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Abstract— Modern software systems rely heavily on data
structures whose performance depends on workload
characteristics. Traditional approaches statically select a
single data structure, leading to suboptimal performance
under dynamic workloads. This paper proposes a self-
learning runtime engine that dynamically selects optimal data
structures based on observed workload patterns using
machine learning techniques. The proposed system integrates
workload monitoring, feature extraction, and a decision tree-
based selector to predict optimal data structures during
execution. Experimental results demonstrate that the system
achieves approximately 80% decision accuracy and operates
within 3-10% of optimal performance for search-intensive
workloads. Additionally, the system shows performance
improvements in selected scenarios, validating the
effectiveness of adaptive data structure selection.

Keywords— Adaptive Systems, Data Structures, Machine
Learning, Runtime Optimization

I. INTRODUCTION

Efficient data structure selection is fundamental to
achieving optimal system performance. Classical
approaches to data structures and algorithm design are well
established in literature [1],[2]. However, these approaches
assume relatively stable workload characteristics, which
may not hold good in modern applications.

Recent advancements in distributed systems and large-
scale data processing frameworks, such as MapReduce and
Apache Spark [3],[9], highlight the importance of adapting
system behaviour dynamically to workload patterns.
Similarly, research in self-managing and self-tuning systems
has demonstrated that intelligent runtime adaptation can
significantly improve performance [4].

In this context, static selection of data structures becomes
a limiting factor. This paper proposes a self-learning
runtime engine that dynamically selects optimal data
structures during execution using machine learning
techniques. The system leverages workload monitoring and
predictive modelling to approximate optimal decisions
without prior knowledge of workload characteristics.

Adaptive and self-optimizing systems have been widely
studied in the fields of databases, distributed systems, and
runtime optimization [6].
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Traditional algorithmic foundations for data structures
are extensively documented in classical literatures. These
works provide theoretical analysis of static data structure
performance but do not address dynamic runtime
adaptation.

Modern large-scale systems increasingly rely on adaptive
execution models [8]. Dean and Ghemawat introduced the
MapReduce programming framework for scalable
distributed computation, while Zaharia et al. proposed
Apache Spark as a unified engine for large-scale data
processing. These systems emphasize workload-aware
optimization and dynamic execution strategies.

Research in self-managing and self-tuning systems has
demonstrated the benefits of runtime adaptation. Das et al.
discussed the evolution of self-tuning database systems
capable of adjusting configurations automatically to
improve performance. Similarly, Hellerstein proposed a
control-theoretic foundation for self-managing systems,
highlighting  the  importance of  feedback-driven
optimization.

Machine learning techniques have also been increasingly
applied to systems optimization. Quinlan’s work on decision
trees established the foundation for interpretable
classification models, which are suitable for low-overhead
runtime decisions. Pavlo et al. further extended adaptive
optimization concepts through self-driving database systems
capable of autonomously selecting execution strategies [10].

While prior research has explored adaptive databases and
self-tuning systems, comparatively little work has focused
specifically on adaptive data structure selection during
runtime. Existing systems generally optimize queries,
scheduling, or resource allocation rather than dynamically
switching internal data representations [7],[11].

Based on the literature survey, the major research gaps
identified are listed below:

. Dependency on Static Data Structure during
variant runtimes

e Inability to handle workload pattern transitions
without performance degradation

e Lack of adaptability and efficient resource
utilization
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e  Conventional systems are optimized primarily for Incoming
databases and not data structures pierkload
e  Absence of adaptive frameworks generalized for
heterogeneous working environments
e  Lack of scalable and self-optimizing opportunities.

In order to provide an effective solution, the proposed workload
work differs from previous approaches by integrating:
e  Runtime workload monitoring
e  Machine learning-based structure prediction
e  Adaptive structure migration Feature
e  Comparative benchmarking against static baselines BREHe
This enables the development of a lightweight self-
learning runtime engine capable of approximating optimal
data structure behaviour dynamically.
Machine Learning
Selector
II. PROPOSED SYSTEM
The propo.sed system 1nt§grates popcepts from adgptlve Runtime Faadback
systems and intelligent runtime optimization. It consists of
the following components:
) Runtime
° Workload Monitor Engine
e  Machine Learning Selector
e  Structure Migrator
e  Runtime Engine
The overall architecture of the proposed adaptive runtime Sﬁf;’f;iﬁ?
engine is shown in Figure 1.
Active Data
Structure

Fig. 1. Architecture of the proposed self-learning runtime engine.
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A. Feature Extraction

Workload behaviour is represented using normalized
ratios of operations such as insert, delete, read, and search.
These features are widely used in performance modelling
and adaptive systems to capture runtime behaviour
effectively [20].

B. Machine Learning Model

The system employs a Decision Tree Classifier for
predicting the optimal data structure. Decision trees are
well-established classification models known for their
interpretability and efficiency [5]. They provide low-
latency predictions, making them suitable for runtime
decision-making scenarios

C. Optimization Techniques
To reduce runtime overhead, the system incorporates:

. Sampling-based monitoring
. Cached feature computation
. Hybrid rule-based and machine learning decisions

These techniques are inspired by optimization strategies
used in self-tuning systems and database engines [13],[14].

A coherent working of all the modules is ensured, where
the execution behaviour is captured by the workload
monitor, workload metrics is generated by the feature
extractor, optimal structure is predicted using machine
learning selector and finally the adaptive switching is
performed by the migrator. Thus a continuous and adaptive
coordination is maintained in the proposed system, which
helps in appropriate selection of data structures during
dynamic execution.

Decision on structure replacement is made by processing
the feature vectors generated from the observed operation
patterns. The prediction engine is responsible for this
process, which intelligent decision making is enabled by the
communication established between machine learning
selector and runtime engine [16], [17]. The accuracy of
future decisions are ensured by continuous collection of
runtime feedback at the end of each adaptation phase [18].
Stable runtime behaviour is prioritized by the proposed
adaptive technique.

Another advantage of the proposed method is that it can
be embedded into existing software systems with only a few
modifications. They are suitable for heterogeneous working
combinations of read, search, insert and delete operations
[15].
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III. EXPERIMENTAL SETUP

The proposed adaptive runtime engine was
experimentally evaluated against multiple static baseline
data structures, including lists, deques, and dictionaries.
These structures were selected because they represent
commonly used data organization mechanisms in software
systems and are extensively studied in classical algorithmic
literature [12],[19].

The objective of the experimental validation was to
analyse:

e  Runtime efficiency

e Decision accuracy of the machine learning selector

e Adaptive behaviour under varying workload patterns

e Performance trade-offs between static and adaptive

execution

The adaptive engine was implemented in Python and
benchmarked using synthetic workloads designed to
emulate realistic application behaviour. Experimental
workloads were executed for multiple input sizes, including:

e 1,000 operations
e 5,000 operations
e 10,000 operations

To ensure fair comparison, the same workload sequence
was executed on both the adaptive engine and the static
baseline structures.

The evaluation framework measured:

o Total execution time

o Structure selection accuracy

¢ Runtime adaptation behaviour

o Relative improvement over static baselines

The workloads used during evaluation include the
following categories:

A. Insert-Heavy Workloads

Insert-heavy workloads primarily consist of continuous
insertion operations. These workloads are intended to
simulate scenarios such as streaming data ingestion, logging
systems, and append-dominant applications where write
operations occur frequently.

B. Read-Heavy Workloads

Read-heavy workloads emphasize index-based retrieval
operations. These workloads represent applications where
stored data is accessed repeatedly with minimal
modification, such as caching systems and in-memory
lookup operations.
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C. Search-Heavy Workloads

Search-heavy workloads contain a large proportion of
lookup operations. These workloads are particularly
important because they demonstrate the effectiveness of
adaptive structure selection, especially when transitioning
toward dictionary-based representations for faster search
performance.

D. Mixed Workloads

Mixed workloads combine insert, read, delete, and search
operations in varying proportions. These workloads
simulate  practical real-world environments where
applications exhibit diverse and changing operational
behaviour.

E. Dynamic Multi-Phase Workloads

Dynamic workloads were designed to emulate changing
workload phases during runtime execution. In this scenario,
operation patterns evolve over time, transitioning between
insertion-intensive, search-intensive, and mixed-access
phases.

This workload category is critical for validating the
adaptive capabilities of the proposed runtime engine, as it
evaluates whether the system can maintain competitive
performance under continuously evolving access patterns.

The experimental results obtained from these workloads
were used to evaluate the effectiveness of machine learning-
driven adaptive structure selection and to analyse the
feasibility of self-optimizing runtime systems.

IV. RESULTS AND DISCUSSION

A. Performance Analysis

The experimental results indicate that the adaptive system
achieves near-optimal performance in search-intensive
workloads, operating within a small margin of the best static
structure. This aligns with findings in adaptive system
research, where intelligent selection can approximate
optimal configurations.

Figure 2 compares the execution time of the adaptive
engine against the best-performing static structure across
multiple workloads.
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Fig. 2. Performance comparison between adaptive engine and best
static structure.

For various workloads, the execution performance seems
to be nearing that of an optimal static structure. This
indicates the effectiveness of decision-making capability
during runtime. Successful adaptation to search-heavy
workloads is visible with performance equivalent to
dictionary-based structures. Thus, the proposed adaptive
system can achieve near-optimal behavior without the need
for any additional workload information. Minor variations
seem in few workloads are attributed to the migration
overhead caused while adaptive switching.

The improvement trend of the adaptive engine over static
baselines is illustrated in Figure 3. While it is difficult for
static structures to maintain efficiency consistently, a
betterment is seen with adaptive engine with dynamic and
search-based workloads. The characteristics of workloads
have an impact on the effectiveness of the adaptive
optimization. The execution efficiency affected by the
slight adaptation overhead is represented by the negative
improvement values. This graph depicts the relation
between runtime overhead and adaptive flexibility in a self-
optimizing system.

Adaptive Engine Improvement Over Static Baseline

Improvement (%)
|

PP

Ly

$
A § & F N Qﬁ &}m@s @“}ﬁ zjﬁ \”}&“a
+ § ¥ F o ¥ F & g @&6‘
Fig. 3. Improvement percentage of adaptive engines over static
baselines.
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B. Decision Accuracy

The system achieves approximately 80% accuracy in
selecting the optimal data structure. This demonstrates the
effectiveness of decision tree-based classification in
capturing workload patterns and making accurate
predictions.

Figure 4 illustrates the distribution of correct and
incorrect structure predictions made by the machine
learning model. A 66.7% correct prediction indicates the
increased effectiveness in identifying the correct data
structure by the decision tree classifier for varying
workload patterns. Sudden transitions in the workload or
overlapping nature may result in incorrect predictions.
Higher percentage value demonstrates the suitability of
proposed learning models for runtime optimization
schedules.

Correct

Incorrect

Fig. 4. Decision accuracy distribution of the adaptive runtime engine.

C. Adaptive Behavior

The system exhibits early correct structure selection,
reducing the need for runtime switching. This behavior is
consistent with principles of self-managing systems, where
accurate predictions minimize adaptation overhead.

The results suggest that adaptive runtime systems can
effectively approximate optimal performance without prior
knowledge of workload characteristics. Similar trends have
been observed in self-driving database systems, where
machine learning is used to optimize system configurations
dynamically.

Execution time of the proposed adaptive system for
various workload categories like insert-heavy, read-heavy,
search-heavy and mixed workloads are compared in Figure
5. Higher execution time is seen for search-heavy
workloads, since repeated lookup operations required
additional computational overhead. Lower execution time
is demonstrated by Insert-heavy workloads, since general
insert operations demand only less structural adaptation.
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Intermediate execution is observed with mixed workloads
owing to its balancing of multiple operation types. Thus the
proposed system is able to maintain stable operating
characteristics for multi-type workloads.
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Fig. 5. Overall execution time comparison across workload categories.

Memory utilization across different workloads is shown
in Fig. 6. In general, the search heavy workloads employs
dictionary like structures and extra indexing mechanisms for
rapid lookup operations. So the memory consumption
associated with search-heavy workloads are usually high.
Continuous expansion of data and migration activities with
insert-heavy and mixed workloads demands moderate
memory. Lower memory requirements are demonstrated by
the read-heavy workloads, since the structural modification
operations are limited. The trade-off between memory
utilization and execution speed in the proposed adaptive
runtime system is indicated by the memory variation
observed in the Figure 6. This helps in planning for
memory management strategies for future research works in
this area.
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Fig. 6. Peak memory usage under different workload conditions.
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V. CONCLUSION AND FUTURE SCOPE

This paper presents a machine learning-based adaptive
runtime system capable of selecting optimal data structures
dynamically. The proposed ML based prediction feature
helps in achieving an efficient runtime decision making with
reduced computational costs. Under both the categories of
mixed and multi-phase operational patterns, a stable
execution behaviour is maintained by the adaptive runtime
engine. The system demonstrates high accuracy and
competitive performance, validating the feasibility of self-
optimizing software systems. Further, the experimental
analysis suggests the presence of an intelligent runtime
adaptation. This modular framework can be extended on a
large scale suitable for both distributed and real time
applications. This proposed work forms the basis for future
development of an autonomous self-optimization software
systems.  Other possible research considerations are
Reinforcement learning-based adaptation, Multi-threaded
implementation, = Memory-aware  optimization  and
Integration with compiled languages.
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