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Abstract

Efficient and precise prediction of plasticity by data-driven models relies on appropriate
data preparation and a well-designed model. Here we introduce an unsupervised machine
learning-based data preparation method to maximize the trainability of crystal orientation
evolution data during deformation. For Taylor model crystal plasticity data, the precon-
ditioning procedure improves the test score of an artificial neural network from 0.831 to
0.999, while decreasing the training iterations by an order of magnitude. The efficacy of the
approach was further improved with a recurrent neural network. Electron backscattered
(EBSD) lab measurements of crystal rotation during rolling were compared with the
results of the surrogate model, and despite error introduced by Taylor model simplifying
assumptions, very reasonable agreement between the surrogate model and experiment was
observed. Our method is foundational for further data-driven studies, enabling the efficient
and precise prediction of texture evolution from experimental and simulated crystal plasticity
results.
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1. Introduction

Microstructural science seeks to connect
material structure to composition, process
history, and properties [1]. In crystalline
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engineering materials, the orientation and
distribution of crystals, and their evolution
over the course of deformation, are critical
microstructural features [2]. Polycrystalline
texture impacts several physical [3, 4], me-
chanical [5], optical [6, 7], chemical [8, 9],
and thermal [10] properties.

The multitude of crystal plasticity data
published in the literature now serves as
feedstock for machine learning (ML) stud-

Preprint submitted to Nature Materials May 24, 2021



ies, in some cases replacing expensive ex-
periments or computationally demanding
models [11]. Generally there are two sources
of data:

i) Experimental measurements: Since the
early ’90s, electron backscatter diffraction
(EBSD) has been the primary tool to gen-
erate quantitative information of texture,
and track changes during deformation in
metal alloys, mainly via ex situ and semi
in situ experiments [12, 13]. Data can be
collected in 2D or via destructive methods
in 3D. New developments at synchrotron X-
ray sources have led to breakthrough in non-
destructive characterization of crystalline
systems, which enable in situ characteriza-
tion of metals in four dimensions (over time
in 3D) [14, 15].

ii) Modelling results: Crystal plasticity
models, paired with experiments, track tex-
ture evolution during deformation, and do
so despite limitations imposed by neces-
sary assumptions. The Taylor model [16]
assumes equality of macroscopic and in-
grain plastic deformation rates. Visco-
plastic self-consistent (VPSC) model [17]
approximates grains ellipsoidal in interac-
tion with a homogeneous effective medium.
ALAMEL [18] and GIA [19], assume ve-
locity gradients is identical to a cluster of
grains, rather than individual ones. Crystal
plasticity finite element model [20], which is
the computationally costly but more accu-
rate. This approach is capable of achieving
stress equilibrium at the element bound-
aries, while also maintaining geometrical
consistency throughout the entire represen-
tative volume element [21]. Finally, though
limited in time and size scale, atomistic
simulations address fundamental questions
in work hardening mechanisms and crystal
rotation during deformation (see e.g. [22]).

Three categories of ML (supervised learn-

ing [23–27], semi- and un-supervised learn-
ing [28–31] and reinforcement learning [32–
34]) have been used extensively to predict
material properties. For polycrystalline
metallic systems, ML has been used to
reduce the computational expense of data
generation for nonlinear elastic problems
[35], predict fracture patterns in crystalline
solids [36] and develop constitutive models
representing the average properties of the
effective medium [37, 38]. An entire cate-
gory of has been efforts devoted to system-
atic design of a platform to meaningfully
prepare the data of polycrystalline samples
in 3D and/or 4D [39, 40] .

According to these attempts, regardless
of the source of the data, two parameters
are essential for a reliable model of plasticity
via ML: sufficient data of the representative
volume element [35] and a suitable model
for handling temporal data [41]. How-
ever, even when these two parameters are
satisfied, ML surrogate crystal plasticity
models for spatio-temporal orientation evo-
lution under deformation still report a sig-
nificant presence of anomalies [42–44]. Such
anomalous behaviour is related to the non-
linearity of Euler space, and the presence
of multiple equivalent Euler angles in the
Euler space due to crystal symmetry [37].
To improve trainability of crystal plasticity
data, two solutions have been suggested:
1) defining loss function as averaged dis-
orientation angle to take into account all
crystallographic symmetry operators [45],
2) transferring the data points away from
the boundary of the representative space,
where identified as prone to low trainability
[42]. These solutions have been partially
effective, however, have come at the cost of
significant compromise in the computation
time. In these cases, the data was sampled
from a subdomain of Euler space, whereas,
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extrapolating forward, one could anticipate
that if such a surrogate model is trained
to represent the entirety of Euler space,
the quantity of outliers should increase,
and the trainability should correspondingly
decrease.

Here we identify the common source of er-
ror, a solution is proposed, and the trained
model is tested with experimentally mea-
sured data. Crystal orientation evolution
data during a rolling process is generated
from the entire Euler space using a full-
constraint Taylor model (FCTM). The crys-
tal plasticity data first is trained in con-
ventional representations 1) “as-is”, and 2)
after transfer to the fundamental zone. The
purpose is to identify the root cause of
poor trainability of the data in conventional
presentations. After detailing the cause of
anomaly a three-step method combining un-
supervised machine learning and clustering
algorithms is proposed. The method elimi-
nates anomalies and results in the accurate
and rapid training of crystal plasticity data.
The efficacy of the method is examined
using feed forward and recurrent neural
networks, and finally, the validity of the
orientation evolution modelled by ML, with
data from the Taylor model, is assessed by a
semi in situ crystal rotation measurements
during rolling. This new precondition-
ing approach enables ML-generated high
fidelity results and generalization, which
opens new avenues in predicting texture
evolution.

2. Nature of the data

2.1. Euler angle and Euler space

Crystallographic orientation is described
by three Euler angles (φ1, Φ, φ2), that
represent the relation between the axes
of the crystal lattice with respect to a

fixed coordinate system. For the rolling
process, the reference coordinate system is
the rolling, transverse and normal directions
(RD, TD and ND, respectively). By em-
ploying the three Euler angles, an orien-
tation can be represented by a coordinate
in the Euler space with perpendicular axes
of length 2π, π and 2π for φ1, Φ and φ2,
respectively. Lattice deformation results in
rotation of the crystal, which is equivalent
to the change of coordinate in the Euler
space. As shown schematically in Figure
1, crystal orientation of any scanned point
is mapped to a coordinate in the Euler
space, thus, during deformation a trajectory
is described. This work proposes precon-
ditioning the data such that the surrogate
model for trajectory prediction represents
the minimum deviation from the experi-
mentally measured values, no matter the
initial data’s origin in Euler space.

Depending on the stacking sequence and
arrangement of atoms, a crystal lattice will
show certain elements of symmetry. The
presence of crystal symmetry will result in
a different but equivalent number of points
in the Euler space, which all represent the
same orientation. For instance, Aluminum
(used in this work), with face centred cu-
bic lattice, is invariant under 24 different
symmetry operators; thus, for any given
orientation, 24 equivalent points appear in
the Euler space. The so-called fundamental
zone (FZ) of the Euler space is the subset of
Euler space (or orientation space in general)
within which each orientation appears only
once. The FZ of the Euler space is defined
in the range of [0, 2π], [0, π/2] for φ1 and
φ2, respectively. Φ varies in the range
of [0, π/2], and cos Φ > cosφ2√

1+cos2 φ2
and

cos Φ >
cos(π

2
−φ2)√

1+cos2(π
2
−φ2)

are also satisfied.
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The Euler space, axis and FZ, are shown
in Figure 1. A comprehensive description of
the orientation representation, Euler angles,
Euler space, FZ, the method of calculation
and the corresponding Python code are
available in the Supplementary Information
(SI).
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Figure 1: Any crystal orientation is represented
by a coordinate in Euler space, a tetragonal
space with φ1, Φ and φ2 axes, coloured in
blue. Each crystal orientation with cubic
symmetry has 24 equivalent coordinates in
Euler space. A change of crystal orientation
due to deformation results in a trajectory in
this space. The fundamental zone, coloured in
copper, is a subset of Euler space in which any
orientation appears only once. Our approach
is aiming for prediction of this trajectory.

Our ML algorithms are trained on the
dataset generated by the fully constrained
Taylor model (FCTM) [46]. FCTM is
perhaps one of the simplest computational
approaches to predicting plasticity in met-
als. It has relatively low computational
overhead and yet has been shown to be able
to capture many features of e.g., texture
evolution in metals [47]. FCTM neglects

the interactive/constraining effects of neigh-
bouring grains on the path of deforma-
tion. This assumption imposes error on
the prediction of texture evolution in real
materials; however, this method is an ideal
candidate for data generation for the pur-
pose of testing the trainability of the crystal
plasticity data due to three reasons: (i) it is
possible to sample the entire Euler space,
which is not easily achievable by other
models, (ii) the only input of the Taylor
model is the initial orientation of the crystal
and the mode of deformation, thus, there is
no size limitation for the generated dataset,
and (iii) the simplification assumption of
the Taylor model eliminates the features
of the training set which are related to
interactions between neighbouring crystals.
Thus, the intrinsic error associated with the
representation of the data in Euler space
will be measurable. When generating the
training and test set, we discretized the Eu-
ler space in increments of 8 degrees, wherein
each initial orientation was deformed up to
30% with increments of 1%, for a total of
1,336,500 data points.

Two metrics are used to compare model
prediction and the ground truth: 1) the
absolute difference between the predicted
Euler angles and the ground truth (∆ϕ),
and 2) disorientation angle, defined as the
smallest possible rotation angle among all
symmetrically equivalent misorientations.

3. Anomaly in training of CP data

Initially, two conventional formats of CP
data representation are trained: 1) Orien-
tation evolution obtained from FCTM, as-
is. In this case, the initial orientation is
uniformly distributed in the Euler space and
the subsequent orientation change due to
deformation is tracked. 2) Prior to training,
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the data is transferred to the FZ. The re-
sults are used to identify the shared features
of outliers reported previously [42–44], and
used to inform the solution accordingly.

3.1. Outliers for uniformly distributed data
in Euler space

The architecture of the feed forward arti-
ficial neural network (ANN) and the models
predictions are shown in Figure S6(a). The
input layer includes 4 features of initial
Euler angles (φi1, Φi, φi2) and the applied
reduction (ε) via rolling process. The out-
put layer consists of Euler angles after plane
strain compression mode of deformation.
Figure 2(a1) shows the comparison between
the predicted Euler angle of the test set at
the end of the training process, and the
ground truth (FCTM). φ1, Φ and φ2 are
coloured in blue, red and green respectively.
There are significant number of outliers,
mainly at φ1 = π and φ2 = 0 and 2π.
The disorientation distribution and abso-
lute difference between the ground truth
and predicted Euler angles are presented
in Figure 2(b1) and (c1), respectively. For
ANN with Nl = 5 and Nn = 100, dis-
orientations are as high as π/5 and form
almost two distinct peaks, implying two
regimes in the data. This effect is also
observed in ∆ϕ map in the φ1−Φ projection
of Euler space. While the data far from
the boundaries of the Euler space shows
reasonable trainability, the error increases
in the vicinity of the boundary. Let us
define Orientation evolution path (OEP),
as the curve resulting from connecting the
coordinates in the Euler space from the least
to the most reduction value (0 to 30% in
this case). Figure 2(d1) displays 7 OEPs,
whose initial orientations alter along φ2 in
increments of 8 degrees. Overall, the path
is smooth and the associated error is rea-

sonably small. The major error, however,
results from cases such as the one shown in
Figure 2(d2), with discontinuity in EOP due
to exiting the Euler space and re-entering
from a different region.

3.2. Outliers after transferring data to fun-
damental zone

In FCC systems, crystal symmetry results
in 24 dissimilar but equivalent OEPs in
Euler space, such as those shown in Figure
S7. Presenting the Euler angles that lie
within the FZ is an approach to avoid the
repetition of equivalent data [43, 48].

Treatment of data by transferring to the
FZ, Figure S8(b) shows the distribution
of the Euler angles. Due to the irregular
geometry of the FZ, the data distribution
is non-uniform. A comparison between
the predicted Euler angles and the ground
truth (calculated by FCTM) for the test
set is shown in Figure 2(a2). Even though
many data points lie on the centre line,
significant outliers are scattered, indicat-
ing poor prediction of the model, mainly
for φ1 and φ2. The distribution of the
disorientation angle between measured and
predicted Euler angles is shown in Figure
2(b2). Although increasing the number of
NN hidden layers shifts the disorientation
curve to smaller values, it is not sufficient
to serve as a reliable surrogate model.

Figure 2(c2) shows the projection of ∆ϕ
on φ2 − Φ and φ1 − Φ planes, respectively.
In a loose generalization, hotspots of the
error map are concentrated in two parts:
adjacent to the boundary of the FZ, and
at the multiples of π/2. Considering the
non-linear nature of the crystal plasticity
problems, curvature, direction, smoothness
and uniformity of OEPs is inconsistent (12
examples of OEPs are shown in the Figure
S9). However, the main source of error
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Figure 2: Illustrating the anomalous response of crystal plasticity data to training in conventional
representations. a1 and a2) Comparison between artificial neural network prediction and the
measured values from fully constrained Taylor model (ground truth) for orientation evolution path
initiated in Euler space (uniformly) and after transformation to the fundamental zone, respectively.
b1 and b2) The distribution of disorientation angle between the measured and predicted values.
Two peaks observed in each representation indicate that for both cases the trainability falls into
two regimes. Increasing the number of artificial neural network hidden layers from Nl = 2 to
Nl = 5 improves the prediction slightly; however, the model still fails in reliably predicting the
texture evolution. c1 and c2) ∆ϕ, which is noticeably larger when the initial crystal orientation
is adjacent to the boundary compared to those away from the boundary of the Euler space or the
fundamental zone. d1) Typical orientation evolution path far from the boundary of Euler space.
d2 and d3) orientation evolution path near the boundary of Euler space and the fundamental zone,
respectively, in which the path is disconnected due to exiting the corresponding space.

is discontinuity of OEP due to exit from
the FZ and entry from another location.
An example of such OEP is displayed in
Figure 2(d3). The initial Euler angles are
(1.68, 1.54, 0.70). Deformation results in
departure of FZ and a sudden change of di-
rection and corresponding jump in the OEP.
Such data points have low trainability.

4. OEP preconditioning via disconti-
nuity removal

Having identified discontinuity of OEP as
the cause of poor data trainability, here we
suggest a data preconditioning procedure.

The procedure includes three major steps
that are shown in Figure 3, and the corre-
sponding codes are available in the SI.

Step 1: Generate the equivalent OEPs.
Any given OEP, consisting of 31 orientation
matrices (gj), where j is the deformation
increments and varies in the range of [0,30].
An example is shown in Figure 3(a). FCC
crystals with cubic symmetry possess 24
symmetry operators (Oi), where 1 ≤ i ≤
24. Thus, gji = Oig

j, including 24×31
orientation. Figure 3(b) shows gji , in which
orientations with equal i share the same
colour.
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Step 2: Cluster the orientations. Data
points labeled by the deformation increment
in the range of (0-30) are clustered. The
total number of clusters Nc ≥ 24, depends
on the initial crystal orientation. 24 clus-
ters form when none of the OEPs inter-
sect with the boundary of the Euler space,
whereas when intersection occurs, the num-
ber of clusters increases. Local density-
based clustering algorithm [49], DBSCAN,
is the method be suited to clustering such
data, since there is no need to specify the
number of clusters, and it also excels at
identifying clusters of non-spherical shapes.
Only clusters of size 31 with unique labels of
0 to 30 are selected, as shown and coloured
in Figure 3(c).

Step 3: Select the cluster. If multiple
clusters satisfy this criteria, the one with
the highest number of data points inside
the FZ is selected. One such cluster is
highlighted and magnified in Figure 3(c)
and (d). Although OEPs in Figure 3(a)
and (d) are equivalent, the latter does not
exhibit a discontinuity due to constraints of
the representative space including the Euler
space and FZ. Hereafter, the modified OEP
is referred to as MOEP and the combination
of the MOEP and the ANN is referred to as
MOEP-ANN.

Figure 3(e) shows the number of MOEPs
and their relative position with respect to
FZ. For enhanced visualization, only data
points for which ε is a multiple of 6 are plot-
ted. Comparing the data before and after
modification, this procedure only modifies
the OEPs which cross the boundary of the
FZ; those which are fully embedded in the
FZ are identical in both cases. Paths 1-5 are
examples of the former, while paths labeled
6 - 10 in Figure 3(e) are examples of the
latter.

The effect of the precondition procedure

on the trainability of the data is presented
in Figure 4. Very good agreement between
the predicted Euler angles for the test set vs.
the ground truth is observed in Figure 4(a).
No significant outliners and very limited
deviation from the centre line indicates the
effectiveness of the preconditioning algo-
rithm. The distribution of the disorienta-
tion angle for models with 2 and 5 hidden
layers is embedded in Figure 4(a). The peak
in error distribution occurs at 0.8 degrees,
with 95% of disorientation angles less than
3◦. Figure 4(b) is the direct comparison
between the trajectory of orientation evo-
lution from the Taylor model (blue arrows)
and MOEP-ANN (red arrows). A group of
trajectories, such as that in Figure 4 (b1-b3)
form a smooth path, and the model has a
very good agreement with the ground truth.
Over 90% of the MOEPs are from this
type. There are, however, some MOEPs for
which sudden changes in the trajectory are
observed. Such sharp changes in direction
can be attributed to activation of a different
set of slip systems. Such abrupt change was
successfully captured in the cases of Figure
4(b4), while the model could not capture the
essence of the ground truth in case Figure
4(b6). While this can be a normal response
of a crystalline system to deformation, in
some cases another possibility explains the
irregular MOEPs: Taylor ambiguity. Taylor
model searches for a set of five independent
slip systems which minimize the sum of
the internal work done to accommodate the
imposed deformation. The set of activated
slip systems determines the lattice rotation
during plastic deformation and eventually
the direction of the MOEPs. However, a
problem arises when there is more than
one combination of five independent slip
systems with the same minimum of total
shear [50, 51]. In this case, each combina-
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Figure 3: Steps of OEP modification: (a) for any given OEP in the FZ, there is a possibility of abrupt
orientation change. (b) 24 equivalent OEPs are generated. (c) Data points are clustered using a
density based clustering algorithm and clusters of the size 31 with non-repeating labels strain are
saved. If more than one cluster satisfies the criteria, that with the maximum data points in the
FZ is chosen. (d) The abrupt change in the direction and length of OEP due to the geometrical
restriction of the FZ is removed. e) Examples of OEP after applying DBSCAN clustering algorithm,
which eliminates the data point discontinuity. The modified orientation evolution path is referred
to as MOEP. Paths 1-5 are examples of the modified paths, while paths 6 - 10, which are are fully
within the FZ, remain the same.

tion will result in a different lattice rotation
and the model might have chosen either
of two sets of slip systems. Unexpected
changes in direction or serrated MOEPs,
such as the one shown in Figure (b5), might
be due to this effect. Considering the
correlation between the error and sudden
change of direction, MOEP-ANN can be
used to determine the possible change of slip
systems.

5. Recurrent neural network results

In section 3 the input layer consists of
the crystal orientation before deformation
and the applied strain. An alternative
approach to modeling the CP data is fitting
a RNN to learn from the crystal orientation
of the previous increments to predict the
orientation in the current increment. Here
we employed GRU, a gating mechanism in
recurrent neural networks, to describe crys-
tal orientation as a map that depends on the
orientation history of previous increments
in deformation. Trajectories of lengths 6

and 9 with increments of 1% reduction
served as model inputs, and GRUs then
compute the crystal orientation in the next
immediate strain increment. The steps of
constructing the sequential data is available
in the Figure S10. The GRU architecture is
shown in Figure S6(d). Prior to training the
sequential data, the preconditioning process
presented in section 4, is applied. GRUs use
history-dependent hidden states h (εj−1) to
compute the outputs φo1(εj), Φo(εj), φ

o
2(εj).

The comparison Figure 5, shows excellent
agreement between the predicted orienta-
tion and the ground truth for trajectories of
the length of 5 strain increments. The dis-
orientation distribution between the GRU
model prediction and the FCTM is embed-
ded in Figure 5. The mode of distribution
is 0.2◦, indicating the GRU model employed
in this work is able to predict the spatially
and temporally resolved 3D microstructure
evolution under plane strain compression
loading (rolling process).
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Figure 4: (a) The MOEP-ANN predicted Euler angles versus the ground truth (FCTM) for the
test dataset, also, Graph of disorientation distribution between MOEP-ANN and FCTM, for both
2 and 5 hidden layers and 100 neurons. The peak of the disorientation curve is at 0.8 degrees for
both neural network architectures. (b) Comparison between the predicted and ground truth OEPs.
Two regimes of OEPs are observed: 1) (b1-b3) are examples of smooth paths, for which, prediction
of the model is in very good agreement with the ground truth. Over 90% of the OEPs are from
this type. 2) (b4-b6) are the other regime of OEPs, which include sharp change of directions. The
abrupt change can be attributed to the switch between different slip systems or the Taylor model
ambiguity.

6. Prediction of rolling texture evolu-
tion from ML results

To further examine the surrogate
model trained by FCTM data, the
performance was tested on experimentally
measured texture evolution data. Fully
recrystallized commercially pure aluminum
sheet was rolled at room temperature
in four consecutive steps to apply
ε = 6%, 12%, 18% and 24% reduction.
Using EBSD analysis, local crystallographic
orientations were measured at each rolling
step. To ensure that the same group
of grains from the bulk were tracked
throughout the series of deformation, a semi
in situ technique known as split-sample was
conducted. The sample preparation details
and EBSD measurements are presented in
[52].

Euler angles at each EBSD scan
point (step size of 2µm ≈ 590,000
data points) were extracted and the
evolution was tracked over the course
of deformation. Figure 6 (a) and
(b) shows the RD-inverse pole Figure
(RD-IPF) contours of the samples in
annealed state, and after subsequent
deformation. Predication of MOEP-
ANN and MOEP-RNN are presented in
Figure 6 (c) and (d) respectively. While
MOEP-ANN shows good prediction of
the experiment up to ε = 12%, the
contours resulting from the MOEP-RNN
are in excellent agreement with EBSD
measurements for the entire range of
deformation. An alternative presentation
of crystallographic orientations is through
IPF colour assignment. Figure S11 (b1-b5)
illustrates the pixel-by-pixel prediction
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Figure 5: (a) The MOEP-RNN predicted Euler
angles versus the ground truth and disorien-
tation distribution between them, shows the
success of the surrogate model in predicting the
orientation evolution during the rolling process
trained by Taylor model data. The structure
of GRU network in this work, including
preconditioning process, input layer, a matrix
of 3×5 and output of the size of 3×1 for each
sample.

of the orientation evolution for MOEP-
ANN, wherein Figure S11 d1 shows the
distribution in disorientation angle between
all grain pairs (predicted by MOEP-ANN
model and experiment). Where the
deformation is below 15%, the average
disorientation angle for all orientations is
below π/18, and by gradually increasing
the deformation the curves shift to larger
values. This degree of error is exactly in
the range of intrinsic error of the Taylor
model [52]. Since in the best case scenario
the surrogate model is as accurate as the
ground truth (in this case FCTM), any
improvement will come from training the
model with more accurate data.

The more accurate prediction in MOEP-
RNN compared to MOEP-ANN is partially
due to higher model accuracy; however, the
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Figure 6: Comparison between the experi-
mentally measured crystallographic orientation
evolution and predication of the ML models.
(a) The RD-IPF contour of the annealed sam-
ple. (b) The RD-IPF contour of the annealed
sample after applying ε = 6%, 12%, 18% and
24% reduction via rolling. (c) is the equivalent
set of contours predicted by MOEP-ANN. (d)
is the equivalent set of contours predicted by
MOEP-RNN. A good agreement between the
experimental measurements and prediction of
surrogate model is observed, most notably, for
our MOEP-RNN model.

primary source of improvement is due to the
relatively short input trajectory length in
the MOEP-RNN, at an interval of 6 yielding
an intrinsic error of FCTM of up to 6%.
In MOEP-ANN, by contrast, the trajectory
may deviate from the experiment by up to
24%. A detailed discussion on the source of
error of the two models is available in SI 12.
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The results show that crystal plasticity
temporal data exhibit excellent trainability,
with removal of the source of anomaly. A
summary of the architecture performance
differences and the effect of the precon-
ditioning procedure used in this work are
shown in Table S1. Two major benefits
in our preconditioning approach are iden-
tified: 1) the test score is significantly
enhanced: from 0.83 to to nearly unity
(perfect), and 2) the convergence condition
is met after only 16 iterations, while without
preconditioning the convergence condition
is not satisfied even with a magnitude more
iterations.

7. Methods

7.1. Feed-forward neural network

We trained ANN with 4 features in the
input layer including three Euler angles,
representative of the crystal orientation be-
fore deformation (φi1, Φi, φi2), and the
applied reduction (ε). The output layer
has three neurons that are the Euler angles
after deformation via rolling process (φf1 ,
Φf , φf2). Nl hidden layers, with equal
numbers of neurons, Nn, are designed. Nl

and Nn vary and are specified for each
case. Rectified Linear Unit (ReLU) and a
stochastic gradient-based optimizer (adam)
were used as the activation function and the
solver for weight optimization, respectively.
In each case, 60%, 20% and 20% of the data
is used in training, validation and test sets,
respectively, unless stated otherwise.

7.2. Gated recurrent neural network

RNN are a class of neural networks de-
signed to learn from sequential events. We
used a specific subset of RNN, gated re-
current unit (GRU) [53]. The advantage
of GRU is in its capability to avoid the

vanishing gradients phenomenon by using
multiple data-gate mechanisms that control
the flow of storing or forgetting information
in hidden states and outputs. Compared to
Long Short-Term Memory (LSTM), GRU’s
formulation is less prone to overfitting.

The CP data of this work, in the sequen-
tial form, is a trajectory including Euler
angles φi1(εj), Φi(εj), φ

i
2(εj), where 0 ≤ j ≤

30 is the incremental deformation. Each
trajectory is split into t + 1 steps, where t
is the length of history and the Euler angles
at increment t+1 is the ground truth or the
output. For instance, at t = 9, Euler angles
at [ε0, ε8], [ε10, ε18], [ε20, ε28] are the input
array and [ε9], [ε19], [ε29] are the ground
truth or output. The data point at [ε30] is
ignored. In this work, t = 6 is considered.
Input data is normalized to a range between
0 and 1.

7.3. Fully Constrained Taylor Model

For any given crystal orientation, FCTM
determines the texture evolution by search-
ing for a set of five independent slip systems
(out of 12 possible systems in FCC alloys)
which minimize the sum of the internal work
done in the grain, and which accommodate
the imposed deformation. The main as-
sumption of this model is that, in a poly-
crystalline system, the deformation of all
grains is identical to the macroscopic defor-
mation. We used the MTM-FHM software
[54] for the FCTM simulations of deformed
textures with plane strain compression as
the imposed mode of deformation.

∆ϕ as one of the error metrics is cal-
culated by discretizing the domain to the
cubic volume elements of the side size of
π/25 and the error is averaged in each
grid. The discrete values of error are then
interpolated by gaussian process regression
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[55]. The details of disorientation angle
calculations are available in the SI.

8. Conclusion

We have developed a preconditioning
approach which overcomes a fundamental
problem in learning from crystal plasticity
data which arises due to the strong
influence of data anomalies. The anomaly
source was identified by applying ANN to
two datasets: (i) Sampling from the entire
Euler space by equally discretizing the
Euler space, followed by 30% deformation.
(ii) Transferring the orientations to the
fundamental zone as a subspace with
a single representation of any given
orientation. Such formats are conventional
representations of crystal plasticity data;
however, these models exhibit poor
performance in the vicinity of the spaces
boundary. The three step unsupervised
preconditioning approach then used to
modify the orientation evolution path by
removing the anomalies for those close to
the boundary of the space, and enhanced
trainability dramatically.

The efficacy of this approach was also
examined by RNN. The mean disorientation
between ground truth and predicted value is
smaller than 0.2◦, indicating that the pro-
posed surrogate model serves as an effective
substitute for crystal plasticity calculations.
The proposed algorithm is applicable to
any mode of deformation. Training the
data under any loading condition enables
obtaining a coefficient which can be used to
reliably model the crystallographic orienta-
tion evolution for the corresponding mode
of deformation. Another advantage of this
method is that the training set has not been
limited to a local region of the Euler space,
but rather covers the entire Euler space.

Finally, the validity of the deformation
texture calculated from the surrogate model
is assessed by a semi in situ measurements
of crystal rotation during rolling. Generally,
the model is in good agreement with the
experimentally measured texture.

9. Supporting Information

The following file is available free of
charge.

• SI.pdf: Includes representation of Eu-
ler angle and space, fundamental zone,
misorientation, IPF color assignment,
curves of loss functions and more ex-
amples of OEPs.

• SI.files: Includes python codes for
calculation of disorientation angles,
IPF colours, transfer to FZ and
training the data sets for ANN and
GRU. Matlab codes for procedure of
OEP modification is also available.
http://clean.energyscience.ca/codes
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