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Abstract  

Autonomous decision-making systems commonly assume that the objective to be pursued is predefined, fo-
cusing computational effort on generating action sequences or policies that satisfy a given goal. This work 
introduces a deterministic framework in which goal selection itself is treated as a primary computational pro-
cess rather than an external input. The proposed approach operates over a structured internal goal library, 
referred to as the identity layer, which defines a bounded set of admissible objectives together with persistent 
constraints that remain active across all operating conditions. At each time step, the system evaluates its cur-
rent context, composed of environmental conditions, internal state variables, and operational role, and maps 
this context to a set of constraints that restrict the admissibility of goals. Instead of evaluating or ranking all 
candidate goals, the framework eliminates those that violate either identity-level constraints or context-de-
rived constraints, producing a reduced set of admissible goals. If a single goal remains, it is selected directly; 
if multiple admissible goals persist, a deterministic residual resolution mechanism is applied using simple 
ordering or priority rules within the reduced set. In cases where no admissible goal remains, predefined 
safe-state objectives are activated. This formulation shifts decision-making from optimization and stochastic 
exploration to constraint-driven reduction, ensuring that all selected goals are consistent with both internal 
structure and external conditions. The approach does not rely on reward functions, probabilistic policies, or 
global search, and therefore maintains low computational complexity and high interpretability. It is designed 
to operate as a pre-planning layer for existing systems such as Goal-Oriented Action Planning, providing a 
deterministic mechanism for generating context-consistent goals prior to action planning. Compared with 
reinforcement learning and optimization-based methods, the proposed framework emphasizes admissibility 
over optimality, making it particularly suitable for safety-critical, real-time, and resource-constrained appli-
cations. By structuring goal selection as a process of elimination under constraints, the framework provides a 
unified and extensible basis for autonomous operation in environments where consistency, predictability, and 
bounded behavior are essential. Agents operate with evolving behavioral libraries that are updated through 
experience while remaining constrained by objective and governing principles. This enables swarm-like co-
ordination under minimal supervision, where the selection emerges through constraint-consistent elimina-
tion over a dynamically maintained action space. A self-check mechanism enforces internal consistency by 
evaluating admissible actions against recent behavior and operational intent, ensuring coherent and stable 
autonomous operation.
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Abbreviations
AI Artificial Intelligence
GOAP Goal-Oriented Action Planning
RL Reinforcement Learning
G Goal library (set of candidate goals)
Π Persistent constraint set (identity 

layer)
K Context
C(K) Context-derived constraint set
G_valid Admissible goal set
G_safe Safe-state goal subset
Π ∧ C(K) Combined constraint set (identity + 

context)

Introduction
Autonomous decision-making systems typically 
assume that the objective to be achieved is predefined. 
In widely used frameworks such as Goal-Oriented 
Action Planning (GOAP), the system is provided with 
a goal state, and the primary task is to determine an 
action sequence that satisfies this objective under 
given constraints. While effective in structured 
environments, this assumption shifts the most critical 
question of which goal should be pursued outside the 
computational framework.

In parallel, approaches based on Reinforcement 
Learning (RL) address decision-making through 
reward maximization, where policies are learned via 
interaction with the environment. Although powerful, 
such methods rely on reward function design, stochastic 
exploration, and iterative convergence, which may 
introduce variability and reduce interpretability, 
particularly in safety-critical or real-time applications. 
Similarly, classical optimization-based methods 
formulate decision-making as a global search problem 
over a cost function, requiring evaluation across 

potentially large solution spaces and careful tuning of 
objective criteria [1-4].

These paradigms share a common structural 
characteristic: they operate on a predefined or 
externally specified objective space. The process of 
determining admissible goals is either assumed, learned 
indirectly, or embedded in heuristic design. As a result, 
the goal selection stage remains weakly formalized.

This work introduces a deterministic framework 
in which goal selection is treated as a primary 
computational process rather than a predefined input. 
The central premise is that goals are not selected 
through global evaluation or stochastic exploration, 
but emerge through constraint-driven elimination. At 
any given time, the system maintains a structured library 
of candidate goals. The current context comprising 
environmental conditions, internal state, and operational 
role induces a set of constraints that remove infeasible 
goals from this library. The remaining admissible set 
defines the space within which selection occurs.

Formally, the framework consists of three layers:
1.	 Identity layer: a structured internal library defining 

admissible goals and persistent constraints
2.	 Context mapping: transformation of observed 

conditions into constraint sets
3.	 Deterministic elimination and selection: reduction 

of the goal space followed by resolution within the 
admissible set

This structure shifts decision-making from evaluation 
to reduction. Instead of scoring all possible objectives, 
the system eliminates those that violate constraints, 
resulting in a bounded and consistent set of admissible 
goals. Selection, if required, is performed only within 
this reduced set and does not require stochastic or global 
optimization.
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The proposed formulation complements existing 
planning systems. In particular, it operates as a pre-
planning layer for GOAP-like frameworks, providing a 
consistent and deterministic mechanism for generating 
goal states prior to action planning. This separation 
improves interpretability and reduces ambiguity in 
downstream decision processes.

The motivation for this approach arises from domains 
where constraints dominate behavior and must be 
enforced deterministically, including autonomous 
robotics, safety-critical control systems, and resource-
limited embedded agents [5-7]. In such systems, 
admissibility is often more critical than optimality, 
and the ability to exclude infeasible or unsafe goals 
prior to planning can significantly improve robustness.

The contribution of this work is therefore not a new 
optimization method or learning algorithm, but a 
structural reformulation of goal selection. By 
treating context as a generator of constraints and 
identity as a bounded goal space, the framework 
provides a deterministic and interpretable basis for 
autonomous decision-making that is compatible with 
existing planning architectures.

In practical systems, agents do not rely on continuous 
command but operate using evolving behavioral 
libraries constructed from prior interactions and 
observations. These libraries support swarm-like 
coordination under minimal supervision, where 
collective behavior emerges from local interactions. 
Despite their adaptive nature, such libraries remain 
constrained by the agent’s objective and governing 
principles, ensuring coherent and bounded decision-
making. 

Decision-making in autonomous systems is often 
interpreted as the selection of goals from a set of 
available alternatives. However, in structured systems, 
this selection is not unconstrained. From the outset, 
admissible behavior is bounded by intrinsic constraints 
that define the system’s identity, while contextual 
conditions introduce additional, time-varying 
restrictions. As a result, the space of possible goals is 
not freely explored but progressively reduced through 
constraint-consistent elimination. In this sense, 
autonomy does not imply unrestricted choice, but 
rather the emergence of behavior within a constrained 
and well-defined admissible space.

Creation of the Identity Layer and Library Elements
Definition of the Identity Layer
The proposed framework introduces an internal identity 
layer that defines the admissible behavioral space of 
the agent. This layer is not an external supervisory 
mechanism, but an embedded structural component 
that constrains decision-making.

The identity layer is represented as a structured internal 
library consisting of:
•	 A predefined set of candidate goals
•	 A set of persistent constraints governing admissibility

This structure eliminates the need for centralized 
control or external supervision. Instead, all decisions 
are bounded by the internal consistency of the identity 
layer.

Formally, the identity layer is defined as:
•	 Goal library: 

G = {g₁, g₂, …, gₙ}
•	 Persistent constraint set: 

Π = {π₁, π₂, …, πₖ}

The identity of the agent is therefore not a descriptive 
attribute, but a functional structure that determines 
which goals are admissible under all conditions.

Role of the Identity Layer in Decision Formation
The identity layer operates as a persistent admissibility 
filter. It does not select goals directly, nor does it evaluate 
them through optimization. Instead, it removes goals 
that violate invariant constraints.

Given a context-dependent constraint set C(K), derived 
from the current state and environment, the admissible 
goal set is defined as:

G_valid = { g ∈ G such that g satisfies Π and C(K) }

This formulation ensures that all candidate goals are 
first filtered through:
1.	 Internal identity constraints (Π), and
2.	 Context-dependent constraints (C(K))

Only goals consistent with both sets remain eligible 
for selection.

Thus, the identity layer defines the boundary of possible 
behavior, while the context determines the subset of 
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goals that are currently feasible.

Composition of the Identity Library
The identity library is composed of structured elements 
that collectively define the operational character of the 
agent. These elements are not arbitrary; they must 
be explicitly constructed to ensure determinism and 
consistency.

The library includes:
Goal Set (G)
A finite and structured set of admissible goal states, 
representing all possible objectives the agent can 
pursue.

Examples include:
•	 Task execution goals
•	 Maintenance or recovery goals
•	 Safety-related fallback goals

Persistent Constraints (Π)
A set of invariant constraints that are always active, 
independent of context. These include:
•	 Self-preservation constraints 

(energy limits, structural integrity, operational 
continuity)

•	 Inter-agent compatibility constraints 
(collision avoidance, system consistency, 
coordination rules)

•	 Mission-level constraints 
(task boundaries, operational limits, role 
definitions)

These constraints are not evaluated probabilistically; 
they act as binary filters.

Construction Principles
The identity library must satisfy the following 
properties:
•	 Boundedness 

The goal set must be finite or discretized to 
allow deterministic elimination.

•	 Consistency 
Persistent constraints must not conflict in a way 
that eliminates all goals under normal operating 
conditions.

•	 Completeness 
The goal set must include fallback or safe-state 
goals to handle infeasible scenarios.

•	 Extensibility 
The library may be expanded or modified 

without altering the underlying decision 
mechanism.

Absence of External Supervision
A key property of the identity layer is the absence 
of external control. The system does not rely on a 
centralized authority to enforce behavior.

Instead:
•	 Admissibility is encoded internally
•	 Constraints are continuously enforced through 

elimination
•	 Decision-making remains deterministic

This eliminates the need for:
•	 Stochastic exploration
•	 External rule enforcement
•	 Centralized monitoring systems

Summary
The identity layer defines the structural foundation of 
goal selection. It provides:
•	 A bounded goal space
•	 A persistent constraint system
•	 A deterministic admissibility mechanism

As a result, the agent does not select goals freely. It 
operates within a predefined identity structure, where 
infeasible goals are removed and only admissible 
objectives remain available for execution. The identity 
layer does not prescribe behavior; it defines the limits 
within which behavior can emerge.

Context to Constraint Mapping
Definition of Context
In the proposed framework, context is defined as the 
set of observable and internal conditions that influence 
the admissibility of goals at a given time.
Context is not treated as a descriptive label (e.g., 
“school”, “vehicle”, “combat”), but as a structured 
input that generates constraints. It is composed of three 
components:
•	 Environmental context 

(physical surroundings, objects, spatial 
conditions) 

•	 Internal state context 
(energy level, system status, structural condition) 

•	 Role context 
(assigned function, operational mode, mission 
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state) 

Let the context at time t be denoted as:
K(t)

Figure 1 illustrates how context-derived constraints 
reduce the goal space defined by the identity 
layer, yielding a single admissible objective that is 
subsequently provided to the planning module.

Figure 1: Deterministic goal selection pipeline in 
which identity and context jointly impose constraints 
that eliminate infeasible goals, leaving a single 
admissible objective for downstream planning.

Context-Induced Constraints
The primary function of context is to generate a set 
of constraints that restrict the admissibility of goals.

Define a context-to-constraint mapping:
C(K): K → {c₁, c₂, …, cₘ}

Each constraint cᵢ acts as a binary filter:
cᵢ(g) ⊆ {0,1}

where:
•	 cᵢ(g) = 1 indicates that goal g is admissible under 

constraint cᵢ 
•	 cᵢ(g) = 0 indicates violation and immediate 

elimination 

Thus, context does not prescribe behavior directly; it 
defines the constraint structure under which goals are 
filtered.

Interaction with the Identity Layer
The admissibility of goals is determined by the joint 
action of:
•	 Persistent constraints Π (identity layer) 
•	 Context-derived constraints C(K) 

The resulting valid goal set is:
G_valid = { g ∈ G such that g satisfies Π and C(K) }

This ensures that:
•	 Identity defines what is always permissible 
•	 Context defines what is currently feasible 

Only goals consistent with both are retained.

Constraint Categories
Context-derived constraints can be grouped into 
functional categories:

Physical feasibility constraints
•	 Motion limits 
•	 Accessibility 
•	 Environmental compatibility 

Resource Constraints
•	 Energy availability 
•	 Time limitations 
•	 Computational capacity 

Safety Constraints
•	 Proximity to hazards 
•	 Violation of safe operating bounds 

Temporal Consistency Constraints
•	 Persistence over time 
•	 Continuity of observation 
•	 Stability of state transitions 

Each category contributes to the progressive elimination 
of infeasible goals.

Deterministic Filtering Process
Given a goal library G, context induces successive 
filtering:
G₀ = G 
G₁ = filtered by c₁ 
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G₂ = filtered by c₂ 
… 
G_valid = G*

where:
Gₖ₊₁ ⊆ Gₖ

The process terminates when:
•	 |G_valid| = 1 → a unique admissible goal remains 
•	 |G_valid| > 1 → residual selection is required 
•	 |G_valid| = 0 → fallback or safe-state activation 

This filtering process is deterministic and does not 
involve:
•	 Probabilistic inference 
•	 Optimization 
•	 Stochastic exploration 

Example of Context Mapping
Consider an agent with candidate goals:
G = {continue task, explore, recharge, retreat}

Case 1: Low-Energy Condition
Context:
Internal state: energy below threshold 

Constraint:
Eliminate goals requiring high energy 

Result: 
G_valid = {recharge}

Case 2: High threat condition
Context:
•	 Environmental: approaching hazard 
•	 Role: survival priority 

Constraints:
•	 Eliminate exposure-increasing goals 

Result: 
G_valid = {retreat}

Case 3: Nominal operation
Context:
•	 Stable environment 
•	 Sufficient energy 

Constraints:
•	 minimal filtering 

Result: 
G_valid = {continue task, explore}
Residual selection may apply.

Absence of Context as Instruction
A key property of the framework is that context does 
not define goals explicitly.

Instead:
•	 Context eliminates incompatible goals 
•	 Admissible goals emerge as survivors 

Thus, behavior is not instructed, but constrained.

Summary
The context-to-constraint mapping provides the 
dynamic component of the framework. It:
•	 Transforms observable conditions into constraint 

sets 
•	 Interacts with the identity layer to define admissibility 
•	 Enables deterministic reduction of the goal space 

As a result, goal selection is not driven by evaluation 
or optimization, but by the progressive elimination of 
goals that violate context-induced constraints. Context 
does not select goals; it removes those that cannot be 
sustained.

Deterministic Goal Selection and Residual Resolution
From Admissibility to Selection
Following the identity-layer filtering (Section 2) and 
context-to-constraint mapping (Section 3), the system 
produces an admissible goal set:
G_valid = { g ∈ G such that g satisfies Π and C(K) }

This set represents all goals that are both structurally 
permissible and contextually feasible. The role of this 
section is to define how a final goal is obtained from 
G_valid without introducing stochasticity or global 
optimization.

Deterministic Selection Regimes
The selection process operates under three regimes:

Case 1: Unique Admissible Goal
I f : 
|G_valid| = 1

Then:
•	 The remaining goal is selected directly 
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•	 No further processing is required 

This represents full resolution through constraint 
elimination.

Case 2: Multiple Admissible Goals
I f : 
|G_valid| > 1

Then:
•	 All remaining goals satisfy Π and C(K) 
•	 Ambiguity is limited to admissible alternatives 

A deterministic residual selection rule is applied.

Case 3: Empty Admissible Set
I f : 
|G_valid| = 0

Then:
•	 All candidate goals violate constraints 
•	 The system enters a fallback condition 

Fallback is defined within the identity library (Section 
2) as a safe-state goal set G_safe ⊆ G.

Residual Resolution Mechanism
Residual resolution applies only when multiple 
admissible goals remain. It must satisfy:
•	 Determinism 
•	 Low computational cost 
•	 Consistency with identity constraints 

No stochastic sampling or global optimization is 
permitted.

Deterministic selection rules may include:
1.	 Priority ordering 

A predefined ordering over G assigns 
precedence: 
g₁ ≻ g₂ ≻ … ≻ gₙ 

2.	 Urgency-based ordering 
Goals are ranked using simple scalar measures 
(e.g., time-to-failure, resource depletion) 

3.	 Lexicographic selection 
Goals are evaluated sequentially across ordered 
criteria until differentiation occurs 

4.	 Minimal-cost local heuristic (optional) 
Applied only within G_valid, not across the full 
goal space 

These rules operate on a reduced set and therefore 
remain computationally tractable.

Separation from Optimization-Based Methods
The proposed selection mechanism differs fundamentally 
from optimization-based approaches:
•	 No global search over G 
•	 No probabilistic evaluation 
•	 No reward maximization 

Instead:
•	 Infeasible goals are eliminated first 
•	 Selection is applied only to admissible goals 

If heuristic evaluation is used, it is confined to G_valid 
and does not alter the deterministic nature of elimination.

Integration with Planning Systems
Once a goal g* is selected, it is passed to a downstream 
planning module, such as Goal-Oriented Action 
Planning (GOAP).

Thus:
Context → Constraints → Goal Elimination → Goal 
Selection → Planning

The proposed framework operates as a pre-planning 
layer, reducing the goal space before planning begins.

This separation ensures:
•	 Reduced planning complexity 
•	 Improved real-time performance 
•	 Consistency between goal and feasible execution 

Temporal Consistency and Re-evaluation
Goal selection is not static. At each time step:
•	 Context K(t) is updated 
•	 Constraints C(K(t)) are recomputed 
•	 G_valid is re-evaluated 

If: 
g*∉ G_valid at time t+1

Then:
•	 The current goal is invalidated 
•	 A new selection process is triggered 

This enables adaptive behavior without requiring 
continuous optimization.
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Summary
Deterministic goal selection is achieved through:
1.	 Elimination of infeasible goals 
2.	 Identification of an admissible goal set 
3.	 Deterministic resolution within that set 

The system does not select goals freely. Selection 
occurs only within the constraint-defined admissible 
space, ensuring that all chosen goals are consistent 
with both identity and context. Selection does not 
create a goal; it resolves among those that remain 
admissible.

Comparison with GOAP, Reinforcement Learning, 
and Optimization-Based Methods
Overview
The proposed framework addresses a stage of decision-
making that is typically assumed to be given in existing 
approaches: the definition of the goal itself. Rather 
than optimizing over actions toward a predefined 
objective, the framework determines which goals are 
admissible prior to planning.

This section contrasts the proposed method with three 
widely used paradigms:
•	 Goal-Oriented Action Planning (GOAP) 
•	 Reinforcement Learning (RL) 
•	 Optimization-based decision frameworks 

Comparison with GOAP
GOAP operates under the assumption that a valid 
goal state is already defined. Its primary function is to 
compute an action sequence that transitions the system 
from the current state to the specified goal.

In contrast, the proposed framework introduces a pre-
planning layer that determines the goal itself through 
deterministic elimination.

GOAP characteristics:
•	 Input: predefined goal 
•	 Method: search over action sequences 
•	 Objective: reach goal with minimal cost or steps 

Proposed framework:
•	 Input: goal library and context 
•	 Method: constraint-based elimination 
•	 Output: admissible goal for planning 
Thus, the two approaches are complementary:
•	 The proposed method determines which goal 

should be pursued 
•	 GOAP determines how to achieve that goal 

This separation reduces ambiguity at the planning stage 
and ensures that the selected goal is consistent with both 
system constraints and context.

Comparison with Reinforcement Learning
Reinforcement Learning (RL) selects actions through 
interaction with an environment, guided by a reward 
function. Behavior emerges from the maximization 
of expected cumulative reward, typically requiring 
exploration and iterative updates.

In contrast, the proposed framework:
•	 Does not use reward functions 
•	 Does not rely on stochastic exploration 
•	 Does not require training or convergence 

RL characteristics:
•	 Decision mechanism: reward maximization 
•	 Behavior: learned through exploration 
•	 Uncertainty: inherent due to stochastic policies 

Proposed framework:
•	 Decision mechanism: constraint satisfaction 
•	 Behavior: determined through elimination 
•	 Uncertainty: minimized through determinism 

While RL is effective in environments with unknown 
dynamics or where learning is required, it introduces 
variability and requires significant computational 
resources.

The proposed framework is more suitable for:
•	 Safety-critical systems 
•	 Real-time applications 
•	 Environments where constraints are well-defined 

Comparison with Optimization-Based Methods
Optimization-based methods define decision-making 
as a global search problem over a cost or objective 
function. Solutions are obtained by minimizing or 
maximizing a scalar criterion, often across a large 
search space.

The proposed framework differs fundamentally in 
structure:
•	 It reduces the search space before any evaluation 
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•	 It eliminates infeasible goals instead of scoring 

all options 
•	 It may use simple heuristics only after reduction 

Optimization-based characteristics:
•	 Global evaluation of alternatives 
•	 Dependence on objective function design 
•	 Computational cost scales with search space size 

Proposed framework:
•	 Early elimination of infeasible candidates 
•	 No requirement for global objective formulation 
•	 Bounded computational cost due to reduced space 

If optimization is applied, it is restricted to the 
admissible goal set G_valid, making it localized and 
computationally tractable.

Structural Differences
The distinction between the approaches can be 
summarized structurally:
•	 GOAP: 

goal → search → action sequence 
•	 Reinforcement Learning: 

state → reward → policy update → action 
•	 Optimization-based methods: 

alternatives → objective evaluation → optimal 
selection 

•	 Proposed framework: 
context → constraints → elimination → 
admissible goals → selection → planning 

This formulation emphasizes reduction rather than 
evaluation.

Key Properties of the Proposed Framework
The proposed approach introduces the following 
properties:
•	 Determinism 

decisions follow from constraint satisfaction 
without randomness 

•	 Interpretability 
eliminated goals can be traced to specific 
constraint violations 

•	 Bounded complexity 
computational effort is limited by the size of the 
admissible set 

•	 Compatibility 
integrates with existing planning systems such 
as GOAP

Summary
The proposed framework does not replace existing 
methods but complements them by addressing the goal 
selection stage. It:
•	 Precedes planning by defining admissible goals 
•	 Avoids reliance on stochastic exploration or global 

optimization 
•	 Ensures consistency between selected goals and 

system constraints 

As a result, it provides a structured and deterministic 
basis for autonomous decision-making. The framework 
shifts decision-making from evaluating all possibilities 
to eliminating those that cannot be sustained.

Illustrative Examples: Role-Dependent Goal 
Selection Under Minimal Supervision
This section demonstrates the proposed framework 
using two agents with distinct identity libraries: a dancer 
agent and a soldier agent. Both operate under minimal 
supervision, relying on internal identity constraints and 
context-driven elimination to determine goals, which 
are then passed to a planning module such as Goal-
Oriented Action Planning.

Two autonomous agents operating under the proposed 
framework independently determine their goals based 
on their respective identity libraries and the current 
environmental context, without external supervision. 
Each agent maintains a distinct set of admissible 
objectives and persistent constraints reflecting its 
operational role and responsibilities. As environmental 
conditions evolve, context-derived constraints eliminate 
infeasible goals, ensuring that each agent selects only 
those objectives that remain consistent with both its 
internal structure and its interaction with other agents. 
This process enables coordinated behavior without 
centralized control, as decisions are shaped by shared 
environmental constraints and role-specific limitations, 
resulting in context-adaptive, responsibility-aware goal 
selection.

Dancer Agent
Identity Library
Goal set:
•	 G₁: perform choreography 
•	 G₂: adapt movement to environment 
•	 G₃: maintain balance and posture 
•	 G₄: pause or stabilize 
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Persistent constraints (Π):
•	 Balance must be maintained 
•	 Collision with environment must be avoided 
•	 Motion must remain within physical limits 

Case A: Stable stage, normal conditions
Context K:
•	 Flat surface 
•	 No obstacles 
•	 Sufficient energy 

Constraints C(K):
•	 minimal restrictions 

Result: 
G_valid = {g₁, g₂, g₃}

Residual resolution:
•	 priority → choreography dominates 
 Selected goal: perform choreography (g₁). GOAP 
generates motion sequence

Case B: Slippery surface
Context K:
•	 Low friction detected 

Constraints C(K):
•	 eliminate high-risk movements 

Result: 
G_valid = {g₂, g₃}

Residual resolution:
•	 balance prioritized 
 
Selected goal: maintain balance (g₃)

Case C: Near loss of stability
Context K:
•	 Instability detected 

Constraints:
•	 eliminate all non-stabilizing actions 

Result: 
G_valid = {g₄}
 Selected goal: pause or stabilize (g₄)

Soldier Agent
Identity Library

Goal set:
•	 G₁: advance 
•	 G₂: hold position 
•	 G₃: retreat 
•	 G₄: seek cover 

Persistent constraints (Π):
•	 Self-preservation must be maintained 
•	 Engagement must remain within operational rules 
•	 Coordination with other agents must be preserved 

Case A: Low threat, mission active
Context K:
•	 Low threat level 
•	 Sufficient resources 

Constraints:
•	 minimal filtering 
Result: 
G_valid = {g₁, g₂}
Residual resolution:
•	 mission priority favors advance 
Selected goal: advance (g₁)

Case B: High threat condition detected
Context K:
•	 incoming threat 
Constraints:
•	 eliminate exposure-increasing goals 

Result: 
G_valid = {g₃, g₄}

Residual resolution:
•	 immediate protection prioritized 
 Selected goal: seek cover (g₄)

Case C: Critical condition
Context K:
•	 low energy or damage 
Constraints:
•	 eliminate all non-survival actions 

Result: 
G_valid = {g₃}
 Selected goal: retreat (g₃)

Key Observations
Across both agents:
•	 Goals are not predefined externally 
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•	 No stochastic selection is used 
•	 No global optimization is required 

Instead:
•	 Identity defines the goal space 
•	 Context defines constraints 
•	 Elimination reduces the space 
•	 Selection occurs within admissible goals 

The agents operate with minimal supervision, as 
all admissibility conditions are embedded internally. 
This results in:
•	 Increased autonomy 
•	 Predictable behavior 
•	 Reduced computational burden 

Summary
The dancer and soldier agents demonstrate that:
•	 The same framework applies across distinct roles 
•	 Behavior adapts through constraint variation, not 

rule rewriting 
•	 Responsibility shifts from external control to 

internal structure 

Different roles produce different behaviors, but the 
selection mechanism remains identical.

Dynamic Action Libraries and Robust Constraint 
Filtering for Autonomous Agents
In practical deployments, agents do not operate 
under continuous external command, but rely on 
locally available information and internal decision 
processes. Coordination may arise with minimal or no 
supervision, where group-level behavior emerges from 
interaction patterns among agents. This is consistent 
with swarm-like dynamics, in which collective 
outcomes are produced without centralized control, 
yet remain coherent under shared constraints. 

To support such behavior, agents maintain a dynamic 
library of candidate actions. This library is not static; it 
evolves over time through accumulated observations, 
prior executions, and interaction outcomes. Let L(t) 
denote the action library at time t, updated according 
to: 

L(t+1) = U(L(t), H(t)) 
where H(t) represents prior interactions and observed 
outcomes. This update process enables continuous 
adaptation while preserving continuity with past 

experience, allowing the system to remain responsive 
under changing environmental and operational 
conditions. 

Although the library may expand or adapt, it is not 
unbounded. Its evolution is constrained by the agent’s 
objective and governing principles, ensuring that 
candidate actions remain consistent with the intended 
role and operational limits of the system. These principles 
act as invariant constraints that define acceptable 
behavior and prevent arbitrary or unsafe actions. 
Within this formulation, decision-making proceeds 
as constraint-consistent elimination over the current 
action library L(t). The system continuously refines 
its candidate set by filtering infeasible or inconsistent 
actions, maintaining a balance between adaptability 
and stability. As a result, agents are able to operate 
under varying levels of supervision, including fully 
autonomous conditions, while preserving coordinated 
and goal-consistent behavior across both individual and 
group levels [8-9]. 

A robustness layer evaluates external inputs and 
influences before they enter the admissible action 
space. External directives, environmental pressures, 
or adversarial signals are not assumed to be valid by 
default; they are subjected to constraint-consistent 
elimination. Actions that violate safety, integrity, 
or ethical constraints are rejected at this stage. In 
addition, the system enforces a viability condition to 
ensure sustained operation under dynamic conditions. 
Any candidate action that compromises stability or 
operational continuity is eliminated, preventing system-
level failure while preserving autonomous decision-
making.

The absence of continuous supervision does not imply 
unrestricted behavior or unconditional compliance with 
external directives. Agents do not execute all possible 
or suggested actions; instead, decisions are bounded 
by constraint-consistent evaluation of admissibility. 
In this sense, behavior reflects a form of system-level 
common sense, grounded in the preservation of stability, 
coherence, and operational continuity. At the collective 
level, this extends to a survival-oriented coordination 
principle, where agents implicitly act to maintain both 
individual integrity and group-level viability. As a 
result, even under minimal supervision, the system 
avoids arbitrary responses and unsafe compliance, 
sustaining coherent and context-appropriate behavior. 
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In contrast to GOAP, which relies on explicit goal 
selection and plan evaluation, the proposed framework 
achieves behavior through constraint-consistent 
elimination, where admissible actions emerge 
from a dynamically constrained space preserving 
both individual integrity and collective viability. A 
persistent self-check mechanism is embedded within 
the decision loop to ensure internal consistency 
and prevent drift from governing principles. This 
mechanism continuously evaluates candidate actions 
not only against external constraints but also against 
the agent’s own recent behavior, state trajectory, and 
operational intent. Formally, a consistency operator 
C(t) acts on the admissible set, such that: 

A*(t) = C(t) (A(t)) 

where A(t) ⊆ L(t) denotes the constraint-filtered 
action set. The operator C(t) enforces self-consistency, 
rejecting actions that introduce internal contradiction, 
unstable state transitions, or deviation from the agent’s 
functional role. This internal regulation layer enables 
self-control under autonomy, ensuring that adaptation 
does not lead to incoherence or unintended behavior. As 
a result, the system maintains continuity of operation 
and identity even in the absence of supervision or in 
the presence of conflicting external inputs. To further 
strengthen the self-check mechanism, the system 
may incorporate structured categories of internal 
evaluation. 

These include consistency with prior behavior (history), 
alignment with the agent’s functional role (identity), 
compatibility with group-level objectives (societal 
context), and preservation of long-term operational 
continuity (collective viability). In addition, a 
notion of internal confidence or self-estimation may 
be maintained to prevent overreaction to transient 
inputs or incomplete information. These evaluation 
dimensions do not introduce new goals but act as 
stabilizing references, ensuring that decisions remain 
coherent not only in the immediate context but also 
across time, interaction, and collective operation. As 
a result, the system maintains a form of grounded 
judgment, where action selection reflects continuity, 
responsibility, and sustained functionality rather than 
short-term reaction. 

This perspective is consistent with behavior-based 
control and bounded rationality frameworks, where 

decision-making emerges through layered filtering 
rather than exhaustive evaluation [10] while differing 
from GOAP-style approaches that rely on explicit goal 
selection and plan evaluation [11-12]. 

Figure 2 illustrates the pre-selection process, where 
candidate actions are filtered through constraint-based 
and self-check mechanisms before entering the final 
task selection stage.

Figure 2: Pre-selection filtering and self-check 
mechanism. Candidate actions are progressively refined 
through constraint filtering, robustness and viability 
checks, and internal self-consistency evaluation before 
entering the final task selection stage.

The introduction of adaptive behavioral libraries 
extends the framework to settings where supervision 
is limited or absent. By allowing the action space to 
evolve while remaining structurally constrained, the 
system maintains both flexibility and coherence. This 
supports swarm-like coordination and reinforces that 
decision-making can emerge from constraint-consistent 
elimination over a dynamically updated, yet bounded, 
set of candidate actions. 

The effective constraint set is formed through the 
combination of identity-driven and context-induced 
constraints. Persistent identity constraints define 
the invariant boundaries of admissible behavior, 
while context-derived constraints introduce dynamic 
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restrictions based on current conditions. Their 
conjunction, Π ∧ C(K), establishes the effective 
constraint set that governs goal admissibility at each 
time step. This formulation does not introduce new 
objectives but reduces the existing goal space by 
eliminating infeasible candidates. As a result, goal 
selection emerges as a deterministic consequence of 
constraint-consistent reduction rather than evaluation 
or optimization.

Conclusion
This work introduces a deterministic formulation of 
goal selection in which objectives are not assumed 
a priori but are obtained through constraint-driven 
elimination. By separating the definition of admissible 
goals from the planning of actions, the framework 
addresses a structural gap in common decision 
pipelines. An internal identity layer provides a bounded 
goal library and persistent constraints, while context 
is mapped to additional constraints that remove 
infeasible goals. The resulting admissible set defines 
the space within which a final goal is resolved.

The central shift is from evaluation to reduction. 
Instead of scoring all alternatives or relying on 
stochastic exploration, the system eliminates goals that 
violate identity or context constraints. This produces 
a bounded, interpretable set of admissible objectives 
and, in many cases, a unique goal without further 
processing. When multiple admissible goals remain, 
residual resolution is performed using deterministic 
rules over a reduced set, maintaining low computational 
cost and avoiding global optimization.
The framework is designed to complement, not 
replace, existing methods. In particular, it operates 
as a pre-planning layer for systems such as GOAP, 
supplying a context-consistent goal prior to action 
planning. Compared with reinforcement learning 
and optimization-based approaches, the method 
avoids reward design, stochastic policies, and 
large-scale search, making it suitable for real-time, 
resource-constrained, and safety-critical applications 
where admissibility and predictability are primary 
requirements.

Future work will focus on (i) formal specification 
of constraint classes and consistency guarantees for 
the identity library, (ii) empirical validation through 
simulation or hardware experiments, and (iii) 
integration with downstream planners to quantify 

improvements in robustness and latency. The proposed 
formulation provides a deterministic and interpretable 
basis for autonomous decision-making by ensuring that 
selected goals are consistent with both internal structure 
and external conditions.

By allowing the action space to evolve while remaining 
structurally constrained, the system maintains both 
flexibility and coherence. This supports swarm-like 
coordination and reinforces that decision-making can 
emerge from constraint-consistent elimination over a 
dynamically updated, yet bounded, set of candidate 
actions. In this formulation, autonomy is realized as 
freedom within constrained admissibility, ensuring 
that all selected goals remain consistent with both 
intrinsic structure and contextual conditions. The 
framework establishes a deterministic foundation 
for goal formation, positioning constraint-consistent 
elimination as a primary mechanism of autonomous 
decision-making.
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