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M U LT I R O B O T  S Y S T E M S

Scalable robot collective resilience by sharing resources
Kevin Holdcroft1,2, Anastasia Bolotnikova1,3, Antoni Jubés Monforte1, Jamie Paik1*

No system is immune to failure. The compromise between reducing failures and improving adaptability is a recur-
ring problem in robotics. Modular robots exemplify this tradeoff, because the number of modules dictates both 
the possible functions and the odds of failure. We reverse this trend, improving reliability with an increased num-
ber of modules by exploiting redundant resources and sharing them locally. We present a unified methodology for 
local resource sharing; local power sharing balances energy distribution, hybrid communication spreads mes-
sages, and local sensor fusion propagates full system state estimate information among the robot collective. We 
present the experimental results of our methodology applied to a modular robot, Mori3. Despite one module 
being deprived of its own resources in terms of power, sensing, and communication, the robot collective can suc-
cessfully perform a locomotion mission in a challenging environment, thanks to neighboring modules supporting 
each other via our proposed resource-sharing methodology.

INTRODUCTION
Designing a system resilient to failure is a long-standing and still per-
tinent problem in robotics (1, 2). One can never fully eliminate the 
probability of failure, so high-risk areas often integrate redundancies, 
carrying excessive resources to maintain minimal functionality (3–5). 
Because the possibility of failure is inevitable, recent advances have 
enabled components to restore functionality through damage, includ-
ing drone wings repairing midflight (6) and both soft actuators and 
sensors self-healing (7, 8). Classical approaches to failure include al-
gorithmic resiliency and hardware redundancy (9).

Although fixed-shape robots optimally execute small sets of 
known tasks, operating beyond their base functionality requires ad-
ditional components (10). Growing the task space scales the number 
of integrated functions, which increases the number of compromises 
in design (11). It is therefore difficult to improve adaptability with-
out compromising the failure rate (12).

In biology, failure is often overcome through multiagent coopera-
tion (13, 14). Individuals rely on local interactions to overcome their 
own failures in energy, communication, and sensing (Fig. 1A). Cells 
passively transport molecules between membranes, making the organ-
ism resilient when any single cell dies (15–17). Mycorrhizal networks 
share water, nutrients, and communication signals (18), whereas aca-
cia trees warn neighbors through airborne signals, resulting in the 
plant collective being more resilient to single-plant damage or senes-
cence (19, 20). Zooids are animal colonies that share nutrients and 
physical connections to survive (21). Birds share local sensing infor-
mation through flocking behavior, which is predicted to increase sur-
vival rates (22–24). Ants regulate nutrition on the basis of availability 
and share pheromone signals when scavenging, ensuring that the path 
to a food source is maintained even in the event of one or several ants 
dying (25, 26). Resource sharing, interaction, and cooperation at the 
cellular level form the very basis for multicellular organisms (27).

Separating a robot into individual agents has been shown to im-
prove adaptability to changes in the environment or task (28–30). 
Modular robots (MRs) consist of individual agents, called modules, 

which, when interconnected, form a complete system. These robots 
are highly adaptive, capable of transforming their shape midopera-
tion to navigate new surroundings (31), reaching constricted areas 
(32), and performing fundamentally different tasks, from manipula-
tion to locomotion (33–35). MRs have potential for applications in 
challenging environments, such as heavy radiation (36), natural di-
sasters (32), and space (37).

A high number of modules permits more complex shapes, allow-
ing MRs to adapt to a larger set of tasks, but reduces the reliability of 
the overall system (38). A module failing disables some, if not all, of 
the robot’s functionality (28), often leading to mission failures (32). 
Past works addressed algorithms such that the robot can simply re-
configure to adapt around failed modules (39–41) or advised to 
avoid high numbers of modules to assure reliability (29). Proposed 
methods for adaptation around failed modules include replacing 
broken modules with functional ones via self-reconfiguration (42), 
designing a robot capable of ejecting failed components and con-
tinuing to operate because of built-in redundancy (43), or simply 
continuing to exploit the failed modules as a useful but passive struc-
ture that new modules can attach to for entering the operation envi-
ronment (36, 44). Yet, none of these works has looked into local 
resource-sharing methodology that would allow to fully restore bro-
ken module functionality.

Adding modules generally increases the number of usable com-
ponents throughout the entire robot. Resource sharing takes em-
bedded components and distributes them across the system to make 
them hyperredundant. Previous methods for transferring power 
locally require centralized knowledge of the system topology and 
active control (45, 46). Communication is fundamental to robots’ 
abilities to respond to instructions but congests with large numbers 
of modules (47–50). Fusing sensing among robotic swarms com-
bines the perspectives of individual swarm agents (51, 52) to provide 
cohesion in flocking (53) and robustness to occlusions (54). How-
ever, fusing all agents into a single filter scales processing and mem-
ory needs with the number of sensors. As the MR topology changes, 
it is difficult to incorporate the necessary physical relationships be-
tween sensors. We propose an innovative methodology for sharing 
critical resources (power, communication, and sensing) without 
changing the general physical structure of the robot. We implemented 
this methodology with passive distributed power sharing, hybrid local 
wireless communication, and a distributed sensor fusion algorithm. 
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Sharing one or two resources is not enough (Fig. 1B); if each re-
source has an equal chance of failure, the system reliability will con-
tinue to drop with an increase in number of agents. However, we 
demonstrate that this trend is reversed when sharing all resources. 
We applied this approach to individual configurations (Fig. 1C) and 
provide best- and worst-case failure rates (Fig. 1D). Here, we define 
“system reliability” as the probability that a robot collective success-
fully completes a mission, which would otherwise not be possible 
because of failures of critical resources at the individual-agent level.

We introduce local resource sharing as a paradigm in robotics, 
reducing the failure rate with an increased number of modules. 
Sharing resources locally is critical, given that module failures occur 
with the frequency of a distributed system but have the severity of a 
centralized system. Centralized methods have a single point of fail-
ure and are subject to bottlenecks when scaling in number. A failure 
in an electrical bus, a wireless interruption, or onboard sensing 
leaves agents disabled (Fig. 1E). Neighboring modules (connected 

agents) can compensate for electrical, communica-
tion, and sensing failures when there is a single local 
connection between them. Although vastly different 
domains, these resources follow the same methodol-
ogy for sharing in terms of transfer, oscillation pre-
vention, bottlenecks, and propagation, all of which 
influence the overall system. Through local resource 
sharing, both reliability and adaptability are im-
proved, fostering sustainability in robotics. Here, we 
reverse failure trends in robot collectives via a unified 
model that capitalizes on hyperredundancies among 
agents across three critical resources—energy, com-
munication, and sensing—the lack of which would 
otherwise cripple a system. Following this unified 
model, we show a detailed design, characterization, 
and validation of resource-sharing methods, includ-
ing a power-over-communication circuit, a hybrid 
communication algorithm, and a distributed sensor 
fusion algorithm, all integrated into a modular ro-
botic system. We demonstrate a robot collective with 
a multilocomotion scenario operating with full func-
tionality despite one agent having failed, maintain-
ing its functionality through our proposed local 
resource-sharing methods.

RESULTS
Holistic design and evaluation method for 
local sharing of critical resources
Although sharing resources improves reliability with 
the number of agents (Fig. 1B), this trend changes de-
pending on how the modules interconnect (Fig. 1D). 
We have developed a methodology to model the effect 
of topology on local resource sharing, shown in Fig. 2. 
Through this, we are able to assess individual topolo-
gies (Fig. 1C), the best- and worse-case scenarios 
(Fig. 1D), and estimated reliability given a number of 
modules based on random configurations.

We treat each resource as decoupled and critical; 
if one fails, the entire system will fail. The probability 
of a successful mission (e.g., no resource failing) of 
the collective of agents is the combined probability 

of each resource not failing throughout the mission

where eng, com, and sen refer to energy, communication, and sens-
ing, respectively. Without resource sharing, each agent is indepen-
dent, and therefore the probability of a mission succeeding is 
dictated by the binomial distribution (29)

where 𝑝success(res) is the probability of a resource not failing across 
the complete system, 𝑝fail(res) is the probability of a resource failing 
in an agent, and 𝑛agents is the number of the system agents.

Individual module failures can be compensated for, depending 
on their location in an interconnected topology, as shown in Fig. 2A. 
We define a system failure with resource sharing as a situation where 
a failed module is only connected to failed neighbors and thus is 

psuccess=psuccess
(

eng
)

psuccess(com) psuccess (sen) (1)

psuccess(res) =
[

1−pfail(res)
]nagents (2)

A C

E

B

D

Fig. 1. Local resource sharing among collaborative agents minimizes the effect of individual fail-
ures on the overall system. (A) Natural and artificial colonies create resilience through sharing 
energy, communication, and sensing. We integrate critical resource sharing into modular robotics. 
(B) Sharing resources increases system reliability as the number of agents grows. For independent agents, 
the odds of failure in a system increases with the number of agents. If two of three resources are shared, 
the reliability decreases. This trend is reversed by sharing all three critical resources. This calculation 
assumes 95% agent reliability, with each module able to connect up to three others. This was gener-
ated via the random topology demonstrated in (D). (C) Effects of resource sharing on individual to-
pologies, demonstrated on two different configurations. (D) The best-case and worst-case topologies 
for resource sharing, along with the random topologies in (B). The best case is a fully connected topol-
ogy, whereas the worst case is a minimally connected line. (E) Methods for power, communication, and 
sensor sharing. Resource-sharing methods for each resource focus on local interactions between agents, 
preventing a single point of failure.
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completely unsupported. This is a conservative estimate, given that 
both power and communication can still propagate past two mod-
ules. However, each module does not have enough information to 
estimate the angle between modules, leading to a failure of the en-
tire system.

To determine the chance of success given a specific number of 
modules, all possible combinations and failure modes were com-
puted. Given a topology, modules were assigned to fail in a specific 
order, defining one configuration of failure modes and connections, 
corresponding to one column in  Fig.  2B. Agents failed until the 
minimum number of agent failures required to cause the configura-
tion to break was calculated, 𝑛agents, fail. The maximum number of 
connections a module can make limits the total number of topolo-
gies. Given that the Mori3 can connect to three other modules, we 
set the maximum number of modules to be three for the sake of 
Fig. 1, although this value can be altered.

To calculate the chance of success for all topologies given 𝑛agents, 
all failure orders were tested until all combinations of module fail-
ures were found. This process was repeated for all possible topolo-
gies, testing all combinations of potential failure modes. The final 
probability is given by the following

where 𝑛agents, fail is the number of failed modules required to cause 
a configuration failure, with 𝑛configs representing the total number 
of configurations of failure orders. This is shown in  Fig.  2C for 
𝑛agents = 3 and assuming each resource has an arbitrary 5% chance to 

fail. Sharing resources was found to improve the chance 
of mission success from 85.74 to 99.87%.

The failure rate depends on the topology of the sys-
tem, with some topologies proving more resilient than 
others. Figure 1D shows connection graphs of the best-
 and worst-case scenarios, along with an example of 
the “random” topologies as defined above in this sec-
tion. The best-case scenario is when all modules share 
as many connections as possible. The best-case sce-
nario was calculated by giving all modules the maxi-
mum possible number of connections a module can 
support, not checking whether these connections are 
physically viable. All failure orders were considered to 
find the resilience of the topology. The worst-case sce-
nario is the opposite: the topology with the minimum 
number of connections and thus with the least support 
from each module. Such topology has the least number 
of connections between modules: a line.

Despite underlying differences between resources, 
each has explicit commonalities that must be imple-
mented through our model. We developed a new circuit 
that transfers energy between electrical communication 
contacts at low voltage, adding functionality without 
mechanical changes. Sharing communication as a re-
source builds on prior work (55), where wireless com-
munication messages were routed to modules through 
their local communication contacts. Here, we demon-
strated an algorithm that enables modules to auto-
matically route messages wirelessly through the local 
network in the event of a failure. Last, we proposed and 

implemented a sensor fusion algorithm across a modular system, 
demonstrating how information from a common factor (e.g., gravity) 
can refine state estimates without increasing algorithmic complexity. 
The details of the specific implementation of each resource-sharing 
methodology are discussed in the Supplementary Materials (56).

The proposed unified resource-sharing model is illustrated in 
Fig. 3. The exact procedure outlined by our model is essential for 
implementing and modeling resource sharing in a multiagent sys-
tem. Each resource is transferred according to domain-specific re-
quirements. Given that each resource transaction is symmetric, 
oversharing could cause a positive feedback loop and oscillations. 
Resources can overwhelm the local connection through bottlenecks, 
requiring explicit considerations. Each resource propagates through-
out the interconnected system, with local influences defined through 
proportionalities among individual agents.

First, as shown in Fig. 3, power transfer is described in terms of 
current 𝐼 and is dictated by the voltage of the higher-powered source 
𝑉in, the proportional difference in voltage between power sources 
(e.g., batteries) in connected modules 𝑛Δ𝑉, and a normalizing con-
stant 𝑐. Given that current transfer is proportional to the voltage 
difference, oscillations are reduced. The current must be limited to 
𝐼max to prevent excessive current damaging wires or overcharging 
batteries. In our implementation, energy propagates through the ro-
bot at an empirically measured rate of 1.440Δ𝑉.

Wireless communication propagates through the intermodule 
communication network, resulting in a total latency 𝐿 that is deter-
mined by the microcontroller processing power, 𝑃mcu; the number 
of intermodule transitions, 𝑇mcu; and the wireless latency, 𝐿wi. 
Communication paths naturally form a spanning tree, preventing 

psuccess(res) = 1 −

∑
�

pfail(res)
�nagents,fail

nconfigs
(3)

A

B

C

Fig. 2. Effect of topology on resource sharing and mission success. (A) How different topologies 
affect resource sharing. Power and communication are routed from functional to failing modules. If 
a failed module is only connected to other failed modules, then the angle cannot be accounted for 
and the system fails. Using this definition of failure mode, (B) shows how system reliability is calcu-
lated, graphically. For a given number of modules, all possible permutations are defined. Three mod-
ules can form either a line or a triangle. All possible combinations of module failures are labeled, and 
the smallest number of module failures required to determine if the overall system 𝑛agents, fail fails is 
extracted. These values are used in (C), where the probability of a mission success increases by 14%, 
assuming that a resource has a 5% chance of failure during the mission.
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oscillations. To avoid overwhelming the local transitions, the data 
rate from wireless communication, 𝐵wi, should be less than the local 
baud rate, 𝐵loc, and the standard communication between modules, 
𝑏loc. In the case of our Mori3-based validation setup, the latency per 
module was measured to be 0.022 bytes per ms, bp (55).

Sensor fusion merges sensor data from different modules’ sensors 
by incorporating the transfer of state estimates [𝑔, v] between neigh-
boring modules and local measurements into the precision matrix 𝐴, 
which computes the next time step’s estimate, 𝑡. Given that estimates 
are both used and transferred between modules, each modality needs 
to be separated to prevent ringing. Sensor fusion algorithms can scale 
in computational complexity of the filter Cf with the number of mea-
surements and must be bound to both the computational power of 
the microcontroller 𝐶mcu and complexity of standard operation 𝐶op. 
By using the transferred neighbors’ state estimates to compute the 
next time step estimates, the sensor information is implicitly propa-
gated throughout the entire connected module network (57). The 
probability 𝑝(𝑔) of arriving at a global state of a common factor (e.g., 
gravity 𝑔) for each module is subject to onboard 𝑔i and neighboring 
unit gravity measurements 𝑔j, which are reoriented relative to a 
module’s reference frame via 𝑅ij.

Local resource propagation compensates for power, 
communication, and sensing failures
We show that through our method, power sharing, hybrid com-
munication, and sensor fusion allow the system to operate despite 
subcomponent failures. Power and communication are transferred 
simultaneously between modules through the same local electrical 
contacts. Although adding power-sharing circuitry, we add func-
tionality without increasing mechanical complexity (Fig. 4A and 
Materials and Methods). Wireless communication is routed from a 
central hub through the local messaging network, providing redun-
dancy in the event of a wireless connection failure and reducing 
power consumption (Fig. 4B and Materials and Methods). This is 
demonstrated by showing continued operation with one of two 
modules failed on the Mori3 MR (34). Mori3 consists of triangular 
modules, which are able to rotate around joints coupled to their 

connected neighbors (Fig. 4C). Each connection has two outgoing 
electrical pins, used to communicate locally between agents, as well 
as a wireless connection for Wi-Fi.

In the experimental validation, two Mori3 modules were connect-
ed, one with high power and the other with lower power (Fig. 4D and 
movie S2). As an extreme example, the low-power module operated 
without both a power source and sensing capabilities. The connected 
modules alternated between interangles of ±45°, both requiring con-
tinuous synchronization (Fig. 4E). The left module routed power to 
the connected module on the right through the former data lines. 
Midway through the experiment, wireless communication was dis-
abled on the module on the right, reducing power consumption. This 
communication failure was detected by a watchdog timer, and the sys-
tem adapted to route wireless information through the local network. 
Communication remained fully operational; instructions were routed 
from the left module to its neighbor, and ongoing messages between 
modules synchronized motion. The two modules remained fully 
functional despite one module having three critical failures. The bat-
tery voltages of both modules are shown in Fig. 4F, with current trans-
fer between them calculated via empirical measurements and the 

A

B

Fig. 3. Model for holistic local sharing across critical resources. The model 
shows how different resources interplay through local connections and highlights 
the necessary considerations. (A) A general design method for local resource shar-
ing across individual interconnected agents, which must be followed to implement 
the sharing of critical resources. (B) The specific characteristics of each of the three 
critical resources in the implementation and how they relate to the model. Local 
sharing of power, wireless communication, and sensing is designed and described 
through this unified model, despite the fundamental differences in resource type.

E

D

F

A B

C

Fig. 4. Power and communication sharing mitigates failure through redun-
dancies and reduces electrical load. (A and B) Additional functionality gained 
from resource sharing for power and communication, respectively; circuitry adds 
power sharing to existing couplings, and disabling wireless communication reduc-
es the power load. (C) The MR used in the experiment, Mori3, and its capabilities. 
(D) Power sharing and hybrid communication across two connected modules in 
motion. Energy is routed from a high-powered module (blue) to a low-powered 
module (red), which is demonstrated under the extreme case where red has no 
power source. (E) The actuation of the two modules starting from (D). (F) The bat-
tery voltage in red and blue, with current transfer represented in gray and fluctuat-
ing with power load. The dark line and lighter backgrounds, respectively, represent 
a rolling average and SD of 100 samples (0.4 s). Current transfer was calculated via 
empirical equations in the model. At 10 s, the red module disabled its wireless com-
munication, remaining functional from support from its neighbor. This action low-
ered the electrical load, with gray dashed lines showing the average before/after 
disabling wireless communication and, thus, the lowered current transfer.
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model. After disabling wireless communication, the average current 
dropped by around 36 mA. This is consistent with the measured 
wireless current draw of the Mori3 system of 37 mA (55). Through-
out the experiment, sensor values were constantly exchanged, with 
the local sensor fusion algorithm compensating for the failed sens-
ing of the left module.

We demonstrate an onboard sensor fusion algorithm that ex-
ploits local intermodule correlations to obtain a robust state estima-
tion. Modules combined both local and neighboring state estimates 
and measurements, still estimating their own state even with all on-
board sensors disabled. The sensor fusion algorithm consists of two 
congruently operating components: one that estimates the angle be-
tween modules and another that estimates the direction of gravity as 
a common factor. Information about the common factor propagated 
through connected modules to the whole system (Fig. 5A). This algo-
rithm runs on embedded processors with low computational power, 
unaffected by the number of modules or interconnected topology.

As a test platform, Mori3 can use three different types of measure-
ment for the intermodule angle. Mori3 has rotary Hall effect sensors, 
which give the absolute angle between two modules (34). Given that 
the couplings are symmetric, neighboring modules also contain 
Hall effect sensors measuring the same angle, which are exchanged 

between modules. An accelerometer measures the gravity vector, de-
termining the plane of Mori3’s orientation. The relative orientations of 
a module and neighbor can calculate the relative angle between face 
planes, adding a tertiary method of measuring the rotary joint. The 
gravity measurement is a common factor among all modules; through 
propagating gravity estimates, each module achieves a more accurate 
estimate of the angle between agents.

In the experimental validation of the sensor fusion, Mori3 was 
connected as an arm consisting of three modules, adding modules 
until a closed chain of six was formed (Fig. 5B). Our local resource-
sharing sensor fusion algorithm substantially improved the accura-
cy of the module’s angle estimate compared with the raw sensor 
values (Fig. 5, C and D). If a module’s sensing capabilities were dis-
abled, not only did the system continue to function but also there 
was no negative effect on the system. Sensor fusion notably reduced 
error in the event of a closed chain; the algorithm ensures that all 
modules have a similar approximation of a common factor, gravity, 
thus overcoming sensor biases induced by additional forces that 
misalign axes.

We demonstrate a robot collective operating with a module 
missing three critical resources. Figure 6 shows a set of four Mori3 
modules connected into a tripod structure performing a locomo-

tion task in a challenging environment (movie S1). The 
central module of the tripod had no battery, and its 
sensing and wireless capabilities were disabled. This 
module was effectively “dead” and thus completely re-
liant on its neighbors for resources to allow the overall 
system to successfully locomote. All coupled joints need 
to be actively controlled by each individual module 
synchronously with the coupled neighbor. Otherwise, 
if one was actively moving and the other passive and 
stuck, the joint could tear itself apart. If the central 
module remained defunct, then any actuation between 
modules would result in errors or break the system.

Figure 6 (A to C) shows normal operation without 
sharing any resources. Without sharing resources, the 
collective could not share power with the central module 
or exchange sensor information or other messages with 
it to coordinate the join motions. Therefore, the central 
disabled agent could not move its legs, and active agents 
could only spin their integrated wheels from the outer 
edges, effectively driving on the ground. The collective 
could only drive slowly and ceased operation after a 
module lost power and continuously restarted. Such lo-
comotion is slower and draws more power; the modules 
ran out of charge at 809 s of continuous operation, and 
the collective failed to pass under the overpass.

To locomote via walking, all four modules are neces-
sary; a single failure would break the system, with the 
central module being the most critical. Through our 
proposed methodology, neighboring modules bring the 
central dead module back to life by sharing all critical 
resources: power, sensing, and wireless communica-
tion. Figure 6 (D to F) showcases different locomotion 
techniques integrated into Mori3 that adapt to the envi-
ronment: walking and driving. The overhead path is 
shown in the center of Fig. 6, with motion shown along 
the outside. The tripod structure walked toward a bridge 
(𝑡0 to 𝑡3; 0 to 182 s), flattened under the bridge, and then 

A

C
D

B

Fig. 5. Local sensor fusion improves sensing and allows the system to operate despite sub-
component failure. (A) The information available to each module, where information refers to 
knowledge about a global state: both estimates and measurement data. Module A (red) has all in-
formation from its surrounding neighbors. Module B has only module A connected to it but receives 
information implicitly from module A’s neighbors through module A’s estimate. (B) The character-
ization setup, with results in (C). The graphs show the absolute mean error and SD between the base 
module and its neighbor’s estimate and motion capture data. Each bar corresponds to one experi-
mental run per sensing method. The individual angle sensor measurements from each module are 
shown as diamonds. Three connected modules were alternating between 75° and 45° angles, con-
trolled by the average of angle sensor data between two modules (red), sensor fusion (green), or 
sensor fusion with all sensors disabled on the bottom module (blue). This process was repeated with 
additional modules along the base. Sensor fusion substantially improved angle estimates relative to 
raw sensor data, and the presence of a dead module had only a minor effect on the estimates of 
each module. (D) A sample of the raw, fused, and dead estimate data (fused data come from the 
neighbor; active module, green).
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used wheels integrated into Mori3’s couplings to drive below the 
bridge (𝑡3 to 𝑡4; 182 to 330 s). Once the bridge was passed, the tripod 
rose and continued to walk until it reached its target location (𝑡5 to 𝑡7; 
330 to 444 s).

Through sharing, the resources missing in the central module 
were completely compensated by its neighbors. This shows a notable 
and contradictory result: An agent was effectively dead through lack 
of resources but continued operating with its full capacity.

DISCUSSION
We proposed and validated a method to capitalize on hyperredun-
dancies to reverse failure likelihood trends in multiagent systems via 
local resource sharing. We demonstrated sharing in three critical re-
sources: power, communication, and sensing. Paradoxically, a robot 
was demonstrated to successfully function with a complete subsys-
tem failure; one module had no functioning power, communication, 
or sensing but was supported through its neighbors. We presented a 
holistic model for sharing fundamentally different resources and its 
effects across different interconnected topologies. We validated the 
presented model with two modules maintaining functionality and 
only one having critical resources and characterized the sensor fu-
sion’s accuracy with a sensing failure.

This method applies to failures of local resources and assumes 
that modules are not destroyed, maintaining some degree of sub-
system autonomy. If a module is destroyed, then it simply cannot 
benefit from local resource sharing but can still serve as a passive 

component in the structure (36, 44). However, we argue 
that the definition of a failure also encapsulates compo-
nent and subsequent resource failures, which was solved 
through our work. Although we do not encompass all 
definitions of failures, we still showed a robotic system 
with resource-failed agents performing at full functional 
capacity. Subsequently, a connection failure between 
modules can also be approximated as a module itself 
failing. This approximation will lead to an even more 
conservative estimate of the probability of success ac-
cording to the topology model, given that although the 
local sharing method might have failed, the resource 
still exists in the module and can continue to function.

To generalize this approach to other robot collec-
tives, this work requires an electrical connection, local 
communication, and/or a common sensing factor be-
tween modules. Without an electrical connection, pow-
er cannot be shared. In this work, communication was 
done via electrical contacts, with power routed over 
these communication lines. Our method can still apply 
to modules with other methods of communication, 
such as infrared, allowing for local sharing of commu-
nication and sensing. For local sharing, each module 
needs to have a common shared factor, which was grav-
ity in this work. Any other common factors, such as 
pressure, solar input, magnetic orientation, or even 
time, can be propagated to improve the accuracy of the 
system’s state estimate.

Our approach provides a mathematical and physi-
cal basis for studying how resource sharing influences 
the survival chances of a system, organism, or society. 
Future work can test different characteristics of biologi-

cal swarms on physical robots, furthering our understanding of both 
natural and artificial colonies. In a robotic swarm, the behavior of the 
collective is a direct result of local interactions between agents (58). In 
our work, we study the methodology of resource sharing that arises 
from local interactions between robots in a MR collective. The same 
ideas and concepts can extend to swarms with hardware adaptations 
that allow swarm members to dock to each other for energy and in-
formation transfer. Furthermore, future work could focus on extend-
ing our proposed resource-sharing methodology by incorporating 
additional types of resources that might need to be shared in a swarm, 
such as local path plans or local behavior parameters (54, 59), which 
would further enhance the resilience of a robotic swarm to an indi-
vidual agent’s failures.

Future work will also explore scaling the number of agents in the 
system. Although this study focused on minimal configurations, 
where each agent plays a critical role and failures have substantial 
consequences, the insights gained provide a strong foundation for 
understanding behavior in larger collectives. In systems with many 
modules, the failure of a single agent may have limited effects on the 
overall system, but the principles of resource sharing and fault toler-
ance established here will remain applicable. Adding local resource-
sharing methods adds complexity through additional components 
and algorithms, which themselves can fail. This leads to questions 
pertaining to what extent modular systems and swarms should fo-
cus on agent survival versus system-level reconfiguration to mitigate 
the effects of failures and how many agents in a collective should be 
involved in these efforts.

Fig. 6. Four connected modules locomoting with a completely defunct module. Two experi-
ments were performed; without (A to C) and with (D to F) resource sharing. (B) and (E) show an 
overhead view, with motion from left to right. The surrounding images, (A) and (D), show experi-
ment progression at specific time points (𝑡x), arranged sequentially in a counterclockwise direction. 
The structure of the system is shown in (C) and (F), with the central agent marked in red without 
battery, wireless communication, or sensing capabilities. (A) to (C) show the collective operating 
without local resource sharing and failing to complete the locomotion mission at 𝑡1 time point be-
cause of one of the modules running out of power, whereas (D) to (F) show it operating with local 
resource sharing. Sharing enables both forms of locomotion, reenabling alternate and more effi-
cient methods of motion, such as walking, allowing the robot to complete its mission.
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Ultimately, reliability-related challenges have prevented MRs from 
being used in practical applications. Through local resource sharing, 
we are able to improve MR system reliability with an increased num-
ber of modules. The findings of this work demonstrate the potential of 
highly adaptive robots to operate through otherwise critical failures, 
resolving the conflict between adaptability and reliability.

MATERIALS AND METHODS
Model implementation of local power sharing
Power sharing combines redundant power sources into a single sys-
tem through the electrical couplings between modules. Our method-
ology combines electrical functionality without adding mechanical 
complexity. The developed method balances batteries between mod-
ules without active control, with safeguards preventing large cur-
rents. The power sharing uses the following model, as described 
in Fig. 4A, and is defined by

where 𝐼 is the current transferred between modules, Δ𝑉 is the differ-
ence in voltage between modules, Vin is the higher-powered voltage 
source (the higher voltage of the two modules), and 𝑛 and 𝑐 are em-
pirically determined constants. Given that a battery’s voltage de-
creases with lower state of charge, power naturally propagates from 
modules with more power to those with less. Because the transfer is 
proportional to Δ𝑉, transfer is reduced when approaching equal en-
ergy charges between modules, thereby preventing oscillations.

Determined empirically (measurements shown in fig. S1E), cur-
rent transfer is defined by

which can be used in conjunction with battery models to accurately 
model the response of diverse topologies (60). Note that if Δ𝑉 is 0, 
then the circuit still draws some quiescent power, particularly depend-
ing on the amount of data being transferred between agents, which 
does not dictate the amount of power that propagates through the over-
all modular network, thus excluding the Vin and 𝑐 terms from Eq. 4.

The amount of current transferred has to be limited to avoid 
burning out electrical contacts (61), as well as not to overcharge bat-
teries, causing damage. The bottleneck for power transfer is dictated 
by current without other factors and is defined by

where Imax is the maximum allowable current between modules. In 
our implementation, Imax is set to 0.5𝐴 to stay within the battery’s 
acceptable charging rates.

Model implementation of hybrid communication
Hybrid communication routes wireless traffic through intermodule 
local messages, ensuring that disabling the wireless functionality of a 
single module does not cause system failure. Communication distri-
bution integrates classical networking techniques to improve robust-
ness without overloading local communications. Routing through 
the local network introduces latency according to the capacity of in-
termodule communication

where 𝐿 is the total latency of a message passing through a module, 
𝑇mcu is the number of intermodule transitions to send the message, 

𝑃mcu is the microcontroller processing power (i.e., the processing 
time it takes for a microcontroller to process a message), and 𝐿wi is 
the wireless latency. Messages default to a spanning tree, preventing 
oscillations. Between agents, the additional processing time is char-
acterized empirically by

where 𝑏p is the message size and 0.022 is processing time in millisec-
onds. To prevent overloading the local communication, messages to 
and from wireless to a module, 𝐵wi, should be capped by both the 
local baud rate, 𝐵loc, and any continuous synchronizing communi-
cation between modules, 𝐵loc.

In our implementation, 𝐵loc is limited by the local baud rate be-
tween agents of 460,800 bits per second (bps), with 𝐵loc at ~500 bps 
during standard operation.

Model implementation of local sensor fusion with 
estimation propagation
Sensor fusion integrates estimates from neighboring modules to re-
fine a module’s state estimate. Estimates of a module’s local state, v, 
and the common factor, gravity 𝑔, are propagated as follows

where 𝐴 is the precision matrix and 𝜈 is the information vector. Mo-
dality separation decouples interactions between filters to minimize 
their mutual effects and prevent oscillations.

Propagation of information across distributed systems is defined by

where 𝑝(𝑔) is the probability of arriving to the global state of a com-
mon factor 𝑔 for each module. This equation is inspired by an 
energy-based model for factor graphs in the context of Gaussian be-
lief propagation (57). 𝑝() represents a single multivariate Gaussian 
distribution, containing all Gaussian factors in the whole sensor fu-
sion framework across the modules. Because energy in this model is 
additive, this distribution contains all information and, therefore, 
the influence of each sensor. Probabilities are influenced by local 
and neighboring measurements, 𝑔i and 𝑔j, and are reoriented about 
a module’s reference frame via 𝑅ij.

Filter complexity scales with the number of sensor inputs, which 
can overload a module’s computational capacity

where 𝐶f, 𝐶mcu, and 𝐶op are the computational capacity of the filter, 
the capacity of the microcontroller, and the used capacity from nor-
mal operation. Our filter can estimate the angle of three edges and 
gravity with onboard embedded processors (74 MHz) on top of ex-
isting robot operations.

Supplementary Materials
The PDF file includes:
Materials and Methods
Figs. S1 to S4
Legends for movies S1 to S3
References (62–64)

I = nΔV + Vin + c (4)

I ∝ 1.440ΔV (5)

I < Imax (6)

L=TmcuPmcu+Lwi (7)

Pmcu ∝ 0.022bp (8)

Bwi < Bloc − bloc (9)

[gt , vt] = At
−1 [gt−1, vt−1 (10)

p
(

g
)

∝ e−
∣gi−Ri,j gj ∣

2
2

2σ2 (11)

Cf < Cmcu − Cop (12)
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