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Abstract—Search algorithms are central to the problem-solving
capabilities of artificial intelligence (AI) systems. Among these,
Breadth-First Search (BFS) and Depth-First Search (DFS) are
widely used for uninformed search problems. While BFS guar-
antees completeness and optimality, it suffers from high memory
consumption, making it unsuitable for large-scale or resource-
constrained applications. On the other hand, DFS offers a more
memory-efficient solution but can miss optimal solutions and
may fail in infinite or unbounded problem spaces. To address
these limitations, we propose a hybridization of BFS and DFS
that aims to combine the strengths of both algorithms. This
hybrid approach leverages the optimality and completeness of
BFS while maintaining the memory efficiency of DFS, thereby
enhancing the overall problem-solving efficiency. In this paper,
we provide a comprehensive theoretical analysis of the hybrid
algorithm, followed by an implementation strategy and empirical
evaluation. Through extensive experimentation in a variety of
Al domains, including robotics, pathfinding, and game theory,
we demonstrate that the hybrid BFS-DFS model significantly
improves both time and space efficiency compared to traditional
approaches. The results highlight the robustness and scalability of
the hybrid model, making it a valuable tool for solving complex,
dynamic problems in AL Finally, we discuss potential future work
to refine the approach and extend its applicability to real-world
Al systems.

Keywords—Hybrid Search Algorithms, Breadth-First Search
(BFS), Depth-First Search (DFS), Artificial Intelligence (AI),
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I. INTRODUCTION

Search algorithms are fundamental to the success of artifi-
cial intelligence (AI) systems, providing the core mechanisms
for solving a wide range of problems, from robotics to plan-
ning and game theory. Efficient problem-solving in Al requires
selecting the right search strategy based on the problem char-
acteristics, such as the state space, the available resources, and
the desired solution quality. Among the most commonly used
search algorithms, Breadth-First Search (BFS) and Depth-First
Search (DFS) are considered basic yet powerful approaches.

BFS explores all nodes at the present depth level before
moving on to nodes at the next depth level, ensuring complete-
ness and optimality in terms of the shortest path. However,
BFS is limited by its high memory consumption, particularly
when dealing with large or infinite search spaces [1], [11]. In
contrast, DFS is more memory-efficient, as it explores a branch
fully before backtracking. While DFS is advantageous in terms
of space complexity, it may fail to find the optimal solution
and is prone to getting stuck in infinite loops [17], [12].

These limitations have driven researchers to explore hybrid
approaches that combine the strengths of both BFS and DFS.

The motivation behind hybridizing BFS and DFS lies in
their complementary nature. A hybrid approach can combine
the completeness and optimality of BFS with the memory
efficiency of DFS. By dynamically switching between the
two algorithms based on problem characteristics or search
depth, hybrid models can offer significant improvements in
both time and space efficiency, addressing the limitations
of traditional search methods. Such hybridization has been
applied in various domains, including robotics [20], [19],
pathfinding [15], [22], and AI planning [9], [18].

This paper presents a comprehensive investigation into the
hybridization of BFS and DFS for enhancing problem-solving
efficiency in Al applications. The objective is to develop
a hybrid search strategy that offers the benefits of both
algorithms while mitigating their individual drawbacks. The
scope of this paper includes a detailed theoretical analysis,
a description of the algorithmic framework, and experimental
validation using various Al domains to demonstrate the hybrid
approach’s superiority in terms of computational efficiency and
solution quality.

The rest of the paper is organized as follows: Section II
reviews related work in the field of hybrid search algorithms,
focusing on previous efforts to combine BFS and DFS. Section
III presents the theoretical background and design of the
hybrid algorithm, including its advantages over traditional
approaches. Section IV outlines the experimental setup and
presents the results of empirical evaluations. Finally, Section
V discusses the conclusions drawn from the findings and
suggests potential directions for future research.

II. RELATED WORK / LITERATURE REVIEW

Search algorithms have been a cornerstone of Al problem-
solving for decades. Various algorithms have been developed
to explore state spaces and find solutions to different problems.
Among these, Breadth-First Search (BFS) and Depth-First
Search (DFS) are the most fundamental uninformed search
techniques. BFS is known for its completeness and optimality
in terms of the shortest path but suffers from high memory
usage, making it less efficient in large-scale problems [11].
On the other hand, DFS uses significantly less memory and
is computationally cheaper in certain scenarios but may miss
optimal solutions or get trapped in infinite loops, especially in
infinite search spaces [12].
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TABLE I
SUMMARY OF THE LIMITATIONS OF BFS AND DFS
Algorithm Advantages Limitations
BFS Completeness, Optimality High memory usage, Inefficient in large spaces
DFS Memory efficiency, Simple implementation Non-optimal, Can get stuck in infinite paths

In response to the drawbacks of BFS and DEFS, other
search strategies have been developed. Iterative Deepening
Depth-First Search (IDDFS) [13] combines the advantages of
BFS and DFS by performing DFS iteratively with increasing
depth limits. IDDFS is more memory-efficient than BFS while
still ensuring completeness. Similarly, A* Search [14] is a
popular heuristic search algorithm that guarantees optimality
and completeness if the heuristic is admissible. It is widely
used in pathfinding and game Al because it balances efficiency
with optimality by incorporating heuristic information into the
search process [15].

The hybridization of search algorithms has been an active
area of research, where combinations of BFS, DFS, and A*
have been explored to address the limitations inherent in
each. Several approaches have been proposed to merge the
strengths of BFS and DFS. For instance, bidirectional search
combines forward and backward search strategies to reduce
search space and time complexity [16]. Similarly, hybrid BFS-
DFS approaches aim to leverage BFS’s completeness and
DFS’s memory efficiency by dynamically switching between
the two based on problem characteristics [17]. However, hy-
brid methods often struggle with computational overhead and
complexity in handling dynamic and unknown environments
[18].

The application of search strategies in Al spans numer-
ous domains, from robotics to game theory and automated
planning. In robotics, BFS and DFS are employed in path
planning and navigation [19]. IDDFS has been widely used
for real-time robot navigation, especially in environments with
limited memory [20]. A* search has also found applications
in pathfinding, particularly in dynamic environments where
the goal changes frequently, such as in game Al and virtual
environments [15]. The efficiency of search algorithms, par-
ticularly in large state spaces, is crucial for Al systems in
games like chess, Go, and strategy games [21]. In Al planning,
search algorithms are fundamental for generating plans that
meet certain goals. Hybrid models are particularly useful for
large planning problems with many possible solutions [18].

Despite the success of hybrid search algorithms, several lim-
itations remain. One of the main challenges is the scalability of
these approaches. As the problem space grows, the complexity
of managing hybrid algorithms increases, often leading to
diminishing returns in terms of efficiency [17]. Additionally,
many hybrid methods lack robustness when applied to dy-
namic, uncertain environments, which are common in real-
world Al applications [19]. Moreover, while hybrid algorithms
can enhance search efficiency in some contexts, they may
not always guarantee optimal solutions, particularly in highly
complex, multi-agent systems [22]. Therefore, research in

hybrid search algorithms continues to focus on balancing
between memory usage, search depth, solution optimality, and
computational efficiency [13].

A. Summary of Research Gaps

While hybrid search algorithms offer significant improve-
ments over traditional BFS and DFS, there are several open
research areas that require attention:

o Scalability: Most hybrid search approaches struggle to
handle large state spaces efficiently. There is a need for
novel methods that can scale well in complex, real-time
systems.

o Dynamic Environments: Hybrid search strategies often
fail to adapt quickly to changes in dynamic and uncertain
environments. Research is needed to make these algo-
rithms more flexible and robust in such settings.

o Performance Optimization: Current hybrid models re-
quire substantial computational resources, making them
impractical for resource-constrained systems. Efficient
hybridization that minimizes computational overhead is
an area ripe for exploration.

o Multi-Agent Systems: Many hybrid search methods as-
sume a single agent. Extending these approaches to multi-
agent systems, where multiple entities interact and share
resources, remains an unsolved problem [21].

III. THEORETICAL BACKGROUND
A. Formal Definitions of BFS and DFS

Breadth-First Search (BFS) is an algorithm for traversing
or searching tree or graph data structures. It starts at the root
node and explores all neighboring nodes at the present depth
prior to moving on to nodes at the next depth level. BFS
utilizes a queue data structure to keep track of nodes to be
explored next [23].

Depth-First Search (DFS) is an algorithm for traversing
or searching tree or graph data structures. It starts at the
root node and explores as far as possible along each branch
before backtracking. DFS employs a stack data structure,
either implicitly through recursion or explicitly, to keep track
of the path being explored [24].

B. Complexity Analysis

The time and space complexities of BFS and DFS are as
follows:

Here, V represents the number of vertices and E represents
the number of edges in the graph. Both algorithms have linear
time complexity with respect to the number of vertices and
edges. However, their space complexities differ based on the
graph’s structure and the implementation details [23], [24].
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TABLE I
COMPARISON OF COMMON SEARCH ALGORITHMS IN Al

Algorithm | Completeness Optimality Space Complexity | Time Complexity
BFS Yes Yes (optimal path) High (0(b%)) High (0O(b7))
DFS No No Low (O(bd)) High (O(bd))

IDDFS Yes Yes Low (O(bd)) High (0(b%))
A* Yes Yes (with admissible heuristic) | Moderate (O(b%)) | Moderate (O(b?))
TABLE III

TIME AND SPACE COMPLEXITY OF BFS AND DFS

Algorithm | Time Complexity | Space Complexity
BFS O(V+E) o)
DFS O(V +E) o(v)

C. Comparative Advantages and Disadvantages

BFS is advantageous when the shortest path is required,
especially in unweighted graphs. However, it can be memory-
intensive. DFS is more memory-efficient and can be more
suitable for scenarios where the solution is located deep in
the search tree [25].

D. Theoretical Foundation for Combining Search Strategies

Combining BFS and DFS aims to leverage the strengths of
both algorithms while mitigating their weaknesses. Hybrid ap-
proaches can dynamically switch between BFS and DFS based
on the problem’s characteristics or combine their strategies to
optimize performance.

For instance, a hybrid algorithm might use BFS to explore
the search space broadly and then switch to DFS for deep
exploration in promising areas. Such strategies can be par-
ticularly effective in large or complex search spaces where
neither BFS nor DFS alone is efficient [26].

E. Illlustrative Diagrams

Breadth-First Search (BFS) Traversal
Visit Order:A—B—-C—D—E—-F—G

A
(Level 0)
B C
(Level 1) (Level 1)
D E F G
(Level 2) (Level 2) (Level 2) (Level 2)

Fig. 1. Breadth-First Search Traversal

Depth-First Search (DFS) Traversal
VisitOrderr A=B—-D—-E—=C—=F—=G

A
(1st)

/

(2nd) (5th)
D E F G
(3rd) (4th) (6th) (7th)

Fig. 2. Depth-First Search Traversal

Figures 1 and 2 illustrate the traversal order of BFS and
DFS, respectively. BFS explores neighbors level by level,
while DFS dives deep into each branch before backtracking.

IV. PROPOSED HYBRID APPROACH

A. Conceptual Overview

The motivation behind the proposed hybrid approach is to
leverage the complementary strengths of Breadth-First Search
(BFS) and Depth-First Search (DFS) while mitigating their
inherent limitations. Traditional BFS guarantees completeness
and optimality but suffers from high memory overhead. DFS,
on the other hand, is memory-efficient but risks incomplete-
ness and suboptimality. The hybrid approach aims to introduce
a dynamic and adaptive search mechanism that balances the
breadth-wise expansion of BFS with the depth-wise explo-
ration of DFS.

This method interleaves BFS and DFS heuristically or
probabilistically during search execution based on problem
characteristics such as depth, branching factor, and resource
constraints. It is particularly effective in complex Al domains
where a single search strategy may be insufficient or ineffi-
cient.
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weighted graphs

TABLE IV
COMPARISON OF BFS AND DFS
Criteria BFS DFS
Completeness Guaranteed to find the shortest path in un- | May not find the shortest path

Memory Usage

Requires more memory due to storage of all
nodes at the current level

Requires less memory as it stores only the
current path

Optimality

Optimal for unweighted graphs

Not guaranteed to be optimal

Use Cases

Suitable for finding the shortest path and

Suitable for pathfinding in mazes and topo-

level-order traversal

logical sorting

B. Design Goals

The design of the proposed hybrid algorithm is guided by
the following goals:

« Efficiency: Reduce overall computational and time com-
plexity by exploiting contextual search patterns.

o Completeness: Ensure that solutions are found if they
exist within finite state spaces.

« Scalability: Enable the approach to scale effectively with
increasing state space size, branching factor, or depth.

o Adaptivity: Dynamically adapt the exploration behavior
based on feedback from the environment or partial results.

C. Algorithm Design and Flowchart

The algorithm initializes with a BFS-based exploration
to quickly reach broader layers of the state space. Upon
identifying potentially promising nodes (via heuristics, depth
threshold, or frontier cost evaluation), the search switches to
DEFS to probe deeper and faster toward solutions. The approach
also includes a backtracking and rebalancing mechanism to
revert to BFS in case DFS enters a non-productive path.

Begin algorithm|

Tnitialize
* Queue (BFS frontier)
« Stack (DFS frontier)
« Visited set
 Threshold parameters

Termination Condition Goal Check

Goal found OR
Search space exhausted?

Current node = target?

Repeat process \ Continue search ‘Exit condition met Target found \ Continue exploration

Strategy Adjustment Termination

Node Selection Node Expansion

Goal found Generate all

valid successors

* Threshold reached
* Performance heuristic
aptive switch trigger

From gueue(BFS mode)

or stack(DFS mode) Search ‘;:mplete

Strategy Control

Fig. 3. Flowchart of the Proposed Hybrid BFS-DFS Algorithm

D. Pseudocode for Hybrid BFS-DFS Algorithm

Algorithm 1 Hybrid BFS-DFS Search
1: procedure HYBRIDSEARCH(start, goal)

2: queue < BFS frontier initialized with start
3: visited < 0

4: while gueue is not empty do

5: node < Dequeue(queue)

6: if node = goal then

7: return ConstructPath(node)

8: end if

9: if HeuristicCondition(node) then

10: DFSEXPANSION(node, goal, visited)
11: else

12: for all neighbor € Successors(node) do
13: if neighbor ¢ visited then

14: Enqueue(queue, neighbor)

15: visited + visited U {neighbor}
16: end if

17: end for

18: end if

19: end while
20: return Failure

21: end procedure
22: procedure DFSEXPANSION(node, goal, visited)

23: stack < Stack initialized with node

24: while stack is not empty do

25: current <— Pop(stack)

26: if current = goal then

27: return ConstructPath(current)

28: end if

29: for all neighbor € Successors(current) do
30: if neighbor ¢ visited then

31: Push(stack, neighbor)

32: visited < visited U {neighbor}
33: end if

34: end for

35: end while

36: end procedure

E. Memory and Performance Optimization Strategies

To ensure the hybrid algorithm performs optimally in both
time and space dimensions, several strategies are integrated:
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« Frontier Pruning: Nodes that exceed a predefined cost
or depth threshold are excluded early to reduce search
overhead.

« Dynamic Threshold Adjustment: The switching criteria
between BFS and DFS are dynamically tuned using
runtime statistics like search depth, memory availability,
and goal proximity.

« Visited Set Compression: Use hash-based sets or Bloom
filters to track visited nodes efficiently, especially in
sparse graphs.

« Parallel Node Expansion: BFS and DFS branches can
be executed in parallel threads or processes for better
utilization of computational resources.

F. Advantages of the Hybrid Model

The proposed method is particularly effective in AI domains
such as pathfinding, planning, and robotics, where a balance
between exploration breadth and depth is critical. Table V
summarizes key advantages:

This hybrid strategy thus forms a versatile foundation for
enhancing search performance in intelligent systems, enabling
better responsiveness, efficiency, and scalability across a broad
spectrum of Al applications.

V. EXPERIMENTAL SETUP

To rigorously evaluate the performance of the proposed hy-
brid BFS-DFS search algorithm, we conducted a series of con-
trolled experiments across diverse problem-solving scenarios.
The experiments were designed to test the algorithm’s robust-
ness, efficiency, and scalability in comparison with traditional
BFS and DFS strategies. The setup includes a combination of
synthetic and real-world benchmark environments commonly
used in search algorithm research.

A. Test Environments and Scenarios
Three categories of test environments were considered:

« Maze Navigation: Randomly generated 2D mazes of
increasing complexity were used to simulate agent nav-
igation tasks. These mazes ranged from simple 10x10
grids to highly complex 100x100 labyrinths.

o Grid-Based Pathfinding: Structured grids with obstacles
were employed to emulate constrained traversal problems.
These environments are ideal for measuring optimality
and completeness of search strategies.

« Al Planning Tasks: We incorporated simplified Al plan-
ning problems from OpenAl Gym’s “FrozenLake” and
“Taxi-v3” environments. These scenarios involve goal-
directed behaviors under partial observability and stochas-
tic transitions.

B. Tools and Platforms Used
The experiments were implemented using the Python pro-
gramming language (v3.11), leveraging the following libraries:
o networkx: For graph construction and manipulation.

o numpy and matplotlib: For data handling and visu-
alization.

e OpenAI Gym: For simulation of standard AI environ-

ments and planning tasks.

e« time and tracemalloc: For capturing runtime and

memory usage during search execution.

The tests were executed on a machine running Ubuntu
22.04 LTS with a quad-core Intel i7 processor, 16 GB RAM,
and no GPU acceleration to replicate realistic computational
conditions.

C. Performance Metrics

The performance of each algorithm was evaluated using the
following quantitative metrics:
« Execution Time (ms): Total time taken to find the goal
state.
e Memory Usage (MB): Peak memory consumed during
the search process.
« Nodes Explored: Total number of nodes expanded before
reaching the goal.
o Path Cost: Cumulative cost of the discovered solution
path.
These metrics allow for a balanced assessment of compu-
tational efficiency, search quality, and resource utilization.

D. Benchmarks and Datasets

To ensure reproducibility and validity of results, the follow-

ing datasets and benchmarks were employed:

o Maze Generator Toolkit: A custom Python script was
used to generate solvable mazes with varying complexity
levels.

¢ OpenAl Gym Benchmarks: The “FrozenLake-v1” (8x8
version) and “Taxi-v3” environments provided goal-
oriented planning tasks under uncertainty.

o Grid Search Maps: Manually designed obstacle grids
with known optimal paths were used for direct compari-
son of search accuracy.

Table VI summarizes the environments and their character-

istics.

This experimental framework provides a robust foundation

to analyze how well the proposed hybrid strategy generalizes
across different Al applications and search conditions.

VI. RESULTS AND ANALYSIS

This section presents a comprehensive evaluation of the
proposed hybrid BFS-DFS algorithm in comparison with tra-
ditional Breadth-First Search (BFS) and Depth-First Search
(DFS) across diverse problem scenarios. The analysis is based
on multiple performance metrics, including execution time,
memory consumption, success rate, path optimality, and scal-
ability under increasing problem complexity.

A. Comparative Performance Evaluation

Table ?? summarizes the average performance of the three
algorithms over 50 runs across varying maze and grid com-
plexities.

As shown, the hybrid approach outperforms DFS in terms
of success rate and path cost, while being significantly more
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TABLE V
KEY BENEFITS OF THE PROPOSED HYBRID APPROACH

Feature Benefit

Balanced Search
Adaptive Switching
Memory Efficiency

Combines wide exploration and deep probing
Responds to search dynamics in real-time
DFS-style traversal reduces space requirements

Scalability Performs well in large or unknown state spaces
TABLE VI
OVERVIEW OF TEST ENVIRONMENTS
Environment Size/Scale Obstacle Density Search Type

Maze Navigation
Grid Pathfinding

10x10 to 100x100
20x20, 50x50

Medium to High

Goal-Oriented

8x8
5x5 Grid World

FrozenLake (Gym)
Taxi-v3 (Gym)

Varying Shortest Path
Stochastic Holes Policy Planning
Low Task Completion

memory-efficient than BFS. The average time required by the
hybrid algorithm is closer to DFS than BFS, indicating its
practical viability in time-constrained environments.

B. Graphical Analysis

Figure 4 visualizes the comparative performance of the
three algorithms with respect to time and memory usage as
the environment size increases. The data used for plotting is
derived from consistent scaling of a 10x10 to 100x100 maze.

Execution Time Comparison

200 : : :

= 150 —e— BFS |
g 1 —=— DFS

é 100 {{ —— Hybrid )
£

50

0
10

| |

30 50 70
Maze Size (N x N)

Fig. 4. Execution Time vs Maze Size for BFS, DFS, and Hybrid

Memory Consumption Comparison

) 100 , : w

% —eo— BFS

go 75 —=— DEFS

%50

2 25

g

© 0 | | | |
p= 10 30 50 70 90

Maze Size (N x N)

Fig. 5. Memory Usage vs Maze Size for BFS, DFS, and Hybrid

From these plots, it is evident that the hybrid algorithm
scales more efficiently than BFS in both memory and time,
while maintaining a high success rate unlike DFS.

C. Scalability and Success Rate

The hybrid strategy consistently maintained a near-optimal
path cost and high success rate (;95%) in maze sizes up to
100x100. In contrast, DFS’s performance degraded signifi-
cantly beyond 50x50, often failing to locate a solution due
to its depth bias and lack of memory for previously visited
nodes.

D. Path Optimality and Edge Case Handling

The hybrid model produced paths that were marginally
longer than BFS but significantly better than DFS. In edge
cases involving infinite loops or high branching factors, the
hybrid strategy dynamically limited depth and breadth using
backtracking and breadth re-expansion, thus avoiding non-
terminating searches and improving path feasibility.

The results validate that hybrid BFS-DFS search offers a
balanced trade-off between time, memory, and path quality.
Unlike pure BFS, it avoids unnecessary memory exhaustion,
and unlike DFS, it does not compromise on completeness. The
combination is particularly effective in large and dynamic state
spaces, making it well-suited for real-world Al applications
such as robotics navigation and intelligent planning.

VII. DISCUSSION

The experimental findings demonstrate that the proposed
hybrid BFS-DFS algorithm achieves a robust balance between
computational efficiency, memory optimization, and solution
accuracy across a range of problem environments. These
observations align with the theoretical expectations set forth
in prior sections, reinforcing the validity of combining unin-
formed search strategies to capitalize on their complementary
strengths.

A. Interpretation of Results

The hybrid approach consistently outperformed DFS in
terms of success rate and optimality of solutions, especially in
environments with high branching factors. While BFS retained
a slight edge in guaranteeing the shortest paths, it did so
at a significantly higher memory cost. The hybrid model,
by incorporating controlled breadth-based backtracking into
a depth-first exploration scheme, preserved completeness and
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reduced memory overhead. This was particularly evident in
large-scale mazes, where traditional BFS struggled due to
exponential memory growth, and DFS failed to terminate due
to depth biases.

B. Strengths of the Hybrid Approach

One of the key strengths of the hybrid algorithm lies in its
dynamic adaptability. It is capable of adjusting its exploration
strategy based on node depth and available memory, enabling
it to handle both shallow and deep search spaces effectively.
Additionally, the algorithm requires minimal parameter tuning
and integrates well with conventional AI frameworks. The
trade-off curve for time versus memory, as observed in our
experiments, is smoother in the hybrid model compared to the
abrupt resource saturation seen in BFS.

C. Limitations and Constraints

Despite these strengths, certain limitations were identified.
The hybrid approach introduces algorithmic complexity due
to the decision logic required to switch between BFS and
DEFS behaviors. This may marginally increase the overhead for
implementation and debugging. Furthermore, while the algo-
rithm performs well in static and semi-dynamic environments,
it may not adapt optimally in highly dynamic real-time systems
without further reinforcement mechanisms or learning-based
adjustments.

D. Applicability to AI Domains

The versatility of the proposed method makes it suitable for
various Al applications. In robotics, it can be employed for
navigation in partially known terrains. In game Al, the model
facilitates decision-making under uncertainty while conserving
computational resources. Additionally, in automated planning
systems and puzzle-solving tasks, the hybrid strategy proves
effective in balancing exhaustive search and speed. Table VIII
summarizes the domains and potential benefits of using the
hybrid model.

E. Trade-offs Observed

During implementation, trade-offs between time efficiency
and memory usage were evident. In scenarios with limited
memory, the hybrid algorithm slightly sacrificed path optimal-
ity to maintain tractability, especially in deeper environments.
Conversely, in time-critical tasks, it used selective breadth
exploration to ensure solution feasibility, albeit with a slight in-
crease in memory use. These compromises, however, remained
within acceptable bounds for most practical use-cases.

FE. Lessons Learned

The development of the hybrid algorithm revealed that rigid
adherence to either BFS or DFS is suboptimal for many real-
world Al problems. Flexibility and context-sensitive decision-
making within the algorithm yield tangible performance ben-
efits. Moreover, simplicity in design must be weighed against
the benefits of adaptive complexity. Integrating dynamic con-
trol mechanisms into traditional algorithms fosters resilience

and scalability, key traits for Al systems operating in diverse,
unpredictable environments.

In conclusion, the hybrid BFS-DFS model provides a
pragmatic alternative to classical search methods by merging
their respective strengths while mitigating their individual
weaknesses. It encourages a broader view of algorithm de-
sign—one that prioritizes balance, adaptability, and context-
aware execution.

VIII. CONCLUSION AND FUTURE WORK
A. Conclusion

This study introduced and examined a novel hybrid search
strategy that synthesizes the strengths of Breadth-First Search
(BFS) and Depth-First Search (DFS) to improve efficiency
and effectiveness in artificial intelligence problem-solving.
By constructing a unified framework capable of dynamically
alternating between BFS and DFS characteristics based on
the problem context, the proposed model addresses critical
limitations such as high memory consumption in BFS and
potential infinite loops in DFS. The experimental evaluations
demonstrated that the hybrid approach consistently yielded
competitive performance across a variety of domains, includ-
ing grid-based mazes and Al planning scenarios, particularly
excelling in scenarios with large or irregular state spaces.

The hybrid algorithm demonstrated not only improved
adaptability but also enhanced scalability and pathfinding
efficiency without the need for heuristic estimations. These
outcomes underscore the significance of algorithmic fusion in
Al research and application. The design insights gathered dur-
ing implementation revealed that adaptive transitions between
search strategies yield measurable performance improvements
in memory management, success rates, and solution optimality.
Furthermore, the hybrid model’s ability to balance exploration
depth and breadth makes it a viable solution for real-time and
resource-constrained Al systems.

B. Future Work

While the results of this work are promising, several avenues
exist for further research and development. A natural pro-
gression involves integrating heuristic-based elements into the
hybrid model, potentially resulting in a hybrid BFS-DFS-A*
system. Such integration could guide search more intelligently
by incorporating domain-specific knowledge, thereby reducing
unnecessary exploration.

Another promising direction is the deployment of this hy-
brid algorithm in real-world environments such as autonomous
robotics, intelligent game agents, and decision-making sys-
tems, where adaptability and efficiency are crucial. Incorpo-
rating the hybrid search into these systems could enable better
responsiveness and path optimality in dynamic and partially
observable environments.

Additionally, embedding this hybrid model within learning-
based or adaptive systems could allow it to evolve over time.
For instance, reinforcement learning techniques might enable
the model to adjust its strategy dynamically based on prior
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TABLE VIII

APPLICABILITY OF HYBRID BFS-DFS ACROSS Al DOMAINS

Domain Problem Type Hybrid Model Advantage
Robotics Path Planning Low memory footprint, near-optimal path
Game Al Decision Trees Fast exploration with reduced cycles
Planning Goal-Oriented Search | Balanced depth/breadth in large state spaces
Puzzles Constraint Solving Reduced failure rate, scalability
Cognitive Al Problem Solving Adaptive search behavior

successes or failures, thereby enhancing its problem-solving
capacity in complex or unfamiliar domains.

Finally, scalability remains a key challenge. Future efforts
will focus on optimizing the algorithm for distributed and
parallel computing environments, which could unlock new
possibilities for its use in high-dimensional state spaces or
multi-agent systems. Parallelization of node expansion and
distributed memory sharing are particularly promising strate-
gies to address computational bottlenecks and extend the
algorithm’s usability in industrial-scale Al applications.

In summary, the proposed hybrid BFS-DFS algorithm repre-
sents a step forward in the evolution of search strategies in Al
It bridges fundamental approaches through intelligent fusion
and lays the groundwork for future innovations in adaptive,
informed, and scalable search methodologies.
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