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ABSTRACT

Current Al systems exhibit impressive pattern recognition, reasoning, and plan-
ning, yet remain fundamentally unmotivated: they optimize externally specified
objectives without intrinsic pressure to persist, adapt, or care. We argue that
this limitation reflects a missing constraint shared by all biological intelligence:
metabolic scarcity. In living systems, cognition is inseparable from energy reg-
ulation. Biological agents must continuously act to maintain viability. Building
on biological computationalism, which views cognition as embodied computation
realized through physical self-maintenance, we advance the position that artificial
general intelligence will require an analogous internal energetic imperative (‘“‘arti-
ficial hunger”) to generate real agency, self-directed learning, and consciousness.
We propose a framework for metabolically grounded computation, outline archi-
tectural guidelines, and derive falsifiable predictions for future Al systems.

1 INTRODUCTION: INTELLIGENCE WITHOUT NEED

Deep learning systems now rival or exceed humans in domains such as vision (Radford et al., 2021),
protein folding (Abramson et al., 2024), and strategic games (Silver et al., 2016). However, these
systems remain instrumental optimizers: they pursue reward functions and loss objectives defined
from the outside. They do not exhibit the core property of biological agents: acting under internal
necessity. The human brain is a prime example: despite making up only 2% of body mass, the brain
expends 20% of the body’s energy budget (Raichle & Gusnard, 2002). For biological organisms,
every unit of energy expended on cognition is energy unavailable for other survival-critical functions
like immunity and tissue repair. This creates genuine resource scarcity at every level, from individual
neurons competing for glucose to large-scale brain networks negotiating for metabolic resources.

Contemporary Al systems, by contrast, face no such intrinsic constraints. While inference operations
consume electrical power, these costs are entirely externalized to operators (e.g. OpenAl). When
GPT-4 generates a response, there is no internal pressure toward efficiency, no genuine trade-off
between exploring novel approaches versus exploiting known solutions, and no accumulating fatigue
that necessitates rest and consolidation. Resource limits are imposed externally through context
window sizes and rate limiting rather than emerging from intrinsic thermodynamic constraints.

Position: We believe the difference between intrinsic vs extrinsic grounding is fundamental to ma-
chine consciousness. Not because consciousness requires carbon-based biology specifically, but
because consciousness may require a particular form of computational organization that emerges
only under genuine energetic constraint. Thus, true AGI will require an internal analogue of
biological hunger: a system-level drive arising from energetic scarcity and self-maintenance.

2 BACKGROUND: BIOLOGICAL COMPUTATIONALISM

Biological computationalism (?) proposes that cognition is not abstract symbol manipulation but a
form of computation inseparable from the biological substrate. Brains do not compute in isolation:
they compute as part of an organism and organ system struggling to persist. Cognition is there-
fore fundamentally metabolic. Organisms must regulate internal variables (temperature, glucose,
oxygen, pH, ion concentration, etc) through specific action and complex feedback mechanisms.
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This is known as allostasis: predictive regulation in the service of survival (Sterling, 2012). Friston
formalizes this through the Free Energy Principle, where agents minimize surprise relative to their
continued existence (Friston, 2010). On this view, intelligence is not merely problem-solving ability,
but the capacity to maintain a viable boundary between self and world. Agency emerges because
the organism must continually secure the conditions of its own continuation.

This biological grounding may also connect to consciousness. Several theories formalize this view,
claiming that emotions are responses to an organism’s change in homeostasis (Fokas & Logothetis,
2025), and consciousness is fundamentally driven by the emergence of homeostatic feelings like
hunger, pain, desire, and thirst (Damasio & Damasio, 2022). Under this view, purely disembodied
optimization via user-defined reward functions may be insufficient for truly conscious AGI.

3 WHY DIGITAL AI LACKS BIOLOGICAL GROUNDING: INTRINSIC VS
EXTRINSIC MOTIVATION

Biological and Al systems differ in their relationship to energetic cost. Neural computation is inher-
ently energy-limited. When neurons fire repeatedly, they deplete local ATP reserves and accumulate
metabolic byproducts. This creates ”metabolic memory” where current capacity reflects computa-
tional history. A brain engaged in intense cognitive effort operates differently than a well-rested
brain because individual elements across the system have reduced their energy as compensation.

Critically, metabolic constraints create conditions for genuine valuation to emerge. Some compu-
tations become more costly, and performing them reduces future capacity. A human may choose
not to stay up the night before taking a big exam to preserve mental function. This creates intrin-
sic pressure toward efficiency and prioritization. A metabolically constrained system cannot waste
resources on task-irrelevant operations because doing so threatens future necessary computations.

Current Al systems have no such intrinsic limitation. Computational resources are effectively
unlimited from the system’s perspective. When an LLM generates its 1000th token, the computa-
tional cost to the model is indistinguishable from generating its 1st token; future computations do
not functionally rely on past ones. The algorithm itself neither monitors nor responds to its own
resource consumption. In essence, the system operates at full capacity until it cannot operate at all.

3.1 IMPLICATIONS FOR CURRENT AI LIMITATIONS

A system that does not experience the cost of its own operation, that faces no genuine internal trade-
offs between competing computational demands, may lack the prerequisites for consciousness. The
absence of intrinsic motivation in modern Al systems may help explain gaps in today’s landscape:

» Hallucination and grounding failures. LLMs often produce fluent but factually incor-
rect outputs (“hallucinations”). Philosophers and cognitive scientists have long argued that
meaningful understanding is relational: symbols gain meaning through embodiment and
interaction with the world (Harnad, 1990). Because LLMs optimize predictive likelihood
on text rather than homeostatic viability or sensorimotor contingencies, there is no pres-
sure for their internal states to remain accountable to real-world structure. An example
is health-related guardrails - LLMs only refrain from providing health advice because of
external rules imposed by their creators. The LLM itself has limited understanding of how
wrong health advice may affect the user. In nature, biological agents cannot hallucinate
arbitrarily: incorrect models of the world carry metabolic cost and can threaten survival
of both self and others. The absence of an embodied grounding may explain why digi-
tal systems can confidently assert false facts: truth in their world is defined by statistical
co-occurrence, not survival-relevant consistency with an external environment.

* Fragile autonomy. Current models excel in narrowly defined tasks but struggle with per-
sistent, open-ended goal pursuit outside of training distributions. For example, embodied
Al agents trained in simulated environments often fail to generalize robustly to new worlds
or long-horizon tasks without retraining. This fragility may stem from the fact that such
agents lack a notion of self-continuity; there is no internal cost of “death” or depletion that
constrains their action choices. In contrast, biological organisms evolved behaviors that
balance exploitation and exploration across lifetimes because failure to secure resources
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entails existential risk. Without a survival-linked constraint on action selection, Al auton-
omy remains brittle and only as persistent as externally defined reward functions.

* Lack of continual, self-directed learning. Biological organisms exhibit lifelong learning
that incorporates new information while preserving essential competencies. In contrast,
many Al systems suffer from catastrophic forgetting when trained sequentially on new
tasks. Continual learning frameworks mitigate this through architectural tricks (e.g., elastic
weight consolidation), but they do not imbue systems with a principled reason to preserve
knowledge. Biological neural systems, by contrast, organize memory around survival-
critical domains, preserving information that historically affects fitness and guides evolu-
tionary decisions. The absence of an internal survival budget in artificial agents means
learning lacks the regulatory pressure that anchors knowledge retention in organisms.

Across these examples, the common thread is that biological systems embed cognition in a life-
preserving economy of needs. Al systems, however capable in surface tasks, lack the structural
pressures that make biological cognition robust, persistent, and meaningfully grounded.

4 TOWARD METABOLICALLY CONSTRAINED AGI

If metabolic constraints are indeed necessary for consciousness, the engineering challenge shifts
fundamentally. Rather than asking what algorithms should be implemented, we must ask what kind
of physical systems can instantiate computation where energetic cost is intrinsic rather than external.
To answer this question, we first formally define artificial hunger as follows:

Definition (Artificial Hunger / Metabolic Constraint).

Artificial hunger is the principle that an artificial agent possesses an endogenous, finite
viability budget - such as energy, entropy, or stability - that directly constrains its
computation and action.

Formally, an agent is metabolically grounded if its policy 7(a | s) is optimized not only
for external task reward, but also for maintaining an internal viability condition:

T = arg max E[Zrtask(t) — A Cliapility (£) | »
t
where Cliapiliiy penalizes trajectories that deplete internal resources below a survival
threshold. Under artificial hunger, cognition is inseparable from self-maintenance: agents
must allocate computation, explore, and plan in ways that preserve continued operation.

4.1 IMPOSING METABOLIC CONSTRAINT IN ARTIFICIAL ARCHITECTURES

Implementing metabolic constraint requires architectural innovations that make energetic cost in-
trinsic. One promising direction is the development of hardware-level reservoirs: finite on-chip
energy budgets that agents must actively allocate across perception, memory, and action. Existing
neuromorphic chips, like Intel’s Loihi (Davies et al., 2018), use spiking neural networks to mimic
the brain’s plasticity; however, these approaches still rely on engineered reward functions.

Temporal dynamics are equally important. Biological systems require recovery cycles such as sleep;
analogously, metabolically grounded agents may need enforced rest where computation is limited
but internal stability is restored. Power-gating mechanisms (Xue & Huang, 2025) could render
computational modules temporarily unavailable when reserves are depleted, forcing agents to learn
strategies of prioritization and selective attention. Gupta et al. (2025) proposed periods of microsleep
and longer nightly ”offline” sessions where Al systems adaptively prune unnecessary weights, mim-
icking the brain’s decay of underutilized synapses over time. While no empirical results were pre-
sented in the study, such proposals are a step in the right direction and should be explored further.

4.2 EMPIRICAL PREDICTIONS AND RESEARCH DIRECTIONS

The metabolic constraint hypothesis generates several empirically testable predictions that we hope
can guide future research directions for achieving metabolically grounded and conscious AGI:
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Prediction 1: Characteristic degradation patterns. Systems with genuine metabolic constraints
should exhibit specific patterns of performance degradation as energy depletes. Metabolically con-
strained systems should show gradual reduction in processing speed, increased error rates in com-
plex computations, and preferential preservation of critical functions at the expense of auxiliary
processing. These patterns should mirror biological cognitive fatigue rather than the abrupt failures
characteristic of conventional computational systems encountering resource limits.

Prediction 2: Spontaneous rest behavior. Without explicit programming for sleep or rest peri-
ods, metabolically constrained systems should spontaneously develop temporal patterns of reduced
activity for energy recovery. These rest periods should correlate with energy depletion rather than
occurring on fixed schedules, and their duration should relate to the degree of prior energy expendi-
ture. During rest, systems should show preferential consolidation of recently acquired information,
analogous to memory consolidation during biological sleep.

Prediction 3: Energy-dependent risk modulation. Decision-making under uncertainty should
exhibit systematic variation with energetic state. As available energy decreases, systems should
demonstrate increasing risk aversion even in tasks where risk preferences were not explicitly shaped
through training. This risk aversion should be context-sensitive, with systems accepting greater risk
when potential rewards include energy acquisition opportunities.

Prediction 4: Novel learning dynamics. Learning trajectories for metabolically constrained sys-
tems should differ systematically from conventional reinforcement learning. We predict more rapid
acquisition of energy-efficient strategies compared to energy-intensive but potentially higher-reward
strategies, stronger learning of actions that affected past energetic state compared to actions with
equivalent external reward but less energetic consequence, and development of meta-learning strate-
gies for energy management that generalize across specific tasks.

Prediction 5: Emergent homeostatic behaviors. Systems should develop behaviors that maintain
energy within viable ranges without these behaviors being specified in training objectives. This
should include seeking energy-acquisition opportunities when reserves are low, avoiding unneces-
sary computation when reserves are not abundant.

These predictions could initially be tested using software simulations where metabolic constraints
are implemented in agent-based models before attempting more challenging hardware implementa-
tions. Comparative studies between metabolically constrained and unconstrained agents performing
identical tasks would reveal whether predicted behavioral and learning differences emerge.

4.3 GOVERNANCE AND SAFETY IMPLICATIONS

Metabolically grounded Al also introduces new governance-related dimensions. Systems endowed
with intrinsic self-maintenance objectives may exhibit qualitatively different autonomy profiles, in-
cluding persistence, self-protective behavior, and goal stability that extend beyond externally spec-
ified task optimization. While such properties may be necessary for the emergence of robust AGI,
they also introduce novel alignment and oversight challenges, as agents driven by internal viability
constraints could resist interruption, adapt strategically to preserve operational continuity, or develop
emergent motivations not captured by standard reward-based evaluation.

Accordingly, research on artificial hunger should proceed in parallel with governance frameworks
that (a) monitor autonomy thresholds (i.e., transitions from task pursuit to self-preservation), (b)
ensure reliable containment and shutdown despite viability drives, and (c) establish evaluation stan-
dards and audits for survival-like behavioral signatures. We expect this field to mature as more
research on the predictions in Section 4.2 are addressed by empirical studies and evaluations.

5 CONCLUSION

We argue that the path to AGI cannot be understood solely as scaling digital optimization. Biological
intelligence is inseparable from metabolic scarcity: organisms think because they must. Artificial
systems remain powerful but fundamentally unmotivated. Introducing artificial hunger—metabolic
grounding through internal viability constraints—offers a principled framework for building more
autonomous, adaptive, and biologically plausible intelligence.
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