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A P P L I E D  S C I E N C E S  A N D  E N G I N E E R I N G

Design of nondeterministic architected structures via 
bioinspired distributed agents
Jiakun Liu†, Xiaoheng Zhu†, Walker Gosrich, Mark Yim, Jordan R. Raney*

Nature manufactures structures via decentralized processes involving groups of agents. This is fundamentally dif-
ferent from traditional manufacturing, where objects are produced via sequences of predefined steps. In this 
work, we explore the idea of using simulated “swarms” of simple agents to generate new designs for architected 
materials in a decentralized, bioinspired manner. Individual agents choose their own actions based solely on in-
formation in their immediate environment, with no centralized control. The structures that these processes pro-
duce are the result of the collective action of the individual agents, rather than a predetermined design. We build 
an integrated platform for determining “rule-structure-property” relationships, analogous to process-structure-
property relationships in materials science. The platform simulates agent behaviors to show how different rules 
and different environments result in different structures. We then three-dimensional print these and perform fi-
nite element analysis to experimentally and numerically characterize mechanical properties, including tensile 
strength and energy dissipation.

INTRODUCTION
Materials in nature often exhibit a notable degree of spatial variation 
and/or stochasticity in structural hierarchy across different length 
scales. These qualitative differences result from the different manu-
facturing processes used in the two cases: Synthetic structures are 
typically designed and built using deterministic processes, in which 
a target set of geometric and compositional features are precisely 
defined and, subsequently, translated into a serial list of manufac-
turing instructions [e.g., for machining or three-dimensional (3D) 
printing]. In contrast, natural materials are generated by decentral-
ized, distributed processes involving many simple agents. For example, 
honeycombs are generated via the collective action of many bees, 
each of which performs actions based on its local environment rath-
er than on a high-level, deterministic plan (1, 2). Termite nests are 
also constructed via distributed action, with spontaneous organiza-
tion via stigmergic communication (3). Taking inspiration from termite 
mounds, swarms of robots have also been used to build structures 
with simple rules running on each robot (4). Likewise, the collective 
action of many cells produces tissues in the body. This is typical of 
biological manufacturing processes: They build nuanced, multiscale 
structures via the collective behavior of many simple, distributed 
agents (bees, cells, etc.) that manipulate their environment based on 
local cues. The agents individually make use of local information 
(e.g., gradients in chemistry and moisture) rather than a global, de-
terministic plan.

Advanced manufacturing techniques (including 3D printing) fol-
low the deterministic workflow of traditional manufacturing: All 
structural and compositional features must be determined in ad-
vance; an ordered list of precise steps must be followed; and, often, 
the material feedstock must be pure and homogeneous. While these 
techniques can enable extreme precision, the processes are brittle: 
Material defects, interfacial incompatibilities, and process deviations 
may cause immediate failure or unexpected premature failure when 
the structure is mechanically loaded. Moreover, these processes are 

often only able to manipulate structural features at one length scale. 
In contrast, it is recognized that nature is able to optimize for multi-
ple seemingly contradictory properties simultaneously [e.g., strength 
and toughness; (5)] precisely because of the control of specific mate-
rial hierarchies at multiple length scales (6–8).

In recent years, researchers have begun to consider the use of 
swarms of robots to cooperatively build structures [e.g., (9, 10)]. 
These robotic agents can realize decentralized robot behavioral 
adaption (10–12).

In parallel, advances in microrobotics have enabled construction 
of a large number of microrobotics with increasing hardware capa-
bilities (13–15). Robots or groups of robots have demonstrated ma-
terial deposition in a variety of past work including robots depositing 
expanding structural foam (16, 17) and depositing concrete (18, 19). 
In each of these cases, the robots are either teams of robots or indi-
vidual units that could easily be a component of a swarm. Based on 
these and other advances, a future can be envisioned in which mi-
crorobotic swarms could enable new bioinspired, nondeterministic 
manufacturing approaches, with many simple agents collectively 
building structures via simple decisions in response to their local 
environment, with the potential advantage of generating bioin-
spired, hierarchical structures, and/or structures that are fine-tuned 
to their local environment.

One challenge with these approaches, however, is that such de-
centralized, distributed assembly results in stochastic features. There 
have been numerous previous studies on understanding how differ-
ent periodic structural features lead to different mechanical proper-
ties (i.e., structure-property relationships), including those based on 
struts (20–23), plates (24, 25), and shells (26, 27).

However, periodic lattices may not be optimal in heterogeneous 
environments (e.g., when a part must be designed to interface with 
other irregular parts or when the environment itself is irregular). Re-
cently, there has been a growing interest in understanding the effect 
of stochasticity in the design of such structures and their structure-
property relationships (28–31), as stochasticity can be beneficial for 
certain properties, such as resistance to mechanical failure. For ex-
ample, many researchers have analyzed mechanical and/or failure 
behavior of nonperiodic, disordered, or imperfect lattice structures 
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by introducing structural variations/stochasticity into perfect lattices 
(32–35). Recent work has shown how structures can be designed via 
a stochastic growth process in which each constitutive cell (building 
block) of the structure can be assigned a random choice from a pre-
defined set of patterns (with restrictions associated with structural 
integrity) (29, 31). As another example, researchers have demon-
strated the use of a data-driven framework with a large number of 
compositional microstructures with various morphological descrip-
tors to study the structure-property relationships of disordered net-
works (30).

Here, we generate nondeterministic architected materials via 
simulations of swarms of simple, distributed bioinspired agents. We 
start by considering simple rules that agents might obey and the 
structures that would result from these distributed rules (analogous 
to process-structure relationships in materials science). Then, we 
quantify the mechanical properties (e.g., strength and energy dissi-
pation) of the structures generated by these rules (analogous to 
structure-property relationships in materials science). We subse-
quently consider how different assumptions about the capabilities of 
the agents, such as additional sensing modalities, would enable ad-
ditional behaviors (and, hence, different structures and properties). 
Our approach is conceptually different from existing approaches, 
with the nondeterministic structural features intrinsically generated 
via the collective action of a large number of simple, decentralized 
agents (which are only aware of their immediate environment), rath-
er than assuming a limited set of preexisting structural motifs and/
or using algorithms to perturb or introduce disorder/randomness in 
topology (29, 30, 35).

RESULTS
Rule-structure-property relationships of distributed agents
Rules for distributed agents
Here, we develop a 2D framework for simulating how swarms of 
agents subjected to different local rules, parameters, and hardware 
assumptions would generate different types of structures. We as-
sume the agents are capable of a few simple, elemental behaviors 
(basic functions):

1. Motion: Agents are able to move but may be subjected to move-
ment limitations.

2. Material deposition: Each agent is capable of depositing mate-
rial as it moves but may be limited by the amount of material it can 
deposit.

3. Sensing the environment: Agents are assumed to be able to 
sense their local environment, specifically whether there is already 
material in their local environment. The size of this sensing area and 
the type of signals that the agents can sense can be parameterized. 
The area that an agent can sense from a given position is referred to 
as the agent’s “view.”

In this work, we focus solely on rules that generate lattice struc-
tures, i.e., nodes connected by straight edges. Of course, rules can be 
as complex as desired. However, the more complicated the rule, the 
more complex the hypothetical agents would need to be to imple-
ment it (e.g., processing power and available sensing modalities). 
Even simple rules can generate a large variety of nondeterministic 
structures via different parameter combinations.

For example, agents could move solely via “random walk” while 
extruding material and one would find that a wide variety of nonde-
terministic structures could be generated, depending on the specific 

parameters that are chosen. Figure S1 (A and B) shows that a simple 
change in the amount of material that the agents are allowed to pro-
duce (using a random walk movement strategy and fixing all other 
parameters) can lead to qualitatively different structural features, 
with the generated structures varying from sparse, chain-like archi-
tectures to dense, foam-like architectures. As another example, fig. 
S1 (C and D) shows structures generated with the same parameters 
as in fig. S1A, but with the agents only allowed to enter the area from the 
bottom border. The resultant structures exhibit noticeable direction-
dependent topological features. The rest of the study will specifically 
focus on rule-structure-property relationships related to architected 
lattices (i.e., nodes connected by edges).
n-Furcation
Using the basic functions introduced above as a foundation, we im-
plemented an “n-Furcation” rule (i.e., a generalization of bifurcation 
and trifurcation). It has the advantage of remaining relatively simple 
(i.e., containing only three basic function), yet is capable of generat-
ing notable structural variations. This rule is inspired by collective 
construction procedures in nature (e.g., bees constructing honey-
combs) (2, 3) and also by recursive biostructure formation processes 
[e.g., development of vascular networks or trabecular bones; (36)].

The n-Furcation rule is implemented as follows (Fig. 1):
1) We first define a construction space (size limit of the lattice) to 

be 40 mm by 40 mm. In each simulation, one agent first enters the 
construction area and randomly deposits an initial strut. Once the 
first strut has been deposited, the first agent leaves the construction 
space. Then, the remaining agents enter into the construction space.

2) As a new agent moves into the construction space, it starts to 
search for existing struts. If an agent senses an existing strut, then it 
turns and moves toward it. Once it reaches the strut, it turns to move 
along the strut, choosing the direction randomly. If the agent has 
not spotted any strut and has reached the boundary of the construc-
tion space allowed by the simulation, it leaves the construction space 
(i.e., it no longer participates in the simulation).

3) Once an agent reaches the end of a strut, it rotates by the turn-
ing angle ±θi and moves along the next strut, if there is one, or starts 
to deposit a new strut for a targeted distance Li if no strut is detected.

4) During deposition of a new strut, an agent continues to moni-
tor the local environment. The agent will stop depositing the current 
strut once a strut length of Li has been achieved or the strut being 
deposited makes contact with an existing strut before reaching a 
length Li. Once an agent has stopped its material deposition (wheth-
er completed as originally planned or terminated), it leaves the con-
struction space along its current direction.

5) The amount of deposited material (quantified as the total 
length of all struts) is tracked in each numerical step. Structure gen-
eration terminates when the total length of the struts remains un-
changed for a prolonged duration of 104 consecutive steps. For 
comparison, an agent typically remains in the deposition space for 
fewer than 200 steps.

6) In the later stage of the construction process, the agents tend 
to traverse existing struts instead of reaching empty or incomplete 
regions in the inner domain. To improve the overall deposition ef-
ficiency, we added a parameter representing the probability (typi-
cally, 50%) that an agent would skip a strut. This creates a better 
spatial distribution of agents later in the process.

In this work, our goal is to use the simplest possible rules to gen-
erate versatile lattice structures with tunable stochasticity and tun-
able properties. From past work on cellular mechanics, it is known 
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that the strut length L and lattice angle θi are two essential parame-
ters for defining the structure and properties of lattices (37, 38). The 
turning angle, θi, is determined by the number of possible branches 
an agent can follow when it reaches the end of a strut (i.e., reaches a 
node). For example, hexagonal structures are defined by a coordina-
tion number of three (i.e., three struts meet at each node). Hence, to 
ensure hexagonal symmetry, an agent that is moving along a strut 
could branch in one of the two different directions when it reaches a 
node. This corresponds to an n-Furcation branching parameter of 
n = 2 (denoted as “bifurcation”). This is shown schematically in 
Fig. 1A.

We also allow probabilities to be assigned to the agents’ behav-
iors, resulting in statistical variation (Fig. 1B). These variations can 
be used to account for intrinsic errors/uncertainty in hardware. For 
example, the real turning angle θi is decided by the targeted turning 
angle θ∗

i
 and hardware intrinsic error δθ.

The probability density function (PDF) of the real turning angle, 
θi, can be expressed as

Similar to the turning angle, the material deposition length Li is 
assumed to follow a normal distribution with a mean value of L∗ 
(the targeted deposition length) and deviation of σl. The PDF and 
cumulative distribution function (CDF) of the actual deposition 
length, Li, can be expressed as

PDF of θi: f
(
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)

=
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1
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Fig. 1. n-Furcation rule for agent behavior. (A) Schematic showing agents and associated material deposition. (B) Definition of n-Furcation for the special cases of n = 2 
(bifurcation) and n = 3 (trifurcation). The plots show the cumulative distribution function of Li and θi given different deviation values, with L∗ = 2 and θ∗

i
= 60◦, respec-

tively. (C and D) Two snapshots of the simulated agents and associated deposited materials while the agents are implementing a bifurcation rule (i.e., n = 2) with param-
eters (L∗ = 5 mm, δθ = 5◦, and σl = 0.05), showing early and late stages (with time labeled at bottom right) of the simulation, respectively. The legend at the bottom 
describes the status of the agents, where the color of an agent’s view specifies the type of its active task, and a gray circle (replacing its view) indicates the agent is leaving 
the construction space, i.e., not actively viewing its surroundings.
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Characterization of rule-structure relationships
Following the above definitions, we simulated the bifurcation 
(n = 2) rule for a wide range of parameters to understand their ef-
fects on the generated structures. The essential parameters for the 
simulations are listed in Table 1. The parameters that are varied in 
the parametric study are marked in bold. The ranges over which the 
parameters are varied are shown in brackets. Figure 1 (C and D) 
shows two snapshots from the same simulation, at earlier and later 
time steps, respectively. The parameters used in this particular sim-
ulation were L∗ = 5 mm, δθ = 5◦, and σl = 0.05. An animation 
showing the behavior of the agents, including their motion and their 
collective generation of a structure via material deposition, is shown 
in movie S1. To ensure the correctness of our simulations, we first 
simulated bifurcation with targeted turning angles of θ∗

i=1,2
= ± 60◦ 

with no stochasticity (i.e., σl and δθ are both zero). As shown in Fig. 2A, 
in this case, the agents generate a regular, periodic hexagonal pattern 
without any statistical deviations or defects. The other plots in Fig. 2, 
i.e., panels B, C, and D, show structures generated with stochasticity in 
deposition length (Li), turning angle (θi), or both of these, respectively. 
Note that the variation in strut lengths in Fig. 2C is not the result of 
planned variation in deposition lengths. Rather, it is a necessity that 
arises from variations of the turning angles of the agents.

Although we focused on hexagonal lattices (θ∗
i=1,2

= ± 60◦), other 
lattices can be generated with this simulation platform (e.g., square 
lattices can be generated using θ∗

i=1,2
= ± 45◦, as shown in fig. S3).

Characterization of structure-property relationships
The mechanical properties of regular structures, including periodic 
hexagonal lattices like that shown in Fig. 2A), have been studied ex-
tensively (38). Stochastic structural features are of increasing inter-
est to researchers, as they can be beneficial in certain circumstances, 
e.g., enhancing failure resistance. Here, we numerically and experi-
mentally characterize the structure-property relationships of the 
lattices previously generated by the bifurcation rule. The general ap-
proach is to translate the lattices generated in the “Characterization 
of rule-structure relationships” section into models that can be stud-
ied both numerically and experimentally.

To do this, we integrated the numerical swarm robotic simula-
tion framework with in-house Abaqus preprocessing scripts. By 
translating the structures into Abaqus, we were able to conduct sim-
ulations to numerically evaluate the mechanical properties of the 
structures generated by the swarms. The structures generated in 
Abaqus can also be stored as CAD files for 3D printing, enabling 
experimental validation of the same structures being numerically 
characterized. Such an integrated rule-structure-property platform 
enables rapid design, numerical prediction, and prototyping with 
experimental validation. We focus on cellular lattice structures with 
relative densities ranging from 0.1 to 0.3. We are particularly inter-
ested in finding structures that simultaneously maximize (i) uniaxi-
al tensile strength and (ii) the amount of energy dissipated by the 
structure when loaded to ultimate failure. It should be noted that 
instead of calling this second property “toughness,” a material prop-
erty, we instead refer to it as structural energy dissipation. In this 
study, the energy dissipation of a lattice specimen is defined as the 
area under its load-displacement curve obtained via uniaxial ten-
sile loading

CDF: F
�
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�
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Table 1. Parameters for simulations. 

Definition Parameter Value/range

 Modeling space Span of construction area in the 
horizontal x axis 

Ω
x

40 mm

Span of construction area in the 
vertical y axis

Ω
y

40 mm

 2- Furcation (bifurcation) Targeted value (mean) of turning 
angles

θ∗
i=1,2

±60◦

Error between actual and targeted 
turning angle

δθ [0, 5]◦

Targeted value (mean) of deposi-
tion length

L
∗ [1, 6] mm

Standard deviation of deposition 
lengths

σ
l

[0,0.3] mm

 Agent motion Default moving speed per numerical 
time unit

V
a 0.05 mm/step

Speed when depositing material 
(slow)

V
a

l
0.005 mm/step

Speed when leaving the construction 
area (fast)

V
a

u
0.1 mm/step

 Agent size and view Body dimension (edge length) D
agt

body
0.5 mm 

View distance when in active tasks 
(not leaving area)

D
agt

view
1.5 mm

View angle (between two edges of its 
view wedge)

θ
agt

view
30◦
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To achieve accurate numerical predictions of structural properties 
and failure behaviors, we developed a user-defined material subrou-
tine (UMAT) on the basis of a series of tensile tests of 3D printed 
specimens, including conventional load-to-failure tests and cyclic 
loading tests. More details on the characterization of material proper-
ties and constitutive equations are provided in the Supplementary 
Materials. Next, we validated the UMAT by 3D printing lattice struc-
tures that were designed via swarm simulations and experimentally 
testing these to failure, comparing the mechanical response to the fi-
nite element analysis (FEA) results. The overall loading curve, ulti-
mate tensile load, and progressive damage were in close agreement. 
As an example, Fig. 3 shows a comparison between numerical and 
experimental results for three structures. Figure 3A shows the crack 
path predicted numerically (left) and measured experimentally (right) 
for the three structures. Figure 3B shows a comparison of the experi-
mental and numerical tensile load-displacement relationships, from 
which the maximum load and total energy dissipation can be extracted 
(Fig. 3C), showing reasonable agreement. Additional experimental 
data, characterization of material constitutive laws, and details about 
the integrated numerical platform are provided in the Supplementary 
Materials. We also include the FEA/experimental (EXP) comparison 
of 10 more samples in fig. S4.

After validating the numerical model, we numerically studied 
the structure-property relationships of a large number of structures 
with various values of L∗, σl, and δθ (i.e., the parameters listed in 
bold in Table 1). The results are summarized in Fig. 3D, where data 
points are categorized into four groups on the basis of assigned vari-
ations in δθ and/or σl (demonstrated by the four examples shown in 
Fig. 2). We observe that structures with high stochasticity (i.e., those 
generated with higher statistical variation in key parameters) typi-
cally exhibit a larger percentage of energy dissipation after the yield 
strain is exceeded compared to the regular lattice. This improvement 
results from the larger ultimate tensile displacement (see Fig. 3D, i 
and ii, and fig. S5). Representative loading curves of lattices with 
low/medium/high stochasticity are provided in fig. S5. In general, 
the disordered structures fail in a stable progressive way, whereas 
regular lattices break catastrophically once their maximum tensile 
strength is reached. With increasing stochasticity, architected struc-
tures have lower tensile strength but higher fracture strain (see, e.g., 
fig. S5). With excessive stochasticity, the strength of architected struc-
tures is unavoidably degraded, requiring one to choose an appropriate 
degree of stochasticity for the intended application. The improvement 
in the ultimate tensile displacement brings benefits for creatures in 
nature. As biological systems need to be adaptable to various loading 
and boundary conditions to improve their survivability, an extended 
ultimate failure displacement may allow a bio-structure to survive 
and repair itself.

Distributed agents with local interaction
As is evident in Fig. 2 (B and D), the simple agents and rules de-
scribed in the previous section often result in mechanically ineffi-
cient placement of struts (e.g., redundant adjacent struts) that 
merely increase the mass of the structure without significantly im-
proving its mechanical properties. Here, we consider the use of agents 
with increased capabilities, i.e., the ability to perform simple com-
munication with nearby agents and to sense additional physical sig-
nals, such as temperature.
Definitions of local interactive behaviors
Here, we describe four behaviors that are enabled by the new capa-
bilities of the agents. Note that the agents’ actions are still decentral-
ized (i.e., they are not aware of a global plan or non-local information). 
They merely become capable of improved behaviors with the new 
ability to adjust their actions in response to information from nearby 
agents in addition to the local environment. The new behaviors, la-
beled A to D, are shown schematically in Fig. 4 (A to D) and defined 
as follows:

1) Rule A (temperature sensing): An agent is capable of sensing 
temperature and of adjusting its deposition activities in response. 
For example, here, we assume L∗ is inversely proportional to tem-
perature, such that agents tend to deposit shorter and denser struts 
with increasing temperature (Fig. 4A).

2) Rule B (improved strut alignment): In addition to the basic 
motion, an agent is allowed to patrol for a short distance (from p1 to 
p3) to check its surroundings before it starts its planned material 
deposition. If the agent detects an existing node (p4), then the agent 
will go back to its initial point p1 and adjust its deposition direction 
to aim at the detected node p4. If no node is detected during its pa-
trol, then the agent will go back to point p1 and execute its original 
deposition plan without any adjustment in its direction (Fig. 4B).

3) Rule C (improved strut length): If an agent decides to termi-
nate material deposition at p1, then the agent will check if there are 

U = ∫
Δ

0

F dΔ (3)

Fig. 2. Structures generated by agent simulations implementing bifurcation. 
(A) If no stochasticity in turning angle (θi) or deposition length (Li) is allowed, i.e., 
δθ = 0 and σl = 0, then a regular hexagonal structure is generated. (B) Stochasticity 
is allowed, but only for the deposition length (L∗ = 5.0 mm and σl = 0.1 mm). (C) Sto-
chasticity is allowed for the turning angle (θ = 60◦ and δθ = 5◦). By necessity, this 
induces some stochasticity in deposition length (Li) due to termination of material 
deposition by agents when encountering existing struts. (D) Stochasticity is al-
lowed for both parameters (L∗ = 5.0 mm, σl = 0.3 mm, θ = 60◦, and δθ = 10◦).
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Fig. 3. Comparison of simulations and experiments. (A) Comparison of numerical (left) and experimental (right) crack path during failure for three different structures. 
(B) Numerical and experimental load versus displacement measurements for the structures in (A). (C) Maximum load and total energy dissipation, extracted from the 
numerical and experimental load-displacement data in (B). Experimental data are the average of four tests for each structure. (D) Scatter plots of 1480 virtual design and 
tests. Set 1 (shown in gray) represent samples without stochasticity (δθ = 0 and σl = 0). Sets 2, 3, and 4 (shown in blue, green, and purple) are structures with stochasticity 
in turning angles, deposition lengths, and in both, respectively. The ellipses are 95% confidence ellipses (40). (i) Tensile yield strength versus relative density. (ii) Energy 
dissipation versus relative density. (iii) Percentage of energy dissipation after the yield strength (Upost yield∕Utotal) versus relative density. (iv) Ultimate displacement at 
failure versus relative density.
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any existing struts within its view. If so, the agent will overwrite the 
termination decision and continue depositing to fill the remaining 
gap between p1 and p4 (Fig. 4C).

4) Rule D (local deposition synchronization): An agent can com-
municate with other nearby agents. If a depositing agent detects an-
other depositing agent on its planned path, then it sends a pairing 
request to the other agent. Subsequently, the two paired agents will 
adjust their speed and collaboratively make a common node at p4. 
Without this interactive behavior, the agent would complete its own 
deposition plan (from p1 to p2), while the other agent would later 
encounter this strut and stop its deposition at point p4 (Fig. 4D). It 
is possible that two agents may encounter one another during the 
construction of a new strut. When an agent encounters another 
agent, it ceases any ongoing deposition and exits the design space. In 
contrast, with local interactive functions, two agents that encounter 
one another may pair with each other to form a single strut or to 
avoid overlapping deposition paths.

Although the hardware for microrobotic swarms for distributed 
manufacturing has not yet been realized, behaviors analogous to the 
local interactive functions of this section have been demonstrated in 

centimeter-scale robots (11, 12). For example, phototactic robots 
have shown the capability of collectively nucleating a construction 
site and cooperatively building organized structures (11). Function 
A is analogous to this work. As another example, robot ants (RAnt) 
have been demonstrated with the capability of boundary/obstacle 
detection (12). Functions B and C are analogous, enabling agents 
to change their deposition decisions based on existing boundaries/
structures. In the cited work, these RAnts can also interactively es-
cape a trap by collectively moving obstacles away. Function D is 
analogous, enabling the agents to locally communicate with other 
agents while depositing materials. We also added a function of skip-
ping existing struts to improve the overall deposition efficiency, sim-
ilar to the trap-escaping behavior of these centimeter scale robots. 
Figure 4Ei shows a structure designed by using simple bifurcation 
with small statistical variations in δθ and σl. The statistical variations 
cause redundant struts that almost overlap with each other. In con-
trast, Fig. 4Eii shows a structure generated by agents with extra inter-
active functions B, C, and D, resulting in less redundancy of material 
placement and improved specific mechanical properties. Figure 4F 
shows a structure generated in an area with varying temperature 

Fig. 4. Local interactive behavior and environmental awareness of agents.  (A) An agent is able to sense temperature and adjust its deposition activities accordingly. 
Here, an agent deposits shorter struts when it detects higher temperature. (B) An agent can patrol for a short distance along its planned deposition path to check its sur-
roundings and can adjust its angle to align with an existing node near its planned deposition path. (C) An agent can extend its initial deposition plan to fill small gaps 
between its deposited strut and an existing strut. (D) An agent can communicate with other nearby agents to complete a node collaboratively. In figures (B) to (D), left 
sub-picture shows the scenario that would occur without such a function. (E) A comparison showing the effect of local interactive behaviors on the generated structures. 
(i) A structure constructed with small statistical variations in δθ and σl, resulting in redundant struts that almost overlap with each other. (ii) A structure generated by 
agents with extra interactive functions B, C, and D, exhibiting apparent improvement in material allocation efficiency. (F) By embedding a high temperature zone repre-
senting English letters “AML” (abbreviation of Architected Materials Laboratory), distributed agents with activate function A (temperature awareness) can construct a lat-
tice structure showing the corresponding letters.
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with agents following rule A (temperature awareness). A high tem-
perature region in the shape of the letters “AML” (Architected Mate-
rials Laboratory) is applied to the environment. As a result, the 
agents generate shorter struts and higher local relative density in 
this region, demonstrating the possibility of adjusting structural fea-
tures in response to the local environment using distributed agents.
Effect of interactive behaviors on structure properties
We next conducted a parameter sweep and a series of numerical 
simulations to quantify the rule-structure-property relationships for 
structures designed using agents capable of rules A to D. We picked 
two groups of structures (as summarized in Fig. 3D) on the basis of 
rule parameter sets (stochasticity in deposition length only and sto-
chasticity in turning angle only). We generated 50 structures for 
each set/combination of rule parameters. As a result, each picked 
group contains 100 structures (50 from simple bifurcation and 50 
from simple bifurcation with the same set of parameters plus addi-
tional local behaviors B, C, and D). The tensile strength and energy 
dissipation, as obtained via these simulations, are shown in Fig. 5. 
We take structures generated with stochasticity in deposition length 
only (i.e., σl = [0, 0.3] and δθ = 0) as an example.

The implementation of interactive functions A to D can allow 
design of structures that at roughly 20% lower relative density (e.g., 
from 0.156 to 0.126) have only 10% less strength (e.g., from 0.72 to 
0.65 MPa). Similarly, interactive functions A to D allow design of 
structures with 20% lower relative density (e.g., from 0.156 to 0.126) 
that have 6.8% improvement in energy dissipation (e.g., from 96.8 to 
103.4 mJ).
Architected structure design in discontinuous 
construction area
Perhaps one of the greatest strengths of a distributed design ap-
proach is its compatibility with complex environmental constraints, 
where regular lattices would not be optimal. For example in the con-
struction process of honeycombs, bees preemptively change their 
building behavior in constrained geometries to merge multiple reg-
ular lattices together (1). Here, we consider the distributed design of 
lattices in environments with geometric constraints, leading to dis-
continuities in the stress profile (Fig. 6A). To generate a suitable lat-
tice for these geometric constraints, we first used FEA to get the von 

Mises stress contour plot of a linear elastic solid with the particular 
geometric constraints (e.g., Fig. 6A) subjected to uniaxial tension. 
The internal geometric features produce the expected stress concen-
trations (Fig. 6B), suggesting that a lattice constrained to this geom-
etry will require additional reinforcement in these areas to avoid 
catastrophic failure. Next, we treated the stress contour plot as a sca-
lar temperature field to be imposed on the build area during the dis-
tributed manufacturing process. Using agents with temperature 
sensors and subjecting these to this imposed temperature field 
causes a higher density of struts to be deposited in the areas that 
would experience stress concentrations. The agents were assigned a 
thermal-dependent strut length L∗ and allowed functions A, C, and 
D shown in Fig. 4. For comparison, we also generated a regular lat-
tice with the same geometric constraints (Fig. 6C). To do this, agents 
were assigned an edge length L∗ with zero deviation. Fifty-five struc-
tures each were generated for both the temperature-sensitive pro-
cess and the regular lattices.

Figure 6C shows loading curves and the predicted damage path 
of a regular lattice and an ACD-activated lattice, both with compa-
rable relative densities. For regular lattices, the crack initiates where 
the stress is concentrated due to the elliptical voids and then propa-
gates as the load increases. For lattices generated by the distributed 
agents, multiple cracks initiate at different locations, due to the extra 
reinforcement and more densely distributed materials where the 
stress would be concentrated by the elliptical voids. The final failure 
pattern is thus qualitatively different from that in regular lattices. 
Figure 6D shows tensile strength versus relative density and energy 
dissipation versus relative density (left and right, respectively) for 
the two types of lattices. While the tensile strength at a given relative 
density is statistically similar in both cases, the average energy dis-
sipation of the lattices generated via the thermally sensitive distrib-
uted agents is 19.6% higher than that of the regular lattices for a 
given relative density. This improvement in energy dissipation is at-
tributed to the more evenly distributed global stress profile in the 
lattices generate by temperature-sensitive agents. Evenly distributed 
stress fields help the structure to fracture in a stable, progressive 
manner. Multiple cracks initiating at different locations create larger 
fracture surfaces (Fig. 6C) and, hence, higher energy dissipation.

Fig. 5. Comparison between two sets of structures under uniaxial tension to demonstrate effect of local interactive behaviors on the structural properties. In 
both sets, apparent reduction in relative densities is observed, indicating improved material allocation efficiency. Each set contains 100 samples (50 from simple bifurca-
tion and 50 from simple bifurcation plus local functions). The ellipses are 95% confidence ellipses (40) (A) Tensile strengths decrease as an inherent result of reduction in 
relative densities. (B) In both sets, the average energy dissipation remains comparable, as the relative density decreases.
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Fig. 6. Structure design example and results. (A) Construction area with two elliptical voids. The loading and boundary conditions (uniaxial tension) remain the same 
as previous examples. (B) Temperature field as environmental stimulus for thermally dependent local behavior; the values are proportional to the von Mises stress of a 
linear elastic solid equivalent to the structure in (A) under tension. (C) Predicted damage path with the force-displacement responses for the regular lattices and the lat-
tices generated by temperature-sensing agents, respectively. Due to the extra material deposited around the stress concentrations, the crack paths no longer initiate from 
the stress concentrated areas as in regular lattices. The two structures shown have comparable relative density (0.204 for regular and 0.199 for disordered). (D) (i) Tensile 
strength versus relative density for both regular lattices and lattices generated by temperature-sensing agents with functions A, C, and D. Dashed lines indicate linear best 
fit. (ii) Energy dissipation vs relative density for both types of lattices.
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DISCUSSION
In this study, we explored the idea of using simulated swarms of simple 
distributed agents to generate new nondeterministic designs of archi-
tected structures. The rules that the agents follow are inspired by man-
ufacturing processes seen in nature, where simple agents, unaware of 
any global plan, manufacture materials and structures via their collec-
tive action. We focused on the n-Furcation rule, a general rule for gen-
erating lattice structures via the distributed action of agents. We 
demonstrated a workflow that includes (i) simulating the action of 
agents (rule-structure relationships), (ii) high-fidelity finite element 
modeling (e.g., predicting damage evolution), and (iii) rapid prototyp-
ing and testing. Through this rule-structure-property platform, we 
investigated the failure characteristics of agent-generated lattice struc-
tures and compared maximum tensile reaction load, total energy 
dissipation, percentage of energy dissipation post yield strength, and 
ultimate failure displacement with that of regular lattices.

The assumptions about the agents’ capabilities have a large influ-
ence on the quality of designs that can be generated. For example, 
combining capabilities such as temperature-dependent agent activi-
ties, detection of local features, and direct interaction/collaboration 
between agents, can lead to improved distribution of material and 
thereby to the design of lattice structures with superior mass effi-
ciency (i.e., a given set of mechanical properties can be achieved for 
lattices with less material). In addition, we also demonstrated the ca-
pability of using distributed agents to design architected structures 
in a discontinuous design space. By activating locally interactive be-
haviors of agents, architected structures generated by distributed 
agents exhibit an average improvement of about 19.6% in energy dis-
sipation while maintaining a comparable level of tensile strength 
relative to regular lattices of comparable relative densities.

In this work, we focused on parameters that generated lattices 
with relative densities between 0.1 and 0.4, both because this range 
of relative densities is found in important examples in nature [e.g., 
honeycomb (1), sea sponge (39), and ants (3)] and because well-
known rules for structure-property relationships exist for the me-
chanical behavior of cellular structures with this range of relative 
densities. On this basis, we limited the values for targeted deposi-
tion length, L∗ ∈ [1 mm, 6 mm]. Figure S7 shows the typical features 
of structures generated with deposition lengths significantly larger 
or smaller than this range. For example, a deposition length of 
L∗ = 10 mm results in a small relative density of 0.05 and too few 
unit cells to model the behavior of the structure as a lattice (fig. S7, 
left). A deposition length of L∗ = 0.1 mm results in a large relative 
density of 0.95, which behaves like a porous material rather than a 
lattice (fig. S7, right). Despite being primarily numerical, we veri-
fied the accuracy of finite element predictions through experimen-
tal prototyping and testing. While substantial work on hardware 
and software is still necessary for manufacturing via distributed 
agents to become feasible, this work represents an initial step to-
ward the design of robotic agents for swarm manufacturing and 
introduces a new approach for the nondeterministic design of ma-
terials and structures.

MATERIALS AND METHODS
Simulations of structure generation via swarms of agents
Agents are simulated through custom code developed in Python. Lo-
cation, motion status, and material deposition history of the agents 
are tracked during the simulations. Deposited materials (struts) are 

stored by tracking the nodal coordinates of line segments, allowing 
calculation of termination and intersection points.

Because materials are deposited in the form of struts (straight line 
segments), vector-based analysis is performed to check whether two 
line segments are overlapping or colinear. We also performed some 
pixel-based rule and structure generation but settled on strut-based 
generation due to easier finite element generation and prototyping 
(more details on these limitations are provided in the Supplementary 
Materials). After structures are generated in the swarm simulator, 
they are passed to the commercial software Abaqus, and custom pre-
processing commands (also in Python) are used to (i) generate a 2D 
finite element model for direct analysis and failure prediction and (ii) 
generate a 3D model for 3D printing and experimental testing.

Prototyping and experimental tests
All beams in this study have in-plane cross-sectional width of 0.3 mm 
and out-of-plane thickness of 2.0 mm. For computer-aided design 
(CAD) models for mechanical tests, extra rectangular regions 
(Fig. 3) were printed to allow the mechanical test system to grip 
the specimen. All prototypes for mechanical tests were printed by 
Digital Light Processing 3D printer EnvisionTEC Vida HD. The 
printer resolution of the printer is 25 μm, and the span dimension of 
all lattices (40 mm by 40 mm) is determined considering the size 
limit of this printer. A photopolymer resin named R11 was used for 
printing. The resultant samples (after curing) demonstrate elastic 
behavior, followed by brittle failure. More details involving materials 
characterization are provided in the Supplementary Materials. The 
fracture tests of lattices were performed by conducting uniaxial ten-
sile tests under displacement control with a loading rate of 1 mm/
min using an Instron-65SC at room temperature.

Finite element analysis
For all simulations, fully integrated 2D continuum shell elements 
(CPE4 and CPE3) were used. The seed size of mesh was set to 0.15 mm 
to ensure that there were at least two elements along the cross sec-
tion of each beam. The mechanical response of R11 was modeled by 
user defined subroutine (UMAT), and the detailed parameters and 
equations used for constitutive behavior are provided in the Sup-
plementary Materials.

Supplementary Materials
The PDF file includes:
Supplementary Text
Figs. S1 to S8
Legend for movie S1

Other Supplementary Material for this manuscript includes the following:
Movie S1
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