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3. What is the Modern Data Architecture?

Abstract

This paper argues that the data warehouse architecture as we know
it today will wither in the coming years and be replaced by a new
architectural pattern, the Lakehouse, which will (i) be based on open
direct-access data formats, such as Apache Parquet, (ii) have first-
class support for machine learning and data science, and (iii) offer
state-of-the-art performance. Lakehouses can help address several
major challenges with data warehouses, including data staleness,
reliability, total cost of ownership, data lock-in, and limited use-case
support. We discuss how the industry is already moving toward
Lakehouses and how this shift may affect work in data management.
We also report results from a Lakehouse system using Parquet that
is competitive with popular cloud data warehouses on TPC-DS.

Lakehouse: A New Generation of Open Platforms that Unify
Data Warehousing and Advanced Analytics

Michael Armbrust', Ali Ghodsi?, Reynold Xin’, Matei Zaharia®*
"Databricks, *UC Berkeley, *Stanford University

quality and governance downstream. In this architecture, a small
subset of data in the lake would later be ETLed to a downstream
data warehouse (such as Teradata) for the most important decision
support and Bl applications. The use of open formats also made
data lake data directly accessible to a wide range of other analytics
engines, such as machine learning systems [30, 37, 42].

From 2015 onwards, cloud data lakes, such as 53, ADLS and GCS,
started replacing HDFS. They have superior durability {often =10
mnes} geo- rephcatmn, and most 11npc|-rt:3.nt|} extremel} low cost

https://www.cidrdb.org/cidr2021/papers/cidr2021 paper17.pdf
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(a) First-generation platforms.

Figure 1: Evolution of data platform architectures to today’s two-tier model (a-b) and the new Lakehouse model (c).
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4. Lakehouse Review(2) — Implementing a Lakehouse System
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Figure 2: Example Lakehouse system design, with key
components shown in green. The system centers around a
metadata layer such as Delta Lake that adds transactions,
versioning, and auxiliary data structures over files in an open
format, and can be queried with diverse APIs and engines.
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5. SKol0| S 22| H{|O|E| - only Data Lake
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6. Hadoop2 Legacy 7|=2| & H=EH

What are the challenges with Hadoop architectures?

* Complexity - Hadoop is a low-level, Java-based framework that can be overly complex and difficult for end-
users to work with. Hadoop architectures can also require significant expertise and resources to set up, maintain,

and upgrade.

* Performance - Hadoop uses frequent reads and writes to disk to perform computations, which is time-
consuming and inefficient compared to frameworks that aim to store and process data in memory as much as
possible, like Apache Spark.

* Long-term viability - In 2019, the world saw a massive unraveling within the Hadoop sphere. Google, whose
seminal 2004 paper on MapReduce underpinned the creation of Apache Hadoop, stopped using MapReduce
altogether, as tweeted by Google SVP of Technical Infrastructure, Urs Holzle. There were also some very high-
profile mergers and acquisitions in the world of Hadoop. Furthermore, in 2020, a leading Hadoop provider shifted

its product set away from being Hadoop-centric, as Hadoop is now thought of as “more of a philosophy than a

technology.” Lastly, 2021 has been a year of interesting changes. In April 2021, the Apache Software Foundation
m‘fhe retirement of ten projects from the Hadoop ecosystem. Then in June 2021, Cloudera agrees to

private. The impact of this decision on Hadoop users is still to be seen. This growing collection of concerns

paired with the accelerated need to digitize has encouraged many companies to re-evaluate their relationship

with Hadoop.
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12. Modern Data Platform Architecture overview
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13. Modern Data Architecture 7|8t Best Practice
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