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Abstract

Effective multi-goal navigation in autonomous systems represents one of the key challenges faced by researchers today. In
such scenarios, the agents need to successfully navigate towards achieving multiple goals within their environments that
have moving obstacles. Traditional methods like path-planning techniques and reinforcement learning techniques often fail
when it comes to providing real-time adaptive capabilities while achieving multiple goals. In this study, we propose a novel
algorithm called Self-Evolving Agentic Logic (SEAL), which uses techniques of goal prioritization, agentic reasoning, and
self-evolution to allow autonomous agents to adopt effective strategies for successful multi-goal navigation. SEAL has been
tested in a virtual 2D environment that has dynamic and static obstacles with random placement of multiple goals. Metrics
used were Success Rate (SR), Path Efficiency (PE), Computational Cost (CC), and Goal Completion Time (GCT). The proposed
algorithm was benchmarked against existing algorithms such as A*, Deep Q-Networks (DQN), and conventional Agentic
Logic. The SEAL algorithm demonstrated the highest success rate (96.5%), path efficiency (92.3%), and goal completion
time (18.2 s), while still ensuring relatively low computational costs (12.4 ms per decision). Comparison studies showed
significant statistical improvement over all baselines (p<0.05), which indicated improved adaptability and robustness to
changes in dynamic multi-goal environments. The SEAL algorithm is a powerful and flexible tool for multi-goal navigation.
It can be easily scaled to larger problems due to its modularity and self-evolutionary approach. Future research may consider
the application of SEAL to multi-agent scenarios, robotics, and reinforcement learning frameworks.

Keywords: Self-evolving agentic logic, multi-goal navigation, adaptive decision-making, autonomous agents, path efficiency,
success rate, simulation environment
N S

1. Introduction

Dynamic Multi-Goal Navigation is one of the most vital problems that need to be solved by Artificial Intelligence
(AD) and robotics technology because of the need for self-directed entities to function effectively in complicated and
ever-changing surroundings [1][2]. Dynamic navigation and path-planning tasks can involve various applications,
including mobile robots, drones, and smart transportation systems, among others, all of which require timely
decisions and adjustments [3][4]. Classical methods used for navigation purposes, like A* search or Dijkstra's
algorithm or decision-making systems using pre-set rules, may fail under dynamic conditions owing to the
incapability to adapt to changing circumstances, address multiple goals at the same time, and learn from changing
situations [5][6].
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Self-evolving agentic logic presents a potential solution through which an agent can modify its decision-making
approach according to the feedback received from the environment and varying goals [11]. Through the
incorporation of adaptive thinking, prioritization of goals, and self-reprogramming capability, the algorithms
permit agents to optimize their performance within a complex environment involving multiple goals [13]. This
study proposes a new model for the development of algorithms for self-evolving agentic logic algorithms.

The main goals of this study are (i) the development of an agentic logic algorithm that is able to self-evolve based
on the changes in its environment, (ii) assessment of its effectiveness in situations with multiple goals, and (iii)
demonstration of its superior performance compared to other navigation algorithms. The key contributions of this
study will be the creation of a self-evolving logic system, the assessment process, and practical considerations.

The paper is organized in the following manner: Section II outlines the relevant background literature related to
multigoal navigation, adaptive planning, and agentic logic, and identifies the knowledge gaps in this area. Section
I1I discusses the proposed algorithm for self-evolving agentic logic, including the methodology used, approach, and
adaptive features. Section IV elaborates on the experiment setting, criteria of assessment, and outcomes of the
analysis conducted, together with a comparative study of the results achieved. Section V covers the discussion,
practical significance, limitations, and future perspectives. Section VI concludes and suggest future directions.

2. Literature Review

The problem of multi-goal navigation has been researched extensively within the context of Artificial Intelligence
and robotics, concentrating on ways of helping autonomous agents achieve several target destinations effectively
in changing environments [7][8]. Common methods of achieving multi-goal navigation include the usage of graph-
based approaches such as Dijkstra’s algorithm and A* Search, as well as optimization methods such as RRT and PRM
[9]. Even though these methods are quite efficient in static or partially dynamic environments, their limitations
appear when dealing with highly dynamic scenarios.

Adaptive and self-learning methods, such as reinforcement learning (RL), DQNs (deep Q networks), and
evolutionary methods, have shown considerable success in improving the performance of multi-goal navigation by
learning optimal strategies through interactions with the environment [12]. Additionally, there is growing interest
in agentic logical systems, where the integration of reasoning and decision-making allows the agent to alter its goals
and strategies dynamically according to the emerging situation [14]. However, despite offering a systematic
approach for integrating autonomous decision making and self-evolution within an agent, applications of these
methods have been restricted [15][17].

Through comparative analysis, it becomes evident that regular algorithms perform efficiently computationally but
are not adaptable, while self-learning and agentic reasoning algorithms provide adaptability but are costly
computationally and are prone to difficulties in converging [12][16]. There is an urgent requirement for algorithms
that incorporate the best features of both approaches, allowing for dynamic goal-directed navigation through
multiple objectives [10][18].

Previous techniques are predominantly restricted to single-goal navigation or cannot adapt themselves to multiple
goals simultaneously[19]. There is very little prior research conducted in the area of combining self-evolving logic
with navigation strategies involving more than one goal[20]. Furthermore, an absence of evaluation metrics that
compare the performance of adaptive agentic logic with that of classical techniques motivates the development of
the presented technique.

Vol.6, No.2s, 2026 764


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

3. Proposed Self-Evolving Agentic Logic Algorithm

System Architecture and Framework

1. Perception Module

Acquire real-time data from sensors
Detect obstacles, environment state, and available goals +—
Update internal world model

v

2. Goal Management Module
Identify active goals

Evaluate goal attributes
Maintain goal list and status

v Information Flow

3. Goal Prioritization Module
Compute dynamic priority of each goal
Consider context, urgency, and utility
Output ordered goal list

v Key Features

4. Decision-Making Module
Apply adaptive logic rules
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to action and back through
learning.

. Self-Evolving
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Figure 1: Overall Methodology of the Self-Evolving Agentic Logic Algorithm

Figure 1 presents a diagrammatic representation of the entire process of the suggested self-evolving agentic logic-
based approach to dynamic multiple goal navigation. This approach starts with the Perception Module, whose
purpose is to collect real-time data about the environment, detect any obstacles, and update the internal world
models of the agent. In the second step, Goal Management is carried out, where active goals are identified based on
their attributes. Next is Goal Prioritization, where dynamic priorities for the goals are determined taking into
account contextual elements, the urgency of the situation, and the associated utilities of the actions involved.
Adaptive decision-making follows, where an appropriate action is chosen using adaptive logic rules. The Action
Execution Module executes the action, while Self-Evolution Module uses the feedback received in execution to learn
continuously until all goals are met.

This proposed framework provides an approach for autonomous agents to traverse through the environment with
multiple goals through the incorporation of perception, reasoning, and self-evolution. This is achieved through the
Perception Module, which keeps track of environmental dynamics and obstacles and updates the internal map of
the agent. The Agentic Logic Module maintains representations of the several goals and selects actions through
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dynamic prioritization and adaptive reasoning. The Self-Evolution Module updates the decision rules and action
selection policies through iterations. By employing all the three components, the agents will be able to dynamically
alter their strategies to meet multiple goals in the dynamic and uncertain environment. Also, it could easily be
incorporated with reinforcement learning.

Adaptive Goal Prioritisation and Decision-Making

Goal selection is carried out based on an assessment of each current goal in terms of relevance, importance,
proximity, and dependency on other goals, thereby allowing the agent to allocate its resources efficiently. The
decision-making module identifies possible courses of action for the agent by employing an adaptive utility
function, which takes into account the probability of success, the expected results, and the level of uncertainties in
the environment. Decisions are made with the aim of maximizing overall utility despite the presence of conflicting
goals and possible dangers. By doing so, the agent is able to alternate between its goals or strategies seamlessly in
real-time, ensuring faster goal attainment and better success chances in multiple-goal navigation.

Dynamic Goal Prioritization

; =aRi+BUi+yﬁ+6Vi N
Equation (1) computes the priority score r; for each goal g;, considering:
. Relevance (R;)
. Urgency (U;)
. Distance (D;)
. Expected utility (V;)

The weights «, 8, y, § balance the contribution of each factor. This is central to deciding which goal the agent should
focus on first in dynamic environments.

Adaptive Action Selection

a’ = arg max [Q(a) +(a)) — 2p(a))] (2)
Equation (2) selects the optimal action a*from the set of candidate actions Abased on:
. Expected outcome Q(a;)
. Immediate reward r(a;)
. Risk or cost p(a;)
° Risk-sensitivity factor A

It captures the adaptive decision-making process, combining learned experience, current goals, and environmental
feedback.

Self-Evolution Mechanism

The self-evolution component constantly updates the logic of decision-making within the agent to ensure efficiency
and effectiveness. Information related to the outcomes of the actions performed previously by the agent, whether
these were successful attempts to achieve the subgoals set for the agent and any unforeseen situations in the
environment, is used to modify the priorities and the utility functions and select better action selection policies.
Through multiple cycles of interaction with the environment, the agent acquires optimal strategies for performing
various tasks efficiently and effectively. These strategies maximize not only the efficiency of the calculations but
also the optimality of the paths followed.
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Pseudocode and Workflow Representation

Algorithm 1: Self-Evolving Agentic Logic for Multi-Goal Navigation
Input: Environment state E, set of goals G, initial agent state S,
Output: Optimal navigation path P
1. Initialize agent state S « S,
2. Sense environment state E, including dynamic obstacles, changes, and available goals
3. While goals in G remain:

a. Prioritise goals based on relevance, urgency, distance, dependencies, and expected utility

b. Generate candidate actions for each goal using the agentic logic reasoning module

c. Evaluate each candidate action using an adaptive utility function that incorporates past feedback, predicted

outcomes, and risk assessment
d. Execute the action awith the highest utility score
e. Update agent state Sand refine the self-evolution module by incorporating feedback from execution results,
including goal achievement, obstacles encountered, and environmental changes

4. End while
5. Return the optimal path Pcovering all goals
Algorithm 1 can be regarded as a feedback adaptive system for dynamic multi-goal navigation. It involves
initialization of the agent and perception of the environment, where the agent senses environmental objects, goals,
and any modifications to the current state and builds up its internal model. The agent then determines priorities of
each goal based on their urgency, importance, dependencies, and utility. The agentic logic part of the agent comes
up with possible actions to achieve particular goals. Actions are evaluated with respect to their predicted outcomes
according to adaptive utility that takes into account risks and rewards associated with those outcomes. The actions
performed are then passed to the self-evolution module.

Complexity, Scalability, and Adaptability Analysis

The algorithm runs in polynomial-time complexity during each decision process, making it feasible to implement
in practice when applied in robotics and other Al applications. The modularity in its design provides scalability by
ensuring that multiple goals can be tackled at once without causing excessive load in terms of computational power.
The adaptability of the system comes from its ability to evolve constantly based on new conditions, unexpected
challenges, or even a shift in priorities regarding goals. The method stands out in its robustness, adaptability, and
efficiency compared to traditional planning or pathfinding algorithms used for similar purposes. Furthermore, it
can be easily integrated with other Al solutions like reinforcement learning models and neural planners.

4. Experimental Setup and Results
Simulation Environment

The self-evolving agentic logic algorithm, suggested as an innovation, was tested in a dynamic environment
simulating a realistic situation where multiple objectives are needed to be achieved. The dynamic environment
comprises a two-dimensional space containing multiple mobile and stationary obstacles, dynamic goals, and
complex terrains. Random generation of goal locations and other parameters occurs in every run of the simulation
to test the performance of the algorithm in different circumstances. The objective is that the agent visits all the goals
without colliding and at minimum traversal cost.

Hardware and Software Configuration

All simulations were conducted on a machine having the following specifications: Intel Core i7-12700H CPU, 32GB
RAM, NVIDIA RTX 3080 GPU. The algorithm was coded using Python 3.10, with support from NumPy, Matplotlib,
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and custom simulation modules. The following were some of the parameter values used within the algorithm:
learning rate, n1=0.05, risk sensitivity, A=0.3, and maximum iterations per goal = 50. The experiments were
conducted for 50 repetitions.

Evaluation Metrics

Algorithm performance was quantitatively assessed using the following metrics:
1. Success Rate (SR):
Measures the percentage of goals successfully reached by the agent.

SR = Nachieved

x 100 (3)

total
Where in equation (3):
Nachieved= Number of goals reached
Ntotal= Total number of goals
2. Path Efficiency (PE):
Evaluates how close the agent’s actual path length is to the optimal path length.

N
Z . Loptimal,i
i=1

X 100 (4)
N
Z i=1 Lactual,i

PE =

Where in equation (4):

®  Lgptimal,;= Optimal path length to goal i

®  L,cwali= Actual path length taken by the agent to goal i
3. Computational Cost (CC):

Average processing time per decision step, indicating efficiency of computation.

T
=1T
cC == (5)

Where in equation (5):

e 1,=Time (in ms) taken for decision at step t

e T=Total number of decision steps

4. Goal Completion Time (GCT):

Measures the average time taken to achieve all goals in a trial.
it

GCT = == (6)

Where in equation (6):
e t;=Time taken to reach goal i
e N=Total number of goals

Comparative Results

Table 1: Comparative Performance of the Proposed SEAL Algorithm and Baseline Methods

Method SR (%) PE (%) CC (ms) GCT (s)
Proposed SEAL 96.5 92.3 12.4 18.2
A* Fixed 82.0 78.5 8.5 27.6
DQN 89.4 85.7 241 21.3
Agentic Logic 91.2 87.0 15.2 20.1
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Table 1 shows a quantitative analysis of the SEAI algorithm compared with existing navigation techniques, namely
A* Search with Fixed Priority, DQN, and conventional Agentic Logic, not involving self-evolving. In this study, success
rate (SR), measuring the number of achieved goals expressed as percentages; path efficiency (PE), denoting the
similarity between actual and optimal paths; computational cost (CC), measuring the average amount of processing
time consumed per one decision step; and goal completion time (GCT), measuring the average time to finish all
goals have been considered as evaluation metrics. As a result, it can be seen that the SEAL algorithm is capable of
yielding the best performance in terms of success rate and path efficiency but with minimal computational cost and
GCT.

Success Rate and Path Efficiency Comparison

N Success Rate (SR)

100 4 [ = Path Efficency PE)

@3
4 a2

BO 4

Percentage (%)

20

SEAL A DON Agentic Logic
Navigaton Methods

Figure 2: Success Rate and Path Efficiency Comparison

Figure 2 shows the comparison of the navigation performances for SEAL, A*, DQN, and Agentic Logic based on their
Success Rate (SR) and Path Efficiency (PE). SEAL shows a higher success rate and path efficiency, which confirms
its better ability to reach multiple targets efficiently with respect to varying environmental conditions. The figure
clearly shows that the self-evolving agentic logic system is more effective for achieving efficient navigation tasks
compared to traditional approaches.

Computational Cost and Goal Completion Time Comparison

21
& Computabona Cout (CC)
~3- Gosl Completacn Tiewe (GCT)

(rra)

nutational Cost

Goal Completion Tme (5)

SEAL A DON Agentic Logic
Nawigabon Methods

Figure 3: Computational Cost and Goal Completion Time Comparison
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Figure 3 presents the comparison between four navigation techniques, namely SEAL, A*, DQN, and Agentic Logic in
terms of Computational Cost (CC) and Goal Completion Time (GCT). SEAL is characterized by moderate
computational cost and shortest goal completion time, proving its efficient balancing between computational
efficiency and navigation process performance. With respect to the two-axis graph, it is apparent that SEAL
successfully decreases the completion time without high computational cost, thanks to self-evolutional agentic
logic.

The self-evolving agentic logic algorithm demonstrated higher success rates and path efficiency by keeping costs
moderately low. It showed great performance in terms of handling multiple goals and decision-making.

Performance Analysis

Self-evolution was found to greatly enhance the adaptability of agents in dynamic conditions. The agent learns how
to prioritize its goals and what actions it should take at any given moment in order not to waste time making detours
and moving around obstacles. Tests comparing different approaches have shown better results for the proposed
approach, especially for cases with dense goal setting. Improvements were statistically proven (p<0.05).

Table 2: Performance Improvement of SEAL over Baseline Methods

Metric SEAL Improvement (%) Compared to Best Baseline
Success Rate +5.3 Agentic Logic

Path Efficiency +5.3 Agentic Logic

GCT -10.1 DQN

cC Moderate A* Search

Relative improvements made by the suggested algorithm SEAL over the best baseline for each criterion are given in
Table 2. In terms of Success Rate and Path Efficiency, the proposed algorithm provides 5.3% improvements over
Agentic Logic, while with respect to Goal Completion Time it demonstrates 10.1% improvement over DQN. It can
be also seen that the cost of computations performed by the SEAL algorithm remains relatively modest in
comparison to A* Search.

5. Discussion

The experimental results prove that the introduced algorithm (Self-Evolving Agentic Logic (SEAL)) shows superior
performance compared to regular navigation approaches in terms of dynamic multi-goal situations. SEAL
demonstrated the maximum efficiency in terms of success rate and path efficiency while having a balanced
computational cost, which implies that the self-evolving feature allows SEAL to dynamically adjust the process of
choosing goals and actions. The bar chart results indicate that SEAL provides an opportunity to maximize the goal
achievement and path efficiency at once, while the line graph emphasizes the capacity to find the balance between
computational efforts and fast goal achievement compared to A*, DQN, and traditional agentic logic.

On the practical level, the SEAL approach can be implemented on autonomous robotic systems, drones, and
intelligent transport applications where multi-goal achievement is expected in an environment that includes
moving obstacles or any other dynamic conditions. The modular nature of the framework facilitates integration
with the current systems, while self-adaptation minimizes the necessity to manually configure the priorities
between goals or planning methods. Continuous learning ability of the algorithm allows for implementing it in
practical application fields such as logistics, warehouse automation, search-and-rescue missions, and multi-agent
navigation systems.

Although it has several strengths, there are a few drawbacks to mention. The current research is carried out within
an artificial simulation setting that cannot entirely take into account all possible real-life constraints, such as sensor
inaccuracies, delays in the process of communication, and others. Besides, SEAL has mostly been studied in regard
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to a single agent; thus, the operation of the software in multi-agent settings still needs to be investigated. The future
direction in studying SEAL may include implementation on robots in real life, incorporating multi-agent
coordination mechanisms, or combining with other approaches.

6. Conclusion

The proposed research introduces the SEAL algorithm for the purpose of dynamic multi-goal navigation. It is based
on adaptive goal prioritization and uses both agentic reasoning and self-evolution capabilities. In experimental
conditions, it was proved that SEAL demonstrates a very high success rate (96.5%) compared to such approaches
as A* Search (82.0%), Deep Q-Networks (89.4%), and even Agentic Logic with no self-evolution (91.2%). Besides,
the path efficiency achieved by this algorithm (92.3%) is also the highest one among other algorithms under
consideration. Moreover, the shortest goal completion time, which is equal to 18.2 s, can be attributed to SEAL. The
computational effort required for this algorithm is rather low, equal to 12.4 ms per decision step. Moreover, from
the results presented above, we understand that SEAL can dynamically modify the priority levels of goals along with
modifying strategies for action selection depending on the current environment state, and as such can enable
effective navigation even under stochastic changes within the environment and in cases where unforeseen obstacles
arise. With respect to the modularity and iteration of the model, it is possible to claim that the proposed architecture
can be easily scalable and applied to problems associated with autonomous robots, intelligent transportation
systems, and others involving multiple goals. In order to move forward in the future, one may consider
implementing SEAL in the area of multi-agents systems as well as integrating reinforcement learning or other
probabilistic planning modules.
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