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ABSTRACT

The geometry of mechanical metamaterials is specially designed to achieve peculiar functions, either in terms of
remarkable mechanical properties or in terms of programmed mechanisms or responses. In the past few years,
metamaterial desigh was empowered by computational tools that allowed to overcome limitations of human intuition.
Leveraging efficient optimization algorithms and computational physics models, it is now possible to explore vast
design spaces, achieving nhew material functionalities with unprecedented performance. In this perspective, we
present our viewpoint on the state of the art of computational metamaterials design, discussing recent advances in
topology optimization and machine learning design with respect to challenges in additive manufacturing.

Key points:
* Mechanical metamaterials are traditionally designed based on the replication of elementary mechanisms.
» Topology optimization and machine learning can be used to extend the possibilities of metamaterials design.
» Computational design should be constrained to meet the specifications of additive manufacturing methods.
* Well-curated public databases of mechanical metamaterial structures would be needed as a tool and for designers.

Website summary: A perspective on computational approaches to the design of mechanical metamaterials discussing
mechanism based design, topology optimization, machine learning and the challenges for additive-manufactured metamaterial
structures.

1 Introduction

Mechanical metamaterials (MM) are artificial materials designed to display peculiar mechanical properties or programmed
response thanks to a careful optimization of their geometrical features'-?. Examples include auxetic metamaterials displaying
negative Poisson’s ratio >3, breaking force reciprocity” or exhibiting pre-programmed mechanical responses under compres-
sion'®12, The traditional strategy employed to design MM is based on the periodic replication of unit cells which produce the
desired response’ This design strategy starts from the identification of a basic mechanism, such as beam buckling, in a simple
element which is then used as a building block for the unit cells. To render this approach efficient, several analytical approaches
can be used as tools to guide intuition' and to restrict the design space to fulfill requirements such as mechanical stability. For
instance in truss networks, Maxwell’s stability criterion can guide the design by ensuring that the arrangement of trusses and
nodes meets basic stability requirements'3. Of equal importance are basic microstructure parameters such as the relative density
of the MM relative to the solid material from which it is constructed. It is well established that simple scaling laws determine
how changes in microstructure parameters affect the overall mechanical performance of the material'#: Structures with high
connectivity tend to show stretching-dominated behavior, characterized by a linear relationship between the effective elastic
modulus and the relative density, while less connected structures tend to produce bending-dominated behavior characterized by
power-law relationships. Intermediate disordered structures can sometimes fall in between these two limits'>.



Human guided heuristic design has identified and exploited a wide range of MM mechanisms, and combined them
to generate more complex characteristics. Important classes of MM designed in this manner include i) programmable
metamaterials, designed to exhibit highly adaptive spatial structures sometimes inspired by origami and kirigamil-'°; ii)
chiral MM, providing mechanisms to transform linear into rotational motion'”-!® (for potential applications see!?); iii) auxetic
metamaterials, which contract along the lateral direction under compression®~">2% and iv) hierarchical metamaterials, exhibiting
a multi-scale organization to achieve multi-functionality and multi-stability?!%2.

Mechanism-based design is limited by the intuition of human designers who may find it increasingly difficult to invent
structures of ever increasing complexity with well-defined, possibly multiple mechanical functionalities. Computational
methods can help to overcome this limitation by automating the design process, allowing for the solution of precisely formulated
design problems, to generate optimal solutions that elude manual design. In this perspective, we discuss recent advances in
computational metamaterials design, highlighting the constraints posed by additive manufacturing.

2 Metamaterials design by optimization methods

A broad class of computational methods used to optimize structures so that they maximize specific target properties, such as
strength, flexibility or weight reduction, may be summarized under the label topology optimization (TO)>324.

In TO, the objective is to determine the optimal way to distribute the material within a given geometry, using a material
with specific characteristics, subjected to prescribed governing equations as well as considering initial/boundary conditions.
The optimal arrangement of filled and empty elements is found by iteratively improving an objective function subjected to
constraints, resolving the ensuing physical problem often using the finite element method (FEM).

In continuous optimization approaches such as solid isotropic material with penalization (SIMP , the requirement
of having filled/empty elements is relaxed to allow for continuous densities, varying from zero (=empty) to one (=filled).
The original objective function is then reformulated by introducing penalties to push the densities to zero or one while still
enforcing optimal performance. Naive applications with constrained optimization and low-order elements result in checkerboard
artifacts (Fig. 1(a)) and designs with a mesh-dependent length scale, rendering convergence impossible’®=?. Smoothing
filters, as used in image processing, applied to gradients or densities®' 34, eliminate checkerboards and decouple the final
design scale from mesh details, rendering it dependent only on the filter size (compare Figures 1(b),1(c) and 1(d). Common
optimization algorithms include optimality criteria method®>, method of moving asymptotes®, and sequential linear/quadratic
programming>*. The typical SIMP workflow involves: i) solution of the physical problem via FEM, ii) computation of density
gradients, iii) filter application, iv) density update via a gradient optimization scheme, v) repetition of the previous steps until
converged and vi) postprocessing to ensure a manufacturable design. Continuous alternatives to SIMP include phase-field*’*
and level-set methods**3. Phase-field methods exhibit slower convergence, while level-set methods require more sophisticated
regularization procedures compared to SIMP>43,

Discrete optimization approaches can be subdivided into randomized and deterministic methods. Examples of random
algorithms include simulated annealing*’—*, differential evolution®>>!, and genetic algorithms>>>3. The optimization begins
with an initial guess, generates a new structure through a random process, compares the figure of merit of old and new design
and applies an acceptance criterion, repeated until converged. Evolutionary Structural Optimization (ESO) and Bi-directional
ESO use instead deterministic evolution rules, respectively removing "inefficient” material>*>> or adding and deleting material
at each iteration’®>7. An advantage of discrete approaches is that they enable the treatment of non-smooth problems, and of
non-connected design spaces>®. Another advantage, although still debated, is the possibility to efficiently find global minima,
i.e. optimal performance in a given design space, which can be difficult for gradient-based continuous methods when multiple
local optima are present>”. The main limitation of discrete methods is their unfavorable computational scaling with the number
of design variables, leading to the use of coarse meshes, reducing the physical accuracy and therefore limiting the achievable
performance due to the lack of finely detailed structures. Mixed discrete/continuous formulations can be useful for truss-based
optimization as they circumvent the need to optimize in a predefined lattice or to connect all nodes to each other®”.

Compliant mechanisms are flexible structures which transmit force and motion®! without the need of joints and hinges,
thus reducing parts, assembly steps, and the need for lubrication. In this context, the design objectives are maximizing or
controlling input/output ratio (displacement, energy or force), and movement path considering constraints like limited radius of
action or external resistance>3!. Special filters®> %3 and constraints®*-%® have been developed to avoid stress concentrations
and numerical artifacts. Design of compliant mechanisms has been generalized beyond purely mechanical functionalities to
multiphysics problems like thermal microactuators®, electro-thermal microactuators’® and MEMS devices’!-7?. Bi-stable
compliant mechanisms - structures that have two stable equilibrium configurations - are applied in smart applications and soft
robotics due to their simplicity and stability”>~7>. Discrete methods based on beam elements have been used to design compliant
mechanisms such as MM actuators implementing vertical-horizontal motion transfer*® (Fig. 2(a)(b)), pliers mechanisms*® and
twist-compression transformations* (Fig. 2(c)(d)). For an overview specifically dedicated to design of compliant mechanisms
we refer the reader to a review by Zhu et al.%!.
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Figure 1. Metamaterials generated by continuous optimization (a)-(d) Example of a continuous optimization problem with
different filter settings and mesh sizes** obtained from https://www.topopt.mek.dtu.dk/apps-and-software: (a) no filter and
checkerboard artifacts, (b) sensitivity filtering for a 60x20 elements mesh and filter size 4 % of the beam length, (c) same
settings as previously but 240x80 mesh, (d) 240x80 mesh but filter radius set to 2.4 element lengths; (e) maximization of bulk
(top row) and shear modulus (middle row) as well as minimization of Poisson’s ratio (bottom row) for different initial density
guesses taken from Ref.*>, (f) microstructure for maximum Young’s modulus (O1) and trade-off between buckling strength and
Young’s modulus (02) taken from*.

While homogenization maps a small scale geometry to macroscopic properties, inverse homogenization reverses this
process to find microstructure geometries matching a desired set of effective properties®’. Linear inverse homogenization is
numerically highly efficient and enables highly detailed metamaterials (Fig. 1(e))*. A cheaper alternative to FEM approaches
are models using rigid rods moving freely at nodes’® to describe deformation behaviour’”-’® especially for auxetic designs’®.
Wang®? explored the trade-off between Young’s modulus and buckling strength, showing that in a multi-objective optimization
scheme the Young’s modulus decreased to a range of 79% to 58% compared to a stiffness-optimized closed-cell plate material
while uniaxial buckling strength improved by two to eight times. Another application of TO created nonhierarchical designs
(Fig. 1(f)) with stiffness surpassing both traditional truss and plate microstructures*®. Furthermore, materials with Poisson’s
ratio values varying between -0.8 and 0.8 have been discovered which maintain this property over a wide strain range up to
20%"!.

Inverse homogenization allows for customization and optimization of material microstructures towards meeting homoge-
nized properties, while topology optimization seeks the best distribution of a material with given properties to meet a desired
macroscopic behavior under prescribed boundary conditions. Integrating macro- and microstructural optimization through
multiscale topology optimization seeks to combine both approaches and to enable the search for optimal materials across
multiple length scales. Techniques can be classified into two approaches: i) take a microstructure characterized by a limited set
of geometrical and/or composition parameters as typically done in traditional composite design, and optimize these in view of
obtaining local effective properties that best match a macroscale design, ii) optimize the macroscale by SIMP and the microscale
with inverse homogenization®>33. Examples of the first method include structures with predefined stress responses obtained by
tuning microstructures consisting of small rectangular holes in a bulk material®*, or stiffness-optimal®>-8¢ laminate patterns®.
A revival of this approach has been caused by methods coined as de-homogenization®’-%° which project the macro-scale
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Figure 2. Flexible metamaterials obtained through discrete optimization. A two-dimensional realization implementing
transfer from vertical to horizontal motion (a) is obtained by discrete optimization and then (b) realized experimentally by
additive manufacturing (from*®). A three-dimensional example implementing compression-induced rotation is reported in
panels (c) and (d) (from*).

microstructure parameters smoothly to finer scales as a postprocessing step of the macroscale TO. For this purpose, standard
techniques from numerical mathematics®®°° and image processing/graphics rendering”!~"* have been applied for 3D°*°? and
2D multiple loading problems®*. When opting for unit cells created by inverse homogenization, special care must be taken as
the cells must be able to rotate to align with principal stresses’>, change domain shape and be compatible/connected to transmit
load, aspects which are not considered in textbook inverse homogenization®3.

The optimization methods discussed above can in principle produce structures that are impossible to realize experimentally
by additive manufacturing (AM) which is increasingly used in metamaterials due to its flexibility and design freedom.
Manufacturability is a problem that strongly depends on the specific nature of the AM process, and dealing with the resulting
optimization constraints has given rise to a significant research activity. A literature search highlights the effort devoted to
computational optimization methods across various additive manufacturing (AM) techniques (Figure 3). The majority of
papers published on the subject focus on Powder Bed Fusion (359 papers) and Material Extrusion (142 papers), owing to their
relevance in industrial and commercial applications. Vat Photopolymerization (61 papers) and Directed Energy Deposition (29
papers) are also considered, but to a lesser extent. Binder Jetting (10 papers) and Material Jetting (8 papers) are so far rarely
studied in the context of optimization.

Simulating AM processes in their entirety is challenging due to their inherent multiscale character and the multitude of
phenomena involved. Most often, this problem is attacked by formulating constraints resulting from the envisaged manufacturing
process and including these within the optimization scheme, either through generic geometry considerations or by simplified
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physical process models to keep the computational expense in check.

Manufacturing constraints may concern both geometry and microstructure. Geometrical constraints may arise, for example,
from the fact that most AM methods use layer-by-layer fabrication which imposes minimum feature sizes and may not permit
to produce geometries with overhangs. To deal with such constraints, one can enforce a minimum geometric feature size based
on generic assumptions about process resolution (e.g., printing nozzle size)*® or ensure manufacturability of overhanging
structures by limiting the overhang angles®”-%%, combined with additional constraints to prevent undeirable features such as
downward-facing cones or sawtooth patterns. Another approach involves employing a simplified geometric process model,
based on the principle that printable structures must be supported by underlying elements with sufficient density®*~10!.

In powder based AM techniques, further limitations come from voids in which powder remains trapped. One can avoid
voids entirely by defining and solving auxiliary problems like nonlinear heat conduction'%? or discrete particle diffusion'%
where virtual heat/particles are inserted into void regions which must then be able to escape to yield a printable design. Spectral
graph theory!% offers an alternative pathway to void identification. Auxiliar approaches can also be used to create excavation
holes!?> 1% or the voids can be tolerated under the condition that they are self-supported'?’. Material anisotropy due to build
orientation'%® or deposition orientation'?” can be included via a generic anisotropic stiffness tensor.

Simple geometry considerations are, however, not capable of captur-
ing effects like overheating, residual stresses and other phenomena that
depend on the physics of the manufacturing process. To avoid the unsus-
tainable computational effort of dealing with a full physical description
in conjunction with an optimization task, simplified process models may
be used. One of the easiest adaptations is to mimic the layer-by-layer
process in terms of sequential activation of element layers''?. For the
detection of overheating a slab model has been developed where the
structure is segmented into overlapping slabs whose top represents a
heat source simulating the behavior of a laser while the bottom serves
as a heat sink!'> 112 and solutions of the static heat conduction equation
are used to estimate temperature profiles. Others try to circumvent the
need for thermo-mechanical coupling through the use of semi-empirical schemes to infer residual strains via the inherent
strain method! '3 or one of its modifications (e.g.''*) in order to reduce part distortions and residual stresses''>. Simplified
models may also be used to describe the dependency of microstructure on thermal history. For instance, it was proposed to
estimate mechanical properties of steel based on the time spent in a critical heating and cooling cycle within a temperature
range between 500° C and 800° C!'®. A more detailed technical discussion of these issues can be found in'!”. We note that such
highly simplified models of process-microstructure-property relationships have strong limitations. They can help to ensure that
the as-manufactured material indeed has properties close to those assumed in the optimization process, but much more detailed
process models may be needed if one wants to exploit the inherent spatial variability of AM process parameters, such as beam
intensity and profile''®, scanning velocity and hatching strategy ', as well as the facility of manufacturing compositionally
graded parts'?°, in order to optimize material performance by co-designing geometry and microstructure!>!.

= Powder Bed Fusion [359]
= Material Extrusion [142]
Vat Photopolymerization [61]
= Directed Energy Deposition [29]
= Binder Jetting [10]

= Material Jetting [8]

Figure 3. Chart of the number of papers in the
literature, in brackets, for different AM processes.

3 Machine-learning assisted metamaterials design

Recent years have witnessed an explosive growth of the use of machine learning (ML) im metamaterials design. It is therefore
important to take a critical look at ML based MM design, highlighting improvements and limitations when compared to more
traditional optimization strategies. We can classify ML design solutions into the following categories which are a modified
subset of the review by Woldseth ef al.'>?: direct design, design acceleration, dimensionality reduction and post-processing.
Other classification schemes exist and have been mentioned in other review papers'>3~123.

In the category direct design, the process begins with a set of desired outcomes e.g. material properties or an output
force and infers the optimal design backwards. Mao et al.'*® present an approach capable of systematically generating 2D
metamaterials with extreme stiffness, using generative adversarial networks (GANSs) trained on millions of randomly generated
structures**. Kollmann and coworkers instead use a convolutional neural network (CNN) to predict the optimal metamaterial
design on a 128 x 128 mesh trained on data generated by TO (see Fig. 4(a)). Their model is based on the volume fraction
used for the volume constraint, and an identifier that specifies whether the bulk/shear modulus (or Poisson’s ratio) should be
maximised (or minimized), with a dataset of 30000 samples'?’.

Several computational challenges are associated with direct design ML. To generate reliable designs, the algorithm should
be trained on many and diverse examples able to capture a wide range of variations'?2, but obtaining enough data to train ML is
extremely difficult especially for large samples because each optimized sample requires a full TO process. If training is carried
out on randomly generated samples, on the other hand, these have a very low probability to represent or approximate optimum
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solutions for any particular problem. Furthermore, inverse homogenization is non-unique and starting guess sensitive®,
therefore the ML model has to solve a non unique task.
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Figure 4. Example of use of ML for the design of mechanical metamaterial for different purposes. (a) Direct design example:
ground truth (left) and predicted (right) design minimizing Poisson’s ratio!?’. (b) Design acceleration: Target stress-strain
curve and corresponding printed metamaterial'*®. (c) Dimensionality reduction: truss database showing effective directional
Young’s moduli (left) and shear moduli (right) along the three principal cubic directions and projections, adapted from'?”. (d)
Post-processing from optimized low resolution (left) to high (right)13o.

For achieving the aim of design acceleration, two research directions have been followed to reduce the computational
cost: i) reduction of the number of iterations needed to obtain a final design, ii) replacement of simulations and/or property
calculations by ML predictions. For the first goal, two main strategies have been used: to either map an intermediate design to
its converged result via image-to-image prediction of the full'3! or segmented design'3?, or to interpret the iterative optimization
as a time series extrapolation task!3®, where the density evolution of elements during the initial stage of the TO process is used
by a deep belief network to predict a near-final outcome which may then be *polished’ by performing another round of TO
steps, cutting out the majority of TO calculations in the process. The first approach however is inherently mesh dependent
and quite expensive as it again needs a full finite element simulation to generate one independent design sample. The latter
approach can become efficient but, for problems of considerable size, the DBN training process may be lengthy and const
intensive in term of samples, and the need for training sets to encompass entire DO trajectories of large samples might cause
memory issues. Furthermore, non regular meshes may not fit into common image/movie based ML approaches, so one is again
confined to specific types and sizes of meshes.

A second method consists in using a ML predictor to replace the physical model. Two examples where this approach
has been used are Deng ez al.'3* and Ha and coworkers'?®, who tailor the stress-strain response of periodic meta materials
to match desired nonlinear stress-strain curves, as shown in Fig. 4(b). In these two studies, unit cells with a prescribed set
of topologies and a limited number of design parameters are periodically replicated and the ML is used to choose design
topologies and parameters that match a desired response. Both Deng et al.'3* and Ha et al.'?® only represent proof-of-concept
studies: The former only comprises 16 degrees of freedom to optimize a periodic metamaterial whose unit cell conists of four
hinged quadrilaterals, using a training set of 7500 samples. In the second case we are dealing with periodic beam networks with
cubic unit cells, the model has three degrees of freedom and is parameterized on a dataset of 1212 samples. In both cases it is
arguable whether the use of the ML algorithms is cost effective, since the low dimensionality of the design spaces should allow
for efficient direct optimization. d

Bonfanti et al. highlighted these issues when replacing optimization based on a discrete model with linear and angular
springs with a deep neural network trained on images of truss based-MM *8. While the algorithm was performing well in the
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validation set it required a vast amount of discrete element calculations to annotate the dataset, rendering the overall scheme cost
ineffective. An advantage could only come from transfer learning, if training on a small scale structures could be generalized to
design larger scale structures that are harder to simulate*®.

Dimensionality Reduction is usually achieved by implementing an information bottleneck into the ML model. The network
is trained to construct the structure using the reduced variables and with the structure-response inference based on the bottleneck
representation. This reduced representation, called latent space, can serve different purposes. It can act as a biasing procedure, as
it is expected that the designs generated in this latent space carry properties similar to their trained counterparts. Greminger et al.
train GANs on manufacturable parts to project the SIMP densities into a space that that is expected to guarantee manufacturable
designs, and over which TO then is performed!?. An approach for designing visually appealing wheels was proposed by
Oh et al. who used GAN s trained on images to propose an initial design as starting point for TO to combine aesthetics and
mechanical requirements'3°. Another application of dimensionality reduction has been to find a reduced representation of the
design space of truss metamaterials which is inherently discrete and high dimensional, mapping this on a continuous latent
space of lower dimensionality and then carrying out TO on the reduced space'?’, see Fig. 4(c)).

Post-processing refers to the modification of the geometry after an initial optimization. An example is downscaling, which
refines solutions obtained on coarse meshes to approximate the results obtained with computationally more expensive finer
meshes. In downscaling optimization with ML, efforts include enhancing image resolution from low to high, eliminating
the need for computationally demanding calculations. In References'3” and!3°, the authors convert a coarse mesh design, or
overlapping slabs of it in the form of grayscale images, into more refined high-resolution meshes, reducing the computation
time (see Fig. 4(d)). A limitation of this approach is that TO is length scale dependent, which is enforced by the regularization
filter. This means that the downscaled design is restricted by the resolution of the coarse mesh. Dehomogenization suffers from
the same problem, but it compensates by using internal variables that encode the microstructures across different scales. A
interesting example for ML postprocessors is a dehomogenization network by Elingaard and collaborators where the network is
trained solely on synthetic geometric patterns, not generated by TO. This makes the method independent of the physical details
like domain, boundary conditions, and so on'*®. This approach has by now been outperformed by other dehomogenization
approaches Ref.”?, but still demonstrates that ML can be a useful complement to TO approaches.

4 Conclusion and perspectives

In this review, we have discussed current trends in the design of MM. The advent of efficient algorithm and the availability
of increasingly powerful computational resources is reshaping metamaterial research, traditionally based on trial and error,
into a more systematic exploration of an expanding design space. Algorithms can now be used to predict the most suitable
geometry needed to achieve a given mechanical function, overcoming many limitations of traditional human-based design.
While human imagination is now expanded thanks to the use computational methods, major challenges still remain, such as a
more detailed incorporation into the design process of physical aspects related to the manufacturing. In most of the outlined
design approaches, material properties are assumed as given, but in reality, the material microstructure - which determines the
material properties - results from a manufacturing process where local process history strongly depends on the geometry of the
manufactured part. In current approaches to MM design, such interdependencies are undesirable complications which limit
design accuracy. However, targeted spatio-temporal manipulation of manufacturing process parameters in order to vary the
local composition, crystallography, phase and/or defect microstructure of AM samples to achieve superior overall properties
may be the next frontier in MM design. Beyond design and optimization of geometry, 3D printing of microstructures requires
the simultaneous consideration of sample geometry, process-microstructure and microstructure-property relations. Availability
of predictive models either based upon a clear physical understanding of microstructures and processes, or upon data analysis of
extensive repositories of process-microstructure-property data, is an essential prerequisite for this next step. Microstructure is
also essential for stimulus-responsive metamaterials. This holds for materials with intrinsic functionalities such as ferroelectric,
piezoelectric and ferromagnetic materials, where microstructure needs to be considered and manipulated on the domain level,
and shape memory alloys where martensitic microstructure dominates functionality. Even more important is microstructure
for multifunctional AM composites that rely on embedded functional micro-and nanoparticles to transfer functionalities to a
matrix material. In such composites, both the spatial arrangement and the functional state of the embedded particles create
additional design degrees of freedom that can be manipulated either during or after the manufacturing process by appropriate
thermal, electromagnetic or mechanical fields (field assisted AM'3”). For such materials, co-design of metamaterial geometry
and metamaterial microstructure is mandatory to achieve optimal performance, and the development of appropriate design
methodologies may be an essential task controlling progress in the field of multifunctional metamaterials.

Looking still further ahead, an intriguing future roadmap may be based the development of metamaterials that can learn
and adapt by themselves'*’. This idea finds a parallel in the electronic realm, as shown by Dillavou and coworkers'#! with
nonlinear electronic metamaterials. Their work, involving self-adjusting transistor-based networks, highlights the possibilities
for emergent learning. This breakthrough in electronic metamaterials could inspire similar advancements in the MM sector,
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bridging the gap between both domains and leveraging the principles of neuromorphic computing and autonomous adaptation.

It is also important to discuss potential pitfalls that can occur when using computational methods to design MM. In TO,
applications with moderate element numbers (< 10%), simple constitutive laws and problem statements can already be solved
by a standard personal computer where structures comprised by to 108 elements can be comfortably designed with the use of a
single GPU* . However, future optimization tasks may be much more complex, and there may be an increasing need to rely on
data analytic approaches to quantify concepts like manufacturability and aesthetics'*®. However, availability of training data
and transferability of results between different training scenarios remain crucial problems. Creating up to millions of training
samples to solve small problems is uneconomical and unecological, as is creating data purely for the purpose of training a single
ML algorithm. To be useful, published data must be adequately curated even if they are mere byproducts of more interesting
endeavours. To fulfill the current need of well curated training data, it would be desirable to create a public repository devoted
to metamaterials, akin to NOMAD'#? in the context of quantum chemistry, where researchers could upload their structures and
properties as source for future ML efforts. At the same time, journal editors and reviewers should enforce open data policies'*?
and mandatory upload to such databases, as it is now routinely done in the case of genomic data.
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