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Abstract:

Large-scale data analytics in the cloud inevitably involves trade-offs among latency,
throughput, scalability, elasticity, and cost. Today’s platforms model these trade-offs in
very different ways-Amazon EMR builds on managed Hadoop ecosystems, Spark on
Kubernetes container-native distributed execution, and Snowflake offers a fully
managed data warehousing model. Although prior benchmarks-often based on TPC-DS,
TPC-H, or microbenchmarks-have studied these systems, they are typically evaluated in
isolation and rely on static configurations, manual tuning, or simplified cost
assumptions. As a result, it remains unclear how these platforms compare under
realistic, evolving cloud workloads, or how their performance and cost can be jointly
optimized in dynamic environments. To bridge this gap, we introduce LLM-TradeOpt,
a Large Language Model (LLM)—guided optimization framework that adaptively
reasons about workload characteristics, system configurations, and execution traces
across heterogeneous analytics platforms. Using CloudSuite v4.0 analytics workloads,
our evaluation shows that LLM-TradeOpt consistently improves performance and
efficiency, achieving up to 18.7% lower latency, 22.4% higher throughput, and 15.3%
cost savings compared to strong baselines on Amazon EMR, Apache Spark on
Kubernetes, and Snowflake.

1. Introduction

a managed Hadoop and Spark ecosystem that
simplifies cluster provisioning while preserving

Modern cloud analytics systems operate under
inherently competing performance objectives.
Improvements in one dimension-such as reducing
query latency-often come at the expense of others,
including cost efficiency, scalability, or overall
resource utilization [1]. These trade-offs are no
longer incidental consequences of system design;
rather, they are fundamental characteristics of
heterogeneous cloud execution environments [2].
As organizations increasingly migrate analytics
workloads to the cloud, they are required to choose
among fundamentally different compute paradigms,
each embodying distinct assumptions about
elasticity, resource management, and optimization.
Among the most widely adopted platforms are
Amazon EMR [3], Apache Spark deployed on
Kubernetes [4], and Snowflake Compute [5].
Although all three systems support large-scale
analytics, they differ substantially in their execution
models, levels of abstraction, and performance
behavior, making systematic comparison both
essential and non-trivial. Amazon EMR represents

explicit control over execution frameworks and
storage layers. In contrast, Spark on Kubernetes
adopts a container-native model, emphasizing
portability, fine-grained orchestration, and resource
isolation. This flexibility, however, transfers much
of the responsibility for configuration, scheduling,
and fault management to wusers. Snowflake
Compute occupies a different point in the design
space altogether, offering a fully managed,
serverless data warehousing model that decouples
storage from compute and relies on proprietary
query optimization and automated scaling
mechanisms. These architectural distinctions give
rise to complex trade-offs across latency,
throughput, elasticity, and monetary cost-
particularly when systems are evaluated under
realistic, multi-stage analytics workloads rather
than isolated SQL queries.Prior efforts to evaluate
the performance of cloud analytics platforms have
largely relied on standardized decision-support
benchmarks such as TPC-H [5] and TPC-DS [6], as
well as synthetic microbenchmarks [7] that isolate
individual system components. While these
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benchmarks have provided valuable insights, they
exhibit several important limitations. First, systems
are often evaluated in isolation or under platform-
specific assumptions, limiting the interpretability of
cross-platform comparisons. Second, optimization
strategies in existing studies are typically static,
relying on manual tuning [8], fixed heuristics [9],
or vendor-recommended configurations [10] that do
not adapt to changing workload characteristics.
Third, cost—performance interactions-central to
pay-as-you-go cloud environments-are frequently
treated as secondary outcomes rather than first-
class optimization objectives. As a result, existing
evaluations offer limited practical guidance for
practitioners seeking principled trade-offs across
heterogeneous analytics platforms.More recent
work has begun to emphasize realistic cloud service
benchmarks that better reflect production
deployments. The CloudSuite v4.0 benchmark suite
[11] represents a meaningful step in this direction
by providing end-to-end analytics workloads
derived from real-world applications, complete
with representative data characteristics, software
stacks, and execution behaviors. Unlike purely
guery-centric  benchmarks [12], CloudSuite
captures system-level effects such as data ingestion
pipelines, caching behavior, shuffle overheads, and
resource contention. These properties make it
particularly well suited for analyzing performance
trade-offs across diverse cloud analytics platforms.
Despite these advances, a fundamental gap remains
in how performance trade-offs are analyzed and
optimized. In this work, we address these
challenges by introducing LLM-TradeOpt, a Large
Language Model (LLM)-driven framework for

cross-platform  performance  reasoning  and
optimization. Rather than tuning isolated
parameters in isolation, the proposed model

leverages the contextual reasoning capabilities of
LLMs to capture relationships between workload
characteristics, system behavior, and cost-
performance outcomes. Through jointly reasoning
over structured workload descriptors, historical
execution traces, and platform-specific constraints,
LLM-TradeOpt generates adaptive configuration
and provisioning strategies that explicitly balance
latency, throughput, and cost.The remainder of this
work is organized as follows. Section Il reviews
related work, and Section Il details the materials
and models. Section IV presents the experimental
evaluation, while Sections V and VI report result
analysis and ablation findings. Finally, Section VII
concludes the work.

2. Related Works
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The performance evaluation and optimization of
large-scale cloud analytics systems has long been
an active area of research in both academic and
industrial settings. Early studies primarily focused
on benchmarking distributed data processing
frameworks using decision-support workloads such
as TPC-H [5] and TPC-DS [6], which remain
widely adopted standards for measuring query
latency, throughput, and scalability. These
benchmarks have been applied extensively to
platforms including Apache Spark [4], Hadoop
[13], and modern cloud data warehouses [14],
enabling controlled and reproducible performance
comparisons. However, much of this work
emphasizes query-level behavior under static
configurations, thereby abstracting away the
operational complexity and workload variability
that characterize real-world cloud deployments.A
significant body of research has investigated
performance tuning and resource management in
managed cloud analytics platforms, with Amazon
EMR [3] receiving particular attention. EXxisting
modeles include heuristic-driven executor sizing
[15], adaptive query execution mechanisms [16],
and rule-based autoscaling policies [17] that react
to CPU, memory, or I/O utilization thresholds.
While such models can vyield measurable
improvements for specific workload profiles, they
are often tightly coupled to platform internals and
require substantial domain expertise to deploy
effectively. Moreover, these models typically
optimize a single objective-most commonly job
completion time-while treating monetary cost and
cross-job interference as secondary considerations,
limiting their suitability for multi-tenant, pay-as-
you-go environments.In parallel, the growing
adoption of container orchestration frameworks has
motivated extensive research on running Spark atop
Kubernetes [5]. Prior work highlights the
advantages of container-native execution, including

improved resource isolation [18], deployment
portability [19], and elastic scaling [20].
Researchers have proposed enhancements at the
scheduler level, as well as custom resource
allocation and pod-level autoscaling strategies, to
mitigate  the  overheads  introduced by
containerization. Furthermore, cloud data

warehouses [12], and Snowflake in particular [5],
represent a contrasting line of research centered on
automation and abstraction. Studies in this space
demonstrate that decoupled storage—computer
architectures combined with cost-based query
optimization can deliver strong performance for
analytic SQL workloads with minimal user
intervention. This convenience, however, comes at
the expense of transparency and fine-grained
control, making it difficult for users to reason about
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low-level performance behavior or to optimize
beyond vendor-provided mechanisms. Furthermore,
evaluations of cloud data warehouses are frequently
conducted using warehouse-specific benchmarks or
curated datasets, which limits direct comparability
with open, distributed processing frameworks.
More recently, advances in LLMs have spurred
initial efforts to apply LLMs to system management
tasks [21], including log analysis [22], anomaly
detection [23], root-cause diagnosis [24], and
configuration recommendation [25]. These studies
suggest that LLMs can reason over heterogeneous
inputs and capture high-level relationships between
system behavior and performance outcomes.
However, existing work in this area remains largely
exploratory and has not systematically examined
the use of LLMs for cross-platform performance
trade-off  optimization in cloud analytics
environments.

3. Materials and Methods

A. Data Analysis

The empirical evaluation in this work is based on
the analytics workloads provided by CloudSuite
v4.0° (see Table [), which offers production-
inspired datasets and execution pipelines designed
to reflect real-world cloud analytics environments.
We focus on the Data Analytics and Data Serving
workloads, as together they capture both batch-
oriented analytical processing and mixed read—
write access patterns commonly observed in
enterprise-scale data platforms. The raw dataset
comprises approximately 1.2 TB of structured and
semi-structured data, generated to exhibit realistic
characteristics such as skewed access distributions,
multi-table joins, and aggregation-intensive query
patterns. The dataset schema consists of nine
primary tables. These tables contain a combination
of unique identifiers, temporal attributes, numerical
measures, and categorical dimensions. To ensure
experimental consistency across platforms, all data
is stored in columnar Parquet format with Snappy
compression and partitioned along temporal and
categorical dimensions such as order_date and
region. The dataset is divided into 70% training,
15% validation, and 15% testing splits. From a
statistical perspective, the dataset exhibits a Gini
coefficient of 0.41 on key access columns,
indicating moderate data skew, and an average row
width of approximately 420 bytes, resulting in
realistic 1/0 and shuffle pressure during execution.
The query mix spans short-running aggregation
gueries with median latency below 12 seconds, as
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well as complex, multi-join analytics with 95%"-
percentile latencies exceeding 180 seconds.

Table 1. Cloudsuite v4.0 analytics dataset statistics

Metric Value
Total Dataset Size 1.27TB
Number of Tables 9
Average Row Width 420 bytes
Storage Format Parquet
Compression Snappy
Partitioning Columns order_date, region
Training Split 70%
Validation Split 15%
Test Split 15%
Gini Coefficient (Data Skew) 0.41
Structured Data Ratio 78%
Semi-Structured Data Ratio 22%
Median Query Latency (p50) <12s
95th Percentile Latency (p95) >180s
Average Join Depth 4.3
Aggregation-heavy Queries 61%
;l ::.:z I::-.l'- R / o
2 e,
"37‘,_".'"

Figure 1. Overview of the LLM-TradeOpt architecture.

B. Model Analysis

The proposed framework (see Fig. 1), LLM-
TradeOpt, is designed to explicitly model and
optimize performance trade-offs across
heterogeneous cloud analytics platforms, including
Amazon EMR, Spark deployed on Kubernetes, and
Snowflake Compute. In contrast to conventional
tuning modeles that optimize individual parameters

in isolation, LLM-TradeOpt formulates
optimization as a multi-objective reasoning
problem that jointly  considers  workload
characteristics,  system  configurations, and

monetary cost. A workload execution is denoted by
W, characterized by a feature vector X = {xi, Xz, ...,
Xn}, Where each feature captures salient workload
properties such as dataset size, join depth,
aggregation count, degree of data skew, and query
concurrency.For a given platform p € P = {EMR,
K8S-Spark, Snowflake}, the system configuration
is represented as C, = {ci, C2, ..., Cm}, With
parameters including executor memory, number of
executors, parallelism level, warehouse size, and
autoscaling limits. Executing workload W under



Srihari Babu Godleti / IJCESEN 12-2(2026)267-277

configuration C, produces an observable
performance vector Y, = (Lp, Tp, Kp), where L,

denotes average query latency (seconds), T,

denotes throughput (queries per hour), and K,

denotes monetary cost (USD). The central objective
of LLM-TradeOpt is to learn a mapping Y, = f(X,
Cp, p), and to identify an optimal configuration Cp*
that maximizes a platform-specific utility function
Up, defined as Up = a - 1Lp+8 - Ty—y - Kp, where a,
p, and y are user-defined weights that encode the
relative importance of latency, throughput, and
cost. This formulation enables explicit reasoning
over performance trade-offs rather than optimizing
a single metric in isolation.Within this framework,
the LLM serves as a contextual reasoning layer that
approximates the inverse mapping C,* = g(X, p, H),
where H denotes historical execution traces
composed of (X, Cp, Yp) tuples. Instead of relying
on gradient-based or black-box numerical
optimization, the LLM performs prompt-
conditioned reasoning over structured summaries of
H, including performance deltas, bottleneck
indicators, and observed constraint violations. This
design allows the framework to generalize across
platforms with heterogeneous configuration spaces.
To ensure feasibility and stability, LLM-TradeOpt
enforces a platform-specific constraint set S such
that C,* €S, where S captures practical limits such
as memory bounds, executor caps, and warehouse
size tiers. The LLM generates a set of candidate
configurations {Cu}, which are ranked using a
surrogate score Sy = UP* - Vp, where U™ is the
predicted utility and V, quantifies constraint risk,
such as the probability of out-of-memory errors or
autoscaling delays. The parameter 4 controls the
sensitivity to risk.  Optimization proceeds
iteratively. At iteration t, observed performance
metrics are summarized as deltas. These deltas are
incorporated into subsequent prompts, enabling
reflective reasoning and incremental refinement of
configuration recommendations. Finally, platform

heterogeneity is addressed through metric
normalization. Latency and throughput are
normalized using min-max scaling across

platforms, while cost is normalized relative to per-
hour baseline pricing.

4. Experimental Analysis

C. Evaluation Metrics

To rigorously evaluate performance trade-offs
across heterogeneous cloud analytics platforms, we
adopt a comprehensive set of metrics that jointly
capture execution efficiency, scalability, and
economic cost. The primary performance metric is
query latency (L), measured in seconds and defined
as the end-to-end execution time from job
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submission to completion. We report both average
latency and 95™-percentile latency to account for
execution variability arising from factors such as
resource contention, autoscaling delays, and data
skew. Lower latency values indicate better
performance. Throughput (T) is measured as the
number of successfully completed analytical
queries per hour. This metric reflects a system’s
ability to sustain concurrent workloads while
effectively utilizing allocated resources. Higher
throughput  indicates improved parallelism,
scheduling efficiency, and elasticity. Throughput is
particularly relevant when evaluating Spark-based
platforms under multi-tenant execution and
Snowflake under dynamic scaling conditions.To
assess economic efficiency, we measure monetary
cost (K) in U.S. dollars, computed as the total cost
of compute resources consumed during workload
execution. For Amazon EMR and Spark on
Kubernetes, this includes instance-hour charges and
storage-related /O overhead. For Snowflake
Compute, cost is derived from warehouse credit
consumption and converted to dollar equivalents.
While lower cost values are preferable, they are
interpreted in conjunction with latency and
throughput to avoid misleading conclusions based
on under-provisioning.Resource efficiency is
evaluated using average CPU utilization and
memory utilization, expressed as percentages over
the execution duration. These metrics provide
insight into underutilization, saturation, and
imbalance effects that often explain observed
performance differences across platforms. In
addition, performance stability is measured as the
standard deviation of query latency across repeated
runs, with lower variance indicating more
predictable and robust execution behavior. Finally,
we define a composite utility score (UUU) that
integrates the primary performance objectives. This
unified metric enables direct comparison of
performance trade-offs across Amazon EMR, Spark
on Kubernetes, and Snowflake Compute, aligning
the evaluation with real-world operational decision-
making.

D. Hyperparameters

The experimental evaluation employs carefully
selected hyperparameters across all execution
platforms and within the proposed LLM-TradeOpt
framework to ensure fairness, stability, and
reproducibility (see Table I1). For Amazon EMR,
Spark is configured with spark.executor.memory =
16 GB, spark.executor.cores 4, and
spark.executor.instances 20 in the baseline
setting, with adaptive scaling enabled up to a
maximum of 32 executors. The external shuffle
service is enabled, and spark.sql.shuffle.partitions
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is initialized to 400, which LLM-TradeOpt
dynamically adjusts within the range [200, 800]
based on workload complexity. The EMR cluster is
provisioned using r6i.2xlarge instances, with
HDFS-backed shuffle spill and Amazon S3 used for
persistent storage.

Table 3. Hyperparameter configuration across platforms

Parameter | Value
Amazon EMR (Spark)
Executor Memory 16 GB
Executor Cores 4
Baseline Executor Count 20
Max Executors (Auto-scale) 32
Shuffle Partitions 400 (range: 200-800)
Instance Type r6i.2xlarge
Shuffle Spill Storage HDFS
Persistent Storage Amazon S3
Spark on Kubernetes
Executor Pod Memory 16 GB
Executor vCPUs 4
Driver Memory 8 GB
Min Executor Pods 10
Max Executor Pods 35
Scheduler Policy Bin-packing

Snowflake Compute
Warehouse Size MEDIUM-XLARGE

Auto-Suspend Timeout 60 s
Auto-Resume Enabled
Max Cluster Count 4

Result Caching Enabled (baseline)
LLM-TradeOpt

Context Window 8,000 tokens
Temperature 0.2
Max Optimization Iterations 10
Convergence Threshold (g) 0.01
Utility Weights (a, B, ) (0.4,0.4,0.2)

For Spark on Kubernetes, each executor pod is
allocated 16 GB of memory and 4 vCPUs, while
the driver is provisioned with 8 GB of memory.
Horizontal pod autoscaling is enabled with a
minimum of 10 and a maximum of 35 executor
pods. The Kubernetes scheduler employs a bin-
packing policy to improve cache locality and
reduce fragmentation. Within this environment, the
LLM-driven optimizer explores executor counts,
memory overhead parameters, and parallelism
settings to balance resource utilization and
execution latency. For Snowflake Compute,
experiments are conducted using virtual warehouse
sizes ranging from MEDIUM to XLARGE. Auto-
suspend is configured with a 60-second timeout,
and auto-resume is enabled to minimize idle costs.
The maximum cluster count is capped at four to
prevent uncontrolled cost escalation. Query result
caching is enabled for baseline configurations but
selectively disabled by LLM-TradeOpt for
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workloads with high data freshness requirements,
where caching offers limited benefit.The LLM-
TradeOpt framework itself is configured with a
context window of 8,000 tokens and a temperature
of 0.2 to encourage stable and deterministic
reasoning. The optimization loop executes for a
maximum of 10 iterations per workload, with
convergence defined by a utility score change
below ¢ = 0.01. Weighting coefficients in the utility
function are set to « = 0.4, f = 0.4, and y = 0.2,
emphasizing performance improvements while
maintaining sensitivity to monetary cost.

5. Results Analysis

Comparison with State-of-the-Art Systems

Table Il presents a comparison between LLM-
TradeOpt and strong state-of-the-art (SOTA)
baselines that reflect current best practices in cloud
analytics optimization. These baselines include
vendor-recommended auto-tuning for Amazon
EMR, rule-based configuration strategies for
Apache Spark on Kubernetes, and native
autoscaling combined with cost-based optimization
in Snowflake Compute. While these modeles are
effective within their respective ecosystems, the
results in Table 111 highlight their limited ability to
generalize  across  heterogeneous  execution
platforms. On Amazon EMR, vendor-provided
auto-tuning achieves moderate average latency
(142.3 s) but does so at a higher monetary cost,
largely due to conservative scaling policies
designed to avoid performance degradation under
uncertainty. For Spark on Kubernetes, heuristic-
based tuning results in elevated tail latency,
reflecting sensitivity to executor placement, shuffle
intensity, and resource fragmentation. Snowflake
Compute delivers relatively stable latency across
workloads; however, this stability comes at a higher
cost under sustained concurrency, where warehouse
resources remain provisioned for extended periods.
In contrast, LLM-TradeOpt consistently improves
performance across all primary metrics and
platforms. When averaged across execution
environments, the proposed model reduces latency
from 156.8 s to 1274 s (—18.7%), increases
throughput from 418 to 512 queries per hour
(+22.4%), and lowers cost from $12.4 to $10.5 per
workload (—15.3%). Importantly, these gains are
achieved without platform-specific retraining or
manual rule engineering. This demonstrates that the
LLM-based reasoning layer generalizes beyond
static heuristics by jointly incorporating workload
structure, execution feedback, and economic signals
into the optimization process. Table IV extends this
comparison by examining execution stability and
resource efficiency-dimensions that are often
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underemphasized in SOTA evaluations but are
critical for production

Table 3. Comparison with sota baselines (average over
cloudsuite analytics workloads)

Method Platform | Latenc | Throughpu | Cos
ye !l | t(QPH)1 | t($)
!
Vendor EMR 148.6 435 12.9
Auto-
Tune
Heuristic Spark- 179.2 402 11.8
Spark K8s
Native Snowflak 142.3 417 12.4
Auto- e
Scale
LLM- Cross- 127.4 512 10.5
TradeOpt | Platform
(Proposed
)
deployments. Performance variance captures

execution predictability, while CPU and memory
utilization quantify how effectively allocated
resources are used. Existing SOTA models exhibit
notable inefficiencies in this regard. Heuristic Spark
configurations frequently over-allocate memory to
reduce failure risk, resulting in low average
utilization (61%). Similarly, EMR auto-tuning
prioritizes conservative safety margins, which
increases cost volatility. Snowflake, while stable in
terms of latency variance, shows lower CPU
utilization due to opaque internal scheduling and
limited user control. LLM-TradeOpt significantly
outperforms these baselines by explicitly reasoning
over utilization feedback. As shown in Table IV,
latency variance is reduced from 22.5 s to 20.0 s
(—11.2%), indicating more predictable execution
behavior. CPU utilization increases to 78%,
reflecting more effective executor and warehouse
sizing, while memory utilization stabilizes at 81%,
reducing both underutilization and the risk of out-
of-memory errors. These results confirm that the
proposed framework improves not only headline
performance metrics but also system-level
efficiency and robustness.

Cross-Domain Analysis

To assess the generalizability of the proposed
model, we conduct a cross-domain analysis across
heterogeneous workload classes within CloudSuite
v4.0, focusing on the Data Analytics and Data
Serving domains. These domains  differ
substantially in their execution characteristics: Data
Analytics workloads are batch-oriented, join-
intensive, and 1/0O heavy, whereas Data Serving
workloads emphasize low-latency access, higher
concurrency, and frequent updates. Table V reports

performance results averaged across both domains
for Amazon EMR, Apache Spark on Kubernetes,
and Snowflake Compute. The results indicate that
SOTA baselines exhibit pronounced domain
sensitivity. In the Data Analytics domain,
Snowflake achieves competitive latency (131.8 s)
but incurs higher cost due to sustained warehouse
allocation during long-running queries. EMR
demonstrates strong throughput but exhibits
increased latency variance under complex join
patterns. Spark on Kubernetes, by contrast,
struggles with tail latency, largely due to shuffle
overhead and executor coordination costs. In the
Data Serving domain, Spark-based systems benefit
from in-memory execution and lower per-query
overhead, while Snowflake experiences modest
latency inflation caused by frequent warehouse

Table 4. Stability and resource efficiency comparison

Method L (s) CPU Memory
l Utilization Utilization
(%) 1 (%) 1
EMR Auto- 23.1 69 74
Tune
Spark 25.4 61 83
Heuristic
Snowflake 19.8 65 76
Native
LLM- 20.0 78 81
TradeOpt
(Proposed)
suspend-resume cycles. LLM-TradeOpt

consistently improves performance across both
domains. Relative to the best-performing baseline
in each domain, the proposed framework reduces
latency by 16.9% in Data Analytics and 20.4% in
Data Serving, while simultaneously lowering cost
by 13.8% and 17.1%, respectively. Notably, these
improvements are achieved using a single
optimization framework without domain-specific
retraining, demonstrating strong cross-domain
transferability.

Table 5. Cross-domain performance comparison

Domain Method | Latency | Throughput | Cost

(O (QPH) 1 ® |

Data Best 152.7 446 12.3
Analytics SOTA
Baseline

Data LLM- 126.9 523 10.6
Analytics | TradeOpt

Data Best 89.2 612 8.8
Serving SOTA
Baseline

Data LLM- 71.0 741 7.3
Serving | TradeOpt

272
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Beyond headline metrics, cross-domain robustness
is further evaluated using stability and efficiency
indicators, as reported in Table VI. As shown in
Table VI, LLM-TradeOpt reduces latency variance
by an average of 12.6% across domains, indicating
improved execution predictability. CPU utilization
increases from 66%—71% under baseline models to
76%-80%, while memory utilization remains
within a stable range, avoiding the over-
provisioning commonly observed in heuristic Spark
configurations. Importantly, these efficiency gains
persist ~ across  both  workload  domains,
demonstrating that the proposed framework does
not overfit to either batch analytics or low-latency
serving workloads.

Table 6. Cross-domain stability and resource efficiency

feedback-based reasoning is removed (“Single-Shot
Reasoning”). In this setting, latency increases by
21.6% and throughput decreases by 17.9% relative
to the full model.

Table 7. Component-wise ablation results (average
across platforms)

Variant Latency Throughput Cost

)l (QPH) 1 ® |

Full LLM- 127.4 512 10.5
TradeOpt

No Workload 149.1 463 11.7

Context

No Cost 121.8 498 13.6
Awareness

Single-Shot 155.0 420 11.9
Reasoning

Domain | Method L CPU Memory
(s) | Utilization | Utilization
! () 1 (0) 1

Data SOTA | 245 66 73

Analytics | Baseline

Data LLM- 21.2 76 79

Analytics | TradeOpt

Data SOTA 17.1 71 75

Serving Baseline

Data LLM- 15.0 80 82

Serving | TradeOpt

5. Ablation Study

To quantify the contribution of individual

components within the proposed LLM-TradeOpt
framework, we conduct a systematic ablation work
using analytics workloads from CloudSuite v4.0
executed across Amazon EMR, Apache Spark on
Kubernetes, and Snowflake Compute. Table VII
reports results for a series of ablation variants
obtained by progressively removing key modeling
components: (i) workload-aware feature encoding,
(ii) cost-aware utility optimization, and (iii)
iterative feedback-driven reasoning. The results in
Table VII demonstrate that removing workload-
aware feature encoding (“No Workload Context™)
leads to a clear degradation in both latency and
throughput. This outcome confirms that high-level
workload semantics-such as join complexity, data
skew, and concurrency-are essential for effective
cross-platform configuration reasoning. When the
cost term is excluded from the utility function (“No
Cost Awareness”), the model achieves marginal
latency improvements but incurs substantially
higher monetary cost. This behavior illustrates the
risk of performance-centric optimization in cloud
environments, where ignoring economic signals can
lead to inefficient over-provisioning. The most
pronounced degradation is observed when iterative

Beyond latency, throughput, and cost, we further
examine the impact of each component on
execution stability and resource efficiency, as
reported in Table VIII. These metrics are critical for
determining whether performance gains stem from
sustainable execution behavior or from aggressive,
potentially unstable configurations. Removing
workload context increases latency variance from
20.0 s to 24.8 s, reflecting reduced predictability
due to misaligned executor or warehouse sizing
decisions.  Similarly, eliminating cost-aware
reasoning leads to inflated CPU utilization without
corresponding  throughput  gains, indicating
inefficient resource over-allocation. The absence of
iterative feedback has the most detrimental effect
on stability. As shown in Table VIII, latency
variance increases to 26.1 s, while average CPU
utilization drops to 64%, suggesting that static
configuration recommendations fail to adapt to
runtime bottlenecks such as data skew, shuffle
pressure, or delayed scaling responses. In contrast,
the full model maintains balanced utilization levels,
with CPU and memory utilization of 78% and 81%,
respectively, while preserving low execution
variance.

Table 8. Ablation impact on stability and resource

efficiency
Variant L (s) CPU Memory
l Utilization Utilization (%0)
(%) 1 1
Full LLM- 20.0 78 81
TradeOpt
No Workload | 24.8 70 76
Context
No Cost 22.3 82 85
Awareness
Single-Shot | 26.1 64 72
Reasoning
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Computational Analysis

This section examines the computational overhead
and scalability characteristics of the proposed
LLM-TradeOpt  framework, with  particular
emphasis on optimization latency, inference cost,
and sensitivity to workload and configuration
complexity. Although LLM-TradeOpt introduces
an additional reasoning layer compared to static or
heuristic-based tuning approaches, its practical
utility depends on whether this overhead remains
small relative to end-to-end workload execution
time. Fig. 2 reports the average optimization time
per iteration and total convergence time across
three representative workload scales. As shown in
the table, the average per-iteration overhead ranges
from 3.4 seconds for small workloads to 6.2
seconds for large-scale  workloads,  with
convergence typically achieved within six to eight
iterations. Consequently, the total optimization time
remains below 50 seconds even for the largest 1.2
TB dataset. Given that individual workload
executions in our experimental setup frequently
exceed several minutes, and in many cases extend
beyond ten minutes, this additional overhead
represents a marginal fraction of overall runtime.
These results demonstrate that the iterative
reasoning process employed by LLM-TradeOpt can
be incorporated into operational pipelines without
introducing prohibitive delays or compromising
system responsiveness.

Optimization Time Overhead of LLM-TradeOpt

a0 4

ptal Optimization Time {s

B[

0] &
2

r T
Medwm (600 GB) Large (1.2 TB)

Workioad Scale

Senall (200 GB)

Figure 2. Optimization time overhead of LLM-TradeOpt

In addition to optimization time, the computational
and monetary cost associated with LLM inference
constitutes a key component of the framework’s
overhead. Table IX summarizes average token
consumption, inference latency, and estimated
monetary cost per optimization cycle for each
evaluated platform. The results indicate that the
framework operates within a relatively narrow
range of token usage, averaging approximately

1,800 to 1,900 tokens per iteration. This stability is
largely attributable to the use of compact structured
summaries and controlled prompt templates, which
prevent unbounded growth in context length.
Correspondingly, average inference latency remains
below 0.6 seconds per iteration, enabling near real-
time configuration generation. When aggregated
over a complete optimization cycle, total token
usage remains below 14,000 tokens across
platforms, resulting in an estimated inference cost
of approximately $0.10-$0.12 per workload.
Compared to the average execution cost reported in
Table 11, this represents less than 2% of total
workload expenditure. Therefore, the economic
impact of LLM inference is negligible in practice,
and does not offset the substantial cost savings
achieved through improved resource allocation and
performance optimization. These findings suggest
that LLM-TradeOpt is financially viable for
continuous or repeated deployment in cloud
environments.

Table 10. LLM inference overhead per optimization cycle

Platform Avg. Inference Total Estimated
Tokens / Latency | Tokens Cost ($)
Iteration (s)
EMR 1,850 0.52 12,950 0.11
Spark-K8s 1,920 0.56 13,440 0.12
Snowflake 1,780 0.49 12,460 0.10
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Beyond raw overhead, an important consideration
is how the framework scales with increasing
workload complexity and configuration space
dimensionality. Fig. 3 evaluates this aspect by
systematically varying the number of workload
features and the size of the configuration search
space. As feature dimensionality increases from 15
to 40 and the configuration space expands from 102
to 10* candidate settings, optimization time
increases from 18.7 seconds to 46.1 seconds.
Although this growth is expected, the observed
trend remains sub-linear with respect to
configuration space size. This behavior can be
attributed to the candidate pruning and risk-aware
ranking mechanisms embedded in the framework,
which enable the LLM to focus on promising
regions of the search space rather than exhaustively
exploring all possible configurations. Importantly,
Fig. 3 also shows that increased input complexity is
associated with larger utility improvements, rising
from 11.2% to 18.5%. This indicates that the
framework effectively leverages richer workload
representations and expanded configuration
flexibility to deliver superior performance gains,
without incurring exponential computational cost.
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Scalability: Optimization Time vs Feature Dimension
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Figure 3. Scalability with workload and configuration
dimensionality

Sensitivity Analysis

This section examines the sensitivity of the
proposed LLM-TradeOpt framework to variations
in the utility weighting coefficients («, £, y), which
determine the relative importance assigned to
latency, throughput, and monetary cost during
optimization. In real-world deployments, cloud
operators and application developers often operate
under diverse performance objectives driven by
service-level agreements, budget constraints, and
workload  characteristics.  Consequently, an
effective optimization framework must remain
robust across a broad range of user-defined
preferences rather than being tuned to a single
default configuration. To evaluate this aspect, we
conduct a systematic sensitivity analysis by varying
the utility weights across multiple representative
preference regimes and assessing their impact on
performance outcomes.We consider four primary
weighting configurations corresponding to distinct
operational priorities: performance-centric,
balanced, cost-aware, and cost-dominant. The
performance-centric regime emphasizes latency and
throughput, the balanced regime reflects the default
setting used in prior experiments, the cost-aware
regime assigns increased importance to monetary
efficiency, and the cost-dominant regime prioritizes
cost minimization over performance. Table XI
summarizes the evaluated weight configurations
and their corresponding average performance
metrics, obtained by executing LLM-TradeOpt on
the full CloudSuite v4.0 workload suite across
Amazon EMR, Spark on Kubernetes, and
Snowflake Compute. All results are averaged over
five independent runs to reduce measurement
variance. As shown in Table XI, LLM-TradeOpt
exhibits stable and interpretable adaptation
behavior across all evaluated preference regimes.

Under the performance-centric configuration (o =
0.6, p = 0.3, y = 0.1), the framework prioritizes
aggressive resource provisioning and increased
parallelism, resulting in the lowest observed
average latency of 118.9 seconds and the highest
throughput of 531 queries per hour. These
improvements are achieved through increased
executor counts, expanded memory allocation, and
reduced autoscaling thresholds. However, these
benefits are accompanied by higher monetary cost,
which rises to $12.3 per workload. This outcome
indicates  that LLM-TradeOpt  effectively
internalizes performance-oriented objectives and
translates them into concrete configuration
decisions. In contrast, as greater emphasis is placed
on cost minimization, the optimizer gradually
adopts more conservative provisioning strategies.
Under the cost-aware regime (y = 0.4), average cost
is reduced to $9.2, representing a 12.4% decrease
relative to the balanced configuration, while
preserving acceptable performance levels. Further
increasing the cost weight to y 0.6 vyields
additional cost reductions to $7.7, albeit at the
expense of increased latency and reduced
throughput. Importantly, even in this highly
constrained regime, LLM-TradeOpt avoids extreme
under-provisioning and maintains stable execution
behavior, reflecting effective risk-aware reasoning
and constraint enforcement.

Table 11. Performance under different utility weight
configurations

Preferen o B v Laten | Through | Co
ce (Laten | (Through | (Co | cy(s) put st
Profile cy) put) st) ! QPH) 1T | ($)
|
Performa 0.6 0.3 0.1 | 1189 531 12.
nce- 3
Centric
Balanced 0.4 0.4 02 | 127.4 512 10.
(Default) 5
Cost- 0.3 0.3 0.4 | 139.6 488 9.2
Aware
Cost- 0.2 0.2 0.6 | 152.4 449 7.7
Dominan
t
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To further analyze the impact of weight variations
on optimization behavior, Table XII reports the
relative percentage changes in performance metrics
with respect to the balanced configuration. This
normalized view facilitates direct comparison of
sensitivity patterns across different preference
profiles. As illustrated in Table XII, variations in
utility weights lead to gradual and monotonic shifts
in performance outcomes rather than abrupt or
unstable changes. The performance-centric regime
reduces latency by 6.7% and increases throughput
by 3.7% relative to the balanced configuration,
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while incurring a 17.1% increase in cost.
Conversely, the cost-dominant regime achieves a
substantial 26.7% reduction in monetary cost,
accompanied by a 19.6% increase in latency and a
12.3% decrease in throughput. These trade-offs
closely align with user-defined priorities, indicating
that the framework responds predictably and
proportionally to changes in  optimization
objectives. Notably, the balanced configuration
achieves the most favorable compromise among
competing  objectives, delivering  substantial
performance gains while maintaining reasonable
economic efficiency. This setting consistently
yields high utility scores across platforms and
workload domains, validating its suitability as a
default operational profile. Furthermore, the smooth
sensitivity trends observed across Tables XI and
XII suggest that the optimization process is well-
conditioned and does not rely on finely tuned
hyperparameters. Small variations in utility weights
do not result in disproportionate performance
degradation, highlighting the robustness of the
reasoning mechanism.

Table 12. Relative performance change with respect to

balanced configuration (%)
Preference A Latency | A Throughput | A Cost
Profile (%) (%) (%)
Performance- -6.7 +3.7 +17.1
Centric
Cost-Aware +9.5 -4.7 -12.4
Cost-Dominant +19.6 -12.3 —26.7

6. Conclusions

This work presents a systematic examination of
performance trade-offs in heterogeneous cloud
analytics platforms, focusing on Amazon EMR,
Apache Spark on Kubernetes, and Snowflake
Compute under realistic workloads drawn from
CloudSuite v4.0. Extensive empirical evaluation
demonstrates that LLM-TradeOpt consistently
outperforms  strong state-of-the-art  baselines,
achieving up to 18.7% reductions in latency, 22.4%
improvements in throughput, and 15.3% cost
savings, while simultaneously enhancing execution
predictability. Several directions remain for future
exploration. First, extending the framework to
support streaming and hybrid transactional—
analytical processing (HTAP) workloads would
broaden its applicability to latency-critical and
continuously evolving environments. Second,
incorporating online learning mechanisms could
enable faster adaptation under workload drift and
changing resource conditions.
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