a) Distribution of phase‐wise absolute and
(b) relative error in Xss. For each phase, the median absolute and relative absolute errors are given as uncertainty estimates. Note that relative errors are inflated for
variables with small true values. (c) Element‐wise deviations frommass‐balance between the input xbulk and the product of v and X. The small deviations confirm that there
is only insignificant mass loss induced by the surrogate predictions. (d) Element‐wise resolved errors for Xgrt

ss . These detailed metrics can be found for all phases in the
Supporting Information S1.
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to‐enriched direction of mantle fertility, most strongly affect reactions above 25 GPa or 2000°C (Figure 4c). A
comparison with the mineral assemblage diagram (Figure 2) shows that composition‐sensitive phase transitions
involve the stability of the “new aluminous phase”, akimotoite and garnet‐majorite. The dissociation of (Mg,
Fe)2SiO4‐polymorphs to garnet‐majorite and magnesiowüstite toward ultra‐high T, >2000°C, is likely rarely
attained within Earth's present‐day mantle as they lie significantly above the mantle adiabat, and therefore not
further discussed here.

For the “new aluminous phase”, changes in Na2O, and to a lesser degree MgO, content assert the compositional
control over its stability (Figures 4d–4i). The stability of akimotoite and garnet‐majorite is most sensitive to the
Al2O3 content on the other hand. Assemblage boundaries are generally less sensitive to CaO and SiO2, with the
most sensitive ones being the Opx‐out toward high temperatures in the upper mantle (Figure 4d). As MgO and
FeO are mostly involved in second‐order phase transitions by exchange equilibria between ferromagnesian
phases, phase boundaries in a mineral assemblage diagram are generally the least sensitive to changes in those
components.

Figure 4. Sensitivity of the predicted mineral assemblage topology for a pyrolytic bulk composition across P–T space with respect to (a) pressure, (b) temperature,
(c) mantle fertility, (d) SiO2‐, (e) CaO‐, (f) Al2O3‐, (g) FeO‐, (h) MgO‐, and (i) Na2O‐contents. The vectors vi are scaled to represent a step equivalent to 1 K in
temperature. Gray areas in panel (c) show typical geotherms for cold (1, Thompson, 1992) and warm subduction (2, Ganguly et al., 2009) and a mantle adiabat (3, Katsura
et al., 2010). Note that the color‐scale is non‐linear to accompany the large differences in magnitude.
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Directional derivatives allow us to assess whether a change in mantle fertility translates into relative stabilization
or consumption of the individual phases (Figure 5). Akimotoite, the “new aluminous phase”, and garnet‐majorite
are stabilized by more fertile peridotite compositions above 25 GPa. In the transition zone, the stability of aki-
motoite and the (Mg,Fe)2SiO4 polymorphs is expanding and wadsleyite is stabilized at the expense of ringwoodite
with increasing depletion of the bulk chemistry.

Our findings support the hypothesis of Mookherjee et al. (2012) that the stability of the “new aluminous phase”
depends heavily on whole‐rock chemistry and that the phase is stabilized by an increase in alkalis. In fact, we can
show that this reaction represents the most sensitive chemometer across P–T space in a pyrolytic mantle. Most
relevant for mantle convection dynamics and seismic signatures are phase transitions involving the (Mg,Fe)2SiO4

polymorphs that are associated with distinct seismic discontinuities at depths of 410, 520, and 660 km
(Frost, 2008). The phase transition associated with the 410‐km discontinuity is among the least sensitive reactions
with respect to changes in mantle fertility (Figures 4 and 5). The 520‐km discontinuity, associated with the
continuous transition from wadsleyite to ringwoodite, is here shown to be relatively sensitive to changes in bulk
chemistry, shifting it toward higher P with increasing depletion of the mantle peridotites (Figures 5a and 5b). The
associated seismic discontinuity is particularly weak and often indistinguishable from signal‐processing artifacts
(Frazer & Park, 2024). The fact that the position of the wadsleyite–ringwoodite transition is susceptible to small
changes in mantle fertility offers an explanation for the absence of a sharp 520‐km discontinuity. Hence, het-
erogeneous mantle depletion complements a previously proposed mechanism relating chemical heterogeneities to
520‐km visibility, namely the dampening by elevated garnet modes for mantle regions with a high basalt fraction
(Frazer & Park, 2024). For the 660‐km discontinuity, the perovskite‐forming akimotoite‐out reaction (arrow in
Figure 5), is of particular interest. This phase transition has a steep negative Clapeyron slope and is crossed by
subduction associated mantle geotherms (Ganguly et al., 2009; Thompson, 1992). A steep negative Clapeyron
slope of a perovskite‐forming reaction, the transition to the lower mantle, promotes positive buoyancy of
anomalously cold material, preventing the penetration of downgoing slabs into the lower mantle (Fukao
et al., 2009). The presence of akimotoite as an intermediate between ringwoodite and perovskite has been

Figure 5. Directional derivatives of phase boundaries with respect to the compositional vector difference between Basalt and Harzburgite, that is, mantle fertility.
Positive derivatives indicate expansion of a phase's stability toward more enriched bulk compositions, while negative derivatives indicate a stabilization toward more
depleted bulk compositions. Differential stability is shown for (a) wadsleyite, (b) ringwoodite, (c) perovskite (bridgmanite), (d) garnet‐majorite, (e) akimotoite, and
(f) “new aluminous phase.” Note that the color‐scale is non‐linear to accompany the large differences in magnitude.
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proposed to explain the observed ponding of slabs and associated depression of the seismic discontinuity beneath
subduction zones (Cottaar & Deuss, 2016). Chanyshev et al. (2022) acknowledge the possibility of a composi-
tional control over the akimotoite‐to‐perovskite reaction. We can demonstrate that for increasingly depleted
mantle rocks, akimotoite stability near the 660‐km discontinuity is favored at the expense of perovskite,
potentially depressing the discontinuity. These findings highlight mantle fertility as a potential variable influ-
encing buoyancy‐changing phase transitions across the mantle transition zone, indicating a coupled thermo‐
chemical control of layered versus whole‐mantle convection.

3.3. Computational Performance Comparison

Computational performance is crucial when phase equilibrium modeling is applied to large scale geodynamic
models or used within inverse modeling methods. In such scenarios, the lesser precision but greater computational
efficiency of a surrogate might be worth trading off against a GEM‐based physical model, for example,
MAGEMin. For this, the performance and scalability between the two approaches are compared. Both methods
are benchmarked when predicting phase equilibrium for an increasingly larger set of points: 102, 103, 104 and 105.
Each benchmark was performed on a machine with two Intel® Xeon® E5‐2620v3 with 2 × 64 GB of RAM at the
University of Lausanne, using single‐precision floating‐point arithmetic (float32). As the surrogate can take
advantage of GPU acceleration, the surrogate benchmarks are repeated on an Nvidia® Geforce GTX TITAN X
with 3072 Compute Unified Device Architecture (CUDA) cores and 12 GB GPU memory (GRAM). For each
benchmark, a total of five trials are run. The data are loaded into RAM and GRAM beforehand, and a warm‐up
prediction is performed to exclude pre‐compilation time.

The comparison indicates that an ML surrogate approximation of phase equilibrium is systematically two orders
of magnitude faster than GEM (Figure 6). Surrogate predictions can be computed consistently as fast as 10 µs per
point on the CPU. Both MAGEMin and the surrogate scale linearly with increasing number of predictions.
However, when using GPU acceleration, the surrogate scales nearly constant with increasing number of pre-
dictions, accentuating the potential gains in computational speed. For large sets of predictions (105), the surrogate
outperforms MAGEMin by over four orders of magnitude, resulting in a minimal prediction time per point of
35.3 ns. Importantly it must be noted that this comparison is only fair for scenarios where the lower precision of

Figure 6. (a) Scaling comparison between Gibbs energy minimization with MAGEMin and the ML surrogate. Linear and constant time complexity are shown for
comparison. (b) Computational time estimates normalized by the number of computed phase equilibrium predictions.
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the surrogate is acceptable and only v and X are of interest. MAGEMin would be capable of providing a plethora
of additional thermodynamic variables, for example, mechanical moduli, heat capacities or entropy, at no
increased computational cost.

These computational time requirements can be extrapolated to planetary scale mantle convection models
(Nakagawa et al., 2010). Using the surrogate to predict the phase equilibrium for all the 2⋅107 tracers used in their
model would require 0.7 s with the GPU performance estimate or 202 s with the CPU per time step.

4. Conclusion
We find that an ML surrogate can be calibrated to predict the compositional variables v and Xss from P–T–xbulk
for phase equilibrium problems. The obtained calibration can predict these variables accurately and with a
precision sufficient for petrological applications. The work presented in this contribution can be summarized by
the following conclusions:

1. Following Xu et al. (2008), the complex chemical heterogeneity of Earth's mantle was reduced by simplifying
the compositional variability to lie along a mixing line between basaltic and harzburgitic compositions. This
allows for an effective sampling within the relevant problem domain, making it feasible to generate high‐
resolution training data.

2. The model architecture combining a mineral stability classification with a regression of compositional vari-
ables proved itself useful to tackle the difficulties of predicting properties which are phase specific and thus
only defined when the corresponding phase is stable. In combination with the explicit consideration of first‐
order physical principles, that is, mass‐balance and closure of compositional variables, in the misfit function,
this allowed a surrogate model that can predict phase‐specific thermodynamic variables to be calibrated,
expanding the current capabilities of bulk properties emulation (Kerswell et al., 2024).

3. The evaluation on an independent test set has shown that the surrogate can match the physical model to a high
degree of accuracy and precision. Assemblages, mineral modes and the composition of solid solutions can be
predicted with errors that lie well within the requirements for practical applications and uncertainties stemming
from the calibration of thermodynamic data used for GEM‐based phase equilibrium modeling (Weller
et al., 2024).

4. The close correspondence between computed sensitivities and known Clapeyron slopes, or the compositional
components governing discontinuous and continuous phase transitions, validates the physical consistency of
the surrogate. More significantly, the availability of analytic gradients with respect to all input variables opens
a direct pathway to embedding gradients over phase equilibrium predictions within optimization‐based inverse
problems.

5. The evaluation of the computational performance has shown a stark decrease in computational time by
multiple orders of magnitude. This, combined with the capability to compute predictions on a GPU, for which
it could be shown that the computation scales very efficiently, and their inherent differentiability, make
surrogates an extremely promising tool for heavy duty applications, for example, geodynamic solvers, in-
versions or reactive transport codes, requiring phase equilibrium predictions.

Our findings demonstrate that for applications where an increase in computational speed can be traded off against
a reduced precision, to about Δv = ±0.01 molmol− 1 and ΔXss = ±0.005 molmol− 1, ML surrogates show great
potential to speed up GEM‐based phase equilibriummodels. Together with fast models predicting bulk properties
(Kerswell et al., 2024), phase equilibrium can be coupled to large‐scale geodynamic models. Predicted mineral
modes and composition can be empirically linked to physical properties (Zhao et al., 2018) or used for equilibrium
partitioning with trace components such as water in the mantle (Inoue et al., 2010). One particularly promising
application is inversion problems, where gradients over a phase equilibrium prediction could greatly benefit the
associated optimization problem.
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Availability Statement
To reproduce the findings of this contribution, we provide an archived GitHub repository (Hartmeier, 2026)
together with accompanying data sets (Hartmeier & Lanari, 2026).
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