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Abstract: 

Apache Iceberg is a revolutionary table 

format designed to address the growing 

challenges of managing large-scale data 

lakes. As data lakes have become 

increasingly popular for storing diverse 

datasets, they have also revealed 

scalability, performance, and lack of 

standardization issues. Traditional data 

lake management systems often need help 

with problems such as schema evolution, 

partitioning inefficiencies, & the need for 

atomic operations, which can hinder the 

reliability and performance of analytics 

workloads. Apache Iceberg was developed 

to overcome these challenges, offering a 

robust solution that improves how data is 

stored, processed, and accessed within a 

data lake. Its key features include schema 

evolution, partitioning optimizations, and 

support for ACID transactions, ensuring 

data consistency and integrity in multi-

tenant environments. This table format 

allows for easy management of large 

datasets and enables advanced analytics by 

ensuring data is stored efficiently and 

reliably with minimal overhead. 

Compared to traditional formats like Hive, 

Iceberg offers improved scalability, 

performance, and flexibility by providing 

better support for complex queries, large-

scale data processing, & dynamic 

workloads. Additionally, Iceberg's support 

for partition evolution and its ability to 

handle massive datasets without 

sacrificing performance makes it a game-

changer in data lake management. As more 

organizations turn to data lakes for their 

big data and analytics needs, Iceberg 

presents a way to ensure that data lakes 

remain performant, reliable, and easy to 

manage, allowing organizations to scale 

their operations without facing the pitfalls 

of traditional systems. With its seamless 

integration into modern significant data 

ecosystems, Iceberg is poised to become a 

critical tool in optimizing data lake 

performance and simplifying the 

complexities of managing vast amounts of 

data. By solving essential challenges 

related to data consistency, schema 

changes, and performance optimization, 
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Apache Iceberg is setting the stage for 

more efficient & scalable data lake 

architectures, making it an essential 

technology for organizations dealing with 

ever-expanding datasets and complex data 

operations. 
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1. Introduction 

As the volume and variety of data have 

grown exponentially in recent years, 

organizations have increasingly adopted 

data lakes as a solution for storing vast 

amounts of raw & unstructured data. Data 

lakes offer a flexible and scalable way to 

handle this information, allowing 

businesses to ingest data in its native 

format and perform analytics or machine 

learning workflows. Unlike traditional 

data warehouses, which impose a rigid 

schema and structure on data, data lakes 

provide a more adaptable approach, 

enabling organizations to work with 

diverse data types without upfront 

transformations. However, while the 

promise of data lakes lies in their 

scalability and cost-efficiency, they also 

present several challenges that hinder their 

effective use in real-world applications. 

1.1. The Promise and Perils of Data Lakes 

Data lakes have emerged as a popular 

choice for managing big data due to their 

ability to store vast amounts of information 

at a lower cost than traditional data 

warehouses. By using distributed storage 

systems, organizations can efficiently store 

large volumes of structured, semi-

structured, & unstructured data. The 

ability to retain data in its raw form 

without predefined schemas enables 

organizations to preserve the original 

quality and granularity of their data, which 

can then be processed or analyzed as 

needed. 

Despite these advantages, data lakes often 

face significant hurdles, particularly when 

it comes to ensuring efficient data 

management and governance. As the 

volume of data increases, so too does the 

complexity of managing and ensuring the 

quality of that data. Without a robust 
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framework for data organization, it can 

become difficult to locate and access the 

right data for analysis, and the risk of data 

duplication, corruption, or loss rises. 

Additionally, the lack of a standardized 

approach for querying data in a data lake 

can lead to inefficient, slow performance, 

making it harder for organizations to 

extract meaningful insights in real-time. 

 

1.2. The Challenges of Table Formats in 

Data Lakes 

One of the primary challenges associated 

with data lakes is the lack of a unified table 

format for data management. In early 

implementations, data lakes often relied on 

basic storage systems like Hadoop 

Distributed File System (HDFS) or cloud-

based object storage (e.g., Amazon S3), 

which lacked inherent structure for 

organizing and accessing data efficiently. 

These systems were designed for storing 

raw data but did not offer native support 

for complex queries, data consistency, or 

schema evolution—essential features for 

modern analytics and business intelligence 

use cases. 

To overcome these limitations, various 

table formats were introduced. Hive and 

Avro were among the first to bring 

structure to data lakes by providing 

formats for organizing data in tables. 

While these formats represented a step 

forward in managing data, they were still 

limited in their ability to handle evolving 

schemas or support atomic operations, 

which are necessary for building reliable 

and performant data lakes. As data lakes 

grew in scale & complexity, it became clear 

that the existing formats could not keep 

pace with the evolving needs of businesses. 

1.3. Apache Iceberg: A Solution to Data 

Lake Challenges 

A new table format—Apache Iceberg—has 

been developed to address the 

shortcomings of traditional approaches. 

Apache Iceberg is designed to provide a 

high-performance, reliable, & scalable 

solution for managing large datasets in 

data lakes. It introduces a unified table 

format that supports key features such as 

schema evolution, atomic operations, and 

optimized query performance. By 

combining the flexibility of data lakes with 

the reliability of structured data formats, 
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Apache Iceberg aims to simplify data 

management and enhance the efficiency of 

analytics workflows. 

Iceberg offers significant advantages over 

earlier formats by supporting full ACID 

(Atomicity, Consistency, Isolation, 

Durability) transactions, allowing for 

reliable data modifications and ensuring 

consistency in distributed environments. It 

also supports partitioning and indexing, 

which can improve query performance by 

allowing efficient access to specific subsets 

of data. With Iceberg, organizations can 

enjoy the benefits of a structured data 

format without sacrificing the scalability & 

flexibility that data lakes provide. 

2. The Challenges of Managing Data 

Lakes 

Data lakes have emerged as a popular 

solution for storing large volumes of 

unstructured, semi-structured, & 

structured data, allowing organizations to 

centralize their data storage and conduct 

more comprehensive analytics. However, 

while data lakes offer immense potential 

for data management, they come with their 

own set of challenges. These challenges 

range from data quality issues to managing 

complex metadata and ensuring data 

security. This section outlines the primary 

challenges organizations face when 

managing data lakes and explores the 

potential solutions. 

2.1 Data Quality & Consistency 

One of the most significant challenges in 

managing data lakes is ensuring data 

quality and consistency. Unlike traditional 

databases, data lakes are designed to store 

vast amounts of data in its raw form, 

without enforcing a strict schema at the 

time of ingestion. While this offers 

flexibility, it also introduces several issues 

related to data consistency and reliability. 

2.1.1 Managing Data Lineage 

Data lineage refers to the tracking of data’s 

journey from its origin to its final 

destination, including all transformations 

it undergoes along the way. Managing data 

lineage is crucial for maintaining data 

quality and ensuring transparency in the 

data management process. Without proper 

lineage tracking, it becomes difficult to 

understand how data was manipulated or 

transformed, leading to trust issues among 

stakeholders. 

In the context of data lakes, where data is 

often ingested from a wide variety of 

sources and processed using complex 

pipelines, maintaining data lineage can be 

a complex task. Organizations need to 

implement automated data lineage tools to 

track and visualize the flow of data across 

the entire ecosystem. 

2.1.2 Schema Evolution & Data Integrity 
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Data lakes typically allow users to ingest 

data from various sources without pre-

defining a schema. As a result, data from 

different systems may have inconsistent 

formats, structures, and types. This lack of 

schema enforcement means that data 

quality issues such as missing fields, 

incorrect data types, and duplicate entries 

can arise. Over time, as new data sources 

are added & the schema evolves, 

maintaining data integrity becomes 

increasingly difficult. 

To address this challenge, organizations 

must implement data validation processes 

that detect and correct inconsistencies 

during the data ingestion process. In 

addition, tools like Apache Iceberg can 

help with schema management, offering 

features that allow for schema evolution 

and versioning, which helps ensure data 

consistency as the data lake grows. 

2.2 Scalability & Performance 

Another major challenge in managing data 

lakes is ensuring they can scale effectively 

while maintaining performance. As the 

volume of data increases, so does the 

complexity of managing that data. Scaling 

data lakes to handle petabytes of data 

without compromising performance 

requires careful planning and the right set 

of technologies. 

2.2.1 Query Performance 

As data lakes grow in size, querying the 

data efficiently becomes increasingly 

difficult. Traditional SQL-based query 

engines often struggle to handle the scale 

and complexity of data stored in a lake. As 

a result, organizations face challenges in 

delivering fast and responsive queries, 

which are critical for real-time analytics 

and decision-making. 

To overcome this challenge, companies are 

adopting query engines like Apache Spark, 

Presto, and Trino, which are optimized for 

large-scale data processing. Additionally, 

Apache Iceberg’s support for fine-grained 

metadata management and incremental 

data scans helps improve query 

performance by enabling the use of 

indexing and reducing the amount of data 

that needs to be processed during queries. 

2.2.2 Storage Management 

Data lakes typically rely on distributed 

storage systems like Hadoop Distributed 

File System (HDFS) or cloud storage 

services like Amazon S3. While these 

systems are capable of handling vast 

amounts of data, they can become 

inefficient as the volume of data increases. 

This inefficiency can result in slower read 

and write times, which impacts the overall 

performance of the data lake. 

Organizations need to implement storage 

optimization techniques, such as 
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partitioning data, compressing data files, & 

using columnar file formats like Apache 

Parquet, which can help improve query 

performance. In addition, technologies like 

Apache Iceberg provide improved support 

for managing large datasets by offering 

features like partitioning, metadata 

management, and optimized file storage. 

2.2.3 Metadata Management 

Effective metadata management is critical 

to improving the performance and 

scalability of a data lake. As the size of the 

data lake increases, the complexity of 

managing metadata also grows. In large-

scale data environments, managing 

metadata efficiently can be a daunting task, 

particularly when dealing with thousands 

of tables and millions of files. 

Traditional metadata management 

systems often struggle to keep up with the 

scale of data lakes. However, Apache 

Iceberg’s approach to metadata 

management enables better scalability and 

performance by organizing metadata into 

smaller, more manageable units. This helps 

ensure that data access and retrieval 

remain efficient, even as the data lake 

expands. 

2.3 Data Security & Compliance 

As with any large-scale data infrastructure, 

security and compliance are major 

concerns for data lakes. Storing sensitive 

data in a data lake increases the risk of data 

breaches, unauthorized access, & non-

compliance with regulations. Therefore, 

organizations must implement robust 

security protocols and adhere to regulatory 

requirements. 

2.3.1 Compliance with Regulations 

Compliance with data privacy regulations 

such as GDPR, HIPAA, and CCPA is 

another major challenge for organizations 

managing data lakes. These regulations 

impose strict requirements on how 

personal data is stored, processed, and 

shared. Data lakes, by nature, store large 

volumes of raw data, including personal 

information, which increases the 

complexity of ensuring compliance. 

To address this challenge, organizations 

must implement data governance 

frameworks that enable them to track and 

monitor the usage of sensitive data. With 

tools like Apache Iceberg, organizations 

can apply versioning and auditing features 

to track changes to sensitive datasets, 

which helps meet compliance 

requirements. 

2.3.2 Access Control & Authorization 

Data lakes typically store a vast array of 

data, including sensitive and confidential 

information. Ensuring that only authorized 

users can access specific data within the 

lake is a significant challenge. In the 
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absence of proper access controls, sensitive 

data can be exposed to unauthorized 

parties, potentially leading to data 

breaches. 

Organizations need to implement fine-

grained access control mechanisms to 

enforce strict policies on who can access 

data. Apache Iceberg offers support for 

fine-grained access control, allowing 

organizations to control access at the file 

and table level, ensuring that only 

authorized users can query or modify 

specific datasets. 

2.4 Cost Management 

Managing the cost of data lakes can be 

challenging, especially as the volume of 

data grows. Data lakes often rely on cloud 

storage and compute services, which can 

quickly become expensive as the amount of 

data increases. Additionally, inefficient 

data storage and processing practices can 

drive up costs further. 

Organizations must adopt cost 

optimization strategies, such as 

compressing data, archiving infrequently 

accessed data, & using serverless compute 

options to manage costs effectively. 

Apache Iceberg’s support for managing 

large datasets with minimal storage 

overhead helps reduce costs by optimizing 

file storage and enabling more efficient 

data access patterns. 

3. Enter Apache Iceberg: A Game-

Changing Table Format 

Apache Iceberg is a revolutionary table 

format that has redefined how data lakes 

handle large-scale datasets. While 

traditional data formats for managing data 

lakes, like Parquet and ORC, serve well for 

storing massive amounts of data, they 

often struggle with scalability, schema 

evolution, & performance optimization in 

complex environments. Apache Iceberg, 

originally developed by Netflix and later 

donated to the Apache Software 

Foundation, solves these challenges by 

offering a flexible, scalable, and efficient 

table format designed specifically for the 

evolving needs of modern data lakes. 

Below, we explore the components and 

advantages that make Apache Iceberg a 

game-changing solution for managing big 

data in data lakes. 

3.1 Key Features of Apache Iceberg 

3.1.1 Partitioning for Performance & 

Scalability 

Partitioning is a crucial feature in data 

lakes because it enables optimized 

querying of large datasets. However, 

traditional partitioning strategies, like 

static partitioning based on date or region, 

can quickly become inefficient as the 

dataset grows or evolves. Apache Iceberg 

introduces a more flexible approach to 
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partitioning, called hidden partitioning, 

where partitioning keys are abstracted 

away from the dataset. This allows Iceberg 

to automatically adapt to the best 

partitioning strategy, leading to improved 

performance and scalability. It simplifies 

the process of adding and managing 

partitions, making it easier for users to 

scale their data lake operations. 

3.1.2 Schema Evolution & Compatibility 

One of the main challenges of data lakes is 

managing schema changes. Over time, as 

data evolves, its structure often changes as 

well. This can result in the need to 

reprocess vast amounts of data, leading to 

inefficiencies. Apache Iceberg, however, 

simplifies schema evolution. It maintains a 

history of schema changes and enables 

easy, backward-compatible updates. With 

Iceberg, schema changes, such as adding, 

removing, or renaming fields, are handled 

in a way that does not require rewriting 

existing data. This allows users to make 

necessary schema changes while ensuring 

the integrity of historical data. 

3.2 How Apache Iceberg Enhances Data 

Management 

3.2.1 Optimized File Management 

Another major advantage of Apache 

Iceberg is its efficient file management. 

Data lakes often suffer from fragmentation 

issues as datasets grow over time, leading 

to performance degradation during 

queries. Iceberg resolves this by managing 

files at the table level, ensuring that data is 

stored in optimal file sizes and formats. 

Through its use of metadata and 

transaction logs, Iceberg guarantees that 

only relevant files are scanned during 

queries, minimizing unnecessary read 

operations. This optimization significantly 

improves performance, particularly for 

large datasets, by reducing I/O and 

speeding up query execution. 

3.2.2 Time Travel Capabilities 

One of the standout features of Apache 

Iceberg is its time travel functionality, 

which provides a historical view of the 

dataset. In a typical data lake, performing 

an audit or recovering a previous version 

of the data is a complex and time-

consuming task. With Apache Iceberg, 

users can query data from any point in the 

past. This is achieved through the table’s 

snapshot mechanism, which captures the 

state of the data at specific times. Time 

travel capabilities enable a range of use 

cases, including debugging, auditing, and 

data recovery, making data management 

more flexible & transparent. 

3.2.3 ACID Transactions for Data 

Consistency 
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Managing consistency and integrity in 

distributed data systems can be a daunting 

task, particularly when multiple processes 

are writing to a data lake concurrently. 

Apache Iceberg solves this issue by 

providing full ACID (Atomicity, 

Consistency, Isolation, Durability) 

transaction support. This ensures that data 

changes are processed reliably and without 

the risk of corruption or inconsistency. 

Iceberg’s support for ACID transactions 

allows multiple users or systems to interact 

with the data lake simultaneously without 

worrying about conflicts, providing a 

higher level of data reliability and making 

it suitable for critical applications. 

3.3 The Advantages of Apache Iceberg 

Over Traditional Data Lake Formats 

3.3.1 Improved Query Performance 

Query performance is another critical area 

where Apache Iceberg shines. In 

traditional data lakes, performance can 

deteriorate when querying large datasets, 

especially when there are issues related to 

partitioning or schema mismatches. 

Iceberg, with its partitioning and indexing 

mechanisms, ensures that only the 

necessary data is queried, improving 

overall performance. Additionally, 

Iceberg’s snapshot and metadata 

management strategies optimize query 

execution by minimizing the amount of 

data processed during each query. The end 

result is faster query times and a more 

responsive experience for data engineers 

and analysts. 

3.3.2 Scalability & Efficiency 

Traditional data formats like Parquet or 

ORC were not initially designed with 

scalability in mind. While they excel in 

certain use cases, their limitations become 

apparent as the data volume grows 

exponentially. Apache Iceberg, however, 

was built specifically for the scale and 

complexity of modern data lakes. By 

optimizing the storage and retrieval of data 

through its efficient file management and 

partitioning schemes, Iceberg significantly 

reduces the need for costly data scans and 

reshuffling. This enables users to scale their 

data lakes effortlessly without sacrificing 

performance or efficiency. 

3.4 Integrating Apache Iceberg with 

Existing Data Lakes 

Integrating Apache Iceberg into an existing 

data lake architecture is relatively 

straightforward, especially if the data lake 

already uses Parquet or ORC as the 

underlying storage format. Since Iceberg is 

built on top of these formats, organizations 

can easily transition to using Iceberg 

without needing to reprocess large 

volumes of data. Furthermore, Iceberg is 

designed to be compatible with existing 
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data lake query engines, such as Apache 

Spark and Trino, making it a seamless 

addition to most modern big data 

environments. 

The benefits of integrating Apache Iceberg 

into an existing data lake are numerous. 

For example, the ability to perform time 

travel queries allows users to explore data 

changes over time, which is particularly 

useful for auditing or historical analysis. 

Additionally, Iceberg’s transaction 

management ensures that data remains 

consistent, even as multiple users or 

processes interact with the data 

simultaneously. 

4. Core Design Principles of Apache 

Iceberg 

Apache Iceberg is an open-source table 

format for large-scale data lakes, designed 

to solve several fundamental issues 

associated with managing big data. It is 

intended to provide efficient handling of 

large datasets, supporting both batch and 

real-time processing, while ensuring the 

integrity, consistency, and scalability of 

data storage. The design principles of 

Apache Iceberg are centered around 

solving the challenges faced by data 

engineers in managing data lakes & 

ensuring that data can be queried with 

high performance and low latency. This 

section dives into the core design 

principles of Apache Iceberg, breaking 

down its architecture and key components. 

4.1 Immutable Data 

One of the foundational design principles 

of Apache Iceberg is immutability. In a 

traditional data lake setup, data is often 

stored in a mutable state, which can lead to 

a variety of complications, such as 

concurrency issues, data inconsistency, 

and difficulty in versioning. Apache 

Iceberg adopts the philosophy of 

immutable data, which means once data is 

written to the table, it cannot be changed. 

4.1.1 Versioning & Snapshots 

Immutability is tightly integrated with 

versioning in Apache Iceberg. Instead of 

modifying the existing data, Iceberg 

creates new snapshots that represent the 

state of the data at any given time. This 

allows for efficient time travel, meaning 

users can query data as it existed at a 

specific point in time. These snapshots are 

also lightweight and easy to manage, 

making it simple to track changes, roll back 

to previous versions, or even reproduce the 

results of earlier queries. 

4.1.2 Benefits of Immutability in Data 

Lakes 

Immutability helps maintain data integrity 

by ensuring that once records are 

committed, they cannot be altered. This 
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provides clear & reliable audit trails, which 

are crucial for compliance and 

troubleshooting. It also ensures that data 

consistency is always guaranteed, which 

simplifies query execution by making the 

data predictable and stable. Since Iceberg 

tables are immutable, data engineers can 

perform operations like overwriting or 

deleting data through safe and atomic 

operations without risking data 

corruption. 

4.2 Partitioning & Indexing 

Effective partitioning and indexing are 

critical for optimizing query performance 

and ensuring efficient data storage in 

large-scale data lakes. Apache Iceberg 

provides innovative partitioning strategies 

and indexing mechanisms that enhance 

both read and write performance. 

4.2.1 Flexible Partitioning Scheme 

Iceberg supports flexible partitioning that 

allows data engineers to define partitions 

based on various columns. Unlike 

traditional partitioning schemes that 

require data to be written in fixed, pre-

defined partitions, Iceberg lets users create 

partitions dynamically. This flexibility 

reduces the risk of inefficient partitioning 

strategies and ensures that the data is 

evenly distributed across partitions, which 

ultimately helps to reduce query latency. 

4.2.2 Indexing for Performance 

Iceberg also leverages indexing to enhance 

query performance. The indexing system 

allows for faster data lookups by 

maintaining metadata that points to the 

physical location of data records within the 

table. This helps reduce the overhead of 

scanning entire datasets for queries, 

improving overall performance. Iceberg’s 

indexing capabilities make it easier to scale 

& optimize queries as the size of the data 

lake grows. 

4.2.3 Partition Evolution 

Another key feature of Iceberg’s 

partitioning model is its support for 

partition evolution. In traditional systems, 

partitioning is often rigid, meaning that 

once the data is partitioned, it is difficult to 

change the partitioning scheme. Iceberg 

allows for the modification of partitioning 

schemes over time. This is particularly 

useful as data volumes grow or as the 

schema evolves. This capability ensures 

that data partitioning strategies can be 

adapted to new requirements without 

requiring full data rewrites. 

4.3 Schema Evolution & Compatibility 

One of the most challenging aspects of 

managing large datasets is handling 

schema changes over time. In traditional 

data management systems, schema 
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changes can lead to compatibility issues, 

requiring significant effort to ensure that 

old and new data can coexist. Apache 

Iceberg addresses these issues with its 

robust schema evolution capabilities. 

4.3.1 Compatibility Across Versions 

In Iceberg, schema evolution does not 

result in compatibility issues across 

different versions of the data. Iceberg 

ensures that queries continue to work even 

as the schema evolves. For example, if a 

schema is updated to include new 

columns, queries that do not reference 

those columns will continue to function as 

before, preserving backward 

compatibility. This eliminates the need for 

extensive rework in applications that 

depend on the data, allowing data 

engineers to manage their data lakes with 

less friction. 

4.3.2 Schema Evolution 

Apache Iceberg allows for schema 

evolution, meaning that users can modify 

the structure of their data tables without 

breaking existing queries or applications. 

Schema changes, such as adding new 

columns or changing data types, can be 

done incrementally and without full data 

rewrites. This feature is particularly 

beneficial in dynamic data environments 

where requirements change frequently & 

helps ensure that data lakes remain flexible 

and agile. 

4.3.3 Rollback & Time Travel 

Schema changes in Apache Iceberg are 

versioned, so it is possible to roll back to 

previous versions of the schema or data. 

This rollback feature works seamlessly 

alongside the time travel functionality, 

which allows users to view or query data 

as it existed at a particular point in time. 

This ability to easily manage schema 

changes while maintaining backward and 

forward compatibility ensures that data 

management is robust and resilient. 

4.4 Transactional Consistency & ACID 

Compliance 

Ensuring data consistency is critical when 

working with large-scale data 

environments. Apache Iceberg addresses 

this concern by providing transactional 

consistency and ACID (Atomicity, 

Consistency, Isolation, Durability) 

compliance, ensuring that data is always in 

a valid state, even in the face of failures. 

ACID compliance is achieved by 

leveraging an atomic commit protocol, 

which ensures that changes to the data are 

either fully applied or not applied at all. 

This guarantees that the data remains 

consistent and prevents partial writes or 

corruption. The transaction log in Iceberg 
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tracks all changes to the data, allowing for 

fault tolerance and enabling efficient 

recovery from failures. 

5. Comparing Iceberg to Traditional 

Formats 

The advent of Apache Iceberg introduces a 

modern, efficient table format designed to 

overcome the limitations of traditional 

data lake formats. It offers improved 

performance, scalability, and ease of 

management for big data workloads. In 

this section, we’ll compare Apache Iceberg 

with traditional data formats like Apache 

Hive, Parquet, and ORC to better 

understand how it addresses the 

challenges in managing large, complex 

datasets. 

5.1. Apache Hive vs. Apache Iceberg 

Apache Hive has been a cornerstone of the 

big data ecosystem for years, acting as a 

data warehouse solution that provides 

data query capabilities on top of HDFS and 

similar storage systems. However, as data 

volumes have increased, the limitations of 

Hive’s original design have become 

apparent. Iceberg offers several 

improvements in areas such as schema 

evolution, performance, and ACID 

transactions. 

5.1.1. Partitioning & Performance 

Traditional Hive tables often rely on static 

partitioning strategies that can lead to 

inefficient query performance, especially 

when dealing with large datasets. Iceberg 

enhances performance by introducing 

dynamic partitioning and allowing 

partition pruning based on query 

predicates. This capability optimizes data 

retrieval, reducing the amount of data 

scanned and improving performance 

significantly. 

5.1.2. Schema Evolution 

One of the significant issues with Hive is its 

rigid schema management. In Hive, 

schema changes require a full rewrite of the 

dataset, which can be time-consuming and 

costly for large tables. Apache Iceberg, on 

the other hand, supports schema 

evolution, meaning users can change 

column names, add new columns, or even 

change data types without needing to 

rewrite the data. This flexibility allows for 

faster, more efficient data management. 

5.1.3. ACID Transactions 

ACID transactions are a critical 

requirement for modern data systems, and 

Hive traditionally lacked this functionality. 

This means that in Hive, managing 

concurrent writes to a dataset could lead to 

inconsistencies and data corruption. 

Iceberg, however, provides full ACID 

transaction support, allowing for safe 
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concurrent writes and guaranteeing data 

integrity. This makes it a much more 

robust solution for high-concurrency 

environments. 

5.2. Apache Parquet & ORC vs. Apache 

Iceberg 

Apache Parquet and ORC are columnar 

storage formats commonly used in data 

lakes. While these formats are excellent for 

storing data efficiently, they do not 

provide built-in support for managing the 

complexities of evolving datasets. Apache 

Iceberg was built to extend these formats 

by offering additional features such as 

versioning, snapshot isolation, and schema 

management. 

5.2.1. Snapshot Isolation & Data Integrity 

In traditional formats like Parquet and 

ORC, managing concurrent writes and 

ensuring data consistency can be 

problematic. In contrast, Iceberg uses 

snapshot isolation, a key feature in 

transactional databases, to ensure that each 

read sees a consistent state of the table. 

Iceberg’s support for snapshot isolation 

guarantees that reads will not be affected 

by concurrent writes, offering more robust 

data consistency and reliability. 

5.2.2. Table Versioning 

One of the significant advantages of 

Iceberg over Parquet and ORC is its ability 

to manage table versions. With Iceberg, 

every write operation results in a new 

snapshot of the table, creating a version 

history that can be tracked over time. This 

versioning makes it easy to roll back to a 

previous state, providing a safety net when 

data is accidentally corrupted or 

mismanaged. Parquet and ORC, while 

excellent at storing data, lack the native 

versioning capabilities that Iceberg 

provides. 

5.2.3. Simplified Metadata Management 

Managing metadata in large datasets is 

often a challenge with traditional formats 

like Parquet & ORC. These formats rely on 

external systems, like Hive Metastore, to 

manage metadata, which can become slow 

and inefficient as the size of the dataset 

grows. Iceberg, on the other hand, stores 

metadata alongside the data in an 

optimized manner, improving metadata 

query performance. This design allows for 

faster and more efficient metadata 

management, especially in large-scale 

environments. 

5.3. Apache Iceberg vs. Other Data Lake 

Formats 

Beyond Hive, Parquet, and ORC, there are 

other data formats and systems that are 

part of the broader data lake ecosystem, 

such as Delta Lake and Hudi. While all of 

these formats offer some benefits, Iceberg 
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has carved a niche for itself by offering 

features that are suited for a variety of 

workloads, including batch processing, 

streaming, and time-series data. 

5.3.1. Apache Hudi 

Apache Hudi is another competitor that 

offers ACID transactions, upserts, and 

incremental data processing. While Hudi 

provides great support for incremental 

processing, Iceberg shines in areas such as 

scalability, performance with large 

datasets, and support for complex schema 

evolution. Additionally, Iceberg’s design, 

which includes its own native metadata 

handling and transactional support, allows 

it to provide a higher level of performance 

& reliability when dealing with massive 

datasets. 

5.3.2. Delta Lake 

Delta Lake is a popular data lake format 

that introduces ACID transactions and 

schema enforcement, much like Iceberg. 

However, Iceberg goes a step further by 

offering superior support for partitioning 

strategies and greater flexibility with 

schema changes. While Delta Lake has a 

strong presence in the Spark ecosystem, 

Iceberg's compatibility with multiple 

compute engines and its robust table 

management system make it a more 

versatile choice for organizations with 

diverse workloads. 

5.3.3. Flexibility & Ecosystem 

Compatibility 

Another notable advantage of Apache 

Iceberg over Delta Lake and Hudi is its 

flexibility and compatibility with multiple 

compute engines and storage platforms. 

While Delta Lake is closely tied to the 

Apache Spark ecosystem, Iceberg is 

designed to be engine-agnostic, meaning it 

can work with a wide range of query 

engines, including Apache Spark, Trino, 

Presto, and Flink. This interoperability 

allows organizations to leverage Iceberg 

without locking themselves into a single 

ecosystem, making it an attractive choice 

for heterogeneous environments. 

5.4. Advantages of Iceberg Over 

Traditional Formats 

Summarizing the key benefits of Apache 

Iceberg over traditional formats: 

● ACID Transactions: Iceberg 

provides full support for ACID 

transactions, ensuring data 

consistency and safety during 

concurrent operations. 

● Dynamic Partitioning: Unlike Hive, 

which requires manual 

partitioning, Iceberg supports 

dynamic partitioning, enabling 

more efficient data queries and 

better performance. 
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● Schema Evolution: Iceberg allows 

for seamless schema changes 

without rewriting data, offering 

much-needed flexibility for 

evolving datasets. 

● Snapshot Isolation: Iceberg 

guarantees consistency and data 

integrity by providing snapshot 

isolation, a key feature missing in 

traditional formats like Parquet and 

ORC. 

● Versioning and History: Iceberg’s 

built-in versioning capabilities 

provide a robust audit trail and the 

ability to roll back to any previous 

state of a dataset. 

6.Conclusion 

Apache Iceberg represents a significant 

leap forward in managing and optimizing 

data lakes. As organizations continue to 

generate vast amounts of data, the need for 

more efficient, scalable, and reliable 

systems becomes increasingly evident. 

Traditional approaches to managing large-

scale datasets often need help with issues 

like poor query performance, data 

consistency, & scalability. As a new table 

format, Apache Iceberg addresses these 

challenges by offering a robust structure 

for efficiently handling large datasets. Its 

ability to manage schema evolution, 

handle partitioning with more flexibility, 

and provide support for ACID transactions 

makes it an attractive solution for 

organizations looking to manage their data 

lakes more effectively. 

Apache Iceberg is poised to become a key 

player in the data management landscape. 

Its open-source nature ensures continuous 

improvement and broad adoption, making 

it an essential tool for organizations 

transitioning to modern data architectures. 

With its compatibility with existing big 

data frameworks such as Apache Spark, 

Flink, & Hive, Iceberg simplifies the 

adoption process for companies already 

using these tools. Furthermore, its focus on 

reliability, consistency, and performance 

positions it as a powerful solution for 

businesses looking to maintain control 

over their data while optimizing costs and 

operations. As the data ecosystem 

continues to evolve, Apache Iceberg's 

ability to seamlessly integrate with cloud-

native environments and support data 

governance and compliance will be critical 

in helping organizations unlock the full 

potential of their data lakes. 
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