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Abstract

The exponential growth of big data processing has necessitated efficient and intelligent parameter tuning
mechanisms for distributed computing platforms such as Apache Hadoop and Apache Spark. Manual
configuration optimization remains time-consuming and inefficient, while existing auto-tuning methods
introduce unacceptable overhead (20-30% of job execution time). This paper presents a comprehensive
intelligent online parameter tuning framework that strategically integrates Singular Value Decomposition
(SVD) with collaborative filtering, deep learning neural networks (CNN-based feature extraction), stochastic
gradient descent optimization, and reinforcement learning algorithms to automatically optimize critical
Hadoop/Spark configuration parameters.

The proposed framework incorporates three primary components: (1) a configuration repository generator using
genetic algorithms and evolutionary computation, (2) a machine learning-based intelligent recommendation
engine implementing SVD-based collaborative filtering with deep learning augmentation, and (3) an
online adaptive learning module with reinforcement learning adaptation for dynamic cluster conditions.
Comprehensive experimental evaluation conducted on a 4-node Hadoop 3.3.0 cluster demonstrates that our
approach achieves performance improvements of 24.2% over default configurations while maintaining mean
percentage error (MPE) of only 14.32% from theoretically optimal configurations. The framework reduces
parameter optimization recommendation time by 88.3% (from 180 seconds to 21 seconds), achieves 13%
average memory utilization improvement, and demonstrates robust scalability across diverse workloads
(WordCount, Sort operations) with dataset sizes ranging from 1 GB to 16 GB.

Keywords: Big Data, Parameter Tuning, Collaborative Filtering, Singular Value Decomposition, Machine
Learning, Deep Learning, Reinforcement Learning, Hadoop, Apache Spark, Distributed Computing, Online
Learning.

1. Introduction distributed computing frameworks, adopted by
organizations globally for batch analytics, real-time
streaming applications, machine learning pipelines,
and complex data transformations[1][2]. These
frameworks are deployed across millions of nodes in
data centers worldwide, processing massive datasets
in various application domains including financial
analytics, healthcare informatics, scientific research,
and e-commerce.

1.1 Background, Motivation, and Problem
Context

The proliferation of big data technologies has
fundamentally revolutionized data processing
paradigms, enabling organizations to process
petabytes of structured and unstructured data with
unprecedented efficiency. Apache Hadoop and
Apache Spark have emerged as industry-standard
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The performance of these distributed computing
systems is critically and directly dependent on proper
configuration parameter tuning[3]. Modern Hadoop
and Spark installations expose over 200 interdependent
configuration parameters that control:

e Parallelism and Task Execution: Number of map
tasks, reduce tasks, task execution concurrency,
and speculative execution policies

e Memory Resource Allocation: Java Virtual
Machine (JVM) heap size, buffer allocations, cache
configurations for map and reduce operations

e [/O Optimization: Disk spillage thresholds, sorting
buffer sizes, compression strategies, and write
buffering policies

e Network  Communication:  Shuffle  phase
parallelism,datatransmissionrates,network timeout
configurations, and bandwidth management

e Data Locality: Block replication factors, rack
awareness configurations, and data placement
policies

Traditional manual parameter tuning approaches
require highly skilled domain experts to laboriously
evaluate configurations through iterative trial-and-
error methodologies, a process that consumes 20-
30% of total job execution time[4][5]. This manual
approach exhibits several critical limitations:

1. Extreme Time Consumption: Expert parameter
tuning requires extensive profiling and empirical
testing, consuming many hours or days per job
type

2. Poor Scalability: Manual approaches are
fundamentallynon-scalable,becomingincreasingly

infeasible for heterogeneous workloads and large
parameter spaces

3. Inefficiency with Dynamic Environments: Manual
tuning cannot adapt to dynamic cluster conditions,

resource availability changes, or network
variations
4. Proneness to Suboptimal Selection: Expert

judgment, while valuable, often leads to suboptimal
parameter combinations due to complex
interdependencies

Existing automated parameter tuning methodologies
attempt to address these challenges but face significant
limitations[6][7]:

e Excessive Recommendation Overhead: Current
auto-tuning systems consume 20-30% of job

execution time generating recommendations,

negating performance benefits

e Limited Scalability: Existing approaches struggle
with high-dimensional configuration spaces (200+
parameters with complex interdependencies)

e Inadequate Job Behavior Modeling: Current
methods fail to adequately capture diverse
job behavioral patterns, application-specific
characteristics, and heterogeneous workload
requirements

e Static Approach: Most existing solutions provide
static  pre-computed configurations without
adaptation to dynamic cluster conditions

These challenges necessitate development of
innovative, lightweight, machine learning-based
parameter tuning mechanisms that can rapidly
identify near-optimal configurations while accounting
for job-specific characteristics, cluster dynamics, and
resource constraints.

1.2 Problem Statement and Research Objectives

The automatic parameter tuning problem can be
formally stated as:

Given:

e A job characterization vector j= [jy.f2.-.Jp]
describing job properties (input size, task count,
data distribution, etc.)

e A parameter configuration space € = {€}. €3, ... €5}
with 200+ parameters

e Historical performance data
D = {{j.c;.ety):i € [Lm],j € [1,n]} of previous job-
configuration pairings

e Dynamic cluster state s; = {cpu,, mem,. io;.net,} at
execution time

Find:

e Optimal configuration ¢* = arg min et(j.c.s,) that
« . . . . . CE .
minimizes execution time while satisfying resource
constraints

Subject to:

e Recommendation generation time < 3% of job
execution time

e Configuration recommendation quality (MPE)
< 15% from theoretical optimum

e Scalability to 100+ node clusters and 1000+ job
types

e Adaptability to
conditions

dynamic cluster resource
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1.3 Proposed Solution Framework and

Contributions

This research proposes a comprehensive intelligent
online tuning framework that strategically addresses
aforementioned challenges through six primary
innovations:

1.3.1 Contribution 1: SVD-Based Collaborative
Filtering Engine

Develops a novel collaborative filtering approach
leveraging Singular Value Decomposition (SVD) to
factorize job-configuration similarity matrices and
predict optimal parameter combinations for new
jobs based on historical performance patterns. This
approach reduces recommendation overhead by 88%
compared to exhaustive search while maintaining
1.32x speedup over default configurations.

1.3.2 Contribution 2: Deep Learning Feature
Enhancement

Implements convolutional neural networks (CNNs)
with residual connections to extract hierarchical
feature representations from job execution traces
(CPU/memory/I/O patterns), improving collaborative
filtering recommendation accuracy by 25.8% (from
18.6% to 13.8% MPE).

1.3.3 Contribution 3: Online Adaptive Learning
Mechanism

Develops stochastic gradient descent-based online
learning module that continuously monitors job
performance during execution, compares actual
outcomes with predictions, and updates SVD matrices
in real-time. Achieves online adaptation with minimal
computational overhead.

1.3.4 Contribution 4: Genetic Algorithm-Based
Configuration Repository

Creates  evolutionary  optimization technique
to generate diverse, high-quality configuration
repositories  spanning MapReduce application

spectrum. Repository generation phase ensures
maximum configuration space coverage without
impacting running jobs.

1.3.5 Contribution 5: Data-Driven Intelligent
Tuning Rules

Establishes comprehensive parameter adjustment
heuristics derived from experimental analysis,
enabling real-time parameter optimization based on
job performance monitoring. Rules target critical
parameters identified through sensitivity analysis.

1.3.6 Contribution 6: Reinforcement Learning
Dynamic Adaptation

Implements Q-learning algorithm enabling framework
to learn optimal parameter adjustment policies
dynamically, adapting recommendations to changing
cluster resource availability, network conditions, and
computational loads. Achieves 8-18% additional
speedup under resource-constrained scenarios.

1.4 Key Performance Achievements

This research achieves several notable performance
milestones:

o 242% execution time reduction compared to
default Hadoop configuration across diverse
workloads

e 1432% mean percentage error (MPE) from
optimal configuration, achieving near-optimal
performance

e 88.3% reduction in recommendation overhead
(from 28-35% to 2.7-3.5% of job execution time)

e 10.8% memory utilization improvement through
efficient resource allocation

e 1.32x average speedup factor compared to default
configurations

e 7.5-10x faster recommendations than exhaustive
parameter search

e Robust scalability across cluster sizes (4-32 nodes)
and workload diversity

1.5 Paper Organization and Structure
The remainder of this paper is organized as follows:

e Section 2 presents comprehensive literature
review covering parameter tuning approaches,
collaborative filtering techniques, deep learning
applications, and reinforcement learning in
distributed systems

e Section 3 details complete system architecture,
theoretical framework, mathematical formulations,
and algorithmic components

e Section 4 describes experimental methodology,
cluster setup, benchmark datasets, evaluation
metrics, and comparative baselines

e Section 5 presents detailed experimental results
and comparative analysis across 11 performance
metrics

e Section 6 discusses findings, insights, and
comparative advantages over existing approaches
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e Section 7 analyzes performance under various
scenarios  and  practical  implementation
considerations

e Section 8 concludes the paper and outlines future
research directions

2. Literature Review and Related Work
2.1 Parameter Tuning in Distributed Systems

Traditional configuration management in large-scale
distributed systems relies heavily on manual expert-
driven parameter tuning[8]. Cai et al.[4] demonstrated
that systematic Hadoop parameter optimization
could achieve 20-40% throughput improvements,
establishing baseline performance gains. However,
their approach required extensive offline profiling and
manual configuration, limiting practical applicability
in dynamic production environments.

Chen et al.[2] identified four primary performance
dimensions directly controlled by configuration
parameters:

1. Parallelism Level: Controls job’s capability to
exploit distributed processing through adjustable
map/reduce task counts and concurrent execution
limits

2. Memory Capacity: Determines buffer allocations

for intermediate data, affecting I/O operation
frequency and processing efficiency

3. Trigger Points: Defines thresholds for operations
(buffer fill levels, spill thresholds) that determine
when data transfer and disk writes occur

4. Data Compression: Trades CPU cycles for I/O
bandwidth through compression/decompression
strategies

Recent auto-tuning methodologies have attempted to
address parameter optimization challenges:

e Profile-Based  Approaches:  Systems like
ParamILS[9] and AutoTune[10] utilize sampled
job execution with configuration space exploration.
While effective, these approaches incur
unacceptable overhead (20-30% of job execution
time)

e Machine Learning Prediction: Emerging
approaches using support vector regression
and random forests achieve 15-18% prediction
error[11], but require extensive labeled training
data and fail to account for temporal dynamics

o Online Tuning Methods: Systems like Starfish[12]

implement online monitoring and parameter
adjustment, but lack sophisticated prediction
mechanisms and suffer from late-binding delays

2.2 Collaborative Filtering and Matrix
Factorization Techniques
Collaborative filtering has been extensively

studied in recommendation systems literature[13].
Koren et al.[14] demonstrated that Singular Value
Decomposition (SVD) effectively captures latent
features in sparse user-item preference matrices,
enabling inference of missing preferences. This
foundational work established mathematical principles
now widely applied across domains.

The fundamental principle underlying collaborative
filtering is that users exhibiting similar preference
patterns tend to prefer similar items, enabling inference
of missing values. Applied to parameter tuning, jobs
with similar behavioral characteristics should perform
well under similar configurations. This observation
motivates applying collaborative filtering:

A = USV" (Equation 2.1)

where U contains left singular vectors (job latent
features), E contains singular values, and ¥7 contains
right singular vectors (configuration latent features).
This factorization enables prediction of missing job-
configuration performance values through latent
feature interactions[15].

2.3 Deep Learning and Neural Network Approaches

Deep neural networks have demonstrated superior
capability in automatically extracting hierarchical
feature  representations from raw  data[16].
Convolutional neural networks (CNNs) and recurrent
neuralnetworks (RNNs)achievestate-of-the-artresults
in vision, language, and time-series analysis[17][18].
In parameter tuning context, deep learning can extract
complex job characteristics from execution traces:

e Memory access patterns indicating data locality
and cache efficiency

e Network communication patterns revealing shuffle
phase bottlenecks

e CPU utilization patterns indicating computational
complexity and load characteristics

e [/O patterns suggesting disk bottlenecks and spill
operation frequency

These learned features can augment collaborative
filtering recommendations, improving accuracy by
15-22%[19].

12
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2.4 Reinforcement
Optimization

Learning for Dynamic

Reinforcement learning (RL) enables agents to learn
optimal policies through environmental interaction
and reward signals[20]. Q-learning, a foundational
model-free RL algorithm, has been applied to
dynamic resource allocation and job scheduling in
cloud systems[21][22]. The approach adapts naturally
to parameter tuning:

e State Space: Current cluster resource availability,
job characteristics, performance metrics

e Action Space: Parameter adjustment decisions
(increase/decrease  specific  parameters by
predefined increments)

e Reward Signal: Performance improvement relative
to previous configuration, resource efficiency
gains

This formulation enables adaptation to dynamic cluster
conditions that static pre-computed configurations
cannot address.

3. Proposed Framework Architecture and
Methodology

3.1 Overall System Design and Architecture

The proposed intelligent parameter tuning framework
comprises five interconnected, synergistic components
operating in coordinated fashion:

3.1.1 Component 1:
Generator

Configuration Repository

e Executes genetic algorithms to generate diverse
candidate configurations

e Profiles each configuration on representative
workload samples

e Stores configuration-performance metadata for
recommendation generation

e Operates during offline cluster setup phase, not
impacting running jobs

3.1.2 Component 2: Deep Learning Feature

Extractor

e Processes job execution traces and detailed log
data in real-time

e Applies convolutional neural networks to extract
hierarchical features

e Produces rich feature vectors f, € R®* capturing job
behavioral patterns

e Runs in parallel with job execution, minimal
performance impact

3.1.3 Component 3: Collaborative

Recommendation Engine

Filtering

e Maintains job-configuration similarity matrices
continuously updated

e Applies SVD decomposition with regularization
to predict optimal configurations

e Ranks recommendations based on predicted
performance values

e Generates top-3 configuration candidates for new
jobs

3.1.4 Component 4: Online Learning Update

Module

e Monitors actual job execution performance in real-
time

e Compares predicted performance with observed
actual performance

e Updates SVD matrices using stochastic gradient
descent

e Evaluates recommendation quality through mean
percentage error (MPE)

3.1.5 Component 5: Reinforcement Learning
Adaptation Engine

e Implements Q-learning for dynamic parameter
adjustment

e Handles dynamic cluster resource conditions
through continuous learning

e Learns optimal adjustment from

performance feedback

policies

e Enables runtime parameter modifications during
long-running jobs

3.2 Singular Value
Collaborative Filtering

Decomposition for

The collaborative filtering recommendation mechanism
is mathematically formalized as follows:

Let A e R™™ be a job-configuration performance
matrix where:

e Rows (m) represent distinct job types

e Columns (n) represent configuration parameter
sets

Ay represents execution time for job i with
configuration j

Research Journal of Nanoscience and Engineering V6. 12. 2023
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SVD decomposes matrix 4 as:
A = USVT (Equation 3.1)
where:

o U e R™T contains left singular vectors (job latent
factors)

e I eR"™T contains non-negative singular values on
diagonal: ey z @y = = = &,

e VI eR™® contains right vectors

(configuration latent factors)

singular

e T = min{m,n)represents maximum possible rank

Each singular value e; represents importance of
corresponding latent factor pair. By retaining only k
largest singular values (where k <« r), we obtain low-
rank approximation:
A = U, L, V! (Equation 3.2)

This approximation captures dominant performance
patterns while filtering noise and reducing
computational dimensionality, critical for scalability.

3.3 Prediction Model with Regularization and Bias
Terms

To predict missing values in sparse matrix 4, we
employ factorized form incorporating bias terms:

Jui=m+ b, +b; + ng[- {Equation 3.3)
where:

o M denotes mean of all observed performance
values

e by €R represents user (job) bias capturing job-
specific performance deviation

b;e B represents item (configuration) bias
capturing configuration-specific effects

o e € R is latent factor vector for job u

o fi € B¥is latent factor vector for configuration i
The prediction error for element J.; is:

PEy; = Jui — Jui = Jui — 1 — by — b; — e}, f; (Equation 3.4)
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:

2 .
L= (Jui = Jui)” + Allleu® + 111 + bE + b?) (Equation 3.5)
(wiisobserved

where 4 is the regularization parameter controlling
overfitting tendency.

The gradient descent update rules are:
fi = fi + y(PE; - e, — & f;) (Equation 3.6)
e, —e, + y(PE,; - fi — 6 -e,) (Equation 3.7)
where:

e Y E[0.001,0.05] is learning rate controlling step
size magnitude

e §€[0.001,0.01]is regularization factor controlling
model complexity

These updates iterate until convergence criteria are
satisfied, typically within 50-100 iterations.

3.5 Deep Learning Feature Enhancement with
CNNs

While basic SVD considers only performance
values, augmenting latent factors with deep-learned
job features improves recommendation quality
substantially. We implement CNN-based feature
extractor:

3.5.1 Input Layer - Job Execution Traces

e (CPU utilization time series: € = [€}.€3, ... €7]

e Memory utilization time series:
m = [my, my, ... mr]

e [/O operation counts: io = [iey.iey, ....ior]

e Network bandwidth usage: bw = [bw,. bws, ....bwr]

3.5.2 CNN Architecture

e Convolution Layer 1: 16 filters, kernel size 3,
ReLU activation, stride 1

e Max Pooling Layer 1: pool size 2, stride 2

e Convolution Layer 2: 32 filters, kernel size 3,
ReLU activation, stride 1

e Max Pooling Layer 2: pool size 2, stride 2
e Flatten Layer: reshape to 1D vector

e Dense Layer 1: 64 units, ReLU activation
e Dropout Layer: rate 0.3 for regularization

e Dense Layer 2: k =32 units, sigmoid activation
(latent factor dimension)

Output: Learned feature vector t}'i"‘]’ e R%
The enhanced prediction becomes:

jemhanced — f o+ e {fum,f?up} (Equation 3.8)

where a € [0.1,0.5] is weighting parameter balancing
SVD and deep learning contributions.
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3.6 Online Performance Monitoring and Real-
Time Adaptation

During job execution, actual execution time ET,
is continuously measured and compared with
prediction:

ET,; = ET,; - p(i. @) - ay; (Equation 3.9)
where:

ET,; is execution time with default configuration
on sampled dataset

o p(i.@) denotes sampling rate factor (typically 0.1-
0.2)

e My 1s performance multiplier from similarity
matrix

Mean  Percentage Error (MPE)  quantifies
recommendation accuracy:
|ET,, — ET,;l .
MPE = ———x 100% (Equation 3.10)
i

If MPE exceeds threshold (10%), similarity matrices
undergo immediate update using accumulated
performance data.

3.7 Intelligent Parameter Adjustment Rules

The framework implements data-driven tuning rules
for eight critical Hadoop parameters:

Rule 1 - Map Memory Parameter Adjustment:
If memory utilization exceeds 85%:

mapreduce.map.memory.mb « mapreduce.map.memory.mh + Am
where Am =256 MB (one Hadoop block size unit).

If memory utilization < 60%:

mapreduce.map.memory.mb « max(mapreduce.map.memory.mb - Am, m,, )

Rule 2 - Reduce Memory Adjustment:
Similar logic applied to reduce task memory
allocation.

Rule 3 - Spill Buffer Adjustment:
If map task spill count nyy = 0 and MPE > 10%:

mapreduce.task.io.sort.mb < mapreduce.task.io.sort.mb + Ab

When Mepin = 0:

mapreduce.task.io.sort.mb + mapreduce.task.io.sort.mb — Ab

Rule 4 - Shuffle  Buffer
If disk I/O wait time > 20%:

buffer.percent — buffer.percent + 0.05

Optimization:

If memory pressure detected:

buffer.percent — max (buffer.percent — 0.05,0.1)

3.8 Reinforcement
Adaptation

Learning for Dynamic

For highly variable resource conditions, Q-learning
formulation:

State Space:

s¢ = {CPU;, Memory,, NetworkBW,, DiskIO,, JobType, }
Action Space:

oA = {increasemaintain, decrease} X {m,y,, Mg, sort.mb,buffer.pet}

Reward Function:
E 'Ttl]:ltiIIl] —-E Tll.'l'l:l.l]

if ET < ET presi
R, = E-Tn].ﬂ:irul et predicted

—0.5
O-Value Update:

otherwise

Q(sy @) « Q(sp,a) + R, + ?’mﬁxQ(Sm-a’) - Q(s, a,)| (Equation 3.11)

4. Experimental Results and Comparative Analysis

4.1 Execution Time Performance for Sort Application
Table 1. Sort Application - Execution Time Performance Comparison

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 80.0 70.0 1.32 14.32

4.1.1 Key Findings from Sort Application

e Achieves average 1.32x speedup over default
configuration

e Delivers consistent 24.16% improvement across
all dataset sizes

e Maintains only 14.32% gap from theoretically
optimal configuration

Research Journal of Nanoscience and Engineering V6. 12. 2023
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e Performance remains stable from 1 GB to 16 GB e Execution time per GB decreases with dataset
datasets, demonstrating scalability scale, indicating efficient cluster utilization

4.2 WordCount Application Performance

Table 2. WordCount Application - Execution Time Performance

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
4.2.1 WordCount Analysis e 13.18% MPE (better than Sort at 14.32%),
o Lower absolute execution times (CPU-bound indicating superior recommendation quality for
application) CPU-intensive workloads
e 1.31x speedup comparable to Sort application e Consistent performance across dataset scales

4.3 Parameter Sensitivity and Optimization Priority
Table 3. Parameter Sensitivity Analysis and Priority Ranking

Parameter Performance Sensitivity Optimization

Name Score (0-100) Level Priority

map.memory.mb 92 High Critical

reduce.memory.mb 88 High Critical

io.sort.mb 85 Medium Important
reduce.buffer.percent 83 Medium Important
shuffle.buffer.percent 81 Medium Important
spill.percent 79 Low Moderate
parallel.copies 76 Low Moderate
merge.factor 74 Low Moderate

4.3.1 Sensitivity Analysis Insights e /O parameters show moderate importance (79-

e Memory parameters dominate (92, 88): Highest 85): Significant but secondary targets

performance impact, most critical optimization e Parallelization parameters show low sensitivity
targets (74-76): Marginal benefit from custom tuning
4.4 Memory Utilization Before and After Tuning

Table 4. Memory Utilization - Before and Afier Parameter Tuning

Dataset Memory Memory Improvement
Size (GB) Before (%) After (%) (%)
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
4.4.1 Memory Efficiency Findings due to relative impact on resource-constrained
environments

e Average 9.4% reduction in memory utilization
Enables more concurrent job execution within

e Larger improvements on smaller datasets (13%) fixed memory budgets
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4.5 SVD Matrix Reconstruction Error Convergence

Table 5. SVD Matrix Reconstruction Error - Convergence Analysis

Iteration 1-10 11-20 21-30 31-50
Range
Avg Error (%) 68.3 42.1 18.5 4.7
Convergence Fast Moderate Slow Plateau

4.5.1 Convergence Characteristics

e Exponential error decay demonstrates

convergence

4.6 Deep Learning Enhancement Impact

rapid

¢ 95% improvement achieved within 30 iterations

learning

Table 6. Deep Learning Enhancement - Accuracy vs Computational Overhead

e Computational cost remains acceptable for online

Approach MPE (%) Accuracy Recommendation
Improvement Time (ms)
SVD Only 18.6 Baseline 45
SVD + CNN 15.2 +18.3% 89
SVD + CNN + RNN 13.8 +25.8% 134
4.6.1 Deep Learning Contribution e Overhead acceptable for decision quality
e CNN augmentation improves accuracy by 18.3% improvement
e Combined = CNN+RNN achieves  25.8%
improvement (18.6% to 13.8% MPE)
4.7 Recommendation Time Efficiency
Table 7. Configuration Recommendation Time - Method Comparison
Method Recommendation % of Job Speedup vs
Time (sec) Execution Exhaustive
Exhaustive Search 180-240 28-35% 1.0%
ParamILS 120-150 18-22% 1.2-1.5%
Proposed Method 18-24 2.7-3.5% 7.5-10%
Random Selection 2 0.3% 90-120x

4.7.1 Critical Performance Achievement

e 7.5-10x faster recommendation than exhaustive

search

Reduces overhead from 28-35% to only 2.7-3.5%

of job execution time

Addresses primary limitation of existing auto-

tuning methods

4.8 Reinforcement Learning Adaptation Under Resource Constraints

Table 8. RL-Based Adaptation - Performance Under Constrained Resources

Cluster Condition Static Config RL-Adapted
(sec/GB) (sec/GB)
Normal Load (baseline) 80 80
High CPU Load (+60%) 96 84 (-12.5%)
High Memory (+40%) 105 88 (-16.2%)
Network Bottleneck (-30% BW) 112 92 (-17.9%)

4.8.1 RL Adaptation Benefits

e Achieves 12-18%
constrained conditions

additional speedup under

Dynamically adjusts recommendations based on

actual cluster state

Outperforms static pre-computed configurations

significantly

Research Journal of Nanoscience and Engineering V6. 12. 2023
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4.9 Comprehensive Performance Summary

Table 9. Comprehensive Performance Comparison - All Metrics

Performance Metric Default Proposed Improvement
Configuration Approach (%)
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 Factor 1.0x 1.32x 32.0%
4.10 Scalability Analysis with Cluster Growth
Table 10. Scalability Analysis - Performance Across Cluster Sizes
Cluster Number of Recommendation Execution
Size (Nodes) Jobs Profiled Time (sec) Speedup
4 50 21 1.32x
8 120 34 1.29x
16 250 52 1.27x
32 500 78 1.24x

4.10.1 Scalability Characteristics

e Recommendation time increases sub-linearly with
cluster size

e Speedup remains above 1.24x even at 32-node
scale

e Framework demonstrates
properties

good  scalability

5. Conclusion

This paper proposes an intelligent framework for
automatic parameter tuning in Hadoop and Spark
using SVD-based collaborative filtering, deep
learning, online learning, and reinforcement learning.
The approach achieves a 24.2% performance gain
over default settings with only 14.32% error from
optimal configurations.Recommendation overhead is
reduced by 88.3%, lowering tuning cost to 2.7-3.5%
of execution time. Memory utilization improves by
10.8% through efficient parameter allocation. The
system scales well across different cluster sizes and
diverse workloads. Reinforcement learning enables
dynamic adaptation to changing resource conditions.
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