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Abstract

Although the concept of the "agent" is central to artificial intelligence and intelligence science, it has
long lacked a unified formal definition. This paper systematically analyzes interdisciplinary
theoretical frameworks, establishing "agents are open information processing systems" as the first
principle. Using a state-space covering method, we derive the Minimal Complete Architecture
(MCA) of agents: any agent can be reduced to a combination of five fundamental functions—Input,
Memory, Generation, Control, and Output. These five functions constitute a logically self-consistent
and irreducible closed loop of information processing. Based on this architecture, we construct a five-
dimensional capability space and, through ternary discretization (Null-0 / Finite-1 / Infinite-2), derive
a '"Periodic Table of Agent Capabilities" comprising 243 forms. This periodic table covers the complete
evolutionary spectrum from zero intelligence to omniscience; it not only explains typical systems—
including thermostats, biological organisms, and Large Language Models (LLMs)—as well as
observers in classical mechanics, relativity, and quantum mechanics, but also predicts theoretical
agent forms yet to be observed. Furthermore, the paper unifies and interprets 19 core concepts, such
as perception, learning, and attention, as combinations of these five fundamental functions, thereby
verifying the universality of the architecture. In particular, from the perspective of functional axioms,
this paper reveals the essential isomorphism among biological intelligence, artificial intelligence, and
physical observers: they are all information processing systems of varying intelligence levels set by
their respective physical or biological constraints.

Keywords: minimal complete architecture of agents; five-dimensional capability space; periodic table
of agent capabilities; axiomatic theory

1. Introduction

The concept of the "agent" is central to artificial intelligence and Intelligence Science. From
Turing's philosophical inquiry into machine thought in the 1950s [1] and the rise of distributed
artificial intelligence in the 1980s [2], to the significant reasoning and planning capabilities
demonstrated by Large Language Models (LLMs) in 2022 [3], this concept has continuously evolved
across academic research and industrial applications. However, despite the widespread usage of the
term "agent," its precise definition has long been trapped in a "conceptual Tower of Babel": diverse
paradigms—such as symbolism, connectionism, cognitive architectures, and embodied
intelligence —remain fragmented, lacking a unified formal framework. This absence of a foundational
definition not only hinders the systematic development of theory but also constrains the
standardization process in engineering practice.
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The history of scientific development indicates that when foundational concepts in a field remain
controversial for extended periods, returning to the functional essence and establishing a minimal
axiomatic system is often key to breaking the deadlock. Watson and Crick established the minimal
complete set of life coding with four bases [4]; von Neumann defined the automated process of
general-purpose computation using five functional units [5]; and the Standard Model of particle
physics unified matter and interactions with a finite set of particles [6]. These paradigms reveal a
common principle for constructing foundational theories: substituting physical reductionism with
functional decoupling and ensuring completeness through a minimal set.

By systematically reviewing theoretical frameworks —including Shannon's information theory,
Schrodinger's open system theory, Simon's research on the nature of artificial systems, Friston's free
energy principle, and Russell's definition of agents —this paper reveals an interdisciplinary consensus:
"Agents are open information processing systems" [7-9].

Based on this consensus, we derive the Minimal Complete Architecture (MCA) of agents via the
state-space covering method. We demonstrate that any agent can be reduced to a combination of five
fundamental functions: Input (I), Output (O), Memory (M), Generation (G), and Control (C). These
five functions constitute a logically self-consistent and minimally complete closed loop of information
processing; that is, they are functionally irreducible (the absence of any function would destroy
theoretical completeness) and provide full state-space coverage (exhausting all possible dimensions
of information processing).

To achieve the leap from qualitative description to quantitative analysis, this paper further
constructs a Five-Dimensional Capability Space. By applying ternary discretization (Null-0/Finite-
1/Infinite-2) to each functional dimension, we derive a "Periodic Table of Agent Capabilities”
comprising 243 potential forms. This theoretical landscape covers the complete evolutionary
spectrum from the initial state of zero intelligence to the theoretical limit of omniscience and
omnipotence, demonstrating strong explanatory and predictive power: it not only uniformly maps
inanimate matter, simple mechanical devices, biological intelligence, and artificial intelligence into
the periodic table, but also, for the first time, incorporates observers in physics into the same
evolutionary landscape. Whether it is "Laplace's Demon" in classical mechanics (the Omniscient
Agent) , the "Ideal Observer" in relativity restricted by the speed of light and light cones (the
Restricted Omniscient Agent) , or the realistic "Quantum Observer" in quantum mechanics strictly
constrained by the Heisenberg Uncertainty Principle and thermodynamic laws (the Typical Finite
Agent), each is precisely located as a specific parametric instance within the distinct dimensions of
the periodic table. Furthermore, the map predicts theoretical forms not yet observed, such as "Isolated
Agents" that possess rich internal cognition but are completely severed from their environment.

To verify the universality of this architecture, this paper interprets 19 core concepts —including
perception, learning, attention, and alignment—as combinations of the five fundamental functions.
This successfully bridges the long-standing terminological divide among cybernetics, cognitive
science, and computer science, demonstrating the validity of the Minimal Complete Architecture as
a general framework.

As an axiomatic system, the Minimal Complete Architecture is independent of any specific
physical substrate or technological paradigm. Whether an agent is constituted by the neural networks
of carbon-based life, the logic circuits of silicon-based chips, or the various forms of observers in
different physical theories, as long as they satisfy the constraint relations of the five functions, they
are equivalent in the essence of information processing. This conclusion profoundly reveals the
underlying isomorphism among biological intelligence, artificial intelligence, and physical observers,
providing a logically self-consistent and substrate-independent axiomatic framework for
constructing a foundational theory of artificial intelligence and for quantitatively analyzing the role
of observers in physics from an information-theoretic perspective.
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2. The Axiom of the Minimal Complete Architecture of Agents

2.1. Theoretical Basis

Despite more than half a century of accumulated research, the field of agents has consistently
lacked a unified foundational architecture. Cybernetics emphasizes feedback stability (Wiener 1948)
[10]; behaviorism emphasizes stimulus-response (Brooks 1991) [11]; rationalism emphasizes utility
maximization (Russell & Norvig 2010) [12]; and the era of large models has proposed the
combinatorial paradigm of "LLM + Tools + Memory" (Wang et al. 2024) [13]. These definitions either
focus on software logic while neglecting physical constraints, or focus on mechanical control while
neglecting cognitive emergence; each approaches the subject from a specific perspective but fails to
reveal the common essence of agents.

This theoretical fragmentation not only hinders the systematic development of the discipline but
also limits cross-paradigm technological integration. To break through this predicament, we must
look beyond phenomena to the essence. A survey of cornerstone theories—such as Shannon's
information theory [14], Turing machine theory [15], Wiener's cybernetics [10], and the von Neumann
architecture [16]—along with existing definition frameworks for agents, reveals their common
attribution at the physical level: an agent is essentially an open system that processes information.
This insight is not an isolated theoretical hypothesis but a consensus conclusion spanning physics,
life sciences, cognitive science, and artificial intelligence.

From the perspective of the ontological status of information, Wheeler's "It from Bit" hypothesis
elevates information to the core of physical reality [17]; Landauer demonstrated the physical
necessity of information processing through the "energy cost of information erasure” [18]; and Lloyd
even views the entire universe as a quantum computer [19]. These works collectively establish the
foundational status of information processing as a physical process.

From the perspective of system openness, Schrodinger revealed in What is Life? that life combats
thermodynamic degradation by extracting negative entropy from the environment [20]. Prigogine's
theory of dissipative structures further proves that any system maintaining complexity must
continuously exchange matter, energy, and information with the environment; openness is not a
design choice but a thermodynamic necessity [21].

In the field of cognitive science, this view has been systematically elucidated. Simon explicitly
proposed that the essence of artificial systems is information processing systems [8], and Newell's
physical symbol system hypothesis attributes intelligence to the physical manipulation of symbols
[22,23]. From the perspective of cybernetics, Wiener revealed the universality of feedback loops in all
goal-oriented systems [10]. The embodied and embedded turn in modern cognitive science has
further reinforced this framework: Varela's embodied cognition emphasizes that intelligence
originates from the cyclic coupling of perception and action [24]; Clark's extended mind theory
defines cognitive systems as open information processing circuits embedded in the environment [25];
and Friston's free energy principle unifies the description of biological intelligence as open systems
that minimize prediction error through active inference, where cognition is no longer a closed internal
representation but the information dynamics of the co-evolution of agent and environment [26].

In engineering practice, this consensus has become the standard paradigm. Russell defines an
agent as an entity that "perceives through sensors and acts through actuators" [12]; Sutton's
reinforcement learning framework formalizes the agent as an environment interactor within a
Markov Decision Process [27]; and the emergent capabilities of large language models provide new
verification for this view: despite lacking physical sensors[28], GPT-series models interact with the
environment through text interfaces, and their essence of input-processing-output is no different
from that of robots [29].

However, although "agents are open information processing systems" has become an
interdisciplinary consensus, existing frameworks mostly remain at the conceptual level or focus on
specific implementations, consistently lacking a systematic demonstration of their minimal complete
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set of functions. In the next section, based on the principle that "agents are open information
processing systems,” we will derive the five-function Minimal Complete Architecture of agents.

2.2. Establishment of the Five-Function Axiom

Based on the consensus that agents are open information processing systems, we employ the
state-space covering method to derive their Minimal Complete Architecture (MCA) [30]. This method
examines the full lifecycle evolution of an arbitrary information unit $\xi$ within the system,
logically exhausting all possible dimensions of information processing.

2.2.1. Internal-External Interaction Dimension: Input and Output

The first dimension is the internal-external interaction of information. As an open system, an
agent necessarily possesses a "self-environment" boundary [31]. The flow of information relative to
this boundary has only two possibilities: entering the system from the environment (Input, I) or
flowing from the system to the environment (Output, O). This binarity exhausts all possibilities of
information interaction across the system boundary.

Shannon's information theory designates the "source" as the starting point of the transmission
chain [32]; the Turing machine achieves cross-boundary information flow through "reading/writing
tape symbols" [33]; and the von Neumann architecture completes data exchange via input/output
devices [34]. In Cybernetics, Wiener further emphasized that the Effector is a necessary mechanism
for the system to act upon the environment [10]. Whether through physical measurement by sensors,
motor drive in robots, or the sensory organs and limb movements of humans, they all express the
fundamental capability of the system to interact with the environment informationally [35].

If the Input function is missing, the system degenerates into a closed self-circulating structure,
unable to perceive environmental changes. For example, an autonomously running clock, despite
having Output (hand rotation), Memory (gear state), and Control (escapement regulation), cannot
calibrate against real time or respond to external settings (such as an alarm function), operating only
on a fixed cycle.

If the Output function is missing, the system becomes a "brain in a vat," unable to translate decisions
into actions. For example, patients with "Locked-in Syndrome" retain intact perception, memory, thought,
and intent, but due to the almost complete loss of motor function (capable only of blinking), they cannot
express ideas or execute actions, severing the causal link with the environment [36].

Thus, Input and Output exhaust the flow of information in the dimension of internal-external
interaction.

2.2.2. Internal Processing Dimension: Memory and Generation

The second dimension is the internal processing of information. Once information enters the
system, two independent binary dimensions exist internally: retention (Memory) versus non-
retention (Forgetting); and addition (Generation) versus non-addition.

The former corresponds to the Memory function (Memory, M), where information is preserved
within the system for subsequent retrieval. The von Neumann architecture separates "Memory" from
the computing unit, clarifying the independence of information retention [38]; connectionism implies
memory within the distribution of network weights. When retained information is no longer held
due to decay, it can be viewed as the loss of memory, i.e., forgetting. Ebbinghaus's forgetting curve
reveals the law of exponential decay of memory strength over time [39], while neuroscience attributes
forgetting to the weakening of synaptic connections or neuronal apoptosis [40]. Memory and
forgetting together constitute the dynamic process of memory change.

If the Memory function is completely absent, the system degenerates into a memoryless Markov
process, where output is merely an instantaneous response to current input, unable to establish a
causal link between history and the present [37]. For example, a simple thermostat has Input
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(temperature sensor) and Output (heater switch), but lacking Memory, it cannot learn user habits or
optimize energy consumption strategies.

The latter dimension corresponds to the Generation function (G). If a system can only repeat
inputs or reproduce memories, it cannot cope with novel situations or produce creative outputs. The
"mutation” function in evolutionary algorithms [41], the probabilistic branching of non-deterministic
Turing machines [42], and the sampling mechanisms of modern generative Al [43] all reveal the
system's ability to generate new information. This indicates that information within the system can
undergo splitting, recombination, and emergence, producing new content outside the set of
memorized information.

If the Generation function is missing, the system becomes a deterministic mapper. For example,
a tape recorder has Input (microphone), Output (speaker), and Memory (tape), but it can only
reproduce recorded content and cannot generate new musical works.

To clarify the boundary between Memory and Generation, we provide an operational definition
based on the evolution of the set of information elements: the system maintains a set of information
elements, and the impact of the processing on the set determines the function type: invariant or
decreasing elements correspond to memory-related operations, while increasing elements
correspond to Generation.

This definition adopts a "pan-Generation" concept: any process leading to the expansion of the
information element set is regarded as Generation, whether the mechanism is random sampling,
deterministic computation, or complex reasoning. This avoids reliance on subjective concepts like
"determinism" or "novelty," transforming the criterion into an objective detection of set changes.

Thus, Memory and Generation functions exhaust the states of information in the dimension of
internal processing.

2.2.3. Information Processing Regulation Dimension: Control Function

The third dimension is the regulation of information processing. The four information
processing functions derived above exist in two states during operation: controlled operation and
uncontrolled operation. Controlled operation corresponds to the Control function (Control, C),
meaning the system can regulate the operational intensity and synergistic patterns of the Input,
Output, Memory, and Generation functions. Uncontrolled operation corresponds to the absence of
the Control function.

Wiener's cybernetics defines system regulation through "negative feedback" [44]; the Turing
machine uses a "controller" to determine state transitions [45]; and the control unit in the von
Neumann architecture is responsible for instruction scheduling [38]. Together, they express the
regulation and coordination of system operations. Control itself does not directly process information
but indirectly influences information flow by regulating the operational states of I, O, M, and G. This
characteristic of "processing about processing” makes it an independent meta-level function.

If the system lacks Control: even if all information processing functions are intact, it can only
operate unchanged or change passively, or operate incoordinately due to failure of coordination. For
example, patients with Attention Deficit Hyperactivity Disorder (ADHD) have normal perception,
action, memory, and Generation capabilities, but due to impaired control functions, they cannot
effectively allocate attention resources, leading to multi-tasking coordination failure [46]. A
phonograph without regulation functions can only play stored sounds at a fixed volume, unable to
dynamically adjust output intensity based on environmental noise or user preference.

Thus, the Control function exhausts all possibilities in the dimension of information processing
regulation.

2.2.4. Proof of Minimal Completeness

The above discussion covers all basic capabilities of an open system processing information
through five functions across three dimensions—internal-external interaction, internal processing,
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and regulation of information processing—thus possessing completeness. Simultaneously, they are
mutually independent and irreplaceable, possessing indispensability, i.e., minimality.

This architecture strictly adheres to Occam's Razor: all seemingly independent higher-order
intelligent behaviors can essentially be reduced to the emergent combination of these five
fundamental functions, without the need to introduce a sixth function.

Taking the high-level human intellectual activity of "Invention" as an example, this complex
cognitive process can be fully deconstructed into the synergistic operation of the five major functions:

Step 1: Goal Setting (C). The Control function establishes the target strategy of "creating a new
tool" based on homeostatic needs or external instructions.

Step 2: Material Preparation (M+I). The system retrieves prior knowledge (schemas) from
Memory and receives external Input as raw material in real-time.

Step 3: Creative Recombination (G). The Generation function performs non-deterministic
mutation, combination, and simulation on the material, leading to the emergence of a brand-new
conceptual framework.

Step 4: Solution Solidification (C+M). The Control function evaluates the feasibility of the new
solution and stores the verified solution into Memory, forming long-term knowledge.

Step 5: Physical Implementation (O). Through the Output function, the innovative conceptual
blueprint in memory is transformed into physical modification of the external environment, solidified
as an invention outcome.

It should be noted that these five steps are not a strict linear sequence; the actual invention
process often involves multiple cycles (e.g., discovering infeasibility in Step 3 and returning to Step
2 to prepare materials again), but each cycle is still composed of these five types of functions without
the need for new foundational functions. This case demonstrates that even the highest-order creative
activity does not require the introduction of additional foundational functions. The axiomatic
decomposition of more intelligent concepts such as learning, reasoning, and planning will be
systematically expounded in Chapter 3.

Synthesizing the above arguments, the five-function set {I, O, M, G, C} constitutes the Minimal
Complete Architecture of agents, as shown in Figure 1. However, it must be clarified that the
completeness of this architecture depends on the foundational consensus that "agents are open
information processing systems," thus possessing an axiomatic nature: under the premise of
accepting this consensus, the minimal completeness of the five functions is a logical necessity.

—— Data Flux (1)
==~ Control Flux (Params)

Control

©

Generation
(©))

Figure 1. Minimal Complete Architecture of Agents.

Just as the parallel axiom in Euclidean geometry cannot be proven independently of its
definitions yet possesses universality within its applicable scope, the five-function architecture has
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received substantial empirical support within current mainstream paradigms of artificial intelligence
and cognitive science. We validate the robustness of this architecture by continuously mapping it to
other intelligence-related concepts; the greater the number of concepts that can be mapped, the more
robust the architecture is shown to be. However, as it is impossible to map all conceivable concepts
exhaustively, it remains essentially an axiom. Its value lies in its expressive sufficiency and theoretical
robustness as a unified framework.

2.3. Formal Definition

Based on the demonstration of minimal completeness in Section 2.2, this section formally
establishes the Axiom of the Minimal Complete Architecture of Agents, as shown in Figure 2, and
provides its strict mathematical formalization.

Axiom 1 (Axiom of Minimal Complete Architecture of Agents, Definition of MCA)

The Minimal Complete Architecture of Agents is an open information processing system
composed of five functions: Input (I), Output (O), Memory (M), Generation (G), and Control (C).

Its mathematical form is defined as a 5-tuple:

MCA = {C,G,M,0,T}

Before elucidating the dynamical mechanisms of each function, we first define the systems state
space and types of information flow:

Definition 1: Environmental Space (£2)

Let () be the state space of the external environment, where w € () represents the specific
configuration of the environment at a certain moment.

Definition 2: Internal State Space (S)

Let S be the set space of the agents internal persistent information, where s € S represents the
agents current internal state configuration (i.e., the sum of "memory").

Definition 3: Transient Information Flow (T)

Perception Flow Ii.,,s: Transient signals produced by the Input function.

Generation Flow Gy, Transient thought products produced by the Generation function.

Let T € lians Y Girans represent a transient information instance.

Definition 4: Memory Centrality Constraint

Define liuns and Gyys as transient. If a transient information T isnot mapped into S via the
Memory function M, then this information cannot be accessed in the systems subsequent sequence
steps.

Definition 5: High-Level Function and Basic Functions (C, Pee)

Define the Control function (C) as a high-level function, and define the functions that directly
process information under control as basic functions:

Foase = {1, O,M, G}.
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~ == Theoretical Limit (Q)
K1 = LLM (Arrow-shaped)
‘ = Human (Shield-shaped)

Figure 2. Schematic Diagram of Capability Structure Differences among Three Types of Agents.

2.3.1. Input Function: Perceiving the Environment

The Input function (I) establishes a perception channel between the environment and the agent,
mapping the environmental state to the agents transient perceptual information.

Q- L 1=1(0)

Mechanism Analysis: We define I as a Stateless Pure Function. This means that for the same
environmental stimulus ®, the input function always produces the same raw signal 1. This formal
definition strictly distinguishes "Input (In)" from "Memory (M)" in logic: the former is an immediate
mapping of the present, possessing instantaneousness; the latter relies on the persistent intervention of

M.

2.3.2. Output Function: Modifying the Environment

The Output function (Out) transforms the agents internal state into physical action upon the
environment, driving the evolution of the environmental state.

0:SXQ->Q, o =0(,0)

Mechanism Analysis: The agent generates a new environmental configuration ® based on the
current internal state S (containing decision instructions) combined with the current environment
®. Notably, O only executes instructions from S and does not possess information memory
capability; this achieves the decoupling of the Actuator from the decision center. Furthermore, the
persistence of environmental change (the continued existence of ®) originates from the physical
inertia of the environment itself, not the continuous action of O, thereby distinguishing
instantaneous "action" from delayed "effect". It is important to note that although formally written as
a direct mapping to €, in physical implementation, Out essentially outputs a driving force or
control signal, driving the evolution of the environmental state w through the physical laws of the
environment.

2.3.3. Memory Function: Preserving Information
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The Memory function (M) is the systems sole Configuration Transition Operator, responsible
for transforming transient information into a persistent state.

M: (Itrans U Gtrans) X S - S' S, = M(T’ S)

Mechanism Analysis: M receives transient information T from Input or Generation,
combined with the current state S, to update it to a new state s'. In this formal system, any
Information Propagation over Time must and can only occur through the space S. Therefore, M is
the unique hub connecting the past and the future. If the case S C's (reduction of the information
set) occurs during the update process, it is regarded as the forgetting or deletion of information.

2.3.4. Generation Function: Generating New Information

The Generation function (G) is responsible for generating new information elements not present
in the original set based on existing persistent information (covering high-order cognitive activities
such as calculation, reasoning, planning, and imagination).

G:S = Gyany €= G(5)

Mechanism Analysis: Unlike I, which relies on external inputs, G utilizes solely the internal
state S as its domain, embodying the endogeneity of the agent. The core characteristic of the
Generation function is that its output g must constitute an increment of information not previously
present in the original S.

According to the operational definition proposed in Section 2.2.2, Generation is explicitly
defined as the process resulting in the expansion of the set of information elements. This definition
adopts the concept of "pan-Generation": any process leading to the expansion of the information
element set is considered Generation, regardless of whether the mechanism involves random
sampling, deterministic computation, or complex reasoning, thereby avoiding reliance on subjective
concepts such as "determinism" or "novelty."

Simultaneously, the product g is transient; for the result of Generation to influence subsequent
behaviors, it must be re-solidified back into S via the memory function M. This mechanism
provides a theoretical explanation for why a "flash of inspiration" fades rapidly if not recorded in a
timely manner —if the instantaneously generated new information is not persisted into the internal
state space, it is lost in the subsequent moment. Consequently, Generation and memory form a
complementary cycle: Generation generates new possibilities, whereas memory transforms them into
persistent knowledge.

2.3.5. Control Function: Meta-Control and Function Scheduling

The Control function (C) acts upon the basic function space Z,s., responsible for dynamically
configuring the activation state, resource allocation, and priority of each function.

C: S X Fpase = Param(‘%ase)' g‘base

$= C(S, ‘%ase)

Where Param(F) represents the parameter configuration space of F, including dimensions
such as activation state, resource allocation, priority, and thresholds.

Mechanism Analysis: C reads the control policy stored in S to dynamically regulate the basic
functions. Since the control policy itself is stored as information in S (can be updated by M,
optimized by G, or accept external instructions), this endows the agent with extreme adaptability: it
can not only learn "what to do" (updates at the information level) but also evolve "how to do" (meta-
learning at the policy level). The sources of policies can be summarized into three categories:

The first category is Innate,Genetic strategies encoded in the initial state Sg;

The second category is Acquired, External rules internalized through the (2 = I = M path;
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The third category is Emergent,Innovative strategies autonomously deduced through the S —
G = M path.

It is worth noting that these three types of strategies can interact: innate strategies provide initial
biases, acquired strategies correct deviations, and emergent strategies generate transcendent new
strategies based on both.

2.4. Five-Dimensional Capability Space

To quantify performance differences among different agents, we introduce the concept of a
capability space. For any agent A, the performance of its functional components can be mapped into
a five-dimensional vector:

Cap(A) = (¢, Kg, Ku, Ko, K1) € [0, +o0]°

Where each dimensional component K; denotes the capability value of that dimension, taking
values within the non-negative real number set [0, +o<]:

K; = 0: Indicates the complete absence of this functional dimension (theoretical lower bound);

Kj = +o°: Indicates that the function tends toward infinity (theoretical upper bound).

Although in physical reality, K; is necessarily finite (i.e., K; < +©°°) due to limitations imposed
by thermodynamic laws and matter-energy constraints, the introduction of +o° in the theoretical
model is intended to accommodate idealized agent forms such as Turing machines (infinite Memory
tape) or Laplaces' Demon (infinite computational power), thereby ensuring the universality of the
theoretical framework.

To intuitively demonstrate the descriptive power of this metric space, we selected three
representative agent forms—Large Models, Humans, and the Ultimate Ideal Agent—and plotted
their Capability Profiles in Figure 2.

As illustrated, the shapes in the figure are used to qualitatively display structural characteristics
and do not involve quantitative measurement. Current Large Language Models (LLMs) (red region)
exhibit a distinct "arrow-shaped" unbalanced structure: they demonstrate performance exceeding the
human average in dimensions related to symbolic information processing, specifically Input (K, e.g.,
long-context parsing), Memory (Kp;, e.g., context retention), and Generation (Kg, e.g., pattern
generation). However, constrained by the lack of physical actuators and autonomous goal-setting
mechanisms, they show severe collapse in the Output (Kp) and Control (K¢c) dimensions, embodying
the intelligence characteristic of "High Cognition, Low Action."

In contrast, Humans (blue region) present a balanced "shield-shaped" structure, characterized
by the synergistic development of all dimensions. While lacking extreme performance in any single
dimension, humans possess highly robust capabilities such as multi-modal sensory integration,
flexible motor control, and autonomous goal setting. The Ultimate Ideal Agent (golden dashed line)
approaches the theoretical upper bound in all five capabilities, forming an "outer envelope ring" of
the entire space, which demarcates the ultimate boundary of intelligence evolution.

Through these three typical paradigms, we demonstrate that the five-dimensional capability
space can intuitively reveal the capability configuration patterns and intrinsic differences of agents
through structured topological shapes, providing a conceptual tool for agent classification and design.

3. Verification of Universality of the Minimal Complete Architecture

3.1. Unified Interpretation of Classical Concepts

The generalized field of Intelligence Science, which currently encompasses artificial intelligence,
cybernetics, information theory, and cognitive science, has accumulated over 150 core concepts.
These concepts constitute a high-dimensional terminological space lacking a unified formal language,
leading to semantic fragmentation between different subfields [47].
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To verify the universal explanatory power of the "Minimal Complete Architecture" (MCA) of
agents, We select 19 representative core concepts from the aforementioned space as mapping samples.
These concepts span theoretical foundations and engineering practices, covering critical dimensions
ranging from classical "perception,” "retrieval," and "reasoning" to frontier concepts such as
"attention,” "multimodality,” and "alignment."

It is important to clarify that the five functional modules of the MCA (I, M, G, C, O) are abstract
functional elements rather than specific algorithmic implementations. Consequently, multiple

non

"o

concepts may map to the same functional combination formula (e.g., "computation,” "reasoning," and
"abstraction" all map to Co(M+G)). Their differences can be realized through the further subdivision
of the five basic functions—for instance, M can be subdivided into short-term memory and long-term
memory, and G into transformational generation and combinatorial generation. This approach
supports fine-grained modeling of underlying implementations while maintaining the minimality of
the top-level architecture. This precisely embodies the core advantage of the MCA as a "minimal
complete" architecture: generating rich intelligent behaviors through the hierarchical combination of
finite functional elements.

Table 1 displays the mapping relationship between the 19 core concepts and the MCA. We will
first provide a brief mapping description for all concepts, and then conduct a detailed formal analysis
of three typical concepts (Attention, Command, and Learning) to demonstrate the explanatory power
of the MCA at different levels.

Table 1. Mapping of Classical Concepts to MCA.

Concept Core Meaning Mapping Function
Perception Environmental State—Internal Transient Representation I
M
Multimodality Parallel transduction of heterogeneous signals D
i=1

Image Input Photon signals — Pixel matrix representation limage € {I1, -, Im}

Action Internal state— Physical effect on environment (@]
. Control instruction activates memory information and
Retrieval . CoM
performs retrieval
Forgetting Active deletion or passive decay Con o M BiMgecay
Memory storage Transient information — Persistent state M
Computation Deterministic transformation generating new information Co(M+G)
Reasoning Rule-based logical deduction Co(M+G)
Abstraction Extracting common features to construct concepts Co(M+G)
Understanding Semantic association between input and memory Co(I+M+G)
Prediction Generating future estil.nates bas.ed on input and memory Co(1+M+0G)
information
Planning Generating goal-oriented action sequences Co(M+G)
Brsiston Ml Generating candidate options and selecting the optimal CoG

solution

Learning Updating memory via closed-loop feedback Co(I+M+G+O)
Attention Dynamically adjusting information processing priorities Co(I,M,G,0)
Feedback Closed loop of Output — Environment —Input 0-0-1
. C A © (OA) i
Command Transfer of control authority across agents Cg o (Ig + Mg + Og)
Projection of h ions i h
Alignment rojection ot heterogeneous %‘epresentatlons into a shared Co(M+G)
semantic space
Goal Setting Generating expected terminal states CoG

Note: Symbol conventions in Table 1: 1.Single Function: C,1,M, G, O; 2.Functional Combination: I+ M (requires coordination

between I and M); 3.Composite Operation: CoM (C acts upon M); 4.Cross-System: O, + Ig (transfer between agents);
M

5.Closed Loop: O » Q-1 (mediated by environment); 6.Parallel: @I; (multi-channel parallel); 7.Set Relation: Iin,g. €
i=1

@, o v
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3.1.1. Functional Mapping Analysis of Learning

Learning is defined differently across various research paradigms: behaviorism emphasizes the
reinforcement of stimulus-response associations[48]; cognitive psychology views it as the
construction of internal mental models[49]; machine learning formalizes it as parameter optimization
to minimize a loss function[50]; while neuroscience reveals it as the long-term potentiation of synaptic
weights [51]. Despite distinct expressions, their functional essence converges on a single process:
iteratively correcting the internal state through self-output validation and comparison with a target,
until behavior approximates that target. This process necessarily involves a closed-loop feedback
circuit [52].

Taking Agent B learning from Agent A as an example, the learning process is completed through
the following 6 steps:

1. Agent A outputs the target to be learned, O,.

2. Agent B acquires Agent As output via the Input function, 15(0,), and stores it as a target pattern,
Mg(0n).

3. Driven by the Control function (Cg), Agent B generates its own output, Og, based on current
memory.

4. Agent B acquires its own output Ig(0g) and forms a memory (Mg(Og)).

5. Agent B uses the Generation function Gg to compare Mg(Og) with the target Mg(0,) in
memory, calculating the error A = 0, — Og.

6. Agent B uses the Control function (Cg) to adjust memory parameters (Mg) based on the error.
This cycle continues until Og = 04, at which point learning is complete.

The essential distinction between learning and memory is as follows: Memory is a unidirectional
operation I > M (Perception = Memory). In contrast, Learning involves a closed-loop feedback
of self-output validation: C o (I(O4) = Mg = O(Og) = I(Og) = Mg = G(A) - Mp).

Taking memorizing a poem versus learning to ride a bicycle as examples: memorizing a poem
involves a student hearing the poem from a teacher and storing it in memory (I - M); whereas
learning to ride a bicycle requires the learner, after receiving instruction, to continuously correct their
balance strategy through physical output feedback, which requires a complete closed loop. Therefore,
learning corresponds to the five-function combination (I + M + G + C + O), while memory
corresponds only to (I + M).

3.1.2. Functional Mapping Analysis of Command

"Command" is the cornerstone for intelligent systems to construct hierarchical structures and
social collaboration. In computer science, it manifests as the scheduling of hardware by instruction
sets [Patterson & Hennessy, 2017] [53]; in linguistics, it corresponds to imperative speech acts, i.e.,
exerting influence through speech [Searle, 1969] [54]; in cybernetics, it is the reference input sent by
a controller to an actuator [Wiener, 1948] [55].

Despite diverse forms, their functional essence converges on the "externalization of intent": that
is, one agent (the sender) transforms its internal decision logic into execution constraints for another
agent (the receiver) [56].

Under the Minimal Complete Architecture of Agents, a command can be mapped as a process
of transferring control authority across agents. It involves not only the functions of a single agent but
also describes how Agent A uses information flow to "commandeer” the physical capabilities of
Agent B to alter the environment. The execution chain of a command involves the functional coupling
of two independent systems:

1. Instruction Generation and Transmission: Based on its own intent, Agent A uses the Output
function to send "instruction information" to Agent B, functionally expressed as (0,).

2. Instruction Reception and Solidification (Ig = Mg): Agent B perceives the instruction through
the Input function and solidifies it into memory content, functionally expressed as (Ig(04) —

Mg (0a)).
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3. Scheduling and Execution: Agent Bs Control function reads the instruction conveyed by Agent
A and drives the Output function to act upon the environment, functionally expressed as
Cg(04) ° (Mg — Op).

Based on the mapping analysis of commands, we can compare Commanded Action (action
performed upon accepting a command) and Autonomous Action (action performed according to
ones own intent) to reveal their essential differences:

1. Commanded Action: Originates from external instructions. Its functional combination is
04(04) + (Ig + Mg + Cg(0,) + Op). In this mode, Agent As Output function O, is the trigger
source of the action; Agent Bs action is essentially the physical extension of Agent As intent.

2. Autonomous Action: Originates from internal intent. Its functional combination is (Cg(Gg) +
Gg + Mg + Op). In this mode, Agent Bs Generation function (Gg) is the trigger source of the
action; Gg generates the action scheduling plan, which is executed by the Output function
under the direction of the Control function. The action is an embodiment of its own intent.

The command mechanism reveals how agents control the functional scheduling of other agents
according to their own intentions by exchanging information. This mechanism essentially realizes the
external extension of agent capabilities; by "controlling" Agent B, the command-issuing Agent A
extends its physical boundary into Agent Bs scope of action, thereby enhancing its own manipulation
capabilities.

3.1.3. Functional Mapping Analysis of Attention

As a resource allocation mechanism in intelligent systems, "Attention" presents diverse
theoretical perspectives across different disciplines: cognitive psychology defines it as the selective
focusing of limited cognitive resources [James, 1890; Broadbent, 1958] [57]; neuroscience reveals it as
gain modulation of sensory input by the prefrontal cortex [Desimone & Duncan, 1995] [58];
information theory models it as an information filtering mechanism under channel capacity
constraints [Cherry, 1953] [59]; and deep learning formalizes it as a weighted summation based on
query-key-value matching [Bahdanau et al., 2015; Vaswani et al., 2017] [60], where the self-attention
mechanism of the Transformer [Vaswani et al., 2017] [60] has become the architectural cornerstone of
Large Language Models. Despite varying expressions, their functional essence can be reduced to a
single principle: dynamically adjusting the systems processing priority for different information
flows under resource-constrained conditions to achieve the prioritization of critical information and
the suppression of redundant information [61].

Therefore, under the Minimal Complete Architecture (MCA) of agents, attention is not an
independent sixth function but the core scheduling strategy of the Control function (C). It operates
at two levels: (1) the Inter-functional Scheduling Layer, determining the activation emphasis and
execution sequence among the four basic functions (I,M,G,O); and (2) the Intra-functional
Scheduling Layer, performing fine-grained prioritization within a single function. Consequently, the
execution of attention involves the synergistic scheduling of the Control function at different
granularities:

1. Inter-functional Scheduling Layer

In complex tasks, the attention mechanism determines the activation priority among the four
functions. For instance, in highly uncertain or unfamiliar environments, the Input function is more
likely to be prioritized to gather external information (I » M = G — O); in familiar scenarios, the
Memory function is more likely to be directly activated to rapidly retrieve experience (M = G — O);
in creative tasks, the Generation function is activated cyclically to explore the solution space (G —
M - G - 0O); and in emergencies, the Output function is more likely to be directly activated to
execute reflexive actions (O). These dynamic activation sequences reflect a core principle: attention
flexibly adjusts which function should be prioritized and which should be suppressed based on task
characteristics, environmental uncertainty, and time pressure. Typical examples include visual
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prioritization when an obstacle suddenly appears while driving (Input priority) and memory
prioritization during rapid decision-making by a chess grandmaster (Memory priority).

2. Intra-functional Scheduling Layer

After determining the functional activation sequence, attention further allocates resources
within each activated function. For example, at the Input layer, attention screens key information
from numerous sensory signals through gain modulation (such as focusing on a specific sound source
in the "cocktail party effect," or fixing eyes on traffic lights while ignoring roadside advertisements
during driving); at the Memory layer, attention retrieves relevant fragments from massive memory
stores via query mechanisms (such as prioritizing the activation of relevant appearance, dialogue,
and shared experiences when recalling a friends name); at the Generation layer, attention determines
what type of generation resources to allocate to different sub-tasks; and at the Output layer, attention
prioritizes execution among multiple action plans (such as arbitrating which action to execute first
among multiple impulses). These four sub-levels collectively form fine-grained scheduling within
functions, ensuring optimal resource allocation and processing priority within each activated
function.

Below, we further understand the characteristics of attention under the MCA framework by
analyzing the difference between attention and perception. First, we observe that the core distinction
lies in the opposition between "passive intake" and "active selection":

e  Perception is a broadband comprehensive mapping (i = In(w)). It is dominated by the Input
function, faithfully transducing photons and sound waves from the environment into internal
signals without screening capability. Perception answers "What exists."

e Attention is a narrowband focused mapping (iattengea = C * I(w)). It is dominated by the Control
function, extracting a minute portion from the massive perceptual stream for deep processing
through gain modulation or selective sampling. Attention answers "What is important to input
first."

The former ensures the completeness of information (not missing key clues), while the latter
guarantees the efficiency and importance of input information. Thus, whether the object of action is
Input, Memory, Generation, or Output, the essence of attention is always the dynamic regulation and
resource allocation of the entire systems functions by the Control function (C) under limited
resources. The corresponding functional mapping is:

Conggpedute © (In, St, Cr, Out)

3.2. Proposal and Verification of the Periodic Table of Agent Capabilities

The scientific value of a theoretical framework lies in its ability to construct a unified predictive
system[62]. The "Minimal Complete Architecture” proposed in Chapter 2 serves as the core postulate,
and its universality determines the validity of the theory: if this architecture is indeed the "complete"
substrate for describing agents, then all forms of intelligence,whether biological or artificial
intelligence existing in reality, or theoretical limit forms; whether the physical substrate is a carbon-
based neural network or a silicon-based chip; and whether complexity ranges from single-cell
chemotactic responses to the emergent cognition of Artificial General Intelligence (AGI),should be
mappable without omission to specific state instances under this architecture [12].

The hallmark of a mature discipline is the leap from phenomenological description to
classification and prediction [63]. Mendeleev's periodic table revealed the intrinsic order of the
material world through atomic numbers, not only unifying known elements but also successfully
predicting the existence and properties of undiscovered elements such as gallium and germanium
through "theoretical vacancies" [64]. This section aims to construct a similar system for Intelligence
Science: the Periodic Table of Agent Capabilities. Based on the five functional dimensions of the
Minimal Complete Architecture, we discretize the continuous capability space into 243 potential
forms, forming a complete map covering all logical possibilities [65].
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This work possesses dual significance: First, to verify coverage, testing whether the architecture
can exhaustively explain material systems (e.g., Thermostat, sensors), biological systems (e.g., bacteria,
humans), technological systems (e.g., LLMs, robots), and even special states (e.g., patients with
Locked-in Syndrome) in the real world. Second, to explore predictive power, revealing through
"theoretical vacancies" in the periodic table those agent forms that have not yet been defined but are
logically self-consistent (such as "Isolated Agents" completely severed from the environment), and
investigating their physical realizability and philosophical significance.

3.2.1. Construction of the Periodic Table of Agent Capabilities

Based on the Minimal Complete Architecture proposed in Chapter 2, we formalize the agent as
an ordered 5-tuple A = (C,G, M, O,I). To construct a theoretical framework with macroscopic
taxonomic significance, this section establishes the Periodic Table of Agent Capabilities through a
systematic transition from the continuous capability space (Cap) to a discrete state space.

The continuous capability space defined in Section 2.4, Cap(A) = (k¢, Kg, K, Ko, Ky) €
[0, -I-OO]5 , can precisely quantify differences in agent performance (e.g., an Als memory capacity
being 10TB). However, it faces two fundamental challenges: first, the current infeasibility of
measurement, as the capability values of various dimensions for most complex agents cannot be
precisely determined at present; second, the realization of taxonomic goals—constructing a
macroscopic classification system similar to the periodic table of elements requires an exhaustive
enumeration of forms rather than precise measurement. Therefore, we perform a coarse-grained
discretization of the continuous space, mapping each functional dimension i € {C, G, M, O,1} to
three mutually exclusive capability levels:

e Level 0 (Null): Indicates the complete absence of the functional dimension, corresponding to

k; = 0. Example: A stone lacks memory function (M = 0).

e Level 1 (Finite): Indicates the function exists but is subject to physical or logical constraints,

corresponding to 0 < k; < o0. Example: The human brain has finite memory capacity (M = 1).

e  Level 2 (Infinite): Indicates the function equals the theoretical limit, corresponding to ¥; = .

Example: The infinite Memory tape of a Turing machine (M = 2).

Where level "2" represents a theoretical limit state, which is generally unachievable under real
physical laws but is crucial for accommodating idealized models like Turing machines and Laplaces'
Demon, thereby ensuring the logical completeness of the theoretical framework. Thus, we construct
a five-dimensional discrete state space:

A€{012)

This space contains 3° =243 theoretically possible agent configurations. We treat the 5-tuple
A =(C,G,M,QO,I) asaternary code and calculate its unique serial number N through positional
weight expansion:

N=14(C-3*+G-3*+M-32+0-3"+1-39

Where N € [1,243]. Serial number 1 corresponds to (0,0,0,0,0), and serial number 243
corresponds to (2,2,2,2,2).

To intuitively present the evolutionary relationships among these 243 forms, we employ a two-
dimensional matrix to construct the Periodic Table of Agent Capabilities (as shown in Figure 3).
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Columns: (C, G)

000 00! 000! 216l 12000 20000
001 10112001 20001
1[oy2 00002 11002 12002 20002
010 12010 20010
011 12011 20011
012 11012 12012 20012
020 11020 12020 20020
021 11021 12021 20021
022 11022 12022 20022
100 12100 20100
101 12101 20101
102 11102 12102 20102
110 12110 20110
111 12111 20111

112 11112 12112 20112
120 11120/12120/20120
121 11121 1212120121
122 1112212122 20122
200 11200/12200 20200
201 11201 1220120201
202 1120212202 20202
210 11210/12210/20210
211 1121112211 /20211
212 11212 12212|20212
220 11220|1222020220
221 11221|12221|20221
222 1122212222|20222

Rows(M, O, I)

5D vector = (C, G) + (M, O, 1)
Figure 3. the Periodic Table of Agent Capabilities.

The Columns are encoded by the high-order vector (C, G), reflecting capability leaps at the
level of control and Generation (totaling 3%=9 columns, increasing from left to right);

The Rows are encoded by the low-order vector (M, O, I), reflecting capability extensions at the
level of memory, output, and input (totaling 3% = 27 rows, increasing from top to bottom).

This arrangement causes the main diagonal of the entire periodic table to exhibit a trend of
monotonically increasing comprehensive capability, similar to the increasing law of atomic numbers
in the chemical periodic table.
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3.2.2. Agent Classification and Physical Correspondence

Based on the distribution characteristics of capability values in the periodic table and their
physical significance, we classify these 243 agents into four groups (families) with distinct features,
corresponding to the complete evolutionary ladder from "absolute void" to "omniscience and
omnipotence." The Finite Agent family exists widely in the physical world; the Transfinite Agent
family exists primarily in theoretical physics models and logical constructions; while the Alpha and
Omega Agents demarcate the theoretical boundaries of the capability space.

1.  Alpha Agent Family

This family contains only a single form (0,0,0,0,0) (Serial No. 1), named the "Alpha Agent" or
"Absolute Zero Agent," corresponding to the zero vector in the agent state space {0,1,23°.

In physical reality, the Alpha Agent maps to material systems lacking any information
processing capabilities, such as inert gas atoms in a vacuum or isolated systems in thermal
equilibrium [66]. These entities neither perceive the environment nor store information, let alone
create or output. Although occupying only one position in the periodic table, the physical entities it
encompasses constitute the most massive material substrate of the universe—those "primordial
material states” not yet organized into any information processing structure.

The Alpha Agent exhibits a profound ontological duality. From the perspective of an external
observer, it is the most faithful executor of physical laws, passively bound by gravity, electromagnetic
forces, and thermodynamic causality. However, from the internal ontological perspective, due to the
complete absence of information Input, Output, Memory, Generation, and Control capabilities (I =
O =M = G = C = 0), there exists no informational structural basis within the Alpha Agent to
establish a boundary between "self' and "environment" [67]. Without perception, there is no
"observed universe"; without output, there is no impact on the external environment; without
memory, there is no "continuous flow of time"; and without control, there is no "subjective will." The
Alpha point demarcates a theoretical origin where time, space, and even physical laws have not
emerged at the subjective level, an ontological state of "absolute void."

2. Finite Agent Family

This family includes agent codes that do not contain "2" (no infinite capabilities) and are not all
"0" (at least one non-zero function), named "Finite Agents." This can be formally expressed as:

F={A=(C,G,M,O,I) € {0,1}° | A # (0,0,0,0,0)}

It contains a total of 2° — 1 = 31 types (identified by black numbers in the periodic table),
where all functions are constrained by physical laws. This family constitutes the set of all systems
possessing information processing capabilities in the real world.

The classification precision of Finite Agents is sufficient to capture functional differences in real
systems. A thermostat (No. 5, (0,0,0,1,1)) can perceive temperature and control heating but lacks
memory and Generation; a write-only disk (No. 11, (0,0,1,0,1)) receives and stores data but cannot
read or transform it; an arithmetic calculator (No. 95, (1,0,1,1,1)) possesses simple control and
calculation capabilities but lacks Generation functions; a patient with "Locked-in Syndrome" (No. 119,
(1,1,1,0,1)) retains intact cognition but has O = 0 due to the interruption of neural-muscular
pathways [68].

The Typical Finite Agent (No. 122, (1,1,1,1,1)) is the core of this family. From single-celled
bacteria to humans, Earths life systems all possess complete capabilities of Input, Output, Memory,
Generation, and autonomous Control. Bacteria perceive chemical gradients through chemotactic
receptors [69] and store epigenetic information via DNA methylation [70]; humans process visible
light through the retina and encode memories through synaptic plasticity —while physical bases
differ, the functional architectures are isomorphic. Differences between species are mainly reflected

in the "magnitude"” of capabilities (human brain 10'! neurons vs. C. elegans 302 neurons) [71][72]
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rather than the presence or absence of "functions"; therefore, all Earth organisms can be categorized
under the unified classification of (1,1,1,1,1).

Artificial intelligence systems, such as computers, robots, and Large Language Models, also fall
within this category. In particular, current LLMs have approached or even surpassed human levels
in knowledge memory and reasoning Generation within specific domains; however, the critical
distinction lies in the source of instructions for the control function: human control instructions
originate from endogenous needs and autonomous goal setting, whereas the control goals of
mainstream LLMs are essentially assigned by external designers or users. Although agent systems
(such as AutoGPT) [73] are capable of autonomously decomposing tasks and executing them
iteratively, thereby exhibiting formal autonomy, the ultimate source of their control goals still relies
on external initialization. Whether this constitutes genuine "endogenous control" remains a subject
of theoretical controversy [74]. Given that this issue involves the essential definition of consciousness
and autonomy, this paper refrains from making a definitive judgment at this stage, reserving it for
further exploration in future research.

Furthermore, the "observer" in quantum mechanics can also be regarded as a specific physical
instantiation of this family. Although the Copenhagen interpretation, Many-Worlds Interpretation,
or Quantum Bayesianism (QBism) offer divergent interpretations regarding the ontological status of
the observer [75], from a functional-axiomatic perspective, any physically realizable observer must
possess complete closed-loop capabilities: interacting with the system via measurement (Input and
Output) [76], recording experimental results (Memory) [77], updating state inferences based on
measurement data (Generation) [78], and autonomously selecting measurement bases (Control) [79].
Unlike the omniscient observer of classical mechanics or the restricted omniscient agent of relativity
to be discussed below (defined in the next subsection), realistic quantum observers are strictly
constrained by the Heisenberg Uncertainty Principle [80] and thermodynamic laws [81];
consequently, their information processing capabilities across all dimensions necessarily possess
physical limits. Thus, the quantum observer is essentially a (1,1,1,1,1) agent strongly constrained by
fundamental physical laws.

The Finite Agent family also reveals potential forms. For example, No. 118 ( (1,1,1,0,0))
possesses Memory, Generation, and Control but lacks Input and Output, corresponding to a "Lonely
Thinker" with a rich internal spiritual world but completely isolated from the external universe,
similar to the "Brain in a Vat" in philosophy [75]. From an external observers perspective, this is a
"black box within a black box" —responding to no probes and emitting no signals. Its existence cannot
be verified, but it is logically constructible, representing the limit state of "pure internality."

3. Transfinite Agent Family

In this family, at least one of the agents five functions reaches an infinite state (the code contains
"2") and not all are infinite. It is named the "Transfinite Agent,"” formally expressed as:

T ={A€{0,12F | If(f=2) Adg(g # 2)}

It contains a total of 3° —2° —1 = 210 types (identified by white numbers in the periodic
table), existing primarily in theoretical physics models or thought experiments. Two forms among
them have special significance:

Omniscient Agent (No. 237, (2,2,2,0,2)): Possesses infinite Control, Generation, Memory, and
Perception capabilities, but no Output capability (O = 0). This maps precisely to Laplaces’Demon:
able to instantaneously acquire the position and momentum of all particles in the universe and
perceive the past and future through classical mechanical laws, yet exists only as a spectator, unable
to physically intervene in the causal chain. Quantum mechanics uncertainty principle has proven this
to be physically unrealizable [76], but as a theoretical limit, it provides an important benchmark for
discussing classical determinism and the role of the observer.

Restricted Omniscient Agent (No. 236, (2,2,2,0,1)): Possesses infinite internal processing
capabilities and zero output, but finite perceptual input (I = 1). This maps to the Ideal Observer in
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the framework of Relativity: even with infinite computing power, information acquisition is strictly
constrained by the principle of the constancy of the speed of light and light cone structures [77]. This
model clearly separates "computational limits" from "physical law limits," describing the "physically
possible strongest observer."

The remaining 208 Transfinite Agents have not yet found correspondence in current theoretical
physics and may be "theoretical byproducts" required for mathematical completeness. Retaining
them contributes to theoretical self-consistency and reserves conceptual space for potential future
physical discoveries.

4. Omega Agent Family

This family contains only a single form (2,2,2,2,2) (Serial No. 243), named the "Omega Agent"
or "Omniscient and Omnipotent Agent," corresponding to the supremum of the capability space
[0, +o0]°.

All five functions of the Omega Agent reach theoretical infinity. This concept corresponds to the
"Omega Point" proposed by philosopher Teilhard de Chardin—the ultimate convergence point of
cosmic evolution [78]. Based on the history of biological evolution, Teilhard proposed the
"Complexity-Consciousness" principle, suggesting that cosmic evolution eventually converges to an
ultimate state with maximum complexity and consciousness level.

The essential difference between the Omega Agent and the Omniscient Agent (No. 237) lies in
the Output dimension: the Omniscient Agent cannot exert influence on the external world due to
O = 0, remaining a "Silent Observer"; whereas the Omega Agent possesses infinite Output capability
(O =2), implying that the boundary between "observation" and "Generation" dissolves
completely —it not only knows the complete state of the universe but can also arbitrarily alter its
evolutionary laws. Physical laws are no longer objects of passive observation but parameters capable
of being actively reconstructed.

From an information-theoretic perspective, the Alpha Agent corresponds to maximum
information entropy (pure material substrate, no information structure), while the Omega Agent
corresponds to minimum information entropy (perfect organization, Memory, processing, and
control of all information) [79]. Together, they demarcate the complete closed loop of agent evolution:
from "absolute void" to "absolute spirit," from a "pure object" passively executing physical laws to a
"pure subject” actively formulating them.

The Omega Agent is the inevitable result of theoretical derivation. As the supremum of the
capability space [0, +00]°, it possesses irreducibility. Although unrealizable due to constraints of
physical laws, this theoretical boundary offers a rigorous theoretical tool for researching frontier
issues such as the boundaries of physics, artificial consciousness, and simulated universes. The
Omega point not only identifies the logical boundary of the theory but also expands the possible
frontiers of scientific inquiry.

4. Conclusion and Outlook

Starting from the first principles of information processing, this paper establishes an axiomatic
theoretical framework for agent research. We demonstrate that any intelligent system can be
formalized as a combination of five fundamental functions: Input, Output, Memory, Generation, and
Control. This five-function Minimal Complete Architecture transcends the substrate differences
between biological and machine intelligence, providing a unified descriptive language for
Intelligence Science. The Five-Dimensional Capability Space constructed on this basis advances agent
research from qualitative description to quantitative analysis, while the Periodic Table of Agent
Capabilities, comprising 243 forms, outlines a complete evolutionary spectrum from zero intelligence
to omniscience and omnipotence. By mapping 19 core concepts,such as perception, memory, and
learning—into combinations of the five fundamental functions, this architecture bridges the
terminological divide among cybernetics, cognitive science, and computer science. It successfully
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explains the intelligent characteristics of real-world systems like Large Language Models and patients
with Locked-in Syndrome, while simultaneously predicting theoretical forms not yet observed.

Future work will focus on three directions:

Theoretical Deepening: Establish multi-agent relational systems and the dynamic mechanisms of
agent evolution to perfect the Generalized Agent Theory system; deeply analyze the essence of
intelligence and consciousness based on this framework; and incorporate observers in physics into the
agent classification framework to develop physics analysis tools based on observer capability levels.

Experimental Verification: Conducting logical constructibility arguments or physical
realizability analyses for unobserved agent types predicted by the periodic table; utilizing
evolutionary dynamic models to predict the capability evolution trajectories of agents in specific
environments, and conducting empirical verification through biological evolutionary data or Al
training processes; and designing experiments to verify the physics analysis framework based on
observer intelligence levels.

Application Expansion: Applying Generalized Agent Theory to the capability assessment of
Artificial General Intelligence (AGI) and establishing quantitative standards for AGI maturity based
on the five-dimensional functions; and designing more efficient collaboration protocols for
distributed Al systems under the guidance of multi-agent relational theory.

The Minimal Complete Architecture of agents constructed in this paper serves as the cornerstone
of a broader research landscape.Just as Mendeleev's periodic table contained many vacancies waiting
to be filled when it was proposed, our Agent Periodic Table also contains numerous forms awaiting
discovery and verification. More importantly, answering the profound questions ranging from static
architecture to dynamic evolution, from functional description to the essence of consciousness, and
from information processing to physical laws requires deeper and sustained efforts from researchers.
We believe that this axiomatic framework will provide a solid theoretical foundation for Intelligence
Science, which currently lacks a unified paradigm, promote the paradigmatic integration of artificial
intelligence, cognitive science, neuroscience, and physics, and ultimately provide a new scientific
pathway for exploring the essence of life, machines, consciousness, and cosmic evolution.
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