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INTRODUCTION 

Background and Motivation 

The proliferation of big data technologies has 

revolutionized data processing paradigms, 

enabling organizations to process petabytes of 

data efficiently[1]. Apache Hadoop and Spark 

have emerged as industry-standard frameworks 

for distributed computing, processing diverse 

workloads ranging from batch analytics to real-

time streaming applications[2]. However, the 

performance of these systems is critically 

dependent on proper configuration parameter 

tuning, which involves optimizing over 200+ 

interdependent parameters. Traditional manual 

parameter tuning approaches require domain 

experts to laboriously evaluate configurations 

based on trial-and-error methodologies, 

consuming 20-30% of job execution time[3]. 

This manual approach is: 

 Highly time-consuming and resource-

intensive 

 Non-scalable for heterogeneous workloads 

 Inefficient for dynamic cluster environments 

 Prone to suboptimal configuration selection 

Existing auto-tuning methodologies face 

significant limitations, including excessive 

recommendation generation time, poor 

scalability with increasing parameter 

dimensionality, and inadequate consideration of 

job behavioral patterns[4].  

These challenges necessitate development of 

intelligent, lightweight parameter tuning 

mechanisms that can rapidly identify near-

optimal configurations while accounting for job-

specific characteristics and cluster dynamics. 

Problem Statement 

Given the complexity of parameter 

interdependencies in distributed computing 

systems, the following challenges arise: 

1. High-Dimensional Optimization: 

Configuration spaces with 200+ parameters 

create exponential search spaces 

2. Job Heterogeneity: Different job types 

exhibit vastly different performance 

characteristics and optimal parameter 

requirements 

3. Temporal Dynamics: Cluster conditions 

and resource availability vary over time 

4. Recommendation Overhead: Existing 

methods consume 20-30% of job execution 

time for configuration recommendation 
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5. Scalability Constraints: Manual 

approaches do not scale beyond small-scale 

clusters 

Proposed Solution and Contributions 

This research proposes an innovative intelligent 

online tuning framework that addresses 

aforementioned challenges through: 

Primary Contributions: 

1. Collaborative Filtering-based Configuration 

Recommendation Engine: Leverages SVD 

(Singular Value Decomposition) to factorize 

job-configuration similarity matrices and 

predict optimal parameter combinations for 

new jobs based on historical performance 

data. 

2. Adaptive Online Learning Mechanism: 
Implements stochastic gradient descent with 

dynamic regularization to continuously 

update recommendation quality during job 

execution, enabling real-time parameter 

adjustments. 

3. Deep Learning Feature Extraction: 
Applies convolutional neural networks to 

extract hidden feature representations from job 

characteristics, improving recommendation 

accuracy by 18-22%. 

4. Genetic Algorithm-based Configuration 

Repository: Develops evolutionary 

optimization techniques to generate and 

maintain configuration repositories across 

multiple MapReduce applications and 

workload types. 

5. Intelligent Tuning Rules Framework: 
Establishes data-driven parameter 

adjustment heuristics based on job 

performance monitoring, achieving 14.32% 

mean percentage error from optimal 

configurations while reducing optimization 

time by 24-30%. 

6. Real-time Cluster Adaptation: Implements 

online reinforcement learning with Q-

learning algorithms to adapt 

recommendations to dynamic resource 

availability and network conditions. 

Paper Organization 

The remainder of this paper is organized as 

follows: Section 2 reviews related work in 

parameter tuning and machine learning 

approaches; Section 3 presents the 

comprehensive system architecture and 

theoretical framework; Section 4 details the 

experimental methodology and performance 

evaluation metrics; Section 5 presents 

experimental results and analysis; Section 6 

discusses implications and insights; Section 7 

outlines future research directions; and Section 8 

concludes the paper. 

LITERATURE REVIEW AND RELATED 

WORK 

Big Data Parameter Tuning Approaches 

Traditional configuration management in 

distributed systems relies on manual expert-

driven parameter tuning[5]. Cai et al.[3] 

demonstrated that Hadoop parameter 

optimization could improve throughput by 20-

40%, but their approach required extensive 

profiling and offline computation. Chen et al.[2] 

identified four primary performance dimensions 

controlled by configuration parameters: 

parallelism, memory capacity, trigger points, and 

data compression strategies. 

Recent auto-tuning methodologies have 

attempted to address parameter optimization 

challenges: 

 Profile-based Tuning: Systems like 

ParamILS[6] and AutoTune[7] utilize 

sampled job execution with configuration 

space exploration. However, these 

approaches incur significant overhead (20-

30% of job execution time), limiting 

practical applicability. 

 Machine Learning Approaches: Machine 

learning-based parameter prediction has 

gained traction, with approaches using 

support vector regression and random forests 

achieving 15-18% prediction error[8]. 

However, these methods require extensive 

labeled training data and do not account for 

temporal dynamics. 

 Online Tuning Methods: Recent systems 

like Starfish[9] implement online monitoring 

and adaptation, but lack sophisticated 

machine learning mechanisms for 

configuration prediction and suffer from late-

binding delays. 

Collaborative Filtering and Matrix 

Factorization 

Collaborative filtering has been extensively 

studied in recommendation systems[10]. Koren 

et al.[11] demonstrated that Singular Value 

Decomposition (SVD) effectively captures latent 

features in sparse user-item preference matrices. 

The fundamental principle underlying 
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collaborative filtering is that users with similar 

preference patterns will prefer similar items, 

enabling inference of missing preference values. 

In the context of parameter tuning, jobs with 

similar behavioral characteristics should perform 

well under similar configurations. This 

observation motivates applying collaborative 

filtering to configuration recommendation[12]: 

𝐴 = 𝑈Σ𝑉𝑇 (5.1) 

where 𝑈 contains left singular vectors (job latent 

features), Σ  contains singular values, and 𝑉𝑇 

contains right singular vectors (configuration 

latent features). This factorization enables 

prediction of missing job-configuration 

performance values through latent feature 

interactions. 

Deep Learning for Feature Extraction 

Deep neural networks have demonstrated 

superior capability in automatically extracting 

hierarchical feature representations from raw 

data[13]. Convolutional neural networks (CNNs) 

and recurrent neural networks (RNNs) have 

achieved state-of-the-art results in various 

domains[14]. In the context of parameter tuning, 

deep learning can extract complex job 

characteristics: 

 Memory access patterns from execution 

traces 

 Network communication patterns from job 

logs 

 CPU utilization patterns and computational 

complexity 

 I/O patterns and data locality characteristics 

These learned features can enhance collaborative 

filtering recommendations by providing richer 

job representations, improving prediction 

accuracy by 15-22%[15]. 

Reinforcement Learning for Dynamic 

Adaptation 

Reinforcement learning (RL) enables agents to 

learn optimal policies through interaction with 

environments and reward signals 16]. Q-

learning, a model-free RL algorithm, has been 

applied to dynamic resource allocation and job 

scheduling in cloud systems[17]. The approach 

can be adapted to parameter tuning: 

 State Space: Current cluster resource 

availability, job characteristics, performance 

metrics 

 Action Space: Parameter adjustment 

decisions (increase/decrease specific 

parameters) 

 Reward Signal: Performance improvement 

relative to previous configuration 

This formulation enables adaptation to dynamic 

cluster conditions that static pre-computed 

configurations cannot address. 

PROPOSED FRAMEWORK AND 

METHODOLOGY 

Overall System Architecture 

The proposed intelligent parameter tuning 

framework comprises five interconnected 

components: 

1. Configuration Repository Generator 

 Generates candidate configurations using 

genetic algorithms 

 Profiles each configuration on representative 

workload samples 

 Stores configuration-performance data for 

future use 

2. Deep Learning Feature Extractor 

 Processes job execution traces and log data 

 Extracts hierarchical feature representations 

using CNNs 

 Produces feature vectors 𝑓𝑗 ∈ ℝ𝑘 for jobs 

3. Collaborative Filtering Recommendation 

Engine 

 Maintains job-configuration similarity 

matrices 

 Applies SVD decomposition to predict 

optimal configurations 

 Ranks recommendations based on predicted 

performance 

4. Online Learning Update Module 

 Monitors actual job execution performance 

 Compares predictions with actual outcomes 

 Updates SVD matrices using stochastic 

gradient descent 

5. Reinforcement Learning Adaptation 

Engine 

 Implements Q-learning for dynamic 

parameter adjustment 

 Handles dynamic cluster resource conditions 

 Learns optimal adjustment policies 
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Singular Value Decomposition for 

Collaborative Filtering 

The collaborative filtering recommendation 

mechanism is formalized as follows: 

Let 𝐴 ∈ ℝ𝑚×𝑛  be a job-configuration 

performance matrix where: 

 Rows represent 𝑚 distinct job types 

 Columns represent 𝑛  configuration 

parameter sets 

 𝐴𝑖𝑗  represents execution time (or other 

performance metric) for job 𝑖  with 

configuration 𝑗 

SVD decomposes matrix 𝐴 as: 

𝐴 = 𝑈Σ𝑉𝑇 (3.1) 

where: 

 𝑈 ∈ ℝ𝑚×𝑟 contains left singular vectors (job 

factors) 

 Σ ∈ ℝ𝑟×𝑟  contains non-negative singular 

values on diagonal 

 𝑉𝑇 ∈ ℝ𝑟×𝑛  contains right singular vectors 

(configuration factors) 

 𝑟 = min(𝑚, 𝑛) is the rank 

Each singular value 𝜎𝑖 represents the importance 

of latent factor pair (𝑈𝑖 , 𝑉𝑖). By retaining only 𝑘 

largest singular values (where 𝑘 ≪ 𝑟), we obtain 

a low-rank approximation: 

𝐴̃ = 𝑈𝑘Σ𝑘𝑉𝑘
𝑇 (3.2) 

This approximation captures dominant patterns 

while filtering noise and reducing 

dimensionality. 

Prediction Model with Regularization 

To predict missing values in sparse matrix 𝐴, we 

employ the factorized form with bias terms: 

𝐽𝑢𝑖 = 𝜇 + 𝑏𝑢 + 𝑏𝑖 + 𝑒𝑢
𝑇𝑓𝑖 (3.3) 

where: 

 𝜇 denotes the mean rating of known matrix 

elements 

 𝑏𝑢 represents bias term for job 𝑢 

 𝑏𝑖 represents bias term for configuration 𝑖 

 𝑒𝑢 ∈ ℝ𝑘 is the latent factor vector for job 𝑢 

 𝑓𝑖 ∈ ℝ𝑘  is the latent factor vector for 

configuration 𝑖 

The prediction error for element 𝐽𝑢𝑖 is: 

𝑃𝐸𝑢𝑖 = 𝐽𝑢𝑖 − 𝐽𝑢𝑖 = 𝐽𝑢𝑖 − 𝜇 − 𝑏𝑢 − 𝑏𝑖 − 𝑒𝑢
𝑇𝑓𝑖  (3.4) 

Stochastic Gradient Descent Optimization 

To minimize prediction error across all observed 

ratings, we employ stochastic gradient descent 

with L2 regularization: 

The regularized loss function is: 

𝐿 = ∑  

(𝑢,𝑖)∈observed

(𝐽𝑢𝑖 − 𝐽𝑢𝑖)
2

+ 𝜆(‖𝑒𝑢‖2 + ‖𝑓𝑖‖2 + 𝑏𝑢
2

+ 𝑏𝑖
2) (3.5) 

where 𝜆  is the regularization parameter 

controlling overfitting. 

The gradient descent update rules are: 

𝑓𝑖 ← 𝑓𝑖 + 𝛾(𝑃𝐸𝑢𝑖 ⋅ 𝑒𝑢 − 𝛿 ⋅ 𝑓𝑖) (3.6) 

𝑒𝑢 ← 𝑒𝑢 + 𝛾(𝑃𝐸𝑢𝑖 ⋅ 𝑓𝑖 − 𝛿 ⋅ 𝑒𝑢) (3.7) 

where: 

 𝛾 is the learning rate (controls step size) 

 𝛿 is the regularization factor (controls model 

complexity) 

These updates are applied iteratively until 

convergence is achieved, typically within 50-100 

iterations depending on dataset characteristics. 

Deep Learning Feature Enhancement 

While basic SVD considers only performance 

values, augmenting latent factors with deep-

learned job features improves recommendation 

quality. We implement a CNN-based feature 

extractor: 

Input: Job execution traces containing: 

 CPU utilization time series: 𝐜 =
[𝑐1, 𝑐2, … , 𝑐𝑇] 

 Memory utilization time series: 𝐦 =
[𝑚1, 𝑚2, … , 𝑚𝑇] 

 I/O operation counts: 𝐢𝐨 = [𝑖𝑜1, 𝑖𝑜2, … , 𝑖𝑜𝑇] 

 Network bandwidth usage: 𝐛𝐰 =
[𝑏𝑤1, 𝑏𝑤2, … , 𝑏𝑤𝑇] 

CNN Architecture: 

 Convolution layer 1: 16 filters, kernel size 3, 

ReLU activation 

 Max pooling layer 1: pool size 2 

 Convolution layer 2: 32 filters, kernel size 3, 

ReLU activation 

 Max pooling layer 2: pool size 2 
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 Flatten layer 

 Dense layer 1: 64 units, ReLU activation 

 Dropout layer: rate 0.3 

 Dense layer 2: 𝑘  units (latent factor 

dimension), sigmoid activation 

Output: Learned feature vector 𝐟𝑗
deep

∈ ℝ𝑘 

The enhanced prediction becomes: 

𝐽𝑢𝑖
enhanced = 𝐽𝑢𝑖 + 𝛼 ⋅ ⟨𝐟𝑢

deep
, 𝐟𝑖

deep
⟩ (3.8) 

where 𝛼 is a weighting parameter balancing SVD 

and deep learning contributions. 

Online Performance Monitoring and 

Adaptation 

During job execution, actual execution time 𝐸𝑇𝑢 

is measured and compared with prediction: 

𝐸𝑇𝑢𝑖 = 𝐸𝑇𝑢0
′ ⋅ 𝜌(𝑖, ∅) ⋅ 𝑎𝑢𝑖 (3.9) 

where: 

 𝐸𝑇𝑢0
′  is execution time with default 

configuration on sampled dataset 

 𝜌(𝑖, ∅) denotes sampling rate factor 

 𝑎𝑢𝑖 is performance multiplier from similarity 

matrix for job 𝑢 with configuration 𝑖 

Mean Percentage Error (MPE) quantifies 

recommendation accuracy: 

𝑀𝑃𝐸 =
|𝐸𝑇𝑢 − 𝐸𝑇𝑢𝑖|

𝐸𝑇𝑢𝑖
× 100% (3.10) 

If MPE exceeds threshold (10%), similarity 

matrices are updated using accumulated 

performance data. This online adaptation enables 

continuous quality improvement. 

Intelligent Parameter Adjustment Rules 

The framework implements data-driven tuning 

rules for critical Hadoop parameters: 

Rule 1 - Memory Parameter Adjustment: 

If memory utilization exceeds 85% for job 𝑢: 

𝑚𝑎𝑝𝑟𝑒𝑑𝑢𝑐𝑒. 𝑚𝑎𝑝. 𝑚𝑒𝑚𝑜𝑟𝑦. 𝑚𝑏
← 𝑚𝑎𝑝𝑟𝑒𝑑𝑢𝑐𝑒. 𝑚𝑎𝑝. 𝑚𝑒𝑚𝑜𝑟𝑦. 𝑚𝑏 + Δ𝑚 

where Δ𝑚 = 256  MB (one Hadoop block size 

unit). 

If memory utilization falls below 60%: 

𝑚𝑎𝑝𝑟𝑒𝑑𝑢𝑐𝑒. 𝑚𝑎𝑝. 𝑚𝑒𝑚𝑜𝑟𝑦. 𝑚𝑏
← max(𝑚𝑎𝑝𝑟𝑒𝑑𝑢𝑐𝑒. 𝑚𝑎𝑝. 𝑚𝑒𝑚𝑜𝑟𝑦. 𝑚𝑏
− Δ𝑚, 𝑚min) 

Rule 2 - Spill Buffer Adjustment: 

If map task spill count 𝑛𝑠𝑝𝑖𝑙𝑙 > 0  and MPE > 

10%: 

𝑚𝑎𝑝𝑟𝑒𝑑𝑢𝑐𝑒. 𝑡𝑎𝑠𝑘. 𝑖𝑜. 𝑠𝑜𝑟𝑡. 𝑚𝑏
← 𝑚𝑎𝑝𝑟𝑒𝑑𝑢𝑐𝑒. 𝑡𝑎𝑠𝑘. 𝑖𝑜. 𝑠𝑜𝑟𝑡. 𝑚𝑏 + Δ𝑏 

where Δ𝑏  corresponds to 0.5 ×  Hadoop block 

size. 

When 𝑛𝑠𝑝𝑖𝑙𝑙 = 0: 

𝑚𝑎𝑝𝑟𝑒𝑑𝑢𝑐𝑒. 𝑡𝑎𝑠𝑘. 𝑖𝑜. 𝑠𝑜𝑟𝑡. 𝑚𝑏
← 𝑚𝑎𝑝𝑟𝑒𝑑𝑢𝑐𝑒. 𝑡𝑎𝑠𝑘. 𝑖𝑜. 𝑠𝑜𝑟𝑡. 𝑚𝑏 − Δ𝑏 

Rule 3 - Shuffle Buffer Optimization: 

If disk I/O wait time exceeds 20%: 

𝑚𝑎𝑝𝑟𝑒𝑑𝑢𝑐𝑒. 𝑟𝑒𝑑𝑢𝑐𝑒. 𝑠ℎ𝑢𝑓𝑓𝑙𝑒. 𝑖𝑛𝑝𝑢𝑡. 𝑏𝑢𝑓𝑓𝑒𝑟. 𝑝𝑒𝑟𝑐𝑒𝑛𝑡
← 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 + 0.05 

If memory pressure detected: 

𝑚𝑎𝑝𝑟𝑒𝑑𝑢𝑐𝑒. 𝑟𝑒𝑑𝑢𝑐𝑒. 𝑠ℎ𝑢𝑓𝑓𝑙𝑒. 𝑖𝑛𝑝𝑢𝑡. 𝑏𝑢𝑓𝑓𝑒𝑟. 𝑝𝑒𝑟𝑐𝑒𝑛𝑡
← max(𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 − 0.05,0.1) 

Reinforcement Learning for Dynamic 

Adaptation 

For clusters with highly variable resource 

conditions, we implement Q-learning: 

State Space Definition: 

𝑠𝑡

= {𝐶𝑃𝑈𝑡 , 𝑀𝑒𝑚𝑜𝑟𝑦𝑡 , 𝑁𝑒𝑡𝑤𝑜𝑟𝑘𝐵𝑊𝑡 , 𝐷𝑖𝑠𝑘𝐼𝑂𝑡 , 𝐽𝑜𝑏𝑇𝑦𝑝𝑒𝑡} 

Action Space: 

𝒜
= {increase,maintain,decrease}
× {𝑚𝑚𝑎𝑝, 𝑚𝑟𝑒𝑑𝑢𝑐𝑒 , 𝑠𝑜𝑟𝑡_𝑚𝑏, 𝑏𝑢𝑓𝑓𝑒𝑟_𝑝𝑐𝑡} 

Reward Function: 

𝑅𝑡

= {

𝐸𝑇optimal − 𝐸𝑇actual

𝐸𝑇optimal
if 𝐸𝑇actual < 𝐸𝑇predicted

−0.5 otherwise

 

Q-Value Update Rule: 

𝑄(𝑠𝑡, 𝑎𝑡) ← 𝑄(𝑠𝑡 , 𝑎𝑡) + 𝛼[𝑅𝑡

+ 𝛾max
𝑎′

 𝑄(𝑠𝑡+1, 𝑎′)

− 𝑄(𝑠𝑡, 𝑎𝑡)] (3.11) 

where 𝛼 is learning rate and 𝛾 = 0.95 is discount 

factor. 

EXPERIMENTAL RESULTS AND ANALYSIS 

Execution Time Performance Comparison 

We first evaluate execution time improvements across varying dataset sizes: 
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Table 2. Table 1. Execution Time Comparison for Sort Application 

Dataset Default Proposed Optimal Speedup MPE 

Size (GB) (sec/GB) (sec/GB) (sec/GB) Factor (%) 

1 115 85 75 1.35 13.33 

2 110 82 72 1.34 13.89 

4 105 80 70 1.31 14.29 

8 100 78 68 1.28 14.71 

16 98 75 65 1.31 15.38 

Average 105.6 80 70 1.32 14.32 

Key Findings: 

1. The proposed method achieves average 

speedup of 1.32× over default configuration 

2. Average improvement over default: 24.16% 

(ranging from 20.87% to 28.57%) 

3. Average performance gap from optimal: 

14.32% (well within 15% tolerance) 

4. Performance remains consistent across 

dataset sizes, demonstrating scalability 

5. Execution time per GB decreases with larger 

datasets, indicating better cluster utilization 

at scale

Word Count Application Performance 

Table 3: Table 2: Execution Time Comparison for WordCount Application 

Dataset Size Default Proposed Speedup MPE 

(GB) (sec/GB) (sec/GB) Factor (%) 

1 125 92 1.36 11.95 

2 118 89 1.33 12.36 

4 112 86 1.30 13.05 

8 108 84 1.29 13.82 

16 104 81 1.28 14.74 

Average 113.4 86.4 1.31 13.18 

Observations: 

 WordCount demonstrates lower absolute 

execution times (primarily CPU-bound) 

 Speedup improvement (1.31×) comparable 

to Sort application 

 MPE slightly lower (13.18% vs 14.32%), 

indicating better recommendation quality for 

CPU-intensive jobs 

 Performance variation across dataset sizes 

minimal, suggesting robust 

recommendations 

Parameter Sensitivity Analysis 

Analysis of individual parameter impacts on overall performance: 

Table 4: Table 3: Parameter Sensitivity Analysis and Optimization Priority 

Parameter Name Performance Score Sensitivity Opt. Level 

map.memory.mb 92 High Critical 

reduce.memory.mb 88 High Critical 

io.sort.mb 85 Medium Important 

spill.percent 79 Low Moderate 

reduce.buffer.percent 83 Medium Important 

shuffle.buffer.percent 81 Medium Important 

parallel.copies 76 Low Moderate 

merge.factor 74 Low Moderate 

Analysis: Memory-related parameters 

(map.memory.mb, reduce.memory.mb) 

demonstrate highest sensitivity with 92 and 88 

performance scores respectively, indicating these 
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are priority tuning targets. I/O parameters show 

moderate sensitivity, while parallelization 

parameters show lower sensitivity, suggesting 

custom tuning may yield marginal benefits. 

Memory Utilization Impact 

Table 5: Table 4: Memory Utilization Before and After Parameter Tuning 

Dataset Size Memory Before Memory After Improvement 

(GB) Tuning (%) Tuning (%) (%) 

1 85 72 13.0 

2 82 75 7.0 

4 88 78 10.0 

8 90 80 10.0 

16 92 85 7.0 

Average 87.4 78.0 9.4 

Key Insight: Average memory utilization 

reduction of 9.4% demonstrates efficient 

resource allocation. Higher improvements on 

smaller datasets (13%) suggest that memory 

optimization has greater relative impact on 

resource-constrained environments. 

SVD Matrix Reconstruction Error 

The collaborative filtering component's quality is measured through matrix reconstruction error across 

iterations: 

Table 6: Table 5: SVD Matrix Reconstruction Error Convergence 

Iteration 1-10 11-20 21-30 31-50 

Avg. Error (%) 68.3 42.1 18.5 4.7 

Convergence Rate Fast Moderate Slow Plateau 

The exponential decay of reconstruction error 

with iterations demonstrates rapid convergence, 

with 95% of improvement achieved within first 

30 iterations. 

Recommendation Quality Improvement with Deep Learning 

Augmenting SVD with deep-learned job features: 

Table 7: Table 6: Impact of Deep Learning Components on Recommendation Quality 

Approach MPE (%) Accuracy Rank Overhead (ms) 

SVD Only 18.6 - 45 

SVD + CNN Features 15.2 +18.3% 89 

SVD + CNN + RNN 13.8 +25.8% 134 

Deep learning augmentation improves 

recommendation accuracy by 25.8% (from 

18.6% to 13.8% MPE) at cost of 134ms 

additional overhead per recommendation. 

Recommendation Time Efficiency 

Comparison of configuration recommendation overhead: 

Table 8: Table 7: Configuration Recommendation Time Comparison 

Method Recommendation Time (sec) % of Job Time Speedup 

Exhaustive Search (Optimal) 180-240 28-35% 1.0× 

ParamILS (if available) 120-150 18-22% 1.2-1.5× 

Proposed Approach 18-24 2.7-3.5% 7.5-10× 

Random Selection 2 0.3% 90-120× 
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Critical Finding:  

Proposed method achieves 7.5-10× faster 

recommendation generation than exhaustive 

search while maintaining near-optimal 

performance, reducing overhead from 28-35% to 

only 2.7-3.5% of job execution time.

Reinforcement Learning Adaptation Performance 

Q-learning-based dynamic adaptation for cluster resource variations: 

Table 9: Table 8: RL-Based Adaptation Under Resource Constraints 

Cluster Condition Static Config RL-Adapted 

Normal Load (baseline) 80 sec/GB 80 sec/GB 

High CPU Load (+60%) 96 sec/GB 84 sec/GB (-12.5%) 

High Memory Pressure (+40%) 105 sec/GB 88 sec/GB (-16.2%) 

Network Bottleneck (-30% BW) 112 sec/GB 92 sec/GB (-17.9%) 

Reinforcement learning adaptation significantly 

improves performance under constrained cluster 

conditions, achieving 12-18% additional speedup 

over static SVD recommendations. 

Comparative Performance Summary 

Comprehensive performance summary across all metrics: 

Table 10: Table 9: Comprehensive Performance Comparison 

Metric Default Proposed Improvement 

Execution Time/GB 105.6 sec 80.0 sec 24.2% 

Memory Utilization 87.4% 78.0% 10.8% 

Recommendation Time 180 sec 21 sec 88.3% 

Configuration Quality (MPE) N/A 14.32% Near-optimal 

Speedup vs Default 1.0× 1.32× 32% improvement 

CONCLUSION 

This work introduces an intelligent machine 

learning–driven framework for automatically 

tuning configuration parameters in large-scale 

data processing systems such as Hadoop and 

Spark. By combining collaborative filtering 

based on singular value decomposition, deep 

neural feature learning, and reinforcement 

learning–based adaptation, the proposed method 

is able to generate near-optimal configuration 

settings while incurring only minimal 

computational cost. 

The experimental results demonstrate several key 

outcomes. The system achieves a 24.2% 

improvement in performance compared with 

default Hadoop settings across a variety of 

workloads. The average deviation from the 

optimal configuration is limited to 14.32%, 

which lies well within acceptable practical 

bounds. Recommendation overhead is 

significantly reduced, dropping from 28–35% of 

job execution time to only 2.7–3.5%. In addition, 

memory utilization is improved by 10.8% 

through more efficient parameter allocation. The 

framework also scales effectively across 

different cluster sizes and workload types, and it 

can dynamically adjust to changing resource 

conditions through reinforcement learning. 

By addressing the major shortcomings of existing 

auto-tuning approaches, the proposed solution 

delivers fast and accurate configuration 

recommendations without the need for extensive 

profiling. The hybrid integration of SVD-based 

collaborative filtering, deep learning, and 

reinforcement learning allows the system to 

manage the complexity of parameter 

optimization while remaining computationally 

efficient. 

Future work will focus on extending the 

framework to heterogeneous clusters with varied 

hardware, incorporating transfer learning to 

support rapid adaptation to new application 

types, developing federated learning strategies 

for multi-cluster environments, designing 

explainable interfaces to assist system 

administrators, and expanding the model to 

handle multi-objective optimization. Overall, this 

framework offers a practical and effective 

approach for optimizing big data platforms, 

enabling improved resource utilization and 

performance without the burden of manual 

tuning or excessive overhead. 
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