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Abstract 

Contemporary artificial intelligence excels in stable and resource-rich settings, but many of the 
environments in which autonomy and adaptive restructuring are most needed are defined by 
noise, damage, scarcity, and unpredictability. Spacecraft, distributed sensors, medical implants, 
digital cell twins, and robotic swarms must often continue functioning despite partial hardware 
failure and network fragmentation. Here, we present oncomorphic computing as a paradigm 
for designing resilient machine intelligence across software and hardware. We abstract selected 
survival principles seen in cancer biology, particularly decentralized behavior, phenotypic 
plasticity, heterogeneous specialization, resource recruitment, migration of function, and 
tissue-level adaptation, and repurpose them bidirectionally to complement standard 
approaches: using cancer dynamics in computing and engineering, and, conversely, bringing 
biological decentralization to the center of digital cancer research. In this way, we shift the 
approach from a highly organized and predictable ideal of machine intelligence to 
computational systems defined as groups of agents continuously negotiating access to memory, 
power and processing bandwidth through independent restructuring under scarcity. We discuss 
how this paradigm could address current computing bottlenecks and outline its implications for 
future hardware applications.  
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1. Introduction 

Artificial intelligence is increasingly being deployed in environments where the assumptions 
behind its success do not hold1, 2. Large models and autonomous systems are developed on 
stable hardware, reliable communication, large power, and the possibility of supervision or 
recovery3, 4. Yet many of the settings in which autonomy matters, including deep-space 
platforms, implantable medical devices, digital medicine, distributed sensor networks, and 
robotics, often operate under the opposite conditions5-8. They must tolerate radiation-induced 
faults, intermittent connectivity, and adversarial interference while continuing to act in real 
time9, 10. In these settings, accuracy is only one component of intelligence. The more basic 
requirement is the ability to preserve reliability and longevity when infrastructure, data flow, 
and even the computational substrate begin to fail9. Existing approaches have addressed parts 
of this problem. Fault-tolerant computing provides redundancy, rollback, and error correction 
at the cost of computational overhead and resource consumption11. Federated and edge learning 
distribute data collection and inference, yet they still rely on complex network architectures 
and resource-constrained edge devices12. Swarm robotics exploits local coordination, and 
reconfigurable hardware enables remapping after damage13. These strategies are valuable, but 
they often presume that failures or failure types are known in advance, isolable, or recoverable 
through predefined mechanisms14. They are less suited to conditions in which degradation is 
sudden, resources are competitive, communication is delayed, and adaptation must emerge 
locally before any diagnosis is possible. 

Biology offers models of persistence under stress. Most bioinspired computing has drawn from 
neural, developmental, and evolutionary systems15, 16. Cancer provides a different and 
underused example of adaptation1, 17. Tumors persist without central control, maintain 
heterogeneous subpopulations, allocate local resources, and reorganize function under 
scarcity18-20. Cancer has been also described as a loss of connections into a large-scale 
collective that acquires new capabilities when it disbands21. From a computing and engineering 
perspective, abstracting decentralized survival principles from cancer biology, for instance 
phenotypic plasticity, selectivity, and migration of function, might enable to address specific 
bottlenecks encountered in machine learning and, consequently, impact hardware deployment 
in a range of use cases, from computational biology to humanoid robot interaction. We recently 
demonstrated how basic cancer properties can be integrated into computational neural agents 
for resource-limited sequential learning17. At the same time, the presence of quantifiable 
electric behavior in cancer22 and non-excitable cell populations23, epigenetic states,24 and 
mechanical adaptation25 in metastatic cancer cells makes a standardization of decentralized 
dynamics, and a hardware implementation frontier, thinkable. We call this framework 
oncomorphic computing (Figure 1). In an oncomorphic system, computation is distributed 
across local agents that continuously assess their own state and negotiate access to memory, 
power, communication, and bandwidth. Under normal conditions, agents cooperate to 
maximize performance. Under severe stress, they can isolate compromised regions, reassign 
roles and consolidate critical functions. Therefore, oncomorphic computing represents a 
resilience-oriented design lens for software, hardware, and embodied machines whose defining 
challenge is continued usefulness in uncertainty1, 17.  
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Figure 1. The oncomorphic computing concept. (a) Baseline architectural model, featuring a fully decentralized 
population of autonomous agents operating within a finite local resource ecosystem. (b) Dynamic adaptation 
response under catastrophic stress, demonstrating asymmetric node recruitment where surviving agents absorb 
memory, power, and compute pools from damaged neighbors to maintain critical system function. 

1.1. High-level formalization of the paradigm 

We provide a high-level formalization of this paradigm to distinguish it from standard fault 
tolerance, in which redundancy and recovery are usually predefined11, and to provide a 
common language across the very different systems discussed later in this perspective. From a 
general standpoint, an oncomorphic system can be represented as a constrained decentralized 
control problem on a time-varying graph26 

𝐺(𝑡) = (𝑉 , 𝐸(𝑡)) 

Each vertex 𝑖 ∈ 𝑉  is a local unit, i.e. a software process, a hardware tile, a sensor node, a robot 
subsystem, or, in a computational biology setting, an individual cell agent. Each edge 𝑖, 𝑗 ∈
𝐸(𝑡) indicates a pathway whose availability may itself vary in time because of congestion, 
damage or noise27. This representation is adopted because topology is not fixed in the systems 
of interest, and the ability to continue functioning depends on the capacity to update internal 
state. A minimal state description for agent 𝑖 is 

𝑧𝑖(𝑡) = [𝑥𝑖(𝑡), ℎ𝑖(𝑡), 𝜏𝑖(𝑡), 𝑟𝑖(𝑡), 𝜎𝑖(𝑡)] 

where 𝑥𝑖(𝑡) is the internal task state of the agent (i.e., model weights, cached data, control 
variables, local memory of recent events, or, in digital twin applications, biological state 
variables such as proliferation), where the future response depends on local history. The scalar 
ℎ𝑖(𝑡) ∈ [0,1] represents health, i.e. the remaining ability of a unit to contribute useful task. A 
continuous health variable is preferable to an alive/dead label because the failure modes are 
progressive28. The scalar 𝜏𝑖(𝑡) ∈ [0,1] represents confidence, which differs from ℎ𝑖(𝑡) because 
a unit may still be operational in a physical sense when its outputs become unreliable because 
of uncertainty29. The vector  
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𝑖(𝑡) =  [𝑚𝑖(𝑡), 𝑝(𝑡), 𝑏𝑖(𝑡) ]𝑇  

collects local allocable resources, indicated as memory 𝑚𝑖, power 𝑝𝑖, and bandwidth 𝑏𝑖, where 
bandwidth includes communication throughput and compute capacity. These were chosen 
because they recur across all the presented application domains. Finally, 𝜎𝑖(𝑡) is a discrete 
mode, such as active, relay, dormant, or migrating. This variable is the formal analogue of 
phenotypic plasticity. Because no agent has perfect global knowledge, the system is naturally 
partially observable30. Each unit acts on a local observation: 

𝑜𝑖(𝑡) = 𝐻𝑖(𝑧𝑖(𝑡), {𝑧𝑗(𝑡): 𝑗 ∈ 𝑁𝑖(𝑡)}) + 𝜈𝑖(𝑡), 

where 𝑁𝑖(𝑡) is the current neighborhood and 𝜈𝑖(𝑡) represents observation noise or uncertainty. 
A local control policy 𝜋𝑖 then selects an action 𝑢𝑖(𝑡) = 𝜋𝑖(𝑜𝑖(𝑡)), yielding the update 

𝑧𝑖(𝑡 + ∆𝑡) = 𝐹𝑖(𝑧𝑖(𝑡), 𝑢𝑖(𝑡), {𝑧𝑖(𝑡): 𝑗 ∈ 𝑁𝑖(𝑡)}, 𝜉𝑖(𝑡)), 

Where 𝜉𝑖(𝑡) indicates external perturbation. The equation is meant to signify that oncomorphic 
adaptation does not require global optimization at every instant, rather that each unit estimate 
enough of its own state, local stress, and neighborhood condition to update in a manner relevant 
to the system goal. The variable ℎ𝑖(𝑡) must itself evolve under damage. An update law is 

ℎ𝑖(𝑡 + ∆𝑡) = Π[0,1](ℎ𝑖(𝑡) − 𝜎𝐷𝐷𝑖(𝑡) − 𝛼𝐿𝐿𝑖(𝑡) + 𝛼𝑆𝑆𝑖(𝑡)), 

Where Π[0,1] projects onto the interval [0,1], 𝐷𝑖(𝑡) is accumulated damage, 𝐿𝑖(𝑡) is induced 
stress, and 𝑆𝑖(𝑡) is compensatory support. This form was chosen because it separates three 
different mechanisms: damage 𝐷𝑖(𝑡) captures direct physical or logical damage, load 𝐿𝑖(𝑡) 
captures the workload, support 𝑆𝑖(𝑡) captures the core oncomorphic claim that neighboring 
units can partially offset local decline by lending capacity, assuming load, rerouting traffic, or 
inheriting state8. The meaning of 𝑆𝑖(𝑡) depends on the application: in software it may be 
checkpoint migration, in hardware it may be rerouted logic, in robotics it may be redistributed 
control, in digital twins it may correspond to parameter reassignment within the model. 

Resource recruitment is modeled as a core differentiator between oncomorphic computing from 
classical degradation. For each resource class ℓ ∈ {𝑚, 𝑝, 𝑏}, 𝑇𝑖𝑗

(ℓ)(𝑡) ≥ 0 indicates the amount 

transferred from agent 𝑖 to agent 𝑗 during [𝑡, 𝑡 + ∆𝑡]. Resource dynamics can be written as 

𝑟𝑖
(ℓ)(𝑡 + Δ𝑡) = 𝑟𝑖

(ℓ)(𝑡) + ∑ 𝑇𝑗𝑖
(ℓ)(𝑡)

𝑗∈𝑁𝑖(𝑡)
− ∑ 𝑇𝑖𝑗

(ℓ)(𝑡) − 𝑐𝑖
(ℓ)(𝑢𝑖(𝑡))

𝑗∈𝑁𝑖(𝑡)
− 𝛿𝑖

(ℓ)(𝑡), 

subject to transfer-capacity constraints 

0 ≤ 𝑇𝑖𝑗
(ℓ)(𝑡) ≤ 𝐶𝑖𝑗

(ℓ)(𝑡), 

where 𝐶𝑖𝑗
(ℓ)(𝑡) is the instantaneous capacity of the link and 𝛿𝑖

(ℓ)(𝑡) represents irreversible loss. 
This equation encodes that adaptation reallocates resources but does not create them. Specific 
domains may add other terms including thermal, actuation, and storage.  
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The system must also represent tasks and their unequal importance, which also varies over time 
in the oncomorphic approach28. Let 𝐾 = {1, … , 𝐾} be the set of system functions, with 
𝑎𝑖𝑘(𝑡) ∈ {0,1} indicating whether agent i currently supports task k. A local contribution score 
is 

𝑞𝑖𝑘(𝑡) = 𝑎𝑖𝑘(𝑡)ℎ𝑖(𝑡)𝜏𝑖(𝑡) min
ℓ∈{𝑚,𝑝,𝑏}

(1,
𝑟𝑖

(ℓ)

𝑟𝑘̅
(ℓ)) , 

Where 𝑟𝑘̅
(ℓ) is the nominal resource requirement of task k. This definition couples function 

delivery to the ingredients that later applications depend on. The delivered quality of task k can 
then be written as 

𝑦𝑘(𝑡) = 𝑚𝑖𝑛 (1, ∑ 𝑞𝑖𝑘(𝑡)
𝑖∈𝑉

) , 

and the overall system viability can be defined as 

𝑉 (𝑡) = ∑ 𝑤𝑘𝑦𝑘(𝑡),
𝐾

𝑘=1
    ∑ 𝑤𝑘 = 1,

𝐾

𝑘=1
 

Where 𝑤! is the mission weight of task k. This weighted viability formulation is preferable 
because oncomorphic systems are designed for unequal functions. Examples are a rover 
dropping non-essential imaging to preserve localization, or a wearable sensor reducing 
sampling density to maintain arrhythmia detection. For a set of critical functions Kcrit, one can 
impose lower bounds 

𝑦𝑘(𝑡) ≥ 𝑦𝑘, 𝑘 ∈ 𝐾𝑐𝑟𝑖𝑡, 

to formalize the idea of protected mission backbone introduced later. Local plasticity must 
remain bounded, otherwise adaptation becomes indistinguishable from uncontrolled self-
modification. A basic quarantine rule is 

𝜏𝑖(𝑡) < 𝜃𝜏  ∨ ℎ𝑖(𝑡) < 𝜃ℎ à 𝜎𝑖(𝑡 + ∆𝑡) = 𝑞𝑢𝑎𝑟𝑎𝑛𝑡𝑖𝑛𝑒, 

meaning that units falling below integrity thresholds may be isolated from shared state 
propagation, actuation, or write operations31. This is especially important in cybersecurity, 
medical robotics, and closed-loop bioelectronic systems, where a degraded but still connected 
component may do more harm than a silent one10. Conversely, mode changes such as relay, 
reserve, or dormant are the controlled forms of functional plasticity that allow the system to 
preserve critical work while reducing burden elsewhere. Because later sections involve safety-
critical settings, an external safe-mode condition can be defined as 
 

𝑠𝑒𝑥𝑡(𝑡) = 1 à 𝜎𝑖(𝑡 + Δ𝑡) = 𝑠𝑎𝑓𝑒 ∀ 𝑖 ∈ 𝑉 . 

At the system level, the design objective is maximal retained utility. This is represented as 

max
{𝜋𝑖}

𝔼[∑ 𝛾𝑡 (𝑉 (𝑡) − 𝜆𝐸𝐸𝑎𝑑𝑎𝑝𝑡(𝑡) − 𝜆𝑀𝑀𝑚𝑖𝑔(𝑡))
𝑇
𝑡=0 ], 
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where 𝐸𝑎𝑑𝑎𝑝𝑡(𝑡) is the energy cost of adaptation, 𝑀𝑚𝑖𝑔(𝑡) comprehends migration, replication, 
and rerouting, and 𝜆 ∈ (0,1] is a discount factor. Implementations may approximate this 
objective through model predictive control or safe reinforcement learning under safety 
monitor32. 

This formalization introduces when the paradigm is deployable in the domains discussed later. 
In distributed software, the approach is implementable as an orchestration layer. In hardware, 
the same variables can be instantiated on field-programmable gate array (FPGA). In 
computational oncology and digital twins, the agents can be deployed in simulation, 
calibration, and prediction. For testing, three metrics are particularly useful: the retained 
mission utility relative to nominal baseline V0, the time required to recover a fraction ρ of pre-
fault utility after a fault at time tf, and the energy overhead of adaptation relative to baseline 
operation. These are represented as 

𝑅𝑀𝑈 = 1
𝑇 ∫ 𝑉 (𝑡)

𝑉0

𝑇
0

𝑑𝑡, 

𝑇𝑟𝑒𝑐 = {𝑡 > 𝑡𝑓 : 𝑉 (𝑡) ≥ 𝜌𝑉𝑝𝑟𝑒}, 

𝜂𝑎𝑑𝑎𝑝𝑡 = ∫ 𝐸𝑎𝑑𝑎𝑝𝑡(𝑡)𝑑𝑡𝑇
0
∫ 𝐸𝑏𝑎𝑠𝑒(𝑡)𝑑𝑡𝑇
0

. 

A further safety metric is defined as 

𝑁𝑢𝑛𝑠𝑎𝑓𝑒 = ∑ 1[𝑥(𝑡) ∉ S]𝑇
𝑡=0 , 

 
where S is the safe operating set33. These measures support fault-injection experiments in the 
presented application areas34. This representation identifies the variables that matter, how 
damage and support alter local viability, makes resource competition explicit, and defines when 
adaptation is allowed. 

1.2. Comparison with adjacent computing paradigms 

Decentralization, local adaptation, reconfiguration, and embodied intelligence are all 
established ideas35-37. The novelty of oncomorphic computing lies in redefining what they are 
designed to preserve: under uncertainty, the system utility precedes task accuracy to prioritize 
longevity, adaptation, and continued functionality. In Section 1.1, we have shown how adjacent 
frameworks optimize task state 𝑥𝑖 under stable infrastructure assumptions38. Oncomorphic 
computing, on the other hand, treats health ℎ𝑖, integrity 𝜏𝑖, allocable resources 𝑟𝑖, and functional 
role 𝜎𝑖 as first-class state variables, and evaluates success through the viability 𝑉(𝑡) retained 
under attrition, complementarily to classical digital computing, a.k.a. von Neumann 
architectures (Table 1). Conventional processor-memory systems are built around exact 
execution on hardware assumed to be stable, with faults handled as exceptions39. Large-scale 
machine learning builds on the same assumptions. These are appropriate in data-center 
environments, but become brittle when communication is delayed, the substrate itself degrades, 
or intervention is not possible40. Here, useful operation may require model simplification, 
priority of tasks, or relocation of function. The comparison with distributed computing, edge 
AI, and federated learning is closer, because these already move away from centralization12, 38. 
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However, they usually assume nodes that are broadly stable and failures that fit known 
protocols. Extending the principles of classical swarm intelligence, oncomorphic computing 
explicitly models heterogeneous agent health, resource competition, and functional inheritance 
during progressive degradation. Swarm intelligence and decentralized multi-agent control 
provide another similarity. Classical swarms achieve robustness through local rules and 
homogeneous agents14.  

Neuromorphic computing41 offers a conceptual precedent that mimics the operating principles 
of neurons and synapses, such as spiking, event-driven communication, local plasticity, co-
located memory and computation, and import them in conventional technology to achieve 
energy-efficient, adaptive information processing. However, it also implicitly assumes that the 
underlying silicon substrate itself remains physically stable. Memristive devices support in-
memory computing42, addressing the processor-memory bottleneck of von Neumann 
architectures. Unconventional devices, such as those based on electrochemical organic 
materials43 and self-assembled systems44, have been demonstrated as analog memories and in-
material processing units. Oncomorphic computing, instead, imports the operating principles 
of tissue and cellular biology under stress and damage to manage degradation of the substrate 
itself, without a central control unit. Where neuromorphic systems optimize how information 
is learned and represented, oncomorphic systems ask how a population of physically 
compromised units can remain viable to accomplish core mission goals. Oncomorphic agents, 
thus, must retain memory of prior stress, differ in role, and participate in a population-level 
economy. The degradation of one unit may trigger inheritance of key state, reweighting of 
neighboring agents, or isolation of a node that remains physically present but has lost temporary 
priority.  

A different comparison is with continual learning and evolutionary computation. Continual 
learning addresses how to update a model without erasing established capabilities, and 
evolutionary algorithms adapt populations of candidate solutions across generations45. 
Oncomorphic computing is compatible with both, but it looks at reorganization of a system as 
resources shrink. In this setting, catastrophic forgetting, i.e. the forgetting of previous tasks 
after learning successive ones, becomes an architectural question on (i) which modules contain 
essential function and remain plastic, (ii) when a useful local adaptation should be replicated, 
and (iii) when a new capability should be transferred17, 45. Competitive learning offers a further 
point of comparison, since it also produces role differentiation among initially homogeneous 
units through local, decentralized dynamics rather than central control. In winner-take-all 
schemes such as self-organizing maps, units compete to represent a given input, and the winner 
updates its weights while other units remain largely unchanged, so that different units come to 
specialize in different regions of input space. Neuromorphic and adaptive model of 
classification, based on non-linear elements, has been recently introduced in this learning 
context to address catastrophic forgetting on simple architectures. Oncomorphic agents 
undergo an analogous process of differentiation, but the competition is waged over physical 
survival rather than representational accuracy: agents compete for allocable resources 𝑟𝑖 under 
conditions of degradation. Other close concepts are autonomic computing and organic 
computing, which also propose self-configuration36. On the hardware side, the most relevant 



 8 

comparison is with reconfigurable computing. Reconfigurable hardware already supports logic 
remapping through FPGAs, reconfigurable arrays, and network-on-chip5. Neuromorphic 
hardware relies on event-driven operation, local memory-compute, and distributed plasticity, 
making it attractive for low-power systems, but its objective is efficient sensing and 
predictability15. Finally, distributed working subregions that preserve critical function when the 
substrate becomes unreliable, proposed in the oncomorphic paradigm, also align with 
principles of morphological computation and embodied AI, both of which established that 
intelligence cannot be separated from its physical adaptive substrate16.  

Table 1. Comparison of oncomorphic computing with adjacent computing paradigms.  

Paradigm Primary 
design 
objective 

Principal 
unit/state 

Control and 
adaptation 
structure 

Uncertainty 
model 

Resource 
treatment 

Preserved 
quantity 

Relation to 
OC 

 
Oncomorphic 
computing 

 
Mission 
utility under 
uncertainty, 
subject to 
safety bounds 

 
Local agent 
with task 
state,health, 
resources, 
and role 

 
Decentralized 
local policies: 
migration of 
task, and self-
restructuring 

 
Progressive 
damage, node 
loss, drift, and 
resource 
depletion 

 
Memory, 
power, and 
bandwidth are 
redistributable 

 
Viability of 
critical 
functions 
over state 
preservation  

 
Proposed 
framework 

 
Classical 
digital 
computing 
(von 
Neumann) 

 
Execute 
programs 
efficiently on 
a stable 
processor-
memory 

 
Instruction 
stream, 
process, 
thread, 
address 
space 

 
Centralized 
scheduling; 
adaptation at 
design, 
compile, or 
restart time 

 
Faults treated 
as exceptions, 
recovery 
through 
restart or 
replacement 

 
CPU, memory, 
storage, and 
I/O scheduled 
under stable 
hardware 
assumptions 

 
Program 
correctness, 
state 
consistency, 
and exact 
output 

 
OC shifts 
target to 
preservation 
of valuable 
functions 

 
Distributed, 
edge, and 
federated AI 

 
Scale 
computation, 
reduce data 
movement, 
preserve 
availability 

 
Node, 
service, 
shard, local 
model, 
replica, or 
edge device 

 
Protocol-based 
coordination 
with partial 
local 
autonomy 

 
Crash faults, 
partitions, 
delay; less 
emphasis on 
progressive 
shift 

 
Bandwidth, 
latency, 
storage, 
replication, 
and local 
compute  

 
Service 
continuity, 
utility, 
convergence, 
data 
availability 

 
OC adds 
health-aware 
node 
valuation and 
function 
inheritance 

 
Evolutionary 
computation 

 
Search for 
solutions by 
variation, 
selection, and 
retention 

 
Genome, 
candidate 
program, 
controller, 
or rule set 

 
Population-
level 
adaptation 
across 
generations, 
often offline 

 
Low-fitness 
variants are 
discarded. 
Not a model 
of damage 

 
Budget, 
diversity, 
mutation rate, 
and selection 
are main 
resources 

 
Fitness 
progress, 
novelty, or a 
quality-
diversity 
poll 

 
OC adapts 
within the 
lifetime of a 
deployed 
system under 
stress  

 
Swarm 
intelligence 
and 
decentralized 
multi-agent 
control 

 
Generate 
collective 
behavior 
from local 
decentralized 
interaction 

 
Agent with 
local state, 
rules, and 
limited 
memory 

 
Fully 
decentralized 
coordination, 
built from 
homogeneous 
agents 

 
Individual 
loss tolerated 
statistically. 
Integrity and 
criticality less 
explicit 

 
Local energy, 
position, and 
neighborhood 
information 
dominate 

 
Coverage, 
transport, 
exploration, 
formation or 
consensus 

 
OC has richer 
internal state, 
heterogeneity, 
competition, 
function 
preservation 

 
Neuromorphic 
computing 

 
Low-power 
sensing, 
inference, 
control via 
distributed 
dynamics 

 
Neuron, 
synapse, 
event core, 
or spiking 
behavior 

 
Asynchronous 
parallel local 
dynamics with 
fast temporal 
response and 
plasticity 

 
Noise and 
variability 
tolerated, but 
not organized 
around 
uncertainty 

 
Sparse 
signaling and 
local memory-
compute 
minimize 
energy use 

 
Low-power 
temporal 
inference, 
perception, 
and control 

 
Substrate for 
oncomorphic 
policies, with 
goal shift to 
persistence of 
key function 

 
Autonomic, 
self-adaptive, 
and organic 
computing 

 
Runtime self-
management/ 
configuration/ 
healing, and 
adaptation 

 
Managed 
component, 
monitors, 
models, 
knowledge 

 
Monitor-
analyze-plan-
execute loops, 
often 
hierarchical  

 
Faults, policy 
violations, 
environmental 
shifts trigger 
adaptation 

 
Metrics, 
budgets, and 
fault statistics 
guide 
adaptation 

 
Availability, 
quality of 
service, and 
policy 
compliance 

 
OC pushes 
adaptation 
deeper into 
local agents 

 
Fault-tolerant 
computing 

 
Preserve 
correctness 
and 
availability 
through 
redundancy 

 
Replica, 
protected 
memory 
region, or 
spare 
module 

 
Recovery 
against 
predefined 
fault models 
via error 
correction 

 
Discrete 
faults and 
known fault 
classes are 
handled 
explicitly 

 
Spare 
capacity, 
timing, and 
redundancy 
reserved in 
advance 

 
Correctness, 
availability, 
continuity of 
exact service 
where 
possible 

 
OC builds on 
fault 
tolerance but 
permits 
function 
migration  
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Reconfigurable 
computing 
 

 
Remap logic 
to changing 
workloads or 
defective 
substrate 

 
Logic 
block, 
routing 
segment, 
memory tile 

 
Remapping 
can occur 
from runtime 
to deployment 
lifetime 

 
Hardware 
defects, 
routing, and 
performance 
motivate 
remapping 

 
Logic area, 
bandwidth, 
power and 
non-volatile 
state are key 
resources 

 
Capability 
and 
throughput 
on an altered 
substrate 

 
OC couples 
remapping to 
integrity, 
resource 
scarcity, and 
broad mission 

 
Morphological 
computation 
and embodied 
AI 

 
Exploit body 
mechanics, 
compliance, 
environment 
as part of 
computation 

 
Body 
segment, 
joint, 
geometry, 
material 
field 

 
Distributed 
through 
physical 
dynamics plus 
local control 

 
Perturbations 
absorbed via 
compliance 
and body-
environment 
interaction 

 
Geometry, 
compliance, 
actuator limits, 
and passive 
dynamics are 
resources 

 
Useful 
embodied 
behavior  

 
OC adds 
state, health, 
trust, and 
resource 
redistribution, 
under damage  
 

 

2. Addressing Bottlenecks in Machine Learning 

Recent progress in machine learning (ML) has been driven largely by scale: larger datasets, 
larger models, longer training runs, and increasingly centralized compute infrastructure34-36. 
This strategy has delivered impressive results, but it also reflects the core assumption that 
training and deployment happen on hardware that is stable, well connected, and energy-rich, 
and that failures can be handled by restart, resynchronization, or human intervention in an 
unlimited resource scenario2, 10, 36, 38, 39. Many of the systems discussed in this perspective do 
not satisfy those assumptions. These include space platforms, distributed sensor networks, 
implantable devices, humanoid robots, and autonomous systems which must often continue to 
perform while communication is intermittent, energy demand is massive and its resources are 
limited, or parts of the substrate are degraded5, 9, 11. This mismatch highlights several 
bottlenecks in current machine learning. First, many models remain operationally dependent 
on centralized coordination for training and updating38. Second, continual adaptation still 
struggles with interference between old and new knowledge, particularly when learning must 
occur online45. Third, large populations of agents remain difficult to coordinate without 
introducing control layers46. Oncomorphic computing conceptually complements classical ML 
in these problems by potentially offering a runtime architecture for preserving useful function 
when the computational environment becomes unstable. Figure 2 summarizes this idea at the 
software level. A local disruption creates a degraded computational region, triggering nearby 
agents to reallocate available memory and communication capacity toward the affected area or 
toward functions that have become newly critical. If the damaged region cannot be recovered, 
the system shrinks to a critical subset of tasks in healthier parts of the network. In the next 
subsections we introduce relevant areas of potential development. 

2.1. Centralized computational overhead 

A major ML bottleneck is the dependence on centralized infrastructure2. Even when inference 
is pushed to the edge, the surrounding system often still relies on remote coordination for model 
updates, task scheduling, and fallback40. This becomes problematic in systems operating under 
long latency, sparse bandwidth, or intermittent contact47. In those cases, moving data to a 
central processor, synchronizing state across nodes, or recovering from a failed server may cost 
more time and energy than the task itself48. The primary value of an oncomorphic architecture 
emerges at deployment. It suggests breaking monolithic software stacks into interacting 
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modules or agents with partial state, local health estimates, and bounded autonomy over 
specific functions. In practice, this could be implemented through health-aware task placement, 
parameter-efficient local adaptation, selective migration, event-triggered synchronization, and 
temporary clustering of specialized modules around a critical task49. Existing machine learning 
tools already support parts of this approach. Mixture-of-experts routing, modular policies, 
adapter-based fine-tuning, compressed model exchange, and hierarchical service orchestration 
all make it possible to shift computation without fully retraining or moving an entire model47, 

48. For many applications centralized training remains the most effective way to build high-
performing models. The issue is what happens after deployment, when communication 
degrades or hardware fails. In those settings, a resilient system should be able to simplify its 
own computation. A robot could switch from a large perception stack to a smaller verified 
model handled temporarily, a wearable device may suspend nonessential analytics, a spacecraft 
may concentrate remaining compute on navigation and fault diagnosis. From this perspective, 
resource recruitment means reallocating scarce compute time, memory budget, and 
communication opportunities toward the functions with the highest current mission value. This 
is less efficient under ideal conditions, but far more robust under degraded or adversarial 
settings. For this reason, this concept is meant to complement standard methods to enhance 
system capabilities. 

 
Figure 2. Software-level expression of oncomorphic adaptation under localized failure. (a) A local disruption 
reduces the health and connectivity of a subset of agents, creating a degraded computational region. (b) 
Neighboring agents reallocate available memory, compute, and communication capacity toward the affected area 
or toward tasks of higher current priority. (c) If local recovery is not feasible, the system isolates low-integrity 
components and consolidates essential state and functions within a smaller protected cluster, preserving system-
level continuity through bounded reconfiguration. 

2.2. Catastrophic forgetting 

Catastrophic forgetting remains one of the key limitations of continual learning45. When a 
model is updated on new data or new tasks, previously acquired capabilities can be overwritten, 
especially when the same parameters must meet conflicting objectives over time45, 50. Existing 
methods address this problem at the level of parameter dynamics: replay buffers preserve 
representative experiences, regularization methods constrain movement away from previously 
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important weights, and modular approaches try to isolate task-specific updates51, 52. In 
oncomorphic computing, instead of forcing all adaptation into a single shared parameter space, 
heterogenicity is treated as a computational resource. Some modules can be designated as 
relatively stable repositories of high-value capabilities, while others can remain more plastic 
and exploratory. New information is then not required to overwrite established function 
immediately. It can first be encoded in local adapters, and only later promoted if it proves useful 
and safe. In this sense, forgetting becomes not only a problem of optimization, but also one of 
allocation dealing with where new information should be written, which components should 
remain protected, and under what conditions should local adaptations be replicated. This view 
is most relevant in safety-critical or long-lived systems. A robot, implant, or autonomous 
spacecraft should not have to sacrifice validated core behavior every time it encounters a new 
operating condition9.  

Receptron intrinsic input-dependent selectivity53 offers an example of plausible computational 
primitive for the "local adapter" role described in the oncomorphic computing paradigm. 
Because a single receptron unit can carve out selective activation only within a bounded region 
of the input space,  exhibiting intrinsic selective activation properties for analog inputs when 
the input vector lies within cubic domains in a 3D space, it can, in principle, absorb new 
information in a spatially and functionally circumscribed way, rather than perturbing the entire 
shared parameter space. A receptron localized selectivity is the kind of mechanism that would 
let a system write new information into a contained unit without immediately overwriting the 
function of other units, a prerequisite for treating heterogeneity as a resource rather than a 
liability. A more resilient design would separate a protected backbone of essential competencies 
from a peripheral layer that can adapt online under tighter local constraints. Mechanisms 
already familiar in machine learning, such as modular networks, sparse expert routing, episodic 
memory, fine-tuning, and validation-gated model updates, fit this scheme. This reduces the 
degree to which all learning pressure is concentrated on the same vulnerable parameters. 

2.3. Scalability and coordination 

As machine learning systems become more distributed, coordination becomes a bottleneck54. 
Multi-agent systems, edge inference networks, and autonomous sensor populations all face the 
same tension: local components must retain enough independence to remain robust, but enough 
coherence must be preserved for system-level behavior to remain useful54, 55. Classical 
solutions rely on consensus protocols, parameter servers, central aggregators, or frequent state 
exchange55. These mechanisms become expensive or fragile when nodes differ substantially in 
capability. In this context, the oncomorphic paradigm treats coordination as something that 
should depend on local condition, besides task structure. Agents do not need full agreement on 
global state at every step if they can respond to a shared set of bounded signals56. This favors 
event-triggered communication over continuous synchronization, health-aware routing over 
uniform load balancing, and selective inheritance of critical state over blanket replication. 
Under mild stress, such a system may look like conventional decentralized computing. Under 
severe stress, however, it can shift into triage: low-priority functions are shed, damaged or low-
integrity regions are quarantined, and surviving agents concentrate resources around a smaller 
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protected backbone of services57. This is relevant to machine learning systems that must operate 
under partial compromise55, 58. The main technical challenge is governance. A distributed 
learning system that can reassign roles can also become opaque if those transitions are not 
logged. For that reason, oncomorphic coordination should always be paired with explicit 
supervisory constraints, such as immutable safety rules, limits on replication and migration, 
and an external safe mode.  

3. Adaptive Hardware and Co-Design 

If machine learning software based on oncomorphic paradigm is expected to remain useful 
under damage, scarcity, and uncertain connectivity, the prerequisite of its corresponding 
hardware system is to possess a dynamic and adaptive internal state, whether the physical 
system is a single device or an interconnected network.  Although demonstrators of pure 
hardware able to proficiently adapt their internal states by external stimuli modifying have been 
provided, the dualism between software and hardware cannot be easily overcome for non-living 
systems aimed at performing complex tasks. The oncomorphic paradigm does not simply 
bypass the idea of a centralized control system decoupled from the physical state of an 
expendable substrate; rather, it proposes a control system that serves that substrate, efficiently 
exploiting and reorganizing a heterogeneous hardware that is itself dynamic (Figure 3). In this 
sense, the concept of programmability of self-reorganizing data processing systems is a 
virtuous example59. In most deployed systems today, resilience is still implemented primarily 
above the device level: software is used to mask faults occurring in processors and memories60. 
These methods assume that the underlying platform remains sufficiently intact to host the 
recovery logic60, 61. In harsh environments, this flips. Faults may accumulate in-hardware as 
routing degradation, thermal hotspots, or sensor drift, turning resilience into a cross-layer 
problem where hardware–software co-design becomes paramount62. In the formalization 
introduced earlier, the hardware must have at least partial estimates of local ℎ𝑖, 𝜏𝑖, and 𝑟𝑖, while 
the software stack must be able to react by implementing a change (e.g., in routing or timing). 
This logic is already implemented in some techniques61. In SRAM-based FPGAs, for example, 
radiation-induced configuration upsets can be mitigated through error detection and correction 
and partial dynamic reconfiguration, which allows faulty configuration regions to be refreshed 
while unaffected logic continues to run60. Recent work on aerospace SRAM FPGA mitigation 
highlights that dynamic partial reconfiguration is useful to correct only the affected 
configuration, reducing interruption relative to full reconfiguration63.  

NASA describes SpaceCube as an in-flight reconfigurable hybrid science data processor that 
couples commercial radiation-tolerant FPGA technology with integrated upset detection and 
correction to achieve large improvements in onboard processing relative to traditional rad-hard 
processors64. Likewise, the RadSat concept used a commercial FPGA with real-time partial 
reconfiguration as a route to radiation-tolerant small spacecraft computing, again illustrating 
that reconfiguration under fault is already in practice65. What remains underdeveloped is how 
to turn these mechanisms into a more autonomous architecture. Oncomorphic hardware can 
propose a different control objective for existing and emerging substrates. A useful way to 
organize this is to think in terms of three hardware layers: (i) reconfigurable digital hardware 
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with fault-aware management66, (ii) memory-centric and near-memory acceleration, where the 
cost of moving data between memory and compute becomes dominant and can itself be 
managed as a constrained resource42, (iii) emerging non-volatile analog or mixed-signal 
fabrics, such as memristive crossbars, where adaptation may occur at finer spatial scales but 
under much stronger non-idealities67. We identify the hardware horizons of this paradigm into 
reconfigurable data processing devices in the short run, and on-device learning and in-memory 
computing in the longer run. 

3.1. Short-term horizon: reconfigurable data processing devices 

Reconfigurable digital electronics is the near-term core of oncomorphic hardware. FPGAs, 
reconfigurable non-linear threshold logic gates68, and related devices, already support logic 
remapping and partial update after faults61, 69. Mission systems rely on combinations of 
configuration scrubbing, error-correcting memory, and partial reconfiguration to maintain 
operation60. These systems address several mechanisms discussed in Section 1. A local region 
of the fabric can be assigned a lower health score if its upset rate, timing failures, or thermal 
excursions rise61. Scrubbing can be interpreted as a form of local repair, spare regions as 
recruitable substrate, and partial reconfiguration as migration of function60. The novel step is 
the decision policy over that mechanism. Instead of waiting for a complete failure and then 
restoring the original mapping, an oncomorphic controller could perform graded remapping69. 
In this sense, adaptation means constrained changes in placement, routing, timing, replication 
level, and service allocation70. In edge platforms, industrial autonomy, and biomedical devices, 
the most realistic path to hardware adaptation is localized observability plus bounded 
remapping70, 71. A system may detect rising error rates in a sensor interface, increased write 
failures in non-volatile memory, or excessive power consumption in an accelerator tile, and 
respond by reducing duty cycle, migrating a task, changing the scheduling order, or switching 
to a lower-complexity model72. In other words, deployable oncomorphic electronics are likely 
to look less like continuously mutating circuits and more like health-aware reconfigurable 
systems with explicit supervisory boundaries70. Oncomorphic hardware proposes a resilience-
oriented design strategy that combines runtime observability, reconfigurable substrates, cross-
layer fault mitigation, and mission-aware control of finite hardware resources. Existing FPGA-
based flight processors provide several of the enabling ingredients. The challenge is to unify 
them into systems that continuously reorganize computational function as substrate condition 
and energy availability evolve.  

3.2. Long-term horizon: on-device learning and in-memory computing 

Memristive and resistive-switching devices are frequently mentioned in discussions of adaptive 
hardware because they can combine non-volatile storage with matrix operations performed 
directly in memory arrays73. The motivation is well established: conventional computing is 
increasingly limited by the movement of data between physically separate memory and 
processing units, often described as the von Neumann bottleneck42. In-memory computing with 
resistive switching devices has been presented as a route to area- and energy-efficient 
computation74. Crossbar arrays of resistive devices can implement analog matrix–vector 
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multiplication, and recent hardware demonstrations have shown increasingly capable compute-
in-memory chips based on RRAM75. 

For oncomorphic computing, however, the significance of memristors is not only energy 
efficiency, but the fact that computation, storage, and adaptation can be set more locally than 
in conventional digital systems76. This matters because local adaptation becomes expensive if 
every update requires movement of state across fragile interconnects. A crossbar-based 
subsystem could, in principle, support local inference, local weight storage, and local 
remapping around damaged cells77. However, contemporary memristive accelerators are not 
yet straightforward hardware embodiments. Their limitations around device-to-device and 
cycle-to-cycle variability, nonlinear and asymmetric programming, and substantial peripheral 
overhead in DAC/ADC impact precision, area, and energy trade-offs at the system level78. In 
some implementations, the peripheral converters can occupy most of the area and energy of the 
compute unit, sharply reducing the apparent gains of the array itself. This is why memristive 
hardware is relevant to oncomorphic computing: it shows both the promise and the difficulty 
of building substrates where physical imperfections must be managed. Recent work has begun 
to show how algorithmic and architectural adaptation can compensate for imperfect devices. 
For example, recent work demonstrated an indirect matrix representation that could bypass 
faulty memristive devices and maintain high functional fidelity79. Neuromorphic self-
assembled materials with heterogeneous networks, non-volatile memory effects and nonlinear 
behaviours have been demonstrated, with reprogrammable connectivity and reconfigurable 
functionality exploitable for data processing tasks59, 80, even on soft materials, paving the way 
for embodied computation81. These results shows that fault-aware remapping at the 
representation level can restore useful computation.  

 
Figure 3. Adaptive hardware horizon. (a) Localized physical degradation and pathway severing of the silicon 
substrate under severe environmental or cosmic radiation stress. (b) Real-time hardware-level adaptation and 
autonomous gate recruitment via polymorphic silicon fabrics and memristor crossbars, allowing the coarse-
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grained reconfigurable architecture (CGRA) to rewrite physical circuit topologies within a single clock cycle to 
completely bypass dead silicon zones. 

4. Application Frontiers in Computational Biology and Digital Medicine  

The oncomorphic paradigm can play a role in computational biology and digital medicine by 
targeting adaptive modeling and control under shifting information. Depending on the 
application, an agent 𝑖 may represent an individual cell, a clonal compartment, a spatial patch 
of tissue, a specific submodel, an electrode site, a biosensor, or a local state estimator. Its health 
ℎ𝑖 measures the integrity of the local substrate or the validity of the local model, its confidence 
τi measures how much trust should be placed in its current output, its resources 𝑟𝑖 represent 
finite compute, memory, power, communication, or sampling budget, and its mode 𝜎𝑖 
determines whether it contributes at full fidelity, operates in a reduced form, relays information, 
or is quarantined (see Section 1.1.). Here, we discuss potential applications in computational 
oncology, digital cell twins, and closed-loop bioelectronics (Figure 4). 

4.1. Digital twins: agent-based adaptive modeling of cells 

The main obstacle to useful cancer digital twins is state identifiability under sparse 
representation of a heterogeneous system. Biopsies sample a tiny part of the lesion. Radiology 
resolves morphology, perfusion, diffusion, but not the local distribution of proliferation, 
dormancy, metabolic stress, or resistant states. Any patient-specific twin that ignores 
heterogenicity risks fitting the visible compartment while missing the subregions most likely 
to drive recurrence. Within oncomorphic computing, digital twins can be constructed at the 
level of interacting cell agents to create calibrated predictive replicas of specific biological 
samples, such as patient biopsies or organoids82. The purpose is to provide personalized 
predictions of disease trajectory under various intervention scenarios83. Current twin 
architectures often remain too coarse because they operate at lesion or organ scale and are 
optimized for forecasting cumulative response instead of inferring hidden local failure modes. 
A more useful twin could be formulated as a probabilistic multicellular model with local state 
variables, updated as new imaging, pathology, molecular, or ex vivo data arrive. The process 
begins by reconstructing a spatial scaffold of the tumor architecture from patient imaging data, 
which is then populated with oncomorphic agents initialized with states derived from molecular 
profiling, such as proliferation rates and therapy sensitivity84. A crucial differentiator of the 
oncomorphic approach is the potential capability for the twins to continuously assimilate data. 
As new patient data becomes available, it is ingested using advanced probabilistic techniques 
like Bayesian calibration to update local agent parameters and interaction rules. This may allow 
the twin to evolve in parallel with the disease, learning its specific adaptive pathways (Figure 
4a). At that point, the twin then could estimate which subregions are predicted to preserve 
viability under the next perturbation. Several recent technical developments make this 
approach viable84, 85. Representation-learning methods for calibrating agent-based tumor 
models to images show that local morphology can be linked directly to executable model 
parameters. High-throughput cell-resolved analysis of 3D organoid dynamics now makes it 
possible to validate not just endpoint predictions but intermediate local trajectories, such as 
delayed outgrowth, protected niche survival, or morphology-dependent treatment resistant. 
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Closed-loop vascularized tumor-on-chip systems with integrated molecular readout provide 
temporally resolved measurements during intervention instead of only endpoint assays, which 
is exactly what sequential twin updating requires. Such systems provide the substrate to which 
the oncomorphic twin adds the control architecture. 

4.2. Computational oncology: studying cancer adaptation dynamics in silico  

The major issue in computational oncology is the currently weak representation of history-
dependent adaptive competence at the level of single cancer cells or microregions. 
Computational oncology is rapidly evolving toward integrative, multiscale frameworks 
combining mechanistic modeling, artificial intelligence, digital twins, and in silico trials. 
Despite these advances, accurately representing history-dependent cellular decision-making 
under continuously changing environmental conditions remains a major challenge86-88. Cancer 
is intrinsically a distributed adaptive process, making it an ideal candidate in which local 
decision-making under stress can be formalized1, 17. Oncomorphic computing addresses this 
limitation by representing tumors as distributed adaptive systems composed of interacting 
computational agents. Traditional models often simplify tumors into homogenous populations, 
whereas oncomorphic computing treats cancer as a complex system of individual agents (cells) 
whose local interactions drive tissue-scale outcomes like invasion and resistance17. In this 
framework, each oncomorphic agent possesses an evolving internal state that includes dynamic 
variables for metabolic reserves, biophysical properties like membrane potential, and a memory 
of recent environmental exposures. Agents can be embedded within explicit spatial 
environments defined by fluctuating fields of oxygen, nutrients, and drugs. In addition to 
biochemical cues, these agents can explicitly incorporate bioelectrical state variables. Recent 
work indicates that the membrane potential, intracellular calcium dynamics, ion channel 
activity, and localized endoplasmic reticulum (ER)-plasma membrane calcium signaling form 
an interconnected regulatory layer that governs proliferation and cell-cycle progression. 
Incorporating these variables into the internal state of each agent allows for adaptive 
simulations that go beyond purely genetic or metabolic descriptions, providing mechanistic 
representations of electrophysiological regulation87, 88.  

In each update step, an agent can integrate its internal state with its local context to determine 
its next action. Existing models can now capture growth, transport and competition, but many 
do not explicitly represent the transient adaptive states that allow a small subpopulation to 
survive therapy and enter a reversible drug-tolerant state. Ordinary differential equation (ODE) 
models, for example, are useful for bulk population kinetics but fail to capture the heterogeneity 
and subpopulation dynamics that often cause treatment failure89. Continuum models are also 
adopted to describe transport phenomena, but they average out individual cellular behaviors 
and stochastic events90. Standard agent-based models and evolutionary game theory consider 
spatial interactions and competition, but they frequently lack representation of the state-
dependent plasticity and metabolism91. Oncomorphic agents could help bridge these gaps by 
allowing for the simulation of transient phenomena92. Importantly, this framework can simulate 
not only tumor growth trajectories, but also transient adaptive states that are difficult to access 
experimentally. These states include reversible drug tolerance, bioelectrical reprogramming, 
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localized calcium microdomain dynamics, and history-dependent shifts in proliferative 
competence. Transient internal states are attractive targets for mechanistic digital twins because 
they link molecular perturbations to tissue-level behavior and treatment response87. Recent 
work on non-excitable bioelectrical interfaces further supports the view that membrane 
potential, coupling, and related electrical variables are active regulators of cancer behavior19. 
Evolutionary oncology studies show how geometry and local constraints impact progression. 
Image-calibrated agent-based methods demonstrate that spatial tumor simulations can be fitted 
to tissue images, allowing local transitions to be constrained by real architecture. Similarly, 
recent phenotyping techniques show that local state can be extracted in forms compatible with 
mechanistic modeling. An oncomorphic oncology model should therefore represent each cell 
or microregion by an internal state encompassing proliferative competence, metabolic reserves, 
accumulated sublethal damage, drug exposure, biomechanical cues, and a bioelectric state 
comprising membrane potential, ion-channel activity, intracellular calcium homeostasis, and 
local bioelectric coupling. This multidimensional state representation enables the model to 
capture adaptive competence as an emergent systems property resulting from the dynamic 
interplay between metabolism, mechanics, electrophysiology, the surrounding 
microenvironment, and genetic state, thereby providing a mechanistic framework for 
simulating cancer adaptation over multiple spatial and temporal scales. 

4.3. Closed-Loop In Vitro Bioelectronics: dynamic automated biophysics 

The main reason current in vitro platforms are limited for adaptive disease modelling is that 
they remain mostly open loop93. Cancer-relevant transitions unfold over hours to days and are 
only indirectly reflected in measured signals. A fixed stimulation/readout protocol cannot 
resolve such transitions well because it does not respond to the evolving state of the culture. 
The technical bottleneck is therefore not better sensing but rather closed-loop state estimation 
under uncertainty. In standard in vitro assays, stimulation is controlled by the user or 
programmed non-adaptively. Oncomorphic closed-loop systems might enable automated 
event-triggered or state-triggered perturbation, and hence causal analysis of biophysical data, 
moving past classical action potentials recording to oncomorphic bioelectronics tailored for the 
bioelectric changes across diverse cell types and their spatial patterns that guide long-term 
morphological and phenotypic outcomes. This application area can leverage oncomorphic 
computing as a real-time control model for in vitro cell systems (Figure 4c). Incorporating 
state inference in such systems, i.e. mapping indirect electrical signals onto distributed cellular 
states, such as collective migration probability, coupling strength, metabolic stress levels, 
altered mechanics, can then trigger adaptive actuation through electrical stimulation or targeted 
drug delivery. Technical engineering advancements allow to realistically think about this 
model. Conformal 3D electrodes now allow intimate in vitro access to cells and tissues94, 95, 
potentially improving long-term coupling as tissue grows or deforms. Bespoke materials 
interfaces enable tight coupling to record interacellular signals from flat surfaces96. Multimodal 
systems combining electrophysiology, impedance, mechanical sensing, imaging, microfluidics, 
and molecular readout provide complementary readouts of a same phenomenon. At the same 
time, multimodality makes the inference problem harder. An oncomorphic controller would 
address this challenge by treating sensing regions as local agents with their own health and 
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confidence, intervening only when confidence is sufficient. Intervention may happen in the 
form of electrical stimulation, perfusion change, altered sampling density, or a decision to not 
perturb the system. In this context, oncomorphic computing represents the coordination layer 
linking multimodal measurement, perturbation, and sequential updating for automated 
biophysics. 

 
Figure 4. Frontier applications in computational biology and digital medicine. (a) Oncomorphic digital twin 
of a heterogeneous tumor, represented as a population of interacting local agents whose internal states are updated 
as new imaging, molecular, pathology, or ex vivo data become available. The twin continuously recalibrates local 
predictions of proliferation, dormancy, resistance, and stress, enabling simulation of individualized disease 
trajectories under alternative interventions. (b) Computational oncology model based on decentralized adaptive 
cancer agents embedded in a spatially structured microenvironment. Each agent integrates internal history with 
local cues such as oxygen, nutrients, drugs, mechanics, and bioelectric state to determine transitions between 
proliferative, quiescent, migratory, or invasive modes. (c) Closed-loop in vitro bioelectronic platform in which 
multimodal sensing regions act as local agents with their own health and confidence estimates. Real-time state 
inference links distributed measurements to adaptive actuation, such as electrical stimulation, perfusion control, 
altered sampling density, or targeted drug delivery, enabling automated perturbation of evolving multicellular 
systems. 

5. Application Frontiers in Robotic Systems 

Here, the oncomorphic paradigm is applied to seemingly different contexts compared with 
those addressed in Section 4, namely robotic systems. We discuss how oncomorphic policies 
might enable continued function under local damage, uncertain sensing, or intermittent 
communication. An agent 𝑖 may represent a space rover node, a joint, a soft actuator, a skin 
patch, a surgical tool, a sensing spot, or a local state estimator. Its health ℎ𝑖 measures the 
integrity of the local hardware or the validity of the local model, its confidence 𝜏𝑖 measures 
how much trust should be placed in its present estimate, its resources 𝑟𝑖 represent compute, 
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memory, power, communication, actuation, or sensing budget, and its mode 𝜎𝑖 determines 
whether it operates at full capability, as a relay, in a compensatory role, or in quarantine (see 
Section 1.1.). Here, we discuss potential applications in deep-space exploration, humanoid 
robotics, soft robotics, surgical robotics, and wearable sensing systems. This focus shift 
compared with Section 4 is made possible by looking at all these applications as fundamentally 
sharing a control and state inference problem, aligning with broader bioengineering 
frameworks of teleonomy and goal-directed behavior in synthetic substrates97. 

5.1. Deep-Space Exploration 

Deep-space autonomy has advanced by teaching spacecraft and rovers to plan, observe, and 
react without waiting for Earth, yet these systems still assume that the machine underneath the 
software remains functional9, 11. The classic planning architecture flown on Deep Space 1 
proved that onboard reasoning could turn mission goals into activity sequences while also 
performing diagnosis and recovery when expected behavior drifted from the model64. Earth 
Observing-1 then allowed onboard event detection to trigger replanning, so observation was 
no longer a passive output of a fixed schedule but a cause of the next decision98. On planetary 
surfaces, this logic was extended further by letting rovers select targets from imaging and 
redirect instruments toward them under compute limits99, 100. Distributed mission concepts later 
widened the scope from a single vehicle to coordinated groups, where communication delay, 
and local resource asymmetry shape what autonomy must achieve101. These studies solved real 
problems, but they mostly treated degradation as an exception inside a stable architecture. From 
the oncomorphic perspective, control should be reorganized around local viability (Figure 5a): 
in a deep-space robot, perception, locomotion, memory, radio, would each carry a compact 
internal state derived from quantities such as energy, thermal margin, and link quality. A rover 
whose drive system becomes energetically expensive would reduce terrain ambition and 
preserve relay instead. In a multi-agent mission, a unit with poor communication could move 
from explorer to navigation reference because the system would evaluate mission goals rather 
than rigid local role. The result is a machine that continuously decides which computations 
remain worth protecting when the original architecture can no longer be fully trusted. 

5.2. Humanoid Robots 

Humanoid robotics is no longer limited by the ability to coordinate the body. This capacity 
became practical in the Atlas, where locomotion, state estimation, and whole-body control were 
integrated into a working system102. More recently, reinforcement learning has shown that 
humanoids can transfer walking policies from simulation to hardware without per-terrain 
retuning, including outdoors and under disturbances, while newer visuomotor and loco-
manipulation systems have begun to treat knees, hands, and trunk posture as active resources103, 

104. What still remains underdeveloped is function preservation under partial bodily decline. 
The field already knows two important things. First, a robot can maintain or rebuild an internal 
model of its own body closely enough to detect and localize damage, then adjust behavior 
around the altered morphology105. Second, it can recover quickly after damage if it searches 
the remaining behavioral space intelligently instead of relying on fixed contingency106. 
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Oncomorphic computing turns these ideas into the normal grammar of control. In a humanoid 
implementation, each joint, tactile region, perception branch, would carry a local viability state 
computed from quantities the machine already measures: temperature rise, covariance growth, 
delay. Those signals would continuously reshape the controller itself. A thermally stressed knee 
would not simply trigger a warning, the optimizer would reduce its authority in push-off and 
reassign work toward safer joints. If leg confidence drops during recovery, the hands could be 
promoted from manipulation organs to braces or probing contacts. The humanoid remains one 
agent, but internally it stops assuming that all parts deserve equal trust at all times. Control 
migrates toward the most competent structures available in the moment, and task identity 
deforms with the viable body instead of with the nominal one. The result is a controller 
organized around graded self-preservation, where locomotion, manipulation, and balance 
survive by reallocating trust, energetic budget, and decision rights across the body as local 
competence changes. 

5.3. Soft Robotics 

In a soft body, mechanics, sensing, and control fail all together. A cut changes compliance, 
signal quality, fluid transport, and actuation at once. That is why the most important advances 
in the field have come from systems that treat damage as a change in the operating logic. 
Liquid-metal composites showed this clearly by maintaining conductive function after 
puncture through autonomous rerouting of electrical pathways, so the circuit did not need to 
remain anatomically intact to remain useful107. Soft fluidic robots then pushed the same 
principle further by combining actuation, damage detection, self-heating, and repair in one 
body, allowing the machine to recognize a damaged state and shift temporarily from action to 
self-protection before resuming operation108. At the sensory layer, self-healing skins and tactile 
structures have shown that fracture does not mean informational collapse, provided the material 
can restore electrical continuity quickly enough and the controller can interpret the repaired 
region as provisional109. Mergeable robotic systems demonstrated that coordinated behavior 
can persist even when the body itself splits or replaces malfunctioning units, which matters 
because morphology in such machines is not a fixed container for control but part of the control 
problem110. Recent octopus-inspired systems deepen this line by embedding distributed sensing 
and local response into the arm itself, so grasping competence emerges partly from 
decentralization111. The oncomorphic approach gives these a common architecture by letting 
every component maintain its own viability estimate, then assemble these values into a body-
wide viability graph, which control reads continuously. If the body can merge or reconfigure, 
the region or module with the strongest global viability can temporarily become the 
coordination root108, 110. This middle condition is where soft robots are most difficult to trust. 
They often remain active, but it becomes unclear which signals are credible and which actions 
are safe to scale. The value of an oncomorphic design is that it supplies an arbitration layer for 
this phase that keeps deciding which regions are reliable enough to govern behavior, which are 
only conditionally usable, and which functions deserve protection while the morphology 
renegotiates itself in real time.  
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Figure 5. Frontier applications of oncomorphic computing in robotic systems. (a) Deep-space exploration. In 
a distributed exploratory mission, partial probe loss and hardware degradation trigger local reorganization rather 
than global failure. Surviving units tighten formation, exchange state through peer-to-peer transfer, and inherit 
residual mission metadata from compromised neighbors to preserve navigation, sensing, and relay capability. (b) 
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Humanoid robot interaction. A humanoid platform experiencing a local mechanical failure, such as an internal 
joint lock, maintains task continuity by drawing on peer-to-peer mesh communication and shared environmental 
representations. Functions such as mapping, coordination, and task execution are redistributed across the network 
to sustain operational fulfillment despite partial bodily impairment. (c) Self-healing robotics. Damage to a 
mechanical actuator tendon induces a transient control reorganization phase, shown by the inset force-versus-time 
trajectory, in which grip behavior becomes temporarily unstable before converging to a stabilized asymmetric 
control mode. This illustrates bounded adaptation in response to structural injury while preserving residual 
manipulative function. (d) Adaptive surgical robotics. Failure of one robotic arm, here represented by an internal 
tension-cable snap, is compensated by workload recruitment from neighboring manipulators, spatial realignment, 
and kinematic remapping of the planned motion. The system preserves procedural continuity through adaptive 
trajectory completion under supervised constraints. (e) Smart wearable sensors. A severe physical tear in an 
electronic garment disrupts part of the sensing substrate, but local nodes continue operation through rerouted 
signal pathways and peer-to-peer metadata exchange. This allows uninterrupted physiological data logging while 
damaged regions are isolated or compensated by surviving sensing channels. 

5.4. Surgical Robotics 

In surgical robotics, during a live procedure, the machine rarely knows all parts equally well, 
yet most architectures still behave as if sensing confidence were globally uniform until a 
threshold is crossed. Recent work already points beyond that assumption. Virtual fixtures and 
active constraints established the idea that safety can be embedded directly into motion by 
shaping tool trajectories around anatomy, task geometry, and forbidden regions rather than 
leaving restraint entirely to the operator112, 113. More autonomous systems such as STAR 
showed that, under structured conditions, tissue tracking, imaging, and specialized 
instrumentation can be assembled into closed loops that perform suturing and anastomosis with 
high consistency114. In parallel, continuum and minimally invasive platforms developed optical 
shape-sensing methods, especially fiber Bragg grating approaches, to recover tool curvature 
and configuration when line of sight is poor, and newer systems now combine geometric 
reconstruction with interaction-aware sensing in the same fiber-based instrument115. These 
advances suggest that safe autonomy in surgery depends mostly on managing several imperfect 
channels. From an oncomorphic standpoint, in a surgical robot, every sensing and inference 
route would maintain its own local state. Endoscopic vision would track blur, occlusion, blood 
masking, and registration drift. Shape-sensing fibers would track calibration quality, strain 
consistency, and whether the current bending regime remains observable. Force surrogates 
would compare expected and measured interaction to estimate model mismatch. Tissue 
classifiers would not merely output labels; they would expose temporal stability and local 
confidence. Even procedural policies would carry a viability estimate, reflecting whether the 
available evidence is actually sufficient for the next substep. These signals would form a live 
trust field across perception, state estimation, planning, and execution. A low-level safety 
kernel would continue to enforce hard anatomical and kinematic bounds, but the higher 
controller would allocate authority according to the present trust field rather than according to 
nominal capability alone. 

5.5. Wearable Sensors 

The central problem in wearable sensing is whether inference remains trustworthy when 
interfaces drift. Skin contact changes with motion, sweat arrives intermittently, microneedles 
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shift, biofouling accumulates, temperature perturbs chemistry. The field has made real progress 
on the hardware side. Epidermal electronics and microfluidics established soft and conformal 
sensors116-118. Integrated sweat platforms then showed how electrochemistry, temperature 
compensation, fluid handling, and wireless communication can be combined in a single on-
body system119. More recent multimodal devices such as epidermal patches now couple 
hemodynamic and metabolic signals, e-skins track physicochemical correlates of stress, 
microneedle platforms support continuous access to interstitial biomarkers, and stretchable 
transistor architectures increasingly push drift suppression into the sensing substrate itself120. 
Battery-free soft sensor arrays have achieved long-term monitoring, for instance pressure-
injury prevention in wheelchair settings where local loading patterns matter clinically121. 
Newer sweat platforms have introduced automated in-sensor regeneration122. What these 
systems still need is a control architecture that treats reliability as distributed and unequal. The 
oncomorphic approach looks at giving each sensing node its own viability state, turning the 
wearable from a collection of smart patches into a distributed network that protects inference 
by negotiating trust, energy, and relevance across the network as conditions change on the body. 
The state would include interface integrity, impedance stability, fluid availability, microneedle 
quality, motion artifact. These values would feed a common trust graph, and the network would 
sample and fuse data according to information value under viability constraints. Meanwhile, 
neighboring thermal, motion, or hemodynamic channels could provide contextual bounds that 
stabilize state estimation while a biochemical sensor recovers, recalibrates, or regenerates120, 

122. At regular intervals, the wearable network solves a small allocation problem: which nodes 
should sample densely, which should transmit, which should spend time recalibrating, and how 
much confidence each stream carries, targeting continuity of trustworthy physiological 
information.  

6. Challenges  

6.1. Integration and roadmap 

Monitoring local health, estimating trust, migrating tasks, and validating changed behavior 
consume time, power, area, and design effort123, 124. This is well established in the literature on 
edge AI, spacecraft electronics, fault-tolerant computing, and implantable systems. A resilient 
architecture that spends too much energy preserving itself can easily defeat its own purpose125. 
For oncomorphic computing, the question is therefore on when adaptation yields more retained 
utility per cost than other strategies17, 125. This issue is immediate in reconfigurable hardware 
such as FPGAs, which already support partial reconfiguration, but the mechanisms carry 
overhead61, 63, 65. The same caution applies to memristive and in-memory substrates, facing 
variability, non-linear programming, retention loss77, 78. In other words, the hardware pieces 
that seem most attractive from an oncomorphic perspective are also the ones that demand cross-
layer compensation. This is also needed in robotics and biomedicine. A wearable or implant 
cannot afford continuous high rate monitoring and adaptation if its battery or wireless budget 
is small. A digital twin updated continuously from noisy clinical streams may become useless 
if its latency exceeds the timescale of intervention. The engineering consequence is that 
oncomorphic systems will almost certainly need hierarchical adaptation: very fast local 
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responses for containment and fallback, slower supervisory processes for remapping and role 
reassignment, and even slower learning loops for policy improvement. Techniques already 
familiar from low-power systems are likely to be part of the solution. The deeper integration 
problem is that health estimation itself must be reliable. If the system misreads drift as damage, 
it will reorganize around the wrong information. The field will advance when it can show that 
health-aware adaptation improves mission-level performance under realistic resource limits. 
Another challenge is preventing the emergence of maladaptive behavior. If supervisory 
constraints are insufficient, distributed local adaptation can generate oscillatory resource 
allocation, instability, or pathological feedback loops. Thus, there is a need for hierarchical 
supervision and bounded adaptation policies instead of unconstrained self-organization. 

Figure 6 shows a potential roadmap. The first implementation in neural agent populations 
shows the central idea of this paradigm: local agents preserve function under resource pressure. 
The immediate next steps are resource-aware continual learning, health-aware distributed 
inference, and explicit mechanisms for state migration and quarantine. These can be tested on 
edge clusters, robotic middleware, and distributed sensing platforms using fault injection, 
intermittent communication, and bounded online adaptation. The next stage links software 
policies to substrates that already exist. Here the relevant milestones are fault-aware FPGA or 
CGRA fabrics, partial reconfiguration, and hybrid digital–in-memory accelerators used under 
digital supervision. In parallel, the same formalism should mature in computational biology, 
where Bayesian multicellular digital twins and closed-loop bioelectronic control offer a 
tractable way to test local adaptation and intervention in systems that are distributed but 
observable. Upon success in the previous two, the third stage is embodied deployment. 
Damage-aware embodied autonomy in robotics, surgical systems, prosthetics, and wearable 
sensing is the long-term target. By that point, the aim is a machine that can narrow its behavior 
intelligently, protect its most valuable functions, and hand over control safely when necessary. 
Progress toward it will depend on the convergence of software and hardware. 

 

Figure 6. Tentative roadmap for the development of oncomorphic computing. Conceptual timeline illustrating 
a staged progression from early software demonstrations to long-term embodied adaptive systems. Near-term 
milestones include oncomorphic neural agents, resource-aware continual learning, health-aware distributed 
inference, and state migration and quarantine. The intermediate stage links these policies to adaptive substrates 
through fault-aware FPGA/CGRA fabrics and hybrid digital–in-memory accelerators, while extending the 
formalism to biology through Bayesian multicellular digital twins and closed-loop bioelectronic control. The 
longer-term horizon targets damage-aware embodied autonomy and, ultimately, uncertainty-aware adaptive 
systems that preserve critical function across software, hardware, and living-machine interfaces under progressive 
damage, scarcity, and partial observability. 
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6.2. Ethics, safety, and validation 

A system designed to preserve function can easily become difficult to control126. If agents are 
allowed to change role, inherit state, down-rank other functions, or refuse low-integrity inputs, 
then the architecture must define in advance which of those transitions are safe, who can 
authorize them, and how they are recorded127. The most realistic path is extensive training and 
supervised adaptation. Existing work already points in this direction. A trusted safety layer 
should remain external to the adaptive substrate and retain the ability to force safe mode and 
preserve immutable constraints on actuation, communication, and data access. This means that 
changes in role 𝜎𝑖, resource transfer, or service migration should be interpretable128. This 
challenge becomes sharper in biomedicine, where digital twins and wearable sensors may 
process personal data and may adapt in response to physiological drift129, 130. In those cases, 
governance is not only about safety, but also about data provenance, user consent, and clinical 
accountability131. That concern already appears in the literature on adaptive medical AI, where 
post-deployment modification and change control are regulated. Similar tensions arise in 
cybersecurity: a system that autonomously reconfigures routes or trust relations may improve 
resilience, yet weak boundaries can make adaptive behavior difficult to distinguish from hostile 
behavior132. The ethical requirement is adaptability regulated by stop conditions and a fixed 
goalset.  

Self-restructuring systems are difficult to verify even when their individual components are 
well understood, and formal verification is demanding because correctness depends on 
observability and environment assumptions123. Oncomorphic systems broaden this already-
existing problem by allowing policies to change placement, function allocation, and 
communication topology during operation. There is already a strong technical base on which 
to build in this space. Autonomous systems offer practical tools for bounding adaptive behavior, 
which could be translated to oncomorphic models by handling mode changes and resource 
transfers as supervised transitions128. An example is showing the route by which a robot stayed 
upright instead of falling, over simply registering the outcome. In software, benchmarks should 
include node loss, delayed synchronization, adversarial participants, and contested resource 
pools. In hardware, they should include single event upset emulation, routing cuts, memory 
corruption, and latency. In robotics, they should include actuator lock, tendon damage, sensor 
drift, occlusion, bandwidth collapse, and controlled loss of redundancy. In biological models 
and digital twins, the equivalent challenges are uncertain state inference, incomplete 
measurements, evolving stress fields, and sequential intervention under uncertainty. The 
metrics proposed in Section 1.1 provide a starting point, to be completed with application-
specific calibration of uncertainty and benchmarking, and the cost of unnecessary adaptation.  

7. Conclusion 

Oncomorphic computing formalizes a new approach to system resilience by shifting the core 
objective of autonomous machines from task accuracy to continuous mission viability under 
scarcity. It abstracts survival mechanisms from cancer biology to provide a mathematical 
framework that bridges software dynamics with adaptive hardware design. In safety-critical 
robotics and wearable diagnostics, treating structural degradation as a dynamic state variable 
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allows distributed networks to maintain operational continuity long after individual 
components suffer physical or logical failure. Conversely, in computational oncology and 
bioelectronics, implementing decentralized agent-based loops offers a pathway to calibrate 
digital twins against the non-stationary trajectories of metabolic and bioelectric dynamics. 
Realizing the full potential of this paradigm requires addressing substantial challenges. The 
computational and energetic overhead of localized state estimation, the physical non-idealities 
of emerging compute-in-memory substrates, and the need for non-adaptive safety boundaries 
to prevent resource loops remain primary technical bottlenecks. Resolving these limitations 
requires a structured co-design strategy. Ultimately, integrating decentralized biological 
survival strategies into digital and analog architectures establishes the theoretical foundations 
to engineer uncertainty-aware systems capable of autonomous structural and functional 
adaptation. 
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