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ABSTRACT
Large-scale data analytics using machine learning (ML) underpins many modern data-driven
applications. ML systems provide means of specifying and executing these ML workloads in
an efficient and scalable manner. Data management is at the heart of many ML systems due to
data-driven application characteristics, data-centric workload characteristics, and system archi-
tectures inspired by classical data management techniques.

In this book, we follow this data-centric view of ML systems and aim to provide a com-
prehensive overview of data management in ML systems for the end-to-end data science or ML
lifecycle. We review multiple interconnected lines of work: (1) ML support in database (DB)
systems, (2) DB-inspired ML systems, and (3) ML lifecycle systems. Covered topics include:
in-database analytics via query generation and user-defined functions, factorized and statistical-
relational learning; optimizing compilers for ML workloads; execution strategies and hardware
accelerators; data access methods such as compression, partitioning and indexing; resource elas-
ticity and cloud markets; as well as systems for data preparation for ML, model selection, model
management, model debugging, and model serving. Given the rapidly evolving field, we strive
for a balance between an up-to-date survey of ML systems, an overview of the underlying con-
cepts and techniques, as well as pointers to open research questions. Hence, this book might
serve as a starting point for both systems researchers and developers.

KEYWORDS
ML systems, data management, data science, ML lifecycle, ML training, ML serv-
ing, in-database analytics, linear algebra, optimizing compilers, distributedmachine
learning, hardware accelerators, data access methods, resource elasticity, data clean-
ing, model management, benchmarking
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Preface
Machine learning (ML) systems can be defined in a narrow or broad sense. First, there is a variety
ofML applications like classification, regression, and clustering algorithms, as well as other tasks
of the entire knowledge discovery or data science lifecycle. In a narrow sense, an ML system is
simply the software system that executes these ML applications. Second, these software systems
employ and extend techniques from multiple research communities. This includes: (1) compila-
tion techniques from high performance computing (HPC), programming language compilers,
and query compilation; (2) runtime techniques—for execution and data access—from database
systems, operating systems, and distributed systems; as well as (3) hardware accelerators from
computer architecture. Thus, in a broad sense, an ML system comprises the ML applications as
well as the entire software and hardware system and its infrastructure.

The data management community and related fields have been working for over a decade
on challenging ML workloads and dedicated ML systems. In modern ML systems, data man-
agement is central because: (1) ML applications benefit from high-quality and high-quantity
input data; (2) data access is often a performance bottleneck whose repetitive workload char-
acteristics can be optimized via classic data management techniques; and (3) common system
architectures range from ML in database (DB) systems, through DB-inspired ML systems, to
ML lifecycle systems. Especially in the last few years, many new ML systems have been intro-
duced. These systems cover a range of very different architectures but also employ a number of
common concepts and techniques.This rapidly evolving field, many discussions with teammem-
bers from emerging systems, as well as our own experience with building suchML systems—like
RIOT, SystemML, Bismarck, Cumulon, Columbus, Hamlet, and Morpheus—inspired us to give an
overview of systems and techniques as well as research challenges and opportunities in the form
of a SIGMOD 2017 tutorial.

The goal of this book is to expand on that effort by systematically structuring the up-to-
date literature on ML systems and by providing an overview of the underlying techniques. In
detail, we aim to survey the major categories of ML systems, as well as their key concepts and
techniques at different levels of the system stack from programming model, through compila-
tion and optimization, to runtime backends. The survey also includes orthogonal aspects such
as resource elasticity and different tasks in the ML lifecycle. We hope this structure will also
foster a discussion on common system architectures and components of ML systems. Such a
consolidation of terminology and concepts could help systems researchers and developers alike
to avoid inevitable redundancy when building end-to-end systems, identify baselines and re-
search opportunities, and adopt recent advances of the field. Finally, the material of this book
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might also serve as the basis for advanced courses on the architecture and implementation of
ML systems at undergraduate or graduate level.

Matthias Boehm, Arun Kumar, and Jun Yang
February 2019
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1

C H A P T E R 1

Introduction
Machine learning (ML) and, in general, artificial intelligence (AI) techniques, are undoubtedly
changing many aspects of our lives and societies, even though often unnoticed. Applications
of ML and AI are ubiquitous in almost every domain and they leverage (1) a diverse set of al-
gorithms from clustering, classification, regression, time series analysis, recommendations, and
reinforcement learning, together with (2) application-specific pipelines that connect these algo-
rithms with steps for preparing data, incorporating domain knowledge, interpreting results, and
applying insights.

ML and AI are undergoing rapid and profound changes themselves as well, in terms
of new paradigms and algorithms, new system architectures and hardware accelerators, as well
as new techniques for preparing data and managing models. In pursuit of performance and
productivity, data scientists and engineers have come to rely on amyriad of data andML systems,
old and new.These systems have different architectures and provide different levels of abstraction
to their users. They often combine ideas and techniques from multiple computing disciplines,
including not only ML and AI, but also data management, operating and distributed systems,
high-performance computing (HPC), programming languages, and algorithms.

In this book, we take a view ofML systems from the vantage point of datamanagement re-
search. We explore how the principles and techniques of declarative specification and automatic
optimization—pillars underlying the success of data management systems—can be applied to
building ML systems. We survey existing ML systems in terms of their architecture, as well as
compilation and execution techniques, and explain how many systems share similar designs and
optimizations. Given the rapid evolution of this field, the increasingly complex stack, and diver-
sity of user communities, designing appropriate programming models and well-defined system
architectures are of utmost importance; they provide a sufficient separation of concerns between
modeling and computation, between algorithmic and system details, as well as between various
components or layers within an ML system.

1.1 OVERVIEW OF ML LIFECYCLE AND ML USERS

Before diving into data management aspects of ML systems and applications, we start by giving
a birds-eye view of the end-to-end lifecycle of an ML application. Figure 1.1 illustrates this
lifecycle, which typically involves an ML user or developer known by the terms data scientist or
ML engineer. We divide this lifecycle into three major processes: Source, Build, and Deploy.
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Data Scientist/ 
ML Engineer

Build DeploySource

ML/AI + Data Systems Implementations

…

Figure 1.1: High-level illustration of the end-to-end ML lifecycle in a typical data-driven ap-
plication. The underlying ML/AI or data system may also be a cloud-native service.

Source: The data scientist has to start with large volumes of potentially heterogeneous forms
of data that reside in a classical database management system (DBMS), data warehouse, or a raw
“data lake” based on a distributed file system such as Hadoop Distributed File System(HDFS).
How does one convert these data sources to a well-defined set of useful features for an ML
model to even start learning from? What if training labels are not available or not enough for a
prediction task to start with? What if the data has quality issues such as inconsistent values or
wrongly coded features? Recent surveys of data scientists show that they often spend up to 80%
of their time wrestling with such data-related issues even before starting their ML modeling [1,
2].

Build: Once the training dataset is well defined, the data scientist has to steer the process of
model selection to pick which trained prediction functions to deploy.This process typically involves
substantial exploratory analysis combining data slicing and dicing with training numerous ML
models, as well as tuning hyper-parameters to improve accuracy. Since differentMLmodels have
different pros and cons in terms of their accuracy, runtime, and interpretability, data scientists
typically also perform “algorithm selection” to choose between models at this stage. In the “inner
loop” of model selection are the core tasks of efficient and scalable ML training and inference,
which have been the focus of a large body of ML systems research. The data scientist also has
to debug the trained ML models, if any accuracy-related issues arise.

Deploy: The trained prediction functions have to be deployed into production to serve predic-
tions for the application. While this process is often simple for offline environments involving
data systems, in online Web-based applications and data streaming environments like the Inter-
net of Things (IoT), such model serving workloads raise new systems concerns. Moreover, ML
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models are seldom static, since the data they are built upon and the application they serve are
not static either. As the application evolves, so does the data and so should the ML models.
Thus, monitoring and maintaining the freshness of ML models is also a part of this process.

Kinds ofMLUsers: Most ML applications have multiple ML users with different roles in the
ML lifecycle and different levels of ML expertise. The commonly used term data scientist typi-
cally refers to ML users with enough technical background in ML and statistics to massage the
data and build ML models for the application. They either use existing ML tools like Scikit-learn
and SparkML to apply well-known ML algorithms or create custom ML algorithms tailored to
their application in different ML programming models and tools such as linear algebra scripts in
R-like environments and neural computational graphs inTensorFlow.They typically work closely
with data engineers, who help corral various data sources across data systems to construct training
data for ML, possibly including transforming the data with custom scripts in SQL, Python, or
other languages. The term ML engineer is sometimes used to denote a role that combines the
above two roles, i.e., people with expertise in both ML modeling and data engineering. Domain
experts, who include subject-matter experts and business analysts, typically help data scientists
craft prediction objectives, understand the data deeply, and set the interpretability and accuracy
expectations for the ML application. Such users typically do not have much ML expertise and
prefer to use automated scripts created by data scientists or visual dashboards for their own anal-
yses. Finally, MLDevOps engineer is a role in production settings, especially at Web companies
and many enterprise companies that use cloud services, that involves monitoring multiple de-
ployed user-facing ML applications and responding to alerts on the behavior of ML models to
help data scientists and ML engineers fix potential issues.

1.2 MOTIVATION
The recent success of ML is likely attributed to a combination of better algorithms, improved
data acquisition, and general hardware advancements. In the following, we make a case for why
data management is central from different perspectives.

Application Perspective: We see an increasing number of data-driven applications in im-
portant domains such as e-commerce, healthcare, finance, transportation, and production. The
ubiquity of sensors, mobile devices and services enables automated data collection and feedback
loops for label acquisition using incentives, user tracking, or other means. These large data col-
lections with abundant labeled data then enable training more complex models—in terms of
their numbers of parameters—while still providing good generalization. However, it is chal-
lenging to manage these large, potentially heterogeneous and distributed, data collections and
leverage them in ML pipelines. While representation learning (e.g., with deep learning architec-
tures) can alleviate some need for feature engineering on homogeneous input data (e.g., image,
speech, or text), many real-world applications rely onmultiple heterogeneous sources of data and
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knowledge (e.g., combinations of image, speech, text, structured data), and may have different
interpretability requirements.

Workload Perspective: In many ML pipelines, data access is the performance bottleneck be-
cause many ML algorithms rely on operations with low operational intensity (such as matrix-
vector multiplication) and are thus, I/O- or memory-bandwidth bound. However, ML algo-
rithms are often iterative with repeated data access until model convergence. The same applies
to end-to-end ML workflows, which may repeatedly access data for training over different fea-
ture subsets, tuning hyper-parameters, or learning ensembles. Such access patterns can be ex-
ploited via classic data management techniques such as caching, compression, partitioning and
replication, and tailor-made index structures. Furthermore, there are numerous opportunities
for alternative physical operator implementations and data layout decisions, which draw from
similar ideas in relational database systems. Finally, with higher-level knowledge of processes
inherent in the use of ML, opportunities for reusing computations with materialized views also
arise.

Systems Perspective: From a systems perspective, we see three major categories of data-
centric systems. First, motivated by data-centric applications and workloads and the fact that
many enterprise ML workloads leverage data stored inside database systems, there are strong
incentives to integrate ML algorithms into these systems to avoid unnecessary data transfer.
Second, many existing ML systems are inspired by database systems and HPC compilers.
For example, they often employ automated techniques for domain-specific simplification
rewrites, operator selection and placement, and physical data layout decisions. Third, end-
to-end ML pipelines span data acquisition, preparation, training and scoring, and model
management, with various kinds of feedback loops. Managing such complex ML lifecycles
calls for a unified, higher-level approach toward managing data, models, and their dependencies.

Together, these three perspectives cover the entire technology stack from systems to ap-
plications driven by data, which motivates a data-centric view of ML and a closer look at the
challenges and opportunities for data management in ML systems. The end-to-end ML lifecy-
cle poses a myriad of challenges that touch upon various areas of data management, including
languages and interfaces, query execution and optimization, physical database design, parallel
and distributed dataflows, data integration and cleaning, provenance management, and visual
analytics.

1.3 OUTLINE AND SCOPE
Our overall goal is a comprehensive review of systems and techniques that tackle data manage-
ment challenges in the context of ML workloads. We categorize existing systems and survey
state-of-the-art techniques in order to convey major design principles of common system ar-
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chitectures, describe effective optimization and runtime techniques, and provide an overview of
open research problems.

Structure: We structure our coverage of existing systems and techniques middle-out: starting
from the integration of ML into database systems, over database-inspired ML systems, to ML
lifecycle systems.

• ML Support in Database Systems:

– Chapter 2 describes how various ML primitives and algorithms can be realized in
database systems, focusing on the opportunities and limitations of leveraging stan-
dard database query and extensiblility features. A series of examples will provide some
background on linear algebra and iterative ML algorithms.

– Chapter 3 then provides an overview of deeper integration of ML into database sys-
tems. This includes learning over joins, approaches for deep integration, and special-
ized database systems.

• DB-Inspired ML Systems:

– Chapter 4 turns to the internals of ML systems and surveys common optimization
scopes and objectives, logical and physical rewrites, logical and physical operator se-
lection, operator fusion, and the runtime adaptation.

– Chapter 5 descends one level to execution strategies and compares the three pre-
dominant models of execution: data-parallel, task-parallel, and parameter server. This
chapter also includes a discussion of hybrid execution strategies and hardware accel-
erators.

– Chapter 6 then discusses data access methods that are often essential in ML systems,
such as caching, memory management, lossless and lossy compression, NUMA-
aware partitioning, and index structures.

– Chapter 7 then broadens the view to ML in a cloud and specifically addresses man-
agement of heterogeneous and elastic computing resources and well as optimization
for monetary costs.

• ML Lifecycle Systems:

– Chapter 8 finally surveys other major tasks in the ML lifecycle ranging from data
sourcing and preparation, over model selection and debugging, to model deployment
and serving.

Scope: As already mentioned, our primary focus is on data management in ML systems. Al-
though this broad definition could also cover general-purpose data flow systems [36, 84] and
graph-focused systems [362, 363], they are beyond the scope of this book. Similarly, we also
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exclude recent lines of work on leveraging ML for data management problems such as cost
model learning [228, 314], parameter tuning [27], workload prediction [223, 265], query opti-
mization [229], as well as learned index structures and other other query execution components
[191, 192].
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C H A P T E R 2

ML Through Database Queries
and UDFs

This chapter explores various options for performing ML using a database system. Before we
start, a valid question is why—at first glance, the relational model and query language seem
to be a poor fit with ML, as most ML algorithms look very different from and oftentimes far
more complicated than database queries. Thus, database systems have traditionally served as a
data store for ML; the ML algorithm would pull the data out from the database, transform it
into the appropriate format (e.g., matrices, tensors, or dataframes), and then analyze it using
programs written in a different programming language. On the other hand, there are a number
of compelling arguments for doing ML inside a database system.

The first argument is convenience. Why deal with multiple platforms with different lan-
guages if we can work with a single one for the entire data analysis pipeline?Database systems are
well equipped to store, manage, transform, and query data; if they can also support other tasks
in the “source-build-deploy” ML lifecycle (more in Chapter 8)—such as selecting, training, de-
ploying, updating, and managing ML models—database systems would serve as a convenient,
end-to-end ML platform.

The second argument is efficiency. Copying massive amounts of data from one system to
another is costly; we can gain efficiency by moving analysis (into database systems) instead of
data (out from database systems). Conducting data analysis inside database systems also readily
benefits from their wide array of efficient and scalable data processing techniques. Finally, having
all tasks in the ML lifecycle within a single system opens up opportunities to optimize across all
tasks.

The third argument is declarativeness. Database systems pride themselves in providing
declarative task specifications. Declarativeness not only simplifies development but also enables
automatic optimization, which is crucial to achieving efficiency and scalability while shielding
programmers from low-level details that can be complex, uncertain, and/or evolving. While
database systems have been a proven success for structured data management, it remains to
been seen whether they are adequate for ML, and if not, what extensions will be required.

On the topic of declarativeness, it is worth noting that many other platforms also allow
declarative specification of data analysis and ML programs. MATLAB and R, for example, in-
nately support matrices and linear algebra, which are in fact more natural than SQL for many
ML workloads. These platforms have interpreted languages and do not fully exploit declarative-
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ness to perform aggressive optimizations (such as rewriting linear algebra expressions). However,
more recent systems, such as RIOT [381, 385], pandas, and Spark, while remaining interpreted,
use deferred evaluation to build up larger expressions and optimize them much like relational
queries. Chapter 4 will provide a more in-depth discussion of such optimization scopes.

Roadmap: We begin with a series of examples of implementing ML algorithms in database
systems. The approaches range from simply leveraging SQL, to progressively more complex
uses of the standard database extension mechanisms of UDTs, UDFs, and UDAs (User-Defined
Types, Functions, and Aggregates), to modifying the language and internals of a database system
to support ML. While some of these approaches discussed in this chapter have started showing
their age, they still serve as good background for understanding the opportunities and limitations
for doing ML within database systems. We conclude this chapter with a broader discussion of
how various ML systems leverage database systems or techniques; some of these approaches
will be covered in more detail by subsequent chapters. We also point out connections to several
topics that the database research community has worked on.

2.1 LINEAR ALGEBRA
Many ML algorithms can be naturally expressed in the language of matrices and linear algebra.
In this section, we explore ways to represent matrices as database tables, and to express linear
algebra operations in SQL. To illustrate, let us consider a simple but interesting problem—
supporting matrix-matrix multiply in SQL. We shall start with the most straightforward ap-
proach, and then examine a series of improvements.

Example 2.1 Matrix Multiply with Sparse Representation Consider the product C of an
m � ` matrix A and an ` � n matrix B, where cij D

P`
kD1 aikbkj . Suppose we represent each

matrix using a separable table whose tuples store individual elements of the matrix, i.e., A is
represented by a table A.i; j; val/, where val stores the value of the element positioned at .i; j/.1
With this representation, we can compute C D A � B using the following SQL query:

SELECT A.i, B.j, SUM(A.val*B.val)
FROM A, B
WHERE A.j = B.i
GROUP BY A.i, B.j;

Note that for a sparse matrix, we can omit its 0-valued elements in its table representation,
and the above SQL query still works. Also, by specifying the order of attributes i and j when
declaring the primary key for the table, we can simulate either row-major .i; j/ or column-major
storage .j; i/ order for the matrix.
1On a related note, while this triple-based sparse representation is quite natural from the perspective of a matrix, data in
matrices often start out in database tables where individual features are stored as columns. In that case, some preprocessing
(using an “unpivot” operation) would be needed to convert data into this sparse representation.
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Another technicality worth noting is that when writing element-wise operations (e.g.,

AC B) in SQL under this representation, a full outer join would be required. Had we used an
inner join instead in that case, we would lose result elements at positions where one of the input
matrix has a 0 element. �

This straightforward approach, considered inRIOT-DB [381] andMAD [81], works quite
well for sparse matrices, but it is rather inefficient for dense matrices. First, we need to store two
extra integers i and j for each element, resulting in considerable storage (and hence processing)
overhead compared with a more compact, array-based representation that requires no explicit
storage of i and j. Second, when executing the above query, a database system will likely be un-
able to match the performance of highly optimized linear algebra libraries such as BLAS. On the
other hand, despite these inefficiencies, this straightforward approach can still beat implemen-
tations that only optimize in-memory computation when data cannot all fit in main memory,
thanks to database systems’ built-in support for massive data.

We can further eliminate the inefficiencies noted above using the extensibility features
found in modern database systems, which allow users to define new, more complex data types
and functions (UDTs and UDFs, respectively). The UDFs can call highly optimized linear al-
gebra libraries for computation. For example, by defining a UDT for vectors and a UDF that
efficiently computes the dot product of two vectors, we arrive at the following approach.

Example 2.2 Matrix Multiply with Vector Representation Using a vector UDT, we repre-
sent matrix A as a table A.i; row/, where the vector-typed row stores the i-th row of A. Similarly,
we represent matrix B as a table B.j; col/, where the vector-typed col stores the j-th column
of B. Suppose the UDF dotprod.v1; v2/ computes the dot product of two vectors. Then, we
can compute A � B using the following SQL query:

SELECT A.i, B.j, dotprod(A.row, B.col)
FROM A, B;

Note that we can encapsulate a considerable amount of optimization inside the UDT and UDF.
For example, depending on the sparsity of a vector, it can be stored using either densely (as
an array of values) or sparsely (as pairs of indices and non-zero values); dotprod can operate
differently based on the input representations, and calling the appropriate BLAS routines for
computation. �

This approach, considered also in MAD [81] and used in many systems such as Bis-
marck [115] and BUDS [118], avoids the two inefficiencies of the approach in Example 2.1,
by using a more compact representation for dense matrices and by leveraging highly optimized
libraries. However, this approach is not without its own issues. First, it exposes different repre-
sentations to users—A is by row, B is by column, while A � B is produced in a sparse represen-
tation. It is not difficult to write SQL code to convert between representations, but having to do
so runs counter to the mantra of “physical data independence” endeared by database systems.
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Figure 2.1: Illustration of the compute-to-I/O ratio for matrix multiply Z D X �Y. The volume
of the cuboid on the right is proportional to the amount of computation while the surface area
is proportional to the amount of I/O.

The second issue is performance. Multiplying rows and columns may not be the most
efficient way to multiply two matrices. To see why, note that multiplying an m � ` matrix with
an ` � n matrix involves ` �m � n element-wise multiplications (assuming a simple algorithm,
not those with subcubic running time such as Strassen), as well as reading/writing m � `C ` �

nC n �m elements. As illustrated in Figure 2.1, these two quantities correspond to the volume
and (one half of ) the surface area of a cuboid formed by “folding” the two input matrices together
with its product. When multiplying two large matrices that do not fit in available fast memory,
we need to partition them into submatrices to multiply—which can be viewed as dividing the big
cuboid into small cuboids to process. Processing each small cuboid requires I/Os proportional to
its surface area. Intuitively, to minimize I/Os, we would like to minimize the surface-to-volume
ratio of these cuboids, by making them as close to a perfect cube as possible; a c � c � c cube has
a surface-to-volume ratio of only ‚.c2=c3/ D ‚.1=c/. In contrast, multiplying rows by columns
would result in cuboids of dimension 1 � ` � 1, with a surface-to-volume ratio as high as ‚.1/—
in other words, we are not getting much computation done for each chunk of data we bring into
fast memory.

To resolve the above issues, we need a more flexible matrix representation that can give us
“blockier” submatrices, as used in RIOT [381] and SimSQL [221].

Example 2.3 Matrix Multiply with Blocked Representation Suppose we have a UDT for
(small) matrices or 2d arrays, a UDF matmult that multiplies two matrices of compatible di-
mensions represented in this UDT, and a UDA matsum that (element-wise) sums up matrices
of identical dimensions represented in this UDT. To represent a large matrix, we divide it into
a collection of blocks (submatrices), and store them in a table .i; j; block/, where the UDT-
typed block stores the submatrix in the i-th row and j-th column (of the submatrices). Given
A and B represented this way using blocks of compatible dimensions, we can compute A � B
using the following SQL query:
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SELECT A.i, B.j, matsum(matmult(A.block, B.block))
FROM A, B
WHERE A.j = B.i
GROUP BY A.i, B.j;

Typically, we make the blocks square-shaped, identically sized, and large enough for efficient
data transfer and to let UDFs such as matmult take advantage of high-performance non-SQL
library routines. Some padding and/or additional metadata may be needed to handle matrices
whose dimensions are not perfect multiples of the default. While non-squared, non-uniform
blocking is theoretically possible, in practice it becomes very complicated because it needs to
handle possibly different block dimensions alignment across matrices. �

A traditional database system will do pretty well with the above approach, but there is
still room for improvement. For example, given enough fast memory to accommodate many
blocks, we should group multiple blocks into larger square submatrices to multiply in memory.
A traditional database optimizer will fail to recognize this grouping strategy because it has no
knowledge of the semantics ofmatrixmultiply. Teaching a database (or database-style) optimizer
how to handle linear algebra will be a topic we cover in Chapter 4. We will also revisit matrix
blocking in Chapter 5 when discussing data-parallel execution, and Chapter 6 when discussing
access methods.

While we have considered only matrix multiply thus far, many other linear algebra oper-
ations can be handled by SQL with similar approaches. SQL queries can be composed together
to process complex linear algebra expressions.

Example 2.4 Ordinary Least Squares We are given data .X; y/ consisting of n observations,
where the i-th observation includes a response yi and values of p predictors xi1; xi2; : : : ; xip.
Consider a linear regression model y D Xˇ C �, where ˇ is a p � 1 vector of parameters that
we wish to learn from data, and � is an n � 1 vector of errors. Suppose we wish to find ˇ to
minimize the sum of squared errors, i.e., .y �Xˇ/>.y �Xˇ/. Under a number of reasonable
assumptions, the optimal ˇ value, called the Ordinary Least Squares estimator, can be computed
explicitly by:

.X>X/�1X>y:

This linear algebra expression involves only multiplies, transposes, and an inverse. We have al-
ready seen how to do matrix multiplies in SQL; matrix-vector multiply is similar. Transpose is
straightforward in SQL. Here, inverse is applied to X>X, a p � p matrix, which is likely not
too big as p denotes the number of predictors/parameters. Thus, we can treat X>X as a “value”
and use a UDF inverse that invokes a non-SQL library routine to invert a memory-resident
matrix [81, 141, 221]. �

As the above example illustrates, many linear algebra operations are conveniently express-
ible in SQL with a little help from “scalar” UDFs—i.e., those that operate on individual values
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(possibly of UDTs). However, there are also other operations that are harder to express. For ex-
ample, inverting a large matrix using SQL is more difficult. To invert a matrix M in a block-wise
fashion, let M D

� A B
C D

�
. Then, inverting M can be reduced to inverting A (which can be done in

memory by choosing a small enough A) and then inverting .D � CA�1B/, the Schur comple-
ment of A (which has the same size as D and can be solved recursively). Coding this procedure
would require some recursion or looping construct, which still can be done using more powerful,
non-scalar UDFs that can operate on whole database tables, but some of SQL’s simplicity and
optimizability would be lost.

2.2 ITERATIVE ALGORITHMS
As discussed at the end of the last section, we always have the option of implementing complex
algorithms using UDFs coded in procedural extensions of SQL or even other languages such
as Python or R. Oftentimes, it is beneficial for UDFs to limit themselves to providing high-
level execution control, while pushing much of data processing down into the database system
by issuing appropriate queries; such UDFs are called “driver” UDFs in [141]. Many iterative
algorithms in ML can be implemented as driver UDFs.

Beyond driver UDFs, certain computation patterns commonly found in ML, such as it-
erating over a large dataset, can leverage better support from database systems. In particular,
UDAs have shown to be a surprisingly flexible tool when implementing ML algorithms inside
database systems. Briefly, a user can define a UDA by specifying three functions.

• Init.state/ initializes the state so it is ready to receive data to aggregate. For example, to
implement AVG as a UDA, we will maintain the sum s and count c of data items seen thus
far, and initialize the state .s; c/ as .0; 0/.

• Accumulate.state; data/ updates the state with the new data item. For example, for AVG,
we simply increment s by the value of data and increment c by 1 (ignoring NULL values).

• Finalize.state/ computes the final result from the state. For example, for AVG, we return
s=c (or NULL if c D 0).

Optionally, if the aggregation can be computed over different subsets of the data independently
and combined together, the user can supply a fourth function.

• Merge.state1; state2/ merges state values computed over disjoint input subsets into one.
For example, for AVG, we merge .s1; c1/ and .s2; c2/ into .s1 C s2; c1 C c2/.

Merge enables a database system to perform additional optimizations automatically, e.g., parti-
tioning the input data and executing the UDA in parallel.



2.2. ITERATIVE ALGORITHMS 13
Let us now examine some examples of using UDAs (often with additional help of driver

UDFs) to implement ML algorithms.

Example 2.5 Gradient Descent Gradient descent (GD) is a popular and effective method
for solving a variety of convex optimization problems that arise in ML, e.g., linear and logistic
regression, support vector machines, conditional random fields, graphical models, etc. Given
a model with parameters w, we want to learn from data D, i.e., minimizing a loss function
F.wID/, which is typically the sum of loss over all training data plus some regularization term.
Intuitively, GD starts with some initial guess w0 and improves it iteratively until some stopping
condition is met. Informally, in each step t C 1, GD updates w in the direction of the gradi-
ent of the loss function at wt , i.e., F 0.wt ID/. Under certain (commonly held) conditions, GD
converges to a local minimum; if F is convex, it is the global minimum.

We can implement the gradient computation in each iteration of GD as a UDA over D

(given the current wt ). On the other hand, the outer loop, which updates w until a stopping
condition is met, is more conveniently implemented by a driver UDF.

Interestingly, a popular variant of GD, stochastic gradient descent (SGD), presents more
opportunities for leveragingUDAs. Suppose that F.wID/ is linearly separable over the set of data
points D D fdigi , i.e., we can write F.wID/ D

P
i f .wI di / where di iterates over D. Instead

of updating w using the “full” gradient computed over the entire D in each GD step, SGD
just chooses a single point di in D and use f 0.wI di / to approximate F 0.wID/. Remarkably,
for convex loss functions, SGD also converges to the global minimum, even if we process data
points in a fixed, arbitrary order.

Since each SGD iteration examines a single data item, we can implement it in
Accumulate, by using the data item to update the parameter values kept as part of the UDA
state. This approach is taken by Bismarck [115] and MADlib [141]. The overall SGD algorithm
consists of multiple epochs, where each epoch involves calling the UDA to iteratively update the
parameters, and testing the stopping condition at the end. The stopping condition may itself be
implemented as a UDA. The overall control flow can be implemented by a driver UDF.

SGD iterations are sequential, so the Merge optimization for the UDA is not directly
applicable. However, it has been observed that by averaging models trained on different parts of
the data, one can still achieve good results overall; therefore, by implementing model averaging
in Merge, SGD can benefit from automatic parallelization by the database system [115].

It is worth noting that there are other variants of GD. For example, a popular variant is
mini-batch, which we will discuss more in Chapter 5. It splits D into small batches to calculate
the gradients used for updating the model. In practice, it often makes the gradient signal less
noisy and offers higher computational efficiency. �

Example 2.6 kkk-Means Clustering k-means is a popular method for cluster analysis. Given
n data points, we want to find k centroids to minimize the sum of squared distances between
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each data point and its closest centroid. The problem is known to be NP-hard, and an iterative
algorithm in the style of expectation-maximization is often used.

1. Pick initial k candidate centroid locations.

2. Assign each data point to the closest candidate.

3. Reposition each candidate as the centroid of its assigned points.

4. Repeat 2–3 above until assignment changes no more (or very little).

Each iteration (2–3) of the above algorithm can be implemented as a UDA over all data points.
Given k candidate locations, this UDA computes the k updated candidate locations. The UDA
state is a list fhloci ; cnti ; sumi ig1�i�k , where loci is the location of the i-th candidate centroid,
cnti is the number of data points assigned to this candidate, and sumi is the (component-wise)
sum of the coordinates of these data points.

• Init: given each candidate location loci , we initialize cnti and sumi both to 0.

• Accumulate: given a data point p, we find the candidate i closest to p; we then increment
cnti by 1 and add p’s coordinates to sumi .

• Merge: given state values fhloci ; cnt0i ; sum0
i ig1�i�k and fhloci ; cnt00i ; sum00

i ig1�i�k , we return
fhloci ; cnt0i C cnt00i ; sum0

i C sum00
i ig1�i�k .

• Finalize: for each i , we compute the updated candidate location as sumi=cnti .

One SQL query with this UDA gives one iteration of the k-means algorithms. For the next
iteration, the UDA will be initialized with the k locations computed from the previous iteration.
A driver UDF can be used for overall execution control. The stopping condition can be evaluated
in SQL as well. This approach has been taken in GLADE [74, 296] and MADlib [141]. �

From the two examples above, we see that database systems are quite flexible at supporting
iterative algorithms. A driver UDF can conveniently implement the overall control flow of the
algorithm while still leveraging the underlying database system for data processing. Moreover, a
sweet spot is the use of UDAs for specifying computation that iterates over a large dataset, a task
often found at the core of many ML algorithms and one that database systems are particularly
adept at.

2.3 SAMPLING-BASED METHODS
Sampling underpins many ML algorithms. For example, in Bayesian ML, we start by assuming
that observable data are generated by a stochastic process whose parameters are uncertain. Our
goal is to combine our prior briefs about the parameters with the observed data to arrive at a
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better understanding of these parameters, i.e., their posterior distribution. Oftentimes, the pos-
terior distribution is difficult to derive analytically, so a common approach is to sample from this
distribution using Monte Carlo simulation. With these samples, we can then perform various
useful tasks, such as marginal inference or computing maximum posteriori estimates.

By storing samples in tables, database systems can facilitate fast querying and analysis
of a large number of samples. More interestingly, by extending databases systems with UDFs
that support generations of samples, we can simplify the specification of sampling procedures
and allow further optimization of sampling and inference. We use an example to illustrate these
opportunities.

Example 2.7 Markov Chain Monte Carlo Much of the time in Bayesian analysis, sampling
directly from posterior distributions is difficult, so Markov Chain Monte Carlo (MCMC) is
often the sampling method of choice. With MCMC, a sampler generates a Markov chain of
samples, whose stationary distribution is the target posterior. One popular MCMC sampler is
the Gibbs sampler. Suppose we have an n-variate distribution, but the conditional distributions
are easier to sample from. A Gibbs sampler begins with some initial sample z.0/. To obtain the
.t C 1/-th sample z.tC1/, we sample each component z

.tC1/
i conditioned on all other components

sampled most recently, i.e., from p
�
z

.tC1/
i j z

.tC1/
1 ; : : : ; z

.tC1/
i�1 ; z

.t/
iC1; : : : ; z

.t/
n

�
. This process re-

peats until a desired number of samples are obtained (typically, a number of samples in the initial
“burn-in” period will be discarded).

The work in [341] implements MCMC inference for conditional random fields using
UDFs coded in the procedural extension of SQL. The implementation requires a good deal of
database expertise as it employs a number of advanced SQL features for efficiency, e.g., sequences
for expressing iterations, and OLAP window functions for passing state across iterations.

If we are willing to go a step further to extend SQL and database internals, support for
MCMC can be made much more declarative. This approach is taken by SimSQL [63]. Sim-
SQL supports “stochastic” tables, whose entries may be random variables. Conceptually, when
querying stochastic tables, SimSQL samples the random variables and generates many possible
(deterministic) database instances; the collection of query results over these database instances
gives an empirical distribution for the query result over the stochastic tables. To generate ran-
dom samples, SimSQL lets users define “VG (variable generation)” functions. VG functions can
be parameterized with input tables, so one stochastic database can be used to parameterize the
generation of another. This abstraction is perfectly suited to MCMC algorithms, and makes
the variable dependencies in the sampling procedure very clear. Finally, SimSQL supports “ver-
sioning” of stochastic tables. To specify a Markov chain, we simply define a stochastic table in
terms of its “older” versions. The desired samples for analysis can also be conveniently selected
by version using SQL.

Of course, SimSQL’s extensions to database systems go much deeper than syntax. To eval-
uate a query involving stochastic tables, it would be impractical if we fully instantiate each sample
database instance and evaluate the query on this instance independently from other instances.
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Hence, SimSQL and its precursor MCDB [158] employ a host of optimizations tailored toward
Monte Carlo iterations. For example, they use a “tuple bundle” to group together multiple real-
izations of the same tuple across different database instances, allowing a query to be processed
over multiple database instances simultaneously. Moreover, they delay realization of the random
variables as long as possible during query evaluation—e.g., right before their values are needed
for output or computation. Finally, sampling and analysis can be optimized jointly—e.g., push-
ing down query operators below instantiation of samples; pushing query conditions into the
sampling process was considered in [341]. �

From the above example, we see that database systems are capable of implementing
sampling-based methods commonly used in ML, although efficient implementation requires
either considerable knowledge of advanced database system features [341] or extensions [63]
that go beyond what traditional database extensibility features (UDTs, UDFs, and UDAs) offer.
Nonetheless, there remains a strong case for SQL-style declarative specification of sampling-
based algorithms, as it enables new automatic, database-style optimizations; we will return to
such optimizations further in subsequent chapters.

2.4 DISCUSSION
So far, we have seen a number of examples of implementing ML algorithms within database
systems in this chapter.

• SQL supports a good chunk of linear algebra, and immediately brings the convenience
and scalability of database systems to some ML workloads. However, not all linear alge-
bra operations (e.g., matrix inverse) are easy to express in SQL. Also, achieving higher
efficiency requires native support of non-relational operations. UDTs and UDFs offer one
mechanism for extending database systems with some such smarts, but a full-fledged so-
lution will need new storage, execution, and optimization techniques that work with more
appropriate abstractions for ML workloads (Chapters 4–6).

• UDAs can be a good fit for some iterative ML algorithms (e.g., SGD and k-means clus-
tering), and automatically enable a number of optimizations by database systems. On the
other hand, going beyond the confines of UDAs would open up even more optimization
opportunities—e.g., as we will see later (Chapters 5 and 7) with parameter servers for SGD.

• Sampling-based ML algorithms such as MCMC can also be implemented inside database
systems. However, truly declarative support for such algorithms (e.g., as offered by Sim-
SQL [63]) requires extensive changes to database systems, from language to internals. As
with other scenarios, there is always the alternative of using UDFs to code ML algorithms
in procedural extensions of SQL or other languages, but at the cost of optimizability of
computation inside such UDFs.
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We also take this opportunity to compare, along several dimensions, various approaches

toward doing ML with database systems.

• How is the database system used for backend processing?

– In AIDA [105], the database system primarily handles the preprocessing of rela-
tional data into matrices. For executing linear algebra operations, AIDA does not use
UDFs, but instead relies on an embedded Python interpreter that shares the same
address space with the database system to minimize burden on the client. Similarly,
in NAnA [225], the database system primarily handles data retrieval. Iterative op-
timization algorithms used by ML are executed by FPGA accelerators that directly
access data in the database buffer pool pages.

– Some systems, such as RIOT [381, 385], MAD [81], and SimSQL [221], rely heav-
ily on SQL query optimization and execution for their ML workloads. They prefer
relatively simple UDFs and leave more execution planning to the database system.

– Other systems, such as Bismarck [115], MADlib [141], and GLADE [74, 296], rely
more onUDAs and driver UDFs, which exert tighter control over execution and leave
less freedom for the database system to optimize.

– Yet other systems, such as Oracle Data Mining and Microsoft SQL Server Analysis
Services, utilize wrapper UDFs and/or SQL language extensions for invoking, from
SQL, custom implementations ofML algorithms. Such implementations do not nec-
essarily rely on the database system for the bulk of their processing. Nonetheless, they
often exploit opportunities of moving processing closer to data, analogous to AIDA.

• Is the database system extended or changed?

– Some systems, such as RIOT [381, 385], MAD [81], MADlib [141], Bismarck [115],
GLADE [74, 296], and AIDA [105], are built on top of a database system, using its
standard extension mechanisms without modifying its internals. Many such systems
expect users to work directly with the underlying database system, but some of them
(e.g., RIOT and AIDA) employ a middleware layer that provides a more seamless
interface with the host programming language (e.g., R and Python, respectively) as
well as extra optimizations (e.g., what computation can be pushed inside the database
system). Also related to the latter is the line of work on learning over joins, discussed
in detail in Chapter 3.

– Another approach has been to build new database systems with better support forML
tasks. Examples include MCDB [158] and SimSQL [63, 221] in this chapter, as well
as a number of systems discussed in Chapter 3 under deep ML/database integration.
These systems have the freedom to change databases interfaces and internals in ways
not possible with standard extension mechanisms.
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– Yet another approach is building a “database-inspired” system for ML on top of an

alternative backend, such as Hadoop or Spark for cluster computing. We call these
systems “database-inspired” because they aim at supporting declarative specification
and automatic optimization, reminiscent of database systems. Examples include Sys-
temML [54, 55, 123, 150] and Cumulon [149, 151–153] (discussed in more details
in Chapters 4–7). In fact, SimQL [63] is also built on top of Hadoop, although its
feature set makes it much more like a database system than the others.

• Is SQL or the database system used as the frontend?

– Some systems let users specify ML tasks directly in SQL and/or its extensions, e.g.,
MADlib [141], SimSQL [63, 221], NAnA [225], Oracle Data Mining, and Microsoft
SQL Server Analysis Services. As we have seen in this chapter, not all computations
in ML can be naturally expressed by SQL, but one can always fall back to black-box
UDFs. A potential appeal of SQL is that if we further extend it to support other tasks
in the ML lifecycle beyond learning, e.g., as Oracle Data Mining and Microsoft SQL
Server Analysis Services have done, then users would have the convenience of a single,
end-to-end platform for data management and analysis.

– Other systems choose to support ML tasks expressed in languages more famil-
iar and/or natural to ML developers and users, even though database or database-
inspired systems are still used for processing. Some example systems include
RIOT [381, 385], AIDA [105], SystemML [54, 55, 123, 150], and Cumulon [149,
151–153], where the language of linear algebra makes many ML workloads easier to
express and optimize than in SQL. Another example is BUDS [118], a declarative
language for Bayesian ML; it supports a richer set of data types beyond linear algebra,
and has an implementation on top of SimSQL [63].

As mentioned in some discussion above and at the beginning of this chapter, there are opportu-
nities for database systems to help with a variety of tasks in the complete “source-build-deploy”
lifecycle of ML. While this chapter has focused primarily on using database systems to imple-
ment algorithms for learning models from data, Chapter 8 will discuss how other tasks in the
ML lifecycle can benefit from data management in general.

2.5 SUMMARY
In this chapter, we examined a number of ways of leveraging a database systems for ML, ranging
from writing linear algebra in SQL, to using database extension mechanisms such has UDFs, to
modifying database internals to support ML. In closing, we note that research on ML through
database systems is deeply rooted in database extensibility research. Over the years, the database
research community has worked on a number of topics that are particularly relevant. Array



2.5. SUMMARY 19
databases, surveyed in [295], are a natural starting point for the implementation of vectors, ma-
trices, and tensors. Recent examples of such systems include SciDB [321] and SciQL [382].

Integration of data mining and statistical data processing into database systems has also
been studied extensively in the past two decades. For example, the idea for model lifecycle man-
agement using SQL has appeared in [244]; the use of UDAs as a general mechanism for im-
plementing data mining algorithms can be seen in [343, 344]. In the context of sensor data
management, where much of data processing involves stochastic models, MauveDB [102] is a
system that represents model prediction results as database views and allows them to be queried
and updated as raw input data changes. There are numerous other examples, such as Gupta and
Sarawagi [130] for Conditional Random Fields used by information extraction, BayesStore [342]
andKanagal et al. [168] for probabilistic graphical models,Lahar [207, 287] forHiddenMarkov
Models, and Staccato [203] for stochastic automata used by optical character recognition, just to
name a few.

Recently, there has also been work on new database extensibility mechanisms. For exam-
ple, going beyond traditional UDFs, to perform advanced analytics in HyPer, a main-memory
relational database system, users can use a new SQL iteration construct, or invoke specialized
operators for ML algorithms that can accept anonymous functions as input parameters to fur-
ther customize their behavior [263]. Finally, a key challenge for ML/database integration is the
extensibility of the database optimizer. Simply adding new language features, function libraries,
and/or operators is not enough. We must teach the database system how to optimize not only
each feature, function, or operator independently, but also in conjunction with others; the op-
timizer needs to be able to estimate relevant properties of intermediate result, such as size and
sparsity. Optimizer extensibility is classic topic in database extensibility research [127, 166, 268];
recent work [290] has examined how to extend an optimizer to handle user-defined operators
in addition to relational ones.
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C H A P T E R 3

Multi-Table ML and Deep
Systems Integration

Building on the body of work on using UDFs and UDAs to integrate ML algorithms with
relational database management systems (RDBMSs), a few lines of research expanded such in-
tegration along various dimensions. The first set focuses on making ML algorithm implemen-
tations more aware of the underlying data model of RDBMSs: the multi-table relational model.
The second set focuses on deeper systems modifications to RDBMSs that are tailored toward
ML workloads or creating new systems designed for specific ML workloads. In this chapter, we
dive into both of these sets of systems that deepened the integration of ML with relational data
management.

In the first set is a recent line of work on learning over joins, which exploit com-
mon database dependencies present in multi-table datasets, e.g., key-foreign key dependencies
(KFKDs) andmulti-valued dependencies (MVDs) [281], to accelerateML algorithms over such
data. The basic idea is that since joins in such datasets typically introduce a large amount of re-
dundancy in the data, which in turn introduces redundancy in the computations of many ML
algorithms, learning “over” joins rather than constructing the join output could reduce runtimes.
Also in the first set are systems that are tailored toward supporting and scaling multi-relational
ML models known as statistical relational learning (SRL) models that are custom-designed
for databases with MVDs [122]. Unlike regular ML models such as neural networks or decision
trees, SRL models do not make the IID assumption, which requires every entity in the (training)
dataset to be represented by a single example. Since joins involving MVDs can cause examples
to get replicated, they might violate the IID assumption, which would make regular ML models
statistically biased.

In the second set are two lines of work.The first focuses onmodifying the actual system in-
ternals of RDBMSs to specifically accelerate linear algebra operations, which are central to many
ML algorithms. The modifications range from better support for different matrix datatypes to
modifying scheduling decisions for query execution. The second line of work focuses on data
type-specific systems that were custom designed for data manipulation and ML operations over
such data.
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3.1 LEARNING OVER JOINS
Let us start with an example for learning over joins of multi-table data. We also use this (sim-
plified) example to introduce key notation used in this section. Figure 3.1 illustrates the example
and notation.

ID Churn Gender Age … EmployerID

1 Yes Female 33 … GOOG

2 No Male 51 … MSFT

3 Yes Other 46 … ORCL

4 No Female 27 … MSFT

… … … … … …

EmployerID State Revenue …

GOOG CA 66b …

ORCL CA 39b …

MSFT WA 94b …

… … … …

Customers Employers

More features

Target Features Foreign Key

KFKDS

XR

R

RID

Y KXS

Figure 3.1: Illustration of a two-table dataset with a Key-Foreign Key Dependency (KFKD).
The join brings in more features from R to help the ML classifier predict Y in S.

Example 3.1 ML over Joins (from [201]) Consider a data scientist at an insurance company
using ML classifiers on their customers dataset to predict who might churn, i.e., cancel their
policy and move to a competitor. She builds a logistic regression classifier using the customers
table (simplified for exposition sake): Customers (ID, Churn, Gender, Age, …, EmployerID).
EmployerID is the ID of the customer’s employer, a foreign key that refers to a separate table
about organizations that potentially employ the customers: Employers (EmployerID, State,
Revenue, …). She decides to join these two tables to bring in the features about employers be-
cause she has a hunch that customers employed by rich corporations in rich states are unlikely
to churn. Note that this is a key-foreign key (KFK) join, since each customer has only one em-
ployer but many customers might have the same employer. Examples such as this are ubiquitous
inML-based data analytics and arise in diverse domains, including retail (joining sales with store
data), Web security (joining login events with profile data), recommendation systems (joining
ratings with user and product data), bioinformatics (analyzing gene-chemical interactions), and
more. �

To ground further technical discussion with concrete terminology and notation, we con-
sider the simplest scenario of a two-table KFK join. The main table, akin to the “fact table” in
OLAP, is denoted S, as shown in the illustration in Figure 3.1. The foreign table, akin to a “di-
mension table,” is denoted R. The general schemas of these tables are as follows: S.ID; Y; XS ; K/

and R.RID; XR/. Here, Y is the target (class label for classification), XS is the set of features
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(interchangeably considered a feature vector) in S, RID is the key of the foreign table R, K is
the foreign key in S that refers to RID, and XR is the set of features in R. In the above ex-
ample, Y is Churn, XS is {Age, Income}, XR is {Country, Revenue}, and K is EmployerID.
The notation for the output of the equi-join-project query is T.ID; Y; X/ �.S‰KDRID R/,
wherein X D ŒXS ; XR� is the concatenation of the base tables’ feature vectors that is eventually
used for training ML models. In general, there could be more foreign tables, e.g., another ta-
ble with neighborhood information joined on the zipcode of the customer, representing star and
snowflake schemas that are common in OLAP. Even more generally, the database dependencies
connecting multiple tables may be more general multi-valued dependencies or join dependen-
cies. For the latter case with more general non-KFK key joins, specialized ML methods called
SRL methods are common [122]. We will discuss SRL in the next section.

Joins of multiple tables can blow up the data in size, even by orders of magnitude. Thus,
if users are forced to materialize T, storage space and memory will be wasted. Even worse, the
join introduces redundancy in T caused by repetitions of the feature vectors from R for every
record in S that refers to the same RID. Thus, ML computations over T could have redundancy,
which wastes runtime. Even if materialization is avoided and the join is performed on the fly,
such computational redundancy remains and could waste runtime. The central idea of the recent
line of work on “learning over joins” is to avoid materialization of the join output and instead,
“push ML through joins,” inspired by selection and aggregation push downs in relational query
optimization [66, 281, 365]. It involves rewriting the ML algorithm’s computations to operate
directly over the base tables, typically in a way that does not affect ML accuracy.

We categorize systems for learning over joins into three main groups based on their scope
and/or system environment: specific ML algorithms on general data systems, custom libraries
for specific ML algorithms, and generalized learning over joins.

Specific ML Algorithms over Joins on Data Systems: The idea of “factorized learning” on
database systems was introduced by [201] for fully pushing the computations of generalized lin-
ear models such as logistic regression solved using gradient descent through joins in RDBMSs
and parallel dataflow systems. They observed that the core computations for such models in-
volved inner products of the model’s hyperplane w and feature vectors: w>x. In the two-table
join setting, this inner product decomposes as follows:

w>x D w>
jR xjR C w>

jR xjS:

In the above, wjR is the sub-vector containing only the features from R (the other terms
are similarly defined). Thus, given two large tables, one could do one sequential pass over R
to pre-compute the partial inner products, store it in an in-memory associative array, and do
one pass over S to look up into this array to finish the respective full inner products. For some
models, a second pass over R would be needed to finish one iteration, with these passes repeated
for each iteration. Overall, [201] showed that this obviates the need to join the tables physically.
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In a similar vein, the tool F [302] focused specifically on linear regression models solved

using a variant of gradient descent that computes the Gramian matrix over the features. They
showed how to push this matrix’s computation through joins fully to the base tables. But they
also expanded the idea to apply to more general types of joins. This tool was integrated with “fac-
torized databases” that represent relational datasets in losslessly compressed decomposed forms
based on the distributivity of relational cross products over unions. F-IVM is a higher-order
incremental view maintenance engine for maintaining such regression models when the base
tables change [250]. It expresses such models, as well as other analytics tasks over normalized
data as views on joins with group-by aggregate queries over relations that maps keys, represent-
ing tuples, to payloads, which represents the values to process. This unified abstraction enables
F-IVM to handle maintenance for matrix chain multiplication and certain conjunctive queries
as well by reducing the task to maintaining a tree of simpler views.

Finally, TensorDB [183] focused specifically on tensor decomposition algorithms over
joins of multiple tables in the RDBMS context. They introduced a new “tensor-relational
algebra” framework to rewrite the computations of that algorithm.

Custom Libraries for ML over Joins: It is common for ML analytics to be performed in
purely in-memory toolkits that are not associated with data systems. A couple of such ML li-
braries also offer ML over joins even if they do not recognize the join operations explicitly. In
particular, libFM [289] is a tool for compressed execution of so-called “factorization machines,”
a popular ML algorithm for regression and recommendation tasks, solved using coordinate de-
scent. They introduce a new file abstraction called a “block-structured dataset” that explicitly
encodes known patterns of bulk repetitions in the dataset, which could be the result of joins of
multiple tables. It reduces redundancy in computations by running the ML algorithm over this
file abstraction. Santoku [199] is an R library that offers factorized execution of a few simple ML
models, including logistic regression. It includes an abstraction built on top of data.frames in
R to retain base tables as individual dataframes under the covers. The ML algorithms are rewrit-
ten to operate over this abstraction instead of forcing users to join all tables, say, using the merge
function in R.

Generalized ML over Joins: All the systems and libraries discussed so far focus on specific
ML algorithms or a small class of ML algorithms (like generalized linear models). This creates a
daunting development overhead for ML engineers or data scientists to figure out how to rewrite
other ML algorithms, e.g., k-means clustering, to push them through joins. To mitigate this
overhead, Morpheus [70] introduced the idea of generalized factorized learning. It is a formal
framework to push any ML computations expressible in the formal language of linear algebra
through joins. SincemanyML algorithms can be expressed as compositions of matrix operations
such as matrix-vector multiplications, matrix-matrix multiplications, etc. [123], by introducing
rewrite rules for pushing a large set of basic and derived matrix operations through joins, Mor-
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pheus can “automate” factorized learning to an extent. Similar to Santoku, Morpheus introduced
a new multi-matrix abstraction that represents a join using a sparse indicator matrix and which is
applicable to any linear algebra setting, including in-memory tools like R and Python NumPy.
For instance, consider our running two-table join example. The feature matrix in S is XS; the
same in R is XR. The KFKD is represented by a matrix K of size jS j � jRj, wherein the .i; j /

entry is 1 if the i th record of S refers to the j th record of R. Given this abstraction, theMorpheus
rewrite rule for a bulk left matrix multiplication XW (W is the model matrix or vector), which
is a ubiquitous operation in ML, is as follows:

XW! XSWjS CK.XRWjR/:

In the above, WjR is the row-wise slice of W corresponding to the features in R only
(similarly for S). The multiplication within the parentheses represent partial inner product com-
putations, while the subsequent multiplication with K stands in for the join, except without
introducing computational redundancy. Similarly, the Morpheus rewrite rule for right matrix
multiplication WX, which also arises in many ML algorithms, is as follows:

WX! ŒWXS; .WK/XR�:

In the above, the pre-multiplication of W with K is essentially a set of group-by aggre-
gates that ensure the multiplication with XR does not have redundancy introduced by joins.
The comma indicates a column-wise concatenation of the two matrices. Morpheus integrated
about a dozen such linear algebra operations with the new multi-matrix abstraction and created
rewrite rules for them.The rewrite rules are also easily extensible to transposedmatrix operations,
multi-table joins, and more general join schemas. Invoking these rewrites when needed in a lin-
ear algebra-based ML algorithm automates the push down of the computations through joins.
This approach was shown to work efficiently for a variety of ML algorithms, including those
studied for the original factorized learning techniques and in FDB (linear models) and other
ML algorithms such as k-means clustering and non-negative matrix factorization. MorpheusFI
extended this framework to enable pairwise feature interactions, a non-linear pre-processing op-
eration popularly used to boost the accuracy of linear models, but still executed on top of a linear
algebra system [211]. It introduced new write rules for linear algebra operations that avoid the
double redundancy caused by the interplay of joins and feature interactions. This approach was
shown to be often faster than both Morpheus with feature interactions being materialized (but
not joins) and stochastic gradient descent-based training on the fully materialized datasets.

On a different axis of generalization, [180] took the idea of fusing in-database ML and
relational query expressions for feature engineering further using sparse tensors as a unifying ab-
straction. This integration allows them to represent both numeric features and one-hot encoded
categorical features inside a database and express a suite of models over such data using queries,
including linear regression models, polynomial regression, factorization machines, and princi-
pal component analysis (PCA). Join dependencies present in the feature engineering queries are
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exploited as in F to push down computations. In addition, they also exploit functional depen-
dencies present in the data to reduce the computations needed for estimating model parameters.
Finally, they exploit the mechanism of functional aggregate queries [181] to reduce the time
and space complexity of computing gradients when one-hot encoded categorical features are
involved, thus making their approach even faster than materialization-based training.

3.2 STATISTICAL RELATIONAL LEARNING AND
NON-IID MODELS

As alluded to briefly in the last section, multi-table datasets can have more general database de-
pendencies such as embedded multi-valued dependencies. In such cases, standard ML models
that make the so-called “independently-and-identically distributed” (IID) assumption cannot
be used directly [122]. The IID assumption states that all examples in the training dataset are
independent and identically distributed samples from some underlying (hidden) data distribu-
tion. To see why general joins could violate the IID assumption, consider performing a general
join between two tables that causes records to get duplicated—a record corresponding to one
training example might now get repeated multiple times in the join output. This alters the data
distribution and biases the ML model.

One solution to the above issue is to do some “feature engineering,” which is the process
of converting the raw data into “flat” feature vectors for IID ML models. This could involve,
say, group by aggregates of the variables in some of the joined tables (e.g., averages, standard
deviations, modes, etc.). This process converts general joins into key-key joins or the snowflake
joins described in the previous section. But such flattening loses information because the gran-
ularity of the features becomes coarser. SRL is a family of ML models that do not make this
IID assumption and avoid the need to flatten the data. Instead, they learn directly over general
multi-table datasets logically and exploit the structure information during learning. Note that
SRL is an ML modeling issue—a logical decision—that is orthogonal to factorized learning,
which is a physical execution decision.

A powerful aspect of SRL compared to IID models is that SRL enables “collective infer-
ence” that allows us to predict multiple correlated variables simultaneously with one model. In
contrast, with IID models, one would have to redo feature engineering from scratch for each
variable and build separate models. SRL is common for datasets with complex join schemas,
especially in healthcare applications [122]. There are various SRL models in the ML literature
such as Markov Logic Network (MLN) [292], Probabilistic Soft Logic (PSL) [121], etc.; ex-
plaining them all is beyond the scope of this book. We pick MLN as a representative SRL model
and explain it with an example. We then discuss the data management issues that arise when
using MLNs at scale.

Example 3.2 Example for MLN (from [251]) Figure 3.1 illustrates a multi-table schema, a
database instance, and an example MLN. The database instance is a collection of facts or “evi-
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dence,” which is akin to the training dataset for regular IIDMLmodels. Note that the prediction
task has many variables to predict, as indicated with a “?,” for many tuples in the instance. These
examples are similar to the prediction set on which IID ML models are asked to make pre-
dictions. An SRL model’s inference process assigns values to all the “?” collectively. Note that
the variables to predict are correlated in complex ways. An MLN is a first-order logic program
consisting of a set of rules and associated weights. Each rule captures some domain knowledge
about the data and application. A rule with a positive (resp. negative) weight is expected to be
true (resp. false) on examples in the evidence and prediction set. Rules with positive (resp. nega-
tive) infinity weight are called “hard” rules that should always be true (resp. false) on all examples,
both in the evidence and in the variables. The MLN’s weights are learned from training data a
priori (to be explained shortly). �

Database Schema Training Data/Evidence Markov Logic Program

Paper (PaperID, URL) 
Wrote (Author, PaperID) 
Area (Paper, Category) 
Refers (PaperID, PaperID)

Paper(“P1”, “…”) 
Paper(“P2”, “…”) 
Wrote (“Joe”, “P1”) 
Wrote (“Joe”, “P2”) 
Wrote (“Jane”, “P2”) 
Area (“P1”, “Databases”) 
Area (“P2”, “ML”) 
Refers (“P3”, “P1”) 
…

Weight Rule

5 

1 

2 

-1 

…

Area (p, c1), Area (p, c2) => c1 = c2 

Wrote (a, p1), Wrote(a, p2), Area (p1, a) => Area (p2, a) 

Area (p1, a), Refers (p1, p2) => Area (p2, a) 

Paper (p, u) =>   ∃x . Wrote (a, p) 

Area (p, “Networking”) 

…

+ ∞To Predict

Area (“P3”, ?) 
Wrote (?, “P3”) 
…

Figure 3.2: Illustration of a database schema, dataset instance (“evidence”), and a Markov Logic
Network (MLN) program. Since SRL performs “collective inference,” it can be used to predict
many variables simultaneously.

MLN inference assigns values from a discrete known set to all missing entries. This in-
ference problem is known to be NP-Complete [292]. Thus, MLN inference in practice uses
a sampling procedure such as Gibbs sampling [375]. Inference involves two steps in cycles:
grounding and search. Grounding essentially assigns one set of chosen values to the missing en-
tries (called a “possible world”) and evaluates all rules in the MLN to compute a cost function.
Crucially, this process could involve several joins of the base tables. Search essentially changes
the set of chosen values with the aim of decreasing the cost function value. This process proceeds
for many iterations until convergence. Training an MLN is an outer loop that involves repeated
MLN inference based on a similar loss function, albeit over the training set.

In-RDBMS and Scalable SRL Systems: Since inference in MLNs involves repeated joins
of tables, Tuffy [251] exploits an RDBMS for executing those ML computations using the
advanced join processing capabilities of the RDBMS (e.g., hash joins) instead of a simple nested
loops join performed in prior MLN tools. This boosts the efficiency of the grounding step of
MLN inference. However, since the search process involving so-called “random walks” over
the set of variables, doing it naively in an RDBMS could lead to too many random accesses.



28 3. MULTI-TABLE ML AND DEEP SYSTEMS INTEGRATION
Thus, Tuffy introduced a hybrid architecture that performed search in memory and grounding
with the RDBMS’s execution engine. Felix [252] is a successor to Tuffy that expands upon
the observation that specialized operator implementations (e.g., for joins) can be exploited for
MLN inference. It identified chunks of MLNs that can be compiled into simpler ML models
(e.g., logistic regression) and invokes specialized operator implementations for processing those
chunks more efficiently than general-purpose inference. It introduced a compiler and rules to
automatically decompose an MLN into such chunks.

Finally, Elementary [375] is a successor to both Tuffy and Felix that takes scalable Gibbs
sampling-based inference all the way to build a custom from-scratch ML system. It focuses on
MLNs and evidence that are so large that the compiled intermediate representation, which is
the so-called “factor graph,” does not fit in single-node memory. Thus, Elementary created a
data model for such factor graphs that arise in MLN inference and introduced materialization
optimizations, page layout optimizations, and buffer cache replacement tweaks tailored to the
access pattern of Gibbs sampling. All these database-inspired optimizations helped Elementary
improve both the scalability and throughput of Gibbs sampling and MLN inference. Elemen-
tary was used as a core part of the larger DeepDive system that extended MLNs to enable more
complex collective inference [377]. Finally, an incremental version of DeepDive modified the
sampling process of factor graph-based inference to take advantage of previously computed re-
sults to improve efficiency when new evidence is added [313].

Other Data Management Issues in Non-IID ML: Apart from scalability and performance
of SRL techniques, other aspects of the close relationship between relational databases and
multi-table non-IID ML models have also been explored. ERACER [231] modeled a relational
database using a probabilistic graphical model called a relational dependency network (RDN),
inspired by Bayesian networks, to help unify many data cleaning and missing value imputation
tasks on relational databases.With some approximations to factorize the joint distribution across
variables, RDNs can model the data cleaning and repair tasks as statistical inference queries that
require iterative processing. Interestingly, these inference queries of RDNs are amenable to an
in-RDBMS implementation using regular SQL combined with a few user-defined functions
and aggregates, as discussed in Chapter 2.

A potential usability issue with SRL is the need for specifying the domain-specific rules
in the first place. A line of work on non-IID ML has focused on learning such rules themselves
from the relational database. The most prominent among them is inductive logic programming
(ILP). First-order inductive learner (FOIL) is a popular ILP technique [240, 277]. The ba-
sic idea is to specify a template for the kinds of rules one wants to learn using, say, syntactic
constraints for Horn clauses in Datalog. Then, given a training dataset and a set of target pred-
icates, a (typically greedy) search heuristic learns a set of rules that entail the given data with
some coverage-related scoring function as the optimization objective. QuickFOIL [372] is an
in-RDBMS implementation of a new FOIL-inspired greedy heuristic for ILP. Essentially, Qi-
uckFOIL recognizes that the search performs a large number of joins and aggregate queries. By
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recasting this process to a “query-generator” approach and fusing related queries that share parts
of the data,QuickFOIL improves runtime performance, while the customized search process also
helps improve accuracy.

Finally, an issue with common ILP techniques is that the rules they learn are too tied to the
specific representation of the database schema. So, even if the schema representation is modified
slightly without losing information, one could get a different model, which could affect usability.
To mitigate this issue, Castor [267] introduced the notion of “schema-independence” for ILP,
which requires the rules learned to be semantically equivalent (based on logical inference) for
content-preserving schema transformations over the database. It showed that many popular ILP
techniques are not schema-independent and presented a new ILP technique that is by enforcing
new constraints over the sets of rules explored during the search. Ensuring this property also
helped Castor improve accuracy.

3.3 DEEPER INTEGRATION AND SPECIALIZED DBMSS
ML-related Operators inside RDBMSs: So far, we have seen how to integrate linear alge-
bra and ML techniques into RDBMSs and dataflow systems without having to modify their
internals, say, using UDFs. But UDFs could introduce high overhead and are also hard to use
as a programming interface. Thus, there has also been some work on deeper integration of linear
algebra and ML workloads that requires modifying the internals of an RDBMS. This involves
supporting data types such as matrices as first-class citizens alongside relations and/or altering
the query processing stack to improve the efficiency ML-oriented workloads.

SLACID [177] introduced primitives for mutable sparse matrices in a column-oriented
in-memoryDBMS that are optimized for both read-only and read-write workloads. It organizes
the data storage to separate a static main data structure for read operations, while using an incre-
mental delta index to handle updates. Primitive linear algebra operations such as matrix-vector
multiplications, as well as point lookups are implemented on these data layout to ensure effi-
cient processing within the DBMS environment. Recent work also extended the SAP HANA
RDBMS to improve the throughput of multi-threaded execution for complex stored procedures
that may invoke linear algebra libraries or ML routines [355]. Since naively handling multi-
threaded execution of application logic can interfere with the DBMS workload scheduling and
waste resources, it integratedOpenMP for shared memory programming within the DBMS task
scheduler. This reduces the overhead of leveraging efficient ML code within the RDBMS stack.

Finally, MauveDB [102] introduced the concept of a “model-based view” to RDBMSs to
more deeply integrate ML models into relational data processing. Analogous to views in SQL,
such views are defined by probabilistic models for regression and imputation tasks, with the
main application being handling missing values in noisy sensor datasets. MauveDB supports
various materialization strategies to maintain the model-based view data efficiently when the
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underlying data is updated, since updates are common in such applications. This functionality
was integrated with the query processing stack of an RDBMS, and it was accessible in SQL
with extensions for handling such views.

DataType-specificMLSystems: RDBMSs and parallel dataflow systems such as Spark were
designed mainly for processing structured (relational) data and semi-structured data (XML or
JSON). However, modern data-driven applications also need to process large amounts of other
data types, including unstructured data types [2]. Since ML can be applied to virtually any type
of data, several systems build custom processing stacks for ML workloads over specific non-
relational data types. We categorize such systems based on the data type they target and discuss
a few prominent examples.

• Array-oriented: Large multidimensional arrays are a common form of data in many sci-
entific data processing applications. SciDB [320] and TileDB [260] are DBMSs built from
scratch for this data model. Their storage layer manages block-partitioned arrays, and they
support both read and write operations on such arrays. It supports a new query language
called Array Query Language (AQL) that is inspired by SQL syntax. SciDB also sup-
port APIs in other environments, including R. SciDB offers a few in-built linear algebra
operators to perform feature extraction and simple regression tasks. Compared to SciDB,
TileDB optimizes further for storage of sparse arrays as well. Both of these systems em-
ploy numerous array-specific optimization techniques, which we will discuss further in
subsequent chapters.

• Time Series-oriented: Multi-variate time series datasets have become ubiquitous thanks
to various monitoring applications, e.g., in IoT. A common ML application on time series
data is “forecasting,” which involves predicting the future values of themonitored variables.
Fa [106] andF2DB [117] are time series-oriented analytics systems that elevate forecasting
applications to a declarative level and optimize the model building process for such data.
Fa includes a few simple time series data transformations, model selection from among
a fixed of statistical ML models, and feature subset selection as part of its plan space for
building a forecasting model. F2DB integrates forecasting model building queries with an
RDBMS. It supports materialization, caching, and reuse of forecasting models, as well as
sampling of the time series data within the DBMS to automatically optimize a forecasting
query.

• Text-oriented: Many RDBMSs support text processing, including with inverted indexes,
while systems such as Hadoop were originally invented to deal with large corpora of Web
text documents. However, most database systems offer almost no native support for ML
over text data. TextDB [348] is a recent project that aims to mitigate this gap by creating
a DBMS that can store, index, and support analytics over large amounts of text. It uses
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Lucene as the underlying storage and indexed retrieval engine. It supports an SQL-like
query language and aims to support a roster of text analysis operators, including an in-
tegration with the Stanford CoreNLP toolkit [227] for ML-oriented analytics over text
data.

• Graph-oriented: Graphs are an increasingly prevalent data type, especially in social media
and Web applications. Naturally, graph processing and analytics systems have been inten-
sively studied in the last several years. While the full scope of graph systems is beyond the
scope of this book, we discuss a key example of a graph-oriented ML system and refer the
interested reader to other surveys and texts on this topic [363, 364]. GraphLab [218] is
a system that offers a graph-oriented abstraction for expressing graph-parallel ML algo-
rithms such as matrix completion for recommendation systems, as well as other non-ML
graph analysis techniques. The abstraction requires users to “think like a vertex” and write
so-called “vertex programs” that perform node-local computations on the graph being pro-
cessed. Under the covers,GraphLab automates the parallel execution on a cluster, including
with potentially asynchronous processing, in a fault tolerant manner.

• Multimedia-oriented: Multimedia DBMSs have received much attention in the past,
with a primary focus being the so-called “content-based” queries that enable users to query
semantic content of images and video (e.g., what objects are in a picture) [322].Once again,
such systems are beyond the scope of this book. But in the last few years, the popularity of
deep convolutional neural networks (CNNs) for more accurate computer vision has led to
renewed interest in multimedia querying systems that use CNNs. Optasia [219] is a video
querying system that offers efficient vision-oriented modules for stitching together video
processing pipelines, including various image processing, feature extraction, and object
identification modules. It offers a declarative language for composing such pipelines and
presents RDBMS-inspired query optimization techniques and parallel execution to reduce
latency and resource costs.

BlazeIt [169] supports an SQL-like language for spatiotemporal queries such as for select-
ing and aggregating semantic content (e.g., vehicle occurrences in traffic videos). Under
the covers, it trains numerous CNNs over a set of labeled videos to extract semantic infor-
mation relevant to a given query over other archived videos and exploits approximate query
processing techniques such as sampling, control variates to reduce errors, and spatial and
temporal filtering to improve runtime performance. Focus [147] also targets deep CNN-
based object recognition queries over post-hoc video. It introduces new video ingestion
schemes that employ a smaller pre-trained CNN to create an approximate index of object
occurrences, which it employs to reduce query latency. Finally, VideoStorm [137] aims
to enable live video querying at scale in a near real time manner. It introduces tradeoffs
such as reducing the quality of the video queried to reduce resource costs and also supports
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lags for some queries, which enables it to reassign resources and optimize scheduling in an
online manner.

3.4 SUMMARY
Normalized or multi-table databases are perhaps the best example to show why decoupling ML
training from data pre-processing could raise resource requirements for managing intermediate
data. As shown by several recent lines of work, integrating ML computations with data pre-
processing computations that exploit the knowledge of the schema of the database can yield
significant efficiency and usability benefits regardless of the system environment: RDBMS, in-
memory ML tools, etc. Taking this integration further, some database vendors and open source
projects are modifying the kernel of the RDBMS itself to be more amenable to ML computa-
tions.

However, it remains an open challenge as to how one can fully abstract data preparation
steps that precede ML training to automatically avoid costly intermediate data materialization.
A complicating factor is that while RDBMSs and parallel dataflow systems may offer rich sup-
port for data transformations, they may no longer be the preferred execution environment for
ML training for a majority of ML users. Thus, an impactful avenue for further research could
be hybrid execution environments that combine the capabilities of linear algebra, relational al-
gebra, and other data processing steps to reduce the grunt work of manual data materialization
and movement, while still retaining the full power of popular ML frameworks.
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C H A P T E R 4

Rewrites and Optimization
Similar to optimizing compilers for programming languages and high-performance computing
(HPC), or query optimization in database systems, many ML systems apply a broad range of
rewrites and optimization techniques to improve the efficiency of ML programs. In this chap-
ter, we first categorize existing systems according to their optimization scope, survey important
classes of logical and physical rewrites, and also discuss means of adapting execution plans during
runtime.

Comparison toQueryOptimization: In contrast to generic programming language compil-
ers, most ML systems provide domain-specific languages with abstract types for matrices or
tensors as well as linear algebra and other ML operations. This focus on linear algebra programs
preserves the semantics of individual operations, which—together with relaxed guarantees for
round-off errors—greatly simplifies rewrites such operator reordering and the selection of phys-
ical operators. Such an operator-centric view renders the optimization of ML programs very
similar to traditional query optimization. However, major differences include the focus on lin-
ear algebra operations, data flow plans in the form of directed acyclic graphs (DAGs) instead of
trees, conditional control flow of loops and branches, as well as the handling of sparse and dense
inputs.

Impact ofRewrites onResultCorrectness: Since linear algebra operators inML systems pri-
marily rely on floating point operations, these rewrites and optimization techniques might affect
the result correctness due to round-off errors. This includes errors induced by partial aggregation
for data-parallel computation in the context of multi-threaded or distributed operations, issues
of numerical stability due to operator reordering, and the handling of special values such as NaN
and INF in the context of sparse linear algebra operations. In most real-world scenarios, moder-
ate round-off errors are acceptable due to the inherently approximate nature of ML algorithms.
Additionally, ML systems typically provide different optimization levels that allow disabling
rewrites and data-parallel computation if needed. For example, in SystemML [54], users can
disable rewrites and force single-threaded, single-node operations. In the following sections, we
disregard such round-off errors.

4.1 OPTIMIZATION SCOPE
One of the most differentiating aspects of ML systems with regard to rewrites and optimization
is their optimization scope in terms of the compilation granularity (i.e., the (sub)program subject
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to optimization), and the time when compilation and optimization take place. At a high level,
we distinguish the following major categories:

1. Interpretation: single operation at-a-time;

2. Lazy expression compilation/evaluation: single operator-graph at-a-time, triggered on
implicit or explicit actions; and

3. Program compilation: entire program including control flow;

whose advantages and disadvantages we shall discuss in the remainder of this section.

Example 4.1 LinearRegressionConjugateGradient As a basis for a detailed discussion, we
first introduce our running example of an algorithm for linear regression via a conjugate gradient
method as used in [39, 111, 123, 366]. This algorithm was derived from [253, Algorithm 5.2],
with the difference of not materializing the m �m matrix A D X>X to ensure scalability to large
numbers of features.

1: X = read($X); # n x m matrix
2: y = read($Y); # n x 1 vector
3: maxi = 50; lambda = 0.001;
4: intercept = $icpt; ...
5: r = -(t(X) %*% y);
6: norm_r2 = sum(r * r); p = -r;
7: w = matrix(0, ncol(X), 1); i = 0;
8: while(i<maxi & norm_r2>norm_r2_trgt) {
9: q = (t(X) %*% X %*% p) + lambda*p;

10: alpha = norm_r2 / sum(p * q);
11: w = w + alpha * p;
12: old_norm_r2 = norm_r2;
13: r = r + alpha * q;
14: norm_r2 = sum(r * r);
15: beta = norm_r2 / old_norm_r2;
16: p = -r + beta * p; i = i + 1;
17: }
18: write(w, $B, format="text");

This example script uses SystemML’s R-like syntax, where %*% is a matrix multiplication, t(X)
is the transpose of X, and other operations such as +, * are element-wise addition and multipli-
cation. The model w is initialized via the matrix constructor as a zero matrix of ncol(X) rows
and one column. �
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#1 Interpretation: The basic interpretation of ML programs provides the smallest optimiza-
tion scope of a single operation at a time, which does not require compilation. Instead of modi-
fying the parser and compiler of existing languages such as R, operations on relevant data types
can simply be overridden to inject the necessary optimization rules. This simplicity comes with a
major drawback though. Operations are optimized in isolation, which renders techniques such
as operator reordering, operator fusion, and common subexpression elimination inapplicable.
Examples for this optimization scope are R, Julia [47], and PyTorch [264], as well as Morpheus
[70], which use eager execution but apply operator selection for type-specific code selection as
well as factorized learning, respectively. Overall, interpretation is mostly applied in ML systems
for local (i.e., single-node) computation and without the aim for program-wide optimizations.

#2 Lazy ExpressionCompilation: A second very common approach is lazy expression evalu-
ation with an optimization scope of entire expressions, i.e., DAGs of operations. The basic idea
is to collect operations—on dedicated abstract data types—during interpretation into a DAG
of operations and lazily trigger optimization and execution on actions that need to produce the
results. This approach is often used for domain-specific languages (DSLs) that are embedded in
host languages because it does not require modifications of the host language compiler. Given
the widespread use of lazy expression evaluation, we need to distinguish the types (a) with and
without support for control structures, (b) with dynamic and static graphs, and (c) with implicit
and explicit actions. Examples without control structures and implicit/explicit actions are Ma-
hout Samsara [301] and RIOT [381]. Here, DAGs are built while interpreting—and thus, po-
tentially unrolling—the control flow, and operations such as full aggregations (e.g., sum(p * q)
in Example 4.1) or collect (materializing an intermediate as local matrix in the driver) trigger
evaluation. Other systems also allow control structures in the operation graph to represent loops,
branches, and temporal dependencies for operations with side effects. Examples areThenao [45],
OptiML [325], Emma [30], TensorFlow [22], DyNet [245], and Weld [257], where for exam-
ple TensorFlow relies on static graphs with multiple returns which require explicit actions via
session.run(...). Overall, lazy expression evaluation allows for a non-invasive integration
into a host language, while providing a moderately large optimization scope which is a great fit
for embedded DSLs.

#3 Program Compilation: Finally, there are also numerous ML systems whose compiler and
runtime is built from scratch. With the control over the own compilation chain, these systems
often aim at program compilation with an optimization scope of the entire ML program to
maximize the optimization potential. The global optimization scope allows for rewrites involv-
ing control flow such as loop vectorization, branch removal, and the merge of sequences of basic
blocks, as well as global data flow rewrites such as caching, partitioning, and compression be-
fore loops. For instance, in Example 4.1, we can inject compression and caching directives1 for

1While SystemML handles data flow properties via automatic rewrites, Samsara also allows for caching but—because of the
expression compilation scope—requires the user to specify these caching directives manually.
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X before the loop to avoid I/O per iteration. However, despite the global scope, most systems
follow a hybrid approach—where certain rewrites are still limited to individual operator DAGs
of unconditional basic blocks—in order to reduce the compilation overhead. In comparison to
lazy expression evaluation—where expressions are optimized for each evaluation—full program
compilation before execution can also significantly reduce the compilation overhead in the pres-
ence of loops and functions over small data. Example systems include SystemML [55, 123],
Cumulon [149], Tupleware [89], Emma’s parallelize construct [30], and function compila-
tion in Julia [47]. Overall, full program compilation allows for advanced rewrites of the entire
program which requires a custom compiler but can provide performance benefits on very small
or very large data.

Optimization Objective: Related to the used optimization scope is also the optimization
objective. The most common objective is to minimize execution time, subject to memory con-
straints. However, more advanced optimizers also aim at multi-objective optimization but usu-
ally linearize this problem via additional constraints. Examples are: (1) minimizing monetary
cost subject to time constraints in Cumulon [149]; (2) minimizing time subject to accuracy con-
straints in BlinkML [262]; and (3) maximizing accuracy subject to time constraints in AutoML-
tools like TuPAQ [317].

4.2 LOGICAL REWRITES AND PLANNING
An optimization scope of DAGs of operations or entire ML programs allows for optimization
via rewrites and planning in general. ML programs exhibit ubiquitous optimization opportuni-
ties that are addressed via traditional programming language (PL) rewrites, advanced rewrites
such as loop vectorization, algebraic simplification rewrites, as well as dedicated techniques for
incremental computation and optimizing chains of matrix multiplications. In this section, we
focus on logical rewrites that are independent of the underlying physical execution plans, while
physical rewrites are subsequently discussed in Section 4.3.

Example 4.2 Linear Regression Direct Solve To aid the discussion, we introduce another
example algorithm for linear regression via a (simplified) direct solve method that computes
the normal equations in a closed form and solves this linear system. If the user requests a model
with intercept (icpt), we simply append a column of ones to X via cbind and otherwise proceed
equivalently.

1: X = read($X); # n x m matrix
2: y = read($Y); # n x 1 vector
3: lambda = 0.001;
4: if( $icpt == 1 )
5: X = cbind(X, matrix(1, nrow(X), 1));
6: I = matrix(1, ncol(X), 1);
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7: A = t(X) %*% X + diag(I) * lambda;
8: b = t(X) %*% y;
9: beta = solve(A, b);

10: write(beta, $B);

This algorithm is typically applied for up to few thousands of features in matrix X because
its compute workload grows with O.n �m2 Cm3/. For the common case of tall and skinny
matrices (i.e., n� m), the algorithm is dominated by the costs for X>X with O.n �m2/, not
the call to solve with O.m3/. In systems with program compilation scope like SystemML, this
script is parsed into a hierarchy of statement blocks, where the control flow such as loops and
branches delineates individual blocks and computation graphs are constructed for each block.
In the above example, this results in graphs for lines 1–3, 4–5 (if block), 4 (predicate), 5, and
6–10. In contrast, in systems with expression compilation scope like Samsara, X>X and X>y
are optimized independently if the results are collected into local matrices. �

Traditional Programming Language (PL) Rewrites: Several ML systems apply PL rewrites
such as (1) common subexpression elimination (CSE), (2) constant folding, (3) branch removal,
and (4) merge of block sequences. Examples are OptiML [325], SystemML [54], TensorFlow
[22], and MatFast [367]. First, common subexpression elimination is usually done by consoli-
dating leaf nodes (inputs and literals) and merging equivalent operations (same inputs and op-
eration types) in a bottom-up pass through the graph [54]. Certain operations such as rand
without seed or print are handled in an operation-specific manner to prevent invalid elimina-
tion. Second, constant folding aims to replace sub-DAGs of operations over literals with the
resulting literal. An elegant approach to constant folding is the compilation and evaluation of
runtime instructions because this ensures consistent runtime behavior [25, 54]. Third, after con-
stant folding, we can remove branches with literal predicates. In the above example, the if block
(line 4–5) is either completely removed (if $icpt==0) or replaced with the basic block of line
5 (if $icpt==1). Fourth, after branch removal or function inlining we might end up with se-
quences of basic blocks, which can be merged into single blocks. In our Example 4.2, the entire
program is merged into a single block and thus computation graph.

Loop Vectorization: An advanced PL rewrite—that is already domain-specific as it targets
array operations—is loop vectorization. This rewrite requires an optimization scope of entire
ML programs or at least the dedicated handling of loops. The basic idea is to identify loops
that—often due to the lack of experience with vectorized operations (as shown, for example,
by custom scripts for HMM inference [221, Figure 8])—emulate array operations, and replace
these loops via vectorized (i.e., element-wise) array operations as follows:

1: for( i in a:b ) --> X[a:b,1] = Y[a:b,2] + t(Z[1,a:b]);
2: X[i,1] = Y[i,2] + Z[1,i];
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At a high level, we simply substitute—for cases where result correctness can be guaranteed—
the index variable i with its range a:b [31] along with additional compensations (here,
t(Z[1,a:b])) to ensure alignment for element-wise matrix operations. This technique can be
applied repeatedly to nested loops. For special cases, where the index ranges match the matrix
dimensions, subsequent simplification rewrites then also eliminate unnecessary left and right
indexing operations. Besides instruction overhead, loop vectorization also avoids unnecessary
copy-on-write, that is, copying X on performing even a single cell update like X[i,1].

Update In-place: For scripts with fine-grained updates in loops that cannot be vectorized,
copy-on-write still poses performance challenges. In general, systems such asR, SystemML [55],
and PyTorch [264] all use copy-on-write2 to ensure result correctness despite by-reference vari-
able assignments. For example, Y=X; X[1,]=tmp would otherwise not just modify the first row
of X but also Y. However, most systems with copy-on-write semantics employ techniques for
automatic update-in-place if possible. As an example, consider the following script for comput-
ing cumulative sums, although built-in support for cumulative aggregates is readily available in
R, MATLAB, Julia, NumPy, and SystemML [56]:

1: B = A; csums = matrix(0,1,ncol(A));
2: for( i in 1:nrow(A) ) {
3: csums = csums + A[i,];
4: B[i,] = csums;
5: }

This loop qualifies for updating B in-place but different systems use different conceptual ap-
proaches. First, R employs reference counting and update in-place if the reference count is one,
which works great even for cases where it cannot be inferred at script level. Here, the first it-
eration creates a copy of B because the reference count is two (for A and B), but subsequent
iterations are performed in-place of the already copied B. PyTorch provides user-level, in-place
operations and similarly employs version counting for raising errors when these operations are
executed on invalid aliasing or auto differentiation. In contrast, SystemML uses rewrites to an-
notate entire loops with update-in-place variables. Such variables like B are then copied—and
potentially pinned into memory—on entry of these loops. The compile-time decision allows for
taking the entire program context into account.

Incremental Computation: Apart from offline training, there are many use cases that could
benefit from incremental computations. Widely used techniques include (1) warm start offline
learning, where a previously trained model is used as the starting point for an iterative ML al-
gorithm, and (2) online learning, where new observations are used to approximately adapt the
current model [87]. Other work aims to perform exact incremental computation. For example,
2In contrast, Julia [47] uses by-reference assignments and update-in-place by default and thus, requires an explicit B=copy(A)
if this is not desired.
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MauveDB [102] and LINVIEW [248] keep state of small intermediates and generate incre-
mental linear algebra programs. For the program in Example 4.2, we would keep A and b to
incrementally adapt the betas ˇ0 for additional data �X and �y via

A0
D AC�X>�X

b0
D bC�X>�y

ˇ0
D solve.A0; b0/;

(4.1)

which is very beneficial for the common case of n� m and n� n� because it reduces the
update costs from O.n �m2 Cm3/, to O.n� �m

2 Cm3/. Similar approaches were recently also
applied to factorized learning (see Section 3.1) [249], and to the generation of occlusion-based
explanations for convolutional neural networks in Krypton [242]. Furthermore, for iterative lin-
ear algebra programs, often only deltas are propagated over iterations. For example, LINVIEW
[248] maintains a dedicated delta matrix in factored form—i.e., as a product of two low-rank
factors—and incremental iterations [113] use delta sets for incremental fixpoint computations
such as connected components.

SizePropagation: There are two types of rewrites, static and dynamic, where dynamic rewrites
require size information ofmatrix dimensions and sparsity for cost comparisons and validity con-
straints. For this purpose and other techniques such as selection of execution or operator types,
it is important to propagate sizes from the inputs through the entire ML program. There are two
important aspects. First, propagating sizes through an unconditional DAG of operations is used
for the optimization scope of expression compilation and as a basic primitive for program com-
pilation. Except for data-dependent operations, computed size expressions, or UDFs, matrix
dimensions can often be inferred exactly based on the operation semantics. Example systems
that propagate dimensions are SystemML and TensorFlow. Estimating sparsity is more chal-
lenging. SystemML uses worst- and average-case estimates for matrix multiplications, and other
operations [54]. SpMachO [178] relies on the same average-case estimate for matrix multiplica-
tions but introduced a density map of variable granularity—where sparsity estimates are derived
as aggregates of cell estimates—to account for skew. Other work for estimating the number
of non-zeros of matrix products uses hashing and sampling [33], systematic sampling [367],
layered graphs of non-zeros [80], and boolean matrix multiplication as employed in NVIDIA
cuSPARSE and Intel MKL [216]. Second, intra- and inter-procedural analysis (IPA) propagates
these sizes over the entire ML program including conditional control flow and complex function
call graphs. Due to worst-case estimates in SystemML, IPA propagates sizes only into functions
(or over conditional control flow) if all paths result in equivalent dimensions and/or sparsity [54].
Note that size propagation is done in a best-effort manner to keep the compilation costs low.
Similar to adaptive query processing [101], runtime adaptation—as described in Section 4.5—
then corrects initial unknowns or changing sizes, which is very important in practice.

Example 4.3 DAG and Program-Level Size Propagation Figure 4.1 shows example size
propagation techniques using the ML script introduced in Example 4.1. First, Figure 4.1a shows
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the logical plan after rewrites for themain expression of the algorithm’s inner loop (line 9). Given
the input dimensions and sparsity of X (10M � 1K, sparsity 0.2) and p, we propagate this size in-
formation bottom-up through the DAG by computing the output sizes of each operation based
on the given input sizes and operation semantics; if this is not possible we assign �1 to indi-
cate unknowns. With this approach, we now can propagate sizes through unconditional DAGs.
However, for an entire ML program, we additionally need to propagate sizes in awareness of
conditional control flow. For example, Figure 4.1b shows the skeleton of our example script.
Since the while body is executed zero or many times, we need to ensure that sizes propagated
into the loop body are in fact constant. Similarly, we have to ensure that sizes propagated into
DAGs after the loop are independent from how often we execute the while body. In our exam-
ple, X and y are read-only while w, r, p are updated and have constant dimensions but unknown
sparsity. If the reconciliation step fails, partial unknowns per variable have to be propagated into
the while loop to revert incorrect propagation. �

t()

X
(10Mx1K, 0.2)

0.001mm
(1Kx10M, 0.2)

p
(1Kx1)

(10M
x1)

(1Kx1)
mm b(*)

(1Kx1)

X = read ($X);  # 10M × 1K, 0.2

y = read ($Y);  # 10M × 1, 1.0

r, p, w = …;    # 1K × 1, -1

while(…){

   w = …    # 1K × 1, -1

   r = …    # 1K × 1, -1

   p = …    # 1K × 1, -1

}

Reconcilliation:

 consistent dims/sparsity

(t(X)  %*% X %*% p)  + lambda *  p

(1Kx1)

           b(+)

(a) Bottom-Up DAG Size Propagation (b) Control-Flow-Aware Size Propagation

Figure 4.1: Examples of sparsity-exploiting fused operators.

Algebraic Simplification Rewrites: As already mentioned, in general, there are static and
dynamic rewrites, which also applies to algebraic simplification rewrites. Such simplifica-
tions aim to replace known expression patterns with expressions that are more efficient or
exhibit better numerical stability. Systems that apply static—i.e., size-independent—rewrites
include Theano [45], OptiML [325], SystemML [54], and TensorFlow XLA [125]. Examples
for static rewrites are X �Y �X! .1 �Y/ �X to avoid unnecessary matrix-matrix element-
wise operations, sum.X>/! sum.X/ and sum.� �X/! � � sum.X/ to avoid unnecessary in-
termediates and operations, colSums.X>/! rowSums.X/> for aggregation pushdown, and
trace.XY/! sum.X �Y>/ for better asymptotic behavior. Furthermore, SystemML also applies
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dynamic—i.e., size-dependent—rewrites. Examples are sum.X2/! X>X iff ncol.X/ D 1 (e.g.,
Example 4.1, lines 10 and 14), sum.XCY/! sum.X/C sum.Y/ iff dims.X/ D dims.Y/, and
X>y! .y>X/> (e.g., Example 4.1 line 5, andExample 4.2 line 8), which all use sizes for validity
constraints and cost comparisons, respectively. Although many of these rewrites are very simple,
they often yield cascading effects where rewrites enable other rewrites, and larger expressions
are significantly simplified by repeated application of a library of such basic rewrites.

Example 4.4 Optimized Linear Regression Direct Solve After applying traditional PL
rewrites, size propagation, and simplification rewrites, the linear regression script from Exam-
ple 4.2—invoked with icpt=0—would look like this:

1: X = read($X); # n x m matrix
2: A = t(X) %*% X + diag(matrix(0.001, ncol(X), 1));
3: b = t(t(read($Y)) %*% X);
4: beta = solve(A, b);
5: write(beta, $B);

The rewrites constant folding and branch removal eliminated the unnecessary if-statement block,
and the rewrite block sequence merge collapsed the entire program into a single statement block.
Furthermore, constant propagation replaced the read-only variable lambda with the literal 0:001.
Simplification rewrites then pushed the multiplication into the diag operation, where it was
further fused into the constant matrix creation. Also, X>y was rewritten to .y>X/> to avoid the
expensive transposition of X and leverage metadata vector transpositions. �

Matrix Multiplication Chain Optimization: Another dynamic rewrite is optimization of
matrix multiplication chains, which uses size information for cost comparisons. Given a ma-
trix multiplication chain of n matrices M1; M2; : : : ; Mn (associative), find the optimal paren-
thesization of the product M1M2 : : : Mn. For example, consider line 9 of Example 4.1 and X
to be a 10M � 1K matrix. Computing .X>X/p would require � 20 TFLOP, whereas X>.Xp/

would only require 40 GFLOP. A naïve search space evaluation is known to follow the Cata-
lan numbers with �.4n=n3=2/. However, dynamic programming (DP) applies due to optimal
substructure and overlapping subproblems, resulting in the textbook DP algorithm which re-
quires ‚.n3/ time and ‚.n2/ space complexity [85]. This DP algorithm uses a cost matrix to
compute and memoize the optimal costs for subproblems in a bottom-up fashion starting from
single matrices to longer product chains. The algorithm keeps track of selection decisions in an
optimal split matrix, which is finally recursively read out to yield the optimal parenthesization.
Example systems that leverage this algorithm are SystemML [54], RIOT [381], and SpMachO
[178], were the latter two extend this algorithm with I/O costs and sparsity of intermediates,
respectively. Similarly, Cohen used this algorithm in an extended form for sparse matrix mul-
tiplication chains as well [80]. However, the best-known DP algorithm requires only a time
complexity of O.n log n/ [148] but it is rarely implemented due to its complexity and rather
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moderate lengths of matrix multiplication chains in practice, at least unless additional operations
such as element-wise addition and multiplication are considered. Other systems like GigaTensor
manually optimized matrix multiplication chains for specific algorithms under expected size dif-
ferences [171]. Finally, note that matrix multiplication chain optimization is only a special case
of the sum-product optimization problem [99] and the even more general functional aggregate
query (FAQ) framework [181], which has already been used for in-database ML [180] as well.

Open Research Questions: Most ML systems address the tradeoff between optimization
benefits and compilation overhead with a combination of heuristics and cost-based decisions,
which lacks a principled approach. Hence, there are plenty of open research questions. This
includes matrix multiplication chain optimization for DAGs of operations, the combination
with other operations such as transpose, element-wise multiplication and addition, and more
broadly the holistic optimization under consideration of other rewrites, physical operators, and
interesting data flow properties. As cost-based optimizers get more sophisticated, we would
also benefit from better sparsity estimation for expressions of matrix multiplications and other
operations to accurately reflect their costs, without the need for large and costly synopsis [80,
178, 216] or step-wise evaluation [367].

4.3 PHYSICAL REWRITES AND OPERATORS
So far, we discussed logical rewrites and optimizations that are independent of the physical run-
time plans. A second major class of rewrites and optimizations are physical optimizations, which
include data flow rewrites, execution type and physical operator selection, operator-specific
physical rewrites, as well as fused operators to avoid intermediates, redundant scans, or to exploit
sparsity across operations.

Data Flow Rewrites: For large-scale machine learning, data flow properties can significantly
impact performance by avoiding redundant read and unnecessary data shuffling. Accordingly,
many distributed ML systems use data flow rewrites to influence these data flow properties.
Important rewrites include distributed caching, partitioning, compression, and rewrites related
to joins and aggregations.

• Distributed Caching: Frameworks like Spark [370] with distributed caching require the
user to decide upon the caching of intermediates, which is a tradeoff between redundant
computation and memory consumption and thus, potential evictions from memory. In-
terestingly, existing systems use very different heuristics. Emma aggressively caches all
intermediates that are consumed multiple times [30], whereas SystemML more conser-
vatively caches only large matrices after initial read (after text to binary conversion) and
variables that are used read-only in loops [55]. Yet other systems like Mahout Samsara
expose caching at script level, which lets the user control caching manually [301].
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• Partitioning: Many frameworks keep track of partitioning (e.g., hash partitioning im-

posed by previous shuffle operations or explicit partitioning) for more efficient joins as used
in binary operators. Accordingly, systems like Emma [30], SystemML [55], and Mahout
Samsara [301] provide dedicated partitioning-exploiting operators that avoid key changes
to preserve and exploit this partitioning. Furthermore, SystemML explicitly injects parti-
tioning before loops if this avoids data shuffling per iteration [55]. Systems like DMac
[366], Kasen [380], and SystemML [58] even perform plan-specific data partitioning in
the scope of a single operation DAG and parfor body program, respectively.

• Other Data Flow Rewrites: Other rewrites include compression (as discussed in Sec-
tion 6.2), joins, and aggregation types. For example, SystemML injects directives for loss-
less compression before read-only loops if the data is known to exceed aggregate memory
[111]. Emma applies Exists Unnesting, where filters with broadcasts are rewritten to joins
[30], which is similar to Query-Data joins in streaming systems [65]. Emma further per-
forms Fold-Group Fusion to automatically rewrite groupByKey to reduceByKey, which
allows for local pre-aggregation that can avoid unnecessary data shuffling.

Operator Selection: Similar to the selection of physical operators like hash or nested loop
joins in database systems, another important optimization is operator selection for operations
such as matrix multiplications and other operations. This entails two major steps: (1) the selec-
tion of execution types in terms of execution backends; and (2) the selection of backend-specific
physical operators.

• Execution Type Selection: The selection of execution types includes decisions on local
vs. distributed and CPU vs. GPU operations. For example, SystemML selects local op-
erators whenever their worst-case memory estimates fit into the driver memory budget
and otherwise falls back to distributed operations [54]. This heuristic works very well for
data-intensive ML algorithms because it generally avoids unnecessary overheads of dis-
tributed operations. Other systems such as Spark MLlib [368] and Mahout Samsara [301]
also provide local and distributed operations but require the user to perform execution type
selection manually. For the decision between CPU and GPU operations, SystemML again
relies on memory estimates, heuristics, and manual configurations. Similarly, other sys-
tems such as Theano [45] and TensorFlow [22] allow the manual placement of operations
onto devices. However, there is also recent work on learning the CPU/GPU placement in
TensorFlow automatically [238].

• PhysicalOperator Selection: After execution type selection, we can then select backend-
specific physical operators based on data and cluster characteristics (e.g., data size/shape,
memory budgets, and degree of parallelism), matrix and operation properties (e.g., di-
agonal or symmetric matrices, and sparse-safeness), and data flow properties (e.g., co-
partitioning, and data locality). Table 4.1 provides an overview of important classes of
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operators, where most systems exhibit a selection preference from local and special op-
erators to shuffle-based operators. For instance in Example 4.2, SystemML and Samsara
compile the expression X>X to special tsmm (transpose-self mm, which is similar to a
BLAS dsyrk), or AtA operators if certain constraints are met. With the commonly used
blocked or tiled matrix representations [123, 149, 320, 368], this includes a blocksize con-
straint to ensure that entire rows are accessible despite distributed data-parallel computa-
tion. Note that the broadcast-based, co-partitioning-based, and shuffle-based operators
are very similar to data-parallel broadcast joins, improved repartition joins, and reparti-
tion joins [53]. Finally, after physical operator selection, often additional physical rewrites
are applied that are dependent on the chosen operator. For example, if we have chosen a
broadcast-based mapmm for a matrix-vector multiplication such as Xp, we decide upon the
need for aggregation that is only required for multiple column blocks.

Table 4.1: Classes of physical matrix multiplication operators

Class Name Example Operators

Local Operators

Special Operators

Broad-Based Operators

Co-Partitioning-Based Operators

Shuffl  e-Based Operators

SystemML: mm, tsmm, mmchain;

Samsara/Mllib: local linalg

SystemML: tsmm, tsmm2, mapmmchain, pmm; Samsara AtA

SystemML: mapmm, mapmmchain

SystemML: zipmm; Emma/Samsara: OpAtB

SystemML: cpmm, rmm; Samsara: OpAB

Example 4.5 Execution Plan for Example 4.2 Armed with the basics of logical and physical
rewrites as well as execution type and operator selection, we can now have again a closer look
at the core of Example 4.2: X>XC diag.I/ � � and X>y. Assume driver and executor memory
budgets of 20 GB and 100 GB as well as X to be a dense 10M � 1K matrix in double precision
with block size 2K. After constant folding, branch removal, and merge of block sequence, the
entire program is represented as a single block—as shown in Example 4.4—and thus, a single
operation DAG. Subsequently, we rewrite diag.I/ � � to diag.�/ which pushed � into diag./

and subsequently fuses the constant multiply into the matrix constructor. Figure 4.2a shows
the resulting logical plan after rewrites. Given that the size of X (80 GB) exceeds the driver
budget, we then inject a caching directive after the initial read to avoid unnecessary read on
the second access of X. Furthermore, we select the special tsmm operator for X>X because its
blocksize constraint (i.e., 1K � 2K to ensure accessibility of entire rows) is met as well as the
broad-cast-based operator mapmm for X>y because y (of size 80 MB) easily fits into the broadcast
budget. Finally, mapmm allows applying an additional rewrite from X>y into .y>X/> to avoid
the transposition of X. Figure 4.2b shows the physical plan, which also includes the selected
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execution types (CP for control program, i.e., local operations, and SP for Spark, i.e., distributed
data-parallel operations). Furthermore, we set the mapmm aggregation type—based on the output
size of 1K � 1—to singleblock, which allows runtime operations with reduce-all instead of
reduce-by-key characteristics. �

solve(t(X)%*%X + 

diag(matrix(0.001,1K,1)),t(X)%*%y)

b(solve)

r(diag) mm

b(+)

mm

r(t)gen

0.001 1K 1                X

b(solve)

r(diag) mapmm

b(+)

tsmm

gen

lambda 1K 1                   X                   y

CP

CP

CP

CP

r(t)
CP

r(t)
CP

SPSP

chkpt

(a) Logical Plan (b) Physical Plan

y

Figure 4.2: Examples of logical and physical plans.

Fused Operators: Besides basic rewrites and operator selection, there is also ubiquitous po-
tential for fused operators in terms of composite operators for chains of operations. These fused
operators aim to avoid unnecessary scans of inputs, eliminate materialized intermediates, and
exploit sparsity across operations. For example, consider the mmchain operator in SystemML
[39, 54], which can be applied to the core expression X>.Xp/ in Example 4.1. Without fusion,
this expression requires two passes over X and creates a vector intermediate of size nrow.X/,
which needs to be collected and broadcast from the driver. A key observation, however, is that
this intermediate is produced and consumed in a row-aligned manner. The mmchain operator
exploits this characteristics by computing a scalar intermediate for each row and immediately
scanning the same row again to perform the second multiplication. For the common case of
tall-and-skinny matrices, individual rows fit into L1 or L2 cache such that X is read just once
from main memory. Other fused operators reduce materialized intermediates whose allocation
and write are often much more expensive than the actual computation. Examples in SystemML
are ternary aggregates sum.X �Y � Z/, sample proportion X � .1 �X/, sigmoid 1=.1C exp.�X//,
and axpy XC s �Y. Similarly, MatFast provides compound operators to fold multiple element-
wise operations into a single operator [367].
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Sparsity-exploiting, Fused Operators: Furthermore, there are two common approaches for
sparsity exploitation: pattern-specific fused operators and more generic masked operators, where
the latter is similar to worst-case optimal joins via semijoin reductions [247]. Both leverage a
sparse driver S—that is, a sparse matrix together with a sparse-safe operation such as multiply—
to avoid dense intermediates and unnecessary computation via selective computation only for
non-zero entries in S. Figure 4.3 shows examples for these two approaches. SystemML’s fused
wsloss operator [55] in Figure 4.3a is commonly used in matrix factorization algorithms to
compute the weighted squared loss only over non-zero entries. The sparse indicator matrix W
(often with W D .X ¤ 0/) along with the multiply operator allows performing this computation
only for non-zeros in W and X without materializing the huge dense intermediate UV>. Based
on the same concept, GigaTensor [171] provides a similar fused operator for the more complex
expression S.U˝V/, where˝ is the Khatri-Rao product (i.e., column-wise Kronecker product).
In contrast, Cumulon’s generic MaskMul operator [149] in Figure 4.3b requires the materializa-
tion of a sparse mask M derived from O. This filter is passed to the ternary MaskMul operator,
which only performs necessary computation according to the given mask. Such masked oper-
ators still require the materialization of sparse intermediates but are more broadly applicable
if masked physical operators exist for all operations. Despite the high-performance impact of
fused operators, they are fundamentally limited to patterns of few basic operators and incur large
development effort. Hence, there is a trend toward automatic operator fusion as we shall discuss
in Section 4.4.

U

V

XW *sum

2

O

b(/)

mm

mm

E

C
M

sum(W * (X – U %*% t(V))^2) O / (C %*% E %*% t(B))

t(B)

(a) Fused wsloss Operator (after [55], Figure 1) (b) Generic MaskMul Operator

Figure 4.3: Examples of sparsity-exploiting, fused operators.

Operator Scheduling: An often overlooked but important compilation step is the scheduling
of DAG operations for execution. All existing techniques follow a dependency-based approach
to ensure correctness but differ in terms of the ordering of operations and their execution. First,
operator ordering linearized the DAG into an evaluation order. Systems like SystemML [123] and
TensorFlow [22] basically employ a queue-based approach where a processed node decrements
dependency counts of consumers and nodes are placed into a ready queue whenever their depen-
dency count is zero. SystemML originally performed a strict topological sort of operations that
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resulted in a breadth-first-search (BFS) exploration. BFS simplified the consolidation of multi-
ple operations into a minimal set of distributed jobs, potentially with multiple outputs. However,
since BFS often leads to larger memory requirements for all live intermediates per DAG level,
SystemML on Spark later switched to a depth-first-search (DFS) exploration that—depending
on the DAG structure—can reduce the number of live intermediates and thus memory require-
ments, and improve temporal locality. Second, operation execution can be sequential or parallel.
For example, SystemML eventually generates a list of instructions that are executed sequentially,
while TensorFlow places ready operators directly into a queue and executes them in an undefined
order [22]. In this setting, TensorFlow prevents device over-provisioning by using a common
thread pool for concurrent and multi-threaded operations. While sequential operation execu-
tion simplifies the compilation with regard to memory budgets and multi-threaded operations,
for mini-batch algorithms, this can lead to low resource utilization due to synchronization barri-
ers per operation. Therefore, the chosen operator scheduling technique often reflects a system’s
primary application area. Loosely related to operator scheduling are also automatic decisions
on operator placement as shown in a TensorFlow prototype [238], and automatic decisions on
recomputation to reduce peak memory consumption as used in SuperNeurons [345] and MXNet
[72, 345].

OpenResearchQuestions: Most ML systems apply physical optimizations such as data flow
rewrites in a heuristic manner. An interesting research direction is global data flow optimization
over the conditional control flow, where data flow properties can be viewed as interesting prop-
erties and optimized jointly with other rewrites and physical operator selection. Additionally,
automatic operator fusion for sparsity exploiting operators is challenging and received—despite
its impact on asymptotic behavior—only little attention in the literature so far. Finally, memory-
constrained scoring scenarios on edge devices would benefit from resource-constrained operator
scheduling that takes the memory constraints into account.

4.4 AUTOMATIC OPERATOR FUSION
Opportunities for fused operators—in terms of fused chains of basic operators—are ubiquitous
in ML programs. Benefits originate from avoiding unnecessary scans and materialized interme-
diates, as well as exploiting sparsity across operations. Given the high-performance impact and
limitations of hand-coded fused operators, automatic fusion and code generation has received
a lot of attention in the recent literature on database systems (e.g., query compilation), high-
performance computing (e.g., loop fusion), and ML systems (e.g., operator fusion) [57]. While
loop fusion requires an inter-loop dependency graph with fine-grained analysis of loop-carried
dependencies, for operator fusion the dependencies are implicitly given by the data flow graph
and operation semantics. From a compilation perspective, operator fusion only applies to the
optimization scopes of lazy expression compilation and program compilation as defined in Sec-
tion 4.1 because the goal is to merge sub-DAGs of operations into composite operations. Major
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challenges include fusion for sparse and compressed data, local and distributed operations, as
well as optimizing fusion plans for complex DAGs of operations.

Example 4.6 Operator Fusion Assume the following expression of element-wise vector op-
erations: R D .AC s � B/ � C, which creates three vector intermediates, whose allocation and
write is much more expensive than performing the actual multiply and add operations. Each
vector operation can be viewed as a loop over its input cells. Operator fusion aims to merge the
chain of operations into a single loop to improve temporal locality and avoid the two vector
intermediates tmp1 and tmp2.

for( i in 1:n ) --> for( i in 1:n )
tmp1[i,1] = s* B[i,1]; R[i,1] = (A[i,i] + s*B[i,1]) * C[i,1];

for( i in 1:n )
tmp2[i,1] = A[i,1] + tmp1[i,1];

for( i in 1:n )
R[i,1] = tmp2[i,1] * C[i,1];

For large vectors that do not fit into the last-level cache, these operations arememory-bandwidth
bound. Since operator fusion reduces five reads and three writes to three reads and one write,
performance is significantly improved.However, thememory requirements are slightly increased
from 2+1 to 3+1 matrices, because all three inputs need to be pinned into main memory at the
same time. �

Basic Approaches: There are two major approaches for fused operators in the literature: loop
fusion and templates. First, loop fusion aims to generate code for the actual loop structures in-
cluding data access to dense and/or sparse inputs, and potentially multiple outputs. This is a
very generic approach but faces challenges regarding access to sparse input data, cache blocking,
multi-threading, and the integration with data-parallel frameworks such as Spark. Second, the
use of templates aims at a hybrid approach of hand-coded template skeletons combined with
generated custom operator body code. Different template skeletons are provided for different
accesses patterns (e.g., cell- or row-wise), which allows the dedicated handling of sparse or com-
pressed inputs (especially for fused operators with multiple sparse inputs), cache blocking and
multi-threading. The generated code then only deals with a single cell or row at-a-time, result-
ing in lean yet very efficient code. Table 4.2 provides an overview of current ML systems with
operator fusion techniques. Note that other recent libraries like NVIDIA TensorRT [255] and
Intel Nervana Graph [185] are subsumed by TensorFlow XLA as they plug into the XLA archi-
tecture as accelerators. Apart from the basic approach, important classification aspects are the
support for sparse inputs and outputs, support for distributed operations, and the optimization
strategy to find fusion plans in DAGs of linear algebra programs.

Specific Fusion Techniques: Many of the above systems further provide novel techniques
covering individual aspects of efficient fusion plans.
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Table 4.2: Overview of ML systems with operator fusion techniques

System Year Approach Sparse Distributed Optimization

BTO [44] 2009 Loop Fusion No No k-Greedy Cost-Based

Tupleware [89, 90] 2015 Loop Fusion No Yes Heuristic

Kasen [380] 2016 Templates (Yes) Yes Greedy Cost-Based

SystemML [57, 110] 2017 Templates Yes Yes Exact Cost-Based

Weld [256, 257] 2017 Templates (Yes) Yes Heuristic

Taco [184] 2017 Loop Fusion Yes No Manual

Julia [47] 2017 Loop Fusion Yes No Manual

TensorFlow [125] 2017 Loop Fusion No No Manual

Tensor Comprehensions 

[338]

2018 Loop Fusion No No Evolutionary

Cost-Based

TVM [71, 73] 2018 Loop Fusion No No ML-/Cost-Based

• Micro Optimizations: Similar to tiling for loop fusion, Tupleware [89] may chose a hy-
brid execution strategy for tile-at-a-time execution (to balance locality and vectorization),
and it performs micro optimizations such as predication (replace control with data depen-
dencies) and result allocation techniques.

• Cross-Library Optimizations: By providing a generic intermediate representation (IR)
based on parallel loops and builders, Weld [256, 257] allows for cross-library optimization
and code generation with the optimization scope of lazy expression evaluation.

• Sparsity Exploitation: As discussed in Section 4.3, exploiting sparsity across chains of
operations can help avoid huge unnecessary intermediates and computation. SystemML-
SPOOF [57, 110] provides means to automatically compile such sparsity-exploiting op-
erators via Outer and Cell templates.

• Iteration Schedules: Fused operators with multiple dense/sparse inputs pose the problem
of defining an iteration schedule. Taco [184] constructs iteration schedules according to
recursively defined tensor storage formats with a focus on heterogeneous sparse formats.
TVM considers loop transformations, thread binding, locality, memory scopes, latency
hiding, and HW-aware tensorization [73]. Other work mapped this problem to the prob-
lem of join ordering [230].

OptimizingOperatorFusionPlans: Optimizing fusion plans for DAGs of linear algebra op-
erations is challenging but important to tradeoff redundant computation vs. materialization if
intermediates are consumed multiple times, and to enable sparsity-exploiting operators. Given
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that the problem of loop fusion is known to be NP-complete [94, 176], most systems use greedy
algorithms [44, 338, 380], static or ML-based heuristics [73, 89, 256], or even manual decla-
ration [47, 125, 184] to ensure moderate compilation overhead despite the exponential search
space. However, recent work in SystemML [57] introduced a simple algorithm for the exact
cost-based optimization of fusion plans with negligible optimization overhead. The key ideas
are: (1) to explore all valid partial fusion plans; (2) partition these partial fusion plans into con-
nected components that can be optimized independently; (3) restrict the search to interesting
materialization points per partition; and (4) apply structural and cost-based pruning techniques,
which work very well in practice.

Open Research Questions: Major open research questions center around algorithms for the
optimization of fusion plans, especially with regard to DAG-structured execution plans, sparsity
exploitation, optimality guarantees, heterogeneous hardware (such as FPGAs and ASICs in
TVM [71, 73]), the interaction with logical and physical rewrites, and combinations thereof.

4.5 RUNTIME ADAPTATION
Many rewrites and optimization techniques—such as dynamic rewrites and execution type
selection—rely on propagated size information in terms of matrix dimensions and sparsity
for cost comparisons and validity constraints. Since this size information is also used in hard-
constraints (e.g., memory estimates subject budgets), size propagation is usually done conser-
vatively, meaning that sizes are only propagated if they can be guaranteed for all code paths.
In practice, this often leads to unknowns during the initial compilation of complex ML algo-
rithms, which in turn leads to very conservative fallback plans such as distributed operations
with shuffle-based operators. Runtime adaptation techniques address this challenge by modify-
ing runtime plans according to the size of intermediates during runtime.

Sources of Unknowns: Before we discuss common approaches to runtime adaptation it is
important to understand the sources of these unknowns. We generally distinguish the following
classes of sources.

• Conditional Control Flow: Control flow such as branches or loops with an unknown
number of iterations can cause unknown sizes if different code paths result in different
sizes of variables. Other sources include complex function call graphs, where functions are
called with different sizes, as well as UDFs that render the size information of outputs and
all intermediates derived from them as unknown.

• Data-Dependent Operators: There are also many data-dependent operators such as
aggregate (grouping with aggregation), table (contingency tables), or removeEmpty
(removal of empty rows or columns), where the data values affect the output dimensions.
Similarly, computed index ranges and computed size expressions for rand, seq, or matrix
(i.e., reshape or constructor) also render the output dimensions unknown. Furthermore,
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the propagation of sparsity is data-dependent for most operations, except reorg operations
such as transpose, reshape, or order, which exactly preserve the sparsity.

• Changing Dimensions/Sparsity: Finally, there are several ML algorithms (e.g., for fea-
ture selection) that systematically change dimensions and sparsity in loops but due to
a large or unknown number of iterations these loops cannot be unrolled such that the
changed intermediates become unknown.

Some of these challenges can be addressed with better sparsity estimators, size propagation, and
PL rewrites, while other fundamentally require runtime adaptation.

Basic Approaches: Overall, we differentiate two basic approaches to runtime adaptation that
are directly influenced by the optimization scope, as discussed in Section 4.1. First, systems with
interpretation or lazy expression compilation inherently adapt to changing sizes as expression
are compiled—with an unconditional scope of a single operation or DAG of operations—for
each evaluation of this expression. However, data-dependent operators in expressions still cause
unknowns for remaining operations. Second, systems with the optimization scope of program
compilation have to deal with all sources of unknowns. Therefore, existing work, for example
in SystemML, aims for runtime adaptation via dynamic recompilation [54]. The basic idea is to
mark DAGs with unknowns during initial compilation, and recompile runtime plans of marked
DAGs during runtime according to the exact sizes of intermediates. Other systems that employ
similar techniques are: (1) SciDB that repeatedly optimizes sub-plans, executes these sub-plans,
and collects size information from local nodes [320]; as well as (2) MatFast that greedily selects
operations of matrix multiplication chains via sampling, executes the first operations, and repeats
with exactly known sparsity information [367]. However, note that a too fine-grained—e.g.,
single- or few-operation granularity—can negatively impact performance especially for lazily
evaluated, distributed operations because it requires materialization or redundant evaluation of
intermediates. In the following, we discuss dynamic recompilation in more detail.

Compile-TimeDecisions onRecompilation: For simplicity and validity of generated plans,
the granularity of recompilation are DAGs of operations, because the transition between basic
blocks anyway requires to produce and bind the DAG outputs to logical variable names. This
necessitates two compile-time decisions on recompilation: where to split DAGs to create neces-
sary recompilation points, and if a DAG should be marked for recompilation. First, SystemML
uses the original DAG structure (delineated by control flow) as a starting point but also splits
DAGs after data-dependent operators and UDFs with unknown output sizes. Multiple data-
dependent operations can be handled via a single split if there are no data dependencies between
them. Second, if a DAG contains at least one operation for which a distributed execution type is
chosen due to unknown dimensions or sparsity, the entire DAG is marked for dynamic recom-
pilation during operator selection. This turned out to be a good heuristic because the latency of
distributed operations easily hides the recompilation overheads (which is less than a millisecond
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for averageDAGs of 100s of operators), while the benefits can be huge if unnecessary distributed
operations can be avoided. Additionally, functions are marked as recompile-once—i.e., for re-
compiling the function body on function entry with the sizes of the passed arguments—if they
contain DAGs that require recompilation within loops.

Recompilation During Runtime: For recompilation during runtime, the DAGs from initial
compilation are kept available for individual program blocks. Before executing the instructions
of a block, we then check if the DAG is marked for recompilation. In this case, we create a deep
copy of the DAG to perform non-reversible rewrites that are potentially enabled by known sizes.
To avoid thread contention in task-parallel programs—as described in Section 5.2—each worker
of a parallel parfor loop gets a separate copy of DAGs that require recompilation. Subsequently,
the exact sizes of live variables are put into the leaf nodes of the DAG and propagated—with the
same approach as described in Section 4.2—recursively bottom-up through the DAG. After size
propagation, we apply again logical rewrites and operator selection to produce a temporary list of
runtime instructions that are executed and subsequently discarded. With additional techniques
for size propagation, this primitive for DAG recompilation is also used to recompile (1) entire
functions on entry, (2) the body of parfor loops before optimization [58], and (3) what-if plans
during resource optimization [150].

Open Research Questions: Runtime adaptation is important for generating efficient execu-
tion plans for complex ML algorithms but it is a trade-off between compilation overhead and
the benefit from better size estimates. Interesting research directions include more sophisticated
techniques for learning and reusing previous optimization decisions—as done for learning op-
timizers [318] and plan caching in database systems—to avoid unnecessary re-optimization,
especially in the context of mini-batch algorithms where this overhead can be significant.

4.6 SUMMARY
This chapter surveyed common compilation techniques—in terms of rewrites and other compiler
optimizations—of ML systems. Starting from different optimization scopes and objectives, we
discussed size propagation and logical rewrites, physical rewrites and operators, as well as ad-
vanced techniques such as operator fusion and runtime adaptation. Many of these techniques
have counterparts in query compilation and optimization, but DAGs of linear algebra opera-
tions and conditional control flow create additional challenges. Interestingly, the optimization
of stored procedures in database systems also receives increasing attention (e.g., SQLScript [50],
Froid [280], and GraalVM [60]) and shares many of these challenges. We, therefore, believe
that these challenges such as cardinality estimation, size propagation, and holistic optimization
constitute interesting directions for data management research. In the words of Pat Selinger:
“It’s a never-ending quest for an increasingly better model and repertoire of optimization and execution
techniques” [353].
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C H A P T E R 5

Execution Strategies
So far, we primarily discussed compilation techniques in terms of rewrites and optimizations. A
second major aspect of ML systems—but especially of large-scale ML systems—is the under-
lying execution strategy. Generally, there are three categories.

• Data-parallel Execution: (run the same operation over data partitions in parallel) for
batch algorithms, or hybrid batch/mini-batch algorithms;

• Task-parallel Execution: (run different tasks such as iterations in parallel) for custom
parallelization of independent subtasks; and

• Parameter Servers:1 (compute partial or full model updates over data partitions, with
periodic model synchronization) for mini-batch algorithms.

There are also hybrid approaches, which combine forms of these execution strategies. In this
chapter, we provide an overview of these execution strategies, classify existing ML systems ac-
cordingly, and discuss interesting runtime techniques, including special runtime optimizers. Fi-
nally, in the context of deep learning, there is a trend toward exploiting accelerators such as
GPUs, FPGAs, and custom ASICs for training and scoring, which is another specific hybrid
execution strategy.

Classification of Existing Systems: Many systems provide multiple execution strategies,
which usually target the system’s primary application use cases. Table 5.1 summarizes the
main system categories and their execution strategies. Numerical computing frameworks like
R, MATLAB, and Julia focus primarily on general-purpose numerical computing and, thus,
provide low-level means of thread-level and distributed task parallelism. For example, parallel
for loops can be realized in R with the packages doMC and doSNOW [103], in MATLAB with the
parallel computing toolbox [311], and Julia with @parallel and @distributed. Batch ML
systems primarily focus on data- and task-parallel large-scale ML for training and scoring. An
example is SystemML which automatically compiles local or distributed data-parallel operations
and provides parfor loops for local or distributed task parallelism. In contrast, mini-batch-
centric systems—as often used for deep learning—likeTensorFlow do not need distributed data-
parallel operations but primarily focus on a parameter server architecture for data- and model-
parallelism, very good accelerator support, and local task parallelism for concurrent operations
1Parameter server architectures are often separated into model- and data-parallel execution but we use model parallelism
synonymous with parameter servers to differentiate them from purely data-parallel strategies.
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and parallel loops (e.g., tf.while_loopwith parallel_iterations).The boundaries between
these categories are fluent, because for example parallel for loops can emulate data-parallel op-
erations and synchronous parameter servers. However, this classification allows for a high-level
comparison of existing systems with regard to their primary focus.

Table 5.1: Categories of ML systems with different execution strategies (TLP/Dist.)

Category Examples Data-Par Task-Par Param-Serv Accelerators

Numerical Computing R, Julia ü/ ü

Batch ML SystemML ü/ ü ü/ ü (ü/ ü) (GPUs)

Mini-Batch ML TensorFlow ü/ ü/ ü ASICs/GPUs

5.1 DATA-PARALLEL EXECUTION
Probably the most common approach to large-scale ML is a data-parallel execution strategy,
leveraging existing data-parallel frameworks such asMapReduce [97], Spark [370], or Flink [29]
for fault-tolerant computation on commodity hardware. The basic approach is to run an opera-
tion over partitions of the data—in local or distributed environments—in parallel, which might
also involve global grouping and aggregation. For multi-threaded (i.e., local) operations, this ex-
ecution strategy is rather straightforward, disregarding efficient cache-conscious operations, due
to direct access to subsets of the data. Therefore, in this section, we primarily focus on distributed
data-parallel execution using distributed collections of key-value data, and only briefly discuss
the exploitation of multi-threading and single instruction multiple data (SIMD) parallelism.

Data Representations: One of the most important aspects of data-parallel ML is the under-
lying data representation of matrices and more general tensors. In general, matrices are logically
partitioned into blocks and represented as collections of block indexes and block values. Blocks
might have fixed or variable logical size, which in turn leads to variable or fixed physical block
sizes in the presence of sparsity; most systems rely on fixed logical sizes as it simplifies global
index reconstruction and join processing [55, 320]. Regarding the concrete logical partitioning
and data representation, there are three predominant approaches with different tradeoffs.

• Block-PartitionedMatrices: Blocked (also known as tiled or chunked) matrices are par-
titioned into fixed-size squared (e.g., 1K � 1K) or rectangular blocks. Squared blocks pro-
vide the unique advantages of: (1) guaranteeing input and output alignment in binary and
ternary operations independent of the join dimensions; and (2) allowing block-local trans-
pose operations without shuffle. Additional advantages of blocks in general are (3) amor-
tizing processing and storage overheads; (4) bounding memory requirements even in the
presence of millions or billions of features; and (5) allowing for cache-conscious blocked
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operations. At the same time, converting row-wise text files or Spark datasets into blocked
representations requires shuffling in case of unaligned physical partitions and rows might
be split up into different blocks, potentially residing on different nodes. Example sys-
tems with blocked matrix representations are RIOT [381], PEGASUS [172], SystemML
[55, 123], SciDB [320], Cumulon [149], Distributed R [222, 339], DMac [366], Spark
MLlib’s block matrices [368], Gilbert [293], MatFast [367], and SimSQL [221]. Finally,
FlexiFaCT also uses squared block representations for tensor and tensor-matrix factoriza-
tions [46].

• Row-/Column Partitioned Matrices: A second very common representation are row-
(and less common column-) partitioned matrices. These row-partitioned matrices are sim-
ple collections of row indexes and rows.Themajor benefits are a seamless conversion (with-
out shuffling) from row-wise text files and datasets, and guaranteed local access to entire
rows, which also allows row aggregates such as rowSums without shuffling. However, in
languages like Java or Scala this representation causes additional storage overhead due
to object and array headers per row, which can be significant in case of few features or
ultra-sparse matrices. Furthermore, operations like X>X become very inefficient in the
presence of many features as row-wise access does not allow for cache blocking and thus,
very cache-unfriendly behavior. For example, with a matrix of 2K features, each row outer
product flushes the entire L3 cache and thus, causes cache thrashing across threads. A
special case of row-partitioned matrices are Spark MLlib’s LabeledPoint, which repre-
sents entire rows and their label. Example systems with row-partitioned matrices are Spark
MLlib [234], Mahout Samsara [301], Emma [30], SimSQL [221], and many UDF-centric
systems such as Bismarck [115], Tupleware [89], andHyper [263]. Obviously, systems with
support for rectangular blocks such as Distributed R [222, 339] can also enforce row- or
column partitioned matrices.

• Algorithm-Specific Partitioning: Additionally, there are also operation- and algorithm-
centric data representations. This includes, for example, heterogeneous block partitioning
for matrix inversion [357], redundant matrix storage with complementary row and column
partitioning formatrix factorization [95, 226], as well as joint data-and-model partitioning
for independent updates in DSGD [120] and Fugue [198]. Although the pre-processing
costs are often easily amortized for such expensive operations or algorithms, any specific
data representations might not allow for data reuse across algorithms anymore.

Example 5.1 Various Operations with Squared Blocks Squared block-partitioned matrices
are probably the most versatile distributed matrix representation. For example, Figure 5.1 shows
common linear algebra operations with different requirements and how they exploit squared
blocking. First, element-wise multiplication requires a join over matrix cells. Fixed-size blocking
allows for a one-to-one join over block indexes and produces an equivalently blocked output.



56 5. EXECUTION STRATEGIES
Second, matrix transposition flips row and column indexes. Squared blocking allows for a block-
local transpose reorganization without the need for data shuffling. Third, matrix multiplications
require a join over the common dimension, i.e., column indexes of the left and row indexes of
the right input. Squared blocking again ensures alignment, which would be impossible with
rectangular blocks, and equivalent output blocking, which is important for composing complex
distributed programs. �
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Figure 5.1: Example data-parallel operations.

SparseBlockRepresentations: Representing a matrix as a collection of index-block pairs fur-
ther allows to encode blocks independently as dense or sparse blocks in order to account for skew
of non-zero entries. Probably the most common sparse representations are compressed sparse
rows (CSR), compressed sparse columns (CSC), and coordinate format (COO) [157, 254, 297],
which all encode non-zero values as index-value pairs or triples in row- or column-major repre-
sentation. For example, a 3 � 3 matrix with the non-zeros :7, :1, :2, :4, :3 at positions .0; 0/, .0; 2/,
.1; 0/, .1; 1/, and .2; 1/, would be represented in CSR with an array for row pointers (offsets)
Œ0; 2; 4; 5� and two arrays for column index and values Œ0; 2; 0; 1; 1� and Œ:7; :1; :2; :4; :3�. In con-
trast, the COO format, simply stores—sometimes sorted—triples of (row-index, column-index,
value), which is advantageous for ultra-sparse matrices where the CSR row offsets would dom-
inate the storage requirements. There are also numerous hybrid formats such as hybrid (HYB),
which combines ELLPACK (ELL) and COO [43] and SLACID, which combines CSR and
COO [177] that aim to combine advantages of the individual formats. ML Systems often sup-
port a subset of common schemes. For example SystemML uses CSR, MCSR (modified CSR
with row-local allocation for more flexibility on incremental updates, SystemML’s default), and
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COO and selects formats for intermediates according to data and operation characteristics [55],
whileTensorFlow only supports COO because it easily generalized to tensors of (e.g., quadruples
for a 3D-tensor), and it allows the internal storage as a (d+1)-column dense block [22].

Physical Partitioning: The distributed collection of indexes and values is then physically or-
ganized in partitions, where each partition is stored and processed locally on a single node [222].
This partitioning is important because it is the granularity for caching and processing. When
reading from persistent storage such as HDFS, the underlying block storage (with its block
size configuration) determines the initial partitioning. Typical sizes are 128 MB partitions, but
if the underlying storage is compressed (e.g., in Parquet) the in-memory partition may be sig-
nificantly larger. For block- or row-partitioned matrices, these physical partitions then hold
multiple key-value pairs (e.g., 16 dense blocks for SystemML’s default 1K � 1K squared blocks),
which implies that the data representation influences the maximum number of partitions—and
thus, the maximum degree of parallelism—as well as the minimum size of physical partitions.
Furthermore, data-parallel frameworks such as Spark and other systems allow custom parti-
tioning functions for data shuffling, which can be used to co-partition matrices and avoid data
transfer [368]. Commonly used partitioning functions are hash-partitioning [55, 221, 222],
round-robin-partitioning [221], or 2D-block-partitioning [95]. This partitioning is created ei-
ther explicitly via repartition transformations, or implicitly on each shuffle-based operation
(e.g., when converting a row-wise input into a blocked representation).

Partitioning-Preserving Operations: As mentioned before, data-parallel frameworks such
as Spark [370] exploit any existing data partitioning for reducing data transfer on joins (e.g.,
on binary operations such as matrix multiplications and element-wise operations). For exam-
ple, consider a simple hash partitioning, where key-value pairs are assigned to partitions with
hash(key)%#partitions. Given two inputs with hash partitioning and an equal number of
partitions, allows for an efficient 1-1 join of partitions with equal IDs instead of a repartition
(i.e., shuffle-based) join. Hence, it is crucial for performance to preserve this partitioning. A
data-parallel operation is implicitly partitioning-preserving if keys remain unchanged and the
distributed computing framework can recognize that. Examples are filter and mapValues,
but also explicit declaration on mapPartitions. Partitioning is also important for mini-batch
algorithms over large-scale data as used in deep learning. Typical batching approaches are coarse-
grained batching or queues, which allow to overlap indexed batch access and computation of the
previous batch. Both scenarios can benefit from partitioning. Data-parallel frameworks usually
perform a full scan for block lookups, which is unproblematic for in-memory datasets because
filtering blocks only touches keys which are—for squared 1K � 1K dense blocks—106 times
smaller than the overall datasize. However, for out-of-core datasets—i.e., datasets that do not
fit in aggregate cluster memory—entire partitions are read and deserialized, which causes unnec-
essary overhead. In contrast, existing hash partitioning allows for computing relevant partition
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IDs for given block indexes and direct partition access via lookup or PartitionPruningRDDs,
which avoids the unnecessary I/O.

Multi-threading and SIMD: For efficient block operations—on local or blocked matrices—
many frameworks also employ data-parallel SIMD intrinsics and multi-threading. Frameworks
in native programming languages primarily focus on SIMD to exploit the increasing width of
SIMD registers, and thus, the available compute bandwidth and more efficient memory access.
Multi-threading is additionally applied by creating one or more tasks of row- or column-ranges
per thread together with (reused) thread pools for load balancing. For memory-bandwidth-
bound ML workloads, multi-threaded operations quickly saturate peak memory bandwidth,
independent of the use of SIMD. However, for mini-batch algorithms, where intermediates
might fit in the cache hierarchy and, of course, compute-intensive operations, SIMD is essential.
For this reason, Spark MLlib’s block matrices [368] and SystemML [259]—which both rely on
the Java virtual machine’s ( JVM’s) auto vectorization capabilities that are currently very limited
regarding packed SIMD instructions—use Java native interface ( JNI) to call basic linear algebra
subprograms (BLAS) and custom operations.

Open Research Questions: Most data-parallel frameworks—except traditional array
databases—support only matrices. It is an interesting open question how to support efficient
data-parallel operations over tensors, especially with regard to distributed blocked representa-
tions as well as sparse tensor formats and operations. Other challenges include operations over
inputs of different data types, and the handling of heterogeneous and nested tensors.

5.2 TASK-PARALLEL EXECUTION
While large-scale ML systems primarily focus on data-parallel computation, there are also nu-
merous use cases for task-parallel computation such as cross validation (CV), ensemble learning
(EL), hyper-parameter tuning, and special partitionable ML algorithms. For example, algo-
rithms like Random Forest are very naturally expressed in a task-parallel manner to learn many
decision tress in parallel. While these use cases are often embarrassingly parallel, they exhibit
other challenges such as the optimization of hybrid data- and task-parallel computations (as
discussed in Section 5.4), data partitioning and locality in distributed environments, as well as
the integration with schedulers of data-parallel frameworks to share cluster resources.

Taxonomy of Task-Parallelism: Language constructs such as MATLAB’s parfor [311], Sys-
temML’s parfor [58], orR’s parallel foreach [103] provide parallel for loops, which allow a wide
variety of task-parallel computations. To provide an overview of relevant problems, we use a tax-
onomy of task-parallel ML algorithms [58]. Table 5.2 shows the two data- and model-oriented
dimensions. The data-oriented dimension distinguishes three main classes. First, disjoint data
means that iterations access non-overlapping subsets of the input data. An example are univari-
ate statistics, which compute summary statistics per column. Second, overlapping data refers to
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overlapping subsets of the data as used for model selection, where each iteration builds a model
over a subset of features, or k-fold cross validation, where each iteration builds a model over
k-1 partitions. Third, all data consumes the entire dataset per iteration. This is often the case for
hyper-parameter tuning or ensemble learning, which allow optimizations such as caching and
shared scans.

Table 5.2: Taxonomy of task-parallel M algorithms with examples

Single Model Multiple Models

Disjoint Data DSGD [120], Data Generation Univariate Statistics, Independent 

Models

Overlapping Data Cascade SVM [129], ALS-DS, EM Bivariate Statistics, Meta Learning, 

CV

All Data Multi-Class/-Label (1-vs-rest), EL Meta Learning, EL

Example 5.2 Task-Parallel Hyper Parameter Tuning As an example of hyper-parameter
tuning, consider a scenario of systematically evaluating the model accuracy with different regu-
larization parameters � 2 .10�1; 10�2; 10�3; 10�4/ for our linear regression script from Exam-
ple 4.1.

1: lambda = 10^(-seq(1,4));
2: R = matrix(0, nrow(lambda), 2);
3: parfor(i in 1:nrow(lambda)) {
4: beta = linregCG(X, y, as.scalar(lambda[i,]));
5: R2 = evalLinreg(Xval, yval, beta);
6: R[i,] = list(lambda[i,], R2);
7: }

In detail, we first create a vector of the different lambda values. For each such value, we then
train and evaluate a linear regression model, where we use the coefficient of determination R2

to validate the goodness of fit over a hold-out validation set. Due to the absence of loop-carried
dependencies, we use a parfor loop to indicate the potential for task parallelism. Since we train
and evaluate the models over the same inputs X, y, Xval, and yval, there is substantial potential
for reusing intermediates and scan sharing across parallel iterations. �

PhysicalOperators: Executing a task-parallel subprogram such as parfor(i in 1:N){: : :},
entails the steps of: (1) task partitioning for grouping iterations into tasks (e.g., via fixed size par-
titioning, or factoring [154]); (2) optional data partitioning for efficient distributed data access
and execution; (3) parallel execution of tasks; and (4) result aggregation to merge the individual
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results of all parallel tasks. Similar to the selection of physical operators described in Section 4.3,
state-of-the-art systems provide different physical operators for each of these steps, depending
on data, cluster, and program characteristics [58]. For example, common physical operators for
parallel execution include the following.

• Local parfor: A local parfor operator runs in the driver process with multi-threaded
workers to execute the individual parfor tasks. There are two major uses cases. First, for
small data and moderate compute workload—where all body operations are also sched-
uled to local operations—this strategy avoids unnecessary latency and data transfer for
distributed execution. Second, for very large, non-partitionable input data, the body op-
erations are scheduled to distributed data-parallel operations. Having such data-parallel
operations in the parfor body requires a local parfor driver because nested resilient dis-
tributed dataset (RDD) operations (RDD operations spawn out of tasks of an RDD oper-
ation) are not supported by Spark (or MapReduce) as nested parallelism on a fully occupied
cluster might cause cluster deadlocks. A multi-threaded driver with data-parallel opera-
tions leads to concurrent data-parallel jobs, potentially inter-mixed with local operations.
The available degree of parallelism is distributed top-down over potentially nested parfor
loops to multi-threaded operations.

• Remote parfor: Complementary to the local parfor operator, the remote parfor oper-
ator runs the entire parfor loop as a single distributed job. This operator is applicable
if the memory estimates of body operations—potentially over partitioned inputs, as dis-
cussed later—fit into the memory budget of remote workers. For example, in SystemML
such a remote parfor operator translates to a single map-side MR or Spark job, shar-
ing cluster resources with other data-parallel jobs. Read-only input matrices are read once
and reused across executor tasks. The primary use cases for this strategy are loops with a
very large number of iterations, loops with expensive iterations (e.g., compute-intensive
operations, or iterative algorithms), and partitionable problems over large datasets.

• RemoteDP parfor: Special cases of partitionable workloads are addressed with fused op-
erators that combine data partitioning and execution to avoid materializing individual par-
titions in HDFS, which can be problematic for large numbers of files. Specifically, if the
parfor body is guaranteed to access disjoint data of a single partitioned input, where each
partition is accessed exactly once, a remote DP parfor operator can be used to execute
the entire parfor loop in a data-parallel manner via map-side partitioning, shuffling, and
reduce-side execution. An example are univariate statistics—which compute various sum-
mary statistics per column—over a dataset that is too large for broadcasting to all executors.
Here, the fused operator partitions themajor input in blocked representation column-wise,
and executes the body program for each column.

In SystemML, these operators are selected—as part of a larger rewrite set—by a dedicated parfor
optimizer, which is triggered on each execution of a top-level (i.e., potentially nested) parfor
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loop because this ensures that the number of iterations as well as input and output data charac-
teristics are known.

Partitioning and Data Locality: Apart from purely task-parallel problems, parfor is also
used to execute—potentially complex—subprograms over independent partitions of the data. At
the surface this is similar to emulating data-parallel operations. However, in contrast to data-
parallel execution strategies as described in Section 5.1, these subprograms dictate the access
to entire partitions and thus, affect the physical partitioning. The challenge is to automatically
identify the access patterns of indexing operations in the parfor body and partition the inputs
if it is valid and beneficial. Examples are row-, column-, or block-partitioning [58, 149]. For
efficient distributed operations over partitioned inputs, it is further necessary to explicitly map
parfor iterations, or parfor tasks in terms of groups of iterations, to accessed partitions in
order to leverage data locality on data-parallel execution frameworks [58]. Furthermore, if the
partitioned matrix is used read-only in a surrounding iterative algorithm, this partitioning can
be reused to amortize the partitioning costs across multiple parfor instances.

Example 5.3 Batch Partitioning for DL Scoring Consider an example scenario of predic-
tion, where we have a trained CNN model and want to classify a large number of images. Since
the classification of individual images is independent, this is naturally expressed in a task-parallel
manner, either row-wise (per image) or batch-wise (batch of images), where the latter allows for
better exploitation of the underlying HW. Here, Ni is the number of images (i.e., nrow.X/), Nc
is the number of classes, and B=100 is the batch size.

# a) row-wise CNN prediction # b) batch-wise CNN prediction
Prob = matrix(0, Ni, Nc) Prob = matrix(0, Ni, Nc)
parfor( i in 1:Ni ) { parfor( i in 1:ceil(Ni/B) ) {
Xb = X[i,]; Xb = X[((i-1)*B+1):min(i*B,Ni),];
Prob[i,] = ... # CNN scoring out = ... # CNN scoring

} Prob[((i-1)*B+1):min(i*B,Ni),] = out;
}

Since X is large and CNN scoring is compute-intensive, we aim to compile a remote parfor
for distributed computation, with appropriate partitioning of X. For the row-wise formulation
(a), this requires row partitioning to reconstruct entire rows, from the underlying blocked repre-
sentation. Similarly, the batch-wise formulation (b) requires block partitioning into batches of
100 rows. In contrast to data-parallel operations, the CNN scoring is a complex, user-defined
linear algebra program. �

Integration with Data-Parallel Systems: Systems that aim to support both data- and task-
parallel computation, typically map task-parallel constructs like parfor to data-parallel prim-
itives such as map or reduce tasks in MapReduce and flatMapToPair or foreach on Spark
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[55, 58]. This integration allows sharing the underlying distributed computation framework, as
well as cluster resources including the reuse of cached data. Other work similarly allows general
OpenMP applications and provides a custom OpenMP backend that maps tasks to the database
scheduler in order to enable prioritization of concurrent transactional or analytical workloads
[355]. Furthermore, this hybrid task- and data-parallel execution also allows for additional op-
timizations, which will be discussed in Section 5.4

5.3 PARAMETER SERVERS (MODEL-PARALLEL
EXECUTION)

For mini-batch algorithms—as commonly used for deep neural networks (DNNs) and general-
purpose optimizers like SGD—as well as complex models like latent dirichlet allocation (LDA),
the predominant parallelization strategy is the parameter server architecture [24, 96].The existing
literature often distinguishes between data- andmodel-parallel parameter servers [96, 359, 360].
However, to separate these execution strategies from data-parallel execution introduced in Sec-
tion 5.1, we use model-parallel execution as a general term for parameter servers. In this section,
we give an overview of design choices for the deployment of these parameter servers, covering
their architecture and update strategies, as well as their impact on the tradeoff between statistical
and hardware efficiency.2

Data-Parallel Parameter Servers: The general parameter server (PS) architecture consists of
N workers (sometimes clustered into worker groups [210]), M parameter servers, and an op-
tional coordinator. Figure 5.2a shows the architecture of a data-parallel parameter server. In
this architecture, each worker holds a disjoint partition of the input data (or overlapping but
differently randomized partitions), and a replica of all model parameters. While processing a
batch, each worker performs an entire forward and backward pass of the given training func-
tion to compute parameter gradients (�W in Figure 5.2a), which are then sent back to the
central parameter server to apply it to the global model. There are different optimizers such
as SGD, SGD-Nesterov, SGD-momentum, RMSprop, Adam, and Adagrad, but their model
updates are commonly basic element-wise operations. Before processing the next batch, each
worker fetches the current model from the parameter server. This communication is often im-
plemented via push (update the global model) and pull/fetch (obtain the global model from the
PS) primitives [96, 210]. The most fine-grained (and common) update frequency is once per
batch, but there are also scenarios that allow other regimes of multiple batches [96], an entire
epoch [273], or based on the size of sparse updates [161]. However, communicating full model
updates per batch often constitutes prohibitive communication and aggregation overhead. This
challenge is tackled via optimizations such as pre-fetching [91, 159], range-based push and pull
2Statistical efficiency is a well-defined term for algorithm efficiency in terms of the number of accessed data points to achieve
a certain accuracy. Clearly, increasing the independence of distributed computation increases the hardware efficiency, but
decreases the statistical efficiency due additional staleness of model replicas. However, this tradeoff is nonlinear because too
small batches also increase the variance per batch, which can be counter-productive in terms of statistical efficiency.
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(communicate only subset of the model) [159, 210], and residual accumulation as used in 1-bit
stochastic gradient descent (communicate partial gradients quantized to 1 bit but remember local
quantization error) [305]. Example systems that support data-parallel parameter servers include
all major deep learning frameworks such as TensorFlow [23], MXNet [72], PyTorch [264], and
CNTK [304].
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Figure 5.2: Data- and model-parallel parameter server architectures.

Model-Parallel Parameter Servers: In contrast to the general PS architecture (which still re-
quires each worker to hold the entire model), model-parallel parameter servers address the chal-
lenge of very deep or wide networks, where the entire model (i.e., the weight matrices/tensors for
all layers) does not fit into a single node or device. In this architecture, shown in Figure 5.2b, each
worker is responsible for a disjoint partition of the overall learning network or model, and only
holds the weights or data required for these partitions. Thus, each worker acts simultaneously as
worker and parameter server. However, network edges (i.e., data dependencies) that cross par-
tition boundaries require the exchange of intermediate results. For example in Figure 5.2b, we
have a chain of four workers with five dependencies between adjacent workers. Apart from dis-
tributed model storage, this architecture also offers parallelization opportunities for independent
network partitions (e.g., parallel lanes in a large network architecture) and pipeline parallelism.
This is similar to query plan partitioning in distributed data stream management systems [163].
As an example for pipeline parallelism, consider again Figure 5.2b: the computation of O12 in
worker 1 can be overlapped with transferring the intermediate from O11 to O21 and computing
O21. For sufficiently deep pipelines of operators, this approach can fully utilize all workers. Due
to the dependence on the network architecture—which can be very narrow for deep networks—
and often larger communication overhead, this model-parallel architecture is, however, more
common in multi-device than multi-node setups. In contrast to data-parallel parameter servers,
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this model-parallel architecture does not affect the statistical efficiency. Hence, in practice both
data- and model-parallel parameter servers are sometimes combined to effectively leverage large
clusters of machines [96]. In contrast, Petuum’s model-parallelism [359] uses so-called schedul-
ing functions to select independent or weakly correlated parameters for parallel processing, which
also offers the flexibility of combining data- and model-parallel computation.

Update Strategies: In the context of data-parallel parameter servers, one of the most impor-
tant design choices is the used update strategy, which offer different tradeoffs between statistical
and hardware efficiency. Major categories include the following.

• Synchronous (BSP): Basic synchronous parameter servers use a global barrier to wait for
parameter gradients from all workers and redistribute the model after aggregation. While
this ensure that each worker gets the current model for the next batch, this strategy is
prone to stragglers because all workers are blocked until the slowest worker finishes. In
this setting, the batch size per worker is sometimes derived via B=N from the batch size
and number of workers [126].

• Asynchronous (ASP): Since optimizers such as SGD are robust to additional noise intro-
duced by asynchronous updates, asynchronous parameter servers update and redistribute
the global parameters without blocking individual workers. While this approach over-
comes the problem of stragglers, it decreases the statistical efficiency because workers use
stale parameters.

• SynchronouswithBackupWorkers [67]:More recently, a hybrid approach that combines
the strength of both strategies, synchronous with backup workers, has been introduced
[22, 67]. In this approach, there are N+b workers and the parameter server blocks until
updates from N workers have been received.

• Stale-Synchronous [144] (SSP): Similar to backup workers, the stale-synchronous
regime [144, 159, 359] uses weak synchronization barriers but via a maximum staleness
constraint of s clocks between the fastest and slowest worker. If this constraint is violated,
the faster workers are forced to wait; otherwise, workers can use locally cached versions to
reduce communication.

• Hogwild! [288]: For multi-threaded environments and sparse optimization problems (i.e.,
where each model update affect only a small subset of parameters), Hogwild! optimisti-
cally updates the shared model without any locking. This approach avoids thread con-
tention while achieving near optimal convergence rates because conflicts are very unlikely
for sparse model updates. Similar techniques can also be applied in the context of asyn-
chronous parameter servers for aggregating concurrently arriving model updates.

• Decentralized [213]: Despite the general parameter server architecture of M physical pa-
rameter servers, the global parameter server can be viewed as a central coordinator, which
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might become a scalability bottleneck for large numbers of workers. Therefore, recent work
explored an alternative architecture where workers only communicate updates to their local
peers in a given network topology [213].This approach has the potential to reduce commu-
nication and aggregation overheads, while still being able to globally converge over time.
Systems with a similar decentralized architecture include Ako with peer-to-peer exchange
of partial gradient updates [349], and FlexRR, with peer-to-peer re-assignment of work
[138].

Data Partitioning Schemes: Furthermore, there are a number of common data partitioning
schemes, which all can be realized via linear algebra operations. This enables the reuse of local
and distributed data-parallel operations to ensure robustness for large training data sets.

• Disjoint Contiguous: Each worker receives a contiguous partition of rows from the fea-
ture and label matrices, which can be realized via right indexing
Xp = X[id*blocksize+1:(id+1)*blocksize,].

• Disjoint Round Robin: Rows of X are distributed to workers round robin, which can be
realized with a selection matrix multiply per worker
Xp = removeEmpty(diag(seq(1,nrow(X))%%k)==id), margin=rows) %*% X.

• Disjoint Random: In this scheme, each worker receives a random non-overlapping se-
lection of rows. This can be implemented by creating a random permutation matrix P
(e.g., with table(seq(1,nrow(X)), sample(nrow(X),nrow(X),FALSE))) and subse-
quent permutation matrix multiply per worker
Xp = P[id*blocksize+1:(id+1)*blocksize,] %*% X.

• OverlapReshuffle:Here, every worker receives the full data set but in a different randomly
reshuffled order. For each worker we create a new random permutation matrix Pi and
reshuffle the entire dataset with Xp = Pi %*% X.

Fault Tolerance: Training deep neural networks can take hours to weeks. This time scale to-
gether with distributed data- or model-parallel computation requires fault tolerance to mitigate
failures and preemption [22]. However, in contrast to fault tolerance via lineage or material-
ization in Spark and Hadoop (as explained in more detail in Section 7.2), weaker schemes are
sufficient for mini-batch algorithms that are able to tolerate the loss of individual batches or
partitions [22, 243]. Common techniques include user-defined checkpointing primitives such
as save/restore and custom checkpoint retention schemes in TensorFlow [22], replication of
parameters between parameter servers for hot failover [210], and loss function approximation
for lost partitions [243].

Federated ML: Distributed parameter servers still require data consolidation in a dedicated
cluster infrastructure. In contrast, federated ML [187] aims at equipping edge and end-user
devices (such as IoT and mobile devices) with necessary ML training capabilities to ensure data
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privacy by refraining from data consolidation. Major challenges are the data communication
overhead (limited communication, massively distributed, unbalanced data), processing perfor-
mance and capabilities of the end devices (unreliable or offline compute nodes), training and
validation without direct access to labeled or raw data, and data privacy [187, 232]. Similar
to data-parallel parameter servers, in Federated ML, each device acts as a worker that com-
putes local updates, and sends gradient or model updates to a central group of parameter servers
that aggregate and redistribute the global model. Due to the massive scale and limited com-
munication, a major focus is on reducing the communication overhead. Apart from different
update strategies and frequencies, lossless and lossy compression, sparsification, and residual
accumulation, additional specialized techniques have been proposed in this context. First, ran-
dom client sampling per iteration [187, 232] ensures a moderate number of workers, and copes
with unbalanced data and unreliable nodes. Second, structured and sketched updates [188] per-
form systematic sparsification of updates, where structured updates learn from a restricted space
(low-rank or random selection), while sketched updates learn a full update and subsample or
quantize afterward. Similarly, deep gradient compression only sends sparse gradients [214]—
i.e., values that are larger than a threshold, with residual accumulation—but combines that with
momentum correction, gradient clipping, momentum factor masking, and warm-up taining.

Open Research Questions: The diversity and complexity of applied techniques for reducing
the communication overhead and staleness is rapidly increasing. This trend together with the
complex accuracy-runtime tradeoff, renders it increasingly difficult to find good configurations
(e.g., number of workers/servers, or quantization/sparsification techniques). Similarly, it has
been shown that the maximum useful batch size varies significantly, and is strongly optimizer-
and data-dependent [309]. Accordingly, we believe that the online tuning of configurations and
communication patterns during runtime poses an interesting direction for future work.

5.4 HYBRID EXECUTION STRATEGIES

Apart from purely data-, task-, or model-parallel execution, there are various use cases that ne-
cessitate hybrid execution strategies. Example use cases are ensemble learning, cross validation,
or hyper-parameter tuning over large datasets, which allow for task-parallel training of differ-
ent configurations, while requiring distributed data-parallel jobs accessing the feature matrix X.
The most common hybrid strategies are (1) task- and data-parallel, as well as (2) model- and
data-parallel execution.

Batching: Many iterative ML algorithms for classification, regression, and clustering rely on
matrix-vector multiplications over the feature matrix X to converge to an optimal model. These
matrix-vector multiplications are not compute- but memory-bandwidth-bound due to a low
operational intensity of only two floating point operations per matrix entry read from main
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memory.3 A common technique to address this bottleneck in the context of task-parallel train-
ing over a shared input matrix is scan sharing via batching. Instead of performing multiple
independent matrix-vector multiplications Xv1, Xv2, and Xvn, the idea is to concatenate v1,
v2, and vn to V and perform a single matrix-matrix multiplication XV which requires a single
pass over the feature matrix. Example systems that apply batching are Columbus [373] and Tu-
PAQ [317]. This static batching often improves performance by better utilization of the compute
bandwidth. However, this approach is limited to scenarios with a homogenous ML algorithm—
without data-dependent control flow—and a fixed number of iterations. Instead, recent work
introduced on-the-fly batching for dynamic computation graphs (like PyTorch) via lazy evalua-
tion, padding and masking [246].

Example 5.4 BatchingofMatrix-VectorMultiplications Assume we have a 1M � 1K dense
matrix in double precision (of size 8 GB), and we want to compute 8 matrix-vector multi-
plications. Further assume a node with two Xeon E5-2440, 2 � 32 GB=s memory bandwidth
and 2 � 115:2 GFLOP=s compute bandwidth. The expected improvement of batching is then
computed—under the assumptions of reaching peak performance, and no cache reuse across
concurrent scans—as follows:

T .8M V / D 8 �max.8 GB=64 GB=s; 2 GFLOP=230:4 GFLOP=s/
D 8 �max.0:125 s; 0:009 s/ D 1 s

T .M8V / D max.8 GB=64 GB=s; 8 � 2 GFLOP=230:4 GFLOP=s/
D max.0:125 s; 0:069 s/ D 0:125 s:

(5.1)

In this scenario, we get an ideal improvement of 8x but we see that the read and compute times
almost reach a break-even point. This characteristic is the underlying reason why systems such as
TuPAQ [317] use a heuristic batch size of 10 to tradeoff the performance benefit from batching
and the potential accuracy benefit from searching models sequentially. �

Runtime Piggybacking: In order to allow scan sharing for convergence-based ML
algorithms—i.e., with an unknown number of iterations—runtime piggybacking moves these
batching decisions to the runtime level. For examples, SystemML’s parfor optimizer [58] auto-
matically enables runtime piggybacking without the need for script changes. The basic idea is a
wait-merge-submit-return loop. When enabled, distributed jobs from concurrent parfor tasks
are intercepted, put into a queue, merged into a smaller or equal number of jobs, and submitted
concurrently on the cluster. Finally, the results are distributed back to the waiting client jobs. In
this execution strategy, the block-level operations remain unchanged but read blocks of a shared
input are reused with better temporal locality. Choosing a good waiting strategy is crucial for
performance to maximize sharing potential without negatively affecting the client latency. The
basic time-based waiting strategy simply triggers the merge and submission periodically every
3A hardware-specific roofline analysis is a great tool for visualizing this characteristic [352].
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�t . However, this constant period introduces unnecessary latency for small datasets, and misses
sharing potential for large datasets. The utilization-based strategy overcomes these problems via
a time-decayed utilization threshold: if the current cluster utilization exceeds this threshold, we
keep collecting jobs until the next check interval. Intuitively, if the cluster is already utilized, sub-
mitted jobs would anyway wait for free slots; hence, we wait longer to increase sharing potential.
Since this threshold is monotonically decreasing with time, there is no danger of starvation.

Fine-grained Data-Parallelism: In addition to the previously discussed scan sharing tech-
niques, there are even more use cases that leverage hybrid execution strategies with fine-grained
data parallelism. For example, consider a simple task parallel program [58] of parfor(i in
1:n) R[i,] = linregDS(X, y, ...). If n is less than the number of threads, we can assign
the remaining parallelism to multi-threaded data-parallel operations of the body program in
order to fully utilize the underlying hardware. Another example is model-parallel training with
parameter servers. At a coarse-grained level, we partition the data set across workers, where each
worker runs local iterations. Operations within each worker then again may leverage multi-
threaded data-parallel CPU or GPU operations. SystemML optimizes these decisions during
compilation and recompilation, while TensorFlow uses common thread pools to dynamically
assign threads.

5.5 ACCELERATORS (GPUS, FPGAS, ASICS)
The success of deep learning architectures—with their high computation and energy demands—
was largely enabled by significant hardware advancements over the last couple of years, especially
for GPUs but also CPUs. This includes wider SIMD registers, increasing degree of parallelism,
and specialized instructions such as fused multiply-add. Increasing data and model sizes, how-
ever, pose challenges for general-purpose devices regarding training time, scoring latency, and
energy demand. These challenges are increasingly tackled via different means of hardware spe-
cialization, often broadly termed—albeit imprecise—“accelerators.” In this section, we give a
general overview of the spectrum of these accelerators, and discuss in more detail aspects related
to data management, including specific data types, the increasing importance of efficient data
transfer, and the exploitation of sparsity.

A Spectrum of Accelerators: The landscape of existing accelerators ranges from general-
purpose devices to chips for specific deep learning applications such as vision. The design and use
of these accelerators makes a conscious tradeoff between performance and energy consumption
vs. flexibility with regard to diverse and future (and thus unknown) workloads. In the following,
we review the most popular categories and give examples of devices and systems.

• Graphics Processing Units (GPUs): Over the last decade, GPUs have been widely de-
ployed as accelerators for a number of workloads ranging from high-performance com-
puting (leveraging the high compute capabilities) to query processing (leveraging its high
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memory bandwidth). These GPUs are now also extensively used for deep learning training
and scoring [279]. However, recent architectures such as NVIDIA Volta show a trend to-
ward specialization by providing dedicated “tensor cores” which are dedicated instructions
for 4x4 half-precision matrix multiply (i.e., 64 half-precision fused multiply-add) [93].

• Field-Programmable Gate Arrays (FPGAs): For more hardware specialization accord-
ing to application needs, other systems leverage customizable hardware such as FPGAs.
Examples are Microsoft’s Catapult [64], which uses servers of dual Xeon CPUs with a
PCIe-attached FPGA for prefiltering neural networks and compression, as well as its suc-
cessor Microsoft’s Brainwave [78], which uses neural processing units (NPUs) for dense
matrix-vector multiplication and other specialized instructions on the FPGA. Related to
ML in DB systems,DAnA [225] focuses specifically on compilation aspects, efficient data
transfer of DB data pages, and a multi-threaded FPGA execution engine.

• Application-Specific Integrated Circuit (ASICs): Additional improvements regarding
performance and power/energy consumption are often achieved via specialization in the
form of custom ASICs. The spectrum of chips ranges from general DL accelerators (with
HW support for matrix multiply, convolution, and activation functions) to custom chips
for applications such as vision and image processing. Examples of general-purpose ASICs
include Google’s tensor processing units (TPUs) [165], NVIDIA’s deep learning accelera-
tor [93], which is—besides other accelerators like a programmable vision accelerator—part
of NVIDIA’s Xavier SoC, and Intel’s Nervana neural network processors (NNP) [283].
An example of a more specialized chip is the Cadence Tensilica Vision Processor [109],
which provides custom instructions for image processing and CNN operations.

OtherTechnologies: Parallel to the above mainstream development, several projects explored
alternative architectures such as neuromorphic computing and analog computing. For example, the
DARPA SyNAPSE program supported the development of the IBM TrueNorth ultra-low-
power architecture of neurosynaptic cores [37, 271] and the HP memristor chip for computa-
tional storage [182].These technologies are often referred to as spiking neural networks.We refer
the interested reader for more details to a recent survey on neuromorphic computing [303]. The
common use of lossy compression such as ultra-low precision and quantization—which we will
discuss in Section 6.2—further spurred a renewed interest in analog computing [361]. However,
there has been criticism regarding cost, scalability, and noise compared to digital computing.

Data Transfer and Types: With increasing compute capabilities of accelerators in terms of
their peak compute bandwidth, even many deep learning scoring applications are rendered
memory bandwidth bound [165]. Furthermore, despite emerging link and memory technolo-
gies, most accelerator devices have very limited on-device memory, which causes repeated data
transfer over PCIe for training (e.g., in a model-parallel manner, as shown in Section 5.3). Sim-
ilarly, scoring requires transferring the input data stream to the accelerator device. Currently,
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the most common approaches are compression techniques as discussed in Section 6.2. These
include low- and ultra-low-precision storage and operations, quantization, and sparsification.
However, because these lossy compression techniques affect accuracy, often heterogeneous data
types are used (e.g., ultra-low precision for weights but higher precision for accumulators). Some
libraries even use (1) custom data types (e.g., Intel’s Flexpoint [189]) with different allocation of
exponent and mantissa bits to satisfy special scaling requirements, or (2) use dedicated scaling
techniques of intermediates at algorithm level to ensure certain value ranges. For this reason,
many accelerators like Google’s TPUs have dedicated support for mixed precision operations
built in [165]. However, the global, i.e., program-wide, tradeoffs of performance, memory re-
quirements, and the impact on algorithm convergence could be best addressed at ML systems
level with full context knowledge and control of the ML program.

Sparsity Exploitation: Most accelerators focus on dense operations only, which is wasteful
both in terms data transfer and computation. There are existing libraries such as cuSPARSE
for sparse BLAS operations on GPUs but these libraries have—even for simple expressions—
substantial room for improvement [39]. The high peak performance of existing accelerators,
however, mitigates this shortcoming by pushing the break-even point of dense and sparse oper-
ations. Nevertheless, it is important to understand that dense operations over sparse inputs have
a worse asymptotic behavior and thus exhibit increasing overhead with increasing sparsity. The
key problem are irregular structures [93]—in terms of sparsity skew across rows and columns—
which makes it hard to achieve high utilization in a massively parallel system and even harder to
construct custom hardware. Multiple vendors and research projects aim to address this challenge
in the future [93, 165]. For example, the NVIDIA DLA ASIC defers weight decompression
just before instruction execution [93], while SCNN works on sparse weights and activations
[261]. Complementary software techniques include the clustering of rows by non-zeros with
partial padding [38], which is possible for a subset of operations such as matrix-vector multiply
but faces challenges for mini-batch algorithms with small numbers of rows per batch.

Open Research Questions: Increasing HW specialization reduces flexibility and often relies
on vendor-provided libraries for full exploitation near peak performance.This createsmajor chal-
lenges for ML systems. First, calling predefined kernels for well-defined operations by itself is
simple, but deciding when this is beneficial, especially with data transfer, potential format con-
versions, and memory management is a non-trivial task. These decisions need good performance
and memory models, which often require reverse engineering due to the lack of white-box spec-
ifications of the underlying HW and internals of these vendor-provided libraries [175]. Second,
automatic operator fusion via code generation, as described in Section 4.4, is evenmore challeng-
ing because it requires well-defined instruction sets and a deep understanding of the underlying
accelerator. The TVM project [71, 73] aims at a compilation stack for FPGA and ASICs by
leveraging tensor instructions of the underlying accelerators and an ML-based construction of
a cost-model from few exploration runs. However, these instructions are still constantly evolv-
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ing. Therefore, until now, this problem is primarily addressed via vendor-provided accelerator
backends for popular ML systems such as TensorFlow’s XLA and thus, limited to single-device
targets (e.g., Intel ’s Nervana Graph [185] or NVIDIA TensorRT [255]).

5.6 SUMMARY
In this chapter, we gave an overview of the major execution strategies of ML systems: namely
data-parallel for batch algorithms, task-parallel for independent sub problems, and parameter-
servers for data- or model-parallel mini-batch algorithms. We also surveyed hybrid strategies
for combining these execution models, as well as means of hardware specialization in the form
of accelerators. However, most ML systems still primarily focus on subsets of these execution
strategies. Given the diversity of algorithms, statistical tests, and model management workloads,
further work on seamlessly combining these execution strategies could significantly improve user
productivity, performance, as well as deployment agility and robustness. This includes different
runtime abstractions, broader support for distributed tensor operations, and automatic tuning
of runtime configurations and techniques that affect performance as well as accuracy.
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C H A P T E R 6

Data Access Methods
Apart from physical rewrites like caching or partitioning, and data representations discussed so
far, there are several existing techniques for efficient data access inML systems.These techniques
bear strong similarity with corresponding data access methods in database systems, with the
difference of focusing on dense and sparse matrices or tensors, as well as specific access patterns
of ML workloads. In this chapter, we survey existing techniques for caching and buffer pool
management (what to keep in memory), compression and data types (how to represent the
data), Non-Uniform Memory Access (NUMA)-aware partitioning and replication (where to
place the data), index structures (how to access the data), as well as side effects between these
techniques.

6.1 CACHING AND BUFFER POOL MANAGEMENT
Especially for iterative ML algorithms, caching and buffer pool management is crucial for per-
formance. In this section, we provide an overview of strategies for distributed caching, graceful
eviction of local intermediates, as well as dedicated out-of-core operations. Interestingly, caching
and buffer management in ML systems follows an approach similar to anti-caching in modern
memory-centric database systems [98], where the primary storage is the deserialized in-memory
representation, which is gracefully serialized and evicted to local or remote storage on demand.

Distributed Caching: Probably the most common form of caching is distributed caching in
data-parallel frameworks such as Spark [370]. Decisions on cached intermediates and their stor-
age level can be made manually, or automatically as described in Section 4.3. A very com-
monly used storage format for distributed matrices—but also implicitly for all broadcasts—is
MEMORY_AND_DISK that stores the matrix in deserialized blocked representation, with LRU evic-
tion1 to local storage at the granularity of physical partitions [55]. For iterativeML algorithms—
that are often memory-bandwidth bound—this is beneficial for performance as it avoids de-
serialization per iteration. Eviction to local storage also avoids unnecessary recomputation or
text-to-binary conversion, which involves expensive data shuffling. However, there are scenarios
of sparse and ultra-sparse matrices with row-oriented sparse block formats, where deserialized
caching can cause unnecessary evictions due to the storage overhead of object and array headers
per block or row. In SystemML, these scenarios are addressed by (1) converting sparse matrix
blocks into the read-optimized CSR format on caching, and (2) storing large ultra-sparse ma-
1Spark uses recursive inspection and sampling for larger arrays to estimate the size of deserialized objects.
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trices in serialized form with MEMORY_AND_DISK_SER. Additional techniques include the use
of lightweight general-purpose compression such as Snappy or LZ4, which we will discuss in
Section 6.2.
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Figure 6.1: Example multi-level buffer pool (device memory, FS, HDFS).

Multi-Level Buffer Pools: Systems with multiple backends such as local and distributed op-
erations, or CPU and GPU operations often provide a buffer pool for intermediate variables
along with automatic memory management for evictions to handle cases where all live variables
do not fit into available memory. Similar to traditional buffer pools in databases systems, such a
buffer pool provides primitives for pinning and unpinning matrices. This abstraction enables, for
instance, an in-memory CPU operation to explicitly pin its inputs to prevent evictions, while the
operator is running. In this context, we classify existing techniques according to the granularity
of memorymanagement. SystemML, for example, pins entire matrices [55], whereas systems like
Elementary [375], RIOT [381], and ARCHIE [104], work at the level of individual pages. For
example, Figure 6.1 shows key primitives of SystemML’s buffer pool, which enables lazy I/O and
data transfer (i.e., data transfer on the first operation that requires the data), lazy Spark-RDD
and GPU-kernel evaluation (e.g., job scheduling on RDD actions2), as well as graceful evictions
from GPU and CPU memory. First, pinning a matrix into memory—via acquireRead—can
trigger pending RDD operations (e.g., collect the output of lazy RDD transformations), or wait
for asynchronous GPU kernels. Second, data is only read from persistent storage (e.g., HDFS
or S3) or transferred between devices (e.g., CPU to GPU memory) if an operation actually pins
it into GPU or CPU memory, respectively. For dense GPU operations, a similar strategy is used
to preallocate and pin the output, while sparse outputs generally require incremental allocation.
Finally, the buffer pool is also responsible for (1) creating RDDs and broadcast variables for dis-
tributed operations, and (2) exporting dirty matrices—that have been modified or only exist in
memory—to persistent storage on request. Example scenarios that require an export are explicit
2Spark’s RDDs provide two kinds of operations: transformations and actions, where only actions such as reduce or collect
trigger the evaluation.
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persistent writes or operations that expect their inputs in persistent storage (e.g., MapReduce
jobs). Other multi-level buffer pools as used in ARCHIE detect access patterns, and perform
pre-fetching and data movement between disk and SSDs [104].

GPU Memory Management: In the context of training deep neural networks and other ap-
plications, scarce GPU memory resources can become a major limitation. This challenge is com-
monly addressed with the following four techniques.

• LiveVariableAnalysis: First, systems like SystemML [55], TensorFlow [22],MXNet [72],
and SuperNeurons [345] all rely on live variable analysis to remove intermediates that are
no longer needed from GPU memory. However, as mentioned in Section 4.3, we are not
aware of a single system that performs operator scheduling with the aim of minimizing
peak memory consumption.

• GPU-CPUEviction: Second, SystemML [259], SuperNeurons [345], andGeePS [92] evict
data from GPU to CPU memory under memory pressure, while TensorFlow evicts long-
lived objects. This is part of the overall buffer pool management and thus, relies on pinning
(also called locks) to guard currently used tensors against eviction. SuperNeurons andGeePS
further asynchronously move data between CPU and GPU based on predicated access
patterns.

• Recompuation: Third, MXNet and SuperNeurons also recompute inexpensive operations
[345]. Activations from the forward pass are dropped to reducememory consumption, and
recomputed during the backward pass when most other intermediates are already freed.
In contrast to MXNet, SuperNeurons decides on recomputation in a cost-based manner.

• Reuse of Allocations: Fourth, SystemML and SuperNeurons reuse allocated matrices and
tensors via data-size-specific free lists. However, this only works for dense tensors and
can cause—without dedicated handling—memory fragmentation. In contrast, faimGraph
[354] supports dynamic graphs by GPU-local memory management based on queuing
structures (index, vertex, page queues).

Out-of-Core Operations: Apart from large-scale ML systems that usually fall back to dis-
tributed operations over blocked matrix representations for large matrices, there is also sub-
stantial existing work on out-of-core3 linear algebra operations [331]. This includes basic ma-
trix multiplications, expensive factorization operations, and algorithm-level approaches. Often
these out-of-core algorithms are combined with custom data partitioning or index structures
[331, 383], which we will discuss in detail in Section 6.4. Common evaluation metrics in this
context are the number and total size of transfers from secondary storage. For example, the
lower bound of element and block I/Os for matrix multiplication is known to be O.n3=

p
M /

3Out-of-core operations generally refer to operations that do not require the entire input in memory but use a small in-
memory working set, as well as read and evict data as needed.
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[331] or O.lmn=.B
p

M // [381], where B is the block size and M is the available main mem-
ory. Important operations such as sparse matrix-vector multiplication for very large numbers
of features—where the dense vector does not fit into available memory—have been addressed
by the dot-product operator [276]. The basic idea is to reduce reads of range-partitioned vec-
tor pages by reordering sparse vectors according to their non-zero structure and batching of
page requests. Furthermore, an example of an algorithm-level approach is Elementary for Gibbs
sampling with out-of-core factor graphs [375], where the authors evaluate materialization and
co-clustering strategies, as well as page layouts and eviction policies.

OpenResearchQuestions: For multi-backend systems, buffer pool management is challeng-
ing because it includes a broad-range of related concerns like (1) distributed caching and main-
taining parallelized/broadcast variables (which are potentially used in lazily evaluated operations
and also subject to eviction), (2) transfers between HDFS, local FS storage, and CPU/GPU de-
vice memory, as well as (3) graceful evictions across the different storage levels. An interesting
direction is a unified memory management for all these aspects, which could exploit the known
program structure and operations to improve memory efficiency, pre-fetching, and avoid un-
necessary evictions. Major challenges originate from conditional control flow, lazy evaluation,
and sparse matrix representations.

6.2 COMPRESSION
Similar to compression and query processing over compressed data in database systems [21,
128, 282, 350], existing work in ML systems addresses the problem of storing graphs, matri-
ces, and tensors in compressed form and performing linear algebra operations directly over the
compressed representation. The major motivation is to reduce I/O costs from disk and mem-
ory, reduce computation costs, and reduce resource requirements for memory, power, and CPU
time, which translate to monetary costs in cloud environments. ML workloads are amenable
to online compression because the initial compression overhead can be amortized over repeated
data access. In general, we distinguish lossless and lossy compression techniques, which both
have compelling use cases, determined by the optimization objective as discussed in Section 4.1.

Lossless General-Purpose Compression: Lossless compression techniques aim to improve
I/O costs while guaranteeing result correctness, which allows for their transparent—i.e.,
invisible—application. Similar to page-wise compression in database systems, a baseline solution
is the use of general-purpose compression techniques, but these require block-wise decompres-
sion for each operation. Example systems that leverage general-purpose compression techniques
are arrayDBMS like SciDB [320] and storagemanager likeTileDB [260]. Unfortunately, heavy-
weight techniques like Gzip often suffer from slow decompression, while lightweight methods
like Snappy orLZ4 achieve only modest compression ratios [111]. Scientific data formats such as
NetCDF and HDF5 also support compression at chunk granularity, where the user can control
the tradeoff between decompression speed and compression ratio by specifying the chunk size,
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the deflation level and optionally enable byte interlacing [332]. PStore combines such general-
purpose techniques with specific byte-wise and floating point schemes for compressing scientific
simulation datasets [48]. Similarly, data-parallel frameworks such as Spark also provide storage
levels and configurations for compressing RDDs, broadcast variables, and shuffled data4 with
lightweight techniques such as Snappy or LZ4 [370].

Lossless Matrix Compression: In contrast to lossless general-purpose compression tech-
niques, lossless matrix compression further aims at supporting dedicated techniques for sparse
and dense matrices, and performing operations directly over the compressed representation to
avoid blockwise decompression. This is especially important for iterative ML algorithms that
make many passes over a read-only feature matrix. Apart from well-known sparse representa-
tions such as CSR, CSC, and COO [297], more recent work applies forms of dictionary coding
to also compress values or groups of values [111, 190, 208]. These value-based approaches to
matrix compression can be classified into the following two major categories.

• Homogeneous Compression: For scientific data like images and videos—where the in-
dividual values come from a common domain—it is often beneficial to share a single dic-
tionary of distinct values across all columns. For example, Kourtis et al. introduced com-
pression techniques for sparse matrix formats, where they applied run-length encoding of
column index deltas [174, 190] and dictionary encoding [174], with a value dictionary
that is shared across all columns. Such a shared dictionary in turn leads to a homogeneous
code-size for all values. Tuple-Oriented Coding (TOC) [208] also uses a shared dictionary
but additionally exploits common sub-sequences of values via a prefix tree, and compresses
the dictionary itself with bit packing in order to properly support mini-batch algorithms.

• Heterogeneous Compression: Homogeneous compression might miss compression op-
portunities if the data characteristics such as cardinality, sparsity, or sortedness varies sig-
nificantly among features. Such a skew is very common for enterprise data. Compressed
Linear Algebra (CLA) [111, 112] addresses this challenge via column-wise compression
and heterogeneous encoding formats such as dictionary, run-length,5 and offset-list en-
coding, as well as fallbacks for incompressible columns. Additionally, CLA also applies
column co-coding to exploit column correlations. Each encoded column group has a sep-
arate dictionary and thus code size, which is determined by its number of distinct values.
All these decisions are strongly data-dependent. Therefore, CLA computes compression
plans based on a small sample of data. Similarly, Sprintz—a lossless compression scheme
for time series data, which can be viewed as a stream of matrix blocks—uses column-wise
delta coding or predictive filtering, zig-zag coding, bit packing, and huffman coding, but

4Spark compresses by default all broadcast variables and shuffled data with lightweight techniques. In that context, Spark’s
default compression codec was Snappy in Spark 1.x, but it changed to LZ4 in Spark 2.x.

5Run-length encoding is also used by other systems such as SciDB, see https://www.paradigm4.com/
technology/multidimensional-array-clustering/
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with very small blocks for low memory requirements, and vectorization for low latency
[52].

Column co-coding—as used in CLA—is also similar to existing lossless techniques for graph
compression, which can be seen as a special case of Boolean matrix compression. Existing tech-
niques use so-called compressor nodes [224], virtual nodes [61], or hyper nodes [114] to com-
press common edges to neighboring sub-graphs. Inspired by related techniques for graph spar-
sification [298] and graph summarization [217], an interesting direction is the use of locality-
sensitive hashing such as minhash for more efficient column co-coding decisions.

Lossy Compression: Compared to lossless compression, lossy compression techniques have
even more potential for improvements but these techniques require careful manual application
due to their impact on model accuracy. However, there are numerous ML algorithms that can
tolerate a loss in accuracy because these algorithms are approximate in nature, and additional
noise can even improve the generalization of the trained model. In the context of deep learning,
common techniques include: (1) mantissa truncation or quantization for remote data trans-
fers [23, 305] (in parameter servers as described in Section 5.3); (2) sparsification [134, 214]
(reduce non-zero values); and (3) low-precision floating- or fixed-point storage and arithmetic
[86, 131], which is also called quantization (reduce value domain) [388]. Recent work focuses on
dynamic quantization schemes [135], where value boundaries are trained in a data-driven man-
ner. Similarly, ZipML [378] and SketchML [160] use dynamic quantization schemes to prevent
quantization bias on skewed data distributions, but SketchML additionally uses delta coding
and bit packing for lossless key compression on sparse gradient updates. With lossy compres-
sion, the models are often carefully crafted, for example, with different precision for multiply
and accumulator units [86]. In the context of factorized learning (see Section 3.1), the Hamlet
project [202] explored decision rules for safely avoiding KFK joins for significant runtime im-
provements with moderate impact on accuracy. Here, the foreign key can be viewed as a lossy
compressed representation of the joined features. Finally, some projects also investigated lossy
compression in the context of other ML-lifecycle tasks. For example, PStore [48] explored lossy
compression for disk I/O reductions in scientific computation, andMISTIQUE [335] uses lossy
quantization together with de-duplication for the efficient creation and storage of intermediates
in model diagnosis scenarios. Overall, the tradeoff space for lossy compression is very large, but
it requires a good understanding of how lossy compression impacts the accuracy of the given
ML algorithm or analysis workload, which is often data-dependent and thus, hard to estimate
and decide upfront.

Sampling: Other lossy compression techniques, are related to sampling or approximate query
processing in general. For example, approximate gradient decent [274] and matrix factoriza-
tion via random projections [134, 310, 328], sample subsets of the input data and compute the
gradient or factorization on the “compressed” input. Furthermore, Kaoudi et al. used sampling
to estimate the number of iterations until convergence as a basis for selecting a gradient de-
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cent optimizer (e.g., batch vs. min-batch) in ML4all [173]. Model training over downsampled
data is also a frequently used technique for model initialization before working with the entire
dataset. For example,Columbus used samples and CoreSets in feature-selection workloads [373].
In contrast, BlinkML allows the specification of different approximation contracts [262], and
trains—locally or in an distributed manner—an approximate classification or regression model
that satisfies the given constraints with probabilistic guarantees. This is enabled by deriving—via
the central-limit theorem—the smallest feasible sample size from an initial sample run.

Open Research Questions: Due to the major focus on homogenous image or text data, and
the existing tooling for homogeneous tensors, many lossy compression techniques like quanti-
zation are applied in a homogeneous way. For structured data—with a mix of numerical and
categorical, i.e., one-hot-encoded, features—this is, however, unnecessarily wasteful and and
results in a poor compromise between quality and compression. Hence, heterogeneous quantifi-
cation and sparsification schemes are a promising direction for future work. Challenges include
efficient matrix-matrix operations and automatic operator fusion over heterogeneously com-
pressed matrices, as well as efficient compression for ultra-sparse matrices with many features.
Similarly, freeing the user from these low-level decisions on selecting compression and sampling
schemes (i.e., providing data independence) is challenging but would significantly simplify typ-
ical experimentation workflows.

6.3 NUMA-AWARE PARTITIONING AND REPLICATION
Multi-processor systems predominately exhibit a NUMA architecture, where CPU-cores have
local caches (e.g., L1 and L2 on Intel processors), CPU-sockets—which act as NUMA nodes—
have an additional last-level cache, locally attached main memory, and other sockets are acces-
sible through an interconnect topology. Therefore, accessing data at different levels of this hi-
erarchy exhibits very different latency and bandwidth characteristics. Thus, data placement has
a major impact on performance for memory-bandwidth-bound ML workloads. NUMA-aware
operations such as dense and sparse matrix multiply have been studied extensively in the HPC
literature [351]. In this context, a common approach is to partition the feature matrix across
NUMA nodes and bind processes or threads with numactl or openmp to individual nodes.
This is also applicable to large-scale ML on Spark—which does not support NUMA aware
scheduling—by creating and binding an executor per NUMA node. Furthermore, there is also
recent work on making container schedulers such as Kubernetes NUMA-aware [323]. Apart
from these broadly applicable techniques, ML systems explored the tradeoffs of NUMA-aware
model and data replication as well as NUMA-aware index structures.

NUMA-Aware Model and Data Replication: DimmWitted [376] investigated model and
data replication tradeoffs in NUMA architectures for the general-purpose algorithms SGD
(stochastic gradient decent) and SCD (stochastic coordinate decent). In this setup, different
replication strategies exhibit different hardware (time per iteration) and statistical efficiency (it-
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erations to convergence), which both contribute to the end-to-end runtime. Alternative model
replication strategies include PerCore (core-local model with update per epoch), PerNode
(NUMA-node-local model with update per epoch), and PerMachine (direct Hogwild! [288]
updates). In contrast to the mutable model, the data is immutable in SGD and SCD. Hence,
data replication strategies include basic disjoint partitioning and full replication with random
reshuffling. These partitions are then accessed in a row- or column-wise manner. Similar trade-
offs also apply to distributed database systems like Impala [51]. Overall, the choice of these
methods are heavily algorithm-, data-, and architecture-dependent and hence require automatic
optimization.

NUMA-Aware Index Structures: A major problem with disjoint data partitioning, is skew
of sparse matrices and tensors. The Adaptive Tile Matrix (AT Matrix) format [179]—which we
will discuss in Section 6.4—addresses skew via a two-level blocking into variable-sized tiles and
squared basic blocks, where tiles can be represented in either dense or sparse formats. Partition-
ing is then done via a quad-tree recursion, subject to constraints of minimum and maximum
tile sizes. For NUMA-aware matrix multiplications, all AT matrices are then horizontally par-
titioned into tile rows and distributed round-robin across NUMA nodes. Each NUMA node is
assigned a worker team and the authors use SAPHANA’s NUMA-aware task scheduling frame-
work [272] to pin these tasks to CPU cores. This way the system handles NUMA-aware data
placement and heterogeneous tile representations, while leveraging existing basic linear algebra
subprograms (BLAS) routines—for which most HW vendors provide well-optimized library
implementations—to effect the individual basic block operations.

Open Research Questions: Despite the exploration of NUMA-aware operations and opti-
mizers like SGD, it remains an open question how to integrate these techniques into an ML
system and automatically optimize the data placement of inputs and intermediates for arbitrary
linear algebra programs. Even more challenging is the full integration of NUMA-aware opera-
tions with buffer pool management, sparse and compressed matrices, as well as heterogeneous
HW accelerators.

6.4 INDEX STRUCTURES
In the context of ML systems, index structures are primarily used—especially in single-node
settings—for efficient data storage, out-of-core operations, and data placement. Overall, these
index structures often combine database indexing techniques with hierarchical block storage
with the aim of supporting efficient scans, range indexing, as well as block-wise linear algebra
operations such as matrix-multiply. To this end, these index structures are also related to data
partitioning strategies. In this section, we first discuss common techniques shared by many index
structures, and subsequently, we give an overview of three concrete indexes along with how they
instantiate the common techniques.
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CommonTechniques: The goal of supporting efficient linear algebra operations over indexed
matrices, or arrays often results in an index design centered around the following two key tech-
niques.

• Multi-Level Blocking: Most matrix index structures consist of a multi-level access hier-
archy and leaf blocks that are individually encoded in traditional dense or sparse matrix
formats, as described in Section 5.1. Such a design is well suited for data partitioning
in NUMA topologies as well as direct access of blocks on disk for blocked out-of-core
operations or range indexing (e.g., accessing consecutive rows or columns). At the same
time, existing operations (e.g., native BLAS libraries) can be used to perform block-wise
operations such as matrix multiply very efficiently.

• Storage and Iterator Linearization: A second major characteristic is how the logical ma-
trix is linearized for physical storage and scan-based operations (i.e., operations that read
the entire matrix). The spectrum of index structures ranges from a single static lineariza-
tion function for both storage and scans to user-defined linearization functions for storage
and each individual operation. Examples are row-major, column-major, and Z-order. In
combination with multi-level blocking, some systems further allow to specify linearization
functions per level (e.g., row-major tile order, column-major cell order per tile).

Example 6.1 Indexed Matrix Storage For a sake of clear terminology, Figure 6.2a shows an
example of an indexed matrix. This matrix is stored—with single-level blocking—in blocks of
4 � 4 cells. Within each block (i.e., page), cells are stored in row-major order. Similarly, the
sequence of blocks is also ordered in a row-major layout. Users can now issue range queries, for
which only relevant blocks have to be retrieved from disk. For instance, Figure 6.2b shows a
range query of rows 4 through 9 and columns 3 through 5 (both inclusive). Such queries return
an iterator of values or key-value pairs, where the order of cells is derived from the storage layout
by default. However, custom iterator orders are possible. For instance, in our example, we have
a column-wise retrieval order, which can be useful for binary operations with inputs in different
storage layouts. �

LAB-Tree [383]: The Linearized Array B-tree (which was proposed as a disk-based index
structure in the context of theRIOT system [381]) uses a B-tree over a user-defined linearization
function of cell indexes, along with a specified default “zero”-value, which is not stored in sparse
leaf blocks. Users can then perform key lookups, scans via a user-defined linearization function,
and range indexing (e.g., for block-wise matrix multiply) for both reads and writes. Additionally,
the LAB-tree provides dedicated leaf-splitting strategies to improve space utilization as well as
update batching via an indexed buffer—similar to common write stores or delta indexes for
read-optimized column stores [197, 319]—and related flushing policies.
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Figure 6.2: Indexed matrix storage and data access.

TileDB Storage Manager [260]: The TileDB storage manager maps the cell order to fixed-
sized two-dimensional space tiles, which can be sparse or dense. These tiles are linearized in
row- or column-major order and cells within each tile are stored either row- or column-major.
Individual cells are either primitive or vector types, which allows storing 3D arrays. Addition-
ally, users can specify a capacity to group non-empty space tiles into data tiles, which are the unit
for compression and storage. The storage manager then supports concurrent read and write op-
erations. Similar but more advanced than the LAB-Tree update batching, updates are collected
into so-called fragments (dense or sparse) of overlapping index ranges, which ensure sequential
writes and isolation in a parallel environment, while reads take all fragments (except partial, i.e.,
currently written, fragments) into account. On user request, fragments can be consolidated via
a simple read-write operation.

AT MATRIX [179]: Furthermore, the AT Matrix (which was proposed as a NUMA-aware
in-memory index structure) uses a Quad-tree over a Z-order of basic 1K � 1K blocks. Basic
blocks are grouped into homogeneous dense or sparse tiles (with minimum and maximum
size constraints) consisting of one or many blocks. Both dense and sparse blocks use a row-
major layout, with sparse blocks being encoded in CSR format. The resulting matrix structure—
constructed with a recursive partitioning process—might be heterogeneous by containing dense
and sparse tiles. In contrast to the previous two index structures, the AT Matrix uses indexing
primarily to access the tiles for NUMA-aware matrix multiplications.

Open Research Questions: Similar to storage synopsis in database systems, an interesting
open question is the design of effective synopses for linear algebra and array operations over
numeric data representations. Opportunities include summary statistics, element-wise compar-
isons, aggregates, and reorganization operations. Further directions includes HW-conscious in-
dex structures, automatic storage reorganization based on access patterns similar to database
cracking [156], and compressed index structures.
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6.5 SUMMARY
In connection to related data management techniques, in this chapter, we surveyed techniques
for efficient data access in ML systems. In detail, we discussed: (1) distributed caching and
buffer pool management; (2) lossless and lossy compression, and data types; (3) NUMA-aware
partitioning and replication; as well as (4) memory- and disk-based index structures. Side ef-
fects originate from the impact of data sizes (e.g., compression and replication affect caching
and buffer pool management, I/O, and index granularity), as well as data access patterns (e.g.,
compression, partitioning, and indexing influence access paths and operations performance).
However, compared to their related data management techniques, many open problems remain.
This includes unified buffer pool management, heterogeneous tensors and their compression and
indexing, as well as means of automatic storage reorganization to specialize for data, workload,
and underlying hardware.
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C H A P T E R 7

Resource Heterogeneity and
Elasticity

As discussed in Section 5.1, it is increasingly common today to use clusters of commodity hard-
ware for large-scale ML. Advances in cloud computing have made it easier than ever to access
computing resources. For example, a public cloud such as Amazon EC2 allows users to acquire
a cluster on demand and pay only for its actual usage. There is a blossoming ecosystem of tools,
libraries, and platforms for ML in the cloud and cluster computing settings. While it is beyond
the scope of this book to survey this field in depth, we shall provide an overview of some key
challenges and how ideas from the database research community have contributed to their solu-
tions. With this overview, we hope to illustrate the various optimization possibilities enabled by
different levels of abstraction, and in particular, opportunities that become possible by having
declarative specifications in the spirit of database systems.

We focus on two challenges in this chapter.

• Resource heterogeneity arises because most clouds consist of various types of hardware
with different performance and capacities. Even though containerization and virtualiza-
tion help hide some heterogeneity, in practice, cloud service providers still offer users a
variety of configuration options. To achieve good performance at low cost, we need to
make a number of non-trivial decisions, from how to provision resources (e.g., how many
and what type of machines to acquire), to how to utilize provisioned resources effectively
(e.g., how to configure Hadoop or Spark settings, and how to parallelize execution).

• Resource elasticity arises from the need to adapt resource usage and workload execution
to performance variations, workload changes, or loss of resources due to failures or market
conditions (e.g., in the case of machines with transient availability such as Amazon spot in-
stances or Google preemptible instances). Resource elasticity is especially important to public
clouds and large multi-tenant clusters, where sharing of resources occurs at scale, and to
long-running ML workloads, whose execution is susceptible to constant disruptions.

To address these challenges, Section 7.1 discusses resource provisioning, configuration,
and execution scheduling techniques. Then, Section 7.2 discusses recovery techniques for coping
with failures or generally unavailable resources. Section 7.2 specifically deals with the scenario
of working with a market of cheap yet unreliable resources. Note that these challenges and
techniques are general, but we shall focus more on ML workloads and database-inspired ideas.
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7.1 PROVISIONING, CONFIGURATION, AND
SCHEDULING

We begin with several examples illustrating various types of provisioning, configuration, and
scheduling decisions, as well as their importance to ML workloads running in the cloud and
cluster computing settings.

Example 7.1 Cluster Choice Suppose a user wants to acquire a cluster from a public cloud
for one-time execution of a given ML program. The user may have a deadline for completing
the program, and wish to minimize the monetary cost. A cloud service provider usually offers a
large number of machine types with different hardware configurations and prices, e.g., Amazon
EC2 had more than 50 “current-generation” offerings as of January 2018. The user needs to
choose the type and number of machines in the cluster; this choice can have significant impact
on the completion time of cost.

We borrow a concrete example from Cumulon [149], a system that can help users make
such choices. Consider singular value decomposition (SVD) ofmatrices, used extensively inML.
In the randomized algorithm of [294] for approximate SVD, the first (and most expensive) step,
computes a series of matrix multiplies G � .A �A>/k �A, where A is an m � n input matrix
and G is an l �m random matrix whose entries are drawn from i.i.d. Gaussian distributions
of zero mean and unit variance. Here, .�/k denotes matrix power, as opposed to element-wise
(or Hadamard) power. Figure 7.1 shows how the cluster choice affects completion time and
cost. Each curve corresponds to one machine type; given the machine type, we vary the comple-
tion time constraint (horizontal axis), and find the best cluster size (not shown explicitly) that
minimizes the total cost (vertical axis).

From Figure 7.1, we can make several observations. First, some machine types are more
cost-effective than others for a particular workload: e.g., m1.xlarge is better than m1.large
for this job. Second, there is a trade-off between completion time and cost. Generally speaking,
faster completion times require larger clusters, and at some point, they begin to translate into
much higher premiums due to sublinear speedup. In this case, even though matrix multiplies
are highly parallelizable, a cluster twice as big may not be able to complete the job twice as fast
(which is what would be needed to achieve the same total cost). On the other hand, a cluster that
is too small may not be cost-effectiveness either, because performance can degrade significantly
without adequate resources (e.g., when aggregate memory is too small for input data, especially
on platforms like Spark that heavily rely on memory). �

The next example considers the setting where a cluster is already given, and we want to
execute a ML program as quickly as possible; the objective here is to minimize completion time.
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Figure 7.1: (From [149]) Costs for the key step of the randomized SVD algorithm discussed
in Example 7.1 (with l D 2;000, m D n D 200;000, and k D 5) using different Amazon EC2
machine types under different time constraints. Curves (based on 2013 numbers) are predicted;
costs of actual runs for sample data points are shown for comparison.

(In contrast, Example 7.1 minimizes monetary cost under a completion time constraint, where
the factor of cost-effectiveness weighs more.)

Example 7.2 Parallelism and Configuration Settings From Example 7.1, we have already
seen that executing on large clusters can have diminishing returns. A large ML program usually
involves multiple steps, some of which are less suited for execution on clusters than others. In
fact, for some steps, even if a cluster is available, it may be better to execute them on a single
node to avoid the overhead of distribution, especially when the single node has many cores
and/or GPUs itself. SystemML [54, 55, 150], for example, uses a control program to drive the
overall program execution and parallelization; its optimizer determines the appropriate degree
of parallelism for each execution step, and when appropriate, will simply execute a step within
the control program without distributing it to the cluster.

Important decisions also need to be made at a lower level, e.g., choosing the best config-
uration settings such as the amounts of memory allocated for various aspects of the execution.
To illustrate, we borrow an example from SystemML [150]. Consider two programs for lin-
ear regression—one based on the direct-solve method (Example 2.4) and the other based on
the conjugate gradient method (Example 4.1). SystemML automatically decides how to allocate
memory to the control program and the parallel tasks (MapReduce in this case). For the case
of 1;000 features, the direct-solve method is compute-intensive, and hence prefers a high de-
gree of parallelism and only a small amount of memory for the control program. On the other
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hand, the conjugate gradient method is I/O-bound and hence benefits from a large amount of
memory for the control program, which can read the data once and repeatedly compute matrix-
vector multiplies in memory. Therefore, the optimal memory allocation can differ significantly
across programs—e.g., 2 GB for each of the parallel tasks as well as the control program for the
direct-solve method vs. just 10 GB for the control program for the conjugate gradient method.

�

Our next example deals with a more specific ML algorithm and shows how intelligent
scheduling decisions help handling heterogeneity and elasticity.

Example 7.3 Scheduling Communication Recall the SGD method introduced in Exam-
ple 2.5. A popular approach for implementing distributed SGD is the parameter server architec-
ture [24, 210], more broadly covered in Section 5.3. In a simple data-parallel parameter server
architecture, a global parameter is stored on a parameter server; each worker has replica of this
parameter, and works on its share of data independently and proposes updates to the parameter.
A key decision is how to synchronize this global parameter between the server and the workers.
With resource heterogeneity and elasticity, a key challenge in coping with “stragglers,” or work-
ers whose progress lags significantly behind others. If we force synchronization at the end of
each step (epoch or mini-batch), the overall progress would be hindered by the slowest worker.
On the other hand, if we allow workers to update their parameter replicas without waiting for
each other, we risk losing convergence guarantees with stragglers.

DynSGD [159] is an example of improving the performance of distributed SGD with
intelligent scheduling of synchronization. DynSGD represents a trade-off between the two ap-
proaches above: fast workers are allowed to lead the slowest by up to a some predefined number of
steps, and they are not required to pull the global parameter every step. Furthermore, DynSGD
adapts the “learning rate” for each local update to its “staleness”: intuitively, this rate controls
how much contribution a local update makes to the global parameter; the more a worker lags
behind, the smaller the learning rate for (i.e., less contribution from) its local update. It was
shown in [159] that DynSGD significantly improves the performance of distributed SGD in
practice, while maintaining the same, if not better, theoretical convergence guarantees. �

It is worthwhile noting that provisioning, configuration, and scheduling decisions interact
with optimizations and execution strategies discussed earlier in Chapters 4 and 5. For example,
cluster configuration obviously influences data partitioning and choice of physical operators. The
scenario of Example 7.3 is even more complex. Here, scheduling decisions can affect the output
and convergence behavior of the SGD algorithm, so the correctness and effectiveness of such
decisions must be additionally established. Moreover, to achieve better performance in the pres-
ence of stragglers, DynSGD requires extending the basic SGD algorithm with adaptive learning
rates. In other words, optimizations happen at all levels—from algorithmic design all the way to
hardware provision—and interact with one other. In an ideal world, we would like to automate
these optimization decisions jointly across all levels; in practice, however, we often choose levels
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of abstraction to work with and consider optimization opportunities that are possible at these
particular levels. In the following, we briefly summarize opportunities at these levels.

Black-Box Programs: Suppose the ML program to be executed is a complete black box. Be-
sides observing its current execution, we can try to learn from past execution traces how its
performance is affected by provisioning, configuration, and scheduling decisions. We can also
proactively profile the program and experiment with different decisions. For example, to choose
the optimal cluster size for a black-box ML program, TuPAQ [317] builds a model of the execu-
tion time in terms of the task’s compute, memory, and network requirements, and whether the
task is compute-, memory-, or network-bound. Besides learning from past executions, control
theory can also be applied to deal with dynamic environments [239].

Programs inHigher-Order,Data-Parallel ProgrammingModels: Next, consider programs
specified in data-parallel programming models with higher-order abstractions, popular in re-
cent cluster computing platforms. In both MapReduce [97] and Spark [370], for example, a
program can be thought of as a workflow of operations, each with well-understood properties
designed with parallel processing in mind. Two classic examples of such operations are map and
reduce. Although programmers still have considerable freedom in deciding what computation
goes inside these operations, the properties of map and reduce by design make them easier to
parallelize and optimize. Hence, there has been much work on automatically optimizing such
programs. For example, in the context of provisioning, configuration, and scheduling forHadoop,
Starfish [142, 143] uses profiling and cost-based optimization techniques to automatically tune
configuration settings; SkewTune [204] uses active monitoring and dynamic repartitioning to
automatically mitigate the effect of stragglers; Zhang et al. [386] exploit the heterogeneity in
public cloud resources to make more cost-effective provisioning decisions that may involve ac-
quiring heterogeneous clusters. None of these systems is ML-specific. Working at this level of
abstraction is appealing, because many prevailing platforms for data analytics in cloud and clus-
ter computing settings operate at this level, so any solution can readily benefit a wide range of
workloads, ML or otherwise.

DeclarativeMLPrograms: Additional opportunities arise if we move up another abstraction
level, where programs are expressed in a declarative language. Here, instead of working with
generic primitives such as map and reduce, which still come with user-supplied low level code,
we now have white-box programs consisting of high-level operators with well-understood se-
mantics. For database workloads, SQL is the de facto language, and there has been plenty of
work on automatic optimization for SQL-like languages in cloud and cluster computing set-
tings. As one example, taking advantage of the declarativeness of Pig, a SQL-inspired language
on top of Hadoop, CoScan [347] is able to identify opportunities for sharing data movement
and processing costs across Pig programs, and intelligently merge and schedule workflows un-
der soft deadlines. For ML workloads, because of their diversity, no single declarative language
has emerged. ScalOps [59] is one proposal, which extends the MapReduce programming model
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with an extra update function for iterative computation, and allows ML tasks to be expressed
as Datalog programs that are easier to optimize. However, Datalog and SQL are still low level
from the perspective of many ML workloads, as standard database optimization techniques fail
to exploit the semantics of high-level ML operators. Hence, as discussed in earlier chapters, an-
other approach has been to build on the language of matrices and linear algebra, which serves a
large class of ML workloads and is declarative enough to give rise to a wide range of rewrites and
optimizations (Chapter 4), execution strategies (Chapter 5), and access methods (Chapter 6).
For provisioning and configuration, as Examples 7.1 and 7.2 show,Cumulon [149, 151–153] and
SystemML [54, 55, 123, 150] operate at this level of abstraction. Even though they are still built
on top of Hadoop and Spark, they can make better decisions than systems intended for general
Hadoop and Spark workloads, because their focus on declaratively specified linear algebra work-
loads allows them to develop better, specialized cost models, explore a richer space of alternative
execution strategies, and propagate dimension and sparsity information based on operation and
control flow semantics to better inform optimization.

Specific ML Algorithms or Recipes: Not surprisingly, by targeting a specific ML algorithm
or ML programs that follow a particular computational recipe, we can uncover even more op-
timization opportunities. For instance, in the context of parameter servers discussed in Exam-
ple 7.3, besides DynSGD [159] mentioned earlier, which focuses on update scheduling, Dol-
phin [77] focuses on dynamically tuning configuration settings of the parameter server (such as
the number of worker nodes), using an elastic, distributed memory store for efficient reconfig-
uration. As another example, for iterative algorithms running on clusters, PREDIcT [270] uses
sample runs of an algorithm to derive estimates of its convergence and per-iteration processing
cost; key input features affecting performance (for graph processing tasks, which PREDIcT fo-
cuses on) are identified through domain knowledge and experimentation. Similarly, for iterative,
distributed optimization algorithms, Hemingway [258] builds predictive models of convergence
and execution times in order to select appropriate algorithms and cluster sizes. As a final ex-
ample, Omnivore [133] optimizes deep learning tasks with intelligent choice of hardware (e.g.,
CPUs vs. GPUs) and synchronization strategies (e.g., synchronous vs. asynchronous training),
as well as efficient hyper-parameter tuning. Generally speaking, by sacrificing some general-
ity, these systems are able to apply more advanced optimizations tailored toward the particular
computational recipes they support.

7.2 HANDLING FAILURES
In cloud and cluster computing settings, failures can occur for a variety of reasons, ranging from
hardware, software, and communication errors to complete loss of resources due to market con-
ditions (discussed further in Section 7.3). We limit our discussion in this section to node failures
during the execution of a program on a cluster. When a node participating in some distributed
computation fails, we lose the execution state on this node, including contents of the memory



7.2. HANDLING FAILURES 91
and local storage attached to this node. Clearly, failures pose great threats to long-running pro-
grams, which are typical of ML workloads. Recall from Section 7.1 that various techniques for
provisioning, configuration, and scheduling are available at different levels of abstraction. Here,
we will see that techniques for handling failures very much depend on the levels of abstraction
as well. In the following, we discuss these techniques by the levels of abstraction they target, in
the same order (from low to high) as they were presented in Section 7.1.

Black-Box Programs: Given a black-box ML program, our options are limited. Besides the
fallback option of restarting the program in the event of a failure, we can periodically checkpoint
the program execution (e.g., to reliable distributed storage), and upon failure, restart from the
last checkpoint. Process migration techniques may be used to recover from failures of individual
nodes without restarting others. In general, however, checkpointing can be very expensive be-
cause it involves remembering the states of all participating processes and their communication
channels. In particular, if nodes produce large amounts of intermediate results locally (which is
not atypical in ML workloads), such data must be persisted as part of a checkpoint.

Programs in Higher-Order, Data-Parallel Programming Models: Moving up one level,
with programs specified in programming models with higher-order abstractions such asMapRe-
duce and Spark, we can do better. For example, fault tolerance features are built in all the layers
of theHadoop stack.HDFS relies on replication to handle node failures. Then, assuming reliable
HDFS storage, Hadoop MapReduce persists all task outputs in HDFS, and handles failures of
individual tasks by restarting them. If a particular task fails, we simply reschedule it on a differ-
ent node. The restarted task will always have access to its input data in HDFS, because earlier
task outputs—which can serve as its input—have all been persisted; there is no need to restart
tasks that have completed earlier.

Lineage is another technique available for handling failures at this level of abstraction.
For example, in contrast to Hadoop’s approach of persisting all intermediate results to reliable
storage, Spark handles data in memory for efficiency, and achieves fault tolerance using lineage
of its RDDs [370]. If a partition of an RDD is lost due to node failure, the lineage of the RDD
has enough information about how it was derived from other RDDs to be able to recompute
just that partition. Spark also offers checkpointing support, but does not do so by default. Au-
tomatic checkpointing for Spark has been introduced in Flint [312], a system on top of Spark
intended to support spot instances (more on this topic in Section 7.3). Flint automatically se-
lects the checkpointing interval and dynamically adapts it based on the costs of checkpointing
and recomputation as well as the observed meantime to failure.

Declarative ML Programs: Moving up yet another level of abstraction, we can do even bet-
ter when ML programs are expressed with high-level operators, for example, those for linear
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algebra. First, recovery can be more flexible and fine-grained, as the following simple example
illustrates.

Example 7.4 Recovering Lost Tiles from a Matrix Product Suppose we compute C D
A � B in a block-wise fashion (see Example 2.3). In a cluster setting, blocks of C would be
computed in parallel. As shown in Figure 7.2, a particular block of C (shaded) is computed by
a task that sums together the results of multiplying pairs of submatrices (shaded) from A and
B (multiplications can be further parallelized over the pairs). Suppose that for subsequent com-
putation, each block of C been partitioned and stored as smaller tiles, and one such tile (with
dotted outline) is lost, while other tiles remain intact.

A

B

C× =

Figure 7.2: The lineage of a block (shaded) of the result matrix C of A � B vs. the lineage of a
tile (with dotted outline).

For Spark, which tracks lineage of data but does not understand the semantics of matrix
multiply, recovering the small lost tile of C would necessitate rerunning the task that generated
the entire block of C, far more than what is necessary. On the other hand, knowing the semantics
of matrix multiply, a system like Cümülön [152] can deduce that recovering this lost tile only
requires multiplying the two skinny submatrices of A and B (with dotted outlines). Note that
this recovery computation differs from the original tasks that computed the block of C. In other
words, unlike Spark, Cümülön is not limited to rerunning parts of the original workflow. Such
flexibility translates into less recovery work.

A reasonable question is whether we could achieve the same fine-grained recovery within
Spark, by breaking A � B up intomore tasks, each computing a small tile of C instead of an entire
block. While doing so does make recovery more efficient, it will incur higher overhead during
normal execution, and may fail to bundle related computation on the same node to achieve a
good compute-to-I/O ratio. To elaborate, note that as each input tile needs to be multiplied
with a number of certain other tiles; it is beneficial to schedule multiplications involving a block
of tiles together on the same node for maximum data reuse. However, doing so would require
the Spark scheduler to be aware again of the semantics of matrix multiply. �
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Besides fine-grained recovery, another advantage of declarative ML programs is that they

are amenable to more sophisticated analysis that lead to more informed optimizations. For ex-
ample,Cümülön [152] analyzes the program to determine data reuse and estimate recovery costs,
in order to decide what intermediate results are worth checkpointing and when. In contrast, tar-
geting generic Spark programs, Flint [312] has to resort to simpler policies: it checkpoints all
most recent RDDs at the end of each interval, and it checkpoints RDDs that result from shuffle
actions more frequently because such actions have wide dependencies—a good heuristic without
further knowledge of the program.

Specific ML Algorithms or Recipes: Finally, consider recovery options for specific ML al-
gorithms or computational recipes. A key observation is that many ML algorithms can tolerate
missing input or errors by design. Instead of recovering to a state where it appears as if failures
never occurred—which may be expensive—we can sometimes convert failures into “soft” ones
that algorithms can handle themselves.

For instance, in Example 7.3 of Section 7.1, we have seen how distributed SGD imple-
mented using parameter servers can deal with stragglers in a graceful manner. Similar ideas have
also been applied to failure handling in this setting. For example, Narayanamurthy et al. [243]
note that in an iteration of distributed batch SGD, if a worker responsible for one partition of
the data fails, instead of waiting for this worker to recover and hence holding up overall execu-
tion progress, one can continue with an approximation of the contribution from this partition
(using values from previous iterations), until the worker comes back up in subsequent iterations.

More generally, Schelter et al. [300] propose algorithm-specific “compensations” to han-
dle failures in iterative ML algorithms. When a failure occurs, the system would allow the cur-
rent iteration to finish, and then execute a user-supplied compensation function that brings the
execution state to a “consistent” one from which the algorithm will still be able to converge.
The compensation function is of course algorithm-specific, but the general framework has been
shown to be effective with a range of algorithms such as link analysis and centrality in networks,
path enumeration in graphs, and alternating least squares for matrix factorization [300].

7.3 WORKING WITH MARKETS OF TRANSIENT
RESOURCES

Many cloud service providers offer computing resources at a deep discount but with only tran-
sient availability—they can be revoked at any time depending on the market condition. For
example, besides the regular (on-demand or reserved) instances with fixed prices and guaranteed
availability, Amazon EC2 also offers spot instances, whose market prices vary over time. Users
set a bid price and will get the spot instances if the bid price is no lower than their market price.
While in use, these machines are charged by hours, at their market price at the beginning of each
hour. Once the market price rises above the original bid price, these machines will be taken away
instantly, although the last partial hour of usage will not be charged. Spot market prices vary not
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only over time, but also across machine types and regional markets. Compared with the fixed
prices of regular instances, spot market prices are often substantially (say, up to 90%) lower, but
they can also quickly overtake the fixed prices and occasionally remain high for extended periods
of time. As another example, Google’s preemptible instances do not have fluctuating prices; they
are charged by minute and subject to instant revocation based on the market condition.

Making effective use of such markets of cheap yet unreliable computing resources can be
especially challenging for long-running ML workloads. While loss of resources can be regarded
as failures, they are perhaps the worst kind possible, because a single spike in a market can
revoke all machines acquired therein, with little or no time to react. Bidding strategies are also
not obvious. For example, determining the cluster size involves new trade-offs: a large transient
cluster may get a job done faster for cheaper, but also runs the risk of losing time and money
for work lost in the event of a revocation. As another example, for Amazon spot instances, it
may seem counterintuitive to bid at a price higher than the fixed price for the same machine
type, but this is common and often a good strategy because it lessens the chance of revocation
without significantly increasing the cost on average (recall that machines are charged at their
market price, not their bid price).

As done in earlier sections of this chapter, we will explore techniques for working with
markets that target the various levels of abstraction laid out first in Section 7.1. Before proceed-
ing with that exploration, however, we shall first discuss several ideas that cut across multiple
abstraction levels (example systems cited below will be discussed in more detail later).

• Leverage more reliable resources. They can be distributed storage services such as Ama-
zon S3 or Elastic File System (for checkpointing [312, 324] or storing intermediate re-
sults [75, 153]), as well as regular machines with guaranteed availability (for replicated
execution [324] or storing important state [139]).

• Diversify the resource portfolio. Earlier, in Section 7.1, we mentioned how heteroge-
neous clusters can be more cost-effective for some workloads [386]. Here, we can push
the idea further to exploit the observation that markets for different resource types and
across regions often follow different patterns. When resources from one market are not
available or cost-effective, we can turn to other markets [139, 312, 324, 387]. For Ama-
zon EC2, even within a single market, we can acquire sets of machines at different bid
prices, which offer different trade-offs between expected cost and reliability that can ex-
ploited [139, 153].

• Model the markets. To inform optimization, we need to model the markets, e.g., from
historical Amazon EC2 price traces. Such models offer useful estimates such as mean
time to failure [75, 139, 312, 387], and revocation probability before a target completion
time [324, 387] or the end of a billing period [139]. Beyond single-point estimates, some
systems take a more careful approach to modeling in order to quantify the risks associated
with optimization decisions, which can be high when working with markets. They may
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provide a high-probability guarantee that the actual cost [152] or time [387] does not
exceed some target, or optimize a combination of cost expectation and variance [153].

• Adapt to themarkets. Runtime adaptation is an effective method for coping with market
uncertainty. At the very least, any system that uses transient resources must be able to react
in response to their revocation. When that happens, we can re-optimize remaining execu-
tion based on new market conditions [152]. Some systems also monitor market conditions
and adapt proactively. For example, we can dynamically acquire additional resources or re-
lease current ones based on market conditions [139, 153], without waiting for revocation
to happen.

• Consider provider specifics. Different cloud service providers offer transient resources
in different ways, and some of the provider-specific details—such as billing and revoca-
tion policies—need to be considered in devising practically effective solutions. Because of
Amazon EC2’s popularity, many existing solutions are specific to Amazon spot instances.
Perhaps the most commonly exploited are Amazon’s policies of billing by hour and not
charging the last partial hour in the event of a revocation. For example, releasing a machine
before the billing hour ends would not be a good idea, since the remaining time must be
paid for anyway [153, 387]. Furthermore, since revocation results in a free partial hour, one
could strategically bid low and aim to complete within an hour [369]. In general, however,
if it is not feasible or cost-effective to complete the work within an hour, then the time
and cost overhead caused by revocations must be carefully considered [139, 153]. There
is some recent work [153] toward developing solutions for a more general framework to
accommodate some of the differences in how cloud service providers offer transient re-
sources.

Having seen these general ideas above, we now present techniques targeting the various
levels of abstraction introduced in Section 7.1.

Black-Box Programs: In Section 7.2, we have discussed techniques for handling failures for
a black-box ML program. When working with markets, we have a few additional options be-
sides checkpointing. First, some cloud service providers give short notices before revocations
(e.g., two minutes in advance for Amazon EC2). If the program does not have a large amount
of state, such a notice would allow reactive migration in response to a revocation event. Sec-
ond, in parallel to executing the program with transient resources, we can also execute it on
reliable resources. While replicating execution incurs additional cost, the hope is that the execu-
tion on fast and cheap transient resources will finish quickly, allowing us to stop the execution
on reliable resources; on the other hand, the execution on reliable resources provides a fall-
back option in the event of a revocation. For example, targeting batch jobs on Amazon EC2,
SpotOn [324] considers a range of options—proactive checkpointing, reactive migration, and
replicating execution—as well as multiple markets, and chooses the most appropriate strategy
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depending on the situation. However, for parallel black-box programs, checkpointing and mi-
gration are more difficult, so SpotOn currently only supports replicating their execution.

To exploit markets of transient resources fully, we ideally want to support elastic—and
oftentimes higher-than-usual—degrees of parallelism at run time. One recent trend is server-
less computing, as exemplified by Amazon Lambda, which offers “functions as a service” where
programmers can register functions in the cloud and compose them into programs; the cloud
would provide storage for function input/output, mechanisms to trigger function execution, and
the ability to automatically and dynamically scale to a large number of executions. While server-
less computing has many compelling use cases, programmers need to rethink how to restructure
their programs in this fashion, which may be difficult for many workloads or may incur high
overhead. A recent critique of serverless computing [140] also identified a number of short-
comings of current serverless architectures, such as data shipping and reliance on slow storage
for communication. Regardless of how serverless computing evolves in the future, a case can
be made for programming at higher levels of abstraction, to allow automatic optimization of
programs using serverless computing as an execution option.

Programs in Higher-Order, Data-Parallel Programming Models: There has been a large
body of work using transient resources to support such programs including, but not limited
to, ML workloads. Here we sample a few. In the context of Hadoop, one of the earliest work
along these lines is by Chohan et al. [75], which uses additional Amazon spot instances to
accelerate program execution; all intermediate results are stored in S3, or HDFS running on
regular instances. The Hadoop scheduler, when assigning tasks to available machines, naturally
leverages the extra spot instances to increase the degree of parallelism. Amazon’s own Elastic
MapReduce service takes advantage of spot instances in a similar fashion. A recent feature called
instance fleets lets users specify rules for acquiring and maintaining (in response to revocations)
a diverse portfolio of spot and non-spot instances of different machine types for MapReduce.

Handling Spark workloads is more challenging, since intermediate results are cached in
memory and may be lost in a revocation event. Flint [312] uses Spark’s lineage information to
checkpoint relevant RDDs proactively (as discussed in Section 7.2) using Amazon’s Elastic Block
Store as stable storage. Flint adapts checkpointing frequencies, and takes advantage of multiple
markets to maintain the desired cluster size in response to revocations, bidding always at the
fixed, on-demand price. Flint does not, however, proactively change the cluster.

Dyna [387] does not assume any particular data-parallel programming model, but works
with a workflow of tasks, which can also represent the execution plan of a MapReduce or Spark
program. With the knowledge of the workflow, Dyna has the flexibility of executing some tasks
in parallel and deciding where to execute each task. Dyna also considers multiple Amazon EC2
markets, and tries execution on faster spot instances before falling back to regular ones—but
only if doing so reduces the expected cost while ensuring that the estimated completion time
(accounting for revocations) meets the target with high probability.
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Support for elasticity afforded by data-parallel programming platforms such as Hadoop

and Spark can be leveraged more aggressively when using transient resources. Although not
targeting any specific platform, Zafer et al. [369] propose a strategy that can be applied in this
setting. Exploiting Amazon’s hourly charging policy, this strategy always bids for a cluster of
spot instances that would complete the given program within an hour—if the cluster is revoked,
there would be no charge because an hour has not passed. The strategy starts with a low bid
price, and restarts with an increased bid price whenever the cluster is revoked. This strategy is
shown to be optimal [369], but only if the program has perfect (linear) speedup. Unfortunately,
this assumption is often not met in practice, and the strategy also depends crucially on Amazon’s
current charging policy.

DeclarativeMLPrograms: As we have seen in earlier sections of this chapter, ML programs
expressed in declarative languages enable more sophisticated optimizations. For example, start-
ing with a “baseline” execution plan optimized for regular (on-demand, non-spot) instances,
Cümülön [152] seeks to lower the expected execution cost by adding spot instances, while en-
suring that the probability of significantly exceeding the baseline cost is low. Other than storage
attached to the spot and regular instances, Cümülön does not assume any external stable stor-
age; data not written to regular instances can be lost in a revocation event. Sending every write
to regular instances can easily overwhelm them, however, so Cümülön relies on a combination
of caching and selective checkpointing to save intermediate results: caching implicitly persists
any data read by regular instances during execution, while selective checkpointing adds explicit
checkpoint operators to strategic points in the execution plan. In the event of a revocation,
Cümülön recovers lost results using the fine-grained lineage information derived from the se-
mantics of linear algebra operators, as discussed in Example 7.4. Cümülön employs a market
price model that captures diurnal and weekly periodicity, and carefully considers the bidding
price and number of spot instances as well as the timing of their use. All these features and the
optimization decisions involved are only possible because Cümülön works with declarative linear
algebra workloads, whose behaviors are relatively easy to predict. Lower levels of abstraction
lead to less predictability, which, when coupled with unpredictability of the market, will make
it exceedingly difficult to guarantee the quality of optimization decisions.

Cümülön only makes a one-time decision on how to bid for spot instances, and assumes
a single batch of them at any time during execution. In response to a revocation event, it can
re-optimize and acquire a new batch of spot instances, but this adaptation is reactive. In com-
parison, Cümülön-D [153] adapts more proactively—it would consider acquiring more spot ma-
chines when the spot price drops, or releasing them in anticipation of price hikes. The dynamic
optimization problem is modeled and solved as a Markov decision process; to avoid runtime op-
timization overhead, Cümülön-D precomputes a “cookbook” that allows the appropriate adap-
tation to be looked up at run time for any given market price and execution progress. This
highly dynamic adaptation also motivates a simpler system to tame model complexity and adap-
tation overhead: Cümülön-D requires an external stable storage service such as Amazon Elastic
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File System, which eliminates the need for complex recovery. The differences between Cümülön
and Cümülön-D illustrate the design trade-offs in supporting declarative programs, for which
the space of possibilities is rich. Cümülön has a more sophisticated system with more “smarts”
built in, but predicting its behavior (especially in conjunction with revocations) becomes more
complicated. On the other hand, by making some simplifying assumptions and giving up some
optimization opportunities at lower levels, Cümülön-D offers more sophisticated optimizations
at a higher level to support proactive adaptation.

Specific ML Algorithms or Recipes: While it is possible to tailor the use of transient re-
sources to specific ML algorithms, a more general approach is to build solutions that can work
for a family of ML algorithms sharing the same computational recipe. Consider, for example,
Proteus [139], which targets parameter server workloads where workers are stateless. Such work-
loads stand to benefit from transient resources naturally. The bulk of work can be carried out
by workers running on transient machines. The more critical work of servers can run on regu-
lar machines; if they become a bottleneck due to a large number of transient machines, Proteus
will instead use regular machines for online backup, processing updates that are coalesced and
streamed in the background from active servers running on transient machines. Proteus adap-
tively allocates machines from multiple Amazon spot markets, and accordingly transitions the
computational roles played by spot and regular machines automatically. Proteus acts proactively
in response to market conditions, and can take advantage of Amazon’s charging policy to get
some work done for free (by bidding aggressively and hoping for revocation within an hour).
In general, however, aiming simply to maximize the amount of free work is not a good strat-
egy, because frequent revocations may incur significant overhead for some workloads. Therefore,
Proteus seeks to minimize average cost per unit work instead, taking into account both the op-
portunity and risk of aggressive bidding.

7.4 SUMMARY
In this chapter, we discussed how to handle resource heterogeneity and elasticity when running
large-scale ML workloads in the cloud and cluster computing settings. Here, automatic
optimization is highly desirable because it is difficult for users to choose among myriads of
complex, interlocking options in a sometimes unpredictable environment. The increasing
varieties of hardware (e.g., CPU vs. GPU), platforms (e.g., storage, compute, and application),
and pricing policies (e.g., spot vs. regular) undoubtedly add to the challenges. These problems
are not unique to ML (or database) workloads, and there are many ideas and techniques for
coping with them—some targeting specific levels of abstraction and others being more general.
As we have seen throughout this chapter, higher levels of abstraction and better understand-
ing of the workloads enable more sophisticated optimizations, but on the other hand they
tend to become less general. Recent work targeting workloads with declarative specifications
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or specific computational recipes seems promising, although much future work remains in find-
ing the “sweet spot”—or perhaps multiple of them—between generality and effectiveness of
automatic optimization for ML workloads.
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C H A P T E R 8

Systems forMLLifecycle Tasks
In the previous chapters, we focused on the specification, execution, and optimization of ML
algorithms in various settings. However, the process of running ML algorithms to train ML
models is only one step, albeit a major one, in the end-to-end lifecycle of ML applications, as
depicted in Figure 1.1 in Chapter 1. This lifecycle also involves the processes of sourcing and
preparing data for ML, model selection and model management, and deployment of ML mod-
els into production. Tackling these challenges requires ideas and techniques that combine not
just ML and data management, but also other fields of computing, including human-computer
interaction and operating and distributed systems. We now dive into these auxiliary steps in the
ML lifecycle in depth.

8.1 DATA SOURCING AND CLEANING FOR ML
ML does not exist in a vacuum—it is impossible in general to train ML models without train-
ing data from the very data generating process that we aim to make predictions about using ML.
Thus, the very first step in any applied ML endeavor is gathering the training data and mas-
saging it into a form needed for even starting the process of ML training. Moreover, ML is a
classic example of “garbage in garbage out”—if the training data distribution is not representa-
tive of the data distribution where the ML models are deployed or if the training data is ridden
with data errors, ML models could fail in unexpected ways [269]. We call this whole process
of getting the training data in place as “sourcing” data for ML, which includes diverse tasks
such as procuring the data from their sources, representing the data in an ML-friendly manner,
getting high-quality labels for supervised ML, validating and cleaning the values of the fea-
tures and labels, and overseeing the ML predictions served and all ML-related data in general
throughout the application’s life. Such validation often includes automated components such
as outlier detection, for which there are many algorithms [145], but often applied in a custom
dataset-specific and human-in-the-loop manner. According to recent surveys of data scientists
in practice, all data-related processes typically consume 80–90% (if not more) of the time and
effort spent by most data scientists [1, 2]. We categorize existing data management-oriented
research in this space into three groups: procuring data for ML, cleaning data for ML, and data
labeling frameworks.

ProcuringData forML: Most organizations have large databases with different types of data
and many tables (even up to billions [32]). There are also many publicly available sources of
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datasets, both free data (e.g., Freebase or Wikipedia) and commercial data sold on data mar-
ketplaces [4, 14, 41]. Given an applied ML task, it is part of a data scientist’s responsibility
to identify and procure all potentially relevant datasets, inspect them, and transform them into
a form that can let ML modeling commence. Naturally, there is a growing work on software
infrastructure for better governance of ML-related data. For instance, TFX [42] is an “ML
platform” built around TensorFlow for integrated management of data and ML tasks. It sup-
ports procuring data from various sources, including DBMSs, flat files, and data streams, and
feeding such data pipelines to various ML training, testing, and serving modules by leveraging
Apache Beam and other such flexible data infrastructure. This requires loose coupling between the
data and ML system, which in turn requires flexible schema representations for data. TFX uses
semi-structured JSON-based ProtoBuf formats for data combined with a set of constraints to
enforce data integrity. TFX also supports semi-automatic business rules that can trigger alerts
to ML DevOps engineers based on issues with the data sources or quality.

Sometimes, even procuring the right data could be a headache, say, because it is owned by
a different teamwithin the same organization. In this context,Hamlet [202] andHamlet++ [307]
showed that inmany cases ofML overmulti-table relational data, procuring extra tables for join-
ing with the main table may not really be needed. By applying learning theory, they showed that
key-foreign key dependencies present in a multi-table database imply that the features brought
in by such joins may not help improve prediction accuracy. But avoiding such joins introduce
a twist to the bias-variance tradeoff of ML in that it may not alter the bias but it could cause
the variance to rise in some cases. Hamlet presented some learning theory-inspired and easy-
to-apply decision rules that only look at the metadata of the database to predict if the variance
will rise significantly [202]. WhileHamlet focused on linear classifiers such as logistic regression
and Naive Bayes, Hamlet++ showed that similar results hold for more complex classifiers such
as decision trees, SVMs, and neural networks as well.

In some cases, training data may not be available in the organization itself, which leads
practitioners to purchase data sold on data marketplaces. These are platforms where buyers and
sellers interact to exchange commercially valuable datasets. But instead of buying an expensive
dataset wholesale, one could imagine purchasing only subsets of the data computed by a rela-
tional query and pay a lower price. This led to the framework of query-based pricing [41]. Build-
ing upon this idea, Nimbus studied the possibily of releasing only ML model instances trained
on subsets of the data for cheaper prices compared to procuring the whole dataset [68, 69]. This
leads to new tradeoffs between cost and accuracy, as well as between optimizing for revenue of
the seller and coverage of potential customers with different purchasing power. Applying tech-
niques from micro-economics and game theory, Nimbus showed that it is possible to design
a practical data marketplace for selling ML models with formal guarantees on the prediction
accuracy and arbitrage-freeness of the sale.

CleaningData forML: Data cleaning is a long-standing topic in the database literature, even
for regular SQL analytics [76, 278]. Many of those issues still matter for ML but have inter-
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esting accuracy-oriented implications. For instance, handling missing values in features is still
unavoidable. But disambiguating and deduplicating entities in categorical features may or may
not be essential depending on the number of training examples due to the bias-variance trade-
off. For instance, both “CA” and “California” can appear as the representation for the state of
California in a categorical feature named State. ML models can still work without accuracy
issues, if both representations have enough training examples. Otherwise, deduplicating and
consolidating these value representations can help improve accuracy. Identifying and handling
outliers and erroneous data values is also an issue but what is an outlier depends on the task.
For instance, the value “-1” in a numeric feature named Age could corrupt the ML model and
lead to serious accuracy issues, but the same value in a categorical feature named State can be
treated as just another (say, unknown) category without serious accuracy issues.

A recent line of work focuses on human-in-the-loop cleaning and aims to reduce hu-
man effort for fixing errors in the data either by exploiting statistical properties of ML. Active-
Clean [194] integrates iterative data cleaning operations with stochastic gradient descent-based
training of convex ML models. They observe that it is risky in general to perform iterative clean-
ing with training in the loop because it might lead to statistically spurious conclusions caused by
the Simpson’s Paradox. They then propose new sampling mechanisms that exploit the convex-
ity of the loss function to reduce the number of examples that need to be cleaned by a human
in the loop during training itself, while still offering convergence guarantees and ensuring the
model trained is accurate. BoostClean [195] is an automated data cleaning tool to detect and
repair violations of domain value constraints for features in the training data. Based on a library
of functions for detecting and repairing data errors, BoostClean casts this problem as a form of
boosting to obtain the best ensemble of functions from the library that improves the accuracy of
the downstreamMLmodel. Related isHoloClean, which casts data repair as a holistic probabilis-
tic inference task that jointly processes various sources of constraints, including domain-specific
integrity constraints, outlier detection methods, and knowledge bases, while also exploiting the
statistical properties of the data. It exploits DeepDive under the covers and introduces new op-
timizations and approximations to enable its compilation and execution stack to scale to large
datasets.

TFX [42], mentioned earlier, also helps with validating the quality of both training and
serving data for ML-based Web products at Google. It allows for creating application-specific
rules for monitoring the accuracy behavior of deployed ML models and connecting them with
training-related issues such as wrong feature values, outliers, and concept drift. Finally, DataL-
inter [155] is a tool that automated the application of a list of ML-specific data quality checks
such as encodings of categorical features, distributions, missing value handling, etc. They call
such issues “lints” and package them into a tool that can help data scientists, especially novices,
avoid many routine but widespread data quality pitfalls in applying ML for data analytics.

DataLabelingFrameworks: All supervised ML models require labeled examples for training.
While in many applications, the labels are automatically created as part of the data-driven ap-
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plication’s lifecycle (e.g., past customers that have churned or not in customer churn prediction),
such labeled data may not be forthcoming in all applications. In some applications, especially in
vision, one can generate high-quality synthetically labeled data using simulators that exploit the
knowledge of the underlying physics. For instance, [164] present a technique called “domain
randomization” that involves creating and composing 3D models of objects, adding irrelevant
geometric shapes to the scene to make it harder to identify the objects, and overlaying random
textures. They show that training data generated with this approach still allows deep CNNs to
yield high accuracy for object recognition tasks in self-driving car scenarios. However, many
new consumer-facing applications of AI, as well as many domain scientific applications may not
have large labeled datasets to begin with or not have fine-grained knowledge of the underlying
mechanisms that produce the data to be able to simulate it well. The common solution in such
cases is to have “subject-matter experts” from that domain manually annotate a large unlabeled
corpus. But such manual labeling could be expensive, and there may not be enough experts will-
ing to label data. Crowdsourcing presents an alternative to collect labels from common crowd
workers that may not be experts. But not all applications are amenable to crowdsourcing, per-
haps due to privacy constraints or the sheer complexity of the prediction tasks. The paradigm
of “weak supervision” can help such cases [20]. Essentially, we drop the assumption that labels
have to be perfect and instead, we allow labels to be approximate and noisy.

Snorkel [284] is a framework that helps denoise labeled data produced by various sources
of weak supervision. It produces probabilistic training data wherein a label is not a point value but
a probability distribution over the target vocabulary. The sources of weak supervision could be
diverse, including labeling functions programmed by domain experts, say, in the form of Python
scripts that capture various domain-specific heuristics, patterns, and intuitions, as well as crowd-
sourced labels, data augmentation techniques such as label-preserving translations and rotations
of images, external knowledge bases (e.g., Freebase), and so on. Denoising is performed by learn-
ing a probabilistic graphical model that is generative in an unsupervised manner. By tracking the
provenance of labeling sources in this manner and denoising their inputs, Snorkel often boosts
the accuracy of downstream discriminative models. Snuba and Babble Labble build upon Snorkel
to further reduce per-example manual labeling effort. Snuba automates weak supervision when
unlabeled data is available along with some labeled examples [334]. It learns multiple simple
classifiers on the labeled data and produces such heuristic automated labeling functions itera-
tively until a large part of the unlabeled data is covered. Babble Labble allows uers to provide
natural language explanations for their labeling heuristics, which it then converts to labels using
a semantic parser [136]. Such a high level of abstraction is sometimes feasible in text analytics
tasks and reduces the barrier for domain experts without programming skills to provide weak
supervision.

Finally, Snorkel Metal generalizes the idea of Snorkel to multi-task learning [384] by al-
lowing users to specify hierarchically-related labeling functions for hierarchically related sub-
tasks defined with a “task schema” [285]. By allowing downstream models for these tasks to
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share both supervision and internal learned features,Metal can potentially boost accuracy for all
tasks. Taking this idea even further, the “massively multi-task” (MMT ) vision overhauls weak
supervision for neural networks in large organizations to improve ML engineers’ productiv-
ity [15, 286]. In MMT, there is a single multi-task model, analogous to a single central code
repository. Each prediction task’s weak supervision signals are “checked in” to update the MMT
model. If smaller models are needed for specific tasks, they can then be supervised by the MMT
model. Overall, MMT pools the human effort that goes into weak supervision across tasks and
enables ML users to share the benefits of both labeling and jointly learned features across tasks.

8.2 FEATURE ENGINEERING AND DEEP LEARNING
Most ML models simply cannot be used directly on most raw data attributes, or they might
yield poor generalization errors if used directly. For instance, in our running example of customer
churn prediction, two common customer attributes are Name and Address. If used directly as
features for ML, these attributes will be treated as categorical features with very large domains,
since the number of unique names or addresses is likely very large. Even worse, these attributes
may not be “generalizable,” i.e., when the trained ML model is deployed for prediction in the
application, new values of names or addresses might arise that ML model will not know how
to handle (unless it is mapped to a special “unknown” category). Thus, data scientists almost
always have to apply some knowledge about the data and application domain to covert the raw
data into a clean representation for ML, i.e., obtain the well-defined feature vector with numeric
or categorical features with fully known domains. This overarching process of converting the raw
data into the precise feature vector to use for ML is called feature engineering, feature extraction,
or representation extraction.

Forms of Feature Engineering: Feature engineering involves a wide swathe of data transfor-
mations depending on the data types and how helpful different attributes of the data are for
prediction. We categorize a few major forms of such transformations. Of course, this is not an
exhaustive list, since they are far too diverse in practice to enumerate succinctly.

1. Recoding and Value Conversions: Even on tabular (relational) data with well-defined
categorical and numeric features, simple forms of feature engineering might be needed
for different ML models, including one-hot encoding of categorical features, binning of
numeric features, and scaling of numeric features. ML models that operate on numeric
feature spaces (e.g., logistic regression or neural networks) cannot directly handle categor-
ical features that draw values from a discrete set. One-hot encoding converts a categorical
feature X with domain DX to a binary (0/1) feature vector of length jDX j (or strictly,
jDX j � 1) with exactly one of these features being non-zero corresponding to the value of
X present in a given example. Similarly, for some ML models such as Bayesian Networks
or MLNs, numeric features are often discretized and converted to categorical features by
binning based on their values.
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Many ML models that operate on numeric feature spaces require feature scaling, also
called “normalization” or whitening. This involves updating the feature by subtracting its
mean (over the training set) and dividing by the standard deviation. In the case of sparse
features with many zeros, normalization may also be done with the difference of the max-
imum and minimum values to help preserve sparsity. Such transformations rebalance the
influence of different features that vary widely in the ranges of their values on the ML
model. Finally, data cleaning concerns such as entity matching and value standardization
also become a part of feature engineering for ML workloads. For example, the values “CA”
and “California” correspond to the same entity in a categorical feature representing state.
But unlike value standardization for SQL workloads, ML presents semantic differences in
how to interpret the values. For instance, one could present processor speed “2.3 GHz” as
a string-valued attribute for SQL queries but one might have to write a string processing
script to convert this value to a numeric feature value “2.3” with the implicit semantics that
the units are GHz for this feature.

2. Feature Selection: Still focused on structured (relational) data with well-defined categor-
ical and numeric features, feature selection techniques such as subset selection and fea-
ture ranking are sometimes used to explicitly reduce the number of features used for ML
modeling [132]. Having fewer features could improve interpretability of some models, but
more importantly, it could also improve the prediction accuracy of some models due to the
bias-variance tradeoff [308]. Optimal subset selection is NP-Hard and a variety of search
heuristics, including forward selection, backward selection, and stepwise elimination exist.
In many applications, such feature selection often happens in a human-in-the-loop fash-
ion due to special domain-specific constraints on what features the data scientist wants to
include or exclude.

3. DimensionalityReduction: Procedures such as principal component analysis (PCA), lin-
ear discriminant analysis (LDA), singular value decomposition (SVD), and general non-
negative matrix factorization (NMF) are also common for reducing the number of fea-
tures, especially for compressing large sparse feature vectors into smaller dense feature
vectors [123]. Such techniques yield similar benefits as feature selection in terms of accu-
racy, but they construct complex combinations of the base features, while feature selection
techniques retain the semantics of the base features.

4. Temporal Feature Extraction: Time series data can be viewed as structured data that do
not satisfy the IID assumption because of correlations of values over time. Thus, when
applying ML models to such data, one might have to extract temporally-aware features
for forecasting or other prediction applications. There is a large body of work in the data
mining literature on extracting features from such data types, including detecting “motifs”
(patterns that convey some information and likely occur often), similarity metrics such as
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dynamic time warping for comparing pairs of time series, window-based feature replica-
tion, etc.

5. TextualFeatureExtraction: In many structured datasets, some attributes could be textual,
e.g., reviews in a recommendation system. Similar to time series feature extraction, a wide
variety of textual feature extraction techniques are commonly used. One popular technique
is bag-of-words, which converts the text to a large sparse feature vector of counts of words
from a given vocabulary, and n-grams, which looks at fixed-length sequences of tokens
from the vocabulary that occur in the text. In many applications, bespoke domain-specific
extraction scripts are common for dealing with textual data, including the use of entity
dictionaries (e.g., names of all restaurants in a city or names of all celebrities), regular
expressions for detecting specific patterns (e.g., are there words that are all in upper case
or are there multiple exclamation marks), and more specific features that a data scientist
thinks could be informative for ML modeling.

6. Textual Embeddings: The state of the art for feature extraction from textual data types
in many applications are the so-called “distributed representations” such as Word2Vec,
GloVe, and Doc2Vec [205, 237, 266]. These are essentially shallow neural networks that
map each token in the vocabulary to a small dense feature vector, called an embedding,
instead of a large sparse feature vector as is obtained from bag-of-words or n-gram feature
extraction. Such embeddings are typically constructed by solving an optimization prob-
lem that creates a representation based on the occurrence context of a token in terms of
predicting its neighboring tokens. The training procedures for some embeddings resem-
ble matrix factorization algorithms, albeit trained in an application-agnostic manner on a
general corpus [237]. Such embedding features have been found to have remarkable analo-
gizing properties. For instance, with Word2Vec, if one subtracts the vector of “man” from
“king” and adds “woman,” the token that is closest to the resultant vector is “queen.” Such
properties help improve prediction accuracy in many NLP tasks.

7. Recurrent Neural Networks (RNNs): Generalizing further from textual embeddings,
RNNs are complex sequential ML models that integrate feature extraction and predictive
modeling. In a sense, they construct a hierarchy of linear and non-linear transformations
that also take into account the sequential dependencies in the data [124]. In fact, a form
of RNNs known as long short-term memory (LSTM) networks can learn very long de-
pendencies automatically by employing an internal state vector that is selectively modified
based on the sequential patterns [215]. LSTMs now yield state-of-the-art accuracy in sev-
eral sequential ML tasks, including on time series, speech, and audio data [28], and for
NLP tasks such as sentiment mining and machine translation [326]. It should, however,
be noted that in place of complex manual feature extraction for such sequential data types,
RNNs often require more tedious and computationally expensive neural architecture ex-
ploration and hyper-parameter tuning efforts.
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8. Convolutional Neural Networks (CNNs): In the same spirit as RNNs, CNNs integrate

feature extraction and predictive modeling for images and similar data types such as
video. CNNs also construct a hierarchy of linear and non-linear transformations, but they
exploit spatial locality of information in the input using operations called convolutions.
These feature extractors are parametrized, with the parameters learned automatically
during training with backpropagation [124]. CNNs now yield the state-of-the-art
accuracy in several image and video prediction tasks, including the famous ImageNet
classification contest [100]. Certain forms of CNNs also excel on sequential data such
as speech [83], short text, and time series data. However, as with RNNs, CNNs also
often require tedious and computationally expensive neural architecture exploration and
hyper-parameter tuning efforts.

Several recent works have focused on abstracting and optimizing the dataflow of different
forms of feature engineering from the data management standpoint, especially on structured
data. At a high level, these systems propose a representation language or API for a class of feature
engineering tasks that is more “declarative” than manually executing these tasks one by one in
a lower-level language. Almost all of them then introduce execution optimization techniques
inspired by relational query optimization to reduce runtimes resource costs. We categorize these
systems based on the kinds of dataflows and feature engineering tasks they target.

Feature Selection Systems: A key example system in this category is Columbus [186, 373,
374], which considers feature selection on structured data as not a one-shot algorithm but rather
a human-in-the-loop “dialogue with the algorithms.” Focusing on the R environment,Columbus
introduces a domain-specific language (DSL) for exploratory feature selection, in particular,
various subset selection heuristics for linear and logistic regression models. By composing scripts
in this DSL, the data scientist can focus on the logic of what feature subsets they want to
explore rather than write lower-level R code that tells the system how to execute them. Under the
covers, Columbus compiles the script to an abstract representation of the projections to perform
on the dataset and accuracy budgets. It then applies a suite of materialization optimizations,
including lazy vs. eager materialization of projections, materialization of the QR decomposition,
coreset sampling, and warm starting of models. The former two techniques improve runtimes
without affecting accuracy, while the latter two balance runtime-accuracy tradeoffs. Columbus
uses a simple cost-based and accuracy-aware optimizer to pickwhich combinations of techniques
to use on a given input instance.

More General Feature Engineering Workflows: This class of systems focus on more gen-
eral feature engineering tasks, typically abstracted as workflows of data transformations or even
general programs.

Brainwash [34] envisions a system architecture for rapid exploration of different forms of
feature extraction (regardless of data type) by treating them all as custom user-defined functions.
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While this approach means it may not be able to exploit any specific algebraic or ML-specific
properties to optimize such workflows, it could enable auxiliary support such as reuse of work-
flows by matching templates, materialization of intermediate results, and recommendations of
features based on past workflows. DeepDive [377] supports a similar architecture for extract-
ing features from unstructured data for the task of knowledge base construction (KBC). While
it exposes a logic-based language called DDLog to the user, DeepDive supports user-defined
functions for feature engineering written in Python embedded into DDLog scripts. This allows
DeepDive to incorporate complex, ad-hoc, domain-specific information for feature extraction
into its core SRL-based framework.

KeystoneML [316] focuses on pipelines of feature extraction operations for structured data
and images. It introduced optimizations for selecting between different algorithmic operators,
especially solvers for numerical optimization problems, when executing such pipelines end-to-
end. It uses a cost model for runtime performance to pick between different solvers based on the
properties of the data input. Zombie [35] is different from the above systems in that it does not
focus on multi-stage workflows but rather a single step of evaluating the utility of a given piece
of feature engineering code. Instead of blindly processing all of the raw data to extract features
and then check if ML accuracy has improved, Zombie introduces indexing-based techniques
to steer the data processing to focus on “more useful” data subsets earlier on. This could enable
faster exploration and earlier stopping when exploring and evaluating newly engineered features.

Handling Deep Learning Features: Finally, general deep learning frameworks such as Ten-
sorFlow and PyTorch enable data scientists to specify learning-based feature extraction as part of
the neural architecture itself. In this sense, they can be viewed as systems for feature engineering
as well. As of this writing, there is not much work specifically on data management for deep
learning-based feature engineering, except perhaps for ModelHub [235] and Vista [241].

ModelHub is a tool that enables users to snapshot, store, version, and reuse deep neural
network models. In particular, it focuses on deep CNNs for computer vision applications. To
reduce storage costs, ModelHub employs compression across model versions and snapshots dur-
ing a training run. This leads to a tradeoff between storage space and model re-creation times
for retrieval, which ModelHub optimizes based on user preferences. We can view ModelHub as
a feature engineering system in that it supports reusing pre-trained CNNs for transfer learning,
an emerging popular approach to using CNNs in data-constrained applications. In particular,
to remove the last layer(s) of a pre-trained CNN and “fine tune” it on a new dataset is to treat
the lower parts of that CNN as just a feature extractor.

Vista [241] observes that users typically explore multiple layers of pre-trained CNNs as
the feature representation of images. This is a “model selection” process that uses CNNs for fea-
ture engineering [200]. Vista observes that this process could have computational redundancy
due to repeated partial CNN inference—an instance of the classical database issue of view mate-
rialization tradeoffs. Vista optimizes such tradeoffs based on user preferences and enables more
declarative execution of this workload at scale. It builds on top of a deep learning framework
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such as TensorFlow for CNN inference combined with a distributed memory-based dataflow
system such as Spark for efficient, scalable, and fault-tolerant execution of this workload.

8.3 MODEL SELECTION AND MODEL MANAGEMENT
Model Selection: Model selection is the overarching process of obtaining a “satisfactory” pre-
diction function using a given (labeled) dataset, wherein satisfactory is defined by the application
user using metrics such as accuracy and/or cost. This process lies at the heart of obtaining “good”
accuracy with ML because it lets a user control the bias-variance tradeoff in a structured man-
ner [308]. It is typically an iterative human-in-the-loop process but most existing ML systems
provide little support for optimizing this process end-to-end. The model selection process is typ-
ically both data-intensive and compute-intensive. Thus, it is crucial to understand this process
in more detail from the systems standpoint. At a high level, model selection subsumes feature
engineering and also includes at least two other key ML-related processes: algorithm selection
and hyper-parameter tuning. It is a combination of decisions for these three processes, dubbed a
“model selection triple” in the literature, that determines what prediction function is ultimately
picked [200]. Figure 8.1(A) illustrates this process.

Algorithm Selection: Recall that feature engineering is the process of creating the feature
vector representation to be used for ML. Algorithm selection, on the other hand, is the process
of deciding which hypothesis space of prediction functions to use for the application. For example,
for a binary classification application such as spam detection, one could use decision trees, Naive
Bayes, logistic regression, SVMs, neural networks, or other types of ML classification models.
Even for a given ML model, e.g., logistic regression, one could use stochastic gradient descent
(SGD) or a batch gradient method as the numerical optimization procedure for training. Sim-
ilarly, for a neural network, one has to specify its architecture, which includes the number and
types of layers, number of neurons, and types of activation functions. All these decisions are part
of algorithm selection because they affect the hypothesis space of prediction functions available
for use. In practice, algorithm selection is not guided only by prediction accuracy but rather a
complex mix of technical and non-technical factors beyond just accuracy, including runtime,
resource cost, availability and ease-of-use of training tools, and user-specific judgments on the
“interpretability” of a prediction function.

Hyper-parameter Tuning: This is the process of deciding what hyper-parameter values,
which are tunable “knobs,” to use for a chosen ML model and training algorithm. Almost
all ML models and training algorithms have such knobs because they let users control the
bias-variance tradeoff and/or configure the training to be more effective. For example, logistic
regression with SGD has at least 4 hyper-parameters: balance between L1 and L2 regular-
ization (also called elastic net regularization), regularization strength, step size (also called
learning rate), and step size decay rule. On top of these, one can also view the convergence
criterion as another hyper-parameter, e.g., number of training iterations or a threshold for
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Figure 8.1: (A) Illustrating how model selection is handled by most ML systems today. The
data scientist decides the feature representation with feature engineering, followed by algorithm
selection conditioned on the feature representation and hyper-parameter tuning conditioned on
the preceding two decisions. This “model selection triple” (MST) is the key object of exploration
in model selection. (B) Often, the data scientist can group different logically related MSTs for
bulk execution, e.g., combining many hyper-parameters in one go. Research in model selection
and model management systems can be categorized at a high-level into new programming in-
terfaces to enable such bulk specification of MSTs, optimization techniques for executing a set
of MSTs, and model management systems and techniques to better manage the results.

the fractional drop in the loss value or validation error across iterations. As with algorithm
selection, hyper-parameters configurations are typically picked using heuristics that combine
technical and non-technical factors. A popular heuristic is “grid search,” which requires the
user to specify a small set of values for each hyper-parameter and construct the cross-product
of all such sets. “Random search” is another popular heuristic that picks a random subset of
the preceding set of combinations. More sophisticated hyper-parameter search procedures,
including Bandit-based approaches [209] and Bayesian optimization [315], have been studied
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for various ML models, and this remains an active area of research in the ML community.

Model selection is a process that is rife with data management challenges, as identified
and characterized in [200]. These challenges can be split into three high-level issues: program-
ming interfaces, execution optimizations, and model management. The programming interface
for model selection determines the abstraction level at which users engage in the model selec-
tion process. Execution optimizations are database-inspired systems techniques that help reduce
runtimes or other resource costs. Model management involves capturing, storing, and manag-
ing the provenance of models generated during this process. Many systems that support model
selection-related tasks tackle one or more of these challenges, which is how we split the rest of
this subsection’s discussion. Figure 8.1(B) illustrates how such systems and ideas relate to the
model selection process and help improve it.

Programming Interfaces: At one extreme, users can specify each training configuration one
by one in their favorite ML tool, e.g., Scikit-Learn. At the other extreme, users can be removed
from the loop by an automated search process that is hardcoded by theML system developer.The
latter approach is often called AutoML. Examples of AutoML systems include AutoWeka [330],
Auto-SKLearn [116], MLBase [193] and its component TuPAQ [317], and QuIC-M [49]. Au-
toWeka imposes a customizable search procedure on top of Weka’s ML implementations so that
users need to exert almost no effort for model selection, while Auto-SKLearn does something
similar for the ML algorithms in Scikit-learn.MLBase goes further by abstracting out high-level
ML tasks, such as classification, themselves as operators. Under the covers,MLBase and TuPAQ
hardcode multi-armed bandit-style explore-exploit techniques for performing algorithm selec-
tion and hyper-parameter tuning automatically. QuIC-M builds upon this idea to also support
different data types, more automation for data preparation and feature extraction steps, and
sampling-based estimates of the convergence behavior of iterative models for faster model se-
lection. Google AutoML automates the creation of computer vision-focused CNNs based on a
user-given dataset and cost budgets [5].

Other systems and tools explore semi-automated programming interfaces, some inspired
by the database notion of declarative query specification. For example, Longview [26] provides
simple APIs for model selection in an RDBMS context, while Sherlock [336] provides more
automated model search APIs. ModelHub [235], which we discussed earlier, provides a higher-
level API for retrieving and reusing pre-trainedCNNs as part of fine tuning and transfer learning
for computer vision applications. Libraries such as glmnet in R, Keras, and TFLearn [18] also
provide APIs for various parts of model selection, especially hyper-parameter tuning. In the
commercial arena, AzureML provides programmatic (and GUI-based) mechanisms to specify
“parameter sweeps” for automating hyper-parameter tuning. Similarly, FBLearnerFlow [6] is a
tool from Facebook for specifying and orchestrating large-scale model selection executions and
experimentation. Finally, SageMaker [3] is a cloud-based tool from Amazon for visually and
programmatically specifying and managing model selection workflows.



8.3. MODEL SELECTION AND MODEL MANAGEMENT 113
Execution Optimizations: A few systems have studied RDBMS-inspired execution opti-
mizations for some parts of the model selection process, some of which are adapted to the ML
setting in an accuracy-aware manner. These can be categorized into two: exact optimizations
that do not affect ML accuracy and approximate optimizations that do affect accuracy but have
empirical mechanisms to guard against substantial drops in accuracy.

As an example of the first category, TuPAQ [317] batches data scans for training differ-
ent algorithms and hyper-parameter combinations. Columbus [374] also exploited batched data
scans but in the context of exploratory feature subset selection. This optimization reduces the
I/O cost on large-scale datasets, while yielding the same eventual ML models. Another example
is Helix [358], which abstracts feature extraction and ML training workflows for classical ML
models in a higher-level API. This allows Helix to apply database-inspired view materialization
optimizations for reusing intermediate data across model selection iterations, thus potentially
reducing runtimes for human-in-the-loop training.

As an example of the second category, [275] applies online aggregation-style techniques
to hyper-parameter tuning for iterative gradient descent-based ML. In particular, they use em-
pirical mechanisms to stop the exploration of certain combinations automatically if they do not
improve accuracy. Along similar lines, Hemingway [258], which we discussed earlier in Chap-
ter 7, automates the task of estimating the number of iterations needed for gradient descent-
based ML to converge to a desired accuracy in conjunction with deciding how many nodes to
use in a cluster for a desired runtime. Finally, [212] takes an even higher-level view of the model
selection process by considering multi-tenancy, especially for neural network models. They in-
troduce a Bayesian optimization technique that can learn from the execution results of other
users to decide which model to use for a given user’s model selection. They do so by maintaining
a database of previously trained models and datasets and using an explore-exploit technique to
better predict which models might be most useful for a new dataset relative to manual decision
baselines.

Model Management: The process of model selection almost always leads to the creation of
a large number of trained model instances, often even in the millions [6]. Thus, at this scale,
models themselves become a new form of data. Model management is the task of managing
the storage, retrieval, versioning, and provenance of models and their associated model selection
metadata. Such capability might be needed for various reasons: reproducibility, auditing, reuse,
and discovery of pre-existing models. We classify tools and frameworks for model management
into three categories based on their primary intended functionality: model serialization formats,
tools for model capture and storage, and model metadata management.

The first category includes at least three popular formatting frameworks for model se-
rialization and sharing: Portable Model Mark-up Language (PMML) [13], Portable Format
for Analytics (PFA) [12], and Open Neural Network Exchange (ONNX) [11]. PMML is an
XML-basedmeta-language for serializingMLmodel parameters and some associatedmetadata.
PFA is a successor to PMML that is JSON-based and supports more functionality for capturing
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new forms of ML models and feature extraction pipelines used to create those models. Finally,
ONNX is a formatting and sharing mechanism targeting deep neural networks, especially those
trained with Torch, PyTorch, Caffe, CNTX, and MXNet. Google has similar formats for mod-
els trained with TensorFlow. The second category includes Longview [26], ModelHub [235],
ModelDB [337], and MISTIQUE [335]. Longview uses an RDBMS to store models and their
metadata. ModelHub, ModelDB, and MISTIQUE primarily use custom file formats for storing
models, especially neural networks. ModelHub also uses an RDBMS in addition for the asso-
ciated metadata. Both ModelHub and MISTIQUE introduce ML model-specific compression
techniques to save space when archiving and versioning a large number of models and/or some
feature extraction pipelines. In the final category areTFHub [16], Amazon’s ML metadata man-
agement tool [299],MLFlow on Spark from Databricks [8],GroundFlor [119] for capturing and
managing context data from ML experimentations, and model “discovery” tools [236] that help
users locate relevant models based on their metadata and other desired properties.

Privacy inMLSystems: In the context of model selection, there are many reasons for altering
the ML algorithm and/or hyper-parameters beyond accuracy or runtime. A key reason is pri-
vacy—some applications, especially in health sciences, require guarantees that the ML model
learns only population-level aggregate knowledge that cannot reveal exact information about
specific individuals in the dataset. Differential privacy has emerged as a popular rigorous notion
of privacy for data analytics, including ML [108]. It is a cryptography-inspired approach that
involves injecting some carefully structured forms of noise into what the model learns. For in-
stance, [379] present a mechanism to modify the objective function of a class of optimization
problems, including linear and logistic regression, to make them differentially private. There is
a large body of work in the theory and ML literatures on making ML algorithms differentially
private, and that topic is beyond the scope of this book. But we note that differentially private
ML algorithms are only beginning to become mainstream. Most ML systems still do not offer
differentially private ML algorithms, with the key concerns being the development overhead of
rewriting the ML implementation, potential degradation of accuracy due to an inherent tradeoff
with privacy, and runtime overhead. To this end, [356] presented a new “bolt-on” approach to
make a class of popular ML algorithms differentially private without needing to modify their
implementations. They use a classical technique called output perturbation that adds noise to
the model parameters after training rather than during training. Thus, they avoid any changes
to the ML system’s internals, unlike prior approaches. They also proved that this approach can
also offer better accuracy, yielding another benefit. This approach was prototyped in Python
and integrated with the in-RDBMS ML system Bismarck, which we discussed in Chapter 2.
While prior approaches required tedious code changes to the low-level UDFs of Bismarck, this
approach did not require modifying the UDFs.
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8.4 INTERACTION, VISUALIZATION, DEBUGGING, AND
INSPECTION

As with many other forms of computing, going beyond programmatic interfaces could make
ML-based data analytics more accessible to users at various levels of expertise. In this light, there
is some work on interactive tools and techniques for handling both ML tasks and artifacts. We
split such work into two high-level categories: interactive exploration tools, which primarily aim
to make it easier for the user in the loop to interactively perform ML tasks, and ML debugging
tools, which primarily aim to help users interactively debug the behavior of ML models.

InteractiveExplorationTools forML: EnterpriseML tools such as SAS have long had inter-
active visual interfaces, including drag-and-drop workbenches. More recently, cloud ML ser-
vices such as AzureML Studio [7] and Amazon SageMaker [3] provide support for easy con-
struction, scaling, and management of end-to-end ML workflows in a visual manner. Going
beyond such visual interaction tools, a few recent systems target other modalities of interactive
specification. QUIC-M [49] enables users to interactively construct ML models on a pen-and-
touch board. Users can touch and drag to subselect data and specify the features. It uses data
sampling and Bayesian hyper-parameter optimization techniques under the covers to quickly
perform model selection and obtain approximate ML models and lets users interactively explore
the results. Helix [358] offers a new dataflow language integrated into Scala for specifying and
interactively refining ML pipelines. It optimizes the dataflow DAGs and injects materialization
decisions to reuse partial computations and datasets across iterations to improve runtime per-
formance. Finally, Ava [162] provides a chat-bot front-end to make it easier to build models
interactively. It enables users to specify a few feature extraction and model training tasks in nat-
ural language and uses natural language translation to pick from a repository of “storyboards”
for typical model building templates.

ML Debugging and Inspection Tools: As with regular software, ML-based software can
also fail in unexpected ways. Thus, inspecting and debugging ML artifacts is an important topic
that is receiving more research attention. We categorize work in this space into three groups:
debugging ML results and/or data, interpreting/explaining/debugging trained ML models, and
enforcing auxiliary constraints such as “fairness.”

We discussed earlier in this chapter about the issues of data validation and cleaning for
ML. But in many cases, even after model building is (partially) over, data scientists want to as-
sess the behavior of their models on various subsets of the data to identify if any particular parts
are causing accuracy issues or to take further action on improving the data or model building
process. In this regard, [167] introduced the concept of an “ML cube” inspired by data cubes for
exploring and comparing ML prediction results on different slices of the data. These slices can
be interactively specified using predicates on the values of some features. They built a graphical
tool, MLCube Explorer, to enable users to explore various slices, drill down in to data subsets,
and compare various accuracy measures of trained models. Flipper [333] is a framework for
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debugging programmatically generated labeled data. It offers users an easy-to-interpret higher
level description of issues in the training data rather than have users manually sample and in-
spect examples randomly to fix the labeled data generation code. These descriptions essentially
abstract features of the data automatically and present them in various modalities, e.g., textual
descriptions. Finally, SliceFinder [79] is a framework for automating the process of finding data
subsets where the ML model has poorer accuracy than the overall dataset. As with MLCube,
slices are defined by predicates on some feature values that are interpretable and meaningful for
the application users to take further action, e.g., sourcing more labeled data for some groups. It
uses a set of heuristics to rank and surface “problematic” slices to the user.

A more recent line of work aims to help “debug” complex ML models to help shed light
on their prediction behavior. PALM [196] is a tool to summarize the effects of different parts
of the training data on a “black-box” model such as deep neural network. It does so by approxi-
mating the complex model with a two-part model that may be easier to interpret: it constructs
a partitioning of the feature space with a decision tree and learns a smaller complex model for
each partition. This could perhaps help users prioritize which parts of the data to inspect when
explaining a given prediction of the model instead of looking at the raw training examples them-
selves, say, with nearest neighbor searches. Luigi [306] is an abstraction to inspect and under-
stand the internals of a recurrent neural network. It expects the users to specify higher-level logic
(say, automata or a general Python program) for expected model behavior, which they call “hy-
pothesis functions,” and returns sets of hidden layer neurons ranked by how much those neurons
are faithful to the given logic. This could perhaps help users understand where and why parts
of the RNN violate expected behavior. Finally, MISTIQUE [335] automatically captures and
stores intermediates of models produced during the model selection process and/or internal of
a complex model such as a deep CNN to aid post-hoc inspection and debugging. It employs
lossy forms of compression to reduce the storage footprint of such artifacts and is integrated
with standard ML tools in Python.

Finally, Krypton [242] is a tool for reducing the runtime of a popular approach to explain
CNN predictions called occlusion-based explanations. This approach produces a “heatmap” over
the input image to help the user see which parts of the image mattered the most for the pre-
dictions. Essentially, one occludes a part of the image with a dark patch, performs re-inference
with the CNN, notes the drop in the predicted labels’ probability, and then moves the patch
all over the image with some stride to obtain the heatmap. In Krypton, this process is cast as
a new instance of the incremental view maintenance problem, with each CNN layer viewed as
a “query” over a tensor. It introduces an algebraic framework that materializes all CNN fea-
tures from all layers and incrementally updates only parts of the layers’ outputs depending on
which pixels were occluded. The updates are automatically propagated across the CNN. A new
multi-query optimization technique that batches the re-inference requests across patches is used
on both CPUs and GPUs. Finally, it also introduces some approximate inference optimizations
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that reduce CNN computations further by exploiting the properties of human perception to
produce approximate heatmaps.

Apart from the above approaches, there is a long line of work on debugging, inspection,
explanations, and interpretability of ML models in the core ML/AI communities [291, 371],
as well as a spurt of recent work in the visualization and human-computer interaction com-
munities [19]. Covering all of these approaches is beyond the scope of this book, but we refer
interested readers to recent surveys and tutorials on this topic [146]. A more recent line of work
related to model inspection is in instilling a sense of “fairness” and avoiding “discrimination” of
people by ML models [107]. As complex ML models become ever more widespread, quantify-
ing notions of fairness that are easy to understand and adopt across diverse applications, as well
as easy to enforce and verify will become a more pressing challenge.

8.5 MODEL DEPLOYMENT AND SERVING
Deployment is the last major stage of the ML lifecycle, as illustrated in Figure 1.1. Historically,
model deployment was not particularly complex, since it was relatively straightforward to pro-
vide APIs to integrate ML prediction routines with standard software systems that managed
data. ML models would also be (re)trained only every quarter or so. But in the last decade, the
adoption ofMLhas exploded in both the number and kinds of tasks, some of which requiremore
rapid turnaround times. This has led to new systems-oriented issues in the model deployment
stage. In particular, there is a growing need for closer integration of complex ML prediction
infrastructure with regular querying support for monitoring, preparing for the next iteration of
the ML lifecycle, and enforcing post-prediction business logic. There is also a growing need to
reduce latency and improve throughout for serving ML predictions in applications where pre-
diction requests might arrive at a high rate, e.g., Web-based services accessed by people around
the world, the Internet of Things (IoT), and real-time video monitoring. We now dive into these
two main kinds of model deployment systems and techniques.

Complex ML Predictions on Data Infrastructure: ML prediction routines integrated with
data infrastructure have long been a part of in-RDBMS data mining toolkits. But more recently,
as ML models have become complex, e.g., due to deep learning, treating such routines as just
black box user-defined functions could lead to unexpected efficiency issues or loss of optimiza-
tion opportunity for query processing. For instance, Staccato, which we discussed in Chapter 2,
focuses on reducing the inference runtime of a form of probabilistic graphical models for optical
character recognition (OCR) data in the context of querying such content in conjunction with
structured data in an RDBMS. It introduces a new approximation scheme for storing the out-
put of OCR using such models that can gracefully trade off accuracy for faster execution [203].
Along similar lines, the abstraction of “probabilistic predicates” helps integrate predicates that
involve ML prediction functions over complex data types such as images and video with regu-
lar relational query processing [220]. By pre-training a series of cheaper ML models based on
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available predictions, they can short-circuit the predictions by reordering the application of ex-
pensive ML prediction functions with the cheaper ones. The reordering is based on a heuristic
that users can tune based on their desired accuracy. In ML parlance, such a sequence of models
for prediction is called a “cascade.” [340].

Vista [241], which we discussed earlier, also opens up ML prediction functions for op-
timization, but focused on deep CNNs for multimodal analytics that integrate structured and
image data. It focuses on transfer learning with CNNs, wherein some specified feature layer of
a pre-trained CNN is used to extract features from the image and used in conjunction with the
structured features to train a downstream ML model. Since no single layer would dominate in
general for accuracy, this process requires a model selection step that compares multiple features
layers. Vista elevates this process to a declarative level and optimizes the materialization tradeoffs
of creating and transferring such features on top of a parallel dataflow system such as Spark.

ML Prediction Serving: In some applications of ML, the data on which predictions are to
be made could be a fast stream with stringent latency requirements. This is common for many
user-facing Web-based applications such as online advertising and recommendation systems,
as well as for real-time monitoring with IoT devices and video cameras. This gives rise to new
latency-throughput-accuracy tradeoffs, a problem calledmodel serving [87]. We categorize work
in this space into two categories: model serving for specific ML tasks and more general-purpose
model serving platforms.

The first category includes Velox [87], NoScope [170], and IDK Cascade [346]. Velox fo-
cuses mainly on matrix factorization-based recommendation systems and introduces approxi-
mate search techniques to speed up ranked retrieval over inner products between user features
and product features. It also explored new techniques to pre-compute and cache predictions to
reduce latency. NoScope and IDK Cascade focus on classification with deep CNNs on a video
stream to predict object occurrences. They observe that not all video frames need to be pro-
cessed by the deep CNN, since there is often little difference across frames. Thus, similar to
probabilistic predicates, they introduce cascades of cheaper classifiers, in particular, automati-
cally trained linear models and smaller CNNs that balance the accuracy-throughput tradeoffs
in a dataset-specific manner.

The second category includes systems such asTensorFlow Serving [17],Clipper [88], Pret-
zel [206], and MacroBase [40]. Their goal is to develop platforms to make it easier to deploy a
variety of ML models efficiently into a variety of applications, possibly with latency constraints.
TensorFlow Serving is a software framework for deploying neural networks trained in Tensor-
Flow on to a variety of device environments ranging from servers to smartphones. By creating a
uniform deployment environment, it obviates the need to write separate code stacks for differ-
ent device types. Clipper is a model serving system that provides container-based abstractions
to more easily deploy ML model training stacks developed in a variety of frameworks such as
Scikit-learn and TensorFlow. It explores generic batching and caching tradeoffs to optimize for
improving the throughout of serving predictions, while satisfying prediction latency constraints
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given by the user. In contrast to Clipper’s largely “black-box” approach that is model-agnostic,
Pretzel proposes a “white-box” approach that represents inference workflows in a higher-level
API for models built in the ML.NET framework [9]. Such an approach allows Pretzel to apply
multi-query optimization techniques such as sharing work among different inference pipelines
that involve expensive feature extraction steps. Pretzel materializes and reuses intermediate data,
reducingmemory footprints and enablingmore complex resource sharing and scheduling. In this
sense, it sacrifices some generality in favor of lower latency and higher system efficiency. Finally,
Macrobase is a model serving system tailored for anomaly detection applications with variousML
models. It introduces new systems techniques to improve the throughput of sketch-based outlier
detection and also provides higher-level summaries to explain the outliers to users.

8.6 BENCHMARKING ML SYSTEMS
The growth in the number and complexity of ML systems could make it harder for ML users
to decide which ML system(s) best match their application needs. Moreover, the publications
on an ML system typically focus only on its their strengths and seldom highlight regimes where
theymay not work so well.The dominant approach to tackle such issues with data-driven systems
is to standardize empirical comparisons via benchmarks, e.g., TPC benchmarks for RDBMSs.
Benchmarks help clarify the metrics and methodologies for comparing systems on an even foot-
ing, while also helping expose hidden weaknesses in systems that can become opportunities for
improvement. Surprisingly, there has been relatively little work on benchmarking modern ML
systems. While linear algebra packages such as BLAS, Eigen, and LAPACK have been exten-
sively benchmarked, such results focused on low-level matrix operations and single-node run-
time efficiency. ML users typically care about multiple higher-level metrics such as overall ML
execution runtime or costs, ML model accuracy, succinctness of specification, and scalability of
execution.

We categorize existing ML systems benchmarks into two based on their scope: those that
focused on a specific set of tasks and those that focus on a more general class of ML workloads.
As an example of the first are the benchmarks focused on MCMC-based ML models [62]
and image analytics tasks [233]. In [62], the programmability and efficiency of five ML mod-
els trained using MCMC sampling was compared on four ML systems. The models included
Gaussian Mixture Model, Bayesian Lasso, Hidden Markov Model, LDA, and missing data
imputation. The systems compared were Spark, SimSQL, GraphLab, and Giraph, spanning a
spectrum of in-RDBMS, dataflow, and custom data processing stacks. Each system has its own
pros and cons on intuitiveness of expressing the ML programs, as well as different levels of lim-
itations on scalability. In [233], the implementation and efficiency of some large-scale image
analytics pipelines are compared on five systems: SciDB, Myria, Spark, Dask, and TensorFlow.
The tasks were based on MRI data from a neuroscience application and telescope data from an
astronomy application. A key finding was that extracting good performance from such systems
at scale required more programming and systems expertise than would be ideal for domain sci-
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entists in such applications, suggesting that more work is needed on automating some systems
aspects.

In the second category are SLAB [329], GenBase [327], DAWNBench [82], and
MLPerf [10]. The Scalable Linear Algebra Benchmark (SLAB) targets systems for scalable
linear algebra-based ML (e.g., SystemML, SparkR, and MADlib). It compares systems both on
ease of use (measured as lines of code to specify an ML task) and runtime performance at scale.
It presents a hierarchy of test cases of increasing complexity ranging from low-level matrix op-
erations to pipelines of operations to fully fledged LA-based ML algorithms. It provides a data
generator to synthesize data of different scales and also includes a benchmark real-world struc-
tured dataset. In the distributed setting, these tasks capture different points on communication
load and computation load. Experiments using SLAB exposed new bottlenecks in existing scal-
able linear algebra systems, underscoring the utility of such benchmarks. Related is the GenBase
benchmark, which also focused on linear algebra operations on large array data drawn from the
genomics domain. It compared SciDB with Hadoop and MADlib on PostgreSQL, as well as R
integrated with various data backends on various queries, including linear regression, covariance
matrix, and SVD. It found that SciDB scales well for these tasks across various dataset sizes and
cluster sizes, while the other systems often faced scalability bottlenecks.

DAWNBench targets deep learning systems (e.g., PyTorch [264] and TensorFlow [22]),
albeit in a more integrated cross-stack manner that measures “time-to-accuracy” for a hand-
ful of pre-specified benchmark real-world unstructured datasets. It handles a two-dimensional
tradeoff space involving both the final accuracy reached and the total resource cost measured in
dollars on the same hardware platform. Associated with this benchmark is an online competition
with a leaderboard for ML users to post better training solutions that improve on the accuracy-
cost Pareto frontier. Finally, MLPerf is a recent and wider benchmark effort for standardizing
comparisons between ML systems, including software frameworks, hardware accelerators, and
cloud ML platforms. It offers benchmark datasets and time-to-quality targets for a wider va-
riety of ML tasks, including image classification, machine translation, sentiment analysis, and
reinforcement learning.

8.7 SUMMARY

This chapter presented a wide-ranging discussion of several data management issues in the entire
ML application lifecycle beyond just the efficiency or scalability of ML training. Since high-
quality data is the bedrock of effective ML, sourcing, transforming, cleaning, and labeling data
remains a perennial data management challenge for ML applications. Building ML models
requires steering the higher level processes of feature engineering and model selection, as well as
managing and debugging the artifacts and metadata from such processes, which are replete with
data management challenges. Finally, deploying and integrating ML models with applications,
monitoring their use, and benchmarking ML systems will remain active areas of inquiry as ML
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systems see increasing adoption. Since almost every stage of the larger ML lifecycle features
open research questions, it will likely remain an active research area for the foreseeable future.
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C H A P T E R 9

Conclusions
ML systems draw upon ideas from a variety of computing fields beyond just ML algorithmic re-
search, including data management, operating and distributed systems, high-performance com-
puting, programming languages, and more. Motivated by (1) data-driven applications, (2) data-
intensive workload characteristics, and (3) data systems support for ML, we took a data-centric
view and reviewed approaches for integrating ML in data systems as well as data management
techniques in ML systems. In the following, we draw several conclusions regarding the existing
state of the art, as well as major open problems and directions for future work.

MLwith SQL andUDFs: Although many ML algorithms can be expressed in SQL and can
be reasonably well supported via UDFs, several projects have recognized that numerical comput-
ing in SQL often leads to unnatural specifications from an ML user standpoint and performance
degradation. Moreover, UDFs themselves are a too low-level programming abstraction for most
ML users. While there are use cases that require ML directly over RDBMS-resident data with
SQL and UDFs, it is also crucial to understand and address the majority of use cases that do not,
including ML over parallel dataflow systems and custom scalable ML systems. As our discus-
sions in the various chapters showed, many concepts and techniques from the database world,
including query processing and optimization and storage management, are broadly applicable
with appropriate adaptation to ML systems regardless of the execution environment, as well as
to the larger ML lifecycle.

Specification Languages: High-level specification languages have the potential to simplify
ML applications and their deployment, while providing the flexibility of exploring new and
customizing existing ML algorithms. However, the current abstractions range from fixed algo-
rithm and operator libraries for local and distributed computation, over specialized systems for
graph analytics and deep learning, to linear algebra systems. More often than not, users have to
manually decide upon local vs. distributed operations, sparse and dense representations, opera-
tor placement and many more. It would be unrealistic to hope for a single, generic specification
language because these abstractions target very different users. We should work toward con-
solidating the abstractions for different aspects in the entire ML lifecycle, common exchange
formats such as PMML, PFA, and ONNX, and building more on each other’s work. That said,
we should also be aware of potential commercial incentives that could hinder such consolidation
due to the desire to monetize ML systems in custom cloud environments (e.g., TensorFlow in
Google Cloud, MXNet in AWS, or CNTK in Microsoft Azure).
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Program Optimization: Given the goal of higher level specification languages, automatic
program optimization is crucial for achieving the same—or even better—performance as man-
ually constructed execution plans. Program optimization for linear algebra operations is very
similar to query optimization with well-defined high-level operators, rewrites, size estimation,
alternative evaluation orders, and different physical operators. However, challenging differences
include the prevalent use of operator DAGs instead of trees, the larger scale of even thousands
of operators, as well as conditional control flow and complex function call graphs, which require
advances on different levels of typical compilation chains.

Physical Design: Most ML systems require the explicit specification of dense or sparse data
formats and operations, local or distributed data representations and operations, data types, and
data access optimizations such as indexes, NUMA partitioning, lossless compression, and lossy
sparsification or quantization. Especially regarding lossy techniques, we might need to intro-
duce a proper notion of contracts that specify the degrees of freedom of the data representation.
Fundamentally, we should aim at specifying ML algorithms and models with physical data inde-
pendence, which—similar to the relational model—has the potential to isolate the applications
from low-level optimizations, and thus, can simplify application deployment and allow for au-
tomatic optimizations with regard to data characteristics.

Diversity ofMLAlgorithms: With the current hype around deep learning, there is a popular
perception that neural networks and SGD will make all other ML algorithms obsolete. How-
ever, this perception is still far from the reality in most real-world applications [2]. The range
of existing ML learning algorithms is very diverse, ranging from statistical and numerical com-
puting to unsupervised and supervised ML algorithms, including higher-order optimization. To
foster new advances, we should aim to support this diversity in ML algorithms and ML systems.
Furthermore, in contrast to research in the ML/AI community, the choice of ML algorithms
to use in real applications is almost always a tradeoff between accuracy benefits and monetary
costs. Slightly reduced accuracy may be acceptable in many cases if it means vastly more effi-
cient training and scoring. Finally, ML models are just one part of a larger data pipeline in an
ML application. ML models are typically combined with application-specific rules (in terms
of queries, dictionary lookups, and regular expressions), dedicated extractors, and other ML
models, orchestrated in a larger workflow. We should embrace this diversity.

Heterogeneous Data Sources: While deep learning can eliminate the need for feature engi-
neering on many forms of unstructured data (e.g., images or text), a majority of ML applications
still rely on explicitly constructed features from multiple data sources, both structured and un-
structured, in heterogeneous data formats that require various pre-processing techniques. Such
heterogeneity and data sourcing tradeoffs render it almost impossible to directly feed raw in-
puts to an ML algorithm in most cases. Thus, many ML systems build on top of Spark or
other dataflow systems to support more seamless data sourcing and preparation and/or pro-
vide dedicated data types such as Dataset in TensorFlow and Frame in SystemML to support
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simple feature pre-processing. Providing better support in ML systems for such heterogeneous
data sources, data preparation and cleaning, feature engineering, training, and scoring would be
valuable for many applications.

Lifecycle Management: It is clear that data management issues are abound throughout the
ML lifecycle beyond training, scoring, and feature engineering. Tackling such issues requires
an integrative approach combining data management with other areas of computing or even
other fields. Using ML en masse in organizations requires more principled approaches to
ML provenance and metadata management in the context of ML workflows. Improving the
ecosystem for data preparation and exploration, model building, and model inspection requires
a closer integration with visualization and human-computer interaction techniques. Building
and debugging holistic ML platforms for modern Web services requires an understanding
of the emerging design patterns of ML-powered software (“Software 2.0” [15]), which
requires a closer integration with software engineering and programming languages. Finally,
as ML-driven decision making permeates society, there is also a need for understanding how
data is (ab)used in ML applications, which requires a closer integration with the fields of
microeconomics, algorithmic fairness, ethics, and more.

In summary, we believe that the rapidly changing field, the increasing complexity of ML
systems, and the diversity of the ML systems community call for declarative—or more generally,
higher-level—abstractions and well-defined system architectures. In the database community,
we witnessed how SQL enabled the adoption of new hardware, storage advances, and scal-
ing from out-of-core to distributed processing with minimal disruption to application users.
Achieving similar benefits for ML applications will be a multi-decade effort but it will help in
(1) protecting the investments into the ever growing number of ML applications, (2) fostering
more automation of data processing, optimization, and tuning issues in ML systems to reduce
manual grunt work, and (3) focusing research on challenging and interesting technical problems
across the whole stack and spectrum of ML systems.
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