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ABSTRACT

The performance of Apache Spark is affected by the interaction among data allocation, traffic, memory pressure, actuator
configuration and scheduling strategy. Treating these factors as independent adjustment factors usually leads to local
improvement and will only transfer the bottleneck to other places. In this paper, a theoretical framework is developed,
which connects the main mechanisms of Spark execution and explains how performance problems spread between layers.
Data skew is used as a starting point, because uneven keys or partitions can enlarge the shuffle block, trigger overflow,
create wanderers and delay the end of the internship. The framework divides optimization into four interrelated layers:
workload and data feature description, physical plane and data movement control, actuator and memory alignment, and
real-time adaptive scheduling. It also provides a diagnosis sequence, starting with measurable symptoms, and selecting the
intervention measures closest to these symptoms. The study did not propose a new benchmark. His contribution is a
systematic summary, clarifying the application conditions, trade-offs and limitations of common Spark optimization
strategies.
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Adaptive Query Execution

1. INTRODUCTION

Apache Spark provides a unique programming model to perform a large number of analyses, whether batch, interactive or
repetitive; At first, they mainly considered reusing data in memory to avoid reading and writing disks over and over again
as in the old system [, This makes iterative algorithm and data mining easier, but it also makes us pay attention to how to
cut data, how to save data in memory, and how to perform steps.

Spark applications are written with advanced transformations, but their cost depends on how they are actually executed.
RDD layout allows recalculation of lost data, but the same dependency diagram also tells you which operations can be
performed together and which operations need to be backed up or exchanged 2. Therefore, the number of times the function
is called is not a good indication of how long it will take. On the contrary, dependency structure, partition size and data
reuse are more useful.

The biggest problem of improving Spark is that bottlenecks are interrelated. The research on distributed system shows that
the completion of work depends not only on local computing, but also on partition, communication, location and slow
tasks Bl Increasing parallelism can reduce the size of the task, but it will increase the workload of the dispatcher. If we
enlarge the actuator, we can reduce overflow, but it will make garbage collection stronger. If we repartition, we can balance
the work, but it will add a shuffle. These interactions explain why changing a single parameter usually shifts the problem
from one place to another, rather than making it disappear.

In this paper, we regard optimization as a mechanism-based reasoning problem, not just a list of parameters to be adjusted.
Build a multi-layer framework, explain how data elasticity spreads in shuffle and scheduling, and link the choice at design
time with the feedback at execution time. The goal is not to say that everyone has perfect settings, but to provide an
organized method to find and fix performance problems. The analysis also distinguishes between design choices to avoid
problems and corrective measures during implementation. Design choices prepare partitions, connections, caches, and
actuator layouts before execution, while corrective actions respond to measured problems, such as runtime bouncing,

83



Proceedings of 2026 International Conference on Data Science and Engineering Management (DSEM 2026)

overflow, or waiting. Separating these two categories helps to avoid using expensive mechanisms to fix design defects that
could have been deleted earlier.

2. THEORETICAL BASIS OF SPARK EXECUTION
2.1 RDD Lineage, DataFrame Optimization, and DAG Decomposition

Spark separates logical calculation from physical implementation. RDD transformation builds rows, and actions trigger
execution. DataFrame and SQL workloads add a relational optimization layer to rewrite logical plans, select physical
operators, and generate executable code. Catalyst improves the planning quality through rule-based and cost-related
transformation 1, but its selection still depends on the statistics and execution conditions that may be incomplete or
inaccurate.

2.2 Stage Boundaries, Shuffle Dependencies, and Execution Cost

Narrow dependency allows records to pass through the pipeline because each child partition depends on only a small set
of parent partitions. Wide dependencies require key redistribution, so they create phase boundaries. Joins, grouped
aggregations, distinct operations, and explicit repartitioning commonly introduce exchanges. Their cost includes
serialization, network transfer, disk files, sorting, fetch waiting, and downstream imbalance, so reducing unnecessary data
movement often yields benefits across several resources. Stage boundaries therefore provide a practical unit of analysis.
When a stage is slow, the analyst should compare its task-size distribution, shuffle records, fetch wait, and spill rather than
immediately changing global cluster settings. This stage-oriented view narrows the search space and makes cause-and-
effect relationships easier to test.

2.3 Performance as a Coupled System Rather Than a Single Metric

Spark performance should be evaluated through interacting indicators rather than a single runtime value. The official
tuning guidance presents serialization, memory, parallelism, network bandwidth, and locality as connected concerns 1.
CPU utilization, shuffle read and write, spill, garbage-collection time, scheduler delay, task-duration variance, and locality
therefore need to be interpreted together, because a change in one layer can alter pressure in another.

3. DATA SKEW AS A PRIMARY PERFORMANCE DISTORTION

3.1 Sources of Skew in Partitioned Distributed Workloads

Data skew occurs when records or computational effort are distributed unevenly across partitions. Typical causes include
heavy-hitter keys, null-dominated columns, geographic concentration, temporal bursts, unequal file sizes, and asymmetric
join inputs 1. The decisive issue is not merely that one partition is large, but that a stage cannot finish until its slowest
required task completes. Skew therefore converts a data-distribution property into a resource and scheduling problem.

3.2 Skew Propagation Through Shuffle and Aggregation

Skew becomes especially costly after a shuffle. Adaptive SQL mechanisms use observed post-shuffle statistics to split
skewed partitions or coalesce small ones under supported conditions [, The underlying problem is that records sharing a
partition key converge on the same downstream partition, so one hot key may create an oversized reduce-side task. That
task consumes more memory, spills more data, performs longer sorting or aggregation, and delays dependent stages.

3.3 Mitigation Strategies: Salting, Repartitioning, and Adaptive Execution

Mitigation should match the cause of imbalance. Workload-aware configuration research supports selecting parameters
from workload features rather than relying on fixed defaults . Better partition keys, salting, pre-aggregation, broadcast
joins, repartitioning, and adaptive execution alter different parts of the mechanism. Salting spreads hot keys but
complicates final aggregation; additional partitions reduce task size but increase overhead; broadcasting avoids a shuffle
only when the replicated side fits executor memory.

4, SHUFFLE, MEMORY PRESSURE, AND RESOURCE CONTENTION
4.1 Shuffle as a Network, Disk, and Serialization Bottleneck

Shuffle is the price Spark pays for global coordination. Intermediate records are serialized, written, transferred, fetched,
sorted, and merged before downstream computation can proceed. A job that appears CPU-bound may actually be limited
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by network saturation, disk contention, or inefficient object representation. Projection pruning, early filtering, map-side
aggregation, suitable join strategies, and compact serialization can reduce several of these costs simultaneously. Shuffle
reduction should nevertheless be evaluated against plan semantics. A broadcast join, for example, removes one exchange
but replicates data to every executor; pre-aggregation lowers transferred volume but may increase local computation;
repartitioning can improve balance while introducing an additional exchange. The preferred choice is the one that reduces
total system pressure rather than only one metric.

4.2 Memory Management, Spill Behavior, and Garbage Collection

Execution memory supports joins, sorts, and aggregations, while storage memory supports cached blocks. Competition
between them can cause eviction or spill, replacing memory pressure with disk 1/O. Large object graphs also increase
garbage-collection time. Effective tuning therefore asks which operators allocate memory, whether cached data is reused
enough to justify its footprint, and whether partition sizes fit the concurrent memory available to each executor. Partition
sizing is central to this analysis because memory is consumed concurrently by multiple tasks. A partition that appears
manageable in isolation may exceed practical capacity when several tasks execute on the same executor. Conversely,
excessively small partitions reduce memory risk but increase task-launch overhead, metadata, and shuffle-file counts.
Memory tuning must therefore be tied to concurrency and task granularity.

4.3 Executor Sizing and Cluster-Level Resource Interference

Executor sizing connects application behavior with cluster management. Large-scale cluster-management research shows
that contention, priority, and isolation policies can change the behavior of an otherwise identical application in shared
environments 1, Many small executors may improve isolation and failure recovery but increase coordination and shuffle
connections. Fewer large executors may reduce overhead yet produce longer garbage-collection pauses and larger failure
domains. Executor design must therefore be evaluated relative to both workload shape and cluster policy.

5. TASK SCHEDULING AND ADAPTIVE COORDINATION
5.1 Task Locality, Speculation, and Straggler Mitigation

Scheduling must balance locality, fairness, and utilization. Waiting briefly for a local slot can reduce network transfer, but
waiting too long leaves resources idle. Delay scheduling formalized this trade-off for shared clusters and remains relevant
when data placement still affects task cost [1%. Speculative execution should be applied cautiously: it can mitigate node-
level noise, but it wastes resources when the slow task is processing a genuinely larger skewed partition.

5.2 Scheduling Delay Under Heterogeneous Workloads

A straggler is an outcome, not a diagnosis. Slow tasks may arise from skew, hardware variability, network congestion,
disk behavior, garbage collection, or scheduling artifacts. Research on outlier control shows that these causes require
different responses, so duplicating every slow task is not a reliable policy M. For short-task workloads, launch and
scheduling overhead may dominate; for long tasks, partition imbalance and resource pressure are usually more important.

5.3 Adaptive Query Execution as Runtime Feedback Control

Spark scheduling policy includes FIFO or fair sharing, pools, locality preferences, speculative execution, and dynamic
resource allocation. These controls shape queueing delay and resource availability rather than serving as a neutral
background layer. The job-scheduling documentation makes clear that scheduling mode and allocation behavior must be
aligned with workload concurrency and service objectives *2. AQE complements these controls by revising parts of a SQL
plan after observing intermediate statistics.

6. INTEGRATED OPTIMIZATION FRAMEWORK AND FUTURE DIRECTIONS
6.1 A Layered Model from Data Characteristics to Scheduler Decisions

The proposed framework contains four layers. The first characterizes workload scale, key frequency, join cardinality, reuse,
partition variance, and latency targets. The second controls the physical plan and data movement through filtering,
projection, join selection, aggregation placement, caching, and partitioning. The third aligns executor cores, memory,
serialization, and cache policy with task size and spill risk. The fourth coordinates locality, fairness, speculation, dynamic
allocation, and adaptive execution. The order is diagnostic rather than rigid: runtime observations can send the analyst
back to an earlier layer. Each layer has observable evidence. Distribution is reflected in key frequencies and partition
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variance; plan behavior appears in exchanges and operator choices; resource alignment appears in spill, cache eviction,
and garbage collection; scheduling appears in locality, queueing, and straggler patterns. Mapping evidence to layers
prevents unrelated parameters from being changed together and preserves the ability to identify which intervention
produced an improvement.

6.2 Diagnostic Sequence for Applying the Framework

Application of the framework begins with evidence. First identify where time is spent: input, computation, shuffle write,
shuffle read, spill, garbage collection, scheduler delay, or a few unusually long tasks. Then compare the symptom with
partition-level and executor-level metrics. Finally select the narrowest intervention. Skewed shuffle reads call for partition
analysis before executor resizing; high garbage collection calls for object and cache analysis before adding memory; high
scheduler delay calls for task-granularity review before rewriting joins. After an intervention, the same metrics should be
collected again under comparable input and cluster conditions. Improvement in average runtime is insufficient if tail
latency, resource cost, or failure risk worsens. A valid optimization should reduce the diagnosed bottleneck without
creating a larger downstream bottleneck. This feedback step turns tuning into a controlled cycle rather than a one-time
configuration exercise.

6.3 Optimization Heuristics and Their Boundary Conditions

Common tuning rules are valid only under explicit conditions. Increase partitions when tasks are too large, but avoid
fragmentation when launch overhead dominates. Broadcast a join side only when its size is reliably bounded. Use
speculation when delays reflect transient node behavior, not deterministic skew. Learning-based scheduling research
suggests that heterogeneous multi-user clusters may benefit from policies that adapt to workload and cluster state, but such
policies still require interpretable constraints and robust feedback [*31,

6.4 Toward Learning-Based and Workload-Aware Spark Optimization

Future optimization will increasingly combine plan statistics, historical job profiles, partition distributions, and current
cluster signals. Retrieval-assisted and zero-execution tuning methods aim to recommend configurations without repeatedly
running expensive trials, which is attractive for large production workloads 4. However, the advice learned may be too
suitable for groups, software versions or workload families. Their safest role is to help, not replace, mechanism-based
diagnosis and limited adaptive operation. A practical hybrid architecture will use a learning model to classify candidate
configurations, while rule-based constraints will reject dangerous or inappropriate choices. This design retains adaptability,
but prevents statistical predictors from making uncontrolled decisions on memory, contention or connection strategies in
unfamiliar environments.

7. CONCLUSION

Spark optimization is a multi-level coordination problem. Data skew, shuffle traffic, memory pressure, executor sizing,
task locality and scheduling delay can reinforce each other, so changing a single parameter usually changes the problem
instead of solving it. The framework developed here first understands the workload, reduces unnecessary data movement,
adjusts resources according to partition and memory, and then applies adaptive scheduling and return. His main idea is
that each optimization must be proved by a mechanism of observation and testing according to its boundary conditions.
This method provides a more reliable basis for understanding the performance than the general formula. Frameworks also
help to replicate results. Because each change is associated with a specific metric and mechanism, you can compare the
results between different data sets, cluster sizes and software versions without thinking that the same parameter values are
always the best. The function from one environment to another is diagnostic logic, not necessarily final configuration.
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