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ABSTRACT

Humans depend on energy-absorbing structures constantly during daily life.
Crumple zones in cars protect occupants during a crash. Packaging protects sensitive
goods during delivery. Sports equipment protects athletes during both expected and
unexpected impacts. Unfortunately, the development of energy absorbing structures is
slow because phenomena such as high strain and self-self contacts make their
performance difficult to model. Thus, physical experiments are often the only way to
effectively evaluate the performance of a potential structure.

To tackle this problem, we employ a self-driving lab comprised of an automated
experimentation system guided by machine learning. This system can in principle provide
the acceleration in terms of experimental throughput and information per experiment
needed to address the challenge of discovering high-performing structures. Initially, we
developed a family of structures called generalized cylindrical shells that are reliable to
additively manufacture and that include over trillions of unique designs. Next, we
modified a self-driving lab and physically tested tens of thousands of structures in

quasistatic compression. During a campaign lasting nearly two years, we discovered a

viii



component with an energy absorbing efficiency of 75.2%, the highest ever reported.
Furthermore, using seven different polymer filaments, we found designs that
outperformed all prior synthetic structures in energy absorbing efficiency across a broad
stress range from 100 Pa to 10 MPa. In addition to this technical outcome, because this
campaign lasted orders of magnitude longer than previously published self-driving lab
campaigns, we also uncovered insights about the interactions between researchers and
self-driving labs, such as how to monitor the progress of the campaign and how to adjust
the campaign when problems arise.

Accounting for impact events further complicate the task of developing high-
performing structures because of strain-rate dependent material behavior. We developed
a physics-informed model to predict optimal impact velocity from a single quasistatic
test. We then leveraged limited intermediate strain rate and impact testing to refine the
model for strain-rate strengthening and demonstrate the model’s extrapolative abilities by
applying it to different impactor masses, different designs, and a different material. This
model can be used to screen potential designs using our extensive collection of
quasistatic experiments or to guide future impact testing.

Finally, we explored the use of a self-driving lab as a community resource by
collaborating with outside researchers to study the processing-structure-property
relationships of foam-like structures printed on fused filament 3D printers using viscous
thread printing. We ran two independent active learning campaigns that tested hundreds
of samples, allowing us to develop models that predict their layer height, modulus, and

stress-strain curve. These models not only allowed the realization of printed foams that
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match the stress-strain response of commercial foams, but it also enabled inverse design
of 3D mechanisms by allowing designers to spatially modulate processing parameters.
This work not only furthers the mechanical understanding of viscous thread printing, but
also serves as a template for increasing the utilization of existing self-driving labs

through collaboration.
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maximum amount of energy that could be absorbed below F (light red area). h,
Photograph showing five additional GCS designs made from TPU. i, QS model uses
a single QS test to compute the predicted optimal impactor velocity V. ,j, Parity plot
showing V; vs. V; for the six shown designs using the QS model for m = 1.57 kg.
Error bars denote one standard deviation............ccceeceevievierienienienienceeeeeeene 91

Figure 4.2: Predicting impact performance from intermediate strain rate tests. a, Velocity
V vs. D during impact and intermediate strain rate (ISR) tests. While impact tests
start at V = V|, and decrease as energy is absorbed, ISR tests have a fixed V for the
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¢, K5 vs. V for the ISR tests shown in b. d, F( vs. V for the ISR tests shown in b. The
red line shows a fit to Equation (4.6) with key fitting constants Fy (0) and V, marked
by gray and black dashed lines respectively. e, ISR model uses both QS and ISR
tests of the target design to predict V. f, Parity plot showing V, vs. V; for the six
original designs using the ISR model for m = 1.57 kg. Error bars denote one
standard deviation. In panels a, b, ¢, and d, shades of blue indicate V. .................... 94

Figure 4.3: Predicting impact performance using transfer learning. a, Values from ISR
fitting each of the six designs to Equation (4.6) with the mean value shown as a
dashed red line. b, Plot of QS F;(2 mm/min) vs. fitting constant F; (0). C, Transfer
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Figure 4.4: Extending transfer learning models to an additional material. a, Stress o vs.
strain € for QS tests of solid cylinders 8 mm in diameter with h = 16 mm used in
material testing. b, Picture of seven of the 16 additional designs fabricated with a
foaming TPU filament. ¢, The h vs. component mass for original six designs and the
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new 16 foaming TPU designs. d, The K vs. F; for original six designs and new 16
foaming TPU designs. e, Root mean squared error (RMSE) for predictions of Vj, of
new foaming TPU designs. Both TL models use fitting constants V. and a trained
solely on data from original six TPU designs. f, Parity plot showing V; vs. V; for the
16 foaming TPU designs using the TL Impact model for m = 1.57 kg........ccc...... 99

Figure 5.1: Parameters for viscous thread printing (VTP). a, In VTP, the nozzle speed V,,
travels slower than the thread exit velocity V,, while at a height above the print H
significantly higher than the thickness of the extruded thread Dt, causing the thread
to coil in patterns that can be predictable. b, To create 3D objects, rectilinear
toolpath (blue) can be used while varying the spacing between lines in the x-y plane
by AL and spacing layers by AZ. A cross hatch is used to ensure continuity from
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Figure 5.2: Mapping homogenous subspace for PLA filament. a, H" vs. V" for all 300
experiments performed in PLA with color indicating AL and size indicating AZ. b,
Parity plot of predicted layer height H; vs. H;, for Gaussian process regression
(GPR) model using leave one out cross validation (LOOCYV). c, Log-log parity plot
for predicted effective modulus E vs. effective modulus E for the GPR model using
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Figure 5.3: Predicting full stress-strain curves to replicate commercial foams. a, Force
(F)-displacement (D) of a TPU cube to the 4.5 kN force limit. b, Log stress-strain
curve (blue) converted from F-D curve is down sampled to 100 points (red) equally
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CHAPTER 1: INTRODUCTION

1.1 Motivation

Structures and materials that absorb energy are critical to modern society. Every
day as we drive to and from work, crumple zones in cars and crash attenuators mitigate
the danger to occupants in the event of a crash!'2. Padding in helmets protect not only
cyclists and football players, but also soldiers in combat zones*. Sports equipment like
boxing gloves or hockey pads prevent injuries from repeated blows between players®.
Even mundane events like receiving an order from online shopping is facilitated by cheap
and effective packaging that protects the item in transit”. Because of its many uses,
research continues to strive for energy absorbing materials and structures that occupy a
smaller volume, are lighter, or are safer. One approach is to improve the energy
absorbing efficiency in compression, which is characterized by a force-displacement
response with a flat plateau region that persists into densification at a high value of strain’
(Figure 1.1).
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Figure 1.1: Compression testing and performance benchmarks. a, Compression testing
consists of compressing two platens together at a constant rate while measuring the force and
displacement. b, Efficient energy absorbers consist initial elastic region, long and flat plateaus,
and a densification region.

Unfortunately, discovering high-performing energy absorbing structures and

materials is a slow process. Optimizing for a flat plateau region is often in conflict with



having a late densification, which requires low relative density. Compounding this issue,
there are a near infinite number of possible structures that can be made. In our own
generalized cylindrical shell family described in Chapter 3, we estimate that trillions of
unique designs are possible from a mere 11 design parameters. This is both the blessing
and the curse of dimensionality. The vast design space makes it more likely that
interesting or useful designs exist but also makes them harder to find, preventing the
efficient use of brute force methods to discover optimal structures when there are even
just a handful of tuning parameters with more than a couple of choices each. Of course,
this challenge is only intensified by the adoption of additive manufacturing, which, while
enabling the rapid prototyping of new designs, also gives unparalleled diversity of
potential structures to study. The hierarchical nature of materials design, where properties
and structures at different length scales contributes to the performance of the whole, also
adds additional challenges.

Simulation has been successfully used to overcome this bottleneck in certain
research domains. For example, finite element analysis (FEA) can be used to screen
potential designs, and constrained optimization techniques such as topology optimization
can limit design to promising candidates. These techniques have been fruitfully employed
to study mechanical properties such as stiffness or strength®!!. However, they struggle
with other properties, such as toughness or energy absorbing efficiency, because they are
difficult to simulate. The challenges arise primarily because it is necessary to simulate
high strain compression, which often involves buckling events and self-self contacts

within the structure. These difficulties are only compounded when modeling impact



events, where strain-rate effects come into play and where the speed of the impact
changes as energy is absorbed. In addition, simulation often fails to capture
manufacturing processes or defects that affect performance. For example, in fused
filament fabrication (FFF) where material is deposited layer by layer, the side of the
component has grooves marking the layers and the bonds between layers are usually
weaker than intralayer bonds. These characteristics can affect performance, leading to a
discrepancy between simulated and experimental results.

To accelerate the discovery of superlative energy absorbing structures, we utilized
a self-driving lab (SDL). SDLs combine automation of experimentation with active
learning techniques from the machine learning community. Although SDLs can take a
variety of forms and even go by different names, a key requirement is that they are able
to form a hypothesis, propose an experiment, conduct the experiment, and record the

results, all without human intervention!?-'®. SDLs have been successfully employed to
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study a variety of disciplines, including biology!'4, chemistry!’-2!, material science

and mechanics?%-28,

SDLs have many strategic advantages. First, they increase the throughput of
experiments by eliminating the need for a researcher to be present. During our two-year
campaign, we ran our system nearly continuously, including nights and weekends, with
an uptime of ~60%. Second, SDLs can document an assortment of relevant metadata,
such as recording the mass of the component, taking photos of each part, filming the

compression test, and recording ambient conditions such as humidity and temperature.

Third, SDLs allow improved consistency and replicability in experiments. Recording this



level of detail day in and day out without error would have been unreasonably tedious for
human researchers and could have led to errors due to fatigue. Finally, SDLs have the
ability to increase the knowledge gained from each experiment. Traditional methods of
high-throughput experimentation, such as grid-based searching or design of experiments,
select all experiments before testing begins. This means that they are not using results to
inform experiment selection, decreasing the insight gained from each individual
experiment?’. However, active learning also outperforms human experts, especially in
high dimensional spaces, because humans tend to default to one factor at a time
optimization, which is inefficient and prone to finding local, rather than global,
maxima?’,

Here, we used an SDL to find superlative structures for both quasistatic and
impact energy absorption. With these data, we gain knowledge about material properties,
design motifs, and strain-rate effects. In addition, during our unprecedented two-year
SDL campaign, we gained insights on how to monitor and adjust SDL settings during an
open-ended campaign. Finally, we demonstrated the utility of an SDL as a community
resource by partnering with outside researchers to study the interesting mechanical
properties of viscous thread printing (VTP) foams.

1.2 Organization

Chapter 2 explores the challenges that arise when running an SDL for an open-
ended, long-term campaign. Because of the extended duration, it is likely that researchers
will need to monitor and adjust various settings for the SDL. Taking inspiration from

automobiles, we present six knobs that can be tuned to guide SDL priorities and four



gauges that can be monitored to inform the researcher about progress and potential
adjustments. This guidance seeks to push forward the understanding of how SDLs can
benefit from human-machine collaboration, where researcher expertise can be integrated
into the SDL framework to further accelerate research.

In Chapter 3, we present the results of our two-year campaign exploring
generalized cylindrical shells (GCS). We study this rich 11-dimensional design space
with trillions of unique experiments using seven different filament types. After >25,000
experiments, we found a design that achieved a record breaking 75.2% efficiency at
absorbing mechanical energy. In addition, we explored how material affects design and
performance, as well as examining the rich dataset for design motifs that could transcend
the GCS space.

Chapter 4 shifts focus to predicting performance of GCS parts in impact. Because
strain-rate effects can significantly alter the stress-strain response, quasistatic
measurements do not directly predict impact performance. However, we created a
physics-informed model that employs quasistatic data to predict the optimal impact
velocity of a design for a given impact mass. We further refine this model using limited
intermediate strain rate and impact tests. This transfer learning model is able to predict
performance of new impactor masses, new designs, and new materials with an RMSE of
0.23 m/s.

Chapter 5 transitions to our work opening our SDL up as a community resource.
In this chapter, we highlight our collaboration with outside researchers to study viscous

thread printing (VTP). Our system ran two independent campaigns to map the response



space for both the layer height and effective modulus of the four-parameter input space.
Models built on the data from these campaigns allow targeted performance of
homogenous foam parts. Additionally, using principal component analysis, prediction of
full stress-strain curves is possible, which allows replication of the performance of
common commercial foams using VTP foams.

Finally, Chapter 6 reflects on the lessons learned during the five years working with
the SDL and contemplates on the future of SDLs. It concludes with advice for researchers

interested in developing and running an SDL for the first time.



CHAPTER 2: DRIVING SCHOOL FOR SELF-DRIVING LABS

This chapter is adapted from work published in Digital Discovery*°.
2.1: Introduction

To fully take advantage of the effectively infinite number of possible materials
and processing conditions to study, it is necessary to leverage every opportunity to
accelerate the pace of progress. Advances in machine learning and artificial intelligence
have shined a spotlight on the possibility of using these advanced computational methods
to transform research. Unfortunately, many material properties can only be reliably
determined by experiment, making experiments the gold standard and often the only
method for generating high-fidelity data. These considerations have led to the
development of self-driving labs (SDLs), which are research systems that iteratively
select physical experiments using machine learning and automatically performs these
experiments without human intervention.?! While systems with closed-loop control over
experimental conditions date back decades to self-optimizing chemical reactors,* the
past five years has seen the rapid introduction of increasingly sophisticated SDLs that
operate with a wide variety of material systems and form factors.?!-*33¢ These SDLs have
included systems that study carbon nanotube synthesis,! yeast genetics,! catalyst

18-21 properties of thin films,?>2° and the

composition,'” nanoparticle synthesis,
mechanics of additively manufactured structures.?’?® SDLs have been found to reduce by
10-600 fold the number of experiments needed to reach a given performance level

relative to grid-based searching,?’-?%37-39 to say nothing of their ability to perform

experiments at a faster pace than what is possible with human experimentation. The value



of these systems has been further proved through their discovery of new multi-component
electrolytes,*® previously unreported chemical compounds,*! and structures with
superlative mechanical performance.*?

The value proposition of SDLs is that they can accelerate research progress, but
the fact that they are self driving does not mean that they cannot have input from people.
Indeed, the construction and programming of SDLs is inherently a human process in
which people have provided input, codifying their priorities and goals. This process itself
can be complex and important as it involves turning the human domain knowledge into
an algorithmic format that can be utilized by the SDL.*} Nevertheless, for most SDL
campaigns published to date, this initialization is the end of the meaningful human
interaction outside of restocking reagents or other feedstock materials. In particular, the
SDL iteratively selects and performs experiments based on the programming until the
allotted number of experiments has been reached. While this “hands-off” approach is
reasonable when considering SDL campaigns that collect data over a few days, it is
increasingly unrealistic as the timeframe of campaigns stretches into weeks and months.
Under these conditions, it is very natural for the human experimenters to monitor the
SDL and make adjustments. Indeed, there have been recent reports highlighting the
importance of the human-machine collaboration and how this collaboration can be used
as part of otherwise autonomous systems.** However, given that we are only now seeing
the widespread adoption of SDLs, there do not yet exist resources to help experimenters

know what to monitor and what to adjust.



Based on our experience running the Bayesian experimental autonomous
researcher (BEAR), we detail our key learnings from this process and codify two
important aspects, namely the choices an experimenter needs to make and the
information that they should be monitoring to make these choices. We narrow these items
down into six settings that must be chosen and four plots that should be monitored
periodically throughout the campaign to adjust these settings. Despite our insights
coming from a campaign based on studying the mechanical properties of additively
manufactured structures, the lessons learned are largely system agnostic. We discuss
these lessons using the commonly adopted framework of Bayesian optimization to aid in
their adoption by others. While the heuristics presented herein cannot account for every
situation faced when operating SDLs, we hope that the language, principles, and
processes can provide experimenters with greater intuition and increase the adoption and

effectiveness of SDLs across the materials space.

2.2: Overview of Self-Driving Lab Campaigns

While the details of materials research campaigns performed by SDLs vary
considerably with the SDL architecture, materials system, and campaign goals, they share
the need to sequentially select experiments based on the currently available data
(Figure 2.1). There are a number of algorithms that can perform this selection process.
However, we focus our discussion on Bayesian optimization (BO) as it is commonly used
in SDLs and because BO separates the steps of amalgamating knowledge and choosing
experiments in a manner that is heuristically useful.* In particular, BO generally

proceeds as a two-step process (Figure 2.1). For the sake of defining a consistent
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language, we consider the task of maximizing some experimentally measured property y
across some multi-dimensional parameter space X. The objective or ground truth function
y = f(X) is unknown and heteroskedastic (variance is not constant across parameter
space). The first step of BO is to use the available knowledge to condition a surrogate
model f (55; 5), or a probabilistic approximation of the objective function that depends on
hyperparameters 6. Available knowledge can include, for example, experimental data,
physical knowledge about the system such as expected symmetries, or related prior
knowledge such as simulation results. Second, the surrogate model is used as an input to
an acquisition function as (55 i f ) which quantifies the expected benefit of performing an
experiment at any location in X. The maximum of a; across X is generally selected as the

next experiment.
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Figure 2.1: Schematic showing the interactions between a human researcher and a self-
driving lab (SDL). The SDL proceeds autonomously as an iterative process of performing
experiments and then conditioning a model to select the next experiment. The human can monitor
the progress of the individual experiments and campaigns as a whole using a series of plots to
adjust settings that guide the operation of the SDL. Importantly, the human is not in the loop and
any adjustments can happen asynchronously without slowing the pace of experimentation.

Each step of BO requires the experimenter to set a number of parameters whose
values may not be obvious or physically intuitive. Crucially, the BO process, and the
operation of the SDL more generally, need not be static, and the experimenter should
continually revisit settings based on recent results to improve the chances of converging
towards the best outcome. Below, we highlight the actions that the experimenter can take
(Section 2.3) and then detail the feedback that forms the basis for how to choose which
actions to perform (Section 2.4).

2.3: Actions to be Taken — the Knobs

Despite the use of the term self driving, in practice there are a number of

deliberate choices that the human experimenter must make to productively guide an SDL
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to make efficient progress. In this section, we list six decisions that we have found to be

most significant when running an SDL campaign.

2.3.1: Setting A: The range of parameters considered

The range of X that are considered as the parameter space is a non-trivial choice
that can be crucial to the success of an SDL campaign. In physical experiments, each
component of X corresponds to a tangible physical quantity such as the identity of a
compound, a processing temperature, or the length of a geometric feature. As such, not
all permutations of ¥ correspond to valid experiments and there is no guarantee that the
space of valid experiments is a convex region. In the simplest case, when each
component of X is independent, the full parameter space can be considered a hypercube.
Even in this case, determining the maximum and minimum values for each parameter is
often a judgement call based on experimenter intuition. More generally, there exists some
geometrically complicated domain in X that corresponds to valid experiments. If the
boundary of valid experiments is known at the beginning of the campaign, invalid
experiments can be avoided. In contrast, if the boundary is unknown but the system is
such that invalid experiments can be attempted, the boundary of this domain can itself be
learned during the campaign. In addition to the range of parameters considered, it can be
useful to transform the parameter space such that correlations are easier to learn. For
instance, monotonic transformations such as taking the logarithm of a parameter can
facilitate learning if the parameter is positive definite (always greater than zero) and

varies across several orders of magnitude.
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2.3.2: Setting B: The metrics that define performance

As stated above, we are considering an SDL campaign whose goal is to maximize
a metric y. Even when stated so simply, there are two additional considerations to
mention. First, it is rare to conceive of a material that is only evaluated on a single axis.
More often, multiple properties are considered important.2>* For example, a structural
material can be evaluated based on its strength, stiffness, density, cost, or toughness.
When multiple metrics are important, these metrics must be distilled into a single value to
guide automated experiment selection. There are a number of techniques to do this that
can be drawn from multi-objective optimization. Early work focused on combining the
multiple objectives into a single scalar metric that embodies the user-defined relative
importance of these objectives.*’ This relative importance can also be changed
throughout a campaign, which has led to strategies such as adaptive weighted sum
methods for multi-objective optimization.*® More recently, it is common to base

experiment selection on hypervolume optimization,?>464°

which converts each potential
7(X) into the predicted amount of additional hypervolume in the output space that is
expected to be enclosed from that experiment.

Even when only a single metric is important, there are important choices to make
in how this variable is quantified. While linear transformations such as normalization
should not affect SDL progress, provided that the numbers are not made so large or small
such that they lead to numerical precision errors, non-linear transformations can also be

used to compress or expand important domains in y. For example, when y has a finite

range (say an efficiency that varies from 0 to 1), the model will often predict non-
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physical values (i.e. ¥ > 1 or § < 0). Thus, performing transformations that enforce
these physical constraints can be helpful. For example, building a model to predict y' =
arctanh(2y — 1) both preserves the physical constraints on y while expanding the

domains associated with high and low values.

2.3.3: Setting C: The surrogate model used to approximate the experimental response.

A core decision in the BO process is deciding how to model y. In principle, any
type of mathematical model can be used here, provided it can be used to predict both the
expectation value and uncertainty at any X. The most commonly applied model is the
Gaussian process regression (GPR). This model is highly applicable in the low- to
medium-data regimes and is relatively bias-free, despite only being able to model
surfaces that are infinitely differentiable.

To gain intuition about the function of a GPR, it can be thought of as a tool for
predicting the expectation 7(X) at any X as the weighted average of the prior belief uy(X)
and the results of all prior experiments y; (¥;). Commonly, the prior is assumed to be
constant and therefore usually considered uninformative, although more advanced
methods can be used such as setting this prior using low-fidelity measurements including
simulation-based approximations of the experimental function.?® The weighting used for
this prior is based on a hyperparameter 8,, which represents the total range of
experimentally realizable values. More interesting are the weights chosen for each
experimental measurement. The underlying assumption is that points closer to the
sampling point are more highly correlated, although each dimension of X could feature

correlations with different length scales. A common strategy is to define a kernel function
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that models how correlations vary in space with common choices being squared

exponential or Matérn functions. Such functions feature a set of hyperparameters 6 that

represent the distance in each dimension over which the output is expected to be highly

correlated. This kernel function, together with the physical measurement uncertainty o,
together determine the weighting of each previously measured experiment. A similar

process can be used to predict the uncertainty in (X), termed 6(X). The hyperparameters

-

8, 8y, 0, are crucial to GPR performance and these hyperparameters are typically set
using maximum likelihood estimation. It is important to note that g, is an estimation of
the measurement uncertainty used by the GPR and it can either be independently
estimated by performing control experiments or it can be chosen using statistical methods
such as maximum likelihood estimation. Either way, the decision to use a single value of

gy across the whole parameters space is an approximation that deserves careful

consideration. For a more nuanced look at GPRs, their mathematical underpinnings have
been usefully outlined in prior publications.*>->

It should be noted that there are vastly more sophisticated approaches that can be
taken than the simple GPR-based approach described above. For instance, rather than
assuming that correlations between points are translationally invariant (that correlations
depend solely on distance between points but not on their location in parameter space),
one can define non-stationary kernel functions that allow correlations that capture

nuances in the parameter space itself.’!>* Additionally, there are hybrid methods such as

deep kernel learning in which a deep neural network is trained to transform the input data
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to a GPR.>>*¢ This concatenation of models makes the system able to accommodate
variable length-scale correlations and discontinuities in the input space.

In addition to data-driven methods to modify the expected correlations in space,
there are considerable opportunities for the experimenter to bring physical intuition into
the modeling effort. In particular, it is possible to transform the input space based on
compound variables that are expected to more closely connect to the physical output.
Simple examples of this process could include dividing the masses of reagents by their
volumes to learn on concentrations or taking the ratio of geometric parameters to learn on
aspect ratios.*> While such anecdotes appeal to our intuition, the choice of how to
represent the variables that define the parameter space is an underappreciated facet of

SDL operation and deserves concerted study.>’

2.3.4: Setting D: The acquisition function used to evaluate the value of sampling at a
given location

The second half of BO is choosing an acquisition function ay. The goal of this
function is to convert the predictions $(X) and (X) into a scalar quantity that relates to
the predicted benefit of sampling at that location. A key consideration here is balancing
the needs of exploration and exploitation.*> Exploration prioritizes sampling in regions
with little prior information while exploitation prioritizes sampling in regions believed to
be high performing as a means of optimizing this performance. One acquisition function
that displays this dichotomy well is the upper confidence bound (UCB) in which a5 =
y(X) + 262 (%), where A reflects a weighting in which A = 0 would be considered pure

exploitation while 4 — oo would be considered pure exploration. Other commonly used



17

acquisition functions are expected improvement (EI), in which ag; is proportional to the
amount by which the sampling point is expected to be above the highest previously
observed point. Like surrogate modeling, there have been innovations in the development

of advanced acquisition policies, such as those that incorporate simulation data?®>%

or
expert knowledge.>

Another consideration when choosing an acquisition function is whether
experiments are performed individually or in batches.®*-%> When experiments are
performed in batches, it is necessary to take action to make sure that each point will
target a different region in X. One approach, for instance, is to select the first experiment
in the batch, then recondition the GPR assuming that the point was sampled and either
returned the GPR mean (Kriging believer) or a constant value (constant liar), and use this
updated GPR to predict the next point iteratively until all batch points have been

selected.®! Alternatively, a simple penalty can be applied after selecting each point to

force subsequent points to be further away in X.

2.3.5: Setting E: Finding the maximum of the acquisition function

Once the surrogate model is conditioned and a decision policy selected, the
maximum of the acquisition function must be determined. Because GPR models do not
provide an equation where the maximum can be located in a closed form, it is necessary
to choose discrete locations in ¥ to evaluate as candidate experiments. Exhaustively
evaluating every possible location is nearly always impractical, especially when dealing
with continuous variables. Thus, it becomes necessary to choose a subset of points to

sample. Grid and random sampling are unfavorable for opposite reasons: Grid based
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search will fail to locate a maximum point if it is not on the grid, while random sampling
fails to ensure evenly spaced sampling points (Figure 2.2a-b). In contrast, Latin
hypercube sampling (LHS) presents a way to cover all of parameter space while
introducing some randomness that prevents the same precise point from being
reconsidered multiple times in subsequent steps (Figure 2.2¢). In terms of how many
points to select, the curse of dimensionality plays a major role. Specifically, if X has d,,
dimensions, adding 10 conditions per d,,, leads to ~10%m points, which becomes quickly
intractable when d,,, > 7 despite 10 conditions providing only a sparse sampling of
space. Thus, in any reasonably high dimensional space, it becomes necessary to couple an
initial sampling with a refinement or optimization process. For example, a second cluster
of LHS points may be collected near the maximum observed during the first round
(Figure 2.2d). Alternatively. The maximum or maxima of the first round can be used as
input points to other optimization algorithms such as gradient ascent or genetic

algorithms to find local maxima of a;.*°

a 1 b 1
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Figure 2.2: Selection methods for sampling points. a, Grid based sampling (orange open
circles) will sample the same points each time. The target maximum (black asterisk) and the
closest point (solid orange circle) are also shown. b, Random sampling is statistically likely to
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cluster in local regions, leaving other regions with no points. ¢, Latin hypercube sampling (LHS)
points are selected by dividing the space into a grid and selecting one point randomly in each
domain of the resulting grid. d, A second round of LHS points (dark orange open circles) can be
used to further search in a promising region, finding a better point (solid orange) than the
originally selection points.

2.3.6: Setting F: Which experimental data points are used to condition the surrogate
model

It may seem obvious that one should use all available data to improve the
predictive power of the surrogate model, but as campaigns shift from exploration to
exploitation, it is useful to focus on high performing regions. This counterintuitive
approach has two rationales. First, as the number of experiments increases, the time to
condition the model and predict the performance at the sampling points increases to the
point where it can slow the progress of the SDL. By focusing on the experiments that are
most likely to be relevant to the area of interest, the experiment selection process can
avoid becoming a bottleneck. Second, focusing on the region of interest allows the
hyperparameters to be tuned to the region of interest. This focusing may be necessary if
the output space is inherently different on average than the region of interest, i.e. it is a
needle in a haystack. This challenge can also manifest if the density of experiments in the
region of interest is higher than it is in the rest of the parameter space, allowing shorter
length scale hyperparameters to be employed in a manner that increases prediction
accuracy. The opportunities inherent in pruning the available data have been recently
noted in both the chemical and material spaces.*% There are several algorithms that have
been developed to do this pruning including zooming memory-based initialization

(ZoMBI)® and trust region Bayesian optimization (TuRBO).®’



20

An interesting related point is how to deal with outliers. Algorithmically rejecting
outliers is a risky strategy as in a needle-in-a-haystack type search, the needle is likely to
look like an outlier. For this reason, it is easier to justify including or excluding data
based on its position in X rather than its measured value of y. That said, all available data
and characterization should be used to assess whether a given experiment was conducted

correctly and therefore whether the measured value can be trusted.

2.4: Sources of Feedback to Adjust the Knobs — the Gauges

Having outlined the main variables that the experimenter can adjust, now we turn
to the ways in which the experimenter can determine when to make adjustments. In other
words, we seek to identify the avenues for obtaining real-time information during a
campaign that provides actionable feedback that can be used to change settings A-F listed
above. Crucially, given the complexity of SDL campaigns and the opacity of many ML
models, we seek to draw direct connections between graphical observables that exist in
spaces of any dimensionality and each setting A-F. In this way, the experimenter can
build intuition for the connections between these items and exercise their agency in
fruitfully guiding the SDL. In particular, we have identified four sets of graphs that the
experimenter should be examining and listed how features of these graphs can provide

guidance when adjusting SDL settings.

2.4.1: Response scatter plots
After each additional experiment, a set of d,,, plots should be generated that each

feature y vs. a single dimension of X with the most recently added data highlighted. Older
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data points can be colored to illustrate the order in which they were collected

(Figure 2.3). Looking at one dimensional slices of a multidimensional space can only
offer limited insight, but one thing that such plots can do quite well is illustrate whether
top performing points are on a boundary. Such an observation would be an indication that
the boundaries of X should be enlarged if possible to capture this trend, thus providing
feedback on parameter range (A). We note that if boundaries are not independent, rather
than plotting y vs each component of ¥, it may be more useful to plot y vs. the distance

from the nearest boundary.
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Figure 2.3: Response scatter points. a, Observed response y vs. x1. Points colored based on the
order that they were tested (light gray to black), with the most recent test data shown as a blue
star. In this panel, the peak of y is firmly within the boundaries of x4, indicating that the range is
likely appropriate. b, Observed y vs. x3. In contrast with x; which is a design variable that can be
chosen continuously, x, corresponds to a material property and therefore only discrete values
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corresponding to known materials can be selected. In this panel, the peak of y is on the boundary
that cannot be expanded due to material constraints, pointing to potential material development
goals.

2.4.2: Parity plots

A crucial plot to consistently observe is the parity plot, or the plot of ¥ vs. y
(Figure 2.4). Naturally, data on this plot should fall on the line ¥ = y, but imperfections
in the model and experimental noise will prevent this from occurring. Of particular
interest is the result of the most recent experiment and so the model that was used to
select the last experiment should be the one used to compute J. In this way, it is possible
to assess the goal of the experiment (how good the point was predicted to be) as well as
its accuracy (how close the experiment was to the prediction). The general appearance of
this parity plot is a crucial metric in determining the acquisition function (D), namely, to
adjust the priority of the policy to more heavily lean towards exploration or exploitation.
In brief, if the parity plot exhibits a very poor correlation, then any attempt at exploitation
will likely fail and exploration should be prioritized. It should be noted that while some
policies, namely UCB, feature a discrete knob that allows one to change the relative focus
on exploration versus exploitation, not all policies have such a setting, so changing af
entirely may be necessary.®® It is also possible to use combinations of multiple

acquisition policies.!74>68
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Figure 2.4: Parity plots. a, Predicted response ¥ vs. y built from 13,250 data points. Red line
represents ¥ = y and pink lines represent estimated measurement error oy, Blue star represents
the latest experimental prediction and the subsequent result. b, Same model as a, but zoomed in
on the upper section of the data to highlight the flat plateau that occurs at ¥ = 0.7, leading to
significant underprediction of performance for the latest experiment. ¢, Model built from 4,060
data points near max (y) shows improved performance at high values, which are the most
important in a maximization problem. Prediction of @y, is also decreased. d, Model built from 410

data points illustrating deteriorated performance and a very small estimated @, due too little data.

The overall behavior of the parity plot is also crucial term in validating the
surrogate model (C). Two aspects of fit quality should be immediately apparent when
examining the parity plot. First, the spread of the data about the trend line provides an
excellent proxy for prediction accuracy and this can be quantified using the square of the
Pearson’s correlation coefficient 2. Since these are in-training sample predictions,
training conditions exist for a perfect match between model and data. However, it is
important to remember that the model is Bayesian with the expectation that experimental

data has uncertainty and thus the spread about the parity line should approach a,,. As
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such, one would expect ~65% of data points to fall between lines parallel to the parity

line but spaced apart by +0,,, shown as light red lines in Figure 2.4. If nearly all of the

data falls between these lines, this is a signal that the model is overfitting. While
generally 2 will increase as the volume of data increases, it is also highly dependent
upon the model hyperparameters 6 and any transformations made to the input space.
Thus, low 72 reflects the need to pay careful attention to these terms. We recommend
making decisions to set these terms based upon minimizing cross-validation error or
through maximum likelihood estimation. In addition to spread about the parity line, if the
residuals of the data are not uniformly distributed, it may reflect an incorrect bias in the
model. As GPRs are nearly bias-free, they should not exhibit this phenomenon.

The parity plot can also clearly communicate what data should be included in the
model (F). In particular, for maximization problems, the data that reflects the largest
values of y are in many ways the most important. A common occurrence with GPRs is
that they will effectively smooth out sharp peaks in parameter space due to their inability
to model wide low-performing regions while also modeling narrow high-performing
regions, or needles in a haystack. This problem is manifest in the parity plot through a
flattening of ¥ at the high end (Figure 2.4b). Under these circumstances, it will be very
challenging to tease out accurate predictions in the high-performing region. One solution
is to adjust the data used to train the model (F). In particular, one can retrain the model
using only the data in the proximity of the high-performing points, thus ensuring that the
model accurately captures this region (Figure 2.4c). Variations exist to this approach such

as omitting data based on y (only including high performing experiments), the location in
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X relative to argmax(y) (only including experiments near the best performing
experiment), or the location in X relative to argmax(j) (only including experiments near
the best predicted sampling point of an initial GPR model). However, if too few data

points are included, the model performance can deteriorate (Figure 2.4d).

2.4.3: Proximity plots
While hunting for extrema in complex and high dimensional parameter spaces, a
crucial metric to examine is how close experiments are to one another. In order to readily

visualize this metric as the campaign progresses, y should be plotted vs. p =

/Z(xj - x]f)z, where %' is the location of the most recently sampled point (Figure 2.5).

and the subscript j corresponds to an iterator over each dimension in the parameter space.
A virtue of plotting data in this way is that it makes it very clear the degree to which the
SDL is prioritizing exploration vs. exploitation for the most recent experiment. Simply —
the further the sampled point is from nearby points, the more exploration focused the
choice of the policy. This makes such plots very useful for evaluating the behavior of the
decision policy (D) and ensuring that it is behaving as expected. This is also very useful
when using policies like EI that themselves balance exploration and exploitation. The
distance of the nearest point is a clear indicator of how the policy is resolving this
tradeoff. In addition to providing feedback into the acquisition function, proximity plots
can be useful in helping select the data used to train the model (F). When training a
model with some subsample of the available data, it is useful to indicate this data on the

proximity plot to illustrate the complexity of the subspace under consideration.
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Figure 2.5: Proximity plots. Observed y vs. distance to selected point p. Black points represent
previous experiments, while the blue star represents the selected experiment and its predicted
performance ¥. The distance of the point closest to the star is an indicator of the
exploration/exploitation tradeoff. In this panels, this tradeoff is illustrated by selecting a point
based on upper confidence bound with varied hyperparameter 4. a, A = 0, pure exploitation. b,

A = 1, balance of exploration/exploitation. c, A = 5, focus on exploration. d, A = 25, nearly pure
exploration.

Despite the utility of proximity plots, a question arises in how to normalize p to
make the data most meaningful. For instance, considering a normalized d,,,-dimensional
parameter space, the furthest two points can be from one another is m , making
Euclidian distance in a normalized space a very useful way of thinking about distances.
That said, the relevance of distances depends on the topography of the response surface
and not just the chosen bounds. One way to take this into consideration when using a
GPR is to normalize each dimension by the length scale hyperparameter 6; associated
with that dimension. In this way, the magnitude p is closely connected to covariance with
p ~ 2 indicating that only 5% of the sample point’s variance is captured by the neighbor.
Unfortunately, this approach can be challenging as 6 can change and in particular shrink

as additional data becomes available that elucidates high-spatial-frequency variations.

This makes it hard to track the performance of this plot over time. Interestingly, when
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using proximity plots normalized by GPR hyperparameters, the behavior of points p < 2
illustrates how well the GPR is performing in the experimental region. If y is spread
widely despite being considered statistically close by the GPR, it is a signal that the
model is not performing well in the region of interest and the surrogate model (C) needs

to be reevaluated.

2.4.4: Performance gamut

Since the ultimate goal of the SDL, in at least this example application, is the
optimization of performance y, a crucial piece of information is evaluating the full
spectrum of y that has been observed thus far (Figure 2.6). This plot is ultimately the
main avenue for collecting feedback on the choice of the metric (B). Even though it is
ultimately necessary to make decisions based on a single metric, this is not always the
most useful for conceptualizing the response surface. Humans visualize information
easily in two dimensions and thus, it is very useful to conceive of ways to define two
dimensions to aid in visualization, even if they are not directly related to the SDL
decision-making process. For a high dimensional y, unsupervised approaches such as
principal component analysis or autoencoders may be useful for reducing the
performance space to two variables. When optimizing a scalar metric, it is useful to
introduce another value that provides a second dimension for visualization. Ideally, this
second metric would be related to the first, but not directly connected. For example, in a
campaign to optimize toughness, material stiffness could be a useful second property for
visualization as it would help distinguish between tough but compliant materials and

brittle but stiff materials, even if they had the same toughness.
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Figure 2.6: Performance gamut. a, Experimental data (black dots) are represented by two
dimensions: y4 and y,. b, To find the maximum of the acquisition function, LHS is used to
evaluate sampling points (orange) using the zoomed-in GPR model from Figure 2.4c. ¢, A second
pass of LHS (dark orange) is done with the same GPR model but in a smaller region to more
closely locate the maximum of the model.

In addition to plotting the actual values of y, it is useful to plot on the same axis
the ¥ that were in consideration for the most recent experiment as this can be useful in
determining the number of sampling points used when finding the maximum of the
acquisition function (D). The predicted points should be dense enough that they fill a
reasonable region in the performance gamut with predicted points that extend above the
highest observed experiments. If the observed prediction space appears too sparse, one
solution is to increase the number of sampling points. However, this is not the only

consideration when deciding the number of points to sample. In particular, the process of



29

training a model and selecting sampling points can take non-trivial amounts of time. The
easiest way to modulate this time is by adjusting the number of sampling points (E).
Given that the tempo of an SDL campaign is naturally set by the pace of collecting
experimental data, one approach is to adjust the number of sampling points until the time
required to perform experiments is commensurate with the time to choose subsequent
samples. Further considerations are necessary when experiments are performed in batch
or using asynchronous agents, but the availability of supercomputing clusters means that
running prediction models in parallel can increase the prediction rate.
2.5: Concluding Remarks

Collectively, the principles and heuristics presented here provide a blueprint for
sustained operation of an SDL in which SDL-driven discoveries and human-led
interventions together collectively accelerate the research enterprise. The focus on two
complementary aspects — the settings that govern SDL operation and data showing the
SDL performance in real time — draws a close analogy with operating automobiles in
which drivers have a clear idea of how to act on feedback from each gauge. While this
work draws from our experience running SDLs, there are many other practitioners with
valuable insight, and so it is expected that these methods will require updating as more
sophisticated methods and tools become available. Indeed, we anticipate that this is a
facet of human-machine interaction that is sure to become increasingly complex in the
coming years. It should be noted that there are also opportunities for meta learning in
which processes such as reinforcement learning are used to adjust the knobs discussed in

this work, which could be further leveraged to increase the pace of learning.
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CHAPTER 3: SUPERLATIVE MECHANICAL ENERGY ABSORBING
EFFICIENCY DISCOVERED THROUGH SELF-DRIVING LAB-HUMAN
PARTNERSHIP
This chapter is adapted from work published in Nature Communications®.
3.1: Introduction

Structural motifs define the ways we efficiently use materials. For instance, the
ubiquity of [-beams in architecture is due to the efficiency of this shape in resisting both
shear and bending.”®’! Natural structures feature similar examples such as the hollow
circular cross-section of bamboo providing high bending and torsional resistance.”>””> For
the large class of structures designed to provide protection under a compressive load, the
key property to consider is the total mechanical energy absorbed during compression.’6-"°
This desire to discover tough structures has motivated a focus on metrics like energy
dissipated per unit volume or per unit weight. However, in compression, it is nearly
always possible to increase the applied stress to absorb more energy, thus when
considering specific energy absorbed, or another metric with a dimension, one must also
define an operating stress. Along these lines, there are practical restrictions to absorbing
energy in any engineering application, for example, that the stress must be held below a
level that would damage the system to be protected.®® Collectively, these restrictions
mean that terms like specific energy absorption are not easily applied in comparing tough
structures at different stresses. Therefore, it is useful to define energy-absorbing
efficiency K, a non-dimensional measure of how much energy is absorbed without

surpassing a given threshold stress.”8! Unfortunately, Kj is difficult to optimize because
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most of the energy absorbed by a structure designed for mechanical protection occurs
beyond the elastic regime where deformations are highly non-linear, often feature
dynamic self-self contacts, and are challenging to model.

As a result of the challenge of designing tough structures, much work has focused
on known, relatively simple motifs such as honeycomb lattices or cylindrical shells that
have an analytical basis for performing well.”#> Others have drawn inspiration from
nature to identify more complex structural motifs.®*-8 Computational approaches
including finite element analysis (FEA) and machine learning-based approaches have
also been widely used to design complex geometries.®’3 These computational
approaches pair well with additive manufacturing, which allows the fabrication of
complex designs.!®*+°7 Nevertheless, the fabrication of candidate structures is often the
limiting step in the design process and is commonly limited to validating designs. And
furthermore, despite the speed and versatility of computational approaches such as FEA,
it is very challenging and sometimes impossible to accurately capture K using
computation because of the complex interplay of material plasticity, material non-
linearities, structural non-linearities, and dynamic self-self contacts.”®1%° Furthermore,
models studied by FEA often deviate from reality due to unavoidable processing-
dependent defects and variability of the physically realizable structures. Thus,
improvements to the maximum energy absorbing efficiency of a part at any stress, known
as K, remain slow: to date, additively manufactured structures designed for energy
absorption typically feature K; < 50% (Figure 3.1). There exist better synthetic materials,

the best being a plastic foam reported to have reached K = 68.1% (Table 3.1).!°!
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However, this record is surpassed by nature: Balsa wood has the highest previously
achieved K., 71.8%, showing the value of millions of years of evolution.!?? It is clear that

new approaches are needed if the performance envelope of this important property is to

be improved.
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Figure 3.1: Common and superlative structures and materials. Values of critical stress
threshold a7 and critical energy absorbing efficiency K for synthetic structures (blue diamond)
and natural materials (green triangle) gathered from literature, with superlative plastic and
hyperelastic generalized cylindrical shells (GCS-this study) components (red circle).
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o; (MPa) K; (%) Material origin | Reference

8.50x1073 38.5 Synthetic https://doi.org/10.1016/j.matdes.2017.11.037
1.00x102 32.0 Synthetic https://doi.org/10.1016/j.matdes.2017.11.037
2.85x1072 63.2 Synthetic This work — ADTS ID 22335

5.55x102 44.4 Synthetic https://doi.org/10.1016/j.matdes.2017.11.037
9.17x102 374 Synthetic https://doi.org/10.1016/j.matdes.2017.11.037
6.47x10"! 29.7 Synthetic https://doi.org/10.1002/admt.201800419
9.01x10! 47.3 Synthetic https://doi.org/10.1002/admt.201800419

1.01 68.1 Synthetic https://doi.org/10.1177/0021955X06063519
1.04 36.9 Synthetic https://doi.org/10.1016/j.actamat.2004.05.039
1.16 75.2 Synthetic This work — ADTS ID 21285

1.47 33.5 Natural https://doi.org/10.1016/].jmbbm.2019.103603
2.42 323 Synthetic https://doi.org/10.1177/0021955X06063519
245 70.9 Natural https://doi.org/10.1016/S0167-6636(02)00268-5
3.08 58.2 Synthetic https://doi.org/10.1016/j.msea.2004.03.051

3.89 59.8 Synthetic https://doi.org/10.1177/0021955X06063519
4.07 324 Synthetic https://doi.org/10.1177/0021955X06063519
4.30 52.9 Synthetic https://doi.org/10.1016/j.msea.2004.03.051

4.76 46.8 Synthetic https://doi.org/10.1016/j.actamat.2004.05.039
5.53 44.5 Synthetic https://doi.org/10.1016/j.ijimpeng.2010.03.007
6.47 71.8 Natural https://doi.org/10.1016/S0167-6636(02)00268-5
6.88 44.2 Synthetic https://doi.org/10.1177/0021955X06063519
9.99 41.5 Synthetic https://doi.org/10.2140/jomms.2013.8.65
1.01x10! 45.0 Synthetic https://doi.org/10.1016/j.actamat.2004.05.039
1.17x10! 23.8 Synthetic https://doi.org/10.1002/admt.201800419
1.21x10! 394 Synthetic https://doi.org/10.1177/0731684419868018
1.24x10! 47.9 Synthetic https://doi.org/10.1177/0731684419868018
1.34x10! 45.6 Synthetic https://doi.org/10.1177/0731684419868018
1.42x10! 43.2 Synthetic https://doi.org/10.1177/0731684419868018
1.46x10! 52.8 Synthetic https://doi.org/10.1177/0731684419868018
1.50x10! 56.1 Natural https://doi.org/10.1016/S0167-6636(02)00268-5
1.52x10! 51.9 Synthetic https://doi.org/10.1177/0731684419868018
1.74x10! 533 Synthetic https://doi.org/10.1177/0731684419868018
1.92x10! 50.3 Synthetic https://doi.org/10.1177/0731684419868018
1.98x10! 47.6 Synthetic https://doi.org/10.1177/0731684419868018
1.98x10! 33.2 Synthetic https://doi.org/10.1002/admt.201800419
2.22x10! 47.7 Synthetic https://doi.org/10.2140/jomms.2013.8.65
2.22x10! 46.1 Synthetic https://doi.org/10.1177/0731684419868018
2.25x10! 47.5 Synthetic https://doi.org/10.2140/jomms.2013.8.65
2.29x10! 53.5 Natural https://doi.org/10.1016/S0167-6636(02)00268-5
2.69x10! 45.8 Synthetic https://doi.org/10.2140/jomms.2013.8.65
2.86x10! 32.1 Synthetic https://doi.org/10.1177/0021955X06063519
3.88x10! 45.8 Natural https://doi.org/10.1016/S0167-6636(02)00268-5
5.84x10! 343 Synthetic https://doi.org/10.1016/j.ijsolstr.2015.02.020
8.86x10! 53.6 Synthetic https://doi.org/10.1016/j.msea.2004.03.051
1.40x10? 51.5 Synthetic https://doi.org/10.1016/j.msea.2004.03.051

Table 3.1. Common and superlative structures and materials: Values of stress threshold o}
and energy absorbing efficiency Ky not directly reported were computed based on reported force-
displacement or stress-strain plots.
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Here, we utilize a self-driving lab (SDL) to test >25,000 additively manufactured
structures in a large-scale data-driven campaign to discover tough structures with
superlative K. SDLs are robotic research systems that select, perform, and analyze

31,103

physical experiments without needing human intervention, and they have been

17.104 materials science,!® mechanics,?® and

productively employed in chemistry,
microscopy.?*1%> Motivated by the observations that SDLs can progress toward user-
chosen goals faster than either high-throughput experimentation®’ or tests chosen by
subject matter experts,?®4+196:197 we hypothesize that an SDL allowed to explore seven
polymers in an 11-dimensional parameter space over trillions of possible designs can
discover new structural motifs that advance the frontier of K. The result of this sustained
human-machine collaboration is that we realize a structure with K; = 75.2%. In addition
to showing the opportunities for SDLs to overcome design barriers, this campaign results
in a vast, labeled dataset that has implications for both mechanics and design more
generally. For instance, we explore two high-performing structural motifs and find that
they exhibit consistent performance within classes of materials, namely plastic or
hyperelastic polymers. Finally, aggregate analysis of this data provides general design

heuristics that allow for the efficient selection of materials and structures.

3.2: Results

3.2.1: Defining a campaign to study generalized cylindrical shells
As a motivating example to explore the considerations that define and limit K,
we consider the compressive behavior of a cylindrical shell composed of a hyperelastic

thermoplastic polyurethane (TPU). When tested in compression, the resulting force F-
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displacement D curve shows an initial elastic region, a yield point, and then complex
post-yield behavior that originates from combinations of plastic deformation, buckling
and other large elastic deformations, and reentrant contact (Figure 3.2a). To compute K,
F-D is first converted to stress o vs. strain € for the effective medium using the
dimensions of the component, as explained in section 3.4.3. K; is specified at a threshold
stress g, that is typically associated with the strength of the system to be protected.
Graphically, K represents the amount of energy absorbed by the component while ¢ < g,
(Figure 3.2a — blue region) relative to the maximum energy that could be absorbed during
complete compression (¢ = 1) without exceeding g, (Figure 3.2a — red rectangle). To
compute K at a specific o;, we numerically evaluate,

Ky = o7t [ o(e)de, (3.1)
where &, is the greatest strain at which o < g, for all 0 < € < &;. Interestingly, for most
structures, K (a;) has a single well-defined maximum K at an optimum threshold stress
o¢ . This o; often corresponds to the initial yield stress of a structure, although it can
occur at higher stresses, particularly when the component densifies at low strains or does
not significantly soften after yielding. As such, K¢ and o; were found for this and all
structures numerically as described in Section 3.4.3. In the example of Figure 3.2a, the
cylindrical shell is limited to K = 39.8% due to significant post-yield softening. To
maximize K;, a flat post-yield region and a delay of densification until large € are both
desirable. Unfortunately, this knowledge alone does not provide a prescription for how to

adjust the structure to obtain these desired behaviors.
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Figure 3.2: Challenge of designing energy absorbing structures. a, Force F vs. displacement
D and effective medium stress @ vs. compressive effective medium strain € for an additively
manufactured cylindrical shell made of thermoplastic polyurethane (TPU). Maximum energy
absorbing efficiency K is calculated at an optimum threshold stress o (dashed line) by dividing
the energy absorbed while o < g} (blue region) by the theoretical maximum amount absorbed
(red rectangle). b, Eleven independent geometric parameters including diameter d, height h, wall
thickness t, and eight other parameter x,_g that together define a generalized cylindrical shell
(GCS). When combined, at least trillions of unique designs are possible. ¢, Elastic modulus E of
the seven polymers studied as determined by compression tests. Error bars represent one standard
deviation. d, Schematic showing an autonomous research system in which five 3D printers are
used to fabricate polymeric structures that are automatically weighed, imaged, and tested using
quasistatic compression. The output of this testing is automatically interpreted and used to select

subsequent designs to test.
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We hypothesized that programmed perturbations to the geometry of a cylindrical
shell could tailor the complex post-yielding behavior to drastically increase K. While
cylindrical shells are typically defined by a small number of geometric parameters,
namely their diameter d, height h, and thickness t, we augmented these to form an 11-
parameter family of structures termed generalized cylindrical shells (GCS) (Figure 3.2b).
In addition to ¢, h, and d, a GCS is defined by eight additional parameters x; _g including
four that adjust the cross-sections of the top and bottom of the shell, one to define the
perimeter of the top relative to the perimeter of the bottom, and three to describe the
rotation of the perturbations from top to bottom (Figure 3.12). Furthermore, because the

. . . P,
GCS space does not have circular cross sections for most designs, we define d = ﬁ ,

where P, is the average perimeter of the design. We note that each of the eleven
parameters would only need twelve unique values for their combinations to surpass a
trillion unique designs. Given that each parameter is continuous and can be assigned
many more than twelve values, we consider trillions of unique designs to be a lower limit
to the size of the parameter space. While we have previously used FEA to compute
mechanical metrics like resilience, stiffness, and yield force,?® our inability to rapidly or
accurately calculate the shape of the post-yield region using FEA led us to not pursue this
method for accelerating the study of K. Therefore, experiments were necessary for
assessing K. Because all the resulting structures are topologically equivalent to
cylindrical shells, they can be fabricated using extrusion-based additive manufacturing by
continuously extruding material, thus making this parameter space intrinsically designed

for additive manufacturing. In addition to the geometric parameters, we sought to explore
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a variety of polymers. Therefore, we considered seven materials that included those that
are hyperelastic such as a thermoplastic elastomer (TPE) and TPU, those that plastically
deform such as polylactic acid (PLA), and materials that fall in between these two
distinct classes (Figure 3.2¢). These materials can be characterized based on their elastic
modulus E, their plateau strength o, , and rebound strain.

To efficiently search the effectively infinite GCS parameter space, we employed
the Bayesian experimental autonomous researcher (BEAR), a customized SDL developed
to combine additive manufacturing of polymers and mechanical testing (Figure 3.2d).
The BEAR is a closed-loop system in which samples are printed using one of five fused
filament fabrication (FFF) printers, automatically retrieved using a six-axis robotic arm,
and then characterized using a scale, machine vision, and uniaxial compression testing.
After testing, the information was automatically analyzed to determine whether the test
was of acceptable quality. This learning process featured a fault-tolerance that was a
combination of intrinsic and explicit factors. Specially, if components had no structure
due to large overhangs, small contact area with the print bed, non-manifold surfaces due
to high twist values, or print-head collisions caused by excessive extrusion, they would
be tested and exhibit low efficiency, naturally guiding the algorithm away from this
region of design space. If the sample was so poorly defined that it could not even be
tested, these experiments were automatically marked as unprintable to prevent the
algorithm from repeatedly selecting this or similar designs. In both cases, these
assignments were manually confirmed asynchronously by the human team. Subsequent

experiments were selected using Bayesian optimization, which entailed conditioning a



39

surrogate model of the mechanical performance using all previously measured GCS
components and then selecting combinations of designs and materials that maximized a
specified acquisition function. As this experimental campaign began with a very small
amount of data, Bayesian optimization using Gaussian process regression was selected to
model this data because it is efficient in the low-data regime.!°® Now that a large database
exists, more sophisticated models such as variation autoencoders could be employed to
more accurately model the design space and facilitate in the selection of new
experiments.'?” The SDL autonomously performed these tasks to choose, perform, and
analyze experiments at a typical pace of ~50 experiments per day. Collectively, 25,387
experiments were performed using seven different materials, with 13,250 experiments
resulting in valid data. It is worth emphasizing that even experiments not included in the
final dataset provide value, for example in determine the subspace of GCS designs that
are printable using FFF. From the beginning of the campaign to the end, experiments
were running for ~60% of the total wall clock time, showing the robustness of this
process. This system is an evolution of an SDL developed by our research group.?’” A
picture of the system (Figure 3.13) as well as full details on the hardware (Figure 3.14)

and software (Figure 3.15) used as part of the BEAR are provided in Section 4.2.

3.2.2: Discovering high-performing structures

Over the course of the multi-year campaign, the details of how experiments were
chosen were altered based on the intuition of the experimenters and by evaluating the
progress of the BEAR. Examples of these changes include, the introduction of sinusoidal

twist, the switch to LHS sampling (from grid-based sampling), allowing components to
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have both sinusoidal and linear twists combined, and switching to cooling plastic
materials after printing. The timing of these changes is shown in Figure 3.3a. Researchers
also controlled which filaments were loaded into which nozzles. New filaments were
introduced during the campaign and the mix of filaments was changed to pursue different
goals, as summarized in Figure 3.3b. Finally, 23 different decision policies were used

throughout the campaign, as shown in Figure 3.3c and Table 3.4.
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and colored according to the Figure 3.2c, along with the highest K§ to date (blue line — left axis).

¢, Decision policy of each experiment (right axis), along with the highest K to date (blue line —
left axis). Decision policies are listed with descriptions in Table 3.4.

Progress in the campaign can be visualized by tracking K; measured for each

experiment along with a running maximum throughout the campaign (Figure 3.4a). The
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continuous progression was a result of both persistent experimentation by the SDL and
choices made by the human team based on the progress of the SDL. Interestingly, large
jumps in performance were typically either due to serendipity (i.e. the SDL chose a
fortuitous region) or a human-led intervention. For example, we highlight three human
interventions based on observing the progress of the SDL. First, prior to experiment
4,829, the SDL was programmed to select experiments based on K at one specific o;.
However, we noted that there were several different reasons why a specific sample would
have a low K, so we needed to provide the SDL with more information. We
hypothesized that tracking both K; and a; from each experiment would allow for more
meaningful information to be extracted by the SDL. After implementing this change, the
SDL rapidly increased the maximum K from 45% to 55%. As a second example, at
experiment 15,678, we noted that a large fraction of plastic components was failing the
height quality control check but passing the mass check. We had been heating the print
bed after printing to facilitate the automated removal of components but determined that
the forces exerted during removal could deform plastic components. Upon changing the
SDL to cool plastic components prior to removal, the system proceeded to make a series
of jumps in maximum K from 60 to 68%. Finally, at experiment 17,730 we noted that
the predictive model used by the SDL was systematically underpredicting K for high
performing components, so we implemented a process where the proposed experiment
was selected using a model built only on data close to the best observed experiment, a
process similar to algorithms such as TURBO or ZOMBI.®%%7 This intervention led the

SDL to progress from 70.6% to 75.2% in maximum K.
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The culmination of these adjustments and continued experimentation by the SDL
resulted in the observation of Kg = 75.2%, a value that was higher than had been
previously reported. The performance of this superlative experiment is shown in
Figure 3.4b, which shows the o — ¢ curve and photographs of the component at different
stages of compression. It is clear from the flatness of the post-yield region together with
the photographs that the SDL has discovered a way for buckling and other large elastic
deformations, plasticity, and reentrant contact to work together to achieve a remarkably
flat plateau until densification initiated at ~80% strain. Interestingly, this component was
composed of PLA, which is not commonly regarded as a high-performance material.
Upon repeated experiments, the design, which we termed Palm, had an average K = 73.1
+ 0.9. Although Palm printed in PLA had the largest single value of K¢, 75.2%, observed
in the entire campaign, we discovered other components that had higher average K¢

values than Palm.
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3.2.3: Material influence on design and performance

0 2 4 6 8 10 12 14 16 18 20 22
Experiment Number (thousands)
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Figure 3.4: Research campaign to find highly efficient structures. a, Each maximum energy
absorbing efficiency K measured over the first ~21,500 experiments performed. Pictures
highlight noteworthy components (black stars) and the highest performing structure (red star).
The color of the pictured components is indicative of the material used, with Green indicating
PLA, Blue indicating PETG, and Red/Gray indicating different types of TPU. The solid blue line
denotes the running best K observed. b, effective medium stress a vs. effective medium strain ¢
for experiment 21,285, named Palm, which resulted in K = 75.2%. Inset photographs show the
state of the component at various points indicated on the curve (images enhanced to improve
clarity). Shading denotes regions used to compute K as described in Figure 3.2a.

To explore variations in performance across different material classes, we
selected two high-performing designs discovered in different materials. The design

discovered in PLA with the highest average K, termed Willow, is tall and has a compact
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center region (Figure 3.5a). Testing 15 identically prepared samples of the Willow design
resulted in a tight distribution of yield forces with variations in the post-yield plateau.
Nevertheless, PLA components made using this design exhibit Ky = 73.3 + 0.9%,
showing a consistent performance above previously reported maxima. That said, the
repeatability of superlative designs on multiple FFF systems suggests that defects in the
fabrication process do not limit performance. The highest performing design discovered
for TPU-2 is termed Iroko and consists of a relatively short and open design

(Figure 3.5b). We observed more substantial variations among the 15 Iroko o — ¢ profiles,
and the average K = 53 + 4% was substantially lower than that of the best plastic
components. The differences in attainable K; between PLA and TPU-2 can be explained
by considering that these are different material classes, with PLA being a glassy polymer
that exhibits substantial plastic deformation while TPU-2 is a hyperelastic elastomer. This
difference in properties is most evident in their post compression behavior in which the
TPU component recovers ~99% of its height one minute after compression while the

PLA component is permanently flattened to ~23% of its initial height.
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Figure 3.5: Exploration of high-performing designs discovered in elastic and plastic
materials. a, Rendering of Willow, a high-performing design discovered using the plastic
polymer polylactic acid (PLA) together with effective medium stress o vs. effective medium
strain € for 15 identically prepared PLA Willow components. b, Rendering of Iroko, a high-
performing design discovered using the hyperelastic polymer TPU-2, together with o vs. € for 15
identically prepared TPU-2 Iroko components. ¢, Measured maximum energy absorbing
efficiency K vs. polymer elastic modulus E for Iroko and Willow components made from one of
five polymers. Dashed lines show a sigmoidal fit to guide the eye. Error bars represent one
standard deviation. Marker colors denote component composition, as shown in Figure 3.2c.

While Willow and Iroko represent optimizations for their original materials, the
question remains of whether the performance of these shapes can translate to other
materials or if it is a highly bespoke optimization of this combination of material and
design. To explore this, components based on the Willow and Iroko designs were
fabricated using four additional materials and tested in triplicate. Studying K of these
components showed the limitations of the transferability of these designs (Figure 3.5¢).
While each design performed with comparable K for materials in their respective classes
(i.e. hyperelastic vs. plastic), a transition region was observed at intermediate E. This is
an example of how the mechanical outcome can depend on the confluence of material

properties and structure. By examining the individual ¢ — € curves for the Willow design
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(Figure 3.6a), the lower performance of the hyperelastic materials is caused by significant
post yield softening. In contrast, for the Iroko design several of the TPU-3 and PETG
components experienced buckling events during compression, leading to sharp declines
in the force that recovered at higher values of displacement (Figure 3.6b). Because the
Iroko design utilizes elastic wall bending to absorb energy, stiffer plastics can buckle
abruptly, leading to decreased efficiency. Overall, the comparison of Willow and Iroko
confirmed that designs perform well within specific classes of materials, but that these

geometric motifs do not directly translate to different material classes.
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Figure 3.6: Willow/Iroko by material. a, Stress o—strain € curves for components made using
the Willow design printed in TPU-1, TPU-2, TPU-3, PETG, and PLA. PLA, the original Willow
material, has 15 tests, while the other materials have three each. b, 6—& curves for components
made using the Iroko design printed in the same five materials. TPU-2, the original Iroko
material, has 15 tests while the other materials have three each. Colors depict the material as in
Figure 3.2c.

3.2.4: Broader design considerations

While the SDL-based campaign was able to discover highly efficient designs, we
hypothesized that the broader corpus of mechanical tests performed during this campaign
could provide further mechanical insight. As an initial exploration of this idea, the results

of all the experiments performed are grouped by material (Figure 3.7). The attainable
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envelope of K and g/ for each material was estimated by computing a convex hull
around all experimentally measured points, and the best performance observed for each
material occurs at a single o/, which we denote the material peak threshold stress a,,. To
obtain a measure of the uncertainty in this term, we retroactively step through the
campaign and determine each time the o;, would change and report the expected value as
the median of these terms with the error being the standard deviation in their values (in
logarithmic space). Interestingly, all materials studied exhibit a similarly shaped convex
hull with a distinct peak, highlighting both the importance and the feasibility of tuning

the material properties to the specific energy-absorbing application.
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Figure 3.7: Convex hulls for seven materials. All tests for each of the seven materials studied,
with their final o, marked. The materials are TPE (a), TPU-1-3 (b-d), nylon (¢), PETG (f), and
PLA (g).
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We found that over the seven tested materials, o, was strongly correlated with
the polymer plateau stress o, (Figure 3.8a), providing an algorithmic process for
selecting a material to optimally match use cases across a wide range of threshold stresses
determined from different systems to be protected. Then the material can be selected and
structured to maximize K; at that o;. Importantly, we do not believe that oy, is dependent
upon 3D printing capabilities or choice of experiments as this value was not found to drift
to higher or lower stresses throughout the campaign. As such, this relationship may have

applicability beyond the GCS design family.
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Figure 3.8: Design insights that emerge from mechanical dataset. a, o, vs. polymer plateau
stress o7, for seven polymers tested during the campaign together with a power law fit shown as a
dashed line. Marker color indicates the material type. Error bars indicate one standard deviation
of 64, found throughout the campaign. b, K vs. relative density p,. for all components tested
during the campaign with point color denoting K. ¢, Normalized height w vs. d/t for all
components tested during the campaign in which point color denotes K as in b.

In addition to tuning material properties, we hypothesized that unifying features
of high-performing designs could be extracted to provide transferable guidance for
realizing efficient structures. For example, it is reasonable to expect that the relative
density p,- of the component would strongly influence Ky (Figure 3.8b). This hypothesis
is motivated by the observation that the two factors that together bound K are the

flatness of the plateau region and the strain £; where this plateau drastically rises due to
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densification. It has been observed for foams that €, is bounded by relative density.”-!%!

Because ; > K, we hypothesized that low p, is necessary for high K. Examining K¢
vs. pr, we found that K is peaked at p, ~ 0.1 with all designs with K; > 65% having
0.05 < p, £0.21, providing guidance for structural design. Interestingly, because p,- can
be calculated prior to fabrication, limiting physical testing to designs with p,. in this range
can eliminate potential components that are unable to achieve high K. To leverage this
fact, we implemented a decision-making policy that focused on designs in this low-
density regime. This is both an example of using a metric that is quick to compute to
accelerate learning and represents a facet of the human-machine teaming where an
observation by the human team helped the SDL search more efficiently.

Beyond the aggregate details of the design, there is a great deal of work exploring
the mechanical regimes present for cylindrical shells under uniaxial compression. For
example, the ratio d /t of a cylindrical shell determines whether plastic cylinders fail
through plastic deformation (thick wall limit) or fail elastically through the formation of
local buckles (thin wall limit).!!? This transition has been observed to occur at d/t ~ 100.
Further, the height of cylindrical shells is often characterized by the dimensionless length
parameter w = h/~v/dt.!"! Here, cylinders are considered to be short when w < 1.7.
Plotting K¢ vs. d/t and w reveals that all of the highest performing structures (i.e. K; >
70%), which were made from plastic materials, had 16 <d/t <24 and 6.75 < w < 8.25,
which can be considered thick-walled medium-length cylindrical shells (Figure 3.8c). For
simple cylinders in this region, one would expect elastic buckling and plastic deformation

to both play major roles. Thus, one way to understand the data-driven optimization
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process is that the other eight geometric parameters that define a GCS component have
been tuned to guide these complex buckling and plastic interactions to interact
constructively.

Interestingly, we may use the tools of machine learning to identify which
geometric motifs are most responsible for this improvement. Specifically, we built a
neural network to predict K; for components made out of PLA. Figure 3.9a depicts the
parity plot of this network. By applying Shapley additive explanations (SHAP),!1? we
were able to separate the individual contributions made by each GCS parameter to the
neural network’s predictions of K. Inspired by Shapley values in Game Theory, SHAP
assigns a value to each feature in a machine learning model, indicating its impact on the
prediction. We seek to understand the difference in influence between a component and
an ideal cylindrical shell (same diameter, height, and wall thickness). To achieve this, we
subtract the SHAP values of Willow from the SHAP values for a pure cylindrical shell to
obtain a “delta” in explanations. Our analysis of Willow revealed that the four-lobed
profile of the cylinder (x,_3) together with the linear and sinusoidal twist of this profile
along the shell (x4_g) are together responsible for 90% of the improvement over a simple
cylindrical shell (Figure 3.9). Mechanically, this suggests that the key feature for
improving the efficiency is producing local plastic deformation events that result in
sufficient self-self contacts to prevent post-yield weakening. This feature allows the
structure to maximize the material plasticity that occurs while maintaining a flat post-

yield region.
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Figure 3.9: Shapley additive explanations (SHAP) analysis of Willow as the superlative
design. a, Parity plot of the neural network built on all data taken using PLA with Willow
highlighted. b, SHAP waterfall plot for the Willow design tested in PLA relative to a PLA
cylindrical shell with the same height, diameter, and thickness. These values show the cumulative
effect of positive (red) or negative (blue) contributions of individual feature values to model
predictions.

While the main focus of this work has been the discovery of isolated structures
that exhibit high mechanical efficiency, and therefore high toughness, it is interesting to
consider whether these components could act in concert to be useful for larger systems.
For instance, these structures could be tiled in two dimensions to form a regular lattice.
To facilitate this, the minimum tileable area of each component was used as the reference
area to compute stress. To explore whether the aggregate K of multiple high-performing
components would retain their high performance, we computed the predicted K values
for combinations of the Willow replicates reported as part of Figure 3.5a. Interestingly,
not only was the composite predicted to retain its superlative K, but this value was
predicted to increase as more components were added to a maximum of 74.2% when 10
components were combined (Figure 3.10). This improvement with averaging can be

understood by considering that the largest variability observed for this component was in
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the plateau region and so regression of this curve to its mean is expected to result in
closer agreement between the initial yield stress and this plateau region. These results
point to examining combinations of GCS components as a promising area of future

research.
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Figure 3.10: Simulation of efficiency for combinations of tested willow components. a, Two
or more experimental F-separation curves (red) can be combined to create a simulated test of in-
plane tiled components (blue). Curves are added in platen separation space to account for possible
variations in component height. b, Mean and one standard deviation in K for original
components (red) and combined prediction (blue) for varying number of components.

This study focused on optimizing the maximum energy absorbing efficiency, but
it is also interesting to consider the performance of these components through the lens of
other commonly used metrics such as energy absorption normalized by mass or volume
(Figure 3.11). While this study focused on energy absorbing efficiency, both the
toughness per unit mass Uy, (Figure 3.11a) and toughness per unit volume U,

(Figure 3.8b) are interesting properties to examine. Despite this not being the

optimization target, structures that absorbed as much as 22.8 J/g or 10 J/cm? were



55

identified as part of this study. For both metrics, performance is correlated with both
material strength and component effective medium density. Despite this, the toughness of
a component is unbounded in compression due to the densification of most structures. To
illustrate this issue, consider both the Willow and Iroko structures from Figure 3.5. By
measuring the specific toughness below a given o, it demonstrates that most of the
energy is absorbed before the critical stress, but that U,, continues to increase as a;
increases (Figure 3.11c—d). This makes it difficult to compare toughness tested on
instruments that have different force limits unless the performance is bounded by some
force or stress threshold. For this reason, employing K allows not only comparison
across different materials, but also mitigates different testing limitations based on

machine capabilities or user choices.
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Figure 3.11: Examining toughness metrics beyond energy absorbing efficiency. a, Toughness
per mass U,, vs. component effective medium density for all successful experiments. The color
of each dot corresponds to the material used, as designated in Figure 3.2c. b, Toughness per
volume U, vs. component effective medium density for all successful experiments. ¢, U, vs a; for
the original Willow component with the point representing K marked by a black dot and the
parity line showing the maximum possible U,,. d, U,, vs & for the original Iroko component.

3.3: Discussion

This work reports a series of mechanical insights that resulted from performing an
extensive experimental campaign using an SDL. Through the exploration of a vast
parameter space, we were able to identify components with superlative K, advancing the
frontier of energy absorption and finally overcoming the record previously held by
nature. These designs were found to be general within material classes when additively

manufactured, showing the opportunities and limitations of transferability of the designs.
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A longstanding goal in the mechanics community is to identify simple shapes that are
predicted to obtain high performance, such as the analytically predicted 75% efficiency
of honeycomb lattices.” However, a noteworthy feature of this work is that the final
components contain repeatable geometric details defined by the FFF process that are not
captured in the simple GCS digital model, such as the scalloping of the walls. This
acknowledges a key reality that, in practice, all structures have to be physically realized
and any manufacturing technique contains characteristic microstructures and
idiosyncrasies that are unique to that method. It may be that obtaining superlative
efficiency requires optimizing the structure within the context of how it would be
physically realized by the fabrication method — as we have done here through our
extensive experimental campaign. We expect future work will focus on studying the
transferability of these high performing GCS geometries to other fabrication methods.

In addition to identifying superlative designs, this SDL campaign also illustrated
how optimization and learning can be complementary goals in that the generated corpus
of data allowed for the extraction of design insights for optimal use of polymers. These
insights include matching polymer materials to target use cases, highlighting the use of
pr as an aggregate descriptor, and gaining connections to the broader literature on
mechanics of cylindrical shells. While here we only present limited mechanical trends
that capture the breadth of the dataset, we anticipate that the availability of this data will
motivate others to dive deeper into specific regions and provide insight into phenomena
such as failure mechanisms and what geometric aspects would prevent them. The

assembled database of GCS properties under uniaxial compression could also be very
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valuable in accelerating the discovery of other categories of mechanical response through
the principles of transfer learning. For example, we have previously shown that
quasistatic performance can be used to predict impact performance in data-driven
manner.!!3 Further, transfer learning using feature transformation can be used to develop
output spaces in which correlations are easier to learn, as we have shown using FEA
calculations.?® As such, the GCS dataset is likely to be useful to accelerate learning other
categories of mechanical response. From a mechanics standpoint, we expect that this
work will provide geometric motifs that lead to more efficient and safer protective
equipment.

From a broader learning perspective, this work shows how the iterative and
collaborative interaction between SDLs and human teams can lead to sustained progress.
We should note that this study was not dedicated to benchmarking the acceleration
inherent to using SDLs. Prior work, including our own,?”-?® has focused on such
benchmarking and ongoing research is focused on developing algorithms and processes
to efficiency select experiments.®®!'* In this work, our main focus was discovering new
mechanical structures and we believe that this type of sustained campaign is an example
of how SDLs can fruitfully exist in the materials discovery pipeline. An important point
to consider is that the process used here allowed the human-SDL partnership to leverage
the strengths of each member. In particular, it has been widely seen that algorithmic
decision making is more efficient at navigating high-dimensional spaces than even expert
selection of experiments.?%#4196.197 The approach used here allowed the SDL to

autonomously and continuously explore this space while the humans provided periodic
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guidance in the form of making adjustments to the algorithm or accessible space. Having
the human out of the loop allowed the autonomous system to continuously progress while
requiring human decision-making at each point would have made the pace of
experimentation impossible. While it would have been useful from a benchmarking
perspective to construct a predetermined process for the humans to interact with the SDL
within a narrow scope, this rigid framework would not allow for the effective use of
human creativity to adapt to unexpected problems. The fruitful partnership of human and
SDL raises the question of what general lessons or approaches can be applied in these

t,3%115 and it is a

cases. Some studies have emerged that begin to address the concep
promising area for further study. Finally, an important avenue for future research is
learning how to effectively combine simulations such as FEA with experimental

campaigns such as this to increase the rate of learning while reducing the burden of

physical experimentation.

3.4: Methods

3.4.1: Design of generalized cylindrical shells

To provide a vast space of potential designs that are topologically identical to
cylindrical shells, we developed a generalized cylindrical shell (GCS) family of
structures, which is an 11-dimensional parameter space (Figure 3.12). A cylindrical shell
is often defined in terms of its height h, wall thickness t, and diameter d. Here, we design
generalized cylindrical shells (GSC) that are topologically consistent with cylindrical
shells and have a consistent wall thickness and height, but vary in their cross-sectional

profile along the axial direction. As a diameter is not an appropriate measure for such a
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complex shape, we parameterize these using their average perimeter Py. A GCS design is
realized by deforming cylindrical shells using three distinct transformations: variable
perimeter, variable cross section, and twist (Figure 3.12a).

Briefly, the variable perimeter is realized by linearly varying the perimeter from
the top of the GCS to the bottom of the GCS (Figure 3.12b). In this campaign, the
perimeter of the top was constrained to be larger than the perimeter of the bottom to ease
with component removal. The cross sections of the GCS were transformed using a
summed cosine function (Figure 3.12¢). The top cross section and bottom cross section
are specified, and each intermediate layer is calculated as a linear interpolation of these
two faces, ensuring a manifold surface. Finally, both sinusoidal and linear twist can be
applied to these cross sections in a height-dependent manner (Figure 3.12d). Collectively,

these transforms allow for more than trillions of unique designs.
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Figure 3.12: Generalized cylindrical shells. a, Generalized cylindrical shells (GCS) are realized
by transforming a cylindrical shell of height h and wall thickness t to create interesting shapes
that preserve the topology of the shell. b, The perimeter P varies linearly along the height z of the
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shell based on an average perimeter Py and a perimeter difference x;. c, The cross sections of
each layer are deformed in a z-dependent manner using a summed cosine function with 4-period
amplitude €4 and 8-period amplitude Cg. These are defined at the top and bottom by four
variables X3, X3, X4, and x5, and linearly interpolated to determine the cross section at any z. d,
The cross sections of the design are rotated about the cylinder axis in a z-dependent manner by
rotation angle ¢ using both linear and sinusoidal twists as defined by linear twist x4, sinusoidal
twist amplitude x, and sinusoidal twist period xg.

The azimuthally-dependent radius r(z, ¢) is shifted by adding two cosine
functions with set periodicities as inspired by the summed cosine design of mechanical

structures.!!® In particular, r at any given height z and azimuthal angle ¢ is given by,

r(z,) = 15(2) |1+ C4(2) cos (4(¢ + b0 (2))) + Co(2) cos (8(¢ + $o(2)))]. (3.2)
where C,(z) and Cg(z) are amplitude prefactors to the summed cosines, ¢,(z) is a
rotational offset, and 7, (2) is a prefactor adjusted to set the height-dependent perimeter
P(z) of the shell. Each of these functions is defined by terms of x. Specifically, we

define,

P(z) = P, [1 + %, (ﬁ - ;)] (3.3)
such that x; is the difference between the perimeter at the top of the component and the
perimeter at the bottom. The Python function scipy.optimize.minimize was used to
minimize the error between the P(z) and the actual perimeter of Equation (3.2),
estimated using Simpson’s rule, by adjusting r,(z) at each layer.

Each summed cosine term is defined by specifying its value at the top and bottom

of the shell and linearly interpolating between these points, specifically,
Ca(2) = x, =L+ x5 2, (3.4)

and
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zZ
h

Cs(2) = x4 ’% + xs (3.5)

To determine the azimuthal offset of each layer, we include two ways in which this can
vary with height, namely a linear and sinusoidal shift. Specifically, we define,
¢o(2) = x6£ + x; sin(2mxgz) . (3.6)

Code to generate standard triangle language (STL) models based on the GCS family of

shapes is available https://github.com/bu-shapelab/gcs.

3.4.2: Development of the Bayesian experimental autonomous researcher

In order to study the mechanical energy absorbed by additively manufactured
components under uniaxial compression, we developed and utilized a self-driving lab
(SDL). This system incorporated several distinct instruments, computers, and algorithms
that worked in concert to select experiments, construct physical samples, and test them
with minimal human intervention. From a hardware perspective, this system consisted of
five fused filament fabrication (FFF) printers (MakerGear M3-ID) arrayed in an arc. In
the center of this arc was a 6-axis robot arm (Universal Robotics UR5e). Also in the
working radius of this arm was a scale (Sartorius CP225D) and a universal testing
machine (UTM) (Instron 5965). The arm had a webcam (Logitech C930e) to allow for
monitoring the flow of experiments and there was a video camera (PixelLINK PL-D722)
with lens (Infinity InfiniMite Alpha) mounted facing the bottom platen of the UTM to
record videos of the tests. A picture of the SDL is shown as Figure 3.13. The hardware

and software organization of this system is shown in Figure 3.14.


https://github.com/bu-shapelab/gcs
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Figure 3.13: Picture of the Bayesian experimental autonomous researcher l(‘B'EAR),
consisting of five fused filament fabrication 3D printers, a six-axis robot arm, a scale, and a
universal testing machine.
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Figure 3.14: Hardware and software Organization of the Bayesian experimental
autonomous researcher (BEAR).
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A flow chart describing the core actions of this system is shown in Figure 3.15. At
the most basic level, the system comprised a loop implemented in MATLAB 2021a
(MathWorks Inc) in which the system repeatedly iterated through six potential actions,
namely: (1) Use the accumulated data to select the design and material to be tested next
given the available printer and materials. (2) Generate the digital design files needed to
run the available printer. (3) Send the G-code file to the printer and begin printing the
component. (4) Retrieve the completed component from the printer and weigh it using the
scale. (5) Retrieve the component from the scale, place it on the platen of the universal
testing machine, run the mechanical testing program, and then clear the component from
the platen. (6) Read the results of the mechanical testing and update the accumulated
data. The order of priority was tuned to maximize the throughput of the system by giving

priority to actions that were likely to become bottlenecks.
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Figure 3.15: Flowchart of the software loops executed in the four computers running as part
of the BEAR. Colors on the panels correspond to systems in Figure 3.14. Order of Main Loop

actions can be adjusted by researchers to maximize throughput by prioritizing potential
bottlenecks.
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3.4.3: The research campaign

Over the course of the campaign, 25,387 experiments were performed
(Figure 3.16). Although individual experiments were rarely selected by hand, a variety of
decisions were made by the researchers along the way. Changes were made to the
parameter space under consideration, such as adding sinusoidal twist or switching to
Latin hypercube sampling (LHS). Additionally, new materials were added to the
campaign, and the mix of filaments loaded into the printers was adjusted to focus on

specific goals.
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Figure 3.16: Experiments carried out by the BEAR. Experiments performed during the
campaign, which are defined by eleven GCS parameter values. The color of each dot corresponds
to the material used, as designated in Figure 3.2¢. Black and red stars correspond to breakthrough
experiments, as designated in Figure 3.4a.

Select Experiment

Bayesian optimization was used by the BEAR to algorithmically select additional
experiments. This process includes the conditioning of a surrogate model to approximate
the connection between input space and output space and then the use of an acquisition
function to evaluate this model to find experiments that are believed to be most useful to

perform. Since the goal of this work was to identify structures with high K, we treated
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this as a maximization problem. The input space for this maximization was both the
design of the GCS and the material used to realize a component out of this design. As
such, we required a 13-dimensional input (11 geometric parameters and two material
properties). For the output space, we were not just interested in K, but we also found it
necessary to predict ;. Gaussian process regressions (GPRs) were used to predict K
and o;. A neural network with one hidden layer equal to the input size was used to
predict component printability. Specifically, predicting printability is done purely through
empirical means based on the results of past experiments. Specifically, each experiment
is assigned a tag of “printable” or “unprintable” based on a combination of automated
processes (i.e. was a component delivered to the testing frame) and out-of-the-loop
manual inspection. These tags were used to train a classifying neural network that can
rapidly predict the printability of any point in the GCS parameter space. To evaluate
potential experiments, the output of this neural network was multiplied by their predicted
K¢ to bias the search into printable regions of parameter space.

In developing surrogate models, transformations were done to the GCS design
parameters and material parameters to improve the accuracy of the models. The overall
motivation of these transformations was to improve correlations in the input space and
thus improve predictions in the output space. The full list of the transformed input and
output spaces are given in Tables 3.2 and 3.3. For example, the logarithms of ¢, g/, and
E were taken because their values varied over several orders of magnitude and the points
were more evenly spaced when considered logarithmically rather than linearly.

Additionally, rather than specify Py, we preferred to specify the target mass m
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normalized by h, or the mass per height m/h. Additionally, a wall angle 8 was used as it

was hypothesized that the angle of the wall was more important than the absolute value
of the change in P. This wall angle was estimated using the formula 6 = atan (;T—lh)

Finally, rather than conditioning the GPR to directly predict K, we found that it was
useful to transform K to emphasize differences at the high end while minimizing
differences at the low end and to explicitly prevent the model from predicting physically
impossible values (i.e. K;>1 or K;<0). Thus, we instead predicted atanh(2K; - 1). This
function was chosen because it monotonically transforms inputs from 0—1 to outputs from
negative infinity to positive infinity. Mechanical intuition suggests that a given design
produced using different materials may have a similar efficiency, but its strength should
vary based upon the strength of the material. Given sufficient time, this trend would
naturally be learned by an active learning process. However, to accelerate this process,
we hypothesized that learning the strength of a design relative to its material properties
may be more efficient. Indeed, early in the campaign we plotted log o7 vs. log E and
found that the best fit trend line had a slope of 0.408. Thus, we began normalizing o; by
E%498 in an attempt to capture this variation of component strength with material
properties. It is important to note that variations about this trend were still allowed for

and learned.
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Model input variable | Description
h Height (mm)
m/h Mass per height (g/mm)
t Wall thickness (mm)
atan (i) Wall angle (degrees)
2mh
Xy 4-period amplitude of bottom cross section (dimensionless)
X3 4-period amplitude of top cross section (dimensionless)
X4 8-period amplitude of bottom cross section (dimensionless)
Xs 8-period amplitude of top cross section (dimensionless)
X¢ / h Linear rotation per height (rad/mm)
X7 Sinusoidal rotation amplitude (rad)
Xg Sinusoidal rotation wavelength (mm)
In(E) Natural log of the polymer elastic modulus In(MPa)
In(o,) Natural log of the polymer plateau stress In(MPa)

Table 3.2. Inputs to the machine learning models used for Bayesian optimization.

Model output variable | Description Model type
atanh(2K:- 1) Trgnsfomed peak energy absorbing efficiency Gaussw}n process
(dimensionless) regression

*

Log 10 of the ideal threshold stress normalized

log (—3 208) by the modulus and raised to an empirically rcia‘rlzzz}gnprocess
E™ determined power log(MPa%>?) g
p Printability (dimensionless) Artificial neural

network

Table 3.3. Outputs of the machine learning models used for most of the experimental

campaign.

When selecting a subsequent experiment for a given printer, not all combinations

of designs and materials were available. Specifically, each printer had two independent

extruders, which allowed two different filaments to be loaded at once. Further, each

extruder had either a 0.5 mm diameter nozzle or a 0.75 mm diameter nozzle. Values of t

different from these diameters could be achieved by over or under extruding. We

restricted t < 0.7 mm for the 0.5 mm diameter nozzle and t = 0.7 mm for the 0.75 mm

nozzle.
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To select an experiment, we define an acquisition function ay that takes as its
input positions in parameter space along with the current surrogate models and select the
experiment that maximizes a;. Throughout the campaign, three types of acquisition
functions were used: maximum variance (ay is equal to the variance in predicting K),
expected improvement (ay is the predicted amount of improvement beyond the previous
best K;'), and upper confidence bound (ay is the weighted sum of the predicted of K and
the predicted uncertainty in predicting K'). The combination of a; and the strategy for
finding its maximum is considered a decision policy. However, this process was not
treated as a simple single-objective maximization. For instance, in all cases, ay is
multiplied by the predicted printability p to ensure that we are only considering
components that are expected to be realizable in practice. Additionally, many of the
decision policies are multi-objective, trying to find high values of K across a range in
of. When this was the case, multiple GPR model predictions were combined to select a
component by penalizing the K prediction by the distance of its predicted o; from the
target o; or by comparing the predicted K, to the performance of other tests at that ;. A
full list of considered decision policies is given in Table 3.4. These policies were added
sequentially during the progression of the campaign, so their order reflects the evolution
of our thought process during the campaign. Additionally, the GPR models can be
retrained using only data from the region of interest, which was begun with decision
policy 19. This allowed the GPR to capture finer correlations in the parameter space
around the region of interest. All models were trained using MATLAB’s built in

functions and the code is available at https://github.com/KelseyEng/BEAR ADTS.
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Model Training was performed on Boston University’s Shared Computing Cluster, where
multiple compute nodes could work in parallel. GPR processing time scales with the
number of experiments cubed.!!” Therefore, the longer the campaign ran, the more

computationally expensive model building and component selection became.
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Decision Acquisition Number of
Policy function Metric Valid
Number Experiments
0 Manually Selected | Researcher intuition or performance validation 730
1 E(ﬂ)ne; confidence Full integral of force-displacement curve 24
) Maximum Full integral of force-displacement curve 916
variance normalized by component mass
3 Expected Full integral of force-displacement curve 775
improvement normalized by component mass
4 Expected Expected acceleration of a simulated impact 93
improvement test
Expected
5 improvement K at a target o, 249
6 Expected K penalized by an amount proportional to the 97
improvement distance between o; and a target g,
Expected K penalized by an amount proportional to the
7 improvement distance between o7 and a target o, with 383
uncertainty in g; considered
2 Expected K minus the best K previously observed at the 3219
improvement predicted o; ’
Expected Kg rpinus the best Ks pr_ev.iou.sly observed at the
9 improvement predicted o;", but with limits imposed on the 31
largest and smallest stresses considered
K minus the best K previously observed at the
10 Expected predicted o/, but only considered components 501
improvement that could have been printed using the specific
printer under consideration
11 ‘It/;?i):ggm K, but only considering cylindrical shells 34
g | Expected K: 1,608
improvement
13 Not Used
Expected A Weightesi sum of the acceleration from a
14 improvement simulated impact test and the plateau stress of 41
the component
A weighted sum of the acceleration from a
15 Expected simulated impact test and the plateau stress of 22
improvement the component (different simulation model
from DP 14)
16 Expected K; times the ideal threshold force for that 2
improvement component
Expected K; minus -the best Kg jchat cquld have been
17 improvement printed using the specific printer under 1,041
consideration
18 Expected K;, but only considering components near the 1,569

improvement

best previously found component
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Upper confidence | K, but only considering components near the
19 . 224
bound best previously found component
K, but only considering components near the
20 Efflf; confidence best previously found component that have 542
effective densities p; below 10%
21 Not Used
K minus the best K previously observed at the
2 Expected predicted o, but only considering components 523
improvement that could be continuously extruded without a
linear twist
K minus the best K previously observed at the
73 Expected predicted o/, but only considering components 286
improvement that could be continuously extruded with a
linear twist
Expected «
24 . K of a two-component system 129
Improvement
Expected K; of a tyvo—cornponent system, but only
25 . considering components near the best 1
1mprovement . .
previously found pair of components

Table 3.4. Descriptions of decision policies used during campaign.

Initially, sampling points were selected on a grid. Starting at ID 9,261, potential
sampling points were selected using Latin hypercube sampling (LHS) to facilitate
exploring space more finely. Starting with ID 11,763, after the proposed experiment had
been selected, a second round of sampling points were added that were zoomed in a
hypercube around the selected point to more closely find the maximum of ay.
Generate G-code

Once a component has been selected for testing, the STL was generated using a
custom Python script. This Python script (Python version 3.8.3) was run on the main
computer and called from MATLAB using the command line function. The resulting
STL was created as a solid object. In order to convert this STL file into the G-code
needed for the printer, Slic3r (version 1.3.0) was run from the command line of

MATLAB. Prior to sending the STL file, the Slic3er configuration file was edited using
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string manipulation directly from MATLAB to set the nozzle temperature, bed removal
temperature, and extrusion multiplier. The extrusion multiplier was set as part of a
feedback system to maintain component weight (see below). Slic3er was configured to
use vase mode (spiral mode), which removes the tops and bottoms of solid objects and
turns the STL solid into a shell. The output of this process is G-code for the print and
predicted amount of filament that is needed to print this component, which is read into
MATLAB. Using an initial set of calibration prints and subsequent use of integral
feedback, we predicted the mass of the component from the amount of filament predicted
to be used by the slicer. Adjusting the extrusion multiplier and reslicing the component
provided a reliable method of controlling the mass of the final component and
standardizing performance across different printers and filament rolls (Figure 3.17). This
gives effective control over t by over or under expanding the material leaving the nozzle.
It also allows the computer to automatically compensate for variations in the thickness of
the filament diameter or variations between the stepper motor of different printers.
Relatively slow print speeds of 15 mm/min were employed to prevent clogging, which

was especially important for the softer filaments.
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Figure 3.17: Mass calibration through extrusion multiplier adjustments. a, A single
component printed five times with different extrusion multiplier shows that component mass is
linearly correlated with extrusion multiplier. b, Applying integral tuning to the extrusion
multiplier was ineffective because of variations in slicing complex curved structures, as seen in
print number < 60. However, when integral tuning was applied to the slicer filament length by
adjusting the extrusion multiplier rapidly, consistent mass was obtained (print number > 60).
Mass is normalized by target mass and slicer filament length is normalized by the initial slicer
filament length (print number = 1).

Begin Experiment
Once the G-code had been prepared for a given printer, the physical experiment
was ready to begin. First, the arm moved into position over the chosen printer and the

arm-mounted camera took a photograph of the print bed to ensure that it was free from
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debris and ready for the next print. To accomplish this, the picture was run through a

t'1® and classified as ‘clear’ or ‘needs cleaning’. If the bed

neural net based on Googl.eNe
needed cleaning, the robot arm picked up a scraper and scraped the print bed. A new
picture was then taken to verify that the print bed was clean. If the bed was still unclean,
the BEAR would attempt to clean the bed up to ten times with the scraper. If the bed was
still unclean, the printer would be deactivated and the operator was notified to clean the
bed before further experiments. Once the bed was determined to be clear, the system sent
G-code to the printer using OctoPrint.

Samples were fabricated using MakerGear M3 printers with either a 0.5 or a 0.75
mm nozzle at 80 °C bed temperature, 250 °C nozzle temperature (except for PLA, which
was printed using 220 °C), and 15 mm/s print speed using vase mode. The cylindrical
shell sample in Figure 3.2A was fabricated out of TPU-2 (Cheetah — Ninjatek) to be 19.5
mm tall, 27.9 mm wide, and have 0.5 mm thick walls.
Weigh Component

When a print was complete, as determined by querying the state of the printer
through OctoPrint, the bed was heated (TPE, TPU-1-2) or allowed to cool (PLA, PETG,
Nylon, and TPU-3) to facilitate removal of the component.!'” Once the desired
temperature had been reached, the robot arm removed the component from the printer
and moved it to the scale, which determined its mass. This mass reading was read
through a serial port by MATLAB. If no mass was registered on the scale, the system

attempted to re-grab the component from the print bed up to three times. At this stage, the

arm-mounted camera took a photograph of the component on the scale, which was used
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to verify that the component was fully on the scale. Components that were misoriented,
as determined by machine vision, were discarded before testing.
Test Component

If a component was on the scale and ready to be tested while the universal testing
machine (UTM) was not performing any experiments, the component was moved to the
UTM for compression testing. Once the component was in position, the main computer
sent a command to the Instron computer to begin the test through a .mat file transferred
by the cloud. The Video computer then told the Instron to start the test while it recorded a
video of the compression testing. The test began with the top platen ~200 mm over the
component. After zeroing the force sensor, the top platen moved at a rate of 50 mm/min
toward the component until the force sensor registered 1 N. The platen then moved away
from the component 1 mm so that it no longer was in contact with the component. At this
point, the UTM started recording the force measurement while it lowered the top platen
at 2 mm/min. A given test ended when either 1) the force exceeded the 4.5 kN force limit
or 2) the top platen position fell below the safe height of 0.4 mm separation between the
two platens. After a one-minute relaxation period, the platen was lowered again at a rate
of 100 mm/min until the force exceeded 1 N to find the rebound height. After testing, the
component was removed from the UTM and stored. The platen was then cleaned with the
robot arm to ensure that the platens were clear and ready for the next test. Each
mechanical test took approximately ten minutes. A third computer recorded the Instron
data and saved it to the cloud. When the test was finished, the Video computer informed

the main computer that the UTM was now free for another experiment.
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Process Results
When converting from force-displacement curves to engineering stress-
engineering strain curves (simply called stress and strain hereafter), it is necessary to
define the area of the component and its height. For traditional materials, this process is
straightforward as it amounts to defining the cross-sectional area of the component under
study. However, for more complex structures, the area of the component is less clear. The
as-printed height of the component was calculated by finding the platen separation when
the moving median of twenty force measurements surpassed 0.3 N. Here, we define the
cross-sectional area to be the amount of area that is required per component to tile the
component infinitely on a plane. To calculate this algorithmically, we used the following
steps (illustrated graphically in Figure 3.18):
1. Find the maximum radius 7;,,, of the component by finding the maximum of the radius
r at all heights z and azimuthal angles ¢, as defined in Equation (3.2) in the Methods.
2. Enclose the component with a cylinder with radius 7,4, (Figure 3.18b).
3. Enclose the component in a hexagonal prism that circumscribes the cylinder (Figure
3.18c¢).
4. The area of the hexagonal prism is used as an estimate of the cross-sectional area

needed to tile the component on a plane.

Although some designs may be more closely packed in a square lattice, most are more
closely packed using the hexagonal approach (Figure 3.18d) due to the applied linear and

sinusoidal twists, and this approach is invariant of the rotational orientation of the design.
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Therefore, this hexagonal packing approach was used to estimate the cross-sectional area

of all designs.

Figure 3.18: Calculating the effective area of GCS designs. a-b, To calculate the effective
cross-sectional area of a design, it is fit into a cylinder based on its maximum radius. ¢, This
cylinder is then enclosed in a hexagonal prism. d, The hexagonal prism can be tiled infinitely in a
plane. Thus, the effective cross-sectional area of a design is estimated as the area necessary per
design to tile it in a plane without collisions.

From the o—¢ curve, a variety of useful metrics were calculated. To find K and
ot, K, was calculated at 1,400 o, values that were logarithmically spaced between 10 Pa
and 100 MPa. Ten additional g, sampling points were selected by dividing the o—¢ curve
into ten equal sections in € and finding the maximum ¢ in each section. Because oy is
often a peak early in the o—¢ curve, these ten additional sampling points can often
determine o; precisely. For each of these sampling points (1,400 evenly spaced points
and ten extra points taken from the o—¢ curve), we compute K (0;) and assign K; and o/
to the maximum and argmax of this calculation, respectively.

For most structures, K reaches its maximum energy absorbing efficiency K at an

optimum threshold stress o; . This single point, (d;, K;) can be used to describe the ideal
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operating performance of a structure or material.

The densification strain &, is the € value at which o first exceeds o; . The relative
density of the component p, was calculated by dividing the mass of the component by the
mass of solid material equal to the volume of the enclosing hexagon (Figure 3.18).
Finally, quality control checks were performed to determine if the sample should be
included in the complete dataset. Components that were not within 5% of their mass
target or within 5% of their target height were excluded from the results. Additionally,
components that hit the force threshold of the UTM when € < 0.3 were excluded due to

the high probability that o;” was greater than the UTM’s force threshold.

Filament rolls for 3D printing were purchased and used as received. They include
three different types of thermoplastic polyurethane (TPU): TPU-1 (NinjaFlex-Ninjatek),
TPU-2 (Cheetah-Ninjatek), and TPU-3 (Armadillo-Ninjatek). Additionally, four more
filaments were used: thermoplastic elastomer (TPE) (Chinchilla-Ninjatek), nylon
(Matterhackers Pro Series), polyethylene terephthalate glycol (PETG) (Matterhackers Pro
Series), and polylactic acid (PLA) (eSun PLA+ and MakerGear). To determine the
mechanical properties of each roll of filament, solid cylinders (100% infill) were printed
measuring 16 mm tall and 8 mm in diameter. These cylinders were then tested in uniaxial
compression at 2 mm/min. Force-displacement curves were converted to stress-strain
curves by dividing the force by the component cross-sectional area and by dividing the
displacement by the height, respectively. From the resulting stress-strain curves, three

material properties were calculated: the modulus of the material, plateau stress a,,, and

the rebound fraction. The modulus E was calculated by fitting a series of lines in
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windows of 0.05 to 0.25 strain and an initial strain location of 0 to 0.25 strain (to avoid
toe regions), both in increments of 0.05. The largest slope observed was taken as the
modulus for the sample. The o, was the stress value at 25% strain. The rebound fraction
was the height of the component after a one-minute relaxation period divided by the
initial height before testing, both measured by the Instron. One cylinder was tested for
each roll of filament used.

The polymer materials studied in this work are provided in Table 3.5 along with
the temperature at which they were printed, the temperature at which the print bed was
held during removal, and the material class. As shown in Figure 3.19, the result of this
testing are estimates of the elastic modulus E and plateau stress g, of each material. In
addition, the degree to which the cylinder rebounded after a one-minute relaxation period
was also recorded, although this is an imprecise measure of elasticity as a consistent force
threshold was used for all tests, indicating that different materials experienced different
total strains. Nevertheless, the plastic materials rebounded less than the hyperelastic

materials, despite their total strain being lower.
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Nozzle Bed Removal Spools

Material Manufacturer | Temperature | Temperature Class P

o o Used

O O
TPE . .
(Chinchilla) NinjaTek 250 100 Hyperelastic 9
TPU-1 - .
(NinjaFlex) NinjaTek 250 100 Hyperelastic 16
TPU-2 - .
(Cheetah) NinjaTek 250 100 Hyperelastic 37
TPU-3 .. .
(Armadillo) NinjaTek 250 30 Intermediate 11
Nylon MatterHackers 250 30 Plastic 2
PETG MatterHackers 250 30 Plastic 5
PLA eSun/MakerGear 220 30 Plastic 29

Table 3.5. Filaments studied in this work along with their processing settings.
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Figure 3.19: Material characterization of polymers studied. a, Plateau stress a,, vs. elastic

modulus E for seven materials used in this campaign. b, Rebound fraction vs. E. ¢, Rebound
fraction vs. @,. Error bars represent one standard deviation. Here, @, is the stress at 25% strain.
Rebound fraction is the height after 1 minute relaxation divided by the initial height.

Maintenance

At the beginning of the campaign and periodically thereafter, new filament rolls

were loaded into the printers. After performing material characterization, a series of

calibration components were printed to tune the extrusion multiplier of the printer to the

density and diameter of the filament. The target mass for the calibration component was
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3.3 g. If the component was too heavy, the extrusion multiplier was decreased. If it was
too light, the extrusion multiplier was increased. This continued until the mass was within
5% of the target mass. In this way, it was possible to estimate the ratio of the filament
length computed by Slic3er to the mass of the resulting component. As components were
subsequently printed during the campaign, this ratio was slowly adjusted using integral
tuning to remain accurate. Additionally, components were printed on polyimide tape that
was applied to the glass bed of the printers. Whenever the tape showed signs of wear or

became damaged, it was manually replaced.

3.4.3: SHAP analysis

The neural network used for SHAP analysis comprised six layers: a 64-dimension
linear layer followed by a ReLU activation'?’, repeated three times. A data split of 80%
for training, 10% for validation, and 10% for testing was employed. The GCS parameters
were normalized and no preprocessing was applied to K. The network was trained using
the mean squared error loss function. The training process uses the Adam optimizer!?!
with a learning rate of 0.001, weight decay of 1 x 107>, and a batch size of 16. Training
was performed for 500 epochs with early stopping. The PLA network achieved a test loss
0f 0.0032 and a coefficient of determination R? = 0.88. For interpreting the predictions
generated by the neural networks, we used the SHAP DeepExplainer which is initialized
using the training split data. To provide explanations for individual components, we use

the default SHAP waterfall visualization.
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CHAPTER 4: A PHYSICS-INFORMED IMPACT MODEL REFINED BY
MULTI-FIDELITY TRANSFER LEARNING
1. Introduction
Structures that absorb energy in impact events are critical for everyday life. They

are used in bicycle helmets®*122, the crumple zones of cars!, packaging for shipping!23:124,

100 Despite these critical needs, development of

and even ballistic and blast protection
protective impact structures is challenging because performance depends on the
properties of the object to be protected, the energy of the impact, and the height and
contact area of the protective structure, requiring thousands of time-consuming physical
tests to optimize®!25-128, Further complicating the design process is that it is extremely
challenging to obtain precise agreement between experiment and traditional physics-
based approaches, namely finite element analysis.!**® Disagreement often arises due to
the difficulty associated with capturing the complex interactions that occur at high strain
rate, at high strain, and with self-self-contacts of the structures.

To overcome these challenges, many impact structures make use of simple bulk
materials such as foams!?>!2°, Such materials are simple to work with because their
density can be tuned in a manner that predictably changes their performance’. This
scaling leads to the common use of empirically measured cushion curves, which compare
the peak acceleration of an impactor versus the static pressure exerted by that impactor at
rest. Such cushion curves are helpful in selecting the ideal foam height and density for a

given application, but assume that the height can be changed without affecting

performance, limiting their applicability when applied to non-homogenous materials.
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Despite the widespread use of cushion curves for foams, significant scientific research
focuses on developing materials and structures that outperform foams in weight, volume,
and safety metrics.

The increasing availability and decreasing cost of additive manufacturing (AM)
has opened the opportunity to manufacture structures that are more complex than
traditional foams.!?* One common approach is to use AM to produce uniform lattice
structures, once again depending on density scaling or repeated unit cells to predict

130—

performance'?%132, Some researchers have investigated how structure affects

performance for designs with consistent density, such as functionally grading strut

133,134 78,87

thickness along an axis , auxetic structures’®%’, or using tapered beams®2. Our
previous work showed that Gaussian process regression (GPR) models could be used to
predict peak acceleration of impact tests for lattice structures where the mass of the lattice

is shifted between the joints and different types of struts!!3

. Despite their promise,
optimizing novel lattice structures for impact performance can quickly become
impractical due to the immense number of design choices possible and the burdensome
testing requirements.

Many efforts have been made to decrease the burden of impact testing. Early
attempts focused on predicting the amount of energy that foam samples could efficiently
absorb!3>136, To account for strain-rate effects, a common strategy is to treat the material
as viscoelastic or scale quasistatic curves by multiplying them by empirical constants or

dynamic factors that include both strain and strain rate!?”-137-140, Recently, more

numerical models have appeared to model the dynamics of impact!'?%!4!, Despite these
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efforts, little work has been done to extend these predictive models beyond homogenous
foams and facile models that accurately predict impact performance remain an open
challenge.

To speed up development of new impact structures, we develop a physics-based
transfer learning model to predict the ideal impact velocity V; for polymer structures. To
explore this concept, we experimentally study generalized cylindrical shells (GCS),
which have superlative energy absorbing capacity in quasistatic (QS) compression tests
and are inherently easy to print using fused filament fabrication (FFF)%°. The
development of this model involves three key steps, (1) the extraction of key metrics
from QS testing, (2) the use of intermediate strain rate (ISR) tests to determine strain-rate
dependent strengthening, and (3) the refinement of the model using impact tests. After
these initial training steps, the model is able to predict impact performance on previously
unseen samples with a single QS test and even extrapolates to test data using different
impactor mass, designs, and materials with an RMSE of 0.23 m/s.

2. Theory

An impact test consists of an impactor of mass m dropping on a test component
and hitting it with initial impact velocity V,,. The initial kinetic energy KE of the impact is
given by,

KE =1
2

mV§. 4.1)
During an impact experiment, the acceleration a of the impactor is tracked and used to

assess the performance of the component. Typically, the impact performance of a

component is defined by the maximum acceleration a,, observed during the test, which
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should be minimized to prevent damage. However, a,, is not always the clearest way to
compare the performance of components as a,, generally increases monotonically with
V, and m. For ease of comparison, impact performance is often described using the non-
dimensional Janssen factor J, which is defined as | = a,,,/a; where a, is the theoretical

minimum acceleration that could stop the impactor given by,

_ Vs
2hn’

a; (4.2)

where h is the height of the test component. While J depends on the details of the impact
test, namely V, and m, there exists a critical initial velocity V; for which the minimum
Janssen factor J* is observed for a given m.

In contrast with impact tests in which the strain rate varies during the experiment,
fixed-velocity tests feature a constant strain rate. Under these conditions, the useful non-
dimensional metric to consider is the energy absorbing efficiency K of a component,
which describes how efficiently it absorbs energy below a force threshold F; and is given
by,

fODtF(D)dD

Ks(F) = 2=, 43)

with the displacement threshold D, taken as the largest D for which F(D) < F, for all
D < D,. Practically speaking, this equation quantifies the amount of energy absorbed
before exceeding F; and normalizes it by F;h, which is the total amount of energy that
could be absorbed if F = F; for 0 < D < h. The maximum energy absorbing efficiency

K occurs at the critical force threshold F;'. While there are similarities between K and
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J*, it is worth emphasizing that K; can be found using a single QS test while finding J*

requires empirically searching for the minimum value in V;, at the relevant m.
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3. Results and Discussion

a

10 15
D (mm)

O QS Model

Va (m/s)

10 mm
Figure 4.1: Predicting impact performance from quasistatic tests. a, Photograph showing a
generalized cylindrical shell (GCS) component made from thermoplastic polyurethane (TPU). B,
Schematic of an impact test with impactor of mass m hitting the component of height h at an
initial velocity V. ¢, Acceleration a vs. displacement D for impact tests of the same component
at three different Vj and m = 1.57 kg. The max acceleration a,, for each V is denoted as a black
dot. The units of a are the gravitational acceleration g. d, The a,, at various Vy with m = 1.57
kg. e, Janssen factor J vs. V. The test with the lowest J is designated as the point (V,J*). f,
Schematic of a fixed speed test in which a platen is lowered at constant velocity V. g, Force F vs.
D for quasistatic (QS) test (V =2 mm/min). This data is used to compute the most efficient
operating conditions in terms of the critical force threshold F; and maximum mechanical energy
absorbing efficiency K}, which is defined by dividing the amount of energy absorbed (light blue
area) by the maximum amount of energy that could be absorbed below F; (light red area). h,
Photograph showing five additional GCS designs made from TPU. i, QS model uses a single QS
test to compute the predicted optimal impactor velocity V3. ,j, Parity plot showing V' vs. V for
the six shown designs using the QS model for m = 1.57 kg. Error bars denote one standard
deviation.
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In order to examine the behavior of a component when impacted under various
conditions, a specific GCS design was selected and fabricated out of thermoplastic
polyurethane (TPU, Ninjatek — Cheetah) using FFF (Figure 4.1a) and subsequently tested
in impact (Figure 4.1b). Representative a- displacement D curves illustrate the outcome
of testing this component with too little KE, an ideal amount of KE, and too much KE,
all relative to the ideal conditions for this component (Figure 4.1c). At low Vy, a,,
increases slowly with increasing V) due to strain-rate dependent material properties
increasing the yielding force (Figure 4.1d). However, once V; increases to the point
where densification is reached, a,, increases at a much faster rate with increasing V;, as
the component is unable to absorb KE without densifying further. This transition point
coincides with (Vg, J*), which is the condition under which the design in most efficient
(Figure 4.1¢). Because of this, (V, J*) is a highly useful way to quantify impact
performance. However, determining this value required a large number of impact tests on
independently prepared samples and is only valid for one value of m.

We hypothesize that fixed-velocity tests (Figure 4.1f) could be used to predict V.
While there are substantial differences between impact and fixed-velocity testing, the
move to fixed-velocity would be a tremendous reduction in the experimental burden as
fixed-velocity tests use relatively common universal testing machines (UTMs), are
amenable to automation, and feature fewer variables than impact tests. The result of a
fixed-velocity test is a plot of force F vs. D (Figure 4.1g). One key question in exploring
our hypothesis is determining a way to extract information from this QS curve that can be

useful for predicting impact performance. In analogy with the non-dimensional J, we
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consider K, (defined in Equation (4.3)) as an important non-dimensional metric of a
component’s ability to absorb mechanical energy as previously explored by Gruenbaum,
G. & Miltz!*, Graphically, K can be calculated by dividing the amount of energy
absorbed (light blue area in Figure 4.1g) while F < F; by the maximum amount that
could be absorbed at that F; (light red area in Figure 4.1g). While F; is an independent
parameter that is most often chosen with consideration of the operational conditions of
the component, there often exists an optimal force threshold F;” where the component
exhibits its maximum energy absorption efficiency K. Based on these metrics, a simple
prediction of the ideal impact conditions can be found by equating impact KE with the

amount of energy most efficiently absorbed during QS testing,

“mP;” = F{K;h, (4.4)

and then solving for predicted optimal impact velocity Vg

~ 2F;Kih
7 = /fT (4.5)

While the QS model is both simple and physics based, it neglects strain-rate dependent
effects, which is expected to limit its predictive power.

To test the QS model, five additional designs were selected and fabricated from
TPU (Figure 4.1h). To apply the model, a single QS test is needed to determine F,
K, and h for each design. With this data, V; for a given m can be predicted using
Equation (4.5) (Figure 4.11). For each of the six designs, components were fabricated and
tested at 2 mm/min in triplicate (Figure 4.1j). While the predictions preserve rank order,

they consistently underestimate V because the QS model does not account for the strain-
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rate dependent strengthening. Despite this, because the prediction always underestimates
V5, it provides two key pieces of information. First, it provides a safe V; that will not
reach densification. Second, if subsequent impact testing will be done to identify (Vy,]*)
more accurately, it provides guidance of the lower end of potential V values, potentially
decreasing the number of experiments needed to identify the point of maximum

performance. Nevertheless, it is clear that more information is needed to further improve

this model.
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Figure 4.2: Predicting impact performance from intermediate strain rate tests. a, Velocity V
vs. D during impact and intermediate strain rate (ISR) tests. While impact tests start at V =V,
and decrease as energy is absorbed, ISR tests have a fixed V for the entire test. b, F vs. D for ISR
tests of copies of the component shown in Figure 4.1a. ¢, K vs. V for the ISR tests shown in b. d,
F; vs. V for the ISR tests shown in b. The red line shows a fit to Equation (4.6) with key fitting
constants F;(0) and V. marked by gray and black dashed lines respectively. e, ISR model uses
both QS and ISR tests of the target design to predict V}. f, Parity plot showing V' vs. V§ for the
six original designs using the ISR model for m = 1.57 kg. Error bars denote one standard
deviation. In panels a, b, c, and d, shades of blue indicate V.
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In order to improve predictions of V, it is necessary to model the strain-rate
dependent effects on the components. Using our UTM, it is possible to test at V of up to
2000 mm/min (Figure 4.2a). Although this is still more than an order of magnitude lower
than V;, during impact testing, it is several orders of magnitude higher than the 2 mm/min
speed that was used in QS testing. Furthermore, when the F-D curves are shown for these
ISR tests, strain-rate dependent strengthening is readily apparent (Figure 4.2b).
Specifically, the curves have similar shapes, but F increases with increasing V.
Interestingly, higher V has a modest effect on K (Figure 4.2c), which bears the
advantage that QS tests can be used to estimate this value. In contrast, F{" monotonically
increases with increasing V (Figure 4.2d), making this parameter a clear quantification of
strain-rate dependent strengthening. Empirically, we find that these experiments can be
fit using,

FE W) = F(0)(1+ (VK)“) 4.6)
with fitting constants F;{(0), V., and a. These fitting constants have a physical basis:
F{(0) represents the asymptotic limit at low speeds, V. represents the characteristic
velocity where F{ (V) doubles, and a represents how quickly F;' (V) increases as V
increases. The ISR model is formed by combining Equation (4.6) and Equation (4.5) to
obtain a transcendental equation that can be solved numerically to predict V; of a given
design based upon QS and ISR tests for the design (Figure 4.2¢). The predictive
performance of the ISR model is significantly improved, although the rank order is no

longer correct. Despite this improvement, the ISR model only uses data from a given

design and requires a large number of fixed velocity tests for each prediction.
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Figure 4.3: Predicting impact performance using transfer learning. a, Values from ISR fitting
each of the six designs to Equation (4.6) with the mean value shown as a dashed red line. b, Plot
of QS F;(2 mm/min) vs. fitting constant F;(0). C, Transfer learning (TL) ISR model that uses
ISR tests of other designs to calculate V, and a, allowing the prediction of V§ with a single QS
test for each target design. d, Parity plot showing V' vs. Vg for the six designs using the TL ISR
model for impactor mass m = 1.57 kg using leave one out cross validation (LOOCYV) to calculate
V. and a for each prediction. e, F; vs. V for ISR tests with theoretical impact point (Vy, F;) (pink
square) calculated using Equation (4.7). f, Values from ISR and impact fitting each of the six
designs to Equation (4.6) with the mean value shown as dashed red line. g, TL impact model uses
ISR tests and impact F; prediction from other designs to calculate parameters V. and a, allowing
the prediction of V' with just a single QS test for each new target design. h, Parity plot of ¥} vs.
Vy for the six original designs using the TL impact model for m = 1.57 kg using LOOCV. i, New
design printed from TPU. j, QS test for new design showing F vs. D with red dashed line
indicating F}.k, J vs. V for the design shown in i with m = 3.1 kg. Dashed lines represent ¥
using the four models. 1, Second new design printed from TPU. m, QS test for second new design
showing F vs. D with red dashed line indicating F; n, Values of J vs. V¢ for design shown in | for
m = 3.1 kg. Dashed lines represent ¥V, using the four models. Error bars throughout represent one
standard deviation.
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Despite the improvements with the ISR model, taking a full sweep of ISR test
data is much slower than taking a single QS test and high speeds tests have the potential
to damage the load cells of UTMs. Therefore, we hypothesized that transfer learning
could be employed to eliminate the need to take ISR tests for each new target design. By

plotting the fitting constant values for F;(0), V., and a, some trends become clear (Figure
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4.3a). While F; (0) clearly varies for each design, both I, and a have consistent values
for all tested designs, suggesting that their mean values could be used. Fortunately, F; (0)
is correlated with F;’(2 mm/min) determined by QS experiments of the target design
(Figure 4.3b). Therefore, a transfer learning model can be created that uses the mean
value of V, and a from other designs while establishing F;"(0), K, and h from a single
QS test (Figure 4.3c) for each new target design. In this way, the time-consuming ISR
tests can be done once for a representative set of designs to establish baseline values, and
then subsequent designs can be predicted using a single QS test. Interestingly, when
predicting impact performance using leave one out cross validation (LOOCYV), the new
TL ISR model performs significantly better than the ISR model trained on ISR data from
each target point (Figure 4.3d). This suggests that V. and « are not design dependent, as
averaging the values for several designs provides better predictive performance than
using the value from the specific design.

Motivated by the success of incorporating ISR data from other designs, we
hypothesized that using limited impact testing could further improve the prediction of
F{ (V). Unfortunately, impact tests do not produce an estimate of F;" that can be directly
used to estimate strain-rate dependent strengthening at these higher strain rates. Despite
this, the value of V; determined by impact experiments for each design can be used to
compute what the required F (V) would need to have been to arrive at the correct
prediction, which can be computed by rearranging Equation (4.4) as,

mvg?
2K:h’

Fe(Vo) = (4.7)
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This (Vy, F7 (Vg)) point can then be included in the F; (V) fit model to further improve its
accuracy at high velocities (Figure 4.3e). Fitting the ISR and impact data together to
Equation (4.6), we find that the additional point provided by impact testing barely
changes F;(0), but slightly adjusts V. and a (Figure 4.3f). Importantly, the scaling
parameter @ decreases from 0.223 to 0.205, suggesting that the TL ISR model
overestimates the strain-rate dependent strengthening at higher velocities. With this
addition, the TL impact model can predict V; using a model initialized on a
representative set of ISR and impact tests and a single QS test for each new design
(Figure 4.3g). The TL impact model shows slight improvements to predictive accuracy at
the cost of including some impact data to train the initial model (Figure 4.3h).

To further explore the transferability of this model, we tested two new designs at
m = 3.1 kg, nearly twice the mass of the impactor used to generate all training data. The
first design (Figure 4.31) had low stiffness and no clearly defined yield point (Figure
4.3j). All models predict the very low V; for this soft design, consistent with the test data
obtained from impact testing. In contrast, another design (Figure 4.31) was chosen that
had a higher F; than previous designs and a clear yielding region (Figure 4.3m). Here,
the models predict higher V; consistent with experimental results, with the QS model

being the notable outlier (Figure 4.3n).
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Figure 4.4: Extending transfer learning models to an additional material. a, Stress o vs.
strain € for QS tests of solid cylinders 8 mm in diameter with b = 16 mm used in material
testing. b, Picture of seven of the 16 additional designs fabricated with a foaming TPU filament.
¢, The h vs. component mass for original six designs and the new 16 foaming TPU designs. d,
The K vs. F; for original six designs and new 16 foaming TPU designs. e, Root mean squared
error (RMSE) for predictions of Vi of new foaming TPU designs. Both TL models use fitting
constants V. and a trained solely on data from original six TPU designs. f, Parity plot showing
V§ vs. Vy for the 16 foaming TPU designs using the TL Impact model for m = 1.57 kg.

As a final test of generalizability, we extended these models to a new material, a
TPU filament mixed with a blowing agent (ColorFabb — VarioShore) such that when
printed at 250 °C, it forms a foam with a density half of the previously studied TPU.
When testing solid cylinder samples fabricated with both the TPU and foaming TPU
(Figure 4.4a), the foaming TPU sample shows a significantly lower modulus and
densifies at a much higher strain. Furthermore, we switched to a more complex GCS
design space (Figure 4.4b), which adds a tapered region to provide an initial region with

low stiffness. Some of the new foaming TPU designs had heights that included those
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much lower than the previously studied designs and some were up to twice the mass of
any components in the training set (Figure 4.4c). The new designs generally had much
lower K, due to the inefficiency of the tapered region (Figure 4.4d), but they also had
much higher F;, which were designed to target higher V. All four models were applied
to the sixteen new foaming TPU designs, with both TL models’ V, and « parameter
values being trained exclusively on data from the original six TPU designs. The TL
impact model had an RMSE of 0.23 m/s, with the TL ISR model close behind and the
ISR and QS models’ errors significantly higher (Figure 4.4¢). The TL impact model
trained exclusively on the original six TPU data shows excellent accuracy at predicting
impact performance using only a single QS test for each new foaming TPU design
(Figure 4.4f), especially considering that the design space, h, component mass, and
component material were all broadened from those contained in the training data. This
suggests that the physics-informed transfer learning model may be able to extrapolate far
beyond the limited training data used to train it.
4. Conclusion

This work reports a systematic exploration of how the impact performance of
structures can be predicted using a set of models with varying complexity. In all cases,
models are physics informed to meaningfully connect metrics from QS testing to impact
performance. Our key finding is that the incorporation of related training data that
includes testing in the ISR and impact regimes allows these models to powerfully
extrapolate to new designs, materials, and impact conditions. From a design perspective,

this work implies that once a representative set of data has been acquired, new designs
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can be rapidly evaluated based on a single QS test. Furthermore, the success of this
model in extrapolating beyond the training materials suggests that models trained on
large databases of polymeric structures may be useful with new materials and
architectures. To that end, the TL impact model based on all data presented in this study
is given by V. = 331 mm/min and a = 0.205, which, when combined with a single QS test
of a new sample, can be used to estimate Vj.

The ability to predict performance with a single QS test allows researchers to
screen candidate structures for impact performance quickly and easily. Additionally, it
allows researchers to leverage databases of QS tests already published or that can be
generated using high throughput experimentation or self-driving labs. When impact
testing is required to validate a chosen design, knowing the V; before impact testing can
significantly decrease the number of tests needed to pinpoint (V, J*). Furthermore, by
using a physics-informed model instead of density or other approaches that depend on the
specific structure of the individual design or material, it is more likely that the model will
extrapolate to more disparate designs and structures.

5. Methods

GCS designs consist of 11 parameters that transform a standard cylindrical shell®.
The STLs were generated using a previously published python script!#4?. For foaming
TPU designs, tapered regions were added to the GCS components by adding two distinct
regions. First, there is a transition zone where the top shape of the GCS component
increases in diameter while the lobes are decreased size. The second region transforms

the intermediate shape to a circular cross section with a small diameter, creating a
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reentrant region that can collapse unto itself while offering low stiffness. These
modifications retain the topological nature of the GCS space and can be considered a
subset of GCS.

The STLs were converted into gcode using Slic3r and sent to the printers using
Octoprint. Components were printed on one of five MakerGear M3-ID FFF printers on a
glass bed covered with polyimide tape. Components were printed using either TPU
(Ninjatek - Cheetah) or foaming TPU (ColorFabb - VarioShore) filament. Components
were printed at 250 °C nozzle temperature and 80 °C bed temperature. The bed was
heated to 100 °C before removal.

Components were removed from the printers using a URSe (Universal Robotics)
6-axis robot arm and transferred to a scale (Sartorius CP225D) to record the mass.
Afterwards, components for impact testing were placed on a table by the robot arm for
temporary storage. Components for QS or ISR testing were moved by the robot to a UTM
(Instron 5965). Three QS tests for each TPU design were performed at 2 mm/min until
the force reached 4.5 kN. A single ISR test for each TPU design was performed at each
speed (6, 20, 63, 200, 632, or 2000 mm/min). For higher testing speeds, the 4.5 kN
threshold was lowered for some designs that densify quickly to protect the UTM from
damage, but this did not prevent the proper calculation of K or F;. A single QS test was
performed for each foaming TPU design, and no ISR data was taken for foaming TPU
designs. Components tested in impact were transferred to another location for testing on a
drop tower impact system (Ceast 9350) with a flat-ended steel impactor with a weight of

either 1.57 or 3.1 kg. Because impact testing took place at an alternate site, there was an
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interval of several days between fabrication and testing of impact components.

QS and ISR tests record data as F-D data. The h of the component is calculated
by measuring when the F first reaches 1 N. The K and F;" are then found by calculating
the max and argmax of Equation (4.3). For impact testing, each design is tested once at
each V. Impact data is recorded as a vs. time. Because of noise in the signal, a is
smoothed using a Gaussian filter by using the MATLAB function “smoothdata” with a
smoothing factor of 0.13. The a,, is then taken as the max of this smoothed curve.
Subsequently V; and J* are calculated by finding the minimum J for each design and its
corresponding V.

When calculating V;, only a single QS test was used at a time. Therefore, to get
standard deviation for the TPU models, the models were rerun with each of the three QS
experiments. Likewise, when fitting Equation (4.6), a single QS test was paired with all
ISR tests for each of the three predictions using the MATLAB function “fit” with the
restriction that of F(0) =0, V. > 2, and a = 0. For LOOCYV predictions (Figure 4.3),
ISR data from the target design was excluded when calculating the mean of fitting
constant V. and a. However, fitting constant F; (0) was calculated from the F;" of the
single QS test used for each of the three predictions for that design. When predicting V;
for the new designs (Figure 4.3k,n and Figure 4.4), ISR data from all six original TPU
designs were used when calculating the mean of fitting constants V, and a. Only a single
QS experiment was performed for each foaming TPU design, so no standard deviation

was reported.
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CHAPTER 5: EXPLORING SDLS AS A COMMUNITY RESOURCE
5.1: Introduction

SDLs are an efficient way to accelerate research, but they often have large start-
up costs, both in money and in researcher time. Because their marginal costs to run tend
to be more modest, it is important to utilize them as much as possible. One way to
increase the utilization of existing systems is to collaborate with other researchers on
topics on which they are already working. In this way, the SDL can serve as a community
resource. Here, we partnered with researchers from Northeastern University to study
viscous thread printing (VTP), an area that they had been working on previously for
several years.

Viscous thread instability (VTI) is the phenomenon where a viscous threads will
coil or oscillate in predictable patterns when falling upon a moving surface that moves
slower than the exit velocity of the thread!#3-'46, This phenomenon has been exploited to
create a wide variety of 3D foams on fused filament fabrication (FFF) printers!47-148,

Viscous thread printing (VTP) is characterized by four parameters: V*, H*, AL, and AZ.

V" and H* are both dimensionless variables defined by the following equations,

« _ Vn

Ve = 7 (5.1
»

H = (5.2)

where V,, is the nozzle velocity, V; is the thread velocity, H is the height of the nozzle
above the part, and D, is the thread diameter after exiting the nozzle (Figure 5.1a). The

two remaining parameters, the distance that the print head moves between adjacent
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toolpath lines AL and when starting a new layer AZ are necessary for 2D and 3D

structures respectively (Figure 5.1b).

Figure 5.1: Parameters for viscous thread printing (VTP). a, In VTP, the nozzle speed V,,
travels slower than the thread exit velocity V;, while at a height above the print H significantly
higher than the thickness of the extruded thread D, causing the thread to coil in patterns that can
be predictable. b, To create 3D objects, rectilinear toolpath (blue) can be used while varying the
spacing between lines in the x-y plane by AL and spacing layers by AZ. A cross hatch is used to
ensure continuity from layer to layer.

Here, we utilize our SDL to map the VTP parameter space by running two
individual campaigns studying PLA and TPU filament. We then develop GPR models for
each material that predict both the layer height H; and the effective modulus E. By
combining the outputs of these two models, we are able to identify the homogenous
subspace within the four-parameter space and target specific E. Additionally, we built a
model to predict the stress-strain curve for VTP foams using PCA and GPR techniques,

allowing us to replicate the stress-strain response of common commercial foams.



106

5.2: Results and Discussion

5.2.1: Modeling and homogeneous subspace
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Figure 5.2: Mapping homogenous subspace for PLA filament. a, H* vs. V* for all 300
experiments performed in PLA with color indicating AL and size indicating AZ. b, Parity plot of
predicted layer height H; vs. H,, for Gaussian process regression (GPR) model using leave one
out cross validation (LOOCYV). ¢, Log-log parity plot for predicted effective modulus E vs.
effective modulus E for the GPR model using LOOCV. d, Slice in 2D of H* and V* where AL
and AZ are equal to 1.5 mm. Color indicates H,, and the red line indicates predicted homogenous
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subspace where Hy = AZ. Black dots indicate five equally spaced samples selected for validation
testing. e, GPR model’s E (red line) vs. results of five validation experiments (black). Error bars
represent one standard deviation in semi-log space from each condition being tested in triplicate.
f, Layer height H; vs. layer number for three PLA cubes with different H*. After several layers,
H; for each cube stabilizes to 2.2 mm, which is equal to 4Z.

While the flexibility of VTP is a virtue from a materials design perspective, tuning
the processing parameters to realize homogenous materials presents a challenge.
Specifically, when the first layer of a sample is printed, the processing variables V*, H*,
and AL collectively determine the layer height H; . For a structure to be homogeneous, 4Z
must equal H; so that the distance between the print nozzle and substrate does not change
when printing the next layer. Therefore, for each V*, H*, and AL there is a unique AZ that
will lead to a homogeneous part.

In order to predict the correct AZ for each V*, H*, and AL triplet, we used a SDL
to run an experimental campaign that iteratively selected and performed 300 experiments
using Bayesian optimization to minimize the uncertainty across the full four-dimensional
space, on VTP foams formed out of polylactic acid (PLA) (Figure 5.2a). After these
experiments, the performance of the final Gaussian process regression (GPR) model to
predict H; was evaluated using leave one out cross validation (LOOCV) and found to
have a R? value of 0.980 (Figure 5.2b). In addition, we also conditioned a GPR to predict
an effective modulus E of each part, which was found to have a LOOCV R? value of
0.946 (Figure 5.2c). Importantly, these two models can be combined to allow precise
control of the properties of a homogenous cube by enabling inverse design to target a

desired E.
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We hypothesized that the SDL-derived models for predicted layer height H; and
predicted effective modulus £ could allow predictive control over the VTP outcome and
enable allow us to fully exploit the capabilities of VTP printing. In particular, a major
goal is to spatially vary the mechanical properties of a material in a manner that is easy
and reliable to fabricate. Ideally, this could be achieved by maintaining a constant AL and
AZ throughout the part, thus enabling a consistent rectilinear toolpath as shown in
Figure 5.1b, but with varying V* and H* to change the E of different areas of the part. To
explore this possibility, a 2D slice of H* and V* at a constant AL and AZ can be
visualized (Figure 5.2d). The Hj, is shown, with the red line indicating the homogenous
subspace where H; = AZ. Note that while this red line appears to be linear, the underlying
GPR model makes no assumption of linearity. Five points that are equally spaced from A
to B are selected along this homogenous line. The E of the physical experiments is then
compared to £ from the GPR model, showing that it can be modulated between ~10 and
100 MPa while remaining in the homogenous subspace with constant AL and AZ.

(Figure 5.2¢).

While the presence of a smooth homogenous subspace that facilitates the
manufacture of graded materials is a powerful outcome of this study, the shape of the
inhomogeneous region also revealed a fortuitous relationship in the underlying VTP
process. Specifically, Figure 5.2d shows that there is a positive correlation between H*
and H; . This positive correlation implies the existence of a stabilizing basin of attraction
to correct errors in the selection of AZ. If AZ is too large, then H; < AZ and the effective

H* will increase each layer until H; = AZ. In contrast, if AZ is too small, then H;, > AZ
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and the effective H* will decrease until H;, = AZ. Consequently, the component will
homogenize at a new effective H*if the selected parameters are not already in the
homogenous subspace, although this process will change the properties of the foam and
produce a non-homogenous zone for several layers during stabilization. For this reason, it
is important to determine the correct AZ before printing. Nevertheless, the basin of
attraction means that small errors in the selection of AZ will not be catastrophic to the
printing process and that any anomalies during printing will self-correct. To demonstrate
this basin of attraction, we printed three samples with the same V*, AL, and AZ, that
varied in their H*. After printing these samples, we measured the thickness of each layer.
As expected, H; for each of the experiments stabilized at the selected AZ, regardless of

H* (Figure 5.2f).
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5.2.2: Comparison to common foams
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Figure 5.3: Predicting full stress-strain curves to replicate commercial foams. a, Force (F)-
displacement (D) of a TPU cube to the 4.5 kN force limit. b, Log stress-strain curve (blue)
converted from F-D curve is down sampled to 100 points (red) equally spaced to 50% strain. c,
Principal component analysis breaks down sampled curves into 100 components (only top five
shown for clarity). d, Cumulative variance captured by number of components. The vast majority
of variance is captured by the first five components. e-g, Stress-Strain curves for three foam
samples (black curves), the sample predicted to most closely match their performance (red
dashed), and the tested performance of that predicted sample (blue dotted).
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We hypothesized that the processing freedom afforded by VTP would allow VTP
foams to replicate the material performance of common foams. To explore this, we ran an
additional campaign with the SDL to explore VTP print parameters for TPU filament. As
before, the campaign used active learning to fully explore the parameter space with this
process requiring 155 experiments. Next, F-D curves (Figure 5.3a) were converted to
stress-strain curves based on the sample geometry. The stress-strain curves were then
down sampled to 100 stress points that were equally spaced in strain from € = 0.5 to 50%
(Figure 5.3b). We then took the logarithm of these stress values to preclude the
possibility of predicting negative stress. Principal component analysis was then applied
on all 155 TPU samples tested (Figure 5.3c—d). A separate GPR model was conditioned
on the scores for each of the first five principal components as a function of their
processing conditions. These GPR models could then be used to predict the performance
of VTP foams that have not yet been tested.

In order to evaluate the VTP foam selection pipeline we selected three reference
foam samples from everyday objects, consisting of a polystyrene foam used for
packing/shipping (Figure 5.3¢), a cellulose foam used for packing/shipping (Figure 5.3f),
and a polystyrene foam used as part of a children’s car seat (Figure 5.3g). They were
tested in quasistatic compression using the same protocol as the VTP foams. The
performance of each foam was then compared to the predictions of 125,000 potential
experiments selected using Latin hypercube sampling. An error function minimized the
mean squared error of the difference between the log stress prediction and the foam

stress, as described in section 5.4.3. The VTP cube with the lowest error was selected and
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tested, showing the ability to match the performance of common foam samples.
5.3: Conclusion

This chapter develops GPR models that accurately predict the H; and E of VTP
foams, allowing the fabrication of homogenous foams with targeted mechanical
properties. Furthermore, by using PCA and GPR, we demonstrated the ability to predict
stress-strain responses for VTP foams and used these predictions to replicate the stress-
strain response of common commercial foams.

Furthermore, this work pioneers the use of an SDL as a community resource by
opening up the BEAR for use with outside researchers. This provides a template for how
researchers can collaborate to increase the utilization of preexisting SDLs and further
accelerate scientific discovery and innovation.

5.4: Methods

5.4.1: Layer height measurements

Layer height measurements (Figure 5.2f) were made through a manual process.
First, a single cube was printed from PLA for H* =3,V*=0.3,AL=1.5and 4Z =2.2.
The height of the cube was measured using a universal testing machine (UTM) (Instron
5965) by lowering the platen manually until the force reached 1 N, ensuring that stray
strands of filament did not artificially increase the height measurement. The height of the
cube was taken as the platen separation of the UTM. Then, the bottom layer of the cube
was removed with wire cutters. Because the filament is more tightly bonded within the
layer than between layers, it was possible to cut away a single layer without disturbing

the remaining layers. However, because of the thin nature of the removed layer, it was
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destroyed in the process. The height of the remaining cube was then measured in the
UTM with the 1 N threshold. By comparing the difference in height between the two
measurements, the height of the removed layer was inferred. This process was repeated
until only two layers remained. Unfortunately, because the layers were so thin,
measurement of the final two layers was not possible. This process was repeated for the

other two cubes with H* = 6 and 9.

5.4.2: Automated testing

Automated testing leveraged the Bayesian autonomous experimental researcher
(BEAR) previously developed?”-%°. The system consists of a UTM (Instron 5965), a scale
(Sartorius CP225D), a fused filament fabrication (FFF) printer (Prusa Mk3S+), and a six-
axis robot arm (Universal Robotics UR5e).

The learning loop consisted of several steps performed in sequence. First, an
experiment is selected using active learning. GPR models were conditioned in MATLAB
using the built-in function fitrgp using a squared exponential kernel with automatic
relevance detection. Potential experiments were calculated using Latin hypercube
sampling and an experiment was selected using a maximum variance decision-making
policy. Initially, E was used as the target metric for the GPR, but it was later changed to
H; to ensure that both metrics were mapped fully.

G-code for the selected experiment was then generated using a custom python
script. The g-code was sent to the printer using OctoPrint through the python package
OctoRest. For PLA (eSun PLA+ gray), printing temperature was set to 215 °C and the

bed temperature was set to 60°C. For TPU (Ninjatek Ninjaflex blue), printing
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temperature was set to 230 °C and the bed temperature was set to 50 °C. For both
materials, the part was removed by the robot after the bed had cooled below 32 °C.

The part was then transferred to the scale where it was weighed. If the measured
mass was more than 5% from the expected value, the part was discarded due to the
likelihood of a print error. After recording the mass, the part was transferred to the UTM
for testing. During testing, the UTM lowered its platens at 2 mm/min until the force
reached 4.5 kN or the platens were separated by less than 0.4 mm.

The E was calculated by converting the force-displacement curve into a stress-
strain curve. The height for this conversion was measured by the UTM as when the force
exceeds 0.3 N. The cross-sectional area was assumed to match the designed dimensions
for the cube of 30 x 30 mm?. The E was then calculated using a linear fit of the stress
between 5% and 15% strain to avoid any toe regions.

The H;, of the part was calculated by taking the height of the final part and
dividing by the number of layers. For a part to be considered homogenous, H; must be

within 5% of AZ.

5.4.3: Principal component analysis

The stress-strain curve was converted to log10 and truncated at 50% strain. It was
then down sampled to 100 equally spaced points. PCA was performed using MATLAB’s
built in pca function. Because 99.99% of cumulative variance was captured by the first
five components, only the first five components were used for stress-strain curve
prediction. For each of these components, a GPR model was conditioned to predict the

score of the component based on the four-dimensional input space (V*, H*, AL, and AZ).
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Sampling points (125,000) were then selected using Latin hypercube sampling for V",
H*, and AL. AZ was selected using the H; GPR model to ensure AZ = H;, therefore
ensuring that the resulting sample was homogenous. The predicted score components
were then transformed back into the log10 stress/strain space. The predicted curves were
compared to the foam samples using the error function shown in Equation (5.3). The

closest curve was selected for each foam type and tested.
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Foam samples were cut to 30 x 30 mm? rectangular prisms to match the cross-
section of the sample VTP foams, but the heights of the foam samples were not modified.
The foams were weighed by hand and manually transferred to the UTM. The UTM tested

them using the same 2 mm/min speed and the same 4.5 kN stop threshold protocol.
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CHAPTER 6: CONCLUSION

In addition to reporting on the experimental work presented in the previous
chapters, it is important to reflect on broader lessons learned and opportunities for the
SDL community. In this chapter, we consider the lessons that we have learned while
operating an SDL for many years and offer advice for the researcher and the community
at large on how to develop SDL systems and maximize their utility.
6.1 Lowering barriers to develop and use SDLs

In Chapter 2, we shared insights on how to run an SDL that we gleaned after
running our own campaign for more than two years. Our guidance focused on six key
settings that can be tuned to optimize an active learning campaign and four plots that
should be monitored to evaluate performance and inform changes to the settings. These
insights will provide guidance for future researchers that are looking to run an SDL
campaign for the first time or looking to run longer campaigns that would benefit from
periodic adjustments. Despite this, setting up and running an SDL is still daunting for
researchers that are new to this research strategy. More work remains to be done by the
community to decrease the developmental costs of setting up a new SDL and make it
easier to run the SDL on a day-to-day basis.

When developing a new SDL, one main challenge is integrating new hardware.
Often, equipment needed to run experiments is designed for human use or is controlled
by proprietary software. Ideally, equipment will be manufactured to have a common
interface plug, such as a USB port, and a software development kit (SDK) with full

documentation that supports all hardware features. Unfortunately, hardware is generally
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manufactured to somewhere in between these two extremes, and it is often difficult to
know before purchase how well it is supported. To accelerate the development of SDLs,
researchers should encourage manufacturers to develop full-featured SDKs for all major
operating systems and be transparent about the level of support before purchase.

An additional barrier to SDL adoption is the time it takes for a researcher to learn
the machine learning needed to implement active learning. Many researchers come from
disciplines that do not generally require a background in programming, which makes the
task of developing code for machine learning very challenging. Furthermore, all effort
focused on optimizing the machine learning code is time diverted from the main research
focus of the researcher. To lower this burden, standard active learning software should be
developed that allows users to implement active learning with a simple graphical user
interface. ChemOS is a Python-based software package that is intended on becoming a
universal SDL management system, similar to how the Robot Operating System (ROS)
has become a common choice for controlling and coordinating robots!#°. Several other
attempts have been made to unify decision making and equipment control into a single
package, but none of the competing platforms have fully matured. Hopefully the
community will consolidate around a single platform that is easier to use for non-
programmers.

6.2 Leveraging dataset for additional mechanical insights

Chapter 3 presents our two-year SDL campaign that resulted in the discovery of a

structure with the highest mechanical energy absorbing efficiency reported to date. This

campaign also led to structures with optimized energy absorbing efficiency across a
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broad stress range from 100 Pa to 10 MPa, explored how material and design are
interconnected, and offered insights on general design motifs. Finally, we provided a
template for how to report the progress and adjustments made during a long-term SDL
campaign. Despite these accomplishments, there are still many opportunities to expand
upon this work.

First, more can be done to study the interesting GCS design family. While our
study focused on the multi-objective optimization of K and o/, countless other
interesting metrics could be studied, such as U,,, U,, hysteresis, durability, or recovery
after compression. Additionally, although we showed that tiling GCS components in 2D
space could in principle improve the performance by averaging out printing defects and
variance in the post yield softening, more work can be done to evaluate the mechanical
performance of GCS components tiled in 2D and 3D. Finally, GCS components can be
printed using other materials, with metals being a particularly exciting potential option. It
may be interesting to see how much performance could be improved in broader range of
ot . Of particular interest, it may be possible to use transfer learning to guide design of
metal GCS parts by leveraging the large polymer GCS dataset.

In addition, utilizing an SDL to study interesting and complex families of
structures offers the opportunity to expand upon general design principles by discovering
commonalities across disparate design families. Already by studying the GCS family we
have discovered principles that we believe will transcend the design family itself. As
more distinct and complex design families are studied thoroughly, more trends may

become apparent. However, for this to happen, robust data sharing principles must be
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employed, such as the findable, accessible, interoperable, and reusable (FAIR) principles
for scientific data management'*°. In addition, permanent data storage must be considered
carefully, especially because the amount of data produced by SDLs can quickly become
burdensome. Including up front permanent data storage costs in grant application budgets
should be considered for researchers, and research institutions should consider
formalizing data management policies and solutions for their researchers.

6.3 Working towards fundamental impact performance metric

In Chapter 4, we developed a physics-informed model to predict V; for GCS
designs based on QS tests and refined that model using limited ISR and impact data to
account for strain-rate strengthening. The model was then validated by applying it to a
new impactor m, new designs, and a new material. The RMSE for these new designs was
0.23 m/s, showing the ability for the model to extrapolate far beyond the limited training
data. Because the model can make predictions using only a single QS test, it opens the
opportunity to screen performance from large datasets like the one we produced in
Chapter 3 or to do active learning using predicted impact performance as the metric of
interest.

Furthermore, many opportunities exist to expand upon our study of impact
performance for GCS components. Developing a model to predict the strain-rate
dependent strengthening for the entire o-¢ curve could be useful for a variety of
applications. With our SDL, it is possible to create sweeps of ISR data for hundreds of
designs, rather than the few designs we have tested to date. This process could unlock

additional insight into how structures respond to increasing strain rates in a general sense.
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Perhaps the most interesting prospect is building a model that can predict a global
J* for all m and V,, combinations. Just as our quasistatic work sought to represent the
performance of a part as a single point in 2D space (o¢, K, ), the impact performance of a
GCS part should have a globally optimal J* at a single combination of m and V. Building
a model that could predict this (m*, Vjy,J*) triplet without thousands of tedious impact
experiments for each new design could allow even faster optimization of performance in
impact and provide additional insights into how design and material affects impact
performance.
6.4 Increasing productivity and utilization of SDLs

Finally, Chapter 5 demonstrated the ability to collaborate with outside researchers
to use an existing SDL for new research opportunities. Using our SDL, we ran two
independent campaigns to study how VTP parameters affect H;, E, and o-¢ curves. After
hundreds of experiments, we built GPR models that predicted H; and E with great
accuracy. The combination of these models enables the inverse design of complex 3D
mechanisms by programming the local stiffness while maintaining the continuity and
integrity of the global structure. Furthermore, we combined PCA and GPR techniques to
predict full o-¢ curves for homogenous VTP samples and found VTP parameters that
match the stress response of common commercial foams.

Not only was this collaboration fruitful in understanding VTP mechanics, but it
also demonstrates how opening SDLs up as a community resource can increase their
productivity and utilization. Broadly speaking, SDLs have large upfront costs, not only in

equipment but also in development time. However, the marginal cost to run each
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additional experiment tends to be much more modest. Therefore, once an SDL is built, a
high utilization rate is desirable. Similar to user facilities at national labs or the shared use
of particle accelerators and astronomical telescopes, grant agencies can fund the
development of shared SDLs to serve as a resource to the whole community.

In addition to helping researchers in a single domain, the development of
complementary SDLs can provide synergistic benefits for researchers. For example, our
SDL focused on compression testing, but a complementary SDL could conduct 3-point
bending tests, incorporate an oven for post-print annealing, or include a photogrammetry
or 3D laser scanning station to check for print defects. By combining the capabilities of
multiple SDLs, researchers could quickly gather a variety of data about their topic of
interest. In this way, each individual SDL can become more useful as they proliferate.
6.5 Practical advice for new SDL users

Developing and running an SDL is a challenging endeavor, but it can unlock
opportunities that would be nearly impossible to pursue with traditional experimental
approaches. When embarking on the development of a new SDL, there are some practical
tips to follow to make it easier to succeed.

First, it is important to gather a multi-disciplinary team that contains the broad
range of skills necessary to successfully develop and run an SDL, which include
knowledge in robotics/automation, machine learning, data science, and subject matter
expertise in the research domain. While it is possible for a single person to develop all
these skills, it is very challenging to truly be an expert in all the necessary domains.

Building a team where people share responsibility according to their skills allows each
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individual to develop greater expertise in their area of core competency while also
allowing limited cross-training to help manage the transitions when personnel leave and
join the project. Furthermore, SDLs can often generate a large quantity of data,
overwhelming a lone researcher. Having a team of researchers that can collaborate on the
running of the SDL and analysis of the resulting data can permit the SDL to run at full
capacity without having to halt experiments to analyze and publish data.

Second, it is important to identify a good scientific problem that is amenable to
study with an SDL. While in theory an SDL can be used for any experiment, SDLs have
a competitive advantage when certain criteria are met. For example, SDLs are
particularly good when studying large combinatorial problems where high number of
experiments are necessary. The metric of interest should be difficult or impossible to
simulate, thus requiring physical experiments that are enabled by the SDL. The response
space should depend on the interaction of the input parameters and should be complex,
otherwise small numbers of experiments may be sufficient to map even large,
multidimensional input spaces. Additionally, the experiments must be amenable to
automation. Tedious, time consuming, or dangerous experiments are prime candidates for
SDL, as they free the researcher from needing to physically perform the experiments.
Finally, experiments with low marginal costs are preferable, as expensive experiments
may make it difficult to fund an SDL for full-time operation.

Third, researchers should consider using GitHub or another version control
system to document any changes made to the code base. During development and

operation of an SDL, it is likely that changes will need to be made to the control code.
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Having a robust documentation system in place can provide transparency to the changes
made and can help identify the onset of inevitable bugs. It may also be useful to mark key
code changes down in a lab notebook to easily locate them later. GitHub can also allow
researchers to easily share or collaborate on code development. However, if the code
repository is intended for public sharing, care should be taken to protect passwords, API
keys, or other sensitive information.

Finally, researchers should consider how they will record and publish the data that
they generate. One of the key advantages of SDLs is that they enable the generation of
large, high-quality datasets with rich metadata. As much metadata should be documented
as possible, including data that may not be traditionally recorded but is easy to automate,
such as temperature and humidity in the laboratory and automated photographs or video
of key moments in the experiment. However, this brings additional data management
challenges. Perhaps the most fundamental choice is how to identify experiments. It can
be tempting for the identifier to have key parameter information built into the filename so
that the researcher can quickly understand the experiment by the filename alone.
However, this method quickly becomes unwieldy when the input space has many
dimensions, and it is not robust to repeat experiments or changes to the parameter space.
Instead, we advocate for a simple sequential numbering system (expl, exp2, exp3...).
This makes the identifier short and robust to changes in parameter space. Then, all
metadata associated with the experiment can be contained in a table or csv file that links

the experiment number to the experiment’s metadata.
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