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Figure 1: Evolution of data platform architectures to today’s two-tier model (a-b) and the new Lakehouse model (c).

warehouse proprietary formats. For these use cases, warehouse
vendors recommend exporting data to !les, which further increases
complexity and staleness (adding a third ETL step!). Alternatively,
users can run these systems against data lake data in open formats.
However, they then lose rich management features from data ware-
houses, such as ACID transactions, data versioning and indexing.
Total cost of ownership. Apart from paying for continuous ETL,
users pay double the storage cost for data copied to a warehouse,
and commercial warehouses lock data into proprietary formats that
increase the cost of migrating data or workloads to other systems.

A straw-man solution that has had limited adoption is to elimi-
nate the data lake altogether and store all the data in a warehouse
that has built-in separation of compute and storage. We will argue
that this has limited viability, as evidenced by lack of adoption, be-
cause it still doesn’t support managing video/audio/text data easily
or fast direct access from ML and data science workloads.

In this paper, we discuss the following technical question: is it
possible to turn data lakes based on standard open data formats,
such as Parquet and ORC, into high-performance systems that can
provide both the performance and management features of data
warehouses and fast, direct I/O from advanced analytics workloads?
We argue that this type of system design, which we refer to as a
Lakehouse (Fig. 1), is both feasible and is already showing evidence
of success, in various forms, in the industry. As more business appli-
cations start relying on operational data and on advanced analytics,
we believe the Lakehouse is a compelling design point that can
eliminate some of the top challenges with data warehousing.

In particular, we believe that the time for the Lakehouse has come
due to recent solutions that address the following key problems:
1. Reliable data management on data lakes: A Lakehouse
needs to be able to store raw data, similar to today’s data lakes,
while simultaneously supporting ETL/ELT processes that curate
this data to improve its quality for analysis. Traditionally, data lakes
have managed data as “just a bunch of !les” in semi-structured for-
mats, making it hard to o"er some of the key management features
that simplify ETL/ELT in data warehouses, such as transactions,

rollbacks to old table versions, and zero-copy cloning. However, a
recent family of systems such as Delta Lake [10] and Apache Ice-
berg [7] provide transactional views of a data lake, and enable these
management features. Of course, organizations still have to do the
hard work of writing ETL/ELT logic to create curated datasets with
a Lakehouse, but there are fewer ETL steps overall, and analysts
can also easily and performantly query the raw data tables if they
wish to, much like in !rst-generation analytics platforms.
2. Support for machine learning and data science: ML sys-
tems’ support for direct reads from data lake formats already places
them in a good position to e#ciently access a Lakehouse. In addi-
tion, manyML systems have adopted DataFrames as the abstraction
for manipulating data, and recent systems have designed declarative
DataFrame APIs [11] that enable performing query optimizations
for data accesses inMLworkloads. These APIs enableMLworkloads
to directly bene!t from many optimizations in Lakehouses.
3. SQL performance: Lakehouses will need to provide state-
of-the-art SQL performance on top of the massive Parquet/ORC
datasets that have been amassed over the last decade (or in the
long term, some other standard format that is exposed for direct
access to applications). In contrast, classic data warehouses accept
SQL and are free to optimize everything under the hood, including
proprietary storage formats. Nonetheless, we show that a variety
of techniques can be used to maintain auxiliary data about Par-
quet/ORC datasets and to optimize data layout within these existing
formats to achieve competitive performance. We present results
from a SQL engine over Parquet (the Databricks Delta Engine [19])
that outperforms leading cloud data warehouses on TPC-DS.

In the rest of the paper, we detail the motivation, potential tech-
nical designs, and research implications of Lakehouse platforms.

2 Motivation: Data Warehousing Challenges

Data warehouses are critical for many business processes, but they
still regularly frustrate users with incorrect data, staleness, and
high costs. We argue that at least part of each of these challenges is
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warehouse proprietary formats. For these use cases, warehouse
vendors recommend exporting data to !les, which further increases
complexity and staleness (adding a third ETL step!). Alternatively,
users can run these systems against data lake data in open formats.
However, they then lose rich management features from data ware-
houses, such as ACID transactions, data versioning and indexing.
Total cost of ownership. Apart from paying for continuous ETL,
users pay double the storage cost for data copied to a warehouse,
and commercial warehouses lock data into proprietary formats that
increase the cost of migrating data or workloads to other systems.

A straw-man solution that has had limited adoption is to elimi-
nate the data lake altogether and store all the data in a warehouse
that has built-in separation of compute and storage. We will argue
that this has limited viability, as evidenced by lack of adoption, be-
cause it still doesn’t support managing video/audio/text data easily
or fast direct access from ML and data science workloads.

In this paper, we discuss the following technical question: is it
possible to turn data lakes based on standard open data formats,
such as Parquet and ORC, into high-performance systems that can
provide both the performance and management features of data
warehouses and fast, direct I/O from advanced analytics workloads?
We argue that this type of system design, which we refer to as a
Lakehouse (Fig. 1), is both feasible and is already showing evidence
of success, in various forms, in the industry. As more business appli-
cations start relying on operational data and on advanced analytics,
we believe the Lakehouse is a compelling design point that can
eliminate some of the top challenges with data warehousing.

In particular, we believe that the time for the Lakehouse has come
due to recent solutions that address the following key problems:
1. Reliable data management on data lakes: A Lakehouse
needs to be able to store raw data, similar to today’s data lakes,
while simultaneously supporting ETL/ELT processes that curate
this data to improve its quality for analysis. Traditionally, data lakes
have managed data as “just a bunch of !les” in semi-structured for-
mats, making it hard to o"er some of the key management features
that simplify ETL/ELT in data warehouses, such as transactions,

rollbacks to old table versions, and zero-copy cloning. However, a
recent family of systems such as Delta Lake [10] and Apache Ice-
berg [7] provide transactional views of a data lake, and enable these
management features. Of course, organizations still have to do the
hard work of writing ETL/ELT logic to create curated datasets with
a Lakehouse, but there are fewer ETL steps overall, and analysts
can also easily and performantly query the raw data tables if they
wish to, much like in !rst-generation analytics platforms.
2. Support for machine learning and data science: ML sys-
tems’ support for direct reads from data lake formats already places
them in a good position to e#ciently access a Lakehouse. In addi-
tion, manyML systems have adopted DataFrames as the abstraction
for manipulating data, and recent systems have designed declarative
DataFrame APIs [11] that enable performing query optimizations
for data accesses inMLworkloads. These APIs enableMLworkloads
to directly bene!t from many optimizations in Lakehouses.
3. SQL performance: Lakehouses will need to provide state-
of-the-art SQL performance on top of the massive Parquet/ORC
datasets that have been amassed over the last decade (or in the
long term, some other standard format that is exposed for direct
access to applications). In contrast, classic data warehouses accept
SQL and are free to optimize everything under the hood, including
proprietary storage formats. Nonetheless, we show that a variety
of techniques can be used to maintain auxiliary data about Par-
quet/ORC datasets and to optimize data layout within these existing
formats to achieve competitive performance. We present results
from a SQL engine over Parquet (the Databricks Delta Engine [19])
that outperforms leading cloud data warehouses on TPC-DS.

In the rest of the paper, we detail the motivation, potential tech-
nical designs, and research implications of Lakehouse platforms.

2 Motivation: Data Warehousing Challenges

Data warehouses are critical for many business processes, but they
still regularly frustrate users with incorrect data, staleness, and
high costs. We argue that at least part of each of these challenges is
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warehouse proprietary formats. For these use cases, warehouse
vendors recommend exporting data to !les, which further increases
complexity and staleness (adding a third ETL step!). Alternatively,
users can run these systems against data lake data in open formats.
However, they then lose rich management features from data ware-
houses, such as ACID transactions, data versioning and indexing.
Total cost of ownership. Apart from paying for continuous ETL,
users pay double the storage cost for data copied to a warehouse,
and commercial warehouses lock data into proprietary formats that
increase the cost of migrating data or workloads to other systems.

A straw-man solution that has had limited adoption is to elimi-
nate the data lake altogether and store all the data in a warehouse
that has built-in separation of compute and storage. We will argue
that this has limited viability, as evidenced by lack of adoption, be-
cause it still doesn’t support managing video/audio/text data easily
or fast direct access from ML and data science workloads.

In this paper, we discuss the following technical question: is it
possible to turn data lakes based on standard open data formats,
such as Parquet and ORC, into high-performance systems that can
provide both the performance and management features of data
warehouses and fast, direct I/O from advanced analytics workloads?
We argue that this type of system design, which we refer to as a
Lakehouse (Fig. 1), is both feasible and is already showing evidence
of success, in various forms, in the industry. As more business appli-
cations start relying on operational data and on advanced analytics,
we believe the Lakehouse is a compelling design point that can
eliminate some of the top challenges with data warehousing.

In particular, we believe that the time for the Lakehouse has come
due to recent solutions that address the following key problems:
1. Reliable data management on data lakes: A Lakehouse
needs to be able to store raw data, similar to today’s data lakes,
while simultaneously supporting ETL/ELT processes that curate
this data to improve its quality for analysis. Traditionally, data lakes
have managed data as “just a bunch of !les” in semi-structured for-
mats, making it hard to o"er some of the key management features
that simplify ETL/ELT in data warehouses, such as transactions,

rollbacks to old table versions, and zero-copy cloning. However, a
recent family of systems such as Delta Lake [10] and Apache Ice-
berg [7] provide transactional views of a data lake, and enable these
management features. Of course, organizations still have to do the
hard work of writing ETL/ELT logic to create curated datasets with
a Lakehouse, but there are fewer ETL steps overall, and analysts
can also easily and performantly query the raw data tables if they
wish to, much like in !rst-generation analytics platforms.
2. Support for machine learning and data science: ML sys-
tems’ support for direct reads from data lake formats already places
them in a good position to e#ciently access a Lakehouse. In addi-
tion, manyML systems have adopted DataFrames as the abstraction
for manipulating data, and recent systems have designed declarative
DataFrame APIs [11] that enable performing query optimizations
for data accesses inMLworkloads. These APIs enableMLworkloads
to directly bene!t from many optimizations in Lakehouses.
3. SQL performance: Lakehouses will need to provide state-
of-the-art SQL performance on top of the massive Parquet/ORC
datasets that have been amassed over the last decade (or in the
long term, some other standard format that is exposed for direct
access to applications). In contrast, classic data warehouses accept
SQL and are free to optimize everything under the hood, including
proprietary storage formats. Nonetheless, we show that a variety
of techniques can be used to maintain auxiliary data about Par-
quet/ORC datasets and to optimize data layout within these existing
formats to achieve competitive performance. We present results
from a SQL engine over Parquet (the Databricks Delta Engine [19])
that outperforms leading cloud data warehouses on TPC-DS.

In the rest of the paper, we detail the motivation, potential tech-
nical designs, and research implications of Lakehouse platforms.

2 Motivation: Data Warehousing Challenges

Data warehouses are critical for many business processes, but they
still regularly frustrate users with incorrect data, staleness, and
high costs. We argue that at least part of each of these challenges is
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Figure 2: Example Lakehouse system design, with key com-
ponents shown in green. The system centers around a meta-
data layer such as Delta Lake that adds transactions, version-
ing, and auxiliary data structures over !les in an open for-
mat, and can be queried with diverse APIs and engines.

the development of declarative DataFrame APIs [11, 37]. Many ML
libraries, such as TensorFlow and Spark MLlib, can already read
data lake !le formats such as Parquet [30, 37, 42]. Thus, the simplest
way to integrate them with a Lakehouse would be to query the
metadata layer to !gure out which Parquet !les are currently part
of a table, and simply pass those to the ML library. However, most
of these systems support a DataFrame API for data preparation
that creates more optimization opportunities. DataFrames were
popularized by R and Pandas [40] and simply give users a table
abstraction with various transformation operators, most of which
map to relational algebra. Systems such as Spark SQL have made
this API declarative by lazily evaluating the transformations and
passing the resulting operator plan to an optimizer [11]. These APIs
can thus leverage the new optimization features in a Lakehouse,
such as caches and auxiliary data, to further accelerate ML.

Figure 2 shows how these ideas !t together into a Lakehouse
system design. In the next three sections, we expand on these
technical ideas in more detail and discuss related research questions.

3.2 Metadata Layers for Data Management
The !rst component that we believe will enable Lakehouses is
metadata layers over data lake storage that can raise its abstrac-
tion level to implement ACID transactions and other management
features. Data lake storage systems such as S3 or HDFS only pro-
vide a low-level object store or !lesystem interface where even
simple operations, such as updating a table that spans multiple !les,
are not atomic. Organizations soon began designing richer data
management layers over these systems, starting with Apache Hive
ACID [33], which tracks which data !les are part of a Hive table at
a given table version using an OLTP DBMS and allows operations
to update this set transactionally. In recent years, new systems
have provided even more capabilities and improved scalability. In

2016, Databricks began developing Delta Lake [10], which stores
the information about which objects are part of a table in the data
lake itself as a transaction log in Parquet format, enabling it to scale
to billions of objects per table. Apache Iceberg [7], which started at
Net"ix, uses a similar design and supports both Parquet and ORC
storage. Apache Hudi [6], which started at Uber, is another system
in this area focused on simplifying streaming ingest into data lakes,
although it does not support concurrent writers.

Experience with these systems has shown that they generally
provide similar or better performance to raw Parquet/ORC data
lakes, while adding highly useful management features such as
transactions, zero-copy coning and time travel to past versions of a
table [10]. In addition, they are easy to adopt for organizations that
already have a data lake: for example, Delta Lake can convert an
existing directory of Parquet !les into a Delta Lake table with zero
copies just by adding a transaction log that starts with an entry
that references all the existing !les. As a result, organizations are
rapidly adopting these metadata layers: for example, Delta Lake
grew to cover half the compute-hours on Databricks in three years.

In addition, metadata layers are a natural place to implement data
quality enforcement features. For example, Delta Lake implements
schema enforcement to ensure that the data uploaded to a table
matches its schema, and constraints API [24] that allows table own-
ers to set constraints on the ingested data (e.g., country can only
be one of a list of values). Delta’s client libraries will automatically
reject records that violate these expectations or quarantine them
in a special location. Customers have found these simple features
very useful to improve the quality of data lake based pipelines.

Finally, metadata layers are a natural place to implement gover-
nance features such as access control and audit logging. For example,
a metadata layer can check whether a client is allowed to access a
table before granting it credentials to read the raw data in the table
from a cloud object store, and can reliably log all accesses.
Future Directions and Alternative Designs. Because metadata
layers for data lakes are a fairly new development, there are many
open questions and alternative designs. For example, we designed
Delta Lake to store its transaction log in the same object store that it
runs over (e.g., S3) in order to simplify management (removing the
need to run a separate storage system) and o#er high availability
and high read bandwidth to the log (the same as the object store).
However, this limits the rate of transactions/second it can support
due to object stores’ high latency. A design using a faster storage
system for the metadata may be preferable in some cases. Likewise,
Delta Lake, Iceberg and Hudi only support transactions on one
table at a time, but it should be possible to extend them to support
cross-table transactions. Optimizing the format of transaction logs
and the size of objects managed are also open questions.

3.3 SQL Performance in a Lakehouse
Perhaps the largest technical question with the Lakehouse approach
is how to provide state-of-the-art SQL performance while giving up
a signi!cant portion of the data independence in a traditional DBMS
design. The answer clearly depends on a number of factors, such as
what hardware resources we have available (e.g., can we implement
a caching layer on top of the object store) and whether we can
change the data object storage format instead of using existing
standards such as Parquet and ORC (new designs that improve over

Data Lakehouse
• Solutions: 
- Reliable data management on data 

lakes: add metadata APIs 
- Support for machine learning and 

data science: allow use of 
declarative dataframe APIs 

- SQL performance: allow use of SQL 
APIs
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Apache Iceberg
• Data Files: store the actual data (parquet, 

avro, orc) 
• Manifest Files: track a group of data files (and 

delete files); have metadata for filtering (min/
max) 

• Manifest Lists: which manifest files make up 
a table at a given point in time (snapshot) 

• Metadata file: keeps track of table creates or 
data add/delete 

• Catalog: Tracks the tables and pointer to the 
most recently created metadata file
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Record Linkage Techniques
• Deterministic matching 
- Rule-based matching (complex to build and maintain)  

• Probabilistic record linkage [Fellegi and Sunter, 1969] 
- Use available attributes for linking (often personal information, like names, 

addresses, dates of birth, etc.) 
- Calculate match weights for attributes  

• “Computer science” approaches  
- Based on machine learning, data mining, database, or information retrieval 

techniques  
- Supervised classification: Requires training data (true matches)  
- Unsupervised: Clustering, collective, and graph based
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Assignment 3
• Ask a Manager Salary Data 
• Use Polars & OpenRefine 
• Moved deadline to next Tuesday, October. 21
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Data Fusion
• Problem: Given a duplicate, create a single object representation while 

resolving conflicting data values. 
• Difficulties: 
- Null values: Subsumption and complementation 
- Contradictions in data values 
- Uncertainty & truth: Discover the true value and model uncertainty in this 

process 
- Metadata: Preferences, recency,  correctness 
- Lineage: Keep original values and their origin 
- Implementation in DBMS: SQL, extended SQL, UDFs, etc.

17D. Koop, CSCI 640/490, Fall 2025



Conflict Resolution Strategies
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Integrating Conflicting Data: 
The Role of Source Dependence
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Discussion
• What is the paper's main contribution? 
• Do you buy the argument? Any issues with the experiments? 
• Can you think of any scenarios where the proposed technique will fail? 
• Questions?
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Example Problem
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S1 S2 S3
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Dewitt MSR MSR UWisc

Bernstein MSR MSR MSR

Carey UCI AT&T BEA

Halevy Google Google UW
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Naive Voting Works
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Naive Voting Only Works if Data Sources are Independent
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S4 and S5 copy from S3
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Challenges in Dependence Discovery
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2. With only a snapshot it is hard to 
decide which source is a copier.
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3. A copier can also provide or verify some data by 
itself, so it is inappropriate to ignore all of its data.

1. Sharing common data does 
not in itself imply copying.

2. With only a snapshot it is hard to 
decide which source is a copier.

http://www.lunadong.com/talks/depenDetection.pptx


Source Dependence
• Source dependence: two sources S and T deriving the same part of data 

directly or transitively from a common source (can be one of S or T). 
- Independent source 
- Copier 

• copying part (or all) of data from other sources  
• may verify or revise some of the copied values 
• may add additional values 

• Assumptions 
- Independent values 
- Independent copying 
- No loop copying
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Core Case
• Conditions 
- Same source accuracy 
- Uniform false-value distribution 
- Categorical value 

• Proposition: W. independent “good” sources, Naïve voting selects values with 
highest probability to be true.
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Ideas
• If two sources share a lot of false values, they are more likely to be 

dependent. 
• S1 is more likely to copy from S2, if the accuracy of the common data is 

highly different from the accuracy of S1.
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Combining Accuracy and Dependence
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S1 S2 S3 S4 S5

Stonebraker MIT Berkeley MIT MIT MS
Dewitt MSR MSR UWisc UWisc UWisc

Bernstein MSR MSR MSR MSR MSR
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S1
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S3
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.87 .2

.2

.99

.99
.99

Rnd 2

Rnd 11Rnd 3 …

S1

S2

S4

S3

S5

.14

.49

.49
.49

.08

.49 .49

.49
S1
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.55

.49
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The Motivating Example
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Accuracy S1 S2 S3 S4 S5

Round 1 .52 .42 .53 .53 .53
Round 2 .63 .46 .55 .55 .55
Round 3 .71 .52 .53 .53 .37
Round 4 .79 .57 .48 .48 .31

… … … … … …
Round 11 .97 .61 .40 .40 .21

Value
Confidence

Carey Halevy
UCI AT&T BEA Google UW

Round 1 1.61 1.61 2.0 2.1 2.0
Round 2 1.68 1.3 2.12 2.74 2.12
Round 3 2.12 1.47 2.24 3.59 2.24
Round 4 2.51 1.68 2.14 4.01 2.14

… … … … … …
Round 11 4.73 2.08 1.47 6.67 1.47

http://www.lunadong.com/talks/depenDetection.pptx

