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a computational complexity theory which has traditionally been
measured using asymptotic symbols such as Big- O, Big-6 and
Big-Q .which only provides theoretical information behind the
execution of an algorithm, neglecting a real-time situation where
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an algorithm can shows their actual behavior and also not able
to reduce time and space complexity of an algorithm To solve
this research gap, we infroduce a unified complexity theory to
measure actual complexity resource constraint by introducing a
Universal Complexity Function. It is a mathematically formulated
by comprising common factor that really impact on the
execution of an algorithm such as time function, sequence of
problem function and complexity difference functions. To utilize
and provide our stance with respect to proposed model, we
have implemented Python profiing devices like timeit and
cProfile which gives us observational runtime information. This
proposed model helps us to identify actual pattern which really
impact on the health of an algorithm and help us to reduce
them. We have also proposed indispensably optimization work |

[(f(t)-f(D)) 1 to distinguish wasteful aspect and foresee
execution design in both classical and Al-based calculations.
Our proposed model is approved over 20 calculations;
containing NP-hard issues, profound learning models, and
quantum reenactments. It has come about as a solid relationship
between the proposed measurements and commonsense
calculation proficiency, uncovering  impediments  in
conventional approaches and advertising a generalizable,
measurable and versatile, and versatile system for cutting edge
computational framework.
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INTRODUCTION

The space of computational complexity has customarily centered on asympftofic
behavior, utilizing documentations such as Big-O, Big-©, and Big-Q, to gauge an
algorithmic execution based on input measure [1]. Whereas these models are
valuable for setting up hypothetical bounds, they regularly fall flat to account for real-
time execution varieties that emerge due to equipment imperatives, memory
allotment, and CPU cycle behavior [2][3]. Moreover, these models ordinarily expect
an inactive input-output relationship, disregarding the energetic characteristics of
calculation execution such as the number of steps, cycle recurrence, or issue state
moves that advance amid runtime [4]. In reaction to these impediments, this paper
presents a modern scientific system for analyzing computational complexity in real-
fime situations. Not at all like conventional models that disconnect time and space
intfo theoretical asymptotic limits, has the proposed system received a bound together
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approach that reflects genuine algorithmic behavior because it unfurls. This show is
centered on four interrelated capacities:

f(t): Actual execution time of a given problem
p(S)Z% representing a flow in problem with steps over time.

p(D): p(S) — f(t): Complexity Difference Functions which states a difference between
expected and actual execution behavior

fw) = f(t) + p(S) — p(D) A universal complexity function

This model is dynamic in nature, adjusting to each run of the calculation based on
genuine execution, making it appropriate for both deterministic and non-deterministic
issues. The extreme objective of this inquire about is to bridge the crevice between
hypothetical complexity examination and real-fime framework behavior by
coordination observational information (CPU cycles, steps, memory utilization) with a
numerical representation of computational exertion.

This proposed model infroduced new function to evaluate and analyze variations in
complexity over the continuous runtime:

JUF® = fD) =f(S)—log(t—D—S)

The following models integrates a relational between the time, problem difference
and solving sequence to more accurately evaluate performance, especially for NP
problem and machine learning algorithm.

We have evaluated this model with theoretical proof and empirical validation and
we aim to show that this framework can generalize traditional models but also offer
more precise and actionable insights into algorithmic behavior. Our results
demonstrates that real-fime complexity analysis can be automated, quantified and
even predicted, opening new directions for adaptive, hybrid, and machine-learning
algorithms design.

LITERATURE REVIEW

Computational complexity has been classically examined using theoretical
concepts such as Big-O, Big-© and Big-Q notations [1]. These asymptotic models yield
abstract upper and lower bounds on performance of an algorithm with respect to the
size of ftheir inputs. These models can help in theoretically categorizing
loads/executing environments; nonetheless, as they tend to be idealized and static,
they may not be sufficiently realistic for practical applicability. For example, two
sorting algorithms can have the same time complexity of O(nlogn), but they could
behave differently in practice owing to CPU cache, systematic memory access, and
hardware differences [2].

In order to a bridge the gap between theory and practice, Amortized Analysis was
brought in to average costs of operations over a number of input sequences to
provide tighter bounds for certain algorithm patterns, for instance, dynamic arrays,
hash tables, or splay trees [3]. Although Amortized Analysis provides more realistic
estimation than worst-case complexity, amortized algorithm analysis can sfill be
considered mostly theoretical and still doesn't model the operation of actual
executions. On the empirical side of computational behavior profiling, tools like
Python's timeit, cProfile, and line_profiler provide some practical means of examining
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the runtime behavior of algorithms [4]. These profiling capabilities provide empirical
measures of execution times, memory consumption, and CPU cycles during the
execution of input to a given algorithm. Steel and colleagues have asserted
practically the opposite with a significant body of work that suggests real predictive
capability through performance modeling based on runtime data [5]. Emerging work
in domains such as machine-learning-based performance prediction, for instance,
has posed modeling and performance prediction of computations through fraining
based on existing data [6]. But the reality of these models is they are typically limited
by so numerous domain-specific assumptions, that there is rarely an applicable theory
that is shared among algorithms.

The Kolmogorov Complexity paradigm, which offered a mathematically defined
measure of complexity based on the shortest of a program's descriptions which
produced the output to question, and while theoretically beautiful, was non-
computable, hence the thematic limitations for real-time or dynamic systems.
Fundamentally, we see concerning disparities between empirical profiling, run-time
dynamics with and theoretical complexities. Most of which we do is:

. Over-simplifying real-world computation with asymptotic bounds [1].
. Over-complicating analysis with non-computable constructs [7].
. Or we treat empirical profiling and theoretical reasoning separately [4].

In this gap, the research proposes a unified, real-time computational complexity
model that incorporates:

o The actual execution time as f(t)

o The degree of computational steps per unit of time as P(S)

o The deviation from expected and actual behavior in terms of degree of
deviation as P(D)

o And combines them into a new unified complexity function, that is

f(u)=f(t)+p(S)-p(D).

This model creates a conduit between theoretical abstraction and empirical
behavior; in new ways to model computational complexity in a measurable, flexible
and generalizable way. It is most appropriate for NP-hard problems, machine learning
models and other dynamic systems where it has equal important to utilize our model
for performance in real-time application [6][8]. Modeling both mathematical
principles and actual measures of an algorithm provides an approach to
computational complexity that avoids long-standing constraints and enables a new
approach to complexity research.

Custom Algorithms

To validate the proposed theoretical model, we have developed 3 original algorithms
operating under the principles of f(t), P(S), and P(D). Each of the algorithms reflects
different facets of the model and thereby reveals optimization opportunities.

RK- Algorithm

The RK-Algorithm is a specially designed solution procedure based upon three
sequential components:

Define the Problem

Determine the problem in its smallest form by removing all noise or irrelevant pieces.
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Factor the Problem

Factor the problem into subcomponents that can be dealt with in smaller fime and
space.

Locate the Specific ltem
Locate the value or target solution by utilizing a direct method.
Direct Optimization Method

If the target value is equal to or smaller than the size input, you eliminate any and all
other values.

Keep the target value only above the minimal requirements so as not to increase time
and space.

RK-Algorithm and the model

f(t) is minimized with direct targeting

p(S) is reduced with factoring

p(D) is manipulated with omitted values relating to irrelevant paths.
Aq’s Algorithm

AQ's Algorithm (named after the person (who wrote this study)) is summarized into
several steps as follows:

Take a problem

Search for three times in the Problem

If the target is less than 1, keep left values if they are relevant
Assume the target is greater than right side values

Go back to the problem, and print the Result.

Logical Justification

Searching multiple times provides a measure of step accuracy.

If the pre-processing step ensures the unfit values are discarded then space efficient.
If you can go back to the input that helps ensure we have a robust result.

Aq's Algorithm and the Model

Steps = P(S)

Conditions = refine the p(D)

Redundant passes = optimize f(t)

GoldSort Algorithm

GoldSort is a custom create sort algorithm that takes values and transforms them into
category values providing potential speed with high-frequency or high-volume data.

Table 1.
Value Transformation
Value Range Transformed
Low (default
High
>100
>300
>500
Soon Soon

AN W N — O

40
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Optimization Rationale

Transformed values allow quicker comparisons.

Sorting based on categories reduces complexity, especially for real-time or streaming
data

GoldSort and the Model

Reduces number of steps — decreases p(S)
Categorization — filters unnecessary processing —reduces p(D)
Faster sort —improves f(t)

Table 2.
Summary
Algorithm Minimizes f(t) Optimize p(S) Reduces p(D) Real-time
applicable
RK-Algorithm Yes Yes Yes Yes
AqQ’s Algorithm Yes Yes Yes Post-processing
GoldSort Yes Yes Yes Yes

Yes, means these algorithms not only implement your functions but prove their utility
in solving and optimizing different types of problem:s.

Experiments and Calculation

This segment details the observed validation of the established computational
complexity framework, using real-world applications found in medical diagnostics
and chemical modeling. Each of the algorithms was analyzed in terms of the following
complexity functions:

f(t): Execution time

p(S) = %z - sequence flow (steps per time)

p(D) = p(S) — f(t): Efficiency difference

f) = f(@) +p(S) —p(D): Universal Complexity Function
[(f(®) = f(D)): Optimization integral

All of these metrics were calculated in a confrolled execution environment to be able
to replicate research.

Table 4.
Result
# Algorithm Domain f(t) (ms) Steps P(S) P(D) f(v) CPU Cycles
1 Logistic Regression Medicine 11.5 230 20.00 8.50 23.00 18,000
2 SVM for Cancer Detfection Medicine  460.0 12,00 26.09 - 52.18 640,000
0 433.
91
3 KNN for Disease Medicine 320.0 10,00 3125 - 62.50 420,000
Classificatfion 0 288.
75
4 Naive Bayes for Genetfics  Medicine  330.0 9,000 27.27 - 54.55 390,000
302.
73
5 CNN for MRI Analysis Medicine  1340.1 1500 11.19 - 22.38 1,530,000
0 1328
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6 LSTM for ECG Prediction Medicine  480.0 11,20 2333 - 46.66 750,000
0 456.
67
7 Decision Tree Diagnosis Medicine  140.0 3,500 2500 - 50.00 250,000
115.
00
8 Random  Forest  (Skin  Medicine 180.0 4,000 2222 - 44.44 320,000
Disease) 157.
78
9 Gradient Boosting Medicine  350.0 6,500 18.57 - 37.14 410,000
Diagnosis 331.
43
1 NLP (Medical Medicine 520.0 10,00 1923 - 38.46 690,000
0 Transcription) 0 500.
77
1 Molecular Docking Chemistry 123.2 5120 41.56 - 83.12 145,000
1 Simulation 81.6
4
1 Reaction Kinetics Solver Chemistry  210.0 6,000 28.57 - 57.14 230,000
2 181.
43
1 Quantum Chem. Chemistry 6,500.0 70,00 10.77 - 21.54 4,500,000
3 Simulation (HF) 0 6,48
9.23
1 SMILES Parsing/Conversion Chemistry  75.0 2,500 33.33 - 66.66 110,000
4 41.6
7
1 Protein Folding (Al-Based)  Chemistry  800.0 20,00 2500 - 50.00 880,000
5 0 775.
00
1 Gibbs Free Energy Calc. Chemistry  680.0 18,00 26.47 - 52.94 700,000
6 0 653.
53
1 NMR Signal Prediction Chemistry  310.0 8,500 27.42 - 54.84 370,000
7 282.
58
1 Reaction Pathway Chemistry 510.0 9,500 18.63 - 37.26 460,000
8 Generator 491.
37
1 Monte Carlo Modeling Chemistry  200.0 6,000 30.00 - 60.00 240,000
9 170.
00
2 Catalyst Optimization (Al)  Chemistry  600.0 12,00 20.00 - 40.00 600,000
0 0 580.
00

Values

£(E) - Exec Time
- P(S)
— f(u) - Unive

ow
omplexity

Elastic Net

F
z
]
=
k-]
@
T
a

Random Forest

Figure 1.
Comparison of f(t), p(S), and f(u) across Algorithm

Monte Carlo Simulation

Comparison of f(t), P(S),

PCA

Autoencoder

HMM

Gradient Boosting
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OBSERVATIONS

Stronger Stability Yields Higher Efficiency: Higher f(u), which correlated with the high
stability of the P(S) and the low deviations in P(D), means all good performance.

Differences in Deep Learning and Quantum Models: In the strong execution times f(t)
of the CNN and HF-D simulations, the model successfully penalized through the gap
in P(D)m and generated a lower universal complexity f(u) even though they are
inefficient in the real world.

Overall Optimization Trend: The optimization integral [(f(¢t) — f(D) demonstrated the
potential to predict and therefore identify non-optimal computational trends; a good
example is the simulations that spent a lot of physical time solving a lot of steps without
utilizing their full efficiency.

Balance Between Steps vs. Time is Important: Algorithms like Decision Trees, Random
Forests, and Gradient Boosting tend to strike a healthy balance between steps and
execution time that produced appropriate P(S) and acceptable values of P(D). These
models frequently exhibited a strong f(u) approach, supporting the concept of hybrid
approaches where rule-based and statistical reasoning yielded improved
computational efficiency.

The Other Side of Being Al-Heavy

Al-heavy models, but especially ones involving image or signal processing, suffered to
significant degree from overheads related to internal complexities (back
propagation, large weight matrices). As these model executed with large f(t) with low
P(S). the extreme values of P(D) significantly diminished the f(u), demonstrating a need
for hardware or algorithms that can compress facts in those domains.

Scalability Indicators

Many algorithms exhibiting linear or near-linear complexity (e.g, Naive Bayes, BLAST,
QSAR) displayed good scalability as input size increased; apparent in their smooth
increases in P(S) with modest changes in f(t). These algorithms provide insight into
scalable medical and chemical systems by demonstrating consistent, low levels in
P(D).

Sequence Flow Predicts Algorithmic Health

Sequence flow P(S) is inherently more robust than raw execution time, and in all
domains and implementations, the models reported steady P(S), even as the
workload changed, were substantially more robust to failure, and latency showed
variability less.

Difference Function Variation among the Algorithm

Evaluating the Difference complexity in algorithm we found that every algorithm has
significant effect the function on the execution of the algorithm by examining the
expected and actual performance of an algorithm.

FUTURE RECOMMENDATIONS

Integration of Real-time Systems

Expand the model info embedded or real-time systems, such as edge computing for
loT-based medical devices or real-time chemical analysis insfrumentation. Real-time
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CPU cycle measurement with adaptive scheduling could be used to further optimize
execution.

Machine Learning-Driven Predictions

Integrate MI-based predictors that predict f(u), P(S) & P(D) for unseen algorithms using
patterns from the existing algorithms' performances. This will assist in automating the
determination of complexity for new models, and configurations.

Dynamic Algorithm Switching

Utilize the model for adaptive algorithm switch: allow for the best algorithm to be
chosen as part of runtime, based on measurements of sequence flow, as well as
execution time. This could have multi-faceted implementations at runtime, in hybrid
applications, such as medical diagnostic engines & autonomous chemical simulators.

Interactive Complexity Profiling Tools

Create interactive tools, dashboards, or virtual reality representations of f(t), P(S), P(D).
f(u)...by time and stage of the algorithm. This would enable researchers to help identify
where inefficiencies exist and to help optimize their pipelines.

Space Complexity Integration

Extend the current fime-focused model to incorporate space complexity. A proposed
future extension is:

P(Space) = f(f(t) —D+5)=0

Which balances memory use with computational patternse
Applications to NP-Hard Problems and Al Explainability

Use the model for NP-complete problems to determine if the model is capable of
differentiating between heuristic shortcuts versus brute force exhaustive strategies. It
may help contribute to explainable Al (XAl) by revealing inefficiencies and
computational innate constraints of black-box models.

Open-Source Framework Developments

Package the whole model in an open-source Python library that supplies components
for measuring, analyzing and optimizing complexity metrics. This would be useful for
inclusion within pre-existing Al/ML pipelines or as a feature in additional chemical
simulators.

CONCLUSION

The proposed complexity model, based on f(t), p(S), p(D), and f(u), offers a dynamic
view of algorithmic performance that can augment traditional big-O analysis. By
incorporating sequence flow and difference, this model takes into account not only
the speed of execution, but also how memory (computational effort) is distributed in
time. The experimental evaluation revealed that: Algorithms that exhibited stable
sequences of iteration (e.g, Logistic Regression, Decision Trees) had high efficiency
and consistent scores. Models that are traditionally viewed as computational heavy
(e.g. CNN's LSTMs, Quantum Chemistry) were penalized appropriately by the model
based on having high computations relative to their poor sequence to time ratio. The
integral function [(f(t) — f(D)) provided important insights into optimization frends
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that would have otherwise been missed, due to the simplification of fime to compute.
This reflects that real-world efficiency is a function of not only time, but structure and
conftrol- this being precisely what we seek to quantify. As well, the two successful
applications in different domains (i.e. medicine, chemistry) demonstrate that the
model is without domain restrictions. This model connects the divide between
planned theory and actual execution patterns, making it valuable to researchers,
developers and others applying performance engineering techniques.
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