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Abstract— Large Language Models (LLMs) have
demonstrated remarkable capabilities across a wide range of
natural language processing tasks. However, most existing
systems apply a uniform reasoning strategy regardless of
query complexity, resulting in unnecessary computational
overhead for simple tasks and insufficient reasoning depth for
complex problems. To address this limitation, this paper
proposes the Adaptive Cognitive Al Framework (ACAF), a
complexity-aware reasoning framework designed to
dynamically allocate reasoning resources based on the
difficulty of the input query. The proposed framework
consists of five key modules: Complexity Detection, Adaptive
Controller, Reasoning Engine, Verification Module, and
Confidence Analysis Module. Initially, the complexity
detector categorizes incoming queries into Easy, Medium, or
Hard levels. Based on the detected complexity, the adaptive
controller selects one of three reasoning modes: FAST,
STANDARD, or DEEP. The generated responses are
subsequently validated through a verification mechanism,
while a confidence estimation module assesses the reliability of
the final output. To evaluate the effectiveness of ACAF,
extensive experiments were conducted on benchmark
guestion sets and a custom dataset containing 300 queries of
varying complexity levels. The framework was compared
against conventional single-pass reasoning approaches and
baseline language model configurations. Experimental results
demonstrate that ACAF effectively balances reasoning quality
and computational efficiency. Furthermore, runtime
optimization reduced execution time from 582.61 seconds to
62.89 seconds for complex queries, achieving an improvement
of approximately 89.2% while maintaining response
reliability. The proposed framework highlights the potential
of adaptive reasoning architectures for next-generation Al
systems by enabling intelligent resource allocation, improved
response validation, and enhanced operational efficiency. The
results suggest that complexity-aware reasoning can serve as
a practical approach for developing more scalable, reliable,
and computationally efficient Al assistants.
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I. INTRODUCTION

Artificial Intelligence (Al) has undergone rapid development
in recent years, largely driven by advances in Large Language
Models (LLMs). These models have demonstrated
remarkable capabilities in natural language understanding,
reasoning, content generation, decision support, and
conversational intelligence. As a result, LLMs are
increasingly being integrated into educational systems,
research environments, business applications, healthcare
platforms, and intelligent virtual assistants.

Despite their impressive performance, most existing LLM-
based systems employ a uniform reasoning strategy
regardless of the complexity of the input query. In practical
scenarios, user queries vary significantly in difficulty. While
simple factual questions may require minimal reasoning,
analytical, design-oriented, and multi-step problems demand
deeper reasoning and validation mechanisms. Applying the
same computational effort to every query can result in
inefficient resource utilization, increased response latency,
and unnecessary processing overhead.

A. Problem Statement

Current Al systems typically process all user queries through
a fixed inference pipeline without considering the complexity
of the task. This one-size-fits-all approach often leads to
excessive computational costs for simple queries and
inadequate reasoning

depth for complex problems. Furthermore, Al-generated
responses may occasionally contain incomplete information,
weak reasoning, or factual inconsistencies, raising concerns
regarding reliability and trustworthiness. Therefore, there is a
need for an adaptive framework capable of dynamically
adjusting reasoning depth and validation mechanisms
according to query complexity while maintaining response
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quality and computational efficiency.
B. Research Objectives

The primary objective of this research is to develop an
Adaptive Cognitive Al Framework (ACAF) that intelligently
allocates reasoning resources based on the complexity of
incoming queries. The specific objectives of this work are:

1. To design a complexity detection mechanism
capable of classifying user queries into Easy,
Medium, and Hard categories.

2. To develop an adaptive controller that dynamically
selects suitable reasoning strategies based on
detected complexity levels.

3. To integrate verification mechanisms for improving
response quality and reducing reasoning errors.

4. To implement a confidence analysis module for
estimating the reliability of generated responses.

5. To optimize computational resource utilization by
avoiding unnecessary deep reasoning for simple
queries.

6. To evaluate the effectiveness of the proposed
framework through experimental analysis and
performance comparison.

C. Proposed Solution

To address these challenges, this paper proposes the Adaptive
Cognitive Al Framework (ACAF), a complexity-aware
reasoning architecture that dynamically adjusts its processing
strategy according to task difficulty. The framework consists
of five major components: Complexity Detection, Adaptive
Controller, Reasoning Engine, Verification Module, and
Confidence Analysis Module. Based on the detected
complexity level, the framework selects one of three
reasoning modes—FAST, STANDARD, or DEEP—thereby
enabling efficient resource allocation while preserving
response quality and reliability.

Experimental evaluations demonstrate that the proposed
framework effectively balances reasoning depth and
computational efficiency. Furthermore, runtime optimization
techniques significantly reduce execution time while
maintaining high-quality responses, highlighting the potential
of adaptive reasoning architectures for future intelligent Al
systems.

The remainder of this paper is organized as follows. Section
Il discusses the related work and existing approaches. Section
Il presents the proposed ACAF architecture and
methodology. Section IV describes the experimental setup
and evaluation procedures. Section V presents the results and
comparative analysis. Finally, Section VI concludes the paper
and outlines future research directions.

Il. RELATED WORKS

The rapid advancement of Large Language Models (LLMs)
has significantly transformed the field of Artificial
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Intelligence by enabling machines to perform complex
reasoning, natural language understanding, content
generation, and decision-support tasks. Recent studies have
focused not only on improving model performance but also
on enhancing efficiency, reliability, and adaptability during
inference.

Traditional LLM-based systems generally employ a fixed
inference mechanism, where the same reasoning process is
applied regardless of the complexity of the input query. While
this approach simplifies implementation, it often results in
inefficient resource utilization and increased computational
costs. Several researchers have investigated methods for
improving reasoning capabilities through techniques such as
Chain-of-Thought  (CoT) prompting, self-consistency
reasoning, retrieval-augmented generation, and multi-agent
reasoning frameworks. These approaches have demonstrated
improvements in reasoning accuracy but frequently introduce
additional computational overhead and latency.

Recent work on adaptive inference has explored dynamic
resource allocation strategies that adjust computational effort
according to task requirements. Some studies have proposed
early-exit mechanisms and adaptive computation techniques
to reduce inference costs. Although these methods improve
efficiency, they primarily focus on model architecture
optimization and often lack mechanisms for assessing query
complexity before reasoning begins.

Research has also highlighted the importance of response
verification and confidence estimation in Al systems.
Verification-based frameworks attempt to review generated
responses to identify logical

I11. METHODOLOGY

This section presents the methodology of the proposed
Adaptive Cognitive Al Framework (ACAF), which
dynamically adjusts reasoning depth according to query
complexity. The framework consists of five interconnected
modules: Complexity Detection, Adaptive Controller,
Reasoning Engine, Verification Module, and Confidence
Analysis Module.

A. Framework Architecture

The workflow begins when a user submits a query. The
Complexity Detection Module classifies the query as Easy,
Medium, or Hard. Based on this classification, the Adaptive
Controller selects an appropriate reasoning mode: FAST,
STANDARD, or DEEP. The Reasoning Engine then
generates a response, which is reviewed by the Verification
Module. Finally, the Confidence Analysis Module estimates
response reliability before delivering the final output.

Workflow:

User Query — Complexity Detection — Adaptive Controller
— Reasoning Mode Selection — Reasoning Engine —
Verification Module — Confidence Analysis — Final
Response
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Adaptive Cognitive Al Framework (ACAF) Flowchart
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B. Complexity Detection

The Complexity Detection Module analyzes query
characteristics such as length, reasoning requirements, and
keywords to classify queries into Easy, Medium, or Hard
categories. This classification enables efficient allocation of
reasoning resources.

C. Adaptive Reasoning

Based on the detected complexity, the Adaptive Controller
selects the appropriate reasoning strategy:

Complexity Level||Reasoning Mode

Easy FAST

Medium STANDARD

Hard DEEP

This  adaptive  mechanism  prevents  unnecessary

computational overhead for simple queries while ensuring
deeper reasoning for complex tasks.

D. Verification and Confidence Analysis

The Verification Module evaluates generated responses for
missing information, weak reasoning, and logical
inconsistencies. The Confidence Analysis Module then
estimates response reliability by assigning a confidence score
and reliability level.

E. Experimental Setup

The framework was evaluated using a custom dataset
containing 300 queries distributed across Easy, Medium, and
Hard complexity levels. Performance was measured using
complexity detection accuracy, response quality, execution
time, and computational efficiency.

F. Runtime Optimization

To improve efficiency, lightweight verification prompts and
simplified confidence estimation mechanisms were
introduced. These optimizations reduced execution time from
582.61 seconds to 62.89 seconds, achieving an improvement
of approximately 89.2% while maintaining response quality.

IV. IMPLEMENTATION

The proposed Adaptive Cognitive Al Framework (ACAF)
was implemented using Python and a modular architecture to
ensure flexibility, scalability, and ease of integration with
Large Language Models (LLMs). The framework consists of
independent modules responsible for complexity detection,
reasoning mode selection, response generation, verification,
and confidence estimation. This modular design enables each
component to operate independently while contributing to the
overall adaptive reasoning pipeline.

A. Development Environment
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The framework was developed using the Python
programming language due to its extensive support for
Artificial Intelligence and Natural Language Processing
applications. The implementation was executed on a standard
computing environment utilizing the Ollama platform for
local deployment of the Phi-3 language model.

The primary technologies used in the implementation are
summarized below:

Component Technology Used

Programming Language ||Python

Language Model Phi-3
LLM Runtime Ollama
Data Processing Pandas
Visualization Matplotlib

Development Environment||Visual Studio Code

Dataset Storage CSV Files

B. System Modules

The implementation of ACAF is organized into five major
modules.

1) Complexity Detection Module

The Complexity Detection Module serves as the entry point
of the framework. It analyzes incoming user queries and
determines their complexity level using predefined linguistic
patterns, keywords, and structural characteristics.

The module classifies queries into three categories:

e Easy
e Medium
e Hard

This classification enables the framework to allocate
reasoning resources efficiently and avoid unnecessary
computational overhead for simple tasks.
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Complexity Detection Accuracy

804

Accuracy (%)

Rule-Based Al-Based Hybrid

2) Adaptive Controller Module

The Adaptive Controller receives the complexity
classification and determines the appropriate reasoning
strategy.

The implemented mapping is as follows:

Complexity Level||Reasoning Mode

Easy FAST
Medium STANDARD
Hard DEEP

This component acts as the decision-making layer of the
framework and dynamically controls the reasoning depth
used during inference.

3) Reasoning Engine

The Reasoning Engine is responsible for generating
responses using the Phi-3 language model. Different
prompting strategies are employed based on the selected
reasoning mode.

FAST Mode:
Generates concise responses for straightforward factual
queries.

STANDARD Mode:
Produces structured explanations for analytical and
comparative questions.

DEEP Mode:
Performs extensive reasoning for complex design, planning,
and decision-making tasks requiring multiple logical steps.

The reasoning engine communicates directly with the
language model through the Ollama API interface.

4) Verification Module

The Verification Module evaluates the quality of generated
responses before presenting them to the user. The module
reviews responses to identify:

e  Missing information
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o Weak reasoning
e Logical inconsistencies
e  Areas requiring improvement

Based on the evaluation, an improved version of the response
is generated. This process enhances reliability and reduces the
likelihood of incomplete or low-quality outputs.

5) Confidence Analysis Module

The Confidence Analysis Module estimates the reliability of
generated responses by analyzing response completeness and
informational content.

The module provides:
e Confidence Score
o Reliability Level
e  Brief Justification

This additional layer helps users assess the trustworthiness of
the generated information.

C. Dataset Preparation

A custom evaluation dataset was developed to assess the
effectiveness of the framework. The dataset consists of 300
questions distributed across three complexity levels:

e Easy Questions
e Medium Questions
e Hard Questions

The dataset was stored in CSV format and utilized during
complexity classification and performance evaluation
experiments.

D. Experimental Execution

The implementation workflow begins when a user submits a
query. The query is first processed by the Complexity
Detection Module, followed by adaptive reasoning mode
selection through the Adaptive Controller. The selected
reasoning mode determines the depth of analysis performed
by the Reasoning Engine.

After response generation, the Verification Module reviews
the output and performs refinement when necessary. Finally,
the Confidence Analysis Module evaluates response
reliability before producing the final result.

The complete execution sequence is illustrated below:

User Query
1

Complexity Detection

!
Adaptive Controller

l
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FAST / STANDARD / DEEP
!

Reasoning Engine

!

Verification Module

!

Confidence Analysis

!

Final Response
E. Runtime Optimization

During implementation, several optimization techniques
were incorporated to improve system efficiency. Early
versions of the framework produced significant execution
delays due to extensive verification and confidence
evaluation procedures. To address this issue, lightweight
verification prompts and simplified confidence estimation
mechanisms were introduced.

As a result, the execution time for complex queries was
reduced from 582.61 seconds to 62.89 seconds, representing
an improvement of approximately 89.2%. This optimization
demonstrates the effectiveness of adaptive resource allocation
and streamlined post-processing mechanisms within the
proposed framework.

The implemented system successfully demonstrates how
adaptive reasoning strategies can improve computational
efficiency while maintaining response quality and reliability
in modern Al applications.

Runtime Optimization of ACAF

@
&
=4

Execution Time (Seconds})
o w = o
S & =3 =
53 3 S 3

-
o
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62.89

o
|

Baseline ACAF Optimized ACAF Final ACAF

V. RESULTS AND DISCUSSION

The proposed Adaptive Cognitive Al Framework (ACAF)
was evaluated to assess its effectiveness in adaptive
reasoning, complexity detection, response generation, and
computational efficiency. Experimental studies were
conducted using a custom dataset containing 300 questions
categorized into Easy, Medium, and Hard complexity levels.
The framework was implemented using Python and
integrated with the Phi-3 Large Language Model through the
Ollama runtime environment.
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A. Complexity Detection Performance

The complexity detection component plays a crucial role in
the proposed framework by determining the appropriate
reasoning depth for each user query. Three classification
approaches were evaluated: Rule-Based Classification, Al-
Based Classification, and Hybrid Classification.

Experimental results showed that the Rule-Based approach
achieved an accuracy of 43.33%, whereas the Al-Based
approach achieved the highest accuracy of 70.00%. The
Hybrid approach achieved an accuracy of 66.67%. These
results demonstrate that intelligent complexity assessment
significantly improves query classification performance
compared to traditional rule-based methods.

Accurate complexity detection enables effective allocation of
reasoning resources and prevents unnecessary computational
expenditure for simple queries while ensuring deeper
reasoning for complex problems.

B. Runtime Performance Evaluation

To evaluate computational efficiency, the average response
time of the proposed ACAF framework was compared with
the baseline Phi-3 model. Experimental observations
indicated that the average response time of Phi-3 was 58.96
seconds, while ACAF achieved an average response time of
57.06 seconds.

The reduction in response time demonstrates the
effectiveness of adaptive reasoning allocation. By
dynamically selecting the appropriate reasoning strategy
based on query complexity, the framework reduces
unnecessary processing while maintaining response quality.

Average Response Time

60

Seconds
~ w F3 w
o o (=] [=]
L L |

H
o
L

Phi3 ACAF

C. Runtime Optimization Analysis

During the initial implementation phase, the framework
incorporated extensive verification and confidence analysis
mechanisms, resulting in high execution times for complex
queries. The baseline implementation required approximately
582.61 seconds for processing highly complex reasoning
tasks.

Several optimization techniques were introduced, including
lightweight verification prompts, streamlined confidence
estimation, and improved reasoning workflows. These
enhancements reduced execution time to 213.82 seconds in
the optimized version and further reduced it to 62.89 seconds
in the final framework.
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Overall, the framework achieved an execution time reduction
of approximately 89.2%. This significant improvement
validates the effectiveness of adaptive resource allocation and
optimized post-processing mechanisms in enhancing system
efficiency.

D. Response Quality Assessment

Response quality was evaluated through the integrated
Verification Module and Confidence Analysis Module. The
verification process examined generated responses for logical
inconsistencies, weak reasoning, missing information, and
overall completeness. The confidence analysis component
estimated the reliability of generated outputs and provided
confidence scores with supporting justifications.

Experimental observations indicated that the proposed
framework generated more structured and reliable responses
for medium and hard complexity queries. The adaptive
verification mechanism contributed to improving answer
quality while maintaining acceptable computational
performance.

E. Comparative Analysis

A comparative analysis between the baseline Phi-3 model and
the proposed ACAF framework demonstrates the advantages
of adaptive reasoning. Unlike conventional fixed-inference
approaches that apply identical reasoning depth to all queries,
ACAF dynamically adjusts reasoning intensity according to
the detected complexity level.

This adaptive strategy enables efficient utilization of
computational resources while preserving response quality.
The experimental results confirm that the proposed
framework successfully balances reasoning depth, execution
efficiency, and response reliability.

The findings demonstrate that adaptive cognitive reasoning
can serve as an effective approach for developing scalable,
efficient, and trustworthy Al systems capable of handling
diverse query complexities in real-world applications.

Summary of ACAF Experimental Results

89.20

804

o
23

=
S

Percentage (%)

Hybrid Accuracy Runtime Reduction

Method Accuracy (%) |[Runtime (s)

Rule-Based 43.33 -

Al-Based 70.00 -
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Method Accuracy (%) |[Runtime (s)
Hybrid 66.67 -
ACAF 70.00 57.06

VI. CONCLUSION

This research presented the Adaptive Cognitive Al
Framework (ACAF), a complexity-aware reasoning
framework designed to improve the efficiency, reliability,
and scalability of Large Language Model (LLM) based
systems. Unlike conventional approaches that apply a
uniform reasoning strategy to all queries, ACAF dynamically
adapts its reasoning depth according to the detected
complexity of the input question.

The proposed framework integrates five major components:
Complexity Detection, Adaptive Control, Reasoning Engine,
Verification Module, and Confidence Analysis Module.
These components work together to allocate computational
resources intelligently, improve response quality, and provide
reliability assessment for generated outputs.

Experimental evaluation conducted on a custom dataset of
300 questions demonstrated the effectiveness of the proposed
framework. The Al-based complexity detection mechanism
achieved an accuracy of 70.00%, significantly outperforming
traditional rule-based approaches. Furthermore, runtime
optimization reduced execution time from 582.61 seconds to
62.89 seconds, resulting in an overall improvement of
approximately 89.2% while maintaining response quality and
reliability.

The comparative analysis with the baseline Phi-3 model
showed that ACAF can achieve more efficient resource
utilization through adaptive reasoning selection without
compromising the completeness of generated responses. The
integration of verification and confidence analysis further
enhanced the trustworthiness and consistency of system
outputs.

Overall, the results demonstrate that adaptive cognitive
reasoning provides a practical and effective solution for
balancing reasoning quality and computational efficiency in
modern Al systems. The proposed ACAF framework
highlights the potential of complexity-aware architectures for
developing next-generation intelligent assistants, decision-
support systems, and advanced conversational Al
applications.

Future research will focus on enhancing complexity
detection, integrating multiple language models, and
developing advanced verification mechanisms for improved
reasoning reliability.
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