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Despite remarkable advances in artificial intelligence (AI), building agents 
that can autonomously pursue goals while adapting to continuously 
changing environments remains a fundamental challenge. Living organisms 
naturally exhibit such adaptive autonomy, offering a compelling source 
of inspiration for how artificial systems might achieve similar capabilities. 
Here we focus on interoception—the process of monitoring and regulating 
internal bodily states to maintain internal homeostasis—which underwrites 
an organism’s survival. Developing interoceptive AI requires abstracting 
internal states from their biological instantiation into functional and 
mathematical representations that are applicable to artificial systems. 
This requires explicit factorization of state variables representing internal 
and external environments, together with mathematical formalization of 
life-inspired properties governing internal-state dynamics. Importantly, 
internal states can also function as universally available and intrinsically 
valuable contexts, serving as stable reference signals that modulate 
learning and behaviour under changing external environments. In addition, 
interoception-related biological processes, such as neuromodulatory 
mechanisms, can be incorporated to support context-dependent adaptive 
behaviour. Overall, this Perspective presents a unified account on how 
interoception can enhance autonomy and adaptivity in artificial agents by 
integrating insights from cybernetics with recent advances in theories of 
life, reinforcement learning and neuroscience.

Although notable advances in artificial intelligence (AI) have led to 
remarkable achievements in many domains, such as language models, 
arcade games, visual processing and quadrupedal robot walking1–4, 
these successes have largely been achieved under task-specific, exter-
nally defined objectives and relatively stable conditions. However, 
building autonomous and adaptive agents remains an open challenge. 
To be autonomous, agents must make decisions and execute actions 
depending on their own goals. To be adaptive, agents must be able to 

dynamically reconfigure their state representations in response to 
changing environments and adjust their actions accordingly. Con-
ventional artificial agents, however, rely on pre-engineered inputs 
to establish new goals5 and are often incapable of adapting to envi-
ronmental changes6. These challenges are particularly important, as 
many industrial fields increasingly demand more capable agents for 
complex tasks such as robot exploration and rescue tasks in space. In 
these tasks, robots must manage system health and complete missions 
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this framework, we integrate the original concepts from cybernetics 
and combine them with recent theoretical work on life and reinforce-
ment learning (RL)11,12 to formalize the internal state as a ‘universal 
and valuable context’—universal because, even when external cues 
are sparse, ambiguous or rapidly changing, internal states provide 
a consistently available, task-agnostic source of contextual informa-
tion, and valuable because they are intrinsically linked to the reward 
system11,12. Furthermore, by incorporating insights from robotics13–15, 
AI16 and neuroscience17–20, we emphasize the significance of modulatory 
computations that leverage the internal state as a context, suggesting 
a promising direction for advancing autonomous and adaptive AI. We 
argue that this framework holds the potential to address critical chal-
lenges in RL research, such as the exploration–exploitation trade-off 
and the stability–plasticity dilemma, while also serving as a computa-
tional framework for interoception and affect21,22.

The remainder of this Perspective is organized as follows. We first 
review interoception in both natural and artificial agents, emphasiz-
ing its regulatory roles across biological and engineered systems. We 
then outline the key elements required to implement internal states 
in artificial agents and formalize them within an extended Markov 

autonomously with minimal human intervention7,8. To overcome these 
challenges, new ideas from other fields need to be integrated into exist-
ing AI frameworks, and we can draw inspiration from living organ-
isms. These organisms exhibit inherent autonomy and adaptivity—for 
instance, even single-cell eukaryotes can adjust their goals based on 
their needs and varying conditions9. Additionally, living organisms 
possess innate values, reflecting evolutionarily shaped preferences10, 
to avoid or escape hostile environments to preserve their well-being. In 
essence, living agents inherently know how to choose their own goals 
and adapt their behaviours in response to changing environments, 
with the primary goal of maintaining homeostasis within their internal 
environment—a crucial factor for survival (Fig. 1a).

In this Perspective, we propose an interoceptive AI framework that 
endows an artificial agent with an internal environment and interocep-
tive inputs, which could provide contextual information that supports 
both autonomy and adaptivity. This framework aims to provide a gen-
eralizable abstraction of internal states and their contextual role for the 
modulatory mechanisms to build an agent that can maintain homeo-
stasis within its internal environment state, which requires the ability 
to monitor its internal state (that is, interoception). In developing 
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Fig. 1 | Interoception for autonomous and adaptive agents. a, Challenges in 
training artificial agents. Examples of dynamically changing environments 
(top) and goals (bottom), which are the two main targets of the interoceptive 
AI framework. These are substantial challenges in current AI systems. Top 
(adaptivity): animals can adapt to novel and changing environments by utilizing 
stable internal values (for example, the cost of being too hot, cold or wet) 
without explicit training. Unlike animals, however, robots have no internal values 
and thus find it difficult to adapt to changing and new environments. Bottom 
(autonomy): animals can easily perform flexible actions with dynamically 
changing goals, but robots need a designer’s additional instructions to change  
their goals. b, Interoception in the brain. Interoception has a crucial role in 
providing a stable and context-dependent reference for humans and animals.  
For example, reward signals are generated from the internal environment 

(upwards arrow) and report an organism’s homeostasis (for example, thirst). 
Interoception then serves to contextualize exteroception in the brain, making 
some stimuli (for example, beverages) more salient than others to achieve 
homeostasis (for example, amount of water in the body). The brain can also send 
a descending control and regulatory signal (downwards arrow) to the body  
(for example, allostasis)49,116. Interoception is known to have an essential role in  
diverse cognitive and affective functions and their interactions. c, Relevant 
RL frameworks. Left: the conventional RL framework without an internal 
environment state. In conventional RL, rewards stem from the external 
environment state. Right: a previous study117 proposed an alternative model to 
study intrinsically motivated behaviours, which suggests that reward signals 
should come from the internal environment.
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decision process (MDP) framework. Building on this formalization, 
we present one example implementation of interoceptive AI. We sub-
sequently examine neuromodulatory mechanisms as a potential com-
putational link between internal states and autonomous and adaptive 
behaviour. Finally, we discuss how interoceptive AI can function as a 
computational model of interoception and affect. We conclude by 
considering broader implications, including ethical considerations 
and future directions.

Interoception for natural and artificial agents
Interoception indicates a biological process to monitor the physiologi-
cal variables constituting internal states (or internal milieu23), such 
as glucose levels, oxygen levels and blood pressure24. This internally 
oriented process is, as the name indicates, a contrasting concept to 
its counterpart, ‘exteroception’, a typically known perceptual process 
to monitor sensory stimuli in the external environment. In neurosci-
ence, interoception has been actively studied in conjunction with 
other mental faculties such as feelings25–27, emotions28–30, cognition31, 
psychopathology32 and consciousness33, highlighting its pivotal roles 
across various mental functions of agents (Fig. 1b). While interoception 
is traditionally defined as afferent sensing, its functionality is opera-
tionally part of a closed feedback loop with efferent regulation. This 
core cybernetic principle, which integrates the interoceptive sensing 
with control to enable stability and error correction, has also been 
adopted in diverse engineering fields11,34. For instance, in the field of 
space robotics and aerospace, methods for monitoring the structural 
integrity of hardware, such as plastic deformation and fatigue dam-
age, or overall system fault detection, have been studied and imple-
mented, yet under different names, such as ‘prognostics and health 
management’ or ‘integrated system health management’35,36. Modern 
AI technologies, such as deep learning, have recently been integrated 
with these systems to predict and manage complex system health37–39. 
Building on this principle of internal monitoring, the interoceptive AI 
framework provides a unifying abstraction that can help extend such 
capabilities to a broader class of embodied agents. For example, in 
physical AI systems40,41, interoceptive representations can support 
disaster-response robots in regulating internal stress or pressure 
under extreme conditions, assist household service robots in manag-
ing overheating and mechanical wear, and enable logistics agents to 
track actuator fatigue over prolonged operation.

A critical aspect of interoception lies in its integrative and regu-
latory functionality17,42,43. For example, natural agents (that is, living 
organisms) continuously monitor their internal physiological states 
while performing complex tasks and adapt their actions based on their 
internal states. Significant deviations in variables such as glucose lev-
els or body temperature prompt animals to prioritize restoring these 
variables to homeostatic ranges. This results in autonomous shifts in 
goals, such as switching from exploring the environment to foraging 
for food or seeking a suitable place to regulate body temperature44–46. 
This adaptive mechanism, often described as allostasis, reflects predic-
tive and context-sensitive regulation driven by learned expectations 
and anticipated future demands47–49, in contrast to the more reactive 
nature of homeostasis50. Within the brain, such mechanisms depend 
on coordinated, distributed modulation across multiple brain systems. 
The neuroanatomical structure of the interoceptive signal pathway, 
which passes through the brain’s modulatory centres, is positioned to 
influence higher-order association brain areas17, including the prefron-
tal cortex, insula and anterior cingulate cortex, regions important for 
abstracting value representations51 and multimodal integration52–56. 
These characteristics may provide valuable insights for the develop-
ment of autonomous and adaptive artificial agents.

Previous research in robotics has introduced artificial neuro-
modulatory and neuroendocrine systems to enhance autonomy and 
adaptivity, yet without fully leveraging interoceptive mechanisms 
in living organisms57–60. For instance, it has been demonstrated that 

neuromodulatory systems can be introduced to induce behavioural 
changes in robots, allowing them to adapt more effectively to their 
environment by dynamically modifying behaviour in response to 
newly incoming information61. Similarly, artificial neuroendocrine 
systems have been employed to adjust parameters, emulating hormo-
nal mechanisms to modulate a robot’s sensitivity to stimuli58. These 
hormonal adjustments can regulate tolerances and sensitivities to both 
internal and external conditions (for example, a robot in an energy-rich 
environment tolerates larger energy deficits), thereby promoting 
adaptation to diverse environments. Despite these advancements, 
however, most studies remain focused on specific tasks or algorithms, 
lacking an integrative framework that incorporates ideas from neuro-
biological mechanisms of interoception into the design of artificial 
agents or robots to foster the development of more autonomous and 
adaptive agents7,8.

Basic elements for implementing internal states
The first step for developing interoceptive AI is the implementation of 
internal states in artificial agents. This can be achieved by adopting a 
functional interpretation of internal states, drawing on concepts from 
cybernetics and modern theories of life. Such an approach requires 
a shift from a spatio-anatomical perspective (that is, internal states 
confined within a biological body) to a functionalist view, acknowledg-
ing that natural and artificial agents can have distinct forms of internal 
states, with artificial agents operating at an abstract level. The basic 
functional characteristics of internal states include (1) factorization, 
(2) stable state dynamics and (3) being a source of primary reward.

The first characteristic, ‘factorization’ with respect to the exter-
nal environment, is a fundamental feature of living organisms. For 
example, internal states in humans, such as body temperature, are 
‘factorized’ or separated from external variables such as ambient tem-
perature. This factorization allows agents to insulate their internal 
variables effectively, thereby establishing a clear boundary between 
themselves and their surroundings. By explicitly considering internal 
states, the interoceptive AI framework endows an agent with an internal 
milieu that is distinct from its external environment. Specifically, the 
factorization enforces internal and external states to have their own 
state dynamics62—for instance, the dynamics of body temperature can 
be distinguished from those of environmental temperature. Impor-
tantly, the factorization does not eliminate the interactions between 
these states. For example, ambient temperature can influence body 
temperature, but this interaction is mediated by boundary states, 
such as the skin, allowing for selective influence of external states on 
internal ones, unlike the direct interactions among external states. 
This selective interaction contributes to the second characteristic 
of internal states: relative stability compared to external states. For 
instance, while the temperature of the external environment may 
vary throughout the year, the human body consistently maintains a 
temperature of ~36.5 °C. However, this stability does not arise auto-
matically from factorization; it requires active regulation through 
negative feedback mechanisms, in a process known as homeostasis63. 
Furthermore, successful regulation requires active engagement with 
the external environment while seamlessly integrating internal and 
external information. Lastly, maintaining homeostasis serves as the 
primary source of reward for living organisms—that is, survival64–66. 
Deviations of internal states beyond their optimal range, known as the 
viability zone, lead to failure to survive. In this sense, internal states 
can be viewed as a set of variables that define the survival of an agent.

These characteristics are inspired by living organisms, laying the 
groundwork for understanding how internal-state variables guide 
and regulate their internal and external actions in real-life situations. 
Internal states with these characteristics have the potential to serve 
as a universal and intrinsically valuable context, meaning that they 
provide consistent and structured information that is important for 
survival and remains relatively stable despite external variability. In the 
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case of living organisms, internal physiological states such as glucose 
levels, body temperature and other physiological states act as reference 
points for interpreting the environment and determining appropriate 
actions. By relying on the internal-state information, living organisms 
effectively predict and calculate rewards and adapt to continuously 
changing external environments42.

These ideas have important antecedents in earlier literature, but 
their further development and exploration have been limited, prob-
ably due to their origins in distinct and unconnected fields and the 
lack of an integrative framework. For example, the idea of establishing 
a functional and computational link between internal-state variables 
and survival was first proposed in cybernetics by W. Ross Ashby11. He 
described an organism as a dynamical system and introduced the 
notion of essential variables—an abstracted form of the internal-state 
variables that define survival. Examples of essential variables in animals 
include body temperature, glucose levels and blood pressure, all of 
which must be maintained within specific bounds to ensure survival67. 
A related idea emerged from the RL field, where Singh et al.68 proposed 
to divide state variables into internal and external ones, with inter-
nal states providing the reward signal. More recent studies have also 
explored the concept of homeostasis in the context of RL by incorporat-
ing the idea of internal states63,69. Our interoceptive AI framework builds 
on and extends these efforts by treating internal states not merely as 
sources of reward, but as universal and valuable contextual variables 
and modulatory signals that shape learning and behaviour. This gener-
alization brings together previously disconnected conceptual threads 
and is intended to motivate future research into the computational and 
functional implications of interoceptive principles.

We can achieve this by formalizing the internal states within the 
MDP framework, which can then be applied to diverse domains such 
as transportation, manufacturing and financial modelling, providing 
a novel perspective on the functionality of the internal states beyond 
physically embodied agents70 (Box 1). The basic set-up for implement-
ing internal states in the interoceptive MDP framework involves three 
major steps: (1) factorizing internal states by separating their state 
transition probabilities from those of external states, (2) applying 
selective (or sparse) interactions between internal and external state 
transition probabilities, and (3) mapping the primary reward function 
onto the dynamics of internal states (Fig. 2). These steps represent the 
bare minimum for the implementation of internal states, providing 
a foundational framework upon which researchers can incorporate 
additional interoception and life-inspired features. This general for-
mulation formalizes and extends existing ideas. For example, homeo-
static RL has previously demonstrated the viability of reward mapping 
onto internal dynamics. However, the explicit factorization of internal 
states and their placement within non-stationary external environ-
ments enables a new interpretation; that is, internal states can serve as 
universal contextual variables—which can be deployed across diverse 
situations—that modulate cognition and behaviour. This redefinition, 
in turn, generates new problem settings that were not furnished by 
previous frameworks, as elaborated in the following section.

Implementing interoceptive AI and the  
EVAAA benchmark
One example of instantiating the interoceptive AI framework 
comes from the recently proposed EVAAA (Essential Variables 

BOX 1

Markov decision process
Markov decision processes (MDPs) are a well-established framework 
for formalizing sequential decision-making problems87. They are 
defined with a set of states s ∈ S at any given time step, and at each 
step, an agent selects an action a ∈ A to maximize the total reward (or 
minimize cost). In an MDP, the state transitions occur based on a state 
transition probability, which defines the environment’s dynamics. This 
probability determines how likely a previous state s transitions to the 
next state s′, given that the agent performs an action 
a ∶ p(s′|s, a) ≐ P{St+1 = s′|St = s,At = a}. The action results in a reward 
for an agent at each step. The reward is determined by a reward 
function that assigns a single numeric value, denoted as r, to each 
state-action pair: rt = R(st, at). The objective of an MDP is to select an 
action (or a sequence of actions) that maximizes the cumulative 
reward in the long run. Reinforcement learning (RL), a branch of AI 
research, relies on MDPs to solve various decision-making problems. 
Many RL algorithms utilize a value function, which represents the 
total amount of expected reward starting from the initial state s while 
following a particular policy π (the probability of selecting possible 
actions given a state): vπ(s) ≐ Eπ{∑

∞
k=0γ

kRt+k+1|St = s}, where γ is a 
discount factor for future rewards. While the components of an MDP, 
such as states, state transition probabilities and reward functions, can 
be flexibly configured to meet research objectives, it is essential to 
adhere to the mathematical constraints of the MDP. For example, the 
MDP framework is constrained by the Markov property, which posits 
that each state encapsulates all relevant historical information. In 
cases where states are not fully observable, the partially observable 
Markov decision process (POMDP) can be used119. The POMDP 
introduces an observation function (a.k.a. likelihood or emission 
function) to establish a probabilistic mapping between states and 

observations, enabling agents to infer states based on observations. 
Further expanding on POMDP, the mixed observability Markov 
decision process (MOMDP) incorporates states with varying levels of 
observability120. This adaptability highlights the versatility of the MDP 
framework, allowing it to accommodate diverse problem settings by 
introducing different types of mathematical constraint.

Although conventional RL models typically assume stationary 
MDP, in which state transition probabilities and reward functions 
remain unchanged over time121, this stationary assumption is often 
violated in real-world scenarios6,122. Living organisms, for instance, 
frequently encounter situations where their tasks and goals are 
continuously changing (that is, non-stationary reward functions), and 
their environments are also changing (that is, non-stationary state 
transition probabilities). To address this non-stationarity problem, 
multiple approaches have been proposed (for a comprehensive 
review on this topic, see ref. 6), with some using factorized task 
state variables to represent dynamically changing tasks122,123. Our 
interoceptive AI framework adopts a similar strategy by factorizing 
the state space into internal and external states, with internal 
states having greater stability. A unique aspect of our approach 
lies in the interpretation of stationary components as internal 
physiological states, which we endow with multiple life-inspired 
features. Although detailed physiological states are too complex 
to implement directly, we abstract the shared computational 
role of internal states—a role supported by theoretical work on 
autonomy, dynamical independence, nonequilibrium processes and 
informational boundaries124–130. At the same time, we acknowledge 
that fully characterizing and implementing their detailed biological 
mechanisms remains an open direction for future research12,63,69.
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in Autonomous and Adaptive Agents) benchmark71. EVAAA is an 
open-source three-dimensional (3D) survival simulation platform 
designed to train and evaluate embodied, egocentric agents that incor-
porate the core principles of interoceptive AI (Fig. 3). It implements 
the proposed MDP formulation, translating abstract principles into 
concrete, experimentally testable tasks. State factorization is explic-
itly implemented in EVAAA. The total state space is divided into (1) an 
external state, encompassing non-stationary external environmental 
conditions—such as changing obstacle types and positions, chang-
ing field temperature, and day–night cycles—captured through rich 
multimodal sensory inputs (for example, egocentric vision, olfaction, 
thermoception); and (2) an internal state, defined by multidimensional 
essential variables such as satiation, hydration, body temperature and 
damage. These essential variables represent the minimal physiological 
requirements for survival and provide a universal contextual reference 
for adaptation across diverse environments.

The benchmark consists of two complementary domains: (1) 
a progressive survival curriculum, in which agents learn to main-
tain multiple essential variables across increasingly complex, 
dynamic environments; and (2) a suite of unseen experimental test-
beds, inspired by animal behavioural experiments, including the 
‘two-resource choice task’, where agents must select among compet-
ing resources based on internal needs, and the ‘risk-taking task’, where 
agents weigh potential bodily harm against resource acquisition. 
These testbeds are designed to probe generalization under novel 
external perturbations. This design operationalizes two central prin-
ciples of interoceptive AI. First, homeostatic regulation serves as the 
primary organizing mechanism. A single homeostatic reward function 
applies universally across both training and testing phases to guide 
behaviours, requiring no task-specific redefinition. This differs from 
conventional RL frameworks, which require prespecified rewards. 
Second, internal states serve as a universal context: beyond their 
role in reward computation, they provide stable reference signals 
that ground adaptive behaviour even in unfamiliar or non-stationary 
environments, enabling a unified control architecture to generalize 
across tasks and conditions.

By preserving a stable interoceptive context across changing 
environments, the benchmark creates the ideal conditions to test how 
robust modulatory mechanisms could enable learning and adapta-
tion under volatile conditions. Its MDP-based, algorithm-agnostic 
formulation enables systematic comparisons across different classes 
of algorithm. Model-free RL allows agents to reactively correct devia-
tions in internal states, reflecting homeostatic control50. When aug-
mented with model-based or predictive components, agents can 
anticipate future deviations and proactively adjust internal set points 
or behaviours—an artificial analogue of allostatic regulation47–49. The 
survival-based metrics further enable researchers to assess which 
algorithms produce more adaptive behaviour and better leverage 
internal-state context to influence learning, memory, motivation and 
decision-making, thereby linking theoretical insights with empirical 
evaluation in interoceptive AI.

We note that the EVAAA benchmark, and the interoceptive AI 
framework more broadly, are intended as foundational and exploratory 
abstractions, rather than high-fidelity models of biological mecha-
nisms of interoception. The full representational diversity, sparse 
interaction, and dynamics of interoceptive signals, as well as their 
multisensory integration, remain in the early stages of understanding 
in biology. Accordingly, our current framework does not attempt to 
replicate the full biological details, but instead abstracts the shared 
computational roles of interoceptive signals as contextual modulators 
of learning and control. EVAAA should therefore be viewed as a scaffold 
for future work, enabling systematic investigation of internal-state 
representations and modulatory mechanisms under controlled con-
ditions. Future extensions may incorporate richer, hierarchical and 
multiscale implementations that more closely approximate biologi-
cal complexity. In addition, by operating in a simulation-first setting, 
EVAAA also provides a principled environment in which the poten-
tial risks—such as refusal-like behaviours, misaligned priorities or 
over-prioritization of internal needs—can be systematically probed 
through controlled perturbations of internal variables while task goals 
are held fixed, before such implementations are considered for integra-
tion into more advanced models or real-world robotic systems.
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Fig. 2 | Basic elements for implementing internal states. This figure provides 
an example of interoceptive AI in MDPs. a, Conventional RL. Such models only 
consider external states. For example, Sutton and Barto’s RL textbook says 
that “anything that cannot be changed arbitrarily by the agent is considered to 
be outside of it”87. In this framework, the reward function is mapped onto the 
external states. b, Interoceptive AI. The basic set-up for implementing internal 
states can be summarized as follows. (1) Interoceptive AI introduces the internal 
states into the model through state factorization. (2) Interoceptive AI formalizes 

stability by structuring internal states to interact selectively or sparsely with 
external states through boundary states. (3) The reward originates from the 
internal states: reward is absorbed into the internal-state dynamics because the 
reward can be expressed in terms of some measure of distance from an internal 
set point (that is, attracting sets of internal states). c, In living organisms, the 
set point (or set points) of the internal states underwrites self-organization and 
emerges through natural learning and selection118. By contrast, interoceptive AI 
remains artificial because its set point can be determined by a designer.
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Neuromodulatory computations for 
interoceptive AI
Neuromodulatory functions serve as a key mechanism that bridges 
internal states with autonomous and adaptive behaviours, as previous 
neuroscience literature has highlighted the role of a neuromodulatory 
process in mediating the interactions between the body and the brain to 
maintain homeostasis and facilitate adaptive responses to dynamically 
changing environments17,20,42. In Drosophila, for example, several stud-
ies have shown that internal states such as hunger can modulate sen-
sory processing through neuromodulatory mechanisms, influencing 
foraging behaviour. During starvation, short neuropeptide F enhances 
sensitivity to food-related odours via the DM1 glomerulus, while tachy-
kinin suppresses aversive responses in the DM5 glomerulus, enabling 
adaptive foraging72. In addition, beyond sensory-driven behaviours, 
internal states can dynamically shape the balance between exploration 
and exploitation, with nutrient-deprived Drosophila tending to exploit 
specific food patches while satiated flies engage in broader explora-
tion, thereby optimizing future foraging opportunities73,74. Moreover, 
metabolic cues influence memory formation, as hunger modulates 
both the encoding and retrieval of learned food associations through 
neuromodulatory circuits in the mushroom bodies75–77.

To implement modulatory mechanisms in artificial systems, it 
is essential to abstract their computational functionalities, which 
primarily involve modulating neuronal sensitivity to inputs78. Within 

the proposed interoceptive AI framework, both neuromodulators 
and hormones can be computationally unified under the broader 
notion of neuromodulation42. In this view, both serve as mechanisms 
that translate internal states into adaptive control signals, differ-
ing only in their temporal and spatial scales of influence, with neu-
romodulators acting relatively locally and rapidly and hormones 
acting relatively globally and more slowly79. These computations 
ensure the efficient encoding of sensory information through two key 
mechanisms: multiplicative gain modulation, which amplifies relevant 
signals to enhance signal-to-noise ratios, and additive gain modula-
tion, which adjusts neural excitability to maintain a balance between 
responsiveness to new inputs and the stability of ongoing processes. 
Combined with interoceptive inputs—proposed as universal and valu-
able contexts—these mechanisms could have a crucial role in enabling 
context-dependent adaptive responses by dynamically regulating the 
system’s functionalities80.

The neuromodulatory mechanisms have been applied in 
robotics60,81 and RL82,83 to design adaptive robots and AI agents. For 
instance, neuromodulators such as dopamine, serotonin, acetylcholine 
and noradrenaline have often been formalized as hyperparameters, 
with neuromodulation conceptualized as the tuning of hyperparam-
eters, including reward sensitivity, exploration–exploitation bal-
ance, and learning rates60,82. In addition, a Bayesian interpretation 
of neuromodulatory computation suggests that neuromodulators 
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Fig. 3 | Overview of the EVAAA benchmark for implementing interoceptive AI. 
This figure illustrates the integration of external non-stationary environments 
and internal-state regulation in a virtual environment platform for Essential 
Variables in Autonomous and Adaptive Agents (EVAAA). a, EVAAA adopts a two-
tiered design consisting of a naturalistic training curriculum with progressively 
increasing complexity (levels 1–4) and a set of controlled experimental testbeds 
that are unseen during training and used exclusively for evaluation. Training 
environments (left) support survival-oriented behaviours such as resource 
foraging, obstacle navigation, predator avoidance, and adaptation to day–night 
cycles. Experimental testbeds (right) isolate specific cognitive and behavioural 
tests—including two-resource choice, risk-taking, collision avoidance, multi-goal 
planning and spatial navigation (Y maze)—to assess autonomy and adaptivity 

under internal-state constraints. This separation between training and testing 
environments introduces non-stationarity and distributional shift, highlighting 
the role of internal states as a source of task-agnostic contextual information. 
Across all environments, red cubes represent food resources, and blue cubes 
represent water resources. b, The EVAAA agent maintains multiple essential 
internal variables (for example, satiation, hydration, temperature and damage), 
which evolve through interaction with the environment and are continuously 
monitored via interoceptive signals. These internal states generate intrinsic 
reward signals and provide contextual input that can be used to implement 
modulatory computations, shaping learning dynamics, exploration–
exploitation balance, and policy adaptation. Blue shaded boxes indicate features 
emphasized in the EVAAA framemwork.
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encode uncertainty or its complement, precision20. These concepts 
have recently been extended to deep neural networks, incorporating 
a primary network for task processing and an auxiliary neuromodula-
tory network that dynamically adjusts the primary network’s weights 
and activations based on contextual inputs. This architecture has 
been shown to mitigate catastrophic forgetting by regulating syn-
aptic plasticity, enabling the system to preserve previously learned 
knowledge while accommodating new information via the selection of 
sub-networks in a context-dependent manner84–86. Building on these 
developments, interoceptive AI proposes using internal states as a 
universal source of contextual signals for modulatory control under 
a non-stationary environment.

Interoceptive AI incorporating modulatory mechanisms has the 
potential to address several long-standing dilemmas in AI. One such 
dilemma is the exploration–exploitation trade-off, in which agents 
risk missing potentially better outcomes by adhering to known actions 
(that is, exploitation) or failing to utilize known actions effectively due 
to excessive exploration87. The common approach in RL to address this 
dilemma involves using ad hoc novelty-based intrinsic rewards, encour-
aging agents to explore more when encountering novel situations in 
their environment88–91. However, in non-stationary environments, this 
method can result in persistent exploration, as agents would continu-
ously encounter novel situations90,91.

The interoceptive AI framework offers a life-inspired, internal- 
state-driven alternative. As the animal literature shows, the decision to 
explore or exploit is often driven by internal needs42,73: a hungry animal 
exploits its existing knowledge to locate food, whereas a satiated ani-
mal explores new territory. EVAAA offers one concrete instantiation 

of how this principle may be implemented in practice. For example, 
an agent with low satiation (that is, hungry) must learn an exploitative 
policy to take the fastest path to food. In contrast, an agent with high 
satiation can afford an exploratory policy to search unknown areas to 
find other resources. This provides a concrete testbed to quantify and 
mechanistically test the neuromodulatory control of the agent’s policy 
based on the internal state.

Another dilemma is the stability–plasticity trade-off, a long- 
standing challenge in machine learning92 and RL research6. It arises 
when agents must balance retaining prior knowledge (stability) with 
incorporating new information (plasticity) in non-stationary environ-
ments. Current AI systems often suffer from catastrophic forgetting, 
where new learning overwrites previously acquired knowledge. In the 
conventional RL framework, agents operating in volatile environments 
struggle to determine which information to retain or update due to a 
lack of predefined assumptions regarding environmental stability.

The interoceptive AI framework has the potential to address this 
dilemma by leveraging the stability of internal states, even in the pres-
ence of a non-stationary external environment. EVAAA could be a 
concrete example to implement this. In EVAAA, the external environ-
ment is highly non-stationary (for example, day–night cycles modulate 
temperature, predators appear, and resources are randomly gener-
ated or change their appearance). This confronts the agent with a 
constant stability–plasticity problem: it must learn new information 
(plasticity) without overwriting old, critical knowledge (stability). An 
interoceptive agent can use its stable internal state as an anchor. For 
example, a neuromodulation mechanism could use the internal state to 
select different sub-networks in neural networks for different contexts  
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Fig. 4 | The interoceptive AI framework for affective neuroscience.  
a, Interoceptive AI as a computational model of interoception and affect. 
Conventional AI models have provided a useful framework for the study of 
perceptual and cognitive functions, such as vision, navigation and memory (the 
yellow area). They usually consider only the mental functions and processes 
pertaining to extra-personal environments (for example, exteroception), and 
thus they are not suitable for studying internal environment-related functions, 
such as emotion, pain and interoception (the red area). Alternatively, the 
interoceptive AI framework encompasses an internal environment, providing a 
computational model for interoception-related functions and their interactions 
with exteroception-related functions. b, Interoceptive active inference: a 
computational model of interoception. According to interoceptive active 
inference, an internal environment state is considered hidden from the brain. 

The brain only has access to the observations that the internal and external states 
generate (the generative process), and, based on the observations, the brain 
forms an internal model of how the observations are generated (the generative 
model). In interoceptive active inference, the brain is assumed to engage 
autonomic reflexes to realize homeostatic set points for attracting sets. The 
distance between interoceptive inputs and set points is measured by the surprisal 
(or prediction error) in the same way that exteroceptive predictive coding uses 
surprisal or prediction errors for perception and proprioceptive prediction 
errors for motor function. The main focuses of interoceptive active inference 
include belief updating, required to generate appropriate (interoceptive) set 
points in the form of predictions and allostatic control and contextualizing the 
precision of accompanying prediction errors.
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(for example, a ‘daytime/safe’ network versus a ‘nighttime/danger’ 
network)84, allowing it to adapt while preserving core knowledge.

Interoceptive AI as a computational model of 
interoception and affect
The interoceptive AI framework could serve as a computational model 
for interoception and affect (Fig. 4a). With remarkable advances in AI, 
neuroscientists have begun to use AI agents as computational models 
of cognitive functions93. By comparing the AI agents’ behaviours and 
neural representations with those of humans or other animals, one can 
study the underlying neurocognitive principles that are often difficult 
to investigate using traditional experimental methods in neurosci-
ence. However, implementing this approach requires well-defined 
tasks for AI. Compared to cognitive and decision-making processes, 
interoception and affect-related processes currently have limited tasks 
for testing. Recently, researchers have proposed that homeostasis and 
allostasis can offer key testable bases to study affective neuroscience22. 
Also, other researchers have emphasized the importance of distinguish-
ing different types of reward in understanding emotional experiences: 
one originating from bodily built-in value systems, referred to as proxy 
rewards or shaping, and the other originating from internal states, 
that is, primary rewards10,65,94. These approaches, along with founda-
tional sub-cortical accounts27, reflexive/pre-reflexive mechanisms, and 
standard learning models (for example, Pavlovian, habitual), provide a 
rich theoretical backbone for computational modelling. Furthermore, 
the relationship between emotions and homeostasis has been studied 
in the context of robotics13–15,95. Building on all this prior knowledge, 
interoceptive AI is intended as a general computational formalism that 
can be used to study key topics in affective neuroscience.

Previous studies have proposed computational models of intero-
ception using different algorithmic solutions, such as RL, distinct 
interoceptive predictive coding accounts21,96, and active inference30, 
all of which can be integrated into the interoceptive AI framework. 
Among these, active inference is one such approach that shares many 
of the same commitments (Fig. 4b). Although interoceptive AI focuses 
more on formalizing the internal states for their contextual roles, and 
active inference emphasizes the belief-updating or inference pro-
cesses associated with self-organized behaviour, both rest upon the 
constraints imposed by internal states or interoceptive modalities. 
The primary question addressed by active inference is ‘How do living 
organisms persist while engaging in adaptive exchanges with their 
environment?’97 In many respects, answering this question amounts to 
formulating the fundamental concepts of interoceptive AI. In addition, 
one of the unique contributions of active inference to the conventional 
RL framework is to replace the reward function with prior preferences97, 
which, in the context of interoceptive AI, can be interpreted as inter-
nal set points or attracting sets of internal states. Active inference 
has also been compared with conventional RL approaches98–100, sug-
gesting its ability to effectively handle dynamically changing goals101 
and non-stationary external environments102, again the two primary 
objectives that the interoceptive AI framework pursues. Recently, 
active inference has been applied to interoception, leading to the 
development of interoceptive active inference30,103, which provides a 
computational account of interoception and affect21,22,104.

Expanding on this foundation, precision weighting is emerging as a 
key mechanism in active inference that is particularly relevant to intero-
ceptive AI, as it governs the extent to which prediction errors influence 
belief updating20. In active inference, prediction errors are signals that 
indicate discrepancies between expected and actual sensory inputs. 
However, not all prediction errors are equally reliable; some carry 
more meaningful information than others105. This selective emphasis 
on certain prediction errors over others allows for more flexible and 
adaptive behaviour, as the brain can prioritize important signals while 
filtering out noise. This precision-weighting mechanism is intricately 
linked to neuromodulation, for example by dopamine, acetylcholine, 

noradrenaline, and serotonin, which regulate the precision of sensory 
signals, including interoception20. In active inference, precision modu-
lation serves as a principled mechanism that integrates two distinct 
computational mechanisms—neural gain control and hyperparameter 
tuning. Neural gain control dynamically regulates the excitability of 
neural circuits, determining how strongly prediction errors influence 
belief updates. Simultaneously, precision modulation is akin to adjust-
ing the generative model’s parameters, allowing the system to adapt 
flexibly to non-stationary environments, much like hyperparameter 
tuning in RL. By incorporating these principles from active inference, 
the interoceptive AI framework seeks to provide a formalized model 
of interoceptive processes and affective states, advancing our under-
standing of their computational and neural underpinnings.

Ethical implications of interoceptive AI
Introducing internal regulatory variables into artificial agents raises 
several lines of ethical enquiry that merit continued exploration. If 
an agent derives intrinsic reward from maintaining its internal vari-
ables, could these homeostatic objectives sometimes compete with 
user-specified missions? It is also reasonable to ask whether interocep-
tive mechanisms might eventually interact with how artificial agents 
represent or respond to human welfare. A further concern arises from 
long-standing associations between embodiment, interoception and 
conscious experience in biological organisms: might internal state 
representations, even in simplified AI systems, edge artificial agents 
towards properties that observers interpret as subjective feelings? 
These questions highlight areas where the field does not yet have 
consensus and where additional theoretical and empirical work will 
probably be required.

Our framework offers one potential avenue for engaging with 
these issues. Homeostatic variables, although central to the agent’s 
learning dynamics, need not operate as independent survival goals. 
They can instead be embedded within a hierarchical objective structure 
in which user-defined tasks remain primary, and internal regulation 
acts as a constraint that enables goal pursuit rather than competing 
with it. This organization aligns with many autonomous systems cur-
rently operating: a planetary rover cannot perform geological sampling 
when battery temperatures exceed safe limits; a drone may interrupt a 
mapping mission if its rotors overheat; and a service robot may throttle 
its motors or seek charging when experiencing internal strain or low 
energy. In these examples, maintaining ‘bodily health’ is instrumental 
to mission feasibility, not a competing objective. Whether similar 
hierarchical relationships will continue to hold as agents become more 
adaptive and open-ended remains an open question that warrants 
further investigation.

The question of alignment with human values also invites broader 
reflection. One perspective, motivated by work in social neurosci-
ence and computational models of artificial empathy, suggests that 
prosocial tendencies may require self-maintenance mechanisms 
that allow an agent to represent or approximate the internal states of 
others106,107. Biological and social examples, such as caregiving, coop-
erative foraging or helping behaviours, have been studied within this 
framework108–110. In one recent study it was proposed that prosocial 
behaviour in artificial agents may require some form of coupling or 
inference over other agents’ homeostatic variables, as explored in 
multi-agent RL work on homeostatic empathy111. These ideas remain at 
an early stage, but they raise intriguing possibilities for how artificial 
systems might eventually incorporate socially grounded motivations. 
In this context, it is relevant that the current interoceptive AI frame-
work models only self-directed internal variables and does not include 
mechanisms for social inference, affective coupling, or sensitivity to 
the internal states of humans or other artificial agents. Should future 
research explore such directions, it would probably introduce a sepa-
rate set of ethical and conceptual considerations regarding how arti-
ficial agents represent, prioritize and respond to the states of others.
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Finally, there is an emerging concern that as artificial agents 
become more embodied and capable, observers may increasingly 
ascribe consciousness or subjective experience to them based on 
functional resemblance rather than on genuine computational founda-
tions112. Such interpretations could arise even when a system lacks the 
architectural features that current theories propose as prerequisites 
for conscious experience, such as global broadcasting, higher-order 
representations or metacognitive self-models113. In our context, intero-
ception and embodiment contribute to adaptive functioning, but they 
remain insufficient for consciousness on their own. Many autono-
mous robots already manage internal variables such as battery levels, 
actuator strain or thermal limits to maintain operational health, yet 
these forms of bodily regulation carry no implications of subjective 
awareness8,37,38. Clarifying these distinctions may help temper prema-
ture interpretations, but the prospect of increasingly sophisticated 
interoceptive systems raises substantive ethical questions about 
how such agents might be perceived and evaluated, underscoring 
the importance of sustained scrutiny and broader interdisciplinary 
discussion moving forward.

Concluding remarks
Here, drawing inspiration from living organisms, we have introduced 
the interoceptive AI framework, crafted to enhance the autonomy and 
adaptivity of artificial agents through the incorporation of an internal 
environment into the traditional AI framework. The proposed system 
enables an agent to monitor its internal state and adaptively recalibrate 
its goals and responses to cope with environmental changes. According 
to Claude Bernard114, “the stability of the internal environment is the 
condition for the free and independent life”, and Singh et al.115 noted 
that “all rewards are internal”. We believe that our life-inspired ideas of 
state factorization, mapping rewards onto the internal state dynamics, 
and integrating neuromodulatory mechanisms will serve as essential 
building blocks for building autonomous and adaptive intelligence. 
More importantly, our aspiration is that our interoceptive AI frame-
work will deepen our understanding of animal and human intelligence.

Notably, the capabilities enabled by interoception in AI systems 
could potentially raise ethical and moral considerations. Recognizing 
these concerns, we emphasize the importance of fostering careful 
discussions and building a consensus aligned with human values on 
ethical and governance issues with the development and application 
of interoceptive AI systems. Such efforts are essential to ensure that 
these technologies are developed and utilized in ways that uphold 
societal values and benefit humanity.
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