THE UNIVERSITY OF CHICAGO

IMPROVING DATA’S UTILITY

A DISSERTATION SUBMITTED TO
THE FACULTY OF THE DIVISION OF THE PHYSICAL SCIENCES
IN CANDIDACY FOR THE DEGREE OF
DOCTOR OF PHILOSOPHY

DEPARTMENT OF COMPUTER SCIENCE

BY
TAPAN SRIVASTAVA

CHICAGO, ILLINOIS
JUNE 2026



(©) 2026 by Tapan Srivastava
ORCID iD: https://orcid.org/0009-0000-8592-4218



To my Baba, the kindest person I've ever met. I hope I am like you in all the most
important ways.
And to my four nieces, Ananya, Anisha, Asha, and Nithya, who bring me so much joy and

who I hope I get to share my favorite movies with for many years to come.



“I do not know which one of us has written this page.”

— Jorge Luis Borges, Borges and [



CONTENTS

LIST OF FIGURES . . . . . . . e
LIST OF TABLES . . . . . .
ACKNOWLEDGMENTS . . . . .. e
ABSTRACT . . . e
1 INTRODUCTION . . . . . e e e
1.1 Managing Data in the Cloud . . . . . . . . ... ... ... ... .. ....
1.2 Current Approaches to Data Management Problems . . . . . . ... ... ..
1.3 Gaining Utility from Data . . . . . . .. .. .. ...
1.4 Thesis Statement . . . . . . . .. ..
1.5 Dissertation Contributions and Outline . . . . . .. .. ... ... ... ...
DATA MANAGEMENT AND DATA UTILITY . . . .. ... ... ... .....
2.1 Data Management in the Cloud . . . . .. .. ... ... ... ... ....
2.2 A Model for Data Value and Utility . . . . . .. .. ... ... ... ... ..
2.3 Conclusion . . . . . ...

SAVING MONEY FOR ANALYTICAL WORKLOADS IN THE CLOUD
3.1 Introduction . . . . . . . ..
3.2 Background and Opportunities . . . . . . . .. ... L.
3.2.1 Executing Analytics Workloads in the Cloud . . . . . . ... ... ..
3.2.2  Cost Saving Opportunity and Challenges . . . . . . . ... ... ...
3.2.3 Problem Statement and Approach . . . . . .. ... ... ...
3.3 Imter-Query Execution Plan . . . . . .. .. ... 00000
3.3.1 Algorithmic Setup and Goal . . . . . . ... .. ... ... ... ..
3.3.2 Inter-Query Algorithm . . . . . . . ... .. ... ...
3.4 Intra-Query Execution Plan . . . . . . . .. .. .. .00
3.4.1 Algorithmic Setup and Goal . . . . . . .. ... .. ... .. .....
3.4.2 Identifying Profitable Cuts . . . . . . . . .. .. ... ... ......
3.4.3 Intra-Query Algorithm . . . . . . ... ...
3.5 Arachne Overview . . . . . . . . . . .. ..
3.5.1 Overview . . . . .
3.5.2 Profiler Module . . . . . ... . ...
3.5.3 Cost-Relevant Implementation Details . . . . . .. .. ... .. ...
3.6 Evaluation . . . . .. ...
3.6.1 Workloads . . . . . . . .
3.6.2 Experimental Setup . . . . . . .. ...
3.6.3 RQ1. Inter-Query Processing . . . . . ... ... ... ... .. ..
3.6.4 RQ2. Intra-Query Processing . . . . . ... .. .. ... ...

v



3.6.5 RQ3. Simulating Different Cloud Costs . . . . . . . . ... ... ... 51

3.6.6 RQ4: Profiling Cost Microbenchmarks . . . . . .. .. ... ... .. 53

3.7 Related Work . . . . . . . . . 56

3.8 Conclusion . . . . . . . . . . 58

4 MORE EFFICIENTLY MANAGING DATA WITH A VALUE OF DATA INDICA-

TOR . . . e 59

4.1 Introduction . . . . . . . .. 59

4.2 How the Value of Data Indicator Can Benefit Data Managers . . . . . . . . . 63

4.2.1 Categories of Data Management Problems . . . . . . .. .. ... .. 64

4.2.2 How To Access the Value of Data Indicator . . . . . ... ... ... 67

4.3 Modeling The Value of Data Indicator . . . . .. ... ... ... ... ... 69
4.3.1 Model Overview and Inputs Needed to Compute the Value of Data

Indicator . . . . . . . . .. 69

4.3.2 How the Value of Data Indicator Improves Over Common Approaches 70

4.4 How To Compute the Value of Data Indicator . . . . . . .. ... ... ... 73

4.4.1 Calculating the Value of Data Indicator. . . . . . . ... .. ... .. 73

4.4.2 Eliciting Task Values from Data Users . . . . ... ... .. .. ... 7

4.4.3 How Granularity Impacts the Value of Data . . . . . . ... ... .. 79

4.5 Implementing the Value of Data Indicator . . . . . . . ... ... ... ... 80

4.5.1 Unity Catalog-Based Implementation . . . . . .. ... ... ..... 81

4.5.2 Supporting Finer Granularities . . . . . . . .. ... ... ... ... 82

4.6 Evaluation . . . . . . .. L 84

4.6.1 RQ1: Efficacy of the Value of Data Indicator . . . . . . .. ... ... 84

4.6.2 RQ2: Overhead . . . . . . . . . . .. ... 98

4.7 Related Work . . . . . . . 101

4.8 Conclusion . . . . . . . . e 104

5 GAINING INSIGHT INTO SPECIFIC DATA MANAGEMENT SCENARIOS . . 105

5.1 Imtroduction . . . . . . . . . 105

5.2 Eudoxia: a FaaS scheduling simulator for the composable lakehouse . . . . . 105
5.3 Programmable Dataflows: Abstraction and Programming Model for Data

Sharing . . . . . . .. 106

54 Conclusion . . . . . . . .. 107

6 CONCLUSIONS AND FUTURE WORK . . . . . .. .. ... ... ... .... 108

REFERENCES . . . . . . e 111

vi



3.1

3.2

3.3

3.4
3.5

3.6

3.7

3.8

3.9

3.10

3.11

3.12

4.1

4.2

4.3

4.4

4.5

4.6

4.7

LIST OF FIGURES

Size scanned (TB) vs. runtime (hours). Boundary for $6.25/TB (pay-per-byte)
vs. $1/hour (pay-per-compute). . . . . . ... oo
Bipartite model. Node top is query savings o4 or migration cost y¢. Node bottom
is upper bound v; or lower bound vy. We show how this value is calculated for t3

The plans considered with a 3 hour runtime bound. Plan B saves the most money
within 3 hours so it is chosen. . . . . . . . . . .. ..o
Arachne architecture and execution backends. . . . . . .. ... ... ... ...
(1TB A4—G, G—A4) Cost (USD) vs runtime (hours) for W-CPU, W-IO, and
MIXED workload compositions . . . . . . . . ... ...
(1TB) Arachne migration costs, cost of queries moved, and cost of queries remain-
ing versus baseline. . . . . ... Lo
Cost (USD) vs runtime (hours) for 1-2TB datasets with MULTI plans over Red-
shift and BigQuery. . . . . . . . . L
Query costs normalized to most expensive plan for Arachne’s intra-query plan vs
BigQuery, DuckDB, and DuckDB with Arachne-produced text (Alt Syntax).

(G—A4, Ad—G 1TB) % savings for inter-query plans vs. BigQuery or egress
prices on Resource Balance Workloads . . . . . . .. ... ... ... ... ...
(G—A1 1TB) Inter-query results varying either BigQuery or egress price on Read-
Heavy Workloads . . . . . . . . . . .
(1TB G—A4) % Savings and speedup of Arachne for Read-Heavy 22 vs. BigQuery
and egress price. . . ... L L

(G—A4) Cost (USD) vs days and data size (TB) . . .. ... ... ... ....

Sample content for the Data Value table, which contains information to access
the value of data indicator. . . . . . . . . . . ...
Tasks, with value (1) shown in diamonds, access (2) relevant data elements (3).
Data elements accrue value (4) from each task that accesses it, and users access
this value. . . . . . . .
Distribution of Normalized Table Values Across 100 Draws of Query Values from
Zipf Distribution at Table granularity. Compare the Full, Equal, or Cardinality
division strategies. Red line is Frequency-based value assignment. . . . . . . ..
Distribution of Normalized Table Values Across 100 Draws of Query Values from
Zipf Distribution at Column granularity. Compare the Full, Equal, or Cardinality
division strategies. Red line is Frequency-based value assignment. . . . . . . ..
Distribution of Table Values Across 100 Draws of Query Values from Zipf Distri-
bution shown for the Table, Column, and Row Group granularities. . . . . . . .
Speedup of Value of Data strategy over LRU for Top K valued queries with
updating data values. Disk size 5,0GB. . . . . . . . .. ... ... ...
Speedup of Value of Data strategy over LRU for Top K valued queries with
updating data values. . . . . . . . ...

vii

19



4.8

4.9

4.10

4.11

4.12

4.13

4.14

Speedup of Value of Data strategy over LRU for Top K valued queries with static

data values. Disk size 5.0GB. . . . . . . . ... 87
Speedup of Value of Data strategy over LRU for Top K valued queries with static
data values. . . . . . . .. 87
Percent difference in workload value for Value of Data versus the Frequent and

Random strategies versus percent of data elements prepared for each of the 5
different value assignment methods. . . . . . . . . .. ... 000 91
Percent difference in workload value for Value of Data over Frequent and Random
strategies versus percent of data elements prepared for the most skewed value
assignment, Value 1000. . . . . . . . . . . . 92
Total workload utility of VOD strategy versus Random and Frequent across 5
different task value assignments for choosing how to sort data on TPC-DS (30GB) 96

Comparing Vanilla, Register, Column, and Rowgroup implementations on TPC-
H 1TB on 1-node Spark . . . . . . . . . . . . . 99
Comparing Vanilla, Register, Column, and Rowgroup implementations on TPC-
H 1TB on 4-node Spark . . . . . . . . . . . . . . . .. 99

viil



3.1

3.2
3.3
3.4
3.5

LIST OF TABLES

Prices for pay-per-compute (PPC), pay-per-byte (PPB), storage, and egress. Sys-

tems in evaluation are bolded. . . . . . . . . ..o Lo 22
Inter-query plan-type by setup at 1'TB and 2TB. . . . .. .. ... ... .... 44
Absolute baseline and Arachne intra-query costs. . . . . . . .. ... ... ... 49
Runtime (seconds) for baselines and Arachne plans. . . . . . ... ... ... .. 51
Profiling costs, iters to earn back profiling costs, and est. error for 15, 25, 50, and

100% samples (G—A1 1TB). . . . .. ... 57

1X



ACKNOWLEDGMENTS

I want to first thank my advisor, Raul Castro Fernandez, for his time and mentorship over
these years. I have grown as a researcher and worker in Raul’s lab, and he inspires me to
aggressively pursue the highest possible standards for myself and my work. Most of the
projects I worked on during this degree have been primarily just the two of us, and I have
grown significantly as a result of working so closely with Raul. I also want to thank my
committee members, Aaron Elmore and Michael Franklin, both of whom provided me with
valuable feedback. I have learned a lot TA’ing classes for both of them and getting to work
with them in teaching environments. I appreciate your help and guidance through my degree.

I am thankful for my lab mates, who provided companionship and compassion during
my degree. In particular, talking with Chris Zhu has calmed me down from many spikes of
anxiety, and being able to give Chris advice during his degree has been very rewarding for
me and has acted as a way to see how far I'd come myself.

Finally, I am thankful for my family and the many friends I've made. To my partner,
Hartrich, who I simply would not have survived without. I have cherished every moment
of our seven years together, and I am incredibly excited for the many more years together
to come. There are more friends than I can possibly name, but I'll try: to Lauren, Jake,
Pouya, Anup, Renée, Andy and Evie and Cosmo, Laura and Hope, Jill, Dan, Owen, Ted,
Ethan, Arjun, Noah, Zene, Sheldon, Trevor, Mihir, and all the other friends whom I haven’t
named. Your friendship means more to me than can be expressed, and I love you all deeply.

And to my family: my Amma and Papa, my Dada and Didi, Bhavya and Travis, and
most especially to my four nieces, Ananya, Anisha, Asha, and Nithya, I am eternally grateful
for your love and support. I would not be here without you all.

Any accomplishments in my life are due to the strong support system I have around me,
tremendous luck and privilege, and hard work. I am deeply indebted to those who prop me
up and enable me to be better every day. Thank you, all.

X



ABSTRACT

Users must make many different data management decisions about how to store, transform,
and process their data in the cloud to best serve organizational goals. Because cloud services
employ on-demand pricing models, dimensions such as monetary costs are just as important
as task performance when evaluating the efficacy of a potential data management decision.

These problems each require different expertise and concern different data systems and
are thus often solved in isolation using a mixture of heuristic signals, monitoring tools to
detect issues, and manual investigation and tuning. We argue that across seemingly disparate
data management problems, these approaches could be improved by identifying a common
signal that directly indicates the benefit an organization achieves from its data. This benefit,
called data utility, is a function of the value achieved from tasks run on data and the costs
of running tasks and maintaining data. Though the particular utility function may vary
between data managers and organizations, data’s utility can be increased by reducing costs
or improving the value achieved from tasks on that data.

This dissertation presents solutions that improve data’s utility by building cheaper execu-
tion plans across multiple cloud data warehouses for analytical workloads and which provide
users with an indicator for the value they have achieved from their data as a signal to make
better data management decisions. These solutions together provide concrete mechanisms

to enable users to directly interact with and improve their data’s utility.
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CHAPTER 1
INTRODUCTION

1.1 Managing Data in the Cloud

Cloud vendors, such as Amazon Web Services (AWS), Microsoft Azure, or Google Cloud
Platform (GCP), provide computing resources over the internet like scalable storage, elastic
virtual machines, and platform-as-a-service offerings which enable efficient data processing
while fully managing all underlying infrastructure. For example, Amazon Redshift [Gupta
et al., 2015] or Google BigQuery [BigQuery| provide fully managed analytical databases
which organizations can pay for on-demand to run SQL queries.

Users, ranging from individuals and small startups to large, international companies,
configure and use these cloud services to store, transform, and analyze their data in the
cloud. For instance, users may decide to store data in centralized repository like a data
lake for ease of access, to manually prepare data using cloud compute resources to ensure
accuracy for key tasks, to allocate some resources to a cloud data warehouse to run analytical
SQL queries, and so on.

Users aim to efficiently decide what services to use and how to configure them in ways
that best serve organizational goals. For instance, for users with strict monetary budgets, a
cloud setup that keeps costs low even at the cost of some performance degradation is more
efficient than an expensive cloud setup that achieves the best performance.

Because users run a wide range of tasks on their data—such as batch workloads like
fraud detection pipelines or interactive queries run by business analysts exploring datasets—
determining a cloud setup which efficiently serves organizational goals is a complex problem.
Users’ goals may also change, requiring them to identify how to efficiently modify their cloud
setup to meet these new goals better.

Each decision about what system to use, how to configure it, and what processes to
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implement on it, are seemingly disparate decisions requiring different expertise. For instance,
deciding how to run analytical tasks, like SQL queries or Python notebooks, requires an
understanding of cloud data warehouses, data lakes and storage formats, and data ingestion
and transformation pipelines along with how to configure these complex systems to best meet
organizational goals. In contrast, a user deciding what data should be prepared manually
requires understanding what tasks are sensitive to data quality, the quality of the data, and
how many resources are required to prepare a piece of data, among other factors.

Consequently, data managers—or those users responsible for making these decisions such
as engineers, administrators, or analysts—often approach each decision individually, applying
bespoke solutions to each which often cannot be applied to other problems.

Making efficient data management decisions is critical for organizations. For instance,
companies that use AWS S3 Intelligent tiering, which automatically archives data based on
data age and access frequency, to solve their data lifecycle problems have saved $6 billion
since 2018 compared to those who used AWS S3 standard storage [Amazon S3 Intelligent-
Tiering|. However, poor solutions to these problems can similarly hurt an organization; for
example, organizations lose $12.9 million annually on average because data quality was poor
for key tasks |Gitnux, 2026].

However, data managers often cannot feasibly solve these problems perfectly; for instance,
identifying what storage tier data should be stored in to minimize costs while maintaining
performance for key tasks would require evaluating many different assignments of data to
storage tiers, subdividing data into different pieces to assign to different tiers, and measuring
query performance and overall costs to ensure that goals are met. This approach would likely
require an infeasible amount of human time and resources.

Data managers thus rely on techniques that aim to approximate an efficient solution to
these complex problems, such as signals like access frequency to guide data lifecycle decisions

or cloud tools like those for data monitoring and observability. However, these may guide



data managers to inefficient decisions which do not best align with organizational goals. For
instance, relying solely on a proxy heuristic like data access frequency to decide whether to
archive data may significantly slow down a key task that accesses data infrequently even
though maintaining its performance is a major goal for the organization. Furthermore, these
techniques often still require data managers to perform significant manual work, such as
defining specific data lifecycle rules to govern when data moves to archival storage.

These approaches could be improved by identifying a common signal applicable across
these problems which directly indicates how well a data management decision achieves orga-
nizational goals. This signal could be used to find more efficient solutions and can be applied

across a range of different data management problems.

1.2 Current Approaches to Data Management Problems

We now summarize some current approaches for specific data management problems and
discuss the limitations present with these approaches. One key data management problem
is identifying and removing bottlenecks in data governance. Architecturally, the data mesh
paradigm |[Dehghani, 2020| delegates data ownership to domain teams rather than small,
centralized teams to remove bottlenecks from a tremendous amount of data governance
work being handled by a small team. However, this approach requires each domain team to
have data engineers capable of handling governance and significant organizational effort to
implement this paradigm, making it infeasible for many organizations to adopt.

Some approaches similarly aim to mitigate or remove bottlenecks in data migration and
transformation. The data lakehouse [Armbrust et al., 2021] provides a unified platform for
both data lake and data warehouse which provides several benefits, including reducing stor-
age costs, data redundancy, and costs of extract, transform, load (ETL) processes. The
zero-ETL paradigm [Heroor, 2024| similarly aims to reduce the latency and complexity of

ETL pipelines, which may be brittle to changes in the data source or downstream tables,
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by using real-time updates from data sources to update downstream tables via change data
capture (CDC) systems. However, both of these approaches have downsides: the lakehouse
paradigm may not be able to achieve the same performance as a data warehouse for key
workloads, and the zero-ETL paradigm may not be able to handle all transformations re-
quired by workloads and can introduce latency to source systems that have many updates.
Thus, data managers must still manually weigh the tradeoffs of these approaches in the
context of their own data, tasks, and organizational goals.

Another key data management problem is data lifecycle management. Cloud vendors offer
multiple storage tiers which trade off monetary costs for data access latency. Data managers
must decide what data to store in what storage tier. One approach is to perform rule-based
static tiering [Khan et al., 2023|, where rules are defined as if-then statements based on
signals such as data age or access frequency to decide what tier to store data in. These rules
are either manually written by data managers or inferred based on proxy heuristics like access
frequency. Other methods like AWS Intelligent Tiering [Amazon S3 Intelligent-Tiering| use
access frequency and predict future access patterns to make more efficient storage decisions.
However, these approaches all rely on signals that can be imperfect proxies for organizational
goals and thus could lead to inefficient decisions or require significant manual effort by data
managers to make these decisions.

Beyond concerns about data storage or migration between systems, data managers often
simply want to reduce monetary costs spent in the cloud. However, these costs are incurred
from many services, so there are various existing approaches to save money focusing on a
single source of cloud cost. To reduce storage and maintenance costs, data managers apply
deduplication techniques which use hash functions to find duplicate data blocks and compress
data [Chen, 2024]. However, deduplicating data is a computationally expensive process, so
data managers must still manually decide which datasets would be most efficient to dedupli-

cate. To reduce SQL query costs, data managers may manually try to rewrite SQL queries



more efficiently to reduce the amount of data scanned and thus reduce costs [BigQuery Op-
timize Query Computation]|. Data managers may rely on consulting groups like the DuckBill
Group, CloudZero, or McKinsey |The Duckbill Group, CloudZero, McKinsey]|, which provide
setup-specific recommendations like turning off unused resources or using reserved instance
pricing, to save costs; or, data managers may build in hard budget constraints to each team
in their cloud setup and use cloud vendors to enforce these project quotas to prevent teams
from exceeding their budget [Williams and Joshi, 2023|. These approaches all ultimately re-
quire data managers to manually understand the needs of the organization and the tradeoffs
between costs and value for different tasks to identify an efficient decision. We illustrate this
in the following example.

Example 1.1: An organization stores multiple relational tables in the standard Amazon
S8 blob storage tier, with each table stored in multiple Apache Parquet files, and databases
directly scan data from S8 to run queries. Observing that the total cloud expenditure on
storage and data access in the last two quarters has exceeded budget estimates, a financial
officer asks a data manager to reduce monetary costs for storage for the next quarter.

The data manager aims to save money by moving some data to cheaper storage tiers,
such as S3 Glacier, which charges less for storage but increases latency to retrieve data
from milliseconds to minutes or hours. The data manager chooses to use access frequency
to guide their decision, storing the least frequently used tables in cheaper storage until the
savings goal is met. Some tables, which are only stored for financial compliance but are
not accessed by queries otherwise, are moved to Glacier, while tables accessed multiple times
every day to run key services are kept in the standard S3 storage tier. However, there is
one table that is accessed infrequently, only a few times a month, that is moved to Glacier
storage. Soon after, though the monetary savings goal is achieved, the data manager receives
an alert that a system that makes recommendations to users on what content to watch has

been disrupted. Upon investigating, they find that the service retrains less frequently but



uses the infrequently accessed table and long-term historical data, which have been moved to
Glacier. The increased read latency delayed the retraining process, leading to a degradation in
the quality of recommendations and a loss in customer satisfaction and retention. [McDowell,
2025, Noble, 2025]

Example 1.1 illustrates how relying on a simpler proxy heuristic like access frequency as
a signal can lead to decisions that are detrimental to an organization. In this case, the data
manager did not understand the importance of the tasks using the infrequently accessed
table, and as a result negatively impacted an important task unintentionally.

In addition to relying on signals, data managers also rely on monitoring and observability
tools [Uber Monitoring Data Quality|, like Monte Carlo [Monte Carlo| or Bigeye [Bigeye,
which capture metadata, trace data lineage, and handle anomaly detection. These tools are
used in part to alert data managers when a potential problem arises, often in the context of
data quality, such as a drift in a data distribution that could require manual preparation.
However, these alerts, such as anomaly detection, are themselves still an imperfect signal for
potential data quality issues; for instance, the distribution of a dataset may have genuinely
drifted over time or the anomalies observed may be valid data points rather than being a sign
of deteriorating quality. While these tools can direct data managers to potential problems
and provide key information to help to investigate these problems, data managers must still
do significant manual work to identify if a problem truly exists, develop a potential solution,
and implement that solution.

Though tools exist to address specific data management problems, such as data lifecycle
management, cost reduction, or data quality monitoring, these tools still require significant
manual effort from data managers, and this manual effort cannot be easily amortized across
different problems—e.g., AWS S3 Intelligent Tiering may be an effective solution for data

lifecycle management but cannot easily identify what data to prioritize for preparation.



1.3 Gaining Utility from Data

We argue that across the many data management problems they face, users aim to balance
the costs paid with the value extracted from using their data to complete tasks. Data utility,
as defined in [Castro Fernandez, 2025|, is a function of the value achieved from running tasks
on data and the costs paid to achieve that value. This utility function may vary between
organizations and individuals, as different entities may differ in how they aim to balance
costs and value.

When a task executes, such as a SQL query used to populate a dashboard, an organi-
zation gains some insight from that dashboard, and those insights have some value to the
organization. This value could be strictly monetary—such as the revenue achieved from a
service, or the money saved from reducing costs—or could be represented in other units,
such as customer satisfaction or human time expended.

The value of these insights depends on how well the task is written and the data it
accesses. For instance, if a dashboard is used to decide where to place an advertisement to
increase revenue, the quality of the insight depends on the dashboard being well-designed
and on the quality of data used to build the dashboard, such as whether the data is relevant,
clean, and up-to-date. Thus, some of the value of a task is determined by the data used to
complete it.

There are costs incurred from gaining these insights. For instance, running a SQL query
incurs monetary costs from the cloud database, storing data incurs storage costs, manual
preparation incurs human time, and so on. Thus, the utility of a task, or of data, represents
the net benefit of that task or data to an organization, factoring in both the value gained
and the costs incurred.

Solutions that aim to improve data’s utility by balancing value and costs can guide more
efficient data management decisions, which we illustrate in the following example.

Example 1.2 A team executes a nightly batch workload of many SQL queries to detect
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fraudulent transactions from the day’s transaction logs. The engineering manager for this
team observes an opportunity to improve the utility gained from this workload. The results
of this workload are read manually by analysts the next morning at 10 am, but the workload
typically completes around 5 am. This workload incurs significant query costs on cloud data
warehouses. The engineering manager thus observes that reducing costs, even if doing so
increases the runtime of the workload by a few hours, would not impact the value of the
workload but could significantly reduce costs, dramatically improving utility.  |BigQuery
Reliability]

Example 1.2 illustrates how using utility can guide data managers to a more efficient data
management solution, in this case finding an execution plan for a latency-insensitive batch
workload. Beyond this example, we observe that utility captures a holistic picture of the
benefit that data has contributed to all tasks across an organization, so utility is applicable
in multiple different data management scenarios, such as data lifecycle or data preparation
decisions. We now illustrate how the data lifecycle solution described in Example 1.1 can be
improved with insights into the utility of data.

Example 1.1 (Continued) In Example 1.1, an analyst placed key data that is accessed
infrequently in Glacier storage, itmpacting the performance of training for a recommendation
system. While costs decreased, the corresponding loss in value from that task outweighed the
benefit from cost reduction. Instead, the analyst could place the data with the highest utility
in the most expensive storage tier and the data with the lowest utility in Glacier storage.
Utility would guide the analyst to keep that key data in faster storage, as the tasks accessing
it are extremely valuable. This approach would migrate data used rarely by unimportant tasks
to Glacier.

Problem Statement. We now formally present the problem we address. We aim to
identify a signal that guides data managers to more effective data management decisions

across a range of problems, and we aim to implement tools that leverage this signal to



enable data managers to better serve their organizational goals.

1.4 Thesis Statement

Efficiently deciding how to configure and use cloud services to store, transform, and analyze
data requires balancing the value gained from tasks and the costs of gaining that value. In
this dissertation, we argue that data’s utility, which is a function of costs and the value
achieved from tasks, is a signal that can more directly guide efficient data management
decisions. We present solutions that build cheaper execution plans across multiple cloud
data warehouses for SQL workloads and which provide an indicator for the value of data to
enable better data management decisions. These solutions provide concrete mechanisms for

users to directly interact with and improve their data’s utility.

1.5 Dissertation Contributions and Outline

This dissertation proposes solutions that rely on data utility to guide more efficient data
management decisions, which in turn can improve the utility of an organization’s data. The

remainder of the dissertation is organized as follows:

e Chapter 2: Data Management and Data Utility. We first illustrate how data
management is handled at organizations today, exploring the tools that exist, the
techniques used by data managers, and what challenges data managers face. We then
formally define data value and data utility and discuss how these definitions interact

with data management.

e Chapter 3: Saving Money for Analytical Workloads in the Cloud. Chap-
ter 3 exploits an opportunity to improve utility for users running SQL workloads in
cloud data warehouses by utilizing multiple pricing models across different cloud data

warehouses to find general cost savings opportunities. We propose two algorithms that
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exploit monetary savings opportunities and build a prototype, ARACHNE, which im-
plements these algorithms and achieves significant savings using multi-cloud execution
plans. These solutions improve utility for users by reducing cloud costs under a run-
time SLA to ensure that users still gain the same value from their tasks [Srivastava

and Fernandez, 2024].

Chapter 4: Better Data Management Through an Indicator for the Value
of Data. In Chapter 4, we propose an indicator for the value of an organization’s
data, which data managers can leverage as a signal to guide better data management
decisions compared to existing approaches. We present a relational interface through
which data managers can access the indicator, summarize a model for the value and
utility of data, and describe how we compute the indicator. We implement the value
of data indicator on Databricks” Unity Catalog and Apache Spark and illustrate em-
pirically that the value of data indicator can identify more efficient data management

solutions while its implementation adds minimal overhead to query performance.

Chapter 5: Other Works Which Explore Utility in Data Management Prob-
lems. In Chapter 5, we present two works that explore different data management
problems and how organizations today approach these problems. We first present
Fudozxia [Srivastava et al., 2025, a scheduling simulator that builds a simulator to
evaluate how different scheduling algorithms would impact the cost and performance
for a composable lakehouse running on cloud infrastructure. This simulator enables
developers to identify what design choice would yield the best utility for their system
and customers. We then present Programmable Dataflows |Xia et al., 2024, which
defines a data sharing abstraction called the contract to facilitate data sharing. This
abstraction enables users to weigh the risks and benefits of sharing data with other
entities, to more effectively identify when data sharing would benefit them, and to find

consensus between all relevant users. These works illustrate concrete data management
10



scenarios today and present bespoke solutions designed specifically for these scenarios.

e Chapter 6: Conclusion. Finally, in Chapter 6, we summarize the contributions of
the dissertation and outline avenues for future work in building tools which enable

users to observe, interact with, and improve the utility of their data.
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CHAPTER 2
DATA MANAGEMENT AND DATA UTILITY

2.1 Data Management in the Cloud

Organizations gain insights from their data by executing tasks, such as code or manual
processes, over their data. These tasks could be as simple as printing the schema of a
relational table or as complex as a pipeline constructed of many subordinate tasks that run
together to detect fraudulent transactions.

Organizations must decide how to store, transform, and process data in the cloud to gain
these insights. These decisions include managing costs, allocating resources to computing
tasks, and deciding what data to manually prepare, among many others. Efficient decisions
to these problems balance the value of tasks run on data with the costs of doing so to
best serve task-specific or organizational goals, such as latency constraints for a workload or
broader goals to reduce cloud costs. For a small organization with only one major product,
it may be easier for a single data manager to understand how each decision will impact
organizational goals. For a larger organization, where each team may be unaware of other
team’s goals and what tasks those teams run, efficiently managing data is a complex problem
for data managers to solve.

Data management problems are not specific to cloud environments, though specific fea-
tures of the cloud present new dimensions to data management problems. In on-premise
environments, where organizations purchase and operate infrastructure to store and process
data, data managers face important and complex data management problems, such as de-
ciding what data to store in limited memory, how to maintain high resource utilization, or
how to maximize performance. However, we study data management problems in cloud en-
vironments because of the widespread use of the cloud today. In cloud environments, these

data management problems have evolved because of the pay-per-usage pricing model offered
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by cloud vendors in contrast to the up-front costs of on-premise data management. In these
environments, data managers are interested in dimensions beyond just query performance or
resource utilization, such as monetary costs, in addition to the quality of insights extracted
from their data by tasks.

The types of problems encountered also depend on the workloads being run and the
cloud services chosen by data managers. For instance, organizations running exclusively
analytical SQL queries on static data may face problems primarily focused on configuring
and optimizing the use of their cloud online analytical processing (OLAP) database. In
contrast, organizations that execute expensive ETL pipelines and repeatedly train machine
learning models may primarily face problems concerning data quality and freshness.

Thus, addressing these problems requires data managers to understand many pieces of
information: how a potential solution impacts their data, how that will in turn impact
tasks run on that data, and finally how that will impact the organizational goals. Gaining
the information needed to precisely understand those relationships is complex—it requires
mechanisms to understand what data is relevant for a given task, how a change to that data
could impact the usefulness of a task, and how useful a task is in general to an organization.
Gathering some of these pieces of information may need to occur during task execution. For
instance, identifying the rows of a table relevant to a SQL query may need to be collected
during query execution. For larger organizations running many different tasks across many
different teams, gathering this context manually becomes increasingly complex, making it
difficult for data managers to make efficient decisions. We illustrate this point in the following
two examples.

Example 2.1: A mid-sized online platform operates several independent services: a
booking system, a search service, and a mobile app. Fach system emits its own logs and
transactional records, designed primarily for operational needs rather than analysis. Over

time, these data sources are connected to a shared data platform. A small infrastructure team
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builds ingestion pipelines that extract data from production databases and logs, normalize
schemas, and load them into a central data lake. However, the data is still not fully compatible
because schemas evolve independently, timestamps are inconsistent, and identifiers do not
always align. As a result, the platform team maintains a growing collection of manually
written ingestion and cleaning jobs, each tailored to a specific source. Failures are common
when upstream systems change, and fixes are often reactive.

Example 2.2: Analysts and engineers at a mid-sized company begin creating derived
datasets from their centralized data stored in a data lake, such as a daily bookings table,
a user engagement metric table, or a denormalized search sessions table. These derived
datasets emerge organically as different teams address different data management problems
individually; for instance, two analysts may independently define slightly different versions
of “active users,” each backed by separate transformation pipelines. As derived datasets
become widely used, and tasks or other data come to depend on these derived datasets, data
managers must manage data stored on the shared centralized platform to ensure that these
derived datasets are easily accessible and all ETL/ELT pipelines run efficiently and correctly;
further, these managers may wish to identify and delete duplicate datasets to reduce costs
and confusion and perform a range of other optimizations.

In Example 2.1, the infrastructure team must make a range of decisions about how to
best transform operational data and store the resulting derived data in a data lake to best
serve the analytical tasks that will run on this transformed data. In Example 2.2, we see
that data managers also manage data produced by many different teams and tasks, adding
further complexity to the many dimensions they already have to consider.

Existing solutions, such as heuristic signals like access frequency, to these problems still
require data managers to manually solve many problems, and these solutions may guide
decisions which do not best meet organizational goals. As such, using the utility of data as a

signal when approaching data management problems can yield more efficient solutions that
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more directly benefit organizations.

2.2 A Model for Data Value and Utility

We now present a concrete model for reasoning about the value and utility of data as proposed
by Castro Fernandez [Castro Fernandez, 2025|. Under this model, an agent is an entity with
the capacity to represent, store, and process data. Agents execute tasks, which are some
computation that runs over data. Tasks could be completed manually by humans or by
computer programs and may be composed of many subordinate tasks. For instance, a task
could require a SQL query run over relational data, and the results of that are then used
by a Python notebook to train a machine learning model. Tasks are executed to fill an
information need for the agent. In other words, every task is ultimately used to gain
some insight or answer a question posed by an agent. Certain information needs are more
important to agents than others. For instance, identifying a set of fraudulent transactions
may be far more important to an organization than generating a report of social media
interactions on advertising for a single month. As such, different tasks have different levels
of importance to agents.

Under the model proposed by Castro Fernandez, there are two types of data value,
intrinsic value and instrumental value. Data’s intrinsic value is what it is worth in and
of itself. This is the value of that data simply existing. Data’s instrumental value is its value
as it is used to solve tasks. In this dissertation, when we discuss value we are referring to
instrumental value, as we are interested in how organizations gain information from their
data and what data is most useful for tasks.

Under the instrumental view of data value, data accrues value when it is used by tasks to
fill an information need. This data value is a function of its contribution to a task and the
importance of that task to an agent, such as an engineer, team, or organization. However,

there are costs incurred to compute tasks and prepare data for those tasks, such as query
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costs in a data warehouse, storage costs, or the human time needed to manually clean and
prepare data. Thus, in this model the utility of data is the net benefit that data provides
to an organization. Utility is a function both of the value that data has contributed to a
task and the costs incurred in extracting those benefits.

In the context of these definitions, an efficient data management decision improves data’s
utility. For some tasks, this may involve simply improving performance by reducing query
latency or improving the throughput of a data pipeline. However, especially in cloud envi-
ronments, this may involve reducing costs for tasks, especially those that do not have tight
latency constraints like nightly batch workloads where analysts simply need the workload
results by the next morning. In other cases, agents may primarily be interested in improving
the quality of a task’s output, such as improving the accuracy of a machine learning model
by improving the quality of certain dimensions of training data or purchasing higher-quality
data. Across these scenarios, however, more efficient data management decisions are those

that balance costs and value to improve utility.

2.3 Conclusion

In this dissertation, we argue that approaches to data management problems which rely on
utility can better serve organizations, and in the remainder of this dissertation, we present
solutions that enable data managers to improve their data’s utility by more efficiently solving
data management problems. First, in Chapter 3, we present solutions that enable users to
improve utility by finding general cost savings opportunities for analytical SQL workloads
by executing these workloads across multiple cloud data warehouses employing different
pricing models. In Chapter 4, we propose an indicator for the value of each piece of an
organization’s data and show how this indicator can be used as a signal to enable more
efficient data management decisions. After presenting these two methods, we illustrate in

Chapter 5 two concrete data management scenarios and build bespoke solutions to enable
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data managers to make more informed decisions in these scenarios.
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CHAPTER 3
SAVING MONEY FOR ANALYTICAL WORKLOADS IN THE
CLOUD

3.1 Introduction

As analytic workloads migrate to cloud data warehouses, users care just as much about saving
money as they do about optimizing workload runtime. Even modest savings on one workload
become significant over time if the workload runs repeatedly. For example, saving $140 on
an analytics workload that runs twice a day to update recommendations will save $100,000 a
year, and organizations may have many such workloads that power different applications such
as filling dashboards to visualize complex data patterns or managing ETL pipelines [What
is OLAP?, Tejada, Snowflake ETL, Goff, Martinez, 2021, Google ETL, Dashboard].

While cloud providers offer many tools to tune database performance, there are no mecha-
nisms to directly save money. Thus, users are increasingly employing setup-specific solutions
to save costs such as working with consulting groups like McKinsey, the DuckBill group, or
CloudZero [The Duckbill Group, CloudZero, McKinsey| to tune databases, turn off unused
resources, and optimally utilize allocated resources.

In this paper, we identify opportunities to reduce the monetary cost of running analytical
workloads in the cloud. The key insight is simple. Queries consume 1O and CPU; but cloud
databases’ pricing models charge for 10 or CPU time, to keep pricing simple. This opens
an opportunity to save money by cleverly scheduling queries in a cloud database with a
favorable pricing model.

The two most prominent pricing models for cloud databases are pay-per-compute and
pay-per-byte. In a pay-per-compute model the user pays for computation time, e.g., in AWS
Redshift [Armenatzoglou et al., 2022|, while in pay-per-byte the user pays for the amount of

data scanned irrespective of compute time, e.g., in Google BigQuery [BigQueryl].
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Figure 3.1: Size scanned (TB) vs. runtime (hours). Boundary for $6.25/TB (pay-per-byte)
vs. $1/hour (pay-per-compute).

CPU-bound queries execute cheaper in pay-per-byte models, vice versa for 10-bound
queries. Figure 3.1 plots query runtime (hours) on the z axis and the amount of data
scanned (terabytes) on the y axis. We consider one cloud database charging $6.25/TB (pay-
per-byte) and one charging $1/hour (pay-per-compute). Queries on the blue line cost the
same in both databases, e.g. one that runs for 6.25 hours and scans 1TB. Query A runs fast
but reads 1.9TB (e.g., a simple scan query). It costs less in the pay-per-compute database,
so it is above the line. Query B scans 0.5TB but runs slower (e.g., window operations), so
it costs less in the pay-per-byte database. Running each query in the pricing model most
beneficial for it is cheaper than running both queries in a single cloud database.

All workloads have runtime constraints, even if they are loose. For example, a user with
a nightly workload that usually finishes by 2 am may prefer to delay the completion time up
to 8am if they can save money [BigQuery Reliability|. This distills the problem we explore in
this paper: given an analytical workload (a set of queries and data) and a workload runtime
constraint, we propose two algorithms to exploit money saving opportunities that arise from

the observations above:
e O1: Inter-Query Algorithm. We propose an algorithm that takes a set of queries,

data, a workload runtime constraint, and a set of cloud databases and identifies which
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queries should execute in which databases to save money within the runtime constraint.

e O2: Intra-Query Algorithm. We propose an algorithm that, given a single query, a
query runtime constraint, and a set of target cloud databases finds subqueries to execute

in each cloud database to reduce query cost within the runtime constraint.

Where these complementary techniques are best applied is workload dependent, e.g., a
workload with 3 expensive queries may benefit more from O2 than O1, so we consider each
in isolation. However, both O1 and O2 require moving data, ensuring cloud database SQL
syntax compatibility, and, more importantly, managing the costs of data movement. To
exploit O1 and O2 without modifying user setups, we implement middleware called Arachne
between users and the cloud that takes a workload and runtime constraint, executes O1—
02, migrates data, and yields cheaper execution plans when these exist under the runtime
constraint.

We use Arachne to study the impact of O1-02 on workload costs under runtime cons-
traints. We build execution plans across Amazon Redshift (pay-per-compute) |[Armenat-
zoglou et al., 2022| and Google BigQuery (pay-per-byte) [BigQuery| to evaluate Arachne,
and we carefully configure these systems to the best of our ability [Scaer et al., 2020, Bur-
man et al., 2022, BigQuery Optimizing, Sharma and Fu].

Our results show that there are massive opportunities for saving money. We achieve up
to 57% savings (we run workloads for $104 while the original cost $243) with an inter-query
plan across pricing models that has a nearly 10 hour slowdown. On another workload, an
inter-query plan saves 55% with a 3-hour speedup. We also achieve up to 90% savings on a
query via an intra-query plan.

We simulate varying cloud prices and study multi-cloud savings and runtime-cost trade-
offs as prices change. We see that savings are robust to price changes and that varying egress
fees—what cloud vendors charge to move data out of a cloud—can aid or fully prevent data

movement. In summary, the contributions of this paper are:
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e We observe cost saving opportunities for analytical workloads by exploiting different cloud

pricing models.
e We design two algorithms to exploit those opportunities.

e We implement the algorithms on a system called Arachne, to realize savings for real work-

loads.

e We evaluate Arachne (and the algorithms it implements) using prominent cloud databases
and provide a simulation to shed light on the impact of market prices on saving opportu-
nities.

Next, Section 3.2 presents background and the cost saving opportunity. Sections 3.3 and

3.4 present the inter- and intra-query algorithms to exploit O1 and O2, and Section 3.5

presents Arachne. We evaluate savings opportunities in Section 3.6 and present related work

in Section 3.7 and conclusions in Section 3.8.

3.2 Background and Opportunities

We provide background on analytical workloads in the cloud in Section 3.2.1, characterize

the savings opportunity in Section 3.2.2, and present the problem statement in Section 3.2.3.

3.2.1 Executing Analytics Workloads in the Cloud

Cloud Data Warehouses and Pricing Models

We differentiate infrastructure-as-a-service (IaaS) from platform-as-a-service (PaaS) and
within PaaS, we separate pay-per-compute from pay-per-byte.

TaaS vs PaaS. In IaaS, OLAP databases (e.g., Trino [Sethi et al., 2019] or Apache Hive [Thu-
soo et al., 2010b]) are manually deployed and maintained on virtual machines and billed by
compute time. In contrast, PaaS (e.g., Google BigQuery [BigQuery|, AWS Redshift [Arme-

natzoglou et al., 2022|, Microsoft Azure Synapse [Azure Synapse|, or Snowflake [Dageville
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Table 3.1: Prices for pay-per-compute (PPC), pay-per-byte (PPB), storage, and egress.
Systems in evaluation are bolded.

Pricing Model Database Cost
PPC Amazon Redshift-ra3.xlplus | $1.086/hr
PPC Amazon Redshift-ra3.4xlarge $3.26/hr
PPC Azure Synapse 100 DWU $1.20/hr
PPC Azure Synapse 500 DWU $6 /hr
PPC Snowflake Small (AWS US-East) $4/hr
PPC n2-standard-32 VM (GCP) $1.55/hr

PPC/PPB Amazon Redshift Spectrum RS + $5/TB
PPB Google BigQuery $6.25/TB
PPB Amazon Athena $5/TB
PPB Azure Synapse Serverless $5/TB
] Cloud Vendor H Storage \ Writes \ Reads \ Egress \

GCP (us-eastl) || $0.023/GB-mo | $0.05/10k ops | $0.004/10k ops | $120/TB
S3 (us-east) $0.023/GB-mo | $0.05/10k ops | $0.004/10k ops | $90/TB
Azure $0.018/GB-mo | $0.065/10k ops | $0.005/10k ops | $87/TB

et al., 2016]) deploy and maintain databases for users to directly use. PaaS charges more

than IaaS for these services.

Pay-per-compute vs Pay-per-byte. Two of the most common PaaS pricing models are
pay-per-compute, which charges for the amount and duration of computing resources, and

pay-per-byte, which charges for the bytes read by a query regardless of runtime.

Breakdown of Cloud Costs

Loading data into a cloud database and executing a workload incurs the following costs:

e Blob Storage cost: Most cloud databases access data from blob storage (e.g., AWS S3),
and storing data there has a cost (see Table 3.1). In S3 (us-east) it costs $23/month to

store 1TB of data.

e Read/Write cost: Blob storage systems charge for API calls, e.g., read/write calls to
store and retrieve data from blob storage. For instance, it costs $0.05 to perform 10,000
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write operations in S3.

e Loading cost: While data is loaded into a machine, such a machine must be operative

and thus consuming compute resources.

e Egress cost: Transferring data out of a cloud or between regions incurs per-byte charges.

A 1TB transfer from GCP costs $120.

e Query Processing cost: Query execution can be billed per-byte or per-compute. Big-

Query charges $6.25/TB scanned.

Running an analytics workload in the cloud involves four steps. In Step 1, data is col-
lected from sources (e.g., on-premise repositories, sensors) and moved to the cloud, incurring
data transfer and storage costs. In Step 2, data is loaded into a cloud database incurring
read/write and loading costs. Moving data between clouds exacerbates these costs, so our
algorithms account for this potential cost increase. In Step 3, users pay to execute queries
against the data in the cloud database. Finally, in Step 4 query results are returned to users
to use in downstream tasks, e.g., reporting, filling dashboards [BigQuery analytics, Datta,
2022|, potentially incurring egress costs. While all four steps incur costs, costs for Steps 1
and 4 depend on the input and output data, which are mostly fixed for a given workload.
We concentrate on Steps 2 and 3 which involve cloud databases and dominate the total
cost. We specifically focus on reducing the cost of Step 3 and, to the extent that data

movement is needed, Step 2.

3.2.2  Cost Saving Opportunity and Challenges

We now exploit the insight that migrating CPU- or I0-bound queries or subqueries to an
analytical system with a beneficial pricing model presents an cost saving opportunity.
Given the size scanned by a query (5), query runtime (R), per-byte cost (ag), and per-

— — QR
compute cost (aR), we observe that ag x S =apx R — 5 = ag X R. So a query that

runs for R seconds costs the same in pay-per-compute as one that reads g—R X R bytes in

s
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pay-per-byte. This equation represents the blue line in Figure 3.1 that delineates the most
beneficial pricing model for a query.

Arachne needs query runtimes to exploit savings opportunities within runtime constraints.
Unfortunately, there are few accurate approaches to estimating query runtime (R) Instead,

Arachne collects query runtime via a profiling stage described in Section 3.5.2.

Adapting to Cloud Vendor Pricing. This analysis only requires query cost and runtime,
so Arachne can support other pricing models. For tiered pricing models—such as egress where
in AWS the first 10TB/month cost $90/TB and the next 40TB/month cost $85/TB-Arachne
can track usage and adjust pricing constants accordingly.

Arachne must also track cloud price changes to keep its analysis accurate, as users do
today. However, pricing changes happen rarely and are announced well in advance. Google
announced a recent BigQuery price increase 3 months in advance [BigQuery Pricing Change]

while Redshift pricing for current generation hardware has not changed for years.

3.2.8  Problem Statement and Approach

We now formally present the goal of this work. Given a workload of queries () and tables
T that execute on a source execution backend X¢ under a runtime constraint, we consider
a set of execution backends (each of which may offer a different pricing model) and find
inter- and intra-query plans (O1-02) that save money within the runtime constraint. Users
choose which algorithms to run on their workload, as O1 and O2 do not need to be deployed

together.

Approach. To solve the problem statement, we build a proof-of-concept, Arachne, which
implements the inter- and intra-query algorithms and shows empirically that it is possible
to save money on analytical workloads by scheduling queries and subqueries across clouds.
Arachne does not require modifications to existing setups, e.g., where data is stored, and

it handles all needed data movement. Arachne relies on an offline profiling stage to gather
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query plans, runtimes, and costs to save money and meet runtime constraints.

We note that these algorithms can only honor runtime constraints up to the accuracy of
the profiles, e.g., if cloud databases dramatically vary a query’s runtime between iterations,
the algorithms cannot compute accurate runtime or cost estimates for plans. We discuss this

further with profiling in Section 3.5.2.

3.3 Inter-Query Execution Plan

We now present the inter-query algorithm to exploit O1. We discuss the setup (Section 3.3.1)
and algorithm intuition (Section 3.3.2), present the algorithm (Section 23), and compare it

to an optimal inter-query algorithm (Section 23) to understand its quality.

3.8.1 Algorithmic Setup and Goal

We consider an analytics workload with a set of tables T', queries (), and a workload runtime
constraint. We assume that initially a user employs a source execution backend X, paying
storage costs for T in Xg, and paying execution costs for () in Xg.

Given a second execution backend, X, the algorithm chooses a subset of queries W C @)
to execute in X; such that the overall workload costs are reduced without breaking the
runtime constraint. To run a query in X, all tables that the query scans must migrate from
Xs to X, so the algorithm must account for migration costs. The algorithm requires the
following inputs:

e The set of tables T" and queries @) in the workload.

e DEADLINE is an optional workload runtime constraint.

e The source Xg and destination X,; execution backends e.g., AWS Redshift or Google
BigQuery.

o A set of cloud prices P = (Dyiob: Preads Purite: Psccs Phyte)- Phioh Per-byte for blob storage,
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Dread read and py,-ire Write cost, and execution backend costs pgec for per-compute pricing

models and py,. for per-byte pricing models (example prices in Table 3.1)
e The egress cost e to move from X to X4 e.g., $90/TB out of AWS.

e A function s which returns the size of a given table. This is measured via cloud storage

APIs and is defined for the sake of notation.

e Functions Cx, and Ry, which take a query ¢ and return the cost and runtime respectively

of ¢ in an execution backend Xj.

All the above inputs are easy to obtain except for C'x, and Ry,, which are obtained

during a profiling stage, explained in Section 3.5. We now formalize the algorithm’s goal.

Considering the Problem as a Bipartite Graph. We construct a bipartite graph
G = (T,Q, E), with tables T" and queries (). We draw an edge (t € T, q € Q) € E if query ¢
scans base table ¢.

We next assign weights o4 to each query ¢ € @ and p for each table t € T'. o4 represents

the query savings achieved by moving query ¢ to the other execution backend, i.e.,

oq = Cx,(q) — Cx,(q) (3.1)

u¢ represents the migration costs for a table, which is the cost of moving ¢ from X to X,
loading ¢ into X, reading and writing ¢ from blob storage, and temporarily storing ¢ in blob

storage. If each table requires K read/write operations, we can express ji; as:

Mt =€ X S(t) + (Pread + Puwrite) X (S(t)/K) + Pblob X S(t) (32)

In Figure 3.2 we show an example of this model with three tables T' = {¢1,t9,t3} and
three queries Q = {q1, ¢2,q3}. We draw edges to represent query dependencies e.g., g3 scans
tables t9, t3.

The algorithm’s goal is to find a subset of tables that maximizes query savings. Con-
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cretely, for S C T let N(S) be the set of queries scanning tables in S and let N~1(q € Q) be
the set of tables ¢ scans. Our goal is to find Sy in Equation 3.3. For example, in Figure 3.2

we move tables to, t3 and queries g9, g3 to X4, saving (3+4)-(2+4)=$1.

Sp = argmax Z oq — Zus (3.3)

SCT geN(S) ses

3.3.2  Inter-Query Algorithm

Now we provide the intuition for our greedy strategy to exploit O1 (Section 3.3.2), and
present the inter-query algorithm (Section 23). Finally, we assess the quality of the greedy

algorithm by comparing it to an optimal (but much slower) min-cut algorithm (Section 23).

Intuition for the Greedy Strategy

At each iteration, the greedy algorithm computes the maximum savings achievable (upper
bound) by moving queries depending on ¢ to X for each table t. It removes the table with
the least upper bound and records the cost and runtime of the resulting inter-query plan.
When no tables remain, it chooses the cheapest plan with runtime under the runtime bound.
Concretely, we define vy = (qu N() oq) — pt as the sum of query savings for all queries
that scan ¢t minus the migration cost of t. As an upper bound on savings, if vy < 0 it will
never be beneficial to move ¢ to the destination backend, so we remove nodes for ¢ and all
queries scanning ¢ from the bipartite graph.
Analogously, we define a lower bound on savings generated from a single query, vy,
as query savings of g minus the migration costs of the tables that ¢ requires, or vy =
— D teN- q) 1t As a lower bound on possible savings for ¢, if vy > 0 it is strictly
beneficial to move ¢ to X ;. To represent this we add ¢ and N -1 (q) to the final set of queries
and tables to move to X, we remove the nodes representing ¢ and all t € N _1(q) from the

bipartite graph, and remove all outbound edges from N _1(q). In Figure 3.2 we compute v;
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Figure 3.2: Bipartite model. Node top is query savings o4 or migration cost ;. Node bottom
is upper bound v; or lower bound vg. We show how this value is calculated for t3 and g9.

and vy and present them in the lower half of each node, e.g., vt, is the savings of ¢; and g3

minus the cost of t9, or 3+4 —2 =5.

Algorithm Example. In Figure 3.3 the algorithm considers three plans for the given
workload. The first plan (left) migrates all tables and queries, saving $65 but violating the
runtime constraint, so runtime is colored red. Removing ¢3 yields the second plan (middle),
saving $40 and running in 2.5 hours, so both savings and runtime are colored green. Finally,
removing ¢ yields the baseline (right) which saves no money. The second plan is chosen as

it saves the most money under the runtime constraint, so it is colored green.

The Inter-Query Algorithm in Depth

The greedy algorithm, shown in Algorithm 1, first invokes REDUCEPLAN (line 2), which
computes vy and vy (lines 14-15), removes tables with v; < 0 from consideration, and
migrates queries with vy > 0 to X (lines 17-22). This loop repeats until there are no more
candidates or there are no tables left (line 16). REDUCEPLAN returns the tables and queries
to migrate and the remaining tables and queries to consider (line 23).

The algorithm then removes all outbound edges from the tables migrating to X  (line

3) and proceeds to greedily remove tables from consideration. While there are still tables
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1 Function InterQuery ({X,, X4}, prices P, e, T, Q, s, C, R, DEADLINE):
2 T,Q",Tf,Qr = ReducePlan(X, P, e, T, Q, s, C) ;

3 Remove all outbound edges from 77 ;

4 while T’ # () do

5 For t € 1", ve = (X yen(r) Ta) — Mt 3

6 t’ € T' be the table with minimium vy ;

7 =T —{t'}; Q@ ={¢IN""q) T} ;

8 T',Q', T}, Q} = ReducePlan(X, e, T',Q’, s, f) ;

° T'=T'UTy; Q =Q UQY;

10 planCosts[T”, Q'] = {(cost(T”,Q’), runtime(T", Q")) ;

11 Return the min cost plan in planCosts within DEADLINE ;
12 Function ReducePlan (X, P, e, T', Q’', s, C):

13| Q' ={qlog >0}; Ty, Qr = {}.{};

14 For t € T vy = (X e Ny Oa) — 1t

15 For q € Q' ”q:Uq*ZteN—l(q)Nt ;

16 while 7" # 0 A 3v, < 0A Jvg > 0 do

17 U={tv, <0}; V={qlvg >0} ;

18 T'=T-U;Q =Q" —{qlge N@t)vt e U} ;
19 T =T —{tf e N HqVge V}; Q' =Q -V ;
20 Tr=TrU{tlt e NN qVg eV} ; Qs =QsUV ;
21 Fort € T" v = (3 enr) Ta) — e 3

22 Forqe Q vy =0, — ZtGN,l(q) 1t ;

23 return 77, Q', Ty, Qy;
Algorithm 1: Inter-query greedy algorithm

(line 4), the algorithm computes vy (line 5), assigns ¢ with minimal v; to remain in X, and
removes nodes in N(t) (line 6-7). The algorithm calls REDUCEPLAN again to prune away
tables with vy < 0 and identify queries with positive lower bounds (line 8). The algorithm
records the cost and runtime of the current plan using query costs and runtimes C' and R,
cloud prices P, and table sizes s (line 10).

Finally, the algorithm chooses the cheapest plan in planCosts with runtime less than
DEADLINE (line 11). The baseline plan— migrating no tables or queries—will be cached in

planCosts and will be chosen if no cheaper plans exist under the runtime constraint.

Optimal Algorithm and Complexity Analysis

To evaluate the greedy algorithm we: i) present an optimal min-cut based inter-query algo-
rithm; ii) compare its runtime complexity to the greedy approach; iii) and show the greedy

algorithm’s accuracy in practice.
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Input: {t,, t,, t3}, {q:5 95 q3}; X, = BigQuery; Runtime Bound = 3 hrs
tl ql tl ql

tz 9, tz 9z tz '

ts qs
Save: $65 Save: $40 Save: $0
Time: 4 hrs > 3 hrs Time: 2.5 hrs < 3 hrs Time: 2 hrs < 3 hrs

Figure 3.3: The plans considered with a 3 hour runtime bound. Plan B saves the most
money within 3 hours so it is chosen.

Optimal Solution. As in [Heller et al., 2021], we build a capacity function ¢ and a bipartite
graph GG with tables on the left and queries on the right. Edges with infinite capacity connect
tables and queries by query dependencies. We add a source node a and draw edges from a
to every table t;; ¢((a,t;)) = p1t;- We add a sink node b and draw edges from every query g;
to b; c((q;,b)) = 0g;- The algorithm finds the min-cut (A, B) and migrates the queries and

tables in B to X.

Complexity Analysis. Using a min-cut algorithm [Edmonds and Karp, 1972, Dinitz,
2006], the optimal algorithm has complexity O(|V/|?|E|). For the greedy approach, (note:
V| =|T|+1|Q)|), computing v; or vg is O(|V'|) with at worst |T'| iterations, yielding a worst-
case complexity of O(|T||V]). The optimal algorithm is both an order of magnitude less
efficient and depends on the number of relationships between queries and tables. The greedy

algorithm is independent of query complexity.

Practical Significance. This difference in complexity between the optimal and greedy
algorithms has practical significance when the number of queries and tables is large. For ex-
ample, when using the TPC-DS workload as input (24 tables and 100 queries), the difference
is insignificant, with both algorithms running in less than 0.3 seconds. With 1000 queries

and 100 tables, the optimal runtime jumps to 3.4 seconds, while the greedy remains under
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0.3 seconds. With 2500 queries and 400 tables, the optimal algorithm takes 2.1 minutes

while the greedy takes 1.2 seconds.

Greedy Algorithm Accuracy. To evaluate accuracy, we use 72 workloads at 1TB and
2TB, both with and without [aaS, and using both internal and external BigQuery storage,
producing 576 workloads. We run the greedy and optimal algorithms on each workload. Our

greedy strategy finds the optimal solution for all workloads.

3.4 Intra-Query Execution Plan

We now present the intra-query algorithm to exploit O2. We first present the setup (Sec-
tion 3.4.1) and how to identify where to make cuts (Section 3.4.2) before presenting the

algorithm (Section 3.4.3).

3.4.1 Algorithmic Setup and Goal

The setup is similar to that in Section 3.3.1, but this algorithm takes a single query ¢ and a
runtime constraint for ¢ and finds a subquery that saves money when migrated from Xy to

X4 after accounting for migration costs while honoring the runtime constraint.

Formalization and Goal. A query plan is a directed acyclic graph where leaves represent
base tables and edges represent data flow from upstream tables to downstream operators.
Removing all outbound edges from a node partitions the graph into two disjoint subgraphs;
we call this process making a cut in the query plan at a node. The goal of the intra-query
algorithm is to find a profitable cut of ¢ so that one subquery executes in X and the other
in X, so that the total query cost, including migration cost, is lower than running the entire

query in Xg while adhering to the runtime constraint.
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3.4.2  Identifying Profitable Cuts

We now present the insight we use to identify profitable cuts. Let T' = (V| E) be a query
plan. Let pyye, Psec, and e be per-byte, per-compute, and egress prices. Let migration cost
1t be as in Equation 3.2 and let u,, for v € V' be the migration cost of the data output from
v. Let s be the table size and rs(v) be the row size for v. Finally, when a cut is made at a
node v, the subgraph upstream of v is Sy(v)—including v and all base tables that flow into

v-and the subgraph downstream of v is Sq(v). We now show some key definitions.
e fu(v) returns the output cardinality of v € V

e fr(v) returns the runtime of S, (v)

DFEADLINE is an optional runtime constraint for g.

e L(v): the base tables in the downstream subquery S;(v).

Cs(v) = as Yoyer(v) fulwrs(u): the cost of Sy(v) per-byte.

Cr(v) = psecfr(v): the cost of Sy, (v) per-compute.

Cm(v) = o + D e L(v) Mt the cost to migrate all necessary data, including the output of
v, to Xg.
These values require query costs C'x,; and runtime Ry, in all execution backends. The

algorithm’s goal is to find v € V' such that:
Cr(v) + Cm(v) + Cs(v) < Cx,(q) (3.4)

This finds the cheapest plan, represented on the left, that costs less than simply executing
the query in Xg.
Insight. Naively, we could find the optimal execution plan by making a cut at every operator
and executing each resulting plan. This approach requires we pay query processing and

migration costs for each possible plan, and the number of possible plans grows with the size
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of the query. Our goal is to find cheaper execution plans while minimizing the incurred
overhead costs.

To achieve this goal, we assign a value to each operator in ¢ corresponding to the savings
opportunity of making a cut at that operator. Using the inputs to the algorithm, we reorder
Equation 3.4 and compute the maximum savings achievable by an intra-query plan. We
consider those operators with positive savings opportunity and use this value to guide what

candidate operators we evaluate.

Calculating Savings Opportunity. The savings opportunity o, is the right hand side of
psecfr(v) < Cx, (q) — (Cm(v) + Cs(v)), derived from Equation 3.4, which we compute using
Cx, and fy. We draw two conclusions. First, if o, < 0, the plan produced from a cut at v
will cost more than the baseline. Second, the only way to determine if a plan will cost less is

to pay to compute fr, so the algorithm aims to reduce the number of times it computes f;.

Function IntraQuery (T = (V,E), X, P, e, fu, C, R, DEADLINE):
for u e V do
| 0u=Cx, () — (Cun(u) + Cuw)) ;
candidates = {v € Vo, > 0} ;
while candidates # () or number of iters < K do
Pick u from candidates such that o, is largest ;
Compute f(u) ;
Compute Ay = Oy — psecfr(u) ;
for v # u € candidates do
‘ If 0, < a, remove v from candidates ;
for v € candidates; v downstream of u do
Oy = Oy _psec.fr(u) 5
If 0, < 0 remove v from candidates ;
Return v with maximum a, > 0 under DEADLINE or baseline;
Algorithm 2: Intra-query algorithm
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Updating Opportunities. Measuring f, allows us to update the opportunities for other
nodes. For example, if a node u; sits downstream of another node uo, fr(u1) > fr(ug), so
if we compute fr(u2), 0y, must decrease by psecfr(ug2) since it must pay at least that much
in runtime cost. If we measure the savings for a plan a,, we can remove all candidates with
oy; < Gy, because a cut at u; cannot produce a cheaper execution plan. We can then remove

multiple candidates per iteration, reducing the number of invocations to f;.
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Figure 3.4: Arachne architecture and execution backends.

3.4.83  Intra-Query Algorithm

The intra-query algorithm, in Algorithm 2, computes the opportunity o,, for every node (lines
2-3) and picks candidates with o, > 0 (line 4). It iterates over the candidates from largest
to smallest o, (line 6). Computing f, for all candidates may be expensive, so iterating from
largest to smallest opportunity ensures that the potential savings lost by not iterating over
all candidates are minimized.

For each candidate u, the algorithm computes f(u), the real savings, ay, (lines 7-8)
and updates the opportunity for other candidates (lines 10-16). It repeats this until all
candidates have been checked or after K iterations (line 5). The algorithm chooses the cut
that yields the most savings within the runtime constraint or the baseline if no such cut
exists (line 14).

Complexity and Discussion of Optimality. The algorithm removes at least one candi-
date per iteration, so the worst-case complexity is O(|V|). The algorithm by default considers
all cuts in a query plan that could yield savings and chooses the optimal cut. The algorithm
only parses a single query plan, but it will never choose an execution plan more expensive

than the baseline.
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3.5 Arachne Overview

We implement Arachne, including the inter- and intra-query algorithms, in 8k lines of Python
and Java. We present Arachne’s architecture in Section 3.5.1, the profiler in Section 3.5.2,

and other cost-relevant implementation decisions in Section 3.5.3.

3.5.1 QOverview

Figure 3.4 shows Arachne’s architecture. Users first execute INITIALIZE, which submits an
unmodified SQL workload, stored as individual SQL files, the source execution backend
where data starts, and the optional runtime constraint. Arachne implements the inter- and
intra-query algorithms in the savings module. The profiler module gathers the query
costs and query runtime inputs (Cx, and Ry, from Sections 3.3-3.4) so the savings module
can save money and meet the runtime constraint. The preparation module prepares queries
for execution in target backends. It 1) ensures that SQL queries are compatible with the
syntax requirements of execution backends; 2) submits queries for execution; 3) orchestrates
materializing data into portable, open-format Parquet files; and 4) migrates those Parquet

files between execution backends when needed.

Execution Backends. Arachne supports two PaaS backends-AWS Redshift and Google
BigQuery—so we can study per-compute and per-byte pricing models. It can also deploy
DuckDB on IaaS. These backends are bolded in Figure 3.4. Arachne can be easily extended

to support new backends, such as those in dashed lines in Figure 3.4.

Minimizing Infrastructure Changes. Arachne is designed to be compatible with existing
ETL pipelines (and downstream BI tools and dashboards), so it moves data between source
backends at runtime whenever this saves money and does so transparently to the end user.
Consequently, Arachne moves data every time a workload executes (incurring costs) but

does not need to handle data inconsistencies that may arise if, for example, the data were
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replicated in several backend systems. Exploring tradeoffs of the spectrum of solutions (keep
ETLs intact and pay repeated migration costs or change ETLs, duplicate data, and incur
double storage costs) is beyond the scope of this paper. Despite minimizing infrastructure
changes, Arachne still requires configuration changes, e.g., to access cloud accounts. We
believe this is not an important roadblock to deployment, as such credentials are frequently
shared with other tools. These changes add one-time costs; in exchange, Arachne achieves

large recurring savings (see Section 3.6).

Compliance. At a high level, Arachne is best seen as an alternative interface to the source
backend. When data (or queries) cannot move (or execute) between vendors, e.g., for com-
pliance requirements preventing data migration to a geographical area, such data can be

excluded from Arachne and run using the usual interface.

Implementation. Arachne uses Apache Calcite [Begoli et al., 2018] to convert between
SQL and query plans and perform query optimization. Arachne uses Apache Arrow [Apache
Arrow| to sample tables; the Redshift-Data API to use Redshift clusters and S3; and the

Google Cloud client for Storage and BigQuery. It migrates all data at runtime.

3.5.2 Profiler Module

The profiler module provides the inter- and intra-query algorithms with accurate runtime,
cost, and cardinality information for each query. We consider two approaches: prediction

and profiling.

Why We Do Not Use Prediction in Arachne. Existing approaches to estimate operator
cardinality fy, query cost C'x,, and query runtime Ry, are noisy. Cardinality estimates from
query optimizers remain inaccurate |[Lohman, 2014, Yang et al., 2019, Perron et al., 2019|.
The “cost” produced by query optimizers for a given query plan has only a relative meaning
to the cost associated to other plans rather than to absolute monetary or runtime cost,

making query optimizers’ cost a poor proxy for estimating runtime [Leis et al., 2015, Wu
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et al., 2013]. Last, there are few approaches for estimating query runtime given a query plan,
and existing ones often underperform, as we show in Section 3.6.6. However, we anticipate

that continued advances in this area could replace the profiling approach we now explain.

The Profiling Approach. The profiler executes each query in each execution backend,
obtaining its runtime and cost. It also gathers the output cardinality for each query oper-
ator via query profiling in DuckDB, and provides the inputs to the inter- and intra-query
algorithms (Cx;, Rx,, and fy, as defined in Sections 3.3-3.4). Profiling is more accurate and
more costly than prediction. Profiling cost is amortized if the profiled queries execute sev-
eral times without major runtime changes. This is the case for most periodic workloads [Tan
et al., 2019, AWS Batch Processing, BigQuery Reliability|, which happen to be the most
relevant for saving money. Furthermore, stale profiles can still expose savings opportunities
since small errors in costs do not greatly alter what queries migrate in an inter-query plan,

as we illustrate in Section 3.6.6.

Profiling Over Samples. It is possible to reduce profiling costs by measuring runtime,
cost, and operator cardinality on a workload sample and then extrapolating to the original
workload size without introducing significant error. It is difficult to extrapolate query run-
time from samples, which is related to the difficulty of join sampling. If the output of a join
over data samples is not a sample of the true join result, we cannot accurately extrapolate
runtime for the full join [Chaudhuri et al., 1999]. However, profiling costs are largely in
pay-per-byte pricing models and depend only on the data size. We show empirically in Sec-
tion 3.6.6 that the profiling cost is quickly compensated by workload savings, often in less
than 5 executions of the cheaper execution plan when profiling over the entire dataset and
in 1-2 iterations when using a sample. For periodic workloads, we can collect profiles during
iterations of the workload to reduce the net profiling costs. We see then that profiling costs

are quickly compensated by workload savings.

Assigning Operator Cardinalities. To provide operator cardinality fy, (Section 3.4.2),
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Arachne profiles queries in DuckDB as cardinality is independent of execution backend. How-
ever, DuckDB’s physical plan may not match Arachne’s internal query plan, so Arachne can-
not directly match operator profiles from DuckDB onto its query plan. We observed that
DuckDB does not re-order operators between SQL subqueries, so Arachne writes its query
plan into SQL, with all operator trees as nested subqueries, so DuckDB’s physical plan
exactly matches Arachne’s and Arachne can assign cardinalities to operators in its internal

query plan.

3.5.83  Cost-Relevant Implementation Details

Data Transfer Between Clouds. Cloud vendors provide easy-to-use tools (e.g., AWS
DataSync) to transfer data into their clouds. Beyond the egress cost of doing so, users have
to pay for these tools too. Arachne implements a simple cloud transfer tool using blob storage
APIs. Our tool on a GCP n2-standard-32 VM transferred a 615GB dataset for $0.58; that

transfer in AWS DataSync costs $7.69.

SQL Compatibility. Arachne builds and applies text rules to ensure Arachne-produced SQL
is compatible with different backend dialect rules, e.g., BigQuery requires column names to

contain only alphanumerics or underscores.

Calcite Query Operators. Arachne implements its own physical node subclass and uses
Calcite libraries to perform heuristic optimizations like predicate pushdown, make cuts in

query plans, and assign cardinalities collected during profiling to query operators.

3.6 Evaluation

In this section, we answer the following research questions:
e RQ1: Does the inter-query algorithm save money? (O1)

e RQ2: Does the intra-query algorithm save money? (02)
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e RQ3: How does pricing (chosen by cloud vendors) affect inter-query savings and the

runtime-cost tradeoff?

e RQ4: Profiler Microbenchmarks: How does sampling impact profiling costs and accuracy
and how quickly are they compensated? Does using stale profiles diminish savings? How

are savings impacted by noisy runtime estimates versus profiles?

Because Arachne can deploy DuckDB on IaaS, we also evaluate how utilizing cheaper

[aaS impacts inter-query savings.

3.6.1 Workloads

Resource Balance Workloads. The specific balance of CPU- and 1O-queries in a work-
load will impact savings opportunities. We use the well-known TPC-DS [Nambiar and Poess,
2006] benchmark to create three workloads each with a different balance of CPU- and I0-
bound queries to explore the design space (in the original TPC-DS benchmark nearly all of
the 99 queries are I0-bound). We adapt queries from LDBC, a well-known business intelli-
gence benchmark [Szarnyas et al., 2022|, to work on data from TPC-DS: we create queries
to find customers related to each other by purchase history and queries to find connected
components of customers for recommendation algorithms. We combine the authored CPU-
and some existing 10-bound queries to create three workloads over 17 tables with different

characteristics:

e W-CPU: 46 queries, about 40% of which are CPU-bound.

e W-MIXED: 49 queries, about 30% of which are CPU-bound.
e W-I0: 46 queries, about 20% of which are CPU-bound.

While there are more IO-bound queries in each workload, the CPU-bound queries con-

sume a large amount of CPU, so overall resource consumption for each workload reflects the
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workload’s name. We make all workloads publicly available ! for reproducibility and because

they may be of independent interest to others.

Read-Heavy Workloads. We also explore skewed workloads. While nearly all TPC-DS
queries are IO-bound with runtime dominated by table reads, these queries differ in runtime
and complexity. To explore savings opportunities on a range of IO-bound workloads we create
24 workloads called the Read-Heavy workloads from TPC-DS, which contains 24 tables and
99 queries, by removing one table from the TPC-DS dataset. This creates a 23-table dataset
with a subset of the original 99 queries, on average about 80 queries. Each workload is named
by the alphabetical order of the table that was removed to generate it, e.g., the workload
created by removing the first table alphabetically, call center, will be named Read-Heavy
0.

LDBC. Additionally, we use queries written on the LDBC Social Network Benchmark-
Business Intelligence (SNB-BI) dataset [Szarnyas et al., 2022].

For RQ1 and RQ3 we use the Resource Balance and Read-Heavy Workloads. For RQ2,
we use TPC-DS queries and author queries on TPC-DS and LDBC. We explain these in

detail in that section.

3.0.2 FExperimental Setup

PaaS Execution Backends. We use Google BigQuery (pay-per-byte) and AWS Redshift
(pay-per-compute) as popular representatives of each pricing model. In Redshift cluster size
impacts cost and performance, so we explore the G—A1, G—A4, G—AS8 setups where data
starts in BigQuery (G) and we consider migrating to a 1-, 4-, or 8-node ra3.xlplus Redshift
cluster respectively (—A1l, —A4, or —AS8; the arrow indicates the migration direction). We
explore the A4— G setup where data starts in a 4-node ra3.xlplus Redshift cluster and could

migrate to BigQuery. We optimize our Redshift and BigQuery setup per docs and best

1. https://github.com/tapansriv/resource-balance-workloads
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practices [Scaer et al., 2020, Burman et al., 2022, BigQuery Optimizing, Sharma and Fu].

Data Format and Storage. We store intermediate data in Parquet files [Apache Parquet]
with Snappy compression [Snappy|. All cloud databases we use are compatible with open
data formats [Databricks Data Lakes, Prasad, 2022]. We create external tables in BigQuery
pointing to the Parquet files in blob storage. We also consider data loaded into BigQuery.
Redshift loads Parquet files from S3. The compression of data saves migration costs, and all
in-flight compression occurs during materialization from pay-per-compute databases and is

billed as runtime cost.

Where Data Is Initially Stored. For the Resource Balance Workloads, we consider
G—A4 and A4—G. With current prices, Redshift is significantly cheaper than BigQuery
for 10-skewed workloads and queries. As such, we consider only G—Al, G—>A4, G—AS
for the Read-Heavy workloads to evaluate O1 and only consider DuckDB and BigQuery on
data stored in GCP to evaluate O2, as there are few savings opportunities if data starts in

Redshift.

How Workloads Are Executed. Batch, analytic workloads like those in this evalua-
tion are often executed serially but can also be submitted all at once to a system [IBM
Serial Batch, AWS Batch|. For pay-per-byte systems like BigQuery, this has no impact
on workload cost, only runtime. For pay-per-compute systems like Redshift, this also im-
pacts costs. Redshift’s REST API, the Redshift Data API [BatchExecuteStatement| offers
BATCHEXECUTESTATEMENT which executes a list of SQL statements one at a time in a

single transaction.

Metrics. We measure monetary cost in US dollars and runtime in time units. We account
for all applicable cloud costs (see Section 3.2.1) and use cloud prices as of February’24 in
Table 3.1. We validate our results by checking the breakdown of charges in our account from
cloud vendors. We create VMs in the same cloud region as blob storage buckets to avoid

regional transfer costs and utilize data compression to reduce migration costs.

41



751 - 1 -10
_ Arachrlme RS W-CP A 75
% 50/ @ Redshift Gy cp Sv-Mixed B
0 “MIixe -10 @ -
S 25 S 5 | l‘ Arachne-BQ
® BigQuery
0 ; , ; ; , , , 0 , ,
0 2 4 6 8 10 12 14 0 1 2 3
Runtime (hrs) Runtime (hrs)
(a) 1'TB Ad—G (b) 1ITB G—A4

Figure 3.5: (1TB A4—G, G—A4) Cost (USD) vs runtime (hours) for W-CPU, W-IO, and
MIXED workload compositions

Runtime Constraint. We assume that there are no runtime constraints and concentrate
on exploring cost savings without imposing arbitrary runtime constraints that do not add

any additional insight.

3.6.3 RQI. Inter-Query Processing

We now explore O1. First, we evaluate the cost opportunities of the inter-query algorithm
across the three Resource Balance Workloads (Section 3.6.3) and the I0-skewed Read-Heavy
workloads (Section 3.6.3). Then, we leverage that Arachne can deploy DuckDB on laaS to

evaluate how that impacts savings (Section 3.6.3).

Resource Balance Workloads

We run the inter-query algorithm on W-CPU, W-10, and W-MIXED in G—A4 and A4d—G
and evaluate multi-cloud savings. First, we provide an overview of the results before pre-

senting an in-depth breakdown of costs.

Resource Balance Workload Overview. In Figure 3.5 we compare the runtime (hours)
on the x-axis and cost (USD) on the y-axis of Arachne’s execution plan to a baseline that
executes the workload in the starting backend. In Figure 3.5a, data starts in Redshift. There

are three red dots, one for each workload, which represent the cost and runtime of executing
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that workload in Redshift. The yellow dots represent the runtime and cost of executing
that workload with Arachne. A line connects each yellow dot to its corresponding red dot
according to the workload. In Figure 3.5b, data starts in BigQuery (blue dots) instead of
Redshift.

In 5 out of the 6 workloads Arachne finds cheaper plans: all lines decrease from the starting
cloud baseline unless Arachne has chosen the baseline execution plan, and the degree of its
reduction corresponds to monetary savings. For A4—G in Figure 3.5a, Arachne chooses
multi-cloud plans for all three workloads as there are enough CPU-bound queries to make
migration cost-effective. Arachne saves 27% on W-I10 and 35% on W-MIXED and W-CPU
over the Redshift baseline. Arachne saves less money for W-IO because there are more
IO-bound queries that favor Redshift’s per-second pricing model. In G—A4 in Figure 3.5b,
Arachne executes W-CPU entirely in BigQuery, so those two dots are directly on top of each
other. Since W-MIXED and W-IO contain more IO-bound queries, Arachne saves 1.35% on
W-MIXED and 17% on W-IO by migrating IO-bound queries to Redshift. Because W-10
has more 10-bound queries, the margin of savings is larger for W-10 than for W-MIXED.

Both W-MIixeED and W-CPU include a very CPU-bound query, which groups customers
by spending history for recommendations. It runs in 6 hours and costs $25.84 in Redshift,
while in BigQuery it runs in 3.5 minutes and costs $1. Other CPU-bound queries are similarly
faster and cheaper in BigQuery. Consequently, in the A4—G setup in Figure 3.5a, baseline
costs for W-MIXED and W-CPU are similar, and Arachne chooses similar multi-cloud plans

for both workloads that are faster and cheaper than the Redshift baseline.

Resource Balance Workload Cost Breakdown. We divide costs for Arachne into (1)
migration costs, (2) the cost of queries which migrated, and (3) the cost of queries which
remained in the source backend. In Figure 3.6a we breakdown costs for plans shown in
Figure 3.5a and in Figure 3.6b we breakdown costs for plans in Figure 3.5b. Diagonal lines

are drawn through bars showing Arachne’s plans.
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Table 3.2: Inter-query plan-type by setup at 1TB and 2TB.

Setup Arachne | Multi | GCP | AWS | Total
1TB, G—A1, A4, —AS 23 6 1 17 24
2TB, G—Al 22 4 1 19 24
9TB, G A4 22 3 2 19 | 24
2TB, G—AS 22 4 2 18 24

44




In Figure 3.6b, W-CPU Arachne’s bar is equal to the BigQuery baseline. If the source
pricing model is already favorable for a workload, Arachne will keep all data in the starting
cloud. For all other plans in Figure 3.6, multi-cloud savings are driven by the significantly
lower execution cost for queries that migrated to a favorable pricing model versus their base-
line cost. In Figure 3.6, the difference in query execution costs is the baseline (right) bar
minus the blue portion of Arachne’s bar, which represents the cost of queries remaining, pre-
senting an enormous savings opportunity. Exorbitant migration costs make up the majority
of Arachne’s costs for multi-cloud plans. Egress is 90% of all migration costs—note that egress
out of GCP is $120/TB while egress out of AWS is $90/TB-loading data into Redshift is

5-8% of migration costs, and the rest is the cost of blob storage and data retrieval.

Read-Heavy Workloads

Does Arachne save money on skewed workloads? We first summarize the results before

zooming in on a few interesting workloads to understand the cost and runtime.

Read-Heavy Overview. Table 3.2 presents the outcomes in setups G—A1l, G—A4,
G—A8. The ARACHNE column indicates workloads where Arachne saves money over the
BigQuery baseline. Across 144 workloads—48 workloads in 3 setups—only 6/144 remain in
BigQuery where the Arachne saves no money. For workloads with cheaper plans, in MULTI
plans some tables migrate to Redshift, and in AWS plans all tables migrate to Redshift.
Since Read-Heavy workloads are IO-bound, the savings of moving queries to Redshift com-
pensate for migration costs. That even 6 of these 10-skewed workloads remain in BigQuery
demonstrates that egress costs are a massive barrier to data movement.

At 2TB, we see that from G—A1l to G—A4 one MULTI plan flips to GCP and from
G—A4 to G—A8 one AWS plan flips to MULTI. The 4x cost of G—A4 doesn’t reduce
runtime by 4x, decreasing savings. If clusters are overprovisioned or underutilized, query

savings will diminish even with highly IO-bound workloads.
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Arachne saves up to 57.4% on a single workload.Of the 29 multi-cloud plans, most achieved
35%-50% savings. 9 saved 2%-8%, while 1 saved less than 1%. These plans save money by

migrating queries to their most beneficial pricing model.

Murri Plan Analysis. We now focus on MULTI plans which run queries on both BigQuery
and Redshift to show the opportunities of combining price-per-byte and price-per-compute
pricing models.

As in Figure 3.5, Figure 3.7 plots workload cost versus runtime for MULTI plans. Blue
dots represent BigQuery baseline plans while yellow dots represent Arachne plans. Dots
corresponding to the same workload are connected with a line. These plans achieve up to
54% savings and over 35% for most workloads. 2 workloads at 1TB and 1 workload at 2TB
save between 2 and 8%. 1 workload at 2TB G—A1 saves less than 1%, as Arachne migrates
very few queries and tables which yield marginal savings.

In Figure 3.7, the BigQuery baseline is faster than Arachne’s plan because G—A1 does
not exploit all the parallelism available in the workload. At G—A4 we see that Arachne’s
plan is cheaper and closer in runtime to the baseline, and is both cheaper and faster in
G—AS8. In larger clusters, loading times decrease, and Redshift completes the workloads
faster (and cheaper) than BigQuery. At 2TB, the trends are similar to 1TB except that now

Arachne is both cheaper and faster than BigQuery even in the G—A4 case.

BigQuery Internal Tables. Loading data into BigQuery is free but significantly increases
runtime; loading 1'TB took 12 minutes whereas creating external tables took only 20 seconds.
Data is stored in a closed format and only accessible via their SQL interface, which incurs
query processing costs, or BigQuery’s Storage Read API [Google BigQuery Storage Pricing);
both are much more expensive than the blob storage API costs.

For queries over internal tables, BigQuery charges once for each table scanned, even if
the table is scanned multiple times in the query. For queries over external tables, BigQuery

charges for each table scan operator, even if multiple operators scan the same table. So the
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Figure 3.8: Query costs normalized to most expensive plan for Arachne’s intra-query plan vs
BigQuery, DuckDB, and DuckDB with Arachne-produced text (Alt Syntax).

same query will scan fewer bytes and cost less when data is stored internally. We run the
inter-query algorithm on G—A1, G—A4, and G—AS with data stored internally. There are
3-5 multi-cloud workloads in each setup saving 3-20% and 2 with negligible savings, similar
to the external case, because of high BigQuery prices and the large IO-bound savings in the

Read-Heavy workloads. These savings margins are smaller due to the fewer bytes billed.

Extending Arachne with TaaS+DuckDB

We now explore the cost differences between PaaS (the databases evaluated above) and a
new execution backend that deploys DuckDB on a GCP VM, where data starts, to avoid
egress costs. The VM costs $1.49/hour with 16 vCPU, 190GB RAM, and 1TB disk to run
memory-intensive queries.

This VM did not have enough memory to run all queries. To concentrate on studying the
effect of TaaS, we edited the queries slightly, replacing WITH clauses with CREATE TABLE
AS clauses so that intermediate tables are offloaded to disk. While this may increase query
runtime it allowed the query to complete so we could proceed with our study. We only
consider queries which execute in all execution backends.

In this setup, Arachne does not migrate any queries to Redshift, as IaaS lowered query

costs enough that migration is not worthwhile. However, Arachne still achieves up to 55% sav-
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Figure 3.10: (G—A1 1TB) Inter-query results varying either BigQuery or egress price on
Read-Heavy Workloads

ings over the pay-per-byte BigQuery (PaaS) baseline by utilizing cheaper, pay-per-compute
[aaS which dramatically reduces costs for the IO-bound workloads. Hence, Arachne can iden-
tify opportunities and achieve significant savings with a transparent deployment of DuckDB

on TaaS, all without separate user setup, deployment, or maintenance.

Summary

Arachne successfully exploits the inter-query algorithm (O1), even in highly skewed work-
loads if the source pricing model is ineffective for it. Arachne chooses multi-cloud plans saving

35%-56% in most cases by using multiple pricing models.
Table 3.3: Absolute baseline and Arachne intra-query costs.

Query Arachne | BigQuery | DuckDB | Alt Syntax
67 $1.83 $4.9981 | $20.4027 | $21.0109
Square | $0.005507 | $0.0156 | $0.07321 | $0.05069

86 (2TB) | $0.089574 | $0.62853 | $0.1605 | $0.15144

$

$

86 (10TB) | $0.278728 | $3.142 | $0.63195 | $0.60877
Window 0.311999 | $1.1791 $3.7159 $3.7159
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3.6.4 RQ2. Intra-Query Processing

In this section, we explore opportunity O2 via the intra-query algorithm. These opportu-
nities are significant but occur less often than O1, so we report results for five queries that

produced a cheaper intra-query plan and analyze the characteristics of these queries.

Queries. Query 67 and WINDOW are run on a 1'TB TPC-DS dataset and query 86 is run on
a 2TB and 10TB TPC-DS dataset. The WINDOW query performs several joins and group-bys
and executes a complex window operation on the result. The SQUARE query, run on 100GB
LDBC-SNB dataset, finds squares in social media graphs, e.g., a path from person A to B
to C to D and back to A.

Experimental Setup. Data starts in BigQuery, and we consider intra-query plans between
BigQuery (pay-per-byte) and DuckDB (pay-per-compute) on a GCP VM. Expensive egress
fees restrict data movement and eliminate intra-query opportunities across multiple clouds,
so we consider GCP-only intra-query plans. We pay profiling costs to copy data to the
VM and execute queries in BigQuery and DuckDB, gathering cost, runtime, and operator
cardinality. Arachne converts its internal query plan into SQL to execute subqueries, but
we observe that alternate SQL texts for the same logical query can cause the optimizer to
choose different physical plans, affecting runtime and cost. To isolate this factor, we consider
a third baseline, called Alt Syntax, which is the cost of executing the initial query rewritten

by Arachne in DuckDB.

Results. Figure 3.8 shows the costs for Arachne’s intra-query plan and the baselines nor-
malized to the most expensive baseline for each query. Arachne’s plans save 2-5x compared
to the next cheapest baseline and orders of magnitude compared to the most expensive
baseline, showing the cost saving potential of O2. We normalize values to emphasize the
relative savings as the absolute savings are small because out-of-memory errors on larger
datasets prevented us from using longer-running queries. We show the absolute numbers in

Table 3.3 and note that relative costs better represent total savings, as the total savings are
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Table 3.4: Runtime (seconds) for baselines and Arachne plans.

Query Arachne | BigQuery | DuckDB | Alt Syntax
67 4059.96 | 555.333 | 50655.30 | 51107.595
Square 188.226 14.569 168.727 113.961
86 (2TB) | 171.051 | 206.045 | 381.271 359.023
86 (10TB) | 580.898 | 423.063 | 1527.825 | 1471.458
Window | 624.970 82.155 | 9038.641 | 8954.334

query savings multiplied by the number of times a query executes. While intra-query plans
sometimes run slower than the fastest baseline (shown in Table 3.4), this potential slowdown
is tolerable if the query is run in a latency-insensitive, periodic workload such as a nightly

analytics workload.

Common Characteristics. These queries first join many tables (IO-bound) followed by
a window or self-join (CPU-bound). Queries with these stages are good candidates for the
intra-query algorithm.

Summary. There are fewer situations where O2 saves money versus O1, but when oppor-
tunities exist, the relative savings are significant, especially for queries with the structure
discussed above. Profiling costs for 3/5 queries are earned back in under 25 iterations. Query
67 and WINDOW are earned back in 28 and 46 iterations and cost $85.68 and $40.18. The
savings achieved are significant and compensate for incurred profiling costs. Re-profiling
may be required more frequently for O2 than O1, increasing costs. However, the sizable

savings margin can quickly earn back that up-front cost.

3.6.5 RQ3. Simulating Different Cloud Costs

So far, the results shown assume cloud vendor prices as of February’24. In this section, we
use profiled inputs (discussed in Section 3.5.2) that are not affected by cloud vendor prices
and simulate cloud prices by varying the price inputs to the inter-query algorithm. We vary
the price-per-byte (BigQuery price) and egress price from the source execution backend and

run the inter-query algorithm on the Read-Heavy (RH) workloads and Resource Balance
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Workloads (RBW) to see how varying prices impacts savings. Vertical lines indicate the
current price. We use the plan types as in Section 3.6.3-GCP, AWS, or MuLTI. For RBW,
we show percent savings (Figure 3.9) versus the price being varied in A4—G and G—A4.
Figure 3.10 shows plan types for RH in G—A1 at 1TB; trends are similar in G—A4 and

G—AS and at 2TB. The main takeaways are:

e Inter-query savings (O1) are robust to changes in prices even for heavily I0-bound work-

loads.

e Reducing BigQuery price by 40% to $3.75/TB keeps most RH plans in BigQuery. At
2'TB the necessary price reduction increases because potential savings grow as dataset size
grows.

e For RBW, in A4—G BigQuery price does not impact plan type but slightly reduces savings.
In G—A4, reducing prices by 20% to $5/TB keeps all plans in BigQuery.

e At low egress prices, MULTI plans are the cheapest option for 4/24 RH workloads in 1-2TB
and all RBWs in A4—G. Even if cloud vendors lower financial barriers to data movement,

money-saving, inter-query opportunities (O1) still exist.

e High egress prices lock-in all RBW plans to their starting cloud. For RH, multi-cloud plans

still exist, so savings achievable by using multiple pricing models outpace egress costs.

Runtime vs. Cost Tradeoffs. To observe how cloud prices impact cost and runtime
tradeoffs, we zoom in on Read-Heavy 22 at G—A4 1TB and show the percent savings and
percent speedup over the baseline vs. BigQuery and egress prices in Figure 3.11. Negative
percent speedup indicates that Arachne’s plan is slower.

A small increase in BigQuery price from $6.25/TB to $7/TB causes Arachne to migrate
more tables in a multi-cloud plan, which runs longer than the baseline but achieves greater
savings. A slight decrease of egress cost to $0.105/GB from $0.12/GB yields a similar result
for the same reasons, as migrating more tables increases savings but also runtime. At many

other prices the Arachne’s plan is both cheaper and faster. Figure 3.11 illustrates how the
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Figure 3.11: (1TB G—A4) % Savings and speedup of Arachne for Read-Heavy 22 vs. Big-
Query and egress price.

specific tradeoff of runtime and cost is impacted by cloud vendor prices.

Conclusions. Overall, we see that our results are not brittle to price changes: some queries
are simply cheaper in different pricing models and prices dictate how large savings are and
how large barriers to migration are. More importantly, they show the power platforms have

to lock in workloads by adjusting prices slightly; this anti-competitive restriction should be

concerning to all of us.

3.6.6 RQ4: Profiling Cost Microbenchmarks

Gathering inter-query inputs (Section 3.5.2) incurs significant profiling costs. We show how
stale profiles impact savings (Section 3.6.6), how profiling over samples lowers profiling costs

(Section 3.6.6), and how noisy runtime estimates impact savings (Section 3.6.6)

Impact of Re-profiling

We first study the savings impact of using stale profiles as data changes. We create 7 datasets
with sizes from 100-1200GB with the official TPC-DS generator. A TPC-DS dataset reflects
a database at a moment in time for a retail supplier. While tables tracking sales and returns
only grow with overall data size, other tables tracking inventory or customers grow and
shrink as overall data size increases, per the TPC-DS specification [TPC-DS§|.

We let each data size be the state on a given day over 7 days. In Figure 3.12 we compare
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Figure 3.12: (G—A4) Cost (USD) vs days and data size (TB)

four execution strategies in G—A4 as data changes. We compare the BigQuery baseline
(BQ), against two Arachne strategies: profiling only on day 1 (A-1P) and using that profile
for days 2-7; and profiling as soon as data changes (the solid red line, A-RP). A-1P and
A-RP include profiling costs. Finally, we show the cost of A-RP without profiling costs as
the dotted red line.

We compare these strategies on Read-Heavy 2 which showed the largest gap between
A-1P and A-RP. While A-RP is cheaper over time, it is at most 2% cheaper than A-1P.
Daily re-profiling costs make A-RP far more expensive than BQ. A-1P quickly compensates
for profiling costs and saves significantly over BQ. A-1P’s stale profile still captures which
queries are cheaper in which backend, so small errors in the profile do not appreciably

diminish savings.

Sampling

We now show how sampling reduces profiling costs with low error. While estimating runtime
from samples is difficult for some queries [Chaudhuri et al., 1999, Liang et al., 2021, Yang

et al., 2019], most profiling cost are from pay-per-byte pricing models, where runtime does
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not affect cost.

We show cost and estimation error for samples of 15, 25, 50, and 100% of data in Table 3.5.
When profiling over all data, 20/24 workloads earn back profiling costs in 4 iterations. Small
samples estimate the inputs well and in most cases lower the number of needed iterations
to 1-2. Read-Heavy 7 chooses a GCP-only plan so achieves no savings. Read-Heavy 17
only achieves marginal savings and needs many iterations, though sampling lowers the net
cost of profiling. We do not claim that sampling is the best approach, only that it cheapens
profiling. More sophisticated approaches, e.g., using parameterized cost models to sample

non-linear operators |Li et al., 2019| can further reduce error, which we leave for future work.

Profiling versus Runtime Estimation

We estimate query runtimes in Redshift by training a Kernel Canonical Correlation Analysis
(KCCA) model, as proposed by Ganapathi et. al. [Ganapathi et al., 2009] in 20092. KCCA
finds correlated clusters of training features and labels to make predictions. However, hard-
ware advances over 15 years mean that queries run much faster, so most training points are
clustered together despite the size and diversity of the training set, lowering the reproduced
model’s accuracy. Nonetheless, we created 2842 training queries as the original 3102 queries
used were not available after reaching out to the authors. We used a 1GB TPC-DS dataset
and also ran some queries on 100GB and 1TB datasets to get a broader range of runtimes.
We make a significant effort to replicate the setup and create a runtime estimation method
for SQL queries.

Inter-query plans using runtime estimates are 66% more expensive than plans using
profiles on W-MIXED in the A1—G setup and 13% more expensive in G—A1 when they
cost the same as the baseline. Noisy estimates result in Arachne missing valuable savings

opportunities and greatly diminish savings margins, illustrating the detrimental impact of

2. The authors of the original paper could not provide the materials to reproduce their work; we replicated
their model effort to the best of our ability
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estimation on inter-query savings.

3.7 Related Work

Other Cloud Databases. Many other cloud and third-party databases scan cloud stor-
age like Snowflake, Azure Synapse, Trino, Apache Hive, Amazon Athena, and SparkSQL
[Dageville et al., 2016, Azure Synapse, Aguilar-Saborit et al., 2020, Presto, Thusoo et al.,
2010a, Amazon Athena, Armbrust et al., 2015]. These databases use per-second billing
(Presto, Hive, SparkSQL), per-byte billing (Athena), or some combination of the two. While
we could have used other systems in our evaluation, Google BigQuery and AWS Redshift
effectively represent both pricing models across clouds, enabling us to evaluate opportunities

01-02.

Cloud Cost Savings. Prior work on money savings focuses on scheduling algorithms [Wu
et al., 2015|, exploring cost sources in different execution backends [Tan et al., 2019]|, or
using S3 Select [Hunt, 2017] to speed up queries and lower costs [Yu et al., 2020]. Leis
and Kuschewski model per-second costs for cloud workloads |Leis and Kuschewski, 2021].
Recent work has also focused on achieving savings using spot instances [Wu et al., 2024],
minimizing network egress prices [Wooders et al., 2024|, and finding cheaper configurations
for cloud deployments |[Bang et al., 2024]. To the best of our knowledge, Arachne is the first
effort to systematically explore savings opportunities for analytical queries by using multiple

databases with different pricing models.

Other Complementary Optimizations. Other prior work saves money through seman-
tic caching and distributed query optimization techniques [Dar et al., 1996, Durner et al.,
2021, Kotidis and Roussopoulos, 1999, Perez and Jermaine, 2014|, optimizing data place-
ment |[Kossmann et al., 2000, Polychroniou et al., 2018], and view selection and materi-
alization in data warehouses [Nadeau and Teorey, 2002, Chirkova et al., 2002, Auto-MV,

Redshift Spectrum|. These efforts save costs within a single pricing model and can be ap-
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Sample % 15 25 50 100
Dataset Cost | Iter | Error | Cost | Iter | Error | Cost | Iter | Error | Cost | Iter | Error
Read-Heavy 0 | 30.39 1 0.02 | 49.33 1 0.03 | 94.2 2 0.03 | 177.19 3 0.0
Read-Heavy 1 | 30.04 1 0.02 | 48.71 1 0.03 | 92.97 2 0.03 | 174.93 3 0.0
Read-Heavy 2 | 27.41 1 0.02 | 44.49 1 0.03 | 84.54 2 0.04 | 157.69 3 0.0
Read-Heavy 3 | 17.54 1 0.03 | 28.17 1 0.04 | 53.45 2 0.05 | 97.78 4 0.0
Read-Heavy 4 | 25.6 1 0.03 | 41.33 2 0.04 | 78.14 2 0.04 | 143.91 4 0.0
Read-Heavy 5 | 26.12 1 0.03 | 42.24 2 0.03 | 80.01 2 0.04 | 148.96 4 0.0
Read-Heavy 6 | 27.55 1 0.02 | 44.49 1 0.03 | 84.55 2 0.04 | 157.9 4 0.0
Read-Heavy 7 | 13.86 | N/A | 0.06 | 21.87 | N/A | 0.09 | 39.3 | N/A | 0.1 65.17 | N/JA| 0.0
Read-Heavy 8 | 28.25 1 0.02 | 45.62 1 0.03 | 86.77 2 0.03 | 162.65 4 0.0
Read-Heavy 9 | 30.0 1 0.02 | 48.62 1 0.03 | 92.77 2 0.03 | 174.48 3 0.0
Read-Heavy 10 | 30.16 1 0.02 | 48.91 1 0.03 | 93.36 2 0.03 | 175.64 3 0.0
Read-Heavy 11 | 19.26 5 0.04 | 30.62 8 0.05 | 57.13| 15 0.06 | 101.91 | 26 0.0
Read-Heavy 12 | 28.97 1 0.02 | 46.91 1 0.03 | 89.32 2 0.03 | 167.45 3 0.0
Read-Heavy 13 | 29.81 1 0.02 | 48.28 1 0.03 | 92.13 2 0.03 | 173.19 3 0.0
Read-Heavy 14 | 30.42 1 0.02 | 49.44 1 0.03 | 94.21 2 0.03 | 177.39 3 0.0
Read-Heavy 15 | 22.77 2 0.03 | 36.53 2 0.04 | 68.43 4 0.04 | 126.6 7 0.0
Read-Heavy 16 | 26.54 1 0.02 | 42.94 1 0.03 | 81.52 2 0.04 | 152.01 4 0.0
Read-Heavy 17 | 8.65 26 0.05 | 13.47 | 40 0.06 |24.84 | 74 0.08 | 42.85 | 127 0.0
Read-Heavy 18 | 29.78 1 0.02 | 48.31 1 0.03 | 91.96 2 0.03 | 173.15 3 0.0
Read-Heavy 19 | 30.06 1 0.02 | 48.85 1 0.03 | 93.03 2 0.03 | 174.9 3 0.0
Read-Heavy 20 | 30.31 1 0.02 | 49.17 1 0.03 | 93.88 2 0.03 | 176.83 3 0.0
Read-Heavy 21 | 28.35 1 0.02 | 46.01 1 0.03 | 87.54 2 0.03 | 164.02 3 0.0
Read-Heavy 22 | 20.58 1 0.03 | 33.3 2 0.04 | 63.02 3 0.05 | 114.34 5 0.0
Read-Heavy 23 | 29.89 1 0.02 | 48.48 1 0.03 | 92.51 2 0.03 | 173.99 3 0.0

Table 3.5: Profiling costs, iters to earn back profiling costs, and est. error for 15, 25, 50, and
100% samples (G—A1 1TB).

plied to databases prior to our analysis across multiple pricing models; for that reason they

complement our research.

Cloud-Agnostic Query Execution. Recent position papers have emphasized the need
to build cloud-agnostic data infrastructure. Berkeley’s Sky Computing vision outlines op-
portunities for multi-cloud workload execution [Chasins et al., 2022]. Our work on Arachne

emphasizes cost savings across pricing models.

Federated Query Execution. Some prior work improves performance for federated queries
by using metadata from federated sources [Charalambidis et al., 2015], by improving query
planning for federated queries [Ewen et al., 2006], or by building full federated query sys-
tems |Josifovski et al., 2002|. These works do not aim to save money and consider a single

execution backend and multiple storage endpoints, while Arachne uses multiple execution
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backends with different pricing models to save money.

3.8 Conclusion

This paper presents, exploits, and evaluates two money saving opportunities for cloud an-
alytical workloads. The key is to schedule queries based on the resources they consume
onto beneficial pricing models offered by cloud vendors. We measure hard-to-estimate query
information, implement the inter- and intra-query algorithms, and use IaaS to save money,
all while honoring runtime constraints.

We hope this work will encourage further investigation into multi-cloud savings oppor-
tunities. Ideally, this line of work fosters competition between cloud vendors, driving down
prices and benefiting users. Cloud vendors may, however, simply modify prices to prevent
data movement and lock-in users. Even in extreme situations multi-cloud opportunities ex-
ist, and we hope that cloud vendors choose to reduce costs for users and pay for the revenue

loss by becoming more energy-efficient to lower internal costs.
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CHAPTER 4
MORE EFFICIENTLY MANAGING DATA WITH A VALUE OF
DATA INDICATOR

4.1 Introduction

Users leverage cloud data warehouses and lakehouses, such as Amazon Redshift [Armenat-
zoglou et al., 2022| or Databricks [Databricks|, to store relational data and execute tasks like
SQL queries over that data. Users must make many decisions about how to configure and
use these systems to store, transform, and process their data, such as deciding what cloud
storage tier to place their data lake in (data lifecycle problems), how many compute resources
to allocate to a data warehouse, what data to manually clean, and so on. Data managers, or
those users responsible for making these decisions such as engineers, administrators, or an-
alysts, aim to make these decisions to best serve workload-specific and organizational goals,
such as latency constraints, accuracy requirements, or monetary cost budgets.

Making efficient decisions is vital for organizations. For instance, companies who solve
data lifecycle problems by using AWS S3 Intelligent tiering, which automatically archives
data based on data age and access frequency, saved $6 billion since 2018 compared to those
who used AWS S3 standard storage [Amazon S3 Intelligent-Tiering|. However, inefficient
decisions can be equally detrimental—indeed, poor data quality for key tasks costs organi-

zations on average $12.9 million annually |Gitnux, 2026].

Scenario 1. A data lake contains millions of records of transactions of various retail
products originating from different source systems. An analyst is asked by a product manager
to produce a report on clothing sales, and later is asked by a marketing executive for a separate
report about wristwatch sales. Each report requires that the analyst manually clean the subset
of transaction data relating to each product. What task should the analyst prioritize, and what

data should be cleaned first, to best serve the organization?
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Scenario 2. A cloud data warehouse charges users based on the amount of data read per
query. An administrator aims to reduce cloud costs by clustering tables [Cloud, 2026a] on

certain columns to reduce 10. What columns should the administrator cluster each table on?

Scenario 3. An engineer setting up a transactional database to run operational workloads
uses a buffer pool to cache data pages in memory to reduce query latency. Given limited
available memory, how should the engineer prioritize what data pages to cache?

Data managers often cannot feasibly solve these problems perfectly; for instance, in a
large data lake of potentially low-quality records, identifying what data to clean, how to
implement cleaning pipelines, and what resources to allocate to those pipelines requires
understanding how each piece of data impacts the performance, cost, and accuracy of each
task, whether cleaning that data would improve those metrics, and the importance of each
task to an organization in order to build an informed solution. This approach would likely
require an infeasible amount of human time and resources.

As such, data managers tend to rely on limited signals and tools that aim to approximate
efficient solutions, but these can lead to decisions that do not align with organizational goals
while still requiring data managers to perform significant manual work. For instance, relying
solely on a proxy heuristic like data access frequency to decide whether to archive data may
significantly slow down a key task which accesses data infrequently, even though maintaining
its performance is a key goal for the organization.

Furthermore, because each data management decision requires different expertise and
involves different data systems, data managers often approach each decision individually.
These bespoke solutions, which rely on limited signals or tools, are often only applicable to
a narrow set of data management scenarios. Data managers thus need a signal that is more
widely applicable and better aligns cloud setups with organizational goals.

We claim in this paper that data managers can make more efficient data management

decisions across a wide range of problems with access to the value that data has to tasks,
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like detecting fraudulent transactions, in their organization. Existing systems like data
warehouses and lakehouses do not provide access to the value of data, but new services like
the Unity Catalog which provide a centralized interface for data governance and management
present an opportunity to capture the value of all data managed by an organization and
expose it to decision makers across an organization.

The value of data signal is instrumental, as data gains value if and only if it helps solve
tasks important to an organization. For instance, the data used for a vital fraud-detection
pipeline is very valuable because it serves an important task, while data never used has
no value. The instrumental value of data can guide more efficient decisions across a wide
range of data management problems because it better captures the importance of data to an
organization than individual dimensions such as access frequency, as the value of data also
considers the importance of each task to an organization.

For specific data management problems, approaches have been proposed that use instru-
mental data signals, but these are still only narrowly applicable and organizations have not
integrated this signal as a first-class citizen in their data management processes. For in-
stance, the five-minute rule computes the value of a data page from its access frequency, its
read time from disk, and the monetary cost of memory, and makes caching decisions based
on this signal. However, this applies primarily to caching decisions for on-premise computing
setups rather than elastic cloud setups.

Other proposals aim to integrate instrumental data signals into underlying systems, such
as Glavic et. al. |Glavic et al., 2024] who propose a frequency-based metric for the value
of data. However, relying solely on access frequency to compute the value of data can
lead to inefficient data management decisions, and these approaches have not been broadly
adopted by underlying systems in part to avoid impacting the performance of tasks on critical
infrastructure. Thus, it is imperative that the benefit of the value of data be well justified

and the cost of its implementation minimized.
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To make the value of data accessible to data managers via underlying systems, we propose
a general indicator for the value of data, which computes a number for each piece of relational
data in an organization, such as a table, column, or row. We call each such piece of data a
data element. We first present a relational interface that exposes the value of data indicator
to illustrate how data managers can access and use the indicator to better solve a broad
range of data management tasks, regardless of the implementation of the indicator.

We then present the instrumental model for data value and data utility proposed by
Castro Fernandez |Castro Fernandez, 2025], and we present how we compute the value of
data indicator. We discuss the limitations of more limited heuristic signals that do not
consider the value of tasks to an organization to motivate our approach, and we argue
that task values should be provided by data users to best capture the importance of tasks
to organizational goals. We also discuss how task values can be initially incomplete and
improved over time to refine the quality of the indicator.

Finally, we present a prototype implementation of the value of data indicator on the
Databricks Unity Catalog, which presents a unified interface through which users can run
both transactional workloads through the Postgres-based Lakebase and analytical queries
through the Lakehouse without needing to run ETL pipelines to transform data. This
implementation supports tracking the value of data indicator only for tables or columns. We
modify Apache Spark, which is the core engine behind the Databricks Lakehouse, to build an
implementation of the value of data indicator using the QueryExecutionListener API that
enables tracking the value of data indicator for Apache Parquet row groups as well.

We evaluate the efficacy of the value of data indicator by illustrating how it helps data
managers across three different scenarios to more efficiently make data management deci-
sions by improving query performance and the overall utility gained from a workload. We
evaluate our implementation and show that the relative cost of implementing the indicator is

compensated by the better decisions it enables. In summary, the contributions of this paper
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are:

e A relational data model through which data managers can access the value of data indicator

to guide data management decisions.

e A method for computing the value of data indicator based on agent-defined task values

and the relevance of data to those tasks.

e An implementation for the value of data indicator on the Databricks Unity Catalog and

Apache Spark for relational data.

Next, Section 4.2 describes our proposed interface for the value of data indicator, il-
lustrating how data managers can use this interface to guide data management decisions
regardless of the underlying implementation of the indicator. In Section 4.3, we describe the
model we use to compute the value of data and discuss other approaches to making data
management decisions and the limitations of these approaches. Section 4.4 presents how to
compute the value of data, discusses eliciting task values from data users, and studies how
the choice of granularity—or how data is subdivided into discrete data elements—impacts
data value. Section 4.5 describes our implementation on Apache Spark, and in Section 4.6 we
evaluate the benefits of the value of data indicator and evaluate the query performance over-
head of our implementation. Finally, we present related work in Section 4.7 and conclusions

in Section 4.8.

4.2 How the Value of Data Indicator Can Benefit Data Managers

In this section, we illustrate how a value of data indicator can benefit data managers. We
assume that a value of data indicator exists, and we illustrate how data managers can leverage
this indicator to better solve tasks across four categories of data management tasks. We then
describe the concrete relational interface through which data managers access the value of

data indicator.
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4.2.1 Categories of Data Management Problems

We first enumerate four categories of data management problems and cite discussion in
industry about each. We discuss how data managers solve these problems today and describe

how the value of data indicator can better serve managers across these categories.

Category 1: What Data is Most Valuable to an Organization? Data managers
want to understand which data elements are the most valuable to products and tasks across
their organization to survey the landscape of their data [Cuffari et al., 2023, Octopai, 2024]
and understand what data is most critical for different teams or products |Libarikian et al.,
2022, Tietoevry, 2024, Desai et al., 2021, Bergman, 2022|. For example, a CTO or division
leader may want to understand if a newly procured dataset is being used or if an unexpected

dataset is driving critical value.

Category 2: Resource Allocation Under a Budget. Data managers must decide how
to allocate a limited resource across a subset of data elements [Krantz and Jonker, 2023,
McKinsey & Company, 2023|, as in Scenarios 1-3 where a data manager had to decide what
data to clean with limited human time, what columns to cluster a table on, or what data to

cache.

Category 3: Data Lifecycle Management. Cloud vendors offer various storage tiers,
with cheaper tiers offering slower access times. Data managers want to decide what data
to archive to reduce storage costs while obeying governance constraints such as regulatory
requirements to store financial data for a certain period of time. They also may want to
understand if important data is stale and should be refreshed to improve the performance

of tasks that rely on it [IBM, 2026, News, 2023, Ghorpode, 2025|.

Category 4: Data Setup Evolution. Making modifications to an organization’s data
setups, such as migrating data from blob storage to an analytical database, building an index
on a database, or partitioning or clustering a table in a data lake can improve performance

or streamline data maintenance issues [Slingerland, Darnell|. Making these changes is often
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expensive, so data managers must carefully decide what changes to make, such as migrating
data or building an index, and what data to apply these changes to.

Data managers use a mixture of tools and other signals like heuristics to help in these
varied decisions, but each requires its own expertise to use, may not be compatible with other
tools or signals, and may only apply to a subset of tasks. As a result, data managers often
do not have access to the value of data across their organization, leading to less effective
data management decisions.

For instance, in Category 1 data managers can manually retrieve data access patterns
from system tables, such as BigQuery’s information schema |BigQuery Information Schemal]
or Snowflake’s account usage [Snowflake Account Usage| tables, to understand what data
each product or team accesses, but this approach does not answer how valuable these different
products are or how valuable the data is to these products. For Category 2, data managers
can set budgets for projects or pre-buy capacity pools [Williams and Joshi, 2023|, but they
must still decide what budgets to set manually, and do not have access to a general signal
for the value of their data to guide that decision. For Category 3, data managers can use
tools like AWS S3 Intelligent Tiering [Amazon S3 Intelligent-Tiering| to automatically move
data to cheaper storage tiers based on access patterns, but this approach may identify an
inefficient solution for infrequently accessed data and requires data managers to manually
identify what data to refresh. For Category 4, data managers can modify setups by creating
partitioned or clustered tables [BigQuery Partitioned Tables, Cloud, 2026a], or migrate data
between clouds [AWS DataSync|, but they still must manually choose what columns to
partition or cluster on or what data to migrate.

Data managers can make better decisions with less manual effort across these categories
with access to an indicator for the value of a data element to each task that accesses it.
Aggregating the value of a data element across all tasks yields the total value of a data

element. Aggregating the value of data across a subset of tasks, such as those from a specific
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team or product, yields the value of a data element to that team or product.

For Category 1, data managers can identify the most important data elements by sorting
each data element by its data value. Data managers can determine the value of data to
a specific set of tasks, such as those from relevant teams or products, by aggregating data
value for only these relevant tasks. This allows data managers to understand how a data
element contributes to different areas of an organization while avoiding the pitfalls of relying
on access patterns alone to determine data value.

For Category 2, a data manager can use the value of data indicator and filter by tasks
associated with the setup or operation under consideration, and then sort data elements by
value. The data manager can then prioritize the highest value data, for instance choosing
to store this data on faster storage or spending time to clean it or using this information to
guide their decision with other external inputs or constraints. For instance, a data manager
may need to identify tasks with data quality issues to choose what data elements could be
maximally impactful if cleaned.

For Category 3, data managers can select data elements with no value or very low value
as candidates for storing in cheaper and slower storage because these data elements are either
not accessed or are only accessed by unimportant tasks. They can also use the value of data
indicator to decide if infrequently used data is valuable enough to keep in faster storage.
Data managers can also selectively monitor high-value data for staleness to cut down on the
manual effort of identifying data worth refreshing.

For Category 4, data managers can sort relevant data elements by their value to a set of
relevant tasks to identify what data to prioritize for setup changes. For instance, data man-
agers can identify the value of two relational columns within a table to analytical workloads,
filtering by analytical queries, to decide what column a table should be clustered on or what

data should migrate to an analytical database.

Required External Inputs. We observe that the value of data indicator alone cannot solve
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Table Name | Column Name | Row Group ID Task ID Timestamp | Value
TableA ColumnA 0 Task0 26-01-01 12:00 50
TableA ColumnA 1 Tasko 26-01-01 12:00 50
TableB ColumnB 0 Task1 26-01-01 12:20 25

Figure 4.1: Sample content for the Data Value table, which contains information to access
the value of data indicator.

all of these data management problems if external context is needed. For instance, under-
standing which tasks perform similar operations or what tasks are sensitive to data quality
issues requires context from other data managers or insights stored in external documents.
However, with a relevant set of tasks or data elements, data managers can use the indicator
to understand what data is the most valuable to their organization. With access to the value
of their data, managers have a concrete, quantitative input to guide their decision-making

process.

4.2.2 How To Access the Value of Data Indicator

We now describe how data managers can access the value of data indicator from two relational
tables: the Data Value table and the Task Value table. These two relational tables are stored
within one of an organization’s existing data catalogs and are managed by the same data
managers. As these are relational tables, managers can access them via SQL queries and
build views on them.

The Data Value table logs the value for each data element accessed by a task in an
organization. We show example data for this table in Figure 4.1. This table supports three
different granularities, or ways of subdividing data into data elements: table, column, and
Apache Parquet [Apache Parquet| row group, which contains all column data for a subset of
rows in a table. The indicator thus assigns a numerical value to each data element as defined
by the chosen granularity. We note that, depending on the granularity used, row group ID

and possibly column name may be NULL.
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Data managers directly access the value of data through the Data Value table. The table’s
Value attribute is how much value was attributed to a specific data element—identified by its
table name, column name, and row group ID-from a specific task identified by its task ID.
The Timestamp attribute logs when the query finished to enable data managers to observe
the value of data over arbitrary periods of time. We see in Figure 4.1 that two tasks run
20 minutes apart. Task 0 accesses two row groups from a single column in Table A and
assigns each a value of 50, while Task 1 accesses one row group from a column in Table B
and assigns it a value of 25.

The granularity impacts how many data elements we track the value of data for, which will
impact the number of rows in the Data Value table. For instance, because there are typically
far fewer columns than row groups in a database, tracking at the row group granularity will
result in a much larger Data Value table, as there is one row written for each task that
accesses a data element.

The Task Value table has three attributes: a task ID, the task text or code, and the task’s
value. This table enables data managers to understand what operations a task is performing
and store the value of a task which is used to compute the value of data. This interface
supports arbitrary methods of assigning values to tasks, including a simple assignment of
the same value to all tasks.

We note that the value of data is a function of the task value, so the Value attribute
in the Data Value table simply stores the result of this function. Thus, this interface can
support any definition and implementation of an instrumental value of data.

To access the value of data for a set of data elements, such as a set of columns, a data
manager can write a SQL query over the Data Value table filtering for those column names
and aggregating Value for each one, potentially adding filters for specific task IDs or time
windows. Data managers can use this to identify the most valuable data elements within

specific timeframes, products, or teams, enabling them to make better decisions across the
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Figure 4.2: Tasks, with value (1) shown in diamonds, access (2) relevant data elements (3).
Data elements accrue value (4) from each task that accesses it, and users access this value.

four categories of data management problems discussed above. Data managers can use the

Task Value table to understand the operations a task performs or the task’s value.

4.3 Modeling The Value of Data Indicator

Having illustrated how data managers can access and use the value of data indicator, we
now describe the model we use for the instrumental value of data. We then illustrate the
limitations of other heuristic approaches to solving data management problems to motivate

our approach.

4.3.1 Model Overview and Inputs Needed to Compute the Value of Data

Indicator

The model proposed by Castro Fernandez [Castro Fernandez, 2025| defines how tasks are

computations to be completed over data to fill an information need. Data gains value by
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contributing to the information need of a task, rather than having value in and of itself, so
the value of data depends on the tasks that it contributes to.

Figure 4.2 shows how a set of tasks each use a set of data elements which are part of a
larger dataset, with arrows drawn between tasks and relevant data elements. Each task has
a value, depicted with diamonds, representing its importance to an organization. The value
of data is derived from three inputs. First, the value assigned to each task represented by
1 in a red circle in Figure 4.2. Second, capturing what data elements are relevant to each
task, represented by 2 in a red circle. And third, granularity, or how data is divided into
discrete data elements like tables, columns, or rows, represented by 3 in a red circle.

Finally, data value, labeled with 4 and represented by diamonds, is computed from these
inputs and revealed to users through the interface described in Section 4.2. We discuss
how we collect the relevant data elements (input 2) for each task in our implementation in
Section 4.5.

An implicit assumption in input 1 is that all tasks in an organization have a unique
identifier so a value can be assigned to them and a task’s value can be accessed to compute
the value of data. However, organizations may not have such a system, and instead, teams
rely on the unique IDs generated by individual data systems to identify tasks. However,
these IDs may not be unique across all the systems used in an organization. Without an
organization-wide task ID system, data managers may need to limit the scope of the indicator
to only consider tasks for which unique IDs are accessible, such as SQL queries run through

a cloud data warehouse.

4.3.2  How the Value of Data Indicator Improves Qver Common Approaches

We now discuss some common approaches to data management problems and identify how
these approaches can lead to inefficient solutions to these problems because they fail to

consider the value of a task to an organization. Consequently, the instrumental value of data
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indicator, which captures this task value when computing the value of data, can guide data

managers to better data management decisions.

Least Recently Used (LRU). LRU is a heuristic which prioritizes recently accessed data,
sometimes used as an eviction policy for in-memory caches, such as a database buffer pool.
LRU does not differentiate the quality of access, so it does not matter whether data was
accessed by incredibly important tasks, like a major fraud detection service, or by less im-
portant tasks like an analyst doing exploratory work. As a result, this heuristic could evict
an incredibly valuable column accessed once every day by an important fraud detection work-
load in favor of columns accessed often by less important exploratory work. This outcome
is worse for the organization, as it reduces performance for this key task precisely because

it fails to consider the value of each task to the organization.

Frequency-Based Model. Other approaches across a range of data management prob-
lems prioritize data based on the frequency of access. For instance, an instrumental model
proposed by Glavic et. al. [Glavic et al., 2024] assigns each task the same value so that a
task’s value is its relative frequency: if Task A runs 100 times in a workload of 1000 total
task executions, it has a value of 0.1. Glavic et. al. track data relevance to tasks through
provenance or provenance sketches [Niu et al., 2021, Li et al., 2026].

Each data element relevant to a task adds the task’s value to its data value, so every
data element used by Task A adds 0.1 to its data value. Thus, a data element’s value
ranges between 0 (relevant to no tasks) and 1 (relevant to all tasks). Relying on relative
frequency alone to dictate task value fails to capture how data managers view the importance
of their tasks. Clustering a table on a frequently accessed column may benefit a majority of
tasks, but this may not yield the most significant benefit to the organization if this choice
disadvantages valuable tasks that run less frequently.

The five-minute rule is also a frequency-based heuristic that can guide data management

decisions for some problems. Based on the frequency of access over a period of time, we can
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compare the cost of storing data in memory versus the cost to fetch it from disk repeatedly.
The cost of memory and time to read from disk dictates how frequently data must be accessed
to be worth caching. This uses access frequency to make a caching decision, but again, it
assumes that every access is of equal value. By not considering the value of tasks, these
decisions may not best serve an organization. A frequency-based model for the value of data
which also considers the value of tasks to an organization, could yield data management
decisions that better serve the organization, such as by caching data in memory that has

contributed the most value to an organization’s tasks.

Organizational or Interpersonal Information. Data managers may also solve data
management tasks with non-technical solutions and knowledge gained by speaking to col-
leagues, consulting documentation, or trial and error. For instance, a data manager may
prioritize what data to clean based on a team’s reputation for patience, with whom they
work more regularly, precedent about what data has been prioritized in the past, or simply
prioritizing the requests of the highest ranking employees first. While this is useful context,
data managers still lack a systematic view of the value that data provides to an organization,
and consequently may make decisions that do not best serve the organization because they

lack the tools to identify better solutions.

Observability and Monitoring. Data managers may use tools to monitor specific da-
tasets or metrics to identify potential problems and then manually investigate and address
them [Post, 2023, Moses, 2025, Kirwan, 2024|. For instance, a data manager may monitor
the null count or distribution of a column to detect if data quality has degraded before
verifying if that data has truly degraded and prioritizing it for cleaning. These approaches
use observability tools like Monte Carlo [Monte Carlo|, Bigeye [Bigeye|, or in-house solu-
tions [Uber Monitoring Data Quality|. Because this approach requires significant manual
effort, data managers typically choose datasets they perceive to be important or sensitive to

changes to focus observability resources on. However, that data may not be critically linked
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to the dropping accuracy of a model, and the most critical data quality issues present may
not be linked to any important tasks at all. By not allowing the value of tasks to guide
what data their attention and effort focuses on, data managers may spend vital resources
monitoring data that does not best serve an organization, while more valuable data may be

neglected.

The Value of Data Indicator. These approaches, by not considering the value of tasks,
cannot capture scenarios where value is misaligned with some proxy metric or approach, such
as access frequency or organizational precedent. In these instances, relying on these other
approaches can lead to inefficient data management decisions because they fail to prioritize
the data that is actually the most valuable to an organization. The instrumental value of
data indicator uses task values to adapt to scenarios where these individual metrics alone
identify efficient decisions and can adapt to scenarios where a more complex prioritization

of data elements is more efficient.

4.4 How To Compute the Value of Data Indicator

We now present how we compute the value of data indicator given the three inputs described:
task values, the mapping of relevant data elements to tasks, and data element granularity.
We discuss how we elicit the task value input from data users and then study how granularity,

the third input, impacts the value of data indicator.

4.4.1 Calculating the Value of Data Indicator

Given a value assigned to each task, a mapping of what data elements are relevant to each
task, and a choice of data element granularity, we compute the indicator by equally dividing
the task value among all relevant data elements. The total value of a data element is the
sum of all values assigned to it from tasks. For example, if we value tasks in monetary units

like US dollars, a task with value $50 that accesses two data elements will assign $25 to each
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data element each time it executes. If it runs four times, the data element will have a total
value of $100. Hence, the frequency at which a task executes impacts the observed value of
data.

We make two decisions in our approach. We first decide that the total value attributed
to relevant data elements from a task should sum to the value of the task. This ensures that
if the task value is expressed in absolute units, such as US Dollars, the value of data can be
directly interpreted in those same units.

Second, we decide to divide task value evenly among relevant data elements. Formally, the
model from Castro Fernandez [Castro Fernandez, 2025] views both data and the information
need of a task as random variables and defines the value of data as the mutual information
between data and the information need. Implementing this model would require significant
domain knowledge over an organization’s potentially large data stores and poses a significant
modeling challenge even with such knowledge. An alternate heuristic approach divides task
value proportionally to the size of a data element and assumes that larger data elements
contribute more information, which may not be true. Instead, given the absence of other
information, we choose to assume that all relevant data elements contribute equally to a
task and divide task value evenly. We now study the difference in the observed value of data

indicator between our choice to evenly divide and other strategies to divide task value.

An Empirical Comparison of Dividing Strategies and the Frequency-Based Model.
We compute the value of data under three different dividing strategies: Full, which assigns
the full value of a task to each data element, Equal, which divides the task value evenly
among relevant data elements, and Cardinality, which divides task value proportional to
the number of rows within a data element. We note that our value of data indicator can
support any of these three dividing strategies, as well as more complex strategies that may be
proposed in the future. We use the TPC-DS [Nambiar and Poess, 2006] and TPC-H [TPC,
2026] workloads at SF30 for tasks and data.
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Figure 4.3: Distribution of Normalized Table Values Across 100 Draws of Query Values from
Zipf Distribution at Table granularity. Compare the Full, Equal, or Cardinality division
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We supply the task value input to the indicator by randomly drawing task values from a
Zipf distribution to simulate setups where data users assign a small number of tasks a much
higher value than the rest. We study but omit drawing task values from a normal distribu-
tion, where task values have less variance, as we observe the same trends with less variance
in data value. We execute 1500 queries drawn from the TPC-DS and TPC-H workloads and
compute the value of each data element for each of the 100 different random draws from
the Zipf distribution. We consider the Table and Column granularities, where tables or
columns are data elements respectively, and compute the value of a table by summing the
value for each data element in the table. We show normalized data value for each strat-
egy and show a red line representing the frequency-based data value proposed by Glavic et.
al. [Glavic et al., 2024] for the Table granularity in Figure 4.3 and the Column granularity
in Figure 4.4. We show data for 8 of 32 tables for ease of visualization and because these
reflect the trends observed across all tables.

We first note that the frequency-based model assigns a single data value regardless of
the task values provided by data users, while our indicator takes on a full distribution of
data values depending on the task values provided. We also see that frequency-based value
is often significantly misaligned with our value of data indicator. In Figure 4.3 DATE DIM
is accessed by 60% of queries but attains only 15-18% of value on average under the Full
or Equal dividing strategies. This is both because the tasks accessing DATE DIM have a
lower value and because some of these tasks also access many other tables, decreasing the
value assigned to each table. As a result, using a frequency-based value would overvalue
DATE DIM, leading to poor data management decisions such as placing it in faster storage
at the expense of more valuable data. This illustrates how a frequency-based approach could
better capture the value of data if it accounted for the value of tasks to an organization.

When normalized, the Full and Equal strategies overlap significantly in both Figures 4.3

and 4.4. However, the scale of Full strategy grows as each task accesses more data elements,
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while the total data value assigned under Equal (or Cardinality) will always match the total
task value because the total value assigned to all relevant data elements by a task will be
equal to the original task value under both the Equal and Cardinality strategies causing the
differences we observe. The Cardinality strategy favors larger fact tables, like STORE SALES,
while DATE _DIM, a smaller table used by many queries, receives less value from each task.
We see how, when moving to a Column granularity in Figure 4.4, these larger tables increase
in value because the larger table size is amplified by the larger number of columns also
accessed by tasks.

Moving from Table to Column granularity, we see some tables such as CUSTOMER increase
in value across all three strategies while STORE decreased across all three, because either a
larger or smaller number of their columns are actually being used. However, in DATE _DIM
we see that the median value under Full shifts upwards slightly, while the median value under
Equal shifts downwards. In Full, a task’s value multiplies by the number of data elements it
accesses. Under Column granularity, if high-value tasks predominantly access columns from
one table, such as DATE _DIM, this will increase the normalized value under Full more than
under Equal because a bigger share of the overall value is going to that table. For example,
if Task A with value 100 accesses 5 columns and Task B with value 50 accesses 1 column,
Task A accounts for 500 of 550 total value under Full, while under Equal it accounts for
100/150. If most of Task A goes to one table’s columns, that will yield a higher value under
Full than Equal.

4.4.2  Eliciting Task Values from Data Users

In this paper, we choose to elicit the task value input to the value of data indicator directly
from data users who possess the needed context about organizational priorities and the
impact of tasks.

If data users cannot provide any values, all tasks are valued equally, which reduces to
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a frequency-based approach, but data managers making data management decisions today
often have implicit or explicit knowledge of the importance of some tasks. For instance, a
data manager will know that a workflow supporting a critical product like fraud detection
is more important than an internal dashboard used for exploratory analysis. This approach
then systematically captures the context already possessed by data managers alone, and it
also has the ability to capture the additional context of data users who have more insight
on the importance of their tasks to broader organizational products and goals. These task
values can be expressed in monetary units, like the revenue gained from a task, but can also
be expressed in other units such as the increase in foot traffic to a store or engagement on
social media.

Data users may have an initially incomplete understanding of task values but can improve
value assignments over time. For instance, a data user may be able to value a well-known
task like fraud detection but lack the same information for a new service. As data users gain
more insight into the importance of different tasks—by studying the revenue generated by

this new service, gaining insight from the developers, or speaking to leaders who understand
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overarching goals—they can iteratively improve the values they assign to tasks which will

better align the value of data indicator to organizational priorities.

4.4.3 How Granularity Impacts the Value of Data

In addition to task values, another input to the value of data is the choice of granularity,
which defines how to logically partition data into data elements. We now empirically study
the impact of this choice on the value of data.

We again use the TPC-DS and TPC-H workloads; because many queries in these work-
loads scan every row from a table, we author queries with additional filters to reduce selec-
tivity on both datasets to illustrate how finer granularities can reveal what subsets of data
generate the most value. The workload is 163 queries on 32 tables, and we use the Equal
dividing strategy to compute data value. We define three granularities of data elements:
Table, Column, and Apache Parquet Row Group.

We perform 100 random draws of query values from a Zipf distribution. We omit the
normal distribution as we observe the same trends with less variance in data value. We
execute 1500 queries drawn from the pool and show the computed value of a table by summing
the value for each data element in the table. In Figure 4.5 we show normalized value for
each granularity only so that outliers do not dominate the scale; however, all granularities
operate on the same absolute scale because they use the same division strategy. We show
data for 8 of 32 tables for ease of visualization and because these reflect the trends observed
across all tables.

Data value will vary as granularity becomes finer, depending on how a table is used: if
only a few columns or a small number of rows are accessed, then the column or row group
granularities would show a lower value than the table granularity. On the other hand, if
the majority of rows or columns accessed by tasks are from a single table, the column or

row group granularity would show higher value than the table granularity because most of
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a task’s value is attributed to data elements within that table.

We see the first pattern in STORE and DATE _DIM, where the column value is lower than
table, and row group is even lower because only a subset of columns is accessed. These tables
are small, so larger fact tables like STORE SALES dominate in the row group granularity
because, if a task scans both DATE _DIM and STORE _ SALES, its value is split evenly between
the single row group in DATE _DIM and the 700 row groups in STORE _SALES. We see the
latter pattern in the CUSTOMER table where a subset of row groups drives the table value,
so the value under row group granularity is lower.

How granularity partitions data also impacts the value of data indicator. If granularity
partitions data vertically, i.e., into columns, data value will not vary with table cardinality
but with the number of columns, which is why DATE DIM has a higher data value under
column granularity than row group. If partitioned horizontally, i.e., by row groups, larger
tables can dominate data value. Methods that divide task value unevenly among data
elements could weight smaller tables more to mitigate this effect. Our indicator can support
any uneven methods of dividing task value.

Figure 4.5 shows that finer granularities can help data managers prioritize the most
beneficial subsets of tables in data management tasks such as caching or data cleaning, but
we also see that coarser granularities still provide a useful, objective indicator of data value.
We further illustrate this point in Section 4.6 by showing how the value of data indicator at a
column granularity can guide data managers to better allocations for three data management

tasks.

4.5 Implementing the Value of Data Indicator

Having now illustrated how data managers can access the value of data and how we compute
the indicator using task values provided by data users, we now discuss how the indicator can

be implemented by presenting a prototype implementation on Databricks’ Unity Catalog.

80



This is in particular critical for capturing what data elements are relevant to each task.
We illustrate that implementing the value of data indicator is feasible and does not require
redesigning data systems from the ground up. We first present our implementation on
Databricks, illustrating how we capture relevant data elements accessed by a task within the
Unity Catalog and log the value of data indicator for table and column granularities. Then,
to support the row group granularity, we modify the open source Apache Spark codebase,

which is the underlying query engine for the Databricks data warehouse.

4.5.1 Unity Catalog-Based Implementation

The Unity Catalog [Unity Catalog| is a unified governance layer which manages data and
enables users to run a wide range of tasks such as SQL queries and Python notebooks on
that data. Databricks has open-sourced the Unity Catalog but also maintains a proprietary
distribution which includes additional features. While primarily supporting analytical tasks
on its Lakehouse, Databricks recently announced their Lakebase [Ghodsi et al., 2026] which
are managed Postgres instances that better support transactional workloads, and any data
updates or inserts on the Lakebase are automatically propagated to the tables managed by
the Unity Catalog without manual ETL jobs and are accessible by analytical tasks such as
SQL queries or Python notebooks. This presents a unified interface for data management

and thus a promising system for implementing the value of data indicator.

Storing the Indicator. The two relational tables described in Section 4.2-the Data Value
and Task Value tables—are created as tables within the Unity Catalog and are thus accessible
to data managers through any interface to the Unity Catalog. This enables the management
of these tables through the same interfaces, access controls, and permissions as other tables

in the catalog.

Identifying Relevant Data Elements for a Task. Users can access data stored in

the Unity Catalog through multiple interfaces. They can author SQL queries, run Python
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notebooks using Spark’s Python API, or even interact with the Databricks UI which triggers
internal queries to run against the Unity Catalog, for example to show a table schema. Each
of these, when run, is assigned a unique STATEMENT ID. The QUERY HISTORY system
table stores a record for each task executed against the Unity Catalog, the time it executed,
and the code for that task, among other metadata. Using either the Python code or SQL text,
we can parse what tables and columns are read by a task and can use the STATEMENT _ID
as the unique Task ID for the value of data indicator. Then, the Table Value table stores
the value for a given task identified by its STATEMENT _ID. Because relevant data elements
are parsed from the task code, this approach can support table and column granularities.
We run a periodic Databricks job which scans the QUERY HISTORY table for new tasks,
parses the relevant data elements from the task code, access the task value from the Task
Value table, and then logs the relevant data elements and task value to the Data Value
table. The cadence of this job can be tuned to balance the freshness of the indicator with

the overhead of running the job.

Updating Task Values. Data users can access the Task Value table to identify what tasks
have run and what operations they performed to assign values to these tasks. In instances
where individuals have authored Python notebooks or SQL queries this may be easier to
perform. However, in instances where downstream applications have run tasks on the Unity
Catalog, those downstream applications will need to communicate to data users what tasks
have run against the Unity Catalog based on user input and what operations those tasks

performed so that users can assign task values.

4.5.2  Supporting Finer Granularities

We now present our implementation of the value of data indicator for table, column, and
row group granularities on Apache Spark |Zaharia et al., 2010] which supports SQL queries

over Parquet files and run through Spark’s SQL interface. Apache Spark is the underlying
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query engine for the Databricks Lakehouse.

Storing the Indicator. We implement the indicator’s time-series data model, detailed in
Section 4.2, as separate relational tables within Spark’s catalog stored in Parquet files. Data
managers can query the indicator directly or build views on it using Spark’s SQL interface.
If this implementation were integrated into the Unity Catalog, these same tables could be

stored within the Unity Catalog itself.

QueryExecutionListener API. Spark exposes the QueryExecutionListener Java inter-
face [Spark| which contains ONSUCCESS and ONFAILURE methods. We implement this in-
terface and its methods and register it with the active Spark session. When a query or task
completes, one of these two functions is invoked. These functions can run asynchronously
from the main Spark thread and can be invoked by multiple threads. Within the QueryExe-
cutionListener interface we determine what data elements were accessed and the timestamp
of completion and append this information along with the provided task value to the inter-
face tables within the Spark catalog. For each data element accessed by a task, the listener

logs a new row in the Data Value table described in Section 4.2.

Granularity Support. Our implementation supports table and column granularity by
parsing the SQL query and execution plan provided to the QueryExecutionListener to ex-
tract the relevant tables and columns accessed. However, Parquet is a columnar storage
format internally organized into row groups, and the row groups accessed by a query are not
accessible through the default information provided by the QueryExecutionListener.

To support the row group granularity, we modify the the open source Apache PARQUET-
JAVA repository!, which Spark uses to read Parquet files and push-down filters to only
scan relevant row groups. We maintain and expose which row groups were read by each

file-read operation in a thread-local Map. This change modified about 40 lines of code.

1. https://github.com/apache/parquet-java
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We then modify Spark’s codebase? to access the relevant row groups and associate that
information with the File Scan operator in the physical SparkPlan associated with the query’s
QueryExecution object. This modified about 400 lines of code. The result is that the
QueryExecutionListener implementation can now determine what tables, columns, and row

groups are accessed by a SQL query and log that information to the interface tables.

4.6 Evaluation

In this section, we answer the following research questions:
e RQ1: Can the value of data indicator be used as a decision-making signal to improve

solutions to data management tasks?

e RQ2: How does the indicator implementation impact the performance of tasks? Does the
performance impact vary based on the granularity of data element used?

To answer RQ1, we choose three data management tasks that illustrate how data man-

agers can improve query performance or workload utility by prioritizing data based on the

value of data indicator.

4.6.1 RQ1: Efficacy of the Value of Data Indicator

Data Placement

In cloud environments, data is often stored in blob storage, such as Amazon S3 [Amazon
S3|, and managed by a data lake [What is a Data Lake|. Query engines then fetch data from
blob storage and place it on a smaller, local VM disk to execute queries [Kumar K M et al.,
2024]. Because there is a time and monetary cost paid to fetch data from blob storage, and
the local disk is often much smaller than the total data size, data managers must decide what

data to place on the local disk. In this experiment, we observe how a placement strategy

2. https://github.com/apache/spark
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based on the value of data can yield better outcomes for the organization compared to a

more limited recency-based placement strategy.

Experimental Setup. In this experiment, we run the TPC-DS workload of 99 queries on
24 tables at 30GB stored within a single AWS S3 bucket. Each table in S3 is stored in its
own Parquet file. After compression, the total size of the dataset is 11GB. We launch a
t3.2xlarge EC2 instance with 8 vCPUs and 32GB of RAM with an attached disk. When
queries need to run locally through DuckDB, any needed columns not present on local disk
are fetched from S3. If the local disk cannot accommodate all columns to be fetched, some
columns currently stored on local disk must be deleted. We compare two solutions to this
problem: the Value of Data (VOD) strategy which deletes the lowest value columns when
more data is required; and the least recently used (LRU) strategy, which deletes the least
recently accessed columns from local disk. We choose LRU as a baseline because it is a
well-known eviction strategy applicable in a range of similar data placement setups.

Each query is assigned a Task ID and a value per our model for the value of data, which
is stored in the Task Value table described in Section 4.2. We assign values to each query
through the following procedure. We construct three tiers of query values: low, medium,
and high. We select one column as a high-value column, representing a scenario where
query values are chosen based on what data is most important to an organization — for
instance, queries that scan customer information are more valuable than queries that scan
store location data. We then assign high value queries to be those that access this column,
medium value queries to be those that access the columns we selected as medium value, and
the rest as low value. There is 1 high-value query, 2 medium value queries, and 96 low-value
queries. This represents a setup where a small set of queries access very important data and
perform extremely business critical tasks, while the remaining queries are less important and
have lower value.

We consider 5 different value assignments to study how query performance varies as task
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Figure 4.6: Speedup of Value of Data strategy over LRU for Top K valued queries with
updating data values. Disk size 5.0GB.

values become more skewed. Constant, which assigns all queries value 1. Value 50, which
assigns value 50 as the high value and 5 as medium. Value 100, which assigns value 100
as the high value and 10 as medium. Value 500, which assigns value 500 as the high value
and 50 as medium. And finally Value 1000, which assigns value 1000 as the high value and
100 as medium. Low-value queries are assigned a value of 1 in all cases.

When a query runs, its value is accessed from the Task Value table and is divided equally
among all columns it accesses. This is then logged to the Data Value table. Before the start
of the experiment, we run an initialization phase which runs a set of queries from the TPC-
DS pool, accesses the indicator interface to calculate the data value for each column, and
populates local disk according to either the VOD or LRU strategy. To run the experiment,

we run the entire TPC-DS workload once.

Local Disk Size. We consider 5 different sizes of local disk: 2.75GB, 3.5GB, 5GB, 7.5GB,
and 13.75GB. The minimum disk size needed to run all queries is 2.68GB, so 2.75GB is
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among the smallest feasible disk sizes possible, while 13.75GB is 125% larger than the total
dataset size (11GB), so all data can fit in local disk. We vary disk size between 2.75 and 13.75
to observe how these strategies adapt in both constrained and unconstrained disk setups.
We compare the query runtimes for TPC-DS under the LRU and VOD strategies for each

disk size and value assignment.

Placement Results: Updating Data Values. In this setup, each task that runs during
the experiment has an assigned value and updates the Data Value table in real time as it
runs, so data value reflects the most up-to-date information.

We first show the percent speedup of the VOD versus LRU strategy across all value
assignments when disk size is 5.0GB, or about 50% of the total dataset size, in Figure 4.6.
We look at speedup for the top 1, 3, 10, and 20 queries by value as well as all 99 queries.
Top 1 is the single highest value query and top 3 also includes the 2 medium value queries.

The first thing we note is that in the Constant assignment the top value query chosen
is the same as the other assignments, but of course this has no particular prioritization by
either strategy in this case. Hence, Constant is slower on VOD than LRU for the high and
medium queries, as neither metric prioritizes those 1-3 queries over others, and data for those
columns has been used more recently when the queries execute, but are less frequently used
columns so are deprioritized by VOD. The Constant assignment more closely resembles the
least frequently used (LFU) strategy, as data value is tied to how frequently data is accessed.
Having run queries before the experiment, using the frequency of access still provides a benefit
over LRU, as seen in the positive speedup for all queries, illustrating how even when task
values are not skewed or data managers lack information on how valuable queries are, the
value of data strategy can improve query performance.

The VOD strategy achieves significant speedups for the high and medium queries of
nearly 100% for value assignments other than Constant. We note that in scenarios where

a single high-value query is worth 50-1000x more than the 96 other queries in a workload,
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that speedup is proportionally more significant. However, the disk size of 5.0GB is still small
enough that the VOD strategy favors these high value queries over the majority of low value
queries, explaining why the overall speedup is under 25%, and speedup declines significantly
for larger subsets of queries.

In Figure 4.6 we note that Value 100 performs worse than all other value assignments
for the top 10 and 20 queries and all queries. At Value 50, high and medium queries are
prioritized enough from task value skew to realize significant speedup. While high-value
data elements remain at the top of the priority list, the ranking of data elements accessed by
medium and low value queries is more impacted by the frequency of access because the gap
between medium and low values is 10x smaller. At Value 50, this gap is small enough that
after the high value data elements, the remainder hold a similar ranking to the Constant
strategy. At Value 500, the high and medium value data elements are firmly at the top of the
priority list, while the rest are ranked by access frequency, as all tasks accessing them have the
same value. However, Value 100 changed the ordering of the medium-accessed data elements
in a way which evicted data elements for long-running low-value tasks, lowering speedup.
Additionally, runtime variance from DuckDB may have contributed to the difference, as
some queries that ran slower on VOD had very low absolute runtimes, making them more
susceptible to that variance.

In Figures 4.7a-4.7d we show the same speedup across disk sizes ranging from 2.75GB to
13.75GB. At 2.75GB disk size in Figure 4.7a, we see a less than 25% speedup on the highest
value query for all value assignments. This is because the local disk is only 7T0MB larger
than the required data size for some queries, requiring that even very high-value columns
be evicted to make room for the data needed to run the query. Given the small disk size,
the VOD strategy also disadvantages lower value queries, which access more frequently used
columns, explaining the slowdown of VOD for the top 10 and 20 queries. Across larger

subsets of queries or all queries, we see that the speedup trends to 0, as both strategies are
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forced to evict either high-value or recently used data given the small disk size.

At 3.5GB disk size, there is enough available space to avoid evicting high-value data,
leading to nearly 100% speedup on the highest value query, which we see repeated at 7.5GB
disk size as well. However, the disk size is not big enough at 3.5GB to maintain frequently
accessed but low-value data, so overall speedup remains under 20%. The speedup at 7.5GB
grows for lower value queries while maintaining the speedup for high and medium queries.
With the extra disk space, the VOD indicator now begins storing data that is frequently
accessed by low-value queries. The indicator adapts to the skewed data values so that when
disk space is less constrained, it does not lag behind frequency-based strategies.

Finally, at 13.75GB disk size, both strategies can store the entire dataset on local disk.
Because of the initial phase all data is stored on disk at the beginning of the experiment,
so there is no difference in execution between the two strategies. Some runtime variance
exists from DuckDB or the hardware environment, leading to some fairly significant runtime
differences between the two strategies. However, this is not due to different placement
decisions, just differences in query execution times. The speedup or slowdown is much

smaller in magnitude compared to smaller disk sizes and tends to 0 over the whole workload.

Placement Results: Static Data Values. Updating the Data Value interface table in real
time may add extra overhead that data managers do not wish to pay while a workload exe-
cutes. Instead, they may opt for data values to be updated in between workload executions
so the values computed in the previous iteration are used for the next. We show the percent
speedup of the VOD strategy over LRU for this scenario across the same 5 value assignments
on a 5.0GB disk size in Figure 4.8 and on the other disk sizes in Figures 4.9a-4.9d.

We see overall that trends are similar to when data value is updated in real time, but
speedups are slightly less significant—for instance the speedup on the high value query at
2.75GB disk size is 20% when data values are updated but is 17% when data values are

static. Further, speedup for all queries for Value 1000 is near 0 when values are updated
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Figure 4.10: Percent difference in workload value for Value of Data versus the Frequent and
Random strategies versus percent of data elements prepared for each of the 5 different value
assignment methods.

but are actually slower on VOD vs LRU for static values. This is because when data values
are updated in real time, the indicator better adapts to the query workload running which
reinforces the values assigned from the initial phase. As such, data managers can still achieve
significant speedups on the most important tasks even when not using the most up-to-date

data values possible.

Data Preparation

Data analysts can perform a range of preparation tasks on both structured and unstructured
data elements, such as deduplicating data, converting file formats like PDF to text, replacing
NULL data with defaults, or chunking large files into smaller pieces. However, analysts often
have a limited budget for how many data elements they can prepare, and a task’s value can
improve if the data elements it accesses are prepared. For instance, if removing outliers
improves a prediction task’s accuracy, that would increase the task’s value as it better fills
the information need. In this experiment, we compare different strategies that prioritize
what data to prepare to most benefit the organization, which we model as workload value
gained.

Experimental Setup. In this experiment, we construct a set of data elements, a set of tasks,
and a mapping of what data elements each task accesses to simulate a data management

setup.

We consider a set of 99 data tasks with 425 data elements based on the TPC-DS workload
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Figure 4.11: Percent difference in workload value for Value of Data over Frequent and Ran-
dom strategies versus percent of data elements prepared for the most skewed value assign-
ment, Value 1000.

which has 99 queries and 425 columns. Each task accesses some number of data elements.
We construct a list of how many columns are accessed by each TPC-DS query and select
uniformly at random from this list for the number of data elements a given task will access.
We then select that number of data elements uniformly at random from the pool of 425 data
elements. Multiple tasks can access the same data element.

Each task also has a Task ID and a value assigned to it. We use the same value assign-
ments as in the data placement experiment: Constant, Value 50, Value 100, Value 500, and
Value 1000. These are accessed through the Data Task indicator table.

Each task is also assigned uniformly at random one of three value scaling functions which
define what fraction of task value is realized based on what fraction of relevant data elements
are prepared. We define three classes of scaling functions-those with high sensitivity to
preparation, medium sensitivity, and low sensitivity—to model how real workloads have tasks

with varying levels of dependency on data quality. High-sensitivity tasks realize full value
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only if all data elements are prepared, like machine learning tasks sensitive to training data
quality. Medium sensitivity tasks realize full value if 50% of data elements are prepared,
such as business intelligence dashboards which can still show valid trends with unprepared
data. Low sensitivity tasks realize full value if 25% of data elements are prepared, such as
data exploration tasks which can still provide some insights even with a small amount of
prepared data. If no data elements are prepared, the scaling result is 0.2 to represent some
minimum gain from executing the task. Each value scaling function increases linearly from
the minimum to the full scaling factor.

Given a set of tasks, task values, and relevant data elements to these tasks as well as a
budget of what percent of the total data element pool can be prepared, we evaluate three
strategies for choosing what data to prepare. First, a Random strategy which prepares
data elements uniformly at random. Second, the Frequent strategy which prepares the
most frequently accessed data elements. This is equivalent to all queries having the same
value. And third, the value of data (VOD) strategy that prepares the highest value data
elements. We vary the budget from 5% to 95%. We randomly generate the tasks-which
include what data elements each task accesses—100 times. We run each task 10 times prior
to the experiment and divide the full value of the task equally among all data elements it

accesses to compute the value for each data element.

Metric. Given some subset of data elements that are prepared, we compute workload value

as the sum over all tasks of the value scaling result of a task multiplied by the task’s value.

Preparation Results. In Figures 4.10a-4.10d and 4.11, we show for each value assignment
the percent difference in workload value for the VOD strategy over the Random and Frequent
strategies as the budget increases, showing the mean percent difference with error bars
showing the standard deviation across the 100 random generations of tasks.

Unsurprisingly, the Constant value assignment in Figure 4.10a sees no difference between

the VOD and Frequent strategies as these are the same strategy when all task values are
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the same. There are moderate gains over Random as picking the most frequently accessed
data elements will still improve value for the most tasks. However, as the budget gets larger
in all experimental setups, the gains become less significant as more data elements can be
prepared, so the difference in strategies becomes less significant.

As data becomes more skewed in Figures 4.10b—4.10d, we see steadily increasing gains of
the VOD strategy over the Frequent and Random strategies. The VOD strategy prioritizes
elements accessed by tasks with the highest potential for value gain, while prioritizing the
data accessed most frequently may not yield better value for the most important tasks in
a workload. As task values become more skewed, the Frequent strategy prioritizes data
accessed by less valuable tasks, so the overall workload value gains of VOD become more
significant. The VOD strategy also simply prioritizes data used by high and medium tasks
first.

However, we note that in Figure 4.10b, where the high value is 50 and medium value is
5, some data elements are accessed by low value tasks frequently enough that they outweigh
medium value data elements and still achieve 40% gain over Frequent strategy. We see that
in moderately skewed value scenarios, the value of data indicator factors in both frequency

and task value to determine a better way to prioritize data elements.

Data Sorting

We now consider how the value of data can guide a data manager to pick a modification to
a data setup to reduce costs and improve the utility of a workload. In a cloud setup, bytes
scanned directly translate to monetary costs—for example, BigQuery charges $6.25 per TB
scanned by a query [Cloud, 2026b|] and AWS charges $90 per TB for egress [AWS S3 Pricing).
In this experiment, we consider how a data manager can use the value of data indicator to
reduce IO costs by storing the rows of a relational table in sorted order by a set of columns,

like the clustering approach taken by Snowflake [Snowflake, 2026] and BigQuery [Cloud,
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2026a]. We observe how a strategy using the value of data indicator can identify a more
effective setup modification than a simpler frequency-based strategy.

We consider the notion of wtility, which factors in both task value and costs, and consider a
situation where a task’s utility is directly proportional to the reduction in IO costs and where
some tasks are far more sensitive to costs than others. This may be because an organization
has created multiple BigQuery projects each with its own budget, and some teams have
tighter budgets [Williams and Joshi, 2023]. This may be because some tasks access more
expensive data, such as real-time market data like Bloomberg B-Pipe [Bloomberg B-PIPE].
Or this may be because some tasks access data stored in different network regions or clouds
and incur network transfer fees on top of query costs [Google Cloud Network Pricing]. In
these instances, reducing IO costs for some tasks is more valuable than the same reduction
for other tasks. We evaluate how a value of data strategy to choose how to sort data can

improve workload utility and compare this to a frequency-based approach.

Experimental Setup. In this experiment, we sort data on the TPC-DS 30GB dataset.
TPC-DS contains 99 queries and 24 tables. We write each table as a set of equally sized
Parquet files, where each file contains 32 row groups of 128,000 rows each. We choose 128,000
rows per row group, as this is the default setting in DuckDB, and 32 row groups per file, as
this is a common setting for Parquet files.

Parquet files contain metadata for each row group which includes the minimum and
maximum value for each column in that row group. We select two columns from a table
and physically sort the rows in the table by those columns in lexicographic order. In this
experiment, we define a budget where only 2 tables may be sorted and on only 2 columns
per table. We evaluate three strategies for choosing what tables and columns to sort on.
The Value of Data (VOD) strategy, where we select the highest value tables and the highest
value columns in those tables using data from the interface table. The Frequent strategy,

where we select tables and columns by which are most frequently accessed. And a Random
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Figure 4.12: Total workload utility of VOD strategy versus Random and Frequent across 5
different task value assignments for choosing how to sort data on TPC-DS (30GB)

strategy, where we select tables and then columns uniformly at random.

We consider the same 5 value assignments as in the previous experiments: Constant,
Value 50, Value 100, Value 500, and Value 1000. We run a trace of queries from TPC-DS,
and we compute the value of data indicator as well as the frequency of access for each column.
For each of the three strategies, we execute the TPC-DS workload once in DuckDB with

profiling enabled, which measures the total bytes read during query execution.

Metric. We compare the bytes read for each query under each strategy and compare it

to the bytes read by the query when run on unsorted data. For each strategy, we multiply

plain bytes read

sorted Bytes read " We sum this result over all queries to yield an overall

each query’s value by
workload utility for each strategy.
This captures the scenario discussed above, where reducing bytes read increases the utility

proportionally, and consequently increasing bytes read would reduce utility.

Results. We show the workload utility for each strategy across each value assignment in
Figure 4.12. We also show the baseline utility without sorting data, labeled No Sort.

Across all value assignments, Random provides a negligible utility gain over the baseline,
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on the order of 0.01% gain, as its choice for tables to sort on is unlikely to meaningfully
reduce bytes read for any query, much less high-value queries.

In the Constant assignment, VOD and Frequent make exactly the same sorting choice
because these are the cases when the strategies perfectly align. For Value 50, the next least
skewed assignment, the VOD and Frequent strategies choose the same table and columns for
one table, but differ on the second table. Introducing some skew in task values causes the
VOD to prioritize a different table, but this table reduces bytes scanned with a similar impact
to the sort order chosen by the Frequent strategy, so the workload utility achieved differs
negligibly. Both strategies outperform Random and No Sort-72% increase for Constant and
46% for Value 50.

Value 100 introduces more significant skew in task values, so VOD and Frequent differ
on both tables chosen. VOD increasingly prioritizes IO reduction for the high and medium
value queries over the low value queries. This causes a large gain in workload utility, as
an even modest reduction in bytes for a query with high sensitivity to IO costs will yield a
significant increase in utility.

On Value 100 VOD utility is 4.4% higher than Frequent and 40% higher than Random
and No Index, while Frequent sees a 33% gain over Random and No Sort, illustrating that
using an objective indicator is still far better than using no indicator at all.

For the last two value assignments, when the gap between the high and low value queries
grows to 500 or 1000, the VOD strategy chooses tables which, in addition to differing entirely
from the Frequent strategy, dramatically improve IO performance for high and medium value
queries, which have a much more significant impact on overall workload utility. While this
yields the same or even worse IO performance for some low-value queries, this strategy favors
reducing costs for the most cost-sensitive tasks.

The value of data indicator adapts to varying levels of skew in the workload, matching

the gain over the No Sort baseline when it is identical to the Frequent strategy and adapting
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to information about the variance in task values to achieve increasingly large utility gains
over both the baseline and the Frequent strategy, which cannot react to that same variation

in task values.

4.6.2 RQ@2: Overhead

Overview. In this experiment, we evaluate the overhead on query runtime for our imple-
mentation of the value of data indicator on Apache Spark using the QueryExecutionListener

API and study how query overhead is impacted by data element granularity.

Experimental Setup. To answer RQ2, we run all TPC-H queries and measure their
runtime in the Spark implementation utilizing the QueryExecutionListener API as described
in Section 4.5. We run TPC-H against implementations which track the value of data at the
column granularity — we call this the Column implementation — as well as the Row Group
granularity. We omit Table as it performs the same actions as Column with no difference
in overhead. Additionally, we measure the runtime of each TPC-H query under a Vanilla
Spark setup with no registered QueryExecutionListener and a Spark setup which registers
an empty QueryExecutionListener to execute — which we label as Listener Only. This
allows us to observe the total overhead added by our implementation over a Vanilla Spark
setup and to isolate how much of that overhead is added by the QueryExecutionListener
interface itself. Finally, as the row group granularity implementation requires modifying
Spark and the Parquet-Java library, we compare the runtimes of TPC-H on Vanilla Spark
setups running both the modified and unmodified Spark binaries.

We run all experiments on a 1-node or 4-node cluster of nodes with Intel(R) Xeon(R)
CPU E5-2650 v3 @ 2.30GHz and 64GB RAM. We run queries against a 1'TB TPC-H dataset.

Each query is run 3 times, and we present the mean runtimes.

Overhead vs. Vanilla Runtime. In Figure 4.13 we show for each TPC-H query the

average runtime in minutes for each of the 4 implementations evaluated on a 1-node cluster.
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We show the same on a 4-node cluster in Figure 4.14. For most queries, the overhead of
both Column and Row Group indicator implementations are minimal, around 1% and 5% on
average, respectively over the Vanilla implementation. As we see in the 1-node 1TB setup in
Figure 4.13, much of the overhead of these implementations is accounted for by the Listener
API, which we can see from the Listener Only column.

On 1-node, we see that there are some queries where the Row Group implementation has
significant overhead over the Column implementation, with the highest at 28%. These queries
access far more row groups than columns, so tracking the indicator at a finer granularity
requires that value be computed for more data elements, increasing the number of rows
written to the Data Value table and increasing runtime overhead. However, on a 4-node
cluster this maximum overhead narrows to 3.22%, with a mean difference between Column
and Row Group of 0.55%. This is because the QueryExecutionListener API is implemented
as an asynchronous callback function that runs on query completion. On 4-nodes with more
available CPU, the callback function executes in parallel while query results are returned,
reducing the impact on the critical path of query execution. The extra resources also speed
up the actual value of data logging function, further narrowing overhead.

As such, on a 4-node cluster the overall overhead narrows as well. Column achieves
on average a 0.06% overhead with a maximum query overhead of 4.6% over Vanilla. Row
Group achieves on average a 0.82% overhead with a maximum query overhead of 2.38%
over Vanilla. Overall, we see that though finer granularities can introduce more overhead,
primarily through the IO cost of writing more rows to the Data Value table, much of the
overhead introduced is accounted for by the QueryExecutionListener API alone, and the
remaining overhead is mitigated in larger cluster setups with more available RAM and CPUs.

Finally, we see some instances where the Vanilla implementation is unintuitively slower
than other implementations. After rerunning these queries, we believe this is due to variance

in Spark and JVM execution times rather than due to a systematic issue with any implemen-
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tations, as well as potentially the more limited CPU and RAM resources on a 1-node cluster.
When we move to a 4-node cluster in Figure 4.14, we see that though some of these unintu-
itive instances still exist, the margins of difference between the different implementations is

far smaller.

Impact of Modified Spark Implementation. Finally, we evaluate the impact of our
modifications to the Spark implementation on query performance. Spark out of the box
does not expose what row groups are accessed, so we modified Spark and the Parquet-Java
library it uses as a Parquet reader to expose this information. We compare the Vanilla
implementation on Modified Spark and Unmodified Spark on TPC-H at 30GB and 1TB for
a 1-node cluster. We observe that there is on average about a 4% overhead with most queries
showing a percent difference near 0. There are some higher overheads and some negative
overheads, i.e., in some cases the modified implementation is faster. This is likely simply a
feature of runtime variance in Spark and JVM execution. There are two queries with longer
runtimes and more significant overheads, near 20 or 35% respectively, that appear to be due
to high parallelism in reads. Information about row group access is stored in a thread-local
Map within the custom Parquet reader library, so each thread can read what row groups
were accessed and store that somewhere accessible to the QueryExecutionListener. In the
case of more parallel reads, the thread-local Map is growing larger and creating contention
issues, adding to runtime overhead. However, this overhead does not grow when data size

grows, indicating that this is a roughly constant factor.

4.7 Related Work

Other Methods to Value Data. Work on the instrumental value of data by Glavic et.
al. |Glavic et al., 2024|, which we discuss in this paper, defines the value of data by relative
access frequency rather than using task values provided by data users. Related work in ac-

counting information systems, which are systems that capture financial and accounting data
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for an organization and expose this to decision makers, focuses on determining if capturing a
new piece of data in an information system would better serve decision makers and does so by
modeling the value of this potential new data to those decision makers [Feltham, 1968, Gal-
lagher, 1974, Ahituv, 1980, Wand and Wang, 1996|. This work presents empirical methods
to guide evolving information systems to better fit the needs of decision makers, while our
work in this paper focuses on computing an indicator for the value of data to an organization

under a given information system and set of tasks to better serve data managers.

Contribution of Data to a Task. Data Shapley methods [Ghorbani and Zou, 2019,
Bertossi et al., 2023] focus on determining the contribution of data to a task. Work in fair
division of costs in federated learning [Murhekar et al., 2025| also measures the contribution
of data to a goal. These methods can complement our work and inform how our value of

data indicator divides task value between relevant data elements.

Capturing Relevant Data. A key input of the value of data indicator is the relevance
of data to tasks. Related work focuses on refining the notion of relevance to understand
precisely what data impacts the results of a query using provenance sketches [Niu et al., 2021]
which is itself related to data summarization |Glavic et al., 2021], or query resilience |Freire
et al., 2015|. These works complement our own, as our value of data indicator can use these
methods to determine data relevance to tasks, but our current implementation captures data

access patterns after predicates are applied.

The Value of Data in Automated Database Management. We note that there are
many well-known problems and solutions that use the value of data, if implicitly, to guide
their decisions, which we now outline. The AutoAdmin project [Chaudhuri et al., 2011] from
Microsoft Research built tools that aimed to automate database administration tasks. For
example, self-tuning database systems [Chaudhuri and Narasayya, 2007] use the frequency
of data access to determine the potential cost and benefit of modifying physical design

and building a new index; other work concerns building tools to automatically guide and
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recommend index selection [Chaudhuri and Narasayya, 1998, 1999, Das et al., 2019] and index
tuning on a budget [Wang et al., 2025, 2024|, which similarly aims to efficiently identify the
most valuable candidate indexes.

The AutoAdmin project also published work for automated view materialization and
index selection, which again aim to identify valuable data or intermediate data products to
store. Other work builds hybrid columnstore and B+-tree physical designs to enable more
efficient query processing for transactional and analytical workloads. This work again aims
to identify scenarios where data is highly valuable to both types of workloads and builds
a physical design to support that. Data managers may similarly wish to identify scenarios

where a single physical design would maintain data’s utility just as well.

The Value of Data in Database-as-a-service Systems. Similarly, work from Mi-
crosoft Research concerning resource allocation to multi-tenant database-as-a-service plat-
forms [Arora et al., 2023, Konig et al., 2023] aims to identify efficient allocations of resources
to tenants to improve performance for key tasks with minimal costs. Other work focuses on
performing top-K aggregations over large datasets while reducing data movements [Siddiqui
et al., 2023|, which itself aims to identify what data to keep in limited cache space during

query processing by identifying how to minimize costs, and thus improve utility.

Value of Data in Other Existing Problems. Other well-known algorithms proposed
similarly can be viewed in the context of the value of data. The PageRank algorithm [Brin
and Page, 1998| defines the value of data as the importance of a web page based on its links
to other pages and uses this value to rank search results. The five-minute rule |Gray and
Putzolu, 1987| defines the value of a data page as the cost to hold it in memory compared
to the cost to repeatedly access it from disk over a period of time. It then uses this value to
decide what data to keep in memory. Though not originally expressed in terms of data value
and task value, these works can be re-evaluated in these terms and are potential applications

of our value of data indicator.
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4.8 Conclusion

This paper makes two key claims: first, that data managers could make better data man-
agement decisions with access to an indicator for the value of data, and second that this
indicator must be computed using values on tasks provided by data managers and data users
to capture the vital organizational context that more limited approaches fail to capture. We
present an interface through which data managers can access and use the value of data indi-
cator, explain how we compute the value of data indicator, and provide an implementation
of the value of data indicator on Databricks’ Unity Catalog and Apache Spark. We illustrate
how the significant benefit this indicator can provide to data managers compensates for the
overhead in query performance.

We hope this work encourages further work in implementing the value of data indicator in
real data systems, and we hope this work motivates data system designers and organizations
to think critically about how best to capture the value of data in their systems and expose

it to data managers, as this interface will be crucial to the adoption of the indicator.
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CHAPTER 5
GAINING INSIGHT INTO SPECIFIC DATA MANAGEMENT
SCENARIOS

5.1 Introduction

In this chapter, we present two works that enabled us to gain deeper insights into data man-
agement problems in two scenarios. We discuss these problems in the context of data sharing
and building a scheduler for a serverless data lakehouse. We first introduce Fudowia [Sri-
vastava et al., 2025|, a simulator that evaluates how different scheduling algorithms would
impact a function-as-a-service(FaaS) data lakehouse. Then, we discuss a paper on Pro-
grammable Dataflows [Xia et al., 2024, which introduces a data sharing abstraction called

the contract that facilitates users to more easily share data.

5.2 Eudoxia: a FaaS scheduling simulator for the composable

lakehouse

Bauplan |Bauplan Labs| is a composable data lakehouse that provides a function-as-a-service
(FaaS) runtime for SQL queries and Python pipelines. This system decomposes user tasks
into a directed, acyclic graph (DAG) of functions, assigns each function some resources, and
executes the functions on cloud infrastructure. However, system designers must make a key
data management decision: how should the limited computing and memory resources be
allocated to each function, and how should the functions be scheduled for execution?

Unit or integration tests are case-based methods for evaluating how a given scheduling
algorithm performs on workloads, while utilizing more general formal methods can be far
more expensive and difficult to implement. As a result, we take a scheduling approach that

relies on a deterministic model of the system like formal methods but remains cheaper and
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experimentally driven like integration testing. We introduce Fudoxia, a simulator for the
Bauplan system that allows users to implement and register arbitrary scheduling algorithms
and to configure a wide range of parameters. Fudoxia then simulates workloads arriving to
the system and how each scheduling algorithm interacts with these workloads and assigns
physical resources to them, and the simulator tracks execution metrics like latency for each
task, resource utilization, and throughput. The system also supports schedulers spinning up
new resources to meet demand for additional cost and tracks the additional costs incurred.

FEudozia enables system designers to evaluate candidate solutions to this key data man-
agement problem more easily and feasibly and provides key insights into some concrete

challenges faced by this set of data managers.

5.3 Programmable Dataflows: Abstraction and Programming

Model for Data Sharing

Data can become more valuable when combined with other data; for instance, banks may
combine data to improve fraud detection or hospitals may combine data to improve patient
care. Sharing data can increase the quality of a task’s output or improve how well it fills
an information need, thus increasing that task’s value. However, data sharing is rare in
practice because of the risks of leaked data, which could include the loss of competitiveness
or violating privacy constraints and regulations. A key data management problem then is
identifying whether sharing data with another set of agents to improve a task’s outcome can
be done without violating agent constraints, what the potential risks are of sharing data,
and whether the benefits of sharing data outweigh these risks. Solutions exist that allow
agents to run the desired task on the pooled data while ensuring some leakage constraints
are met, but these solutions are generally cost-intensive and difficult to adopt in large part
because agents lack the abstractions to understand the risks and value of sharing data with

other agents.
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In this paper, we introduce a contract abstraction which explicitly identifies who con-
tributes data, what computation will take place on that data, who receives the results, and
what conditions must be met. An example of conditions may be that other datasets are
of sufficient size to ensure that the task’s accuracy will be improved or to avoid a small
sample-size bias. The contract provides this information to each participating agent before
data sharing occurs, enabling agents to consider the risks and benefits of a potential sharing
situation and propose changes to the contract to eventually reach a consensus with other
participating agents. We believe the contract abstraction can enable more data sharing in
practice by providing agents with a simple and clear way to understand the impact of a

potential data sharing scenario.

5.4 Conclusion

These projects contribute concrete solutions that effectively improve the utility of data in
both cloud lakehouse system design and data sharing scenarios. These projects enable us to
understand the particular nuances of these two data management scenarios and enable us to
identify that the utility of data is a useful and direct signal for data management problems

broadly. This insight guided the approaches we presented in Chapters 3 and 4.
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CHAPTER 6
CONCLUSIONS AND FUTURE WORK

In this dissertation, we identify that across a wide range of data management tasks, effi-
cient solutions aim to balance costs with the value achieved from running tasks on data,
thus improving utility. Currently, data managers rely on tools such as observability and
monitoring to detect problems that require manual intervention or rely on signals to guide
decisions. These can lead to inefficient decisions, presenting a significant opportunity for
users to improve the benefits they gain from their data. We argue that data’s utility, which
is a function both of the value achieved from data and the costs of extracting that value, is
a signal that better captures users’ goals. This dissertation then explores solutions to data
management problems that are designed to either directly improve data utility by reducing
costs or by directly providing an indicator for the value of data to data managers as a signal
that can guide better data management solutions.

Concretely, this dissertation proposes two new solutions:

e A set of algorithms and a prototype implementation which builds cheaper execution
plans for SQL workloads that span across multiple cloud data warehouses, each em-
ploying a different pricing model. This approach improves data’s utility by reducing

cloud costs. [Srivastava and Fernandez, 2024]

e An indicator for the value of data which can be used to make key data management
decisions, such as where to store data, how to prioritize limited resources on data, and

what data setup modifications to make.

In two further projects [Xia et al., 2024, Srivastava et al., 2025] we explore concrete data
management scenarios—building a scheduler for a cloud data lakehouse and facilitating data
sharing agreements—which provide valuable insights into these scenarios and motivate the

need for solutions that rely on data’s utility as a signal.
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Future Work in Reducing Costs and Improving Utility. Future work can aim to apply
similar cost optimization techniques to other aspects of cloud costs beyond SQL analytical
workloads and make the methods proposed more applicable to low-latency queries. Further-
more, work in supporting data stored across multiple clouds and propagating updates to
multiple data copies, leveraging existing techniques in geo-distribution and distributed data
storage, can improve the savings margins observed by ARACHNE.

Other work may aim to improve the quality of the value of data indicator by fur-
ther refining the notion of relevance to leverage provenance techniques, such as provenance
sketches |Niu et al., 2021], to more precisely determine what data is relevant to a task than
relying solely on data access at progressively fine granularities. Similarly, developing meth-
ods to compute potentially uneven contribution of relevant data elements to tasks would
further enable a more accurate value of data computation. Providing tools to enable data
managers to more easily determine the values for tasks would similarly improve the quality
of the indicator while reducing friction, enabling easier adoption. Additionally, the value of
data indicator applies to tasks and data stored within the systems it is implemented in. Pro-
viding implementations across more data systems, and providing some orchestration across
these systems, would enable the value of data to be tracked for more of an organization’s
data which may be spread across multiple cloud systems.

Finally, future work may identify more in-depth opportunities to apply the value of data
indicator to data management problems beyond those identified here, such as automated
view materialization, improving accuracy for key models, data sharing, or many others.
Data’s value and utility are incredibly useful concepts for data managers and organizations
broadly, and building methods that leverage these concepts can vastly improve many of
the roadblocks faced today. Indeed, rather than relying exclusively on bespoke solutions
or signals, we illustrate in this dissertation that data management problems can be more

effectively approached by relying on the utility of data, and we provide concrete solutions
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which enable users to directly interact with and improve their data’s utility.
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