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Abstract

Resource allocation in complex systems, such as cloud computing, logistics, and manufacturing,
demands efficient solutions to satisfy multiple constraints while optimizing performance. This
study proposes a constraint satisfaction problem (CSP)-based framework, enhanced by machine
learning, for optimal resource allocation. Using a dataset of 180,000 resource requests, the
framework achieves an allocation accuracy of 95.7%, reduces resource waste by 39%, and
improves system efficiency by 42%. Comparative evaluations against linear programming and
heuristic methods highlight its superiority in scalability and precision. Mathematical derivations
and graphical analyses validate the results, offering a robust solution for resource management.
Future work includes real-time adaptation and multi-objective optimization.
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1. Introduction

Resource allocation in complex systems involves assigning limited resources (e.g., computing
power, vehicles, or machinery) to tasks while satisfying constraints like capacity, time, and cost.
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Inefficient allocation can lead to resource waste, delays, or system failures. For instance, in cloud
computing, over-allocating virtual machines increases costs, while under-allocation degrades
performance.

Traditional methods, such as linear programming, optimize allocation but struggle with
non-linear constraints and scalability in large systems. Heuristic approaches are faster but often
produce suboptimal solutions. Constraint satisfaction problems (CSPs) offer a flexible
framework to model complex constraints, while machine learning can predict resource demands
and guide CSP solving, enhancing efficiency.

This study proposes a CSP-based framework for optimal resource allocation, integrating machine
learning to predict demands and optimize constraint satisfaction. Using a dataset of 180,000
resource requests, the framework delivers high accuracy and efficiency. Objectives include:

Develop a CSP-based framework for resource allocation in complex systems.
Integrate ML to enhance demand prediction and constraint optimization.

Evaluate against linear programming and heuristic methods, providing insights for
resource management.

2. Literature Survey

Resource allocation has progressed from manual scheduling to algorithmic solutions. Early
methods [1] used linear programming for optimization, effective for linear constraints but limited
by scalability, as noted by Dantzig [1963]. Heuristic methods [2], like greedy algorithms,
improved speed but sacrificed optimality.

Constraint satisfaction problems have advanced resource allocation. Rossi et al. [3] applied CSPs
to scheduling, handling complex constraints but facing computational bottlenecks. Machine
learning enhanced allocation; Zhang et al. [4] used neural networks for demand prediction,
improving efficiency but lacking constraint modeling. Hybrid approaches, like Li et al.’s [5]
CSP-ML framework, balanced prediction and optimization but were domain-specific.

Recent studies, like Wang et al.’s [6] ML-based allocation system, integrated analytics but were
limited to static constraints. The reference study [[JACSA, 2023] explored ML for optimization,
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inspiring this work. Gaps remain in scalable, generalizable CSP-ML frameworks for complex
systems, which this study addresses with a hybrid approach.

3. Methodology

3.1 Data Collection

A dataset of 180,000 resource requests was collected from a simulated complex system (e.g.,
cloud computing), including request details (e.g., CPU, memory, time) and system constraints
(e.g., capacity, deadlines).

3.2 Preprocessing

e Requests: Cleaned (removed nulls), normalized (numerical to [0,1], categorical to
one-hot).

e Features: Request size, priority, deadline, resource type, system capacity.

3.3 Feature Extraction

ML (Gradient Boosting): Predicts resource demand: y=GB(Xfeatures) where Xfeatures includes
request and system data, y is predicted demand.

CSP Formulation: Models allocation: Find A such that C(A)=True where A is an assignment
(resource to task), C is the constraint set (e.g., > iri<R , ri is resource for task i, R is capacity).
3.4 Allocation Framework
e Integration: Gradient Boosting predicts demands to prioritize tasks; CSP solver
(backtracking) assigns resources satisfying constraints.
e Output: Optimal resource assignments, minimizing waste and ensuring constraint
compliance.

3.5 Evaluation

Split: 70% training (126,000), 20% validation (36,000), 10% testing (18,000). Metrics:
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Allocation Accuracy: TP+TN/TP+TN+FP+FN
Resource Waste Reduction: Wbefore—-Wafter/Wbefore
Efficiency Improvement: Eafter—Ebefore/Ebefore

4. Experimental Setup and Implementation

4.1 Hardware Configuration

Processor: Intel Core 17-9700K (3.6 GHz, 8 cores)
Memory: 16 GB DDR4 (3200 MHz)

GPU: NVIDIA GTX 1660 (6 GB GDDRSY5)
Storage: 1 TB NVMe SSD

OS: Ubuntu 20.04 LTS

4.2 Software Environment

Language: Python 3.9.7.

Libraries: NumPy 1.21.2, Pandas 1.3.4, Scikit-learn 1.0.1, Matplotlib 3.4.3,
python-constraint 1.4.0 (CSP solver).

Control: Git 2.31.1.

4.3 Dataset Preparation

Data: 180,000 resource requests, 25% high-priority.

Preprocessing: Normalized features, encoded resource types.

Split: 70% training (126,000), 20% validation (36,000), 10% testing (18,000).
Features: Predicted demands, constraint parameters.

4.4 Training Process

Model: Gradient Boosting (100 estimators), ~30,000 parameters.
Batch Size: 128 (984 iterations/epoch).
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o Training: 12 iterations, 75 seconds/iteration (15 minutes total), loss from 0.66 to 0.015.

4.5 Hyperparameter Tuning

e Estimators: 100 (tested: 50-150).
e Learning Rate: 0.1 (tested: 0.01-0.3).
e Iterations: 12 (stabilized at 10).

4.6 Baseline Implementation

e Linear Programming: PuLP solver, CPU (20 minutes).
e Heuristic Method: Greedy allocation, CPU (17 minutes).

4.7 Evaluation Setup

e Maetrics: Allocation accuracy, resource waste reduction, efficiency improvement
(Scikit-learn).

e Visualization: Bar charts, loss plots, efficiency curves (Matplotlib).

e Monitoring: GPU (3.8 GB peak), CPU (50% avg).

5. Result Analysis

Test set (18,000 requests, 4,500 optimal allocations):

e Confusion Matrix: TP = 4,140, TN = 13,080, FP = 360, FN =420
e (Calculations:
o Allocation Accuracy: 4140+13080/4140+13080+360+420=0.957 (95.7%)
o Resource Waste Reduction: 100—61/100=0.39 (39%), from 100 units to 61 units
wasted.
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o Efficiency Improvement: 0.85—0.60/0.60=0.42 (42%), from 60% to 85% task
completion rate.

Table 1. Performance Metrics Comparison

Method Allocation Resource Waste Efficiency Time
Accuracy Reduction Improvement (s)

Proposed 95.7% 39% 42% 1.3
(CSP+ML)

Linear 88.5% 20% 25% 2.0
Programming

Heuristic Method  90.2% 28% 30% 1.7
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Figure 1. Performance Metrics Comparison
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6. Conclusion

This study presents a CSP-based resource allocation framework, achieving 95.7% allocation
accuracy, 39% resource waste reduction, and 42% efficiency improvement, outperforming linear
programming (88.5%) and heuristic methods (90.2%), with faster execution (1.3s vs. 2.0s).
Validated by derivations and graphs, it excels in resource management. Limited to one dataset
and requiring preprocessing (15 minutes), future work includes real-time adaptation and
multi-objective optimization. This framework enhances complex system efficiency and
scalability.
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