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Abstract
Amajor goal of materials design is to find material structures with desired properties and in a second step to find a processing
path to reach one of these structures. In this paper, we propose and investigate a deep reinforcement learning approach for
the optimization of processing paths. The goal is to find optimal processing paths in the material structure space that lead
to target-structures, which have been identified beforehand to result in desired material properties. There exists a target set
containing one or multiple different structures, bearing the desired properties. Our proposed methods can find an optimal path
from a start structure to a single target structure, or optimize the processing paths to one of the equivalent target-structures in
the set. In the latter case, the algorithm learns during processing to simultaneously identify the best reachable target structure
and the optimal path to it. The proposed methods belong to the family of model-free deep reinforcement learning algorithms.
They are guided by structure representations as features of the process state and by a reward signal, which is formulated based
on a distance function in5 the structure space. Model-free reinforcement learning algorithms learn through trial and error
while interacting with the process. Thereby, they are not restricted to information from a priori sampled processing data and
are able to adapt to the specific process. The optimization itself is model-free and does not require any prior knowledge about
the process itself. We instantiate and evaluate the proposed methods by optimizing paths of a generic metal forming process.
We show the ability of both methods to find processing paths leading close to target structures and the ability of the extended
method to identify target-structures that can be reached effectively and efficiently and to focus on these targets for sample
efficient processing path optimization.

Introduction

Manufacturing processes usually influence the internal struc-
ture of materials and the resulting material properties. Con-
versely, this means that tailor-made material properties can
be set via the manufacturing process. The relations between
processing, structure, property, and performance ofmaterials
are represented in Olson (1997) as a three-link chain model
which is depicted in Fig. 1. The inversion of this three-link
chain model reveals a workflow for the design of newmateri-
als and processes, driven by desired material properties and
the workpiece performance. The present paper focuses on
the last link of the model: The identification of optimal pro-
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cessing paths in a given multi-step manufacturing process
aiming to produce semi-finished products or components
with tailored-properties. For this purpose, a deep reinforce-
ment learning approach is proposed for optimal path-finding,
which is guided by a reward function defined in the native
space of thematerial structures. Themethod is generic for any
set of target-structures and therefore independent of specific
target-properties and property types, as long as the material
structure is correlated to the target-properties.

A material property usually has a one-to-many relation
to structures, which means that a set of structures is equiva-
lent with respect to the desired material properties. The aim
of processing path optimization is then to find a path from
an initial structure to one of the equivalent target-structures.
In the present contribution, we propose an algorithm to find
optimal paths to a single target-structure and an extended
algorithm to solve problems with multi-equivalent target-
structures. The contribution of structure-guided processing
path optimization to the inverse optimization of processing-
structure-property relationships is depicted in Fig. 2. The
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Fig. 1 Three-link chain model following (Olson 1997). The focus
of this publication is the highlighted processing-structure link. The
proposed approach complements methods for inverse optimization of
structure-property relationships

theory of the methods proposed in this publication apply to
structures of all scales. In the materials design context, the
microstructure is of special interest, which is why we focus
on the processing of these in our use-cases. In the following,
we use the term microstructure without loss of generality.

The proposed method is instantiated and evaluated with a
syntheticmetal forming sample process. The process consists
of a sequence of forming steps, where a uniaxial displace-
ment is applied to the material with a certain direction and
magnitude being chosen by the algorithm at each step. A
special form of this generic process is e.g. the open die
forging process. We simulate the evolution of crystallo-
graphic texture as one of the major microstructural features
that is affecting macroscopic material properties. In process-
integrated online reinforcement learning, the reinforcement
agent directly interacts with the process: The optimization
algorithm obtains the current crystallographic texture and
determines the next deformation step during the process
execution. The proposed algorithm can be set in series to
any method for inverse structure-property mappings. Recent
examples of such methods in metal forming are described

for example in Liu et al. (2015); Paul et al. (2019). The core
of both approaches is a supervised learning-based identifi-
cation scheme for regions in microstructure space yielding a
set of optimal or near-optimal microstructures with respect
to given desired properties.

Related work

A general approach for materials design and optimal pro-
cessing is described by the Microstructure Sensitive Design
(MSD) framework, which goes back to the publication of
Adams et al. Adams et al. (2001). An extensive review of
publications in the context of the MSD framework and its
applications can be found in Fullwood et al. (2010). Central
to MSD is the description of microstructures using n-point
correlation functions transformed into a spectral representa-
tion. After this transformation, microstructures are defined
by single points in a high-dimensional spectral space and
the set of microstructures obtaining specific target-properties
can be identified in the form of points lying on iso-property
hyperplanes. The overall framework of MSD is described
in Fullwood et al. (2010) as a seven-step process starting
from the definition of the principal properties (step one) and
ending with the identification of processing paths to reach
a target-microstructure from a given starting microstructure
(step seven). While a huge corpus of publications exists for
the first steps, only a few publications can be found focusing
on processing path optimization in the context of materi-
als design (Shaffer et al. 2010; Li et al. 2007; Acar and
Sundararaghavan 2016, 2018; Sundar and Sundararaghavan
2020; Tran et al. 2020). Following the MSD approach, in
Shaffer et al. (2010), a so-called texture evolution network
is built based on a priori sampled processing paths. The
texture evolution network is a directed tree graph with crys-

Fig. 2 Overview of structure-guided processing path optimization in
the context of inverse structure-propertymappings. The direct three-link
chain (Processes-Structures-Properties) is depicted by white arrows; its
inversion by black arrows. Desired propertiesK∗ are mapped to a set of
target-structures σ̌

g
G ∈ G. Structures σ are described by features d(σ ).

For a given initial structure σ0, the aim of structure-guided processing

path optimization is then to find an efficient sequence of processing-
steps to one of the target-structures from G. As indicated by the shaded
process-area in the structure feature-space, not all structures from G
are necessarily reachable by the process. The optimization is guided
by the structure features and a reward function defined in the space of
structures
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tallographic textures as vertices and process steps as edges.
Once the graph is built, it is mapped to property space by a
microstructure-property mapping. In property space, graph
search algorithms are used to find processing paths from a
given graph-node (which is denoting the starting microstruc-
ture) to a target-node (which is denoting a microstructure
with desired properties). The sequence of edges passed is
then the aimed processing path. In Li et al. (2007), crystal-
lographic texture evolution models for rolling and uniaxial
tension processes are used to create a network in the space of
microstructures, consisting of processing-streamlines. Lin-
ear differential transition functions are derived from the
continuity equation (following Bunge and Esling 1984) and
are used to describe the microstructure evolution for each
process. Similar to the texture evolution networks approach,
the a priori calculated streamlines can be used as a process
evolution model and search algorithms can be used to query
the model. In Acar and Sundararaghavan (2016), one-step
deformation processes are optimized to reach an element of
a set of target-microstructures. Tension, compression, and
various shear processes are represented by so-called process
planes. These are per process principal component analy-
sis (PCA) projections of microstructures that are reachable
by the specific process. The optimization is performed by
searching for the process plane which best represents one
of the target-microstructures. In Acar and Sundararagha-
van (2018) this approach is extended by calculating PCA
projections also for two- and three-step processes. In Sun-
dar and Sundararaghavan (2020) variational autoencoders
are used to represent processed microstructures in a lower-
dimensional space. A priori sampled microstructures with
associated processing paths are stored in a database. For
a given target-microstructure, microstructures with known
processing paths are then identified in the database by using a
distance-function defined in the low-dimensional space. The
method is applied to a data set, sampled from parametrized
tension, compression and rolling processes with up to four
process steps. The approach in Tran et al. (2020) combines
Bayesian optimization and kinetic Monte Carlo simulations
to optimize welding process parameters and a grain growth
process with the objective defined in the microstructure
space.

The majority of the methods discussed above are based on
a search-algorithm, either directly searching in a set of a pri-
ori sampled processing paths (Shaffer et al. 2010; Acar and
Sundararaghavan 2016, 2018; Sundar and Sundararaghavan
2020) or in a generalized function derived from a priori pro-
cessing paths (Li et al. 2007). Thereby, they implicitly rely
on the assumption, that the sampled set is representative and
fully describes the microstructure space. In contrast, only the
approach presented in Tran et al. (2020) actively samples a
process simulation.When it comes to the process-path length,
most of the algorithms optimize single-step processes (Acar

Table 1 Table of themost important symbols used throughout the paper

Symbol Quantity

Reinforcement learning

S State-Space, Set of states s

A Action-Space, Set of actions a

t ∈ N Time-step within an episode

K ∈ R
+ Maximum length of episode/Processing

path

P(st+1|st , at ) Probability of the transition to st+1 when
taking at in st

R(st , at , st+1) Reward for the transition from st to st+1
via at

γ ∈ [0, 1] Discount factor

π, π∗ (possibly stochastic) control policy,
optimal π

Vπ : S → R Expected future reward for π

V∗ : S → R Expected future reward for π∗

Q∗ : S × A → R Expected future reward for π∗

x Experience tuple (st , at , st+1, R)

D Replay memory, consisting of experience
tuples x

α ∈ [0, 1] Q-Learning learning rate

θ , θ− Function approximation weights

Application

S Space of microstructures σ , σt , σ ∗

K Space of material properties κ

P Process path

P∗ Optimal process path

G Set of equivalent target-microstructures
σ̌G

SP ⊆ S Reachable Microstructures

dσ : S × S → R microstructure distance-function

f (h) Orientation Density Function

Taylor model

T (i) Cauchy stress of i th crystal

F Deformation gradient

L Velocity gradient

R Rotation matrix

E Young’s modulus

and Sundararaghavan 2016; Tran et al. 2020) or processes
with only few processing-steps (up to six processing-steps)
(Sundar andSundararaghavan 2020;Acar andSundararagha-
van 2018). Except for Acar and Sundararaghavan 2016 and
Acar and Sundararaghavan (2018), the discussed methods
do not explicitly consider the existence of sets of equiva-
lent microstructure solutions for a specified target-property
(Table 1).
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Contribution

We propose a model-free deep reinforcement learning algo-
rithm for structure-guided processing path optimization
and an extended algorithm for sample-efficient process-
ing path optimization in the case of various equivalent
target-microstructures. The proposed algorithms can opti-
mize processing paths of arbitrary length (in our application
study we evaluate on paths with up to 100 processing-steps).
The proposed algorithms are not tied to a specific process
model and do not need a priori samples. Instead, they query
the process simulation during optimization (online). Online
algorithms are not restricted to the information which is rep-
resented in a priori sampled datasets and particularly sample
from regions that are frequently visited during optimization.
This usually has a positive impact on sample-efficiency and
the quality of optimization results (Sutton and Barto 2018).

In the context of manufacturing, reinforcement learning
methods have been proposed for model-free adaptive opti-
mization on the device level and the operational level of
various manufacturing processes. Recently published work
include the optimization of process control in sheet metal
milling (Veeramani et al. 2019), polymerization reaction sys-
tems (Ma et al. 2019), laser welding (Günther et al. 2016)
and in deep drawing (Dornheim et al. 2019). Operational
optimization objects are amongst others material flow in
industrial mining (Kumar et al. 2020), preventive mainte-
nance scheduling of flow line systems (Wang et al. 2016)
and job shop scheduling (Kuhnle et al. 2020).

The algorithms proposed in this paper are based on deep
Q networks (DQN) (Mnih et al. 2015) with several enhance-
ments (Schaul et al. 2015b; Van Hasselt et al. 2016; Wang
et al. 2015). We extend DQN by a goal-prioritization and
data-augmentation mechanism to exploit the fact that several
target-microstructures are equivalent regarding the objec-
tive. The basis for these extensions is the generalization of
the reinforcement learning value functions to include the
target-microstructures, as it is done in the universal value
function approximator approach (Schaul et al. 2015a). The
data-augmentation mechanism we propose is inspired by
hindsight experience replay (Andrychowicz et al. 2017). We
utilize potential based reward shaping (Ng et al. 1999) for
sample-efficient learning.

The contribution of this paper is four-fold:

(1) The proposition of a deep reinforcement-learning algo-
rithm to solve single-target structure-guided processing
path optimization problems.

(2) The extension of the proposed single-target algorithm to
a novel deep reinforcement-learning algorithm to effi-
ciently solve multi-equivalent-goal optimization prob-
lems.

(3) The proposition of a histogram-based distance-function
for orientation densities to describe the crystallographic
texture.

(4) An extensive quantitative evaluation of our algorithms on
a generic metal forming process.

To evaluate the proposed methods, we use an efficient
mean-field crystal plasticity model of Taylor type for the
study presented in this paper. The target of the optimized
process is the crystallographic texture in a single-phase poly-
crystalline material. Nevertheless, due to the generic nature
of ourmethod, it can also be combinedwithmore accurate but
computationally expensive full-field simulation approaches,
see for example (Roters et al. 2010; Eisenlohr et al. 2013).
Furthermore, it is not restricted to optimize crystallographic
texture but can be applied to any kind of microstructural or
material quantity.

To guarantee the reproducibility of our results and to
encourage the development of structure-guided processing
path optimization methods, we publish the used simulation
wrapped by an openAI Gym (Brockman et al. 2016) rein-
forcement learning environment1.

Paper structure

The paper is structured as follows: In Sect. 2 we introduce the
fundamental basics of the reinforcement learning approach
and the material model used for our evaluation case-study.
Then, in Sect. 3 our proposed algorithms for single-target
andmulti-equivalent-target structure-guided processing path
optimization are described. Section4 describes the applica-
tion case study that is used to evaluate ourmethods. In Sect. 5,
evaluation results are reported. Finally, the research results
are summarized in Sect. 6.

Background

Markov decision process and dynamic programming

Markov decision processes (MDP) are defined by the 5-tuple
(S, A, P, R, γ ) and build the formal basis of the problem
definition for the algorithms of reinforcement learning and
of dynamic programming. S is the set of all states s of
the system, and A is the set of allowed control actions a.
P(st+1|st , at ) is the probability of transition to the succes-
sor state st+1 when applying action at in state st . Due to the
Markov property, the one-step transition probability function
P is sufficient to completely describe the transition dynamics
of the decision process. R(st , at , st+1) is the reward function,

1 https://github.com/Intelligent-Systems-Research-Group/
RL4MicrostructureEvolution
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delivering a real-valued reward signal, when a transition from
st to st+1 takes place, triggered by action at at time step t .
The discount factor γ ∈ [0, 1] is the degree of future reward
discounting.

For a given control policyπ , a possibly stochasticmapping
from states to actions A ∼ π(S) and time-index t , the state
value function

Vπ (st ) = EP,π

[
R(st , at , st+1) + γVπ (st+1)

]
, (1)

denotes the expected discounted future reward when apply-
ing the control policy π from state st onwards, where at ∼
π(st ) and st+1 is drawn according to P . The MDP is con-
sidered to be solved when an optimal control policy π∗ is
found, for which the expected future reward is maximized:

π∗(s) = argmaxa∈A EP

[
V∗(st+1)

]
, (2)

for all s ∈ S, whereV∗ = Vπ∗ . As it can be seen in (2),π∗ can
be extracted from V∗. Consequently, finding π∗ is equivalent
to finding V∗. When the transition function P is known in
advance, V∗ can be determined by dynamic programming
methods.

Deep reinforcement learning

If the transition function P is not known, methods from rein-
forcement learning canbeused tofind the optimal policy in an
iterative learning-by-doing fashion, by interacting with the
processes and, based on the experiences made, deriving the
optimal policyπ∗. In function-based reinforcement learning,
expected future reward functions, like the value function (1),
are modeled and the model is used to solve the MDP. The
objective of Q-learning based methods is to identify the opti-
mal Q-function Q∗, also named state-action value function:

Q∗(st , at ) = EP

[
R(st , at , st+1) + γQ∗(st+1, π

∗(st+1))
]
.

(3)

Unlike the value function from (1), the Q-function cap-
tures the one-step system dynamics by taking the actions
into account. In Q-Learning, the approximation of the opti-
mal Q-function is updated based on experience-tuples xt =
(st , at , st+1, R(st , at , st+1)) gathered in each time-step by
interacting with the process. The update is as follows:

Q′(st , at ) ← Q(st , at ) + α(δQ(xt )), (4)

where α ∈ [0, 1] is the Q-learning rate and δQ(xt ) is the time
difference error, defined by

δQ(xt ) = R(st , at , st+1)

+ γ max
at+1∈A

Q(st+1, at+1) − Q(st , at ).
(5)

The Q-function is guaranteed to converge toQ∗ if the explo-
rative policy, which is used during learning guarantees that
the probability of taking an action a in state s is non-zero for
every (s, a) ∈ S × A (Watkins and Dayan 1992). Often an
ε-greedy policy is used for this purpose, which acts randomly
in an ε fraction of time-steps and greedy (according to the
current Q-function estimation) in all other cases (Sutton and
Barto 2018).

Pure Q-learning (without function approximation) is sub-
ject to the curse of dimensionality, like other algorithms
from reinforcement learning and dynamic programming.
This is leading to difficulties in terms of the data complexity
required for sampling high dimensional state-action spaces.
To overcome these difficulties, in real-world applications,
Q-learning is often combined with supervised learning of an
approximation of the Q-function. When artificial neural net-
works are used for function approximation, the Q-function
update learning rate α is dropped in favor of the back-
propagation optimizer learning rate. The training target for a
specific experience-tuple xt is then

YQ = R(st , at , st+1) + γ max
at+1∈A

Q(st+1, at+1, θ), (6)

where Q(s, a, θ) is the Q-function approximation, repre-
sented by an artificial neural network with weights θ . It is
important to note that the theoretical convergence guarantees
from pure Q-learning cease to hold when function approxi-
mators are used.

In this paper we use the deep Q Networks (DQN) algo-
rithm (Mnih et al. 2015) as the core reinforcement learning
algorithm. DQN combines Q-function approximation using
a deep artificial neural network with experience replay (Lin
1992). In typical reinforcement learning tasks, successive
states in the process trajectory are highly correlated. Due
to this fact, updating the artificial neural network weights
in the order of incoming experiences xt breaks the i.i.d.
assumption and leads to a phenomenon called catastrophic
forgetting. This means that early experiences that may
become useful later on in the training process are buried
under later experiences. Experience replay addresses this,
by storing the experiences in a so-called replay memory
D = [e0, e1, . . . , en] which is used to sample data for mini-
batch updates of the DQN in a stochastic fashion during
learning. Due to the dependency of training targets on the
approximated Q-function with constantly updated param-
eters θ as shown in (6), learning can still be unstable. In

123



338 Journal of Intelligent Manufacturing (2022) 33:333–352

DQN, target-parameters θ−, used for target-calculations, are
therefore decoupled from online-parameters θ , which are
continuously updated and used to derive the explorative pol-
icy π . The target-parameters are kept fixed for nθ steps and
are then updated by copying the online-parameters θ− ← θ .
The per-sample training target is then

YDQN = R(st , at , st+1) + γ max
at+1∈A

Q(st+1, at+1, θ
−).

(7)

Further DQN enhancements have been shown to improve
learning performance and stability. The enhancements we
employ are prioritized experience replay (PER) (Schaul et al.
2015b), double Q-learning (Van Hasselt et al. 2016) and
dueling Q-learning (Wang et al. 2015). In standard DQN,
experiences are sampled uniformly from the replay mem-
ory D to form mini-batches for network training. As the
name PER suggests, some experiences are prioritized during
sampling. PER is based on the assumption that experiences
with a higher time-difference error δQ holdmore information
regarding the optimization task. To ensure that the prioriti-
zation does not lead to a loss of diversity in the training data,
PER uses a stochastic prioritization. The PER hyperparame-
terαP E R ∈ R

+
0 determines the influence of the prioritization,

where αP E R = 0 corresponds to uniform sampling. Any
deviation from uniform sampling is in conflict with the i.i.d.
assumption of supervised learning. In reinforcement learn-
ing this becomes noticeable especially towards the end of the
learning process. The resulting bias is corrected in PER by
using weighted importance-sampling. The amount of initial
importance sampling correction β is specified by a second
PER hyperparameter β0 and then linearly approaches 1.0
during training. For an in-depth explanation of the stochastic
prioritization and importance sampling, we refer to Schaul
et al. (2015b).

When using Q-function approximation, the maximization
over estimated action values in the calculation of δQ (5) can
lead to a systematic overestimation of expectation values
(Thrun and Schwartz 1993).Double Q-learning (VanHasselt
et al. 2016) reduces such an overestimation by decoupling the
maximation of the action value from the action evaluation.
The maximization is then done by the online-network, while
the evaluation is still conducted by the networkwith the target
parameters. The resulting per-sample target is

YDDQN = R + γQ(st+1,

argmaxat+1∈A Q(st+1, at+1, θ), θ−), (8)

where R = R(st , at , st+1).
In Dueling Q-learning a decomposition of the Q-network

architecture into two separate streams is proposed. The
decomposition is based on the relationship Qπ (s, a) =

Vπ (s),Aπ (s, a), where Vπ is the state-value function from
(1) and Aπ is the so-called advantage-function, the delta of
the value of a given state s and the value of applying action a
in s. Dueling Q-learning is compatible with PER and double
Q-Learning. For details we refer to Wang et al. (2015).

Taylor-typematerial model

For the purpose of this work, a Taylor-type crystal plastic-
ity model is used as is described in Kalidindi et al. (1992).
The Taylor-type model is based on the assumption that all
crystals in a polycrystalline aggregate experience the same
deformation and does not consider spatial relations and mor-
phological texture. In addition to the classical Taylor model,
the stress response of the material is given by the average
volume-weighted stress over all n crystals

T = 1

V

n∑
i=1

T (i)V (i), (9)

where T denotes Cauchy stress tensor. Based on the mul-
tiplicative decomposition of the deformation gradient in its
elastic and plastic parts F = Fe · Fp, the stress tensor in the
intermediate configuration can be derived for a single crystal:

T∗ = 1

2
C : (FT

e · Fe − I), (10)

where I is the second order identity tensor, C is the fourth
order elastic stiffness tensor, and the · and : operators stands
for the dot and the double dot product. For cubic symmetry,
C has only three independent parameters: C11, C12, and C44.
For iron single crystals, these can be set to 226.0, 140.0,
and 116.0 GPa, respectively (Frederikse 2008). The relation
between T and T∗ is given by

T∗ = F−1
e · (det(Fe) T ) · F−	

e . (11)

The evolution of the plastic deformation is considered on the
basis of the plastic part of the velocity gradient Lp:

Lp = Ḟp · F−1
p . (12)

The flow rule is defined as the sum of the shear rates γ̇ on
every active slip system η (Rice 1971):

Lp =
∑
η

γ̇ (η)m(η) ⊗ n(η). (13)

The slip systems are defined via the slip plane normal n and
the slip directionm. For body-centered cubic crystals, the slip
systems are given by the Miller indices {110}<111> and
{112}<111>. For simplicity and with adequate accuracy,
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the slip system family {123}<111> is not incorporated. To
solve (13), a phenomenological approach is used. The shear
rates are given by the power-law as it is described for example
in Asaro and Needleman (1985):

γ̇ (η) = γ̇0

∣∣∣∣∣
τ (η)

r (η)

∣∣∣∣∣
1/m

sign(τ (η)), (14)

where r (η) is the slip system resistance, and γ̇0 and m stand
for the reference shear rate and the rate sensitivity and are
set to 0.001 sec−1 and 0.02, respectively (Zhang et al. 2016).
The resolved shear stress τ (η) is defined by Schmid’s law

τ (η) = ((FT
e · Fe) · T∗) : (m(η) ⊗ n(η)). (15)

To model the hardening behavior, a description is used
which can be found for example in Baiker et al. (2014)
and Pagenkopf et al. (2016). The hardening model is of an
extended Voce-type (Tome et al. 1984):

τ̂ (η) = τ0 + (τ1 + ϑ1Γ )(1 − e−Γ ϑ0/τ1), (16)

in which τ0, τ1,ϑ0, andϑ1 arematerial dependent parameters
that are calibrated to experimental data of DC04 steel2 and
therefore set to τ0 = 90.0 MPa, τ1 = 32.0 MPa, ϑ0 = 250.0
MPa, and ϑ1 = 60.0 MPa. The accumulated plastic shear Γ

is given by

Γ =
∫ t

0

∑
η

∣∣∣γ̇ (η)
∣∣∣ dt . (17)

The evolution of the slip system resistance can be calculated
via

ṙ (η) = dτ̂ (η)

dΓ

∑
ζ

q̂ηζ |γ̇ (ζ )|, (18)

where q̂ηζ is a matrix that describes the ratio between latent
and self-hardening. Having two slip system families, then
q̂ηζ is composed out of the parameters q̂1 and q̂2, while the
diagonal elements are equal to 1.0. q̂1 represents the latent
hardening of coplanar slip systems and q̂2 of non-coplanar
slip systems.Both values are set to 1.4 (Asaro andNeedleman
1985).

Representation of crystallographic textures

In this work, the crystallographic texture is described by a
one-point correlation function, namely the orientation distri-
bution function (ODF). The ODF is commonly defined as a

2 experiments performed at IUL Dortmund during DFG project Grad-
uate School 1483 (Pagenkopf 2019)

continuous and non-negative function f (h) with

f (h)dh = V (h)

V
and

∫

SO(3)
f (h)dh = 1, (19)

where h is a point in SO(3) and V (h) is the volume of h
in the orientation space. To describe the ODF of metallic
materials, conditions for crystal and sample symmetry can
be incorporated. Due to these symmetry conditions, vari-
ous regions of SO(3) are equivalent. Therefore, orientations
can be mapped to a fundamental zone, such that the ODF
described by the mapped orientations f (h̃) is physically
indistinguishable from f (h) (Bunge 2013).

For function approximation in the context of reinforce-
ment learning a low dimensional state-representation that
describes the state adequately by ordered features is pre-
ferred. These requirements can be fulfilled by approxi-
mating the ODF using generalized spherical harmonics
(GSH) (Bunge 2013) and taking its coefficients as state-
representation. For this reason, GSH coefficients are popular
ODF descriptors in machine learning and data mining appli-
cations (e.g. Fullwood et al. 2010; Shaffer et al. 2010; Li et al.
2007;Acar and Sundararaghavan 2018). By embedding crys-
tal and sample symmetry, the GSH can be symmetrized to
reduce the number of necessary coefficients:

f (h) =
∞∑

l=0

M(l)∑
u=1

N (l)∑
v=1

Cuv
l

∴
T uv

l (h), (20)

where
∴
T uv

l are the symmetrized generalized harmonics func-
tions and Cuv

l are the corresponding coefficients. M(l) and
N (l) describe the number of linearly independent harmon-
ics for the crystal and sample symmetry and are defined in
Bunge (2013). Eq. (20) depicts an infinite series, which is
usually truncated to a certain degree based on the application
of interest. We denote the GSH coefficient vector of a texture
σ with the crystal system Ω of grade l by ζΩ

l (σ ). The repre-
sentation of the ODF via a vector of GSH coefficients does
not allow the unambiguous calculation of distances between
crystallographic textures, which is a prerequisite to reach
given target-microstructures. An alternative representation
will therefore be proposed in Sect. 4.

Method

Objective

For a given target-microstructure σ̌ ∈ S, structure-guided
processing path optimization aims to find a sequence of
processing-steps P∗ = (a0, a1, ..., aN−1, aN ), where N <
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K and K is the maximum length ofP , that leads from an ini-
tial microstructure σ0 to the nearest possible microstructure

σ ∗ = argminσ∈SP dσ (σ, σ̌ ), (21)

from the set of microstructures SP ⊆ S which are reachable
by the process,wheredσ : S×S → R

+
0 is a distance function

in the microstructure space S. The optimal processing path
P∗ is the shortest among all paths from σ0 to σ ∗. Neither
SP nor σ ∗ are known in advance. Instead, an interactive
microstructure changing process is given.

Typicallymultiple equivalentmicrostructures exist, which
bear the desired material properties exactly or at least in
a sufficiently small range. Approaches for the inversion of
structure-property mappings therefore often return a set G
of target-microstructures σ̌G ∈ G instead of a single target-
microstructure σ̌ (Liu et al. 2015; Paul et al. 2019). The
additional aimof processingpath optimization is then to iden-
tify the best reachable target-microstructure σ̌ ∗

G ∈ G and Eq.
(21) extends to

(σ ∗, σ̌ ∗
G) = argmin(σ,σ̌G)∈SP×G dσ (σ, σ̌G). (22)

Generally, processing path optimization algorithms can take
two basic strategies to solve this extended task:

(a) Independently optimize paths for each σ̌G ∈ G, to iden-
tify σ̌ ∗

G retrospectively.
(b) Integrate the identification of σ̌ ∗

G into the path optimiza-
tion procedure.

Strategy (a) results in a straight forward procedure using a
standard single-goal process path optimization algorithm for
every microstructure in G, while strategy (b) often requires
adoptions of the standard single-target path optimization
algorithm. If the optimization algorithmworks online like the
proposed approach and not on a priori process samples, the
overall process efficiency is highly dependent on the number
of interactions. In the case of real processes, this determines
the processing time, energy, and tool wear. In the case of
simulated processes, it determines the computational cost
of the process simulation. Strategy (a) uses the maximum
amount of resources by optimizing processing paths for each
σ̌G ∈ G independently. By integrating the identification of
the optimally reachable microstructure into the optimiza-
tion procedure, the algorithm focuses its resources early
on target-microstructures that are considered to be reach-
able and ignores target-microstructures that are very likely
unreachable. Therefore, we propose a multi-equivalent-goal
reinforcement learning approach, which follows strategy (b).

In the remainder of this section, we firstly propose a
deep reinforcement learning approach to solve single-goal
structure-guided processing path optimization problems,

Fig. 3 Schematic overview of single-goal structure-guided processing
path optimization. For the target-microstructure σ̌ , the task is to find a
path of process actions P = [a0, a1, ....] that produces a microstruc-
ture σ ∗, close to σ̌ . The process is a black-box for the reinforcement
learning agent. After executing at the process emits a state description
st+1 and a reward signal Rt+1 ∈ R. The reinforcement learning agent is
structure-guided in the sense that st is a description of themicrostructure
σt and the reward-signal Rt is a function g of the microstructure dis-
tance dσ (σt+1, σ̌ ). The region of reachable microstructures is depicted
by the shaded area. Here, microstructures are represented by the crys-
tallographic texture, depicted by 100, 110, and 111 pole figure plots

as depicted in Fig. 3, and then extend it to our multi-
equivalent-goal structure-guided processing path optimiza-
tion approach.

Single-goal structure-guided processing path
optimization

Amicrostructure changingprocess canbedescribedby the
set of allowed processing-steps a ∈ A, a set of process state
descriptions s ∈ S and a transition function P(st+1|st , at ).
The state description st at time step t consists of a repre-
sentation d(σt ) of the associated microstructure σt and in
some cases of additional process-state related quantities, like
process-conditions or external process parameters. For the
process studied in this paper, the microstructure is repre-
sented by truncated generalized spherical harmonics, thus
d(σt ) = ζΩ

l (σt ). The transition function P is not defined in
an explicit form but can be sampled by interacting with the
microstructure changing process or the process simulation.

To complete the formulation of the structure-guided pro-
cessing path optimization as a Markov decision process
(S, A, P, R, γ ), a reward function R and discount factor γ

is needed. The proposed reward-formulation is based on a
distance function dσ , defined in the space of microstructure
descriptors. Based on dσ , a reward functionwhich is in accor-
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dance with the formulation of the optimization objective P∗
is given as

R(st , at , st+1) =
⎧⎨
⎩

1

dσ (σN , σ̌ )
, if t = N − 1

0 , else
(23)

where σN is the microstructure associated with the terminal
state sN at the last time step N andwhere σ̌ denotes the target-
microstructure. Under this formulation exactly one non-zero
reward signal is emitted per episode on the transition from
sN−1 to sN . If γ = 1.0, then the expected future reward V (s)
for any state s ∈ S indicates the expected inverse distance of
the associated microstructure σ to the target-microstructure
σ̌ at the end of the episode.

Under this formulation, non-zero rewards are only occur-
ring at the end of an episode. Especially for long process-
paths this can lead to sample-inefficient learning due to the
so-called credit assignment problem (Sutton and Barto 2018)
when using unmodified reinforcement learning algorithms
like deepQ-Learning. An efficient way to deal with this prob-
lem is potential-based reward shaping as introduced in Ng
et al. (1999). In order to get a dense reward signal for learning,
the original reward function R is substituted by the shaped
version

R′ = R + F, (24)

where the shaping function F is in the form

F(st , st+1) = γΦ(st+1) − Φ(st ), (25)

and Φ : S → R
+
0 is a potential function of states s ∈ S.

As proven in Ng et al. (1999), the optimal policy π∗ and
near optimal policies are invariant to the substitution of R
by R′ for finite-horizon MDPs with a single terminal state.
For finite-horizon MDPs with varying terminal states, the
invariance is only guaranteed if Φ(sN ) = 0 for the terminal
state sN in every episode (cf. Grześ 2017; Mannion et al.
2017). During the episode, we use the inverse distance of
the associated microstructure to the target-microstructure as
potential. The resulting potential function is defined by

Φ(st ) =
⎧⎨
⎩
0 , if t = N

1

dσ (σt , σ̌ )
, else.

(26)

The shaped rewards function R′(st , at , st+1) is then given
by substituting our original reward function (23) and the
shaping function (25) into (24) and then substituting our

potential function Φ (26):

R′ =
⎧
⎨
⎩

1

dσ (σN , σ̌ )
+ γΦ(sN ) − Φ(st ) , if t = N − 1

γΦ(st+1) − Φ(st ) , else

=

⎧⎪⎨
⎪⎩

1

dσ (σt+1, σ̌ )
− 1

dσ (σt , σ̌ )
, if t = N − 1

γ

dσ (σt+1, σ̌ )
− 1

dσ (σt , σ̌ )
, else.

(27)

For undiscounted MDPs, where γ = 1.0, the cases coincide

to R′ = 1

dσ (σt+1, σ̌ )
− 1

dσ (σt , σ̌ )
.

In opposition to R, R′ emits a dense reward signal for
every step during optimization. Due to the policy invariance,
R′ can be used as a substitute for R without narrowing the
structure-guided processing path optimization result.

The single-goal structure-guided processing path opti-
mization (SG-SGPPO) problem can be solved by a broad
range of MDP solving approaches. Surrogate process mod-
els of different kinds representing P(st+1|st , at ) can be
estimated from simulation samples as a basis for model-
based optimization with dynamic programming methods.
This approach would lead to a trade-off between sample-
size and accuracy of the surrogate model and hence of the
optimization result. In this context, it is important to notice
that data acquisition from microstructure evolution simula-
tions is usually computationally expensive.Wepropose to use
model-free reinforcement learning algorithms that directly
interact with the simulation model and thereby integrate
sampling into the optimization process. Due to its sample-
efficiency and the good performance on a broad range of
tasks, we regard deep Q networks (DQN) as a good basis
for structure-guided processing path optimization. For an
increased sample-efficiency and learning stability, we use
prioritized experience replay (Schaul et al. 2015b), double Q-
Learning (Van Hasselt et al. 2016), and dueling Q-Learning
(Wanget al. 2015) extensions ofDQNinour structure-guided
processing path optimization approaches. Instead of the orig-
inal reward, expected values of the shaped reward function
from (27) are learned. Like in the original DQN paper (Mnih
et al. 2015) we choose the initial exploration fraction ε0 to
linearly approach εf during the first nε episodes. The state-
space S, the action-space A, and parameters used for our
studies are further specified in Sect. 4.

Multi-equivalent-goal structure-guided processing
path optimization

The multi-equivalent-goal processing path optimization
task differs from the single-goal task as depicted in Fig. 4.
Instead of a single target-microstructure σ̌ , a set G of equiv-
alent target-microstructures σ̌

g
G ∈ G is given. The definition
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Fig. 4 Schematic overview of multi-equivalent-goal structure-guided
processing path optimization. For a set of equivalent target-
microstructures G = {σ̌ 1

G, σ̌ 2
G, σ̌ 3

G} the objective is to identify the
best reachable target-microstructure σ̌ ∗

G from G, while optimizing the
processing path P . Here, microstructures are represented by the crys-
tallographic texture, depicted by 100, 110, and 111 pole figure plots

of σ ∗ from (21) then extends to (22). As before P∗ is a
processing-path leading from σ0 to σ ∗. However, to find
P∗, it is now required to also find the best reachable target-
microstructure σ̌ ∗

G .
Because σ̌ ∗

G is not known, the reward function from
(23) and the shaped reward function from (27) can not be
applied directly to the multi-equivalent-goal case. Following
(Schaul et al. 2015a), a per-target pseudo reward function
Rg(st , at , st+1) is defined. The per-target shaped reward
function R′

g(st , at , st+1) is derived as described in (27). Rg

and R′
g are the multi-target versions of (23) and (27), where

σ̌ is replaced by the target-microstructure σ̌
g
G ∈ G. Also the

optimal policy π∗
g now depends on σ̌

g
G . The state-space S,

the action-space A and the transition probabilities are inde-
pendent of σ̌

g
G and remain unchanged.

The basis of our multi-equivalent-goal approach is to
define value functions that generalize over targets σ̌

g
G , as

proposed for the multi-goal reinforcement learning case in
Schaul et al. (2015a). The state value function is thus formed
by modifying the state value function Vπ from (1) into

Vg,π (st ) = EP,π

[
Rg(st , at , st+1) + γVg,π (st+1)

]
(28)

and the optimal state value function becomes V∗
g = Vg,π∗

g
.

Accordingly, the state-action value function Qπ becomes
Qg,π and the double Q-learning advantage function Aπ is
Ag,π , with Q∗

g = Qg,π∗
g
and A∗

g = Ag,π∗
g
.

As done in the single-goal approach, we use the extended
deep Q-Learning algorithm for value-function approxima-
tion. The generalization of the estimated values across
multiple targets is enabled by generalizing the single-goal

function approximators during the approximation of the tar-
get dependent value functions. The optimalQ-functionQ′∗

g is
approximated by Q′(s, a, d(σ̌

g
G), θ) with model parameters

θ , where d(σ̌
g
G) returns a feature vector of the target-

microstructure σ̌
g
G . The extensions described in Sect. 2.2

can be applied directly to the generalized deep Q-learning
approach. When using dueling Q-learning, V ′∗

g is approx-
imated by V ′(s, d(σ̌ g

G), θ), and A′∗
g by A′(s, a, d(σ̌

g
G), θ)

accordingly.
As described above, the major aim of the proposed multi-

equivalent-goal approach is to prioritize promising targets
from G during optimization and thereby enable a tractable
processing path optimization. We use the expected distance
of the terminalmicrostructureσN to the target-microstructure
σ̌

g
G as criterion for target-prioritization at the beginning of

each episode. The state value V∗
g (s0) of the original reward

formulation (23) can be used to prioritize targets σ̌
g
G because

it reflects the inverse of the expected distance of σN to σ̌
g
G .

However, due to reward shaping, the optimal state value for
the shaped reward function V ′∗

g (s) is learned instead. When
Φ(sN ) = 0 for every terminal state sN , following (Ng et al.
1999), the relation between V∗

g (s) and V ′∗
g (s) is

V ′∗
g (s) = V∗

g (s) − Φ(s). (29)

Thus, we can reconstruct V∗
g (s0) by

V∗
g (s0) = V ′∗

g (s0) + 1

dσ (σ0, σ̌
g
G)

(30)

and, on this basis, estimate the best reachable target-
microstructure by

σ̌∼
G = argmaxσ̌

g
G∈G

[
V ′(s0, d(σ̌ g

G), θ) + 1

dσ (σ0, σ̌
g
G)

]
, (31)

where V ′ is the approximated state value for the shaped
rewards and d(σ̌

g
G) is the description of σ̌

g
G .

As for the choice of processing actions during learning, the
proposed learning agent decides for a targeted σ̌G per episode
in an ε-greedymanner. Per episode, the target-microstructure
σ̌G ∈ G is chosen by

σ̌G =
{

σ̌∼
G , if u > εG

random(G) , else,
(32)

where u ∼ U(0, 1) is randomly drawn from the uniform dis-
tribution over [0, 1] and random(G) returns a random sample
from G. The goal selection exploration rate εG is decoupled
from the action selection exploration rate ε. The initial εG0
linearly approaches εGf during the first nεG episodes.
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Inspired by the multi-goal augmentation in hindsight
experience replay (Andrychowicz et al. 2017), we add
experience-tuples (st , a, Rg, st+1, d(σ̌

g
G)) for all targets from

G with the associated potential reward to the replay mem-
ory D, independently of the current target-microstructure.
Thereby, we further increase the sample-efficiency of our
multi-equivalent-goal approach.

The overall multi-equivalent-goal approach is outlined in
Listing 1, where s and s′ are short forms of st and st+1.
At the beginning of each episode, the episode target σ̌G is
picked in an εG-greedymanner (lines 2 and 3). For the sake of
simplicity, we condense the per-episode execution of multi-
goal DQN in line 4. By multi-goal DQN we denote the DQN
algorithm combined with models that generalize over target-
microstructure descriptions d(σ̌G) as described above. The
replay memoryD is not updated during the episode. Instead,
the set of experience tuples from the current episode De are
returned by DQN. The replay memory D is then updated by
hypothetical experiences for all goals from G (lines 5, 6, 9).

Application to crystallographic texture
evolution

ODF distance

For the reward functions defined in the previous section, a
distance measure in microstructure space is required. In this
contribution, we limit ourselves to crystallographic texture
as the only microstructural feature to describe microstruc-
turesσ . To enable distancemeasurements betweenODFs,we
propose an orientation-histogram representation, achieved
by ODF binning in orientation-space. For the proposed his-
togram approach, a set of approximately equally sized bins
in orientation space is required. Due to crystal symmetries,
the orientation space can be reduced to a crystal symmetry
dependent fundamental zone.

For a set of J orientations o j ∈ OΩ
J , which are assumed

to be equally distributed in the fundamental zone of a given
crystal systemΩ and an SO(3) distance metric φ : SO(3)×

SO(3) → R
+
0 , we propose a nearest-neighbor bin assign-

ment as is described in the following.
For a single crystal orientation h the assignment vector

wh is defined by

wh, j =
{
1 , if o j = argmino∈OΩ

J
[φΩ(o, h)]

0 , else,
(33)

where wh, j is the j-th vector component of wh and φΩ :
SO(3) × SO(3) → R

+
0 denotes the minimal distance φ for

all equivalent orientations regarding Ω . Hence,

φΩ(o, h) = min
(ō,h̄)∈ΨΩ(o)×ΨΩ(h)

φ(ō, h̄), (34)

where ΨΩ(h) is the set of all equivalent orientations of the
orientation h for the crystal system Ω .

For a representative sample set H of orientations h and
associated volume V (h) from the crystallographic texture σ ,
the orientation histogram of σ is defined by the vector

bσ = 1

V

∑
h∈H

V (h) · wh . (35)

For any two crystallographic textures σa, σb, we then use the
Chi-Square distance of the associated orientation histogram
representations

χ2(bσa ,bσb ) =
J∑

j=0

(bσa , j − bσb, j )
2

(bσa , j + bσb, j )
(36)

as the distance function dσ (σa, σb)).
We use φ(q1, q2) = min(||q1 − q2||, ||q1 + q2||) as basis

distance function, where q1, q2 are orientations encoded as
unit quaternions. φ is a metric in SO(3) (Huynh 2009). To
generate the set of approximately uniformly distributed ori-
entations OΩ

J , we use the optimization based approach of
Quey et al. Quey et al. (2018). For efficient nearest-neighbor
queries, we use the k-d tree algorithm.

To smoothen the distance function, in practice we use a
soft assignment w̃h instead of the hard assigned weights wh

from (33). w̃h is defined by

w̃h,i =

⎧⎪⎨
⎪⎩

φΩ(oi , h)∑
o j ∈N φΩ(o j , h)

, if oi ∈ N

0 , else,
(37)

where N = NNk(OΩ
J , h, φΩ) is the set of the k nearest

neighbors of h from OΩ
J . We study the effect of the parame-

ters J and k on the ODF distance function and regarding the
representation quality in Sect. 5.
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Application scenario

To evaluate the proposed algorithms, a texture generating
process based on the Taylor-type material model is set up.
The process consists of subsequent steps of uniaxial tension
or compression, variably oriented to the reference coordinate
system of the material model. In each step, a deformation F̂
is applied:

F̂ = RF̃R	, (38)

with a rotation defined by the rotation matrix R and

F̃ =
⎡
⎣

F̃11 0 0
0 F22 0
0 0 F33

⎤
⎦ . (39)

While F̃11 is variable, F22 and F33 are adjusted by the sim-
ulation framework until the stresses are in balance.

The process parameters that have to be optimized are

1. the magnitude of F̃11

2. the rotation matrix R

After each process step, the reorientation of the single crys-
tals is calculated based on the rigid body rotation Re, which
follows from the polar decomposition of the elastic part of the
deformation gradient Fe (Ling et al. 2005). To avoid unreal-
istically large deformations, the process is limited to induce
an equivalent strain of 70%. Based on the reached crystallo-
graphic textures, material properties can be calculated such
as the Young’s modulus Eii in i i-direction regarding the ref-
erence coordinate system. However, we want to remark here,
that when using the elastic constants for iron single crystals
by neglecting the alloying elements in steel (Eq. (10)), the
Young’smodulus is slightly overestimated (Hoffmann 2010).

For the evaluation studies, a processing path consists of up
to K subsequent process-steps. The per-step process control
action at = ( ft ,qt ) is composed of the deformation magni-
tude ft ∈ [−1.0, 1.0], representing F̃11 at process-step t and
the rotation R at processing-step t encoded as unit quater-
nion qt ∈ {x ∈ H| ||x ||2 = 1}. In our evaluation scenario, we
restrict ft to the interval [−0.02, 0.02]. For our value based
deep reinforcement learning approaches, we discretize the
action space A by setting f ∈ {0.02,−0, 02} and q ∈ O100,
where O100 is a set of 100 nearly uniformly distributed unit
quaternions. Furthermore, the action space contains a no-op
action to be used when no further improvement regarding
the distance to the target-microstructure during the episode
is expected.

The state-space S consists of descriptions of reachable
microstructures. As microstructures σ are described by the
according ODF, states s ∈ S are represented by ODF

descriptors. For this purpose, we use generalized spherical
harmonics coefficients ζΩ

l , as introduced in Sect. 2.4. We
truncate the series at l = 8. For the used material with cubic
crystal symmetry, the ODF is represented by 21 indepen-
dent complex-valued coefficients. In addition to the GSH
microstructure description, the state vector s contains the
current time-step and equivalent strain.

Implementation details

Single-goal evaluation optimization runs consist out of 100
subsequent process episodes with a maximal length of K =
100 each. The initial microstructure state is a uniform orien-
tation distribution (often also called grey texture) and consists
of 250 equally weighted orientations which are nearly uni-
formly distributed in the fundamental zone of the cubic
crystal symmetry. If not stated otherwise for specific results,
experiments are conducted with the following hyperparam-
eters:

– dσ as defined in (36) with histogram parameters J = 512
and k = 3.

– A discount factor of γ = 1.0.
– Deep Q-learning as described in Sect. 2.2 as basic algo-
rithm where the target-network is updated every nθ =
250 time-steps.

– Prioritized replay as described in Sect. 2.2, with αP E R =
0.6 and β0 = 0.4.

– Double-Q-learning and dueling-Q-learning as described
in Sect. 2.2.

– An ε-greedy policy, with an initial exploration rate ε0 =
0.5 and the final exploration-rate εf = 0.1, with nε = 50.

– Q-networkswith hidden layer sizes of [128, 64, 32], layer
normalization and ReLU activation functions. The learn-
ing process starts after 100 control-steps. The networks
are trained after each control-step with a mini-batch of
size 32.

– ADAM is used as optimizer for neural network training,
with a learning rate of 5e−4.

Multi-equivalent-goal optimization runs consist of 200
subsequent process episodes. Hyperparameters differ from
the single-goal experiments in the following points:

– Due to the higher data complexitywe expanded the neural
network to 4 hidden layers of sizes [128, 256, 256, 128].

– Per time-step the network is trained with four mini-
batches instead of one.

– For improved stability, we reduced the target-network
update frequency to nθ = 500 steps.

– Exploration parameters are ε0 = 0.5 and the final
exploration-rate εf = 0.0, with nε = 190. The εG-greedy
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Fig. 5 Comparison of the effect of orientation histogram param-
eters on the resulting ODF distance function. Relative distance
dσ (σt , σK )/dσ (σ0, σK ) over t for an exemplary process with static pro-
cess parameters, where σt is the microstructure at time-step t and σK is
the microstructure resulting from the process

target choice is parametrized with εG0 = 1.0, εGf = 0.0,
nεG = 190.

The Tailor-type material model and the simulation frame-
work are implemented inFortran. The reinforcement learning
code is implemented in python. The reinforcement learn-
ing environment code supports the openAI gym interface
(Brockman et al. 2016). Reinforcement learning agents are
implemented based on stable baselines, an open-source col-
lection of implementations of deep reinforcement learning
algorithms. The sciPy k-d tree implementation is used for
orientation distribution representation calculations (Virtanen
et al. 2020). Neper (Quey et al. 2011) is used to generate the
approximately uniformly distributed orientations following
the approach from Quey et al. (2018). Approximately uni-
formly distributed orientations are used to define the bins
of the orientation histogram described in Sect. 3, the initial
texture for our experiments, and the discrete action-space
as described in this Section. The pole figures in the figures
of Sect. 5 are created with MTEX (Bachmann et al. 2010).
Experiments have been conducted on workstations with 20
2.2 GHz CPU cores (mainly used by the simulation) and
GTX 1080 Ti GPUs (for artificial neural network training).

Results and discussion

Orientation histogram parameters

The ODF distance is represented by the distance between
orientation histograms as presented in Sect. 4. A. The effect
of the histogram formation parameters J (number of his-

Table 2 Mean absolute error of
Young’s modulus E in 11, 22
and 33 direction for various
orientation histogram
parameters J , k in MPa

k

1 3 25

256 574 238 401

J 512 493 201 275

8192 196 77 57

Fig. 6 Pole figure triples of the target-textures from G, used throughout
the single-goal studies. Miller indices of the pole figures from left to
right: [100, 110, 111]

togram bins) and k (soft assigment neighborhood size) on
the ODF distance function is shown in Fig. 5. For various
(J , k)-settings and an exemplary process path of the distance
to the crystallographic texture σT in relation to the initial
distance dσ (σt , σT )/d(σ0, σT ) is plotted over time steps t .
The exemplary process path is sampled from the process
described in Sect. 4.2 by starting from a uniform ODF and
applying a constant deformation in direction q = (1, 0, 0, 0)
for 30 process steps. When constantly approaching σT as in
the exemplary process path, a monotone decreasing distance
function is assumed in the reward function formulations ((23)
and (27)). For k = 1 (solid lines) the distance-trajectory is
not strictly monotone. A clear smoothing effect, depending
on the soft assignment parameter k, can be observed.

The information loss induced by the orientation histogram
representation of the ODF can be seen from the effect on the
material properties. Table 2 lists the mean error of Young’s
modulus induced by the discretization and smoothing for
various parameters (J , k). The mean absolute errors are cal-
culated based on 1000 crystallographic textures which are
randomly sampled from a set of textures reachable by the
process and by calculating Young’s modulus for the original
texture and the orientation histogram of the texture. While
increasing the number of bins, J has a clear and monotone
positive impact regarding the mean absolute error in both
cases. An adequate soft-assignment parameter for the sam-
pled crystallographic textures in our search-grid is k = 3.The
computational cost of the nearest-neighbor search is highly
effected by J . A reasonable hyperparameter setting, which
we use throughout our studies, is (J = 512, k = 3).
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Table 3 Young’s modulus of
target textures from G in GPa

Goal E11 E22 E33

σ̌ 0 221 223 221

σ̌ 1 216 221 212

σ̌ 2 223 219 214

σ̌ 3 222 218 223

σ̌ 4 224 218 219

σ̌ 5 227 226 233

Single-goal processing path optimization

A set of six target textures is used throughout the eval-
uation of the single-goal algorithm: G = {σ̌ 0, σ̌ 1, σ̌ 2, σ̌ 3,

σ̌ 4, σ̌ 5}. The textures are visualized in Fig. 6 in the form
of pole figures. The calculated properties for the sampled
target-textures are listed in Table 3. The six target textures
have been randomly sampled from a set of textures, which
are likely reachable by the process. The following criteria
have been applied to guarantee the diversity of the sample:

1. dσ (σ̌ i , σ̌ j ) > 1.2 for all σ̌ i , σ̌ j in G.
2. minσ̌∈G dσ (σ̌ , σ̂ ) > 0.75, where σ̂ is the uniform ODF.

The single-goal algorithm is applied to each target-texture
from G separately. In the remainder of this chapter, we use
the more general term microstructure instead of the spe-
cific term texture to be consistent with the theoretical and
methodical chapters. The solution variety (due to stochastic
exploration and function approximation) has been covered
by multiple independent optimization runs of 100 reinforce-
ment learning episodes each. The learning objective is to find
a processing path from the initial microstructure close to the
target-microstructure σ̌ .

During learning, each episode ends after K time-steps or
when the equivalent-strain exceeds its limit. Processing paths
can be pruned in hindsight. The optimal sub-path of episode
e regarding the optimization task is the path from the ini-
tial microstructure σ0 to σ̄e = argminσ∈Se

dσ (σ, σ̌ ), where
Se ⊂ S is the set of microstructures on the processing path of
episode e. The mean distance of σ̄e to the according target-
microstructure per episode is plotted for three independent
optimization runs per target-microstructure from G on the
left of Fig. 7 together with the per-target 95% confidence
intervals. On the right of Fig. 7 the goal-distance of the cur-
rent best processing path is plotted over episodes.

Qualitative results of a single exemplary optimization run
are shown on the left of Fig. 8. On the right of Fig. 8,
the results for a single episode are shown. The visualized
results belong to the best of the three independent optimiza-
tion runs with the target-microstructure σ̌ 0. On the left, the
goal-distance of the current best processing path is plotted

for the single optimization run as in Fig. 7 with pole figures
of σ̄0, σ̄4, σ̄10, σ̄21, σ̄40 and the resulting microstructure of the
best found processing path σ̄97. On the upper right, the asso-
ciated target-microstructure σ̌ 0 is visualized. On the right
of Fig. 8 the processing path of episode 97 is plotted in the
form of a scatter plot, where the control action displacement
direction (vertical axis) is plotted along with the displace-
ment sign (color) against the processing time-step number.
Additionally, the distance of the microstructures within the
episode σt to the target-microstructure σ̌ 0 is plotted as a
line plot. Each dot in the scatter plot represents an action
at ∈ A, where the positions on the y-axis mark the chosen
load orientation q ∈ O100 and the colors mark the chosen
load. The dashed vertical line marks the time-step of the best
microstructure of the episode σ̄97 in terms of the distance
to the target-microstructure. In this case, the solid vertical
line marks the end of the episode due to the equivalent load
criterion. Figure 9 shows the best found processing path of
all optimization runs for all target-microstructures from G in
the top row and pole figures of the corresponding processing
path results in the middle row, and below the processing path
result of the worst optimization run for the corresponding
target-microstructure. Figure 9 in combination with Fig. 7
shows, that for some microstructures (σ̌ 3, σ̌ 5) the process-
ing paths are composed of only very few different actions,
which are found in the first few episodes.

Figure 10 shows ablation study results on target-
microstructure σ̌ 0 for the single-goal algorithm. Per set-
ting the mean and 95% confidence interval is plotted for
three independent optimization runs. The plot shows that
the addition of the three DQN extensions, namely Pri-
oritized Experience Replay, Double Q-Learning, Dueling
Q-Learning, has no major impact on the optimization out-
come but slightly stabilizes and accelerates the convergence.
The results of the single-goal algorithm with the pure reward
signal from (23) (green curve) reveals the impact of reward
shaping on the convergence speed, and hence on the data
efficiency of the algorithm.

Multi-equivalent-goal processing path optimization

According to the results reported in the previous subsec-
tion, especially for σ̌ 2 and σ̌ 4 no satisfactory processing
paths were found by the single-goal algorithm. In con-
trast to the single-goal approach, the multi-equivalent-goal
optimization approach aims to reach one of several target-
microstructures that are equivalent with respect to the
material properties. In this subsection, we report and dis-
cuss the results of themulti-equivalent-goal structure-guided
processing path optimization (MEG-SGPPO) algorithm as
introduced in Sect. 3.3. To study the advantages of the multi-
equivalent-goal approach we sampled target-microstructure
sets Gσ4-equiv and Gσ2-equiv, where
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Fig. 7 Single-goal reinforcement learning results for the target-microstructures G. (left) The mean and the 95% confidence interval of the goal-
distance of σ̄ per episode e and σ̌ ∈ G (color). (right) Shortest previous goal-distance during the optimization run

Fig. 8 Single-goal optimization. (left) Best optimization run for σ̌ 0 ∈ G with pole figure plots. Miller indices of the pole figures from left to right:
[100, 110, 111]. (right) Episode 97 of the exemplary optimization run with control actions and the goal-distance visualized per time-step

• Gσ4-equiv consists of 10distinctive σ̌ 4-equivalentmicrostruc-
tures σ̌

g
4-equiv and

• Gσ2-equiv consists of 10distinctive σ̌ 2-equivalentmicrostruc-
tures σ̌

g
2-equiv.

For this purpose, we defined a microstructure σ̌
g
k-equiv to be

equivalent to σ̌ k ∈ G if the Young’s moduli E j j (σ̌
g
k-equiv) of

σ̌
g
k-equiv are within the range of +/ − 0.5 GPa of E j j (σ̌

k) for
j ∈ 1, 2, 3.
The results of MEG-SGPPO on Gσ4-equiv and Gσ2-equiv

are visualized in Fig. 11. In both cases, we conducted one
optimization run and present quantitative results per-episode
and qualitative results for the best episodes in the bottom
row. As in Fig. 8 (left), the distance of nearest microstruc-
ture σ̄e to the actual chosen target-microstructure from the

set Gσ -equiv is plotted per episode e. The per-episode target-
microstructure choice of the algorithm is depicted by the
color of the respective scatter dot. The type of the specific
selection (explorative/greedy) is represented by the shape of
the respective scatter dot. Due to the decreasing goal-picking
exploration factor εG, the variety of the targeted microstruc-
tures is high in the beginning and then decreases during the
learning process.

As the scatter plot for Gσ4-equiv (Fig. 11 (left)) and the
underlying pole figure plots of σ̌ 1

4-equiv suggest, this target-
microstructure is closer to the grey texture than the other
equivalent targets from Gσ4-equiv. Although the algorithm
finds good processing paths for other target-microstructures
(σ̌ 0

4-equiv and σ̌ 8
4-equiv), it rapidly commits to σ̌ 1

4-equiv due to the

low distance dσ (σ0, σ̌
1
4-equiv), and does not change this target
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Fig. 9 Single-goal reinforcement learning results per target-
microstructure σ̌ ∈ G. (top) Best found processing path per target-
microstructure (plot axis parameters are identical to Fig. 8, right).
(bottom) Three lines of per-target [100, 110, 111] pole figures. First

line: target-textures from G. Second line: resulting textures of the best
found processing paths in the best of the three independent optimization
runs. Third line: resulting textures of the best found processing paths in
the worst of the three independent optimization runs

Fig. 10 Ablation results (mean and 95% confidence interval) for σ̌ 0.
Best previous goal distance by episode for three independent optimiza-
tion runs each of various settings. Blue: results of the full featured
algorithm as reported in Fig. 7, orange: pure DQN (without Prioritized
Experience Replay, Double Q-Learning, Dueling Q-Learning), green:
results obtained without reward-shaping

in the greedy episodes during the experiment. In the case of
Gσ2-equiv (Fig. 11 (right)), the algorithm tries to find a good
processing path for σ̌ 6

2-equiv during the first 105 episodes.

After obtaining better results for σ̌ 3
2-equiv in episode 103 the

greedy target fluctuates between σ̌ 3
2-equiv and σ̌ 6

2-equiv. After

episode 144 the algorithm finally decides for σ̌ 3
2-equiv due

to the repeating better results for σ̌ 3
2-equiv after episode 103

compared to σ̌ 6
2-equiv.

The best result obtained during the single-goal approach
experiments for the respective originalmicrostructure (0.2656
for σ̌ 4, 0.2601 for σ̌ 2) is depicted as a baseline by the grey
dashed line in Fig. 11, top-left and top-right. This baseline is
exceeded by MEG-SGPPO during the first 25 episodes for
Gσ4-equiv and during the first 75 episodes for Gσ2-equiv. In
both cases, the algorithm yields notably better results during
the 200 episodes than the single-goal approach does on the
original target-microstructure.

On the bottom of Fig. 11, qualitative results are plotted
for the best episodes of the best reached target-microstructure
(σ̌ 1

4-equivin Fig. 11 (left), and σ̌ 3
2-equiv in Fig. 11 (right)) and the

second best reached target-microstructure (σ̌ 0
4-equiv in Fig. 11

(left) and σ̌ 6
2-equiv in Fig. 11 (right)). For each of the four

qualitative results, we show on the left the pole figures of the
target texture and below the pole figures of the resulting tex-
ture of the best found processing path σ̄e. Right of the pole
figures, the best found processing path is shown in form of
a scatter plot of the chosen action per processing step and
- overlaid as a line chart - the corresponding microstructure
distance to the respective target-microstructure. The pole fig-
ures give an impression of the similarity between the results
and the respective target-structures. The according process
diagrams show the complexity of the found processes while
approaching the process targets.

To investigate the benefit of the proposed multi-goal aug-
mentation,we conducted repeatedoptimization runswith and
without the augmentation of the replay memory by data for
non-pursued goals. Results are depicted in Fig. 12 in the form
of the best previous result plot known from the last subsec-
tion. The basis of the plot are five independent optimization
runs with the full-featured MEG-SGGPO algorithm (blue)
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Fig. 11 Results of the multi-equivalent-goal algorithm for a set of 10
microstructures σ̌

g
4-equiv ∈ Gσ4-equiv equivalent to σ̌ 4 ∈ G (left), and 10

microstructures σ̌
g
2-equiv ∈ Gσ2-equiv equivalent to σ̌ 2 ∈ G (right). Top:

Scatter-plots of the best distance to the selected target-microstructure
dσ (σ̄e, σ̌

g
k-equiv) over episode numbers, where the dot color denotes the

selected target-microstructure per episode and the dot shape the type of
the target-microstructure selection. The best reached goal-distance to
the respective original target-microstructure from the single-goal exper-

iments (0.2656 for σ̌ 4 ∈ G and 0.2601 for σ̌ 2 ∈ G) is marked by a grey
dashed line. Bottom: Qualitative results of the twomicrostructures clos-
est to one of the equivalent target-microstructures at the corresponding
episode e for each of the two experiments: Pole figures of the texture of
the chosen chosen target σ̌ g

k-equiv and the nearest reached texture σ̄e with
its episode number e (projections 100, 110, 111, where the color map is
identical to Fig. 6). To the right of the pole figures the processing path
of the episode e, according to σ̄e is plotted. The plot axis parameters
are identical to Fig. 8 (right)

and five independent optimization runs without augmenta-
tion (orange) on the target-microstruructure set Gσ2-equiv. As
the plot suggests, the augmentation improves the overall opti-
mization result.

Conclusion and outlook

In the present paper, two deep reinforcement learning
approaches are proposed to solve processing path optimiza-
tion problems with the objective function and state repre-
sentation in the structure space. The single-goal structure-
guided processing path optimization (SG-SGPPO) algorithm
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Fig. 12 Ablation results (mean and 95% confidence interval) for the
target-microstructure set Gσ2-equiv. Best previous goal distance for
episode for five independent optimization runs per setting.Blue: full fea-
tured approach, as introduced and used for other MEG-SGGPO results
reported. Orange: without multi-goal augmentation

combines function-based reinforcement learning techniques
and a reward shaping mechanism for structure-guided pro-
cessing path optimization. However, from the materials
design point of view, typically various microstructural com-
positions are equivalentwith respect to a desiredmacroscopic
material property and recent approaches for the inversion of
structure-property linkages identify whole sets of optimal
structures. The proposed single-goal approach was therefore
extended to form a multi-equivalent-goal structure-guided
processing path optimization algorithm (MEG-SGPPO) for
efficient optimization when multiple target-structures are
given.We applied both algorithms to a simulatedmetal form-
ing process and used the orientation density function (ODF)
to represent the state of the microstructures (in this example,
the crystallographic texture). To apply our generic algorithms
to the exemplary application, we introduced a histogram-
based ODF distance function.

In the result section of this paper, we report the results
of a parameter study for the proposed ODF distance func-
tion and evaluation results of the algorithms SG-SGPPO
and MEG-SGPPO applied to optimization problems on the
metal forming process simulation. We show the ability of the
multi-equivalent-goal algorithm to early prioritize promis-
ing microstructures from a set of multiple equivalent targets.
We investigate the usefulness of the central features of both
algorithms in the form of ablation study results.

The MEG-SGPPO algorithm generalizes over target-
microstructures. This ability can further be used to transfer
the learned process knowledge between applications. The
transfer can be performed by using the trained Q-models
across optimization tasks, which differ by varying sets of

equivalent optimal microstructures. The application of deep
reinforcement learning algorithms to sequences of tasks often
suffers from catastrophic forgetting (knowledge about pre-
vious tasks is overwritten by recent training iterations). The
incorporation of techniques like elastic weight consolida-
tion (Kirkpatrick et al. 2017) into the multi-equivalent-goal
algorithm could help to overcome this problem. SG-SGPPO
and MEG-SGPPO depend on a core reinforcement learning
algorithm. For the presented studywe use theDQNalgorithm
with several enhancements. SG-SGPPO and MEG-SGPPO
canbeusedwith otherQ-learning-based reinforcement learn-
ing methods than DQN, such as Neural Fitted Q-Iteration
(Riedmiller 2005) or with actor-critic approaches, such as
Deep Deterministic Policy Gradient (Lillicrap et al. 2015) to
enable the optimization of processes with continuous control
actions directly without discretization.

The proposed algorithms are not restricted to applications
with orientation density functions as microstructural features
or applications in metal forming only. Due to the model-free
nature of the approaches, the algorithms can be applied to any
new application field or process if (a) the material structure
is observable during the process and (b) a distance function
for the specific structure feature-space is defined.

The application of the proposed methods to the optimiza-
tion of simulated processes with more accurate microstruc-
ture descriptors (2-point statistics, full-field models) further-
more requires an improved computational efficiency of the
underlying process simulation. As the fields of data-driven
computational material sciences and numerical simulation
progresses rapidly, we are confident that applications that are
intractable by now become feasible in the upcoming years.

Although we used a deterministic process simulation
to evaluate the proposed methods, they are suitable also
for non-deterministic processes. In particular, the multi-
equivalent-goal prioritization is derived from the learned
expectation functions. Thereby, our methods are also appli-
cable for processes with stochastic state transitions. Notably,
it is possible to learn directly on physical processes without
the need for any prior process knowledge if the according
structure features are measurable at processing time and a
distance function on the structure features is defined.

As is typically the case with model-free reinforcement
learning methods, the execution of the explorative learning
policy follows no constraints and when used in combina-
tion with physical processes, the process safety has to be
ensured by a proper constraint on the control quantities. The
model-free algorithm builds its process knowledge during
processing, which implies sub-optimality at the early stages
of learning. This results in rejects in real pocesses or in excess
computations in simulated processes. Such losses are signif-
icantly reduced by our multi-equivalent-goal approach, the
data-augmentation, and the capability to generalize over spe-
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cific target-microstructures, whichmake the learning process
much more data efficient.
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