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ABSTRACT

Escalating cloud cost and unstable performance is a typical
challenge for any organization. It is especially related to
deployment of new Generative Al (GenAl) applications in a
hybrid multi-cloud world, which projected to become a
nearly twenty trillion dollars market by 2030.

This paper introduces a novel systems approach to
optimizing cost, controlling performance, and improving
FinOps decision-making through automated observability,
advanced queueing network modeling, and gradient
optimization.

Observability automation narrows the scope of the tuning
efforts by focusing on the most resource-consuming and
credit use applications, applications with the highest rate of
performance and cost anomalies, applications with the
highest frequency of failed queries, and applications with the
highest volume of data spilled to local and remote storage.

Modeling and optimization determine the minimal
configurations, resource allocation, workload management,
and budgets needed to meet Service Level Goals (SLGs) for
all business applications running on different cloud data
platforms in the Hybrid Multi-Cloud environment.
Modeling and optimization evaluate options and set cost and
performance expectations for proposed changes.

Actual performance and cost compared with expected to
organize a closed loop performance and cost control and
mitigate risks of unexpected financial and performance
outcomes.

Presented case studies illustrate the value of our technology
in optimizing application costs and controlling performance
for a wide range of projects, such as sizing new applications
before deployment to the cloud, appropriate cloud platform
selection, optimizing cloud migration decisions, and
organizing dynamic capacity management applications in
the Hybrid Multi-Cloud environment.

We demonstrated a high accuracy of our predictions. The
difference between measured and predicted cost is within
10%.
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Introduction

Motivation for this work

Organizations running business applications in the cloud
face dual challenges: how to reduce cost and maintain
consistent performance. Rising volume of data, increasing
number of users, migrations applications to the cloud and
deployment new GenAl applications often dramatically
increase the costs and affect performance. Critical decisions
- such as selecting cloud platforms, cloud migration,
proactively managing Hybrid Multi-Cloud environments
and sizing new applications before deployment - must be
optimized to minimize budget overruns and avoid
performance inconsistencies.

A related work

FinOps methodology and technology is widely used to
optimize cost by organizing observability, modeling and
control [1]. Storment and Fuller provide a detailed overview
of the FinOps principles. They emphasize the importance of
continuous observability and feedback loops for cost and
performance [15].

FinOps implementation has limitations and challenges. It
includes complexity in implementing and managing FinOps
in the hybrid multi-cloud environments, and complexity in
organizing monitoring and optimization. Inconsistent
metrics generated by cloud providers make unified
observability across multi-cloud environments complex.

Current FinOps observability does not use the system
approach and lack automation. Proposed recommendations
do not include cost-performance expectations and do not
allow customers to check if implemented recommendations
were successful. [2].

Articles [3,4,5,6] offer a detailed framework for managing
cloud costs in hybrid environments, focusing on three stages:
Inform (visibility), Optimize (cost-saving opportunities),
and Operate (continuous adjustment and automation). They



also emphasize the role of accountability and real-time
insights for optimizing cloud spend. FinOps limitations
reported there pose risks by failing to determine the
minimum resource requirements, workload management,
and budget needed to meet the SLGs of diverse applications
across the Hybrid Multi-Cloud environment. The
technologies described in these papers determine cost and
performance anomalies and root causes, but do not show the
related queries, the most critical and costly queries
consuming most of the resources, queries having the largest
amount of failures, and queries spilling the large volume of
data to remote and local storage. Several tools provide tuning
recommendations, but do not estimate the expected impact
of proposed changes on cost and performance.

Modeling and simulation approaches presented in [16]
provide definitions and metrics for elasticity in cloud
environments and present a conceptual model for evaluating
elastic resource provisioning.

Applying modeling and simulation to optimize resource
allocation and scheduling in the Hybrid Multi-Cloud
environment described in [17]. They propose a predictive
model using time-series forecasting and reinforcement
learning to allocate resources across multiple clouds. It
demonstrates how ML can optimize real-time analytics
pipelines, improving both latency and cost efficiency.
Survey [18] presents techniques for workload orchestration
in hybrid clouds, covering real-time vs. batch workloads,
cost vs. performance objectives, and vendor lock-in
considerations.

Models described in these papers help to evaluate different
options, but they are limited in evaluation of the combined
impact of the configuration and workload management
changes on cost in the Hybrid Multi-Cloud environment with
mixed workloads having different profiles and SLGs.

Several papers like [19] discuss the application of
performance modeling for query and database tuning. They
leverage deep reinforcement learning to automatically adjust
caching, partitioning, and indexing parameters for
distributed SQL engines. [20] proposes a learned cost model
integrated into a cloud-based query optimizer, adapting to
resource heterogeneity and changing data characteristics. It
Illustrates that data-driven models can significantly improve
query planning in dynamic cloud environments, reducing
query runtimes and cost. The approach described focuses on
enhancement of DBMS optimizers but has a limited
application for tuning queries and databases in customers’
cloud environments.

Increasing number of papers illustrate a growing emphasis
on machine learning - particularly reinforcement learning -
and multi-objective optimization for cloud DB tuning,
resource allocation, and workload management. As hybrid
and multi-cloud adoption increases, novel cost and
performance models are emerging to handle the complexity
of distributed resources, diverse pricing schemes, and real-
time workload fluctuations.

Multi-Objective Optimization recognizes that trade-offs
among cost, response time, energy efficiency, carbon
footprint, and fault tolerance as additional objectives are
essential [21]. Evolutionary algorithms or Pareto-based
methods are frequently applied. Beyond cost and
performance, they include energy efficiency, carbon
footprint, or fault tolerance as additional objectives.

We currently focus on cost optimization and performance
control, but we provide an option to take into consideration
the estimated electrical power consumption and carbon
footprint of individual applications on different cloud data
platforms [22].

Paper [23] proposes applying Multi-Cloud Resource
Management and Orchestration. It introduces a dynamic
data-movement algorithm using a cost-performance model
that forecasts future query patterns and determines whether
on-prem or cloud storage is more economical given expected
performance needs. This paper focuses on data movement.
With the introduction of the Open Table Format customers
are concerned with where to run applications rather where to
place data.

Many other research and industry papers underscore the
current limitations in applying observability automation and
incorporating modeling to optimize cost and control
performance in the complex Hybrid Multi-Cloud Al world.

1. The novelty and superiority of our
approach

In this paper, we present our novel holistic approach based
on applying SLGs for optimizing application costs and
controlling performance in the complex Hybrid Multi-Cloud
Al world.

We automate the observability. Our agents continuously
collect performance, resource usage, cost and data usage
data from cloud data platforms logs. Measurement data
aggregated and used for workload characterization and
performance and cost analysis.

We leverage Al and machine learning to identify
performance, resource utilization and cost anomalies and
seasonal peaks, and recommend cost-saving measures. We
detect critical queries using most of resources, having the
largest number of failures and spilling the largest volume of
data to local and remote storage. It narrows the scope of
tuning efforts by focusing on the most critical applications,
queries, tables, and databases.

Then we use modeling and gradient optimization to find the
minimum configuration, resource allocation and workload
management changes needed to meet business performance
SLG for all applications with the lowest cost and predict
the expected cost and performance metrics’ values.

It allows us to organize a closed-loop cost optimization and
performance feedback control for all business applications
in a Hybrid Multi-Cloud Al environment.

Our methodology and proven technology help to reduce
uncertainty and the risk of financial and performance
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surprises during all phases of the journey to the cloud,
starting with selecting the appropriate cloud data platform,
optimizing cloud migration decisions, optimizing dynamic
capacity management in the Hybrid Multi-Cloud
environment, and sizing new applications before
deployment in the cloud.

2. Observability Automation and Dynamic
Capacity Management

Our methodology is implemented for AWS, GCP, and Azure
cloud service providers and Snowflake, Vantage Cloud,
Databricks, BigQuery, and Synapse cloud data platforms.

In this paper, we use Snowflake on AWS as an example to
demonstrate how automating observability and applying
advanced modeling techniques optimize cost and organize
performance control.

Through automated data collection and workload
characterization, we generate hourly performance, resource
utilization, data usage, and cost profiles for each application.

Observability captures changes in configuration and
workload management parameters. By automating
observability processes, we provide important insights into
each application's resource demand and usage patterns,
which are essential for optimizing resource allocation and
workload management in a complex hybrid multi-cloud
environment.

We will review several examples illustrating how
observability results are used to optimize tuning and
dynamic capacity management:

1. Resource Demand Patterns: Automated observability
helps track hourly, daily, and other seasonal patterns
(Figure 1) in resource demand, enabling proactive
adjustments to server capacity. For example, high-
traffic periods may require additional virtual
warehouses or increased memory allocation to prevent
latency issues and meet SLGs.

2. Performance Bottleneck Identification:
Observability data allows for the early detection of
performance bottlenecks, often caused by workload
spikes, query  concurrency, or  suboptimal
configurations. By identifying the applications with the
highest consumption or failure rates, targeted
adjustments can be made to configuration and workload
distribution, aligning resources with actual usage
demands.

3. Spillage Monitoring and Management: One of the
key indicators captured is data spillage—when
allocated memory is insufficient, causing overflow to
local or remote storage. Observability data reveals the
volume of spillage, which defines memory allocation
adjustments or storage configuration enhancements to
minimize performance impacts and control associated
costs.

4. Real-Time Tuning Opportunities: Automated
observability also provides real-time insights for tuning

efforts. By continuously profiling high-cost queries and
those causing the most frequent anomalies are
identified as tuning candidates. Tuning efforts are then
focused on these critical queries to improve efficiency
and cost-effectiveness.

Figure 1. Example of seasonality in credit use by one of the
business applications.

These observability-driven insights allow for the
organization of dynamic capacity management, reducing the
likelihood of unexpected costs or performance degradations.
By continuously adjusting capacity based on real-time usage
patterns, we establish a foundation for effective, adaptive
resource management in complex hybrid multi-cloud
environments.

2.1. Focus on Tuning Queries Using the Largest
Number of Credits

Our approach begins by identifying the applications with the
highest cost on each cloud data platform. Then, we narrow
our focus to the critical queries within these applications,
which have the longest execution times, as prime candidates
for tuning.

Business
Application

name
16,551 12

Showing 1 to 10 of 242 entries 2 3 4 5 Next

Table 1: Credit usage by top 10 Snowflake applications during
the last month

This trend is projected to continue, with substantial cost
increases anticipated in the coming year. The top ten
business applications in Table 1, account for over 70% of
total credit usage, indicating a concentrated area for cost
optimization.

The observability data further reveals the monthly
distribution of credit usage across different virtual
warehouses, providing insights into specific performance
bottlenecks. Table 2 captures the hash values and



performance statistics for the top 30 queries, which are
prioritized for analysis and tuning based on execution time
and credit usage.

HASHVALUE [EXECUTIONS|SUM AVERAGE|SUM [AVERAGE |SUMMB  |AVERAGEMB|
COUNT ELAPSED |ELAPSED |EXECUTION | EXECUTION | PROCESSED | PROCESSED

TIMESEC | IMESEC |IMESEC | TIMESEC
[10b9ba530daf2ae3028846799328830 15[1,457,462]  97,164] 1,457,400) 97,160 21,913,782 1,460,919
[fad4flcedd1c24327b5106346d96c42a 15[1,413,483] 94,232 1,413,406 94,227 21,902,721 1,460,181
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63,456 63,456 63,456| 63,456 o] 0|
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60,560 60,560 60,560 60,560 365,734 365,734
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58,495 58,495 58,494 58,494 81,051 81,051

[F745fdbbfb15c9d5a213a0b3875bc6db
343597c7edd!

286b5dT508150010
980 Afbaedst

0822116b6421cc0d
84c3b115337c175029ca791bb787baf
98224147b51¢2a97f005441104536650
788704660e7afd1d5d0465{9be6216d7
0023020

8915 57,441 28,720| 57,440 28,720 o] 0|
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Table 2: Top 30 queries by hash values with highest execution
times (candidates for tuning)

Database administrators (DBAS) can utilize various tools to
analyze access paths and identify specific tuning options,
allowing for a more targeted and efficient tuning process. By
optimizing these high-cost queries, organizations reduce
overall credit usage and improve performance for key
applications, directly impacting the scalability and
efficiency of their cloud data platforms.

We also automatically segregate queries into simple,
medium, and complex categories - each with distinct cost
and performance profiles.

For each group we determine the average response time.
Response time for each group is used as SLG like:

e Small Group: 8.23 seconds
*  Medium Group: 20.84 seconds
e Complex Group: 74.97 seconds

Observability results indicate that simple queries tend to
cause the most spillage to local storage, while complex
queries predominantly spill data to remote storage. These
spillage patterns are factored into our modeling to determine
each query group's optimal configuration and budget
allocation. By doing so, we ensure that SLGs are met
continuously across varying times and days of the month.

Using these data-driven insights, we can proactively allocate
resources based on the specific service demands of each
query group. This approach helps optimize capacity while
managing costs, as tuning efforts are concentrated on the
queries that most heavily influence performance and
expenditure.

Focusing on the most resource and credit use applications
and determining tuning recommendations for them
increases the effectiveness of the cost optimization and
performance control and complex hybrid multi-cloud
environment supporting hundreds of applications on
different cloud data platforms.

2.2. Focus on tuning queries causing frequent and
severe cost and performance anomalies

Machine learning (ML) models detect application
performance and cost anomalies, flagging applications
where actual metrics deviate significantly from predicted
values (Figure 2).
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Figure 2: Frequency and severity of applications performance and
cost anomalies

We analyze each detected anomaly's root causes, identifying
critical SQL statements and the specific database tables
involved. This analysis allows us to understand the
underlying factors driving the anomaly, such as inefficient
query patterns or suboptimal resource allocation, which can
then be prioritized for tuning.

By continuously monitoring application performance and
costs, we can pinpoint the queries responsible for
performance degradation and cost increases.

Another contributor to performance issues and cost
escalation in cloud environments is data spilling. Table 3
shows an example of 10 top queries for one of the
applications with the largest number of MB spilled to the
local storage.

2.3 Focus on Tuning Queries Generating the
Largest Data Spill to Local and Remote Storage

Factors Affecting Data Spillage

Data spilling to local or remote storage typically results from
memory limitations during query processing. When a
query's allocated memory cannot accommodate all
intermediate data, the system spills it to local storage.
However, if local storage is insufficient or under high load,
the system further spills to remote storage to maintain query
completion. Remote storage is a flexible, cost-effective
extension, enabling complex queries to proceed even when
memory resources are stretched.

Joins and Aggregations: Complex queries with multiple
joins or aggregations often generate large intermediate
results that surpass available memory. In these cases, the
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system offloads excess data to remote storage to continue
processing without interruption.

Query Simplification: Breaking down complex
queries into smaller tasks, reducing the likelihood of

spillage.

HASH VALUE TOTAL FAILED FAILED TOTAL FAILED FAILED TOTAL MB |FAILEDMB |FAILEDMB |MB MB

EXECUTION [EXECUTION |EXECUTION |EXECUTION [EXECUTION [EXECUTION PROCESSED [PROCESSED |PROCESSED |SPILLED [SPILLED

COUNT COUNT PERCENTAGE| TIME SEC | TIME SEC |TIME PERCENTAGE |LOCAL REMOTE
c1f8ech56428a5e71d46bc35395b1a7e 7 0 0 73,452 0 0| 8,722,099 0 0]54,170,485| 5,562,299
73a0f4b9b19beeeab8086907¢15ad1d5 6 0] 0 69,675, 0 0| 3,652,305 0 0/29,991,497| 4,008.485
5e4876ce59128c22d21e3c7181fb880e 1 0 0 2,174 0 0| 85,430,321 0] 0| 16,560,717 0
3161212a0c3617d9aedcf34ab3dad1ad 16! 0] 0 103.795, 0 0| 40,114,757 0 0[12,228,839| 0|
0dbd5fdbf4e8c6fb989c98e879b77109 1 0 0 6,564 0 0 1,942,581 0 0/12,228,324 0|
7338d684cdSb67227112198¢cf330922a 1 0 0 28,580 0 0 1,866,494 0 0]10,782,943| 6,528,053
d67e0439636e28732e2367d24c45cfdb 4 1 25 7,466 3,597 48| 2,186,553 566,485 26| 10,718,302 0|
4443522adedeecaddaa74alo6bs4371c 1 0 0 24737 0 0 858,763 0 0| 9.860,362| 2,207,928
596a5d61530feca7031860ab3e0400bc 1 0] 0 32,293 0 0 671,607 0 0| 9,856,752 0|
f281540af78e5fa856c35e7362fe0185 1 0 0 8,250 0 0] 1,135,930 0] 0| 8,719,966 2,976
€9c9ab259686be08f1d8fd1bbb6092ca 16! 0] 0 5.000] 0 0| 2,596,923 0 0| 7,342,377 0]

Table 3. An example of 10 queries for one of the applications
with the largest number of MB spilled to the local storage

High Query Concurrency: When multiple queries run
concurrently during peak usage, memory and local storage
demands increase sharply. Spilling to remote storage helps.

Skewed Data Distribution: In distributed systems, data
partitions across multiple nodes can sometimes become
unevenly distributed or "skewed." This condition can result
in some nodes handling disproportionately larger data
volumes, exhausting local storage and leading to higher spill
rates on these nodes.

Insights from Observability Data

Analyzing observability data provides valuable insights into
spillage patterns, which often vary by time of day and
workload. In this example the highest data scan volumes
tend to occur during nighttime operations (Figure 3). While
compute clusters allocations are minimal at night (Figure 4)
and credit usage is at its lowest (Figure 5), this period also
shows the highest data spillage to local storage (Figure 6),
with average elapsed times exceeding the SLG threshold of
75 seconds (Figure 7).

Resource Requirements to Meet SLGs

Significant resources may be required to meet SLGs,
especially for complex query groups with an SLG of 75
seconds. For example, meeting this SLG often demands up
to 3,500 GB of RAM and 218 nodes (typically organized as
seven 2XL clusters), as depicted in Figure 8.

Proactive Spillage Management

Excessive spillage is a critical indicator of resource
constraints or suboptimal query design, leading to degraded
performance and increased costs. By monitoring spillage
data, especially for large or complex queries, our
observability process enables targeted interventions, such as:

e  Memory Optimization: Adjusting memory
allocations to better match query requirements.

*  Resource Allocation Adjustments: Fine-tuning
resource distributions to accommodate high-demand
periods and complex workloads.

Proactive tuning of queries with high spillage rates thus
enhances system performance, reduces query failure rates,
and achieves cost savings by optimizing resource utilization.
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Figure 3: High data scan volume per query during nighttime
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Figure 8. To meet SLG for the complex group (75 sec), 3,500 GB
of RAM and 218 nodes (seven 2XL clusters) are needed

2.4 Tuning Queries with the Largest Number of
Failures

We analyze SQL query failures for each application by
examining the frequency of errors, error codes, error
messages SQL hash values, and the associated lost execution
time and credits. Additional parameters such as data
processed and data spilled into local and remote storage,
elapsed time, execution time, wait time, and throughput per
application are also evaluated. By aggregating these metrics,
we gain insights into how the failures contribute to resource
waste and credit loss across applications.

Table 4 lists hash values and error codes for ten
representative queries with the longest failed execution
times, which guide DBAs in tuning these queries to reduce
failures.

By targeting high-failure queries, we enhance overall system
efficiency, reduce unnecessary cost expenditures, and
improve application reliability. This tuning process
mitigates financial waste and optimizes the allocation of
compute and storage resources, further aligning performance
with SLGs.

HASH VALUE ERROR |ERROR_MESSAGE_SNIPPET TOTAL  [FAILED |[FAILED [TOTAL FAILED FAILED |TOTALMB |[FAILEDMB [FAILED

_CODE EXECUTION EXECUTI [EXECUTI |EXECUTION |EXECUTION  |EXECUTI |PROCESSE [PROCESSED |MB
COUNT  |ON oN TIMESEC  [TIME SEC ON TIME D PROCESS

COUNT |PERCENT PERCENT ED
AGE AGE PERCENT

AGE
eb1107637¢56150444069cd106bb2f2e | 604]Uncaught exception of type 'STATEMENT_ERROR' on line 132 at position 0 : SQL execution canceled 1 1 100, 53,740 53,740 100 0 0 0
d1151ec6692af105511285(15777360 604/501 execution canceled 1 1 100 51,994, 51,994 100[ 8,734,360 8,734,360 100
aa58abffe9aa’blcd77e9elc3f53737a 630 Statement reached its statement or warehouse timeout of 7200 second(s) and was canceled. 2 2 100 14,399 14,399, 100 287,178 287,178 100
ced52¢9a02158241b84a2202cIc5ee36 | 100114 |Uncaught exception of type 'STATEMENT_ERROR' on line 565 at position 0 : The following string is not 4| 4 100 12,839 12,839 100, 0 0 9
73ab0cTcd3efbfa198e087baBI9d0323 | 630|Statement reached its statement or warehouse timeout of 7200 second(s) and was canceled 1 1 100, 7,199 7,199 100[ 226,614 226,614 100
dBI65e07d226a111fc6826875bd819d9 630|Statement reached its statement or warehouse timeout of 7200 second(s) and was canceled 1 1 100, 7,198 7,198 100 1,028,552 1,008,552 100
18eec32418cbbd7aaacelchdc 7771149 100114 lJnraught exception of type 'STATEMENT_ERROR' on line 565 at position 0 fhpfﬂ\lnwmg string is not 4 4 100 5,643 5,643 100 0 0 0]
5d7e5bc8a2babddecta29bef53ccilad 604|501 execution canceled 1 1 100, 5,606, 5,606 100 226,522 226522 100
tdifdfcfcaBfecD93abacbeasa25320 | 604]5QL execution canceled | 2 2 100, 4,854 4,854 100| 384,486 384,486 100
22133b508a1a097c79106733a6d70fed | 100315 Executing Stored Procedure progress timed aut after 3600 seconds in function PYTHON_WORKSHEET with H 1 1 100, 3,713 3,713 100, 0 0 0

Table 4. Hash values of the critical queries with the largest failed execution time provide value for application developers and DBAs

2.5 Value of Observability Automation

Automating observability in cloud environments provides
substantial value for optimizing cost and performance. We
automate data collection across business applications on
multiple cloud data platforms, perform workload
characterization and build detailed performance, resource
utilization, data usage, and cost profiles on an hourly basis.

We also automatically detect application performance and
cost anomalies and generate periodic reports.

Monthly analyses identify seasonal trends, patterns in
resource usage, and critical SQL queries. Applying machine
learning techniques, including regression analysis,
clustering, and classification, allows us to uncover
correlations among various factors, highlighting the
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applications, queries, and databases that substantially impact
performance and costs.

In addition, observability automation enables us to
accurately assess the minimum memory requirements
necessary to prevent excessive data spillage into local and
remote storage. By adjusting memory allocations based on
observed usage patterns, we can reduce the negative impacts
of spillage on both performance and cost.

Overall, automating observability significantly enhances the
effectiveness of tuning efforts by focusing on critical
performance and cost issues within complex hybrid multi-
cloud environments that host numerous business workloads.

By understanding the variations in resource demands,
organizations can optimize resource allocation throughout
the day, achieving improved cost efficiency and alignment
with SLGs. This proactive approach allows for more
efficient performance management and cost control,
minimizing unexpected financial and operational risks.

3. Modeling and Optimization

Our approach employs universal queueing network models
(QNM) and gradient optimization techniques applicable to
performance evaluation across different cloud data
platforms and configurations in a hybrid multi-cloud
environment. This methodology is designed to identify the
minimal configurations, tuning strategies, workload
management adjustments, and budgets necessary to meet
business SLGs for applications across all platforms. Using
observability data, we continuously create and calibrate
hourly models used to evaluate various configuration and
resource allocation scenarios, providing insights that balance
cost and performance control.

The results of our modeling process establish clear
performance and cost expectations, enabling the
implementation of a continuous, closed-loop feedback
control system. This system verifies the outcomes of
recommended configurations and enables ongoing
optimization by continuously comparing actual performance
and costs against predicted benchmarks.

We evaluated multiple modeling approaches and algorithms,
including simulation modeling, generative Al, and queueing
network models. While simulation models offer high
accuracy, they are time-expensive to build and apply.
Generative Al models, although promising, require
extensive training on diverse measurement data that may not
encompass all scenarios. Therefore, we selected queueing
network models combined with gradient optimization to
achieve the desired accuracy and efficiency for continuous
SLG compliance across applications.

3.1 Queueing Network Model

Our approach is distinct in that it integrates analytical QNMs
[7] into each step of gradient optimization, allowing us to

find the minimum configuration, workload management and
cost needed to meet SLGs for each workload.

To model the hybrid multi-cloud architecture effectively, we
developed a multi-tier, multi-server QNM, where each
server is represented by a separate QNM. The output from
one server serves as the input to another in a cascading
manner, continuing iteratively until the predicted
performance metrics stabilize.

Each server’s QNM comprises multiple nodes representing
hardware resources, such as compute nodes, storage arrays,
and interconnecting channels. Workload requests enter these
queues, waiting for service according to the configuration at
each node.

When moving workloads between platforms, we convert
CPU service time and I/O operation counts to equivalent
values on the target platform, accounting for differences in
database management system (DBMS) optimizer efficiency,
server software, and CPU performance. These conversion
coefficients are derived from TPC-DS and BEZNext’s
customized benchmark tests. [24]

We adapted the Mean Value Analysis (MVVA) algorithm [8]
to model workload management parameters such as
priorities, concurrency levels, and resource utilization limits.
The iterative, approximate MVA algorithm allowing queue
sizes to converge quickly to steady-state values is a more
efficient approach for complex multi-chain queuing
networks, where workloads share resources and requests are
processed concurrently. This approach accommodates
various service time distributions for processor-sharing
nodes and exponential distributions for FIFO queues,
providing a practical approximation of real-world
computing processes.

The QNM is calibrated to maintain accuracy by comparing
predicted and actual measured response times and adjusting
model parameters accordingly.

The optimization process aims to identify the server
configuration that minimizes cost while satisfying SLGs.
Our two-step optimization algorithm includes:

1. Redistribution of Existing Resources: In this first
step, we redistribute resources among workloads by
setting workload priorities based on each workload’s
average response time relative to SLGs. This approach
maximizes resource use within the existing
configuration.

2. Resource Allocation Adjustment: If resource
redistribution alone cannot meet SLGs, the second step
uses gradient optimization to estimate the additional
resources required. Conversely, if workloads exceed
SLGs, the algorithm calculates how much resources can
be freed, reducing costs without compromising SLG
adherence.



3.2 Gradient Optimization

Our optimization algorithm [9] begins by evaluating the
current or proposed hardware configuration. The QNM
assesses server performance metrics, focusing on the
average request response time and its components across
server resources for each workload. These response times
are then compared with the SLGs to determine the necessary
configuration adjustments. The ratio of predicted response
time to the corresponding SLG indicates the configuration
change’s amplitude, while response time components
weights provide the direction of optimization. The
optimization process is illustrated on Figure 9.

* Size of the Next Step
defined based on the ratio
between predicted
Response Time (RT) and SLG

* Direction of the Next Step
is based on a Ratios

between each component
of the RT and predicted
total RT
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Figure 9: BEZNext Queueing Network Modeling and Gradient
Optimization Process

The following steps outline the observability, modeling and
optimization process:

1. Build Workload Profiles: Compile detailed profiles
for each business workload, capturing key metrics,
including cost, performance, resource utilization, and
data usage for each interval.

2. Select Representative Time Intervals: Choose time
intervals that reflect typical workload behaviors and
patterns, ensuring that the model captures peak and off-
peak conditions.

3. Modeling and Optimization: Use QNM and gradient
optimization to determine the minimum configuration
and workload management adjustments needed to meet
SLGs for each workload at different times of day and
throughout the year.

4. Budget Calculation: Estimate costs for the optimized
configurations using specific cloud provider pricing
models, ensuring budget alignment with performance
requirements.

5. Provide Performance and Cost Expectations:
Deliver realistic expectations for performance, resource
utilization, and cost based on the optimized
configurations,  enabling  proactive cost and
performance management.

6. Verify results: Compare measurement cost and
performance with expected

This process creates a robust framework for modeling and
optimization, allowing organizations to achieve cost-
effective performance control in complex hybrid multi-

cloud environments. By  continuously  refining
configurations and resource allocations, this approach
supports ongoing FinOps decision optimization, aligning
operational costs with performance goals while
accommodating fluctuations in workload demands.

3.3 Optimization scenarios

3.3.1 Determine the minimum configuration and budget
needed to meet SLGs by each business workload

It includes finding the node types, number of nodes, storage
configuration, and memory size required during different
hours of the day, days of the month, and months of the year.
The results help recommend the most appropriate cloud data
platform based on performance and cost considerations [10].

Figure 10 shows the predicted change of the application’s
response time components as a result of reducing spilling by
30%. Predicted response time components help to determine
the current and potential performance bottlenecks for each
application on each of the cloud data platforms. They also
serve as a basis for evaluating options and determining the
minimum configuration and budget needed to continuously
meet SGs for each workload.

Figure 10. Predicted response time components
illustrating the impact of reducing spilling by 30%

Modeling and optimization are used to address various
tactical and strategic challenges. For example, during
capacity management and budget planning for next year,
modeling helps predict the minimum configuration needed
to meet SLGs for the expected increase in the number of
users by 12% per year and data growth of 10% per year.

As shown in Figures 11 and 12, modeling and optimization
predict when and what configuration changes will be
required to continuously meet SLG with the lowest cost. As
the Snowflake scale-out limit (10 clusters) is reached for
2XL VW, we recommend scaling up to 3XL and then scaling
out.
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Figure 12. Predicted size of the configuration changes needed to
meet SLGs

3.3.2 Cloud Migration Decision Optimization

Models can be used to evaluate and optimize cloud
migration decisions [11,12]. For example, the data load on-
premises takes nine days. The objective is to determine the
minimum Snowflake configuration needed to finish the
load within three days.

First, we analyze observability results on premises. Figure
15 shows the differences in CPU utilization during four
phases of loading data during 9 days. The challenge is to
determine the minimum configuration, including scaling
rules needed to parallelize data load and finish it 3 days.
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Figure 13. Change in CPU usage during four phases of data
loading on-premises before migration to the cloud.

Interval On-Prem On-prem | Snowflake | Snowflake Monthly
Time Time Clusters Cost
(hours) (Hours)
4

4/02 8am - 4/04 4am 4. 14.5 2%4XL 3,705

404 8am - 4/06 Sam 45 14.9 1*4XL 1,901

4/06 8am - 4/07 Bam 24 83 1*4XL 1,059

4/07 8am - 4/09 Bl 15.8 1*4XL 2,028

9pm

Total 174 53.5 8,693 $20,863

Table 5. Predicted minimum configuration and budget needed to
reduce load time to 3 days after migration to the cloud.

For each phase of the data load, modeling results presented
in Table 5 determine the minimum Snowflake configuration
needed to reduce load time from nine to three days.

After migrating the data load workload to the cloud, we
compared the actual, measured performance and cost with
the expected.

Cost verification

The number of credits used during 8 months after migrating
the load workload to the cloud is within 10% of expected
(Figure 14). Exception is the third month when the load
process was performed twice.

Great result!

The difference between predicted and actual cost is within 10% -m
DlakTButIon of MBI Credit Ushge By Warshouss axL
Total “ U XL
16,033 H
ko 2%
) Total = 3
was done
Al R R v S =

9,102 9415 G

—————————————————————— Predicted 8,693

Figure 14. The actual cost is within 10% of expected

Performance verification

Distribution of Daily Credit Usage by Warehouse
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Figure 15. We expected that the data load will take 3 days, but in
reality, it takes almost 4 days

The cost was predicted accurately in this example, but
additional tuning is needed to meet performance SLGs
continuously (Figure 15).

3.3.3 New application sizing

Measurement data collected during the testing of the new
applications (Figure 16) are used by modeling and
optimization to determine the minimum configuration and
budget needed to meet the SLG of new applications before
deployment in the cloud [13].
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Figure 16. Use measurement data collected during the testing of
a new application

The model predicts the impact of expected workloads and
data growth, identifying the changes required over the next
12 months (Figure 17).

O=—p——p——g | | |
2*4X Sept—Dec 5*3XL Jan - Aug
L during testing

Figure 17. The predicted time of change and size of the
Snowflake configuration are needed to meet SLG for the new
application after deployment into the cloud.

3.3.4 Building realistic budget

Modeling and optimization determine the minimum
configuration and budget needed to meet SLGs for all
existing production applications, applications which are
planned to migrate to the cloud and new applications
planned for deployment. Figure 18 shows an example of the
budget based on determining the minimum configuration
and workload management and tuning actions needed to
meet SLGs for all applications.

Modeling results set realistic cost and performance
expectations and enable organizing closed loop control.

-premises
st of supporing & e cloud

Pregicied cost of SOBE

applications

History of the monthly cost of cloud
applications existing applications next year

Figure 18 An example of a typical challenge while planning next
year budget to meet SLGs for growing business applications and
migrating applications from on-premises to the cloud, and for
newly deployed cloud-based applications.

The predicted monthly cost of supporting

4. Performance and Cost Control: Closed-
Loop Feedback System
Our methodology establishes a closed-loop performance and

cost control system by comparing actual cost and
performance metrics with predicted values. This feedback

loop continuously monitors outcomes to ensure SLGs are
met across applications (Figure 19). By refining
configurations based on real-time performance data, this
system reduces the risks of unexpected costs and
performance issues, maintaining alignment with SLGs.

Hybrid Multi- Automatic Cost and
) performance
Cloud Observation R
optimization
Verification
and control

Figure 19: Organization of the closed-loop cost optimization and
performance control.

The closed-loop process verifies the effectiveness of
recommended changes and supports ongoing optimization.
Organizations can improve resource allocation and reduce
costs across hybrid multi-cloud environments by applying
continuous modeling and optimization.

5. Summary

In this paper we introduced a comprehensive methodology
and systems approach for optimizing cost and performance
control of applications in the Hybrid Multi-Cloud
environment.

Observability and some of the modeling and optimization
functions are automated. BEZNext software can be used as
Saas or installed on customer private cloud.

The main challenge of applying our technology is an
availability of metrics characterizing applications and
queries resource usage. We overcome this challenge by
automatic model calibration.

The presented case studies illustrate the value and benefits
of our approach to optimizing application costs and
controlling performance in complex hybrid multi-cloud
environments. Cost savings and performance control are
achieved by automating the observability process and
focusing tuning efforts on the most resource-intensive and
cost-consuming applications, queries, and databases.

This includes targeting queries and applications with the
largest volume of data spilled to local and remote storage and
those with the greatest time lost due to query failures.

We apply queueing network models and gradient
optimization to evaluate options and optimize strategic cloud
decisions by determining the minimum configuration,
workload management, resource allocation, and budget
needed to meet SLGs cost-effectively for all applications on
all cloud data platforms.

Finally, we provide cost and performance expectations based
on the modeling results. It facilitates closed-loop feedback
cost optimization and performance control, reducing the risk
of performance surprises in hybrid multi-cloud
environments.

The presented case studies cover the benefits of our solutions
for a wide range of projects, starting with the sizing of new
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applications before deployment to the cloud, appropriate
cloud platform selection, optimizing cloud migration
decisions, and organizing dynamic capacity management
applications in the Hybrid Multi-Cloud environment.

We demonstrated in our case study that the difference
between the measured and predicted costs is within 10%.

6. Future Work

The Al Hybrid Multi-Cloud world is expanding rapidly,
introducing new technologies, platforms, and countless
options. Cloud decisions must consider not only cost and
performance, but also storage options, the carbon footprint
across different platforms, and other relevant factors. As a
result, organizations face a complex multi- objective
optimization.

We will continue to prioritize resource investments based on
customer requirements and emerging technology trends.

In particular, we intend to enhance observability automation,
evaluation of the cloud storage options, improve cost and
performance recommendations and support multi- objective
optimization.

In addition, we plan to reengineer our software by deploying
specialized Al agents for data collection, workload
characterization, and continuous comparison of observed
and expected results.

We will also strengthen closed-loop feedback control.

Finally, we intend to expand and improve cost optimization
and performance control across new cloud data platforms.
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