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learning predistorter can compensate for imperfections in 
the partially fabricated object as well as non - ideal charac 
teristics of the printer , thereby achieving high accuracy . 
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MACHINE LEARNING FOR ADDITIVE 
MANUFACTURING 

CROSS - REFERENCE TO RELATED 
APPLICATIONS 

a [ 0001 ] This application is a Continuation - in - Part ( CIP ) of 
U.S. application Ser . No. 17 / 014,344 , filed Sep. 8 , 2020 , 
which is a Continuation of U.S. Pat . No. 10,769,324 , issued 
on Sep. 8 , 2020 , and filed as application Ser . No. 16 / 672,711 
on Nov. 4 , 2019 , which claims the benefit of U.S. Provi 
sional Application No. 62 / 754,770 , filed on Nov. 2 , 2018 . 
The contents of the aforementioned applications are hereby 
incorporated by reference in their entirety . 

BACKGROUND 

be fixed with respect to the printer or it can move indepen 
dently with respect to the object . 
[ 0008 ] Alternatively , ink solidification can be achieved by 
changes in thermal conditions . For example , a liquid mate 
rial solidifies as its temperature is lowered . A variety of 
different inks can be used in this category such as waxes . 
Both UV - phase change inks and thermal - phase change inks 
can be combined to manufacture an object . 
[ 0009 ] Because of the slight variation of each drop and 
surface tension of inks , liquid layers deposited onto the 
platform are not perfectly flat , requiring a mechanical flat 
tening device in order to eliminate the error and error 
accumulation caused by uneven layers . The flattening device 
may be a roller , script , or even mill , etc. Typically , about 
20-30 % of jetted material is removed during the flattening 
process , resulting in significant waste and increased material 
cost . 
[ 0010 ] 3D printed objects when manufactured using an 
inkjet process may need structural support . For example , 
most objects with overhangs need support structures . Typi 
cally , additional print data is generated for these support 
structures . In inkjet additive manufacturing , typically a 
separate ink is designated as a support material . This ink is 
deposited also using printheads and then it is solidified . It is 
desirable for the support material to be easily removed after 
the print is completed . There are many potential support 
materials including UV - curable materials that are soluble in 
water or other solvents or wax - based materials that can be 
removed by melting . 
[ 0011 ] After the printing process is completed , parts are 
typically post - processed . For example , support material may 
need to be removed . The parts might also need to be 
post - processed to improve their mechanical or thermal prop 
erties . This may include thermal treatment and / or additional 
UV exposure . 
[ 0012 ] In many cases inks may include additives . These 
additives include colorants in the form of dyes or pigments 
or the mixture of pigments and dyes that are dispersed or 
dissolved in the ink . Surfactants may also be used to adjust 
the surface tension of the ink for improved jetting or printing 
performance . In addition , other types of particles or addi 
tives may be used in order to enhance the mechanical , 
thermal or optical characteristics of the cured resin . 

[ 0002 ] This invention relates to an intelligent additive 
manufacturing approach , and more particularly an approach 
that makes use of one or more of machine learning , feedback 
using machine vision , and determination of machine state . 
[ 0003 ] Additive manufacturing ( AM ) is a set of methods 
that allows objects to be fabricated via selective addition of 
material . A typical additive manufacturing process works by 
slicing a digital model ( for example , represented using an 
STL file ) into a series of layers . Then the layers are sent to 
a fabrication apparatus that deposits the layers one by one 
from the bottom to the top . Additive manufacturing is 
rapidly gaining popularity in a variety of markets including 
automotive , aerospace , medical devices , pharmaceuticals , 
and industrial tooling . 
[ 0004 ] The growth of additive manufacturing processes 
has led to various iterations of such processes being com 
mercialized , including extrusion processes , such as fused 
deposition modeling® ( FDM? ) , light polymerization pro 
cesses , such as stereolithography ( SLA ) and multijet / poly 
jet , powder bed fusion processes , such as selective laser 
sintering ( SLS ) or binder jetting , and lamination processes , 
such as laminated object manufacturing ( LOM ) . Neverthe 
less , despite this growth and rapid progress , additive manu 
facturing has limitations , such as the materials that can be 
used in conjunction with such processes . There are limited 
types of materials , and the performance of the materials 
limits the efficiency and quality that results . 
[ 0005 ] Inkjet 3D printing is a method of additive manu 
facturing where printheads deposit droplets of liquid ink . 
Printheads are typically mounted on a gantry system to 
allow deposition of ink in different locations within the build 
volume . The build platform may also move with respect to 
the printheads , which may be stationary . The liquid ink is 
solidified using UV or visible - light radiation . 
[ 0006 ] Multiple printheads may be used in one system in 
order to build objects with multiple base materials . For 
example , materials that have different optical , mechanical , 
thermal , electromagnetic properties can be used . These 
materials can be combined to achieve composite materials 
with a wide range of material properties . 
[ 0007 ] The UV curing unit is typically one of the subsys 
tems used within an inkjet additive manufacturing appara 
tus . UV radiation provides the means of solidifying inks via 
photo - initiation of the polymerization reaction . UV radiation 
can be supplied by a variety of different mechanisms such as 
arrays of LEDs and Mercury or Xenon arc lamps . UV curing 
is typically applied after each layer is printed or after each 
material within a layer is deposited . The UV curing unit can 

a 

SUMMARY 

[ 0013 ] Determining control inputs to a printer to yield a 
desired object may be informed by a model of the printing 
process and / or a policy that maps observations of the 
printing process to the control inputs . In some embodiments 
such a model and / or policy is updated during the printing 
process ( e.g. , during fabrication of one object , between 
fabrications of different objects , etc. ) to maintain high 
accuracy by adapting to any changes that may not have been 
adequately incorporated into the control of the printing 
process earlier . 
[ 0014 ] At least some embodiments make use of machine 
learning techniques to implement the model of the printing 
process and / or the policy for the printing process . For 
example , artificial neural networks , which may be imple 
mented in software and / or using custom or special - purpose 
hardware , may be used to implement the model and / or 
policy . The determination of control based on a model may 
make use of a planning approach , in which the effect of one 
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or more printing steps ( e.g. , one or more added layers ) is 
predicted and a search for the best next control of a printing 
step is determined . 
[ 0015 ] Reinforcement Learning ( RL ) approaches may be 
used to determine control inputs ( i.e. , " actions ” ) based on 
observations of the object being printed , for example , obser 
vations that are based on surface geometry and / or surface 
material of the partially - fabricated object . RL based tech 
niques may use “ simulated experience ” that predicts printing 
results to improve a policy and possibly discover policies 
that are not typically implemented based on human input 
alone . 

object being fabricated can be considered to be the system 
environment with which the agent interacts . 
[ 0022 ] The machine learning techniques described herein 
are applicable to a variety of forms of printing approaches 
and corresponding control inputs , and sensing approaches 
and associated observations . The approaches are described 
below before describing the machine learning techniques 
that may be applied . 

1.1 Printer 

Remainder of the Summary Will be Completed to 
Correspond to the Finalized Claims 

[ 0016 ] Other features and advantages of the invention are 
apparent from the following description , and from the 
claims . 

DESCRIPTION OF DRAWINGS 

a 
[ 0017 ] FIG . 1 is a block diagram of a feedback - based 
fabrication system . FIG . 2 is a block diagram of a controller 
that uses a fabrication model . 
[ 0018 ] FIG . 3 is a block diagram of a controller that uses 
a policy model . 

DESCRIPTION 

1. Overview 

[ 0019 ] A number of embodiments addressed in this docu 
ment use various techniques in a feedback arrangement to 
yield accurate additive fabrication . In general , these embodi 
ments are based on machine learning approaches . Some of 
the approaches described herein are introduced in U.S. Pat . 
No. 10,769,324 , and some of those approaches are extended 
with additional techniques described herein . Yet other 
embodiments are introduced in this document . 
[ 0020 ] Referring to FIG . 1 , embodiment described below 
can be represented by a general fra work in which an 
object ( or more generally a set of objects ) with a reference 
data representation ( also referred to as a “ model ” ) m ” ef 110 
is to be fabricated using an additive fabrication system 130 
to yield a fabricated object 140. The system 130 includes a 
printer 132 , which is controllable to deposit material to form 
the object , and a scanner 134 , which provides feedback 
observations 135 regarding how the material has been 
deposited . The scanner feedback is fed back to a controller 
( also referred to as an “ agent ” ) 120 , which processes the 
model 120 and the feedback 135 to select a next actions 125 
to command the system 130 to incrementally add material to 
the partially fabricated object 140 . 
[ 0021 ] Very generally , the printing is performed in a series 
of increments , which in many of the embodiments corre 
spond to thin layers that are successively deposited to 
ultimately form the object . In this incremental approach , the 
th increment has a corresponding control input ( also referred 
to as an " action " ) a , that is provided to the system by the 
controller . After acting on that control input , the system 
provides a next observation 04 + 1 of the partially fabricated 
object that results from that action . Very generally , the 
controller makes use of the reference data and the history of 
the actions and observations to determine the next action to 
send to the system . The system in combination with the 

[ 0023 ] At least some embodiments make use of jetted 
additive fabrication in which material is deposited in thin 
layers , which cure or otherwise solidify sufficiently before 
subsequent layers are formed on top of them . Generally , 
there is at least one curable “ build ” material ( e.g. , a polymer ) 
from which the ultimately desired object is formed , as well 
as an ultimately removable support material ( e.g. , a wax ) 
that together form the object being fabricated . More gener 
ally , there may be multiple different build materials , and 
optionally curable materials that are ultimately removed , 
used to yield the desired object . Example systems for this 
type of fabrication are described in U.S. Pat . Nos . 10,252 , 
466 , 10,456,984 , and 10,926,473 , and U.S. Applications Ser . 
No. 17 / 197,581 , filed 10 Mar. 2021 , and Ser . No. 17/085 , 
376 , filed 30 Oct 2020 , each of which is incorporated herein 
by reference . 
[ 0024 ] In at least some embodiments , the printer 132 is 
controllable to deposit material in particular locations on the 
object . For example , a set of jets pass continuously over the 
object , with each jet travelling in an x direction at a 
particular offset in a perpendicular y direction . Each jet is 
controllable to emit material at particular offsets in the x 
direction . In some examples , the xxy plane is divided into 
rectangular cells , and the control input for a layer to be 
deposited identifies which cells should have material emit 
ted , and which cells should be omitted . That is , the control 
input can be represented as a 1-0 array of “ on - off ” indicators . 
[ 0025 ] Each material ( e.g. , support material and each build 
material ) has a separate such array . In some embodiments , 
the amount of material that is desired to be emitted is 
specified in the control input , for example , rather than 
specifying an on - off input , for each material in each cell the 
control input affects the amount of material to be emitted 
using a discrete or continuous indicator . For example , the 
indicator may be a numerical value between 0.0 and 1.0 
indicating the desired fractional amount of material that is 
desired to be emitted . Therefore , the control input in such 
examples has characteristics of a binary or continuous 
multichannel image ( e.g. , analogous to a color image ) . 
[ 0026 ] In some embodiments , rather than an indicator 
directly representing the fractional amount of material that is 
desired to be emitted at each location , the indicator may 
represent a characteristic of control of the jet and only 
indirectly represents the amount of material to be emitted . In 
some examples , the jets are electrically controllable " drop 
on - demand ” jets , and each of the selectable characteristics 
have a corresponding electrical control ( e.g. , a control 
waveform ) . For example , in the case of such electrically 
excited piezo - electric jets , the characteristic of excitation 
may be a continuous quantity such as an amplitude of an 
excitation waveform , or timing of the waveform ( e.g. , rise 
time , dwell time , fall time ) , or may be a discrete quantity 
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such as the number of excitation pulses , or may be an 
enumerated quantity to select from a set of pre - specified 
excitation waveforms . 
[ 0027 ] In some examples , the locations of emissions along 
the path of a jet in the x direction is finely controllable , with 
the control input specifying the locations in the x direction 
where to emit material , not necessarily constrained to be on 
a grid on which the desired output is specified . As an 
example , the control input may be specified in an array that 
is more finely divided in the x direction than the input , 
possibly with a constraint on how frequently material may 
be emitted ( i.e. , repeated emissions at the fine scale may be 
prohibited or physically impossible . ) 
[ 0028 ] Note that in some embodiments , additional control 
inputs may be global to a layer being deposited , for example , 
representing a control value for a printhead such as a 
pressure , temperature , or parameter of a control waveform 
for the jets . Furthermore , a printer may have additional 
controllable components , such as a controllable cooling 
component as described in U.S. patent application Ser . No. 
17 / 085,376 , that has a set of controllable cooling elements 
disposed above the object being fabricated , for example , 
forming a linear cooling element ( e.g. , fans , ducts , etc. ) 
extending in the y direction or a two - dimensional cooling 
element having a grid of such cooling elements . In such a 
case , the control input may include the degree of cooling to 
be applied at different locations on the surface of the object . 
[ 0029 ] As may be appreciated , the emission of material to 
form the object has a wide variety of unpredictable aspects , 
including for example , the amount of material emitted , the 
trajectory toward the surface of the object being fabricated , 
the fluid properties ( e.g. , flow , mixing ) when the material 
reaches the surface of the object , solidifying ( e.g. , curing , 
phase change , etc. ) of the material . Furthermore , there may 
be systematic inaccuracies , for example , with a systemic 
error between a location where the printer is instructed to 
emit material , and the actual location where it is deposited . 
Therefore , as described below , the controller is designed to 
take into consideration such variability when determining a 
control input . 

a 

[ 0033 ] In some embodiments , each observation includes 
an array of material determinations . For example , in the case 
of two materials , each location may have associated with it 
a determination of which material is present in the top layer 
at that location , or may have an estimate of the fraction of 
or the probability that each material is present at that 
location . For example , techniques such as described in U.S. 
patent application Ser . No. 16 / 796,137 using material - de 
pendent emissions from the surface of the partially fabri 
cated object may be used to distinguish materials . 
[ 0034 ] In some embodiments , each observation includes 
an array of thermal measurements , for example , providing 
the temperature as a function of location , for example , as 
described in U.S. application Ser . No. 17 / 085,376 . 
[ 0035 ] The forms of observations above generally repre 
sent an estimate of geometric and / or material properties . 
Alternatively , underlying measurement from a sensor are 
provided as observations rather than such an estimate 
derived from the underlying measurements . For example , in 
the case of use of Optical Coherence Tomography ( OCT ) for 
sensing surface geometry , rather than estimating the surface 
location based on a peak in the coherence signal ( e.g. , a peak 
in the Fourier Transform of an interference signal of a 
spectrally dispersed signal ) to yield a height estimate of the 
object , samples of the interference signal or its Fourier 
transform are provided for each location of the object , 
thereby permitting the controller to incorporate the inherent 
uncertainty of the height measurement in its control policy . 
[ 0036 ] As another example , when using laser profilometry 
in which an imaging sensor ( e.g. , a camera ) detects illumi 
nation of an object by a swept laser ( e.g. , an illumination 
plane ) and thereby determines a height of an object based on 
the peak illumination , samples of intensity from the imaging 
sensor ( e.g. , at multiple pixel locations ) are included in the 
observation . 
[ 0037 ] As another example , when determining the mate 
rial that was deposited on a top layer of an object based on 
different spectral characteristics of emission ( e.g. , scattering 
or fluorescence of the material or additives in the material ) 
rather than explicitly accounting for the reflection properties 
that depend not only on the material of the top layer but also 
the material below the top layer , the observation provides the 
spectral measurements made at each location are provided 
directly , and the controller may incorporate a history of such 
measurements in its control policy . 
[ 0038 ] In some embodiments , the observations can 
include measurements of the jetting process itself , for 
example , using cameras that observe the emitted material 
droplets . For example , observed drop size , shape , or location 
at a particular time after ejection , may provide yet other 
feedback as a function of location . For example , such 
measurements may provide implicit feedback of material 
properties such as viscosity or surface tension , or ejection 
characteristics such as velocity , which the controller can 
incorporate in its policy . 
[ 0039 ] The observation may also include more global 
measurements , such as an ambient temperature of the printer 
environment , temperature of specific printheads , age or time 
since last cleaning of the printheads , and the like . 

1.2 Scanning 
[ 0030 ] A number of different sensing ( also referred to as 
" scanning ” ) approaches may be used to generate the obser 
vations of a partially fabricated object that are fed back to 
the controller . Generally , these observations provide dimen 
sional information , material information , and / or thermal 
information as a function of location . 
[ 0031 ] One form of such an observation is an array of 
height measurements of the object as a function of location 
cells or quantized locations in the xxy plane which may be 
represented as z ( x , y ) . For example , the array has cells that 
have the same dimensions and locations as the cells of the 
control input , but such a direct correspondence is not 
required ( e.g. , there may be a greater resolution or a lower 
resolution as compared to the control input ) . 
[ 0032 ] In some embodiments , the observation includes a 
characterization of the uncertainty of the measurement . For 
example , in the case of height measurements , an observation 
for a location may include both a height estimate or expected 
value ( e.g. , a mean z ( x , y ) of a probability distribution and 
an uncertainty ( e.g. , a variance or standard deviation o2 ( x , y ) ) 
for that measurement . 

1.3 Control Policy Framework 
[ 0040 ] The controller implements a policy that maps the 
inputs received by the controller to an output action that it 
provides as the control input to the printing system 130 
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introduced above with reference to FIG . 1. At least concep 
tually , after t - 1 increments ( i.e. , layers ) have been deposited 
in partial fabrication of the object and the scanner has 
provided feedback as a result of depositing that layer , the 
controller has available to it the reference m'ef specifying the 
model of the object to be fabricated , as well as the entire 
history of observations 01 , 02 , 0 , received from the 
printing system and the entire history of actions an , a2 , 
, a - 1 that have been issued to the printing system by the 
controller . 
[ 0041 ] In practice , the controller makes use of a summary 
of the available information at time t when making a 
determination of what the next action should be . The nature 
of this summary may differ from embodiment to embodi 
ment described below . In at least some examples , this 
summary is represented as a “ state ” of the system s , at time 
t ( i.e. , after issuance of the action ar - 1 to the system and its 
acting of that action as the control input for the t - 1 incre 
ment , changing the state of the system . The state forms a 
sequence so , S1 , ... So , which in at least some examples forms 
a Markov Chain , which has the property that s , completely 
summarizes the history up to time t ( i.e. , the time just prior 
to issuing the action a , for the th layer and no additional 
information from that history would yield a different ( i.e. , 
better ) selected action by the controller . In some embodi 
ments , the controller cannot make a definitive determination 
of the state of the system , for example , because of inherent 
uncertainties in the measurements provided by the system . 
In embodiments described below that explicitly account for 
such uncertainties , the controller cann determine ( i.e. , 
observe ) the state s , on which to decide the action aç . That is , 
the true state is “ hidden . ” Instead , the controller can rely on 
a “ belief ” b , of that state . This belief can encode the known 
uncertainty of the state , for example , in the form of a 
probability distribution over the set of possible hidden state 
values . 

[ 0042 ] By way of example , as used in at least some 
embodiments described below , one choice of a state s , of the 
system can be represented as the height map of the partially 
fabricated object in the form of an array of height values as 
a function of coordinates ( e.g. , cells ) in the xxy plane , as 
well as the remaining part of the reference model , denoted 
m , ref that has not yet been fabricated , for example , defined by 
“ slicing ” the reference model at the height of the partially 
fabricated object and ignoring all that is below that slice . 
That is , use of this state definition inherently assumes that 
nothing but the height of the partially fabricated object can 
affect the future fabrication of the object . 
[ 0043 ] In the discussion below , examples are described in 
terms of the height of the partially fabricated object , for 
example , based on a frame of reference corresponding to the 
model reference . Alternatively , as the partially fabricated 
object is lowered as successive increments are deposited on 
its top surface to maintain a desired separation of the jets and 
the top surface of the partially fabricated object , the height 
of the partially fabricated object and the remaining part of 
the reference model are represented in a reference frame that 
is fixed relative to the height of the jets . Therefore , the 
control policy is largely or completely insensitive to the 
actual height of the partially fabricated object and depends 
on what is left to fabricate , and characteristics of relatively 
recently added increments of the partially fabricated object . 
In some alternative embodiments , the amount to lower a 

partially fabricated object before starting a pass of deposit 
ing material is itself part of the action that is commanded for 
a layer . 
( 0044 ] In one example of a policy , the controller selects 
the action to result in depositing a planar layer of material on 
the object ( i.e. , yielding a planar top surface ) , with the 
selection of material for each cell being defined by the 
material along the slice at the bottom of the remaining part 
of the reference . That is , the control input can be in the form 
of a multichannel binary image with indicating which mate 
rial ( i.e. , corresponding to a channel ) to deposit at each 
location , for example , support material versus build mate 
rial . Such a policy can be represented as a deterministic 
function of the state a = T ( s . ) . This policy is similar to the 
approach described in U.S. Pat . No. 10,456,984 . 
[ 0045 ] As an example where the state may not be fully 
observable , as used in at least one embodiment described 
below , if the height of the partial fabrication is not neces 
sarily known with certainty , a belief b , may incorporate a 
mean ( i.e. , and estimate ) of the height at each location as 
well as a variance ( i.e. , a measure of uncertainty of the 
estimate ) . 
[ 0046 ] The general formalism used below is to view the 
change of state as a result of applying an action as a random 
function , which may have a distribution that is a function of 
the previous state as well as the action applied in that state . 
This randomness may be represented as a conditional prob 
ability distribution p ( Sr + 15 , a . ) . With this formalism , the 
controller may choose the action a , that yields the most 
desirable next state , or an expected value of some function 
of that next state ( i.e. , an averaging over possible next states 
weighting by the probabilities of arriving in that next state ) . 
For example , in the context of the state se representing the 
height of the object after t - 1 layers , and a , being the 
instruction for depositing the tth layer , the distribution p ( Sr + 
1 | S , a , ) represents the variability of the next height based on 
which material is actually deposited in response to the 
commanded action ay 
[ 0047 ] In some embodiments , the controller uses a model 
of the system , for example , a model that yields a distribution 
of the next state given the present state and the selected 
action . In one such embodiment described below in which 
the state s , represents the height of the partially fabricated 
object after having applied the first t - 1 layers , the model 
represents a distribution of the achieved height for any 
chosen action a , . For example , if a , represents which 
material to deposit at each location ( cell ) during the th layer 
for example as one array for each material with indicators of 
the locations where that material is to be deposited . The 
model takes a , as well se representing the height at each 
location prior to depositing the layer , and yields the distri 
bution of the height at each location ( e.g. , a mean and 
variance of the height ) resulting from the printing of a layer 
according to that action . 
[ 0048 ] There are at least some embodiments in which the 
action a , is selected from a set of possible actions , for 
example , according to a distribution of such action . In such 
embodiments , rather than defining the action as a determin 
istic function of the state as a = t ( s . ) , the policy defines a 
probability distribution over the actions that may be 
selected , represented as vals , ) . 
[ 0049 ] There are at least some embodiments in which the 
action ? , is selected according to a “ value ” of the next state , 
V ( Sx + 1 ) , or in the case that there is uncertainty in the next 

t 

a 

a 

a 
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state , acco ccording to an expected value of the next state , 
denoted E ( v ( Sz + 1 ) ) . The value may be a numerical quantity , 
and the algebraically greater that quantity , the more desir 
able ( i.e. , “ better ” ) that next state is . 
[ 0050 ] In at least some embodiments , taking an action af 
yields a “ reward ” r? , which may be represented as a numeri 
cal quantity that is algebraically greater if the action is 
desirable or increases the desirability or expected desirabil 
ity of the ultimate object being fabricated ( e.g. , because it 
has higher dimensional accuracy ) and is algebraically 
smaller , for example , if it is undesirable or consumes a 
resource . As an example , a reward r , may represent a tradeoff 
between incremental dimensional accuracy of the object by 
virtue of depositing a layer ( e.g. , a positive contribution to 
the goal ) and a time to completion of the fabrication ( e.g. , a 
negative contribution for thin layers that may require addi 
tional layers to complete the object , and therefore require 
additional fabrication time ) . In some embodiments , the 
reward is a function of the state ( i.e. , St + 1 determines r4 + 19 
a probability distribution of r . ) while in other embodiments , 
the reward is a function of the previous state and the action 
applied at the previous state ( i.e. , Sy and a , together deter 
mines r4 + 1 or its probability distribution ) . For example , if Sz + 1 
represents the surface height after issuing the action a , in 
state s? , although the state may in some embodiments 
represent the incremental dimensional accuracy , the action at 
may be required to represent the thickness ( or at least the 
commanded thickness ) of the layer that is deposited to 
achieve that height . In at least some embodiments , the value 
of a next state is related to the sequence of future rewards 
( e.g. , a sum into the future , or a discounted sum into the 
future ) . 

or 
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t + 1 

average squared deviation from a mid - height of the layer , 
average absolute deviation from a mid height or a top height 
of the surface , and the like . Because lower variation is 
desirable , the negative of such a characterization of variation 
is a suitable component of a reward . This component is 
denoted r?level ) ( Sz + 1 ) . 
[ 0054 ] Another factor that may be considered in selecting 
the action is the expected amount of material that will be 
deposited . For example , the final object has a fixed amount 
of material and therefore the amount of material deposited in 
a particular layer represents a factional degree of progress 
toward fabrication of the overall object . The more material 
that is deposited per layer , the fewer layers are needed , and 
therefore the fabrication time is reduced . In the case of 
binary control of jets , the expected amount of material may 
be based on the number of " on " cells for each material , 
possibly accounting for different volume per “ drop " ( i.e. , 
controlled emission at a cell location ) . This component is 
denoted r ( material , ( a , ) below . 
[ 0055 ] A weighted combination of the negative of a char 
acterization of the variability of the height of the surface and 
the ( positive ) amount of material that is deposited is used as 
a reward r4 + 1 ( i.e. , a characterization of the expected reward 
after acting on the command a . ) . 
[ 0056 ] With the state representing the height of a surface , 
note that the reward depends on both the next state ( Sz + 1 ) via 
the variation in the achieved next height as well as on the 
action via the amount of material that is deposited in the 
layer yielding that next height . 
[ 0057 ] In some examples , a model representing a change 
of state from a state s , to a state St + 1 with an action a , makes 
use of a fabrication model 250 , which in this embodiment is 
implemented using a neural network . The input to the neural 
network is an array of the measured height z ( x , y ) at 
locations after depositing the first t - 1 layers ( i.e. , 0 , 135 ) , as 
well as a candidate commanded action ak ) . 225 , which 
includes the multiple channels 226-227 of jet instructions to 
deposit material at each of the locations . For example , if 
there are two materials , for every location in the xxy plane , 
there are three values that are input : the height before 
application of the tth layer , and the commanded indicator or 
amount for each of the materials . The output of the neural 
network 250 characterizes a distribution of the resulting 
height via an expected next height at each location X ( x , y ) , as 
well as a variance of the height at that location o , ( x , y ) . For 
each of these locations , this yields a probability distribution 
of height at that location ( i.e. , a distribution of one compo 
nent of the next state ) . That is , there are two " channels ” of 
output , with the dimension of the output being the same as 
the dimension of the input ( i.e. , each cell has one set of 
channels as input , and one set of channels as output ) . 
[ 0058 ] One form of the neural network 250 for this model 
makes use of a convolutional neural network ( CNN ) using 
convolutional kernels with sizes that are commensurate with 
the physical effects that contribute to variation in height of 
a layer . For example , there are multiple ( e.g. , 5-7 ) such 
convolutional layers . For example , one physical effect is 
flow of uncured material , and the size of the kernel is at least 
as large as the distance that material may flow before it 
cures . For example , convolutional kernels in some embodi 
ments have overall dimensions corresponding to in the order 
of 1-2 millimeter ( e.g. , in the order of 15-30 input “ pixels ” ) . ? 
[ 0059 ] An example of a particular form of the neural 
network 250 processes z , and a , ( k ) in separate convolutional ) 

2. Dimensional Model Based Control 

[ 0051 ] A number of embodiments can be used in a situ 
ation in which observations from the printing system rep 
resent surface height of the partially fabricated object , but do 
not necessarily provide information about what material is 
present at different locations and / or locations of material 
transitions . 
[ 0052 ] Referring to FIG . 2 , a first such embodiment makes 
use of an observation 04 135 that represents an accurate 
measurement of the height of the partially fabricated object , 
denoted z ( x , t ) 235 , which acts as the state St. The control 
policy in this embodiment is based on a recognition that it 
is desirable to have as level a top surface of the object as 
possible after each layer is deposited , in particular with the 
top surface being as planar as possible and as parallel as 
possible to the xxy motion plane of the printing system . One 
reason that such a level surface is desirable is that it permits 
positioning the printheads very close to the object ( e.g. , by 
raising the build plate vertically toward the printheads ) , 
which may have desirable properties such as higher posi 
tional accuracy of the depositing of material , or increased 
consistency of material properties due to the short time that 
the material is “ in flight ” before it reaches the object during 
which the material may change properties ( e.g. , if the 
material is a curable polymer and an initiator to the curing 
is added in the printhead before jetting ) . 
[ 0053 ] The absolute range of height over the surface 
provides one characterization of how level the top surface is , 
for example , the difference between the maximum height 
and the minimum height over the surface . Another charac 
terization of how level the surface is the square root of an 

a 
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( k ) ( k ) ? , s ... , at + t - 1 can iteratively apply to the model to yield 
successive height distributions and corresponding rewards , 
and from that an accumulation ( e.g. , sum , discounted sum ) 
of the rewards . Then next command a , is then selected as the 
first command from the t step look ahead . 
[ 0064 ] The approach illustrated in FIG . 2 uses a param 
eterized model 250 , for example , with the parameters 
including the weights of convolutional kernels of the neural 
network . One way to determine values of these parameters 
is " offline " prior to fabricating an object using a training 
corpus that has corresponding inputs ( i.e. , Z , and a , ) and 
resulting heights ( i.e. , Zz + 1 ) . In addition , “ online ” training 
can be used based on data collected during the fabrication of 
the object , for example , adapting a previously trained model 
to more closely match the fabrication conditions for the 
particular object being fabricated . 

3. Control Policy 

a 

sections , and the outputs of those convolutional sections are 
then combined ( e.g. , added , stacked ) as an input to a third 
convolutional section that yields the output of the neural 
network 250 . 
[ 0060 ] The neural network 250 yields a distribution over 
the heights that are next achieved . For each such achieved 
height , the component of the reward related to the height 
variation ( introduced as r ( level ) ( Sz + 1 ) above ) can be evaluated . 
One approach to computing the expected value of this 
component of the reward is to sample from the distributions 
of height according to the mean and variance at each 
location , for example , using a pseudo - random number gen 
erator , and for each sample , evaluating the reward . Another 
approach is to use an analytical approach , for example , 
assuming that the distribution of height at each location 
follows a Normal ( Gaussian ) distribution and evaluating the 
level - based reward analytically or using cumulative normal 
distribution tables or approximations . 
[ 0061 ] In the embodiment shown in FIG . 2 , the controller 
120 implements a policy that chooses the best action a that 
yields the best ( i.e. , algebraically largest ) expected reward 
Pt + 1 based on an iterative search over the possible actions and 
for each action , considers the resulting distribution of next 
heights . In this search , a search module 270 selects the 
material that is applied at each location based on the slice of 
the model m'ef based on the measured height represented by 
Se · The search module iterates ( e.g. , indexed by k ) over 
possible inclusion or exclusion of particular cells in the layer 
in the case that there is only “ on - off ” control of jets yielding 
the possible control a , ( k ) . A variety of types of searches may 
be used , including a greedy search in which only improve 
ments in the expected reward are retained , as well as 
searches that attempt to more reliably yield more globally 
optimal results ( e.g. , by not being trapped in local optima ) . 
In some implementations , the search is informed by a 
gradient in the reward , which may be computed using the 
neural network model . Ultimately , for example , based on 
convergence of the expected reward or some other stopping 
criterion , the search component 270 emits the selected 
action a , to instruct the system to deposit the next increment 
of material . 
[ 0062 ] There are a number of variants of the embodiment 
illustrated in FIG . 2 , for example , differing in the inputs to 
the model 250. In one variant , the state includes both the 
height after depositing of t - 1 layers , as well as an indicator 
of the material at each location . In these embodiments in 
which the material is not observed by the scanning , the 
material that was instructed to be deposited at each location 
in the most recent printing pass is essentially used as a proxy . 
With this definition of state , the model takes as input 
additional channels a : -1 to yield the mean and variance of the 
next height after depositing the layer according to ac . One 
reason to include this additional information in the state is 
that certain combinations of materials interact in different 
ways ( e.g. , according to whether they are hydrophobic or 
hydrophilic ) , and this interaction can affect the flowing and 
mixing before curing . In variants in which there is control of 
the amount of material that is emitted , for example , by 
control of an excitation waveform for each jet , the search 
may be over the discrete set or range of parameters for such 
controls . 
[ 0063 ] In another variant , the search can look ahead more 
than a single increment . For example , multiple applications 
of the model can take a possible sequence of t future actions , 

[ 0065 ] As may be recognized , the iterative search proce 
dure illustrated in FIG . 2 may be somewhat computationally 
expensive . Referring to FIG . 3 , an alternative is to determine 
a policy 350 that takes as input the measured heights z , 235 
as well as the materials m , 215 to be deposited at that height 
based on the slicing of the reference model m'ef 110 and to 
deterministically select the next action a , 355. Such a deter 
ministic policy may be denoted a = T ( s . ) , where the state se 
includes both the measured height Z , and the materials m , to 
deposit at that height in the model . 
[ 0066 ] One way of determining the values of parameters 
characterizing the policy 350 is to use the results of applying 
the search procedure illustrated in FIG . 2. That is , the policy 
is designed to approximate the iterative search . As such , the 
policy depends on an estimate fabrication model 250. There 
fore , the policy effectively attempts to provide as high a 
reward as possible ( or accumulated reward in the case of 
using a multi - step lookahead ) without the need to perform a 
search . 

[ 0067 ] In a variant of the policy - based approach illustrated 
in FIG . 3 , a “ non - deterministic ” policy may be used . In such 
a variant , the policy defines a conditional probability distri 
bution ( als ) , and the actual action with which the system 
is commanded is selected from that distribution . For 
example , the policy may be implemented as a convolutional 
neural network similar to the neural network 350 of FIG . 3 
with an additional random input , for example , an additional 
input “ channel " W , with an array of independently chosen 
pseudo - random values ( e.g. , as a = r ( s , 0 , ) ) . Alternatively , a 
neural network can take s , and a , as input , and produce a 
scalar value as output representing the probability ( a , ls . ) . 
One way of training such neural networks representing 
non - deterministic policies is to match values of actually 
achieved rewards in a training corpus . 

t 

4 Reinforcement Learning 
[ 0068 ] A number of policy - based embodiments make use 
of parameterized deterministic or non - deterministic policies , 
for example , as shown in FIG . 3 , with values of the 
parameters being determined using one of a variety of 
techniques within a class of techniques generally referred to 
as “ Reinforcement Learning , " for example as described in 
the textbook Reinforcement Learning by Sutton and Barto 
( MIT Press , 2020 Second Edition ) . 
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[ 0069 ] One such approach , in the context of the dimen 
sion - based control described above , uses a parameterized 
“ value ” function V ( st ) , which represents an estimate of the 
future rewards that may be accumulated starting at state st 
and selecting actions an , az + 19 based on a policy 
implemented by the controller . That is , the value function 
depends on the policy . In the context of s , representing the 
surface geometry z ( x , y ) as well as the remaining model of 
the object being fabricated , the value function represents the 
accumulation ( e.g. , summation or discounted summation ) of 
the rewards that may be achieved . For example , this accu 
mulation provides a tradeoff of the number of increments 
that need to be added and the “ flatness ” of the increments . 
[ 0070 ] One policy that makes use of such a value estimate 
is to search for the action a , that yields the best ( e.g. , 
algebraically greatest ) value of V ( St + 1 ) . That is , in FIG . 2 , the 
reward determination component 260 is replaced with a 
value determination component that outputs V ( st + 1 ) or the 
expectation of that value , rather than the next reward 
its reward . In this way , an explicit multi - step lookahead is 
not required because the effect of the future rewards is 
incorporated into the value function . 
[ 0071 ] The values of the parameters of the value function 
in some embodiments are determined , at least in part , based 
on the fabrication model . That is , a simulation of fabrication 
using the model , and the resulting rewards , is used to 
determine a value function that is consistent with that 
simulation . One particular way of updating the value func 
tion is to use an approach referred to as “ temporal different 
learning . ” The basis of such learning is the observation that 
the difference between the value functions V ( s ) and V ( Si + 1 ) 
should reflect the actual reward r4 + 1 resulting from the policy 
that determines the action a , based on the state S / . That is , in 
the case of discounting the future rewards by a factory y per 
time step , updating of the values of the parameters of the 
value function strives to drive differences ( r7 + 1 + yV ( St + 1 ) ) 
V ( s . ) to zero , for example , using a gradient updating pro 
cedure . 
[ 0072 ] There are a number of reinforcement learning ( RL ) 
procedures that update values of parameters of a fabrication 
model , a policy , a value function , and / or various related 
functions ( e.g. , " Q " functions ) , based on a prior training 
corpus as well as observations that are collected online 
during fabrication . In one such approach , parameters of a 
fabrication model are estimated or updated during fabrica 
tion , thereby matching the particular conditions relevant to 
the fabrication of a particular object . This model is then used 
to update a policy ( or related value function ) , for example , 
by simulation of fabrication scenarios using a Monte - Carlo 
simulation approach . Such updates may be used in conjunc 
tion with updates based on actual observations , either in the 
current object fabrication , or in a corpus from prior obser 
vations . 

material as a function of surface location , the reward can 
represent an incremental quality of the object achieved by 
each added increment . 
[ 0074 ] As one example , overall quality of the object may 
be represented to be highest if the outer surface of the 
desired object ( e.g. , the boundary between support material 
and build material ) matches the target shape of that surface 
in the reference model . One way to define a reward that 
incorporates such quality introducing a component of the 
reward that when accumulated over increments provides an 
average or sum ( e.g. , integral ) of deviation of the location of 
the transitions ( e.g. , the outer surface of the desired object 
formed inside the support material ) as compared to the 
reference model . As another example , a smoothness of the 
outer surface may be used as an alternative or additional 
term in the reward such that rapid changes in the transition 
location between materials from increment to increment are 
penalized because they correspond to a rough surface . 
[ 0075 ] Other material - related terms may be added to the 
reward function , for example , related to internal material 
transitions or fractional compositions within the desired 
object , for example , between different build materials . 
[ 0076 ] Note that when using the surface accuracy or 
smoothness of the ultimately fabricated desired object , it 
may not be necessary to include a term in the reward 
corresponding to the planar nature of the top surface of the 
object . For example , exploration of fabrication policies may 
include intentionally depositing non - planar increments may 
yield a policy that intentionally yields such non - planar 
increments . For example , exploration of fabrication policies 
may include depositing non - uniform material layers ( e.g. , 
depositing a thicker layer in a bulk of an object as compared 
to depositing thin layers near fine features ) and depositing 
one material in advance of another material near material 
transitions ( e.g. , depositing support material that hardens in 
advance of depositing build material that flows to the 
support material in a subsequent layer ) . Using the reinforce 
ment learning formulation and a well - estimated fabrication 
model , a wide variety of fabrication policies may be 
explored in simulation , thereby discovering fabrication poli 
cies that may not have been anticipated by human design and 
that may be particularly tailored for materials and combi 
nations of materials used in fabrication of an object . 

2 

t + 1 

6 Alternative Techniques 
[ 0077 ] A wide range of Reinforcement Learning ( RL ) 
approaches may be used in conjunction with the techniques 
described above , including model - based ( also referred to as 
“ model learning ” ) and model - free ( also referred to as 
" direct ” ) techniques . Also , a combination of updating a 
model of the printing process as well as updating a policy for 
controlling the printing process in what may be referred to 
a “ Dyna ” architecture may be used . Such an approach may 
be robust to changes in the printing process , for example , 
because of variations in the printing materials , and physical 
changes that might affect calibration . Such approaches may 
improve with experience , and in the case of techniques with 
models of the printing process , may improve with simulated 
experience which examine a wide range of policies for 
controlling the printer . 
[ 0078 ] Note that rather than using processed versions of 
scan data in which height and / or material is explicitly 
represented , raw measurements , such as images from a laser 
profilometer or interference signals from a optical coherence 

5 Feedback Information 

[ 0073 ] Approaches described above focus on feedback of 
geometric properties such as surface height and use of 
smoothness of the surface as a being related to quality of the 
desired object that is fabricated , in at least some embodi 
ments the quality of the object may be more directly 
determined from the observations . For example , when the 
observations provide material information in the form of a 
fractional composition or probability or presence of each 

a 
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tomography based scanner are provided as input and color 
and intensity data from scanning of materials ( e.g. , which 
may have different additives to yield different colors during 
scanning ) , for example , as input to a policy . In such 
approaches , uncertainty in height estimates is essentially 
incorporated in the internals of the policy evaluation com 
ponent . Similarly , aggregation of multiple scans ( e.g. , from 
successive layers ) is the effectively incorporated into the 
policy evaluation . 

7 Implementations 

of candidate printer commands , and selecting the printer 
commands for the first incremental portion from the candi 
date printer commands . 

7. The method of claim 6 , wherein the determining of the 
printer commands comprises simulating fabrication of 
sequences of multiple incremental portion of the 3D object 
according to a plurality of candidate sequences of printer 
commands , and selecting the printer commands for the first 
incremental portion from one of the candidate printer com 
mands . 

8. The method of claim 6 , wherein the determining of the 
printer commands comprises determining a corresponding 
reward value resulting from each simulating fabrication of 
an incremental portion of the 3D object according to a 
plurality of candidate printer commands , and selecting the 
printer commands for the first incremental portion according 
to the determined rewards . 

9. The method of claim 6 , wherein the simulating of the 
fabricating of the incremental portion according to candidate 
printer commands comprises processing the candidate 
printer commands using an artificial neural network . 

10. The method of claim 9 , wherein the candidate printer 
commands comprise an array of jet commands for printing 
locations on the 3D object . 

11. The method of claim 9 , wherein the processing of the 
candidate printer commands comprises processing the 
printer commands in combination with data determined 
from the sensor data . 

12. The method of claim 11 , wherein the data determined 
from the sensor data comprises surface geometry data . 

13. The method of claim 9 , wherein an output of the 
artificial neural network represents a surface geometry 
resulting from the simulated fabrication of the first portion . 

14. The method of claim 1 , wherein the determining of the 
printer commands for causing the printer to fabricate a first 
incremental portion comprises processing data that depends 
on the sensor data and data that depends on the object 
specification using a policy to yield the printer commands 
for the first incremental portion of the 3D object . 

15. The method of claim 14 , wherein the policy comprises 
a second artificial neural network . 

16. The method of claim 15 , further comprising updating 
the second artificial neural network comprises updating said 
network using at least one of data determined from sensor 
data received characterizing the object after fabrication of 
the first incremental portion and data determined from the 
simulation of the printing process . 

17. The method of claim 14 , further comprising using a 
Reinforcement Learning procedure to update at least one of 
the simulation of the printing process and the policy for 
yielding printing commands . 

18. A method for fabricating a 3D object having an object 
specification via a printer , the method comprising : 

maintaining configuration data for a policy for processing 
an input depending on sensor data characterizing a 
partial fabrication of the object and input depending on 
the object specification to yield printer commands ; 

receiving sensor data characterizing a first partial fabri 
cation of the 3D object ; 

determining printer commands for causing the printer to 
fabricate a first incremental portion of the 3D object on 
the first partial fabrication of the 3D object , the deter 
mining using the policy with inputs comprising an 
input depending on sensor data characterizing the first 

[ 0079 ] Implementations of the controller may use a hard 
ware processor that executes instructions , which are stored 
on a non - transitory machine - readable medium . For example , 
the processor may be a general - purpose processor , or a 
special - purpose processor for instance a graphics processing 
unit ( GPU ) . Some implementations may use circuitry such 
as application - specific integrated circuits ( e.g. , ASICs ) and / 
or field programmed circuitry ( e.g. , FPGAs ) in addition or 
instead of hardware processors . 
[ 0080 ] A number of embodiments of the invention have 
been described . Nevertheless , it is to be understood that the 
foregoing description is intended to illustrate and not to limit 
the scope of the invention , which is defined by the scope of 
the following claims . Accordingly , other embodiments are 
also within the scope of the following claims . For example , 
various modifications may be made without departing from 
the scope of the invention . Additionally , some of the steps 
described above may be order independent , and thus can be 
performed in an order different from that described . 

What is claimed is : 
1. A method for fabricating a 3D object having an object 

specification via a printer , the method comprising : 
receiving sensor data characterizing a first partial fabri 

cation of the 3D object ; 
determining printer commands for causing the printer to 

fabricate a first incremental portion of the 3D object on 
the first partial fabrication of the 3D object , the deter 
mining depending on a simulation of a printing process , 
the sensor data , and the object specification ; and 

causing the printer to fabricate the first incremental por 
tion of the 3D object of the first partial fabrication 
according to the printing process using the printer 
commands to yield a second partial fabrication . 

2. The method of claim 1 , wherein the printer commands 
represent instructions for depositing at least one of a mate 
rial and an amount of a material at each location of a 
plurality of locations on a surface of the first partial fabri 
cation of the 3D object . 

3. The method of claim 1 , wherein the simulated printing 
process comprises an artificial neural network . 

4. The method of claim 3 , wherein the artificial neural 
network comprises a convolutional neural network repre 
senting a physical phenomenon of the printing process . 

5. The method of claim 3 , further comprising , after the 
printer fabricates the first incremental portion , and after 
receiving sensor data characterizing the second partial fab 
rication of the 3D object , updating the artificial neural 
network based on said sensor data . 

6. The method of claim 1 , wherein the determining of the 
printer commands comprises simulating fabrication of an 
incremental portion of the 3D object according to a plurality 

a 
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partial fabrication of the object and an input depending 
on the object specification ; and 

causing the printer to fabricate the first incremental por 
tion of the 3D object of the first partial fabrication 
according to the printing process using the printer 
commands to yield a second partial fabrication ; 

wherein the maintaining of the configuration data includes 
updating the configuration data for the policy based on 
at least one of a simulation of the printing process and 
sensor data characterizing the second partial fabrication 
of the object . 

19. The method of claim 18 , wherein updating the con 
figuration data for the policy comprises using a Reinforce 
ment Learning procedure . 

20. The method of claim 18 wherein at least one of the 
policy and the simulation of the printing process are imple 
mented using an artificial neural network . 


