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Fig. 1. We propose a numerical environment suitable for learning close-loop control strategies for additive manufacturing via direct ink writing. Our method
observes an in-situ view of the printing process and adjusts the velocity and printing path to achieve the desired deposition. The control policies learned

exclusively in simulation can be deployed on real hardware.

Enabling additive manufacturing to employ a wide range of novel, functional
materials can be a major boost to this technology. However, making such ma-
terials printable requires painstaking trial-and-error by an expert operator,
as they typically tend to exhibit peculiar rheological or hysteresis properties.
Even in the case of successfully finding the process parameters, there is no
guarantee of print-to-print consistency due to material differences between
batches. These challenges make closed-loop feedback an attractive option
where the process parameters are adjusted on-the-fly. There are several
challenges for designing an efficient controller: the deposition parameters
are complex and highly coupled, artifacts occur after long time horizons,
simulating the deposition is computationally costly, and learning on hard-
ware is intractable. In this work, we demonstrate the feasibility of learning
a closed-loop control policy for additive manufacturing using reinforcement
learning. We show that approximate, but efficient, numerical simulation is
sufficient as long as it allows learning the behavioral patterns of deposition
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that translate to real-world experiences. In combination with reinforcement
learning, our model can be used to discover control policies that outperform
baseline controllers. Furthermore, the recovered policies have a minimal
sim-to-real gap. We showcase this by applying our control policy in-vivo on
a single-layer printer using low and high viscosity materials.
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1 INTRODUCTION

A critical component of manufacturing is identifying process param-
eters that consistently produce high-quality structures. In commer-
cial devices, this is typically achieved by expensive trial-and-error
experimentation [Gao et al. 2015]. To make such an optimization
feasible, a critical assumption is made: the relationship between
process parameters and printing outcome is predictable. However,
such an assumption does not hold in practice because all manufac-
turing processes are stochastic in nature. Specifically, in additive
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manufacturing, variability in both materials and intrinsic process
parameters can cause geometric errors leading to imprecision that
can compromise the functional properties of the nal prints. There-
fore, the transition to closed-loop control is indispensable for the
industrial adoption of additive manufacturing [Wang et al. 2020].

Recently, we have seen promising progress in learning policies
for interaction with amorphous materials [Li et aR019b; Zhang
et al. 2020]. Unfortunately, in the context of additive manufactur-
ing, discovering e ective control strategies is signi cantly more
challenging. The deposition parameters have a non-linear coupling
to the dynamic material properties. To assess the severity of de-
position errors, we need to observe the material over long time
horizons. Available simulators either lack predictive power [Mozaf-
far et al 2018] or have prohibitive computational complexity for
learning [Tang et al2018; Yan et aP018]. Moreover, learning on
hardware is intractable as we require tens of thousands of printed
samples. These challenges are further exaggerated by the limited
perception of printing hardware, where typically, only a small in-situ
view is available to assess the deposition quality.

In this work, we propose the rst closed-loop controller for addi-
tive manufacturing trained purely in simulation that can be later
deployed in real hardware. To achieve this, we formulate a custom
numerical model of the deposition process. Motivated by the limited
hardware perception, we make a key assumption: a numerical model
is su ciently accurate as long as we can learn behavioral patterns
that hold across both simulated and real environments. This allows
us to replace physically accurate but prohibitively slow simulations
with e cient approximations. To ameliorate the sim-to-real gap,
we enhance the simulation with a data-driven noise distribution on
the spread of the deposited material. We further show that careful
input and action space selection is necessary for hardware transfer.
Lastly, we leverage the privileged information about the deposition
process to formulate a reward function that encourages policies
that account for material changes over long horizons. Thanks to the
above advancements, our control policy can be trained exclusively in
simulation with a minimal sim-to-real gap. We showcase this by de-
ploying our policy on a custom single-layer direct ink writing printer.
Direct ink writing is a pressure-based deposition system capable of
processing a wide range of materials ranging from pastes, through
hydrogels, to functional inks. Finally, we demonstrate that our policy
outperforms baseline deposition methods in simulation and physical
hardware with low or high viscosity materials. Code and data for
this paper are at: https://github.com/misop/Closed-Loop-Control-
of-Direct-Ink-Writing-via-Reinforcement-Learning.

2 RELATED WORK

Many path planning strategies were devised to control the deposi-
tion process. Ranging from sparsely lling of the part interior [Wu

et al 2018] to the generation of space- lling curves [Zhao et al
2016]. The key assumption of static path planners is that the print-
ing process is reliable. Unfortunately, due to mechanical errors and
material imperfections, real fabrication processes are stochastic in
nature. In our work, we seek to enhance path planning with online
parameter control to dynamically react to the inherent variations
in the deposition.
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Identifying Process Parametdiasuring a reliable material depo-
sition hinges on identifying stable printing parameters. To identify
process parameters for additive manufacturing, it is important to
understand the complex interaction between a material and a depo-
sition process. This is typically done through trial-and-error experi-
mentation either on hardware [Baturynska et.&018; Kappes et al
2018; Wang et aR018] or in simulation [Ogoke and Farimani 2021].
Recently, optimal experiment design and, more speci cally, Gauss-
ian processes have become a tool for e cient use of the samples to
understand the deposition process [Erps etz021]. However, even
though Gaussian Processes model the deposition variance, they do
not o er tools to adjust the deposition on-the- y.

Closed-Loop Contrd\nother approach to improve the printing
process is to design closed-loop controllers. One of the rst designs
was proposed by Sitthi-Amorn et g]2015] that monitors each layer
deposited by a printing process to compute an adjustment layer. Liu
et al [2017] built upon the idea and trained a discriminator that
can identify the type and magnitude of observed defects. A similar
approach was proposed by Yao et[@018] that uses handcrafted
features to identify when a print signi cantly drops in quality. The
main disadvantage of these methods is that they rely on collecting
the in-situ observations to propose one corrective step by adjusting
the process parameters. However, this means that the prints con-
tinue with sub-optimal parameters, and it can take several layers
to adjust the deposition. In contrast, our system runs in-process
and immediately reacts to the in-situ observations. This ensures
high-quality deposition and adaptability to material changes.

Learning Closed-Loop PoliciBecently machine learning tech-
niques sparked a new interest in the design of adaptive control
policies [Mnih et al 2015]. A particularly successful approach for
high-quality in-process control is to adopt the Model Predictive Con-
trol paradigm (MPC) [Nagabandi et.&018; Oh et aP017; Silver
etal 2017; Srinivas et a2018]. The control scheme of MPC relies on
an observation of the current state and a short-horizon prediction
of the future states. By manipulating the process parameters, we
observe the changes in future predictions and can pick a future with
desirable characteristics. Particularly useful is to utilize deep models
to generate di erentiable predictors that provide derivatives with
respect to control changes [de Avila Belbute-Peres e2@l8; Li et al
2019a; Schenck and Fox 2018; Toussaint. &dI8]. Unfortunately,
deploying MPC on real hardware is challenging. The hardware must
receive the instructions at 8 Hz for smooth control, leaving only
125 milliseconds for computation. Such a strict time budget is not
su cient for simulating the complex interactions of a deposition
process. In contrast, our vision-based policies can be evaluated in
under four milliseconds.

Policy Discovery via Reinforcement LearnAgpther option to de-
rive control policies is to leverage deep reinforced learning [Akkaya
etal 2019; Lee et a019; Liu and Hodgins 2018; Peng et24l18;

Yu et al 2019]. The key challenge in the design of such controllers is
formulating an e cient numerical model that captures the govern-
ing physical phenomena. As a consequence, it is most commonly
applied to rigid body dynamics and rigid robots where such models
are readily available [Bender et.&014; Coumans and Bai 2016; Lee
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et al 2018; Todorov et aR012; Xu et al2019]. In contrast, learning
with non-rigid objects is signi cantly more challenging as the com-
putation time for deformable materials is higher and relies on some
prior knowledge of the task [Clegg et a2018; Elliott and Cakmak
2018; Ma et al. 2018; Wu et al. 2019].

Closest to our work is a learning framework proposed by Zhang
et al [2020]. They demonstrate how to discover policies for hu-
man actors to manipulate visco-plastic uids with rigid tools. While
the nature of both problems is similar (interaction with materials
governed by uid dynamics), there are key di erences between our
methods. Zhang et al. do not consider sim-to-real transfer since their
policies are not deployed in the real world. In contrast, our policies
are designed to be deployed on fabrication hardware. Zhang et al. re-
lies on full simulation state as feedback. For us, due to occlusions
created by the printhead, it is infeasible to observe the full state of
the deposited material. We introduce a vision system and a training
method that relies on the local state to control the deposition. Their
method does not learn to match a target shape. In contrast, our
reward function is devised to achieve an as-close-as-possible match
to the desired output while generating a uniformly at layer. Finally,
the action space proposed by Zhang et al. allows several interactions
with the material. In contrast, during fabrication, materials cannot
be re-adjusted after deposition. Therefore, the nature of our problem
is fundamentally di erent as the controller needs to consider short-
and long-horizon changes at deposition time.

3 HARDWARE APPARATUS

The choice of additive manufacturing technology constraints the
subsequent numerical modeling. To keep the applicability of our
control policies as wide as possible, we developed a direct write
3D printing platform, (Figure 2 left). The platform consists of a
Cartesian robot with mechanical accuracy ol0Omicrons. We limit

the acceleration to 1 mmfsand the velocity to 2 mm/s. To smoothly
control the platform, the instructions are set at 8 Hz. To deposit the
material, we rely on a pressure-driven syringe pump. The syringe

has a diameter of 10 microns, and the maximal pressure is 140 kPa.

Such a system allows us to deposit materials from oil-like to thick
pastes. To estimate the height of the deposited material, we leverage
its translucency. More precisely, we correlate the deposition height
with the optical intensity of our materials illuminated by a 600 lux
building plate. To capture the materials, we utilize two cameras with
an e ective resolution of150 150pixels. For more details about
the setup, please see the supplemental material.

3.1 Baseline Path Planning

To guide the printing apparatus, we opted for an o -the-shelf slicer.
The input to the slicer is a three-dimensional object. The output is a
series of locations the printing head visits to reproduce the model as
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path (Figure 2 blue) is created by o setting the print boundary by
half the width of the material using the Clipper algorithm [Johnson
2015]. Thein Il pattern is generated by tracing a zig-zag line through
the area of the print (Figure 2 green).

Fig. 2. The printing apparatus (le ) and the baseline printing policy (right).

4 REINFORCEMENT LEARNING FOR ADDITIVE
MANUFACTURING

The baseline path generation strictly relies on a constant width of
the material. To discover policies that can adapt the printing path to
the in-situ observations, we formulate the search in a reinforcement
learning framework. The control problem is described by a Markov
decision processSeA <P <R, whereS is the observation spacé

is a continuous action spack, = %EB+ 0is the transition function
that maps statBand action0 to a new stateE®, andR1B+0! Ris

the reward function. In the following section, we will describe how
to apply this framework in the context of additive manufacturing.

4.1 Observation Space

The choice of observation space is critical for transferring the learned
knowledge from simulation to physical hardware. A natural choice
would be to utilize a direct image feed from a camera module. How-
ever, the large variety of available materials would introduce signif-
icant di culty in the learning process where materials with similar
physical behavior could be treated di erently based on their ap-
pearance. Moreover, the rendering would need su cient graphical
delity to minimize the sim-to-real gap, further limiting learning
e ciency. We propose to tackle these challenges by employing
an engineered observation space. Rather than using the direct ap-
pearance feed from a camera module, we process the signal into
a heightmap. A heightmap is a 2D image where each pixel stores
the height of the deposited material. For each height map location,
the height is measured as a distance from the building plate to the
deposited material. This allows our system to generalize to a wide
range of sensors and materials.

We model our observation space as a small in-situ view centered

closely as possible. To generate a single slice of the object, we start at the printing nozzle. The view has a size®b 35 mm. Since the

by intersecting the 3D model with a Z-axis aligned plane (please
note that this does not a ect the generalizability since the input can
be arbitrarily rotated). The slice is represented by a polygon that
marks the outline of the printout (Figure 2 gray). To generate the
printing path, we assume a constant width of deposition (Figure 2
red) that acts as a convolution on the printing path. The printing
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location directly under the nozzle is obscured by physical hardware,
we mask a small central position equivalent t}Ih of the view.
Together with the local view, we also supply the printer with the
target and the baseline printing path in the local view. Increasing the
data e ciency, we make the observation that the images are rotation
invariant along the direction of the printer's scheduled moving path.
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