
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

      

CHIRAG ARUNKUMAR 

Cloud Resource Optimization using Linear Programming 
(Pulp & HIGHS) 

Objective:  
The objective of this report is to explore the application of 
linear optimization in an IT-related scenario and 
demonstrate how optimization techniques can improve 
decision-making and resource utilization. The report 
focuses on one practical scenario, clearly defines the 
underlying optimization problem, examines existing linear 
optimization approaches used to solve it, and critically 
evaluates their effectiveness, advantages, and limitations. 
Real-world examples are included to illustrate the 
practical implementation of linear optimization in software 
development and coding practices. 
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The objective of this report is to explore the application of linear optimization in an IT-related scenario 
and demonstrate how optimization techniques can improve decision-making and resource utilization. 
The report focuses on one practical scenario, clearly defines the underlying optimization problem, 
examines existing linear optimization approaches used to solve it, and critically evaluates their 
effectiveness, advantages, and limitations. Real-world examples are included to illustrate the practical 
implementation of linear optimization in software development and coding practices. 
 
1. Essay: Linear Optimization in IT – Example of Resource Allocation in Cloud Computing 

 
1.1 Introduction: 

Linear optimization is a mathematical technique for maximizing or minimizing an objective function 
subject to constraints. Linear programming, also called linear optimization, is a method to achieve the 
best outcome, such as maximum profit or lowest cost, in a mathematical model whose requirements 
and objective are represented by linear relationships. Linear programming is a special case of 
mathematical programming, also known as mathematical optimization. 

More formally, linear programming is a technique for the optimization of a linear objective function, 
subject to linear equality and linear inequality constraints. Its feasible region is a convex polytope, 
which is a set defined as the intersection of finitely many half spaces, each of which is defined by a 
linear inequality. Its objective function is a real-valued affine (linear) function defined on this polytope. 
A linear 

In IT-related environments, it is not only used in mathematical models, but also plays a key role in 
optimizing operations like resource allocation, package dependency resolution, and network 
routing. 

 

 

 

 

 

 

 

 

 

 

 

 

 

1.2   Scenario  : Resource Allocation in Cloud Computing. 

Imagine a company that runs hundreds of applications on a cloud platform (like AWS or Azure). Each 
application requires computing resources such as CPU, memory, and storage. However, the company 
has a limited budget for cloud usage, and cloud servers have limited resource capacities. The problem 
is: How can we allocate cloud resources efficiently to maximize performance while minimizing 
costs? 
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1.3   Problem Definition. 

We want to: 
 
• Maximize system performance (e.g., throughput, response time) 
• Subject to constraints: 
o CPU and memory availability on servers. 
o Budget limit for cloud services. 
o Service Level Agreements (SLAs) that ensure each application gets a minimum level of 

resources. 
This is directly modelled as a linear programming problem: 
Maximize: ∑ (performance×allocated_resources )\ text{Maximize: } \sum (performance 
\times allocated\_resources) Maximize: ∑(performance×allocated_resources)  

Subject to: 
 
• Resource usage ≤ server capacity 
• Cost ≤ budget 
• Allocation ≥ SLA minimum 

1.4   Existing Solutions. 

Cloud service providers already use optimization techniques internally for auto-scaling, VM placement, 
and load balancing. For example: 

• Google’s Borg system uses optimization to allocate resources across its data canters. 

• Kubernetes schedulers apply linear optimization principles for pod placement. 

• Cloud cost optimizers use LP to recommend the cheapest resource allocation under workload 
demands. 

1.5 Critical Review 

• Advantages: Linear optimization provides clear, mathematically provable optimal solutions. It 
scales well for moderately large problems, and tools like PuLP, HiGHS, and Gurobi make it 
accessible in coding practice. 

 
• Limitations: Real-world IT systems are often nonlinear and stochastic (e.g., unpredictable 

workloads, network delays). In such cases, LP models need to be extended into Mixed Integer 
Programming (MIP) or Stochastic Optimization. 

 
• Evaluation: Linear optimization is excellent for structured resource allocation problems where 

constraints and objectives are well defined. But in highly dynamic environments, it should be 
combined with heuristics or machine learning to adapt to uncertainty. 
 

 

 

1.6 Conclusion 

Linear optimization bridges theory and coding practice in IT. By converting business and IT 
problems into mathematical models, it helps optimize resources, reduce costs, and improve 
performance. The resource allocation in cloud computing is one concrete example where LP 
provides measurable benefits. 

2.0  Understanding the Optimization Process Pipeline in Linear Programming 
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2.1 Optimizing Cloud Resource Allocation 
Linear Programming for Maximum Performance 
Using Mathematical Optimization to Make Data-Driven Resource Decisions 

 
2. 2: Problem Overview 
Business Challenge: 

• We have limited cloud resources and budget 
• Multiple applications competing for resources 
• Need to maximize overall system performance 
• Must work within financial and technical constraints 

Our Specific Scenario: 
• Two applications: App1 and App2 
• Fixed budget: $60 
• Each app has different performance characteristics and costs 
• Minimum resource requirements for each app 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.3 Application specification 

Key Metrics: 
• App1 efficiency: 1.67 points/$ (5/3) 
• App2 efficiency: 1.75 points/$ (7/4) 
• App2 is 4.8% more efficient per dollar 

 

2. 4: Mathematical Formulation 
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Decision Variables: 

• Let x₁ = Units of resource allocated to App1 

• Let x₂ = Units of resource allocated to App2 

Objective Function: 
Maximize: 5x₁ + 7x₂ 
(Total performance points) 

 

 

2. 5: Constraints 

Budget Constraint: 
3x₁ + 4x₂ ≤ 60 (Total 
cost cannot exceed $60) 

Technical Constraints: 

• x₁ ≥ 2 (App1 needs at least 2 units) 

• x₁ ≤ 15 (App1 cannot exceed 15 units) 

• x₂ ≥ 10 (App2 needs at least 10 units) 

• x₂ ≤ 20 (App2 cannot exceed 20 units) 
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2.6: A Complete Optimization Model Using Pulp and High spy  

Optimization using Pulp 

In the code below, I initiate the model as model. 
Then, I introduce my decision variables x₁ and x₂ 
along with their lower and upper bounds (2 ≤ x₁ ≤ 
15, 10 ≤ x₂ ≤ 20) and assign them names. Next, I 
add the five constraint inequalities: one 
budget constraint and four technical 
constraints (the lower and upper bounds on x₁ 
and x₂), which are handled automatically by the 
variable definitions and by the explicit budget 
constraint. Finally, I maximize the objective 
function 5x₁ + 7x₂, representing total 
performance. The model is then solved, and the 
optimal allocation of resources is obtained. 

 

 

 

 

 

 

1. Feasible region 
2. feasible = constraint1 & bound_x1 & bound_x2 
3. plt.contourf(X1, X2, feasible, levels=[0.5, 1.5], colors=['lightblue'], alpha=0.6) 
o Combines all constraints (budget + x₁ bounds + x₂ bounds). 
o Shades the area where all constraints are satisfied (the feasible region). 
4. Constraint lines 
o Plots the budget line 3x₁ + 4x₂ = 60 (blue). 
o Draws vertical and horizontal dashed lines for min/max bounds of x₁ and x₂.  
5. Optimal solution 
o Marks the solution point (opt_x1, opt_x2) with a big red dot. 
6. Performance contours 
o Draws dotted gray lines for different performance levels (5x₁ + 7x₂). 
o Highlights the contour line passing through the optimal performance in red. 
7. Annotation 
o Adds a text box with arrow pointing to the optimal point, showing (x₁, x₂) and performance score. 
In short: 
 
This block shows the feasible solution space, constraints, performance trade-offs, and highlights 
the optimal point on the graph. 
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What happens in the backend during the optimization process? 
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When the model runs, one can see the following progress happening in the terminal window. But what 
exactly is going on here? I describe it below: 

 

 

 

 

 

 

 

 

 

 

Problem Size 
The constraints in a linear programming 
problem can be written in matrix form as: 

                      Ax ≤ b 
 

• A → matrix of constraint 
coefficients 

• x → vector of decision 
variables (x1,x2) 

• b → RHS values 
 

For our cloud resource allocation 
problem, the constraints are: 

1. 3x1 + 4x2 ≤ 60 (Budget) 
2. x1 ≥ 2   (Min App1) 
3. x1≤15  (Max App1) 
4. x2≥10  (Min App2) 
5. x2≤20  (Max App2) 

So: 
• Rows = 5 (number of constraints) 
• Columns = 2 (decision variables: x1,x2 ) 
• Non-zero elements = 7 (each constraint has coefficients for x1,x2, except some are  

              implicit 0’s; e.g., in x1≥ 2 , the coefficient for x2x_2x2 is 0). 
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This is still a very small problem, but real-world resource allocation models can have thousands of 
constraints, variables, and non-zero elements, making them much harder to solve. 

 
• Coefficient Ranges  
Matrix [3e+00, 4e+00] 
Constraint coefficients (A):                                          
From 3 (in 3x13x1) to 4 (in 4x24x2). 
*Range: [3e+00, 4e+00]*  
Cost [5e+00, 7e+00] 
Objective coefficients: 
From 5 (for x1x1) to 7 (for x2x2). 
*Range: [5e+00, 7e+00]* 
Bound [2e+00, 2e+01] 
Variable bounds: 

• x1x1: 2≤x1≤152≤x1≤15 
• x2x2: 10≤x2≤2010≤x2≤20 

*Range: [2e+00, 2e+01]* 
RHS [6e+01, 6e+01] 
Right-hand side values (constraint limits): 
Only the budget value 60 is used. 
*Range: [6e+01, 6e+01]* 

 
• Presolve 
Before solving, the solver applies a presolve step to simplify the problem: 

• It removes redundant constraints. 
• It tightens variable bounds where possible. 
• It reduces the problem size while preserving the same feasible region. 

In this case, the problem is small and presolves very quickly. The solver then finds the optimal 
solution: 

• x1=2.0x1=2.0 
• x2=13.5x2=13.5 
• Total performance = 5(2.0)+7(13.5)=104.55(2.0)+7(13.5)=104.5 points 
• The runtime is negligible (fractions of a second). 

After solving, a postsolve step reverses the presolve transformations to map the solution back to 
the original variables and constraints. 

 In summary: 
• We have 5 constraints, 2 variables, 7 non-zero coefficients. 
• Coefficient ranges are small and simple. 
• Solver quickly finds the optimal allocation within budget and bounds. 

 

Mathematical Programming System (MPS) format 

Mathematical Programming System (MPS) format 

Mathematical Programming System (MPS) is a file format for representing linear and mixed integer 
linear programming problems. It is a relatively old format but accepted by all commercial linear 
program solvers. Linear problems can also be written in other formats such as LP, AMPL, and 
GAMS. 

 

https://en.wikipedia.org/wiki/MPS_(format)
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Explanation of the MPS File 

The given MPS (Mathematical Programming System) file represents the linear programming 
problem Cloud_Resource_Allocation. 
• NAME: 

The problem is named → Cloud_Resource_Allocation. 
• SENSE: 

The goal is to maximize the objective function (maximize performance/resource 
utilization). 

• ROWS Section: 
Defines the objective and constraints. 
o N OBJ → Objective function row (not constrained). 
o L Budget_Constraint → A less-than-or-equal (≤) type constraint. 

• COLUMNS Section: 
Specifies coefficients of decision variables in both the objective and constraints: 
o App1_units → contributes 3 to Budget_Constraint and 5 to the objective. 
o App2_units → contributes 4 to Budget_Constraint and 7 to the objective. 

• RHS Section: 
Provides the right-hand side values: 
o Budget_Constraint ≤ 60. 

• BOUNDS Section: 
Defines lower and upper bounds for decision variables: 
o 2 ≤ App1_units ≤ 15. 
o 10 ≤ App2_units ≤ 20. 

• ENDATA: 
Marks the end of the MPS file. 
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Optimization Process and Getting Results 

 

1. What is a Solution File (.sol)? 

A solution file is a standardized report generated by an optimization solver after it completes its 
calculations. It is a machine-readable text file that provides a complete snapshot of the 
optimization results. 

Think of it as the "receipt" or "lab report" for your optimization run. It doesn't just give you the final 
answer; it provides all the supporting details that explain how that answer was reached and why it 
is optimal. 

2. Why is it Needed in Linear Optimization? 

Getting the optimal values for x1 and x2 is only half the story. For any serious analysis or business 
decision, you need the deeper insights contained in the solution file. Here’s why it's essential: 

• Verification & Validation: It allows you to double-check that the solver ran correctly (e.g., 
Status: OPTIMAL) and that all constraints were respected. 

• Deep Analysis: It provides crucial economic insights through marginal values (also called 
shadow prices or dual values). These tell you how much your objective (e.g., performance) 
would improve if you could relax a constraint by one unit (e.g., increase your budget by $1). 

• Sensitivity Analysis: It shows which variables are "binding" (actively limiting the solution) and 
which have "slack" (are underutilized). This helps identify bottlenecks in your system. 

• Auditing & Reproducibility: It creates a permanent, standardized record of the input and output, 
which is critical for debugging, sharing results with colleagues, or reproducing the analysis 
later. 

• Integration with Other 
Systems: The structured format 
allows other software tools to 
automatically parse and use the 
results for further reporting or 
decision-making. 

 The problem statistics are provided 
at the top. The optimal solution values 
are provided in the Activity column. 
The St column specifies the status of 
the solution. For example, B stands 
for Basic- the variable or constraint is 
part of the basis solution (optimal). 
NU refers that the solution is non-
basic and is the same as the upper 
bound. The value in the Marginal 
column (often referred to as the 
shadow price or dual value) refers 
to how much the objective function 
would vary with the unit change in the 
non-basic variable. For more 
information on the GLPK solution file 
information, one can refer to here. 

https://or.stackexchange.com/questions/3070/glpk-meaning-of-the-marginal-column-in-the-solution-output
https://or.stackexchange.com/questions/3070/glpk-meaning-of-the-marginal-column-in-the-solution-output
https://en.wikibooks.org/wiki/GLPK/Solution_information
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2.6: B  Optimization Model Using High spy  
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Conclusion 

In this analysis, I demonstrated how to model and solve a cloud resource allocation problem using 
linear programming. The problem was defined to maximize performance given a budget constraint 
and minimum resource requirements for two applications. 

The solution was obtained using two powerful open-source tools: 

1. PuLP: A Python library for conveniently formulating linear optimization models in a natural, 
algebraic way. 

2. HiGHS: A high-performance serial and parallel solver for large-scale linear optimization 
(LP), which was used as the computational engine to find the optimal solution. 

The results showed that allocating 2.0 units to App1 and 13.5 units to App2 yields the maximum 
performance of 104.5 points while fully utilizing the $60 budget. 

Furthermore, I explained how to generate and interpret a standardized solution file (.sol), which 
provides a comprehensive summary of the optimization results. This file includes key information 
such as the problem status, optimal variable values, constraint activity, and other diagnostic 
details essential for validation and deeper economic analysis. 

The complete code, solution files, and detailed annotations for this project are available in the 
accompanying GitHub repository. This workflow showcases an end-to-end application of linear 
optimization for making efficient, data-driven resource management decisions. 

Thank you for reading! 

2. 7: Why Linear Programming? 

Perfect Fit Because: 
1. Linear relationships between resources and performance 
2. Clear objective to maximize (performance) 
3. Well-defined constraints (budget, technical limits) 
4. Proven mathematical foundation for optimal solutions 
5. Efficient algorithms available for solving 

Business Value: 
• Guaranteed optimal resource allocation 
• Transparent decision-making process 
• Scalable to more applications and constraints 
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2. 8. Visualization – feasible Region  

 

 

 

 

 

 

 

 

 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
presents a cloud resource allocation optimization problem with the goal of maximizing 
performance (5x₁ + 7x₂) under various constraints. 
Key Points: 

• Constraints: Budget (3x₁ + 4x₂ = 60), minimum and maximum limits for App1 (x₁) and App2 
(x₂). 

• Optimal Solution: x₁ = 2.0, x₂ = 13.5 
• Result: Maximum performance = 104.5 points, using the full budget of $60. 
• Efficiency: App2 (1.75 points/$) is more cost-efficient than App1 (1.667 points/$). 

The solution efficiently allocates resources within given limits to achieve the best 
performance. 
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 2.9: Expected Solution 
Optimal Allocation: 

• App1: 2 units (minimum required) 
• App2: 13.5 units 

Performance Results: 
• Total cost: $3×2 + $4×13.5 = $60 (full budget utilization) 
• Total performance: 5×2 + 7×13.5 = 104.5 points 
• App1 contribution: 10 points 
• App2 contribution: 94.5 points 

2.10: Sensitivity Analysis 
What if constraints change? 

• If budget increases: More resources to App2 (more efficient) 
• If minimum requirements change: Affects feasible region 
• If performance ratios change: Different optimal allocation 

Key Insights: 
• App2 is the primary performance driver 
• Budget constraint is binding (fully utilized) 
• Minimum requirements limit optimization flexibility 

2.11: Real-World Applications 
Beyond This Example: 

• Multi-cloud resource allocation 
• Microservices performance optimization 
• Cost-performance tradeoff analysis 
• Auto-scaling decision systems 
• Capacity planning and forecasting 

Scalability: 
• Can handle 100+ applications 
• Multiple constraint types (CPU, memory, network) 
• Time-dependent optimization 

 
Slide 12: Conclusion & Recommendations 
Key Takeaways: 

1. Mathematical optimization provides optimal solutions 
2. Clear formulation is essential for accurate results 
3. Constraints significantly impact optimal allocation 
4. Regular re-optimization needed for changing conditions 

 

3. Resource Optimization in Google Colab - Explanation Report  

 

3.1 Overview 

This code demonstrates a practical approach to monitoring and optimizing resource allocation 
(RAM and GPU) within a Google Colab environment using linear programming. It combines system 
monitoring with mathematical optimization to make efficient resource allocation decisions. 

Purpose: Monitors current RAM usage using the psutil library, providing: 

• Used RAM in GB 

• Total available RAM 

• Usage percentage 
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3.2 Optimizing Model: 
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Mathematical Formulation 
Objective Function 
Maximize: x + y 

• Where x = RAM allocation (GB) 
• Where y = GPU allocation (MB) 

Constraints 
1. x ≤ 0.8 × total_RAM (Leave 20% free RAM for system operations) 
2. y ≤ 0.8 × total_GPU (Leave 20% free GPU memory) 
3. x ≥ 0 (Non-negative allocation) 
4. y ≥ 0 (Non-negative allocation) 

Practical Applications in Google Colab 

1. Resource Management 
• Prevents overallocation that could crash the Colab session 
• Ensures stable operation by maintaining buffer space 

2. Cost Optimization 
• Maximizes utilization of free Colab resources 
• Helps avoid unnecessary upgrades to Colab Pro 

3. Performance Monitoring 
• Provides real-time visibility into resource usage 
• Enables proactive resource management 
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Expected Output Example 
text 
Optimal RAM allocation: 1.232044 GB 
Optimal GPU allocation: 0.0 MB 
 
Limitations and Considerations 
 
1. Google Colab Constraints 

• Resource availability varies by session type (free vs. Pro) 
• GPU availability is not guaranteed in free tier 
• Sessions have time limits (12 hours for Pro, less for free) 

2. Technical Considerations 
• The model assumes linear relationships in resource utility 
• Actual performance may have non-linear characteristics 
• Different tasks have different RAM/GPU requirements 

3. Optimization Assumptions 
• Equal weighting of RAM and GPU in objective function 
• 20% buffer is arbitrary; can be adjusted based on needs 
• Single GPU focus; multi-GPU environments need extension 

 
     Conclusion 

This implementation provides a foundation for intelligent resource management in Google Colab 
environments. By combining real-time monitoring with mathematical optimization, users can 
maximize their productivity while maintaining system stability. The approach can be extended to 
incorporate more sophisticated constraints and objective functions based on specific use 
cases. 

 

===========================Thank you for reading ================================= 
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